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Abstract

Deep neural networks have become powerful tools for modeling complex systems
in many scientific fields. Beyond their predictive capabilities, they enable the ex-
traction of meaningful information from high-dimensional data and thus support
scientific hypothesis generation. In this context, two complementary approaches
can be distinguished. First, interpretability methods such as saliency maps attribute
model predictions to input features and identify which variables are relevant for the
task. Second, information can be probed implicitly by systematically restricting the
input space. If predictive performance remains stable under such constraints, this
indicates that the underlying information is robustly represented in the data.

This thesis investigates under which conditions neural networks can be used as
reliable diagnostic tools for information extraction. We analyze the robustness of
gradient-based saliency methods with respect to random model initialization, which
can be identified as a significant source of variability in attribution maps, even when
predictive performance remains unchanged. To quantify the variability, we intro-
duce a signal to noise ratio framework that measures the stability of explanations
across independently trained models and propose marginalization over the initial-
ization distribution as a practical strategy to reduce attribution variability.

As an application, we study the ability of deep neural networks to reconstruct cloud
structures based on atmospheric state variables and analyze how cloud-relevant
information is encoded in the data. Our results show that this information is dis-
tributed in a redundant and complementary manner across physical variables and
remains partially preserved under reduced input representations and generaliza-
tion across regions, time shifts, and data sources. Applying the robustness frame-
work in this setting further reveals that saliency patterns for the most relevant vari-
ables are considerably more stable than in classification tasks, enabling more reli-
able identification of physically meaningful structures.

Overall, this work clarifies under which conditions neural networks can serve as
reliable tools for scientific information extraction. It shows that interpretability is
inherently non-deterministic and must be evaluated in terms of robustness and un-
certainty. Beyond attribution-based methods, it demonstrates that systematically
probing the input space enables complementary and often more stable insights into
how relevant information is structured within the data. Consequently, insights de-
rived from data-driven models should not be interpreted as causal, but as evidence
of structured information in the data that requires careful validation and uncer-
tainty assessment.
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Zusammenfassung

Tiefe neuronale Netze haben sich als leistungsstarkes Werkzeug zur Modellierung
komplexer Systeme in vielen wissenschaftlichen Bereichen etabliert. Neben ihrer
Vorhersagefahigkeit ermdéglichen sie die Extraktion aussagekraftiger Informationen
aus komplexen Daten und kénnen so die Hypothesenentwicklung unterstiitzen. Da-
bei lassen sich zwei Ansétze unterscheiden: Zum einen untersuchen Methoden der
Interpretierbarkeit den Zusammenhang zwischen Modellvorhersage und Eingabe-
merkmalen, etwa durch Salienzkarten. Zum anderen konnen Informationen impli-
zit analysiert werden, indem der Eingaberaum systematisch eingeschrankt und die
Glte der Vorhersage bewertet wird. Bleibt diese unter solchen Einschrdnkungen er-
halten, deutet dies auf robust in den Daten enthaltene Informationen hin.

In dieser Arbeit untersuchen wir, unter welchen Bedingungen neuronale Netze als
zuverldssige Diagnosewerkzeuge zur Informationsextraktion genutzt werden kon-
nen. Dazu analysieren wir die Robustheit gradientbasierter Salienzmethoden gegen-
uber zufalliger Modellinitialisierung, die sich als wesentliche Quelle fiir Variabilitat
herausstellt—selbst bei gleicher Vorhersagegiite. Zur Quantifizierung nutzen wir das
Signal-Rausch-Verhéltnis iiber unabhéangig trainierte Modelle hinweg und schlagen
die Marginalisierung uber die Initialisierungsverteilung als Strategie zur Reduzie-
rung der Attributionsvariabilitat vor.

Als Anwendungsfall dient die Rekonstruktion von Wolkenstrukturen aus atmosphé-
rischen Zustandsvariablen mithilfe von neuronalen Netzen. Dies ermoglicht eine
Analyse, wie Informationen tiber Wolkenbildung in den Daten kodiert sind. Die Er-
gebnisse zeigen eine redundante und komplementére Verteilung dieser Informati-
on iiber verschiedene physikalische Variablen. Selbst reduzierte Eingaben oder eine
Generalisierung uiber Regionen und Datenquellen beeintrachtigen die Vorhersage-
qualitat nur geringfligig. Zudem zeigt sich, dass Salienzmuster in diesem Regressi-
onssetting deutlich stabiler sind als in Klassifikationsaufgaben, wodurch eine zuver-
lassigere Interpretation physikalischer Zusammenhénge méglich wird.

Insgesamt zeigt diese Arbeit, unter welchen Bedingungen neuronale Netze als zuver-
lassige Werkzeuge fiir die wissenschaftliche Informationsextraktion dienen konnen.
Sie macht deutlich, dass Interpretierbarkeit nicht deterministisch ist und hinsicht-
lich Robustheit und Unsicherheit bewertet werden muss. Uber attributionsbasierte
Methoden hinaus liefert die systematische Untersuchung des Eingaberaums ergin-
zende und oft stabilere Einblicke. Erkenntnisse aus datengesteuerten Modellen soll-
ten nicht kausal interpretiert werden, sondern als Hinweise auf strukturierte Infor-
mationen, die sorgfaltiger Validierung und Unsicherheitshewertung bedtrfen.
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1.1

Introduction

Motivation and Problem Statement

Deep neural networks have demonstrated a remarkable ability to solve prob-
lems that were previously considered unsolvable. Their ability to approx-
imate highly complex functions allows them to discover patterns and rela-
tionships in data beyond the scope of traditional statistical or physically mo-
tivated methods. As a consequence, neural networks have become powerful
analytical tools in many scientific disciplines. Their applications span from
histopathology, where morphological features in tissue samples provide cues
to the presence or absence of cancer, to atmospheric physics, where they in-
fer cloud structures from coarse-scale physical fields.

However, the remarkable predictive abilities of neural networks have an im-
portant drawback: they are difficult to interpret. While these models demon-
strate superior accuracy, their internal decision-making processes remain
unclear. This is particularly challenging in fields where the objective is not
only to make accurate predictions, but also to gain a deeper understanding of
underlying physical or biological processes. As a result, interpretability has
emerged as a central research topic. Instead of asking how a classifier im-
plements its decision, researchers are interested in identifying which input
features carry relevant information about the phenomenon itself. Saliency
methods are one possible approach to this problem, attempting to attribute
model output to specific regions or variables of the input. Nevertheless, the
usefulness of such attribution methods depends on their reliability. When
the goal is to draw scientific conclusion, such as identifying the atmospheric
variables that drive cloud formations, one must assume that saliency maps
are stable and robust.

This dissertation investigates when and under which conditions neural net-
works can be used as reliable diagnostic instruments for extracting infor-
mation from complex, high-dimensional data. Here, information is under-
stood in an operational sense: as structured input-output dependencies that
enables accurate prediction while generalizing across spatial and temporal
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shifts and yielding stable attributions. Under this definition, information is
not merely predictive performance, but reproducible and transferable struc-
ture captured by the model.

We address random initialization of neural networks as a potential source of
attribution fluctuation and provide a marginalization framework to reduce
this source of instability. Cloud physics serves as a challenging real-world
application to stress-test interpretability methods under complex, structured
data. We employ deep neural networks to predict cloud structures from at-
mospheric state variables and use this setup to explore physically meaning-
ful dependencies relevant to cloud formations.

First, we investigate how accurately neural networks can reconstruct cloud
patterns from large-scale reanalysis and forecast data, and which input vari-
ables contribute most consistently to this task. Second, we assess the ro-
bustness of these predictions across regional and temporal shifts to distin-
guish genuine physical dependencies from potential memorization effects.
In this context, generalization performance functions as an empirical proxy
for transferable information content. Finally, we apply the proposed relia-
bility framework to our cloud-prediction setting to evaluate the stability of
attribution-based scientific conclusions under model perturbation.

Together, these steps clarify both the potential and the limitations of neu-
ral networks as instruments for scientific information extraction. This work
thereby provides methodological guidance on when and how neural net-
work explanations can be interpreted as insights into underlying physical
processes rather than artifacts of model instability.

Thesis Structure

This thesis investigates how neural networks can be used as tools for gener-
ating scientifically meaningful insights into physical processes. To this end,
we combine gradient-based attribution methods with the use of neural net-
works as information extraction models. Since scientific interpretation re-
quires reliability, a central focus of this work is the systematic assessment of
the robustness and stability of these interpretability approaches.

Chapter 2 introduces the theoretical and methodological background of the
thesis. It provides an overview of neural network interpretability methods,

Chapter 1 Introduction
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outlines the foundations of atmospheric modeling, and reviews the role of
machine learning in this domain.

The main contribution of this thesis is structured into three parts:

The first part (Chapter 3 to 6) takes a methodological perspective. It investi-
gates how random initialization affects gradient-based attributions and eval-
uates the resulting saliency maps. This part establishes a framework for as-
sessing interpretability robustness independent of a specific physical appli-
cation.

The second part (Chapter 7 to 10) turns to an applied setting in atmospheric
cloud modeling. Here, neural networks are trained to predict cloud struc-
tures from atmospheric state variables. The analysis focuses on identifying
which input variables contain transferable information about cloud forma-
tion and how this information is spatially and across variables distributed.

The third part (Chapter 11 to 14) connects the methodological and applied
components of this thesis. The robustness framework developed in Part I is
applied to the cloud prediction setup from Part IT in order to evaluate the sta-
bility of attribution-based scientific conclusions. The thesis concludes with a
general discussion of the scientific implications and an overall synthesis of
the findings.

Publications

This thesis is based on the following publications, from which parts of the
content are directly incorporated.

“Initialization Noise in Image Gradients and Saliency Maps”

A.-C. Woerl, J. Disselhoff, and M. Wand

In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2023, pp. 1766-1775.

This publication [62] investigates the influence of random initialization on
a range of commonly used saliency methods, with the aim of quantifying
the robustness of input attributions. Furthermore, a framework based on
stochastic integration is proposed to mitigate initialization-induced artifacts.
This work was published at the Conference on Computer Vision and Pattern
Recognition (CVPR).

1.3 Publications
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The work was developed in collaboration with Michael Wand. The concep-
tualization of the research idea was carried out jointly. My contribution in-
cludes the design of the experiments, the complete implementation, the exe-
cution and analysis of all experiments, and the writing of the main parts of
the manuscript. Contributions by Jan Disselhoff that are not directly relevant
to the present dissertation have been omitted.

“What Atmospheric Data Knows About Clouds: An Information-Theoretic
Approach”

A.-C. Woerl, M. Wand, and P. Spichtinger

In preparation

This publication [65] applies neural networks to analyze the information con-
tent of atmospheric data with respect to cloud formation, focusing on the
distribution and redundancy of predictive information across physical vari-
ables. In addition, a framework for the analysis of high-dimensional attribu-
tion data is developed. This work is currently in preparation, but preliminary
results were published in [64].

The development of the work was a collaboration with Michael Wand and Pe-
ter Spichtinger. The conceptual design was developed jointly, while I was re-
sponsible for the methodological design, implemented the models and anal-
ysis pipeline, conducted all experiments, and wrote the main parts of the
manuscript.

In both publications, I was the main contributor with responsibility for the
core methodological development, implementation, and data analysis.

In addition, I contributed to several publications in the field of medical imag-
ing [63, 44, 15]. In these works, I was involved in software implementation
and data analysis. As these contributions are not directly related to the topic
of this dissertation, they are not discussed further.

Chapter 1 Introduction
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Foundations

This chapter introduces the theoretical and methodological foundations of
this thesis. It first reviews central concepts of neural network interpretabil-
ity and how these can be applied to cloud prediction and weather forecast-
ing. Subsequently, it discusses the use of machine learning in atmosphe-
ric physics and weather forecasting, followed by a summary of established
knowledge about clouds from atmospheric models. Together, these founda-
tions provide the conceptual basis for the methodological and application-
oriented parts that follow.

Interpretability of Neural Networks

Deep Neural Networks achieve high predictive performance, but their in-
ternal decision process is often difficult to understand. This lack of trans-
parency is particularly problematic in scientific applications, where a model
is not only expected to produce accurate predictions, but also to support the
extraction of meaningful information from the data. In such settings, inter-
pretability can increase confidence in model outputs and provide hints about
which structures in the input are associated with the prediction [29, 11, 70,
32].

At the same time, interpretability is not a single, universally agreed concept.
The literature distinguishes between different notions such as transparency
of the model itself, post-hoc explanations of an already trained black box, lo-
cal explanations for individual predictions, and global explanations of over-
all model behavior [29, 11]. In this work, we focus on post-hoc local inter-
pretability.

More specifically, we consider feature-attribution methods, which assign rel-
evance scores to input features in order to explain an individual model pre-
diction. For image-like or spatially structured data, these scores are com-
monly visualized as saliency maps. Such approaches are especially attractive
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in scientific applications because they promise to connect model predictions
back to physically meaningful structures in the input [32, 70].

A useful distinction can be made within feature-attribution methods be-
tween gradient-based and perturbation-based approaches. Gradient-based
methods estimate relevance from derivatives of the output with respect
to the input or intermediate representations and therefore provide a local
view of model sensitivity. Perturbation-based methods, in contrast, estimate
feature importance by systematically modifying, masking, or removing parts
of the input and measuring the resulting change in prediction [2, 70].

The following sections introduce these two methodological classes of saliency
methods and discuss their conceptual foundations as well as their practical
limitations.

Gradient-based methods

Gradient-based explanations start from the observation that, for a differ-
entiable model, the gradient of an output score with respect to the input
describes how sensitively the score changes under infinitesimal changes of
each input feature. In this sense, the gradient provides a first-order local
approximation of feature importance around the current sample. The most
direct method is the “Vanilla” Gradient (also called Input Gradient), where
the saliency map is simply given by the derivative of the output with respect
to the input [49]. Large absolute gradient values indicate directions in input
space along which the prediction would change most strongly.

Closely related variants differ mainly in terms of how gradients propagate
through nonlinearities during backpropagation. Deconvolution [68] and
“guided” backpropagation [53] modify the backward pass by suppressing
negative signals at ReLU units, which often produces visually sharper maps
than raw gradients. However, these methods remain based in local deriva-
tives and therefore inherit the same basic limitation: they characterize
only the immediate neighborhood of the current input rather than the full
contribution of a feature over a larger region of input space.

A well-known practical problem is that raw gradient maps are often noisy
and difficult to interpret visually. SmoothGrad [51, 35] addresses this by av-
eraging saliency maps over multiple noisy copies of the same input. The un-
derlying idea is not to change the explanation target, but to smooth the lo-

Chapter 2 Foundations
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cal sensitivity estimate in input space: features that are consistently impor-
tant across small perturbations remain visible, while high-frequency fluctu-
ations are reduced. This often improves visual readability substantially. Re-
lated work has argued that part of the apparent noise in saliency maps orig-
inates from the propagation of irrelevant signals through ReLU activations,
and proposes modified backpropagation rules such as Rectified Gradient to
suppress these effects [23].

Another important line of gradient-based attribution works with higher-level
feature maps rather than the raw input. GradCAM [45] computes the gradi-
ent of the target output with respect to convolutional feature maps and ag-
gregates these gradients into a coarse localization heatmap. Compared with
pixel-level gradients, this yields explanations that are often easier to inter-
pret semantically, because they are expressed at arepresentation level where
the network has already combined low-level patterns into more meaningful
structures. The trade-off is that such maps are spatially coarser, especially in
architectures with downsampling or pooling.

Despite their popularity, gradient-based methods must be interpreted care-
fully. By construction, they measure local sensitivity, not necessarily actual
feature contribution over a finite range. In particular, they can underesti-
mate the importance of features in saturated regions where the output is al-
ready insensitive to small local changes. This is one of the main motivations
for non-local attribution methods such as integrated gradients or reference-
based propagation rule [56, 48].

Perturbation-based methods

Perturbation-based methods estimate feature importance more directly: in-
stead of relying on an infinitesimal derivative, they modify or remove parts
of the input and observe how strongly the prediction changes. This makes
them conceptually appealing, because the explanation is tied to an explicit
intervention on the model input. More generally, many of these methods can
be understood as non-local approaches, since they compare the prediction at
the observed sample with predictions at altered or reference inputs [70].

A central representative is integrated gradients [56]. Rather than evaluating
the gradient only at the input itself, the method integrates gradients along a
path from a baseline input to the actual sample. This addresses the satura-
tion problem of local gradients by accumulating contributions over a larger

2.1 Interpretability of Neural Networks
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portion of input space. Closely related is DeepLIFT [48], which compares neu-
ron activations to a reference activation and propagates contribution scores
based on activation differences instead of local derivatives. Both methods
therefore depend on a chosen baseline or reference state, which can sub-
stantially influence the resulting attribution.

A second branch of perturbation methods explains predictions through ex-
plicit feature masking or replacement. In computer vision, this includes oc-
cluding image regions, blurring them, or replacing them with a background
pattern, and then measuring how strongly the target score drops [68, 16,
22]. Such approaches are attractive because they make the notion of “impor-
tance” operational: a region is important if removing it substantially changes
the prediction. However, the result can depend strongly on how the perturba-
tion is implemented, since artificial masks may shift the input away from the
data distribution and create model responses that are not solely attributable
to the removed feature itself.

Local surrogate approaches follow a related philosophy. LIME [39] explains
anindividual prediction by sampling perturbed versions of the input around
the instance of interest and fitting an interpretable surrogate model locally.
SHAP [31] places this idea into a game-theoretic framework and computes
additive feature attributions based on Shapley values, thereby providing a
principled notion of local contribution under explicit assumptions. These
methods are widely used because they are flexible and can be applied to
many model classes. At the same time, the explanation is not obtained di-
rectly from the original network, but from a local approximation or feature-
coalition analysis, so the result depends on the sampling strategy, feature rep-
resentation, and assumptions about missingness or feature independence.

For image models, perturbation methods tend to be more intuitive than
purely local gradients, as they explicitly determine necessary or sufficient
evidence for a prediction. This motivates more advanced masking formula-
tions such as meaningful perturbation [16] and optimization-based saliency
methods like iGOS++ [22], which search for masks that either maximally
remove or preserve predictive evidence under regularization constraints.

Limitations

Although attribution maps are widely used, their reliability remains an ac-
tive research question. A central conceptual limitation is that post-hoc ex-

Chapter 2 Foundations



planations do not automatically reveal the true internal reasoning of a deep
model. As emphasized in the interpretability literature, explanations can be
useful for debugging, hypothesis generation, or qualitative inspection, but
they should not be mistaken for a full causal account of model behavior [29,
11, 42].

For saliency methods specifically, several studies have identified severe ro-
bustness and validity issues. Adebayo et al. [1] showed that some popular
saliency methods are surprisingly insensitive to learned model parameters
and even to the data-generating process: after randomizing network weights
or labels, the resulting maps can remain visually similar. This finding is par-
ticularly important because it demonstrates that visually plausible heatmaps
are not necessarily faithful explanations of learned behavior. Similarly, Kin-
dermans et al. [24] showed that some attribution methods violate input in-
variance, meaning that explanations can change under transformations that
leave the model output unchanged.

Another major concern is vulnerability to adversarial or otherwise unnotice-
able changes. Explanations can be significantly altered while maintaining
the original prediction. This means that saliency maps may be far less sta-
ble than they appear [10, 18]. More broadly, the statistical nature of deep
learning itself must be taken into account: trained models depend on ran-
dom initialization, stochastic optimization, data order, and other sources of
variation. Recent work in interpretable machine learning has therefore ar-
gued that explanations should not be treated as deterministic objects, but an-
alyzed with respect to uncertainty, variability, and robustness across model
instances [34, 33].

These concerns are highly relevant for the present work. Our focus is not
to argue that saliency methods are generally unusable, but rather to exam-
ine one specific and practically important source of uncertainty: variabil-
ity induced by initialization noise. This question is motivated by the obser-
vation that many methods produce visually cleaner maps through smooth-
ing, integration, or higher-level aggregation, which can easily create the im-
pression of stability. However, visual smoothness does not imply robustness
across independently trained models. In Part I, we therefore study to what
extent common gradient- and perturbation-based methods vary under re-
peated training runs and show that initialization noise can remain substan-
tial even for methods such as SmoothGrad, GradCAM, integrated gradients,
and SHAP/LIME-style explanations.

2.1 Interpretability of Neural Networks

9
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Finally, a growing body of work suggests that interpretability also depends
on the features learned during training. In particular, models trained under
robust, generative, or explicitly interpretable regimes often yield explana-
tions that are more semantically aligned with human expectations [4, 58].
This motivates applying attribution methods not only as a visualization tool,
but also as a means of studying how training objectives and model classes
shape the features that are ultimately used for prediction.

Machine Learning in Cloud Prediction and
Weather Forecasting

Numerical Weather Prediction (NWP) involves using physical models based
on fluid dynamics and thermodynamics equations to simulate the atmos-
pheric evolution. These models take initial states from reanalysis data and
use time-stepping schemes to forecast future conditions. While NWP has
led to major advances in forecasting skills, it struggles with sub-grid-scale
processes, especially those involving cloud microphysics. Traditional ap-
proaches rely on bulk microphysical parameterization to estimate quantities
such as optical thickness or cloud cover. However, these models tend to fail
to resolve the fine-scale spatial structure. This has motivated the use of
machine learning (ML) both as a supplement and alternative for traditional
NWP in tasks such as cloud estimation, parameterization and nowcasting.

Recent advances in ML have opened new pathways for modeling cloud pro-
cesses and weather forecasting. Convolutional neural networks (CNN), in
particular, have been applied to cloud classification [67], satellite-based cloud
segmentation [8] and short-term prediction of cloud evolution using satellite
data [36]. However, most of this work either treats the problem as image
translation or classification, without grounding their model in physical vari-
ables like reanalysis data.

Beyond CNNs, generative models are emerging as powerful forecasting tools.
SATcast applies a conditional diffusion model to predict vapor channel evo-
lution from satellite data and FuXi NWP forecasts, achieving skillful cloud
predictions up to 8 hours ahead [7]. Chase et al. [6] use score-based diffusion
models to predict clouds and precipitation up to three hours using satellite
data. These methods generate sharper, more realistic outputs compared to
deterministic CNNs and outperform optical flow extrapolation in both RMSE
and structural similarity.

Chapter 2 Foundations



2.3

Hybrid approaches try to blend physical simulations with neural compo-
nents [38] or learned parameterization of cloud processes [5]. Meanwhile,
large-scale ML forecasting systems like Pangu-Weather [3], FuXi [55] or
GraphCast [27] demonstrate that deep models can rival NWP skill in broad
atmospheric fields, but their treatment of cloud microphysics remains
limited, often relying on learned correlations rather than physical drivers.

Purely neural approaches combine satellite images and weather forecast
data obtained from deep-learning weather [55] predict future cloud fields
by using diffusion models [7]. While promising, these approaches typically
lack interpretability.

Most prior work focuses on end-to-end forecasting or cloud classification, of-
ten treating the problem as image translation without physical grounding;
our approach reframes cloud reconstruction as an information extraction
task. Rather than replacing physical models, we investigate how much pre-
dictive signal is embedded in coarse atmospheric fields and which physical
variables drive cloud structures over space and time. By evaluating attribu-
tion consistency across space and time, we aim to link learned representa-
tions back to physically meaningful drivers, bridging data-driven modeling
and scientific insights. The results can be found in Part II.

(Cloud) Information in Physical Models of
Atmospheric Conditions

Classical numerical weather prediction and climate models operate on com-
paratively coarse spatial grids and therefore explicitly represent only mo-
tions and processes on the resolved scales. In current large-scale atmosphe-
ric models, the effective horizontal resolution is typically on the order of sev-
eral tens of kilometers. On these scales, the fundamental state variables of
the atmosphere, such as horizontal and vertical wind components (u, v, w),
temperature (7)), pressure (p), and water vapor (g,), are represented explic-
itly. Cloud processes, however, largely occur on smaller scales and are there-
fore not resolved directly. Instead, their effects on the resolved atmospheric
state must be represented through parameterizations.

For non-convective clouds, the formulation is usually based on rate equa-
tions in terms of ordinary differential equations. The resulting model vari-
ables typically include mean mass concentrations of water vapor (g,), liquid

2.3 (Cloud)Information in Physical Models of Atmospheric Conditions
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water (¢;), and ice (¢;). For practical interpretation and output, the condensed
phases are often expressed as cloud liquid water content (clwc) and cloud ice
water content (ciwc), respectively. While the details of cloud processes may
dramatically differ between parameterizations [see, e.g., 41], the basic prin-
ciples are included in all formulations.

At a basic level, cloud formation is controlled by the large-scale thermody-
namic state of the atmosphere. The resolved variables p, T, and ¢, determine
whether air is close to saturation and thus whether phase transitions be-
tween water vapor, liquid water, and ice are favored. Vertical motion is par-
ticularly important in this context: upward motion leads to adiabatic cooling,
which increases relative humidity and can initiate condensation and cloud
formation. Conversely, large-scale subsidence tends to warm and dry the air
and therefore suppress cloud formation. From this large-scale perspective,
one would therefore expect clouds to be preferentially associated with as-
cending motion and to be less likely in regions dominated by subsidence.

However, cloud evolution also depends on a wide range of small-scale mi-
crophysical processes (as e.g. nucleation, collision, breakup). These pro-
cesses can produce complex cloud structures and organization patterns [e.g.
54]. As a result, the relationship between resolved atmospheric conditions
and the resulting cloud field is neither simple nor deterministic at the lo-
cal scale. Even if the large-scale environment contains relevant information
about cloud formation, this information is indirect, distributed, and filtered
through unresolved dynamics and microphysics.

This creates a central challenge for physically based cloud prediction. On
the one hand, clouds are not explicitly resolved and their detailed structure
cannot be inferred directly from coarse atmospheric fields alone. On the
other hand, those same coarse-scale fields do contain physically meaning-
ful information about the thermodynamic and dynamical conditions under
which clouds form and evolve. Different cloud regimes and characteristic
cloud patterns are indeed associated with different large-scale environments
across the globe. The key question is therefore not whether coarse-scale at-
mospheric variables contain cloud-relevant information, but how much of
this information is present, how it is distributed across variables and spatial
context, and to what extent it can be extracted for prediction.

Chapter 2 Foundations
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3.1

Overview

Chapter 3 to 6 are based on the paper:

“Initialization Noise in Image Gradients and Saliency Maps”

A.-C. Woerl, J. Disselhoff, and M. Wand

In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2023, pp. 1766-1775.

Several text passages and images are taken directly from there. The exper-
imental setting was designed in collaboration with Micheal Wand and Jan
Disselhoff. I implemented the whole software pipeline, performed and eval-
uated the experiments, and wrote the main parts of the manuscript. Due to
duplications in related work, the foundations are transferred to Chapter 2
and can be reviewed there.

This part provides a methodological analysis of neural networks as in-
struments for scientific information extraction. We focus in particular
on gradient-based saliency methods as a class of attribution techniques
and examine how variability induced by model initialization affects their
reliability.

The results demonstrate that attribution maps can exhibit substantial in-
stability across randomly initialized but otherwise equivalent models. Con-
sequently, a systematic treatment of initialization-induced variability is re-
quired if neural networks are to be used as robust tools for extracting scien-
tifically meaningful information.

Abstract

In this work, we examine gradients of logits of image classification CNNs by
input pixel values. We observe that these fluctuate considerably with the
initial random initialization of the networks (after training). We extend our
study to gradients of intermediate layers, obtained via GradCAM, as well as

15



3.2

16

popular network saliency estimators such as DeepLIFT, SHAP, LIME, Inte-
grated Gradients, and SmoothGrad. While empirical noise levels vary, qual-
itatively different attributions to image features are still possible with all of
these, which comes with implications for interpreting such attributions, in
particular when seeking data-driven explanations of the phenomenon gen-
erating the data. Finally, we demonstrate that the observed artifacts can be
removed by marginalization over the initialization distribution by simple
stochastic integration.

Introduction

Deep neural networks have revolutionized pattern recognition, detecting
complex structures at accuracies unheard of just a few years back. Unsur-
prisingly, the newly gained ability to model complex phenomena comes at
costs in terms of interpretability — it is usually not obvious how nonlinear,
multi-layer networks reach their conclusions. Correspondingly, a lot of
research has focused on developing interpretation methods for explaining
how deep networks make decisions [21], and this often takes the form of at-
tributing decisions to subsets of the data. In the case of image classification,
this usually leads to saliency maps highlighting the image area containing
decisive information [49, 39, 48, 45, 56, 51].

Strong classifiers trained from example data combined with suitable attribu-
tion methods have opened up a new approach to empirical research: under-
standing phenomena by interpreting learned models [17]. We often know of
posterior outcomes (for example, tumor growth rates or treatability with cer-
tain medication) but do not understand how these are related to prior data
(say, findings from histological tissue samples). If we are able to train a strong
classifier that can predict posterior outcomes from prior data, an attribution
method could potentially explain which aspects of the data predict this out-
come (for example, which visual features in the histology indicate a negative
or positive therapeutic prognosis [63]), thereby providing new insight into
the phenomenon at hand.

For these kinds of research approaches, the classifier might only be an aux-
iliary tool: In terms of attribution, we are not primarily interested in ex-
plaining how the classifier reaches its decision (which, of course, would be
highly relevant when studying potential data leakage or the fairness of deci-
sions [46, 9]), but our actual goal is to accurately characterize which features

Chapter 3 Overview
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Fig. 3.1.: Logit-by-image gradients (ResNet18 on "Imagenette" [@2]). First column:
reference image; second column: mean over 50 models, column 3-4: single
models with random initialization.

in the data are related to the phenomenon to be explained. Ultimately, it is, of
course, impossible to be sure whether an ad-hoc classifier (even with great
statistical performance and hypothetical perfect attribution) actually does
exploit all relevant information (and only this), but we would, of course, in
such cases, make an effort to avoid wrong or incomplete information or mis-
attributions that we are already aware of.

The main insight and contribution of this chapter is to point out one such
source of fluctuations in attributions, the impact of which, to the best of our
knowledge, has not yet been documented in literature so far: In nonlinear
CNNs, image gradients of network outputs can contain significant initializa-
tion noise (Fig. 3.1). The level of such noise, i.e., information unrelated to

3.2 Introduction
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the data itself, often exceeds the level of the attribution signal, and variabil-
ity includes coarse-scale variations that could suggest qualitatively varying
attributions. Surprisingly, this still holds (and can even be worse) for more
sophisticated attribution techniques, including popular approaches such as
SHAP [31], LIME [39], DeepLIFT [48], or Integrated Gradients [56]. Even class
activation maps (including top- and intermediate-level GradCAMs [45], the
former to a lesser degree) can be affected by noise to an extent that could
alter coarse-scale attribution.

Exploring the phenomenon further, we observe that gradient initialization
noise grows with depth, is rather weak in simple convex architectures (lin-
ear softmax regression), and dampened stochastically for wide networks (as
suggested by the known convexity in the infinite-width limit [14, 30]). This
indicates that nonlinearity and nonconvexity might play an important role
in causing the problem by either amplifying numerical noise (for example,
from SGD) or convergence to different local minima.

We further show that initialization noise artifacts can be removed by mar-
ginalization over the initialization distribution [61], which in practice can be
implemented with simple stochastic integration: By averaging the results of
tens of independently initialized and trained networks, signal to noise levels
can be brought to acceptable levels.

Chapter 3 Overview
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Method

This chapter presents the methodological framework used to analyze the ro-
bustness of saliency methods. It introduces the attribution techniques con-
sidered in this work, describes the marginalization approach used to reduce
initialization-induced artifacts, and defines the signal to noise framework
that serves as the main quantitative measure of attribution stability.

Saliency Maps

We begin by giving some formal definitions. We denote the input of the net-
work as vector z € R A neural network computes a map f; : R? — RC,
where C is the dimension of the output; in our experiments we consider only
classification, so C also denotes the number of classes. # € R% describes the
parameters of the network. In practical settings, the values for # are the result
of a training process. Formally, the result is dependent on the initialization
weights 6, the data set D, and training hyperparameters, such as optimizer,
batchsize, learning rate, as well as the random choices such as the ordering
of batches. We use T to denote the function that transforms initial into final
parameters using data D, § = T'(6y, D). In this view, both 6, and 7" are random
variables, drawn from distributions 6y ~ p(6y),T ~ p(T).

We now define a saliency method as a deterministic map
S¢, i R — RY 4.1)

that takes an input vector x and returns an output of the same shape, with
the goal of “explaining” the behavior of fy by highlighting salient entries in
z [1].

Taking the influence of training and initialization into account, the salience
mapping becomes
ng(l') = SfT(QO,D)(:L‘)’ 4.2)
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Fig. 4.1.: Typical influences on saliency methods. When such methods are used to
explain phenomena, the influence of factors extrinsic to the problem (here
in blue) should be minimized. While biases in a dataset can be seen as
extrinsic factors, the underlying true distribution is intrinsic to the phe-
nomenon.

i.e., fp is completely determined given training randomness 7" ~ p(7'), ini-
tialization 6, ~ p(6y), and dataset D. In this formulation, the result of the
saliency map depends not only on the input z, but on the training scheme,
initialization, dataset, and architecture encoded in f. (see Fig. 4.1)

Most of these values describe unwanted influences on the saliency map if we
are looking for patterns belonging to the problem that is modeled. In other
words, the choice of architecture or initialization does not influence the un-
derlying patterns of the phenomenon of interest, but it still has an influence
on the saliency map. In the following, we will call factors that can influence
the saliency map but are independent of the phenomenon extrinsic, while
factors that belong solely to the phenomenon are intrinsic. Depending on
the specific problem, even the dataset and its sampling can contain extrinsic
information we might want to remove; however, in this work, we treat D as
fixed, non-random information.

Note that saliency methods that are implementation agnostic — or even treat
the model as a blackbox - can still be influenced by such extrinsic factors,
as architecture and initialization fundamentally influence which function is
learned by the model. In general, we want to minimize the effect of these
extrinsic factors in order to produce a clear signal of the phenomenon of
interest.

Chapter 4 Method



4.2

4.3

Bayesian Marginalization

In a Bayesian view, irrelevant random factors can be removed by margin-
alization [61, 17], i.e., integrating the joint distribution over all variants. For
noise introduced from initialization and random training choices, this is sim-
ple. We just estimate the mean saliency map as

1= Egyrap(0n) Tp(1) [S (100 )] (4.3)

Note that ; € R? is again vector in input shape (i.e., in our experiments, an
image). In order to quantify the level of noise, we also compute the pixel-wise
variance o € R? of the saliency maps:

2

0% = Egymp(00) 1p(1) [S (F1(60) ) — 1] (4.4)

Remark: An ideal approach should also remove the extrinsic influence of
the choice of architecture. However, marginalization over architecture is
difficult conceptually (what would be an appropriate general set of architec-
tures?) and computationally. For this reason, we restrict ourselves to remov-
ing initialization noise (and gain the insight that this already has substantial
influence). Our computation does, however, capture training randomness
due to stochastic batch gradient descent. In our discussion, we will simply
subsume this under the notion of “initialization noise” for simplicity. Hyper-
parameters are also still treated as non-random constants.

Stochastic Integration

The integrals in Eq. (4.3) and Eq. (4.4) are extremely high-dimensional;
thus we resort to stochastic integration. As most saliency methods provide
bounded results (either implicitly or explicitly) the per-pixel variance is
also bounded [47]. Thus, the central limit theorem applies and we obtain
stochastic convergence of the mean (Eq. (4.3)) at a rate of O(1/y/n) when
averaging over n independently initialized and trained models. Experiments
(Fig. 5.1) are also visually consistent with estimates stabilizing quickly.

4.2 Bayesian Marginalization
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Signal to Noise Ratio

In order to quantify variability due to initialization noise, we compute a
signal to noise ratio (SNR), given by.

SNR = [#ll2. 45)
ol

where ||z||2 := />, #? denotes the standard ¢,-norm for vectors, i.e., we di-
vide the norm of yx by the total standard deviation over all pixels, respec-
tively.

The SNR does not reveal the structure of the noise; a high SNR could hypo-
thetically also be caused by high-frequency fluctuations that do not lead to
qualitatively different judgments. We therefore also perform a visual exa-
mination to confirm the potential for variability in structure. We do not try
to formalize this, as perceptual image comparison metrics are still an open
field of research [69] and an objective quantification of structural differences
might, if at all, only be possible with specific knowledge of the application do-
main.
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Experiments

We now assess the influence of initialization on saliency maps experimen-
tally. All experiments were conducted on a single commodity PC equipped
with an AMD Ryzen 9 5900X CPU, 128GB of RAM and an Nvidia GeForce RTX
3090 GPU. Deep networks were implemented using PyTorch.

As data sets, we consider CIFAR10[26], FashionMNIST [66] and “Imagenette”
[@2] at a resolution of 128 x 128. The latter is a subset of 10 distinct classes
from the Imagenet dataset. As our experiments require a large number of
models to be trained, we chose Imagenette as a compromise between com-
plexity and computational cost.

In terms of networks, we restrict ourselves to the VGG19 architecture [50]
and the ResNet18 and ResNet101 architectures [20] as popular feed-forward
CNN architectures, as well as a simple custom CNN-design for testing the
influence of width and depth. In all three cases, we use the standard im-
plementation from torchvision; for VGG19 on Imagenette we replace ReL.Us
with softplus to examine the effect of alternative activation functions.

Analysis of Input Gradients

First, we investigate the behavior of input gradients, i.e.,

St,(x) ==V fo(x) (5.1

As function f, we consider the full network up to the logits; we omit the fi-
nal softmax-layer, as it can be easily seen that the input gradients vanish
at class-label output probabilities of zero or one, which renders the prob-
ability gradients even less suitable for saliency detection. To prove this, let
o(z); = ¢7/y, % be the softmax-output with z; := f(z); denoting the i-th logit.
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Fig. 5.1.: Examples for experimentally calculated approximations for » and o (gra-
dient maps from Fig. 3.1). Increasing the number of models quickly leads
to a stable estimate for both.

Following the chain rule, the input gradient for the class-label output is then
given by

Vio(2)i = Va [zfz;%] (5.2)
J
=o0(2); [szi - Z U(Z)jvxzj] . (5.3)

J

As the class-label output probability approaches zero or one, Eq. (5.3) con-
verges towards zero. We compute the logit-gradient analytically using the
built-in automatic differentiation of pytorch.

Gradients are not only an early saliency method but are also often used for
empirical studies of deep networks as well as as a basis for more elaborate
methods [2]. Therefore, their behavior is of particular interest.

Chapter 5 Experiments
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Fig. 5.2.: signal to noise ratio (SNR) of Imagenette classes. The values are produced
using ResNet18. Each colored dot corresponds to a single sample. The dot-
ted line describes the overall average SNR.

We train 30 ResNet18 models with random He initialization up to a valida-
tion accuracy of 87.4 - 89.1 %. For training, we use ADAM-Optimizer [25]
and One-Cycle-LR-Scheduler [52] with a maximum learning rate of 0.01. We
chose this combination for its fast convergence and good generalization per-
formance, exceeding for example simple step-decay+SGD by a substantial
margin at roughly one-tenth of the cost.

Signal to noise ratios: Table 5.1 provides mean SNR-values over the valida-
tion part of the datasets based on 30 models. We consistently obtain values
below one (in the range of 0.44...0.59), i.e., the noise is more prominent than
the actual saliency signal, roughly a factor of two.

Fig. 5.1 displays the norm of the mean (||x||2, red/lower curve) and standard
deviation (||o||2, blue/upper curve) over an increasing number of models. The
four plots correspond to the samples in Fig. 3.1. Both the norms of mean
and standard deviation appear to converge already after averaging a small
number of models. The characteristic drop in the norm of the mean indicates
the presence of uncorrelated noise.

5.1 Analysis of Input Gradients

25



26

Fig. 5.2 illustrates the SNR for all images of the validation set of Imagenette
over 30 ResNet18-models. The 10 different classes are plotted in different
colors. The mean SNR over all images is approximately 0.59, with noise be-
ing 70% larger than the signal (indicated by the black dashed line). The SNR
varies for different classes; however, an analysis of the softmax predictions
shows that there is no correlation between the quality of the prediction and
the SNR. Repeating this experiment with VGG19 and ResNet101 shows a simi-
lar pattern of the SNR for different classes but at an even worse (lower) level,
which might already suggest that deeper architectures tend to be noisier.

Qualitative comparison: Fig. 3.1 shows input gradients for four random im-
ages. The first column displays the input image, the second column shows
the mean gradient, and the last two columns show the gradients of two sin-
gle models, picked manually for variability. As one can see, the specific input
gradients for different models differ significantly from each other and from
the mean; in some cases (e.g., golf ball in row three), the attributed area has
almost no overlap and differs drastically from the mean.

Since there is no generic metric to capture the human perception, we decide
to use a second metric for verifying our results. We rely on the established
structural similarity index measure (SSIM), which is (in particular) less sus-
ceptible to purely high-frequency noise (unlike SNR). Fig. 5.3 compare SSIM
and SNR for different saliency methods calculated on the four examples of
Fig. 3.1. The ranking by SNR and SSIM are qualitatively similar (with a devi-
ation to the worse for LIME) so we choose SNR as a metric.

Discussion: Marginalization removes the variability, but it is important to
stress that the value of input gradient as a saliency method is still limited
due to its well-known conceptual issue of often not detecting key features of
a class [56, 2]). Our results, however, caution against the treatment of raw
gradients as properties of the data examined. A substantial amount of the
information depicted originates from the initialization, not the data.

Training protocol: Having trained the networks with “superconvergent”
one-cycle might raise the concern that gradient noise might be an artifact of
accelerated training. To eliminate the concern of the results being caused by
numerical issues of the chosen training scheme, we repeat the experiment,
training additional 30 instances of a ResNet18 on Imagenette with stochastic
gradient descent with a learning rate of 0.01 for 30 epochs and a step decay
of 0.5 after epochs 15 and 25. The resulting networks perform a little worse
than networks trained with “superconvergence” but we obtain a similar SNR

Chapter 5 Experiments
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Fig. 5.3.: SSIM values show a qualitatively similar behavior to SNR, with LIME de-
viating a bit to the worse (computed for the four example images from
Fig. 3.1.)

value (0.79), so it is unlikely that the seen results are due to numerical issues
specific to ADAM or one-cycle.

Optimization vs. initialization: Noise can be categorized into initialization
noise and optimization noise. In order to analyze their effects, we trained an
ensemble of ResNet18 models with fixed initialization for each instance. This
resulted in an improved SNR compared to varying initialization (average SNR
varying: 0.694 vs. average SNR fixed: 0.830). However, a visual examination
of the saliency maps revealed that even with fixed initialization, there were
variations in feature localization.

Influence of Architectural Parameters

Next, we study the influence of depth, width and amount of nonlinearity on
the noise level. Previous experiments have already suggested that depth in-
creases initialization noise. For a systematic study, we run experiments on
the FashionMNIST dataset as its low complexity allows comparing many ar-
chitectures at an acceptable computational cost. The dataset contains 48.000

5.2 Influence of Architectural Parameters
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Fig. 5.4.: SNR for different architectures. Increasing the width tends to increase the
SNR, while adding depth and sources of non-linearity tend to decrease SNR.

training images and 12.000 validation images divided into 10 different classes
of cloth.

We vary width and depth, and toggle sources of nonlinearity: Starting from
a baseline model of a single 3 x 3 convolution layer followed by a linear clas-
sifier, we iteratively add more layers and/or increase the number of feature
channels in the convolutional filters. We also compare networks with and
without max-pooling, and with and without ReLU layers.

Width is varied from 4 to 128 filters, while depth varies from a single to 4
convolutional layers. For every combination of these parameters, we train
20 networks with random initialization and calculate the mean SNR over the
complete validation set.

Results are shown in Fig. 5.4. The number of channels (width) used in the
first layer is plotted on the x-axis, while the y-axis indicates the mean SNR
over all validation samples. The solid lines refer to linear networks without
ReLU activation, while the dashed lines correspond to networks with ReLU
activation.
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(a) Input Gradients (b) DeepLIFT (c) SHAP

(d) LIME (e) GradCAM (top)
(f) GradCAM (intermediate) (g) Integrated Gradients (h) SmoothGrad

Fig. 5.5.: Comparison of saliency maps for multiple saliency methods on differently
initialized models. All methods show variability in the produced results.
First column: mean over 30 models, column 2-3: single model with random
initialization.

Width and depth: In each architecture, increasing the width w improves
SNR, visually consistent with a \/w-increase due to the averaging of multiple
computation paths. Depth decreases SNR consistently, as already expected
from the previous experiments.

Linear vs. nonlinear: The most prominent result is the significant drop in
SNR once nonlinearities are introduced (with max-pooling and ReLUs both
showing similar effects). The convex 1-layer and 2-layer with averaged pool-
ing without non-linearity show the best SNR by a large margin. Interestingly,
improvements are also visible for the convex networks, indicating that some
initialization noise due to imperfect optimization might still be present, al-
though at a much lower level than in nonlinear architectures. Our observa-
tions show that both nonconvexity and nonlinearity increase initialization
noise (including non-convex [28] linear multi-layer networks, solid-yellow-
triangle curve). The results are in principle consistent with both an amplifi-
cation of numerical noise as well as convergence to different local minima
as the main source of noise.

Activation functions: One might conjecture that non-smooth activations
might be a source of noise. For this reason, we employ softmax in the VGG19-
results on Imagenette in Table 5.1, with results not differing qualitatively
from ReLU, indicating that results hold for alternative, sufficiently nonlin-
ear activation functions.

5.2 Influence of Architectural Parameters

29



5.3

30

VGG19 ResNetl8 ResNet101

Input Gradient 0.436 0.555 0.435
Integrated Gradient* 0.612 0.742 0.744
Smoothgrad** 0.627 0.789 0.878
GradCAM (top) 0.816 1.593 1.373
GradCAM (interm.) 0.612 1.112 0.680
SHAP 0.252 0.365 0.308
DeepLIFT 0.453 0.628 0.554
LIME** 0.609 0.772 0.826

(a) CIFAR10

VGG19 ResNetl8 ResNet101

Input Gradient 0.585 0.589 0.444
Integrated Gradient* 0.725 0.695 0.577
Smoothgrad** 0.724 0.681 0.470
GradCAM (top) 1.370 2.363 3.171
GradCAM (interm.) 0.748 1.171 1.253
SHAP 0.418 0.386 0.327
DeepLIFT 0.978 0.650 0.587
LIME** 0.919 0.997 0.982

(b) Imagenette

Tab. 5.1.: Mean SNR over validation set for different saliency methods and model ar-
chitectures. Due to increased computational costs we use only a subset for
methods marked with “*” (10% of the validation set) and “**” (50 random
samples of validation set).

Normalization methods: Normalization layers are crucial for stabilizing
generalization performance in deep learning. To assess their impact on noise
levels, we conducted experiments using two ensembles of ResNet18 models:
one with batch normalization (BN) and the other with instance normaliza-
tion (IN). The results showed that the alternative normalization method had
only minimal differences in performance (average SNR of BN: 0.694 vs. IN:
0.702).

Further Saliency Methods

So far, we have only studied plain image gradients of logits. While conceptu-
ally important, gradients are not very suitable for attributing network de-
cisions. We thus extend our experiments to several popular saliency ap-
proaches that operate by perturbations that resemble augmented gradient or
finite difference computations. Specifically, we run DeepLIFT, SHAP, LIME,
Integrated Gradients, GradCAM and SmoothGrad on top of Integrated Gra-
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dients. For this experiment, we use ensembles of 30 models for estimating
mean and variance.

Signal to noise ratios: Table 5.1 shows the resulting SNR values on Ima-
genette and CIFAR10 for different architectures. Strikingly, only GradCAM
was able to achieve an SNR above 1. Lower layer GradCAMs (tested on 2nd
lowest ResBlock-layer of four) fare, expectedly, worse than top-level visual-
izations.

On CIFAR10, Residual Networks seem to consistently generate better SNR val-
ues than VGG19, but this pattern does not hold on Imagenette. Notably SHAP,
which has a strong theoretical justification, performs the worst. This might
not be surprising, as our results do not imply that any of these methods is a
bad saliency method, but that saliency methods in general tend to capture
information about the model, and not the phenomenon modelled. A high
specificity to the most relevant features exploited by the model might there-
fore plausibly increase the visibility of the influence of initialization.

Qualitative comparison: Again, in order to understand the practical impli-
cations, we search through example images manually for particularly large
variations (as these might lead to misinterpretations). Fig. 5.5 shows exam-
ples of varying saliency maps for different methods and initialization, ap-
plied to the dog (“English Springer”) image in the center. The first column
of every subfigure shows the mean saliency map over 30 models, while the
second and third columns display the saliency map of two manually cho-
sen networks (an exhaustive account is provided in the supplementary ma-
terial). The reduced variability of top-level GradCAM is clearly visible, but
even here, different initializations might lead to attributions distinct enough
that they might conduct to inconsistent interpretations (in particular, taking
into account the low resolution of the output). Intermediate-level GradCAM
and the popular SHAP and LIME show strong structural differences.

5.3 Further Saliency Methods
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Implications for
Saliency-Based
Interpretability

Assessing our overall findings, it is very important to state that this work at
its core shows a negative result: Saliency maps based on gradients as well as
popular more sophisticated attribution methods vary substantially with net-
work initialization. Consequently, it cautions the reader to draw conclusions
about the nature of the phenomenon observed from single model instances
only, as some of the structures obtained originate in initialization random-
ness rather than uniquely reflecting training data properties. Also, the ob-
served variability does not imply that attribution results are wrong, but we
can be sure that they must be at least incomplete at times.

Importantly, one should also not make the converse conclusion: While mar-
ginalization is able to reliably dampen initialization noise to obtain clearer
signals! this eliminates only one but not all potential extrinsic factors (such
as architectural limitations and hyperparameters), and cannot address con-
ceptual limitations such as the limited sensitivity of gradient-based saliency
maps.

If marginalization is not possible (for example due to the increased training
costs), the (popular) top-level GradCAM results appear to be least affected
by initialization noise. Nonetheless, the lower-level variability we have ob-
served might still be problematic in certain critical applications.

Limitations & Future work: Our work studies only a limited range of data
sets and architectures, and counter-examples in Fig. 1 and 6 are manu-
ally curated. As these serve primarily as counter-examples, we consider this
nonetheless sufficient to show the presence of a potential problem. However,
a study of a broader class of attribution methods (such as masking-based

! Averaging 50 networks yields a 7-fold and 30 networks a 5.5-fold increase in signal to noise
ratio (SNR) by the \/n~'-law, pushing all SNR values well above 1.0.
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and attention-based methods) as well as strongly divergent architectures
(such as vision transformers [12]) is still subject to future work.

The employed marginalization technique is rather inefficient; more sophis-
ticated schemes for sampling network ensembles exist already in the litera-
ture [61]. Our approach has been motivated by simplicity and elimination of
hidden dependency, not practical efficiency.

A broader study of external randomness due to choices of architectures and
hyper-parameters would also be an interesting direction for future research,
aiming at drawing attribution conclusions in a more automated fashion.

Chapter 6 Implications for Saliency-Based Interpretability



PART 11

INFORMATION EXTRACTION IN THE
CONTEXT OF CLOUD STRUCTURES







7.1

Overview

Chapter 7 to 10 are based on the following paper:

“What Atmospheric Data Knows About Clouds: An Information-Theoretic
Approach”

A.-C. Woerl, M. Wand, and P. Spichtinger

In preparation

Several text passages and images were taken directly from it. The experi-
mental setting was developed in collaboration with Michael Wand and Peter
Spichtinger. I implemented the whole software pipeline, performed and eval-
uated the experiments, and wrote the main parts of the manuscript. Due to
duplications in related work, the foundations are transferred to Chapter 2
and can be reviewed there.

This part moves beyond viewing neural networks as purely predictive mod-
els and instead treats them as diagnostic tools for extracting structured in-
formation from high-dimensional atmospheric data.

We argue that generalization across spatial and temporal shifts as well as
across different physical entities can serve as an empirical filter for iden-
tifying transferable information content, thereby distinguishing physically
meaningful dependencies from memorization effects. Within this frame-
work, gradient-based saliency methods are applied to the reconstruction of
cloud structures in order to localize and quantify the atmospheric variables
most relevant for cloud formation.

Abstract

Understanding and accurately modeling the formation of clouds in Earth’s
atmosphere remains a challenging problem in atmospheric physics. While
the fundamental physical components are known, our understanding of the
overall picture remains incomplete due to its inherent complexity, which
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arises in particular interactions of many different processes at vastly differ-
ent scales.

In this work, we address this problem area by asking a targeted question:
How much does an atmospheric model, represented in a simulation or re-
analysis, actually “knows” about the clouds that will form? And, possibly,
which aspects of the atmospheric state are most critical for determining the
outcome. We view the question from an information-theoretic rather than
physical point of view: Given data about certain physical conditions in the
atmosphere, how much can this tell us about clouds forming, and which pa-
rameters are particularly sensitive, i.e., would affect the outcome the most if
altered? Answering such questions purely based on statistical dependencies
has become possible with modern representation learning methods based on
deep networks. Deep learning nowadays permits building remarkably pre-
dictive models from example data for many different natural phenomena. As
such a data-driven approach is able to learn unmodeled structures and de-
pendencies, it has, in principle, the potential to even outperform a carefully
designed physical model.

Our statistically learned model reconstructs and predicts cloud structures
observed by satellites, taking atmospheric reanalysis data (and, optionally,
predictive simulation data) as input. The model accurately predicts 2D cloud
images, significantly outperforming the optical thickness estimates derived
from the actual physical model. Curiously, withholding several of the physi-
cal input fields from the models during statistical learning often shows sur-
prisingly little impact on prediction accuracy, suggesting that information re-
quired for predicting clouds is imprinted in a distributed fashion in the data
when in an information-theoretic perspective when taking statistical knowl-
edge about the distribution of real-world atmospheric conditions into ac-
count. The study also explores prediction of future cloud formations, demon-
strating the model’s capacity to forecast cloud structures, with varying de-
grees of temporal degradation in accuracy across different climate regimes.
Finally, in order to study the sensitivity of the learned regressor to parameter
changes, gradient-based saliency methods are applied, which yield attribu-
tions that seem to align with basic physical principles.

Chapter 7 Overview



7.2 Introduction

Clouds play a critical role in shaping the weather and climate systems
on Earth. Precise modeling of cloud microphysics is essential for reliable
weather forecasting and climate modeling. However, the physical models
that underlie weather and climate predictions often struggle with this task
due to the complexity of cloud processes and their interaction across differ-
ent timescales and spatial scales. A major goal for the field of atmospheric
physics is to achieve a deeper understanding of the underlying physical
processes.

Traditionally, cloud processes are most often modeled using physically mo-
tivated parameterizations. This means a coarser-scale simulation is coupled
to an effective model that tries to describe the smaller-scale effects of clouds
at this coarse scale. Despite drawing from decades of expertise and experi-
ence, these types of approaches still struggle to make accurate predictions in
some regimes, and yet more research is required to understand the limita-
tions better. Our work tries to provide an unconventional perspective on this
question, using the newly available tools from statistical learning with deep
networks.

We try to understand how much information on cloud structures can actu-
ally be found in such a model - in our case, we use the Integrated Forecast
System (IFS) of the European Center for Medium Term Weather Forecast-
ing (ECWMEF). Thereby, information is understood operationally, not in a
Shannon sense. We employ a statistical, purely data-driven approach: We
use machine learning with deep networks (a simple/classical U-Net variant)
and apply it to reanalysis (ECWMF ERAS5, training, and inference) and sim-
ulation (IFS forecasts, inference only) data as input. Satellite observations
(NASA Aqua/Terra 2D images in the visible spectrum, taken over open wa-
ter) provide the “ground-truth” outputs, for training and evaluation. The
question then becomes whether we would be able to extract more accurate
information about cloud structures from the inputted atmospheric data
using regression than what the underlying physical model itself suggests.
Specifically, we study

(1) How well can we reconstruct the appearance of clouds from coarse-scale
physical simulation data?

(2) How well does the model generalize across (a) space, time, physical
variables, and data sources, and (b) how much does accuracy degrade with
lead times in case of predicting future cloud formation?

7.2 Introduction
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(3) What insights into the underlying physical processes can we gain by
studying how the statistical model operates?

We find the answer to question (1) to be quite surprising: The statistical model
almost universally outperforms the physical model by a significant margin
(roughly an average factor of 1.4 in normalized cross-correlation (NCC)).
While it might not be surprising that a learned model, which can learn
unmodeled effects in addition to the physical rules included in the model,
can perform better, the magnitude of the improvement seems quite substan-
tial.

Question (2) examines how generalizable the statistical models are: We (a)
investigate geographical generalization by training models in restricted
regions and testing them elsewhere, revealing high contrasts between re-
gions. While models trained in temperate zones often generalize well across
different climates, those trained in the tropics tend to specialize in these
conditions. Next, we assess physical quantity generalization by limiting the
model’s input to subsets of physical variables, which again, yields surprising
results: Despite this reduction, performance drops only modestly in most
cases, suggesting that relevant physical information is redundantly encoded
across multiple variables and distributed in the data.

When asking (b) how far into the future current atmospheric states retain
predictive power, we obtain results that strongly vary by region, with tem-
perate zones showing a more rapid decay in predictability than the tropics.
Nonetheless, the statistical model still outperforms the physical optical thick-
ness with zero lead time when itself subjected to lead times of up to ~20h in
the North Atlantic and for several days in the tropics.

Further, as an additional sanity check concerning generalization, we apply
the model originally trained on reanalysis data to numerical forecasts out-
side the scope of the training data. While this question is interesting on its
own, as it resembles an actual operational application scenario, we also run
this experiment to exclude potential data leakage from data assimilation as a
potential hidden causal: ERAS includes the same satellite data (Aqua, Terra)
our model tries to predict during its data-fitting procedure in the reanalysis,
thus posing a risk of data leakage. However, we find that our statistical model
is still able to consistently outperform physical baseline forecasts by a sub-
stantial margin in the predictive setting, indicating that it captures generaliz-
able, physically meaningful patterns rather than simply learning to “decode”
information imprinted during reanalysis.

Chapter 7 Overview



Finally, with respect to question (3), investigating the internal logic of the
model, we use gradient-based attribution methods to estimate the impor-
tance of each variable and spatial region for the prediction. While such meth-
ods are known to be problematic in understanding supervisedly-trained dis-
criminative models, the regression problem in our application domain is
more suitable for gradient-based sensitivity estimates. The resulting saliency
patterns are consistent with established physical understanding — highlight-
ing, for example, the role of humidity at medium model levels and surface
temperature. For moderate lead times, these attributions shift with wind
patterns, potentially indicating a sensitivity to humidity transport. While
no causal proof, these findings suggest that the model captures physically
meaningful dependencies in a fully data-driven manner. However, we do not
find any apparent novel or particularly surprising patterns in this sensitivity
analysis.

In summary, with an objective to understand physical models better, this
work frames cloud modeling as an information-theoretic problem rather
than as systems of differential equations grounded in physics and shows
that data-driven models can exceed physical parameterization in accuracy,
reveal interpretable links to known physical processes, and demonstrate
that cloud information is encoded redundantly in physical fields. The con-
clusion, and answer to our initial question, is that the simulation actually
“knows” more about clouds than the physical model it is built from when
taking the distribution of real-world atmospheric conditions into account.

7.2 Introduction

41






8.1

Data and Methods

This chapter introduces the data, models, and methodological framework
used to analyze cloud reconstruction from atmospheric state variables. In
addition to the technical setup, it defines the information-theoretic perspec-
tive adopted in this part and describes how interpretability and visualization
are used to study cloud-relevant information in the data.

Data

ECMWF Reanalysis v5 (ERA5): In our work, we try to predict cloud struc-
tures based on physical conditions. Therefore, we use the ERAS5 dataset [@1]
of global atmospheric reanalyses (i.e., a best fit of an atmospheric simula-
tion against most available observational data). It offers high-resolution data
with a spatial resolution about 31 kilometers (0.25 degrees in longitude and
latitude) and hourly temporal resolution. For vertical resolution, we choose
model levels, which resolve the atmosphere from the surface up to a height
of approximately 24 kilometers. The ERA5 dataset covers a variety of phys-
ical quantities. We want to focus on the most general relations between en-
tities and minimize the influence of predefined knowledge, so we restrict
ourselves to the most basic ones: temperature ¢, specific humidity ¢, cloud
liquid and ice water content clwc respectively ciwe, horizontal wind compo-
nents u, v, and vertical velocity w. ERA5 provides a scalar cloud cover field,
representing cloud density at various model levels. A simple estimate of a 2D
cloud image can be obtained by integrating in height; however, we use the
recommended optical thickness estimate to compute the model’s prediction
of a 2D top view of clouds.

Optical Thickness: As a baseline, we use the optical thickness derived from
ERAS data. Optical thickness describes the reduction in radiation intensity
due to scattering and absorption by cloud particles and is calculated by in-
tegrating the extinction coefficients vertically. In our formulation, contribu-
tions from liquid and ice phases of clouds are treated separately and then
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Fig. 8.1.: Geographical segmentation of the globe into 39 equally-sized regions
mostly over water, highlighted in pink. These regions are used to train and
evaluate a neural model to predict cloud structures.

combined along the vertical dimension. Further details can be found in Ap-
pendix A.

Satellite Images: To obtain the visual appearance of clouds, we use satel-
lite images obtained from polar orbiting satellites Terra and Aqua, hosted
by the NASA. These satellites capture multi-spectral imagery in various spec-
tral bands, providing comprehensive coverage of Earth’s surface and atmo-
sphere. In this work, we restrict ourselves to two-dimensional, true color-
corrected reflectance images provided by NASA’s Global Imagery Browse Ser-
vices (GIBS) [@3] which correspond to natural-looking images by combining
visible bands from the satellite. The satellites cross each location on Earth
two times a day. Since we are interested in the visible spectrum, we only use
the daytime passing.

Integrated Forecasting System (IFS): In addition to ERA5, we also use a
second source of physical approximation data — the forecasts produced by
the ECMWTF based on its Integrated Forecast Model, IFS. We should first note
that ERAS itself uses IFS as its underlying dynamical model, i.e., the physi-
cal representation matches directly. When used in forecast applications, the
forecasts combine assimilated initial conditions to simulate the likely evo-
lution of the atmosphere (we do not consider ensembles in this paper, only
the main run). To evaluate our model’s ability to generalize beyond reanal-
ysis data and mitigate the influence of data assimilation (particularly from
satellite imagery), we use IFS forecast outputs as an alternative input source.
Forecasts are initialized at 00:00 and 12:00 UTC, and we extract hourly lead
times from 7 to 48 hours, covering six representative days throughout 2014.
To ensure comparability, we use the same spatial resolution, physical vari-
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ables, and preprocessing steps as for ERA5. All evaluations are restricted to
oceanic regions to maintain consistency with our main training domain.

Data Preparation: Cloud structures are medium-scale phenomena that do
not extend over the entire globe. For this reason, we divide the world into
smaller regions of 30° longitude and 20° latitude and run our algorithm on
these subpatches. To avoid the distortion at the polar caps, we limit our-
selves to the range of 60° South and 60° North. To clearly separate the clouds
from the background, we only consider regions that are mostly over water.
Fig. 8.1 shows the resulting tiling with used regions highlighted in pink. Vari-
ations in brightness and contrast from different incident solar illumination
remain in the images; we thus employ a scale-normalized matching function
(normalized cross-correlation (NCC), see sect. 8.3) to facilitate invariance. We
use 7 years of data (2014-2020), split into training and validation sets, and
map satellite and ERA5 data accordingly, using the spatial resolution from
ERAS for our satellite images as well. To avoid memorizing effects, we use
one whole year (2014) as a validation set that the model hasn’t seen in the
training stage. To reduce the amount of necessary memory and computa-
tion time, we only use every second model level, resulting in 49 levels per
physical quantity. We justify our selection by the fact that the vector fields
of individual height layers exhibit minimal variation, making every second
level sufficient to capture the atmospheric conditions accurately.

Model Architecture

Cloud Structure Prediction: If cloud fields solely rely on physical condi-
tions, then reconstructing them from reanalysis data becomes a question of
extracting the relevant information embedded within these quantities. Con-
ventional approaches, such as optical thickness calculations, use a suitable
optical model to integrate over liquid and ice water to generate cloud fields.
In contrast, our statistical model uses a purely data-driven approach and
trains a regression model to learn these mappings directly. This allows us
to test not only the feasibility of reconstruction but also the extent to which
physically meaningful cloud structures are inferable from coarse atmosphe-
ric data.

As a regression model, we use a U-Net architecture ([40], see fig. 8.2 for de-
tails), which is a convolutional neural network commonly used for segmen-
tation tasks. The architecture consists of a contracting path that captures

8.2 Model Architecture
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Fig. 8.2.: Schematic of our model using atmospheric data to predict satellite cloud
images. The model uses an U-Net architecture, down- and upscaling the
input four times.

context and an expansive path that enables precise localization. The archi-
tecture’s skip connections allow for the combination of high-level features
with low-level spatial information, making it well-suited for reconstructing
complex structures like clouds from atmospheric data. Our model is trained
to predict the appearance of cloud fields as seen by satellites, using a com-
bined loss of mean squared error and structural similarity. This combination
ensures both capturing the large, underlying structure of clouds while en-
couraging the model to consider smaller details. We use ERAS5 reanalysis data
as input, treating it as the best available approximation of the atmospheric
state. Thereby, the model operates on high-dimensional subpatches of shape
¢ x w X h =343 x 120 x 80, where ¢ represents seven physical variables across
49 vertical levels stacked together. Grayscale satellite images of shape 120 x 80
serve as the target. We train our network for 35 epochs, employing an ADAM
optimizer [25] and integrating a one-cycle learning rate scheduler [52] since
latest research has shown this strategy to improve learning speed.

Horizon of Predictability: Beyond showing that current atmospheric data
contains enough meaningful information to predict cloud formations, we
aim to quantify the temporal persistence of such information - i.e. how far
into the future relevant atmospheric signals remain decodable for cloud for-
mations. To explore this, we select satellite observations at a target time ¢,
and combine them with physical data from earlier time points ¢ = ¢y — t1,
where ¢; ranges from one to 96 hours. This setup enables us to evaluate how
predictive information decays over time, providing an accurate representa-
tion of the time horizon within atmospheric data remains useful for fore-
casting cloud structures. We would like to emphasize that we are not using

Chapter 8 Data and Methods



8.3

a forecasting model, but rather time-fixed reanalysis data with a time lag to
predict cloud images.

Evaluation Metrics & Algorithms

Normalized Cross-Correlation: To evaluate the quality of our cloud struc-
ture prediction, we use the NCC [19] to measure the similarity between our
prediction and the real satellite image. The NCC is a commonly used measure
capturing linear correlation between two images, yielding outputs between
—1and 1. Itisinvariant to shifts and scaling of either of the signals compared
(i.e., invariant under changes in brightness and contrast of the images con-
sidered). This is crucial for our application as we do not normalize data for
incident solar illumination.

Multi-Scale Structural Similarity Index Measure: Another possibility of
quantifying the quality of our predictions is the structural similarity index
measure (SSIM) [59] that evaluates the structural similarity between images.
While the SSIM is based on a single scale, an extended version, the multi-scale
structural similarity index measure (MS-SSIM) [60], compares images across
multiple scales, providing a more comprehensive and nuanced assessment.
Unlike the original approach, where the results from different scales are
summed to produce a single value, we also treat each scale independently,
considering them separately in our analysis to gain more detailed informa-
tion about the accuracy on different scales. In contrast to NCC, SSIM is not
fully invariant to global brightness and contrast shifts, but is robust against
moderate changes in illumination, making it suitable for our application.

Multidimensional Scaling: “Classical” multidimensional scaling (MDS) is a
dimensionality reduction technique that embeds a set of data points into
a lower-dimensional space while preserving the pairwise dissimilarities as
closely as possible [57]. By providing a low-dimensional visualization, it sim-
plifies the analysis and interpretation of complex, high-dimensional data. We
apply metric MDS to a symmetric distance matrix derived from model per-
formance differences, allowing us to visualize generalization relationships
between geographically trained models.

8.3 Evaluation Metrics & Algorithms
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Information-theoretic Background

A central concept of this work is the measurement of information about cloud
formation contained in atmospheric state variables. Importantly, we do not
attempt to quantify abstract information-theoretic quantities such as Shan-
non entropy or mutual information. Instead, we adopt an operational defi-
nition of information based in decodability: An atmospheric variable is said
to contain information about cloud structure if a statistical model trained
on atmospheric data can reliably reconstruct cloud patterns from it. Infor-
mation is therefore the part of the input signal that can be systematically
transformed into accurate predictions of cloud appearance.

This definition has several implications. First, information is not treated as
an intrinsic property in isolation, but as a relational quantity between in-
puts and a specific prediction target. Second, the measured information con-
tent depends on the expressiveness of the model class used for decoding.
Consequently, the estimated information should be interpreted as model-
dependent and task-specific.

All models employed in this work are regression-based predictive models
rather than generative models. This restriction ensures that reconstructed
cloud structures must be inferred from statistical dependencies present in
the input variables. The models cannot freely generate cloud patterns inde-
pendent of the provided atmospheric fields. Under this predictive setup, re-
construction accuracy provides an empirical lower bound on the decodable
information about clouds contained in the atmospheric data. If a sufficiently
expressive regression model fails to reconstruct certain structures, this indi-
cates that the corresponding information is either weak, non-systematic, or
not accessible within the chosen representation framework.

Saliency Analysis

Interpreting the behavior of neural networks remains a fundamental chal-
lenge, since these models encode complex, non-linear functions in a high-
dimensional parameter space. From a information-theoretic perspective, we
try to answer the question which parts of the input contribute most signif-
icantly to the predictive output of the model. To address this, we employ
saliency-based attribution methods, which use gradients of the model’s out-
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put with respect to the input feature, thereby offering a proxy for informa-
tion flow through the network.

Classically, such methods trace how perturbations in input space would
alter the output, identifying regions that the model thinks most informa-
tive. Lately, saliency maps have been critiqued for their reliability to reveal
causal connections between input and output in classification tasks ([1],
[62]). Other work indicates that this phenomenon can be attributed to the
process of learning incomplete features. Subsequent work has shown that
interpretability improves when models are trained under generative or ad-
versarially robust regimes ([4], [58]), since this guides the network to learn
a more comprehensive set of features. In our setting, where the network
learns to reconstruct cloud structures rather than assign discrete class la-
bels, the regression-based formulation provides a more natural context for
meaningful attribution.

Our analysis is based on a U-Net architecture. Due to its hierarchical en-
coding and decoding paths, the U-Net architecture possesses a large recep-
tive field and is able to capture multi-scale dependencies. The choice of a
U-Net reflects the hypothesis that cloud-relevant information is spatially dis-
tributed and multi-scale rather than local. To trace these dependencies, we
compute input gradients for each output pixel, yielding saliency maps of
shape 343 x 120 x 80, representing the model’s sensitivity to each physical
variable across space and altitude.

However, the high dimensionality of these maps introduces significant com-
putational and memory overhead. To mitigate this, we restrict the attribu-
tion analysis to a spatial neighborhood of 30 x 30 pixels around each out-
put pixel (approximately 900 kilometers in Earth distance), under the as-
sumption that the influence of distant regions is marginal. We then normal-
ize saliency maps across channels to emphasize relative importance among
physical fields and simplify comparisons across regions. This process is visu-
alized in fig. 8.3 and forms the foundation for extracting dominant informa-
tion flows in cloud structure prediction.

Visualization

As a useful side product of the analysis pipeline, we developed an interac-
tive visualization tool to facilitate the exploration and interpretation of the
high-dimensional attribution data. The tool combines direct visualization

8.6 Visualization
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Fig. 8.3.: Saliency maps are generated using model prediction and pixelwise back-
propagation. The resulting saliency maps are cropped and normalized af-
terwards.

of individual attribution maps with dimensionality reduction and clustering
techniques, thereby supporting both detailed case-based inspection and the
identification of broader structural patterns.

A central challenge is the sheer number of saliency maps produced by the
model. Since every output pixel is associated with its own attribution map,
even a single 120 x 80 image together with a 30 x 30 attribution window yields
thousands of high-dimensional explanations. A direct manual inspection of
all these maps is therefore impractical. The visualization tool was designed to
address this problem by linking local attribution information for individual
pixels to more compact summaries across the full dataset.

The tool supports both volumetric (3D) visualization of attribution maps and
reduced 2D summaries. In the 3D view, attribution values are displayed in
their spatial context, allowing the user to inspect how contributions are dis-
tributed across the attribution window and across altitude levels. To sup-
press visually distracting low-magnitude responses and emphasize the dom-
inant structures, a threshold can be applied to the 3D representation, which
hides small attribution values. For the 2D summary, attribution values are
aggregated along the horizontal dimensions and considered separately for
each physical quantity. The resulting altitude-dependent relevance profiles
are normalized and displayed as vertical curves with highlighted relevance
ranges, providing a compact view of which variables and heights are most
informative for the selected prediction. While this projection substantially
simplifies interpretation, it necessarily discards information about the hori-
zontal spatial distribution of attribution.
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Fig. 8.4.: Screenshot of the visualization tool. The panels show (1) altitude-resolved
atmospheric profiles with attribution summaries, (2) the geographic and
observational context including satellite image, estimated optical thick-
ness, and model output, (3) a three-dimensional attribution map, and
(4,5) clustering-based analysis of attribution maps in reduced-dimensional
space.

To move beyond individual attribution maps, the tool also includes a global
analysis of attribution patterns across all output pixels. For this purpose,
Principal Component Analysis (PCA) is applied to the attribution maps in or-
der to extract dominant modes of variation. The resulting low-dimensional
representation reveals common structural patterns and enables clustering of
similar attribution configurations. In this way, the tool connects single-pixel
explanations to broader families of attribution behavior.

Fig. 8.4 provides an overview of the visualization tool, which consists of five
linked visual elements designed to support interactive interpretation of the
model’s internal information usage:

1. Vertical Profile Viewer (top-left): Displays altitude-resolved profiles
for key meteorological variables, including temperature, specific hu-
midity, horizontal and vertical wind components, cloud liquid water
content, cloud ice water content, and cloud cover. These profiles pro-
vide insights into the vertical structure of the atmosphere and cloud
formation processes at the selected location. Orange bars highlight
the variables and altitudes that the model thinks are most informative
based on saliency.

8.6 Visualization
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2. Geographic Context Panel (center): Provides the spatial context of
the selected sample by comparing the input satellite image, the esti-
mated optical thickness, and the model reconstruction. The orange
cross marks the output location for which the attribution analysis is
currently shown.

3. 3D Attribution Map (right): Visualizes the attribution values in three
dimensions, making it possible to inspect how relevant input informa-
tion is distributed spatially and vertically around the selected output
pixel. This view forms the basis for the condensed vertical summaries
shown in panel 1.

4. Clustering Panel (bottom-left): Shows representative clustering re-
sults for attribution maps after dimensionality reduction. This makes it
possible to identify recurring attribution structures and compare how
different samples are grouped.

5. PCA Embedding (bottom-right): Displays a two-dimensional PCA pro-
jection of the attribution maps. Colors indicate cluster membership and
correspond to panel 4, providing an overview of how attribution pat-
terns are distributed across the dataset.

Overall, the visualization tool serves both as a diagnostic interface and as a
hypothesis-generating instrument. It enables domain experts to inspect in-
dividual attribution maps, compare them across locations and samples, and
relate recurring attribution structures to known physical processes.
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Results

This chapter presents the main empirical results on cloud reconstruction
and information extraction from atmospheric data. It first evaluates the pre-
dictive quality of the neural network models and then studies how cloud-
relevant information generalizes across regions, variables, time, and data
sources.

Cloud Structure Prediction

Accurate weather forecasting depends on good representations of cloud mi-
crophysics, which is by now only understood incompletely. We approach this
challenge through a data-driven lens, aiming to recover cloud structures by
learning directly from observations and reanalysis data. Rather than rely-
ing on explicit physical equations, we train a regression model on ERAS re-
analysis data to extract the predictive information implicitly encoded in the
atmospheric state. As a reference, we compare our model’s output against
conventional optical thickness calculations derived from physical approxi-
mations.

Fig. 9.1 presents qualitative and quantitative comparisons across four clima-
tologically different regions. We choose these regions to capture a range of
atmospheric dynamics, from the highly variable North Atlantic to the more
stable Equatorial zone, the South Pacific, and the Indian Ocean. Each triplet
includes true satellite imagery (center), our model’s prediction (left), and the
optical thickness estimate (right). To objectively evaluate quality, we calcu-
late normalized cross-correlation (NCC) and multi-scale structural similarity
index measure (MS-SSIM) scores for all samples for both our prediction and
the optical thickness. They are shown beneath each image triplet.

Both - the visual inspection and the calculated metrics — show that our model
provides a better representation of the overall cloud structure even if finer
details are not perfectly captured. This suggests that traditional physical-
based equations underutilize available information, while data-driven
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Fig. 9.1.: Comparison of cloud structures generated from our model against the
satellite image and the optical thickness for different regions on Earth.

Alongside a visual comparison, we calculate the NCC and the MS-SSIM. Left:
Our model prediction, Middle: Satellite image, Right: Optical thickness
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Fig. 9.2.: Distribution of NCC scores on satellite validation data comparing the opti-
cal thickness baseline derived from ERA5 and the proposed nowcast model.
The model consistently achieves higher correlation values, indicating im-
proved cloud reconstruction performance.

approaches can uncover richer structure embedded in the atmospheric
fields.

We further validate these findings by evaluating the NCC across the entire
validation dataset, shown in fig. 9.2. Our model (magenta) achieves a mean
NCC of 0.76, significantly outperforming optical thickness baseline (gray) at
0.54. Looking at the distribution of NCC values reveals a narrower spread for
our model, indicating not only a better average performance but also greater
robustness across diverse atmospheric conditions.

Although the performance gains are significant, it is important to acknowl-
edge the limitations of our model. The model may fail to localize cloud fea-
tures, particularly small-scale details. As expected, it also cannot overcome
the band limitation of the input data, thus cannot reconstruct sub-grid-scale
signals that would still be visible in the (higher resolution) satellite images.
It seems plausible that this is impossible due to the insufficient resolution
of ERAS5. Our model is not generative (i.e., it is intentionally just a regressor
and does not learn a probability distribution as its output). Thus, it only pre-
dicts averages and does not attempt to fill in plausibly structured (in partic-
ular small-scale) information that cannot be reconstructed deterministically
from data.

Generalization

To assess whether our learned models truly extract transferable information
rather than merely memorizing, we design four complementary generaliza-
tion tests:
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First, we investigate geographic generalization by training and evaluating
the models across distinct climate regimes. This analysis examines whether
predictive relationships learned in one region remain informative in others,
thereby testing whether the extracted dependencies reflect local artifacts or
broader physical structures.

Second, we analyze physical quantity generalization by systematically vary-
ing the set of atmospheric input variables. This allows us to evaluate how
predictive information is distributed across different physical variables and
to identify which quantities contribute robustly to accurate cloud reconstruc-
tion. In this context, informativeness is interpreted as the contribution of a
variable to transferable predictive performance.

Third, we address temporal generalization by introducing time lags between
atmospheric inputs and cloud targets. This experiment probes how long pre-
dictive information persists in the atmospheric state and whether the model
captures temporally stable dependencies rather than instantaneous correla-
tions.

Finally, we test data-source generalization by evaluating the trained models
on an independent input source, i.e. numerical weather forecasts produced
by the Integrated Forecasting System (IFS). Since reanalysis and forecast data
differ in their construction and error characteristics, consistent performance
across both datasets provides evidence that the model relies on physically
meaningful relationships rather than dataset-specific artifacts.

Taken together, generalization across regions, time scales, physical inputs,
and data sources acts as an empirical information filter. Only those input-
output dependencies that are stable under these distribution shifts can be
considered transferrable. In this operational sense, successful generalization
indicates that the model captures structured information embedded in the
atmospheric state, rather than memorizing patterns tied to a specific dataset
or sampling configuration.

Geographical Transferability

To derive physical meaningful conclusions from machine learning models,
it is essential to demonstrate that predictive performance does not arise
from memorization effects. Beyond enforcing a strict temporal separation
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between training and validation data, we therefore asses geographical
generalization.

We train 39 distinct models M;, each restricted to a single geographic region
(see fig. 8.1 for selected regions). Each model is subsequently evaluated on
all other regions V;. Cross-regional performance is quantified using both NCC
and MS-SSIM, enabling a systematic assessment of transferability across cli-
mate regimes.

To illustrate the diversity in generalization behavior, we focus on two con-
trasting cases: model My, trained over the North Atlantic mid-latitudes, and
model Ms;, trained in an equatorial region. Fig. 9.3 shows their relative av-
erage performance compared to the optical thickness baseline, where red
indicates improvement and blue indicates deterioration.

Model My, trained in the mid-latitudes, generalizes robustly across most re-
gions, particularly within temperate climate zones, outperforming the base-
line by up to 0.2in NCC (fig. 9.3a). However, its performance decreases toward
tropical regions and parts of South America.

In contrast, model Ms;, trained near the Equator, achieves strong perfor-
mance within tropical regions but deteriorates noticeably toward the poles
(fig. 9.3b), in several cases even underperforming the physical baseline.

These contrasting behaviors are consistent with known differences in atmos-
pheric dynamics across climate regimes. Mid-latitudes are characterized by
a high variability (e.g. frontal zones, continental influence, meridional tem-
perature gradients) of atmospheric conditions. Training in such dynamically
diverse environments may expose the model to a broader spectrum of cloud-
forming mechanisms, thereby encouraging the learning of more transferable
representations.

In contrast, tropical regions are often dominated by persistent, large-scale
convective activities with comparatively homogeneous vertical structures.
While this can yield high predictive accuracy within similar dynamic envi-
ronments, models trained exclusively under such conditions may learn rep-
resentations that are less adaptable to regimes affected by different physical
processes.

It is important to note that the optical thickness baseline itself exhibits re-
gional performance variations. In tropical regions, where large, homoge-
neous convective cloud systems dominate, the baseline performs relatively
well. In temperate zones, however, cloud structures are typically flatter and
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Fig. 9.3.: Comparison of two regional models trained on: (a) the North Atlantic
(model M,) and (b) the Equator (model Ms5). Each model is evaluated in
all other regions. Colors represent the relative improvement in NCC over
the optical thickness baseline.

more heterogeneous, reducing baseline accuracy. Consequently, smaller ab-
solute improvements relative to the baseline in tropical regions do not neces-
sarily indicate weaker model performance; rather, they reflect a strong base-
line in those regimes.

Beyond analyzing individual cross-regional performances, we aim to iden-
tify broader structural patterns in geographic generalization. Specifically, we
investigate whether regions exhibit similar global transfer behavior when
their locally trained models are applied elsewhere.

To this end, we represent each model M; by its full cross-regional perfor-
mance vector, defined as the set of absolute NCC scores obtained when eval-
uating M; on all regions V;. This vector can be interpreted as the model’s gen-
eralization profile, capturing how its predictive capability transfers across
different climate regimes. Pairwise distances between these profiles are com-
puted to quantify similarities in transfer behavior.

The resulting distance matrix is symmetrized and normalized, and we apply
multidimensional scaling (MDS) to obtain a two-dimensional embedding that
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Fig. 9.4.: Similarity analysis of geographical generalization behavior using NCC and
MS-SSIM metrics as distance measurements. MDS is used to provide a sim-
plified 2D representation, revealing similarity clusters.

approximately preserves the original similarity structure (fig. 9.4a). In this
embedding space, models with similar generalization behavior appear close
to each other. For improved interpretability, we cluster the embedded points
and assign cluster labels that are subsequently projected back onto their ge-
ographic locations (fig. 9.4b). Models that do not clearly belong to any cluster
are marked in gray.

The spatial projection reveals a distinctive latitudinal banding pattern: Mod-
els trained at similar latitudes tend to exhibit similar generalization behav-
ior. This indicates that large-scale atmospheric variability, which is strongly
structured along zonal bands, plays a dominant role in shaping the transfer-
ability of learned representations.

While clustering results depend on the chosen algorithm and hyperparame-
ters, the latitudinal organization of the embedding proves robust across dif-
ferent methods. In our analysis, we use DBSCAN from Scikit-learn [13, 43]
with min_samples of 3 and eps of 0.12, but similar banding patterns emerge
under alternative clustering choices.

Interestingly, models trained in the southern mid-latitudes, particularly be-
tween 20° and 40°S, achieve the highest overall generalization performance,
while models trained in equatorial regions generally exhibit weaker gener-
alization. This observation reinforces the findings from the representative
models M, and Ms;, and is consistent with the hypothesis that highly dy-
namic atmospheric regimes promote the learning of more transferable rep-
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resentations. Regions characterized by comparatively homogeneous large-
scale dynamics, on the other hand, appear to produce models that are locally
specialized but less globally adaptable.

These findings suggest that the geographical composition of the training data
plays a crucial role in shaping generalization properties. Rather than train-
ing on isolated regions, selecting training domains that span dynamically di-
verse latitudinal bands may promote broader transferability across climatic
regimes.

Variable-wise Information Redundancy

Next, we address a fundamental question from an operational information-
theoretic perspective: To what extent is predictive information about cloud
structures redundantly distributed across atmospheric variables, and how
much can be reconstructed from isolated signals? To explore this, we con-
struct a series of minimal models, each trained using only a single atmosphe-
ric variable from the original multivariate input set; i.e. temperature, specific
humidity, cloud liquid and ice water content, horizontal wind components
and vertical velocity. If multiple physical variables independently allow re-
construction of similar cloud structures, this indicates that cloud-relevant
information is distributed and redundantly encoded within the atmospheric
state.

For each regional model M/;, we therefore train seven corresponding min-
imal models MM, .., €ach using only a single atmospheric variable
var € {t,q, clwe, ciwe,u, v, w}, corresponding to temperature, specific humid-
ity, cloud liquid water content, cloud ice water content, zonal and meridional
wind components, and vertical velocity, respectively. This setup allows us
not only to quantify overall redundancy, but also analyze how redundancy
patterns vary geographically. The quality of each minimal model M M; .,
is assessed via its NCC score on the full validation dataset and compared to
the corresponding multivariate model M;. Fig. 9.5 shows the deterioration
in NCC performance relative to the full multivariate model, averaged over
samples for different regions.

As expected, restricting the input to a single variable reduces performance.
However, several minimal models retain substantial predictive capability,
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Fig. 9.5.: Average NCC drop for minimal models trained on a single physical quan-
tity compared to the full-input baseline. Specific humidity and ice water
content contributes the most to reconstruction accuracy, especially in the
tropics.

particularly in tropical regimes. This indicates that, in these regions, cloud-
relevant information is strongly concentrated in individual physical quan-
tities and can be decoded even in isolation. In contrast, the largest perfor-
mance deterioration is observed in the mid-latitudes. This suggests that cloud
formation in these regions depends more strongly on the joint configuration
of multiple atmospheric variables, rather than being redundantly encoded
in single fields.

Among all variables, specific humidity contributes the most to cloud recon-
struction quality across regions. This aligns with the physical expectation,
since cloud formation fundamentally depends on moisture availability and
condensation processes. Liquid water content outperforms ice water con-
tent, consistent with the global predominance of liquid clouds, which cover
approximately 60 — 70% of the Earth’s surface, compared to roughly 20 — 30%
for ice clouds [37]. Temperature shows decent predictive capacity in tropi-
cal regions but contributes less in mid-latitudes, suggesting that temperature
alone is insufficient to capture the dynamical complexity of extratropical
cloud systems. Among wind variables, vertical velocity retains a measurable
predictive signal, reflecting its role in convective lifting processes, whereas
horizontal wind components exhibit the weakest isolated performance. This
indicates that advective structure alone is less informative without accom-
panying thermodynamic context.

Fig. 9.6 illustrates a representative example comparing all minimal models
for a scene near the Equator. The first column shows the observed satellite
image together with the corresponding model prediction in the middle, given
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Fig. 9.6.: Qualitative comparison of minimal models across scales. Example from
the Equator shows triplets of original satellite (left), the model’s prediction
(middle) and MS-SSIM scores for four different scales (right). All minimal
models capture the coarse structure but differ in the fine-grained details.

the calculated NCC above each image. To better capture subtle differences
beyond pixel-wise correlation, we additionally compute the MS-SSIM across
four resolutions. Starting from the native ERAS grid scale (31 km), the im-
age is successively downsampled by factors of two, yielding three increas-
ingly coarse representations. The resulting multi-scale similarity curves are
shown in the right panel.

The multi-variate model (gray curve) achieves the highest similarity across
all spatial scales, confirming that combining variables improves reconstruc-
tion consistently from coarse to fine structure. Among the minimal models,
the specific humidity model M 1/, comes closest to the full model at all res-
olutions. This indicates that moisture alone already encodes a substantial
fraction of both large-scale organization and fine-grained cloud texture in
tropical regimes.

Other models exhibit scale-dependent behavior. For instance, the vertical ve-
locity model M M,, captures much of the large-scale organization, as reflected
by competitive MS-SSIM values at coarse resolution, but deteriorates at finer
scales. This suggests that dynamical lifting contains information about meso-
scale structure but lacks sufficient thermodynamic detail to reproduce fine-
scale cloud variability. Similar scale-specific limitations are visible for other
isolated variables.
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Taken together, these results support the hypothesis that atmospheric vari-
ables encode cloud-relevant information in a partially redundant yet comple-
mentary manner. While specific humidity dominates in overall decodability,
other variables contribute structurally distinct components that become par-
ticularly relevant at certain spatial scales. The atmospheric state therefore
appears to store information about clouds in a distributed encoding, where
different physical fields emphasize different aspects of the same cloud sys-
tem.

We emphasize, however, that assessing similarity in high-dimensional cloud
images remains inherently challenging. Metrics such as NCC and MS-SSIM
provide quantitative guidance but should be interpreted alongside visual in-
spection. Future work should focus on disentangle cross-variable dependen-
cies more explicitly, for example by analyzing conditional contributions or
synergistic effects. Such investigations may help clarify how minimal predic-
tors can inform both data-driven modeling strategies and theoretical under-
standing of cloud formation processes.

Temporal Persistence of Predictive Information

While our initial analysis focuses on cloud field reconstruction based on at-
mospheric situation at time ¢;, we now investigate how far into the future
this information remains predictive. This allows us to operationally define a
horizon of predictability: the temporal boundary beyond which prior atmos-
pheric conditions no longer contain sufficient information to reliably recon-
struct future clouds.

We evaluate this across the same two meteorologically distinct regions as in
the previous section — the highly dynamic North Atlantic and the relatively
stable Equatorial zone. For both regions, we generate cloud field predictions
at time ¢, using physical input data from earlier times ¢t = ¢, — t;, where
t1 spans from 0 to 96 hours. A separate model is trained for each time lag.
Prediction quality is quantified using NCC with observed satellite images at
to.

Importantly, this setup does not try to measure forecast errors, but the
amount of predictive information about clouds in the future. Therefore, we
use reanalysis data as input — meaning the physical fields represent the true
atmospheric state at time ¢ — and combine them with actual satellite images
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at time ¢(. This isolates the temporal decay of predictive information in the
atmosphere from errors introduced by numerical prediction systems.

As shown in Fig. 9.7, the two regions exhibit markedly different temporal de-
cay patterns. Over the Equator, predictive accuracy declines gradually but
consistently remains above the optical thickness (at lead time zero) baseline,
even at extended time lags. This slow decay reflects the relatively persistent
large-scale organization of tropical convection and moisture fields, where
dynamical variability is weaker and thermodynamic structure evolves more
gradually. In contrast, the North Atlantic shows a rapid deterioration in pre-
dictive skill. After a 24-hour offset, the NCC drops below the baseline of the
optical thickness at lead time zero and continues to decline further. Beyond
roughly 48 hours, the atmospheric state at time ¢ becomes effectively unin-
formative for reconstructing cloud appearance at time ¢,. This sharp decay
is consistent with the strong dynamics in mid-latitudes, where cloud systems
reorganize on short timescales.

These results emphasize how regional atmospheric dynamics modulate the
persistence of predictive signals. Highly variable regions like the North At-
lantic limit the temporal reach of data-driven models, while more stable re-
gions such as the tropics retain predictive information over longer horizons.
Understanding this temporal structure of decodability has practical impli-
cations for data selection, model design, and the interpretation of learned
representations.

Cross-Dataset Generalization

Data assimilation combines numerical weather prediction models with ob-
servational data to produce the best available estimate of the atmospheric
state. Over oceanic regions — our area of focus — satellite observations domi-
nate the assimilation streams. As a result, ERAS5 reanalysis data incorporates
information from the same satellite instruments (e.g. Terra and Aqua) that
provide the cloud imagery used as ground truth in this study. This raises a
critical concern: a model trained on ERA5 might partially retrieve satellite-
imprinted information rather than learning physically meaningful relation-
ships between atmospheric variables and cloud structures. To address this
potential leakage, we evaluate our model on independent input data from
the IFS. Unlike reanalysis data, IFS forecasts progressively lose direct obser-
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Fig. 9.7.: Prediction quality measured in average NCC over increasing time lags be-
tween atmospheric input and observed cloud fields, comparing two cli-
matic zones. The North Atlantic shows a steep decline in accuracy after
24 hours, while the Equator retains meaningful predictive power up to 96
hours. Dashed lines show the optical thickness baseline for both regions.

vational constraints as lead time increases, making them less influenced by
the original assimilated satellite imagery.

Specifically, we evaluate the non-regional baseline model - trained on a
broad longitudinal stripe of ERAS5 data — on previously unseen IFS forecasts
for six representative days in 2014. These dates were selected randomly
a priori, not based on model performance. We use forecasts initialized at
00 : 00 and 12 : 00 UTC and focus on lead times between 7 and 48 hours.
This window minimizes the immediate influence of data assimilation while
avoiding excessive forecast degradation.

We first asses prediction performance via NCC between the model’s output
and satellite imagery, comparing IFS and ERAS5 data as input. It is important
to distinguish the temporal meaning of both inputs in this comparison. While
ERAS represents the best possible estimate of the atmospheric state at the
verification time, IFS inputs corresponds to true forecasts: the atmospheric
state evolved forward in time for 7-48 hours without further assimilation.
Lead time therefore applies only to IFS, not to ERAS.

Fig. 9.8 shows the mean NCC values averaged across IFS lead times between 7
and 48 hours, with the horizontal lines representing the overall mean. Within
the first hours, the model’s prediction quality remains relatively stable. As
expected, performance degrades with increasing IFS forecast lead time. Nev-
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Fig. 9.8.: Average NCC across varying lead times (7-48 hours) for ERA5 and IFS input
data. The model was trained on ERAS5 and generalizes to IFS inputs with
only moderate deterioration, demonstrating its ability to operate on fore-
cast data not seen during training.

ertheless, reconstruction quality remains robust. The model achieves a mean
NCC of 0.73 on ERAS5 and 0.65 of IFS.

From an information-theoretic perspective, this experiment functions as a
domain shift test. If the model had merely learned to decode assimilation
artifacts specific to ERAS5, performance would collapse when applied to IFS
input. The sustained predictive skill instead suggests that the learned map-
ping captures physically consistent patterns embedded in the atmospheric
state, rather than dataset-specific shortcuts.

To disentangle differences arising from forecast lead times and focus on the
impact of the input data source, we evaluate the model’s relative improve-
ment over physical cloud estimates represented by optical thickness. For
each input dataset, we compute the NCC between optical thickness and satel-
lite imagery and compare it to the NCC achieved by the neural network out-
put. The ratio between these two scores quantifies the additional informa-
tion extracted by the learned model beyond what is directly encoded in the
physical proxy. This relative improvement is calculated separately for ERA5
and IFS inputs.

Fig. 9.9 summarizes the results. The model consistently outperforms the opti-
cal thickness baseline. On average, using ERA5 input yields an improvement
of approximately 43%, while IFS input still results in a gain of roughly 38%.

To gain deeper insights, we analyze the improvements both as a function of
IFS lead time (fig. 9.9a) and as a function of geographic region (fig. 9.9b). The
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Fig. 9.9.: Relative prediction improvement over optical thickness baseline for ERAS5
and IFS. Please note that gains remain consistently positive; the statistical
model outperforms optical thickness significantly also in forecast setting.

key observation is the structural similarity between ERAS5- and IFS-driven
improvements. Across both lead times and regions, the neural network
consistently outperforms the optical thickness baseline for both input types.
This consistency indicates that the model’s predictive capability does not rely
solely on assimilation-imprinted satellite signals specific to ERAS, but instead
reflects learned features of physically meaningful atmospheric structure.

While the absolute NCC values show a slight decline towards longer lead
times, the relative improvement over the optical thickness remains stable
for both ERA5 and IFS input data. Across lead times, the improvements typ-
ically range between 20 and 50%, without a clear systematic dependence on
forecast range.

In contrast, fig. 9.9b reveals a pronounced latitudinal dependence. Near
the Equator, both ERA5 and IFS inputs show only modest improvements
(around 10% in NCC). The relative gain increase significantly toward the
poles,reaching values of roughly 40%. This pattern suggests that in trop-
ical regimes, optical thickness already captures a large fraction of the
cloud-relevant information contained in the atmospheric state. The neural
network can refine this estimate but adds comparatively limited additional
structure. In dynamically active mid- and high-latitude regions, cloud forma-
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tion depends on more complex interactions among atmospheric variables.
These nonlinear relationships are not fully represented by optical thick-
ness alone, allowing the neural network to provide substantially larger
improvements.

Since the high variability of optical thickness in terms to varying regions is
well known, we consider not only the relative change in prediction quality,
but also the absolute values. Fig. 9.10 displays the spatial distribution of the
average NCC values for both the optical thickness and the model’s predic-
tions using ERAS5 and IFS input data. The maps indicates that the physical es-
timation of optical thickness performs relatively well in tropical regions but
declines in the temperate zones, particularly in the Southern Hemisphere
(figures 9.10a and 9.10c). This pattern is less pronounced for IFS input data
but still visible. Conversely, the model achieves higher prediction accuracy
in these temperate regions than in the tropics, especially when applied to
IFS inputs. As a result, the overall improvement in cloud reconstruction is
more limited in tropical areas, where the baseline already performs well,
and more pronounced in regions where the physical model struggles. This
explains the drop in improvement for tropical regions.

These findings support the interpretation of neural networks as information
extraction tools that uncover physically meaningful structure in atmospheric
data rather than merely reproducing assimilated observational signals.

Attribution-Based Identification of Predictive
Variables

We have shown that reconstructing cloud fields from the current atmosphe-
ric state is not only feasible but also surpasses the performance of conven-
tional physical-based methods. In the framework of this thesis, such predic-
tive capability is interpreted as evidence that the atmospheric state contains
decodable information about cloud structures. However, despite their pre-
dictive success, neural networks represent complex nonlinear mappings im-
plicitly, which poses a significant challenge for interpreting the underlying
physical relationships. Moreover, the large volume of attribution data gen-
erated by pixel-wise explanations complicates systematic analysis.

To address these challenges, we apply gradient-based saliency methods to an-
alyze how the trained models utilize information contained in the atmosphe-
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(a) Regional averaged NCC of optical thickness for ERA5 showing high
performance in tropical regimes while being slightly worse espe-
cially in the South.
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(b) Regional averaged NCC of model’s output for ERA5 showing a
strong performance in all areas.
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(c) Regional averaged NCC of optical thickness for IFS showing weaker
accuracy.
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(d) Regional averaged NCC of model’s output for IFS showing good per-
formance with some weaknesses in the tropics.

Fig. 9.10.: Comparison of average NCC values per region calculated for different in-
put types (ERA5 vs. IFS) and methods (optical thickness vs. our model’s
prediction).
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Fig. 9.11.: Analyzing the attribution of our model for a specific situation in the south
pacific, regarding the PCA embedding.

ric input variables. Our custom visualization tool enables interactive explo-
ration of these saliency maps in both two- and three-dimensional represen-
tations, providing a first step toward understanding the informational path-
ways used by the model. Although the analysis is exploratory at this stage,
the results reveal consistent patterns that provide insight into the distribu-
tion of predictive signals across physical inputs. It should be emphasized that
saliency maps cannot identify physical causalities, but characterize how the
learned decoder utilized available information in the input space.

When generating saliency maps, a three-dimensional attribution map is pro-
duced for each input variable and output pixel within a defined spatial win-
dow. For our setup — with regions of 80 x 120 pixels and a 20-pixel offset —
this results in roughly 3, 200 saliency maps per example. To move beyond lo-
cal pixel-level explanations and identify broader structural patterns in these
high-dimensional attribution fields, we apply a two-dimensional Principal
Component Analysis (PCA) embedding to the aggregated attribution data.
This dimensionality reduction highlights the dominant modes of variation
in attribution space and enables a systematic comparison across spatial lo-
cations.

The resulting PCA embedding consistently reveals two well-separated clus-
ters (see fig. 9.11a), suggesting that the model distinguishes between at least
two distinct predictive regimes. This clustering pattern is robust across ex-
amples, although the spatial extent of each cluster varies. Some clusters re-
main tightly localized, while others span larger regions, reflecting the vary-
ing spatial footprints of underlying physical processes. More cluster exam-
ples are shown in the appendix B.1.
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A closer inspection reveals that these dominant attribution modes cor-
respond to two key physical drivers: near-surface temperature, which
modulates convection processes, and mid-tropospheric specific humidity
(up to approximately 12 km altitude), which governs moisture availability
for condensation and cloud formation. To further interpret these clusters,
we color-code the PCA points according to their spatial position — using a
gradient from green to red along the z-axis and increasing blue intensity
along the y-axis — and project these colors back onto the predicted cloud
fields (see fig. 9.11b). This visualization reveals a clear alignment between
attribution clusters and the presence or absence of cloud structures, con-
firming a strong link between the model’s internal attribution and physical
cloud regimes. Some examples of attribution maps for different regions are
shown in the appendix B.1.

Examining specific regions provides additional qualitative insights. For ex-
ample, in the South Pacific we observe distinct attribution patterns depend-
ing on the spatial relationship to cloud structures. Within clouds, the model
primarily attributes its predictions to near-surface temperature with a rel-
atively homogeneous spatial distribution (see fig. 9.12a). Near cloud edges,
attribution shifts toward specific humidity in the mid-troposphere (between
3-10 km altitude), while temperature contributions begin to reflect the spatial
outline of the cloud (see fig. 9.12b). In cloud-free regions containing scattered
"popcorn"-like structures, the attribution maps exhibit similarly fragmented
spatial patterns (see fig. 9.12c).

Given the known limitations of saliency methods, we also assess the robust-
ness of these findings by training 25 independent model instances and com-
paring their attribution patterns. Encouragingly, the mean attribution signal
remains largely stable across models, indicating that the dominant attribu-
tion structures are not driven by random initialization effects. In particular,
attribution signals at altitudes above 15 km appear only sporadically across
individual models and tend to vanish when averaged across the ensemble.
This behavior suggests that such high-altitude signals are likely artifacts of
training noise rather than physically meaningful relationships.

So far, our analysis has focused on explaining the factors that influence re-
construction of the current atmospheric state. However, a more consequen-
tial and still open question concerns which physical processes are most rele-
vant for predicting the future evolution of cloud fields. Identifying the tempo-
ral pathways through which predictive information propagates in the atmo-
sphere therefore represents an important direction for future research.

9.3 Attribution-Based Identification of Predictive Variables
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(b) Attribution for cloud prediction at the edge of a cloud.
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(c) Attribution for cloud prediction without a cloud.

Fig. 9.12.: Analyzing the attribution of our model for a specific situation in the south
pacific, regarding the attributions inside and outside a cloud.
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Insights into Cloud-Relevant
Information

Modeling the microphysics of cloud structures remains quite challenging, yet
it is crucial for improving weather forecasts and climate modeling. In this
work, we approached the problem from an information-theoretic perspec-
tive, analyzing the extent to which cloud structures can be reconstructed and
predicted using data-driven methods. We addressed the following three re-
search questions:

(1) How well can we reconstruct the appearance of clouds from coarse-
scale physical simulation data? We show that a convolutional neural
network trained on reanalysis data can reconstruct cloud formations with
higher accuracy than traditional physical estimates, such as optical thick-
ness. This suggests that the information needed for accurate cloud prediction
is embedded in the atmospheric state but not fully exploited by physical pa-
rameterizations. While fine-scale cloud features remain challenging to
resolve, this gap may narrow with higher-resolution atmospheric inputs.

(2a) How well does the model generalize across space, time, physical
variables and data sources? We systematically assessed four generaliza-
tion dimensions to probe the structure and distribution of predictive infor-
mation in the data. Analyzing a variety of different forms of generalization
offers new insights into the information contained in the data, potentially
informing physical research questions.

Testing our model on geographical regions it hasn’t seen before reveals dif-
ferent strong general patterns contained in atmospheric data. Our analy-
sis shows that generalization ability is highly related to latitudinal location.
While tropical regions tend to produce models that are highly specialized
for this climatic situation, temperate zones contain a more comprehensive
representation of cloud generating processes.

Through the use of minimal models — each trained on a single physical quan-
tity — we show that even isolated inputs such as specific humidity or temper-
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ature carry substantial predictive power. Among all variables, specific hu-
midity generally yields the highest reconstruction quality, though variabil-
ity across cases indicates that cloud predictability is governed by complex,
content-dependent interactions between variables. These findings highlight
the potential of machine learning to reveal latent structures not captured
by existing physical models as it is able to exploit hidden dependencies and
the constraints and structures of real-world data distributions that do not
cover the whole range of possible physical processes described by a hand-
crafted simulation model. It also shows that, under real-world data condi-
tions, the model actually "knows" more about the clouds in a statistical (i.e.,
information-theoretic) sense than a general physical model would suggest.

(2b) How much does accuracy degrade with lead times in case of pre-
dicting future cloud formation? We extend our analysis to the temporal
stability of predictive signals. Using atmospheric data from previous states,
we evaluated how well future cloud fields can be reconstructed. Results show
that predictive information degrades more rapidly in highly dynamic regions
(e.g., the North Atlantic), with the model’s skill falling below baseline levels
after about 20 hours. In contrast, in more stable regions such as the Equator,
meaningful predictions remain feasible up to 96 hours. This is in line with
the fact that the horizon of predictability is highly dependent on regional
meteorological variability.

Observational data is embedded into reanalysis data by data assimilation. To
exclude that our model only extracts this information previously embedded
into the data, we apply our model to a dataset it hasn’t seen during train-
ing, arising from Integrated Forecasting System (IFS). Comparisons against
the physical baselines confirm our model’s ability to improve cloud struc-
ture prediction. In addition to excluding data leakage, this might also point
towards a potential, promising direct application of such a model.

(3) What insights into the underlying physical processes can we gain?
While neural networks do not yield explicit, human-interpretable equa-
tions, we applied gradient-based saliency methods to analyze the internal
logic of our model. These methods highlight the most influential regions
and variables for cloud reconstruction. Our analysis consistently identi-
fies near-surface temperature and mid-level specific humidity as dominant
contributors — both known drivers of cloud formations. Importantly, these
findings are derived in a purely data-driven manner; illustrating how com-
putational tools can complement physical reasoning and help refine our
understanding of atmospheric processes.

Chapter 10 Insights into Cloud-Relevant Information



However, the results must be interpreted with caution. Gradient-based
saliency methods have inherent limitations: they indicate the direction of
change needed in the input to affect the output, but not the increase or
decrease of that change. Additionally, they emphasize regions with high
sensitivity, which does not necessarily equate to causal importance. As
demonstrated (quite vividly) by our minimal model experiments, other
physical effects — though less prominent in attribution maps - can still play
a significant predictive role. Thus, while saliency analysis provides valuable
clues, it should be seen as one layer of interpretation rather than a definitive
explanation.

Limitations and Future Work Currently, our model is restricted to oceanic
regions, where the distinction between clouds and surface is rather simple.
Extending the method to land regions will introduce additional challenges
and new techniques to include orography. While our approach does not
produce explicit physical equations, it provides valuable statistical evidence
about the encoding and flow of predictive information in the atmosphere.
It is rather general and can be applied in the future to other observational
sources — such as radar data, aircraft measurements or high-resolution sim-
ulations - to further enhance physical interpretability.
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RELIABILITY OF SALIENCY METHODS FOR
SCIENTIFIC INTERPRETATION







Conceptual Integration

In this part, we apply the fundamental robustness tests developed earlier to a
real-world application in order to evaluate the reliability of saliency methods
as diagnostic tools in practice.

In Part I, we established basic robustness criteria that saliency methods must
satisfy if neural networks are to be used as diagnostic instruments. Our anal-
ysis focused particularly on the influence of random model initialization in
image classification tasks. We found that saliency maps produced by both
gradient-based and more sophisticated attribution methods can exhibit sub-
stantial variability across independently initialized models. This variability
does not necessarily imply that attribution results are incorrect, but it in-
dicates that individual explanations may highlight incomplete or unstable
features. These findings emphasize the need for caution when interpreting
saliency maps and using them to extract scientific insights.

In contrast, Part II investigated neural networks as tools for extracting in-
formation from high-dimensional real-world data. Using models trained on
large-scale atmospheric datasets, we examined which aspects of cloud for-
mation are already encoded in the atmospheric state variables. By shifting
from traditional physics-based equations towards a data-driven approach,
we demonstrated that even isolated physical quantities carry substantial pre-
dictive information. These results highlight the potential of machine learn-
ing to uncover latent relationships that are not explicitly represented in ex-
isting physical models.

Taken together, these findings expose an underlying tension. On the one
hand, Part I shows that saliency maps can be highly unstable. On the other
hand, Part II suggests that these maps have the potential to reveal physically
meaningful structures in complex atmospheric data. This naturally raises a
critical question: if saliency methods appear to reveal interpretable physical
structures, to what extent can these interpretations be considered robust?

Addressing this question is the objective of the present part. The synthesis
serves two purposes: First, it tests the generality of the proposed robustness
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framework by applying it to a different scientific domain and to a regression-
based prediction task rather than image classification. Second, it allows us
to evaluate whether the physically interpretable attribution patterns identi-
fied in the cloud reconstruction experiments represent stable properties of
the learned models or whether they may arise from random initialization
effects. This analysis therefore represents a critical step toward establishing
neural networks as reliable scientific instruments for investigating complex
physical systems.

In the following chapter, we implemented this synthesis in practice. We ap-
ply the robustness framework to an ensemble of cloud prediction models
and quantitatively evaluate the stability of their saliency maps. This analy-
sis bridges the methodological insights on initialization robustness with the
physical interpretation of atmospheric patterns, establishing the foundation
for the broader discussion presented in Chapter 13. Finally, Chapter 14 sum-
marizes the main findings of this work.

Chapter 11 Conceptual Integration



12.1

Robustness of Saliency
Methods in Physical
Regression Tasks

The previous chapter identified a conceptual tension between data-driven
physical interpretability and the initialization sensitivity of saliency meth-
ods. In this chapter, we examine the reliability of saliency maps in regression-
based scientific tasks. Is physical interpretability stable, or is it merely an
artefact of initialization noise?

To address this question, we apply the robustness framework from Part I to
the cloud prediction models introduced in Part II, thereby providing an em-
pirical validation of the earlier results. We restrict our analysis to initializa-
tion noise and exclude other potential sources of variability, i.e. differences
in model architecture or training schemes.

According to prior studies cited in Chapter 2, learned features and their cor-
responding attribution patterns tend to be more stable in regression settings
than in classification tasks. Therefore, we hypothesize that initialization
noise has a smaller impact on cloud prediction models, resulting in more
robust and interpretable saliency maps that can be used to draw conclusions
about physically atmospheric processes.

Experimental Setup

Part IT analyzed the information content of atmospheric states using models
trained on spatially localized regions. However, Section 9.2.1 showed that
generalization behavior is primarily structured by latitude rather than lon-
gitude. To obtain a representative yet computationally efficient setup, we
therefore decided to move away from single-region models and instead train
a model on a full longitudinal stripe. Specifically, we select the region be-
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tween 180° and 150° West, covering predominantly oceanic areas and six lat-
itudinal subregions (see fig. 8.1 for details).

To assess attribution robustness, we follow the approach from Part I and
train an ensemble of 40 independently initialized U-Net models. All models
share identical architecture, training data, and hyperparameters, and differ
only in their random initialization, isolating initialization noise as the sole
source of variability.

Models are trained using ADAM optimizer with a One-Cycle learning rate
schedule (max LR 8 x 1073, batch size 16) and He initialization. As the
training objective, we use a weighted combination of structural similarity
index measure (SSIM) and L1 loss with weights 0.8 and 0.2, respectively.
The SSIM component emphasizes structural similarity between predicted
and observed cloud fields, which is particularly important for capturing
coherent cloud patterns, while the L1 loss stabilizes training by penalizing
pixel-wise deviations.

Our training dataset consists of data from the years 2010 to 2013, while the
validation set is drawn from the year 2016. This temporal separation ensures
that the model cannot memorize specific atmospheric situations but must
learn generalizable relationships between atmospheric variables and cloud
structures.

For each model and input sample, we compute gradient-based saliency maps
that measure the sensitivity of the predicted cloud field with respect to the
input variables. Concretely, for each output pixel, we evaluate gradients
within a local spatial window, resulting in high-dimensional attribution ten-
sors over spatial offsets, variables, and vertical levels.

We consider only the magnitude of the gradients, discarding their sign. This
focuses the analysis on the strength of influence rather than its direction and
avoids cancellation effects when aggregating across models.

To ensure comparability across variables and samples, attribution values are
normalized per sample by their maximum absolute value. Furthermore, to
reduce computational cost, attributions are evaluated on a spatial grid with
step size 4. Since all subsequent analysis aggregates over spatial dimensions,
this subsampling does not affect the resulting statistics.

To quantify robustness with respect to initialization, we aggregate attribu-
tion tensors across the ensemble of 40 independently trained models. For

Chapter 12 Robustness of Saliency Methods in Physical Regression Tasks



12.2

each sample, we compute the mean ;. and standard deviation ¢ of the attri-
bution values across models.

We then reduce the attribution tensors by aggregating over spatial dimen-
sions, resulting in a compact representation of attribution strength for each
physical variable and vertical level. Formally, we compute

w(v, lv) = Z m2, o(v,lv) = Z 52,

w,h,Wing ,Winy w,h,Wing ,Wingy

where m and s denote the mean and standard deviation across models before
spatial aggregation.

This aggregation yields a representation that captures how strongly and con-
sistently each variable contributes to the prediction across model initializa-
tions. It sacrifices spatial precision in favor of global interpretability, en-
abling a variable-level analysis of attribution stability.

Based on these quantities, we define the attribution-wise signal to noise ratio
(SNR) as
l
SNRattr(U; l'U) = M (121)

Entries with negligible mean attribution are excluded to avoid misinterpret-
ing inactive features as noise-dominated. The final results are obtained by
averaging across samples. This metric directly quantifies the stability of at-
tribution patterns across model initializations and allows for a variable- and
altitude-resolved analysis of interpretability.

Results

We evaluate attribution robustness across an ensemble of 40 independently
initialized models. All models achieve comparable predictive performance
(normalized cross-correlation (NCC) = 0.74), ensuring that observed differ-
ences in attribution are driven by initialization rather than model quality.
Due to computational constraints, the analysis is performed on 60 randomly
selected validation samples.

The attribution-wise SNR aggregated across samples is shown in Fig. 12.1.
High SNR values indicate that attribution signals are consistent across model

12.2 Results
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Fig. 12.1.: Attribution-wise SNR across variables and vertical levels, averaged over
all samples and spatial locations. High values highlight variables with
stable attribution patterns across model initializations.

initializations, while low values correspond either to noisy or inactive fea-
tures. The averaged SNR across all heights for each variable is shown at the
top of each column. For further inspection, attribution-wise SNR maps for
several individual samples are presented in Appendix B.2. These examples
confirm that the overall attribution patterns remain largely consistent across
samples.

A clear structure emerges: specific humidity ¢, temperature ¢, and cloud wa-
ter content clwe exhibit consistently high SNR values, often exceeding 2. In
particular, mid-tropospheric humidity and near-surface temperature show
the highest stability. These findings align closely with the results from Part II,
where these variables were identified as the most informative predictors
for cloud reconstruction. The consistency across independently initialized
models indicates that these attribution patterns represent stable structures
learned from the data rather than artifacts of random initialization. In con-
trast, wind-related variables exhibit lower SNR values across most altitudes,
suggesting a weaker and less consistent contribution to the prediction.

To distinguish between instability and irrelevance, we analyze the absolute
mean and standard deviation of attribution values (Fig. 12.2). Regions with
low SNR are characterized by both low mean and low variability. This indi-
cates that these variables contribute only marginally to the prediction, rather

Chapter 12 Robustness of Saliency Methods in Physical Regression Tasks
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Fig. 12.2.: Mean (left) and standard deviation (right) of attribution values across
variables and vertical levels. Regions with low SNR are characterized by
bothlow mean and low variability, indicating weak relevance rather than
instability.

than being dominated by noise. In other words, low SNR seems to reflect
weak relevance rather than instability in this specific context.

Overall, the results show that attribution patterns for the most physically
relevant variables are stable across model initializations. Compared to the
strong variability observed in classification settings in Part I, attribution
maps in this regression task exhibit substantially higher robustness. These
findings are consistent with the hypothesis that regression-based mod-
els may yield more stable attribution patterns than classification settings,
enabling more reliable interpretation of learned relationships.

12.2 Results
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13.1

Discussion 1 3

The previous chapters addressed complementary aspects of a common
question: under which conditions, and to what extent, can neural networks
serve as tools for extracting scientifically useful information from complex
data? The results suggest that this is indeed possible, but only if information
extraction is approached from more than one perspective. In particular, this
work has shown that two complementary questions must be considered:
first, whether model interpretations are robust enough to support scien-
tific analysis, and second, whether the predictive information contained in
the data can be localized, restricted, and characterized through systematic
manipulation of the input space. This chapter synthesizes the results of
the present work, places them in a broader methodological context, and
discusses the limitations of the proposed approach.

Information Extraction with Neural Networks

Taken together, the three parts of this thesis support a view of neural net-
works that goes beyond their role as powerful prediction models. In the
present context, their scientific usefulness lies in their capacity to probe the
information content of atmospheric data. More specifically, they can be used
to investigate whether coarse-scale atmospheric fields contain sufficient in-
formation for cloud-related prediction, how this information is distributed
across variables, regions, and temporal contexts, and whether the patterns
highlighted by the models are stable enough to support interpretation. From
this perspective, prediction is not the endpoint of the analysis, but the start-
ing point for asking what the model must have extracted from the data in or-
der to perform well. In other words, high predictive skill demonstrates that
relevant information is present in the data, but it does not by itself reveal
how this information is distributed, which parts of the input are sufficient
for prediction, or whether the learned relevance patterns are stable enough
to support scientific interpretation.
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A first important contribution of this thesis is to show that such information
should be treated with caution. Part I demonstrated that attribution-based
saliency maps are sensitive to random model initialization. Even when in-
dependently trained networks achieve similar predictive performance, the
resulting attribution patterns can differ substantially. This result has an im-
portant conceptual consequence: if saliency maps are used as a means of ex-
tracting information about the decision process from trained models, then
the extracted information is not automatically unique or stable. Instead, in-
terpretability itself becomes an objective of uncertainty analysis. This should
not be taken to deny the value of saliency maps. However, they cannot be
treated as transparent windows into model decision-making. Their value de-
pends on whether consistent patterns can be distinguished from variability
introduced by the training process.

Interpretability is only one possible route for information extraction. Part II
shows that neural networks can also be used in a broader and, in some sense,
more direct way to study the information content of the data itself. In the
cloud prediction setting considered here, the strong predictive performance
of the models indicates that coarse-scale atmospheric fields contain substan-
tial cloud-relevant information, more than is currently exploited by tradi-
tional parameterizations. By systematically varying the input space across
variables, regions, and temporal settings, the thesis examines how much in-
formation is actually required to maintain useful prediction. These reduced-
input experiments reveal that predictive skill remains partly preserved even
under substantial restrictions. This suggests that cloud-relevant information
is distributed across the atmospheric state and partly redundant.

This restriction-based approach complements the attribution-based analysis.
Saliency methods primarily address local relevance within trained models:
they indicate which parts of the input appear to have the strongest influ-
ence on a given prediction. Input restrictions, by contrast, probe the suffi-
ciency and distribution of predictive information more globally: they esti-
mate which subsets of the input still allow the model to perform well, and
therefore what this implies about how information is organized in the data.
The two perspectives therefore address different but related questions. One
concerns how the trained model allocates relevance, the other concerns how
much useful information is available in different parts of the input space.
Considering both together provides a richer picture of information extrac-
tion than either approach could offer alone.

Chapter 13 Discussion



The concerns raised in Part I make clear that attribution patterns should be
verified in terms of reliability. Part III addresses this issue by asking whether
the attribution-based information extracted from cloud prediction models is
sufficiently stable to support scientific interpretation in this regression set-
ting. The signal to noise based analysis show that, although uncertainty re-
mains, attribution patterns are considerably more stable here than in previ-
ously studied classification settings. Although this is not proof, it suggests that
saliency based interpretation might be strongly task-dependent and more re-
liable in regression settings. This could be explained by smoother target func-
tions and less ambiguous decision boundaries in regression setting, leading
to more stable features and therefore more stable attribution patterns.

Across all three parts, a coherent picture emerges. Part I establishes that
interpretability-based information extraction is limited by model-dependent
variability and therefore requires explicit robustness assessment. Part II
shows that neural networks can nevertheless be scientifically informative
because they reveal that cloud-relevant information is present, distributed,
and partly redundant in coarse-scale atmospheric data. Part III then demon-
strates that, in this setting, interpretability is not only possible but can attain
a meaningful degree of reliability. The contribution of the thesis is therefore
not to claim that neural networks provide direct explanations of atmospheric
physics, but to show that they can function as diagnostic tools for identifying
robust, prediction-relevant structure in complex data.

It is important to emphasize once again that neural networks do not reveal
causal relationships. The patterns identified through saliency analysis and
input restriction reflect statistical structure learned from the data, not phys-
ically guaranteed laws. Nevertheless, such structure can be scientifically
valuable. It can indicate where relevant information resides, how strongly
it is distributed across the atmospheric state, and which subsets of the data
are sufficient for useful prediction. In this sense, neural networks can sup-
port scientific hypothesis generation and exploratory analysis, provided that
their outputs are interpreted as evidence about data structure rather than as
self-sufficient causal explanations.

In summary, neural networks should neither be understood merely as black-
box predictors nor be granted an explanatory status they cannot justify. In-
stead, they could be used as tools for probing information content of complex
datasets. To use them responsibly in this role requires both methodologi-
cal caution and complementary analysis strategies. Attribution methods can

13.1 Information Extraction with Neural Networks

89



13.2

20

highlight potentially relevant structures, but their uncertainty must be as-
sessed explicitly. Input restriction can reveal how predictive information is
distributed and how much of it is retained under systematic constraints. Con-
sidered together, these approaches make it possible to use neural networks
not just to predict atmospheric phenomena, but to study what the data them-
selves contain and how this information can be extracted in a robust and
scientifically meaningful way.

Limitations & Future Work

Despite these promising results, several limitations must be acknowledged.

First, our analysis concentrated primarily on gradient-based saliency meth-
ods and a specific convolutional neural network architecture. While these
methods are widely used and well suited to the problem, they represent only
a subset of available interpretability approaches. It therefore remains an
open question to what extent the observed robustness properties general-
ize to other model classes, such as transformer-based architectures, hybrid
physics-informed models or alternative attribution methods that do not rely
on gradients. Such comparisons would help determine which aspects of the
observed behavior are method-specific and which reflect broader properties
of information extraction in machine learning models.

Second, while machine learning models can serve as powerful tools for
information extraction, they do not inherently encode physical laws or con-
straints. As a result, the patterns identified through saliency-based analysis
reflect statistical dependencies learned from the data rather than physically
enforced relationships. Therefore, physically plausible attributions cannot
immediately be interpreted as guarantees of causal relationships. Future
work could therefore combine the present approach with more strongly
physics-informed modeling, causal inference strategies, or targeted process-
based experiments in order to better connect extracted model behavior with
underlying physical mechanisms.

Third, the empirical analysis in this work is limited to reanalysis data, which
is characterized by relatively coarse spatial resolution and model-dependent
uncertainties. These factors may restrict the achievable accuracy of cloud
reconstruction and the granularity of interpretability analyses. In addition,
the study focuses exclusively on oceanic regions, where surface properties
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are comparatively homogeneous. Extending the framework to land surfaces
could provide further insights and test the robustness of the conclusions.

Finally, while this thesis concentrates on cloud structure prediction, the
proposed methodology is not restricted to this application. Future research
could apply the same framework to other atmospheric processes such as
convection or precipitation formation, or to different observational modali-
ties, including radar or multi-spectral satellite data. Such extensions would
help to assess the general applicability of the proposed interpretability and
robustness analysis across a broader range of geophysical phenomena.

13.2 Limitations & Future Work
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Conclusions on Neural
Networks as Diagnostic
Tools for Information
Extraction

This thesis investigated under which conditions neural networks can be used
as diagnostic tools for extracting scientifically useful information from com-
plex atmospheric data. The main conclusion is that such use is possible, but
only if information extraction is not inferred from predictive performance
alone. Instead, it must be examined from two complementary perspectives:
first, through interpretability methods whose reliability has to be assessed
explicitly, and second, through systematic restriction of the input space in
order to probe how predictive information is distributed in the data.

A central contribution of this work is the demonstration that saliency-based
interpretation should itself be treated as a source of uncertainty. In partic-
ular, random initialization can induce substantial variability in attribution
patterns even when predictive performance remains similar. This means
that attribution maps should not be interpreted as uniquely reliable descrip-
tions of model behavior without additional validation. At the same time, the
results also show that such instability is not uniform across settings: in the
atmospheric regression problem studied here, attribution patterns were con-
siderably more stable than in classification tasks. This suggests that the re-
liability of interpretability may depend strongly on the structure of the pre-
diction problem.

Additionally, this thesis showed that neural networks can be used to study
the information content of atmospheric data more directly. Reduced-input
analyses revealed that important cloud-relevant predictive information is
distributed across the atmospheric state and remains partly preserved even
under substantial input restriction. These findings indicate that the models
do not rely on a single subset of variables, but capture broader and partly
redundant statistical structure in the data. In this sense, neural networks

93



94

can contribute not only to prediction, but also to the analysis of where use-
ful information is embedded, even though they do not provide direct causal
explanations.

Overall, this thesis concludes that neural networks should be understood
neither as mere black-box predictors nor as direct explanatory models of
physical processes. Rather, they can function as scientifically useful diag-
nostic tools for identifying robust, prediction-relevant structure in complex
datasets. Their value lies not in providing causal explanations, but in sup-
porting the analysis of information content, guiding hypothesis generation,
and revealing how predictive information is distributed in scientific data
when combined with robustness-aware interpretation.

Chapter 14 Conclusions on Neural Networks as Diagnostic Tools for Infor-
mation Extraction
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Optical Thickness
Calculation

In this work, the optical thickness 7 is computed from liquid and ice water
content obtained from ERA5 following a parameterized radiative approxi-
mation. The formulation is based on effective particle sizes and vertical in-
tegration of extinction coefficients, consisting of liquid and ice water optical
thickness. The total optical thickness is defined as the (discrete) vertical in-
tegral over liquid and ice contributions:

7= (n(z) +7(2), (A1)
with 7, and 7; being dependent of the model levels -. All quantities are ex-
pressed in SI units unless stated otherwise.

Optical Thickness of Liquid Water Phase Clouds

The liquid water content (LWC) is given by
LWC = max(q; - p,0), (A.2)

where ¢; denotes the specific cloud liquid water content clwc extracted from
ERAS and p the air density. The air density is computed using the ideal gas
law:

P

where p denotes pressure, 7' temperature, and R the specific gas constant for
dry air.

The optical thickness of liquid water clouds is determined by the effective
droplet radius, which is computed as:

3TWC \ V3
Teff = <47rplkNd> ) (A4)
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A2
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with droplet number concentration
Ng=(~1.15-10"%- N2 +0.963 - N, +5.3) - 10, (A.5)

and the skew factor of the droplet distribution

(1+D?)?

k= — 1. A.6
(14 3D?%)2 (4.6)
We restrict the effective droplet radius to be between r.,;, and rp.x.
The liquid optical thickness is then given by
3 by
n=LWC-10° Az [a+ ——— ), (A7)
Teff * 106

where Az denotes the vertical thickness of each atmospheric model layer.

Optical Thickness of Ice Water Phase Clouds

The ice water content (IWC) is computed as
IWC = max(q; - p - 1073, 0), (A.8)

where ¢; is the specific cloud ice water content ciwc extracted from ERAS.

The effective ice particle diameter is defined as
D.g = (CO + (T — To)) (a(IWC) + b(IWC)(T — Tl)) , (A9)

with
a(z) = apx™, b(z) = byx. (A.10)

We restrict the effective ice particle diameter to be between D, and Dy ax.
The ice optical thickness is then computed as

7 =IWC- Az (ai + bi) . (A.11)
Deff
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A.3 Constants

In our calculations, we use the following constants:

General: R = 287.05
Liquid phase: o; = 2.817- 1072, b; = 1.305, p; = 1000, N, = 50,
D =0.33, "min =4-107%, 70 = 301079,
Ice phase: a; = —1.30817 - 107, b; = 2.52883, (A.12)
ap = 45.8966, a; = 0.2214, by = 0.7957, by = 0.2535,
co = 1.2351, ¢; = 0.0105, Ty = 273.15, T) = 83.15,
Dpin = 20 + 40 cos(¢), Dmax = 155

A.3 Constants
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B.1

B.2

Attribution-Based Predictive
Input Identification

Additional Attribution Samples

The following section presents additional examples of clustering results for
randomly selected samples from different regions (see fig. B.1). Although the
cluster shapes vary across samples, a clear separation into two distinct re-
gions can be observed throughout. These examples are intended to illustrate
that the overall clustering behavior remains qualitatively consistent despite
regional and sample-specific differences.

Furthermore, screenshots of the implemented visualization tool are pro-
vided (see fig. B.2 to B.6). Each figure shows 2D and 3D attribution maps for
randomly selected pixels. In order to illustrate the variability of the results,
examples from five different regions are presented. The visualizations are
meant to provide a qualitative impression of the spatial attribution patterns
and of how these patterns can differ across regions and target pixels. The
dominance of mid-level humidity and near-surface temperature can be seen
across many samples.

Additional SNR Samples

The following section provides additional examples of attribution-wise
signal to noise ratio (SNR) for randomly selected samples from different
regions (see fig. B.7 to B.12). These examples are intended to complement
the aggregated results shown in the main text and to illustrate the extent of
sample-to-sample variability. Although minor local differences are present,
the overall attribution patterns remain largely consistent across samples and
regions. This is consistent with the main finding that the attribution-wise
SNR does not vary strongly between individual samples.
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Fig. B.1.: PCA clustering of attribution maps from five different samples around the
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globe and their corresponding cloud image. Every sample is showing a
clear separation.
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Fig. B.2.: 5 different attribution maps taken from a sample in the North Pacific. Each
map represents one specific location on the same image.
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Fig. B.3.: 5 different attribution maps taken from a sample in the South Pacific. Each
map represents one specific location on the same image.
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Fig. B.5.: 5 different attribution maps taken from a sample in the North Atlantic.
Each map represents one specific location on the same image.
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Fig. B.7.: SNR (left), mean (middle) and standard deviation (right) of attribution val-
ues across variables and vertical levels for one sample per row. Regions
are based between 40° and 60° North.
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Fig. B.8.: SNR (left), mean (middle) and standard deviation (right) of attribution val-
ues across variables and vertical levels for one sample per row. Regions
are based between 20° and 40° North.
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Fig. B.9.: SNR (left), mean (middle) and standard deviation (right) of attribution val-
ues across variables and vertical levels for one sample per row. Regions
are based between 0° and 20° North.
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Fig. B.10.: SNR (left), mean (middle) and standard deviation (right) of attribution val-
ues across variables and vertical levels for one sample per row. Regions
are based between 0° and 20° South.
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Fig. B.11.: SNR (left), mean (middle) and standard deviation (right) of attribution val-
ues across variables and vertical levels for one sample per row. Regions
are based between 20° and 40° South.
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Fig. B.12.: SNR (left), mean (middle) and standard deviation (right) of attribution val-
ues across variables and vertical levels for one sample per row. Regions
are based between 40° and 60° South.
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