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Bildverarbeitung spielt in vielen Bereichen der Technik zur schnellen und 
berührungslosen Datenerfassung eine Schlüsselrolle. Beispielsweise in der 
Qualitätssicherung industrieller Produktionsprozesse, in der Robotik und 
zur Fahrerassistenz haben sich Bildverarbeitungssysteme einen unverzicht-
baren Platz erobert. Diese Entwicklung wird unterstützt durch die Verfüg-
barkeit qualitativ hochwertiger und günstiger Sensorsysteme sowie durch 
die Zunahme der Leistungsfähigkeit von Rechnersystemen.
Der vorliegende Tagungsband des „Forums Bildverarbeitung“, das am 
26. und 27. November 2020 in Karlsruhe als gemeinsame Veranstaltung 
des Karlsruher Instituts für Technologie und des Fraunhofer-Instituts 
für Optronik, Systemtechnik und Bildauswertung stattfand, enthält die 
schriftlichen Aufsätze der eingegangenen Beiträge. Darin wird über ak-
tuelle Trends und Lösungen der Bildverarbeitung in den methodischen 
Schwerpunkten Bildgewinnung, 3D-Verfahren, Bildverarbeitung, Maschi-
nelles Lernen und Navigation berichtet.
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Vorwort

Bildverarbeitung spielt in vielen Bereichen der Technik und des
Alltags eine wichtige Rolle zur Informationserfassung. Sie ist ei-
ne etablierte Technologie in der Mess- und Automatisierungstech-
nik. Wichtige Vorteile von Bildverarbeitungssystemen gegenüber
anderen sensorischen Prinzipien bestehen u. a. darin, dass Bilder
berührungslos gewonnen werden können und dass Bildsensoren
inzwischen vergleichsweise günstig sind. Besonders spannend an
der Bildverarbeitung ist aber, dass die Sensorik weitgehend dem
menschlichen Leitsinn – dem Sehen – entspricht, aber nicht an die
Beschränkungen des Menschen gebunden ist. Dies betrifft etwa die
nutzbaren Spektralbereiche, die quantitative Interpretierbarkeit der
Bilder, die gleichbleibende Aufmerksamkeit und Reproduzierbar-
keit oder die Möglichkeit zur Erfassung hochdynamischer Prozes-
se. Auch wenn die Bildverarbeitung als Teil mehrerer Fachdiszipli-
nen – u. a. Mess- und Automatisierungstechnik, Sytemtheorie, Ma-
thematik, Informatik, Optik, Lichttechnik, Mikrosystemtechnik – ei-
ne gewisse Reife erreicht hat, ist dennoch von einer Sättigung von
Forschung und Entwicklung keine Spur zu sehen. Ganz im Ge-
genteil: Gerade die Bildverarbeitung profitiert enorm von neuen
Technologien wie z. B. dem maschinellen Lernen oder neuen Ferti-
gungsmöglichkeiten für Mikrosysteme.

Das ”Forum Bildverarbeitung“ hat das Ziel, über solche aktuellen
Trends und neuartige Lösungen in der Bildverarbeitung zu berich-
ten und zum fachlichen Austausch zwischen Wissenschaft und An-
wendung beizutragen. Es findet in jedem zweiten Jahr seit 2010 statt
und wird inzwischen gemeinsam vom Geschäftsfeld Inspektion und
Optronische Systeme des Fraunhofer-Instituts für Optronik, System-
technik und Bildverarbeitung IOSB und dem Institut für Industriel-
le Informationstechnik IIIT des Karlsruher Instituts für Technologie
KIT organisiert. Dem Aufruf zur Einreichung von Beiträgen sind er-
freulich viele Autoren gefolgt. Aus den Einreichungen konnte der
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Vorwort

Programmausschuss nach einer eingehenden Begutachtung über 35
hochwertige Beiträge auswählen und den Schwerpunkten

• Bildgewinnung,

• 3D-Verfahren,

• Bildverarbeitung,

• Maschinelles Lernen und

• Navigation

zuordnen. Zur überwiegenden Zahl der Beiträge wurden Aufsätze
erstellt, die im vorliegenden Tagungsband enthalten sind.

Wir danken den Autoren für ihre Beiträge, den Mitgliedern des
Programmausschusses für die Ansprache von Autoren und ihre
wertvolle Expertise bei der Begutachtung der Einreichungen und al-
len, die durch ihre Anwesenheit zum Gelingen des Forums Bildver-
arbeitung beitragen. Für die Organisation der Veranstaltung und die
technische Unterstützung bei der Erstellung des Tagungsbands be-
danken wir uns bei Britta Ost und Jürgen Hock.

Auch das Forum Bildverarbeitung kommt an den Ein-
schränkungen durch Corona nicht vorbei. Wir haben uns aber ent-
schlossen, die Veranstaltung nicht ausfallen zu lassen und nach den
rechtlichen Vorgaben bestmöglich für die Autoren und Teilnehmer
durchzuführen. Wir hoffen, dass dieses Vorgehen für alle Beteiligten
dennoch den erhofften fachlichen Austausch ermöglicht und bitten
für die Einschränkungen um Verständnis.

Mitten in den Vorbereitungen zu diesem Forum Bildverarbeitung
verstarb für uns unerwartet Fernando Puente León. Damit verlieren
wir einen Fachkollegen, der das Forum Bildverarbeitung von Beginn
an maßgeblich geprägt hat und dem das Ziel des fachlichen Aus-
tauschs in der Bildverarbeitung immer ein wichtiges Anliegen war.
Wir führen das Forum Bildverarbeitung nun ohne ihn weiter und
sind uns sicher, dass dies in seinem Sinne ist.

November 2020 Michael Heizmann
Thomas Längle

ii



Vorwort

Wissenschaftliche Leitung

Prof. Dr.-Ing. M. Heizmann Karlsruher Institut für Technologie
Prof. Dr.-Ing. T. Längle Fraunhofer IOSB Karlsruhe

Programmausschuss

Prof. Dr. C. Bach Buchs
Dr.-Ing. S. Bauer Madison (Wisconsin)
Prof. Dr.-Ing. J. Beyerer Karlsruhe
Prof. Dr. K. Donner Passau
Dr. rer. nat. J. Eggert Offenbach
Dr. T. Haist Stuttgart
Prof. Dr. A. Heinrich Aalen
Prof. Dr. B. Jähne Heidelberg
Prof. Dr.-Ing. P. Lehmann Kassel
Dipl.-Ing. M. Maurer Wiesbaden
Prof. Dr. R. Neubecker Darmstadt
Prof. Dr. F. Salazar Madrid
Dipl.-Ing. M. Stelzl Mainz
Prof. Dr. R. Stiefelhagen Karlsruhe
Prof. Dr.-Ing. C. Stiller Karlsruhe
Prof. Dr.-Ing. R. Tutsch Braunschweig
Prof. Dr.-Ing. M. Ulrich Karlsruhe
Prof. Dr.-Ing. S. Werling Mannheim
Dr.-Ing. V. Willert Darmstadt

iii





Inhaltsverzeichnis

Vorwort . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . i

Bildgewinnung

Characterization of Event-Based Image Sensors in Extent of
the EMVA 1288 Standard . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

A. Manakov and B. Jähne

Release 4 of the EMVA 1288 Standard: Adaption and
Extension to Modern Image Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . 13

B. Jähne

Light Field Illumination: A Universal Lighting Approach for
Visual Inspection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

C. Kludt, L. Dippon, T. Längle, and J. Beyerer

Modulares Ringlicht für photometrische Analyse von
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L. Lucks, L. Haraké und L. Klingbeil

Navigation

Robuste kameragestützte Präzisionslandung von
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Characterization of Event-Based Image
Sensors in Extent of the EMVA 1288 Standard

Alkhazur Manakov1 and Bernd Jähne2

1 Imago Technologies GmbH
Strassheimer Str. 45, 61169 Friedberg

2 HCI at IWR, Heidelberg University,
Berliner Straße 43, 69120 Heidelberg

Abstract Recent years have seen a steady trend towards faster
image sensors with higher resolution. It is well known that
images and to a larger extent image sequence contain a lot of
redundant information. An areas-scan image sensor, which is
not sampled with a constant pixel and frame rate, but which
outputs information only if something happens is therefore
an interesting alternative. Such sensors are known as event-
based or neuromorphic image sensors. Currently, there are
several types of event-based image sensors on the market, but
no universal concepts available to characterize these image
sensors. In this work, we propose the characterisation con-
cepts for neuromorphic sensors in extent of the EMVA stan-
dard 1288.

Keywords Sensor characterisation, event-based, neuromor-
phic

1 Introduction

In the recent years, state-of-the-art image sensors have seen a steady
trend towards higher resolution and speed. The trend is driven by
the need for faster and higher resolution vision systems in automo-
tive, industrial and other fields. Despite of a significant progress
made in the last decades, modern artificial vision systems are still
much less effective and robust in solving real-world tasks than their
biological counterparts. Even small insects outperform the most
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powerful vision systems in such routine tasks as, for instance, real-
time perception.

One of the limitations of the human-engineered vision systems
is imposed by the image sensors and their principle of operation.
Conventional sensors acquire the visual data in form of a series of
images, recorded at discrete points of time. Visual data is sampled at
a predetermined temporal intervals (frame rate) without any relation
to the dynamics of the scene. On top of that, every image contains
the data of all the pixels independently from whether this informa-
tion, or part of it, has been recorded in previous images. This inflates
the data rate unnecessarily and fast changes might be missed.

The alternative is the biologically inspired sensors: the dynamic vi-
sion sensors that implement the event-driven, frame-free approach.
They are often referred to as ”event-based” sensors due to their prin-
ciple of operation. This family of sensors capture and is driven by
the transient events in the visual scene, unlike conventional image
sensors, that work with artificially created timing and control sig-
nals [1]. The latter implies that the control over the acquisition is
transferred to single pixel, that handles its own information individ-
ually. The output of this sensor is compressed at the sensor level,
thus optimizing data transfer, storage, and processing.

Characterisation of the conventional image sensors is a well known
problem. The concepts, methodology and techniques for these sen-
sors have been analysed, structured and resulted into the EMVA 1288
characterization standard [2]. These concepts cannot be applied to
the event-based sensors. Characterization of event-based sensor is of
a great importance, since it provides the means to compare them be-
tween each-other, and, most importantly, to conventional image sen-
sors. In this paper, we address the problem of application-oriented
characterisation of event-based sensors, establishing a link to EMVA
1288 standard, proposing characterisation techniques and presenting
the first results. Dynamic vision sensor shows no response to static
images. Therefore, new characterization concepts and procedures
need to be developed, which take into account temporal aspect and
can be applied to this type of sensors. At the same time, we would
like to keep the possibility to compare the performance of the con-
ventional image sensors with and the event-based ones.

2
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2 Related work

2.1 Neuromorphic sensors

Biological retinas have many desirable characteristics, which are
lacking in conventional image sensors, thus inspiring and driving
the design of neuromorpic vision devices. Many of these advanta-
geous characteristics have been modeled and implemented on sil-
icon. Early development of such devices originated from the bio-
logical sciences community. The main purpose of these chips was
to provide means for demonstration of neurobiological models and
theories. Real-world applications were never the main focus. There-
fore, very few of the sensors have been used in practical applications.
Circuit complexity, large silicon area, low fill factors, or high noise
levels and other factors prevented realistic applications [3], [4]. Re-
cently, the development of practical vision sensors based on biologi-
cal principles gained an increasing amount of attention and effort.

There is a family of event-based sensors, that encode illuminance
in the time domain, namely in the rate of spike “events”. The pix-
els of these devices do not autonomously react to visual events in
the scene. Thus, despite of having some advantages against con-
ventional sensors, they fail to achieve redundancy suppression or
latency reduction [4]. Large fixed pattern noise, complexity of the
digital frame grabber and the big advantage of brighter pixel over
the darker ones in allocating the communication bus make ”octopus
retina” devices [5] impractical for conventional imaging. The pixels
of so called ”time-to-first spike” imager [6], [7], [8] generate only one
spike per frame, static parts of the scene generate spikes at the same
time saturating the readout bus.

In dynamic vision sensor pixels are autonomous in detecting light
changes in the scene. The gain in terms of temporal resolution with
respect to conventional image sensors is dramatic. In addition, such
parameters like the dynamic range of the scene greatly profit from
the this approach. This type of sensor is very well suited for many
machine vision applications including high-speed motion detection
and analysis, object tracking, and shape recognition.

The pixel model proposed by Lichtsteiner et al. [9] simulates sim-
plified three-layer retina (Figure 2.1). The circuit consists of a photo-

3
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Figure 2.1: Simplified model of a human retina and corresponding event-based pixel
circuitry. Vlog tracking the photocurrent through the photo-receptor. The
bipolar cell circuit responds with spike events Vdi f f of different polarity
to positive and negative changes of the photocurrent. The ganglion cell
circuit monitors the bipolar cells part and transports the spikes to the next
processing stage.

receptor front-end, a differencing switched-capacitor amplifier and a
comparator-based event generator. The photo-receptor responds log-
arithmically to irradiance, thus implementing a gain control mech-
anism that is sensitive to temporal contrast or relative change. The
circuitry of the pixel allows to tune for the sensitivity of smaller or
larger light changes in the scene. For instance, making the pixel bi-
ased to detect brighter-to-darker changes or vice versa. The param-
eters controlling the setting of the circuitry are called ”biases”. The
pixels independently and asynchronously react to relative changes
in intensity, producing sparse, frame-free, event-based output. Upon
detection of the relative light intensity change the pixels commu-
nicate their state (ON or OFF) to the readout circuitry. The read-
out and the encoding circuitry encode the coordinated of the pixel,
the state and the microsecond resolution time-stamp into an event-
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packet. These packets or events can be gathered and analyzed by a
visual inspection application.

The relative change events and gray-level image frames are two
orthogonal representations of a visual scene. An event carries in-
formation about local relative changes, hence encodes all dynamic
contents, yet there is no static parts of the scene. The conventional
frame-based image is an absolute intensity map at a given point in
time. Dynamic information is carried in form of blur. In principle,
it is impossible to recreate change events from image frame nor can
gray-level images be recreated from the events.

The most recent developments of sensor designs allow to combine
the acquisition of static and dynamic information of the scene.
Asynchronous time-based image sensor [1], [10] features fully
autonomous pixels, that combine a change detector and a condi-
tional exposure measurement circuit. The exposure measurement is
initiated when an event is detected. Namely, the measurement starts
immediately after the irradiance change of a certain magnitude has
been detected by the respective pixel. Another recent approach to
combine dynamic and static information into a single pixel is the
so-called dynamic and active pixel vision sensor [11]. This pixel
combines conventional frame-based sampling of intensity with
asynchronous detection of log intensity changes. The advantages of
combining the traditional and event-based vision comes at the cost
of the capturing redundant output.

2.2 Conventional sensor characterization

Characterization of the conventional image sensors is a well known
procedure. There are a number of techniques proposed for charac-
terizing the property of certain sensor. The EMVA standard 1288
measures the mean (µy) and variance (σ2

y ) of the digital output sig-
nal as a function of the the pixel exposure in photons from dark to
saturation [12]. With these measurements and a linear camera model
it is possible to determine the signal-to-noise ratio SNR as a function

5
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of the exposure per pixel in photons µp, neglecting the quantization
noise:

SNR(µp) =
µy

σy
=

ηµp√
σ2

d + ηµp

. (2.1)

For a linear sensor, SNR depends on the quantum efficiency η and
the temporal variance of the dark signal σ2

d . For a non-linear sen-
sor, the input SNR is the most important quality parameter. It can
be computed from the measured output SNR and the slope of the
characteristic curve [13]:

SNRin(µp) =
µp

σp
=

µp

σy

∂µy

∂µp
=

µp

µy

∂µy

∂µp
SNRout. (2.2)

3 Event sensor characterization

These procedures are not applicable for the event-based sensors, be-
cause the latter are insensitive to static irradiation. Posch et al. [10]
have initially addressed the problem of event-based sensor charac-
terization. In their work, they have proposed a test method that
allows simultaneously evaluating the main performance parameters
and check how well the predictions from theoretical considerations
agree with the performance of the sensor. We adapt the ideas pro-
posed by Posch at al. [1] for the application-oriented characterization
of the event-based sensors, in context of the EMVA 1288 characteri-
zation standard , described in the last section.

3.1 Properties

Sensitivity to small temporal contrasts, the response relation to the
ON/OFF-biases settings and its uniformity across the array are cru-
cial performance parameters for the asynchronous, event-driven sen-
sors. The minimum detectable temporal contrast or simply noise
equivalent contrast is barely detectable by an event-based pixel step
change of the irradiation level. Noise equivalent contrast sensitivity
corresponds to the signal-to-noise ratio property of a conventional
image sensor as described in Sect. 2.2.
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The sensitivity to the event-based sensor to the contrast is controlled
by the ON- and OFF-biases. The biases might be set higher for mak-
ing the sensor insensitive to small temporal contrast in the scene.
The relation between the biases and the contrast threshold might be
non-linear, depending on the circuitry of the pixel.

In the event-based sensor, the pixels react autonomously and
asynchronously to the light transients in the scene. Therefore, the
important characteristic of the sensor is response uniformity. In other
words, how a single-pixel performance translates to the behaviour
of the whole array. Due to production imperfection and tolerances
the photo-sensors, circuitry will inevitably have variations in how
pixel react to the same stimulus. This property of the event-based
sensor corresponds to well-known nonuniformity property of the
conventional image sensors.

3.2 Measurement procedure

The simplest way of experimentally determining the irradiation con-
trast ∆µp necessary for generating one event for given mean irradi-
ance level µp and event threshold settings is gradually increase the
stimulus step until an event is generated. The stimulus’ amplitude
must initially be below the response threshold. It should also be fast
enough, namely to have the rise time exceeding the bandwidth of the
circuit under test. The minimal found stimulus amplitude always re-
sults in an event response when applied. In an ideal noise-free world,
this would be the case and this method would be applicable.

In the real world conditions, the very same pixel will react differ-
ently to the same stimulus. Therefore, Posch et al. [10] propose to
operate with ”event probability” instead. It is defined for a given as
ratio between the number of event responses M and the number of
applied stimuli N, while background irradiance level and response
thresholds remain unchanged. Plotting the ”event probability” vs.
stimulus amplitude, in an ideal noise-free world, would result in a
step function. In reality, such curve would have an ”S”-shape. Fit-
ting the ”S”-curve with a Gaussian error function, with the mean at
the M/N = 50% event probability point, indicates the location of the
barely sensible contrast.
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Thus the irradiation contrast ∆µp that produces an event probability
of 50% corresponds to a temporal standard deviation of one sigma.
In this way the input SNR can be measured as the ratio of µp and
∆µp directly as a function of the mean irradiation from dark to sat-
uration of the sensor. A linear response or the measurement of a
characteristic curve is not required. This procedure corresponds to
the new upcoming release of the EMVA standard 1288 for cameras
with a non-linear response (Release 4.0 General, see [13]). The mea-
surements are to be conducted on the entire array (or a selected area-
of-interest) to ensure statistically significant conclusions, in the same
way as for conventional cameras with the EMVA standard 1288.

Measurement procedure:

1. Choose ranges for background irradiance [µp; µmax
p ] bias lev-

els for ON/OFF events, stimulus amplitude [∆µp; ∆µmax
p ] and

respective increments sizes.

2. For every background irradiance level, bias pairs and stimulus
in the chosen range perform steps 3 and 4.

3. Apply stimulus and reset the selected pixels N times.

4. Count event responses M compute per-pixel probability P and
for every of the selected pixels.

The data acquired this way from the whole sensor or part of it is
sufficient to recover the contrast sensitivity, the response uniformity
and the contrast threshold dependence on the bias settings.

4 First results

The experimental setup used for the measurements consists of an
integrating sphere, background irradiance LED-lamp, contrast gen-
eration LED-lamp, the camera under test and the control PC. The
data has been acquired and processed according to the procedure
described above. The Figure 4.1 presents the event probability P de-
pendence on the stimulus (∆µp/µp) for different background irradi-
ation levels. The data is acquired on the area of 128x128 pixels with

8
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Figure 4.1: Event probability depending on the stimulus amplitude measured at one
pixel. The ”S”-curves are acquired for different background irradiation
levels. Higher irradiance levels correspond to steeper curves. Gaussian
fit to the red ”S”-curve. The black dashed line indicates the even proba-
bility point. The vertical dashed lines indicate contrast thresholds for the
corresponding curves.

the biases set 100 milliVolts. All the experiments were performed
with VisionCam EB featuring Prophesee PPS3MVCD sensor.

The mean point of the Gaussian (50% event probability point)
indicated ideal minimum contrast for event generation at this light
level and for the chosen bias settings (Figure 4.1). In conventional
sensors, this corresponds to a irradiation change of σp (Section
2.2). This means that the proposed method is able to measure the
input SNR as a function of the irradiation. The response relation
to the ON/OFF-biases settings can be extracted from the family of
”S”-curves. The contrast threshold grows with the background irra-
diance levels as represented by in Figure 4.1. The standard deviation

9
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of the fitted Gaussian corresponds to the root-mean-square noise of
the pixel.

5 Conclusions

In this work, we have adapted the concepts and methods developed
by Posch et al. [10] to the application-oriented characterization of
the event-based sensors, in terms of the EMVA 1288 characteriza-
tions standard. We have established the link between the properties
of conventional and event-based sensors. Preliminary non-calibrated
test measurements show that the measurement of the event probabil-
ity is the correct way to measure the temporal noise of an event-based
sensor and that this can be used to measured the SNR as a function
of the irradiation. In this way event-based and conventional sensors
can be compared directly. The analysis of the nonuniformities of
event-based sensors requires further research.
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Release 4 of the EMVA 1288 Standard:
Adaption and Extension

to Modern Image Sensors

Bernd Jähne

Heidelberg University, HCI at IWR
Berliner Straße 43, 69120 Heidelberg

Abstract The well established and worldwide used EMVA
Standard 1288 for objective camera characterization is still lim-
ited to linear monochrome or color cameras without prepro-
cessing. This paper previews the upcoming Release 4.0 which
can characterize a much wider range of imaging sensors. This
includes sensors with an extended spectral range — especially
into the short-wave infrared (SWIR) —, multispectral sensors
with more than three color channels, polarization sensors,
time-of-flight sensors, high-dynamic range image sensors and
any other sensor with a non-linear characteristic curve, and
sensors with preprocessing in the camera in order to optimize
image quality.

Keywords Image sensor, cameras, standards, EMVA 1288

1 Introduction

The standard 1288 of the European Machine Vision Association
(EMVA) is used worldwide for objective characterization of the qual-
ity parameters for industrial cameras [1–5]. It is the oldest stan-
dard activity of the EMVA. The standard has been elaborated by a
consortium of the industry leading sensor and camera manufactur-
ers, distributors, and research institutes. Work on the 1288 standard
started in February 2004. A first version was published in 2005 [6]
and the current release 3.1 went into effect end of 2016 [7]. This
release can only be applied to cameras with a linear characteristic
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Figure 2.1: Linear model of a camera according to the EMVA 1288 standard.

curve. Furthermore, no preprocessing was possible which changes
the temporal noise, except for simple operations such as binning or
time-delayed-integration (TDI).

2 Linear model

The standard 1288 is generally based on a system theoretical concept
which requires no measurements from within a camera. It is suffi-
cient to measure the input signal, the mean number of photons µp

hitting each pixel during the exposure time with a variance σ2
p = µp

(Poisson process), and the output signal, the digital signal y (units
DN) with mean µy and variance σ2

y . No other measurements are re-
quired. With the current release 3.1 [7] a linear camera model is used
with three unknown parameters (Fig. 2.1): the variance of the tempo-
ral dark noise σ2

d — subsuming all noise sources within the camera
except for the quantization noise σ2

q —, the quantum efficiency η and
the system gain K.

These three parameters can be determined from an irradiation se-
ries covering the whole range from dark to saturation measuring the

14



EMVA 1288 Standard Release 4

linear characteristic curve and the linear photon transfer curve (tem-
poral noise variance versus mean of the digital camera signal) [7, 8]:

Characteristic curve: µy = µy.dark + Kη µp

Photon transfer curve: σ2
y = K2σ2

d + σ2
q + K(µy − µy.dark)

(2.1)

The most important quality parameter of any measuring system it
the signal-to-noise ratio SNR. From this quantity most application-
oriented camera parameters such as the absolute sensitivity thresh-
old, the dynamic range, and the maximum SNR can be derived [7].
For a linear system the input and output SNR are equal and can be
computed from (2.1) resulting in

SNR(µp) =
µy

σy
=

ηµp√
σ2

d + σ2
q /K2 + ηµp

(2.2)

Except for the influence of the quantization noise and provided that
the temporal dark noise σ2

d does not depend on the system K, the
SNR is — as expected for a linear system — independent of the
system gain K.

The definition (2.2) does not yet include the signal degradation by
spatial variations from pixel to pixel, which can also be described
by a variance. For a linear system each pixel can have a different
offset (dark signal nonuniformity DSNU) and slope (photo response
nonuniformity PRNU). Therefore the spatial variance s2

y in units e−

can be expressed by

s2
y = DSNU2

1288 + PRNU2
1288

(
ηµp

)2 (2.3)

This spatial variances can be added to the temporal variances result-
ing in the total SNR

SNRtotal(µp) =
ηµp√

σ2
d + DSNU2

1288 + σ2
q /K2 + ηµp + PRNU2

1288
(
ηµp

)2.
(2.4)

An interesting aspect of this approach is that the performance of a
real sensor can directly be compared with an ideal (the best possible)
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Figure 3.1: General black-box model of a camera according to the EMVA 1288 stan-
dard.

sensor. For an ideal sensor, the temporal dark noise, the quantization
noise, DSNU and PRNU are zero and the quantum efficiency is one.
Then (2.4) reduces to

SNRideal(µp) =
√

µp (2.5)

3 General black-box model

For a camera with a non-linear characteristic curve, the linear model
of EMVA 1288 release 3.1 cannot be applied. However, a camera with
an arbitrary non-linear characteristic curve or a camera with prepro-
cessing modifying the noise characteristics can be characterized by a
true black-box model without any assumptions (Fig. 3.1). Even with
this relaxed assumptions, the output SNR can be computed directly
from the mean digital output signal and its temporal variance. It is
also still possible to measure the characteristic curve µy(µp) because
it is the direct relation between the mean input and output signals.

For a general system the input SNR is different from the output
SNR. The input SNR is the really important parameter for an image
sensor. It gives the certainty with which the pixel irradiance can be
measured. It is possible to compute the input SNR from the output
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SNR because these two quantities are related to each other by the
slope of the characteristic curve (laws of error propagation, [8]):

SNRin =
µp

σp
=

µp

σy

∂µy

∂µp
=

µp

µy

∂µy

∂µp
SNRout (3.1)

It is important to note that the standard deviation σp does not only
include the temporal noise of the incoming stream of photons (shot
noise) but also all other noise sources within the non-linear camera
— back-projected to the input signal.

It is also easy to specify the input SNR for an ideal general image
sensor. Then there are no other noise sources and only the photon
noise remains. Therefore the ideal input SNR is given — as for a
linear camera (2.5) — by

SNRin.ideal(µp) =
√

µp. (3.2)

In this way, it is possible to specify how much worse a real cam-
era (3.1) is in comparison with an ideal one (3.2) also in the case
of a general true black-box model. Without a more detailed camera
model, it is not possible to determine the quantum efficiency1 of the
sensor. However, this is not a significant disadvantage. As with a
linear camera (Sect. 2) the camera performance parameters really of
importance for applications such as the absolute sensitivity thresh-
old, the dynamic range, and the maximum SNR can be derived from
the input SNR without knowing the quantum efficiency.

4 Fast and more detailed nonuniformity
characterization

In order to analyze the spatial patterns of nonuniformities by the
rich set of tools from the EMVA 1288 standard such as profiles, his-
tograms and spectrograms [7], it is required to suppress the temporal
noise. Because the spatial and temporal variances are roughly of the
same order of magnitude, this requires averaging over hundreds of
images. This is no real problem for a linear camera because it is

1 The quantum efficiency relative to a maximum response can still be measured by
performing measurements over the whole range of wavelengths.
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sufficient to analyze the nonuniformities with just two parameters,
the DSNU and PRNU (Sect. 2). Thus averaging over many images is
only required for the dark images and images at 50% saturation [7].

With the general black-box model (Sect. 3), averaging at just two
irradiation levels is generally not sufficient. The best would be to
estimate the spatial nonuniformity at all irradiation levels where the
temporal noise is measured. These are at least 50 levels [7]. Therefore
this approach is not feasible. Thus the question arises whether it
is possible to determine at least some significant parameters of the
spatial nonuniformity with much fewer images.

4.1 Temporal and spatial variances from just two images

In the following, a new approach is detailed which works with much
fewer images — as few as two images are sufficient — and still pro-
vides a detailed statistical analysis of the spatial nonunifomities.

The starting point is the observation that the stationary nonunifor-
mities can entirely be eliminated by computing the temporal noise
from the difference of two images taken with the same irradiation.
This is the approach taken in the EMVA standard 1288 to compute
the variance of the temporal noise [7]. The mean from two images
y[0] and y[1] is

µ =
1

2NM

M−1

∑
m=0

N−1

∑
n=0

(y[0][m][n] + y[1][m][n]) (4.1)

and the temporal variance computed from the difference image is

σ2 =
1

2NM

M−1

∑
m=0

N−1

∑
n=0

(y[0][m][n]− y[1][m][n])2. (4.2)

The variance computed in this way must be divided by two because
the variance of the difference image is two times higher than the
variance of a single image.

The key point is now that single images contains both the tem-
poral noise and the spatial nonuniformity. In this way, the spatial
nonuniformity can be computed by subtraction. However, it must be
ensured that the subtraction never results in negative variances. In
the following, it is shown under which conditions this is possible.
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In order to simply the equations, the following abbreviations are
introduced for the mean value and the variance of image y[l]2

µ[l] =
1

NM

M−1

∑
m=0

N−1

∑
n=0

y[l][m][n] = y[l]

σ2[l] =
1

NM

M−1

∑
m=0

N−1

∑
n=0

(y[l][m][n]− µy[l])2 = (y[l]− µl)2

(4.3)

In the ideal case mean values of all images at the same irradiation
level have the same mean value, but they may be different and it is
required to check whether this effect can result in negative variances.

The image is assumed to be composed of a mean value µ[l], dif-
fering from image to image, a zero-mean temporal noise signal n[l]
with a variance σ2 and a zero-mean and stationary spatially varying
signal s with a variance s2:

y[l] = µl + n[l] + s, y[l] = µl , (y[l]− µl)2 = σ2 + s2. (4.4)

Furthermore it is assumed that the temporal noise from different
images and the temporal noise and spatial nonuniformities are sta-
tistically independent, i. e. n[l]n[k] = 0 (if k 6= l) and n[l]s = 0.

Now two terms are evaluated. Firstly, the temporal variance from
the difference image (4.2) needs to be corrected for possible different
mean values of the two images

A = [(y[0]− µ0)− (y[1]− µ1)]2

= y2[0] + y2[1]− 2y[0]y[1]− (µ0 − µ1)
2 !
= 2σ2

y

(4.5)

Secondly, the variances of the two images are added up, which
include both the variances of the temporal noise and the spatial
nonuniformity:

B = [(y[0]− µ0)2 + [(y[1]− µ1)2

= y2[0] + y2[1]− µ2
0 − µ2

1
!
= 2σ2 + 2s2

(4.6)

2 Both sums are divided by the total number of pixels NM, although for a bias-free
estimate of the variance the divisor should be one less (NM− 1). This approach is
necessary to have the same averaging scheme for means and variances. The error
introduced is very small and can even be corrected at the end by multipling the
estimated variances with NM/(NM− 1).
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The difference of the two terms should be equal to s2 and therefore
always be positive:

B− A = 2y[0]y[1]− 2µ0µ1
!
= 2s2. (4.7)

This can be verified by inserting the image signal (4.4) into (4.7).
It is essential to include the possibly slightly different mean values

of the two images in term A (4.5). If this is not done, the term B− A
could become negative and too high temporal variances and too low
spatial variances are computed:

2y[0]y[1]− µ2
0 − µ2

1 = 2s2 − (µ0 − µ1)
2 6= 2s2. (4.8)

4.2 Split into row, column, and pixel nonuniformities

Modern CMOS sensors may exhibit not only pixel-to-pixel nonuni-
formities, but also row-to-row and/or column-to-column nonunifor-
mities. Therefore it is important to decompose the spatial variance
into row, column, and pixel variances:

s2 = s2
row + s2

col + s2
pixel. (4.9)

All three unknowns can still be estimated by computing additional
spatial variances from a rows and columns averaged over the whole
image. The mean row and column of a single image are given by

µ[n] =
1
M

M−1

∑
m=0

y[m][n], µ[m] =
1
N

N−1

∑
n=0

y[m][n]. (4.10)

The column spatial variance computed from the average row

s2
col =

1
N − 1

N−1

∑
n=0

(µ[n]− µ)2 − s2
row/N− s2

pixel/N− σ2/(N)

(4.11)

still contains a residual row spatial variance, pixel spatial variance
and temporal variance. Averaging over N rows does not completely
suppress theses variances. Therefore the three terms on the right
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hand need to be subtracted. Likewise, the row spatial variance com-
puted from the average column

s2
row =

1
M− 1

M−1

∑
m=0

(µ[m]− µ)2 − s2
col/M− s2

pixel/M− σ2/(M)

(4.12)

contains residual column spatial variance, pixel spatial variance and
temporal variance.

The three equations (4.9), (4.11), and (4.12) form a linear equation
system from which all three components of the spatial variance can
be computed. With the two abbreviations

s2
cav =

1
N − 1

N−1

∑
n=0

(µ[n]− µ)2 − σ2/(N),

s2
rav =

1
M− 1

M−1

∑
m=0

(µ[m]− µ)2 − σ2/(M),

(4.13)

the linear equation system reduces to 1 1 1
1 1/M 1/M

1/N 1 1/N




s2
col

s2
row

s2
pixel

 =

 s2

s2
rav

s2
cav

 . (4.14)

The solution of this linear equation systems is

s2
col =

M
M− 1

s2
y.rav −

1
M− 1

s2,

s2
row =

N
N − 1

s2
y.cav −

1
N − 1

s2,

s2
pixel =

MN − 1
(M− 1)(N − 1)

s2 − N
N − 1

s2
cav −

M
M− 1

s2
rav.

(4.15)

Negative variances cannot result from this split up of the vari-
ances, because they are calculated from single images. Therefore
changes in the mean values from image to image do not influence
the computation. However it is important to avoid numerical round-
ing errors by choosing an appropriate high-accuracy arithmetic and
suitable algorithms.
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4.3 Variances of temporal noise and nonuniformity; signal stability

The two new schemes detailed in the previous two sections enable
the computation of the variances of both the temporal noise and the
spatial nonuniformity from just two images at one irradiation level.
It is even possible to split the latter into variations from row to row,
column to column, and pixel to pixel.

The difference in the mean values between two images at the same
irradiation level carries also an important additional information,
namely how stable the irradiation measurement is from image to
image.

For any camera the spatial nonuniformity is analyzed at all irradi-
ation levels. For a camera with an arbitrary non-linear characteristic
curve, then the most critical irradiation levels can be chosen from
these measurements, where it is useful to average over hundreds of
images to apply further tool of the EMVA standard 1288 such as pro-
files, histograms and spectrograms [7] for a more detailed analysis
of the spatial patterns.

5 Further comprehensive extensions

In order to cope with modern image sensors release 4.0 includes
many further extensions. In this section the most important of them
are briefly described.

• The wavelength range is extended from deep UV to SWIR. In
the deep UV, when more than one charge unit is produced by
a single photon, the simple linear model can no longer be used
even for a linear sensor, because a new noise source arises.

• With the general model also image intensifiers including emC-
CDs can be characterized.

• Raw data of any image modality can be characterized according
to the standard

• Characterization of the polarisation angle and degree of po-
larization of a polarization image sensor is an example for the
characterization of parameters derived from multiple channels.
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The rich set of tool of the standard can also be applied to such
parameters.

• Optionally, cameras with lenses or an illumination correspond-
ing to a given exit pupil can be measured. In this way it is
possible to measure also image sensors with micro lenses that
are shifted towards the edge of the sensor.

• The new version includes a better measure for the linearity of
the characteristic curve than in release 3.1. Because the slope
of the characteristic curve is evaluated according to the general
model (Sect. 3), also the differential non-linearity is known.

6 Conclusions

The new Release 4.0 adequately considers the rapid progress of
imaging sensors. It will be possible to characterize a much wider
spectrum of cameras/sensors: UV and SWIR-sensitive, multispec-
tral, polarization, intensified (such as EM-CCDs), multilinear and
highdynamic range. Also, cameras with lenses and preprocessing to
enhance the image quality can be characterized. Despite the diver-
sity, the quality of cameras can still be described with a minimum set
of application-oriented quality parameters. It is planned to publish
a release candidate of Release 4.0 in the fall of 2020.

The rich tool set of the EMVA 1288 standard to characterize tem-
poral noise, nonuniformity and defect pixels can also be applied to
any parameters derived from several channels of a multimodal im-
age sensor. As a prime example the analysis of the degree of polar-
ization and polarization angle computed from a polarization image
sensors is contained.

The new release 4.0 does not yet cover an entirely different class
of image sensors, so-called event-based or neuromorphic sensors.
Research to extend the EMVA standard 1288 also for this class of
sensors has already started [9].
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Light Field Illumination: A Universal
Lighting Approach for Visual Inspection
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Abstract Choosing a proper lighting approach is a crucial
task in designing visual inspection systems. It becomes espe-
cially challenging for complex-shaped objects, which change
the direction and distribution of incoming light in various
ways. We overcome this challenge by constructing a light
field display and deploy it as a highly tunable lighting device.
By programmatically controlling the spatial position of the in-
dividual light sources while simultaneously controlling their
angular direction of emission, an object-specific light field can
be generated, which highlights the features of the object un-
der test with maximum contrast. We explain the calibration
procedure, the rendering pipeline and present first results of
the device’s performance.

Keywords Light field, visual inspection, programmable
lighting, projection calibration, phase-shifting, light field-
rendering

1 Introduction

The image processing chain consists of the main components illumi-
nation, light-material interaction (transmission, deflection, reflection,
scattering, etc.), image acquisition, digitization, data evaluation, clas-
sification and finally decision making. For the latter to be carried out
robustly, it is crucial to extract the key features of the test object with
high contrast. It is usually advantageous to control the image cre-
ation process at the beginning, i. e. the illumination. The most com-
mon illumination setups are shown in Figure 1.1: bright and dark

25



C. Kludt et al.

field illumination both with front and back lighting. Depending on
the direction of the incoming light, different structures of the object
are highlighted.

Figure 1.1: Illumination setups. From [1]. By varying the angle of illumination, dif-
ferent structures of the specimen become visible.

However, more complex objects require a more sophisticated illu-
mination setup, which is realized by adding further light sources.
Currently, we deploy machine vision systems with more than 64
different lighting channels. Adding, adjusting and testing them is
a time consuming process, particularly during system design. Dif-
ferent lighting hardware such as collimated, diffuse, structured and
colored lightings have to be evaluated. It would come in handy to
have more generic lighting approach in a single device.

2 Existing Approaches

The Purity [2] inspection system at Fraunhofer IOSB utilizes a multi-
channel imaging system to acquire images from various illumination
directions at once. The basic setup is depicted in Figure 2.1. For each
kind of defect, a suitable illumination channel is realized which en-
sures an image with maximum contrast. Opaque inclusion will ap-
pear dark in the bright field channel (red), whereas scattering defects
such as enclosed air bubbles will appear as bright spots in the dark
field image (blue). Scattering defects on the surface, e. g. scratches or
dust, become visible under gracing illumination (green).
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(a) (b) (c)

Figure 2.1: Purity inspection system. From [3]. (a) Basic setup. (b) Transparent test
object. (c) Acquisition of different illumination directions simultaneously
by means of color multiplexing.

(a) (b)

Figure 2.2: Hemispherical illumination. (a): Lighting pattern of Gruna [4]. (b) Setup
of Schöch et al. [5].

Gruna [4] as well as Schöch et al. [5] both utilize several individ-
ual light sources, which are located on a hemisphere, cf. Figure 2.2.
By activating them individually or in groups, the direction of illu-
mination can be controlled in a targeted manner. However, the illu-
mination direction of the individual elements cannot be altered once
they are adjusted. Therefore, we propose a light field display as a
universal lighting approach for visual inspection systems.
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3 Proposed Method

A light field display is a planar light source in which both the posi-
tion and the direction of light emission can be controlled indepen-
dently and simultaneously. Our prototype combines a monitor with
an array of lenses mounted in front of it at a distance corresponding
to the focal length of the individual lenses, cf. Figure 3.1. When-
ever a pixel is activated behind an individual lens, the light field
display emits a parallel bundle of rays in a direction determined by
the spatial position of the activated pixel behind the individual lens.
This generates a 4D light field and enables a customizable illumina-
tion from many individual spatial positions and angular directions
at once.

Figure 3.1: Basic setup of a light field display. From [6]. Both the spatial position and
the angular direction of the light emission ca be controlled simultaneously.
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4 Technical Realization

The light field emitted by a light field display can be adjusted in
four dimensions. It allows for two degrees each of spacial and an-
gular freedom. Since the light field display converts between the
two-dimensional image displayed on its monitor and the emitted
light field purely physically, the challenge in displaying the wanted
light field lies with converting the four-dimensional input into a two-
dimensional representation which can be displayed by the monitor.

L(x, y, φ, γ)
rendering−−−−−→ I(u, v)

optical−−−−−→
conversion

L′(x, y, φ, γ) (4.1)

The exact transformation required is determined by a variety of
factors such as the pixel density of the screen used, the size and
optical properties of each micro-lens and the arrangement of these
lenses relative to the screen pixels.

In order to be able to control the light field, it is necessary to know
precisely which monitor pixel is responsible for emitting light in a
specific direction. The assignment of each monitor pixel to a spatial
pixel (individual lens) and a directional pixel (observation angle) is
conducted by means of the following calibration routine.

Calibration The goal is to determine the exact position of the cen-
tral pixel behind each micro lens. Light emitted from these center
pixels is collimated by the lens array into a bundle of rays that ex-
tends perpendicularly from the monitor.

The position of the center pixels corresponds to the position of
the individual lenses in the plane of the lens array. Based on this
relationship, the emission angles of the neighboring pixels can be
computed.

To achieve this, we place a camera with a telecentric lens in front
of the light field display with its optical axis aligned vertically to it.
Now the captured light rays origin from these very center pixels.
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capturing the light field

display with a camera

phase-decoding

phase-unwrapping

mapping of registration

data onto

monitor screen

Fourier-transform-based

filtering

thresholding and non-

maxima-suppression

encoded screen coor-

dinates as sinusoidal

fringes with distinct fre-

quencies

captured fringe

patterns

local phases

registration data, i.e.

monitor pixel coordi-

nates as seen from the

camera

cluster on monitor

screen form center pixel

pattern

filled holes and

removed doubles in cen-
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local maxima chosen as

best center pixel candi-

dates

Figure 4.1: Visual representation of the calibration procedure. The goal is to deter-
mine the exact position of the center pixels behind each micro-lens.
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We determine their exact positions by means of a coded illumina-
tion sequence. We deploy temporal phase shifting with two sets of
sinusoidal fringes with different wavelength each. Once their phases
are decoded locally, their global position is computed by multi fre-
quency temporal phase unwrapping. Here, each camera pixel acts as
an individual sensor as opposed to spatial unwrapping approaches,
where neighboring pixels are used. Hence, the unwrapping is robust
when measuring complex objects with discontinuities and isolated
surfaces such as the one of the micro-lens array.

Mapping the number of occurrences of each position results in
clusters around the center pixel positions. Their spread (Figure 4.2)
origins mainly from the spherical shape of the individual lenses, not
focusing in a point but rather in a point spread function. Also, when-
ever the optical axis of a micro-lens does not intersect with the center
of a single pixel, but rather with the intersection of two (four) neigh-
boring ones, the distribution will be spread at least over those two
(four) pixels. Since the spatial distance between monitor pixels and
micro-lenses are not integer multiples of each other, these two cases
will alternate periodically. This effect is known as incommensura-
bility. As a result, the light field display is unable to emit perfectly
collimated light. However, the effect is rather small, cf. Figure 5.3.

x = 237

x = 255

x = 256

Figure 4.2: Mapping the registration data onto the monitor screen reveals clusters
around the center pixel positions.
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Error Correction Although the calibration process is very robust,
disturbing factors can lead to errors in the decoded positions of cen-
ter pixels. Most notably, the occlusion of lenses or parts thereof can
result in center pixels whose position is not represented by occur-
rences above the general noise level. The position of these is there-
fore lost in the process. In order to avoid such false negatives, addi-
tional information in form of global regularity in the position of cen-
ter pixels can be used. This requires the micro-lenses to actually be
arranged in a regular grid, which is the normal case for implementa-
tions of light field displays. Hence, this regularity results in distinct
maxima when transformed to the Fourier space. Any error consti-
tutes a disturbance of the regular pattern, which in turn adds addi-
tional frequencies, cf. Figure 4.3. Their amplitudes correlate with the
disturbance’s fraction within the pattern. Since these errors gener-
ally do not occur following a regular pattern, and their occurrence is
rather rare, the amplitudes of these frequencies are quite small and
can be filtered by thresholding. After inverse Fourier transformation,
this yields a map of center pixels with filled holes and removed dou-
bles. Finally, we simply approximate each center pixel by the integer
pixel closest to its optimal position.

Rendering The center pixels form the base for rendering 2D-
representations of light fields. The spatial dependency of the light
field is controlled by addressing all pixels behind one micro-lens, i. e.
all pixels which are closest to one distinct center pixel.

The calibration procedure is not limited to determining the center
pixels of each lens, but will more generally yield the positions of
all pixels emitting light in any direction the camera captures them
from. Therefore, by repeating the procedure with the camera turned
by the horizontal and vertical angles φ and γ relative to the light field
display’s normal, one can obtain the positions of all pixels emitting
light in this direction. As described by Meyer et al. [7], the resulting
pattern is the same as that of the center pixels, but translated by a
certain pixel offset ∆u and ∆v.

Alternatively, we can exploit the geometrical dependencies of the
light field display. Assuming the pixel size m and the focal length
f of the lenses is known and consistent throughout the micro-lens
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center pixels
with holes and doubles

Fourier-transform Fourier-transform
after thresholding

inverse
Fourier-transform
with filled holes

and removed doubles

best candidates
for center pixels

Figure 4.3: Error correction. Irregularities in the grid such as holes and doubles are
compensated for using a threshold filter in Fourier domain.

array, determining the angle in which a pixel at a distance ∆u resp.
∆v relative to the center pixel of each lens will emit light is straight
forward:

φ = arctan
(

m · ∆u
f

)
, γ = arctan

(
m · ∆v

f

)
(4.2)

Using this method, all pixels neighboring the center pixel are uti-
lized to control the angular dependency of the light field.

5 Experiments

To ensure the procedures described above work as expected, we
tested them on a light field display constructed from a smartphone
featuring a 4K (3840 x 2160 pixels) screen and an array of 100 x 100
micro-lenses with a diameter of 645 µm and a focal length of 3mm
each. This corresponds to a total range of possible emission angles
of ±6◦ and an angular resolution of 0.6◦.

Figure 5.1 was taken with only the determined center pixels ac-
tive while the camera remained in the same position from which the
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Figure 5.1: Activating only the center pixels determined by the calibration routine
before (left) and after (right) error correction.

calibration was conducted. Bright micro-lenses correspond to cor-
rectly identified center pixels. After error correction, we are able to
correctly address 100% of the center pixels.

Figure 5.2: With the appropriate rendering (top), different colors are emitted into
three distinct directions, each 3◦ apart. The images taken from the cor-
responding viewpoints (bottom).

Figure 5.2 shows the angular dependency of the light field dis-
play when only the center pixel is activated. The colored graphs
depict two extreme cases of single lenses deviating from the targeted
emission angle of 0◦. They are probably caused by the integer pixel
approximation which deviated most from the optimum when the
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optical axis of the lenses point at pixel boundaries. The black graph
represents the overall angular emission distribution, which is indeed
centered at 0◦.

The emission angle of ±1◦ at full width half maximum is caused
by minor misalignment of the lens array relative to the smartphone
display. Because the actual light emission takes place at an unknown
distance beneath the cover glass, the correct focal distance of 3mm
is difficult to adjust. For this reason and mostly for the fact that the
light is not emitted from a point but a spatially extended area, i. e.
the actual pixel, perfectly collimated light beams are impossible to
achieve.

Figure 5.3 demonstrates that the light field display’s angular se-
lectivity can perfectly be utilized for visual inspection. We projected
a spatially uniform light field consisting of three collimated beams
into three distinct directions, each 3◦ apart and encoded them with
the base colors red, green and blue. As expected, the light field dis-
play appears red, green or blue, depending on the viewing angle.
Hence, it can be used to create lighting setups comparable to those
shown in Figure 2.1.

Figure 5.3: With the appropriate rendering (top), different colors are emitted into
three distinct directions, each 3◦ apart. The images taken from the cor-
responding viewpoints (bottom).

The number of individual addressable angles corresponds to the
number of monitor pixels behind each micro-lens. Our prototype is
able to emit light into 19 x 19 = 361 different directions. Therefore,
much more detailed light fields can be generated. In order to demon-
strate the possibilities when controlling both spatial and angular di-
mensions of the light field, we simulated different perspectives of a
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magic cube, cf Figure 5.4. In a second step, we rendered this syn-
thetical light field data into the 2D-representation which is displayed
on the smartphone display. The lens array then converts this into a
4D light field, which we captured with a camera from nine different
viewpoints. As can be seen, the emitted light field closely resembles
the original light field data.

Figure 5.4: Light field rendering and imaging. Synthetic light field data of a magic
cube (top left) used to render a 2D-representation optimized for the light
field display used (bottom left, detailed bottom right) and the resulting
light field emitted from the light field display as seen from different view-
ing angles (top right). The emitted images closely match the original light
field data.
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6 Conclusion

Because of the high number of different perspectives used in Fig-
ure 5.4, for an observer the magic cube appears as a real 3D-object
floating in space. Accordingly, we are able to simulate any light
source within the physical constraints of the light field display such
as the spectral emission range and the pixel resolution of the moni-
tor.

The latter ultimately limits the spatial and angular resolution of
the light field display. Generally, angular dense light fields combined
with a broad emission angle and a reasonable spatial resolution of
the lens array can only be realized with monitors whose pixels are
packed extremely dense. Currently, the limits are 807PPI at 4K res-
olution (3840 × 2160 pixels) [8] for smartphone displays, which are
rather small, and 280PPI at 8K resolution (7680 x 4320 pixels) [9] for
larger screens up to 32”.

The next step after generating light fields from synthetic data is to
use recorded light fields. They can be used to realize an inverse light
field illumination for visual inspection. The challenge is not only to
precisely capture the light field caused by an object, but also to re-
code its four-dimensional, spatial-angular data to meet the physical
properties of the device emitting the inverse light field.
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Zusammenfassung Die Analyse von mikrostrukturierten
Oberflächen erfordert praktische Analysetools. In diesem Bei-
trag stellen wir ein modulares Ringlicht vor, welches in einem
Mikroskopaufbau integriert wird. Beide Geräte sind miteinan-
der synchronisiert und werden durch einen Strobe-Controller
angesteuert. Das Ringlicht besteht aus sechs individuell an-
steuerbaren Lichtquellen, die eine Oberfläche aus unterschied-
lichen Winkeln beleuchten. Das verbessert die Sichtbarkeit
von Mikrostrukturen / Defekten und ermöglicht weitere Ana-
lysen mittels Photometrischen Stereo Algorithmen. Das mo-
dulare Design ermöglicht einfaches Tauschen von Lichtquel-
len und beispielsweise die Verwendung von Lichtquellen un-
terschiedlicher Wellenlänge. Diese Flexibilität macht das Ring-
licht zu einem praktischen Analysetool für unterschiedliche
Materialien. In diesem Beitrag wird die Konstruktion und das
optische Design beschrieben und validiert. Zusätzlich zeigen
wir Aufnahmen und photometrische Auswertungen von mi-
krostrukturierten Oberflächen.

Keywords Optische Inspektion, Ringlicht, mikrostrukturierte
Oberflächen, Photometrisches Stereo, Mikroskopie

1 Einleitung

Dieser Beitrag widmet sich der Entwicklung eines Analysetools, ei-
ner modularen Ringlichtquelle samt Ansteuerungssoftware für ein
Mikroskop, mit welchem beispielsweise Riblet Folien [1] untersucht
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Abbildung 1.1: a) Schematische Darstellung: Riblet Profil. b) Aufnahme mit Raster-
elektronenmikroskop (Aufsicht): Riblet Folie mit periodischen Struk-
turen in der Größenordnung von 20− 100 µm und Spitzen im einstel-
ligen µm-Bereich.

werden können. Hierbei handelt es sich um Oberflächen mit peri-
odischen Strukturen in der Größenordnung von 20 − 100 µm (Ab-
bildung 1.1), welche der Verringerung des Strömungswiderstands
dienen. Sie werden zur Reduktion des Treibstoffverbrauchs in der
Luftfahrt [2], zur effizienteren Energieerzeugung mit Windkraftanal-
gen [3] oder in Turbomaschinen [4] eingesetzt. Die Verringerung des
Strömungswiderstands steht im direkten Zusammenhang mit der
Ribletgeometrie, welche sich durch Abnutzung / Defekte verändern
kann [5].

Die Qualitätssicherung erfordert ein Analysetool, bestehend aus
Mikroskop und Beleuchtungseinheit, welches Strukturen im ein-
stelligen µm-Bereich sichtbar macht, d.h., auflöst und optimal be-
leuchtet. Das Mikroskop [6] mit 10-facher Vergrößerung hat eine
Auflösung von 0, 7 µm/px und ein Field of View von 1, 624 ×
1, 208 mm2. Das dafür entwickelte Ringlicht besteht aus sechs fo-
kussierten Lichtquellen und kann, im Vergleich zu Beleuchtungen
mit nur einer Lichtquelle, strukturelle Defekte besser sichtbar ma-
chen [7]. Deren Reflexionseigenschaften können dazu führen, dass
sie nur bei Beleuchtung aus einem bestimmten Winkel sichtbar sind
(z. B. Kratzer orthogonal zur Beleuchtungsrichtung). Durch alternie-
rende Beleuchtung aus mehreren Winkeln, können verschiedene De-
fekte sichtbar gemacht und komplexere Auswertungen, wie photo-
metrische Stereo Analysen (z. B. [8]), durchgeführt werden. Unser
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Analysetool, erstellt solche Aufnahmen automatisch, indem einzel-
ne Lichtquellen mittels eines Strobe-Controllers angesteuert und mit
der Mikroskop-Kamera synchronisiert werden.

Bei der Konstruktion des Ringlichts wurde auf austauschbare, mo-
dulare Lichtquellen und auf optische Standardkomponenten gesetzt.
Dadurch können einzelne Lichtquellen getauscht und das Ringlicht
beispielsweise mit Infrarot- oder kohärenter Laser-Lichtquellen be-
trieben werden. Mit einer Beleuchtungsstärke von 40 Mlx pro Licht-
quelle realisiert das Ringlicht optimale Beleuchtungsbedingungen.
Die hohe Beleuchtungsstärke ermöglicht kurze Belichtungs- und
Strobezeiten (10 ms) und sogt daher für einen schnellen Aufnahme-
prozess.

State-of-the-Art Ringlichter erfüllen die Anforderungen bezüglich
Beleuchtungsintensität, Beleuchtungsrichtungen und Modularität
nicht. Als Vergleich dient die Vier-Segment-Ringlichtbeleuchtung
(HPR2-250SW-DV04M12-5)1 von Computational Imaging mit einer
Gesamtleistung von 46 W. Dessen Lichtquellen sind fest verbaut und
beleuchten Oberflächen diffus. Das in diesem Beitrag entwickelte
Ringlicht ist im Gegensatz modular konzipiert und ermöglicht im
Pulsbetrieb Spitzenleistungen von 60 W pro Lichtquelle.

Abschnitt 2 beschreibt die Konstruktion, das Lichtdesign sowie
die Ansteuerung des modularen Ringlichts. In Abschnitt 3 wird das
entwickelte Ringlicht experimentell validiert. Abschnitt 4 zeigt Auf-
nahmen und Ergebnisse einer photometrischen Stereo Analyse von
Riblet Oberfläche.

2 Modulares Ringlicht für Photometrische Analyse von
Mikrostrukturoberflächen

Das Ringlicht beleuchtet software-gesteuert die Oberfläche aus sechs
Winkeln und ergibt, gemeinsam mit einem Mikroskop [6], ein pho-
tometrisches Analysetool (Abbildung 2.1 a) für Mikrostrukturober-
flächen. Unten beschreiben wir die modulare Konstruktion (Ab-
schnitt 2.1), das Lichtdesign (Abschnitt 2.2) und die Ansteuerung
(Abschnitt 2.3).

1 http://www.computationalimaging.com/files/HPR2-DV04M12-5-Product-
Introduction-Sheet.pdf
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a) b) c)
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Abbildung 2.1: a) Analysetool bestehend aus Mikroskop [6] und Ringlicht. b) und
c) stellen das Ringlicht, bestehend aus Dome (grün) und Tubes (blau),
dar. b) Vorderansicht, Domehöhe 62 mm. c) Aufsicht, Domedurchmes-
ser �126, 5 mm.

2.1 Konstruktion mit Rapid-Prototyping-Verfahren

Das Ringlicht (Abbildung 2.1) besteht aus folgenden Hauptkompo-
nenten: (i) Schirm, (ii) sechs Tubes und (iii) sechs Lichtquellen.

Der kuppelförmige Schirm (i) ist als 3D-Druck ausgeführt (Ab-
bildung 2.1 b und c). In dessen sechs Aussparungen wird je-
weils eine Tube/Lichtquelle eingesetzt. Aufgrund der Materialwahl
können die Lichtquellen mit hohen Leistungen betrieben werden,
da das für den 3D-Druck verwendete Acrylnitril-Butadien-Styrol-
Copolymer (ABS) im Bereich von 40◦C bis 75◦C formstabil und tem-
peraturbeständig [9] ist.

Die Tubes (ii) sind ebenfalls als 3D-Druck ausgeführt. Sie werden
in die Aussparungen im Schirm eingesetzt und beinhalten selbst je-
weils eine Lichtquelle. Da die Tubes samt Lichtquellen einfach und
schnell ausgetauscht werden können, sorgen diese für ein modulares
Design.

Die Lichtquellen (iii) befinden sich in den Tubes. Sie strahlen mit
einem Steigungswinkel von 40◦ auf die Oberfläche (Abbildung 2.1 b)
und sind in 60◦ zueinander radial um die optische Achse angeord-
net (Abbildung 2.1 c). Durch diese Beleuchtungswinkel werden die
Mikrostrukturen mit hoher Sensitivität erkannt.
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2.2 Lichtdesign

Das Lichtdesign umfasst sowohl das Design der Lichtführung als
auch die Auswahl passender Lichtquellen. Das vorgestellte Ana-
lysetool dient der Untersuchung von Mikrostrukturen und erfor-
dert damit die Beleuchtung von kleinen Inspektionsflächen (1, 624×
1, 208 mm2). Das Licht wird auf diese kleine Fläche fokussiert und
dadurch die Beleuchtungsintensität erhört. Diffuse, im Gegensatz
zur gewählten fokussierten, Beleuchtung, würde das Licht an die
Umgebung abgeben und damit Mikrostrukturen nicht ausreichend
beleuchten.

Die Fokussierung erfolgt durch die Kollimator-Optik, bestehend
aus zwei gegengleich zueinander angeordneten asphärischen Linsen.
Die erste Linse kollimiert und die zweite Linse bündelt das Licht ho-
mogen auf die Inspektionsfläche. Das Lichtdesign und die Auswahl
der Linsen erfolgten mittels Optikdesign-Software2. Abbildung 2.2
zeigt das Ergebnis des optischen Lichtdesigns mit eingezeichnetem
Strahlengang und definierten Brennweiten (16 mm bzw. 50 mm) der
Linsen unter Einhaltung des Abstrahlwinkels der Lichtquellen. Als
Lichtquellen dienen Leuchtdioden3 mit einem Lichtstrom von 545 lm
bei einem Betriebsstrom von 1, 8 A, einer Leistung von 6 W, ei-
nem Abstrahlwinkel von 150◦ und einer Farbtemperatur von 5000 K.
Da die Beleuchtungsrichtungen in einem Zeitmultiplex-Verfahren se-
quentiell aufgenommen werden, kann der Lichtstrom der Leuchtdi-
oden durch Pulsen noch weiter gesteigert werden. Die Lichtquellen
können bei kurzen Pulsen im ms-Bereich problemlos mit dem Zehn-
fachen des angegebenen Stroms betrieben werden ohne die Leucht-
dioden zu überhitzen. Bei einem Strom von 18 A und einer Leistung
von ca. 60 W lassen sich Lichtströme von bis zu 1911 lm beobachten.

Bei der Wahl der Leuchtdioden wurde auf eine kleine Etendue
mit hohem Lichtstrom geachtet, damit die Lichtstrahlen möglichst
vollständig von der, darauf angepassten, Kollimator-Optik aufgefan-
gen werden. Das gewährleistet eine maximal mögliche Lichtausbeu-
te.

2 Zemax, http://zemax.com
3 Osram Power LED: OSLON LED typ. 5000K CSSRM2.EM-MFN3-XX33-K2L1-700-

R18
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Lichtquelle
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16 mm 50 mm

Abbildung 2.2: Entstehender Strahlengang der Kollimator-Optik durch die Verwen-
dung von zwei gegengleich angeordneten asphärischen Linsen.

2.3 Ansteuerung

Die Ansteuerung wird mittels einer graphischen Benutzeroberfläche
und einem Strobe-Controller realisiert. Die Lichtquellen sind mit
dem Strobe-Controller verbunden, der diese über definierte digita-
le Pulse einschaltet. Ein weiterer Puls am Triggereingang der Kame-
ra sorgt für das Starten der Belichtungszeit und das Erstellen einer
Aufnahme. Die Lichtquellen werden vom Strobe-Controller über ei-
ne Konstantstromquelle versorgt. Diese verhindert Beschädigung der
Leuchtdioden bei längerem Betrieb (temperaturabhängige erhöhte
Stromaufnahme).

3 Experimentelle Designvalidierung

In diesem Abschnitt werden die Konstruktionsparameter des Ring-
lichts validiert. Die vertikalen Beleuchtungswinkel (i) wurden expe-
rimentell mit einem Light-Dome ermittelt. Durch die Messung der
Helligkeit gegenüber der Stromstärke (ii) wurde die Erhöhung des
emittierenden Lichts mit zunehmender Stromstärke getestet.

Der optimale Beleuchtungswinkel (i) wurde mit einem photome-
trischen Light-Dome identifiziert. Im Light-Dome sind 32 Lichtquel-
len auf drei unterschiedlichen Ebenen angeordnet. Dadurch wird er-
reicht, dass die Lichtquellen mit 65◦, 52◦ und 36◦ auf die Oberfläche
strahlen (horizontal gemessen). Aus den theoretischen Überlegungen
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Abbildung 3.1: a) Lichtwinkel des Light-Domes: Oben rechts Beleuchtungswinkel
von 65◦, mittig mit 52◦ und unten mit 36◦. b) Ausschnitte der Auf-
nahmen mit Beleuchtung aus 65◦, 52◦ und 36◦. Je kleiner der Beleuch-
tungswinkel in diesem Light-Dome, umso höher ist die Erkennbarkeit
der Ribletstrukturen.

geht hervor, dass der optimale Beleuchtungswinkel im Bereich von
40◦ liegt, da die dreieckigen Ribletstrukturen eine Steigung von 40◦

aufweisen. Das zusätzlich durchgeführte Light-Dome-Experiment
bestätigt die theoretischen Überlegungen: Die Struktur ist in Auf-
nahmen mit einer Beleuchtung aus einem Winkel von 36◦ am sicht-
barsten (Abbildung 3.1 b, LED Elevation - 36◦). Aus diesem Grund
wurde der Beleuchtungswinkel des entwickelten Ringlichts mit 40◦

konstruktiv festgelegt.
Die Messung der relativen Helligkeit gegenüber der Stromstärke

(ii) testet die Änderung des abstrahlenden Lichts mit zunehmen-
der Stromstärke. Die Auswertung der mittleren Helligkeit erfolgt am
Sensor des Mikroskopaufbaus. Abbildung 3.2 zeigt, dass die relati-
ve Helligkeit beim Betriebsstrom von 1, 8 A 100% beträgt - dies ent-
spricht dem im Datenblatt angegebenen Lichtstrom von 545 lm. Wird
der Strom im Pulsbetrieb weiter erhöht, lässt sich die relative Hellig-
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keit um über 250% auf 351% bei 18 A steigern. Es lässt sich fest-
halten, dass die Leuchtdioden im Pulsbetrieb kurzfristig mit einem
zehnfach höheren Strom betrieben werden können als im Datenblatt
angegeben. Somit kann für mehr Helligkeit innerhalb kürzester Be-
lichtungszeiten auf der Mikrostrukturoberfläche gesorgt werden.
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Abbildung 3.2: Darstellung der relativen Helligkeit gegenüber der Stromaufnahme
der Leuchtdioden. Auf der x-Achse ist der Strom in Ampere und auf
der y-Achse die relative Helligkeit in Prozent aufgetragen.

4 Ergebnisse der Oberflächenanalyse

Dieser Abschnitt zeigt Aufnahmen (Abbildung 4.1 a), welche mit
dem vorgestellten Analysetool gemacht wurden und das Ergebnis
der photometrischen Stereo Auswertung (Abbildung 4.1 b, Abbil-
dung 4.2 a und b). Das Analysetool erstellt automatisch pro Licht-
richtung eine Mikroskopaufnahme eines Objekts (z. B. Riblet Fo-
lie). Nach der Kalibrierung der Lichtquellen (Lage und Intensität),
kann mittels photometrischer Stereo Analyse [8], auf die Ober-
flächenorientierung geschlossen werden. In den berechneten Ober-
flächennormalen können strukturelle Defekte der Oberfläche er-
kannt werden. Abbildung 4.1 b zeigt das Ergebnis einer photome-
trischen Auswertung (Oberflächennormalen), berechnet aus den un-
terschiedlich beleuchteten Aufnahmen einer Riblet Folie, die in Ab-

46



Modulares Ringlicht für Mikrostrukturoberflächen

bildung 4.1 a gezeigt werden. In diesem Beispiel sind Defekte deut-
lich als Unregelmäßigkeiten in der horizontalen Linienstruktur er-
kennbar (Abbildung 4.1, gelbe Markierungen). Obwohl die Beleuch-
tungswinkel des Analysetools für die Strukturen der Riblet Foli-
en optimiert wurden, kann dieses auch zur (photometrischen) Un-
tersuchung beliebiger mikrostrukturierter Oberflächen herangezo-
gen werden. Abbildung 4.2 zeigt photometrische Auswertungen des
Intaglio-Drucks eines 20-Euro-Scheins und einer 5-Cent-Münze. Das
einfache Tauschen der Lichtquellen (z. B. Infrarot) ermöglicht außer-
dem die Analyse von Proben mit unterschiedlichen Materialeigen-
schaften.

a) b)

300 µm

Abbildung 4.1: a) Erstellte Aufnahmen der Oberfläche und b) Darstellung der ab-
strahlenden Oberflächennormalen der photometrischen Stereo Ana-
lyse einer beschädigten Riblet-Oberfläche. Die Defekte sind als Ab-
schliffe der Struktur erkennbar, einige Defekte sind gelb markiert.

5 Zusammenfassung

In diesem Beitrag wurde ein Ringlicht vorgestellt, welches zusam-
men mit einem Mikroskop ein praktisches Analysetool bildet. Das
Lichtdesign wurde mit einer Optikdesign-Software erstellt und in
zwei Experimenten validiert. Das Ringlicht zeichnet sich durch eine
hohe Beleuchtungsstärke (40 Mlx), kurze Belichtungs- bzw. Strobe-
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a)

b)

Abbildung 4.2: a) Darstellung der abstrahlenden Oberflächennormalen der photome-
trischen Stereo Analyse eines Intaglio-Drucks eines 20-Euro-Scheins
und b) Darstellung der abstrahlenden Oberflächennormalen der pho-
tometrische Stereo Analyse einer 5-Cent-Münze.

zeiten (10 ms) und Modularität aus. Die von uns entwickelte Beleuch-
tung wurde mittels Rapid-Prototyping-Verfahren konstruiert und ist
aufgrund von einfach austauschbaren Standardkomponenten viel-
seitig anwendbar. Das Ringlicht eignet sich als photometrische Be-
leuchtung, da mehr als drei unabhängig voneinander ansteuerbare
Lichtquellen mit bekannter Lichtintensität und Lage zur Verfügung
stehen. An den photometrischen Stereo Auswertungen von Riblet
Folien zeigen wir, dass sich das Ringlicht für Analysen im einstelli-
gen µm-Bereich eignet.
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Strukturen und anderen Oberflächen. Berlin: Mensch und Buch Verlag,
2004.
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Abstract We propose an automated evaluation pipeline uti-
lizing both bright field light and confocal microscope images
as well as multiple quality measures to quantitatively evaluate
the quality of printed microlens arrays.

Keywords Computational imaging, microlens array, inkjet
printing, quality control

1 Introduction

Computational imaging, combining optical and digital signal pro-
cessing to extract complex information from captured light, has
gained much attention in recent years—ranging from multi-camera
arrays and combined depth sensors in consumer electronics such as
smart phones to coded snapshot spectral imagers [1] or light field
cameras [2] explored in the scientific community. Microlens arrays
(MLAs), consisting of a multitude of microscopic lenses which are
regularly arranged on top of a transparent substrate, play an impor-
tant role in computational imaging, most prominently in compact
light field cameras in which they are placed in front of the camera’s
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image sensor to spatially code the incident light’s angular depen-
dence.

Conventionally, MLAs are manufactured using lithographic meth-
ods such as photoresist thermal reflow [3] and nanoimprint lithog-
raphy [4]. Recently however, inkjet printing of microscopic optical
components such as MLAs has become more feasible and affordable,
allowing for fast prototyping and production, overall decreasing pro-
totyping cycles when developing new computational cameras.

MLAs are printed applying the Drop-on-Demand inkjet printing
method, where a specific volume of optical ink is jetted from the
printer’s nozzles to prior-determined spots on the substrate, forming
a microlens (ML). Printing a multitude of such lenses, either using
multiple nozzles and/or moving the nozzle over the substrate, an
MLA is printed lens-by-lens. The geometric and optical quality of
both the individual lenses as well as the overall manufactured grid
depend strongly on a multitude of parameters such as the surface
pretreatment of the substrate, the ink composition, the nozzle volt-
age applied to the piezoelectric transducer, as well as the movement
speed of the nozzle and resolution of the printed pattern. Finetun-
ing and optimizing these parameters is key when printing MLAs.
However, evaluation of the printed results is usually done manually
by experts which is cumbersome, time consuming, and subjective.
For these reasons, an automated quantitative (and thus comparable)
quality assessment of such printed MLAs is needed. This automated
quantitative process allows to manufacture a multitude of MLA pro-
totypes with systematically chosen printing parameters to optimize
the overall quality of the array.

To this end, we propose an automated evaluation pipeline utilizing
both bright field light and confocal microscope images of the printed
MLAs as well as quality measures that can be used to assess the
quality of the individual lenses and the overall MLA.

2 Automated quantitative quality assessment

There are four basic geometric quantities of the MLA that one is
interested in: the ML radii and sag heights, as well as the vertical
and horizontal spacing of the MLs. Furthermore, detecting defects
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Figure 2.1: Comparison of two typical MLA measurements using a 20x lens. Left:
bright field light microscope using reflected light. Right: confocal micro-
scope (missing values are depicted in white).

in the MLA and quantifying the quality of the individual ML’s shape
are key to the overall assessment of the MLA quality. Finally, the
back focal length of the individual MLs has to be measured.

In principle, both confocal microscopes as well as white light in-
terferometers are well suited to measure the geometric properties
of MLAs. However, both methods are incapable of providing mea-
surements when the surface inclination is too large which is the case
at the ML boundaries. Therefore, a robust measurement of the ML
radii and shape is not possible with these methods. Bright field light
microscope images (using reflected light) on the other hand are well
suited to measure the ML shape because ML boundaries show ex-
cellent contrast precisely because of these large surface angles. A
comparison of a common MLA light and a confocal measurement is
shown in Figure 2.1. To measure the back focal length of the MLs, a
transmitted light microscope, using a collimated light source, is well
suited.

For this reason, we propose to use both bright field and confocal
measurements to measure the MLA properties. Commonly, confo-
cal microscopes offer both bright light and confocal measurements
using the same optical path which makes post-capture alignment
of the two measurements unnecessary (this is usually not the case
for white light interferometers). In our experiments, we use a Leica
DCM8 microscope with both a 20x and 50x lens. Using the 20x lens,
the microscope has a lateral resolution of 0.645µm and a vertical res-
olution of 1µm whereas with the 50x lens it has a lateral resolution of
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Figure 2.2: Obtaining a rough estimate of the ML radius and spacing using 1D sec-
tions of the binary image. Left: original bright field microscope image.
Middle: edges detected using the Canny algorithm. Right: filled binary
image and 1D section with maximum radius estimate.

0.258µm and a vertical resolution of 0.1µm. The MLAs are printed
using a PiXDRO LP50 inkjet printer and a 10 pL cartridge. The in-
dividual MLs have a diameter of about 50–60µm with a sag height
of approximately 5µm. Therefore, we use the 20x lens to measure
all properties of the MLA except the sag height, for which a higher
vertical resolution, using the 50x objective, is needed. Of course, de-
pending on the MLAs under consideration, the chosen lenses may
deviate from ours.

For each MLA a multitude of measurements is collected to in-
crease the statistical significance of the evaluation: for the 20x mag-
nification, we use nine confocal and corresponding bright field light
microscope measurements, and three confocal and corresponding
bright field light microscope measurements using the 50x lens.

2.1 Rough radius and spacing estimate

First, to bootstrap the subsequent property estimates, a rough esti-
mate of the ML radius r̂r and spacing ŝr is obtained using a single
bright field light microscope image. If multiple measurements have
been collected for a single MLA, a random one is chosen. Image
edges are detected using the Canny algorithm [5] followed by a fill-
ing of closed regions in the edge image. Using several hundred con-
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Figure 2.3: Estimating the tilt of the MLA w.r.t. the optical axis. Left: original confocal
measurement. Middle: Masked confocal measurement. Right: estimated
ideal MLA background plane with estimated tilt ϑ̂ = 0.09◦.

secutive horizontal 1D sections of the binary image, the radius and
spacing are calculated as the maximum median number of succeed-
ing ones (respectively zeros) of each section (compare Figure 2.2). In
the case that multiple grid spacings are expected, e. g. for non-square
or hexagonal grid layouts, the procedure has to be performed also
for the vertical axis.

2.2 Tilt estimate

For measurements using the light microscope, the normal of the
MLA and the optical axis of the microscope have to be well aligned.
Misalignment leads to perspective distortions of the ideally regular
grid. Hence, it will lead to systematic measurement inaccuracies
when estimating the ML radius and grid spacing. To validate the
MLA alignment, the flat substrate surface (on which the MLs are
printed) can be used. The binary image extracted from the light
microscope measurement (as described in Section 2.1) is used as a
binary mask to mask out the individual MLs in the corresponding
confocal measurement. To this end, a threefold binary dilation (using
a fully connected 3× 3 structuring element) is applied to the binary
image to increase the size of the individual ML’s mask. The binary
mask is then applied to the confocal measurement to extract the sub-
strate surface. Using the extracted surface, the ideal surface plane
is estimated via a least-squares approximation of the measurements
via the plane equation

z = ax + by + c , (2.1)

55



M. Schambach et al.

(a) (b) (c) (d)

Figure 2.4: Typical shape deviations and defects in printed MLAs. (a) Missing ML.
(b) Joint MLs. (c) Global shape deviation. (d) Local shape deviation.

where α = arctan a and β = arctan b are the plane’s intersection an-
gles with the x- and y-axis, respectively. Using the estimated plane’s
normal vector n̂ = (â, b̂, 1)T and the optical axis n0 = (0, 0, 1)T, the
MLA tilt angle ϑ is determined as

ϑ = arccos 〈n̂, n0〉 . (2.2)

An overview of the procedure is shown in Figure 2.3.
When the estimated tilt is too large, the microscope tilt has to be

calibrated using a tilt stage. In our experiment, we use the MLA
substrate surface as a reference surface to calibrate the tilt of the
MLA to be below 0.1◦, however using a reference calibration mir-
ror is also possible. In principle, when the projection matrix of the
microscope is known, the estimated tilt can be used to either de-tilt
the light microscope measurements or estimate an upper bound of
the further MLA property estimates. However, due to the extremely
narrow depth of field, a geometric calibration of the light microscope
is extremely challenging.

2.3 Geometric properties estimate

Estimating the geometric properties of the MLA, one faces several
challenges: First, defects in the printed MLA have to be robustly de-
tected and taken into account when estimating the underlying regu-
lar grid’s parameters. Second, the individual MLs may be deformed
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and thus not perfectly circular, making the circle detection and ra-
dius estimation more difficult. Lastly, the used algorithm should not
be too complex to be able to evaluate a multitude of measurements
in a reasonable time.
Defects and shape deviations are common in MLA printing, in par-
ticular when the printing parameters are non-optimal and/or when
the substrate surface is contaminated with dust or other particles.
Common defects are missing as well as joint MLs, for which we
will propose methods for detection. For the shape deviations, we
roughly divide them into two classes: global and local shape devi-
ations. Global shape deviations refer to ML shapes that are overall
deviating from a perfect circular shape, for example elliptical MLs,
whereas local shape deviations correspond to MLs that are overall
circular with localized defects. We will introduce quality measures
to quantify both types of shape deviations. For an overview of typi-
cal defects and shape deviations in printed MLAs, see Figure 2.4.

In a first step, again the edges are calculated from the light micro-
scope measurement using the Canny algorithm. The detected edges
are labeled into individual clusters using a standard labeling algo-
rithm. Each cluster now represents exactly one ML or defect. For
each cluster, the bounding box is calculated. If the larger side of the
bounding box is larger than 110 % of the estimated rough diameter
2 r̂r, the cluster is classified as a defect. This robustly detects joint
lenses (which typically stretch over 4 r̂r) as well as leaked MLs. If
the larger side of the bounding box is smaller than 90 % of the esti-
mated rough diameter, the cluster is classified as debris, containing
all non-geometric defects such as dust, droplets, and scratches.

Second, the individual MLs and their radii are estimated. To this
end, we propose a multi-scale extension to the circular Hough trans-
form [6]. Since the deviation of the ML shape from a perfect circle
can be quite severe (as shown in Figure 2.4), the Hough transform,
applied to the original edge image, may not detect all lenses ro-
bustly. Furthermore, the accuracy of the estimated radii is limited
to integer pixel values. To overcome these limitations, we perform
the Hough transform on several scales S = {s1, s2, ..., sN}. To in-
crease robustness against shape deviations, some scales are chosen
to be smaller than one; to increase accuracy, the remaining scales
are chosen to be larger than one. In our experiments we choose
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S = {0.33, 0.5, 1, 1.5, 2}. At each scale si, the edge image is calcu-
lated from the scaled light microscope measurement and the Hough
transform is applied to the scaled edge image. To narrow the search
space, the size of the accumulation matrix is reduced by limiting the
radius range to (1 ± 0.1)si r̂r. The detected center coordinates and
radii are collected together with their accumulation score. The num-
ber of detected MLs per scale decreases with larger scales: due to
the shape deviations, a non-circular shape is robustly detected in the
down-scaled image, however it may not reach a large accumulation
score in higher scales. Therefore, starting with the lowest scale s1, for
every detected center ci at scale i, a corresponding center ci+1 at the
next higher scale is searched. To this end, the center ci and radius ri
are projected into the higher scale:

ci→i+1 =
si+1

si
ci , ri→i+1 =

si+1

si
ri . (2.3)

Using a k-d tree-based nearest neighbor search within a unit ball
of the projected radius around the projected center, the higher scale
correspondent is determined. If a corresponding center is found at
the higher scale, the estimated center and radius are used from that
scale, if not, the current radius and center estimates are used. This
procedure is repeated iteratively for every scale. The final detected
centers and corresponding radii are then filtered: centers that are
within a margin of r̂r of the image border, as well as centers that lie
within the bounding box of a detected defect are neglected.

Third, using the detected centers and the initial rough spacing
estimate, the grid spacing in x- and y direction is estimated, and
missing MLs are detected. To estimate the spacing, following an
approach similar to the grid estimation proposed by Dansereau et
al. [7], a k-d tree of the final estimated centers is built. Starting
with the center closest to the origin, the grid is traversed vertically
and horizontally using the rough estimate of the grid basis vectors,
a = (ŝr, 0), b = (0, ŝr), in the case of a square grid. That is, the
current center position ccurr is updated by adding the corresponding
grid basis vector,

cup, horz = ccurr + a , cup, vert = ccurr + b . (2.4)
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Figure 2.5: Detection results for an MLA with severe defects. Left: original bright
field microscope image. Middle: detected centers (cyan), predicted centers
(pink), missing MLs (orange), and detected defects (red border). Right:
Detected centers and ideal circles with corresponding estimated radius.

If a detected center can be found in the neighborhood around the
updated center, the found center is used as the new current cen-
ter (independently for the horizontal and the vertical traverse) and
the distance (vertical or horizontal) to the previous center is mea-
sured. If no center can be found, the updated center is marked as
a candidate for a missing ML and used as the new current center.
Having collected these distances for all MLs and multiple measure-
ments, outliers are removed, using the median and median devia-
tion. For example, missing MLs will lead to measured distances that
are twice as large as the correct spacing and are therefore neglected.
After the full grid has been traversed horizontally and vertically, the
missing ML candidates are further investigated. First, since the two
independent traverses may have detected the same candidates, the
candidates are filtered such that there is only one unique candidate
within the estimated radius. Finally, if a missing ML candidate has
at least 2 detected grid neighbors and is not within the bounding box
of a previously detected defect, the candidate is counted as a missing
ML. An example of the detection result is given in Figure 2.5.

2.4 Microlens quality estimate

Having detected the individual MLs and estimated their radii, the
geometric quality of the individual lenses is estimated. In princi-
ple, the Hough accumulation scores Qacc could be used to quantify
the shape quality, however theses scores are not directly comparable
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Table 1: ML quality estimates for perfectly circular (top), globally deviating (middle)
and locally deviating (bottom) MLs. Estimated ML centers and ideal circles
with estimated radii are depicted in red. Note that the scales of the images
are not identical.

ML r/µm Qacc/% Qc/% Qcdev/% Qcv

33.4 47.02 0.84 0.97 1.15

33.5 55.91 0.85 1.04 1.23

32.2 31.43 5.58 6.28 1.13

30.3 14.46 9.02 11.40 1.26

34.5 34.87 3.56 6.54 1.84

33.9 45.72 2.24 3.96 1.77

between different MLAs. For this reason, we propose three shape
quality measures. The microlens edges have been previously labeled
and clustered. For each ML, the distance di from every edge pixel i
to the ideal ML circle (using the corresponding estimated center and
radius), relative to the estimated radius, is measured. Interpreting
the measured distances as realizations of a random variable d, the
following measures are defined as the sample mean, sample stan-
dard deviation, and sample coefficient of variation, respectively:

Qc = µ̂d , Qcdev = σ̂d , Qcv = σ̂d/µ̂d . (2.5)

While Qc quantifies the overall deviation from the ideal circular
shape, Qcdev is well suited to measure the localization of the de-
viation. That is, global shape defects have a lower Qcdev than local
shape defects. However, larger mean deviations Qc also in general
lead to larger standard deviations Qcdev which makes the values of
Qcdev harder to compare directly. Hence, the coefficient of variation
Qcv is used. A Qcv close to one corresponds to circular shapes or
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Figure 2.6: ML height estimate. Left: original confocal image. Middle: estimated
ideal background plane. Right: de-tilted and zero-leveled confocal mea-
surement with detected local maxima (blue x) and neglected outliers (black
x).

shapes with a global shape defect; larger values occur when the de-
fect is more localized. Table 1 shows some example MLs with their
corresponding quality measures.

2.5 Sag height estimate

The MLA tilt and ML sag heights are estimated using the confo-
cal and light microscope measurements at 50x magnification. In
complete analogy to the procedure presented in Section 2.2 but us-
ing the 50x magnification measurements, the tilt ϑ and the offset c
of the background surface are estimated. The confocal data points
x = (x, y, z) are then zero-leveled and de-tilted,

x̃ = Rn(ϕ)(x− c) . (2.6)

Here, the rotation matrix Rn is calculated from the rotation vector
n = n̂× n0/‖n̂× n0‖. The individual ML sag heights can then sim-
ply be measured using the local maxima in the de-tilted and zero-
leveled confocal measurement. To neglect measurements from par-
tially imaged MLs, occuring at the image boundaries, outliers from
the measured heights are removed using the median and median
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Figure 2.7: Example comparison of the measured grid spacing for three MLAs.

deviation. An example of the measurement results is depicted in
Figure 2.6.

2.6 Visualization and comparison

A multitude of measurements is collected for each MLA: the radii,
heights, and quality measures are measured for every individual ML,
whereas the spacing is calculated pairwise. Hence, a comparison be-
tween different MLAs can be performed by either directly comparing
mean and/or standard deviation values of the corresponding values
or by analyzing the underlying probability distributions in more de-
tail. For this, box or violin plots, in combination with a kernel den-
sity estimation of the data, are often used, compare Figure 2.7: while
the median values of the measured grid spacings are very similar,
the data of MLA 2 and MLA 3 are wider spread, corresponding to a
less regular grid.

3 Conclusion

We have proposed and analyzed an automated evaluation pipeline
utilizing both bright field light and confocal microscope images as
well as multiple quality measures to automatically and quantitatively
evaluate the quality of printed microlens arrays.

Acknowledgement: This work was financed by the Baden-Würt-
temberg Stiftung gGmbH. In memory of Fernando Puente León.
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Inline battery foil inspection using strobed
Photometric Stereo
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Abstract Battery technology is a key component in current
electric vehicle applications and an important building block
for upcoming smart grid technologies. The performance of
batteries depends largely on quality control in their produc-
tion process. Defects introduced in the production of elec-
trodes can lead to degraded performance and, more impor-
tantly, to short circuits that can cause accidents. In this con-
tribution, we propose an inspection system that can detect
defects, like missing coating, agglomerates, and pinholes on
coated electrodes and acquire valuable production quality
control metrics, like surface roughness. By employing Photo-
metric Stereo (PS), a shape from shading algorithm, our sys-
tem sidesteps difficulties that arise while optically inspecting
the black to dark gray battery coating materials. We present
in detail the acquisition concept of the proposed system, and
analyze its acquisition-, as well as, its surface reconstruction
performance. Further, we demonstrate the acquisition results
of several common defect types that arise in foil production.
Our system acquires at a production speed of 500 mm/s at a
resolution of 50 µm per pixel resolution.

Keywords Optical inspection, inline inspection, high-speed,
electrode, photometric stereo
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Figure 1.1: Illustration of a nickel manganese cobalt (NMC) cathode foil and the inline
coating and inspection process.

1 Introduction

Battery technology is an important building block in the develop-
ment of upcoming sustainable energy storage, energy distribution
and electric mobility [1].

Electrode material is produced in the so-called coating process, in
which electromechanically active material is applied onto a metal
substrate foil.

A material comonly chosen for cathodes is nickel manganese
cobalt (NMC) on aluminium substrate. Such cathodes exhibit a deep
black texture, as shown in Fig. 6.1(a). A common choice for anodes
is the dark gray colored graphite applied onto copper substrate.

For the coating process, illustrated in Fig. 6.1(b), a so-called
“slurry”, a mixture of active material, binder material, condictive ad-
ditives, and solvents, is prepared and placed into the application
funnel. The slurry is applied onto the substrate with defined thick-
ness. Following the doctor blade method [2] a blade mounted over
the substrate lets slurry pass up a defined thickness. Next, the coated
electrodes are dried and stored for the subsequent calandering pro-
cess, where they are mechanically compressed. The goal of calan-
dering is to improve electrode characteristics. Compression leads
to more active material per volume, it homogenizes pore sizes, and
reduces coating inhomogeneities. Finally, the calandered electrodes
can be cut out and stacked on top of each other, interleaved with
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insulating separator layers. The result can then be packaged into a
final battery cell, for example in form of pouch- or prismatic cells.

An important factor influencing the electrical characteristics, and
the safety of battery cells is the quality of the applied coating [3]. Ide-
ally, the coating is finely grained and fully covers the substrate area
evenly. However, especially when new kinds of coating mixes are
developed, coating surfaces can deviate from this ideal conditions.
A typical type of defect occurs, when the doctor blade gets clogged
with agglomerates within the slurry mix, which leads to missing
or unevenly applied coating behind the blade. The use of such de-
fective electrodes in final cells degrades electrical capabilities, and,
moreover, can lead to highly undesirable exothermic reactions caus-
ing harm to users [3]. Another process that can produce electrodes
of suboptimal quality, is experimental battery research, when new
kinds of slurry mixtures are tested. In the first case, optical quality
assurance can help in ensuring that only cathodes of high quality
are used for battery cells. In the second case, optical inspection can
give valuable performance metrics about the quality of experimental
slurry mixes.

In this work, we present an optical inspection system that can fa-
cilitate quality assurance in the coating process of anode and cath-
ode foils that serve as building block for battery cells at produc-
tion speeds of up to 500 mm/s at an optical lateral resolution of
50 µm/pix by means of photometric stereo surface reconstruction.

This paper is structured as follows. Section 2 provides an overview
of existing systems for the inspection of battery foils. In Section 3
the proposed inspection system is described in detail. In Section 4
the proposed photometric stereo algorithms are explained in detail.
Section 5 presents exemplary results of defects acquired with our
system. Finally, Section 6 summarizes the content and provides an
outlook to future work.

2 Related work

In the recent past, several optical battery foil inspection systems of
various sensing modalities have been proposed. Just et al. [4] mea-
sure the infrared response of electrodes that are excited using elec-
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tromagnetic radiation in order to detect applied silver particles. In
contrast, our proposed system acquires material response in the vis-
ible frequency bands. Frommknecht et al. [5] combine a camera with
ring-shaped illumination with a laser profilometer for defect detec-
tion. While the use of a laser profilometer allows for measuring
absolute depth, its speed is limited to 500 Hz by the detectability of
the laser line. Further, depth is measured only on a fraction of the
foil area by the profilometer. Gruber et al. [6] employ hyper-spectral
imaging and spectral ellipsometry to measure foil layer thickness
while at the same time overcome specular reflections of the foil sub-
strate. Our system, in contrast, reconstructs surfaces using a shape
from shading approach.

3 Inline inspection using Photometric Stereo

In this section, we describe the proposed battery foil inspection sys-
tem and its components in detail. Broadly, we can discern two sub-
systems, the sensor head (“Sensing & Acquisition”) and the process-
ing subsystem (“Processing & Control”), as schematically illustrated
in Fig. 3.1. The sensor head is located within a coating machine and
performs data acquisition and material illumination, while acquired
data is processed on a PC situated in a back compartment of the
machine outside of the, potentially toxic, atmosphere of the coating
compartment.

3.1 Photometric Stereo acquisition and control

The sensing subsystem comprises (1) an FPGA-based controller
hardware coordinating the acquisition, (2) a high-speed industrial
camera, viewing at the material from top, (3) four line light sources
illuminating the material from four directions, as well as, (4) a PC
that coordinates image data acquisition and computes the foil sur-
face representation.

According to Fig. 3.1, an FPGA-based controller (“Trigger Hard-
ware”), an in-house development, ensures synchronization of ma-
terial motion, control of lights, and camera acquisition. The trigger
hardware translates 5 µm increments that are registered by a quadra-
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Figure 3.1: Schematic illustration of the system components. The sensing subsystem
consists of a camera, viewing the electrode material from top, while it is
illuminated in turn by four xposure:flash light sources for each increment
measured by an optical encoder. A PC, shown in the right area, is used to
setup acquisitions, and process the resulting image data, while acquisition
timing is controlled by an FPGA based trigger hardware.

ture encoder to the system resolution of 50 µm increments per pixel.
At each increment, the controller switches on one of the available
four lights and triggers an image acquisition by the camera. This
amounts to a frame trigger rate of 10 kHz at a material speed of
0.5 m/s. Fig. 6.3(a) shows the timing for switching the lights and
triggering the camera. The frame period, i. e. the inverse of the frame
trigger rate, corresponds to a material progress of 50 µm. Thus, as
illustrated in Fig. 6.3(b), each object point (A, B, C, . . . ) is acquired
four times under four different illumination directions.

As illumination, four xposure:flash [7] line light sources are lo-
cated in a 4-orthogonal-configuration around the camera’s field of
view. Each light source contains a linear array of white high-power
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LED’s that allow fast strobing. The light sources are mounted at
45◦ rotation with respect to the transport direction, so to deliver high
quality control data for defects that often occur in transport direction.
They are mounted with a polar angle of 55◦, as shown in Fig. 6.2(a).
This angle was experimentally determined to be optimal for this type
of material. We use four light sources due to the increased surface
reconstruction stability [8] compared to the three lights required for
determining three dimensional surface normal vectors. In order to
have enough light for a proper signal, the light sources are strobed
at a frequency of 10 kHz, which is only a small fraction of their max-
imum strobing frequency of 600 kHz. The irradiance in the object
plane, generated by a single line light, is approximately 500.000 lx.

The camera, model Mikrotron eoSens 4CXP, is configured with a
12 mm lens to exhibit a field of view (FOV) of 116 mm in horizontal,
and 200 µm in vertical direction. The FOV was chosen to acquire the
whole width of the material and as well as the transition from sub-
strate to the material. At 2336 pixels sensor width this amounts to
an approximate resolution of 50 µm/px. The use of a multi-line ac-
quisition regime enables observation of the same material positions
illuminated by multiple light sources. As the material is continually
moving, the obtained images are shifted by 0 to 3 pixels in transport
direction for lights 1 to 4, for registration (see Fig. 6.3(b)).

As an AIT internal project we have constructed and successfully
tested a system prototype in our laboratory. Fig. 3.2 shows construc-
tion drawings, as well as an image of the prototype system including
a motorized roll simulation that allows us to thoroughly test system
performance under various operating speeds.

3.2 Data processing

An industrial-grade PC is used for configuration of the acquisition
subsystem and processing af acquired image data. Image data is
acquired via the CoaxPress interface from the camera. Photometric
Stereo results are processed, and stored to harddisk for further anal-
ysis. A graphical user interface is provided in order to enable an op-
erator to review the results in real-time. As the PC is located within
the machine, its user interface is remotely accessible via Ethernet-
based networking.
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(a) Construction View (b) Machine simulation

Figure 3.2: System illustrations of (a) construction drawings, and (b) the system pro-
totype with attached roll simulator operating in our laboratory environ-
ment. On top, the camera can be seen, while in middle area high-speed
xposure:flash light sources are visible focusing on the roll in the lower
region, which is driven by a motor on the right.
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Figure 3.3: Illustration of the system‘s acquisition and light timing and System timing

4 Photometric Stereo Processing

The dark texture of the battery material, black for NMC coated cath-
odes to dark gray for anode foils, impedes direct optical intensity
analysis. Either large amounts of light need to be used for illumi-
nation, which increases cost, or long camera exposure times need
to be used, which limits the speed of the coating line. Further, 3D
reconstructions can aid the quantitative assessment of electrode qual-
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ity. For this reason, we analyze defects based on the reconstructed
surface geometry of the material. To this end we perform surface
reconstruction using Photometric Stereo [9], an shape-from shading
algorithm, that is well suited for the observed diffuse material.

PS employs the Lambertian assumption of perfect diffuse mate-
rial and infinitely distant, parallel light rays, and reconstructs sur-
faces based on observed light intensities of light reflected from sur-
face points illuminated under several illumination angles. We com-
pute surface normals and albedo from acquired image data that
correspond to the four illumination directions using our PS algo-
rithm [9]. In the following, we concisely summarize the method for
the reader’s convenience.

We determine surface normals Ni,j ∈ R3 and albedo ρi,j ∈ R on
a discretely sampled domain of M × N pixels dimension, from n
acquisitions Ii,j ∈ Rn illuminated by light sources of known direc-
tion L ∈ R3 relative to material surface. The matrix Mi,j = ρi,jNi,j
represents surface normal vectors scaled by albedo at each location.
From the known light directions L = [X, Y, Z] with X = [x1, . . . , xn],
Y = [y1, . . . , yn] and Z = [z1, . . . , zn], we construct a polynomial
P ∈ Rn×10 such that:

P = [P2, P1, P0], with (4.1)
P2 = [X� X, Y�Y, Z� Z, X�Y, X� Z, Y� Z],
P1 = [X, Y, Z],
P0 = [1],

where � represents the Hadamard product, P2 denotes 2nd order
basis functions, P1 denotes surface normal vectors, and P0 being a
vector of length n modelling ambient illumination.

We determine surface normals, scaled by albedo Mi,j using the
following Tikhonov regularized model that can be solved using con-
jugate gradient descent.

min
Mi,j

1
2
‖P · Mi,j − Ii,j‖2 + λ‖Γ · Mi,j‖2 (4.2)

Here Γ ∈ R7×10 denotes an identity matrix for [P2, P0]. A a scalar
biasing parameter λ steers the model to be explained foremostly by
the coefficients in P1 containing the surface normal components.
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By solving equation 4.2 we can retrieve surface normals and albedo
from Mi,j such that:

ρi,j =
√

M2
i,j,1 + M2

i,j,2 + M2
i,j,3 (4.3)

Ni,j =
Mi,j

ρi,j
(4.4)

Note, that in this application, we rely on regularization to success-
fully solve the model which is in principle underdetermined, using
only four lights. We choose the regularized model because recon-
structed surface normals are less prone to large scale surface per-
tubations [9]. Subsequently, we generate a depth map from surface
normals N by normal integration using the the method of Frankot
and Chellappa [10].

5 Experimental results

In this section, we present the qualitative results obtained by acquir-
ing data of deliberately defective anode and cathode foils provided
by researchers from AIT’s on–premises coating pilot line facility. The
samples have been specifically selected to provide a good overview
of real-world defects that can occur in foil coating, such as missing
coating, coating inhomogeneities, pinholes, agglomerations, cavities
and cracks.

Our dataset comprises of two black colored nickel manganese
cobalt (NMC) cathodes and two graphite anodes of dark gray tex-
ture. Coating was applied with a width of 100 mm onto substrates
of approximately 130 mm width. The substrate’s thickness is 20 µm,
whereas, the applied coating thickness ranges from 30 to 450 µm.
The samples were acquired at a speed of 500 mm/s. The results
were obtained using the processing pipeline described in Section 4.

The most obvious type of defect is missing coating, as illustrated
in Fig. 5.1 (a,b). In the present samples it is caused by agglomerates
clogging the doctor blade and preventing new slurry to pass the
blade in those regions. Sometimes these pollutions break free after a
while, as can be seen in Fig. 5.1 (a). Electrodes with missing coating
are unfit for use in cells. Large scale missing coating is obviously
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visible in raw image data, small blade obliterations, however, may
not reach down to the substrate material.

Such defects can be called coating inhomogeneities. An example can
be seen in Fig. 5.1 (c). Coating inhomogeneities can cause, among
others, degraded cell capacity [3], and can be mitigated to some ex-
tent by subsequent calandering. Inhomogeneities are hard to detect
optically, especially on the black NMC material. They are, however,
visible in surface normals and the derived depth map.

Pinholes are small diameter pores, depicted in Fig. 5.1 (c), are
caused by small air bubbles bursting in the drying process and can
reach down to the substrate. Pinholes can be caused by inadequate
slurry mix, or drying parameters [3]. They are best visible in depth
maps and invisible in raw image data. Note, that the shown sample
additionally exhibits small dark spots that can, but don’t always co-
incide with pinholes. Slurry containing large air bubbles can leave
cavities or void areas, as shown in Fig. 5.1 (d). This sample further
contains cracks in the coating area.

While all the previously discussed defects are variations of missing
active material, agglomerates constitute of excess material, as shown
in Fig.5.1 (d). Agglomerates can be caused by an incomplete slurry
mix [3] and can potentially damage the calandering roll, or if not
crushed there, pierce the separator foil in final cells.

Another observable coating property is the coating’s surface rough-
ness. Rough coating can damage the mechanical press in the calan-
dering process following the coating step. Examples for low rough-
ness is shown in Fig. 5.1 (a,b), while a sample of high roughness can
be seen in Fig. 5.1 (c).

6 Conclusions and future work

In this paper we have presented an inline inspection system for bat-
tery foils that can acquire 2.5D images at speed of up to 500 mm/s
with a lateral resolution of 50 µm/px. We achieve this performance
using tight coupling of transport movement, interleaved strobing
of four line lights and image acquistion using an FPGA-based con-
troller. By employing Photometric Stereo surface reconstruction, our
system is capable of visualizing fine surface details. After briefly
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Figure 5.1: Coating defects occuring in two black NMC coated cathodes (a,b) and two
dark gray graphite anodes (c,d). Defects are marked in red.

summarizing the state of the art, we have described the mechanical
and optical sensing components in detail. Further, we have described
our Photometric Stereo algorithm that is capable of visualizing fine
surface details and defects in electrode material. Finally, we have
presented qualitative results of several common foil defects in a foil
data set obtained from an experimental battery production facility.

In the future, we will improve the system, so to achieve a speed of
2 m/s, while at the same time increasing the resolution to 10 µm/px,
as part of the 3beliEVe project. Further, we will integrate machine-
learning-based defect classification for electrodes into our system.
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9. D. Antensteiner and S. Štolc, “Regularization in Higher-order Photomet-
ric Stereo Inspection for Non-Lambertian Reflections,” in Proc. Interna-
tional Joint Conference on Computer Vision, Imaging and Computer Graphics
Theory and Applications, 2020, pp. 253–259.

10. R. T. Frankot and R. Chellappa, “A Method for Enforcing Integrability in
Shape from Shading Algorithms,” IEEE Transactions on Pattern Analysis
and Machine Intelligence, vol. 10, no. 4, pp. 439–451, 1988.

77





Fusion of Sequential Information for
Semantic Grid Map Estimation

Frank Bieder1, Muti Ur Rehman2, and Christoph Stiller2

1 FZI Forschungszentrum Informatik, Mobile Perception Systems
Department,

Haid-und-Neu-Straße 10-14, 76131 Karlsruhe
2 Karlsruhe Institute of Technology, Measurement and Control Systems,

Engler-Bunte-Ring 21, 76131 Karlsruhe

Abstract In this work, we improve the semantic segmentation
of multi-layer top-view grid maps in the context of LiDAR-
based perception for autonomous vehicles. To achieve this
goal, we fuse sequential information from multiple consecu-
tive lidar measurements with respect to the driven trajectory
of an autonomous vehicle. By doing so, we enrich the multi-
layer grid maps which are subsequently used as the input of
a neural network. Our approach can be used for LiDAR-only
360◦ surround view semantic scene segmentation while being
suitable for real-time critical systems. We evaluate the bene-
fit of fusing sequential information based on a dense ground
truth and discuss the effect on different semantic classes.

Keywords Autonomous driving, sensor data fusion, semantic
grid map estimation.

1 Introduction

Environmental perception is a crucial task for many applications in
robotics and mobile systems. This is particularly true for highly dy-
namic environments in which human life is at stake, such as urban
scenarios. In these situations, autonomous driving systems heavily
rely on a robust and accurate environment interpretation and scene
understanding. Semantic segmentation plays a key role in efficient,
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meaningful and holistic scene representation. With the advent of
deep convolutional networks the task has received a lot of attention
in the last few years and has shown significant improvements. Many
well-developed network architectures are tailored to the image do-
main due to the data shortage in other domains.

Figure 1.1: System overview including all input and output grid map types. By using
our grid map framework we transform lidar measurements into a multi-
layer grid map representation. The multi-layer grid maps are processed
by an image-tailored CNN to predict semantic grid maps.

Recently, Behley et al. [1] published SemanticKITTI, the first large
scale publicly available dataset which provides semantic segmenta-
tion for lidar measurements. The publicly available data consists
of more than 23.000 single shot lidar measurements with a point-
wise annotation distinguishing 28 semantic classes. By doing so the
authors also provide information about moving and non-moving ob-
jects for classes like vehicle or motorcycle. In a recent work, we [2]
consider the transformation of lidar point clouds into a top-view grid
map representation to approach an efficient top-view segmentation
of lidar measurements. The structured representation of grid maps
can be utilized by applying efficient, well-developed CNN architec-
tures from the image domain. In contrast, neural networks which
operate on unstructured point clouds often lack real-time capability.

A further advantage of the grid map representation is that it is
well-suited for sensor fusion applications. For instance, Nuss et
al. [3] fuse radar and laser measurements to estimate the dynamic
state of grid cells. Furthermore, Richter et al. [4] used grid maps as
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a common fusion structure for semantic information and different
range measurements. Besides the information fusion from different
sensors, grid maps can also be used to fuse sequential measurement
data from one sensor [5]. Another interesting work in this direction
was done by Wirges et al. [6] by training a neural network to esti-
mate dense multi-layer grid maps from single shot measurements.
The paper shows that this enrichment is improving the performance
of object detection algorithms.

This work investigates the fusion of sequential lidar measurements
in multi-layer grid maps in the context of top-view semantic grid
map segmentation.

2 Contribution

The presented work extends the basic ideas of [2] by making neces-
sary improvements and introducing a fusion concept which replaces
the single-shot approach and allows the use of sequential informa-
tion. The following overview points out the main contributions of
the paper:

• We extent our grid mapping framework so that it is capable of
combining information from multiple point clouds into one set
of grid maps. For each layer we implement a tailored fusion
strategy.

• We perform semantic grid map estimation using multi-layer
grid maps with accumulated features from the current and past
lidar measurements.

• We report the benefit of feature accumulation in multi-layer
grid maps for the task of semantic segmentation. By doing
so, we evaluate the improvements on a dense semantic ground
truth layer.

3 Multi-Layer Grid Maps

This section provides information about the generation and defini-
tion of our multi-layer grid maps.
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Definition of Layers

Our multi-layer grid map input consists of five layers, which store
the following features for each grid cell: The mean intensity, the
maximum detected height, the minimum detected height,the observ-
ability representing the amount of rays through each cell and the
minimum observable height with respect to all rays which crossed
the cell. The first three layers only carry information in grid cells
in which a lidar point is allocated. The information of the last two
layers is extracted by casting rays between the sensor origin and the
point detections to obtain dense layers in the observable area. In or-
der to facilitate parallel computation and account for geometric sen-
sor characteristics, all layers are first computed in polar coordinates
and subsequently remapped into a cartesian coordinate system. An
example for each layer can be found in figure 1.1.

Label Set and Data Set Split

We choose the label set and re-mapping strategy according to [2],
but further combine the two classes rider and two-wheeler as they
are hard to separate in the top view representation. This leads us
to the following set of semantic classes: vehicle, person, two-wheel,
road, side-walk, other-ground, building, pole/sign, vegetation trunk
terrain. The sequences 0-7 and 9-10 of semanticKITTI are used to
train the networks and the evaluation is conducted on sequence 8.

Grid Resolution and Sensing Range

The grid cell resolution is set to 10cm × 10cm. The region registered
in one grid map is chosen to be 100m × 50m with the sensor located
in the middle of the gird map. The grid maps are rotated such that
the ego vehicles driving direction points to the right of the grid map.

Feature Aggregation

For the fusion process we collect point clouds from past time stamps,
cast them to the grid map representation and transform them in the
coordinate system of the current vehicle pose. We only choose past
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Figure 3.1: Example for feature aggregation for the layer intensity (left) and maximum
detected height (right). The first row shows a single shot example, the
second row 3 fused frames, the third row 10 fused frames and the last row
20 fused frames.
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time stamps to have a causal system which could be applied in a
similar fashion on a real-world system like an autonomous car. In
order to be able to transform the past measurements into the coordi-
nate system of the current grid maps highly accurate vehicle poses
are required. We experienced that the poses of SemanticKITTI are
superior of the original KITTI poses [7] and hence, use the former.

A unique fusion strategy is implemented for each layer. Regard-
ing the intensity we calculated the average value for each grid cell
considering all available measurements. In contrast we calculate the
maximum value for the layer maximum detected height and the min-
imum value for the layers minimum detected height and minimum
observable height. For the observability layer we accumulated the
number of rays from each available measurement.

As the computation time for the grid mapping increases with an
increasing batch size of point clouds, the number of fused measure-
ments has to be well considered. Hence, we conduct and compare
experiments with different point cloud batch sizes. An advantage of
this approach is that the computational effort of the neural network
does not increase by the accumulation of multiple measurements in
the input grid maps.

Semantic Ground Truth

We create a dense semantic ground truth as it is described in [2].
After accumulating the semantic information of all surround poses
we register the most likely pose within each grid cell. Here, we do
not limit the amount of measurement but select all poses within a
given radius for the fusion of semantic information.

4 Experiments

For each experiment we used all five grid map layers and optimized
the network using the densely generated ground truth.

We conduct experiments comparing different state-of-the-art deep
learning architectures, tailored for image processing. In this paper,
all reported experiments are conducted using one architecture: the
Deeplab framework with the Xception backbone [8]. We train the
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networks using the full image resolution, a batch size of 2 and about
300.000 traing iterations. Besides the single shot experiments we
present results for 3, 5, 10 and 20 accumulated frames.

5 Evaluation

We evaluate our experiments using the novel SemanticKITTI data
set. Our models are trained to predict 11 classes which are par-
ticularly relevant for urban scene understanding. In this paper we
choose a dense ground truth which also takes the network’s predic-
tion for cells without a detection into account.

Table 1: Class-wise evaluation using a dense semantic top view ground truth based
on the 8 sequence of the semanticKITTI data set
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1 0.364 0.000 0.000 0.826 0.461 0.004 0.574 0.093 0.525 0.053 0.583 0.321
3 0.366 0.000 0.000 0.826 0.470 0.105 0.555 0.113 0.579 0.051 0.591 0.332
5 0.392 0.000 0.000 0.820 0.487 0.089 0.580 0.138 0.611 0.064 0.647 0.348
10 0.389 0.000 0.000 0.827 0.480 0.128 0.581 0.120 0.622 0.049 0.629 0.348
20 0.377 0.000 0.000 0.831 0.472 0.119 0.583 0.124 0.631 0.060 0.626 0.348

The quantitative evaluation is based on the Intersection over Union
(IoU) [9]. The mean Intersection over Union, mIoU, is determined by

mIoU =
1
|K| ∑

k∈K
IoUk (5.1)

where |K| is the the labelset’s cardinality and the per-class IoUk is
calculated by

IoUk =
TPk

TPk + FPk + FNk

, (5.2)

with k being one of 11 classes. The quantitative results are shown in
Table 1. In figure 5.1 some qualitative results are displayed.
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6 Discussion

The experiments show that improvements can be achieved by the
aggregation of past measurements. The greatest benefit can be ob-
tained for the classes terrain, trunk and vegetation, parking and for
pole/sign. However the improvements of additional feature aggre-
gation seem to stagnate if more than 5 measurements are fused. We
can also review that even with the feature aggregation the classes
pedestrians and two-wheel can not be semantic segmented using the
multi-layer grid maps. Here we have no improvement compared to
the original paper.

7 Conclusion

We propose a framework to fuse information from sequential lidar
measurements in a multi-layer grid map representation. Our experi-
mental evaluations show the benefit of our approach in comparison
to a formerly introduced single-shot method. While we review that
an aggregation of past measurements brings a benefit, we also show
that adding more past measurements only improves the performance
to a certain extent.
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Abstract Light field cameras play an increasingly important
role in computer vision and optical metrology. However, due
to their complex design, their calibration is very difficult and
usually precisely adapted to the respective light field camera
type. We present a method that extracts a light field from
an arbitrary light field imaging system without knowing and
without modelling the internal optical elements. We calibrate
the camera using a generic calibration procedure, transform
the obtained set of rays into an equivalent light field represen-
tation and finally, reconstruct a rectified light field from the
irregularly sampled data. Experimental results validate the
method and demonstrate that the geometrical structure of the
light field is preserved by an adequate rectification.

Keywords Light field, decoding, rectification, generic camera

1 Introduction

The light propagating in space contains a variety of different infor-
mation. However, when an image is taken with a classic camera,
a large proportion of the information contained in the light is lost
due to the projection. Computational cameras can encode informa-
tion that is not available using conventional cameras. The additional
modification of the camera can be used to extract useful information
from the raw data apart from only the intensity-based colored image
of the scene. In recent years, research on light field cameras (plenop-
tical cameras) has become more and more important. In contrast to
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traditional cameras, light field cameras are able to capture both the
angular and spatial information of the light rays that are propagated
through space. They are thus able to obtain multiple views of the
same scene in a single photographic image exposure, to estimate the
depth of the scene or to shift the focus of the image after capturing
the image [1]. These advantages have led to light field cameras be-
coming an important tool in image processing and optical metrology.
As a result, a precise calibration of these cameras becomes increas-
ingly important.

The first commercially available light field camera was presented
by Ng [1]. He proposed a hand-held camera that consisted of an
additional micro-lens array in front of the sensor. This array ad-
ditionally allows to detect the directional dependencies of the rays,
and thus a light field can be extracted. Since the design of microlens
based cameras is not trivial, the light field has to be decoded from
the raw sensor image using sophisticated algorithms. Furthermore,
each lens (micro and main lens) is affected by the usual lens aberra-
tions, i. e. a subsequent rectification of the light field is necessary to
obtain correct geometric information relevant for image processing
and metrology applications. Dansereau et al. [2] presented a method
that first extracts a light field from the raw sensor data and then rec-
tifies it by estimating the values of a 12-parameter camera model.
Bok et al. [3], in contrast, presented a method that could extract the
rectified light field directly from the raw sensor data by also using
a low-dimensional camera model. In order to be able to extract any
information about the light field, both methods must initially de-
tect the microlenses very precisely. But, since the camera rays at
the boundary of the microlenses are very difficult to model in both
methods, these pixels are mostly discarded.

Another disadvantage of these methods is the model based cali-
bration in general. It can’t describe highly local errors such as the
strong distortions at the boundaries of the microlenses using a low-
dimensional model. As a consequence, in the recent years, new
camera models were proposed that describe the camera as a generic
imaging system. They are able to model the ray of each pixel indi-
vidually and thus allow high-precision calibration [4, 5]. However,
the biggest disadvantage of the common light field reconstruction
methods is that they are only applicable for a single type of cam-
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era, e. g. microlens based light field cameras whose microlenses are
exactly focused on the sensor. To our knowledge, there is no single
method yet that can reconstruct a light field from any type of light
field camera.

In this work we present a method to reconstruct a light field, that
was captured by an arbitrary light field imaging system, without
knowing the actually used configuration of optical elements inside
the camera. We propose to use a generic camera calibration pro-
cedure to optimally calibrate each individual pixel of the camera,
where all distortions of the optical elements are contained in the
unconstrained bundle of sight rays, and thus are modeled very ac-
curately. Further, we propose to use this bundle of rays to obtain
an irregularly sampled presentation of the light field, and finally,
we present a simple reconstruction method to interpolate a rectified
light field from the irregularly spaced camera rays. We use the pre-
sented method to calibrate and reconstruct light fields from a com-
mercially available Lytro Illum light field camera.

The paper is organized as follows: Section 2 provides the back-
ground about light fields and light field cameras as well as an in-
troduction to the concept of generic camera calibration. Section 3.1
and 3.2 derive the 4D light field parameters from the unconstrained
ray bundle obtained in the generic calibration. Section 3.3 describes
the algorithm for the reconstruction of the light field from the rays’
intensity values and finally, section 4 experimentally validates the
proposed method by analyzing real light field images. At last, sec-
tion 5 draws conclusions and presents directions for future work.

2 Background

2.1 Light Fields and Light Field Cameras

In the field of geometrical optics the light of a scene can be described
by the plenoptical function with six variables: three spatial coordi-
nates, two angular coordinates, one spectral value. In a conventional
camera usually only a subspace of this function can be captured: two
spatial coordinates with a color/intensity value. A light field cam-
era allows to capture two additional angular dimensions. For this,
the most common type are microlens based light field cameras. The
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design of these is similar to that of conventional cameras, with the
difference that an array of microlenses is positioned in front of the
sensor [1], see fig. 2.1. By adding the microlens array it is possible

x, y u, v

Figure 2.1: Schematic structure of the
light field camera.

v

u

y

x

Figure 2.2: Interpretation of the light
field as a camera array.

to capture a section of the light field L(u, v, x, y) of a scene. Here
x, y describe the coordinates of the microlenses in front of the sensor
and thus, the spatial dimension of the light field. u, v describe the
coordinates within the microlens relative to its center and implicitly
provide information on where a light ray has passed through the
main lens. They represent the angular information of the light field.
Each u, v coordinate therefore represents a virtual subcamera, which
observes only a part of the main lens, meaning that a light field cam-
era can also be interpreted as a multi-camera array, whereby each
subcamera has a slightly different view onto the scene, see fig. 2.2.
The additional information compared to the standard camera allows
to change the perspective on the scene after the exposure, which
allows to extract depth information, or to shift the focus after the
image capture.

In particular, there are different configurations, e. g., the distance
of the array to the sensor can be varied or microlenses with mul-
tiple focus lengths can be used [6]. Furthermore, there are coded
aperture based light field cameras, kaleidoscope-like configurations
and of course camera arrays [7, 8]. All have in common that de-
coding the light field from the sensor data and calibrating the cam-
era is generally difficult. For example, to reconstruct the light field
of microlens-based cameras, the centers of the microlenses, which
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are often arranged in a hexagonal grid, must be detected very accu-
rately [9]. The 4D light field can then be extracted by shifting the pix-
els onto a rectangular grid and reshaping the 2D-microlens-images
into a 4D array. This light field, however, generally still contains all
the distortions of the main lens and the microlenses, which is why
an additional rectification is necessary [2, 3].

2.2 Calibration

The basis of the calibration is a precise modeling of the camera,
which is of course strongly influenced by the camera type. Con-
ventionally, low-dimensional models are used to model the entire
camera. However, their disadvantage is that they have insufficient
descriptive power. Consequently, with modern cameras or optical
systems not all pixels can be described perfectly by these few model
parameters. The more complex an optical system becomes, the more
difficult it is to model it using a low-dimensional representation.
Hence, the lack of flexibility and precision has led to the develop-
ment of new camera models. Cameras are described as generic imag-
ing systems, which are independent of the specific camera type and
allow high-precision calibration [4,5]. An imaging system is modeled
as a set of photosensitive pixels, where all other optical elements are
represented by a black box. Each pixel collects light from a bundle of
rays entering the imaging system, which is called raxel. The set of all
raxels with the associated geometric parameters forms the complete
generic imaging model.

The geometric parameters can be described for each pixel i by
a single camera ray running through the center of the raxel along
the direction of light propagation, ~ri = (~d T

i , ~mT
i )

T, with a direc-
tion vector ~di and a start vector ~mi. Its calibration is usually per-
formed by minimizing the Euclidean distance of the rays~ri to known
reference points ~pik in space, also called ray re-projection error:
εi = ∑k deuclid(~ri,~pik). A minimization of the commonly used ray
projection error is often not possible, because most generic models
do not support a direct projection onto the pixel plane. See [5] for
more details.
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The advantage of this type of modeling is that there is no longer one
global model that has to describe the camera over the entire pixel
plane. Instead, with the generic model even high-frequency distor-
tions in the optical imaging system can be modeled equally accurate
both locally and globally, resulting in a highly accurately calibrated
camera. This is specifically important for light field cameras, where it
becomes very difficult to model distortions of the microlenses with a
global model. In the end, however, one does not obtain an “image”,
but rather a set of rays with corresponding intensities. This does
not interfere with many applications in optical metrology, e. g., pro-
filometry or deflectometry, where only the geometric ray properties
are relevant [10]. But it can make other tasks more difficult, due to
the loss of spatial correlations between pixels and their correspond-
ing rays. The classic image processing algorithms cannot be applied
without further effort. In the special case of the light field camera,
algorithms such as the subsequent re-focusing of the image or a sim-
ple depth estimation can no longer be carried out using standard
methods. Therefore, we propose to use the generic camera model to
reconstruct the light field from the set of rays. And thus, we obtain a
generic algorithm to extract the light field from an arbitrary optical
imaging system, neglecting the actual design of the used light field
camera.

3 Light Field Reconstruction

3.1 From Generic Camera Rays to Light Field Coordinates

In order to reconstruct the light field from the camera raw data, the
camera must first be calibrated using a generic calibration method
[5]. Since the camera is considered a black box, it is generally not
possible to define a consistent camera coordinate system for every
camera. Hence, the result of the generic calibration is not unique, i. e.
the calibrated rays are represented in an arbitrary coordinate system,
which depends on the starting configuration of the generic calibra-
tion procedure. To transform this arbitrary coordinate system into
one that is fixed to the individual camera, a few steps are neces-
sary. First, we need to define the origin as the point which has the
smallest distance to all rays, i. e. it minimizes the mean Euclidean
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distance to all rays. For a light field camera this corresponds approx-
imately to the center of the exit pupil. Further, we define the z-axis
of the camera coordinate system as the average ray direction. The
last remaining degree of freedom is the rotation around this z-axis.
To determine it, we calculate the intersections of all rays with a dis-
tant plane orthogonal to the z-axis. Since light field cameras project
the light perspectively onto a rectangular sensor, the pattern of the
intersections will be its projection into space. Applying a principal
component analysis (PCA) to this 2D point cloud results in a rotation
which aligns the rectangle with the x- and y-axes. As final step, we
transform the rays into light field coordinates. For this, we calculate
the intersections of the rays with the 2-plane-representation of the
light field. The u, v-plane is placed orthogonal to the z-axis into the
origin of the coordinate system. The x, y-axis is placed parallel to this
at an arbitrary distance f . Thus, each ray~ri can be described by four
light field coordinates (ui, vi, xi, yi) with color value L(ui, vi, xi, yi),
see fig. 3.1.

f

~ri

x

y
u

v

Figure 3.1: 2-plane-parameterization of the light field. The ray ~ri intersects the u, v-
and the x, y-plane in (ui , vi , xi , yi). The intensities in the planes visualize
the spatial distribution of the intersection points as a 2D histogram.

3.2 Discrete Light Field

In order to reconstruct a light field from the bundle of rays belong-
ing to the camera, the observed ray intensities must be interpolated
to a discretized light field. We parameterize it to be interpolated
into the same 2-plane-representation as before. The complete set of
real camera rays described as a set of 4D-points is arranged in an
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irregular 4D-grid. Still, the classical light field algorithms require a
regular grid with uniform spacing. Therefore, this irregular grid of
continuous rays has to be interpolated to a discrete light field de-
scribed by a regular grid. The number of 4D cubes in each direction
and the length of their edges could in principle be defined arbitrar-
ily, but it is advisable to incorporate knowledge about the physical
camera. For example, our microlens-based light field camera (Lytro
Illum) has about 14 × 14 pixels under each microlens. Thus, this
sampling can be used directly as a basis for the discretization of
the u, v-plane. The sampling of the x, y-plane can be determined
in the same way by, e. g., the number of microlenses in front of
the sensor. This procedure leads to a regular grid with grid points
(u, v, x, y) ∈ U×V × X×Y with the resolutions of the respective di-
mensions U = V = [0, . . . , 14], X = [0, . . . , 551], Y = [0, . . . , 383]. Af-
ter the discrete target light field has been defined, we need to trans-
form the set of real camera rays. First, by means of a histogram anal-
ysis of the spatial density of the ray-plane intersection points, the do-
mains of the real light field dimensions are determined, see fig. 3.1.
In order to place the regular grid structure into the irregular data, we
define the grid extension by using a threshold value on the histogram
data. A threshold of, e. g., 10% ensures that most of the camera rays
are within the range defined by the regular grid. Since the real light
field parameters are specified in physical units, e. g. mm, they have
to be transformed to the previously defined discrete 4D-pixel grid
by a shifting and scaling operation, e. g. ui ←

ui−min(ui)
max(ui)−min(ui)

Umax .
This still results in irregular spaced data, which however can now be
interpolated more easily to the desired regularly sampled light field.

3.3 Reconstruction

After the parameters of the light field have been defined, each corre-
sponding light field pixel can be determined for every ray, by finding
the discrete grid point that is closest to the rays’ light field repre-
sentation. Since the rays and the grid are normalized to the same
scale, these correspondences Nu,v,x,y can easily be found by a simple
rounding operation to the closest integer [ · ]. As a result, each light
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field pixel is only influenced by the rays that lie in the corresponding
4D-cube:

Nu,v,x,y :=
{

i
∣∣∣ 1 ≥

∥∥∥(u, v, x, y
)T −

(
[ui] , [vi] , [xi] , [yi]

)T
∥∥∥

0

}
. (3.1)

The intensity of a discrete pixel can then be calculated from the in-
tensity values of the corresponding rays as a weighted average:

L(u, v, x, y) =
1

∑i∈Nu,v,x,y wi
∑

i∈Nu,v,x,y

wi L(ui, vi, xi, yi) , (3.2)

wi =
1
εi

exp(−
∥∥∥(u, v, x, y)T − (ui, vi, xi, yi)

T
∥∥∥2

1
) . (3.3)

For the weighting factor we calculate the distance between the ray’s
light field parameters and its correspondence in the grid. In order
to consider larger deviations less, the error is squared and exponen-
tially weighted. An additional weighting of the different light field
coordinates is not required, since these have already been brought to
a unified basis by the normalization of section 3.2. To additionally
benefit from the results of the generic calibration, the error εi of the
calibration procedure is taken into account, e. g. the pixelwise ray-
projection error [5]. This suppresses badly calibrated camera rays,
which often do not have good optical properties, e. g. dead pixels or
pixels at the edges of micro lenses, which can be strongly distorted.

4 Results

For the evaluation of the proposed method, the sight rays of a Lytro
Illum light field camera were estimated using a generic camera cali-
bration. Subsequently, these were used to reconstruct the light field
of a scene, using the proposed method. The reconstruction of the
central view of an example image is shown in fig. 4.1. Here, only rays
from the center of the u, v-plane where used in the reconstruction.
For a comparison to the state-of-the-art, the methods of Dansereau
et al. [2] and Bok et al. [3] were evaluated too. It can be seen that the
proposed method can reconstruct the scene correctly, although there
were absolutely no presumptions about the internal optical structure
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Figure 4.1: Center views of the light field. Dansereau et al. (top left), Bok et al. (top
right), proposed method (bottom left). Detailed views: Dansereau et al.
(top), Bok et al. (middle), proposed method (bottom).

of the camera and no information of the spatially correlated pixels
was used. The reconstruction results of Dansereau et al. and Bok et
al. are relatively similar, but show a sharper result compared to the
proposed method. In detail it can be seen that the proposed method
can reconstruct the light field even near object edges very well. The
visibly larger blur is due to the relatively freely chosen sampling of
the light field. A better optimized choice of the light field dimensions
should result in less rays being summed up, thus reducing the blur.
In addition, the arbitrary offset of the reconstruction grid produces
interpolation-related blur. This should also be reduced by a further
optimization of this offset.

Nevertheless, the advantage of the proposed method can be found
in another area. Apart from the central view, the light field contains
much more information. If one fixes an angular and a spatial coor-
dinate in the 4D light field pointing in the same direction, e. g. u and
x, one gets a 2D-slice of the light field, a so-called epipolar plane
image (EPI) [1]. Lines of different slopes can be seen, whose orienta-
tion represents the depth of the observed object point [7]. The depth
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estimation is thus reduced to a simple local orientation estimation in
the EPIs, whereby the quality of the estimation is significantly influ-
enced by the calibration. The better the quality of the lines, the better
the result of the depth estimation. Fig. 4.2 shows examples of a hor-
izontal and a vertical EPI generated by fixing u and v to its center
coordinates and by selecting pixel lines for the x and y coordinate,
respectively. The EPI of Dansereau et al. shows strong deviations
from the epipolar geomery, visible through the curvy epipolar lines.
This is caused by the poor generalizability of the method, which was
developed for the old Lytro camera and works only moderately well
for the newer Lytro Illum. The EPI of Bok et al. on the other hand is
much straighter. However, there are errors at the top and the bottom.
These areas correspond to pixels which are located at the boundary
of the microlenses, where the imaging is more strongly distorted.
For the proposed method, it can be seen that the epipolar geome-
try is maintained much better, visualized by the straight lines in the
EPIs. Also, the distortions of the lenses are compensated, resulting
in a rectified light field. However, as before, due to generic nature
of the method, the sampling is not yet ideal. This is visible by the
overall lower resolution and the slightly more blurry appearance.

5 Conclusions

In this paper we presented a method that allows us to calibrate any
light field camera (e. g. microlens-based, mirror-based, camera ar-
rays) without having to model the exact optical properties. Using
a generic calibration, we can precisely calibrate the individual cam-
era rays. We normalized the result to transform it into an equivalent
light field representation. Since classical algorithms require a regu-
lar sampling, we fit a regular 4D grid into the irregular camera rays.
Summation of the rays’ weighted intensity values finally resulted in
the interpolation and reconstruction of the rectified light field. Ex-
periments showed that the method can provide good reconstructions
and that it returns rectified light fields. The epipolar geometry be-
tween the subcameras is preserved and shows even better results
than the conventional methods. However, in detail it can be seen
that the reconstructed light fields are more blurred in comparison
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Figure 4.2: Horizontal (red) and vertical (green) EPIs in comparison: Dansereau et al.
(top & left), Bok et al. (middle), proposed method (bottom & right).

to the standard methods. This can be explained by the sub opti-
mal sampling of the light field coordinates. Therefore, further work
is devoted to the improvement of the light field sampling, whereby
both the desired resolution and the position of the grid points will
be optimized and adapted to the used camera. Also, more experi-
mental evaluation using different light field acquisition systems is in
progress.
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Zusammenfassung Heutzutage finden die aus Abfällen ge-
wonnenen Brennstoffe eine zunehmende Verwendung bei in-
dustriellen Verbrennungsprozessen, wie beispielsweise zur
Erzeugung von Wärme bei der Verbrennung in Zement-
Drehrohröfen. Um eine kontrollierbare und sichere Verbren-
nung dieses alternativen Brennstoffs zu gewährleisten, ist eine
Analyse des Flug- und Verbrennungsverhaltens unerlässlich.
In diesem Beitrag stellen wir Methoden zur Analyse von Bild-
daten vor, die von einer Lichtfeldkamera während der Ver-
brennung von den aus Abfällen gewonnenen Brennstoffen in
einem Drehrohr aufgenommen wurden. Das Kamerasystem
liefert 3D-Informationen sowohl zu den Brennstoffpartikeln
als auch zur inneren Form des Drehrohrofens. Die Analyse
beinhaltet Verfahren zur Partikeldetektion unter Verwendung
von 3D-Clustering-Algorithmen und Verfahren zur Partikel-
verfolgung unter Verwendung von Multi-Objekt-Tracking-
Algorithmen.

Keywords Partikeldetektion, 3D-Clustering, Lichtfeldkame-
ra, Multiple-Target-Tracking
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1 Einleitung

Die Nutzung von Ersatzbrennstoffen (EBS) hat sich bei industriel-
len Verbrennungsprozessen, wie etwa der Zementherstellung, eta-
bliert. Dabei ist neben der Kostenreduktion der große Vorteil, dass
sich der biogene Anteil des EBS positiv auf die CO2-Bilanz des Ver-
brennungsprozesses auswirkt. Die massenmäßig meistverwendeten
EBS stellen die aufbereiteten, festen, flugfähigen Brennstoffe dar, die
als FLUFF bezeichnet werden. Der FLUFF setzt sich aus einer Mi-
schung unterschiedlicher Fraktionen, wie z. B. Papier und Pappe,
Holz, Plastikfolien und 3D- Plastikpartikeln zusammen. Auf Grund
der komplexen Zusammensetzung und der sich zeitlich und örtlich
ändernden Partikelgrößen resultiert ein instationäres Flug- und Ab-
brandverhalten, was den FLUFF-Einsatz erschwert.

Um das Flug- und Verbrennungsverhalten des FLUFF besser vor-
hersagen und damit dessen Einsatz optimieren zu können, wer-
den im gleichnamigen AiF-Projekt ”FLUFF”3D-Verbrennungssimu-
lationsmodelle (CFD) erarbeitet. Zur Validierung der Modelle an-
hand realer Messdaten werden neue kamerabasierte Verfahren zur
Ermittlung der Statistik der 3D-Flugbahnen und der Zündzeitpunkte
von Brennstoffpartikeln anhand von Messungen an der am Cam-
pus Nord des KIT befindlichen Versuchsanlage BRENDA entwickelt.
Dazu werden die Brennstoffpartikel durch ein plenoptisches, me-
trisch kalibriertes Hochgeschwindigkeitskamerasystem erfasst. Dar-
auf aufbauend werden Verfahren zur automatisches Detektion der
Partikel und ein 3D-Tracking der dazugehörigen Trajektorien entwi-
ckelt.

In der Literatur sind zahlreiche Verfahren und Anwendungen zur
Detektion und zum Tracking von Partikeln zu finden. Die Partikel-
Detektion erfolgt meist aus den 2D-Bildinformationen beispielswei-
se mittels SIFT [1] oder mittels Neuronaler Netze [2]. Sind 3D-
Informationen in Form von Punktwolken verfügbar (Stereokame-
ra), kann die Detektion auch über Clustering-basierte Ansätze er-
folgen [3]. Verfahren für das Brennstoffpartikel-Tracking auf Basis
von 2D-Hochgeschwindigkeitskameras werden in [4, 5] vorgestellt.
Ein Verfahren für das 3D-Tracking von Tracer Partikeln in Fluiden
auf Basis von Stereokameras wird in [6] beschrieben. Der Einsatz
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eines Lichtfeldkamerasystems zur Realisierung einer 3D-Particel-
Tracking-Velocimetry (PTV) wird in [7] vorgestellt.

Aufgrund konstruktiver Randbedingungen bei Drehrohröfen und
Brennkammern ist die Nutzung von Stereokamerasystemen i. d. R.
nicht möglich. Daher wird in diesem Paper der Einsatz eines Licht-
feldkamerasystems für die Detektion und das Tracking von Brenn-
stoffpartikeln untersucht. Durch die Lichtfeldkamera stehen sowohl
2D-Bildinformationen also auch 3D-Punktwolken zur Verfügung.
Daher werden für den Partikel-Detektionsschritt drei Methoden ver-
wendet: 2D SIFT, 3D DBSCAN Clustering und die Kombination von
2D- und 3D-Informationen. Das Tracking erfolgt zunächst 2D.

2 Versuchsaufbau und Bildaufnahmesystem

Der Aufbau der Anlage ist in Abbildung 2.1 dargestellt. Das enthal-
tene Drehrohr ist Hauptbestandteil der Versuche. Es hat eine Länge
von 8.4 m und einen Innendurchmesser von 1.4 m. Über eine Lanze
am Einlauf des Drehrohres können EBS-Partikel mit einem Durch-
messer von 5 bis 40 mm mit Förderluftdrücken von 4 bis 5 bar einge-
blasen werden. Hierbei beheizt ein ebenfalls am Einlauf befindlicher
Ölbrenner das Drehrohr auf eine Innentemperatur von etwa 1240 °C.
Aufgrund der hohen Temperaturen zünden die meisten EBS-Partikel
auf ihrer Flugbahn durch das Drehrohr. Am Auslauf des Drehrohres
kann über ein Beobachtungsfenster aus Quarzglas das Drehohrinne-
re z. B. über ein Kamerasystem betrachtet werden. Dabei sind neben
dem heißen Drehrohr und der Ölbrennerflamme die interessieren-
den gezündeten Partikel und teilweise auch nicht gezündete Partikel
sichtbar (Abbildung 2.2, links).

Eine Lichtfeldkamera, auch plenoptische Kamera genannt, erfasst
neben den üblichen zwei Bilddimensionen noch die Tiefeninforma-
tionen. Dadurch wird eine 3D-Punktewolke (x-,y-,z-Positionen) er-
halten. Im Vergleich zu einer konventionellen Kamera verfügt die
Lichtfeldkamera über ein Mikrolinsen-Array (MLA) vor dem Bild-
sensor, wodurch die selbe Szene aus verschiedenen Blickwinkeln auf-
genommen werden kann. Durch Verwendung von Mikrolinsen mit
unterschiedlicher Brennweiten (multi-focus plenoptic camera) wird
sowohl ein großer Tiefenschärfebereich als auch eine hohe maximale
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Abbildung 2.1: Aufbau der BRENDA Versuchsanlage. FLUFF Versuche werden im
Drehrohr durchgeführt (rot markiert).

Abbildung 2.2: Beispiel einer Lichtfeldkameraaufnahme von brennenden EBS-
Partikeln in einem Drehrohr. Links: Basic-Focus-Bild. Rechts: Tiefen-
karte in Falschfarbendarstellung.

laterale Auflösung erreicht [8]. Durch eine vorab erfolgte Kalibrie-
rung kann eine metrische Tiefeninformation ausgegeben werden [9].
Die eingesetzte Lichtfeldkamera der Firma Raytrix hat eine Frame-
rate von 330 Frames pro Sekunde, eine Auflösung von 2048x1536
Pixeln und Mikrolinsen mit drei unterschiedlichen Brennweiten. Ab-
bildung 2.2 zeigt eine Beispielaufnahme der Lichtfeldkamera unter
den oben genannten Versuchsbedingungen. Zum einen das so ge-
nannte Basic-Focus-Bild (Abbildung 2.2, links), das der Aufnahme
einer konventionellen 2D-Kamera entspricht, und zum anderen die
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errechnete Tiefenkarte (Abbildung 2.2, rechts), die die Tiefeninforma-
tion in Falschfarben kodiert darstellt.

3 Detektion und Tracking der Brennstoffpartikel

Um das Flug- und Verbrennungsverhalten automatisch auswerten
zu können, ist es zunächst notwendig, die einzelnen Brennstoffpar-
tikel in den Lichtfeldkameraaufnahmen zu detektieren. Dabei sollen
sowohl gezündete (brennende) als auch nicht gezündete bzw. ausge-
brannte Partikel berücksichtigt werden. Als Datengrundlage stehen
die 2D- und 3D-Informationen der Lichtfeldkamera zur Verfügung.
Entsprechend können Verfahren zur Partikeldetektion in 2D und 3D
genutzt werden, um eine vollständige Detektion aller Brennstoffpar-
tikel zu erreichen.

3.1 Partikeldetektion

2D Partikeldetektion: Scale-invariant Feature Transform (SIFT)

Basierend auf dem 2D Grauwertbild der Lichtfeldkamera kann ei-
ne Partikeldetektion mittels Scale-Invariant Feature Transform (SIFT)
[10] durchgeführt werden. Der Merkmalsraum des SIFT wird durch
Faltung mit einem Difference of Gaussian Filter berechnet. Eine Ma-
ximasuche über die Ebenen der Difference of Gaussian Merkmals-
pyramide führt zu Keypoints, die in unserem Anwendungsfall als
Partikeldetektionen behandelt werden. Auf Grund der Skalierungs-
invarianz des SIFT können Partikel verschiedener Größen detektiert
werden.

3D-Partikeldetektion: Clustering Algorithmus DBSCAN

Die 3D-Punktewolke der Lichtfeldkamera kann mit Hilfe des DBS-
CAN (Density-Based Spatial Clustering of Applications with Noise)
Clustering Algorithmus [3] analysiert werden. Der Algorithmus defi-
niert Kernpunkte, die innerhalb von einem bestimmten Radius ε eine
Mindestanzahl von Nachbarpunkten minPts besitzen. Ein Punkt, der
kein Kernpunkt ist, aber dessen Abstand zu einem Kernpunkt klei-
ner als ε ist, ist vom Kernpunkt dichte-erreichbar. Ein Punkt, der we-
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der ein Kernpunkt noch von einem Kernpunkt dichte-erreichbar ist,
wird als Rauschen definiert. Zwei Punkte, die durch eine Kette von
Kernobjekten, die untereinander dichte-erreichbar sind, miteinander
verbunden werden können, gelten als dichte-verbunden und bilden
mit Punkten, die mit denselben Kernpunkten dichte-verbunden wer-
den können, ein Cluster. Zum Cluster werden auch die zur Ver-
bindung benötigten dichte-erreichbaren Kernpunkte gezählt. Dichte-
erreichbare Punkte, die von mehr als einem Cluster dichte-erreichbar
sind, werden zufällig dem ersten möglichen Cluster zugeordnet.

Kombination von SIFT und DBSCAN Clustering

Die beiden zuvor vorgestellten Verfahren der SIFT Partikeldetekti-
on und des DBSCAN Clustering Algorithmus werden im Folgenden
für ein besseres Detektionsergebnis miteinander kombiniert. Dabei
wird ausgenutzt, dass beide Verfahren unterschiedliche Informatio-
nen der Lichtfeldkamera nutzen. Partikel mit niedriger Helligkeit
werden z. B. durch das grauwertbasierte SIFT Verfahren nicht er-
kannt, sind aber durch das auf geometrische Zusammenhänge ach-
tende DBSCAN Clustering detektierbar. Im Gegenzug sorgen dunkle
hervorstehende Kanten des Drehrohres beim Clustering für Cluster,
die keine Partikel und damit falsche Detektionen darstellen. Diese
werden beim SIFT nicht berücksichtigt und können durch eine ent-
sprechende Kombination mit dem Clustering herausgerechnet wer-
den. Die zur Kombination von 2D-SIFT und 3D-Clustering notwen-
dige Umrechnung von 2D- in 3D-Koordinaten und umgekehrt, ist
durch eine Lookup Tabelle von der Kamera gegeben.

Abbildung 3.1 zeigt eine schematische Darstellung der Vorgehens-
weise der aus SIFT und Clustering kombinierten Partikeldetektion.
Im ersten Schritt werden mögliche Problemfälle beim Clustering
identifiziert. Dies ist zum einen die Drehrohrwand, die fehlerhafte
Cluster erzeugen kann bzw. an der auf Grund der in diesem Bereich
dicht liegenden 3D-Informationen immer ein großes Cluster entsteht,
und zum anderen die Ölbrennerflamme am Einlauf des Drehrohres,
die nicht zur Auswertung herangezogen werden soll. Zur Detektion
der Drehrohrwand wird der Clustering Algorithmus mit vergleichs-
weise großem ε=50 mm und kleinem minPts=6 auf die komplette
3D-Punktewolke angewandt. Das größte erkannte Cluster wird als
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Drehrohrwand gewählt und im Folgenden aus der 3D-Punktewolke
entfernt. Der Flammenbereich kann auf Grund seiner hohen Hel-
ligkeit durch Anwendung des Otsu-Schwellwertverfahrens auf das
Grauwertbild segmentiert werden und nach Umrechnung in 3D-
Koordinaten ebenfalls aus der 3D-Punktewolke entfernt werden.
Nach Entfernung der möglichen Fehlerquellen wird das Clustering
auf die bereinigte 3D-Punktewolke mit einem vergleichsweise klei-
nem ε=15 mm und einen großem minPts=10 zur Partikeldetektion
angewandt. Alle Punkte eines detektierten Clusters bilden ein Parti-
kel, dadurch ist neben der 3D-Position auch die Geometrie des Par-
tikels näherungsweise bekannt.

Abbildung 3.1: Schematische Darstellung des Ablaufes der kombinierten Partikelde-
tektion

Vor der Anwendung des SIFT auf das Grauwertbild wird zunächst
eine Hintergrundsubtraktion durchgeführt. Hierzu wird vom aktuel-
len Grauwertbild ein über mehrere Bilder zeitlich gemitteltes Grau-
wertbild abgezogen, dadurch werden konstante Strukturen der Um-
gebung und vor allem der Drehrohrwand entfernt. Die anschlie-
ßend vom SIFT gelieferten Keypoints werden als Partikelpositionen
übernommen und liefern damit die 2D-Koordinaten der Partikel-
schwerpunkte.

Für die Kombination beider Verfahren werden die Ergebnisse aus
dem Clustering in 2D-Koordinaten transformiert. Anschließend wird
überprüft, ob und wie viele Keypoints der SIFT Partikeldetektion
innerhalb eines detektierten Clusters liegen. Beim Vergleich können
insgesamt vier Fälle eintreten:

1. Ein einzelner Keypoint liegt innerhalb eines Clusters.
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2. Mehrere Keypoints liegen innerhalb eines Clusters.

3. Kein Keypoint liegt in einem Cluster.

4. Es existiert ein Keypoint, der keinem Cluster zugeordnet wer-
den kann.

Für den Fall 1, dass nur ein Keypoint in einem Cluster liegt, wird die-
ses Cluster direkt als Partikeldetektion übernommen. Fall 2 mit meh-
reren Keypoints innerhalb eines Clusters kann verschiedene Gründe
haben. Liegen mehrere Partikel räumlich nah nebeneinander, wer-
den diese beim Clustering zu einem großen Partikel zusammenge-
fasst, während das SIFT mehrere Partikeldetektionen liefert. Außer-
dem treten bei großen Partikeln, die ein Cluster darstellen, beim SIFT
meistens mehrere Keypoints auf. Um unterscheiden zu können, ob
in diesen Fällen ein oder mehrere Partikel vorliegen, wird der Grau-
wertverlauf innerhalb des Clusters betrachtet. Sind mehrere lokale
Intensitätsmaxima vorhanden wird das Cluster in mehrere Partikel
aufgeteilt. Ist dies nicht der Fall wird das Cluster als ein Partikel
übernommen. Für Fall 3 und 4, in denen nur eines der beiden Ver-
fahren ein Partikel detektiert hat, werden ebenfalls die Grauwerte
innerhalb des Clusters bzw. in der Umgebung des Keypoints her-
angezogen. Durch Abgleich des Grauwertverlaufes mit einer Gauß-
Verteilung wird entschieden, ob es sich tatsächlich um ein Partikel
oder nur um eine Fehldetektion (z. B. durch Rauschen) handelt.

3.2 Partikel-Tracking

Für die detektierten Brennstoffpartikel wird ein Tracking durch-
geführt. Für die Aufgabenstellung des Multiple-Target-Tracking
(MTT) wird der in der Literatur häufig verwendete Global Nea-
rest Neighbor (GNN) Algorithmus verwendet [11]. Der GNN enthält
die Schritte Prediction, Gating, Assignment und Update. Für die
Prädiktion und das Update der Position eines Partikels (Tracks)
wird ein lineares Kalman-Filter verwendet. Vereinfacht wird dabei
für jeden Zeitschritt eine gleichförmige Bewegung eines Partikels
mit konstanter Geschwindigkeit angenommen. Bei einer großen An-
zahl an Partikeln im MTT, verfügen die meisten Tracks über mehr
als eine Messung im Gating-Bereich bzw. eine Messung liegt im
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Gating-Bereich mehrerer Tracks. Zur Lösung des Zuordnungspro-
blems wird der Kuhn-Munkres-Algorithmus genutzt. Durch Mini-
mierung einer Kostenmatrix, die den Mahalanobis-Abstand zwi-
schen allen möglichen Messungen und Tracks berücksichtigt, wird
die optimale Zuordnung zwischen Messungen und Tracks durch-
geführt. Dabei werden auch vorgebbare Kosten für nicht fortgeführte
Tracks berücksichtigt.

4 Ergebnisse

4.1 Ergebnis der Partikeldetektion

Abbildung 4.1 zeigt ein Beispiel der 2D- (Basic-Focus, Grauwert-
bild) und 3D-Kamerinformation (3D-Punktewolke), auf dessen Basis
die Partikeldetektion durchgeführt wird. Zur Bewertung der Verfah-
ren steht eine manuell gelabelte Ground Truth zur Verfügung, die
für das ausgewählte Bild 126 Partikel enthält. Wie in Abschnitt 3.1
erläutert, werden vor dem Clustering zur Partikeldetektion die Dreh-
rohrwand und der Flammenbereich der Ölbrennerflamme detektiert.
Der Flammenbereich wird mit Hilfe des Otsu-Schwellwertverfahrens
innerhalb des in Abbildung 4.1(a) rot markierten Rechtecks seg-
mentiert. Durch einen ersten Clustering-Prozess kann aus der 3D-
Punktewolke in Abbildung 4.1(b) ein Cluster für die Drehrohrwand
gewonnen werden.

Abbildung 4.1: Datengrundlage der Lichtfeldkamera. (a) Basic-Focus-Bild (Grauwert-
bild) und (b) die entsprechende 3D-Punktewolke.
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Punkte der Drehrohrwand und des Flammenbereichs werden aus
der 3D Punktewolke entfernt. Insgesamt werden 255 Cluster erkannt,
wobei nur 88 Cluster korrekt detektierte Partikel darstellen. Das SIFT
Verfahren liefert 118 Keypoints von denen 95 korrekt detektierten
Partikeln entsprechen. Die Kombination von Clustering und SIFT
führt zu einer Detektion von 120 Partikeln, davon 116 korrekt detek-
tierte Partikel. Tabelle 1 fasst die Ergebnisse der einzelnen Verfahren
noch einmal zusammen.

Tabelle 1: Vergleich zwischen DBSCAN Clustering, SIFT Partikeldetektion und deren
Kombination.

Methode Anzahl Anzahl korrekt Anzahl Recall Precision F-score
detektierter detektierter von Fehl-

Partikel Partikel detektionen
DBSCAN 255 88 167 69.84% 34.51% 0.4619

SIFT 118 95 23 75.40% 80.51% 0.7787
DBSCAN+SIFT 120 116 4 92.06% 96.67% 0.9431

4.2 Ergebnis des Partikel-Trackings

Zur Beurteilung des Trackingverfahrens wird eine qualitative Aus-
wertung anhand einer Beispielaufnahme durchgeführt. Aufgrund
großer Ungenauigkeit in der Tiefeninformation der aktuell vorlie-
genden Messdaten wird das Partikel-Tracking zunächst in 2D durch-
geführt. Grundlage bilden die Partikeldetektionen aus dem kombi-
nierten Clustering/SIFT Verfahren für alle Bilder der Beispielaufnah-
me. Die Beispielaufnahme enthält 50 Bilder. Das entspricht bei einer
Framerate der Kamera von 330 fps einem Zeitraum von 0.149 s. Das
Ergebnis des GNN Algorithmus ist in Abbildung 4.2 dargestellt. Par-
tikel aus einem Zeitschritt sind mit der gleichen Farbe markiert. Zu-
geordnete Partikel aus aufeinander folgenden Zeitschritten sind mit
Pfeilen verbunden.

Mit Hilfe des Tracking Verfahrens wird eine Verfolgung der meis-
ten Partikel über die komplette Beispielaufnahme ermöglicht. Pro-
bleme entstehen bei der Zuordnung von sehr dicht liegenden Parti-
keln.
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Abbildung 4.2: Ergebnis der Partikeldetektion mittels Kombination von DBSCAN
Clustering und SIFT Partikeldetektion.

5 Zusammenfassung und Ausblick

Die Anwendung einer Lichtfeldkamera in einer Drehrohrumgebung
ermöglicht es, die Bewegungen von im Drehrohr fliegenden EBS-
Partikeln zu beobachten und detailliert zu beschreiben. Im vorlie-
genden Beitrag werden die Schritte Partikeldetektion und Partikel-
Tracking vorgestellt, die für eine Analyse des Flugverhaltens einzel-
ner Partikel notwendig sind. Zur Partikeldetektion wird hierzu so-
wohl die 2D- als auch 3D-Information der Lichtfeldkamera genutzt.
Durch Kombination von 2D-SIFT und 3D-DBSCAN-Clustering wird
eine effektive Detektion der EBS-Partikel erreicht. Probleme der ein-
zelnen Verfahren, wie das Nichterkennen kleiner, dunkler Partikel
durch das SIFT oder Fehldetektionen an der Drehrohrwand beim
Clustering Verfahren, werden durch die Kombination beider Verfah-
ren gelöst. Im Anschluss wird basierend auf den Partikeldetektionen
durch einen GNN Algorithmus unter Nutzung eines Kalman-Filters
für jeden Partikel ein Tracking durchgeführt. Das Flugverhalten der
Partikel kann anhand der Partikel-Tracks analysiert werden. Durch
zusätzliche Beobachtung des Helligkeitsverlaufes eines Tracks ent-
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lang seiner Trajektorie kann außerdem das Abbrandverhalten zeit-
lich und örtlich beurteilt werden.

In folgenden Arbeiten wird untersucht, inwieweit andere
Tracking-Verfahren, wie etwa Probabilistic Data Association Filter
(PDAF) oder Joint Probabilistic Data Association Filter (JPDAF) die
Schwierigkeiten des GNN Algorithmus vor allem bei dicht liegen-
den Partikeln beheben können. Des Weiteren werden zusammen mit
dem Kamerahersteller Versuche zur Reduktion der Ungenauigkeit
der Tiefeninformation der Lichtfeldkamera durchgeführt, um ein
korrektes Tracking der Partikelflugbahnen auch in 3D-Koordinaten
umzusetzen.
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Zusammenfassung This paper presents a novel approach for
interactive inspection of large mechanical parts. Therefore we
use a linear moveable portal, which is equipped with a multi
sensor head that consists of a fringe projection sensor and an
Augmented Reality camera system. The portal covers a mea-
suring volume of 8.0 x 3.0 x 0.8 m3 and uses an optical Motion
Capturing System to track the sensors position and orientation
in a global reference frame. Inspection preparation and execu-
tion is assisted by sensor data simulation. We show that using
Augmented Reality a user can easily detect rough geometry
deviations. For detailed quality inspection a user can acquire
3D point clouds which are evaluated automatically.

Keywords Quality inspection, tracking, 3D measurement,
augmented reality, simulation

1 Problemstellung und Motivation

Bei der CNC-Fertigung von Werkstücken werden mit Hilfe von Be-
arbeitungsmaschinen Rohteile zerspanend bearbeitet. Als Rohtei-
le kommen einfache Halbzeuge aber auch komplexere Guss- und
Schmiedeteile sowie Schweißkonstruktionen zum Einsatz. Dabei ist

119



S. Sauer et al.

es von enormer Wichtigkeit, dass die zu bearbeitenden Werkstücke
der vorgegebenen Rohteilgeometrie entsprechen und eine zulässige
Maßtoleranz nicht überschreiten. Bei geometrischen Abweichungen
außerhalb der Toleranzen kann es ansonsten zu ungewollten Kolli-
sionen zwischen Bearbeitungswerkzeug und dem Rohteil kommen,
die im schlimmsten Fall zu einem Totalausfall der Maschine führen
können. Die zulässigen Toleranzen sind anwendungsabhängig, lie-
gen bei Rohteilen, die mit Portal-CNC-Maschinen bearbeitet wer-
den, jedoch im unteren einstelligen Millimeterbereich. Um derartige
Schäden zu vermeiden, stellt die geometrische Inspektion der Roh-
teilen daher probates Mittel dar,.

Neben taktilen Vermessungen wird in [1] beschrieben, dass eine
berührungslose 3D-Vermessung der Rohteile in der Maschine bei
der Ausrichtung und Erkennung von Formabweichungen hilfreich
sein kann. Hierbei bleibt zu beachten, dass sowohl für die Inspekti-
on als auch für die Behebung von Fehlern wertvolle Bearbeitungs-
zeit verloren geht, wenn das Rohteil bereits in der Maschine lieht.
Dies führt im Allgemeinen zu wenig Akzeptanz beim Anwender.
Für große Bauteile und Baugruppen existieren Lösungen, die voll-
automatisiert einen Soll-Ist-Abgleich [2]. Diese fahren meist feste
Prüfprogramme ab und sind wenig flexibel bei Bauteilen mit sehr
geringen Losgrößen und starken unvorhergesehenen Geometrieab-
weichungen. Handgeführte 3D-Sensoren sind hingegen für Bautei-
le mit geringen Losgrößen besser geeignet. In [3] wurde das Ge-
nauigkeitspotenzial derartiger Scanner untersucht und gezeigt, dass
sie Absolutgenauigkeiten bieten, die für diese Aufgabe ausreichend
sind. Allerdings referenzieren sich diese Sensoren durch zusätzlich
aufzubringende Merkmale am Objekt und erfassen nur scannend,
was ihr Einsatzgebiet einschränkt.

2 Lösungsvorschlag

Zur Inspektion großer Rohteile wurde daher ein Inspektionssystem
entwickelt, welches die zuvor beschriebenen Probleme versucht zu
beheben. Ziel der Entwicklung war es, das System so zu gestal-
ten, dass es außerhalb der Bearbeitungsmaschine für große Rohtei-
le eingesetzt werden kann, durch interaktive Bedienung für kleine
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Losgrößen geeignet ist und Toleranzabweichungen im Bereich von
±2, 0 mm erkannt werden können. Die Soll-Geometrie wird dabei
durch das CAD-Modell der Rohteile bestimmt. Der Aufwand für
die technische Realisierung soll deutlich unter dem für Koordina-
tenmessmaschinen liegen.

2.1 Portalaufbau

Zur partiellen dreidimensionalen Erfassung der Rohteile wurde ein
flächig messender Sensor SurfaceCONTROL eingesetzt, der auf dem
Phasenshift-Verfahren beruht [4] und in einem Arbeitsabstand von
800 mm eine ca. A3 große Fläche erfasst. Über eine Mehrachs-
Kinematik, die auf Knopfdruck arretiert werden kann, ist der Sensor
kopfüber mit einem Portal verbunden. Unterhalb dieses Portals kann
der Sensor in einem Volumen von 2,0 x 3,0 x 0,8 m3 manuell frei be-
wegt werden. Das Portal selbst ist auf Schienen gelagert und kann
auf diesen ebenfalls manuell verschoben werden (s. Abb. 2.1). Damit
vergrößert sich das gesamte Messvolumen auf 8,0 x 3,0 x 0,8 m3.

(a) (b)

Abbildung 2.1: Protoyp des Inspektionsportals: (a) CAD-Modell und (b) Bediener bei
der Inspektion eines Bauteils am umgesetzten Aufbau.

Der Sensor wurde um eine weitere CCD-Kamera ergänzt, die
fest in das vorhandene Gehäuse integriert wurde. Sie ist in Sicht-
richtung des Sensors ausgerichtet, und besitzt einen horizontalen
Öffnungswinkel von 35◦. Auf der Rückseite des Sensors wurde ein
12′′- Touchscreen montiert, über den die gesamte Interaktion mit
dem System läuft.
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Das Kamerabild wird live auf dem Display ausgegeben und
es wird kontinuierlich und lagekorrekt das CAD-Modell des zu
prüfenden Rohteils als Soll-Geometrie eingeblendet. Es entsteht so-
mit eine Augmented-Reality- (AR)-Anwendung mit der ein Bediener
bereits grobe Abweichungen intuitiv erkennen kann. Mit Hilfe des
3D-Sensors können dann selektiv Messdaten von dem zu prüfenden
Rohteil aufgenommen werden. Diese werden dann in das Koordina-
tensystem des Rohteil-CAD-Modells transformiert und die Abwei-
chung als Falschfarbendarstellung visualisiert.

2.2 Transformation von Messdaten

Um Messdaten, die in einem Sensorkoordinatensystem entstehen,
mit einem CAD-Modell in Verbindung zu bringen, ist es erforder-
lich sie mittels einer Transformation TSC : Sensor → CAD in das
CAD-Koordinatensystem zu transformieren. Die Bestimmung dieser
Transformation erfolgt in der hier vorgestellten Lösung über ein ex-
ternes Tracking-System.

In [5] und [6] wurden kamerabasierte Motion Capturing Syste-
me, die ursprünglich für die Erfassung von menschlichen Bewegun-
gen entwickelt wurden, hinsichtlich ihrer 3D-Punkt-Genauigkeiten
analysiert. Abhängig von Aufbau und Messvolumen konnten
Absolutgenauigkeiten von <0, 1 mm nachgewiesen werden. Die-
se Tracking-Systeme zählen typischerweise zu den Outside-In-
Tracking-Systemen, d.h. ein von außen beobachtendes System
schätzt Lage und ggf. Orientierung eines beobachteten Körpers. Sie
arbeiten Marker-basiert, wobei retroreflektierende passive Kugeln
oder zur Steigerung der Robustheit aktiv leuchtende LEDs zum
Einsatz kommen. Die Marker werden in Kamerabildern gefunden
und es wird durch Vorwärtsschnitt aus mehreren Kameraperspekti-
ven die zugehörige 3D-Koordinate berechnet. Zur Berechnung einer
6D-Transformation können mehrere Marker, die an einem Körper,
genant Body, befestigt sind, zu einander eingemessen werden. Das
Tracking-System versucht dann, in alle gefundenen 3D-Koordinaten
bekannte Bodies durch die Methode der kleinsten Fehlerquadrate ein-
zupassen. Das Ergebnis ist dann eine 6D-Transformation von Body-
zu Tracking-Koordinatensystem. In der hier vorgestellten Lösung
wurde ein Tracking-System der Firma OptiTrack mit vier Kame-
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ras verwendet, die im oberen Bereich des Portals angeordnet und
fest mit diesem verbunden sind. Sie decken den Bewegungsraum
des Sensors vollständig ab. Zum Tracken des Sensors wurde dieser
zusätzlich mit aktiven Marken in Form von Infrarot-LEDS versehen,
die an einem Exoskelett um den Sensor herum angebracht sind (s.
Abb. 2.2). Die Tracking-Software bietet eine externe Schnittstelle und
liefert mit bis zu 180 Hz die Transformation TBO : Body→ OptiTrack.

(a) (b)

Abbildung 2.2: Modifizierter Streifenlichtsensor: (a) CAD-Modell mit zusätzlicher
Augmented-Reality-Kamera, Tracking-Skelett, Griffen und Touchs-
creen. (b) die Umsetzung am Inspektionsportal.

Die Messdatenerzeugung erfolgt sowohl durch einen ein 3D-
Sensor als auch durch eine 2D-Kamera. Zur Vereinfachung wird
im Folgenden der allgemeine Begriff Sensor verwendet, der sich je
nach Kontext auf eines der beiden Geräte bezieht. Die Orientierung
des Sensors zum Body kann durch eine Hand-Auge-Kalibrierung be-
stimmt werden. Bei unserer Lösung wurde die numerische Auswer-
tung mit den in [7] vorgestellten Verfahren durchgeführt. Das Ergeb-
nis ist die Transformation TSB : Sensor → Body, die das Sensorkoor-
dinatensystem in das Body-Koordinatensystem überführt.

Mit den beschrieben Transformationen kann somit die Lage des
Sensors unterhalb des Portals berechnet werden. Um die Verschie-
bung des Portals zu berücksichtigen wurde das Tracking-System er-
weitert, indem in einem eindeutig codierten Abstandsmuster weite-
re Infrarot-LEDs in den Fußboden eingelassen wurden. Diese LEDs
werden ebenfalls vom Tracking-System erfasst und die Ebene des
Fußbodens wird damit ebenfalls zu einem Body. Bei einer Verschie-
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bung des Portals auf den horizontalen Schienen kommt es zu ei-
ner Relativbewegung, die das Trackingsystem als zusätzliche Body-
Bewegung interpretiert. Die inverse Anwendung dieser Transforma-
tion ergibt somit die absolute Lage des Portals bezüglich der Schie-
nen. Da in diesem Fall das Tracking-System seine Umwelt beobach-
tet, handelt es sich bei diesem Verfahren um ein Inside-Out-Tracking-
System, da das System seien eigene Lage an externen Referenzmerk-
malen bestimmt. Die Marken im Fußboden wurden mit einem Laser-
Tracker eingemessen und liegen im als Welt definierten Koordina-
tensystem. Das Tracken des Fußbodens ergibt die Transformation
TWO : Welt→ OptiTrack.

Zu inspizierende Rohteile können frei innerhalb des Messvolu-
mens abgelegt werden. Die Transformation des Bauteils zum Welt-
koordinatensystem kann ermittelt werden, indem das Rohteil an vor-
gegebenen Flächen mit dem 3D-Sensor erfasst wird und die resultie-
renden 3D-Punkte durch Abstandsminimierung in das CAD-Modell
eingepasst werden. Diese Punktwolken-zu-CAD-Registrierung er-
gibt die Transformation TCW : CAD →Welt.

Die gesamte Transformationskette des Systems ist in Abb. 2.3
dargestellt. Es zeigt sich, dass die 6D-Sensor-Transformation zum
CAD-Modell TSC durch Hintereinanderausführung der beschriebe-
nen Transformationen berechnet werden kann:

TSC = TCW × T−1
WO × TBO × TSB (2.1)

2.3 Messdatenvisualisierung

Bei der Ausführung der Inspektion kann der Benutzer den Sen-
sor frei im Messvolumen bewegen. Dabei kann wahlweise die AR-
Darstellung zur subjektiven Bewertung angewählt werden oder
es können 3D-Messdaten aufgenommen und ausgewertet wer-
den. Während der Bewegung wird der Sensor kontinuierlich vom
Tracking-System erfasst und durch die zuvor beschriebene Koor-
dinatentransformation wird die Lage der AR-Kamera im CAD-
Koordinatensystem berechnet. Durch Anwenden der intrinsichen
Kameraparameter auf eine virtuelle Kamera und Übertragen ihrer
Lage und Orientierung, können synthetische Bilder des zu inspi-
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Abbildung 2.3: Koordinatentransformationen innerhalb des Inspektionsportals, um
die gesuchte Transformation TSC zu berechnen.

zierenden Bauteils generiert werden, die den Soll-Zustand darstel-
len. Durch Überlagerung des Sollzustands auf das reale Kamerabild
entsteht dann eine AR-Darstellung, die eine qualitative Bewertung
durch den Anwender ermöglicht (s. Abb. 10.4(a)).

Mit dem 3D-Sensor aufgenommene Messpunkte im Sensorkoordi-
natensystem xS können unter Anwendung von Gl. 2.1 in das CAD-
Koordinatensystem transformiert werden:

xC = TSC × xS (2.2)

Eine gängige Methode in der geometrischen Qualitätsprüfung be-
steht dann darin, die Abstände der gemessenen Punkte zur Ober-
fläche der Soll-Geometrie zu bestimmen und in einer Falschfarben-
darstellzung zu visualisieren. Durch optionales Einblenden der farb-
codierten 3D-Messdaten in das Kamerabild erhält der Anwender
bereits einen Überblick über die schon erfassten Bauteiloberflächen
und deren Abweichung (s. Abb. 10.4(b)).

Der 3D-Sensor benötigt nach Auslösen der Messung ca. 2 s, um die
erforderlichen Muster zu projizieren und die Messpunkte zu rekon-
struieren. Für den Anwender ist die Ausrichtung des Sensors unter
Umständen nicht trivial, da er frei im Raum positionieren werden
kann. So kommt es schnell zu leeren Messdaten, wenn das Objekt
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(a) (b)

Abbildung 2.4: Ergebnisvisualisierung für den Anwender: (a) Live-Augmented Rea-
lity. Man beachte die horizontale Abweichung, die das Bauteil be-
sitzt, (b) zusätzliche Einblendung der metrischen Abweichung durch
Falschfarbencodierung.

nicht im Messvolumen des Sensors liegt. In [8] wurde bereits ein
Verfahren vorgestellt, mit dem 3D-Messdaten von optischen Senso-
ren simuliert werden können. Diese Simulation wurde ebenfalls in
die Benutzerschnittstelle integriert und kann optional aktiviert wer-
den (s. Abb. 10.5(a)). Sie visualisiert live, welche Messdaten bei der
aktuellen Sensorausrichtung im Optimalfall entstehen würden. Dies
trägt zur Entlastung des Anwenders bei, da so fehlerhafte Ausrich-
tungen weitestgehend vermieden werden.

Zur abschließenden Bewertung können alle aufgenommenen
Messdaten in Falschfarbencodierung im Kontext des CAD-Modells
frei betrachtet werden (s. Abb. 10.5(b)).

3 Ergebnisse

Die Ergebnisevaluation fokussiert sich auf die Messgenauigkeit des
Gesamtportals. Eine quantitative Bewertung erfolgt anhand der 3D-
Messdaten, da diese metrisch gemessen werden. Die Untersuchun-
gen sind angelehnt an die VDI/VDE-Norm 2617 [9], mit der sich die
Güte 3-dimensionaler Messgeräte mit zusätzlichen Achsen objektiv
bewerten lässt.
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(a) (b)

Abbildung 2.5: Unterstützung bei Aufnahme und Auswertung (a) Kontinuierliche
Darstellung der Messdatensimulation im Kamerabild, (b) Gesamtdar-
stellung aller Abweichungen von erfassten Oberflächen im Kontext
des CAD-Modells.

Im ersten Versuch wurden die Antastabweichung des Systems be-
stimmt. Dazu wurde eine Kalibrierkugel mit einem Radius von
50 mm an 19 Positionen im gesamten Messvolumen verteilt und
jeweils aus 3 unterschiedlichen Richtungen mit dem 3D-Sensor er-
fasst. Pro Kugelposition entstanden zwischen 55.000 und 97.000 Ein-
zelmesspunkte. In die Messdaten wurde durch Abstandsminimie-
rung jeweils eine Ausgleichskugel mit freiem Radius eingepasst, wo-
bei maximal 3% der Messpunkte verworfen wurden. Die Antast-
abweichung PF ist dann die Differenz zwischen maximalen und
minimalem Messpunktabstand zum jeweiligen Kugelzentrum. Für
das Portal wurde nach dieser Methode ein maximaler Wert von
PF =2, 88 mm ermittelt. Das Histogramm über alle gemessenen Ab-
weichungen ist in Abb. 10.1(a) dargestellt. Für die Anstastabwei-
chung wurde ein Erwartungswert von µPF = 1, 62 × 10−8 mm bei
einer Standardabweichung von σPF = 0, 39 mm ermittelt.

Zusätzlich wurde die Durchmesserabweichung PS bestimmt. Sie
Ergibt sich aus der Differenz zwischen dem tatsächlichen Durch-
messer der Kalibrierkugel Dr und dem berechneten Durchmesser
der Ausgleichskugel Da. Über alle Kugelpositionen im Messvolumen
lag die Durchmesserabweichung zwischen PSmin = −1, 64 mm und
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PSmax = 1, 30 mm bei einem Erwartungswert von µPS = −0, 49 mm
und einer Standardabweichung von σPF = 0, 68 mm.
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Abbildung 3.1: Ergebnisse der Messungen nach VDI/VDE 2617: (a) Histogramm
der Antastabweichung im Intervall von 0, 5 mm, (b) Darstellung der
Längenmessabweichungen im Verhältnis zu gemessenen Längen.

Die zweite Kenngröße nach VDI/VDE 2617 ist die
Längenmessabweichung, die das 3D-Abweichungsverhalten im
gesamten Messvolumen angibt. Zur Bestimmung wurden wiederum
Kalibrierkugeln mit einem Radius von 50 mm so im gesamten Mess-
volumen des Inspektionssystems verteilt, dass Abstände entlang
der Raumachsen und der Volumendiagonalen gemessen werden
konnten. Die Referenzwerte wurden ermittelt, indem die Position
der Kugeln mit einem Laser-Tracker Leica AT901 LR angetastet
und die Abstände berechnet wurden. Dieses Verfahren ersetzt
den geforderten Längenmaßstab. Die Längenmessabweichung E
ergibt sich aus der maximalen Differenz zwischen tatsächlichen und
gemessenen Kugelzentren. Zur Ermittlung der Kenngröße wurde
die Kalibrierkugel in allen Raumecken und an Zwischenpositionen
entlang der Raumkanten positioniert. Insgesamt ergaben sich 12
Positionen, bei denen die Kugel wiederum jeweils aus drei Rich-
tungen mit dem 3D-Sensor erfasst wurde. Eine Ausgleichskugel
mit festem Radius wurde in die Messdaten eingepasst und es
wurden alle Abstandskombinationen berechnet. Die resultierenden
Längenmessabweichungen sind in Abb. 10.1(b) visualisiert.
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Die maximale Längenabweichung beträgt im gesamten Volumen
Emax = 3, 10 mm bei einem Erwartungswert von µE = −0, 03 mm
und einer Standardabweichung von σPF = 1, 17 mm.

Bei der Auswertung der Messungen fällt auf, dass das System lo-
kal betrachtet einen negativen Skalierungsfehler besitzt. Der Kugel-
durchmesser wird unabhängig von der Position im Messvolumen
tendenziell zu klein gemessen. Global betrachtet lässt sich für das ge-
samte Messsystem feststellen, dass der Längenmessfehler annähernd
gleichverteilt ist und nur einen sehr geringer Linearitätsfehler auszu-
machen ist. Eine mögliche Erklärung dafür ist, dass der Messfehler
insbesondere durch das Outside-In-Tracking verursacht wird, wel-
ches in dem Volumen unterhalb des Portals statt findet. Die absolute
Portalposition, die per Inside-Out-Tracking berechnet wird, auf den
Schienen scheint einen eher geringen Einfluss auf die Unsicherheit
des Systems zu haben.

4 Zusammenfassung und Ausblick

In dieser Arbeit wurde ein System vorgestellt, mit dem große Bau-
teile geometrisch auf Abweichungen inspiziert werden können. Die
Inspektion erfolgt interaktiv durch Nutzung von Augmented Rea-
lity und dimensioneller Oberflächenmessung mit einem fusionier-
ten Kamera-Phasenshift-Sensor. Per Augmented Reality lassen sich
recht zügig geometrische Abweichungen erkennen, die dann me-
trisch mit einem 3D-Sensor gemessen werden können. Die Lage des
Sensors wird innerhalb eines Portals durch ein externes, optisches
Tracking-System erfasst. Gleichzeitig erfasst das Tracking-System
seine eigene Lage. Outside-In und Inside-Out-Tracking werden so-
mit mit einem einzigen System erreicht. Die Systemgenauigkeit ist
für das Szenario der Rohteilüberprüfung in der CNC-Bearbeitung
ausreichend. Weiter Arbeiten werden sich mit der Optimierung der
LED-Anordnung am Sensor beschäftigen, um zu gewährleisten, dass
auch unter ungünstigen Verdeckungssituationen stabile Ergebnisse
erreicht werden können.
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Literatur

1. W. Chang, J. Hsu, and B. Hsu, “3d scanning system of structured light for
aiding workpiece position of cnc machine tool,” in 2018 IEEE International
Conference on Advanced Manufacturing (ICAM), 2018, pp. 388–391.
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Extrinsische Kamera zu Lidar Kalibrierung
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Zusammenfassung In dieser Arbeit wurde eine Anwendung
für die Bestimmung der extrinsischen Kalibrierungsparame-
ter zwischen einer Kamera und einem Lidar entwickelt. Dies
wird anhand einer Projektion des Kamerabildes auf eine
Oberflächengeometrie, die aus der Lidar-Punktwolke gene-
riert wurde, umgesetzt. Die Pose der Sensoren relativ zuein-
ander wird manuell mittels VR-Technologie gesetzt. Anschlie-
ßend werden die sechs Parameter der Kamerapose manuell
approximiert, indem Featurepaare in Bild und Punktwolke
gefunden und überlagert, gefundene Featurepaare zueinan-
der fixiert und somit gezielt Freiheitsgrade der Kamerabewe-
gung eliminiert werden. Eine erfahrene Testperson erreicht
eine Standardabweichung von rund ±0.11m und ±0.34◦ in-
nerhalb weniger Minuten. Dementsprechend kann dieses Tool
verwendet werden, wenn robuste Initialparameter für die ma-
schinelle extrinsische Kalibrierung benötigt werden und nur
eine statische Messung verfügbar ist.

Keywords Kalibrierung, Virtuelle Realität, Tooling, Kamera
zu Lidar

1 Einleitung

Mit der Erschließung der Unterhaltungsbranche über das letzte Jahr-
zehnt haben verbrauchernahe Virtual Reality (VR) Systeme an Po-
pularität zugenommen. Nicht nur Videospiele profitieren von der

† Gleichwertiger Beitrag.
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verlustfreien Darstellung dreidimensionaler Szenen, auch bei techni-
schen Anwendungen eröffnet VR neue Möglichkeiten Probleme ein-
facher, schneller und effizienter zu lösen. Insbesondere bei Proble-
men, die dreidimensionale Messungen mit hoher Informationsdich-
te umfassen wie beispielsweise die Kalibrierung einer Kamera zur
dreidimensionalen Punktwolke eines Lidar1-Sensors, kann VR als
Eingabeschnittstelle bisher ungenutzte Potentiale födern. Die Aus-
messung der Relativanordnungen von Sensoren, welche als extrinsi-
sche Kalibrierung bezeichnet wird, ist von zentraler Bedeutung für
die Sensordatenfusion. Die Vorteile der hier vorgestellten manuellen
Methode gegenüber herkömmlicher Methoden werden im folgenden
Szenario erörtert:

Im Jahre 2040 fahre ein lenkradloses vollautomatisches Taxi auf
einer schlechtbeleuchteten Landstraße. Es kommt zu einem Wild-
unfall, bei der die vordere Stoßstange signifikant deformiert wird.
Der an der Stoßstange montierte Lidar verdreht sich in allen Dimen-
sionen. Ohne Neukalibrierung kann die Fahrt nicht fortgesetzt wer-
den, da sonst eine sichere computergestützte Wahrnehmung nicht
gewährleistet ist. Die Sensorik muss nun vorort hinreichend genau
kalibriert werden.

Abbildung 1.1: In VR visualisierte dreidimensionale Darstellung.

Die im System eingebetteten automatischen Methoden können aus
den Sensordaten nicht hinreichend viele visuelle Merkmale extra-

1 Light detection and ranging, kurz: LiDAR oder Lidar, deutsch: Lichtdetektion und
Abstandsmessung
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hieren, um die erforderliche Kalibriergenauigkeit zu erreichen. Die
Sensordaten werden daher an ein Servicecenter des Fahrzeugher-
stellers geschickt, wo ein Servicemitarbeiter mithilfe des hier vor-
gestellten Tools schnell und routiniert eine initiale Kalibrierung er-
stellt und zurücksendet. Diese wird während der Weiterfahrt algo-
rithmisch optimiert.

Die in dieser Arbeit vorgestellte Anwendung soll einen Einblick in
die Anwendungsmöglichkeiten von Virtual Reality im Bereich Kali-
brierung zeigen. In der Regel werden digitale Repräsentationen drei-
dimensionaler Objekte auf zweidimensionale Bildschirmflächen pro-
jiziert, woraus eine Mehrdeutigkeit resultiert. Ein modernes Virtual
Reality System ermöglicht eine intuitive Darstellung dreidimensio-
naler Szenen, indem es diese Mehrdeutigkeit durch stereoskopische
Darstellung umgeht. Diese Vorteile wurden bereits durch das Label
Tool PointAtMe [1] gezeigt, das der manuellen Generierung von Ob-
jektannotationen in Punktwolken dient.

2 Stand der Wissenschaft

Kalibrierung von Sensoren ist ein altes Forschungsgebiet, das mit
der Entwicklung neuer Sensoren und Messprinzipien aktuell bleibt.
Bei der Kalibrierung eines Sensors werden zwei Teilbereiche unter-
schieden: Das intrinsische Sensormodel projiziert den realen Sensor
auf ein mathematisches Modell; die extrinsischen Kalibrierung be-
steht aus Translation und Rotation, die der Sensor relativ zu einem
Bezugskoordinatensystem aufweist.

Extrinsische Parameter können basierend auf Kalibrierobjekten
mit bekannter Geometrie oder ohne Kalibrierobjekte bestimmt wer-
den. Für die objektbasierte Kalibrierung werden Objekte wie bspw.
Schachbrettmuster [2], Kugeln [3] oder Kreise [4] im Sichtfeld al-
ler zu kalibrierenden Sensoren platziert. Diese werden algorithmisch
detektiert. Durch die Position und Orientierung des Objektes im
Sichtfeld jedes einzelnen Sensors können Rückschlüsse auf die Aus-
richtung der Sensoren zueinander gezogen werden. Dies setzt ein
Kalibrierobjekt bekannter Geometrie und in der Regel eine Vielzahl
von Aufnahmen voraus. Von Geiger et al. [2] werden intrinsische und
extrinsische Parameter durch das automatische Detektieren mehre-
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rer Schachbrettmuster im überlappenden Lidar- und Kamerasicht-
feld bestimmt. Heng et al. [5] bestimmen intrinsische Kamerapara-
meter per Schachbrettmuster, extrinsische Parameter werden durch
Odometrie und Bewegungserkennung im jeweiligen Kamerasicht-
feld bestimmt.

Im Falle einer unkontrollierten Umgebung wurden objektun-
abhängige Methoden entwickelt. Diese basieren beispielsweise auf
der Extrahierung von primitiven optischen Merkmalen wie Kan-
ten aus Aufnahmen der zu kalibrierenden Sensoren, welche durch
Minimierung einer Kostenfunktion wie von Moghadam et al. [6]
oder Kang et al. [7] vorgeschlagen überlagert werden. Diese Me-
thoden funktionieren in strukturreicher Umgebung mit Beleuch-
tung, Gebäuden, Pfeilern, Pfosten und Straßenmarkierungen präzise
und robust. Für kantenarme Regionen, wie sie auf Überlandstraßen
durch Wälder und über Felder vorzufinden sind, büßen sie an Ge-
nauigkeit ein. Ansätze wie von Taylor et al. [8] sind auf ein problems-
pezifisches Umfeld angepasst und somit nicht universell einsetzbar.
Manuelle Methoden wie von Scaramuzza et al. [9] funktionieren da-
gegen für beliebige Szenen zuverlässig.

Für die Projektion eines Bildes auf ein dreidimensionales Objekt
wird eine Projektionsflache benötigt. Es gibt bereits Verfahren, die
sich mit der Oberflächengenerierung aus Punktwolken beschäftigen
[10, 11]. Allerdings konzentrieren sich diese Verfahren auf die Ge-
nerierung einer lückenfreien Oberfläche. In dieser Arbeit sollen Be-
reiche der Punktwolke mit wenigen Punkten aber explizit als Loch
dargestellt werden, damit sich der Nutzer nicht an automatisch ge-
nerierten Oberflächen orientiert, sondern nur an tatsächlich einge-
messenen.

3 Ansatz

3.1 Oberflächengenerierung aus Punktwolken

Die Oberfläche soll aus so wenigen Polygonen wie möglich bestehen,
um Echtzeitfähigkeit zu gewährleisten.

In einem ersten Schritt werden Punkte zusammengefasst, die na-
he beieinander liegen. Hierfür werden räumliche Sektoren sφi ,θj für
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i ∈ [1, .., ns] und j ∈ [1, .., nz] eingeführt, die Winkelabschnitten in
Kugelkoordinaten φ, θ, r im Lidarsichtfeld entsprechen. ns ist die
gewählte horizontale Auflösung, nz ist die Zeilen-/Diodenanzahl
des Lidars. Alle Punkte, die nach Projektion auf diese Kugel im sel-
ben Sektoren liegen, werden als Punktgruppe zusammengefasst. Ist
die größte Distanz eines Punktes in dieser Punktgruppe zu einem
anderen kleiner als ein Schwellwert dLimit, PG, werden die Koordina-
ten all dieser Punkte gemittelt und dem entsprechenden Sektoren
zugeordnet.

Abbildung 3.1: Generierte Oberfläche aus einer Punktwolke.

Ist die Distanz größer, wird die Punktgruppe unterteilt und die
Schwellwertbedingung erneut überprüft. Für jede so unterteilte
Punktgruppe werden die einzelnen Koordinaten der Untergruppen
nicht gemittelt sondern die äußersten Punkte extrahiert, um Kanten
in der Punktwolke zu erhalten. Idealerweise wird die Größe und die
damit verbundene Anzahl der Sektoren so gewählt, dass pro Sektor
maximal zwei Punktgruppen vorliegen.

Im zweiten Schritt sind Polygone aus den verbleibenden Punkten
zu generieren. Es werden jeweils vier Sektoren sφi ,θj , sφi ,θj+1 , sφi+1,θj ,
sφi+1,θj+1 überprüft. Im einfachsten Fall enthält jeder Sektor genau ei-
ne Punktgruppe. Dann werden zwei Dreiecke gebildet, wenn für den
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Normalenvektor ni,j des jeweiligen Dreiecks und die Verbindungsge-
rade li,j vom Lidar zur Punktgruppe des Sektors sφi ,θj

arccos
( sφi ,θj · li,j
|sφi ,θj | · |li,j|

)
≥ 90◦ − αLimit (3.1)

gilt, wobei αLimit < 5◦ gewählt wird. Falls in mindestens einem Sek-
tor mehr als eine Punktgruppe vorhanden ist, wird jede mögliche
Punktekombination in Betracht gezogen, die aus drei Punkten in
unterschiedlichen Sektoren besteht. Jede aus diesen Kombinationen
entstehenden Dreiecke, die die obige Bedingung erfüllen, werden
generiert. Ein Beispiel für eine so generierte Oberfläche und die zu-
gehörige Punktwolke ist in Abb. 3.1 zu sehen.

3.2 Projektion des Bildes auf die Oberfläche

Das Bild wird mithilfe der Projektionsmatrix des Lochkameramo-
dells auf die generierte Oberfläche projiziert. Bisher wird das Loch-
kameramodell unterstützt. Die Projektion wird mithilfe eines Sha-
ders durchgeführt, der parallelisiert und somit auch für große Da-
tenmengen in Echtzeit auf einer Grafikkarte berechnet wird. Die
Oberflächen ermöglichen eine gegenseitige Abschattung, wodurch
verhindert wird, dass der gleiche Bildausschnitt auf mehreren Ober-
flächen abgebildet wird.

Abbildung 3.2: Auf die Oberfläche projiziertes Kamerabild.
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3.3 Ankerpunkte

Das wichtigste der zahlreichen Hilfsmittel, die dem Nutzer zur
Verfügung gestellt werden, sind Ankerpunkte, die Freiheitsgrade der
Kamerapose beschränken und so den Kalibriervorgang beschleuni-
gen. Es können bis zu zwei Ankerpunkte gesetzt werden. Diese An-
ker unterbinden eine Verschiebung des projizierten Bildes an dem
Punkt, an dem sie in die Punktwolke gesetzt werden.

Abbildung 3.3: Wenn die grünen Anker gesetzt werden, verlaufen zwei Sichtstrahle
der Kamera gezwungenermaßen durch die Anker. Dies schränkt die
Freiheitsgrade der Kamerapose ein.

Wenn ein Anker gesetzt ist, werden zwei (Rotations-) Freiheits-
grade eliminiert. Wenn zwei Ankerpunkte gesetzt sind, können nur
noch zwei (Translations-) Freiheitsgrade verändert werden. In beiden
Fällen ist keiner der Parameter der Kamerapose konstant, wird aber
in Abhängigkeit der verbleibenden Freiheitsgrade angepasst. Abb.
3.3 zeigt beispielhaft zwei Anker und die zugehörigen Sichtstrahle.

3.4 Eingabeschnittstelle

Es wird das VR Gerät Oculus Rift verwendet, das Touch Control-
ler mit je 6 Freiheitsgraden und mehrern Tasten bereitstellt. Anhand
der Controller können sowohl die virtuellen Sensoren, als auch die
Anker gegriffen und neu positioniert werden.
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4 Evaluation

4.1 Sensorsetup

Das Tool wurde anhand des Sensorsetups des teilautomatischen Ver-
suchsfahrzeugs des MRT evaluiert. Die verwendete Kamera ist vom
Typ FLIR BlackFly S 9 MPx mit einem Weitwinkelobjektiv mit rund
120◦ Öffnungswinkel. Das Rohbild wurde auf ein Lochkameramo-
dell umgerechnet. Der verwendete Lidar ist vom Typ Velodyne VLS-
128 Alpha Prime.

(a) (b)

Abbildung 4.1: Ergebnisse aller Probanden über alle Szenarien.

4.2 Probandenexperimente und Randbedingungen

Die Testszenen stammen von 21 diversitären Verkehrszenarien. Vier
Probanden wurden gebeten auf allen 21 Szenarien die extrinsische
Kalibrierung mithilfe des vorgestellten Tools zu erstellen. Die Pro-
banden bekamen keine Rückmeldung bezüglich ihrer aktuellen Ka-
libriergenauigkeit. Für alle Versuche wurde die gleiche maschinen-
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(a) (b)

Abbildung 4.2: Ergebnisse des routiniertesten Probanen über alle Szenen.

erstellte Kalibrierung nach Strauss et al. [12] als Referenz verwendet.
Aufgrund eines Rotationsfehlers um die Nick-Achse wurde die Rota-
tion in dieser Komponente angepasst. Ob dieser Rotationsfehler aus
der Umrechnung der Koordinatensysteme herrührt oder die wahre
Kalibrierung tatsächlich eine Ungenauigkeit besitzt, konnte nicht ge-
klärt werden. Nach dieser minimalen Anpassung kann man sich in
VR davon überzeugen, dass Bild und Punktwolke augenscheinlich
besser zueinander passen.

4.3 Ergebnisse

In Abb. 4.1 ist der Translationsfehlervektor aufgeteilt in x, y und z
Anteile, sowie die Eulerwinkel um die x, y und z Achse aufgetragen.
Hierbei entspricht die x-Achse der optische Achse, die y-Achse zeigt
in Fahrtrichtung rechts und die z-Achse entsprechend nach oben.
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Erwartungsgemäß findet sich der größte Fehler in Richtung der op-
tischen Achse.

Als besondern klein stellen sich die Rotationsfehler heraus, die
Translationsfehler sind vermutlich sogar größer als mit einfachs-
ten Messinstrumenten erzielbar, womit Fehler unterhalb von 10 cm
problemlos erreichbar sein sollten. Dennoch stellt das vorgestellte
Tool für den eingangs geschilderten Anwendungsfall eine schnel-
le Fernkalibrierung als Servicemaßnahme eine geeignete, innovative
Lösung dar, insbesondere aufgrund der geringen Rotationsfehler.

Des Weiteren sind die Ergebnisse in Abb. 4.2 zu beachten, die vom
geübtesten der Probanden unter Zuhilfenahme der Anker erzeugt
wurden. Hierbei lässt sich erkennen, dass durch den erfahrenen Um-
gang mit dem Tool deutliche Verbesserungen im Vergleich zu den
Laienprobanden erzielt werden können.

5 Zusammenfassung

In der Arbeit wird ein manuelles Kalibrierwerkzeug vorgestellt,
bei dem die Möglichkeiten von Virtual Reality als Hilfsmittel zur
Lösung technischer Aufgabenstellungen am Anwendungsfall der ex-
trinsischen Sensorkalibrierung erprobt werden soll. Aus einer Lidar-
Punktwolke wird eine 3D Oberfläche in VR generiert, auf welches
anhand des Lochkameramodells ein Kamerabild projiziert wird.
Umfassende Tools zur leichteren Handhabung wurden integriert,
mit welchen die Relativposition der Sensoren zueinander dem ange-
passt werden kann. Anhand einer Probandenstudie wurde die erziel-
bare Genauigkeit festgestellt. Demnach kann das Tool vor allem den
Rotationsfehler stark verringern. Um eine schnelle, datengestützte
Fernwartung zu bewerkstelligen, liefert das Tool gute Initialwerte,
die danach bei Weiterfahrt algorithmisch verbessert werden können.
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Abstract Concrete is a commonly used construction material
for buildings, bridges and roads. As safety is very important
in such constructions, the investigation of damage processes
in concrete is a highly relevant topic. For instance, the early
detection of cracks can prevent the collapse of a bridge. Thus,
the necessity of automated crack detection and segmentation
arises. We generalize and modify a 2D method for crack detec-
tion in road pavement images to 3D. It is based on modeling
the image as a graph and searching for minimal paths therein.
The proposed 3D method is evaluated on synthetic crack im-
ages and applied to a 3D computed tomography image of real
concrete.

Keywords Crack detection, image segmentation, three-
dimensional, computed tomography

1 Introduction

The investigation of damage processes in concrete has become an in-
creasingly popular topic. For design, monitoring and maintenance
of buildings or other constructions, it is essential to understand dam-
age of building materials. In order to gain a deeper understanding of
the mechanical properties of concrete, crack initiation and develop-
ment are studied on concrete specimens during loading tests using
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computed tomography (CT). Visual inspection of such a 3D CT im-
age and manual segmentation of cracks is a time intensive process
and can therefore only be executed on a few slices as these images
are usually very large [1]. This makes automated detection of cracks
in 3D images desirable. While crack segmentation in 2D images has
already been widely researched, so far, there is no satisfying solution
available in 3D [1].

A typical motivation to look for cracks in 2D images is monitor-
ing of the road surface conditions by identifying cracks in pavement
images of roadways. There is a variety of crack detection methods
based on two general assumptions. The first one concerns the bright-
ness, i. e., the crack is darker than the background which means that
the gray values of the crack pixels are smaller compared to the neigh-
boring background intensities. The second one is related to geome-
try, namely that the crack is continuous which means that the crack
pixels are connected.

Here, we present a generalization of the 2D approach in [2] which
uses exactly these characteristics. The image is modeled as a graph
and minimal paths are computed. If the nodes are weighted by the
pixels’ gray values, a minimal path possesses the above mentioned
crack properties: it is connected and consists of vertices with small
weights, i. e. small intensity values.

We first introduce the 2D method proposed in [2] which we will
refer to as MinPath2D and then present our approach of a general-
ization to 3D images. Adjustments are made on the one hand to
obtain an appropriate image model and on the other hand to save
computation time.

2 2D cracks by minimal paths

Image model

The MinPath2D algorithm uses a representation of the gray value
image as a directed, vertex-weighted graph. In fact, several graphs
can be defined for one image depending on the directions repre-
sented in the 8-neighbourhood on the pixel grid. In all these graphs,
the set of vertices corresponds to the pixels in the image and the
weights are the pixels’ intensities. The graphs differ by the set of
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Figure 2.1: Sup-min function to evaluate the degree of coherence of two information
sources [2]

edges which is chosen depending on direction. For each direction,
e. g. up, a set of three discrete directions is selected. Edges are con-
structed by connecting all vertices to their three neighbors towards
these. For instance, in the graph for the direction up, a vertex is con-
nected to its neighbor directly above as well as to the two vertices left
and right from the vertex above. This way, we can construct directed,
vertex-weighted graphs for the eight directions in 2D: up, down, left,
right, upper left, lower right, lower left, upper right.

Searching minimal paths

Based on this image model, the MinPath2D algorithm computes
minimal paths in the above described graphs. The algorithm gets a
graph G = (V, E) and a predefined path length ` as inputs and com-
putes for each vertex x ∈ V a path with minimal weight of length
` starting in the considered vertex x. Applying this algorithm to all
graphs yields eight paths for each vertex. The two paths for oppo-
site directions are merged into one path of length 2` + 1, whereby
the start pixel of the individual paths becomes the center pixel of the
merged path. This procedure results in four minimal paths for each
pixel.
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Pixelwise classification

In the next step, it has to be decided whether or not a pixel belongs to
a crack. The basic idea is to introduce a characteristic which takes a
small value in an orientation along the crack and higher values along
other orientations. We use the Free Form Anisotropy (FFA) measure
which was derived from possibility theory [3]. This theory based on
fuzzy sets is used to model uncertainty by introducing a degree of
membership for the elements of a set. Possibility distributions are
modelled by fuzzy set membership functions. For possibility theory,
they play the role of probability densities for probability theory. The
relationship between probability theory and possibility theory has
been discussed as both theories seem to be similar in the sense that
both deal with some type of uncertainty and both use the [0, 1] inter-
val as range of their respective functions [4]. It is however difficult to
compare them as it is not clear on which level – e. g. mathematically,
semantically, or linguistically. See [4] for details.

Here, we use the conversion of each minimal path found in the
first step into a so-called information source πi [5] which is repre-
sented by a possibility distribution. To this end, the mean value
and the standard deviation of gray levels of each path are computed.
Figure 2.1 shows two partially overlapping possibility distributions.
This means, that certain gray values are considered possible by both
information sources. The degree h of coherence between the two in-
formation sources is measured by the sup-min function. The greater
the intersection, the higher the degree of coherence. This concept is
applied to the classification problem.

If a pixel belongs to a crack, then among the minimal paths found
in the first step, at least the path with smallest mean intensity fol-
lows the crack. Comparing the information source of this path with
another one corresponding to a path running in the background, we
observe a small coherence h. This is due to the fact that the number
of gray levels occurring in both paths is rather small. In contrast,
the coherence h of two different background sources is compara-
tively large since the gray level distributions of the two correspond-
ing paths are more similar. The Free Form Anisotropy of a pixel x is
then defined as the degree of conflict between information sources
πmin = (µmin, σmin) and πmax = (µmax, σmax) of the two paths with
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center x and minimal and maximal mean gray value, respectively,
i. e.

FFA(x) = 1− h(πmin, πmax) = 1− sup min(πmin, πmax).

The FFA measure takes values between 0 and 1 and is close to 1
if x is a crack pixel. Thus, the final algorithm has two parameters,
the length parameter ` and a threshold t ∈ [0, 1] for which all pix-
els x with FFA(x) < t are classified as background and pixels with
FFA(x) ≥ t are identified as crack pixels.

In practice, we calculate the coherence h according to Figure 2.1 as
intersection of two lines L1 and L2, where L1 is passing trough the
two points (µ1, 1) and (µ1 + σ1, 0) and L2 is passing trough (µ2, 1)
and (µ2 − σ2, 0).

3 3D cracks by minimal paths

Image model

The image model is constructed in a similar way as in 2D. In partic-
ular, we use a 3D graph, where the set of vertices corresponds to the
voxels in the image which are weighted by their gray values. The
definition of the set of edges leaves more room for discussion. The
number of direct neighbors of one voxel increases with dimension.
An inner voxel has 26 neighbors in 3D while in 2D there are only
eight neighbors. As a consequence, there are 26 directions implying
13 different orientations. The question arises, how many and which
orientations we want to consider in the algorithm and how to define
the discretization of one direction.

Directions can be categorized into three groups, where the first
consists of the three main orientations: up and down, left and right,
in front and behind. Secondly, there are the diagonals of a coordinate
plane: upper left and lower right, upper right and lower left, in front left
and behind right, in front right and behind left, in front up and behind
down, in front down and behind up. The last group is formed by space
diagonals (connecting two vertices that are not in the same coordi-
nate plane): upper left behind and lower right in front, upper right behind
and lower left in front, upper left in front and lower right behind, upper
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Figure 3.1: Diagonal directions in 3D illustrated for the center voxel

right in front and lower left behind. We will only consider directions
from the first and second category. This restriction is justified by
saving computational time and moreover makes sense since the FFA
measure only uses two paths and thus only two orientations to per-
form the classification. The decision to neglect the third category is
based on the fact that this is the category which has the most overlap
of voxels with the other categories.

The natural extension of the discretization is to take nine discrete
directions into account for each direction. For instance, in 2D there
are three pixels above an inner pixel in the same way as there are
nine voxels above an inner voxel in 3D. Thus, we define the set of
discrete directions for one direction by nine discrete directions as il-
lustrated for the diagonals in Fig 3.1. Summarizing, a neighborhood
for one voxel and for one direction is determined by the nine neigh-
bors towards that direction. Moreover, we choose to take nine dif-
ferent orientations into account, namely the three main orientations
and the six plane diagonals.

Searching local minimal paths

Due to simplicity and the increasing computational effort in 3D, we
deviate from the 2D method when calculating minimal paths by us-
ing a greedy propagation algorithm that returns only a locally min-
imal path. Beginning from the start node, the neighbor with the
smallest weight is successively added to the path. This local propa-
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gation does not necessarily yield a path with total minimal weight,
but in the case of a crack voxel as start voxel, the resulting path still
follows the crack path approximately and thus the classification by
assessing the degree of coherence still works. Ultimately, it is more
important that the different orientations are represented than that
the path actually has minimal weight.

Voxelwise classification

The classification per voxel is performed as in the MinPath2D al-
gorithm. However, we use the coherence h (rather than the FFA
measure) to compare two information sources. Then, a threshold
t is chosen in [0, 1] such that all values less than or equal to t are
classified as crack voxels and all values above are classified as back-
ground.

Post-processing

The output of the classification algorithm shows some discontinuities
where single voxels are missing in the crack surface, see Section 4,
Figure 4.1. Hence, we apply a morphological closing followed by
an erosion [6] to the binary classification output to connect the crack
pixels and to remove single falsely identified background pixels.

Parameter selection

As described above, our algorithm has two parameters, the length
parameter ` and the threshold t which must be selected appropri-
ately. The influence of the parameters was investigated experimen-
tally by keeping one fixed while varying the other one. We observed
that the length parameter ` should be chosen in the interval [24, 48]
depending on the resolution of the image. The choice of the second
parameter, the threshold t, turns out to be less important than the
choice of ` as long as it is sufficiently small. A good choice seems to
be t ∈ [0.001, 0.1].
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4 Application

Evaluation metrics

For the evaluation on the synthetic crack images, we use the F1-
measure as an overall accuracy measure which is calculated from
precision and recall.

The Precision is defined as

Precision =
true positives

true positives + false positives

and measures how exact a positive result is, i. e. what proportion of
voxels classified as positive are indeed positive.

The Recall is defined as

Recall =
true positives

true positives + false negatives

and measures the proportion of positives which were identified cor-
rectly.

The F1-measure can be interpreted as a weighted average of Preci-
sion and Recall taking both aspects into account. It is given by

F1 = 2 ·
Precision · Recall

Precision + Recall
.

All three measures take values between 0 and 1 and reach their
best value at 1. In practice, it is impossible to exactly define the crack
boundary in real images. Hence, it is not uncommon to introduce a
certain pixel (voxel) tolerance in the evaluation of a segmentation
algorithm. In the following, we evaluate the results allowing for
a tolerance of falsely classified voxels within a certain distance of
the true crack. In our case, using a tolerance of tol voxels has the
following meaning:

• A false negative voxel is counted as true positive, if in the pre-
dicted image there is a voxel classified as positive within a dis-
tance of tol.

• A false positive voxel is counted as true positive, if in the
ground truth there is a voxel classified as positive within a dis-
tance of tol.
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Figure 4.1: Z-slices of the results of the application on 2563 synthetic 3D images with
l = 24 and t = 0.01. From left to right: input image, normalized input
image, ground truth (generated by a realization of the fBS), output before
post-processing, output after post-processing

Results on synthetic images

Synthetic cracks are simulated by a realization of a fractional Brow-
nian Surface (fBS) [7] which provides a ground truth by which we
can evaluate the output of the algorithm. Given the ground truth
as binary crack image (generated by [8]), a corresponding realistic
gray value crack image is obtained by generating noisy gray levels
for background and crack. Varying crack widths can be generated
by dilating the crack. We evaluate the algorithm on synthetic crack
images with a crack width of w = 1, w = 3, and w = 5 voxels. Z-
slices of the resulting segmentations are shown in Figure 4.1. Figure
4.2 shows the corresponding 3D renderings. The crack is properly
segmented in all three cases. However, the detected crack is thicker
than the true one. This is especially noticeable when the original
crack is very thin as in the case w = 1. Evaluating the output by the
F1-measure with a tolerance of tol = 1, we obtain a value of 0.9609
for the image with w = 1, 0.9599 for w = 3 and 0.9744 for w = 5.
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Figure 4.2: 3D renderings of the results on 2563 synthetic images with ` = 24 and t =
0.01. Top row: ground truth. Bottom row: output after post-processing.
From left to right: w = 1, w = 3, w = 5.

Results on real images

In the next step, we apply our algorithm to 3D images of real con-
crete. In particular, we use a 3D CT image of a concrete specimen
with a glass fiber reinforced polymer bar used as reinforcement.
Pulling out the bar generates cracks. The sample has a diameter
of 4.8 cm and the original image has a size of 1 986× 1 986× 1 576
voxels. After shrinking the CT image by a factor of two and cutting
out a cubic patch, we obtain an image of size 6203 which we pass as
input to the algorithm. Depending on the mixing conditions and the
coarseness of the aggregates, the concrete matrix may appear rather
heterogeneous in CT images. In our case, for instance, we observe
pores as well as highly absorbing grains (see Figure 4.3). The real
concrete is clearly more complex than synthetic data. Nevertheless,
our algorithm can handle the background structure and is able to
segment the crack except for a few really thin and fine structures.
Z-slices of the output of our algorithm are shown in Figure 4.3.
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Figure 4.3: Z-slices of the results for a 3D CT image of real concrete using the pa-
rameters ` = 48 and t = 0.001. Top row: normalized input. Bottom row:
output after post-processing. Sample: C. Caspari, University of Kaiser-
slautern, CT imaging: F. Schreiber, Fraunhofer ITWM

Implementation and runtime

The algorithm was implemented in C++. It can be integrated as a
plug-in into the image processing software ToolIP (Fraunhofer-Institut
für Techno- und Wirtschaftsmathematik, [9]) which is used to segment
the crack images. The runtime increases with the image size as well
as with increasing parameter `. It is roughly 3 minutes for a 2563

image with ` = 24 and about 30 minutes for a 6203 image with
` = 48. All runtimes are measured on a standard computer of the
image processing department of the ITWM with eight processors of
the type Intel(R) Core(TM) i7-4790 CPU @ 3.60GHz distributed on
four cores, with a working memory of 16 GB.

5 Summary

We propose a new algorithm for crack detection in 3D images. The
method is based on the 2D algorithm from [2] which we generalized
to the 3D case. Our generalization includes the adaption of the image
modeling as 3D graph, whereby the definition of the neighborhood
relation of the vertices by directions as well as the definition and
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choice of directions (and orientations) were adapted. Further adjust-
ments were made as we propose the usage of approximate minimal
paths obtained by a local propagation algorithm. We demonstrated
that the algorithm is able to segment cracks in 3D images. In partic-
ular, we applied the algorithm to synthetic images whereby we were
able to achieve F1 values between 0.9599 and 0.9744 for test images
with different crack width. Moreover, the algorithm is able to deal
with images of real concrete and to correctly segment the cracks.
Even the more complex background structure containing dark pores
can be handled. The main weakness of the algorithm is that the seg-
mented crack is too thick compared to the original one and that it
misses some very thin and fine crack structures.
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Abstract Phase measuring deflectometry is an accepted tech-
nique for measuring the shape of specular surfaces. While
defloctometry is known to provide high sensitivity in the
nanometer range, the absolute form measuring accuracy is
typically inferior by several orders of magnitude. The com-
paratively low accuracy of typical implementations of phase
measuring deflectometry is determined by several influencing
factors. On the one hand, many system models used do not
consider all relevant system parameters, such as refraction in
the display substrate or its flatness deviation. On the other
hand, due to the complex system geometry, many calibration
procedures are susceptible to deviations due to low condition
numbers of the mathematical problems. To increase the abso-
lute accuracy of phase measuring deflectometry, the authors
have analyzed in detail the calibration procedures, the mea-
surement process, and the evaluation algorithms and have
made numerous extensions and optimizations. The present
contribution gives an overview of the obtained findings and
the applied measures. The performance of the approach is
evaluated based on measurements of challengingly curved
measurement objects. Based on these selected objects, form
measurement deviations of better than 1 µm are documented.

Keywords Deflectometry, specular surface, phase shifting,
structured illumination, system calibration, photogrammetry
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1 Introduction

Phase measuring deflectometry is accepted as a highly sensitive
method for full-field form measurement of specular surfaces. How-
ever, the accuracy of the absolute form measurement has so far sig-
nificantly lagged behind the sensitivity due to systematic influences.
As part of the work presented here, the deflectometric calibration,
measurement, and evaluation processes were subjected to a num-
ber of extensions and optimizations in order to obtain an absolute
form measurement accuracy in the sub-micrometer range for typical
optical functional surfaces with diameters of 50 mm to 100 mm.

Deflectometry is based on the observation of reference patterns
whose images are reflected by the surface under test and are thereby
distorted depending on the surface geometry. In most practical ap-
plications of phase measuring deflectometry liquid crystal displays
are utilized to represent the required reference patterns. A main
concern is therefore to optimize the spatial coding strategies and to
characterize the non-ideal display properties, such as characteristic
curve, topography, and refractive power.

Another important aspect is the geometric calibration of the whole
setup, especially the relative orientation of measuring camera and
liquid crystal display. As typically the camera is not able to directly
observe the display without the beam deflection of a specular object,
the calibration process requires a specular calibration object. Ideally,
the properties of that object, especially its spatial location and orien-
tation, are known. However, approaches with a high degree of self-
calibration, similar to the established bundle adjustment techniques
used in protogrammetry, have also been reported in the literature.
The authors have therefore investigated the potential of approaches
with a high degree of freedom and have compared their results with
information obtained from other strategies.

The surface reconstruction in deflectometry involves the integra-
tion of the measured surface gradients. Furthermore, this process re-
quires additional information to regularize the deflectometric prob-
lem. In the performed work, the approach of using at least two dif-
ferent relative orientations of object and reference pattern was used,
which has been proposed in [1]. But even then, there are several
different strategies for processing the obtained measurement data.
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In the following, numerous aspects of the deflectometric calibration,
measurement, and evaluation processes are discussed as an overview
and hints to realizations are given that have proven to be advanta-
geous during the investigations.

2 Measurement setup

The used measurement setup shown in Figure 2.1 implements the
approach of using at least two different relative orientations of object
and reference pattern to resolve the ambiguities, which are typical
for the deflectometric problem [1]. For realizing this internal dis-
tance reference, the setup features a directly driven linear stage of
type Standa 8MTL1301-170-LEn1-200, which has a travel of 170 mm
with an encoder resolution of 50 nm and a bidirectional repeatability
of ± 0.5 µm. As realization of the reference patterns a medical-grade
grayscale liquid crystal display of type NEC MD211G5 with a reso-
lution of 2048 x 2560 pixels is used.

 linear axis 

 temperature sensor 
 sample 

 measuring camera 

 display 

 auxiliary camera 

 auxiliary camera 

Figure 2.1: Deflectometric measurment setup according to the approach of using two
different relative orientations of object and display in order to resolve am-
biguities [1].

In contrast to earlier systems used by the authors, for the first time
the measuring camera and the test object instead of the display were
mounted on the linear stage. As a result, the moving masses are re-
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duced and, in addition, the display can be attached very firmly to the
optical table with numerous supports, so that the structure has good
long-term stability. On the downside, however, it was noticed that
different masses of the measurement objects coupled to the linear
stage result in very small but detectable tilting movements, which
should be addressed in future optimizations.

An essential element of the measurement setup is the stereopho-
togrammetric auxiliary camera system, which enables an in-situ de-
termination of the display topography as one of the most impor-
tant deviation influences. The used cameras are all of type IDS UI-
3060CP, have a resolution of 2.35 megapixels and are equipped with
high-quality lenses. A 35 mm Ricoh FL-BC3518-9M lens is used on
the measuring camera, the auxiliary camera system has 16 mm lenses
of type Kowa LM16XC.

3 Pattern properties and display calibration

The known phase shifting technique using a heterodyne method for
deconvolution of the phase information was subjected to a detailed
statistical analysis in order to maximize the robustness on the one
hand – i. e. to minimize the probability of deconvolution errors – and
on the other hand to increase the statistical deviations of the spatial
coding – i. e. minimizing the effects of phase noise. A mathematically
well-founded optimality criterion for setting the three wavelengths of
the heterodyne method at a given base wavelength was formulated
and verified. Compared to conventional approaches, an optimized
wavelength ratio can reduce the probability of unwrapping errors by
several orders of magnitude [2].

To minimize the statistical deviations of the spatial coding of
the display surface by means of phase shifting, it is important to
use the most favorable fringe period in each situation. The phase
noise model developed by Fischer et al. [3] [4] and the propaga-
tion of the deviations into the object space provide an experimen-
tal method for determining the optimal wavelength in the respective
situation. Figure 3.1 shows that an increase of the wavelength leads
to a steady reduction in the phase deviation due to the associated
increase in fringe contrast. But considering the physical wavelength
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in the display surface, the minimum noise level of the spatial coding
is achieved at a comparatively small, clearly definable wavelength.
Based on this statistical model, also a strategy to fuse phase measure-
ments with different base wavelengths was implemented, in order to
locally achieve the most favorable noise level possible on strongly or
unevenly curved object surfaces.
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Figure 3.1: Experimentally determined minimization of the statistical position error
for a given measurement situation by determining the optimal pattern
period.

Since the refraction in the glass substrate of liquid crystal displays
represents a significant systematic influence of deviation in deflec-
tometric measurements, special attention was paid to formulating a
model describing this influence and an experimental procedure for
its determination, which is as precise as possible and at the same
time easy to apply. An approach previously followed by the au-
thors has been subjected to extensive revision and refinement. As a
result, a partly self-calibrating procedure for determining the refrac-
tive properties of the transparent layer was developed, which elimi-
nates or reduces uncertainties of the previous implementation [5] [6].
Following this method, the refractive influence of liquid crystal dis-
plays can be characterized and taken into account with previously
unattainable accuracy.

Great effort was made to determine the topography of liquid crys-
tal displays. As part of this, various measurement approaches to
determine the topography were compared and influences on the to-
pography (gravity, temperature, ...) and temporal variations of the
topography were analyzed. As a result, a photogrammetric method
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was implemented that enables the determination of the topography
directly in the deflectometric setup and, by using the phase coding
also used for the deflectometric measurement process, enables a di-
rect determination of the position of each individual display pixel.
The auxiliary camera system shown in Figure 2.1 serves primarily
for this purpose.

Influences on the optical detection, such as in particular the refrac-
tion in the glass substrate, are considered and corrected during the
topography measurement. After performing comparative investiga-
tions of different approaches, the description of the display topogra-
phy is currently based on 2D polynomials, which enable the efficient
determination of individual surface points of the display and the
associated surface normals during the measurement process. The
implemented model also enables higher-order deviations to be taken
into account, such as the influence of the arc length due to stronger
flatness deviations or local deviations in the position of individual
pixels. However, it should be noted that these effects, which are typ-
ically in the low single-digit micrometer range, cannot be reliably
differentiated from noise or higher-frequency residual errors of the
camera system due to the large measurement volume (the screen di-
agonal is more than 540 mm).

4 System calibration

Regarding the system calibration, it was of particular interest to what
extent a simultaneous calibration of different components offers ad-
vantages or disadvantages compared to a sequential calibration. It
was found that simultaneous approaches seem to work well and
achieve a high internal accuracy, but that when compared with ex-
ternal reference data, the solutions found this way often show strong
deviations, so that the external accuracy or correctness of the cali-
bration is not satisfactory. The behavior observed and supported by
simulation calculations indicates that the associated systems of equa-
tions converge, but are very susceptible to even small, systematic
disturbances due to low condition numbers. A calibration routine
is therefore preferred that breaks down the process into individual
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sub-steps and, if possible, uses reference information that is not part
of the deflectometric arrangement itself.

In a first step a classic photogrammetric calibration with ten pa-
rameters for describing the intrinsic orientation of all involved cam-
eras is carried out using calibrated targets. In this step, in order to
avoid systematic errors, it is important to ensure that the spectral
distribution of the light source that is used to illuminate the targets
is as similar as possible to that of the background lighting of the
liquid crystal display.

The topography of the liquid crystal screen is then determined
directly in the deflectometric setup, but independently of the de-
flectometric principle by means of a stereophotogrammetric camera
system, as shown in Figure 2.1. In this step, external information, in
particular about the pixel spacing of the display as obtained from a
measurement by means of an optical coordinate measuring machine,
is ideally used to increase the accuracy.
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Figure 4.1: Calibration mirror with attached photogrammetric targets. For better vi-
sualization, the shown image was composed of two seperate images, one
with exposure adjusted to the fringe pattern and one only showing the
photogrammetric targets. The red overlay indicates the results from el-
lipse detection.

To determine the relative orientation of the measuring camera and
the (not directly observable) display, a plane mirror as shown in Fig-
ure 4.1 with a diameter of 100 mm is used, which is equipped with
photogrammetry targets. The relative distances of the targets were
measured by an optical coordinate measuring machine and allow the
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determination of the mirror position by using only one camera. The
mirror can therefore be freely positioned during the calibration pro-
cess. Ideally, several measurements with different orientations of the
mirror are combined, to maximize the robustness and the accuracy.
But even in this case it has proven to be disadvantageous to make
use of the obvious overdetermination of the problem and to have
one or more of the orientation parameters of the calibration mirror
be adjust as free parameters.

This sequential procedure has proven to be very flexible and,
thanks to the different sources of information, also enables system-
atic residual errors to be identified, so that these can be further min-
imized through iterative improvements to components, calibration
routines and algorithms.

5 Measurement results

An assessment of the form measurement deviation that can be
achieved using the developed approaches and procedures is cur-
rently based on the measurement of selected flat and, in particular,
spherical test specimens. When selecting the test specimens, it was
the declared aim to utilize the usable dynamic range of the created
measurement setup as far as possible with regard to the maximum
curvature and dimension of the test objects. Using simulation calcu-
lation, a convex, spherical test object with an aperture diameter of 50
mm and a radius of curvature of -100 mm was identified as the ex-
treme value, which corresponds to a high aperture ratio of f/1. The
other end of the specimen range is formed by a concave specimen
with an aperture diameter of also 50 mm and a radius of curvature
of 4 inches. Furthermore, one concave and one convex test specimen
each with twice the radius of curvature resulting in an aperture ratio
of f/2 and a plane mirror, all with an aperture diameter of 50 mm,
were used for the qualification measurements.

The measurement data show that this selection of objects can cover
unfavorable borderline cases of the measurement setup. Figure 5.1
shows the resulting cases of maximum and minimum used display
area. Thus, global effects of the display (shape deviation, viewing
angle dependency, ...) as well as local effects (pixel structure, stripe
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pattern, ...) impact the measurements as potential sources of devia-
tion.

The absolute radii of curvature were determined by a MarSurf
LD 120 combined contour and roughness measurement station. The
specified form deviations of the test specimens verified by the con-
tour measurements are λ/4 in the case of the spherical mirrors and
λ/10 for the plane mirror. It therefore seems justified to ascribe
most of the deviations described below to the deflectometric mea-
surement.

display area

minimal observation area (concave, R = 8 inch, position 1)

maximal observation area (convex, R = -100 mm, position 1)

Figure 5.1: Minimal and maximal display observation areas within the range of cho-
sen measurement objects.

Table 1 summarizes the parameters that were achieved on the five
test objects in the course of a measurement campaign. It should be
emphasized that all measurements were carried out with the sys-
tem geometry unchanged, i. e. that apart from the sample position
no adaptions to the individual properties of the mirrors have been
made. For the special case of the plane mirror, only the range of de-
viations from a best fit plane and the standard deviation of these
deviations are listed as parameters. For spherical mirrors, based
on guidelines from the field of geometric metrology, a distinction
is made between a probing error size – in this case the deviation of the
radius of the best fit sphere from the reference radius – and a prob-
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ing error form – here the range of radial deviations from the best fit
sphere. In addition, the standard deviation of the radial deviations
of this evaluation is given. In order to be able to better assess the
influence of the probing error size on the probing error form, the prob-
ing error total is also specified, which is the peak-to-valley values of
the radial deviations from the spherical surface with the respective
reference radius.

Table 1: Measurement deviations achieved on test specimens with different radii of
curvature. All mirrors have an aperture diameter of 50 mm. A margin of 1
mm is not taken into account for the evaluation. Further explanation of the
parameters in the text.

nominal radius
reference

radius
(mm)

best fit
radius
(mm)

probing
err. size

(µm)

probing
err. form

(µm)

standard
deviation

(µm)

probing
err. total

(µm)
∞ (flat) ∞ – – (0.24) 0.06 0.24
8 inch (concave) 203.114 203.138 24.09 0.32 0.05 0.40
4 inch (concave) 101.513 101.502 -11.14 0.61 0.10 0.71
-200 mm (con-
vex)

-200.073 -200.02 52.52 0.47 0.08 0.65

-100 mm (con-
vex)

-99.941 -99.926 14.54 0.92 0.13 1.16

-0.12 0.13µm -0.12 0.2µm

R = ¥
(flat)

R = 8 inch
(convace)

R = 4 inch
(concave)

R = -200 mm
(convex)

R = -100 mm
(convex)

-0.39 0.23µm -0.2 0.27µm -0.53 0.39µm

Figure 5.2: Visual representation of the local deviation from the best fit element as
taken for probing error form according to Table 1. The color coding of the
individual images is selected differently, and each encompasses the range
of the corresponding probing error form.

The results in Table 1 show that the probing error form for all test
objects is less than 1 µm. As stated, these values are the range of
all radial deviations. For the standard deviation, here comparable to
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the RMS error, values in the two-digit to lower three-digit nanome-
ter range are achieved. The probing error size is consistently in the
double-digit micrometer range, which however cannot not be inter-
preted in a quantitative way, since only more or less small sections
of a complete spherical surface were measured. The indication of
the probing error with respect to a spherical surface of the respective
reference radius appears more meaningful, whereby an additional
spherical deviation is added to the probing error form. As a result, the
probing error total is on average approx. 25% higher than the probing
error form.

In Figure 5.2, the radial deviations from the best fit sphere are
shown for each of the five measurements listed. The range of these
radial deviations corresponds to the probing error form from Table 1.
The range of the color coding is chosen differently for the five sam-
ples and its interval corresponds to the probing error form. Due to the
spatial frequencies, the local distribution of the residual deviations
appears to be systematic in each case, but differ significantly across
the test objects.

To minimize the influence of the integration process on the form
measurement, existing integration techniques were further devel-
oped and compared. An implemented simulation environment has
proven to be extremely valuable, as it allowed to use synthetic data to
understand higher-order deviations and to minimize their impact. In
addition to a local integration approach – which correctly takes into
account the imaging distortions of the measuring camera and, com-
pared to earlier work [1], also eliminates curvature-dependent resid-
ual errors through an iterative evaluation – two global, model-based
approaches were implemented. With these, a polynomial surface –
optionally a conventional 2D polynomial or a Zernike polynomial
– is adapted to the measured surface normals, whereby any points
from internal distance reference can be used for regularization with
variable weighting.

In Figure 5.3, for one of the measurements from Figure 5.2 the
results obtained from different integration methods are compared.
In principle, only the local approach is able to map higher spatial
frequencies, but with regard to the form, all three approaches show
very good agreement. With the same polynomial order, however, the
Zernike polynomials have a somewhat greater tendency to overshoot
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at the edge of the test object, which means that the arithmetic range
is usually somewhat larger. The results from Table 1 and Figure 5.2
were calculated using 2D polynomials of order 12.
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Figure 5.3: Comparison of different integration strategies exemplified by the convex
mirror with Rnom = -100 mm. The color coding of the individual images is
chosen identically and covers the interval [-0.7 µm, 0.5 µm].

6 Summary

A significant improvement of the absolute accuracy of phase mea-
suring deflectometry was achieved by the performed work, which
covers a wide range of aspects that contribute to the absolute accu-
racy. It can be stated that the sub-systems and sub-problems of a
deflectometric setup can now be mastered at about the same level
as the underlying photogrammetric principle. As a matter of fact, at
least some of the remaining deviations can be attributed to not com-
pletely corrected optical distortions of the used cameras. These and
other systematic residual errors are subject of ongoing investigations.
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Abstract Collisions are a major cause of unplanned downtime
in small series manufacturing with machine tools. Existing so-
lutions based on geometric simulation do not cover collisions
due to setup errors. Therefore a concept is developed to en-
able a sensor-based matching of the setup with the simulation,
thus detecting discrepancies. Image processing in the spatial
and frequency domain is used to compensate for harsh condi-
tions in the machine, including swarf, fluids and suboptimal
illumination.

Keywords Manufacturing, collision avoidance, frequency do-
main

1 Introduction

In order to remain competitive in a global market, manufacturing
is under pressure to continuously improve quality, costs and flex-
ibility. There is a trend towards more variety in the final products,
leading in turn to smaller batch sizes in production, including single-
part production and mass customisation [1]. To be able to produce
such parts in an economic way, it is necessary to optimise differ-
ent stages of the production process. During the preparation phase,
the planning and setup effort need to be minimised, which relies
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heavily on experience: skilled workers know how to setup produc-
tion for a new batch and experienced engineers are needed to safely
plan the manufacturing process. The scarcity of these skills and the
cost of training increase the need for support from digital solutions.
New CAM (computer-aided manufacturing) software concepts help
to detect problems during process planning, but show deficits when
used in an Industry 4.0 environment [2]. The concept of a Digital
Twin connects digital process planning with information retrieved
via simulation or sensor measurements of the real process [3].

Another approach is to optimise the process on the machine level,
for example by reducing downtime through condition-based main-
tenance and process monitoring [4,5]. One major cause of downtime
are collisions between machine parts and production equipment, es-
pecially in small series manufacturing [5]. When correctly used, a
Digital Twin allows to use advanced CAM algorithms to avoid some
collisions already during the planning phase [6]. Other types of col-
lisions cannot be detected in advance due to the potential for human
error during the frequent and highly manual operation of setting
up fixtures and workpieces [7]. This can be prevented by using a
collision avoidance system. To apply such a system, all geometric
features need to be modelled correctly by hand or via importing
machine geometries and additional elements through given process-
planning data. The placement of these elements must be precise to
ensure that collision checking and avoidance algorithms work cor-
rectly. This is especially the case for the workpiece, fixtures, and
other supporting elements, as their geometry or position within the
machine can change after the planning stage. To overcome these
problems, the present contribution proposes a concept for collision
avoidance consisting of a combination of geometric simulation and
sensor-based inspection, thus avoiding collisions caused by discrep-
ancies between simulation and real contents of the work area.

2 State of the art

Existing solutions for collision avoidance in machine tools can be di-
vided into the following categories: collision check during process
planning, simulation-based dynamic collision avoidance, camera-
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Figure 2.1: Simulation (top) and camera image (bottom) for an exemplary setup.

based monitoring, and monitoring based on distance measurement.
Collision check during process planning is a widespread and com-
mercially available approach, in which a geometric model of ma-
chine tool, fixture, workpiece, and cutting tool is used to simulate
and verify the planned machining steps [8]. In dynamic collision
avoidance, a similar geometric model is used to check for collisions
(Figure 2.1), however it is integrated in an in-time simulation run-
ning during machine operation based on real-time and look-ahead
data from the machine control unit [9]. These systems come in two
flavours. They either check only for collisions between moving but
constant geometries, or they also consider the changing geometry
of the workpiece by simulating the material removal in real time as
well.

Camera-based monitoring approaches aim to detect discrepancies
between the real contents of the machine’s work area and a reference
geometry (either the geometry used to check the program during
process planning, or the situation when previously manufacturing
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identical parts). Existing solutions for camera-based monitoring ei-
ther overlay images from the geometric simulation and the real situ-
ation in the machine, and rely on a visual check by the operator [10],
or rely on reference images from previous parts of the same type [11].
Monitoring based on distance measurement relies on laser triangula-
tion, ultrasound, or inductive sensors to check the distance between
moving parts of the machine (e. g. the main spindle) and obstacles
such as the fixture and workpiece [12], however the position and
number of sensors is limited due to high costs and limited mounting
space.

Another approach to reducing costs due to collisions is collision
detection. Acceleration, force or motor current signals are used to
detect impacts and unexpectedly high loads, following which the
movement of the feed axes is stopped as quickly as possible. This
can limit the resulting damage to the machine, thus reducing repair
costs and downtime [13]. The approaches described above either re-
quire a visual check by the operator, don’t cover errors in setting
up fixture and workpiece, require significant effort for sensor inte-
gration, require reference images from previous manufacturing of
identical parts, or aren’t able to entirely avoid collisions.

3 General approach

The present approach aims to combine the advantages of simulation
and sensor-based approaches in a cost-effective solution for collision
avoidance focussing on small-series and single-part manufacturing.
In this context, it is especially relevant to ensure the first produced
part is a good part, with minimal effort for setting up, running-in
and human supervision. The combined system aims to detect mis-
takes in setting up or in the geometry model as well as discrepancies
occurring during manufacturing (e. g. different workpiece shape due
to a broken or wrong tool in a previous step, displaced workpiece
due to inadequate clamping). The geometry of machine, fixture,
workpiece and tool are modelled in the simulation-based collision
avoidance system ModuleWorks CAS, and the model is updated dur-
ing machine operation based on data from the machine control unit
and a material removal simulation [9]. The data obtained from the
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Figure 3.1: System architecture.

control unit comprises all the information necessary to simulate the
current and the future state of the machine within a certain time
span. Besides pure axis data, this also includes information on states
in which the tool should not be allowed to cut material (e. g. during
rapid movement or jog movements). If a future collision is detected
based on the look-ahead data in the simulation component during
automated movement, an alarm is sent to the machine to enable the
feed axes to be stopped in time. During manual jog movement, the
feed is controlled in such a way that the machine slowly approaches
a future collision situation and finally stops before the contact occurs.

In order for CAS to work properly, the setup in the machine needs
to be correct at all times. The workpiece in particular must be placed
with a high accuracy to allow for safe process conditions. The level of
accuracy required depends on the machining process, ranging from
below one mm to orders of magnitude smaller. The lower end of this
range cannot be checked with contactless sensor data alone within a
cost-effective solution. For the placement of fixtures and the work-
piece, the system therefore provides the possibility to position objects
to a work offset measured by a probing process, which is usually also
required to setup the machining process itself. However, the probing
process is also prone to collisions because the initial position of the
objects still has to be entered manually or based on information from
the CAM project. At this stage, but also during the machining pro-
cess itself, CAS is enhanced by a continuous sensor-based validation
of the modelled situation. To accomplish this, the simulation com-
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ponent of the collision avoidance system periodically transmits an
image of the current geometric model to a separate software system,
which is tasked with matching the geometry from the simulation
with sensor data acquired in the machine’s work area (Figure 2.1).
If a discrepancy is detected by the matching algorithm, an alarm is
sent to the machine control unit. An overview of the resulting sys-
tem architecture is shown in Figure 3.1. The approach is tested in
the machining centre DMC 60H, though care is taken to develop a
solution that is applicable to a wide range of machines. The follow-
ing section is dedicated to the image processing within the matching
algorithm.

4 Image processing

In the first prototypical implementation of the concept, a single cam-
era with a resolution of 1920x1080 pixels is used to observe the
machine setup. Simulation-based collision avoidance typically al-
lows for a safety clearance of 3 mm between bodies in the geometric
model. In order to detect all critical discrepancies, the measurement
and matching in this approach aims to detect deviations of 1 mm or
more from the simulated geometry. If required due to the manufac-
turing process, smaller deviations could then be handled by prob-
ing. Damage during probing can be avoided thanks to the previous
matching based on camera images.

The aim of image processing within the collision avoidance system
is to detect the contours of fixture, workpiece and other obstacles in
a sufficient quality for a subsequent comparison with data from the
geometric simulation. The conditions in machine tools lead to chal-
lenges due to obstruction by swarf (metal chips resulting from the
cutting process, ranging from small particles to long tendrils), fluids
(oil and coolant), and suboptimal lighting conditions. An example
of a workpiece partially covered by swarf and coolant is shown in
Figure 2.1. For each of these challenges, suitable image processing
methods are evaluated using images acquired in the machining cen-
tre DMC 60H.
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4.1 Spatial domain

The present approach uses processing in the spatial domain to detect
the contours of fixtures and workpieces through Canny edge detec-
tion, and to compensate for the influence of lighting and fluids. As
no object detection or semantic segmentation has been implemented
yet for this application, the region of interest for cropping was se-
lected manually.

The conditions for image acquisition in machine tools can be im-
proved by adding light sources, however the structure of machine
tools and the presence of reflecting metallic surfaces mean undesired
artefacts due to reflection and shadows remain frequent. Two light
sources are used to successively illuminate the scene from different
angles. In the resulting images, the position of artefacts linked to the
illumination changes. This effect is used by removing edges that do
not appear in the same position in both images (within a tolerance
of one pixel). The result is shown in Figure 4.1.

Coolant and cutting oil are frequently used to lubricate and cool
machining processes. These may cover patches of the workpiece or
fixture, thus causing additional edges in the captured images and
hampering the detection of contours. The present approach uses the
following steps to identify such additional edges:

• Bilateral filter

• Segmentation based on thresholding of pixel colour to identify
coolant

• Adding similarly coloured neighbouring pixels to the segment

• Dilation of the identified segment

The original image is subjected to Canny edge detection, then all
edges within the identified segment are removed. An example for
this procedure is shown in Figure 4.2.

4.2 Frequency domain

Additional image processing is performed in the frequency domain,
with the aim of removing edges due to swarf and other causes such
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Figure 4.1: Removal of additional edges due to lighting. Images taken while varying
the lighting (a, c) display additional edges due to the lighting conditions
(b, d). These are identified and removed by comparing the images, thus
leading to the improved image (e).

as scratches, chipped painted surfaces, and corrosion. These undesir-
able features are linked to randomly oriented edges and high spatial
frequencies (Figure 4.3).

After using the 2-dimensional discrete Fourier transform (2D DFT)
on the original image, the logarithmically scaled amplitude spectrum
is subjected to a filter mask. After inverse 2D DFT, Canny edge
detection is performed on the filtered image. The filter mask aims
to select the dominant directions in an image and eliminate high
frequencies, it is generated automatically for each image.

The dominant directions in the image appear as lines in the am-
plitude spectrum. The spectrum is binarised based on a threshold
k, then the number of white pixels is counted for each line passing
through the centre of the image, thus creating a histogram of direc-
tions. This histogram is smoothed by applying a moving average,
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Figure 4.2: Removal of additional edges due to coolant. (a) Original image with
coolant; (b) Edges detected in original image; (c) Coolant identified and
marked in black; (d) Image after removal of edges due to coolant.

Figure 4.3: Examples of original images containing swarf and edge images without
filtering.

then local maxima with a prominence of at least p are determined
(Figure 4.4). The filter mask for dominant directions is the union of
the following:

• Stripes with a width of b around each of the identified domi-
nant directions,

• A disc with a radius of r1 in centre of image.

The complete filter mask is the intersection of the above with a low
pass filter (with a radius of r2). Figure 4.5 shows the resulting im-
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Figure 4.4: Selection of dominant directions in the amplitude spectrum, applied to
Figure 4.3a.

Figure 4.5: Results after filtering. (a) Fig. 4.3a after filtering in frequency domain and
inverse transformation; (b) Edges detected in Fig. 4.5a; (c) Edges detected
after filtering of Fig. 4.3c.

ages after filtering, inverse DFT and Canny edge detection for the
examples from Figure 4.3.

The parameters k, p, r1, r2, b and the parameters for Canny edge
detection are determined manually based on a representative se-
lection of images, whereas the automatically generated filter mask
adapts to scenes with different orientations.
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5 Summary and further work

A concept was developed for a collision avoidance system covering a
larger range of collision causes than existing solutions and especially
well-suited to small series and single part manufacturing. The pro-
posed system runs during the operation of a machine tool and com-
bines a state-of-the-art geometric simulation with a sensor-based in-
spection of the work area. The encouraging initial results presented
in this contribution concern the processing of images acquired in
the harsh conditions of a machine tool’s work area. Further work is
needed to perform a wider evaluation for a representative selection
of workpieces. The authors also plan to implement automated object
detection and extend the concept in order to adjust the simulation
model and tool path to the measured reality of the working area.
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Zusammenfassung Die Zulassung von Feuerlöschern erfor-
dert die Durchführung von Versuchen für den Nachweis
der Löschfähigkeit eines Feuerlöschermodells. Damit die-
ser Versuch unabhängig von den Fähigkeiten menschlicher
Löschmeister wird, soll die Durchführung automatisiert wer-
den. Dafür sollen Algorithmen gefunden werden, die mit-
hilfe einer Farb- und einer LWIR-Kamera Flammen und
Glutnester lokalisieren können. Diese Informationen sollen
genutzt werden, um den Löschversuch effektiv und effizi-
ent durchzuführen. Dafür werden in diesem Beitrag sechs
Algorithmen zur Lokalisierung von Flammen in Farbbil-
dern und drei Algorithmen zur Lokalisierung von Glut in
den Bildern einer Infrarotkamera anhand der Kriterien Sen-
sitivität, Falsch-Positiv-Rate, Intersection over Union und
Ausführungsgeschwindigkeit verglichen, um jeweils einen
passenden Algorithmus auszuwählen.

Keywords Lokalisierungsalgorithmen, Feuerlokalisierung,
Glutdetektion

1 Einführung

Tragbare Feuerlöscher sind ein zentraler Bestandteil von Brand-
schutzmaßnahmen an Arbeitsstätten und im öffentlichen Nahver-
kehr. Die Menge an Feuerlöschern, die bereitzustellen ist, richtet sich
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zum einen nach der jeweiligen Brandgefahr und zum anderen nach
den Eigenschaften des Feuerlöschers. In der DIN EN 3-7 [1] sind so-
wohl die Anforderungen an Feuerlöscher als auch deren Zertifizie-
rung beschrieben. Für die Prüfung der Fähigkeit eines tragbaren Feu-
erlöschers, Brände der Brandklasse A (Feststoffe, die unter Bildung
von Glut brennen [2], z. B. Holz) zu löschen, schreibt die angegebe-
ne Norm das Löschen eines Testobjekts mit definiertem Aufbau vor.
Aktuell wird diese Prüfung von menschlichen Löschmeistern durch-
geführt, die auf Basis langjähriger Erfahrung ihre Vorgehensweise
beim Löschen des Testbrandes an die begrenzt verfügbare Menge
an Löschmittel in einem Feuerlöscher angepasst haben. Damit sie
das Feuer effektiv bekämpfen können, differenzieren sie zwischen
Flammen und Glut und wenden verschiedene Löschtechniken an,
um diese jeweils zu bekämpfen. Mit dem Ziel, die Vergleichbarkeit
der Ergebnisse dieser Prüfung und somit die Qualität der Zertifizie-
rung insgesamt zu verbessern, soll der Löschvorgang zur Zertifizie-
rung von Feuerlöschern automatisiert werden. Dafür müssen Flam-
men und Glut in einem Brand mit geeigneten Bildverarbeitungs-
Algorithmen erkannt werden. Auf Basis der mit diesen Algorithmen
gewonnenen Informationen über den Brand werden Ziele und Ziel-
bereiche vorgegeben, in denen das Löschmittel aufzubringen ist. Das
Ziel dieser Arbeit ist es, Methoden zur Lokalisierung von Flammen
und Glut vergleichend zu evaluieren, um so jeweils einen für das
automatisierte Löschen eines Normbrandes geeigneten Algorithmus
auszuwählen.

Diese Arbeit präsentiert in Abschnitt 2 den Stand der Forschung
auf dem Gebiet der Feuerlokalisierung und der Glutlokalisie-
rung. Anschließend werden anhand der Rahmenbedingungen des
Normbrandversuchs relevante Kriterien für die Auswahl geeigneter
Algorithmen hergeleitet. In Abschnitt 4 wird dann eine Vorauswahl
an Algorithmen anhand der gefundenen Kriterien vergleichend
bewertet und jeweils ein Algorithmus für die weitere Entwicklung
eines Systems für die automatisierte Durchführung der Normbrand-
versuche ausgewählt.
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2 Stand der Forschung

2.1 Lokalisierung von Flammen

Einen guten Überblick über die bis 2013 entwickelten Algorithmen
zur Detektion von Feuer und Rauch bietet [3]. Die dort aufgeführten
Algorithmen basieren auf einer Kombination mehrerer charakteris-
tischer Eigenschaften von Flammen. Besonders relevant in diesem
Zusammenhang ist die Farbe einer Flamme, die als häufigstes Kri-
terium zum Beispiel in [4–6] verwendet wird. Zusätzlich verwenden
zum Beispiel die Algorithmen in [7–9] die zeitliche Veränderung der
Form von Flammen oder die Unregelmäßigkeit ihrer Bewegung wie
etwa in [10]. Diese unterscheidet sie von den meisten anderen be-
weglichen Objekten, da diese zumeist regelmäßige Bewegungsmus-
ter haben. Für eine Lokalisierung hingegen wird die charakteristi-
sche Bewegung der Flamme kaum eingesetzt.

Die Algorithmen zur Lokalisierung von Feuer in Kamerabildern
in [8, 11, 12] setzen verschiedene Formen farbbasierter Features ein.
In [12] wird jedes Pixel mit einem naiven Bayes Klassifikator ent-
weder der Klasse Feuer oder kein Feuer zugeordnet. Zusätzlich wird
jedes Bild in Superpixel unterteilt, und diese werden anhand ih-
rer jeweiligen Texturen den genannten Klassen zugeordnet. In [11]
werden die Pixel jedes Bildes anhand der Auftrittswahrscheinlich-
keiten bestimmter Farbwerte in Flammen der Klasse Feuer zugeord-
net. Dafür werden anhand von Trainingsdaten diese Auftrittswahr-
scheinlichkeiten bestimmt. Anschließend wird anhand der Entropie
eine weitere Eigenschaft von Flammen überprüft, um die Fehlde-
tektionsrate zu verringern. Die in [8] für die Lokalisierung von De-
flagrationen vorgestellte Methode setzt neben einem regelbasierten
Kriterium für die Farben von Flammen und einem Kriterium für die
Ausdehnung der als Flammen segmentierten Bereiche ein Hinter-
grundmodell ein.

Einige auf CNN basierenden Methoden setzen mit großen Bild-
datensätzen vortrainierte CNNs ein, welche anhand vergleichsweise
kleiner Datensätze mit domänenspezifischen Bildern auf die Lokali-
sierung von Flammen angepasst werden. Diese Vorgehensweise wird
als Transferlernen bezeichnet. Ein solcher Ansatz wird zum Beispiel
in [13] vorgestellt. Dort wird ein auf SqueezeNet [14] basierendes
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CNN mit Hilfe von Bildern von Feuer auf die Flammenerkennung
spezialisiert. Für die Lokalisierung wird eine Featuremap aus dem
CNN als Maske verwendet. In [15] werden mehrere CNN für die Lo-
kalisierung von Objekten mit Transferlernen auf Feuer spezialisiert.
Von den dort vorgestellten Architekturen hat YOLO [16] die bes-
ten Resultate hervorgebracht. In [17] wird DeepLabv3 [18], ein CNN
für die semantische Segmentierung von Feuer, mittels Transferlernen
angepasst. Dieser Ansatz verspricht die Flammen am genausten zu
lokalisieren, ist aber zugleich auch der komplexeste Ansatz.

2.2 Lokalisierung von Glut

Die bildverarbeitungsbasierte Lokalisierung von Glut ist bisher
kaum als dezidiertes Problem erforscht. Es existieren jedoch ver-
schiedene Ansätze für sehr ähnliche Probleme. Ein Einsatzgebiet
ist zum Beispiel die Lokalisierung von schwelenden Torfbränden
mit Erdbeobachtungssatelliten. In [19] werden anhand der Daten ei-
nes Infrarotspektrometers die Bildbereiche ausgewählt, die Tempe-
raturen im für schwelende Torfbrände typischen Bereich aufweisen.
Dieser liegt deutlich unterhalb der Temperaturen von mit Flammen
brennenden Bereichen und deutlich oberhalb der Umgebungstempe-
ratur. Der relevante Temperaturbereich für Torfbrände unterscheidet
sich von dem für glühendes Holz, die Lokalisierung kann aber auf
die gleiche Art durchgeführt werden.

In [20] werden zwar keine Glutnester detektiert, allerdings
lässt sich die Methode, die hier zur Detektion von Hotspots auf
Photovoltaik-Anlagen eingesetzt wird, ebenso für die Detektion von
heißen Stellen in einem gelöschten Brand einsetzen, also zur Iden-
tifikation von Glutnestern. Dabei setzen die Autoren auf den Ein-
satz von k-Means-Clustering, um Bereiche mit von der Umgebung
stark abweichenden Temperaturen zu finden. Mit dieser Methode
wird der große Temperaturunterschied zwischen Umgebung und
dem Bereich von Interesse für eine Lokalisierung genutzt. Dieser
Methode fehlt aber eine Berücksichtigung der absoluten Tempera-
tur, sodass zu jedem Zeitpunkt zwei Temperaturcluster gesucht wer-
den. Eine vergleichbare Vorgehensweise findet sich auf Kohlehal-
den, wo Schwelbrände lokalisiert werden sollen, die bei der Selbs-
terwärmung der Kohle entstehen können [21].
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In [22] werden Brände mit einem Infrarotstereokamerapaar lokali-
siert. Für die Identifikation von Pixeln wird ein Schwellwert für
die Temperatur von T = 300◦C festgelegt, da Brände eine deut-
lich höhere Temperatur besitzen als der Hintergrund der Szene.
Zusätzlich wurde die Annahme getroffen, dass es sich bei dem Feuer
um den größten segmentierten Bereich in den Aufnahmen handelt.
Da diese Schwelle jedoch sehr niedrig gewählt ist, werden so nicht
nur Flammen, sondern auch Glutnester segmentiert.

3 Anforderungen an die Algorithmen zur Lokalisierung
von Flammen und Glut

Beim Normbrandversuch nach DIN EN 3-7 [1] gilt es, mit der vor-
handenen Menge an Löschmittel einen möglichst großen Löscheffekt
zu erzielen. Dafür muss das Löschmittel so appliziert werden, dass
es dort wirkt, wo die Verbrennungsreaktion am intensivsten statt-
findet. Diese Stellen sind zum einen die Flammen und zum anderen,
sobald die Flammen gelöscht sind, die Glutnester. Eine Lokalisierung
von Flammen und Glut soll mittels eines multimodalen Kameraver-
bunds ermöglicht werden. Darin soll eine Farbkamera für die Loka-
lisierung der Flammen eingesetzt werden und eine Infrarotkamera
für die Lokalisierung der Glutnester. Diese Aufteilung ist gewählt,
da so die Möglichkeit besteht, beide Merkmale zu lokalisieren und
zu unterscheiden. Die Unterscheidung ist erforderlich, um den Ein-
satz von Löschmittel entsprechend anzupassen und für die weniger
heißen Glutnester auch entsprechend weniger Löschmittel einzuset-
zen.

Eine geeignete Methode lokalisiert die Flammen, bzw. die Glutnes-
ter, möglichst genau, um einen genauen Auftrag des Löschmittels auf
die lokalisierten Stellen zu ermöglichen. Für die Bewertung dieses
Kriteriums wird zum einen die Wahrscheinlichkeit bestimmt, dass
der jeweils getestete Algorithmus eine Flamme erkennt. Dafür wird
die Kenngröße der Sensitivität verwendet, deren Berechnung in Glei-
chung 3.1 beschrieben ist. Sie ist der Quotient aus richtig positiven
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(RP) Detektionen und der Summe dieser mit den falsch negativen
Detektionen (FN).

s =
RP

FN + RP
(3.1)

Zum anderen wird für die korrekt erkannten Flammen bestimmt,
wie genau die Lokalisierung ist. Dafür werden die Bounding Boxen
der lokalisierten Flammen mit den in den Grundwahrheiten hin-
terlegten Bounding Boxen verglichen. Die Intersection over Union
(IOU) ist der in Gleichung 3.2 dargestellte Quotient aus der Schnitt-
fläche As und der vereinigten Fläche Av von der Bounding Box der
Lokalisierung und der Bounding Box der Grundwhrheiten.

IOU =
As

Av
(3.2)

Weiterhin soll die Rate an Fehlalarmen möglichst gering sein, damit
möglichst kein Löschmittel für falsche Ziele verschwendet wird. Als
Maß für die Fehlalarmrate wird die Falsch-Positiv-Rate (FPR) ver-
wendet, welche sich, wie in Gleichung 3.3 dargestellt, als Quotient
der falsch positiven (FP) Detektionen und der Summe der FP mit
den richtig negativen (RN) Detektionen berechnet.

FPR =
FP

RN + FP
(3.3)

Ein letztes Kriterium ist die Ausführungsgeschwindigkeit der Al-
gorithmen. Diese sollte möglichst hoch sein, um die Steuerung des
Löschvorgangs in Echtzeit zu ermöglichen und auf Veränderungen
der Situation während des Brandversuchs reagieren zu können. Die
Entscheidung für jeweils einen Algorithmus zur Lokalisierung von
Flammen und Glut wird anhand der oben beschriebenen Kriterien
vorgenommen.

4 Auswertung

Für die Auswertung der vorgestellten Methoden zur Flammen-
lokalisierung werden 65 Videos aus [12] und [23] sowie eigene
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Aufnahmen verwendet, die insgesamt aus 4394 einzelnen Frames
bestehen. Die Infrarotbilder stammen aus einem eigenen Datensatz,
der 86 Aufnahmen enthält, von denen 43 glühendes Holz zeigen.
In Abb. 4.1 sind Beispiele der für die Auswertung verwendeten
Farbbilder (Abb. 4.1(a)) und IR-Bilder (Abb. 4.1(b)) dargestellt. Die
Implementierung und Auswertung der Methoden erfolgte in Matlab
auf einem PC mit Intel Core i7-8565U mit 1, 8GHz Basistakt und
16GB Arbeitsspeicher.

(a) Beispielbild aus dem Testdatensatz
der Farbbilder

(b) Beispielbild aus dem Testdatensatz
der Infrarotbilder

Abbildung 4.1: Beispielbilder aus einem nach DIN EN 3-7 aufgebauten Brand
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4.1 Vergleich der Methoden zur Flammenlokalisierung

Wie bereits in Abschnitt 2.1 dargelegt, gibt es für die Lokalisierung
von Flammen in Kamerabildern verschiedene Ansätze. Es werden
hierfür die Ansätze aus [8, 11–13, 15, 17] implementiert und anhand
der in Abschnitt 3 hergeleiteten Kriterien auf ihre Eignung für den
Einsatz beim automatisierten Löschen von Normbränden hin unter-
sucht.

Für das Training von [11] und [12] wird der Datensatz mit Aus-
schnitten aus Flammenbildern von [12] verwendet. Für das Training
der Methoden [13,15,17] werden Bilder aus den Datensätzen [12,23]
sowie aus eigenen Aufnahmen verwendet.

In Tabelle 1 sind die Ergebnisse der Auswertung der vorgestell-
ten Algorithmen dargestellt. Auf Basis dieser Ergebnisse lässt sich
erkennen, dass die Sensitivität der Erkennung von Flammen bei den
Algorithmen [8, 11, 12] am höchsten ist. Eine nur geringfügig niedri-
gere Sensitivität weisen [13,15] auf. Der Algorithmus nach [17] weist
auf dem Testdatensatz die mit Abstand niedrigste Sensitivität auf.
Die Auswertung der IOU zeigt, dass die Lokalisierungen des Algo-
rithmus [12] die höchste Übereinstimmung mit den Grundwahrhei-
ten besitzen und die Algorithmen nach [8, 17] die niedrigsten. Diese
beiden Algorithmen weisen zusätzlich jeweils eine hohe FPR auf. Die
FPR ist insbesondere deshalb so hoch, da in jedem Testbild beliebig
viele Fehler passieren können. Bei [13] führen zum Beispiel fehlerhaft
segmentierte Bereiche in Bildern, in denen auch eine korrekte Detek-
tion gefunden wird, zu der hohen FPR. Gute Ergebnisse für dieses
Kriterium erreichen besonders die Algorithmen nach [11, 15], die im
Vergleich mit den übrigen Algorithmen deutlich niedrigere FPR auf-
weisen. Die Auswertung der mittleren Ausführungszeit ergibt, dass
die Ausführung des auf DeepLab basierenden Algorithmus [17] um
ein Vielfaches langsamer ist als die der übrigen Algorithmen. Das
liegt wiederum an der hohen Komplexität der verwendeten CNN-
Architektur. Am schnellsten ist die Ausführung eines Durchlaufs des
Algorithmus nach [8], welcher darauf spezialisiert ist. BOWFire [12]
und der auf SqueezeNet basierende Algorithmus [13] sind in etwa
gleichauf, genauso wie die noch etwas langsameren Algorithmen
nach [11] und [15]. Dabei ist anzumerken, dass die Ausführungszeit
der auf CNN basierenden Methoden weniger stark von der Größe
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der Eingangsbilder abhängt als die übrigen Algorithmen, da die Ein-
gangsschicht der CNN jeweils eine konstante Dimension besitzt.

Tabelle 1: Ergebnisse der Flammenlokalisierungsmethoden auf den Testdaten

Algorithmus Sensitivität FPR IOU Zeit
[8] 82, 12% 93, 04% 26, 13% 8, 24ms
[11] 83, 59% 18, 63% 53, 12% 72, 75ms
[12] 81, 95% 69, 27% 60, 08% 30, 46ms
[13] 72, 53% 69, 73% 51, 46% 20, 71ms
[15] 74, 85% 1, 86% 45, 22% 81, 87ms
[17] 43, 81% 92, 02% 14, 78% 583, 6ms

Aus der Kombination der Ergebnisse folgt, dass als Algorithmus
für das automatisierte Löschen eines Normbrandversuchs nach DIN
EN 3-7 [1] die zwei Algorithmen nach [11, 15] in Frage kommen.
Dabei weist der Algorithmus nach [11] sowohl eine höhere Sensi-
tivität bei der Erkennung von Flammen als auch eine höhere Ge-
nauigkeit in der Lokalisierung sowie eine geringfügig schnellere
Ausführungsgeschwindigkeit auf. Der Algorithmus nach [15] hin-
gegen hat hingegen die mit Abstand geringste FPR. Da [11] anhand
der Ergebnisse die insgesamt bessere Lokalisierung von Flammen
verspricht, wird dieser Algorithmus für den Einsatz im automati-
sierten Löschen ausgewählt und die etwas höhere FPR akzeptiert.

4.2 Vergleich von Methoden zur Glutdetektion

Die Detektion von Glutnestern und heißen Stellen, die zu einer Wie-
derentzündung des Brandes führen können, basiert ausschließlich
auf dem Temperaturunterschied dieser Bereiche im Vergleich zum
Hintergrund. Das Beispielbild in Abb. 4.1(b) zeigt, dass sich diese
Bereiche deutlich vom Hintergrund abheben. Im Folgenden werden
die Methoden auf Basis von [19,20,22] vergleichend evaluiert. Dafür
werden die bereits für die Flammendetektion beschriebenen Kriteri-
en verwendet. Die Ergebnisse werden mit einem eigenen Datensatz
aus 86 IR-Bildern von glühendem Holz sowie IR-Bildern ohne Glut
generiert.

In Tabelle 2 sind die Ergebnisse der Anwendung der beschriebe-
nen Methoden auf die Testdaten dargestellt. Es ist ersichtlich, dass
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Tabelle 2: Ergebnisse der Glutlokalisierungsmethoden auf den Testdaten

Algorithmus Sensitivität FPR IOU Zeit
[19] 99, 15% 41, 89% 71, 62% 0, 1ms
[20] 99, 15% 91, 76% 64, 58% 8, 35ms
[22] 99, 15% 6, 52% 81, 04% 0, 1ms

alle drei getesteten Algorithmen eine sehr hohe Sensitivität für die
Detektion von Glut besitzen. Anhand der mittleren IOU der drei Al-
gorithmen ergibt sich, dass [22] die höchste Übereinstimmung mit
den Grundwahrheitswerten aufweist. Die Betrachtung der FPR zeigt
jedoch, dass der Algorithmus nach [20] hier am schlechtesten ab-
schneidet, da er aufgrund eines fehlenden Bezugs zu einer absoluten
Temperatur eine große Zahl an falsch positiven Detektionen in den
Bildern ohne Glut generiert. Der Algorithmus nach [22] besitzt die
niedrigste FPR.

Bei der Ausführungsdauer ist die Lokalisierung mit K-Means [20]
im Mittel erheblich langsamer als die anderen beiden Methoden. Ver-
glichen mit den Methoden zur Flammenlokalisierung ist diese Me-
thode jedoch sehr schnell, was neben der geringeren Komplexität
der Methode auch an den geringeren Auflösungen der Eingangsbil-
der liegt.

Für die Detektion von Glut ergibt sich der Algorithmus nach [22]
als in allen betrachteten Kriterien führend und wird dementspre-
chend für die Umsetzung des automatisierten Normbrandversuchs
eingesetzt, um Glutnester und heiße Stellen nach dem Ablöschen der
Flammen in einem Brand zu lokalisieren.

5 Zusammenfassung

Die Automatisierung des Normbrandversuchs nach DIN EN 3-7 [1]
erfordert Bildverarbeitungsalgorithmen, die es ermöglichen, Flam-
men und Glut zu lokalisieren, um den Brand möglichst effizient
bekämpfen zu können. Mehrere Algorithmen aus dem Stand der
Forschung sind anhand ihrer Sensitivität, Falsch-Positiv-Rate, IOU
und Ausführungsgeschwindigkeit verglichen worden, um den für
diese Aufgabe am besten geeigneten Algorithmus zu bestimmen.
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Für die Flammenlokalisierung eignen sich besonders die Algorith-
men [11, 15]. Die IOU und die Sensitivität sind bei [11] höher und
auch die durchschnittliche Ausführungsgeschwindigkeit ist etwas
geringer als bei dem Algorithmus nach [15]. Mit [15] ist die FPR
dagegen deutlich geringer als bei [11]. Daraus resultiert zusammen-
genommen die Auswahl von [11] für die Lokalisierung von Flammen
im Kontext des Normbrandversuchs.

Die Detektion von Glut bietet keinen vergleichbar breiten Stand
der Forschung, da die Lokalisierung selten als eigenständiges Pro-
blem bearbeitet wird. Die getesteten Algorithmen basieren auf der
Segmentierung anhand von Temperaturschwellen und sind auf-
grund ihrer geringen Komplexität effizient zu berechnen. Für den
Einsatz im Normbrandversuch wird entsprechend der Methode in
[22] ein einfacher Schwellwert gewählt, um die Glut zu lokalisieren,
da diese sowohl bezüglich der IOU als auch in der FPR und der
Ausführungszeit die besten Ergebnisse liefert.

Mit diesen beiden Algorithmen ist die Basis für eine Steuerung des
Löschvorgangs im Normbrandversuch gelegt. Die Lokalisierungser-
gebnisse, die die beiden hier ausgewählten Algorithmen produzie-
ren, lassen in einem Brand die für das effiziente Löschen essen-
tiellen Flammen und Glutnester lokalisieren und als Ziele für das
Löschmittel festlegen.
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tierung von beweglichen und morphologisch variablen Objekten am
Beispiel der Deflagrationsdetektion,” in Forum Bildverarbeitung 2018,
F. Puente León, M. Heinzmann, and T. Längle, Eds. Karlsruhe: KIT
Scientific Publishing, 2018, pp. 241–252.

9. P. Foggia, A. Saggese, and M. Vento, “Real-Time Fire Detection for
Video-Surveillance Applications Using a Combination of Experts Based
on Color, Shape, and Motion,” IEEE Transactions on Circuits and Systems
for Video Technology, vol. 25, no. 9, pp. 1545–1556, 2015.

10. S. Verstockt, “Multi-modal Video Analysis for Early Fire Detection,” Dis-
sertation, Universiteit Gent, Gent, 14.12.2011.

11. B. M. N. de Souza and J. Facon, “A fire color mapping-based segmenta-
tion: Fire pixel segmentation approach,” in 2016 IEEE/ACS 13th Interna-
tional Conference of Computer Systems and Applications (AICCSA). IEEE,
29.11.2016 - 02.12.2016, pp. 1–8.

12. D. Y. T. Chino, L. P. S. Avalhais, J. F. Rodrigues, JR., and A. J. M. Traina,
“BoWFire: Detection of Fire in Still Images by Integrating Pixel Color
and Texture Analysis,” pp. 95–102, 2015.

13. K. Muhammad, J. Ahmad, Z. Lv, P. Bellavista, P. Yang, and S. W. Baik,
“Efficient Deep CNN-Based Fire Detection and Localization in Video
Surveillance Applications,” IEEE Transactions on Systems, Man, and Cy-
bernetics: Systems, vol. 49, no. 7, pp. 1419–1434, 2019.

14. F. N. Iandola, S. Han, M. W. Moskewicz, K. Ashraf, W. J. Dally, and
K. Keutzer, “SqueezeNet: AlexNet-level accuracy with 50x fewer para-
meters and< 0.5 MB model size,” arXiv preprint arXiv:1602.07360, 2016.

15. P. Li and W. Zhao, “Image fire detection algorithms based on convolu-
tional neural networks,” Case Studies in Thermal Engineering, p. 100625,
2020.

16. J. Redmon and A. Farhadi, “YOLOv3: An Incremental Improvement.”

194



Lokalisierung von Flammen und Glut
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Abstract The supporting slats of laser flatbed machines cause
process reliability problems, such as tilted parts colliding with
the cutting head. In order to mitigate these problems the po-
sition of the supporting points for a part to be cut must be
known, before the machines numerical control program can
be changed accordingly. Being able to detect the position of
supporting slats accurately is necessary to do that. This work
compares image processing methods to localize the support-
ing slats in single images. The best features are based on filters
in the frequency domain and can have accuracies above 96 %.

Keywords Image processing, object detection, object localiza-
tion, laser cutting, laser flatbed machine

1 Introduction

Laser flatbed cutting machines (LFMs) are an important part in the
sheet metal production process, as they are able to efficiently cut
contours of any form. In the LFM layout, the metal sheet is still,
while the cutting head moves above it. Supporting slats are used
to support the metal sheet during the cutting process. The slats are
metal strips, that are a few millimeters wide and are basically a row
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of isosceles triangles (see Fig. 1.1 left). The slats are attached to the
pallet at certain positions, where the slat is pushed into a socket.

Figure 1.1: Left: Supporting slats of a LFM. Right: An example image of the empty
pallet, with detailed sections of the left and right upper corners below.

Whilst being cost efficient and decently robust regarding the ad-
verse conditions under the sheet being cut, the supporting slats cause
some problems with the process reliability [1]. For example, a part
may tilt after being cut free, depending on the position of support-
ing tips under that part and the gas pressure. A tilted part can cause
collisions with the cutting head leading to downtime of the machine.
Also, if cutting right above a tip, the slat might be damaged unnec-
essarily and the part can have lower quality due to visible marks [1].

In order to prevent these problems, adjustments to the numeri-
cal control program of the machine have been suggested, namely
changes to the nesting layout [1] and the tool path [2]. However,
these approaches assume that the position of the supporting tips rel-
ative to the raw metal sheet is known in advance. This is generally
not the case with the LFMs in use today.

Reference [3] presented different methods to measure the support-
ing slats of LFMs. Whilst that work focused on laser triangulation, it
pointed out a big advantage of detecting slats in single images: there
is almost no auxiliary process time needed. As it is unclear which
method is best suited to detect slats in an image, this work compares
different methods.

The task is to find an estimator that is first able to identify the
slat tips in the image and then translate this information to the slat
socket positions of the pallet. A major difficulty is the possible varia-
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tion in the appearance of the slats. They can be made from different
materials, mostly mild steel, stainless steel and copper. Also, cutting
causes wear and tear of the slats. Firstly, the drops of molten mate-
rial exiting from the cutting kerf stick to the slats. A well-used slat
therefore has multiple colours (see Fig. 1.1 right). A different cause
of the variation in the images is the background. The machine has
two pallets, so one might be above the other. The lower pallet can be
seen through the upper pallet from the camera perspective. Also, in
an industrial setting there are often scrap pieces of metal on the floor
below the pallet, which can also be seen through the pallet.

In the next section we present the state of the art of object detection
and localization in single images. In Section 3, the different features
and classifiers of this work are explained in detail. The test set and
the results of the methods are presented in Section 4, before Section
5 concludes the work.

2 State of the art

Whilst there is a comprehensive body of literature on object detec-
tion and localization in images, the problem of localizing supporting
slats of LFMs in single images has never been studied before to the
knowledge of the authors.

The definition of the terms object detection and object localization
in different image processing works is not always the same. Some-
times these terms are used almost interchangeably, because predict-
ing that an object is present in an image is usually based on features,
whose appearance in the image can be restricted to certain locations
of the image. For the rest of this work we will define object localiza-
tion to include the detection and accurate estimation of the location
of the searched object [4].

An established method for object localization is template match-
ing. A known template is convolved with the image, resulting in the
feature image. When detecting a single instance of an object in an
image, classification is performed by selecting the highest peak [5].

Another approach to localization of an object in an image is par-
allel projection. In 2D images, the parallel projection is equivalent
to summing the pixel values in a given direction or an integral over
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that axis. It is used in some medical image processing works to lo-
calize a tool, e. g. a needle, in a 3D image obtained by ultrasound
imaging [6].

Most other successful frameworks do not focus on object detection
and localization in the sense of this paper. The SIFT algorithm [7] for
example can find different known objects at different scales and ro-
tations. However, in our case there is only one object of the same size
and problems arise because of high variance in lighting, background
and wear conditions.

The most recent and for many use cases very successful method
is applying convolutional neural nets for image processing. Because
there are only about 200 images available for training and validating
such a framework, this approach is not further pursued.

3 Methods

3.1 Image Acquisition and Perspective Transformation

The camera taking the images is mounted on top of the LFM over-
looking the pallet outside of the machine body (see Fig. 3.1). The
perspective requires a camera with a wide-angle lens.

Figure 3.1: The position of the camera on the machine body.

The image perspective is transformed, so that it displays the scene
from a birds-eye view. The resulting image (see Fig. 1.1 right) has a
size of 1600 by 3100 pixels. Note that the perspective transformation
leads to the slats close to the machine body being seen from above,
whereas the slats on the other side of the pallet are seen at an angle.
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3.2 Features

Intuitively, slats are vertical lines in the images. The triangular shape
of the tips leads to many edges and corners along the slat. They can
also be seen as a texture. Hence, the features selected for further
study are different edge and corner detectors, Laws’ energy mea-
sures and a hand-crafted model of slats in the spatial frequency do-
main. In order to establish a baseline, the unmodified images are
also used as an input to the two classifiers introduced in Section 3.3.

Edge and Corner Detectors

An edge in image processing is simply put a large change in bright-
ness along a line in the image. The change in brightness can be
detected by analyzing the first or second derivative of pixel values.
Hence, two approaches are tested, namely the gradient-of-Gaussian
filter and the Difference-of-Gaussians (DoG) filter.

The first is an approximation based on the gradient of the image.
It can be shown that a smoothing of the image with a Gaussian low-
pass filter and a differentiation of the image is equal to a convolution
of the image with the derivative of a Gaussian low-pass filter [5]. Dis-
crete sampling of the Gaussian low-pass filter will result in a discrete
formulation of the gradient-of-Gaussian filter.f

The Laplacian-of-Gaussian filter is an approximation of the sec-
ond derivative of the smoothed image [8], which can be used for
edge detection. The Laplacian filter is the simplest approximation
of the second derivative obtained by a convolution. However, it is
rather sensitive to noise, which is why the image is smoothed with a
Gaussian low-pass filter. A discrete implementation is approximated
by the DoG filter, which is based on the difference of two Gaussian
functions with different standard deviations [5].

For corner detection, the Harris corner detector is used [9]. The
idea for this detector is to take a small window of the image and test
how much change happens to the values if the window is shifted by
a small distance in all directions. In an area with no edges or cor-
ners, the change in pixel values will be low. If an edge is present,
the change will be low in direction of the edge. At a corner how-
ever, there is significant change in all directions, when the window
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is moved. A more formal and detailed description can be found
in [5, 9].

Laws’ Energy Measures

Another approach is to interpret the slats as textures. One of the
most used texture processing algorithms are Laws’ energy measures
[10]. They consist of a set of quadratic matrices of variable size. The
matrices of size 5× 5 were chosen, as they were shown to be a good
trade-off between information content and computational speed [10].
The matrices are defined as the result of all combinations of outer
products of four vectors, representing the detection of levels (l5),
spots (s5), ripples (r5) and edges (e5):

l5 = (1, 4, 6, 4, 1)T , s5 = (−1, 0, 2, 0,−1)T ,

r5 = (1,−4, 6,−4, 1)T , e5 = (−1,−2, 0, 2, 1)T .

The matrix resulting from the multiplication of l5 with itself is
disregarded, because it calculates a weighted average. The final set
consists of 15 matrices. The features are defined as the energy of
the convolution of the filter matrices with the image. The resulting
image g(u, v) is convolved with a Gaussian low-pass filter of size
5× 5, referred to as f1 to decrease high-frequency noise. To combine
the N = 15 feature images, the average is calculated.

Features in the spatial frequency domain

As the slats can only be placed at certain distances and the tips have
a given distance between them, one would expect certain spatial fre-
quencies in the Fourier space to have peaks.

The tips and sinks of a slat form vertical lines in the image and
have a certain distance. This results in symmetric horizontal lines
with varying intensity in the frequency domain. The distance dl of
the first of the symmetric lines to the axis can be calculated from the
vertical distance of two supporting tips dtip, the height of the image
h and the size of a pixel ∆x [5]: dl =

1
dtip

∆xh.
These expected horizontal lines can clearly be seen in the fre-

quency domain (see Fig. 3.2 left) and do occur at the predicted
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distances. Since there are more lines of higher frequencies, three
band-pass filters (BP1 to BP3) are defined to extract the signal in the
frequency space. The range of values for fx is limited by a boundary
bx, as the energy of the signal decreases with higher frequencies.

BP1( fx, fy) =

{
1, if 30 < | fx| < bx and | fy| < 5
0, otherwise

BP2( fx, fy) =

 1, if | fx| < bx and
dl − 5 < | fy| < dl + 5

0, otherwise

BP3( fx, fy) =

 1, if | fx| < bx and
2 ∗ dl − 5 < | fy| < 2 ∗ dl + 5

0, otherwise

Figure 3.2: Left: An example section of the Fourier magnitude spectrum with the
origin in the center. For better visibility of the characteristic features, the
leakage effect was reduced by multiplying the original image with a Hann
window. Right: An example section of a slat. From top to bottom: pixel
values, BP1, BP2 and BP3.

After applying one of the filters, the image is transformed with
the inverse DFT, resulting in an image containing only those pixels
of the filtered frequency.

3.3 Classifiers

Two classifiers were used to extract the slat positions from the feature
images. The parallel projection is intuitive in this case, as the slats
are vertical lines in the images. Template matching is a widespread
method for object detection and localization.
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Parallel Projection

One simple and intuitive way of detecting objects that span across
the whole y-direction is parallel projection. Summing the pixel val-
ues of the feature image along the y-axis results in a discrete signal
that should have peaks at the object locations.

The wavelet transform based pattern matching method presented
in [11] is used to extract these peaks. First, a convolution of the signal
with discretized Ricker wavelets of 20 different widths is calculated.
The response of this convolution is stored in a matrix with each row
describing a different wavelet. Next, the peaks in this matrix are
analyzed within a row and across adjacent rows. These peaks are
referred to as ridge lines. They can be filtered for, giving the position
of the peaks.

The advantage of this method is that peaks of different sizes can
be detected easily and that the shape information of each peak is not
lost, leading to higher information efficiency.

Template Matching

A widely used method for detecting objects in a signal is template
matching, which has a two-step approach [12]. Firstly, a template is
generated either by example or hand-crafting. Secondly, the occur-
rence of the template in a given image is evaluated using a similar-
ity measure, e. g. the sum of absolute differences or the normalized
cross correlation (NCC) [12]. In this case the NCC was used, since
it is almost independent to changes in brightness or contrast of the
image [13].

The simplest template to use for this use-case is the image of a
new slat. Since the perspective changes from the left to the right of
the image, a slat from the middle of the image is taken.

For frequency space features, the template is taken from the fil-
tered and inverse transformed image. A new slat from the middle of
the palette is used and will be referred to as “filtered slat template”.
A problem occurring quite often with this feature were double peaks,
where both the sinks and tips of a slat cause a peak in the NCC. One
way to compensate this is to crop the left part of the template since
the right side of a correct peak is mostly dark, but to the left there
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might be wrongly detected sinks. This template will be referred to
as “asymmetric filtered slat template”.

The other template used is a simple binary mask, that detects a
bright area in the middle of two black areas. The masks must have a
suitable width in pixels ws, given the width of a slat in the image:

BM(u, v) =
{

1, if 1
3 ws < v < 2

3 ws
0, if 0 ≤ v ≤ 1

3 ws and 2
3 ws ≤ v < ws

Transformation to slat positions

There is a given number of possible slat positions on the pallet, as
slats can only be inserted in their socket. Therefore, a transforma-
tion is needed to map from the 3100 image columns to 93 slat socket
positions. Since each image might have a slightly different angle or
calibration, a general transformation from x-positions to slat posi-
tions is not possible. In order to calculate this transformation one
needs to extract the position of the sheet stop xstop from the images.
The minimum distance between two slats d is roughly the same as
the distance between the slat stop and the first slat. The sheet stop
position was extracted using template matching on the original im-
age analogous to the description above in a small area in the upper
left region of the image. The template was taken from a single image
for each of the two test sites.

The position n ∈ {1, 2, . . . , 92, 93} of a slat detected at a certain
x-position xn is calculated as:

n = round
(

xn − xstop

d

)
.

4 Evaluation

4.1 Results

A test set of 215 images acquired from TRUMPF TruLaser 3000/5000
machines was used to evaluate the methods. 27 images were taken
in a TRUMPF test setting and 188 images at a test customer site. The
pallets of all machines are almost identical and have 93 slat sockets.
Both the slats and the sheet stop were labeled manually.
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Table 1: Accuracy results of different features with a parallel projection based classi-
fier.

Feature True pos. rate True neg. rate Accuracy
Pixel values 0.86 0.486 0.667
BP1 0.855 0.412 0.625
BP2 0.916 0.655 0.781
BP3 0.897 0.805 0.85
Laws Energy Measures 0.903 0.453 0.67
Harris Corner Detector 0.605 0.396 0.497
Difference-of-Gaussian 0.88 0.581 0.725
Gradient-of-Gaussian 0.807 0.336 0.562

The evaluation of the methods is based on a binary vector with 93
elements. For every classification result, the accuracy is calculated
as:

accuracy =
no. of true pos. + no. of true neg.

no. of classifications
.

As the data set is quite balanced between empty and full slat posi-
tions, this metric is applicable.

The true positive rate, true negative rate and accuracy can be seen
in Tables 1 and 2.

Table 2: Accuracy of different features with a template matching based classifier.

Feature Template True pos. rate True neg. rate Accuracy
Pixel values New slat 0.204 0.642 0.434
BP2 Filtered slat 0.948 0.948 0.948
BP2 Asymmetric filtered slat 0.966 0.958 0.961
BP1 BM 0.764 0.715 0.738
BP2 BM 0.921 0.857 0.887
BP3 BM 0.93 0.87 0.898

4.2 Discussion

Generally, methods using one of the frequency line features per-
formed better than any other method tested. The best method with
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a different feature is the DoG with 72.5 % accuracy. Methods using
the frequency line features score around 90 % quite often.

Using operations on the pixel values themselves had a better per-
formance with parallel projection than template matching. This
seems to indicate that the variation in lighting and wear condition
is high. Otherwise it would be easier to find a good template and
thus feature images are needed.

Edge and corner detectors as well as Laws’ energy measures yield
accuracies between 56 % and 72 %. Most likely they are sometimes
confused by structures in the background as well as slag formations
on the slats. Also, they use no information about tip distances, a
definite disadvantage compared to the frequency line features.

Mistakes are mostly made in that part of the pallet, where the
slats are seen at an angle, regardless of which method is used. One
might expect that this error pattern can be reduced if the template
for template matching classifier is taken from this area of the image.
A test showed slightly worse results though, most likely because the
variations in the appearance of the slats have a greater effect if more
of the side of the slat is visible.

5 Conclusion

In this work, different methods for localizing slats of LFMs have
been tested on a data set from different machines. Whilst edge and
corner detectors, texture measures and operations on the pixel values
showed accuracies between 45 % and 70 %, features based on the
spatial frequency were best to extract the information and lead to an
accuracy of up to 96.1 %.

For this study, neural nets were disregarded, as there are rather
few images. With more images from different sites it might become
feasible to train neural networks for this task in the hope that they
will be better in suppressing relevant noise.

Another direction for future work is the fusion of information
across images. In this study, every image was treated by itself. How-
ever, since the pallets of a single machine do not change much over
time, there might be valuable information that can be extracted from
the image sequence.
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Abstract An ultra high resolution millimetre wave scanner for
real-time SAR imaging is being developed at the Fraunhofer
Institute for High Frequency Physics and Radar Techniques
FHR. Highly integrated radar sensors with ultra wide band-
width coupled with a new highly efficient SAR signal process-
ing routine incorporate an illuminating scanner system for in-
line inspection of different materials and goods.

Keywords Extremely high frequency, SAR, real time image
processing, CUDA®, NDT

1 Introduction

For various inspection tasks of different goods (for example food,
3D printed plastics) millimetre waves can be used. Millimetre waves
depict the range from 30 GHz to 300 GHz of the electromagnetic
spectrum. They are able to penetrate plastics, wood, glass and other
materials with a low relative permittivity (εr). An advantage of mil-
limetre waves in comparison to X-ray (which is also used for many
inspection tasks) is the non-ionising radiation meaning that no spe-
cial protection is necessary during the operation.

2 Current development status

The standalone millimetre wave imager (“SAMMI”) [1] works with
two antennas for transmitting and two antennas for receiving the

211
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electromagnetic wave. The transmitting antennas are placed under-
neath and the receiving antennas above a conveyor belt (see figure
2.1).

  

conveyor belt samples

antennas RX 

antennas TX 

rotary coupling RX

rotary coupling TX

light barrier

Figure 2.1: Mechanical concept of the current SAMMI version

A continuous wave signal at a frequency of 90 GHz is generated by
a chain of several frequency mixers, filters and amplifiers. While the
antenna pairs are moving along the conveyor belt (detected by a light
barrier) an analogue digital converter samples the referenced raw
data of the received signal and transfers it to the computer, where
the transmission images are calculated and dynamically displayed
in the user interface. These images are a 2D amplitude and a 2D
phase image which represent the attenuation and the runtime of the
electromagnetic wave within the object. SAMMI demonstrates the
efficiency of radar technology and opens up development potential
for further applications. To achieve a higher level of integration and
above all, the possibility of the 3D imaging for nondestructive testing
(NDT), an advanced system is developed as described in the follow-
ing.

3 Development of a new SAMMI

As a result of these considerations a new system with a higher in-
tegration level, less mechanical expense and a frequency modulated
radar is being developed (see figure 3.1). This enables the system to
additionally provide depth information for real 3D imaging.
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conveyor belt samples

antennas rotary coupling

metal surface 

light barrier

Figure 3.1: Mechanical concept of the SAR-SAMMI

The concept of this new SAMMI generation is based on synthetic-
aperture radar (SAR) which is a retro-reflexive measurement
method. For this approach two antennas above the conveyor belt
are sufficient. In consequence the whole mechanical setup can be
reduced so that mass and dimensions of the demonstrator decrease.
Artefacts in the image due to the less ideal synchronicity of the an-
tenna pairs do not exist. In contrast to the previous system the image
processing algorithm becomes more complex.

4 Hardware signal processing

Radar sensors can be used for various applications for non-
destructive testing [2], e. g. thickness measurement of multilayer
samples [3] or determination of electromagnetic material properties.
A FMCW radar based on a highly integrated SiGe radar chip [4] is
used. The measurement principle is an indirect time-of-flight esti-
mation of the difference between the transmitted and the reflected
electromagnetic waves. For short range application the very high
bandwidth of the radar chip allows ultra high resolution SAR imag-
ing. During the measurement the received signals are collected, digi-
tised and transferred to the computer (see figure 4.1).
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Figure 4.1: Hardware block diagram of the SAR-SAMMI

5 Image reconstruction signal processing chain and
mathematical background

A highly efficient SAR algorithm is developed and implemented.
During one single semi circular movement of the antenna 192 FMCW
sweeps are recorded. The calculated results obtained from the data
of one semi circular movement are stored within a temporary 3D
array which is inserted in the final 3D output volume after the data
of all sweeps have been processed.

5.1 Precalculations (only made once before the measurement)

The antenna positions during the circular antenna movement are
presumed as constant so that a precalculation of all distances be-
tween the antenna positions and the voxels of the temporary 3D
array can be done. Therefore calculation time for a real-time im-
plementation decreases.

A precalculated mask for each sweep of the semi circle reveals
whether or not the voxel of the temporary 3D volume can receive
information of the current sweep. A look up table which is precalcu-
lated for each sweep of the semi circle, contains the distance for each
voxel which has to be analysed (green in figure 5.1) in the sweeps
spectrum.

5.2 Analysing the sweep of the semi circle

Each single sweep of the semi circle is filtered with a Hamming win-
dow in order to reduce the spectral leakage. FFT interpolation is
used to achieve a higher resolution of the sweep signal in the fre-
quency domain. If a voxel of the temporary 3D volume can receive

214



Real-time SAR image processing for NDT

  
sw

ee
p

30
 o

f 1
92

sweep125 of 192

sw
eep

185 of 192

Figure 5.1: The sphere of influence (green) of different sweeps within the semi circle
(orange)

information of the current sweep, the look up table and the nearest
neighbour method are used to extract the image information from
the sweeps spectrum. Based on the conventional backprojection al-
gorithm [5] these values are weighted with a complex exponential
function (see formula 5.1) dependent on their distance and are added
into the temporary 3D volume (see figure 5.2).

s(m, τn) = fft(s( fk, τn)) · exp
+j4π f1∆R(m, τn)

c0
(5.1)

s(m, τn) describes the weighted value of one sweep for one voxel
within the temporary 3D volume, dependent on the quantised range
bin m within the sweeps spectrum and the time τn which depends
on the number of the sweep. s( fk, τn) describes the received quan-
tised signal for one single sweep with k frequencies ( f ). ∆R(m, τn)
describes the quantised distance to the appropriated voxel. The fre-
quency f1 represents the start frequency of the FMCW down sweep
or FMCW up sweep. For calculating the final value of one voxel of
the temporary 3D volume, the values for s(m, τn) of all 192 sweeps
have to be summed up.

5.3 Stepwise image build-up

After all sweeps of the semi circle have been processed, this tempo-
rary 3D volume is added into the final 3D volume. As a result of the
movement of the conveyor belt the final 3D volume is shifted before
the values of the temporary 3D volume are added. In order to create
a x, y and z perspective of the final 3D volume, the amplitude values
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Measurement of 192 ramps,
each with 263 sample points

Empty output array

Hamming window filtering
This has to be done
for each ramp: FFT (16384 pts.)

Nearest neighbour method
Multiplication with

complex e-function
Add to output array

Shift the final
3D volume
along the

y-axis (1 px)

Insert the
output array

into the
3D volume

Calculate magnitude
and angle values
of the 3D volume

Sum up the
magnitude/angle

values along
x, y and z direction

Figure 5.2: Software signal processing chain for each semi circle

are summed up along each axis. A whole image is created, based
on multiple semi circles and the movement of the object (see figure
7.2). The speed of the conveyor belt depends on the chosen voxel size
because the rotation speed of the antenna is assumed to be fixed.

6 Implementation

The implementation is divided into a CPU and a GPU part. The CPU
part is separated into three threads and is responsible for GUI/visu-
alisation, data capture (with hardware communication) and CPU-
GPU data transfer. On the GPU the whole image processing chain
is processed so that the array operations are calculated in parallel.
Therefore the array operations are handled element by element and
each array position is processed by its own thread within the GPU.

Before the actual measurement data evaluation can be processed,
the precalculated look up tables are copied to the GPU. For each
sweep (192 in total) of the semi circle two look up tables are com-
puted. The first look up table illustrates whether a voxel within
the temporary 3D volume can receive information from the current
sweep or not. If a voxel can receive information from the current
sweep the second look up table is used. This second look up table
shows the distances (converted into FFT positions) for every voxel
of the temporary 3D volume, which have to be analysed within the
spectrum.
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After these look up tables have been copied to the GPU the actual
measurement process can be started. In this case a memory transfer
(of precalculated data) is no longer necessary during the measure-
ment which improves the execution time of the whole signal pro-
cessing chain.

The different steps of the signal processing chain (see figure 5.2)
are implemented in single functions (kernels). The batched CUDA®

FFT routine (and respectively in general the CUDA® FFT) is called
up by the host (the computer) and not by the device (the graphics
card) itself. In connection with this, the other parts of the signal
processing chain are implemented in the same way so that different
CUDA® kernels represent the single steps of the signal processing
chain. The sizes of the arrays (which are processed within the dif-
ferent functions) vary in size. In relation to this most of the different
kernels (functions) vary in their thread and block configuration.

6.1 Detailed description of the single kernels within the signal
processing chain

In the initial step the raw data of all 192 sweeps is copied to the GPU
with help of the CUDA® kernel “cudaMemcpyAsync”. Afterwards
the raw data of all 192 sweeps is resorted from the hardware arrange-
ment to a new arrangement so that the data can be directly processed
with the batched FFT (“prepareDataForBatchedFFTWithWindowFil-
ter”). In addition to this the raw data is filtered with a Hamming
window. After the batched 1D FFT has been executed the temporary
3D volume is emptied (CUDA® kernel “cudaMemsetAsync”). This
is necessary because this temporary 3D volume contains values of
the previous semi circle. In the next steps this temporary 3D volume
will be filled with processed data of the current semi circle.

The look up table and the nearest neighbour method are used to
extract the necessary information from the corresponding spectrum
(“nearestNeighbourMethodWithSum”). The extracted values of all
192 sweeps are summed up within the temporary 3D volume. Be-
fore the temporary 3D volume is inserted, the kernel “copyValues”
creates a copy of the original final output 3D volume and the kernel
“shiftValues” writes the values shifted by one element along the y
axis in the original final output 3D volume. After the temporary 3D
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volume has been inserted (“insertMeasurement”) the absolute values
of the complex final output 3D volume are calculated (“complex-
ToAbs”). Based on the final output 3D volume with absolute values,
three 2D images (one with the sums along the x-, one with the sums
along the y-, and one with the sums along the z-axis) are calculated
(“calculateXSum” / “calculateYSum” / “calculateZSum”). Within
the last step these three 2D images are copied to the CPU (CUDA®

kernel “cudaMemcpyAsync”).

6.2 Memory usage

Shared memory is useful when data stored within the global mem-
ory has to be accessed multiple times or data elements have to be
shared between different threads in one block. In this implementa-
tion the implemented kernels are only responsible for a simple array
operation and multiple access is not necessary. Therefore the use of
shared memory by copying the data from the global memory into
the shared memory is waived.

By using coalesced access to the global memory the execution
time is much faster compared to uncoalesced access. In this case
most of the kernels use a coalesced access to the memory in or-
der to improve the speed of the algorithm. The kernels “prepare-
DataForBatchedFFTWithWindowFilter” and “nearestNeighbourOp-
tAllRampsWithSum” are much slower than the other kernels be-
cause their memory access is uncoalesced. The reason for this is
that the kernel “prepareDataForBatchedFFTWithWindowFilter” re-
sorts the input data (the algorithm has no bearing on the arrange-
ment of this data) and the kernel “nearestNeighbourOptAllRamp-
sWithSum” has to access various elements within the FFT spectrum
(uncoalesced reading, but coalesced writing).

The implementation makes use of pinned memory in order to opti-
mise the execution speed of the algorithm. In this case the recorded
raw data is stored directly within the pinned memory. The same
applies to the data which contain the three output images of the al-
gorithm. In total, four arrays are declared as pinned memory (raw
data input, output image x, output image y and output image z di-
rection).
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6.3 Further implementation details

In order to calculate the multiple 1D FFTs (192 in total) of one semi
circle at once and not 192 single 1D FFTs this implementation makes
use of the CUDA® batched 1D FFT. The advantage is that the execu-
tion routine of the FFT plan has only to be called once and not 192
times. The FFT plan consists the FFT settings and is created before
the actual measurement is processed.

For the purpose of allowing further signalprocessing steps (for ex-
ample phase unwrapping) the implementation takes advantage of
CUDA® streams so that the semi circles can be processed in par-
allel by putting them into different GPU streams. To achieve this
each signalprocessing chain for one stream has to be controlled by
its own CPU thread. In this case each GPU stream is mapped with
its separate plan of a batched 1D FFT.

The asynchronous memory transfer function “cudaMemcpy-
Async” (host to device or device to host) is used so that each CPU
thread can copy the data within its corresponding GPU stream. The
same applies to the emptying process of the temporary 3D volume
(before the steps of the signal processing are executed) with the func-
tion “cudaMemsetAsync”.

Ideally the GPU streams are all processed in parallel. If the com-
puting capacity of the operating graphics card is insufficient, parts
of the processing run in sequence and in consequence the runtime
increases.

7 Results

The created amplitude image (see figure 7.2, left) is based on simu-
lated raw data of a 100 mm × 100 mm metal Siemens star (see figure
7.1).

In the simulated raw data the object is placed at a height of 30
mm which can be seen in both side views. The simulated raw data
consists of 80 lines with 192 FMCW sweeps each (low resolution
mode) and 160 lines with 192 FMCW sweeps each (high resolution
mode). The raw data takes into account the semi circular movement
path of the antenna. With the help of the algorithm this circular
movement is corrected so that the measured object is depicted in the
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Figure 7.1: Photo of a Siemens star

correct shape and aspect ratio. More details concerning the object
can be acquired by analysing the phase values which requires a 2D
phase unwrapping algorithm [6].

Figure 7.2: x, y and z view of the amplitude (left) and phase (right) 3D volume of a
Siemens star

Because the Siemens star simulated here is infinitely thin, a top
view (z axis) of the Siemens star can be generated without using a 2D
phase unwrapping algorithm (see figure 7.2, right). The side views
of the 3D phase image shows that the phase values pass through the
whole phase spectrum.

7.1 Kernel runtimes

Table 1 shows the execution times of the different kernels of the sig-
nal processing chain for a low and high resolution compared on two
graphics cards. It is obvious that the data preparation for the FFT,
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the FFT itself and the nearest neighbour method (with sum) consume
most of the time (marked in red).

Table 1: Benchmark

Function / NVIDIA® Quadro™P400 (2GB) NVIDIA® Quadro RTX™6000 (24GB)
kernel Low resolution High resolution Low resolution High resolution

Memcpy HtoD (async) 85.983 µs n.p.a 45.056 µs 44.939 µs
prepareDataForBatchedFFT.. 932.689 µs n.p.a 38.496 µs 38.592 µs

Batched FFT 4183 µs n.p.a 204.801 µs 202.113 µs
memset (Empty array) 24.256 µs n.p.a 2.528 µs 21.28 µs

nearestNeighbourMethodWithSum 5340 µs n.p.a 214.242 µs 2650.87 µs
copyValues 134.174 µs n.p.a 5.696 µs 98.785 µs
shiftValues 398.362 µs n.p.a 15.872 µs 273.826 µs

insertMeasurement 367.418 µs n.p.a 9.28 µs 133.772 µs
complexToAbs 398.714 µs n.p.a 13.408 µs 218.274 µs
calculateXSum 132.446 µs n.p.a 17.568 µs 219.905 µs

Memcpy DtoH (async) 2.432 µs n.p.a 1.472 µs 5.216 µs
calculateYSum 294.396 µs n.p.a 29.568 µs 250.114 µs

Memcpy DtoH (async) 2.848 µs n.p.a 1.44 µs 5.248 µs
calculateZSum 177.597 µs n.p.a 10.272 µs 241.378 µs

Memcpy DtoH (async) 10.592 µs n.p.a 5.216 µs 29.344 µs
a Not possible.

7.2 Memory and GPU utilisation

In the high resolution mode the required memory of the three di-
mensional arrays is around 15 times larger compared to the low res-
olution mode. The final three dimensional volume in the low reso-
lution mode consists of 248897 values compared to 3624040 values
in high resolution mode. The temporary three dimensional volume
of one sweep in the low resolution mode consists of 100793 values
compared to 1444800 values in high resolution mode.

In table 2 the memory usage and GPU utilisation during the mea-
surement is shown. For the low resolution mode (2.5 mm), approx.
0.7 GB is used for the memory of the precalculated arrays and all
the intermediate steps of the signal processing chain. Therefore on
a small graphics card (for example NVIDIA® Quadro™P400, 2GB)
35 % of the memory is used. By using this graphics card the high
resolution mode is not executable because of the higher memory re-
quirements (10 GB).

The GPU utilisation is measured for four different input data rates.
In the current implementation the use of CUDA® streams is not nec-
essary because the input data rate of semi circles (10 Hz) is a lot
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lower than the maximum possible frame rate. Therefore the number
of streams can be reduced to one.

Table 2: Memory usage and GPU utilisation

NVIDIA® Quadro™P400 (2GB) NVIDIA® Quadro RTX™6000 (24GB)
Low resolution High resolution Low resolution High resolution

Memory 0.7 GB 10 GB 0.7 GB 10 GB
signal processing (35 %) (500 %, n.p.a) (3 %) (42 %)

Memory 430 MB 430 MB 430 MB 430 MB
operating system (22 %) (22 %) (2 %) (2 %)

GPU 15 % (10 Hz) n.p.a 2 % (10 Hz) 6 % (10 Hz)
utilisation 30 % (20 Hz) n.p.a 3 % (20 Hz) 11 % (20 Hz)

55 % (40 Hz) n.p.a 6 % (40 Hz) 22 % (40 Hz)
90 % (67 Hz, max.) n.p.a 60 % (350 Hz, max.) 65 % (125 Hz, max.)

a Not possible.

Table 3 shows the execution speed of the different implementa-
tions for the low resolution and high resolution mode.

Table 3: Speed comparison

Low resolution High resolution
GNU Octave, CPU, one core 1.43 Hz 0.14 Hz
C Implement., CPU, one core 12 Hz 1.25 Hz

NVIDIA® Quadro™P400 67 Hz n.p.a

NVIDIA® Quadro RTX™6000 350 Hz 125 Hz
a Not possible.

8 Conclusion

With the help of SAR it is possible to reduce the mechanical setup
of the original standalone millimetre wave imager. By implement-
ing the signal processing in CUDA® a real-time image generation
is possible. Due to the fact that the achieved throughput is much
higher than necessary, there is sufficient capacity for further signal
processing steps (for example phase unwrapping).
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Abstract Recently, it was shown that a correlation exists be-
tween brain activity and oscillations of the pupil. As the ex-
periment was designed to measure exitations of the pupil for
frequencies below 1 Hz, whether such correlations also exist
on the scales of seconds and for frequencies between 5 and
40 Hz is still an open question. In this work, we design a new
experiment and measure the response of the pupil to contin-
uous, periodic visual and acoustic stimuli. We show that a
clear response of the pupil for flashes of 7.5 Hz exists, bearing
similarity to the effect known as Steady-State Visual Evoked
Potential in neuroscience. This result can directly be used to
develop a new kind of non-contact brain-computer-interface,
using visual fixation as a trigger. Further, we evaluate the
pupil response to series of white noise clicks with a frequency
of 8 Hz, in order to assert the pupil response as due to brain
activity. First results indicate the presence of a weak signal,
showing the stimulus frequency and harmonics, bearing sim-
ilarity to the neural effect known as Auditory Steady-State
Response. Measuring brain activity remotely could provide
pathways to new kinds of sensors, in particular for collabo-
rative robots and general human-machine-teams, where esti-
mates of the mental state of the human partner are essential.

Keywords eeg, remote eeg, pupil, oscillations, SSVEP, ASSR,
HMT, BCI, sensor
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1 Introduction

One central aspect of Human-Machine-Teams (HMT) – be it collab-
orative work in factories, or driving partly autonomous cars – is the
ability of the machine to evaluate its human partner. Especially in
safety-critical environments, a precise state model of the human is es-
sential, consisting, at a minimum, of a binary attribute of “take-over-
readiness” (TOR) – the ability of the human to perform the required
task, e. g. taking back control of the steering wheel, or accepting a
hazardous object in a factory. Otherwise, the machine or robot is left
blind; and indeed, that is the current state-of-the-art. In collabora-
tive situations such as autonomous cars, the focus is placed on clear
interfaces to signal the human partner the need to take over, without
making sure they are actually able to do so [1]. Even the very term of
“take-over-readiness” and the concept it describes is used solely in
the context of partly autonomous cars, not found anywhere else, and
the application of human models and considerations of the HMT as
one unit, i. e. a human-in-the-loop approach, are only of very recent
focus in the literature [2, 3].

Regardless of the complexity of the human model – a single at-
tribute or a full Theory of Mind – the required sensor input is going
to consist of both physical and mental parameters. While research
and sensors for both exist, only physical parameters (e. g. hand po-
sition, heart rate) so far have been measured remotely. The gold
standard for measuring mental parameters such as situation aware-
ness, cognitive load or tiredness, the electroencephalogram (EEG),
requires electrodes placed on the scalp for good signal quality. Ob-
viously, such a setup is infeasible in real world applications, outside
of very special circumstances. On the other hand, Park and Whang
recently showed that a correlation exists between brain activity and
pupil size, such that the electrical state changes created by the neu-
rons – and measured as oscillations of electrical potential on the skin
– are mirrored by oscillations of the size of the pupil [4]. In particu-
lar, they showed a strong correlation of activity in the front and cen-
tral brain region with pupil oscillations, e. g. in the mu-band around
10 Hz, and the gamma-band between 30 and 50 Hz.

However, the setup of Park and Whang used long-time averages,
comparing the frequency bands of the EEG with 1/100 subharmon-
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ics for the pupil oscillations (e. g. the 10-Hz-band of the former with
pupil oscillations around 0.1 Hz), thus creating correlations on the
scales of minutes. A natural extension of the experiment is to ask
whether such correlations also can be measured directly, using the
same frequency bands, thus increasing the time resolution to sec-
onds, rather than minutes. A second question is whether such cor-
relations, if they exist, can be used to create a reliable remote EEG,
for use in sensors to serve as input of a human model, e. g. in the
context of deriving a measure of “trust” between the partners [5].
This overachieving question is the purpose of the HerMes project of
the Clausthal University of Technology, in the context of which our
experiments are performed [6].

2 Steady-State Evoked Potentials as stimuli in
experiments

From the outset, it is clear that measuring oscillations of frequencies
higher than ∼1 Hz decreases the resulting amplitude drastically. The
pupil is an imperfect oscillator, the speed of the dilation or contrac-
tion which the iris muscles can achieve is limited, hence the response
to any stimuli is limited as well. Literature confirms this hypothe-
sis [7, 8]. In order to increase the signal-to-noise ratio, it is therefore
desirable to have an artificially triggered, continuous signal that can
clearly be separated from the noise and measured for arbitrary du-
rations. In neuroscience, such signals are known as “Steady-State
Evoked Potentials”, a response of the brain to a continuous sensory
stimulus at a certain frequency. The stimulus frequency, typically
including harmonics, can be clearly measured in the brain activity,
for as long as the stimulus persists [9].

The visual version – the Steady-State Visual Evoked Potential,
SSVEP – is the one most easily measured. It has an excellent signal-
to-noise ratio (SNR) [10]. It is easily triggered e. g. by flashing LEDs
or flickering computer screens, and often used for brain-computer-
interfaces [11]. The acoustic variant – Auditory Steady-State Re-
sponse, ASSR – has at least an order of magnitude smaller responses
compared to the SSVEP, and is comparatively harder to measure,
typically averaged over multiple traces or long periods to create a
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sufficient SNR. Generally, the strongest responses appear at and be-
low frequencies of 40 Hz [12]. Both visual and acoustic stimuli were
identified as candidates to measure a response in the pupil oscilla-
tions.

3 Algorithm

In order to resolve such small pupil oscillations, a precise computer
algorithm for evaluating the pupil diameter is needed. Typically, a
circle detection is used. Yet unless the camera is placed such that it is
perpendicular to the pupil, this is an approximation; the perspective
distortion turns the circle into an ellipse of increasing eccentricity
for increasing angles. In experiments such as Park and Whang’s,
as well as in commercial eye-trackers such as Tobii [13], this “pupil
foreshortening error” is usually ignored; or avoided, by using large
distances between eye and camera. Protocols for post-hoc correction
exist [14]. On the other hand, the most convenient placement of the
camera for high resolutions of the pupil is close to it, and out of the
line of sight, i. e. nearly always at an angle, e. g. looking up from
below (Fig. 3.1).

Lens and camera

Screen

IR source

Test person

θ

Figure 3.1: Left: The setup of our experiment. Centre: After thresholding to binarise
the image of the eye, major and minor axes of the black pupil are detected.
The aspect ratio in this image is 1.17, corresponding to an angle θ of ap-
prox. 31° for the camera inclination. Right: The perspective distortion
causes the pupil to deviate from the ideal circle.

Thus the experiment was planned to improve the previous setups,
using elliptical pupil tracking from the start. However, while in-
creasing the accuracy, it also increases complexity. A circle detection
algorithm, e. g. the commonly used Hough-transform, operates in a
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three-dimensional parameter space, corresponding to the three pa-
rameters defining the circle: The x and y component of the centre, as
well as the radius. Conversely, an ellipse creates a five-dimensional
parameter space, introducing two radii (or axes) and a rotation an-
gle, in addition to the centre coordinates. In order to calculate the
relevant quantity, the long (semi-)axis, we use an approach derived
from [15, 16]. From the picture to the result, the algorithm works as
follows.

Figure 3.2: Steps of the algorithm. Top left: Image of pupil. A reflection of the experi-
ment’s screen is faintly visible, the line indicates a cross-section. Top right:
Cross-section along the line with binarising threshold in red. Bottom left:
Binarised image. Bottom right: Final result of the Canny edge detection,
with the chords used to calculate the ellipse centre shown for illustrative
purposes. Chords exceeding the box of the ellipse such as near the upper
right corner, due to e. g. missing edge pixels, are discarded.

As the setup is such that the greyscale-image of eye results in the
pupil being darker than the rest of the image (see Sec. 4), it is rather
easy to binarise, leaving only the pupil behind (Fig. 3.2). Over the
binarised image runs a conventional Canny algorithm, which filters
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out the edge pixels. The interior is then divided by two sets of
chords, running from one side of the ellipse to the other, starting
and ending at the innermost pixels. The number of the chords scales
with the size of the ellipse, at a typical size of around 20 for each
set. Start and end points of the chords create a set M of edge points,
defining the ellipse. In accordance with [15,16], we use a geometrical
property to determine the centre of the ellipse: The bisections of two
sets of chords intersect at the centre of the ellipse. Using a linear re-
gression over the individual centre pixels of a set of chords provides
an accurate estimate of its bisector, and leads to a very good estimate
of the ellipse centre.

After determining the centre coordinates, the remaining parame-
ter space is three-dimensional once more, and the other parameters
can be solved iteratively and algebraically, using three points of the
set M. To that end, M is sorted by quadrants and the three points
taken from three different quadrants. These three points need to be
far from respective points of symmetry that would result in an in-
determined ellipse, such as would be the case e. g. with two points
(X|Y), (−X| − Y) as measured from the ellipse centre. The average
of the result from each of the sets of three is finally taken to get the
desired result, the value of the long and the short axis.

The aim here is real-time capability; currently, the entire algorithm,
from saving the image to getting the axes lengths, runs at approxi-
mately 20 fps on an Intel core i5 (8th gen) processor.

4 Experimental setup

The three parts of the experiment are the test person, the camera and
the source of light. The test person takes a seat in front the computer
screen. The eye is filmed from below, while the look fixes ahead, on
a mark on the screen. The illumination comes from the side (Fig.
3.1).

There are two ways to create a high contrast between pupil and the
rest of the eye or face. For the bright pupil effect, in which light is
reflected back from the retina into the camera (the same as the “red-
eye effect” in photography with a flash), camera and source of light
are required to be closely aligned on one optical axis. This in turn
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requires a sufficient distance of the eye from the camera, typically on
the order of metres, as the dimensions of the camera and the source
of light limit their proximity. The dark pupil effect does the inverse,
placing the source of light off-angle; the light is reflected away from
the camera, and the pupil appears black. This is the only feasible
option, as the camera is placed less than half a metre away from the
eye in order to create a sufficient resolution of the pupil.

As usual to avoid glare and to provide uniform illumination, near
infrared light is used. A simple 6 W LED floodlight of 850 nm wave-
length is placed such that the specular reflection off the cornea is not
directed towards the camera, avoiding a bright glint in the otherwise
dark pupil. The lens in front of the camera is assembled using two
Near-IR coated lenses of f = 150 and f = 25.4 mm focal length and
an iris diaphragm in their common focal point, creating a simple
telecentric lens. The advantage of such a setup is the independence
of the magnification from the distance of the object.

On the one hand, this avoids changes in pupil size by involuntary
movements of the head, and on the other hand allows to calibrate
the optical system such that the pupil oscillations can be examined in
real units, not pixels. As the amplitude of such oscillations has never
been measured and therefore is unknown, this was an important
consideration. The calibration was performed before the experiment
using an USAF target, and determined as 20.83± 0.12 µm per pixel.
The lens is mounted on a camera with a 3.2 MP resolution (IDS UI-
3270CP), of which a field of view of 1024 by 1024 pixels is used,
allowing for frame rates of 83 fps. Consequently, frequencies up to
40 Hz can be resolved.

5 Results and discussion

For the first part of the experiment, an SSVEP sequence is displayed
on the screen. It consists of 16 seconds of black screen, then 10 sec-
onds of a white flashing box, and an additional 10 seconds of black
screen at the end. The frequencies of the flashes are chosen such
that the refresh rate of the screen can be synced, i. e. 30 Hz, 15 Hz,
10 Hz or 7.5 Hz. An exemplary result is displayed in Fig. 5.1 for
a stimulation frequency of 7.5 Hz. Both the SSVEP stretch and the
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Figure 5.1: Pupil diameter before, during, and after a sequence. The SSVEP stretch is
highlighted.

dark screen can be clearly determined by the pupil size. The relative
brighter stretch of the flickering screen causes the pupil to contract.
A Fourier analysis (resolution bandwidth: 0.125 Hz) of the SSVEP-
stretch yields a clear peak at the stimulation frequency of 7.5 Hz, as
well as one at its third harmonic, 22.5 Hz (Fig. 5.2, left). The signal-
to-noise ratio of the fundamental was 17 dB. The amplitude of the
oscillations is on the order of 10 µm. As one pixel was calibrated to
20.83 µm, this is a sub-pixel resolution, a result of the parameter esti-
mation algorithm and the Fourier Transform over a sufficiently long
time interval.
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Figure 5.2: Left: Power spectral density of the recorded SSVEP sequence with a fre-
quency of 7.5 Hz. Right: Relative power of the 7.5 Hz band over time, with
respect to the mean power of four bands (7.5 Hz, 10 Hz, 15 Hz, 30 Hz).
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By calculating the mean power of the four bands (30 Hz, 15 Hz, 10 Hz
and 7.5 Hz, resolution bandwidth 0.5 Hz), and looking at the rela-
tive power of the respective individual bands with regards to that
mean, Fourier transforming intervals as short as 2 seconds resulted
in observable pupil responses (Fig. 5.2, right). This result has di-
rect relevance for creating new kinds of non-contact brain-computer-
interfaces. By focusing on one of multiple flickering spots, each with
a different frequency, and using a threshold value on such a time
series of band power, the resulting potential can trigger actions, e. g.
controlling disability aids such as wheelchairs [11]. The idea is sim-
ilar to [7], who suggested such a scheme, at lower frequencies, for
tracking attention or focus.

Unfortunately, for visible stimuli, it is hard to separate oscillation
induced via the steady-state potential and brain activity from oscilla-
tions due to the simple pupillary light reflex. The amplitude of either
oscillation is limited by the mechanical constraints of the iris mus-
cle at any rate; biological considerations such frequency-dependent
light reflex responses and latencies to estimate the influence on the
measurements would appear to increase the complexity of the ex-
periment severely. Instead, we chose to investigate the response of
the pupil to acoustic stimuli. This creates a clear distinction between
light reflex and brain activity-induced oscillations; however, as noted
earlier, the ASSR effect is at least an order of magnitude smaller than
its optical counterpart, and therefore harder to isolate from the noise.

Figure 5.3: The ASSR stimulus. White noise, amplitude-modulated with a rectangle
wave of 8 Hz. The modulation depth is 100%.

We used series of white noise click trains, that is, a 100% am-
plitude modulated sequence of white noise lasting ten seconds and
incorporating 80 clicks, creating a rectangle wave of 8 Hz (Fig. 5.3).
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The soundfile is played using headphones, while the look of the test
person is fixed ahead onto a permanent mark on the screen. The
rest of the procedure, as well as the evaluation of the recorded im-
ages are exactly as above, using Fourier transforms with a resolution
bandwidth of 0.125 Hz.
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Figure 5.4: Left: Power spectral density of the recorded ASSR sequence with a fre-
quency of 8 Hz. Right: Relative power of the 8 Hz band over time, with
respect to the mean power of four bands (8 Hz, 10 Hz, 15 Hz, 30 Hz).

First results indicate the presence of the AM stimulus frequencies
and (sub-)harmonics (Fig. 5.4, left); however, the recordings are sub-
ject to a lot of noise, often entirely covering the signal. The time
series of the relative band power (Fig. 5.4, right) indicates the this:
The sequence starts after 15 seconds, and for the 10 second dura-
tion, the signal is sporadic, fading entirely before reappearing. The
signal-to-noise ratio never exceeds 3 dB, the measured amplitudes of
those oscillations are below 4 µm. Interestingly, for highly eccentric
ellipses, the oscillations, if they do appear, are visible in the diam-
eter of the long axis only, not in the short axis, likely because the
squeezed amplitude due to the perspective distortion is too small to
resolve. This justifies the use of the elliptical fit.

Nevertheless, further improvements to both the algorithm and the
setup may be needed, to increase resolution and precision and de-
crease noise, and achieve robust results. A commercial EEG to mea-
sure brain activity directly, which so far has not been used, will create
another way to confirm the correlation.
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6 Summary

A remote EEG is a promising way to create a sensor for use in
Human-Machine-Teams. Building on the work of Park and Whang,
we developed an experiment to show a correlation between brain ac-
tivity and oscillations of the pupil diameter. As opposed to Park
and Whang, we tried measuring the oscillations in the same fre-
quency band as the brain activity, not its subharmonics, as well as in
real units, not pixels. In order to achieve the required precision, we
placed the camera in close proximity to the eye for a high resolution
of the pupil, and developed an elliptical fitting algorithm in order to
compensate perspective distortion. Using both visual and acoustic
stimuli – SSVEP and ASSR – we tried to measure the corresponding
excitation of the pupil. For the visual stimulation, we received a clear
and reliable signal; oscillations of the pupil of approximately 10 µm
for a stimulation frequency of 7.5 Hz with a SNR of 17 dB. Using in-
tervals for the Fourier transform as short as 2 seconds, we created a
time series of the band power, showing the onset as well as the end
of the stimulation, thus allowing for the construction of non-contact
brain-computer interfaces. In order to separate the brain activity-
induced oscillations from the pupillary light reflex, we also used
acoustic stimuli. First results indicate a positive response, showing
the stimulation frequency of 8 Hz as well as their (sub-)harmonics;
however, subject to much noise, sometimes blanketing the signal,
and never exceeding an SNR of 3 dB. The corresponding amplitude
of the oscillation is below 4 µm. In the future, decreasing the noise
floor and correlating the pupil spectra with commercial EEG spectra
could yield more robust results.
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Abstract Dispatching and receiving logistics goods, as well
as transportation itself, involve a high amount of manual ef-
forts. The transported goods, including their packaging and
labeling, need to be double-checked, verified or recognized
at many supply chain network points. These processes hold
automation potentials, which we aim to exploit using com-
puter vision techniques. More precisely, we propose a cogni-
tive system for the fully automated recognition of packaging
structures for standardized logistics shipments based on sin-
gle RGB images. Our contribution contains descriptions of
a suitable system design and its evaluation on relevant real-
world data. Further, we discuss our algorithmic choices.

Keywords Logistics, image processing, pattern recognition,
convolutional neural networks, industrial applications

1 Introduction

In logistics supply chains, goods are transported along many differ-
ent network points and require to be manually checked at each of
these points. Such manual inspections often include not only unit
identity but also completeness or packaging instruction compliance.
In an aim to enable further automation of such inspection processes,
we designed a system for automated image-based packaging struc-
ture recognition. Hereby, we define packaging structure recognition
as the task of recognizing and analyzing logistics transport units and
their building structure, allowing for inference of packaging types,
number and arrangement. Fig. 1.1 illustrates this task.
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Figure 1.1: Illustration of Packaging Structure Recognition. Transport unit side faces
are illustrated in red, yellow lines indicate packaging unit rows and
columns.

While numerous related image-based systems have been intro-
duced by both dedicated start-ups and experienced vision and lo-
gistics companies, we are not aware of alternative solutions to the
task of 3D packaging structure recognition for standardized logis-
tics shipments from a single RGB image. The tackled tasks often
include the detection of single packages or multiple package ship-
ments and their dimensions. In many cases, individual packages or
objects are recognized and counted, or logistics transport labels are
found and read. For instance, a system by logivations [1] tackles a
similar use-case of automated goods receive by detection and read-
ing of logistics transport labels. Further, the solution is able to mea-
sure logistics units and count visible object instances. A method pro-
posed by Fraunhofer IML [2] tackles the related problem of empties
counting and tracking. Apart from solving slightly different tasks,
many comparable systems use supplementary image and data ac-
quisition means, e. g. multiple camera systems or additional sensors
such as laser scanners or infrared technologies (e. g. [3], [4]). Aside
from image based methods, the usage of non-visual sensors and in-
formation, like barcodes or RFID tags, is applicable to the problem
at hand. However, such methods are often more expensive and still
error-prone, as sensor ranges are limited and hardware requirements
are enormous. Some of the obstacles regarding RFID technologies in
logistics are discussed in [5]. At the same time, the hardware re-
quirements for a image-based system like ours are minimal as we
make no special assumptions regarding camera hardware.
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We propose a solution for the task of packaging structure recogni-
tion based on single RGB images of applicable transport units, meet-
ing certain necessary restrictions. The algorithm presented in this
work was previously introduced and evaluated in [6]. Further, the
logistics context and the use-cases we focus on are explained thor-
oughly in the before-mentioned publication. In this paper, we sup-
plement our work by discussing the algorithmic choices and con-
ducting further experiments and evaluations. More precisely, we
analyze the task and define a series of sub-steps which, when com-
bined together, are able to solve the task. For each of these tasks, we
discuss input and expected output, requirements and evaluate our
algorithmic approaches. We give reasons for the algorithmic choices
we made, in some cases by evaluating different options on our own
real-world use-case-specific data set.

2 Problem and Setting

In this section, we discuss the problem of packaging structure recog-
nition more detailed and introduce clarify some logistics terms used
throughout this work. Further, the setting in which the system was
designed and tested is described, and necessary restrictions are ex-
plained.

2.1 Terms and Definitions

Packaging Unit. Packaging units are any containers used to trans-
port goods along a logistics supply chain. Though made of various
materials, these containers are often highly standardized (e. g. small
load carrier system (KLT) [7]).

Base Pallet. This term is used to describe the base unit on which
logistics goods can be stacked for transport. A wide range of mostly
standardized pallets exist (e. g. EPAL Euro Pallet [8]).

Transport Unit. A logistics transport unit refers to fully-packed,
shipping ready assortment of goods. Usually, such a unit consists
of one base pallet, one or multiple packaging units and additional
optional components, for instance lids, security straps or transparent
foils. When speaking of uniformly packed transport units, we refer
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to transport units containing only one single type of packaging units
of identical size. By regularly packed transport units, we mean units
with a fully regular packaging pattern, i. e. all rows, columns and
layers of packages contain the same number of packaging units.

Transport Unit Side Face. We use the term transport unit side
face to refer to that part of a transport unit which is visible when
looking at it frontally from an arbitrary side with horizontal visual
axis. Each logistics transport unit has exactly four such side faces.
An occlusion-free image covering a whole transport unit can at most
show two neighboring side faces of the transport unit.

2.2 Problem Formulation

The problem of packaging structure recognition as tackled in this
paper is the task of localizing and inferring the packaging structure
of one or multiple stacked transport units in a single RGB image.
Hereby, the packaging structure consists of the number and type of
packaging units, the arrangement of these units and, optionally, the
type of base pallet present.

2.3 Setting and Restrictions

The task of packaging structure recognition as described above is
not always solvable without making further assumptions on logis-
tics components and imagery. Thus, we try to define a setting and
reasonable restrictions to achieve feasibility.

Packaging Restrictions. First of all, only regularly and uniformly
packed transport units are considered. This is necessary as the pack-
aging structure of non-regularly packed transport units can in gen-
eral not be inferred by observing a single image of that unit. Further,
restricting the method to such units allows for improved robustness
as not every individual packaging unit needs to be detected and
identified. Instead, one can assume the rows and columns of each
transport unit side to have the same number and types of packages,
which the proposed algorithm does.

Imaging Restrictions. Additional restriction regarding image ac-
quisition and contents. All images need to be taken in an upright
orientation in such a way that vertical real-world structures (such as
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transport unit edges) are roughly parallel to vertical image bound-
aries. Further, relevant transport units within the image are shown
in their full extent and not occluded by any persons or objects. Ad-
ditionally, we require transport units to be photographed in such an
angle, that two of their side faces are clearly (and evenly well) visible.

Material Restrictions. For the time being, we limit our setting to
a set of defined logistics components, i. e. packaging units and base
ballets. As part of the algorithm relies on learning-based methods,
we can only assume generalization to what is contained in the train-
ing data. Relevant packaging units in our setting are KLT packages
and so-called tray packages, as is described more detailed in section
4.1.

3 Method Overview

This section contains a detailed description of the algorithm’s coarse
structure, i. e. we explain the series of independent tasks which build
our image processing pipeline for packaging structure recognition.
The four subsequent steps are illustrated in Fig. 3.1.

(a) (b) (c) (d)

Figure 3.1: Method Overview. (a) Step 1: Transport unit identification. (b) Step 2:
Transport unit side face segmentation. (c) Step 3: Packaging unit identifi-
cation and localization. (d) Step 4: Information consolidation, and output
visualization.

Step 1: Transport unit identification and localization. The first
step in our pipeline is to identify and localize all relevant logistics
transport units in the input image. Relevant are such transport units
which are visible in their full extend and without any occlusions.
The expected output of this task is the number and locations of all
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transport units within the image. Location information consists not
only of the bounding box describing the image part fully covering
the transport unit, but also a pixel-based instance mask, which pro-
vides valuable information for subsequent steps.

Step 2: Transport unit side face segmentation. The input of the
pipeline’s second processing step is a crop of the original image,
containing exactly one, fully visible transport unit and the corre-
sponding pixel mask. This step is performed for each transport unit
found by the previous step. The expected output of this step are two
segmentation masks for the transport unit’s two visible side faces
(see Section 2.3). Note that bounding boxes are again not sufficient,
but more detailed, pixel-based information is required. The segmen-
tation mask can be encoded as the coordinates of the four pixels
showing the transport unit side face’s four corners. As a transport
unit side face can be described by a rectangle in 3D real space, it can
be exactly localized by four pixel coordinates in our image, when
assuming a distortion-free projective transform is underlying the im-
age acquisition process.

Step 3: Packaging unit identification and localization. In this
step, the packaging units for each transport unit side face are local-
ized and classified. The task’s input is the cropped handling unit
image (same as input to step 2) and the corresponding handling
unit side face information (output of step 2). The expected output
is pixel-based information of the packaging unit’s contained in each
transport unit side. As in the previous step, this information can be
encoded as the coordinates of four pixels for each packaging unit
found within the image.

Step 4: Information consolidation. The last step used the infor-
mation derived in the three previous steps to compose the desired
output: the packaging structure of each transport unit contained and
fully visible within the image. The most essential part of this task is
the packaging number calculation for each transport unit side face.
Here, the average width and height of each packaging unit is com-
puted, considering the provided pixel-based segmentation informa-
tion to account for varying object sizes due to perspective distortions.
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4 Experiments and Implementation

4.1 Data Set

Figure 4.1: Example images from our data set. The left two images contain transport
units with KLT packaging units, the right two images show transport units
with tray packaging units.

A specific data set of 1267 images was acquired in a German plant
of the automotive sector. All images comply to the restriction and as-
sumptions described in section 2.3. As relevant for the setting in con-
sideration, two different types of packaging units are present in the
images: KLT packages and tray packages. Each image contains one
single or multiple stacked transport units, which were thoroughly
annotated, i. e. transport units, side faces, packaging units and base
pallet are labeled on pixel basis. Of these 1267 images, 163 images
are marked as dedicated evaluation data. The other images may be
used for algorithm development, fitting and training purposes.

4.2 Transport Unit Segmentation

The step of transport unit segmentation is performed using a convo-
lutional neural network (CNN) for instance segmentation. Namely, a
Mask R-CNN [9] architecture with a Inception-v2 [10] feature extrac-
tor was trained using tensorflow 1.14 and the tensorflow object detec-
tion API. The model was pre-trained on the COCO object detection
data set [11] and fine-tuned for the single-class task of recognizing
and segmenting fully visible logistics transports units. Evaluation
of the CNN and the transport unit segmentation step can be found
in [6].
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4.3 Transport Unit Side Segmentation

Two different approaches for the task of transport unit side segmen-
tation are considered: One approach is based on machine learning,
the other one employs classic image processing techniques.

First Approach: CNN. The first approaches uses a CNN for in-
stance segmentation of analogous architecture to section 4.2. Using
75% the dataset’s 1104 labeled training and validation images, the
model was trained to recognize transport unit side faces, which are
thoroughly labeled by four corner points each. The model achieved
an mean average precision (mAP) of 0.877 on validation data (25%
of the training images which were not used in model training) and
0.892 on the 163 evaluation images. Hereby, the mean average pre-
cision was computed in accordance to the COCO object detection’s
metric, i. e. as the averaged precision values at different intersection
over union (IoU) thresholds of 0.5 to 0.95. To achieve the desired out-
put format, a post-processing step, which fits four corner points to
the instance segmentation mask found by the CNN model, is used.
Hereby, an optimization problem choosing pixel coordinates for the
corner points maximizing the region overlap with the CNN output
mask, is solved. For more details, see [6].

Second Approach: Image Processing. Secondly, an image pro-
cessing approach based on the Hough transform [12], a well-
established method for detecting straight lines in images, was imple-
mented. As package and transport units are of regular, rectangular
shapes, an image crop showing one transport unit contains many
linear structures. The approach’s objective is to detect these linear
structures, especially the edges of packaging units, to determine the
transport unit side regions within the image. This is done in the
following steps:

1. Line Detection: To detect qualifying horizontal and vertical struc-
tures, two different edge detection filter kernels are applied to the
image, and the resulting edge images are binarized. Thereby, the
image foreground is restricted to the actual transport unit region us-
ing the pixel mask which is input to the step of transport unit side
segmentation. The binary images are used as input for the Hough
transform in order to find linear structures. The line detection results
are illustrated in Fig. 4.2 (a) and (b).
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2. Vanishing Point Estimation: After the line detection has been
performed, we try to determine the image’s vanishing points [13] for
vertical lines and for the visible transport unit sides’ horizontal lines.
To do so, we use a heuristic approach exploiting the knowledge on
the image’s contents and its geometric properties. We assume that
the majority of vertical line segments detected correspond to vertical
edges of the transport unit. After computing all intersection points of
these vertical lines, we use the mean value of all intersection points
as first guess for the unit’s vertical vanishing point. Iteratively, we
drop lines which do not get sufficiently close to the current vanishing
point estimate. Then, we refine the estimate based on the intersec-
tion points of the reduced set of lines. This step is repeated several
times with decreasing distance thresholds to obtain the final vanish-
ing point position. For the two vanishing points of horizontal lines
on our transport unit sides, we proceed similarly. We first try to
find two accumulation points of horizontal line intersections: One
on the left-hand side of the image and one on the right-hand side.
Once again, we repeatedly assign lines in the vicinity of the vanish-
ing points to its line set and use the reduced sets of lines to refine
the vanishing point positions. Fig. 4.2 (c) illustrates vanishing point
estimation and line assignments.

3. Side Boundary Estimation: Based on the vanishing points and
corresponding lines, we try to segment the transport unit sides. To
do so, start and end points for all horizontal line segments are deter-
mined by matching the line coordinates back to the binary edge im-
age which we used before as input to the Hough operator. Using the
obtained line endpoints, we estimate the transport unit side bound-
aries by fitting regression lines through corresponding endpoints of
each line set and the vanishing point of the side’s orthogonal lines.
For instance, to find the left boundary of the left transport unit side,
we regress a line through the vertical vanishing point and the top-
most endpoints of all lines assigned to that vanishing point. The
transport unit side corner points are inferred by intersecting these
boundary lines. This is illustrated in Fig. 4.2 (d)-(f).

Overall, there is a considerable number of thresholds and simi-
lar parameters contained in this approach. For instance, in finding
binary edge images, parameters involved are kernels sizes and pat-
terns and binarization threshold. Further parameters are required
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(a) (b) (c)

(d) (e) (f)

Figure 4.2: Segmentation of transport unit sides. Detected (a) horizontal and (b) ver-
tical line segments, and (c) vanishing points of transport unit sides. (d),
(e) Determination of boundary lines. (f) Resulting transport unit sides.

when performing the Hough transform, e. g. the minimum length
of line segments to consider, as well as distance and angle resolu-
tions. Also, in vanishing point estimation and line assignments, and
in line endpoint determination, numerous threshold parameters are
involved.

Evaluation. To evaluate the complete task of transport unit side
segmentation, two different values are considered. First of all, the
average intersection over union (IoU) for all transport unit sides is
computed. Additionally, assuming sufficient accuracy to be given at
an IoU of at least 0.8, the number of transport unit sides detected
correctly is calculated. The results for both methods in consideration
are shown in Table 1. The values show that, in the current imple-
mentation, the CNN outperforms our image processing approach by
a great margin.
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Table 1: Transport unit side segmentation evaluation results.

Method Average IoU Accuracy
CNN 0.8962 0.9029
Image Processing 0.6346 0.3006

Even though it is possible to tune the image processing algorithm
to deliver precise results for single images or groups of images, we
were not successful in finding parameters yielding good results on
the whole data set. The evaluation values shown are the best values
achieved by systematically varying the involved parameters in grid-
search-like fashion. The CNN, on the other hand, easily generalizes
to data as diverse as ours, due to the huge number of learnable pa-
rameters. Thus, the learning based algorithm appears superior, if not
willing to distinguish different groups of images (e. g. by packaging
type or size).

4.4 Packaging Unit Segmentation

For packaging unit segmentation, a CNN model analogously to sec-
tion 4.2, is used. The model performs significantly better on KLT
units compared to tray units, which is visible in the per class preci-
sion values (0.76 for KLT units compared to 0.67 for tray units), and
in the overall error values for the different packaging types (see [6]
for details).

First experiments applying image processing operations suggest
that their application might be beneficial, especially in the case of
tray packaging units. Package number determination could be tack-
led by analysing distances and frequencies of detected line segments
in a rectified version of the transport unit side image. We plan to
investigate this and conduct detailed experiments on that behalf in
the future.

4.5 Pipeline Evaluation

In an end-to-end evaluation, the CNN-based packaging structure
recognition pipeline achieved an overall accuracy value of approx-
imately 84%. The metric applied was a custom, use-case specific
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metric measuring the average ratio of correctly recognized and ana-
lyzed transport units per image. Again, more details can be found
in [6].

5 Summary

We presented the problem of packaging structure recognition from
single RGB images. For a specific logistics setting, we formulated
reasonable restrictions and assumptions, and designed and pre-
sented a solution approach for this setting. The multi-step image
processing pipeline was discussed and evaluated step by step, on our
own use-case specific data set. Specifically for the step of transport
unit side recognition, two different algorithms were implemented
and compared systematically: A learning-based CNN for instance
segmentation and a classic computer vision approach based on edge
detection. The first outperformed the latter by a significant margin,
which can be accounted for by the high variance in our image set and
the CNN’s superior generalization ability due to the higher number
of parameters.
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Zusammenfassung Bildinterpolation ist Teil vieler Algorith-
men zur Bildverarbeitung. Bei der Wahl der Methode wird
meist ein Kompromiss zwischen Laufzeit und Qualität getrof-
fen, der oft zu ungünstig für die Bildqualität ist. Ziel ist es, ein
schnelles Verfahren mit hoher Qualität auf aktueller Hardwa-
re zu finden.

Keywords Bikubische Bildinterpolation, Lánczos-Interpolati-
on

1 Einleitung

In dieser Arbeit werden verschiedene Interpolationsverfahren hin-
sichtlich ihrer Laufzeit und Ergebnisqualität untersucht. Die In-
terpolation ist wichtiger Bestandteil zahlreicher Bildverarbeitungs-
verfahren wie Bildreferenzierung und -mosaikierung. Bei der Ver-
arbeitung von Live-Videodaten können dabei hohe Anforderun-
gen an die Laufzeit der Interpolation bestehen. Grafikkarten et-
wa bieten häufig eine hochoptimierte bilinare Interpolation in ih-
ren Texture Units an. Wenn die Qualität jedoch für eine Aufgaben-
stellung nicht ausreicht, muss auf rechenzeitintensivere Verfahren
zurückgegriffen werden. Interpolationsverfahren werden zwar seit
Jahrzehnten ausführlich untersucht, jedoch ändert sich mit der Wei-
terentwicklung der Hardware und der Verbreitung neuer Videostan-
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dards (hinsichtlich Auflösung und Framerate) fortlaufend der Kom-
promiss, der zwischen Qualität und Laufzeit der Interpolationsver-
fahren getroffen werden kann.

Im Folgenden werden Interpolationsverfahren untersucht, die
prinzipiell für die Echtzeitanwendung geeignet sind. Aus diesem
Grund beschränkt sich dieser Artikel auf die Bildinterpolation mit-
tels linearer separabler Filter mit beschränkten Trägern. Die Laufzei-
ten der Verfahren werden auf CPU und GPU ermittelt. Die Inter-
polationen werden auf verschiedene Testbilder mit häufig anzutref-
fenden Störungen angewandt wie Aliasing, Kompressionsartefakte
und Farbrauschen. Um die Qualität der Verfahren zu vergleichen,
wird die Interpolation iterativ mehrfach angewandt und die Degra-
dierung der Bildqualität gegenüber dem Originalbild betrachtet.

2 Grundlagen

Ein Computerbild ist ein zweidimensionales M × N-Tableau Ii,j ∈
[0, 1], i ∈ {1, 2, . . . , M}, j ∈ {1, 2, . . . , N} von Grauwerten. Die Grau-
werte sind hier auf das Intervall [0, 1] normiert, wobei 0 schwarz
und 1 weiß darstellt. Bei Farbbildern werden die drei Farbkanäle
unabhängig voneinander behandelt und das Bild wird interpoliert,
als ob es sich um drei Grauwertbilder handeln würde. Daher wird
zur Vereinfachung im Folgenden von Grauwertbildern ausgegangen.
Ziel der Bildinterpolation ist es, eine Funktion f : R2 → R anzuge-
ben, die Ii,j interpoliert, für die also

f (i, j) = Ii,j (2.1)

für i ∈ {1, . . . , M} und j ∈ {1, . . . , N} gilt. Dadurch ist es möglich,
die Grauwerte für das Bild nicht nur im Pixelraster (i, j) ∈ N2 son-
dern an beliebigen Zwischenstellen (x, y) ∈ R2 anzugeben.

Es gibt einige weitere Eigenschaften neben der Interpolationsbe-
dingung (2.1), die ein Interpolationsverfahren haben kann oder die
wünschenswert sind. Hier beschränken wir uns auf lineare Interpo-
lationsverfahren, die separabel und lokal sind. Lokal bedeutet, dass
zur Interpolation nur die Bildwerte in einer kleinen Umgebung des
zu interpolierenden Punktes benötigt werden, und separabel bedeu-
tet, dass die 2D-Bildinterpolation durch mehrmalige Anwendung
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von 1D-Interpolationen auf den Bildzeilen und deren Ergebnissen
entlang der Spalten gefunden werden kann (siehe Abb. 2.1).
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Abbildung 2.1: Separierbare Interpolation auf (4.3, 5.4) am Beispiel einer 2× 2-, einer
3× 3- und einer 4× 4-Umgebung. Zunächst wird entlang der Zeilen
auf die x-Koordinate 4.3 interpoliert (orangene Punkte). Anschließend
werden diese entlang der Spalte (orangene Linie) auf die y-Koordinate
5.4 interpoliert (roter Punkt, Ergebnis der Interpolation). Alle inter-
polierten Punkte im grünen Quadrat hängen jeweils von denselben
Bildpunkten Ii,j der Umgebung ab, lediglich in unterschiedlichen Ge-
wichtungen.

3 Methode

Folgende Interpolationstypen werden betrachtet:

• Nearest-Neighbour-Interpolation [1],
• bilineare Interpolation [1, 2],
• bikubische Interpolation [1, 2] (in verschiedenen Varianten),
• Lánczos-Interpolation [1, 3] (mit verschiedenen Größen).

Die ersten beiden Varianten dienen als Referenz für die schnellsten
und die letzte Variante als Referenz für die qualitativ besten Inter-
polationsmethoden. Durch Wahl geeigneter Bildgradienten zur Be-
rechnung der bikubischen Interpolation wird versucht eine Methode
zu finden, die ähnlich gute Ergebnisse wie die Lánczos-Interpolation
liefert bei gleichzeitig geringerer Rechenzeit.
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3.1 Interpolationsverfahren

Beim Nearest-Neighbour-Verfahren wird der Wert f (x, y) durch den
Farbwert Ii,j des nähestgelegenen Pixels (i, j) mit i = [x] und j =
[y] interpoliert, wobei [ · ] der Rundungsoperator ist. Das Bild wird
gewissermaßen mittels Treppenstufen durch die Pixel interpoliert.

Bei der bilinearen Interpolation werden in den beiden Zeilen j =
byc und j = byc+ 1 Zwischenwerte f j(x) berechnet und aus diesen
f (x, y) gebildet. Die Formeln dazu sind

f j(x) = (i + 1− x)Ii,j + (x− i)Ii+1,j , (3.1)

f (x, y) = (j + 1− y) f j(x) + (y− j) f j+1(x) (3.2)

mit i = bxc und dem Abrundungsoperator b · c. Zwischen benach-
barten Punkten wird dabei auf deren Verbindungsgeraden interpo-
liert.

Bei der Lánczos-Interpolation werden die Bildzeilen mit dem
Lánczos-Kernel

la(x) =

{
sinc(πx) sinc(πx

a ) für |x| ≤ a
0 sonst

(3.3)

gefaltet, wobei a ∈ R die Größe der betrachteten Umgebung be-
stimmt und sinc(x) = sin x

x ist. D. h. es werden erst Zwischenwerte
f j(x) und daraus f (x, y) nach den Formeln

f j(x) = ∑
i

la(x− i)Ii,j , (3.4)

f (x, y) = ∑
j

la(y− j) f j(x) (3.5)

berechnet, wobei nur Summanden mit i ∈ [x − a, x + a] und j ∈
[y − a, y + a] einen Beitrag zur Summe liefern und f j(x) auch nur
für entsprechende j berechnet werden muss.

Bei der bikubischen Interpolation wird zwischen zwei benachbar-
ten Punkten mittels eines kubischen Polynoms interpoliert. Neben
den beiden Randpunkten werden auch die Steigungen des Poly-
noms an den Rändern vorgegeben, wodurch es eindeutig bestimmt
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ist. Sind Gk die Funktionswerte in einer Zeile und Hk deren Steigun-
gen, so wird zwischen k und k + 1 mit

g(x) = s2(1 + 2t)Gk + t2(1 + 2s)Gk+1 + s2tHk − st2Hk+1 (3.6)

interpoliert, wobei s = k + 1− x und t = x− k die beiden Abstände
von x ∈ [k, k + 1] zu den umliegenden beiden Punkten sind. Um die
Abhängigkeiten von den Daten explizit zu machen, wird g(x) auch
ausführlicher als g(x, Gk, Gk+1, Hk, Hk+1) notiert.

Es bezeichne Ix das Gradientenbild von I in x-Richtung, Iy das
Gradientenbild in y-Richtung und Ixy dessen gemischte zweite Ab-
leitung, jeweils auf den ganzzahligen Pixeln (i, j) definiert. Analog
zur bilinearen Interpolation werden zunächst in den beiden Zeilen
j = byc und j = byc+ 1 Zwischenwerte f j(x) aus I und Ix berechnet.
Um jedoch die Interpolation in y-Richtung durchführen zu können,
müssen auch die y-Gradienten f y

j (x) aus Iy und Ixy nach x inter-

poliert werden. Anschließend kann f (x, y) aus f j(x) und f y
j (x) in

y-Richtung interpoliert werden. Die Formeln dazu sind

f j(x) = g(x, Ii,j, Ii+1,j, Ix
i,j, Ix

i+1,j) , (3.7)

f j+1(x) = g(x, Ii,j+1, Ii+1,j+1, Ix
i,j+1, Ix

i+1,j+1) , (3.8)

f y
j (x) = g(x, Iy

i,j, Iy
i+1,j, Ixy

i,j , Ixy
i+1,j) , (3.9)

f y
j+1(x) = g(x, Iy

i,j+1, Iy
i+1,j+1, Ixy

i,j+1, Ixy
i+1,j+1) , (3.10)

f (x, y) = g(y, f j(x), f j+1(x), f y
j (x), f y

j+1(x)) . (3.11)

Die eigentliche Interpolation wird mit einer festen Anzahl an Re-
chenschritten und Speicherzugriffen ausgeführt. Die Qualität der In-
terpolation hängt jedoch von der Qualität der Gradientenbilder Ix, Iy

und Ixy ab. Diese können mittels disketer Faltung erzeugt werden.
Von der Kernelgröße dieser Faltung hängt die Gesamtlaufzeit der
Interpolation ab. Da die Berechnung der Gradientenbilder jedoch
im Pixelraster erfolgt, kann diese effizienter implementiert werden,
als es bei der Interpolation der Fall ist. Denn Zwischenergebnis-
se können wiederverwendet werden, Vektorsierung kann besser ge-
nutzt werden und der Prozessor-Cache wird weniger belastet.
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3.2 Diskrete Ableitungsoperatoren

Die Gradientenbilder Ix, Iy und Ixy werden wiefolgt aus dem Ein-
gangsbild I berechnet. Im ersten Schritt wird Ix zeilenweise aus I
berechnet und (ggf. parallel dazu) mit dem gleichen Verfahren Iy

spaltenweise aus I. Anschließend wird ebenfalls mit dem gleichen
Verfahren Ixy zeilenweise aus Iy berechnet. Daher ist es hier ausrei-
chend, die Berechnung von Ix aus I zu behandeln.

Im einfachsten Fall wird Ix durch den Differenzenquozienten

Ix
i,j =

Ii+1,j − Ii−1,j

2
(3.12)

approximiert. Das entspricht der Faltung mit dem schiefsymmet-
rischen Kernel [1, 0, −1]/2 = [ 1

2 , 0, − 1
2 ] in x-Richtung und führt

zur Standardvariante der bikubischen Interpolation, wie sie in
den meisten Softwarebibliotheken implementiert ist. Andere Ab-
leitungsoperatoren werden gebildet, indem mit größeren schief-
symmetrischen Kerneln gefaltet wird. Diese haben die Form
[An, . . . , A1, 0, −A1, . . . , −An] und ihre Anwendung kann effizient
als

Ix
i,j =

n

∑
k=1

Ak(Ii+k,j − Ii−k,j) (3.13)

implementiert werden. Daher wird bei Ableitungskerneln hier nur
die Hälfte der Koeffizienten [A1, . . . , An] aufgelistet und z. B. der
Ableitungskernel zu Gleichung (3.12) verkürzt als [1]/2 = [0.5] ge-
schrieben.

Zusätzlich kann in y-Richtung auch noch geglättet werden.
Wird z. B. beim Ableitungskernel [0.5] in y-Richtung mit dem
Glättungskernel [1, 2, 1]/4 gefaltet, erhält man den Sobel-Operator
[1]. Zu allen Ableitungskerneln wurde auch eine Glättung in
Querrichtung erprobt. Diese Varianten haben jedoch durchweg zu
schlechteren Ergebnissen geführt (deutliche Tiefpassfilterwirkung im
Ergebnisbild), sodass sie hier nicht weiter verfolgt werden.

Drei Klassen von Ableitungskerneln werden betrachtet, sie werden
als Diff, OptDiff und LanczosDiff bezeichnet. Diff sind die klassi-
schen Ableitungskernel, die die größte Konsistenz im Fourier-Raum
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haben, wenn der Pixelabstand gegen 0 geht. OptDiff sind dage-
gen unter Berücksichtigung der diskreten Pixel über das gesamte
Fourier-Spektrum optimiert. Die Koeffizienten für beide stammen
aus den Tabellen B.1 und B.2 in [4], siehe Tabelle 1. Das rekursi-
ve Filter in Tabelle B.3 aus [4] wurde ebenfalls getestet, allerdings
konnten damit keine guten Ergebnisse produziert werden.

Tabelle 1: Koeffizienten für Diff und OptDiff für verschiedene n gemäß [4]

n Diff OptDiff

2 [8, −1] / 12 [0.758, −0.129]
3 [45, −9, 1] / 60 [0.848, −0.246, 0.048]
4 [672, −168, 32, −3] / 840 [0.896, −0.315, 0.107, −0.0215]
5 [2100, −600, 150, −25, 2] / 2520 [0.924, −0.360, 0.152, −0.0533, 0.0109]

Das Ziel von LanczosDiff ist es, möglichst ähnlich zur Lánczos-Inter-
polation zu sein. Wird eine Bildzeile j mittels Lánczos-Interpolation
zu f j(x) = ∑i la(x − i)Ii,j interpoliert, kann daraus deren Ableitung
Ix
k,j = f ′j (k) = ∑i l′a(k − i)Ii,j an den Pixelpositionen berechnet wer-

den, um das Gradientenbild Ix zu bilden. Das Ergebnis entspricht
der diskreten Faltung mit dem schiefsymmetrisch fortgesetzten
Kernel [l′a(1), l′a(2), . . . , l′a(n)] mit n = bac und

l′a(k) =
(−1)k

k
sinc

(πk
a

)
. (3.14)

4 Ergebnisse

Zur genauen Analyse und Verdeutlichung der Wirkung der unter-
schiedlichen Verfahren wird ein Bild mehrmals interpoliert, sodass
Interpolationsfehler verstärkt und die Ergebnisse qualitativ gut un-
terscheidbar werden. Hierzu wird ein Eingabebild m Mal um das
Bildzentrum mit dem Winkel 360◦/m rotiert. Die sich ergebende
Volldrehung um 360◦ wird anschließend mit dem Originalbild vi-
suell verglichen. Dabei können zwar subjektive Eindrücke in die Be-
wertung einfließen, jedoch hat sich eine automatische Auswertung
über Differenzbilder als nicht zielführend erwiesen, da diese vor
allem einen Tiefpassfiltereffekt der Interpolation nicht angemessen
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Abbildung 4.1: Testbild (links) und mittels Lánczos-Interpolation mit a = 6 berech-
nete, um 15◦ rotierte Variante (erste Rotation zu m = 24; rechts).

gewichtet. Ebenso ist eine Auswertung über das Fourierspektrum
nicht zweckmäßig, da Realdaten etwa bei Konsumer-Sensoren Alia-
sing enthalten können.

Abb. 4.1 zeigt ein Eingabebild und veranschaulicht das Vorgehen.
In Abb. 4.2 sind die Ergebnisse einiger Interpolationsverfahren an
einem Ausschnitt dieses kontrastscharfen Eingabebildes für m = 24
dargestellt. Als Umgebungsgröße wird 12× 12 verwendet (d. h. a = 6
bei der Lánczos-Interpolation und n = 5 bei allen Varianten der biku-
bischen Interpolation), was sich als günstig erwiesen hat. Wie man
erkennen kann, erzeugt die Nearest-Neighbour-Interpolation zwar
ein scharfes Ergebnis, ist aber bei feinen Strukturen nicht ortserhal-
tend. Wie erwartet ist die bilineare Interpolation am unschärfsten
und die standard bikubische auch deutlich unscharf. OptDiff bietet
diesbezüglich eine deutliche Verbesserung. Das schärfste Ergebnis
mit der besten Detailerhaltung liefert die Lánczos-Interpolation. Bei
genauer Betrachtung von Abb. 4.2 fällt jedoch auf, dass diese auch
den stärksten Klingeleffekt an scharfen Farbkanten erzeugt, d. h. die-
se vervielfacht.

Das Diff-Ergebnis (ohne Abbildung) liegt bzgl. Detailtreue zwi-
schen standard bikubisch und OptDiff. Das Ergebnis mit Lanczos-
Diff (ohne Abbildung) ist ebenso gut wie OptDiff, nur geringfügig
anders.

Wie die Rechenzeiten der Verfahren in Tabelle 2 zeigen, benötigen
OptDiff und LanczosDiff knapp das Doppelte der Rechenzeit der
standard bikubischen Interpolation, wenn man nur eine CPU zur
Verfügung hat. In Anbetracht des signifikanten Bildqualitätgewinns
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ist das durchaus akzeptabel. Lediglich Lánczos liefert noch besse-
re Ergebnisse, ist aber hinsichtlich Rechenzeit zumeist in der Praxis
ungeeignet.

Ganz anders sieht es auf der GPU aus. Hier lässt sich Lánczos
erstaunlich effizient realisieren. Die Berechnungen dauern nur un-
bedeutend länger als standard bikubisch bei wesentlich besseren Er-
gebnissen. OptDiff und LanczosDiff rechnen sogar etwas länger als
Lánczos und sind weder hinsichtlich Ergebnis noch Rechenzeit eine
echte Alternative dazu. Sie wären aber für die meisten Anwendun-
gen schnell genug und erzielen auch bessere Ergebnisse als standard
bikubisch.

Tabelle 2: Rechenzeiten der Interpolationsverfahren für ein Bild der Größe 960×640
Pixel auf einer Intel i7-4770 CPU mit 3.40 GHz bzw. einer NVidia GeForce
940MX GPU. Das Pluszeichen verdeutlicht die Verteilung auf Ableitungs-
berechnung und eigentliche Interpolation.

Interpolation CPU GPU

Nearest-Neighbour 24 ms 3.7 ms
bilinear 31 ms 4.1 ms
standard bikubisch 63 ms 11.9 ms
Diff 33 ms + 82 ms = 115 ms 20.0 ms + 4.4 ms = 24.4 ms
OptDiff 33 ms + 82 ms = 115 ms 19.9 ms + 4.4 ms = 24.3 ms
LanczosDiff 33 ms + 82 ms = 115 ms 18.1 ms + 4.4 ms = 22.5 ms
Lánczos 21 s 17.5 ms

Abschließend werden in Abb. 4.3 noch ein Bild mit starken MPG-
Artefakten aus einem hochgradig komprimierten Video und in
Abb. 4.4 ein Bildbeispiel mit starkem Farbrauschen betrachtet, um
die Auswirkung von Störeinflüssen zu untersuchen. Wie man in bei-
den Abbildungen erkennen kann, ergeben sich die gleichen Aussa-
gen hinsichtlich Bildqualität wie beim obigen Eingabebild, das be-
deutet, die Verfahren erweisen sich als robust gegenüber solchen
Störungen.

5 Zusammenfassung

Heutige GPUs erlauben eine hocheffiziente Anwendung der
Lánczos-Interpolation, welche qualitativ bestmögliche Resultate mit
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hoher Detailtreue liefert, und das bei einer ähnlichen Rechenzeit wie
die standard bikubische Interpolation.

Auf der CPU ist die Lánczos-Interpolation in der Praxis meist zu
langsam. Hier erzielen die OptDiff- und LanczosDiff-Interpolation
hochqualitative Ergebnisse bei lediglich einer knapp doppelt so ho-
hen Rechenzeit wie die standard bikubische Interpolation.
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Abbildung 4.2: Ausschnitt des Testbildes aus Abb. 4.1 (oben links) sowie Interpo-
lationen mit Nearest-Neighbour (oben rechts), bilinear (Mitte links),
standard bikubisch (Mitte rechts), OptDiff (unten links) und Lánczos
(unten rechts). Das Bild wurde jeweils m = 24 Mal rotiert.
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Abbildung 4.3: Testbild (oben links) mit Ausschnittsvergrößerung (oben rechts) sowie
Interpolationen bilinear (Mitte links), bikubisch (Mitte rechts), Opt-
Diff (unten links) und Lánczos (unten rechts). Das Bild wurde jeweils
m = 24 Mal rotiert.
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Abbildung 4.4: Testbild (oben links) mit Ausschnittsvergrößerung (oben rechts) sowie
Interpolationen bilinear (Mitte links), bikubisch (Mitte rechts), Opt-
Diff (unten links) und Lánczos (unten rechts). Das Bild wurde jeweils
m = 24 Mal rotiert. [Quelle: Foto von Bill Maynard]
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Abstract We present a heuristic approach to segment an im-
age into multiple regions for subsequent feature extraction.
The algorithm is based on region growing and allows parallel
implementation by employing multiple seeds, that indepen-
dently grow a region until all pixels of the image have been
assigned. Seeds are homogeneously dispersed in pixel space
and the growth of regions is controlled by prioritizing neigh-
boring pixels via a bucket queue. The heuristic is based on
histograms that are built up during growth to derive binary
images for each seed. These binary images are weighted by
additive image fusion. A simple preprocessing technique is
applied to tune the algorithm’s outcome. We explain how in-
put parameters influence the algorithm’s outcome and how
practical solutions can be obtained.

Keywords Image segmentation, region growing, feature ex-
traction, image registration, parallel implementation

1 Introduction

In medical diagnostics, deep learning methods [1] allow for an in-
crease in both sensitivity and specificity of diagnostic results. As a
drawback, however, to obtain accurate results they rely on massive
training data, which typically is not available in the required anno-
tated quality since it requires labor-intensive labeling by experts. An
unsupervised technique called region growing might improve that
situation by providing fully automated computer-aided segmenta-
tion and feature extraction [2]. Region growing is used very exten-
sively in medical diagnostic applications [3] and it has shown to be
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very useful, e. g. in the diagnosis of cardiac disease, or tumor vol-
ume segmentation [4]. It is an easy to implement and fast processing
algorithm that is growing a region by comparing unassigned neigh-
boring pixels to those already assigned to a growing region. It is,
however, prone to so-called leakage. Without any special considera-
tion or improvement to the algorithm, it tends to assign pixels also
outside of a homogeneous region where borders are thinned out or
interrupted due to noise or other artifacts. In this work, we address
a noise-resistant and highly parallelizable technique, which can seg-
ment MRI volume data with a global view on the problem.

A further target is to design a tool for temporal analysis of image
sequences by comparison of extracted features. A common issue in
comparing two or more images is to register them, for example, at
different instances of time, or when the sensor with respect to the
patient is aligned differently. The task considered here tries to solve
this issue by so-called image registration [5]. The idea of our work
is to register different images by a set of extracted features based on
region growing. However, this paper focuses on the region growing
algorithm only and future work will cover the image registration
part.

2 Related Work

Seeded Region Growing (SRG) by Adams and Bischof [6] is an ef-
fective and well-known image segmentation algorithm. SRG grows
one or more regions, initially called seeds, that can be single-pixel-
sized or a set of adjacent pixels. The algorithm grows these distinct
regions due to some homogeneous criterion until all pixels are as-
signed a region. Formally, the sth seed grows region As for every
s ∈ N where s is less than or equal to a user-defined number of
seeds k. Let ~p ∈ N3

0 = (p0, p1, p2) be a pixel, where (p0, p1) is
its position in pixel space and let I(~p) = p2 be its intensity value.
Let N(~p) be the set of neighboring pixels of ~p in pixel space and
N(A) = {r ∈ A | N(r) \ A 6= ∅} the neighboring pixels of region A.
During an iteration, a pixel ~p is assigned to the region As if

~p ∈ N(As) ∧ δ(As,~p) = min
∀i∈N∧i≤k ∀~y∈N(Ai)

{δ(Ai,~y)}, (2.1)
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where function δ is defined as:

δ(A,~p) =
∣∣∣∣I(~p)−mean

~y∈A
{I(~y)}

∣∣∣∣ (2.2)

The number of iterations equals the number of pixels, i. e. the al-
gorithm halts when all pixels are partitioned. The condition of
Eqn. (2.1) may hold for multiple regions As and a single pixel ~p,
however, according to the authors of the SRG implementation, a pixel
cannot be assigned to multiple regions during a single iteration. As
a consequence, two inherent order dependencies may occur, which
may lead to different segmentation results as discussed by Mehnert
and Jackway [7].

Anyway, the presented algorithm employs independent seeds,
which can grow fully in parallel without a rendezvous before ev-
ery pixel has been visited. Also, in this approach, the mean intensity
of a region is neglected and growth is promoted where two directly
neighboring pixels meet the condition of some homogeneous crite-
rion only.

In many region growing algorithms, k seeds typically grow k re-
gions, and selecting a proper set of seed positions is a non-trivial task
and crucial to the outcome. In our approach, we use one or more
seeds but positions are homogeneously dispersed in pixel space and
the number of seeds does not necessarily equal the number of ex-
tracted regions.

3 Algorithm

The following algorithm is described for n-bit grayscale images
in Nw×h

0 , however, adapting it for higher dimensions should be
straightforward. Multiple seeds are employed and aligned as grid
with a user-defined width u and height v with u, v ∈ N, u ≤ w
and v ≤ h. For every k ∈ N0, with k < uv, a seed position vector
(x, y) ∈N2

0 is defined as:

x =

⌊
w
u
(k mod u) +

w
2u

⌉
, y =

⌊
h
v

⌊ k
u

⌋
+

h
2v

⌉
, (3.1)
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Figure 3.1: Region based segmentation applied to a breast MRI dataset [8].

as schematically depicted in red (u = v = 3) on the blue pane of
Fig. 3.1. The algorithm walks through pixel space in an 8-adjacency
flood-fill manner independently for each of the k seeds as follows:
Let ~p ∈ N3

0 = (p0, p1, p2) be a pixel, where (p0, p1) is its position in
pixel space and let I(~p) = p2 be its intensity value. A bucket queue
is used to hold data objects (~p, q), where q ∈ N0 with q < 2n is the
bucket’s index. Initially, the queue is filled with the seed only, which
is a single pixel only. An iteration i is initiated by polling a bucket Bi.
∀~a ∈ Bi ∀~b ∈ N′(~a), a cost function δ f : (~a,~b) 7→ {r ∈ N0 | r < 2n}
is applied, where N′(~a) denotes all non-visited neighbors of ~a. Cost
function δ f is defined as:

δ f (~a,~b) =
∣∣∣I(~a)− I(~b)

∣∣∣ . (3.2)

At the end of an iteration, each result is added to the queue as
(~b, δ f (~a,~b)). A pixel counts as ’visited’ when it is polled from (and
not added to) the bucket queue.

3.1 Heuristic

Additionally, the number of newly assigned pixels mi is tracked for
each iteration i. A map Ms ∈ Nw×h

0 , drawn as an orange pane in
Fig. 3.1, is used for the sth of k seeds and every ra0,a1 ∈ Ms, where
(a0, a1) is the position of ~a, is set to mmax(i) = max(m0, m1, ..., mi)
at iteration i. Finally, when the queue is empty, i. e. every pixel was
visited, Ms is converted into a binary map by

r ∈ Ms =

{
0 r < mmax(i)
1 otherwise (3.3)

270



Multi-Seed Region Growing Algorithm

Then, all k binary maps are added up elementwise to ∑k
s=1 Ms, i. e.

additive image fusion is applied, and normalized to the range from
zero to 2n − 1 to suppress regions that occur less often than oth-
ers. An example is highlighted in Fig. 3.1 (right) with random colors
assigned for regions containing the same numerical value. The fol-
lowing pseudo code gives an additional overview of the algorithm
for a single seed:

Algorithm 1: Generating binary Map Ms for a single seed.

1 add pixel ~p = (x, y, 0) to queue;
2 set every r ∈ Ms and mmax to zero;
3 while queue is not empty do
4 poll bucket B (with highest priority) from queue;
5 set mi to zero;
6 for each~a ∈ B do
7 if~a hasn’t been visited yet then
8 mark~a as visited;
9 increment mi by one;

10 set value at position of~a in Map Ms to mmax;
11 for each~b ∈ N′(~a) do
12 add (~b, f (~a,~b)) to queue ;

13 set mmax to max (mmax, mi);

14 for each r ∈ Ms do
15 if r ≥ mmax then
16 set r to one;

In this algorithm, it is not necessary to visit every pixel. The itera-
tion can halt when the number of non-visited pixels becomes smaller
than mmax. For the sake of simplicity, not every considered optimiza-
tion is noted.

Growth is depicted in Fig. 3.2 and Fig. 3.3 for two arbitrary seed
positions. Figure 3.2 shows a cumulative histogram of the pixel as-
similation process and highlights the iteration for each seed where
the largest peak is detected and Fig. 3.3 shows the corresponding
growing process.
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0

1
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3

10 5 pliers

Seed Position (60,60)
Seed Position (320,240)

Figure 3.2: Left: Cumulative frequency of number of assigned pixels mi on ’pliers’
(u, v) = (640, 480) and largest step mmax is found at highlighted iteration
i. Right: Image with initial seed positions indicated.

i=500 i=840 i=1200 i=80 i=200 i=550

i=1415 i=610

Figure 3.3: Growth of blue seed at (60, 60) and orange seed at (320, 240) on ’pliers’.
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(3, 3) (7, 7) (7, 7) (32, 24) (36, 36)(2, 2)

0.1

0.3

0.6

1.0

g

(u, v)

3.0 x 10-3 3.1 x 10-3 3.2 x 10-3 3.3 x 10-3 3.4 x 10-3 3.5 x 10-3g

(1, 1)
(u, v)

Figure 3.4: Tuning through the algorithm’s solution space by adjusting the seed grid
size uv and scaling parameter g. Random colors are assigned to distinctive
regions. The fourth column from left contains the same regions as the
third one and regions are colored by its mean intensity of the pixels of the
original image.

3.2 Preprocessing

The algorithm’s result is influenced by an input image and the se-
lected grid size so far. However, it is desired to dynamically ’scan’
for multiple acceptable solutions. Image quantization is used as
a preprocessing step to decrease the image’s bit depth, which has
shown to be very useful to find practical solutions. Scaling parame-
ter g ∈ R with 0 < g ≤ 1 is used to scale the image range to result
in a lower bit depth. A user can tune the grid size uv, i. e. the den-
sity of dispersed seeds, and scaling parameter g as shown in Fig. 3.4
until a suitable solution is found. We may want to refer to [9], where
image quantization is investigated when applied as a preprocessing
step for dimensionality reduction in image classification pipelines.
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Figure 4.1: Sequential circuit representing a pixel in 4-adjacency. Left: Pixel in detail.
Right: Pixel grid overview.

4 Parallel Implementation

This section intends to sketch the possibility of a highly parallelizable
realization of the presented algorithm. While it is obvious to grow
multiple seeds in parallel, it should also be noted, that per iteration,
multiple pixels can potentially be examined in parallel as well. We
present a concept for a sequential circuit, where the basic algorithm
for the creation of a binary map is implemented such that it halts
after as many clock cycles as iterations. The circuit is described for a
pixel raster as schematically depicted on the right of Fig. 4.1, where
δ f denotes a connection in a 4-adjacent neighborhood. However,

adapting it to 8-adjacency or 3D-connected cubes is straightforward.
The single-bit input ’seed’ (upper left of Fig. 4.1) is set HIGH for
the seed pixel to initiate the algorithm and all essential blocks in
Fig. 4.1 are implemented as:

• I() outputs the pixel’s intensity, which can be an unsigned
integer between zero and (2n − 2), where n is the bit depth.
The word (2n − 1) is defined as NULL within this section’s
context.

• v denotes single-bit memory, which saves the state whether a
pixel was visited or not. It is set when the global MIN and
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the local min become equal and stays high until the algorithm
halts.

• δ f calculates δ f of two neighboring pixels as in Eqn. (3.2), if

the outputs v of these two pixels differ from each other, i. e.
one pixel is part of the region and one is a neighbor of it.

• min propagates the minimum of the four n-bit neighboring
δ f -results to the global MIN if the pixel was already visited

or if it is a seed, otherwise NULL is sent to MIN .

• MIN finds the minimum of each’s pixel min output

• mmax updates its value by the global mMAX output until the
pixel was visited.

• mi is a parallel counter [10], which counts each pixel that
is first-time visited. The result is compared to the previous
value of mMAX to determine and output the maximum of both
values.

The performance bottleneck consists of the MIN and mi blocks,
where a clever design is required to keep propagation delays low.
However, propagation delay, stray capacitance, and any other hard-
ware related issues are neglected in this section and require further
investigation. The ’?’-bit width should be chosen to count at least
the largest number of bordering pixels that may occur at a single
iteration.

5 Results and Discussions

5.1 Tuning, Merge and Split

As seen in Fig. 3.4, the more seeds are employed the more the algo-
rithm tends to oversegmentation. The fewer seeds are employed, i. e.
the smaller a seed grid size is selected, the more the position of a
single seed influences the overall outcome of the algorithm. If only
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a few homogeneous regions are dominating the image, increasing
the number of seeds will not necessarily increase oversegmentation.
However, the algorithm might be re-executed with already extracted
regions as input instead of the whole image to furtherly split them.
Conversely, oversegmentation can be compensated for by merging
adjacent regions, that have a similar mean intensity.

This paper intends to provide a low-level tool for high-level appli-
cations. Whether the solution space has optimum solutions or not,
is an application-dependent consideration and requires some sort of
’oracle’ or ’teacher’ as known from active learning [11].

5.2 Performance

When scaling parameter g is decreased the algorithm’s time com-
plexity decreases as well. While the bit depth and the spatial image
resolution influence the algorithm’s time complexity, it is believed
that the complexity will not necessarily increase as the number of
dimensions does for the parallel implementation. Analogously, one
might compare the growth of a square in 2D, a cube in 3D, or a
tesseract in 4D, where each dimension has the same spatial resolu-
tion.

5.3 Application and Future Work

When regions are extracted, subsequently, our goal is to register a
large set of regions of MRI breast cancer image sequences. Also,
we would like to apply our algorithm to pairs of stereo images like
the Middlebury Stereo Datasets [12] to investigate the possibility of
stereo matching techniques. Further investigations will cover non-
rigid shape registration methods and similarity measure of how well
registered regions match.

6 Conclusions

Based on seeded region growing, an algorithm was designed to sup-
port feature extraction in the field of medical diagnostics, however, it
is not necessarily limited to this type of image. While the presented
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algorithm is similar to the common region growing algorithms, the
used heuristic is a novel and potentially faster approach. There is no
need to find specific seed positions but instead, it is required to scale
a parameter to adjust the density of homogeneously dispersed seeds
in pixel space. Another input parameter is applied in a preprocessing
step to reduce dimensionality by image quantization. The combina-
tion of adjusting density and dimensionality was depicted to give an
intuition of the usefulness for more application-oriented approaches
where optimal solutions might be found by an oracle as known from
active learning.

A sequential circuit was described in this paper to point out the
possibility of a highly parallel implementation with low time com-
plexity. Overall experimental results seem promising, however, fur-
ther investigation is required to evaluate the quality of segmentation.
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Abstract One way for the visual inspection of assemblies with
many variants is to compare camera images with the corre-
sponding rendered view of the CAD model. In this paper, we
address the problem to decide whether there are significant
differences between camera and rendered images, which sig-
nal an assembly error. Our approach uses a Conditional Gen-
erative Adversarial Network (CGAN) to translate the camera
image to a rendered like one, followed by error detection by
comparing the translated and rendered images.

Keywords Automated visual assembly inspection, CGAN,
deep learning, quality assurance, human-machine systems

1 Introduction

This research is motivated by an inspection task in manual assem-
bly. In order to ensure that a module is correctly assembled visual
inspection is a frequent choice. When assembly errors may cause
high costs in downstream processes or could lead to dangerous mal-
function, an investment into a reliable automated inspection solution
is of interest. For assemblies with many variants the following ap-
proach with cameras could be used. The cameras take images of
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(a) Correct assembly (b) Assembly error (missing part)

Figure 1.1: Pairs of camera and rendered images.

sufficient resolution of the parts to be inspected in such a way, that
we know the position of the camera with respect to the assembly.
This allows us to render the same view using the CAD model [1].
Then we compare the rendered view and the real camera image and
to decide, whether there is an error. In the current work, we refer to
the rendered view as the CAD image and the real camera image as
real-world image.

The CAD model provides only geometrical information. A photo-
realistic rendering is not possible. Yet, intensity changes can be ex-
pected, where surface normals change or neighbor pixels are on dif-
ferent objects or background. That is why the existing image process-
ing approaches focus on the comparison of edges detected in CAD
and real-world images [2]. As expected edges appear more or less
distinct, and as there are further edges from texture and illumina-
tion, edge detection and comparison criteria need to be parametrized
based on example images from the assembly. Whenever there are
new parts, their finishing changes or lighting conditions are mod-
ified it may be necessary to adapt parameters and criteria again.
Therefore, it is natural to ask whether there is a machine learning
approach, which learns the classification of assembly errors and cor-
rectly mounted parts based on annotated example images with only
few examples for assembly errors. In the current work, we intro-
duce such a data-driven learning mechanism. Our approach can be
easily adapted to new assembly products, parts or conditions, with
minimal human expert involvement.
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Dataset: The dataset we used consists of image pairs obtained from
42 real-world assemblies of 3 different assembly products. Figures
22.1(a) and 22.1(b) show such sample image pairs. From all the 42
experiments we have around 24333 inspection tasks, i. e. 24333 image
pairs that can be used for training and testing. In the 24333 image
pairs only 260 image pairs are assembly errors and all the other are
correctly assembled samples. For our learning task, we leave out
the samples from 9 experiments (3 from each assembly type) for
testing and use the remaining samples for training. From here on,
we refer to the correctly assembled samples as negative samples and
the assembly error samples as positive samples.

We categorize the parts-of-interest in our inspection tasks into 10
different categories based on their visual appearance. Figure 1.2
shows one sample from each of these categories and their names.
Also, we increase the dataset size by performing data-augmentation
(discussed later in section 2). We adjust all the images to aspect ratio
1 : 1 for the sake of ease of training Convolutional Neural Networks.

Figure 1.2: Sample images of 10 different categories. Names in order from left: Air-
Adapters, Bolts-1, Bolts-2, Bolts-3, Bolts-4, Mounting-Plates, Stiffeners,
Swivel-Nuts, Vent-Tubes, Miscellaneous categories.

2 Method

Suppose that the real image could be translated from the domain of
real textured images to the domain of rendered like images, then an
image comparison could be used for classification. Similar images
would represent the correctly mounted parts and differences in the
images would signalize assembly errors. The intention is to simplify
the classification to asking whether a similarity measure for two im-
ages is above or below some threshold. The learning comes in with
domain translation. The advantage is that for learning the domain
translation we only need negative samples.
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Figure 2.1 shows the conceptual idea behind our methodology, the
data flows from left to right in the pipeline. The first stage is about
pre-processing data. We generate a mask from the CAD image,
where the pixels of part of interest are assigned value 0 and the
background pixels are assigned a value 1. We then extract the back-
ground from the real-world image by simply multiplying the real-
world image with the mask image. The extracted background is
then added to the CAD image resulting in a hybrid image. We use
this hybrid image as our ground-truth for training and also for clas-
sification of assembly errors. Figure 2.2 shows an example of these
data pre-processing steps. In section 3 we also discuss results of ex-
periments, where we omitted this pre-processing and kept the black
background.

Figure 2.1: Conceptual diagram

The second stage is image domain translation. For domain trans-
lation, we choose a deep learning approach: Conditional Generative
Adversarial Networks (CGAN) [3]. CGANs are a special case of Gen-
erative Adversarial Networks (GAN) [4] which are state-of-the-art
image generation models. A CGAN consists of two blocks, generator
and discriminator, both these blocks are made up of Convolutional
Neural Networks. During training, the generator of CGAN learns to
translate input real-world image to CAD domain. The discriminator
on the other hand learns to distinguish between the generator’s out-
put and ground-truth CAD image, given the real-world image. For
the generator network, we experimented with two different architec-
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Figure 2.2: 3 step data pre-processing to obtain ground-truth images

tures from the state-of-the-art, the pix2pix [5] and U-Net [6] archi-
tectures. For the discriminator, we use the architecture proposed in
pix2pix [5]. Also, to make domain translation invariant to Euclidean
transformations or small changes of intensities, we apply data aug-
mentation techniques such as Flipping, rotating, translating, small
random increase/decrease of pixel values on the training data set.
The third stage of the conceptual design consists of a classification
block, where we compare the translated and ground-truth images
to detect assembly errors. Note that, though we use the terminol-
ogy of classification here, no learning process happens in this block.
The actual learning process happens only in the domain translation
block.

In our approach, we need image comparison metrics for two pur-
poses. One for evaluating the quality of image translation, the other
for comparing the translated and ground-truth images in the classi-
fication block. For the purpose of measuring the image translation
quality we use the Structural SIMilarity (SSIM) Index [7]. Given a
pair of perceptually similar images, SSIM gives a measure of simi-
larity in the structural information of the images. A good domain
translation model, while translating the domain of an input image,
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should not affect/degrade the structural information present in it.
Thus, comparing the structural information in the translated images
with the structural information in the ground-truth images forms a
good basis for testing the translation quality. The SSIM metric serves
this purpose here. Note that, for training and testing the CGAN per-
formance, we only need the negative samples from the dataset, we
do not need the positive samples here.

For comparing the translated and ground-truth images in the clas-
sification block, we use the Mean squared error (MSE). MSE is calcu-
lated as the mean of squared pixel intensity differences between the
given pair of images. MSE is calculated at pixel level and does not
take into account the neighborhood relations. However, MSE highly
penalizes large deviations in pixel intensities. This factor greatly
helps in classifying the borderline positive samples, where the parts-
of-interest in the image pair are mostly similar with only some small
differences, see figure 22.1(b). To classify a sample as negative or
positive based on MSE, we need a threshold. We choose the thresh-
old as a trade-off between the sensitivity and specificity measures.
The sensitivity and specificity measures are calculated as

Sensitivity =
True Positives

True Positives + False Negatives
, (2.1)

Specificity =
True Negatives

True Negatives + False Positives
. (2.2)

We calculate the sensitivity and specificity over a range of different
thresholds and finally choose the threshold where the sum of both
measures is maximum. We use 60% of our test samples, both nega-
tive and positive for this purpose. Also, to have a balanced dataset
for threshold calculation, we perform data-augmentation to generate
artificial positive samples, by simply swapping the CAD image of a
given image pair with some different CAD image.

3 Results

We performed a set of experiments to evaluate the performance of
our pipeline with pix2pix and U-Net generator architectures. The
architectures in all our experiments were trained using the Adam
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optimizer [8] with a learning rate of 0.0002. In case of discriminator
we used Mean squared error (MSE) as the loss function, whereas in
case of generator we used a weighted sum of Mean squared error
(MSE) and Mean absolute error (MAE) as suggested in [5].

The results we report in this section were obtained for real-world
to CAD image translation and by using images with background.
Later in this section, we explain our observations on why translating
CAD images to real-world results in poor translation quality and
why it is not a good idea to use images without background for
training. Also, the numbers reported in this section were obtained
over original positive and negative test samples, no augmented data
was included in these calculations.

Table 1: Image translation and classification results

Translation quality
(Avg. SSIM)

Classification performance
(based on MSE measure)

Architecture Train-set Test-set Sensitivity Specificity
pix2pix 0.93 0.92 0.75 0.97
U-Net 0.94 0.93 0.85 0.98

Table 1 lists the results of the best performing pix2pix and U-
Net generator models. The pix2pix generator model took relatively
longer training time compared to U-Net for achieving similar trans-
lation quality. In both cases, image translation quality remains good
and consistent over train and test sets, indicating that the models
learned to generalize. Figures 22.1(a), 22.1(b), 22.1(c) show some
sample image translation results obtained with the U-Net model. In
terms of classification performance, although the specificity is almost
the same in both cases, we achieved better sensitivity with U-Net
translation. While the pix2pix pipeline misses to detect 25% error
samples in the test set, U-Net performs slightly better by missing
15% defects.

The results in table 1 were obtained using a common MSE thresh-
old for all the 10 categories of objects. But, in production different
types of errors can occur for different categories. For example, in
our dataset, missing bolt is a most common error in case of bolts,
whereas, in case of air-adapters the most common error is mount-
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(a) Negative sample (No error) (b) Positive sample (Wrong part)

(c) Positive sample (Missing part)

Figure 3.1: Image translation results

ing a wrong part. When the types of errors differ, the MSE values
in these cases differ too and therefore it would be beneficial to use
different cut-off values for each category of objects rather than us-
ing a common cut-off for all the categories. Table 2 summarizes
the results we obtained after choosing individual cut-offs for each
category. These results were obtained using the U-Net generator
mentioned in table 1. Except for the Stiffeners category all other
categories have sensitivity of 1.0 i. e., 100% error detection.

Stiffeners are a special category of objects which have an extreme
aspect ratio, see figure 3.2. When these images are resized to a aspect
ratio of 1 : 1, a lot of information about the part of interest is lost,
and therefore it would be difficult to detect errors in such cases. We
solved this problem by training the CGAN on image tiles, obtained
by splitting each Stiffener image into multiple small tiles. And dur-
ing classification, if any tile of an image is classified as positive then
the image itself is classified as positive. Using this approach we
achieved 100% error detection in case of Stiffeners too.

Translating CAD images to real-world: Figures 22.3(a) and 22.3(b)
show the image translation results we obtained by training a CGAN
model to translate CAD images to real-world images. The training
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Table 2: Category-wise classification results obtained after choosing individual cut-
offs for each category

Category Sensitivity Specificity
Air-Adapters 1.0 1.0

Bolts-1 1.0 0.99
Bolts-2 1.0 0.99
Bolts-3 1.0 0.98
Bolts-4 1.0 1.0

Mounting-Plates 1.0 0.97
Stiffeners 0.75 0.98

Swivel-Nuts 1.0 1.0
Vent-Tubes 1.0 1.0

Miscellaneous 1.0 0.96

Figure 3.2: Image of a Stiffener with its original aspect ratio (14 : 1)

loss and the image quality stopped improving after we trained the
model for a few hundred epochs. The possible reason here for poor
image translation quality could be that, the process of transitioning
from real-world to CAD-world is like a simplification process, the
other way is not. Lets say there is a product which contains a part X,
the part’s CAD model image is Xc. Lets say for the purpose of train-
ing we obtained real-world images Xr1, Xr2, Xr3 of this part when
the product was assembled three different times. Now, when we
train the CGAN model with Xr1, Xr2, Xr3 as inputs and Xc as the
common ground-truth for all three inputs, we are essentially train-
ing the model to simplify the inputs and converge the output to the
pixel values seen in Xc. But, when we train the model with Xc as
input and Xr1, Xr2, Xr3 as ground-truths, the model learns to gener-
ate a mean output image that equally satisfies the constraints of all
three ground-truths it has seen during training. Therefore, translat-
ing CAD images to real-world might always result in blurry outputs.
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(a) Test sample 1 (b) Test sample 2

Figure 3.3: Blurry translation results obtained from a CGAN model trained to trans-
late images from CAD domain to real-world domain

Using images without background: In the experiments where we
trained the CGAN on images without background, we observed that
the translation quality on training images was satisfactorily good,
but the quality of outputs obtained on test-set was poor, indicating
over-fitting. Figures 22.4(a) and 22.4(b) show the mean activation
maps [9] we plotted for the top layers of the CGAN generator model
to understand its behaviour. In figure 22.4(a), where we trained the
model on images without background, we see that, in almost all cat-
egories of input images, the high activation values are in the back-
ground region (The reddish regions in the activation maps indicate
high activations). But, in case of figure 22.4(b), where we trained the
model on images with background, the activation values in the back-
ground region are lower than the part-of-interest, indicating that the
model learned the structure of the part-of-interest. When a model
is trained on images without background, the network might find
it easier to learn about the black patches in the background, than
learning about the complexity of structures in the region of interest.
The Convolutional Neural Networks usually learn to find or extract
the most common features that can differentiate one class from the
other. Therefore in order to drive the network towards learning the
right features for a given part of interest, we simply have to make
sure that no other part or region in the image highly correlates with
the part-of-interest. But this is not the case with black-background
images. Whenever there is some specific part-of-interest in an im-
age, there are always corresponding black-patches as well. Then the
network might learn about the black-patches rather the part of in-
terest. In short, the lower the correlation between background and
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(a) Without background (b) With background

Figure 3.4: The activation maps of each category highlight the difference in behaviour
of the CGAN model when trained on with and without background im-
ages. (Reddish regions in the images indicate higher activation values)

the region of interest, the better. The background added from the
real-world image and the data-augmentation helps in achieving this
randomness.

4 Summary

In manual assembly tasks, inspection of products assembled by hu-
mans is essential. One way of doing this is by automated visual
inspection using camera images. Images captured in the real-world
can be compared with images rendered from the CAD model to de-
tect errors. The existing approaches focus on comparison of edges
detected in rendered and real image pairs. However, when the prod-
ucts/parts or lighting conditions change, the parameters of these
comparison algorithms have to be adjusted again by subject matter
experts. In the current work we introduce a data-driven learning
approach to solve this problem. We use the idea of image domain
translation to translate the real-world images into rendered like ones,
so that the translated and ground-truth images can be compared us-
ing simple image comparison measures, thus minimizing involve-
ment of human experts. We use CGAN for the purpose of image
domain translation and MSE for the purpose of image comparison.
By choosing individual MSE thresholds for different types of parts
and for some parts (with extreme aspect ratio) training on image
tiles instead of whole image at once, we achieved 100% error de-
tection while mis-classifying only 0.5% correct assembly samples as
errors.
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ligenter Algorithmen,” in 3D-NordOst 2018, Berlin, 2018, pp. 35–42.

3. M. Mirza and S. Osindero, “Conditional generative adversarial nets,”
arXiv preprint arXiv:1411.1784, 2014.

4. I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley,
S. Ozair, A. Courville, and Y. Bengio, “Generative adversarial nets,” in
Advances in neural information processing systems, 2014, pp. 2672–2680.

5. P. Isola, J. Y. Zhu, T. Zhou, and A. A. Efros, “Image-to-image translation
with conditional adversarial networks,” Proceedings CVPR 2017, vol. 2017-
Janua, pp. 5967–5976, 2017.

6. O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional networks
for biomedical image segmentation,” Lecture Notes in Computer Science,
vol. 9351, pp. 234–241, 2015.

7. Z. Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simoncelli, “Image quality
assessment: from error visibility to structural similarity,” IEEE transac-
tions on image processing, vol. 13, no. 4, pp. 600–612, 2004.

8. D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,”
arXiv preprint arXiv:1412.6980, 2014.

9. F. Chollet, Deep Learning with Python, 1st ed. USA: Manning Publications
Co., 2017.

290



A Step towards Explainable Artificial Neural
Networks in Image Processing

by Dataset Assessment

Nina Felicitas Heide*, Alexander Albrecht*,
and Michael Heizmann+*

*Fraunhofer IOSB, Fraunhofer Center for Machine Learning,
Fraunhoferstraße 1, Karlsruhe, Germany

{nina.heide, alexander.albrecht}@iosb.fraunhofer.de
+ Karlsruhe Institute of Technology,

Institute of Industrial Information Technology,
Kaiserstraße 12, Karlsruhe, Germany

michael.heizmann@kit.edu

Abstract We propose a methodology for generalized ex-
ploratory data analysis focusing on artificial neural network
(ANN) methods. Our method is denoted IC-ACC due to the
combined assessment of information content (IC) and accu-
racy (ACC) and aims at answering a frequently posed ques-
tion in ANN research: ”What is good data?” As the dataset
has the primary influence on the development of the model,
IC-ACC provides a step towards explainable ANN methods
in the pre-modeling stage by a better insight in the dataset.
With this insight, detrimental data can be eliminated before a
negative influence on the ANN performance occurs. IC-ACC
constitutes a guideline to generate efficient and accurate data
for a specific, data-driven ANN method. Moreover, we show
that training an ANN for the semantic segmentation of 3D
data from unstructured environments with IC-ACC-assessed
and -customized training data contributes to a more efficient
training. The IC-ACC method is demonstrated on application
examples for the visual perception of robotic platforms.

Keywords Artificial neural networks, image processing, pre-
modeling explainability, robot vision systems
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1 Introduction

In the development of classic methods – without the use of artifi-
cial intelligence (AI) – the scientist defines the behavior of a method
by domain knowledge. In contrast to this, AI methods can be sepa-
rated into data-driven and model-driven methods [1]. Initial design
considerations in ANNs are specified with expert knowledge. Apart
from this, the input data constitutes the major impact on the per-
formance of a data-driven ANN approach [2]. To develop powerful
AI methods, it is advisable to examine the input data in the pre-
modeling stage.

We classify the data depending on the target application of the
ANN. The 2D imaging domain can be divided into segmentation,
depth estimation, object detection and tracking, and classification.
3D imaging splits into segmentation, object detection and tracking,
shape classification, and registration [3, 4].

In explainable AI research, the stages of explainability are subdi-
vided into pre-modeling explainability, explainable modeling, and
post-modeling explainability [2]. Pre-modeling explainability in-
cludes exploratory data analysis, dataset description standardiza-
tion, dataset summarization, and explainable feature engineering. So
far, most methods for exploratory data analysis examine and sum-
marize the main characteristics and focuses on statistic parameters
such as the Google Facets toolkit which maps the characteristics into
numeric and categorical features.

Dataset assessment methods can be subdivided into adversarial
testing methods, testing methods based on model and data cover-
age, and testing based on metrics [5]. In coverage testing, a high
quality of a dataset is derived form a high percentage of activated
neurons [5]. Testing based on metrics mainly focuses on the predic-
tion accuracy of the ANN method and dismisses the in-depth anal-
ysis of the underlying dataset. Most research focuses on only one
target application such as classification in [5] and [6]. [5] proposes an
in-depth method to test the coverage of deep neural network models
by examining the dataset quality with statistical measures such as
centroid positioning. [6] detects class structure ambiguities in classi-
fication and proposes a reorganization strategy in case of decreasing
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Figure 2.1: IC-ACC method: separated assessment of raw and processed data, the
IC-ACC score decides whether to include the sample in the final dataset.

accuracy. Usually, the processed reference data is assumed as suffi-
ciently accurate ground truth without verification.

Compared to the extensive research on ANN methods, data analy-
sis for ANN methods is greatly underrepresented. With IC-ACC, we
contribute a generalized, step-by-step approach in exploratory data
analysis for pre-modeling explainability. We focus on the amount
and diversity of the information inside the data which is required
for proper ANN training as well as on the accuracy of its reference
data for supervised learning approaches. Hence, we target the step
prior to dataset assessment as proposed in [5] which analyzes bi-
ases or correlation among the variables. Only classical methods are
considered in IC-ACC as AI-based data analysis would require addi-
tional assessment.

2 Exploratory Dataset Analysis with IC-ACC

Contrasting most works on exploratory data analysis, IC-ACC fo-
cuses on a generalized assessment of training data for ANN methods
in the domain of image processing. The workflow of the proposed
IC-ACC method is illustrated in Fig. 2.1. IC-ACC does not only pro-
vide a statistical measure for the diversity of the information such
as the number of categories. But, we combine this with information
content measures for images and point clouds, which can optimize
the ANN performance, as well as with a first step towards an accu-
racy analysis of datasets.

2D and 3D data divides into raw and processed data: is the out-
put of a sensor system after applying the intrinsic calibration and
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is assumed to be error-free, processed data designates the reference
data obtained in processing of the raw data which is usually utilized
as training data. As the faultlessness of in data processing cannot be
guaranteed, processed data can be subject to errors. With supervised
training, an ANN learns to interpret raw data and requires processed
data as a reference for the training loss. For unsupervised training,
raw data is sufficient.

2.1 Information Content (IC) of Raw and Processed Data

To assess the information content of a message, Shannon [7] pro-
posed the entropy measure H = −

(
∑NI

p(i) · log2(p(i))
)
, with i ∈ I

a single symbol of all available symbols I, p(i) the probability of the
symbol to occur in the message, and NI for #I. In IC-ACC, the Shan-
non entropy is transferred on 2D and 3D data to assess the respective
IC.

The IC of raw 2D data (ICr2D) is contained in the intensity values
of the captured spectral channels inside a pixel structure. The IC of
a defined 2D pixel grid can be measured by its Shannon entropy. In
8-bit images, I contains all possible intensities I ∈ {0, 1, ..., 255}.

Raw 3D data provides geometric information in 3D space with the
position of each measurement point. Following [8] and [9], we regard
point density and geometric structure as most conclusive criteria for
the IC (ICr3D). For point density, the density related to the distance
from the sensor origin is chosen as the most promising represen-
tation [9]. 3D data is transformed from the Cartesian coordinates
into homogenized coordinates φ, r, and z: φ = arcsin (y/

√
x2 + y2),

r =
√

x2 + y2, and z = z. This yields a more uniform point distri-
bution for active, rotating sensors [9]. A normalization in r and the
binning of the homogenized points by their values of φ illustrates
the point distribution, and thus the density. If notably different ar-
eas are included in each cloud, it is advisable to set a high number
of bins. As a higher number of points naturally denotes a higher IC,
also the total number of points as well as the number of points inside
each previously defined bin can be applied to compare samples. We
calculate the empirical mean to represent the relative distribution of
the density values: µ = 1/N ∑N

i=1 xi, with N the number of bins, and
xi the relative density inside bin i. A uniform point distribution –
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and thus a high µ – illustrates a proper representation of all cloud
sectors and thus a high IC.

The structure of the point cloud can be described with the sur-
face variation s = λ3/(λ1+λ2+λ3), with λ the eigenvalues when de-
composing the covariance matrix of a point set. s is calculated for
each point and indicates the structured or unstructured character of
a point cloud. To combine the values s of a point set, we calculate the
Gaussian mean of s, denoted s̄. In general, structured environments
contain controlled, clearly separable topological objects as well as a
high number of smooth surfaces. Unstructured environments are
dominated by natural elements such as grassland, trees, bushes, or
rocks [9, 10]. Hence, a higher s̄ indicates less structured elements.
The future application environment defines if a high or a low IC
measure is achieved: for more complex, unstructured environments,
a high s̄ indicates a high IC, while in structured environments a high
IC is synonymous to a clear structure and thus a low s̄. This selection
is justified in the subsequent proof of concept.

The IC of processed data depends on the prediction density and
diversity of the information added during the processing step in re-
lation to the number of 2D pixels or 3D points. For 2D data (ICp2D),
the prediction density is related to the number of pixels. An example
for 2D prediction density is provided in stereo depth estimation: a
high prediction density indicates a high percentage of valid depth
estimates and thus a decent quality of the reference data [11]. For
3D data (ICp3D), the number of points inside a point cloud is used
accordingly. The diversity of the information can be measured us-
ing the Shannon entropy. Here, I contains all possible values of the
added information such as class labels in segmentation tasks. The
relative frequency of these values determines p(i).

2.2 Accuracy (ACC) of Processed Data

ACC provides a measure of confidence and error characteristics for
the data used as reference in supervised training. To overcome
the common lack of a verified, error-free ground truth to compare
against, we assess ACC with indirect measures. In contrast to IC,
the evaluation of ACC has to be adapted to the type of the pro-
cessed information to some extent. Two groups can be distinguished:
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data that is used to train an ANN for similarity matching (ACC2Ds,
ACC3Ds) and data for interpretation (ACC2Di,ACC3Di). Similarity in-
cludes depth estimation in 2D and the registration in 3D, whereas
segmentation, object detection and tracking, and classification aim
at the interpretation of imaging data.

In ACC2Ds and ACC3Ds, source and target to be matched have to
be examined for similarity. The target remains in its original repre-
sentation, the source is transformed by applying the reference data
to be assessed. Following [11], the similarity of 2D samples for depth
estimation is measured using the structural similarity index measure
(SSIM) and the normalized root mean squared error (NRMSE). For
3D registration, the processed data typically consists of transforma-
tions. A high similarity between source and target cloud, after apply-
ing the reference transformation to the source, indicates a high ACC.
Hence, difference measures such as L1 norm, L2 norm, or NRMSE
are applicable. NRMSE generates a scale-invariant difference mea-
sure, which can be problematic in case of an undetected, different
scaling of the input data. Hence, the L2 norm is applied to assess the
similarity [9].

For ANN methods in interpretation (ACCtDi) the processed data
typically consists of labeling information. One obvious strategy is to
check a small number of random samples manually and to deduce a
qualitative statement. This is a time-consuming, but often a straight-
forward strategy for experts. Currently, human annotators generate
labeling data with the assistance of labeling tools and errors tend to
occur in border regions or transitions between objects. As objects
are rarely represented by a small number of points or pixels, a high
number of different labels in a small area or space can indicate noisy
and inaccurate data. As a first step towards a verifiable and quan-
titative ACC measure, pixel- and point-wise labels can be examined
for smoothness, and thus for the existence of outliers. To identify
outliers automatically, a nearest neighbor search can be applied sim-
ilar to [8], requiring a minimum number of neighbors with identical
labels. Also, a qualitative visual assessment of label smoothness is
possible. A scoring from 0 to 10 allows a detailed rating for experts
with domain knowledge [12]. Here, 10 stands for the highest ACC
possible.
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Table 1: Elements of exploratory data analysis with IC-ACC with proposed measures.

IC-ACC element Measure
ICr2D: raw 2D Shannon entropy H
ICr3D: raw 3D Surface variation s̄, relative density µ
ICp2D: processed 2D Prediction density (pixels), diversity H
ICp3D: processed 3D Prediction density (points), diversity H
ACC2Ds: similarity NRMSE, SSIM
ACC2Di: interpretation Qualitative visual assessment, label smoothness
ACC3Ds: similarity L2 norm (MSE)
ACC3Di: interpretation Qualitative visual assessment, label smoothness

2.3 Deriving the IC-ACC Score

To derive a holistic IC-ACC score, each IC and ACC measure is
normalized individually. Tab. 1 provides an overview of all IC-
ACC elements. The IC-ACC score is calculated using IC-ACC =
1/3 · (ICrtD + ICptD + ACCptD), with t ∈ 2, 3. If more than one mea-
sure is included in an IC-ACC element, the average of both measures
is considered. For normalization, the respective values are mapped
to [0, 1] using the maximum value of the respective measure. De-
pending on data availability, we recommend to distinguish weak,
medium, and strong data inclusion thresholds for the IC-ACC score.
In reference to N0,1, we include samples achieving more than 68.27
% of the possible maximum IC-ACC score of 1.0, hence it is IC-ACC
score > 0.6827 for a weak threshold. The medium threshold is set
to 0.8664 (µ± 1.5σ), the strong threshold is 0.9545 (µ± 2σ). Regard-
ing one dataset in-depth, bad samples can be detected by applying
the threshold on all elements of the dataset. To compare different
datasets, the IC-ACC scores, prior to and after applying the inclusion
requirements, can be compared.

2.4 Proof of Concept: IC-ACC for 2D and 3D Data

For the ICr2D, the Shannon entropy H of an image is calculated.
Fig. 2.2 shows the ICr2D and ACC2Ds assessment of image patches
used to train a CNN for stereo matching on the KITTI 2012 dataset
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Figure 2.2: ICr2D and ACC2Ds for 19×19 pixel patches to train a depth estimation
CNN: patch 1 has a low IC with H1 = 2.5, whereas H2 = 6.24 and H3 =
5.75 indicate a high IC; for pair 3-4 SSIM = -0.04 is sufficient, but NRMSE
= 1.15 is too high for similarity [11] and the reference disparity is rated as
inaccurate.

[13] using the reference disparity for ACC2Ds as proposed in [11].
The prediction density concept for ICp2D is illustrated on disparity
maps in [11].

We demonstrate the IC analysis for raw 3D data on sequence (seq.)
00–10 of the SemanticKITTI dataset [4] using the raw 3D data of
the KITTI Vision Odometry Benchmark [13] captured in urban and
sub-urban areas. As terrain in urban and suburban areas mostly
includes cultivated and rather structured terrain, only two of the 28
classes predominantly represent unstructured elements: vegetation
and trunk.

In case of clearly separable sectors in point clouds, a subdivision
into sectors improves the in-depth IC analysis. The clouds are di-
vided into four sectors of 90◦ which are axisymmetric to the axes of
the Velodyne LiDAR frame: front, right, back, and left. For seq. 02–
04, s̄ of the left and right sectors is notably higher than s̄ of front and
back: s̄left,02–04 = 0.0460, s̄right,02–04 = 0.0649, s̄front,02–04 = 0.0211, and
s̄back,02–04 = 0.0228. Targeting on unstructured environments, this
shows a higher IC for the left and right sectors and justifies the sep-
aration into structured and unstructured sectors for SemanticKITTI.
Fig. 2.3 shows the point-wise estimates of s in scene 245 of seq. 04.
Tab. 2 shows the s̄ and the class distribution for seq. 01 and 09
with the highest and seq. 06 with the lowest s̄ in seq. 00-10 of Se-
manticKITTI. Seq. 06 consequently has the lowest IC for unstructured
target environments. As in seq. 06 only 9.77 % of the labels represent
unstructured classes, compared to 23.91 % and 29.96 % in the seq. 01
and 09, this justifies the surface variation metric as a measure for the
structured or unstructured character of a point cloud.
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Figure 2.3: ICr3D: histogram of surface variation s in the front sector (above) and
right sector (below) of scene 245, seq. 04. The normal estimation radius is
0.40 m [8]. The low s̄ = 0.0181 of the front sector highlights its structured
nature, while the high s̄ = 0.1277 of the right sector shows its unstructured
character. Frequency for cut-off bin 0 is 13515 (front) and 3783 (right).

To demonstrate IC-ACC in the comparison of two 3D clouds, we se-
lect scene 245 of seq. 04, denoted as (245,04), with a medium s̄ and
scene 778 of seq. 09 (779,09) with a high s̄. Tab. 3 illustrates the IC-
ACC results. The point density in ICr3D is calculated using N = 12
bins, mapping 30◦ in one bin. ACC3Di is demonstrated in quali-
tative manner. The renowned SemanticKITTI dataset comes with
a high labeling accuracy and label smoothness which can both be
verified manually. For ICp3D, NI = 28 is set in H with 28 classes
in SemanticKITTI. In 245,04, the most frequent classes are road and
vegetation with 35.46 % and 20.36 %. In 778,09 it is 26.89 % veg-
etation and 17.87 % building. The normalization values are de-
rived from the maximums such as max(s̄) = s̄778,09 for s. We get
IC-ACC245,04 = 1/3 ·

(
(0.574 + 1.0)/2 + (0.828 + 1)/2 + 1.0

)
= 0.90

and IC-ACC778,09 = 1.0. Applying a weak or medium threshold,
both samples exceed the requirement with 86.64 % < 90.0 %. For a
strong threshold only 778,09 would be included in the final dataset.

2.5 Semantic Segmentation Efficiency with IC-ACC

The benefits of data analysis in training an ANN for the semantic
segmentation of 3D point clouds is shown with SqueezeSeg [14, 15].
We follow the implementation of [15], but train with the full and

299



N. F. Heide et al.

Table 2: s̄ and class distribution of points (in %) for lowest and highest s̄ in seq. 00-10.

s̄ Vegetation Trunk Mainly unstructured Terrain
s̄01 = 0.051 23.87 0.04 23.91 13.83
s̄06 = 0.027 9.31 0.46 9.77 26.10
s09 = 0.051 29.29 0.67 29.96 8.88

with a reduced version (seq. 02–04 training, seq. 08 validation) of Se-
manticKITTI [4]. Intersection over Union (IoU) is used to measure
the segmentation performance. Training is conducted for 150 epochs.
Representative classes are grouped into structured (car, road, park-
ing, sidewalk, building, fence, pole, traffic sign) and unstructured,
nature classes (vegetation, terrain, trunk). The full dataset achieves
a mean IoU of IoU = 0.173 in training and 0.210 in validation, the
reduced dataset reaches 0.166 and 0.175. For the nature classes, it
is IoU = 0.335 on the reduced dataset, the structured classes reach
IoU = 0.266. This is remarkable as the nature classes are attributed
to less than 30 % of the points present in the training data. It under-
lines the statement that unstructured data has a higher IC making it
favorable in training and inference due to an increased unambigu-
ousness and a higher IC.

To rate the training efficiency, the customized segmentation effi-
ciency metric ηIoU = IoU/(DT · NT) is proposed. The clouds are
subdivided into structured (front, back) and unstructured (left, right)

Table 3: IC-ACC assessment of scene 245, seq. 04 and scene 778, seq. 09.

Raw measures Normalization
Measure 245, 04 778, 09 245, 04 778, 09
ICr3D: s̄ 0.027 0.047 0.027

0.047 = 0.574 0.047
0.047 = 1.0

ICr3D: µ 0.083 0.083 0.083
0.083 = 1.0 0.083

0.083 = 1.0
ICp3D: H 2.405 2.903 2.405

2.903 = 0.828 2.903
2.903 = 1.0

ICp3D: pred. density 100 % 100 % 100%
100% = 1.0 100%

100% = 1.0
ACC3Di: qual. 10, 10 10, 10 10

10 = 1.0 10
10 = 1.0

IC-ACC score – – 0.90 1.0
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sectors. DT represents the amount of data inside each tensor and is
calculated for each scene with DT = hwc. It is h = 64 and w = 512,
height and width of the spherical projection, and c = 5 the number
of features per point. The separation into sectors yields four projec-
tions with 4 · DT data points per cloud. NT denotes the number of
randomly selected scenes from the reduced dataset that are used in
training. Hence, ηIoU measures the IoU in relation to the amount of
training data. We test NT ∈ {350, 700, 1050, 1750, 2800}. Overfitting
is evaluated using the front and right sectors and can be prevented
with NT ≥ 1050. For reference, it is ηIoU = 3.1 · 10−8 using all four
sectors with NT = 2800. Also with NT = 2800, it is ηIoU = 6.0 · 10−8

using the right sectors only, ηIoU = 3.9 · 10−8 combining the two un-
structured sectors, and ηIoU = 5.2 · 10−8 using the unstructured left
and the structured front sectors. This shows that a notably higher
ηIoU is achieved with a similar amount of training data, but with
different structure. For seq. 02–04 of SemanticKITTI, the IoU can be
raised by more than 30 % combining data with different surface vari-
ations instead of data with a similar structure. Hence, the compo-
sition of IC-efficient datasets can improve the performance of ANN
methods or reduce the amount of labeled training data required to
achieve comparable results.

2.6 Guidelines for Data Generation

Naturally, guidelines for future data generation can be derived from
the proposed IC-ACC method. We recommend to ensure that the
captured data achieves a high IC and a high ACC. With this, the cen-
tral point in the generation of data is fulfilled: it does neither con-
tain too similar or too little, nor erroneous information. To ensure
this, test samples can be assessed prior to capturing the final dataset.
For 3D data, the target application of the ANN method defines the
desired surface variation as previously stated. Capturing 3D for ap-
plications in unstructured environments such as in off-road robotics,
a high s̄ is required, whereas a dataset for indoor scenes rather re-
quires a low s̄ measure. Furthermore, we recommend to apply the
ACC measures on the test data samples to verify a high ACC for the
full, subsequently generated dataset.
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3 Conclusion and Future Work

We present IC-ACC, a generalized methodology for exploratory data
analysis for ANN methods in image processing. The IC examination
can be applied to filter detrimental data and facilitates the compo-
sition of efficient datasets. The proposed ACC measures present a
first step towards confidence and error assessment for supervised
learning data. We demonstrate IC-ACC on ANN methods for robotic
perception. Applying IC-ACC in the semantic segmentation of 3D
data from unstructured environments shows an increased perfor-
mance when using properly assessed and customized training data.
Furthermore, IC-ACC presents a guideline for an efficient and less
error-prone data generation. As data-driven AI methods can learn
erroneous behaviors from erroneous training data, the analysis of the
input data is an important step towards reliable and explainable AI
methods.

Future works include evaluating IC-ACC-efficient data for ANN
methods in image processing as well as extending IC-ACC to other
domains.
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Extraction of surface image features for wear
detection on ball screw drive spindles
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Abstract Failures of production machines are often caused
by wear and the resulting failure of components. There-
fore, condition-based monitoring of machines and their com-
ponents is becoming an increasingly important factor in in-
dustry. Due to the simple conversion of the motion of elec-
tric rotary drives into precision feed motion, the ball screw
is an inherent element of many production machines. Thus,
a failure of the ball screw often leads to costly production
stops. This paper shows the determination and extraction
of wear-describing image features, allowing an image-based
condition monitoring of ball screws using hyperparameter-
optimized machine learning classifiers. The features to train
the algorithms are derived and extracted based on the deep
domain knowledge of ball screw drive failures in combina-
tion with further developed state of the art feature extraction
algorithms.

Keywords Ball screw drive, image features, artificial intelli-
gence, machine learning, pattern recognition

1 Introduction

The changes in the economic and technological environment force
companies to constantly review their positioning in relation to their
competitors and to search for innovations and competitive advan-
tages. A decisive competitive advantage is an effective and efficient
production. To avoid downtimes, the machines must be in perfect
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condition [1]. A common goal in industry is to extend the lifecycle
of production systems by early identification of defects and dam-
ages to machine parts. Such approaches are called Preventive and
Predictive Maintenance. In the past, repairs and maintenance have
been executed after machine breakdowns or a fixed period. Today,
companies try to schedule repair and maintenance activities depend-
ing on the estimation of a machine’s condition [2]. Knowing the right
time to replace a machine’s component is a desirable situation from a
technical and economic perspective. If the components are changed
too late, there will be a risk of damaging other machine elements
or manufacturing faulty products, which in both cases will result
in financial disadvantages. If the component is replaced too early,
a certain part of its lifecycle will remain unused and unnecessarily
premature financial expenses are incurred. A majority of machines
used in the manufacturing process includes rotating components.
Ball screws are the most frequently used design elements in today’s
machine tools for converting the motion of rotary electric drives into
precision feed motions. Therefore, the functionality of a machine de-
pends on the ball screw and a failure can lead to a costly production
stop [3]. Typical reasons for such defects are abrasion by foreign par-
ticles, adhesion due to cold welding and surface disruption. Surface
disruption occurs during application and results in pittings. Pittings
are a common reason for ball screw failure, so the aim of this study
is to detect this wear automatically.

In literature, the condition of a ball screw is often analyzed
through vibration. As described in [4] and [5], most mechanical
systems generate vibration signals that provide information about
the state of a system. The more relevant approaches for this work
are the image-based methods of defect analysis. Approaches from
other metallic surfaces than spindles are also considered to investi-
gate further possible solutions. A frequently applied method is the
use of deep learning algorithms. In most cases, these approaches
are based on a convolutional neural network (CNN). As described
in [6] and [7], this technique has already been successfully applied
to ball screws to detect pitting using a CNN. The classification accu-
racy of [6] is just over 90% and that of [7] is even higher at 99%. [8]
adopt the deep learning approach to analyze image data for the
identification of rail surface defects. The algorithm also classifies
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among various defect conditions (normal, weld, light squat, moder-
ate squat, heavy squat and joint). The results of the approach prove
the efficiency with a classification accuracy of almost 92%. Another
CNN-based approach is published by [9]. This method has also been
developed to monitor defects in the rail system.

Deep learning is an effective approach with the disadvantage of
lacking traceability of the decision making process. The extraction of
image features using domain knowledge and subsequent classifica-
tion increases the transparency of decision making.

2 Ball screw drive image features

The first subject is the preparation of the image data set. It is impor-
tant to create a comprehensive data set in order to be able to record
as much optical characteristics as possible. Since pittings occur in the
thread raceway, it is the region of interest (ROI). The thread ridges
have a strong optical characteristic and are therefore not included
in the data set. As a result, only the thread raceways are extracted.
Also, a suitable image size must be selected in order to be able to
analyze as much ROI information as possible. This leads to an im-
age resolution for the single images of 128x128 pixels and the data
set size is 1000 images per class (pitting and no pitting).

Figure 2.1: Sample images from the data set

A main task of the paper is to extract features from the wear pat-
terns of the ball screw with image filter methods based on domain
knowledge. The challenge is the automatic detection of wear on
the spindle (Pittings) despite oil residues on the ball screw spindle.
Since soiling has a strong optical characteristic, it must be also con-
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sidered in detail and thus represents the third class in the analysis
besides pitting and no pitting (see Table 1). For classification, only
the classes pitting and no pitting are used. The elaborated character-
istics are assigned to the image feature categories color, shape and
texture. Pittings occur in the raceway, so only this area of the spindle
is considered in the analysis. Figure 2.1 shows a sample images from
the data set without pitting, an image with pitting and an image with
soiling.

Since color features are invariant to scaling, translation and ro-
tation, they have a major impact on image analysis. The spindle
surface, soiling and pittings are exclusively brown and grey shades,
which is why the share of red, green and blue (RGB) is almost equal.
A surface of a spindle raceway without pitting and without soiling
is characterized by having almost exclusively bright brown and grey
shades. A significant difference can be detected in the images with
pitting. Because of the dark pittings, the image is not composed ex-
clusively of bright colors like the image without them. The soiling
on the spindle is usually oil residues, therefore, it is typically black
or grey. In the case of heavy soiling, oil residues can cover the entire
raceway, so that the color composition consists mainly of very dark
shades. Due to the nearly identical color of pitting and soiling, an
almost similar histogram can be determined for an image without
pitting, but soiling. For this reason, texture and shape features are
determined in addition to the color features.

A spindle without pitting usually has a uniform raceway structure.
The surface has hardly any or no contrast differences. The balls of the
ball screw result in a slight vertical structure in the running direction.
To a great extent, this structure is also evident in the image with
pittings. Pittings have an uneven structure with a strong contrast
difference to the rest of the raceway. The texture in the area of the
pitting appears partially plateau-like, interspersed with dark spots.
Pittings are not uniform but have varying degrees of protrusion into
the rest of the material without pittings. Since soiling is random,
there are often many local and global contrast differences and the
surface can have a random and/or uniform texture. However, soiling
often follows the vertical running direction of the screw drive as
shown in the sample image (see Figure 2.1). Soiling is the major
unknown factor in the texture analysis due to its random occurrence.
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Considering the raceway of a spindle without pitting, no noticeable
shapes can be identified. With pitting and soiling, it is not the shape
itself that is decisive, as soiling can have similar contours to pittings,
but the location of the shape is an indication of the respective class.
Pittings always occur in the flanks of the spindle raceways, while
soiling usually spreads over the entire surface or occurs in the middle
area of the raceway. Due to the knowledge of the occurrence of
soiling and pittings, the shape features are ideally suited as spatial
features.

Table 1: Differences No Pitting/Pitting/Soiling based on domain knowledge

No Pitting Pitting Soiling
Feature
Category

Light brown, grey Dark brown shades Black, grey Color
Few color shades Many different

color shades
Few color shades Color

No colored line Partly colored line
next to pitting

No colored line Color

Regular surface Irregular surface Uniformity of the
surface depends on
the degree of soiling

Texture

Few contrast
differences

Many global/local
significant differences

in contrast

Significant differences
in contrast; quantity

depends on the degree
of soiling

Texture

Even texture Random texture Texture runs in the
direction of the

thread balls

Texture

No plateau-like
texture

Plateau-like/”Map” No plateau-like texture Texture

Hardly any edges Many edges (Mostly) many edges Shape
- Occurs on the flank Occurs randomly;

usually spread over
the entire surface

Spatial
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3 Feature extraction

Table 1 is fundamental for the following development of the extrac-
tion methods. The methods are intended to extract a variety of char-
acteristics from this table.

3.1 Color Features

Each image contains 49152 color values (128x128 pixels × RGB val-
ues). The extraction approach for the color features focuses on sim-
plifying and clustering the data. To cluster the image colors an own
approach based on [10] is develpoed. The K-Means algorithm is ap-
plied and the pixels are assigned to a defined number of clusters.
The color of a cluster is defined by its centroid. With this method,
the color properties are displayed in a more compact form but to
capture a wide color spectrum of an image, a high number of clus-
ters must be defined. Therefore, the number of clusters is set to 20.
To describe the relationship between color and distribution of the
clusters the own approach ”Clustered Color Share (CCS)” is applied.
Since the RGB values for each cluster are almost identical due to the
predominantly grey or brown colors of the data set images, the RGB
mean value of the centroid is calculated. Afterwards, the averaged
RGB value of the centroid is multiplied with the cluster’s share. This
way the color as well as the share can be represented in one feature.
The progression of the twenty features and the feature values can be
used to identify the composition of the color in an image. The mean
value, median value, maximum value, minimum value and standard
deviation of the RGB mean values are additionally included as fea-
tures in the feature vector.

3.2 Texture Features

As a result of the high complexity of the texture, two approaches
from literature are applied and examined. The first approach com-
bines the grey-level co-occurrence matrix and the Haralick features
[11] to compute a global representation of the texture. Initially, the
four grey-level co-occurrence matrices are calculated and afterwards,
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the Haralick features are determined. The feature vector is the aver-
age of the result vectors of the individual matrices. For this purpose,
a matrix with the 13 Haralick features is created and the feature vec-
tor for the images is calculated.

The second approach uses the Local Binary Patterns (LBP) [12] to
compute a local representation of texture. The first step is to cre-
ate the LBP matrix for the image. For this purpose, a 3x3 pixels
neighbourhood is chosen for each pixel. Following the calculation
of the matrix, the first and last columns as well as rows are trun-
cated because no calculation is possible for these pixels as they have
no 3x3 neighbourhood. Afterwards, the frequency of the individual
LBP patterns can be determined and saved as feature vector. As ad-
ditional features, the statistical properties mean, median, minimum
and maximum of the feature vector are appended.

3.3 Shape/Spatial Features

The extraction of the shape features is based on the SIFT algorithm
published by [13]. The SIFT method enables the search for fea-
tures that are invariant to rotation, translation, scaling, changes in
light conditions and partially affine distortion [13]. However, the
resulting derivation of the shape/spatial feature and the extraction
of the feature vector is the own approach “KeyPoints Per Sub Re-
gion (KPPSR)”. Since pittings occur on the flanks of a spindle, the
shape features are ideally suited to describe the spatial variable of
pittings. The position and number of KeyPoints extracted from the
SIFT algorithm are used to describe this characteristics. The num-
ber and location of the KeyPoints can provide information about the
structure and shape of the object (see Figure 3.1).

As exemplarly shown in Figure 3.1 the distribution of the Key-
Points over sub regions is an important characteristic to distinguish
between pitting and no pitting images. The shape of the oil residues
leads to a strong accumulation of KeyPoints over the entire image.
To analyze the differences between the inner and the outer regions
of the image, the image is divided into 4x4 sub regions and the SIFT
algorithm is applied. After the segmentation of the image into sub
regions, the feature vector can be determined. Thereby, the sub re-
gions form a matrix. The regions are numbered (from 0 to 3) in x
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Figure 3.1: Scheme ”KeyPoints per Sub Region”

Figure 3.2: Example ”KeyPoints per Sub Region”

and y direction resulting in each region having a unique index value
(see Figure 3.2).

4 Results

Overall, 28 color features, 274 texture features (261 LBP, 13 Haral-
ick) and 16 shape features are extracted. To verify the performance
of the extracted features, three-layer neural networks are applied to
the individual methods. Since the optimal number of neurons per
layer, the optimal activation function and the optimal solver can be
different for each feature, 100 randomly generated combinations are
applied to the features. Due to their stochastic nature, neural net-
works behave slightly different for each training. Therefore, each
hyperparameter combination is applied five times. This means that
a total of 500 neural networks are applied to the individual methods.
All further tests are executed with the same split data sets. In total,
the 2000 extracted feature data sets are randomly divided into 1600
training data sets (791 No Pitting and 809 Pitting) and 400 test data
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sets (209 No Pitting and 191 Pitting). Table 2 shows the average fit-
ness of the 500 neural networks, the average fitness of the ten best
neural networks and the fitness of the best model.

Table 2: Results Methods

Method Average Fit AvgTop10 Best Fit
KPPSR 0,848 0,906 0,915

CCS 0,836 0,893 0,908
Haralick 0,847 0,939 0,950

LBP 0,836 0,929 0,935

All methods alone achieve classification accuracies of over 90%.
The best results are achieved with texture features, followed by spa-
tial features and color features. In the next step neural networks are
applied to the combination of all features. Furthermore, the own
approaches are replaced by existing approaches to compare the per-
formance. For the analysis of the color features, a color histogram
is selected and for the analysis of the KeyPoints the total number of
KeyPoints in the image is used as feauture. Table 3 shows the aver-
age fitness of the 500 neural networks, the average fitness of the ten
best neural networks and the fitness of the best model. The best re-
sult is achieved with KPPSR without CSS (but with color histogram)
at a fitness of 98.8%.

Table 3: Results

KPPSR CCS Average Fit AvgTop10 Best Fit
no no 0,904 0,978 0,983
yes no 0,921 0,986 0,988
no yes 0,897 0,972 0,978
yes yes 0,914 0,980 0,983

The number of possible combinations of parameter options for
classification models are potentially infinite. For such optimization
problems, exact methods like exhaustive searches become inefficient
and heuristic methods become more suitable. One of these heuris-
tic approaches is the Genetic Algorithm (GA) [14]. Therefore, in the
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next step a genetic algorithm is applied to find the optimal hyper-
parameters for a neural network, which is applied to the extracted
features (CCS, LBP, Haralick, KPPSR). The analogy to natural evo-
lution enables genetic algorithms to overcome many of the hurdles
that traditional search and optimization algorithms encounter. Espe-
cially when problems with a large number of parameters and com-
plex mathematical representations are involved [14] [15]. Using the
GA to optimize the hyperparameters of the neural net, classification
accuracies of 98.8% can be achieved, which corresponds to the best
fitness in Table 3.

In the last attempt, the image features of a spindle area (see Fig-
ure 4.1) are extracted and classified using the best-fit neural net-
work. The individual images are recorded using the Sliding Win-
dow method. The four frames of the upper row are assigned with
the label 0 to the class ”No Pitting” and the frames of the lower row
are assigned with the label 1 to the class ”Pitting”. All images are
assigned to the correct class.

Figure 4.1: Sliding Window
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5 Conclusion

Since the ball screw is used in most machines as electromechanical
feed drive, the condition of the ball screw is critical for the operation
of the machines. Early detection of wear on the spindle, and thus
failures, helps to avoid production downtimes and reduce costs. The
present approach shows that using a combination of the developed
CSS and KPPSR methods together with methods from the literature,
features can be extracted to properly classify 98.8% of the spindle
surface images for pitting and no pitting. It can therefore be as-
sumed that the selected extraction methods adequately describe the
surface of a ball screw. This allows to react to failures at an early
stage. Based on the data set, the texture features are the most im-
portant features due to the high classification accuracies (see Table
2), followed by the spatial features and color features. The results
rely on selected methods and confirm the assumptions through do-
main knowledge. The hypothesis that texture features are the most
important characteristics has to be validated by further experiments
to make a general statement.
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oberflächenzerrüttungen,” wt Werkstattstechnik online, vol. 110, pp. 501–
506, 2020. [Online]. Available: https://e-paper.vdi-fachmedien.de/
webreader-v3/index.html#/2657/50

8. S. Faghih-Roohi, S. Hajizadeh, A. Nunez, R. Babuska, and B. d. Schut-
ter, “Deep convolutional neural networks for detection of rail surface
defects,” International Joint Conference 2016, p. 2584–2589, 2016.

9. Y. Liu, X. Sun, and J. H. L. Pang, “A yolov3-based deep learning appli-
cation research for condition monitoring of rail thermite welded joints,”
Proceedings of the 2020 2nd 2020, pp. 33–38, 2020.

10. K. Bhanot, “Color identification in images,” Towards Data Sci-
ence, 2018. [Online]. Available: https://towardsdatascience.com/
color-identification-in-images-machine-learning-application-b26e770c4c71

11. R. M. Haralick, K. Shanmugam, and I. Dinstein, “Textural features for
image classification,” IEEE Transactions on Systems, Man, and Cybernetics,
vol. SMC-3, no. 6, pp. 610–621, 1973.

12. T. Ojala, M. Pietikainen, and T. Maenpaa, “Multiresolution gray-scale
and rotation invariant texture classification with local binary patterns,”
IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 24,
no. 7, pp. 971–987, 2002.

13. D. G. Lowe, “Distinctive image features from scale-invariant keypoints,”
International Journal of Computer Vision, vol. 60, no. 2, pp. 91–110, 2004.

14. C. Rothwell, “Hyper-parameter optimisation using genetic algorithms:
Classification task,” 2018.

15. E. Wirsansky, Hands-on genetic algorithms with Python: Applying genetic
algorithms to solve real-world deep learning and artificial intelligence problems.
Birmingham, UK: Packt Publishing Ltd, 2020.

316



Camera-based spatter detection in laser
welding with a deep learning approach

Julia Hartung1,2, Andreas Jahn1, Martin Stambke1, Oliver Wehner1,
Rainer Thieringer1, and Michael Heizmann2

1 TRUMPF Laser GmbH,
Aichhalder Straße 39, 78713 Schramberg

2 Karlsruher Institut für Technologie,
Institut für Industrielle Informationstechnik,

Hertzstraße 16, 76187 Karlsruhe

Abstract Continuous quality monitoring is essential for auto-
mated production systems and efficient manufacturing. Laser
welding processes are a key technology for many industrial
applications and must fulfill high-quality requirements. Var-
ious influencing factors can lead to defects in the weld seam,
which impair the functionality and quality of the end prod-
uct. Therefore, a reliable quality assurance is a prerequisite for
high product quality in welding processes. An indicator for
an unstable situation in welding processes is the occurrence
of spatter on the component. Thus, the detection of spatter
can serve as a significant signal for defective weld seams. This
article proposes the detection of spatter based on a camera im-
age taken with an industrial camera, which is usually already
integrated in the laser system. Due to the large variance of
weld seams in image-based analysis, algorithms with a high
degree of generalization are required. Using convolutional
neural networks (CNN) and semantic segmentation the cam-
era image is analyzed and classified pixel by pixel. The CNN
is trained in a multi-class approach in order to recognize the
weld seam as well as the spatter as result classes. The segmen-
tation map constitutes the classification result. The results of
the deep learning algorithms are evaluated by different meth-
ods and conclusions about their prediction quality are made.

Keywords Laser welding, semantic segmentation, u-net,
quality assurance, spatter detection
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1 Introduction

Laser welding is a key technology in many industrial applications.
Due to various advantages, like the possibility to create narrow but
deep welding seams and the contactless assembly at highest process-
ing speed, the procedure is more and more used in industry [1, 2].
Remote-controlled laser welding with scanner optics can be inte-
grated as process step in an automated production system and is
thus becoming increasingly relevant [3]. To ensure a high welding
quality, continuous process monitoring is essential [3, 4].

Various influencing factors can lead to defects in the weld seam,
which impair the quality and functionality of the end product and of-
ten result in safety-relevant risks. In the context of quality assurance,
the presence of spatter on the component can be used as an indicator
of an unstable situation in the welding process, as its occurrence is
closely related to the quality of the weld seam [5, 6]. Spattering is
the ejection of melt droplets from a molten bath [4]. There are differ-
ent types of spatter phenomena that can occur during laser welding.
In [7] the formation of spatter and different types of spatter was in-
vestigated and a system for categorizing spatter formation was pro-
posed. The effects of droplet ejection from the weld metal can result
in a weld seam with underfill, undercuts, craters, blowholes or erup-
tions that can negatively affect weld properties [7]. Spatter detection
therefore serves as a significant signal for defective welds.

As spatters represent height deposits, they can be easily and
clearly detected by means of optical coherence tomography (OCT)
(figure 3.1a and 3.2a). Just simple image processing algorithms ap-
plied on the depth maps such as threshold analysis are necessary.
Even if the evaluation of the sensor data is simple and unambigu-
ous, the use of the sensor in this application case has disadvantages.
In order to use the OCT sensor, it must first be installed and set up
explicitly for quality monitoring on the system. The sensor, which
is already expensive to purchase, generates additional effort through
calibration procedures and increases the complexity and cost of the
overall construction of the system and optics.

By observing the welding process in real time, spatter can be de-
tected as it occurs. In [8], for example, the welding process is mon-
itored by an external high-speed video camera which is sensitive in

318



Camera-based spatter detection in laser welding

the ultraviolet and visible wave length range and captures dynamic
images of laser welding plume and spatter directly during the weld-
ing. The number and size of the spatters were calculated by using
image processing technology and defined as characteristic features.
Furthermore, the use of an external high-speed camera for near in-
frared (IR) measurements was tested. A direct comparison of the
images showed, however, that the measurement in UV light and vis-
ible light was more suitable for spatter detection [4].

In [9] a setup with a CMOS camera directly at the laser optics
is proposed for monitoring the welding process. To get significant
images of the weld pool an additional laser for confocal illumination
is used and a bandpass filter is placed in front of the camera. Based
on the generated images, approaches for scanning the contour of
the melt lake and an approach for spatter detection using outlier
classification were presented [9].

In comparison to the system setup of the approaches introduced
above, an industrial camera is usually already integrated in the sys-
tem. The camera image is used for example to detect the position
of components before welding. However, it is difficult to analyze
the weld seams based on images using conventional image process-
ing methods. Even faultless welding seams show a high variance,
so that the image processing algorithm for spatter detection must be
adapted by experts for each welding process.

Compared to conventional image processing algorithms, deep
learning methods tolerate natural deviations in complex patterns.
Convolutional neural networks (CNN) offer the advantage that they
can be adapted to new procedures without expert knowledge by
training procedures, which has already led to very good results. For
example in [10] an auto-encoder is used to learn relevant features
from the input data. They use a deep neural network to extract
salient and low-dimensional features from the high-dimensional
laser welding data.

This article proposes the detection of spatter directly after the
welding process using the camera image, which does not contain
any information about the height profile. Due to the large variance of
weld seams in image-based analysis, algorithms with a high degree
of generalization are required. The experimental setup is described
in section 2 , which is split into the generation and explanation of the
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data basis, as well as the analysis and classification of the camera im-
age. In section 2.1, the structure of the neural network is described in
more detail and in 2.2 the evaluation methods are further specified.
The results are discussed in section 3. A conclusion with a summary
of the described algorithms is given in section 4.

2 Experimental setup

The data analysis is performed on 18 mm long weld seams, which
connect two sheets with each other. For this study we carried out
welding experiments on different materials and with different con-
figurations. The occurrence of spatter as well as the quality of the
weld seam depends strongly on the welding parameters. During
the experiment we varied the laser power between 4 kW and 6 kW,
created a gap between the sheets and induced a defocusing of the
scanner optics. This influenced the process in such a way that spat-
ter and also unstable weld seams were produced.

Immediately after welding we took a grayscale camera image with
an industrial camera and scanned the height profile of the seam area
with an OCT sensor. Both sensors are mounted directly on the weld-
ing head and run coaxially with the laser beam path through the
beam focusing optics. To get a better camera view, a lighting ring is
attached to the scanner optic. By recording both camera and OCT
data on a weld seam, the reliable information about the occurrence
of spatters can be derived from the height information and used
as ground truth. This enables an evaluation of the accuracy of the
camera-based prediction, even in cases where the spatters may not
be intuitively visible in the camera image.

2.1 Network architecture

A semantic segmentation approach was chosen to evaluate the seam
and to recognize spatters in the camera image. The architecture of
the convolutional network is based on the u-net architecture [11].
The network learns the structure of the weld seam and the proper-
ties of the spatter class in the convolution layers and can thus per-
form a correct assignment of the image areas. The u-net architecture
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relies on the strong use of data augmentation. Data augmentation
is essential to teach the network the desired invariance and robust-
ness properties for training with only a few training data sets [11].
Since labeling in semantic segmentation is time-consuming and error
prone, it is useful to work with a small amount of training datasets
especially in industrial applications. The previously generated data
set is enlarged by rotation, vertical and horizontal shift, vertical and
horizontal flip, adjustment of the brightness range, zoom and shear,
which also improves the robustness of the training. In general, the
images were only cut to the seam area during pre-processing and
left in their original condition for better performance. Four different
classes were defined as output. One class covers the background,
another the weld seams welded with optimal parameters, the third
class unstable weld seams and the fourth class the spatters.

The network architecture has been reduced in size compared to the
original u-net. It is recommended to keep the number of trainable
parameters in the architecture low, especially since industrial pro-
cess images have less variability and less complex properties. In the
downsampling the network architecture contains six convolutional
layers and three max-pooling layers that each reduce the resolution
by a factor of two. Each convolutional layer is followed by an ex-
ponential linear unit (ELU), which increases the convergence rate
during learning. The ELU was proposed by Clevert et al. [12] as
a self-normalizing layer that extends and improves the commonly
used ReLU activation. It helps to prevent the Dying-ReLU problem,
since it’s derivative is different from zero for negative values. Sev-
eral other studies have shown improvements in training and results
as well. Our tests confirm these results, which is why we use the
ELU function in the network architecture. The number of feature
channels is doubled per downsampling step similar to the original
u-net architecture. After the corresponding upsampling a final layer
with a 1x1 convolution followed by a softmax activation is used to
map each feature vector to the desired number of classes.

The model is not pretrained, but the Xavier Glorot uniform initial-
ization method is used to initialize the weights [13].
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2.2 Evaluation

Training approaches with two different loss functions were evalu-
ated. The first approach uses the weighted categorical cross entropy
loss (WCCE) and the other the weighted dice coefficient loss func-
tion.

Since the number of pixels per class is very different and espe-
cially the less important background class contains most pixels, the
weighting in the loss function generates better results. The pixel ratio
values of the different classes are as follows: background: 82%, seam
welded with optimal parameter: 6.3%, unstable weld seam: 11.6%
and spatter 0.1%. In comparison, the frequency of occurrence of the
classes in all images is follows: background: 100%, stable weld seam:
33.3%, unstable weld seam: 66.6% and spatters 86%.

The class weight has been defined to give priority to the evalu-
ation of the weld seam and also to force the detection of spatter.
We choose a weighting of 0.1 for the background, 0.25 each for sta-
ble weld seam and unstable weld seam and 0.4 for the spatter class.
Attention must be paid to ensure that the weighting does not penal-
ize the most common class (background) too much, otherwise some
pixels will no longer be classified. Therefore a good ratio for the
weightings must be found.

The neural network was trained with a training data set of 251 im-
ages. 74 images are of weld seams welded with optimal parameters,
while the other 177 images show weld seams that establish the dif-
ferent defect classes. For labeling the camera images depth data on
basis of the OCT data are used as ground truth. With the knowledge
of the height information all spatters can be recognized and labeled.
The weld seams and spatters were marked (optimally welded seams
in green, defective weld seams in blue and spatters in red, see figure
3.1c and figure 3.2c). With a good setting of the laser parameters, far
fewer spatters are produced than with poorly selected parameters.
Therefore, spatter occurs more often with defective welds than with
good ones.

A quarter of the training data was used as validation data set.
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3 Results

After training of 184 epochs with 150 steps per epoch, a batch size
of 20 and the use of the weighted dice coefficient loss function a
training error of 0.13 and validation error of 0.23 was achieved. The
weighted dice coefficient loss function provides better results than
the WCCE approach.

To evaluate the result the weighted dice coefficient loss, also
known as the Sørensen-dice coefficient or F1 score, is used too.
Therefore, we use the function

Loss function = 1− dice (3.1)

with

dice =
2 | X ∩Y |
| X | + | Y | (3.2)

where | X | and | Y | are the cardinalities of the two sets.

The dice value is calculated for each individual class, weighted
with the respective class weighting and then added up.

The loss value on the test data set is 0.27. If only the spatter class
is taken into account, a loss value of 0.32 is achieved. It must be
considered that the spatters contain only very few pixels compared
to the total image and that these cannot always be labeled exactly on
basis of the ground truth.

Figure 3.1 and figure 3.2 show examples of segmentation maps
predicted by the neural network trained with the weighted dice co-
efficient loss function. In both examples the spatters were detected,
and the welding seam was correctly classified as being welded with
optimal parameters or as a weld of poorer quality. In figure 3.1(a)
the weld seam and three spatters are shown in an image generated
from the height profile of the OCT sensor. In figure 3.1(b) the cor-
responding camera image of the same weld with spatter is shown.
The grayscale image is analyzed using a deep learning approach and
classified with pixel-level semantic segmentation according to weld
seam and spatter. The result is shown in figure 3.1(c). The detected
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(a) (b) (c) (d)

Figure 3.1: (a) image generated on the depth data on basis of the OCT sensor, (b)
camera image, (c) overlay image with the predicted segmentation map,
(d) detected spatters

seam is labeled in green, while the spatters are labeled in red. Figure
3.1(d) shows the detected spatters counted for the comparison with
the ground truth. Corresponding to figure 3.1 the different pictures
of an error seam are shown in 3.2. In this case the detected seam is
labeled in blue, because it is a weld seam of poor quality.

However a better comparison is provided by the number of de-
tected spatters in the image compared with the number of spatters
in the ground truth. In this evaluation approach the precisely la-
beled pixels are not important, only the amount of detected spatters
is taken into account. With a test data set of 102 images, an average
deviation of 0.41 spatters per image was observed. The number of
spatters was correctly detected in 77 of the images. In the other cases
either not all spatters were detected or discoloration in the sheet or
on the welding seam was also classified as spatter. The ratio be-
tween the two error cases is quite balanced. The highest deviations
were caused by the test sets containing many spatters. With 5 mis-
classifications, these are very significant in the average result value.
In figure 3.3 the classification result of the test data set is shown in
a more detailed way. The number of spatter in the ground truth is
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(a) (b) (c) (d)

Figure 3.2: (a) image generated on the depth data on basis of the OCT sensor, (b)
camera image, (c) overlay image with the predicted segmentation map,
(d) detected spatters

compared to the number of spatter in the prediction. The two cases
in which 5 spatter were not detected are shown in the bottom two
lines at ground truth 10 and 11. But more decisive for the weld seam
evaluation are the cases in which a picture is classified as spatter-free
despite spatter in the ground truth, or the other way round in which
spatters are detected in a picture that has no spatter in the ground
truth. These cases would lead to false conclusions about the seam
quality and should therefore be avoided. In our test data set spat-
ters were classified on two images although there were none in the
ground truth and once no spatter was found on the test image al-
though the ground truth indicated two small spatters. These values
are shown in figure 3.3 at ground truth 0 and prediction 1 and the
other case at ground truth 2 and prediction 0.

In our Test dataset of the 102 test images, too few spatters were
detected on 13 images and too many spatters on 12 images.
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Figure 3.3: Comparison of the number of spatter in the ground truth and the predic-
tion in the test data set

4 Conclusion

In this paper an approach for spatter detection in a laser welding
process with an industrial camera was presented. This was achieved
by using a semantic segmentation approach to slim down the image
features and classify the image pixel by pixel. Even with a small
training data set all spatters could be correctly classified on 75% of
the images from the test data set. Only on 3 out of 102 test images
no spatter was detected in spite of existing spatters in the ground
truth, or spatter was detected on images that actually contained no
spatter. This results in an effective error rate with wrong conclu-
sion of 2.9%. This result proves that quality monitoring is possible
with a simple system setup. The setup of a fixed industrial cam-
era is mostly standard in laser welding due to seam position control
or other functions required for welding. This means that process
monitoring can be done without additional hardware and the result-
ing costs or installation work. This aspect should not be ignored
when implementing a system in industry. In addition, neither high-
resolution images nor complex pre-processing algorithms were used,
which would require longer processing time and higher computing
power. Promising results were achieved on the industrial data set,
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which justifies an image-based quality assessment using deep learn-
ing in the industrial environment.
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Zusammenfassung In diesem Beitrag wird die semantische
Segmentierung von Ankern aus Elektromotoren und seinen
Komponenten untersucht. Hierfür wird ein U-Net mit einem
eigenständig angefertigten Datensatz trainiert, welcher aus
Bildern von Ankern unterschiedlichster Bauformen besteht
und im Rahmen dieses Beitrags angefertigt wurde. Aufgrund
der geringen Anzahl von 75 Trainingsbildern werden neben
einer geeigneten Standardaugmentierung auch eine neuartige
Hintergrundaugmentierung und das Einbinden von Kanten-
informationen untersucht. Mithilfe dieser Methoden kann der
Testfehler bei der Segmentierung um insgesamt 70% reduziert
werden.

Keywords Neuronale Netze, maschinelles Lernen, semanti-
sche Segmentierung, automatische Sichtprüfung

1 Einleitung

In diesem Beitrag wird ein Ansatz für die semantische Segmentie-
rung der Komponenten von Altprodukten am Beispiel des Ankers
von Elektromotoren vorgestellt. Die Segmentierung der Komponen-
ten stellt den ersten Schritt für die Rückgewinnung von Altproduk-
ten, dem sog. Remanufcturing, dar. Hierfür ist es erforderlich, die
funktionsrelevanten Komponenten des Altproduktes zu erkennen,
um diese anschließend inspizieren zu können. An die Erkennung
ist eine hohe Anforderung an die Genauigkeit gebunden, da in wei-
teren Arbeiten auf Basis des Segmentierungsergebnisses nicht nur

329



N. Mitschke und M. Heizmann

die Lageparameter geschätzt werden, sondern das Ergebnis auch als
Maske für das Zusammensetzen der Mantelfläche (engl. stitching)
verwendet wird.

Somit ist ein möglichst robuster Klassifikator auf Pixelebene er-
forderlich, der einerseits Anker mit ungewissen Produktzuständen,
die beispielsweise durch Defekte gegeben sind, und andererseits
verschiedenste Ankerbauformen erkennt. In der Vergangenheit ha-
ben sich neuronale Netze [1] als vorteilhaft für komplexe Bildverar-
beitungsaufgaben wie Klassifikation, Detektion oder Segmentierung
herausgestellt. Speziell für die semantische Segmentierung von Bil-
dern ist die Verwendung eines U-Net [2] der Stand der Technik.

Zunächst wird in Abschnitt 2 der Datensatz präsentiert, der für
diesen Beitrag erstellt wurde. Anschließend wird in Abschnitt 3 der
verwendete Ansatz vorgestellt. Dieser umfasst die Augmentierung
in Abschnitt 3.1 und die Erweiterungen des U-Net in Abschnitt 3.3.
Anhand des beschriebenen Versuchsaufbaus in Abschnitt 4 werden
in Abschnitt 5 die Ergebnisse beschrieben. Der Beitrag schließt mit
einer Zusammenfassung in Abschnitt 6.

2 Datensatz

Das Lernen eines neuronalen Netzes erfordert eine Vielzahl an an-
notierten Bildern mit geeignetem Kontext. Für die Zwecke der Seg-
mentierung von Ankern in Elektromotoren ist bisher kein öffentlich
zugänglicher Datensatz verfügbar, weswegen ein relativ kleiner Da-
tensatz mit insg. 96 Bildern erstellt wurde, da das Annotieren mit
einem hohen Zeit- und Kostenaufwand verbunden ist. Der Daten-
satz wird im Folgenden beschrieben.

Der Datensatz besteht einerseits aus selbst aufgenommenen Bil-
dern der am Institut vorliegenden Anker und andererseits aus frei
zugänglichen Bildern aus dem Internet. Die eigenen Aufnahmen
haben verschiedene irrelevante Objekte im Hintergrund, während
die Bilder aus dem Internet oft von Online-Händlern stammen und
einen einfarbigen Hintergrund aufweisen. Um die Bilder als Eingang
für das neuronale Netz verwenden zu können, werden diese zu ei-
nem Quadrat beschnitten und anschließend mit einem geeigneten
Aliasing-Filter auf 224× 224 Pixel herunter- bzw. heraufgetastet. Von
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den 96 Bildern werden 75 als Lernbilder und 21 als Testbilder ver-
wendet.

Für das Remanufcturing sind drei Ankerkomponenten relevant.
Diese sind der Kommutator (K), die Welle (W) und das Ritzel (R),
deren Leitfähigkeit bzw. mechanische Eigenschaften starken Einfluss
auf die Funktionsfähigkeit des Motors haben. Bei der Annotierung
erhält jedes Pixel die Information, ob es zum Anker gehört und ggf.
zu welcher Klasse es gehört (s. Abb. 2.1). Es ergibt sich somit ein Vier-
Klassen-Problem innerhalb der Ankermaske, das die drei relevanten
Klassen und eine Dummy-Klasse (X) enthält. Letztere beschriebt den
restlichen Anker, d. T. Teile des Ankers, die keiner oben genannten
Klasse zuzuordnen sind. Für die Menge aller Pixel des Ankers A und
der Klassen K, W, R und X gilt

K, W, R, X ∈ A,

P∩Q =

{
∅, P 6= Q,
P, P = Q

für (P, Q) ∈ ({K, W, R, X} × {K, W, R, X}),
K∪W∪ R∪ X = A. (2.1)

(a) Originalbild (b) Annotierung

Abbildung 2.1: Bei der Annotierung wird im Originalbild nach dem Anker und sei-
nen Komponenten (Kommutator, Welle und Ritzel) gesucht.
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3 Ansatz

In diesem Beitrag werden zwei Ansatzpunkte für die Verbesserung
der Robustheit eines Detektors untersucht. Zum einen wird die Va-
riationen der Anker durch Augmentierung beim Training erhöht.
Dies kann als integrative Methode zur Erzeugung invarianter Merk-
male verstanden werden [3]. Zum anderen wird Vorwissen verwen-
det, um triviale Fehler beim Lernen zu vermeiden und so das Trai-
ning zu beschleunigen. Beide Ansätze werden im Folgenden für den
in Abschnitt 2 beschriebenen Datensatz untersucht.

3.1 Augmentierung

Da die Annotierung von Bilddaten oft sehr zeit- oder kostenintensiv
ist, sind die Lerndatensätze oft sehr klein, was in der Lernphase zu
Überanpassung führt. Neben Regularisierung, Dropout und Batch-
Normalisierung wird auch Bildaugmentierung verwendet. Hierbei
wird eine Transformation auf ein Bild ausgeführt, die die Bildele-
mente manipuliert, während die Annotierung nur kohärent beein-
flusst wird.

Für eine Segmentierung kommen fünf Arten von Augmentierung
infrage: Spiegelung, affine Transformationen, Farbmanipulationen,
Rauschen und Cutout. Hierbei müssen die Operationen an die An-
kerbilder angepasst werden und können teilweise erweitert werden.

Eine zentrale Rolle spielt die Skalierung bei der affinen Transfor-
mation, da sie die Größe des Objektes bestimmt. Da die Bilder des
Datensatzes Anker unterschiedlichster Größe enthalten, muss die
Skalierung abhängig vom Bild so gewählt werden, dass die resultie-
rende Größe des Ankers im Bild innerhalb einer gewissen Schwan-
kungsbreite liegt. In diesem Betrag wird als Schwankungsbreite 10%
bis 40% der Bildgröße gewählt, was ca. 5.000 bis 20.000 Pixeln ent-
spricht.

Für alle Augmentierungsoperationen werden die Parameter sto-
chastisch in geeigneten Grenzen gewählt. In den Experimenten wird
eine sechsstufige Augmentierungspipeline verwendet, die aus den
folgenden Stufen besteht:

• Spiegelung (keine, x-Achse, y-Achse, x- und y-Achse)
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• Rotation (−π
2 bis +π

2 )

• Skalierung durch Ausschneiden oder Padding (s. oben)

• Translation und Scherung entlang x- und y-Achse

• Cutout nach [4]

• Gaußfilter, Schärfung, Rauschen, Änderungen von Helligkeit
bzw. Sättigung, Farbwertquantisierung oder Farbverschiebung

Da in den Bilder des Lerndatensatzes meist ein Anker als einziges
Objekt vorhanden ist, besteht die Gefahr, dass das U-Net nur das
Vorhandensein eines bloßen Objektes erlernt und es somit nicht vom
spezifische Objekt, dem Anker, unterscheiden kann. Um dies zu ver-
meiden, wird Hintergrundaugmentierung verwendet. Hierzu wird
die Grundwahrheit als binäre Maske mI zur Extraktion des Ankers
aus dem Bild I benutzt. Anschließend wird der extrahierte Anker
vor einen zufälligen Hintergrund Hi aus dem dtd-Datensatz [5] ge-
legt. Das Ergebnis wird anschließend mit dem Tiefpassfilter gGauß
gefiltert. Es ergibt sich

Iaug = gGauß ∗ ∗(mI � I + (1−mI)�Hi). (3.1)

3.2 U-Net

Das U-Net nach [2] ist in Abb. 3.1 illustriert. Die Eingabe ist ein RGB-
Bild und die Ausgabe gibt die geschätzte Klassenzugehörigkeit für
jedes Pixel an. Die namensgebende Form des neuronalen Netzes ent-
steht durch die kleiner, aber dafür tiefer werdenden Merkmalskarten
zur Mitte hin und die Querverbindungen, bei denen Merkmalskar-
ten gleicher Größe konkateniert werden (gelbe Pfeile in Abb. 3.1).

Das verwendete U-Net hat eine Eingabegröße von 224 × 224 Pi-
xeln, fünf Tiefenstufen und ca. 31 Mio. trainierbare Parameter.
Auf jede 3 × 3-Faltungsschicht folgt Batch-Normalisierung nach
[6] und eine ReLU-Aktivierung. Beim Hochtasten wird das 2 × 2-
Interpolationsfilter auch im Training gelernt.
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Abbildung 3.1: Die Abbildung zeigt den hier verwendeten Aufbau des U-Nets. Die
oberen Zahlen an den blauen Rechtecken geben Anzahl der Merkma-
le bzw. die Tiefe der Aktivierungskarten an, während die seitlichen
Zahlen die Höhe bzw. die Breite der Aktivierungskarte wiedergeben.

Als Zielfunktion wird der generalisierte Sörensen-Dice-Koeffizient
cgSDK nach [7] verwendet. Dieser bildet die gewichtete Summe der
Sörensen-Dice-Koeffizienten oder einzelnen Klassen. Es gilt:

cgSDK = ∑
i

wi · ci = ∑
i

wi ·
(

1− |y∩ ŷ|
|y∪ ŷ|

)
. (3.2)

Mit dem Sörensen-Dice-Koeffizienten wird das negative Verhältnis
von Schnitt zur Vereinigung zweier Flächen abgebildet. Nähert sich
der Sörensen-Dice-Koeffizient dem Wert 0, so sind der Schnitt und
die Vereinigung identisch.

3.3 Erweiterung des U-Net

Neben Augmentierung eignen sich zusätzliche Informationen, um
die Genauigkeit des neuronalen Netzes zu erhöhen. In diesem Ab-
schnitt werden Methoden aufgeführt, die das U-Net um Zusatzin-
formation erweitern.

Die Hinzunahme der Kanteninformation in einer der hinteren
Schichten kann zu einer Verbesserung führen, da die Objektgren-
zen des Ankers im Bild mit den Kanten im Bild zusammenfallen.
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Zur Kantenextraktion wird der Marr-Hildreth-Operator verwendet.
Das Ergebnis wird anschließend normiert. Die Kante wird nach der
obersten Konkatenierungsschicht entweder hinzuaddiert oder an-
gehängt. Die schematische Veränderung des U-Net ist in Abb. 3.2
dargestellt.

Abbildung 3.2: Die Abbildung zeigt, wie die letzten Schichten des U-Net abgeändert
werden, um die Kanteninformationen einzubringen.

Da es sich bei den Ankern um zusammenhängende Objekte
handelt, ist eine Regularisierung sinnvoll, die lange Konturen be-
straft. Somit können Löcher, kleine Fehldetektionen oder andere
Artefakte reduziert werden. Hierfür eignet sich die Total-Variation-
Regularisierung (TV-Regularisierung) nach [8]. Der Strafterm LTV für
das Segmentierungsergebnis A = [a(A), a(K), a(W), a(R)] ∈ R(224,224,4),
wobei das x in a(x) für die Aktivierungskarte des Ankers (A), des
Kommutators (K), der Welle (W) oder des Ritzels (R) steht, wird
gewählt zu

LTV = λTV ∑
n={A,K,W,R}

wn ·

∑
i

∑
j

a(n)[i, j]− 1
2

a(n)[i+1, j]− 1
2

a(n)[i, j+1]. (3.3)

Eine Erweiterung hiervon ist, den Strafterm an Stellen, an denen
eine Kante vorliegt, zu verkleinern.

Im originalen U-Net wird das Ergebnis nach der letzten Faltungs-
schicht mit einer Sigmoid-Funktion σ( · ) aktiviert. Dies kann potenti-
ell dazu führen, dass sich die Klassen nicht gegenseitig ausschließen
oder einzelne Teile einer Komponente wie bspw. der Welle zwar als
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Welle erkannt werden, aber nicht als Teil des Ankers erkannt werden.
Dies kann durch zusätzliche Restriktionen vermieden werden, die
allerdings die Konvergenzeigenschaften des Netzes beeinflussen. Im
Folgenden werden zwei Alternativen vorgestellt, das Ergebnis der
letzten Faltungsschicht A zu aktivieren.

Der erste Ansatz ist ein multiplikativer Ansatz mit Sigmoid-
Aktivierung (MSig), der auschließt, dass Komponenten außerhalb
der Ankerklasse liegen. Die Aktivierungsvorschrift für die Klasse x
lautet

für x = A: b(A) = σ(a(A))

für x 6= A: b(x) = b(A) · σ(a(x)). (3.4)

Beim zweiten Ansatz (MSmax) wird das gegenseitige Ausschlie-
ßen der Klassen durch eine Softmax-Funktion S sichergestellt. Es er-
gibt sich

für x = A: b(A) = σ(a(A))

für x 6= A: b(x) = b(A) · S([a(x), 0]). (3.5)

Für den Fall eines Pixels im Anker ohne Zugehörigkeit zur Klas-
se K, W oder R wird für MSmax eine Aktivierungskarte mit dem
konstanten Wert 0 hinzugefügt. Dies entspricht der Klasse X in Ab-
schnitt 2.

4 Versuchsaufbau

Jedes Einzelexperiment wird dreimal wiederholt. Das Ergebnis wird
gemittelt. Bei jedem Durchlauf wird das U-Net für 100 Durchläufe
zu je 16 × 1024 augmentierten Bildern mit dem Nadam-Optimierer
trainiert. Es wird ein kosinusartiger Rückgang der Lernrate mit einer
Anfangslernrate von 10−3 verwendet. Als Vergleichsmetrik wird der
generalisierte Sörensen-Dice-Koeffizient und der Jaccard-Koeffizient
der einzelnen Komponenten verwendet.

Zuerst wird der Einfluss von Augmentierung untersucht. Es wer-
den vier Stufen der Augmentierung mit und ohne Hintergrundaug-
mentierung untersucht. Bei der Hintergrundaugmentierung wird
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mit der Wahrscheinlichkeit 0,6 ein zufälliger Hintergrund verwen-
det, ansonsten bleibt der Originalhintergrund bestehen. In der un-
tersten Stufe (Stufe 0) wird keine Augmentierung durchgeführt. In
Stufe I wird die Basisaugmentierungskaskade verwendet, die aus
Spiegelung, Rotation, Skalierung, Translation, Scherung und Cutout
besteht. Für Stufe II wird diese Kaskade gemäß Abschnitt 3.1 um ei-
ne Stufe mit den Operationen des letzten Stichpunktes von Abschnitt
3.1 erweitert. In der letzten Stufe (Stufe III) wird die Cutout-Stufe um
zwei eigene Verfahren erweitert. Zum einen werden zufällig einzelne
Komponenten verdunkelt und zum anderen wird Cutout mehrfach
mit kleineren Rechtecken angewendet.

Danach werden mit der besten Augmentierungsstrategie die Ver-
fahren aus Abschnitt 3.3 verglichen. Zunächst wird der Einfluss
der Aktivierung der letzten Schicht untersucht. Anschließend wer-
den verschiedene Kombinationen aus TV-Regularisierung und Hin-
zufügen von Kanteninformationen betrachtet.

5 Ergebnisse

Im Folgenden werden die Ergebnisse für die Augmentierung und
für Erweiterungen des U-Net vorgestellt.

5.1 Augmentierung

Die Ergebnisse sind in Tabelle 1 dargestellt und zeigen, dass sich der
Sörensen-Dice-Koeffizient bei der Verwendung eines zufälligen Hin-
tergrunds bei allen Augmentierungsstufen um ca. 40% verbessert.
Dies stützt die These, dass durch einen zufälligen Hintergrund der
Fokus des Trainings auf das relevante Objekte verlagert wird, woraus
eine bessere Generalisierung des Netzes folgt. Ohne Augmentierung
des Objekts führt Hintergrundaugmentierung zu einer Verschlech-
terung von 36%, da die Position des Objektes vom Netz auswendig
gelernt werden kann.

Bei der hier getroffenen Auswahl der Augmentierungskaskade
führt eine stärkere Augmentierung zu leicht besseren Sörensen-Dice-
Koeffizienten. Daher wird das beste Segmentierungsergebnis bei Stu-
fe III mit Hintergrundaugmentierung erzielt.
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Tabelle 1: Ergebnisse der Augmentierung. Es ist der generalisierte Sörensen-Dice-
Koeffizient des Gesamtergebnisses sowie der Jaccard-Koeffizient der Kom-
ponenten angeben.

III II I 0 III II I 0
Originaler Hintergrund Zufälliger Hintergrund

gSDK 0,179 0,178 0,188 0,328 0,100 0,102 0,103 0,447
Anker 0,885 0,887 0,886 0,762 0,952 0,951 0,952 0,639
Kommutator 0,619 0,616 0,595 0,389 0,650 0,656 0,657 0,368
Welle 0,457 0,452 0,451 0,271 0,560 0,552 0,548 0,243
Ritzel 0,359 0,357 0,316 0,247 0,461 0,462 0,455 0,179

5.2 Erweiterung des U-Nets

Für die Standardaktivierung ergibt sich ein gSDK von 0,100. Die
beiden anderen Aktivierungen liefern ein gSDK von ebenfalls 0,100
(MSig) bzw. von 0,105 (MSmax). Trotz der Beseitigung aller logischen
Widersprüche verschlechtert sich das Ergebnis. Für die weitere Ana-
lyse werden daher nur die Sigmoid-Aktivierung und MSig miteinan-
der verglichen, auch weil für bestimmte Kombinationen von MSmax
der Jaccard-Koeffizient der Welle nicht konvergiert. Insgesamt zeigt
sich, dass die logischen Zusammenhänge beim Training eigenständig
erlernt werden.

Tabelle 2: Ergebnisse bei Verwendung der Zusatzinformationen. Mit K ist die Konka-
tenierung und mit A die Addition der Kanten gemeint. R bedeutet reguläre
TV-Regularisierung und G die mit Kanten gewichtete. Bei – wird keine
Kanteninformation bzw. TV-Regularisierung verwendet.

Sigmoid-Aktivierung
Kante - - - K K K A A A
TV-Reg. - R G - R G - R G
gSDK 0,100 0,101 0,104 0,096 0,102 0,104 0,100 0,102 0,103

MSig
Kante - - - K K K A A A
TV-Reg. - R G - R G - R G
gSDK 0,100 0,101 0,100 0,099 0,102 0,100 0,097 0,102 0,099

Die Ergebnisse sind in Tab. 2 zusammengefasst. Insgesamt sind
die erzielten Verbesserungen mit bis zu 5% eher moderat. Eine TV-
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Regularisierung hat eher negative Auswirkungen auf das Ergebnis,
während Kanteninformationen neutrale bis positive Auswirkungen
haben. Am besten schneidet das Verfahren mit Sigmoid-Aktivierung
und Kantenkonkatenierung ab.

6 Zusammenfassung

In diesem Beitrag wird ein Segmentierungsnetz für Anker von Elek-
tromotoren vorgestellt, bei dem relevante Komponenten vom Rest
des Ankers und dem Hintergrund getrennt werden, um diese an-
schließend inspizieren zu können. Durch Augmentierung und ins-
besondere der hier vorgestellten Hintergrundaugmentierung kann
das Ergebnis signifikant verbessert werden. Mithilfe von Kantenin-
formationen kann die Genauigkeit um weitere 4% erhöht werden.

Mit den erzielten Ergebnissen können im Anschluss Lagepara-
meter wie Rotation oder perspektivische Verzerrung des Ankers
geschätzt werden. Dies ermöglicht eine bildbasierte Regelung für
die optimale Ausrichtung einer positionierbaren Kamera und eine
Extraktion der Mantelfläche der relevanten Komponenten.

In weiteren Arbeiten soll das U-Net deutlich länger mit den ge-
fundenen Parametern angelernt und anschließend für die Segmen-
tierung von Videos bzw. Echtzeit-Kamerasystemen verwendet wer-
det. Mithilfe eines internen Modells soll das Segmentierungsergebnis
stabilisiert werden und die Größe des Ankers im jeweiligen Einga-
bebild durch Zero-Padding oder Heranzoomen auf die im Training
festgelegte Größe geregelt werden.
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Abstract Artistic style transfer is an application of deep learn-
ing using convolutional neural networks (CNN). It combines
the content of one image with the style of another one us-
ing so-called perceptual loss functions. More precisely, the
training of the network consists in choosing the weights such
that the perceptual loss is minimized. Here, we study the
impact of the choice of the optimization method on the final
transformation result. Training an artistic style transfer net-
work with several optimization methods commonly used in
deep learning, we obtain significantly differing models. In
a default parameter setting, we show that Adam, AdaMax,
Adam AMSGrad, Nadam, and RMSProp yield better results
than AdaDelta, AdaGrad or RProp, both measured by the per-
ceptual loss function and by visual perception. The results of
the last three methods strongly depend on the chosen param-
eters. With a suitable selection, AdaGrad and AdaDelta can
achieve results similar to the versions of Adam or RMSProp.

Keywords Convolutional neural network, perceptual loss,
stochastic gradient descent
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1 Introduction

In order to achieve artistic style transfer as first described in [1, 2] in
real time as desirable for live demonstrations, we train a feed for-
ward network for style images and transfer the styles to content im-
ages as specified in [3]. The training of such a network is essentially
an optimization problem. The weights of the network are chosen
such that the prediction is as close as possible to the training data.
We compare eight methods available in PyTorch [4]: AdaGrad [5],
AdaDelta [6], RProp [7], RMSProp [8] and the four variants of Adam
(Adam, AdaMax, Adam AMSGrad [9], Nadam [10]).

2 Method

An overview of the system is visualized in Figure 2.1. It consists of
two components: an image transformation network fW on the left and
a loss network φ on the right side, which is used to define several
loss functions. The mapping ŷ = fW(x) transforms the input image
x into the output image ŷ, where W are the weights of the image
transformation network. We consider loss functions ` f eat(ŷ, y1) and
`style(ŷ, y2) which measure the content and style differences between
the transformed image ŷ and the target images y1 (content target) and
y2 (style target), respectively. In our case, the content target image y1
is the same as the input image x. Training of the image transforma-
tion network consists in minimizing a weighted combination of the
loss functions by using a suitable optimization method. We get an
optimal value W∗ with

W∗ = arg min
W

[
λc` f eat( fW(x), y1) + λs`style( fW(x), y2)

]
, (2.1)

where λc and λs are non-negative weight factors.

2.1 Image transformation network

The image transformation network is a deep convolutional neu-
ral network consisting of several convolutional layers with varying
stride. All convolutional layers are followed by spatial batch normal-
ization and rectified linear units (ReLU) cutting off negative parts.
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Figure 2.1: System overview. We train an image transformation network to transform
input images x into output images ŷ. A loss network φ pre-trained for im-
age classification is used to define loss functions. We measure the differ-
ences in content and style between the target images and the transformed
image. The loss network is not changed during training.

Only the output layer uses a scaled hyperbolic tangent function in-
stead to ensure that the output image has pixels with values in the
range [0, 255]. These encoders and decoders are connected by resid-
ual blocks.

2.2 Perceptual loss function

We apply a perceptual loss function, derived from a pre-trained net-
work. This loss network φ consists of the first four blocks of the
VGG-16 network [11] pre-trained on the ImageNet dataset [12]. This
dataset contains a total of over 14 million human annotated images
developed for computer vision research. These are organized into
around 22K sub-categories, which can be considered as sub-trees of
27 higher-level categories such as animals, plants or people. The loss
network is used to define a feature reconstruction loss and a style
reconstruction loss, that measure differences in content and style of
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(a) Images ŷ that minimize the feature reconstruction loss `
φ,j
f eat(ŷ, y1). An

image of the Microsoft COCO dataset [13] is taken as content target y1.

(b) Images ŷ that minimize the style reconstruction loss `
φ,j
style(ŷ, y2). Vincent

van Gogh’s painting The Starry Night [14] is taken as style target y2.

Figure 2.2: Reconstruction from different layers of the pretrained VGG-16 loss net-
work φ. Input image is a white noise image.

the transformed image and the content and style targets, respectively.
Finally, the combination of these two losses is minimized.

The feature reconstruction loss is defined as the squared, normal-
ized Euclidean distance (mean squared error) between feature repre-
sentations

`
φ,j
f eat(ŷ, y1) =

1
HjWjCj

‖φj(ŷ)− φj(y1)‖2
2, (2.2)

where φj(x) is a feature map of layer j with shape Hj ×Wj × Cj. In
this case, Hj and Wj represent the height and width, respectively, and
Cj the number of channels of the feature map. The reconstruction of
images from the first layers of the loss network provides images that
are perceptually similar to the target image, but that do not neces-
sarily fit exactly, see Figure 27.2(a). We use the feature map at layer
j = relu2 2 of the loss network to calculate the feature reconstruction
loss in Equation (2.2).

In addition to the content of the target image, the style of another
image has to be met. However, the difference of two images in style
is not as simple to represent as the in difference in content. Copying
the feature reconstruction loss would result in comparing the content
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of the style image with the output image ŷ, which is not our aim. In
order to extract the style representation of the style image, only, we
use the Gram matrix Gφ

j (x) to find the correlation of the channels
(features) of a feature map. This approach is based on the assump-
tion that the style of the image is defined through the co-occurrence
of particular features. As in the loss function above, let φj(x) be
the outcome of the network φ at layer j for the input x, which is a
Hj ×Wj × Cj feature map. Then, the Gram matrix Gφ

j (x), which has
a size of Cj × Cj, is defined by

Gφ
j (x)c,c′ =

1
HjWjCj

Hj

∑
h=1

Wj

∑
w=1

φj(x)h,w,cφj(x)h,w,c′ , (2.3)

where c, c′ ∈ [1, . . . , Cj]. Thus, we get the style reconstruction loss
via

`
φ,j
style(ŷ, y2) = ‖G

φ
j (ŷ)− Gφ

j (y2)‖2
F, (2.4)

i. e., the squared Frobenius norm of the difference of the Gram ma-
trices of output and target image.

Reconstruction from higher layers of the loss network transfers
larger scale structure from the target image (see Figure 27.2(b)).
We use this fact to reconstruct style from a set of layers J instead
of a single layer j and define `

φ,J
style(ŷ, y) as the sum of losses for

each layer j ∈ J. We combine the four layers relu1 2, relu2 2,
relu3 3, and relu4 3 of the VGG-16 loss network φ for the style re-
construction loss, using all available information. Hence, we set
J = {relu1 2, relu2 2, relu3 3, relu4 3} and get the following opti-
mization task

ŷ = arg min
y

[
λc`

φ,relu2 2
f eat (y, y1) + λs`

φ,J
style(y, y2)

]
. (2.5)

Here, λc > 0 is a content and λs > 0 a style weight factor. These
weights have to be adjusted carefully by trial-and-error, in our case
λc = 105 and λs = 1010. To solve Equation (2.5), we use several
optimization methods.
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2.3 Optimization methods

We focus on comparing extensions of the stochastic gradient descent
method (SGD) [15]. In SGD, the step size or learning rate in each iter-
ation is initially selected and kept fix. The first improvement to SGD
is AdaGrad, which adjusts the learning rate dynamically based on
all gradients observed before. AdaDelta restricts the number of ac-
cumulated past gradients to a fixed number, instead of accumulating
all past gradients. It has been developed to avoid the radical decay
of learning rates observed in AdaGrad. In RProp, the idea of only
using the sign of the gradient is combined with the idea of adapting
the step size individually for each weight. However, the particular
gradient is not available. This is improved by the use of the moving
average in RMSProp, which has been developed independently of
AdaGrad. It also keeps the estimates of the squared gradients, but
uses a moving average instead of continually accumulating them. Fi-
nally, Adam and its variants are very popular in style transfer. Adam
is similar to RMSProp and AdaDelta, but uses an exponentially de-
caying average of the past gradients. Compared to Adam, AdaMax
scales the gradients inversely proportional to the L∞ norm instead
of the L2 norm of the past gradients. Adam AMSGrad maintains
the maximum of all exponentially decaying averages of the gradi-
ents until the present time step and uses this maximum in place of
the actual one. Nadam is a combination of Adam and Nesterov’s
momentum method [16].

We train on the Microsoft COCO dataset of the year 2017 [13]. It
contains a total of over 123K images with annotations belonging to
80 object categories. In each step we update the weights of the image
transformation network.

3 Outcome

We train the model for two epochs with default learning rate η =
0.001 and batch size bs = 4 recommended in [17]. During the train-
ing process, the optimal weights of the image transformation net-
work for a style image are determined. For prediction, we pass a
content image through this network and get the results for the eight
considered optimization methods as shown in Figure 3.1. We take
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Figure 3.1: Content image (1 000× 668), style image (800× 800) and visualization of
stylized content image with various optimizers (each 1 000× 668).

(a) Epoch 1. (b) Epoch 2.

Figure 3.2: Loss plots for two epochs using the eight optimization methods.

an image of the Leaning Tower of Pisa [18] as content image and
a colorful pattern [19] as style image. Visually, the differences are
quite strong. AdaDelta, AdaGrad or RProp result in rather dark
images whose content is not as well visible as in the results of the
Adam versions or RMSProp. The loss plots for the eight methods
over the two training epochs also clearly show the differences, see
Figure 3.2. To investigate the dependence of the solution on the
hyperparameters of the optimization method, we vary the learning
rate η ∈ {0.1, 0.01, 0.001, 0.0001} and batch size bs ∈ {1, 2, 4, 8}. The
best setting and the corresponding loss values and training times are
shown in Table 1. The adjusted parameters result in more similar
images except for AdaGrad and RProp. The loss value for the RProp
result differs by a factor of almost two from the loss values obtained
by the other methods. This is also reflected in the updated results in
Figure 3.3. The training times yield a similar picture: All methods
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Table 1: Summary of the selected parameters, the loss values, and training times for
two epochs training using the eight optimization methods.

Optimization method η bs Loss value Training time (in hours)

AdaGrad 0.01 1 4.2293 · 106 5.6
AdaDelta 0.1 1 3.3681 · 106 6.0
RProp 0.0001 1 6.0191 · 106 8.6
RMSProp 0.001 1 3.3217 · 106 5.9
Adam 0.001 1 3.5556 · 106 5.8
AdaMax 0.001 1 3.4540 · 106 5.8
Adam AMSGrad 0.001 2 3.5892 · 106 5.9
Nadam 0.001 2 3.4687 · 106 6.0

Figure 3.3: Content image (1000× 668), style image (800× 800) and visualization of
stylized content image with different optimizer and adjusted parameters
(each 1000× 668).

take approximately 6 hours or less, while the training with RProp
requires 8.6 hours.

Differences of the optimization methods show with respect to pa-
rameter selection, too. The Adam versions or RMSProp lead to simi-
lar loss values and stylized images, even if the selected learning rates
and batch sizes are not optimal, whereas for AdaGrad, AdaDelta,
and RProp the loss values depend strongly on the chosen parame-
ters and can exceed the optimal ones by far. Comparing Figures 3.1
and 3.3 also clearly shows these differences.
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4 Summary

The choice of the optimization method can be decisive for the result
of the artistic style transfer. It is advisable to use one of the Adam
versions or RMSProp which are more robust with respect to param-
eter choice than the other methods considered here. Even though we
have used loss functions for measuring the quality of style reproduc-
tion, the evaluation of ”style” is rather subjective and, hence, hard to
measure accurately. Thus, in the next step, we plan to investigate the
effect of the optimization method on a segmentation problem where
differences can be quantified more explicitly.
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E. Yang, Z. DeVito, M. Raison, A. Tejani, S. Chilamkurthy, B. Steiner,
L. Fang, J. Bai, and S. Chintala, “PyTorch: An Imperative Style, High-
Performance Deep Learning Library,” ArXiv, vol. abs/1912.01703, 2019.

5. J. Duchi, E. Hazan, and Y. Singer, “Adaptive subgradient methods for
online learning and stochastic optimization,” Journal of Machine Learning
Research, vol. 12, no. 61, pp. 2121–2159, 2011.

6. M. D. Zeiler, “ADADELTA: An Adaptive Learning Rate Method,” ArXiv,
vol. abs/1212.5701, 2012.

349



A. Geng et al.

7. M. A. Riedmiller and H. Braun, “A direct adaptive method for faster
backpropagation learning: the RPROP algorithm,” IEEE International
Conference on Neural Networks, pp. 586–591 vol.1, 1993.

8. T. Tieleman and G. Hinton, “Lecture 6.5—RmsProp: Divide the
gradient by a running average of its recent magnitude,” COURSERA:
Neural Networks for Machine Learning, 2012. [Online]. Available: http:
//www.cs.toronto.edu/∼tijmen/csc321/slides/lecture slides lec6.pdf

9. D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,”
CoRR, vol. abs/1412.6980, 2014.

10. T. Dozat, “Incorporating Nesterov Momentum into Adam,” ICLR Work-
shop, 2016.

11. K. Simonyan and A. Zisserman, “Very deep convolutional networks for
large-scale image recognition,” CoRR, vol. abs/1409.1556, 2015.

12. O. Russakovsky, J. Deng, H. Su, J. Krause, S. Satheesh, S. Ma, Z. Huang,
A. Karpathy, A. Khosla, M. Bernstein, A. C. Berg, and L. Fei-Fei,
“ImageNet Large Scale Visual Recognition Challenge,” ArXiv, vol.
abs/1409.0575, 2014.

13. T.-Y. Lin, M. Maire, S. Belongie, L. Bourdev, R. Girshick, J. Hays, P. Per-
ona, D. Ramanan, C. L. Zitnick, and P. Dollár, “Microsoft COCO: Com-
mon Objects in Context,” Lecture Notes in Computer Science, 2014.

14. V. van Gogh, “The Starry Night,” Museum of Modern Art, New York,
1889. [Online]. Available: https://www.vangoghgallery.com/catalog/
Painting/508/Starry-Night.html

15. H. Robbins and S. Monro, “A stochastic approximation method,” Ann.
Math. Statist., vol. 22, no. 3, pp. 400–407, 1951.

16. A. Botev, G. Lever, and D. Barber, “Nesterov’s accelerated gradient and
momentum as approximations to regularised update descent,” 2017 In-
ternational Joint Conference on Neural Networks (IJCNN), pp. 1899–1903,
2017.

17. P. Saini, “StyleTransferApp,” GitHub repository, 2019. [Online].
Available: https://github.com/puneet29/StyleTransferApp

18. P. la Quiete, “Torre pendente di Pisa,” https://poderelaquiete.it/, [ac-
cessed: September 20, 2020].

19. Colourbox, “Nahtlose bunte Muster, Stock-Vektor,” https://www.
colourbox.de/vektor/nahtlose-bunte-muster-vektor-7143090, [accessed:
September 20, 2020].

350



Hierarchical classification, counting
and length measurement of fish

using a stacking model approach

Raja sekar Shantha kumar, Andreas Hermann,
and Daniel Stepputtis

Thünen-Institut für Ostseefischerei (OF),
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Abstract In this paper, the development of a hierarchical fish
classification framework is presented. The conventional data
collection technique for the commercial fish stock assessment
is a labour intensive and time consuming procedure. The pur-
pose of this project is to develop a framework that classifies
fish species on two level semantic hierarchy label, to count the
number of fishes and to measure the length of four different
fish species using a small dataset. In stage 1 of the framework,
the YOLOv3 convolutional neural network is used to accom-
plish level one semantic hierarchy label, to count the number
of fishes and to measure the length of the detected fish. In
stage 2, the features from the images are extracted using the
VGG16 convolutional neural network. In stage 3, the stacked
generalization technique is implemented to reduce the gener-
alization error and to accomplish level two semantic hierarchy
label. The classification accuracy of the stack model is 94%.
The root mean square error of the fish length measurement is
1.23 cm. The accuracy in counting the number of fish depends
on the detection accuracy of the stage 1 model and the clas-
sification accuracy of the stack models. Further, the results
can be improved by increasing the size and diversity of the
dataset.

Keywords Convolution neural network, stacked generaliza-
tion, stock assessment
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1 Introduction

Biological sampling is a vital procedure in marine data collection to
study commercial fish stock. The conventional techniques in use in-
clude sorting the catch into species, measuring the length and count-
ing the number of the individual catch. Since this process is labour
intensive and time consuming, marine scientists are attempting to
develop a deep learning framework to automate this process.

The convolutional neural network (CNN) is such an efficient deep
learning technique for classifying images. A collection of tensorflow
models trained using different datasets to detect common objects is
given by [1]. In general, a single CNN architecture includes two
parts, multiple trainable stages (feature extractor) followed by a su-
pervised classifier (deep neural network) [2]. French et al. [3] have
used CNN for detecting and counting fishes in the video footage
captured on operational trawlers.

Deeper CNN’s with a large number of model parameters and also
trained on a huge number of examples drastically improves the clas-
sification accuracy [4]. Simonyan et al. [5] proposed a network called
VGG16 in ILSVRC 2014, trained on ImageNet [6] dataset, achieves
92.7% test accuracy on the testing data. ImageNet is a dataset of
nearly 15 million common object images with around 22,000 cate-
gories. ILSVRC14 uses a subset of the ImageNet dataset with 1000
images per class (1000 categories).

While there are so many fish species in the world, only a few
small open source fish datasets [7] [8] are available. Practically, it is
not possible to develop a generalized fish detection model using cur-
rently available datasets. To increase classification accuracy using a
small dataset, Siddiqui et al. [9] used a cross-layer pooling algorithm
with the CNN as feature extractor and support vector machine as a
classifier to classify fish species such as P. porosus, P. emeryii and
etc.

In general, a single deep learning model (feature extractor and a
classifier) trained on small datasets can bias to the dataset used for
the training and not performing well on unseen data (overfitting)
[10]. Wolpert [11] proposed a method called stacked generalization
which uses a number of base models and a single meta model to
minimize the generalization error.
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Human has the ability to classify a fish in a semantic hierarchy i.e
Fish −→ Flatfish −→ Dab. While conventional CNN achieved remark-
able performance on visual recognition, they do not recognize the
object on the natural paradigm of hierarchy. Hence, there is a need
in the marine field to develop a framework that allows us to clas-
sify fish species in the semantic hierarchy. Inspired by the method
proposed by Wolpert [11] and combined with semantic hierarchical
label classification, we propose a framework to (a) detect, (b) classify
fish in the two level semantic hierarchy, (c) count the number and
measure the length of fish.

2 Dataset

We used two public and one own dataset to train the models. The
two public datasets are ”Open images dataset” [8] and ”QUT FISH
dataset” [7]. The examples in the public datasets are labled with the
level one label of the semantic hierarchy (Fish). The own dataset is
captured in the laboratory at ”Thünen-Institute (OF)” and at the fish-
ery research vessel ”Solea”. Therefore, the dataset is named ”Thünen
dataset” and has both level one and two labels of the semantic hier-
archy as shown in figure 2.1. Where the level two hierarchy refers
to the fish species. Figure 2.2 show example images from ”Thünen
dataset”.

Fish Level one semantic label

Cod Herring Dab Turbot Level two semantic label

Figure 2.1: Hierarchical annotation of the dataset

Further to train the base models, ”Thünen dataset” is divided into
training data and testing data as shown in figure 2.3.

3 Classification Procedure

The developed framework has three stages, stage 1 – detection and
classification of level one label of the semantic hierarchy, stage 2 –
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(a) (b) (c) (d)

Figure 2.2: (a) Cod, (b) Herring, (c) Dab, (d) Turbot

3200
QUT FISH

dataset

1000
Open images

dataset

369 343 376 482Thünen dataset

250 243 257 386
Thünen dataset

(Training)

119 100 119 96
Thünen dataset

(Testing)

Fish

Fish + Cod

Fish + Herring

Fish + Dab

Fish + Turbot

Figure 2.3: List of datasets used in training

feature extraction and stage 3 – classification of level two label of the
semantic hierarchy as shown in figure 3.1. In stage 1, YOLOv3 CNN
is used to detect the fish and to accomplish level one label of the
semantic hierarchy. The detected fish is cropped and in stage 2, the
features are extracted using VGG16 CNN. Stage 3 of the framework
has a stack model with 2 layers. Layer 1 has three base models and
layer 2 has a single meta model. The extracted features are used to
train the three base models of the stack layer 1. Later, the prediction
probabilities of the three base models are used to train the meta
model of the stack layer 2. In stage 3, the level two label of the
semantic hierarchy is accomplished.

3.1 YOLOv3 object detector

To detect a fish, a real time single shot object detector YOLOv3 [12]
convolutional neural network is used. The YOLOv3 network is
trained on the COCO dataset [13] to detect 80 common objects where
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Hierarchical data preparation

YOLOv3 objector detector

Detection and clas-

sification of level

one hierarchical label

Fish length

measurement and

cumulative fish count

VGG16 as feature extractor

Crop detected fish

Logistic

regression

classifier

Random forest

classifier

AdaBoost

classifier

XGBoost classifier

Classification of level

two hierarchical label)

write result to csv file

Individual

species count

stage 1 stage 2 stage 3

Figure 3.1: The flowchart representation of the classification procedure

fish is not one among those classes. We implemented transfer learn-
ing [14] to detect single class, Fish. Both ”QUT FISH dataset” and
”Open image dataset” with the level one label of the semantic hi-
erarchy are used to train the model. The ”Thünen dataset” (entire
dataset) with the level one label of the semantic hierarchy is used to
evaluate the model performance. Figure 5.1 shows the training and
validation curve of YOLOv3.

3.2 VGG16 as feature extractor

To use pre-trained VGG16 CNN [5] as a feature extractor, the last
few fully connected layers were removed (modified VGG16). The
image propagates from the first layer to the last layer of the modified
VGG16 (feature extractor) and outputs a volume of the shape 7× 7
× 512. This output volume is flattened into a feature vector of the
dimensions 25,088.

To train and evaluate the base models in stage 3 (stack layer 1), the
features from the ”Thünen training and testing data” are extracted
and tabulated. The shape of the tabular datasets is (number of im-
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ages × 25088). Figure 3.2 shows the pictorial representation of the
feature map extracted from block1 conv2D layer of VGG16.

Figure 3.2: Feature map of an example image

3.3 Stacking model approach

Ensemble learning is a technique to reduce the variance of the model.
Such technique for classification problems are majority voting [15],
weighted majority voting [16] and stacking [11]. In majority vot-
ing, the final decision is made by a majority vote of the individual
classifiers. Whereas in the weighted majority voting, the individual
classifiers are assigned with different weights depending on the per-
formance and the final decision is made by counting the weighted
votes of the individual decisions [16].

The stacking or stacked generalization uses a concept meta clas-
sifier. The meta classifier is trained on the prediction probabilities
of the individual base models to make the final prediction. This
method reduces the generalization error and increases the predic-
tion accuracy.

Base models

The base models used in the framework are logistic regression, ran-
dom forest and AdaBoost classifier. These models are trained on the
”Thünen training dataset” (features vectors) using K-fold cross vali-
dation (K = 3). The prediction probabilities of each base model are
concatenated as shown in figure 3.3 and used as a training dataset to
train the meta model.
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Figure 3.3: Meta training data

Meta model

The meta model used is XGBoost classifier and fitted on the predic-
tion probabilities of the base models and the model performance is
evaluated using the ”Thünen testing dataset” (feature vectors).

4 Fish counting and length measurement

By using the YOLOv3 network, the overall number of fish (level
one hierarchy) is counted. Similarly, the number per fish species is
counted using the classification output of the stack model, following
the previous detection of the YOLOv3 network.

(a) (b) (c)

Figure 4.1: (a), (b) and (c) - Predicted length using YOLOv3

The YOLOv3 network is used to predict the length of the fish. The
object detection happens in the three scales and at three different
layers of the YOLOv3 network, 82, 94 and 106. The input image of
the shape (416, 416, 3) is downsampled by the factor (stride) 32, 16
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and 8 at three detection layers and the resultant feature map has the
shape of 13× 13× depth, 26× 26× depth and 52× 52× depth respec-
tively. For each cell in the resultant feature map, three bounding
boxes are generated by the YOLOv3 network. The maximum proba-
bility of the bounding box containing a class is given by the product
of objectness score and confidence. The real width bw and the height
bh of the bounding box are computed by calculating the log-space
transform (offset) to the predefined anchors. And to calculate the
center coordinate (bx, by) of the bounding box, a sigmoid function is
used [12]. Figures 4.1 (a), (b) and (c) show three examples of the
predicted length using the YOLOv3 network.

5 Results and Discussion

The training graph figure 5.1 (a) shows that the YOLOv3 network’s
training loss is decreasing gradually and reaches an average loss
of 0.68. The mean average precision of the validation data reaches
100%.

(a) (b)

Figure 5.1: (a) YOLOv3 training curve (b) Fish length measurement plot

Figure 5.1 (b) shows the ground truth length vs predicted length
of the fish plot. The root mean square error (RMSE) of the fish length
measurement is 1.23 cm.
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(a) (b)

(c) (d)

(e) (f)

Figure 5.2: Confusion matrix of (a) Logistic regression, (c) AdaBoost and (e) Random
forest. ROC curve of (b) Logistic regression, (d) AdaBoost and (f) Random
forest
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(a) (b)

Figure 5.3: Xgboost (a) Confusion matrix and (b) Roc

From the computed confusion matrix, figures 5.2 (a), (c), (e) and
5.3 (a) the different metrics to evaluate the stack model performance
are calculated and shown in table 1. Figure 5.2 (b), (d), (f) and figure
5.3 (b) show the receiver operating characteristic curve with the area
under curve value for four different classes. Comparing the classifi-
cation accuracy, precision and the recall of the meta model and base
models, it is clear that the meta model XGBoost out performances all
three base models.

Table 1: Results of the stack models

Classifier Precision Recall f1-score Simple Accuracy Micro AUC

Random forest 0.90 0.90 0.90 0.90 0.98

Logistic regression 0.93 0.92 0.92 0.92 0.99

Adaboost 0.78 0.75 0.75 0.75 0.87

XGBoost 0.95 0.94 0.94 0.94 0.98

6 Conclusion

From the above results, it becomes clear that the classification ac-
curacy, precision and the recall of the fish species can be increased
using a stacked generalization. The disadvantage of this approach is
computationally expensive to train the model and to tune the hyper
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parameter. The predicted length measurement values have relatively
high root mean square error (RMSE). Therefore, the applied simple
method of length estimation might not suitable for many biological
applications. Hence, for further improvement, we could add more
data in the training set for better accuracy of object localization or
we can implement a machine vision approach such as a stereo vision
for length measurement.
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Abstract Generating a series of images is an important task in
various fields of scientific research, e. g. Computational fluid
dynamics (CFD). In the past years, solutions based on deep
neural networks gained importance. In these tasks, it’s often
necessary to declare regions of interest in the image. Further-
more, the NN should only perform on these regions and the
rest should be ignored. With this paper, we propose an inno-
vative and easy method for implementing this behavior in the
field of CFD.

Keywords U-net, binary maps, generator, flow simulation

1 Introduction

Generating a series of images is an important task in various fields of
scientific research, e. g. Computational fluid dynamics (CFD). In the
past years, solutions based on deep neural networks gained impor-
tance [1], for example in applications where the results don’t need
to be fully accurate. For these tasks, it’s often necessary to declare
regions of interest (ROI) in the image to preserve constant regions
and concentrate the influence of the neuronal network on a specific
area. This becomes even more important in cases where results of
a neuronal network are used as an input again. We call these cases
iterative applications.

For CFD applications this issue is related to the sharp separation of
the simulation area and its boundary. It is essential that the fluid sim-
ulation does not ignore boundaries, like obstacles within the stream,
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and that these boundaries do not introduce false interferences into
the simulated stream. Using an image-to-image approach [2] to cre-
ate a sequence of simulation steps, an obvious idea to define a sharp
separation is the usage of binary maps. Such maps define a region
of interest within a picture with a true value for the corresponding
pixel and false otherwise. In combination with a neuronal network,
these maps can be used as an additional parameter track for the net-
work and as a filter for a post image processing step. We will show
that both applications are needed in order to get good predictions
for the simulation results with a sharp separation of the simulation
area and its boundary.

2 State of the art

The main task in our approach is an image-to-image translation. By
now the image-to-image translation through CNNs is well estab-
lished and has found numerous applications [3–6]. [2] has specifi-
cally stated how the ”community-driven research” has popularized
their work by applying it in different ways [7–9]. We see our work
as another demonstration of [2]. This time in the context of CFD.

The field of CNNs provides various approaches of handling with
ROIs. [10, 11] use different NNs for generating and applying the
ROIs. This leads to results with a probability, which is desired in
the given tasks, but not in ours. Other works like [12, 13] use binary
mask to define ROIs. But they use these mask as an pre image pro-
cessing step only. Our application of the binary map goes further
with respect to the combined application.

3 Methodology

The task is to build a network that can predict the next frame of a 2D
flow simulation based on the previous one. Our focus of this work is
on the boundaries of the simulation area, obstacles for example, and
their stability in iterative evaluations of the network. Each frame rep-
resents a time step of the simulation and consists of a three-channel
image. Two of the channels encode the velocity fields in x- and y-
direction and the third channel is the pressure field of the fluid. For
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this paper we did not construct a single holistic model that can han-
dle all the simulation’s parameters. Our effort is concentrated on
taking a relative simple model and investigate the influence of the
application of binary maps. We call this simple model the constant
model because we do not vary simulation parameters like the inflow
speed.

3.1 Simulation setup and data generation

The training data was generated by performing simulations of in-
compressible fluid flow around a rectangular object in a channel. The
simulations are modelled according to the Navier-Stokes equations
for in-compressible flow. Because we are interested in the image
representations of the simulations, we are dealing only with the 2D
case. Several boundary conditions describe the simulation setup:

• Inflow condition on the left side of the channel

• Outflow condition on the right side of the channel

• No-slip condition on the bottom and top side of the channel as
well as the sides of the object.

The simulation setup has three separate adjustable parameters: in-
flow speed g, fluid density ρ and fluid kinematic viscosity v. For the
constant model we took the simulation with ρ = 0.2, v = 0.0009 and
g = 1.5. The choice of the parameter is deliberate. The values are
chosen so that the Reynolds number [14] of the simulations in the
range of [90, 450]. We were interested whether the build models can
predict the emerging Kármán vortex street [15]. Thus, the Reynolds
numbers were chosen so that the effect can occur.

The simulations were performed numerically by solving the dif-
ferential equation describing the flow – the Navier-Stokes equations.
This was done with a numerical solver library – HiFlow3 [16] – that
works on the base of the finite element method [17]. The time step
for the solver was set to 0.035 seconds. This means a single time step
of the simulation corresponds to 0.035 seconds of physical time.

The numerical solver library on itself cannot be used to render the
simulation results to images. For this reason, we used ParaView [18]
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to load the simulation data and exported it as a sequence of images
in PNG format. We used the default ”Grayscale” color preset of
ParaView to visualize the results. Each frame of the simulation was
exported as three separate grayscale images. Finally, the images were
cropped to select a subset of the space that contains the object and
space behind it. For training the neuronal network, we rendered
1904 frames of the simulation (66 seconds of the simulated physical
time).

After all images were generated, a test-train split was created. The
split was done by random and resulted in 80% of the data was used
for training and the rest for testing.

The binary map was created be locating the obstacle and set the
size to the same length and width like the other images.

3.2 Training approach and network details

We based our generative models almost entirely on [2]. We use the
conditional GAN approach to train a generator network that can per-
form image-to-image translation. As explained in [2], the traditional
GAN method uses a random vector z as an input to the generator
network G to generate output y, G : z → y. Conditional GANs also
feed an input image x to the generator, G : x, z → y. [2] and [19]
suggest that in certain cases the usage of z can be usefully, but we
decided not to include for our generator as we want a deterministic
network. The discriminator network is modelled with the function
D : x, y→ v that evaluates the likelihood of y being a real image. To
note is that the discriminator network has access to the real image x
and tries to guess, if y is the real or generated output.

We adopt the objective function of the discriminator network and
we modify it slightly by leaving out the random vector z.

LcGAN(G, D) = (E[log D(x, y)] + E[log D(x, G(x))])/2
= (log D(x, y) + log D(x, G(x)))/2

(3.1)

where x is the input image and y is the target image. We leave out
the expected value calculation as we do not use the random vector
z in our loss function. In contrast to unconditional GANs, both the
generator and the discriminator network have access to the input
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image. The objective is divided by two to slow down the training of
the discriminator relative to the generator as suggested by [2].

The objective for the generator network is composed of two parts
— the value of the discriminator as well as a L1 distance loss between
the target and the predicted images. According to [2] the L1 loss
promotes less blurring and captures the low frequency details of the
images. The L1 loss is given by:

LL1(G) = E[‖y− G(x)‖1] (3.2)

The final object for the generator is thus:

G∗ = arg min
G

max
D
LcGAN + λLL1(G) (3.3)

For all models we used λ = 100 as done in [2].

3.3 Network architecture

For our generator we use the U-Net [20] variant proposed in [2].
It is a standard encoder-decoder [21] model with skip connections
between parts of the encoder and the decoder. Our network uses
blocks of layers of the form convolution-normalization-ReLu [22].
The encoder-decoder first downsamples the input till a bottleneck
layer is reached and what follows is an upsampling to the original
size of the input image.

For the discriminator, we follow the method of [2] and we use their
PatchGAN discriminator network. This is a convolutional network
that classifies patches of the input as real or predicted. To note is
that the whole image is given as an input. The majority of the results
in [2] show that patches of size 70 × 70 yield the best results but
in our case, the experiments showed otherwise. We, therefore, we
opted out for using patches of size 286× 286 pixels.

3.4 Training details

We trained the model with the generated dataset. When loading
the images in memory, we first resize them to an appropriated for a
network size of 1024× 256 (width × height). Then we apply random
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crops as well as add random noise to each channel of the images.
We do this to force the generator to learn the actual features of the
simulation and make over-fitting harder. To investigate the effect of
using a binary map to determine the obstacle. We developed four
different training:

• no-mask: no binary mask is used at all

• no-mask-after: the binary mask is multiplied to the input im-
age. The binary mask itself is also fed as additional input into
the generator network but not multiplied with the predicted
image.

• no-mask-before: only the predicted image is multiplied with
the binary image. No binary mask is fed into the network or is
multiplied to the input image.

• mask: the binary mask is multiplied to the input image. The
binary mask itself is also fed as additional input to the genera-
tor network. The predicted image is multiplied with the binary
image, too.

The binary map as additional input gives the network the informa-
tion where the obstacle is. The zeroed values can’t provide this in-
formation due the grayscaled image.

For the training procedure, we follow the standard approach in
[23]. With each mini-batch, we first optimize the discriminator and
then the generator with the discussed objectives. We use Stochastic
Gradient Descent [24] with the Adam optimizer [25] with a learning
rate of 0.0002 and standard momentum parameters β1 = 0.9 and
β2 = 0.999. The used batch size for the constant model was set to 3.
Those are relatively small numbers for batch sizes but [2] suggests
that the U-Net architecture benefits from small batches in image-to-
image translation problems.

The constant model was trained for 45 epochs and evaluated on
a single Nvidia GTX 980Ti GPU. The Implementation of the models
was done in PyTorch [26] python library for machine learning.
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4 Results

At this point we want to mention why the following results are show-
ing the beginning of the vortex street and not a fully distinctive tur-
bulent flow. The reason can be found in the training data and the
very short amount of time the vortex street needs to establish within
the stream. Therefore, the neuronal network is well-trained to pre-
dict the continuation of the distinctive turbulent flow but less highly
trained for the first simulation steps where the vortex street is estab-
lishing. That is why prediction problems have a higher impact on the
first steps and are therefore more visible in these images, although
the same problems can be observed in all simulation steps as shown
later on.

Figure 4.1: 1. Line: Step 1 and step 20 of a finite element simulation, 2. Line: Pre-
dicted step 1 and step 20 without the usage of the pressure field, 3. Line:
Predicted step 1 and step 20 with usage of the pressure field; No binary
mask used, x-velocity shown

We start with the mask-free prediction. Figure 4.1 shows what
happens: The obstacle vanishes within the stream and this has in
return a bad impact on the stream itself. Even adding more infor-
mation by using the pressure field of the stream in addition to the
velocity field for prediction isn’t a solution.

As the first step prediction seams to be useful, the intuitive next
development is to multiply every prediction with the binary mask
before using it iteratively as the new input data. Results for that are
shown in figure 4.2. One can see, that this idea also leads to insuffi-
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Figure 4.2: 1. Line: Step 1 and step 20 of a finite element simulation, 2. Line: Pre-
dicted step 1 and step 20 without the usage of the pressure field, 3. Line:
Predicted step 1 and step 20 with usage of the pressure field; Binary mask
used after prediction, x-velocity shown

cient results. Adding more information with the pressure field even
produces worse results with respect to the accuracy of the stream.

After observing that the simple post image processing step isn’t
the solution, we turned it the other way round and set the binary
map as an additional data stream for the neuronal network. The
idea here is that the network is able to learn the sharp separation
with the help of this map. In figure 4.3 it is obvious that this isn’t the
right way either.

Figure 4.3: 1. Line: Step 1 and step 20 of a finite element simulation, 2. Line: Pre-
dicted step 1 and step 20 without the usage of the pressure field, 3. Line:
Predicted step 1 and step 20 with usage of the pressure field; Binary mask
used within neuronal network, x-velocity shown
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Combining both approaches, adding the binary map to the neuronal
network and using it for post-processing the result, is the next logical
step at this point. Figure 4.4 shows, that this approach preserves the
obstacle perfectly and results in good predictions. There are relics
on the image, but they are very homogeneous and can be filtered
with common image processing steps like opening and closing. The
stream itself is in both predictions very close to the numerical simu-
lation.

Figure 4.4: 1. Line: Step 1 and step 20 of a finite element simulation, 2. Line: Pre-
dicted step 1 and step 20 without the usage of the pressure field, 3. Line:
Predicted step 1 and step 20 with usage of the pressure field; Binary mask
used combined, x-velocity shown

For a real quality quantification we used a measurement to com-
pare different images with the focus on the human observer. Imply-
ing that the result doesn’t have to be fully accurate, we used the Peak
Signal Noise Ratio (PSNR) as the metric. It is connected to the mean
square error (MSE) in the following way:

PSNR = 10 · log10

(
255

MSE

)
[decibel]. (4.1)

Higher values are connected to less observable differences, in general
a PSNR over 30 means that the human eye cannot detect any differ-
ence [27, 28]. We started the PSNR evaluation at simulation step 90
to show that even in the well-trained time steps of the simulation
where the vortex street is completely visible a relevant difference is
measurable. Figure 4.5 not only shows that the combined approach
results in the best predictions but also that a bad application of the
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Figure 4.5: Left: PSNR values for 20 iterative steps, starting with step 90, no pressure
field used; Right: Added pressure field.

binary map can result in even worse predictions than applying no
binary map.

5 Summary

Defining regions of interest with the help of binary masks for itera-
tive neuronal network applications like predicting CFD results is an
important issue for such predictions. As seen in figure 4.1 to 4.4 ap-
plying no binary mask leads to wrong results very quickly. Applying
only one approach — train the mask or using it as a post-processing
step — can preserve the obstacle but cannot avoid interferences on
the stream. Only applying both strategies results in appropriate pre-
dictions even when more information, like the pressure field, is used.
The PSNR values in figure 4.5 are showing that this is even true for
very well-trained parts of the simulation. This figure also demon-
strates that a wrong application of a binary mask can lead to worse
predictions than applying no mask at all. Therefore, we suggest a
combined application of a binary mask for iterative network appli-
cations with sharp separations of regions of interest.
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Zusammenfassung This paper investigates the usability of
synthesized training data for the recognition of wheat ears
using neural networks in the context of semantic image seg-
mentation. For this purpose, detailed scenes of wheat fields
consisting of 3D models with high-resolution textures and de-
fined material properties are modeled. Afterwards, photo rea-
listic color images are synthesized, which also contain a binary
image mask with the locations of the ear models. The resulting
image pairs are then used as a training data for two neural net-
works (U-Net and DeepLab-V3+). To determine whether these
data allows domain adaptation, the trained networks are eva-
luated using real wheat field images. The IoU value of about
69.96 shows that information transfer from the synthesized
images to real images is possible.

Keywords Semantic segmentation, synthetic data, photorea-
listic rendering, domain adaptation

1 Einleitung

Um die Nahrungssicherheit für die wachsende Weltbevölkerung si-
cherzustellen, werden immer höhere Anforderungen an die land-
wirtschaftliche Produktion gestellt. Die Erfüllung der Anforde-
rungen wird durch die weltweit steigende Flächenkonkurrenz er-
schwert. Durch diese Entwicklungen ergibt sich die Notwendigkeit,
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die vorhandenen Flächen nachhaltig zu bewirtschaften und Pflan-
zensorten zu züchten, die eine effizientere Produktion ermöglichen.
In diesem Kontext nimmt Weizen, als eine der wichtigsten Kultur-
pflanzen neben Mais und Reis, eine besondere Rolle ein. Um den
Weizenanbau in Zukunft nachhaltig und effizient zu gestalten und
eine präzisere Bewirtschaftung zu ermöglichen, ist eine ständige
Analyse des Pflanzenwachstums notwendig. Je nach Wachstums-
phase der Pflanze sind tägliche Erfassungungen erforderlich, welche
wiederum durch die oftmals manuelle Durchführung sehr zeitauf-
wendig sind [1]. Von besonderem Interesse ist dabei die Erkennung
der Ähren, da sich aus diesen relevante Bestandsparameter wie die
Pflanzendichte oder das Reifestadium der Pflanzen bestimmen las-
sen.

Unter Verwendung von Kamerabildern und moderner Bildverar-
beitungsalgorithmen wird versucht, diese Informationen automati-
siert abzuleiten [2]. Diese Algorithmen lernen dabei mithilfe von Re-
ferenzdaten, die Ähren innerhalb der Bilder zu erkennen. Um das
jeweilige domänenspezifische Wissen aus diesen Daten auf bisher
unbekannte Bilder zu übertragen, ist eine große Menge an annotier-
ten Beispielen notwendig. Diese müssen meist manuell und somit
sehr zeitintensiv erstellt werden. Eine Möglichkeit diesen Aufwand
zu minimieren, besteht darin, auf reale Daten zu verzichten und die-
se durch synthetisch erzeugte Bilder zu ersetzen. Eine synthetische
Umgebung ermöglicht dabei eine einfache Modifizierung und effizi-
ente Reproduktion der Daten sowie die schnelle Erstellung exakter
Annotationen.

In diesem Paper wird untersucht, inwiefern das in den syn-
thetisch erzeugten Bildern enthaltene Wissen mittels neuronaler
Netze auf reale Bildaufnahmen adaptiert werden kann. Auf Basis
quasi-prozedural erzeugter Weizenmodelle werden realitätsnahe Bil-
der eines virtuellen Weizenfeldes erzeugt. Diese dienen als Trai-
ningsgrundlage für eine semantische Segmentierung, wobei unter-
schiedliche Netzarchitekturen verwendet werden (s. Kapitel 3). Die
Übertragbarkeit der Ergebnisse auf reale Daten wird anhand realer
Bildaufnahmen evaluiert (s. Kapitel 4). Der Ablauf des Verfahrens
ist in Abbildung 1.1 zu finden. Ein Überblick über den Stand der
Forschung in diesem Themenbereich wird im Kapitel 2 gegeben.
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Abbildung 1.1: Übersicht der Ährendetektion. Auf Grundlage von 3D Modellen wer-
den synthetische Farbbilder und Bildmasken erstellt. Mithilfe dieser
wird ein neuronales Netz trainiert, welches die Prädiktion realer Bil-
der ermöglicht.

2 Stand der Forschung

Methodisch lassen sich bei der Erkennung von Weizenähren Deep
Learning Ansätze von merkmalsbasierten Verfahren unterscheiden.
Bei letzteren werden verschiedene Farb-, Textur- [1] oder Kanten-
merkmale [3] definiert, welche eine pixelweise Detektion der Ähren
innerhalb der Bilder ermöglichen. Dabei werden schwellwertbasier-
te Klassifikatoren sowie klassische Klassifikations- oder Clusterver-
fahren verwendet. Neuere Methoden dagegen basieren häufig auf
Convolutional Neural Networks (CNNs) (s. [4] oder [5]). Weiterhin
ermöglicht DeepCount [6] die Erkennung der Ähren, indem basie-
rend auf Superpixeln diverse Merkmale berechnet und mittels ei-
nes CNNs analysiert werden. Bei [7] werden Farbinformationen mit
thermalen Informationen verknüpft, um die Ähren zu identifizieren.
Bei [8] wird ein semi-überwachtes Verfahren vorgestellt. Um den An-
notationsaufwand für die Datengrundlage des Netzwerkes zu mini-
mieren, wird die Idee des Aktiven Lernens auf das Deep Learning
übertragen.

Die Nutzung von photorealistischen synthetischen Datensätzen
für die semantische Segmentierung im Kontext von Computer Visi-
on Anwendungen wird in [9] evaluiert. Die Grundlage bildet eine
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Abbildung 3.1: Verwendete Weizenpflanzen- (links) und Grasmodelle (rechts) ver-
schiedener Reifestadien. Während die Weizenmodelle in Farbe, Tex-
tur, Länge der Blätter, Ähren und in Ausprägung der Grannen variie-
ren, sind bei den Grasmodellen lediglich die Texturen an den Reife-
grad angepasst.

prozedural generierte, komplexe Szene, deren Geometrien aus der
jeweiligen Perspektive physikalisch-basiert gerendert werden. Für je-
des Trainingsbild wird dabei die Szene durch die von dem Benutzer
definierten Parameter neu instanziiert. Andere Verfahren wie Proc-
Sy [10] nutzen eine prozedurale Modellierungssoftware wie CityEn-
gine ® in Kombination mit Gaming-Engines, um photorealistischen
Trainingsdaten zu erzeugen.

Domain Randomization beschreibt die Idee, die Verteilung der
gerenderten Daten so zu variieren, dass das neuronale Netz, welches
mit diesen Daten trainiert wird, robust genug ist, auch auf den realen
Daten zu funktionieren. Dabei können sowohl Position, Ausrichtung
oder Materialeigenschaften der zu synthetisierenden Inhalte variiert
werden. Insbesondere spielen auch Beleuchtungseigenschaften, wie
Intensität und Ausrichtung von Lichtquellen, als auch Renderingpa-
rameter eine große Rolle [11].

In dieser Arbeit wird eine fixe Szene mit manuell aufbereiteten
Modellen verwendet, deren Diversität über Randomisierung weniger
Parameter und einen virtuellen Kameraflug erreicht werden kann.

3 Methoden

Bei der Bildsynthese von Weizenpflanzen wird auf die freie Softwa-
re Blender ® zurückgegriffen. Mit dieser lässt sich eine beliebig große
Szene aus nur wenigen 3D Modellen quasi-prozedural zusammen-
stellen, ohne jedes einzelne Szenenobjekt bei Anpassungswünschen
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Abbildung 3.2: Manuell aufgenommene Texturen für ein frühes Reifestadium von
Weizenmodellen (links), Modell einer Weizenpflanze versehen mit
Materialeigenschaften (mittig), das gleiche Pflanzmodell texturiert
und physikalisch korrekt gerendert (rechts).

Abbildung 3.3: Von links nach rechts: Bodentextur für Weizenfeld, Platzierungskarte
für Grasmodelle, Positionen für ein Weizenpflanzenmodell randomi-
siert auf dem Feld, Ausschnitt der Positionierung des ersten Weizen-
pflanzenmodells auf dem Feld.

von Geometrie- oder Materialeigenschaften bearbeiten zu müssen.
Zusätzlich lässt sich die Szene unter variablen Aufnahmepositionen
und Beleuchtungssituationen physikalisch korrekt rendern, sodass
sich Bilder in großer Menge erstellen und beliebig reproduzieren las-
sen. Zu jeder photorealistischen Aufnahme wird ein Maskenbild aus
gleicher Aufnahmerichtung und -höhe erzeugt. Somit ist es möglich
automatisiert große Mengen an annotierten Beispieldaten zu erstel-
len, die für eine Bildsegmentierung genutzt werden können.

Grundlage für die Modellierung des virtuellen Weizenfeldes
sind jeweils sechs variierende 3D Modelle von Weizenpflanzen und
zwei unterschiedliche Modellgruppen von Grashalmen. Alle werden
entsprechend eines Ziel-Reifegrades manuell angepasst und mit rea-
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listischen Oberflächeneigenschaften versehen (Abb. 3.1). Dabei bil-
den Aufnahmen von realen Pflanzenblättern und Grashalmen die
RGB-Textur für die Blattmodelle (Abb. 3.2). Die Materialeigenschaf-
ten der Weizenähren und -stängel sind über einen optischen Ver-
gleich mit Aufnahmen von realen Pflanzen im jeweiligen Reifestadi-
um festgelegt. Für die Grasmodelle werden frei verfügbare Texturen
verwendet, die entsprechend angepasst sind.

Die Modellierung der Weizen- und Grasmodelle im virtuel-
len Weizenfeld lässt sich als quasi-prozedural beschreiben, da
die Zufälligkeit der Farben und Texturen durch manuelle Aus-
wahl beschränkt wird. Gleichzeitig kann jedoch durch die Anord-
nung der Pflanzen selbst eine optisch ausreichende Variabilität er-
reicht werden. Von jedem der sechs Weizenmodelle werden je nach
gewünschter Dichte mindestens 3000 Instanzen zufällig auf dem ge-
samten Feld verteilt (Abb. 3.3). Dabei werden auch Höhe und Aus-
richtung jeder Instanz in einem gewissen Intervall randomisiert.
Die zusätzliche Verwendung der Grasmodelle trägt zu einer rea-
litätsnahen Abbildung der Szene bei. Beispiele der synthetisierten
Bilder des virtuellen Weizenfeldes sind in Kapitel 4 dargestellt und
bewertet.

Das Ziel dieser Arbeit ist die semantische Bildsegmentierung
zur Ährenerkennung, d. h. jeder Bildpixel soll dabei entweder als
Ähre oder Hintergrund klassifiziert werden. Das hierfür notwen-
dige Wissen soll mithilfe eines neuronalen Netzes aus den erzeug-
ten synthetischen Bildpaaren adaptiert werden. Für diese Aufgabe
wird sowohl das U-Net [12] als auch das DeepLab-V3+ [13] verwen-
det. Die Layer der Netze weisen eine klassische Encoder-Decoder-
Struktur auf. Innerhalb des Encoders werden die Informationen des
Eingangsbildes sukzessive verdichtet, sodass eine semantische Inter-
pretation ermöglicht wird. Die räumliche Auflösung der einzelnen
Layer nimmt mit jeder Verdichtung ab. Die durch den Encoder ver-
lorene räumliche Information, wird durch den Decoder wiederher-
gestellt, sodass eine pixelweise Segmentierung des Eingangsbildes
ermöglicht wird.

Der Encoder des U-Nets besitzt eine klassische Kaskade von Con-
volutional und Pooling Layern, deren Struktur gespiegelt im De-
coder wiederzufinden ist. Dagegen besteht der Encoder des Dee-
pLabs aus Atrous Convolutional Layern. Diese ermöglichen es, Fea-

382



Weizenährenerkennung mithilfe neuronaler Netze

tures mit hoher Kontextinformation zu berechnen, ohne dass die
räumliche Auflösung der einzelnen Layer zu stark reduziert wird
und somit ein schärferes Segmentierungsergebnis erzielt werden
kann. Der Decoder des Netzwerkes besteht aus einfachen Upsamp-
ling und Convolutional Layern, die zusammen mit einigen Low-
Level Features des Encoders das finale Ergebnis liefern. Als Kosten-
funktion wird die binäre Kreuzentropie zum Trainieren der Netze
verwendet.

4 Ergebnisse und Diskussion

Im folgenden Abschnitt werden die Ergebnisse der Bildsynthese und
ihre Eignung als Trainingsdaten zur Ährendetektion erörtert.

Synthetisch generierte Trainingsdaten zur Ährenerkennung

In Abbildung 4.1 sind zwei Ergebnisse des physikalisch-basierten
Renderers von Blender® dargestellt. Die gerenderten Bilder vermit-
teln einen photorealistischen Eindruck der Szene. Die Verteilung,
Farbe, Größe und Position der Elemente sind vergleichbar mit de-
ren Ausprägung in realen Aufnahmen. Ein erkennbarer Unterschied
lässt sich allerdings bei der Darstellung des Untergrundes feststellen,
da die verwendete Textur starke Glanzlichter aufweist, welche nicht
gesondert aufbereitet wurden. So wirken die künstlichen Bilder an
diesen Stellen dunkler als in der Realität.

Abbildung 4.1: Ergebnis der Bildsynthese. Von links nach rechts ist jeweils ein syn-
thetisches Bild und eine vergleichbare reale Aufnahme dargestellt.

Zu jedem synthetischen Farbbild ist eine passende Bildmaske der
Ähren vorhanden. Auf Basis dieser Bildpaare werden zwei Trainings-
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datensätze Tgrün und Tgelb erstellt, die jeweils Ähren eines frühen
(Ähren mit grüner Färbung) und eines späten Reifestadiums (Ähren
mit gelber Färbung) beinhalten. Jeder Datensatz besteht aus 250 Bil-
dern mit einer Größe von 1531 x 1149 Pixeln. Durch die Vereinigung
beider Datensätze wird ein weiterer Datensatz Tgrün ∪ Tgelb erstellt,
der Bilder beider Reifegrade beinhaltet.

Übertragbarkeit der synthethischen Daten auf reale Daten

Tabelle 1: Gütemaße für die Ährenerkennung basierend auf verschiedenen syntethi-
schen Datensätzen.

Datensatz IoU Gesamt- Präzision Sensitivität
Genauigkeit [%] [%] [%]

U-Net
Tgrün 46.21 87.71 64.75 61.73
Tgelb 43.67 86.65 63.08 58.66
Tgrün ∪ Tgelb 47.03 88.21 63.78 64.16

DeepLab
Tgrün 63.52 92.23 82.40 73.49
Tgelb 52.00 91.27 84.16 57.63
Tgrün ∪ Tgelb 69.96 93.88 86.84 78.25

Basierend auf den erzeugten Trainingsdaten werden die Gewichte
der Netze gelernt. Aufgrund der begrenzten Speicherkapazität der
GPUs werden die Bilder in insgesamt 7500 Patches einer Größe von
256 x 256 Pixeln unterteilt. Um eine möglichst große Robustheit der
Netze zu erreichen, werden die Trainingsdaten generalisiert, indem
die einzelnen Patches zufällig rotiert und vertikal oder horizontal
gespiegelt werden. Die Datensätze werden jeweils zu 70 % als Trai-
ningsdaten und zu 30 % als Testdaten verwendet. Für die verwende-
ten Netze werden bei den jeweiligen Testdatensätzen Gesamtgenau-
igkeiten von über 95 % erzielt.

Um die Übertragbarkeit der synthetischen Trainingsdaten zu ana-
lysieren, werden die trainierten Netze auf einen Datensatz bestehend
aus 20 realen Bildern angewendet. Die Weizenpflanzen in den Auf-
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nahmen weisen dabei unterschiedliche Reifegrade auf. Zu jedem Bild
ist eine manuell erstellte Referenzmaske vorhanden.

Die Ergebnisse der Analyse sind in Tabelle 1 zusammengefasst.
Als Maß für die Ähnlichkeit zwischen den prädizierten Masken und
den Referenzmasken dient der Jaccard-Koeffizent (auch als Intersec-
tion over Union (IoU) bezeichnet). Zusätzlich ist die Gesamtgenau-
igkeit der Segmentierung, sowie die Präzision und die Sensitivität
angegeben. Letztere beschreibt den Anteil der korrekt als Ähre er-
kannten Pixel gegenüber aller prädizierten Ährenpixel. Die Präzision
liefert eine Aussage darüber, wie viele der in den Referenzmasken
enthaltenden Pixel tatsächlich detektiert wurden.

Beim Vergleich der Ergebnisse der Datensätze fällt auf, dass Tgrün
und Tgelb deutlich niedrigere Werte erzielen als bei ihrer Vereini-
gung Tgrün ∪ Tgelb. Es zeigt sich, dass die Modellierung verschie-
dener Reifestadien zu einer besseren Erkennung der Ähren führt.
Des Weiteren fällt auf, dass die Werte der Präzision für Tgrün und
gelb zwar ungefähr gleich sind, die Sensitivität bei Tgelb aber deut-
lich geringer ausfällt. Diese Unterschiede können dadurch erklärt
werden, dass die verschiedenen Reifegrade bei den realen Bildern
nicht gleichmäßig verteilt sind, sondern überwiegend Aufnahmen
von grün gefärbten Pflanzen untersucht wurden. Die verschiedenen
Netze beeinflussen das Ergebnis maßgeblich. Während die Ergebnis-
se des DeepLabs eine gute Erkennungbarkeit der Ähren belegen (der
maximale IoU beträgt 69.96), weist das U-Net mit einem maxima-
len IoU von 47.03 eine deutlich geringe Erkennungsrate auf. Die be-
schriebenen Effekte lassen sich auch visuell in Abbildung 4.2 für die
Auswertung von Tgrün ∪ Tgelb erkennen. Zusätzlich ist für jedes Bild
der jeweilige IoU angegeben. An diesem lässt sich erkennen, dass
nicht alle Reifegrade mit derselben Güte erkannt werden. Die un-
tersuchten realen Bilder weisen unterschiedlichste Reifestadien auf,
wohingegen die synthetischen Datensätze sich nur auf zwei manuell
modellierte Reifegrade stützen. Diese Diskrepanz ist vermutlich die
Ursache für die variierende Erkennungsrate in den realen Aufnah-
men.
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Referenz U-Net DeepLab

56.7 %

14.7 %

41.4 %

66.7 %

51.5 %

74.7 %

Abbildung 4.2: Ergebnis der Ährenerkennung für verschiedene reale Bildaufnahmen.
Die erkannten Ähren sind violett markiert. Zusätzlich ist der IoU-
Koeffizent jedes Bildes angegeben.

5 Fazit und Ausblick

Das Ziel der Arbeit war es, Weizenähren innerhalb von Farbbil-
dern mittels neuronaler Netze zu erkennen. Anstelle manuell an-
notierter Trainingsdaten wurde dabei auf synthetisch erzeugte Da-
ten zurückgegriffen. Die Ergebnisse zeigen, dass die Information aus
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synthetisierten Daten auf reale Daten transferiert werden kann. Be-
stehende Abweichungen sind vor allem auf die nur geringe Anzahl
an manuell modellierten Reifegraden innerhalb der Trainingsdaten
zurückzuführen. In zukünftigen Arbeiten sollte daher eine auto-
matisierte Modellierung verschiedener Wachstumsphasen angestrebt
werden, um so ein größeres Spektrum an Informationen innerhalb
der Trainingsdaten zu generieren.
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Robuste kameragestützte Präzisionslandung
von automatisierten fliegenden Systemen
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Zusammenfassung Eine besonders kritische Flugphase bei
der Automatisierung von unbemannten automatisch fliegen-
den Systemen stellt das Landen dar. Je nach Größe des nutzba-
ren Flugkorridors und des Landeplatzes können hier Genau-
igkeiten im Zentimeterbereich an die Wiederholbarkeit der
Flugbahn und Landeposition gefordert werden. Auch elektro-
magnetische Störungen können die Nutzung herkömmlicher
Systeme wie GNSS besonders im Landebereich erschweren.
Das von der IAV entwickelte optische Landesystem stellt ei-
ne ganzheitliche Entwicklung dar, die über die Landeplatt-
form, die Einbindung und hardwareseitige Steuerung der
Kamera, die Bildverarbeitung und Positionsberechnung bis
hin zu der Integration in das Flugsteuerungssystem reicht.
Durch den spezifischen Aufbau unseres Systems wird eine
hohe Robustheit gegenüber Änderungen der Umgebungsbe-
dingungen erreicht. Zusätzlich wird die Integrität des Sys-
tems durch die Schätzung der (Positions-)Genauigkeiten und
der Rückmeldung des Zustandes des Gesamtsystems sicher-
gestellt. Die Entwicklung und Tests des Systems erfolgten so-
wohl in der Simulation als auch unter verschiedenen realen
Flugbedingungen.

Keywords Drohne, UAV, Automatisierung, Präzises Lan-
den, Fiducial Markers, Robotik, Computer Vision, Robuste
Schätzverfahren
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1 Einführung

Drohnensysteme finden vermehrt Einzug in den kommerziellen Sek-
tor. Damit verbunden steigt auch der Wunsch nach einem höheren
Automatisierungsgrad. Eine besonders kritische Flugphase bei der
Automatisierung stellt dabei das Landen dar. Je nach Größe des
nutzbaren Flugkorridors und des Landeplatzes können hier Genau-
igkeiten im Zentimeterbereich an die Wiederholbarkeit der Flug-
bahn und Landeposition gefordert werden. Zusätzlich kann es
gehäuft im Landebereich zu Abschattungen [1] und/oder Multi-
path [2] von GNSS-Signalen, wie etwa durch hohe Wände, kom-
men. Aber auch andere Störgrößen sind oftmals auf den letzten
Metern des Fluges anzutreffen, wie z. B. magnetische oder elektri-
sche Einflüsse durch Stromleitungen. Dies behindert oft das Nutzen
herkömmlicher Positions- und Orientierungssysteme wie z. B. GPS-
Empfänger oder Magnetometer.

Kameras sind von diesen Störungen nicht betroffen. Zusätzlich
stellen sie eine informationsreiche Sensorquelle dar, die hohe Red-
undanzen und Genauigkeiten ermöglicht. Deshalb haben sich die
optischen Verfahren für Landeanflüge als besonders geeignet her-
ausgestellt.

Im Folgenden soll das durch die IAV GmbH entwickelte System
vorgestellt werden, was den Fokus auf Robustheit mittels Redun-
danz, Integrität und Flexibilität setzt, welche nachstehend erläutert
werden.

2 Beschreibung des Landesystems

Das System besteht aus einer aktiven Komponente, die sich auf der
Drohne befindet. Diese besteht aus einer Industriekamera mit global
Shutter im Verbund mit einem Companion-Computer, auf welchem
die Software läuft. Zusätzlich kann an der Drohne eine Beleuchtung
angebracht werden, welche eine Landung bei Nacht ermöglicht. Ein
Teil des Systems ist in Abbildung 2.1 dargestellt.

Die passive Komponente befindet sich am Landeplatz und besteht
aus einer Folienkombination aus retroreflektivem weiß und mat-
tem schwarz. Durch das matte schwarz werden Reflektionen durch
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Abbildung 2.1: Aufbau des Systems
auf der Drohne.

Abbildung 2.2: Aufbau der
Landemarkierung.

ungünstige Einstrahlwinkel der Sonne oder anderer Lichtquellen mi-
nimiert. Das retroreflektive Weiß ermöglicht das effiziente Beleuch-
ten durch die Drohne bei Dunkelheit. Die Folien bilden Aruco-
Marker [3] nach dem Muster, wie es in Abbildung 2.2 ersichtlich ist.
Diese werden in ihrer Größe und Kombination der Landefläche an-
gepasst, um die Sichtbarkeit mehrerer Marker bei unterschiedlichen
Höhen im Kamerabild zu ermöglichen.

2.1 Beschreibung der Bildverarbeitung

Das in diesem Artikel vorgestellte Verfahren kombiniert verschiede-
ne Algorithmen der Bildverarbeitung zu einer Datenverarbeitungs-
kette, um aus den aufgenommenen Bildern zunächst die Markierun-
gen zu erkennen und anschlißened eine Lösung der relativen Po-
sition und Orientierung zu erhalten. Zusätzlich wird die Güte der
Positionslösung geschätzt.

Da das System im Außenbereich arbeitet, ist es starken Schwan-
kungen des Umgebungslichts ausgesetzt, welche von einer dunklen
Nacht bis zu einem hellen, wolkenfreien Sommertag mit gegeben-
falls ungleichmäßiger Beleuchtung reichen.
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Einstellung des Kamera-Gains

Das Hardware-Gain der Kamera wird je nach Umgebungslicht mit-
tels einer Histogrammanalyse dynamisch angepasst. Die Verschluss-
zeit wird auf einen empirisch ermittelten Wert fixiert und stellt einen
Kompromiss zwischen Bildrauschen und Motion-Blur dar, der durch
die Flugbewegung verursacht wird.

Adaptive Threshold

Das durch die Kamera erzeugte Bild wird zuerst mit einem Adaptive
Threshold Algorithmus binarisiert, um es somit in das Schwarzwei-
ße zu übersetzen. Hier wird bei jedem Pixel ein Histogramm der
Nachbarschaftspixel erstellt, wodurch der individuelle Schwellwert
für die Binarisierung berechnet wird [4]. Wird bei den nachfolgend
erläuterten Prozessen kein Marker im Bild erkannt, wird der Para-
meter der Nachbarschaftsgröße stetig automatisch durch das System
verändert um so unterschiedlichste Ausleuchtungen der Landemar-
kierung kompensieren zu können.

Konturensuche

Das binarisierte Bild wird nun nach konvexen Vierecken durchsucht.
Zuerst werden Konturen mit einem border following algorithmus
gefunden [5]. Anschließend werden diese mit dem Verfahren von
Douglas-Peucker vereinfacht [6].

Danach kommt das Quadrilateral Sum Conjecture-Kriterium zum
Einsatz um zu prüfen, ob es sich bei einer gefundenen Kontur um
ein konvexes Viereck bzw. ein Quadrat unter perspektivischer Ver-
formung handelt [7]. Hierbei muss die Summe der vier Winkel der
Kontur 360° ergeben. Dieses Kriterium ermittelt auch Quadrate un-
ter starker perspektivischer Verzerrung. Als weitere Kriterien darf
die Summe des Cosinus der Winkel des Vierecks einen gewissen
Wert nicht überschreiten und die Pixelfläche des gefundenen und
auf die Bildfläche projektierten Viereck muss eine Mindestgröße be-
sitzen, um so Rauschen herauszufiltern.
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Identifikation der Aruco-Marker

Wurde ein Viereck im Bild gefunden, folgt die Prüfung, ob es sich
um einen Aruco-Marker [3] handelt. Zur Verwendung kommt hier-
bei das standard Aruco-Dictionary [8]. Die perspektivische Verzer-
rung wird korrigiert. Anschließend wird mit Hilfe einer linearen In-
terpolation das Bild in eine 7x7 Matrix übersetzt, welche anschlie-
ßend mit dem Otsu-Binarisierungsalgorithmus [9] wieder in das
binäre übersetzt wird. Die gefundene Binärmatrix wird auf die Zu-
gehörigkeit des Aruco-Codebreichs mit Hilfe der Signaturmatrix ge-
prüft. Anschließend werden die auf das Bild projektierten gefunde-
nen Eckpunkte des Markers Koordinaten im Raum zugeordnet, wel-
che zuvor eingemessen wurden und die in einer Datenbank hinter-
legt sind.

Gewinnung der Positionslösung

Anschließend wird versucht, mit Hilfe des PnP-Algorithmus von
OpenCV, welcher auf der iterativen Levenberg-Marquardt Optimie-
rung basiert, die Pose der Kamera relativ zum Marker zu finden.

Daraufhin wird der Reprojektionsfehler berechnet. Überschreitet
dieser einen gewissen Schwellenwert, so wird davon ausgegangen,
dass das iterative Lösungsverfahren fehlgeschlagen ist. Dies kann
zum Beispiel der Fall bei einer Fehldeketion sein, ein Marker wurde
fälschlich identifiziert oder aber es wurde der Versuch von spoofing
unternommen, indem ein ein weiterer Marker aus dem gleichen
Code-Bereich in das Bild gebracht wurde. Die Lösung des PNP-
Problems wird dann noch einmal mit dem RANSAC-Verfahren un-
ternommen. Dieses Verfahren weist eine höhere Robustheit gegen
Außreißer auf, indem es diese aus der Lösung ausschließt.

Anschließend erfolgt eine Schätzung der Güte C der Positi-
onslösung. Nach dem hier vorgestellten Modell verhält sich diese
antiproportional zu der Fläche A eines konvexen Polygons, welche
die Projektion der Marker auf die Bildfläche einhüllt und propor-
tional zu dem Abstand d zwischen Kamera und Markermitte. Ein
zusätzlicher, linearer Faktor k wird empirisch durch die Simulation
ermittelt und spiegelt die intrinsischen Parameter der Kamera wie-
der.
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C = k ·
d
A

(2.1)

Durch den redundanten Aufbau der Landemarkierung kann trotz
des Ausfalls eines oder mehrerer Marker eine Positionslösung ge-
neriert werden und eine Landung erfolgen. Darüber hinaus gibt es
eine Rückmeldung darüber, welche Marker bei einem Landeanflug
nicht erkannt wurden, wie es zum Beispiel bei einer Verdeckung der
Fall ist. So kann der Zustand der Markierung von dem System selbst
verfolgt und bei Bedarf von Mensch eingeschritten werden um zum
Beispiel die Markierung zu reinigen oder zu erneuern.

Integration der Positionslösung in den Flugcontroller

Als letzter Schritt folgt die Integration der Positionslösung in dem
Flugcontroller, um die präzise Landung zu ermöglichen. Für die
Software des Flugcontrollers erfolgt die Wahl des Flightstacks Ar-
ducopter.

Die Standardimplementierung für die Präzisionslandung erwartet
hierbei als Eingang einen Winkel der Line of Sight zwischen der op-
tischen Achse der Kamera und der Landemarkierung, sowie deren
Distanz zueinander. Auf der Drohne werden ständig die Lagewinkel
der Drohne mit Hilfe der Intertial Measurement Unit (IMU) gemes-
sen. Da die Kamera fest mit der Drohne verbunden ist, ist somit auch
die Orientierung der Kamera bekannt. Die gemessenen Winkel der
Kamera können zu einem Einheitsvektor übersetzt werden, welcher
von dem Körperfesten Koordinatensystem der Kamera zu der Lan-
demarkierung zeigt.

||~vbody unit|| = 1 (2.2)

Mit Hilfe einer Transformationsmatrix kann der Vektor von dem
körperfesten Koodrinatensystem in das North-East-Down (NED)-
Koordinatensystem überführt werden.

~vned unit = Tned body ·~vbody unit (2.3)
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Anschließend wird der Einheitsvektor mit der Distanz zu der Land-
eposition multipliziert, um so einen Vektor zu erhalten, der die Ab-
lage der Drohne von der Landeposition im NED-Koordinatensystem
beschreibt.

~vned = ~vned unit · dtarget distance (2.4)

Dieses Verfahren ist besonders in größeren Höhen geeignet, wo
die Güte der Positionslösung nach Gleichung 2.1 durch die geringe
Größe der Landemarkierung im Bild und den hohen Abstand beein-
trächtigt ist.

In niedrigeren Höhen steigt die Güte der Positionslösung. Unter-
schreitet diese einen Schwellenwert, so kann die Ablageposition von
Drohne zu Landemarkierung direkt und ohne Umwege aus der Mar-
kierung mit Hilfe der Lösung des PnP-Problems gelesen und in den
Flugcontroller eingespeist werden. Hierür wurde der ArduCopter-
Code modifiziert und es entfallen Fehler, die durch Messfehler der
IMU, Ungenauigkeiten bei der IMU-Kamera synchronisierung oder
bei einem schräglagigen Einbau der Kamera entstehen würden.

3 Simulation

Für die Simulation wurde die Umgebung Gazebo [10] genutzt. Dabei
wurden die intrinsischen Parameter der Kamera mit einem horizon-
talen FOV von 68° bei einer Auflösung von 1216x1024 Pixel und der
Aufbau der optischen Markierung nach Abbildung 2.2 mit einer Brei-
te von 1,4m nachmodelliert. Die Pose zwischen Marker und Kamera
wurde nach dem Zufallsverfahren variiert. Anschließend berechnet
der Algorithmus die Position zwischen Kamera und Landemarkie-
rung sowie den Winkel der Line Of Sight (LOS) der Kamera. Bei jeder
Iteration wird die Lösung aus der Bildverarbeitung zusammen mit
der Groundtruth aus der Simulation gespeichert. Hierdurch ist es
möglich, den Messfehler zu bestimmen, welcher in der Tabelle 1 und
2 sowohl für die Position als für die Winkelbestimmung dargestellt
ist. Die Positionslösung ist hierbei bereits nach dem Gütekriterium
gefiltert und daher nur in einer Höhe bis zu 2m vorhanden.
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Tabelle 1: Positionsgenauigkeit in verschiedenen Höhenbändern

Höhenband [m] Anzahl der Messpunkte µ± 1σ[m]
0 - 1 42 0.0022 ± 0.0065
1 - 2 108 0.0021 ± 0.0207

Tabelle 2: Winkelgenauigkeit in verschiedenen Höhenbändern

Höhenband [m] Anzahl der Messpunkte µ± 1σ[rad]
0 - 1 45 0.0109 ± 0.0180
1 - 2 124 0.0024 ± 0.0058
2 - 3 141 0.0017 ± 0.0027
3 - 4 135 0.0012 ± 0.0023
4 - 5 150 0.0013 ± 0.0010

Das Gütekriterium wurde empirisch ermittelt und eliminiert Auß-
reißer in der Positionslösung. In einer Höhe von unter 2m werden
88,76% der Positionslösungen direkt in den Flugcontroller einge-
speist.

Die Winkelmessung ist über alle gemessene Höhenbänder nach
Tabelle 2 stabil.

4 Reale Testflüge

Bei dem Testsystem handelt es sich um eine gefesselte Drohne, bei
der die Stromversorgung aber auch die Datenübertragung über ein
zu einem Hangar geführtes Kabel dargestellt wird. Das Kabel wird
über ein mechatronisches System nachgeführt und gestrafft, damit
dieses im Flug nicht durchhängt.

Das System fungiert als fliegende Überwachungskamera. Bei ei-
nem Testablauf wird ein Einbruch simuliert. Der Hangar öffnet sich,
die gefesselte Drohne hebt ab und fliegt zu der Position des Ein-
bruchs, um diesen zu filmen. Anschließend schwebt die Drohne
zurück über den Hangar und beginnt den Landeanflug. In einer
Höhe von ca. 13m ist die Landemarkierung in dem Kamerabild er-
sichtlich und es beginnt das präzise Landen auf dem Hangar.
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Abbildung 4.1: Sicht der Landekamera
im Flug

Abbildung 4.2: Kugelhangar beim
Schließvorgang

Durch die Dimensionierung der Drohne und des Hangars darf die
Abweichung von der anvisierten Landeposition eine absolute Ab-
weichung von ca. 20cm nicht überschriten, da dieser ansonsten nicht
schließen kann.

Im Folgenden sollen die Ergebnisse von 11 Testflügen untersucht
werden, die mit dem System unternommen wurden.

Es zeigt sich eine Standardabweichung von 0,045m bei einem Er-
wartungswert von 0,039m Abweichung. Die maximale Abweichung
der Landeposition beträgt 0.104m. Es wurde mit Windgeschwindig-
keiten von bis zu 7m/s geflogen.

5 Zusammenfassung

In diesem Beitrag wurde ein optisches Verfahren für die
Präzisionlandung von automatischen fliegenden Systemen vorge-
stellt.

Dieses Verfahren ermöglicht eine hohe Verfügbarkeit, indem es
sich durch das automatische Einstellen der Software- und Hardwa-
reparameter an die Belichtungszustände, die bei einem Einsatz im
Außenbereich vorzufinden sind, anpasst.

Das System ist derart redundant aufgebaut, so dass es sehr robust
gegen partiellen Verschleiß oder Verdeckung von Markern beispiels-
weise infolge der Witterung reagiert. Ein Ausfall von einzelnen Mar-
kern kann vom System erkannt und gemeldet werden.
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Abbildung 4.3: Positionsabweichung der Drohne von der Ziellandeposition

Durch die Prüfung der Kriterien für die Positionsgüte kann das
System eine Rückmeldung über die eigene Integrität geben. Anhand
der Positionsgüte wird zwischen zwei Verfahren gewählt, um die
Landeplatz-Position in das Flugsteuerungssystem einzuspeisen. Das
erste Verfahren kommt bei schlechter Sichtbarkeit der Landemarkie-
rung zum Einsatz, wie es in größeren Höhen der Fall sein kann und
integriert Sensormessungen des Flugsteuerungssystem in die Positi-
onslösung, um eine robuste Positionslösung zu erhalten. Das zwei-
te Verfahren kommt bei einer guten Sichtbarkeit der Landemarkie-
rung zum Einsatz, wie es auf den letzten Metern des Landeanflu-
ges der Fall ist. Hier kann die Positionsabweichung direkt aus der
Markierung abgeleitet werden und der Fokus liegt auf einer hohen
Präzision um ein zentimetergenaues Landen zu ermöglichen.

Simulationsergebnisse zeigen bei der Positionslösung auf dem für
die Landepräzision besonders relevanten Höhenband von 0m-1m
einen Erwartungswert von 0.0022m mit einer Standardabweichung
von 0.0065m.
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Elf reale Flugversuche unter Windeinfluss mit bis zu 7m/s zeigten
hierbei eine maximale Abweichung der Landeposition von 0.104m.
Der Erwartungswert liegt bei 0,039m bei einer Standardabweichung
von 0,045m.

Das System eignet sich somit zum automatischen Landen in ei-
nem Dronenhangar, der ganzjährig und zu jeder Tageszeit betrieben
wird und findet somit Einsatz bei verschiedenen Projekten der IAV
GmbH.
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Bildbasierte Geolokalisierung für UAVs

Michael Schleiss
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Zusammenfassung When unmanned aerial vehicles (UAVs)
fly autonomous missions, they typically rely on global satel-
lite navigation systems (GNSS) like GPS for global position
estimation. However, GNSS signals can be easily jammed. We
propose a camera-based method that uses onboard imagery
and data from OpenStreetMap as a backup system for GNSS.
First, the aerial imagery from the onboard camera is trans-
lated into a map-like representation. Then we match it with
a reference map to infer the vehicle’s position. Experiments
over a typically sized mission area are performed and exhi-
bit localization accuracy close to 6 m. Our results show that
the proposed method can serve as a backup to GNSS systems
where suitable landmarks like buildings and roads are availa-
ble.

Keywords Image-based navigation, geolocalisation, GPS-
denied, UAV

1 Einleitung

Wenn selbstfahrende Autos durch Tunnel oder tiefe Hochhaus-
schluchten fahren, dann benötigen diese beim Navigieren einen Er-
satz für die Satellitennavigation, denn GPS und Co stehen in diesen
Situationen nicht zur Verfügung. Ähnlich sieht es beim Einsatz von
autonomen UAVs in geschlossenen Räumen aus. Daher wurden für
diese Einsatzzwecke unter anderem visuelle Methoden zur Lokali-
sierung erforscht [1, 2], die bei fehlendem Signal von Satellitennavi-
gationssystemen (GNSS) als Ersatz fungieren können.
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Anders sieht es beim Außeneinsatz von autonomen Drohnen aus.
Hoch in der Luft geht man bisher von einem sehr guten Emp-
fang von GNSS-Signalen und einer hohen Genauigkeit der Eigen-
positionsbestimmung (1-5 m) aus [3]. Mit Hilfe im Handel frei
verfügbarer Technik kann man jedoch GNSS-Signale blockieren (jam-
ming) oder fälschen (spoofing) [4]. UAVs, die zur Lokalisierung
nur auf GNSS setzen, werden so zum Landen gezwungen und
können von böswilligen Akteuren gekapert oder zerstört werden.
Im schlimmsten Fall droht sogar der Absturz des Vehikels.

Wenn man jedoch bedenkt, dass autonome Luftfahrzeuge in Zu-
kunft ein integraler Bestandteil der Logistik werden und den Trans-
port von wertvollen Güter, wie Medikamente [5] und Organe [6],
oder sogar Personen [7] automatisieren sollen, wird schnell klar, dass
man auch beim Einsatz von UAVs unter freiem Himmel eine Back-
up-Strategie für den Ausfall der Satellitennavigation benötigt. Auch
Polizei- und Rettungskräfte werden in der Zukunft vermehrt auf den
Einsatz von UAVs zurückgreifen, zum Beispiel zur Bewachung von
kritischer Infrastruktur, der Verschaffung eines überblicks bei Kata-
strophen oder der Suche nach Vermissten. Auch hier liegt eine Ver-
letzbarkeit vor, die durch Kriminelle und Terroristen ausgenutzt wer-
den könnte.

Ziel der Forschungstätigkeit ist es daher eine Methode zur visuel-
len Bestimmung der Eigenposition für UAVs unter freiem Himmel
vorzustellen, um GNSS-Jamming und Spoofing umgehen zu können
(siehe Abb. 1.1).

2 Verwandte Arbeiten

Wir unterscheiden zunächst einmal zwei Arten der Lokalisierung.
Die relative Lokalisierung gibt die Position in Bezug auf einen Start-
punkt an, bei der absoluten Lokalisierung erhält man eine geore-
ferenzierte Position in Latitude und Longitude, so wie bei einem
Satellitennavigationsempfänger.

Als Beispiel für die relative Lokalisierung sei die visuelle Odome-
trie genannt mit Hilfe des optischen Flusses genannt [8]. Es werden
aufeinanderfolgende Bildpaare verglichen und, vorausgesetzt man
kennt die Flughöhe, aus dem Versatz eine Bewegungsrichtung und
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Abbildung 1.1: Aufgrund der hohen Distanz zwischen UAV und den Navigationssa-
telliten ist es ein Leichtes, das Signal mit Hilfe eines Störers zu stören.
Die Nutzung der vorhandenen Bordsensorik soll in diesem Fall eine
autarke Lokalisierung ermöglichen.

Geschwindigkeit berechnet. Bei der absoluten Lokalisierung kom-
men zum Beispiel im militärischen Umfeld traditionell terrainba-
sierte Lokalisierungsverfahren oder Scene Matching-Verfahren, wie
TERCOM [9] und DSMAC [10], zum Einsatz.

Die weite Verbreitung von kommerziell erhältlichen UAVs in der
jüngeren Vergangenheit führte auch zu vermehrter Forschung zu
visueller Geolokalisierung in diesem Bereich. Einer der ersten Ver-
suche eine Geolokalisierung aus den Bildern der Bordkamera eines
leichtgewichtigen UAVs zu gewinnen, wurde von Conte und Do-
herty vorgeschlagen [8]. Diese kombinieren eine visuelle Odometrie
mit einem Algorithmus, der die Bordbilder mit einer Datenbank aus
georeferenzierten Luftaufnahmen abgleicht, um den Drift zu redu-
zieren. Der Abgleich basiert auf der normalisierten Kreuzkorrelati-
on der Bildintensitäten. Conte und Doherty berichten von brauchba-
ren Ergebnissen, dies ist jedoch überwiegend auf die Leistung der
visuellen Odometrie zurückzuführen. Das Modul für die Driftkor-
rektur liefert nur verhältnismäßig seltene Ausgaben, da die meisten

”Matches“ wegen hoher Unsicherheit zurückgewiesen werden. In ih-
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rem Experiment konnten nur an zwei Positionen eine Driftkorrektur
durchgeführt werden [8].

Im Gegensatz dazu nutzen Cesetti et al. Feature Deskripto-
ren, nämlich SIFT, für die Georeferenzierung der Bordbilder [11].
Vorausgesetzt werden große Flughöhen, um sinnvolle Merkmale
aus natürlichen Landmarken extrahieren zu können. In geringen
Flughöhen können verrauschte Muster von Bäumen, Wiesen etc. im
Bildmaterial dominieren. In ihren Experimenten berücksichtigen Ce-
setti et al. daher nur Bordbilder mit einem Fußabdruck am Boden
von mindestens einem Quadratkilometer. Dadurch ist der Einsatz
dieser Methode nur auf spezifische Szenarien eingeschränkt.

Grönwall et al. erweitern [8] indem Sie Lidar-gestützte Messungen
für die visuelle Odometrie heranziehen [12]. Jedoch bleibt das grund-
legende Problem von seltenen Matches weiterhin bestehen. Shan et
al. übersetzen Bilder und Referenzmaterial in eine HOG-basierte (Hi-
stogram of oriented Gradients) Repräsentation.

Lindsten et al. segmentieren das Bild anhand verschiedener Klas-
sen wie Straßen, Gebäude, Wiesen und Gewässern und vergleichen
dann mit Hilfe eines Histograms der Pixelhäufigkeiten pro Klasse
die Bildaufnahmen mit einer entsprechenden Referenzkarte [13]. Zur
Segmentierung kommt ein Clusteringalgorithmus in Form von Su-
perpixeln zum Einsatz. Durch die Nutzung eines Histograms gehen
jedoch geometrische Informationen verloren und führen zu unein-
deutigen Positionsschätzungen in Arealen mit ähnlichen Klassenver-
teilungen.

Mannberg und Savvaris nutzen Objekt Detektoren, um die Positi-
on von Gebäuden in Luftaufnahmen zu bestimmen und reduzieren
die Detektionen in eine Repräsentation, in der jedes Gebäude von ei-
nem Punkt auf einer Karte dargestellt wird [14]. Ein Fingerabdruck,
der die geometrische Anordnung der Punkte berücksichtigt, wird
berechnet und in einer Referenzdatenbank abgeglichen. Die Autoren
berichten, dass ihr Framework auch auf andere Typen von Landmar-
ken ausgeweitet werden kann. Es ist aber unklar, inwiefern Land-
marken, die man nicht zu Punkten reduzieren kann, wie Straßen
und Flüsse, eingebunden werden sollen.

Wir nutzen den gleichen Template Matching Ansatz wie Con-
te und Doherty. Aber wir erhalten höhere Matchingraten, indem
wir die Bordbilder segmentieren und dadurch in eine robuste Re-
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präsentation überführen. Der Segmentierungsprozess ist vergleich-
bar mit dem Ansatz von Lindsten, allerdings nutzen wir ein neu-
ronales Netz und gleichen die segmentierten Bilder mit einer Refe-
renzkarte statt einem Histogram. Dadurch bleibt die geometrische
Anordnung der Landmarken erhalten. Unsere Methode funktioniert
in verschieden Flughöhen typisch für kommerzielle UAVs und kann
mehrere Arten von Landmarken (Häuser, Gebäude, Wälder, Flüsse,
etc.) berücksichtigen.

3 Methodik

Ähnlich dem Scene Matching und dem Verfahren von Conte et al.
haben wir ein Verfahren entwickelt, das das Bild einer zum Boden
gerichteten Bordkamera mit einer Referenzdatenbank vergleicht und
zur absoluten Lokalisierung nutzt, also georeferenzierte Positionen
ausgibt. Das Verfahren lässt sich in drei Schritte einteilen (siehe auch
Abb. 3.1).

• Die Bordkamera erstellt eine Luftaufnahme (Nadir).

• Ein neuronales Netz segmentiert die Luftaufnahme und
übersetzt sie damit in eine straßenkartenähnliche Re-
präsentation.

• Das segmentierte Bild wird mit einer Referenzkarte bestehend
aus Straßen und Hausgrundrissen per Template Matching ab-
geglichen.

Im Rahmen der visuellen Geolokalisierung ist es in unserem Fall
ausreichend zwei Freiheitsgrade, nämlich Latitude und Longitude
zu bestimmen, denn sowohl die Orientierung als auch die Höhe
über Grund können driftfrei per inertialer Messeinheit, Magneto-
meter und Altimeter bestimmt werden. Entsprechende Sensorik ist
für kommerziell erhältliche UAVs verfügbar und kann vorausgesetzt
werden. Wir erwarten zudem, dass die Bordbilder nach Norden und
in Lotrichtung zum Boden ausgerichtet sind. Dies kann durch ein
3-DoF Gimbal problemlos sichergestellt werden. Alternativ werden
die Bilder mit Hilfe von Informationen der inertialen Messeinheit
und eines magnetischen Kompasses perspektivisch korrigiert.
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Abbildung 3.1: Das Verfahren besteht aus drei Schritten (v.l.n.r.): Aufnahme eines
Luftbildes, Segmentierung von Straßen (blau) und Häusern (grün),
Abgleich mit einer Referenzkarte.

Für die Segmentierung kommt ein neuronales Netz zum Ein-
satz, das darauf trainiert wurde, bestimmte Landmarken zu er-
kennen. Wir haben uns für Gebäude und Straßen entschieden,
da diese bereits eine große Abdeckung in vielen Einsatzszenarien
ermöglichen und entsprechendes Referenzmaterial öffentlich und
kostenlos verfügbar ist, zum Beispiel über OpenStreetMap. Wir grei-
fen dabei auf die U-Net Architektur zurück, die ursprünglich aus
dem Bereich der medizinischen Bildverarbeitung stammt [15], mitt-
lerweile aber in vielen anderen Szenarien, wie zum Beispiel der pi-
xelweisen Segmentierung von Straßenszenen [16], zur Anwendung
kommt. In unserem Fall empfängt das neuronale Netz die Bordbil-
der einer Tageslichtkamera und weist jedem Pixel eine Klasse, zum
Beispiel Haus, Hintergrund oder Straße zu.

Wir nutzen, ähnlich wie Conte und Doherty [8] ein Template
Matching Verfahren. Dabei wird das segmentierte Bild in Sliding-
Window-Manier über die Referenzkarte geschoben. An jeder Posi-
tion wird die Summe der Quadrate der Grauwertunterschiede be-
stimmt. Die Position mit der geringsten Abweichung stellt für uns
einen Match dar und wird für die Ausgabe der Positionsschätzung
herangezogen. Voraussetzung sind, dass der Maßstab, in dem die
Bordbilder aufgenommen wurden, bekannt ist. Dieser wird mit
Hilfe des Altimeters bestimmt und die Bordbilder dementspre-
chend skaliert, sodass sie mit der Bodenauflösung der Referenzkarte
übereinstimmt.
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Wir treffen in unserem Verfahren folgende Annahmen. Wir gehen
davon aus, dass die Erdoberfläche lokal in unserem Missionsgebiet
durch eine Ebene approximiert werden kann. Wir gehen auch davon
aus, dass die grobe Position zu Beginn des Fluges bekannt ist, sodass
das Flugvehikel mit einer geeigneten Referenzkarte des Missionsge-
biets ausgestattet werden kann.

4 Training des Bildsegmentierers

Der Bildsegmentierer dient dazu, Landmarken wie Häuser und
Gebäude aus den Bordbildern zu extrahieren. Dafür trainieren wir
diesen mit Hilfe einer großen Sammlung an öffentlich verfügbaren
Luftaufnahmen1 und Daten aus OpenStreetMap. Wir haben dafür
ein 125km2 großes Gebiet um Bonn gewählt, das sowohl urbane auch
ländliche Komponenten enthält. Das Gebiet wurde in Patches, der
Größe 512 x 512 Pixel mit einer Bodenauflösung von 0,1 m pro Pixel
aufgeteilt. Dies entspricht ca. 90.000 Trainingsbildern.

Die Trainingsmasken wurden mit Hilfe von Gebäudeumrissen und
Straßenlinien aus OpenStreetMap erstellt. Da für Straßen nur die
Mittellinie vermerkt ist, wurde die Breite anhand des Typs der Straße
(Autobahn, Bundesstraße, Wohnstraße, etc.) geschätzt. Für die wei-
teren Details des Trainingsprozedere verweisen wir auf [17].

Die Luftaufnahmen bilden ein Gebiet über 100km2 aus dem Stadt-
gebiet von Bonn ab. Es enthält den Stadtkern, aber auch Randgebiete,
landwirtschaftliche Flächen und Wälder. Einmal trainiert lässt sich
der Bildsegmentierer auch über anderen Gebieten anwenden, solan-
ge diese in ihrer Erscheinung dem Trainingsdatensatz ähneln [18,19].

5 Evaluierung

Das Lokalisierungsexperiment wird auf einem separaten Datensatz
evaluiert. Anstatt der öffentlich verfügbaren Luftbilder, nutzen wir
hier Daten, die wir selbst auf einem Gebiet südlich von Bonn aufge-
nommen haben.

1 Digitale Orthophotos NRW: https://www.bezreg-koeln.nrw.de/brk_internet/
geobasis/luftbildinformationen/aktuell/digitale_orthophotos
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Die Nutzlast des Flugvehikels besteht aus einer Tageslichtkamera
und einem INS. Die Kamera nimmt fünf Bilder pro Sekunde mit
einer Auflösung von 3.280 × 2.464 Pixeln, einem Öffnungswinkel von
39,1° und einer durchschnittlichen Flughöhe von circa 300 m auf. Die
Bodenfläche beträgt ca. 216 m auf 144 m bei einer Auflösung von
unter 0,1 m pro Pixel.

Das inertialen Navigationssystem (INS) besteht aus Gyroskop, Ac-
celerometer und Magnetometer. Ein Altimeter zur Höhenmessung
steht in dieser Messreihe nicht zur Verfügung. Stattdessen wird die
Höheninformation des GPS-Moduls genutzt. Die Kamera und das
INS sind fest am Flügel fixiert und nicht an einem Gimbal ange-
bracht. Neben Kamera und INS befindet sich ein GPS+RTK Modul
in der Nutzlast, mit dessen Hilfe eine zentimetergenaue Position als
Referenz für die Evaluierung aufgezeichnet wird.

Das Verfahren wird auf einer Flugbahn von 1,61km Länge evalu-
iert. Die Referenzkarte umfasst ein Gebiet von circa einem Quadrat-
kilometer.

Abbildung 5.1: Links ist eine Luftaufnahme des Referenzgebiets zu sehen, in dem die
Position gesucht wurde. Rechts sieht man die ermittelten Positionen
(blau) und die Referenzpositionen, die durch das GPS+RTK ermittelt
wurden (rot). Die drei blauen Punkte über dem Acker (links, Mitte)
stellen Fehllokalisierungen dar.
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Die Trajektorie besteht aus 471 Einzelbildern der Bordkamera. Je-
des dieser Bilder wurde unabhängig in der Referenzkarte lokali-
siert, um den Fokus auf die Qualität der Geolokalisierung zu legen.
Das heißt, es wurde keine Informationen eines Bewegungsmodells
berücksichtigt und keine Filterschritte durchgeführt.

Das Ergebnis der Evaluierung wird in Abb. 5.1 dargestellt. Die
mittlere Abweichung von der Referenzposition beträgt 5,7m bei einer
Standardabweichung von 7,4m.

6 Fazit

Bezogen auf die Positionierungsgenauigkeit ist das beschriebene Ver-
fahren damit in der Lage, in diesem Anwendungsfall, als Ersatz für
Satellitennavigationssystemen zu fungieren. Kritisch ist zu sehen,
dass das Verfahren nur in Gebieten funktioniert, wo es auch aus-
reichend menschliche Bebauung in Form von Straßen und Häusern
gibt. Ziel der weiteren Forschung wird es sein, diese Limitation auf-
zuheben. Zudem sollen weitere Datensätze gesammelt werden, die
eine Vielzahl von Einsatzszenarien, wie zum Beispiel unterschied-
liche Jahreszeiten, Wetterbedingungen oder Landbedeckungen ab-
decken und als Benchmark für die entwickelten Verfahren dienen
sollen.
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Abstract In this work, we present an ego lane detector de-
signed for the use in automotive vision systems for personal
light electric vehicles like electric bicycles, tricycles or scoot-
ers. The approach is based on a combination of gradient-
based line detection, color-based segmentation and geomet-
rical rules, making the ego lane detector fast, but also robust
to different scenes, including curves. Qualitative evaluation
on over fifty traffic scenes show that the lane detector is able
to find a suitable approximation of the road area with an IoU
of 75.71%.

Keywords Ego lane detection, color-based segmentation,
vanishing point detection

1 Introduction

In recent years, personal light electric vehicles like electric scooters,
bicycles or tricycles have been gaining in popularity. Being small
and lightweight, they represent an emission free alternative to cars
or a last-mile extension to public transportation systems. To increase
safety and comfort of users, automation and driving assistance sys-
tems as for autonomous vehicles are conceivable. Even though the
use-case appears to be similar, certain differences between personal
light electric vehicles and cars make the direct application of algo-
rithms difficult: As the product costs for personal light electric ve-
hicles are significantly lower in comparison to cars, the reasonable
? These authors contributed equally.
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maximum costs for sensors as well as computation hardware is lower
in the same way. The same applies for a lower possible power con-
sumption of the sensors and computation hardware, as the overall
system offers less power. Existing algorithms for autonomous cars
must be adapted to new traffic scenes and areas, as personal light
electric vehicles are not restricted to drive on streets, but they can
also use bicycle lanes or pedestrian paths. Aforementioned differ-
ences make especially the application of deep learning methods not
readily transferable, firstly, because of the restricted hardware op-
tions, secondly, because of the variation in the input data to the
training data sets for that the autonomous driving algorithms are
optimized for. Moreover, learning-based methods can not merely be
retrained because of the lack of datasets including traffic scenes of
pedestrian paths and bicycle lanes or related traffic signs etc.

This work presents an algorithm for detecting the two borders of
the lane, on which the ego vehicle, more precisely the ego bicycle, is.
The above mentioned requirements for low-cost sensors and compu-
tation hardware as well as the applicability in various kinds of traffic
scenes are fulfilled. Possible applications using ego lane detection
include, for instance, obstacle detection on the ego lane or the usage
of the ego lane information for traffic scene classification. The lane
border detection system works on RGB images taken from a cam-
era mounted on the handle bar of a bicycle. This camera setup and
scene perspective is applicable to most kinds of electric vehicles. The
lane boundaries are estimated with two straight lines on the left and
right side of the lane and, where applicable, a third line at the far
end of the visible road area. This approximation is close to the ac-
tual ego lane for many cases, but is limited to a straight lane course.
In curves, the aim is the linearization of the ego lane at the current
position with two straight lines using motion information.

The task entails following challenges: While the borders of streets
are often clearly distinguishable from neighboring areas due to lane
markings or clear material changes, the transitions can be smoother
for pedestrian or bicycle areas, especially where vegetation is adja-
cent to the lane. Another difficult case occurs if shadows overlap
the lane borders or if the lane borders are occluded through dirt or
objects such as parking vehicles.
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The contribution of this work is the development of a fast ego lane
detection system that is suitable for personal light electric vehicle
applications as it works in various road places. Using a combination
of two line detection strategies and geometrically based rules, no
large annotated data set is needed.

2 Related Work

Chougule et al. as well as Meyer et al. present deep learning ap-
proaches for lane border detection and lane segmentation in [1]
and [2], respectively. Thereby, a mean IoU of 76.39% (cf. [1]) and
80.01% for ego lanes (cf. [2]) is yielded. However, their methods are
not suitable for personal light electric vehicle applications with lim-
ited computation hardware. Furthermore, due to the dependency
on datasets, results are significantly worse for pedestrian or bicycle
lanes, as all training samples are taken from a car driver’s perspec-
tive driving on a street.

Lane detectors based on traditional image processing methods are
presented in [3] and [4]. For road area segmentation, in those works
texture descriptors are used. We show that a simple distance func-
tion based on color information suffice, is faster to calculate and
furthermore, better suited for the application on various lane types
where the variance in road surface structures is high compared to
solely street applications. In [4] and also in [5], the position of the
vanishing point is used to enhance lane area prediction. As the ge-
ometrical conditions of scenes in driver’s perspective give valuable
information about the lane borders, we use this approach for select-
ing the corresponding lines from a set of candidates. We show that a
fixed vanishing point estimation is sufficient for the approximation
of straight lanes.

3 Methology

The overall system goes through three phases for each image. First,
lane border candidates are proposed using gradient and color image
information. Secondly, the both candidates who best meet the ge-
ometric conditions of the scene are chosen as left and right border
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line. Thirdly, based on the movement between the previous and the
current image, it is decided whether the ego vehicle is currently driv-
ing a curve. If this is the case, with the aid of movement information,
straight road lane boundaries are estimated, that linearize the curve
at the current position.

Our approach specifically considers the following three traffic
scenes:

1. The ego vehicle drives straight on a straight lane. The lane bor-
ders are rich in contrast. In this case, the lane borders can be
extracted with traditional gradient-based edge detection meth-
ods. The approximation of the lane area with straight lines is
suitable.

2. The ego vehicle drives straight on a straight lane, but the lane
boundaries are not clear due to occlusions (e. g. vehicles parked
on the roadside) or smooth transitions (e. g. vegetation at the
roadside). In this case, the gradient based approach is unsuit-
able. Thus, the road surface is extracted using color-based seg-
mentation. The approximation of the lane area with straight
lines is suitable.

3. The ego vehicle drives along a curve. In this case, the two pre-
vious approaches may produce inappropriate results, because
the condition of a straight roadway is not fulfilled. The goal
in curves is the approximation of the actual roadway by lin-
earization of the lane borders at the current position. For this
purpose, the intersection point of the two linearized road edges
is estimated using optical flow.

In the following, the three approaches introduced above are de-
scribed in detail. Then, the final selection of the linearized roadway
boundaries is presented. Finally, we quantitatively and qualitatively
evaluate the results.

3.1 Gradient-based Lane Border Candidates

If the lane border is rich in contrast, e. g. due to road surface mark-
ings or a change in the pavement material, the lane borders can be
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extracted with the Canny edge detector pursuant to [6]. To suppress
high-frequency noise and high-frequency image structures, a bilat-
eral filter is applied in a pre-processing step. Assuming that the lane
borders are dominating lines in the image, they can be found in the
gradient image with the Hough line transform according to [7]. The
number of proposed lines depend on the scene. Typically, several
lines are proposed with the gradient-based approach. See Figure 3.1
for an example.

(a) (b)

(c) (d)

Figure 3.1: Visualization of the gradient-based lane border detection. (a) Input im-
age. (b) Bilateral filtering applied. (c) Gradients found with Canny edge
detector. (d) Lines found with Hough line transform, including the best
candidates for lane border approximation in green.

3.2 Color-based Segmentation Lane Border Candidates

For each image, in addition to candidates based on gradients, color-
based segmentation is used to extract the lane area and propose
two further candidates using geometrical conditions of traffic scenes.
This approach is aimed for situations where the road border line is
not clear because of occlusions by plants or other objects. Despite
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bilateral filtering, no lines are found at lane borders, if the transi-
tion is fluent on the one hand. On the other hand, edges extracted
from vegetation does not allow to find the lane border line. Then,
a high number of edges in different orientations are found near the
actual lane border when the Canny edge detector is applied. For
color-based segmentation of the lane area, a region of interest (ROI)
is chosen in the lower center of the image. Assuming that most pix-
els of the ROI show the surface of the ego lane, a binary mask with
pixels that may belong to the ego lane is created using a color-based
distance function. The reference color is the average of all color val-
ues of the pixel in the ROI. Several options of distance functions for
color images exist. For our application, best results are archived us-
ing a modified version of the CIE94 ∆E∗ color distance definition as
defined in [8]: For a reference color (L∗1 , C∗1 , H∗1 ) and another color
(L∗2 , C∗2 , H∗2 ) defined in the CIELAB color space, the color distance is
defined as

∆E∗94 =

√
∆L∗2

kLSL
+

∆C∗2

kCSC
+

∆H∗2

kHSH
, (3.1)

with ∆L∗ being the lightness difference, ∆C∗ being the chroma differ-
ence and ∆H∗ being the hue difference. SL, SC and SH are weighting
functions that adjust the CIE differences (∆L∗, ∆C∗, ∆H∗) according
to the standard in CIE 1976 color space: SL = 1; SC = 1 + 0.045C∗;
SH = 1 + 0.015C∗. kL, kC and kH are parametric weighting factors
of the three components. To decrease the impact of lightning on the
color distance, we choose a high value for kL. In that way, shadows
on the lane surface has less influence on the segmentation result.

By calculating the color distance for each pixel and thresholding,
a binary image is created.

For proposing two lane borders in the binary image, the position of
the vanishing point is used. We assume a fixed position of the van-
ishing point for a certain camera setup for simplicity and to show
the robustness of our method. An important prerequisite is that the
recorded images are in conformity with the perspective principle:
Assuming that the left and right lane borders are straight, parallel
and run in driving direction, they intersect in the vanishing point
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in the image. Thus, assuming a straight and parallel lane, all pos-
sible lane border candidates identified from the binary road area
image must run through the vanishing point. A second condition is,
that the ratio of lane pixel to the number of all pixels on the line is
higher than a certain threshold. For the color-based line detection,
one line for each the left and right lane boundary is proposed that
runs through the vanishing point, exceeds the road pixel threshold and
has the maximum opening angle from all possible lines fulfilling the
first and second condition.

(a) (b)

(c) (d)

Figure 3.2: Visualization of the segmentation-based lane border detection. As shown
in (b), the gradient-based approach fails in this case. (a) Input image with
the ROI marked in orange. (b) Edges and lines found with Canny edge
detector and Hough line transform. (c) Binary mask: white pixel: color
distance to reference color below threshold (lane pixel), black pixel: above
threshold. (d) Color-based candidates in input image.

3.3 Linearization of Curves using Motion Information

While the two methods above rely only on the current frame, the ego
motion between the previous and current frame is used in the cases
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of curves. More precisely, the sparse optical flow between the two
frames is used to refine the intersection of the road edges, which was
originally set as a fixed vanishing point. The idea is that the projec-
tion of the optical flow on the horizontal axis is a measure of how far
the intersection point of the two border lines of the road must shift
in the direction of the curve in order to achieve a linearization of the
road at the current position. The linearization should approximate
the actual lane course in the best possible way with straight lines and
the IoU between the actual and the linear approximated lane surface
should be optimized.

With the Lucas Kanade method, cf. [9], sparse optical flow vectors
are calculated for feature points above the estimated horizon in both
images. Then, noise, e. g. as a result of mismatched feature points is
reduced with two-dimensional Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) for the vector length and direc-
tion. Details about the clustering method DBSCAN are given in [10].
For vectors of the dominating cluster, the average length in horizon-
tal direction ¯|Vu| is determined. To take into account the difference of
the distance to the camera between the feature points and the van-
ishing point at the horizon, the displacement of the original point
of intersection (poi), thus, the static vanishing point, is defined as
∆poi = ± ¯|Vu|

1.25 with the sign selected according to the vector direc-
tion. Figure 3.3 visualizes the optical flow vector, the clustering and
displacement of the point of intersection for a sample image.

In curves, the gradient- and color segmentation approach fails as
the assumption of straight, parallel lane borders is not fulfilled. In-
stead, we use the assumption that the scene between two images
differs only slightly and take the intersections of the roadway bound-
aries and the lower image border from the previous image. In that
way, three image points are defined, which are the start and end
point of the approximated lane boundaries.

3.4 Final Lane Border Selection

In 3.1 and 3.2 it is shown, how several lane border candidates are
proposed. Following rules and conditions are applied to find the
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Figure 3.3: Visualization of poi refinement in curves. Left: Optical flow vectors in ori-
entation - length space. The two dominating clusters found with DBSCAN
marked with circles. Right: Optical flow vectors of two main clusters in
input image. The blue star marks the position of the default vanishing
point. The red star is the estimated point of intersection of the left and
right lane border (orange lines).

two candidates that represent the left and right lane border most
likely:

1. Assuming a straight road, the angle between the road border
line and the horizontal image boundary is within a certain
range. Experimentally determined are the ranges [30◦,80◦] and
[100◦,150◦] for the left and right lane boundary, respectively.

2. Assuming straight, parallel lane boundaries, the both lines in-
tersect in the vanishing point. Thus, the condition is set that the
absolute horizontal distance of the point of intersection of the
lane borders with the horizon to the position of the vanishing
point should be below a certain threshold.

3. Of the remaining lines, the two whose intersection with the
bottom edge of the image is farthest from the center are se-
lected.

If the mean absolute length of the optical flow vectors ¯|Vu| is above
a certain threshold, it is assumed that the ego vehicle is driving on a
curved lane. Then, two lane borders as described in 3.3 are taken as
final selection.
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3.5 Evaluation

We evaluated our approach on a total of over 1200 images from
about 50 different traffic scenes sequences. The scenes include one-
and multi-lane streets, bicycle lanes (separate, distinctly on streets,
and besides pedestrian paths), and pedestrian paths, forest paths or
parks. In most cases, the lane borders are predicted only with mi-
nor deviations from the actual position. Even though the true lane
area can not be represented correctly in curves as the lane borders
are limited to straight lines, the detected lane area overlaps widely
for the majority of test samples. Most scenes for which errors oc-
cur, show wide, open roads and a high variations from the standard
case of two parallel lane boundaries. For a quantitative analysis, we
take the best possible linear approximation with two lines as ground
truth. We reach a mean IoU between the area enclosed by the pre-
dicted and annotated lane borders and the button line of 75.71%.
Figure 3.4 and 3.5 show representative results for straight lanes and
curves.

Figure 3.4: Representative results for straight streets, bicycle lanes and sidewalks. Top
row: our results. The blue cross marks the point of intersection. Bottom
row: ground truth.

4 Discussion and Summary

Although each step of the pipeline is fast and simple, the lane border
detector is powerful and yields good results for various traffic types
including streets, bicycle and pedestrian lanes comparable to deep
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Figure 3.5: Representative results for curved streets, bicycle lanes and sidewalks. Top
row: our results. The blue cross marks the point of intersection. Bottom
row: ground truth.

learning approaches. Neither a large training data set or ground
truth labels are needed, nor are parameters needed to be fine-tuned
for the different lane types. Moreover, the algorithm can be to run on
low-cost hardware in real-time, which make a great advantage over
deep learning based approaches for applications on personal light
electric vehicles.
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