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Abstract

Deep neural networks have emerged as the cornerstone of machine vision tasks, powering
remarkable advancements in domains like autonomous driving, medical imaging, and indus-
trial inspection by leveraging their ability to extract hierarchical representations from vast
datasets. These unparalleled capabilities have widened the gap between traditional methods
and deep learning, cementing their widespread adoption. However, their success is tempered
by significant limitations like overconfidence, poor interpretability, and susceptibility to domain
shifts and adversarial attacks. These shortcomings, reminiscent of the Dunning-Kruger effect
in human decision-making, pose severe risks in safety-critical applications where erroneous
predictions can have dire consequences. Uncertainty quantification has been recognized as a
promising strategy to address these issues, enhancing trustworthiness by providing insights
into prediction reliability and enabling risk-aware decision-making, such as anticipating failure
cases or triggering verification steps. Yet, existing approaches often falter, burdened by high
computational costs, intricate design requirements, and potential accuracy trade-offs, rendering
them impractical for real-time or resource-constrained settings.

This thesis bridges this gap by developing practical, efficient solutions that balance uncer-
tainty quality and computational feasibility across semantic segmentation, monocular depth
estimation, and their joint application in multi-task learning. It systematically evaluates the
quality of existing uncertainty quantification methods and develops strategies for efficient
uncertainty estimation as well as the exploitation of uncertainties during training to enhance
model performance.

More specifically, the following novel contributions are presented: In semantic segmentation,
DUDES (Deep Uncertainty Distillation using Ensembles for Segmentation) employs knowledge
distillation, training a lightweight student model to mimic a Deep Ensemble’s uncertainty
estimates, significantly lowering inference time while preserving quality and robustness – even
under domain shifts. U-CE (Uncertainty-aware Cross-Entropy) further advances this task by
weighting the common Cross-Entropy loss with dynamic uncertainty estimates, guiding opti-
mization toward challenging regions and boosting accuracy. For monocular depth estimation,
combining several existing uncertainty quantification methods with the DepthAnythingV2
foundation model reveals that fine-tuning based on Gaussian Negative Log-Likelihood achieves
reliable uncertainty estimates without sacrificing efficiency or predictive performance. In the
joint task setting, EMUFormer (Efficient Multi-task Uncertainty Vision Transformer) builds on
the previous findings and combines uncertainty distillation and fine-tuning based on Gaussian
Negative Log-Likelihood to achieve state-of-the-art results on the widely recognized Cityscapes
and NYUv2 datasets, two critical benchmarks for evaluating semantic segmentation and depth
estimation in urban driving and indoor scene understanding, respectively. Additionally, this
approach delivers reliable uncertainties for both tasks that are comparable or superior to a
Deep Ensemble, despite being an order of magnitude more efficient.
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Ultimately, these findings demonstrate that uncertainty quantification can be both computa-
tionally viable and a driver of enhanced model performance, advancing uncertainty-aware
machine vision. This work paves the way for future research that views uncertainty not as a
mere auxiliary output but as a core component of machine vision systems.
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Kurzfassung

Neuronale Netze haben sich durch bemerkenswerte Fortschritte im autonomen Fahren, der
medizinischen Bildgebung und der industriellen Inspektion als Grundpfeiler der maschinellen
Bildverarbeitung etabliert. Dies gelingt durch die Extraktion hierarchischer Repräsentationen
aus zunehmend größeren Datensätzen. Ihr Erfolg wird jedoch durch erhebliche Einschränkun-
gen wie Selbstüberschätzung, mangelnde Interpretierbarkeit und Anfälligkeit für Domänen-
verschiebungen und adversariale Angriffe getrübt. Diese Mängel, die an den Dunning-Kruger-
Effekt in menschlichen Entscheidungen erinnern, stellen in sicherheitskritischen Anwendungen,
in denen fehlerhafte Vorhersagen schwerwiegende Folgen haben können, ernsthafte Risiken
dar. Die Quantifizierung von Unsicherheiten gilt als vielversprechende Strategie, um diese
Probleme anzugehen, indem sie die Vertrauenswürdigkeit erhöht, Einblicke in die Zuverläs-
sigkeit von Vorhersagen bietet und risikobewusstes Entscheiden ermöglicht, etwa durch das
Aufdecken von Fehleinschätzungen oder das Auslösen von zusätzlichen Verifikationsschritten.
Bestehende Ansätze scheitern jedoch häufig an ihren hohen Rechenanforderungen, kom-
plexen Designanforderungen und möglichen Genauigkeitseinbußen, was sie für Echtzeit- oder
ressourcenbeschränkte Anwendungen unpraktisch macht.

Diese Arbeit schließt diese Lücke, indem sie praktische, effiziente Lösungen entwickelt, die Un-
sicherheitsqualität und rechentechnische Umsetzbarkeit bei semantischer Segmentierung,
monokularer Tiefenschätzung und deren gemeinsamer Anwendung ausbalancieren. Sie
bewertet systematisch die Qualität bestehender Unsicherheitsquantifizierungsmethoden und
entwickelt Strategien zur effizienten Unsicherheitsschätzung sowie zur Ausnutzung von Un-
sicherheiten während des Trainings, um die Modellleistung zu steigern.

Genauer gesagt werden die folgenden neuen Beiträge präsentiert: Bei der semantischen
Segmentierung verwendet DUDES (Deep Uncertainty Distillation using Ensembles for
Segmentation) Wissensdestillation, um ein effizientes Modell zu trainieren, das die Un-
sicherheitsschätzungen eines rechenintensiven Deep Ensembles nachahmt, wodurch die
Inferenzzeit erheblich reduziert wird, während Qualität und Robustheit – selbst bei Domänen-
verschiebungen – erhalten bleiben. U-CE (Uncertainty-aware Cross-Entropy) verbessert diese
Aufgabe weiter, indem es die gängige Cross-Entropy Verlustfunktion dynamisch mit Unsicher-
heitsschätzungen gewichtet, um die Optimierung auf schwierige Bereiche zu lenken und so die
Genauigkeit zu steigern. Bei der monokularen Tiefenschätzung zeigt die Synthese einer Reihe
bestehender Methoden zur Quantifizierung von Unsicherheiten mit dem DepthAnythingV2
Foundation Modell, dass ein Fine-Tuning basierend auf Gaussian Negative Log-Likelihood zu-
verlässige Unsicherheitsschätzungen ohne Einbußen bei der Effizienz oder Vorhersageleistung
ermöglicht. Im gemeinsamen Aufgabenkontext baut EMUFormer (Efficient Multi-task
Uncertainty Vision Transformer) auf den vorherigen Erkenntnissen auf und kombiniert
Unsicherheitsdestillation und Fine-Tuning mithilfe von Gaussian Negative Log-Likelihood,
um auf den weithin anerkannten Datensätzen Cityscapes und NYUv2 einen neuen Stand
der Technik zu erzielen. Zudem liefert dieser Ansatz zuverlässige Unsicherheiten für beide
Aufgaben, die einem Deep Ensemble mindestens gleichkommen und deren Quantifizierung
eine Größenordnung effizienter ist.
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Diese Ergebnisse zeigen, dass Unsicherheitsquantifizierung sowohl effizient implementierbar
als auch ein Treiber für verbesserte Modellleistung sein kann und die unsicherheitsbewusste
Bildverarbeitung voranbringen. Diese Arbeit ebnet den Weg für zukünftige Forschung, die
Unsicherheit nicht nur als Nebenprodukt, sondern als zentralen Bestandteil von Bildverar-
beitungssystemen betrachtet.
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Introduction 1
„The best way to predict the future is to create it.

— Abraham Lincoln
(16th U.S. President)

This thesis, titled "Efficient Estimation and Exploitation of Predictive Uncertainties in Deep
Learning-based Machine Vision", revolves around two key themes: Enabling efficient uncer-
tainty quantification and leveraging predictive uncertainties to enhance the performance of
Deep Learning (DL)-based machine vision models. With this thesis, we1 advocate for a shift
toward uncertainty-aware machine vision that integrates uncertainty as a core component of
Deep Neural Networks (DNNs).

In the following sections, we will motivate our work and define the scope of this thesis. Finally,
this Chapter outlines the structure of the thesis and provides reading guidelines for potential
readers who may not be interested in reading the entirety of it.

1.1 Motivation

In recent years, DNNs have emerged as the predominant solution for fundamental machine
vision tasks, such as Semantic Segmentation (SS) or Monocular Depth Estimation (MDE).
These methods showcase unparalleled performance, enabling impressive advancements in
applications such as autonomous driving [60, 35, 7, 168, 178], medical imaging [193, 230,
239, 137, 220, 155], and industrial inspection [253, 99]. Their ability to learn hierarchical
representations from vast amounts of data has led to an ever-growing gap in performance
between traditional approaches and DL [139], resulting in widespread adoption across various
domains [144]. However, this success is shadowed by several critical limitations. Similar to
how humans often make poor decisions and reach erroneous conclusions while overestimating
their abilities – a phenomenon known as the Dunning-Kruger effect [135] – DL models
frequently exhibit overconfidence in scenarios where their predictions are unreliable [84,
277]. Additionally, they suffer from a lack of interpretability [75], inability to handle out-of-
domain (OOD) samples [154, 187] or domain shifts [204], and a sensitivity to adversarial
attacks [219, 241, 249]. Needless to say, these issues are particularly detrimental in safety-
critical applications, where the consequences of erroneous predictions can be severe.

Quantifying the uncertainty of a model’s predictions has been identified as a promising
approach to not only mitigate these risks but ultimately increase trustworthiness in high-stakes
scenarios [147, 155, 154, 190, 191, 143, 168]. By providing insights into where a model is
uncertain, Uncertainty Quantification (UQ) can enable risk-aware decision-making, such as

1 Although I am the sole author of this thesis, which represents a selected part of my research over the past
3.5 years, I will use the plural form throughout for two reasons: It is common in scientific writing, and it
acknowledges the indispensable contributions of my co-authors.
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preemptive identification of failure cases, providing feedback to human operators, or triggering
additional verification steps [193, 60, 67]. Furthermore, uncertainty estimates can be crucial
in adapting to heterogeneous and limited data, mitigating the risk of overfitting and facilitating
more robust generalization [233, 74]. Besides, they also enable advanced learning paradigms
such as active learning [68, 33, 298, 198], where the uncertainty can guide sample selection for
labeling, and reinforcement learning [67, 111, 122, 171], where it aids in safer exploration and
policy refinement. Despite numerous promising attempts [172, 67, 138, 263, 265, 164, 191,
6], existing methods often suffer from high computational costs, the need for careful design
choices, changes in the training process, or a potential deterioration in prediction accuracy [97,
189]. These drawbacks make it undeniably difficult to develop and deploy uncertainty-aware
machine vision systems in real-time and resource-constrained applications.

This thesis aims to bridge this gap by exploiting UQ methods in the context of SS and MDE,
both as standalone tasks and jointly within multi-task learning. Specifically, it investigates the
quality of existing UQ methods, explores strategies for efficient UQ, and integrates uncertainty
estimates into the training process to enhance model performance. Moreover, it examines
the trade-offs between UQ quality and computational efficiency, to develop practical solutions
for real-world applications. By addressing these challenges, this work contributes to the
development of safer and more robust machine vision systems, ultimately advancing their
reliable deployment in high-stakes environments.

1.2 Scope

Exploitation of
Predictive Uncertainties

Efficient Multi-task
Uncertainties through Distillation

Evaluation of
Multi-task Uncertainties

Combining Uncertainty Quantification 
with Foundation Models

Efficient Uncertainty 
Quantification through Distillation

Chapter 3: Uncertainty-aware Semantic Segmentation

Chapter 5: Uncertainty-aware Joint Semantic Segmentation and Monocular Depth Estimation

Chapter 4: Uncertainty-aware Monocular Depth Estimation

Chapters 1 & 2: Prolog

Chapter 6: Synopsis

Summary Discussion Conclusion & Outlook

Exploitation of
Predictive Uncertainties

Introduction Fundamentals

Figure 1.1: Schematic overview of the structure of this thesis.
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The scope of this thesis encompasses the exploration and development of methodologies to
integrate UQ into DL-based machine vision systems, with the overarching goal of enhancing
their robustness and trustworthiness while keeping efficiency in mind for real-world applica-
tions. As illustrated by Figure 1.1, the focus of this thesis is structured around UQ in three
key tasks: SS, MDE, and their joint application within a multi-task learning framework. Each
Chapter tackles specific challenges and opportunities for the exploitation of UQ, contributing
to the broader objective of creating safer and more efficient machine vision systems.

Uncertainty-aware Semantic Segmentation. Chapter 3 deals with the foundational task
in SS, where pixel-wise classification enables a granular understanding of images through
the distinct separation of different object classes and background regions. However, real-
world applications do not only demand models that perform accurately but also provide
meaningful confidences for their predictions. In this context, this thesis presents two distinct
contributions:

1. Efficient Uncertainty Quantification through Distillation: Given the high computa-
tional cost of traditional UQ methods, this work explores a simple yet highly effective
distillation strategy to reduce the inference overhead while maintaining uncertainty
quality and predictive performance.

2. Exploitation of Predictive Uncertainties: By emphasizing regions of high uncertainty in
the training process, valuable insights are leveraged to guide the model’s learning more
effectively.

Uncertainty-aware Monocular Depth Estimation. Chapter 4 investigates MDE, which
describes the task of inferring depth information from a single image and is critical for
applications such as autonomous navigation and 3D scene understanding. Foundation models,
characterized by their ability to generalize across a wide range of tasks due to extensive
pre-training on large datasets, have shown remarkable capabilities in this domain. However,
their impressive performance can often lead to naive deployment, overlooking critical aspects
such as the predictive uncertainty. To address this gap in the current literature, this thesis
contributes:

3. Combining Uncertainty Quantification with Foundation Models: By integrating
multiple UQ methods with a state-of-the-art foundation model, this work seeks to balance
the benefits of large-scale pre-training with the need for reliable uncertainty estimates.

Uncertainty-aware Joint Semantic Segmentation and Monocular Depth Estimation. Since
many real-world applications are multi-modal in nature, Chapter 5 combines SS and MDE
within a multi-task learning framework, which introduces unique challenges and opportunities
for the exploitation of uncertainties. Consequently, in this context, this thesis puts forward
three contributions:

4. Evaluation of Multi-task Uncertainties: By evaluating multiple UQ approaches within
a multi-task learning framework, this work provides a novel perspective on the interplay
between tasks with regard to the uncertainty quality and predictive performance.

1.2 Scope 3



5. Efficient Multi-task Uncertainties through Distillation: Building on the principles of
knowledge distillation, this work develops a highly effective strategy to enable high-
quality multi-task uncertainties with a single forward pass.

6. Exploitation of Predictive Uncertainties: By incorporating predictive uncertainties of
a Deep Ensemble (DE) teacher into the training process of a single student model, this
work achieves new state-of-the-art results on two common benchmark datasets.

1.3 Structure and Reading Guidelines

As shown by Figure 1.1, this thesis consists of three parts: The prolog, the main contribu-
tions, and the synopsis. The remainder of the prolog contains the introduction of essential
mathematical foundations of DL in Chapter 2, offering a concise yet thorough primer on
DL-based machine vision for the subsequent Chapters. It also provides an overview of UQ in
the context of DL, establishing common challenges, the importance of UQ, types of uncertainty,
and a comprehensive taxonomy of UQ methods. Finally, it presents a compact review of
available knowledge distillation techniques. This Chapter serves as a stepping stone for readers
unfamiliar with the mathematical underpinnings of DL-based machine vision or UQ, ensuring
both accessibility and laying the groundwork for the technical depth to follow.

Chapters 3, 4, and 5 represent the main contributions of this thesis, each focusing on a specific
task within the broader scope of machine vision: SS, MDE, and their joint application within a
multi-task learning framework. These Chapters share a coherent structure, each comprising an
introduction, a review of related work, a detailed explanation of the proposed methodologies,
a comprehensive set of experiments, and a conclusion that reflects on the findings and their
implications. Theoretically, each Chapter is self-reliant and can be read independently of
the remaining ones for readers who are only interested in a certain task. Readers who are
more generally interested are encouraged to read all of the Chapters, as they all provide
unique insights and therefore a broader perspective on efficient estimation and exploitation of
uncertainties in DL-based machine vision.

Finally, Chapter 6 synthesizes the findings from all preceding Chapters, offering a holistic
discussion of the implications of this uncertainty-aware machine vision research. This Chapter
further provides concluding remarks encompassing key insights of Chapters 3, 4, and 5 and
outlines future research opportunities.

Throughout this thesis, previously published contributions are marked by vertical lines, as
exemplified here, to distinguish them from newly written content. Aside from minor editorial
changes to correct errors, improve readability, or ensure consistency with the terminology and
formatting of this thesis, they are adopted from their original publication without changes. In
some cases, parts may be omitted or the order slightly adjusted to enhance the reading flow
and coherence within the Chapter. Readers seeking the full details and contexts of these prior
works are encouraged to refer to the original publications directly. It is also worth noting that
while Chapters 3, 4, and 5 are presented in an order reflecting the logical development of the
underlying research, the contents of Chapters 4 and 5 were largely studied concurrently rather
than sequentially. Consequently, insights gained from Chapter 5, particularly regarding the
choice of the uncertainty threshold, are already applied in Chapter 4. To contextualize the
presented research, the following provides a concise overview of all adopted publications.
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[147] S. Landgraf, K. Wursthorn, M. Hillemann, and M. Ulrich. “DUDES: Deep Un-
certainty Distillation Using Ensembles for Semantic Segmentation”. In: PFG–Journal of
Photogrammetry, Remote Sensing and Geoinformation Science 92.2 (2024), pp. 101–114.

[143] S. Landgraf, M. Hillemann, K. Wursthorn, and M. Ulrich. “Uncertainty-aware
Cross-Entropy for Semantic Segmentation”. In: ISPRS Annals of the Photogrammetry,
Remote Sensing and Spatial Information Sciences 10 (2024), pp. 129–136.

[146]a S. Landgraf, R. Qin, and M. Ulrich. “A Critical Synthesis of Uncertainty Quan-
tification and Foundation Models in Monocular Depth Estimation”. In: arXiv preprint
arXiv:2501.08188 (2025).

[141]b S. Landgraf, M. Hillemann, T. Kapler, and M. Ulrich. “A Comparative Study on
Multi-task Uncertainty Quantification in Semantic Segmentation and Monocular Depth
Estimation”. In: tm-Technisches Messen (2025).

[142]c S. Landgraf, M. Hillemann, T. Kapler, and M. Ulrich. “Efficient Multi-task
Uncertainties for Joint Semantic Segmentation and Monocular Depth Estimation”. In:
DAGM German Conference on Pattern Recognition. Springer. 2024, pp. 348–364.
a This work is still under review for publication in Pattern Recognition, with the preprint available on arXiv

as cited.
b This paper represents an extended version of a previously published conference paper [140].
c This thesis adopts an extended version of this work, which received a Best Paper Honorable Mention at

the German Conference on Pattern Recognition 2024 and was invited for submission to the International
Journal of Computer Vision, where it is currently under review.
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Fundamentals 2
This Chapter includes elements from

[147] S. Landgraf, K. Wursthorn, M. Hillemann, and M. Ulrich. “DUDES: Deep Uncer-
tainty Distillation Using Ensembles for Semantic Segmentation”. In: PFG–Journal of
Photogrammetry, Remote Sensing and Geoinformation Science 92.2 (2024), pp. 101–114,

which are marked with a blue line.

This Chapter also includes elements from

[146] S. Landgraf, R. Qin, and M. Ulrich. “A Critical Synthesis of Uncertainty Quan-
tification and Foundation Models in Monocular Depth Estimation”. In: arXiv preprint
arXiv:2501.08188 (2025),

which are marked with an orange line.

This Chapter also includes elements from

[142] S. Landgraf, M. Hillemann, T. Kapler, and M. Ulrich. “Efficient Multi-task Uncer-
tainties for Joint Semantic Segmentation and Monocular Depth Estimation”. In: DAGM
German Conference on Pattern Recognition. Springer. 2024, pp. 348–364,

which are marked with a green line.

The following Chapter introduces the fundamental concepts that underpin this thesis. Sec-
tion 2.1 covers the mathematical foundations of Deep Learning (DL), from simple feed-forward
neural networks to more complex architectures like Convolutional Neural Networks (CNNs)
and Vision Transformers (ViTs). Section 2.2 provides an overview of DL-based Uncertainty
Quantification (UQ), highlighting key challenges, the importance of uncertainties, their catego-
rization, and methods for quantifying them. Finally, Section 2.3 presents a compact review of
knowledge distillation techniques.

2.1 Deep Learning

DL is a subset of Machine Learning and can be viewed as a hierarchy of parameterized basis
functions, forming what we call neural networks. Each layer serves as a building block,
combining simple functions to handle complex data transformations. While modularity makes
DL widely applicable, scaling – through large datasets and computational resources – unlocks
its full potential. As a result, DL has achieved unparalleled performance not only in image
recognition [134, 59, 260, 258] but also in speech recognition [184, 101, 43], natural
language processing [38, 118, 257], brain circuit reconstruction [100], particle accelerator
data analysis [37], and genomic research [156, 205, 285].
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Mathematical Foundations. Linear regression [73, 72] plays a crucial role in understanding
the mathematical underpinnings of DL. It models the relationship between input-output pairs
{(x1, y1), ..., (xN , yN)}, where each input xi ∈ RM and corresponding output yi ∈ RD, using a
linear function

ŷ(x) = Wx + b , (2.1)

where W ∈ RD×M and b ∈ RD. The parameters W and b define different kinds of linear
transformations on the input x, and their optimal values are typically determined by minimizing
a cost function that accounts for all the inputs X and corresponding outputs Y, which represent
the ground truth targets.

However, real-world data often requires non-linear mappings. Linear basis function regres-
sion [18] solves this problem. Here, we consider linear combinations of F non-linear trans-
formations ψ f (x) of the input x. Then, linear regression is performed on the feature vector
Ψ(x) = [ψ1(x), ..., ψF(x)] itself instead of x. The basis functions ψ f (x) can take various forms,
such as polynomials, wavelets, or sinusoidal functions of different frequencies [18].

To allow even more flexibility, we can use parameterized basis functions [18, 66]. Instead of
constraining the basis functions to be fixed and mutually orthogonal, we may define them to
be ψw f ,b f , where ψ f is applied to the affine transformation ⟨w f , x⟩+ b f , with ⟨w f , x⟩ denoting
the inner product between w f and x. For instance, choosing ψ f (·) = sin(·) results in a
parameterized basis function

ψ
w f ,b f
f (x) = sin(⟨w f , x⟩+ b f ) , (2.2)

where w f and b f are learnable parameters representing the weights and biases for the f -th
basis function. The feature vector, which consists of the outputs of these basis functions, serves
as the input to a linear transformation.

As a result, the model output can be expressed as

ŷ(x) = W2ΨW1,b1(x) + b2 , (2.3)

where ΨW1,b1(x) = ψ(W1x + b1), with W1 ∈ RF×M as a weight matrix, b1 a vector of F
elements, W2 ∈ RD×F another weight matrix, and b2 a vector of D elements. These parameters
define a structured mapping from the input space to the output space, where ψ(·) introduces
non-linearity. Analogous to the simple linear regression, the learnable parameters W1, b1, W2,
and b2 can then be optimized by minimizing a cost function that accounts for all inputs X and
corresponding ground truth data Y. For instance, minimizing the average squared error over Y
is a common choice.

Combining these simple basis functions as layers inside a hierarchical neural network gives
us the foundation to build specialized DL models. For regression tasks, we simply stack these
layers, while for classification, we typically apply a logistic function at the end to convert
the outputs into a pseudo-probability vector. The logistic function is a common choice for
binary classification as it maps the model’s outputs to [0, 1]. In contrast, the softmax function
generalizes this to multi-class settings by ensuring the output forms a valid pseudo-probability
distribution. Because of its importance, the softmax function and its properties are discussed
in more detail in the following paragraphs.
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Next, a simple neural network is introduced to connect common notations in DL with the
mathematical formalism of the aforementioned linear basis function models. This is followed
by a review of several specialized models for image processing.

Feed-forward Neural Networks. For the sake of simplicity, and because the extension
to multiple layers is straightforward, we will only go over a simple feed-forward neural
network [179, 227, 226, 232] with a single hidden layer.

Let the input to the model be denoted as x ∈ RM, often referred to as the network’s input layer.
The input undergoes an affine transformation, producing a hidden layer of size F, represented
as

h = ϕ(W1x + b1) , (2.4)

where W1 ∈ RF×M is a weight matrix, b1 ∈ RF is a bias, and ϕ(·) is an element-wise non-
linearity such as Rectified Linear Unit (ReLU) [65, 64, 194]. The hidden layer is then followed
by a second affine transformation to produce the final model output

ŷ(x) = hW2 + b2 = ϕ(W1x + b1)W2 + b2 , (2.5)

where W2 ∈ RD×F and b2 ∈ RD define the weights and bias of the output layer that map the
hidden layer to a D-dimensional output.

For regression tasks, the model can be trained by minimizing the Mean Squared Error (MSE)
loss

LMSE(X, Y) =
1
N

N

∑
n=1

(yn − ŷn)
2 , (2.6)

where {y1, ..., yN} are ground truth outputs, and {ŷ1, ..., ŷN} are the outputs of the model with
corresponding inputs {x1, ..., xN}. N denotes the total number of samples in the available
dataset.

For multi-class classification, the output logits ŷ ∈ RD are transformed via the softmax function
to produce normalized pseudo-probabilities

p(ŷ)i =
exp(ŷi)

∑C
c=1 exp(ŷc)

, (2.7)

where p(ŷ)i denotes the predicted score for class i, and C is the number of classes. In this
setting, the output dimensionality D corresponds to the number of classes, i.e., D = C.
Although the outputs lie in the interval [0, 1] and sum to one, they are not calibrated, and thus,
are more accurately viewed as pseudo-probabilities.

Training for classification often involves minimizing the categorical Cross-Entropy (CE) loss

LCE(X, Y) = − 1
N

N

∑
n=1

C

∑
c=1

yn,c log(p(ŷ)n,c) . (2.8)

The general idea of training a model, i.e., minimizing its loss function concerning W1, W2, b1,
and b2 through backpropagation [98], is that it generalizes to unseen test data (Xtest, Ytest). A
major challenge with such an approach is usually overfitting, where the loss decreases on the
training data (X, Y) but increases on unseen test data (Xtest, Ytest).
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A common solution to address overfitting is the incorporation of a regularization term. For
instance, L2 regularization (or weight decay) penalizes large weights by adding the squared
norms of the parameters to the loss, weighted by regularization coefficients λ1, λ2, λ3, resulting
in

Lregularized(W1, W2, b) = L(X, Y) + λ1∥W1∥2
F + λ2∥W2∥2

F + λ3∥b∥2
2 , (2.9)

where L(X, Y) represents the primary loss (e.g. MSE or CE), while the additional terms serve
to constrain the magnitude of the weights and biases. ∥ · ∥F denotes the Frobenius norm [77].
A high regularization rate tends to produce a histogram of model weights that is akin to a
normal distribution and a mean weight of 0, thereby reducing the chances of overfitting and
improving the model’s generalization to unseen data [78, 136].

As discussed earlier, these simple model architectures can be extended to multiple layers, which
leads to models that are capable of capturing hierarchical representations of highly complex
input data, such as images, which we will review next.

Convolutional Neural Networks (CNNs). CNNs [149, 150] are inspired by the natural
visual perception mechanisms of living organisms, particularly the hierarchical structure of
receptive fields in the visual cortex [113]. They are designed to efficiently process grid-like
data, such as images, by recursively applying convolutions and pooling layers in combination
with simple feed-forward neural networks.

The convolutional layer aims to extract meaningful feature representations by applying a set
of learnable kernels over local regions in the input, as illustrated by Figure 2.1. As shown in
this simplified example, the first kernel preserves the information from the blue channel of
the input image while it discards the green and red channels, resulting in blue features in the
layer output. Conversely, the second kernel disregards the blue and green channels and only
retains information from the red channel of the input image, leading to red features in the
output layer. Obviously, this is a simplified portrayal of how convolutional layers work. In
reality, kernels are usually not composed of the same values in each spatial location and do not
only retain information of a single channel, but rather act as feature detectors of all kinds.

He
ig
ht

Width

Kernels Layer Output (Features)

Width

Height

Layer Input (RGB Image)

Figure 2.1: Simplified illustration of a convolutional layer. Inspired by [66].
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Mathematically, the feature value at location (i, j) in the f -th feature map of the l-th layer is
calculated as

zl
i,j, f = ϕ(W l

f xl
i,j + bl

f ) , (2.10)

where W l
f is the respective weight, bl

f is the corresponding bias term, xl
i,j is the input patch

centered at location (i, j), and ϕ(·) is an activation function such as ReLU to introduce non-
linearity. It is worth noting that the learnable kernel W l

f is shared for the entire input, which
allows CNNs to drastically reduce the number of parameters compared to a fully connected
network, while maintaining the ability to detect patterns such as edges, textures, and even
more abstract features at higher layers.

The output of a convolutional layer typically passes through a pooling operation (e.g., average
pooling [149, 150] or max pooling [218, 117]), which downsamples the spatial resolution
to reduce computational cost and improve robustness by preserving important information
while discarding irrelevant details. Stacking multiple convolutional and pooling layers enables
CNNs to efficiently learn hierarchical feature representations, where earlier layers capture
low-level features (e.g., edges and corners) and deeper layers extract high-level semantic
features (e.g., object parts and categories). Finally, these features are usually fed into one or
multiple fully-connected layers, which aim to perform high-level reasoning by combining all
the features from the previous layer to generate global semantic information [246, 297].

CNNs have been crucial in achieving state-of-the-art performance in image classification, object
detection, and segmentation tasks. For example, the seminal AlexNet [134] architecture
demonstrated that deep CNNs, combined with large-scale datasets such as ImageNet [47],
could outperform traditional machine vision techniques by a groundbreaking margin. Subse-
quent architectures like VGGNet [246], Inception [258], and ResNet [95] introduced further
innovations in terms of layer design and network scaling.

Despite their success, CNNs inherently rely on inductive biases such as local receptive fields
and spatial hierarchies, which can limit their ability to model long-range dependencies and
global relationships. Recently, inspired by the revolutionary success of relying entirely on
self-attention in natural language processing [268], ViTs [53] have emerged as a promising
alternative to CNNs.

Vision Transformers (ViTs). ViTs adopt the transformer architecture, originally designed
for sequence-to-sequence tasks in natural language processing [268], to machine vision.
Unlike CNNs, which operate on local regions of an image with their convolutional kernels,
ViTs leverage self-attention mechanisms to capture global dependencies of image patches
that are treated as sequences – just like tokens (i.e., words) in natural language processing
applications [53].

In ViTs, an image is first divided into fixed-size patches, which are then linearly embedded and
sequentially concatenated with positional encodings to preserve spatial information. These
embedded image patch sequences are then fed into a series of transformer blocks, each
consisting of multi-head self-attention and feed-forward neural networks. The self-attention
mechanism at each layer is mathematically defined as:

A(Q, K, V) = softmax
(︃

QKT
√

dk

)︃
V , (2.11)
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where Q, K, V ∈ Rn×dk are the query, key, and value matrices derived from n input embeddings.
dk is the dimension of the key vectors. The scaling factor 1√

dk
is used to prevent the dot products

from growing too large in magnitude, which could lead to small gradients and unstable training
dynamics.

A1

Q1 K1 V1

WQ WK WV

x1 Q1 = WQ x1 

K1 = WK x1 

V1 = WV x1 

Q2 K2 V2

WQ WK WV

x2 Q2 = WQ x2 

K2 = WK x2 

V2 = WV x2 

Qn Kn Vn

WQ WK WV

xn Qn = WQ xn 

Kn = WK xn 

Vn = WV xn 

…

…

a1,1 a1,2 a1,n

softmax

a’1,1 a’1,2 a’1,n

Figure 2.2: Simplified illustration of the single-head self-attention mechanism. Inspired by [152].

Figure 2.2 shows how the single-head self-attention mechanism works for a given input patch
xi with a total number of n input patches. First, the input is multiplied by the query, key, and
value weight matrices WQ, WK, and WV , respectively. During training, these weight matrices
are learned. Afterwards, a similarity between each query Qi and every key Kj is computed
through a simple dot product, effectively determining the level of attention ai,j given to other
parts of the input xj when encoding an input xi at a specific position. For example, as shown by
Figure 2.2, for the first input x1, a total number of n attention scores a1,j for (j = 1, . . . , n) are
computed by estimating the dot product of the first query Q1 and all the keys Ki. Subsequently,
a softmax function (cf. Equation 2.7) is utilized to obtain normalized attention scores a′i,j.
Finally, the values Vi are multiplied by the normalized attention scores a′i,j and summed across
all available positions to obtain a final self-attention representation Ai for each input xi.
For multi-head self-attention, the input is projected into multiple subspaces, using separate
weight matrices WQ, WK, and WV for each head, and the self-attention operation is performed
independently in each subspace. The outputs of all attention heads are then concatenated and
linearly transformed to produce the final output. This formulation allows ViTs to dynamically
focus on the most relevant parts of the image while capturing long-range dependencies and
relationships between patches, regardless of their spatial proximity. Self-attention is a key
factor in the success of ViTs, as it enables to adaptively determine the importance of different
image regions for any given task.
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Although ViTs lack key inductive biases inherent to CNNs, such as translation equivariance
and locality, their global attention mechanism enables them to capture complex, long-range
patterns that span the entire image. This holistic understanding allows ViTs to outperform
CNNs on various vision tasks. However, without the strong inductive biases that aid CNNs in
generalizing from limited data, ViTs require extensive pre-training and more computational
resources, making them less efficient in data-scarce settings [53, 90].

2.2 Uncertainty Quantification

Deep Neural Networks (DNNs) have revolutionized numerous research fields, including com-
puter vision, natural language processing, and robotics, due to their remarkable ability to learn
complex patterns from large datasets. This success has catalyzed the adoption of DNNs in
high-risk applications, such as medical image analysis [193, 230, 239, 137, 220, 155] and
autonomous driving [60, 35, 7, 168, 178]. However, despite their impressive capabilities, the
real-world deployment of DNNs in mission- and safety-critical domains remains constrained.

Challenges in Safety-Critical Deployment. The limitations of DNNs in critical applications
primarily stems from the following factors:

1. Lack of Interpretability: DNNs are often perceived as "black boxes", providing predic-
tions without intuitive explanations [75]. This opaqueness hinders trust, especially in
scenarios where understanding the rationale behind a decision is vital, such as a medical
diagnosis. Moreover, non-existent decision-making processes undermine the collabora-
tion between DNN-based systems and human experts, particularly in interdisciplinary
domains like healthcare [155, 9] or industrial monitoring [145, 139, 144].

2. Inability to Handle out-of-domain (OOD) Samples and Domain Shifts: DNNs struggle
to differentiate between in-domain (ID) and OOD samples [154, 187]. Additionally, they
exhibit sensitivity to domain shifts [204], which can lead to significant performance degra-
dation. This issue is exacerbated in dynamic environments, such as autonomous driving,
where real-world conditions frequently diverge from training data assumptions [235,
109].

3. Overconfidence in Predictions: DNNs often produce overconfident outputs, even for
incorrect predictions [84, 277]. This lack of calibration can be detrimental in high-risk
settings where reliable confidence estimates are essential [9, 67, 84, 125, 126, 138].
In mission- or safety-critical contexts, such as industrial inspection [253] or medical
diagnostics [180], deploying uncalibrated models may lead to unanticipated failures,
despite seemingly high-confidence predictions.

4. Sensitivity to Adversarial Attacks: Adversarial perturbations – small, imperceptible
changes to input data – can dramatically affect the output of a model [219, 241, 249].
For instance, in autonomous driving [24, 48], a carefully crafted perturbation to a traffic
sign could cause a vehicle’s DNN to misclassify a "STOP" sign as a regular speed limit
sign, leading to potentially catastrophic consequences.
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These challenges highlight the critical need to not only focus on improved performance of these
systems but also advancements in terms of reliability and interpretability. Without addressing
these concerns, deploying DNNs in safety-critical environments could lead to unintended risks
and consequences, undermining their potential benefits and trust.

Importance of Uncertainty Quantification. Incorporating UQ into DNNs addresses many
of the previously mentioned challenges: Beyond tackling issues such as overconfidence and
sensitivity to domain shifts, UQ significantly improves the deployability of DNNs by dealing with
their lack of interpretability. Providing uncertainties can enhance decision-making processes
and enable broader, more reliable adoption in diverse applications:

• Ensuring Safety in High-Risk Applications: As mentioned before, reliable uncertainty
estimates are indispensable in many real-world applications. Identifying high-uncertainty
predictions can trigger human intervention or additional verification steps [193, 60, 67].
Uncertainty-aware systems can also enable adaptive responses to changing conditions or
unexpected scenarios like adversarial attacks or OOD samples.

• Adapting to Heterogeneous and Limited Data: In domains like remote sensing, where
data sources are highly diverse and labeled datasets are scarce, UQ helps mitigate
the risks of overfitting and enables more robust generalization [233, 74]. Similarly,
in industrial settings, where precision and reliability are critical, UQ allows for more
informed decision-making [253, 262]. UQ also facilitates model transferability across
domains, reducing the reliance on extensive domain-specific fine-tuning [209].

• Enabling Uncertainty-Driven Learning Techniques: Uncertainty estimates are integral
to advanced learning paradigms such as active learning, where they guide the selection
of the most informative samples for labeling [68, 33, 298, 198], and reinforcement
learning, where they contribute to safer exploration and policy improvement [67, 111,
122, 171]. These techniques leverage uncertainty to maximize efficiency, which is
particularly valuable in scenarios with resource constraints.

Systematically integrating UQ into DNN workflows offers researchers and practitioners the
chance to overcome key barriers to the adoption of artificial intelligence in mission- and
safety-critical domains. Uncertainty-aware systems have the potential to not only enhance
reliability and explainability but also bridge the gap between experimental research and real-
world deployment. The role of UQ is pivotal in shaping the future of trustworthy artificial
intelligence.

Uncertainty Quantification Methods. DNNs, with their large number of parameters and
inherent non-linearities, make exact posterior probability estimation of outputs intractable [19,
168]. To address this critical limitation, a variety of approximative UQ methods have been
proposed [172, 67, 138, 263, 265, 164, 191, 6], which can be categorized by architectural
design [75], the type of uncertainty they aim to quantify [97], or their underlying Bayesian
principles [1, 181]. Since the scope of this thesis encompasses the exploration and development
of practical solutions for efficient estimation and exploitation of uncertainties with real-world
machine vision applications in mind, we disregard the type of uncertainty for now and adopt a
mixture of the remaining taxonomies, leading to the following:
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1. Sampling-based Methods: Sampling-based approaches are the most prominent UQ
methods due to their ease of use and effectiveness. These methods either derive the
uncertainty from the model’s parameters (e.g., Bayesian Neural Networks) [67, 195,
279, 236, 221, 222, 133, 214, 170] or their architectures (e.g., Ensembling) [175, 138,
263, 276]. While they usually produce the most accurate uncertainty estimates, the
computational cost associated with the necessity of multiple forward passes often makes
them impractical for real-world applications that require fast inference times or that
are running on resource-constrained devices. One of the simplest and most prevalent
sampling-based UQ methods is Monte Carlo Dropout (MCD) [67]. MCD approximates
a Gaussian process by keeping dropout layers active during both training and testing.
Originally, dropout layers were solely introduced as a regularization technique during
training to prevent overfitting [251]. With MCD, however, they are also used during test
time to turn a deterministic model into a stochastic one to sample from the posterior
distribution. The uncertainty of a given model can then easily be estimated by calculating
the standard deviation (or variance) over the samples. Another widespread sampling-
based UQ method are Deep Ensembles (DEs) [138], which are generally considered
the state of the art for UQ across various tasks [204, 282, 87, 140]. They consist of a
collection of independently trained models, ideally each initialized with random weights
and optimized with random data augmentations to maximize the diversity among the
ensemble members [61]. The high effectiveness of DEs comes at the cost of a very
high computational overhead due to the need to train and evaluate multiple models.
A more efficient variant of DEs are Deep Sub-Ensembles (DSEs) [263]. They exploit
subnetworks within a single model to produce diverse predictions without the need for a
full ensemble of models. They offer an effective trade-off between uncertainty quality
and computational cost, which can easily be tuned based on the given constraints.

2. Deterministic Approaches: Next to these approximate UQ methods, there has also
been an increasing interest in using deterministic single forward-pass methods, which
need less memory and have a lower inference time. For instance, Van Amersfoort et al.
[265] and Liu et al. [164] build on the idea of a well-regularized feature space in which
they quantify the uncertainty through distance-aware output layers. Although these
methods perform well, they are not quite competitive with DEs and require a substan-
tial adaptation of the training process. Mukhoti et al. [191] propose to simplify the
aforementioned approaches by using Gaussian Discriminant Analysis post-training for
feature-space density estimation. With their approach, they manage to perform on par
with a DE in some settings but still require a more sophisticated training approach. In
general, these deterministic single-forward pass methods are a worthwhile alternative to
the traditional UQ methods [172, 67, 138], yet they all introduce conceptual complexity
that require changes in the architecture, the training process, and introduce additional
hyperparameters. Another common approach for more efficient UQ is evidential DL [10,
26, 173, 240, 6], which only requires a single forward pass during inference. Detrimen-
tally, training is more complicated, requires OOD samples, and there is no guarantee that
the prediction accuracy of a regular network can be achieved [97, 189].

Types of Uncertainty. While not the primary focus of this thesis, uncertainty in DL is typically
categorized into aleatoric and epistemic components [50], following the taxonomy originally
introduced by Hacking [88]:
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1. Aleatoric uncertainty (often referred to as data uncertainty) arises from inherent
randomness or variability in the data, such as noise in measurements or ambiguities
in labels, as shown by the left side of Figure 2.3. This type of uncertainty is intrinsic
to the data-generating process and cannot be reduced by collecting more data1. For
instance, the ambiguity around object boundaries due to image resolution or overlapping
structures can lead to high aleatoric uncertainty. Aleatoric uncertainty can be further
divided into homoscedastic, which remains constant across inputs, and heteroscedastic,
which varies depending on the properties of the input [126]. UQ methods that aim
to explain the uncertainty from the inherent randomness or noise in the data either
construct a distribution over the prediction via discriminative models [82, 126, 208,
280, 228, 28] or generative models [202, 71, 215, 131, 55, 25]. While these methods
allow for the quantification of the aleatoric uncertainty, in principle, they depend on new
training strategies, need to modify the network’s architecture, or convergence of the loss
function is not guaranteed [97].

2. Epistemic uncertainty (often referred to as model uncertainty) reflects a lack of knowl-
edge about the model or its parameters, as shown by the right side of Figure 2.3. This
uncertainty often stems from insufficient data, limited diversity in training samples, or
structural simplifications in the model. Unlike aleatoric uncertainty, epistemic uncer-
tainty is reducible by improving the model or incorporating more representative training
data. Epistemic uncertainty is particularly evident in OOD scenarios, where the test
data distribution differs from the training distribution. Epistemic uncertainty can be
quantified based on methods that target the parameters of a DNN (e.g., Bayesian Neural
Networks) [67, 195, 279, 236, 221, 222, 133, 214, 170], architecture (e.g, Ensem-
bling) [175, 138, 263, 276], or sample density [265, 264, 164, 44, 278]. Although these
methods can capture valuable model uncertainty information, they generally suffer from
high computational cost, lack rigorous theoretical analysis, or require careful design
choices and modifications to the training process [97]

Predictive Uncertainty. While decomposing uncertainty into aleatoric and epistemic com-
ponents can benefit specific applications, such as active learning [66] or out-of-distribution
detection [68], this thesis focuses on predictive uncertainty as a combined measure of both
types. Predictive uncertainty – i.e., any uncertainty estimate that corresponds to a model’s
prediction – provides a holistic view of the confidence of the model and is particularly relevant
in real-world machine vision applications, where the overall reliability of predictions outweighs
the need to distinguish between aleatoric and epistemic uncertainty. While this distinction is
addressed shortly in the later parts of the thesis, the general approach of neglecting uncertainty
disentanglement aligns with recent findings of Mucsányi et al. [189]. They reveal that, despite
substantial theoretical efforts, disentangling these uncertainty types remains an unresolved
challenge in practice. Their analysis attributes this difficulty to strong internal correlations and
the inherent challenge of clearly separating aleatoric and epistemic components, limiting their
practical utility in real-world applications. Consequently, this thesis aims to develop practical
solutions that deliver reliable uncertainty estimates – regardless of type.

1 Although aleatoric uncertainty is often considered irreducible, it can technically be reducible by increasing the
measurement precision, i.e., by upgrading the underlying system, which is responsible for the data-generating
process.
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(a) 2D Regression: Aleatoric Uncertainty
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(b) 2D Regression: Epistemic Uncertainty
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(c) Multi-class Classification: Aleatoric Uncertainty
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Figure 2.3: Illustration of aleatoric (data) and epistemic (model) uncertainty. The first row portrays the
distinction between low and high (a) aleatoric uncertainty and (b) epistemic uncertainty
for a two-dimensional function, along with the corresponding training data. The second
row extends these concepts to a multi-class scenario. Inspired by [75].
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2.3 Knowledge Distillation

As a result of increasingly fast GPUs, ever-growing compute clusters, and techniques like batch
normalization [115], it has become possible to train ViTs with up to 22 billion parameters [45],
enabling groundbreaking performance. However, the huge computational cost and storage
requirements make deployment of such models not only impractical but often impossible in
real-time and resource-constrained applications.

To alleviate this challenge, several efficiency techniques have been proposed:

1. Parameter Pruning and Sharing: These methods allow for the removal of nonessential
parameters from DNNs without significant degradation of the performance. This category
can be further divided into model quantization [281], model binarization [112, 40],
structural matrices [248], and parameter sharing [91, 210].

2. Low-rank Factorization: These methods exploit the redundancy present in DNNs by
employing matrix decomposition [49].

3. Knowledge Distillation: Knowledge distillation transfers knowledge from a complex
teacher model into a smaller student model. The student learns to imitate the teacher’s
predictions, minimizing output differences. Incorporating the teacher’s knowledge
typically produces a compact student model with comparable performance [102, 224,
174, 80]

Distillation Techniques. Figure 2.4 illustrates the most relevant knowledge distillation tech-
niques for this thesis, following the taxonomy of Gou et al. [80]. Response-based distillation
targets the last output layer of the student-teacher framework, training the student to mimic
the teacher model’s predictions. Although conceptually simple, this approach is highly effective
for model compression and widely used in different tasks and applications due to its compu-
tational efficiency. Feature-based distillation extends beyond the final layer by incorporating
intermediate layers, using the teacher model’s feature maps to supervise the student’s training.
Typically, this method builds on response-based distillation by directly matching the feature
activations of a more capable teacher. It was first introduced by Romero et al. [224] with
FitNets, which leveraged intermediate hints to train thinner, deeper student networks.

Teacher

Student

Input Data

Output

Output

Distillation
Loss

Layer LLayer 1

Input Data

Layer 2

Distillation
Loss

Teacher

Layer LLayer 1 Layer 2

Student

Teacher/
Student

Distillation
LossTeacher StudentDistillation

Loss
Pre-trained

Teacher Student

Distillation
Loss

(a) Response-based distillation

Teacher

Student

Input Data

Output

Output

Distillation
Loss

Layer LLayer 1

Input Data

Layer 2

Distillation
Loss

Teacher

Layer LLayer 1 Layer 2

Student

Teacher/
Student

Distillation
LossTeacher StudentDistillation

Loss
Pre-trained

Teacher Student

Distillation
Loss

(b) Feature-based distillation

Figure 2.4: Illustration of response-based and feature-based distillation. Inspired by [80].
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Figure 2.5: Illustration of offline, online, and self-distillation. Inspired by [80].

Distillation Schemes. Figure 2.5 depicts various distillation schemes, categorized into three
types based on whether the teacher model is optimized alongside the student [80]. The most
prevalent and straightforward scheme, offline distillation, is inspired by the original method
by Hinton et al. [101]. Within offline distillation, the knowledge of a pre-trained teacher is
transferred into a student model within a two-stage framework: First, the teacher model is
trained on a set of training samples. Afterwards, the pre-trained teacher is utilized to guide the
training of the student model. To overcome the sequential nature and inflexibility of this two-
stage framework, online distillation optimizes both teacher and student models simultaneously,
enabling end-to-end training. Self-distillation, a special case of online distillation, employs the
same model as both teacher and student, enhancing regularization. Naturally, these distillation
schemes can be combined to leverage their complementary strengths [255].

Uncertainty Distillation. The concept of knowledge distillation has recently gained traction
in the context of efficient UQ, aiming to enable real-time estimation of uncertainties [243,
12, 106, 247]. While some previous works employ MCD to estimate uncertainties for the
student to learn [243, 86, 12], the majority proposes to use a DE [106, 46, 147, 247, 174].
Among these, Deng et al. [46] are the only ones to consider a multi-task problem in the field
of emotion recognition.
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The following Chapter deals with Uncertainty Quantification (UQ) in Semantic Segmentation
(SS), which is one of the most foundational machine vision tasks to enable thorough image
understanding by assigning a distinct class label to each pixel.

Segmentation. SS represents the task of assigning a class label to each pixel in an image,
effectively grouping all objects of the same category without distinguishing individual in-
stances [167, 185, 92, 148, 157, 85]. In contrast, instance segmentation extends this approach
by not only classifying each pixel but also identifying separate instances of the same class [93,
185, 89, 81, 242]. However, this distinction alone does not fully capture complex real-world
scenes where both regions (e.g., sky, road) and countable objects (e.g., cars, pedestrians)
coexist. To address this, panoptic segmentation unifies both approaches by segmenting each
pixel into either a thing category (i.e., distinguishable object instances) or a stuff category (i.e.,
homogeneous regions) [129, 36, 158]. Figure 3.1 shows a qualitative comparison of these
segmentation tasks, highlighting the differences in how each approach interprets the given
image.

Although panoptic segmentation enables a more comprehensive scene understanding, SS
is often sufficient for most applications. Similarly, while instance segmentation provides
additional object-level information, it fails to capture important regions like roads, which are
essential for real-world applications such as autonomous driving. Moreover, SS remains the
least complex approach and maintains the lowest computational cost, making it a practical
choice for the following uncertainty-aware research.

21



(a) Image (b) Semantic Segmentation (c) Instance Segmentation (d) Panoptic Segmentation

Figure 3.1: Qualitative comparison of semantic, instance, and panoptic segmentation for a given input
image. Taken from Kirillov et al. [129].

Challenges. Despite the remarkable success of Deep Learning (DL) in SS, several critical
challenges, which often hinder employment in safety-critical applications, remain as already
discussed in Chapter 2.2. In short, neural networks often exhibit overconfidence in their
predictions, even for incorrect classifications [84, 277]. Additionally, these models struggle
with domain shifts and out-of-domain (OOD) samples, leading to performance degradation
in real-world scenarios [154, 187, 204]. Furthermore, the lack of interpretability limits trust,
particularly in applications where understanding the decision-making process is indispensable,
such as a medical diagnosis [75, 155, 9]. Addressing these issues requires methods that not
only improve predictive performance but also provide reliable uncertainty estimates – all
without introducing significant computational overhead like most traditional UQ methods
do [97, 189].

Research Questions. In an effort to contribute to the advancement of uncertainty-aware SS,
the following Chapter investigates two key research questions:

1. How can we enable efficient and reliable UQ in SS while maintaining technical simplicity?

2. How can we exploit uncertainty estimates to guide the optimization process?

In response to the first question, we present a novel approach for efficient and reliable UQ,
which we call Deep Uncertainty Distillation using Ensembles for Segmentation (DUDES), as
illustrated by Figure 3.2. DUDES applies student-teacher distillation with a Deep Ensemble
(DE) to accurately approximate predictive uncertainties while maintaining simplicity and
adaptability. In comparison to the DE teacher, the student only needs a single forward pass
to obtain predictive uncertainties, which massively reduces the inference time and eliminates
the computational overhead that is associated with having to deal with multiple models and
forward passes. DUDES simultaneously simplifies and outperforms previous work on DE-based
uncertainty distillation.

Regarding the second question, we present a novel Uncertainty-aware Cross-Entropy (U-CE)
loss that addresses this gap by incorporating dynamic uncertainty estimates into the training
process as shown in Figure 3.3. Through pixel-wise uncertainty weighting of the well-known
Cross-Entropy (CE) loss, we harness the valuable insights provided by the uncertainties for
more effective training. With U-CE, we manage to train models that are naturally capable
of predicting meaningful uncertainties after training while simultaneously improving their
segmentation performance.
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Outline and Structure. This Chapter is structured as follows:

1. Section 3.1 offers an overview of related work on UQ and uncertainty-aware SS.

2. Section 3.2 showcases DUDES, our novel approach for efficient and reliable UQ.

3. Section 3.3 presents U-CE, an uncertainty-aware CE loss function that incorporates
predictive uncertainties into training to enhance segmentation performance.

4. Section 3.4 concludes with a summary of key findings and their implications for
uncertainty-aware SS.

3.1 Related Work

In this Section, we summarize the related work on UQ and uncertainty-aware SS. Related work
on knowledge distillation can be found in Section 2.3.

Uncertainty Quantification

The simplest way to quantify uncertainty in SS is by using the softmax probabilities, which
are naturally provided by the design of the model. However, while these softmax predictions
are easy to implement, they tend to be overconfident and require calibration to ensure that
the predicted pseudo-probabilities align with the actual likelihood, thus providing reliable
confidence estimates [84, 277].

For a broader review of related work on UQ, refer to the corresponding Section 2.2 in the
fundamentals Chapter.

Uncertainty-aware Segmentation

In the domain of uncertainty-aware segmentation, researchers have explored various techniques
to incorporate uncertainty measures into the training process. While traditional UQ methods
have successfully been employed in tasks such as visual bias mitigation in classification [254],
these techniques have been largely overlooked or underutilized in the field of SS. We provide
an overview of notable works that leverage uncertainty-aware techniques for segmentation
tasks in various domains. Additionally, we discuss how U-CE addresses the gap towards full
utilization of traditional UQ methods during training.

Hard Example Focus. Some of the earlier work on more effective training was originally
designed for Object Detection. For example, Lin et al. [162] introduced a loss that down-
weights the contribution of easy examples to shift the focus more towards hard examples.
Another closely related technique is online hard example mining by Shrivastava et al. [244].
They propose to automatically select hard examples to only learn from them and completely
ignore the easy examples. By now, both methods have been successfully adapted for SS [116,
275].
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Dataset Balancing. More closely related to our work, Bischke et al. [17] and Bressan et
al. [21] propose to leverage uncertainties to improve training on imbalanced aerial image
datasets. The former use the per-class uncertainty of the model together with the median
frequency to balance training [17]. We argue that dynamically weighting each pixel individually
during training, which is what U-CE does, is even more valuable. The latter utilize pixel-wise
weights, but only consider the class and labeling uncertainty [21] instead of the predictive
uncertainties like U-CE.

Uncertainty-aware Weighting. In addition to these methods, Chen et al. [27] propose to
transform the embeddings of the last layer from Euclidean space into Hyperbolic space to
dynamically weight pixels based on the hyperbolic distance, which they interpret as uncertainty.
Similarly, Bian et al. [15] propose an uncertainty estimation and segmentation module to
estimate uncertainties that they use to improve the segmentation performance. Unlike U-CE,
however, these two works do not incorporate traditional UQ methods into training.

3.2 Efficient Uncertainty Quantification through Distillation

The following introduces DUDES, a novel student-teacher distillation approach to efficiently
approximate predictive uncertainties. By distilling the UQ capabilities of a computationally
expensive teacher into a single student model, DUDES significantly reduces inference time
while preserving the reliability of the uncertainty estimates of the teacher.

Research Gap. We believe that the process of ensemble-based uncertainty distillation can
be improved upon by simplification. Instead of distilling the entire uncertainty map, which is
what Holder and Shafique [106] propose, we only consider the uncertainty of the respective
predicted class, which we refer to as the predictive uncertainty. This basic, yet highly effective,
simplification ensures that the student’s segmentation performance is not degraded and the
corresponding uncertainties can be learned more easily. As a result, we manage to train a
student model that achieves similar or better segmentation performance than the DE teacher
and does not suffer from any systematic shortcomings concerning the UQ. Additionally, DUDES
does not rely on custom segmentation or uncertainty head architectures and introduces only a
single uncertainty loss without hyperparameters. Thereby, we provide a distinct improvement
over all of the shortcomings and complexities of previous work.

3.2.1 Methodology

In the following, we provide an overview of DUDES, explain the methodology behind our
uncertainty distillation approach, and lay out the implementation details.
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Figure 3.4: A schematic overview of the training process of the student model of DUDES. DUDES
is an easy-to-adapt framework for efficiently estimating predictive uncertainty through
student-teacher distillation. The student model simultaneously outputs a segmentation
prediction alongside a corresponding uncertainty prediction. Training the student involves
a regular segmentation loss with the ground truth labels and an additional uncertainty
loss. As ground truth uncertainties, we compute the predictive uncertainty of a DE, thereby
acting as the teacher.

Overview

DUDES is an easy-to-adapt framework for efficient and reliable UQ through student-teacher
distillation. The overall goal is to train a student model that can simultaneously output a
segmentation prediction and a corresponding predictive uncertainty in the form of standard
deviations that correlate with wrongly classified or OOD pixels with a single forward pass, as
shown in Figure 3.2. Although the student and the teacher could be trained jointly, in principle,
we propose a two-step framework for the sake of simplicity and computational constraints:

1. Training the teacher with the ground truth labels

2. Training the student with the ground truth labels and the teacher’s uncertainty predictions

As shown in Figure 3.4, the training of the student model consists of two loss components. The
first component LS assesses the dissimilarity between the student’s segmentation prediction
and the ground truth labels, while the second component LU evaluates the disparity between
the uncertainty prediction of the student and the output of one of the UQ methods described
in Section 2.2. As mentioned before, we propose to use a DE as the teacher for the concrete
implementation of DUDES. DEs are simple to implement, easily parallelizable, require little
tuning, and represent the current state of the art UQ method [204, 87, 282]. Nevertheless,
since DUDES is flexible with regards to the chosen UQ method, the DE can simply be replaced
by any other UQ method as long as the resulting uncertainty measure is limited between 0 and
1, which we will show in Section 3.2.3.

Teacher. For the reasons stated above, we use a DE as the teacher. The DE consists of ten
regular SS models that are not pre-trained, thus following prior work on DE-based UQ [138, 61].
By randomly initializing all the parameters before training, we aim to capture different aspects
of the input data distribution for each ensemble member, boosting the overall performance
of the teacher, robustness, and UQ capabilities. During inference, each ensemble member
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produces slightly different predictions, which can be averaged to obtain a mean softmax
pseudo-probability

p̄(ŷ) =
1
M

M

∑
m=1

p(ŷm) , (3.1)

where p(ŷm) ∈ RC is the softmax pseudo-probability vector from the m-th ensemble member,
containing C elements corresponding to the number of classes in the SS task, and M is the
number of members. Following Holder and Shafique [106], we compute the standard deviation
over all the softmax pseudo-probabilities to obtain the teacher’s predictive uncertainty

σ =

⌜⃓⃓⎷ 1
M

M

∑
m=1

(p(ŷm)− p̄(ŷ))2 . (3.2)

Student. As our student has to output a corresponding predictive uncertainty in addition to
the segmentation prediction, we add a second head to the decoder of the segmentation model.
We propose to use an additional uncertainty head that is identical to the regular segmentation
head of the segmentation model, except for the output layer. For the segmentation head, we
use a softmax activation to obtain class-wise pseudo-probabilities. Whereas for the uncertainty
head, we use a sigmoid activation that limits the outputs between 0 and 1. Our uncertainty head
only needs one output channel instead of the number of classes, as needed by the segmentation
head. Since this is a key modification to improve upon previous work, we will discuss this
simplification in detail in Section 3.2.4. In contrast to the randomly initialized ensemble
members, the parameters of the student are initialized with ImageNet pre-training [47] to
drastically reduce the required training time, as shown in Section 3.2.2.

Uncertainty Distillation

To efficiently estimate the predictive uncertainty of the DE with a single student model, we
utilize student-teacher distillation as Figure 3.4 shows.

Segmentation Loss. The main objective function that is being minimized for the segmenta-
tion task is the well-known categorical CE loss

LS = − 1
N

N

∑
n=1

C

∑
c=1

yn,c log (pn,c(ŷ)) , (3.3)

where LS is the segmentation loss for a single image, N is the number of pixels in the
image, C is the number of classes, yn,c is the one-hot encoded ground truth, and pn,c(ŷ) is
the predicted pseudo-probability from the model output ŷ. The categorical CE loss measures
the dissimilarity between the ground truth probability distribution and the predicted pseudo-
probability distribution. By minimizing this loss during training, the model is encouraged to
produce pixel-wise class predictions that are as close as possible to the ground truth classes.
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Uncertainty Loss. To distill the predictive uncertainties of our teacher into the student,
we introduce an additional uncertainty loss, which is formulated as the Root Mean Squared
Logarithmic Error (RMSLE)

LU =

⌜⃓⃓⎷ 1
N

N

∑
n=1

(log(σn + 1)− log(σ̂n + 1))2 , (3.4)

where LU is the uncertainty loss for a single image, N is the number of pixels, σn(x) is the
teacher’s uncertainty for the n-th pixel (as ground truth), and σ̂n(x) is the student’s predicted
uncertainty. The uncertainty of the teacher represents the standard deviation of the softmax
pseudo-probabilities of the predicted class in the segmentation map. By minimizing the RMSLE
during training, the student is encouraged to produce uncertainty estimates that are as close
as possible to those predicted by the teacher. The natural logarithm log(·) provides special
attention to the pixels where uncertainties are higher by penalizing underestimations more
than overestimations.

Total Loss. The total loss combines the two previous losses as

L = LS + LU . (3.5)

For the sake of simplicity and because of the empirical results, which we will demonstrate in
Section 3.2.2 and 3.2.3, we refrain from introducing additional hyperparameters to weight
the individual losses. However, it is worth mentioning that, depending on the application, the
introduction of weights for the individual loss terms could be valuable.

3.2.2 Experiments

In this Section, we describe a variety of experiments that demonstrate the advantages of
DUDES. Firstly, we go over our experimental setup. Secondly, we compare the student and the
teacher quantitatively. More specifically, we examine the class-wise segmentation performance
as well as the class-wise uncertainties. In addition, we investigate the uncertainty quality
and highlight the substantial difference in terms of inference time and trainable parameters
between the teacher and the student model. Thirdly, we evaluate the student’s predictions
qualitatively. Fourthly, we assess how well our student model performs on OOD datasets in
comparison to the teacher. Lastly, we provide two ablation studies, which explore the influence
of the number of ensemble members and analyze the impact of pre-training.

Experimental Setup

Architecture. For our baseline SS model, we use a DeepLabv3+ [29] as the decoder and
a ResNet-18 (RN18) [95] as the backbone because they both are very commonly used ar-
chitectures for SS. All ensemble members are trained with just the segmentation loss (cf.
Equation 3.3) and follow the training procedure of the student with regards to data augmenta-
tions and hyperparameters.
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Training. To prevent overfitting, we apply the following data augmentation strategy to all
training procedures: Random scaling with a scaling factor between 0.5 and 2.0, random
cropping with the crop size of 768 × 768, and random horizontal flipping with a flip chance
of 50 %. Besides, we employ a Stochastic Gradient Descent optimizer [223] with an initial
learning rate of 0.01, momentum of 0.9, and weight decay of 0.0005 as optimizer-specific
hyperparameters. In all experiments, the learning rate of the decoder is ten times higher than
that of the backbone [284]. Additionally, we use polynomial learning rate scheduling to decay
the initial learning rate during the training process:

lr = lrbase ·
(︃

1 − iteration
total iterations

)︃0.9

(3.6)

where lr is the current learning rate, and lrbase is the initial base learning rate. In all training
processes, we train for 200 epochs with a batch size of 16 on a NVIDIA A100 GPU. We
empirically found this to be sufficient for the models to converge and did not employ any early
stopping techniques.

Dataset. Our experiments are based on the Cityscapes dataset [39], a freely available urban
street scene dataset. It consists of 2975 training images, 500 validation images, and 1525
test images. Since the test images are not publicly available, we use the validation images
for testing in all of our experiments. Each RGB image is 2048 × 1024 pixels in size, with
each pixel assigned to one of 19 class labels or a void label. The void ground truth pixels
are excluded during training and evaluation in the segmentation task, but they are used to
qualitatively evaluate the uncertainty outputs as they indicate the ability of the model to
distinguish between in-domain (ID) and OOD samples. Additionally, we test our student model
and teacher ensemble on Foggy Cityscapes [235] and Rain Cityscapes [109] to investigate the
potential of DUDES for OOD detection.

Metrics. For quantitative evaluations, we primarily report the mean Intersection over Union
(mIoU) [148] to measure the quality of the segmentation prediction. In addition, we use the
Expected Calibration Error (ECE) [192] to evaluate the calibration of the softmax pseudo-
probabilities. Lastly, we report the mean class-wise Predictive Uncertainty (mUnc) [106] to
compare the uncertainty of the student with that of the teacher.

Quantitative Evaluation

Tables 3.1 and 3.2 give a detailed quantitative comparison between the student’s and the
teacher’s Intersection over Union (IoU) as well as their predictive uncertainties. The results of
Holder and Shafique [106] have been included as they are the most relevant previous work on
DE-based student-teacher distillation for efficient UQ. Their teacher is based on 25 DeepLabv3+
models with a MobileNet backbone [108], whereas our teacher consists of 10 DeepLabv3+
models with a RN18 backbone. The MobileNet backbone and our RN18 backbone have been
shown to have very similar performance [16]. Both students are initialized with ImageNet
pre-training [47] and evaluated on the Cityscapes validation dataset [39].
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Teacher IoU (Theirs) 0.961 0.794 0.914 0.432 0.563 0.584 0.620 0.730 0.917 0.596 0.937 0.782 0.553 0.935 0.668 0.793 0.677 0.534 0.743 0.723

Student IoU (Theirs) 0.964 0.772 0.900 0.426 0.547 0.476 0.511 0.652 0.904 0.564 0.919 0.739 0.498 0.921 0.617 0.723 0.625 0.493 0.689 0.681

Teacher IoU (Ours) 0.978 0.822 0.907 0.504 0.545 0.549 0.578 0.693 0.915 0.627 0.943 0.754 0.535 0.932 0.696 0.759 0.640 0.476 0.695 0.713

Student IoU (Ours) 0.980 0.835 0.914 0.467 0.557 0.591 0.633 0.733 0.918 0.631 0.942 0.790 0.579 0.939 0.747 0.838 0.694 0.501 0.736 0.738

Difference (Theirs) ↑ 0.003 -0.022 -0.014 -0.006 -0.016 -0.108 -0.109 -0.078 -0.013 -0.032 -0.018 -0.043 -0.055 -0.014 -0.051 -0.070 -0.052 -0.041 -0.054 -0.042

Difference (Ours) ↑ 0.002 0.013 0.007 -0.037 0.012 0.042 0.055 0.040 0.003 0.004 -0.001 0.036 0.044 0.007 0.051 0.079 0.054 0.025 0.041 0.025

Table 3.1: Quantitative comparison between the student’s and the teacher’s class-wise IoU ↑. Results of Holder and Shafique [106] are indicated by ’Theirs’.
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Teacher Unc. (Theirs) 0.029 0.097 0.055 0.210 0.147 0.100 0.128 0.108 0.028 0.129 0.030 0.068 0.125 0.030 0.176 0.155 0.257 0.165 0.082 0.111

Student Unc. (Theirs) 0.032 0.086 0.077 0.155 0.141 0.133 0.135 0.111 0.055 0.127 0.046 0.097 0.127 0.046 0.108 0.100 0.127 0.135 0.130 0.104

Teacher Unc. (Ours) 0.024 0.064 0.038 0.150 0.165 0.100 0.142 0.102 0.025 0.101 0.031 0.109 0.120 0.043 0.175 0.163 0.195 0.158 0.108 0.106

Student Unc. (Ours) 0.018 0.065 0.035 0.144 0.160 0.128 0.112 0.097 0.027 0.126 0.025 0.117 0.105 0.038 0.200 0.144 0.171 0.190 0.150 0.108

Difference (Theirs) ↓ 0.003 -0.011 0.022 -0.055 -0.006 0.033 0.007 0.003 0.027 0.002 0.016 0.029 0.002 0.016 -0.068 -0.055 -0.130 -0.030 0.048 -0.007

Difference (Ours) ↓ -0.006 0.001 -0.003 -0.006 -0.005 0.028 -0.03 -0.005 0.002 0.025 -0.006 0.008 -0.015 -0.005 0.025 -0.019 -0.024 0.032 0.042 0.002

Table 3.2: Quantitative comparison between the student’s and the teacher’s class-wise predictive uncertainties. For easier interpretation, the differences
are highlighted based on the absolute differences being: ≤ 0.01 , ≤ 0.02 , ≤ 0.03 , ≤ 0.04, ≤ 0.05 , ≤ 0.06 , ≥ 0.06 . Results of Holder and
Shafique [106] are indicated by ’Theirs’.
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Segmentation Prediction. As shown in Table 3.1, our student network outperforms the
teacher on the segmentation task for all classes except for wall and sky, with an average
improvement of 0.025 in mIoU. We attribute this improvement to the ImageNet pre-training
of the student as compared to the randomly initialized ensemble members of the teacher.
In comparison, the student by Holder and Shafique [106] showed a mIoU deterioration of
0.042.

Uncertainty Prediction. Table 3.2 shows that our student approximates the uncertainties of
the teacher very accurately: In 10 out of the 19 classes, our student’s class-wise uncertainties
deviate by less than 0.01 compared to that of the teacher. Our student manages to deviate by
less than 0.03 in 17 out of the 19 classes, with a maximum deviation of 0.042 for the bicycle
class. On the other hand, the student by Holder and Shafique [106] deviates by less than
0.01 in 5 out of the 19 classes and by less than 0.03 in only 13 out of the 19 classes. The
maximum difference of their student is 0.130 for the train class. On average across all classes,
the uncertainties of both students deviate only slightly from those of the teachers, with our
student model deviating by 0.002 and the student by Holder and Shafique [106] deviating
by -0.007. Both students struggle with accurately approximating the teacher’s uncertainties
for the classes truck, bus, train, motorbike, and bicycle, with an average absolute deviation of
0.028 for our student and 0.066 for theirs [106]

Figure 3.5 displays another comparison between the student’s and the teacher’s ability to
approximate reliable uncertainties: For this analysis, we progressively ignored an increasing
percentage of uncertain pixels in the segmentation prediction and simultaneously re-evaluated
the mIoU. For this, the pixels were sorted based on their predictive uncertainty in descending
order. This initially removes the pixels with the most uncertain segmentation predictions from
the evaluation until only the pixels with the most certain predictions are left. Consequently,
meaningful uncertainties should result in a monotonically increasing function.
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Figure 3.5: Comparison between the student’s and the teacher’s mIoU. We progressively ignore an
increasing percentage of pixels in the segmentation prediction and simultaneously re-
evaluate the mIoU. The pixels are sorted based on their predictive uncertainty in descending
order, thus removing the most uncertain segmentation predictions first. Additionally, we
report the Area Under the Curve (AUC).
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As Figure 3.5 shows, the student as well as the teacher experience an almost linear rise in mIoU
from 0.738 and 0.713, respectively, to almost 1.0 after removing 90 % of the most uncertain
pixels. Both models attain a similar relative increase in mIoU by disregarding the first 10 % of
the most uncertain pixels. Up until ignoring 70 % of the pixels, the teacher reaches a mIoU of
0.925, while the student only attains 0.896. Beyond this point, the student’s mIoU surpasses
that of the teacher, with the student achieving 0.992 after ignoring 80 % of the pixels with
the highest uncertainties, while the teacher only reaches 0.959. This analysis yields two key
findings: Firstly, predictive uncertainties prove to be related to the correctness of the prediction
and hence provide an effective approach for identifying misclassified pixels. Secondly, our
student’s predictive uncertainties deviate only slightly from the uncertainties of the teacher,
revealing that they are equally meaningful, as proven by the AUC of 0.789 for our student and
0.795 for the teacher.

Inference Time. Table 3.3 compares the inference time for a single image and the number of
trainable parameters between the baseline, the teacher, and the student model. The experiment
was conducted on a common NVIDIA GeForce RTX 3090 GPU with 24GB of memory. There is
only an insignificant difference of 0.2 milliseconds in inference time between the baseline and
the student, despite the ability of the student to output an additional predictive uncertainty.
Furthermore, inference of the student is roughly 11.7 times faster than that of the teacher. The
number of trainable parameters shows the efficiency of the student network. The additional
uncertainty head of the student network only adds 257 parameters to the baseline model.

Inference time [ms] Trainable Parameters

Baseline 18.3 ± 0.4 12,333,923

Teacher 217.1 ± 0.8 123,339,230

Student 18.5 ± 0.4 12,334,180

Table 3.3: Comparison of the inference time for a single image in milliseconds and the number of
trainable parameters between the baseline, the teacher, and the student model. The inference
time and corresponding standard deviation are based on 25 forward passes.

Qualitative Evaluation

Figure 3.6 displays four example images from the Cityscapes validation set and their cor-
responding ground truth labels, our student’s segmentation prediction, a binary accuracy
map, and the student’s uncertainty prediction. The binary accuracy map visualizes incorrectly
predicted pixels and void classes in white and correctly predicted pixels in black.

Visually, for large areas and well-represented classes like road, sidewalk, building, sky, and car,
the student’s segmentation is almost free of errors. This supports the quantitative evaluation
described in Table 3.2. Like most segmentation models, our student struggles with class
transitions, areas with lots of inherent noise, or areas that belong to the void class, which is
visualized by the binary accuracy map.

A comparison of the binary accuracy map and our student’s uncertainty prediction adds to the
observations laid out in Table 3.2 and Figure 3.5: The uncertainty prediction reliably returns
high uncertainties for wrongly classified pixels and OOD samples, which both are visualized
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as white pixels in the binary accuracy map. For example, in the first image of Figure 3.6,
our student correctly predicts high uncertainties in the noisy parts of the background and
for fine geometric structures like traffic lights. Conversely, the student predicts very low
uncertainties for the road, buildings, sky, and vegetation. The second example image confirms
this observation and adds two valuable insights about the quality of the student’s uncertainty
predictions. Firstly, although the train in the left part of the image is predicted correctly for the
most part, the student still predicts high uncertainties. This is intuitively comprehensible and
even desirable, given that the train class is highly underrepresented in the dataset – constituting
only 0.15 % of the labeled pixels [39] – and is therefore inherently more challenging to detect
reliably. Secondly, the student predicts high uncertainties in the bottom part of the image,
where reflections on the hood of the car cause incoherent segmentation predictions. The
third image exemplifies another quality of the predictive uncertainty of our student. In this
case, the student struggles to correctly segment the truck in the right part of the image.
Simultaneously, the student predicts high uncertainties for the entire truck, thus indicating
the wrong segmentation prediction. The fourth image demonstrates the potential capability
of the student model to identify OOD samples: For areas that belong to the void class, high
uncertainties are predicted.

(a) Image (b) Ground Truth (c) Prediction (d) BAM (e) Pred. Unc.

Figure 3.6: Qualitative examples from the Cityscapes validation set. White pixels in the binary accuracy
map (BAM) are either incorrect predictions or void classes. The latter appear black in
the ground truth labels. For the uncertainty prediction, brighter pixels represent higher
predictive uncertainties.

Potential for Out-of-Domain Detection

To investigate the potential of DUDES for OOD detection, we evaluate our student model and
the teacher ensemble on Foggy Cityscapes [235] and Rain Cityscapes [109] without re-training
them. Despite considerable effort, we were unable to reproduce the results from Holder and
Shafique [106], and therefore cannot conduct a direct comparison of their work against ours
for this OOD examination.
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Quantitative Evaluation. As Tables 3.4 and 3.5 show, our student model compares quite
well with the teacher. Across all six validation datasets with varying amounts of simulated fog
and rain, our student performs better on the segmentation task. It also manages to output
similar predictive uncertainties, although it underestimates them with increasing intensity of
fog and rain in comparison to the teacher. Potentially, this gap can be closed by incorporating
hold-out samples or additional data augmentations during the distillation process to improve
the ability of the student to generalize to OOD tasks. This certainly remains an interesting
research question for future work.

Fogβ=0.005 Fogβ=0.01 Fogβ=0.02

mIoU ↑ mUnc mIoU ↑ mUnc mIoU ↑ mUnc

Teacher 0.642 0.123 0.576 0.141 0.467 0.162

Student 0.674 0.120 0.605 0.128 0.493 0.143

Table 3.4: Comparison between the student’s and the teacher’s mIoU and mUnc on the validation set
of the Foggy Cityscapes dataset [235]. β denotes the attenuation coefficient and controls
the thickness of the fog. Higher β values result in thicker fog.

Rain1 Rain2 Rain3

mIoU ↑ mUnc mIoU ↑ mUnc mIoU ↑ mUnc

Teacher 0.477 0.132 0.406 0.149 0.349 0.162

Student 0.483 0.123 0.422 0.134 0.361 0.140

Table 3.5: Comparison between the student’s and the teacher’s mIoU and mUnc on the validation set
of the Rain Cityscapes dataset [109]. We evaluate on three sets of parameters, where Rain1
uses [0.01, 0.005, 0.01], Rain2 uses [0.02, 0.01, 0.005], and Rain3 uses [0.03, 0.015, 0.002]
for attenuation coefficients α and β and the raindrop radius a. α and β determine the degree
of simulated rain and fog in the images.

Qualitative Evaluation. Figure 3.7 supports the quantitative findings with qualitative ex-
amples. As expected, the simulated fog and rain degrade the quality of the segmentation
prediction considerably. Nevertheless, the student model exhibits valuable predictive uncer-
tainty estimations, particularly in regions with numerous incorrect classifications. Generally,
this adds to the observations of Figure 3.6: High uncertainties of the student correlate with
wrongly classified pixels and OOD samples.

(a) Image (b) Ground Truth (c) Prediction (d) BAM (e) Pred. Unc.

Figure 3.7: Qualitative examples from the Foggy Cityscapes (top) and Rain Cityscapes (bottom) valida-
tion set. White pixels in the binary accuracy map (BAM) are either incorrect predictions
or void classes. The latter appear black in the ground truth labels. For the uncertainty
prediction, brighter pixels represent higher predictive uncertainties.
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Ablation Studies

Number of Ensemble Members. An essential part of DUDES is the quality of the teacher’s
uncertainty prediction because it represents an upper bound for the uncertainty quality that
can be expected from the student. Figure 3.8 shows the impact of the number of ensemble
members on the mIoU and mUnc. Naturally, adding more ensemble members improves
the segmentation results. The mIoU increases from 0.706 when using just two ensemble
members to a maximum of 0.714 for twelve members. More importantly for DUDES, the mUnc
increases from 0.092 for just two ensemble members to a maximum of 0.107 for six members.
Adding more ensemble members to the teacher does not change the uncertainty prediction
substantially, as the mUnc stays within 0.106 and 0.107 until all twenty members are included.
Overall, using ten members appears to strike a balance between segmentation performance
and computational efficiency. While the mIoU is only 0.001 lower compared to using twelve
members, opting for ten members reduces the computational cost in terms of training time and
memory footprint considerably. These findings go along with prior work on DE-based UQ [61,
138]. Consequently, we propose to use ten ensemble members for DUDES, which should be
sufficient for most applications.
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Figure 3.8: Ablation study on the impact of the number of ensemble members on the mIoU and mUnc.

Impact of Pre-training. Table 3.6 shows the results of another ablation study on the impact
of ImageNet [47] pre-training on the mIoU, mUnc, and ECE. We comprehensively compare the
baseline segmentation model with our student model and our teacher model, which consists of
ten randomly initialized baseline models. The study does not examine the impact of ImageNet
pre-training on the ensemble members, as this would lead to less reliable uncertainties
compared to random initialization [61, 138].

While training for 200 epochs and using random initialization, our student underperforms the
baseline model by 0.039 and the teacher by 0.067 with an mIoU of 0.646 on the segmentation
task. Our randomly initialized student also underestimates the teacher’s uncertainties by
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0.009 with a mUnc of 0.097. When using ImageNet pre-training for the baseline model and
our student, both significantly improve their mIoU with 0.737 and 0.738, respectively. The
student also manages to approximate the predictive uncertainties better with a mUnc of 0.108,
which is close to the 0.106 of the teacher. It is worth noting that similar performance can
also be achieved by randomly initializing our student when the number of training epochs is
quadrupled to 800. This concurs with the findings of He et al. [94]. As a consequence, we
suggest using ImageNet pre-training for the student to improve convergence speed. On top of
that, using ImageNet pre-training leads to a lower ECE.

Training Epochs mIoU ↑ ECE ↓ mUnc

TeacherRandom,n=10 200 0.713 0.021 0.106

BaselineRandom 200 0.685 0.031 -

StudentRandom 200 0.646 0.045 0.097

BaselineImageNet 200 0.737 0.019 -

StudentImageNet 200 0.738 0.025 0.108

StudentRandom 800 0.739 0.037 0.105

Table 3.6: Ablation study on the impact of ImageNet [47] pre-training on the mIoU, mUnc, and
ECE [192]. We evaluate the ECE based on the softmax pseudo-probabilities with the l1 norm
and a bin size of 10.

3.2.3 Adaptability Experiments

In this Section, we provide more evidence for the simplicity and generalizability of the method-
ology of DUDES by incorporating additional experiments with a modern Vision Transformer
(ViT)-based architecture, Monte Carlo Dropout (MCD) as the UQ method, and a different
dataset. Firstly, we lay out our adapted experimental setup. Secondly, we provide a quantitative
as well as qualitative evaluation to finalize this Section.

Experimental Setup

Architecture. As shown by Figure 3.9, we use a state-of-the-art ViT-based architecture,
SegFormer-B5 [284], pre-trained on ImageNet [47] as the backbone of a U-Net [225] decoder
as the baseline model for the student and the teacher. Following Section 3.2.1, we add a
second uncertainty head to the U-Net decoder. It mirrors the segmentation head but differs in
the output layer, which has a single output channel instead of C channels, where C denotes
the number of classes.

Uncertainty Quantification Method. For UQ, we apply MCD to our teacher, replacing the
use of a DE. Since the SegFormer [284] already applies dropout layers throughout the entire
network, we follow their work and consider two common dropout rates, 20 % and 50 %, for the
teacher model. To train the student model, we leave the dropout layers of the teacher activated
and sample ten times to obtain the predictive uncertainty for the uncertainty distillation [67,
243, 87].
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Figure 3.9: A schematic overview of the adapted training process of the student model of DUDES.
Instead of using a DE, we apply MCD to our student. Additionally, we use the state-of-
the-art SegFormer [284] as the backbone for a U-Net decoder [225]. As ground truth
uncertainties, we compute the predictive uncertainty of the MCD samples of the teacher.

Training. During the training processes, we make three changes compared to Section 3.2.1.
Firstly, we decrease the initial learning rate to 0.001, which we empirically found to work
better with the new architecture. Additionally, we apply color jittering during the distillation
process to improve the quality of the student’s uncertainty estimates. Specifically, we use the
TorchVision library [176] to randomly adjust the brightness, contrast, saturation, and hue
of the input image. Following Shen et al. [243], who showed that such augmentation helps
prevent the student from underestimating the teacher’s test-time uncertainty distribution when
training and distilling with the same dataset, we apply random variations in the range of
[−0.2, 0.2] for each of the four components. Lastly, we change the crop size to 256 × 256.

Dataset. In addition to a different architecture and UQ method, we also use the Pas-
cal VOC 2012 [58] dataset for evaluation. Unlike Cityscapes, Pascal VOC 2012 consists
of only 1464 training images and 1449 validation images with varying resolutions, 20 semantic
object classes, and 1 background class. Additionally, the dataset is less homogeneous than
Cityscapes. These properties make it inherently difficult to achieve accurate segmentation
results with corresponding uncertainty estimates.

Quantitative Evaluation

Table 3.7 shows a comparison between the baseline segmentation model, two teacher models
with dropout rates of 20 % and 50 %, respectively, and two student models with an additional
uncertainty head for UQ.

Overall, the results align with the experimental findings on the Cityscapes dataset in Sec-
tion 3.2.2. Our student models outperform their respective teacher models on the segmentation
task while also capturing their predictive uncertainties. They only slightly underestimate their
respective teachers’ uncertainty, which we attribute to suboptimal hyperparameters and the
inherently challenging properties of the Pascal VOC 2012 dataset. As a consequence, our
student models match the performance of the baseline model on the segmentation task, while
being slightly better calibrated in terms of ECE, and they are able to output a meaningful
predictive uncertainty, without significantly increasing the inference time.
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Dropout Inference Time [ms] mIoU ↑ ECE ↓ mUnc

Baseline - 33.1 ± 0.7 0.788 0.027 -

TeacherA 20 %
355.5 ± 1.3

0.761 0.013 0.096

TeacherB 50 % 0.656 0.008 0.157

StudentA -
34.5 ± 1.3

0.787 0.022 0.081

StudentB - 0.784 0.024 0.135

Table 3.7: Quantitative comparison between the baseline’s, the student’s, and the teacher’s inference
time, mIoU, ECE [192], and mUnc on the Pascal VOC 2012 dataset. StudentA uses the
uncertainties provided by TeacherA during training, whereas StudentB uses the uncertainties
provided by TeacherB.

(a) Input Image (b) Ground Truth (c) Prediction (d) BAM (e) Pred. Unc.

Figure 3.10: Qualitative examples of the studentB model that is based on a dropout rate of 50 % on
the Pascal VOC 2012 validation set. White pixels in the binary accuracy map (BAM) are
either incorrect predictions or belong to the void class. Latter appears white in the ground
truth label. For the uncertainty prediction, brighter pixels represent higher predictive
uncertainties.
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Qualitative Evaluation

Figure 3.10 corroborates the quantitative findings. The studentB model, based on a dropout
rate of 50 %, predicts high uncertainties for object boundaries, entirely wrong or missing
classifications, and areas with fine-grained details that are challenging to classify. In contrast,
easy-to-classify areas and background pixels exhibit low uncertainties.

For example, in the first image, our student segments the depicted eagle almost perfectly
and accordingly only predicts high uncertainties for the object boundaries. Conversely, in the
second and third images, our student either wrongly classifies pixels that should belong to the
background or fails to classify parts of the object. Nonetheless, in both cases, high uncertainties
are predicted for these areas, providing valuable information. Similarly, the student predicts
high uncertainties for both the bicycle and the human sitting on a bench in the fourth image,
as they are challenging to classify through all of the fine-grained details and noise.

3.2.4 Discussion

DUDES applies student-teacher distillation with a DE to accurately approximate predictive
uncertainties with a single forward pass while maintaining simplicity and adaptability. Against
the teacher, the needed inference time per image is reduced by an order of magnitude, and
the computational overhead in comparison to the baseline is negligible. Additionally, the
student exhibits impressive potential for identifying wrongly classified pixels and OOD samples
within an image by leveraging its uncertainties. Based on these observations, one could
easily introduce an uncertainty-based threshold for OOD detection. However, it is essential
to acknowledge that there remains a challenge in distinguishing between misclassified pixels
and OOD samples, as both may trigger the threshold. Disentangling the predictive uncertainty
into its two components – aleatoric and epistemic – could be a possible solution for this
problem. Aleatoric uncertainty reflects inherent noise or ambiguity in the data, which could be
higher for misclassified pixels, where prediction quality suffers due to confusing in-distribution
patterns. In contrast, epistemic uncertainty indicates the model’s lack of knowledge. Therefore,
OOD samples should have higher epistemic uncertainty because they fall outside the training
distribution.

DUDES represents a simple yet highly effective new approach for UQ. In contrast to the work
by Holder and Shafique [106], DUDES requires no major changes to the student’s architecture
compared to the baseline and introduces only a single uncertainty loss without additional
hyperparameters, yet delivers substantial improvements over their work. Firstly, our student
model slightly outperforms its teacher in the segmentation task by 0.025 mIoU while their
student suffers from a segmentation performance degradation in comparison to its teacher by
0.042. Secondly, our student approximates its teacher’s predictive uncertainties more closely
than the student model by Holder and Shafique [106]. More precisely, their student tends to
underestimate uncertainties for classes with high uncertainties and vice versa, whereas our
student does not suffer from any systematic shortcomings.

A major factor in the effectiveness of DUDES lies in the simplification of what is distilled.
Instead of distilling the entire uncertainty map of the teacher, which is what Holder and
Shafique [106] proposed, we only use the predictive uncertainty of the teacher. The teacher’s
uncertainty map is calculated by computing the standard deviation of the softmax pseudo-
probability maps of the individual models along the class dimension. In the case of multi-class
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SS, the resulting uncertainty map has dimensions of H × W × C, where C is the number of
classes, H is the image height, and W is the image width. For DUDES, the class dimension is
reduced to 1 by only considering the uncertainty of the predicted class in the segmentation
map. Due to this simplification, the segmentation performance of the student is not hindered,
and the predictive uncertainties can be learned more accurately.

We acknowledge the simplification in the uncertainty distillation to be a potential limitation
of DUDES as the student is only capable of estimating the uncertainty of the predicted class.
However, there are practically no negative implications of this limitation since the remaining
uncertainties are usually discarded anyway. Hence, DUDES remains useful for efficiently
estimating predictive uncertainties for a wide range of applications while being easy to adapt.

We believe that DUDES has the potential to provide a new promising paradigm in reliable
UQ by focusing on simplicity and efficiency. Except for the computational overhead during
training, we found no apparent reason not to employ our proposed method in SS applications
where safety and reliability are critical.

3.3 Exploitation of Predictive Uncertainties

The upcoming Section introduces U-CE, a novel loss function that integrates dynamic uncer-
tainty estimates into the training process. By applying pixel-wise uncertainty weighting to
the standard CE loss, U-CE enhances segmentation performance and trains models that are
naturally capable of quantifying meaningful uncertainties.

Research Gap. In contrast to existing literature on uncertainty-aware segmentation, U-CE
fully utilizes predictive uncertainties dynamically during training. By pixel-wise uncertainty
weighting of the CE loss, U-CE harnesses valuable insights from the uncertainties to guide the
optimization process. This approach enables more effective training, resulting in improved
segmentation performance.

3.3.1 Methodology

In the following, we provide an overview of U-CE, explain our novel uncertainty-aware CE loss,
and outline the implementation details.

Overview

The central idea of U-CE is to incorporate predictive uncertainties into the training process to
enhance segmentation performance. As depicted in Figure 3.11, we propose two simple yet
highly effective adaptations to the regular training process:

1. During training, we sample from the posterior distribution with MCD to obtain predictive
uncertainties alongside the regular segmentation prediction.

2. We apply pixel-wise weighting to the regular CE loss based on the collected uncertainties.
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For our specific case, MCD emerges as the preferred option to compute the predictive uncer-
tainties due to its ease of use, minimal impact on the training process, and computational
efficiency compared to DEs. However, it is worth noting that other UQ methods could also be
utilized for U-CE.

With predictive uncertainties, we refer to the standard deviation of the softmax pseudo-
probabilities of the predicted class provided by MCD sampling.

Segmentation Prediction

Predictive UncertaintySegmentation Samples

Backward Propagation

No Gradient Calculation

Ground Truth

U-CE

MC-Dropout

Input

Figure 3.11: A schematic overview of the training process of U-CE. U-CE integrates the predictive
uncertainties of a MCD model into the training process to enhance segmentation perfor-
mance. In comparison to most applications of MCD, U-CE utilizes the uncertainties not
only at test time but also dynamically during training by applying pixel-wise weighting to
the regular CE loss.

Uncertainty-aware Cross-Entropy

Segmentation Sampling. In contrast to typical usage of MCD, U-CE incorporates the sam-
pling process from the posterior distribution not only at test time but also during training.
To compute the necessary uncertainties for our uncertainty-aware CE loss, we perform β

sampling iterations at each training step. This generates β segmentation samples in addition
to the regular segmentation prediction. Notably, gradient computation is disabled during the
sampling process as it is unnecessary for backward propagation, which relies solely on the
regular segmentation prediction. By disabling gradient computation during sampling, we
reduce the additional computational overhead of U-CE in terms of training time and GPU
memory usage.

Uncertainty-aware Cross-Entropy Loss. The final objective function of U-CE builds upon
the well-known categorical CE loss and can be defined as:

LU-CE = − 1
N

N

∑
n=1

ωn

C

∑
c=1

yn,c · log(pn,c(ŷ)) , (3.7)

where LU-CE is the loss for a single image, N is the number of pixels, C is the number of
classes, yn,c is the ground truth label, pn,c(ŷ) is the predicted pseudo-probability, and ωn is the
pixel-wise uncertainty weight. It is worth noting that Equation 3.7 simplifies to the regular CE
loss by setting wn to one for all pixels.
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Pixel-wise Uncertainty Weight. The pixel-wise uncertainty weight wn can be formulated
as

ωn = (1 + σ̂n)
α , (3.8)

where σ̂n denotes the predictive uncertainty, and α controls the influence of the uncertainties
in an exponential manner. The predictive uncertainty σ̂ corresponds to the standard deviation
of the softmax pseudo-probabilities of the predicted class of the segmentation samples.

3.3.2 Experiments

In this Section, we conduct an extensive range of experiments to demonstrate the value of
incorporating predictive uncertainties into the training process. Firstly, we provide quantitative
results comparing regular CE to U-CE under diverse settings. Secondly, we analyze qualitative
examples. Lastly, we provide multiple ablation studies.

Experimental Setup

Architecture. For all of our experiments, we employ DeepLabv3+ [29] as the decoder and
either a RN18 or ResNet-101 (RN101) [95] as the encoder. Both backbones are commonly used
for SS [185, 299], making our work highly comparable and serving as an excellent baseline for
future research.

Monte Carlo Dropout. To convert our architectures into MCD models, we add a dropout
layer after each of the four residual block layers of the ResNets, inspired by Kendall et al. [125]
and Gustafsson et al. [87].

Training. For all training processes, we use a Stochastic Gradient Descent optimizer [223]
with a base learning rate of 0.01, momentum of 0.9, and weight decay of 0.0001. Additionally,
we multiply the learning rate of the decoder and segmentation head by ten. Finally, we employ
polynomial learning rate scheduling to decay the initial learning rate during the training
process (cf. Equation 3.6). In all training processes, we use a batch size of 16 and train on four
NVIDIA A100 GPUs with 40 GB of memory using mixed precision [183].

Datasets. All of our experiments are based on either the Cityscapes dataset [39] or the ACDC
dataset [234]. Both datasets are publicly available street scene datasets aimed at advancing
the current state of the art in autonomous driving. The former consists of 2975 training images,
500 validation images, and 1525 test images. The latter contains 1600 training images, 406
validation images, and 2000 test images. Although both datasets share the same 19 evaluation
classes and a void class, the ACDC dataset exclusively focuses on four adverse conditions: fog,
nighttime, rain, and snow.
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Data Augmentations. To prevent overfitting, we apply a common data augmentation strategy
for all training procedures, regardless of the dataset or architecture used. The strategy includes
the following steps:

1. Random scaling with a factor between 0.5 and 2.0.

2. Random cropping with a crop size of 768 × 768 pixels.

3. Random horizontal flipping with a flip chance of 50 %.

Evaluation. Since both test splits are withheld for benchmarking purposes, we utilize the
validation images for testing in all our experiments. Unless otherwise specified, we only report
single forward pass results based on the original validation images without resizing or sampling
for a fair comparison between all of the models. Also, we set the number of segmentation
samples β to ten by default.

Metrics. For quantitative evaluations, we primarily report the mIoU to measure the segmen-
tation performance. In addition to the mIoU, we also utilize the ECE [192] to evaluate the
calibration as well as the mUnc to quantitatively compare the resulting uncertainties.

Quantitative Evaluation

Tables 3.8 and 3.9 outline a quantitative comparison between Focal Loss (FL) [162], regular
CE training, and our proposed U-CE loss using two different α values for various dropout ratios
and training lengths on the Cityscapes [39] and ACDC [234] datasets. For FL, we followed
the original publication and set the focusing parameter γ to 2.0 as this worked best in their
experiments [162].

FL [162] performed the worst in all our experiments, possibly due to insufficient hyperpa-
rameter tuning. Remarkably, U-CEα=10 achieves the highest mIoU across all dropout ratios,
even outperforming dropout-free baseline models in most cases. Notably, U-CEα=10 achieves a
maximum improvement of up to 0.093 mIoU over regular CE when training on ACDC [234] for
200 epochs using a RN18 with a dropout ratio of 40 %. On average, U-CEα=10 outperforms CE
by 0.020 on Cityscapes [39] and by 0.046 on ACDC [234]. Interestingly, U-CEα=1 also matches
or improves upon regular CE training in most cases. On average, U-CEα=1 outperforms CE by
0.003 on Cityscapes and by 0.013 on ACDC.

Table 3.10 provides additional information on the ECE and mUnc for CE and U-CE using a
dropout ratio of 20 %. In comparison to regular CE and U-CEα=1, which exhibit similar results,
U-CEα=10 not only improves segmentation performance but also yields slightly better calibrated
networks, as measured by the ECE. Moreover, the mUnc is also slightly lower for U-CEα=10.

Overall, Tables 3.8, 3.9, and 3.10 provide strong evidence for the effectiveness of leveraging
predictive uncertainties in the training process. The impact of quantifying these uncertainties
on the training time will be explored in the ablation studies discussed in Section 3.3.2.
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Encoder
200 Epochs 500 Epochs

FL [162] CE U-CEα=1 U-CEα=10 FL [162] CE U-CEα=1 U-CEα=10

Dropout (0 %) RN18 0.660 0.700 - - 0.700 0.720 - -

Dropout (10 %) RN18 0.661 0.694 0.696 0.716 0.699 0.723 0.723 0.742

Dropout (20 %) RN18 0.654 0.690 0.695 0.718 0.694 0.719 0.726 0.735

Dropout (30 %) RN18 0.643 0.682 0.690 0.710 0.691 0.719 0.724 0.741

Dropout (40 %) RN18 0.622 0.666 0.677 0.705 0.681 0.711 0.711 0.737

Dropout (50 %) RN18 0.582 0.643 0.653 0.696 0.655 0.690 0.694 0.726

Dropout (0 %) RN101 0.731 0.746 - - 0.756 0.761 - -

Dropout (10 %) RN101 0.728 0.748 0.751 0.761 0.753 0.763 0.766 0.775

Dropout (20 %) RN101 0.726 0.746 0.748 0.766 0.753 0.763 0.770 0.777

Dropout (30 %) RN101 0.718 0.745 0.747 0.761 0.755 0.764 0.766 0.775

Dropout (40 %) RN101 0.712 0.747 0.740 0.758 0.750 0.761 0.765 0.782

Dropout (50 %) RN101 0.703 0.741 0.737 0.759 0.744 0.766 0.766 0.773

Table 3.8: Quantitative comparison on the Cityscapes dataset [39] for different dropout ratios. The
provided numbers represent the mIoU. Best respective results are marked in bold.

Encoder
200 Epochs 500 Epochs

FL [162] CE U-CEα=1 U-CEα=10 FL [162] CE U-CEα=1 U-CEα=10

Dropout (0 %) RN18 0.501 0.563 - - 0.576 0.622 - -

Dropout (10 %) RN18 0.502 0.555 0.564 0.600 0.574 0.621 0.628 0.650

Dropout (20 %) RN18 0.490 0.546 0.561 0.605 0.569 0.615 0.620 0.650

Dropout (30 %) RN18 0.466 0.522 0.543 0.592 0.549 0.596 0.616 0.643

Dropout (40 %) RN18 0.426 0.489 0.508 0.582 0.511 0.568 0.588 0.639

Dropout (50 %) RN18 0.399 0.477 0.493 0.563 0.482 0.533 0.560 0.624

Dropout (0 %) RN101 0.604 0.650 - - 0.663 0.688 - -

Dropout (10 %) RN101 0.589 0.645 0.653 0.670 0.658 0.684 0.693 0.699

Dropout (20 %) RN101 0.588 0.641 0.650 0.658 0.652 0.685 0.687 0.702

Dropout (30 %) RN101 0.573 0.627 0.643 0.653 0.651 0.684 0.685 0.699

Dropout (40 %) RN101 0.547 0.611 0.631 0.654 0.631 0.678 0.678 0.700

Dropout (50 %) RN101 0.523 0.580 0.602 0.637 0.611 0.660 0.674 0.702

Table 3.9: Quantitative comparison on the ACDC dataset [234] for different dropout ratios. The
provided numbers represent the mIoU. Best respective results are marked in bold.

Encoder
200 Epochs 500 Epochs

mIoU ↑ ECE ↓ mUnc mIoU ↑ ECE ↓ mUnc

CE RN18 0.690 0.035 0.088 0.719 0.025 0.088

U-CEα=1 RN18 0.695 0.036 0.089 0.726 0.027 0.088

U-CEα=10 RN18 0.718 0.029 0.085 0.735 0.018 0.084

CE RN101 0.746 0.026 0.080 0.763 0.041 0.076

U-CEα=1 RN101 0.748 0.024 0.079 0.770 0.041 0.076

U-CEα=10 RN101 0.766 0.022 0.073 0.777 0.040 0.073

Table 3.10: A more detailed quantitative comparison between regular CE and U-CE on the Cityscapes
dataset [39] using a dropout ratio of 20 %.
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Qualitative Evaluation

In addition to the quantitative evaluation, we also provide qualitative examples in Figure 3.12.
The first three rows depict results from models with a RN18 backbone and a dropout ratio of
20 %, trained for 200 epochs with CE, U-CEα=1, U-CEα=10 on Cityscapes [39]. The last three
rows show examples from models using a RN101 backbone and a dropout ratio of 20 %, trained
for 500 epochs on the ACDC dataset [234]. The binary accuracy map visualizes incorrectly
predicted pixels and void classes in white, and correctly predicted pixels in black.
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(a) Input Image (b) Ground Truth (c) Prediction (d) BAM (e) Pred. Unc.

Figure 3.12: Qualitative results on the Cityscapes and ACDC validation sets. White pixels in the binary
accuracy map (BAM) are either incorrect predictions or void classes, which appear black
in the ground truth label. For the uncertainty, brighter pixels represent higher predictive
uncertainties. The first three rows depict results from models with a RN18 backbone
and dropout ratio of 20 %, trained for 200 epochs on Cityscapes [39]. The last three
rows show examples from models using a RN101 backbone and a dropout ratio of 20 %,
trained for 500 epochs on the ACDC dataset [234].

Generally, for large areas and well-represented classes like road, building, sky, and car, all
models perform exceptionally well with minimal errors. Furthermore, there is a strong
correlation between the binary accuracy map and the predictive uncertainty, indicating that all
models provide meaningful uncertainties.

Nonetheless, there are nuanced differences between the models. For example, in the first
two rows of Figure 3.12, which represent models trained with CE and U-CEα=1, there are
noticeable misclassifications on top of the human standing in front of the truck. Naturally, this
area is also accompanied by high uncertainties. In contrast, the model trained with U-CEα=10

exhibits significantly fewer difficulties, resulting in a better segmentation prediction and lower
uncertainties.
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A similar situation is observable in the last three rows, showing examples from the more
challenging ACDC dataset [234]. Here, the model trained with regular CE struggles to correctly
segment the truck on the left as well as differentiate between the sidewalk and the terrain on
the right side of the image. The model trained with U-CEα=1 does slightly better in these areas,
but is equally uncertain. Only the model trained with U-CEα=10 successfully classifies the truck
and differentiates between the sidewalk and the terrain decently. Consequently, the predictive
uncertainty is also lower in these areas.

In summary, the qualitative findings presented in Figure 3.12 concur with our quantitative
evaluation, manifesting the efficacy of U-CE across different datasets and architectures.

Ablation Studies

In addition to the quantitative and qualitative evaluation, we also present multiple ablation
studies. Unless otherwise noted, we confined all of the ablation studies to models that use a
RN18 as the backbone, have a dropout ratio of 20 %, and were trained for 200 epochs.

Impact of α. The most influential hyperparameter of U-CE is α as it exponentially controls
the weighting of the CE loss. Table 3.11 demonstrates the impact of different α values on the
mIoU for both backbones, RN18 and RN101, on both Cityscapes and ACDC. Evidently, the
segmentation performance consistently improves as α increases until it reaches ten, which
stands as the best value in three out of four cases across the two datasets and architectures.
Thus, using ten as the default value for α seems to be a fair estimation to achieve the best
results, not only for the mentioned cases but potentially for other applications as well. Further
increasing α leads to a degradation in mIoU. Additionally, training becomes more unstable as
models overly focus on uncertain pixels, resulting in some models failing to converge properly.
Nonetheless, U-CE exhibits robustness against changes in α, offering a wide range of valid
hyperparameters that lead to improved segmentation results compared to regular CE training.

α 1 2 4 6 8 10 12 14 16

RN18 (Cityscapes) 0.695 0.700 0.707 0.712 0.715 0.718 0.710 0.470 0.709

RN101 (Cityscapes) 0.748 0.752 0.756 0.761 0.764 0.766 0.763 0.758 0.726

RN18 (ACDC) 0.561 0.569 0.576 0.588 0.588 0.605 0.603 0.601 0.375

RN101 (ACDC) 0.650 0.650 0.657 0.655 0.660 0.658 0.667 0.645 0.199

Table 3.11: Ablation study on the impact of α. The provided numbers represent the mIoU ↑. Best
respective results are marked in bold.

Impact of β. Table 3.12 exhibits another ablation study on the number of segmentation
samples β. Interestingly, there is no clear benefit of sampling more often than six times,
especially concerning the training time. U-CEβ=6 increases the approximate training time
by just 10 % whilst improving the mIoU by 2.6 % over regular CE training, whereas U-
CEβ=10 extends it by roughly 35 % without any further improvements. For comparison, Gal
and Ghahramani [67] recommend sampling ten times to get a reasonable estimation of the
predictive mean and uncertainty.
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β 0 2 6 10 14 18

CE 0.690 (1:49) - - - - -

U-CEα=10 - 0.711 (1:52) 0.716 (2:01) 0.716 (2:27) 0.716 (2:53) 0.717 (3:17)

Table 3.12: Ablation study on the number of segmentation samples β. In addition to the mIoU ↑, we
provide the training time in hours:minutes ↓ in paranthesis.

Impact of Data Augmentations. The impact of various data augmentation strategies on CE
and U-CE is demonstrated in Table 3.13. The results show that incorporating additional data
augmentations improves the mIoU across the board. More importantly, this ablation study
confirms that U-CE consistently outperforms CE across different data augmentation strategies,
except for U-CEα=1 without random flipping and random scaling, indicating its effectiveness in
improving segmentation performance.

Random Flipping Random Scaling mIoU ↑
CE × × 0.661

✓ × 0.670

× ✓ 0.686

✓ ✓ 0.690

U-CEα=1 × × 0.658

✓ × 0.678

× ✓ 0.691

✓ ✓ 0.695

U-CEα=10 × × 0.696

✓ × 0.701

× ✓ 0.718

✓ ✓ 0.718

Table 3.13: Ablation study on the impact of various data augmentation strategies.

Impact of lrbase. Table 3.14 shows the ablation study on the base learning rate lrbase. The
most notable comparison is between regular CE and U-CEα=1, which demonstrates that U-CE
is not limited to specific learning rates. U-CEα=1 consistently outperforms regular CE for all
examined base learning rates. Moreover, U-CEα=10 exceeds the results of CE and U-CEα=1

for all base learning rates except 10−1, which caused divergence. Overall, this ablation study
confirms the value of leveraging predictive uncertainties during training, irrespective of the
learning rate, which is arguably the single most important hyperparameter in DL [11].

lrbase 10−1 10−2 10−3 10−4 10−5

CE 0.505 0.690 0.559 0.356 0.189

U-CEα=1 0.560 0.695 0.576 0.369 0.193

U-CEα=10 0.020 0.718 0.650 0.476 0.253

Table 3.14: Ablation study on the base learning rate lrbase. The provided numbers represent the mIoU ↑.
Best results are marked in bold.
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3.3.3 Discussion

In contrast to previous approaches, U-CE fully leverages predictive uncertainties obtained by
MCD during training. As a result, we manage to train models that not only improve their
segmentation performance but are also naturally capable of predicting meaningful uncertainties
after training as well.

While U-CE appears to have no apparent shortcomings, except for a minor increase in training
time, we acknowledge the need for a transparent discussion about its potential limitations. We
aim to effectively guide future work in pushing the boundaries of state-of-the-art techniques,
especially in safety-critical applications like autonomous driving.

Limitations. One limitation of U-CE arises in the absence of densely annotated ground truth
labels. If most pixels are either labeled as background or designated to be ignored while
training, U-CE will likely offer next to no benefit, except for a higher loss around object
boundaries. Additionally, U-CE may not contribute to improved segmentation performance if
the network is already overfitting the training data. Having said that, the impact of U-CE on
the generalization ability of a trained model needs further examination.

Overall, we believe that U-CE presents a promising paradigm in SS by dynamically leveraging
uncertainties to create more robust and reliable models. Despite a minor increase in training
time and room for further improvement, we see no reason not to employ U-CE in comparison
to regular CE.

3.4 Conclusion

Summary. In this Chapter, two fundamental research questions related to UQ in SS were
addressed: (1) How to enable efficient and reliable UQ while maintaining technical simplicity,
and (2) how to exploit uncertainty estimates to guide the optimization process. To this end,
we introduced two novel approaches – DUDES and U-CE – that contribute to the advancement
of uncertainty-aware segmentation models.

First, we presented DUDES, which appropriates the concept of knowledge distillation for
efficient UQ. By leveraging a lightweight student model trained to mimic the uncertainty
estimates of a DE-based teacher. DUDES provides reliable predictive uncertainties with a single
forward pass while maintaining architectural simplicity and ease of implementation. Based on
our extensive evaluations, DUDES not only significantly reduces the computational overhead
compared to a DE but also achieves comparable uncertainty estimates and segmentation perfor-
mance. The ability to detect wrongly classified pixels and OOD samples by high uncertainties
further underscores its potential for real-world applications.

Second, we introduced U-CE, an uncertainty-aware CE loss that dynamically incorporates
predictive uncertainties into the training process. By applying pixel-wise uncertainty weighting,
U-CE allows the model to adapt its learning to regions of higher uncertainty, leading to
improved segmentation performance. Through a comprehensive set of experiments, we not
only confirm the effectiveness of U-CE over regular CE training but also find that the trained
models are naturally capable of predicting meaningful uncertainties after training.
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Together, these contributions demonstrate that UQ can be both computationally efficient –
and therefore usable in real-world applications – as well as practically useful for improving
segmentation performance itself. While DUDES enables real-time UQ without sacrificing
accuracy, U-CE exploits predictive uncertainties to guide learning, resulting in more robust and
reliable models. These findings not only highlight the importance and potential of uncertainty-
aware SS but also open up opportunities for further exploration in other critical machine vision
tasks such as Object Detection, Pose Estimation, or Monocular Depth Estimation (MDE).

Future Work. In terms of future work, multiple promising research opportunities could build
upon the findings of DUDES and U-CE to accelerate uncertainty-aware SS for safety-critical
applications.

For DUDES, an interesting direction could be the exploration of different knowledge distillation
techniques, which were already outlined in Section 2.3. For example, in the context of
feature-based distillation, it would be highly interesting to investigate the impact of feature
map diversity inside a DE and how this information could be used to refine the uncertainty
distillation process for the student. Moreover, online distillation and self-distillation present
promising avenues to streamline the current two-step framework. This would also allow
for the integration of dynamic uncertainty-aware training techniques like U-CE, effectively
combining both approaches for efficient estimation and exploitation of predictive uncertainties
for enhanced SS.

For U-CE, several promising directions could further enhance its effectiveness. One potential
avenue is integrating state-of-the-art UQ methods like DEs to improve the uncertainty quality,
which we were unable to explore due to computational constraints. However, improved uncer-
tainty estimates will likely lead to more effective uncertainty-weighting. In the same sense, it
would be worth investigating the introduction of warmup epochs, which we deliberately omit-
ted to avoid introducing additional hyperparameters. This could help stabilize early training
dynamics and improve uncertainty estimates, possibly leading to better overall performance.
Another potential improvement would be the incorporation of statistical hypothesis testing to
replace the hyperparameter α. This would be beneficial in two ways: Firstly, it would remove
the most influential hyperparameter of U-CE. Secondly, and maybe more importantly, it would
leverage the entire uncertainty distribution over all classes and not just the uncertainty of the
predicted class. Finally, we encourage other researchers to incorporate U-CE into state-of-the-
art SS approaches and to explore its usefulness in other computer vision tasks that rely on
pixel-wise predictions, such as MDE.

We hope that these findings and suggestions will inspire further research into exploiting
uncertainties as a core component of modern SS pipelines, ultimately leading to more reliable
machine vision systems for the real world.
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Uncertainty-aware Monocular
Depth Estimation

4
This Chapter includes elements from

[146] S. Landgraf, R. Qin, and M. Ulrich. “A Critical Synthesis of Uncertainty Quan-
tification and Foundation Models in Monocular Depth Estimation”. In: arXiv preprint
arXiv:2501.08188 (2025),

which are marked with a blue line.

In the following Chapter, we will deal with Uncertainty Quantification (UQ) in Monocular Depth
Estimation (MDE), which is another detrimental machine vision task that aims to estimate
a depth value for each pixel from a single image. In particular, we will target metric depth
estimation, as it is crucial for real-world applications such as robotics [52, 229], augmented
reality [123], and autonomous driving [288, 283].

Monocular Depth Estimation. At its core, MDE aims to transform a single image into a depth
map by regressing range values for each pixel, all without exploiting direct range or stereo
measurements. Theoretically, MDE is a geometrically ill-posed problem that is fundamentally
ambiguous and can only be solved with the help of prior knowledge about object shapes, sizes,
scene layouts, and occlusion patterns [52, 177, 128, 302]. This inherent requirement for
scene understanding perfectly aligns MDE with Deep Learning (DL) approaches, which have
proven proficient in encoding potent priors [14, 212, 290, 291]. These models benefit from
extreme scaling, i.e., training on massive datasets and increasing model size, which facilitates
the emergence of high-level visual scene understanding.

Based on these findings, a plethora of models have been proposed to address the challenges of
MDE, with recent state-of-the-art solutions often leveraging large Vision Transformers (ViTs)
trained on internet-scale data [31, 32, 159, 217, 14, 212, 290, 291], yielding foundation
models capable of generalizing to a wide range of applications and scenes. A particularly
challenging yet crucial application in fields such as robotics [52, 229], augmented reality [123],
and autonomous driving [288, 283] is the estimation of absolute distances in real-world
units (e.g., meters), commonly referred to as metric depth estimation. This task is especially
difficult due to inherent metric ambiguities caused by different camera models and scene
variations. Fortunately, these foundation models can successfully be fine-tuned in the respective
domain [14, 212, 290, 291] to determine exceptionally accurate metric depths.

Challenges. However, the strong performance of foundation models on common bench-
marks [245, 76, 39, 250] can lead to naive deployment, potentially overlooking their limita-
tions. As illustrated in Figure 4.1, even state-of-the-art foundation models are not immune to
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inaccuracies. This can be particularly detrimental in safety-critical applications where errors
can have serious consequences. There are multiple challenges associated with real-world
deployment of DL models, including the lack of transparency due to the "black box" character
of end-to-end systems [230, 75], the inability to distinguish between in-domain (ID) and
out-of-domain (OOD) samples [153, 154], the tendency to be overconfident [84], and the
sensitivity to adversarial attacks [219, 241, 249].

(a) Input Image (b) Prediction (c) Binary Accuracy Map (d) Pred. Unc.

Figure 4.1: Qualitative example of a fine-tuned DepthAnythingV2 [291] for metric MDE on the NYUv2
dataset [245], using a ViT-S encoder and Monte Carlo Dropout (MCD) [67] for an additional
uncertainty estimate, which represents the variance of the metric depth estimate. The
binary accuracy map is based on the δ1 error. The strong correlation between erroneous
predictions and high uncertainties highlights the potential of integrating UQ methods with
foundation models for MDE.

Research Questions. The following Chapter delves into a crucial research question to
establish powerful foundation models in MDE that are aware of their uncertainties, defined as
the actual variances of metric depth estimates:

• How can we synthesize UQ and foundation models for metric MDE to balance the benefits
of large-scale pre-training with the need for reliable uncertainty estimates?

To answer this question and to bridge the gap between ground-breaking results in research
and safe, reliable deployment in real-world applications, we investigate multiple UQ methods
in combination with MDE foundation models. We specifically focus on combining the state-of-
the-art DepthAnythingV2 foundation model [291] with five different UQ methods to enable
pixel-wise variance measures for metric depth estimation:

1. Learned Confidence (LC) [269]: Confidences, interpreted as uncertainties, are learned
by extending the primary objective function with an additional loss term.

2. Gaussian Negative Log-Likelihood (GNLL) [201]: Predictions are treated as samples
from a Gaussian distribution, with the network outputting both a predictive mean and its
corresponding variance, which is learned implicitly through minimizing the GNLL.

3. Monte Carlo Dropout (MCD) [67]: Dropout layers remain active during inference,
sampling from the posterior distribution to estimate a predictive mean and variance.

4. Deep Sub-Ensembles (DSEs) [263]: A Deep Ensemble (DE) [138] is approximated by
multiplying a subset of the model’s layers instead of using the full model.

5. Test-Time Augmentation (TTA) [9]: Perturbations applied to inputs during inference
produce unique samples, enabling computation of a predictive mean and corresponding
variance.

52 Chapter 4 Uncertainty-aware Monocular Depth Estimation



If we can leverage UQ to correlate high uncertainties with erroneous predictions, it opens up
the possibility of safer deployment of these models in real-world applications, as shown by
Figure 4.1.

Outline and Structure. The structure of the following Chapter is outlined as follows:

1. Section 4.1 presents an overview of related work on MDE and previous attempts to
incorporate UQ in this task.

2. Section 4.2 provides a detailed description of the utilized foundation model, DepthAny-
thingV2 [290] – and its predecessor, DepthAnythingV1 [290].

3. Section 4.3 lays out the methodology for this critical synthesis of UQ and foundation
models, including extensive experiments on four diverse datasets.

4. Section 4.4 concludes this Chapter with a concise summary of key findings and a call for
future research to include UQ in MDE.

4.1 Related Work

The following Section introduces related work in MDE and previous attempts to synthesize UQ
with this foundational machine vision task.

Monocular Depth Estimation

Foundations. MDE is a dense regression task that aims to predict a depth value for each
pixel in a given input image. The pioneering work of Eigen et al. [57] laid the foundation for
MDE by directly predicting depth using a multi-scale neural network. This seminal approach
demonstrated that Convolutional Neural Networks (CNNs) could effectively learn spatial
hierarchies and capture depth cues from monocular images, thus inspiring a plethora of
subsequent methods [186, 177, 128, 8]. While most introduce novel architectures or loss
functions, Fu et al. [63] reformulate depth estimation as an ordinal regression (sometimes
also referred to as ordinal classification in some contexts) problem through discretization
of the depth ranges. Another innovative approach by Yuan et al. [295] incorporates neural
conditional random fields to model contextual dependencies, further refining depth predictions.
Besides, Patil et al. [206] impose geometric constraints based on piecewise planarity priors.

Vision Transformers (ViTs). Naturally, the rise of ViTs [53] has also significantly impacted
the field of MDE. These models employ the self-attention mechanism of the transformer to
aggregate depth information across a more extensive field of view to capture long-range depen-
dencies and global context, leading to more accurate and consistent depth maps. Inherently,
multiple approaches have successfully adapted ViTs to MDE [2, 160, 289, 3, 303, 200, 216, 56,
293, 211, 124].

4.1 Related Work 53



Hybrid Approaches. Beyond more traditional regression-based methods, some works cre-
atively treat MDE as a combined regression-classification task. By discretizing the depth range
into bins, these methods simplify the learning task and improve performance in some cases.
Notable examples include AdaBins [13], BinsFormer [161], and LocalBins [14].

Generative Models. A more recent trend in MDE includes repurposing generative models
such as diffusion models [54, 120, 237, 238, 124, 207], effectively building on its predecessor,
generative adversarial networks [42, 5].

Depth in the Wild. Estimating depth "in the wild" has become an increasingly important
area of research in MDE. It refers to the challenge of predicting accurate depth estimates in
unconstrained environments, where lighting, scene structure, and camera parameters vary
significantly. With the increasing availability of computing resources, researchers have found
scaling to be a valuable tool to tackle this challenge. By constructing large and diverse depth
datasets and leveraging powerful foundation models, MDE has become more accessible and
robust to real-world use. Foundation models are large neural networks pre-trained on internet-
scale data, which allows them to develop a high-level visual understanding that can either be
used directly or fine-tuned for a variety of downstream tasks [20].

Ordinal Depth. One of the earlier works aimed at addressing depth in the wild by leveraging
the scale of data [31]. Building on this idea, Chen et al. [32] introduced the OASIS dataset, a
large-scale dataset specifically designed for depth and normal estimation. It is worth noting,
however, that both of these works primarily focus on relative (ordinal) depth, which only
estimates the depth order instead of providing absolute measurements. While ordinal depth
can provide valuable information about the structure of a given scene, its practical use is
limited.

Affine-invariant Depth. To overcome the limitations of ordinal depth, several studies have
explored affine-invariant depth estimation, which provides depth estimates up to an unknown
affine transformation. In other words, the absolute scale and offset of the depth map can
vary while the relative depth differences are preserved. For instance, models trained on
the MegaDepth dataset [159], which uses multi-view internet photo collections along with
structure-from-motion and multi-view stereo methods to create depth maps, can generalize
well to unseen images. Another significant contribution is MiDaS [217], which achieves the
ability to generalize across a variety of scenes and conditions through training on a mixture of
multiple datasets.

Metric Depth. For applications that often require absolute distances, such as robotics [52,
229], augmented reality [123], and autonomous driving [288, 283], metric depth estimation
is crucial. Metric depth estimation aims to provide absolute depth measurements in real-world
units (e.g., meters or centimeters). Inconveniently, zero-shot generalization is particularly
challenging due to the metric ambiguities introduced by different camera models. Aside from
some works that explicitly incorporate camera intrinsics as an additional input [83, 292] to
directly solve this issue, current state-of-the-art metric depth estimation approaches still rely
on fine-tuning powerful foundation models in the respective domain [14, 212, 290, 291].
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Uncertainty Quantification

In the following, we will go over previous attempts to fuse UQ with MDE. For a broader review
of related work on UQ, refer to the corresponding Section 2.2 in the fundamentals Chapter.

Uncertainty Quantification in Self-supervised Monocular Depth Estimation. While sub-
stantial progress has been made in developing effective UQ methods, integrating these tech-
niques with MDE comes with some unique challenges like the limited ground truth data, which
is expensive and difficult to acquire, especially at scale. For that reason, a significant body
of research has focused on UQ in self-supervised MDE [213, 103, 199, 34, 51]. While they
all explore different strategies to estimate the uncertainty, some even manage to leverage the
uncertainty to enhance model performance [213, 199, 34].

Uncertainty Quantification in Supervised Monocular Depth Estimation. For supervised
learning scenarios, one common approach to UQ involves modeling the regression output as a
parametric distribution and training the model to estimate its parameters [126, 201]. This
approach allows the model to not only output the depth estimate but also to measure the
corresponding uncertainty, typically represented as the variance of the distribution. Similarly,
Yu et al. [294] propose an auxiliary network that exploits the output and the intermediate
representations of the main model to estimate the uncertainty. Hornauer et al. [107] introduce
a post hoc UQ method that relies on gradients extracted with an auxiliary loss function. This
technique utilizes TTA [9] to investigate the correspondence of the depth prediction for an
image and its horizontally flipped counterpart. Another innovative approach is proposed
by Franchi et al. [62], who address computational efficiency by optimizing a set of latent
prototypes. The uncertainty is quantified by examining the position of an input sample in
the prototype space. Lastly, Mi et al. [182] developed a training-free UQ approach based
on tolerable perturbations during inference and using the variance of multiple outputs as a
surrogate for the uncertainty.

4.2 Baseline Model

DepthAnythingV2 [291] is one of the most recent state-of-the-art foundation models for MDE,
which can easily be fine-tuned for metric depth estimation, making it the perfect candidate for
exploring the combination of various UQ methods with MDE foundation models. Consequently,
we want to provide a more detailed overview of this model, which was built upon the framework
established by its predecessor, DepthAnythingV1 [290].

DepthAnythingV1. Yang et al. [291] laid the groundwork for creating a versatile founda-
tion model for MDE using the DINOv2 encoder [203] for feature extraction with the DPT
decoder [216] for depth regression. The training process of DepthAnythingV1 involves a
semi-supervised approach using a student-teacher framework. The teacher model generates
pseudo-labels for an extremely large corpus of unlabeled images (approx. 62 million from 8
public datasets), while the student is trained on both the pseudo-labels and a set of 1.5 million
labeled images from 6 public datasets. To ensure robustness of the learned representations,
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they additionally apply strong image perturbations for the student. These include strong color
distortion like color jittering and Gaussian blurring, and strong spatial distortion through
CutMix [296].

To further refine the model’s capabilities, they also introduce an auxiliary feature alignment
loss. It measures the cosine similarity between the features of the student model and those of
a frozen DINOv2 encoder, which is a powerful model for semantically related tasks like image
retrieval and Semantic Segmentation (SS). This potent addition to the training process helps
imbue the DepthAnythingV1 model with high-level semantic understanding to further improve
the depth estimation.

DepthAnythingV2. Building on the success of DepthAnythingV1, Yang et al. [291] quickly
introduced several key advancements that enable finer and more robust depth predictions.
These improvements are centered around the following three strategies:

1. Synthetic Data for Label Accuracy: One of the most significant changes for DepthAny-
thingV2 is the replacement of all labeled real images with synthetic images. This
alteration is motivated by the desire to eliminate label noise and address the lack of
detail often ignored in real datasets. In contrast to real images, synthetic data allows for
precise depth training and avoids the inconsistencies found in real-world labels.

2. Scaling up the Teacher Model: To mitigate the drawbacks of synthetic images, such
as distribution shifts and restricted scene coverage, the capacity of the teacher model
significantly increased. DepthAnythingV2 employs DINOv2-G, the most powerful variant
of the DINOv2 encoder [216].

3. Leveraging Pseudo-Labeled Real Images: To bridge the gap between synthetic images
and the complexity of real-world scenes, DepthAnythingV2 incorporates large-scale
pseudo-labeled real images into its training pipeline. This not only expands the lacking
scene coverage of the synthetic images but also ensures that the model is exposed to a
wide variety of real-world scenarios, improving its generalization capabilities.

These advancements establish DepthAnythingV2 as one of the most powerful currently available
MDE foundation models, combining high-quality depth predictions with robust fine-tuning
capabilities for metric depth estimation. Given these attributes, DepthAnythingV2 serves as
an ideal candidate for exploring foundation model uncertainty in MDE. We aim to assess
various UQ methods in combination with this foundation model, enabling accurate metric
depth estimation and pixel-wise uncertainty measures for real-world applications.

4.3 Combining Uncertainty Quantification with Foundation
Models

The subsequent Section explores the critical synthesis of UQ and MDE foundation models
to balance the benefits of large-scale pre-training with the need for reliable uncertainty
estimates. By evaluating the DepthAnythingV2 foundation model with five distinct UQ methods,
we investigate their feasibility to provide pixel-wise uncertainty estimates for real-world
deployment.
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Research Gap. Despite significant advancements in UQ for MDE, integrating these techniques
with large-scale foundation models remains unexplored. We aim to address this gap by combin-
ing multiple UQ methods with the state-of-the-art DepthAnythingV2 foundation model [291],
enabling pixel-wise uncertainty estimates in addition to metric depth measurements. Our
findings contribute to a more nuanced understanding of the capabilities and limitations of
these models, emphasizing the importance of not only striving for higher performance but also
making MDE more reliable and trustworthy for real-world use.

4.3.1 Methodology

Our primary research question is straightforward: How can we bridge the gap between ground-
breaking results in research and safe deployment in real-world applications that need robust
metric depth estimates with corresponding uncertainties?

As Figure 4.2 shows, we study five different approaches to not only estimate metric depths but
also their corresponding uncertainties: LC [269], GNLL [201], MCD [67], DSEs [263], and
TTA [9]. DEs are not employed here, as they require random weight initialization for at least
parts of the network [138, 61], which would prohibit leveraging the pre-trained weights of
the DepthAnythingV2 model, which are essential for the competitive metric depth estimation
performance that we want to preserve at all cost.

The upper two approaches of Figure 4.2, LC and GNLL, are fairly simple since they only require
adding a second output channel to the already existing depth head. The first output channel
generates metric depth maps, while the second yields uncertainty estimates.

The third option, MCD, is equally straightforward since it only requires activating all of the
already existing dropout layers in the model while fine-tuning. During inference, these dropout
layers are kept active, and multiple depth outputs are sampled. By computing the mean and
variance, the final depth map and the corresponding uncertainty are obtained.

The fourth option, DSE, is possibly the most complicated and requires significant changes to
the architecture. Instead of using just one depth head, a DSE of randomly initialized depth
heads is created. During inference, every depth head predicts slightly different depth samples.
Similar to the third option, MCD, the final depth map and uncertainty can be obtained by
computing the mean and variance.

Finally, as Figure 4.2 shows, we also examine TTA, which does not require any changes to the
fine-tuning process of DepthAnythingV2. Instead, we apply horizontal and vertical flipping
during test-time to create two additional inputs, to create a total of three unique depth samples.
Based on these, we compute the mean and variance to obtain the final depth map and the
uncertainty.
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Figure 4.2: A schematic overview of how to fuse the five different UQ approaches with the DepthAnythingV2 foundation model [291].
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Baseline Model

To enable a fair and consistent comparison across all five uncertainty-aware methods, we use
the standard DepthAnythingV2 model [291] as a baseline. For training the baseline models,
we simply follow the fine-tuning recommendations of DepthAnythingV2 [291]. In the case of
metric depth estimation, they suggest fine-tuning solely using the scale-invariant loss

LSI(ŷi, yi) =

⌜⃓⃓⎷ 1
N

N

∑
i=1

d2
i −

λ

N2

(︄
N

∑
i=1

di

)︄2

, (4.1)

where N is the number of pixels with valid ground truth, ŷi is the predicted depth of the i-th
pixel, yi is the true depth, di = log yi − log ŷi, and λ = 0.2.

Learned Confidence

The general approach of LC was originally proposed by Wan et al. [269] for classification
tasks, but has already been adapted before for regression tasks by Wang et al. [274]. The
confidences, which we interpret as uncertainties, can simply be learned in addition to the
primary objective function by adding a second output channel to the depth head for the
uncertainty and optimizing

LLC =
1
N

N

∑
i=1

σ̂i · LSI(yî, yi)− λ log σ̂i , (4.2)

where σ̂i is the confidence (uncertainty) and λ = 0.2, following Wang et al. [274].

Gaussian Negative Log-Likelihood Loss

For depth regression, neural networks are usually only trained to output a predictive mean
µ̂. To also approximate the corresponding variance σ̂2, i.e., the uncertainty, we follow the
approach of Nix and Weigend [201]: By treating the neural network prediction as a sample
from a Gaussian distribution and adding a second output channel to the depth head for the
uncertainty, we can minimize the GNLL loss

LGNLL(µ̂, y) =
1
2

(︃
(y − µ̂)2

σ̂2 + log σ̂2
)︃

. (4.3)

Analogous to Equation 4.2, there is no ground truth for the uncertainty, which means that σ̂2

is solely learned implicitly through the optimization of the predictive means µ̂ based on the
ground truth labels y.
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Monte Carlo Dropout

Using MCD [67] to estimate the predictive mean µ̂ and the corresponding uncertainty, i.e.,
the variance σ̂2, is fairly straightforward. Since the DepthAnythingV2 model already applies
dropout layers throughout its architecture, we simply have to activate them not only during
training but also during inference to sample from the posterior of the network.

To compute the predictive mean µ̂, we take the average of all the samples:

µ̂ =
1
T

T

∑
t=1

ŷt , (4.4)

where T is the number of samples and ŷt is the t-th depth prediction of the model.

The uncertainty can be quantified by the variance

σ̂2 =
1

T − 1

T

∑
t=1

(ŷt − µ̂)2 . (4.5)

We adhere to the fine-tuning recommendations of DepthAnythingV2 [291], using the scale-
invariant loss LSI(y, ŷ) from Equation 4.1 as the objective function.

Deep Sub-Ensemble

DSEs [263] enable the approximation of DEs. While a DE requires multiple models to be
trained and used during inference, the DSE only requires a subset of the layers to be multiplied.
As shown by Figure 4.2, we use a shared encoder for multiple randomly initialized depth heads.
To maximize the diversity across the depth heads and decrease the training time, we cycle
through the heads during training. Per training batch, only one head is optimized; the others
are ignored. During inference, however, each depth head predicts a unique sample ŷt based
on the extracted feature from the encoder. Similar to MCD, we can compute the mean µ̂ and
variance σ̂2 of all the samples (cf. Equations 4.4 and 4.5) to get the desired output, i.e., a final
depth prediction and a corresponding uncertainty.

As for MCD, we follow the fine-tuning recommendations of DepthAnythingV2 [291], using the
scale-invariant loss LSI(y, ŷ) from Equation 4.1 as the objective function.

Test-Time Augmentation

In contrast to the other four UQ approaches, we just fine-tune the DepthAnythingV2 model
with the scale-invariant loss LSI from Equation 4.1 for metric depth estimation and apply
TTA after training [9]. As shown by Figure 4.2, we flip the input image vertically as well
as horizontally and perform inference with each. As a result, we obtain three unique depth
samples ŷt that we can use to compute the mean µ̂ and variance σ̂2 (cf. Equations 4.4 and 4.5).
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4.3.2 Experiments

In this Section, we conduct an extensive set of experiments to answer the question on how to
fuse UQ with metric MDE. Firstly, we describe the experimental setup. Secondly, we provide
quantitative results comparing all five UQ methods applied to the DepthAnythingV2 foundation
model on four diverse datasets with varying encoder sizes. Lastly, we offer qualitative examples
of the UQ methods for all four datasets, showcasing the potential for foundation model
uncertainty in metric MDE.

Experimental Setup

Training. For all training processes, we follow the default settings of DepthAnythingV2 for
metric depth fine-tuning [291], using an AdamW optimizer [169] with a base learning rate of
6 · 10−5, a weight decay of 0.01, and a polynomial learning rate scheduler (cf. Equation 3.6).
Every model is trained for 25 epochs with an effective batch size of 16, using four NVIDIA
A100 GPUs. We do not employ any early stopping techniques and hence only evaluate the final
model checkpoints.

Datasets. We conduct our experiments on four highly different datasets, simulating a broad
range of real-world applications, as shown by Table 4.1. Cityscapes [39] provides an urban
street scene benchmark dataset with high-resolution images. In contrast, NYUv2 [245] presents
indoor scenes with a very low image resolution. UseGeo [197] covers high-resolution aerial
images, which are often neglected in the computer vision community despite their significance
in many real-world applications. Finally, the HOPE [261] dataset offers a variety of household
objects, originally designed for Pose Estimation. The main reason why the HOPE dataset is so
interesting is that the training dataset is based on almost 50,000 synthetic images, whereas the
test dataset consists of just 457 real images. A unique challenge that is often overlooked but
fairly common, especially in robotics [104, 256, 105].

Scene / Application Resolution (W × H) Training Images Test Images

Cityscapes [39] Outdoor 2048 × 1024 2975 500

NYUv2 [245] Indoor 640 × 480 795 654

UseGeo [197] Aerial 1989 × 1320 551 277

HOPE [261] Robotics 1920 × 1080 49450 (synth.) 457 (real)

Table 4.1: Overview of metric depth datasets that we used for evaluation.

Data Augmentations. Regardless of the trained model, we apply random cropping with a
crop size of 756 × 756 pixels on all datasets except NYUv2, which uses 630 × 476 pixels,
and random horizontal flipping with a flip chance of 50 %. For testing purposes, we use the
original image resolutions as shown by Table 4.1.
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Metrics. For quantitative evaluations of the metric depth estimation, we report all standard
metrics widely used in MDE research [177, 8]:

1. Root Mean Squared Error (RMSE), which measures overall depth prediction accuracy,

2. Absolute Relative Error (AbsRel), which captures relative depth deviations,

3. Logarithmic Mean Absolute Error (log10), which emphasizes errors on a logarithmic
scale,

4. and three threshold-based accuracies (δ1, δ2, δ3), which assess the proportion of predic-
tions within specific error thresholds.

In contrast to classification tasks like SS, prediction errors are continuous in MDE. As a result,
there is no natural binary notion of correctness, prohibiting straightforward utilization of
calibration metrics like Expected Calibration Error (ECE), which rely on categorical outcomes.

To evaluate the uncertainty quality in this setting, we instead adopt the following metrics
proposed by Mukhoti et al. [190]:

1. p(accurate|certain): The probability that the model is accurate on its output given that
the uncertainty is below a specified threshold.

2. p(uncertain|inaccurate): The probability that the uncertainty of the model exceeds a
specified threshold given that the prediction is inaccurate.

3. PAvPU: The combined measure that captures both accurate pixels among certain predic-
tions and uncertain pixels among inaccurate predictions.

The conditional probabilities p(accurate|certain) and p(uncertain|inaccurate) can be calculated
as

p(accurate|certain) =
nac

(nac + nic)
,

p(uncertain|inaccurate) =
niu

(niu + nic)
,

(4.6)

where nac represents the number of pixels that are accurate and certain, nic the number of
pixels that are inaccurate and certain, and niu the number of pixels that are inaccurate and
uncertain. Finally, we can combine both desired cases of accurate and certain pixels as well as
inaccurate and uncertain pixels to compute PAvPU as

PAvPU =
(nac + niu)

nac + nau + nic + niu
, (4.7)

where nau is the number of pixels that are accurate and uncertain. Clearly, these metrics
depend on the choice of the accuracy threshold as well as the uncertainty threshold, which is
what we will go over next.

To determine whether a depth prediction is accurate or inaccurate, we use the strictest
threshold-based accuracy δ1, which can be defined as

δ1 = max
(︃

y
ŷ

,
ŷ
y

)︃
. (4.8)

In this case, the accuracy is the percentage of pixels where δ1 < 1.25, indicating that the
predicted depth is within 25 % of the ground truth depth.
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To simulate real-world deployment scenarios, we define a pixel as certain or uncertain based
on whether its uncertainty falls below or above the median uncertainty of a given image.
This approach is based on findings from Section 5.3.2 in the following Chapter 5, where a
comparison between multiple uncertainty thresholds demonstrated that the median serves as
the most robust default choice.

Uncertainty Quantification. Unless stated otherwise, for MCD and DSE, the final depth
map and corresponding uncertainty are computed using ten samples or ten depth heads,
respectively, in accordance with the findings in [138, 61, 147, 143].

Quantitative Evaluation

Efficiency. As shown by Table 4.2, training times are comparable to the DepthAnythingV2
baseline model for all methods, with LC and GNLL matching it exactly in both training and
inference time. DSE and MCD increase training times by around 5 % - 10 %. While DSE nearly
triples inference time and roughly doubles the trainable parameters, MCD requires roughly 10
times the inference time due to the costly sampling process that roughly scales linearly with
the number of samples. TTA also triples inference time as it requires three forward passes.

NYUv2 (indoor) Trainable Parameters [M] ↓ FLOPs [G] ↓ Training Time [mm:ss] ↓ Inference Time [ms] ↓ FPS ↑

Vi
T-

S

Baseline 24.8 66.82 00:27 12.9 ± 0.1 77.5

TTA 24.8 66.82 00:27 40.0 ± 0.9 25.0

LC 24.8 66.83 00:27 12.9 ± 0.2 77.5

GNLL 24.8 66.83 00:27 12.9 ± 0.2 77.5

DSE 49.3 177.29 00:29 36.5 ± 0.5 27.4

MCD 24.8 66.82 00:30 128.4 ± 0.5 7.8

Vi
T-

B

Baseline 97.5 217.49 00:48 24.9 ± 0.5 40.2

TTA 97.5 217.49 00:48 75.5 ± 1.2 13.2

LC 97.5 217.50 00:49 25.1 ± 0.5 39.8

GNLL 97.5 217.50 00:49 25.0 ± 0.7 40.0

DSE 195.5 608.09 00:52 61.9 ± 0.8 16.2

MCD 97.5 217.49 00:54 248.4 ± 2.7 4.0

Vi
T-

L

Baseline 335.3 741.40 02:11 57.1 ± 3.5 17.5

TTA 335.3 741.40 02:11 172.6 ± 11.6 5.8

LC 335.3 741.41 02:14 57.0 ± 3.9 17.5

GNLL 335.3 741.41 02:13 57.1 ± 3.3 17.5

DSE 613.8 2204.07 02:17 131.6 ± 5.2 7.6

MCD 335.3 741.40 02:26 569.8 ± 24.3 1.8

Table 4.2: Efficiency comparison between the five chosen UQ methods: TTA, LC, GNLL, DSE, and
MCD for three different encoder sizes: ViT-S, ViT-B, ViT-L on the NYUv2 [245] dataset. We
compare the number of trainable parameters, FLOPs, training time per epoch on a single
A100 GPU, inference time per image, and the respective FPS. The mean inference time and
corresponding standard deviation are based on 1000 forward passes.
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NYUv2. Table 4.3 shows a quantitative comparison for the NYUv2 dataset [245]. LC, GNLL,
and DSE maintain depth quality similar to the baseline, with DSE and GNLL even surpassing it
for the ViT-S and ViT-B encoders, respectively. TTA and MCD exhibit a slight degradation but
remain competitive.

Regarding the uncertainty quality, GNLL emerges as the top-performing method, outperforming
all others in terms of p(acc|cer) and p(unc|inacc) across all three encoder sizes, achieving
impressive values of up to 98.0 % and 91.2 %, respectively. For PAvPU, both GNLL and MCD
deliver the best results. While all other methods are somewhat competitive with each other, LC
clearly falls behind concerning p(unc|inacc), achieving only 26.8 % for ViT-L.

Cityscapes. For the Cityscapes dataset [39], as shown by Table 4.4, TTA stands out by
significantly outperforming the baseline across all three encoder sizes in terms of depth quality.
In contrast, LC, GNLL, and DSE exhibit noticeable degradation, while MCD performs the
worst.

For uncertainty quality, GNLL is the standout performer, decisively surpassing all other methods
for all three metrics and encoder sizes. It achieves remarkable values of 69.2 % for p(acc|cer),
70.6 % for p(unc|inacc), and 69.5 % for PAvPU, setting a benchmark for reliability in this
dataset. The remaining methods deliver less consistent results, with TTA generally performing
the worst, showing values as low as 28.8 % for p(acc|cer), 42.0 % for p(unc|inacc), and 39.6 %
for PAvPU.

UseGeo. For the UseGeo dataset [197], as presented by Table 4.5, the depth quality results
are inconsistent, with methods sometimes surpassing and at other times falling short of the
baseline. TTA is the only approach that consistently outperforms the baseline across all three
encoder sizes.

In terms of uncertainty quality, all methods deliver near-perfect results for p(acc|cer) of at least
96.3 %. For p(unc|inacc) and PAvPU, MCD generally performs best with values of up to 67.2 %
and 50.4 %, respectively. In contrast to the other datasets, GNLL significantly lags behind
the other methods on UseGeo. This is likely due to the large depth values in UseGeo, which
cause higher GNLL loss values. The GNLL loss includes a logarithmic term that penalizes high
uncertainty estimates, which are amplified by large depth values. Notably, no hyperparameter
adjustments were made to address this, ensuring comparability but potentially hindering
GNLL’s optimization in this particular case.

HOPE. Table 4.6 shows the final quantitative comparison for the HOPE dataset [261]. In
terms of depth quality, there are only marginal differences between the baseline and all
uncertainty approaches, with RMSE values ranging between 0.215 to 0.277.

Regarding the uncertainty quality, GNLL once again asserts itself as the best option for all three
metrics across all three encoder sizes, with only one minor exception. GNLL achieves results
of up to 49.7 % for p(acc|cer), 62.2 % for p(unc|inacc), and 59.6 % for PAvPU. Mirroring its
strong performance on NYUv2 and Cityscapes (cf. Tables 4.3 and 4.4), GNLL’s dominance is
evident, while the other methods remain fairly competitive with each other. LC, however, lags
significantly behind across all three uncertainty quality metrics, underscoring GNLL’s reliability
and consistency.
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NYUv2 (indoor) RMSE ↓ AbsRel ↓ log10 ↓ δ1 ↑ δ2 ↑ δ3 ↑ p(acc|cer) ↑ p(unc|ina) ↑ PAvPU ↑
Vi

T-
S

Baseline 0.340 0.093 0.039 0.928 0.988 0.997 - - -

TTA 0.399 0.111 0.049 0.881 0.984 0.997 0.903 0.602 0.522

LC 0.343 0.090 0.039 0.930 0.988 0.997 0.920 0.369 0.490

GNLL 0.342 0.094 0.040 0.924 0.987 0.997 0.953 0.846 0.529

DSE 0.340 0.092 0.039 0.926 0.988 0.997 0.937 0.704 0.511

MCD (10%) 0.422 0.121 0.050 0.867 0.973 0.992 0.900 0.692 0.533

Vi
T-

B

Baseline 0.307 0.080 0.034 0.948 0.991 0.998 - - -

TTA 0.359 0.099 0.435 0.910 0.988 0.998 0.924 0.599 0.514

LC 0.314 0.085 0.036 0.943 0.991 0.998 0.926 0.292 0.483

GNLL 0.305 0.079 0.034 0.949 0.991 0.998 0.966 0.826 0.517

DSE 0.309 0.080 0.034 0.947 0.991 0.998 0.955 0.698 0.507

MCD (10%) 0.339 0.091 0.039 0.925 0.986 0.997 0.952 0.774 0.527

Vi
T-

L

Baseline 0.270 0.068 0.030 0.964 0.993 0.998 - - -

TTA 0.324 0.087 0.039 0.938 0.992 0.998 0.944 0.598 0.507

LC 0.275 0.069 0.030 0.963 0.993 0.998 0.946 0.268 0.483

GNLL 0.285 0.072 0.031 0.959 0.992 0.998 0.980 0.912 0.521

DSE 0.280 0.070 0.030 0.961 0.993 0.998 0.969 0.734 0.508

MCD (10%) 0.339 0.091 0.039 0.925 0.986 0.997 0.967 0.798 0.522

Table 4.3: Quantitative comparison on the NYUv2 [245] dataset between the five chosen UQ methods:
TTA, LC, GNLL, DSE, and MCD for three different encoder sizes: ViT-S, ViT-B, ViT-L. Best
results for RMSE and the three uncertainty metrics are marked in bold for each encoder.

Cityscapes (outdoor) RMSE ↓ AbsRel ↓ log10 ↓ δ1 ↑ δ2 ↑ δ3 ↑ p(acc|cer) ↑ p(unc|ina) ↑ PAvPU ↑

Vi
T-

S

Baseline 7.138 0.219 0.084 0.704 0.964 0.991 - - -

TTA 6.474 0.223 0.089 0.576 0.965 0.991 0.335 0.421 0.410

LC 7.492 0.206 0.078 0.733 0.958 0.991 0.658 0.619 0.611

GNLL 7.739 0.236 0.089 0.669 0.949 0.987 0.692 0.706 0.695

DSE 7.714 0.234 0.088 0.681 0.954 0.990 0.658 0.654 0.649

MCD (10%) 8.527 0.307 0.113 0.417 0.920 0.984 0.328 0.525 0.516

Vi
T-

B

Baseline 6.884 0.252 0.095 0.599 0.965 0.992 - - -

TTA 5.757 0.247 0.095 0.526 0.967 0.993 0.288 0.420 0.396

LC 7.711 0.285 0.107 0.434 0.958 0.991 0.329 0.506 0.502

GNLL 7.092 0.244 0.094 0.613 0.966 0.991 0.594 0.635 0.629

DSE 7.824 0.271 0.102 0.534 0.957 0.991 0.490 0.587 0.588

MCD (10%) 8.268 0.288 0.107 0.488 0.939 0.989 0.449 0.579 0.583

Vi
T-

L

Baseline 6.655 0.256 0.097 0.558 0.972 0.993 - - -

TTA 5.298 0.227 0.088 0.608 0.979 0.994 0.371 0.431 0.416

LC 7.392 0.280 0.105 0.416 0.969 0.993 0.292 0.488 0.488

GNLL 6.562 0.234 0.092 0.628 0.970 0.990 0.581 0.620 0.607

DSE 7.522 0.272 0.103 0.500 0.966 0.993 0.446 0.568 0.570

MCD (10%) 8.268 0.288 0.107 0488 0.939 0.989 0.480 0.584 0.584

Table 4.4: Quantitative comparison on the Cityscapes [39] dataset between the five chosen UQ methods:
TTA, LC, GNLL, DSE, and MCD for three different encoder sizes: ViT-S, ViT-B, ViT-L. Best
results for RMSE and the three uncertainty metrics are marked in bold for each encoder.
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UseGeo (aerial) RMSE ↓ AbsRel ↓ log10 ↓ δ1 ↑ δ2 ↑ δ3 ↑ p(acc|cer) ↑ p(unc|ina) ↑ PAvPU ↑
Vi

T-
S

Baseline 7.366 0.077 0.032 0.973 0.994 0.999 - - -

TTA 7.078 0.074 0.031 0.977 0.995 0.999 0.976 0.647 0.500

LC 8.213 0.086 0.036 0.958 0.995 1.000 0.963 0.481 0.506

GNLL 7.467 0.076 0.032 0.979 0.993 0.998 0.976 0.237 0.500

DSE 7.259 0.076 0.032 0.976 0.994 0.999 0.971 0.467 0.495

MCD (10%) 6.682 0.068 0.029 0.982 0.994 0.998 0.982 0.672 0.501

Vi
T-

B

Baseline 6.386 0.067 0.028 0.981 0.995 0.999 - - -

TTA 6.060 0.631 0.027 0.985 0.995 0.999 0.984 0.609 0.499

LC 6.612 0.068 0.029 0.975 0.995 1.000 0.967 0.454 0.492

GNLL 7.810 0.080 0.035 0.972 0.990 0.997 0.971 0.293 0.499

DSE 6.491 0.068 0.028 0.980 0.994 0.999 0.981 0.559 0.502

MCD (10%) 6.641 0.070 0.029 0.978 0.994 0.999 0.982 0.657 0.504

Vi
T-

L

Baseline 6.173 0.065 0.027 0.981 0.995 0.999 - - -

TTA 5.898 0.063 0.026 0.982 0.995 0.999 0.980 0.596 0.499

LC 5.406 0.056 0.024 0.986 0.995 1.000 0.985 0.477 0.500

GNLL 7.082 0.073 0.031 0.980 0.991 0.998 0.980 0.294 0.498

DSE 6.260 0.067 0.028 0.980 0.995 1.000 0.977 0.577 0.497

MCD (10%) 6.697 0.071 0.029 0.981 0.995 0.999 0.982 0.669 0.501

Table 4.5: Quantitative comparison on the UseGeo [197] dataset between the five chosen UQ methods:
TTA, LC, GNLL, DSE, and MCD for three different encoder sizes: ViT-S, ViT-B, ViT-L. Best
results for RMSE and the three uncertainty metrics are marked in bold for each encoder.

HOPE (robotics) RMSE ↓ AbsRel ↓ log10 ↓ δ1 ↑ δ2 ↑ δ3 ↑ p(acc|cer) ↑ p(unc|ina) ↑ PAvPU ↑

Vi
T-

S

Baseline 0.263 0.265 0.115 0.537 0.821 0.942 - - -

TTA 0.264 0.262 0.114 0.539 0.818 0.943 0.421 0.564 0.552

LC 0.259 0.262 0.114 0.537 0.822 0945 0.339 0.476 0.474

GNLL 0.277 0.287 0.124 0.492 0.795 0.929 0.404 0.575 0.567

DSE 0.262 0.263 0.117 0.544 0.809 0.933 0.393 0.528 0.522

MCD (10%) 0.274 0.286 0.118 0.514 0.816 0.937 0.398 0.562 0.553

Vi
T-

B

Baseline 0.222 0.232 0.094 0.616 0.892 0.969 - - -

TTA 0.221 0.230 0.093 0.621 0.891 0.968 0.462 0.573 0.558

LC 0.224 0.227 0.095 0.616 0.883 0.966 0.330 0.419 0.427

GNLL 0.223 0.225 0.094 0.619 0.892 0.972 0.497 0.622 0.596

DSE 0.218 0.230 0.094 0.625 0.889 0.967 0.448 0.546 0.543

MCD (10%) 0.245 0.269 0.106 0.560 0.851 0.955 0.405 0.555 0.543

Vi
T-

L

Baseline 0.223 0.238 0.096 0.588 0.906 0.980 - - -

TTA 0.217 0.232 0.094 0.599 0.904 0.980 0.436 0.576 0.557

LC 0.215 0.226 0.092 0.604 0.911 0.980 0.325 0.426 0.441

GNLL 0.229 0.244 0.099 0.588 0.888 0.973 0.460 0.608 0.586

DSE 0.235 0.252 0.098 0.594 0.893 0.974 0.442 0.574 0.569

MCD (10%) 0.249 0.272 0.107 0.557 0.859 0.966 0.416 0.580 0.563

Table 4.6: Quantitative comparison on the HOPE [261] dataset between the five chosen UQ methods:
TTA, LC, GNLL, DSE, and MCD for three different encoder sizes: ViT-S, ViT-B, ViT-L. Best
results for RMSE and the three uncertainty metrics are marked in bold for each encoder.
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Qualitative Evaluation

We provide handpicked qualitative examples of all five different UQ methods with varying
encoder sizes for all four datasets in Figure 4.3, highlighting the potential for foundation model
uncertainty in metric MDE.
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(a) Input Image (b) Ground Truth (c) Prediction (d) δ1 Error (e) Pred. Unc.

Figure 4.3: Qualitative examples for indoor [245], outdoor [39], aerial [197], and robotics [261]
scenarios with varying UQ approaches and encoder sizes. Red rectangles are added to
highlight interesting areas.

NYUv2. The first row shows the GNLL (ViT-S) results, demonstrating high prediction quality
overall. Uncertainty is notably elevated around object boundaries and the two open doors in
the background, suggesting these regions are edge cases. This likely stems from the model’s
limited exposure to such depth ranges during training, as the maximum depth is limited to 5m,
which is common practice on NYUv2.

The second row presents results from TTA (ViT-S), revealing mixed results in terms of prediction
and uncertainty quality. While the model assigns high uncertainties to the background,
including some erroneous predictions, it fails to recognize the large prediction error on the
chair’s backrest. This comparison suggests that GNLL provides more meaningful uncertainties,
supporting the quantitative findings in Section 4.3.2.

Cityscapes. In the third row, the MCD (ViT-B) predictions exhibit multiple errors. However,
in parts, there is a correlation between uncertainty and challenging regions, indicating the
model’s awareness of its limitations.
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UseGeo. The fourth row shows DSE (ViT-B) results, where relative depth predictions are
plausible despite reduced accuracy in absolute terms. Across the entire image, especially in the
bottom right, uncertainties are heightened for the buildings, emphasizing that the model is
aware of key areas where depth errors are most likely.

HOPE. The fifth row presents LC (ViT-L) results, where the model struggles with the absolute
depth of the large foreground object. At the same time, the entire object is highlighted by high
uncertainty, reflecting the model’s strong awareness of its prediction error in this case.

4.4 Conclusion

Summary. In this Chapter, we investigated the research question on how to fuse UQ with
metric MDE, addressing the challenge of achieving reliable uncertainty estimates without
compromising prediction accuracy or computational efficiency. To this end, we conducted a
comprehensive evaluation of five UQ approaches – LC, GNLL, MCD, DSEs, and TTA – applied to
the state-of-the-art DepthAnythingV2 foundation model. Our evaluation spanned four diverse
datasets (NYUv2, Cityscapes, UseGeo, and HOPE), ensuring a broad assessment across different
domains relevant to real-world applications.

Our findings demonstrate that fine-tuning with GNLL emerges as the most promising approach,
providing high-quality uncertainty estimates while maintaining depth prediction accuracy and
computational efficiency comparable to the baseline model. These results highlight that UQ
can be both effective and efficient, enabling safer and more explainable metric depth estimates
without introducing significant overhead.

Future Work. By demonstrating the feasibility of synthesizing UQ with MDE, we pave the
way for future research that prioritizes not only performance but also explainability. Naturally,
several open research directions remain.

For instance, future work could investigate whether the findings of this uncertainty-aware
MDE research persist in low-data regimes. Exploring the interplay between uncertainty quality
and unsupervised, active, self-supervised, or semi-supervised learning paradigms could help
reduce dependency on large-scale annotated fine-tuning datasets while maintaining predictive
reliability. Additionally, future research could inspect uncertainty-aware domain adaptation.
While our evaluation covered diverse datasets, we did not examine whether uncertainty-aware
MDE models remain reliable on OOD samples or how easily they adapt to new domains, which
would be critical for many real-world applications like autonomous driving.

We hope that these findings and suggestions will inspire continued research into uncertainty-
aware foundation models, ultimately contributing to the development of more reliable machine
vision systems for deployment in real-world scenarios.
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The following Chapter explores Uncertainty Quantification (UQ) in joint Semantic Segmen-
tation (SS) and Monocular Depth Estimation (MDE) within a multi-task learning framework.
As discussed in Chapters 3 and 4, these tasks are fundamental to machine vision: SS assigns
distinct class labels to each pixel, while MDE predicts pixel-wise distances from the camera.
Combining these two tasks enables more comprehensive scene understanding, which is benefi-
cial for many real-world applications such as autonomous driving [30] or robotics [196] that
are multi-modal in nature.

Multi-task Learning. Multi-task learning is a learning paradigm that aims to improve gen-
eralization and efficiency by training a single model to perform multiple related tasks simul-
taneously. By sharing representations across multiple tasks, multi-task learning can mitigate
overfitting, reduce computational costs, and exploit cross-task dependencies to enhance the
individual performance on each task [231, 259, 301, 41, 266, 300].

Although SS and MDE are often treated as separate tasks, they are inherently interconnected:
The former provides contextual information about objects and regions in an image, while
the latter captures their spatial arrangement in 3D space. Consequently, one can leverage
their complementary nature by jointly modeling these tasks to enhance efficiency or even
performance [273, 188, 121, 286, 165, 163, 196, 96, 69, 119, 127, 166, 23, 287, 22]. For
example, semantic information can guide the depth estimation by providing priors on object
shapes and sizes, whereas depth cues can help resolve segmentation ambiguities in noisy areas
of the image, such as object borders.
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Challenges. While multi-task learning has the potential to improve the predictive perfor-
mance over single-task learning, several key challenges remain. As discussed in Chapter 2.2,
Deep Learning (DL) models often exhibit overconfidence [84, 277], which makes deployment
in safety-critical applications questionable. Moreover, they are known to suffer severe perfor-
mance degradation under domain shifts [154, 187, 204], which, in real-world scenarios, are
the rule, not the exception. Additionally, the lack of interpretability limits trust, especially in
fields like medical diagnosis [75, 155, 9]. Most notably, even powerful foundation models that
are trained on internet-scale data are far from perfect, as examined in the previous Chapter 4.

It is obvious that these issues require methods that not only focus on obtaining a slightly higher
accuracy on a given benchmark dataset but also incorporate reliable uncertainty estimates.
Surprisingly, however, quantifying predictive uncertainties in the context of joint SS and MDE
has not been thoroughly explored yet.

Research Question. To address this notable gap in the literature, we investigate the following
key research questions:

1. How do existing UQ methods perform for joint SS and MDE?

2. How can we enable efficient and reliable UQ in this multi-task learning framework?

3. How can we exploit predictive uncertainties during training to optimize performance?

Regarding the first question, we combine three common UQ methods – Monte Carlo Dropout
(MCD), Deep Sub-Ensembles (DSEs), and Deep Ensembles (DEs) – with joint SS and MDE
and evaluate their performance. In this context, we reveal the potential benefit of multi-task
learning concerning the uncertainty quality compared to solving SS and MDE separately. Addi-
tionally, we examine the influence of employing different uncertainty thresholds to determine
whether a pixel is certain or uncertain and include an out-of-domain (OOD) evaluation.

In response to the second and third questions, we propose a novel Efficient Multi-task
Uncertainty Vision Transformer (EMUFormer). Thereby, we show that by leveraging the pre-
dictive uncertainties during training through the use of the Gaussian Negative Log-Likelihood
(GNLL) loss, EMUFormer achieves new state-of-the-art results on Cityscapes and NYUv2, while
providing predictive uncertainties for both tasks that are comparable or superior to a DE
despite being an order of magnitude more efficient.

Outline and Structure. The Chapter is organized as follows:

1. Section 5.1 offers an overview of related work on joint SS and MDE.

2. Section 5.2 provides a detailed description of the utilized baseline models:
SegFormer [284], DepthFormer, and SegDepthFormer.

3. Section 5.3 showcases our comprehensive multi-task uncertainty evaluation.

4. Section 5.4 presents EMUFormer, our student-teacher distillation approach for efficient
and reliable multi-task uncertainties.

5. Section 5.5 concludes with a summary of key findings and suggestions for future work.
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5.1 Related Work

In this Section, we summarize related work on joint SS and MDE. For a broader review of
related work on UQ and knowledge distillation, refer to the corresponding Sections 2.2 and
2.3 in the fundamentals Chapter, respectively.

Joint Semantic Segmentation and Monocular Depth Estimation

SS and MDE are both fundamental problems in image understanding that involve pixel-
wise predictions based on a single input image. Motivated by the strong correlation and
complementary properties of the two tasks, multiple previous works have focused on solving
both tasks jointly [273, 188, 121, 286, 165, 163, 196, 96, 69, 119, 127, 166, 23, 287, 22].
Other multi-task approaches with joint representation sharing [300] or methods that leverage
the depth map to improve the SS prediction [110, 270] are not relevant for our work and,
therefore, are not covered by this review.

Wang et al. [273] and Liu et al. [165] propose frameworks for combining SS and MDE using
conditional random fields. In contrast, Mousavian et al. [188] train parts of the model for
each task separately and then fine-tune the full model on both tasks with a single loss function.
Multiple previous works introduce attention mechanisms to improve results [121, 23, 166, 69].
Gao et al. [70] and Kendall et al. [127] introduce confidences to weight the individual losses
accordingly. Xu et al. [286] propose a multi-task prediction-and-distillation network, where
the predictions of intermediate auxiliary tasks are the multi-modal input for the final task –
a concept that multiple works [267, 196] followed. Finally, there are multiple works [163,
96, 119] that propose specialized architectures, focusing on task-relevant feature separation,
geometric constraints, and dynamic loss balancing, respectively.

5.2 Baseline Models

Hereinafter, we go over the three baseline models that we use for our comprehensive multi-task
uncertainty evaluation and as a foundation for our EMUFormer approach:

1. SegFormer [284] for solving the SS task.

2. DepthFormer for solving the MDE task.

3. SegDepthFormer for solving the joint SS and MDE task.

We selected the SegFormer model for its architectural simplicity, computational efficiency,
and competitive performance, and derived DepthFormer and SegDepthFormer from it. For
each model, we briefly describe its architecture, training criterion, and how we obtain a
measurement for the uncertainty.
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5.2.1 SegFormer

Architecture. For solely solving the SS task, we use SegFormer [284], a modern Transformer-
based architecture that stands out because of its high efficiency and performance. Thus, it is
particularly suitable for real-time UQ. As depicted in Figure 5.1, SegFormer consists of two
main modules: A hierarchical Transformer-based encoder that generates high-resolution coarse
features and low-resolution fine features, and a lightweight all-MLP segmentation decoder.
The latter fuses the multi-level features of the encoder to produce pseudo-probabilities with
the softmax activation function, which can be formulated as

p(ŷ)i =
exp(yî)

∑C
c=1 exp(yĉ)

, (5.1)

where p(ŷ)i is the softmax score for class i, C is the class count, and ŷ represents the logits.
Since SegFormer [284] only outputs logits at a H

4 × W
4 resolution given an input image of

size H × W, we use bilinear interpolation [284] before applying the softmax function on ŷ to
obtain the original resolution for the final segmentation prediction.
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Figure 5.1: A schematic overview of the SegFormer [284] and DepthFormer architectures. Both models
share the same hierarchical Transformer-based encoder that generates high-resolution
coarse features and low-resolution fine features, and a lightweight all-MLP segmentation
decoder. They only differ in the number of output channels and in terms of output
activations.
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Training Criterion. For the objective function during training, we use the well-known
categorical Cross-Entropy (CE) loss

LCE = − 1
N

N

∑
n=1

C

∑
c=1

yn,c · log(pn,c(ŷ)) , (5.2)

where LCE is the loss for an image, N is the pixel count, C is the number of classes, yn,c is the
ground truth, and pn,c(ŷ) is the predicted pseudo-probability.

Uncertainty Measure. We compute the predictive entropy

H(p(ŷ)) = −
C

∑
c=1

p(ŷ)c · log(p(ŷ)c) . (5.3)

which serves as a measure for the uncertainty [126]. Unlike standard deviation or variance
(cf. Equation 4.5), which require multiple samples generated by UQ methods, predictive
entropy is derived directly from the models’ softmax pseudo-probability, enabling comparison
of the baseline models’ uncertainty with that of applied UQ methods, where the mean softmax
pseudo-probability of all the samples is used to compute the predictive entropy.

5.2.2 DepthFormer

Architecture. Inspired by the efficiency and performance of SegFormer [284], we propose
DepthFormer for MDE. As Figure 5.1 shows, we use the same hierarchical Transformer-based
encoder as SegFormer to generate high-level and low-level features. Similarly, those multi-level
features are fused in an all-MLP decoder. In contrast to SegFormer, the output layer differs
by having two output channels: One for the predictive mean µ̂(x) and one for the predictive
variance σ̂2(x) [168].

Predictive Mean. The first output channel uses a Rectified Linear Unit (ReLU) output activa-
tion function to produce the predictive mean µ̂(x) based on an input image x:

µ̂(x) = max(0, ŷ(x)) . (5.4)

Predictive Variance. The second output channel applies a Softplus activation to produce the
predictive variance

σ̂2(x) = log(1 + exp(ŷ(x))) . (5.5)

The Softplus activation is a smooth and fully differentiable approximation of the ReLU function,
including at ŷ = 0. In our experiments, we found that Softplus yields more stable predictive
variances than ReLU, consistent with the observations by Lakshminarayanan et al. [138].
Intuitively, its strictly positive and smooth output avoids zero gradients and enables more
reliable learning of uncertainties, particularly in regions with low predicted variance.
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Training Criterion. For regression tasks, neural networks typically output only a predic-
tive mean µ̂ and the parameters are, in the most straightforward approach, optimized by
minimizing the Mean Squared Error (MSE). However, the MSE does not cover uncertainty.
Therefore, we follow the approach of Nix and Weigend [201] instead: By treating the neural
networks prediction as a sample from a Gaussian distribution with the predictive mean µ̂ and
corresponding predictive variance σ̂2, we can minimize the GNLL loss using the ground truth
depth y:

LGNLL =
1
2

(︃
(y − µ̂)2

σ̂2 + log σ̂2
)︃

. (5.6)

Uncertainty Measure. Through GNLL minimization, DepthFormer not only optimizes the
predictive means, but also inherently learns the corresponding variances, which serve as a
measure of the uncertainty [126, 168].

5.2.3 SegDepthFormer

Architecture. In order to jointly solve SS and MDE, we propose SegDepthFormer. The archi-
tecture, which is shown in Figure 5.2, comprises three modules: A hierarchical Transformer-
based encoder, an all-MLP segmentation decoder, and an all-MLP depth decoder. The encoder
and segmentation decoder are adapted from SegFormer [284] (cf. Section 5.2.1), while the
depth decoder is from DepthFormer (cf. Section 5.2.2). Both decoders fuse the multi-level
features obtained through the shared encoder to predict a final segmentation mask and a
pixel-wise depth estimation, respectively.

Training Criterion. SegDepthFormer is trained to minimize the weighted sum of the two
previously described objective functions:

L = LCE + λ1LGNLL , (5.7)

where λ1 is a simple weighting factor. Because both loss values are of similar magnitude, we
set λ1 = 1. Tuning λ1 might slightly improve the performance, however.

Uncertainty Measure. The respective uncertainty is obtained by computing the predictive
entropy H(p(ŷ)) (cf. Equation 5.3) for the segmentation task or by the predictive variance
σ̂2(x) (cf. Equation 5.5), which is learned implicitly through the optimization of LGNLL (cf.
Equation 5.6).

5.3 Evaluation of Multi-task Uncertainties

This Section investigates the integration of MCD, DSEs, and DEs with joint SS and MDE. In
this way, we explore the potential benefits of multi-task learning for the uncertainty quality
and analyze the influence of different uncertainty thresholds for distinguishing whether a pixel
is certain or uncertain.
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Figure 5.2: A schematic overview of the SegDepthFormer architecture. The model combines the
SegFormer [284] architecture with a lightweight all-MLP depth decoder.

Research Gap. Remarkably, to the best of our knowledge, quantifying uncertainties in joint
SS and MDE has been overlooked entirely. Therefore, we compare multiple UQ methods for
this joint task and show how multi-task learning influences the quality of the uncertainty
quality in comparison to solving both tasks separately.

5.3.1 Methodology

We evaluate MCD [67], DEs [138], and DSEs [263], motivated by their simplicity, ease of
implementation, parallelizability, minimal tuning requirements, and state-of-the-art perfor-
mance. Learned Confidence (LC) [269] and Test-Time Augmentation (TTA) [9] are excluded
from this evaluation due to their poor performance in Chapter 4, and GNLL [201] is left out
because it assumes continuous, Euclidean targets, whereas SS requires discrete categorical pre-
dictions. Applying GNLL to SS would lead to unstable optimization without yielding coherent
probabilistic outputs over the classes.

Monte Carlo Dropout. MCD depends on the number and placement of dropout layers, and
particularly the dropout rate. We adopt the original SegFormer [284] layer placement and
consider two dropout rates, 20 % and 50 %. We sample ten times to obtain the prediction and
predictive uncertainty [67, 87].

Deep Ensemble. DEs achieve the best results if they are trained to explore diverse modes in
function space, which we accomplish by randomly initializing all decoder heads, using random
augmentations (cf. Section 5.3.2), and by applying random shuffling of the training data
points [138, 61]. We report results of a DE with ten members, following the suggestions of
previous work [138, 61, 147].
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Deep Sub-Ensemble. Consistent with DEs and MCD, we train the DSE with ten decoder
heads for each task on top of a shared encoder [263]. During training, we only optimize
a single decoder head per training batch and alternate between them. Thereby, we aim to
introduce as much randomness as possible, analogous to the training of DEs. For inference, we
utilize all decoder heads.

5.3.2 Experiments

The following Section describes a variety of experiments, including quantitative results, the
impact of the number of ensemble members, the impact of the uncertainty threshold, and an
OOD evaluation.

Experimental Setup

Predictions. For the SS task, we compute the mean softmax pseudo-probability of all samples.
For the MDE task, we first apply ReLU and then compute the mean depth of the corresponding
samples.

Uncertainty. For the SS task, we measure the predictive uncertainty using the predictive en-
tropy (cf. Equation 5.3) [190], which is computed either using the softmax pseudo-probability
of a single baseline model or based on the mean softmax pseudo-probabilities across multiple
samples from a UQ method. In contrast, for the depth estimation task, we explicitly distinguish
between baseline models and UQ methods. For baseline models, we estimate the uncertainty
directly using the predictive variance σ̂2 (cf. Equation 5.5). For models employing UQ, we
compute the predictive uncertainty by combining the mean predictive variance and the variance
of the depth predictions across available samples, as proposed by Loquercio et al. [168]:

σ̂2
UQ =

1
T

T

∑
t=1

σ̂2
t⏞ ⏟⏟ ⏞

aleatoric

+
1

T − 1

T

∑
t=1

(ŷt − µ̂)2

⏞ ⏟⏟ ⏞
epistemic

. (5.8)

Here, T is the number of samples, σ̂2
t is the predictive variance of the t-th sample, ŷt is

the t-th depth prediction, and µ̂ is the predictive mean of all depth predictions. While the
primary focus of this thesis is not on decomposing uncertainty into aleatoric and epistemic
components, this formulation captures both data uncertainty (aleatoric) and model uncertainty
(epistemic) [168]. We therefore differentiate between baseline models, which are only capable
of capturing aleatoric uncertainty, and UQ methods, which compute a more holistic uncertainty
encompassing both aleatoric and epistemic components.

Datasets. We conduct all experiments on Cityscapes [39] and NYUv2 [245]. Cityscapes, with
2975 training and 500 validation images, is a popular urban street scene benchmark dataset.
Notably, the depth values are based on the disparity of stereo camera images. NYUv2 contains
795 training and 654 testing images of indoor scenes.
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Data Augmentations. Regardless of the trained model, we apply random scaling with a
factor between 0.5 and 2.0, random cropping with a crop size of 768 × 768 pixels on Cityscapes
and 480 × 640 pixels on NYUv2, and random horizontal flipping with a flip chance of 50 %.

Implementation Details. For all training processes, we use AdamW [169] optimizer with
a base learning rate of 6 · 10−5 and employ a polynomial rate scheduler (cf. Equation 3.6).
Besides, we use a batch size of 8 and train for 250 epochs on Cityscapes and for 100 epochs
on NYUv2, respectively. The encoders of the baseline models are initialized with weights pre-
trained on ImageNet [47] and then trained for 250 epochs on Cityscapes and for 100 epochs
on NYUv2, respectively. We use the SegFormer-B2 [284] backbone for all experiments.

Metrics. For SS, we report mean Intersection over Union (mIoU) [148] and Expected Calibra-
tion Error (ECE) [192]. For MDE, we use Root Mean Squared Error (RMSE) [177, 8] and the
adopted uncertainty quality metrics from Mukhoti and Gal [190], which we already discussed
in Section 4.3.2.

For the sake of simplicity and to simulate real-world employment, we set the uncertainty
threshold to the mean uncertainty of a given image for all evaluations, unless noted otherwise.
This choice reflects standard practice [190] at the time this research was conducted and was
deemed appropriate given that the threshold is consistently applied across all UQ methods.
We also conduct a comparative analysis of different thresholds in Section 5.3.2, including the
median and a statistically robust approach, which does not use the normal standard deviation,
but one that is resilient to outliers. To achieve this, as described by Steger et al. [253], we take
the median uncertainty

σ̂M = Med(σ̂) . (5.9)

Subsequently, a robust measure of the standard deviation can be derived with

σ̂R =
Med(|σ̂ − σ̂M|)

0.6745
, (5.10)

where the correction factor in the denominator is chosen in such a way that, for normally
distributed uncertainties, the standard deviation aligns with one of a normal distribution.

Finally, by using the median as a central value and extending it by a range proportional to the
robust standard deviation, the robust threshold can be defined as

Θ = σ̂M + τ · σ̂R , (5.11)

where τ is a tunable factor. It is worth mentioning, however, that using a negative scaling
factor τ < 0 resulted in unstable evaluation results, as it led to the threshold being set to
Θ = 0 in some cases, which is why we discarded that option altogether.

Quantitative Results

In this Section, we describe the results of our joint uncertainty evaluation quantitatively. We
compare combinations of the baseline models SegFormer, DepthFormer, and SegDepthFormer
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(cf. Section 5.2) with the UQ methods MCD, DSE, and DEs (cf. Section 5.3.1). Tables 5.1 and
5.2 contain a detailed comparison, primarily focusing on the uncertainty quality.

Semantic Segmentation Monocular Depth Estimation

mIoU ↑ ECE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ RMSE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ Inference Time [ms]

Baseline SegFormer 0.772 0.033 0.882 0.395 0.797 - - - - 17.90 ± 0.47

DepthFormer - - - - - 7.452 0.749 0.476 0.766 17.59 ± 0.82

SegDepthFormer 0.738 0.028 0.913 0.592 0.826 7.536 0.745 0.472 0.762 22.04 ± 0.27

MCD (20 %) SegFormer 0.759 0.007 0.883 0.424 0.780 - - - - 177.13 ± 0.64

DepthFormer - - - - - 7.956 0.749 0.555 0.739 139.32 ± 0.78

SegDepthFormer 0.738 0.020 0.911 0.592 0.803 7.370 0.761 0.523 0.757 202.23 ± 0.39

MCD (50 %) SegFormer 0.662 0.028 0.883 0.485 0.760 - - - - 176.98 ± 0.53

DepthFormer - - - - - 21.602 0.181 0.366 0.431 139.81 ± 1.20

SegDepthFormer 0.640 0.021 0.906 0.616 0.782 8.316 0.733 0.558 0.723 203.82 ± 0.81

DSE SegFormer 0.772 0.037 0.890 0.456 0.797 - - - - 132.30 ± 3.16

DepthFormer - - - - - 7.036 0.762 0.467 0.772 91.82 ± 2.01

SegDepthFormer 0.749 0.009 0.931 0.696 0.844 7.441 0.751 0.463 0.766 212.11 ± 8.44

DE SegFormer 0.784 0.033 0.887 0.416 0.798 - - - - 667.51 ± 2.89

DepthFormer - - - - - 7.222 0.759 0.486 0.771 626.79 ± 2.05

SegDepthFormer 0.755 0.015 0.917 0.609 0.828 7.156 0.763 0.493 0.773 743.23 ± 32.95

Table 5.1: Quantitative comparison on Cityscapes [39] between SegFormer, DepthFormer, and
SegDepthFormer, each paired with MCD, DSEs, and DEs, respectively. See Section 5.3.2 for a
concise description of how the uncertainties are calculated. Best results are marked in bold.

Semantic Segmentation Monocular Depth Estimation

mIoU ↑ ECE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ RMSE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ Inference Time [ms]

Baseline SegFormer 0.470 0.159 0.768 0.651 0.734 - - - - 18.09 ± 0.41

DepthFormer - - - - - 0.554 0.786 0.449 0.610 17.51 ± 0.87

SegDepthFormer 0.466 0.151 0.769 0.659 0.733 0.558 0.776 0.446 0.594 22.31 ± 0.23

MCD (20 %) SegFormer 0.422 0.102 0.767 0.706 0.724 - - - - 222.67 ± 0.61

DepthFormer - - - - - 0.605 0.741 0.478 0.568 139.58 ± 052

SegDepthFormer 0.433 0.093 0.771 0.710 0.725 0.610 0.731 0.450 0.560 251.25 ± 0.81

MCD (50 %) SegFormer 0.273 0.083 0.705 0.722 0.713 - - - - 223.25 ± 0.82

DepthFormer - - - - - 0.978 0.516 0.492 0.526 139.27 ± 0.69

SegDepthFormer 0.272 0.084 0.702 0.721 0.711 0.837 0.576 0.473 0.525 251.98 ± 0.60

DSE SegFormer 0.469 0.092 0.776 0.681 0.726 - - - - 180.42 ± 3.93

DepthFormer - - - - - 0.547 0.782 0.423 0.596 91.66 ± 0.26

SegDepthFormer 0.461 0.077 0.776 0.692 0.723 0.584 0.738 0.403 0.573 261.69 ± 5.10

DE SegFormer 0.486 0.125 0.782 0.675 0.734 - - - - 715.97 ± 7.55

DepthFormer - - - - - 0.524 0.808 0.475 0.613 624.30 ± 2.07

SegDepthFormer 0.481 0.122 0.783 0.682 0.733 0.552 0.785 0.453 0.590 788.76 ± 2.00

Table 5.2: Quantitative comparison on NYUv2 [245] between SegFormer, DepthFormer, and SegDepth-
Former, each paired with MCD, DSEs, and DEs, respectively. See Section 5.3.2 for a concise
description of how the uncertainties are calculated. Best results are marked in bold.

Single-task vs. Multi-task. Looking at the differences between the single-task models,
SegFormer and DepthFormer, and the multi-task model, SegDepthFormer, the single-task
models generally deliver slightly better prediction performance. However, SegDepthFormer
exhibits greater uncertainty quality for the SS task in comparison to SegFormer. This is
particularly evident for p(unc|inacc) on Cityscapes. For the depth estimation task, there is no
significant difference in terms of uncertainty quality.

Baseline Models. As expected, the baseline models have the lowest inference times, being 5
to 30 times faster without using any UQ method. While their prediction performance turns
out to be quite competitive, only beaten by DEs, they show poor calibration and uncertainty
quality for SS. Surprisingly, the uncertainty quality for the depth estimation task is very decent,
often only surpassed by the DE.
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Uncertainty Quantification Methods. MCD causes a significantly higher inference time
compared to the respective baseline model. Additionally, leaving dropout activated during
inference to sample from the posterior has a detrimental effect on the prediction performance,
particularly with a 50 % dropout ratio. Nevertheless, MCD outputs well-calibrated softmax
pseudo-probabilities and uncertainties, although the results should be interpreted with caution
because of the deteriorated prediction quality. Across both datasets, DSEs show comparable
prediction performance compared with the baseline models. Notably, DSEs consistently
demonstrate a high uncertainty quality across all metrics, particularly in the segmentation
task on Cityscapes. In accordance with previous work [87], DEs emerge as state-of-the-art,
delivering the best prediction performance and mostly superior uncertainty quality. At the
same time, DEs suffer from the highest computational cost, which scales approximately linearly
with the number of members. Hence, we will explore the impact of ensemble members next.

Impact of Ensemble Members

As Figure 5.3 shows, increasing the number of ensemble members improves the mIoU from
74.35 % with just two members to a maximum of over 76.25 % with twenty members. Similarly,
the RMSE decreases from 7.46 to around 7.15. More notably, however, the uncertainty quality,
measured by p(acc|cer) and p(unc|inacc), does not show significant improvement after 12
members for both tasks. Given the high computational cost of adding more members to a DE
and the diminishing returns in both predictive performance, but mainly uncertainty quality, a
configuration of about ten members appears to be a reasonable trade-off. These findings align
with prior work on DE-based UQ [61, 147, 143], where ten members are often recommended
as the default choice.

Impact of Uncertainty Threshold

In this Section, we examine the impact of employing different thresholds to classify pixels as
certain or uncertain, incorporating a robust alternative based on a standard deviation designed
to mitigate outliers (cf. Equation 5.11) [253].

As shown by Tables 5.3 and 5.4, the median threshold consistently performs best for p(acc|cer)
and p(unc|inacc), demonstrating its ability in correlating correct predictions with low uncer-
tainty and incorrect predictions with high uncertainty across both tasks and datasets. However,
for the combined uncertainty quality metric, PAvPU, the mean threshold often achieves the
highest scores, indicating that it provides fewer accurate labels with high uncertainty than the
median threshold. While the robust threshold is theoretically promising and provides higher
scores for p(acc|cer) and p(unc|inacc) than the mean threshold and higher scores for PAvPU
than the median threshold on the Cityscapes dataset, its performance is less convincing on
the NYUv2 dataset, particularly for p(unc|inacc). This suggests that the robust threshold may
require further tuning of the clipping factor τ or more sophisticated adaptations to perform
consistently across diverse datasets to match the reliability of the other two approaches.Overall, the choice of the uncertainty threshold significantly impacts the uncertainty quality
metrics, influencing the correlation between accurate predictions with low uncertainty and
inaccurate predictions with high uncertainty. However, the results indicate that this impact
is consistent across different methods, suggesting that the threshold selection influences the
metrics independently of the underlying model or approach used.
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Figure 5.3: Impact of the number of ensemble members on the predictive performance and uncertainty
quality for a SegDepthFormer DE on the Cityscapes dataset [39].

Semantic Segmentation Monocular Depth Estimation

p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑
Baseline Mean 0.913 0.592 0.826 0.745 0.472 0.762

Median 0.947 0.852 0.611 0.870 0.832 0.750

Robust (τ = 1) 0.939 0.806 0.667 0.810 0.685 0.769

Robust (τ = 2) 0.935 0.780 0.693 0.779 0.596 0.766

DE Mean 0.917 0.609 0.828 0.763 0.492 0.773

Median 0.950 0.861 0.612 0.878 0.834 0.743

Robust (τ = 1) 0.943 0.816 0.670 0.822 0.691 0.770

Robust (τ = 2) 0.939 0.790 0.698 0.791 0.596 0.770

Table 5.3: Uncertainty threshold comparison on the Cityscapes dataset [39] between the SegDepth-
Former baseline model and a SegDepthFormer DE. Best results are marked in bold.
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Semantic Segmentation Monocular Depth Estimation

p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑
Baseline Mean 0.769 0.659 0.733 0.776 0.446 0.594

Median 0.810 0.783 0.698 0.787 0.591 0.532

Robust (τ = 1) 0.743 0.572 0.691 0.772 0.303 0.670

Robust (τ = 2) 0.706 0.423 0.667 0.766 0.172 0.717

DE Mean 0.783 0.682 0.733 0.785 0.453 0.590

Median 0.816 0.785 0.696 0.796 0.589 0.528

Robust (τ = 1) 0.741 0.544 0.688 0.784 0.309 0.676

Robust (τ = 2) 0.701 0.381 0.662 0.779 0.178 0.728

Table 5.4: Uncertainty threshold comparison on the NYUv2 dataset [245] between the SegDepthFormer
baseline model and a SegDepthFormer DE. Best results are marked in bold.

Out-of-Domain Evaluation

In the following, we analyze the prediction and uncertainty quality of the SegDepthFormer
baseline model and a corresponding DE with 10 members on two OOD datasets: Foggy
Cityscapes [235] and Rain Cityscapes [109]. Both models were originally trained on the
standard Cityscapes dataset and are evaluated without further fine-tuning. Quantitative
comparisons are presented in Tables 5.5 and 5.6.

Semantic Segmentation Monocular Depth Estimation

mIoU ↑ ECE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ RMSE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑
Cityscapes Baseline 0.738 0.028 0.913 0.592 0.826 7.536 0.745 0.472 0.762

DE 0.755 0.015 0.917 0.609 0.828 7.156 0.763 0.493 0.773

Foggyβ=0.005 Baseline 0.707 0.035 0.906 0.602 0.818 8.061 0.731 0.481 0.751

DE 0.727 0.028 0.914 0.627 0.822 7.487 0.758 0.509 0.765

Foggyβ=0.01 Baseline 0.674 0.054 0.899 0.606 0.814 8.628 0.715 0.475 0.741

DE 0.699 0.056 0.910 0.637 0.817 7.971 0.750 0.511 0.761

Foggyβ=0.02 Baseline 0.609 0.078 0.875 0.593 0.798 9.844 0.697 0.467 0.730

DE 0.639 0.045 0.895 0.644 0.803 9.213 0.738 0.517 0.760

Table 5.5: Quantitative comparison of the SegDepthFormer baseline model and a SegDepthFormer DE
with 10 members on the Foggy Cityscapes validation dataset [235] without fine-tuning. β
denotes the attenuation coefficient and controls the thickness of the fog. Higher β values
result in thicker fog. The original Cityscapes and the Foggy Cityscapes datasets share the
same validation images, enabling a fair comparison between in-domain (ID) and OOD
results.

Foggy Cityscapes. Compared to the original Cityscapes dataset, the Foggy Cityscapes dataset
reveals significant performance degradation, as shown in Table 5.5. For the strongest fog,
the baseline model’s performance drops from 0.738 to 0.609 mIoU and from 7.536 to 9.844
RMSE, while the DE model declines from 0.755 to 0.639 mIoU and from 7.156 to 9.213
RMSE. Calibration quality also worsens, with ECE increasing from 0.028 to 0.078 for the
baseline and from 0.015 to 0.045 for the DE. For uncertainty quality, the baseline exhibits
consistent deterioration in p(acc|cer) and PAvPU with denser fog but maintains relatively stable
p(unc|inacc) values, likely due to an increasing number of inaccurate pixels offsetting the
apparent uncertainty degradation. The DE shows less performance degradation in mIoU and
RMSE, while improving p(unc|inacc) under severe fog, highlighting its robustness in OOD
UQ.
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Semantic Segmentation Monocular Depth Estimation

mIoU ↑ ECE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ RMSE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑
Rain1 Baseline 0.608 0.020 0.936 0.658 0.810 7.187 0.792 0.558 0.767

DE 0.673 0.004 0.954 0.741 0.813 6.740 0.804 0.559 0.767

Rain2 Baseline 0.611 0.031 0.928 0.670 0.802 8.043 0.771 0.543 0.756

DE 0.645 0.012 0.948 0.750 0.806 7.516 0.785 0.544 0.759

Rain3 Baseline 0.582 0.045 0.917 0.671 0.795 8.848 0.751 0.534 0.749

DE 0.612 0.023 0.943 0.756 0.799 8.294 0.767 0.535 0.755

Table 5.6: Quantitative comparison of the SegDepthFormer baseline model and a SegDepthFormer DE
with 10 members on the Rain Cityscapes validation dataset [109] without fine-tuning. β
denotes the attenuation coefficient and controls the thickness of the fog. Higher β values
result in thicker fog. We evaluate on three sets of parameters, where Rain1 uses [0.01, 0.005,
0.01], Rain2 uses [0.02, 0.01, 0.005], and Rain3 uses [0.03, 0.015, 0.002] for attenuation
coefficients α and β as well as the raindrop radius a. α and β determine the degree of
simulated rain and fog in the images.

Rain Cityscapes. Table 5.6 highlights performance trends across varying levels of simulated
rain. Under Rain1, the baseline model achieves 0.608 mIoU and 7.187 RMSE, while the
DE model improves these metrics to 0.673 mIoU and 6.740 RMSE. Calibration quality also
favors the DE, with ECE values of 0.020 for the baseline and 0.004 for the DE. For uncertainty
quality, p(acc|cer), p(unc|inacc), and PAvPU consistently show better results for the DE,
with a single exception where results are equal. As rain intensity increases to Rain2 and
Rain3, both models experience performance degradation, but the DE retains superior metrics,
achieving 0.612 mIoU and 8.294 RMSE under Rain3 compared to 0.582 mIoU and 8.848 RMSE
for the baseline. Additionally, the DE sustains better calibration and uncertainty metrics,
demonstrating enhanced robustness to OOD conditions.

Uncertainty Quality. To account for the impact of the uncertainty threshold on uncertainty
quality metrics, as discussed in Section 5.3.2, we assess the OOD uncertainty quality across the
entire percentile spectrum and utilize the Area Under the Curve (AUC) as a comprehensive
evaluation metric. The AUC is chosen because it summarizes the uncertainty quality across all
threshold levels, providing a robust measure that mitigates the sensitivity to specific threshold
values. Figure 5.4 provides a detailed comparison between the SegDepthFormer baseline and
the DE on the Rain3 Cityscapes validation dataset. The DE demonstrates consistent superiority
over the baseline in p(acc|cer) (AUC: 0.931 vs. 0.949 for segmentation and 0.847 vs. 0.861
for depth) and p(unc|inacc) (AUC: 0.759 vs. 0.794 for segmentation and 0.717 vs. 0.726 for
depth). For PAvPU, the DE performs comparably to the baseline (AUC: 0.597 vs. 0.602 for
segmentation and 0.666 vs. 0.664 for depth), aligning with the findings in Table 5.6.

5.4 Efficient Estimation and Exploitation of Multi-task
Uncertainties

In the upcoming Section, we introduce EMUFormer, a novel student-teacher approach that
combines previous findings on efficient UQ from Chapter 3 and the GNLL-based fine-tuning
approach of the preceding Chapter 4. By doing so, EMUFormer delivers new state-of-the-art
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Figure 5.4: OOD uncertainty quality evaluation between the baseline SegDepthFormer and a SegDepth-
Former DE with 10 members on the Rain3 Cityscapes validation dataset [109]. Rain3 uses
[0.03, 0.015, 0.002] for attenuation coefficients α and β and the raindrop radius a. We
compare the three uncertainty metrics p(acc|cer), p(unc|inacc), and PAvPU for different
uncertainty thresholds. Additionally, we report the AUC.

performance on Cityscapes [39] and NYUv2 [245] while providing uncertainty estimates
comparable to or better than a DE, albeit with significantly higher efficiency.

Research Gap. As noted before in Section 5.3, quantifying uncertainties in joint SS and
MDE has not been explored yet. For this reason, we aim to set a new baseline for efficient
estimation and exploitation of predictive uncertainties in this highly relevant multi-task setting.
Additionally, most of the previous work on joint SS and MDE use out-of-date architectures and
require complex adaptations to either the model, the training process, or both. Contrastingly, in
order to push the state of the art forward, we adapt a modern Vision Transformer (ViT)-based
architecture similar to Xu et al. [287]. To maintain methodological simplicity and transparency
of the results, we do not use strategies like cross-task attention mechanisms, contrastive self-
supervised learning algorithms, or a loss weighting strategy like that of Kendall et al. [127],
and nevertheless achieve superior results. However, these strategies could be applied to our
method as well, potentially further improving the results.

5.4.1 Methodology

In the following, we explain our student-teacher distillation framework for efficient multi-task
uncertainties, which we call EMUFormer. Our objective with EMUFormer is threefold:

1. Achieve state-of-the-art joint SS and MDE results

2. Estimate well-calibrated predictive uncertainties for both tasks
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3. Avoid introducing additional computational overhead during inference

To achieve these goals, EMUFormer employs a two-step student-teacher distillation frame-
work:

1. Training a teacher with ground truth labels

2. Training the student with ground truth labels while distilling the teacher’s predictive
uncertainties

In principle, any architecture capable of outputting a SS mask along with a predictive mean
and variance for MDE is suitable for EMUFormer.
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Student. To solve both predictive tasks simultaneously, we propose to use SegDepthFormer
(cf. Section 5.2.3), which is a modified version of SegFormer [284]. In addition to the efficient
yet effective hierarchical Transformer-based encoder and all-MLP segmentation decoder of
SegFormer, we add an all-MLP depth decoder, as shown in the left part of Figure 5.5.

Teacher. In principle, our framework is flexible with regard to the type of teacher. We select
a DE that is known for producing high-quality estimates [204, 282, 87], which is also the case
for multi-task UQ [141].

Improving Uncertainty Distillation. To determine both predictive uncertainties for the
uncertainty distillation, we compute multiple prediction samples from the teacher, as shown
by Figure 5.5. Since we use the same dataset for training and distillation, the student may
underestimate the epistemic uncertainty component of the teacher because of overfitting.
Hence, we add color jittering as an additional data augmentation to the teacher’s input x̃,
which was shown to be helpful by previous work on uncertainty distillation [243, 147]. The
color jitter causes the teacher’s uncertainty distribution on the training dataset to be more
closely related to the test-time distribution.

Training Criterion. As Figure 5.5 shows, EMUFormer is trained to minimize the weighted
sum of four objective functions, resulting in

L = LCE + λ1LGNLL + λ2LKL + λ3LRMSLE , (5.12)

where

• LCE is the categorical CE loss for the SS task,

• LGNLL is the GNLL loss for the MDE task,

• LKL is the Kullback-Leibler divergence loss for the segmentation uncertainty distillation,

• LRMSLE is the root mean squared logarithmic error for the depth uncertainty distillation,

• and the weighting factors are empirically set to λ1 = λ3 = 1, λ2 = 10, in order to balance
the multi-task loss components by scaling their contributions to similar magnitudes.

Segmentation Criterion. For the SS task, we use the well-known categorical CE loss

LCE = − 1
N

N

∑
n=1

C

∑
c=1

yn,c · log(pn,c(ŷ)) . (5.13)

where LCE is the CE loss for a single image, N is the number of pixels in the image, C is the
number of classes, yn,c is the corresponding ground truth label, and pn,c(ŷ) is the predicted
softmax pseudo-probability.
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Depth Criterion. For regression tasks, neural networks typically output only a predictive
mean µ̂ and the parameters are, in the most straightforward approach, optimized by minimizing
the MSE. However, the MSE does not cover uncertainty. Therefore, we follow the approach of
Nix and Weigend [201] instead: By treating the neural network’s prediction as a sample from
a Gaussian distribution with the predictive mean µ̂ and corresponding predictive variance σ̂2,
we can minimize the GNLL loss

LGNLL =
1
2

(︃
(y − µ̂)2

σ̂2 + log σ̂2
)︃

. (5.14)

where y is the ground truth depth.

Since this is a major insight of our work, we want to highlight that, usually, σ̂2 is solely learned
implicitly through the optimization of the predictive means based on the ground truth labels.
In the case of EMUFormer, however, the network is also being trained to mimic the predictive
uncertainty of the teacher in parallel. Consequently, the depth uncertainty does not need to be
learned implicitly, rather, it can be used explicitly to improve the depth estimation itself.

Segmentation Uncertainty Distillation. The segmentation uncertainty knowledge of the
teacher model is transferred into the student model by using the Kullback-Leibler divergence
loss

LKL =
C

∑
c=1

qc(ŷ(x̃)) · log
(︃

qc(ŷ(x̃))
pc(ŷ(x))

)︃
, (5.15)

where pc(ŷ(x)) is the student’s pseudo-probability output from input x, and qc(ŷ(x̃)) is the
teacher’s pseudo-probability output from a color jittered input x̃, and C is the number of
classes. Minimizing this loss ensures that the student learns to match the well-calibrated
softmax pseudo-probabilities provided by the teacher, allowing the predictive entropy

H(p(ŷ)) = −
C

∑
c=1

pc(ŷ) · log(pc(ŷ)) (5.16)

to capture the underlying predictive uncertainty.

Depth Uncertainty Distillation. Because it is not possible to match two distributions for the
unbound uncertainties in the regression task, we introduce the Root Mean Squared Logarithmic
Error (RMSLE) for the depth uncertainty distillation:

LRMSLE =

⌜⃓⃓⎷ 1
N

N

∑
n=1

(︁
log(σ2

n(x̃) + 1)− log(σ̂2
n(x) + 1)

)︁2
, (5.17)

where σ2
n(x̃) is the teacher’s predictive uncertainty based on the color jittered input image x̃

and σ̂2
n(x) is the student’s predictive uncertainty estimate. The natural logarithm penalizes

underestimations more than overestimations, thereby providing special attention to the pixels
with higher uncertainties. By minimizing the depth uncertainty loss, the student is trained to
mimic the predictive uncertainty of the teacher.
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5.4.2 Experiments

We conduct several experiments to demonstrate the efficiency and efficacy of EMUFormer.
Firstly, we compare EMUFormer’s performance with its DE teacher and the baseline models.
Subsequently, we compare our results with previous state-of-the-art approaches, followed
by qualitative examples. Then, we evaluate the generalizability of EMUFormer on two OOD
datasets in comparison to its DE teacher and explore its capacity for domain adaptation.
Subsequently, we study the impact of utilizing the distilled uncertainties in the GNLL loss.
Lastly, we provide an ablation study on different backbone sizes.

Unless otherwise specified, we use SegFormer’s B2 backbone as the default for all experiments
as a compromise between efficiency and performance. Also, we use a SegDepthFormer DE
with 10 members as the teacher for all experiments.

Experimental Setup

Datasets. We conduct all experiments on Cityscapes [39] and NYUv2 [245]. Cityscapes is a
popular urban street scene benchmark dataset with 2975 training and 500 validation images.
Notably, the depth values are based on the disparity of stereo camera images. NYUV2 contains
795 training and 654 testing images of indoor scenes.

For OOD evaluations, we use the validation sets of Foggy Cityscapes [235] and Rain
Cityscapes [109], which introduce progressively increasing perturbations to the original
urban street scenes, simulating adverse weather conditions like fog and rain.

Data Augmentations. Regardless of the trained model, we apply random scaling with a
factor between 0.5 and 2.0, random cropping with a crop size of 768 × 768 pixels on Cityscapes
and 480 × 640 pixels on NYUv2, and random horizontal flipping with a flip chance of 50 %.

Implementation Details. All training runs utilize the AdamW [169] optimizer with a base
learning rate of 0.00006 and employ a polynomial learning rate scheduler (cf. Equation 3.6).
Besides, we use a batch size of 8 and train on four NVIDIA A100 GPUs with 40 GB of memory
using mixed precision [183]. The encoders of the baseline models are initialized with weights
pre-trained on ImageNet [47] and subsequently trained for 250 epochs on Cityscapes and for
100 epochs on NYUv2. In contrast, EMUFormer is initialized with the weights of a pre-trained
SegDepthFormer and fine-tuned for only 100 epochs on both datasets. Unless otherwise noted,
we use the SegFormer-B2 [284] backbone for all experiments. To maintain simplicity and
transparency, we refrain from employing common techniques such as OHEM [244], auxiliary
losses, class imbalance compensation, or sliding window testing to boost performance.

Metrics. Analogous to the multi-task uncertainty evaluation from Section 5.3, we report
mIoU [148] and ECE [192] for the SS task. For MDE, we use RMSE [177, 8] and the adopted
uncertainty quality metrics from Mukhoti and Gal [190], which we already discussed in
Section 4.3.2.
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Quantitative Evaluation

Efficiency. As Table 5.7 demonstrates, EMUFormer estimates predictive uncertainties that are
comparable to the Deep Ensemble teacher, while being approximately an order of magnitude
more efficient. EMUFormer-B2 has only 30.5M parameters compared to over 300M in the
SegDepthFormer Deep Ensemble, and achieves 44.8 FPS on a single NVIDIA A100 GPU without
any runtime-specific optimizations, whereas the Deep Ensemble runs at under 5 FPS under the
same conditions. This substantial improvement highlights EMUFormer’s practical suitability for
real-time applications.

Seg. Pred. Unc. Depth Pred. Unc. Parameters FLOPs [G] FPS

a) SegFormer-B2 [284] ✓ × × × 27.3M 72.6 55.3

b) DepthFormer-B2 × × ✓ × 27.3M 72.1 57.1

c) SegDepthFormer-B2 ✓ × ✓ × 30.5M 120.1 44.8

DE of a) ✓ ✓ × × 273.6M 726.4 5.6

DE of b) × × ✓ ✓ 273.5M 720.8 7.2

DE of c) ✓ ✓ ✓ ✓ 305.1M 1201.1 4.9

EMUFormer-B2 (Ours) ✓ ✓ ✓ ✓ 30.5M 120.1 44.8

Table 5.7: Overview of the segmentation (Seg.), depth estimation (Depth), and UQ (Pred. Unc.)
capabilities, where predictive uncertainty refers to reliable, well-calibrated uncertainties,
as well as the respective number of parameters, FLOPs, and FPS for different single-task
and multi-task models and their respective DE versions with 10 members. SegFormer [284]
and DepthFormer represent single-task models, whereas SegDepthFormer and EMUFormer
depict multi-task models. Results are based on single-scale inference conducted on the
NYUv2 [245] dataset using a single NVIDIA A100 GPU.

Baseline vs. Teacher vs. Student. We present a comprehensive analysis in Table 5.8 by
comparing the baseline models, their DEs versions with 10 members, and our EMUFormer.
EMUFormer emerges as the standout performer on both datasets, surpassing the baseline
models across all metrics, with only a single exception. Remarkably, this performance is
achieved while maintaining an equivalent inference time. EMUFormer even outperforms
the SegDepthFormer DE, which served as its teacher and has approximately 33 times higher
inference time, in most cases. In terms of prediction performance, EMUFormer yields marginally
worse segmentation results compared to the SegFormer DE on Cityscapes. However, it notably
excels in the depth estimation task, especially on Cityscapes [39], which is a phenomenon we
observed across all of our experiments (cf. Tables 5.9, 5.10, 5.11, 5.12, 5.13, and 5.15). We
primarily attribute this success to the utilization of the predictive uncertainties inside the GNLL
loss, but investigate this more thoroughly in Section 5.4.2.

Comparison with SOTA. Table 5.9 shows that EMUFormer-B5 surpasses the previous state
of the art in joint SS and MDE on both Cityscapes [39] and NYUv2 [245]. For instance, on
NYUv2 [245], it achieves 1.4 % higher mIoU and 0.007 lower RMSE than MTFormer [287],
which also adopts a modern ViT-based architecture. In contrast to our work, however, MT-
Former relies on cross-task attention and a complex self-supervised pre-training pipeline,
which introduces additional complexity. Moreover, EMUFormer yields high-quality uncertainty
estimates without any additional computational overhead during inference.
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Semantic Segmentation Monocular Depth Estimation
Inference Time [ms]

mIoU ↑ ECE ↓ p(acc/cer) ↑ p(inacc/unc) ↑ PAvPU ↑ RMSE ↓ p(acc/cer) ↑ p(inacc/unc) ↑ PAvPU ↑
Cityscapes

SegFormer [284] 0.772 0.033 0.882 0.395 0.797 - - - - 17.90 ± 0.47

SegFormer (DE) 0.784 0.033 0.887 0.416 0.798 - - - - 667.51 ± 2.89

DepthFormer - - - - - 7.452 0.749 0.476 0.766 17.59 ± 0.82

DepthFormer (DE) - - - - - 7.222 0.759 0.486 0.771 626.79 ± 2.05

SegDepthFormer 0.738 0.028 0.913 0.592 0.826 7.536 0.745 0.472 0.762 22.04 ± 0.27

SegDepthFormer (DE) 0.755 0.015 0.917 0.609 0.828 7.156 0.763 0.493 0.773 743.23 ± 32.95

EMUFormer 0.752 0.012 0.923 0.658 0.811 6.983 0.772 0.491 0.783 22.04 ± 0.27

NYUv2

SegFormer [284] 0.470 0.159 0.768 0.651 0.734 - - - - 18.09 ± 0.41

SegFormer (DE) 0.486 0.125 0.782 0.675 0.734 - - - - 715.97 ± 7.55

DepthFormer - - - - - 0.554 0.786 0.449 0.610 17.51 ± 0.87

DepthFormer (DE) - - - - - 0.524 0.808 0.475 0.613 624.30 ± 2.07

SegDepthFormer 0.466 0.151 0.769 0.659 0.733 0.558 0.776 0.446 0.594 22.31 ± 0.23

SegDepthFormer (DE) 0.481 0.122 0.783 0.682 0.733 0.552 0.785 0.453 0.590 788.76 ± 2.00

EMUFormer 0.475 0.129 0.787 0.692 0.737 0.514 0.810 0.440 0.633 22.31 ± 0.23

Table 5.8: Quantitative comparison on the Cityscapes [39] and NYUv2 [245] datasets between the
baseline models, their DE versions with ten members, and our EMUFormer. SegDepthFormer
(DE) serves as the teacher.

NYUv2 Cityscapes

mIoU ↑ RMSE ↓ mIoU ↑ RMSE ↓
HybridNet A2 [163] 0.343 0.682 0.666 12.09

Mousavian et al. [188] 0.392 0.816 - -

C-DCNN [165] 0.398 0.628 - -

BMTAS [22] 0.411 0.543 - -

Gao et al. [70] 0.419 0.528 - -

Nekrasov et al. [196] 0.420 0.565 - -

CI-Net [69] 0.426 0.504 0.701 6.880

Wang et al. [273]CVPR’15 0.442 0.745 - -

PAD-Net [286]CVPR’18 0.502 0.582 0.761 -

Nekrasov et al. [196]ICRA’19 0.420 0.565 - -

MTI-Net [267]ECCV’20 0.490 0.529 - -

ATRC [23]ICCV’21 0.463 0.536 - -

MTFormer [287]ECCV’22 0.506 0.483 - -

EMUFormer-B2 (Ours) 0.475 0.514 0.752 6.983

EMUFormer-B5 (Ours) 0.520 (+0.014) 0.476 (-0.007) 0.771 (+0.010) 6.157 (-0.723)

Table 5.9: Comparison against previous state-of-the-art approaches for joint SS and MDE.

Qualitative Evaluation

Cityscapes. On Cityscapes, EMUFormer demonstrates good prediction performance for both
tasks, as shown by Figure 5.6. In the segmentation task, its uncertainty prediction proves
particularly insightful, as highlighted by the red rectangles. For example, for the car hood,
which is not part of the training labels, the model exhibits high uncertainty values, indicating
its ability to capture out-of-distribution information or epistemic uncertainty. Similarly, in noisy
background areas, the model effectively captures the aleatoric uncertainty and predicts high
uncertainties for challenging areas like the wall on the right, demonstrating the benefit of
uncertainties in identifying potential model errors.
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In the depth estimation task, EMUFormer comparably predicts high uncertainty on the car
hood and the sky, which are both areas without ground truth information, as well as at object
boundaries, indicating sensitivity to depth discontinuities.

NYUv2. For the segmentation task, EMUFormer again outputs high uncertainties for pixels
without ground truth information or that are misclassified, consistently providing useful
predictive uncertainties, as shown by Figure 5.6. In the depth estimation task, the uncertainties
seem to correlate with the estimated depth, providing an intuitive and helpful indication. This
alignment suggests that the model effectively captures the depth prediction quality, particularly
as it relates to increasing distances.

(a) Input Image (b) Seg. GT (c) Seg. Pred. (d) Seg. Unc.

(e) Depth GT (f) Depth Pred. (g) Depth Unc.

(h) Input Image (i) Seg. GT (j) Seg. Pred. (k) Seg. Unc.

(l) Depth GT (m) Depth Pred. (n) Depth Unc.

Figure 5.6: Qualitative examples of our EMUFormer-B2 on the Cityscapes [39] (top) and NYUv2 [245]
(bottom) datasets. Red rectangles are added to highlight interesting areas.

Summary. In essence, the qualitative evaluation aligns with the quantitative findings of Sec-
tion 5.4.2 and demonstrates the proficiency of EMUFormer in handling both the segmentation
and the depth estimation tasks and its ability to generate meaningful predictive uncertainties
that enable more thorough interpretations of the predictions.
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Out-of-Domain Evaluation

In the following, we compare the SegDepthFormer baseline model, a SegDepthFormer DE with
10 members (teacher), and our EMUFormer on two OOD datasets: Foggy Cityscapes [235] and
Rain Cityscape [109]. To evaluate the generalizability, we do not fine-tune any model.

Foggy Cityscapes. Compared to the original Cityscapes dataset, the Foggy Cityscapes dataset
reveals significant performance degradation, as shown by Table 5.10. Both the baseline and DE
models experience declines in predictive performance and calibration quality as the fog density
increases, with the baseline showing more pronounced degradation. The DE demonstrates
greater robustness, maintaining better performance and uncertainty quality even under severe
fog conditions.

EMUFormer performs comparably to the DE in terms of predictive accuracy for the segmen-
tation task while offering improved calibration, except for one case. Additionally, it delivers
significantly better performance in terms of depth estimation. Regarding uncertainty quality,
EMUFormer matches the DE in p(acc|cer) and PAvPU for SS but exhibits a notable improvement
in p(unc|inacc). For depth estimation, EMUFormer provides equal or slightly better uncer-
tainty quality across all evaluated metrics, further underscoring its effectiveness in handling
challenging OOD scenarios without the computational overhead of a DE.

Rain Cityscapes. Table 5.11 highlights performance trends across varying levels of simulated
rain. Both the baseline and DE models experience performance degradation as rain intensity in-
creases, with the DE consistently demonstrating superior robustness in predictive performance,
calibration quality, and uncertainty metrics.

Compared to the DE, EMUFormer shows mixed results under varying rain conditions. While it
delivers strong calibration on par with the DE, except for one case, its performance in predictive
accuracy decreases with more intense rain. Under the most challenging conditions, EMUFormer
performs worse than the DE and even slightly worse than the baseline in SS accuracy, though it
achieves significantly better results for depth estimation. Regarding segmentation uncertainty
quality, EMUFormer is slightly worse than the DE for p(acc|cer) and PAvPU, but performs
on par for p(unc|inacc). For depth uncertainty, EMUFormer matches the DE in p(acc|cer),
performs slightly worse in p(unc|inacc), and slightly better in PAvPU, showcasing that it can
almost match the performance of a DE in OOD scenarios while maintaining the computational
efficiency of the baseline SegDepthFormer.

Summary. Overall, these results demonstrate that EMUFormer generalizes effectively to OOD
scenarios without fine-tuning, achieving competitive performance compared to the DE while
maintaining the computational efficiency of the baseline SegDepthFormer. EMUFormer matches
or exceeds the DE in calibration and uncertainty quality for depth estimation and delivers
robust segmentation performance under foggy conditions. Although performance slightly
declines under heavy rain, particularly in SS, EMUFormer still offers strong depth estimation
and uncertainty calibration, highlighting its ability to handle domain shifts efficiently without
the need for ensemble-based methods.
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Semantic Segmentation Monocular Depth Estimation

mIoU ↑ ECE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ RMSE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑
Cityscapes SegDepthFormer 0.738 0.028 0.913 0.592 0.826 7.536 0.745 0.472 0.762

SegDepthFormer (DE) 0.755 0.015 0.917 0.609 0.828 7.156 0.763 0.493 0.773

EMUFormer 0.752 0.012 0.923 0.658 0.811 6.983 0.772 0.491 0.783

Foggyβ=0.005 SegDepthFormer 0.707 0.035 0.906 0.602 0.818 8.061 0.731 0.481 0.751

SegDepthFormer (DE) 0.727 0.028 0.914 0.627 0.822 7.487 0.758 0.509 0.765

EMUFormer 0.721 0.040 0.919 0.678 0.803 7.182 0.769 0.500 0.780

Foggyβ=0.01 SegDepthFormer 0.674 0.054 0.899 0.606 0.814 8.628 0.715 0.475 0.741

SegDepthFormer (DE) 0.699 0.056 0.910 0.637 0.817 7.971 0.750 0.511 0.761

EMUFormer 0.691 0.027 0.915 0.694 0.794 7.635 0.764 0.506 0.778

Foggyβ=0.02 SegDepthFormer 0.609 0.078 0.875 0.593 0.798 9.844 0.697 0.467 0.730

SegDepthFormer (DE) 0.639 0.045 0.895 0.644 0.803 9.213 0.738 0.517 0.760

EMUFormer 0.629 0.015 0.904 0.714 0.778 8.927 0.750 0.518 0.772

Table 5.10: Quantitative comparison between the SegDepthFormer baseline model, a SegDepthFormer
DE with 10 members (teacher), and our EMUFormer (student) on the Foggy Cityscapes
validation dataset [235] without fine-tuning. β denotes the attenuation coefficient and
controls the thickness of the fog. Higher β values result in thicker fog. The original
Cityscapes and the Foggy Cityscapes datasets share the same validation images, enabling a
fair comparison between ID and OOD results.

Semantic Segmentation Monocular Depth Estimation

mIoU ↑ ECE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ RMSE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑
Rain1 SegDepthFormer 0.608 0.020 0.936 0.658 0.810 7.187 0.792 0.558 0.767

SegDepthFormer (DE) 0.673 0.004 0.954 0.741 0.813 6.740 0.804 0.559 0.767

EMUFormer 0.647 0.006 0.943 0.739 0.784 6.538 0.805 0.534 0.774

Rain2 SegDepthFormer 0.611 0.031 0.928 0.670 0.802 8.043 0.771 0.543 0.756

SegDepthFormer (DE) 0.645 0.012 0.948 0.750 0.806 7.516 0.785 0.544 0.759

EMUFormer 0.611 0.021 0.934 0.745 0.776 7.294 0.787 0.516 0.765

Rain3 SegDepthFormer 0.582 0.045 0.917 0.671 0.795 8.848 0.751 0.534 0.749

SegDepthFormer (DE) 0.612 0.023 0.943 0.756 0.799 8.294 0.767 0.535 0.755

EMUFormer 0.576 0.026 0.928 0.751 0.767 8.033 0.772 0.510 0.761

Table 5.11: Quantitative comparison between the SegDepthFormer baseline model, a SegDepthFormer
DE with 10 members (teacher), and our EMUFormer (student) on the Rain Cityscapes
validation dataset [109] without fine-tuning. We evaluate on three sets of parameters,
where Rain1 uses [0.01, 0.005, 0.01], Rain2 uses [0.02, 0.01, 0.005], and Rain3 uses
[0.03, 0.015, 0.002] as attenuation coefficients α and β and the raindrop radius a. α and β
determine the degree of simulated rain and fog in the images.
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Domain Adaptation

Domain adaptation is essential for achieving robust model performance across diverse environ-
mental conditions by facilitating knowledge transfer to new domains. While some previous
UQ distillation approaches [243, 46, 106, 147] have explored OOD performance, they have
largely overlooked domain adaptation. This gap is particularly significant for applications
such as autonomous driving, where re-training a teacher model – often implemented as a DE
– and repeating the distillation process for every new domain is prohibitively expensive and
operationally impractical. To address this, we propose a novel perspective for evaluating UQ
distillation methods, emphasizing their capacity to adapt efficiently to domain shifts without
requiring extensive re-training or re-distillation efforts.

More specifically, we evaluate the domain adaptation capabilities of EMUFormer by fine-tuning
it on Foggy Cityscapes [235] and Rain Cityscapes [109]. This setting aligns with the simplest
homogeneous domain adaptation paradigm as defined by Wang and Deng [272], where the
source and target domains share identical feature spaces (semantically and dimensionally) but
differ in input data distributions.

We follow the distillation process described in Section 5.4.1, with the exception of omitting
the additional color jitter augmentation, as the training and distillation datasets are no longer
identical, following Shen et al. [243]. EMUFormer, initially trained on Cityscapes, is fine-tuned
using the ground truth labels from Foggy Cityscapes or Rain Cityscapes in conjunction with
the outputs of the teacher DE trained on Cityscapes. The fine-tuning process is deliberately
constrained to a single NVIDIA A100 GPU, with a maximum training duration of approximately
2.5 hours, corresponding to 10 epochs for Foggy Cityscapes and 100 epochs for Rain Cityscapes.
This setup is designed to evaluate the domain adaptation capabilities of our approach while
keeping computational efficiency in mind.

Quantitative Evaluation. Tables 5.12 and 5.13 show a quantitative comparison between
the OOD and fine-tuning results of EMUFormer on Foggy Cityscapes and Rain Cityscapes,
respectively. The results demonstrate significant benefits from domain adaptation across both
SS and depth estimation tasks.

For SS, fine-tuning EMUFormer leads to improvements in mIoU of at least 2.8 % and up to
13.9 % compared to the OOD baseline and an improved softmax calibration, as measured by
ECE, in 5 out of 6 cases. Segmentation uncertainty quality also improves in terms of p(acc|cer)
and PAvPU. However, p(unc|inacc) shows a slight degradation, which can be attributed to the
surprising strength of EMUFormer in terms of OOD performance, outperforming its DE teacher
on this specific metric, as shown by Table 5.10 in the previous Section 5.4.2. In the depth
estimation task, fine-tuning yields substantial performance gains, with reductions in RMSE
ranging from 0.868 to 3.467. Depth uncertainty quality also improves consistently across
all evaluated metrics, highlighting the robustness and strong performance of EMUFormer,
particularly in terms of MDE, even while adapting to domain-specific conditions.
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Semantic Segmentation Monocular Depth Estimation

mIoU ↑ ECE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ RMSE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑
Foggyβ=0.005 EMUFormer (OOD) 0.721 0.040 0.919 0.678 0.803 7.182 0.769 0.500 0.780

EMUFormer (FT) 0.749 (+0.028) 0.011 (+0.029) 0.920 (+0.001) 0.631 (-0.047) 0.821 (+0.018) 6.314 (-0.868) 0.796 (+0.030) 0.522 (+0.022) 0.794 (+0.014)

Foggyβ=0.01 EMUFormer (OOD) 0.691 0.027 0.915 0.694 0.794 7.635 0.764 0.506 0.778

EMUFormer (FT) 0.747 (+0.056) 0.019 (+0.008) 0.917 (+0.002) 0.635 (-0.059) 0.811 (+0.017) 5.631 (-2.004) 0.822 (+0.058) 0.547 (+0.041) 0.807 (+0.029)

Foggyβ=0.02 EMUFormer (OOD) 0.629 0.015 0.904 0.714 0.778 8.927 0.750 0.518 0.772

EMUFormer (FT) 0.730 (+0.101) 0.004 (+0.011) 0.918 (+0.014) 0.662 (-0.052) 0.792 (+0.014) 5.463 (-3.464) 0.828 (+0.078) 0.563 (+0.045) 0.802 (+0.030)

Table 5.12: Quantitative comparison of out-of-domain (OOD) and fine-tuning (FT) results of our EMUFormer (student) on the Foggy Cityscapes validation
dataset [235]. The parameter β, representing the attenuation coefficient, determines the fog density, with higher β values corresponding to denser
fog conditions.

Semantic Segmentation Monocular Depth Estimation

mIoU ↑ ECE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑ RMSE ↓ p(acc|cer) ↑ p(unc|inacc) ↑ PAvPU ↑
Rain1 EMUFormer (OOD) 0.647 0.006 0.943 0.739 0.784 6.538 0.805 0.534 0.774

EMUFormer (FT) 0.727 (+0.080) 0.010 (-0.004) 0.958 (+0.015) 0.705 (-0.034) 0.822 (+0.038) 4.730 (-1.808) 0.866 (+0.061) 0.582 (+0.048) 0.798 (+0.024)

Rain2 EMUFormer (OOD) 0.611 0.021 0.934 0.745 0.776 7.294 0.787 0.516 0.765

EMUFormer (FT) 0.680 (+0.069) 0.018 (+0.003) 0.957 (+0.023) 0.713 (-0.032) 0.800 (+0.024) 4.941 (-2.353) 0.873 (+0.096) 0.629 (+0.113) 0.787 (+0.022)

Rain3 EMUFormer (OOD) 0.576 0.026 0.928 0.751 0.767 8.033 0.772 0.510 0.761

EMUFormer (FT) 0.715 (+0.139) 0.025 (+0.001) 0.960 (+0.052) 0.733 (-0.018) 0.793 (+0.026) 4.566 (-3.467) 0.876 (+0.104) 0.606 (+0.096) 0.799 (+0.038)

Table 5.13: Quantitative comparison of out-of-domain (OOD) and fine-tuning (FT) results of our EMUFormer (student) on the Rain Cityscapes validation
dataset [109]. For fine-tuning, the student model was trained for 100 epochs using the original distillation process, except for omitting the additional
color jitter augmentation. We evaluate on three sets of parameters, where Rain1 uses [0.01, 0.005, 0.01], Rain2 uses [0.02, 0.01, 0.005], and Rain3
uses [0.03, 0.015, 0.002] for attenuation coefficients α and β and the raindrop radius a. α and β determine the degree of simulated rain and fog.
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Qualitative Evaluation. Figure 5.7 presents qualitative examples of our domain-adapted,
i.e., fine-tuned, EMUFormer-B2 on the most difficult versions of the Foggy Cityscapes [235]
and Rain Cityscapes [109] validation datasets. EMUFormer demonstrates strong performance
across both tasks and datasets, with uncertainty estimates effectively highlighting challenging
regions. More specifically, on Foggy Cityscapes, segmentation uncertainty aligns with objects
absent from the training data, such as an elderly person’s walker in the foreground, as well as
misclassified or noisy areas, exemplified by the region marked with a red rectangle in the right
part of the image. Depth uncertainty is notably high for sky regions, where depth estimation
is inherently ill-defined. Similarly, on Rain Cityscapes, the model assigns high uncertainty
to out-of-distribution objects, like a dumpster, and to distant regions obscured by rain and
fog, as indicated in the central part of the image. Depth uncertainty remains elevated for sky
pixels and distant, occluded regions, reflecting the model’s sensitivity to visually ambiguous or
uninformative cues.

(a) Input Image (b) Seg. GT (c) Seg. Pred. (d) Seg. Unc.

(e) Depth GT (f) Depth Pred. (g) Depth Unc.

(h) Input Image (i) Seg. GT (j) Seg. Pred. (k) Seg. Unc.

(l) Depth GT (m) Depth Pred. (n) Depth Unc.

Figure 5.7: Qualitative examples of our domain-adapted EMUFormer-B2 on the Foggy Cityscapes [235]
(top) and Rain Cityscapes [109] (bottom) datasets. Red rectangles are added to highlight
interesting areas.

Summary. Overall, these findings align with the quantitative evaluations, demonstrating
that our EMUFormer is capable of efficiently adapting to domain shifts without requiring
extensive re-training or re-distillation efforts, while maintaining strong performance and
reliable uncertainty estimates across both tasks.
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Impact of Uncertainty Utilization

As described in Section 5.4.1 and shown by Equation 5.14, GNLL treats every prediction as a
sample from a Gaussian distribution with a predictive mean and a corresponding predictive
variance. Typically, these variances are learned implicitly through optimizing predictive means
based on ground truth labels. However, with EMUFormer, the network is optimized to mimic
the teacher’s predictive uncertainty. This allows the depth uncertainty to be used explicitly
to improve depth estimation. To explore this more thoroughly, we study the impact of the
uncertainty utilization by replacing the GNLL loss with the MSE loss and the Huber loss [114],
respectively, which do not account for the available predictive uncertainty.

Table 5.14 shows a quantitative comparison of the impact of the respective depth loss for
EMUFormer-B2 on the Cityscapes and NYUv2 datasets. On Cityscapes, training with GNLL
loss leads to the best performance across the board, especially concerning the RMSE for MDE.
GNLL loss results in a RMSE of 6.983 in comparison to 7.217 and 7.340 for MSE and Huber
loss [114], respectively. Similarly, on NYUv2, training with GNLL loss yields the best RMSE
with 0.514 versus 0.527 and 0.533 for MSE and Huber loss [114], although at the cost of a
very slight deterioration of 0.006 in mIoU. GNLL loss leads to the highest depth uncertainty
quality for both datasets.

Semantic Segmentation Monocular Depth Estimation

mIoU ↑ ECE ↓ p(acc/cer) ↑ p(inacc/unc) ↑ PAvPU ↑ RMSE ↓ p(acc/cer) ↑ p(inacc/unc) ↑ PAvPU ↑
Cityscapes

MSE 0.749 0.014 0.922 0.659 0.810 7.217 0.742 0.446 0.761

Huber [114] 0.748 0.013 0.923 0.657 0.809 7.340 0.743 0.446 0.760

GNLL 0.752 0.012 0.923 0.658 0.811 6.983 0.772 0.491 0.783

NYUv2

MSE 0.481 0.127 0.788 0.690 0.737 0.527 0.788 0.431 0.587

Huber [114] 0.481 0.127 0.788 0.689 0.737 0.533 0.786 0.431 0.587

GNLL 0.475 0.129 0.787 0.692 0.737 0.514 0.810 0.440 0.633

Table 5.14: Impact of the depth loss on the results of EMUFormer-B2 on Cityscapes [39] and
NYUv2 [245].

Ablation Studies

Backbone Size. Table 5.15 displays a comprehensive assessment of the influence of the
backbone size on Cityscapes [39] and NYUv2 [245]. In this context, we decided to evaluate
the three baseline models as a DE with ten members each in comparison to EMUFormer for the
smallest, B0, and the biggest, B5, backbone of SegFormer [284], respectively.

More specifically, EMUFormer emerges as the top performer on all segmentation metrics,
except for the mIoU where the SegFormer DE yields slightly better results. On the Cityscapes
dataset, EMUFormer stands out by delivering the best results for all depth metrics across
both backbones. Notably, it achieves this superior performance while maintaining a 20 to 30
times faster inference time compared to the DEs. On NYUv2, the DepthFormer DE performs
marginally better on the depth metrics, although EMUFormer remains highly competitive,
especially if inference time is considered.
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Semantic Segmentation Monocular Depth Estimation
Inference Time [ms]

mIoU ↑ ECE ↓ p(acc/cer) ↑ p(inacc/unc) ↑ PAvPU ↑ RMSE ↓ p(acc/cer) ↑ p(inacc/unc) ↑ PAvPU ↑
Cityscapes

B
0

SegFormer (DE) 0.689 0.037 0.888 0.486 0.779 - - - - 273.20 ± 1.38

DepthFormer (DE) - - - - - 8.452 0.692 0.414 0.719 236.13 ± 0.70

SegDepthFormer (DE) 0.651 0.045 0.912 0.634 0.803 8.495 0.692 0.425 0.718 317.47 ± 15.64

EMUFormer 0.630 0.023 0.924 0.714 0.791 8.086 0.717 0.473 0.732 9.58 ± 0.07

B
5

SegFormer (DE) 0.809 0.032 0.896 0.435 0.819 - - - - 1931.01 ± 12.77

DepthFormer (DE) - - - - - 6.588 0.782 0.487 0.791 1892.47 ± 9.24

SegDepthFormer (DE) 0.789 0.037 0.928 0.657 0.852 6.664 0.785 0.502 0.792 2018.04 ± 32.31

EMUFormer 0.771 0.014 0.934 0.703 0.845 6.157 0.804 0.536 0.799 50.72 ± 0.45

NYUv2

B
0

SegFormer (DE) 0.376 0.105 0.743 0.701 0.718 - - - - 315.42 ± 2.41

DepthFormer (DE) - - - - - 0.642 0.720 0.476 0.566 227.92 ± 2.39

SegDepthFormer (DE) 0.375 0.097 0.744 0.703 0.718 0.678 0.693 0.466 0.553 346.21 ± 2.72

EMUFormer 0.363 0.090 0.743 0.713 0.720 0.674 0.705 0.498 0.558 10.04 ± 0.06

B
5

SegFormer (DE) 0.534 0.138 0.792 0.653 0.744 - - - - 1958.46 ± 36.71

DepthFormer (DE) - - - - - 0.468 0.852 0.505 0.647 1875.53 ± 12.83

SegDepthFormer (DE) 0.526 0.133 0.794 0.665 0.743 0.451 0.838 0.478 0.619 2038.26 ±13.06

EMUFormer 0.520 0.134 0.798 0.688 0.744 0.476 0.846 0.467 0.647 52.27 ± 1.40

Table 5.15: Quantitative comparison on the Cityscapes [39] and NYUv2 [245] datasets between the
three baseline models as DEs and EMUFormer with SegFormer’s B0 and B5 backbone [284].
The respective SegDepthFormer DE served as the teacher for the corresponding EMUFormer.

5.5 Conclusion

Summary. Building upon the foundations established in the previous two Chapters 3 and 4 –
where we explored UQ in SS and MDE – this Chapter aims to investigate three pivotal research
questions regarding uncertainty-aware joint SS and MDE. Specifically, we investigated (1) how
existing UQ methods perform in this joint setting, (2) how to enable efficient and reliable
uncertainty estimates within this multi-task framework, and (3) how to exploit predictive
uncertainties during training to optimize performance. To this end, we conducted a multi-task
uncertainty evaluation and introduced EMUFormer.

Our investigation into the first research question revealed that DEs deliver the best predictive
performance and uncertainty quality, albeit at significant computational cost. Additionally,
we find that they exhibit greater robustness in OOD scenarios compared to the baseline.
As a more practical alternative, DSEs strike a compelling balance between efficiency and
effectiveness, offering comparable predictive performance and uncertainty quality with reduced
overhead. Another valuable insight from this analysis is that multi-task learning can enhance
the uncertainty quality of the SS task compared to the single-task approach, underscoring the
synergistic benefits of joint task optimization. Furthermore, we show that while the choice
of the uncertainty threshold significantly impacts metrics, its influence remains independent
of the underlying model or approach, and the median uncertainty of an image proves to be a
suitable default threshold.

To address the second research question, we introduced EMUFormer, a novel student-teacher
distillation approach to overcome the computational limitations of many UQ methods like DEs.
By distilling the UQ capabilities of a DE teacher into a lightweight student model, EMUFormer
achieves state-of-the-art results in both SS and MDE on Cityscapes and NYUv2. Remarkably, it
provides well-calibrated uncertainties without any additional inference time overhead, making
it suitable for time-critical applications. EMUFormer even surpasses its teacher in specific
scenarios – most notably in the depth estimation task – despite having an order of magnitude
fewer parameters and approximately 30 times lower inference time.
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For the third question, we demonstrated that EMUFormer reliably matches the DE teacher’s
overall performance, while consistently providing superior depth estimates. This success
can be primarily attributed to the use of the GNLL loss, which is commonly employed to
implicitly learn corresponding variances in addition to the predictive means. In the case of
EMUFormer, however, the teacher model already provides high-quality variances through
distillation, allowing for a more accurate approximation of the predictive means and their
associated uncertainties. Notably, EMUFormer even exhibits robustness in OOD scenarios,
matching the teacher’s overall performance while consistently delivering superior depth esti-
mates, highlighting the efficacy of exploiting uncertainties during training. Its potential for
domain adaptation is equally promising, as it achieves substantial performance gains with
minimal fine-tuning, filling a critical gap in current literature and opening exciting avenues for
future work.

Collectively, these contributions reveal that UQ can be seamlessly integrated into complex
multi-task learning frameworks without sacrificing efficiency or performance. By building
on the findings of Deep Uncertainty Distillation using Ensembles for Segmentation (DUDES)
from Chapter 3 and the GNLL-based fine-tuning approach of Chapter 4, this Chapter scales
these principles to a more sophisticated joint task setting, enhancing both reliability and
trustworthiness. EMUFormer’s success in OOD robustness as well as domain adaptation clearly
highlights the value of the consideration and exploitation of UQ for real-world, safety-critical
machine vision applications.

Future Work. Looking ahead, future research could extend these ideas to other multi-
task learning settings, including surface normal prediction as well as keypoint and edge
detection [252]. This could also involve exploring how uncertainty estimates can be shared or
combined across different tasks to improve overall robustness, perhaps discovering additional
synergies between tasks. Additionally, incorporating multi-modal inputs – both visual and
textual data – poses an interesting venue for future work [132].

Furthermore, advancing domain adaptation techniques within the context of UQ is essential,
especially for real-world applications where constant re-training is impractical. Developing
uncertainty-aware models that can efficiently and effectively adapt to new domains without
extensive fine-tuning protocols should be a major focus of future research.

We hope that these findings and suggestions will inspire continued research not only into
uncertainty-aware joint SS and MDE, but also into broader multi-modal and multi-task settings,
in pursuit of more reliable machine vision systems for real-world deployment.
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Synopsis 6
„I do not think much of a man who is not wiser today

than he was yesterday.

— Abraham Lincoln
(16th U.S. President)

This final Chapter provides a synopsis encompassing key insights of Chapters 3, 4, and 5.

First, Section 6.1 concisely summarizes the preceding Chapters. Second, Section 6.2 jointly
discusses all the findings of this thesis. Finally, Section 6.3 provides concluding remarks and
outlines potential for future research opportunities.

6.1 Summary

This thesis, titled "Efficient Estimation and Exploitation of Predictive Uncertainties in Deep
Learning-based Machine Vision", investigates the integration of Uncertainty Quantification (UQ)
into foundational machine vision tasks, specifically Semantic Segmentation (SS), Monocular
Depth Estimation (MDE), and their joint application within a multi-task learning framework.
Although UQ has been identified as a promising approach to mitigate critical limitations of
Deep Learning (DL) – such as overconfidence, lack of interpretability, and vulnerability to
domain shifts – existing methods often suffer from high computational cost, the need for
careful design choices, and a potential deterioration in predictive performance. It is undeniable
that these drawbacks impede the development and deployment of uncertainty-aware machine
vision systems in real-time and resource-constrained applications. To bridge this gap between
academic research and practical real-world adoption, this thesis investigates the quality of
existing UQ methods in novel settings and explores strategies to enable efficient UQ as well as
exploiting these to guide the optimization process more effectively.

Uncertainty-aware Semantic Segmentation. Chapter 3 focuses on UQ in SS, which is
one of the most foundational classification tasks in machine vision. Two novel approaches
are introduced: Deep Uncertainty Distillation using Ensembles for Segmentation (DUDES)
and Uncertainty-aware Cross-Entropy (U-CE). DUDES employs a student-teacher distillation
strategy to efficiently estimate uncertainties using a lightweight student model trained to
mimic a Deep Ensemble (DE) teacher, reducing computational overhead while preserving
segmentation and uncertainty quality. U-CE incorporates dynamic uncertainty estimates into
the training process, weighting the regular Cross-Entropy (CE) loss to emphasize uncertain
regions, thereby improving segmentation performance and enabling reliable uncertainty
predictions post-training.
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Uncertainty-aware Monocular Depth Estimation. Chapter 4 shifts to MDE, which represents
an essential regression task in DL-based machine vision. In this context, we combined five
existing UQ methods – Learned Confidence (LC), Gaussian Negative Log-Likelihood (GNLL),
Monte Carlo Dropout (MCD), Deep Sub-Ensembles (DSEs), and Test-Time Augmentation
(TTA) – with the DepthAnythingV2 foundation model. This analysis identifies GNLL-based fine-
tuning as the most effective approach, delivering high-quality uncertainty estimates without
compromising depth accuracy or computational efficiency, thus demonstrating the feasibility of
synthesizing UQ with state-of-the-art MDE.

Uncertainty-aware Joint Semantic Segmentation and Monocular Depth Estimation.
Chapter 5 explores UQ in the joint task of SS and MDE, effectively combining DL-based
classification and regression within a multi-task learning framework. Based on our multi-task
uncertainty evaluation, DEs excel in both predictive performance and uncertainty quality,
though at high computational cost, whereas DSEs offer a more efficient yet competitive
alternative. This analysis also reveals that multi-task learning can enhance the uncertainty
quality, underscoring the synergistic benefits of joint task optimization. Additionally, this
Chapter introduces the Efficient Multi-task Uncertainty Vision Transformer (EMUFormer), a
student-teacher distillation framework that achieves state-of-the-art results on the Cityscapes
and NYUv2 benchmark datasets. EMUFormer builds on the findings of DUDES (Chapter 3)
and the efficacy of GNLL-based fine-tuning (Chapter 4) to enable efficient estimation and
exploitation of predictive uncertainties to improve explainability and predictive performance.

6.2 Discussion

A central challenge in UQ in DL-based machine vision – and the driving theme of this thesis –
is the trade-off between computational efficiency and uncertainty quality, often hindering the
exploitation of uncertainties. State-of-the-art methods like DEs excel at enhancing trustworthi-
ness and reliability, for instance, by consistently correlating erroneous predictions with high
uncertainties. However, their substantial computational overhead renders them impractical for
real-time or resource-constrained environments. This thesis addresses this issue by introducing
efficient, uncertainty-aware methods, offering practical solutions for real-world applications
without compromising practicality.

The pursuit of efficient UQ is manifested by several approaches developed in this work: First,
DUDES harnesses the concept of knowledge distillation to transfer the UQ capabilities of a
computationally expensive DE teacher to a lightweight student model, achieving comparable
uncertainty estimates with a single forward pass for SS. This significantly reduces inference
time while maintaining quality and even proves to be robust against domain shifts – evidence of
effective generalization rather than overfitting. Secondly, by synthesizing powerful foundation
models for MDE with a variety of UQ methods, we find that GNLL-based fine-tuning strikes an
appealing balance between computational efficiency and uncertainty quality without degrading
predictive performance. Thirdly, EMUFormer builds on these findings and fuses both uncer-
tainty distillation and GNLL-based fine-tuning for joint SS and MDE to deliver high-quality
uncertainties with an inference time reduction of approximately 30 times. Together, these
methods demonstrate that well-calibrated uncertainties can be achieved efficiently, enabling
their use in time-sensitive, real-world scenarios.
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Beyond efficient UQ, this thesis presents two approaches for how uncertainty can be actively
exploited to enhance model performance. U-CE dynamically applies a pixel-wise weight to
the loss to emphasize uncertain regions, guiding the model to focus on challenging areas
and thereby improving accuracy. This transforms uncertainty from a passive, auxiliary output
into an active driver of optimization. EMUFormer contributes in the same sense, leveraging
high-quality uncertainties from a teacher model during training to surpass conventional GNLL-
based fine-tuning, which is commonly utilized to learn uncertainties implicitly. In the case of
EMUFormer, however, the teacher already provides high-quality variances through distillation,
allowing for a more robust and accurate approximation of the predictive means, resulting in
superior prediction and uncertainty quality. The possibility of enhancing model performance
through the exploitation of predictive uncertainties underscores the value of uncertainty-aware
training techniques to deliver practical benefits aside from increased explainability.

Collectively, these findings advance uncertainty-aware machine vision by addressing the
efficiency-quality trade-off with practical and effective solutions. DUDES, U-CE, and EMU-
Former not only make UQ computationally feasible but also demonstrate its potential to
improve predictive performance, laying a robust foundation for real-world deployment across
diverse machine vision tasks.

6.3 Conclusion and Outlook

This thesis advances the field of uncertainty-aware machine vision by developing practical
and effective approaches for integrating UQ into SS, MDE, and their joint application. The
proposed methods – DUDES, U-CE, and EMUFormer – enhance efficiency, robustness, and
predictive performance, demonstrating that uncertainty is not merely an auxiliary output but
can be a crucial component toward improving trustworthiness and applicability in real-world
scenarios.

Building on this foundation, several exciting avenues for future research emerge, with the
potential to impact the entire spectrum of machine vision tasks and learning paradigms.

Other Machine Vision Tasks. Since this thesis focuses on SS, MDE, and their joint application
within a multi-task learning framework, future research could explore adopting the proposed
methods to other foundational machine vision tasks like Object Detection and Pose Estimation,
as well as exploring their feasibility for sophisticated decision-making processes such as
autonomous driving, robot navigation or industrial inspection. This could not only enable
preemptive identification of failure cases to enhance safety but also improve the performance
of these systems.

Uncertainty-aware Multi-Modality. While most machine vision systems rely on visual data,
integrating additional modalities – such as textual descriptions or sensor readings – could
enhance the model’s capabilities, particularly in scenarios where visual inputs are either limited
or unreliable. Future research could explore the synergies of predictive uncertainties from
these diverse sources by dynamically fusing modalities based on their reliability. For example,
in autonomous driving, the predictive uncertainty could adjust the reliance on cameras versus
LiDAR under varying conditions, improving safety and performance.

6.3 Conclusion and Outlook 103



Uncertainty-aware Advanced Learning Paradigms. Beyond supervised learning, the ex-
ploitation of predictive uncertainties could further enhance several other learning paradigms
like unsupervised learning, active learning, self-supervised learning, or semi-supervised learn-
ing. For instance, in semi-supervised learning, predictive uncertainties could refine noisy
pseudo-labels, while methods like U-CE could emphasize uncertain ground truth regions to
improve robustness.

Uncertainty-aware Data Augmentations. Techniques like CutMix [296] could be enhanced
by using predictive uncertainties in the patch selection process. Instead of randomly choosing
regions to mix, the uncertainty-aware method could select high-uncertainty patches and place
them into low-uncertainty areas of other training samples. This approach would increase
training difficulty, functioning as an online hard-example mining strategy [244]. By challeng-
ing the network to reinterpret complex regions in simpler contexts, this uncertainty-aware
augmentation could enhance generalization and reduce overfitting. Moreover, focusing on
uncertain regions during training may improve model calibration by explicitly addressing the
network’s blind spots.

Uncertainty-based Adversarial Attack Robustness. Given the susceptibility of DL models to
adversarial perturbations, future work could introduce uncertainty-awareness to capture these
attacks. Since prior studies show that adversarial attacks can target uncertainty estimates as
well, it is crucial to develop training methods that ensure reliable uncertainties under such
conditions [151].

Uncertainty-aware Domain Adaptation. Investigating how uncertainty-aware models han-
dle domain adaptation is a crucial question, highly relevant for real-world deployment. Future
research could assess the efficiency with which these models adapt to new domains and
explore whether uncertainty can guide this process – akin to active learning – by prioritizing
high-uncertainty samples for fine-tuning. Additionally, examining the extent of catastrophic
forgetting [79, 130, 4] in the context of continual learning [271] could reveal critical insights
into uncertainty-aware models’ long-term stability and deployment potential.

Exploiting Predictive Uncertainties in Foundation Models. Due to computational con-
straints, this thesis did not explore large-scale foundation models, restraining investigations to
efficient models. However, future work could examine whether uncertainty-aware training
methods like those proposed in U-CE or EMUFormer can enhance these models’ performance
while contributing to their trustworthiness, potentially unlocking entirely new opportunities
for deployment in high-stakes applications.

This thesis advocates for a shift toward uncertainty-aware machine vision, and I hope that it
will inspire future research to go beyond incremental improvements on benchmark datasets
and integrate uncertainty as a core component of Deep Neural Networks.
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