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Abstract

The rising prevalence of patients with diabetes mellitus and diabetic retinopathy (DR) has
sparked extensive research on automated, deep learning-based screening systems for DR to
improve access to medical care and prevent loss of vision. These, however, commonly lack
transparency, limiting their adoption in clinical practice. Besides this societal demand for
transparency, regulations on the use of artificial intelligence (AI) in medicine are becoming
more stringent, i.e., the recently approved EU’s Al Act explicitly requires transparency,
interpretability, and human oversight.

This thesis addresses these challenges by developing a transparent, interpretable, un-
certainty-aware, and lightweight deep neural network (NN) for predicting the presence and
severity of DR from retinal images by incorporating clinical expert knowledge and diagnostic
guidelines. To this end, the two-stage concept bottleneck model (CBM) is adapted and a
new soft-CBM architecture is designed to enhance predictive performance despite concept
incompleteness. These models additionally provide visualizations of DR-related biomarkers
that can be used as explanation for the predicted DR severity. Moreover, to enable mobile
application on edge devices, improve detection of model failures, and enhance patient safety,
the benefit of deep kernel learning (DKL), i.e., a Bayesian NN exploiting Gaussian processes,
and various lightweight U?-Net variants utilized for lesion segmentation on the system’s
uncertainty calibration and cost-efficiency are explored.

This work demonstrates the performance of the proposed concept-based model to be
close to par compared to a state-of-the-art, black-box, vanilla NN — despite the decoupled
two-stage model training conducted within this thesis. The proposed lightweight U?-Nets
provide significant performance improvements over both the vanilla U-Net and U2-Net while
reducing the computational load and being competitive with the literature. Hence, the
computational cost of the proposed concept-based system is comparable to a vanilla NN
optimized for mobile use but inherently provides detailed explanations. An in-depth anal-
ysis demonstrates that the adapted DKL framework provides well-calibrated uncertainty
estimates when accounting for the feature collapse observed in the literature. Particularly,
its uncertainty awareness is found to be superior to commonly adopted Bayesian NNs for
task-related out-of-distribution data. Although transferability of the results into clinical
practice remains to be demonstrated, the improvements achieved represent a significant
step forward in bridging the gap to a mobile applicable, transparent, and uncertainty-aware
DR grading system that enables human oversight and intervention of erroneous model pre-

dictions in alignment with regulatory requirements.
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Zusammenfassung

Die Zunahme Erkrankter mit diabetischer Retinopathie (DR) hat zu zahlreichen Forschungs-
projekten gefithrt, mit dem Ziel die Patientenversorgung mittels automatisierter, Deep-
Learning-gestiitzter DR-Screeningsysteme zu verbessern und Erblindungen zu verhindern.
Diese sind jedoch meist intransparent, was ihre Akzeptanz in der klinischen Praxis ein-
schrankt. Neben der gesellschaftlichen Forderung nach Transparenz werden auch die Zulas-
sungsvorschriften fir Kunstliche Intelligenz (KI) in der Medizin strenger. So verpflichtet das
EU KI-Gesetz ausdriicklich zu Transparenz, Interpretierbarkeit und menschlicher Aufsicht.
Ziel dieser Arbeit ist daher die Entwicklung eines transparenten, interpretierbaren, un-
sicherheitsbewussten und leichtgewichtigen tiefen neuronalen Netzes (NN) zur Vorhersage
von DR unter Beriicksichtigung von Expertenwissen und Leitlinien. Dazu wird das zwei-
stufige Concept Bottleneck Model (CBM) adaptiert und eine neue soft-CBM-Architektur
entwickelt, um die Vorhersagegenauigkeit trotz unvollstindiger Konzepte zu verbessern. Die
Modelle liefern Visualisierungen von DR-relevanten Biomarkern zur Erklarung des vorher-
gesagten DR-Schweregrades. Um zudem eine mobile Anwendung auf Edge-Geraten, ver-
besserte Fehlererkennung und erhohte Patientensicherheit zu erméglichen, werden zusétz-
lich die Vorteile des Deep Kernel Learning (DKL), eines auf Gaufl-Prozessen basierenden
Bayes’schen NN, und verschiedener leichtgewichtiger U2-Net-Varianten fiir die Lisionsseg-
mentierung hinsichtlich ihrer Unsicherheitskalibrierung und Kosteneffizienz untersucht.
Diese Arbeit zeigt, dass dieses System im Vergleich zu einem State-of-the-Art Black-Box
NN eine nahezu gleichwertige Genauigkeit erbringt, trotz des unabhéngigen Trainings bei-
der Teilmodelle. Die entwickelten leichtgewichtigen U?-Nets verbessern die Segmentierung
im Vergleich zu dem reguliren U-Net als auch dem originalen U?-Net, wihrend sie die
Rechenkomplexitit reduzieren und auf dem Niveau der Ergebnissen der Literatur liegen.
Daher bietet das vorgeschlagene konzeptbasierte System eine vergleichbare Rechenkomple-
xitdt wie ein fiir den mobilen Einsatz optimiertes NN und liefert dabei inhérent detaillierte
Erklarungen. Eine eingehende Analyse des DKLs zeigt eine gut kalibrierte Vorhersageun-
sicherheit, wenn der in der Literatur beobachtete Merkmalskollaps verhindert wird. Ins-
besondere fiir aufgabenverwandte, aber verteilungsfremde Daten erweist sich das DKL als
den {iblicherweise verwendeten Bayes’schen NNs iiberlegen. Obwohl die Ubertragbarkeit der
Ergebnisse in die klinische Praxis noch zu zeigen ist, stellen die erzielten Verbesserungen
einen bedeutenden Schritt hin zu einem mobil anwendbaren, transparenten und unsicher-
heitsbewussten DR-Vorhersagesystem dar, welches zugleich Kontrolle und Intervention bei

fehlerhaften Vorhersagen im Einklang mit den gesetzlichen Anforderungen ermoglicht.
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1 | Introduction

Our future is a race between the growing power of our technol-
ogy and the wisdom with which we use it. Let’s make sure that

wisdom wins.

— Stephen Hawking (Zeitgeist 2015) [1]

After the progress in research on scaling artificial neural networks (NNs)
to real-world tasks slowed down at the end of the 20th century [2], the
breakthrough of deep learning (DL), and convolutional neural networks
(CNNs) was achieved [3] starting in 2006 [4], and later on in 2012 [5], respec-
tively. This was enabled by the increasing computing power, the emergence
of high-performance hardware accelerators such as graphics processing units
(GPUs), and the rapid increase in the available amount of digital data [3].
Due to the fast-growing performance of deep neural networks (DNNs), DL
quickly became the state-of-the-art paradigm for data-driven modeling in-
side the field of artificial intelligence (AI), frequently replacing traditional
machine learning (ML) methods. Therefore, it quickly has found its way
into rather non-critical domains with low regulatory requirements, such as
voice assistants and personal recommendation systems utilized in advertis-
ing, online shopping, and entertainment services. Most recently, the advent
of generative Al models such as large language models (LLMs) and large
multimodal models (LMMSs) once again led to remarkable progress in im-
age, text, and video creation while simultaneously fueling the debate about

the potential misuse and the risks Al poses to society and humanity.

1.1 Context and motivation

With further improvements in the predictive performance of NNs and the
growth of the volume of diagnostic imaging being higher than experts can

cope with [6], the first DL-based decision support systems emerged in the

rise of deep learning

[2] Hinton and Salakhutdinov, “Reduc-
ing the dimensionality of data with
neural networks” (2006)

[3] LeCun et al,
(2015)

“Deep learning”

[4] Hinton et al., “A fast learning algo-
rithm for deep belief nets” (2006)

[5] Krizhevsky et al., “ImageNet classi-
fication with deep convolutional neural
networks” (2012)

deep learning in medicine

[6] Peng et al., “Radiologist burnout:
trends in medical imaging utiliza-
tion under the national health insur-
ance system with the universal code
bundling strategy in an academic ter-
tiary medical centre” (2022)
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7] U.s. Food & Drug Admin-
istration, “Artificial Intelligence and
Machine Learning (AI/ML)-Enabled
Medical Devices” (2024)

8] Zhu et al., “The 2021 land-
scape of FDA-approved artificial intel-
ligence/machine learning-enabled med-
ical devices: an analysis of the charac-
teristics and intended use” (2022)

[9] Lyell et al., “How machine learn-
ing is embedded to support clinician
decision making: an analysis of fda-
approved medical devices” (2021)

[10] Abramoff et al., “Improved auto-
mated detection of diabetic retinopa-
thy on a publicly available dataset
through integration of deep learning”
(2016)

disadvantages of deep learning

[11] Petersen et al., “Responsible and
regulatory conform machine learning
for medicine: a survey of challenges
and solutions” (2022)

[12] Wong and Bressler, “Artificial in-
telligence with deep learning technol-
ogy looks into diabetic retinopathy
screening” (2016)

[13] Barredo Arrieta et al, “Ex-
plainable artificial intelligence (XAI):
concepts, taxonomies, opportunities
and challenges toward responsible AI”
(2020)

regulations and responsible AI

clinical domain, particularly in the field of radiology. About 76 % of all AI-
based systems cleared by the United States’ (U.S.) Food and Drug Admin-
istration (FDA) (as of 06/13/2024) were for use in radiology [7]. Thereby,
the pioneering DL systems cleared for clinical use are primarily applied
to assist practitioners in decision-making, triaging, image processing, and
therapy planning [8], [9]. In 2018, the very first DL-supported system to be
used without human oversight called LumineticsCore (formerly IDx-DR)
was approved by the FDA for use in the high-stakes medical domain that
screens patients suffering from diabetes mellitus (DM) for the presence of

diabetic retinopathy (DR) from retinal images [10].

However, despite the great performance of neural networks, translation
of DL-supported Al systems into clinical practice remains challenging. A
study examining 49 FDA cleared, Al-supported devices in 2021 found only
20 explicitly stating the use of DL-based methods [9].

other reasons such as open questions about the liability — linked to a lack

This is—among

of general guarantees for robustness and model generalization, as NNs are
prone to overfit the training data and often rely on spurious correlations
due to their high flexibility as universal function approximators [11]. Ac-
cordingly, the performance on real-world data and different patient cohorts
as well as the robustness for unexpected events have to be thoroughly eval-
uated before applying the automated decision systems in the high-stakes
medical domain [11]. Moreover, there are strong concerns about the lack of
transparency and explainability of Al-based systems, particularly in con-
text with their usage in highly safety-critical domains such as precision
medicine, which impedes the translation of the methods into practice [12],
[13]. In particular, due to the black-box characteristic of particularly deep
NNs and the model’s high complexity, it is difficult if not impossible to
interpret the learned underlying functions, limiting the ability to trace the
reasoning behind individual predictions. Furthermore, NNs may provide
highly overconfident predictions, extrapolate widely, and typically predict
with high confidence in regions far away from the training data. Hence,
they often provide unreliable and uncalibrated uncertainty estimates and
are not transparently communicating whether their prediction is based on
high evidence given the training data or not.

Due to these limitations and the potential threat that Al might increas-

ingly pose to societal well-being, a significantly growing community advo-

cates the concept of responsible AI (RAI) and of fairness, accountability,
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and transparency in machine learning (FAccTML) [11], [14]. Following
these demands, the European Union (EU) this year passed the AT Act [15]
to regulate the use of Al-based systems to prevent, amongst other things,
potential risks to safety, health, and fundamental rights. This regulation
specifies a classification scheme that prohibits Al systems with unaccept-
able risks like social scoring while permitting the distribution and usage
of Al systems with minimal or no risks without restrictions. Medical Al-
based applications are classified in the second highest class according to this
scheme, i.e., they are deemed to pose a high safety risk. Hence, with the
enaction of the regulatory framework, a conformity assessment of systems
intended for use in the EU according to the proposed Al regulations will
be required prior to distribution, in addition to compliance with the EU
medical device regulation (MDR) [16].

algorithms into clinical practice will require proper risk management, an

Successfully transferring Al-based

appropriate degree of transparency, and human oversight besides the high,
evidence-based clinical accuracy and robustness. A central part is the spec-
ification of the user’s obligations to supervise the system as well as the
minimization and prevention of potential failures by means of transparent,

explainable, and trustworthy AT algorithms.

Moreover, already existing regulations —at least implicitly — already de-
mand transparent and explainable Al systems. As an example, the MDR
requires the implementation of a quality management system, which must
entail post-market surveillance. This includes the continuous monitoring of
the system, as well as the reporting and analysis of unexpected outcomes or
failures. The implementation of such a management system would benefit
from a certain degree of explainability. The EU’s General Data Protection
Regulation (GDPR) [17], which is not only having an impact on the EU
but influences worldwide product development [18], stipulates the right to
demand an explanation for decisions to users being affected by automatic
decision systems [19]. This technically renders black-box Al systems such
as NNs without further explanations non-compliant with the GDPR [11].
Hence, Al-supported medical devices have not only to meet the require-
ments in the context of high clinical validity but—among other ethical
aspects —also the demand for a transparent, self-explanatory usage of the

system that allows for assessing the validity of the predictions.

The implications of, e.g., the EU’s regulatory framework for the use of

AT can be illustrated well by reusing the DR screening application from

[14] Rajpurkar et al., “Al in health and
medicine” (2022)

[15] European Commission, Director-
ate-General for Communications Net-
works, Content and Technology, “Arti-
ficial Intelligence Act” (2021)

[16] European Parliament, Council of
the European Union, “Medical Device
Regulation” (2023)

High-risk Al systems shall be de-
stgned and developed in such a way
to ensure that their operation is suffi-
ciently transparent to enable [users] to
interpret the system’s output and use
it appropriately. —AI Act (Article 18,
§1), European Commission [15]

High-risk Al systems shall be de-
stgned and developed in such a way,
including with appropriate human-
machine interface tools, that they can
be effectively overseen by natural per-
sons during the period in which the Al
system is in use. —AI Act (Article 14,
§1), European Commission [15]

[17] European Parliament, Council of
the European Union, “General Data
Protection Regulation” (2016)

[The controller shall provide infor-
mation about] the existence of auto-
mated decision-making [and] meaning-
ful information about the logic involved
[...]. —GDPR (Article 13, §1f), Euro-
pean Parliament [17)

[18] Ryngaert and Taylor, “The GDPR
as global data protection regulation?”
(2020)

[19] Goodman and Flaxman, “Euro-
pean Union regulations on algorithmic
decision making and a “right to expla-
nation”” (2017)

implications for DR screening
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[20] American Diabetes Association
Professional Practice Committee, “4.
Comprehensive medical evaluation and
assessment of comorbidities: standards
of care in diabetes—2024” (2023)

[21] Deutsche Diabetes Gesellschaft
(DDG), “S3-Leitlinie Therapie des
Typ-1-Diabetes, Version 5” (2023)

[22] Bundeséirztekammer et al., “Na-
tionale VersorgungsLeitlinie Typ-2-
Diabetes” (2023)

[23] Wong et al., “Guidelines on dia-
betic eye care: the international coun-
cil of ophthalmology recommendations
for screening, follow-up, referral, and
treatment based on resource settings”
(2018)

[24] Benoit et al., “Eye care utilization
among insured people with diabetes in
the U.S., 2010-2014” (2019)

[25] Javitt et al., “Preventive eye care
in people with diabetes is cost-saving
to the federal government: implica-
tions for health-care reform” (1994)

[26] Foot and MacEwen, “Surveillance
of sight loss due to delay in ophthalmic
treatment or review: frequency, cause
and outcome” (2017)

above: Patients with DM are encouraged to meet a regular, annual or bi-
ennial ophthalmoscopic examination to screen for the onset and monitor
the progression of DR [20]-[23]. However, patients living in countries with
insufficient medical coverage, or in rural areas often do not have a special-
ist nearby and, therefore, might not attend these examinations at all. A
study conducted between 2010 to 2014 showed that only about 15% to
26 % of U.S. patients with DM met the screening routine recommended by
the American Diabetes Association [24]. The economic impact of eliminat-
ing this barrier for diabetic patients in the U.S. in 1994 was estimated to
sum to USD$624 million annually assuming about 50 % of the patients with
DM did not have access to preventive eye care [25]. Another study con-
ducted in 2017 observed a lack of capacity in ophthalmoscopic healthcare,
which led to delayed care and resulted in patients in the United Kingdom
(UK) suffering from worsened visual acuity and vision loss [26]. There-
fore, a screening routine conducted by, e.g., general practitioners could
significantly improve access to retinal examination, reduce the workload

for ophthalmologists, and improve medical coverage [23].

To support the former in conducting the retinal examination, mobile,
Al-based, automatic screening systems such as LumineticsCore could be
exploited. Although ophthalmologists have the required knowledge and
training to verify and challenge the system’s predictions, non-expert users
may not be able to meet the demands of supervision due to a lack of
specialized knowledge as well as years of experience and training in DR
screening and grading. It becomes obvious, that the demand for human

oversight, i.e., the supervisor should

[...] be able to decide, in any particular situation, not to use the
high-risk Al system or otherwise disregard, override or reverse
the output of the high-risk AI systems, [...]

— AI Act (Article 14, §4d) [15]

is closely linked to the demand for transparency and interpretability, as
a sufficiently informed decision is not possible without appropriate expla-
nations of the system’s output. Furthermore, an informed decision also
inevitably comprises communicating uncertainty related to the prediction
to prevent potential failures caused by blind trust in the automated diag-

nosis system.
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One solution to comply with these requirements could be the use of
white-bor methods, such as linear regression and decision trees, that are in-
trinsically interpretable. Nonetheless, NNs often —in particular for high-
dimensional input data such as images—yield improved predictive per-
formance over these usually less flexible white-box models. Therefore, a
frequently adapted approach is to use NNs and to compute post-hoc expla-
nations such as saliency maps [11], [14] that try to highlight regions in the
input image the NN puts large emphasis on. However, these are often criti-
cized for being misleading, unreliable, and too abstract [27]-[29]. Another,
more promising solution to comply with these requirements could be the
use of gray-box models that incorporate task-dependent domain knowledge
and concepts mimicking the specialists’ diagnostic protocol into the black-
box AI model. This could be used to trace the reasoning of the Al system
at inference time. Exemplarily, intermediate segmentation maps of present
lesions enable the DL model to provide a visual explanation for the result-
ing decision that shows which regions are affected by which pathology and to
what extent [30], [31]. This would enable users who are aware of the clinical
guidelines for diagnosing the disease but lack the expertise to identify the
corresponding pathologies themselves to verify the prediction of otherwise
opaque NNs. In the long run, this could ensure compliance with regulations
and — more importantly — allow reliable and seamless use, foster the prac-
titioners’ acceptance and reasonable trust in the Al-based decision support

system, and reduce the risk of erroneous predictions.

Moreover, instead of relying on standard NNs, exploiting methods of
the Bayesian paradigm such as Bayesian neural networks (BNNs), which
promise to provide increased robustness and well-calibrated uncertainty
estimates [32, pp. 55-57], could help to mitigate the overconfidence and
overfitting issues of NNs. Additionally, they could improve transparency
w.r.t. communicating the prediction’s certainty based on the evidence from
the training data. However, a full Bayesian treatment of NNs is a highly
nontrivial and computationally demanding task due to the high dimension-
ality of the parameter space and the strong nonlinearity [32, p. 57], [33],

which is an essential part of NNs required to learn complex patterns.

Another potential challenge may arise in the context of the DR, screen-
ing example discussed above. That is, the implementation in low-income
countries and primary care medical offices may be challenging, due to the

high cost and limited portability of ophthalmoscopes. Moreover, domicil-

[27] Adebayo et al., “Sanity checks for
saliency maps” (2018)

[28] Arun et al., “Assessing the trust-
worthiness of saliency maps for localiz-
ing abnormalities in medical imaging”
(2021)

[29] Saporta et al., “Benchmarking
saliency methods for chest x-ray inter-
pretation” (2022)

[30] De Fauw et al., “Clinically appli-
cable deep learning for diagnosis and
referral in retinal disease” (2018)

[31] Hansen et al., “Radiographic as-
sessment of CVC malpositioning: how
can Al best support clinicians?” (2021)

[32] Bishop and Bishop, Deep Learn-
ing: Foundations and Concepts (2024)

[33] Jospin et al., “Hands-on bayesian
neural networks—a tutorial for deep
learning users” (2022)
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[35] Quellec et al., “Explain: explana-
tory artificial intelligence for diabetic
retinopathy diagnosis” (2021)

[36] Koh et al., “Concept bottleneck
models” (2020)

[37] Sarkar et al., “A framework for
learning ante-hoc explainable models
via concepts” (2022)

iary visits to conduct telemedical DR screening would be only possible to
a limited extent in rural areas where internet connection could be slow or
absent and, thus, cloud-based inference is not feasible. To ease the im-
plementation, integrating the automatic Al-based decision pipeline into a
mobile diagnostic device could be beneficial. Hence, it would be desirable
to deploy the Al pipeline to run on the edge, e.g., on the practitioner’s
smartphone or directly on a mobile imaging device. This would require
the DL pipeline to additionally be lightweight in order to meet the strict
memory and computational restrictions while keeping inference time short

to prevent the Al-based algorithm from being rendered unusable.

1.2 Scope, contribution, and structure

Based on these observations, i.e., the rising demand for mobile applica-
ble, transparent, and explainable DL, this thesis focuses on reducing the
gap observed regarding the translation of DL-based detection systems into
clinical practice. This is addressed by the development of an automatic
decision system that complies with all these requirements—applied for
the above-introduced application of DR screening that is conducted by
non-specialists. In detail, this comprises the setup of a single, end-to-end,

DL-based, decision system for DR severity grading that simultaneously

(1) is explainable w.r.t. general, unspecialized practitioners and medical
assistants allowing for sanity-checking and challenging individual pre-

dictions,

(2) transparently communicates a reliable, calibrated uncertainty estimate

allowing for improved detection of potential failures, and

(3) is applicable to mobile devices to enable cost-efficient screening within

regions with insufficient medical care.

The main concept of this thesis is depicted in Figure 1.1. To comply
with requirement (1), i.e., tackling the lack of explainability of most stan-
dard DL methods as visualized in Figure 1.1a, the DL model in this thesis
is set up to incorporate clinical expert knowledge by mimicking diagnos-
tic guidelines for DR grading based on color retinal images in line with
previous research on this topic [10], [30], [35] and concept-based learning

methods [36], [37]. These are designed to enforce the model to learn pre-
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Prediction
DR (yes/no)

(a) Common state-of-the-art DR detection pipelines.
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- Informed decision
and supervision

(b) Transparent, interpretable, and lightweight DR severity grading.

FIGURE 1.1: Schematic depiction of the thesis’ concept on narrowing the gap between black-box NNs and the de-
ployment of transparent, interpretable DL models fostering acceptance and reliability for trustworthy usage in clinical

practice. Retinal images are adapted from [34] with permission.

defined human concepts by introducing an intermediate bottleneck in the
NN, which is trained in a supervised manner to align with these concepts.
This inherently provides explanations for the model prediction. These di-
agnostic guidelines in detail comprise splitting the task for DR grading
into two steps: First, the presence of DR-related pathological biomarkers
within the patient’s fundus is determined by means of fine-grained segmen-
tations that can be used to both quantify the affected areas as well as to
provide a detailed visualization of the present lesions. Subsequently, the
stage of the disease is classified based on these segmentation masks and the

international clinical diabetic retinopathy (ICDR) grading scheme [38].

To tackle the lack of calibrated uncertainty of common DL methods and
meet requirement (2), state-of-the-art BNNs are deployed and evaluated
in this thesis w.r.t. their impact on the overall quality of their uncertainty
estimates. Moreover, this work examines whether these could provide a
benefit to narrow the gap for clinical application of DL-methods that are
transparently communicating their predictive certainty and could improve

the detection of potential model failures as well as patient security.

[38] Wilkinson et al., “Proposed in-
ternational clinical diabetic retinopa-
thy and diabetic macular edema dis-
ease severity scales” (2003)
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[39] Qin et al., “U?-Net: going deeper
with nested U-structure for salient ob-
ject detection” (2020)

[40] Ronneberger et al., “U-Net: convo-
lutional networks for biomedical image
segmentation” (2015)

[41] Siebert and Rostalski, “Perfor-
mance evaluation of lightweight convo-
lutional neural networks on retinal le-
sion segmentation” (2022)

[42] Wilson et al., “Deep kernel learn-
ing” (2016)

[43] Liu et al., “Simple and principled
uncertainty estimation with determin-
istic deep learning via distance aware-
ness” (2020)

[44] Tran et al., “Calibrating deep con-
volutional gaussian processes” (2019)

To enable (3), the potential application of the algorithm to a mobile
diagnostic device, i.e., running the DL-supported decision algorithm at the
edge, lightweight NNs are implemented. In addition, specialized operations
suitable for mobile application are analyzed for their benefit in reducing the
model’s computational complexity while maintaining as much predictive
performance as possible. This is particularly relevant, as DL models for
semantic segmentation are typically more complex and resource-intensive
compared to standard CNN classifiers due to the often-utilized encoder-
decoder architecture. That is, the extracted features are upsampled to
the original input resolution to produce high-resolution, and high-precision
segmentations.

Following the introduction provided in this Chapter 1, the remainder of

this thesis is structured as follows:

Chapter 2 provides an overview of the fundamentals of DL, its advantages
and disadvantages, such as the black-box characteristic and the
lack of guarantees for model generalization followed by a more

in-depth discussion of explainable DL methods.

Chapter 3 gives a brief introduction to diabetes mellitus (DM) and a more
in-depth overview of diabetic retinopathy (DR) as one of its

complications.

Chapter 4 analyzes the suitability of the U2-Net [39] to be adapted as a
lightweight, computationally efficient model architecture. It is
a derivative of the famous U-Net [40] proposed for the task of
biomedical image segmentation that additionally exploits the
fusion of global and local features. For this analysis, the use
of feature scaling and depthwise separable convolutions (DCs)
applied to the U2-Net is investigated to derive a reasonable
trade-off for both the model complexity and predictive per-
formance for DR related lesion segmentation. This chapter is
mainly based on the analysis conducted in [41], first authored
by the author of this thesis.

Chapter 5 evaluates the deep kernel learning (DKL) [42] method and two
extensions to this approach [43], [44] for their benefit to achieve
high-quality uncertainty estimates. By combining Gaussian

processes (GPs) —a fully Bayesian, nonparametric approach —
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Chapter 6

Chapter 7

with NNs into an end-to-end model, this method promises to
benefit from the advantages of both approaches. That is, to
simultaneously achieve high diagnostic performance and to de-
rive awareness for unknown or difficult operating conditions
aiming to enable users to detect potential failures of the DL
model based on predictions with low certainty. This chapter

was previously published in [45] by the author of this thesis.

analyzes the concept bottleneck model (CBM) [36] and a newly
proposed soft-CBM (sCBM), i.e., two transparency-enhanced,
inherently explainable DL architectures. These are derived by
joining the approaches analyzed in Chapters 4 and 5 exploiting
a concept-based learning approach. That is, a shallow DKL-
based classifier is added to the lightweight lesion segmentation
model and evaluated with regard to the DR grading task. Even
though these models would ideally be trained in an end-to-
end manner, this preliminary analysis evaluates the joint model
performance solely based on the pretrained segmentation model
in order to show the overall feasibility and potential of the

proposed approaches.

summarizes the results and main findings of this thesis and
discusses further implications of the desired transparency en-
hanced and explainable DR grading system as well as exciting

future research directions.

[45] Siebert et al., “Uncertainty analy-
sis of deep kernel learning methods on
diabetic retinopathy grading” (2023)






2 | Fundamentals and challenges

of deep learning

In this chapter, first, a short overview of ML and DL, their general field
of application, and commonly used learning paradigms will be provided
in section 2.1. This is followed by a description of the fundamentals and
basic concepts of ML in section 2.2, which build the foundation for the
domain of DL. As a central methodology of this thesis, a more in-depth in-
troduction to the latter, particularly, for DNNs and CNNs will be given in
section 2.3 and section 2.3.4. Afterwards, sections 2.4 and 2.5 will discuss
the properties and challenges that arise for using NNs regarding model
generalization, transparency, and overfitting. Finally, in section 2.6, the
concept of Bayesian DL will be introduced, which provides a fundamental
and promising approach to improve both model generalization and uncer-

tainty quantification.

2.1 Definition and learning paradigms

While AT covers a vastly larger research area and in general a concise defi-
nition for intelligence is a philosophical question, the terminology is often
used interchangeably with ML, i.e., it is referred to algorithmic solutions
that are learned from data in contrast to traditional hard-coded, hand-
crafted algorithms [32, p. 1]. Thereby, standard methods from the ML
domain, such as linear and logistic regression, decision trees, random forest
(RFs), or support vector machines (SVMs) incorporate manually prepared
features based on expert knowledge to which the learning algorithms are
applied. In contrast, methods from its DL subdomain solely rely on auto-
matic feature extraction, i.e., task relevant features are directly learned by
the DNN model given a dataset, task setting, and error function. These
build — together with the designed model —a complex hypothesis space of
possible solutions. With this, properly designing the hypothesis space is

machine learning

[32] Bishop and Bishop, Deep Learn-
ing: Foundations and Concepts (2024)

deep learning
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supervised learning

unsupervised learning

[46] Murphy, Probabilistic Machine
Learning: An introduction (2022)

a crucial core component of DL, i.e., model or task misspecification might
cause the true solution to not be covered by the hypothesis space. When
properly trained, DNNs were shown to achieve tremendous performance
gains over traditional ML methods, particularly, when dealing with com-
plex, high-dimensional tasks. However, even if the true solution might be
covered within the solution space, searching for the optimal solution within
this hypothesis space — which is typically solved using optimization algo-
rithms along with gradient descent approaches due to the nonconvexity of
the task—is not trivial. A more in-depth discussion about model general-
ization and that the feature relevance for solving a task does not necessarily
align with the true, underlying concepts of the task that is to be solved will

be provided in section 2.4.

Multiple learning paradigms can be distinguished based on the given task
and error function, whereby — most frequently — supervised and unsuper-
vised learning as well as mixtures of these are applied. With supervised
learning, the goal is to derive a mapping function f : X — ) given a set of
target y € ) and their respective input variables x € X. This is in general
accomplished by minimizing an error function that penalizes the difference
between the predicted and true target values of the dataset. Supervised
learning is commonly the method of choice for tasks such as regression and
classification problems, i.e., predicting continuous or categorical outcomes
given a (sufficiently large) number of labeled data. In contrast, unsuper-
vised learning is usually applied whenever target labels are unavailable and
aims to directly learn the distribution p(X) that the samples are drawn
from [46, p. 14]. A typical unsupervised method is the auto-encoder, which
is optimized to yield a function f : X — Z — X in order to learn a data
low-dimensional encoding Z from X [32, p. 188]. This low-dimensional
data representation could, e.g., be used to create new samples from the
input domain by sampling from Z. Mixtures of these, i.e., self-, semi-, or
weak-supervision, are often used to extract meaningful information and bi-
ases from unlabeled data to improve the performance of supervised learning

models.

The analyses conducted in this thesis can be subsumed under the super-
vised training regime. Thus, the remainder of this chapter will focus on

introducing supervised ML, and DL methods in more detail.
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2.2 Linear models

As stated above, supervised learning aims to find a good model that fits
the true, underlying function f(-) mapping from the source X’ to the target
domain ) in order to predict the output for new, unseen samples from the
source domain. With collecting observations for a number of N samples
from this source domain, a dataset D = {X,Y} can be generated with in-
puts X = [x1,X2,...,Xy] and their respective targets Y = [y1,y2,-..,¥YnN]
with each x, € X and y, € Y for all n € N. However, searching for a
sufficient approximation to the true underlying function f(-) is a highly
non-trivial task. Furthermore, achieving sufficient performance requires —
depending on the task complexity —the use of highly flexible models to
capture f(-). In a real-world setting, this is further complicated by the fact
that the collected data will be subject to noise due to imperfect measure-
ments and natural fluctuations of the observed processes. Moreover, in case
the actual observations cannot be automatically measured — which is most
frequently the case in the medical domain — physicians or domain experts
have to manually label the data. Hence, also the target labels might be
affected by noise due to the subjectivity of the labeling process.

2.2.1 Linear regression

First, simple linear models will be introduced. They build a basic con-
cept of ML and allow to, later on, introduce the concept of NNs, which
are by far more flexible models and more suitable to approximate highly
complex functions. To this end, the following simplistic regression task
is introduced for which the input and target domain are defined as x =
[x1, 2, ... ,.CI?D]T € R” and y € R'. In linear regression, the true underlying
function of the observed data f(-) is assumed to be a linear transformation

of the input to the target, i.e.,

D
f(x,w):wo+w1w1+w2x2+--~+wD:rD:dexd—i—wo (2.1)

d=1
with a vector of unknown weights w = [wy,ws,. .. 7wD]T and a so-called

bias term wg. Intuitively, the weights define how much each feature x4
contributes to the prediction f(x,w) which leads to the graph structure

as in Figure 2.1. By condensing the bias term into the weight vector!,

observation noise

label noise

FicUure 2.1: Simple schematic
diagram of a linear regression
model. Figure created based on
[47].

1For convenience, this simple reformu-
lation will be used throughout the re-
mainder of this thesis without explic-
itly indicating x and w to be extended
to X and w.
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= (d) f(z) = sin(z) with ¢* =
0.2 and M =25

FIGURE 2.2: Linear regression example for a 1d problem with the ordinary least squares solution (red line —) to the
samples (blue dots @) from the true function f(x) (dashed blue line --) that are corrupted by zero-mean, additive
Gaussian noise. (a-b) Basic linear regression according to (2.1). Note, that this is equal to applying a transformation
with polynomial basis functions where M = 1 to the input first. (c-d) Linear regression with applying polynomial
transformations with M > 1 according to (2.5) and (2.6).

ordinary least squares

basis functions

ie, x =[1,z1,... ,xD]T and w = [wg, wr, ... ,wD]T, the equation can be
further simplified to
f(x, W) =w'x. (2.2)

To derive a suitable set of weights w, a measurement quantifying the degree
to which f(X, w) matches the target observations y is required. For linear

regression, typically the mean squared error (MSE)

LN
Lyse(w NZ (%Xn, W) = Yn)’ (2.3)

is used as error function that has an optimal, closed-form solution when

minimized w.r.t. the parameters
* . _ T —1~T
w" = argmin Lysp(w) = (X' X)X 'y. (2.4)
w

This is called the ordinary least squares solution, which is reached when
the error does no longer change, i.e., VLysg = 0 [46, p. 371]. A simple

example of linear regression with D = 1 is depicted in Figure 2.2a.

However, as the name indicates and can be seen from Figure 2.2b, this
method is limited to linear problems. However, to conduct non-linear re-
gression, the input space can first be transformed by applying a set of

nonlinear basis functions ¢ = [¢g, @1, ..., ng]T according to

fx,w) = w'o(x) (2.5)
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so that the problem again becomes linearly solvable. This type of linear
regression can be represented by a graph as visible in Figure 2.3. Notably,
this problem is still linear in the weights and, hence, has a closed-form
solution for the global optimum w.r.t. the MSE [46, p. 11]. Exemplarily,

for polynomial regression the vector of transformations equals
T
¢ = [1,x,x2,...,xM] . (2.6)

But also more sophisticated nonlinear functions such as the radial basis
function (RBF) [32, p. 179]

252

x — 2
¢(X7 K, S) = €xp (_M) (27)

are applicable.

However, this design choice for the correct basis function and the choice
of the model complexity w.r.t. M are crucial and have to be well thought
out, as visible from Figure 2.2. That is, picking an unsuitable basis func-
tion, or a model with insufficient flexibility, e.g., polynomial regression with
M =1 for fitting a sinusoidal function, can cause underfitting, whereas a
model with too much flexibility, e.g., polynomial regression with M = 25,
easily overfits and unwantedly starts capturing the noise within the train-
ing data by exactly fitting each sample. Both lead to poor generalization to
samples different from those entailed in the training data. This can result

in arbitrary erroneous predictions as in Figures 2.2b and 2.2d.

To select an appropriate number of basis functions or — more general —
an appropriate model for the problem at hand, the model performance is
typically measured on a holdout validation set of the training data [32, p.
14]. This process is called model selection. A more in-depth discussion
of these phenomena and, particularly, how to mitigate model overfitting,
which is a striking problem with using NNs, will be given in section 2.4.
Moreover, note that—in contrast to, e.g., fixed polynomial basis expan-
sion —the RBF is dependent on the location and scaling parameters pu and
s. This introduces 2 x M additional, so-called hyperparameters, which have
to be selected, i.e., more sophisticated models required to solve complex

problems increase the difficulty of a proper model design.

FIGURE 2.3: Simple schematic
diagram of a linear regression
model with a set of basis func-
tions applied to transform the in-
put. Figure created based on
[47].

model selection
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maximum likelihood estimation

negative log-likelihood

2.2.2 Logistic regression

For classification, the task changes from regressing a continuous target y to
learning a function that outputs binary class variables, e.g., f : X — ) with
y = [0, 1]C and C equals the number of classes [46, p. 7]. For the simplest
case with C' = 2, this can be achieved, e.g., by applying the logistic sigmoid

function

1

o) = T

which squashes its input to the interval [0, 1], to the output of the linear

(2.8)

function in (2.1) according to
Py =1 %w) = f(x,w) = o(wx). (2.9)

This can be interpreted to yield a probability p(y = 1 | x, w) for a sample to
belong to class 1 given the sample x and the weights w. Thereby, the binary
target labels are defined as y € {0,1} and p(y =0 | x,w) =1—p(y =1 |
x, w). Based on decision theory, the optimal decision boundary between the
two classes would then be given for p(y =0 | x,w) =p(y =1]|x,w) =0.5
if the goal is to minimize the error rate of the classifier and the equal
risks are associated with erroneous classifications of both classes [32, pp.
139-142].

In contrast to linear regression, the output of logistic regression is not
linear w.r.t. the weights and, hence, there is no closed-form solution to
compute the optimal weights [32, p. 160]. However, as the output of the
logistic classifier yields the likelihood for the input to belong to class 1, i.e.,
one observes y = 1, given the input x and weights w, it is straightforward
to optimize the weights so that the observed likelihood on the dataset X is
maximized — which is called maximum likelihood estimation (MLE). That
is, given the data D = {X,y}, the total likelihood of the model can be
computed by

N
ply | X,w) = T ply =1 | %, w)¥" (1= ply = 1| 30, w))' ) (2.10)

n=1

from which the negative log-likelihood (NLL) error function
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(b) Original, linearly inseparable fea- (c) Transformation of the binary clas-
(a) Simple logistic regression. tures, with the nonlinear decision sification problem in (b) with two
boundary derived from (c). RBFs according to (2.7) with p; =
(1,1), p2 = (0,0), and 35’2 = 1 used
as basis functions ¢ = [¢1, ¢2].

FIGURE 2.4: Logistic regression example for a binary classification problem with D = 2 and samples of class 0 (blue ®)
and of class 1 (green ®). The decision boundary (red line —) is displayed for p(y = 1 | x,w) = 0.5. Figure created

based on [32, p. 159].

Lyir = —log (p(y | X, w))

N
== ynlogp(y =1]xn, W)+ (1 = yu)log (1 = p(y = 1| x5, W))
n=1
(2.11)

can be derived [32, p. 160], which is sometimes also called binary cross-
entropy (BCE). Thereby, the gradient of the NLL w.r.t. the weights w

N
VLNLL = Z(p(y =1]xp, W) —yn)Xn (2.12)

n=1
can be obtained analytically for applying the sigmoid activation [32, p. 160].
This can be exploited to optimize the weights w using gradient descent,
i.e., minimizing the gradient V.Lnr1,. More general, logistic regression can
equally be applied to a set of basis functions ¢ that according to (2.5) apply

a nonlinear transformation to the input variable x, i.e.

ply=1]¢,w)=o(w'¢(x)). (2.13)

Applying nonlinear transformations to capture complex patterns and
dependencies in the data is the key to ML, which is well visualized in
Figure 2.4. That is, the linear class boundary of a logistic regressor can
only distinguish linearly separable clusters from another [32, p. 158], which
is depicted in Figure 2.4a for a simple binary classification problem with

D = 2. In contrast, for the two classes distributed as given in Figure 2.4b

gradient descent
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FIGURE 2.5: Simple schematic
diagram of a multiclass logistic
regression model. Thereby, p. in-
dicates the likelihood p(y. = 1 |
x, W) for class ¢ € {1,2,...,C}.
Figure created based on [47].

cross-entropy

no straight line exists that correctly separates the classes. However, using
the RBF as in (2.7) allows the transformation of the linearly inseparable in-
put space to a linearly separable representation of both classes, as depicted
in Figure 2.4c. As any nonlinear transformation could be used because
the model remains linear w.r.t. the weights, linear and logistic regression
could in general be used to solve any kind of classification and regression
problem [32, p. 172]. However, as already stated above, the selection of
a sufficient set of basis functions is commonly only applicable to simple
tasks due to the increasing complexity of the design choices that have to
be made for more complex tasks [32, p. 113]. Even when reverting from
fixed to data-dependent basis functions as in the example above, where
the parameters g, and po were chosen equal to the cluster centers, rea-
sonably choosing the hyperparameters becomes prohibitively difficult for
higher dimensional and more complex problems, and building a single ba-
sis function per data point is computationally limited to a low number of
data samples [32, p. 179].

For having more than two classes (C' > 2), usually the generalized logistic

softmax function )
(&3

S6_y e

is used instead of the sigmoid function. Thereby, the latent activations z =

oc(z) = (2.14)

(21,22, .., zc]T also called logits are computed by multiple linear models
according to
z=W'x (2.15)

with W = [wy,wa,...,w¢]| that can be visualized by the graph in Fig-
ure 2.5. Applying the negative logarithm to the model’s likelihood for
C > 2 leads to the cross-entropy (CE)

N C
Lop = — Z ZYnc logp(ye = 1] X, W) (2.16)
n=1c=1
that can be derived using one-hot encoded target labels y,.. = [vo, y1, - - ., yc]

[0,...,1,...,0] € R® comprising the binary target labels y. € {0,1} for
each class ¢ € C. As above, optimal weights according to MLE can be
obtained by minimizing VLcg [32, p. 162].
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2.3 Artificial neural networks

Driven by the drawbacks linked to the complexity of manually searching
for appropriate basis functions based on expert knowledge, the research on
automatic and entirely data-driven approaches, particularly artificial NNs,
has emerged founding the field of DL, which quickly superseded the perfor-
mance of methods that rely on manual feature extraction. Still, the basic
structure of these NNs, which will be introduced in the following, is very
similar to the linear models covered in the previous section. However, NNs
can simply learn to extract the features that they require to solve the task
at hand, i.e., they efficiently learn a highly nonlinear, data-dependent, hier-
archical set of basis functions that maps the input to a latent representation
to which then, e.g., a linear classifier could be applied .

Historically, the idea behind these artificial NNs is adopted from the
functioning of mammal and human brains [32, p. 16]. A human neuron as
depicted in Figure 2.6 transfers an electrical impulse in case it is activated
via its axon to the synapses that connect to other neurons, to which the
electrical impulse is transferred via a chemical reaction. Each neuron itself
is connected to many different neurons by their dendrites. Thereby, the
sensitivity of the dendrites varies and the strength of the connection to
other neurons determines whether an incoming activation stimulates or
inhibits the neuron. The aggregation of all received electrical potentials
from its dendrites determines the magnitude of the forwarded electrical
potential of a neuron that is decoded via the frequency the neuron fires.

This biological process was adopted to derive a simplistic, artificial neu-
ron model: A single neuron receives the activations x = [1,z1,x2,...,zp]
from its preceding neurons, which are aggregated by weighted sum with
weights w = [wg, w1, ws,...,wp|. Finally, the neuron forwards the ac-
tivation potential h to the subsequent neurons depending on a nonlinear

activation function ¢(-) according to

a=a(x,w)=w'x

(2.17)
h =h(a(x, w)) = ¢(a) = H(w"x).

The vector a is referred to as the pre-activation of that neuron. A graph of
this neuron model is shown in Figure 2.7 with ¢0}_ denoting the sequential
application of the nonlinear activation to the weighted sum of the inputs.

Similar to the learning process by mammals, which is driven by adapting

Dendrites Synapses

/ \

Cell body

e

FIGURE 2.6: Simple schematic
diagram of a human neuron. Fig-
ure derived based on [48].

artificial neuron

FIiGUurRE 2.7: Simple schematic
diagram of an artificial neuron.
Figure created based on [47].



20 | 2 Fundamentals and challenges of deep learning

[49] Rosenblatt, Principles of Neurody-
namics: Perceptrons and the Theory of
BrainMechanisms. (1962)

multilayer perceptron

3] LeCun et al, “Deep learning”
(2015)

fully connected neural network

the strength of the synapses between the neurons depending on personal
experience, the neuron can be trained by adapting the weights w. Note,
that this is almost equivalent to the linear regression model as in (2.5),
but instead of applying a set of nonlinear transformations to the input
the output of the model is transformed by a single nonlinear activation

function.

2.3.1 Fully-connected neural networks

A single neuron that is used with the Heaviside step function ¢ = H(-) as
nonlinear activation is called perceptron, which was proposed by F. Rosen-
blatt [49] in the mid-20th century. Later, using differential calculus and
relying on continuous, differentiable activation functions such as tanh(-) or
the logistic sigmoid function as in (2.8) allowed building multilayer percep-
trons (MLPs) [32, pp. 18-19]. These include multiple hidden layers with

many neurons per layer and are defined as

y=F (WO, WD x) = bl o hig),) oo by, (218)
_ p I+ (W<L+1>Th(L> ( - (hu) (W(l)TX)»)’ (2.19)

where W) denotes the weight matrix of hidden layer h)(-), 1 € {1,...,L}
as in (2.17) and WD that of the final output layer. With this, each
hidden layer can be interpreted — analogously to the basis function used in
linear or logistic regression — as a set of parameterized, nonlinear transfor-
mations whose parameters can be learned from the data. As a result, with
higher network depth, i.e., a larger number of hidden layers, the model
can be optimized to extract hierarchical, highly complex features from the
data [3]. For instance, when applied for the classification of cats and dogs
from images, early layers in the NN might detect edges and colors, and
later layers compose these features first to simple objects such as whiskers,
snouts, ears, or eyes and finally to global objects like cats or dogs. When
comprising a higher number of hidden layers depicted in Figure 2.8, these
models are commonly referred to as fully connected, or feed forward NNs
as in such a network each neuron forwards its activation to all the neurons
of the subsequent layer. For convenience, the total set of parameters of a
NN will be subsumed to 8 = {W® ... W) WE+DY for the remainder
of this thesis.
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FIGURE 2.8: Schematic diagram of a fully connected neural network with L hidden layers and m; nodes per layer
for [ € L. Each node within the hidden and output layers corresponds to a single neuron as depicted in Figure 2.7.

Figure created based on [47].

Two-layer NNs are known to be universal approximators. That is, a
two-layer network can approximate any target function up to arbitrary ac-
curacy, which, however, may require an infinite number of hidden neurons
and may not be found by the optimization algorithm [32, p. 182]. Despite
this, very deep NNs (DNNs) can more efficiently learn the same functions as
a two-layer model due to the compositional inductive bias, which is linked
to stacking many layers and learning hierarchical features [32, pp. 187—
188]. However, despite their astonishing performance, DNNs have the dis-
advantage that they are black-boxes. Whereas simpler ML. models such as
linear and logistic regression, decision trees, k-nearest neighbors, or Naive
Bayes [50, chap. 5] are intrinsically explainable as one can trace the indi-
vidual features that lead to the given prediction, more complex and opaque
models such as vanilla DNNs do not allow this due to their depth and the
nonlinearity of each of the model’s layers. These render the interpretation
of the learned mapping function difficult or even impossible and prevent
relating the learned latent features of the model to human-comprehensible

concepts.

2.3.2 Optimization of neural networks

The same error functions as for linear and logistic regression — MSE, NLL,
and CE—can be applied for regression and classification tasks when using
NNs. In the DL domain, the error function is often referred to as loss

function. However, due to the nonlinearity of the models, the error function

deep neural network

black-box

[50] Molnar, Interpretable
Learning (2022)

Machine
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backpropagation

stochastic gradient descent

minibatch training

is no longer convex, and, hence, there is no guarantee of finding the optimal
solution [32, p. 195]. Moreover, reaching the global optimum is unlikely due

to the high-dimensional solution space.

To efficiently derive a solution to this nonconvex optimization problem,
gradient descent approaches are commonly chosen. In detail, NNs can be
trained by propagating the gradients of the applied error function V.L(8)
w.r.t. the model weights 8 backward through the model due to the differ-
entiable nonlinearities and by exploiting the chain rule of partial deriva-
tives [32, pp. 233-238]. This process is called backpropagation and yields
a gradient for each weight of the NN, which can be computed using tool-
boxes that provide automatic differentiation such as PyTorch or Tensorflow.
Thereby, the gradient of the error VL(0) is a vector in the direction of the
steepest increase of the error. This can be exploited to iteratively update
the model weights @ by computing the gradients for the latest state of the
weights and moving a small step in the weight space along the opposite

direction of the gradient according to
9(7_) = 0(7__1) + AG(T_l) (2.20)

with
A0, 1) = —VLO, 1) (2.21)

for iteration 7 and learning rate n starting from an initial set of weights
0(0) [32, p. 214]. When computing the gradients V.L(8) for the whole batch
of training data, this process is called batch gradient descent. However, in
the limit of the large amount of data required to train DL models, pro-
cessing the total set of training data at each iteration becomes infeasible.
Therefore, typically stochastic gradient descent (SGD) is used that relates
to computing a noisy estimate of the gradients in each iteration based on a
single datum or — more commonly —a minibatch of the training data [32,
pp. 215-216]. An important advantage of using minibatches instead of sin-
gle dates is that the estimate of the gradient is less noisy due to averaging
the gradients across the minibatch [32, pp. 215-216]. This noise can addi-
tionally be very helpful to escape local minima or from saddle points, where
the gradient of the complete batch would equal zero [32, pp. 215-216]. It-
erating the whole set of training data once is referred to as a single epoch
of training.

The final model weights, performance, and speed of this optimization
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highly depend, among others, on the initialization of the model weights
as well as the chosen learning rate. Particularly, setting the learning rate
too high —which equals following the gradient with a large step size—can
cause the weight updates to oscillate or even lead to divergence [32, p.
218]. To prevent these oscillations, the weight update above (2.21) could
be extended by a momentum term [32, pp. 220-222] according to

AG(T_l) = —UVE(O(T_D) + #AG(T_Q). (2.22)

Thereby, it is assumed that the update steps have a velocity and inertia,
i.e. their direction cannot change abruptly. The parameter u specifies the
strength of this momentum [51]. Furthermore, the effective learning rate
is increased if the direction of subsequent gradients is similar, which can

additionally speed up convergence [32, p. 221].

The more sophisticated and at present most frequently used Adam algo-
rithm [52] estimates exponential moving averages over both the gradients

and the squared gradients separately for each weight according to

no
b
|

{’(T) = V(T)/(l - 55)

8y = 01y — i) [ (\/¥r) +¢)

g(r) = VL(O(r—1)) (2.23)
me) = fime ) + (1 - 51) g (2.24)
Vir) = P2 V1) + (1= B2) g(r) © 8(r) (2.25)
thr) = myr) /(1 - B) (2.26)
(2.27)
(2.28)

with ® denoting the element-wise product and € a small constant to pre-
vent division by zero. Thereby, equation (2.24) is similar to the momentum
correction applied in (2.22) while, however, considering all previous gradi-
ents with their influence decaying over time instead of only accounting for
the last optimization step. Furthermore, the exponential moving average
of the squared gradients computed in equation (2.25) is used in the weight
update step in (2.28) to scale the learning rate per parameter according
to the magnitudes of the preceding steps. That is, parameters that re-
ceive larger gradients, which corresponds to moving along a direction with
high curvature in the loss landscape?, are updated with a smaller step-

size compared to those with low gradients. Finally, to counter the bias

momentum

[61] Sutskever et al., “On the impor-
tance of initialization and momentum
in deep learning” (2013)

[52] Kingma and Ba, “Adam: a method
for stochastic optimization” (2015)

2The terminology loss landscape de-
scribes the highly nonconvex error sur-
face that is derived from evaluating
the loss function for each point within
the high-dimensional parameter space
of the model. The interested reader is
referred to https://losslandscape.co
m/ for some decent visualizations.
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rectified linear unit

[5] Krizhevsky et al., “ImageNet classi-
fication with deep convolutional neural
networks” (2012)

[53] Glorot et al., “Deep sparse rectifier
neural networks” (2011)

introduced by the initial values m) = 0 and vy = 0, equations (2.26)
and (2.27) in the first optimization steps rescale the estimated moment and
squared gradients. The adaptive moment parameters are typically chosen
as [B1,B2] = [0.9,0.99] and have to fulfill 51,82 € [0,1). The Adam algo-
rithm is very robust to the initial choice of the learning rate and can help

speed up convergence in the highly complex loss landscape.

2.3.3 Vanishing and exploding gradients

Nonetheless, training particularly deep NNs initially remained difficult as
these are likely to suffer from vanishing or exploding gradients [32, p. 227].
That is, due to the backpropagation of the gradients by use of the chain

rule M My C (1)
or M M O oan) of. oc
=Y. ad 2.2
dw; ; %Z Ow; o) Of (2.29)

where w; is a weight of the m1-th node in the very first layer A(!), the weights
of the first layers in the model do not receive sufficiently large gradients if
the factors on the right-hand side have values < 1. Equally, large latent
activations can lead to gradients with values > 1 on the right-hand side of

(2.29), which could drive the gradients towards infinity.

Nonlinear acitvation functions

Vanishing gradients were particularly problematic at the beginning of the
rise of DL, due to using very smooth nonlinearities like the sigmoid acti-
vation introduced in (2.17) and depicted in Figure 2.9a or tanh function,
which have exponentially decaying gradients for activations far away from
zero [32, p. 184]. Despite even having zero gradients for all negative inputs
x < 0 and being only piece-wise differentiable, the simple rectified linear

unit (ReLU) nonlinearity
ReLU(z) = max(0, x) (2.30)

displayed in Figure 2.9b, which has a constant nonzero gradient for all z >
0, was found to be very effective [5], [53]. Thereby, the non-differentiability
at x = 0 can, in practice, be ignored [32, p. 185]. The emergence of the
ReLU led to major improvements in the DL area and is still often used in
state-of-the-art DNNs architectures.



2.3 Artificial neural networks | 25

6 -
4 £4
O O
- S 9t
It It It 0 i It It It
-5 0 5 -5 0 5 0
x
(a) Sigmoid (b) ReLU (c) Leaky ReLU

(d) Swish (3 = 1)

FIGURE 2.9: Frequently used nonlinear activation functions (—) and their respective gradients (---).

Nonetheless, a large body of alternative activation functions were pro-
posed and, in general, any nonlinear function could be applied. However,
simpler activation functions were observed to overall provide better perfor-
mance [54]. Consequently, two of the frequently used alternatives are the
leaky ReLU

IReLU(z) = max(0, ) + amin(0, z), (2.31)

that has a small constant gradient for all negative inputs x < 0 as depicted
in Figure 2.9¢, and the Swish activation shown in Figure 2.9d that is defined
as

Swish(z) = zo(fx) (2.32)

with o(-) being the sigmoid activation. The swish function converges for
B — oo to the ReLLU activation, seeks to avoid the disadvantage of the
plain ReLU to being indifferentiable at x = 0, and was shown to provide
performance benefits over the ReLU activation[54]. Commonly, it is used
with f =1 and in this form is referred to as a sigmoid linear unit (SiLU)

that can be interpreted as a smooth version of the ReLLU activation.

Data and layer normalization

In addition to using proper activation functions that improve the gradient
flow during backpropagation, normalization of data and the intermediate
activations of a NN were observed to play an important role in preventing
vanishing and more importantly exploding gradients. Large model inputs
and intermediate activations may lead to a highly complicated curvature of
the loss landscape, resulting in exploding gradients that hinder or — most
frequently —diverge the optimization process, as already observed from

(2.29). To this end, the input data is typically standardized per feature,

[54] Ramachandran et al., “Searching
for activation functions” (2018)

leaky rectified linear unit

sigmoid linear unit

Z-score normalization
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batch normalization

[55] Ioffe and Szegedy, “Batch nor-
malization: accelerating deep network

training by reducing internal covariate
shift” (2015)

i.e., scaled to have zero mean and unit variance, prior to feeding them to

the neural network according to

1 N
N}; (2.33)

2 1 al
=¥ Zl (Xp — 1) (2.34)
%, = H (2.35)

(o

using the data’s mean p and standard deviation o [32, p. 226]. The latter is
often referred to as Z-score normalization. Furthermore, standardization is
typically also applied to intermediate, latent activations of the neural net-
work. A commonly adopted method is the batch normalization (BN) [55].
It standardizes the latent activations according to (2.33) to (2.35) where
either the output h or the pre-activation a of a neuron as in (2.17) are used
instead of the input x,, and the statistics are computed over the elements in
the current minibatch of size B. To counter the reduction of the represen-
tational capacity of that neuron, which is induced by the standardization,
Ioffe and Szegedy introduce an additional affine transformation. That is,

the application of BN to the neuron pre-activations a during training equals

I
|~
M
&

BB (2.36)
b=1
1 B
o} = EZ( ap — i) © (ap — 1B) (2.37)
b=1
BN(ay) = v (ab - B> +8 (2.38)

with the trainable weights v and 8 that are optimized along with the other
model weights [55]. As computing minibatch statistics is not possible at
test time, the layer stores a running mean and a variance during training
that are applied as a substitute for the minibatch statistics. Evidently, if
~ = op and B = up the operation performs an identity mapping. However,
learning the desired statistics could help to stabilize the distribution of the
latent activations within the network and allow using larger learning rates
that otherwise could easily cause exploding gradients or the model to be
stuck in local minima [55]. Following the motivation at the beginning of this

section, subsequent analyses of BN more importantly found it to smooth the
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loss landscape, which could allow faster, more stable training [56]. Despite
the fact that the exact reasoning on how BN benefits convergence is not
fully resolved, it was observed to stabilize and speed up convergence as
well as to improve model performance and is a widely adopted technique
in state-of-the-art deep learning models [55], [56], [32, p. 229].

Residual connections

In addition to using normalization layers, so-called residualor skip connec-
tions [57] as depicted in Figure 2.10 were found to significantly stabilize
optimization by smoothing the loss landscape [58]. They bypass a single
layer as highlighted in Figure 2.8 or multiple layers of a NN, which often
are referred to as a residual block and add the block’s output Bl (hg) to
its input hy, i.e.,

h; = Bl (hg) + ho. (2.39)

Thereby, the name stems from the interpretation, that the bypassed block
Bly learns the residual Blj(hg) = hg — hy between the input and desired
block output. Moreover, the bypassing of a block using residual connections
can be interpreted as the addition of the output of two differently deep NNs,
one with and one without the respective block. Hence, with concatenating
multiple residual layers, running a single forward pass through the resulting
NN is equivalent to aggregating the outputs of a set of parallelly executed
subnetworks with differing depths. As this nonetheless entails predicting
with the full-depth subnetwork, the NN can still exploit the full-depth
model capacity. However, the subnetworks with less depth dominate the
model output, and with this smooth the loss landscape of the optimization
problem [32, p. 275] Moreover, the residual connections ensure that early
layers receive sufficiently large gradients during backpropagation, which
mitigates the vanishing gradient problem. Hence, using residual connec-
tions together with BN can effectively mitigate the occurrence of vanishing
and exploding gradients and allows to train very deep NNs with hundreds
of layers [57].

2.3.4 Convolutional neural networks

So far, the input data was assumed to have no intrinsic structure. That
is, a random permutation of the input features x = [x1,x2,...,2p| prior

to training would not affect model performance as there is no correlation

[56] Santurkar et al., “How does
batch normalization help optimiza-
tion?” (2018)

[57] He et al., “Deep residual learning
for image recognition” (2016)

[58] Li et al., “Visualizing the loss land-
scape of neural nets” (2018)

hg - hp~ ho

FIGURE 2.10: Graph of two
residual blocks.
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FIGURE 2.11: Examples of insignificant image transformations w.r.t. the class cat. Image created using Microsoft

Designer (DALL-E 3).

invariance

equivariance and image
segmentation

of the features w.r.t. their order. This is often the case for tabular data.
However, for many applications, e.g., for natural language, time series, im-
age, and video processing, the data follows an intrinsic structure by means
of spatially and temporally neighboring features being highly correlated.
For instace, images are typically represented as a 3d-tensor of pixels with
height I, width I,,, and a number of image channels I, depending on
the image type. Hence, for an RGB-color image, the 3d-tensor is of size
X € RfexInxlw with I, = 3. Thereby, in contrast to randomly drawn pixel
values, spatially nearby pixels in natural images are very likely to have sim-
ilar intensities and colors, which together form homogenous image regions

and ultimately form the objects visible in the respective image [32, p. 178].

Another property of such natural images is that semantically identical
objects might appear in very different ways w.r.t. their raw pixel values
due to different lighting conditions, image contrast, noise stemming from
the image capturing system, or due to simple affine transformations such
as image translation, rotation, or scaling of the objects within the image
as shown in Figure 2.11. Thus, there exist many transformations to an
image that do not change the semantic interpretation of that image. Hence,
ideally, any image analysis method applied to natural images should be
invariant to these insignificant changes of the input. Exemplarily for the
task of image classification, the predicted class should remain identical
disregarding the appearance of two images that are showing the same object

but have different lighting and capturing angles.

In contrast to image classification, the task of image segmentation re-
quires the model to predict a class label per pixel in the input image.

Transferring the concept of invariance to the latter, the segmentation model
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(a) original (b) Laplace filtered (c) Sobel filtered (x) (d) Sobel filtered (y)

FIGURE 2.12: Examples for edge detectors run on the gray-scaled original image. Image created using Microsoft
Designer (DALL-E 3).

will be required to be equivariant to these transformations, i.e., transfor-
mations to the input image should equally be reflected in the segmentation
mask. With this, the order of first applying the transformation to the input
image and then the segmentation model, or first applying the model and
then transforming its output, should not result in any differences.

Despite a fully connected NN could, in theory, learn this invariance, it is
difficult to gather enough data and come up with a loss function that suf-
ficiently enforces the required invariance by penalizing noninvariant mod-
els [32, pp. 289-290]. Moreover, training fully connected NNs on images
is highly inefficient and increasingly prohibitive with the image resolution.
For instance, the input layer of a fully connected NN that is mapping an in-
put image X € R3*212X512 £ 1000 features would alone have approximately
786 M model weights.

Discrete convolution

Convolutional neural networks (CNNs) were developed to exploit the do-
main knowledge on image processing by extensively using filter kernels filter kernels
K € RF*k. Using fixed, predefined filters is widely adopted in traditional
image processing, which are applied, e.g., as edge detectors (Laplace or
Sobel filter as depicted in Figure 2.12), lowpass filters for image smoothing
and noise removal (mean-, median-, and Gaussian filter), or highpass filters
to sharpen images (sharpening, unsharp masking). Although even natural
numbers are a valid choice for the kernel size and are typically used within
pooling operations as will be introduced later, k is often chosen to be an
odd natural number k = 20 + 1 with k, 0 € N, which for simplicity will be

assumed for the remainder of this section.
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convolutional operation

FIGURE 2.13: Visualization of
a single step of a 2d convolu-
tion showing the kernel matrix
(shaded area) being multiplied
with a patch from the padded in-
put image (green) to produce a
filtered image (blue). Figure de-
rived from [59] with permission.

convolution as matrix
multiplication

These kernels are applied to the images using convolutions. By sliding
the kernel over an input image X € R»*fw  each (k x k)-patch X in the
input image is multiplied by the filter kernel to produce a single pixel in the
filtered output image X € RIWTw, This equals sequentially computing a
weighted sum of the local activations per input patch. Thereby, the size of
these patches X is defined as the receptive field of the convolution, i.e., the
total local area in the input that is seen by each step of the convolution.

Formally, the [a, b]-th pixel in the filtered output image X is computed by

X = X[(a—o0):(a+o0), (b—0):(b+0)] (2.40)
Xa,b] = >N XK, K" K[k, k"] (2.41)
k/ k//
where k', k" € {—o,...,0} and the colon operator [a’ : V'] denotes the
selection of the given range of matrix entries [a/,a’ +1,...,0 — 1,V/] from

the input image. A full convolution of the image with the filter for all pixel

pairs [a,b],Va € I, b € I, of the output image is typically denoted by

X =K=xX. (2.42)

Note that by restricting the convolution to positions where the kernel
does not reach over the input image’s border — which is termed valid con-
volution —the filtered image loses 20 pixels within each dimension, i.e.,
I, Jw = Injw — 20. In case the filtered output image is required to have
the same resolution as the input image, the latter can be extended by o
pixels on each image border either by padding the image with a constant
value, which is referred to as same convolution, or by mirroring or period-
ically repeating the input image. The process of a single convolution step
is depicted in Figure 2.13 using a kernel with £ = 3 and padding the input

image with zeros to retain the input image resolution for the filtered image.

Generally, a convolution as in (2.42) can be reformulated to computing
a single matrix multiplication, which equals a sparse, fully connected layer
whereby the kernel’s weights are tied to the spatial locations of the original

kernel that slides over the input [46, p. 469]. Exemplarily, a 2d image
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X € R3*3 that is convolved with a (2 x 2) filter kernel without padding

a1 To2 T23 (2.43)
ko1 koo

A A

. Tl T2 713
T Za2| |k ke .
To1 Boo

Tr31 X32 X33

can be computed as
%q = Wkx{ (2.44)

by converting the kernel to the sparse Topelitz-like matrix Wk, i.e.

k11 ki 0 ko1 koo 0 0 0 0
0 k k 0 k k 0 0 0

WK _ 11 12 21 22 (245)
0 0 0 k11 ki 0 ko1 koo 0

0 0 0 0 ki1 kio 0 ko1 koo

and given the flattened input xq and output image Xq

XﬂZ{wn r12 T13 21 T22 T23 T31 T32 9633} (2-46)

f(ﬂ:{fcn 12 o1 §722}- (2.47)

An alternative approach to computing the convolution is to transform the
image into a representation that flattens the image patches centered around
each pixel into a matrix (image-to-column operation). This matrix can then

be multiplied with a dense representation of the kernel matrix.

Moreover, convolutions can be generalized for images that have mul-
tiple channels I, > 1 by extending the kernel by a third dimension
that equals the number of channels in the input image. That is, given
X € Rlein*Inxlw the filter kernel can be set up as K € Rlein***F which
yields a filtered activation map of size X € RIX¥nxlo gq depicted in Fig-
ure 2.14. Accordingly, multiple image features can be extracted by apply-

ing a set of I, independent filters in parallel, which results in a mapping

out
Rlein*Inxlw _y Rlcous XInxTw — gimilar to using multiple neurons in parallel
as in a fully connected NN while retaining the spatial dependencies of the
structured input. Note that a convolution with a 1 x 1 kernel is equivalent
to a fully connected layer on feature level and, thus, allows the application
to spatially-structured data with variable resolution. As will be seen in
the remainder of this work, this is commonly used to reduce the number of

features in the output layer of CNNs while retaining spatial information.

multi-channel convolution

FIGURE 2.14: Visualization of
a single step of a convolution
showing the (3 x 3 x 3) kernel
(shaded area) being multiplied
with a patch from an input im-
age with 3-channels (red, orange,
green) to produce a filtered im-
age (blue). Figure derived from
[59] with permission.
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receptive field

dilated convolutions

[60] Yu and Koltun, “Multi-scale con-
text aggregation by dilated convolu-
tions” (2016)

CNN architecture and properties

As for the training of fully connected NNs, the filter weights of the con-
volution filters can be learned from data instead of adopting predefined,
hand-crafted filters. Hence, to build a CNN, multiple layers of convolutions
as described above can be stacked after another to extract hierarchical fea-
tures from the input. Analogously to the design of fully connected NNs,
each convolutional filter can be accompanied by a bias term wyg, and the
filtered output images of a convolutional layer are fed through a nonlinear
activation such as the ReLU. Reusing the alternative formulation of the
discrete convolution as in (2.44), a node in a layer of a convolutional neural
network (CNN) is given by

% = ¢ (Wicxg + wo) (2.48)

whereby the bias term can be absorbed into the weight matrix Wk anal-
ogously to (2.2). With this, the total amount of parameters in a convolu-
tional layer adds up to I, (I, k* +1) and is independent of the image
resolution (1Ip, I,). As a result, the input layer of a CNN that makes use of
filters with & = 3 would only require about 28k parameters for the exact
same settings as for the fully connected network above, i.e., extracting 1000
features of any 3-channel image (3 x I}, X ;). Due to the equivalence to a
structure exploiting, sparse fully connected NNs, the previously introduced
optimization concepts for training NNs equally apply to training CNNs.
In contrast to the output of the fully connected model, the CNN retains
the spatial information through the convolution that can be exploited by
subsequent convolutional layers as well. Thereby, the effective receptive
field of the deeper convolutional layers increases with the number of stacked
convolutional layers, which allows the model to compose the locally ex-
tracted features to more global, spatially resolved, complex concepts and
objects. To further enlarge the receptive field in order to improve the
model’s ability to detect global concepts, of course, larger kernels with
k > 3 can be applied. However, this also increases the required number of
model parameters quadratically. Moreover, simply stacking more convolu-
tional layers instead of using a single convolution with a large filter kernel
restricts the convolution being replaced to be composable to the subsequent
application of multiple smaller convolutions [32, p. 301]. Another solution

to enlarge the receptive field is to use dilated convolutions [60]. That is, the
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input to the convolution is sparsely sampled with a spread corresponding
to the dilation factor d, as depicted in Figure 2.15 , whereby the number

of weights in the convolution remains identical.

Despite retaining spatial resolution is a key property of CNNs, the ex-
tracted global concepts required, e.g., for image classification, do often not
require retaining all of the detailed spatial information, and suppressing
small, irrelevant shifts is essential to derive the invariance property required
for classification from the intrinsic equivariance of the convolution [32, p.
297]. Furthermore, retaining the full resolution throughout the model is
computationally very expensive [32, p. 316], as the resulting model would
require massive amounts of memory and processing time for using images
with reasonable resolution. Hence, applying dimensionality reduction is
an important, integral component for CNN’s to perform well and run effi-
ciently. To this end, the spatial resolution of the image is typically reduced
gradually with the model depth by using pooling or strided convolutions. In
contrast to regular convolutions, strided convolutions shift the filter kernel
with a stepsize s > 1, which results in an effective reduction of the image
resolution by approximately % The concept of pooling is very similar to
that of strided convolutions. Typically, the input image is divided into
non-overlapping patches by using a kernel with identical size and stride,
e.g., s = k = 2. However, the pooling layers do not entail learnable param-
eters. Instead, a simple, fixed function is applied to each pool of pixels in
the input patch, such as the maximum or mean operator [32, p. 297]. In
addition to the dimensionality reduction, applying pooling operations or
strided convolutions helps to increase the effective receptive field of sub-
sequent convolutional layers. Often multiple pooling operations are used
alternately with convolutional layers that together build the so-called fea-
ture extractor or convolutional backbone of the CNN, which produces a set
of expressive, low-resolution features. These are typically reduced by a final
pooling operation to a 1d latent feature vector, i.e., all spatial information
is removed, to which a small fully connected NN is added, which allows the

classifier to take differently scaled input images as input.

One of the first prominent and still frequently used model architecture is
the VGG16 [61]. Later on, He et al. [57] proposed the famous ResNet model
family depicted in Figure 2.16, which extensively exploits residual connec-
tions to allow deeper, more performant models and build the foundation

for many state-of-the-art model architectures.

FIGURE 2.15: Visualization of a
single step of a 2d dilated (d=2)
convolution showing the kernel
matrix (shaded area) being mul-
tiplied with a patch from the in-
put image (green) to produce a
filtered image (blue). Figure de-
rived from [59] with permission.

strided convolutions

pooling

SOTA CNN architectures

[61] Simonyan and Zisserman, “Very
deep convolutional networks for large-
scale image recognition” (2015)
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7x7 conv, 64, /2

pool, /2

3x3 conv, 512
3x3 conv, 512

avg pool

FIGURE 2.16: Schematic dia-
gram of the ResNet-18 architec-
ture whereby the number after
the specifier for the type of the
convolution relates to the output
feature depth, “/2” denotes ap-
plying a convolution with stride
s = 2, the dashed skip con-
nections comprise a linear 1 x 1
convolution to map the equally
increase the features depth of
the residual connection, and each
convolution comprises sequential
application of BN and ReLU.
Figure adapted from [57] with
permission (© 2016 IEEE).

fully convolutional neural
network

[62] Long et al., “Fully convolutional
networks for semantic segmentation”
(2015)

[40] Ronneberger et al., “U-Net: convo-
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In contrast, both global as well as fine-grained local, high-resolution
image features are required for the task of image segmentation to generate
detailed masks that contain a single class label per pixel in the input im-
age. A simple solution to this problem would be to build a CNN without
any dimensionality reduction, i.e., using same padding, setting all strides
s = 1, and applying no pooling. As this in principle would work, it would
be computationally prohibitive as stated above. Therefore, a more efficient
approach is to adapt the same model structure as for image classification
to extract meaningful, global but low-resolution features. However, in-
stead of applying a few final, fully connected layers, the latent features of
the model are upsampled to the input image resolution. As upsampling
with fixed functions, such as bilinear upsampling, may not result in suffi-
ciently detailed segmentation masks due to the high-dimensionality reduc-
tion applied in the feature extractor, fully convolutional neural networks
(FCNs) [62] learn the required upsampling operation by applying trans-
posed strided convolutions, i.e., for each pixel in the input image, a patch

with size and stride s > 1 in the output is generated.

To further improve the details of the final segmentation maps, interme-
diate high-resolution activations of the feature extractor can be extracted.
With upsampling the latent features first to this intermediate resolution,
the extracted features can be concatenated to the former prior to applying
the final output convolution. This can be taken to the extreme, by ex-
tracting the activations of all intermediate resolution stages of the feature
extractor. To incorporate these into the upsampling branch, the structure
of the feature extractor can be mirrored exploiting either a combination of
upscaling and convolution operations or transposed convolutions. Due to
the similarity of such a model architecture to autoencoders, the features
extractor and the nearly identical upsampling path are typically referred
to as encoder and decoder. One very prominent model of that class is the
U-Net [40] depicted in Figure 2.17, which is frequently used for biomedical

image segmentation tasks.

With this, the most important properties of convolutions became visible:
They introduce the desired bias that images are locally highly correlated
and that patterns and image objects are locally invariant to the model ar-
chitecture. That is, in contrast to using fully connected NNs, subsequent
layers in a CNN are only sparsely connected reflecting that the semantic

meaning of nearby pixels is likely to be similar, disregarding their spatial
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location. Assuming, for example, a filter detects vertical edges, then the
filter detects these edges disregarding the spatial location in the input im-
age and stores the information that an edge is present in the respective
pixel of the output activation map as the same filter is moved over the
whole input image, i.e., the convolution with a filter is inherently equivari-
ant to shifts of objects in the input image. Thereby, as the filter weights
remain identical, the weights required to compute the values of all pixels
in the output activation are shared, which strikingly reduces the number
of model parameters compared to fully connected neural networks. There-
fore, training a CNN typically requires less training data. Furthermore, the
number of weights in the filter is independent of the input image size and
is applicable to images of any resolution without requiring a redesign of the
model architecture. Additionally, due to preserving the spatial information
of the image, stacking multiple convolutional layers can extract complex,

hierarchical, and spatially resolved features.

2.4 Generalization and robustness

The severe overfitting that was observed when applying the overparame-
terized linear model to the simple regression task in Figure 2.2d highlights
the challenges of selecting a model with sufficient capacity for the task at

hand to capture the underlying concepts of the finite set of training data

FIGURE 2.17: Schematic dia-
gram of the U-Net architecture
with 3 Xx 3-convolution+ReLU
(=), 1 x 1 conv (=), max-pool
(=), up-conv (=), and crop,
copy, and concatenation (= ) op-
erations. The numbers indicate
the feature depth of each associ-
ated convolution block. Figure
adapted from [40] with permis-
sion.
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bias-variance tradeoff

regularization

data augmentation

without overfitting the noise in order for the model to generalize on unseen
data. That is, the model should ideally be independent of the finite set
of data samples. Hence, training the model on different datasets collected
from the same domain and for the same task should yield the same optimal
model. In principle, the optimal model could be derived in the limit of in-
finitely many data [32, p. 124], which is infeasible in practice. Particularly
in the medical domain, it is typically very difficult to collect large, high-
quality sets of labeled data due to the associated costs, the time-consuming
labeling process, and the limited availability of data due to data privacy
regulations [11]. As a result, model selection involves a tradeoff between a
sufficient capacity to capture essential variations in the finite set of training
data and achieving a good data fit (low bias) while limiting model flexibility
to prevent overfitting (low variance). However, model flexibility typically
increases variance while decreasing bias, and, therefore, the goal of model
selection is to find the optimal level of flexibility that minimizes both bias

and variance [32, pp. 125-126]. This is known as bias-variance tradeoff.

2.4.1 Model flexibility and regularization

In practice, estimating the optimal tradeoff between model bias and vari-
ance, i.e., the degree of model flexibility in terms of the optimal number
of depth and width of a NN, is non-trivial. Therefore, the NNs are often
rather overparameterized, i.e., they are designed to comprise more param-
eters than necessary to fit the training data, and the model complexity is
controlled by applying regularization techniques.

Collecting as much as possible labeled data for model training effectively
regularizes the model complexity and mitigates model overfitting [32, pp.
11-12]. Moreover, in case a large amount of unlabeled data is available,
unsupervised learning strategies can be exploited by, e.g., pretraining the
NN’s model weights in order to mitigate model overfitting [3]. If the collec-
tion of more data is not feasible, it may be straightforward to reduce the
model’s flexibility by incorporating explicit or implicit bias into the model
structure. As discussed in detail in the previous section, using CNNs is a
very effective method to explicitly encode domain knowledge and introduce
a bias to a model w.r.t. processing structured data such as images and time
series.

To strengthen the equi- or invariance of CNNs to irrelevant transforma-
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tions such as translation, rotation, or scaling, data augmentation can be
applied. this additionally induces a bias to the optimization process and
is a very effective, frequently applied method in image processing [32, p.
258]. Data augmentation artificially enriches the available training data by
including plausibly transformed replications of the original samples, which
could have been naturally captured without actually collecting new data.
By keeping the target fixed, i.e., the class label in case of image classifica-
tion, the model is encouraged to learn a mapping function that is invariant
to the applied augmentation. Data augmentation can either be utilized to
artificially increase the number of training samples prior to training or —
in case of relying on stochastic optimization — be applied randomly to the
current minibatch during the optimization process. For the task of im-
age segmentation, where the model is required to be equivariant, identical

transformations must also be applied to the target masks.

Additionally, image preprocessing techniques can be used to eliminate image preprocessing
variance from the data apriori, using domain knowledge. However, similar
to the use of hand-crafted feature extraction, learning (approximately) in-
variant mapping functions usually outperforms manually designing highly
specialized preprocessing pipelines to remove irrelevant variances [32, p.
257]. Therefore, in the field of image analysis, preprocessing is frequently

only applied, e.g., for image resizing and contrast enhancement.

Overfitting was observed to relate to learning large weights for the indi-  weight regularization
vidual basis functions, as these yield more rapidly varying outputs utilized
to minimize the error function by capturing the data noise [32, p. 11].
Hence, in contrast to strictly limiting the model’s capacity by using a fixed
small, number of layers and nodes in the NN, the effective capacity of the
learned mapping function can also be controlled by including a regular-
ization term to the loss of function that can, e.g., induce sparse model
parameters or penalize large weights. That is, adding a penalty for the
magnitude of the weights to the loss function proposed in (2.3) according
to

Ervsi(w) = Lusn(w) + 5| w]P? (2.49)

can help to mitigate overfitting to noise in the training data [32, p. 13].
Thereby A is a hyperparameter that controls the effective model complex-
ity. Particularly, for A — oo all weights are driven to zero. This parameter

has to be chosen carefully since high values for A, i.e., a high penalty for
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FIGURE 2.18: Regularized (red
line —) and nonregularized or-
dinary least squares solution
(dashed orange line --) to the
samples (blue dots @) from the
true function f(z) = sin(x)
(dashed blue line --).

L2-norm regularization

early stopping

dropout regularization

[63] Srivastava et al., “Dropout: a sim-
ple way to prevent neural networks
from overfitting” (2014)

larger weight magnitudes, possibly result in bad performance and under-
fitting similar to Figure 2.2b, whereas a small penalty does potentially
not prevent overfitting. However, if well chosen, the additional regular-
ization term can sufficiently constrain the effective model complexity, as
visible from Figure 2.18, which shows the ordinary least squares solution
of the regression problem in Figure 2.2d overlaid by the ordinary least
squares solution using the identical number of polynomial basis expansions
(M = 25) and additionally applying weight regularization as in (2.49) us-
ing the Euclidean-/L2-norm with A = 7.5 x 1073, This technique is equally
applicable to training NNs, i.e., the gradient used for the parameter update
in the stochastic gradient descent algorithm in (2.21) would be computed

as

VL(0) = VL) + A6 (2.50)

for using the L2-norm ||@||3 as regularization and in this context referred

to as weight decay or L2-norm regularization [32, p. 260].

Overfitting of NNs can also be targeted by tracking the model perfor-
mance on a separate split of the training data and stopping the iterative
optimization in case the error on this validation set no longer decreases or
even starts to increase, which indicates the model to overfit the training
data. This technique is called early stopping and —under the assumption
that the effective model capacity grows with the number of optimization

steps— can be understood as applying weight decay [32, p. 267].

Another popular and very effective regularization method for NNs is
called dropout [63], which is depicted in Figure 2.19. As the name sug-
gests, the output activations of individual neurons are randomly dropped
during training, i.e., set to zero, with a survival probability p. Similar to
the intention behind residual connections, this equals randomly sampling
subnetworks of differing capacities, which, however, share all remaining
parameters for each forward pass. Intuitively, dropout strengthens the in-
dependence of the model weights as these cannot rely on the presence of
the other neurons and, hence, reduces the coadaptation of neurons, which
otherwise would encourage the model to overfit the training data [63]. At
test time, all neurons will be kept in the model, which corresponds to av-
eraging the predictions of all implicit subnetworks. To keep the expected
input activation of each node at test time similar to that during training,

the output of each neuron has to be scaled by the survival probability p [63].
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hidden layers

FIGURE 2.19: Schematic diagram of a single forward pass of fully connected neural network with dropout enabled.
Each neuron is kept with probability p. Deactivated neurons for this forward pass might be active for another one.

Figure created based on [47].

This can also be interpreted as implicitly learning an ensemble of models.
Ensemble learning is a frequently applied method in the ML domain com-
bining multiple, potentially weak base models to a strong and more pow-
erful group of models. Whereas only a single model is effectively learned
by using dropout, multiple independent CNNs can be trained to form an
explicit ensemble of models by, e.g., averaging their outputs. The main
reason why ensemble learning can improve over using a single, fixed set of
parameters, is in line with the model selection problem: Aggregating the
output of multiple solutions to the nonconvex optimization process typi-
cally improves on relying upon a single, locally optimal solution. Thereby,
the individual ensemble members might overfit the training data, but the
diversity of the individual members — stemming from the stochastic nature
of the optimization processes, the random weight initialization, using ran-
dom data splits (bootstrapping), or using different model architectures and
hyperparameters [64] — mitigates the overfitting and can improve robust-
ness [32, pp. 277-279]. As will be discussed in section 2.6, this idea is very

similar to Bayesian inference and Bayesian model averaging.

2.4.2 Robustness and spurious correlations

Having trained a well-parameterized model that achieves a good perfor-
mance w.r.t. the holdout validation set of the training data does not guar-
antee the model to generalize to real-world data and applications [65]. One

reason for this is a phenomenon called shortcut learning, i.e., the opti-

ensemble learning

model averaging

[64] Wenzel et al., “Hyperparameter
ensembles for robustness and uncer-
tainty quantification” (2020)

[65] Geirhos et al., “Shortcut learning
in deep neural networks” (2020)

shortcut learning
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mization process yields a solution based on spurious correlations of, e.g.,
image features that coincidentally align with the target variable but are
not causal for the target. That is, the NN might learn to focus on specific
patterns contained in the training data that are useful to solve the task —
such as unique noise patterns that are specific to a scanner type—but are
not causal, i.e., they do not relate to the true underlying concepts of the
problem —such as the presence of disease-specific pathologies. As a result,
testing the model on in-distribution (ID) test data typically works well.
However, NNs are often used to make predictions on images that were ac-
quired differently, e.g., in a different hospital, and might be sampled from a
different underlying distribution, e.g., due to geographic prevalence changes
of the disease or due to being trained on data from secondary care with
the intention to deploy the model in primary care. When exposed to such

data shifts, the model predictions could be arbitrarily wrong.

A striking example of this phenomenon was uncovered by Zech et al. [66]
who trained a CNN for the detection of pneumonia from a dataset of X-
ray scans collected from two different institutions. They revealed the final
model to increasingly rely on the institution and the scanner type at which
the image was captured to predict the presence of pneumonia instead of
focussing on pathological areas in the X-ray scan. Consequently, if remain-
ing undetected and not explicitly taken care to find and remove such biases
from the training data, spurious correlations can prevent the model from
generalizing to real-world test data which may cause unreliable predictions.
This can pose a major risk, particularly for the application of DL in the

medical domain, to harm patients or users affected by such a system.

A similar effect is observed for adversarial examples [67], which can be
interpreted by means of exploiting spurious correlations [68]. That is, small,
intentional perturbations of the input of a NN can easily change the model
prediction. These changes can be noise, which is imperceptible to the
human eye [67], the change of a single pixel [69], or the application of
image transformations such as rotations [70]. To counter this susceptibility,
adversarial training, i.e., adding adversarial examples to the training data,
proved effective for improving robustness against adversarial examples [71].
Although adversarial attacks might seem unlikely to occur in the medical
domain given that images are often processed directly from the output of,

e.g., an X-ray scanner, they highlight the fragility of NNs.
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2.5 Transparency and explainability

As discussed above, NNs are susceptible to phenomena such as overfitting
and shortcut learning. This is a serious problem because NNs are black-
boxes, and it is typically impossible to trace the reasoning of such deep
and complex models rendering detection of these failures difficult. Hence,
rigorous testing on real-world data is essential to detect model overfitting
and a potential poor generalization performance [11]. However, depending
on the task complexity, it might be prohibitively difficult to design such
rigorous test scenarios that comprise every possible failure case. There-
fore, to prevent unexpected model failures both during development and
after deployment, DL algorithms should be designed as transparent and
explainable as possible [11]. This would not only help developers and de-
ployers, but also users and affected individuals to understand and trace the
model’s reasoning, foster trust and acceptance, and comply with regulatory
framworks such as the EU AT Act [11].

In the broader context of Al, transparency can be defined as

[...] the capability to describe, inspect and reproduce the mech-
anisms through which Al systems make decisions and learn to
adapt to their environment, and the provenance and dynamics

of the data that is used and created by the system.
— V. Dignum [72, p. 54]

This relates to making every information related to the development of the
Al system, e.g., training data, model architecture, weights, and optimiza-
tion design available to the relevant stakeholders, as long as it does not
conflict with other legal concerns such as intellectual property and patient
privacy [11]. Note, that communicating, e.g., the model architecture and
weights would be deemed transparent w.r.t. this definition and also would
allow inspection of the model. However, it does neither imply interpretabil-
ity nor explainability® due to the black-box characteristic of DNNs. The

more refined definition of algorithmic transparency, in contrast, requires

[...] the ability of the user to understand the process followed

by the model to produce any given output from its input data.

— A. Barredo Arrieta [13]

3The key difference between inter-
pretability and explainability is that a
model can intrinsically be interpretable
and explanations can be used to ex-
plain both non- and interpretable mod-
els [13].
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That is, explicitly targeting the transparency of the entirety of the model
design and optimization, algorithmic transparency opposes the black-box
model design, which prevents tracing and, hence, understanding the mech-
anisms of the model’s reasoning and links transparency with the demand
for explainability.

Moreover, another important aspect comprised in this definition of trans-
parency is to transparently communicate predictive uncertainty [11], [13],
i.e., to inform the user when the system should not be relied on and, hence,
reject the model prediction, in order to detect potential model failures.
With this, explanations for the prediction should be complemented by an
additional proxy for the trustworthiness of the prediction [11]. This could
either be the case if the current sample can not be classified to one or an-
other class with sufficient evidence or the training data did not include any,
or only a few, similar examples and, hence, the model has to extrapolate
to predict. Standard NNs, however, often are highly overconfident leading
to unreliable uncertainty calibration [73]. The reasons for this pathologic
overconfidence and the promising solution to rely on the Bayesian methods
will be discussed in more detail in the subsequent section 2.6.

To address the challenges related to the black-box nature of NNs, there

is a large field of research on explainable artificial intelligence (XAI), i.e.,

[...] one that produces details or reasons to make its function-

ing clear or easy to understand.

— A. Barredo Arrieta [13]

Thereby, explanations can be derived on different levels, i.e., locally (for
individual samples) or on a global level (for the model itself). Further-
more, explanations can be computed either post- or ante-hoc, i.e., after
model training or by designing inherently interpretable models. As a re-
sult, XAI can obey very different forms, ranging from a simple reduction
of the model complexity that eases the interpretability of the learned map-
ping function over visualizations or text generations to tools that allow the

users to interact with the model [13].

2.5.1 Feature exploration

The influence of input features on a model or individual model predictions

could, e.g., be explored using partial dependency (PD) [74] or individual



2.5 Transparency and explainability | 43

(a) Input image

(c) Guided Backprop (cat)

(d) Guided Grad-CAM (cat)

(e) Grad-CAM (dog) (f) Guided Backprop (dog)  (g) Guided Grad-CAM (dog)

FIGURE 2.20: Saliency maps computed for the class cat (b-d) and class dog (e—g) by using Grad-CAM [76] (b, e),
Guided Backprop [77] (c, f), and Guided Grad-CAM (d, g), which is a combination of both the former. Figure

reproduced from [76] with permission.

conditional expectation (ICE) [75] plots. However, these are usually limited
to a few features, do not comprehensively capture feature interactions [50,
sec. 8.1.4 and 9.1.3], and are therefore ill-suited for interpreting CNNs.

A conceptually simple method to explore the features of a CNN is vi-
sualizing their intermediate activation maps, e.g., by optimizing the pixel
values of random noise input images to maximizing the activation of a spe-
cific convolution filter in the model [32, p. 304], [50, sec. 10.1]. However,
while giving insights into the general learning process of CNNs, these visu-
alizations are very ambiguous, abstract, and do not allow explicitly relating
individual activations to dedicated interpretable concepts [50, sec. 10.1.4].
Furthermore, generating these visualizations is very cumbersome and it
might be impossible to grasp the combined effect of all filter activations
due to the sheer number of individual units in deep CNNs [50, sec. 10.1.4].

2.5.2 Saliency maps

Another, more sophisticated tool than visualizing intermediate feature ac-
tivations is to compute saliency maps, which can be used to highlight areas
or structures in the input image that contributed the most to an indi-

vidual class of the model prediction, as depicted in Figure 2.20. There

[75] Goldstein et al., “Peeking inside
the black box: visualizing statistical
learning with plots of individual con-
ditional expectation” (2015)
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FIGURE 2.21: Evidence accord-
ing to a saliency map for (a) a
Siberian husky and (b) a trans-
verse flute. Figure reproduced
from [79] with permission.
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are many different methods to compute saliency maps, some of which are
Grad-CAM [76] and Guided Backprop [77], which exploit the backpropa-
gation of the gradients for the predicted or selected class and are either
directly computed w.r.t. the input image or projected to it [50, sec. 10.2].
These were, for instance, used to show that the model focuses on the tokens
used to decode patient orientation in X-ray scans that are placed differently
between institutions [66] or manual markings to be indicative of malignant
melanoma [78]. However, the benefit of saliency maps is very controver-
sial [27]-[29], [79]. That is, they do not give insights to what exactly is
of interest in the region highlighted but only that there is something of
interest to the model, leaving the user behind with the decision if the high-
lighted region indeed shows decision-relevant features or not [80]. Often,
they highlight ambiguous areas in the image that do not align with human
intuition about which part of the image actually is important to correctly
classify it, as, e.g., can be seen in Figure 2.20 (b) and (c) where parts of
the background, the edges within the image, and also the dog seem to be
important to classify the cat. Moreover, they tend to provide identical ex-
planations for multiple classes or provide explanations for classes that are

not present in the image as depicted in Figure 2.21.

2.5.3 Surrogate models

Moreover, global surrogate models, i.e., intrinsically interpretable models
such as decision trees, or linear and logistic regression can be trained to
approximate the output of a more complex black-box model [50, sec. 8.6].
However, using global surrogate models are only approximations that can-
not capture the black-box model in every detail. Otherwise, the black-box
model would not be required and the interpretable model could be used
instead. Consequently, also the explanations of the surrogate have at least
in parts to be erroneous, which could render the explanation untrustworthy
failing their intended use [79].

Similarly, local surrogate models, such as local interpretable model-ag-
nostic explanations (LIME) [81], can be used. These are trained to capture
the local output of a black-box algorithm for individual samples [50, sec.
9.2]. Consequently, the model itself can be interpreted to explain the black-
box prediction. This local model can either be trained on a set of features

derived from perturbing the current input that is to be explained, or by
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reusing neighboring samples from the training data weighting their impor-
tance to the local explanation model by the distance to the current sample
by, e.g., using an exponential kernel. For using CNNs and image data,
instead of randomly perturbing single pixels, which are not expected to
change the output of the model drastically, pixel clusters with, e.g., simi-
lar colors called superpixels could be switched on or off [50, sec. 9.2.3]. A
striking disadvantage of this approach is its dependency on the selection
of the neighboring data or the perturbation applied to the sample causing
instabilities and unreliable explanations [50, sec. 9.2.5].

Similarly, Shapley additive explanations (SHAP) [82] can be used to as-
sign an importance value to each feature of the prediction for a particular
sample [50, sec. 9.6]. The score is based on the concept of Shapley val-
ues, which measure how much a single feature on average contributes to
the model’s prediction across all possible combinations of feature values.
Being grounded on game theory, Shapley values give rise to holistic expla-
nations [50, sec. 9.5]. Moreover, global model explanations can be derived
by, for example, averaging the instance-wise computed Shaply values across
all training samples, allowing to compute a global feature importance for
the trained model [50, sec. 9.6]. However, exactly computing Shapley
values is prohibitively expensive for high-dimensional feature spaces and
they usually have to be approximated using Monte Carlo sampling [50,
sec. 9.6]. Another prominent approximation is called Kernel SHAP, which
adapts LIME in combination with a linear regression model but replaces
the exponential with the Shapley kernel, which allows the computation
of the Shapley values from the resulting weighted linear regression, albeit
again ignoring feature dependencies [82]. Another disadvantage of SHAP is
that the computation of the Shapley values requires the availability of the
data, which might conflict with privacy policies and — despite the profound
underlying theory — can be misleading [50, sec. 9.6].

2.5.4 Prototype and concept learning

So far only post-hoc explaination methods were considered either to glob-
ally explain the model or individual data instances. In contrast to this, a
large research community focuses on developing intrinsically interpretable
models that go beyond such simple models as linear regression or decision

trees. These have been shown to provide comparable performance to ordi-

4However, as introduced above when
discussing adversarial examples, this
could indeed happen.

Shapley additive explanations
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intervenability

nary black-box NNs, an interface to the model that allows inspecting the
reasoning of the model for individual decisions, and global interpretations
for the model. Thereby, these are computed ante-hoc, i.e., the explanations
are directly derived during prediction, in the form of, e.g., prototypes [83]—
[85] or concepts [36], [86] that are either implicitly learned from the training
data or explicitly encoded in the model design as intermediate feature rep-
resentations. Although the former typically yield human-comprehensible
explanations without requiring additional labeled data, they might not al-
ways be fully faithful and might lack precision w.r.t. the explanation [87].
Furthermore, they were observed to show irrelevant background regions
and lack similarity between the prototype and the actual image patch lead-
ing to unclear explanations [88] or are susceptible to image compression
artifacts that break the network’s reasoning [89].

In contrast to learning the prototypes from the data, methods such as
CBM [36] exploit concept annotations instead, which are provided together
with the image’s class label. That is, CBMs explicitly incorporate these
concepts as an intermediate representation. This representation is opti-
mized to align with the target concept annotations in a supervised man-
ner. The final prediction is then derived based on these concepts. In
addition to intrinsically providing explanations for the predictions of the
model, the bottleneck design promises to mitigate shortcut learning, i.e., to
improve model generalization and reduce the susceptibility to adversarial
attacks [90] and was observed to be very data efficient [36]. Moreover, the
concepts can additionally be used to intervene the prediction by correcting
them and, afterwards, updating the prediction of the model [36]. This fur-
thermore allows, e.g., creating counterfactual explanations (examples for
which the model predicts a different outcome) in order to analyze the rele-
vance and influence of specific concepts to the model’s prediction [50, sec.
10.3.5]. A more detailed introduction of the promising CBM approach will
be given in Chapter 6 in which the method is adapted to build a transpar-
ent, uncertainty-aware, and lightweight DL-based NN for DR grading.

2.6 Bayesian deep learning

The following section will introduce the types and importance of uncer-
tainty, particularly in the context of automatic decision-making in the med-

ical domain, followed by discussing the insufficient uncertainty calibration
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and awareness of deterministic NNs and the benefit of exploiting Bayesian
inference through BNNs to improve these. Parts of this section have previ-
ously been published in a peer-reviewed journal article [45] first-authored
by the author of this thesis. He conceived and performed the methodology,
experiments, and analyses, and wrote the manuscript in collaboration with
the co-authors of the publication, who provided guidance and feedback on

the methodology, experiments, and manuscript.

2.6.1 Importance and types of uncertainty

To allow a well-informed rejection of uncertain predictions, improve de-
tection of model failures, minimize misclassification risk, and improve pre-
dictive transparency of the system, high-quality uncertainty information
is required that reliably communicates whether a NN does or does not
know. Typically, as displayed in Figure 2.22, two types of uncertainty
are distinguished: the irreducible aleatoric uncertainty caused by inherent
data noise, and the reducible epistemic uncertainty resulting from a lack of
knowledge about the true model, which is therefore also known as model
uncertainty [91], [92]. Both these types of uncertainty information provide
a distinct value for decision-making: Exemplarily for a classification task
as in Figure 2.22 (b), a properly calibrated aleatoric uncertainty estimate
can indicate an inherently difficult decision, i.e., whether a sample is very
close to a decision boundary separating classes with partly overlapping
support in the training data. Additionally, epistemic uncertainty allows
inferring whether or not similar examples to the sample at hand were in-
cluded in the training data, i.e., the given decision boundary is backed up
by sufficient training data, and, thus, a prediction can be made with high
evidence [91], [92]. With this, well-calibrated epistemic uncertainty could
enable the detection of samples with different pathologies related to other
diseases that are unfamiliar to the model as similar examples were missing
from the training data, which is called out-of-distribution (OOD) detection.
In this regard, both the aleatoric and epistemic predictive uncertainty are
important for building trust and enabling seamless and transparent usage,
particularly within the high-stakes medical domain [11], [93]. Moreover,
epistemic uncertainty could be used for identifying new data samples for
active learning [94] purposes, as well as detecting data shifts [95], which

could provide benefit to a continual learning setting where the model is

[45] Siebert et al., “Uncertainty analy-
sis of deep kernel learning methods on
diabetic retinopathy grading” (2023)

x2

FIGURE 2.22: Schematic visual-
ization of (i) aleatoric and (ii)
epistemic uncertainty for (a) a
regression and (b) classification
task example. The red lines
(—) show a set of selected, dif-
ferent possibilities for either re-
gressed curves or potential deci-
sion boundaries. Blue (®) and
green (@) dots denote the train-
ing samples.

aleatoric and epistemic
uncertainty
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[92] Hiillermeier and Waegeman,
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(2021)
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(2019)
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[97] Hein et al., “Why relu networks
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adaptively trained on new data generated by the automatic referral sys-
tem. Hence, providing both reliable aleatoric and epistemic uncertainty
estimates is highly desirable for such a screening system as subject to this
work. It sometimes might not be possible to compute these individually,
or the distinction between them might be blurred and dependent on the
data representation or task hypothesis [92]. Therefore, frequently, only the
total predictive uncertainty is measured, which comprises a mixture of both

aleatoric and epistemic uncertainty [91], [92].

2.6.2 Uncertainty in deterministic neural networks

Ordinary NNs, however, usually do not provide sufficiently calibrated un-
certainty estimates in either of the two: Recall the definition of the dataset
D = {X,Y} with X € RV*P| Y € RVXC and N samples introduced in
section 2.2.2. Moreover, the dataset’s underlying, unknown distribution is

approximated using a NN f(-) according to

yicp(ye=1|x%:,0)=0(f(x:,0)) (2.51)

for i = 1,..., N and with the model likelihood p (y. = 1 | x,8)?, the soft-
max activation o(-) according to (2.14), and the weights @ = {0pg, Opc} of
the NN. Then, from a Bayesian perspective, optimizing the weights @ on

the given data yields a maximum a posteriori (MAP) estimate

0 = argmaxp (y | X,0)p (),
0cO

(2.52)

with the prior probability distribution over the model weights p(@). This
can be induced by, e.g., applying L2-norm regularization [33], [96]. The
MAP estimate considers only a single possible, locally optimal mapping
function corresponding to a specific set of parameters that fits the training
data well leading, for instance, to one of the decision boundaries depicted
in Figure 2.22 (b). However, there typically are many different models that
achieve a similar or—due to the nonconvexity of the optimization prob-
lem —even better training error. Moreover, NNs extrapolate to regions
far away from the training data and yield a specific decision boundary
which results in predicting with high confidence in regions with no data ev-
idence [97]. Following the high flexibility of the NNs and the stochasticity

of the training process, all these different solutions are likely to result in
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very different decision boundaries far away from the training data. There
is no means of deciding which model performs best outside the training dis-
tribution —a phenomenon, which is called model underspecification [11],
[98, p. 639]. Due to the ignorance of the MAP estimate of this paramet-
ric uncertainty, NNs cannot inform the user about the lack of data support
and model uncertainty, i.e., they can only express aleatoric uncertainty [33].
However, caused by the NN’s susceptibility to overfitting [63], it even of-
ten provides overconfident predictions and fails to provide well-calibrated

aleatoric uncertainty estimates [73].

2.6.3 Bayesian neural networks

A possible solution to this lack of uncertainty awareness would be the use
of BNNs, which, in contrast, assume the model parameters to be uncertain
in order to model a posterior distribution over the parameters. This can
be derived by updating the prior belief on the distribution of the model
parameters p(@) by the model’s likelihood p(y | X, 0) w.r.t. to the given
data using Bayes’ theorem

o0 X.y) = Py | X, 0)p(6) (2.53)

ply | X)
Therbey, p(y | X) = [p(y | X,0")p(€’)dO' is called the marginal likelihood

or model evidence. Computing the Bayesian model average (BMA)

Py 1%, X,3) = [ ply | x".0)p(6 | X. ) d8 (254

at prediction for a test sample x*, i.e. aggregating the model predictions
p(y | x*,0) for all possible sets of parameters weighted by their poste-
rior probability p(@ | X,y) to yield the given training data, leads to the
BNN’s posterior predictive distribution that inherently captures parameter,
hence, epistemic uncertainty [33]. This process is also known as marginal-
ization [99] and, in a nutshell, could be imagined as taking a weighted
average of the models which lead to the regressed curves and decision
boundaries displayed in Figure 2.22 and all other mapping functions con-
tained in the space of possible solutions. Moreover, Bayesian treatment
of the parametric uncertainty by means of the BMA promises to mitigate
model overfitting [100, pp. 161-165] and yield better-calibrated aleatoric

model underspecification

[98] Murphy, Probabilistic Machine
Learning: Advanced Topics (2023)

Bayes’ theorem

Bayesian model average

[99] Abdar et al., “A review of un-
certainty quantification in deep learn-
ing: techniques, applications and chal-
lenges” (2021)

[100] Bishop, Pattern Recognition and
Machine Learning (2006)
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Markov chain Monte Carlo

variational inference

evidence lower bound

stochastic variational inference

In  fact, we shall see that we
can get uncertainty information from
existing deep learning models for
free — without changing a thing. —Y.
Gal [101]

uncertainty estimates [33]. While BNNs are mathematically well-defined,
computing the posterior is often analytically intractable [33], [99].

Markov chain Monte Carlo (MCMC) methods, such as the Hamilton
Monte Carlo (HMC) algorithm, asymptotically guarantee to sample from
the exact posterior [33] and are therefore often used as gold-standard for
uncertainty quantification. However, they are computationally very ex-
pensive as they require an unknown number of iterations to converge [99]
and do not scale well with large data and models [33]. Alternatively, the
posterior can be approximated using variational inference (VI), i.e., opti-
mizing a variational distribution gg,(0) parameterized in Oyy to be close
to p(@ | X,y) by minimizing the Kullback-Leibler (KL) divergence [33]

Ly1(0vi) = KL [ge,,(0) || p(6 | X,y)] (2.55)

and computing the BMA by marginalizing over the variational distribution

of the intractable exact posterior p(@ | X,y) according to [99]

Py | Xoy) = [ ply| X" 6)aog, (6) db. (2.56)

Yet, directly optimizing the KL divergence in (2.55) again involves com-
puting the intractable exact posterior. As an approximation, optimal vari-
ational parameters 65, can be obtained by maximizing the evidence lower
bound (ELBO) of the model [99]

Leno(0vt) = [ g0, (6)logp(y | X, 0)d8 — KL [g0,,(6) | p(0)

<logp(y | X),

(2.57)

which maximizes the evidence of the data marginalized over ¢ and, in con-
trast to (2.55), solely involves minimizing the KL divergence between the
variational and posterior probability distributions gg,, (@) and p(8). Mostly,
optimization of the ELBO is accomplished using stochastic variational in-
ference (SVI) [33] by exploiting SGD, i.e., computing the ELBO per mini-
batch, which allows scaling the VI algorithm to large data and models, e.g.,
by applying the Bayes-by-backprop algorithm [96].

Despite their computational superiority to MCMC, VI methods may be
less accurate due to sampling from the approximate variational distribution
q at test time instead of the true posterior p. Moreover, both MCMC and VI
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methods still have several disadvantages and are more difficult to deploy
compared to standard DL methods [33]. Hence, simple and in practice
frequently used Bayesian approximations are deep ensembles (DEs) [102]
and Monte Carlo dropout (MCD) [103], which are derived from standard-
practice DL algorithms.

Adopting the same training scheme as for traditional model training
where dropout is used as regularization [63], MCD can be deployed by
additionally dropping activations at test time with the same probability as
during training, which corresponds to drawing Monte Carlo samples from
the model’s underlying parameter distribution and can be interpreted as
a form of approximate VI under specific assumptions [103]. As applying
dropout for BNN training would not be considered as regularization but as
being part of the variational posterior, additionally applying, e.g., L2-norm
regularization is necessary to form the prior p(@) over the parameter dis-
tribution [33]. Although the implementation and training of MCD-based
BNNs are straightforward, the method can only capture local uncertainty
and, hence, might not capture the true posterior well [33].

Similarly, DEs, i.e., averaging multiple independently optimized deter-
ministic model instances as described in section 2.4.1—can capture dif-
ferent modes of the true posterior due to the stochasticity of the training
process. However, each model instance of the ensemble represents a Dirac
delta sample of the posterior that in turn is not able to capture local un-
certainty [33], [104] and, thus, does not allow computing the ELBO [33].
Whereas Lakshminarayanan et al. state that building ensembles would not
be Bayesian, both DEs and MCD can be considered to resemble a simplistic
approximate BMA, which showed to improve both predictive performance
and the quality of the uncertainty estimates upon simple MAP estima-
tors [33], [95], [99], [104], [105] and sampling from a single mode of the
posterior by, for instance, using VI [98, p. 650]. Despite providing strong
baselines and the simplicity w.r.t. model implementation and training, both
methods increase the computational complexity by either having to sample
the model when using MCD or to run inference repeatedly for each ensem-
ble member as well as loading and storing a multitude of model parameters

in case of using DEs.
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ple and scalable predictive uncer-
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diabetic retinopathy

As diabetic retinopathy (DR) is a frequent complication of diabetes mellitus
(DM), the following section 3.1 will first introduce the basic pathogenesis
and global societal impact of DM. Subsequently, in section 3.2, the pathol-
ogy and treatment of DR as well as an overview of the implications and
challenges for the medical care system w.r.t. the screening for the disease
caused by the rising amount of patients that suffer from DM will be given,

motivating the need for automated screening methods.

3.1 Diabetes mellitus

DM is a pandemic, metabolic disorder that is characterized by hyper-
glycemia resulting from a deficient or entirely impeded insulin secretion,
an impaired insulin action, or a combination of both [106]. In 2021, ap-
proximately 537 million people worldwide (approx. 10 %) were affected by
DM [107]. The majority of patients suffer either from type 1 DM (T1DM)
or type 2 DM (T2DM) [106], whereby the latter make up about 90 % of
all diabetes cases [108]. Due to increasingly prolonged lifespans, sedentary
lifestyle changes such as reduced physical activity and high-calorie diet, and
increasing urbanization, the prevalence of DM is expected to rise over the
next years [108], [109], [110] projecting more than 780 million people being
affected by DM in 2045 [107].

Insulin is a hormone produced by the S-cells in the pancreatic islets of
Langerhans that mediates the cellular glucose uptake [111]. T1DM is char-
acterized by the destruction of these S-cells, which is typically caused by
an autoimmune response, is associated with a genetic predisposition, and
commonly manifests in juvenile patients, leading to an absolute lack of
insulin secretion and, hence, to increasing blood glucose levels [112][106].

In contrast, in T2DM, hyperglycemia results from impaired insulin action

[106] Punthakee et al., “Definition,
classification and diagnosis of diabetes,

prediabetes and metabolic syndrome”
(2018)
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caused by insulin resistance, i.e., a decreased insulin sensitivity of the cells,
and later on can lead to a secretory defect [106]. Often, it is a manifesta-
tion of a metabolic syndrome that among others is characterized by obesity
and hypertension [106]. Accordingly, associated risk factors for T2DM are
age, obesity, diet, a lack of physical activity, as well as a genetic predispo-
sition [108], [112].

Due to the lack of insulin production, insulin replacement therapy is
required for patients with T1DM to regulate their blood glucose level as
well as the glucose uptake of cells, to prevent acute complications such as
life-threatening ketoacidosis, and to survive [112]. In contrast, as insulin
secretion and action often remain at least partially functional, therapeu-
tic approaches and prevention for patients suffering from T2DM or pre-
diabetes primarily aim to control the blood glucose level, prevent the oc-
currence of comorbidities by lifestyle interventions, as well as avoid the total
failure of insulin secretion and only revert to pharmacologic treatment if
the non-pharmacologic treatment fails [20]. The practical guidelines on the
treatment of both TIDM and T2DM, for example of the American Diabetes
Association (ADA) [20] or the German Diabetes Association (Deutsche Di-
abetes Gesellschaft, DDG) [21] as well as the german National Healthcare
Guidelines (Nationale Versorgungs Leitlinie, NVL) [22], stipulate continu-
ous monitoring, adaption, and discussion of the personalized management
plan that include regular screening by specialists for DM associated com-
plications. Thereby, a poorly controlled, chronic hyperglycemia severely
increases the risk for micro- and macrovascular damage, affecting— among
others—the eye, kidney, as well as the cerebral and cardiovascular vessel
system leading to higher morbidity and mortality within the diabetic pa-
tient population and, thus, is associated with a decreased life expectancy
and quality of life [106], [113], [114, p. 100].

3.2 Diabetic retinopathy

DR is the most frequent complication of DM [115] for both T1DM and
T2DM and is one of the leading causes of blindness in the working-age
population [109], [116]. The global prevalence among patients with DM
is estimated to be at about 22.27% to 35.4 % [109], [116], [117] with over
103 million people being affected by DR in 2020 [109], which, however,
varies significantly, e.g., geographically [109]. The DR prevalence for pa-
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tients suffering from T1DM is estimated to be higher than for those with
T2DM [117], [118] and is higher in rural areas [117]. Moreover, it is
strongly correlated to the duration of DM, the quality of the glycemic
control, i.e., the presence of chronic hyperglycemia, and suffering from hy-
pertension [115], [116], [119]. Thereby, the genetic heritability and frequent
variations in the glycemic level were found to have an additional influence
on the susceptibility of patients with DM to develop DR [115]. Other yet

not fully examined risk factors are assumed to exist [115].

There are ambiguities about the development of the DR prevalence, i.e.,
there are both studies that are predicting a decrease [117] and studies that
are predicting an increase [118] of the fraction of people suffering from
DR over time. Nonetheless, as the number of individuals diagnosed with
DM is expected to significantly grow in the future, also the number of
patients at risk of developing DR is expected to increase: Assuming a
constant prevalence of about 20 %, more than 160 million people might
be affected by DR in 2045 [109]. With annual costs of USD$493 million
arising for direct costs associated with US citizens suffering from DR in
2004 [120], this increase is expected to impose a growing financial burden
in addition to the increased workload on the healthcare system [109], [115].
This is particularly concerning for countries with limited medical care. As a
consequence, screening patients at risk for early signs of DR is important to
prevent vision loss and progression of DR by timely treatment and reduce

indirect costs related to vision loss.

3.2.1 Pathogenesis and classification

DR is a frequent complication of DM, which results from a microangiopa-
thy that affects the retinal vascular and, finally, neural system [116], [121,
p. 301]. With the progression of the disease and of vascular sclerosis, the
structural damage to the vessel walls can cause capillary occlusion and,
consequently, retinal ischemia [122], [121, p. 301]. Furthermore, it can
cause an increased vascular permeability induced by a loss of vascular en-
dothelial cells and pericytes as well as the thickening of the basal mem-
brane [122]. In addition, there is growing evidence that neurodegeneration,
i.e., apoptosis of retinal neurons, which leads to retinal malfunction might
happen even prior to any microvascular abnormalities [115], [122]. Typical

early signs of the onset of microvascular degeneration are microaneurysms
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FIGURE 3.1: A color fundus im-
age showing the central part of
the retina along with the most
important DR-related patholo-
gies, i.e., microaneurysm (MA)
(@), haemorrhage (HE) (@), hard
exudate (HX) (@), cotton wool
spot (CWS) (e), neovasculariza-
tion (NV) (o), and intrareti-
nal microvascular abnormality
(IRMA) (o), as seen in ophthal-
moscopy. Image adapted from
[125].

[123] Walter and Plange, Basiswissen
Augenheilkunde (2017)

[124] Kollias and Ulbig, “Diabetic

retinopathy” (2010)

(MAs), i.e., small, local dilations of the retinal vessels, which can rupture
and result in increased leakage of blood components causing retinal haem-
orrhages (HEs) and exudative lesions such as hard exudates (HXs) [123, p.
249] and finally leads to non-perfusion of capillaries followed by retinal is-
chemia [122]. These early retinal lesions can often be cured by timely treat-
ment and usually do not cause visual impairment [121, p. 301]. However, if
remaining untreated the diabetic, pathologic changes of the retina worsen
and cotton wool spots (CWSs) (swelling of the axons in the retinal nerve
fiber layer also often referred to as soft exudates), venous beading (VB)
(alternating changes of the venous caliber), and intraretinal microvascular
abnormalitys (IRMAs) (capillary widening adjacent to capillary occlusions)
arise as early signs for retinal ischemia [124], [121, p. 302]. Finally, the hy-
poxia can induce a proliferative vessel growth, i.e., neovascularization (NV),
triggered through the dissemination of vascular endothelial growth factors
(VEGFs) to compensate for the reduced perfusion, which in turn increases
blood leakage forming vitreous and preretinal HEs, damages the retinal

neurons [116], [121, p. 301], and may lead to detachment of the retina as
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TABLE 3.1: The ICDR severity scale [38] with its respective ETDRS classification levels [117], [127].

DR severity level Clinical findings

Corresponding ETDRS levels

0 no apparent DR —

Level 10 (DR absent)

Levels 35, 43, 47 (mild, moderate,

and moderately severe NPDR including
intraretinal HEs, HX, and CWSs

as well as mild to moderate VB and IRMAs)

No signs of PDR and any of the following:
(i) > 20 intraretinal HEs in each quadrant
(ii) VB in 24+ quadrants
(iii) IRMAs in 14 quadrant

Levels 61,65,71,75,81,85

Presence of NV or vitreous/preretinal HEs

(PDR, high-risk PDR, very severe

or advanced PDR)

well as irreversible blindness [122], [121, p. 303]|. Figure 3.1 shows an ex-
ample image of a retina that comprises the most important DR-associated

lesions for estimating disease progression as introduced above.

A complication of DR is the diabetic macular edema (DME). It is defined
as a blood vessel leakage (edema), which affects the macular, i.e., the retinal
area with the highest density of photoreceptors at whose center the so-called
fovea is located. Consequently, it can cause a rapid loss of visual acuity [121,
p. 305]. In general, this can manifest at any DR severity (sDR) level but

commonly emerges with the presence of more severe DR [122].

However, both advanced stages of DR and DME could remain asymp-
tomatic for a long time [23] followed by a rapid worsening of visual acuity,
which can lead to blindness due to the advanced progression of the disease
severity. This highlights the urgency to adhere to the proposed screening
routines. That is, yet showing no signs of DR, patients with DM should
be screened annually for early signs such as MAs, and monitored with a

higher frequency with the progression of the disease [116].

The guidelines proposed within the Early Treatment Diabetic Retinopa-
thy Study (ETDRS) [126], [127] are often referred to as gold standard to
classify the sDR levels . This classification scheme, however, is rather com-
plicated for use in clinical practice [38], [117]. Therefore, DR is usually
categorized according to the less complex ICDR disease severity grading
scheme [38] into five severity stages according to Table 3.1: (0) no appar-
ent retinopathy, (1) mild-, (2) moderate-, and (3) severe non-proliferative
DR (NPDR), as well as (4) proliferative DR (PDR).

Diabetic macular edema
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Probability of SB [%]

DR severity

FiGUure 3.2: Estimated prob-
ability to develop substantial
blindness (SB) after one (—) and
two years (—) for patients being
newly diagnosed with the respec-
tive DR severity and good visual
acuity according to [128].

3.2.2 Treatment

Despite being one of the most frequent reasons for loss of vision [109],
[115]-[117], [128], DR can be therapeutically treated well, i.e., delayed, and
even reversed if detected early [116]. The onset and progression of DR
typically can be prevented or delayed by minimizing the above-introduced
risk factors, particularly, by tightly managing the glycemic level and low-
ering blood pressure [116]. More severe stages can actively be treated, i.e.,
proliferation can be slowed or stopped with intravitreous injection of anti-
VEGEF. Moreover, applying panretinal laser photocoagulation to patients
with moderate NPDR or worse can prevent or reverse vascular proliferation
by reducing ischemia whereby the retina mostly remains functional [121,
p. 306]. However, there is still a lack of sufficient understanding of the
pathogenesis. Improvements in the research of the disease could further
refine treatment [115], [122] and lower the probability of blindness that
particularly increases with the DR severity [128] as shown in Figure 3.2.
This, again, emphasizes the importance of screening patients affected by
DM for early signs of DR [117] and —in context of the rising demand — to
improve access and cost efficiency of existing screening programs that cur-
rently are primarily conducted by a comparably low number of ophthalmic
specialists.

Following the proposed treatment scheme, referable DR (rDR), some-
times also referred to as more-than-mild DR (mtmDR), usually comprises
the severity stages moderate, severe, and proliferative DR (2-4). These
are the severity levels at which patients should be examined by special-
ists in order to discuss potentially required treatment options aside from
the optimization of risk factors. Vision-threatening DR (vtDR) accordingly
comprises the sDR levels severe NPDR (3) and PDR (4) that require urgent
treatment [23], [117].
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visualizing affected areas

Adding to the motivation in the introduction of this thesis, this chapter
starts giving an outline of the importance of visualizing affected areas for
a successful implementation of an Al-based DR screening system that al-
lows for human supervision, as well as the challenges and state-of-the-art
methods for implementing a lightweight but high-performance segmenta-
tion model in section 4.1. Subsequently, in section 4.2, the methodology
for the analysis of the utilized segmentation model conducted in this chap-
ter is described, followed by the results and a discussion of the findings
in section 4.3. Finally, section 4.4 summarizes the chapter’s findings and
provides an outlook on future research directions to improve upon the pro-
posed architecture for lightweight DR lesion segmentation. Parts of this
chapter have previously been published in a peer-reviewed conference pa-
per [41] first-authored by the author of this thesis, for which he conceived
and performed the methodology, experiments, and analyses, and wrote the
manuscript. The paper was prepared in collaboration with the co-author of
the publication, who provided guidance and feedback on the methodology,

experiments, and manuscript.

4.1 Motivation and related work

Based on the importance of screening diabetic patients regularly for early
signs of the disease due to the high risk of people suffering from diabetes to
evolve DR [109], [117] and the rising trend of patients suffering from DM,
DL-based diagnostic algorithms could be leveraged to detect the presence
and severity of DR. With this, general practitioners could help screening
patients with DM in rural areas where access to a specialized medical exam-
ination is limited [117] and lower the equally growing screening workload on

ophthalmologists. DL-assisted DR detection systems are of high research

[41] Siebert and Rostalski, “Perfor-
mance evaluation of lightweight convo-
lutional neural networks on retinal le-
sion segmentation” (2022)

[109] Teo et al., “Global prevalence of
diabetic retinopathy and projection of
burden through 2045” (2021)

[117] Ting et al., “Diabetic retinopa-
thy: global prevalence, major risk fac-
tors, screening practices and public
health challenges: a review” (2016)
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[11] Petersen et al., “Responsible and
regulatory conform machine learning
for medicine: a survey of challenges
and solutions” (2022)
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interest due to the excellent diagnostic performance that can be achieved
using NNs.

However, as introduced in Chapter 1 and discussed in more detail in
section 2.5, the lack of transparency impairs the trust in black-box DL al-
gorithms and the expressive power of the diagnoses. This is inconvenient
for highly safety-critical domains such as medicine, in which it is impor-
tant to understand why a prediction was made, to verify the decision, and
to prevent severe misdiagnoses. Moreover, as required for instance by the
regulatory frameworks for AI [15] and data protection [17], this kind of
transparency is not only a desirable model feature but is mandatory in the
EU for market authorization. Thus, providing insights into the decision-
making and visualizing intermediate results should be mandatory to allow
clinicians to supervise the automatic DL system and verify or challenge
the model’s prediction. In particular, highlighting retinal lesions present in
the patient’s retina and associated with the potentially vision-threatening
disease can improve the physician’s understanding of the DL system’s pre-
diction. This allows for challenging the model of whether the disease is
present and to asses how reliable the prediction is [11]. To this end, the
DL grading system can be accompanied by or ideally be built based on a
segmentation model that provides fine-grained masks of DR related lesions
in addition to the predicted DR grade.

However, a disadvantage of typically applied CNNs in the biomedical
regime is the increased computational requirement compared to regular
classification models resulting from the large spatial resolution of the inter-
mediate activation maps computed in the encoder and decoder part of the
CNN. To evade the additional high cost of high-performance computing
hardware that can run state-of-the-art DL models, developing lightweight,
mobile, edge device applicable screening systems with good performance
gains increasing attention, as the deployment of those is less expensive
and can improve usability and availability in areas with limited access to

medical care.

Therefore, this work applies and analyzes the suitability of various com-
plex instances of the U2-Net [39] for the task of DR related lesion segmen-
tation by evaluating its predictive and computational performance regard-
ing a possible future edge device implementation. The U2-Net is a recent
extension to the famous U-Net [40], which is known to achieve high per-

formance for segmenting biomedical images. According to the authors, the
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U2-Net shows state-of-the-art performance for salient object detection when
trained from scratch, while being designed to maintain low memory cost
and keep input image resolution high. Hence, the U?-Net promises to be
a good baseline for building a high-performant, lightweight segmentation
model that could be applied to edge devices, and —due to rooting back
to the original U-Net — bears the potential to generalize well on medical
image data, particularly for the task of lesion segmentation. In detail, by
applying mobile application-optimized convolutions, i.e., DC [129], varying
the network capacity as well as evaluating the impact of multi-task and en-
semble learning, the objective of this chapter is to assess and evaluate (a)
the suitability of the U%-Net to the task of biomedical image segmentation,
(b) the segmentation performance when training the U2-Net on small data
from scratch, (c) the benefit of single-, dual-, and multi-task training, and
(d) the segmentation accuracy and computational load of the differently
complex instances of the model and, hence, the suitability of the architec-
ture for edge device implementation. To this end, the performance of the
baseline U-Net is compared to the U?-Net and state-of-the-art results in the
literature on the one hand. On the other hand, the various computation-
ally complex models proposed in this work and deployed in differing task
settings are benchmarked to find a good trade-off between computational

cost and the segmentation performance regarding the retinal lesions.

4.1.1 Related work

With the rising performance of deep learning algorithms over the last two
decades, developing artificial intelligence-based automatic medical diagnos-
tic algorithms gained tremendous research interest. This applies to the task
of DR detection as well, leading to the first algorithm being approved for
use in clinical care [10]. In addition to that, also mobile DR detection sys-
tems [130] using lightweight neural networks such as the MobileNetV2 [131]

are brought into research focus.

As introduced in section 2.4, deep learning algorithms are not guaran-
teed to generalize to real-world application data despite their excellent
performance and their black-box character does in general not allow the
stakeholders to understand the model’s reasoning. Therefore, some re-
cently proposed studies exploit saliency methods to highlight areas in the
retinal fundus that contributed to the model’s prediction the most [130],

[129] Howard et al., “MobileNets: effi-
cient convolutional neural networks for
mobile vision applications” (2017)

[10] Abramoff et al., “Improved auto-
mated detection of diabetic retinopa-
thy on a publicly available dataset
through integration of deep learning”
(2016)

[130] Natarajan et al., “Diagnostic ac-
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retinopathy screening with an of-
fline artificial intelligence system on a
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[131] Sheikh and Qidwai, “Using Mo-
bileNetV2 to classify the severity of di-
abetic retinopathy” (2020)
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[132]-[135]. Other studies leverage lesion-attentive approaches to guide the
disease severity grading and detection [136]-[138] or derive the prediction
based on the detected DR related lesions [10], [30], [35]. As will be dis-
cussed in more detail in section 6.4, computing precise segmentation masks
of lesion-specific pathologic areas in the retina could give further insights
and, as a result, improve classification. This, however, is a highly demand-
ing task due to the lack of a sufficient amount of annotated data as well as
the lesions being commonly very small and also sometimes poorly distin-

guishable from noise and other retinal structures and lesions.

To circumvent the problem of data availability for DR lesion segmenta-
tion tasks, semi- or weakly-supervised as well as adversarial training strate-
gies can be used to leverage information of image-level graded datasets [138],
[139] such as EyePACS [140] or Messidor [141]. Particularly, Playout et
al. [139] propose to train a U-Net for red and bright lesion segmentation in
a regular supervised manner but with an additional binary classifier added
at the model’s bottleneck that is trained to detect if any lesion is present
in the image. By interpreting images with a DR severity score greater than
0 to have at least a single lesion, they exploit the large number of images
contained in the EyePACS dataset using weak supervision for model train-
ing. Moreover, Zhou et al. [138] propose a semi-supervised, adversarial
training strategy that exploits both pixel- and image-level annotated data
to improve both DR-related multi-lesion segmentation and DR grading.
To this end, they use a complex model pipeline including a U-Net, which
uses efficient Xception [142] blocks, i.e., DC that are bypassed by a resid-
ual connection including a 1 x 1 convolution. To explicitly account for an
edge device suitable segmentation, Guo et al. [143] propose the LWENet
architecture with about 1.9 M parameters only comprising little downsam-
pling and, instead, using inception-inspired [144] multi-scale convolutional
modules for lightweight HXs segmentation. The model was trained in a
two-stage training procedure that exploits image level DR grades to pre-
train the feature extractor of the segmentation model and is running at
approximately 11.1 fps for an input image size of (1440 x 960) pixels on an
Nvidia GTX 1080Ti.

Accounting for the small lesion size of, for example, MA and HXs, high-
resolution input images and multi-scale approaches can boost segmentation
performance by fusing important information from local and global image
features into the model’s prediction [145]-[147]. In detail, Guo et al. [147]
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propose the L-Seg model based on a pretrained [61] backbone to perform
multi-lesion segmentation that exploits fusing multi-scale features from dif-
ferent stages of the VGG16 to keep the high-resolution information of the
(1440 x 960)-sized input image to produce fine-grained segmentation maps.
Moreover, Yan et al. [145] propose a Dual-U-Net architecture fusing the
multi-scale information of a local and global U-Net, processing both high-
resolution image patches and the complete downscaled image in parallel to
prevent the loss of important information and boosting the segmentation
performance of small lesions. Similarly, Sarhan et al. [146] exploit multiple
NNs working on different scales to increase the model’s receptive field while
simultaneously retaining the full image resolution. For the final MA lesion

prediction, they fuse the segmentation maps of these models.

4.2 Methods

In the following section, firstly the utilized study data and applied prepro-
cessing will be introduced in sections 4.2.1 and 4.2.2. Subsequently, details
on the U2-Net architecture, its implementation, and the conducted model
scaling will be provided in sections 4.2.3 to 4.2.5. Finally, the experimental
setup, i.e., the training and evaluation protocol deployed to analyze the
UZ2-Net architecture for the task of DR lesion segmentation (sections 4.2.6
and 4.2.7), will be described.

4.2.1 Study data

For training, the publicly available IDRiD [34] is used in this chapter.b
Besides containing 516 high-resolution retinal fundus images with anno-
tations for sDR grading, the dataset comprises 81 retinal fundus images
accompanied with fine-grained segmentation masks of the — particularly
in early stages— most important biomarkers for detection of DR, i.e., mi-
croaneurysms (MAs), haemorrhages (HEs), hard exudates (HXs), as well
as cotton wool spots (CWSs). All image samples x € X’ and their corre-
sponding lesion masks s € S were included within this subset of the IDRiD
dataset upon consensus of the reviewers. Adding to the lesions masks,
pixel-level annotations of the optic disc (OD), as well as center coordinates
of the latter and the fovea are additionally included for all images of the
segmentation subset. The dataset is published with a predefined train-

ing/testing split with 54/27 images, which will be adhered to within the

[61] Simonyan and Zisserman, “Very
deep convolutional networks for large-
scale image recognition” (2015)

[34] Porwal et al., “Indian diabetic
retinopathy image dataset (IDRiD):
a database for diabetic retinopathy
screening research” (2018)

6The data is publically available and
was hosted in the context of the Di-
abetic Retinopathy Segmentation and
Grading Challenge at the IEEE In-
ternational Symposium on Biomedical
Imaging (ISBI-2018) workshop. http
s://idrid.grand-challenge.org/
(Last accessed: 11/14/2023)
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FIGURE 4.1: Distribution of (a)
the retinal images that contain
the respective lesions and (b) of
the foreground pixels for each
class in the training (@) and test
(D) data of the IDRID dataset.

U-Net for biomedical image
segmentation

following experiment. The distribution of the total available lesions for the
training and testing data set as well as the percentage of the foreground
pixels per lesion are shown in Figure 4.1. 20% of the training data are
randomly selected as validation data at the start of each training run to
track the training performance and conduct model selection. This results

in a total number of 43 images used for model training.

4.2.2 Image preprocessing and augmentation

The applied image preprocessing comprises cropping the images to the visi-
ble retinal disc with a semi-automatic algorithm using binary thresholding,
resizing the images to (512 x 512) pixels, and applying contrast limited
histogram equalization (CLAHE). To this end, the input images are firstly
converted to the HSV color space and afterwards, the CLAHE operation
is applied to the value channel to equally enhance the contrast of all im-
age color channels. Examples of the contrast-enhanced images from the
IDRiD dataset with their corresponding lesions are provided in Figure 4.2.
After converting the images back into RGB color space, the images are
standardized to have zero mean and unit variance.

As the training dataset only comprises 43 images in total, strong data
augmentation is applied at training time to the input images to artificially
enlarge the available training data and reduce model overfitting. In detail,
the images of each minibatch are augmented online by random affine trans-
formations, i.e., random image rotation with +£90°, scaling by +40 %, and
translation by +10 % w.r.t. the maximum image width I,, and height I} as
well as horizontal and vertical flipping both with probability p = 0.5.

4.2.3 Image segmentation models

To combine both high segmentation performance and low computational
cost while training on a small medical image dataset from scratch, this
work implements the U?-Net with different model capacities and analyzes
its suitability for DR lesion segmentation w.r.t. edge device implementation.
As a reference model, the U-Net is used as baseline architecture.

As introduced in section 2.3.4 and depicted in Figure 2.17, the latter is an
encoder-decoder-shaped fully convolutional network explicitly designed for
biomedical image segmentation on a small amount of data [40]. The encoder

is built to extract meaningful features using blocks that sequentially apply
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Input

Target

FIGURE 4.2: Exmples of the preprocessed images of the IDRIiD [34] dataset in the first row with corresponding

segmented lesions MAs (o), HEs (@), HXs (@), CWSs (@) in the second row.

a convolution layer followed by the nonlinear ReLLU activation while scaling
down the input image resolution using max-pooling operations. Thereby,
the feature depth is doubled at each downsampling stage to increase the
receptive field of the model. Mirroring the encoder structure, the decoder
reconstructs fine-grained segmentation masks from the learned latent en-
coding by using skip connections to exploit high-resolution features from
the intermediate layers in the encoder. This enables the U-Net to use both
global and local features to produce high-resolution and precise segmen-
tation masks in a single forward pass of the network requiring only a few
images, which is beneficial for the task of biomedical image segmentation

where data is usually scarce [40].

Adopting the encoder-decoder structure with the intermediate skip con-
nections, Qin et al. [39] propose the U?-Net, displayed in Figure 4.3a, that
makes use of a nested U-Net structure, which is referred to as residual
U-block (RSU) as depicted in Figure 4.3b. The core concept of these U-
shaped blocks is to extract rich multi-scale features already at early layers
while retaining the high resolution of the input activation maps leading
to an increased model depth and, hence, capacity, which Qin et al. ob-
served to outperform the vanilla U-Net. Thereby, the computational cost
of the RSU block better scales with the block’s feature depth compared to

other frequently adapted convolutional modules, i.e., residual-, dense-, or

U2-Net — a nested U-Net
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(a) U%-Net (b) RSU-X

FIGURE 4.3: Schematic diagram of the U2-Net architecture. Legend: RSU-X (M), Conv(3 x 3)+BN+ReLU (1), dilated
Conv(3 x 3)+BN+ReLU (#), Conv(1 x 1) (W), Conv(1l x 1)+sigmoid (d), max-pooling (=), upsampling (-+), copy (=),

concatenation (®), addition ().

"Please note that images will hence-
forth be denoted as a vector (x). That
is, in contrast to the correct notation
for images as a 3d-tensor (X) as intro-
duced section 2.3.4 the dimensions cor-
responding to the image’s spatial reso-
lution are neglected for notational con-
venience.

inception-inspired blocks, while performing similarly or better [39]. Hence,
despite significantly increasing the total number of model parameters, the
deployment of the nested RSU blocks only slightly increases inference time
and memory consumption while reducing the computational costs in terms
of multiply-accumulates (MACs) operations compared to the vanilla U-Net

as will be shown in section 4.2.5.

To further improve model performance, Qin et al. designed the U?-Net
to predict a set of multi-scale features that are aggregated by linear (1 x 1)
convolutions to first predict global and local saliency maps and finally the
final segmentation masks. That is, the encoder-decoder backbone of the
U2-Net learns a function h : X — Z that maps the input images x € X
to a number of latent multi-scale features z € Z.” Second, the saliency
maps § € S and the lesions segmentation masks s € § are derived by the
shallow mapping function fg5 : Z2 — S — S. To derive the saliency maps,
additional deep supervision (L1, ..., L) is applied to the side outputs of
each resolution stage within the decoder while scaling the side outputs to

the target mask’s resolution beforehand. As a result, the Qin et al. claim a
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good predictive performance with using the U%-Net preserving fine-grained
structures, enabling training on small data from scratch, and alleviating
the design of lightweight, mobile architectures due to the independence of
large pretrained backbones and the comparably small computational load.
With this, they also show the U2-Net to outperform sequentially cascaded
U-Nets, such as the stacked hourglass network [148], which follow a similar
idea, i.e., allowing the model to fuse global and local feature information

to improve model performance.

4.2.4 Model implementation

For the following analysis, all models are implemented and trained using
the PyTorch [149] framework.

In this work, the baseline model is adapted according to the U-Net ar-
chitecture [40] comprising five resolution stages with 64-, 128-, 256-, 512-,
and 1024-dimensional feature depth, respectively. Thereby, BN layers are
added to each convolutional layer prior to applying the nonlinear activation.
Moreover, all convolutional layers are implemented to use zero-padding in
order to maintain the input resolution throughout the model, i.e., so that
the output matches the input resolution.

The two U2-Net variants as introduced by Qin et al. are implemented
without changes, which are herein referred to as U?-Net-O and U?-Net-M.
Both networks apply five consecutive RSU blocks with subsequent max-
pooling operations in the encoder as well as an additional RSU block at
the model’s bottleneck. The two networks only differ in the number of
features and, hence, model size and capacity.

In addition, the U2-Net’s feature depth is further scaled down by re-
ducing the RSU block’s number of features by 50 % and 75% w.r.t. the
U2-Net-M. The two resulting lightweight model instances will in the fol-
lowing be referred to as U2-Net-S and U?-Net-XS. A detailed description
of the model parameterization is given in Table 4.1.

Moreover, in addition to each U2-Net variant, a model that exploits DC
is implemented. This specific convolutional layer factorizes a regular con-
volution into two sequential operations, i.e., a depth- and a point-wise
convolution. While the former processes the input spatially, i.e., applies
a single filter for each channel or a group of channels, the latter uses a

1 x 1 convolution to expand or reduce the channel depth of the depth-wise

[148] Newell et al., “Stacked hourglass
networks for human pose estimation”
(2016)

[149] Paszke et al., “PyTorch: an im-
perative style, high-performance deep
learning library” (2019)

U-Net — implementation

U2-Net — implementation

UZ2-Net —depth scaling

U2-Net — depthwise separable
convolution
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TABLE 4.1: Setup of the differently scaled U2-Nets. The first and second column displays the number of input
and middle feature channels of each RSU block (e;,4 = 1,...,6) in the encoder, respectively. The decoder modules
(di,i €1,...,ds) are adapted so that the number of features in the RSU module of the decoder d; equals that of the
encoder e; for i € 2,...,5 and the third column denotes the output features for RSU-d;. The fourth column displays
the number of downscaling operations applied in each RSU block, where the * indicates that dilated convolutions are
used as replacement for consecutive convolution+pooling layers operations in the respective RSU blocks.

Cj Cmid Cout RSU depth
Model el ey ez €4 es €6 el ey ez ey es eg dy el ez ez e4 es eg
UZ2-Net-O 3 64 128 256 512 512 16 32 64 128 256 256 64 7 6 5 4 4* 4*
U2-Net-M 3 64 64 64 64 64 16 16 16 16 16 16 64 7 6 5 4 4% 4%
UZ2-Net-S 3 32 32 32 32 32 8 8 8 8 8 8 32 7 6 5 4 4% 4%
U2-Net-XS 3 16 16 16 16 16 4 4 4 4 4 4 16 7 6 5 4 4* 4%

multi-task learning

[32] Bishop and Bishop, Deep Learn-
ing: Foundations and Concepts (2024)

convolution. This lowers the number of parameters, memory footprint,
and required MAC operations significantly while retaining a large quan-
tity of the convolutional capacity compared to regular convolutional layers.
Hence, DCs are frequently used, e.g., in the MobileNet [129] and its subse-
quent versions, to reduce the computational cost of the model architecture
and enable edge device application while keeping high performance. To
evaluate if this sparse convolution can be beneficial for further reduction of
the U%-Net’s computational load while maintaining sufficient performance,
every convolution within the differently sized models is interchanged with
a DC, except for each RSU block’s first and the final U2-Net’s output con-
volution. These models will subsequently be referred to as U?-Net-O-DC,
U2-Net-DC-M, U2-Net-DC-S, and U%-Net-DC-XS.

Although one might assume that single-task (ST) segmentation outper-
forms multi-task (MT) optimization as each model could specialize to a
single lesion and multi-task learning might pose a more complex optimiza-
tion problem, the presence of the DR lesions is not independent. Therefore,
multi-task training could potentially boost the segmentation performance
if the model has enough capacity to capture all necessary features for all
four segmentation tasks simultaneously [32, p. 255]. Moreover, performing
multi-task lesion segmentation can help to further decrease memory and
computational cost. Hence, to analyze the potential benefit of multi-task
learning and whether the hard parameter sharing between the individual
tasks impairs model performance, multi-lesion segmentation models based
on the regular U2-Net variants are set up in addition to the single-task
model instances that are trained to segment all four available lesions in the
IDRiD dataset, i.e., MAs, HEs, HXs, and CWSs. Adding to the multi-task
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Model Frame rate MACs Parameters Model size (fp32) GPU-RAM
DC [fps] [G] [M] [MB] [MB]
U-Net - 33.81 (0.32) 218.95 31.04 124.17 586.94
U2-Net-O - 33.27 (0.18) 141.53 43.87 175.48 798.34
o v _4269(028) 8063 _ 17.66 _ _ _ _ - 7065 _ _ _ _ 692.76
- 62.50 (0.82) 51.01 1.13 4.52 579.36
2_ -
U/ eseso2n) sz o 268 650
U2-Net-S - 62.69 (0.18) 13.03 0.29 1.14 289.80
R v _6387(072) 872 _ 018 070 290.48 _
61.71 (0.13)  3.39 0.07 0.29 147.45
2_ -
U-Net-XS 64.44 (0.23) 2.41 0.05 0.20 147.43

setup, also dual-task (DT) training will be examined, i.e., the models are
optimized to either segment the tuple of MAs and HEs or HXs and CWSs
simultaneously, which might ease model optimization but retains the impor-
tant dependency between each of the two similar appearing lesions. With
this, inference time and the overall number of model parameters as well as
the computational cost for model training can be significantly reduced by

half and a quarter, respectively, when compared to using four individual
CNNs in parallel.

4.2.5 Computational complexity of the implemented models

In Table 4.2, the different single-task model architectures are compared
to each other w.r.t. their computational demands at inference time. To
assess the viability of the networks for potential mobile implementation, a
series of metrics have been employed. These include the frames per second
(fps) measured during inference, as well as the computational complexity
expressed as the number of MAC operations, the number of parameters, the
network storage size for a single-precision model, and the RAM allocated on
the GPU by PyTorch during inference are reported. The required number of
MAC operations of the models is approximated using the toolbox thop [150].
Thereby, the computational cost of the dual- and multi-task models nearly
equals that of a single model in single-task-configuration, introducing only
a marginal computational overhead as only the final convolutional layers
are affected by changing the number of output classes. Note, however, that
using multiple single-task or dual-task models in parallel to segment all

four lesions is quadrupling or doubling the reported computational cost,

TABLE 4.2: Overview of the
computational complexity of the
implemented single-task net-
works at inference running on a
GeForce RTX 3090 (24 GB) with
an AMD Epyc 7413 (128 GB)
using PyTorch (v1.8.0) and a
randomly sampled input image
of size (3 x 512 x 512) for 500
iterations. The median and
interquartile range (IQR) are
given for the measured frame
rate.

[150] Zhu, “Lykenl7 / pytorch-
OpCounter” (2022)
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[151] Tan and Le, “EfficientNet: re-
thinking model scaling for convolu-
tional neural networks” (2019)

general training hyperparameters

respectively, and either the runtime or the memory consumption compared
to using a single multi-task model.

Considering for instance an Nvidia Jetson Nano, i.e., a very power-
efficient and lightweight microcomputer paving the integration of Al to
edge devices with 4 GB of shared CPU and GPU memory, an ensemble of
three U2-Net-XS models in single-task mode (~1.78 GB) or U2-Net-S mod-
els in dual-task mode (~1.74 GB) are expected to seamlessly run on such a
device, provided that the individual model instances are executed in paral-
lel. In contrast, the larger model variants potentially exceed the available
memory considering that some memory will be reserved by the OS and the
required code libraries. Moreover, the computational complexity of a sin-
gle U%-Net-XS model is comparable to that of the EfficientNet-B0 [151], a
state-of-the-art CNN classifier designed for mobile application. That is, the
U2-Net-XS requires less MAC operations (2.41 GMACs vs. 2.16 GMACs)
and has a lower memory usage (147.45MB vs. 182.64 MB) although com-
prising a dedicated decoder for deploying both models with the identical

input resolution.

4.2.6 Training protocol

To analyze the performance of all the U2-Net variants for the DR-related
lesion segmentation in comparison to the baseline U-Net, each of the above-
described models is trained ten times on the IDRiD dataset without pre-
training. The training was conducted on an Nvidia Tesla-V100/A100 (32/-
40 GB) along with an Intel(R) Xeon(R) Platinum 8168 CPU over 400
epochs. A single training interation takes about 1.5h per model in single-
task mode for the regular U2-Net-O and about 1h for the small U?-Net-XS.
For model optimization, Adam is used with a learning rate of be—4, L.2-
norm regularization of le—4 and a plateau scheduler with a factor of 0.75
and patience of 15 epochs. In the case of dual- and multi-task training,
each class is treated as a separate task, i.e., the loss is computed on the
channel-wise sigmoid-activated model output instead of correlating the out-
put across the lesions using softmax activation. This was observed to yield
better results within preliminary experiments. Furthermore, the number
of epochs and the patience of the scheduler are increased to 600 and 800 as
well as 30 and 50 for dual- and multi-task training respectively, to ensure

model convergence.
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The class distribution of the fore- and background classes is heavily im-
balanced, which would have to be accounted for. That is, the number of
background pixels severely exceeds that of the foreground pixels across the
lesions. Moreover, the distribution of the foreground class differs between
the classes, i.e., small and less frequent (or even often absent) lesions such
as MAs and CWSs make up less volume compared to larger and more fre-
quent lesions. Given these imbalances, the error function has to be designed
with great care to ensure that the model pays equal attention to all lesions,

and does not simply predict that every pixel is part of the background.

To this end, a weighted fusion of the Dice loss £p and the focal binary
cross-entropy (fBCE) [152] Lipcr is applied to the predicted segmentation
mask s, = p(s. = 1| x,0) over the current minibatch according to

1 C
Ly(58)= 52 (o Limom (8er8e,7) + (1= a) - £ (8e,se) ) - (4.1)

C
with the target §. for c-th class, and @, being a weighting factor only
active during dual- and multi-task training, boosting the learning of under-
represented classes with low volume in the current minibatch. In detail,
the weight is computed as W, = we/ Y yco W With we = Nig /Mg and
Nfg, Nhg denoting the number of fore- and background pixels in the current
target mask §. Thereby, w,. is set to zero in case a class is absent through-
out the minibatch, i.e., ng; = 0, to prevent the model from degrading to
constantly predict empty masks, which mainly affects CWS segmentation

as this lesion is only present in about half the images of the IDRiD dataset.

To enable deep supervision of the model, the error function according to
(4.1) is applied to the saliency maps § € S of the U2-Net at every depth layer
of the network, i.e., to the outputs of Side-n withn € {1, ..., H}, in addition
to the final model output s € S (Side-0). Following the implementation by
[39], the total loss applied to the loss is computed as

applying equal weights to the loss of each side output and the final model
output.

loss function

[152] Lin et al., “Focal loss for dense
object detection” (2017)

deep supervision
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focal binary cross-entropy

Dice loss

[153] Ma et al., “Loss odyssey in med-
ical image segmentation” (2021)

[154] Sudre et al., “Generalised dice
overlap as a deep learning loss function
for highly unbalanced segmentations”
(2017)

For using the fBCE, the regular BCE as introduced in (2.11) has to be
adopted to

1 B Iy I,

EfBCE(§C7 507 7) = _BIhI ZZ Z§<(]‘ - SC)/Y lOg(SC)
Wp o how

+8¢s/log(1 —s¢) (4.3)

for the minibatch comprising B samples and with { = ¢, b, h,w. Thereby,
the newly introduced scaling factor ~ forces the model to concentrate on
more difficult cases and improves the robustness of the loss to the class
imbalance between fore- and background pixels [152]. With setting v = 0
the fBCE reverts to the regular BCE. In contrast, the loss can be tuned to
be less sensitive to the large proportion of easy-to-classify background (or
foreground) pixels by setting v > 0, as the weight for the loss of a specific
pixel in the predicted segmentation map s. becomes smaller the closer the
predicted value for that pixel is to zero (or to one). In this work, the fBCE

was used with v = 1.

Analogously, the Dice loss is chosen in addition to the fBCE as it is inher-
ently robust to class imbalances between fore- and background pixels [153]
and is more indicative to the main target metrics, which will be applied
to measure model performance for segmentation tasks as described in sec-
tion 4.2.7. The Dice loss can be derived from the Dice similiarty coefficient
(DSC)

28, N 2TP
DSC(5,, ) = 28N sel _

= = 4.4
S¢| + [s¢] 2TP +FP +FN (44)

that is measuring the overlap of the predicted and target segmentation
masks with the number of true positive (TP), false positive (FP), and false
negative (FN) predicted pixels in the minibatch output s. and | - | counts
the elements in its input that exceed a predefined threshold [154]. Note
that the DSC is independent of the true negative (TN) predicted pixels
that in medical image segmentation tasks make up the largest fraction of
pixels. Hence, the score is insensitive to such an imbalance between the fore-
and background pixels. By using the dot product (-,-) operator instead of
computing |S. N's.|, |S¢|, and |s.|, a differentiable soft DSC score [154] can
be dervied, i.e.
2(8¢,Sc) + €

DSOS = F 5 + oo T o
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with € being introduced to prevent numerical instabilities. With this, the

Dice loss is given by
Lp(8e,8:) =1 —sDSC(8e, S¢)- (4.6)

Note that 8, and s, are the target and predicted segmentation masks over
the complete minibatch, i.e., the loss is computed for the whole mini-
batch —in contrast to the fBCE score that computes the loss at pixel-level.
However, both the DSC and Dice loss are sensitive to the total number of
foreground pixels. That is, if only a few pixels belong to the foreground
class, missing some of these causes a massive decrease in the observed
DSC, which can lead to a noisy error and unreliable convergence. Since the
Dice loss furthermore encourages overconfident and uncalibrated predic-
tions [155], the balancing parameter between the two loss terms was chosen
as a = 0.75, prioritizing the fBCE to smooth the Dice loss and calibrate
the predicted segmentation masks. This was observed in a set of manual

experiments to yield a good tradeoff within preliminary experiments.

4.2.7 Validation protocol

The model with the best validation DSC score computed with a fixed
threshold of 0.5 was chosen for the final model evaluation. At test time,
the performance of the predicted segmentation masks is measured in terms
of area under the precision-recall curve (AUPRC), DSC, and Hausdorf-
distance (HD) between predicted and target masks.

Thereby, precision (P) and recall (R) are defined as P = TP /(TP + FP)
and R = TP/(TP + FN) [32, p. 148]. That is, a high precision and re-
call indicate a low number false positives (FPs) and false negatives (FNs)
in the predicted segmentation mask, respectively. Similar to the DSC,
the AUPRC does not rely on the number of true negative predictions,
which renders the metric—in contrast to the area under the receiver-
operating-characteristic (AUROC) score— less susceptible to data imbal-
ances in which the number of background pixels strongly outweighs that of
the foreground class. As the harmonic mean of precision and recall — that
is often also referred to as F1-Score—equals the DSC, it can be directly
derived from the precision-recall curve. Hence, within the analysis of this

chapter, the thresholds for mask binarization are derived from the lesion-

[155] Mehrtash et al., “Confidence cal-
ibration and predictive uncertainty es-
timation for deep medical image seg-
mentation” (2020)

area under the precision-recall
curve
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Hausdorff-distance

[156] Yeung et al., “Unified focal loss:
generalising dice and cross entropy-
based losses to handle class imbalanced
medical image segmentation” (2022)

[157] Hausdorff, Grundziige der Men-
genlehre (1914)

[158] Huttenlocher et al., “Comparing
images using the hausdorff distance”
(1993)

Shttps://github.com/deepmind/
surface-distance (last accessed:
01/23/2022)

deep ensembles

specific AUPRC test score to maximize the harmonic mean of both precision
and recall for each class individually.

Due to the sensitivity of the DSC and, hence, the AUPRC to single-
pixel-level changes in the case of only a few foreground pixels being present,
the HD is computed as an additional metric. This, in contrast, measures
the distances between the contours of the predicted and target regions
belonging to the foreground class [156] and, hence, is less susceptible to a
mismatch of a few pixels w.r.t. to the exact lesion boundaries. In detail,
the HD is defined as [157, pp. 290-293], [15§]

HD(C, ') = max (6(C,C"),d8(C, C)) (4.7)
AN . o
9(C,C') = max min e — |2, (4.8)

where C and C’ are sets comprising the coordinates of the lesion border
pixels for the predicted and target segmentation mask. In this work, the
distance is computed using the surface-distance toolbox provided by Deep-
Mind® that in contrast to (4.8) computes a robust variant of the HD, i.e.,
it estimates the 95 % percentile of the distances between the surfaces of the
predicted and target lesion segmentations based on the covered total fore-
ground area. As the HD is undefined if either one or both the prediction
and target masks are empty, the surface distance is in this work set to the
maximum possible distance between both masks, i.e., the image diagonal,
when no lesion is present but the network’s prediction is not empty and
vice versa. This only affects the CWS segmentation as the other lesions
are present in every image of the test set.

Additionally, the effect of model ensembling on the tradeoff between
predictive performance and computational complexity for every but the
largest U2-Net is evaluated. To build the DEs— that will be referred to
as U2-Net-MT, U2-Net-Sf, and U2-Net-XST — the outputs of the top three
performing models based on the AUPRC score are averaged and evaluated

according to the above validation scheme.

4.3 Results and Discussion

In the following section 4.3.1 first the results for the regular U%-Net will be
provided and discussed, followed by the analysis of the benefit introduced
by using DCs in section 4.3.2. A detailed evaluation of the effect of dual-


https://github.com/deepmind/surface-distance
https://github.com/deepmind/surface-distance
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Model MA HE HX CWS AUPRC
DC gy, IQR s IQR i 1QR pyy IQR
__UNet_ - 358 (1.3) 540 (45)_ _75.2 (5.8)  66.0 (2.2) = _57.8_
CNet.o - 343 (29) 622 (33) 782 (114) 735 (28) 621
e ___ vo_ 345 (22) 642 (29) 721 (11.9) 707 (L.9) = 604_
VPNt - 356 (18) 648 (L7) 80.3 (69) 7L5 (37)  63.0
e __ v _35.0_(21)_ 625 (39)_ 707 (87) _ 722 (6.3) 601
U2Net.s - 349 (24) 629 (23) 754 (9.9) 682 (86) 604
e __ v _336_(7)_ 576 _(34)_ 779 (42) 660 (5.8) 588
U2Net.xs - 325 (15) 565 (3.9) T80 (88) 612 (10.7) 571
v 245 (16.4) 494 (22.3) 711 (13.7) 589 (127) 510

and multi-task training on the performance will be given in section 4.3.3.
Finally, in section 4.3.4, the results will be compared to the related litera-

ture.

4.3.1 Performance analysis of the U%-Net

The results of the analysis w.r.t. the U?-Net feature depth scaling and the
DC-based model variants are presented in Table 4.3, showing the lesion-
specific as well as overall average median AUPRC score.

Having significantly more parameters and an additional depth layer com-
pared to the U-Net, the U?-Net-O is expectedly observed to outperform the
U-Net on the lesion segmentation task by a relative performance gain of
7.4% w.r.t. the average AUPRC score across all four lesions. Thereby,
the most improvement is observed for the HE (15.2%) and CWS (11.4 %)
segmentation, while the HX segmentation is only slightly better (4.0%).
Conversely, the median MA segmentation performance is observed to be
slightly worse compared to the U-Net (—4.2%). However, despite the raw
increase of model parameters by about 41.3 %, the U2-Net-O saves about
35.4% of multiply-accumulates (MACs) and, hence, retains nearly identi-
cal inference runtime, which highlights the high computational efficiency of
the U%-Net’s architectural design.

Notably, despite the reduced model size and capacity, the U?-Net-M
overall outperforms the U2-Net-O by a relative performance increase of
about 1.4% w.r.t. the average AUPRC. As a result, the U2-Net-M is ob-
served to be on par with the regular U-Net concerning the MA segmen-
tation. However, the CWS segmentation performance is observed to be
not as good as for the U2-Net-O. Expectedly, further downscaling of the
U2-Net’s feature depth, i.e., using the U?-Net-S and U2-Net-XS, is over-

all observed to decrease the AUPRC performance. However, the average

TABLE 4.3: Test results on the
IDRIiD dataset for the differently
scaled U2-Net models and their
corresponding DC-based model
architectures given as median
(1;) AUPRC [%] across the
individual training runs per le-
sion with the IQR enclosed in
brackets and the overall average
median AUPRC (AUPRC) [%)]
across all four lesions.

U2-Net-O vs. U-Net

scaled U2-Nets
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per-trial results

AUPRC of the U?-Net-XS is only marginally inferior compared to the reg-
ular U-Net (—1.2%). Thereby, the size of the model architecture is reduced
from 31.04 M to 0.07 M parameters, the computational complexity w.r.t. the
MAC operations decreased by about 98.5 %, and the frame rate increased
by a factor of approximately 1.8. Moreover, the U2-Net-S is observed to
achieve a relative performance increase by about 4.5 % over the U-Net while
still reducing the required number of MAC operations by about 94 % and
only comprising < 1% of the U-Net’s parameters.

The top row in Figure 4.4 shows the corresponding boxplots to the re-
sults of the observed AUPRC performance per lesion and trial according to
Table 4.3 as well as for the Dice similiarty coefficient (DSC) and Hausdorft-
distance (HD). From these, it becomes apparent that the low performance
of the U2-Net-O compared to that of the U2-Net-M mainly originates from
a reduced HE segmentation performance and a high spread of the HX seg-
mentation quality. This decrease in the AUPRC and DSC performance
of the U%-Net-O is, however, not visible in the observed HD performance,
suggesting that the U2-Net-O rather fails to precisely capture the exact
lesion boundaries but still correctly detects the presence of the HEs as well
as the U%-Net-M. Similarly, the AUPRC and DSC performance for the HX
segmentation show a high variation that is not visible for the measured
HD and, in contrast, even shows increasingly good performance for the
HX segmentation quality with growing U2-Net model capacity. The oppo-
site is, in contrast, observed for the CWS segmentation, i.e., the AUPRC
and DSC scores approximately remain high with using the more capacitive
model variants. This is presumably related to the lesion’s appearance, i.e.,
CWS are rather large, whitish homogenous areas of the lesion, and small
pixel variations might have a smaller effect on the overall AUPRC and DSC
performance. Conversely, the HD is very high and shows a wide spread —
presumably being caused by the strong penalty when no lesion is present

and the model predicts the of a CWS or vice versa.

Regarding the overall minimum HD achieved when comparing the differ-
ent lesions across all model variants, the HX segmentation performs best
(< 35px), followed by the MA (< 95px), HE (< 130px), and, finally, the
CWS (< 195 px) segmentation performance, showing that the former are
detected best on instance level, whereas more false positives or negatives
occur for the other lesions. This opposes the AUPRC performance observed

for the MA and HE segmentation, which shows the latter to outperform
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FIGURE 4.4: Boxplots of the AUPRC, DSC, and HD performance of the scaled U?-Nets and their respective versions
using depthwise separable convolution (marked by *) over ten training runs for each lesion. Sorted by model size in
ascending order from left to right.

the former. These results underline the high sensitivity of the AUPRC and
DSC score to small pixel-level variations, which conversely do not affect the
lesion detection performance on the instance-level that is better captured
by the HD. Evaluating the detection performance on the instance level, i.e.,
the sensitivity and specificity for each lesion, in more detail would be of

great interest for future work.

Interestingly, the findings for the MA segmentation performance show
the smallest deviation across all applied metrics despite the very small
lesion size showing a great consensus across the individual trials and reg-

ular U%-Net variants. That is, the segmentation of MAs does not benefit
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effect of depthwise separable
convolutions on cost

performance U?-Net-DC

[159] Tan and Le, “EfficientNetV2:
smaller models and faster training”
(2021)

as much from the increased model capacity, which results in the median
AUPRC of the U?-Net-XS being only moderately lower than that of the
U2-Net-O (—5.2 %) in contrast to the CWS segmentation performance that
is significantly stronger impaired (—16.7 %).

4.3.2 Performance analysis of the U2-Net-DC

Recalling Table 4.2, the decrease of the computational cost introduced by
using DCs has the greatest benefit for the larger model variants, particu-
larly for the original sized U?-Net-O, and significantly diminishes for the
smaller models. This is consistent with the fact that decoupling of depth-
and spatial- convolutions by using depthwise separable convolutions has
a greater effect on convolutions with large feature depths. Exemplarily,
using DC only marginally decreases the model size as well as the required
MAC operations and even increases the inference frame rate comparing the
U2-Net-XS to U2-Net-DC-XS.

As observable from the findings presented in Table 4.3, the performance
of the DC-based U?-Nets is— based on the reduced model expressiveness —
slightly worse compared to their respective U2-Net variants that make use
of regular, full-capacity convolutions. Moreover, solely the U2-Net-DC-S
outperforms the next smaller, regular U2-Net variant, i.e., the U2-Net-XS.
Moreover, the U2-Net-DC-XS fails to provide a reliable segmentation per-
formance exhibiting a high spread across the individual trials throughout
the applied metrics as visible from Figure 4.4 —most predominantly for
MA and HE segmentation. This could be related to a borderline sufficient
model capacity that renders capturing essential features required for the
segmentation task difficult. However, a few trials converged well leading to
a considerable segmentation performance, i.e., the maximum AUPRC ob-
served for the MA segmentation of the U2-Net-DC-XS equals 31.8, which
is comparably close to the median performance of the U?-Net-XS.

Nonetheless, the observed results suggest that the reduced computational
complexity by using DCs does in general not compensate for the observed
loss of performance. This—at least to some extent — can be attributed to
the fact that the usage of DCs is not fully optimized using current comput-
ing accelerators [159]. That is, the additional kernel calls introduced by the
point-wise convolutions exceed the runtime of a normal convolution when

dealing with a large number of small filters, which results in a lower frame
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rate compared to their counterparts without DCs. However, the potential
of lowering computational cost by DCs could be better exploited with more
optimized toolboxes [160] that might result in an improved performance-

cost tradeoff.

4.3.3 Performance analysis of the multi-task training

The results for the dual- and multi-task training provided in Table 4.4 show
the former to overall yield a benefit compared to the single-task mode. In
particular, the MA and HE segmentation and the smaller model variants
benefit from the parameter sharing, leading to superior performance com-
pared to the single-task model training. That is, the median MA and HE
AUPRC performance are improved by about 6.7 % and 1.5 %, respectively,
when using the U?-Net-M in dual instead of single-task configuration. This
suggests that the shared feature representation helps the U2-Net to better
discriminate between HEs and MAs, which is a hard task as both lesions
can appear as small red dots within the color fundus image.

Interestingly, this observation does not apply to the segmentation perfor-
mance of the HXs and CWSs, i.e., the U2-Net shows to benefit less from a
shared feature representation. In particular, in case the single-task model
has enough capacity, i.e., for the U%-Net-O, the parameter sharing even
hurts the quality of the segmentation w.r.t. the AUPRC. This might be
caused by the difference between both lesions being discriminative enough
to distinguish HXs and CWSs more easily from one another. That is,
although both lesions appear as whitish lesions in the retina, the HX are
typically smaller and sharply delineated whereas the latter appear as rather
large and more diffuse lesions.

Similarly, the results show the multi-task models to visibly suffer from
the hard parameter sharing across all four tasks —even for the model with
the highest capacity, i.e., the U%-Net-O. That is, mostly the HE and HXs
segmentation performance is impaired whereby the results for the other
two lesions, i.e., the CWSs and MAs, in general, outperform at least the
single-task training setting. From these findings, exploiting a mixture of
single- (HX | CWS) and dual-task (MA & HE) training promises to provide
the best performance.

Figure 4.5 summarizes the results presented in the Tables 4.2 to 4.4 by

depicting the average median AUPRC performance across all lesions in

[160] Lu et al., “Optimizing depth-
wise separable convolution operations
on GPUs” (2022)

dual-task training (MA & HE)

dual-task training (HX & CWS)

multi-task training
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FIGURE 4.5: Comparison of the U-Net (@), the differently scaled U?-Nets (—), the U2-Net-DC models (—), as well as
the DE-based U%-Nets (—) deployed in single-task- (solid —), dual-task- (dashed --), multi-task-(dotted ---), and mixed
single/dual-task mode (dash-dotted --) w.r.t. the average median AUPRC (AUPRC) across all lesions in dependence
to (a) the total computational cost in MACs and (b) the total number of parameters.

TABLE 4.4: Test results on the
IDRiD dataset for the different
U2-Net model variants compar-
ing single-, dual-, and multi-
task segmentation performance
given as median (p./,) AUPRC
[%] across the individual train-
ing runs per lesion with the
IQR enclosed in brackets and the
overall average median AUPRC
(AUPRC) [%] across all four le-

sions.

Model Task MA HE HX CWS AUPRC
Hijz IQR Hi/2 IQR Hijz IQR Hijz IQR

ST 343 (29) 622 (3.3) 782 (11.4) 73.5 (2.8) 62.1
U2-Net-O DT 379 (3.5) 63.8 (3.7) 722 (5.7) 723 (3.6) 61.6
(L.1) ) )

5) ) 780 (88) 612 (10.7) 57.1
U2-Net-XS DT 37.7 (0.5) 626 (41) 726 (9.1) 675 (5.9) 60.1
) 260 (13.2) 717 (8.8) 63.1 (9.0)  46.9

dependency to the computational cost (MAC) and the number of model
parameters. In addition, the performance of the deep ensemble models,
i.e., the U2-Net-M', U2-Net-Sf, and U2-Net-XS*, deployed in single-, dual-,
multi-, and mixed-task configurations are shown within the plot.

From this, the U?-Net can be observed to provide a substantial perfor-
mance gain compared to the U-Net while significantly reducing the compu-
tational cost and model parameters. Considering non-ensemble methods,
the U2-Net-S and U?-Net-M used in dual-task mode show to provide the
best trade-off between performance and computational efficiency. How-

ever, in particular, the small deep ensembles provide a significant increase
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in performance and still a significant reduction of the computational cost
and required number of model parameters compared to the U?-Net-O and
U-Net. As such, the findings align with the literature, demonstrating that
model averaging through the use of deep ensembles effectively improves
model performance by eliminating false positive and negative predictions.

Overall, the U2-Net-XS' model in mixed-task configuration is observed
to provide a significant relative improvement by approximately 9.4 % w.r.t.
the average AUPRC while requiring a similar computational budget as
the U2-Net-S in dual-task mode. Depending on the computational bud-
get, by using either the U2-Net-ST or the U2-Net-M' a further increase in
segmentation performance by 9.2% and 10.6 % compared to the best per-
forming single-model instance —the U?-Net-M in dual-task mode — can
be achieved at the expense of an increased computational cost. That is,
given parallel execution of the individual model instances, a memory usage
of 1.33GB (U2-Net-XS"), 2.61 GB (U2-Net-S'), and 5.21 GB (U?-Net-M)
is observed. As a result, the U2-Net-M' would not be executable on an
Nvidia Jetson Nano. Nonetheless, with sequential execution or larger but
more expensive Nvidia Jetson variants also deploying the U2-Net-MT could
be feasible. Moreover, further optimization of the model’s memory require-
ment and computational complexity by using soft or partial hard weight
sharing across the encoders similar to the model architecture designed by

[139] could facilitate model training and deployment.

4.3.4 Literature comparison

A comparison of this chapter’s findings to the related literature is provided
in Table 4.5 showing the performance of the proposed methods to overall
be on par with the state-of-the-art. That is, despite not reaching the per-
formance for MA segmentation, the U%-Net ensembles are on par for the
HX and the HE segmentation. Moreover, they significantly outperform the
quality of the CWS segmentation compared to the literature.

The reduced MA segmentation quality is primarily expected to be caused
by the comparable low-resolution input image resulting in both a loss of
essential information, as MA lesions are typically only a few pixels wide.
In comparison, the L-Seg model proposed by Guo et al. [147] is trained
and evaluated on high-resolution input images with (1440 x 960) pixels
and with this significantly outperforms the U?-Net for MA segmentation.

mixed-task training

image resolution
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TABLE 4.5: Comparison of the
deep ensemble-based U2?-Net’s le-
sion specific and average median
AUPRC (AUPRCQC) [%] perfor-
mance in mixed-task mode to re-
sults from the literature.

[161] Porwal et al., “IDRID: diabetic
retinopathy — segmentation and grad-
ing challenge” (2020)

U2-Net depth and multi-scale
features

lightweight segmentation

[162] Li et al., “Diagnostic assessment
of deep learning algorithms for diabetic
retinopathy screening” (2019)

Model MA HE HX CWS AUPRC
U2-Net-MT 422 69.7 86.2 80.5 69.7
U2-Net-St 42.1 687 85.0 795 68.8
U2-Net-XSt 41.7 67.7 85.2 74.3 67.2

Zhou et al. [138] 47.3 65.8 84.5 71.6 67.3

+Semi+Adv  49.6 69.4 887 74.1 70.4
Yan et al. [145] 52.5 70.3 88.9 67.9 69.9
Guo et al. [147] 46.3 63.7 79.5 71.1 65.2

Similarly, Zhou et al. [138] deploy model optimization and inference with
fundus images at (640x 640) resolution. Moreover, Yan et al. [145] proposed
a Dual-U-Net architecture fusing a global U-Net that is processing the
complete, downsampled retinal images and a local U-Net that operates on
high-resolution image patches, which they observe to significantly boost the
segmentation performance of both the smallest lesions, i.e., the MAs and
HXs. This equally aligns with that the best-performing methods for MA
segmentation within the original IDRiD competition [161] either exploited
very high-resolution input images, cascaded CNNs for mask-refinement, or

sliding window approaches.

Another cause for the comparably low MA segmentation performance
might be the deep network structure of U2-Net, as the segmentation of the
MAs is expected to primarily rely on local image information. Conversely,
the large performance improvements for both the HE and the CWS seg-
mentation, which are achieved by using the U2-Net compared to the U-Net,
suggest that the additional contextual information of the multi-scale fea-
tures extracted by the RSU blocks is utterly important for a high-quality
HE and CWS segmentations. This is in line with the observation made
by Yan et al., who observe the shallower architectures to yield better per-
formance w.r.t. the MA segmentation and that the larger and more ho-
mogenous lesions, i.e., HEs and CWSs, are segmented with the highest

performance using only the global U-Net.

Comparing the proposed results to the LWENet proposed by Guo et
al. [143], their pretrained model on the DDR [162] dataset outperforms the
U2-Net-M with regard to the DSC, i.e., DSC = 78.2% vs. DSC = 74.3 %,
which has a similar number of parameters. However, without applying
pretraining as in this analysis, the LWENet performs significantly worse
(DSC = 69.7%).
smaller, only slightly slower w.r.t. inference at the identical image resolu-

tion, i.e., 11.1fps (Nvidia GTX 1080Ti) vs. 10.5fps (Nvidia RTX 2080T1)

Moreover, the U2-Net-XS' is more than nine times
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at 1440 x 960 pixels, and achieves similar performance, i.e., DSC = 77.9 %,

without exploiting transfer learning.

The Xception-U-Net proposed by Zhou et al. when being trained in a
simple fully supervised manner provides a strong baseline, which is on par
with the U?-Net-XS ensemble. Regarding the computational cost, it has a
higher number of parameters and a similar computational complexity w.r.t.
the required MAC operations compared to the U2-Net-M and UZ2-Net-S
in multi-task mode, i.e., 2.34 M parameters and 7.8 GMACs operations,
respectively. Despite their reported performance being higher than that
of the single-instance U?-Nets in multi-task mode, training and evaluating
the Xception-U-Net in multi-task mode within this work’s experimental
setup yields a significantly lower average median AUPRC performance of
56.5 %, which — as previously discussed —is likely to be primarily caused
by the reduced input image resolution. This, in turn, is outperformed by
the U%-Net-S in multi-task mode and by the U%-Net-XS ensemble, whereby
the latter comprises about 73 % fewer parameters showing the lightweight
U2-Net architecture design to add a performance gain over the Xception-
U-Net architecture, albeit at a moderately increased cost w.r.t. the required

MAC operations.

Further optimization of the U2-Net architecture by exploiting more re-
fined mobile building blocks could not only improve the reduction of the
computational complexity but also the U2-Net’s performance. That is, sim-
ply replacing the regular convolutions with DCs as in this work decreased
the computational cost but also disproportionately impaired the segmen-
tation performance. In contrast, Zhou et al. observe the Xception-blocks,
which exploit both DCs and residual connections with additional a (1 x 1)-
convolutions, to improve the performance compared to the using regular
convolutions. Accordingly, adopting Xception-based convolutions within
the U?-Net architecture instead of solely exploiting DCs could provide an
additional benefit to the performance. Moreover, exploiting spatial at-
tention modules such as squeeze-and-excitation (SE) [163] layers or mobile
inverted bottleneck convolution (MBC) [151] blocks are expected to further
improve the U2-Net’s efficiency. As a result, this would allow retaining a
higher input image resolution and feature depth within the U2-Net’s bottle-
neck RSU blocks and be expected to significantly improve the segmentation
performance of the U2-Nets. Finally, methods such as weight quantization

and model pruning [164] or ensemble distilling [165] could enable more effi-

architecture improvements

[163] Hu et al., “Squeeze-and-excita-
tion networks” (2020)

[164] Han et al., “Deep compression:
compressing deep neural networks with
pruning, trained quantization and huff-
man coding” (2016)

[165] Hinton et al., “Distilling the
knowledge in a neural network” (2015)
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transfer- and semi-supervised
learning

cient deployment of the U?-Net to edge devices potentially allowing for the
larger ensemble variants.

In addition, in future work, the ability of the U2-Net to generalize to
other data should be evaluated. Nonetheless, the availability of pixel-level
annotated image data remains a major challenge for biomedical image seg-
mentation in order to further improve robustness and generalization. One
solution to overcome this limitation could be the exploitation of image-
level annotated retinal fundus datasets by deploying sophisticated training
strategies such as adversarial and semi-supervised training schemes as uti-
lized by [138]. Such an approach could easily be adapted, in case of fusing
the image segmentation and classification into a single, end-to-end trainable

model as will be discussed in more detail in section 6.4.

4.4 Conclusion and outlook

For a real-world, clinical application, a DR screening system ideally explains
the derived prediction by, e.g., highlighting the disease-related pathologic
areas in the processed retinal fundus image to allow the supervisor to verify
and challenge the prediction. Furthermore, to allow fast and seamless us-
age on mobile hardware these systems should additionally be designed in a
lightweight manner. To this end, this chapter analyzed the potential of the
U2-Net — a U-Net-based architecture that exploits efficient multi-scale fea-
ture extraction modules called RSU blocks—to be used as a basic building
block in a holistic DR screening pipeline that complies with these require-
ments while searching for a reasonable tradeoff between the computational
cost of the model and retaining a high predictive performance.

The presented results suggest that (a) the U2-Net is an overall suitable
architecture for biomedical image segmentation, (b) the model architecture
shows good performance that is on par with and in particular for CWS
segmentation shows the potential to outperform current state-of-the-art
results even when the model is trained on a small dataset from scratch,
(c) exploiting a mixture of single- and dual-task training provides overall
best segmentation performance, and (d) the downscaled U2-Nets propose
to allow seamless edge device implementation, as they show very promis-
ing results for DR-related lesion segmentation while having very few pa-
rameters as well as a reasonable computational cost. In particular, the

U2-Net-XST is observed to yield a good tradeoff between model complexity
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as well as computational cost and lesion segmentation performance. As dis-
cussed above, further optimization of the base architecture could improve
the performance upon the promising results of this analysis.

Nevertheless, particularly improving the MA segmentation performance
could play an important role in providing a highly sensitive early detection
of DR onset, and further optimization of the model architecture could ad-
ditionally improve the Pareto optimum of the performance-cost tradeoff.
Moreover, to develop a truly holistic DR grading pipeline that is able to
explain particularly more severe DR levels, the corresponding DR-related
lesions, such as IRMAs and NVs, would have to be taken into account

within the segmentation model.
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uncertainty-awareness

As outlined in the introduction, this chapter analyzes the suitability of the
DKL framework to improve NNs for their lack of knowledge by means of
evidence-based uncertainty quantification within the DR screening setting.
First, a short motivation summarizing the key aspects of the practical rel-
evance of uncertainty calibration and awareness including an overview of
the related work is given in section 5.1, followed by a description of the
adapted methodology and the experimental setup of this analysis provided
in section 5.2. Finally, the results of the experiments comprising both ID
and OOD data are presented in section 5.3. A discussion and summary of
this chapter are given in sections 5.4 and 5.5. A preliminary analysis of
the general feasibility and performance of the stochastic variational deep
kernel learning (SVDKL) framework was published in a conference paper
[166] by the author of this thesis. Parts of this chapter were previously pub-
lished in a peer-reviewed journal article [45], first authored by the author
of this thesis. He conceived and performed the methodology, experiments,
and analyses, and wrote the manuscript. The co-authors of the publica-
tion provided guidance and feedback on the methodology, experiments, and

manuscript.

5.1 Motivation and related work

With the state-of-the-art performance of DNNs, a promising solution to
shift the DR screening and grading to primary care, i.e., using the regular
appointments to check the glycemic levels of patients suffering from DM
for verifying their vision-health status. However, in contrast to humans
who tend to perform well under uncertainty, deterministic DNNs usually
extrapolate widely and lack calibrated uncertainties [11], [33], [73]. Hence,

to minimize erroneous predictions, mitigate the risk of not receiving the

[166] Siebert et al., “Stochastic vari-
ational deep kernel learning based di-
abetic retinopathy severity grading”
(2022)

[45] Siebert et al., “Uncertainty analy-
sis of deep kernel learning methods on
diabetic retinopathy grading” (2023)

[11] Petersen et al., “Responsible and
regulatory conform machine learning
for medicine: a survey of challenges
and solutions” (2022)

[33] Jospin et al., “Hands-on bayesian
neural networks—a tutorial for deep
learning users” (2022)

[73] Guo et al., “On calibration of mod-
ern neural networks” (2017)
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[167] Band et al., “Benchmarking
Bayesian deep learning on diabetic
retinopathy detection tasks” (2021)

[168] Jaskari et al., “Uncertainty-aware
deep learning methods for robust dia-
betic retinopathy classification” (2022)

[169] Aratjo et al., “DR|GRADUATE:
uncertainty-aware deep learning-based
diabetic retinopathy grading in eye
fundus images” (2020)

[170] Leibig et al., “Leveraging uncer-
tainty information from deep neural
networks for disease detection” (2017)

[103] Gal and Ghahramani, “Dropout
as a bayesian approximation: rep-
resenting model uncertainty in deep
learning” (2016)

[102] Lakshminarayanan et al., “Sim-
ple and scalable predictive uncer-
tainty estimation using deep ensem-
bles” (2017)

[95] Ovadia et al., “Can you trust your
model’s uncertainty? Evaluating pre-
dictive uncertainty under dataset shift”
(2019)

[104] Wilson and Izmailov, “Bayesian
deep learning and a probabilistic per-
spective of generalization” (2020)

required intervention, and lower the likelihood of missing pathologies or
diseases other than DR that could have been detected by specialists, cal-
ibrated uncertainty information is essential to allow the supervisor of the
model to reject highly uncertain samples and refer patients to specialists

for further inspection.

To address these challenges, recent related research [167]-[170] compare
the use of CNNs and several BNN methods, e.g., MCD [103], DEs [102],
and other approximations like VI, for the task of either detecting or grad-
ing DR. The authors of these studies highlight the feasibility of Bayesian
methods and their benefit on the uncertainty calibration to be informative
for model failures: Band et al. [167] analyze uncertainty calibration for the
binary classification of referable DR comparing mean field variational in-
ference (MFVI), MCD, and DE, but do neither include DKL nor consider
the DR severity grading task. Similarly, Jaskari et al. [168] evaluate DE,
MCD, MFVI, generalized variational inference (GVI), and radial BNNs on
the task of both referable DR, detection and severity grading. Proposing
DR|Graduate, Aruajo et al. [169] train a CNN on the multiclass task of
DR severity grading with an additional classification head to estimate a
predictive uncertainty o that is used to place a Gaussian distribution with
o as the standard deviation on the predicted grade. As GPs typically pro-
vide well-calibrated uncertainty estimates but do lack the feature extraction
abilities of CNNs, Leibig et al. [170] analyze the combined usage of these
two, but find their MCD-based BNN to outperform a GP being trained
on the latent features of a fixed CNN within the decision referral setting,
i.e., the binary detection of referable (>1) and any DR (>0), omitting the
severity grading.

Overall, MCD- and DE-based approaches are observed to frequently pro-
vide good calibration, whereas more sophisticated VI approaches sometimes
even perform worse than regular CNNs [167], [170]. However, both of these
simple baselines have shortcomings, potentially causing inconsistent uncer-
tainty calibration under distribution shift [95], [104], [167]. Acknowledging
that a GP theoretically would be a promising alternative, Leibig et al.,
however, find MCD to outperform the GP-based approach. They assume
this to be caused by the loss of full stack information when training the
CNN and GP independently, which was necessary due to the bad scalability

of GPs to large datasets and high-dimensional inputs.

Based on these observations, the goal of this chapter is to investigate
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whether the DKL [42] framework, i.e., a hybrid deep learning model com-

bining these two methodologies in an end-to-end trainable architecture, can
exploit the uncertainty quantification abilities of GPs within the uncertainty-
informed DR classification screening. In particular, this chapter examines
whether and how SVDKL [171], which allows the application of the DKL

framework to be applied to classification, can be used to improve the qual-

ity of uncertainty estimates while maintaining high diagnostic performance

for the DR screening and grading. This allows referring both patients with

emerging or worsening DR and those with uncertain diagnoses to experts.

Thereby, the SVDKL framework’s performance and quality of uncertainty
estimates are compared to those being provided by standard approximate

Bayesian CNNs. The remainder of this chapter provides a comprehen-

sive evaluation of SVDKL and recently proposed variants [44], [172]-[174]

for the task of DR severity (sDR) grading and referable DR (rDR) de-
tection that is compared to the most commonly applied approximative
BNN methods exploiting MCD and DE on both in-distribution (ID) and

out-of-distribution (OOD) data while disentangling aleatoric und epistemic

uncertainty estimates.

5.2 Methods

In the following, the methodology and experimental setup of this chapter

will be introduced. First, the adopted study data and image preprocess-

ing used for training and evaluation will be introduced in sections 5.2.1

and 5.2.2. This will be followed by a detailed introduction of GPs and the
DKL framework including the adaption of this method for classification
tasks and some extensions to improve the uncertainty calibration of the

method given in sections 5.2.3 and 5.2.4. The subsequent sections 5.2.6

to 5.2.10 will provide a detailed description of the model implementation,

training and evaluation protocol, and the statistical methods used to eval-

uate the results for statistically significant improvements.

5.2.1 Study data

The datasets used in this work for model training and validation are grouped

into ID and OOD datasets according to

Dip = {EyePACS, IDRiD}

(5.1)

[42] Wilson et al., “Deep kernel learn-
ing” (2016)

[171] Wilson et al., “Stochastic varia-
tional deep kernel learning” (2016)

[44] Tran et al., “Calibrating deep con-
volutional gaussian processes” (2019)

[172] Ober et al., “The promises and
pitfalls of deep kernel learning” (2021)

[173] Liu et al., “A simple approach to
improve single-model deep uncertainty
via distance-awareness” (2023)

[174] Amersfoort et al., “On feature
collapse and deep kernel learning for
single forward pass uncertainty” (2021)
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[140] Dugas et al., “Diabetic retinopa-
thy detection” (2015)

9The data is publically available and
was hosted by Kaggle in the context
of the diabetic retinopathy detection
challenge in 2015. https://www.kagg
le.com/competitions/diabetic-ret
inopathy-detection (Last accessed:
11/14/2023)
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FIGURE 5.1: Distribution of (a)
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[38] Wilkinson et al., “Proposed in-
ternational clinical diabetic retinopa-
thy and diabetic macular edema dis-
ease severity scales” (2003)

[34] Porwal et al., “Indian diabetic
retinopathy image dataset (IDRiD):
a database for diabetic retinopathy
screening research” (2018)

[175] Pachade et al., “Retinal fundus
multi-disease image dataset (REMiD):
a dataset for multi-disease detection re-
search” (2021)

10The data is publically available and
was hosted in the context of the Reti-
nal Image Analysis for multi-Disease
Detection Challenge workshop at the
IEEE International Symposium on
Biomedical Imaging (ISBI-2021). http
s://dx.doi.org/10.21227/s3g7-st65
(Last accessed: 06/01/2024)

and

Doop = {RFMID, SIIM-ISIC} . (5.2)
EyePACS The publicly available EyePACS [140] database”® is used for
model training and ID testing. The dataset is sponsored by the Califor-
nia Healthcare Foundation and the EyePACS platform. It contains high-
resolution retinal fundus images captured from both direct and indirect
ophthalmoscopic examinations with high variation in quality, e.g., concern-
ing lighting, contrast, and sharpness. The image data is accompanied by
DR severity (sDR) grade annotations derived from a medical expert. Align-
ing the ICDR grading scheme [38] introduced in section 3.2, the images are
classified into the four classes no (0), mild (1), moderate (2), severe (3),
and proliferative DR (4). Equivalently, referable DR (rDR) is defined as
having more than mild DR, i.e., rDR class comprises the severity levels 2—-
4. The distributions of the sDR and rDR classes comprised in the dataset
are strongly imbalanced, as displayed in Figure 5.1. In total, the dataset
comprises 35126 training images, 10906 validation images (i.e., the public
competition test data), and 42 670 test images (i.e., the private competition
holdout data).

IDRiD For model validation, the IDRiD [34] dataset is deployed. This
database contains 516 high-quality, high-resolution retinal fundus images
captured at the Eye Clinic in Nanda, India. The dataset provides medical
expert-validated grades of sDR following the ICDR scale. Although sharing
the same task, the class distribution is different compared to the EyePACS
dataset as displayed in Figure 5.1. Furthermore, as the data is collected
in India and was graded by different experts, it is expected to impose a
distribution shift. Nonetheless, due to the similarity of the IDRiD to the
EyePACS dataset, it will be referred to as ID data in the remainder of
this thesis. In addition to the sDR grades, annotations for DME risk are
provided. The dataset is published with a predefined training/test split
with ratio 413/103. The training images of the IDRiD dataset are not used
for model training. Instead, the joint training and test data is used to

estimate the generalization properties of the analyzed methods.

RFMID Similar to the IDRiD dataset, the RFEMID [175] database'? con-

tains retinal fundus images. However, it is only loosely related to the DR


https://www.kaggle.com/competitions/diabetic-retinopathy-detection
https://www.kaggle.com/competitions/diabetic-retinopathy-detection
https://www.kaggle.com/competitions/diabetic-retinopathy-detection
https://dx.doi.org/10.21227/s3g7-st65
https://dx.doi.org/10.21227/s3g7-st65
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FIGURE 5.2: Original images from the EyePACS [140], IDRiD [34], RFMID [175], and SIIM-ISIC [176] dataset (top

row) and the corresponding preprocessed images (bottom row).

grading task, i.e., it comprises a multitude of other eye diseases in addition
to DR and does not contain annotations for the DR, severity. The dataset
can thus be viewed as a mixture of both ID and OOD data and will therefore
be referred to as both task-related OOD and near-ID data due to sharing
the same input domain and the partial task overlap. However, due to being
primarily used to validate the method’s uncertainty-based OOD detection

abilities, the dataset is categorized into the group of OOD datasets.

SIIM-ISIC As a fully task-unrelated, OOD dataset, the SIIM-ISIC [176]

dataset!!

is used. It is a medical dataset of annotated dermoscopic images
for skin lesion classification and is in this work used to validate the OOD

detection abilities in addition to the RFMID data.

5.2.2 Image preprocessing and augmentation

For preprocessing, all image samples of the datasets comprised within Drp
are cropped to a square containing the visible retinal disc, whereas out-
of-distribution images are padded to a square to retain their aspect ratio.
The minimum viable rectangle is obtained by using a U2-Net-XS as in-
troduced in the previous chapter trained for predicting the extent of the
visible retinal disc. Subsequently, all images of the comprised datasets in
both Dip and Doop are resampled to (I, I,) = (224 x 224) pixels and the
local color mean is removed using a Gaussian filter per image channel, fol-

lowing the implementation of Ben Graham [177], the winner of the Kaggle

[176] Rotemberg et al., “A patient-
centric dataset of images and metadata
for identifying melanomas using clini-
cal context” (2021)

11 The data is publically available and
was hosted by Kaggle in the context of
the 2020 SIIM-ISIC Melanoma Classi-
fication challenge. https://www.kagg
le.com/competitions/siim-isic-mel
anoma-classification (Last accessed:
06,/01,/2024)

[177) Graham, “Kaggle diabetic
retinopathy detection competition
report” (2015)
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(98] Murphy, Probabilistic Machine
Learning: Advanced Topics (2023)

covariance function

[178] Rasmussen and Williams, Gaus-
stan processes for machine learning
(2006)

Gaussian process regression

DR Challenge [140]. A blur constant of b = 30 is used in this experiment,
resulting in using a kernel with the standard deviation o = Ig/b” ~ 3.73.
An example image per dataset prior to and after preprocessing is given in
Figure 5.2. All images are standardized to the statistics of the EyePACS

training data, i.e., zero mean and unit variance, prior to feeding them to

the networks.

During model training, online data augmentation is applied. In detail,
this comprises random horizontal and vertical flipping with probability pg =
0.5, and random image rotation within +55° is applied, as well as random
image translation and scaling within +20 % and +10 % w.r.t. the maximum

image height I}, and width I,,.

5.2.3 Gaussian processes

Gaussian processes (GPs) are a popular ML tool that generalizes well due
to its nonparametric nature and provides predictions with calibrated un-
certainty estimates [98, p. 675]. A GP describes a multivariate Gaussian
distribution over a finite subset of function values of an unknown function
g: X =Y

9(x) ~ GP (m(x), ke (x, X)) . (5.3)

It is fully specified by the mean m(x) and covariance k(x, x’) function [178,
p. 13]. The latter is defined by a number of hyperparameters gp and in-
corporates prior knowledge about the observed data by defining the depen-
dency of the function values evaluated at two input positions x and x’. A
common choice for k is the squared exponential kernel, which is also known
as RBF kernel and defined as

krBF, ogp (X, X') = 0% exp (—HX2;2(/||2> , (5.4)
similar to the definition in (2.7). Thereby, the kernel hyperparameters
Ocp = {02,\} define the overall variance to the mean and the length
scale of the kernel, which determines the distance over which the function
values are correlated with another [178, pp. 83-84]. Whereas not necessarily
required, typically a zero mean function m(x) = 0 is chosen. This does,
however, not limit the posterior to mean to be zero [178, p. 27].

Considering a regression task y = ¢(x) + ¢ with measurement noise

€ ~ N(O,JZ), i.e., assuming a Gaussian likelihood, the GP prior over
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the function values y = [y1,¥2,...,yn]| at an arbitrary set of input points
X = [x1,X2,...,xy]| with x € R is given by [98, p. 687]

y ~p(g | X) =N(0, K(X,X) + 0.1) (5.5)

with the covariance matrix

k(x1,x}) k(xi,x5) ... k(x1,x),)
k(x9,x}) k(x9,x5) ... k(xo,x/

KX.X') = ( 2 1)k : 2) ' ( 2 m) (5.6)
k(xp,x1) k(xp,x5) ... k(xp,x),)

and the vector of latent function values g = ¢(X) = [g(x1),...,9(xn)].
Furthermore, the joint prior distribution of the GP for the samples X and

a set of test samples X* is defined as

2 *
e (R

K(X*,X)  K(X* X

By observing the dataset D = {X,y} with measurements y at locations
X and conditioning the joint prior on the observed data, the posterior

predictive distribution
y*~p(g" | X5 X, y) = N(p", =) (5.8)

can be derived, which has the closed form solution with mean p* and
variance X* [98, p. 687]

pt =KX X)[K(X,X)+ 01y (5.9)
¥ = K(X*,X*) - K(X*, X)[K(X,X) + oI ' K(X,X*).  (5.10)

That is, predicting with a GP does not only provide a mean estimate, but
a full distribution over the function values at the test points based on the
evidence from the training samples and the belief in the covariance of the
function values expressed by the kernel function. A visual example of the
GP’s prior and posterior for a 1-dimensional regression task is given in

Figure 5.3.

The major advantages of GPs are both the well-calibrated predictive

uncertainty estimates and the nonparametric nature of the method. In

x

(b)

FIGURE 5.3: Samples from g(z)
() from (a) the GP prior and
(b) the posterior after observing
the data D (@) according to (5.5)
and (5.8) with using an RBF ker-
nel for a 1-dimensional regression
task. The solid line (—) and the
shaded area show the prior and
posterior mean as well as the sin-
gle and twofold standard devia-
tion.

advantages of GPs
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disadvantages of GPs

sparse variational GP

contrast to parametric models such as a linear regressor whose flexibility
is dependent on the type and amount of selected basis functions, a GP
is only sensitive to the selected kernel function with its usually small set
of hyperparameters, which can automatically be optimized through the
log marginal likelihood of the model on the training data D [178, p. 19].
This, on the one hand, maximizes the data fit and, on the other hand,
penalizes the covariance matrix’ complexity favoring smoother functions
and, hence, automatically adapts the GP’s flexibility to the amount of
available data [98, pp. 673, 689]. As a result, GPs typically generalize well.

The main drawback of GPs is their computational cost. The inversion of
the data-dependent covariance matrix using Cholesky decomposition scales
with O(N3) and — after retrieving K ! once — predicting still has a com-
plexity of O(N?), which is considerably limiting the scalability of GPs to
large data [42], [178, p. 114]. Another disadvantage of GPs are their limited
feature extraction capabilities compared to DNNs: They natively do not

work as well on high-dimensional, structured inputs like images [172].

To solve the former, i.e., to make GPs scalable to large datasets, meth-
ods such as sparse variational GPs (SVGPs) can be used. The main idea of
SVGP is to approximate the true GP’s posterior by a simpler distribution
that is dependent on a smaller number of inducing points rather than the
entire dataset in order to reduce the computational cost. Note that the
terms indicating the dependency on the inputs such as X and X* are omit-
ted in the following for clarity. In detail, SVGP aims to find a variational

posterior distribution

q(g,g",u) = p(g,g" | u)g(u) (5.11)

in order to approximate the true posterior

p(g,g"uly)~q(g g" u) (5.12)

of the joint prior over the latent variables g, g*, and the inducing variables
u € RV, which are indexed by N’ < N inducing points [98, pp. 702-704].
Thereby, the variational distribution ¢g(u) can be chosen arbitrarily but for

simplicity is commonly defined as a normal distribution

q(u) = N(p, C) (5.13)
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with mean p and covariance C and p(g,g* | u) can be derived in closed

form from the GP prior [98, pp. 702-704]. By minimizing the KL divergence

Lsver(q) = KL[g(g, g%, u) || p(g, g™ u|y)], (5.14)

the variational posterior distribution ¢(g, g*, u) can be optimized to capture
the relevant information of the true posterior [98, p. 703]. As a result,
predictions can be derived based on their dependency w.r.t. u instead of
relying on g, which significantly reduces the computational cost. As for the
variational inference procedure introduced in (2.55) and (2.57), the above
KL divergence is intractable but can be approximated using the ELBO

objective

Letso(@) = [ ple | wa(u) logp(y | ) dgdu — KL[g(w) || pw)] . (5.15)

In contrast to GP-regression, the GP likelihood becomes non-Gaussian
for classification tasks, which involves squashing the model output through
a nonlinear activation function, such as the softmax or sigmoid, to obtain
the individual class probabilities [98, pp. 693-695]. As a result, the pos-
terior becomes analytically intractable and an approximation to the non-
Gaussian posterior is required. This could for instance be accomplished by
using VI approaches such as the SVGP method introduced above, which
automatically allows handling non-Gaussian likelihoods [98, p. 702].

5.2.4 Deep kernel learning

Due to the limited feature extraction capabilities of GPs, and as obtaining
well-calibrated uncertainty estimates by using BNNs remains difficult, both
Wilson et al. [42] and Calandra et al. [179] propose deep kernel learning
(DKL). This is a promising approach to compensate for these disadvantages
by combining the feature extraction capabilities of DNNs with the reliable
uncertainty representation of GPs. To this end, a GP regressor —being
applied to the latent space of a DNN’s feature extractor —and the model
itself are jointly optimized through the marginal likelihood of the GP by
interpreting the DNN’s parameters and learned transformation as kernel
hyperparameters and function of the GP, respectively.

Later on, Wilson et al. [171] propose stochastic variational deep kernel

learning (SVDKL) as an extension to the DKL approach for classification

Gaussian process classification

[179] Calandra et al., “Manifold Gaus-
sian processes for regression” (2016)

stochastic variational deep kernel
learning
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FIGURE 5.4: Schematic diagram of the SVDKL architecture. Note that for ) = J, the input to each GP in the
additive GP layer is 1-dimensional. Accordingly, for @ > J the input dimension for each GP increases, which is
indicated by the dashed red lines. Figure derived upon [47].

tasks. In detail, the hybrid model architecture is designed to apply an
additive GP layer
f = f(z) = Ag(z) € R® (5.16)

to the DNN’s latent activations z = h(x, Opg) € R¥. This layer comprises
J GPs

g=q(z) = [g1(z1),...,9s(zs)] € R/ (5.17)
9j(z) ~ GP(0,k;), Vi =1,...,J, (5.18)

which are correlated through the linear layer A € R¢*7. Thereby, each ker-
nel function k; = kggp (25, zg) parameterized by the hyperparameters O¢gp
takes a subset z; € z of the latent activations as input. By applying nonlin-
ear softmax activation o(-) as introduced in (2.14), the SVDKL’s likelihood
p(y | £) = o(£(z)) is derived. A schematic diagram of a SVDKL model
comprising a convolutional feature extractor is displayed in Figure 5.4.
By exploiting the above introduced SVGP approach with assuming inde-
pendence of individual GPs, i.e., defining the set of independent inducing
variables for all GPs ¢(u) = []7_; ¢(u;), and using SVI under the assump-
tion that the model’s likelihood factorizes over individual samples, i.e.,
p(y | £) = 102, p(y | £.) with f = £(Z), Wilson et al. [171] derive the

following minibatch sampling scheme

T

B
Lovort, = — o5 3> Toaply | £09) - KL[g(w) | p(w)]  (5.19)
t=1b=1
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as an approximation to the ELBO of the SVDKL model. Thereby, £ de-
notes the latent variable of the additive GP layer for the t-th Monte Carlo
sample of the b-th input of the current minibatch, respectively, and the KL
divergence between ¢ and p has a closed-form solution. By additionally
restricting the inducing points to a grid as well as exploiting kernel inter-
polation and structure in the covariance matrix, they further improve the
efficiency and scalability of the proposed approach.'? This sampling scheme
allows for joint optimization of the DNN’s parameters Opg, variational pa-
rameters 6, = {p;,C; |Vj =1,...,J}, and the GP’s kernel hyperparam-
eters Ogp through automatic backpropagation and stochastic gradient de-
scent optimization. As this scheme only requires drawing 7" samples from
the variational distribution for a minibatch of size B, it only adds a small
overhead to the regular NN training and inference procedure [171]. With
their approach, Wilson et al. observed improved predictive performance
over standard DNNs as well as independently training a GP on top of pre-
extracted features of a CNN for several benchmark tasks. While not ex-
plicitly analyzing the quality of the uncertainty estimates, they reason that
the deep kernel learning approach would automatically yield well-calibrated
uncertainties.

Figures 5.5a to 5.5c illustrate the uncertainty estimates obtained from a
deterministic NN, a frequently used BNN approximation exploiting MCD
and DE, as well as an SVDKL model applied to a simple toy-classification
task. The illustration highlights the promising uncertainty awareness of the
deep kernel learning framework, i.e., the certainty of the model predictions
significantly diminishes in regions with no training data, whereas both the
deterministic and approximate BNNs widely extrapolate with high confi-
dence and without communicating the lack of evidence from the training
data.

5.2.5 Pathological behaviour of deep kernel learning

Recent studies showed that deep kernel learning can be prone to over-
fitting and, hence, produces unreliable uncertainty estimates despite the
Bayesian modeling by means of the GP layer [44], [172], [174]. This was
observed to be caused by increased model complexity [44], i.e., an overpa-
rameterized kernel function, and by the optimization of the ELBO, which

can drive the GPs’ kernels to overly correlate the training data leading to

12The interested reader is referred to
[171] for details on the derivations of
this approximation scheme.
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(a) NN

(b) DE-MCD-NN (c) SVDKL (d) DE-MCD-SVDKL

FIGURE 5.5: Predictive model uncertainty (M, a darker color equals a higher uncertainty) for a 2-dimensional clas-
sification task and the swiss-roll dataset comparing (a) a deterministic NN, (b) a BNN exploiting MCD and deep
ensembling, (¢) a vanilla SVDKL model, and (d) an SVDKL model equally extended with MCD and using deep
ensembling. The training samples are given in red (@) and orange (®). Potential test samples are visualized by green

dots (e).

feature collapse

prevention of the feature collapse

[180] Keskar et al, “On large-batch
training for deep learning: generaliza-
tion gap and sharp minima” (2017)

MCD-SVDKL

feature collapse [172], [174]. That is, the NN-based kernel function learns
a mapping that is insensitive to variations in the input space as both ID
and OOD samples are mapped to similar latent features [174]. Ober et
al. reason that this would be caused by minimizing the KL divergence of
the ELBO, which can lead to covariance matrices that overly correlate all
input samples. This forces the NN to be less sensitive to variations in the
input images and suppress features that might not deemed necessary to
the network for the classification task based on the training data but are
exceptionally important to detect out-of-distribution samples.

Whereas Ober et al. observe that this strong overfitting could implicitly
be prevented to some extent by the regularization effect of stochastic mini-
batch training [180], they conclude that a fully Bayesian treatment, i.e.,
additionally making the feature extractor Bayesian, would be preferable
and ezplicitly fixes this issue [44], [172]-[174]. Ober et al. verify their ob-
servations by training a simple DKL model using a HMC procedure for the
task of a 1-d toy example sampling both the model weight and GP hyper-
parameters, which they find to resolve the pathologic behavior completely.
This is nicely illustrated in [172, Fig. 1 (b) and 5 (a)]. However, due
to the insufficient scalability of HMC to more complex models and larger
data, they also show that using stochastic gradient Langevin dynamics as
an approximate Bayesian method can yield sufficiently good results.

Similarly, exploiting the close connection of MCD and VI, Tran et al. [44]
apply the former to the feature extractor of the DKL model to induce an
approximate Bayesian posterior over the latent variables and observe this

to mitigate the issue. Due to the simplicity of this method, it is adopted
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for this work to integrate an approximative Bayesian feature extractor to
the SVDKL model. In the remainder of this work, this architecture will be
referred to as MCD-SVDKL.

More recently, Liu et al. [173] as well as van Amersfoort et al. [174] pro-
pose to tackle the feature collapse by enforcing the CNN’s feature extractor
to be approximately bi-Lipschitz. To this end, they constrain the spectral
norm (SN) of residual blocks within their feature extractors to be smaller
than a predefined constant. Van Amersfoort et al. reason that this would
drive the latent representation to be input distance aware, i.e., force the
mapping from the input to the latent space to be both sensitive and smooth
to changes in the input. This translates to that changes in the input space
are required to induce a change in the latent space and that small changes
in the input should equally cause small shifts in the output. They observe
that using spectral norm could prevent feature collapse and hence, also im-
prove the uncertainty calibration of the DKL model. Adding to this, van
Amersfoort et al. also apply spectral norm to batch norm layers within
their model.

In contrast to the MCD-extended DKL model proposed by Tran et al.,
a big advantage of the spectral-normalized DKL approach is that it does
not require additional sampling during inference. To approximate the spec-
tral norm of both the fully connected and convolutional layer weights, the
power iteration method can be used, which adds only a small runtime over-
head [173], [174]. The model architecture that integrates a spectral-normed
feature extractor into the SVDKL model will be referred to as SN-SVDKL
in the remainder of this work.

Whereas the feature collapse not being a highly prominent issue for the
toy example presented in Figure 5.5¢, extending the SVDKL model by using
MCD and building a DE again can significantly improve the uncertainty

calibration as visible in Figure 5.5d.

5.2.6 Baseline setup

For the following analysis, all models are implemented and trained using
the PyTorch [149] framework. The EfficientNet-B0 [151] is used as the base-
line model, as the authors who proposed this architecture show it to have
similar performance compared to the ResNet-50, which is used in the anal-

ysis of Band et al. [167], whereas being more efficient. This is achieved by

SN-SVDKL

[149] Paszke et al., “PyTorch: an im-
perative style, high-performance deep
learning library” (2019)

(CNN)

[151] Tan and Le, “EfficientNet: re-
thinking model scaling for convolu-
tional neural networks” (2019)
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[181] Sandler et al., “MobileNetV2:
inverted residuals and linear bottle-
necks” (2018)

[163] Hu et al., “Squeeze-and-excita-
tion networks” (2020)

(MCD-CNN)

[182] Tompson et al., “Efficient object
localization using convolutional net-

works” (2015)

[183] Huang et al., “Deep networks
with stochastic depth” (2016)

[184] Antoran et al., “Depth uncer-
tainty in neural networks” (2020)

introducing mobile inverted bottleneck convolution (MBC) blocks, which
are based on the inverted residual block used in the MobileNetV2 [181]
additionally integrating squeeze-and-excitation (SE) [163] modules. That
is, first, the feature depth of the input activation is expanded by a single
1 x 1 convolution block including BN and nonlinear activation, followed
by a depthwise convolution block —equally including BN and nonlinear
activation. Second, a SE attention module is applied to recalibrate chan-
nel importance [163]. Finally, the resulting activations are projected back
to the original low-dimensional feature representation using another 1 x 1
convolution block with sequential application of BN (without nonlinear ac-
tivation), which are added to the input activation of the MBC block, i.e.,
a residual mapping is applied. Both the inverted residuals and SE layers
were found to increase the model performance over standard convolutions
while the former improves memory efficiency [181] and the latter only adds

marginal computational cost [163].

The EfficientNet-B0 is set up by interchanging the original fully con-
nected layer with a new one that outputs the desired number of target
classes (C' = 5). The model is trained using L2-norm regularization and
the NLL objective function as introduced in (2.11)

B
Lonn = — Zlogp(yb | X, 0), (5.20)
b=1

with B denoting the number of data samples of the current minibatch.

As approximate Bayesian baselines, MCD- and DE-based CNNs are de-
ployed. To implement the former, regular elementwise Bernoulli dropout
is applied to the latent features of the baseline CNN prior to the final
fully connected layer. As regular dropout was shown to primarily slow
down training when used in conjunction with convolutional layers, spatial
dropout [182] is added after each of the building blocks within the con-
volutional backbone of the EfficientNet-B0, which in contrast drops entire
activation maps instead of single pixels of the intermediate actions. Fur-
thermore, stochastic depth, i.e., bypassing residual blocks with identical
input-output dimensions while decreasing the survival probability of each
block’s activations with model depth is applied during both model training
and prediction. This can be interpreted as randomly sampling models with

differing depths to improve the Monte Carlo samples [183], [184].
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Following the implementation of Band et al. [167], the DEs are built
from the deterministic baseline model by sampling the individual members
from the pool of trials conducted to train the baseline CNN without re-
placement to reduce computational costs. Analogously, a third Bayesian
baseline model is derived by combining MCD and deep ensembling. All DE

models are set up to comprise five model instances.

5.2.7 Deep kernel learning implementation

To implement the SVDKL models, the GPyTorch [185] toolbox is adopted
following the proposed setup by Wilson et al. [171]. The backbone of one of
the pretrained baseline CNNs is used as the feature extractor transforming
the input to the latent space z = h(x,0pg) € R% upon which a layer
with J = @ GPs is placed. Each deep kernel learning model is trained by
minimizing the negative approximate ELBO according to (5.19): first fine-
tuning only the variational and kernel hyperparameters upon a pretrained
CNN backbone and then unfreezing all parameters for full model end-to-
end training. An RBF kernel with 64 inducing points is used. The grid
bounds for each kernel are set to (—10,10). Except for the elementwise
dropout applied to the latent features, the same dropout scheme is used
for the MCD-based SVDKL models as for the MCD-CNN model.

The spectral normed SVDKL models are adapted from the implemen-
tation of van Amersfoort et al. [174]. To handle the grouped convolutions
that are extensively used within the EfficientNet-B0, the SN is computed
for each group individually. In contrast to the ResNet-18 adopted by van
Amersfoort et al. that uses ReLLU nonlinearity, SiLU activations are uti-
lized within the EfficientNet. In this work, these are replaced with their
Lipschitz equivalent [186]

_ SiLU(x)  wo(x)

LipSiLU(x) = 11 = 11 (5.21)

where o(x) denotes the sigmoid function to restrict the Lipschitz constant
to fall below one and, hence, minimize the influence of the nonlinear acti-

vation on the overall SN of the residual model.

Equivalently to the process described above, ensembles of SVDKL models

are built by model averaging over five model instances.

(DE-CNN)

(DE-MCD-CNN)

[185] Gardner et al., “GPyTorch:
blackbox matrix-matrix Gaussian pro-
cess inference with GPU acceleration”
(2018)

(SVDKL)

(MCD-SVDKL)

(SN-SVDKL)

[186] Chen et al., “Residual flows for
invertible generative modeling” (2019)

(DE-SVDKL)
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[187] Bakshy et al., “AE: a domain-
agnostic platform for adaptive exper-
imentation” (2018)

5.2.8 Training protocol

All model instances are solely trained on the EyePACS training split using
the Adam optimizer for 200 epochs and from ten randomly drawn seeds,
i.e., random model initializations. PyTorch’s automatic mixed precision
package is exploited, i.e., native PyTorch layers use half precision when-
ever possible to speed up model training. Accordingly, ten deep ensembles
are created per model configuration as described above. Model conver-
gence at training time is tracked by measuring the macro AUROC on the
public EyePACS data split, reserving the private holdout split for model
testing. For the final model selection, the weights of the epoch with the

best validation AUROC score were restored.

A plateau scheduler is implemented to halve the learning rate after ten
epochs without improvement. Additionally, early stopping is used to termi-
nate the training of individual trials after 20 epochs without improvement
after a burn-in phase of 30 epochs. For MCD-based models, the number
of Monte Carlo samples drawn was set to 7' = 1 during training, T = 3
during validation, and T" = 32 at test time. Accordingly, 7' = 32 sam-
ples are drawn from the variational distribution of the SVDKL models for

prediction.

Similar to the class weighting applied by [167], [169], [170], the strong im-
balance of the DR severity in the EyePACS data is countered by randomly
sub- and oversampling the majority and minority classes, respectively, with
a probability corresponding to their inverse relative class frequency to en-
sure that rare classes are sufficiently represented in the training data. The
oversampling strategy is paired with online data augmentation according

to section 5.2.2 to additionally improve model generalization.

Model and optimization hyperparameters, i.e., learning rate, batch size,
L2-norm regularization, droprates, and SN coefficients, were optimized us-
ing the Ax-platform [187] toolbox. A separate optimization loop with a
maximum of 300 trials per method while optimizing for the macro AU-
ROC score was run. Each hyperparameter optimization loop was manu-
ally pruned if no significant improvement of the performance or reduction
of the spectral norm coefficients was observed. Whereas hyperparameter
optimization for non-spectral normed models used ten initial Sobol steps
followed by parameter selection based on Gaussian Process Expected Im-

provement, a multi-objective optimization was applied for spectral normed
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models to concurrently reduce the coefficients used to constrain the SN
while maximizing the AUROC score. Image augmentation parameters were

determined in an initial optimization loop using the baseline CNN.

5.2.9 Evaluation protocol

To verify the working hypothesis, i.e., that the deep kernel learning frame-
work can provide a benefit for uncertainty calibration while retaining high
diagnostic performance, each method is evaluated for the task of predicting
the five DR severity stages (sDR). As the calibration of uncertainty was
observed to be task-dependent [167], [168] and, in particular, the detection
of rDR is of high importance within the DR screening setting, the severity
grading is additionally generalized to this binary detection task. To this
end, the predictive probabilities for the sDR stages 2-4 are aggregated to
the rDR class (1) and stages 0-1 to the no rDR class (0), resulting in the
set of tasks

Q = {sDR,rDR}. (5.22)

In-distribution diagnostic performance

To analyze each method’s in-distribution predictive performance, the macro
AUROC, accuracy (ACC), NLL, and quadratically weighted Cohen’s kappa
(QWK) [188] are used, i.e., the set of ID diagnostic performance metrics is
defined as

Mipp = {AUROC, ACC, QWK, NLL}. (5.23)

In contrast to other standard metrics that are agnostic to the severity of
misclassifications, the QWK score is a measure of reliability. It is computed

based on Cohen’s kappa

=1- =2 (5.24)

which measures the inter-rater agreement by correcting the observed agree-
ment p, of predicted and target class labels by the agreement expected by

chance p. or the observed disagreement g, = 1 — p, and disagreement by

[188] Cohen, “Weighted kappa: nomi-
nal scale agreement provision for scaled
disagreement or partial credit.” (1968)

Cohen’s kappa
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weighted Cohen’s kappa

[189] Cohen, “A coefficient of agree-
ment for nominal scales” (1960)

[190] Naeini et al., “Obtaining well
calibrated probabilities using Bayesian
binning” (2015)

[191] Nadeem et al., “Accuracy-
rejection curves (arcs) for comparing
classification methods with a reject op-
tion” (2009)

expected calibration error

chance g. = 1 — p., respectively [188]. By replacing ¢, and ¢. with a

weighted disagreement ¢, and ¢/, the weighted Cohen’s kappa score

o _ | _ 2 VigPoij

, 5.25
q. > VijPeyij (5.25)

Ky =1
can be derived with weights v;;, the observed proportion of judgements
Do,ij» and the expected proportion of judgments by chance p.;; for the i, j-
th confusion matrix entry [188]. With applying quadratically increasing
weights based on the distance between observed and target DR severity
grade, severe misclassifications are increasingly penalized over small devi-
ations by using the QWK, i.e., it measures how well the predictions are
aligned with the true targets. While a perfect fit would yield a score of
Kw = 1, predicting by chance results in &, = 0 [188]. In general, the kappa
score can also be negative, i.e., k,, < 0, which relates to worse than random
guessing but is rarely encountered in practice [189]. Note that, in the re-
mainder of this work the QWK score will be expressed as percentage w.r.t.
to perfect agreement. When being applied to binary classification tasks it

reverts to computing the regular kappa score.

In-distribution uncertainty

Each method’s in-distribution uncertainty calibration is analyzed according
to the expected calibration error (ECE) [73], [190] and area under the
accuracy-rejection curve (AUARC) [191], for which the set of in-distribution

uncertainty metrics is defined as

Mip,y = {ECE, AUARCt, AUARCa}. (5.26)

The expected calibration error (ECE) summarizes the deviation of the ob-
served model confidence to a perfectly calibrated model in a single scalar
value. The score is based on the assumption that the observed accuracy
within a sample population matches the mean model confidence: For a
set of samples that are predicted with average confidence x the accuracy
within this subset is expected to be equal or at least very close to x. To
compute the score, test samples are sorted into b = 1,..., B equally spaced
bins B, = {X,Y} C D based on the model’s confidence for each sample.
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By computing the average confidence

conf(B,) = |B [ 2 Z maé(p y|x:,0) (5.27)
and the accuracy
acc(By) = Z 1 <arg maxy; = arg maxp(y | %3, )) (5.28)
|B | i€By, ceC

for each bin, the ECE is calculated as

B
ECE = bz:; |BNI?‘ lacc(Bp) — conf(By)] , (5.29)

with |Bp| being the number of samples in the b-th bin. The metric resembles

a quality measure for aleatoric uncertainty [192].

The AUARC metric, in contrast, mimics the screening setting that al-
lows referring patients to specialists for further inspection. In particular,
the model may refer samples with high uncertainty, i.e., samples that are
either difficult to distinguish from another class or novel to the model. To
compute the metric, the accuracy rejection curve is constructed by varying
the fraction of referred samples, whereby the most uncertain samples are
rejected and the accuracy is computed on the remaining test samples. The
score is then given by integrating the area under the obtained curve. An
ideal model would exhibit highly correlated uncertainty estimates to erro-
neous predictions [167], i.e., the score measures how well the uncertainty
estimates align with the model’s failures. Thus, the AUARC is expected
to increase with better uncertainty calibration. Since the epistemic uncer-
tainty would ideally only provide insights on the predictive uncertainty in
low-density or unpopulated regions of the data space, the total and aleatoric
predictive uncertainties are particularly relevant for the in-distribution task
setting. Therefore, two independent AUARC scores based on the total
(AUARCYt) and aleatoric uncertainty (AUARCa), are computed to esti-
mate the quality of the in-distribution uncertainty estimates. Following
Smith and Gal [91], as well as Band et al. [167], the total predictive un-

certainty from a given set of t = 1,...,T predictive samples p;(y|x,0) is

[192] Ries et al., “Comparing the
quality of neural network uncertainty
estimates for classification problems”
(2022)

area under the
accuracy-rejection curve

total uncertainty

[91] Smith and Gal, “Understanding
measures of uncertainty for adversar-
ial example detection” (2018)
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aleatoric uncertainty

epistemic uncertainty

computed as

T
Utot:”;'-[( [pe(y | %,0)]) = (TZ y|x,0)) (5.30)

which equals computing the entropy H of the expected predictive distri-
bution, i.e., the average over all samples obtained from the model. Analo-

gously, the aleatoric predictive uncertainty is defined as

1 T
Z“rl(pt y|x 0)) (5.31)

Unleat = IE-[H (pt(y | X, 0 }
t:1

i.e., the average entropy computed over all samples from the posterior.

Out-of-distribution analysis

Similar to the severity shift analysis conducted by Band et al. [167], this
chapter analyzes each method’s performance of how well OOD samples can
be detected in order to refer these to a specialist. Following the assump-
tion that a well-calibrated model is expected to exhibit high uncertainty
on unfamiliar samples that have not been part of the training data, each
model’s predictive uncertainty estimates for the OOD datasets are col-
lected. Subsequently, the performance for separating the OOD data from
the EyePACS data solely based on both the model’s predictive total (AU-
ROCt) and epistemic uncertainty estimates (AUROCe) measured through
the AUROC score is analyzed. To create a balanced classification setting,
the number of samples of the EyePACS and the OOD dataset are equalized
using random subsampling. Thereby, according to [91], [167], the epistemic

predictive uncertainty can be computed as

uepist = Z/{tot - ualeat

5.32
(Bl 1%.00) ~ By | o))

With this, the set of metrics to measure the OOD uncertainty calibration

is defined as
Moop = {AUROCt, AUROCe} . (5.33)
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5.2.10 Statistics

To assess if the observed in-distribution results in Table 5.1 and out-of-
distribution outcomes in Figure 5.7 show statistically significant differ-
ences, multiple analysis of variances (ANOVAs) are applied for each met-
ric individually. If statistically significant differences are found, post-hoc
two-sample t-tests are applied to compare any of the selected SVDKL-
based models to all baseline models. To estimate statistical significance of
each of the factor’s (SVDKL, SN, MCD, and DE) impact on the observed
model performance and uncertainty calibration in the ablation study, the
Wilcoxon signed-rank test is applied to the distribution of the performance
differences in Figure 5.8, independently for each factor and metric. In order
to correct for the occurrence of Type-I errors, the Bonferroni-Holm correc-
tion is applied for both test settings. A significance level of o = 0.05 is
used to determine statistical significance. For all tests, missing samples,
i.e., scores of the CNN and SN-CNN for the AUARCa, were dropped to

compute the respective tests.

5.3 Results

The outline of the subsequent results section for the conducted analysis is
structured as follows: In section 5.3.1 the effect of the individual exten-
sions applied to the SVDKL framework to the quality of the uncertainty
estimates for the sDR grading and rDR detection task are analyzed. Sub-
sequently, a comparison of the SVDKL framework to the baseline models
is presented in section 5.3.2 analyzing both the predictive performance as
well as the ID- and OOD uncertainty calibration. Finally, in section 5.3.3
the results of an ablation study are provided, which examines the impact
of the individual extensions and the deployed base model on the quality of

the uncertainty and the predictive performance.

5.3.1 Benefit of the deep kernel learning extensions

Firstly, the occurrence and mitigation of the pathological behavior, which
recent studies found to cause uncalibrated model uncertainty when using
the vanilla SVDKL model [44], [172]-[174], is explored. That is, the benefit
of the extensions proposed in the literature, i.e., combining SVDKL with a

spectral normed feature extractor, or a fully Bayesian approach exploiting
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MCD or DEs, on the aleatoric and epistemic uncertainty calibration is
analyzed on both ID and OOD data. To this end, the set

Ar = {SVDKL, SN-SVDKL, MCD-SVDKL,
SN-MCD-SVDKL, DE-SVDKL,
DE-SN-SVDKL, DE-MCD-SVDKL,
DE-SN-MCD-SVDKL}

(5.34)

of all combinations of SVDKL and the proposed extensions is introduced.

In-distribution uncertainty analysis To analyze the ID uncertainty
calibration, the average performance over all randomly seeded trials is com-
puted for each deep kernel learning model in A; evaluated for all configu-

rations contained in the set
DID X MID, U X Q (5.35)

The results of this analysis are displayed in Figure 5.6a.
From these, both the AUARCt and AUARCa can be observed to be in-

creasingly improved overall by the proposed extensions for the sDR grading
task throughout both ID datasets. As a result, the findings show the DE-
based SVDKL models extended with both SN and MCD (DE-SN-MCD-
SVDKL) to provide superior performance, i.e., a relative performance gain
of the AUARCt by about 12 % can be observed on the EyePACS test set
from the basic SVDKL model to using the fully extended model architec-
ture. Despite being less pronounced, this also applies to the binary rDR
detection task for which a relative performance gain of about 2% is ob-
servable for the same example as above. In contrast to this clear trend,
the measured ECE exhibits high noise making the interpretation difficult.
However, the sDR grading on the EyePACS dataset, a general trend of
the ECE score to perform worse with adding the extensions to the vanilla
SVDKL model can be observed. In contrast, for the rDR detection and on
the IDRiD data in general the ECE improves analogously to the AUARC,
except for the SN-SVDKL for the binary and the DE-SN-MCD-SVDKL for

the multiclass task.
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(a) In-distribution analysis on the EyePACS (H), and IDRiD (H) datasets. (b) Out-of-distribution analysis on the RFMID
(1) and SIIM-ISIC (1) datasets.

FIGURE 5.6: Relative performance [%] of the applied metrics comparing the SVDKL model variants, i.e.,
SVDKL (0), SN-SVDKL (1), MCD-SVDKL (2), SN-MCD-SVDKL (3), DE-SVDKL (4), DE-SN-SVDKL (5), DE-
MCD-SVDKL (6), and DE-SN-MCD-SVDKL (7) for both the sDR grading (top row) and rDR detection (bottom
row) task. For better visual clarity, the non-DE (left) and DE-based models (right) are grouped within each subplot.
For the ID analysis in (a), the displayed performance is normalized to the basic SVDKL’s (model 0) average per-
formance on the EyePACS data. Note that the negative ECE (NECE) is displayed and pairwise identical scales are
applied to the AUARC plots of the sDR and rDR task, as well as for the NECE for better comparison and to retain
the qualitative differences of the relative performance increases. For the OOD analysis in (b), the displayed OOD
detection performance is normalized to the AUROC performance corresponding to a random referral.

Exploiting MCD within the SVDKL’s feature extractor and deep
ensembling overall improves the ID uncertainty estimates for both
the sDR grading and rDR detection.

Out-of-distribution analysis To validate the alignment of uncertainty
to the occurrence of unfamiliar samples, the AUROC performance accord-
ing to section 5.2.9 is computed for discriminating the ID EyePACS data
from samples of the OOD datasets solely based on the captured uncertainty
estimates. To this end, analogously to the above analysis, the average per-
formance over all independent, randomly initialized trials is computed for

each SVDKL model in A; and evaluated for all configurations in the set
Doop x Moop % 9, (5.36)

for which the results are displayed in Figure 5.6b.
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(193] Krizhevsky, “Learning multiple
layers of features from tiny images”
(2009)

[194] Netzer et al., “Reading digits in
natural images with unsupervised fea-
ture learning” (2011)

A bad, near-random separation performance can be observed on aver-
age for using the vanilla SVDKL model to detect the REFMID samples
based on the total predictive uncertainty, i.e., the relative performance gain
over a random baseline falls below 11 %. This matches the findings of van
Amersfoort et al. [174], who equally observe random AUROC performance
for discriminating between ID (CIFAR10 [193]) and OOD (SVHN [194])
samples. Similarly, the results show a low detection performance for the
task-unrelated OOD samples of the SIIM-ISIC dataset, i.e., the relative
performance gain over a random baseline falls below 26 %. However, the
epistemic uncertainty-informed OOD detection performs significantly bet-
ter. In particular, for the sDR grading, an average relative performance
gain of approximately 53 % is observable for the detection of the SIIM-
ISIC data using the vanilla SVDKL model that corresponds to a detection
performance of AUROCe =~ 77 %, which is typically considered fairly good.
Nevertheless, when contrasting the ID samples with the task-related, near-
ID samples of the RFMID dataset, the model still does not detect the latter
with sufficient accuracy, which is particularly striking for the rDR detection

task setting.

The vanilla SVDKL model can only separate the ID from the task-
unrelated OOD samples of the SIIM-ISIC dataset and by using
the epistemic uncertainty estimates.

By adding the proposed extensions, a striking improvement of the OOD
detection can be observed for both the near-ID (RFMID) and OOD (SIIM-
ISIC) datasets, showing a better alignment of the observed uncertainty to
the occurrence of unfamiliar, unknown samples. Thereby the epistemic un-
certainty particularly benefits from the extended model architectures and
sampling schemes. With this, the observed relative performance gain over
a random referral for using the fully extended deep kernel learning model
(DE-SN-MCD-SVDKL) in the sDR grading setting is on average at 64 %
and 95 %, which corresponds to an AUROCe detection performance of the
RFMID and SIIM-ISIC samples of about 82 % and 98 %, respectively —a
very high, near-perfect detection rate. Similar to the findings from the
ID performance analysis, the OOD sample detection is impaired for using

spectral normed SVDKL models. Following this ambiguity, the best de-
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tection performance is achieved by extending the SVDKL model by using
MCD in combination with building deep ensembles (DE-MCD-SVDKL).

Extending the SVDKL framework with MCD and additionally
using DEs strikingly improves the detection performance of both
near-ID and OOD samples from the RFMID and the SIIM-ISIC
database, respectively.

5.3.2 Baseline comparison

The following experiment analyzes whether the deep kernel learning frame-
work can add value to the ID predictive performance and uncertainty cali-
bration as well as to the quality of the uncertainty estimates on the OOD
data in comparison to the selected baseline models as introduced in sec-
tion 5.2.6. As the vanilla SVDKL framework proved to lack a sufficient
quality of uncertainty calibration, the overall best-performing models us-
ing the introduced extensions to prevent the feature collapse pathology,
i.e., the DE-SN-MCD-SVDKL and DE-MCD-SVDKL, are selected for this
analysis. Hence, the set of models that are subject to this comparison is
defined as

Apir = {CNN, MCD-CNN, DE-CNN, DE-MCD-CNN,

5.37
DE-MCD-SVDKL, DE-SN-MCD-SVDKL}. (5:37)

In-distribution analysis The results for the ID baseline comparison are
presented in Table 5.1. These show the observed average performance over
all randomly seeded trials for each model in Aj; evaluated for each task

setting configuration in
Dip X (MID, pU MID, U) x Q (5.38)

with the standard deviation enclosed in brackets. As the deterministic
baseline CNN only provides a MAP estimate, the aleatoric and total un-
certainty computed according to (5.30) and (5.31) are identical. Therefore,
only the AUARCt performance is reported for the vanilla CNN.

The presented results show an overall higher mean performance for the
SVDKL-based models, which partially — most frequently for the AUROC,
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TABLE 5.1: Comparison of the ID test performance for the EyePACS and IDRiD dataset and both the DR severity
grading and the referable DR detection task. The highest mean values per metric are displayed in bold. Statistical
significance according to section 5.2.10 is indicated with an asterisk.

(a) Performance for the DR severity grading

, © @ AUROC[%]t ACC[%]1 QWK [%]1 NLL | ECE | AUARC [%] 1
n = A total aleatoric
CNN - - - 825(03) 637(54)  619(L5_ _ 0.912(0.036) _ 0.105(0.045) _75.5(45) - _
8 - v - 84.0 (0.3) 63.5 (3.5) 64.0 (1.6) 0.892 (0.030) 0.120 (0.023) 76.3 (2.8) 75.3 (2.8)
E BCNN - - V/ 84.9 (0.1) 68.1 (2.1) 66.6 (0.8) 0.843 (0.013) 0.144 (0.019) 80.7 (1.6) 78.8 (1.5)
e - v Y 85.3 (0.1) 65.8 (1.4) 66.9 (0.4) 0.855 (0.010) 0.140 (0.009) 79.3 (1.1) 77.2 (1.0)
= SVDKL - v v 854(0.1)* 678 (21)  67.6 (0.7)  0.855(0.012)  0.167 (0.015)  80.9 (1.2) 788 (1.2)
v v v 86.2(0.2)* 70.3(1.7) 70.0 (0.6)* 0.826 (0.017)  0.174 (0.014)  82.5 (0.8)* 80.5 (0.8)*
CNN - - - _818(16)  463(5.0)  725(35)_ _ 1.345(0.165) _ 0.197(0.045) 529 (38) - _
o - v - 81.9 (1.5) 43.7 (4.7) 72.5 (2.4) 1.275 (0.092) 0.190 (0.050) 52.1 (3.6) 51.4 (3.6)
£ BCNN - - V 84.3 (0.5) 48.2 (2.1) 74.7 (1.3) 1.093 (0.037) 0.105 (0.018) 58.7 (1.7) 55.9 (1.3)
a - v Y 83.5 (0.5) 45.9 (2.1) 74.8 (1.2) 1.156 (0.028) 0.139 (0.024) 55.6 (1.5) 53.8 (1.3)
SVDKL oV v 849 (03 46.9(1.3)  76.9 (1.3)* 1.093 (0.015)  0.121 (0.009)  57.4 (1.4)  55.7 (1.2)
v v v 85.0(0.7) 49.2 (1.8) 76.9 (1.1)* 1.091 (0.027)  0.126 (0.011)  59.0 (2.0) 56.8 (1.7)
(b) Performance for the referable DR detection task
» O @ AUROC[%4]1 ACC[%]1 QWK [%] 1 NLL | ECE | AUARC [%] 1
n = A total aleatoric
CNN - - - 888(08) 8.0(0.6) 625(1.9) _ 0298(0.013)  0.040(0.013) 954 (04) - _
& - - 90.0 (0.6) 89.7 (0.5)  64.9 (1.6)  0.285 (0.012)  0.054 (0.012)  96.1 (0.4)  96.0 (0.4)
£ BCNN - - v 906 (02) 90.2 (0.2)  65.8 (0.5)  0.271 (0.004)  0.038 (0.004)  96.7 (0.1)  96.5 (0.1)
g - v v 912(01) 90.5 (0.1)  67.0 (0.5)  0.270 (0.002)  0.052 (0.004)  96.9 (0.1)  96.7 (0.1)
A SVDKL - v v 911(01) 904 (0.1)  66.1(0.3) 0272 (0.003)  0.047 (0.004)  96.8 (0.1)  96.6 (0.1)
v v v 91.7 (0.2)* 90.8 (0.2)* 67.4 (0.8) 0.260 (0.005)* 0.038 (0.007) 97.0 (0.1)* 96.9 (0.1)*
CNN - - - _960(06) _89.7(0.9) 77.7(22)_ _ 0256 (0.015) _ 0.051 (0.010) _976(0.3) - _ __
a T/ T T 967 (05) 895 (1.0)  76.9 (2.3) 0254 (0.023)  0.071 (0.011)  97.6 (0.5)  97.6 (0.5)
Z BCNN - - v 968 (0.1) 90.0 (0.6)  78.4 (1.3)  0.227 (0.004)  0.052 (0.009)  98.2 (0.1)  98.1 (0.1)
A - v v 97.2(0.1) 895 (0.3) 77.0(0.8)  0.236(0.005)  0.072 (0.003)  98.0 (0.1)  97.9 (0.1)
VDKL - v v 97.2(0.1) 91.1 (0.7)* 80.7 (1.6)* 0.219 (0.007)* 0.056 (0.004)  98.3 (0.1)* 98.2 (0.1)
vV v 971(0.1) 90.4 (0.5)  79.3 (1.1)  0.219 (0.007)* 0.054 (0.006)  98.3 (0.1) 98.2 (0.1)

QWK, and AUARCt score —exhibits a statistically significant improve-
ment over all the compared baseline models. The largest gain is visible for
the QWK, which is exemplarily improved by 2.1 % for the sDR grading task
on the IDRiD data comparing the DE-SN-MCD-SVDKL to the DE-MCD-
CNN, suggesting that the predictions are more reliable. That is, they are
better aligned with the target severity grades, and severe misclassifications
are observed less frequently compared to the baselines. Similarly, the find-
ings show the AUARC performance for the sDR grading task to increase
by 1.8-1.9 % comparing the DE-SN-MCD-SVDKL to the best-performing
non-SVDKL model, i.e., the DE-CNN, on the EyePACS data. Thereby,

the AUARC computed based on the aleatoric uncertainty estimate can be
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observed to be slightly outperformed by the score based on the total model
uncertainty. This indicates that the additional epistemic uncertainty in-
formation inherent to the total uncertainty allows to more reliably identify
samples within the ID test data that are unfamiliar from model training.

As for the previous analysis, the ECE score shows an exception to this
trend: The lowest average calibration error is observed for using the vanilla
CNN and the error increases for the Bayesian baselines as well as the DKL-
based models for the sDR grading task on the EyePACS dataset. In con-
trast, the score decreases throughout the Bayesian baseline and SVDKL
models and with this is approximately on par or better with the vanilla
CNN for the rDR detection task and on the IDRiD dataset.

Interestingly, the findings show a highly reduced accuracy —and also a
significantly reduced AUARC performance —for the sDR grading on the
IDRiD data throughout the methods. Conversely, the QWK increases,
showing that all methods are more reliable and make less severe errors.
Both the baselines and SVDKLdkl-based models overall are observed to
generalize well, i.e., they are mostly agnostic to the imposed country and
target shifts by the IDRiD data particularly according to the AUROC and
QWK, and for the task generalization to the rDR detection. Furthermore,
the presented results outline that using either of the fully extended SVDKL-
based architectures can improve over the standard approximate Bayesian
CNNs, concerning both the diagnostic predictive performance and the un-
certainty calibration measured through the AUARC.

> The SVDKL-based models overall improve both the predictive
performance and uncertainty calibration w.r.t. the AUARC for
the sDR grading and rDR detection over all baselines.

Out-of-distribution analysis Analogously to the OOD analysis of the
previous section, in the following, each method’s ability to detect unfamil-
iar image samples by using the total and epistemic predictive uncertainty
estimates is evaluated. However, to get a more detailed measure of the
uncertainty calibration for the task-related OOD samples, i.e., if higher
uncertainty estimates are indeed related to samples containing unfamiliar
pathologies and diseases, two new subsets of the RFMID data are intro-
duced: The first set, the RFMID-O subset, only contains samples being
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affected by any other disease than DR. In contrast, the second subset,
which is referred to as RFMID-DR, only comprises subjects being healthy
or suffering from any DR but no other disease to closely mimic the ID task
data. In addition to the latter, also the IDRiD data is used within this
analysis. Both these sets serve as a baseline due to the data and task sim-
ilarity of the RFMID-DR, and IDRiD to the EyePACS training data, for
which, followingly, a lower performance compared to the semantically more
distant OOD datasets should be observed. The results of this analysis are
displayed in Figure 5.7 showing the average performance over all randomly
seeded trials t € T for each model in A;j; along with its standard deviation

evaluated for all possible configurations in

Doop x Moop x Q (5.39)
where
Doop = Doop U {RFMID-O, REMID-DR, IDRiD} . (5.40)
results on the SIIM-ISIC dataset As expected, both the approximate Bayesian CNNs as well as the selected

SVDKL models outperform the baseline CNN on the detection of samples
originating from the OOD SIIM-ISIC dataset within both the rDR detec-
tion and sDR grading for using the total uncertainty estimate. Thereby,
the approximate Bayesian CNNs provide a strong baseline and partly out-
perform the SVDKL models. However, this is less pronounced for the
epistemic uncertainty-based OOD detection, for which a near-perfect de-
tection rate within the sDR grading for both the baselines and SVDKL

results on the RFMID/IDRiD models is observed with an average AUROC > 94%. Referring to the more

datasets difficult task of distinguishing between the EyePACS and RFMID data,
both SVDKL models show a statistically significantly higher mean detec-
tion performance based on the epistemic uncertainty estimate (AUROCe),
i.e., an improvement of +2.0-3.0 % for the sDR grading and +1.8-3.1 % for
the rDR detection task is observed.

The extended SVDKL models are observed to improve the near-
ID detection w.r.t. the AUROCe score compared to the baselines
for both task settings.
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Ficure 5.7: AUROC performance on distinguishing
samples from the IDRiD (@), RFMID (i), and SIIM-
ISIC (1) to those of the EyePACS dataset based on the
total (left column) and epistemic uncertainty estimates
(right column) for the CNN (0), MCD-CNN (1), DE-
CNN (2), DE-MCD-CNN (3), DE-MCD-SVDKL (4),
and DE-SN-MCD-SVDKL (5) models and both the DR
severity grading (top row) and referable DR, detection
task (bottom row). The orange dashed and dotted lines
indicate the RFMID-O and RFMID-DR subsets, respec-
tively. The darker gray, horizontal lines indicate a usu-
ally considered fair performance (at AUROC=70 %) and
a random classification as being out-of-distribution or
not (at AUROC=50%). For better visual clarity, the
vanilla CNN (left), BNNs (middle), and SVDKL mod-
els (right) are grouped within each subplot. Please note
that these results are provided in Table 1 in the appendix
in more detail.

Overall, also the performance to detect the RFMID-O samples is ob-

served to be higher than for the full RFMID data, outlining that the models
are indeed more uncertain on the samples containing unfamiliar patholo-
gies related to other eye diseases than DR. Accordingly, a lower detection
performance for separating the EyePACS data from the REMID-DR, subset
and IDRiD data is observable, which both entail only healthy subjects and
patients with DR and, hence, resemble the original EyePACS task setting.
That is, the Bayesian models yield well-calibrated uncertainty estimates
that correlate well with the semantic distance to the training dataset.
Furthermore, comparing the two task settings in general, a higher de-
tection performance is observable for the sDR grading than for the rDR
detection task, which indicates that relevant information about the pre-
dictive uncertainty to separate ID and OOD samples from one another is
lost due to the binary aggregation as introduced in section 5.2.9. This is
becomes clear considering for instance the case that the model is uncertain
to which of the DR severity classes 2-4 a subject belongs, but is certain
that the subject does not belong to class 0 or 1. This information is lost by

the aggregation to the alternative hypothesis space for the rDR detection.

The aggregation to the binary task setting causes a loss of uncer-
tainty information highlighting the task-dependency of the pre-
dictive uncertainty.
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Interestingly, a fairly good AUROCe performance (AUROCe > 70 %)
is observed for the sDR grading on the IDRiD data across all methods,
i.e., the IDRiD samples can be separated quite well from the EyePACS
data. This indicates that higher uncertainty estimates are observed for the
IDRiD than for EyePACS data within the multiclass prediction setting.
Moreover, the findings for the IDRiD data show a worse-than-random de-
tection performance across all compared methods within the rDR detection
setting, i.e., all models equally are more confident on the IDRiD than for
the EyePACS data within the binary task setting. This indicates a strong
distribution shift between both datasets.

5.3.3 Ablation study

Following the previous analysis, the extended SVDKL framework proved to
add a benefit for both the diagnostic predictive performance and the qual-
ity of the uncertainty estimates. In particular, the fully extended SVDKL
models (DE-SN-MCD-SVDKL and DE-MCD-SVDKL) were observed to
provide valuable uncertainty estimates for detecting the near-ID samples
of the RFMID dataset. Nevertheless, the standard approximate Bayesian
CNNs yield a strong baseline performance. Hence, the following experi-
ment aims to disentangle the individual effects of the applied extensions on
the predictive performance and uncertainty calibration in comparison to
the performance improvement that can be achieved by using a deep kernel
learning-based BNN. To this end, every possible combination of SVDKL-
and CNN-based models with all the examined extensions are trained and
evaluated regarding their impact on the predictive performance and uncer-
tainty calibration following both the ID and OOD analysis of the previous
sections. In detail, first, the set of every possible combination of base model

and extension used in this analysis is defined as

Amnr = {CNN, SVDKL,

SN-CNN, SN-SVDKL,
(5.41)

DE-SN-MCD-CNN, DE-SN-MCD-SVDKL}.

Analogously to the preceding analyses, the average performance scores of all

randomly seeded trials for each model a € Ay denoted as P, are computed
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for every evaluation configuration

Z =0 X (ZID U ZOOD)7 (5.42)
where
Zip = Dip X (MID, p U Mip, u) (5.43)
and
Z00D = Doop X Moop- (5.44)

Subsequently, the average performance differences

Apz,a,a’ = Pz,a - Pz a’ (545)

)

are computed for paired trials that share the same evaluation configuration
2z € Z and opposing model configurations a and a’. Thereby, opposing
model configurations correspond to either using a CNN or SVDKL-based
model and dis- or enabling a single extension (SN, DE, MCD) while keep-
ing the other settings fixed. For instance, the differences according to
(5.45) are computed for the configurations (a,a’) = (SN-MCD-SVDKL,
SN-MCD-CNN) and (SN-MCD-SVDKL, SN-SVDKL). Finally, the differ-
ences Apz,aﬂ/ are aggregated over the task settings Q and test datasets
Dipjoop to a single, independent set of observed differences AP per met-
ric in Mp,0op and extension or base model, respectively. The observed
results are displayed in the box-violin plots in Figure 5.8.

The results of the ablation analysis show that building deep ensembles
has a high, significant impact that mostly exceeds the effect of every other
extension. The most striking impact can be observed within the OOD
detection task w.r.t. either the total or epistemic predictive uncertainty
estimates (AUROCt and AUROCe). Nonetheless, also the ID predictive
performance and model calibration measured through the AUARC signif-
icantly benefit from using deep ensembles. Similarly, but less pronounced,
adding MCD improves both the quality of uncertainty and predictive per-

formance throughout the metrics.

Adding MCD and exploiting DEs provide the strongest benefits
w.r.t. the predictive performance and the quality of both the 1D
and OOD uncertainty estimates.

effect of DEs and MCD
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FIGURE 5.8: Distribution of the performance differences between using a CNN or SVDKL base model and any model
with or without each main factor, i.e., SVDKL (1), SN (1)), MCD (@), and DE (1) for (a) the ID and (b) OOD
performance metrics. The results are displayed as box-violin plots, which show the median and IQR accompanied by
the violins kernel density estimation (KDE) covering the 1.5-IQR range. More extreme points are considered outliers
and are marked by a diamond (*). Statistical significance estimated according to section 5.2.10 is indicated with a star
above the respective violin. A higher delta indicates that adding the base model or extension improved the respective
metric. Note that the log-likelihood (LL) and negative ECE (NECE) are displayed in (a) for better comparison, and
that the H1 hypothesis of the reported statistical test corresponds to whether a statistically significant majority of
paired differences improves or decreases the individual performance metric w.r.t. the selected base model or extension.

effect of SN

effect of SVDKL

Again, as already observed within the previous analysis, the ECE imposes
an exception to this trend, i.e., only some trials that use deep ensembles
and MCD are observed to improve the model calibration according to the
ECE.

Similarly, a high proportion of the trials for which the feature extractor
is constrained to be approximately bi-Lipschitz by applying spectral nor-
malization shows a negative impact on the observed model performance.
Nonetheless, particularly for the AUROCe, the performance could be im-
proved within some trials by leveraging spectral normalization to enforce an
approximately bi-Lipschitz mapping in the feature extractor. This matches
the observations that, e.g., the DE-SN-MCD-SVDKL model outperforms
the DE-MCD-SVDKL model, but the SN-SVDKL model is observed to
perform overall worse than the vanilla SVDKL model.

Considering the impact of using SVDKL, overall similar proportions of
the conducted trials are observed to either decrease or improve the model
performance and uncertainty calibration. This suggests that —under spe-

cific circumstances — using the SVDKL approach seems to hurt the model
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performance compared to not using deep kernel learning at all. This can
be attributed to the fact that the vanilla SVDKL model performs at most
on par or worse compared to the baseline CNN. That is, examining the
results in more detail, the performance of the SVDKL model is decreased
by 0.4-22.9 % w.r.t the vanilla CNN for all ID metrics (Mip, p U Mip, v)
within the sDR grading on the EyePACS dataset. Nevertheless, the results
also show a substantial proportion of trials for which adding SVDKL is
observed to indeed induce a positive effect, e.g., for the ACC, QWK, NLL,
ECE, AUROCt, and AUROCe, which is in line with the findings of the

baseline comparison.

Despite being less pronounced, SVDKL is observed to provide
an additional benefit for both predictive performance and un-
certainty calibration when mitigating the feature collapse by the
analyzed extensions.

5.4 Discussion

In the following, the results and implications of the conducted experiments
and the observed results will be discussed, closely following the structure
of the results section. That is, first the findings of the analysis and cura-
tion of the feature collapse will be reviewed in section 5.4.1, followed by
a discussion on the practical benefits of the SVDKL framework on the ID
diagnostic performance as well as the ID and OOD uncertain calibration
in sections 5.4.2 and 5.4.3, respectively. Subsequently, the results of the
ablation study will be discussed in section 5.4.4, followed by a comment on
the distribution shift introduced by the resampling applied during model
training and a comparison of the achieved results to the related literature
in sections 5.4.5 and 5.4.6.

5.4.1 Analysis of the feature collapse pathology

The findings confirm the occurrence of the observed pathologies caused
by the vanilla SVDKL framework as observed in the literature [44], [172]-
[174]. This highlights the necessity of regularizing the CNN being used
as feature extractor within the SVDKL model to learn a distance-aware

mapping, either by enforcing the mapping to be approximate bi-Lipschitz or
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practical benefits of spectral
norm

ID predictive performance

by full Bayesian modeling, i.e., using a non-deterministic, Bayesian feature
mapping prior to the additive GP layer, which is utilized as the final layer
in the deep kernel learning model. Particularly, the latter was observed
to improve both the predictive performance as well as the ID and OOD
uncertainty calibration, i.e., a better alignment of the uncertainty estimates
with the model’s failures or the occurrence of OOD samples. Thereby, the
improvement is, expectedly, observed to be greater for the epistemic than
for the aleatoric uncertainty estimates, because both building DEs and
applying MCD aim to improve model diversity —the former by exploiting
multi-modality of the complex posterior, the latter by capturing local model
uncertainty. Similarly, minimizing the spectral norm guides the model
towardss learning a distance-aware latent space representation. That is,
all three methods are designed to prevent the mapping of OOD samples
within the same region as ID samples. Nevertheless, by using the extended
architectures over the vanilla SVDKL model also the aleatoric uncertainty

estimates could be improved within the conducted experiments.

In contrast to the consistent performance improvement observed from
using MCD and DE, the findings revealed the approximate bi-Lipschitz
models by means of constraining the spectral norm to exhibit instabili-
ties, and only sporadic improvements in the quality of uncertainty could be
achieved. With this, the results —unexpectedly — do not fully support the
overall positive findings of Liu et al. [173]. This, on the one hand, might
be caused by the method’s lack of guarantees for a true bi-Lipschitz map-
ping [174], i.e., too loose bounds on the spectral norm might not sufficiently
prevent the feature collapse and, followingly, could cause arbitrary wrong
uncertainty estimates. On the other hand, bounds too tight could cause
unreliable convergence by preventing the feature extractor from learning a
meaningful feature mapping. In accordance with this, the bound on the
spectral norm emerged to be difficult to optimize potentially leading to the

unreliable prevention of the feature collapse pathologies.

5.4.2 In-distribution performance and uncertainty
calibration

Regarding the findings of the in-distribution analysis in section 5.3.2, the
fully extended deep kernel learning-based architectures, i.e., the DE-SN-
MCD-SVDKL and DE-MCD-SVDKIL, are observed to mostly outperform
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or be at least on par with both the deterministic and the Bayesian baseline
models across all settings and metrics analyzed. Furthermore, the findings
highlight the model’s ability to generalize well for distribution shifts and
different task settings. As this work focusses on evaluating the feasibility
and benefit of deep kernel learning for the DR grading task over standard
BNNs and vanilla CNNs, competing with the state-of-the-art diagnostic
performance is beyond the scope of this work. As a result, both the base-
line and SVDKL models do not achieve the performance reported in, e.g.,
[168]. Nonetheless, the observed diagnostic performance for the detection
of rDR is close to par with the results presented in [167], [170]. Moreover,
the findings show the SVDKL framework to improve the diagnostic perfor-
mance over the presented baselines, and the performance of the former is
expected to improve accordingly by applying standard scaling methods for
deep learning such as using high-resolution images, more capacitive base
models [151], and exploiting more sophisticated training schemes, e.g., ex-
ploiting binocular imaging [195]. Thereby, particularly the former could
be expected to significantly improve the diagnostic performance accord-
ing to [151], [161], [167]-[170], [196]. Additionally, although more capaci-
tive backbones significantly increase the computational complexity and are
more likely to overfit, the observed improvements of the extended SVDKL
approach are expected to transfer to using models with higher depth and
width, e.g., the EfficientNet-B7 [151], [197] or EfficientNetV2-L [159] given

well-tuned hyperparameters.

The in-distribution uncertainty calibration, i.e., whether the predictive
uncertainty is a reliable indicator for potential model failures, is considered
an important model property that can improve usability and applicability
in clinical practice by improving trust in the model’s output. There is no
single metric to comprehensively quantify the quality of the uncertainty
calibration [105], which is additionally hampered by the common lack of a
proper gold standard to compare with. The ECE is a frequently used metric
for quantifying uncertainty calibration, which approximates the uncertainty

of the model by the maximum confidence of the predictive distribution.

However, the ambiguous results obtained for the ECE in this analysis
limit a profound and reliable conclusion on the model calibration based on
this specific score. A potential explanation for these ambiguities may be
the sensitivity to the model temperature, static binning scheme, and the

class agnosticism of the metric, which in previous studies were found to
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result in an unreliable approximation to the calibration error [95], [105],
[198]. Whereas more sophisticated variants of the ECE, which exemplarily
use adaptive binning and class-specific approaches [198], promise to mit-
igate the latter issues, other literature suggests that the metric can still
yield a biased estimate [105]. To mitigate the metric’s sensitivity to the
model temperature, Ashukha et al. [105] propose to compare the ECE after
applying temperature scaling [73]. However, the optimal model tempera-
ture obtained for a specific dataset was shown to unreliably generalize to
distribution shifted data [95] suggesting that the practical utility of the
temperature scaling procedure is limited to ID data. Moreover, as the
ECE does not account for the model’s full uncertainty of the predictive
distribution, the metric might underestimate model uncertainty. In con-
trast, the AUARC is less sensitive to the model temperature [105] when
being computed w.r.t. the fraction of referred samples instead of rejecting
samples based on a fixed threshold as conducted in this work, and taking
the full predictive distribution into account. Hence, the AUARC metric
might be a more honest estimate of the model’s uncertainty calibration.
Consequently, it would be of great interest to evaluate the model calibra-
tion by means of more sophisticated metrics, e.g., the expected uncertainty
calibration (UCE) [199], in addition to the AUARC metric in future work.

Nonetheless, some general trends could be observed regarding the un-
certainty calibration according to the ECE: At first sight, considering the
sDR grading setting on the EyePACS dataset, the findings imply the predic-
tive confidence to align worse with the actual expected diagnostic accuracy
throughout the Bayesian baseline and SVDKL models compared to the
vanilla, baseline CNN, particularly, for combining several of the analyzed
extensions. At second sight, the calibration error of all Bayesian models
observed under the task generalization to the rDR detection and on the
IDRiD data set decreases overall with adding the extensions. This finally
leads to a calibration error of the deep kernel learning-based models that is
on par compared to the deterministic baseline CNN and the approximate

BNNSs, respectively, when being applied to shifted data and task settings.

Moreover, the results of this work, indeed, show an improvement of the ID
uncertainty calibration measured through the AUARC, particularly, for us-
ing the extended SVDKL models, showing that a higher model uncertainty
is positively associated with an increased probability of misclassification.
Through the similarity of the AUARC metric and the AvUC loss proposed
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in [200], analyzing the benefit of combining the latter with the SVDKL
framework on the uncertainty calibration would be of great interest for

future work.

5.4.3 Out-of-distribution uncertainty calibration

Moreover, the results show a significant improvement in the near-ID de-
tection performance, i.e., on the RFMID dataset, by using the extended
SVDKL models. This demonstrates the deep kernel learning framework
to be more capable of detecting minor distribution shifts compared to the
approximate Bayesian CNNs and highlights the methods’s high sensitiv-
ity to subtle alterations in the input space that can be measured through
the model’s epistemic uncertainty estimates. With this, the findings pro-
pose the extended deep kernel learning-based models to be more likely to
recognize their lack of knowledge when being applied to the task of DR
grading, which, as a result, could minimize the risk of missing pathologies
the network was not trained to detect. This is of particular importance in
a setting where grading is conducted in primary care, as specialists may
only be involved upon request —as indicated either by the model’s uncer-
tainty or when any referable DR is detected. Otherwise, patients would
be prevented from receiving necessary therapeutic interventions to avert
other potentially sight-threatening diseases from progressing. Similar to
the findings by Hiillermeier et al. [92], the epistemic uncertainty in the re-
sults presented in section 5.3.2 was observed to be task-dependent, i.e., it
partly collapses due to the aggregation from the sDR grading to the rDR
detection task setting, to some extent impairing the model’s ability to sep-
arate between ID and OOD samples. This emphasizes the importance of
expanding the scope of the DR screening to additionally encompass the task
of sDR grading, which not only facilitates disease monitoring and triaging
patients for referral but also allows more informed decision-making and
enhances clinical usability [168], [201].

5.4.4 Ablation study

As was shown in the ablation study in section 5.3.3, exploiting model en-
sembling was observed to particularly improve the OOD detection perfor-
mance. This overall higher performance could be attributed to the fact

that the DEs can more effectively capture different modes of the posterior
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than the single-instance, Bayesian CNNs analyzed in this work, aligning the
observations of Wilson et al. [104]. In contrast, both MCD and SVDKL,
either can be interpreted as or are VI methods, respectively, which allows
these two methods to solely capture a single mode of the model’s true,
most likely complex and multimodal posterior adding only marginal infor-
mation gain to the BMA. Nonetheless, both the MCD and the extended
SVDKL framework were observed to provide an additional benefit for the

uncertainty calibration, particularly in combination with building DEs.

5.4.5 Prior probability shift

Note that throughout the experiments, oversampling was applied to bal-
ance the class distribution of the EyePACS training data. From a Bayesian
perspective, this relates to assuming a uniform, uninformative prior over
the classes mimicking the setting where the prevalence of the DR severity
in a patient population is completely unknown. Despite the model selection
being conducted on the originally distributed validation data, this distri-
bution shift could lead to under- and overconfident predictions for majority
and minority classes impairing the uncertainty calibration on the test data.
However, prior probability shifts most likely occur naturally due to a mis-
match of the prevalence in the training and test data to the real-world
prevalence encountered in clinical practice, e.g., due to regional differences
or whether patients suffer from T1DM or T2DM as discussed in section 3.2.
Hence, the experimental setup of this work mimics this setting and analyzes
each model’s ability to cope with such a prior probability shift.

However, in case the prevalence for sDR levels in the target population
that the model is applied to is known a priori, the posterior probability
distribution could be corrected accordingly to recalibrate the model for
practical use and improve calibration [32, p. 146]. This can be achieved by
rescaling the posterior

dy

Poly | ¥ Xoy) = - —

(5.46)
ceC Qy=c

where .
oy | x5 X y)ps(y)

q =
! po(y)
and pp(y) and pj(y) denote the estimated prior probabilities of the classes

(5.47)

in the training D and the domain data D, respectively. Moreover, to im-
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prove the model’s internally learned estimate of the prior probability, the
architecture could be extended to include clinical data such as medical his-
tory (e.g., hyperglycemia, blood pressure) or the type and duration of DM
the patient suffers from, which the model could exploit to adjust the inter-
nal prior probability of the individual classes accordingly — given sufficient

training data accurately modeling these prior probability shifts.

5.4.6 Literature comparison

Comparing the obtained quality of the ID and OOD uncertainty estimates
to the related literature is difficult due to the lack of a standardized, quan-
titative evaluation protocol. Frequently only qualitative results are pro-
vided that highlight the overall importance and value of using Bayesian
approaches, i.e., to enable DL models to communicate their uncertainty,
for example, by comparing erroneous to correct predictions, or ID to OOD
samples through visualizing the distributions of the observed uncertainty
estimates, or by reporting the observed AUROC and QWK performance
scores for distinct fractions of referred patients. For instance, Leibig et
al. [170] display accuracy- and AUROC rejection-curves and provide indi-
vidual AUROC scores for referral rates of 0%, 10 %, 20 %, and 30 %, but do
not measure the area under the curve that would allow a quantitative com-
parison. They, in addition, show the distribution of observed uncertainty
estimates collected for the ID EyePACS and the OOD ImageNet dataset
using KDE plots but do not provide quantitative analyses of the detection
performance of OOD samples. Equivalently, Jaskari et al. [168] only report
AUROC and QWK scores for referring 0%, 30 %, and 50 % of the images
but spare a holistic summary statistic. Similarly, Aurajo et al. [169] show
that high uncertainty estimates occur more frequently for misclassified ex-
amples using an average uncertainty matrix. They, in addition, provide
QWK-rejection-curves for the ID validation data but also do not compute
the area under the curve, rendering a quantitative comparison difficult.

In contrast, Band et al. [167] report quantitative results for the AUARC
performance and the ECE score for the rDR detection task on the Eye-
PACS dataset, which were best for using a ResNet-50-based, approximate
Bayesian model that is similar to the DE-MCD-CNN used in this work.
Whereas the observed ECE of (0.02 £ 0.00) is slightly lower than for the
DE-SN-MCD-SVDKL model analyzed in this work that achieves a score of
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(0.038£0.007) , the model proposed by Band et al. performs very similarly
w.r.t. the AUARC metric, i.e., (97.3 +0.0) % vs. (97.0 + 0.1) %. However,
Band et al. compute the AUARC score by varying the referral threshold
instead of the fraction of referred samples, which renders the AUARC score
more sensitive to the model temperature [105] and limits the comparability
to the AUARC results reported within this chapter.

5.5 Conclusion and outlook

Because deterministic DNNs generally do not provide calibrated aleatoric
and no epistemic uncertainty information, and standard approximate BNNs
also often yield insufficient uncertainty calibration, this chapter analyzed
whether the promising deep kernel learning framework can improve the
predictive performance and particularly, the quality of the uncertainty
on the task of sDR grading and rDR detection. This method combines
DNNs with GPs into an end-to-end trainable model. The conducted ex-
periments confirm the occurrence of the feature collapse of SVDKL-based
models as observed in literature and highlight the need to adapt, e.g., a
fully Bayesian feature extractor into the deep kernel learning framework
to obtain well-calibrated ID and OOD uncertainty estimates [44], [172].
Moreover, the findings show that using the proposed model, i.e., a fusion
of the EfficientNet-B0O and the extended SVDKL approach, yields a gain
in both uncertainty calibration and diagnostic predictive performance over
using either of the proposed approximate Bayesian CNNs. Although the
use of DEs and MCD alone already provide simple and fast improvements
in uncertainty calibration, additionally deploying deep kernel learning with
proper extensions and tuning can again improve those results, albeit at the
expense of increased computational complexity. That is, the DKL layer
adds 5.32M parameters and about 580 MB GPU-RAM but only about
4 ms inference time on an Nvidia GeForce RTX 3090 over using the plain
EfficientNet-B0, i.e., with using 1280 final features and, hence, GPs in the
additive layer.

Particularly, for safety-critical medical applications, such as the DR screen-
ing and grading settings analyzed in this work, that require the DL model to
have a good understanding of its limitations, the additional application of
deep kernel learning turns out to be beneficial, as it provides a better near-

ID detection performance through the epistemic uncertainty estimates. The
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results also highlight the benefit of disentangling epistemic from aleatoric
uncertainty in order to detect unfamiliar inputs. Along with the improved
reliability measured through the QWK and the observed good alignment
of the ID uncertainty with the occurrence of erroneous predictions, the
findings show the potential of the extended, EfficientNet-B0O-based SVDKL
models to reduce the risk of severe misclassification and missing pathologies
or diseases in a referral-based screening setting that could otherwise have
been detected by a specialist. Moreover, the results suggest an additional
improvement in the diagnostic performance, which remains to be analyzed
in more detail on real clinical data in future research. Furthermore, im-
proving the uncertainty calibration of SVDKL model with more sophis-
ticated and less computationally demanding methods than using Monte
Carlo dropout and deep ensembling to create fully Bayesian SVDKL mod-
els would be of great interest to enhance the practical benefits and facilitate

translation into clinical application.
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concept-based explanations

Following the introduction of the two independent approaches in the previ-
ous Chapters 4 and 5 aiming to provide fine-grained segmentation masks of
DR-related biomarkers and improving uncertainty calibration w.r.t. the DR
severity prediction, this chapter aims to join these approaches into a trans-
parent, inherently interpretable, uncertainty-aware, and lightweight DNN.
In section 6.1, the motivation and the most important related work to this
approach are discussed, followed by section 6.2.1, which provides a descrip-
tion of the model architecture and the experimental setup for the analysis
of the proposed approach. Sections 6.3 and 6.4 conclude this chapter by

presenting and discussing the results of the conducted analysis.

6.1 Motivation and related work

As discussed in more detail in Chapter 2, standard DNNs are typically
black-boxes, i.e., it is difficult, if not impossible, to trace their reasoning in
order to explain decisions to users and patients. Moreover, as discussed in
section 2.5, the most reliable and compelling approach to build explainable
DL models to date is to use ante-hoc methods, i.e., adapted DNN ar-
chitectures that inherently provide explanations for their decisions rather
than searching post-hoc for explanations via, e.g., saliency methods, as
the latter often are uninformative, incorrect, and imprecise. A promis-
ing approach to develop such inherently interpretable DNNs is to exploit
concept-based learning through the use of the CBM design [36]. As outlined
in section 2.5.4, this entails training the model to extract domain-expert-
defined concepts as an intermediate bottleneck representation upon which
the final decision is derived. Due to constraining the prediction to be de-
rived from this bottleneck representation, the predicted concepts can be

used as an explanation for the model and its decisions. Moreover, the end-

[36] Koh et al., “Concept bottleneck
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to-end model design allows joint optimization of the concept representation
and final model prediction. As a result, the CBM promises to yield a com-
petitive performance to vanilla DNNs, while mitigating shortcut learning
due to the bottleneck design [36].

The idea of the CBM design is very similar to the method proposed by
Abramoff et al. [10]. They train a set of Alexnet [5] and VGG [61] inspired
CNNs to detect the presence of DR-related lesions such as HEs, HXs, NVs
in retinal color fundus images based on which two random forest classifiers
are optimized to predict the presence of rDR and vtDR. Thereby, the de-
coupling of first detecting DR-related lesions from the final classification
task, i.e., using the intermediate representation entailing information about
the presence of the lesions as some kind of bottleneck, is primarily moti-
vated to prevent the model from shortcut learning and, hence, improving
model generalization.

Similarly, De Fauw et al. [30] decouple the prediction of a generic referral
suggestion from the segmentation of anatomic and pathologic biomarkers
related to different retinal diseases in optical coherence tomography (OCT)
images in order to render the pipeline to be seamlessly adaptable to different
OCT devices. To this end, they exploit a two-stage pipeline of a U-Net
and a custom CNN trained for the segmentation and classification tasks,
respectively. Thereby the latter is optimized on the segmentation masks
derived from the pretrained segmentation model so that the classifier is
effectively independent of the input. Thus, updating the segmentation
model would be sufficient to adapt the pipeline to shifted input data, which
facilitates generalization to, for instance, new scanner types.

Quellec et al. [35] propose to learn a set of saliency maps for DR severity
classification in an ante-hoc manner through a weakly-supervised approach
to circumvent relying on post-hoc saliency methods due to their ambigu-
ous explanations. To this end, they propose a U-Net-like encoder-decoder
network including an additional, shallow classification head attached to
the high-resolution output feature maps retrieved from the decoder of the
network. Differing from the vanilla CBM design, these feature maps be-
ing used as explanations are not explicitly constrained to match predefined
concepts such as the individual DR-related lesions, i.e., they are not trained
in a supervised manner. Instead, the model is optimized by solely exploit-
ing image-level annotations. As a result, similar to post-hoc saliency maps,

their model’s explanations lack the precision and tied interpretation w.r.t.
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the presence of the DR-related pathologies as, e.g, can be seen in [35, Fig-
ure 5|, which is a key aspect of the CBM design. This becomes evident
by comparing the quality of the provided explanations to the target anno-
tations in the IDRiD dataset, which at most achieve an average AUPRC
score < 20%. This is significantly inferior compared to the performance
observed for the U2-Net, e.g., in Table 4.5.

Contrasting the CBM design, Wei et al. [135] propose a model archi-
tecture with two parallel branches for retinal lesion segmentation and DR
severity classification, respectively. They implement a U-Net-inspired seg-
mentation model and an InceptionV3 [202] as classifier, whereby a set of
attention masks derived from the lesion segmentation masks is multiplied
to the feature maps of the classifier prior to applying the final linear layer
of the InceptionV3. Similar to this approach, Zhou et al. [138] propose to
use a U-Net-based segmentation model to derive lesion segmentation masks.
These are then used as attention to guide another NN for DR severity grad-
ing. Although the final model prediction is derived by exploiting the lesion
segmentations through the attention mechanisms, the CNN-classifiers of
both methods can learn to extract features from the input image indepen-
dent of the segmentation model. Hence, the final decision is not as tightly
coupled to the presence of the lesions as in the CBM design impairing the

expressiveness of the model’s explanations.

Inspired by the above-discussed methods, this chapter aims to investi-
gate the feasibility of the inherently interpretable CBM and a newly pro-
posed sCBM architecture for the task of DR severity grading from retinal
color fundus images. These model designs promise to tightly couple the
provided lesion segmentation masks to the derived DR severity prediction
and, hence, allow exploiting the fine-grained segmentation masks to be
used as an explanation for the final decision. Moreover, by adopting the
lightweight U2-Net and the uncertainty-aware SVDKL approach analyzed
in the previous sections, this work aims to additionally render the CBM and
sCBM architectures uncertainty-aware and lightweight. While in general
both these models could be trained in an end-to-end manner, the prelimi-
nary analysis conducted in this thesis focuses on assessing the performance
of an SVDKL classification head stacked upon a fixed, pre-trained U?-Net
to examine the overall feasibility of the concept-based approach leaving the

evaluation of the joint model performance for future work.
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6.2 Methods

In the following, first the CBM method and the relaxed sCBM design will
be introduced in the context of adopting the SVDKL-framework and the
U2-Net as the model’s backbone, followed by a description of the experi-

mental setup, the model implementation, and the evaluation protocol.

6.2.1 Concept bottleneck models

To build an inherently interpretable model according to the CBM [36] archi-
tecture, the DR severity prediction has to be computed solely based on a set
of predefined concepts, i.e., the final segmentation masks s € S produced
by the U2-Net, which will be used as segmentation backbone in this analy-
sis. As introduced in Chapter 4, the mapping of the U%-Net from the input
image to the segmentation masks is defined as ho fg: X — Z — S — S,
where X, Z, S , and S denote the input images, latent multi-scale features,
saliency maps, and final segmentation masks of the U2-Net, respectively.!?
Please refer to section 4.2.3 and Figure 4.3 for details on the U?-Net ar-
chitecture. Based on these lesion maps, a classifier fy : § — ) can be
optimized to predict the DR severity grades y € ), i.e., the CBM is de-

fined as
(h) (fs) (fy)

feBM: X = Z =8 =Y. (6.1)
This design forces the classifier to derive a prediction that solely relies on
the learned concepts given by the lesion segmentation masks allowing the
latter to be used as an explanation for the predicted sDR grade.

However, CBMs were observed to underperform in case the true con-
cepts are not comprehensive or do not perfectly align with the main task
compared to vanilla CNNs. Hence, a sufficiently comprehensive set of
DR-related biomarkers is essential to achieve a sufficient diagnostic per-
formance. This would have to particularly comprise lesions related to more
severe stages of DR in addition to the lesions entailed within the IDRiD
dataset. That is, a dataset including additional annotations for pathologic
areas affected, e.g., by NVs, VB, and IRMA is expected to be essential to
achieve the most precise DR severity grading system [38]. Moreover, solely
relying on the fixed set of concepts, i.e., the presence of the DR-related
lesions, might impair the detection of, e.g., unknown pathologies that do

not align with the predefined concepts or images with insufficient quality
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as the corresponding variations in the input image might be suppressed
by the bottleneck due to being irrelevant w.r.t. the actual segmentation.
consequently, it might not be uniquely conclusive whether an, e.g., empty
set of segmentation masks indicates a healthy sample, i.e., no lesions are
present in the image, or an unfamiliar OOD input for which the segmenta-
tion model fails to predict meaningful segmentation masks, which is highly
undesirable w.r.t. patient security. Whereas the latter might to some extent
be manageable by a full Bayesian modeling of the segmentation model, the

concept incompleteness is still expected to limit the diagnostic performance.

Hence, particularly in the case of insufficiently annotated data, slightly
relaxing the bottleneck constraint provides a suitable alternative. This
can be achieved by allowing the classifier to access the latent multi-scale
features z € Z of the U?-Net on which the final segmentation masks are
derived — similar to the underlying idea of the concept-learning framework
proposed by Sarkar et al. [37]. That is, to optimize a shallow classifier
fy + Z = Y to derive the prediction for the DR severity grade. With this,
the sCBM design is defined as

(fo)
() S

s X —= Z . 6.2

fscBM §) ¥ (6.2)

Due to the deep supervision applied to the saliency maps § € S and the
shallow mapping fs : £ — S — S solely consists of two sequential lay-
ers of 1 x 1 convolutions, the latent features z can be viewed as a set of
visually-interpretable and weakly-supervised soft concepts. Moreover, the
hard sharing of these soft concepts between fs and fy, ensures that the
segmentation masks s € § could still be used as explanations by means of
visualizing present biomarkers that contributed to the predicted DR sever-
ity score, albeit with a slightly weakened class-concept relation. That is, the
expressiveness of the provided explanation would be diminished in case the
sCBM learns to encode some soft concepts z; € z that do not contribute to
the segmentation of the set of biomarkers but are important markers for a
precise classification of the DR severity. However, this additional flexibility
would in turn not only improve the diagnostic performance but also enable
the classifier fy to better recognize unfamiliar inputs and communicate

their occurrence by means of increased predictive uncertainty.

soft-concept bottleneck model

[37] Sarkar et al., “A framework for
learning ante-hoc explainable models
via concepts” (2022)
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FIGURE 6.1: Example image from the EyePACS [140] dataset along with the extracted segmentation masks s € S
and an excerpt from the multi-scale feature maps z € Z. The top row shows the input image, the MA, HE, HX, and
CWS segmentation masks from left to right. The bottom row shows six selected feature maps contained in z.

6.2.2 Study data and preprocessing

For the analysis conducted in this chapter, the EyePACS dataset is used
for both model training and evaluation. First, the samples of the dataset
are cropped to a minimum-sized square containing the visible retinal disc
as described in section 5.2.2. Afterwards, the images are preprocessed fol-
lowing the procedure described in section 4.2.2, i.e., images are resized
to a resolution of 512 x 512 pixels prior to applying CLAHE and image
standardization. Finally, both the segmentation masks s € S and multi-
scale feature maps z € Z are extracted for all samples comprised in the
EyePACS dataset. They are obtained by feeding the images through each
of the ten U?-Net-S models used in multi-task mode, which in Chapter 4
were trained on the IDRiD dataset. Figure 6.1 exemplarily shows the seg-
mentation masks along with a selected excerpt of the multi-scale feature
maps for an image of the EyePACS dataset retrieved from one of the pre-
trained U%-Net-S models. No additional data augmentation is applied to

the extracted segmentation masks and feature maps for model training.

To enrich the feature representation, the segmentation masks of all four
lesions are both globally average- and max-pooled and concatenated to a
single feature vector s’ € S’ ¢ RY*®. The multi-scale feature maps are

max-pooled and concatenated to a low-resolution feature vector 2’ € Z’ C
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RN X192x16x16 = Thereby, the spatial resolution corresponds to the deepest
feature maps retrieved from the bottleneck RSU block in the U?-Net-S for
an input image of resolution 512 x 512. This leads to each ¢ = 1,...,10

datasets
i (4)
Diyepacs—s and  Dygeppcs_zr (6.3)

for the set comprising the pooled segmentation masks and the multi-scale
feature maps, respectively. Each of these datasets is split into a training,
validation, and test set adhering to the original data split of the EyePACS

dataset as described in section 5.2.1.

6.2.3 Experimental setup

Implementation As for the analyses conducted in Chapters 4 and 5, all
models are implemented and trained using the PyTorch [149] and GPy-
Torch [185] libraries. As a baseline, a CBM with a simple logistic regressor
is implemented, i.e. a fully connected layer with subsequent softmax acti-
vation is applied to the resolution-compressed features obtained from the
segmentation masks, i.e., the Dgyepacs—s dataset. In line with the ex-
periments in the previous chapter on improving the uncertainty calibration
and awareness, an SVDKL-CBM is set up. Thereby, the shallow classi-
fier is chosen as the additive GP layer as introduced in section 5.2.4 with

= 8 GPs. Note that this joint model configuration equals a SVDKL
model w.r.t. the DR grading and, hence, will referred to as SVDKL-CBM.
Equally to the experimental setup of the previous chapter, the CBM and
the SVDKL-CBM are optimized using the NLL and approximate ELBO
objectives introduced in (5.19) and (5.20), respectively.

The sCBM utilizes the Dgypacs—z dataset. To allow the model to
extract meaningful features and exploit spatial information from the low-
resolution feature maps, firstly, a shallow CNN is implemented. This net-
work consists of two sequentially applied MBC blocks followed by a 1 x 1
convolution, which throughout keeps the number of features identical to
that of the input features, i.e., no feature expansion or reduction is ap-
plied. Afterwards—equally to the implementation of the CBM —a base-
line sCBM and a SVDKL-sCBM model are obtained by optimizing a logistic
regressor and an additive GP layer with J = 192 GPs upon the globally

average-pooled output features of this shallow network, respectively.

[149] Paszke et al., “PyTorch: an im-
perative style, high-performance deep
learning library” (2019)

[185] Gardner et al, “GPyTorch:
blackbox matrix-matrix Gaussian pro-
cess inference with GPU acceleration”
(2018)

(CBM)

(SVDKL-CBM)

(sCBM)
(SVDKL-sCBM)
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CBM and SVDKL-CBM training

sCBM and SVDKL-sCBM
training

All GPs are set up as in section 5.2.7, i.e., with using 64 inducing points
and grid bounds set to (—10,10). Following the observations of the pre-
vious chapter, MCD is applied for the SVDKL-sCBM to learn a distance-
preserving feature representation within the shallow network and retain a
good uncertainty awareness. To this end, stochastic depth as described in

section 5.2.6 is applied to the residual connections of the MBC blocks.

Training Closely in line with the experiments described in section 5.2.8,
all model instances are optimized using the Adam optimizer, PyTorch’s
automatic mixed precision package, and by balancing the class distribu-
tion via randomly sampling the classes in the training set with probability
corresponding to their inverse relative class frequency. All training hyper-
parameters were chosen based on a simple, manual grid search. For each
dataset Dl(ai;ep ACs_s. Obtained from one of the different U2-Net-S models, a
single CBM and SVDKL-CBM is trained, respectively, resulting in a total
of ten trials per model. Equally, for each set Dg}),ep ACs_z a single sCBM
and SVDKL-sCBM is optimized.

Both the CBM and SVDKL-CBM are trained for a maximum number of
80 epochs with a batch size of 2048 samples. After ten initial epochs of reg-
ular training, early stopping is used to terminate model optimization after
20 epochs without improvement w.r.t. the validation performance measured
through the AUROC-macro on the EyePACS’s public test dataset. A learn-
ing rate of le—3 is used for the vanilla CBM whereas the variational- and
the kernel hyperparameters of the SVDKL-CBM’s GP layer were updated
using a learning rate of le—2 and le—4, respectively. A plateau scheduler is
implemented to halve the learning rate after four epochs without improve-
ment w.r.t. the performance on the validation data. L2-norm regularization
is applied with a decay weight of le—4.

Due to the additional complexity of the classifier heads resulting from
the shallow networks, the maximum number of epochs is increased to 100
iterations to train the sSCBMs. Stochastic depth was applied with a survival
probability of 90 % for the SVDKL-sCBM while drawing 7' = 1, 32, and 32
MCD samples during training, validation, and testing, respectively. The
learning rate of the variational- and the kernel hyperparameters of the
GP layer were changed to le—3 and 5e—4, respectively. Both the shallow
network and the additive GP layer were trained jointly from scratch without

pretraining the weights of the former.
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Evaluation In this chapter, model performance is evaluated equally to
the ID diagnostic performance and uncertainty analysis conducted in Chap-
ter 5 for the sDR grading task using the EyePACS test data, i.e., computing
the metrics Mip, p and Mip v as defined in (5.23) and (5.26).

Evaluating the quality of the provided explanations is a challenging task.
One approach proposed by Sarkar et al. is to measure the faithfulness as
well as the explanation error of the concepts. They define faithfulness as the
classification performance based on an auxiliary classifier directly applied
to the concepts. Hence, the performance of the CBM architectures can
be used as an approximation to the faithfulness of the provided concepts
by means of the lesion segmentation masks. Sarkar et al. furthermore
define the explanation error as the deviation of the predicted concepts to
the ground truth, i.e., the precision of the lesion segmentations w.r.t. the
target annotations. As target annotations only exist for the IDRiD dataset
on which the U?-Net-S models were trained, estimating the explanation
error for the EyePACS data within this preliminary analysis is not feasible.
However, the evaluation conducted in Chapter 4 can be viewed as a proxy

for the explanation error and, therefore, will not be discussed again herein.

6.3 Results

The results of this chapter’s analysis are displayed in Table 6.1, which shows
the average results of the observed diagnostic performance and ID uncer-
tainty calibration across the ten trials for each of the CBMs and sCBMs.
For comparison, the table is augmented by the performance observed for
the baseline vanilla CNN of Chapter 5, i.e. the EfficientNet-BO.

Regarding the CBM, an overall low performance is observed throughout
the applied metrics indicating a limited faithfulness of the explanations
given by the final segmentation masks. In particular, the observed accuracy
and QWK of 30.0% and 12.1 % indicate a diagnostic performance that
is only slightly superior to randomly guessing the associated class labels.
Regarding the ECE score, the CBM marginally outperforms the baseline
CNN indicating that, despite the low diagnostic performance, the logistic
regressor predicts with a comparably well-calibrated confidence. However,
as observed from the low AUARC score, the model’s uncertainty estimates

do not align very well with the model’s prediction errors.

CBM
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TABLE 6.1: Performance comparison of the CBMs and sCBMs as introduced in section 6.2.1 to the vanilla CNN
(EfficientNet-B0) of Chapter 5 for the sDR grading task evaluated on the EyePACS test set showing the mean and
standard deviation per metric.

AUROC [%] 1+ ACC [%] T QWK [%] NLL | ECE | AUARC [%]
total aleatoric
CNN 82.5(0.3)  63.7(5.4) 61.9 (1.5)  0.912 (0.036) 0.105 (0.045) 75.5 (4.5) -
CBM 61.3 (4.4)  30.0(8.2) 121 (5.5)  1.560 (0.040) 0.099 (0.027) 38.3 (12.2) -
SVDKL-CBM  67.6 (1.2) 47.7 (4.8) 22.1 (3.2) 1.403 (0.020) 0.146 (0.043) 61.2 (3.2) 61.3 (3.2)
sCBM 79.1 (0.7) 56.8 (3.3) 47.8 (2.2) 1.056 (0.037) 0.071 (0.021) 64.3 (3.5) -
SVDKL-sCBM 80.1 (0.7) 60.6 (5.3) 50.4 (3.1) 1.033 (0.050) 0.135 (0.041) 69.4 (4.5) 67.5 (4.7)

SVDKL-CBM

sCBM

In contrast to the CBM, exploiting the additive GP layer instead of
the logistic regressor, i.e., utilizing the SVDKL-CBM, shows a significant
improvement in the diagnostic performance. This particularly affects the
predictive accuracy and the QWK score indicating a significantly improved
alignment of the model’s predictions with the true sDR grades. Contrast-
ing the observations made for utilizing the vanilla CBM, this suggests a
higher faithfulness of the concepts. Moreover, the AUARC score observed
for the SVDKL-CBM outperforms that of the CBM by about 59.8% and,
with this, reduces the performance gap to that of the baseline CNN model
to a relative performance difference of 18.9 %. This demonstrates a signif-
icantly improved alignment of the predictive uncertainty with the model’s
errors — again highlighting the benefit of the additive GP layer as observed
in the previous chapter. Nonetheless, the overall diagnostic performance
with accuracy and QWK scores around 50 % and 22 %, respectively, implies
that the model still makes many errors—including several severe misclas-

sifications.

Directly exploiting the soft concepts by means of the sCBM again sig-
nificantly improves the measured diagnostic performance. As a result, the
sCBM shows an AUROC score of about 79.1 % indicating a fair diagnos-
tic performance. Particularly, the QWK measure benefits from the sCBM
design by more than doubling the observed score compared to the SVDKL-
CBM. This indicates a significantly improved alignment of the model’s
predictions with the true sDR grades, i.e., fewer, and less severe misclassi-
fications are made by the model. Still, the diagnostic performance is not
on par with the baseline CNN. Regarding the uncertainty calibration, also
the AUARC significantly improved compared to the vanilla CBM, and the
ECE is observed to even outperform the baseline CNN.
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By additionally exploiting the deep kernel learning approach in combi-
nation with the sCBM design, the diagnostic performance and uncertainty
calibration w.r.t. the AUARC are again observed to improve. This results
in AUROC and accuracy scores, which are almost on par (< 3% and < 5%,
respectively) with the baseline CNN. Notably, the QWK score is observed
to suffer the most compared to the vanilla CNN, which can learn features
for the sDR grading task directly from the high-resolution input images
and is not constrained to the fixed set of (soft) concepts as the CBM and
sCBM architectures are.

Comparing the SVDKL-based CBMs to their non-Bayesian counterparts
reflects the observations of the analysis conducted in the previous chap-
ter: On the one hand, the SVDKL-based models exhibit a higher calibra-
tion error for the sDR grading task on the ID EyePACS dataset. On the
other hand, the additive GP layer significantly enhances both the diag-
nostic performance with regard to predictive accuracy and reliability, as
well as uncertainty-calibration, as measured through the AUARC, nearly

attaining the same AUROC and accuracy as the vanilla CNN.

6.4 Discussion

As expected, the faithfulness of the concepts, i.e., the diagnostic perfor-
mance of the CBM, was observed to be overall insufficient for practical use.
This is assumed to be mainly caused by the incompleteness of the consid-
ered biomarkers, i.e., the U2-Net models were solely trained to predict the
presence of MAs, HEs, HXs, as well as CWSs and, hence, the concepts
entail no information about other DR-related lesions such as NVs. This
limits a precise differentiation of the individual DR severity levels, partic-
ularly for more severe stages. Followingly, extending the set of considered
biomarkers for the segmentation task, i.e., exploiting a more comprehensive
set of DR-related biomarkers, is expected to significantly improve the diag-
nostic performance of the CBMs and, hence, the faithfulness of the model’s
explanations.

Another possible reason for this low performance is the high compres-
sion by means of the global pooling applied to the segmentation masks.
Thus, the compressed masks S’ no longer entail any spatial information.
This is likely to hamper the differentiation of the individual DR sever-

ity levels, as information, e.g., about the number of quadrants affected by

SVDKL-sCBM

effect of SVDKL

CBM design
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sCBM design

joint, end-to-end training

retinal hemorrhages is lost, which however could be important to differen-
tiate severity levels two and three according to the ICDR grading scheme
provided in Table 3.1. Hence, extracting more sophisticated features in
addition to the global average and max pooling of the feature maps would
likely improve the predictive performance of the CBM. For instance, the
biomarker-specific lesion count and affected area per quadrant in the retina
as well as the average lesion size could provide a benefit for the grading
performance.

Moreover, for convenience, the U2-Net-S used in multi-task mode was
adopted for this preliminary analysis, which itself showed inferior segmen-
tation performance compared to, e.g., the U?-Net-S used in mixed-task
setting. Thus, replacing the segmentation model with one of the superior
variants proposed in Chapter 4 might additionally improve the DR severity
grading performance.

In contrast to the overall low performance observed for utilizing the CBM
design, relaxing the bottleneck constraint by means of the sCBM lead to
a significant improvement of the diagnostic performance. This large per-
formance difference, on the one hand, is likely caused by the fact that the
soft concepts entail more holistic and expressive retinal features w.r.t. the
DR severity grading task. On the other hand, the applied classifier of the
sCBM architecture is more flexible. Hence, evaluating the effect of increas-
ing the capacity of the CBM’s classifier and preserving at least some spatial
information in the concept features as done for the sCBM design on the
diagnostic performance would be of great interest for future work.

Despite still being slightly inferior compared to the vanilla CNN and,
hence, also to the SVDKL-based EfficientNet models analyzed in Chap-
ter 5, the observed diagnostic performance of the SVDKL-sCBM is very
promising. In particular regarding that (a) the U?-Nets were solely trained
on 43 images of the high-quality IDRiD dataset, (b) the EyePACS image
data is very noisy and, thus, poses a significant distribution shift to the
pretrained segmentation models, and (c) the U2-Nets were not adapted
for the additional DR severity grading task by joint training, the observed
diagnostic performance can be considered comparably good.

Given these limitations, both the diagnostic performance and quality of
the lesion segmentation are expected to significantly benefit from a joint,
end-to-end training of both the CBM and sCBM, which exploits image

data and annotations from both the DR grading and lesion segmentation
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domain. That is, a comprehensive concept representation could ease solv-
ing the classification task and improve model generalization. Similarly, the
supervision by the image-level targets can improve the detection or sup-
pression of severity-related biomarkers as pixel-level annotations often are
scarce and noisy and some lesions are rarely encountered within the often

small-sized segmentation datasets.

In particular, the latter could be explicitly enforced by means of weak
supervision, e.g., by introducing an auxiliary loss that penalizes the oc-
currence or absence of specific lesions depending on image-level severity
grades. That is, if the retinal image was, for instance, classified as less
than PDR (< 4) but more than no DR (> 0) the segmentation masks for
NVs should be empty everywhere and that of the MAs not. Equivalently,
when being classified as having no DR (= 0), none of the predicted le-
sions should be present anywhere. Aligning this idea, the occlusion loss
proposed by Quellec et al. [35] promises a convenient way to improve the
concept representation given by the segmentation masks. It is computed
based on an augmented input image, which is obtained by occluding the
image at the location where the model predicted the presence of any lesion,
and accordingly updating the DR severity grade target to having no DR.
Particularly if lacking a comprehensive set of labeled biomarkers, this occlu-
sion loss in combination with the sparsity enforcing L.1-norm loss — equally
proposed by Quellec et al. [35] —might help to build a more comprehensive
concept representation entailing a mixture of fully- and weakly-supervised
concepts. Moreover, as already discussed in section 4.3.4, adversarial su-
pervision as proposed by Zhou et al. [138] could be exploited. That is, to
train an auxiliary discriminator network that has to predict whether the
given segmentation mask is derived from a database entailing pixel-level
annotations or not. Analyzing the effect of such an end-to-end training ap-
plied to both the CBM and sCBM would be of great interest for future work

and promises to yield another improvement in the diagnostic performance.

However, as briefly motivated in section 6.2.1, end-to-end training of the
sCBM might result in learning features unrelated to the actual concepts
used to explain the model’s decision and, hence, weaken the class-concept
relation. Consequently, it may be necessary to restrict the flexibility of the
sCBM’s classifier in order to mitigate the learning of shortcuts from the
model input to the DR severity prediction, i.e., the divergence of the soft

concepts to the final, true segmented biomarkers. This could for instance

class-concept relation in sCBMs
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explanation quality

be achieved by penalizing the weights of the shallow mapping f to be close
to zero, thereby enforcing the model to utilize all soft concepts for the lesion
prediction. Another potential solution would be to either lower the dimen-
sion of the soft concept representation of the U2-Net or to use a subset of
only the most relevant soft concepts w.r.t. the lesion segmentation as in-
put to the classification head. This should result in the final segmentation
masks providing well-aligned explanations for the given prediction, largely
preserving the class-concept relationship of the sCBM. In addition, due to
both the deep supervision and the single-layer mapping from the soft con-
cepts to the final lesion segmentation masks, the former could be viewed
as interpretable mostly spatially resolved features that could provide ad-
ditional insights into the model’s decision-making process. Nonetheless,
given either a comprehensive or augmented set of biomarkers exploiting
the above-discussed weak and self-supervised approaches, the CBM would
be preferable to achieve optimal coupling of the explanations and the DR
severity grade predictions. This tight coupling of the explanations and the
predictions in both the CBM and sCBM design is a major advantage over
other explainability approaches, which —as will be discussed in more detail
in section 7.2 — allows for human interventions on the explanations and to

manually probe and correct the given prediction.

Despite improving the concept completeness and, with this, the quality
of the provided explanations is indisputably beneficial, assessing particu-
larly the practical benefit of the explanations remains difficult and open
for future work. Whereas, e.g., the proposed faithfulness metric of Sarkar
et al. [37] seems to be appealing in order to quantify the quality of expla-
nations, it is highly dependent on the applied classifier as becomes obvi-
ous from the differing faithfulness estimates obtained for either using the
SVDKIL-based or the simple logistic regressor within the CBM design. In
addition, the ability to visualize the affected regions itself is expected to
provide a substantial information gain for the user. Specifically, it enables
users to verify the plausibility of the prediction, challenge the system, and
detect potential failures of the screening system. For instance, when the
classifier predicts the absence of DR but the segmentation masks indicate
the presence of the disease. Ultimately, evaluating the benefit of the pro-
vided explanations would be best assessed through a user study, which,

however, is beyond the scope of this thesis.
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Similar results as for the previous Chapter 5 are obtained in this analysis  uncertainty calibration
regarding the effect of the SVDKL framework on the uncertainty calibra-
tion. That is, the uncertainty estimates are observed to be better aligned
with the occurrence of errors compared to the non-Bayesian CBMs, i.e. the
AUARC performance is superior. However, the ECE of the SVDKL-based
CBM and sCBM observed on the ID EyePACS data is higher. Analyzing
whether the calibration error of the SVDKL-CBM and -sCBM equally im-
proves w.r.t. the data and task shift settings as analyzed in the previous
section, and why this phenomenon occurs would be of great interest for
future work.

Due to its efficient sampling scheme, the runtime of the SVDKIL-based computational complexity
models increases only marginally over using a vanilla CNN. Furthermore,
compared to the SVDKL-based EfficientNet-B0 proposed in Chapter 5, the
additional number of parameters introduced by the GP layer in both the
proposed SVDKL-CBM and -sCBM is significantly lower, due to the much
smaller feature vector dimension upon which the layer is applied. As a
result, the number of additional parameters introduced by using the GP-
based over the vanilla CBM and sCBM is limited to 0.03M and 0.80 M
parameters, respectively. Taking the parameters of the U?-Net-S back-
bone into account, the SVDKL-CBM and -sCBM in total comprise about
0.32M and 1.23 M parameters, respectively. For comparison, the vanilla
EfficientNet-B0O comprises 4.01 M parameters, and additionally exploiting
the SVDKL framework again adds 5.32 M parameters. Thereby, the mem-
ory requirement of the SVDKL-CBM and -sCBM required for prediction
sums up to about 303 MB and 410 MB in total while being primarily domi-
nated by the memory usage of the U?-Net-S. With this, the SVDKL-based
CBM and sCBM have fewer parameters than both the vanilla (4.01 M) and
SVDKL-based (9.34 M) EfficientNet-B0 while fairly increasing the memory
consumption over the former (182 MB) and being less demanding than the
latter (762 MB).

6.5 Conclusion and outlook

Summarizing the results of the herein conducted analysis, the proposed
SVDKIL-sCBM architecture shows to provide a promising diagnostic perfor-
mance despite the limited set of concepts and without full end-to-end model
training, which is close to that of the vanilla EfficientNet-B0. Thereby, the
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model (a) inherently provides explanations for the model’s decision in the
form of detailed segmentation masks of the most important DR-related
lesions, (b) improves the diagnostic performance and the detection of erro-
neous predictions based on the model’s uncertainty over the non-Bayesian,
vanilla sCBM, and (c) has a reasonable computational complexity close
to that of the EfficientNet-B0O promising straightforward mobile and edge-
compatible application.

Further experiments have to be conducted to verify whether the above-
discussed end-to-end model optimization of both the SVDKL-CBM and
-sCBM can yield the expected performance improvements, close the re-
maining gap compared to the fully-extended SVDKL models particularly
regarding the reliability measured through the QWK metric, and the ben-
efits of the deep kernel learning framework over the standard BNNs ob-
served for particularly the near-OOD uncertainty calibration in Chapter 5
will translate to the CBM and sCBM design.
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DR screening is expected to impose a severely increasing burden in the
near future on secondary and tertiary medical care due to the increasing
patient population at risk. Hence, there is great interest in exploiting DL
to shift the task of DR screening to primary care. However, as discussed in
the introduction in Chapter 1 of this thesis, the lack of transparency and
explainability of vanilla DNNs has been identified as a confounding limit to
trust, acceptance, and the adoption of DL-based systems in clinical prac-
tice, which creates a significant societal demand for the development and
deployment of responsible AI [11]. Furthermore, future AI tools in the
high-risk medical field will be required to not only comply with the EU
GDPR [17] and MDR [16] but also the recently passed EU Al Act [15] —a
risk-based regulatory guideline fostering the development of safe and trust-
worthy AI. These explicitly demand transparency and explainability to
inform individuals about the reasoning behind the provided decision, to
detect potential model failures, to enable informed human oversight, and
allow challenging and inspecting the Al system’s reasoning, which is im-
possible for using black-box DNNs.

To comply with this regulatory and societary demand for deploying trans-
parent and responsible Al and to allow secure use, the objective of this
thesis is to narrow the existing gap for the translation of DL-based diag-
nostic systems such as DR screening into clinical practice. A lightweight,
end-to-end trainable, transparent, and inherently interpretable DL-based
system for mobile use is proposed, aiming to mitigate these shortcomings.
Aligning the state-of-the-art, this system is conceived to incorporate do-
main knowledge into the DL model architecture to partially open the black
box instead of relying on vanilla, opaque DNNs. With this, an explain-
able gray-box approach is created that exploits task-related concepts as
an intermediate representation — based on which the final classification is
derived along with a trustworthy uncertainty estimate.

In detail, the model relies on generating fine-grained segmentations of the

[11] Petersen et al., “Responsible and
regulatory conform machine learning
for medicine: a survey of challenges
and solutions” (2022)

[17] European Parliament, Council of
the European Union, “General Data
Protection Regulation” (2016)

[16] European Parliament, Council of
the European Union, “Medical Device
Regulation” (2023)

[15] European Commission, Director-
ate-General for Communications Net-
works, Content and Technology, “Arti-
ficial Intelligence Act” (2021)

thesis contributions
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lightweight lesion segmentation

[39] Qin et al., “U2-Net: going deeper
with nested U-structure for salient ob-
ject detection” (2020)

DR-related biomarkers using a lightweight U-shaped backbone CNN from
which the progression of the disease can be derived. This additionally allows
for mobile application and precise visualization of the presence, frequency,
and locations of the disease-related biomarkers enabling users to sanity-
check or challenge the predictions of the algorithm. Due to the reliance of
the predicted disease on the present biomarkers, the model is explainable
by design aligning the demand for human oversight stipulated, e.g., by
the EU AI Act. By additionally exploiting Bayesian DL, the predictive
transparency of the method by means of high-quality uncertainty estimates
is targeted to be improved. This allows for assessing the reliability of the
given prediction and informed human supervision promising to help detect
model failures.

This thesis examines these promising methods for their suitability to im-
plement the proposed lightweight, transparent DR screening system that
provides trustworthy and informative uncertainty estimates. Nonetheless,
the approach is expected to be readily applicable to similar tasks that fol-
low a comparable imaging-based grading scheme, such as the classification
of age-related macular degeneration and hypertensive retinopathy. The fol-
lowing section 7.1 will summarize and discuss the proposed methodology
and the results of the analyses conducted in this thesis in order to address
the aforementioned challenges. Finally, section 7.2 provides an outlook on
further steps to be taken to translate the proposed system into clinical

practice and on interesting future research directions.

7.1 Summary and discussion

To derive the required fine-grained segmentation on low-performance hard-
ware allowing for mobile use of the system, a promising CNN architecture,
i.e., the U%-Net [39], was adapted in Chapter 4 by means of feature scaling
and deploying DCs. It was analyzed for its usability to yield precise seg-
mentations while keeping computational complexity low and searching for
the optimal task design.

Thereby, the U%-Net-S and U?-Net-M model variants, which comprise
significantly fewer parameters and computational operations, were observed
to yield a good trade-off between segmentation precision measured through
the AUPRC and computational complexity, when deployed in dual-task

configuration, i.e., for simultaneously segmenting MAs and HEs as well as



7.1 Summary and discussion | 147

HXs and CWSs. Moreover, exploiting model ensembling and a mixed-task
configuration, i.e., deploying a single-task model for both HX and CWS
as well as a dual-task model for MA and HE segmentation, showed to
again yield a boost in performance that is on par with the state-of-the-
art literature — particularly outperforming the CWS segmentation — while
significantly reducing the computational complexity compared to both the
original U-Net and U2-Net.

Although the performance of the MA segmentation was not able to match
that of the literature w.r.t. the AUPRC, the HD revealed the U?-Net’s MA
segmentation to be superior to that of the HEs, which, in turn, were ob-
served to be on par with the literature. This highlights the necessity to
evaluate the model performance in more detail in future work, e.g., by com-
puting lesion-instance-level metrics for the detection precision or by a qual-
itative validation of the predicted segmentations through experts, rather
than solely relying on pixel-level-dependent metrics such as the AUPRC

score.

Whereas the use of DCs as implemented in this work did not yield a com-
pelling reduction of the computational cost w.r.t. the observed associated
decrease in segmentation performance, further optimization of the model
architecture, e.g., by using MBCs [151], and training process as discussed
in more detail in section 4.3.4 could enhance upon the already achieved
tradeoff improvements through the applied feature scaling. Moreover, the
real-world applicability to low-performance hardware has to be analyzed in
future work by means of usability tests as well as analyzing runtime latency,
energy consumption, and memory requirements on edge-device hardware.
Nonetheless, the U2-Net architecture promises to be a suitable foundational
building block to be used within a lightweight DR grading system that fol-
lows the proposed transparent, interpretable model design.

To furthermore improve the predictive transparency of this model de-
sign, Chapter 5 analyzed the use of BNNs to provide reliable uncertainty
estimates for the task of DR severity grading, which could provide insights
about difficult decisions or unknown operating conditions and be seamlessly
integrated into the model architecture. The analysis thereby focussed on
the promising deep kernel learning [42] approach and its effect on the pre-
dictive performance and uncertainty calibration analyzed for ID and OOD
as well as task-related and -unrelated data. The deep kernel learning frame-

work combines CNNs and nonparametric GPs, which are frequently used

[151] Tan and Le, “EfficientNet: re-
thinking model scaling for convolu-
tional neural networks” (2019)

DR grading with calibrated
uncertainty

[42] Wilson et al., “Deep kernel learn-
ing” (2016)
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as gold standard for uncertainty quantification, into a single, end-to-end
trainable model and promises to provide both good feature extraction and
high-fidelity uncertainty estimates. Due to the non-Gaussian posterior re-
sulting from the categorical likelihood function, i.e., the nonlinear softmax
activation required to compute the class probabilities for the DR severity
grades, SVDKL [171] was adapted for this task, which derives a scalable,
variational approximation to the intractable posterior by exploiting sparse
GPs and VL

Furthermore, the occurrence and potential solutions to the feature col-
lapse recently observed in literature, i.e., the susceptibility of the SVDKL’s
feature extractor to over-correlate the training samples leading to a col-
lapse of the latent features and, hence, uncertainty estimates, were exam-
ined within this thesis. As fully Bayesian modeling was shown to prevent
this collapse [44], [172], the SVDKL model’s feature extractor was rendered
approximately Bayesian by building DEs and applying MCD. In addition,
the effect of deploying a regularization through limiting the spectral norm
of the feature extractor was analyzed, which was recently shown to mitigate
this issue while promising a sample and memory-efficient solution [173].

The results of the analysis confirmed the occurrence of the feature col-
lapse in the proposed EfficientNet-based [151] SVDKL model trained for
DR severity grading and showed the extensions, particularly, applying
MCD and building DEs to consistently improve the SVDKL’s uncertainty
calibration. Expectedly, both the SVDKL models as well as the baseline
BNNs analyzed in this work were observed to not only improve the pre-
dictive performance but also the awareness for difficult ID samples and
the occurrence of OOD and task-unrelated inputs. Thereby, the ablation
analysis showed that both deploying MCD and building DEs were found to
provide the largest benefit for uncertainty calibration across the baseline
BNN approximations and the SVDKL models. Nonetheless, particularly
the fully Bayesian SVDKL models were found to provide the best awareness
of their knowledge and limitations w.r.t. the detection of task-related but
unfamiliar samples, i.e., OOD retinal images that comprise other diseases
than DR.

Whereas the ability to detect such potential failures, e.g., that the pa-
tient might correctly receive a negative diagnosis for DR, but suffers from a
different disease, which would remain undetected, is a very important first

step, determining and validating a clinically viable threshold that balances
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false positive and negative predictions, as well as the number of rejections
depending on the associated risks to filter for these failures is a key chal-
lenge beyond the scope of this work. Moreover, neither of the BNNs, in-
cluding the SVDKL-based models, analyzed in this work provided optimal
uncertainty calibration. That is, despite the improved model transparency
observed for the extended SVDKL model by means of more reliably commu-
nicating predictive uncertainty, implementing rigorous OOD tests beyond
those deployed in this thesis and, if necessary, targeting determined issues
would be required prior to clinical use to ensure functional safety and deter-
mining specific circumstances for which the model could not be trusted [11].
Nonetheless, the analysis of this chapter showed the SVDKL approach to
provide a promising framework that could improve uncertainty calibration
over standard approximate BNNs when taking care of the feature collapse,

albeit at the expense of increased computational complexity.

Both analyses conducted in Chapter 4 and Chapter 5 highlighted the
suitability of the U2-Net and SVDKL framework to be used as basic build-
ing blocks within the transparent, explainable, and lightweight screening
model as proposed in this thesis. In Chapter 6, a preliminary analysis of
the performance of this joint model according to the CBMs [36] was con-
ducted. The CBM architecture is set up to learn a set of concepts as an
intermediate bottleneck representation of the CNN backbone upon which
the final decision is derived. The key idea of this design is that these con-
cepts inherently provide explanations for the model’s decisions and, hence,
render the model interpretable.

In this thesis, the lesion segmentation masks derived from the pretrained
U2-Net-S models adopted from Chapter 4 were used as bottleneck con-
cepts based on which a SVDKL-based classifier was trained to predict the
DR severity grades. However, due to the incompleteness of the considered
biomarkers in the segmentation model, which is expected to limit the di-
agnostic performance of the CBM, the sCBM was proposed, similar to the
idea of [37]. Within this architecture the bottleneck constraint is slightly
relaxed, i.e., the the multi-scale feature maps of the U?-Net are utilized as
input for the classifier instead of the final segmentation masks, as these are
expected to entail more comprehensive retinal features.

As expected, the diagnostic performance of this SVDKL-CBM was ob-
served to be insufficient for practical use. However, the relaxation to the
SVDKL-sCBM design was observed to add a significant benefit to the di-

transparent, explainable, and
lightweight DR screening

[36] Koh et al., “Concept bottleneck
models” (2020)

[37] Sarkar et al., “A framework for
learning ante-hoc explainable models
via concepts” (2022)
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agnostic performance, whereby it promises to retain a strong class-concept
relation when sufficiently regularizing the model and, hence, the expressive-
ness of the explanations. Thereby, the diagnostic performance was observed
to almost being on par with the EfficientNet-B0-based CNN of Chapter 5
despite the limited set of concepts, the distribution shift from the IDRiD
to the EyePACS dataset imposed to the U2-Net-S, as well as the disjoint
training setting.

Again, the SVDKL-CBM and -sCBM are contrasted by the use of a
vanilla CBM and sCBM that utilize a simple linear fully connected classi-
fiers to verify the benefit of the Bayesian modeling through the GP layer.
Aligning the observations of Chapter 5, the results showed the SVDKIL-
based models to provide a significant benefit for both the diagnostic per-
formance and the alignment of the predictive uncertainty with erroneous
predictions compared to the vanilla classifier.

Along with the comparably low computational complexity of the models,
this preliminary analysis showed particularly the SVDKL-sCBM'’s potential
to be used as a transparent, explainable, and lightweight DR screening
system by integrating both the lightweight U2-Net architecture and SVDKL
framework. As discussed in more detail in Chapter 6, completing the set of
concepts, integrating superior U%-Net backbones, and conducting full end-
to-end training are expected to further improve the diagnostic performance
of both the CBM and sCBM designs as well as the quality and benefit of

the provided explanations, which is left to analyze in future work.

7.2 Outlook

Disregarding which of the CBM or sCBM approaches will be adopted,
particularly transferring the ensemble-based U?-Net and SVDKL models,
which were found to provide both the best predictive performance and
most reliable uncertainty estimates, to these holistic systems while retain-
ing viable computational cost requires additional engineering. Two suit-
able methods that could help to address these challenges are batch [203]
or group ensembles [204] and methods such as uncertainty-aware distilla-
tion [205]. Particularly, the latter could be utilized to transfer the good
uncertainty calibration obtained from the DEs to single model instances,
which promises to ease integration to the CBM design and to minimize

computational costs.



7.2 Outlook | 151

Moreover, as was found in Chapter 5, to retain the uncertainty cali-
bration of the additive GP layer and prevent the occurrence of the fea-
ture collapse in case of conducting full end-to-end training of either the
SVDKL-based CBM or sCBM, the U?-Net would have to be modeled in a
fully Bayesian manner. This, in turn, could also improve the quality of the
concepts, i.e., the precision of the segmentation masks, and allow the detec-
tion of unknown lesions and biomarkers additionally enhancing the quality
of the provided explanations. To this end, deterministic uncertainty quan-
tification methods such as regularizing the CNN backbone using SN [173]
on first sight promise a more efficient implementation compared to Monte
Carlo-based sampling approaches. However, this work found the former to
be difficult to optimize and result in inconsistent uncertainty calibration.
Consequently, using MCD-based sampling or DEs might be preferable in
case the additional computational cost and inference time are acceptable

for the application at hand.

Besides its benefit for the model transparency and explainability, the
CBM design additionally allows for human-model interactions, which could
enable medical experts to intervene in the prediction [36]. This would pro-
vide both deployers and developers the opportunity to analyze the depen-
dency of the predicted DR severity grades on the concepts, could prevent
model failures through correcting erroneous concept predictions, and would
benefit the required transparent model design and validation process that
is part of the quality management process required for approval by means
of the EU AT Act [15] and the MDR [16].

To intervene in a prediction of the CBM and probe the final estimated DR
severity grade, false positive or negative predicted lesions could be removed
or added within the segmentation masks manually or semi-automatically
by, e.g., exploiting predictive uncertainty obtained through full Bayesian
modeling of the SVDKL-CBM as discussed above. Subsequently, the pre-
diction of the severity grade can directly be updated based on the modified
segmentation maps. In case of using the sCBM architecture design, the
changes introduced to the segmentation masks by the intervention could
be projected back to the shared soft concepts, based on which the severity
classification could be updated accordingly. This could, for instance, be
accomplished by optimizing the soft concepts using gradient descent on the

error between the original and the updated concept segmentation maps.

human interventions



152 | 7 Conclusion and outlook

[206] Collins et al., “Human uncer-
tainty in concept-based ai systems”
(2023)

active learning and data
denoising

information leakage through
concept representations

[207] Mahinpei et al., “Promises and
pitfalls of black-box concept learning
models” (2021)

general improvements

[84] Chen et al., “This looks like that:
deep learning for interpretable image
recognition” (2019)

Aligning the intrinsic motivation of this work on fostering transparent
decision-making by incorporating and quantifying model uncertainty, ad-
ditionally taking care of human uncertainty on these interventions as pro-

posed by [206] would be beneficial and interesting to study in future work.

Moreover, full Bayesian modeling of both the segmentation and classifica-
tion task as well as the possibility to intervene in predictions could provide
a means to apply active learning strategies and conduct data denoising.
This would allow experts to add annotations for previously unlabeled data
or to update erroneous pixel- and image-level annotations for which either
the severity grade or the predicted lesions are very uncertain or do not
match each other. The latter could, e.g., be detected automatically by a
set of hardcoded rules asking for manual intervention whenever, e.g., the
presence of a NV is detected but the classifier predicts a DR severity level
less than PDR. In addition, this would allow to warn users to carefully
inspect and validate the diagnosis and, if necessary, to intervene in the
system’s prediction.

However, despite promising superiority to, particularly, post-hoc expla-
nations that rely, e.g., on saliency methods by means of the well-thought
theoretical motivation of CBMs, i.e., explicitly enforcing the alignment
of the latent representation used for classification to align with human-
interpretable concepts via the bottleneck design, these were observed to
unintendedly leak information encoded in the statics of the concept rep-
resentations that the classifier might exploit [207]. This could weaken the
class-concept relation of the provided explanations, which to analyze and

prevent has to be subject to future research.

Moreover, both the above-discussed SVDKL-CBM and -sCBM focus pri-
marily on providing explanations regarding the classified severity levels, but
not for the segmentation of the biomarkers themselves. That is, the model
lacks explanations as to why a segmented area is considered, e.g., a MA
rather than a HE. Taking care of these issues by, e.g., additionally ex-
ploiting the idea of prototype models such as This looks like that [84] to
explain the presence of the lesions themselves could further improve the
overall model’s transparency, explainability, and trustworthiness. Further-
more, pairing the algorithm with a prediction for the disease progression
risk to provide a recommendation for the next examination and extending
the model to predict the presence and severity of other eye diseases such

as DME would significantly increase the clinical utility of the system.
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The proposed transparent model design of this work based on the CBM
design, the lightweight U2-Net variants, and the SVDKL framework showed
to improve the transparency, explainability, and uncertainty calibration of
the model predictions while promising straightforward mobile application.
This is expected to help narrow the gap for the translation of DL-based
diagnostic systems into clinical practice by taking regulatory and societary
demands for deploying responsible Al into account and lowering deploy-
ment cost. Evaluating the effect of the discussed end-to-end training of the
CBM and the proposed sCBM with additional active learning and weak
supervision on the DR grading performance, quality of the explanations
given by the lesion segmentation masks, and uncertainty calibration would
be of interest for future work. Moreover, analyzing whether these theo-
retical findings of the proposed, promising screening system translate to
real-world use remains open for future work, which ultimately should en-
tail validating the explainability and predictive transparency through the
uncertainty calibration in a study involving end-users, i.e., general practi-

tioners and medical assistants, as well as patients.

final conclusion
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TABLE 1: Out-of-distribution AUROC for the RFMID and SIIM-ISIC data, for the task of dis-
tinguishing between samples from these and the EyePACS dataset based on each of the model’s
predictive uncertainty estimate. The highest mean values per metric are displayed in bold. Statis-
tical significance according to section 5.2.10 is indicated with an asterisk.
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