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Abstract

Convolutional neural networks (CNNs) have revolutionized computer vision and
remain a key technology in many satellite imagery applications for environmen-
tal monitoring. As these models are integrated into scientific workflows and
operational monitoring, questions about their interpretability arise; however, ex-
plaining how they generate their predictions remains challenging. Attribution
methods like Grad-CAM and occlusion sensitivity are widely used to explain
CNN predictions, yet they often yield differing explanations. These inconsisten-
cies make it hard to assess reliable explanations and undermine overall trust in
machine learning models.

This thesis addresses these challenges by investigating how explanations of
CNN-based models can be made more interpretable, consistent, and reliable for
remote sensing applications. First, we introduce UH-Net, an interpretable-by-
design architecture that incorporates a high-resolution deep layer to combine
semantic richness with spatial detail in attribution maps. Second, we conduct
a systematic comparison of attribution methods across different CNN architec-
tures and layers to better understand their behavior, strengths and limitations.
Building on these insights, we propose a harmonization method that significantly
reduces differences in attribution results across methods and provides more com-
prehensible explanations. Furthermore, we present two feature-specific attribu-
tion methods that achieve an inherent degree of harmonization by design. Finally,
we apply our methods to naturalness mapping, making us among the first to do
so using satellite imagery. To this end, we develop a high-quality Sentinel-2
dataset covering both protected and anthropogenic regions in Fennoscandia. Us-
ing UH-Net and harmonized attribution maps, we generate and evaluate large-
scale naturalness maps and temporal changes across Fennoscandia from 2018 to
2024.

Overall, this work contributes new insights, methods, datasets, and appli-
cations for explainable machine learning in remote sensing. By improving the
interpretability and consistency of CNN explanations, it advances the responsi-

ble and transparent application of machine learning in environmental science.
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Zusammenfassung

Convolutional Neural Networks (CNNs) haben die Bildverarbeitung nachhaltig
gepriagt und sind heute ein zentraler Bestandteil zahlreicher Anwendungen der
satellitenbildbasierten Umweltbeobachtung. Mit ihrer Nutzung in Forschung und
operativen Anwendungen steigt jedoch auch der Bedarf an Nachvollziehbarkeit
und Transparenz; denn wie CNNs zu Entscheidungen gelangen, ist héufig schwer
verstindlich. Zwar existieren etablierte Attributionsmethoden wie Grad-CAM
und Occlusion Sensitivity, doch liefern diese oftmals voneinander abweichende
Erklédrungen. Diese Inkonsistenzen erschweren es, verléssliche Erklarungen zu fin-
den, was das Vertrauen in Machine-Learning-Modelle insgesamt mindert.

Die vorliegende Dissertation untersucht daher, wie sich die Erkléarbarkeit CNN-
basierter Modelle verstandlicher, konsistenter und verlasslicher gestalten lésst.
Hierfiir stellen wir zunédchst das UH-Net vor — eine Architektur, die durch eine
tiefe, hochauflosende Reprisentationsebene detailliertere und semantisch reiche
Attributionskarten erzeugt. Anschliefend vergleichen wir gédngige Attributions-
methoden systematisch iiber verschiedene CNN-Architekturen und -Ebenen hin-
weg, um ihr Verhalten, ihre Starken und ihre Einschrankungen préziser einschat-
zen zu konnen. Auf Basis dessen présentieren wir eine Harmonisierungsmetho-
de, die Unterschiede zwischen den Verfahren deutlich reduziert und plausiblere
Erklarungen ermoglicht. Erganzend hierzu entwickeln wir zwei neue, merkmals-
orientierte Attributionsverfahren, die bereits konzeptionell auf harmonisierte At-
tributionen abzielen. Zuletzt wenden wir unsere Methoden zur Kartierung von
Natiirlichkeit an und gehoéren damit zu den Ersten, die dies anhand von Satel-
litenbildern tun. Dazu erstellen wir einen Datensatz, der Sentinel-2-Bilder aus
naturgeschiitzten sowie anthropogen gepriagten Landschaften in Fennoskandien
enthélt. Unter Verwendung des UH-Net und harmonisierter Attributionskarten
leiten wir daraus flichendeckende Natiirlichkeitskarten ab und analysieren Ver-
anderungen im Zeitraum 2018 bis 2024.

Insgesamt liefert diese Arbeit neue Erkenntnisse, Methoden, Datenséatze und
Anwendungen fir erkldrbares maschinelles Lernen in der Fernerkundung. Durch
die Verbesserung der Interpretierbarkeit und Konsistenz von CNN-Erklarungen
tragt sie zu einem verantwortungsvollen und transparenten Einsatz von Maschi-

nellem Lernen in Umweltwissenschaften bei.
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Introduction and Background






Chapter 1

Introduction

1.1 Motivation

Machine learning models are widely and successfully applied to a range of tasks,
including classification, object detection, and regression. They are suitable for
processing large amounts of data and can find patterns and relations that may
not be recognizable by humans. Convolutional neural networks (CNNs), in par-
ticular, are among the key technologies in computer vision. They apply filter
operations with parameters learnt from data, thereby effectively extracting com-
plex patterns from images. These operations are organized into structures known
as layers. In remote sensing, CNNs enable large-scale land cover mapping and en-
vironmental monitoring from satellite data. Unlike conventional computer vision
tasks that concentrate on object-centric images, satellite-based land cover clas-
sification involves continuous, amorphous regions characterized by fine-grained
textures. Multispectral satellite images exhibit high spectral dimensionality, with
multiple bands beyond the visible spectrum providing rich but complex feature

information.

While CNNs are highly effective at processing the complex, high-dimensional
data found in satellite imagery, their decision-making processes are often not
transparent. This raises concerns, especially in applications where understanding
model predictions is essential for trust and responsible use. Land cover classifi-
cation comprises a wide range of environmental and societal applications, includ-
ing agriculture, resource management, change detection, disaster management,
and nature conservation, to name a few. However, when employed in socioeco-
nomic and political decisions, a high level of transparency is essential, as these
actions can have far-reaching impacts on society and ecosystems. Explainable
machine learning aims to address this challenge. Attribution methods repre-
sent a subfield that evaluates the importance of input features based on their

influence on the model’s predictions. This often involves computing attribution
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maps, which can be directly compared to the input image. Examples include
Gradientsx Features (Simonyan et al., 2014) and Grad-CAM (Selvaraju et al.,
2020), which are gradient-based methods, as well as occlusion sensitivity analysis
(Zeiler and Fergus, 2014), which relies on input perturbations.

Despite their usefulness, a significant challenge with current attribution meth-
ods is their inconsistency. Different techniques often yield differing explanations
for the same prediction. Discrepancies like these undermine trust in explanations
and raise questions about which attribution method is best suited for a given
task. However, there is currently no consensus on how to obtain consistent and
reliable explanations across methods. Addressing this gap is essential for ensur-
ing transparency in scientific and operational contexts. Also, explainable machine
learning methods, if used at all, are usually applied post hoc to models designed
to achieve high accuracies. However, since the decision-making process of deep
learning models can differ significantly from human reasoning, the resulting ex-
planations can be difficult to interpret. Nonetheless, specific model architectures
can be designed to yield more interpretable predictions. Interpretability may be-
come important when assessing whether a model’s performance will hold in new
environments or under changing conditions. Without insight into the model’s
reasoning, it is difficult to evaluate its reliability or to build trust in its predic-
tions.

1.2 Scientific Contributions

To address the challenges above, this thesis investigates how explanations of CNN-
based land cover classification can be made more consistent and interpretable
for environmental applications. Chapter II is method-oriented and explores
novel methodologies with experiments conducted on well-established benchmark
datasets for land cover and object classification. Chapter III is application-
oriented and presents a novel approach to naturalness mapping that integrates
these techniques, making us among the first to assess naturalness using multispec-
tral satellite data. The following summarizes our primary scientific contributions.

UH-Net Architecture

For common CNN architectures, attribution maps provide high resolution at the
input level but are more informative at deeper layers (see Figure 1.1b, left-hand
side). This creates a dilemma regarding which layer should be used for attribu-
tion computations. Our innovative architecture, UH-Net, addresses this issue by
incorporating a deep layer that captures high-level features in high-resolution.
As a result, these maps become more informative and thus easier to interpret as
illustrated in Figure 1.1b, right-hand side.
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L " Lorvalh
Land Cover

Sentinel-2

(a) Sentinel-2 sample with corresponding land cover map: M Forest, = Grassland, B Cropland, M Water, and
1 Urban/Built-up.

N N

-

\(i)VGG-w, Input (ii) VGG-16, Deep/ \_ (i) UH-Net, Deep /

(b) Common CNN architectures, such as shown on the left-hand side, are designed so that the number of
channels increases while the spatial resolution decreases with increasing depth. Depending on the chosen layer,
the resulting attribution maps can differ significantly: (i) input-level analysis offers the highest resolution,
whereas (ii) deep-layer analysis yields more meaningful results by capturing high-level semantics. (%) To
combine both advantages, we propose UH-Net which preserves high resolution at a specific deep layer. The
attribution maps shown are computed using GradientsxFeatures. The illustrations of the architectures are
simplified and created using PlotNeuralNet by Igbal (2018).

7 >

Ordisen Haljmonizéd Harmonized Hal:monized
Grad. X Features Grad-CAM Occlusion

(i)

(¢) (i) Depending on the chosen method, the resulting attribution maps can differ significantly. (i7) Harmoniza-
tion increases consistency across different attribution methods and results in more comprehensive explanations.
The attribution maps shown stem from UH-Net.

Figure 1.1: Attribution maps from (b) various layers and (c) attribution methods. They are
derived from image-wise, multi-label land cover classification using the DFC2020 dataset by
Schmitt et al. (2019b), and computed for the M Urban / Built-up class of the sample shown
in (a). The attribution values range from B negative to M positive.
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Comparing Attribution Methods

Attribution methods are compared in previous works; however, these compar-
isons often lack validity because different methods are applied to different layers.
This inconsistency arises from the fact that some attribution methods were orig-
inally designed for input-level analysis (e.g., occlusion sensitivity), while others
are intended for deeper layers (e.g., Grad-CAM). Nevertheless, most attribution
methods can, in principle, be applied to any layer, and their results can vary
significantly depending on the chosen layer. In this thesis, we compare several
attribution methods applied to both input and deep layers across multiple CNN
architectures.

Harmonizing Attributions

We introduce a novel methodology that harmonizes attribution results, thereby
mitigating the issue that different attribution methods often produce differing ex-
planations. To achieve this, we collect feature attributions across the entire train-
ing dataset within the model’s learned feature space. Our approach is simple yet
effective. It reduces noise in gradient-based attribution maps, enhances the res-
olution of occlusion-based ones, and adjusts misleading explanations. Examples
are shown in Figure 1.1c. Overall, it provides the following key contributions:

o Greater consistency across different attribution methods, making the choice
of attribution method less critical. Across all tested models, land cover
datasets, and attribution methods, the Pearson correlation between attri-
bution methods increases from 0.45 to 0.64.

e More comprehensible explanations, evaluated based on how well the pre-
dominant attribution class aligns with the segmentation ground truth. Across
all tested models, land cover datasets, and attribution methods, we observe
an increase in alignment from 50 % to 61 %.

o Enhanced transparency and traceability through a mechanistic and intuitive
analysis of the feature space.

Our harmonization approach is constrained by the degree of entanglement within
the learned feature space and therefore particularly suitable for deeper layers.

Feature-specific Attribution Methods

Building on the insights from our harmonization framework, we develop two
feature-specific attribution methods that exhibit an inherent degree of consistency
by design. Specifically, we adapt the widely used techniques Grad-CAM and oc-
clusion sensitivity, and achieve state-of-the-art performances in our experiments.

Both methods demonstrate particular suitability for our UH-Net architecture.
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AnthroProtect Dataset

Landscapes with a high degree of naturalness offer important ecological and so-
cial benefits, and monitoring these areas can effectively support policy-making
and land use planning. However, mapping naturalness based on satellite im-
agery presents significant challenges due to the difficulty of accurate labeling. We
therefore introduce the AnthroProtect dataset, comprising high-quality Sentinel-
2 composites of protected and anthropogenic regions in Fennoscandia, defining a
relevant classification task.

Naturalness Mapping

We further present a novel approach to mapping naturalness using satellite im-
agery by training our UH-Net architecture on the AnthroProtect dataset and com-
puting high-resolution attribution maps. Harmonizing the attributions ensures
consistency across scenes, enabling large-scale analysis. In doing so, we generate
a naturalness map for Fennoscandia and detect anthropogenically driven events
between 2018 and 2024. Our results correlate with related data products. We
estimate that approximately 44 % of Fennoscandia consists of natural landscapes.
Anthropogenic changes are detected in 6 % of the total land area; however, this
estimate is subject to certain limitations.
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Publications &
Open Source Contributions

2.1 Research Articles

Parts of this thesis have been published in the following peer-reviewed journal

and conference articles, where I was the main author:

T. T. Stomberg, L. A. Reiiner, M. G. Schultz, and R. Roscher (2025).
“Building consistency in explanations: Harmonizing CNN attributions for
satellite-based land cover classification”. In: Machine Learning with Ap-
plications 20, p. 100653. 1SSN: 26668270. DOI: 10.1016/j.mlwa.2025.
100653

T. T. Stomberg, J. Leonhardt, I. Weber, and R. Roscher (2023). “Recogniz-
ing protected and anthropogenic patterns in landscapes using interpretable
machine learning and satellite imagery”. In: Frontiers in Artificial Intelli-
gence 6, p. 1278118. 1SSN: 2624-8212. DOI: 10.3389/frai.2023.1278118

T. Stomberg, I. Weber, M. Schmitt, and R. Roscher (2021). “jUngle-Net:
Using explainable machine learning to gain new insights into the appearance
of wilderness in satellite imagery”. In: ISPRS Annals of the Photogramme-
try, Remote Sensing and Spatial Information Sciences V-3-2021, pp. 317—
324. 18SN: 2194-9042. poI: 10.5194/isprs-annals-V-3-2021-317-2021

Parts of this thesis have also been published as a preliminary paper:

T. T. Stomberg, T. Stone, J. Leonhardt, I. Weber, and R. Roscher (2022).
“Exploring wilderness characteristics using explainable machine learning in
satellite imagery”. In: arXiv (cs). DOI: 10.48550/arXiv.2203.00379
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CHAPTER 2. PUBLICATIONS & OPEN SOURCE CONTRIBUTIONS

There are additional publications I contributed to that are not part of this thesis:

o J. Kierdorf, T. T. Stomberg, L. Drees, U. Rascher, and R. Roscher (2024).
“Investigating the contribution of image time series observations to cauliflower
harvest-readiness prediction”. 1In: Frontiers in Artificial Intelligence 7,
p- 1416323. 1SSN: 2624-8212. DOI: 10.3389/frai.2024.1416323

e A. Emam, T. T. Stomberg, and R. Roscher (2024). “Leveraging activation
maximization and generative adversarial training to recognize and explain
patterns in natural areas in satellite imagery”. In: IEEE Geoscience and
Remote Sensing Letters 21, pp. 1-5. 1SSN: 1545-598X, 1558-0571. DOI:
10.1109/LGRS.2023.3335473

o B. Ekim, T. T. Stomberg, R. Roscher, and M. Schmitt (2023). “Map-
InWild: A remote sensing dataset to address the question of what makes
nature wild”. In: IEEE Geoscience and Remote Sensing Magazine 11.1,
pp- 103-114. 18SN: 2168-6831, 2473-2397, 2373-7468. DOI: 10.1109/MGRS.
2022.3226525

o C. Betancourt, T. T. Stomberg, A.-K. Edrich, A. Patnala, M. G. Schultz,
R. Roscher, J. Kowalski, and S. Stadtler (2022). “Global, high-resolution
mapping of tropospheric ozone — explainable machine learning and impact
of uncertainties”. In: Geoscientific Model Development 15.11, pp. 4331—
4354. 18SN: 1991-9603. DOI: 10.5194/gmd-15-4331-2022

o (. Betancourt, T. Stomberg, R. Roscher, M. G. Schultz, and S. Stadtler
(2021). “AQ-Bench: a benchmark dataset for machine learning on global
air quality metrics”. In: Farth System Science Data 13.6, pp. 3013-3033.
ISSN: 1866-3508. DOI: 10.5194/essd-13-3013-2021

2.2 Datasets

As part of this thesis and as a main author, I have published the following
datasets:

e AnthroProtect 2.0:
https://phenoroam.phenorob.de/geonetwork/srv/eng/catalog.search#/
metadata/fbaac894-ce3f-4baf-89a6-c1caf9b3017c

« AnthroProtect:
https://phenoroam.phenorob.de/geonetwork/srv/eng/catalog.search#/
metadata/6b1b0977-9bc0-4bf3-944e-bc825e466435


https://doi.org/10.3389/frai.2024.1416323
https://doi.org/10.1109/LGRS.2023.3335473
https://doi.org/10.1109/MGRS.2022.3226525
https://doi.org/10.1109/MGRS.2022.3226525
https://doi.org/10.5194/gmd-15-4331-2022
https://doi.org/10.5194/essd-13-3013-2021
https://phenoroam.phenorob.de/geonetwork/srv/eng/catalog.search#/metadata/fbaac894-ce3f-4baf-89a6-c1caf9b3017c
https://phenoroam.phenorob.de/geonetwork/srv/eng/catalog.search#/metadata/fbaac894-ce3f-4baf-89a6-c1caf9b3017c
https://phenoroam.phenorob.de/geonetwork/srv/eng/catalog.search#/metadata/6b1b0977-9bc0-4bf3-944e-bc825e466435
https://phenoroam.phenorob.de/geonetwork/srv/eng/catalog.search#/metadata/6b1b0977-9bc0-4bf3-944e-bc825e466435

2.3. REPOSITORIES

2.3 Repositories

As part of this thesis and as a main author, I have published the following repos-
itories:

« Building consistency in explanations: Harmonizing CNN attribu-
tions for satellite-based land cover classification:
https://gitlab.jsc.fz-juelich.de/kiste/harmon

 Recognizing protected and anthropogenic patterns in landscapes
using interpretable machine learning and satellite imagery:
https://gitlab.jsc.fz-juelich.de/kiste/asos

e« AnthroProtect Dataset Export:
https://gitlab.jsc.fz-juelich.de/kiste/anthroprotect
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https://gitlab.jsc.fz-juelich.de/kiste/asos
https://gitlab.jsc.fz-juelich.de/kiste/anthroprotect

Chapter 3

Theoretical Background

This chapter provides the theoretical foundation for understanding the meth-
ods and applications presented in this thesis, and outlines influential research in
machine learning for land cover classification. It also establishes the conceptual
definitions used throughout this thesis. For a reference to the notation employed

in this work, see Section Notation on page 167.

3.1 Multispectral Satellite Imagery

Multispectral satellites observe the Earth’s surface using onboard instruments
that detect sunlight reflected from the ground. Solar radiation spans a broad
spectrum of wavelengths, and multispectral instruments measure this radiation
across several distinct spectral bands. These bands target wavelength ranges
that pass through the atmosphere with minimal absorption, including visible
light, near-infrared, and shortwave infrared. In 1972, Landsat 1, the first satellite
equipped with a multispectral sensor, was launched by the National Aeronau-
tics and Space Administration (NASA) and the United States Geological Survey
(USGS). It was followed by numerous identical and upgraded Landsat satellites,
with the most recent, Landsat 9, entering orbit in 2021 (Wulder et al., 2022). In
2015, the first multispectral satellite of the Sentinel-2 mission was launched by the
European Space Agency (ESA). Among freely available satellite data, Sentinel-2
stands out with a spatial resolution of 10 meters, a revisit time of 2 to 5 days,
and 13 spectral bands (Drusch et al., 2012). Both missions play an important
role in the field of land cover classification, not least because their satellite im-
agery is freely available and portals like Google Earth Engine (Gorelick et al.,
2017) make them easily accessible. By capturing different spectral ranges, multi-
spectral satellites are well-suited and often used for observing vegetation health,
agricultural crop, water use, geological features, land cover, land use, and an-
thropogenic impacts (Wulder et al., 2022; Phiri et al., 2020; Misra et al., 2020;

11
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7 Sentinel-2 Landsat 8 CORINE Land Cover

Figure 3.1: Sarek National Park, located in Lapland, northern Sweden, is one of the oldest
national parks in Europe. The image shows a 3 km-wide section of one of its valleys in August
2023. The Sentinel-2 image has a spatial resolution of 10 meters, while Landsat 9 offers a
resolution of 30 meters. The CORINE Land Cover product (2018) includes 44 classes with a
resolution of 100 meters, whereas the ESA World Cover (2021) provides 11 classes at a 10-meter
resolution. (CORINE: B Broad-leaved forest, - Moors and heathland, = Sparsely vegetated
areas, [l Water bodies, and = Bare rock; ESA WorldCover: B Trees, Grassland, Moss and
lichen, @ Open water, [l Barren / sparse vegetation, and  Snow and ice)

Segarra et al., 2020). In addition to multispectral data, radar images such as
from Sentinel-1 (Torres et al., 2012) are also regularly used for environmental
monitoring (Ienco et al., 2019). Using satellite imagery allows for continuous
monitoring of broad regions, and frequent revisits over the same locations enable
continuous observation and monitoring changes in Earth’s land cover and land
use. Figure 3.1 presents satellite images from Sentinel-2 and Landsat 9 alongside

their corresponding land cover.

Sentinel-2 is a pair of multispectral satellites with a spatial resolution of

10 meters, a revisit time of 2 to 5 days, and 13 spectral bands.

3.2 Land Cover Classification

One of the most prominent applications of multispectral satellite imagery is the
automatic mapping of land cover (Zhang et al., 2016). It is fundamentally based
on the spectral signatures and textures of different surface types. Typical classes
are forest, shrubland, grassland, cropland, built-up, water, and wetland. These
can be further subdivided into subclasses such as broad-leaved forest, coniferous
forest, mixed forest, and others. In contrast to land cover classes, land use de-
scribes the various ways in which different areas of land are utilized by humans,
such as residential, industrial, agricultural, and recreational purposes.

Land cover classification plays a significant role in practical applications such
as change detection (Chughtai et al., 2021), crop type mapping (Machichi et al.,
2023), resource management (Thackway et al., 2013; Mashala et al., 2023), dis-
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aster management (Bello and Aina, 2014), climate change (Roy et al., 2022), and
environmental monitoring (Alotaibi and Nassif, 2024). There exist many large-
scale land cover and land use datasets that are created using multispectral and
radar satellite imagery, combined with expert knowledge and machine learning
predictions. The Copernicus program provides the CORINE Land Cover dataset
with 44 land cover classes and a minimum mapping width of 100 meters, published
every six years for Europe (European Environment Agency, 2018). Copernicus
also provides the Urban Atlas Land Cover/Land Use dataset for urban areas in
Europe with 17 urban classes and a minimum mapping unit of about 50 me-
ters (European Environment Agency, 2021). A particularly high resolution of 10
meters is offered by ESA WorldCover (Zanaga et al., 2022). It covers not only
Europe but the entire world with 11 classes. Similarly, Dynamic World (Brown
et al., 2022) delivers a global 10-meter land cover product with 9 classes, at the
temporal resolution of Sentinel-2 imagery, which ranges from 2 to 5 days. Fig-
ure 3.1 presents a sample from the CORINE Land Cover and ESA WorldCover
datasets.

Often based on such large-scale land cover datasets, several benchmark datasets
for land-cover classification have been published. Examples are FuroSAT by Hel-
ber et al. (2019), BigEarthNet by Sumbul et al. (2021), Ben-ge by Mommert
et al. (2023), Sen12MS by Schmitt et al. (2019a), and DFC2020 by Schmitt et al.
(2019b). These benchmark datasets are frequently used for evaluating classifica-
tion tasks (Papoutsis et al., 2022; Jain et al., 2024) or weakly-supervised learning
methods (Robinson et al., 2021; Hanna et al., 2023).

Machine Learning for Land Cover Classification

Machine learning models are successfully used in remote sensing for various tasks
such as classification, detection, or parameter prediction. They are well-suited
for extracting complex patterns and relationships from large datasets. Tradi-
tional land cover classification methods, such as k-Nearest Neighbors, maximum
likelihood classification, Support Vector Machines (Boser et al., 1992), decision
tree algorithms, and Random Forests (Breiman, 2001), have been widely used for
land cover classification (Richards, 2022). However, these methods are prone to
overfitting in high-dimensional spaces (Richards, 2022; Pal and Mather, 2003),
a challenge commonly attributed to the curse of dimensionality (Bishop, 2006).
Therefore, these methods are usually applied on a pixel-wise basis, overlooking
important information such as texture and structure, which are crucial for ac-
curate predictions. In contrast, deep learning has emerged as a powerful tool
capable of processing vast amounts of remote sensing data, using receptive fields
to effectively capture spatial context. Ma et al. (2019) review on the variety of re-

mote sensing applications in deep learning. For image analysis including satellite

13



3.3. DEEP LEARNING

imagery, convolutional neural networks are most commonly used (Song et al.,
2019; Kattenborn et al., 2021). Since the proposal of the Vision Transformer
by Dosovitskiy et al. (2021), transformer-based architectures have also become
increasingly popular for remote sensing analyses (Aleissaee et al., 2023).

3.3 Deep Learning

Deep learning is a subfield of machine learning that uses artificial neural networks.
These models are composed of multiple, interconnected layers, each performing
relatively simple mathematical operations. Nonetheless, the depth and size of
these networks enable them to learn complex patterns and solve challenging tasks.

A deep learning model is trained to approximate a mapping from input data X
to target data ). It consists of neural layers that define a nonlinear, differentiable
function fp(x) = y with @ € X. The model parameters 6 are optimized so that
the predictions g closely match the targets y € ). This is realized by minimizing
a loss function L(y,y) that measures the dissimilarity between predictions and
ground truth. Commonly used loss functions are mean square error (MSE) for

regression tasks; cross entropy and binary cross entropy for classification tasks.

3.3.1 Fully Connected Neural Networks

The simplest structure of an artificial neural network is a fully connected one,
also called multilayer perceptron. It is built of neurons organized in layers as
shown in Figure 3.2. Every neuron 7 in one layer [ is connected to every neuron
in the previous layer, performing a linear operation, and followed by a non-linear
activation function o. The weights w;; and biases b; represent the trainable

parameters 6. Given the inputs x;_;;, the output of neuron j in layer [ is given

by:
T =0 <<Z wl,z’jxl—u) + bz) (3.1)

Commonly used activation functions include the sigmoid function, hyperbolic
tangent (tanh), and rectified linear unit (ReLU).

Fully connected neural networks can process any data that can be represented
as vectors. However, data types like images or sequences benefit from special-
ized architectures with mathematical operations adapted to their structure. In
computer vision, convolutional neural networks have been the main choice for
many years and remain highly relevant today. Transformer-based models have
been widely applied to sequential data and, since the introduction of the Vision
Transformer (Dosovitskiy et al., 2021), to image data as well. Fully connected

layers are often components of these architectures. In many convolutional neural
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[=0 =1 1=2 1=3 1=0 =1 1=92 1=3
\—Y—j \—Y—/
Input Layer Hidden Layers Output Layer Input Layer Hidden Layers Output Layer

Figure 3.2: Fully connected neural networks consist of layers in which every neuron is connected
to every neuron in the previous layer. There are two common ways to illustrate such networks:
on the left, each neuron and its connections are shown individually; on the right, all neurons
within a layer are represented collectively as a single box. Within this thesis, fully connected
layers are consistently visualized in [ purple.

networks they are used at the final stage to reduce the feature map to an output

vector.

3.3.2 Convolutional Neural Networks

Convolutional neural networks (CNNs) are one of the preferred approaches for
image analysis. Images are three-dimensional tensors X, € REoxHoxWo where K
denotes the number of channels, and H and W represent the height and width,
respectively.! They can be effectively analyzed by applying convolutional oper-
ations with filters in RE>HaxHr  where H r, is the filter’s kernel size at layer
[. These filters perform a two-dimensional convolution across the spatial dimen-
sions of the input. At each spatial location, the convolutional operation performs
a linear transformation of the input values, followed by a non-linear activation
function — similarly to Equation 3.1. In this way, filters can, for example, re-
spond to colors, edges or textures. The filters’ parameters in a CNN are learned.
A convolutional layer typically consists of multiple filters, each producing one

€ REXHXWi  The three-dimensional

channel of the resulting feature map X
shape of a feature map is comparable to that of an image. In addition to convo-
lutional layers, CNNs commonly include pooling layers, which reduce the spatial
dimensions of feature maps by aggregating local regions, typically using average
or maximum operations. See the box below for our definitions of the terms feature

map, feature vector, and feature in CNNs.

I'We use K to denote the number of channels, as C is reserved for the number of classes in
classification tasks.
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-

Input Feature Map Output Feature Map Input Feature Map Output Feature Map

Figure 3.3: Within a CNN, filters perform two-dimensional convolutions across the spatial
dimensions of the input. On the left is an illustration of a single convolution using one filter.
For simplicity, feature maps are commonly represented as boxes, as shown on the right. Within
this thesis, convolutions are consistently visualized in ' green; pooling operations (optionally
with convolutions) in I red; strided convolutions in = yellow.

Feature Map, Feature Vector, and Feature

We denote the output of a convolutional or pooling layer [ as feature map
X, € REXHXW: with K; channels, height H; and width ;. The channel-
wise vectors at each spatial location (h;, w;) are referred to as feature vectors
in R%:. They are the “pixels” of the feature map. A single feature is a scalar
of R at position (k;, h;,w;). We also term the input image X, an (input)
feature map.

Each layer in a CNN outputs a feature map in which the feature vectors en-
code increasingly complex properties of the input data. Convolutions and pool-
ings progressively reduce spatial dimensionality, thereby increasing the receptive
field of the filters. Beginning with pixel colors, this enables the network to cap-
ture edges, textures, and, with deeper layers, more task-specific patterns. Since
the features must represent increasingly complex patterns, CNNs are typically
designed so that as the spatial dimensions decrease, the number of channels in-
creases. A corresponding architecture, the VGG-16, is illustrated in Figure 3.4.
Finally, fully connected layers integrate these high-level feature representations
into a final prediction. A well-trained CNN thus learns highly informative feature
representations, allowing it to make reliable predictions such as classification.

Feature Representation

Feature representations are structured encodings of information that cap-
ture the essential characteristics and properties of data relevant to a specific
task. For example, the feature map of a CNN’s layer is a feature repre-
sentation of the input image. The corresponding feature vectors represent
concepts that may be interpretable by humans.
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Numerous CNN architectures have been developed over the years. Among
them, we introduce the most relevant to this thesis: VGG, ResNet, and U-Net, all
of which are well-established and widely adopted in computer vision. While VGG
and ResNet are commonly used for image-level classification or regression, U-Net
is built for pixel-wise tasks, such as segmentation. All three follow the common
architectural design described earlier. Even U-Net adheres to this approach,
creating a spatial bottleneck before restoring the original spatial dimensions. It
has been shown that deeper layers tend to capture more abstract, high-level
feature representations (Zeiler and Fergus, 2014; Olah et al., 2017; Olah et al.,
2018; Carter et al., 2019; Selvaraju et al., 2020).

Image-level and Pixel-level Task

In computer vision, image-level tasks involve making predictions for an en-
tire image as a whole, while pixel-level tasks involve making predictions for
each individual pixel within the image. Commonly used CNN architectures
for image-level tasks include VGG and ResNet, while for pixel-level tasks,
U-Net is widely used.

VGG

The VGG architecture, developed by the Visual Geometry Group (Simonyan
and Zisserman, 2015), consists of convolutional and pooling layers followed by
fully connected layers. It is typically implemented in 11-, 13-, 16-, or 19-layer
variants, where the count refers to the number of trainable layers. Figure 3.4
illustrates the VGG-16 version. The convolutional layers are batch normalized
and all layers are ReLLU activated.

n
classes

©
)

Figure 3.4: VGG-16 consists of 16 convolutional and fully connected layers. Additionally,
max pooling operations are applied throughout the network. The final pooling layer is adap-
tive and produces a feature map with a height and width 7, regardless of the input image
size. (' convolution, I pooling and convolution,  copy, ™ fully connected. The number of
convolutions in each illustrated block is indicated above it. The illustration is created using
PlotNeuralNet by Igbal, 2018.)
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ResNet

A ResNet, developed by He et al. (2016), incorporates Residual connections that
add feature maps from earlier layers to deeper ones. This helps mitigate the
vanishing or exploding gradient problem (Bengio et al., 1994) and thus enables
the training of much deeper neural networks. ResNet is proposed in 18-, 34-,
50-, 101-, and 152-layer configurations, with the number referring to the total
count of trainable layers. The architecture of ResNet-18 is depicted in Figure 3.5.
Each convolutional layer is followed by batch normalization and ReLLU activation
is used throughout the network. The spatial dimensions are mostly reduced
through strided convolutions instead of pooling. While ResNet-18 and ResNet-
34 use 2-layer residual blocks, ResNet-50 and deeper variants use 3-layer residual
blocks.

Figure 3.5: A ResNet includes residual connections that add feature maps from earlier layers
to deeper ones, enabling the training of much deeper CNNs. The illustrated ResNet-18 con-
sists of 18 trainable layers and downsampling is mostly realized by strided convolutions. The
final pooling layer performs average pooling over the spatial dimensions, which is called global
average pooling. (' convolution,  strided convolution ™ pooling and convolution, [ fully
connected. The number of convolutions in each illustrated block is indicated above it. The
illustration is created using PlotNeuralNet by Igbal, 2018.)

U-Net

The U-Net was developed for medical image segmentation by Ronneberger et al.
(2015). Today, it is widely used for pixel-wise classification and regression tasks.
The original U-Net architecture consists of four downsampling steps, creating
a spatial bottleneck with high-dimensional feature vectors. This bottleneck is
then upsampled through four corresponding upsampling steps. Feature maps
from earlier layers are copied to deeper layers, which helps recover information
about small structures. The U-Net architecture is commonly used in various
forms and in this thesis, we apply the following modifications compared to the
original one: 1) We add padding to each convolution to preserve the spatial
dimensions, ensuring consistent sizes at each skip connection. 2) We replace
deconvolutional upsampling with bilinear upsampling, as proposed by Odena et

al. (2016), to prevent checkerboard artifacts. 3) We apply batch normalization
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64 649° 6495

Figure 3.6: A U-Net is used for pixel-wise tasks. The feature maps are first downsampled and
then upsampled back to their original size. Skip connections copy feature maps from earlier
layers to deeper ones. (I convolution, @ pooling and convolution, ™ upsampling, = copy. The
number of convolutions in each illustrated block is indicated above it. The illustration is created
using PlotNeuralNet by Igbal, 2018.)

after each convolutional layer. The modified version of U-Net is illustrated in
Figure 3.6.

3.4 Explainable Machine Learning

Explainable machine learning techniques aim to make the predictions and in-
ternal workings of machine learning models understandable and interpretable to
humans. The field has been actively promoted in research in recent years (Roscher
et al., 2020b) and is also widely applied in the field of remote sensing (Hohl et al.,
2024; Roscher et al., 2020a). There exist various techniques for explanations in
deep learning (Samek et al., 2021) which can be broadly categorized into global
and local approaches: Global explanations aim to capture the overall behavior
of a model, such as how it performs on average across an entire dataset, reveal-
ing general patterns, feature importance, or decision rules. In contrast, local
explanations focus on single predictions, clarifying why the model made specific
decisions, e.g. by highlighting the impact of features in that instance.

Global and Local Explanations

Global and local explanations refer to explainable machine learning tech-
niques that explain the overall behavior of the model or the predictions for
individual samples, respectively.

3.4.1 Mechanistic Interpretability

Research in mechanistic interpretability contributes to a general understanding of
how neural networks process information. The field examines the internal mech-
anisms of neural networks, focusing on two aspects: the features that represent

learned concepts and the circuits — groups of neurons responsible for specific
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computations (Saphra and Wiegreffe, 2024). While the term “mechanistic in-
terpretability” is mostly associated with large language models, related research
by Olah et al. (2017), Olah et al. (2018), and Carter et al. (2019) explores how
individual CNNs process image data.

3.4.2 Attribution Methods

While mechanistic interpretability focuses on the internal mechanisms of neural
networks, attribution methods primarily aim to examine individual input-output
relationships. They evaluate the importance of features based on how much
they influence the model’s predictions, assigning significance scores to features

according to their impact.

Feature Attribution

A feature attribution quantifies how much a feature influences the model’s
prediction, assigning an importance score based on its impact.

Attribution methods can be largely divided into two fundamental groups:
Perturbation-based and gradient-based attribution methods. Perturbation-based
attribution methods modify the features and evaluate resulting changes in the pre-
diction. A first attempt was made with occlusion sensitivity by Zeiler and Fergus
(2014) who occluded patches in the input image to identify changes in the model’s
output. These changes are a measure of the occluded areas’ sensitivities in regards
to the observed class. Gradient-based attribution methods involve the gradients
of the model’s prediction with respect to the features. Here, a first attempt was
the computation of “Saliency Maps” by Simonyan et al. (2014), who computed
the absolute gradients for an input image. Since Saliency Maps tend to be noisy,
numerous extensions, variations and more complex methods have been developed
over time, leading to a large number of available techniques. Examples are Layer-
wise Relevance Propagation (Bach et al., 2015), Gradientsx Features (Shrikumar
et al., 2017), Integrated Gradients (Sundararajan et al., 2017), DeepLift (Shriku-
mar et al., 2017), Gradient SHAP (Lundberg and Lee, 2017), DeepLift SHAP
(Lundberg and Lee, 2017), and Grad-CAM (Selvaraju et al., 2020).

Different attribution methods can produce significantly different results, which
is one of the main topics discussed in this thesis. Furthermore, attribution results
can vary depending on whether they are computed for the input features or for
features from a deeper layer. This variation arises from the way feature repre-
sentations evolve across layers in neural networks, as explained in Section 3.3.2,
and is also examined in this thesis.

Attributions are computed using the non-activated output of the model be-

cause activation functions like sigmoid can saturate the output range, potentially
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obscuring the model’s true sensitivity to input features. Therefore, throughout
this section (unless specified otherwise), gradients refer to the partial derivatives
of the non-activated output with respect to the features. Similarly, occlusion-
based methods are also computed using the non-activated output. All attribution
methods are explained in the context of feature maps in CNNs; however, most
of them can be analogously applied to other neural networks with different data
structures.

Gradients in the Context of Attributions

Throughout this section (unless specified otherwise), gradients refer to the
partial derivatives of the non-activated output with respect to the features.

Occlusions

Occluding sections of a feature map influences the model’s prediction score. If the
occluded part is relevant for predicting a certain class, it reduces the prediction
score; if it contradicts the class, the score increases. The attribution for each
occluded pixel is then computed as the negative of this score change, divided by
the number of occluded pixels. A sketch illustrating this principle is shown in
Figure 3.7. By systematically applying this process, one obtains an attribution
map. Zeiler and Fergus (2014) were the first to apply this approach to CNNs
using a sliding window. Petsiuk et al. (2018) extended this method by randomly
occluding parts of the image. For deeper feature maps, we propose occluding sim-

ilar feature vectors simultaneously, for example, by applying k-means clustering
(see Section 5.3).

Vorest Vorest

YRock YRock

Figure 3.7: By systematically covering sections of a feature map (here the input image), one can
observe how the model’s prediction changes, revealing the attributions of the occluded regions.

Gradients xFeatures

Simonyan et al. (2014) were the first to compute gradient maps for model expla-
nations, referring to them as Saliency Maps. They use the maximum absolute
gradient value across channels to indicate attribution, without distinguishing be-
tween positive and negative contributions. Alternatively, Saliency Maps are often
computed using the sum of gradients across channels considering both, negative

and positive values. Shrikumar et al. (2017) propose to multiply the gradients
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with the corresponding feature vectors, known as Gradients x Features. For class ¢

and feature map X with channels k, the attribution map R¢ is defined as:

c_ 9y
= ; L?Xij o 82)

The Hadamard product o is the element-wise product of two matrices, and the

derivative is also computed element-wise as indicated by []; ;. Multiplying attri-
butions by their corresponding feature values is generally a common practice, as
discussed in Section 3.4.3.

Gradient-weighted Class Activation Mapping (Grad-CAM)

Zhou et al. (2016) propose a method which leverages a global average pooling
layer to produce attribution maps, called Class Activation Mapping (CAM). This
approach works with CNNs whose last two layers are global average pooling
followed by a fully connected layer, such as a ResNet. For a class ¢, the attribution
map R° is the sum of the feature map channels X from the last convolutional

layer, weighted by the corresponding weights wy, of the fully connected layer:
RC = Z wi X (3.3)
k

Since CAM is limited to specific architectures only, Selvaraju et al. (2020) gen-
eralize this approach computing global averaged gradients for each channel of a
feature map instead of leveraging the global average pooling values:

RC:ZacX ac:L}%/V v (3.4)
R TR T HW A 0X '

H and W are the height and width of the feature map X, and X, ; is the feature
value at channel k£ and position i. The authors call their method Gradient-
weighted Class Activation Mapping (Grad-CAM) and it can be applied to any
CNN. Originally only the positive Grad-CAM values are considered for the sake
of clearer visualization. In this thesis, however, both positive and negative values
are analyzed.

Layer-wise Relevance Propagation (LRP)

In Layer-wise Relevance Propagation (LRP) by Bach et al. (2015), the model’s
prediction is backpropagated through the network layers using specific propaga-
tion rules that assign a relevance score to each feature. These rules ensure that

the relevance is preserved across layers throughout the network. Each feature
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passes as much relevance to the lower layer as it received from the deeper one. A
commonly used propagation rule is the Epsilon Rule. For class ¢, it defines the

relevance Aj_, ; of feature X; ;; corresponding to neuron i in layer (I — 1) as:

e Wi Xi-1i ¢

Ri ;= ; T X R €20 (3.5)
The equation estimates the total relevance that feature X;_;; has on the features
of the subsequent layer [. It further relates this to the relevance of the other
features in layer (I—1). The epsilon e ensures numerical stability when the de-
nominator is small. Setting ¢ = 0, the rule is referred to as the Basic Rule or
z-Rule. For an attribution map, the relevance of the features are summed up
across the channels.

LRP is limited to specific neural network layers and activation functions. Al-
though there are recent extensions — for example, to backpropagate through skip
connections in ResNets (Otsuki et al., 2025) — LRP remains only conditionally
flexible in its applicability. Under the Basic Rule, and provided that all activa-
tions are piecewise linear, LRP is equivalent to Gradientsx Features (Shrikumar
et al., 2017).

Integrated Gradients

To compute Integrated Gradients (Sundararajan et al., 2017), a baseline feature
map X’ must be chosen, which is often set to zeros. Gradients are then averaged
as the features transition linearly from the baseline map to the original feature
map.

R = (X; — X!) x /1_0 ONX+ O‘a;(x ~ X)) 9a (3.6)

The result is multiplied by the difference between the feature map and the baseline

map. The integral is approximated using a sum computed discretely over a set of
data points with sufficiently small intervals. Also, the attributions of the features

are summed up across the channels.

Deep Learning Important FeaTures (DeepLIFT)

Similar to Layer-wise Relevance Propagation (LRP), DeepLIFT by Shrikumar et
al. (2017) defines backpropagation rules to compute contribution scores. Unlike
the relevance scores in LRP, DeepLIFT computes contribution scores relative to a
baseline feature map, which is often set to zeros. While LRP ensures that the sum
of relevance scores is conserved across layers, DeepLIFT preserves contribution

by ensuring that the sum of contributions at a given layer [ equals the difference
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between the predictions Ag¢ of the original input and the baseline input:

Ay => Ry, V1e{o,.., L} (3.7)

Two rules are defined — one for linear operations and one for non-linear opera-
tions. For convolutional or fully connected layers, the Linear Rule applies. The

relevance of neuron 7 in layer (I — 1) for neuron j in layer [ is given by:
R;’_ju = wy; AX;_14 (3.8)

For non-linear computations, such as activation functions, the Rescale Rule is
applied. Here, positive and negative contributions are computed separately before
combining them. This approach is necessary for certain non-linear operations,
particularly those involving functions like ReLLU.

AX

R=R"+R , (R’ ) = mm{f_@ (3.9)

Local Interpretable Model-agnostic Explanations (LIME)

Local Interpretable Model-agnostic Explanations (LIME) by Ribeiro et al. (2016)
operates by constructing an interpretable surrogate model that approximates the
behavior of the original model in the vicinity of the given features. To do this,
LIME generates a set of perturbed data points around the selected input and
evaluates the original model on each of them. The resulting predictions are
then used to train a simpler, more transparent model — often a linear one.
This surrogate model offers explanations without requiring access to the original
model’s internal mechanisms. Since a separate surrogate model must be trained
for each instance to be explained, LIME can be computationally intensive. For
image data, individual pixels are typically grouped into superpixels to reduce
dimensionality, with each superpixel serving as an interpretable feature in the

explanation.

SHapely Additive exPlanations (SHAP)

SHapely Additive exPlanations (SHAP), proposed by Lundberg and Lee (2017),
is an attribution method based on the game-theoretic concept of Shapely values
introduced by Shapley (1953). Shapley values aim to fairly distribute the total
gain from a cooperative game among players, based on their individual contri-
butions. The contributions are determined by evaluating all possible subsets of

players. SHAP applies this concept to models, where the players are the features
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and the game’s gain is the model’s prediction. Since every possible subset of
features must be evaluated, features need to be omitted. For neural networks,
this poses a challenge, as they must be replaced with neutral values. While meth-
ods like Occlusions, Integrated Gradients, and DeepLIFT often use zeros, SHAP
takes a different approach: it samples features from the training data distribution
to simulate neutrality. This process is usually repeated multiple times, and the

results are averaged.

An important characteristic of SHAP is that feature attributions are additive,
similar to DeepLIFT (Equation 3.7): The model’s prediction for certain features
equals the baseline prediction (all features omitted) plus the sum of the feature
attributions. For additive attributions, the term contributions is also commonly
used. SHAP cannot be exactly computed for neural networks, in part because
the number of possible feature subsets increases factorially with the number of
features. However, the following approaches provide approximate solutions, all
proposed by Lundberg and Lee (2017):

« Kernel SHAP is a technique built upon the LIME framework. By using a
linear surrogate model, selecting an appropriate loss function and weighting
kernel, and omitting regularization, the conditions for SHAP are satisfied,
allowing LIME to serve as an approximation for computing SHAP values.

However, the computational intensity of LIME is also a disadvantage for
Kernel SHAP.

o DeepLift SHAP combines concepts from SHAP and DeepLIFT. It ap-
plies DeepLIFT’s backpropagation rules while sampling multiple reference
baselines from the training data distribution. The resulting attributions
are averaged to approximate SHAP values. DeepLift SHAP assumes that

the analyzed features are independent and that the model behaves linearly.

o Gradient SHAP combines principles from SHAP, Integrated Gradients,
and SmoothGrad. SmoothGrad reduces the noise in gradient-based attri-
bution methods by averaging the attributions across multiple noisy versions
of the features (Smilkov et al., 2017). Gradient SHAP applies integrated
gradients while sampling reference baselines from the training data distribu-
tion and adding noise. The resulting attributions are averaged. Gradient
SHAP assumes that the analyzed features are independent and that the
model behaves linearly.
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3.4.3 Global and Local Attribution Methods

Figure 3.8 illustrates that a feature x can have a different effect on a function f(x)
depending on whether the function is considered locally or globally.? Accord-
ingly, there are different approaches to attribution methods: Local attribution
methods evaluate how a prediction changes in response to infinitesimally small
perturbations, whereas global attribution methods assess the effect of a feature on
a prediction relative to a reference baseline (Ancona et al., 2018). While Saliency
Maps simply compute gradients and thus indicate local attributions, most at-
tribution methods rely on an explicit or implicit reference baseline, measuring

global attributions:

o Integrated Gradients and DeepLIFT explicitly require a baseline. SHAP
approximations extend these methods by, among other things, selecting
baselines from the training data distribution.

o GradientsxFeatures is a special case of Integrated Gradients with a zero
baseline and a step size of one.

o Grad-CAM also multiplies gradients with features, implicitly using a zero
baseline.

e Occlusions can be interpreted as the product of a feature and the average
gradient between the occlusion value (baseline) and the actual feature value.

Global and Local Attributions

Local attribution methods evaluate how a prediction changes in response
to infinitesimally small perturbations, whereas global attribution methods
assess the effect of a feature on a prediction relative to a reference baseline.
Here, local and global follow the nomenclature of Ancona et al. (2018),
based on mathematical terminology describing the behavior of functions.
It is unrelated to the terms local and global ezplanations.

2Here, the terms local and global refer to the mathematical behavior of a function and are
unrelated to local and global explanations.
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f(x)

b X

/ 20 X

Figure 3.8: M Globally, feature x; has a positive impact on the illustrated function f(x);
M locally, the impact is negative. Most attribution methods aim to evaluate the global effect of
a feature relative to a reference baseline xy. The illustration also shows that greater non-linearity
leads to increased variation in local gradients, resulting in noisier gradient-based attribution
maps. Integrating over the gradients, as done in the Integrated Gradients method, is one
approach to reduce this noise.
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Chapter 4

Related Work and Research (GGaps

Machine learning models are able to find patterns and relations in large datasets
and are successfully applied to a wide range of tasks. However, despite their
widespread use, they frequently raise concerns due to lacking interpretability.
Especially for scientific applications, the comprehensibility and reliability of ma-
chine learning results are crucial for ensuring scientific validity and increasing
trust in the models. Therefore, there is a pressing need for more interpretabil-
ity in machine learning, especially in domains where decisions have significant
scientific, societal, or environmental implications.

To achieve these goals, explainable machine learning has been actively pro-
moted in recent years (Samek et al., 2020; Roscher et al., 2020b) and is also
widely applied in the field of remote sensing (Hohl et al., 2024; Roscher et al.,
2020a). It aims to uncover the underlying reasons behind models’ decisions and
functioning, thereby building trust in model predictions, identifying obvious flaws
(Lapuschkin et al., 2019), and helping to improve model performance.

4.1 Interpretability-by-Design Architectures

When solving a specific task, research often prioritizes predictive accuracy over
interpretability which can, however, be detrimental for ensuring scientific valid-
ity. Decision-making processes of deep learning models may differ significantly
from how humans approach a given task, making their explanations difficult to
interpret. Concerning this matter, the design of specific architectures can result
in more interpretable results. This may also become important when assessing
whether a model’s performance will hold in new environments or under changing
conditions. Without insight into the model’s reasoning, it is difficult to evaluate
its reliability or to build justified trust in its predictions.
Interpretability-by-design architectures aim to constrain the training process

so that the resulting internal representations and decision-making steps are in-
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herently more transparent and aligned with human-understandable concepts —
for example, by imposing a specific representation on model components or latent
variables. A prominent work in this field is network dissection, where semantic la-
bels are assigned to individual units based on their alignment with visual concepts
(Zhou et al., 2019). Bag-of-local-features models by Brendel and Bethge (2018)
are modified to disregard the spatial ordering of small, local image features, en-
abling better analysis of how different parts of an image influence classification.
Koh et al. (2020) introduce concept bottleneck models that predict intermedi-
ate human-understandable concepts first (e.g. colors of a bird’s feathers), before
computing the final output (bird species). Similarly, Marcos et al. (2020) build a
model with a semantic bottleneck that explicitly learns interpretable attributes
that are meaningful for predicting landscape scenicness. Levering et al. (2020)
expand this approach by predicting scenicness using Sentinel-2 imagery with an
interpretable bottleneck layer for land cover classes.

Embedding existing concepts into the features of a neural network increases
its interpretability but requires a labelling of these concepts and restricts the flex-
ibility of training. We introduce a different approach to improve interpretability
that does not explicitly derive conceptual insights but enables the generation of
comprehensible, high-resolution attribution maps. Our innovative architecture,
UH-Net, addresses the dilemma that attribution maps applied at the input level
offer high resolution but are less informative, whereas those computed in deeper

layers capture high-level features but at lower resolution (see Section 5.1).

4.2 The Diversity of Attribution Methods

To interpret CNN predictions, various attribution techniques have been devel-
oped that highlight important feature vectors via attribution maps. These are
also regularly applied in remote sensing (Hohl et al., 2024). Well-known and
relevant attribution methods are Sliding Window Occlusions (Zeiler and Fergus,
2014), Gradients x Features (Shrikumar et al., 2017), Layer-wise Relevance Prop-
agation (LRP, Bach et al., 2015), Gradient-weighted Class Activation Mapping
(Grad-CAM, Selvaraju et al., 2020), Integrated Gradients (Sundararajan et al.,
2017), Deep Learning Important FeaTures (DeepLift, Shrikumar et al., 2017), Lo-
cal Interpretable Model-agnostic Explanations (LIME, Ribeiro et al., 2016), and
SHapely Additive exPlanations (SHAP, Lundberg and Lee, 2017) such as Gradi-
ent SHAP and DeepLift SHAP. The mechanisms of these methods are introduced
in Section 3.4.2.

A key challenge is that different attribution methods often produce divergent
explanations for the same prediction, which undermines confidence and raises

questions about which method is most reliable for specific tasks. Kakogeorgiou
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and Karantzalos (2021) evaluate their appearance and robustness on multi-label
remote sensing benchmark datasets; Hsu and Li (2023) compare several quali-
tative abilities for geospatial datasets; Mohan and Peeples (2023) assay the ro-
bustness, faithfulness, randomization, complexity, localization, and axiomatic;
and Nieradzik et al. (2024) assess their similarities with imagery from unmanned
aerial vehicles. Some studies combine attribution methods to unite their respec-
tive advantages (Selvaraju et al., 2020; Gulum et al., 2021; Dhore et al., 2024).

From our perspective, previous comparisons have limited validity because the
methods are applied to different layers. This is due to the fact that some at-
tribution methods were originally designed for input-level analysis (e.g., Sliding
Window Occlusions), while others target deeper layers (e.g., Grad-CAM). How-
ever, most attribution methods can, in principle, be applied to any layer, and
the results can vary significantly depending on whether they are computed at the
input or at a deeper layer. Therefore, in this work, we compare all attribution
methods applied to the same layers. We also propose a harmonization technique
in Section 5.2 to address the challenge of inconsistent attribution results across
different methods.

4.3 Occlusions and Grad-CAM

The two attribution methods, Sliding Window Occlusions and Grad-CAM, are
very popular. They have proven effective in various comparisons (Kakogeorgiou
and Karantzalos, 2021; Adebayo et al., 2018; Yang and Kim, 2019) and are the-
oretically easy to understand. Several extensions to both methods have already
been proposed.

Occlusion-based Attribution Methods

Occlusion-based attribution methods work by occluding parts of a feature map
and measuring the sensitivity to these occluded regions. In this context, studies
have explored which occlusion values are most appropriate, aiming for values that
are as neutral as possible. Common choices include zeros, the average value of
the occluded area, blurring, or Gaussian noise (Fong and Vedaldi, 2017). More
advanced approaches generate the infilled regions using generative models, such as
variational autoencoders or generative adversarial networks (Chang et al., 2019).

In contrast, previous research has paid less attention to which regions should
be occluded simultaneously. Common implementations include a sliding window
(Zeiler and Fergus, 2014) or random rectangular patches (Petsiuk et al., 2018).
These procedures constrain the resolution of the resulting attribution map; and
different or even opposing concepts can end up included within a single occlu-

sion area. Approaches that segment the input into meaningful regions, such as
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superpixels used in LIME (Ribeiro et al., 2016), have not been applied to occlu-
sion methods. However, since occlusions are commonly applied to the input and
colors carry only limited conceptual information, a superpixel approach is likely
not very advantageous. This assumption, though, changes when occlusions are
applied to deep layers, where similar features represent similar concepts. This
becomes particularly important when the deep feature maps are high-resolution
— as in our interpretable-by-design UH-Net. We therefore propose using feature-

specific clustering to determine occlusion regions as presented in Section 5.3.

Grad-CAM

There are numerous extensions of Grad-CAM, particularly aimed at improv-
ing the computation or interpretation of the average channel gradients of (ex-
plained in Section 3.4.2). Grad-CAM++ (Chattopadhay et al., 2018) incorpo-
rates higher-order gradients for weighting the first-order gradients, thereby as-
signing greater weight to features with non-linear effects. Ablation-CAM (Desai
and Ramaswamy, 2020) estimates the importance of each channel by ablating
(completely occluding) one channel at a time and observing the impact on the
output score. Figen-CAM (Muhammad and Yeasin, 2020) finds the main di-
rection of variation (principal eigenvector) in the feature maps; and Score-CAM
(Wang et al., 2020a) works by creating soft masks from the feature maps, apply-
ing them to the input, and determining how much each mask affects the class
score.

However, previous research has not addressed one limitation of Grad-CAM:
Grad-CAM performs global average pooling of the gradients, resulting in a single
mean gradient o, for each channel k. In vector form, ¢ defines a fixed direction
in the feature space onto which the feature vectors X are projected — as follows

from Equation 3.4:

R =) af Xp; = X (4.1)
k

In other words, Grad-CAM selects a consistent direction in the feature space and
evaluates the attribution of each spatial feature vector based on its alignment
with this direction, as illustrated in Figure 4.1. Therefore, its application is most
appropriate when computed for a layer that is followed by global average pooling.
The authors of Grad-CAM recommend applying it to the last convolutional layer,
and this certainly also provides meaningful insights. However, for other layers
it is possible that not just one direction in the feature space is relevant for the
predicted class, but several. We propose a way to overcome this limitation in
Section 5.3.
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j=2

Figure 4.1: In Grad-CAM, a constant vector ¢ is computed for each feature map and defines
a fixed direction in the feature space. The dot product between ¢ and feature vector X;_;
results in a high attribution score R;j—; because the two vectors point in a similar direction.
In contrast, X;_» is nearly orthogonal to a®, yielding a low attribution R;—,. X;_3 points in
the opposite direction, leading to a negative attribution.
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Chapter 5

Novel Methodologies

In this section, we propose methodologies to improve the explainability of convo-
lutional neural networks (CNNs). These include a novel architecture, UH-Net; a
methodology for harmonizing attributions; and two new feature-specific attribu-

tion methods.

5.1 UH-Net Architecture

Attribution maps for CNNs can be computed at any layer including the input and
deeper layers. Each approach has distinct advantages: input-level analysis offers
the highest resolution, whereas deep-layer analysis yields more meaningful results
by capturing high-level semantics. To combine both advantages, we propose
an interpretable-by-design architecture combining a U-Net and a task-specific
Head, which we refer to as UH-Net. An illustration is shown in Figure 5.1. The
encoder-decoder based U-Net transforms input data of the form R¥oxHoxWo jptq
a new representation of the form REr*HoxWo  Thig intermediate representation
is then passed to the classification head, which classifies it into C' classes. At
the intermediate layer, attributions exhibit both high resolution and high-level
semantics. Skip connections within the U-Net establish a strong link between
deep and input features, ensuring that attributions remain closely tied to the
input and are thus more interpretable.

As described in Section 3.3.2, we modify the original U-Net proposed by
Ronneberger et al. (2015) by using bilinear upsampling and adding padding and
batch normalization. If the input image size is 128 or smaller, we omit the second
and fourth pooling. The strided convolutions in the head double the number of
channels and use a kernel size of 6 and a stride of 3, with padding applied if data
would otherwise be ignored. They are followed by two fully connected layers.
All hidden layers are activated with ReLU. The number of channels K of the
intermediate layer should be treated as a hyperparameter. UH-Net is trained end-
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layer of interest

10368

~
U-Net Head

Figure 5.1: The interpretable-by-design UH-Net architecture combines a U-Net with a shallow
classifier Head. The intermediate feature map matches the resolution of the input image and is
of interest for computing the attribution maps. Shown is the architecture for an input image of
size 256 x 256 and 16 channels at the intermediate layer. The illustration simplifies the U-Net
architecture shown in Figure 3.6. (I convolutions, I pooling and convolutions, ™ upsampling
and convolutions,  strided convolution, = copy, I fully connected. The illustration is created
using PlotNeuralNet by Igbal, 2018.)

to-end. In Section 7.2, we investigate architectural variations whose explanations,
however, are not as interpretable as those of the architecture proposed here.

5.2 Attribution Harmonization

The deeper the feature map being analyzed, the more high-level are the feature
representations with respect to the task at hand. Here, a common assumption
in mechanistic interpretability is that similar feature vectors represent similar
concepts. Consequently, we argue that similar feature vectors have similar attri-
butions. We propose a harmonization technique that leverages this property to
produce meaningful and reliable explanations across diverse attribution methods.

To predict harmonized attributions of a model’s layer [ for a chosen attribution
method, we first compute the feature maps X;,, € RE>H>Wi of this layer for
all training samples, where n indexes the samples. Across the training dataset
with N samples, this yields N feature maps that form a set of feature vectors,
expressed as {x, X2, ..., Lyxmxw, }, T € RE which define the learned feature
space. In the feature space, similar feature vectors — and thus similar feature
representations — are positioned close together, while dissimilar ones are spaced
apart. This proximity enables us to average the attributions from nearby feature
vectors, forming the foundation of our harmonization approach, illustrated in
Figure 5.2.

Original Attributions

To find the relationship between feature maps and model predictions, we compute

the original attribution maps for each feature map and class utilizing a desired
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Figure 5.2: The feature vectors of all training samples’ feature maps build the feature space. As
similar feature vectors represent similar concepts, regions with comparable attributions emerge,
as indicated by the dashed lines. The color represents the predominant class of an attribution
vector (argmax). Using k-nearest neighbors, (unseen) feature vectors are assigned the average
value of the surrounding attributions, resulting in more coherent and improved explanations.
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attribution method. In this thesis, original attributions refer to the unmodified
outputs of the attribution methods, whereas harmonized attributions are gener-
ated by our proposed approach. We denote the original attribution map for layer [
and training sample n as R;,, € RE*#>*Wi where (' is the number of classes in the
given task. As feature maps and attribution maps share identical spatial dimen-
sions, each feature vector ax; can be assigned directly to an attribution, resulting
in a set of training attributions {ry, r2, ..., " Nx W, }, Ti € RC.

Our procedure to compute original attribution maps diverges from conven-
tional procedures in three ways:

1. Attributions are calculated for all classes, not just the predicted ones.

2. Negative attribution values are retained instead of being thresholded using
ReLU as was originally done in methods like GradCAM.

3. Attributions are left unnormalized instead of transforming them to the [0, 1]

range, preserving their original state.

These choices ensure that the raw attribution values reflect the model’s internal

logic without introducing biases from post-processing.

Harmonized Attributions

To predict the harmonized attributions for the m-th (unseen) test sample, we first
compute its feature map X, with feature vectors {x}, @}, ..., & ., }, i € RX.
For each feature vector ), we identify the k nearest neighbors in the training
feature space {x1, T2, ..., nxm,xw, } and the corresponding attributions {r;,...}
are averaged. Averaging the attributions of nearby training feature vectors pro-
vides relevant information about the feature representations in that region of the
feature space leading to more meaningful attributions.

Original and Harmonized Attributions

Original attributions denote the unmodified, raw outputs of the attribu-
tion methods, while harmonized attributions are derived by our proposed
methodology.

5.3 Feature-specific Attribution Methods

Building on the assumption that similar feature vectors represent similar con-
cepts, we argue that existing attribution methods can be improved by making

them more feature-specific.
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Feature-specific Occlusions

Occluding features is a technique used to assess their sensitivity to the model’s
prediction. We propose specifying the occluded regions based on the feature
map’s feature vectors. Clustering them into groups of similar vectors can, for
example, be achieved using k-means (Lloyd, 1982). Each cluster is then occluded
separately and the attributions are divided by the number of occluded pixels.
Our approach is illustrated in Figure 5.3, alongside the sliding window (Zeiler
and Fergus, 2014) and random patches (Petsiuk et al., 2018) methods.

Sliding Window Occlusion RISE Occlusion k-means Occlusion (ours)

Figure 5.3: Sliding Window Occlusions by Zeiler and Fergus (2014) and RISE by Petsiuk et al.
(2018) occlude the input using rectangular patches. In contrast, our Feature-specific Occlusion
method simultaneously occludes similar feature vectors within the whole feature map. Although
demonstrated here on an input image, our proposed method shows its true strength in the
deep, intermediate layer of UH-Net, where the feature representations already correspond to
meaningful concepts.

Feature-specific Grad-CAM

Grad-CAM computes the average gradient for each channel k of the feature map,

denoted by a¢ = (af,...,a5)"

, and projects the feature vectors onto this di-
rection. In Section 4.3 we discuss that this works well if only one direction in
the feature space is relevant for the corresponding class. However, there might
be more than one relevant direction, which cannot be captured by the existing
Grad-CAM method. We therefore propose to replace the global average pooling
of the gradients with a pooling that is based on clusters of the feature vectors.
Similar to Feature-specific Occlusions, a clustering into groups of similar vectors
can be performed using k-means (Lloyd, 1982). Thus, there is not a single a¢,
but one for each group of feature vectors.

Our proposed method can be seen as an intermediate between Grad-CAM and
the attribution method Gradientsx Features. Compared to Gradientsx Features,
the only difference is that the gradients are averaged over similar feature vectors
before being multiplied with them. GradientsxFeatures does not average the
gradients at all and Grad-CAM averages the gradients globally.
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Chapter 6

Explaining Land Cover
Classification

In this section, we evaluate our proposed methodologies involving two well-known
benchmark datasets for land cover classification, DFC2020 and Ben-ge; three
CNN architectures, VGG-16, ResNet-18, and UH-Net; and ten attribution meth-
ods. The experiments are repeated ten times for each model and the results are

averaged.

6.1 Experimental Setup

6.1.1 Datasets

Both benchmark datasets, DFC2020 by Schmitt et al. (2019b) and Ben-ge by
Mommert et al. (2023), present unique challenges typical of remote sensing ap-
plications: DFC2020 includes imagery sampled from diverse geographic regions,
meaning that models trained on this dataset must generalize across different cli-
matic zones, vegetation types, and seasonal variability. Ben-ge, though detailed,
suffers from label noise due to the reliance on automated classification products.

Image-Wise, Multi-Class Labels

Both remote sensing datasets include segmentation ground truth data. However,
for our experiments, we define image-wise multi-labels y € {0,1}¢ for both
datasets to train the CNNs. For this, we label a land cover class 1, if it covers
more than 10% of the segmentation ground truth; and 0, if it covers less.

DFC2020

The DFC2020 dataset has been created for the 2020 IEEE GRSS Data Fu-
sion Contest (Schmitt et al., 2019b) and land cover classes have been semiau-
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tomatically annotated with a 10-meter resolution for 6114 patches with a size of
256 x 256 pixels each. For each patch, a Sentinel-1 and a Sentinel-2 image are
provided, of which only the Sentinel-2 images are used for our experiments. They
have 13 spectral bands, with values ranging from 0 to 10,000, and are sampled
from seven globally distributed regions, specifically from Mexico, Germany, South
Africa, Iran, India, Russia, and Australia. We divide the Sentinel-2 image values
by 10,000 so that they range from 0 to 1. The land cover classification scheme
is based on the International Geosphere-Biosphere Program (IGBP) scheme by
Loveland and Belward (1997) and includes 10 classes in a simplified version, of
which 8 are present in the dataset, as listed in Table 6.1. A sample is shown in
Figure 6.1 (page 50).

Due to the task of the contest, the provided data split contains no training
samples but 986 validation and 5128 test samples. Therefore, we conduct exper-
iments using a random split among all samples, with 60 % for training, 20 % for
validation, and 20 % for testing.

Table 6.1: DFC2020 land cover classes and their relative areas within the DFC2020 dataset.

DFC2020 LC Class | Rel. Area
B Forest 23 %
Shrubland 6 %
Grassland 10 %
Wetland 5%
B Cropland 18 %
Urban/Built-up 10 %
Barren 3%
B Water 25 %

Ben-ge (BigEarthNet)

Ben-ge, introduced by Mommert et al. (2023), extends the BigEarthNet dataset
by Sumbul et al. (2021) by adding geographical and environmental data. The
dataset contains about 590,000 Sentinel-1 and Sentinel-2 images from Europe.
The Sentinel-2 images have 12 spectral bands and a size of 120 x 120 pixels each,
with values ranging from 0 to 10,000. We divide the image values by 10,000 so that
they range from 0 to 1. We also reduce the dataset size by randomly selecting 20 %
of the images. Using the provided data split, this results in approximately 54,000
training samples, and 25,000 samples each for validation and testing. Ben-ge
provides ESA WorldCover (Zanaga et al., 2022) for each Sentinel scene which is a
global land cover product with a resolution of 10 meters and 11 land cover classes.
Three land cover classes are nearly not covered by BigEarthNet (< 0.01 %) and
are ignored in our experiments. The remaining 8 classes and their frequencies are
listed in Table 6.2. A sample is shown in Figure 6.1 (page 50).
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Table 6.2: ESA WorldCover classes and their relative areas within the Ben-ge dataset.

ESA WorldCover Class (Ben-ge) | Rel. Area
B Tree cover 41 %
Shrubland 1%
Grassland 22 %
Cropland 15 %
B Built-up 2%
Bare/sparse vegetation 0.1 %
B Permanent water bodies 17 %
B Herbaceous wetland 0.5 %

6.1.2 Training

We train the CNNs end-to-end on the given datasets with image-wise multi-labels
y € {0,1}¢ as described in Section 6.1.1. Each model uses sigmoid activation,
binary cross-entropy loss, the AdamW optimizer, and a batch size of 32. The
learning rate is linearly warmed up over 5 epochs and reduced by a factor of 10
if the validation loss stagnates for 5 epochs. The model state with the lowest
validation loss is selected. The number of model parameters; the learning rates,
weight decays, dropout probabilities, and epochs corresponding to the lowest
validation loss; as well as the performances of the trained CNNs are listed in
Table 6.3. Each architecture is trained 10 times with different initializations and
randomizations. The results are averaged and standard deviations are indicated.
Training is performed using PyTorch (Paszke et al., 2019) on an NVIDIA A100
40 GB PClIe GPU.

Table 6.3: The number of the trainable parameters (#Params) in the CNNs is on the order
of millions (M). Learning rate (LR), weight decay (WD), and dropout (DO) are tuned to
minimize the validation loss. The lowest validation loss is achieved after #Epochs. The test
dataset metrics, including accuracy and Fl-score, are reported as percentages (%).

Dataset Model #Params LR WD DO #Epochs | Accuracy F1 (macro)
VGG-16 1343 M le—5 1le—4 - 417 95+ 0 87+ 0
DFC2020 ResNet-18 112M le—4 le—4 - 47 £ 8 95+ 0 87 £1
UH-Net 190M le—4 le—4 03 35+14 95 £ 0 83+ 1
VGG-16 1343 M le—6 le—4 - 57X 16 96 + 0 T+ 1
Ben-ge ResNet-18 112M le—6 le—4 - 58+ 9 96 + 0 71+£1
UH-Net 17.7TM le—4 le—4 03 36+ 7 97+ 0 76+ 1
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Metrics: Accuracy, Fl-score, Micro, and Macro

Accuracy is the proportion of correct predictions made by a model. The

F1-score is defined as the harmonic mean of precision and recall. Precision
measures how many of the predicted positives are actually correct, while
recall measures how many of the actual positives are correctly identified.
When a metric is described as micro, it is computed globally across all
classes. In contrast, macro indicates that the metric is calculated indepen-
dently for each class and then averaged. In this context, we report accu-
racy only globally (micro). For multi-class problems, the micro-averaged
F1-score is equal to the micro-averaged accuracy; therefore, we report the

F1l-score as macro.

6.1.3 Original Attributions

We compute attributions utilizing ten attribution methods, namely:

+ GradientsxFeatures (Shrikumar et al., 2017),

o Feature-specific Grad-CAM (proposed by us in Section 5.3),
o Grad-CAM (Selvaraju et al., 2020),

» Layer-wise Relevance Propagation (Bach et al., 2015),
 Integrated Gradients (Sundararajan et al., 2017),

o DeepLift (Shrikumar et al., 2017),

o Gradient SHAP (Lundberg and Lee, 2017),

« DeepLift SHAP (Lundberg and Lee, 2017).

« Sliding Window Occlusions (Zeiler and Fergus, 2014),
 Feature-specific Occlusions (proposed by us in Section 5.3),

We compute the attributions for most of the methods using the Captum library
by Kokhlikyan et al. (2020). For Layer-wise Relevance Propagation, we apply
the Epsilon Rule. For Integrated Gradients, we use zeros as the baseline and
approximate the integral over 10 steps using the Gauss-Legendre method. For
DeepLift, we use zeros as the baseline. For Gradient SHAP, we involve 100
random baseline samples, and each run is repeated five times with a noise of
the standard deviation scaled by 0.01 added to the input sample. For DeepLift
SHAP, we use 10 random baseline samples. For Sliding Window occlusions, we
cover a total of 8 x 8 = 64 non-overlapping, equally-sized squares. Similarly, in
Feature-specific Occlusions, we cover 64 clusters. For both occlusion methods,
we set the occlusion value to zero. For Feature-specific Grad-CAM, we choose a
number of 64 clusters as well. As constituted in Section 5.2, we do not threshold

attributions to positive values using ReLLU and we do not normalize attributions.
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6.1.4 Harmonized Attributions

We perform the following steps independently for each model, dataset, layer of
interest, and attribution method. First, we compute feature vectors and their
attributions from the training dataset and select a representative random subset
of approximately 100,000 training feature vectors for performance reasons. Next,
we use the k-nearest neighbor regressor of the RAPIDS cuML Python library by
Raschka et al. (2020) to find the & = 100 nearest neighbors of a vector. Since
Euclidean distances become less meaningful in high-dimensional spaces (Aggarwal

et al., 2001), we employ cosine similarity as our distance metric.

6.1.5 Architecture-Specific Details
VGG-16

We use a standard VGG-16 as introduced in Section 3.3.2, modified for the multi-
channel input images and the number of targets, totaling 134.3 million parame-
ters. VGG-16 has 13 convolutional layers from which we select the last convolu-
tional layer with 512 channels for computing the attributions. For DFC2020 with
an input size of 256 x 256 pixels, its resolution is 16 x 16 feature vectors; for
Ben-ge (120 x 120), it is 7 x 7. The layer is followed by a Max Pooling operation
with a kernel size of 2 x 2. For the odd Ben-ge feature maps (7 x 7), this causes
all attribution methods — except Grad-CAM — to assign zero attributions to the
right column and bottom row. Additionally, due to the low resolution of Ben-ge,
Sliding Window and Feature-specific Occlusions occlude each feature vector in-
dependently, yielding identical attribution maps. Similarly, Gradientsx Features
and Feature-specific Grad-CAM are identical in this case.

ResNet-18

We use a standard ResNet-18 as introduced in Section 3.3.2, modified for the
multi-channel input images and the number of targets, totaling 11.2 million pa-
rameters. ResNet-18 consists of four basic blocks. We select the last layer of the
second block for computing the attributions due to its higher resolution compared
to the layers in blocks three and four. The layer has a resolution of 32 x 32 for
DFC2020 and 15 x 15 for Ben-ge, and 128 channels. We do not apply Layer-wise
Relevance Propagation as originally no rules are defined for skip connections.

UH-Net

We use a UH-Net as proposed in Section 5.1. For Ben-ge, pooling is omitted in
the first and third encoding steps due to the small image size. The U-Net’s last
layer is set to 16 channels with batch normalization but no activation function
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and used for computing the attributions. For DFC2020, the full model has 19.0
million trainable parameters — 17.3 million in the U-Net and 1.7 million in the
classification head. For Ben-ge, the model has 17.7 million parameters — 17.3
million in UH-Net and 0.4 million in the head. The difference in the number of
head parameters is due to the two linear layers at the end, which have significantly

more parameters for higher-resolution images.

6.1.6 Evaluation
Similarity between Attribution Methods

To compare two attribution methods, we calculate the Pearson correlation co-
efficient for their attributions across the test dataset. The Pearson correlation
coefficient is the covariance of two random variables A and B normed by the
product of their standard deviations:

cov(A, B)

0A0B

simp = (6.1)
In our case, the random variables A and B represent attribution values from two
sets of attribution vectors {ay, ..., a, } and {by, ..., b, }. The vectors a; correspond
to one attribution method, while the vectors b; correspond to the other. The
Pearson correlation coefficient can have values between —1 (negative correlation)

and 1 (positive correlation), where zero indicates no correlation.

Segmentation Ground Truth

We compare the predominant class of the attribution vectors with the segmenta-
tion ground truth of the test data. Assuming the model’s predictions are rational,
attribution methods that more closely align with the segmentation ground truth
are more likely to provide meaningful explanations. We apply bilinear interpo-
lation to the attribution maps if their sizes differ from the ground truth maps,
which is required for VGG-16 and ResNet-18. As the segmentation classes of
both datasets are imbalanced (see Tables 6.1, 6.2, pages 41 f.), we consider the
F1-score in addition to the accuracy.

6.2 Results

This section presents the results obtained from the CNNs’ deep layers. These
include numerous figures, tables and matrices (pages 50 ff.) which are broadly
summarized in the text to provide a high-level narrative. A detailed discussion

of the results is presented in Section 8.
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The following two boxes define our use of the term feature-vector-wise attribu-

tion methods, and list abbreviations often used in figures and tables, respectively.

Feature-vector-wise Attribution Methods

By feature-vector-wise attribution methods, we refer to methods that
compute attributions independently for each individual feature vector:
Gradients x Features, Layer-wise Relevance Propagation, Integrated Gra-
dients, DeepLift, Gradient SHAP, and DeepLift SHAP.

The following methods are not considered feature-vector-wise: Feature-
specific Grad-CAM, Grad-CAM, Sliding Window Occlusions, and Feature-
specific Occlusions.

Abbreviations

Within visualizations and tables, we regularly abbreviate attribution meth-
ods as follows: Gradientsx Features (Gr.xFt.), Feature-specific Grad-CAM
(Ft. Gr.-CAM), Grad-CAM (Gr.-CAM), Layer-wise Relevance Propaga-
tion (LRP), Integrated Gradients (Int. Gr.), Gradient SHAP (Gr. SHAP),

DeepLift SHAP (DL SHAP), Sliding Window Occlusions (SI. W. Occ.),
Feature-specific Occlusions (Ft. Occ.). These are also listed in Section Ab-

breviations on page 165.

6.2.1 Visual Appearance

Figure 6.2 (page 50) compares the visualization of attribution maps as class-
specific heatmaps — common in multi-class classification — with our visualiza-
tions of the predominant class attributions, which is more intuitive for mutli-label
classification. Attribution maps for all architectures, datasets, and attribution
methods are shown in Figures 6.3 and 6.4 (pages 51 f.) The visualized attribu-
tion maps are from a randomly selected model out of the ten ones trained per

architecture.

Visualization of Attribution Maps

Given our multi-label tasks, we focus on visualizing the predominant class
attributions (Figure 6.2b, page 50). All visualized attribution maps corre-
spond to the dataset samples in Figure 6.1 (page 50), which are not repeat-
edly displayed. Similarly, the land cover legends provided in Tables 6.1 and
6.2 (pages 41 f.) are not reiterated at any point.
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Original Attributions

Among the CNNs studied, the deep layer selected from VGG-16, and conse-
quently its attribution maps, have the lowest spatial resolution, followed by
those of ResNet-18, while UH-Net’s attribution maps preserve the input reso-
lution. The feature-vector-wise attribution methods produce noisy attribution
maps, especially when applied to VGG-16 and ResNet-18. For UH-Net, cluster-
like areas with reduced noise occur. Grad-CAM and Feature-specific Grad-CAM
are less noisy as gradients are averaged across channels. Sliding Window Occlu-
sions result in a low resolution which is particularly noticeable for UH-Net. In
contrast, Feature-specific Occlusions is not limited in resolution and less noisy
than gradient-based methods.

The extreme noise of feature-vector-wise methods for ResNet-18 stems from
strided convolutions (3 x 3 kernel with 2 x 2 stride) which include every second
feature vector twice. This creates a checkerboard pattern within gradient maps
as shown in Figure 6.5 (page 53) and transfers to the gradient-based attribution

maps.

Harmonized Attributions

Harmonization leads to greater similarity across attribution methods by mainly
compensating for two aspects: It reduces attribution noise, particularly for feature-
vector-wise methods; and it can adjust misleading explanations — significant
attributions to classes with low prediction scores. For example, in Grad-CAM,
Figure 6.4c, initial attributions to Shrubland are reassigned to Grassland, align-
ing with the model’s predictions. For Sliding Window Occlusions, harmonization
significantly improves the resolution, which is clarified in the next section, Sec-
tion 6.2.2.

6.2.2 Feature Space

Figure 6.6 (page 53) compares the same feature space for two exemplary attri-
bution methods: DeepLift and Grad-CAM. The original DeepLift method shows
noisy attribution-feature alignment. Harmonization smoothens this mapping and
aligns DeepLift’s attributions closer to Grad-CAM, which already exhibits strong
attribution-feature alignment.

For feature-vector-wise methods like DeepLift, the noisy alignment within the
feature space is caused by noisy gradients. In contrast, Sliding Window Occlu-
sions results in a noisy alignment due to the attribution maps’ low resolution.
Harmonization mitigates this, improving resolution within the image space for
this attribution method.
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6.2.3 Similarity between Attribution Methods

The Pearson correlation coefficients between attribution methods are illustrated
in Figure 6.7 for DFC2020 and Figure 6.8 for Ben-ge (pages 54 f). Harmonization
significantly increases the similarity between attribution methods, with only few
exceptions. For VGG-16, we observe an average increase in Pearson correlation
of 0.12 across both datasets and all attribution methods, resulting in an average
correlation of 0.73 for the harmonized attributions. For ResNet-18, the increase
is 0.17, yielding an average correlation of 0.44. For UH-Net, harmonization has
the strongest effect, with an average increase of 0.27 and a resulting average
correlation of 0.76. Across all architectures, Integrated Gradients and DeepLift
show the lowest similarity to the other methods, even after harmonization.

For Ben-ge and VGG-16, Grad-CAM exhibits low similarity with the other
methods because the low-resolution, odd-sized feature maps (7 x 7) are followed
by a 2 x 2 Max Pooling operation. This causes all attribution methods — except
Grad-CAM — to assign zero attributions to the rightmost column and bottom

row of the attribution maps, affecting 27 % of the feature vectors.

6.2.4 Segmentation Ground Truth

The evaluation metrics comparing the predominant attributions with the seg-
mentation ground truth are listed in Tables 6.4 and 6.5 (pages 56 f.) Through
harmonization, all metrics improve (for all architectures and attribution meth-
ods), with a few exceptions where the metrics remain unchanged. UH-Net shows
a particularly strong improvement. Assuming the model’s predictions are ratio-
nal, attribution methods that more closely align with the segmentation ground
truth are more likely to provide meaningful explanations.

Among the original attribution methods, Grad-CAM performs best on VGG-
16; for ResNet-18, it is DeepLIFT SHAP; and for UH-Net, the best methods are
Feature-specific Grad-CAM, Grad-CAM, and Feature-specific Occlusions. Af-
ter harmonization the best-performing methods on VGG-16 and UH-Net are:
Gradients x Features, Feature-specific Grad-CAM, Grad-CAM, and Layer-wise
Relevance Propagation. Additionally, DeepLIFT SHAP ranks among the top
methods for VGG-16, while Sliding Window Occlusions and Feature-specific Oc-
clusions are among the best on UH-Net. For ResNet-18, harmonized Gradient
SHAP and DeepLIFT SHAP show the best performance.
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6.2.5 Similarities between Original and Harmonized At-

tributions

The Pearson correlation coefficients between the original and harmonized attribu-
tions are presented in Figure 6.9. A high correlation indicates strong similarity,
indicating that harmonization has little effect and that the attribution method is
already aligned with the feature vectors.

VGG-16 exhibits the highest correlations for all methods due to a relatively
simple relationship between the analyzed layer and the prediction. The layer is
not followed by further convolutions, but Max Pooling, Global Average Pooling,
and three fully connected linear layers, resulting in a more straightforward align-
ment between feature vectors and original attributions. Across all architectures,
Grad-CAM exhibits the highest correlation, indicating the highest alignment with
the feature vectors. This strong alignment is also evident by the feature space
visualization in Figure 6.6. Feature-specific Grad-CAM and Feature-specific Oc-
clusions exhibit high correlation, especially for higher-resolution feature maps as
given for UH-Net (both datasets) as well as ResNet-18 (DFC2020).
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hes
]
Lot

Ben-ge

DFC2020

Figure 6.1: Sentinel-2 images and their corresponding segmentation ground truths from the
DFC2020 (left) and Ben-ge (right) datasets. Color legends are shown in Tables 6.1 and 6.2

(pages 41 f.)

t g LY
., - » e
harmonized attributions

original attributions

(a) Attribution maps for the M Urban/Built-up class with B negative and M positive attributions. Class-specific
heatmaps are the common visualization of attribution maps for multi-class classification.

Gr. X Ft. Grad-CAM

Gr. X Ft. Grad-CAM S1. W. Oce.

harmonized attributions

original attributions

(b) Attribution maps showing the predominant classes of the attribution vectors (argmax). The land cover
legend is provided in Table 6.1 (page 41). We favor this visualization for a multi-label task as it consolidates

all class attributions into a single representation.
Figure 6.2: Original (left) and harmonized (right) attribution maps of the deep UH-Net layer

for the sample from DFC2020 (Figure 10.1) for three attribution methods. The harmonized
attributions show greater similarity across attribution methods than the original attributions.
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(a) VGG-16.
(" GrXFt.  Ft.Grad-CAM  Grad-CAM (" GrXFt.  Ft.Grad-CAM  Grad-CAM LRP )
not applied

K original attributions
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DL SHAP
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(b) ResNet-18. We do not apply Layer-wise Relevance Propagation as originally no rules are defined for

skip connections.

" GrXFt.  Ft. Grad-EAM Grad-CAM
W/, V. 4, =

\_ original attributions

-

Ft. Grad- CAM Grad-CAM

harmonized attributions J

(c) UH-Net.

Figure 6.3: Original (left) and harmonized (right) attribution maps for a sample of DFC2020.
Satellite image and ground truth are shown in Figure 10.1. The harmonized attributions show
greater similarity across attribution methods than the original attributions. All models correctly

predict the classes M Forest,
occur with a relative area >10 %.

o1

Grassland, B Cropland, and ® Urban/Built-up as these classes



original attributions
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Ft. Grad-CAM Grad-CAM Gr. X Ft. Ft. Grad-CAM Grad-CAM
DeepLift Gr. SHAP DL SHAP Int. Gr. DeepLift Gr. SHAP DL SHAP
SL. W. Occ. Ft. Oce. SL. W. Occ. Ft. Occ.
L original attributions L harmonized attributions J
(a) VGG-16. The model correctly predicts the classes B Tree cover and ' Cropland as these classes occur
with a relative area >10 %. B Black indicates that all attributions are zero which occurs due to the odd feature
map size of 7 x 7, followed by pooling with a 2 x 2 kernel.
(" GrXxFt.  Ft.Grad.CAM  Grad-CAM (" GrxFt.  Ft GradCAM  Grad-CAM LRP
|
% ﬁ ﬁ o E ﬁ o
Int. Gr. DeepLift Gr SHAP DL SHAP Int. Gr. DeepLift Gr. SHAP DL SHAP
% d-: .. 7 . ‘ ﬁ ﬁ ‘
SL. W. Occ. Ft. Occ. S1. W. Occ. Ft. Occ.
_ original attributions L harmonized attributions J
(b) ResNet-18. The model predicts the classes B Tree cover, Cropland, and Grassland. Grassland
is not included in the label as the relative area threshold is >10 %. We do not apply Layer-wise Relevance
Propagation as originally no rules are defined for skip connections.
(" GrxFt. N Gr X XFt Pt Grad. CAM Gra
DeepLift Gr. SHAP DL SHAP Int Gr Deeleft ‘Gr. SHAP DL SHAP
e T L - I.

harmonized attributions

(c) UH-Net. The model predicts the classes B Tree cover,

Cropland, and  Grassland. Grassland is not

included in the label as the relative area threshold is >10 %.

Figure 6.4: Original (left) and harmonized (right) attribution maps for a sample of Ben-ge.
Satellite image and ground truth are shown in Figure 10.1. The harmonized attributions show
greater similarity across attribution methods than the original attributions.

52



CHAPTER 6. EXPLAINING LAND COVER CLASSIFICATION

DFC2020 Ben-ge

Figure 6.5: The absolute, summed gradient maps of the ResNet-18’s deep feature vectors show
checkerboard patterns also transferring to the gradient-based attribution maps. This is due to
the strided convolutions (3 x 3 kernel with 2 x 2 stride) which include every second feature
vector twice. ( Low to B high gradients.)

DeepLift

5o o O . oo o

original attributions harmonized attributions

Figure 6.6: Feature space of the deep UH-Net layer for the DFC2020 training dataset and
two exemplary attribution methods (DeepLift and Grad-CAM). The four illustrations differ
only in the colorization of the feature vectors. On the left, colors indicate the predominant
classes of the attribution vectors (argmax) within the original attributions. The harmonized
attributions (right) result in a smoother alignment. DeepLift attributions are significantly
smoothed through harmonization, whereas Grad-CAM attributions are already well-aligned
prior to harmonization. For visualization purposes, the 16-dimensional feature vectors are
reduced to two dimensions using Uniform Manifold Approximation and Projection (UMAP;
Mclnnes et al., 2020; Raschka et al., 2020).
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Figure 6.7: Pearson correlations between attribution methods for DFC2020 and the three ar-
chitectures: VGG-16 (top), ResNet-18 (middle), and UH-Net (bottom). The values are averaged
over ten models. From left to right: coefficients for the original attributions, the harmonized
attributions, and their difference. Layer-wise Relevance Propagation is not computed for the

ResNet-18 as originally no rules are defined for skip connections.
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Figure 6.8: Pearson correlations between attribution methods for Ben-ge and the three archi-
tectures: VGG-16 (top), ResNet-18 (middle), and UH-Net (bottom). The values are averaged
over ten models. From left to right: coefficients for the original attributions, the harmonized
attributions, and their difference. Layer-wise Relevance Propagation is not computed for the

ResNet-18 as originally no rules are defined for skip connections.
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Table 6.4: Metrics comparing the predominant class attributions with the segmentation ground
truth for DFC2020. Values are averaged over the ten models and reported as percentages,
including the standard deviation. For clarity, the numbers are rounded to whole integers. The
best values in a column (per CNN), along with those up to 2% lower, are highlighted in bold.
Deviations in the differences may result from rounding.

N Accuracy F1 (macro
CNN Attribution Method orig. harm. diff. orig. (harm.) diff.
Gradients x Features 69 75 7 57 65 8
Ft. Grad-CAM 73 76 3 62 65 3
Grad-CAM 75 75 0 65 65 0
LRP 69 75 7 57 65 8
Integrated Gradients | 45 55 10 38 47 9
VGG-16 DeepLift 47 57 10 40 49 9
Gradient SHAP 63 71 9 51 60 9
DeepLift SHAP 71 74 3 61 65 4
SI. W. Occlusions 72 76 4 61 65 4
Ft. Occlusions 68 74 7 56 63 7
Gradients x Features 34 46 12 27 35 7
Ft. Grad-CAM 41 46 5 33 35 2
Grad-CAM 39 42 3 34 35 2
Integrated Gradients | 32 37 5 28 33 4
DeepLift 34 42 8 30 37 7
ResNet-18 Gragient SHAP 31 51 21 27 45 18
DeepLift SHAP 43 51 8 38 46 8
SI. W. Occlusions 40 43 3 33 34 1
Ft. Occlusions 39 41 2 33 33 1
Gradients x Features 42 80 37 35 69 33
Ft. Grad-CAM 77 80 4 65 69 4
Grad-CAM 78 80 2 67 69 2
LRP 42 80 37 35 69 33
Integrated Gradients | 35 72 37 30 62 32
UH-Net b epLift 40 73 33 34 63 29
Gradient SHAP 36 7 42 30 66 36
DeepLift SHAP 56 73 17 46 64 18
SI. W. Occlusions 50 81 30 42 69 27
Ft. Occlusions s 80 4 65 69 4
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Table 6.5: Metrics comparing the predominant class attributions with the segmentation ground
truth for Ben-ge. Values are averaged over the ten models and reported as percentages,
including the standard deviation. For clarity, the numbers are rounded to whole integers. The
best values in a column (per CNN), along with those up to 2% lower, are highlighted in bold.
Deviations in the differences may result from rounding.

N Accuracy F1 (macro
CNN Attribution Method orig. harm. diff. orig. glarm. ) diff.
GradientsxFeatures | 63 69 6 40 43 3
Ft. Grad-CAM 63 69 6 40 43 3
Grad-CAM 63 69 5 43 45 2
LRP 63 69 6 40 43 3
Integrated Gradients | 48 54 5 27 29 2
VGG-16 DeepLift 49 55 6 27 30 3
Gradient SHAP 51 64 13 32 41 10
DeepLift SHAP 62 68 6 41 45 4
Sl. W. Occlusions 53 65 12 32 40 8
Ft. Occlusions 53 65 12 32 40 8
Gradients x Features 21 26 5 13 15 2
Ft. Grad-CAM 25 30 4 15 17 2
Grad-CAM 31 33 2 20 20 0
Integrated Gradients | 26 34 8 16 19 3
DeepLift 30 37 7 16 19 3
ResNet-18 Gragient SHAP 26 44 18 17 27 10
DeepLift SHAP 31 43 12 20 26 6
Sl. W. Occlusions 27 32 5 17 19 2
Ft. Occlusions 27 30 3 17 18 1
Gradients x Features 55 78 23 32 53 21
Ft. Grad-CAM 73 79 5 46 54 8
Grad-CAM 74 79 5 47 54 7
LRP 55 78 23 32 53 21
Integrated Gradients | 38 46 7 26 28 2
UH-Net b epLift 40 44 4 26 2 0
Gradient SHAP 30 67 37 20 45 25
DeepLift SHAP 56 72 16 38 49 11
Sl. W. Occlusions 60 80 20 36 55 19
Ft. Occlusions 73 79 6 46 54 8
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Figure 6.9: Similarities between original and harmonized attributions for the three architectures (left to right) and all attribution methods (top to bottom
within each plot). For each attribution method, the upper bar represents the Pearson correlation for DFC2020; the lower bar the one for Ben-ge. The
color intensity highlights the bar values, with darker shades indicating higher ones. The values are averaged across ten models, and grey lines represent the
standard deviations. We do not apply Layer-wise Relevance Propagation for the ResNet-18 as originally no rules are defined for skip connection.
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Chapter 7

Additional Experiments

In this section, we address additional questions related to the methods introduced
in Section 5. While the previous section, Section 6, emphasized completeness —
covering various CNN architectures, datasets, attribution methods, and averaging
results over multiple training runs — this section focuses on individual aspects,
often with a particular emphasis on our UH-Net architecture and the DFC2020
dataset.

7.1 Varying Harmonization Parameters

We evaluate the robustness of the parameter k£ in the k-nearest neighbors search
applied when attributions are harmonized utilizing the training feature space. To
do so, we select one of the ten UH-Net models trained on DFC2020 and repeat
the harmonization for £ = 5, 20, 100, 300. Some resulting attribution maps are
shown in Figure 7.1. The Pearson correlations among the attribution methods
can be found in Appendix A.1, Figure A.1 (page 137).

For attribution methods that closely align with the features (e.g., Grad-CAM),
the choice of k has little to no effect. However, for other attribution methods, a
very low k limits the harmonization effect, as averaging over a small number of
neighbors does not fully eliminate noise within the feature space. Regarding the
similarity between harmonized attribution methods, k£ = 5 already has a positive
impact. However, there is a significant increase in similarity at & = 20. We
observe a further, though less pronounced, increase at £ = 100, while at k£ = 300,
the improvement is minimal. We make similar conclusions when observing the
accuracies and Fl-scores for different k’s. Overall, our findings suggest that the
choice of k is quite robust. However, it should exceed a certain threshold, which
we find to be around k£ = 20. For our experiments we have chosen k£ = 100 as a
good compromise between performance and computational efficiency.

Another choice we made was to use cosine similarity as the distance metric
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original

Figure 7.1: Harmonized attribution maps for DFC2020 and one of the UH-Net models (deep
layer) for varying numbers of nearest neighbors. The parameter is quite robust for values above
k = 20 and we have chosen & = 100 for our experiments.

within the feature space when searching for nearest neighbors. However, we find
that the choice between cosine similarity and Euclidean distance has no significant
effect for all tested architectures.

7.2 Variants of UH-Net

Our proposed UH-Net architecture, as described in Section 5.1, employs a shallow
classifier head to ensure that the feature vectors at the intermediate layer capture
high-level concepts. In this section we investigate the attributions for two modi-
fied versions of this architecture: A UH-Net with an even simpler classifier head,
and a UH-Net with a more complex classifier head. For both architectures, ten
models are trained and the results are averaged. Attribution maps for one of the
ten models are visualized in Figure A.2. The Pearson correlations and evaluation
metrics can be found in Appendix A.1, Figure A.2 (page 138); and Table A.1
(page 139).

UH-Net with a Simple Head

As an example of a simple head, we use a final layer as proposed by Zhou et
al. (2016) to enable Class Activation Mapping (CAM). CAM is an attribution
method applicable to specific CNN architectures and introduced in Section 3.4.2.
Our layer of interest has 16 channels, as in our proposed UH-Net, but it is not
batch-normalized. The head performs global average pooling (channel-wise mean)
followed by a single linear layer with weights only (no bias). Thus, the head
contains only 128 trainable parameters, while the U-Net still has 17.3 million.
With this architecture, CAM, Grad-CAM, Feature-specific Grad-CAM, and
Gradients x Features yield identical results. These are also similar to both occlusion-
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(b) UH-Net with a complex ResNet-18 head. The more complex head causes noisier gradient-based
attribution maps than our proposed UH-Net described in Section 5.1; however, harmonization can largely

mitigate this effect.

Figure 7.2: Original (left) and harmonized (right) attribution maps for a sample of DFC2020
and two variants of UH-Net (deep layer).
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based and both SHAP methods. Integrated Gradients and DeepLift produce
identical results to each other but differ from the other methods. The origi-
nal attributions align better with the segmentation ground truth than those of
our proposed UH-Net. However, harmonization has only a small effect and the
harmonized attributions align less well.

UH-Net with a Complex Head

To demonstrate a UH-Net with a complex head, we append a ResNet-18 after
the U-Net. The intersection layer has 16 channels, as in our proposed UH-Net.
In this configuration the U-Net has 17.3 million trainable parameters, while the
ResNet-18 head has 11.2 million. In the case of the complex head, gradient-based
attribution maps of the intersection layer are significantly noisier compared to
our proposed UH-Net architecture. This noise results in low Pearson correlations,
although the attribution maps appear visually similar. Harmonization reduces
the noise and significantly improves the Pearson correlations. The harmonized
attributions of UH-Net with a ResNet-18 head align less with the segmentation
ground truth compared to those of our proposed UH-Net architecture.

7.3 Attributions for the Input Layers

In Section 6.2, we focus on the results of the deep CNN layers. Here, we present
the attributions for the input layers of the same ten CNNs per architecture for
DFC2020. Layer-wise Relevance Propagation is not computed for ResNet-18 and
UH-Net, as originally no rules are defined for skip connections.

Original and harmonized attribution maps for the inputs are shown in Fig-
ure 7.3. The feature-vector-wise attribution maps are highly noisy for all archi-
tectures, and harmonization can compensate for this only to a limited extent.
UH-Net exhibits the lowest noise, likely due to the skip connections in the U-Net
architecture, which allow gradients to backpropagate more directly to the input.
The attributions show low correlation across different methods for all architec-
tures (Figure A.3 in Appendix A.1, page 140). While harmonization increases
their similarity, the effect is usually minor. The most notable improvements
are observed with UH-Net. Comparing the predominant attributions with the
segmentation ground truth, some metrics show a significant upward trend after
harmonization, with the highest impact observed for UH-Net (Table A.2 in Ap-
pendix A.1, page 141). However, there are also cases where harmonization leads
to a decline in metrics. Harmonized DeepLift SHAP yields the best performance
across all architectures.

Correlations between original and harmonized attributions are present for
Grad-CAM, Feature-specific Grad-CAM, Sliding Window Occlusions, and Feature-
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Figure 7.3: Original (left) and harmonized (right) input attribution maps for DFC2020. Har-
monization frequently falls short of producing a result that seems any more meaningful than
the original attributions especially for the occlusion-based and both Grad-CAM methods. All
models correctly predict the classes M Forest, - Grassland, M Cropland, and M Urban/Built-

up.
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specific Occlusions, but hardly for the other methods (Figure A.4 in Appendix A.1,
page 142). The likely reason is the high level of noise for the feature-vector-wise
methods. For UH-Net, noise is generally lower due to the presence of skip con-
nections. It thus exhibits higher similarity values also for the gradient-based
methods.

7.4 Object Classification

Caltech 101 Dataset

In this section, we evaluate our methodologies using the Caltech 101 dataset by
Li et al. (2022), which contains illustrations and photos taken with a handheld
camera. It is a multi-class dataset with 101 categories, including objects, faces,
and animals. Although the dataset is imbalanced, most categories have around 50
images, each approximately 300 x 200 pixels in size, with either red-green-blue
(RGB) channels or a single gray channel. In total, the dataset contains 9,146
images.

We resize the images to 256 x 256 pixels, replicate the channels of single-
channel images to obtain three channels, and normalize each image to values
between 0 and 1. We apply a random data split across all samples: 60% for
training, 20% for validation, and 20% for testing.

Experimental Setup

We use the same three model architectures as for DFC2020 (VGG-16, ResNet-18,
and UH-Net), adjusting only the number of input channels to 3. For UH-Net, we
further choose the intermediate layer to have 32 channels instead of 16, as the
number of classes is significantly larger. As Caltech 101 provides a multi-class
task, we use softmax activation and cross-entropy loss. We employ the AdamW
optimizer with a batch size of 32. The learning rate is linearly warmed up over 5
epochs and reduced by a factor of 10 if the validation loss stagnates for 20 epochs.
Other hyperparameters are listed in Table 7.1. We select the model state with the
lowest validation loss. Other than for the land cover classification tasks, UH-Net
has a significantly lower test accuracy and Fl-score (macro) than VGG-16 and
ResNet-18.

Due to the high number of classes and the multi-class nature of this task,
we do not compute attributions for all classes in each sample, as described in
Section 5.2. Instead we compute the attributions of the predicted class only.
To harmonize attributions, we set up a separate feature space for each class.
Each feature space includes the feature vectors of the training samples that were

predicted as belonging to the corresponding class. For an unseen test sample, we
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Table 7.1: Learning rate (LR), weight decay (WD), and Dropout (DO) are tuned to minimize
the validation loss. The lowest validation loss is achieved after #Epochs. The test dataset
metrics, including accuracy and Fl-score, are reported as percentages (%).

Dataset Model ‘ LR WD DO #Epochs ‘ Accuracy F1 (macro)
VGG-16 le—3 1le—2 - 43 76 62
Caltech 101 ResNet-18 | le—3 le—1 - 34 78 66
UH-Net le—4 le—1 0.7 61 64 33

refer to the feature space of its predicted class.

Results

Figure 7.4 shows the attribution heatmaps of a sample, that was correctly pre-
dicted as a sunflower by all models, while Figure 7.5 presents the Pearson cor-
relations computed over the entire test dataset. Similar to the multi-label land
cover classification, harmonization leads to an increase in similarity across all
models and nearly all attribution methods. A notable exception is Grad-CAM
with VGG-16. We make the following observations:

« Positive vs. negative values in harmonized attributions: For VGG-
16, the harmonized attributions are mostly positive across all attribution
methods, except for Grad-CAM. For ResNet-18, Integrated Gradients, DeepLift,
Gradient SHAP, and DeepLift SHAP they are predominantly positive. The
other methods yield a mix of negative and positive harmonized attributions.

A similar trend is also present for UH-Net, though less pronounced.

o Object vs. background attributions: UH-Net often focuses on specific
parts of the object, especially if they contrast with the background. In
our example, it focuses on the yellow petals of the sunflower. VGG-16 and
ResNet-18 tend to include more of the background in their attributions.
Attribution maps of the ResNet-18 can look abstract.

e Grad-CAM: Grad-CAM produces results that are relatively dissimilar
from those of the other attribution methods across all architectures. This
effect is most pronounced for VGG-16, where the original Grad-CAM at-
tributions often exhibit strong negative values. Thus, after harmonization,

most attributions become negative.
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Figure 7.4: Original (left) and harmonized (right) attribution maps for a sample of the sunflower
class of Caltech 101 with B negative and M positive attributions. The sample was correctly

predicted by all models.
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Figure 7.5: Pearson correlations between attribution methods for Caltech 101 and three archi-
tectures: VGG-16 (top), ResNet-18 (middle), and UH-Net (bottom). From left to right: coeffi-
cients for the original attributions, the harmonized attributions, and their difference. Layer-wise
Relevance Propagation is not computed for the ResNet-18 as originally no rules are defined for
skip connections.
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Chapter 8

Discussion

8.1 Input vs. Deep Layer Attributions

In the majority of works, most of the attribution methods are applied at the input
level. This practice generally follows the original formulations of the methods, in-
cluding Gradientsx Features, Layer-wise Relevance Propagation, Integrated Gra-
dients, DeepLift, Gradient SHAP, DeepLift SHAP, and Sliding Window Occlu-
sions. An exception is Grad-CAM, whose inventors, Selvaraju et al. (2020), ex-
plicitly suggest an application to the last convolutional layer. This recommenda-
tion likely stems from its conceptual origins in Class Activation Mapping (CAM,
Zhou et al., 2016), which is inherently restricted to the final convolutional layer
due to its reliance on global average pooling over spatial feature maps.

Although not common practice, applying attribution methods to deeper layers
appears generally reasonable from findings in mechanistic interpretability which
conclude that representations in deeper layers are more refined and closely aligned
with the output (see Section 3.3.2). In contrast, the input feature vectors (pixels)
represent only the concept of (multispectral) color, not even structure. However,
especially in remote sensing, structure plays a crucial role in differentiating spe-
cific land cover classes. Accordingly, our results demonstrate that computing
attributions in deeper layers yields more intuitive explanations. While input at-
tributions tend to be noisy for feature-vector-wise methods and often lead to
misleading explanations, attributions from deep layers have proven to produce
better explanations.

To the best of our knowledge, no comparable study has systematically exam-
ined and compared multiple attribution methods at both the input and deeper
layers. We fill this research gap and our findings not only support the theoretical
foundations established in mechanistic interpretability but also offer the practi-
cal recommendation to apply attribution methods in deeper layers. This raises

an important critique of many previous studies: numerous works comparing at-
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tribution methods evaluate different methods at different layers (Section 4.2).
Grad-CAM, which is typically applied to the last convolutional layer, frequently
performs well in these comparisons, which is further discussed in Section 8.4.
However, such evaluations are flawed and potentially misleading, as it remains
unclear whether the strong performance is due to the method itself or the specific
layer to which it is applied.

« Computing attributions in deeper layers yields more intuitive explana-
tions.

« No previous study has systematically compared multiple attribution
methods at both input and deep layers, and many prior comparisons
are flawed by evaluating methods at different layers.

8.2 UH-Net Architecture

While attributions are more meaningful at deeper layers, these layers typically
have lower resolution. Concerning this matter, our proposed UH-Net architecture
(introduced in Section 5.1) provides an advantage in interpretability by enabling
meaningful high-resolution attributions through the incorporation of an uncon-
ventional bottleneck layer. Typical bottleneck layers, such as those in autoen-
coders, contain a small number of high-dimensional feature vectors. In contrast,
our representation preserves a large number of feature vectors with relatively low
dimensionality. Our design comes with a potential trade-off of reduced classifica-
tion accuracy compared to VGG-16 and ResNet-18. While this effect is negligible
in the multi-label land cover classification tasks evaluated (DFC2020 and Ben-ge;
see Table 6.3, page 42), it becomes more pronounced in the multi-class classifi-
cation involving 101 classes (Caltech 101; see Table 7.1, page 65). Nevertheless,
if high transparency and interpretability is desired, this trade-off might be often
worthwhile.

Considering the original attributions for UH-Net, both attribution methods
we propose in Section 5.3 — Feature-specific Grad-CAM and Feature-specific
Occlusions — are among the best explaining methods for land cover classification
and also yield reasonable results on Caltech 101. For the feature-vector-wise
attribution methods, resolution is often limited by the presence of cluster-like
regions in the attribution maps; and for Sliding Window Occlusions, resolution
is constrained by the occlusion patch size. Here, harmonization is recommended
as it addresses these limitations. The harmonized attribution maps generated by
our UH-Net show the highest concordance with the segmentation ground truth
compared to the other architectures (VGG-16 and ResNet-18). It is thus the
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model that provides the most comprehensible feature maps for humans. This is
certainly also due to the skip connections within the U-Net, which establish a
strong link between deep and input features, ensuring that attributions remain
closely tied to the input and are therefore more interpretable.

o UH-Net enables meaningful attributions at high resolution.

e It provides the most comprehensible feature maps for humans.

o Feature-specific Grad-CAM and Feature-specific Occlusions emerge as
the most suitable methods for UH-Net considering the original attribu-
tions.

o UH-Net’s high interpretability may come at the cost of reduced classifi-
cation accuracy.

Variants of UH-Net

Using a simpler classification head than our proposed one, the harmonized attri-
butions are less aligned with the segmentation ground truth. While these attri-
butions might accurately reflect the behavior of the model’s layer, the restricting
head (global average pooling and a single linear layer) forces the model to learn
representations that are less interpretable to humans. We thus recommend a
head that is lightly restrictive.

On the other hand, using a complex ResNet-18 head, the original attributions
are less informative because the longer backpropagation path introduces noise
and artifacts. Harmonization significantly improves interpretability and reveals a
moderate feature complexity at the layer of interest — although not as high-level
as in our proposed UH-Net variant. This is because ResNet-18 has nearly as
many parameters as U-Net, allowing the whole CNN to learn similarly complex

features in later stages.

8.3 Harmonization

Our harmonization approach (proposed in Section 5.2) compensates for the inher-
ent inconsistencies of individual attribution methods, resulting in more coherent
and reliable explanations. It thus makes the choice of method less critical. This
is achieved by averaging attributions within the learned feature space using the
training data. We assess our approach by analyzing attribution maps, inspecting
the learned feature space, comparing similarities between attribution methods as
well as between original and harmonized attributions, and evaluating alignment

with segmentation ground truth. All these aspects indicate improved explana-
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tions when attributions are harmonized. Further, harmonization requires only
a few hyperparameters, specifically those for the k-nearest neighbor search, and

these prove to be highly robust in our experiments.

Local vs. Global Explanations

Original attribution methods provide local explanations by primarily focusing
on visualizing input—output relationships. They do not attempt to capture the
model’s overall behavior or to explain its internal mechanisms — both of which are
addressed by global explainable machine learning techniques and central to the
field of mechanistic interpretability. Definitions of local and global explanations,

and mechanistic interpretability are provided in Section 3.4.

By harmonizing attributions, we propose a more global approach that uses
the entire training dataset to evaluate the feature space and its representations
in relation to the predicted classes. This enables a deeper understanding of the
model’s internal mechanisms, as features can be directly mapped to attributions
— independent of individual samples. Because harmonized attributions align
with global feature representations, they provide more interpretable explanations
for individual samples. However, these global feature explanations may not fully
capture individual nuances as the following examples point out:

o ResNet-18 exhibits checkerboard-like gradient maps due to strided convo-
lutions. These patterns suggest that every second feature appears more im-
portant for the model’s prediction, resulting in noisy attribution maps when
using original attribution methods (see Figure 6.5, page 53). In contrast,
harmonized attributions provide global explanations for these features, in-
dependent of their spatial location, thereby ignoring the checkerboard-like
gradients.

e In the case of VGG-16 and Ben-ge, the bottom row and right column of
a feature map are excluded from the prediction, as it is odd-sized and
followed by pooling with an even-sized kernel. Most original attribution
methods correctly assign zero attribution to these features (see Figure 6.4a,
page 52). Harmonized attributions, on the other hand, evaluate how fea-
tures generally contribute and therefore attribute importance to these fea-

tures as well.

We suggest that harmonized attributions are preferable in most cases as their
explanations are more interpretable to humans. However, in certain situations,
original attributions may be more appropriate. It should be noted, though, that
not all attribution methods capture all details — for example, Grad-CAM and
Sliding Window Occlusions are unable to represent the checkerboard pattern in
ResNet18.
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Limitations

For harmonization, the separation of distinct feature representations is crucial;
thus its effectiveness is constrained by the degree of disentanglement within the
learned feature space. Similar feature vectors representing different concepts or
classes cannot be well harmonized. In our experiments on land cover classifica-
tion, the high agreement between attributions and segmentation ground truth
suggests that the deep feature vectors are disentangled with respect to the eight
classes. This appears to hold for Caltech 101 as well, as evidenced by the success-
ful convergence of the attribution methods after harmonization. However, as the
number of classes increases and interactions between them grow, the likelihood of
entanglement rises. Therefore, entanglement is also more common in the initial
layers, as they process low-level features, such as color and texture; which ex-
plains why harmonization is not effective at the input layer. For example, when
different land cover classes share similar (multispectral) colors, their attributions
become mixed in the input space. Even in deeper layers, the same semantics can
support different classes — for example, depending on their position, quantity,
or surroundings.

Another limitation are domain shifts between training and test data posing
limitations not only for model predictions but also for the reliability of feature
attributions. If a CNN encounters out-of-distribution input features, they may
be mapped to out-of-distribution deep features or mistakenly to in-distribution
deep features. In both cases, the resulting features may be misattributed both
by the original and the harmonized attributions.

o Harmonization yields more coherent and comprehensive explanations.

o It makes the choice of attribution method less critical.

e Original attribution methods provide local explanations, whereas har-
monization produces explanations with a more global character.

o Harmonization is constrained by the degree of entanglement within the
learned feature space.

8.4 Attribution Methods

Gradients xFeatures

Gradients x Features is one of the simplest attribution methods: it computes gra-
dients and multiplies them with the corresponding features. Since gradients in
neural networks tend to be noisy, the resulting attribution maps are often noisy
as well. Methods such as SmoothGrad (Smilkov et al., 2017) address this by
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averaging attributions across multiple noisy versions of the features. In practice,
however, GradientsxFeatures is rarely used nowadays, as its attribution maps
are often difficult for humans to interpret. It is therefore surprising how well
this method performs after harmonization: It not only shows high similarity with
other attribution methods but also achieves a high overlap with segmentation
ground truth. For VGG-16 and UH-Net, it even ranks among the best-performing
methods — despite its extreme simplicity. This further underscores the strength

of harmonization.

Layer-wise Relevance Propagation

Across all experiments, we observe that Layer-wise Relevance Propagation is
equivalent to Gradientsx Features. This aligns with Shrikumar et al. (2017), who
state that the two attribution methods are equivalent under the Basic Rule (z-
Rule), provided all activations are piecewise linear. Using ReLU activations and
the Epsilon Rule in our experiments, these conditions are approximately satisfied.

Grad-CAM

Grad-CAM is the method least affected by harmonization as its attributions are
already well aligned with the feature vectors. This can be explained by the fact
that averaging the gradients across channels defines a distinct direction a in
feature space, which is then projected onto the feature vectors (see Section 4.3
and Figure 4.1, page 33). However, as also discussed in Section 4.3, this leads to
a problem whenever multiple directions are relevant for a class. For this reason,
Grad-CAM fails to provide meaningful explanations in our experiments using
Caltech 101.

In related work, Grad-CAM has generally been found to perform well, even on
tasks with many classes. It is one of the few gradient-based attribution methods
passing the sanity checks by Adebayo et al. (2018) and performs best under
various evaluations by Yang and Kim (2019). Grad-CAM is also among the
best-performing attribution methods for land cover classification when evaluated
with the Most Relevant First approach of Samek et al. (2017), which measures
how quickly the prediction score decreases as information is progressively removed
(Kakogeorgiou and Karantzalos, 2021). Further, it performs best when testing the
robustness of explanations by perturbating the input in a semantically meaningful
way (Yang and Kim, 2019). One explanation for the strong performance of Grad-
CAM in related work is that it is typically applied to the last convolutional layer.
At this stage, the likelihood of multiple relevant directions in feature space is lower
than in our experiments, where we mostly do not use the very last convolutional

layer. Moreover, in related comparisons, other attribution methods are applied
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at the input level, which makes for an unfair comparison (Section 8.1).

Feature-specific Grad-CAM

Feature-specific Grad-CAM, proposed in Section 5.3, can be seen as an approach
that bridges GradientsxFeatures and Grad-CAM. While GradientsxFeatures
does not perform any gradient averaging, Feature-specific Grad-CAM averages
gradients over similar feature vectors, whereas Grad-CAM averages them across
entire feature map channels. In this way, Feature-specific Grad-CAM substan-
tially reduces noise in the attribution maps and, by design, generates attributions
that align closely with the feature vectors. It thus provides less noisy explanations
than GradientsxFeatures. After harmonization, Gradientsx Features exhibits a
strong correlation with Feature-specific Grad-CAM.

Feature-specific Grad-CAM is particularly effective for our UH-Net architec-
ture, as it reaches its full potential with high-resolution feature maps. The lim-
itations of this attribution method are similar to those of harmonization (Sec-
tion 8.3), namely that its effectiveness depends on the degree of disentanglement

in the learned feature space, which is, for example, less distinct in shallow layers.

Sliding Window Occlusions

Sliding Window Occlusions provides meaningful explanations, but their resolution
is limited by the size of the occluding window. Harmonization increases the
resolution, thereby improving both the alignment with the segmentation ground
truth and the consistency with other attribution methods.

Feature-specific Occlusions

Feature-specific Occlusions, proposed in Section 5.3, simultaneously occludes sim-
ilar feature vectors instead of using a sliding window. By design, this approach
leads to attributions that are better aligned with the feature vectors, thus yielding
more accurate explanations. It is particularly valuable for high-resolution feature
maps. Accordingly, significant improvements over Sliding Window Occlusions are
observed with UH-Net. Harmonizing Feature-specific Occlusions has a relatively
minor effect, since the attributions are already closely aligned with the feature
vectors. The limitations of this attribution method are similar to those of har-
monization (Section 8.3), namely that its effectiveness depends on the degree of
disentanglement in the learned feature space, which is, for example, less distinct

in shallow layers.
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Correlation between Feature-specific Grad-CAM and Feature-specific
Occlusions

Feature-specific Grad-CAM and Feature-specific Occlusions exhibit high Pearson
correlations with one another already prior to harmonization. We explain this
behavior by the following argumentation: Based on Equation 3.4 (page 22), the
Grad-CAM attribution for a feature vector X; at position j with features X ; is
given by:
all
R]Grad-CAM _ 1 of(X) X (8.1)

Nan = 0Xk.i

N.n denotes the total number of feature vectors in the sample; £ and 7 denote
the channel and position of a feature vector, respectively. Differing from this,
Feature-specific Grad-CAM averages gradients only over similar feature vectors
(denoted by “sim”) rather than across entire feature map channels:

1 sim a X
R?‘t. Grad-CAM __ — E}f)((k ) - X, (8.2)
sim ki 5T

Using an occlusion-based method, the attribution is determined as shown in
Equation 8.3, where N, denotes the number of feature vectors simultaneously
occluded. Assuming the contributions of occluded features are approximately
additive, we obtain the expression in Equation 8.4. Here, > 7% denotes sum-
mation over all occluded positions. By multiplying the term by 1 in the form
AXyi/AXy,;, we arrive at Equation 8.5. When features are occluded by setting
them to zero, we have AX}; = —Xj,. Since Feature-specific Occlusions involve
occluding only similar features simultaneously, we approximate X;; ~ X}, ;, lead-

ing to Equation 8.6.

1
(8.3)
1 occ AXkﬂ
N ; Af(X, AXy,) | A (8.4)
1 occ Af(X’Asz)
N _Nocc ; AXk,z AX’“ | AXk,z = —Xpi= —ij
(8.5)
~ ]_ occ Af(X, AX]C,’L)
- Nocc L AXk,z Xk»] (8 6)
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The resulting equation for Feature-specific Grad-CAM (Equation 8.2) and the
approximation for Feature-specific Occlusions (Equation 8.6) take a very similar
form, differing in only one aspect: Grad-CAM relies on local gradients, 0f /90X,
while Feature-specific Occlusions measure global changes relative to a zero base-
line, Af/AXy;. For a linear problem, both forms are equivalent apart from a
constant, which is irrelevant for the Pearson correlation. The more nonlinear the
problem, the more the gradients and the deltas to the zero baseline diverge, and

thus the greater the difference between the two attribution methods.

Integrated Gradients, DeepLift, Gradient SHAP, and DeepLift SHAP

We observe a high correlation between Integrated Gradients and DeepLift already
prior to harmonization. This is consistent with Ancona et al. (2018), who describe
DeeplLift as an approximation of Integrated Gradients for most architectures. In
our land cover classification experiments, the two methods correlate strongly with
each other but show the weakest correlation with the other attribution methods.
Although harmonization increases their correlation with other methods, they still
exhibit the lowest overall similarities. Additionally, both methods demonstrate
comparatively low alignment with the segmentation ground truth. In contrast,
Gradient SHAP and DeepLift SHAP exhibit significantly higher correlation with
the other methods and greater alignment with the segmentation ground truth.
Their primary difference from Integrated Gradients and DeepLift lies in the use
of baselines representing the training data rather than a zero baseline.

At first glance, it is striking that a zero baseline is not a good choice, given that
all layers are ReLLU-activated and zero should therefore serve as a reasonable value
for neutrality in a deep layer. Moreover, all other methods (Gradients x Features,
Feature Grad-CAM, Grad-CAM, Layer-wise Relevance Propagation, Sliding Win-
dow Occlusions, and Feature Occlusions) assume a zero baseline, either explicitly
or implicitly (see Section 3.4.3). So why are the explanations from Integrated
Gradients and DeepLift less similar to the other methods when a zero baseline
is used?” We explain this by the fact that these methods compute attributions
along a path from the baseline to the feature values. If this path traverses re-
gions of the feature space the model was never trained on, gradients can behave
erratically, leading to misleading attributions. With a zero baseline, there is a
high likelihood that the path passes through out-of-distribution values, whereas
a baseline representing the training data is more likely to result in a path that

stays within in-distribution values.
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o Although one of the simplest attribution methods, Gradientsx Features
is a high performing attribution method after harmonization.

« Layer-wise Relevance Propagation is equivalent to GradientsxFeatures
under the conditions of our experiments.

o Grad-CAM aligns well with the feature vectors already before harmo-
nization. However, explanations fail under certain conditions.

o Feature-specific Grad-CAM successfully addresses the limitation of
Grad-CAM.

o Sliding Window Occlusions is limited by resolution, a drawback that
harmonization effectively addresses.

o Feature-specific Occlusions successfully addresses the limitation of Slid-
ing Window Occlusions.

o Feature-specific Grad-CAM and Feature-specific Occlusions demon-
strate strong similarity, both in theory and evidentially.

o Integrated Gradients and DeepLift fail land cover explanations using a
zero baseline.

o Gradient SHAP and DeepLift SHAP successfully address this limitation

using baselines representing the training data.

8.5 Recommendations

Based on theory and our results, we recommend the following when computing

attributions:

o We recommend computing attributions for a deep layer, as features at this
level capture higher-level representations.

o If UH-Net achieves sufficiently high task accuracy, its use is beneficial for
generating high-resolution, interpretable attribution maps.

o For deep layers, we recommend using the attribution methods Feature-
specific Grad-CAM and Feature-specific Occlusions. Both methods provide
reasonable explanations that align well with the feature vectors. In partic-
ular, we recommend Feature-specific Occlusions as it better captures the
global effect of a feature (see Figure 3.8, page 26). However, depending
on the task, Feature-specific Grad-CAM may be more computationally ef-
ficient. We do not recommend using both methods for input attributions;
here, DeepLift SHAP has yielded the best results.
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o Harmonization reduces differences between attribution methods, making
the choice of method less critical. It also enhances interpretability of the

explanations. We therefore recommend its use in all cases.

These recommendations must be reconsidered for each specific use case and ar-
chitecture, and should not be seen as a one-size-fits-all solution.

¢ When computing attributions, we recommend applying Feature-specific
Occlusions to a deep layer and harmonizing the attributions. We rec-
ommend UH-Net if it achieves sufficiently high task accuracy.

8.6 Related Insights and Future Directions

8.6.1 Weakly-supervised Segmentation

Training machine learning models in a supervised manner requires large quantities
of labels, which are often labor-intensive to obtain, especially in remote sensing
applications. Because satellites capture data over vast areas, complete labeling is
often unfeasible. As a result, segmentation annotations in remote sensing are rare
and often coarse. Weakly-supervised learning methods can assist in addressing
this challenge (Zhou, 2018).

Attribution-based Weakly-supervised Segmentation

A common application in weakly-supervised segmentation is deriving pixel-level
segmentation from image-level labels. To accomplish this, CNNs are often evalu-
ated using attribution methods (Zhang and Ma, 2021; Kwak et al., 2017; Ahn and
Kwak, 2018; Wang et al., 2020b; Chong et al., 2021). Harmonization has the po-
tential to improve the accuracy of most such methods, as it has shown to enhance

segmentation performance. It is also applicable across all CNN architectures.

Superpixel-based Weakly-supervised Segmentation

Many weakly-supervised approaches assume that input pixels with similar colors
and spatial connectivity are likely to belong to the same class. This assumption
helps improve various aspects of segmentation, particularly the delineation of ob-
ject boundaries when using attribution methods. Building on this idea, Jonnarth
and Felsberg (2022) introduce a feature similarity loss; Kwak et al. (2017) propose
a superpixel pooling layer that enforces uniform features within each superpixel
derived from the input image; and Zeng et al. (2023) present a Global Superpixel
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Consistency Module, which ensures that similar superpixels in the input image

correspond to similar features in the penultimate feature map.

In contrast to pictures and photographs, where color is a useful feature for
distinguishing individual objects, satellite imagery for land-cover analysis is char-
acterized not only by its multispectral information but also strongly by texture
and structural patterns. Willbo et al. (2024) evaluate various land cover seg-
mentation models and conclude that texture is even more important than color.
Moreover, many land cover classes share similar colors, further limiting the ef-
fectiveness of superpixel-based approaches. Harmonizing attributions utilizing
the learned feature space offers a promising alternative to relying on the image’s
spatial domain.

Pseudo-label Training

Often, accuracy can be further improved by reusing predictions from a weakly-
supervised model as pseudo-labels to train a new segmentation network from
scratch (Ahn and Kwak, 2018; Chen et al., 2020; Zhang et al., 2020; Hanna et
al., 2023). However, we do not observe such an improvement in our framework:
We train a randomly initialized U-Net using pseudo-labels derived from the har-
monized attribution maps of the DFC2020 training data produced by UH-Net.
We test two approaches: hard labels (rounded to {0, 1}) and soft labels (nor-
malized to the [0,1] range via min-max normalization). The models are trained
to minimize validation loss, with pseudo-labels also used for validation. Eval-
uation is performed using the ground truth segmentation of the test dataset.
Neither approach yields a significant improvement in test accuracy, as the new
segmentation model overfits to the pseudo-labels used for validation. Stronger
regularization might help, but for the given task there is no alternative reference
for computing validation loss besides the pseudo-labels themselves. One possible
reason why prior studies, such as those previously listed, report an improvement
is that their attribution maps have lower resolution, allowing the newly trained
model to enhance spatial precision. In contrast, the attribution maps produced
by UH-Net already match the input image resolution.

Independent of the network architecture, harmonizing attributions consis-
tently enhances segmentation accuracy. Thus, when combined with existing
attribution-based, weakly-supervised learning methods, it has the potential to

provide significant benefits.
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o Harmonizing attributions has the potential to enhance the accuracy of
attribution-based, weakly-supervised segmentation.
o It presents a promising alternative to superpixels, particularly for remote

sensing tasks.

8.6.2 Vision Transformers

Transformer-based models have been widely applied to sequential data and, since
the introduction of the Vision Transformer (Dosovitskiy et al., 2021), to image
data as well. They rely on self-attention mechanisms, capturing dependencies
between elements. Vision Transformers divide the input image into patches and
model dependencies among them. Transformers are popularly investigated in
explainable machine learning because their attention mechanisms can provide
insights into the importance of individual patches. However, there are ongoing
doubts whether attentions truly provide meaningful and interpretable explana-
tions. Jain and Wallace (2019) find in their experiments that attention weights
largely do not. Wiegreffe and Pinter (2019) disagree and argue that attentions
can indeed serve explanations, although those may not be intuitive or easily
interpretable. Darcet et al. (2024) find out that artifacts can emerge within low-
information background regions. They introduce additional register tokens to the
input sequence which fulfill that role, making attention maps considerably more
interpretable.

If attentions are interpretable, e.g. through registers, our harmonization ap-
proach might also be applicable to Vision Transformers. Images are partitioned
into patches, which are then processed by multi-head attention; and attention
maps can be derived from the attention weights of a multi-head attention layer.
Analogous to the channels in a convolutional layer, the heads in this context
could serve to define attention vectors (instead of feature vectors). Harmoniza-
tion would then be carried out in the attention space, following a similar logic.
Alternatively, the features of a normalization layer in a transformer’s encoder
block could be used for harmonization. An interesting research question, which
is however beyond the scope of this thesis, is whether harmonization in Vision
Transformers leads to similar effects as it does in CNNs.

o If attentions are interpretable, e.g. through registers (Darcet et al.,

2024), harmonization might be applicable to Vision Transformers.
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8.6.3 Global Feature-specific Attributions

In Section 5.3, we propose Feature-specific Grad-CAM, in which gradients are
averaged over similar feature vectors and then multiplied with those. This is
performed separately for each sample, resulting in attributions that require har-
monization to ensure full consistency across multiple samples. Alternatively, one
could compute average gradient values over similar feature vectors across the
entire training dataset. In this approach, k-means clustering would be applied
to the full training feature space. Multiplying feature vectors by these “global”
gradient vectors a® would directly yield harmonized attributions.

This idea of having global gradient vectors within the feature space has par-
allels to the approach of Testing with Concept Activation Vectors (TCAV) in-
troduced by Kim et al. (2018). TCAV identifies human-interpretable concepts
such as colors, stripes or styles, on which a neural network bases its decision by
locating vectors in the feature space that are sensitive to these concepts. Both
TCAV and our idea of global gradient vectors aim to associate interpretable di-
rections in the feature space with model sensitivity. A key difference, however,
is that TCAV constructs the feature space using entire feature maps, whereas we
construct it using the feature vectors of the feature maps.

» Averaging gradients over the training set for Feature-specific Grad-CAM
would already yield harmonized attributions.
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Chapter 9

Related Work and Research Gaps

It is widely recognized that landscapes with a high degree of naturalness of-
fer important ecological and social benefits and therefore warrant preservation.
Monitoring these areas can support environmental decision-making and conser-
vation efforts. Although land cover mapping has become a central task in modern
environmental research, it faces significant challenges when accurate labeling is
difficult. Moreover, given the global impact of human activities, the notion of
sites with pristine nature completely unmodified by human actions, especially in
Europe, is tenuous at best, limiting the amount of training data.

9.1 Anthropogenic Stressors and Their Impact

on Naturalness

From a geophysical perspective, humans have rapidly expanded and strongly in-
fluenced Earth’s environment within a relatively short timeframe (Steffen et al.,
2011). Regions free from human impact on naturalness have significantly dimin-
ished and are rare in most parts of the world (Allan et al., 2017). Although ur-
banization and agriculture have provided numerous benefits, land use has caused
substantial ecological impacts. Nevertheless, countless species, including humans,
rely on the essential functions of natural ecosystems. Water cycles provide fresh-
water, forests regulate air quality, moors sequester carbon dioxide, pollinators are
essential for the survival of flowering plants and successful harvests, etc. Disturb-
ing natural ecosystems has an impact on biodiversity, pathogen spread, climate,
and much more (Foley et al., 2005). Newbold et al. (2015) estimate that land use
has resulted in ecological regions losing an average of 13.5 % of species compared
to pristine habitats. However, genetic variability can be important for nature’s
ability to adapt to environmental changes as the model of Lande and Shannon
(1996) shows. Concerning these matters, wilderness areas can offer important

ecological and social benefits; and there are urgent and pragmatic reasons to
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identify where these positive characteristics and ecological functions associated

with naturalness are present and able to flourish.

9.2 Traditional Naturalness Mapping

Approaches such as the Human Footprint by Sanderson et al. (2002) provide
valuable insights into the global distribution of natural areas. The authors com-
pute a Human Influence index based on eight human pressures across several
categories, with most of the data originating from the early 1990s: population
density, land transformation, and accessibility indicators such as roads, and elec-
trical power infrastructure. Defined scoring methods produce an index that is
globally mapped at a resolution of 1 km. Venter et al. (2016a) apply the same
methodology producing an additional Human Footprint map for 2009 alongside
the 1993 version. This first set of temporally consistent Human Footprint maps
allows analyses of changes over time. Using an improved data basis but a similar
approach, Mu et al. (2022) create annual Human Footprint maps between 2000
and 2018. Kennedy et al. (2019) further contribute to the field by creating a
global map of Human Modification in 2016, based on 13 anthropogenic stressors

Figure 9.1: The degree of Human Modification by Kennedy et al. (2019) is computed based on
13 anthropogenic stressors resulting in a measure from no modification (value 0) to very high
modification (value 1) with a resolution of 1 km. While many regions experience significant
human impact, vast natural areas can still be found in places like Fennoscandia (Norway,
Sweden, and Finland).
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within five categories: human settlement, agriculture, transportation, mining and
energy production, and electrical infrastructure. Their map has a resolution of
1 km as well. The Human Modification of Europe is illustrated in Figure 9.1.
While Sanderson et al. (2002) discusses the concept of the “last of the wild”,
Kennedy et al. (2019) reveal that most of the world’s eco-regions exhibit moder-
ate to high levels of modification, with only a few areas remaining untouched by
human influence. Venter et al. (2016b) find that the Human Footprint increased
by 9% over the 16-year period from 1993 to 2009. These are important conclu-
sions, however, all these traditional methods are restricted to the low spatial and
low temporal resolution of their underlying data. By combining low-resolution
indicators with high-resolution data, specifically ESA WorldCover (Zanaga et
al., 2022) and OpenStreetMap (OpenStreetMap contributors, 2017), Ekim et al.
(2021) produce a naturalness map at 10 meter resolution for Bavaria, Lapland,
and Scotland. However, traditional approaches rely on human-made assumptions,
such as scoring types of human pressure. They also do not assess (bio)physical ef-
fects of human pressure, such as vegetation health and composition, which limits

the depth of insights they can provide.

9.3 Monitoring the Environment Using Remote

Sensing

Utilizing multispectral satellite imagery could address these problems by provid-
ing high-resolution, frequent mapping and the ability to include vegetational and
geographic assessment. Satellite data is already commonly used for environmen-
tal monitoring (Pettorelli et al., 2018) and frequently integrated with machine
learning (Alotaibi and Nassif, 2024). Examples of applications include monitor-
ing vegetation phenology, biodiversity, soil composition, habitat extent, water
dynamics, air quality, gas emissions, climate, and disturbances like wildfires,
floods, and droughts (Pettorelli et al., 2018; Reddy et al., 2021). Many studies
focus specifically on forests, utilizing remote sensing data to assess factors such
as forest age (Schumacher et al., 2020), treeline ecotones (Nguyen et al., 2022),
forest ecosystem condition (Orka et al., 2022), and forest cover change (Hansen
et al., 2013).

While many of these applications also provide insights into assessing the nat-
uralness of an area, their scope is often limited in this regard. For instance, as-
suming that ecosystems with low biodiversity are inherently dysfunctional is an
oversimplification, as some of the largest and oldest ecosystems (boreal forests,
heathlands, boglands) have low species diversity (Grime, 1997). Being able to
accurately analyze the extent of naturalness would be a valuable tool and could
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allow for the tracking of conservation areas, reforestation efforts, etc. As such,
it could be utilized as an indicator for policy-making and land use planning, e.g.
for the Sustainable Development Goal 15 of the United Nations (2021), which
focuses on protecting, restoring, and promoting sustainable land use.
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Chapter 10

A Novel Approach for
Naturalness Mapping

In this section, we present a novel approach for naturalness mapping, leverag-
ing our framework introduced in Section 5. Hereby, we focus on Fennoscandia,
specifically Norway, Sweden, and Finland. This region is an interesting study
area as it includes landscapes that are relatively natural by European standards
while also showing both historical and ongoing human influence. Traditional nat-
uralness mapping approaches such as the Human Footprint by Sanderson et al.
(2002), Venter et al. (2016a), and Mu et al. (2022), as well as the global map of
Human Modification by Kennedy et al. (2019), map broad areas within Fenno-
scandia as regions with relatively minimal (disruptive) anthropogenic influence.
Furthermore, all three countries have high environmental standards according to
the Environmental Performance Index by Wendling et al. (2020) and there have
been longstanding, strict conservation efforts in certain protected regions. On the
other hand, over the past 300 years, the landscapes of Fennoscandia, especially
forests, have seen anthropogenically-driven changes before regulations were intro-
duced to protect them. This affects the southern regions more than the northern
ones. Kouki et al. (2001) and Ostlund et al. (1997) give detailed overviews of
forest fragmentation in Fennoscandia and the transformation of the boreal for-
est landscape in Scandinavia, respectively. Clear-cutting remains a predominant
forest management practice today, particularly in Sweden and Finland (Lunde
et al., 2025).

Fennoscandia

Within Fennoscandia, we consider Norway, Sweden, and Finland.
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10.1 Finding Natural and Anthropogenic Re-

gions

10.1.1 Conceptualization

Although truly untouched nature is rare even in Fennoscandia, there are undoubt-
edly places and conditions where, at the least, certain processes and biophysical
conditions are better able to thrive. We do not posit that natural areas are com-
pletely free of human presence or intervention; and we are not searching for some
idealized or romanticized notion of authentic or true nature as often associated
with wilderness (Cronon, 1995). Instead, we are searching for places in which the
qualities of naturalness are preserved and promoted. This may even include an
active role for humans as managers, preserving natural conditions with influences
that are presumably synergistic to nature.

Conversely, there are areas of pervasive and continuous human influence,
which are actively and intentionally maintained for specific human purposes or
functions (e.g., cities and communities, infrastructures, industrial processes, agri-
culture, etc.). This creates a categorically different type of human presence and
intervention, is destructive to nature, and here denoted as anthropogenic.

Naturalness and Anthropogenic Impact

We define naturalness not by the absence of humans, but by the type of
human impact. Natural areas may be managed by humans to preserve
natural conditions, whereas anthropogenic regions are pervasively shaped
to serve human purposes or functions.

10.1.2 Protected Regions

The World Database on Protected Areas (WDPA), managed by the United Na-
tions Environment Programme’s World Conservation Monitoring Centre (UNEP-
WCMC) and the International Union for Conservation of Nature and Natural
Resources (IUCN), provides global polygon data of protected areas. They are
classified into seven categories as proposed by Dudley (2008), of which we con-
sider the three most stringent ones:

« Strict nature reserves (category Ia) are “set aside to protect biodiver-
sity and also possibly geological /geomorphological features, where human
visitation, use and impacts are strictly controlled and limited to ensure
protection of the conservation values. Such protected areas can serve as

indispensable reference areas for scientific research and monitoring.”
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» Wilderness areas (category Ib) are “usually large unmodified or slightly
modified areas, retaining their natural character and influence, without per-
manent or significant human habitation, which are protected and managed
so as to preserve their natural condition.”

« National parks (category II) are “large natural or near natural areas set
aside to protect large-scale ecological processes, along with the complement
of species and ecosystems characteristic of the area, which also provide a
foundation for environmentally and culturally compatible spiritual, scien-

tific, educational, recreational and visitor opportunities.”

We consider terrestrial and coastal areas that have been protected since at least
the year 2000 using the database from February 2025.

10.1.3 Anthropogenic Regions

To find anthropogenic areas, we use the Copernicus CORINE Land Cover dataset
by the European Environment Agency (2018) and locate areas with the following

land cover classes:

 Artificial surfaces (class 1), including the subclasses: urban fabric; in-
dustrial, commercial and transport units; mine, dump, and construction

sites; artificial, non-agricultural vegetated areas.

« Agricultural areas (class 2), including the subclasses: arable land; per-
manent crops; pastures; heterogeneous agricultural areas.

We add a 1 km buffer around these areas to include other land cover classes
such as forests, shrubland, open spaces, and water bodies, assuming that nearby

regions are also largely affected by Human Modification.

10.2 Building a Dataset

Stomberg et al. (2023) published the AnthroProtect dataset, which we improve
and extend across multiple years in this thesis. We refer to this enhanced version
as AnthroProtect 2.0.

10.2.1 Multispectral Sentinel-2 Imagery

We export multispectral image composites from Sentinel-2 for all of Fennoscandia
and for each year from 2018 to 2024. We chose Sentinel-2 over Landsat 8/9
due to its higher spatial resolution and the availability of additional red-edge
bands. Furthermore, a study by Astola et al. (2019) concludes that Sentinel-2
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outperforms Landsat 8/9 in predicting forest parameters in Finland. We export
the Sentinel-2 data using Google Earth Engine (Gorelick et al., 2017) with the
following procedure:

o We divide Fennoscandia into a grid of 100 x 100 km tiles. For each grid
and year, we export a composite.

 Sentinel-2 images are filtered to cover the summer period from June 1 to
September 30",

« We use the atmospheric corrected Sentinel-2 products (Level-2A).

e A mask for clouds, cirrus, and cloud shadows is created for each image
using the Quality-60 m band (QA60) and scene classification map (SCL)
provided by Copernicus Sentinel-2. Only images with a mask fraction of
less than 10% within the grid tile are taken to build the composite. If the
resulting composite contains gaps or cloud-related artifacts, a 20% filter is
applied on a case-by-case basis. If the composite remains unsuitable, a 50%
filter is used as a last resort.

o The following twelve bands are exported: Bl, B2, B3, B4, B5, B6, B7,
B8, B8A, B9, B11, B12. Bands with a 20-meter resolution are upsampled
using nearest-neighbor interpolation to match the 10-meter resolution of
the higher-resolution bands.

e The composite is computed using the 25th percentile, which we find pro-
duces fewer artifacts than median or mosaic compositing — a finding also
reported by Corbane et al. (2020). Masked areas are dilated with a radius of
100 meters to prevent artifacts at the transition of clouds and are excluded
from the calculation.

10.2.2 Training, Validation and Test Samples

We intend for a convolutional neural network to distinguish between natural and
anthropogenic landscapes, thereby learning meaningful feature representations
from the corresponding patterns. Since labeling satellite images with conventional
methods — namely visual inspection by humans — is not feasible for the task at
hand, we instead assign labels based on whether the images fall within protected
or anthropogenic regions, as described in Section 10.1. To this end, we divide
Fennoscandia into a grid of 2560 x 2560 meter tiles:

« Tiles containing at least 90% protected areas are assigned label 1 (pro-

tected). They are included in the train, validation and test datasets.
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protected anthropogenic

Figure 10.1: Training samples from protected and anthropogenic regions in 2024.

o Tiles containing at least 90% anthropogenic areas are assigned label 0 (an-
thropogenic). They are included in the train, validation and test datasets.

o Tiles containing both categories in any proportion are excluded.

o Tiles that contain neither protected nor anthropogenic areas are added to
the test dataset and called other.

Since natural features can exist outside protected regions and anthropogenic im-
pact may occur within them — e.g., roads within national parks — the annotation
may be incomplete and prone to noise.

In Fennoscanida, protected and anthropogenic regions are unevenly distributed:
Protected regions tend to be more northern and inland, while anthropogenic re-
gions are generally located further south and closer to the coasts. To reduce
this imbalance, we divide Fennoscandia into a 100 x 100 km grid. From each
grid cell, we randomly select 100 tiles from protected areas, 30 tiles from anthro-
pogenic areas, and 10 tiles from other regions. This results in a reduced dataset
that favors less densely represented tiles within each category, leading to a more
geographically balanced distribution — effective for anthropogenic regions, but
still limited for protected ones. Examples of Sentinel-2 images are provided in
Figure 10.1 (left) and the locations of all samples are shown in Figure 10.2.

Data Split

We split the protected and anthropogenic locations separately for both categories
into training, validation, and test subsets using a 60 % / 20 % / 20 % ratio. To
ensure spatial independence, we priorly build spatial clusters as follows: locations
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Figure 10.2: Locations of samples within our dataset. Left: Colored by category. Right: Colored
by data split. For each of the 8,830 locations, one Sentinel-2 image per year is included, covering
the period from 2018 to 2024. (Created using Plotly Technologies Inc. (2015); map copyright
holders are © Carto and OpenStreetMap contributors.)

Table 10.1: Number of samples in the dataset separated by categories and subsets.

Category / Subset | Training Validation Test | Total
Protected 15,449 5,159 5,145 | 25,753
Anthropogenic 15,449 5,145 5,159 | 25,753
Other 0 0 10,304 | 10,304
Total 30,898 10,304 20,608 | 61,810

are grouped using DBSCAN (Ester et al., 1996), where points are considered part
of the same cluster if they lie within 10 km of one another. Large clusters are
further subdivided using the k-means algorithm by Lloyd (1982). All samples
within a given cluster are assigned to the same dataset, with small clusters (< 5)
assigned to the training set. Both clustering algorithms are implemented us-
ing scikit-learn by Pedregosa et al. (2011). Compared to a random split, our
procedure reduces the incidence of spatially close samples appearing in different
subsets. The resulting data split is visualized in Figure 10.2 (right), and sample
counts are summarized in Table 10.1.
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10.3 Technique and Experimental Setup

We train UH-Net, introduced in Section 5.1, to classify between protected and
anthropogenic regions using our dataset presented in the previous section (Sec-
tion 10.2). Subsequently, we generate high-resolution attribution maps using
Feature-specific Occlusions as proposed in Section 5.3. To enable large-scale
mapping, the attributions are harmonized as advised in Section 5.2.

10.3.1 Model Architecture and Training

The attribution maps of UH-Net show strong alignment with the segmentation
ground truth for land cover classification (Section 6.2.4), making it a promising
candidate for naturalness mapping as well. We omit batch normalization at the
intermediate layer and train the model using a final sigmoid activation, binary
cross entropy loss, the AdamW optimizer, a batch size of 32, a learning rate of
10~%, a weight decay of 10~#, and a dropout probability of 0.3. The learning rate
is linearly warmed up over 1 epoch and reduced by a factor of 10 if the validation
loss stagnates for 3 epochs. The model state with the lowest validation loss is
selected. We train 5 models with different initializations and randomizations.
The results are averaged. Training is performed using PyTorch (Paszke et al.,
2019) on an NVIDIA A100 40 GB PCle GPU.

Mixing Augmentation

During training, we apply mixing augmentation methods, specifically MixUp
(Zhang et al., 2018) and CutMix (Yun et al., 2019). Both are data-driven reg-
ularization techniques that generate softer targets, which helps smooth decision
boundaries in neural networks. They reduce the model’s sensitivity to small
input variations, improve generalization and decrease overfitting (Zhang et al.,
2021). Applying mixing augmentations, we find that our models produce more
meaningful attribution maps, as it distributes attention more evenly across the
entire image rather than concentrating on just a few regions. Both augmentation
methods are illustrated in Figure 10.3.

MixUp generates new training data by blending pairs of input images, Xél)
and X(()Q), and their corresponding targets, y and y®, through linear interpo-
lation:

Y™ = gy 4 (1 — \)y® (10.2)

CutMix combines two images through a cut-and-paste approach. The targets
are adjusted with a mixing coefficient A corresponding to the relative area of the

cut-mixed patch as shown in Equation 10.2. We apply both MixUp and CutMix
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o o

Anthropogenic, y=0 Protected, y=1 MixUp, y=0.4 CutMix, y=0.4

Figure 10.3: Mixing augmentation. The Sentinel-2 images on the left show an anthropogenic
area and a protected area, respectively. On the right, MixUp and CutMix have been applied
to these images, incorporating 40% of the protected area, resulting in a label of 0.4.

to each sample by randomly drawing another sample from the training data and
randomly selecting the mixing coefficient A € [0.5,1], resulting in continuous
targets between 0 and 1.

Test Accuracy

When evaluated on the non-augmented test images from the categories anthro-
pogenic and protected (excluding others), the five models achieve a classification
accuracy of 99.37 £ 0.04 %.

10.3.2 Harmonized, Feature-specific Attributions

To obtain pixel-wise naturalness maps from our image-wise trained model, we
use Feature-specific Occlusions, as proposed in Section 5.3. For UH-Net, Feature-
specific Occlusions proves to be one of the most accurate attribution methods for
land cover classification, as demonstrated in Section 6.2.4. It is further a more
global attribution method than Feature-specific Grad-CAM and should therefore
better capture the global effect of a feature as discussed in Section 8.4.

When computing original attributions for large-scale maps, the input must be
divided into patches that match the training data size, which is 256 x 256 pixels.
Other image sizes are not supported because of the final fully connected layers
and missing adaptive pooling in UH-Net. However, as shown in Figure 10.4,
original attributions are not well comparable across patches. This inconsistency
arises from interactions and mutual influences between multiple patterns within
each patch, which are processed jointly by the fully connected layers. In con-
trast, harmonized attributions are derived directly from the features of the layer
of interest, ignoring the final fully connected layers. As a result, they remain
consistent across patches and can be computed for images of any size. For this
reason, harmonizing attributions is essential for generating consistent large-scale

maps.
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Standard Attributions Harmonized Attributions

Figure 10.4: To compute large-scale original attribution maps for our UH-Net, the input must

be split into 256 x 256 patches and the attribution values are inconsistent across patches. In

contrast, harmonized attributions remain consistent and can be computed for images of any

size. The region shown is the area surrounding the Letsi hydroelectric power plant in northern

Sweden. The illustrated attribution maps are generated from one of the five models; B negative,
zero, M positive.

To produce harmonized attribution maps, we first compute original Feature-
specific Occlusions for the UH-Net’s layer of interest using the mixing-augmented
training data. We select a representative random subset of approximately 100,000
training feature vectors and their corresponding attributions for performance rea-
sons. Harmonized attributions are then computed using the k-nearest neighbors
regressor from the RAPIDS cuML Python library by Raschka et al. (2020), with
k = 100 and an Euclidean distance metric. We choose the Euclidean metric
instead of cosine similarity because of the binary classification problem with op-
posing classes. Here, not only the angle but also the magnitude of the vectors
may influence the strength of the attributions. However, in line with the findings
in Section 7.1, we do not observe significant differences between the two distance
metrics.

10.3.3 Large-scale Mapping

Since the entire Fennoscandia region is too large to be processed at once, we
divide it into tiles of size 1024 x 1024 pixels. To mitigate potential border effects,
caused by filters not fully traversing the patch edges, we add a padding of 256
pixels around each tile. This padding consists of the original surrounding data
and is removed from the predictions afterward.

In this way, we compute the harmonized attributions for all of Fennoscandia
and for each year from 2018 to 2024, separately for each of the five models. The
resulting attribution maps are then averaged across the models. This results
in one naturalness map for each year from 2018 to 2024 which are illustrated
in Appendix A.2, Figure A.5 (page 143). These yearly maps are used as a time
series for change detection, as described in Section 10.3.5. To create a naturalness
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base map, we average the maps over the seven years to produce a composite map
representing the midpoint year, 2021, shown in Figure 10.6 (page 100). We denote
a naturalness score by W.

10.3.4 Quantile Intersection Threshold

Figure 10.5 shows the distributions of harmonized attributions in our training
regions, grouped by the labels anthropogenic and protected. The differing spread of
the distributions indicate that our models assess natural characteristics differently
from anthropogenic ones: in protected regions, the values fall within a relatively
narrow range, whereas in anthropogenic regions, they span a much broader range.
Also, within protected regions, 99 % of the attributions are positive, while within

anthropogenic regions only 76 % are negative.

For this reason, using a zero-threshold may not be sufficient to determine
whether attributions rather represent natural or anthropogenic patterns. To ad-
dress this, we define the quantile intersection threshold ¥q: For attribution values
in anthropogenic-labeled images X¥=% the ¢g-quantile should equal the (1 — ¢)-
quantile of attribution values in protected-labeled images X'¥=1:

B0 g) = Y(XOD 1 q) (10.3)

Using the training data, we find this threshold at Vg = 2.02¢ — 5 with ¢ = 96 %
and use it for accuracy and change detection computations.

0.50
0.25
0.00
-0.25

-0.50

naturanless score

-1.00

-1.25
anthropogenic protected

Figure 10.5: Distributions of our naturalness predictions (y-axis) on the training regions,
grouped by label (x-axis). They look similar for the test regions. The violins are scaled
to have equal area and the grey horizontal line indicates the quantile intersection threshold
Vg =2.02e — 5.
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Quantile Intersection Threshold ¥

The quantile intersection threshold is used to distinguish between natural-
and anthropogenic-correlated attribution values. It is observed at Uy =
2.02e — 5, corresponding to the 96 percentile (¢ = 96 %).

10.3.5 Change Detection

We assess whether anthropogenic changes occur in regions initially classified as
natural by applying an offline change detection test for a shift in the mean (Bas-
seville and Nikiforov, 1993). We allow potential change points 7 between the
years 2019/2020, 2020/2021, 2021/2022, and 2022/2023. For each candidate
change point, we compute the mean naturalness score and its standard deviation
before (—) and after (+) the change. The difference between the two mean scores
yields the change:

AV(T) =V, (1) = V_(7) =mean({V; : t > 7}) —mean({V; : t < 7}) (10.4)

From the standard deviations, we compute the pooled standard deviation, which
represents a weighted estimate of the common variability:

o(r) = \/(n — Do? + (ny = Doy (10.5)

n_+ny —2

The quantities o_, 04, n_, and n, all depend on 7. Here, n_ and n, denote the
number of years before and after the change point, respectively. We subject the
change to a t-test (Student, 1908) and compute the t-value as:

AY(T)
o(T),/ 2+ L1

n— n4

(10.6)

The denominator represents the standard error of the change. To account for

year-to-year fluctuations at the 95 % confidence level, we require:

t>2.015 (10.7)

This value is obtained from the 95 percentile of the Student’s ¢-distribution for
a one-sided test with 5 degrees of freedom (corresponding to the 7 years).

To reduce the impact of local fluctuations at the native 10-meter resolution,
we report changes at a coarser 100-meter grid. This is implemented by first
averaging the annual naturalness maps to 100-meter resolution and then applying

the change detection procedure described above. To find anthropogenic changes
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in regions initially classified as natural, we use the quantile intersection threshold
of Ug = 2.02e — 5 identified in Section 10.3.4. It must be exceeded before the
change point and fall below it afterwards:

! !
U_ > \I/Q and \If+ < \DQ (108)

We do not consider changes that do not exceed the required t-value. Figure 10.7
(page 101) presents two example events in close-up. We do not display the com-
plete map because the detected changes usually occur in areas too small to be

visible at the scale of Fennoscandia.

Resulting Products

Our resulting products are:
o A naturalness map representing the midpoint year, 2021, at a spa-
tial resolution of 10 meters (Figure 10.6, page 100).
« A change map indicating anthropogenic changes between 2018 and
2024 in regions initially classified as natural, at spatial resolution of
100 meters. Close-up views are shown in Figure 10.7 (page 101).
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Figure 10.6: Our predicted naturalness map of Fennoscandia, representing the midpoint year,
2021.
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(a) The Markbygden Wind Farm in Sweden is the largest wind farm in Europe.
construction between 2018 and 2021. The area shown spans about 8,000 x 8,000 meters.

Parts of it were under

¢

2023 change change (masked)

2022
(b) Deforestation took place in the observed area between 2022 and 2023, spanning approximately 500 x 150
meters. The anthropogenic impact is reflected with a particular emphasis on the edges, as investigated in

Section 11.1.2.

Figure 10.7: Two anthropogenic events: (a) the construction of a wind farm and (b) a defor-
estation area. Shown are the Sentinel-2 images and the corresponding naturalness maps before
and after the events, along with the change detection results. The masked change detection
on the right excludes regions that were not initially classified as natural. M negative,  zero,

M positive, [J masked.
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Chapter 11

Results and Evaluation

In this section, we evaluate our naturalness map of Fennoscandia and the temporal
changes between 2018 and 2024. We further contextualize our dataset presented
in Section 10.2 and explain specific behaviors of the models. For this, we use
additional data including CORINE Land Cover (European Environment Agency,
2018), Human Modification (Kennedy et al., 2019), and Dynamic World (Brown
et al., 2022).

11.1 Evaluation of the Naturalness Map

11.1.1 Distributions in Protected and Anthropogenic Re-

gions

Figure 10.5 (page 97) shows the distributions of naturalness scores in our training
regions, separated by the labels anthropogenic and protected. The distributions
in the test regions look very similar, so we omit an additional figure. As in the
training regions, 96 % of the naturalness scores in anthropogenic test regions fall
below Wy, while 96 % of those in protected test regions exceed it. This corresponds
to a per-class accuracy of 96 % for the test regions.

Figure 11.1 illustrates distributions of the naturalness scores within protected
areas, grouped by IUCN categories: strict nature reserves (la), wilderness areas
(Ib), national parks (II), habitat or species management area (IV), and protected
landscape or seascape (V). The amount of anthropogenic management allowed
increases with increasing category numbers. As expected, we observe a decreasing
trend in naturalness scores as the category number increases. However, there is
considerable overlap between the distributions. Also, categories IV and V show
roughly similar distributions; and category Ia contains a relatively high number
of negative naturalness scores, likely due to its often very small area sizes, which

make it more susceptible to surrounding anthropogenic influences.
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Figure 11.1: Distributions of our naturalness predictions (y-axis) grouped by IUCN categories
(x-axis). The violins are scaled to have equal width and the grey horizontal line indicates
Vo =2.02¢ - 5.

« We observe a per-class accuracy of 96 % evaluating the attribution values
within anthropogenic and protected test regions.

o We observe a decreasing trend of naturalness scores with increasing
IUCN category numbers, which indicate a higher allowance for anthro-

pogenic management.

11.1.2 Behavior of the Models

Attribution maps illustrate a model’s decision-making process and therefore do
not directly measure naturalness or anthropogenic presence. We observe some
related behaviors.

Attribution Patterns

The attribution patterns of our five models vary by class. In natural regions, the
models tend to focus on spatially broad structures, resulting in smooth and uni-
form attributions. In contrast, anthropogenic regions exhibit more heterogeneous
attributions, with strong contributions from edges that lead to pronounced fluctu-
ations between negative values and values near zero. This behavior is illustrated
in Figure 11.2.
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- '
Sentinel-2 Naturalness Map CORINE Land Cover

Figure 11.2: Our naturalness map tends to exhibit homogeneous values within natural areas, but
emphasizes edges in anthropogenic regions. This behavior is exemplified by the displayed region
near Helsinki in southern Finland, which includes parts of Nuuksio National Park. Naturalness
map: M negative, zero, M positive. CORINE Land Cover: B Urban fabric, Agricultural
areas, M I Forests, M Water bodies.

Receptive Field

Another model-related characteristic is the influence of anthropogenic areas on
surrounding pixels, extending 60 to 70 pixels in each direction, equivalent to 600
to 700 meters. This effect arises from the receptive field of the models — the
spatial extent of the input image that a neuron is sensitive to and integrates
information from. In UH-Net, the receptive field mainly results from the four
encoding steps, each consisting of a pooling layer and two convolutions with a
kernel size of 3. It becomes most apparent where natural and anthropogenic
regions meet, for example, along streets (see Figure 11.3). The transitions are
typically marked by areas with relatively neutral values.

Sentinel-2 Naturalness Map

Figure 11.3: The receptive field of the models is apparent at around 130 pixels (1,300 meters),
particularly where natural and anthropogenic regions meet, for example, along roads. This
figure shows Route 705 close to the Skardsfjella and Hyllingsdalen conservation area in Norway.
M negative, zero, M positive.
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(a) Natural region with anthropogenic patch

(b) Anthropogenic region with natural patch

Figure 11.4: Inserting (a) an anthropogenic patch into a natural region and (b) a natural patch into an anthropogenic region. The anthropogenic patch is
detected at a size of 4 x 4 to 8 x 8 pixels, while the natural patch is detected with positive values at approximately 90 x 90 pixels. B negative,  zero,
B positive.
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Model Responses to Inserted Patches

We investigate how the models respond to small influences by selecting a natural
broad-leaved forest in Swedish Lapland and an urban environment in the city of
Uppsala. In each landscape, we insert a patch of the other landscape, varying
in size. The perturbed images are evaluated using the averaged harmonized
attributions of all five models. The results are shown in Figure 11.4.

The anthropogenic patch embedded in the natural region becomes detectable
at approximately 4 x 4 pixels, with a pronounced negative response emerging
from around 8 x 8 pixels onward. At a size of 20 x 20 pixels, the receptive field
becomes clearly discernible. Beyond 50 pixels, the models increasingly emphasize
the edges within the anthropogenic patch. On the other hand, a natural patch
placed within the urban environment begins to affect the attribution map at
around 20 x 20 pixels, showing neutral values. Only at approximately 90 x 90
pixels does the natural region cause significant positive responses.

o Natural regions exhibit smooth and uniform attributions, whereas an-
thropogenic regions show heterogeneous attributions with contributions
from edges.

e The receptive field influences approximately 60 to 70 pixels in each di-
rection of a location, corresponding to 600 to 700 meters.

e Anthropogenic features can be detected at sizes starting from approx-
imately 4 x 4 to 8 x 8 pixels. Natural features within anthropogenic
regions are detected at sizes of about 90 x 90 pixels.

11.1.3 Distributions across Land Cover Classes

We evaluate our naturalness map with respect to land cover classes consulting
the CORINE Land Cover dataset. It comprises 44 land cover classes with a
minimum mapping width of 100 meters and is released every six years for Furope
as part of the Copernicus program (European Environment Agency, 2018). We
use the 2018 version; the 2024 version is scheduled for publication in 2026.! The
dataset provides a three-level classification hierarchy: the coarsest level includes
5 categories, the middle level 15 categories, and the detailed level 44 categories.
We use a combination of these levels, as it is best suited to the requirements of our
naturalness application. We exclude the categories Mine, dump and construction
sites (13) and Burnt areas (334), as these land cover types are likely to have
unfamiliarly changed during our study period.

Thttps://land.copernicus.eu/en/products/corine-land-cover?tab=roadmap
(accessed August 1, 2025)
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Table 11.1: Customized CORINE Land Cover classes and their relative areas across all of
Fennoscandia and within our training dataset, grouped by protected (label 1) and anthropogenic
(label 0) categories. Values above 1 % are bold.

Customized CORINE Land Cover Class

Training Data

Fennoscandia | Protected Anthropogenic
11 Urban fabric 0.8 % 0.3 % 8.7 %
12 Industrial, commercial, and transport units 0.2 % 0.4 % 0.5 %
14 Artificial, non-agricultural vegetated areas 0.2 % 0.1 % 1.9 %
21  Arable land 4.4 % 0.3 % 7.5 %
22  Permanent crops 0.002 % 0% 0.1 %
23 Pastures 0.2 % 04 % 2.4 %
24  Heterogeneous agricultural areas 2.5 % 0.02 % 7.0 %
311 Broad-leaved forest 6.0 % 14.3 % 9.2 %
312  Coniferous forest 35.5 % 38.3 % 33.9 %
313  Mixed forest 8.0 % 3.5 % 8.2 %
321 Natural grasslands 0.2 % 4.7 % 0.3 %
322 Moors and heathland 6.9 % 7.5 % 1.8 %
324 Transitional woodland-shrub 5.4 % 2.1 % 1.9%
331 Beaches, dunes, sands 0.007 % 0.9 % 0.1 %
332 Bare rocks 2.3 % 1.8 % 0.1 %
333 Sparsely vegetated areas 7.5 % 2.7 % 0.5 %
335  Glaciers and perpetual snow 0.3 % 9.9 % 0%
4 Wetlands 6.2 % 6.1 % 1.7 %
5 Water bodies 13.4 % 6.7 % 14.3 %

Table 11.1 presents our customized version of the CORINE Land Cover classes

including their relative areas across Fennoscandia and within our training dataset.
The CORINE Land Cover map for Fennoscandia is provided in Appendix A.2,
Figure A.6 (page 144).

Distributions

For evaluation, we reduce the scale of our naturalness map from 10 to 100 meters

computing the mean value, so that our map has the same scale as the CORINE

Land Cover map. Figure 11.5 illustrates the distributions of our predictions for

each land cover class.
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(14) Artificial vegetated
(21) Arable land

(22) Permanent crops
(23) Pastures

(24) Hetero. agricultural
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Figure 11.5: Distributions of our naturalness prediction (y-axis) grouped by CORINE Land
Cover (x-axis). The violins are scaled to have the same maximum width and the grey horizontal
line indicates ¥ = 2.02¢ — 5.

designation, specifically classes 11, 12, 14, 21, 22, 23, and 24. At the locations
corresponding to these classes, 99.7 % of the values in our naturalness map are
below W, indicating anthropogenic influence. In contrast, classes 321, 322, 332,
335, and 4 are inherently natural or clearly not associated with human habitation.
For these, 81 % of our predictions are above W, reflecting natural conditions.
This corresponds to a per-class accuracy (natural vs. anthropogenic) of 91 %.
For the three forest classes, as well as woodland-shrub and water bodies, both

anthropogenic- and natural-correlated values occur regularly.

Counterintuitively, Industrial yields higher values than Urban fabric or the
agricultural classes. We observe that areas with extensive asphalt coverage, large-
roofed buildings, airports, and certain open-pit mines often even exhibit positive
values. It is likely that the models treat such regions similarly to bare land.
Another explanation is that industrial areas are also found to a significant amount
within the protected regions of our training data (see Table 11.1).

o We observe a per-class accuracy of 91 % evaluating the attribution values

for clearly anthropogenic and natural land cover classes.
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11.1.4 Comparison with Human Modification

Kennedy et al. (2019) provide a global map of Human Modification for the year
2016, which is modeled using 13 anthropogenic stressors grouped into five cate-
gories:

e Human settlement: population density, built-up areas

Agriculture: cropland, livestock

Transportation: major roads, minor roads, two tracks, railroads

Mining and energy production: mining, oil wells, wind turbines

Elecrical infrastructure: powerlines, nighttime lights
The map has a spatial resolution of 1 km, with Human Modification values rang-
ing from 0 (low) to 1 (very high). The authors define four categories of Human
Modification My based on the following value ranges:
o Low (0.0 < My <0.1):
This range is defined to include 50 % of the global land area.
« Moderate (0.1 < My < 0.4)
« High (0.4 < My <0.7):
The threshold of 0.4 corresponds to observed species responses to habitat
loss and aligns with areas of low-intensity agriculture.
e Very high (0.7 < My <1.0)

A map of Human Modification for Fennoscanida is shown in Appendix A.2, Fig-
ure A.7 (page 145). In comparison to our naturalness scores, the following differ-
ences emerge:

e Human Modification and naturalness represent opposing concepts, which
results in an inverse relationship. For clarity, we invert the axes for Human
Modification in our visualizations.

e The Human Modification index has a clearly defined range from 0 to 1,
whereas our naturalness scores are attribution-based and do not exhibit a
fixed numerical range.

e The Human Modification index and our naturalness scores stem from funda-
mentally different data sources and methodologies. While some correlation

is to be expected, so too are differences.

Human Modification in Protected and Anthropogenic Regions

Figure 11.6 illustrates Human Modification’s distributions in our test regions,
grouped by the labels anthropogenic and protected. They look similar to the
distributions of our naturalness scores (Figure 10.5) with values in protected
regions falling within a narrow range, while those in anthropogenic regions span
a much broader range. 92 % of the Human Modification values within protected

regions fall within the low Human Modification range (0 to 0.1). 9 % of the values
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within anthropogenic regions fall within the very high Human Modification range
(0.7 to 1). Less than 1 % of the values are higher than 0.8.

0.0

0.2

0.4

Human Modification

0.8

1.0 anthropogenic protected

Figure 11.6: Distributions of Human Modification (y-axis) on the test data, grouped by label
(x-axis). The violins are scaled to have equal area.

Human Modification and CORINE Land Cover

Human Modification’s distributions grouped by the CORINE Land Cover classes
are largely comparable to those of our naturalness scores (Figure 11.7 vs. Fig-
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(311) Broad-leaved forest
(312) Coniferous forest
(313) Mixed forest

(321) Natural grasslands
(322) Moors & heathland
(324) Woodland-shrub
(331) Beaches,dunes,sand
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(5) Water bodies

Figure 11.7: Distributions of Human Modification (y-axis, inversed) grouped by CORINE Land
Cover (x-axis). The violins are scaled to have the same maximum width.
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ure 11.5). We observe differences for Industrial, which is more anthropogenic
than Urban fabric according to Human Modification. Similarly, Arable land is
considered significantly more anthropogenic according to the Human Modifica-
tion index. Permanent crops are rare in Fennoscandia (0.002 %), suggesting that
the natural ratings assigned by Human Modification may result from its coarse
spatial resolution of 1 km. Forests and Woodland-shrub are generally assessed as

more natural compared to our predictions.

Correlation

We evaluate the correlation between our naturalness scores and the Human Mod-
ification index. Since the two are derived from fundamentally different methods,
we do not expect a linear relationship and therefore use the Spearman rank cor-
relation (Spearman, 1904), which measures the monotonic relationship between
two variables by comparing their rank orders. Unlike the Pearson correlation,
it does not assume linearity. The Spearman rank correlation ranges from —1
(perfect negative monotonic relationship) to 1 (perfect positive monotonic rela-
tionship). For this evaluation, we rescale our naturalness map from 10 meters
to 1 km by computing the mean value, ensuring that it matches the resolution
of the Human Modification map. We observe a Spearman rank correlation of
—0.75 between our naturalness scores and the Human Modification index. Their
relation is visualized in Figure 11.8.

le-5

naturalness score
o

1.0 0.8 0.6 0.4 0.2 0.0
Human Modification

Figure 11.8: Correlation between our naturalness scores (y-axis) and the Human Modification
index (x-axis, inversed). The data is binned in steps of 0.01 for Human Modification and the
plot shows the mean values of our predictions with their standard deviations.
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o For low to moderate Human Modification (approximately 0.0 < My <
0.5), which includes 91 % of the Fennoscandian area, the correlation is
approximately linear. On average, g = 2.02e — 5 corresponds to a Human
Modification index of about 0.1.

 For high Human Modification (approximately 0.5 < My < 0.8) there is no
correlation. This range covers 9 % of the Fennoscandian area and primarily
includes arable land as well as outer urban areas and their adjacent forests.

o For very high Human Modification (approximately 0.8 < My < 1.0), the
correlation is positive, which is counterintuitive as the concepts are op-
posing. It mainly concerns the city centers of major cities such as Oslo,
Stockholm, Gothenburg, Malmo, and Helsinki and represents just 0.2 % of
the Fennoscandian area. One reason for this behavior are industrial regions,
as described in Section 11.1.3.

e Human Modification and our naturalness scores have a Spearman rank
correlation of —0.75.
e For low to moderate Human Modification, the correlation is approxi-

mately linear. This covers 91 % of the Fennoscandian area.

11.2 Evaluation of the Change Detection

As described in Section 10.3.5, our change detection focuses on identifying anthro-
pogenic influences in areas initially classified as natural. Figure 10.7 (page 101)
illustrates two of such events. The first one shows a wind farm area that was
constructed during the investigated time period. The other one shows a defor-
estation area. The models emphasize the edges of the deforested region — a
behavior described in Section 11.1.2. We account for this behavior by also con-
sidering a change detection to be correct when our models identify areas adjacent
to the actual event. Conversely, if no event has occurred and adjacent areas are
still detected, this is classified as an incorrect detection. We exclude water areas
from evaluation.

To estimate the accuracy of our change detection, we examine various ran-
domly selected locations using different sampling strategies. We manually inspect
the corresponding satellite images to assess whether anthropogenic influences can
be identified. These influences primarily include deforestation, forestation, and
the construction of built-ups like roads, wind farms, or buildings. The resulting

confusion matrices and metrics are listed in Tables 11.2 and 11.3 on page 114.
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Random Sampling of Locations

We randomly select 100 locations within regions that are classified as natural. In
85 of these, we do not observe any human influence upon inspecting the satellite
images. In the remaining 15 cases, we identify anthropogenic events, specifically,
7 instances of deforestation and 8 of forestation. The performance of our change
detection on these regions is illustrated in Table 11.2a. For the no change cate-
gory, it achieves a precision of 97 % and a recall of 80 %. For the change category,
precision is 43 % and recall is 87 %.

Due to the strong imbalance between the two categories, this random sampling
strategy results in many no change samples. To obtain more reliable estimates
for the metrics related to the change category, we employ additional sampling
strategies.

Random Sampling of Model-Detected Changes

We randomly select 100 locations from regions where changes have been detected
by our modelling. Among these, 42 show evidence of anthropogenic activity,
specifically, 21 instances of deforestation, 14 of forestation, and 7 of built-up
development. This yields a precision of 42 % for the change category. The
confusion matrix is shown in Table 11.2b.

We also sample 100 random locations from regions with strong detected
changes, defined as those where the naturalness score falls below the median
of anthropogenic training regions: ¥, < W(X®=9 ¢ = 0.5). Here, we observe a
precision of 69 % with a notably higher number of built-up events: 29 instances
of deforestation, 7 of forestation, and 33 of built-up development. The confusion

matrix is shown in Table 11.2c.

Random Sampling of Dynamic World-Detected Changes

The Dynamic World land cover product (Brown et al., 2022) provides global 10-
meter resolution maps with 9 classes, at the temporal resolution of Sentinel-2
imagery, which ranges from 2 to 5 days. The included classes are Water, Trees,
Grass, Flooded vegetation, Crops, Shrub & scrub, Built area, Bare ground, and
Snow & ice. We use this product to identify regions where anthropogenic events
occurred during our study period. To do so, we aggregate the land cover maps
over the summer months (June to September) for both 2018 and 2024. These
aggregated maps are then used to detect specific land cover changes within the
study period.

Using Dynamic World, we identify deforestation as a land cover change from
Trees to one of the classes Shrub & scrub, Crops, or Grass, and randomly select 100

such locations. Comparing these with satellite imagery, we find that deforestation
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Table 11.2: Confusion matrices illustrating the performance of our change detection. Reported
are the numbers of samples.

(a) Random sampling of 100 locations.

Detection
change no change

= o change 13 2
5 E no change 17 68
U -~

(b) Random sampling of 100 changes detected by the models.

Detection
change no change

= o change 42 -
5=
B E no change 58 -
U -~

(¢) Random sampling of 100 strong changes detected by the models.

Detection
change no change

= o change 69 -
5=
2E no change 31 -
U -~

(d) Random sampling of deforestation areas identified using Dynamic World.

Detection
change no change

= o change 38 10
2 s h

5 £ o change - -
U +~

(e) Random sampling of built-up development areas identified using Dynamic World.

Detection
change no change

= = change 58 1
22 no change - -
o M
U -~

Table 11.3: Metrics demonstrating the performance of our change detection, reported in per-
centages.

Precision Recall F1-Score
change
Random 43 87 65
Model-detected changes 42 - -
Model-detected strong changes 69 - -
Dynamic World-detected deforestation - 79 -
Dynamic World-detected built-up - 98 -
no change
Random 97 80 91

114



CHAPTER 11. RESULTS AND EVALUATION

actually occurred at 48 locations. Of the 48 confirmed deforestation regions,
our model detects 38 changes, corresponding to a recall of 79 % for the change
category. The confusion matrix is shown in Table 11.2d. For the 52 locations
where no change occurred, our model correctly identifies no change in 41 cases.
We do not include this number in the confusion matrix because the selection of
no change samples is biased: these regions often represent a mixture of several
classes, causing Dynamic World to falsely detect a change even when clearly none
occurred.

We further identify built-up development as a land cover change from Trees,
Flooded vegetation, or Shrub € scrub to Built area. Of the 100 randomly selected
locations, 59 truly show anthropogenic impact. Our models detect 58 of these,
corresponding to a recall of 98 % for the change category. The confusion matrix
is shown in Table 11.2e. Among the 41 locations without change, our model
correctly detects no change in 24 cases. For the same reasons as above, we
exclude these values from the confusion matrix.

o For the no change category, we estimate a precision of 97 % and a recall
of 80 %. This indicates that when no change is detected, it is likely to
be correct.

o For the change category, we estimate a precision of 42 % and a re-
call greater than 79 %. This suggests that about 6 out of 10 detected
changes are false positives; and that roughly a fifth of actual changes go

undetected.

11.3 Land Cover Composition and Naturalness

in Fennoscandia

Land Cover Composition

The CORINE Land Cover map for Fennoscandia is provided in Appendix A.2,
Figure A.6 (page 144) and the corresponding amounts of land cover classes are
listed in Table 11.1 (page 107). Coniferous forest is the most common class in
Fennoscandia, particularly present in Sweden and Finland. In the Scandinavian
Mountains, which primarily cover Norway and parts of Sweden, coniferous forests
give way to broad-leaved and mixed forests. Other frequent landscapes include
moors, heathland, wetlands, woodland-shrub areas, and, especially at higher el-
evations, sparsely vegetated areas. Anthropogenic land cover including built-up
and arable land occur mainly in southern regions, as well as in valleys and along
the fjords.
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11.3. LAND COVER COMPOSITION AND NATURALNESS IN
FENNOSCANDIA

Natural and Anthropogenic Regions

Our naturalness map for Fennoscandia is presented in Figure 10.6 (page 100).
Natural regions tend to be located inland and farther north, as well as in the
southern parts of Norway. There is substantial overlap with the Scandinavian
Mountains. Anthropogenic regions are concentrated particularly in southern Swe-
den, southern Finland, and along the coasts. Especially in southern Sweden and
southern Finland, there are extensive areas with almost no naturalness.
Excluding water bodies, we find that 44 % of the Fennoscandian landscapes
are classified as natural (¥ > W), while 56 % fall below this threshold. Accord-
ing to Human Modification, 42 % of the Fennoscandian landscapes experience low
human modification (My < 0.1). Figure 11.9a subdivides Norway, Sweden, and
Finland into their municipalities and illustrates the proportion of natural land-
scapes in each region. Four adjacent municipalities in the far north, though not
along the coast, exhibit the highest proportions of naturalness, exceeding 95 %:

Karasjok and Kautokeino in Norway, and Utsjoki and Enonteki6 in Finland.

Anthropogenic Changes in Natural Regions

We also quantify the amount of anthropogenic changes in natural regions rela-
tive to the total land area for each municipality during the study period from
2018 to 2024, as shown in Figure 11.9b. The highest proportions are found in
municipalities of eastern Sweden at intermediate latitudes, with values exhibit-
ing double-digit percentages. These regions overlap with areas of intensive forest
management, as revealed by Hansen et al. (2013). Regions with an already high
degree of anthropogenic influence (e.g., southern Sweden) show low proportions,
since there are few natural areas to begin with. Across all of Fennoscandia, we

detect anthropogenic changes in 6 % of the total land area.

o Our models classify 44 % of the Fennoscandian landscape as natural.
o Anthropogenic changes that degrade natural regions are detected in 6 %
of the total Fennoscandian landscape.
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3
f
(a) Proportions of natural regions (b) Proportions of anthropogenic impact
on natural regions
0T 100 % 0C T 18 %

Figure 11.9: Proportions of natural area and anthropogenically changed area for the munici-
palities of Norway, Sweden and Finland. Water bodies are excluded from the analysis.
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Chapter 12

Discussion

We presented a framework to assess naturalness directly from satellite imagery
rather than relying on indirect, human-defined indicators used in traditional nat-
uralness mapping approaches. In doing so, we build the AnthroProtect dataset
that contains multispectral Sentinel-2 composites of protected and anthropogenic
regions in Fennoscandia. Using this dataset, we train UH-Net to distinguish be-
tween natural and anthropogenic landscapes and compute high-resolution attri-
bution maps. Our novel harmonization approach enables consistent, large-scale
attribution mapping. Based on this framework, we generate a high-resolution
naturalness map for Fennoscandia and detect anthropogenic changes occurring
between 2018 and 2024.

12.1 Methodology

Deriving pixel-level estimates from image-level labels is conceptually related to
weakly-supervised segmentation, as discussed in Section 8.6.1. However, instead
of predicting discrete classes, we evaluate a continuous score and aim to rediscover
patterns associated with protected or anthropogenic landscapes. The resulting
maps are therefore not direct pixel-wise regression outputs with precise per-pixel
predictions, but rather reflect broader spatial patterns and relative degrees of
naturalness. In this sense, we focus more on uncovering learned patterns through
explainable machine learning than on performing exact weakly-supervised regres-

sion; however, the distinction between the two is not clearly defined.

Harmonization

Original attribution methods are computed for fixed image sizes, where interac-
tions and mutual influences among multiple patterns due to fully connected layers
result in non-comparable patches (see Figure 10.4, page 96). Our harmonization

method introduces a previously unavailable capability: attribution scores become
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comparable both within large scenes and across different scenes. It establishes
a direct link between features and attribution values while bypassing the fully
connected layers. Because convolutional neural networks preserve consistent re-
lationships between inputs and learned features, the harmonized attribution maps
inherit this consistency and thus remain comparable.

UH-Net Architecture

The use of our UH-Net architecture enables the generation of high-resolution at-
tribution maps. While the receptive field is negligible in the multi-label tasks
of Chapter II, it becomes evident in this context (Figure 11.3, page 104). Nev-
ertheless, our approach produces sharply defined and narrow attributions, such
as the distinctly negative scores assigned to roads. This level of detail is made
possible by the skip connections within the U-Net architecture, which preserve
fine-grained spatial information throughout the network.

We experiment with several modified architectures and training procedures,
including a UH-Net with a simple prediction head, similar to the variant described
in Section 7.2, as well as a UH-Net with a mean-based head, in which the final
prediction is obtained by averaging the features of the last U-Net layer. For the
latter, we test multiple configurations that vary the order of activation, averaging,
and loss computation. Across these variants, we observe similarly large receptive
fields; however, the resulting attribution maps exhibit less level of detail. Overall,
the outputs of many tested modified architectures resemble a similar effect of

applying a mean filter to our naturalness map presented.

Change Detection and Trend Analysis

We focus on offline change detection of anthropogenic events within regions pre-
viously classified as natural. Applying trend analysis — reducing the naturalness
maps across the seven years to a regression-based intercept and temporal trend —
we do not reliably detect subtle changes of naturalness. This limitation is further
discussed in Section 12.3. In fact, we find that the results of trend analysis are
largely consistent with those produced by our change detection approach.

There are more sophisticated methods for trend analysis and change detection
(Mudelsee, 2019; Asokan and Anitha, 2019), which could potentially improve the
accuracy of our results. However, time-series analysis is not the focus of this
work; therefore, we apply relatively simple tools to provide a basic demonstration

of what is feasible with our proposed attribution-based mapping.
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o Harmonizing attributions enables the previously untouched capability
of making attribution scores comparable within large scenes and across
different scenes.

e Despite the receptive field, UH-Net allows for distinct, narrow attribu-

tions.

12.2 Performance

Naturalness Map

Across the test data, our naturalness map achieves a per-class accuracy of 96 %.
When evaluated against CORINE Land Cover classes that can be clearly assigned
to either category, we obtain a per-class accuracy of 91 %. Furthermore, we
observe a Spearman rank correlation of —0.75 with the Human Modification index
by Kennedy et al. (2019). The negative sign arises because naturalness and human
modification are opposing concepts. For low to moderate Human Modification,
which covers 91 % of Fennoscandia, the relationship is approximately linear; at
higher modification levels, the correlation breaks down. For protected regions
across different ITUCN categories, we observe expected trends in the distributions
of naturalness scores.

The alignment of our predictions with multiple external datasets strongly
suggests that they are plausible and meaningfully reflect underlying landscape
patterns. However, evaluation performance is limited by the absence of exact
ground truth. This issue begins with the training data: protected regions can
contain infrastructure such as roads, while anthropogenic regions may include
patches of natural vegetation. Categorical land cover classes cannot express de-
grees of naturalness, and classes such as forest may occur in both natural and
anthropogenic contexts. Although the Human Modification product provides
continuous values, it is derived from traditional indicator-based modeling and
cannot capture the structural and (bio)physiological characteristics of landscapes
visible in satellite imagery. Moreover, it is limited to a coarse 1 km resolution.
Similarly, differences across IUCN categories offer only indirect signals of natu-
ralness and cannot serve as precise targets. Because no dataset provides exact,
high-resolution, continuous ground truth for naturalness, the true performance
of our naturalness map cannot be precisely quantified. Nonetheless, there are

strong indicators that our naturalness scores are plausible and meaningful.

120



CHAPTER 12. DISCUSSION

Change Detection

Our change detection identifies anthropogenic disturbances within areas previ-
ously predicted as natural. Due to the lack of reliable ground truth for an-
thropogenic change, we perform manual verification at random locations using
satellite imagery. For the no change category, we observe a precision of 97 % and
a recall of 80 %. The precision for detected changes is estimated at 42 %, increas-
ing to 69 % for strong detected changes, while recall is estimated to exceed 79 %.
Thus, our change detection tends to overestimate changes. This is primarily due
to shadows cast by clouds or terrain, as well as vegetative phenology. These lim-
itations are further discussed in Section 12.3. Although the precision of 42 % for
detected changes may seem modest, it can be considered relatively good given
the extreme class imbalance: the number of unchanged regions vastly exceeds
that of changed regions. Overestimation of changes also occurs when searching
for disturbances using the land cover product Dynamic World by Brown et al.
(2022). Here, precision is 48 % for deforestation-related land cover changes and
59 % for construction-related changes. For this product, the main reason for over-
estimation is that the predicted classes fluctuate in regions containing a mixture

of multiple land cover types.

o Our naturalness scores align with multiple external datasets, strongly
indicating their plausibility.
e QOur change detection tends to overestimate changes.

12.3 Limitations

Anthropogenic Attribution Patterns

We observe that the attributions in anthropogenic regions are narrow and con-
centrated along edges, whereas those in natural areas tend to be smoother and
more extensive (Figure 11.2) page 104). This suggests that specific edges are
important indicators of anthropogenic landscapes for the models, while expanse
and uniformity are factors associated with naturalness. While this is a valid and
comprehensible behavior for convolutional neural networks, it complicates and
restricts the evaluation of anthropogenic landscapes. For example, it hinders
the ability to scale the degree of anthropogenic impact. Thereby it also compli-
cates comparisons across years, making trend analysis or change detection more
difficult. Further, in small anthropogenic areas, such as deforestation sites, it

becomes challenging to estimate the actual size of affected regions.

121



12.3. LIMITATIONS

Comparability across Years and Change Detection

As outlined previously, the focus on edges as indicators of anthropogenic land-
scapes complicates year-to-year comparisons of such regions. Additionally, sev-
eral other limitations hinder the fine-grained assessment of naturalness needed to
detect subtle temporal trends. Interannual climatic variability, fluctuating snow
cover, artifacts introduced by clouds, and topographic shading caused by moun-
tains or uneven terrain reduce the temporal consistency of the satellite scenes.
Similarly, variable illumination conditions can cause features such as forest roads
to appear more or less prominent. A further source of variability arises from the
use of satellite composites. Because cloud-free composites draw on observations
from different dates each year, the dominant temporal window between June and
September may differ between years, and thus the phenology of the vegetation.
As a result, the harmonized attribution maps exhibit fluctuations that cannot be
attributed to true land-surface processes. Our results demonstrate that hard de-
tection tasks, specifically, offline change detection, can still be performed reliably
for abrupt changes. In such cases, the magnitude of the signal is strong enough to
overcome the noise inherent in the data. However, more gradual or subtle trends
— such as an area becoming progressively more natural — remain statistically
insignificant for our models, as the interannual variability in the imagery is often
too large.

Limited Visibility of Certain Processes

Not all forms of ecological processes are detectable in satellite imagery. For
instance, wildlife typically leaves no visible signature unless it directly alters veg-
etation structure. Likewise, understory vegetation or soil conditions are often
obscured by forest canopies. Additionally, the spatial resolution of Sentinel-2 im-
agery inherently limits the detectability of fine-scale features. By contrast, aerial
photography provides sub-meter resolution and could capture subtle patterns,
offering a level of detail that is unattainable with Sentinel-2 data.

o Comparability across years is limited due to fluctuations in the satellite
imagery and the anthropogenic attribution patterns.

o The spatial assessment of small-scale impacts is limited by edge-focussed
attributions.

o Satellite imagery offers only limited visibility of certain ecological pro-

cesses.
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12.4 Comparison with Traditional Naturalness

Mapping

Traditional naturalness mapping approaches, such as Human Footprint (Sander-
son et al., 2002), its temporal extensions (Venter et al., 2016a; Mu et al., 2022),
and Human Modification (Kennedy et al., 2019), rely on indicator-derived indices.
These include, among others, population density, land transformation, agricul-
ture, transportation, and electrical infrastructure. Resulting spatial resolutions
are typically around 1 km. In contrast, our method derives naturalness from mul-
tispectral satellite imagery, which represents a completely different data basis. It
enables a spatial resolution of 10 meters, and in theory, a temporal resolution
that matches the Sentinel-2 revisit frequency (every 2 to 5 days), accounting for
limitations due to cloud cover.

Indicator-Based vs. Appearance-Based Measurement of Naturalness

Traditional mapping approaches reflect human activity itself which is valuable
for understanding socio-economic pressures. However, our approach enables a
completely different perspective. It reflects the (bio)physical outcomes of human
activity and can assess vegetation health and composition. This means our mod-
elling can detect anthropogenic influence even when indicators are absent, and
may classify regions as natural despite proximity to human activity if vegetation
remains intact.

Interpretation of the Results

Traditional naturalness maps have a scale that is relatively straightforward to
interpret and thresholds can be defined, for example, as having low or high an-
thropogenic impact. In contrast, our scores are derived from attribution values
that indicate whether the models’ internal representations align more closely with
protected or anthropogenic training samples. This can lead to effects that require
initial investigation and interpretation. Examples include the models’ focus on
edges in anthropogenic regions, the influence of the receptive field, and responses
to natural patterns within anthropogenic areas and vice versa (Section 11.1.2).
For instance, we observe that anthropogenic patterns within natural regions are
detected at scales from 40 x 40 meters, while the models remain robust to nat-
ural “islands” within urban areas up to approximately 900 x 900 meters in size.
These behaviors are meaningful and valid, but since they are not predefined, they

must first be discovered through analysis.
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o Our naturalness map reflects the (bio)physical outcomes of human ac-
tivity as seen by satellites while traditional maps reflect human activity
itself.

e Scores from traditional maps are straightforward to interpret while our
approach leads to behaviors that require initial investigation.

e Our resolution is 10 meters, while traditional approaches typically have
resolutions of 1 km. Furthermore, our approach has the potential for
frequent temporal updates aligned with the Sentinel-2 revisit interval.

12.5 Naturalness in Fennoscandia

Regions free from human impact on naturalness are rare in most parts of the
world. In Europe, Fennoscandia stands out for its relatively natural landscapes.
Norway, Sweden, and Finland maintain high environmental regulations (Wendling
et al., 2020) and invest in conservation through large protected areas. At the
same time, clear-cutting remains the predominant forest management practice in
coniferous forests, particularly in Sweden and Finland (Lunde et al., 2025).

The Scandinavian Mountains contain large areas with minimal human mod-
ification, which explains the high naturalness scores observed there. Similarly,
remote northern municipalities contain vast forest and tundra areas with little hu-
man presence, resulting in naturalness proportions exceeding 95 %. In contrast,
coastal and southern municipalities include fragmented and modified landscapes.
Southern Sweden and southern Finland show the highest levels of population den-
sity, agriculture, and infrastructure. In total, our modelling classifies 44 % of the
Fennoscandien landscape to be natural. This proportion aligns with the Human
Modification map, where 42 % is categorized as having low human modification.

The municipalities with the highest proportion of detected anthropogenic
changes overlap with forested areas managed through clear-cutting practices.
Under clear-cutting, most or all trees within a designated stand are harvested
simultaneously, after which the area is typically replanted. This practice re-
mains controversial from a nature conservation perspective (Lunde et al., 2025).
Protected areas are generally unaffected by these practices, which explains why
inland regions are less strongly impacted. Across Fennoscandia we identify an-
thropogenically driven changes in 6 % of the total area. However, it should be
noted that our change detection’s precision is higher than the recall, which sug-
gests that such estimates are likely overestimated. Due to the receptive field,
anthropogenic changes affect the surrounding area within a radius of approxi-

mately 600 to 700 meters, which also contributes to an overestimation. On the

124



CHAPTER 12. DISCUSSION

other hand, the emphasis on edges may lead to an underestimation. The propor-
tion of anthropogenic changes is therefore subject to considerable uncertainty and
should not be interpreted in isolation, but rather be used for comparison between
regions, as shown in Figure 11.9b (page 117). The order of magnitude, however,
appears to be reasonable: according to Global Forest Change by Hansen et al.
(2013), 4.4 % of the Fennoscandian landscape experienced deforestation between
2018 and 2024.!

o We predict that 44 % of the Fennoscandian landscape is natural, which
appears to be a reasonable estimate.

o We detect anthropogenically driven changes across 6 % of the Fennoscan-
dian landscape. While the magnitude seems plausible, this value is sub-
ject to considerable uncertainty.

12.6 Future Directions

We provide a valuable tool for naturalness mapping using satellite imagery which
is, however, subject to some limitations. These relate not only to the methodology
but also to the quality of the available data. In the following, we present ideas
that might mitigate these limitations.

Attribution Patterns and Scale

We observe a naturalness score with a scale that is partly difficult to interpret.
Employing a proxy index, such as Human Modification, to generate continuous
targets might yield a more interpretable scale, although the resolution of such
indices is typically low. Efforts in a similar direction are made by Ekim and
Schmitt (2024). They combine low-resolution indicators with high-resolution
data, specifically ESA WorldCover (Zanaga et al., 2022) and OpenStreetMap
(OpenStreetMap contributors, 2017), to generate naturalness indices at 10-meter
resolution as described in Ekim et al. (2021), and use them for training and testing
a regression task. However, the authors do not conduct large-scale mapping.
With regard to the emphasis on edges, certain constraints during model train-
ing could help reduce this effect. For example, a simple smoothing filter could
help; however, it has the disadvantage that isolated roads etc. may no longer
be accurately detected. As an alternative, a loss function could be introduced

that penalizes attributions focusing on edges. Combined with our harmonization

1Global Forest Watch. Tree cover loss in Norway, Sweden, and Finland.
www.globalforestwatch.org (accessed November 26, 2025)
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method, it may not even be necessary to compute attributions during train-
ing; instead, edge-based features could be directly penalized. With appropriate
weighting, these features might be suppressed while still being preserved where
they add value, such as isolated roads.

Comparability across Years

Several factors in satellite imagery contribute to fluctuations in naturalness scores
between years. These include fluctuating snow cover, artifacts introduced by
clouds, topographic shading, variable illumination conditions, interannual weather
variations, as well as image composites with differing dominant temporal win-
dows. To ensure that the harmonized attributions still remain consistent across
years, the feature vectors from the same location should be similar for different
years. We enforce this by applying a contrastive loss following the one used in
Siamese-networks (Hadsell et al., 2006). We construct positive pairs from identi-
cal locations across different years and negative pairs from random location—year
combinations. While we observe only a minor improvement, the method intro-
duces artifacts in certain land cover classes. However, another contrastive loss
function might be found without this disadvantage.

Using time series instead of composites could significantly improve accuracy,
but this would require substantial changes to both the data and the overall
methodology. Including weather information could also help the model align veg-
etation appearance with corresponding weather conditions. An alternative and
highly current approach might be to use data embeddings derived from foundation
models as input data. For example, AlphaEarth (Brown et al., 2025) provides
global 64-dimensional embeddings at a 10 x 10 meter resolution, generated from
a wide range of data sources. These embeddings may overcome the limitations of
Sentinel-2 composites and capture information on naturalness more consistently,

with less year-to-year fluctuations and variability.

Global Implementation

Machine learning models generally show a low generalization ability if the test
data has a significantly different distribution compared to the training data.
Thus, outside of Fennoscandia, our trained models are likely not applicable —
particularly if the region has distinctly different landscapes or ecosystems such as
savannas or tropical forests. One could set up a training dataset similar to ours
for the biogeographic region(s) of interest. However, the low density of strictly
protected, natural areas in many biogeographic regions makes it challenging to
create a suitable dataset. We have contributed to a global dataset, MapInWild,
which follows a similar concept to AnthroProtect (Ekim et al., 2023). However,
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we have not predicted or evaluated a global map of naturalness, for the reasons
outlined above.

Application

The promotion of natural places is an important and critical task as stated by the
Sustainable Development Goals (SDGs) of the United Nations (2021). SDG 15
focuses on protecting, restoring, and promoting sustainable land use, including
forest management and biodiversity conservation. Being able to analyze the ex-
tent and characteristics of natural areas, even if approximate, is a valuable tool.
Analyses over time can allow for the monitoring and tracking of conservation and
renaturation efforts. As such, our approach could be utilized for policy-making
and land use planning.

Compared to traditional naturalness mapping, our method offers both advan-
tages and limitations. However, the key difference lies in what both methods
measure: traditional indices capture human presence and infrastructure, which
is valuable for understanding socio-economic pressures; on the other hand, our
method measures the (bio)physical expression of these pressures in vegetation
and land surface structure. Combining both approaches could offer a more com-
prehensive view of ecosystem conditions at both large and small scales. More-
over, discrepancies between the two methods may reveal interesting cases — for
example, visually intact landscapes that are nevertheless subject to significant

anthropogenic pressures.

o Employing a proxy index to generate continuous targets might yield a
more interpretable scale.

» A loss penalizing edge-based features might suppress the observed attri-
bution patterns in anthropogenic regions.

o Using embeddings derived from foundation models may overcome the
limitations of Sentinel-2 composites.

o The low density of natural areas in many biogeographic regions makes
it challenging to create a global dataset.

e Qur tool could be utilized for policy-making and land-use planning.

o Combining our approach and traditional naturalness mapping could offer

a more comprehensive view of ecosystem conditions.
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Conclusion

This thesis explores methods to improve the interpretability and consistency of
explanations for convolutional neural networks (CNNs), with a focus on land
cover classification. To this end, experiments are conducted using three CNN
architectures, three datasets — two dedicated to land cover classification — and
ten attribution methods. Finally, a novel approach for mapping naturalness from
satellite imagery is presented, building on the developed methods.

Improving Explanations of CNNs

Learned feature vectors play an important role in the decision-making process of
CNNs, as they represent the patterns the network has learned to solve a given
task. Similar feature vectors indicate similar semantic content, and deeper layers
capture increasingly complex semantic representations. To our knowledge, no
previous study has systematically compared multiple attribution methods at both
the input and deeper layers. This gap likely exists because some methods were
originally designed for input-level analysis, while others are intended for deeper
layers. We address this gap and our experiments show that attributions from
deeper layers generally provide more intuitive explanations across all methods.

Due to the low spatial resolution in deeper layers of common CNN architec-
tures, we introduce a novel architecture, UH-Net. It combines a U-Net with a
prediction head, enabling an intermediate layer that produces high-resolution,
semantically rich attribution maps. In our experiments, UH-Net yields the most
interpretable feature maps for human understanding. However, this may come
at the cost of reduced classification accuracy, as we observe with the Caltech 100
dataset.

We further address the challenge that different attribution methods often
yield inconsistent explanations by proposing a novel harmonization technique.
It builds on insights from theory of mechanistic interpretability — specifically,
the idea that similar feature vectors encode similar semantics. Accordingly, we
compute the harmonized attribution of an (unseen) feature vector as the local av-
erage of attributions within the feature space of the training data. This approach

results in more global explanations that are easier for humans to interpret. By ap-
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plying harmonization, we achieve greater consistency across attribution methods,
making the choice of method less critical. The effectiveness of our harmoniza-
tion approach is constrained by the degree of entanglement in the learned feature
space. For this reason, it is not effective at the input level.

Although Gradientsx Features is one of the simplest attribution methods, we
find it performs well after harmonization. Grad-CAM already aligns closely with
feature vectors even before harmonization; however, its explanations can fail un-
der certain conditions. Our proposed method, Feature-specific Grad-CAM, suc-
cessfully addresses this limitation. Sliding Window Occlusion suffers from lim-
ited resolution, a drawback effectively mitigated by harmonization. Our method,
Feature-specific Occlusions, overcomes this limitation even prior to harmoniza-
tion. Gradient SHAP and DeepLift SHAP improve upon Integrated Gradients
and DeepLift, respectively, by using baselines that reflect the training data rather
than zero. Layer-wise Relevance Propagation is equivalent to Gradients x Features
under the z-Rule, and in our experiments, it yields nearly identical results also
for the Epsilon Rule.

In future work, our harmonization technique could be successfully integrated
into weakly-supervised segmentation approaches that rely on attribution meth-
ods. It may also be applicable to Vision Transformers, provided that the attention
mechanisms are interpretable, for example, through the use of registers (Darcet
et al., 2024).

Mapping Naturalness in Fennoscandia

Territorial protection can provide important ecological and social benefits, and
there are urgent, pragmatic reasons to identify where the positive characteris-
tics and ecological functions associated with naturalness are present and able to
thrive. Traditional naturalness mapping approaches rely on indicators of anthro-
pogenic stressors such as settlement, agriculture, transportation, and electrical
infrastructure. However, they are often limited by low spatial resolution and do
not account for vegetation health or composition, which restricts the depth of
ecological insight they can provide.

We therefore propose a naturalness mapping approach based on satellite im-
agery. To this end, we introduce the AnthroProtect dataset, which contains
Sentinel-2 imagery of both protected and anthropogenically influenced regions in
Fennoscandia. Training UH-Net on this classification task enables the generation
of high-resolution attribution maps. By harmonizing these maps, we achieve con-
sistent large-scale naturalness mapping across the Fennoscandian region. When
comparing our naturalness map to test regions and land cover classes, we observe
per-class accuracies exceeding 90 %. Additionally, we find a correlation of —0.75
with the Human Modification index (Kennedy et al., 2019).
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We also detect anthropogenic changes between 2018 and 2024 within natural
regions and evaluate the results at randomly selected locations. While these re-
sults are comprehensible, comparability across years is limited by fluctuations in
satellite composites and certain behaviors of the models. We identify additional
limitations related to the (continuous) scale of naturalness scores, which sup-
ports only coarse comparisons. Several approaches that could help address these
limitations are discussed, including the use of proxy indices as targets, the incor-
poration of additional loss functions, and the use of embeddings from foundation
models.

Our modelling estimates that approximately 44 % of Fennoscandia consists of
natural landscapes. Anthropogenically driven changes are detected in 6 % of the
total area, primarily corresponding to regions affected by clear-cutting practices.
The ability to analyze the extent and characteristics of non-anthropogenic areas,
even approximately, is a valuable tool for tracking conservation areas, informing
policy-making, and supporting land-use planning. Combining our approach with

traditional methods could provide a comprehensive view of ecosystem conditions.
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Figure A.1: Pearson correlations between attribution methods for DFC2020 and one of the ten UH-Net models (deep layer) for varying numbers of
nearest neighbors. The parameter is quite robust for values above k = 20. For our experiments we have chosen k£ = 100.
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values are averaged over ten models. From left to right: coefficients for the original attributions,
the harmonized attributions, and their difference.
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Table A.1: Metrics comparing the predominant class attributions with the segmentation ground
truth for DFC2020 and the UH-Net variants (deep layers). Values are averaged over the ten
models and reported as percentages, including the standard deviation. For clarity, the numbers
are rounded to whole integers. The best values in a dataset column, along with those up to 2%
lower, are highlighted in bold. Deviations in the differences may result from rounding.

o Accuracy F1 (macro)
CNN Attribution Method orig. harm. diff. orig. harm. diff.
Gradientsx Features | 75 75 0 65 64 0
Ft. Grad-CAM 68 73 5 54 57 3
Grad-CAM 75 75 0 65 64 0
Integrated Gradients | 56 57 1 47 47 1
. DeepLift 56 57 1 47 47 1
Simple UH-Net 0 fient SHAP 69 72 3 59 63 4
DeepLift SHAP 73 69 -4 65 61 -3
SI. W. Occlusions 73 75 2 63 64 1
Ft. Occlusions 75 75 0 64 64 0
Gradients x Features 32 66 34 26 50 24
Ft. Grad-CAM 75 75 0 65 64 0
Grad-CAM 69 74 4 56 59 3
Integrated Gradients | 27 63 36 23 53 30
DeepLift 30 65 35 26 54 28
Complex UH-Net . fient SHAP 21 63 42 19 52 34
DeepLift SHAP 36 75 40 30 64 33
SI. W. Occlusions 46 64 18 36 48 12
Ft. Occlusions 59 67 8 47 54 6
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Figure A.3: Pearson correlations between attribution methods for DFC2020 and the inputs of
the three architectures: VGG-16 (top), ResNet-18 (middle), and UH-Net (bottom). The values
are averaged over ten models. From left to right: coefficients for the original attributions, the
harmonized attributions, and their difference.
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Table A.2: Metrics comparing the predominant class attributions with the segmentation ground
truth for DFC2020 and the inputs of the three CNNs. Values are averaged over the ten models
and reported as percentages, including the standard deviation. For clarity, the numbers are
rounded to whole integers. The best values in a dataset column, along with those up to 2%
lower, are highlighted in bold. Deviations in the differences may result from rounding.

o Accuracy F1 (macro
CNN Attribution Method orig. harm. diff. orig. glarm. ) diff.
Gradients x Features 18 19 1 15 16 1
Ft. Grad-CAM 21 24 3 17 19 2
Grad-CAM 23 22 -1 19 18 -1
LRP 18 19 1 15 16 1
Integrated Gradients | 17 19 2 14 16 2
VGG-16 DeepLift 18 22 4 15 18 3
Gradient SHAP 14 19 5 12 16 4
DeepLift SHAP 19 35 16 16 29 13
Sl. W. Occlusions 23 23 0 20 17 -4
Ft. Occlusions 26 21 -5 23 18 -5
Gradientsx Features | 23 21 -2 20 18 -2
Ft. Grad-CAM 23 23 -1 20 20 0
Grad-CAM 19 17 -2 17 15 -3
Integrated Gradients | 21 25 4 17 21 4
DeepLift 22 27 5 18 23 5
ResNet-18 1 dient SHAP 17 31 14 15 26 12
DeepLift SHAP 24 50 26 20 41 21
Sl. W. Occlusions 19 15 -4 18 11 -7
Ft. Occlusions 24 20 -4 21 16 -5
Gradients x Features 23 37 14 19 29 9
Ft. Grad-CAM 37 42 5 29 33 4
Grad-CAM 37 40 3 30 32 2
Integrated Gradients | 28 56 29 23 46 23
DeepLift 36 67 31 30 56 26
UH-Net adient SHAP 20 62 42 17 51 34
DeepLift SHAP 49 72 23 40 61 21
Sl. W. Occlusions 33 48 15 28 38 10
Ft. Occlusions 35 30 -5 29 24 -5
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Mapping Naturalness in Fennoscandia
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Figure A.5: Our predicted naturalness maps of Fennoscandia for the years 2018 to 2024.




A.2. MAPPING NATURALNESS IN FENNOSCANDIA

Figure A.6: The CORINE Land Cover map of Fennoscandia (European Environment Agency,
2018). M Urban fabric,  Arable land, ' Broad-leaved forest, M Coniferous forest, I Mixed
forest, Moors and heathland, Transitional woodland-shrub, Bare rocks, Sparsely
vegetated areas, [l Wetlands, B Water bodies. The full color legend is provided in Table 11.1
(page 107).
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Figure A.7: The Human Modification map of Fennoscandia (Kennedy et al., 2019).
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Notation

Scalars, such as a and A, as well as functions f(-) and F'(-), are denoted using

regular italic letters.

Tensors are written in boldface. Vectors, such as a = (ay,...,a;)T € R¥,
are denoted using bold lowercase letters, while higher-dimensional tensors A €

RFr><xkn are written in bold uppercase letters.

Sets A = {ay, ..., a,} are written in uppercase calligraphic letters.
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