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Abstract

The autonomous mobility of tomorrow should make the traffic flow more efficient,
thereby saving resources and increasing road safety. By reducing greenhouse gas
emissions, autonomous driving can contribute to fulfill the Paris climate goals if and
only if the potential of operational effects (e.g., eco-driving, platooning, and intersection
connectivity) [54] are unlocked. To enable autonomous driving, camera systems are
used which are installed behind the vehicle windshield. The performance of Al-based
perception modules is influenced by the optical properties of the glazing. The two main
components are distortion and blurring.

The impact of these optical effects on the prediction accuracy of Al-based perception
modules is tackled by two different strategies. On the one hand, the distortion will be
actively corrected using high-resolution deflection measurements and, on the other hand,
the blurring is suppressed to negligibleness by adequate quality requirements for the
windshield. In order to realize this strategy, the correlations between glass quality and Al
system performance must first be investigated so that the safety requirements from the Al
world can be mapped to optical characteristics of the windshield.

Many Al systems are opaque [187], which makes the relationship between image-based
input data and Al prediction difficult for the user to grasp. This poses a major problem,
especially for security-relevant applications. For example, determining performance
limits for an Al system within a required confidence level is extremely difficult or even
impossible. Findings from this dissertation can help to increase the reliability of Al
systems for autonomous driving and provide a scientific baseline for decision makers at
international standardization institutes (e.g. ISO6041).

In addition, this work contributes to increasing the robustness of Al-based systems
against optical aberrations of the windshield based on Fourier optical principles, novel
optical measurement technologies and state-of-the-art machine learning methods. The
resulting trustworthiness of the system is essential in order to establish the necessary
social acceptance to realize the added value of autonomous driving on a large scale and
thus sustainably increase safety and resource efficiency in mobility.



Kurzfassung

Die autonome Mobilitdt von morgen soll den Verkehrsfluss effizienter gestalten und
damit Ressourcen einsparen und die Verkehrssicherheit erh6hen. Durch die Reduktion
der Treibhausgasemissionen kann das autonome Fahren einen Beitrag zur Erfiillung der
Pariser Klimaziele leisten, sofern die Potentiale der operativen Effekte — wie zum Beispiel
des eco-driving, platooning, und die intersection connectivity [54] — vollumfanglich
genutzt werden. Um autonomes Fahren zu ermdoglichen, werden Kamerasysteme einge-
setzt, welche hinter der Fahrzeugverglasung angebracht sind. Die Leistungsfahigkeit
KI-basierter Erkennungsmodule wird durch die optischen Eigenschaften der Verglasung
beeinflusst. Die zwei Hauptkomponenten sind dabei die Verzeichnung und die Un-
schérfe.

Den Auswirkungen dieser optischen Effekte auf die Pradiktionsgenauigkeit KI-basierter
Erkennungsmodule soll durch zwei unterschiedliche Strategien begegnet werden. Zum
einen soll die Verzeichnung tiber hochaufgeloste Deflektionsmessungen aktiv korrigiert
werden und zum anderen soll die Unschérfe durch erhohte Qualitdtsanforderungen
an die Verglasung unterdriickt werden, sodass diese Aberrationskomponente vernach-
lassigbar wird. Um dieses Vorhaben zu realisieren, sind zundchst die Korrelationen
zwischen Glasqualitdt und KI-System-Performance zu untersuchen, damit die Sicherheits-
anforderungen aus der KI-Welt auf optische Kenngrofsen abgebildet werden konnen.

Viele KI-Systeme weisen eine Opazitit [187] auf, was den Zusammenhang zwischen
Bild-Eingabedaten und KI-Ausgabe fiir den Nutzer nur schwer greifbar macht. Dies
stellt insbesondere bei sicherheitsrelevanten Anwendungen ein grofies Problem dar.
Beispielsweise ist die Bestimmung von Leistungsgrenzen innerhalb eines erforderlichen
Vertrauensniveaus fiir solche KI-Systeme nicht oder nur schwer moglich. Erkenntnisse
aus dieser Dissertation konnen helfen, die Zuverlassigkeit von KI-Systemen fiir das
autonome Fahren zu erh6hen und bieten eine Entscheidungsgrundlage zur internationalen
Standardisierung im Rahmen der ISO6041.

Zudem leistet diese Arbeit einen Beitrag zur Steigerung der Robustheit Kl-basierter
Systeme gegeniiber optischen Aberrationen der Windschutzscheibe auf Basis der Fourier
Optik, der optischen Messtechnik und dem maschinellen Lernen. Die dadurch erzielte
Vertrauenswiirdigkeit des Systems ist essentiell, um die notwendige gesellschaftliche
Akzeptanz zu etablieren, um den Mehrwert des autonomen Fahrens grofiskalig zu
realisieren und damit die Sicherheit sowie die Ressourceneffizienz in der Mobilitat
nachhaltig zu erhohen.



Contents

1 Introduction

1.1
1.2
1.3

21

2.2

2.3
24

25

3.1
3.2

3.3

4.1
4.2

Motivation . . . . . . . . . e e
Synopsis . . . ...
Contributions . . . . . . . . . e

Theory and supporting methodological contributions

Principles of Fourieroptics . . . . . ... ... ... .. ... .. ... .. ..
2.1.1 Zernike basis decomposition . . ... ... ... 0L
2.1.2 From theory to practice: the optical threatmodel . . . . . . . .. ..
Specific features of windshields . . . . . .. ... .. ... ... .. ... ..
221 Material properties of automotiveglass . . . . ... ... ... ...
2.2.2  Surface imperfections of plane parallel glasses - the Kerkhof model
2.2.3 From theory to practice: the limitations of the Kerkhof model . . .
The essential pillars of metrology . . . . .. ... .. .............
Fundamentals of machine learning . . . . . ... ...............
2.4.1 Neural network architectures for semantic segmentation . . . . . .
242 Datasets . . ... ... L
243 Evaluationmeasures . . . .. .. ... ... .. ... .......
2.44 Uncertainty quantification in machine learning . . . . . . ... ...
245 Neural network uncertainty calibration . . . . ... ... ... ...
246 Explainable AT . .. ... ...... ... ... ... .. ...
Chatterjee’s rank correlation measure . . . . .. ... ... ... ......
2.5.1 From theory to practice: Chatterjee vs. Pearson correlation . . . . .

BOS imaging for tilt correction

Relatedwork . . . . . . . . . . . . ... .
Refractive power measurements based on BOS imaging . . . . . .. .. ..
321 Cross-correlation . . . ... ... .. ... ...
322 Comparabilitystudy . . ... ..... ... .. ... ... .. ..
Interim conclusion . . . . . . . ... ...

Limitations of current measures for windshield inspection

Related work . . . . . . . . . . . e
Refractivepower . . .. .. ... ... .. ... .. ... .. ..
4.2.1 Theoretical verification . . . . . . . . ... ... ... .. ... ...,
42.2 Experimental verification . ... .. ... ... ..... .. .....

Ul W =

55
56
58
60
60
62



vi

9

43 MTFE . . . .. e
43.1 Theeffectoftiltonthe MTF . . . . ... ... .............
43.2 Limitations in part-level measurements . . . . . ... ... ... ..

44 Interim conclusion . . . . . . . . . . . .

Sensitivity analysis of Al-based semantic segmentation

51 Relatedwork. . . ... ... . .
52 Evaluationsetup .. ... .. ... ... . ... .. ... .. .
53 Correlationstudy . ... ... ... ... .. .. L.
54 Sensitivitystudy . . . . ... Lo oo
5.5 Calibration degradation . . .. ... ... ..... .. .. ... .. .....
5.6 Interimconclusion . . ... .. ... ... ... L L

Enhancing calibration robustness by physical inductive biases

6.1 Relatedwork. . . . .. . . . . . ...
6.2 Baseline multi-tasknetwork . . . ... ... ... ... ... .. ...
6.3 PIPTS calibrationnetwork . . . . . . . ... . ... ... ... ... .....
6.4 PIPTS calibrationquality . . . . .. ... .. ... ..... .. ..... ...
6.5 Interimconclusion . .. ... ... ... ... ... ...

Measurement of wavefront aberrations induced by the windshield

71 Relatedwork. . ... ... ... ..
7.2 BOS imaging for wavefront aberration measurements . . . . . ... .. ..
7.3 Resolution requirements for BOSimaging . . . . . ... .. ... ......
7.4 Sanity check for the proposed BOS measurementsetup . . ... ... ...
7.5 BOS imaging for end-of-linetesting . . . . . .. ... .. ... ... .. ...

7.6 Interim conclusion . . . . . . . . . . ..

Decoupling of neural network calibration measures

81 Relatedwork. . . . .. ... . .
8.2 Evaluationsetup . ... ... ... . ... .. .. ... . . .
8.3 Decoupling due to skewed frequency distributions . . . . . ... ... ...
8.4 Decoupling due to class-imbalances . . . ... ... .. ... ... .. ...
8.5 Decoupling due to different target domains . . . . .. ... ... ... ...
8.6 Decouplingduetobinning . . . . ... ... .. ... . ... .00 L.
8.7 AUSE as an uncertainty estimator. . . . . ... ................
8.8 Interimconclusion . . .. ... ... .. ...

Benefits for autonomous driving

Bibliography

List of Figures

List of Tables

75
75
78
81
85
87
88

89
90
92
97
99
104

105
105
108
110
111
113
114

117
118
120
121
123
124
125
126
127

129

135

153

161



1.1

Introduction

This chapter includes elements with editorial changes from

[194] Dominik Werner Wolf, Markus Ulrich, and Nikhil Kapoor. “Sensitivity analysis
of Al-based algorithms for autonomous driving on optical wavefront aberrations
induced by the windshield”. In: 2023 IEEE/CVF International Conference on Computer
Vision Workshops (ICCVW) (Oct. 2023), pp. 4102—4111. por: 10.1109/ICCViW60793.
2023.00443. URL: https://ieeexplore.ieee.org/document/10350923/

marked with an and includes elements with editorial changes from

[190] Dominik Werner Wolf, Alexander Braun, and Markus Ulrich. Optical aberrations
in autonomous driving: Physics-informed parameterized temperature scaling for neural
network uncertainty calibration. (Under review). 2024. arXiv: 2412.13695 [cs.CV].
URL: https://arxiv.org/abs/2412.13695

marked with a cyan line.

Motivation

Autonomously driving cars perceive the environment through different sensors [81], e.g.,
wide-angle cameras, telephoto cameras, Light Detection and Ranging (LiDAR) sensors
etc. Typically, the measured sensor signals serve as the input to a neural network, which
is supposed to predict the actions required (e.g., acceleration, steering angle etc.) to reach
the next state [45]. In the development phase, the neural network is trained on a training
dataset that is typically captured by a small fleet of test mules. If everything goes well
with the architectural design and the neural network demonstrates sufficient accuracy
and generalizability, then the autonomous driving functionality might be considered
as operational. As the conceptual phase is taken to serial production, the real-world
performance of the Al-based driving function might differ by a huge margin from what
has been observed during development. A prominent contributor to this phenomenon is
the perception chain of the telephoto camera (i.e., a camera with a telephoto lens), which is
distinguished by a long focal length resulting in a high pixel resolution per field-angle. As
a consequence, the target application of telephoto cameras is object recognition for far-field
objects, especially important on highways with high driving speeds. Unfortunately, this


https://doi.org/10.1109/ICCVW60793.2023.00443
https://doi.org/10.1109/ICCVW60793.2023.00443
https://ieeexplore.ieee.org/document/10350923/
https://arxiv.org/abs/2412.13695
https://arxiv.org/abs/2412.13695
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benefit also has a downside, namely an increased sensitivity for optical aberrations. Every
car has a windshield, and every windshield has its unique aberration pattern. This has not
been an issue for standard automotive cameras because the width of the blurring kernel
induced by the windshield was always smaller than a pixel-pitch of the Complementary
Metal-Oxide-Semiconductor (CMOS) sensor. With the use of telephoto cameras, this
does not hold true anymore and the images captured might by heavily impacted by the
windshield in terms of sharpness [194]. This gives rise to a shift in image quality between
the test mule recordings used for training and the car-by-car perception chain. The shift
in image quality ultimately results in a distribution shift between the training dataset and
the real-world images captured by the telephoto camera through the specific windshield.
If we consider a static evaluation setup instead of real-time instances then the distribution
shift manifests itself as a dataset shift between the training dataset and the test dataset.
The distribution shift forces the underlying neural network to extrapolate, which will
negatively affect the performance. Unfortunately, the trivial solution of mounting the
telephoto camera on the car roof is an unfavorable option because of external effects (e.g.,
mud, glaciation etc.) — which would require additional systems making the car heavier
and more expensive — and for aesthetic reasons. On the contrary, the windshield provides
a solid coverage and all existing systems (e.g., wipers, heating etc.) can be utilized.

As a consequence, it has do be investigated how to handle the aberration-driven distribu-
tion shift induced by windshields. This thesis serves this objective and contributes towards
robust and trustworthy Al-based predictions under optical aberrations. For this purpose,
a detailed study of the Fourier-optical imaging process is required, as a link between
physics and Al-based computer vision needs to be established. The research questions
addressed in this thesis live on a manifold spanned by three disciplines: wavefront
aberration driven distribution shifts, metrological characterization of the windshield, and
neural network uncertainty calibration. In detail, the contributions serve as a scientific
basis for tackling the burning questions in the field: "How does the windshield impact the
imaging process?", "How to parameterize and measure this influence?", "How to define
system- and part-level requirements for the perception chain?", and ultimately "How can
prior physical knowledge be leveraged to safeguard neural network performance and
calibration under optical aberrations?".

For the homologation of autonomous driving vehicles, it will be necessary to perform
a holistic analysis of the entire functional chain. Optical aberrations induced by the
windshield are only one aspect of the entire challenge. Other impact factors might also be
critical, like weather conditions [209] (e.g., rain, snow, fog etc.), out-of distribution events
or lighting conditions. Those effects are not discussed in this thesis, which does not imply
a judgment on the severity. Nevertheless, it is important to emphasize that the aberration-
related distribution shift has a significant effect on diverse Al-based tasks, in particular on
semantic segmentation as will be shown in this thesis. Hence, the contributions of this
dissertation will facilitate the deployment of telephoto cameras behind the windshield

Chapter 1 Introduction




1.2

for enabling autonomous driving under ideal conditions, which is a necessary but not a

sufficient condition for ensuring reliable operation under real-world conditions.

Synopsis

The structure of the thesis is split in eight main chapters. Chapter 2 introduces into
the essential theoretical concepts in order to make the remaining chapters more easily
comprehensible. The theory part elaborates on the principles of Fourier optics, introduces
into the machine learning framework with a focus on uncertainty quantification and
calibration, and finally, the specific features of windshields are discussed.

Very fundamentally, optical aberrations will perturb the imaged scene x. The imaging
process can be abstractly described by a perturbation operator #, which generally depends
on the field angles (¢, 0) and hence on the pixel coordinates ({x, {,). Physically, the
perturbation operator 7 can be decomposed into a tilting operator 7 and a blurring
operator B, which are not commutable [B, 7] # 0 [24]. The tilting operator denotes
optical distortions — straight lines remain infinitesimal thin but can be mapped into lines of
arbitrary shape — and the blurring operator characterizes the sharpness reduction due to
curvature modulations of the nominal wavefront. As both operators describe physically
distinct effects, different aberration-handling strategies exist as illustrated in Figure 1.1.

Perturbation operator
depends on: ¢, 8,3, {,

y = f]'[‘(x Unperturbed image
=y =BT ®)
Blurring operator Tilting operator

Decomposition is
not commutable!

[, 7] # 0

No real-time correction,
as it is too compu-
tationally expensive

Real-time correction

High-resolution
measurements of local
deflection maps

Robustness evaluation of
perception algorithms

Figure 1.1: The impact of optical aberrations on the imaging process is abstractly described by
the perturbation operator #. The decomposition of the perturbation operator into
a tilting operator 7 and a blurring operator 53 enables us to address the problem of
safeguarding level-4 functionalities against dataset shifts driven by optical aberrations
of the windshield with distinct strategies.

The tilting operator is compensated by a real-time correction strategy utilizing high-
resolution measurements of local deflection maps. Unfortunately, current optical distortion

1.2 Synopsis
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measurement systems in the automotive industry are not capable of capturing the
deflection maps as seen by the ADAS camera with a varying field-of-view across the image.
As a consequence, we will evaluate a new measurement concept based on Background-
Oriented-Schlieren (BOS) imaging in Chapter 3, which provides point-wise deflection
vectors for a non-parametric, grid-based rectification of the distortion. The blurring
operator has been neglected so far in the verification strategy of ADAS functionalities
because it is insignificant for non-telephoto cameras as elaborated in Section 1.1. On
the contrary, for perception systems equipped with telephoto cameras, it is intended
to suppress the impact of the blurring operator on the imaging process by imposing
sufficiently strict optical quality requirements on the windshield such that the residual
degradation can be neglected. This strategy imposes a huge challenge for the glazing
manufactures as the windshield is already optimized to serve different requirements
simultaneously. Changing this multi-dimensional optimum in favor of higher optical
quality in terms of the blurring operator might result in a worse performance regarding
other windshield Key Performance Indicators (KPIs), like the head injury criterion (HIC),
which depends on the internal stress distribution and determines the breaking behavior of
the windshield. Nevertheless, a real-time correction of the blurring operator by applying
a position-dependent deconvolution is too computationally expensive with the current
on-board hardware resources. Furthermore, previous studies on the effect of dataset
shifts [138] and noise corruptions [77] on image classification underpin the importance of
optical robustness analyses for autonomous driving algorithms. The impact of blurring
driven dataset shifts induced by optical aberrations of the windshield on traffic sign
classification has already been quantified as an accuracy drop of up to ten percent [100],
such that the blurring operator can not be neglected a priori. As a consequence, we
will first investigate the limitations of current optical quality requirements in Chapter 4.
Subsequently, we will perform a sensitivity analysis in Chapter 5 of Al-based semantic
segmentation on wavefront aberrations induced by the windshield. In this work, we will
focus on semantic segmentation because a pixel-wise class prediction is hypothesized to
be more sensitive for optical aberrations compared to macro-level predictions in image
classification or object detection. The strategy of safeguarding level-4 [87] functionalities
against the blurring operator by imposing higher optical quality requirements ultimately
relies on finding a bijective mapping between neural network and optical KPIs.

The conclusions of Chapter 5 will highlight that not only the performance of the semantic
segmentation task is affected by optical aberrations, but also the calibration of the neural
network is corrupted by the dataset shift, which leads to a lack of trustworthiness in the
model’s predictions. To address this issue we will introduce a novel calibration strategy
for neural networks in Chapter 6, which we refer to as Physics-Informed Parameterized
Temperature Scaling (PIPTS). PIPTS incorporates a physical inductive bias in the form of
the Zernike coefficients of the second radial order to condition the calibration temperature
on the aberration magnitude, which ultimately drives the dataset shift. For providing
the relevant ground truth information about the system level Zernike coefficients of the

Chapter 1 Introduction
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optical perception system for the PIPTS training, the wavefront modulation induced
by the windshield — referenced to the incoming wavefront that is characterized by the
non-diffraction-limited ADAS camera — must be known a priori. As this information can
not be obtained by a standard Shack-Hartmann wavefront sensor, a novel measurement
approach is presented in Chapter 7. This measurement approach builds upon the BOS
imaging method introduced in Chapter 3, extending it to enable the extraction of part-
level Zernike coefficients for the windshield from a high-resolution refractive power
measurement map.

The loss functions studied in Chapter 6 reveal different minima for the mean Expected
Calibration Error (mECE) and the Area Under the Reliability Error Curve (AUREC), which
indicates that different calibration measures are not simultaneously optimized. As a
consequence, we further investigate the coupling between several calibration measures in
Chapter 8. The results demonstrate that controlling the mECE is insufficient for a holistic
calibration strategy. The decoupling of neural network calibration measures generates
a degree of freedom, which poses a significant risk in ensuring model trustworthiness
under real world conditions. This challenge underpins the need for further research in the
direction of safeguarding Al-based algorithms for autonomous driving against dataset
shifts, e.g. induced by optical aberrations of the windshield.

Finally, Chapter 9 summarizes the scientific contributions of this doctoral thesis and

underscores their relevance for autonomous driving.

Contributions

The contribution of this thesis to the scientific community is demonstrated by six peer-
reviewed publications. These papers cover different domains as illustrated by Figure 1.2.

ig Optical system requirements
- Camera lens + windshield

ITSC 2023

Ray optical metrology
Reproducibility, comparability and traceability

of local refractive power measurements Institute of Physics

Windshield
requirements for
<" mexo Fourier optical metrology level-4 o
2024 Wavefront aberrations fi ti lit C J neural |_(S I C C 2
“I\H measurement with BOS imaging unctionality Architecture and data heterogeneity
2y AW PARIS

"tk Metro\

p S

D AG M Neural network calibration .
Dataset shift robustness and a r lv
SeuadeAieinocucloscindy calibration measure decoupling

n
. for Mustererkennung

Figure 1.2: Interdisciplinary research landscape spanned by six publications.
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The ITSC paper [193] addresses the limitations of current optical quality measures
and reveals blind spots in the requirement landscape for windshields. In addition,
the Metrologia paper [192] elaborates on utilizing BOS imaging for refractive power
measurements. Furthermore, the ICCV paper [194] demonstrates that the Strehl ratio
and the Optical Informative Gain (OIG) are superior measures than the Modulation
Transfer Function (MTF) at half-Nyquist frequency. Moreover, the ICCV paper [194]
highlights that neural network calibration is also heavily corrupted by optical aberrations
of the windshield. The arXiv paper [190] addresses this challenge by incorporating
the information about the wavefront aberrations as a physical inductive bias into the
calibration process. For training the PIPTS calibrator, the Zernike coeftficients of all optical
components of the perception chain must be known. For this task, the IMEKO paper [191]
presents a proof of concept study on how to adapt BOS imaging for retrieving the Zernike
coefficients of the windshield. Finally, the GCPR paper [189] reports evidence on the
decoupling of neural network calibration measures, which demonstrates the need for
future research towards trustworthiness in autonomous driving. In a nutshell, the novelty
of the scientific contributions of this doctoral thesis has been demonstrated and the
aforementioned publications are subsequently listed in chronological order:

[192] Dominik Werner Wolf, Markus Ulrich, and Alexander Braun. “Novel develop-
ments of refractive power measurement techniques in the automotive world”. In:
Metrologia 60 (6 Sept. 2023). 1ssN: 0026-1394. por: 10.1088/1681-7575/acfla4.
URL: https://iopscience.iop.org/article/10.1088/1681-7575/acfla4.

[193] Dominik Werner Wolf, Markus Ulrich, and Alexander Braun. “Windscreen
Optical Quality for Al Algorithms: Refractive Power and MTF not Sufficient”.
In: 2023 IEEE 26th International Conference on Intelligent Transportation Systems
(ITSC) (Sept. 2023), pp- 5190-5197. por: 10.1109/ITSC57777.2023.10421970.
URL: https://ieeexplore.ieee.org/document/10421970/.

[194] Dominik Werner Wolf, Markus Ulrich, and Nikhil Kapoor. “Sensitivity analysis
of Al-based algorithms for autonomous driving on optical wavefront aberrations
induced by the windshield”. In: 2023 IEEE/CVF International Conference on
Computer Vision Workshops (ICCVW) (Oct. 2023), pp. 4102-4111. por: 10.1109/
ICCVW60793.2023.00443. URL: https://ieeexplore.ieee.org/document/
10350923/.

[191] Dominik Werner Wolf, Boris Thielbeer, Markus Ulrich, and Alexander Braun.
“Wavefront aberration measurements based on the Background Oriented
Schlieren method”. In: Measurement: Sensors (2024), p. 101509. 1ssN: 2665-
9174. por: https://doi.org/10.1016/j.measen.2024.101509. URL: https:
//www.sciencedirect.com/science/article/pii/S2665917424004859.

[189] Dominik Werner Wolf, Prasannavenkatesh Balaji, Alexander Braun, and Markus
Ulrich. “Decoupling of neural network calibration measures”. In: German
Conference on Pattern Recognition (GCPR) (2024).

[190] Dominik Werner Wolf, Alexander Braun, and Markus Ulrich. Optical aberrations
in autonomous driving: Physics-informed parameterized temperature scaling for neural
network uncertainty calibration. (Under review). 2024. arXiv: 2412 . 13695
[cs.CV]. urL: https://arxiv.org/abs/2412.13695.

Chapter 1 Introduction


https://doi.org/10.1088/1681-7575/acf1a4
https://iopscience.iop.org/article/10.1088/1681-7575/acf1a4
https://doi.org/10.1109/ITSC57777.2023.10421970
https://ieeexplore.ieee.org/document/10421970/
https://doi.org/10.1109/ICCVW60793.2023.00443
https://doi.org/10.1109/ICCVW60793.2023.00443
https://ieeexplore.ieee.org/document/10350923/
https://ieeexplore.ieee.org/document/10350923/
https://doi.org/https://doi.org/10.1016/j.measen.2024.101509
https://www.sciencedirect.com/science/article/pii/S2665917424004859
https://www.sciencedirect.com/science/article/pii/S2665917424004859
https://arxiv.org/abs/2412.13695
https://arxiv.org/abs/2412.13695
https://arxiv.org/abs/2412.13695

Theory and supporting
methodological contributions

This chapter includes elements with editorial changes from

[192] Dominik Werner Wolf, Markus Ulrich, and Alexander Braun. “Novel develop-
ments of refractive power measurement techniques in the automotive world”. In:
Metrologia 60 (6 Sept. 2023). 1ssn: 0026-1394. por: 10.1088/1681-7575/acfla4. URL:
https://iopscience.iop.org/article/10.1088/1681-7575/acfla4

marked with a purple line and includes elements with editorial changes from

[194] Dominik Werner Wolf, Markus Ulrich, and Nikhil Kapoor. “Sensitivity analysis
of Al-based algorithms for autonomous driving on optical wavefront aberrations
induced by the windshield”. In: 2023 IEEE/CVF International Conference on Computer
Vision Workshops (ICCVW) (Oct. 2023), pp. 4102—4111. por: 10.1109/ICCViW60793.
2023.00443. urL: https://ieeexplore.ieee.org/document/10350923/

marked with an and includes elements with editorial changes from

[189] Dominik Werner Wolf, Prasannavenkatesh Balaji, Alexander Braun, and Markus
Ulrich. “Decoupling of neural network calibration measures”. In: German Conference
on Pattern Recognition (GCPR) (2024)

marked with a and includes elements with editorial changes from

[190] Dominik Werner Wolf, Alexander Braun, and Markus Ulrich. Optical aberrations
in autonomous driving: Physics-informed parameterized temperature scaling for neural
network uncertainty calibration. (Under review). 2024. arXiv: 2412.13695 [cs.CV].
URL: https://arxiv.org/abs/2412.13695

marked with a cyan line.

This chapter aims to provide a comprehensive theoretical foundation necessary for
understanding the scientific contributions presented extensively in Chapters 3 through
9. To this end, essential theoretical concepts utilized throughout this dissertation will be
introduced and appropriately tailored to align with the research objectives. This leads to
supporting methodological contributions, which are presented in this chapter with the
headline prefix: “From theory to practice”.
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Section 2.1 will provide an introduction to Fourier optics inspired by Goodman [61].
The intention of Section 2.1 is twofold: firstly, to elucidate the governing equations
required for the construction of the Fourier optical degradation model presented in
Section 2.1.2, and secondly, to establish an intuitive comprehension of central optical
quality measures examined in this work (MTF, Strehl ratio, and OIG). The optical threat
model in Section 2.1.2 is a technical realization of the Fourier optical principles and lays
the methodological foundation for conducting the experiments, which will lead to the
scientific results in Chapter 5 and 6. For the parameterization of the optical threat model,
we will utilize the Zernike coefficients, which will be introduced in Section 2.1.1.

Section 2.2 will highlight specific features of windshields, which is essential to grasp the
overall context of this thesis. In Section 2.2.1, a brief overview of the windshield manu-
facturing process will be provided, alongside a discussion of how different windshield
components influence the wavefront aberration pattern. This equips the reader with a
fundamental understanding of the reasons behind the manufacturing-related limitations
in the optical quality of windshields. Subsequently, we will derive the Kerkhof model in
Section 2.2.2. The Kerkhof model will be employed for demonstrating the comparability
of BOS imaging-based refractive power measurements in Chapter 3. As the derivation
entails several assumptions and approximations, it is beneficial to recap the full derivation
of the Kerkhof model, especially since the Kerkhof model is not well prevalent in standard
literature. The implications of these simplifications and their impact on the model’s
effectiveness are critically evaluated in Section 2.2.3, thereby confirming the validity of
the methodology applied in Chapter 3.

Section 2.3 will concisely present the essential pillars of metrology. Those principles will
be utilized across the thesis, as the requirements for a valid measurement are very similar
to those for a trustworthy Al-based prediction.

Section 2.4 will explore the fundamental concepts of machine learning. We will first
examine the baseline encoder-decoder structure in Section 2.4.1, a widely used design
in Convolutional Neural Networks (CNNSs) for dense prediction tasks such as semantic
segmentation, and subsequently present the specific architectures employed in this thesis.
These CNN models generate the predictions upon which the analyses in Chapters 5, 6, and
8 are based. Furthermore, the corresponding datasets for training and evaluation will be
briefly described in Section 2.4.2. Additionally, in Section 2.4.3 we will define the evaluation
measures employed for assessing the neural network predictive performance. Following
metrological principles [140, 1], predictions are only meaningful when accompanied by an
unbiased estimate of uncertainty. As a consequence, we will elaborate comprehensively on
uncertainty quantification in machine learning in Section 2.4.4. Subsequently, Section 2.4.5
will shine a light on how uncertainty estimation biases can be measured, a safety-critical
issue that will be addressed in the research conducted in Chapters 5, 6, and 8. Moreover,
we will touch on the topic of explainable Al in Section 2.4.6, as we aim to quantify the
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2.1

local sensitivity of neural network predictions on changes in the input feature space in
Chapter 5.

Finally, we will introduce a mathematical tool in Section 2.5 for assessing non-linear
correlations, and we will demonstrate the superiority of the Chatterjee rank correlation
measure over the Pearson correlation measure in Section 2.5.1 by studying an artificial
test function designed for illustrative purposes. The Chatterjee rank correlation measure
will enable us to deduce precise conclusions in Chapter 5 regarding which optical quality
metric demonstrates the strongest correlation with the neural network performance and
is thus most suitable for deriving system-level functional requirements for the perception
chain.

Principles of Fourier optics

Fourier optics denotes the theory of how light propagates taking into account its wave
nature. Hence, Fourier optical methods can be used to analyze how an incoming
light distribution propagates through an optical instrument (e.g., a microscope) even if
interference effects are a matter of concern. This is the advantage of Fourier optics over
geometrical optics, which is an intensity-based theory. The limitations of geometrical
optics become evident if we consider the concept of the focal point. If no optical aberrations
are considered then all light rays would intersect at the same point implying an infinite
energy density. This is obviously wrong, wherefore the focal point is in reality a circle of
least confusion [76]. In order to properly calculate the shape of the intensity distribution
in the focal plane across the transversal coordinates, Fourier optical considerations are
required. In this section, we will analytically describe the imaging process from the Fourier
optics point of view and introduce the concept of transfer functions, which is an essential
principle utilized throughout this thesis. The derivation is inspired by Goodman [61] but
the framework is condensed and tailored to serve the needs of the optical threat model

presented in Section 2.1.2.

Very fundamentally, the excitation of the electromagnetic field can be described by a

monochromatic light wave u(%, t) in the form of:

u(x, t) = p(x) - cos 2mft+ ¢(%))

2.1)
< u(x, t) =Re[p(X) -exp (—2mift)] with: p(X) := p(X) - exp (—ip(X)),

with p denoting the electromagnetic field amplitude, f indicates the frequency of the har-
monic excitation, and ¢ labels the local phase depending on the coordinate vector ¥ € IR>.

2.1 Principles of Fourier optics
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As a consequence of Maxwell’s equations, the light wave u(¥, t) must satisfy the scalar
wave equation [76, 61]:

Ou(x, t) =0, (2.2)

where O := ¢ =297 — /A denotes the d’Alembert operator [8] and c refers to the speed of light
in vacuum. Substituting the light wave from Equation (2.1) into the wave Equation (2.2)
results in the time-independent Helmholtz equation for the phasor p(X):

2nf _ 2m

(A +K)p(R) =0 with: k= y

(2.3)

= [83 + %ar + kz} p(X) =0 if: Rotational symmetry is assumed .

Here, the propagation of the light wave is assumed in free space with light speed c, wave
number k and corresponding wavelength A. A unit amplitude spherical wave, converging
towards the point X,, satisfies the Helmholtz Equation (2.3) and is commonly known as
the free-space Green’s function [61]. Generally, Green’s functions are the physical version
of the impulse response function in control systems engineering and are applicable to
linear differential operators. If the system can be characterized by a Green’s function then
the system output is given by the convolution of the driving term or input signal with the
Green’s function. This theoretical mechanism is the causal reason for the validity of the
superposition principle in optics.

In a nutshell, the free-space Green’s function G is given by a unit amplitude spherical
wave spreading out from an optical field disturbance at X,:

with: 7:= |¥ —X,]|. (2.4)

G(r) = exp (ikr)

For any complex-valued functions G(r) and p(r) the Green’s theorem [61]:

Hfp160) 20t —p(r) 260N = §P (60 2up(r) = plr) 2,6 d - (25)
applies if their first and second partial derivatives are single-valued and continuous [61].
The partial derivative d,, applies in the outward normal direction, corresponding to the
surface normal vector 7, at each point on the surface A. The requirement of continuity
for Green’s theorem requires us to restrict the integration domain V such that the
discontinuity induced by the field disturbance at X, is excluded. If this constraint is
considered appropriately, then the Green’s function G(r) (2.4) and the electromagnetic
field p(r) (2.1) satisfy the Helmholtz Equation (2.3), wherefore the two terms within the
volume integral cancel each other out reducing the Green’s theorem to:

#; [G(r) 9,0(r) — p(r) 3,G(r)]dx* = 0. (2.6)
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As a result of the constraint on the integration domain V, the surface integration over
the domain A consists of an inner Aj, and an outer part Ay as illustrated in Figure 2.1,
which encloses the volume V:

ggﬂ (G(r) 3up(r) — p(r) 34G(r)] da? = 956 (G(r) dup(r) — p(r) 2,6 (r)] d?
A

Ain

2.7)
+ #4 [G(r) dnp(r) — p(r) 9,G(r)] dx? .
out
As the total volume vanishes according to Equation (2.6), the inner and outer surface
integral must be equal in magnitude:
~gp (601060 - pn 260N a2 X (61) 216 ) G
Ain Aout 29
Since the origin of the spherical wave at ¥, is non-dimensional, the limit A;, — 0
determines the integral on the left-hand side, which is given by the product of the
infinitesimal surface area 477¢? and the integrand evaluated at the location %, of the optical
field disturbance in the limit of ¢ — O:

—lim [G(r) dup(r) — p(r) 9,G(r)] dx®
e—0 Ain (29)
= lim [4722 [0(r) 3,G(r) — G(r) dup(1)]|, ] -
Here, € characterizes the radius of the infinitesimal volume element, as depicted in
Figure 2.1. Substituting the Green’s function G(r) with its explicit form given by
Equation (2.4) results in:

lim [47te* [p(r) 0,G(r) — G(r) 9np(r)],_,]

e—0
(24) .. ) _Feid N\ (o 1Y exp(ike)  exp (ike)
= Lli% [47'(5 [p(s) (||7|| : |ﬁ|> <1k S) . c I ()], (2.10)
i o ot (§ i) SE - S2EDan i

Figure 2.1: The integration domain V around the
field disturbance at ¥, is depicted.
The integration domain is tailored
to factor out the discontinuity in-
duced by the field disturbance. Con-
sequently, the volume V is enclosed
by an outer surface Aoyt and an inner
surface Aj,. The corresponding sur-
face normal vectors are denoted as 7.
Finally, the infinitesimal radius of the
sphere around X, is labeled as ¢.
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The scalar product evaluates to —1 because the surface normal vector # of Aj, points
towards the field disturbance at location X,, whereas 7 points away from the excitation
center. If the limit of ¢ — 0 is determined term by term, then the left-hand side of
Equation (2.8) reduces to:

—lim (G(r) 3up(r) — p(r) 3G (r)] di® "2 4rp(7,) . .11

e—0 Ain
Putting everything together results in the integral theorem of Helmholtz and Kirchhoff:

(2.8,2.11)

smo() 2 G160 2up(r) = p(r) 2,G()] 44

cow) Y L [(PRE) ) ooy (SEE) |

The directional derivative of the Green’s function along the normal vector 7 of the

(2.12)

surface Ayt is given by:

IG(r) = aigr) 31: = <ik— 1) e"pr(ikr) -cos (¢ {7, ii}) . (2.13)

Since the distance r from the field disturbance at location ¥, to an arbitrary point ¥
is usually larger than many optical wavelengths, it holds that: A << r = k >> r~L
Consequently, the directional derivative can be approximated by:

a.G(r) ~ ik - exp (ikr)

-cos (« {7, i}) . (2.14)
Substituting this approximation into the integral theorem of Helmholtz and Kirchhoff
from Equation (2.12) leads to:
L (212,214) 1 exp (ikr . 2 o
p(X,) =~ i S@E exp (ikr) [Onp(r) —iko(r) cos (« {7, ii})] dx?. (2.15)
T Aout r

The integral theorem of Helmholtz and Kirchhoff permits the calculation of the electro-
magnetic field p at location ¥, based on the boundary values of the wave defined over any
closed surface encircling that point [61]. Hence, the optical field disturbance at any point

of interest X, in the observation plane is solely determined by evaluating its values on the
surface Aout-

If we focus specifically on diffraction induced by an aperture X enclosed by an infinite
screen S, as depicted in Figure 2.2, then the integration domain Ayt can be further split
into a spherical surface fragment and the intersection surface, which is given by the planar
screen surface cutting the spherical wave. When we consider the surface element dx? in
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spherical coordinates with fixed radius R, then the integral in Equation (2.15) vanishes
over the spherical surface fragment if and only if:

lim R [3,0(r)|,—r —ikp(R)] = 0. (2.16)

R—o0

This requirement on the electromagnetic field p is known as the Sommerfeld radiation
condition [61].

Figure 2.2: Diffraction of light by an aperture -

S enclosed by an infinite screen S. Here,
the wave propagates from the left to
the right. A light impulse on the left
hand side hits the aperture X with
normal vector 7 and is diffracted. The
observation point X, characterizes the
point of interest, where we want to
determine the electromagnetic field p.
The mapping from ¥, to an arbitrary
point on the aperture surface X is de-
termined by the vector 7. Finally, a
sphere with radius R is defined to en-
S close X,, as required by the integral
theorem of Helmholtz and Kirchhoff.

S

—|-M—

Additionally, the integral over the planar screen surface S, visualized in Figure 2.2, can be
reduced to the domain of the aperture X if two boundary conditions are imposed:

@ p(r) =0up(r) =0 VreS\X%,

o =ps |
@ anp<r>:anps<r>} reE

(2.17)

Here, ps(r) denotes the incident electromagnetic field emitted by an arbitrary source,
wherefore it is assumed that the electromagnetic field and its directional derivative on the
aperture X are unaffected by the screen S. Those boundary conditions on p are typically
referred to as the Kirchhoff boundary conditions [61].

If the Sommerfeld radiation condition and the Kirchhoff boundary conditions are fulfilled,
then the integral theorem of Helmholtz and Kirchhoff from Equation (2.15) can be further
simplified as:
L. (216,217) 1 exp (ikr . 2 o
p(%) A S@E Pr() [0np(r) — iko(r) cos (4 {7, 7i})] dx?, (2.18)
z

which is referred to as the Fresnel-Kirchhoff diffraction formula [61].

2.1 Principles of Fourier optics
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Despite its experimental success and widespread practical use, Fresnel-Kirchhoff’s diffrac-
tion theory builds upon fundamental mathematical inconsistencies [61]. In detail, the
electromagnetic field p has to fulfill the Kirchhoff boundary conditions (2.17) but si-
multaneously underlies the Helmholtz Equation (2.3). The latter imposes a recursion
relation between the Taylor-expansion coefficients of p, such that the expansion coefficient
of order (n + 2) is proportional to the negative expansion coefficient of order n. As a
consequence, the Kirchhoff boundary conditions for n = 0 and n = 1, which suppress the
corresponding Taylor-expansion coefficients to zero, are propagated by the recursion rela-
tion to arbitrary high orders causing the electromagnetic field p to vanish across the entire
space. Hence, only the trivial solution can be correctly described by the Fresnel-Kirchhoff
diffraction formula [61].

In order to alleviate this situation, Sommerfeld utilized an alternative Green function to
reduce the Kirchhoffboundary conditions [61]. If the Green’s function G from Equation (2.4)
is replaced by:

_exp (ik[¥ —Xo|)  exp (ik|¥ — X5[) _ exp (ikr)  exp (ikF)

= , 2.19
% — %) - %] , ; (2.19)

G(r, 7)

then the Kirchhoff boundary condition on the electromagnetic field p can be softened
because the Green’s function implicitly evaluates to zero for r € S. As a result, the first
boundary condition defined in Expression (2.17) on p and its directional derivative is lifted.
Hence, the mathematical inconsistencies arising from the Kirchhoff boundary conditions

can be avoided by introducing the mirror image of the observation point at X5.

The substitution of the Green'’s function in the Fresnel-Kirchhoff diffraction formula (2.18)
by the Sommerfeld’s Green’s function (2.19) requires us to recapitulate a few steps. First

of all, the directional derivative of G(r, 7) is given by:

~_ 0G(r, 7) or  0oG(r, 7) oF
WD =TS T e
< 0,G(r, 7) = <ik— 1) expr(lkr) - (cos (4 {F, 11}) — cos («{F, ii})) (2.20)

& 0,G(r, 7) =2 (ik - 1) expr(1kr) -cos (« {7, i}),
considering the fact that 7 denotes the location vector of the mirror image of the observation
point, whichis equal inlength and only differs by a phase shift of 7t w.r.t. the enclosing angle
to the normal direction 7. If the proportions of A << r = k >> r~! are acknowledged,
then the directional derivative can be approximated by:

_exp (ikr)

0,G(r, 7) = 2ik -cos (£ {7, i}). (2.21)
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Substituting Equation (2.21) into the integral theorem of Helmholtz and Kirchhoff (2.12)

results in:

o) = gz P |G 1) 3uptr) ~ 2k

expr(lkr) -cos (£ {7, ii})| dx?

' (2.22)
o p(R) = iﬁg o(r) - SRR o (047, 7)) d? |

’
Here, the integration domain is also reduced from the entire outer surface Aqyt to the
aperture surface X as the Sommerfeld radiation condition from Equation (2.16) is assumed
to be fulfilled. Furthermore, the properties of the Sommerfeld’s Green’s function are
utilized to discard the first term on the planar screen surface S as G(r, 7) evaluates to zero
by definition. Consequently, the first Kirchhoff boundary condition (2.17) is redundant

and only the second condition applies as ps(r) is specified independently of the screen.

This result is commonly denoted as the Rayleigh-Sommerfeld diffraction formula [61].

Without loss of generality we will assume that the aperture surface is spanned in the
(x, y) plane, wherefore the surface normal vector is given by 7i = é,. If this assumption is
made, then the cosine term is given by:

cos (¢ {7, ii}) = ; . (2.23)

Furthermore, if we adapt rectangular coordinates we can rewrite the distance r by:

r= (o~ 1)+ (o — v + 2, (2.24)

where x, and y, indicate the transversal axes in the aperture plane. Similarly, x, and y,

denote the transversal axes in observation plane, which corresponds to the imaging plane.

By adapting this notation we can rewrite Equation (2.22) to:

exp <1k \/(xﬂ - xﬂ>2 + (yo - ya)z -+ Zz>
o(x0, Yo) = 9%6 0 (Xa, Ya) - dx,dy,
NN (X0 — %a)> + (Yo — Ya)* + 22

Since the squared longitudinal distance between the aperture and the observation plane is
2

- (225)

usually larger than the squared transversal extent of the aperture, the squared distance

can be replaced by the squared longitudinal distance z2

as a zeroth order approximation in
the denominator of Equation (2.25). This approximation holds true as long as the squared
f-number is larger than one, which is generally valid for telephoto cameras considered

within this thesis. For the exponent, this approximation is not sufficient since it is rescaled

2.1 Principles of Fourier optics
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by the wavenumber k, which equals k ~ 1.14 - 10? m~! for green light. Hence, the Taylor
expansion of the exponent will also comprise the first order term resulting in:

p(xo, Yo) = % S@g 0(Xa, Ya) - exp (ikz 143 (x";xﬂ>2+% (yn;ya>2

eikz

A P(xo, yo) = iz ﬁé P(xa/ ya) - exXp (% [(xo _xa)2+ (Yo _ya)z}) dxadyu .

> dx,dy,
(2.26)

This simplification of the exponent is denoted as the Fresnel approximation [61] and
physically represents the replacement of the spherical Huygens wavelets in Equation (2.25)
by quadratic surfaces. The Fresnel approximation is valid if the condition:

22> lmax { [(xo - xa)2 + (yo — ya)z]z} , (2.27)
A %, %

is satisfied [61]. The Fresnel approximation condition (2.27), which arises from the
requirement that higher-order terms in the Taylor expansion of the phase are negligible, is
typically violated for our applications. Nevertheless, as Goodman [61] points out, this
approximation condition is way too strict as only a small region around the stationary
point of the phase contributes to the diffraction integral even if higher-order terms
are not suppressed on the entire domain. The principle of stationary phases applies
if rapidly oscillating functions are integrated. In this case, most of the contributions
effectively annihilate each other as positive and negative parts of the wave cancel out.
However, in the close proximity of points where the phase varies slowly — or is stationary
with vanishing derivative — the oscillatory contributions add up constructively. These
points are referred to as the stationary points of the phase. As the exponent in the
diffraction integral over the aperture X. is scaled by the wavenumber k, which is in the
order of k ~ 1.14 - 107 m~! for green light, the principle of stationary phases is applicable.
Consequently, the diffraction integral is dominated by the contribution of the point in
the aperture that directly corresponds to the observation point, as the phase becomes
stationary for this scenario. As a result, even if the Fresnel approximation condition (2.27)
is violated, the Fresnel diffraction integral might be applicable as higher-order terms do
not need to be globally negligible.

The Fresnel diffraction integral can also be rewritten in a slightly different fashion to
highlight the mapping of the electromagnetic field from the aperture to the observation
point, as described by:

p(Xo, Yo) = 956 0(Xa, Ya) - (X0 — Xa, Yo — Ya) dXadya = (0 * h) (X0, Yo) - (2.28)
b

This result represents the convolution of the electromagnetic field p with quadratic
wavelets across the aperture surface, which mathematically demonstrates the Huygens-
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Fresnel principle [61]. The convolution kernel / for the Fresnel diffraction integral is given
by:

eikz ik ) )
h(x, y) = o7 P 5, (x> +y7] ). (2.29)

So far, we exclusively studied the diffracting properties of an aperture surface. If we
consider a single lens as an additional element in the optical path — which represents
the most fundamental imaging system — then we have to account for the phase delay
induced by the lens accordingly. The local phase transformation properties of the lens ¢,
are determined by the longitudinal optical path variation across the transversal axes:

by (Xar Ya) = exp (K [nA(xa, yo) + (Do = 0, yo = 0) — Alxs, o)), (230)

where the first term in the exponent denotes the phase delay induced by the lens with
refractive index n and the second term refers to the free space phase delay [61]. If we
consider a spherical lens surface, with inner radius R; and outer radius R», then we can
derive the thickness profile A(x,, y,) by geometrical considerations, which results in:

1

to(Xa, Ya) ~ exp (iknA(x, =0, y, = 0)) - exp <—]} [x3 +y§]) : (2.31)

This expression already assumes the validity of the paraxial approximation making it
justifiable to approximate the spherical surface of the lens by parabolic surfaces. The focal
length f encapsulates the optical properties of the lens in a single measure defined by:

j{;: (n—1)- <R1_R2> . (2.32)

The constant phase factor in Equation (2.31) will be dropped hereafter because ultimately
we are interested in the intensity profile in the observation plane, which is typically
captured by a CMOS sensor. Hence, the relative longitudinal phase delay induced by the
lens is given by:

ik
to(Xa, Ya) A Xp (_2f [x —|—y§]> : (2.33)
If we want to determine the electromagnetic field p at an arbitrary observation location X,

we need to add the phase modulation term ¢, of the lens into the Fresnel diffraction
integral (2.26), which leads to:

ik ik ik
p(x0, Yo) = f)Tz 95‘; p(Xa, Ya) - exp (‘ﬁ [x%+y%]) -exp (;; [0 = xa) + (o —ya)z]) dxadya . (2.34)
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Manipulating this expression reveals some more insight:

(o) = b (2 2421 ) o ot
P{Xo, Yo —Mzexp o Xo T Yo prar Ya
ik /1 1
X exp (2 <Z — f) [xﬁ +y§]> (2.35)

X exp (—1: [X0Xa —|—yoya]> dx,dy, .

If we restrict ourselves to the plane of the back focal length, then z = f will hold true
annihilating the second term of the surface integral:

eikz

ik ik
(X0, Yo) = o OP (i [x§+y§]> 95@ 0(Xa, Ya) - €Xp <_Iz [X0Xa +yoya]) dx,dy, . (2.36)

As a result, the diffraction pattern in the focal plane is given by the Fourier transform of
the rescaled electromagnetic field p across the aperture surface ¥. Hence, we observe the
Fraunhofer diffraction pattern without the need of fulfilling the Fraunhofer approximation
criterion [61].

The diffraction integral in Equation (2.35) allows us to draw very general conclusions for
an arbitrary imaging system, characterized by the focal length f and the aperture surface X.
From a control engineering point of view it is tempting to investigate what happens if
the imaging system needs to map a point-like object at the location X;, mathematically
described by the Dirac-delta distribution. The electromagnetic field p in the observation
plane will then characterize the impulse response function / of the optical system.
Therefore, we will now consider a spherical wave in the form of Equation (2.4), which
propagates through the aperture and the lens. If we consider similar simplifications as
done by the Fresnel approximation in Equation (2.26), then it is justifiable to replace the
denominator by the longitudinal distance 7y between the point source at X; and the aperture
surface. Furthermore, the exponent is simplified by the paraxial approximation in order
to use parabolic surfaces as a proxy for the spherical lens surface. As a consequence, the
spherical wave in the aperture plane p(X,), generated by the monochromatic Dirac-delta

point source at X, is given by:

(24,226) 1 ik ) )
(X, Ya) = oo (27 [(xa —x5)"+ (Ya — ys) D . (2.37)
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In order to determine the impulse response function h(x,, y,) of the optical system, we
need to substitute the Dirac-delta point source into the Fresnel diffraction integral of
Equation (2.35), which accounts for the phase modulation of the lens:

(2.35,2.37) ek ik ik
hro o) TS exp (5 (43 exp (3 (24121

ik /1 1 1 » 2)
x(”) exp|=(-+——=) |x; +v; (2.38)
T p<2 (Z Y f>[ vil
X exp (—ik [(J;o + Jf;) X, + (yzo + %;) ya]> dx,dy, .

The quadratic phase factor within the surface integral will generally broaden the impulse
response function h if compared to the Fourier transform as a baseline [61]. As a
consequence, the imaging system is optimized as the scalar coefficient of the quadratic
phase factor is suppressed. This leads to the narrowest impulse response function that is
physically possible and corresponds to the diffraction-limited case. For the elimination of
the quadratic phase factor, the following relationship must be fulfilled:

1 1 1

Sy _-21o. 2.39
z+7f (2.39)

This physical condition is also known as the thin lens equation in geometrical optics [76].

The phase factors in front of the integral can be dropped if the phase distribution in the
observation plane is not the matter of interest as it is the case for intensity-based imaging
sensors (e.g., CMOS chips). This argument is not sufficient for the phase factor depending
on the source location ¥; because the impulse response function will be convolved with
the scene to obtain the image. Hence, the integration domain will encompass the entire
(xs, ys) plane and the phase factor will explicitly contribute to it. Nevertheless, it might
be justifiable to drop this phase factor as well if the phase of the quadratic phase factor
remains sufficiently constant within the scene element that determines the electromagnetic
field at a particular observation point [61]. Finally, we will define a scalar factor « in order
to absorb all constants in front of the integral:

adh e (w[(3 7))k (447) )
hixy, o) = « exp|—ik || —4+—=)x;+ =+ = )v,| | dx,dy, . 2.40
(%o, o) ) exp 2 T o T )Y Ya-  (240)

At this point, we will introduce the aperture function P(x,, y,), which quantifies the
transmittance properties of the planar screen and is typically given by a 2D top-hat

function, assigning one to the domain of the aperture surface ¥ and zeros elsewhere.

Hence, the domain of integration can be extended to infinity:

_ ik (Fe X Yo . ¥s
h(xo, Yo) = ocffp(xa, yﬂ)exp< ik [( . + 7) Xg + ( . + 7>yu}) dx,dy, . (2.41)
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Equation (2.41) can be further simplified by defining the magnification M of the system:

M:=-=, (2.42)
v

and by substituting the integration variables with:

a::%-fa = @:=(A2)?-«a, (2.43)

=

which leads us to the following expression for the impulse response function:
h(x,, yo) =2 ffp()\zfa, Azif) exp (=271 [(xo — Mxs) %o + (Yo — Mys) Ja]) dXadfs . (2.44)

If an arbitrary input light-distribution p(xs, ys) is considered, then the superposition
principle applies since the differential operator of the Helmholtz Equation (2.3) is linear
and the output light-distribution p(x,, y,) in the observation plane can be determined by

utilizing the impulse response function:
p(%Xo, Yo) = f f p(xs, Ys) - h(xo, Yo | Xs, ys) dxsdys
(2.44) _
< p(xo, Yo) = D‘ffp<x5r Ys) (2.45)

X ffP(/\zfa, Az e~ 2 (o= M) Tat (Yo=Mys)¥al d%,d 77, dxsdys .

If we perform the following substitution regarding the source plane coordinates:

14

Roi= MY, = a:= e (2.46)
we can rewrite the expression for the output light-distribution as:
~ Xs 7
=i o5 8
= (2.47)

X f f P(Az&,, Az, )e” 2Alro=F) %t Wo=1)0] q%,dy, dxdis .
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The integral over the transformed source plane can be identified as a convolution of the
electromagnetic field of the emitter with the integrated aperture function:

Q

p(xo, yo) (2é7) R~ 0 (13371 o ff (Azf,, /\zyu) —27i[xo%a+yolal 5 2d7,
(2.48)

2

oo 1) = e (e ) <717 (e 12)

Consequently, the convolution kernel determining the imaging properties is given by:

X
PSFeonerent = FIP) (32, 22) 249)

which is denoted as the coherent Point Spread Function (PSF). If incoherent systems are
considered then the image formation process is the result of a linear intensity mapping
instead of a linear amplitude mapping of the complex electromagnetic field as described
by Equation (2.48). As a result, the incoherent PSF is characterized by:

x 2
PSchoherent - PSFcoherent PSFcoherent ’]: [P ] (T;/ %)’ . (2-50)

As the convolution operation is quite expensive, it is tempting to transform the imaging
Equation (2.48) into the frequency domain to exploit the convolution theorem.

As a result, the convolution operation can be replaced by a simple multiplication:

~ 2
FlI0P] (ke k) #2 <&A:)zz) 7 [16F°] (ks M) Uﬂp (e 32)

in the frequency domain. This gives rise to the definition of the incoherent Optical Transfer

ko ) @5D)

Function (OTF) given by:

7|7 G I e 0

7|l G 5 =0 k=0

OTF(ky,, ky,) := , (2.52)

which is implicitly normalized by the frequency response at ky, = 0. Hence, the OTF
evaluates to one for the "DC" component and is monotonically decreasing [61]. If we only
care about the intensity distribution in the observation plane, then the phase information is
generally not of significance. Hence, the absolute of the OTF — defined as the Modulation
Transfer Function (MTF) — is a common merit function for imaging systems:

| ZlPo G e |

F(l7e1 (G2 )] ] =0k =0)

MTF (ky,, ky,) := |OTF(ky,, ky,)
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We can massage this expression in order to simplify the computational implementation:

MTF(ky,, ky,) = d {f[P] (% %) LT (% %)} (Kxr ky,)

(Az)? ff ’P(sz Cy)‘z dgxdgy

, (2.54)

where we utilized the Plancherel theorem to rewrite the denominator. Furthermore, we

can shift the complex conjugate into the argument of the Fourier transform:

MTE (ky,, ky,) = FIAP (52 5n) FIP (-5 —32)] (ke )

= , (2.55)
(A2)2 [[ |P(&x, &)|7 dErdE,

by exploiting the relationship: F[J]*(k) = F[J*](—k). As a next step, we will invert the
outer Fourier transform in the nominator:

F-1 []:[p] (_%, _%) - F[P*] (%, %)} (kxor kyo)

(A2 [f [P(&x, &,)|* de.dg,

. (2.56)

by recalling the relationship: F[J](k) = F~![J](—k), which holds true if and only if
the argument | is real-valued. The nominator can now be simplified by applying the
convolution theorem:

f;f: P (=32 =32) P (ke — 350 ks, = 32) dxodys

MTF (ky,, ky,) = = (2.57)
2 2
(Az) ff ‘P(sz Cy) ‘ dgxdgy
A final variable substitution leads to the compact expression:
JI P (@x 8y) - P (ke, + v, ky, +8y) dEadE,
MTEF (ky,, ky,) = |— , (2.58)

1P &I dgadg,

which boils down to the normalized autocorrelation function of the aperture function P:

P(ky,, k P(ky,, k
MTF(ka, kya) _ o(o o ya)* ( 0 ]/o) ) (259)

[1P@ &) dexdg,
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So far, we exclusively considered optical systems without aberrations. Since the diffraction
limit can never be achieved by a real optical element, we have to introduce aberrations in the
presented methodology. For this reason, we will generalize the pupil function P(¥X,) into
the complex domain. Optical aberrations will induce local phase perturbations kW (%,),
where W(X,) characterizes the local Optical Path Difference (OPD). Mathematically, the
generalized pupil function P(¥,) can be defined as:

P(X,) := P(%,) -exp <27‘(i W(f“)> : (2.60)

Hence, the perturbed MTF - as it is typically the case for automotive imaging systems — is
determined by:

— Pk, k P(ky , k
WETE (k) i | e Fao) 2P fu) | (2.61)

[[ 1P &) de.dg,

In order to evaluate the optical system response for different wavelengths A, the monochro-
matic MTF has to be marginalized across the normalized Power Spectral Density (PSD)
of the light source. The area under the PSD curve quantifies the likelihood of emitting
a photon in the wavelength range [A, A 4+ AA] by the light source. As a result, the
polychromatic MTF is given by:

MTF(ky,, ky,) == / MTE(k,,, ky, | A) - PSD(A) dA . (2.62)
0

Consequently, chromatic aberrations will potentially also influence the performance of
Al-based algorithms for autonomous driving but they are not discussed in detail within
this thesis.

In the recent years the MTF at half-Nyquist frequency started to gain attention in the
standardization of optical quality requirements for windshields. In Chapter 4 we will
theoretically motivate why this measure is insufficient as a holistic quality standard and in
Chapter 5 will then present quantitative evidence for this statement. Furthermore, we will
highlight more suitable alternatives. Instead of specifying only a single spatial frequency
requirement for the MTF it might be advisable to consider the entire spectrum. In order to
do so, the area under the OTF curve can be evaluated. The spectral integral of the OTF in
relation to the diffraction-limited OTF area is defined as the Strehl ratio [61] and is given

by:

ﬁ OTF(kyx,, ky,) dkx,dky, 5

(2:52) | F[P] (xo =0, yo =0)|

SR := 5 -
|F[P] (xo =0, yo = 0)]

(2.63)

ﬁ OTF(ks,, ky,) dkx,dky,
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The equivalence of the two ratios points out that the Strehl ratio is a local measure
in the spatial domain of the observation plane even though it accounts for the entire
frequency spectrum. Hence, there is still a drawback in the definition of the Strehl ratio
because it does not incorporate the knowledge about the shape of the PSF, which entirely
characterizes the optical system. Therefore, an optical merit function would be desirable
that shows a dependency on higher-order moments of the PSF as well. One possible
metric that considers this constraint is introduced in this thesis as the Optical Informative
Gain (OIG):

170 (32, 22) [ axodyo [ [OTE (ke k)| ke,
0IG = = : (222) —w . @264)
Il FP) (32 2] dwodys [T 1OTF (e, k) ks, dky,

Equation (2.64) takes advantage of the Plancherel theorem [37]. If the OIG is evaluated
by measurement data then the domain of the OTF is restricted by the Nyquist frequency.
Hence, the empirical OIG incorporates the resolution limitation given by the image sensor
and relates to the amount of photonic energy, which can be spatially discriminated in
relation to the diffraction-limited case. Furthermore, the aberration pattern induced
by windshields exhibits a significant anisotropy (see Section 2.2.2). Therefore, we will
disentangle the axes of the measures by explicitly redefining the Strehl ratio in terms of
horizontal (SRy) and vertical slices (SRy):

fNy/\/ fNy/\/
[ MTF(ks,, ky, = 0) dk, [ MTF(ky, = 0, ky,) dky,
SR, := - and: SR, := — . (2.65)
fNy fNy
g“ MTF(ky,, ky, = 0) dkx, ({ MTF(ky, = 0, ky,) dk,,
and we also redefine the OIG accordingly:
Iy, 2 Iy, 2
[ ‘MTF(kxn, k,, :o)‘ dky, [ |MTE(ky, =0, kyo)‘ dk,,
OIG, ;:j? and: OIG, := . (2.66)
Ny 2 fNY 2
[ |MTF(ky,, ky, =0)|" dky, [ [MTF(ky, =0, ky,)|~ dky,
0 0

These definitions apply symmetrically to the horizontal and vertical canonical axes in the
observation plane. The substitution of the OTF by the MTF is justifiable if the incoherent
PSF is sufficiently symmetric around the optical axis. In this special case, the OTF is
real-valued and equals the MTF. This condition is typically fulfilled for the aberrations
induced by the windshield.
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2.1.1 Zernike basis decomposition

For the parameterization of the aberration pattern in terms of the Zernike coefficients w;,,
we will introduce the Zernike basis decomposition. Very fundamentally, the decomposition
of a one-dimensional function f(x) into a set of orthogonal polynomials £;(x) on the
domain [g, b] is given by [17]:

b
f(x):;)ociﬁi(x) , with: = (f|L;) = / F(x)Li(x) dx . (2.67)

In some cases — for example if wavefront aberrations are measured by a Shack-Hartmann
sensor — it is desirable to decompose the derivative of f(x) into a set of derivatives of
L;(x), which results in [17]:

z)] (s

Please be aware that the orthogonality relation for £;(x) does not hold true for the

fl(x) = ;ﬁiﬁg(x) , with: = [<£;}

E'> . (2.68)

derivatives of £,(x) by default. If Equation (2.68) is integrated with respect to x, then the
decomposition coefficients a; and f; can be related to each other:

2.67)

10 e pit = (fle)=p

- -1 -
> (e =[{ala)] r12)-
The optical path difference W is usually decomposed in the basis of Zernike polynomials,
which are defined by [204, 205, 10]:

(2.69)

(1)1 (/2 (—1)F- (n—k)! o2k

Z e )= L k!.<n+m_k)!‘<n—m_k>!'ﬂ7

2 2 (2.70)

s cos(m¢) , if: g =0
(n=m)?%2, 0 sin(mg) , iffg=1 '

and they reproduce the aberration pattern on the unit circle obeying the orthogonality
relation [204, 205, 10]:

e 1 p i b(b+2)+a
. =T
70 7¢ :://Z”-ZC- dodd =75, , ,with: @71
(Zy, Z3) OOdeP‘P p.q dd+2) 4
N 2
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Hence, the scalar product vanishes on the unit circle for g # p. With the Zernike basis
we can decompose any optical path difference map W into Zernike polynomials Z, with
corresponding Zernike coefficients w;, (in units of the wavelength A) as [15]:

) =Y w0nZulpo, ) , w2 (W, Z,) 272)

The individual Zernike coefficients can be related to independent optical effects like
astigmatism or coma. But one has to be very cautious about the orthogonality argument.
As an example, it is evident that the first three Zernike coefficients for piston and tilt do not
alter the wavefront curvature, wherefore the perturbed MTF, defined by Equation (2.61), is
congruent to the diffraction-limited MTF. Hence, the first three Zernike coefficients do not
contribute to the blurring operator 3 introduced in Figure 1.1 of Section 1.2. Nevertheless,
this does not imply that the tilting operator 7~ is exclusively characterized by these Zernike
coefficients. The modulation of the slope of the wavefront by the monoms of first order (x
or i) determines physically the displacement of an object point in the image and generates
distortion. As a result, the Zernike coefficient of first and second order are denoted as
tilt but they are not characterizing the entire magnitude of the distortions present in
the optical system. For example, the Zernike polynomials for coma (Z7 and Zg) — and
potentially other higher-order terms that contain first order monoms — will contribute to
the distortion of the optical system as well. In summary, while Zernike polynomials are
orthogonal and independent on the unit circle by definition, the physical evaluation of
specific optical aberrations typically includes several Zernike coefficients.

Finally, we want to list the Zernike polynomials up to the third radial order in Table 2.1.

Z; Zernike polynomial Harmonic
Polar coordinates \ Cartesian coordinates \
Zy| Z§=1 1 v
Zy | Z7' =2psing 2y v
Z» Z% = 2pcos ¢ 2x v
Z5 | Zy* = V/6p*sin2¢ 2V6xy v
Zy | Z9 = V3(20* - 1) V/3(2x2 +2y —1) X
Zs | Z% = V/6p?cos2¢ V6(x2 —?) v
Ze | Z3° = \/80%sin3¢ V8(3x%y —y ) v
Z7 | Z3' = V/8(30% —2p)sing | v/8(3x%y + 3y — 2y) X
Zs | Z3 = V8(3p®> —2p)cos¢ | v/8(3x>+ 3xy — 2x) X
Zy | 73 = /8p%cos 3¢ V8(x3 + 3xy?) v

Table 2.1: Zernike polynomials up to the third radial order [204, 205, 10].

Table 2.1 also highlights which Zernike polynomials are harmonic. Harmonic functions are
the set of functions that fulfill the Laplace equation, which is given by the time-independent
Helmholtz Equation (2.3) in the case of k = 0. The task of finding the harmonic functions
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which simultaneously satisfy a given boundary condition is denoted as the Dirichlet
problem [33, 99, 113]. In two dimensions the general solution of the Laplace equation on a
circular domain is given by [195]:

[e0] 1 oo
P, @) =) ¥ulp, @) = 580+ ) " (ancos(ng) + bysin(ng)) . (273)
n=0 n=1

From theory to practice: the optical threat model

In this section, we will present an optical threat model, which is supposed to simulate
the optical aberrations induced by the windshield based on the Fourier optical concepts
introduced in Section 2.1. Inspired by the work of Chang et al. [25], we extend the proposed
optical threat model to 4k ADAS cameras with telephoto objective lenses. Generally,
the optical threat model assumes that the wavefront aberration map W(X,) is known in
advance either by measurement or optical simulation and is parameterized by a set of
Zernike coefficients {w, }, as introduced in Section 2.1.1.

With the knowledge of the wavefront aberration map of the windshield and the aperture
stop of the camera under consideration, the generalized aperture function P can be
constructed by applying Equation (2.60). Based on B, the incoherent, non-diffraction-
limited PSF is computed according to Equation (2.50), which entirely characterizes the
optical system. The perturbed image is finally given by convolving the clean image with
the perturbed PSF according to Equation (2.51). Furthermore, the entire ensemble of
optical merit functions can be derived from the measured wavefront aberration map and
characterizes the image quality from an optical perspective. In particular, the system MTF
can be determined by applying Equation (2.61), while the associated areal measures, such
as the Strehl ratio and OIG, can be evaluated by employing Equations (2.65) and (2.66),
respectively. In addition to the Zernike coefficients, the optical threat model relies on
the parameters of the camera system of interest. For the following illustrative example,
we consider the OnSemi AR0820 imager and the Sunex DSL162A telephoto objective
lens, which has a nominal focal length of f = 15.3 mm and an f-number of f, = 1.6.
Furthermore, the OnSemi AR0820 imager has a resolution of 3840 x 2160 px and the pixel
pitch is specified with Axcyos = 2.1 um. Moreover, we assume an effective wavelength
of A =550 nm, as chromatic aberrations are not taken into account. These imaging
characteristics lead to the PSF and MTF depicted in Figure 2.3 for the diffraction-limited
case (w, =0V n e€N).
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Figure 2.3: PSF (left) and MTF (right) for the diffraction-limited case.

If a windshield with typical aberrations (w3 = 0.051 A, wy = 0.542 A, and ws = —0.888 A)
is considered in the optical path, then the system PSF and the system MTF presented in
Figure 2.4 result. The Zernike coefficients used in this toy example were obtained by a
Shack-Hartmann wavefront measurement of a test sample windshield.
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Figure 2.4: PSF (left) and MTF (right) for the aberration scenario: oblique astigmatism
w3 = 0.051 A, defocus wy = 0.542 A, and orthogonal astigmatism ws = —0.888 A.

Figure 2.5 demonstrates the effect of the PSF from Figure 2.4 on a test image.

ws = 0.051 A
w, = 0542 1
ws = —0.888 1

Figure 2.5: Toy example demonstrating the effect of the optical threat model applied to a real-
world scene. The slanted edge targets are shown enlarged on the bottom.
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The test image utilized in Figure 2.5 entails a black square target. This gives us the
possibility to retrieve the MTF independently of the optical threat model by a slanted edge
analysis according to 1ISO12233 [86]. The MTF of the aberrated image is normalized by
the MTF of the unperturbed image to retrieve the net effect of the wavefront aberrations
induced by the artificial windshield. This procedure is generally invalid as we will
elaborate in detail in Chapter 4 but it holds true if the camera is diffraction-limited. While
this assumption is applied in this test case, it is not generally valid for ADAS cameras. The
normalized MTF curves for the horizontal and vertical direction are compared to the MTF
parameterized by the optical threat model in Figure 2.6. In addition, the refractive power
triggered by the curvature modulation of the wavefront can be evaluated by Equation (4.2),
which has been benchmarked by a reference refractive power measurement using the
Moiré pattern technique [192]. In conclusion, the measurement results for the physical
test sample are sufficiently reflected by the optical threat model, which underpins the

validity of the implemented Fourier optical approach.

—— MTFy - Optical threat model = —— MTFy - Optical threat model
—— MTFy - Slanted edge [95%] —— MTFy - Slanted edge [95%]
100
_ 75 e 17_____
X |
o 5047
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Figure 2.6: Validation of the optical threat model based on MTF measurements with the slanted

edge method. The confidence bands are reflecting the Poisson noise of the image
Sensor.

Finally, it has to be emphasized that the optical threat model applied in this thesis is tuned
for telephoto objective lenses. As a consequence, the paraxial approximation is assumed
to hold true, which is not the case if wide-angle cameras are considered.

Specific features of windshields

In this Section, we want to briefly touch on the production process of windshields and

introduce the Kerkhof model for describing surface imperfections of plane parallel glasses.

The Kerkhof model is crucial for estimating the amplification of optical distortions under
an additional tilt angle. This is important as the ADAS camera’s perceptive field crosses the
windshield under different angles within the field of view. On the other hand, conventional
measurement systems operate with collimated light and typically measure the distortions

2.2 Specific features of windshields
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at the production facility under a tilt angle of ¢ = 0°. Hence, it is common practice to map
these measurement results to the requirements within the windshield’s camera window
area by utilizing the Kerkhof model. In order to highlight the limitations of this procedure,
we will evaluate the approximation error of the Kerkhof model in Subsection 2.2.3. Finally,
we will employ the Kerkhof model in Chapter 3 for a comparability study of different

refractive power measurement setups.

Material properties of automotive glass

The fabrication of a windshield starts by producing single-pane glass in the float glass
process. Molten glass at a temperature of approximately 1100°C [143] is continuously
poured onto a bath of molten tin, which has a much lower melting point of 232°C [103].
Due to its lower density [154, 3], the glass floats on the tin, forming a continuous layer
of glass. The perfectly smooth surface of the molten tin ensures that the bottom side of
the glass achieves an exceptional smoothness, unattainable through solid substrates. The
molten glass cools down on its way through the tin bath and is then gradually brought
to room temperature by being transported on roller conveyors passing through several
cooling furnaces. Finally, the glass is cut to size.

To transform this flat glass into single-pane safety glass (also known as tempered glass [69]),
the sheets are reheated and then rapidly cooled to induce internal stress, causing the glass
to fracture into small, rounded fragments in case of an accident. However, this type of
glass is not suitable for windshields because an impact, e.g. by a rock chip, would cause
the entire pane to shatter instantly.

To address this issue, laminated safety glass is used for windshields, which consists of
two congruently shaped non-tempered glass sheets, bonded together by a thin layer of
polyvinyl butyral (PVB) [160]. The PVB interlayer provides elasticity and toughness,
enhancing the durability of the glass. Unlike single-pane glass, glass fragments adhere
to the PVB layer in case of an accident, which introduces a safety feature by preventing

injuries.

From theory to practice: the influence of the PVB foil

The magnitude of the influence of the PVB foil on the total wavefront aberration pattern
of the windshield can be estimated by a back-of-the-envelope calculation. Suppose the
thickness of the PVB foil is ypyg = 0.8 mm and the standard deviation of the PVB foil
thickness is in the order of 0, = +0.3%. Furthermore, we assume a refractive index for
glass of nglass = 1.5168 [103] and for the PVB foil of npyp = 1.4850 [105] if a wavelength
of A = 550 nm is considered. Under these assumptions, the standard deviation of the
optical path difference induced by the PVB foil (RMSpyg) is approximately given by:
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RMSpyg = (Nglass — NPVB) Oy ppvB =~ 76.3 nm = 0.14 A < 10 A, which is a typical ballpark
number for the Root Mean Square (RMS) optical path difference across the camera window
area of a telephoto camera. As a consequence, optical aberrations induced by the glass
layers most likely dominate over the contribution of the PVB foil.

Surface imperfections of plane parallel glasses - the Kerkhof model

In this section, we analyze the impact of surface imperfections on the ray propagation.

The equations, which we derive by utilizing the concept of ray optics, have already
been presented by Schardin [72] and Kerkhof [46]. Nevertheless, it is important to recall
the underlying physical assumptions in order to understand the full picture behind
the governing DIN-52305 industrial standard [40]. Figure 2.7 shows a sketch of a glass
plate perturbed by surface imperfections. The angles can be derived by geometrical
considerations and are given by Equation (2.74)-(2.78). In addition, Snell’s law is adapted
for the ray transition from air (nair & 1) to glass (11g1ass ~ 1.52 = 1) and vice versa.

sing = n - sin g (2.74)
T
T=5-0mm (2.75)
T
=5 (2.76)
n-sinys = sinyy (2.77)

eta=7—(r3—7) (278)

Figure 2.7: Sketch of a plane parallel glass plate (red line) perturbed by surface imperfections
(dashed red line). The incoming collimated beam (black line) is refracted by surface
imperfections leading to a local focus effect.

The general idea of the Kerkhof model is to treat the perturbations of a glass plate as local
prisms. Hence, the surface perturbations of the glass are translated into a map of prism
wedge angles d(x, y). For simplification, the two-dimensional problem is studied on the
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condition y = 0 without loss of generality. The equations from Expression (2.74)-(2.78)
can be used to derive the deflection angle « as a function of the wedge angle 4:

(2.78,2.77,2.76) . . 7T
e+u = arcsin (n - sinvyz) — <E —'yz—’yl>
Seta G7627)  arcsin (n-cosvyp) —46
(2.75, 2.74) . . . [ sing
Sed+a+0o = arcsin | 7 - sin | arcsin — + 6
& sin (e +a+9) = n - sin (arcsin <SIZE> + 5) (2.79)
. . . (singe .
& sin (e +a +9) = siné¢ - cosd + n - cos <arcsm <n)> -sin g

& sin (e +a +9) = sing - cos§ 4+ \/n2 — (sing)? - sind
& sin(e+a+0) = sine + 6+ \/n2 — (sine)® + O {6*} .

Itis important to emphasize that the wedge angle 6 quantifies the local imperfections of the
glass surface and has an implicit spatial dependency. The deflection angle « is amplified
if the optical system is tilted by the inclination angle . At this point, the assumption is
made that the local wedge angle ¢ is small (§ < 71/4) and that the deflection angle « is
small as well (@ < 77/4). Hence, the last line of Expression (2.79) can be simplified:

sin(e4+a+0) =sin(e+a)-cosd+ cos (e +a) -sind
& sin(e+a+06) =sine-cosa - cosd + cose - sina - cosd
+ cose-cosa -sind —sine - sina - sind
& sin(e+a+0) =sing-cosa + cose - sina + J - cose - cosa (2.80)
—5-sins~sin1x+(9{52}
& sin(e+a+0) =sine+a-cose+d-cose—a-6-sine+ O {62} + O {a?}
&sin(e+a+0) :sins-l—uc-coss-l—é-cose-i—(’){(uc+(5)2} .

Due to the small-angle approximation, higher order terms O can be neglected. As a
consequence, in first order approximation the deflection angle « is given by:

. (2.79) | . \2
sine+wa-cose+d-cose ~ sine+d- y\/n?— (sine)

1
S %5[- nz—(sins)z—l] N
cos e

(2.81)

This relationship determines the dependency of the local deflection angle «(x) on the
local wedge angle 6(x). Furthermore, the local deflection angle can be translated to a local
refractive power of the glass. In general, the refractive power quantifies the first derivative
of the local deflection angle « with respect to the orthogonal off-axis coordinate ¢:
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Figure 2.8: The local deflection angle « can be
related to a local refractive power
distortion D with focal length f.

Focal point

Figure 2.8 depicts the relationship between a and ¢, which is described by the sine rule:

(T
X _ Sm(EJHX) _cosa 1 289
‘:_sin<§_(x_g>_cos(a+8)Ncose' :

As a result, the refractive power under an inclination angle ¢, imposed by surface
imperfections, is given by:

2.81,2.822.83) 1 1
D, ( ~ b1 [ - A/n2 — (sins)2 — 1} L9 . (2.84)
cose | cose ox

The spatial dependency in Equation (2.84) on the wedge angle profile can be eliminated if
the ratio to the on-axis case is considered (¢ = 0°). The resulting amplification factor for
the refractive power of the perturbed glass depends exclusively on the inclination angle e:

D, (284) 1 1 \/ﬁ B
Do ~ (n—1) cose [COSS n* — (sine) 1] u. (2.85)

As a result, we can map a refractive power measurement, taken under an inclination angle

of ¢ = 0°, to an arbitrary field of view areal profile. Furthermore, Equation (2.85) paves
the way for calibrating refractive power measurement devices over the entire range based
on a single reference lens. By tracing back the reference lens to international standards,
we can safeguard the validity of the calibration strategy and ensure that the fundamental
traceability requirement for a valid measurement in metrology is fulfilled.

From theory to practice: the limitations of the Kerkhof model

The assumption of the Kerkhof model, given by Equation (2.85), requires plane parallel
glass. Nevertheless, the Kerkhof model can be utilized to estimate the expected refractive
power of a weak focusing lens under some tilting angle . In order to quantify the
deviation from the Kerkhof model and to derive an approximation threshold for a weak
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focusing lens of (D) = 100 km~!, we implemented a ray tracing simulation in Python.
As an example, Figure 2.9 shows an ensemble of light rays refracted by the weak focusing
lens under different inclination angles e.

—— tilted lens, e = 0° —— optical axis - effective focal point —— tilted lens, € = 50° —— optical axis - effective focal point

X/ mm

Figure 2.9: Ray tracing simulation for ¢ = 0° (left) and ¢ = 50° (right).

The point of least confusion determines the focal point of the lens for the corresponding
inclination angle. As a side effect, the circle of least confusion increases as the inclination
angle increases, which would result in an effective blurring if an imaging system is
considered. This blurring can be quantitatively characterized by the MTF as discussed in
Section 2.1. In addition to the inclination angle ¢, there are two parameters that influence
the effective refractive power of the lens. First of all, the thickness of the lens dj.,s has
an impact because the lens surface is curved. Secondly, the wedge angle J has to be
small, such that second order terms in ¢ are negligible. Those three dependencies were
studied in detail by executing the ray tracing simulation for different parameter settings.
Figure 2.10a demonstrates that the systematic bias between the Kerkhof model and the
physical simulation is less than 0.5% for ¢ < 70°. Typically, car windshields are inclined by
less than & = 70°, wherefore the Kerkhof model is sufficiently accurate for the scope of car
windshield measurements. The thickness of the reference lens, produced and calibrated
by ZEISS, is given by (djens) = 10.1 mm. Thicknesses of up to 40 mm result in systematic
biases of less than 1% according to Figure 2.10b. The wedge angle for the spherical lens
is not constant over the entire profile of the aperture surface. Therefore, the maximum
wedge angle 6 was varied, which corresponds to different maximum aperture diameters.
From Figure 2.10c can be concluded that the maximum aperture stop of the reference
lens, which corresponds to a maximum wedge angle of § = 4.7 mrad, does not violate the
assumptions of the Kerkhof model. Hence, the measurement bias is much smaller than
1% for a maximum inclination angle of ¢ = 70°. In conclusion, the Kerkhof model is valid
within the refractive power measurement range of weak focusing lenses. Consequently,
by periodically recalibrating the reference lens, refractive power measurement systems
can be traced back to international standards and National Metrological Institutes (NMI),
e.g. PTB, METAS, NIST.

Chapter 2 Theory and supporting methodological contributions




2.3

Approximation error (small-angles)
—— Model error (thin lens)
—— Total error with respect to the raytracing analysis
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(b) Impact of lens thickness. (c) Wedge angle dependency.

Figure 2.10: Robustness analysis of the Kerkhof model. For the parameterisation of the simulation,
the worst case scenario has been considered, which is given at the edge of the reference
lens aperture. The corresponding maximum wedge angle amounts to 6 = 4.7 mrad
and the maximum inclination angle is assumed as ¢ = 70°.

The essential pillars of metrology

In general, there are three fundamental pillars for a valid measurement in metrology,
namely reproducibility, comparability and traceability. The reproducibility quantifies
the degree of agreement between the measurement results of experiments conducted at
locations with different environmental conditions, different instrumentation, different pa-
rameterisation or different experimenter but the measurement method remains unaffected.
The comparability assesses the degree of agreement between different measurements
methods or principles. The traceability is essential for establishing a calibration chain
and to trace back the measurement results to international standards. In other words,
the reproducibility, comparability and traceability of the measurement results have to
be demonstrated in order to guarantee for the scalability of industrial solutions and
applications in a globalized world. Typically, the comparability is established by a round
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robin test including different laboratories and the reference object under test is usually a

primary standard.

Fundamentals of machine learning

In this Chapter, we want to introduce the essential concepts of machine learning to evaluate
the impact of optical aberrations on the predictive performance of neural networks. The
evaluations presented in Chapter 5 and Chapter 6 will require to study different neural
network architectures in Section 2.4.1. These networks will be trained on different
datasets, which are introduced in Section 2.4.2. Furthermore, the assessment of the
predictive performance requires the definition of task-specific evaluation measures in
Section 2.4.3. From a metrological perspective, a result is worth nothing without a proper
uncertainty indication. This also holds true for neural-network-based predictive models,
wherefore we will discuss the baseline principles of uncertainty quantification in machine
learning in Section 2.4.4. As for uncertainty budgets in metrology, the confidence intervals
assigned to the uncertainty estimates should match the empirical observation frequency.
Unfortunately, standard uncertainty quantification measures in machine learning are
biased, wherefore neural network uncertainty calibration methods are essential. The
corresponding fundamentals of neural network calibration are introduced in Section 2.4.5.
Finally, we want to analyze in this thesis what are the dominant aberrations influencing
the prediction of a neural network. To tackle this task, we will employ local sensitivity
measures from the explainable AI domain, as presented in Section 2.4.6.

Neural network architectures for semantic segmentation

In this work, we will exclusively consider CNN-based architectures, as they are intended
to be employed in telephoto camera-based ADAS applications. Furthermore, we will
focus on semantic segmentation as the primary objective of this thesis, since pixel-wise
predictions are particularly sensitive to optical aberrations induced by the windshield, as

the resulting blurring operator smooths out local image features.

Encoder-decoder structure

CNN-models for semantic segmentation typically consist of three key elements:

e An encoder, which is supposed to embed the input data into a latent space repre-
sentation. According to the manifold hypothesis [48, 14, 123], the input data can be
mapped onto a lower dimensional manifold with much fewer degrees of freedom.
The general idea behind the manifold hypothesis is that not all input dimensions
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are needed to describe the patterns within the data. As a consequence, it is the
goal of the encoder to find a lower dimensional representation of the data setin a

reduced space. A technical jargon for this reduced space is the latent space [122].

A very prominent dimensionality reduction technique is the Principle Component
Analysis (PCA), which essentially does the same job by reducing the input space to
the principle axes, which are distinguished by the highest variance. Hence, PCA is a
linear encoder. To include nonlinear mappings on arbitrarily shaped manifolds we
will consider a neural network with non-linear activation functions. The ideal case
we are aiming for is to find a latent space with a dimensionality equivalent to the
degree of freedom of the underlying system, which generates the data. If we make
use of the terminology in Lagrangian mechanics, then a perfect encoder would be
able to map the input data into the generalized coordinates [60] of the system.

e The bottleneck, which characterizes the part of the network where the information
density is the highest and the data is represented in the latent space.

e An decoder, which maps from the latent space manifold to the target space. In the
case of semantic segmentation, the task is to predict a 2D image of the same size as

the input image containing pixel-wise classifications.

Subsequently, we will introduce three different neural network architectures, used within
this work, which utilize the encoder-decoder structure. All these models will employ
the cross-entropy loss function [5] for training due to its widespread use for semantic
segmentation [180, 201, 27, 208].

UNET

The UNET architecture, proposed by Ronneberger et al. [149], enhances the preservation
of local spatial information and alleviates the problem of vanishing gradients in the
encoder-decoder structure, which arises from the multiplicative nature of the loss gradient
across the layers. For this reason, skip connections are introduced between the encoder and
the decoder for layers that share the same spatial fidelity. Hence, local features embedded
on manifolds with different dimensionality are concatenated with the corresponding

decoder reconstruction, which implicitly enhances the sensitivity for small scale patterns.

Mathematically, the skip connection describes an identity mapping, which has a derivative
of one. Hence, the total loss gradient is composed of several additive terms that relate
to the gradient accumulation across different network parts, which reduces the risk of
vanishing gradients for the total loss. This idea of reducing the effective path length
for backpropagation in the UNET layout is similar to the underlying principle of the
ResNet [75] architecture, which was initially introduced for image classification.

2.4 Fundamentals of machine learning
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High-Resolution Network (HRNet)

The High-Resolution Network (HRNet) architecture, invented by Microsoft [179, 124, 2],
builds upon the UNET architecture by increasing the information capacity of the model.
This is a tempting approach for modern ADAS functionalities, which rely on 4k high-
resolution cameras, because microscale patterns generated by small, far away objects (e.g.
Euro-pallet in 300m distance on the highway) might indicate a safety-critical scenario.
In general, a model architecture can be tuned in three dimensions: depth (e.g., more
layers), wideness (e.g., more channels) or finesse (e.g., higher resolution images). The
standard sequential encoder-decoder architecture in deep convolutional neural networks
lacks on information capacity in the condensed low-resolution feature map. Hence, the
standard encoder-decoder architecture is typically extended for highly spatially sensitive
applications like autonomous driving. The HRNet tackles this challenge by switching the
information propagation from serial to parallel [179]. In detail, convolutions are performed
in parallel on multiple resolutions to improve the information capacity of the model
architecture. Therefore, the high-resolution representation of the input information is
maintained throughout the whole process. Repeated fusion steps between parallel streams
of different resolutions ensure an information flow across the levels. As a consequence,
the HRNet enhances the information capacity w.r.t. the UNET architecture, wherefore a
superior performance is expected if microscale data patterns are of particular relevance.

Multi-Task Learning (MTL) model

The encoder-decoder structure can also be employed to tackle several tasks simultaneously.
In order to do so, the encoder is trained on the entire data set over all tasks to find the
most effective latent space manifold. Subsequently, the individual decoder heads are
fine-tuned on the task-specific data sets, while the encoder weights are kept constant. The
in-house developed Multi-Task Learning (MTL) model, which is utilized within this work
as a black-box model, consists of a large shared encoder with several feature extraction
layers followed by five decoder heads, each for a specific task, referred to as task head.
These task heads are mainly of two types: segmentation heads and object detection heads.
In detail, the parallelized decoders address the following tasks:

¢ Semantic segmentation head: Provides a pixel-wise classification across the image
for several classes. The head’s performance is quantified by the mloU, defined in
Equation (2.86).

e Blockage detection head: Provides a binary segmentation mask that detects if
a certain region of the image is blocked or not. The identification of obstructed
image pixels, which are thus invalid for extracting information in the segmentation
head, functions as a built-in safety mechanism within the given MTL architecture.
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The evaluation metric is given by the IoU, which is the single-class version of the
mloU (see Equation (2.86)).

e Traffic Light Detection and Classification: At first, 2D bounding boxes for traffic
lights in the image are predicted. Subsequently, the pixels within a single 2D
bounding box are segmented to either belong to the class "traffic light bulb" or
"housing". Finally, the pixels belonging to the class "traffic light bulb" are used
to classify the signal color of the corresponding traffic light. For quantifying the
performance of this multi-step classification task, a head-specific combined metric
is evaluated, which relies, i.a., on the average accuracy and the area under the
precision-recall curve.

e Traffic Sign Detection and Classification: Predicts 2D bounding boxes for traffic
signs within the image. Afterwards, the subimages are used to classify the corre-
sponding traffic sign type. Similar to the traffic light classification head a combined
metric is assessed for the performance of the multi-step traffic sign classification
task.

e Vehicle Detection: Provides a categorized 3D bounding box across two types
of vehicles: large vehicles (e.g., trucks, buses, etc.) and passenger cars. The
head’s performance is evaluated by the mean average precision metric, defined in
Equation (2.90).

For a consolidated evaluation, we first determine the task-specific metrics (i.e., average
precision for object detection and mloU for semantic segmentation). However, to convey a
holistic model performance, the head-specific loss functions are integrated using weighted
averaging after normalization culminating into an overall combined multi-task loss,
ranging from 0 (worst performance) to 1 (perfect performance). This aggregated score
reflects the model’s collective efficiency across all tasks. In order to prevent a single task
from being dominant in the learning process, the individual, task-specific head losses
can be integrated by an uncertainty-based weighting scheme to obtain a more robust
combined metric [28].

Datasets

Typically, datasets for autonomous driving are recorded by cameras mounted behind the
windshield. As a consequence, the images are inherently perturbed by optical aberrations,
which leads to an unknown dataset domain shift that makes it impossible to quantitatively
assess the impact of different windshield configurations without prior knowledge about
the inherent aberrations. Within this thesis we will utilize three different datasets, which

all have in common that the camera was mounted on the car roof:

2.4 Fundamentals of machine learning
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e KITTI dataset from the KIT [55] with an unified resolution of 1224 x 370 px. The
images were taken by a Point Grey Flea 2 (FL2-14S3C-C) camera with an Edmund
Optics (NT59-917) objective lens [55]. The camera is parameterized by a focal length
of f = 8 mm and an f-number of f, = 8 [25]. Furthermore, the pixel pitch of the
CMOS sensor was given by Axcyvos = 4.65 ym.

e Multi-task dataset from CARIAD [194] with a resolution of 2048 x 1024 px. The
data set was recorded by a camera with a focal length of f = 5.04 mm and an
f-number of f, = 1.46. The images were captured by a CMOS sensor with a pixel
pitch of Axcpmos = 2.1 pm.

e A2D2 dataset from AUDI [56] with a resolution of 1920 x 1208 px. The camera
employed was the Sekonix SF3325-100 with the Sekonix NA6062 objective lens [56].
This camera is characterized by a focal length of f = 5.49 mm and an f-number
of f, = 1.8. Finally, the image is digitalized by the Onsemi AR0231 CMOS sensor
with a pixel pitch of Axcyos = 3 um.

Evaluation measures
Mean Intersection over Union (mloU)

The governing benchmark metric for semantic segmentation is given by the Jaccard
similarity coefficient or also commonly known as the Intersection over Union (IoU) [126].
In this thesis we will make use of multi-class segmentation datasets, wherefore the mean

of the IoU is computed over all classes (N;), denoted as mloU:

1 Y Ggnp; . 1 X TP,

(2.86)

Here, G; denotes the set of image pixels corresponding to the ground truth labels for
class i, and P; indicates the set of image pixels predicted for class i. In detail, the number
of class-wise true positive predictions (TP;) are proportioned to the total number of
predictions within the cross-section domain composed by TP;, the class-wise false positive
predictions FP; as well as the class-wise false negative predictions FN;.

At this point, it should be emphasized that the ground truth labels are assumed to be
perfect within this thesis, which ignores effects like labeling noise [51].

Mean Average Precision (mAP)

The standard benchmark metric for object detection is given by the mean Average
Precision (mAP) [111]. In order to compute the mAP, we first have to define the
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Precision (P), which measures the fraction of correct predictions relative to the total
number of detected objects for a given class i, conditioned on a predefined confidence
level T used to classify the predictions as positive. Essentially, a positive prediction for
class i is given if the predicted confidence p;(§|£) > 7. Mathematically, the Precision (P)

is defined as [111]:
N TP;(7)
P = 1, () + Fy(0)

(2.87)

Furthermore, we need to introduce the Recall (R), which quantifies the fraction of correct
predictions relative to the total number of ground truth instances for a given class i, also
conditioned on a predefined confidence level T. Mathematically, the Recall (R) is defined
as [111]:

TP; (7
Ri(7) := TP, (1) —lk(Fi\L(T) . (2.88)
With the precision and the recall we can generate the precision-recall curve. Each point
on the curve corresponds to a different confidence level T used to classify predictions as
positive. As T decreases the recall increases and the precision typically drops. The Area

Under the precision-recall Curve (AUCSPR)) can be determined by:

1
AUC® = / Pi(R;) dR; = — / P;(R;(7)) dr . (2.89)
0

Since the derivative of the recall with respect to the confidence level is non-positive, the
(PR)

area under the curve, AUC; ", is strictly positive.

If we perform this analysis of the precision-recall curve for each class i, then we can
compute the mean Average Precision (mAP) as [111]:

mAP:= — Y AUG™ . (2.90)

As the integral in Equation (2.89) is generally intractable in closed form, it is commonly

approximated based on a discrete set of samples drawn from the precision-recall curve.

In this case, the AUCEPR) is denoted as the Average Precision (AP).

Uncertainty quantification in machine learning

The goal of uncertainty quantification in machine learning is to characterize the conditional
probability density function (pdf) P(#|%) of the predicted neural network output § given
the instance input £. Mathematically, this conditional pdfis characterized by marginalizing
over the training data set {x, y} and the weights w:

P(9|%) = fffp(g|w,x,y,ﬁ)-73(w|x,y) Plylx) P(x) drdydw.  (291)
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Very fundamentally, the total predictive uncertainty of a neural network can be decom-
posed into an aleatoric and an epistemic uncertainty contribution [80].

The aleatoric uncertainty contribution arises if a non-deterministic prediction problem or
noise is considered. In this case, the second central moment of the conditional pdf P (y|x)
is non-zero, which results in an irreducible uncertainty contribution to the total prediction
uncertainty. On the other hand, if the underlying mapping from the input x to the
output y is given by an arbitrary function and there is no noise in the data generation
process, then the conditional distribution P (y|x) collapses to a Dirac-delta distribution
and the aleatoric uncertainty contribution annihilates. This also indicates that the aleatoric
uncertainty contribution is reducible if the data quality in terms of the signal to noise
ratio is enhanced. The aleatoric uncertainty component can be determined by learning
the conditional distribution P(y|x) of the target output quantity y across the feature
domain x. To do so, one possibility is to extend the output space, such that a pdf is
learned instead of a point-wise estimate §j. Commonly, the output pdf is approximated
as a Gaussian pdf, wherefore the corresponding standard deviation serves as a measure
of the aleatoric uncertainty component. The parameters of this Gaussian pdf can be
obtained by maximizing the likelihood of the pdf parameters given the observed data,
which is equivalent to minimizing the negative log-likelihood. As an alternative post-hoc
procedure, data augmentation has been proposed by Wang et al. [177] to estimate the
aleatoric uncertainty component. This method does not require architectural changes as
the conditional distribution P (y|x) is approximated by Monte-Carlo sampling from prior
distributions on the parameters of an image acquisition model, which considers image
transformations and noise corruptions.

The epistemic uncertainty contribution characterizes the approximation uncertainty,
which arises from the difference between the infimum in the loss landscape and the local
minimum, where the neural network training converged given a certain training data
set {x, y}. Generally, the epistemic uncertainty contribution is reducible by increasing
the sampling rate in the dataset manifold under constant signal to noise ratio. This can be
achieved by simply capturing more training data [80] or by isentropically augmenting
the existing dataset via geometrical transformations for example [156]. Mathematically,
the epistemic uncertainty contribution is quantified by the conditional pdf P(w|x,y).
Bayesian neural networks include this conditional probability into the network architecture
by assigning a pdf to each individual weight between two neurons [118]. Learning a
distribution on the weights is similar to having an infinite ensemble of networks. During
inference, each of the weights is sampled from their corresponding pdf. The epistemic
uncertainty contribution can then be estimated by performing several forward passes,
which leads to the posterior distribution. In order to learn the prior weight distributions,
Bayes rule can be employed. It paves the way for iteratively updating the prior according
to the observed training data. The posterior could be analytically calculated if the data
likelihood (aka. evidence) is known. Unfortunately, the data likelihood requires the
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integration over all possible network parameterizations rendering the integral to analytical
unsolvability. Therefore, the posterior distribution is commonly approximated. There are
two main approximation techniques, which are variational methods and sampling-based
methods.

The idea of variational inference is to learn a simpler distribution with a new set of
parameters (variational parameters) to approximate the true posterior distribution [7].
In order to do so, the Kullback-Leibler divergence between the posterior distribution —
utilizing the simpler distribution for the weights — and the prior distribution serves as
an additional regularization loss term. The total loss is then denoted as the Evidence
Lower Bound (ELBO). Unfortunately, the approximation method is associated with a high
computational cost because twice as many parameters must be trained in the baseline
scenario of a Gaussian prior distribution.

Monte-Carlo Dropout [52] is a promissing alternative to variational inference as it does not
require to introduce additional trainable parameters, which reduces the computational
cost significantly [52]. It works as the standard Dropout technique for regularization [157],
where units from the network are randomly dropped, but it is employed during inference
instead of training. This results in several sub-networks of the original network [52].
By sampling several times with the same input instance, an approximation of the
Bayesian posterior distribution can be reconstructed. The second central moment of this
approximated distribution directly estimates the epistemic uncertainty contribution [135]
of the total predictive uncertainty.

Fundamentally, Monte-Carlo Dropout can also be understood as an ensemble of different
networks with shared weights. This gives rise to the idea of Deep Ensembles, where an
ensemble of congruent network architectures are independently trained with distinct
initialization [107]. Hence, a set of different optimal weight tensors is obtained, which
leads to a distribution over the prediction result for the same instance. This distribution
approximates the Bayesian posterior distribution [107] in a similar fashion as Monte-Carlo
Dropout. Finally, the combination of Deep Ensembles and Monte-Carlo Dropout offers an
efficient way to increase the sample size for a more robust approximation of the Bayesian
posterior distribution [161].

Nevertheless, a major downside of the Deep Ensembles approach is the computational
overhead generated during training and inference by the utilization of several models
that sample the hypothesis space [80]. This problem has been addressed recently in the
work of Landgraf et al. on Deep Uncertainty Distillation using Ensembles for Semantic
Segmentation (DUDES) [109]. They propose a student-teacher distillation framework
where the Deep Ensemble model, referred to as the teacher, is used to guide a less complex
model, known as the student, in estimating the ensemble-based predictive uncertainties.
This significantly reduces the inference time because only one forward pass is required and
the information about the posterior distribution is distilled into the student neural network,
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wherefore the calibration quality of the predictive uncertainty estimate is maintained.
This concept has been further extended by the student-teacher distillation framework
for efficient multi-task uncertainties, referred to as EMUFormer [108]. They employ a
Deep Ensemble of transformer-based multi-task networks for semantic segmentation
and monocular depth estimation (termed as SegDepthFormer) to evaluate the predictive
uncertainty. The backbone of this methodology is the idea of enhancing the generalization
capabilities of a neural network by multi-task learning. With the SegDepthFormer
architecture they demonstrated that this idea can be transformed to the network calibration
and the results indicate less biased predictive uncertainty estimates in terms of the mean
Expected Calibration Error (mECE, defined in Section 2.4.5) if multi-task learning is
employed.

The superiority of sampling-based methods (particularly Deep Ensembles) over variational
methods in terms of the uncertainty calibration error can be explained by the loss
landscape [49]. By utilizing an ensemble of neural networks, it is possible to explore
several valleys within the loss landscape, wherefore the approximated Bayesian posterior
distribution contains information about several modes in the hypothesis space [80]. In
contrast, variational methods capture the local uncertainty around a single mode as the
prior assumption of a Gaussian distribution limits the correlation length.

The implicit limitation of the hypothesis space by the selection of a particular neural
network architecture gives rise to a third uncertainty component, namely the model
uncertainty. The model uncertainty is of epistemic nature as the approximation uncertainty
because it is reducible by considering more sophisticated neural network architectures.
Due to the implicit limitation of the hypothesis space it is even possible that the groundtruth
functional relationship, underlying the data generation process, is unachievable by the
neural network even in the case of infinite training data. Mathematically, we can account
for the model uncertainty by marginalizing the conditional pdf P (#|£) over the hypothesis
space h:

P(h|%) = ffffp(ﬂh, w,x,y, %) P(wl|h,x,y) Ply|x) - P(x) - P(h) dx dy dw dh . (2.92)

The distribution P (h) over the hypothesis space is sometimes referred to as a second order
distribution w.r.t. the outcome # [80]. In the simplest case, second order distributions
describe the uncertainty in the parameter estimates that parameterize the pdf of an
underlying random variable [21]. As an example, the sample variance represents an
unbiased estimator for the true variance of a random variable. But this estimation also
comes with an uncertainty, wherefore the sample variance itself underlies a pdf [192]. In
detail, according to the Cochran theorem [30], the normalized sample variance follows
a )(,2, distribution with v degrees of freedom. In a nutshell, second order random
variables generate distributions of distributions in order to reflect the uncertainty in the
quantification of the parameterization of the underlying pdf. Now, in the context of
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the hypothesis space #, this definition of second order distributions can be generalized
to assign a probability to each possible realization of the parameter space described by
the conditional pdf P(w|h, x,y). This implies that the conditional pdf P(w|h, x,y) is
not confined to a multivariate distribution with a single parameter vector. Instead, the
parameters itself are considered as distributions in the hypothesis space, which accounts
for the uncertainty in selecting the right type of model based on prior background
knowledge [80]. Due to the high information capacity of deep neural networks, the
approximation uncertainty generally dominates over the model uncertainty [80], which
reflects the universal approximation capabilities of deep neural networks theoretically
motivated by the Weierstrass approximation theorem [182].

In summary, the total predictive uncertainty, composed of the aleatoric uncertainty
contribution generated by the spread of the conditional pdf P(y|x) and the epistemic
uncertainty component induced by the non-zero width of the conditional pdf P(w|x,y),
can be determined by applying the law of total variance [183]:

VAR [§] = VAR[E[§ | £]] + E[VAR [§ | £]] . (2.93)

Here, the aleatoric uncertainty component E [VAR [§ | £]] can be estimated by predicting
the variance VAR [ | £] alongside the target mean E [§} | £]. By averaging this variance
estimate over several forward passes with the same input instance £, we can finally
approximate the expected aleatoric uncertainty component E [VAR [ | £]]. Furthermore,
the epistemic uncertainty component VAR [E [ | £]] can be estimated by sampling several
times from the weight distribution P (w|x, y) in a Bayesian manner and by computing the
variance across the set of predictions drawn from the posterior distribution. As a result,
the sum of both uncertainty components provides us a statistically sound estimate for the
total predictive uncertainty of the neural network [92].

So far, we have analyzed the total predictive uncertainty by computing the conditional
pdf P(|®), which entirely determines the statistical behavior of the predicted output §
given an input instance £. From a metrological point of view, we would like to map the
conditional pdf P(#|£) to a scalar uncertainty value, which is typically done by evaluating
the second central moment that quantifies the width of the distribution. But this procedure
already makes implicit assumptions about the shape of the pdf (in particular single mode,
Gaussian like), which is not guaranteed for highly non-linear functions modeled by neural
networks. As a consequence, the total predictive uncertainty estimates from the Bayesian
approach might be biased, which results in high uncertainty calibration errors. Hence,
the mapping from the conditional pdf P(#|#) to a scalar uncertainty measure should
ideally account for the entire shape of the pdf. The Shannon entropy [152] provides a
corresponding measure for it. The Shannon entropy is defined as the expected Shannon
information and quantifies the information gain obtained by knowing the pdf relative to
the case where no information about the system is known a priori (uniform distribution).
In addition, the Shannon entropy has important mathematical properties: non-negativity,
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reaching a maximum for the case of a uniformly distributed P (#|#£) and invariance under
permutations in the label space ) [34]. The Shannon entropy H in the discrete case
(normalized by log(K) - which is the entropy for a uniform distribution over K classes) is
defined for each prediction instance as:

N
R [p(019)] 1= ~ 1oy L Pu(912) g (p(919)) 2.94)

i=1

Here, p;(§|£) denotes the i-th sample drawn from the conditional probability mass
function (pmf) p(#|#), which is the discretized version of the conditional pdf P(#|%).

From an information theory point of view, the total predictive uncertainty, quantified
by the Shannon entropy, can also be decomposed into the aleatoric and the epistemic
contribution [38, 80, 178]:

(2.95)

as done for the total variance in Equation (2.93). The first term denotes the expected
conditional entropy and describes the aleatoric uncertainty contribution, which refers to
the stochasticity in the underlying data-generating process. The second term is determined
by the expected Kullback-Leibler divergence and characterizes the epistemic uncertainty
component, which quantifies the information gain w.r.t. the model weights w if the uncon-
ditional distribution would have been known a priori. The model uncertainty component
introduced in Equation (2.92) can also be accounted for in the decomposition of the
Shannon entropy as a third term, which is referred to as the Bregman decomposition [128].
Since the groundtruth functional relationship between x and y is not known a priori,
the Kullback-Leibler divergence between the groundtruth and the posterior distribution
needs to be approximated to quantify the bias. We will propose an alternative strategy to
estimate this bias term by utilizing the AUSE methodology in Chapter 8.

Unfortunately, recent studies [128, 188, 67] showed evidence on the violation of the
disentanglement between the deduced uncertainty contributions (aleatoric and epistemic),

which indicates an inherent inconsistency in the above-mentioned methods.

If semantic segmentation is the target application — as it is the case in this thesis — then
quantifying the total predictive uncertainty of the neural network by the Shannon entropy
might be questionable. The argument against utilizing the Shannon entropy can be
demonstrated by a thought experiment. Consider a classification problem with three
different classes. If the softmax output assigns 95% of the probability mass to the most
likely outcome then, according to the Shannon entropy, the total predictive uncertainty
lies in the range of [18.1%, 21.2%]. The degree of freedom in this setup lies in the
allocation of the probability mass over the two remaining classes. If the trainable neural
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network parameters are determined by minimizing the negative log-likelihood, which is
equivalent to minimizing the cross-entropy loss during training, then only the softmax
output regarding the groundtruth label is considered. The distribution of the remaining
probability mass over the wrong classes does not influence the loss at all. This gives rise to
the idea of exclusively utilizing the maximum softmax output as a measure of prediction
confidence and the complement as an uncertainty measure respectively, as defined by the
variation ratio (V) [117], given by:

V:=1—max p(9|%) . (2.96)

By doing so, the dependency on the probability mass distribution over the remaining
classes is lifted and the degree of freedom is annihilated. We will investigate the differences
between point-wise predictive uncertainty estimators and entropy-based uncertainty

measures for semantic segmentation in more detail in Chapter 8.

Neural network uncertainty calibration

For introducing the baseline concept of neural network uncertainty calibration for semantic
segmentation, let us consider a multi-class setting with K classes. We will assume that a
neural network model has been trained to predict pixel-wise classes i and the conditional
pmf p(7|®) is estimated by an arbitrary uncertainty quantification method as elaborated
in Section 2.4.4. The predicted confidence for the most likely class max p(7|£) € [0, 1]
is expected to match the model accuracy c if the neural network is calibrated [70].
Mathematically, this calibration condition on the model confidence can be expressed as:

P (7 =E[y|®] | c=max p(J|®)) =c, VYce][0,1]. (2.97)

This implies that if the model prediction is made with a confidence of max p(77|%) = 80%
for 100 repeated experiments, then the average accuracy should also amount to ¢ = 80%.
Hence, the observed model accuracy serves as the expected model confidence, which
should be assigned to the prediction a priori.

A complementary approach to quantify the miscalibration in uncertainty was introduced
as a direct extension of Equation (2.97) by Laves et al. [110], where it was formulated
that a model, which predicts an uncertainty of H [p(7|%)] = 20% for 100 repeated
experiments, would similarly lead to an average error of 4 = 20%. This gives rise to the
idea of introducing an alternative calibration condition tailored for predictive uncertainty
estimates:

P9 +#Eyl2] [q=H[p(@H®)])=q, Vq€(0,1]. (2.98)

Here, H denotes an arbitrary measure for the predictive uncertainty, but most commonly,
the Shannon entropy (2.94) is employed.
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Unfortunately, the predictive uncertainty measures presented in Section 2.4.4 are not
perfectly calibrated a priori due to the implicit assumptions made in the uncertainty
quantification process. As a consequence, additional measures are required that assess the
quality of the uncertainty/confidence calibration given a particular uncertainty/confidence
measure. Subsequently, we will introduce several calibration quality measures used
within this work, which aim to quantify the violation of the calibration condition out-
lined in Equation (2.97) for confidence, and introduced in the context of uncertainty in
Equation (2.98).

Expected Calibration Error (ECE)

The expected calibration error (ECE), introduced by Naeini et al. [139] is the weighted and
binned average of the difference between the model accuracy and the softmax likelihood
of the prediction. The ECE is defined as:

ECE = % |Bnm| lacc (By,) — conf (By,)| , (2.99)
m=1

where the model’s predictions from the softmax function ¢ are binned into M bins B,
of equal width in the range [0,1] and the total number of predictions is denoted by n.
The absolute difference between the bin-wise average accuracy acc (B,;) and average
confidence conf (B,,) weighted by the fraction of predictions present in each bin results
in the ECE. This procedure is repeated on an image by image basis, as each instance
should be analyzed independently. The mean ECE (mECE), obtained by averaging over
all instances of the test dataset, is finally reported. Nixon et al. [137] expose drawbacks of
the ECE in estimating the true calibration error, attributing the binning of skewed data
into a fixed calibration range as one of the causes. Also, they empirically observe that the
calibration loss surface has its respective minimum for the Negative Log-Likelihood (NLL)
and the ECE at different temperatures, hinting at the decoupling between different metrics
that Section 8 investigates in more detail.

Uncertainty Calibration Error (UCE)

Analogous to the definition of ECE in Equation (2.99) and its interpretation, the expected
uncertainty calibration error (UCE) can be expressed as the weighted and binned average
of the difference between the model error (modeled as the complement to the model
accuracy) and the total uncertainty in the prediction (usually quantified by the Shannon
entropy). Mathematically, the UCE is given by:

M
UCE = ) ‘B:‘ lerr (B,,) —unc (By,)| - (2.100)

m=1
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Here, err (By;) =1/ |Bu| Licp, 1 (Ji # E[yi|%;]) determines the binwise error and the
binwise total uncertainty is characterized by unc (By,) := 1/ |Byu| Licp, H [p(7i|%i)]-

Area Under the Reliability Error Curve (AUREC)

The area enclosed between the reliability curve and the expected diagonal in case of

perfect calibration is defined as the Area Under the Reliability Error Curve (AUREC).

As the area is discretized by the binning operation, the AUREC equals the ECE if the
weighting factor w.r.t. the bin cardinality is replaced by the bin width.

Uncertainty Calibration Score (UCS)

The idea of assessing the areal deviation was originally introduced by Wursthorn et al. [196]
for estimating uncertainty calibration in a pose estimation problem by the Uncertainty
Calibration Score (UCS). As pose estimation is a regression problem, the UCS is adopted
to the reliability diagram in a classification problem by utilizing the AUREC. Hence, the

UCS is redefined as:
AUREC

Amax

The worst possible case of calibration corresponds to the maximum enclosed area

UCS=1-— (2.101)

of Amax = 0.5 for classification tasks. As the calibration metrics ECE and UCE are
terminologically very similar to UCS, CCQS (Confidence Calibration Quality Score) is
used for the confidence-based reliability diagrams and UCQS (Uncertainty Calibration
Quality Score) substitutes UCS for uncertainty-based calibration curves.

Area Under the Sparsification Error curve (AUSE)

Sparsification refers to the sequential removal of elements from the validation set, sorted
in descending order based on a predictive uncertainty measure. A sparsification curve
is computed as a function of sparsification. In the context of multi-class classification, if
such an uncertainty measure that attempts to estimate the uncertainty works optimally
as intended, then the wrongly classified instances (the sum of false positives and false
negatives) are targeted first by the measure. As soon as the sparsification process has
removed all wrongly classified instances, the target key performance indicator should be
maximized. A sparsification curve obtained from such a flawless uncertainty measure is

the oracle curve. It is the theoretical upper bound of all sparsification curves.

The sparsification error curve is obtained as the difference between the oracle curve and
the sparsification curve utilizing a predictive uncertainty measure. It is common to use the
Shannon entropy from Equation (2.94) as an uncertainty measure to sort and subsequently
sparsify the predictions. Finally, a proper scoring rule like the Brier score [59] can be used
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to evaluate the remaining predictions in the validation set [71]. An alternative approach is
to evaluate the sparsified predictions directly with the IoU and to interpret the complement
to the softmax likelihood as the predictive uncertainty measure in accordance with the
Variation Ratio (2.96). Dreissig et al. [42] employ this approach since it eliminates the
conundrum that arises out of the difference between the nature of uncertainty quantified
by Shannon entropy and the variation ratio - while the entropy considers the entire
probability vector, the variation ratio considers only the uncertainty associated with the
top-1 class predicted by the model [43].

Finally, the integral of the sparsification error curve, defined by the difference between the
oracle and the sparsification curve, results in a scalar calibration measure denoted as the
Area Under the Sparsification Error curve (AUSE).

Temperature Scaling

The calibration quality measures introduced so far give us the possibility to evaluate the
trustworthiness of an arbitrary uncertainty measure. As a next step, we want to introduce
calibration methods — in particular temperature scaling — in order to correct the bias,
which some uncertainty measures might entail. Post-hoc methods to calibrate a trained
model’s predictions are broadly classified into non-parametric and parametric calibration
methods. Generally, non-parametric methods do not preserve the model accuracy, which
is undesirable. Parametric approaches like Platt scaling [142] and its multi-class extension
temperature scaling [70] are popular yet straight-forward approaches that employ a global
scalar parameter referred to as the temperature T to rescale the logits vector produced
by the penultimate layer E of the model. The optimal temperature is determined by
minimizing the negative log-likelihood. An advantage of temperature-scaling-based
methods is that logit-rescaling does not alter the ranking of the prediction vector p(7|%),
thereby preserving the model accuracy. This invariance of the temperature scaling
methodology regarding the predicted class manifests itself mathematically as:

argmax o (E (w,£)) = argmax o (M) . (2.102)
K K T

Although recent empirical studies have shown that temperature scaling can be surpassed

in performance by certain training-time approaches like label-smoothing [134], these are

computationally intensive and also unfeasible to apply to black-box models [130]. This

supports the continued use of temperature scaling and its successor (in terms of improved

expressiveness) parameterized temperature scaling in ongoing research [167].
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The phrasing of the parameter T as a temperature is not by accident. In statistical physics,
the reciprocal temperature describes the derivative of the entropy H w.r.t. the internal
energy E [62, 131]: oy

1

T'=3F - (2.103)
This implies that atoms move slowly and occupy minimal-energy states for low tem-
peratures. As temperature rises, atoms gain energy, which makes higher-energy states
accessible and the state variability increases. This concept can be transferred to the Al
world by substituting the thermodynamical entropy with the Shannon entropy [152]
from information theory. As an example, in Al language models, temperature controls
the variability in word predictions [197]. The model predicts a likelihood for each word
within the vocabulary and the subsequent word is chosen randomly according to the
predicted pmf. Calibrating the model with a temperature of zero leads to deterministic
behavior and complete repeatability. Increasing the temperature allows words with lower
likelihoods to still have a chance, creating more diverse results. This process mirrors the
Boltzmann distribution in physics, where states are sampled based on energy levels. In Al,
the Softmax function performs a similar task, treating model logits as negative energies.
Higher temperatures broaden the probability distribution, making all outcomes more
equal, while lower temperatures sharpen the probability distribution.

Explainable Al

Deep convolutional neural networks are inherently highly non-linear, wherefore it is
generally difficult to assess the global sensitivity of the model predictions on single input
features. One way to tackle this problem is by considering the outcome of the model with
and without a particular feature. If all input feature subsets S are considered regarding the
marginal contribution of feature i to the sub-coalition performance then the correlations
between different features are inherently incorporated. Averaging the weighted marginal
contribution of feature i over all possible input feature coalitions of different cardinality
results in a sensitivity metric, which fulfills all fairness properties in game theory namely
the efficiency-, symmetry-, linearity- and the null player condition [150]. This sensitivity
metric was initially introduced by Shapley [153] in the field of economics and has been
widely adopted in the explainable Artificial Intelligence (AI) world since an approximative
evaluation method was found by Lundberg & Lee [116]. In general, the Shapley value ¢
for feature i and objective function E is determined under a particular input feature
set M. Hence, the Shapley value is a local explanation method [127], which describes
the feature effect by quantifying the direction and magnitude of the local gradient in the
feature space. As a consequence, if the entire feature space is sampled equidistantly, then
the Shapley values will generate a distribution for each input feature i. The shape of the

2.4 Fundamentals of machine learning

51



2.5

52

Shapley distribution for feature 7 in contrast to feature j might indicate differences in the
global feature importance for the neural network inference. The Shapley values:

(2.104)

_ <\Mf\ —1)1 B(SUi}) —&(S)]
scatay \ IS | M| '

are determined by weighting the individual coalition merit with the inverse of the binomial
coefficient, which quantifies the number of sub-coalitions with cardinality |S|.

Chatterjee’s rank correlation measure

Within this thesis we want to study how optical quality measures of the windshield
correlate to the performance drop of convolutional neural networks, which they experience
due to the implicit data set shift generated by optical aberrations. The non-linear correlation
between those KPIs can be quantified by the Chatterjee’s rank correlation measure [26, 155].
We will shortly address the theoretical foundations of the Chatterjee’s rank correlation
measure as it will be required in order to select the most suitable optical metric.

In order to quantify the correlation between two input signals, suppose x and y, the Pearson
correlation coefficient p is typically employed. Unfortunately, the Pearson correlation
coefficient is restricted to linear relationships. In order to evaluate the non-linear correlation
between the two signals — in our case ‘optical quality” and "Al performance’ — alternative
metrics are required. A very fundamental definition for non-linear correlation measures
is given by the Dette-Siburg-Stoimenov’s rank correlation metric (¢, ) [155] defined as:

(VAR [E, [1420(v) | 2] I pat, (1))
(VAR, [11,2 ()] | pdf, (1))

& (&) (2.93) 1 <Ex [VARy [1{y2t} (v) | x” | pdfy(t)>
n <VARy [1{y2t}(y>] |pdfy(t)> '

(Cn) =
(2.105)

The quotient of the second term is given by the expected unexplained variance over
the expected total variance. According to the law of variance decomposition [183], the
total variance VAR [y] is given as the sum of the explained variance VAR [E [y | x|] and
the unexplained variance E [VAR [y | x]]. If there is a functional relationship between
x and y (without any noise) then the unexplained variance vanishes. The expectation
value of the unexplained variance of the indicator function 1y, (y) over the distribution
of y is required in order to scan through all possible ranking thresholds t according to
their likelihood. Hence, the Dette-Siburg-Stoimenov’s correlation coefficient is a rank

correlation metric.
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Equation (2.105) is hard to evaluate numerically given a discrete sample. The Chatterjee’s
rank correlation coefficient ¢ [26] presents an approximation of (§,) that converges to the
expectation value as the sample size n — co. The Chatterjee’s rank correlation coefficient

is given by:
nil |7 il ri= i 1
Epi=1— g : 1:;; with: 4 =1 s} (2.106)
i; li(n—1) li = j; 1{%2%} .

From theory to practice: Chatterjee vs. Pearson correlation

In order to demonstrate the powerfulness of the Chatterjee’s rank correlation measure, a
toy example case study is presented. Suppose the following test function:

(2 — cos (10x) , x € (—o0, —271) U (271, 00)

10
Y= 12 4+ ngl sin (nx) , x € [-27, 0) (2.107)

12 — 120 sin(nx) , x € [0, 271] .

\ n=1

Additionally, the function is disturbed by random noise sampled from a Gaussian with
zero mean and a standard deviation of oz = 0.3. The corresponding graph is visualized in
Figure 2.11 for x € [—10, 10] sampled uniformly and the corresponding Chatterjee’s rank
correlation measure amounts to {1991 = 0.824 considering n = 1001 samples.

—— Chatterjee cor. £ = 0.824, Pearson cor. p = -0.001
Chatterjee cor. £ = 0.81, Pearson cor. p = -0.001

900 -75 -850 -35 00 25 50 75 10.0
x/1

Figure 2.11: The Chatterjee’s rank correlation measure § is compared to the Pearson correlation
coefficient p for the test function presented in Equation (2.107). The red curve
indicates the functional relationship with Gaussian noise applied to it. Furthermore,
subsamples are added randomly at the discontinuity (x = £277) to demonstrate the
sensitivity of ¢ on the unexplained variance contribution, depicted by the blue dots.
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If the Pearson correlation coefficient is evaluated in comparison, it can be noticed in
Figure 2.11 that p almost vanishes. This indicates the insufficiency of p for non-linear
relationships.

Since the Chatterjee’s rank correlation measure quantifies the amount of unexplained
variance within the sample, it is expected that ¢, reduces if multiple samples are drawn
within the discontinuity at x = £27r. This is also illustrated in Figure 2.11, where
Nsup = 100 subsamples were randomly added within each discontinuity increasing the
unexplained variance contribution. The decay of ¢, with increasing cardinality of the
inserted subsample at each discontinuity is studied more systematically in Figure 2.12.

1.0

0.8
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Chatterjee correlation £/ 1
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Rel. cardinality of discontinuity / %

Figure 2.12: The Chatterjee’s rank correlation measure ¢ is shown as a function of the relative
cardinality of the subsample inserted at the location of the test function discontinuity
atx = 27
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BOS imaging for tilt correction

This chapter includes elements with editorial changes from

[192] Dominik Werner Wolf, Markus Ulrich, and Alexander Braun. “Novel develop-
ments of refractive power measurement techniques in the automotive world”. In:
Metrologia 60 (6 Sept. 2023). 1ssn: 0026-1394. por: 10.1088/1681-7575/acfla4. URL:
https://iopscience.iop.org/article/10.1088/1681-7575/acfla4

marked with a purple line and includes elements with editorial changes from

[191] Dominik Werner Wolf, Boris Thielbeer, Markus Ulrich, and Alexander Braun.
“Wavefront aberration measurements based on the Background Oriented Schlieren
method”. In: Measurement: Sensors (2024), p. 101509. 1ssn: 2665-9174. por: https:
//doi.org/10.1016/j.measen.2024.101509. URL: https://www.sciencedirect.
com/science/article/pii/S2665917424004859

marked with a green line.

In this section, we want to address the impact of the tilting operator 7 as introduced in
Section 1.2. In general, the perturbation operator H, which characterizes the imaging
process, is influenced by the ADAS camera as well as the windshield. Hence, the tilting
operator 7~ is composed of the tilt component induced by lens distortions of the ADAS
camera and the tilt component generated by distortions of the windshield. The camera tilt
component can be corrected for by considering non-linear intrinsic parameters during the
camera calibration process at the supplier site. By applying standard, non-linear correction
schemes [158] a rectilinear mapping can be ensured suppressing the lens distortion to
insignificance. Consequently, we are left with the challenge to characterize the tilt
component induced by the windshield, which is generally too severe to be disregarded a
priori [173].

The aberration pattern of windshields typically demonstrates significant spatial variations.
This also generates local tilt components —if we consider the Zernike coefficient framework
presented in Section 2.1.1 — which drives optical distortions that lead to a non-conformal
mapping, e.g. a curvilinear mapping. In detail, conformality is given if the Jacobian matrix
of a coordinate transformation can be expressed as a positive scalar (magnification) times
an orthonormal matrix (rotation). In order to restore conformality, we will propose a non-
parametric, grid-based rectification of the optical distortions induced by the windshield.

55


https://doi.org/10.1088/1681-7575/acf1a4
https://iopscience.iop.org/article/10.1088/1681-7575/acf1a4
https://doi.org/https://doi.org/10.1016/j.measen.2024.101509
https://doi.org/https://doi.org/10.1016/j.measen.2024.101509
https://www.sciencedirect.com/science/article/pii/S2665917424004859
https://www.sciencedirect.com/science/article/pii/S2665917424004859

3.1

56

This procedure requires high-resolution, point-wise deflection vector maps as an input.
In the following sections, we will demonstrate that this information can be provided
by utilizing Background-Oriented-Schlieren (BOS) imaging [172, 144, 58]. The novel
BOS measurement procedure employed is based on a cross-correlation algorithm and
a speckle pattern. In order to ensure the comparability and traceability of the obtained
results, we will investigate the first spatial derivative of the deflection vector maps, which
corresponds to the local refractive power of the windshield. For the refractive power,
well established measurement procedures exist but they lack on capturing the aberration
pattern as seen by the ADAS camera. As an example, Figure 3.1 visualizes the refractive
power distribution across the field of view of a commercially available ADAS camera. It
is evident that there is a non-zero refractive power gradient in the vertical as well as in the
horizontal direction, which demonstrates the amplification of the refractive power with
the varying angle of field according to the Kerkhof model, introduced in Section 2.2.2.

Horizontal refractive power D, / mdpt

-40 -30 -20 -10 0 10 20

y/ mm

X/ mm

Figure 3.1: Horizontal refractive power measurement of the camera window area of a standard
windshield. The fan-shaped aberration pattern, caused by the parallel float lines of
the windshield, reflects the varying incident angles across the field of view of the
ADAS camera.

Related work

Classical distortion correction methods [31, 19, 18, 20] strictly differentiate between rota-
tionally symmetric and asymmetric distortions. The rotationally symmetric contribution
can be further decomposed into radial and tangential distortions [115]. As the typical op-
tical system in photogrammetry consists of a camera with a nominal rotational symmetric
objective lens, the rotationally symmetric distortion is generally assumed to dominate
over the asymmetric distortion [200, 115]. The rotationally symmetric contribution is
modeled by distortion functions, which exclusively depend on the radial coordinate
referenced to the location of the center of distortion. This center of symmetry does not
need to be congruent with the optical axis, but it is highly questionable if such a point
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even exists for distortions induced by the windshield (see Figure 3.1). Hence, for the
particular optical setup we are concerned with, the radial symmetry is broken to such
a high degree that rotationally symmetric correction schema are condemned to failure.
Asymmetric distortions are addressed by different parametric models, e.g. Brown [19, 18]
introduces two parameters to characterize distortions arising from the misalignment of the
lenses within the camera objective lens [115]. In order to account for additional sources of
asymmetric distortions (e.g. due to the lack of image-plane flatness), the complexity of the
parametric model can be increased. Typically, this is done by introducing supplementary
parameters that allow for a higher degree of freedom of the model [20, 174]. This implicitly
allows the model to capture higher frequencies in the Fourier space of the distortion map.
Nevertheless, those parametric, asymmetric distortion models are still highly limited in
terms of the baseband bandwidth, which is critical for immensely spatial-varying aberra-
tion patterns as those imposed by the windshield. As a consequence, a non-parametric,
grid-based rectification strategy for the windshield’s distortions is recommended in order
to account for the limitations of parametric distortion models in capturing local features
of the distortion map.

Such a non-parametric, grid-based rectification strategy has already been employed
successfully for Head-up-Displays (HUD) in the automotive industry. Here, distortions
are introduced due to the reflection on the windshield inner-surface and they are actively
compensated by inverting the distortions in the image on the display of the imaging unit,
which is commonly known as warping [184, 186]. The required measurement information
about the local deflection map is obtained by capturing an image of a reference pattern
with a camera end-of-line. For the camera window area, an end-of-line measurement is
not favorable as the hyperfocal distance of standard telephoto cameras in the automotive
industry is in the order of 60 m. Hence, to measure the high-resolution local deflection
maps of the windshield a priori, we will explore in this Chapter a novel measurement
procedure based on BOS imaging [172, 144].

Standard refractive power measurement devices in the automotive industry are highly
resolution limited [192], wherefore the measurement information is insufficient for
compensating the effect of the windshield’s tilting operator. BOS imaging possess the
potential of resolving this limitation in resolution and implicitly accounts for the varying
incident angles across the field of view of the ADAS camera as visualized in Figure 3.1.
The contribution of this Chapter is to demonstrate that BOS imaging can be adapted for
refractive power measurements, delivering results comparable to established standard
refractive power measurement systems in the automotive industry, which align with
the UN/ECE-R43 [148]. Furthermore, a calibration procedure, based on the Kerkhof
model presented in Section 2.2.2, is experimentally tested for ensuring the traceability
of the obtained local deflection maps to international metrological reference standards.
These are key requirements for generating trustworthy measurement results, which is of
utmost importance for safety-critical autonomous driving functionalities. To conclude,
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the baseline distortion correction strategy as well as BOS imaging are widely established
methods but the combination of both approaches to compensate the windshield’s tilt
component generates novelty.

Our proposed strategy to ensure a rectilinear mapping by utilizing high-resolution BOS
imaging for a non-parametric, grid-based distortion correction has recently been explored
by other fields as well [206]. In contrast to our comparability and traceability study
regarding the local refractive power deduced from the distortion map, Zhan et al. [206]
directly analyze the residual rectification error, which amounts to 0.02 px for their specific
setup.

Refractive power measurements based on BOS
imaging

The conclusions drawn from Figure 3.1 motivate the ambition to develop a new mea-
surement scheme, where the ADAS camera is directly part of the measurement setup to
retrieve unbiased deflection maps for the rectification of the windshield’s tilt component.
BOS imaging [172, 144, 44] serves those needs by capturing a speckle pattern with and
without the windshield in the optical path, as visualized in Figure 3.2. By employing a
cross-correlation algorithm, the perturbed reference pattern can be analyzed to extract
high-resolution, point-wise deflection vector maps as required. The corresponding local
deflection angles can then be utilized for determining local refractive power maps by
recalling Equation (2.82), which states that the local refractive power is defined as the first
derivative of the deflection angle.

3000
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Intensity / 1
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Figure 3.2: The reference pattern and the distorted pattern is visualized for the reference lens
under a test angle of € = 59.7°. It is clearly noticeable that the circular reference
pattern is distorted towards elliptical shapes due to the broken symmetry induced by
the inclination angle, which amplifies the refractive power in this particular direction
according to the Kerkhof model.
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The local deflection angles are determined by the ratio of the corresponding deflection
vector component related to the optical path length (as shown in Figure 3.3). Consequently,
a local refractive power map can be calculated by numerical differentiation, which results
in a uniform refractive power distribution in case of the reference lens since the slopes in
Figure 3.3 are location-independent. The last step is a bit more complex than described
because the optical parameters of the setup have to be considered for an accurate result.
For this, the target vector is mapped by a matrix optics approach [76] onto the image
plane. Consequently, this measurement setup implicitly assumes the validity of the small
angle approximation, which breaks down for severe optical distortions. Nevertheless,
for the scope of optical distortions in automotive applications, where D is much smaller
than 1 m~!, the assumption is valid. In addition, the mapping approximates the camera
system as a pinhole camera and the distances between the optical elements are determined
by a camera calibration procedure. Unfortunately, a more detailed description of those
steps can not be given due to confidentiality obligations. The major advantage of this
technique lies in the degree of freedom of choosing an arbitrary axis of interest for the
refractive power calculation. Furthermore, the resolution of the system is only limited
by the areal density of the reference pattern, which is subject to the magnitude of the
distortion. Basically, if the distortions are severe, like in Figure 3.2, then the areal density
has to be high enough, so that the cross-correlation algorithm can still identify enough
reference points on the target for a given subset size. On the other hand, the areal density
has to be low enough in order to guarantee for the discriminability of the reference points

within the pattern.
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Figure 3.3: The horizontal and the vertical component of the deflection vector & is shown for the
reference lens under a test angle of € = 59.7°. The homogeneity of the slopes indicates
an uniform refractive power distribution. The mean refractive power value of the

reference lens over the aperture surface amounts to Dieas = 577 km™ L.
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Cross-correlation

Cross-correlation lies at the heart of BOS imaging, wherefore we want to explicitly
outline the mathematical fundamentals. In the continuous case, the cross-correlation
function C[f, g](dx, dy) between the 2D, real-valued test functions f and g is given by:

Clf, gl(6x, 0y) :== (f(x,y) | g(x + s, y+6y)) - (3.1)

Here, J, and §, denote the lag coordinates and x and y define the domain of the 2D
test functions f and g. Consequently, the cross-correlation function represents the scalar
product between the test function f and the lagged test function g. For our purpose, the
test function f is given by the perturbed pattern I and the test function g is specified by
the reference speckle pattern I. Evaluating the scalar product in the discretized case leads
to [203]:

Y ¥ La(i ) I g(i+6x, j+6y)

A i<oy j<oy
ClL 5, Iz 5)(0x, Oy | 1y, 1y, 0%, 0y) = — — ‘ , (3.2)
Z Z Iy,a(ll ]) Z Z 17’3(1+5x/ ]+(5y)
i<oy j<oy i<oy j<oy

where the test functions are implicitly normalized to evaluate the cross-correlation
independently of the mask-specific intensity level. The approximation of the cross-
correlation formula introduces additional parameters, namely the position vector 7 and
the width vector ¢ of a rectangular evaluation mask. Consequently, I; 7 denotes the subset
of intensity values within the perturbed pattern that fall into the mask with width 7 at
position 7. Hence, the summations across the pixel coordinates (i, j) in Equation (3.2) are
restricted by the mask widths ¢, and ¢;. For each position 7 within the image domain,
the correlation function is computed and the lag coordinates (dy, ;) of the maximum
value are extracted. In order to account for local magnifications, the correlation function
has to be marginalized across the width parameters oy and ;. Hence, for each position 7
a set of correlation functions is computed with different widths. From this set, the
cross-correlation maximum and the corresponding lag coordinates of the maximum value
are recorded element-wise. The maximum cross-correlation across the set is then taken as
the result for the correlation function at position 7 and the corresponding lag coordinates
are extracted. As a result, a 2D map of point-wise deflection vectors & across the image

domain is obtained.

Comparability study

For the sake of comparability, we will subsequently investigate the refractive power
dependency of a reference lens — made and calibrated by ZEISS — on the inclination
angle €. The Kerkhof model introduced in Section 2.2.2 provides an expectation value
for the refractive power amplification factor according to Equation (2.85). In addition
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to the novel BOS imaging setup, employed for measuring unbiased deflection vectors &
in the first place, two standard measurement systems for the local refractive power
are used for the comparability study. In detail, the most established refractive power
measurement technique in the automotive industry is studied, which is based on Moiré
interference patterns [106, 64, 82]. In a nutshell, a fine-line grid is coherently illuminated,
propagated through the windshield and finally mapped onto a secondary line grid with a
rotational offset. Without any optical perturbations of the windshield, the superposition
of the line grid patterns creates a Moiré interference pattern with constant differentiation
length Iy. Due to surface imperfections, optical distortions will perturb the transmitted
line grid pattern and the superposition of the perturbed and unperturbed pattern will
show local deviations from the constant differentiation length ly. The deviation from the
differentiation length Al gives rise to the local deflection angle. The refractive power
map is finally obtained by differentiating the deflection angle profile along the transversal
axes, similarly to the BOS imaging approach. The second refractive power measurement
setup for the comparability study takes up on the proposed methodology by §9.2.1.1.3.
of the UN/ECE-R43 regulation on safety glasses [148]. Very briefly, two parallel light
beams (typically monochromatic laser beams) are propagated through the windshield
and the transversal distance in between is monitored. By employing the matrix optics
formalism [76], the transversal distance can be mapped to the refractive power. We will
refer to the UN/ECE-R43 inspired measurement scheme as the laser-based method.

The deviation from the Kerkhof model is visualized in Figure 3.4 for all three measurement
techniques. The local refractive power measurements obtained from BOS imaging (aka.
cross-correlation method) follow the expected Kerkhof model to the first order.
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Figure 3.4: The relative refractive power deviation with respect to the Kerkhof model is plotted

versus the inclination angle € for different measurement systems at a 95% confidence
level (k = 1.96).
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Nevertheless, there is still a significant bias, which is subject to current investigations.
Most likely the estimators for the distances of the measurement setup, which enter the
refractive power calculation in the matrix optics mapping, are not sufficiently accurate.
Hence, the setup alignment procedure has to be refined. In contrast, the measurement
results from the laser setup are in agreement with the Kerkhof model under consideration
of the measurement uncertainties and do not indicate a bias. Finally, the Moiré interference
method also follows the expectation value given by the Kerkhof model. Nevertheless,
the clustering appears to be slightly biased towards higher values, although this bias is
not significant considering the uncertainty margins specified by the system manufacturer.
If this bias was significant, then the current calibration strategy in place would need a
refinement. Currently, the measurement device using a Moire interference pattern is
calibrated by two reference lenses with 100 km~!, which are traced back to international
standards to ensure a valid calibration chain. The resulting calibration line is assumed
to be valid over the entire measurement range. But the results in Figure 3.4 potentially
contradict this assumption and indicate that the current calibration procedure should be
extended to a non-linear model.

Interim conclusion

A non-parametric, grid-based approach has been proposed to correct optical distortions
induced by the windshield, thereby restoring conformality. As this procedure requires
high-resolution, point-wise deflection vector maps as an input, BOS imaging was studied.
It has been shown that the deflection maps measured by BOS imaging implicitly account
for the varying incident angle across the field of view of the camera. The comparability and
traceability of the obtained results has been investigated by deducing the local refractive
power from the deflection measurements via the first-order spatial derivative. The BOS
imaging approach aligns with the expected behavior described by the Kerkhof model,
except of a bias in the order of 4%. In summary, BOS imaging is a suitable measuring
technique for capturing the windshield’s optical distortions as seen by the ADAS camera.
The corresponding deflection maps fulfill the requirements for the non-parametric,
grid-based rectification of the windshield’s tilt component. This suppresses the tilting
operator 7 to the identity mapping 1. As a result, the perturbation operator # simplifies
to the blurring operator B, which will be the subject of the subsequent Chapters.
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4.1

Limitations of current measures
for windshield inspection

This chapter includes elements with editorial changes from

[193] Dominik Werner Wolf, Markus Ulrich, and Alexander Braun. “Windscreen
Optical Quality for AI Algorithms: Refractive Power and MTF not Sufficient”. In:
2023 IEEE 26th International Conference on Intelligent Transportation Systems (ITSC)
(Sept. 2023), pp. 5190-5197. por: 10.1109/ITSC57777 . 2023 . 10421970. URL:
https://ieeexplore.ieee.org/document/10421970/

marked with a blue line.

The methodology presented in Chapter 3 allows the reduction of the perturbation
operator H to the blurring operator B. Consequently, we are left with the challenge
to safeguard the perception system against the impact of the blurring operator B. As
a deconvolution approach generates an unacceptable system latency [101] given the
limited on-board compute resources in the car, the blurring operator 3 is supposed to be
suppressed by adequate optical requirements. Given this ambition, a natural question
arises: are the current optical quality requirements for the windshield sufficient for
achieving this goal?

Related work

The optical requirements for the homologation of windshields is specified within the
European Union by the UN/ECE-R43 regulation on safety glasses [148]. The latest version
dates back to 2014 and does only account for the tilting operator 7. As described in
Section 1.1, the blurring operator B gains importance due to the recent devolvement of
utilizing telephoto cameras for ADAS/AD applications. As of today, the blurring effect is

not part of any legal homologation requirement but there exist a few recommendations (e.g.

by the IEEE P2020 working group [65] or Tier 1 suppliers), on what could be suitable

measures for quantifying the effect of the blurring operator B on the imaging process.

For example, the MTF ratio evaluated at half-Nyquist frequency is one famous but
controversial proposal in the industry.
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In this chapter, we want to shine some light into this discussion and alleviate the research
gap with our contributions. We will first address the research question, whether the
information content of local refractive power measurements is sufficient to characterize
the optical quality of windshields w.r.t. the blurring operator B. Subsequently, we will
answer the research question: Is the MTF a valid alternative to the local refractive power
for independent windshield quality assessment?

The contributions presented in this chapter are twofold. First, we will demonstrate
that the refractive power evaluates the local curvature (local second order derivatives
of the wavefront) but fails to capture the global aberration pattern across the aperture,
which parameterizes the PSF of the blurring operator 3. Consequently, we will conclude
that the refractive power is not a suitable measure for quantifying the impact of the
blurring operator 3. This statement will be underpinned by a mathematical proof and by

experimental evidence based on a Shack-Hartmann wavefront measurement.

Secondly, it will be mathematically proven that the MTF is invariant under global tilt
aberrations and experimental evidence will be provided for the non-linear interaction
between the windshield and the objective lens of the camera. As a consequence, we will
demonstrate that the MTF ratio is invalid by definition as it inherently applies linear
system theory to a non-linear system. This observation will also lead to the conclusion that
the MTF can exclusively serve as a system-level measure, as the optical components couple
non-linearly, prohibiting the specification of independent part-level requirements.

Refractive power

The refractive power is currently the most established KPI of the windshield w.r.t. optical
distortions described by the tilting operator 7. At this point it has to be emphasized that
the UN/ECE-R43 regulation on safety glasses [148] does not impose a requirement on the
refractive power. Instead a maximum local deflection angle across the windshield surface
is specified according to §9.2.6. of the UN/ECE-R43 [148]. In detail, if the distance between
two parallel light beams is monitored as described in Section 3.2.2, then the local deflection
angle after transmitting through the refractive element has to be smaller than 2’ [148].
This requirement is conditioned on an initial beam displacement of 4 mm according
to §9.2.1.6. [148]. As the local refractive power is defined as the first spatial derivative
of the local deflection angle according to Equation (2.82), the requirement on the local
deflection angle can be translated into a local refractive power requirement by evaluating
the difference quotient. As a consequence, a windshield in the European Union is not
allowed to exceed a maximum local refractive power of 145.4 km ™! = 145.4 mdpt within
the drivers main field of view. Typically, it is industrial practice to adopt this requirement
for the camera window area as well, even though it is not legally binding. Furthermore,
the requirements imposed by the UN/ECE-R43 apply in all possible spatial directions
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but the current standard procedure in the automotive industry is to measure exclusively
along the horizontal and vertical axis. This simplification will generate an invariance
of the local refractive power requirement under certain aberration patterns, which are
typically described in terms of the Zernike polynomials, as introduced in Section 2.1.1.

Even though the local refractive power is utilized as a measure for optical distortions,
it is tempting to investigate the relationship to Fourier optical properties specifying the
blurring operator B. In order to do so, a very important distinction has to be made.
The underlying theory of the blurring operator 3 is described by Fourier optics and is
based on the wave description of light. On the contrary, the tilting operator 7~ originates
from ray optics. A direct consequence of this fundamental difference in the nature of the
perturbation operators is that the blurring operator 3 includes information about the
entire aperture of the optical system and describes the global effect, whereas the tilting
operator 7 quantifies local properties of the optical setup by characterizing directional
deviations of single rays.

The geometric interpretation of the PSF paves the way for connecting Fourier optical
properties with ray optical measures like the refractive power. In Section 2.1 the PSF
was introduced as the impulse response function or the Green’s function of an optical
system. In addition to the Fourier optical approach, where the PSF is obtained as the
Fourier-transform of the aperture function, there is also a ray optics equivalent, which
is referred to as the geometrical PSE. In contrast to the Fourier optical approach, the
geometrical PSF characterizes the blurring ellipse that arises in the observation plane from
local wavefront aberrations in the aperture surface. The area of the blurring ellipse that
encloses the energy fraction C around the focusing spot — in relation to the total amount of
energy entering the system through the aperture at position ¥, — is proportional to the
Gaussian curvature [23] of the wavefront aberration map W at this location [163, 164, 119].
Equivalently speaking, the determinant of the Hessian matrix of the wavefront aberration
map W, at position ¥,, determines the area of the geometrical PSF:

02 . J 0 .
) ax§w(x”) ox: 9 ()
J 0 92 :
| W(fa> 2 W(‘fa)
[T PSF(%,)| d2x, =C dx1 0xp 0x3

The local curvature of the optical path difference map W physically characterizes the rate
of change of the local phase gradients, which induce local deflection angles that equal
those arising from optical distortions if and only if the reference wavefront has been
characterized by a plane wave. Hence, the local curvature of W, with respect to the axis of
interest x;, equals the local refractive power Dy, [163]:

az
D, (%) = —W(X,) . (4.2)
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By adopting this relationship in the Hessian matrix, the connection between the geometrical
PSF and the refractive power becomes evident. In this nomenclature, the Hessian matrix
is also referred to as the dioptric power matrix D [74]. By utilizing basic principles of
linear algebra, the determinant of the dioptric power matrix D can be rewritten in terms

ff 12, (& %[(tr (D)7~ (D?)] .

JJ PSE(%,)

of the traces:

(4.3)

d2x, Le
20

Z,

Here, the second term depends on the mixed partial derivatives of W, which characterize
the rate of change of the local phase gradients in the x-direction as one moves into the
y-direction and vice versa. As the local refractive power is defined as the second spatial
derivative of W, measurements of Dy, do not capture information about the local phase
gradients. Consequently, only the diagonal elements of D are measured and off-diagonal
elements of the Hessian matrix remain untracked. As changes in the trace of D? are not
observable with the measurement information available, the area of the blurring ellipse —
and the imaging quality respectively — can be different for two setups that show the same
measurement results in terms of D,.. This demonstrates that there is a blind spot in the
quality assurance chain at the moment.

This conclusion can be further underpinned by a mathematical argument. The trace of D
is given by:
d
tr (D) = ZDxi(fa) = Aw<fa) . (4.4)
i=1
If we solely observe the refractive power field and assume for a moment that we do not
or cannot measure the wavefront aberration field induced by the windshield, then W
can be treated as a pseudo potential with an implicit gauge freedom. Of course, this
is just a thought experiment because fundamentally a gauge freedom in field theory
is characterized by not changing the physics, which is the case if we manipulate the
wavefront aberration field W. Hence, this argument only holds if we assume that W
is not physically observable or we consider the fact that W is simply unknown since
current specifications for windshields only specify requirements in terms of the refractive
power D. The gauge freedom is manifested by the gauge field I'(¥,), which indicates
that the trace of D is unaffected by wavefront aberration fields fulfilling the Laplace
equation:
AT(%;) =0. (4.5)

Asaresult, the trace of D is gauge invariant under aberration fields I'(¥, ) that are composed
of harmonic functions (2.73). Any mode 7 of the superposition in Equation (2.73) can be
directly correlated to the corresponding Zernike polynomial in Table 2.1 and associated
with it’s physical aberration effect. Hence, the lack of information about the off-diagonal
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elements of the dioptric power matrix D [74] leads to a blind spot in the quality assurance
chain, which is characterized by local wavefront aberrations in the form of harmonic
functions.

In a nutshell, imposing requirements on the local refractive power is insufficient for
extracting more fundamental information about the optical system in terms of the
geometrical PSF. As the incoherent Fourier optical PSF relates to the marginalized
geometrical PSF, obtained by integrating over the aperture function, it becomes evident
that the local refractive power is not an adequate measure for quantifying the effect of the
blurring operator B on the imaging process.

Furthermore, the simplification made in the tracking of the UN/ECE-R43 requirements [148]
— by exclusively measuring the local refractive power along the horizontal and vertical
direction — generates a local invariance under oblique astigmatism (Z3), which induces a
curvature modulation of W along the diagonal while maintaining zero curvature along

the canonical axes.

From previous studies on the effect of oblique astigmatism (Z3) on road sign classifica-
tion [133, 132] it becomes evident that refractive power measurements are insufficient as
a stand-alone quality requirement for windshields in order to ensure reliable computer
vision for autonomous driving vehicles. In summary, the image quality can be deteriorated
even though the refractive power measurement indicates a compliant windshield sample.

Our conclusions are based on the validity of the relationship between the local curvature of
the wavefront aberration map and the local refractive power as presented in Equation (4.2).
This relationship is not well established in the automotive industry, wherefore it is
desirable to proof it’s validity. This will be done in the subsequent sections by studying
the wavefront modulation induced by a convex lens with a certified refractive power.
First, the validity of Equation (4.2) will be mathematically proven for the special case
of a thin spherical lens and secondly a Shack-Hartmann wavefront measurement of a
calibrated reference lens will provide experimental evidence.

Theoretical verification

If it is assumed that the aperture surface aligns with the principal plane of the refractive
element and a spherical lens is considered, then the wavefront modulation W induced by
the lens — with respect to a plane reference wave — directly relates to the focal length f of
the lens:

2=+ (fo —W(x1))® , wlog: x=0. (4.6)
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Here, the problem was simplified to a 1D aperture without loss of generality. Equation (4.6)
can be rearranged in order to isolate the wavefront aberration map W:

W) % f (1_ 1- (}”1)2) = f (1— (1—; <ﬁ>2+0{<2>4}>> . (47)

The aperture surface directly limits the domain of the transversal axis x;. As the aperture
stop radius of the optical setup is typically much smaller than the focal length associated
with local wavefront curvature modulations imposed by windshield aberrations, it is
valid to discard higher order terms O:

47) x? (282) D 02
1 1

W(x;). m (4.8)

As aresult, under the assumption of a weak spherical thin lens the validity of Equation (4.2)

has been proven.

Experimental verification

The mathematical proof presented in Subsection 4.2.1 can be underpinned with exper-
imental evidence. As a test setup, a weak plano-convex lens with a refractive power
of (D) = (100.3 £ 2) mdpt is tested by a Shack-Hartmann wavefront sensor. The plano-
convex lens under test is traced back to national standards by an accredited calibration
authority and was produced by Zeiss. A Shack-Hartmann wavefront sensor captures
the wavefront modulation induced by a refractive optical element under collimated light.
In detail, the Shack-Hartmann sensor consists of a microlens array, which resolves the
local wavefront perturbations by focusing a wavefront snippet on a Charge-Coupled
Device (CCD) or CMOS sensor. Without any aberrations, the wavefront sensor will
capture the light in each subaperture center of the microlens array. If aberrations are
present, then the focusing spot will be displaced locally by d, and d,, respectively. The
resulting local gradient 8; of the optical path difference W is given by:

T
Xm :|
dxm

. dx, dy, dy,,
L \/ 52h + djzcl V Szh + szfm \/ 521’1 + d§1 S2h + dzm ]

Here, fs, denotes the focal length of the microlenses and m specifies the number of
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microlenses within the array. As the Shack-Hartmanm sensor captures the local gradients j;
of the wavefront aberration map W, the local refractive power can be numerically
determined by a standard central difference scheme in accordance with Equation (4.2).
If the measurement plane — determined by the position of the Shack-Hartmanm sensor
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— does not coincide with the principal plane of the refractive element, then the local
refractive power has to be rectified by considering a calibration factor ¢ that accounts
for the longitudinal displacement z,, between the measurement plane, with coordinate
vector X,,, and the principal plane, with coordinate vector X,:

4z &

02 : 20 .
Dy () & T W) = 8lan) 5 W) L () B . (@0)

1 1
The calibration factor ¢ can be derived from geometrical considerations. The starting point
is given by noticing that the spherical wave, which exits the spherical lens, propagates
through space by converging towards the real focal point with focal length f,. As the
Shack-Hartmanm sensor is longitudinally displaced by the distance z,, from the lens,
the senor measures a converging wave with reduced focal length f,,. The sum of the
measured focal length f,, and the longitudinal displacement z,, lead to the unbiased focal
length f; of the lens under test:

1 1 1

2.82
fr:Zm+fm (<:>)f:Zm+7<=>Dr

= D = . D . 4:.11
D, D, 2D, 11 D=8z Dy (411)

The calibration factor ¢ can be approximated by replacing D,, with it’s expectation
value (Dy,):

(411) 1
Czm) r ——=———=1—2,(Dy) , with: (fu)={(fr) —2zZm - 4.12)

Here, (D,) denotes the expectation value of the refractive power of the calibrated reference
lens under test. If the calibration factor ¢ is accounted for in the Shack-Hartmanm
wavefront measurement, then the results presented in Figure 4.1 are obtained for the local
refractive power over the lens aperture.
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Figure 4.1: Wavefront measurement performed on a (D) = (100.3 & 2) mdpt reference lens. In
order to cover the entire aperture of the lens, several Shack-Hartmann measurements
have been stitched together. This procedure has introduced artifacts, which are visible
in the measurement data by strongly pronounced vertical and horizontal lines. In total,
15 measurements have been performed over the calibration lens aperture of d = 10 cm.

4.2 Refractive power

69



4.3

4.3.1

70

The frequency distribution of the local refractive power across the entire aperture surface
gives intel about the global refractive power of the lens as illustrated in Figure 4.2.

D, = 101.32 mdpt = 0.04 mdpt [95%] D, = 100.50 mdpt + 0.04 mdpt [95%]
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Figure 4.2: Frequency distribution of the local refractive power over the entire calibration lens
aperture, deduced from a Shack-Hartmann wavefront measurement. The domain
is limited to the +3¢ interval, which deliberately discards outliers arising from the
stitching process of several single-shot Shack-Hartmann measurements. This became
necessary as the spanned sensitive area of the lenslet array was much smaller than
the calibration lens aperture.

The expectation values for the global refractive power of the lens in the x- and y-plane
amount to D, = (101.32 4 0.04) mdpt and D, = (100.50 £ 0.04) mdpt on a confidence
level of 95%. This is in agreement with the certified global refractive power of the
calibration lens if the uncertainty intervals are considered. As a result, the validity of
Equation (4.2) for weak spherical lenses has also been experimentally confirmed.

MTF

The MTF describes the real part of the Fourier-transform of the optical impulse response
function (aka. PSF), as defined by Equation (2.53). The MTF and it’s non-harmonic coun-
terpart, the Spatial Frequency Response (SFR), are currently discussed for defining quality
requirements of the windshield for telephoto-based perception systems in autonomous
driving [16, 65]. In the next two subsections it will be shown that the MTF is invariant
under global wavefront tilts and that the MTF ratio is an inadequate measure for defining
quality requirements on the windshield.

The effect of tilt on the MTF

The global wavefront aberration pattern of the windshield can be decomposed into
Zernike polynomials, as presented in Equation (2.72). If the Zernike polynomials are
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considered in Cartesian coordinates (see Table 2.1), then it becomes obvious that the
autocorrelation function in Equation (2.61) evaluates to a constant phasor (in terms of the
integration variables {y and ;) times the autocorrelation function of the unperturbed
aperture function P in case of pure y-tilt (w;) or x-tilt (w») aberrations:

471
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(4.13)

As the complex-valued factor has unit amplitude, the aberrated MTF equals the diffraction-
limited MTF if and only if the windshield’s aberrations are entirely characterized by
piston (wp) and tilt (w; and wy):
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As a consequence, the diffraction-limited MTF is invariant under aberrations described by
the Zernike coefficients of zeroth and first radial order. For that reason, piston and tilt
do not represent optical aberrations in the classical sense. As the wavefront curvature
remains unaffected, the blurring operator reduces to the convolution operator with
the diffraction-limited PSF as the kernel function. Therefore, the second order Zernike
coefficients are those of main interest for studying the effect of optical aberrations in terms
of sharpness degradation on convolutional neural networks for autonomous driving.

Limitations in part-level measurements

The most common verification strategy in the automotive industry is given by the Vee-
model [175]. Hence, there is always the objective to split system requirements (e.g., in
terms of the mIoU for semantic segmentation) into part-level requirements (e.g., optical
requirements on the objective lens, the windshield etc.). This V-shaped process implies that
the requirements on the joint optical system has to be decomposable into two independent
part-level requirements. The current praxis in the automotive industry is to define a MTF
ratio [83], which quantifies the system MTF with the windshield in relation to the system
MTF without the windshield.

In order to demonstrate that the MTF ratio is not sufficient for ensuring the fulfillment of
system-level requirements, the interplay of the local refractive power of the windshield
with the focal length of the camera system has to be considered. In general, a spherical
lens maps the scene onto a curved surface, referred to as the Petzval surface [76]. As
a consequence, the flat CMOS chip can never map a sharp image across the entire
field of view, which gives rise to field curvature aberrations. These aberrations are

4.3 MTF
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minimized by tuning the objective lens layout, but as the optimization rather results in a
compromise depending on the target KPI than in a perfect compensation, there remains
residual field curvature aberrations. This is a systematic aberration, which is not caused
by manufacturing imprecisions as it is the case for optical aberrations induced by the
windshield. Hence, the field curvature aberration is a property of the lens, characterized
by the longitudinal offset Az¢. over field, typically on the micrometer range. A symbolic
field curvature is visualized in Figure 4.3.

Figure 4.3: Windshield and lens form a joint optical system. H and H’ are the principle planes of
the lens, f is the nominal focal length. The blue line visualizes the field curvature (not
to scale). Normally, parallel rays are focused onto the field curvature (yellow line).
Windshield refractive power shortens or prolongs the effective focal length of the lens
(red line). There are two different focus offsets Azg. and Az, which may add or even
cancel at different fields of view.

The local curvature modulation of the wavefront by the local refractive power of the
windshield will also induce a longitudinal focus offset Az, across the field of view. The
two longitudinal offsets of the camera and the windshield add up to a system offset Azgys,

as depicted in Figure 4.3, such that:

Azsys = Nzws + Dz (4.15)

Importantly, both Az,s and Az can have positive or negative values, and thus the system
offset Azgys may vanish when these terms cancel. A vanishing offset w.r.t. Azgys implies a
sharpening of the system. Here, an MTF measurement of the camera alone would yield a
certain number, while putting a windshield in front of the camera would act like glasses

and the image would become sharper.

This hypothesis is experimentally validated by a slanted edge measurement of a standard
windshield. Figure 4.4 depicts two slanted edge measurements, one without a windshield
(4.4a), and one with a windshield placed in front of the camera system (4.4b).
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Figure 4.4: MTF measurement for an ADAS system based on the slanted edge method according
to ISO 12233 [86].

The insets indicate the MTF values at half-Nyquist frequency derived from the numerical
evaluation for all four edges, using an ISO12233-compliant algorithm [86]. There are two
horizontal and two vertical values. The two vertical values (top and bottom) distinctly
decrease from 52 £ 1.5 % [95 %] to 39 £ 1.7 % [95 %] when a windshield is placed in front
of the camera. However, for the horizontal direction (left and right) the MTF values
both significantly increase from 45/47 + 1.5% [95 %] to 52/54 + 1.6 % [95 %] when the
windshield is placed in front of the camera. The results experimentally confirm that the
defocus Az, and Az¢. may cancel to a certain degree, increasing the sharpness like glasses
would do for a myopic person. This conclusion is well established in physics [76] for
decades but the implications for the quality assurance testing procedure of ADAS systems
in the automotive industry are not well prevalent.

It has to be emphasized that the decrease in the vertical MTF is plausible, even though the
horizontal MTF increases. The aberration pattern of windshields is mostly dominated
by vertical astigmatism (Z5) as the inclination angle amplifies the local refractive power
according to the Kerkhof model (2.85). Consequently, the vertical field curvature aberration
of the camera is typically overlaid by the vertical astigmatism (Zs) of the windshield, such
that the vertical MTF drops.

Interim conclusion

In summary, the local refractive power assesses the impact of local wavefront curvature
modulations, whereas the MTF depends on the global optical properties across the entire
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aperture surface. This statement is underpinned by experimental evidence and was
proven for the special case of a thin spherical lens.

Additionally, it was shown that local refractive power measurements, which are exclusively
taken along the horizontal and vertical direction, are locally invariant under oblique
astigmatism. Furthermore, it has been demonstrated that the information content provided
by local refractive power measurements is insufficient for extracting more fundamental
information about the optical system in terms of the geometrical PSF, wherefore the
local refractive power is an inadequate measure for assessing the effect of the blurring
operator 53 on the imaging process.

The concept of the MTF is based on the linearity of the Helmholtz Equation (2.3) and is
therefore part of linear system theory. Hence, the MTF of independent optical systems can
be multiplied in the frequency domain to retrieve the system MTF, which is the case for
the lens and the imager for example. In contrast, the windshield and the camera are not
independent components as their individual wavefront modulation pattern interferes in
the complex-valued domain of the electromagnetic field p. This argument was supported
by mathematical and experimental evidence on the interaction of the field curvature of the
camera with the refractive power distribution of the windshield. In detail, the horizontal
sharpening of the slanted edge in Figure 4.4 demonstrates the non-linear process, which
prohibits the use of linear system theory. Consequently, MTF part-level measurements
are not possible if both systems entail optical aberrations. As a result, any solution using
MTF would have to measure the MTF on the combined system of produced windshield
and camera system with their individual production tolerances. This could be either at
the production site of the Tier 1 or the OEM. But there are still several important open
questions that make this an unattractive proposal: if an assembly is non-compliant, is it
worth finding a compliant combination, does it make economically sense? How big are
the assembly tolerances fitting the windshield into the car body? If the OEM wants the
measurement system at the site of the Tier 1, one should be aware that the assembly of
the windshield into the car produces distinct mechanical tolerances, changing the shape
and internal tension of the windshield. As we are looking for subtle differences in optical
quality, this may affect the pre-assembled camera system as well. These open challenges
give rise to the idea of specifying part-level requirements in terms of maximum wavefront
aberrations, realized by imposing limits on the Zernike coefficients.

To conclude, it was shown that local refractive power measurements and the MTF are
not capable of effectively characterizing part-level requirements for the windshield, such
that the effect of the blurring operator B on the imaging process could be neglected by
imposing corresponding quality requirements. This leaves us with the puzzle of what
could be a way forward? Conducting a large-scale experimental study with thousands
of cameras and windshields is impractical and very expensive. Instead, the windshield
optical quality needs to be directly linked to the Al performance by simulation, utilizing a
physics-based optical threat model. This will be the subject of the subsequent chapter.
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Sensitivity analysis of Al-based
semantic segmentation

This chapter includes elements with editorial changes from

[194] Dominik Werner Wolf, Markus Ulrich, and Nikhil Kapoor. “Sensitivity analysis
of Al-based algorithms for autonomous driving on optical wavefront aberrations
induced by the windshield”. In: 2023 IEEE/CVF International Conference on Computer
Vision Workshops (ICCVW) (Oct. 2023), pp. 4102—4111. por: 10.1109/ICCViW60793.
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in autonomous driving: Physics-informed parameterized temperature scaling for neural
network uncertainty calibration. (Under review). 2024. arXiv: 2412.13695 [cs.CV].
URL: https://arxiv.org/abs/2412.13695

marked with a cyan line.

As demonstrated in Chapter 4, current optical measures are insufficient for imposing
requirements on the windshield quality, such that the impact of the blurring operator 3
on the imaging process could be effectively suppressed. This gives rise to studying the
correlation between different optical measures and the neural network performance in

more detail.

Related work

The interplay of the laws of nature with Al systems is a topic of high relevance. Dif-
ferent scientific fields evolved in this area, e.g. solving nonlinear partial differential
equations [145] by introducing a physics-based regularization term or constraining the
network architecture to inherently satisfy physical invariants [91]. This trend also spread
into the computer vision domain. In particular, Banerjee et al. [6] pointed out that there are
three different possibilities to account for governing physical laws by modifying the input
data with an observational bias, by adjusting the network architecture with an inductive
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bias, or by tailoring the loss function with physics-informed regularization terms, typically
denoted as a learning bias. This holistic approach of developing Al systems in line with
fundamental, physical prior knowledge also gave rise for the scientific branch of deep
optics [185]. In deep optics the camera is interpreted as an encoder [185, 79], which embeds
the information about the world into a feature representation, typically a 2D intensity
array. This conception triggers the efforts to optimize the camera design end-to-end with
the target application, where the decoder typically consists of a deep neural network. The
optical encoder and neural network-based decoder architecture is an outstanding example
of bionics as similar structures can be observed in nature. For instance, the optical system
of living organisms — namely, their eyes — are inherently optimized to best suit the specific
conditions of their natural habitats. This adaption involves the layout of the eyes as well
as the rearrangement of the brain connections, e.g. the eyes of mantis shrimps have twelve
different spectral bands [120, 165] to cope with the diversity of color in coral reefs [185].

This raises the question of whether the hypothesis that higher optical quality in the
perception chain automatically leads to superior results in computer vision tasks is really
true. Yang et al. [198] addressed this question and pointed out that image quality is not
all that matters. In detail, they parameterized the phase modulation induced by a lens
in terms of a polynomial expansion and the corresponding coefficients were assigned as
trainable parameters for an end-to-end training, targeting on image classification. They
find that the learned lens layout achieves higher accuracy — with fewer lens elements —
than conventional lenses even though the PSF of the optimal lens layout exhibits long-tails,
which is not preferable from an image quality point of view [198]. As this result is
contradictory at first glance, they investigated the consistency of the optimal PSF shape
across various network models [198].

This finding underpins the validity of the conception of a camera as an optical encoder and
triggered research efforts of well renowned industrial leaders. Yow et al. [199] propose a
reinforcement learning approach to tailor the lens design, but they identify the definition
of a suitable reward mechanism for the agent as an unsolved challenge. Most recently, Dai
et al. [36] contributed to the applicability of the deep optics approach in the real world -
governed by manufacturing limitations in precision — by introducing data augmentation
into the deep optics training pipeline. Their setup is similar to variational Bayesian
neural networks, where the weights are sampled from a Gaussian distribution and the
corresponding mean and variance are learned during training (see Section 2.4.4). In
contrast to traditional variational Bayesian neural networks, the variance is determined
by production tolerances a priori and the mean of the distribution regarding the optical
hyperparameter of interest is learned exclusively. In summary, deep optics approaches
are gaining momentum in the devolvement of novel perception systems.

In a nutshell, image-based deep learning architectures should be optimized holistically as
it is done in nature [185]. It has been demonstrated by previous work that the PSF can be
tailored to enhance the embedding of information for downstream Al-driven tasks [198].
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This violates the assumption of better optical quality equals higher performance and poses
the question, which optical quality measures are even suitable to define system-level
requirements for machine learning-based autonomous driving functionalities.

The challenge of characterizing an optical merit function that aligns with the objectives of
complex Al-based tasks was also highlighted by previous work [129, 16, 199]. Solving this
puzzle is a prerequisite for issuing statistical safety guarantees on a predefined confidence
level, as it will be required to homologate autonomous systems [16]. Current optical
quality measures in the automotive industry are fundamentally limited as elaborated
in Chapter 4 and experimental evidence has underpinned this statement, as the Al
performance for binary classification can remain constant even if the optical quality in
terms of the system MTF differs significantly [129].

This observation gives rise to a set of research questions, which will be systematically
addressed in this chapter. First of all, can the decoupling of the system MTF from
the Al performance also be verified for semantic segmentation? Are there superior
optical measures that impose a bijective relationship between Al performance and optical
quality? Furthermore, from a windshield manufacturer point of view, the question
might be raised, which Zernike coefficients are the most critical ones for CNN-based
predictions? This might indicate where an optimization strategy for the windshield
design or manufacturing process should focus on first. Fundamentally, a model prediction
without a confidence/uncertainty estimate is worthless. Hence, the research question
of how optical measures correlate with the Al performance should also comprise the
calibration quality, as it is expected that temperature scaling is negatively affected by
dataset shifts [39].

With our work, we will provide evidence that system optical measures, which entail
more information about the PSFE, exhibit significantly higher correlations in terms of the
Chatterjee’s rank correlation measure. This conclusion will be demonstrated to hold true
across different neural network architectures and datasets. As a second contribution, we
will evaluate the local sensitivities of the mIoU and mECE on changes in the Zernike
parameterization of the wavefront aberration map by utilizing Shapley values [153] from
the domain of explainable AI [116]. The global sensitivities deduced from the Shapley
value distributions will reveal valuable inside into the selection process of potential
optimization strategies for the windshield. With this knowledge, the windshield could
be tuned towards the most optically informative PSF [98], which might differ from the
PSF with the highest imaging fidelity. Finally, it will be demonstrated experimentally
that optical aberrations induced by the windshield significantly degrade the network
calibration. The severity of this issue will motivate further research in this direction in
Chapter 6.

5.1 Related work
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Three different CNN-based neural networks will be studied in this chapter (HRNet, MTL,
and UNET), which were trained on three distinct datasets (KITTI [55], CARIAD, and
A2D2 [56]). As our main focus lies on investigating the relationship between optical
system quality and neural network performance, the models employed are considered
as black-box models. In detail, we will utilize a pre-trained HRINet (see Section 2.4.1)
from Google [63, 124, 2] with a test image batch size of 40. The HRNet was trained on the
KITTI [55] dataset and a random instance of the test image batch is visualized in Figure 5.1
for different perturbation scenarios. In addition, an in-house MTL model (see Section 2.4.1)
from CARIAD will be considered with a test image batch size of 20. The MTL model
was trained on an in-house dataset from CARIAD. The test images are drawn from the
corresponding test dataset, which can not be visualized due to confidentiality obligations.
Finally, a customized UNET architecture (see Section 2.4.1) is evaluated, which will be
introduced comprehensively in Section 6.2, but for the moment we will also consider
this network as a black-box model. The UNET will be trained on the A2D2 [56] dataset
from AUDI and a random instance from the test dataset is illustrated in Figure 5.2 for
distinct perturbation magnitudes. The evaluation of the impact of different Zernike vector
parameterizations on the segmentation performance of the UNET will be based on a test
image batch size of 196. In general, the test image batch will be degraded by the optical
threat model presented in Section 2.1.2 for distinct windshield configurations. For each
perturbation scenario, the mean performance and the corresponding standard deviation
of the mean will be recorded. The baseline scenario is given by the diffraction-limited
case, where it is assumed that the windshield does not modulate the wavefront curvature.
Hence, all Zernike coefficients with radial order two or higher are zero. In this thesis, we
will restrict the sensitivity analysis to the Zernike coefficients of the second radial order,
as these are expected to be the most significant contributors when considering aberrations
of windshields [191]. As a consequence, the perturbation scenarios are parameterized
by sampling the Zernike coefficients of second radial order equidistantly in the range
of w, € [-A, A] Vn € {3, 4, 5}.

As an aside, the alert reader might wonder why the test image batch size between the
evaluations varies but such a huge margin. The reason behind this lies in the compute
resource limitations. Generally, the evaluation should account for all images in the test
dataset in order to deduce the most reliable conclusions possible. Unfortunately, this
was not realizable within justifiable runtime given the limited computational resources.

Consequently, the maximum allowed batch size on each subsystem was used.

Furthermore, it should be noted that, although we parameterize the optical threat model
with the same Zernike coefficient vector, this does not imply that the optical quality of
different camera systems is affected equally. This dependency on the camera system is
imposed by Equation (2.50) for the incoherent PSF. The PSF explicitly depends on the
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focal length (if z is approximated accordingly) and the aperture diameter respectively.
Since all three datasets under consideration were captured with different cameras and
objective lenses (see Section 2.4.2), these setups will demonstrate varying sensitivities to
the impact of the wavefront modulation imposed by the windshield. Nevertheless, as
the scope of this chapter is to identify generalizable correlations between neural network
KPIs and optical quality measures, rather than to derive quantitative requirements, this
dependency is not a matter of concern for this study. However, if the objective is to derive
system-level requirements for ADAS/AD setups with telephoto cameras, the experiments

presented in this chapter must be repeated.
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Figure 5.1: On the left, the degradation induced by the optical threat model (see Section 2.1.2)
is visualized for a random instance of the KITTI dataset for different Zernike vector
parameterizations. In the middle, the semantic segmentation maps obtained by
employing a pre-trained HRNet from Google [63, 124, 2] are shown. On the right, the
predictive uncertainty is visualized for every pixel based on the variation ratio. For
each perturbation scenario, the optical system measures are indicated in the legend.
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Figure 5.2: On the left, the degradation induced by the optical threat model (see Section 2.1.2)

is visualized for a random instance of the A2D2 dataset for different Zernike vector
parameterizations. In the middle, the semantic segmentation maps obtained by
employing a customized UNET (see Section 6.2) are shown. On the right, the
predictive uncertainty is visualized for every pixel based on the variation ratio. For
each perturbation scenario, the optical system measures are indicated in the legend.
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5.3 Correlation study

First, the results obtained by utilizing the HRNet [63, 124, 2] introduced in Section 2.4.1,
trained on the KITTI dataset [55], are presented in Figure 5.3. The results clearly indicate
that the correlation to the mloU is most significant for the Strehl ratio (SR) and the Optical
Informative Gain (OIG). In contrast, the current optical measures used for the qualification
of windshields, the refractive power (D) and the Modulation Transfer Function (MTF), do
not demonstrate a bijective relationship with the mIoU drop. The bijectivity criterion is
required to ensure the invertibility of the observed dependency of the mIoU on the optical
merit function of interest. This requirement arises from the objective to derive unique
optical quality limits for the windshield given a maximum tolerable neural network

performance drop.

Furthermore, Figure 5.3 indicates that the calibration of the confidence estimates, assigned
to the prediction, is getting biased as the aberration magnitude increases. This trend occurs
to be almost symmetrical around the baseline performance if the mIoU drop is considered
in relation to the mECE rise. This observation motivates a more detailed analysis of
the calibration degradation under optical aberrations induced by the windshield in

Section 5.5.
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Figure 5.3: The dependency of the mIoU and the mECE on different optical merit functions —
namely the maximum local refractive power D,y across the horizontal and vertical
axes (upper left), the minimum Strehl ratio SRpin (upper right), the minimum MTF at
half-Nyquist frequency (lower left), and the minimum OIG (lower right) —is shown
for the HRNet trained on the KITTI dataset. The uncertainty bars are given by the
standard deviation of the mean of the mloU and the mECE regarding the test image
batch of size 40.

Figure 5.4 illustrates the results obtained by utilizing an in-house MTL model from
CARIAD for the correlation study. As for the HRNet, each data point corresponds
to a different optical attack representing the impact of distinct windshield realizations
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on a test image batch of size 20. For each task, the envelope function is computed by
binning the data and extracting the corresponding KPI minimum value for each bin.
Summing over all head-specific KPIs by considering the task-wise predictive uncertainty
as an inverse weighting factor, leads to the combined performance metric. The bin-wise
performance spread is illustrated by supplementary box-plots with a special focus on
the large aberration regime, which is highlighted on the right-hand side in Figure 5.4.
The box-plots clearly indicate that the variance and kurtosis of the bin-wise distributions
are significantly reduced if the Strehl ratio and the OIG is utilized as an optical quality
measure of the windshield instead of the MTF at half-Nyquist frequency. In summary, the
MTL model provides further evidence for the superiority of the Strehl ratio and the OIG
over the MTF at half-Nyquist frequency, which is in agreement with the results obtained
by the HRNet.
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Figure 5.4: The multi-task performance of the MTL model, trained on an in-house dataset from
CARIAD, is plotted versus (a) the MTF at half-Nyquist frequency, (b) the Strehl ratio
and versus (c) the OIG.

As a third architecture, a customized UNET trained on the A2D2 dataset [56] was used to
investigate the correlation between the semantic segmentation performance and different
optical measures as depicted in Figure 5.5. In contrast to the previous results, the peak
performance is not given in the absence of optical aberrations (diffraction-limited case),
which might be counterintuitive at first glance. The mloU is maximized for instances that
reflect the mean-level of optical aberrations within the training dataset. As a consequence,
it is of paramount importance to incorporate the optical aberrations within the perception
chain proportionally to their occurrence in part-level measurements. By doing so, the
augmented training dataset will be centered at the expected optical quality of the produced
perception chain, and the mloU as well as the mECE will be implicitly tuned for this

aberration scenario.
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This conclusion aligns well with previous work in the field of deep optics [25, 168, 198],
where the perception chain is holistically optimized alongside the neural network training.
This is done by constructing a differentiable, physics-based optics model and by assigning
the corresponding optical parameters as trainable hyperparameters. The contributions
in this field [25, 168, 198] strongly indicate that optical quality is not all what you need.
To the best of our knowledge, this result has only been shown with respect to the target
application performance, e.g., image classification, depth estimation, 3D object detection
etc. With our work, we demonstrate that this effect also holds true in terms of the neural

network calibration performance.
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Figure 5.5: The dependency of the mloU (upper row) and the mECE (lower row) on the MTF at
half-Nyquist frequency (left column), the Strehl ratio (middle column) and the OIG
(right column) is plotted for the customized UNET architecture trained on the A2D2
dataset. The Strehl ratio and the OIG demonstrate a superior correlation to the mIoU
and the mECE in terms of the Chatterjee rank correlation measure than the MTF at
half-Nyquist frequency. As a consequence, the regression function from Equation (5.1)
also fails to capture the non-existing relationship in the large-aberration regime but it
performs well for the Strehl ratio and the OIG, which is quantitatively measured by
the ratio of the Mean Squared Error (MSE) over the variance (0?), referred to as the
unexplained variance component.

In order to quantitatively assess this effect we postulate a regression function f:

f (x ; 3) = Prexp (B2 (x — B3)) + Pax + s, (5.1)

which is supposed to capture the mloU and mECE performance as a function of the
optical quality. The first term accounts for the exponential decay of the mIoU in the large-
aberration regime and the exponential increase of the mECE, respectively. Furthermore,
the last term denotes an ordinate offset. Finally, the performance gain from the low-
aberration regime to the mean-aberration regime is captured by a linear term and the
corresponding slope measures the magnitude of the aforementioned effect. In addition,
the global extremum of the regression function quantifies the mean optical quality of the
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training dataset. The regression function is fit to the data in Figure 5.5 and demonstrates
high explanatory power for the PSE-based optical measures.

The regression function f is parameterized by the coefficient vector f and the combined
uncertainty o, will be determined by applying the multivariate law of uncertainty
propagation [114]:

2

T I8, T PBLBaTBTBa
0c(Xi) = kyyg (Vﬁf) . : - vﬁf‘ o (5.2)
PpLBa9B1%Ba U/%d

The covariance matrix for the parameters g; is calculated by a Monte-Carlo study [147]
considering the batch-wise standard deviation of the mIoU and the mECE respectively.
In total N = 1000 regression curves were calculated, wherefore the extension factor k,
is given by kgos = 1.96 for a confidence level of 95% [68, 140]. Finally, the symmetrical
interval spanned by the combined uncertainty ¢, determines the confidence bands around

the regression function, as illustrated in Figure 5.5 in gray.

The explanatory power of the postulated regression function (5.1) is further quantified
in terms of the unexplainable variance, which is given by the ratio of the mean squared
error (MSE) [169] over the variance of the dataset itself. Statistically, the MSE measures
the ensemble spread around the regression line. Benchmarking regression models
according to the unexplainable variance is favorable because it effectively measures
how well the regression model outperforms the naive estimate given by the arithmetic
mean [192]. In addition, if the complexity of the regression model is increased the degrees
of freedom in the MSE computation decreases, which acts as a penalty for more complex
regression models like in Ridge regression [159, 162, 47]. The quantitative values for the
unexplainable variance are presented in Figure 5.5 and indicate that the model function
does not significantly outperform the arithmetic mean in case of the MTE. On the other
hand, the model function is superior for the Strehl ratio and the OIG. Consequently, the
coefficient vector B can be interpreted as a sensitivity vector in case of the Strehl ratio and
the OIG. Of special importance are B4 for the linear performance drift in the low-aberration
regime and the coefficients 81 and p» for the exponential decay in the large-aberration
regime. These sensitivity coefficients can be employed for determining valid operational
domains for the perception chain.

The main reason why the proposed regression function does not sufficiently capture
the variability of the mloU and the mECE as a function of the MTF lies in the lack of
correlation. For all three optical measures of interest — the MTF at half-Nyquist frequency,
the Strehl ratio as well as the OIG — the Chatterjee rank correlation measure ¢, introduced
in Section 2.5, is computed. The correlation is most evident for the Strehl ratio and the
OIG (81331 = 0.75), whereas the MTF at half-Nyquist frequency is a significantly worse
indicator for the Al performance ({1331 = 0.54).
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Nevertheless, it is evident that the MTF at half-Nyquist frequency fits the regression
function well in the low-aberration regime but the huge spread in the codomain for
the large-aberration regime leads to a wide confidence band around the global trend.
The correlation of the MTF breaks down for severe optical aberrations because of the
monotonicity violation in the large-aberration regime. As long as the MTF function
is monotonically decreasing, the value of the MTF function at half-Nyquist frequency
will correlate with the area enclosed by the MTF curve. Since the area under the MTF
curve, which approximates the Strehl ratio if normalized by the diffraction-limited case,
shows a robust correlation to the mIoU across the entire spatial frequency domain, the
MTF at half-Nyquist frequency is a valid optical performance indicator as long as the
MTF curve is monotonically decreasing. As the optical aberrations in the automotive
industry are typically too severe in magnitude to satisfy the monotonicity constraint,
the MTF at half-Nyquist frequency is not a suitable measure for safeguarding Al-based
autonomous driving algorithms against optical perturbations. Consequently, system MTF
requirements evaluated at half-Nyquist frequency should be considered as invalid for the

large-aberration regime.

5.4 Sensitivity study

The regression function introduced in this work by Equation (5.1) captures the dependency
of the mloU and mECE under dataset shifts induced by optical aberrations of the
windshield. Hence, the local sensitivity of the mIoU on changes in the optical quality, e.g.
due to windshield aging, can be evaluated by the first derivative. From an engineering
point of view, it is much more interesting to investigate, which aberration pattern has
the most significant impact on the mloU, such that an optimization of the windshield
production process could be initiated. A suitable local sensitivity measure is given by the
Shapley value introduced in Section 2.4.6. If the Zernike coefficients, which parameterize
the wavefront modulation induced by the windshield, are treated as features, then the local
sensitivity of the mloU on changes in the windshield aberration pattern can be studied.
Figure 5.6 depicts the Shapley value distribution, given a merit function of interest,
across different aberration scenarios. The Shapley values are determined by utilizing the
pre-trained HRNet from Google [63, 124, 2] trained on the KITTI dataset [55]. The shape
of the Shapley value distribution for two distinct features may suggest differences in the
global feature importance.

In general, the Shapley values were normalized for comparability reasons to the effect
of wy, which physically represents defocus. Each point in Figure 5.6 quantifies the local
derivative of the neural network prediction w.r.t. the input features, here parameterized
in terms of the Zernike coefficients of second radial order. This holds true for the mIoU
and the mECE as a merit function. In contrast, the Shapley values obtained by utilizing
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an optical quality measure as a merit function are independent from the neural network
and just reflect the local derivative that is propagated through the optical threat model.
The local derivatives are computed for every Zernike polynomial Z, and the magnitude
of the corresponding Zernike coefficient w, is visualized by the color bar. The Shapley
value density correlates linearly with the vertical extent of the depicted points, similar to

how bar height reflects frequency in a histogram.

It is evident that the global feature importance significantly varies between the optical
merit functions and the neural network measures indicating a non-linear mapping as
described by the regression function in Equation (5.1). Furthermore, the results for the
refractive power reflect the inherent constraint on how refractive power is measured
in the automotive industry as elaborated in detail in Chapter 4. Hence, the sensitivity
regarding w3 vanishes. An observation common to all studied merit functions is that
defocus (w4) has the greatest impact on the performance among the Zernike coefficients
of second radial order. As a consequence, the manufacturing process of the windshield
should first be optimized such that the defocus is minimized. This conclusion also holds
true for the MTL model from CARIAD as well as the customized UNET architecture,

however, the graphs are omitted in the interest of compactness.
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Figure 5.6: The sensitivities of the mIoU and the mECE as well as the sensitivities of several
optical KPIs on wavefront aberrations, parameterized by Zernike coefficients w;, are
quantified and visualized in terms of Shapley values. The sensitivities are retrieved
by utilizing the pre-trained HRNet from Google [63, 124, 2] trained on the KITTI
dataset [55]. The impact of an induced defocus (Z4) surpasses the effect of oblique- (Z3)
and vertical astigmatism (Zs) for all merit functions considered.
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5.5 Calibration degradation

The observed mirror symmetry of the mloU and the mECE with respect to the abscissa
in Figure 5.3 and with respect to the ordinate in Figure 5.6 motivates further studies
on the calibration degradation under optical aberrations induced by the windshield.
The mirror symmetry originates from the fact that the model becomes more and more
overconfident as the aberration amplitude increases. For the HRNet, this effect is so
pronounced, such that the accuracy degradation is roughly a magnitude larger than
the confidence drop, as illustrated in Figure 5.7. This ultimately imposes the observed
symmetry between the mloU and the mECE. In contrast to the HRNet, the customized
UNET architecture does not show this level of susceptibility due to the implicit tuning of
the network architecture, which will be elaborated in detail in Section 6.4. Furthermore,
for the MTL model from CARIAD the task-wise predictive uncertainty estimates are not
explicitly available, wherefore the calibration degradation can not be evaluated.

The reliability diagram for the HRNet is depicted in Figure 5.7 and demonstrates a signifi-
cant overconfidence of mECE = 15.6% in the diffraction-limited case (w, = 0V n € INp).
Hence, the publically available HRNet is not well calibrated even if no dataset shift is
considered. As the accuracy degradation and the confidence drop is incoherent, the
calibration measure identifies growing bin-wise confidence biases if different windshields
are considered, as indicated by the red triangles. In the case of low prediction confidences
and low prediction accuracies, the binned network accuracy seems to slightly increase if
aberrated test data is used. This behavior is counterintuitive and represents an artifact of
the visualization method. Essentially, optical aberrations drive the probability flow of the
confidence distribution towards lower values shifting the predictions into low-confidence
bins. Since the domain is limited and quantized, the bin composition varies affecting the
binned accuracy. Physically, low-confidence predictions in semantic segmentation mostly
correspond to class area borders. If the image is perturbed, then the contours are getting
blurred as illustrated by Figure 2.5, which results in lower prediction confidences.
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Figure 5.7: On the left, the reliability diagram for the HRNet is shown for different perturbation
scenarios, where each triangle per bin corresponds to a distinct windshield configura-
tion. The mECE increases as the aberrations are amplified, which is corroborated by
the weighted accuracy vs. confidence correlation plot shown on the right-hand side.
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The results of this Chapter clearly indicate that optical measures, which incorporate
additional information about the PSF (esp. Strehl ratio and OIG), demonstrate a superior
correlation to neural network KPIs, esp. mloU and mECE. This conclusion was quan-
titatively demonstrated by evaluating the Chatterjee rank correlation measure and a
regression function was postulated in Equation (5.1) that adequately captures the relation-
ship between neural network KPIs and PSF-based optical measures. By employing those
system-level optical measures, suitable ADAS working requirements can be derived to
suppress the effect of the blurring operator. On the contrary, the MTF at half-Nyquist fre-
quency is insufficient as a quality criterion for windshields, as the MTF is non-monotonic
for the large aberration regime.

In addition, the sensitivity study utilizing Shapley values indicated that the optimization of
the manufacturing process of the windshield should first target on defocus (w4) aberrations
as they induce the highest performance degradation among the Zernike polynomials of
second radial order.

Finally, the confidence calibration is heavily affected by dataset shifts induced by optical
aberrations of the windshield. This has been observed for the uncalibrated HRNet and
the customized UNET, which was calibrated for the diffraction-limited case by employing
temperature scaling [70]. This conclusion aligns well with previous studies on the
robustness of temperature scaling under dataset shifts [39], which is the driving force
for performance drops in terms of the mECE. In order to safeguard autonomous driving
systems, it is of paramount importance to have well calibrated confidence/uncertainty
estimates for the predictions in order to make informed decisions about the system
reliability. If the neural network predictions, which e.g. steer an autonomous driving car,
are made with a confidence falling below a predefined safety threshold, then the system
is supposed to automatically switch into a safe state mode. As optical aberrations might
bias the estimation of the predictive confidence/uncertainty — leading to a violation of
the calibration condition defined in Equations (2.97-2.98) — the system might continue
to operate despite exceeding the safety threshold, increasing the risk for passengers
and ultimately compromising trustworthiness. In order to prevent this scenario from
happening, the next Chapter will propose a new calibration strategy, which implicitly
accounts for dataset shifts by incorporating a physical inductive bias into the neural
network architecture.

As a final remark, the results presented in this Chapter were consistent across three
different CNN-based architectures (HRNet, MTL and UNET) as well as three different
datasets (KITTI, CARIAD and A2D2). Consequently, it can be hypothesized that the
conclusions are network architecture independent as long as CNN-based models are
considered.
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Enhancing calibration
robustness by physical inductive
biases

This chapter includes elements with editorial changes from

[190] Dominik Werner Wolf, Alexander Braun, and Markus Ulrich. Optical aberrations
in autonomous driving: Physics-informed parameterized temperature scaling for neural
network uncertainty calibration. (Under review). 2024. arXiv: 2412.13695 [cs.CV].
URL: https://arxiv.org/abs/2412.13695

marked with a cyan line.

Dataset shifts are of major concern for the homologation of safety-critical autonomous
driving functions. Dataset shifts are generally given if the network infers information
from an instance, which does not share the same underlying probability density function
as the training dataset distribution. Consequently, the neural network utilizes the learned

functional relationship between input and output for extrapolating into a different domain.

This gives rise to a performance drop of the model. The performance is not only affected
in terms of the target KPI but also the corresponding uncertainty estimation might become
biased [194] as observed in the previous Chapter.

Calibrated uncertainties are an essential requirement for a physically sound sensor fusion
process and for system monitoring. On the one hand, fusing feature attributes should
incorporate the associated embedding uncertainties in order to achieve the most reliable
latent space representation. On the other hand, in order to safeguard autonomous
systems, the prediction uncertainties need to be tracked. If the uncertainty is low, and
hence the situation is identified with sufficient confidence, a reliable decision can be
made. If the confidence is insufficiently low then an independent secondary system must
contribute additional information for the decision-making process or the system has to
fall back into a safe state mode automatically. Consequently, the trustworthiness of the
uncertainty estimates, quantified by the ECE, is decisive for the reliability of autonomous
driving systems. However, if a dataset shift is induced, e.g. by optical aberrations of
the windshield as done in the previous Chapter, then the calibration of the network
confidences - and uncertainties vice versa - breaks down and the network becomes
increasingly overconfident [194].
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Related work

Finding the optimal temperature is the key for establishing model trustworthiness. The
straightforward way to determine the temperature is given by minimizing the negative
log-likelihood [70]. Unfortunately, this standard Temperature Scaling (TS) methodology
is highly limited in terms of the model information capacity (one degree of freedom).

As an extension, Ensemble Temperature Scaling (ETS) [207] computes a weighted average
over three different calibration maps, the TS calibrator with adjustable temperature T, TS
with T = 1 (identity mapping) and TS with T = co (uniform mapping). Hence, ETS has
four degrees of freedom.

In order to further increase the information capacity of the calibration method, Parame-
terized Temperature Scaling (PTS) [167] was proposed. PTS leverages a neural network
to predict an instance-wise temperature based on the corresponding logits tensor, while
preserving model accuracy.

A similar methodology is Sample-Dependent Adaptive Temperature Scaling [89], which
also predicts an instance-wise temperature. In contrast to PTS, the approach leverages
the latent space representation of a Variational Autoencoder (VAE) [96] as the input for
a post-hoc Multi-Layer Perceptron (MLP) for predicting an instance-wise temperature.
The benefit of using the VAE’s latent space embeddings instead of the logits tensor for
the post-hoc MLP lies in the effectiveness of the VAE to cluster the predictions based on
their calibration quality, which improves the calibration performance of the MLP under
distribution shifts [89].

Most recently, Adaptive Temperature Scaling (ATS) [102] has been proposed as a calibration
technique, which enhances the reliability against out-of-distribution samples without the
need of training a post-hoc MLP calibrator. The core idea of ATS lies in computing an
instance-wise temperature based on the intermediate layer activations of the baseline
neural network. After training, the Cumulative Distribution Function (CDF) of the mean
activation for each layer is computed across the entire training dataset. During inference,
the layer-wise mean activations are compared to the precomputed CDFs to calculate layer-
wise p-values [151, 169], which are mapped to an instance-wise temperature. In addition to
an enhanced calibration performance, low temperatures indicate in-distribution samples,
while high temperatures suggest out-of-distribution inputs [102].

For all accuracy preserving calibration methods mentioned so far, it is required to assume
an uncertainty estimator. In mathematical terms, calibration quality metrics measure
the bias of a predictive uncertainty estimator. Consequently, neural network calibration
and predictive uncertainty estimation are two distinct concepts. A perfect predictive
uncertainty estimator is unbiased such that the calibration temperature is equal to one.
There are several different methods to estimate the predictive uncertainty for semantic
segmentation [53] as elaborated in detail in Section 2.4.4. For this study, the variation
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ratio [117] is selected as a measure for the predictive uncertainty because it is invariant
under differences in the probability mass allocation over the wrong classes. Hence, the
variation ratio inherently accounts for an essential constraint of the negative log-likelihood
loss, aka. cross-entropy loss. The same does not hold true for the Shannon entropy [152]
for example, which is the standard measure for the total predictive uncertainty according
to information theory [80], as introduced in Section 2.4.4. This discrepancy gives rise to a
degree of freedom in the uncertainty evaluation as entropy-based uncertainties for two
independent instances might differ even though the model confidence predictions are
equivalent [189].

For the scope of this thesis, the distribution shift is imposed by optical aberrations
within the perception chain, e.g., the windshield or diverse weather phenomena. As a
consequence, it seems natural to incorporate this prior knowledge into the calibration
process. In order to do so, the optical aberrations need to be estimated online alongside the
target application. The most fundamental way to characterize optical aberrations is given
by quantifying the optical path difference map in terms of the Zernike coefficients [204,
205, 10]. Utilizing a neural network for predicting the Zernike coefficient vector is a
well established approach in astronomy [121, 4] as a way to replace the need for on the
fly Shack-Hartmann measurements. The Very Large Telescope (VLT) of the European
Southern Observatory (ESO) uses the information about the Zernike coefficients to perform
an online correction of the wavefront aberrations induced by the atmosphere [125]. This is
realized by adjusting deformable mirrors, which is a technique from adaptive optics [73].

The work of Jaiswal et al. on physics-driven turbulence image restoration with stochastic
refinement [88] utilizes the Zernike coefficients to parameterize a physics-based turbulence
simulator. By coupling the vision-transformer-based [41] image restoration network with
the Fourier-optical aberration model during training, they are able to effectively disentangle
the stochastic degradation caused by atmospheric turbulence from the underlying image.
This enhances the generalizability of the image restoration network across real-world
datasets with varying turbulence strength [88]. As a consequence, by incorporating
a physical inductive bias to the transformer architecture they effectively reduce the
sensitivity of their target application on dataset shifts induced by turbulence-driven
optical aberrations.

Those promising results in the field of image restoration gives rise to the question: Can the
calibration performance of post-hoc methods such as PTS also be enhanced by utilizing
physical prior knowledge? How to incorporate information about optical aberrations
within the perception system into the calibration pipeline? Is it feasible to directly utilize
the ECE as a loss function for training the post-hoc calibration network? Is it possible
to implement a real-time calibration mechanism that accounts not only for static optical
aberrations but also for dynamic perturbations arising from factors such as windshield
aging, weather conditions, and similar factors?

6.1 Related work
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We will seize the idea of Jaiswal et al. [88] and transform their concept to the domain of
neural network calibration. We will accomplish this by coupling a post-hoc calibration
network with physical prior knowledge. As the thesis deals with dataset shifts induced by
optical aberrations of the windshield, the physical prior consists of the Zernike coefficients
of second radial order, which are the most dominant components for windshields, and the
target application is semantic segmentation instead of image restoration. In detail, we will
build upon the state-of-the-art PTS [167] approach by incorporating a physical inductive
bias [6] in order to increase the calibration robustness under dataset shifts induced by
optical aberrations. This novel layout, which adds physical prior knowledge to PTS, will
be termed as Physics Informed Parameterized Temperature Scaling (PIPTS). As a baseline
model for semantic segmentation, a tailored UNET will be employed utilizing a negative
log-likelihood loss, which makes it favorable to rely on point-wise predictive uncertainty
calibration estimators because it matches the nature of the ground truth label distribution,
which allocates all statistical mass to the ground truth class and analytically resembles the
Kronecker delta function. For this reason, the ECE as a point-wise calibration measure is
employed.

In order to train the PIPTS calibrator, we will employ the ECE as a loss function. Generally,
any loss function must be continuously differentiable (C1) to enable backpropagation.
This constraint is not fulfilled by the binned ECE measure. As a consequence, we propose
a smoothed and modulated variant of the ECE measure, enabling its use as a loss function

for neural network training.

The novel PIPTS layout requires the prior knowledge about the Zernike coefficient
vector that parameterizes the optical system. Consequently, we will extend the UNET
architecture such that the Zernike coefficients of second radial order are estimated
alongside the segmentation map. This adjustment of the baseline layout will not only
serve the goal of ensuring valid confidence calibration under dataset shifts induced by
optical aberrations, but it will also enable us to monitor the optical quality of the perception
pipeline providing a mechanism for proactive maintenance and fault detection — a crucial
capability if long-term effects such as windshield aging are considered.

In general, the benefits of PIPTS will be demonstrated for semantic segmentation because
of the assumption that a dataset shift in terms of sharpness will affect a pixel-wise
prediction the most. At this point, it is important to underscore that, irrespective of the
specific Al task selected, this methodology exhibits encouraging potential for effective
generalization across a broad spectrum of tasks.

Baseline multi-task network

In order to solve the target task and to provide the physical prior for the PIPTS network,
a CNN-based architecture with two coupled decoder heads and an additional residual
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encoder is utilized for identifying the Zernike coefficients of the second radial order (oblique
astigmatism w3, defocus wy, and orthogonal astigmatism ws). The layout of the multi-task
network is based on the UNET [149] architecture and the predicted Zernike coefficients
shall estimate the effective wavefront aberration map of the overall optical system
consisting of windshield and ADAS camera lens.

The network will be trained on the A2D2 [56] dataset because it provides pixel-wise
labels for high resolution images with 1920 x 1208 pixels that were captured without a
windshield. This is an essential requirement for the degradation model introduced in
Section 2.1.2, which is applied to enrich the data heterogeneity. As telephoto cameras are
the most sensitive ones regarding optical aberrations induced by the windshield, only the
narrow-view, front-center camera (Sekonix SF3325-100 [56]) of the A2D2 segmentation
dataset is utilized. Consequently, the training dataset comprises 5400 images and the

test dataset consists of additional 1350 images, which corresponds to a test ratio of 20%.

Furthermore, the labeling taxonomy of the Cityscapes dataset [32] was adopted to ensure
the comparability of the presented results. For that reason, the ground truth annotations
for the 38 A2D2 classes were mapped to the 19 classes Cityscapes taxonomy. The training of
the neural network was performed on two Nvidia RTX A6000 with 48GB. The distributed
training was terminated after the validation loss reached its minimum. To accomplish
this, a learning rate schedule was applied that reduced the learning rate by a factor of 10 if
the validation loss did not improve during the last 40 epochs and the training was finally
terminated if the validation loss did not improve at all within the last 100 epochs.

In order to enrich the A2D2 dataset with the optical aberrations induced by different
windshield configurations, the Fourier optical degradation model presented in Section 2.1.2
is employed for data augmentation. The range of the Zernike coefficients must be
sufficiently sampled, such that the statistical complexity of the perception chain - individual
part tolerances and installation tolerances - is accounted for. In this work, a uniform grid
sampling of the Zernike coefficients of the second radial order in the range of w, € [—A, A]
is applied. This does not guarantee that the complexity of the production process is
sufficiently reflected, but it serves as a baseline for a proof of concept study.

The layout of the baseline multi-task network is visualized in Figure 6.1 and further
specified in Table 6.1. In the subsequent paragraphs, the architecture will be discussed
in detail. In general, the model adopts the encoder-decoder structure presented in
Section 2.4.1. The shared encoder consists of five encoder blocks with the number of filters
doubling in each subsequent block. Each encoder block consists of two convolution layers
followed by a batch normalization layer and a max pooling layer for downsampling. After
the batch normalization layer, the computational graph is split into two branches to bypass

information to the decoder for alleviating the vanishing gradient problem [75, 171, 202].

6.2 Baseline multi-task network
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Figure 6.1: The layout of the multi-task network for semantic segmentation and for predicting the effective Zernike coefficients of the optical system is
shown. The multi-task network builds upon the UNET architecture with two coupled decoder heads and a downstream ResNet encoder for
retrieving the Zernike coefficients of the second radial order. Additionally, the Fourier optical degradation model for the data augmentation
process and the post-hoc PIPTS calibration network are indicated. The PIPTS calibrator extends the PTS approach by incorporating a physical
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Multi-Task Network (batch size, v := 14)

Layer Output Shape
Input (v, 604, 960, 3)
Encoder Block 0 (v, 302, 480, 19)
Encoder Block 1 (v, 151, 240, 38)
Encoder Block 2 (v, 76,120, 76)
Encoder Block 3 (v, 38, 60, 152)
Encoder Block 4 (v, 19, 30, 304)
Bottleneck (v, 19, 30, 304)
Segmentation (SEG) Decoder Restoration (RES) Decoder Zernike Regression (REG)
Layer Output Shape Layer Output Shape Layer Output Shape
Decoder Block 4 | (v, 38, 60,304) | Decoder Block 4 | (v, 38, 60, 304) (Input, RES) (v, 604, 960, 6)
Decoder Block 3 | (v, 76, 120, 152) | Decoder Block 3 | (v, 76, 120, 152) | ResNet Cell 0 | (v, 302, 480, 19)
Decoder Block 2 | (v, 151, 240, 76) | Decoder Block 2 | (v, 151, 240, 76) | ResNet Cell 1 | (v, 151, 240, 38)
Decoder Block 1 | (v, 302,480, 38) | Decoder Block 1 | (v, 302,480, 38) | ResNet Cell2 | (v, 76,120, 76)
Decoder Block 0 | (v, 604, 960, 19) | Decoder Block 0 | (v, 604, 960, 19) | ResNet Cell 3 | (v, 38, 60, 152)
Output SEG (v, 604, 960, 19) Output RES (v, 604,960,3) | ResNet Cell4 | (v, 19,30, 304)
- - - - Flattening (v, 173280)
- - - - Dense Unit 0 (v,19)
- - - - Dense Unit 1 (v, 19)
- - - - Dense Unit 2 (v, 19)
- - - - Dense Unit 3 (v, 19)
- - - - Dense Unit 4 (v,3)
- - - - Output REG | (v, 604, 960, 3)
Concatenated Output (SEG, RES, REG) (v, 604, 960, 25)

Table 6.1: Layer composition of the multi-task network. The neural network comprises 16,380,894
parameters, of which 16,366,568 parameters are trainable and 14,326 parameters are
non-trainable. Assuming a batch size of v = 14, the model consumes approximately
9.27 GB of GPU memory under a mixed precision policy (float16).

The bottleneck of the UNET, distinguished by the lowest spatial feature resolution,
consists of two convolution layers and subsequent batch normalization layers. After
the bottleneck, the latent space representation is supposed to provide an embedding of
the input information that optimally reflects the degrees of freedom of the underlying
problem. Subsequently, the embedding is fed into two decoder heads. The decoder head
for restoration aims to eliminate the optical aberrations induced by the windshield and
the decoder head for semantic segmentation targets on the pixel-wise classification.

The decoder head for restoration consists of five transposed convolution blocks with the
number of filters halving in each subsequent block. Each transposed convolution block
consists of a transposed convolution layer followed by a batch normalization layer and
a merging node in order to incorporate the high-fidelity information provided by the
skip connection of the corresponding encoder block. The concatenated tensor is then
smoothed by two subsequent convolution layers with stride equal to one, to preserve the
dimensions.

6.2 Baseline multi-task network

95



96

The decoder head for semantic segmentation is similar in structure to the decoder head
for restoration, but the high-fidelity information from the encoder is merged with the
corresponding restoration layer before entering the concatenation layer in the decoder.
This decoder coupling is supposed to enhance the segmentation performance against
optical aberrations.

The downstream residual encoder for the Zernike coefficients regression consists of
five ResNet [75] cells to predict the aberrations in terms of the Zernike coefficients of
second radial order. Each ResNet cell consists of two convolution layers and two batch
normalization layers, as well as a concatenation layer to merge the convolved signal with
the input signal to alleviate the vanishing gradient problem [75, 171, 202]. Finally, a max
pooling layer is employed for downsampling. After the ResNet cells, the signal is flattened
and fed into five dense layers with batch normalization and dropout for regularization.

The multi-task network is trained by utilizing a customized loss function. The loss
function consists of three components. The first component is the negative log-likelihood
for semantic segmentation, aka. cross-entropy. The log-likelihood term is focused by an
additional factor of (1 — p;)?, which enforces a focus of the learning process on classes
that are hard to learn [112]. Furthermore, class balancing is applied to equalize the
representation of different classes within the dataset [42]. The weighting factors 7; for
each class i are calculated based on their occurrences in the dataset:

log <1.1 + %>_1

;\Z]z log (1‘1 + %>_1 ,

T =

6.1)

where ¢; denotes the number of instances for class i and N characterizes the total number
of pixels within the A2D2 dataset. The second term quantifies the mismatch between
the unperturbed image and the restored image by utilizing the L1-norm [210]. The third
term quantifies the discrepancy between the predicted Zernike coefficient vector and
the ground truth vector by applying the L2-norm. All components are summed up by
considering individual weighting factors, which are determined during hypertuning.

In addition to the weighting factor for the restoration loss and the Zernike loss, there are
four other hyperparameters to tune:

e The weighting factor of the Kernel-Orthonormality-Regularizer (KOR) term (see
below), which is added linearly to the loss function as a penalty.

e The learning rate, which determines the increment in the optimization process.
e The focal loss exponent +.

e The batch size, which relates to the number of images processed before the trainable
variables are updated.

Chapter 6 Enhancing calibration robustness by physical inductive biases




6.3

When employing a large batch size, the model’s quality often degrades, particularly
in terms of its generalization capabilities. Models with large batch sizes are prone to
reaching sharp minima in the loss landscape, which are generally associated with reduced
generalization performance. Conversely, small batch sizes tend to converge to flatter
minima due to the inherent noise in the gradient estimation [93].

For the multi-task network, as for the PIPTS model, the input and output is normalized to
zero mean and unit variance in order to equalize the dissimilarity of feature units.

The Gaussian Error Linear Unit (GELU) [78] is used as an activation function for the
shared encoder, the segmentation decoder, and the restoration decoder. GELU is defined
as x¢(x), where ¢(x) is the standard Gaussian cumulative distribution function. The
GELU activation function returns a likelihood-based output, unlike the Rectified Linear
Unit (ReLU) [136], which simply gates the input according to the sign. Generalizing
from monotonic (e.g. ReLU) to non-monotonic (e.g. GELU) activations can increase a
neuron’s discriminative capacity as has been demonstrated for the XOR problem [9]. For
the regression task, the Exponential Linear Unit (ELU) [29] is employed in the ResNet
cells and the dense layers. Moreover, the activation functions used in the output layers
are specifically tailored for their respective tasks. The final layer of the segmentation head
applies a softmax activation function. The restoration decoder implements the ReLU as
an activation function for the output layer. Furthermore, the regression output is obtained
by a linear activation function.

In order to enhance the generalization capabilities of the model, Kernel Orthonormality
Regularization (KOR) [95] is utilized. KOR penalizes orthogonality violations of the
convolutional kernel matrices leading to reduced feature redundancy, which enriches the
information capacity of the latent space embedding and boosts the model generalizability.
To implement this, the convolutional kernel tensor is reshaped to a 2D-kernel matrix
maintaining the innermost dimension (number of output channels). Afterwards, the
Gramian matrix is computed from the kernel matrix and the Frobenius norm is used for
quantifying the residuals w.r.t. the identity matrix. The Frobenius norm corresponds to
the Euclidean norm of the vector of eigenvalues of the matrix.

PIPTS calibration network

The PIPTS approach is implemented by a secondary, downstream CNN model, which

c R (v, 604,960, 19)

utilizes the predicted logits tensor & from the semantic segmentation head

of the baseline model and the estimated Zernike coefficient vector @ € R("3) from the
restoration head of the baseline model to predict an instance-wise temperature T, € ]Rgf’ 2
for online calibration. Using the flattened logits tensor Z and the Zernike coefficient

vector @ to directly determine the temperature did not achieve satisfying results. A

6.3 PIPTS calibration network
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superior performance was achieved by encoding the logits tensor & with another CNN
before concatenating it with the Zernike coefficient vector . From this experiment, it
can be concluded that the spatial distribution of logits in the image plays an important
role for the calibration quality, as the spatial distribution of objects of different semantic
classes (e.g., sky, persons etc.) also exhibits spatial features (e.g. the sky is up). The
best compromise between calibration quality and efficiency was established, when seven
encoder blocks were employed for the logits tensor feature extraction.

For the PIPTS model, the ECE is directly utilized as a loss function. The ECE metric is not
differentiable because it implicitly relies on a counting operation for the confidence binning.
Consequently, the ECE can not be used as a loss function a priori. Hence, a mathematical
trick is required to smooth the ECE metric such that it becomes continuous (differentiability
class CY). The trick consists of employing the continuous softmax function with a large
exponential scaling factor (s = 1000) in places where discontinuous operations are used,
e.g., replacing the argmax operation. This will result in a differentiable function but it is
not guaranteed that the derivative is continuous as well. In order to establish continuous
differentiability (C!), the smoothed ECE function is modulated.

Loss modulation is applied in order to raise the discontinuity in the ECE gradient
around zero. For that reason, the gradient is modulated by the sigmoidal func-
tion f'(x;7) := tanh® (yx). As a result, the loss function is modulated by the func-
tion f(x;7) := x — 7~ tanh (5x), which imposes an inflection point around x = 0. The
hyperparameter 77 has been determined experimentally by hypertuning to # = 50.

Finally, temperature regularization is applied in order to penalize predictions close to the
temperature scaling pole at T = 0. The regularization term for the loss gradient is chosen
as ¢’ (x;x) := tanh? (xx) — 1. Considering the constraint that the regularization term for
the loss function has to be positive-definite, the regularization term for the loss function
is given by g(x;x) := —«x~! (tanh (kx) — 1). The hyperparameter x has been quantified
empirically by hypertuning to x = 8.

In a nutshell, the loss function for the PIPTS training is given by:

L(ECE, T) := f(ECE) + g(T)

(6.2)
= L(ECE, T) = ECE — 0.02tanh (50 ECE) — 0.125 (tanh (8 T) — 1) ,
and the gradient w.r.t. the weight 6 is modulated by:
% (62) of _ JECE 67g al
00,  \QOECE T oT ) 06,
oL 9ECE T (¢
_ = 2 . — 2 — _
= % <tanh (50 ECE) - == + (tanh? (8 T) 1>> %

Figure 6.2 visualizes the development process of constructing the loss modulation
function f and the temperature regularizer g presented in Equation (6.2). In addition to the
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ECE, the AUREC calibration measure introduced in Section 2.4.4 was studied. It is evident
in Figure 6.2a that the ECE and the AUREC are not coherently minimized, indicating a
decoupling of the calibration measures, which will be the subject of Chapter 8.
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Figure 6.2: Loss function study for the PIPTS calibration network. The loss is indicated for a
random instance as a function of the calibration temperature in (a) with 8, = 1000 and
N = 10. The smoothed ECE measure is plotted as a blue line and the corresponding
gradient is visualized in (b). The discontinuity at the optimal temperature Tpin
indicates the need for an additional modulation function. The gradient of the total
loss function, containing the modulation function and the temperature regularization
term, is visualized in (d). It can be concluded that the total loss £ is sufficiently
continuous differentiable (C') for backpropagation. Furthermore, the gradient of the
AUREC is plotted in (c) as a function of the calibration temperature. The number
of peaks indicates that the smoothing of the AUREC loss function by the softmax
function was insufficient to ensure continuity. Hence, the AUREC loss function is
inadequate for backpropagation and for neural network training respectively.

Furthermore, the AUREC could not be employed as a loss function for the PIPTS training
as the smoothing by the softmax function was insufficient for establishing continuity.

As an aside, the hypertuning of the hyperparameters 77 and « is supposed to remain valid
for different datasets and neural network architectures, as long as the normalization of the
input and output is maintained and the characteristics of the ECE metric are not modified.
In particular, the number of bins will heavily affect the value of the hyperparameters
because the number of bins determines the number and magnitude of the discontinuities
in the ECE metric.

PIPTS calibration quality

Before the results regarding the calibration robustness against dataset shifts driven by
optical aberrations of the windshield are discussed in detail for PIPTS, the baseline
performance of the multi-task network in terms of the semantic segmentation for the
A2D2 dataset is evaluated by the mIoU. The segmentation of a random instance of the
test dataset is visualized in Figure 5.2. Across the entire test dataset, the average mloU
evaluates to mIoUest = (67.3 +0.7)%.

6.4 PIPTS calibration quality
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Regarding the calibration performance, Figure 6.3 depicts the reliability diagram for
the baseline model calibrated with TS. As the multi-task network is inherently well
calibrated for the diffraction-limited case by utilizing class-balancing and loss-focusing
during training, the optimal temperature according to TS is given by T,,; = 1.0, which
corresponds to anidentity mapping of the confidences. In addition, Figure 6.4 visualizes the
reliability diagrams for the multi-task network after applying PTS and PIPTS, respectively.
It is evident that the instance-wise calibrators significantly outperform TS by over 1%.
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Figure 6.4: The reliability diagrams for the multi-task network are presented if calibrated by: (left)
PTS or (right) PIPTS. If TS is directly contrasted against PTS, then the performance
gain in terms of the mECE amounts to over 1%, which is tremendous. The calibration
performance can be further boosted if a physical inductive bias is included into the PTS
architecture. This benefit becomes significant if dataset shifts due to optical aberrations
in the perception pipeline are induced. The impact of different perturbation scenarios
is visualized by red (average bin accuracy is decreased) and green (average bin
accuracy is increased) triangles. For the bin with the highest cardinality w.r.t. the
subset of predictions, the distribution of the calibration error in terms of the difference
between the average confidence and average accuracy is highlighted by an auxiliary
plot. If PTS is contrasted against PIPTS, it is noticeable that the calibration bias is
significantly reduced by adding additional information about the magnitude of the
dataset shift. Furthermore, a slight reduction of the variance of the calibration error
distribution can be observed.
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This highlights the gain in expressive power provided by the superior information
capacity of the post-hoc CNN-based calibrators [167]. The physical inductive bias of
PIPTS results in an additional mECE boost of roughly 100 ppm for the diffraction-limited
case. If aberrations are considered, then the knowledge about the dataset shift magnitude
successfully counteracts the calibration bias. In addition to accuracy improvements, PIPTS
also slightly improves the calibration precision, which is notable by narrower bin-wise
calibration error distributions.

A valid question might be raised about how significant this performance boost is. In
order to tackle this question, the Deep Ensemble approach [107] presented in Section 2.4.4
was utilized. An ensemble of 11 PIPTS models has been trained with the same hyperpa-
rameters (congruent loss function landscape in the parameter space) but random and

hence different weights initialization. Each ensemble member is used to calibrate the
baseline model and the robustness analysis presented in Figure 5.5 is repeated for the
well-correlating optical metrics, the Strehl ratio and the OIG. Consequently, the violation of
the calibration condition (see Equation (2.97)) under optical aberrations can be quantified
by extracting the regression function parameters ;. Subsequently, the mean performance
boost across all ensemble members and the corresponding standard deviation for the mean
are evaluated and visualized in Figure 6.5a and 6.5b. Utilizing the standard deviation
of the mean calibration performance in terms of the mECE as a predictive uncertainty
estimator for the PIPTS calibrator implicitly neglects the aleatoric uncertainty component.
If it is intended to include this component into the uncertainty estimation regarding
the mECE, second order distributions (see Section 2.4.4) have to be considered. This
could be done by extending the output space of the PIPTS calibration network such that
the conditional uncertainty of the temperature is predicted alongside the instance-wise
calibration temperature. The conditional uncertainty can then be propagated to retrieve
an uncertainty estimate for the mECE. As we restrict our study to first order distributions,
the PIPTS calibrator exclusively predicts the temperature. The significance level of the
PIPTS performance gain has been set to 95% utilizing the Student’s t-distribution and a
corresponding extension factor of kip = 2.23 for an ensemble with v, = 10 degrees of
freedom [68, 140]. Here, the Student’s t-distribution has to be considered as the standard
deviation is estimated based on a very limited number of degrees of freedom [68, 140].

Figure 6.5a depicts the mECE curves for the PTS and PIPTS calibrator against the
TS calibration results for the Strehl ratio. Those curves do not represent functional
relationships because the calibration performance for all three post-hoc techniques is
maximized for the mean-aberration regime. The PIPTS performance boost is not significant
for the diffraction-limited case if a confidence level of 95% is considered in the view of
the Student’s t-distribution. The performance boost increases almost linearly with the

aberration magnitude until the mean-aberration regime is approached. As the optical
degradations approach the level of the mean optical quality of the training dataset, given by
I the dataset centroid, the benefit of employing PIPTS decreases. Hence, the supplementary
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information about the Zernike coefficients is not as beneficial as for long-tail samples
with fewer aberrations in terms of the Strehl ratio. This might be the case if a neural
network trained on augmented data is used to infer information from synthetic data,
which typically does not comprise optical aberrations of the windshield. On the other
hand, in the large-aberration regime, the performance boost of PIPTS increases again after
passing the mode value of the augmented dataset distribution. This scenario might occur
if aging effects of the windshield are considered.

A similar outcome is observed if the OIG is considered as the optical target metric,
as illustrated in Figure 6.5b. As a result, the PIPTS performance boost is significant
on a 95% confidence level for the mean- and large-aberration regime but not for the
low-aberration regime close to the diffraction limit, as the physical prior does not add
significant information within this domain.
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Figure 6.5: On the left-hand side, the mECE curves for the PTS and PIPTS calibrator are plotted
versus the TS calibration performance. The colorbar indicates the aberration magnitude
in terms of the (a) Strehl ratio and (b) OIG. The curves are obtained by averaging over
11 post-hoc models in a Deep Ensemble fashion. The graph in the middle shows the
performance boost of PIPTS in comparison to PTS over the aberration magnitude as
well as the corresponding detection threshold on a 95% confidence level in gray. On
the right-hand side, the histogram of the augmented dataset distribution in terms of
the (a) Strehl ratio and (b) OIG is visualized. It is evident that the mode value of the
(a) Strehl ratio distribution and (b) OIG distribution correlates with the local minimum
in the performance boost curve. In summary, the performance boost induced by
the physics prior in PIPTS is significant for the mean- and large-aberration regime if
PSF-based optical measures — in particular the Strehl ratio or the OIG — are considered.
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The significant calibration performance boost of PIPTS in the order of 250 ppm needs
to be considered in the light of the number of instances that occur in the lifetime of an
autonomous driving car fleet. As a thought experiment, if a fleet of 10 million cars is
taken into account, which corresponds to the annual production volume of large car
manufacturers, and a mileage of 200,000 km is considered per car, then a calibration error
reduction of 250 ppm corresponds to an increase in the safety margin of 500,000,000 km.
This perspective underpins the benefits of PIPTS for autonomous driving.

The performance boost of PIPTS — generated by the physical inductive bias — manifests
itself as a slight distribution shift in the predicted temperature over the entire test dataset.
As a toy-example, Figure 6.6 depicts the histograms of the predicted temperature deviation
for the aberration scenario: w3 = —0.2 A, wy = 1.0 A, and ws = —1.0 A. The temperature
deviation is given as the difference between the instance-wise temperature predicted by
the corresponding calibrator (PTS or PIPTS) and the instance-wise optimal temperature,
which is obtained by minimizing the mECE as a function of the temperature for each
instance separately. The distributions show a non-zero bias, which is subject to the
dataset shift induced by the optical aberrations. The bias is significantly reduced if
the PIPTS calibrator is employed instead of the PTS calibrator. The parameters of the
underlying Gaussian distribution (bias p and standard deviation ¢) were determined by a
negative log-likelihood fit and the corresponding parameter uncertainty is estimated by
the inverse of the local curvature of the negative log-likelihood curve according to the
Cramer-Rao-Frechet bound [35, 146, 50].
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Figure 6.6: The temperature deviation AT between the predicted temperature of the (top) PTS,
(bottom) PIPTS calibrator and the optimal temperature is plotted as a histogram. Both
distributions indicate a significant bias, which reflects the influence of the dataset shift
on the post-hoc calibrators. The bias y is significantly reduced if the PIPTS calibrator
is employed instead of the PTS model.
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Interim conclusion

In this Chapter, it was experimentally demonstrated that enriching the PTS calibrator by a
physical inductive bias leads to superior robustness against dataset shifts. By employing
PIPTS, the trustworthiness of the baseline model’s confidences can be enhanced by
mitigating the dataset shift related bias induced by optical aberrations.

Furthermore, the implicit online monitoring of the effective optical system aberrations, in
terms of the Zernike coefficient vector, allows for a system health analysis. For that, the
relationship between PSF-based optical measures and neural network KPIs, presented
in Section 5.3, can be used to derive safety margins in terms of the Zernike coefficients.
If the predicted Zernike coefficients violate the safety threshold regarding a minimum
optical quality, then the perception chain is compromised and car maintenance might be
necessary.

Those system-level optical safety margins can be mapped to part-specific requirements by
inverting the deterministic Fourier optical model. Part-specific requirements are essential
for the verification process in the automotive industry, which typically relies on the validity
of the Vee-model [175] that implicitly assumes linear system theory. From Section 4.3.2 it
is evident that this mapping needs to be performed in the complex-valued domain of the
electromagnetic field instead of the intensity-based world.

As arequirement for training the PIPTS calibrator, the Zernike coefficients for the combined
optical system has to be known as well as the part-level wavefront aberrations. The
system-level Zernike coefficients can be retrieved from the Fourier optical model, which
relies on the information about the part-level wavefront modulations. For the ADAS
camera, this information can be retrieved by a Shack-Hartmann measurement, where the
local gradients from Equation (4.9) need to be integrated in order to obtain the optical
path difference map. This leaves the challenge of determining the wavefront modulation
induced by the windshield conditioned on the reference wavefront given by the non-
diffraction-limited ADAS camera. This can not be realized by a standard Shack-Hartmann
sensor as the measurement procedure implicitly assumes a plane reference wavefront. The
next Chapter will propose a BOS imaging-based measurement procedure to reconstruct
the wavefront modulation induced by the windshield as seen by the ADAS camera.

In addition, the results of Figure 6.2a, on the dependency of the ECE and AUREC on the
calibration temperature, indicate a decoupling of neural network calibration measures.
This hints on a safety-critical issue, as it is implicitly assumed that the calibration quality
measures itself are unbiased. Chapter 8 will address this puzzle in detail.

In a nutshell, PIPTS paves the way for establishing trustworthiness and robustness in
Al-based autonomous driving functionalities by ensuring superior confidence calibration
under optical aberrations in the perception chain and by providing a physical sound
toolchain for deriving part-specific optical requirements.
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Measurement of wavefront
aberrations induced by the
windshield

This chapter includes elements with editorial changes from

[191] Dominik Werner Wolf, Boris Thielbeer, Markus Ulrich, and Alexander Braun.
“Wavefront aberration measurements based on the Background Oriented Schlieren
method”. In: Measurement: Sensors (2024), p. 101509. 1ssn: 2665-9174. por: https:
//doi.org/10.1016/j.measen.2024.101509. urL: https://www.sciencedirect.
com/science/article/pii/S2665917424004859

marked with a green line.

The PIPTS calibrator requires the knowledge about the wavefront modulation induced
by the windshield as a ground truth information for training. In this Chapter, a novel
measurement procedure based on BOS imaging and image cross-correlation is proposed
to address this challenge. In detail, the wavefront aberrations of the windshield are
reconstructed by employing high-resolution refractive power measurements. In order
to do so, we will exploit the fact that the local refractive power characterizes the local
curvature of the optical path difference map, as formulated in Equation (4.2).

Related work

The impact of wavefront aberrations is of major concern for many highly sophisticated
technical systems [125, 90, 57, 88]. As an example, airborne communication systems [90]
and airborne laser-based weapon systems [57] are considerably affected by wavefront
aberrations from turbulences. A similar issue can be observed in autonomous driving as
addressed by Jaiswal et al. [88]. Those complications are phenomenologically identical
to our challenge of handling the optical aberrations induced by the windshield, as the
underlying physics is equivalent. In contrast to turbulence-driven wavefront aberrations,
the windshield’s optical aberrations are generally assumed to be time independent, which
only holds true as long as ageing effects of the windshield are neglected.
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In Section 6.5 we summarized that the specification of optical part requirements has
to be made in the complex domain of the electromagnetic field to account for phase
modulations. We arrived at this conclusion, as the governing Vee-model [175] in the
automotive industry requires the decomposition of optical system requirements into part
tolerances. If we apply this top-down verification approach to the perception chain, it
is crucial to pay attention to the codomain shift. The system requirements might be
deduced from a regression function that sufficiently captures the dependency of the
performance of an underlying Al algorithm on the input image quality, as demonstrated
by Equation (5.1). This system-level performance measure will be intensity-based because
a CMOS sensor captures only the average Poynting vector [76] in the direction normal
to the sensor surface. Hence, the intensity —i.e. the squared electric field amplitude —
determines the number of electron-hole pairs created in the semiconductor. Nevertheless,
part-level requirements have to incorporate the information about the modulation of
the complex-valued electromagnetic wave by spatial variations of the refractive index
within the propagation path. Otherwise, interference effects are untraceable, which would
prevent the definition of unique part-level requirements [193] as the superposition of two
aberration fields can lead to constructive or destructive interference [76].

In order to measure the windshield’s wavefront aberrations, we will propose to utilize the
BOS imaging methodology presented in Chapter 3 based on image cross-correlation.

The equivalence of the physical principles underlying wavefront aberration measurements
based on Shack-Hartmann sensors and image distortion measurements based on BOS
imaging was discovered over a decade ago [11, 12, 166]. In general, both approaches
perform a relative measurement between the perturbed wavefront and the reference
wavefront and target on observing the spatial distribution of local deflection angles,
which relates to the local wavefront gradients w.r.t. the transversal axes, as introduced
in Equation (4.9). The wavefront aberration map can be reconstructed by numerical
integration and the local refractive power is obtained by differentiating the measured
wavefront gradients [192, 193]. As a result, the complex-valued phase modulation induced
by the windshield can be measured independently of the camera objective lens.

The advantage of BOS imaging over a Shack-Hartmann sensor manifests itself in three
keypoints. On the one hand, the aperture size and the resolution of a Shack-Hartmann
sensor is limited by the spanned sensitive area of the lenslet array and the number of CMOS
pixels per microlens, respectively. Secondly, the reference wavefront in BOS imaging
is implicitly given by the objective lens. Therefore, the expected nominal wavefront
is characterized by a sphere with a radius equal to the nominal focal length f of the
objective lens, which is naturally subject to deviations due to manufacturing tolerances.
Consequently, the BOS imaging setup assesses an optical path more representative of
the final application in comparison to a collimated measurement configuration, which
current regulations demand for, in particular the UN/ECE-R43 [148]. Finally, Shack-
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Hartmann sensors are more expensive than BOS setups if a significant area under test is
considered [11].

Bichal et al. [11] laid the foundation of BOS imaging-based wavefront measurements. They
experimentally verified the measurement principle by reconstructing the local optical
path difference — induced by a plano-convex lens with 1 m focal length — across the lens
aperture [11]. By comparing the experimental results with theoretical expectations they
conclude that the absolute error for their specific setup is less than 5% [11]. Nevertheless,
they particularly highlight that this measurement uncertainty estimate strongly depends
on the setup alighment and a more detailed analysis is needed for arbitrary objects under
test [11].

This leaves us with a bunch of open research questions: Is the accuracy of wavefront
measurements based on BOS imaging sufficient to study the aberration pattern of
windshields and how to establish a sanity check that easily assesses the validity of the
measurement setup? How can detailed knowledge of the wavefront modulation induced
by the windshield be utilized to improve the robustness of Al-based perception systems?
Is BOS imaging the most suitable measurement technique for this purpose?

We will address these research questions in this chapter. First of all, the accuracy of
BOS imaging is evaluated, based on the global wavefront aberration map, characterized
by the Zernike coefficients defined in Section 2.1.1. In detail, we will investigate if
the Zernike coefficient vector obeys the expected rotation transformation property for
a counterclockwise rotation of 90°. To do so, we will start by deriving the governing
equations for reconstructing the Zernike coefficients of the global wavefront aberration
map based on high-resolution refractive power measurements. Subsequently, we will
formulate the expected transformation properties of the Zernike polynomials by analyzing
the periodicity. In a nutshell, we contribute to the industrialization of BOS imaging-
based wavefront measurements by extending the accuracy assessment, targeting on
the fulfillment of the essential pillars of metrology regarding a valid measurement, as
described in Section 2.3.

Secondly, we will highlight the necessity of BOS imaging-based wavefront measurements
for enhancing the robustness of Al-based perception systems in the automotive industry.
As a starting point, we need to acknowledge that the ability to measure the complex-
valued phase modulation induced by the windshield relative to the reference wavefront
determined by the ADAS camera is a prerequisite for the PIPTS calibration strategy
presented in Chapter 6. We will propose to further utilize the measurement information
about the wavefront modulation induced by the windshield to enrich the training
dataset through physics-informed data augmentation [156, 194], thereby enhancing data
heterogeneity without the need to gather additional data on the road.

Thirdly, the independence of the windshield’s wavefront aberration measurement from
the objective lens will enable us to account for the codomain shift in part-level testing

7.1 Related work
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and pave the way for utilizing innovative glazing concepts through a holistic deep
optics optimization of the perception pipeline. This poses the unique selling point of
BOS imaging-based wavefront measurements in contrast to conventional wavefront
measurement techniques [141, 22].

BOS imaging for wavefront aberration measurements

In contrast to previous work, our setup utilizes high-resolution measurements of the
local refractive power to determine the Zernike coefficients. This is possible because the
unit vectors within the function space - spanned by the second-order derivatives of the
Zernike polynomials — are orthogonal, which implies that the reconstructed coefficients
are unique. We introduce this change in the information processing pipeline as the local
refractive power is the most established measure in the automotive industry. Consequently,
the comparability to existing standard measurement devices, which comply with the
UN/ECE-R43 [148], can more easily be evaluated. Furthermore, the refractive power can
be directly traced back to international standards by utilizing a calibrated reference lens,
as described in Chapter 3.

The Zernike coefficients w, for parameterizing the wavefront aberration map can be
retrieved in theory from the measurement of the local refractive power distribution by
exploiting Equation (4.2). Hence, the refractive power vector D, which embeds the spatial
distribution of local refractive power measurements into a flattened vector:

T
D’;:[qu qu,qu qu] , (7.1)
/Al Hm m Nm
can be related to the Zernike coefficient vector @ as:
o 1 .
Oa

with the matrix M quantifying the local curvature of the corresponding Zernike polyno-
mial Z, at location #j,,:

_ - T
927, 927, 927, 027,
R e 1l
M MTm M Hm
M = : : : : : (7.3)
927, %7, %7, 927,
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The Zernike decomposition coefficients w, are uniquely determined if M M| # 0. In
other words, the Gramian matrix M T M has to be invertible, wherefore M M needs
to have full rank. If this condition is fulfilled, then the Zernike coefficient vector @ is

obtained by:

-1 .
@2t [MM] M. (7.4)

It is important to note here that the second order derivatives of the zeroth to third order
Zernike polynomials vanish, and hence the reconstruction of the Zernike coefficients is
limited to those with an ANSI index greater than three (see Table 2.1). Generally, the
Zernike coefficients of zeroth and first radial order are irrelevant because they do not
impact the imaging quality, as elaborated in detail in Section 4.3, wherefore they are
typically discarded as an offset when performing standard wavefront measurements.

The missing relevant Zernike coefficient Z3 for imaging applications, oblique astigmatism,
can be retrieved if two consecutive measurements are taken with an angular displacement
of 45°. The expected rotation invariance of all azimuth-angle independent Zernike
polynomials can be utilized to verify the validity of the measurement pair and to check
if the alignment accuracy is sufficient. In addition, the consistency of the measurement
technique can be evaluated if an angular displacement of 90° is considered and the
rotation transformation properties of the Zernike coefficient vector are exploited. For this
parameterization, the expected Zernike coefficient vector after a counterclockwise rotation
by 90° is given by:

Wat90° = Riop° - Wu , (7.5)

if the initial measurement has been performed at an arbitrary azimuth angle a. The corre-
sponding rotation transformation matrix R 1 9¢- is retrieved by analyzing the sinusoidal
frequency for every Zernike polynomial and by exploiting the respective periodicity.
Consequently, the counterclockwise rotation matrix R 1 9p- is determined by:

(1.0 00000 OO0 0 O]
0-1 000O00O0TOTU OO0
00 000100000
00 00-1000TO0TUO0O0
00 01 0O00O0TO0UO0O0
Riopo=]00 -10000O0O0O0 O (7.6)
00 00O0O0OT1O0UO0UO0O0
00 00O0O0O-10200
00 00O0O0O0OT1U 0O
00 00O0O0OOTO OU O-10
(00 000O0O0O0O0O0 1|

As a result, the experimental setup can be benchmarked by comparing the measured
Zernike coefficient vector @,.99- with the expected Zernike coefficients after rotating c,

7.2 BOS imaging for wavefront aberration measurements
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by the matrix R 90c. In the case of a rotation-symmetric optical setup, the vector pairs
are expected to be congruent. Since a camera with a non-square CMOS imager is utilized
for the BOS imaging setup, the measurements have to be restricted a posteriori to the
minimum field of view across all axes.

Resolution requirements for BOS imaging

In order to enable the reconstruction of local wavefront aberrations based on local
deflection maps, BOS imaging must be performed with a certain minimal resolution. This
resolution requirement will be derived subsequently. As a starting point, the limitation in
the imaging resolution imposed by the pixel pitch T of the CMOS sensor of the ADAS
camera needs to be considered. According to the Nyquist theorem, the discretization
in the sampling schema limits the recoverable information content in the frequency
domain to: ky, k, € R | (— (27)"', (27)7!). The boundaries of this domain correspond
to the Nyquist frequency. The cardinalities of the sets {k,} and {k,} of measurement
samples are determined by the number of pixels N; of the CMOS sensor along the
corresponding axis. Hence, the frequency domain is partitioned into segments with an

incrementation of Ak; = (TN;) . As a result, the spatial sampling rate of the PSF in the
(0)
i

resolution in the aperture plane for the generalized aperture function 15(9?”), introduced

O~ (eN) . The apertute coondnae 1

observer plane is given by the pixel pitch Ax;”’ = 7. Consequently, the required spatial
by Equation (2.60), is determined by AX
still contains the normalization factor introduced in Equation (2.58). In order to obtain
the spatial resolution in physical length units, the variable substitution performed in
Equation (2.58) needs to be inverted. This ultimately leads to a minimal sampling rate

requirement in the aperture plane of:

!
Ax(u) < Az

. . 7.7
! TNZ' ( )

According to the thin lens Equation (2.39), the longitudinal distance z between the aperture
surface and imaging plane can be approximated by the focal length of the system if and
only if the longitudinal distance 7y between the object plane and the aperture surface is by
magnitudes larger than z. This condition especially applies to telephoto cameras, where
the target objects typically occur in a distance of > 60 m. Hence, Expression (7.7) can be
rewritten as:

W< M
Ax; < N (7.8)
If the CARIAD dataset introduced in Section 2.4.2 is considered, then the required spatial

!
resolution of BOS imaging in the aperture plane is given by Axy) < 1.3 ym for the

!
vertical axis and it evaluates to Axg(f) < 0.65 um for the horizontal direction. This

resolution requirement is difficult to meet with a BOS imaging setup. Nevertheless, if the
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global wavefront modulation is the main matter of concern rather than local wavefront

aberrations, then BOS imaging might be capable of reconstructing an effective wavefront.

This equals a local averaging of wavefront snippets. In the next Section, a proof of
concept study will be performed to demonstrate that global wavefront modulations
of the windshield can indeed be reconstructed by high-resolution BOS imaging if the
hyperparameters of the BOS setup, described in Section 3.2, are tuned appropriately.

Sanity check for the proposed BOS measurement setup

The following study examines a flat laminated safety glass sample. Laminated safety
glass consists of two flat glass layers, which encapsulate a tough-elastic, tear-proof foil
made of polyvinyl butyral (PVB), as elaborated in detail in Section 2.2.1. Figure 7.1a
presents the local refractive power measurement results for the safety glass sample across
the aperture domain using BOS imaging, considering an initial alignment angle «. The set
of Zernike basis polynomials has been limited to the 14 order for the reconstruction of
the wavefront aberration map. If a counterclockwise rotation of the glass sample by 90° is
performed, then the measurements presented in Figure 7.1b are obtained.
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(a) Measurement 71 for an initial alignment angle «.  (b) Measurement i, after rotation to (a 4+ 90°).

Figure 7.1: Results of the local refractive power measurements of a flat laminated safety glass
sample (a) for an initial alignment angle « and (b) after a counterclockwise rotation by
90° to (« +90°). The upper row shows the results for the horizontal transversal axis
and the lower row indicates the outcomes for the vertical transversal axis. Furthermore,
the left column presents the raw measurement results and the middle column displays
the reconstructed aberration field utilizing Equation (7.4). Finally, the right column
visualizes the mismatch between the measurement and the global reconstruction over
the aperture domain. The discrepancy is quantified in terms of the non-explainable
variance, given by the ratio of the mean squared error (MSE) over the variance of the
measurement set.

With the knowledge of both measurements, the validity of the expected rotation properties
according to Equation (7.5) can be investigated. The initial measurement is directly

compared to the transformed values from the second, rotated measurement in Figure 7.2.

It can be concluded that up to the ninth order, the data points align in magnitude but

7.4 Sanity check for the proposed BOS measurement setup
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they are not congruent. The discrepancy between the results quantifies the impact of
the symmetry break and the lack of alignment accuracy. The CMOS sensor of the BOS
imaging camera is non-square, wherefore the field of view is not rotationally symmetric.
The post-hoc procedure of restricting the area of interest within the recorded images to
the minimum field of view across all axes is subject to numerical errors, which can lead to
a weak symmetry violation. Additionally, the angular alignment underlies mechanical
limitations regarding the alignment accuracy of 0.1°.
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Figure 7.2: Transformation study for the reconstructed Zernike coefficients up to the 14 order.

The uncertainty bars indicate the 95% confidence intervals. cﬁgo) denotes the Zernike

coefficient vector measured under an azimuthal alignment angle of & = 45°. In

addition, JJ‘(L?O) indicates the expected Zernike coefficient vector after transforming a

secondary Zernike coefficient vector 6291)50 obtained under an azimuthal alignment

angle of « = —45°. The transformation is mathematically described by the rotation
matrix R ;ggo presented in Equation (7.6). The detection threshold is set to 1% of the
leading expansion coefficient.

The uncertainty intervals in Figure 7.2 were obtained by a Monte-Carlo study. The input
uncertainty distributions are assumed to follow a Gaussian pdf. In total, the influence
of three alignment parameters is considered, namely the uncertainty in the x and y
coordinate of the rotation point and the uncertainty in the rotation angle itself. The
corresponding standard deviations are specified with: ¢y = 0.1 mm, ¢, = 0.1 mm and
0, = 0.1°. Furthermore, the effect of Gaussian noise on the number of generated free
electron-hole pairs in the CMOS sensor is investigated. The standard deviation of the
pixel-wise intensity distribution is estimated to be +5%. The ensemble set of Monte-Carlo
samples has been initialized with a cardinality of N = 1000. From the output pdfs for
every Zernike coefficient the median value and the corresponding 95% confidence interval
have been computed. Figure 7.2 takes up on those statistical properties and further
visualizes a significance threshold, which is simply set to be at 1% of the maximum
Zernike coefficient (here defocus wy). Everything below this threshold has been assigned
to noise.
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7.5 BOS imaging for end-of-line testing

The measurement procedure based on BOS imaging is supposed to be utilized as a 100%
end-of-line testing system. It will be required to analyze the BOS imaging measurements
over the field of view of the ADAS camera by considering subapertures. For each
subaperture a Zernike coefficient vector can be reconstructed, which will lead to a 2D-map

of Zernike coefficient vectors over field. Each Zernike coefficient vector of the windshield
can be used to parameterize a Fourier-optical degradation model (compare to Section 2.1.2).
In addition, the Zernike coefficient vector for the ADAS camera must be known from
a Shack-Hartmann wavefront measurement, in order to realistically simulate the MTF
of the optical system. For illustration purposes, the camera optics will be assumed for
the moment as diffraction-limited, wherefore the information obtained by BOS imaging
is sufficient to parametrize the system MTF. As a result, a discretized 2D-map of the
field-angle-dependent 2D system MTF curves can be determined as illustrated in Figure 7.3.

At this point, it has to be emphasized that those system MTF curves are simulated under
strong assumptions. Most importantly, the assumption of a diffraction-limited ADAS
camera is out of touch with reality as the production tolerances are too severe to be
neglected. Furthermore, field-curvature aberrations — arising from the planar nature of the
CMOS sensor in comparison to the spherical imaging plane as discussed in Section 4.3.2 -
are neglected and the active alignment procedure of merging camera objective lens and
CMOS sensor is not taken into account.

A
O0OSEE3Z

-1l5° -10° -5° 0° +5° +10° +15°

¢

Figure 7.3: Distribution of the 2D system MTF over the field of view of the ADAS camera for
a standard windshield. The field of view is parameterized by the azimuth angle ¢
and the polar angle 6. Furthermore, the domain of the system MTF is limited to the
Nyquist frequency. For calculating the system MTE, a diffraction-limited camera with
a focal length of f = 16 mm has been assumed. The system MTF of windshield and
camera objective lens is illustrated with the underlying assumption of vanishing field
curvature aberrations.
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Interim conclusion

The capability of measuring the induced phase modulation by the windshield inde-
pendently of the ADAS camera opens the solution space to handle aberration-based
dataset shifts in the automotive industry. Generally, the robustness of CNN-based multi-
task networks is increased by training a network with aberrated images taken behind
different windshield configurations, as demonstrated in Chapter 5. By doing so, the
data heterogeneity is amplified, which promotes the generalizability of any baseline
neural network. With the presented BOS imaging measurement setup to reconstruct
the Zernike coefficients of the windshield’s wavefront modulation independently of the
ADAS camera, a deterministic Fourier-optical model — as presented in Section 2.1.2 —
can be parameterized to artificially degenerate images. This methodology increases the
sample density in the data augmentation subspace without the need to experimentally
take images behind different windshield configurations. This requires datasets, where the
cameras are mounted on the car roof (e.g. A2D2 [56], KITTI [55]) but it drastically reduces
the necessary resources for capturing a heterogeneous training dataset. In conclusion,
by utilizing the proposed measurement strategy and a physics-realistic Fourier-optical
model, the number of driven kilometers for capturing training data can be significantly
reduced, which saves costs and reduces the CO; footprint in the development phase.

In addition, the knowledge about the discretized 2D-map of the field-angle-dependent
2D system MTF curves enables a more sophisticated optimization strategy w.r.t. the
windshield design. As concluded in Chapter 5, such an optimization attempt in the
windshield manufacturing process should target primarily on defocus aberrations but
the degree of severity might vary across the field of view of the ADAS camera, which is
resolvable by the proposed procedure.

Furthermore, the measurement information about the Zernike coefficient vector of the
windshield is an essential requirement for the PIPTS network training, as elaborated in
Chapter 6. In the current PIPTS architecture, the Zernike coefficients are assumed to be
marginalized across the domain of the azimuth angle ¢ as well as the polar angle 6. This
double integration can be discretized by utilizing the reconstructed field-angle-dependency
of the Zernike coefficients, as illustrated in Figure 7.3 in the 2D MTF space.

Moreover, BOS imaging can be utilized for part-level testing of the windshield’s Zernike co-
efficient vector. As elaborated in Section 4.4, the part testing strategy of the Vee-model [175]
is subject to a codomain shift from the intensity-based system-level requirements on
the perception chain to the part-level requirements in the complex-valued domain of
the electromagnetic field p. This highlights the need for measurement systems such as
the one presented in this chapter. On the contrary, if we do not further strengthen our
devolvement effort to keep track of this codomain shift and continue to exclusively rely
on intensity-based part measurements, then the verification strategy would need to utilize
the maximum error estimation principle. Hence, the worst-case scenario is considered
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to account for untraceable interference effects, which ultimately results in unrealistically
high-quality requirements for the windshield. Those exaggerated optical quality require-
ments can not be met by standard production processes in place. Consequently, the
rejection rate would dramatically increase wasting resources that deteriorate the goal of
small CO, footprints in production [66].

On the other hand, if the codomain shift is adequately considered then the part-specific
phase modulations can be incorporated into the Al architecture and a holistic optimization
of the computer vision setup could be undertaken in a deep optics [36, 185] fashion. This
opens the solution space for innovative glazing concepts. For example, thinner and hence
lighter windshields are desirable because electric vehicles are range-limited due to the
low energy density of batteries compared to fossil fuels [181]. In this context, a deep
optics approach is inevitable since the windshield thickness negatively correlates with the

aberration-proneness.

As a final remark, the presented methodology of employing high-resolution refractive
power measurements for the reconstruction of the global wavefront modulation induced
by the windshield is still subject to further development efforts until an end-of-line
deployment is realizable. Notwithstanding this, the sanity check based on the flat
laminated safety glass sample illustrated the feasibility of the proposed measurement
technique in alignment with previous experimental results for a plano-convex lens [11].

7.6 Interim conclusion
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Decoupling of neural network
calibration measures

This chapter includes elements with editorial changes from

[189] Dominik Werner Wolf, Prasannavenkatesh Balaji, Alexander Braun, and Markus
Ulrich. “Decoupling of neural network calibration measures”. In: German Conference
on Pattern Recognition (GCPR) (2024)

marked with a

The training of the PIPTS calibrator in Section 6.3 revealed different optimal temperatures
for the minimum of the ECE and the AUREC calibration quality measure. This decoherence
hints on a possible decoupling between neural network calibration measures, which
compromises the goal of ensuring trustworthiness in the model’s predictions by calibrated
uncertainty estimates obtained with PIPTS. From a metrological point of view, it is expected
that the uncertainty measure coincides with the observed error rate in the network’s
predictions if the model is properly calibrated. As elaborated in Section 2.4.4, there exist
point-wise predictive uncertainty estimators and entropy-based uncertainty measures
for semantic segmentation. This distinction directly translates to point-wise predictive
uncertainty calibration estimators (e.g., ECE, AUSE utilizing the variation ratio for sorting,
etc.) and entropy-based calibration measures (e.g., UCE, AUSE utilizing the Shannon
entropy for sorting, etc.), as introduced in Section 2.4.5. Ideally, the choice of point-wise
or entropy-based calibration measure should not affect the safety statement w.r.t. proper
calibration. Within the zoo of calibration techniques, temperature scaling [70] is one of
the most prominent post-hoc techniques as introduced in Section 2.4.5. If all calibration
measures were coupled, then one would expect that the temperature that minimizes
the logits-based Negative Log-Likelihood (NLL) [70] simultaneously imposes a global
minimum in the ECE curve over temperature. This should also hold true for alternative
measures, presented in Section 2.4.5, attempting to estimate the calibration quality. To put
into a more general perspective, it is expected that all calibration measures are coherently
minimized and approach a minimum at the same temperature. Nevertheless, the observed
decoupling between the ECE and AUREC gives rise to study the coupling mechanism
among different calibration measures more thoroughly.

For this evaluation, the Uncertainty Calibration Error (UCE) defined by Equation (2.100),
the Uncertainty Calibration Quality Score (UCQS) specified by Equation (2.101), and the
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Area Under the Sparsification Error curve (AUSEs) characterized in Section 2.4.5 — utilizing
the Shannon entropy S for sorting — are considered as entropy-based calibration measures.
On the contrary, the Expected Calibration Error (ECE) determined by Equation (2.99),
the Confidence Calibration Quality Score (CCQS) defined by Equation (2.101), and the
AUSEYy utilizing the variation ratio V for sorting are employed as point-wise calibration

measures.

Related work

As experimentally demonstrated in Section 5.5 and addressed meticulously by the PIPTS
approach in Chapter 6, modern neural networks typically exhibit a bias in the predictive
confidence/uncertainty estimation as they are prone to overconfidence [70]. Consequently,
it is required to properly calibrate the predictive confidence/uncertainty estimates. The
violation of the calibration condition introduced in Equation (2.97) for confidence cal-
ibration and specified by Equation (2.98) for uncertainty calibration is quantifiable by
different calibration quality measures, as defined in Section 2.4.5. Suppressing calibration
errors is of utmost importance in safety-critical domains, like medical imaging [13] or au-
tonomous driving [194, 190], where risk quantified by uncertainty influences life-and-death
decisions.

The first evidence for a decoupling between neural network calibration measures was
found by Nixon et al. [137]. They demonstrated that the minimum of the NLL over
temperature curve does not coincide with minimum of the ECE over temperature
curve [137] due to the bias introduced by the ECE binning mechanism. If the bias varies
among different calibration quality measures, then those measures decouple and distinct
optimal temperatures will be observed.

Wang et al. [176] alleviate the impact of the binning bias of ECE by introducing a novel
calibration methodology. In detail, they tackle this issue by modulating the loss function
of an arbitrary backbone network by a focal loss regularization factor with instance-wise
gamma exponents [176]. For obtaining those instance-wise gamma values, an auxiliary
neural network is trained with a differentiable calibration quality surrogate measure as a
loss function. This surrogate measure is similar to the smoothed ECE proposed in Chapter 6
and serves the goal of ensuring continuous differentiability (C') for backpropagation. In
summary, Wang et al. [176] achieved superior calibration quality by utilizing an unbiased
kernel density estimate for the ECE and by training an auxiliary network to predict
instance-wise gamma exponents to focus the backbone loss.

Islam et al. [85] pointed to another issue of model calibration, namely that the optimal
temperature is typically class-dependent. This becomes important if the model is trained
on a long-tailed dataset, where classes are highly imbalanced. As a result, the model tends
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to be overconfident for high-frequency classes [85]. In order to address this issue they
propose to incorporate the knowledge about the class distribution into the temperature
scaling approach. In detail, they replace the scalar temperature by a temperature vector,
which embeds class specific temperatures. Nevertheless, the degree of freedom of the
temperature scaling approach remains at one, as the class dependency is solely accounted
for by an additive term that consists of the max-normalized class frequencies [85].
They experimentally demonstrate that this class distribution-aware temperature scaling
approach is superior in terms of the ECE and UCE [85].

In addition, Kirchenbauer et al. [97] observed that many common calibration methods,
which suppress the calibration error in terms of the ECE, do not coherently minimize the
generalized ECE (gECE) hinting on a decoupling between different calibration measures.
The gECE evaluates the average performance of the ECE over the top-k classes and is
more suitable for probabilistic classifiers [170], where the entire distribution is relevant for
downstream decision making. As this thesis focuses on semantic segmentation, we will
not consider the gECE as a calibration quality metric in our studies.

The current state of scientific knowledge raises some puzzling questions: Is the decoupling
effect also noticeable for different neural network calibration measures? What factors
drive the decoupling between those measures? What are the practical implications of
calibration measure decoupling for safety-critical applications?

As a first contribution to tackle these questions, we will systematically analyze the
phenomenon of decoupling among distinct neural network calibration measures by
demonstrating experimentally that the optimal calibration temperature depends on the
calibration measure under consideration. This analysis will comprise sparsification-based
calibration measures (AUSEy and AUSEg) as well as measures derived from the reliability
diagram (ECE, CCQS, UCE, and UCQS).

Secondly, we will identify several mechanisms responsible for calibration measure
decoupling and provide experimental evidence. Specifically, we will demonstrate that the
skewed frequency distribution of the uncertainty/confidence estimates (see Section 8.3), the
class imbalances due to varying class representations within the dataset (see Section 8.4),
the target domain mismatch regarding the performance metric (e.g., accuracy vs. IoU)
between distinct calibration measures (see Section 8.5), and the binning procedure for
reliability diagram-based measures (see Section 8.6) drive the decoherence of the optimal
temperature and generate the observed decoupling.

Thirdly, we will propose the AUSE utilizing the cross-entropy for sorting as a measure for
quantifying the residual uncertainty and we will elaborate on the risk associated with the
decoupling of neural network calibration measures for autonomous driving.

8.1 Related work
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Evaluation setup

For the evaluation of different calibration measures, a customized UNET architecture [149]
is utilized. The UNET layout is based on the baseline multi-task network presented in
Section 6.2 with five downsampling stages. Since the semantic segmentation task is the
primary subject of interest, only the segmentation head is employed. As elaborated in
detail in Section 2.4.1, there are three central pillars in CNN-based neural network design,
namely depth, wideness and finesse. For the customized UNET architecture, the depth
extends over 48 layers excluding the input and output layer. Furthermore, the wideness of
the network doubles before every downsample step to conserve information and reaches
a maximum of 304 channels at the UNET bottleneck. Additionally, the finesse of the
input is given by 960 x 604 pixels and reaches a minimum in the UNET bottleneck of
30 x 19 pixels. In order to encourage the network to learn orthonormal features, kernel
orthonormality regularization [95] is employed as a weight tensor regularizer in the
convolutional layers. Moreover, the loss function is given by the balanced cross-entropy
and utilizes a focal loss modulation in order to down-weight the loss assigned to well-
classified instances. The cross-entropy is balanced by weighting the classes according to
their frequency in the A2D2 dataset, similar to Dreissig et al. [42]. In total, the network
comprises 7,271,110 trainable parameters and 1,178 non-trainable parameters, which track
the first two statistical moments of the batch distribution during training mode for the
batch normalization and are not subject to the loss backpropagation.

The training of the UNET was performed on two Nvidia RTX A6000 with 48GB and a
learning rate schedule was applied similar to Section 6.2. Furthermore, the A2D2 seg-
mentation dataset [56] served as the training dataset with a test ratio of 20%. Due to
limitations in the computational resources, an evaluation dataset was selected from the
test dataset by randomly selecting 200 images. On this subset, a mIoU of 74.8% was
achieved with the UNET. This performance is significantly higher than the one observed
with the segmentation head of the baseline multi-task model, presented in Section 6.2,
as the training dataset is not augmented by optical aberrations of the Fourier-optical
threat model. This decreases the generalization capabilities of the UNET due to a less
heterogeneous training dataset but it leads to a higher baseline performance for in-domain
samples. Consequently, the mIoU performance is higher but the robustness against optical
perturbations induced by the windshield is reduced.

In alignment with Chapter 6, the groundtruth data was relabeled to match the 19 classes
labeling taxonomy of the Cityscapes dataset [32] for enhancing comparability.
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Decoupling due to skewed frequency distributions

Figure 8.1 illustrates the impact of temperature on the reliability diagram-based met-
rics (ECE, CCQS, UCE and UCQS). The optimal temperature (T = 0.4) is given by the
location of the minimum in the mean ECE over temperature graph, which coincides with
the optimal temperature of the mean UCE. It can be noticed that the enclosed areas Acc
and Ayc, which relate to the CCQS and UCQS, are not simultaneously minimized for
the optimal temperature of the ECE/UCE. This is caused by the extreme skewness in
the distribution of the predicted average confidences as well as the distribution of the

predicted average uncertainties respectively, which is highlighted in Figure 8.2.
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Figure 8.1: The reliability diagrams for the initial calibration state of the neural network (T = 1.0,
left) and for the optimal temperature (T = 0.4, right) are illustrated along with the
enclosed areas Acc and Ayc.

The skewness accounts for the degree of asymmetry observed in the frequency distribution
and is quantifiable by the third standardized moment. As a consequence, the predictions
in the last bin (for the ECE) and the first bin (for the UCE) are dominating the calibration
process. In a nutshell, the CCQS or the UCQS as a calibration measure target on the
fulfillment of the calibration condition in Equations (2.97) and (2.98) over the entire average
confidence/uncertainty range, whereas the ECE and the UCE are implicitly focused to a
subdomain due to the skewed frequency distribution. In safety-critical situations, such
a focus on highly confident predictions is not favorable because the sparsely observed
scenarios with the lowest confidence will be the most critical ones for preventing an

accident in autonomous driving.

The results presented in Figure 8.1 are separated into individual graphs in Figure 8.2. By
doing so, the relationship between the frequency distribution of the confidence/uncertainty
estimates and the bin-wise calibration error becomes evident. As stated above, the

8.3 Decoupling due to skewed frequency distributions
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skewness of the frequency distribution implies a focusing of the ECE and UCE on bins
with high confidence/low uncertainty. Consequently, the areal calibration measures, CCQS
and the UCQS, decouple from the implicitly focused measures, ECE and UCE, if the
frequency distribution is skewed.
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Figure 8.2: The binned reliability diagrams for the initial calibration state of the neural network
(T = 1.0, left column) and for the optimal temperature (T = 0.4, right column) are
visualized. The upper row utilizes the confidence estimate for evaluating the bin-wise
violation of the calibration condition in Equation (2.97) and the lower row employs
the Shannon entropy as a predictive uncertainty measure to assess the bin-wise breach
of the calibration condition in Equation (2.98). The ideal case of perfect calibration
is indicated as a green dashed line and the distance from this line to the bin-wise
average accuracy/error (indicated as a red vertical line) is visualized as a blue bar.
In addition, the frequency distributions of the confidence/uncertainty estimates are
illustrated on the bottom of each reliability diagram. It is evident that all frequency
distributions demonstrate a significant skewness.
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8.4 Decoupling due to class-imbalances

In this section, another driving factor for the decoupling of calibration measures is studied,
namely class-imbalances. For this, the ECE and the UCE are analyzed on a class-wise basis
and they are contrasted against two equivalent metrics from the sparsification space, the
AUSE calculated using the variation ratio as the sorting measure (AUSEy) and the AUSE
calculated using the Shannon entropy as the sorting measure (AUSEs) respectively. For the
computation of the AUSE, the IoU was used as a merit function. The optimal temperature
that minimizes these four metrics differs from one class to another. This is attributable
to the level of representation of a particular class in the dataset and ultimately to how
well each class’ features have been learned by the model during training. For the ECE,
this class conditionality was noticed previously by Nixon et al. [137] and aligns well with
the observations presented in Table 8.1, where the optimal calibration temperature T, is
stated for the most represented and the least represented classes. At this point, it should be
highlighted that this class-wise optimal temperature dependency is still observable even
though the UNET was trained by employing a class balancing schema (see Equation (6.1))
and by utilizing a focal loss to accentuate instances with high prediction uncertainty.
As a consequence, the observation of distinct class-wise temperatures might be better
explainable in terms of the epistemic uncertainty in the class-specific feature embeddings.
This dependency is not taken into account by the point-wise variation ratio nor by the
Shannon entropy, wherefore the bias w.r.t. the epistemic uncertainty contribution can
vary across the classes, which imposes the causal reason for measuring a temperature
dependence on classes.

In addition to the observed class dependency of the calibration temperature in Table 8.1,
it is evident that the class-wise optimal temperatures obtained by the reliability diagram-
based measures (ECE and UCE) and the sparsification-based measures (AUSEy and
AUSE) do not coincide. This points to another decoupling effect, which will be addressed
in Section 8.5.

Class Reliability Sparsification

argmin ECE argmin UCE | argmin AUSEy | argmin AUSEg

T T T T

Nature 0.4 0.4 1.8 0.9
Sky 0.4 +0.05 | 04 +0.05 | 1.4 +017 | 09 +0.38

Road 0.5 0.5 1.7 0.1

Pedestrian 0.3 0.4 0.9 0.9
Small Vehicle | 0.2 +031 | 03 +040 | 19 +0.52 | 1.0 +0.17

Animal 0.9 1.2 0.7 0.6

Table 8.1: T.,, which minimizes the respective calibration metric is listed for the three most and
least represented classes in the evaluation set (top three and bottom three respectively).
It is noticeable that the standard deviation of the class-wise T, is amplified if a subset
of less represented classes is considered.
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Decoupling due to different target domains

In this section, the decoherence between sparsification-based measures (AUSEy and
AUSEgs) and reliability diagram-based measures (ECE and UCE), observed in Section 8.4,
will be further investigated. In order to retrieve a holistic picture, the average calibration
error is computed across all classes for calibration temperatures in the range of T € [0.1, 10].
For example, the class-wise ECEs are calculated at every temperature and their means are

plotted in Figure 8.3.
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Figure 8.3: Left: The normalized calibration loss surface of NLL, Brier score, the mean of class-
wise ECE and the UCE are plotted. The optimal temperature for the Brier score, ECE
and UCE coincide at T = 0.4 while the NLL indicates a minimum at T = 0.6. Right:
The normalized calibration loss surface of AUSEy and AUSEg indicate minima at
T=1.8 and T=0.9 respectively.

It should be stressed that there is a difference between evaluating the ECE/UCE holistically
over all classes, as done in Section 8.3, and assessing the average of the individual
ECE/UCE obtained on a class by class basis, as analyzed in Section 8.4. This difference was
initially addressed by Kull et al. [104] and arises from the fact that the binning process in
the reliability diagram does not commute with the averaging operation. In this study, the
average of the class-wise ECE/UCE scores is selected for quantifying the total calibration
quality in the multi-class classification problem as the AUSE is based on the IoU, which
requires a class-wise analysis. This requirement is based on the observation that the
sparsification and the oracle curve can intersect if the mIoU is used as a merit function. The
intersection might occur due to class imbalances, wherefore the n-th wrongly classified
pixel that is removed in the sparsification process increases the mIoU non-uniformly.
Hence, the underlying assumption for generating the oracle curve, namely that wrongly
classified pixels, which are randomly dropped, are equally detrimental, is violated as
changes in the mloU are class-sensitive.
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8.6

The temperature dependency of the calibration measures from the sparsification space
are contrasted against the reliability diagram-based measures in Figure 8.3. For compa-
rability reasons, the individual calibration measures were normalized. It is evident that
decoherence between sparsification-based measures (AUSEy and AUSEg) and reliability
diagram-based measures (ECE and UCE) also holds true if all classes are considered. This
decoupling effect might arise from the fact that optimizing the accuracy is not equivalent
to optimizing the IoU highlighting the target domain disparity. As a reminder, the
ECE measures the bin-wise confidence to accuracy mismatch and UCE measures the
bin-wise uncertainty to error mismatch. Hence, the calibration error is determined in the
error/accuracy domain and integrated by considering the bin cardinalities. On the other
hand, the AUSE measures quantify the calibration error in terms of the IoU mismatch
between the sparsification and the oracle curve, integrated over the entire domain. As
an additional contributor for the observed decoupling, the binning operation should be
considered. The AUSE acts on a pixel-per-pixel basis, whereas the ECE and UCE rely on
the reliability diagram binning. This factor will be discussed in the subsequent section.

As an aside, the optimal temperature retrieved for the ECE and UCE by averaging over
all class-wise scores coincides with the holistically calculated ECE and UCE temperature
determined in Section 8.3, which is a remarkable coincidence and is not expected as
elaborated above. On the contrary, the coherence between the ECE and UCE does not hold
true for the corresponding counterpart in the sparsification framework, as the AUSEy
and the AUSEgs demonstrate distinct minima.

Decoupling due to binning

Figure 8.3 also visualizes the NLL and the Brier score as a function of temperature.
According to the original work of Guo et al. [70] on temperature scaling, the optimal
calibration temperature is given if the NLL is minimized. It is evident that the optimal
temperature retrieved from the NLL analysis does not coincide with the temperature
associated with the ECE minimum. This conclusion is congruent with previous studies of
Nixon et al. [137] and points to another driving force for decoupling, namely the binning
mechanism of ECE and UCE. As the bin-wise average accuracy/error is evaluated, the
predictions are implicitly smoothed, which introduces a bias w.r.t. the NLL. On the other
hand, the clustering of instances across the confidence/uncertainty domain is required for
an accurate calibration quality evaluation, as the limit of number of bins equals the number
of instances, results in an imprecise binary accuracy/error estimate. In this particular case,
the ECE is identical to the Brier score. In a nutshell, the degree of freedom introduced by
the number of bins in the reliability diagram is another source for decoupling.

8.6 Decoupling due to binning
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AUSE as an uncertainty estimator

As introduced in Section 2.4.5, the AUSE is suppressed to zero if the sparsification
curve aligns with its supremum, the oracle curve. If this holds true, then the associated
uncertainty measure is unbiased and the calibration error vanishes. In the sparsification
process, the predictive uncertainty measure under test should not rely on the groundtruth
labels as they are not available for unknown instances during employment.

Nevertheless, if the AUSE methodology is transformed to serve as an uncertainty measure
itself, instead of quantifying the bias of a given uncertainty measure, then the sparsification
curve may rely on the groundtruth labels. As the supremum of the sparsification curve is
imposed by the oracle curve, the AUSEf obtained by utilizing the cross-entropy for sorting
the predictions — which is the standard loss function for multi-class semantic segmentation
— is proposed as an estimator for the residual uncertainty. The residual uncertainty is
non-reducible if the network architecture is fixed and comprises the aleatoric uncertainty
of the underlying data generation process as well as the model uncertainty [80] due to the
limitations in the hypothesis space induced by the particular choice of the neural network
architecture. This holds true if and only if the model training converged to the infimum in
the loss landscape, which is extremely unlikely. Therefore, the residual uncertainty also
entails a second component of epistemic nature, namely the approximation uncertainty,
which quantifies the uncertainty arising from the difference between the local minimum,
where the training converged, and the infimum of the loss landscape. Hence, the AUSEcg
is supposed to decline as the network training progresses.

In order to provide first evidence for this hypothesis, an ensemble consisting of five UNET
models was trained with i.i.d. initialization and equivalent hyperparameterization. The
individual model training was terminated after a fixed and distinct number of epochs
and the residual uncertainty was evaluated in terms of the AUSEc. For this, the most
prevalent classes, based on their representation in the chosen evaluation set, are considered
for the evaluation. The AUSEcE over the number of epochs is plotted in Figure 8.4 and
indicates strictly monotonic decreasing graphs, which supports the hypothesis.
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Figure 8.4: Only classes with an occurrence of > 107 are considered. It is evident that the
class-wise AUSEcf converges to the lowest value for the 400-epoch model.
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8.8 Interim conclusion

In this section, the optimal temperature for temperature scaling was determined by
considering several distinct calibration quality measures. Based on evaluations with a
customized UNET model on the A2D2 dataset, evidence on the decoupling between
well-established calibration measures was found. In detail, four key observations were
made that drive the decoherence between different calibration measures.

First of all, Section 8.3 highlights that the areal calibration measures CCQS and UCQS
decouple from the bin-cardinality weighted measures ECE and UCE due to the tremendous
skewness in the frequency distribution. Nevertheless, by minimizing the ECE and UCE,
computed across all classes, the same optimal calibration temperature was observed. This
is remarkable considering that the UCE uses the entire prediction vector and the ECE
relies exclusively on the probability mass allocated to the most likely class. As a second
driving factor for the decoupling effect between neural network calibration measures,
the class dependency of the optimal temperature was identified in Section 8.4. The class
conditionality of ECE has already been known from previous studies by Nixon et al. [137]
but the results presented in Section 8.4 indicate that this dependency also applies to the
AUSE. Thirdly, Section 8.5 provides evidence on the decoupling between the sparsification
world and accuracy-based measures. This might be explainable by the difference in the
target domain since the AUSE considers the IoU mismatch, whereas the ECE penalizes
deviations in the accuracy. Only in the case of vanishing true negative predictions, these
two measures are congruent, wherefore it is expected that in such a scenario the decoupling
effect between the AUSE and the ECE is minimized but still observable as the binning of
the ECE also induces a bias. This gives rise to a fourth decoupling mechanism, driven by
the implicit smoothing during the reliability diagram binning, which inherently biases
the ECE and UCE in comparison to the NLL as elaborated in Section 8.6.

Furthermore, the AUSEf is proposed as a measure of the residual uncertainty if predic-
tions are sparsified according to the cross-entropy. The residual uncertainty quantifies
the remaining uncertainty originating from the data generation process (aleatoric nature)
as well as the model uncertainty due to limitations in the hypothesis space given a fixed
neural network architecture (epistemic nature), if and only if, the training converged to
the infimum of the loss landscape. If this constraint is fulfilled, then the model uncertainty
can be isolated by subtracting the aleatoric uncertainty component, which is quantified by
the expected conditional entropy according to Equation (2.95).

In a nutshell, the results of this section provide evidence on the decoupling between
several calibration measures, which gives rise to one or more degrees of freedom in
the confidence/uncertainty calibration of neural networks. This undermines the goal of
determining unique prediction intervals and generates an ambiguity that compromises
trustworthiness and ultimately prevents the homologation of safety-critical applications
based on neural networks. As a way forward, it should first be identified, which calibration
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measures are the least biased distance measures with respect to the confidence/uncertainty
calibration condition in Equation (2.97) and (2.98) from a mathematical point of view.
Furthermore, it should be considered to account for additional aspects in the definition of
calibration quality measures. For example, it might be advisable to increase the sensitivity
for sparsely observed scenarios — with low confidence and high uncertainty — as those
instances correspond to safety-critical long-tail scenarios. Consequently, the bias of the
confidence/uncertainty estimates is more harmful for autonomous driving functionalities
within this domain, which indicates that a focused calibration measure might be beneficial,

similar to loss-focusing [112].
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Benefits for autonomous driving

The motivation for this thesis was given in Section 1.1 by highlighting the limitations
of windshields in terms of optical quality. In order to handle the aberrations induced
by the windshield, a plan of action was presented in Figure 1.1, which decomposed the
perturbation operator A into a tilting operator 7~ and a blurring operator .

The tilting operator 7~ was addressed by a non-parametric, grid-based approach to restore
conformality by rectifying the local optical distortions induced by the windshield. For
providing the required high-resolution measurement information about the point-wise
deflection vectors, BOS imaging was proposed. As BOS imaging implicitly accounts for
the varying incident angle across the field of view, it is predestined for capturing the
windshield’s optical distortions as seen by the ADAS camera. Hence, BOS imaging pro-
vides unbiased measurement information about the local windshield’s distortions, which
enables the rectification of the tilting operator 7~ for ensuring conformality. Consequently,
the perturbation operator 7 simplifies to the blurring operator B because the residual
tilting operator after correction is supposed to be neglectable.

As the blurring operator B shall be suppressed by imposing corresponding quality
requirements on the windshield, the question arose whether the current quality measures
in place are adequate. This question was tackled by starting to investigate the fundamental
differences between present optical measures. In detail, the local refractive power evaluates
local wavefront curvature modulations. On the contrary, the MTF is a global property of
the optical system taking into account the wavefront aberrations across the entire aperture
surface. This key distinction was underpinned by analytical arguments and experimental
evidence. As a result, only the entire local refractive power distribution across the aperture
surface entails sufficient information to draw conclusions about the optical system
performance. The local refractive power itself, measured exclusively along the canonical
axes, does not even comprise sufficient information to determine the local Gaussian
curvature, which correlates to the areal spread of the geometrical PSF. Furthermore,
it was demonstrated that the MTF does not allow for part-level measurements if the
ADAS camera objective lens and the windshield entail optical aberrations. Consequently,
neither the local refractive power nor the MTF are adequate optical quality measures
for characterizing part-level requirements for the windshield, such that the blurring
operator B can effectively be suppressed. The magnitude of residual blurring that is
acceptable for the perception system needs to be derived from a pre-defined threshold
on the level of risk tolerable in terms of the target KPI. For semantic segmentation, such
a threshold can be translated into a system-level requirement for the maximal allowed
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residual blurring by exploiting the regression function presented in Equation (5.1). In
the ideal case, the blurring operator B will solely consist of the convolution operator
with the diffraction-limited PSF as the kernel function. In a nutshell, in order to account
for interference effects, future part-level requirements might need to be defined in the
complex-valued domain of the electromagnetic field, quantified by a maximum tolerable

wavefront modulation in terms of Zernike coefficients.

On the contrary, for selecting an appropriate optical quality measure to impose system-
level requirements, the correlation of those measures to the Al performance needed to
be established. By utilizing the Fourier optical threat model presented in Section 2.1.2,
it was found that optical measures, which incorporate additional information about the
PSF (esp. Strehl ratio and OIG), demonstrate a superior correlation to neural network
KPIs, esp. mIoU and mECE. The degree of correlation was quantified by the Chatterjee
rank correlation measure, which denotes the fraction of explainable variance over the
total variance. The non-linear correlation was cast into a functional relationship given by
Equation (5.1), which adequately captures the interplay between neural network KPIs and
PSF-based optical measures. Those results were consistent across three different CNN-
based architectures (HRNet, MTL and UNET) as well as three different datasets (KITTI,
CARIAD and A2D2), which leads to the hypothesis that the conclusions are network
architecture independent as long as CNN-based models are considered. Consequently, by
adopting PSF-based optical measures (esp. Strehl ratio and OIG) suitable ADAS working
requirements can be derived on a system-level. By doing so, the impact of the blurring
operator on the imaging process can be controlled and suppressed if sufficiently strong
quality requirements on the windshield are imposed. On the contrary, the system-level
MTF evaluated at half-Nyquist frequency is an inadequate quality measure as it does
not demonstrate a functional relationship with the Al performance, which is driven
by the non-monotonicity of the MTF curve in the large aberration regime. The system
performance degradation can be broken down to the impact of the Zernike polynomials of
second radial order. Among those aberration patterns, defocus is the dominant contributor
in terms of Shapley values, which sets the agenda for optimizing the manufacturing
process of the windshield.

As observed in the correlation study above, the impact of the blurring operator does
not only degenerate the mloU performance but also the neural network confidence
calibration. This observation is mainly driven by the lack of robustness of temperature
scaling under dataset shifts [39]. As optical aberrations of the windshield also induce a
dataset shift between the training dataset and the instances captured during deployment,
this highlights another safety-critical aspect that has to be accounted for in the plan
of action presented in Figure 1.1. To address this issue, it was proposed to enrich the
state-of-the art calibration method PTS, which utilizes a post-hoc calibration network to
predict instance-wise temperatures, by a physical inductive bias that correlates with the
dataset shift magnitude. It was experimentally demonstrated that embedding the Zernike
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coefficient vector as a physical inductive bias into the PTS network leads to superior
calibration robustness against dataset shifts. By employing this PIPTS framework, the
dataset shift related bias in the confidence estimates can be mitigated, which strengthens
the trustworthiness in the baseline model’s predictions. As the system-level Zernike
coefficient vector has to be estimated by the baseline model alongside the target application
in order to apply PIPTS, a system health online monitoring of the perception system is
inherently inbuilt. To utilize this feature, safety margins in terms of the Zernike coefficients
need to be derived by exploiting the discovered functional relationship between PSF-based
optical measures and neural network KPIs. If the predicted Zernike coefficients undermine
the safety requirements, then the perception chain is compromised and car maintenance
might be necessary. Hence, the dynamical real-time monitoring of the hazard potential
reduces the risk of encountering situations that could jeopardize safety. This comprises a
wide spectrum of degradation-related dataset shifts. For example, external effects, like
rock chips or severe weather conditions, influence the effective optical quality of the
perception system. Furthermore, internal factors of the windshield, like thermal effects
due to windshield heating or windshield ageing, also contribute to a shift in the imaging
quality. Overall, PIPTS alleviates the impact of aberration-related dataset shifts on the
confidence calibration by incorporating a physical inductive bias, which correlates with
the bias in the uncertainty measure. Hence, PIPTS enhances the robustness of Al-based
autonomous driving functionalities under optical aberrations — which ultimately permits
for a wider definition of part-specific requirements — and fosters their trustworthiness in
real-world deployment.

In order to leverage the synergies of PIPTS, the Zernike coefficient vector characterizing
the wavefront modulation induced by the windshield must be known a priori. It was
shown by a proof of concept study that BOS imaging can be adapted to measure the

wavefront aberrations of the windshield if specific resolution requirements are fulfilled.

With this information, the PIPTS training can be initiated and the data augmentation
subspace can be enriched by artificially generating subsamples utilizing a Fourier-optical
degradation model, as presented in Section 2.1.2. Hence, the heterogeneity of the training
dataset can be enhanced, which amplifies the model generalizability as the neural network

learns more universal feature representations that reduce the overfitting-related variance.

The boost in robustness against optical aberrations by increasing the sample density in
the data augmentation subspace typically requires experimental data captured behind
different windshield configurations, which is expensive, time consuming and finally
generates a huge CO, footprint in the development phase if the test mules are not powered
by climate neutral energy sources. Here, BOS imaging enables the deployment of the
Fourier-optical degradation model as the Zernike coefficient vector characterizing the

windshield’s wavefront modulation becomes available independent of the ADAS camera.

This augmentation strategy only relies on a baseline training dataset, which was initially
captured without a windshield in the optical path (e.g. A2D2 [56], KITTI [55]).
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In a nutshell, with the contributions presented in this thesis, it is possible to correct for
the tilting operator 7~ by utilizing high-resolution measurements of point-wise deflec-
tion vector maps obtained through BOS imaging. Furthermore, it was experimentally
demonstrated that PSF-based optical measures (esp. Strehl ratio and OIG) can be uti-
lized to specify optical system requirements. Those system-level requirements can be
backpropagated to part-level requirements by inverting the deterministic Fourier optical
model. It has been shown that the part-level requirements need to be defined in the
complex-valued domain of the electromagnetic field in order to account for interference
effects. In summary, by imposing sufficiently strong optical quality requirements, the
effect of the blurring operator /3 on the imaging process can be limited such that a maximal
tolerable mIoU drop / mECE rise is not exceeded. With the proposed PIPTS calibration
procedure, the robustness of the confidence calibration under dataset shifts induced by
wavefront aberrations is enhanced, which might allow for the relaxation of part-level
requirements without violating the safety condition in terms of the mECE.

Are we done?

Not, yet. By training the PIPTS calibrator, distinct minima for the ECE over temperature
and the AUREC over temperature curve were identified. This contradicts the goal
of ensuring model trustworthiness by imposing requirements on the neural network
calibration error in terms of the mECE. As both minima correspond to different optimal
temperatures, the estimated bias of the predicted confidences varies. This indicates a
decoupling of neural network calibration measures, which ultimately prevents the issuing
of safety guarantees. Within this thesis, four driving factors for the decoherence between
different calibration measures were experimentally identified. First of all, the enormous
skewness in the frequency distribution drives the decoupling between the areal calibration
measures, e.g. CCQS and UCQS, and the bin-cardinality weighted measures, e.g. ECE
and UCE. Secondly, the optimal temperature retrieved from the sparsification analysis
as well as the temperatures determined by the reliability diagram-based measures are
class dependent. Thirdly, the target domain disparity gives rise to a decoherence between
accuracy-based measures and sparsification measures. Finally, the binning mechanism of
the ECE and UCE imposes a bias w.r.t. the NLL. In a nutshell, ensuring the trustworthiness
of the model’s predictions by imposing safety requirements on the mECE is insufficient
as the calibration quality measures itself are subject to biases. Hence, the observed
decoupling effect generates a degree of freedom in the confidence/uncertainty calibration
of neural networks that needs to be lifted in order to allow for a holistic safety strategy.
This underpins the necessity for future research into the field of unbiased uncertainty
quantification for neural network predictions. Those research efforts should aim for
determining unique prediction intervals, which satisfy the condition of perfect calibration
formulated in Equation (2.97-2.98). If this mission is accomplished, then safety guarantees
for the predictive performance of neural networks can be granted on a pre-specified
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confidence level, which is an indispensable requirement for establishing trustworthiness

in autonomous driving.

Furthermore, even if we successfully resolve the aforementioned puzzle of determining
unique prediction intervals, the question might come up, if the production-related quality
limitations of the windshield allow us to reach the requested confidence level. In this
thesis, several strategies have been presented to tackle this task, e.g. Chapter 7 paves the
way for increasing the performance robustness of the mloU under optical aberrations by
applying data augmentation on Fourier-optical principles and Chapter 6 demonstrated
that the dataset shift driven bias of the confidence estimation is reducible by a physical
inductive bias. These efforts significantly contribute to our objective. Nevertheless, they
might be insufficient for reaching the desired safety level. A possible way forward to
further alleviate the impact of optical aberrations of the windshield is given by optimizing
the perception system holistically, end-to-end. This conception is typically referred to
as a deep optics [25, 168, 198] approach. In deep optics, it is the idea to assign optical
parameters as trainable hyperparameters to configure an optical perception system that
suits the target application the most. As a result, the system might not be optimized
such that the Kullback-Leibler divergence between the system PSF and the diffraction-
limited PSF is minimized. Instead, the most optically informative PSF [98] is learned.
For instance, when estimating the longitudinal distance of objects from the camera by
monocular images, coding an artificial defocus blur into the PSF can be advantageous [25].
This blur will then introduce depth-dependent sharpness variations, thereby encoding
depth-related information. As a result, if optical aberrations are properly tuned, the
feature embeddings and the neural network performance can be enhanced. As the
windshield exhibit significant part by part variations due to the limited controllability of
the production process [84], a standard deep optics approach, where the trainable optical
hyperparameters are scalars is insufficient. Nevertheless, the deep optics approach can be
adjusted to consider those production tolerances a priori by assigning the trainable optical
hyperparameters as distributions with pre-defined variances. This idea was recently
proposed by Dai et al. [36] and is similar to variational Bayesian neural networks, except
that the means of the Gaussian distributions are learned exclusively. This is the most
promissing next step forward in order to grant safety guarantees on high confidence levels
in the light of the production-related optical quality limitations of windshields.
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The dependency of the mIoU (upper row) and the mECE (lower row) on the
MTF at half-Nyquist frequency (left column), the Strehl ratio (middle column)
and the OIG (right column) is plotted for the customized UNET architecture
trained on the A2D2 dataset. The Strehl ratio and the OIG demonstrate a
superior correlation to the mIoU and the mECE in terms of the Chatterjee
rank correlation measure than the MTF at half-Nyquist frequency. As a
consequence, the regression function from Equation (5.1) also fails to capture
the non-existing relationship in the large-aberration regime but it performs
well for the Strehl ratio and the OIG, which is quantitatively measured by
the ratio of the Mean Squared Error (MSE) over the variance (0?), referred to
as the unexplained variance component. . . . . . .. ... ... ... .. ...
The sensitivities of the mloU and the mECE as well as the sensitivities of
several optical KPIs on wavefront aberrations, parameterized by Zernike
coefficients w;, are quantified and visualized in terms of Shapley values. The
sensitivities are retrieved by utilizing the pre-trained HRNet from Google [63,
124, 2] trained on the KITTI dataset [55]. The impact of an induced defocus (Zs)
surpasses the effect of oblique- (Z3) and vertical astigmatism (Zs) for all merit
functions considered. . . . . .. ... Lo L Lo
On the left, the reliability diagram for the HRNet is shown for different
perturbation scenarios, where each triangle per bin corresponds to a dis-
tinct windshield configuration. The mECE increases as the aberrations are
amplified, which is corroborated by the weighted accuracy vs. confidence
correlation plot shown on the right-hand side. . . . . ... ..........

The layout of the multi-task network for semantic segmentation and for
predicting the effective Zernike coefficients of the optical system is shown.
The multi-task network builds upon the UNET architecture with two coupled
decoder heads and a downstream ResNet encoder for retrieving the Zernike
coefficients of the second radial order. Additionally, the Fourier optical
degradation model for the data augmentation process and the post-hoc
PIPTS calibration network are indicated. The PIPTS calibrator extends the
PTS approach by incorporating a physical inductive bias for ensuring the
trustworthiness of the baseline multi-task network predictions under optical
aberrations.. . . . ... ... L
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Loss function study for the PIPTS calibration network. The loss is indicated
for a random instance as a function of the calibration temperature in (a)
with Bs = 1000 and N, = 10. The smoothed ECE measure is plotted as a blue
line and the corresponding gradient is visualized in (b). The discontinuity at
the optimal temperature Tmin indicates the need for an additional modulation
function. The gradient of the total loss function, containing the modulation
function and the temperature regularization term, is visualized in (d). Itcan
be concluded that the total loss £ is sufficiently continuous differentiable (C?)
for backpropagation. Furthermore, the gradient of the AUREC is plotted
in (c) asa function of the calibration temperature. The number of peaks
indicates that the smoothing of the AUREC loss function by the softmax
function was insufficient to ensure continuity. Hence, the AUREC loss
function is inadequate for backpropagation and for neural network training
respectively. . . . . ...
Reliability diagram for the multi-task network after applying TS. If different
optical perturbation scenarios are considered, the individual bins are affected
as indicated by the red (average bin accuracy is decreased) and green (average
bin accuracy is increased) triangles. . . . . . ... ... o L0
The reliability diagrams for the multi-task network are presented if calibrated
by: (left) PTS or (right) PIPTS. If TS is directly contrasted against PTS, then
the performance gain in terms of the mECE amounts to over 1%, which is
tremendous. The calibration performance can be further boosted if a physical
inductive bias is included into the PTS architecture. This benefit becomes
significant if dataset shifts due to optical aberrations in the perception pipeline
are induced. The impact of different perturbation scenarios is visualized by
red (average bin accuracy is decreased) and green (average bin accuracy is
increased) triangles. For the bin with the highest cardinality w.r.t. the subset of
predictions, the distribution of the calibration error in terms of the difference
between the average confidence and average accuracy is highlighted by an
auxiliary plot. If PTS is contrasted against PIPTS, it is noticeable that the
calibration bias is significantly reduced by adding additional information
about the magnitude of the dataset shift. Furthermore, a slight reduction of

the variance of the calibration error distribution can be observed. . . . . ..
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On the left-hand side, the mECE curves for the PTS and PIPTS calibrator are
plotted versus the TS calibration performance. The colorbar indicates the
aberration magnitude in terms of the (a) Strehl ratio and (b) OIG. The curves
are obtained by averaging over 11 post-hoc models in a Deep Ensemble
fashion. The graph in the middle shows the performance boost of PIPTS in
comparison to PTS over the aberration magnitude as well as the corresponding
detection threshold on a 95% confidence level in gray. On the right-hand side,
the histogram of the augmented dataset distribution in terms of the (a) Strehl
ratio and (b) OIG is visualized. It is evident that the mode value of the
(a) Strehl ratio distribution and (b) OIG distribution correlates with the local
minimum in the performance boost curve. In summary, the performance
boost induced by the physics prior in PIPTS is significant for the mean- and
large-aberration regime if PSF-based optical measures — in particular the
Strehl ratio or the OIG —are considered. . . . . . ... ... ... .......
The temperature deviation AT between the predicted temperature of the
(top) PTS, (bottom) PIPTS calibrator and the optimal temperature is plotted
as a histogram. Both distributions indicate a significant bias, which reflects
the influence of the dataset shift on the post-hoc calibrators. The bias y is
significantly reduced if the PIPTS calibrator is employed instead of the PTS
model. . . ...

Results of the local refractive power measurements of a flat laminated
safety glass sample (a) for an initial alignment angle « and (b) after a
counterclockwise rotation by 90° to (a« +90°). The upper row shows the
results for the horizontal transversal axis and the lower row indicates the
outcomes for the vertical transversal axis. Furthermore, the left column
presents the raw measurement results and the middle column displays the
reconstructed aberration field utilizing Equation (7.4). Finally, the right
column visualizes the mismatch between the measurement and the global
reconstruction over the aperture domain. The discrepancy is quantified in
terms of the non-explainable variance, given by the ratio of the mean squared
error (MSE) over the variance of the measurementset. . . . . ... ... ...
Transformation study for the reconstructed Zernike coefficients up to the
14t order. The uncertainty bars indicate the 95% confidence intervals. & igo)
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tor &82)5 obtained under an azimuthal alignment angle of &« = —45°. The
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presented in Equation (7.6). The detection threshold is set to 1% of the leading
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Distribution of the 2D system MTF over the field of view of the ADAS
camera for a standard windshield. The field of view is parameterized by
the azimuth angle ¢ and the polar angle 6. Furthermore, the domain of the
system MTF is limited to the Nyquist frequency. For calculating the system
MTFE, a diffraction-limited camera with a focal length of f = 16 mm has
been assumed. The system MTF of windshield and camera objective lens
is illustrated with the underlying assumption of vanishing field curvature
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The reliability diagrams for the initial calibration state of the neural network
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of class-wise ECE and the UCE are plotted. The optimal temperature for
the Brier score, ECE and UCE coincide at T = 0.4 while the NLL indicates
a minimum at T = 0.6. Right: The normalized calibration loss surface of
AUSEy and AUSE indicate minima at T=1.8 and T=0.9 respectively. . . . .
Only classes with an occurrence of > 107 are considered. It is evident that the
class-wise AUSEcr converges to the lowest value for the 400-epoch
model. . ...
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