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Abstract

Deep neural networks have demonstrated remarkable success in remote sensing (RS) tasks;
however, their inherent "black-box" nature raises concerns about interpretability and robust-
ness. These models often rely on spurious correlations (SC) between the annotated class label
and biased features of the inputs, such as background or secondary objects. Explainable ar-
tificial intelligence (xAI) is increasingly becoming an essential tool for debugging such mod-
els. Although xAI methods have been extensively studied in classical computer vision (CV)
tasks, their application in RS, particularly for multi-label classification (MLC), remains under-
explored

In this thesis, seven xAI methods and 34 xAI metrics across six categories were theoretically
studied in this regard. The analysis identified issues with backpropagation-based methods and
perturbation-based methods. Localisation and Faithfulness metrics were considered particu-
larly important for RS, while Complexity metrics were deemed less useful. Moreover, the xAI
methods and 16 selected xAI metrics were empirically assessed on the two RS MLC datasets
DeepGlobe and BigEarthNet and further contrasted with experiments on the single-label CV
dataset Caltech101. A qualitative analysis showed that Grad-CAM and Guided Grad-CAM
were best for the CV dataset, while non-backpropagation methods (Grad-CAM, LIME, Occlu-
sion) were preferred for RS datasets. The quantitative analysis found Occlusion best for the CV
dataset, and Grad-CAM and Guided Grad-CAM best for RS datasets.

Furthermore, two xAI-guided training methods that utilize xAI to enhance training perfor-
mance and decision-making are evaluated: (i) the Right for the Right Reasons (RRR) loss along-
side a proposed extension; and (ii) the xAI-based label propagation (LP) strategy for the appro-
priate application of the augmentation strategy CutMix in MLC task. RRR-guided training
modestly improved performance while enhancing the model’s reasoning capabilities, demon-
strated by a reduced reliance on spurious correlations, particularly with non-backpropagation
methods. Additionally, the usage of xAI methods for the LP strategy for CutMix also shows
performance enhancements. Notably, there was an average increase in mean Average Preci-
sion of approximately 2% for ResNET and 0.5% for VGG compared to the baseline. Finally, a
correlation analysis contextualizes the improvement of xAI-guided training methods with the
theoretical and empirical results of xAI methods and metrics. The analysis showed that suc-
cess in Randomisation and Localisation metrics can serve as predictor for xAI-guided training
performance.



Zusammenfassung

Tiefe neuronale Netze haben bemerkenswerte Erfolge bei Fernerkundungsaufgaben erzielt,
aber ihr inhärenter „BlackBox“Charakter wirft Bedenken hinsichtlich ihrer Interpretierbarkeit
und Robustheit auf. Diese Modelle stützen sich häufig auf Scheinkorrelationen zwischen dem
annotierten Klassenlabel und sekundären Eingabemerkmalen wie dem Hintergrund. Erklärba-
re Künstliche Intelligenz wird zunehmend zu einem wichtigen Werkzeug, um Fehler in solchen
Modellen zu korrigieren. Obwohl Erklärungsmethoden im klassischen Computersehen Aufga-
ben ausführlich untersucht wurden, ist ihre Anwendung in der Fernerkundung, insbesondere
in der Multi Label Klassifikation, noch wenig erforscht.

In dieser Arbeit wurden diesbezüglich sieben Erklärungsmethoden und 34 Erklärungsmetri-
ken in sechs Kategorien theoretisch untersucht. Die Analyse identifizierte Probleme mit rück-
propagierenden Methoden und perturbationbasierten Methoden. Lokalisierungs und Treue
Metriken wurden als besonders wichtig für Fernerkundung erachtet, während Komplexitäts-
metriken als weniger nützlich eingestuft wurden. Zusätzlich wurden die Erklärungsmethoden
und 16 ausgewählte Erklärungsmetriken empirisch auf den beiden Multi Label Fernerkun-
dungsdatensätzen DeepGlobe und BigEarthNet evaluiert und mit Experimenten auf dem Sin-
gle Label Computersehensdatensatz Caltech101 verglichen. Eine qualitative Analyse zeigte,
dass GradCAM und Guided GradCAM am besten für Caltech101 geeignet waren, während
nicht rückpropagierende Methoden (GradCAM, LIME, Occlusion) für die Fernerkundungsda-
tensätze bevorzugt wurden. Die quantitative Analyse ergab, dass Occlusion am besten für
Caltech101 geeignet war, während GradCAM und Guided GradCAM am besten für Ferner-
kundungsdatensätze geeignet waren.

Darüber hinaus wurden zwei erklärungsbasierte Trainingsmethoden evaluiert, die erklärbare
Künstliche Intelligenz zur Verbesserung der Trainingsleistung und der Schlussfolgerung nut-
zen: (i) der Right for the Right Reasons Verlust zusammen mit einer vorgeschlagenen Erwei-
terung; und (ii) die erklärungsbasierte Label Propagations Strategie zur adäquaten Anwen-
dung der Augmentierungsstrategie CutMix in der Multi Label Klassifikationsaufgabe. Das
auf Right for the Right Reasons basierende Training führte zu einer leichten Leistungssteige-
rung, während es die Schlussfolgerungsfähigkeit des Modells verbesserte, was sich in einer
verringerten Abhängigkeit von falschen Korrelationen zeigte. Darüber hinaus zeigte die Ver-
wendung von Erklärungsmethoden für die Label Propagationsstrategie für CutMix ebenfalls
Leistungsverbesserungen. Bemerkenswert war eine durchschnittliche Erhöhung der mittleren
Genauigkeit von etwa 2% für ResNET und 0,5% für VGG im Vergleich zu einem Referenzmo-
dell. Abschließend wurde eine Korrelationsanalyse durchgeführt, um die Verbesserung der
erklärungsbasierten Trainingsmethoden mit den theoretischen und empirischen Ergebnissen
der Erklärungsmethoden und Metriken in Beziehung zu setzen. Die Analyse zeigt, dass die
Ergebnisse der Randomisierungs und Lokalisierungsmetriken die Leistung des erklärungsba-
sierten Trainings vorhersagen können.
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1 Introduction
Over the past decade, Deep Learning (DL) has emerged as the dominant approach for solving
complex tasks, such as image classification [3], object detection [4] and semantic segmentation
[5], across various domains, achieving remarkable state-of-the-art performance. Given the con-
siderable significance of these tasks within the domain of Earth Observation (EO) and Remote
Sensing (RS), DL has emerged as a prevailing paradigm in RS research [6, 7, 8]. However, de-
spite their impressive results, deep learning models often remain enigmatic black boxes, with
almost no human understanding of their decision-making processes [9].

This lack of transparency in Artificial Intelligence (AI) models is becoming increasingly prob-
lematic as more decisions rely on these black-box systems, or are even automatically decided
by them [10]. For critical applications, new regulatory approaches emerged, especially in the
European Union, like the General Data Protection Regulation [11] or the Artificial Intelligence
Act [12]. But there are additional important issues to consider. For example, there is signifi-
cant potential to gain scientific knowledge from these models, which can lead to wider societal
benefits [10]. In addition, understanding these models is critical to overcome poor model per-
formance caused by several factors, including limited or biased training data, the presence of
outliers, adversarial data, and model overfitting [10].

To open this black box Explainable Artificial Intelligence (xAI) has emerged as a research
focus to reveal the contributing factors behind DL model predictions, enabling a better under-
standing of their internal mechanisms. The research interest in xAI has grown strongly in the
recent past, leading to the invention of many sophisticated explanation methods ([13], [14],
[15], [16], [2], [17], [18], [19]).

The general need for xAI arises from various concerns regarding the trustworthiness and
transparency of AI systems. Several factors contribute to the lack of trust in AI models, includ-
ing incomplete problem formulation and the complexity of real-world tasks. Real-world tasks
often involve numerous variables, leading to challenges in providing comprehensive descrip-
tions.

To build trust and ensure ethical practices in AI systems, Doshi-Velez et al. [20] highlight
the importance of several fundamental factors. Fairness is critical, requiring that AI systems
make unbiased decisions, especially in sensitive contexts such as credit scoring, where deci-
sions must be free of discrimination based on gender, race, or other protected characteristics.
Privacy is another key element, requiring that AI models comply with privacy laws to pro-
tect sensitive information such as medical records. Reliability ensures that AI models produce
consistent outputs even with small variations in input, which is essential for safety-critical ap-
plications such as self-driving cars to prevent unexpected behaviour. Acceptance focuses on
fostering human trust in AI systems, which is enhanced when systems can provide understand-
able explanations for their decisions, e.g. by helping healthcare professionals and patients to
understand medical diagnoses and treatments. Finally, Causality is necessary to ensure that AI

1



2 Chapter 1. Introduction

models capture only causal relationships that are present in the data. This is essential to avoid
so-called Spurious Correlations (SC), shortcuts or "Clever-Hans" predictors [21, 22, 23], which
are the misinterpretation of correlations as causal relationships and can lead to inaccurate pre-
dictions and potentially harmful outcomes.

SC in AI models often arise from uncontrolled confounding biases present during data col-
lection [21]. For example, in the PascalVOC challenge, the class ’horse’ is spuriously correlated
with a watermark on the images [22]. Such correlations also occur in medical datasets, where
the SC can manifest as hospital tags in COVID-19 radiographs [24], or as skin marks in skin
lesion detection datasets [25]. xAI can serve as valuable tool to identify and eliminate these
SCs, and therefore, enhance the model [26]. This process, known as xAI-guided training or
xAI-augmentation, can improve several model properties including performance, convergence
speed, robustness against adversarial attacks, efficiency, fairness, and reasoning [27]. Integrat-
ing these capabilities into RS applications is crucial, as emphasised by Tuia et al. [28], who
identified xAI as one of the six main research directions in the field of EO.

However, xAI has received comparatively little attention in RS [28]. Gevaert [29] reports that
the most common application of xAI in EO is to identify and debug incorrect model behaviour.
Furthermore, she highlights a critical gap in xAI practice: the failure to evaluate the effective-
ness of explanation methods within their intended contexts. Often explanations are provided
without verifying their usefulness to the target audience, leading to a disconnect between the
generation of explanations and their practical usefulness [29].

This argument can be extended to not only highlight the mismatch in usefulness to the audi-
ence but also to question the overall applicability of current explanatory methods to typical RS
image data. One of the main reasons for this mismatch is that much of the xAI research has fo-
cused on Single-label Classification (SLC) tasks. A SLC task is to assign exactly one label from
a set of discrete classes to each instance in the dataset. However, the RS domain often involves
more complex challenges such as Multi-label Classification (MLC) or pixel-level classifications
(i.e. semantic segmentation). This complexity arises from the nature of satellite imagery data,
which often contains multiple equally relevant classes or objects within a single scene, adding
layers of complexity that xAI methods designed for simpler tasks may not adequately address.
Such complexity, coupled with the unique characteristics of RS data - such as repetitive tex-
tures, nadir views and multispectral bands - presents significant difficulties for xAI methods
originally designed for simpler SLC tasks in conventional Computer Vision (CV) contexts.

Against this background, the specific objectives of this study are outlined below, focusing on
the evaluation and improvement of the applicability of xAI methods to the challenges of MLC.
RS image data:

Objective A: Assessment of xAI methods and metrics on MLC RS image data.

• Conduct a theoretical analysis to assess the compatibility of xAI methods with the unique
characteristics of RS images.

• Evaluate the utilisation of xAI metrics to measure the performance of explanation meth-
ods for RS image data.

• Implement and adapt these methods and metrics for MLC.

• Empirically compare these methods and metrics for CV and RS image data.

Seven well-known explanation methods (Deep Learning Important FeaTures (DeepLIFT),
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Gradient-weighted Class Activation Mapping (GradCAM), Guided Gradient-weighted Class
Activation Mapping (Guided GradCAM), Integrated Gradients (IG), Local Interpretable Model-
agnostic Explanations (LIME), Layer Relevance Propagation (LRP), and Occlusion Sensitivity
(Occlusion)) will first be assessed theoretically. They will then be evaluated through experi-
ments using carefully selected xAI metrics from six categories: Axiomatic, Complexity, Faith-
fulness, Localisation, Randomisation, and Robustness. Additionally, a qualitative assessment
is conducted to evaluate the explanations. The experiments will be conducted using three
datasets: a RGB CV SLC dataset (Caltech101), a RGB MLC RS dataset (DeepGlobe), and a
multispectral MLC RS dataset (BigEarthNet-S2 (BEN)). The results will be compared across
datasets, specifically focusing on differences in task and data characteristics.

As outlined previously, the primary application of xAI in RS is to understand the black-box
models, however, it can be also used to enhance them. Weber et al. [27] state that xAI-guided
training can improve several properties of AI models: performance, convergence, robustness,
efficiency, and reasoning. The second objective of this paper is to investigate whether the train-
ing performance and reasoning of Machine Learning (ML) models on RS image data can be
enhanced through the utilisation of explanatory methods.

Objective B: Assessment of xAI-guided training approaches for MLC RS image data.

• Evaluate xAI-guided model training to improve performance and reasoning.

• Link these results with the previous investigation to determine which explanation meth-
ods are effective for xAI-guided MLC RS image data.

• Assess whether success in explanation metrics can predict better performance gains using
xAI-guided methods.

Here, two methods will be applied: Right for the Right Reason (RRR) loss [30], a loss-
augmentation method incorporating explanations into the loss function to improve the reason-
ing of models, and CutMix with xAI Label Propagation for Multi-Label Classification (CutMix
with xAI LP), an improvement of the CutMix augmentation method for MLC that uses expla-
nations to propagate labels correctly for CutMix-generated augmentations, aiming to enhance
the training performance of the models.

In general, this thesis is divided into eight chapters, each dealing with a specific aspect of the
research into the applicability of xAI methods and metrics to MLC-based RS image data.

Chapter 1 introduces the motivation for the study, outlines the research objectives and pro-
vides an overview of the structure of the thesis.

Chapter 2 presents the background to the study, discusses related work, and defines key
terms and concepts that are essential for understanding the following chapters.

Chapter 3 discusses the various explanatory methods used in this thesis, including Occlu-
sion, IG, LRP, DeepLIFT, GradCAM, Guided GradCAM and LIME. The challenges of applying
these methods to MLC RS images are also discussed.

Chapter 4 focuses on evaluating the quality of explanations. It details the different types of
metrics, followed by a discussion of desiderata for explanation metrics in RS MLC image clas-
sification. Furthermore, the most appropriate set of metrics is selected based on their suitability
for MLC RS images.

Chapter 5 explores the integration of explanations into the training process, investigating the
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use of RRR loss and CutMix with xAI LP to improve model performance and reasoning. Both
of these xAI-guided training methods will be further evaluated in the experiments.

Chapter 6 describes the datasets and experimental setup used in this study. This includes an
overview of the characteristics of the datasets and an explanation of the methodology used in
the experiments.

The experimental results and discussion are presented in Chapter 7. This chapter presents
a qualitative assessment of the explanation methods, a quantitative analysis using selected
explanation metrics, and an evaluation of xAI-guided training, focusing on the effectiveness of
RRR loss and CutMix with xAI LP. Also the results of the xAI-guided training are set in context
with the quantitative analysis, by evaluating if any of the explanation metrics or categories can
be used as estimators for better xAI-guided training success.

Finally, Chapter 8 concludes the thesis by summarising the key findings, discussing the lim-
itations of the study and suggesting future research opportunities in the area of xAI for MLC
RS image data.



2 Background
This chapter outlines the framework of this thesis, including a comprehensive review of the
relevant literature, definitions of relevant terminology and the notation used throughout.

2.1 Related Work
Adadi and Berrada [31] outline four primary motivations for xAI, which are critical in framing
its role within ML: explain to justify, focusing on understanding the model’s reasoning to justify
its decisions; explain to control, which uses insights into the decision process to identify and
correct errors; explain to improve, leveraging explanations to enhance model performance; and
explain to discover, helping researchers gain a deeper understanding of the task. Most xAI re-
search in RS has been focused on explain to control [29, 32], indicating a predominant interest in
diagnosing and mitigating errors in the models rather than expanding into other motivations
which might offer broader benefits, such as improving model performance or enhancing scien-
tific understanding of complex EO tasks. This aligns with findings from Leluschko and Tholen,
who conducted a review on the stakeholders and goals within human-centred xAI applied in
RS [33]. Their research highlights an underrepresentation of non-developer stakeholders in
this area, suggesting a narrow focus that may overlook broader opportunities to leverage other
goals. Although the number of publications has increased recently, there remains a significant
gap in the publication frequency of ML research versus xAI research in the field of EO, with
ML publications outnumbering xAI publications by approximately a factor of 70 [32].

Recently, there has been a surge in adapting xAI methods to suit RS properties, with half
of the relevant publications emerging in the last year and none before 2021 [32]. The modifi-
cations primarily enhance the Class Activation Mapping (CAM) and Gradient-weighted Class
Activation Mapping (GradCAM) methods for various RS applications and domains [32]. For
instance, Feng et al. [34] developed a new CAM method, Self-Matching CAM (SMCAM), tai-
lored for Synthetic Aperture Radar (SAR) images, where target objects typically occupy a small
portion of the image. Instead of the conventional approach of upsampling the feature map
of the convolutional layer to the input image size, their method downsamples the input im-
age to match the feature map of the last convolutional layer. This technique produces saliency
maps that localize targets in SAR images with greater precision compared to the GradCAM
method. To evaluate their SMCAM, two different occlusion tests were conducted to compare
various CAM approaches. These tests revealed that while most methods showed similar per-
formance when the most influential pixels were perturbed, the SMCAM uniquely exhibited
only a minor drop in prediction difference when the most salient pixels were not occluded.
This result indicates that the SMCAM’s explanations more accurately focus on the actual target
object within the image Huang et al. [35] present the Encoder-Classifier-Reconstruction Class
Activation Mapping (ECR-CAM) Neural Networks (NN) specifically designed for RS images

5
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with multiple objects. The network architecture includes four integral modules: encoder, classi-
fier, reconstruction, and a CAM module. Their approach demonstrates improved classification
accuracy and superior capability in localizing target objects using CAM. De Lucia et al. [36]
have developed variants of CAM specifically for hyperspectral images, where the traditional
2D saliency map is extended into a 3D volume. This adaptation allows each voxel to attribute
importance across different channels in-depth, offering detailed pixel-wise and spectral cumu-
lative attributions. Additionally, their study includes an evaluation of faithfulness, comparing
the performance of different CAM methods. They also use a class sensitivity metric to measure
the correlation between the attributions of different target classes, enhancing the understand-
ing of model decisions across various spectral dimensions.

Höhl et al. [32] identify challenges in understanding and validating explanations due to the
complex properties of EO data, which can obscure the semantics of objects or individual pixels
within a RS scene. They emphasize two main areas of focus: firstly, the creation of interpretable
input spaces to simplify the data attributes, and secondly, the use of domain knowledge to aid
in the interpretation of explanations.

One extensive study for explanation methods for MLC in RS has been conducted by Kako-
georgiou et al. [37], where 10 methods, namely: Saliency [38], Input × Gradient [39], Inte-
grated Gradients [40], Guided Backpropagation [41], GradCAM and Guided GradCAM [19],
LIME [42], Occlusion [18], DeepLIFT [39] as well as their combination with the SmoothGrad
approach [43] were evaluated. The authors conducted a qualitative assessment and quantita-
tive evaluation regarding the following metrics: Max-Sensitivity [44], Area Under the MoRF
perturbation curve (Selectivity) [45], File Size [46] and Computational Time. Furthermore, they
examined and discussed the differences in the explanations for multiple labels that co-exist in
the same image. According to the max-sensitivity metric, Occlusion, GradCAM, and LIME
proved to be the most reliable methods. Among these, GradCAM was identified as the most
computationally efficient option.

Kucklick [47] explored the reliability of GradCAM for real estate appraisal tasks, highlight-
ing its sensitivity to modifications in network weights and label randomisation. This study
includes model and data randomisation tests to underscore the instability of GradCAM under
varying conditions, suggesting a need for caution when deploying this technique in critical
applications such as property valuation. Abdollahi and Pradhan [48] utilized SHapley Addi-
tive exPlanations (SHAP) [49] to rank the input parameters and select appropriate features for
classification to extract vegetation covers. Wolanin et al. [50] proposed Regression Activation
Maps (RAM) to explain their model to estimate the crop yield in the Indian Wheat Belt, gaining
valuable insights into the factors contributing to variations in yield. Furthermore, an investiga-
tion was conducted by [51], using LRP [52] to highlight the distinctive attributes of various loss
functions. Su et al. [53] used several CAM approaches to evaluate ResNet models, focusing
on addressing large variance challenges and assessing localisation capabilities. They generated
segmentation maps from CAM, GradCAM, GradCAM++ [54], Smooth GradCAM++ [55] and
Score-weighted Class Activation Mapping [15] by thresholding their attributions. Of these,
GradCAM demonstrated superior localisation accuracy and an enhanced ability to identify
complex features in images characterised by significant variance.

Most recently in 2023, Mohan and Peeples [56], conducted a study on explanation methods
for RS. They implemented 3 state-of-the-art model architectures: ConvNeXt [57], Vision trans-
formers (ViT) [58], and FocalNets [59] and examined them with different explanation meth-
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ods, namely High-Resolution Class Activation Mapping (HiResCAM) [60], LIME [42], Gradi-
ent SHapley Additive exPlanations (GradSHAP) [49], Saliency maps [18], and Occlusion [18].
They found that HiResCAM was the most versatile explanation method regarding their quan-
titative evaluation with the Quantus framework [61].

An additional difficulty is that the lack of standardised and objective evaluation frameworks
for xAI methods poses significant challenges for practitioners outside the xAI domain. While
various metrics and tools exist for evaluation, effective incorporation of xAI into an ML pipeline
requires domain-specific knowledge of xAI to ensure accurate evaluation of the methods em-
ployed by a RS practitioner [32]. To the best of my knowledge, no studies have assessed the
usability of these metrics specifically for RS images, highlighting a critical gap in the field that
needs to be addressed.

There are relatively few applications of xAI-guided training in RS. One application of loss-
augmentation was conducted by Cheng et al. [62], where the authors utilized GradCAM to
enhance model training through feature unlearning (FUL). They employed the RRR method to
refine forestry classification, demonstrating how targeted adjustments in training can lead to
improved model accuracy and relevance for leaf classification. A notable example is provided
by Beker et al. who used data augmentation to generate synthetic data for training a Convolu-
tional Neural Network (CNN) model aimed at detecting volcanic deformation [63]. Through an
explanatory analysis using GradCAM on real data, the researchers discovered that the model
incorrectly identified volcanic deformation in locations such as salt lakes and slope-induced
signals - patterns not present in the synthetic training set. These findings led to improvements
in prediction performance by fine-tuning the final layer of the CNN model using a hybrid
dataset containing both synthetic and real-world imagery to account for the previously missed
patterns. Another example of data augmentation is described in the work of Xiong et al. [64],
where a mask generated from the GradCAM output is used during training to occlude regions
of highest model activation in each image. This technique aims to encourage the network to
explore other features in the image, thus facilitating a more comprehensive understanding and
use of the available data. More recently, Burgert et al. [65] proposed a data-augmentation
strategy specifically designed for MLC RS images, called CutMix with xAI LP. This method
addresses a limitation found in the popular CutMix technique [66], which struggles with MLC
contexts. CutMix with xAI LP extends the traditional approach by propagating pixel-level la-
bel information into the augmented images. If no ground truth is available for the dataset,
explanations are used to derive this pixel-level label information, ensuring that the augmented
images retain accurate annotations for training.

2.2 Definitions and Terminology
Defining the meaning of the word explanation is a challenging task, heavily depending on the
context. From philosophy to psychology there have been many approaches, but finding one
universal answer is difficult. In the scope of this thesis, explanations are seen in the context of
xAI. Here, Nauta et al. [1] define an explanation as "a presentation of (aspects of) the reasoning,
functioning and/or behaviour of a machine learning model in human-understandable terms" [1]. Where
they use the phrasing reasoning, functioning and/or behaviour, which they adopt from Gilpin
et al [67]. Gilpin et al. define "reasoning" as explaining how specific inputs produce specific
outputs. "Functioning" pertains to the inner workings and data structures of a model and "Be-
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havior" describes the model’s overall operation by examining inputs and outputs, simplifying
interpretation [67]. Furthermore, Nauta et al. [1] adopt the phrase "human-understandable"
from Doshi-Velez and Kim [20]. Understanding is defined as the capacity of humans to identify
connections, alongside grasping the context of an issue[68]. The notion of understanding can
be categorized into mechanistic ("How does something operate?") and functional understand-
ing ("What is its intent?")[69]. An explanator or explanation method is the system or method
that explains [70]. These methods can be categorized by the Task Type (e.g. regression, classi-
fication, segmentation), the Input Data Type (e.g. image, text) and the Level of interpretability
[70]. Different levels of interpretability are, for instance, Intrinsic explanations, also called (ante-
hoc) [71], which are inherently interpretable models. Post-hoc explanations are used to explain
a model without changing it [70]. their portability (whether the explanator is Model-specific
or Model-agnostic) and the explanation locality. Here Model-agnostic or black box methods, have
only access to the model’s input and output, while Model-specific or white box methods, have
full access to the model’s internals [70]. Global Explanations are explaining the whole model
or Local Explanations explaining a model’s specific output [70]. Additionally, the output of the
explanation method can be divided into the object of explanation, the actual output type and
the output’s presentation [70].

Figure 2.1: Categorisation of xAI methods along 6 dimensions (taken from [1])

A more detailed categorisation is given by Nauta et al. [1]. They organise xAI along six
dimensions, as shown in Figure 2.1. The first dimension is the type of data, which includes
categories such as text, graphs, images and videos; this paper focuses specifically on image
data, which is prevalent in RS applications. The second dimension concerns the type of pre-
dictive models, ranging from NNs, support vector machines, to model-agnostic methods; the
focus here is on NN due to its widespread use in RS image classification. The third dimen-
sion concerns the general type of explanation, with a particular focus in this study on post-hoc
explanation methods. This approach allows the application of explanation methods across all
classifiers. The fourth dimension concerns the type of explanation used, specifically heatmaps,
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which are defined as maps with at least two dimensions that visually highlight non-binary
features such as attributions, activations, sensitivities, attentions, or saliencies. In this thesis,
terms such as ’heatmap’, ’saliency map’ and ’feature attribution map’ are used interchange-
ably. The fifth dimension, the nature of the problem, focuses on outcome explanation, which
is concerned with explaining the outcome or prediction of a model on a particular input in-
stance, thus providing local interpretability. Finally, the study focuses on classification tasks,
specifically addressing the challenges of land cover classification.

Notation

The formalisation in this thesis is adopted from Hedström [72]. Let f be a black-box model in
a supervised classification framework, parameterized by θ. This model, trained on the dataset
X tr = {(x1, y1) , . . . , (xN , yN)}, maps an input x ∈ RD to an output class. For a SLC task let
y ∈ {1, . . . , C} for a MLC tasks, the output is a vector yi ∈ {0, 1}L, where L ∈ N denotes the
number of classes, with each entry (yi)l indicating the presence (1) or absence (0) of class l.

The model is defined by the function:

f (x; θ) = ŷ,

where f : X 7→ Y denotes the mapping from the input space X to the label space Y. For RS
images, the inputs xi fall within RC×H×W ⊂ X, with C, H, and W representing the number
of image bands, height, and width respectively. To quantitatively estimate the performance of
model f , the prediction error is computed on a given test dataset X te, where each prediction ŷ
is associated with a label y. For clarity and when detail is not necessary, the notation simplifies
the model function as f (x), omitting the parameter θ.

Furthermore, an explanation method is formally defined as a function designed to visualize
the reasoning behind a specific prediction ŷ of the model f :

Φ(x, f , ŷ; λ) = e,

where Φ : RD × F × Y 7→ RD is an explanation function parameterised by λ. This function
attributes importance to each feature in x, typically visualized in an explanation map e ∈ RD.
For clarity, the notation is abbreviated as Φ(x) when the additional parameters are implicit.

Since there is no ground truth explanation available, it is not possible to compute the predic-
tion error for an explanation function Φ. Instead, a generalized notation for the quality estima-
tion of attribution-based explanation methods is provided. Define Ψτ : E × RD × F × V 7→ R

as a quality estimator that is parameterised by τ. This estimator takes an explanation and
returns a scalar value—termed the "quality estimate"—that indicates the quality of the expla-
nation. The evaluation of an explanation, or explanation metric can be formalized as:

Ψ(Φ, x, f , ŷ; τ) = q̂,

where Ψ represents the quality estimator. For simplicity in notation, Ψ(Φ, x, f , ŷ; τ) is abbrevi-
ated to Ψ(Φ, x).

Explanation methods or metrics often compare an input x to a reference input or baseline x.
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Furthermore, a perturbation in the image space is defined as:

x̃ = PX(x, M),

with PX(x, M) being the perturbation function, where M is the number of input features that
are perturbed. One example of a common perturbation is the setting of indices to a baseline.
Let x[xs=xs] denote that the subset of indices s ∈ |S| ⊆ d of sample x is set to the baseline value x.
Conversely, x[xk=xk ] defined the perturbation where the top-k features attributed by explanation
method Φ are perturbed to the baseline.



3 Explanation Methods
This section defines and investigates the explanation methods that will be analysed in this
thesis, providing a comprehensive analysis of their principles, implementations, and possible
applications.

As stated in Section 2.2, this thesis focuses on posthoc explanation methods for the classifica-
tion output of a NN for image data, producing feature attribution maps. Much of the research
in xAI for CV relates to this approach, which is classified as attribution-based explanations [73].
Bai et al. [73] also provide an additional categorisation for methods that generate attribution-
based explanation, dividing them into propagation-based methods and perturbation-based
methods. Perturbation-based approaches perturb the model input and evaluate changes in the
output. Depending on these changes, relevance is attributed to the input. Propagation-based
methods can be further categorised into response-based, CAM-based and backpropagation-
based (BP-based) approaches. Response-based methods "use feature maps in the inference
process to interpret the decision making" [73] of a model, CAM-based methods weight the
CAM of convolutional layers of a model, while BP-based methods backpropagate some rele-
vancy measure to explain the model.

In the following sections, the explanation methods considered in this thesis are explained in
more detail. Further explanatory methods that are not considered, are listed in the Appendix
1.

3.1 Occlusion Sensitivity
One of the first explanation methods is the Occlusion Sensitivity (Occlusion) method by [18].
It is a perturbation-based approach that involves occluding parts of the input image x with
a back patch P of size ps × ps. The patch is systematically shifted across the image with a
horizontal and vertical stride of ps, ensuring that every pixel in the image is covered by the
patch.

For each position λ ∈ Λ, where Λ is the set of all possible top-left corner positions of the
black patch, the perturbed image x′ is created by setting the pixel values in the patch to 0. This
process generates

⌈
H
ps

⌉
×
⌈

W
ps

⌉
occluded variations of the original image, each with a different

region covered by the patch. These occluded images are fed into the network, resulting in a
new prediction for each perturbed variation. The classification probability for the target class,
fc(x′), is recorded for each occluded image. The saliency map S : Λ → R is then computed,
where Λ = {1, . . . ,

⌈
H
ps

⌉
} × {1, . . . ,

⌈
W
ps

⌉
}. Each entry of S(λ) represents the importance of the

region covered by the patch at position λ and is calculated as:
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S(λ) = 1 − fc(x′). (3.1)

The intuition behind this formula is that if an important region is occluded, the confidence
for the target classification should significantly drop, resulting in a higher saliency score. The
saliency map S is then upsampled to the size of the original image. The biggest problem is its
inefficiency: the generation of

⌈
H
ps

⌉
×
⌈

W
ps

⌉
occlusions, each of which requires a model predic-

tion. This is highly impractical for large images such as those found in RS data.

3.2 Integrated Gradients
Integrated Gradients (IG) [74] is a BP-based explanation method that attributes relevance by
backpropagating the difference to a reference.

Consider a function f : Rn → [0, 1] representing a NN, an input x = (x1, x2, . . . , xn) ∈
Rn, and a baseline input x. The baseline input is typically chosen to represent the absence of
features (e.g., an all-zero vector for images). The integrated gradient along the i-th dimension
is defined as:

ΦIGi(x) = (xi − x′i)×
∫ 1

α=0

∂ f (x + α(x − x))
∂xi

dα, (3.2)

where α is a scalar that interpolates between the baseline x and the input x. The idea is that
if the function f changes with respect to an input feature xi between x and x, the integrated
gradient for xi should be non-zero. This ensures that if a feature contributes to the change in
the output, it will be reflected in the attributions.

Sundararajan et al. [74] define two axioms that the method is supposed to fulfil. First, the
Completeness or summation-to-delta property, which states that the sum of the attributions
across all input features should be equal to the difference between the function’s output at the
input and the baseline. Mathematically:

n

∑
i=1

ΦIGi(x) = f (x)− f (x). (3.3)

This property ensures that the attributions account for the entire prediction difference between
the input and the baseline. This criterion is also fulfilled byDeepLIFT and LRP. The second
axiom is Implementation Invariance, meaning that if two models are functionally equivalent
(i.e., they produce the same output for all inputs), the attributions should be identical. This
property ensures that the attributions are independent of the specific implementation details
of the model. This axiom does not hold for DeepLIFT and LRP.

Integrated gradients can be generalized to path methods, where the straight-line path be-
tween x and x is replaced by any smooth path γ(t) such that γ(0) = x and γ(1) = x. The path
integrated gradient along the i-th dimension is defined as:

ΦPathIGγ,i(x) =
∫ 1

0

∂ f (γ(t))
∂γi(t)

dγi(t)
dt

dt. (3.4)

Integrated gradients is a special case of this where γ(t) = x + t(x − x).



3.3. Layer Relevance Propagation 13

In practice, the integral in the definition of IG is approximated using a summation:

Φapprox
IGi

(x) = (xi − x′i)×
1
m

m

∑
k=1

∂F(x + k
m (x − x))
∂xi

, (3.5)

where m is the number of steps used in the approximation. Typically, m ranges between 20 and
300 to achieve a good approximation.

For the IG method specifically, Holzinger et al. [75] state that the main drawbacks are: the
need for a baseline, that the model must be differentiable, and that it is integrated along the
shortest path between the pixel to be attributed and the corresponding baseline pixel, which is
not appropriate for all data. Compared to the Occlusion method, IG is much more efficient, as
the attribution is calculated in a single backward pass.

3.3 Layer Relevance Propagation
Layer Relevance Propagation (LRP) [52, 2] is another BP-based attribution method. It assigns
a relevance score R to each input feature of the network, indicating how much the feature con-
tributed to the final output. R is determined by propagating the output decision back through
the network to the input layer. LRP interprets the network as a flow graph (see Figure 3.1)
and the redistribution of prediction relevance information backwards through the network us-
ing specific propagation rules. The theoretical justification of LRP is based on the Deep Taylor
Decomposition [76].

Figure 3.1: Visualisation of LRP (taken from [2])

The R’s for a given layer l are transmitted to the neurons of the preceding layer by imple-
menting the following rule, where j and k represent neurons in two successive layers of the
NN:

Rj = ∑
k

zjk

∑j zjk
Rk. (3.6)

This rule ensures that the relevance is conserved through the layers, ultimately distributing
the output relevance back to the input features. Here, zjk quantifies how much j has contributed
to k’s relevance.

The Basic Rule (LRP-0) [77] redistributes the relevance scores in alignment with the individ-
ual contributions of inputs to neuron activation, relevant to deep NNs utilizing rectifier (ReLU)
non-linearities:
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Rj = ∑
k

ajwjk

∑0,j ajwjk
Rk. (3.7)

When applied across the entire network, it is equivalent to the Gradient × Input method,
[39]. However, the basic rule is prone to gradient noise.

The Epsilon Rule (LRP- ϵ) [77] improves the basic rule byadding a small positive term ϵ in
the denominator:

Rj = ∑
k

ajwjk

ϵ + ∑0,j ajwjk
Rk. (3.8)

Finally, the Gamma Rule (LRP − γ) [77] is proposed by the authors. This rule favours the
effect of positive contributions over negative contributions.

Rj = ∑
k

aj ·
(

wjk + γw+
jk

)
∑0,j aj ·

(
wjk + γwjk.+

)Rk (3.9)

The parameter γ controls how many positive contributions are considered. As γ increases,
the negative contributions start to disappear. The prevalence of positive contributions has a
limiting effect on how large positive and negative relevance can grow in the propagation phase.
This helps to deliver more stable explanations.

One question is how to distribute these rules across layers. Montavon et al. [2] state that
upper layers, with approximately 4,000 neurons mix different concepts of classes. Thus, a rule
like LRP-0 tends to be better, as it closely mirrors the function and its gradient, omitting these
mix-ups. Middle layers offer clearer concept separation but face issues with layer stacking and
convolution weight sharing, leading to unwanted variations. Here, LRP-ϵ helps by filtering out
these variations. Lower layers, while similar to middle layers, benefit more from LRP-γ, as this
rule distributes the relevance more evenly across features rather than focusing on individual
pixels. [2] LRP can be used to explain a model’s prediction in a single backward pass, making
it an efficient method.

3.4 Deep Learning Important FeaTures
Deep Learning Important FeaTures (DeepLIFT) [39] is a BP-based algorithm designed to in-
terpret the predictions of deep NNs by attributing the network’s output to its input features.
Unlike gradient-based methods, which often struggle with vanishing gradients and discon-
tinuities, DeepLIFT explains the output of a NN in terms of the difference between the actual
input and a reference input (baseline). This method allows for the attribution of output changes
to specific input changes, even when the gradient is zero.

Let x = (x1, x2, . . . , xn) be the input vector to a NN, f be the NN function, and t be the target
output neuron. The reference input, denoted as x0, is chosen to represent a baseline state, and
the corresponding reference activation of t is t0 = f (x0). The difference-from-reference for the
target neuron t is defined as:
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∆t = t − t0 (3.10)

DeepLIFT assigns contribution scores C∆xi∆t to each input feature xi, which represent the
amount of the difference-from-reference in t that can be attributed to the difference-from-
reference in xi. These scores satisfy the summation-to-delta property:

n

∑
i=1

C∆xi∆t = ∆t. (3.11)

The contribution score C∆xi∆t can be non-zero even when the gradient ∂t
∂xi

is zero, address-
ing a fundamental limitation of other gradient-based methods, like Guided Backpropagation
(see Subsection 3.5). To propagate contributions through the network, DeepLIFT introduces
multipliers. For a given input feature xi and target neuron t, the multiplier m∆xi∆t is defined as:

m∆xi∆t =
C∆xi∆t

∆xi
. (3.12)

These multipliers are analogous to partial derivatives but are calculated over finite differences
rather than infinitesimal ones. Using these multipliers, DeepLIFT applies a chain rule for back-
propagation similar to that used in standard NN training. For intermediate neurons yj, the
chain rule for multipliers is given by:

m∆xi∆t = ∑
j

m∆xi∆yj . (3.13)

Similar to LRP, DeepLIFT utilizes different rules for the backpropagation for different layers.
The Linear Rule handles linear transformations, such as those in dense or convolutional layers,
let y be a linear function of its inputs xi:

y = b + ∑
i

wixi

∆y = ∑
i

wi∆xi

C∆xi∆y = wi∆xi

m∆xi∆y = wi,

(3.14)

with y being the difference-from-reference, C∆xi∆y the contribution score for each ∆xi and m∆xi∆y
the corresponding multiplier. For nonlinear activations, such as ReLU, tanh, or sigmoid the
Rescale Rule is defined. Let y = f (x). The difference-from-reference for y is:

∆y = (x)− f (x0)

C∆x∆y = ∆y

m∆x∆y =
∆y
∆x

.

(3.15)

Since y has a single input x, the contribution score is given directly by the summation-to-delta
property. This rule ensures that contributions are scaled appropriately based on the ratio of the
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change in output to the change in input. The RevealCancel Rule can be utilised when positive
and negative contributions have to be treated differently. For a neuron y with inputs xi, let ∆y+

and ∆y− represent the positive and negative components of ∆y, respectively:

∆y = ∆y+ + ∆y−. (3.16)

The contributions C∆x+i ∆y+ and C∆x−i ∆y− are computed by considering the average impact of
positive and negative differences, alleviating issues where positive and negative contributions
might cancel each other out. Similar to the other BP-based methods DeepLIFT can also be
calculated in a single backward pass.

3.5 Gradient-weighted Class Activation Mapping
Class Activation Mapping (CAM) [78] provide a visual representation of where specific classes
are activated within the images in a deep learning model. This technique involves the aggre-
gation of activation maps from the final convolutional layer before a global pooling layer using
linear weights, highlighting regions of interest that significantly impact the output class.

Mathematically, let f denote the model, with l representing the global pooling layer that
follows the final convolutional layer l − 1 and precedes the fully connected layer l + 1. For a
given class c, the CAM for that class is calculated as:

Lc
CAM = ReLU

(
∑

k
αc

k Al−1
k

)
, (3.17)

where αc
k = wc

l,l+1[k] is the weight associated with the k-th channel at the fully connected layer
following the pooling layer. However, CAM is limited to network architectures that incorporate
global pooling layers, and cannot applied to models that include additional fully connected
layers before the classification layer, such as VGG [79].

Gradient-weighted Class Activation Mapping (GradCAM) [19] extends CAM by incorpo-
rating gradient information flowing into any convolutional layer, typically the last one due to
its high-level semantics and spatial information retention. The class discriminative localisation
map, Lc

GradCAM, for a specific class c is computed by first capturing the gradients of the class
score yc with respect to the activations Ak of convolutional layer l, which produces K feature
maps each of dimension u× v. The importance weights αc

k for each feature map are determined
by globally averaging the gradients over all spatial locations (i, j):

αc
k =

1
Z ∑

i,j

∂yc

∂Ak
ij

. (3.18)

These weights represent a partial linearisation of the network and denote the importance of
each feature map k for the target class c. A weighted combination of these maps followed by a
ReLU ensures that only positive influences on the class prediction are visualized:

Φc
GradCAM = ReLU

(
∑

k
αc

k Ak

)
. (3.19)
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Similar to the Occlusion method, the resulting attribution map is upscaled to the image size.

Guided Backpropagation (GBP), introduced by Springenberg et al. [41], combines ideas
from Deconvolution [18] and Saliency [38] techniques to improve the visualisation of CNNs.
The authors identified a problem with the flow of negative gradients in the saliency method,
which reduces the accuracy of visualisations in higher layers. GBP addresses this by focusing
on the ReLU activation function and masking non-positive values during backpropagation to
remove noise from negative gradients. This method effectively guides the backpropagation
process, producing clearer and more interpretable explanations by retaining only positive con-
tributions to the output, thereby producing sharper visualisations of network features.

Guided Gradient-weighted Class Activation Mapping [19] combines GradCAM with the
GBP approach. Selvaraju et al. [19] aimed to enhance the blurry GradCAM attribution map
with the sharp GBP [41] attribution map to create a clearer final explanation. Formally:

ΦGuidedGradCAM(x) = ΦGradCAM(x)⊙ ΦGDP(x), (3.20)

where ⊙ denotes the Hadamard product.

Although GradCAM and Guided GradCAM are model-agnostic, calculated in a single back-
ward pass and applicable to various CNN architectures, they still suffers from limitations in
scenarios where gradients do not provide informative insights into the model’s decision pro-
cess:

The saturation gradient in deep NNs can be noisy and tend to disappear due to saturation in
the sigmoid or flat zero gradient region in ReLU activations. This leads to visually noisy gradi-
ents in the output with respect to input or internal layer activations [15]. False confidence arises
because Φc

GradCAM uses a linear combination of activation maps. Given the activation maps Ail
and Ajl along with the corresponding weights αci and αcj, where αci ≥ αcj, it is assumed that the
input region responsible for producing Ail is at least as significant as the region producing Ajl
with respect to the target class ‘c’. However, GradCAM can present instances of deceptive cer-
tainty, where maps with higher weights contribute less to the output of the network compared
to a zero baseline [15].

3.6 Local Interpretable Model-agnostic Explanations
Local Interpretable Model-agnostic Explanations (LIME) [42] is a framework to create locally
faithful and interpretable surrogate models that explain the predictions of a black-box machine
learning model on an individual instance basis. These explanations are generated by perturb-
ing the input data and observing the variations in model predictions. For an input x ∈ Rd, its
interpretable representation is x′ ∈ {0, 1}d′ . In the context of images, x′ may represent the pres-
ence or absence of superpixels, where a superpixel is defined as a contiguous patch of similar
pixels, simplifying the input features into more manageable segments.

G denotes the class of interpretable models, such as linear models or decision trees, used
within the LIME framework. In LIME, an interpretable model g ∈ G is defined with domain
{0, 1}d′ and serves as the explanation model. For instance, g can be a linear model, which is
inherently interpretable. Consider a linear classifier g(x) = wTx. A feature xi is relevant to
the prediction if wixi > 0. If wi = 0, the feature is effectively ignored by the model; if xi = 0,
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it indicates that the feature is absent in the input. The relevance of each feature xi can be
quantified by Ri = wixi, a method often referred to as explanation by decomposition.

Φ(x) ≈
d

∑
i=1

Ri. (3.21)

To maintain simplicity, the complexity of g is controlled by a regularisation term Ω(g), which
might be the number of nonzero weights in a linear model or the depth of a decision tree. The
black-box model being explained is denoted as f : Rd → R. Additionally, Πx(z) is defined
as a proximity measure that quantifies the closeness of an instance z to x, thereby defining a
locality around x. The faithfulness of g in approximating f within this locality is quantified by
L( f , g, Πx). The optimisation objective to find the best explanation model is then formulated
as:

ΦLIME(x) = argming∈G L ( f , g, Πx) + Ω(g). (3.22)

Sparse Linear Explanations: One application for this framework could be to use LIME to gen-
erate sparse linear explanations, where g(z′) = wg · z′. This form of explanation prioritizes
simplicity by focusing only on the most influential features. The proximity measure used in
this context is an exponential kernel Πx(z) = exp

(
−D(x, z)2/σ2), where D is the L2 distance,

suitable for comparing image data.

The regularisation term Ω(g) = ∞I
[∥∥wg

∥∥
0 > K

]
imposes a hard constraint on the model

complexity by limiting the number of non-zero weights in g to the number of superpixels that
can be active in g to K. If the number of non-zero weights exceeds K, the regularisation term
renders the model infinitely complex.

ΦLIME ( f , g, Πx) = ∑
z,z′∈Z

Πx(z)
(

f (z)− g
(
z′
))2 . (3.23)

A limitation of LIME is that it only indirectly solves the explanation problem by relying on a
surrogate model. Consequently, the quality of the explanation depends largely on the quality
of the surrogate fit, which may require dense sampling and result in high computational costs.
In addition, sampling introduces uncertainty, leading to non-deterministic behaviour and vari-
able explanations for the same input sample [75]. This is also reflected in the complexity of
LIME, as training the surrogate is very time-consuming.

3.7 Challenges of Explanation Methods for Multi-Label
Remote Sensing Images

Interpreting ML models, particularly in the context of multi-label RS images, poses signifi-
cant challenges due to the complex patterns and repetitive textures that span multiple spectral
bands, making it difficult to explain model predictions. Explanation methods often struggle
with RS data due to unique image properties such as different sources, scales, geographic re-
lationships and temporal dependencies [80, 32]. The resolution and extent of RS define the
granularity and boundaries of observed features, with some, such as land cover or mountains,
lacking clear boundaries and exhibiting continuous, irregular shapes. This spatial resolution
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has implications for semantic interpretation, as the ability to distinguish and interpret features
depends heavily on the presence or absence of information, a primary challenge in RS and xAI
[80, 32].

Moreover, the spectral resolution, influenced by each sensor’s capacity to capture data across
different wavelengths, plays a crucial role in the information extraction process, distinguish-
ing multispectral and hyperspectral images from RGB images. Current literature and xAI
evaluations, however, often overlook the diverse spectral properties and resolutions among
platforms, compromising the effectiveness of explanations [32]. For instance, De Lucia et al.
[36] showed that the traditional GradCAM is ineffective for hyperspectral images processed
with 3D CNNs. They propose 3D GradCAM, an extension specifically designed for 3D CNNs.
Huang et al. [35] demonstrated that CAM-related methods struggle with RS images contain-
ing multiple objects of interest. In an example where a RS image contained five aeroplanes,
GradCAM managed to locate only one. The authors attribute this limitation to the inherent
complexity of RS images, which typically encompass more, smaller, and intricately arranged
objects compared to natural images. However, the line of argumentation can also be applied to
multi-label images.

Adebayo et al. [81] state that BP-based explanation methods tend to produce edge-like visual
artefacts. This is because edges in the image cause a distinct change in pixel values, creating
unique activation patterns in the ReLU units. This results in varying gradients around the
edges, making them stand out in the attribution map. In contrast, uniform regions of the im-
age where pixel values are similar will have the same activation pattern and therefore similar
gradient values. As RS image data often contains repetitive local textures, this focus on edges
could lead to misleading saliency maps that highlight irrelevant features. As a result, important
patterns in RS data may be missed.

However, BP-based methods also suffer from general problems. Nie et al. revealed that
GBP and DeconvNet, rather than emphasizing class-relevant pixels or visualizing the learned
weights, effectively perform partial image recovery. This indicates that these methods do not
directly relate to the decision-making processes of neural networks [82]. In addition, Sixt and
Landgraf [83] show that methods like LRP tend to converge to rank-1 matrices, ignoring the
contributions of later layers and leading to class-insensitive explanations. These methods pro-
duce similar saliency maps for different classes and fail to highlight class-specific features. They
find that onlyDeepLIFT maintains class sensitivity by considering both positive and negative
relevance scores, preventing convergence to rank-1 matrices and accurately representing the
contributions of the final layers.

One challenge, particularly for the Occlusion method for RS images, is that these images of-
ten contain classes that occupy large contiguous areas, such as forests, water bodies, and urban
areas. When using a fixed patch size ps × ps for occlusion, there is a risk that the occluded
patch may not cover enough of a particular class to significantly affect its classification proba-
bility. This is particularly problematic for classes that are spread over large areas because even
when a patch is occluded, sufficient class information remains in the visible parts of the image.

Formally, let c be a class in the MLC, and let Area(c) be the total number of pixels covered
by class c in the image x. Let P be the patch of size ps × ps used for occlusion, and let T
be a threshold representing the minimum number of class c pixels that must be occluded to
significantly affect the classification probability for that class. If the total area occupied by class
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c in the image is such that:
Area(c) > ps2 + T, (3.24)

then the classification probability fc(x′) for c may not decrease significantly. This is because
the occlusion patch does not remove enough class-specific information from the image x to
affect the classifier’s confidence. To address this issue, one possible solution is to use adaptive
patch sizes that vary according to the characteristics of the class and the spatial resolution of
the image. Adaptive patches can be dynamically sized based on the extent of the class in the
image, ensuring that a sufficient amount of class information is occluded to significantly affect
the classification probability. However, pixel-wise ground truth is not always available.

Furthermore, there is an additional limitation to the Occlusion method and its sliding win-
dow approach. Classic CV images typically contain unique, complex features that are represen-
tative for their class, such as a cat’s ears. If these features are occluded, the prediction certainty
should decrease significantly. However, for a land cover class such as forest, there are more
repetitive, simple features that occupy the entire area of the class, making texture the more im-
portant feature. For example, a nadir view of trees in a forest class demonstrates this simplicity
and repetition, with each tree having the same relevance to the final prediction. If one or more
of these repetitive features are masked, the final result should not change significantly. This
problem also applies to other perturbation-based methods.

As the name implies, perturbation-based methods perturb the input image and evaluate
changes in the model’s prediction. Depending on whether the pixels or patches of the input
image are perturbed, the explanation has a different granularity [84]. Usually, this perturbation
is done by occluding [18], blurring [85], introducing noise [44] or replacing parts of the image
[86]. However, they often produce samples that do not lie in the original distribution of the
data, so-called Out-of-Distribution (OoD) samples [87]. This can be a problem, as noisy samples
can produce a prediction with high confidence, e.g. an MNIST classifier producing a prediction
with 91% confidence on a Gaussian noise input [88, 87]. For example, research by [89] has
shown that when there are discrepancies in the distribution between perturbation samples and
input data, explanatory methods such as LIME [42] and SHAP [49] can be misleading, resulting
in unbiased explanations for biased classifiers. To address these issues, Qiu et al. [87] propose
to approximate the probability of a sample coming from the original distribution and use it
to weight the attributions. They apply it to LIME, RISE and Occlusion [18], improving the
explanations visually.

In the context of multispectral RS images, the concept of ’absence of features’ is even more
difficult to construct than for classical RGB images. Defining a baseline to perturb areas of an
image is more difficult because different spectral bands (e.g. RGB, near-infrared, thermal) cap-
ture different information. Therefore, common baselines, such as all-zero vectors, may not be
appropriate for all bands. For example, an all-zero baseline in thermal imagery is not mean-
ingful and can misrepresent the importance of features. Another example is that an all-zero
baseline may not be appropriate for a near-infrared band because some infrared radiation is
always present in real-world scenarios. Inappropriately chosen baselines can lead to inaccu-
rate IG that do not accurately reflect the importance of features. This is the case for four of the
explanatory methods considered: LIME, Occlusion, as they are both perturbation-based tech-
niques, Additionally, it holds for IG and DeepLIFT, as they both use a ’difference-to-reference’
approach.
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Moreover, Hooker et al. [90] show that the perturbation introduces artefacts and leads to a
distribution shift. They propose the RemOve And Debias (ROAD) framework with an expen-
sive model retraining step to adapt to the distribution shift and evaluate explanations. Rong
et al. [91] show that simple occlusion can leak class information that may not be present in
the feature values. To address these issues, Brock and Chung [92] propose the fidelity esti-
mation of explanation methods by examining model accuracy curves when input features are
perturbed according to the Most Relevant First (MoRF) and Least Relevant First (LeRF) orders.
The method involves calculating accuracy curves by first perturbing images using a blurring
technique based on the importance scores of input pixels. The areas above these curves, up
to a certain fraction of the perturbed pixels, are quantified to assess the impact of artefacts in-
troduced by the perturbation. By comparing the changes in accuracy with random masks and
corresponding masks, the influence of the artefact can be isolated, allowing a more accurate
estimate of the fidelity of an explanation method. However, this problem could be mitigated
by considering the multi-label nature of RS data. Inpainting with an image of a different class
should not be a problem. If the reference map is known, the same image can be used; other-
wise, a different image with no overlapping multi-labels could be used. Due to the repetitive
local textures, inserting a different image may not result in an OoD perturbation. For future
work, this approach could be implemented and tested, possibly using the inlier score of [87].
However, this is beyond the scope of the current study.

Nonetheless, in order to address these issues, this thesis adopts a multi-faceted evaluation
approach using different explanatory metrics, which are discussed in the following chapter.





4 Evaluating the Quality of an
Explanation

The evaluation of xAI method, together with xAI itself, poses an entirely new research field
compared to the evaluation of traditional AI classifiers. The main reason behind this is, that an
explanation, as defined in section 2.2 is a "presentation [...] in human-understandable terms"
[1], meaning that it is naturally difficult to measure. It cannot be compared to a ground truth
and measured with metrics like a classification problem. Furthermore, there are more vari-
ables the explanation quality depends on, than just the method. For instance, even the best
explanation method will provide an implausible-looking explanation when the model that is
explained has an error in its reasoning [67]. However, the explanation would still faithfully
reflect the model’s behaviour. Zhang et al. [93] identify this as one of the main problems when
explanations are evaluated visually. Because of this lack of ground truth, the evaluation func-
tion is unverifiable, leading to an also unverifiable explanation evaluation, which Hedström
et al. refer to as the Challenge of Unverifiability [72]: The lack of ground truth labels, makes it
impossible to verify the accuracy for an explanation.

Doshi-Velez and Kim [20] categorize the evaluation of explanation methods into three lev-
els. The highest level is called application-grounded evaluation, which includes experiments with
domain experts in a real-world setting, allowing the method to be assessed by its intended
users for specific tasks [20]. The intermediate level, human-grounded evaluation, consists of stud-
ies with non-expert individuals performing simplified tasks that capture the core of the actual
application [20]. This level is appropriate when the aim is to assess broader aspects of explana-
tion quality rather than a specific objective, or when accessing the target audience is impractical
due to factors like high costs or limited availability of domain experts. These controlled human
experiments can yield either subjective outcomes through user-reported perception of quality,
or objective outcomes by measuring task performance. The third level, known as functionally-
grounded evaluation, does not require human testing but instead relies on computational metrics
to evaluate interpretability [20]. In their opinion, human evaluation is typically the "gold stan-
dard" to evaluate explanations [20].

However, others argue for more quantifiable evaluations for xAI: Ancona et al. [94] sug-
gest that user studies inherently favour simpler, more expected explanations at the expense of
methods that may more accurately represent network behaviour. Furthermore, findings from
user studies are often neither replicable nor comparable [95] and conducting these studies is
both time-consuming and costly [96]. Additionally, involving users in the evaluation process
might unintentionally mix assessing the accuracy of explanations with the correctness of the
predictive model itself [1]. A quantitative approach enables formal comparisons among differ-
ent explanation techniques, providing a more objective method of evaluation [96]

Often, researchers present individual examples that appear sensible and pass the initial test

23
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of having "face-validity" [20], but these examples can be selectively chosen and potentially
misleading [97]. Many experts contend that relying solely on such anecdotal evidence is inad-
equate and can be deceptive [81]. Leavitt and Morcos [98] note the frequent assumption that
an explanation method and its outcomes are reliable, cautioning that explanations that look
intuitively right can lead to wrong outcomes. They argue that the absence of quantitative eval-
uation hinders interpretability research because anecdotal assessments do not provide a solid
foundation for verification. Furthermore, various studies highlight that evaluating the plausi-
bility and persuasiveness of an explanation to humans is distinct from assessing its accuracy,
and these criteria should not be merged [1].

To address the challenge of proper quantification, numerous metrics have been developed to
assess the quality of an explanation. Hedström et al. [61] classify these metrics into six primary
categories: a) Faithfulness, b) Robustness, c) Complexity, d) Randomisation, e) Axiomatic and f)
Localisation. However, as the research field is still evolving, there is no established consensus on
which specific metric should be used within these broad categories. This lack of standardisation
makes it difficult to compare results across different studies, even if they are evaluating the
same fundamental aspect of their xAI method.

A different categorisation is given by Nauta et al. [1]: the CO12 criteria, which involves the
12 criteria: Correctness, Completeness, Consistency, Continuity, Contrastivity, Covariate Complexity,
Compactness, Composition, Confidence, Context, Coherence, Controllability. Correctness pertains to
the accuracy of an explanation in reflecting the true operation of the model. Completeness in-
volves the coverage of the entire model behaviour within the explanation. Consistency ensures
that the explanation remains uniform across different implementations or when given identical
inputs. Continuity demands that small variations in input should not lead to disproportion-
ate changes in the explanation, promoting stability. Contrastivity enhances the explanation
by clearly distinguishing between different possible outcomes and addressing "why not?" or
"what if?" scenarios[1]. Further, Covariate Complexity relates to the explanation’s complexity
and the extent to which it uses human-understandable concepts. Compactness emphasizes
the importance of conciseness in explanations, advocating for maximizing information while
minimizing detail. Composition refers to the structural and presentational aspects of an ex-
planation, affecting how it is perceived and understood. Confidence integrates probabilistic
information to quantify the certainty of explanations, providing a measure of reliability [1].
Context assesses the relevance of the explanation to the user’s specific needs and practical sce-
narios, ensuring the explanation’s utility. Coherence guarantees that the explanation aligns
with existing knowledge and beliefs, making it plausible and reasonable to users. Finally, Con-
trollability offers users the ability to interact with and modify the explanation, tailoring it to
their specific requirements and enhancing personal engagement with the AI system. Together,
these criteria form a comprehensive framework for evaluating and designing explanations in
AI systems, ensuring they are both effective and user-centric. [1]

Le et al. [99] recommend Quantus [61] as the most apparent choice for evaluating explana-
tions due to its maturity, thorough documentation, and comprehensive coverage of different
explanation types and Co-12 criteria. Moreover, they discourage using different toolkits, as
the implementation of a metric has a significant impact on the output value [99]. Therefore, in
this thesis, Quantus is used for the evaluation. As the Quantus framework utilizes the metric
categories as proposed by Hedström et al. [61], this thesis adopts Hedström’s perspective. Ini-
tially, the various categories will be described more thoroughly; subsequently, each metric will
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be theoretically described and analyzed for usability with RS MLC images. The notation for
the evaluation metrics follows the guidelines defined in Section 2.2 and is also adopted from
Hedström [72].

The first of the six metrics categories, as described by Hedström et al. [61], is Faithfulness.
This metric category tries to measure how closely aligned an explanation is to the true inner
decision-making process of the corresponding model. A good explanation is expected to truly
explain the decision of the model. This is a fairly important category, as the internal behaviour
of the model cannot be evaluated by humans. The second category is Robustness [61], which
is measuring how invariant the explanation is to small perturbations of the input data. A
key point is that this metric might lead to explanations that are more resistant to adversarial
perturbations. In this context, an adversarial perturbation refers to an image that is percep-
tually similar yet, despite having the same predicted label by the neural network, receives a
significantly different interpretation [100]. The Complexity [61] of an explanation regards its
overall size. For images, a high-quality explanation is expected to produce a saliency map that
concentrates on specific, crucial areas of the image, rather than indiscriminately highlighting
everything as significant to the explanation [101]. Randomisation metrics [61] assesses how
significantly an explanation changes when the internal layers of the model, and thus the final
prediction output, are randomized. This metric is closely associated with the category of faith-
fulness. Effective explanations under this metric should closely correlate with the prediction.
A failure to do so could lead to generic explanations that reflect only the internal structure of
the model rather than the specific prediction it makes. Axiomatic [61] metrics test whether
explanations fulfil certain axiomatic properties. The final category, Localisation [61] assesses
the extent to which an explanation concentrates on the actual regions of interest. Reliance on
ground truth data is critical in this category, as it provides the precise locations of classified
objects through bounding boxes or reference maps.

An additional difficulty in the quantitative evaluation of an explanation is the parameterisa-
tion of the explanation method [91]. An example of this is the choice of perturbation strategy,
which is discussed in more detail in the section 3.7. These difficulties can be transferred to the
parameterisation of the evaluation metric, which often also requires a perturbation strategy.
These difficulties make the quantitative evaluation of an explanation "easy to get [...] wrong"
[72].

4.1 Faithfulness Metrics
The first category to examine closer is Faithfulness. Metrics in this category quantify the align-
ment of the model internal and the explanation. Usually, these metrics evaluate if features that
are deemed more relevant affect the prediction of a model strongly. To determine that the input
x is perturbed. Hedström [72] defines this category as:

ΨF(Φ, f , x,P , M) =| ( f (x)− f (PX(x, M)) | (4.1)

with PX(x, M) being the perturbation function where M is the number of input features that
are perturbed. The selection of P is crucial for the reliability of such metrics [102], and dis-
cussed more thoroughly in Sections 3.7 and 4.7. In the following, metrics such as Faithfulness
Correlation, Faithfulness Estimate, Pixel-Flipping, Region Perturbation, Selectivity, Sensitivity-
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n, Iterative Removal Of Features, RemOve And Debias, Infidelity, and Sufficiency are defined
and analyzed.

Faithfulness Correlation (FC) [101] estimates the faithfulness of an explanation method Φ
iteratively. The core idea is that when a subset of indices s ∈ |S| ⊆ d of sample x is set to a
baseline value x, defined as x[xs=xs], the change in the model’s output should be proportional
to the sum of attribution scores of these features in xs.

ΨFC = corrs∈|S|⊆d

(
∑
i∈S

Φ(x)i, f (x)− f
(

x[xs=xs]

))
, (4.2)

Higher values indicate a stronger correlation between the explanation method’s attribution
and the model’s behaviour, thus being preferred. The Quantus implementation [61] iteratively
replaces a random subset of given attributions with a baseline value, then measures the corre-
lation between the sum of this attribution subset and the difference in function output.

When applied to RS data, this approach may encounter issues. Depending on the amount
and locality of the indices to be replaced, random replacement of pixels may not be effective.
This method works well for CV images containing unique, complex features that significantly
decrease prediction confidence when removed. However, for RS images, a random replace-
ment strategy may not sufficiently disrupt the repetitive texture to influence the prediction,
potentially resulting in a lack of correlation. Thus, the metric was not included in the further
analysis.

Faithfulness Estimate (FE) [103] is a simplification of FC. It evaluates the similarity between
the predictions for a masked input and the attribution of this masked input. Mathematically, it
is expressed as:

ΨFE = SIMk∈|S|⊆d

(
Φ(xs),

(
f (x)− f (x[xk=xk ])

))
, (4.3)

with x[xk=xk ] denoting the vector after the top-k most relevant features have been replaced. For
efficient calculation, Quantus [61] implements this by sorting the indices to be perturbed by
their relevance according to the explanation method, in descending order. Perturbing these in-
dices should show a positive correlation with the model’s prediction confidence. In the imple-
mentation, the Pearson correlation coefficient ρ is used as the similarity measure SIM, although
other measures are possible.

The main difference to FC is that the masking is not random but ordered by the attributed
relevance. For a RS use case, this approach offers some improvement but remains inadequate
as the relevant pixels do not necessarily need to be nearby. Consequently, this method may still
fail to disrupt the texture characteristics sufficiently to reduce prediction confidence. Therefore,
this metric is not selected for further evaluation.

Monotonicity by Arya et al. [104] evaluates whether incrementally adding positive evidence
increases the classification probability for a given class. The process starts with a baseline
image x where all features are set to a neutral value. The features in x are then iteratively
replaced with their actual values from x in ascending order of their relevance scores according
to Φ(x). Let x[xk=xk ] represent the image after replacing the top k most relevant features with

k ∈ |S| ⊆ d. For each x[xk=xk ], the classification probability f
(

x[xk=xk ]

)
for the specified class

is calculated. The Monotonicity metric is satisfied if the sequence of classification probabilities
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{pk} is monotonically increasing, i.e. p1 ≤ p2 ≤ . . . ≤ pn.

ΨMO =

{
1 p1 ≤ pk ≤ . . . ≤ pn,
0 otherwise

. (4.4)

Because this metric starts from a baseline and iteratively adds features sorted by relevance, it
is well suited to evaluating explanations for RS images. The reasoning is that even if the expla-
nation assigns high relevance to scattered pixels, starting from a baseline, adding these pixels
should only increase prediction accuracy. This is particularly relevant for MLC cases, where
the presence of highly relevant pixels should be sufficient to increase prediction confidence.
Therefore, it will be used in the experiments.

Pixel-Flipping (PF) [77] originally flipped pixels from 0 to 1 sorted by their assigned rele-
vance for greyscale images. However, to adapt this method for images with more channels,
the flipping process has been changed to a perturbation approach. Here, Hedström’s notation
is followed [72], where PF is defined as the Area Under the Curve (AUC) of the prediction
confidence over a set of masked pixels:

ΨPF =
n

∑
i=1

(
f (x′i) + f (x′i+1)

)
·

x′i+1 − x′i
2

, (4.5)

where n is the number of discrete perturbation steps, x′i and x′i+1 are the x-values for the ith and
(i + 1)th perturbation steps. For faithful explanations, a steep degradation of prediction scores
is expected when attributions are iteratively replaced in descending order. Thus, a lower AUC
value indicates better performance.

The reasoning here is similar to the FC metric, which can be seen as an improvement over PF.
Flipping individual pixels does not change the prediction score as drastically for RS images. It
is therefore not adopted.

Region Perturbation (RP) [45] is an extension of PF that involves flipping an area rather than
a single pixel. Similarly, a lower value of AUC is indicative of better performance.

ΨRP =
n

∑
i=1

(
f (x′Ri

) + f (x′Ri+1
)
)
·

x′Ri+1
− x′Ri

2
, (4.6)

where again n is the number of discrete perturbation steps, however, x′Ri
and x′Ri+1

are the x-
values after perturbing regions Ri and Ri+1, respectively.

For the implementation, a parameter for the region size is specified to determine the size of
the area to be flipped. An additional parameter is the order of removal or the removal strategy.
Samek et al. [45] define two orders: Most Relevant First (MoRF) and Least Relevant First
(LeRF). The former removes the most important pixels first, while the latter removes the least
important pixels. These strategies are described in more detail in the Section 4.7. To analyse the
influence of removal orders on RS data, this method will only be examined on the RS datasets.

Selectivity (SEL) [105] is closely related to PF and RP. It is calculated by AUC of the curve of
the prediction value when the most relevant features are removed. Let x[xk=xk ] with k ∈ |S| ⊆ d
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be the perturbation after the k most important features attributed by Φ are removed.

ΨSEL = AUCk∈|S|⊆d( f (x[xk=xk ])). (4.7)

Similar to the metrics before, a sharp drop in the function’s value, summarized by a low AUC
score, indicates that the correct features have been identified as relevant.

Although this metric shares some of the disadvantages of FE, namely that individual pixels
must have a strong influence on the prediction confidence, it is still considered for the quantita-
tive analysis. This consideration is purely from a scientific point of view, as it will be compared
with the IROF metric described next.

Iterative Removal Of Features (IROF) [106] combines elements of RP and SEL. Like SEL it
measures how the prediction changes when the most relevant input features are removed, but
like RP it considers segments rather than individual pixels. Each image x is partitioned into a
set of segments

{
Sl}L

l=1, where sl
i,j = 1 indicates that pixel xi,j belongs to segment l. Let xl

[xs=xs]

be the masked image for segment l. The segments are then sorted in descending order by their
average relevance. Let xk

[xs=xs]
be the image with the k most relevant features removed. The

prediction f (xk
[xs=xs]

) is computed iteratively for all k ∈ 0, . . . , L, resulting in a prediction curve.
To normalise the curve, the predictor value is divided by f (x0

[xs=xs]
), resulting in

ΨIROF =
1
N

N

∑
n=1

AOC

(
f (xk

[xs=xs]
)

f (x0
[xs=xs]

)

)L

k=0

. (4.8)

A faithful explanation method should have a steep decrease in this function. However, unlike
SEL or RP, Area Over the Curve (AOC) is measured, so a higher AOC value is desired.

This method, tailored to the characteristics of RS image data, considers segments rather than
individual pixels in its removal strategy. While the use of the mean attribution value may not
perform as well on natural images, where complex features consisting of edges are most rele-
vant, it is particularly effective at capturing the repetitive textures typical of RS data. Therefore,
this method is used in the experiments.

RemOve And Debias (ROAD) [102] follows a similar approach to SEL. It measures the ac-
curacy of f in an iterative process of removing the k most important pixels in MoRF order. The
main novelty in this method is the perturbation strategy. The authors demonstrate that sim-
ple perturbation strategies can leak class information through the shape of the perturbed mask
[102]. They propose Noisy Linear Amputations, where each perturbed pixel is approximated by
the weighted mean of its neighbours.

However, due to the nature of RS images, class leakage may not be possible. For example, in
an image that contains a jaguar, if this particular object is removed, the perturbed shape may
still resemble a "jaguar shape". Conversely, if a segment containing forest is occluded, it is not
possible to tell whether it is forest or grassland. Neighbouring pixels may slightly increase
the probability of a contiguous forest patch, but it may not be a discriminative feature. In
addition, this method involves a computationally expensive retraining step. It is therefore not
considered.

Sensitivity-n (SENS-N) [94] is based on the principle that segments of input features have a



4.1. Faithfulness Metrics 29

more significant impact than individual pixels. This metric asserts that the decrease in output
when multiple inputs are occluded should correspond to the sum of their relevances. An attri-
bution method satisfies SENS-N if, for every subset of features of cardinality n, the sum of the
attributions equals the change in the output caused by occluding these features. Formally, for
all subsets of features xS = [x1, . . . , xn] ⊆ x, the following condition should hold:

ΨSENS−N =

{
1 ∑N

i=0 Rc
i (x) = f (x)− f (x),

0 otherwise
, (4.9)

where x is defined as a baseline input from which all features have been removed. This for-
mulation essentially represents the definition of Completeness or Summation to Delta, making
SENS-N a generalisation of these concepts.

However, SENS-N can be seen as a characteristic of an explanation method. The authors state
that Occlusion-1 satisfies Sensitivity-1 by construction, and IG, DeepLIFT, and ϵ-LRP satisfy
SENS-N under specific conditions [94]. Therefore, it is not considered in the analysis.

Infidelity [44] is a broader concept than SENS-N. It also relates to the completeness axiom,
which asserts that the total of the attributions should equal the difference between f ’s output
at its input and its baseline. Mathematically, it is defined as follows:

ΨINFD = EI∼µI

[(
ITΦ( f , x)− ( f (x)− f (x − I))

)2
]

, (4.10)

where I ∈ Rd is a random variable with probability measure µI representing a meaningful
perturbation. I signifies significant perturbations around x and can be specified in various
ways. Similar to SENS-N and with the same reasons, Infidelity is not considered for further
experiments.

Sufficiency [107] tries to quantify whether similar explanations have the same prediction la-
bel. A key requirement for Φ is that if a particular property π justifies the classification of an
instance x, then any other instance x′ possessing property π should be classified similarly, re-
gardless of whether the explanation e(x′) provided differs from π. For instance, if the presence
of a cat’s ear in an image justifies classifying the image as a cat, then any other image that also
shows a cat’s ears should be classified as a cat, even if a different attribute is highlighted in the
explanation.

Explanations e are considered sufficient if, for any instance x ∈ X and property π ∈ e, it can
be determined whether π applies to x, represented as the relation A(x, π). This relation, inde-
pendent of the actual or predicted label, must be both well-defined and verifiable by humans.
The set of instances sharing the same property as x’s explanation is defined by:

Cx = {x′ ∈ X : A(x′, e(x))}. (4.11)

Consistency of explanations varies across instances, reflecting a spectrum of sufficiency rather
than a binary value. Sufficiency is quantified using a probability distribution over Cx, assessing
the uniformity of predictions within this set:

ΨSUFF = Pr
x′∈µCx

(
f (x′) = f (x)

)
, (4.12)
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with x′ ∈µ Cx stating that x′ is drawn from the distribution µ, restricted to the set Cx, meaning
that they share the same property. The global sufficiency metric quantifies the expected value
of local sufficiency. Local sufficiency evaluates the likelihood that the prediction label of a spe-
cific sample matches the labels of other samples to which the same explanation is applicable.
For instance, if an image is explained as "contains cat’s ears", the local sufficiency metric calcu-
lates the probability that another sample described as "contains cat’s ears", receives an identical
prediction label.

This metric is effective for images with unique and complex features, but may not be appro-
priate for RS images. For example, if the property π is defined to indicate the presence of trees
in an image, this does not necessarily indicate a forest, as trees can be found in urban areas or
along agricultural boundaries. A forest is characterised by the repeated occurrence of multiple
trees. This complexity makes the metric difficult to evaluate and somewhat ambiguous, and it
is therefore excluded from consideration.

4.2 Robustness Metrics
The second category to evaluate quantifies the Robustness of explanation methods. Similar, to
adversarial attacks on NN [108], explanations can also be fooled [100, 89]. Thus, ensuring that
the explanation is invariant to minimal perturbations in the input space is crucial for critical
applications. For instance, Slack et al. fooled LIME and SHAP to evaluate a strongly biased
racist classifier as non-biased [89]. Hedström [72] defines this invariance as f (x) ≈ f (PX(x))
for small perturbations of the input: ∥PX(x)− x∥p < ε. In the following, robustness metrics
such as the Maximum Sensitivity, Average Sensitivity, Local Lipschitz Estimate, Continuity,
Consistency, Relative Input Stability, Relative Output Stability, and Relative Representation
Stability are defined and analyzed.

Average Sensitivity (AS) and Maximum Sensitivity (MS) [44] evaluate the sensitivity of the
explanation method by perturbing samples using a Monte-Carlo-based approximation.

ΨMS = max
x+δ∈Nϵ(x)≤ε

[
∥Φ(x)− Φ(x + δ)∥

∥x∥

]
,

ΨAS = avgx+δ∈Nϵ(x)≤ε

[
∥Φ(x)− Φ(x + δ)∥

∥x∥

]
,

(4.13)

where ε defines the radius of a discrete, finite-sample neighbourhood around each input sample
x. This neighbourhood denoted as Nϵ(x), includes all samples in the set X that are within a
distance of ε from x. A lower score is indicative of more robustness.

One can assume that a classifier trained on MLC RS image data is more robust, than for
classical CV data because there are no unique features. Thus, similar to the prediction, the
explanation of a prediction should remain relatively consistent for minor perturbations (un-
less adversarial) of the input. Therefore, measuring the average sensitivity should not be as
meaningful as measuring the maximum sensitivity. Thus, the MS metric is considered.

The Local Lipschitz Estimate (LLE) [103] works similar to the MS method. However, it
estimates the Lipschitz constant of the explanation, which measures how much the explanation
changes with respect to the input under slight perturbation. The LLE method is defined as
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follows:

ΨLLE = max
x+δ∈Nϵ(x)≤ϵ

[
|Φ(x)− Φ(x + δ)|2

|x − (x + δ)|2

]
, (4.14)

where lower values indicate less change concerning the change in input, which is desirable.

However, LLE does not have a sophisticated sampling strategy like MS or AS, thus it is not
considered.

Continuity [105] , refers to the property of an explanation method being a continuous func-
tion. Montavon et al. [105] introduce this metric, assuming the prediction function f (x) is
also continuous. This metric ensures the following behaviour: if two data points are nearly
equivalent, then their prediction explanations should also be nearly equivalent. Explanation
continuity is quantified by identifying the strongest variation of the explanation Φ(x) in the
input domain:

ΨCONT = max
x,x̃

[
∥Φ(x)− Φ(x̃)∥1

∥x − x̃∥2

]
. (4.15)

This metric, being more axiomatic, defines a characteristic of the explanation function and is
less dependent on the data; therefore, it is not suitable for the experiments.

Consistency [107] is defined as the property that samples receiving the same explanation
should also have the same predicted label. This is formalized through the measure of homo-
geneity in predictions within the set of instances that share the same explanation.

ΨL−CONS = Pr
x′∈µCπ

( f (x′) = f (x)), (4.16)

ΨG−CONS = Ex ∈ µX[ΨL − CONS(x)], (4.17)

where Cπ = x′ ∈ X : Φ(x′) = π denotes the set of instances that are assigned the explana-
tion π by the explanation function Φ and µ represents the distribution over the instances. A
higher consistency score indicates that the explanation method reliably assigns the same label
to instances with the same explanations, reflecting the internal coherence of the explanation
method.

A potential criticism of the consistency metric is that it assumes that the explanation function
Φ perfectly captures the relevant features of the prediction function f . This assumption may be
unrealistic in practical scenarios where explanations may not fully encapsulate the model’s de-
cision boundaries or complex interactions within the data. Furthermore, the metric’s reliance
on a homogeneous distribution of labels within the set Cπ could lead to misleading evalua-
tions. For example, if the explanation function Φ provides overly broad explanations, different
samples within Cπ could have the same explanation but different underlying reasons for their
predictions, artificially inflating the consistency score without truly reflecting the robustness of
the model. It is therefore not considered for further evaluation.

The Relative Input Stability (RIS) [86] assesses how the explanation changes relative to
alterations in the input data. Formally, for an original input x and its perturbed version x′,
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with their respective explanations Φ(x) and Φ(x′), it is defined as:

ΨRIS = max


∥∥∥Φ(x)−Φ(x′)

Φ(x)

∥∥∥
p

max
(∥∥∥ x−x′

x

∥∥∥
p

)
 , (4.18)

where ∥·∥p denotes the Lp norm. For numerical reasons a small constant ϵmin is added to the
denominator to prevent division by zero. Higher RIS values indicate greater instability of the
explanation.

The Relative Representation Stability (RRS) [86] measures the stability of explanations in
relation to changes in the model’s internal representations for an input x and its perturbed
version. Defined as:

ΨRRS = max


∥∥∥Φ(x)−Φ(x′)

Φ(x)

∥∥∥
p

max
(∥∥∥ Lx−Lx′

Lx

∥∥∥
p

)
 , (4.19)

where Lx and Lx′ represent the internal representations of x and x′ of a chosen layer, respec-
tively. Like RIS, higher values of RRS suggest more unstable explanations.

The Relative Output Stability (ROS) [86] quantifies stability based on changes in the model’s
output predictions, defined for inputs x and x′, and their explanations Φ(x) and Φ(x′), as:

ΨROS = max


∥∥∥Φ(x)−Φ(x′)

Φ(x)

∥∥∥
p

max
(
∥ f LOGIT(x)− f LOGIT((x′)∥p

)
 , (4.20)

where f LOGIT(x) are the output logits for x. Higher ROS values denote explanations that are
less stable concerning output changes.

All relativity metrics (RIS, RRS, ROS) are approximated iteratively. As the metrics provide a
broad overview of models’ robustness, RIS and ROS were considered in the examination.

4.3 Localisation Metrics
Localisation metrics evaluate the match between predicted and actual object positions using
ground truth reference maps or bounding boxes, focusing on spatial accuracy. However, these
metrics often assume that predictions are determined solely by the object or its parts, a notion
challenged by [109]. Label dependencies are not considered in this metric category, e.g. a patch
of sand next to a patch of ocean is usually a beach and not a desert. However, Arias-Duart
et al. [109] suggest that a reliable method will assign higher relevance to pixels that support
the identified class. Thus, both the object and its context are essential in assessing the explana-
tory power and accuracy of a model. If the ground truth is known, this category is the most
important. Thus, all Localisation metrics (Pointing-Game, Top-K Intersection, Relevance Mass
Accuracy, Relevance Rank Accuracy, Attribution Localisation), except Focus were considered.

Pointing-Game (PG) [110] captures whether the feature of maximal attribution lies on the
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ground truth mask, a binary mask indicating the true features contributing to the model’s out-
put. It is defined as follows:

ΨPG =

{
1 if arg maxi Φi(x, f , ŷ; λ) ∈ sgt

0 otherwise
(4.21)

where Φi(x) represents the ith input feature of highest attribution, and sgt ∈ RD denotes the
binary ground truth mask.

However, the authors note that the Pointing Game is trivial for images with large domi-
nant objects [110]. In RS images where only one class is present, the highest attribution will
inevitably lie within the target class, making the metric less informative. Therefore, this met-
ric is particularly relevant for classes with multiple labels, where the distinction in attribution
becomes more significant.

Attribution Localisation (AL) [111] measures the ratio of positive attributions within the
targeted object relative to the total positive attributions across the image. To quantify this, the
inside-total relevance ratio, ΨAL, and a weighted variant, ΨAL,w, are introduced, taking into
account the object size. The formulas are given as:

ΨAL =
Rin

Rtot
(4.22)

ΨAL,w = ΨAL · Stot

Sin
(4.23)

Here, ΨAL represents the inside-total relevance ratio without considering object size, and
ΨAL,w is a weighted variant that accounts for the object size. Rin is the sum of positive relevance
within the bounding box, Rtot is the total sum of positive relevance in the image, and Sin and
Stot represent the size of the bounding box and the image, respectively, in pixels. The subscript
w indicates the addition of a normalisation factor in ΨAL,w, considering the size of the image
and object.

Top-K Intersection (TKI), as proposed by Theiner et al. [112], extends the PG method by
computing the intersection between a ground truth mask and the binarized explanation at the
top k feature locations. This metric measures the pixel-wise intersection of the k most important
features from e(x, ĉ) to evaluate the difference between two explanation maps (top-k intersec-
tion) for assessing manipulated explanation maps. Specifically, it defines the influence of a
concept s visible in image x concerning a prediction ĉ of the model. The pixel-wise intersection
tki between the binary reference map m(x, s) and the binary mask of the top-k features ek(x, ĉ)
is given by:

ΨTKI =
1
k

w

∑
i=1

h

∑
j=1

m(x, s)i,j ∧ ek(x, ĉ)i,j, (4.24)

where m(x, s) and ek(x, ĉ) are binary masks in {0, 1}w×h, and ∧ denotes the pixel-wise boolean
AND operation. If all top-k pixels are within the shape of the concept s, then ΨTKI = 1.

Relevance Mass Accuracy (RMA) and Relevance Rank Accuracy (RRA), proposed by [113],
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evaluate the distribution of relevance within the ground truth mask. These metrics assess
whether the majority of relevance is correctly placed within the ground truth mask, consid-
ering both relevance mass and relevance ranking. This non-binary evaluation of the heatmap’s
alignment with the ground truth is suitable for contexts beyond weak object localisation. Both
metrics yield values in the range [0, 1], with higher values indicating a more accurate relevance
saliency map.

The RMA is computed as the ratio of the sum of the relevance values within the ground truth
mask to the sum of all relevance values in the entire image. It measures how much "mass" the
explanation method assigns to pixels within the ground truth. It can be expressed as:

ΨRMA =
ein

etot
,

with ein =
|Stot|

∑
k=1

s.t. k∈Stot

ek and etot =
N

∑
k=1

ek
, (4.25)

where ek is the relevance value at pixel k ∈ x, Stot is the set of pixel locations within the ground
truth mask, |Stot| is the number of pixels in this mask, and N is the total number of pixels in the
image.

The RRA measures the concentration of high-intensity relevance values within the ground
truth. It is calculated as follows: Let K be the size of the ground truth mask. Select the K highest
relevance values, count how many of these values lie within the ground truth pixel locations,
and divide by the size of the ground truth. This can be expressed as:

Ptop K =
{

p1, p2, . . . , pK | Rp1 > Rp2 > . . . > RpK

}
, (4.26)

where Ptop K is the set of pixels with relevance values Rp1 , Rp2 , . . . , RpK sorted in decreasing
order until the K-th pixel. The rank accuracy is then computed as:

ΨRRA =

∣∣Ptop K ∩ Stot
∣∣

|Stot|
. (4.27)

The Focus [109] score quantifies the coherence of the explanations generated by these meth-
ods, focusing on their ability to highlight relevant features in a class-specific context. Using
mosaic images composed of instances from different classes, the Focus score assesses the con-
centration of explanation relevance on target class regions, thus introducing a visual pseudo-
precision metric. Formally, the focus score for a given mosaic m and target class c(m) is defined
as

ΨFOCUS =
Φc(m)(x1) + Φc(m)(x2)

Φc(m)(m)
, (4.28)

where Φc(m)(x1) + Φc(m)(x2) is the sum of positive relevance within the target class images in
the mosaic, and Φc(m)(m) is the total positive relevance assigned across the entire mosaic. The
higher the Focus score, the more accurately the method identifies and highlights the relevant
features for the target class, facilitating an objective comparison of feature attribution methods
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and their alignment with model behaviour.

The Focus score may not be suitable for MLC tasks because it assumes a single target class for
evaluating the relevance distribution. In multi-label scenarios, where an instance may belong
to multiple classes, this metric does not take into account the relevance of features across all
classes.

4.4 Complexity Metrics
Explanations for machine learning models should be simple and understandable to ensure
they are useful for human interpretation. Complexity metrics aim to quantify the simplicity
and interpretability of these explanations by assessing factors such as sparseness and entropy.
In the following, complexity metrics such as Sparseness, Complexity and Effective Complexity
are defined and analyzed.

Sparseness (SP) [114] is a method for evaluating the sparsity of explanations and is defined
as the Gini index of the explanation. It is calculated by summing the product of the ranks of
the input features and their attributions and dividing by the sum of the attributions as follows:

ΨSP =
∑D

i=1(2i − D − 1) · êi

D(D − 1)∑D
i=1 êi , (4.29)

where êi is the attribution of the ith input feature, and D is the total number of input features.
A higher Sparseness score indicates a more sparse and concise explanation.

Complexity (CO) [101] is defined using the Shannon entropy calculation, which measures
the amount of uncertainty or randomness in the explanation map. It is calculated by summing
the product of the probabilities of the attributions and the logarithm of the probabilities of the
attributions:

ΨCO = Ei [− ln (PΦ)] = −
D

∑
i=1

PΦ(i) ln (PΦ(i)) ,

with PΦ(i) =
|Φi(x)|

∑j∈[D]

∣∣Φj(x)
∣∣ ; PΦ = {PΦ(1), . . . , PΦ(D)} ,

(4.30)

where | · | denotes the absolute value, and PΦ(i) denotes the fractional contribution of feature xi
to the total quantity of the attribution. A higher entropy indicates a higher level of uncertainty
or randomness, i.e., a higher complexity. A uniformly distributed attribution would have the
highest possible complexity score.

However, as RS images typically have uniformly distributed pixels and features, this metric
might not be suitable for evaluating the explanations in such contexts.

Effective Complexity [115] measures how many attributions in absolute values exceed a
certain threshold.

ΨECO = #|ek| < ϵ for k ∈ {1, . . . , N}, (4.31)

with #|ek| < ϵ being the total number of pixels that are attributed a higher value than ϵ.

A low effective complexity indicates that many features can be ignored with minimal impact
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on the prediction, reducing cognitive load while maintaining simplicity and broad applicabil-
ity. However, the problems with Complexity metrics are discussed more thoroughly in Section
4.7. However, to include a complexity metric in the evaluation this one is included.

4.5 Randomisation Metrics
Randomisation metrics are designed to evaluate the robustness and reliability of explanation
methods by introducing randomness into the model parameters or the prediction targets. These
metrics help to ensure that the generated explanations are not merely artefacts of specific pa-
rameter settings or model configurations but rather reflect meaningful and consistent insights
about the model’s behaviour. In this section, two randomisation metrics are discussed: the
Model Parameter Randomization Test (MPRT) and the Random Logit (RL) method Both assess
the stability and validity of explanations under randomized conditions.

Model Parameter Randomization Test (MPRT) [81] measures the correlation between an
explanation from a randomly parameterised model f (x;PF(θ; v)) = f̂ and the original model
f for each separate layer v of the network. To generate one quality estimate per sample, then the
average of the correlation coefficients over all the layers in the network is calculated, denoted
as V. Formally:

ΨMPR =
1
V

V

∑
v=1

corr
(

Φv(x, f ), Φv(x, f̂ )
)

. (4.32)

The limitations of model randomisation-based sanity checks for evaluating explanations are
outlined by Binder et al. [116]. They show that such checks often yield high scores with un-
informative attribution maps and fail to significantly alter explanations after randomisation
due to preserved activation scales, thus revealing their inadequacy as a criterion for ranking
attribution methods.

Random Logit (RL) method proposed by [83] is defined using the Structural Similarity Index
Measure (SSIM) over the explanation of the ground truth label and an explanation of non-target
class y′.

ΨRL = SSIM
(
Φ(x, f , ŷ; λ), Φ

(
x, f , y′; λ

))
, (4.33)

where Φ(x, f , ŷ; λ) is the explanation generated for the prediction ŷ and Φ (x, f , y′; λ) is the
explanation generated for a non-target class y′. Lower values indicate that the explanations are
not correlated which is desirable. To provide a robust measure of the model’s behaviour, this
metric was incorporated into the experiments.

4.6 Axiomatic Metrics
Axiomatic metrics evaluate explanation methods based on fundamental principles or axioms.
These metrics ensure explanations adhere to theoretical properties, enhancing their robustness
and reliability. Notable axiomatic metrics include Completeness, Non-Sensitivity, and Input
Invariance. However, a deeper analysis or use of these metrics in experiments is beyond the
scope of this thesis, as the data domain should not influence the axiomatic properties of expla-
nation methods.

Completeness, as defined by [74], evaluates whether the sum of attributions equals the dif-
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ference between the function values at the input x and baseline x′. This property is also known
as Summation to Delta [39] or SENS-N [94].

The Non-Sensitivity metric [115] assesses whether the total attribution is proportional to the
explainable evidence at the model output. It ensures that a method assigns zero importance
only to features on which the model is not functionally dependent. This aligns with the Sen-
sitivity(b) axiom proposed by [74]. The complexity of the explanation can be gauged by the
number of non-zero attributions.

Input Invariance [117] ensures that attributions remain unchanged when the input is shifted,
provided that the model’s prediction does not change in response to the shift.

4.7 Desiderata for Explanation Metrics in Remote Sensing
Multi-Label Image Classification

Just as the effectiveness of explanation methods is strongly related to the characteristics of data,
the same holds for their evaluation metrics. In the following, each metric category is analysed
theoretically.

Complexity: The inherent texture of RS image data introduces challenges for Complexity
metrics. Because this texture serves as a discriminative feature, a larger number of input fea-
tures tends to influence the prediction, typically leading to more complex explanations. Here,
’complex explanation’ refers to assigning significant values to a large number of input features.
The complexity metrics assess the conciseness of explanations, specifically how few features
are needed to visualise a model’s prediction. For example, Effective Complexity (ECO) [115]
quantifies the number of attributions that exceed a predetermined threshold. Consequently, ex-
planations for multi-label images in RS are expected to perform poorly on these metrics due to
the greater presence of relevant pixels due to the texture and possibly multiple Object of Inter-
est (OoI) associated with the same class. The importance of performance within these metrics
could arguably be considered less significant.

Localisation: Localisation metrics are valuable for RS because they test the alignment be-
tween the OoI and a prediction’s explanation. However, in MLC, where each instance may
have multiple labels, label dependencies can arise. A label dependency means that the pres-
ence (or absence) of one label can significantly influence the likelihood of another class being
present in the image. This relationship is particularly common in scenarios such as land cover
classification, where certain features or objects (e.g. ships) typically appear in certain environ-
ments (e.g. oceans). These dependencies are overlooked by Localisation metrics. This could
be solved by designing a Localisation metric that considers these label dependencies. Further-
more, the reliability of Localisation metrics depends heavily on accurate and up-to-date ground
truth data. Obtaining accurate ground truth annotations is costly and can be error-prone, espe-
cially in remote or inaccessible areas where verification is difficult. Inaccuracies or obsolescence
in ground truth data can significantly affect the reliability of the metrics, potentially leading to
incorrect assessments of model focus.

Randomisation and Axiomatic: The Randomisation and Axiomatic categories seem to be
unaffected by the data domain. Randomisation tests typically modify parts of the model and
assess the impact on prediction outcomes, focusing solely on the model rather than the data
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type. Axiomatic metrics evaluate whether explanation methods adhere to certain axiomatic
properties, which depend on the method and not on the data.

Faithfulness: The category with the biggest challenges for MLC RS images is Faithfulness.
As already stated, RS images tend to have a lower amount of discriminating shapes than nat-
ural images. Especially in low-resolution data, the most discriminative feature often is the
texture of the ground, which is local and repetitive.

This unique characteristic can pose problems with many of the common Faithfulness met-
rics. Often, metrics iteratively swap pixels or regions in order of importance and evaluate the
change in confidence in the prediction, e.g. SEL [105], RP [45] use this strategy. They measure
how quickly the prediction confidence drops when the most important features are removed.
These metrics may underestimate the explanation methods because the texture is more evenly
distributed in the image. To destroy the discriminative power of the texture, more features
would have to be removed, leading to a seemingly worse performance in these metrics. If the
predicted class occupies a large part of the image, this large amount needs to be reduced until
there are no continuous patches of the class left.

To evaluate xAI methods for their Faithfulness, this has to be taken into consideration. One
possible inference from this could be that metrics add iteratively add important features to a
reference baseline e.g. the Monotonicity Metric by [104], might be working better than metrics
that remove the most important features, e.g. the Faithfulness Correlation [101]. However,
Monotonicity only looks if the prediction curve is monotonically increasing, and does not con-
sider a sudden sharp increase in the function curve. Conceptually, a metric dealing with this
could be designed similarly to IROF [106], calculating the means of the attributed relevance
for each superpixel, but instead of iteratively removing the segments sorted by relevance, seg-
ments could be added to a baseline. To adapt current Faithfulness metrics to this problem, the
curve drop could be seen in relation to the class coverage in the ground truth map, or if there is
no ground truth the incline of the prediction function could be considered in a sliding window.
However, this would be out of the scope of this thesis and could be evaluated in the future.

Faithfulness under Removal Orders: As already stated, almost all Faithfulness metrics itera-
tively remove input features based on their attributed relevance (e.g. FC, FE, PF, RP, SEL, IROF,
SENS-N, see Section 4.1). Each of these metrics needs a strategy defining the order of removal.
Following established literature [118, 45, 102], two predominant strategies, Least Relevant First
(LeRF) and Most Relevant First (MoRF), are employed. The MoRF approach prioritises fea-
ture removal based on descending relevance as determined by the explanation method. This
process is performed iteratively over different k values, removing the k most relevant features
from each sample. The faithfulness of the method is then quantified by the change of the pre-
diction function, e.g. the Area Under the Curve (AUC) of the prediction curve, with a lower
score indicating higher faithfulness due to a rapid decrease in prediction confidence following
the removal of critical features. This principle is utilized for instance by the SEL metric [2].

The removal strategy is illustrated in Figure 4.1, which shows an image from the DeepGlobe
dataset. This example includes the classes urban land and agricultural land, with the urban
land segment occupying a smaller area of the image. The first column shows the original sam-
ple and its reference map. Each other column shows the image with the top-k-percent of the
image masked with a black baseline, for k ∈ [0.05, 0.1, 0.2, 0.5, 0.9]. The top row of the Figure
shows the urban land class, the last column shows the GradCAM attributions for both classes.
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The subplot titles show the prediction logit for the corresponding image and class. The predic-
tion curve is also visualised in Figure 4.3. As mentioned previously, when the explanation has
a high faithfulness the prediction curve is supposed to drop fast when more and more relevant
pixels are removed. For the urban land class, the strategy works as expected. The explanation
is a coherent patch and is located in the class area. For an increasing masked percentage of
the image, the model’s prediction logit drops fast. For instance, when k = 0.2, meaning 20%
of the image is covered, most of the urban land class is not visible anymore. This leads to the
prediction logit dropping to p = 0.05. However, it can be seen that for the agricultural class,
this is not the case. Even for 50% of the most relevant features masked, the prediction logit
remains at p = 0.64. This is because, as the class occupies a large area of the image, it is still not
occluded completely.

In contrast, this approach is more effective for a traditional CV image. Here, even if a class
covers a large area, its distinguishing features (e.g. a cat’s ears) are typically unique and com-
plex. These features are considered the most relevant and are masked first. Removing them
quickly reduces prediction confidence, as the model relies heavily on such features for its pre-
dictions. This contrasts with RS images, where the repetitive nature means that even after
removing significant portions of a class, the remaining pixels can still maintain some model
confidence. Due to the nature of the MLC task, only a minimal number of remaining pixels
are required to maintain confidence, requiring the removal of a large number of pixels before a
noticeable drop in prediction confidence occurs in the MoRF strategy.

The LeRF strategy, as depicted in Figure 4.2, operates oppositely to the MoRF strategy. This
approach involves the iterative removal of the least important features, as identified by the
explanation method. In contrast to the MoRF strategy, a higher AUC score is indicative of better
performance for the LeRF strategy, reflecting the model’s stability when non-critical features
are removed. The structure of this plot is similar to the one presented in Figure 4.1. Here, it
can be seen that even for the urban land class, which occupies only a small part of the input
the masking works. Even for k = 0.9, the class-relevant features are still contained in the image
and the prediction logit remains stable. The prediction curve is also visualised in Figure 4.4.

Figures 4.3 and 4.4 show the prediction curves for the respective strategies applied to the
same sample. Here, the MoRF strategy shows a strong discrepancy between the two classes.
Specifically, the AUC for urban land is 0.06, illustrating a steep decrease in the prediction cer-
tainty as relevant features are removed. Conversely, the AUC for the agricultural class is 0.58,
indicating less impact from feature removal. This discrepancy between classes is a huge flaw in
the removal strategy and thus in many faithfulness metrics. For both classes the predictor re-
mains faithful, however, due to the difference in class coverage the metric assigns the predictor
a low faithfulness.

In contrast to the MoRF strategy, the LeRF strategy shows a different behaviour, as shown
in Figure 4.4. The AUC remains consistent at 0.79 for both classes, indicating robustness to the
area each class occupies within the image. This consistency is supported by the visualisation
in Figure 4.2, which shows that significant class-relevant information persists over a range of k
values. The LeRF strategy, which removes the least relevant pixels first and considers a higher
AUC score as an indication of better performance, is also effective for MLC images. RS images.
In this context, the prediction confidence remains relatively stable until almost all the pixels
representing a class are removed, regardless of the class size. In general, this aligns with the
findings from Rong et al. [91]: Explanation metrics are highly sensitive to their parametrisation,
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Figure 4.1: GradCAM: Visualisation of the MoRF strategy, using a sample from the DeepGlobe dataset con-
taining urban and agricultural land, with urban areas occupying a smaller portion. Illustrates
prediction curves for varying k values in the set [0.05, 0.1, 0.2, 0.5, 0.9]. The p values for Urban
Land are: p = 0.77 , p = 0.34, p = 0.05, p = 0.01, p = 0.03 and for p for Agricultural Land:
p = 0.98, p = 0.98, p = 0.96, p = 0.64, p = 0.31. The first column shows the original image and
its reference map. The top row presents the urban land class, and the bottom row the agricultural
land class, each image is masked. The last column shows the attribution map. The subtitle of
each plot shows the k value and the prediction logit for the corresponding class.

Figure 4.2: GradCAM: Visualisation of the LeRF strategy, using a sample from the DeepGlobe dataset con-
taining urban and agricultural land, with urban areas occupying a smaller portion. Illustrates
prediction curves for varying k values in the set [0.05, 0.1, 0.2, 0.5, 0.9]. The p values for Urban
Land are: p = 0.9, p = 0.92, p = 0.94, p = 0.96, p = 0.89 and for Agricultural Land: p = 0.99,
p = 0.99, p = 1, p = 0.99, p = 0.72. The first column shows the original image and its reference
map. The top row presents the urban land class, and the bottom row the agricultural land class,
each image is masked. The last column shows the attribution map. The subtitle of each plot
shows the k value and the prediction logit for the corresponding class.

especially removal order and perturbation strategy. Different orders of pixel removal often give
opposite results. For example, local attribution methods may perform well under one sequence
while performing poorly under another, as noted by Hooker et al. [90]. This poses a significant
challenge to the objective comparison of different attribution methods [91].

Figure 4.5 presents the application of the MoRF removal strategy using the DeepLIFT method
on the same sample, with k values ranging over [0.05, 0.1, 0.2, 0.5, 0.9, 1]. The plot is struc-
tured the same as the previous ones. For urban land, the prediction probability p starts at
0.71 and progressively decreases as k increases, finally reaching p = 0.03 when all original
features are eliminated. In contrast, the agricultural class maintains high prediction probabil-
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Figure 4.3: GradCAM: Prediction curve for the MoRF strategy applied to a DeepGlobe dataset sample, illus-
trating the variance in model prediction between urban and agricultural land classes, for images
masked with different k values.

Figure 4.4: GradCAM: Prediction curve for the LeRF strategy applied to the same DeepGlobe dataset sam-
ple, illustrating the variance in model prediction between urban and agricultural land classes, for
images masked with different k values.

ities, almost 0.99, up to k = 0.9. The main difference here is that the explanation provided by
DeepLIFT compared to the GradCAM explanation (visualised in Figure 4.1) is not a coherent
patch. DeepLIFT attributes most relevance to the edges in the image. As this leads to disjoint
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Figure 4.5: DeepLIFT: Visualisation of the MoRF strategy using a sample from the DeepGlobe dataset con-
taining urban and agricultural land, with urban areas occupying a smaller portion. Illustrates
prediction curve for varying k values in the set [0.05, 0.1, 0.2, 0.5, 0.9, 1]. The p values for Urban
Land are: p = 0.71, p = 0.63, p = 0.49, p = 0.47, p = 0.88, p = 0.03 and for p for Agricultural
Land: p = 0.99, p = 0.99, p = 0.99, p = 0.99, p = 1, p = 0.33. The first column shows the
original image and its reference map. The top row presents the urban land class, and the bottom
row the agricultural land class, each image is masked. The last column shows the attribution map.
The subtitle of each plot shows the k value and the prediction logit for the corresponding class.

pixels being removed from the image, there are still enough relevant features contained in the
image to predict with high confidence, e.g. the urban land prediction for k = 0.5 remains at
a certainty of p = 0.47. Additionally, for k = 0.9 it even increases to p = 0.88, meaning that
through the baseline perturbation, a discriminative artefact was introduced in the image. This
also occurs for the agricultural class.

At k = 1, where all features are removed, the prediction remains at 0.33. This means that
even from a completely black image, the model predicts the presence of agricultural land with
a confidence level of 33%. This aligns with the findings of [88, 87], who showed that an MNIST
classifier produces a prediction with 91% confidence on a Gaussian noise input and emphasizes
the importance of a solid perturbation strategy and a carefully selected baseline.

Perturbation Strategy: The necessity of sophisticated perturbation strategies for explanatory
methods has already been discussed in 3.7. However, the same arguments apply to explana-
tion metrics. Usually, both Faithfulness and Robustness metrics, use perturbations to evaluate
explanation methods. As shown in Figure 4.5, the classifier predicts the class agriculture in a
black image with a confidence of 0.33. This can prevent metrics that use perturbations from be-
ing reliable. This issue is particularly prevalent with Faithfulness metrics. Robustness metrics,
which also employ perturbations, usually insert noise to generate small perturbations. This is
one of the reasons why Hooker et al. introduced ROAD [90]. This metric requires a retraining
step to adapt to the distribution shift introduced by the perturbations, which is highly ineffi-
cient. For smaller perturbations, as typically used in Robustness metrics, there is an assumption
that models trained on RS data will be more resilient to these perturbations. For CV datasets,
perturbation of a unique descriptive feature can significantly alter the model’s prediction. In
contrast, for datasets that are biased towards classes that contain only descriptive textural fea-
tures like in RS, such perturbations have less impact because the texture should be consistent
and noise, such as clouds obscuring the view, is less problematic.

Efficiency: Lastly, when choosing appropriate evaluation metrics, the Efficiency of these
metrics must be considered. The evaluation time of a metric often correlates with the efficiency
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of the utilized explanation method and the inference time of the model. Additionally, the input
size can increase the time needed for evaluation. Metrics that perturb the input often use a
sliding window over the input image. While the size of this window is adjustable, higher
granularity requires smaller windows and strides, which can be problematic due to the large
size of RS images in terms of both spectral resolution and overall image size.





5 Guiding the Training with
Explanations

Explainable Artificial Intelligence methods provide various insights into the reasoning of a
model. However, most research in this area stops there: Decisions are explained and problems
may be discovered, but the insights gained are rarely applied to achieve more trustworthy,
fairer, or simply better-performing models [27].

Weber et al. [27] denotes the usage of explanations to improve models xAI-based augmen-
tation and states that through it several properties of AI models can be improved improve:
performance, convergence, robustness, efficiency, reasoning, and equality. They also identify
five categories of xAI-based augmentations: 1) Data Augmentation modifies the input distri-
bution using input layer explanations, which affects all components of the training loop. 2)
Feature Augmentation uses intermediate explanations at specific layers to mask or transform
corresponding intermediate features, affecting higher feature representations and subsequent
training components. 3) Loss augmentation uses the power measures of the loss function to
guide training, indirectly affecting all components of the backward pass. 4) Gradient augmen-
tation has two sub-types: feature gradient augmentation, which masks or transforms feature
gradients at a given layer, affecting parameter updates and feature gradients of lower layers,
and parameter gradient augmentation, which alters parameter gradients at a given layer, af-
fecting only parameter updates of that layer, requiring parameter-wise explanations. 5) Model
Augmentation after training uses intermediate layer explanations to estimate the importance of
neurons, filters or parameters, which can guide pruning or quantisation of the model [27].

In this thesis, the terms xAI-guided training and xAI-based augmentation are used interchange-
ably. The following discussion elaborates on two specific strategies used within xAI-guided
training:

Loss augmentation modifies the behaviour of the loss function using explanations as feed-
back. Based on the unaugmented loss function LPRED( f (x), y) and the explanation method Φ,
the augmented loss function is

LAUG( f (x), y) = LXAI( f (x), y, Φ(x)) · ( f (x), y), (5.1)

where LXAI is added as a regularisation term and · can be any scaling operator.

Data augmentation uses explanations to change the structure of the data via the general
function Θ(X, Rl,t), which takes the original data X and the attributes Rl,t as inputs to produce
augmented data [27]:

(X′)1,t = Θ(X, Rl,t). (5.2)

For each of these categories, a method is selected and used in this thesis to evaluate the
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effectiveness of different explanation methods in combination with the respective xAI-guided
training method (see Objective B 1). For loss augmentation, the Right for the Right Reason
method was selected, while CutMix with xAI LP was used as the data augmentation technique.
Both methods are described in detail in the following sections.

5.1 Right for the Right Reasons
A popular approach for loss augmentation is the Right for the Right Reason (RRR) loss [30], a
loss function that attempts to improve the reasoning of the model. Reasoning in this context
means that the model’s predictions are based on ’relevant’ features rather than spurious corre-
lations. Ross et al. argue that classical loss functions do not guarantee trustworthiness and that
improved reasoning also increases the generalisation capabilities of the model [30].

To improve inference, they use an additional binary relevance mask mi for each sample xi ∈
X tr and each input feature δ ∈ {1, . . . , D}, this mask defines whether it is relevant for the
prediction of class c. In particular, if δ is relevant, mi[δ] = 0 and if it is irrelevant, mi[δ] = 1. To
incorporate this knowledge of feature importance into the loss, they compare it with the results
of the explanation. It is defined as

LREASON(ei, mi) = ∥mi ⊙ ei∥2
2, (5.3)

where ∥·∥2
2 is the ℓ2 norm, ⊙ is the Hadamard product, and ei is the explanation for the sample

xi. Now, the loss function can be extended by adding the additional loss regularisation term to
align the prediction with the relevance mask:

LRRR( f (xi), yi) = LPRED( f (xi), yi) + λLREASON(ei, mi), (5.4)

with λ as regularisation parameter.

One strategy to generate the relevance map is to use a reference map and assign positive
relevance to all features that lie in the class area. However, this approach has two major dis-
advantages. First, the reference map must be known. For RS images, this may involve a costly
manual labelling process. Second, class dependencies must be known or are not considered in
this approach. This may not be critical for RS images, but for other data domains, AI models
are valued for their ability to find patterns in data that humans might miss.

There is also a technical problem. Since the RRR loss only penalises incorrect explanations,
it could lead the model to learn that it should only produce explanations that are close to 0 in
terms of the size of the value assigned. Therefore, an extension of the RRR loss is introduced:
Right for Right Reasons with Mean Squared Error (RRR MSE), denoted as LRRR MSE. The rel-
evance map is reversed, i.e. if δ is relevant for the prediction, m′

i[δ] = 1 holds. Then the MSE
loss of the explanation and the relevance map is calculated to reward positive attributions and
penalise negative ones. Mathematically, LRRR MSE is defined as follows:

LRRR MSE =
1
n

n

∑
i=1

(Clip(ei)− m′
i)

2, (5.5)
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where Clip is the clipping function to avoid penalising explanations that are too high:

Clip(x) =

{
x if x ≤ 1
1 else

. (5.6)

5.2 CutMix with Label Propagation for Multi-Label
Classification

One popular approach for classical data augmentation in image classification tasks is CutMix
[66]. CutMix involves mixing parts of two existing images to generate an augmented image.
The primary motivation behind CutMix is to improve model robustness and performance. This
is achieved by filling informative parts from different images into uninformative cutout areas
and updating the label accordingly. However, the direct application of CutMix in MLC can
result in the erasure or addition of class labels in the augmented image, which can lead to the
introduction of multi-label noise, as discussed by [65]. They propose a Label Propagation (LP)
function to propagate pixel-wise label information into the label label of the augmented image.

The following notation is adapted from Burgert et al [65], except the notation for Φ as readout
function, which denotes an explanation method in this thesis. For the LP readout function ϕ is
used.

Let D := {(x1, y1) , · · · , (xN , yN)} be a multi-label training set, where N ∈ N is the number
of training images. Each pair of elements in the set D is constituted by an image, represented
by a vector of real numbers of length C, and a vector of real numbers of length H and W, where
C, H, and W are defined as follows: The number of image bands with a height of H and a width
of W, and its multi-label vector yi ∈ {0, 1}L, where L ∈ N defines the number of classes. Each
element of the vector yi indicates the presence (1) or absence (0) of class c.

In the context of CutMix, a box R = (ra, rb, rc, rd) is defined by its corners (ra, rb) and (rc, rd),
and its area is AR = (rc − ra) (rd − rb). The binary mask BR =

(
bj1 j2

)
j1 j2

∈ RH×W for R is
defined as follows:

bj1 j2 =

{
1, if ra ≤ j1 ≤ rc and rb ≤ j2 ≤ rd
0, otherwise

(5.7)

To generate an augmented image, x̃, with label ỹ, we combine two images, x1 and x2, and their
labels, y1 and y2. This results in the generation of two boxes, R1 and R2, and their masks, B1
and B2. The inverse mask (1 − B1) is combined with x1 as (1 − B1)⊙ x1, and R2 is extracted
from x2 as B2 ⊙ x2. The image shift operator TxR2R1 aligns the boxes.

B1 ⊙ x1 =

(
0 0
0 xR1

)
B2 ⊙ x2 =

(
xR2 0
0 0

)
Tx

R2R1
(B2 ⊙ x2) =

(
0 0
0 xR2

) (5.8)
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The augmented pair (x̃, ỹ) is:

x̃ = (1 − B1)⊙ x1 + Tx
R2R1

(B2 ⊙ x2)

ỹ = (1 − AR) y1 + ARy2
(5.9)

Similar to RRR, reference maps are required to propagate label information at the pixel level.
For each pair of coordinates (xi, yi) in the dataset D, let mi ∈ [0, L]H×W be a pixel-level reference
map. The reference map shift operator Tm

R2R1
and read-out function ϕ extract class positional

information:
x̃ = (1 − B1)⊙ x1 + Tx

R2R1
(B2 ⊙ x2)

m̃ = (1 − B1)⊙ m1 + Tm
R2R1

(B2 ⊙ m2)

ỹ = ϕ(m̃)

(5.10)

In the absence of reference maps, the authors propose the use of explanation masks, making
it a data augmentation strategy for xAI [65]. Let ei ∈ {0, 1}L×H×W be the masks. The class
explanation mask shift operator Te

R2R1
and read-out function ψ generate the updated ỹ.

ẽ = (1 − B1)⊙ e1 + Te
R2R1

(B2 ⊙ e2)

ỹ = ψ(ẽ)
(5.11)

A class c is considered present in ỹ if the number of activating pixels exceeds a threshold tmap.
If a class is not included in the multi-label of the image, the explanation mask is set to zero. The
aforementioned masks can be converted to binary masks using a threshold tcam.

The authors demonstrate that for ResNET [119] trained for 120 epochs with a box size range
of 0.3 − 0.7, CutMix with LP using reliable reference maps achieves the most optimal over-
all performance, with an 84.65% map macro, representing a 5.65% increase over the baseline
without augmentation [65].



6 Datasets and Experimental Setup
6.1 Datasets
For the evaluation, three datasets were used: one single-label CV dataset: Caltech101, and two
multi-label RS datasets: DeepGlobe and BigEarthNet-S2 (BEN). The key characteristics of the
datasets are summarised in Table 6.1.

Table 6.1: Summary of key attributes of various scene classification datasets, including the number of images
(||D|), unique labels (L), average labels per image, number of channels (C), image dimensions and
spatial resolution, and the type of pixel-level reference maps, taken and adapted from [65].

Datasets |D| L Avg. L
per Image

C Image Size
(Spatial
Resolution)

Pixel-Level
Reference
Maps

Caltech101 9,144 101 1 3 224 × 224 (-) Manually
Annotated

DeepGlobe 18,185 6 1.71 3 120 × 120 (0.5 m) Manually
Annotated

BEN 250,249 19 2.95 10 120 × 120 (10 m),
60 × 60 (20 m)

Thematic
Product

BEN
Lithuania

51,624 19 3.94 10 120 × 120 (10 m),
60 × 60 (20 m)

Thematic
Product

The Caltech101 [120, 121] dataset is a collection of digital images designed to facilitate com-
puter vision research, particularly in the areas of object detection and image classification. It
contains 9,144 images with 101 distinct categories of objects. The categories are diverse, in-
cluding a variety of animals, vehicles, household objects, and other common items, each repre-
sented by around 50 but up to 800 images. Figure 6.1 shows four samples from the dataset.

The DeepGlobe Land Cover Classification Challenge (DeepGlobe-LCCC) dataset [122] in-
cludes 1,949 RGB tiles of size 2448 × 2448 pixels with a spatial resolution of 0.5 m, collected over
Thailand, Indonesia, and India. Each tile is associated with a manually annotated ground ref-
erence map. The classes in this dataset are urban, agriculture, rangeland, forest, water, barren,
and unknown. Figure 6.2 depicts four samples from the dataset.

In this thesis, the DeepGlobe (DeepGlobe) dataset is used, which Burgert et al. [65] derived
from the original DeepGlobe-LCCC dataset to make it suitable for MLC. All tiles are divided
into a grid of 120× 120-pixel patches. Multi-labels are derived from the label information of the
associated 120 × 120-pixel reference maps, excluding patches containing the class "unknown."

49
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Figure 6.1: Four Examples from the Caltech101 dataset.

Only 20% of the patches with a single present class and all patches with more than one present
class are included, resulting in an average of 1.71 present classes per patch. DeepGlobe includes
30,443 patches, split into a training set (60%), a validation set (20%), and a test set (20%).

Figure 6.2: Four Examples from the original DeepGlobe dataset

The BigEarthNet-S2 (BEN) dataset [123] is a multi-label dataset based on Sentinel-2 multi-
spectral images acquired over ten countries in Europe. The class annotations were extracted
from reference maps originating from the publicly available thematic product CORINE Land
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Cover Map inventory of 2018. Each of the 590,326 patches is annotated with a subset of 19
LULC (Land Use and Land Cover) classes, including different types of forests, water bodies,
and complex urban or agricultural classes. The dataset contains an average of 2.95 present
classes per patch. Figure 6.3 visualised four samples from the dataset. The BEN data set con-
tains noisy pixel-level reference maps, which are derived from a thematic product. However,
due to the strong noise, these maps are not used for the evaluations.

For the experiments, only images from the country Lithuania were used, because this coun-
try encompasses a broad representation of all classes. This selection was strategically made to
reduce the computational load required for running explanation metrics. The BEN-Lithuania
dataset comprises a total of 51,624 samples, divided into training, testing, and validation sub-
sets, making up about 46.8%, 28.2%, and 25% of the data respectively. Each patch in this dataset
averages 3.8 classes, a higher count than the overall dataset, showcasing the diverse terrain and
land cover types prevalent in this Baltic region. For simplicity, BEN lithuania is denoted as BEN

The label distribution for BEN-Lithuania, as visualised in Figure 6.4, reflects the geography
of Lithuania, with a strong presence of agricultural and forested areas due to the country’s
extensive arable land and forests. Industrial areas are also well represented. However, some
classes such as "Beaches, dunes and sands" are minimally represented, reflecting Lithuania’s
short coastline.

Figure 6.3: Four Examples from the BEN dataset.

6.2 Experimental Setup
This section describes the experimental setup, methodologies, and evaluation techniques used
to investigate the capability of xAI methods on RS data and to assess their impact on improving
classifier training.

The content is divided into two main parts. The first subsection defines the setup of the eval-
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Figure 6.4: Label Distribution for BEN Lithuania, the label names are shortened.

uation for xAI methods and metrics on RS data, corresponding to Objective A 1. The second
subsection defines the setup for the xAI-guided training, aligning with Objective B 1. To en-
sure reproducibility, each experiment was conducted three times using distinct random seeds
ρ ∈ {42, 43, 44}. These iterations are henceforth referred to as runs. All code is published on
GitHub in the main repository and the adapted explanation metrics repository.

Explanation Methods and Metrics

This section outlines the methodology used to compare the effectiveness of the different expla-
nation methods across the explanation metrics. Each method was applied to models trained on
the datasets (see Section 6.1). A detailed description of the methods can be found in Chapter
3, and a detailed description of the metrics in Chapter 4. The hyperparameters used for the
metrics can be found in the Appendix 3. The aim is to assess whether the methods developed
for RS data perform differently from those applied to classical CV tasks, and how they vary
considering different RS data complexities.

In each run, a VGG16 classifier [79], pretrained on ImageNet [124] with weights from TorchVi-
sion [125], was fine-tuned on each dataset for 20 epochs. The hyperparameters used were:
Learning Rate: 0.025, Momentum: 0.9, Weight Decay: 0.0005, Optimizer: ’Stochastic
Gradient Descent’. The training outcomes are recorded as a baseline in Table 7.1. For SLC
predictors, accuracy was the main metric; for MLC predictors, macro mean Average Precision
(mAP) was the main metric, as it is well suited to MLC. To explain the predictions of a NN, it is
necessary to evaluate whether a class is present in the image. For SLC this can be determined
by using the maximum value from the prediction logits. However, for MLC tasks, where mul-
tiple classes may be present, a classification threshold is required. For the DeepGlobe datasets
a classification threshold of 0.5 was used, while for BEN the optimal classification threshold

https://github.com/JonasKlotz/xai-survey-for-remote-sensing
https://github.com/JonasKlotz/Quantus
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was approximated.

The implementation framework utilized was PyTorch [126], specifically leveraging the Light-
ning extension [127]. Explanation methods were adapted from Captum [128]; these methods,
originally designed for SLC, required slight modifications:

Given a dataset of images and corresponding multi-labels, each image and label pair is de-
noted as (xi, yi). Here, xi ∈ RC×H×W represents an image with C channels (such as RGB bands),
height H, and width W. The multi-label vector yi ∈ {0, 1}L indicates the presence (1) or ab-
sence (0) of each of the L classes. For each class c, the entry yc

i specifies whether class c is
present in image xi. Let ec

i ∈ RC×H×W represent the explanation for sample xi concerning
class c. Conversely, let ei denote the explanation for the multi-label prediction f (xi), where
ei ∈ RL×C×H×W . For the experiments, only the classes predicted by the classifier were evalu-
ated. If class c was not predicted, then ec

i = 0. Accordingly, a multi-label explanation method
is a function Φ that produces a multi-label explanation:

Φ : RC×H×W → RL×C×H×W , (6.1)

which produces a vector of explanations ei ∈ RL×C×H×W for all classes c ∈ L. To generate ei,
for each predicted c an explanation ec

i ∈ RC×H×W was calculated and finally concatenated. For
simplicity, the explanations were aggregated across channels by summing over the channels C:

el
i = ∑

k∈C,c∈L
ek,c

i , (6.2)

where ek,c
i denotes the explanation for class c and k-th channel.

The hyperparameters for the explanation methods were set as follows: For DeepLIFT, the
baseline value was set to 0. In the case of GradCAM and Guided GradCAM, the selected layer
was the last convolutional layer, and bilinear interpolation was used. For IG, the number of
steps was set to 50 with a baseline value of 0, and the Gauss-Legendre method was utilized
for the integral approximation. The LIME method employed a similarity measure using a Eu-
clidean exponential kernel with a kernel width of 500. The interpretable model used was linear
regression from [129], and 15 superpixels were generated using Simple Linear Iterative Clus-
tering (SLIC) from [130]. For LRP, according to [2], the first third of the network utilized the
LRP-γ rule, the second third utilized the LRP-ϵ rule, and the final third applied the LRP-ϵ 0
rule. Lastly, the occlusion method employed a sliding window of size (50, 50) over the chan-
nels with strides of (10, 10), and the baseline was set to 0.

Qualitative evaluation of explanations poses significant challenges. Ancona et al. [94] argue
that user perceptions favour simpler, shape-focused explanations, which may not accurately
reflect the internal processes of the network. Furthermore, most metric categories cannot be
evaluated qualitatively; only Localisation and Complexity metrics are amenable to such evalu-
ation. Categories such as Robustness or Randomisation, which require model modifications or
input perturbations, must be evaluated quantitatively. Given the questionable value of simpler
explanations for RS image (see Section 4.7), the focus in the qualitative evaluation lies on the
Localisation of the OoI. Further details are discussed in the Chapter 4. For the visualisations,
the VGG model trained with the random seed ρ = 42 was used, which showed approximately
the same performance as the baselines.



54 Chapter 6. Datasets and Experimental Setup

As most metric categories cannot be evaluated qualitatively, the quantitative evaluation be-
comes even more important. However, the explanation metrics showed significant outliers
and varying ranges between different metrics, making a direct comparison between different
metrics difficult. To address these issues, several pre-processing steps were implemented.

Specifically, a logarithmic transformation, log2(Ψ(ei)), was applied to two metrics: RIS and
ROS. The following steps were applied to all metrics. To further mitigate the influence of out-
liers, Robust Scaling was applied, by adjusting the scaling by using the median and the in-
terquartile range (IQR), calculated as the difference between the 75th and 25th percentiles:

V ′′
Ψ =

V ′
Ψ − median(V ′

Ψ)

IQR
,

with IQR = Q3 − Q1,
(6.3)

with V ′
Ψ = AVGi∈Xte Ψ(ei) Furthermore, Min-Max Scaling was employed to normalize the val-

ues into a [0, 1] range, to ensure comparability across all metrics:

V ′′′
Ψ =

V ′′
Ψ − min(V ′′

Ψ)

max(V ′′
Ψ)− min(V ′′

Ψ)
. (6.4)

Finally, for metrics where a lower value indicates a better outcome, the scores were adjusted to
align all metrics such that higher values consistently represent better outcomes:

VΨ = 1 − V ′′′
Ψ , (6.5)

where VΨ is the final value for metric Ψ.

Explanation-Guided Training

This section outlines the experimental design to assess whether two xAI-guided training meth-
ods, described in Chapter 5, can enhance the training process of NNs. As stated in Objective B
1, the primary goal for RRR is to improve reasoning, whereas the goal for CutMix with xAI LP
is to improve performance and generalisation capabilities.

Right for the Right Reasons

For the RRR evaluation, VGG16 [79] models were trained using the specifications and hyper-
parameters listed above. The baseline as described in Table 7.1 was used. Experiments were
conducted on the Caltech101 and DeepGlobe datasets to compare the SLC and MLC results.
The BEN datasets was excluded as it does not provide a ground truth reference map. For RRR,
a parameter λ can be used to scale the weighting of the RRR loss and the regular loss. Several
values of λ have been used. Both, the original RRR and RRR MSE, RRR and RRRMSE were
utilised.

Evaluating improvements in model reasoning involves assessing its reliance on SC in the
training data. For the Caltech101 dataset, which contains known SC, one can qualitatively
assess whether the models rely on SC after training modifications. Additionally, improvements
in Localisation metrics are measured. For a dataset containing SC, an improvement in these
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metrics is expected; if the model uses SC, explanations will be localised in the region of the SC
rather than on the OoI. However, these analyses were restricted to the Caltech101 dataset, as
the multi-label datasets do not contain any known SC. As the model is encouraged not to use
spurious features for prediction, the performance on the test metrics is expected to decrease.
However, the method cannot be used if the performance of the model is substantially reduced.
Therefore, two factors are evaluated: the test metrics and the reasoning.

CutMix with xAI Label Propagation for Multi-Label Classification

To evaluate CutMix with xAI LP guided training, VGG16 models were trained using the specifi-
cations and hyperparameters listed above. In addition, to compare the results with the original
experiments by Burgert et al. [65], a ResNET34 [119] was trained using similar hyperparam-
eters to the VGG models. To evaluate the model improvements, a baseline without augmen-
tation was trained. As an upper bound, CutMix training was performed using LP with the
original reference maps, as this is the optimal LP strategy. To evaluate the method the per-
formance increase in the test metrics compared to this upper bound and the baseline without
augmentations was evaluated.

The xAI integraton of CutMix utilizes three relevant hyperparameters: tmap and tcam [65],
and the box size [66]. The tmap threshold defines how many activating pixels are necessary
for a label to be propagated, and the tcam threshold defines the minimal relevance that pixel
k needs to have to be considered in the binary explanation map. To choose thresholds tmap
and tcam, one can utilize the given reference maps. For a MLC task, let xi ∈ X be an input
image, yi ∈ Y its corresponding multi-label vector, ei its explanation mask, and si its reference
map. Let x̃ be the CutMix augmentation of that image. Let ϕ : {0, 1}L×H×W → {0, 1}L be the
readout function to derive the new label ỹ from x̃. The readout function can be used with the
augmented explanation masks ˜eyi = ϕ(ẽi) or with the reference map to derive the true new
label sỹi = ϕ(si). To approximate the optimal thresholds tmap and tcam for a set of explanation
masks E, one can maximize the accuracy between ˜eyi and sỹi. The results for the DeepGlobe
datasets, visualized in different matrices, for each explanation method, are shown in figure 1 in
the appendix. The choice of the tcam is best at 0, while tmap has a less significant impact. For the
experiments, tcam = 0 and tmap = 10 were selected, with tmap set similar to the original paper.
For the last relevant parameter, the box size, experiments were conducted as suggested by the
authors [65], testing different box sizes of [0.1 − 0.5] and [0.3 − 0.7].

Correlation Analysis

To examine the relationship between explanation metrics and performance in xAI-guided train-
ing, the correlation r between the results of each explanation metric Ψ for each explanation
method Φ and the training success measured by a metric M on the test set X te was evaluated.
The correlations where calculated were the Pearson correlation with their correlation coefficient
denoted as ρ. Formally:

r = ρ(VΨ), MmAP( f , X te), (6.6)

with VΨ denoting the preprocessed value for metric Ψ, as described in Equations 6.3 to 6.5.

To consider not only correlations for individual metrics, the mean of the correlations was cal-
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culated for the different metric categories. Correlation coefficients have a skewed distribution,
which means that they are not symmetrically distributed around their mean, especially if they
are close to -1 or 1. This skewness means that the simple arithmetic mean of these coefficients
does not represent the ‘central’ value in their distribution. The simple mean can therefore give
a distorted picture of the average correlation.

The Fisher z-transformation converts correlation coefficients into a value that is approxi-
mately normally distributed. This transformation thus equalises the skewness of the origi-
nal values. Normally distributed values are easier to handle, mainly because the mean of a
normally distributed variable is a good estimator for the central trend. The transformation is
formally expressed as:

Z =
1
2

ln
(

1 + r
1 − r

)
, (6.7)

where r denotes the Pearson correlation coefficient.

Subsequently, the mean of the Z-values was calculated to establish a central metric of the
transformed coefficients:

Z =
∑n

i=1 Zi

n
, (6.8)

here n represents the count of correlation coefficients, and Zi indicates the Fisher-Z transformed
values. To convert the mean of the Z-values back to a correlation coefficient, the inverse Fisher-
Z transformation was applied:

r =
e2Z − 1
e2Z + 1

. (6.9)

This final step recalculates the average correlation coefficient in its original scale. Making it
possible to directly compare the linear relationship strengths across different metric categories.
However, it is important to note that the average of the correlations in a category is only an
estimate of a trend across the category as a whole. Individual metrics within that category that
have a strong positive correlation may be cancelled out by other metrics that have a strong
negative correlation. Therefore, the average can only be used as a reliable measure if it is
assumed that the metrics within a category provide approximately the same insight into the
explanation method.



7 Experimental Results and Discussion
In this chapter, the experimental results and discussions are presented in three sections: first,
a qualitative assessment of explanation methods; second, a quantitative analysis using expla-
nation metrics; and finally, an evaluation of explanation-guided training contextualised by the
quantitative analysis. To differentiate between the different explanation methods, a distinction
is made between Backpropagation-based (BP-based) methods, which include LRP, DeepLIFT,
IG and Guided GradCAM, and non-BP-based methods, which are further subdivided into
CAM-based methods, such as GradCAM, and perturbation-based methods, such as LIME and
Occlusion. The results are based on the baseline models, with the corresponding test metrics
visualised in Table 7.1.

Table 7.1: Performance of the baseline models averaged over 3 runs. The metric used for Caltech101 was
accuracy and mAP for the DeepGlobe and BEN datasets.

Model
Dataset

Caltech101 DeepGlobe BEN
VGG16 97.39 83.81 60.47

ResNET34 - 83.84 61.68

7.1 Qualitative Assessment of Explanation Methods
This section provides a qualitative assessment of the explanation methods applied to the Cal-
tech101, DeepGlobe and BEN datasets. By examining the visual quality of the generated expla-
nations, the effectiveness of their corresponding explanation methods is analysed in the context
of the SLC and MLC tasks. The focus is on understanding how well each method highlights rel-
evant features given the structure of the task and nature of the data. As the Caltech101 dataset
was designed for a SLC task, the methods are expected to work as intended. The focus is on
understanding how well each method highlights relevant features, given the structure and na-
ture of the data. As discussed in section 6.2, the qualitative analysis focuses on two properties.
First, how well the method localises the Object of Interest (OoI) and, second, the visual appeal
of the explanation, e.g. if it contains noise and is "understandable" from a human perspective.

Figure 7.1 shows a visual representation of an explanation for the class motorbike from the
Caltech101 dataset. The prediction of the VGG model was correct. The Figure includes the
image, the reference map and the explanations for each explanation method as heatmaps ei.
Each value in the heatmap δj,k ∈ e1, ranges from 0 to 1, with δj,k = 1 indicating the highest
attributed relevance.

The visualisation shows that the BP-based methods, namely DeepLIFT, Guided GradCAM,
IG and LRP, provide fine-grained explanations, with more focus on edges of the input image.

57
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Figure 7.1: Caltech101: Single-label explanations for the correct prediction of the class motorbike. The plots
in order are: image, explanations: DeepLIFT, GradCAM, Guided GradCAM, IG (1st row), refer-
ence map, explanations: LIME, LRP, Occlusion (2nd row). Only positive contribution is visualized
on a scale from 0 to 1, where higher means more contribution towards the class prediction.

In contrast, the explanations of LIME, GradCAM and Occlusion occupy a broader area. It can
be seen that there is a focus on the front wheel of the motorcycle for all explanation meth-
ods. This pattern is evident in many of the other samples containing this class, making it the
discriminative feature for this class.

The DeepLIFT method appears to identify all edges, including shadows on the ground and
edges at the edges of the image that do not contribute to the explanation. The resulting im-
age appears noisy, with the main focus on the front wheel. The GradCAM algorithm high-
lights both wheels and most other parts of the bike. The coherence of the explanation makes
it seem less complex and easier to understand. The Guided GradCAM method also highlights
the edges, but is more focused on the OoI, resulting in a clearer and less noisy explanation
compared to DeepLIFT. The IG explanation is similar to DeepLIFT, with the same noise and
problems. The LIME method places a clear emphasis on the front wheel, with a lesser focus on
the rear. The explanation is easy to understand as only a few distinct image regions have been
identified as significant. The LRP explanation looks analogous to the DeepLIFT and IG. For
the Occlusion saliency map the sliding windows are visible, resulting in a more noisy image,
however, also with a clear focus on the front wheel. From a subjective standpoint, GradCAM
and Guided GradCAM perform best, depending on whether the user requires shape-focused
or texture-focused explanations.

Figure 7.2 shows another sample originating from the Caltech101 dataset. The OoI in the
image is a leopard, and the prediction is accurate. However, the explanation methods demon-
strate that the black border around the image is the most predictive feature, meaning that the
prediction was based on a Spurious Correlation. In general, all explanation methods are more
noisy, and none highlight the object of interest. When analysing the images for the leopard
class, it can be observed that the majority of images contain this black border. Consequently,
the model utilised the border as a shortcut. Nevertheless, the leopard also is attributed some
relevance. This aligns with the findings of [23], that the feature information of the OoI is also
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Figure 7.2: Caltech101: Single-label explanations for the correct prediction of the class leopard with a Spu-
rious Correlation. The plots in order are: image, explanations: DeepLIFT, GradCAM, Guided
GradCAM, IG (1st row), reference map, explanations: LIME, LRP, Occlusion (2nd row). Only
positive contribution is visualized on a scale from 0 to 1, where higher means more contribution
towards the class prediction.

encoded in the internal network representations.

To evaluate the debugging qualities of the explanation methods, it is analysed if the meth-
ods successfully identify the SC. For LIME, this identification is somewhat dependent on the
superpixel setup. The BP-based methods produce edge maps that are not easily distinguish-
able from their normal edge maps, making it more challenging for them to accurately identify
the SC. GradCAM and Occlusion are particularly effective at highlighting the SC.

In the following, a qualitative analysis of selected samples from the DeepGlobe dataset is
conducted. The analysis explores both well-executed and poor explanations across samples
with correct and incorrect predictions.

Figure 7.3: DeepGlobe: Multi-label explanations for the correct prediction of the classes agriculture land and
range land. The first column shows the input image and its reference map. Then each row shows
the class-wise explanations for the methods: DeepLIFT, GradCAM, Guided GradCAM, IG, LIME,
LRP and Occlusion. Only positive contribution is visualized on a scale from 0 to 1, where higher
means more contribution towards the class prediction.

Figure 7.3 shows visual explanations for sample 2619 from the DeepGlobe dataset, high-
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lighting the positive attribution across different explanation methods for each prediction. The
structure of the plot is similar to the explanations visualised earlier, the only difference being
that one set of explanations is provided per predicted class. The example contains the classes
agricultural land and range land. From a human perspective, these two classes often have sim-
ilar characteristics. Both ground types are often cultivated in rectangular shapes and have little
prominent features.

The first method discussed is DeepLIFT, which does not focus well on the locality of the
classes. It attributes pixels outside the reference map of the target objects and similarly high-
lights pixels for both agricultural and range land, with only the attributed relevance differing.
The resulting image looks more like an edge map than an explanation. The second method,
GradCAM, provides a more precise localisation of the OoI. For the agriculture class, it high-
lights the left and bottom parts of the image, where the agriculture area is located. Further-
more, it provides a more coherent visual explanation, although it assigns relevance to a greater
number of pixels. Guided GradCAM produces an edge-like attribution map but correctly high-
lights only the relevant locations. The IG and LRP methods produce similar-looking expla-
nations, highlighting the same edges as DeepLIFT, but distributing the relevance differently.
For both methods, the most relevant pixels for range land are correctly localized, whereas, for
agricultural land, the entire lower portion is incorrectly deemed irrelevant. LIME accurately
locates the most relevant input features but misses many also containing the class. The Oc-
clusion method also maintains a consistent localisation, with a similar relevance assignment to
GradCAM, but appears slightly more noisy due to its low resolution.

An observation is that all BP-based methods tend to highlight the same pixels consistently,
differing mainly in the assigned relevance values. However, except for Guided GradCAM,
they all assign relevance to "wrong" pixels, pixels that do not contain the class of interest. For
Guided GradCAM that is only due to its "guidance" via GradCAM.

GradCAM, LIME, and Occlusion each yield distinct results; among them, GradCAM is the
most precise and comprehensible, LIME’s attributions show some inconsistency with the ground
truth, and Occlusion appears as a noisier variant of GradCAM, confirming GradCAM as the
superior method for this sample.

Figure 7.4: DeepGlobe: Multi-label explanations for the correct prediction of the classes agriculture land and
urban land. The first column shows the input image and its reference map. Then each row shows
the class-wise explanations for the methods: DeepLIFT, GradCAM, Guided GradCAM, IG, LIME,
LRP and Occlusion. Only positive contribution is visualized on a scale from 0 to 1, where higher
means more contribution towards the class prediction.

Figure 7.4 shows the explanations for sample 2619 from the DeepGlobe dataset. The sample
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contains agriculture and urban land and was also predicted correctly. The depiction is similar to
the one in Figure 7.3. The class urban land only occupies a small area, compared to agriculture,
which occupies most of the image. Compared to classes like agriculture, urban land has a more
discriminative shape, as it usually contains rectangular houses.

In terms of explanation methods, DeepLIFT emphasises edges and lacks precision in class
localisation, although the most relevant pixels are accurately located. However, it does not
provide a good human understanding of the model’s decision process, as the explanation con-
tains strong noise. GradCAM performs well overall, but incorrectly assigns some relevance
to rectangular shapes on the right side of the image. It locates urban areas and most agricul-
tural areas accurately. Guided GradCAM similarly highlights both classes accurately, again
with more focus on the edges. IG excels at identifying the shape of urban structures by fo-
cusing solely on this class, but it misses agricultural areas and provides noisy explanations by
incorrectly attributing relevance to shapes in urban land. LIME effectively identifies the most
relevant pixels, particularly for the urban land, but fails to distribute relevance to the large
agricultural class map. LRP identifies urban land accurately but does not perform well with
agricultural land, giving results similar to IG but with less focus on urban detail. Occlusion,
like GradCAM, again provides a noisier but similar performance.

Overall, GradCAM and LIME emerge as the most effective method for both classes in this
sample.

Figure 7.5: DeepGlobe: Multi-label explanations for the partly correct prediction of the classes agriculture
land and barren land, urban land was not predicted correctly. The first column shows the input
image and its reference map. Then each row shows the class-wise explanations for the methods:
DeepLIFT, GradCAM, Guided GradCAM, IG, LIME, LRP Occlusion. Only positive contribution
is visualized on a scale from 0 to 1, where higher means more contribution towards the class
prediction.

Figure 7.5 shows the explanations for the incorrectly predicted sample 5794. The layout of
the Figure is similar to the previous figures. Investigating wrong predictions is a critical use
case for explanation methods. For this sample, the classes barren land and agricultural land
were predicted correctly, but the urban land class was predicted incorrectly. It is evident that
the explanations for the agricultural class were inaccurate across all explanation methods, with
a heavy focus on the left side of the image, whereas the actual land coverage for agriculture is
in the bottom right. LIME is the only method that localizes this class more accurately. However,
it does so in contrast to other methods, such as GradCAM and Occlusion, which attribute most
relevance to the top left. This discrepancy raises concerns about why the methods interpret the
model’s decision so differently and which method explains the model correctly. The other class,
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Figure 7.6: BEN: Multi-label explanations for the correct prediction of the classes agriculture, broad-leaved
forest and moors. The first column shows the input image. Then each row shows the class-
wise explanations for the methods: DeepLIFT, GradCAM, Guided GradCAM, IG, LIME, LRP and
Occlusion. Only positive contribution is visualized on a scale from 0 to 1, where higher means
more contribution towards the class prediction.

barren land, is attributed more accurately, with explanation properties similar to the previous
figures.

The patterns observed in the previous analysis of the DeepGlobe dataset persist in the BEN
dataset. However, the absence of accurate ground truth complicates the visual evaluation of the
explanations. Figure 7.6 visualizes explanations for correct predictions in the classes agricul-
ture, broad-leaved forest, and moors. For the agriculture class, LIME attributes high relevance
to three regions in the image, each consisting of two patches. These patches are located in the
middle, bottom left, and bottom right of the image. BP-based methods (LRP, IG, DeepLIFT,
Guided GradCAM) consistently highlight edges, similar to their behaviour in the DeepGlobe
dataset. The Occlusion method assigns high importance to the top and top-right corner, while
GradCAM attributes relevance to one patch in the top right and another on the left side. In the
broad-leaved forest class, all methods attribute relevance to the bottom right, a patch occluded
by a cloud. The visual evaluation suggests that the broad-leaved forest occupies almost the
entire right half of the image. The consistent highlighting of the clouded patch by all methods
indicates the model may have learned incorrect features. For the Moors class, all methods at-
tribute relevance to the top left of the image. BP-based methods generate strong noise, while
other methods agree on the moor’s position. However, the absence of a ground truth map
makes verifying the moor’s actual location challenging.

Figure 7.8 illustrates the explanations for a BEN sample containing industrial land, complex
cultivation patterns, mixed forest, and inland wetlands.

For the industrial land class, LIME and Occlusion attribute importance to the bottom-left
corner, while GradCAM attributes importance to the entire left side and a patch in the bottom-
right corner. Assessing the actual class location is challenging. Notably, the explanations from
BP-based methods fail here, unlike in the DeepGlobe dataset. Urban and industrial lands share
several features, such as high built-up area density, numerous buildings, and impervious sur-
faces like asphalt and concrete, with scarce vegetation. Despite these similarities, BP-based
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Figure 7.7: BEN: Multi-label explanations for the correct prediction of the classes agriculture, broad-leaved
forest and moors. The first column shows the input image. Then each row shows the class-
wise explanations for the methods: DeepLIFT, GradCAM, Guided GradCAM, IG, LIME, LRP and
Occlusion. Only positive contribution is visualized on a scale from 0 to 1, where higher means
more contribution towards the class prediction.

Figure 7.8: BEN: Multi-label explanations for the correct prediction of the classes industrial land, complex
cultivation patterns, mixed forest and inland wetlands. The first column shows the input image.
Then each row shows the class-wise explanations for the methods: DeepLIFT, GradCAM, Guided
GradCAM, IG, LIME, LRP and Occlusion. Only positive contribution is visualized on a scale from
0 to 1, where higher means more contribution towards the class prediction.



64 Chapter 7. Experimental Results and Discussion

methods appear to visualize random edges for this class, possibly due to the overload of class
information in MLC. For complex cultivation patterns and mixed forest classes, all methods
seemingly attribute the locations correctly. The model identifies complex cultivation patterns
in the bottom left and a mixed forest extending from the bottom left to the top right. The inland
wetland class is also attributed correctly, although the explanations exhibit some noise.

The qualitative evaluation reveals significant differences in the effectiveness of explanation
methods between the CV SLC dataset and the RS MLC datasets. For the Caltech101 dataset,
explanations are generally well-focused on the OoI, with the methods performing effectively
in highlighting relevant features. In contrast, explanations for the RS datasets appear more
chaotic. BP-based models tend to perform better with unique, complex features, such as the ur-
ban land class in the DeepGlobe dataset, likely due to their ability to capture distinct edges and
shapes and underperform with repetitive textures typical of RS data, such as the agriculture
class. The performance of the evaluated model significantly impacts the quality of the explana-
tions. The model performs best on the Caltech101 dataset and worst on the BEN dataset. This
performance discrepancy is likely to bias the evaluation results, making it difficult to isolate
the performance of the explanation methods from the overall accuracy of the model. Con-
sequently, the evaluation remains unverifiable within the current scope. For the DeepGlobe
dataset, there is a strong visual preference for non-BP-based methods, specifically GradCAM,
LIME and Occlusion. These methods provide broader, more area-occupying explanations that
better highlight the textures and are more consistent with the characteristics of the dataset.
From a qualitative, subjective point of view, GradCAM is observed to be the best-performing
method.

7.2 Quantitative Analysis with Explanation Metrics
This Section provides a quantitative analysis of the examined explanation methods across mul-
tiple datasets, evaluating their performance using a range of selected metrics. The datasets
examined are Caltech101, DeepGlobe, and BEN. The explanation metrics are categorized into
five categories: Complexity, Faithfulness, Localisation, Randomisation, and Robustness, allow-
ing for a detailed comparison of each method’s strengths and weaknesses.

Firstly, the overall results per metric for the Caltech101 dataset are visualized in Figure 7.9.
Here, the rows show the explanation methods: Occlusion, GradCAM, LRP, IG, DeepLIFT,
LIME and Guided GradCAM. The description on the top of the columns shows the category of
the metrics, while the bottom description shows the name of each metric. A preprocessing step
was applied to the metrics, to make them comparable, as described in Section 6.2.

In the Complexity category, all BP-based methods (LRP, IG, DeepLIFT, Guided GradCAM)
achieve a score of 0.99 in the ECO metric, significantly outperforming other methods which
score between 0.59 and 0.66. In the Sparseness metric, Guided GradCAM leads with a score
of 0.84. The other BP-based methods follow closely with scores around 0.64, whereas non-
BP-based methods score approximately 0.37. This discrepancy is because methods such as
Occlusion, LIME and GradCAM cover a larger area of explanation, as opposed to the finer
details provided by BP-based methods. Complexity metrics value this as a more ’complex’
explanation, however, this might not be the case for RS images, see Section 4.7.

For the Faithfulness category, the IROF metric sees Occlusion leading with a score of 0.69,
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Figure 7.9: Caltech101: Matrix visualisation of the metrics for various explanation methods, including Oc-
clusion, GradCAM, LRP, IG, DeepLIFT, and LIME, Guided GradCAM. The rows of the matrix
represent different explanation methods, while the columns are categorized by metrics types at
the top and specific metric names at the bottom

closely followed by IG, LIME, LRP and GradCAM. Both DeepLIFT and Guided GradCAM
perform the worst, with an IROF of 0.39. All methods achieve the optimal score in the mono-
tonicity metric (1), confirming that prediction confidence increases monotonically as more rel-
evant features are included. In the SEL metric, IG scores highest with 0.92, while GradCAM
and Guided GradCAM score lower with 0.82 and 0.78 respectively. When evaluating the RP
metrics, particularly for the LeRF removal strategy, a notable outperformance of non-BP-based
methods is observed. Occlusion emerges as the most effective method, achieving a score of
0.67, in contrast to DeepLIFT, which only achieves a score of 0.13. This disparity suggests that
the removal strategy has a significant impact on performance outcomes. Conversely, when
the MoRF strategy is used, all methods show low performance, suggesting that this strategy
does not favour any particular type of explanation method within the dataset, with Guided
GradCAM yielding the best results with a score of 0.32.

For the Localisation metric, AL the Guided GradCAM method performs best. Similar to
the Complexity category, here, the BP-based methods perform better. Probably because the AL
metric emphasises the ratio of relevance within the bounding box to total relevance, Rin

Rtot
. For

instance, the sliding window approach of Occlusion inherently attributes relevance outside
the object, negatively affecting its score. In contrast, LIME leads the PG metric with 97% of
the highest relevance contained within the OoI, followed by Occlusion with 0.84. The other
methods range between 0.7 and 0.8. DeepLIFT consistently underperforms in the RMA and
RRA metrics, while other methods show slightly better performance in these metrics. For the
TKI metric, Occlusion scores the highest with 0.77, while GradCAM scores slightly lower with
0.71.

According to the results of the Randomisation metrics, and consistent with the results of
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[83], BP-based methods underperform compared to LIME, GradCAM and Occlusion. In the
Robustness category, Occlusion shows higher results in all metrics, particularly in RIS with a
score of 0.79, significantly outperforming the other methods which average 0.50. For ROS the
results are more uniform, ranging from 0.49 to 0.58. MS is dominated by Occlusion, GradCAM
and Guided GradCAM with scores of 0.99, 0.96 and 0.92 respectively, with LIME scoring the
lowest at 0.67.
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Figure 7.10: Caltech101: Comparison of explanation methods. The plot displays the sum of the normalised
metrics for various explanation methods, including Occlusion, IG, LIME, LRP, Guided GradCAM,
GradCAM, and DeepLIFT. The y-axis represents the sum of the normalised metrics, ranging
from 9.1 to 10.4. The best possible value is 16.

The overall performance of explanation methods for the Caltech101 dataset is illustrated in
Figure 7.10. The Figure shows the sum of the normalised explanation metrics for each method,
as each metric was scaled from 0 to 1, the total performance of the methods can be compared.
As there were 14 metrics in total the best possible value is 14. The Occlusion achieved the best
overall result, scoring a sum of 10.42. This is due to its good performance in Robustness metrics
and overall solid results. It is closely followed by LIME and IG, with scores of 10.21 and 10,
respectively. TheDeepLIFT method performed worst, with a score of 9.2. However, the range
of the results is not that large, with the best method only performing around 1.2 points better
than the worst, which is about 10% from the total value.

Figure 7.11 shows the results for the quantitative evaluation for the DeepGlobe dataset.
The structure of the Figure is similar to the previous matrix figure. The metrics are again
analysed according to their respective categories. In the Complexity category, similar to the
results for the Caltech101 dataset (7.2), all BP-based methods score 0.99 in ECO. In addition,
Guided GradCAM achieves the highest score in the Sparseness metric at 0.78, with other BP-
based methods also performing commendably.

In the Faithfulness category, Occlusion leads IROF with a score of 0.61, followed by Grad-
CAM and LIME, unlike previous results where IG and LIME followed. All methods consis-
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Figure 7.11: DeepGlobe: Matrix visualisation of the metrics for various explanation methods, including Oc-
clusion, GradCAM, LRP, IG, DeepLIFT, and LIME, Guided GradCAM. The rows of the matrix
represent different explanation methods, while the columns are categorized by metrics types at
the top and specific metric names at the bottom.

tently achieve a perfect score of 1.00 in the Monotonicity metric. The RP metric, is considered
using two removal strategies: MoRF and LeRF. The average score for LeRF is 55.7, higher than
47.7 for MoRF. The LeRF strategy, which is expected to perform better on RS images, does so
because MoRF is more effective with unique, discriminative features, which are less prevalent
in RS images, which are primarily distinguished by texture. This reasoning is further elabo-
rated in the Section 4.7. The non-BP-based methods tend to outperform the LeRF strategy. For
the SEL metric, IG and DeepLIFT rank highest, albeit closely, and Occlusion follows with a
Selectivity score of 0.48.

In the Localisation category, LIME excels in the PG metric with a score of 0.79. The TKI
metric shows competitive performance across all methods, with scores ranging from 0.65 to
0.74. AL sees Guided GradCAM in the lead with 0.68, with the other methods around 0.6.
Interestingly, the BP-based methods now perform similarly to others, unlike the Caltech101
dataset. This could be due to the larger classes of interest, where broader explanations from
non-BP-based methods yield a higher hit rate. For the PG metric, non-BP-based methods also
perform better, with LIME leading, followed by GradCAM and Occlusion. The trend observed
in the RMA metric, where BP-based methods were superior, does not hold, except for IG and
Guided GradCAM, which maintain a high score of 0.69, with GradCAM at 0.66. In RRA, non-
BP-based methods continue to outperform, and in the TKI metric, GradCAM scores the highest.
LRP underperforms in all Localisation metrics.

In the Randomisation category, GradCAM and LIME show the highest performance in the
RL test, with scores of 0.52 and 0.64 respectively. This pattern mirrors the results observed in
the Caltech101 dataset, where BP-based methods significantly underperform compared to their
counterparts. In the Robustness category, GradCAM leads with the highest Max-Sensitivity,
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recording a score of 0.99, with Occlusion closely following. All methods except LIME show
robust performance. In particular, GradCAM and Occlusion outperform the other methods
on the additional Robustness metrics: RIS and ROS. They exceed the average performance of
other methods by 0.07 for RIS and 0.10 for ROS.
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Figure 7.12: DeepGlobe: Comparison of explanation methods. The plot displays the sum of the normalised
metrics for various explanation methods, including Occlusion, IG, LIME, LRP, Guided GradCAM,
GradCAM, and DeepLIFT. The y-axis represents the sum of the normalised metrics, ranging
from 9.9 to 10.5. The best possible value is 16.

The summed performance of the explanation methods for the DeepGlobe dataset is shown
in Figure 7.12. The bar chart shows Guided GradCAM as the top performer with a total score
of 10.41 out of a maximum of 16, closely followed by GradCAM with a score of 10.3. IG is the
third best method, followed by DeepLIFT, LRP and Occlusion in descending order of effec-
tiveness. LIME shows the weakest performance by these metrics. This visualisation highlights
GradCAM and Guided GradCAM as the most effective methods overall in the DeepGlobe
dataset. Interestingly, the Occlusion method performs significantly worse on the DeepGlobe
dataset than on the Caltech101 dataset, where it was previously identified as the best per-
forming method. This divergence in performance may be due to an inherent limitation of the
method for RS images, which is discussed in more detail in Section 3.7.

Figure 7.13 illustrates the metric results for the BEN dataset, maintaining a structure sim-
ilar to the previous matrices. Notably, the Monotonicity metric has been excluded from this
analysis as its value is expected to be uniformly 1 across all methods and it has the longest
computational time, approximately 65 seconds per class per sample per method. Additionally,
the Localisation metrics were omitted due to the noisy reference maps associated with the BEN
dataset, a condition discussed in more detail in Section 6.1.

The Complexity metrics show results consistent with previous analyses. For the ECO metric,
all BP-based methods perform well, while other methods do not. This pattern is repeated in the
Sparseness metric, with Guided GradCAM again performing best, closely followed by other
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Figure 7.13: BEN: Matrix visualisation of the metrics for various explanation methods, including Occlusion,
GradCAM, LRP, IG, DeepLIFT, LIME and Guided GradCAM. The rows of the matrix represent
different explanation methods, while the columns are categorized by metrics types at the top
and specific metric names at the bottom

BP-based methods.

In the Faithfulness category, the trend mirrors the one observed in the Caltech101 and Deep-
Globe datasets, where DeepLIFT and Guided GradCAM underperform. Conversely, LIME and
IG excel in the IROF metric with a score of 0.77. For the RP metric under the LeRF strategy,
non-BP-based methods outperform others, consistent with the findings from the DeepGlobe
dataset. The MoRF strategy shows a lower discrepancy between methods, with Guided Grad-
CAM leading with 0.48. For Selectivity, LIME has the highest score of 0.70, with other methods
performing similarly.

The Randomisation category continues the trend seen in the Caltech101 and DeepGlobe
datasets, with non-BP-based methods performing better. Occlusion and GradCAM achieve the
highest scores in the RL test with 0.57 and 0.58 respectively, while Guided GradCAM records
the lowest score with 0.17. In the Robustness metrics, the Max-Sensitivity metric sees Occlu-
sion and GradCAM leading with values of 0.99. All other methods are closely grouped, except
LIME, which has the lowest score of 0.83. Occlusion and GradCAM also lead in all other Ro-
bustness metrics, although the other methods are closely matched in performance. The results
are quite similar to the ones observed in the DeepGlobe dataset.

As shown in Figure 7.14, the performance of the explanation methods for the BEN dataset is
close. IG leads slightly with a score of 6.49, closely followed by Guided GradCAM at 6.44 and
GradCAM at 6.44. The methods LRP, Occlusion and LIME show similar effectiveness, with
LIME scoring the lowest at 6.17. Despite these differences, the scores are very close, indicat-
ing that several methods show comparable performance across different metrics in the BEN
dataset.

Figures 7.15 and 7.15 visualise the mean sum of the normalised explanation metrics on the
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Figure 7.14: BEN: Comparison of explanation methods. The plot displays the sum of the normalised metrics
for various explanation methods, including Occlusion, IG, LIME, LRP, Guided GradCAM, Grad-
CAM, and DeepLIFT. The y-axis represents the sum of the normalised metrics, ranging from
6.25 to 6.55. The best possible value is 10.

y-axis, the corresponding explanation method used on the x-axis and the dataset used as color.
The figures are used to compare the methods for natural and RS images, with a focus on the
differences in data characteristics and task type.

In the Complexity category, as highlighted in Figure 7.15, BP-based methods (LRP, IG, DeepLIFT,
Guided GradCAM) consistently outperform other methods across all datasets, indicating a
general trend irrespective of task or dataset type. These methods provide simpler explana-
tions, characterized by a lower number of pixels attributed as relevant. This uniform perfor-
mance suggests that the inherent structure of the data does not significantly impact the metrics,
despite the expectation that RS images might result in more complex explanations due to larger
areas of interest. The results show a consistent trend across both image types. However, the
suitability of these metrics for RS image data is questionable, as less complex explanations are
not always better. In RS, detailed texture information can be crucial, and overly simplistic
explanations may omit significant details. This is discussed in detail in Section 4.7.

In the Faithfulness category, the Monotonicity metric showed consistent results across meth-
ods, suggesting that this metric is more method-dependent than data-dependent. The SEL
metric varied significantly between datasets: 86% for Caltech101, 65% for BEN and 52% for
DeepGlobe, representing decreases of 21% and 34% respectively. This variation is partly due
to lower prediction accuracies, but even if only correct predictions are considered, the average
SEL for DeepGlobe increases by only 6%. Thus, for DeepGlobe, the remaining 28% discrepancy
could be attributed to the characteristics of the dataset.

The discrepancy between the datasets becomes more pronounced when the SEL metric is
contrasted with the IROF metric. Both metrics theoretically measure the decrease in prediction
accuracy when the features considered most relevant are removed. However, SEL involves
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Figure 7.15: Performance of the explanation methods over all datasets in the metric category: Complexity.
The x-axis enumerates different explanation methods. The y-axis measures the sum of normal-
ized xAI metrics, scaled to 0 - 1. The color of the bars shows the dataset used.

the removal of individual pixels, whereas IROF involves the removal of entire segments. The
average values for the IROF metric are as follows 0.58 for Caltech101, 0.60 for DeepGlobe and
0.72 for BEN. It is obvious that the RS MLC datasets, particularly DeepGlobe and BEN, perform
better and show a similar difference, albeit more stable. This suggests that the IROF metric may
be more appropriate for evaluating RS data.

Furthermore, for the RP metric, two removal strategies were evaluated: MoRF and LeRF.
The purpose of this evaluation was to see if the choice of removal strategy affected the metric
results, as described in Section 4.7. For RS images, the LeRF strategy results were consistently
higher than for MoRF by approximately 10%, with the most notable differences observed in
the non-BP-based metrics. However, this trend was also observed for the Caltech101 dataset,
where the discrepancy was even higher. In particular, the non-BP-based methods averaged 0.61
for LeRF and only 0.21 for the MoRF strategy. It remains to be seen whether the MoRF strategy
is viable at all. Future experiments could compare both strategies with the same evaluation
as in Section 4.7. However, the results there suggest that LeRF may be the preferred removal
strategy for RS data analysis.

The Localisation metrics show notable differences between the DeepGlobe and Caltech101
datasets. For the PG and TKI metrics, Caltech101 outperforms DeepGlobe by approximately
8% and 6% respectively. One factor contributing to this discrepancy is that Caltech101, as a SLC
dataset, typically has a clearer distinction between the object of interest and the background.
In contrast, MLC datasets such as DeepGlobe, which contain multiple objects, present a greater
challenge in identifying the k most relevant pixels. This difficulty may be exacerbated by the
nature of the PG metric, which tends to be trivial for images with large, dominant objects, mak-
ing the metric less relevant for RS images, which typically contain a single class, and similarly
for the Caltech101 dataset, where the presence of a single object against a background domi-
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nates [110]. Furthermore, it is interesting to note that BP-based methods generally perform less
effectively on these metrics, except Guided GradCAM for Caltech101. For example, the aver-
age scores for LRP, DeepLIFT and IG in the Caltech101 dataset are 0.76, whereas in DeepGlobe
they drop to 0.65, reflecting a decrease of about 11% for the TKI metrics. Similarly, in the RMA
metric, where BP-based methods typically excel for DeepGlobe, they show worse performance.

In the Randomisation category, the results are consistent across different datasets. As visu-
alised in Figure 7.16 the BP-based (e.g. Guided GradCAM, IG, LRP) methods performed in this
category for all datasets. As expected, this indicates that the nature of the data and the task
does not substantially affect the outcomes in this context. In the Robustness category for the
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Figure 7.16: Performance of the explanation methods over all datasets in the metric category: Randomisa-
tion. The x-axis enumerates different explanation methods. The y-axis measures the sum of
normalized xAI metrics, scaled to 0 - 1. The color of the bars shows the dataset used.

Caltech101 dataset, Occlusion and GradCAM significantly outperform other methods. How-
ever, for both RS datasets the performance spread is smaller, although the ranking remains the
same: Occlusion and GradCAM perform best across all categories.

In summary, Complexity performance is higher for BP-based methods and lower for non-BP-
based methods. However, lower performance in complexity for RS data might be beneficial for
understanding, highlighting the need for new metrics. The same method-dependency is visible
for Randomisation metrics. It has to be noted, that as there are two Complexity metrics and
only a single Randomisation metric evaluated, the results of the summation might be biased
towards BP-based methods. This is due to their theoretically founded strength in the former
and weakness in the ladder category. Faithfulness is strongly related to data characteristics,
with perturbation strategy playing an important role, as discussed in Section 3.7 and aligned
with findings from [91]. Robustness shows less drastic changes, with Occlusion and GradCAM
performing best. Significant changes are observed in Localisation, where metrics that rely on
the top-k attributions (TKI, PG) perform worse on RS image data, but metrics that consider the
size of the ground truth maps (AL, RRA, RMA) perform better and work well on RS image
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data.

7.3 Evaluation of Explanation-Guided Training
This section evaluates the effectiveness of explanation-guided training methods in improv-
ing model performance. The focus is on two techniques: RRR loss and CutMix with xAI LP,
analysing their impact on training results for different datasets and model architectures. Fur-
thermore, the explanation metrics results were tested for correlations with xAI-guided training
using the same explanation methods to determine if the explanation metrics could be used as
predictors of xAI-guided training success.

Right for Right Reasons Loss

This subsection examines the application of the RRR loss, an explanation-guided training method
that aims to improve model robustness by ensuring that the model’s explanations align with
human-annotated relevance maps. Furthermore, single and multi-label classification tasks are
compared using on the Caltech101 and DeepGlobe datasets. As reference maps are a prereq-
uisite for RRR, BEN was not considered. The analysis focuses on the test accuracy and mAP
metrics, respectively, under various RRR parametrisations (λ = 1 and λ = 10) and explanation
methods.

As shown in Table 7.2, LIME achieved the highest accuracy scores across all parametrisations
(RRR MSE λ = 1: 98.08, λ = 10: 98.18; RRR λ = 1: 97.90, λ = 10: 98.06), outperforming the
baseline and all other methods for the Caltech101 dataset. IG and Guided GradCAM also
showed strong performance. GradCAM’s performance was notably variable, with a significant
accuracy reduction under from RRR MSE with λ = 10: 96.85 to 21.54 forRRR with λ = 10.

Table 7.2: Test accuracy of various interpretability methods combined with RRR loss and the RRR MSE
variant on the Caltech101 dataset across different parametrisations (λ = 1 and λ = 10).

Method RRR MSE RRR

λ = 1 λ = 10 λ = 1 λ = 10

Baseline 0.9739 0.9739 0.9739 0.9739

DeepLIFT 97.18 97.13 97.24 97.01
GradCAM 89.50 96.85 97.19 21.54
Guided GradCAM 96.62 96.80 97.21 97.26
Integrated Gradients 97.35 97.62 97.62 97.72
LIME 98.08 98.18 97.90 98.06
Occlusion 97.58 97.39 97.01 96.81

The Figures 7.17 and 7.18 show the explanations for the same example as in Figure 7.2. How-
ever, the difference with the previous visualisation is that the models used to generate the pre-
dictions and explanations were trained using RRR-guided approaches. In Figure 7.17, improve-
ments can be seen in all the explanation methods, with improved localisation to the leopard
class, rather than the spurious feature of the black background. In particular, the GradCAM
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explanation is clearer and more focused on the object. The prediction remains unchanged.
However, the explanation generated by the model trained using RRR with DeepLIFT in Figure

Figure 7.17: Caltech101: Single-label explanations for the correct prediction of the class leopard with a Spu-
rious Correlation. The model was trained with RRR GradCAM using RRR MSE and λ = 10.
The plots in order are: image, explanations: DeepLIFT, GradCAM, Guided GradCAM, IG (1st
row), reference map, explanations: LIME, LRP, Occlusion (2nd row). Only positive contribution
is visualized on a scale from 0 to 1, where higher means more contribution towards the class
prediction.

7.18 does not improve significantly. All explanation methods show that the model still uses
the spurious feature for the prediction, even the explanation generated by DeepLIFT. This sug-
gests that some methods, such as GradCAM, are more effective than others, like DeepLIFT, in
reducing reliance on spuriousness through RRR-guided training approaches.

To evaluate the increase of reasoning quantitatively, for the RRR-trained model (GradCAM
MSE λ 1) the Localisation metrics were calculated again. The results are visualized in Figure
7.19, which has the same structure as the previous matrices. Given that the Caltech101 dataset
includes SC, e.g. for the class leopard, it is expected that performance on localisation metrics
will improve as reliance on SC is reduced. It is visible that there is an improvement for all
Localisation metrics compared to Figure 7.9. The average increase over all Localisation metrics
is about 7%, proving that RRR-guided training can improve the reasoning. However, it would
be interesting to repeat the full quantitative evaluation.

The test mAP of the analysed explanation methods on the DeepGlobe dataset was evaluated
across the same parametrisations (λ = 1 and λ = 10) using RRR loss and its RRR MSE exten-
sion metrics, as shown in Table 7.3. Occlusion achieved the highest scores for both RRR MSE
λ = 1 (84.35) and RRR λ = 10 (84.38). DeepLIFT performed best for RRR MSE λ = 10 with a
score of 83.98. LIME excelled in RRR λ = 1 with the highest score of 84.11. GradCAM exhib-
ited poor performance, particularly under RRR λ = 10, where its score dropped significantly
to 44.1. Overall, Occlusion and LIME demonstrated the most robust performance, particularly
Occlusion, which topped two of the four metrics.

As described before, the absence of known SC in the DeepGlobe dataset precludes quantita-
tive measurement of improved reasoning. Future research should focus on testing with a RS
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Figure 7.18: Caltech101: Single-label explanations for the correct prediction of the class leopard with a Spu-
rious Correlation. The model was trained with RRR DeepLIFT using RRR MSE and λ = 10.
The plots in order are: image, explanations: DeepLIFT, GradCAM, Guided GradCAM, IG (1st
row), reference map, explanations: LIME, LRP, Occlusion (2nd row). Only positive contribution
is visualized on a scale from 0 to 1, where higher means more contribution towards the class
prediction.

dataset that includes known SC or integrating such SC into an existing RS dataset.

CutMix with Label Propagation for Multi-Label Classification

This subsection explores the CutMix with xAI LP method, another xAI-guided training tech-
nique designed to enhance model performance by leveraging mixed-sample data augmenta-
tion and propagating labels to improve generalisation. Its effectiveness is examined specifically
for multi-label classification tasks, between VGG and ResNET models for DeepGlobe and BEN.
Caltech101 was not considered, as it is a SLC dataset.

The Table 7.4 presents the test mAP results of various explanation methods applied to two
different models, ResNET and VGG, trained on the DeepGlobe dataset. The explanation meth-
ods were evaluated using two different CutMix box sizes, 0.1 − 0.5 and 0.3 − 0.7. For each
model and method, the table lists the test mAP achieved under the two CutMix box size con-
ditions. The highest mAP values for each model and box size are highlighted in bold to em-
phasize the best-performing configurations. DeepLIFT and LIME achieved the highest perfor-
mances for ResNET. Conversely, GradCAM showed the highest performance for the larger box
size in VGG, suggesting that certain explanation methods may be more suitable for specific
model architectures and parameter settings. The upper bound was the usage of CutMix with
xAI LP using the reference maps instead of explanations, as described in Section 6.2.

The Table 7.5 presents the xAI-CutMix results for the BEN dataset. The structure of the Table
is similar to the one above. GradCAM achieved the highest performances for ResNET with
the smaller box size, while LIME showed the highest performance for the larger box size in
ResNET. Conversely, IG showed the highest performance for both box sizes in VGG. For BEN
no upper bound was provided, as reference maps are necessary to calculate it, and the reference



76 Chapter 7. Experimental Results and Discussion

Table 7.3: Test mAP of various explanation methods combined with Right for the Right Reason (RRR) loss
and the RRR MSE variant on the DeepGlobe dataset across different parametrisations (λ = 1 and
λ = 10).

Method RRR MSE RRR

λ = 1 λ = 10 λ = 1 λ = 10

Baseline 83.81 83.81 83.81 83.81

DeepLIFT 83.91 83.98 83.85 83.88
GradCAM 84.33 70.29 51.30 44.10
Guided GradCAM 83.73 83.83 83.59 83.88
Integrated Gradients 83.87 83.89 83.86 83.81
LIME 83.78 83.21 84.11 83.49
Occlusion 84.35 83.85 83.71 84.38

Table 7.4: DeepGlobe: Training results for CutMix with xAI LP guided training, Test mAP per method for two
different box sizes for VGG and ResNET. The upper bound was the usage of CutMix with xAI LP
using the reference maps instead of explanations.

Model Explanation Method CutMix Boxsize

0.1-0.5 0.3-0.7

ResNET

Baseline 83.84 83.84
Upper bound 86.28 86.28

DeepLIFT 85.84 86.08
GradCAM 85.91 85.92
Guided GradCAM 85.89 86.05
IG 85.38 84.97
LIME 85.99 86.07
LRP 85.94 85.98
Occlusion 85.81 85.87

VGG

Baseline 83.81 83.81
Upper bound 85.28 85.12

DeepLIFT 84.29 84.46
GradCAM 84.13 84.58
Guided GradCAM 84.35 84.05
IG 84.57 84.01
LIME 84.58 84.01
LRP 84.35 84.33
Occlusion 83.99 84.18
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Figure 7.19: Caltech101: Localisation metrics after RRR training using GradCAM. The rows of the matrix
represent different explanation methods, while the columns are categorized by metrics types at
the top and specific metric names at the bottom

maps from BEN were not used.

Comparing the two Tables, we observe that for the DeepGlobe dataset, the highest perform-
ing methods for ResNET were LIME and DeepLIFT. LIME achieved a mAP of 85.99 with the
smaller box size, representing an approximate 2% increase from the baseline of 83.84. DeepLIFT
achieved a mAP of 86.08 with the larger box size, also an approximate 2% increase from the
baseline. For VGG, LIME achieved a mAP of 84.58 for the smaller box size, which is approx-
imately a 0.75% increase from the baseline of 83.81. Similarly, GradCAM achieved a mAP of
84.58 for the larger box size, also an approximate 0.75% increase from the baseline.

In contrast, for the BEN dataset, GradCAM achieved the highest performance for ResNET
with the smaller box size, showing an improvement to 63.14 from the baseline of 61.68, ap-
proximately a 1.4% increase. LIME showed the highest performance for the larger box size in
ResNET, with an improvement to 63.05 from the baseline, approximately a 1.2% increase. For
VGG, IG showed the highest performance for both box sizes, with the mAP improving to 61.08
for the smaller box size and 61.12 for the larger box size, compared to the baseline of 60.47.
This represents approximately a 1% increase for the smaller box size and a 1.1% increase for
the larger box size. The results for VGG on the BEN dataset were all quite similar, indicating a
consistent performance across different explanation methods.

The difference might arise because VGG, being a much larger model, can generalise more
easily, but also has the potential to overfit due to its large number of weights. On the other
hand, ResNET, being smaller, relies more on effective generalisation techniques to perform
well. Therefore, ResNET might benefit more from techniques such as CutMix that help the
model learn to generalise better. As a result, ResNET’s performance improvements are about
twice those of VGG, demonstrating the effectiveness of CutMix in improving ResNET’s gener-
alisation.
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Table 7.5: BEN: Training results for CutMix with xAI LP guided training, Test mAP per method for two different
box sizes for VGG and ResNET.

Model Explanation Method CutMix Boxsize

0.1-0.5 0.3-0.7

ResNET

Baseline 61.68 61.68

DeepLIFT 62.89 62.84
GradCAM 63.14 62.92
Guided GradCAM 62.19 62.11
IG 62.83 62.98
LIME 63.08 63.05
LRP 62.71 62.89
Occlusion 63.12 62.77

VGG

Baseline 60.47 60.47

DeepLIFT 60.12 60.48
GradCAM 60.58 60.81
Guided GradCAM 60.70 60.28
IG 61.08 61.12
LIME 60.77 61.10
LRP 60.52 60.92
Occlusion 60.88 60.35

Correlation Analysis between xAI Metrics and xAI-guided Training Success

xAI-guidance with RRR

In this subsection, the results of the xAI-guided training of a VGG model with the RRR loss
are linked to the results of the metric analysis. The question examined here is if any of the
metrics or metric categories correlate with increased training outcome, i.e. if for an explanation
method, the success in any set of metrics can be used as a predictor to approximate better
model training using this corresponding explanation method in combination with RRR guided
training.

Figure 7.20 illustrates the correlation coefficients between selected xAI metrics and the effec-
tiveness of RRR training on the Caltech101 dataset. The calculations were performed using the
optimal parameterisation for each explanation method within the xAI guided training frame-
work, described in more detail in Section 6.2. Each subplot in Figure 7.20 represents a different
metric category, as detailed in Section 4, and plots the Pearson correlation coefficients on the
y-axis against the individual metrics on the x-axis. Full scatterplots of these correlations can be
found in the Appendix 5.

The correlation analysis illustrates the relationships between training accuracy and various
xAI metrics across different categories. In the first category, Complexity, visualised in subplot 1,
a negative correlation is observed for both metrics. Sparseness and ECO have correlation coef-
ficients of −0.31 and −0.39 respectively. This suggests that explanation methods that produce
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Figure 7.20: Caltech101: Correlation analysis between xAI metrics and test accuracy with RRR-training.
The y-axis of each subplot represents xAI metric, while the x-axis represents the correlation
coefficient. Each subplot visualises a category: 1) for Complexity, 2) for Faithfulness, 3) for
Localisation, 4) for Randomisation and 5) for Robustness.

less complex metrics tend to undermine the effectiveness of RRR training for the Caltech101
dataset. Subplot 2 shows the Faithfulness metrics, which have varying correlations. Metrics
such as IROF, Selectivity, and RP using the LeRF removal strategy show correlations ranging
from 0.36 to 0.6. Conversely, RP MoRF shows a negative correlation with a coefficient of −0.37.
Metrics in the Localisation category, in particular the PG metric, show the strongest positive
correlation of all metrics at 0.94. Other Localisation metrics also show robust positive correla-
tions, with RRA at 0.65 and RMA at 0.5. However, AL shows a slight negative correlation of
−0.12. The only metric considered under Randomisation, the RL test, shows a moderate pos-
itive correlation of 0.38. For Robustness metrics, both relevance metrics, RIS and ROS, show
moderate positive correlations. In contrast, the MS metric shows a significant negative correla-
tion of −0.75, highlighting an inverse relationship with training success.

Figure 7.21 shows the correlation analysis for the DeepGlobe dataset, mirroring the struc-
ture of the previous graph. Detailed correlations and scatterplots related to this analysis are
available in the Appendix 5. The correlation analysis for the DeepGlobe dataset shows similar
trends as observed for the Caltech101 dataset, with even stronger correlations noted for certain
metrics. Specifically, in subplot 1, both Complexity metrics show strong negative correlations:
Sparseness shows a correlation of −0.94, while ECO correlates with −0.92. In subplot 2, rep-
resenting the Faithfulness metrics, RP MoRF and SEL show negative correlations of −0.85 and
−0.68 respectively. IROF and RP LeRF show moderate to strong positive correlations with val-
ues of 0.32 and 0.97 respectively. The Localisation metrics presented in subplot 3 show multiple
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Figure 7.21: DeepGlobe: Correlation analysis between xAI metrics and test mAP with RRR-training. The y-
axis of each subplot represents xAI metric, while the x-axis represents the correlation coefficient.
Each subplot visualises a category: 1) for Complexity, 2) for Faithfulness, 3) for Localisation, 4)
for Randomisation and 5) for Robustness. The coefficients range from -1 to 1, denoting a scale
from perfect negative to perfect positive correlation, respectively

strong positive correlations. RRA is correlated with 0.93, PG with 0.67 and TKI with 0.61. How-
ever, there are also two strong negative correlations present: AL has a negative correlation of
−0.47 and RMA is also negatively correlated at −0.58. The RL metric from the Randomisation
category, shown in subplot 4, shows an even higher positive correlation for DeepGlobe at 0.95.
In the Robustness metrics, both RIS and ROS continue to show high positive correlations, each
at 0.95. In contrast, MS shows a moderate positive correlation of 0.2, reversing the previous
negative trend observed in the Caltech101 dataset.

Figure 7.22 summarises the correlations for each metric categorised into different groups and
presents the Fisher-Z means of the correlation coefficients, as described in Section 6.2. The x-
axis categorises the metrics, while the y-axis represents the Fisher-Z means. Subplot 1, on the
left, visualises the results for Caltech101 and subplot 2 visualises the results for DeepGlobe.
The data within each subplot is ordered by the mean correlation values.

Localisation in Caltech101 has the highest positive mean correlation of 0.6, while in Deep-
Globe it has a more moderate correlation of 0.38. This difference is logical since explanation
methods that excel in Localisation metrics accurately localise the OoI. The RRR loss penalises
explanations that assign high relevance to irrelevant pixels and rewards those that localise the
OoI. This may contribute to a more stable training process. The Randomisation category shows
a positive mean correlation of 0.38 for Caltech101, which is significantly lower than the strong
positive mean of 0.84 observed for DeepGlobe. For the Faithfulness category, Caltech101 has



7.3. Evaluation of Explanation-Guided Training 81

0.6

0.38

0.31

-0.09

-0.35

Localisation

Random
isation

Faithfulness

Robustness

Com
plexity

−0.4

−0.2

0

0.2

0.4

0.6
0.86 0.84

0.38

0.09

-0.93

Robustness

Random
isation

Localisation

Faithfulness

Com
plexity

−1

−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8

xAI Metric Categories xAI Metric Categories

F
is

h
e
r
-
Z
 M

e
a
n
 o

f 
C
o
r
r
e
la

t
io

n
 C

o
e
ff
ic

ie
n
t
s

F
is

h
e
r
-
Z
 M

e
a
n
 o

f 
C
o
r
r
e
la

t
io

n
 C

o
e
ff
ic

ie
n
t
s

1) VGG trained on Caltech101 using RRR 2) VGG trained on DeepGlobe using RRR

Figure 7.22: Correlations plotted between xAI metric categories and RRR-guided training success for VGG
models. Each barplot shows the Fisher-Z Mean of the correlation coefficients (y-axis) for xAI
metric categories (x-axis). 1): VGG trained on Caltech101; 2): VGG trained on DeepGlobe, both
with RRR training.

a mean correlation of 0.32, indicating a moderate effect, while DeepGlobe has only a small
positive mean of 0.09. In the Robustness category, Caltech101 has a slightly negative mean
correlation of −0.09. In stark contrast, DeepGlobe has a positive mean correlation of 0.86 for
the Robustness category. This notable disparity is due to the variation in the performance of
the Selectivity metric, which shifts drastically from a correlation of 0.57 in Caltech101 to −0.87
in DeepGlobe. The performance of the selectivity metric drops significantly, with Caltech101
scoring 86%, which drops to 52% in DeepGlobe. Finally, the Complexity category shows a neg-
ative mean correlation of −0.35 for Caltech101, which contrasts sharply with a much stronger
negative mean of −0.93 for DeepGlobe, indicating a pronounced negative trend for the latter.

xAI-guidance with CutMix with xAI LP

The following section examines the correlations between xAI-guided training metrics and the
effectiveness of CutMix with xAI LP training enhancements for MLC tasks. As in the previous
analysis, the aim is to determine whether any xAI metrics or their respective categories are as-
sociated with improved performance in xAI-guided training. These correlations are calculated
as described in Section 6.2. In contrast to the previous section, which compared SLC and MLC
tasks using RRR, this analysis deals exclusively with MLC tasks, reflecting the specificity of the
CutMix with xAI LP and LP strategy applicable only to MLC tasks. In addition, this research
compares two different model architectures: VGG and ResNET models.

Figure 7.23 illustrates the correlation coefficients for the DeepGlobe dataset, detailing the
relationships between selected xAI metrics and the efficiency of CutMix with xAI LP training
for VGG models. Correlations were calculated using the mean mAP as the test metric. The
structure of this plot is consistent with previous Figures, and additional details along with
scatter plots of these correlations are available in the Appendix 5.

The first metric category to be evaluated is Complexity, where both measures show moderate
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Figure 7.23: DeepGlobe: Correlation analysis between xAI metrics and training improvement using CutMix
with xAI LP for VGG models. The y-axis of each subplot represents selected xAI metrics, while
the x-axis shows the correlation coefficient. Each subplot visualises a category: 1) for Complex-
ity, 2) for Faithfulness, 3) for Localisation, 4) for Randomisation and 5) for Robustness.

negative correlations with CutMix with xAI LP training success, extending previous trends
observed with RRR-guided training. Specifically, Sparseness and ECO yield correlation values
of −0.15 and −0.18 respectively. In the Faithfulness category, the correlations appear to be
less substantial. Only SEL shows a slightly positive correlation of 0.12. Both IROF and RP
with LeRF show coefficients around 0, indicating no correlation, while RP with MoRF shows a
slight negative correlation of −0.12, suggesting minimal contributions from this category. For
the Localisation metrics, RMA shows a strong positive correlation of 0.44 and PG shows a more
moderate correlation of less than 0.4. TKI, AL and RRA register values around 0, indicating no
significant correlation. Within the Robustness category, both relevance metrics show almost no
correlation. However, the MS metric shows a significant negative correlation of −0.52.

Similar to prior figures, Figure 7.24 shows the correlation coefficients for the DeepGlobe
dataset, but concerning the CutMix with xAI LP training success for the ResNET models. The
correlations were analysed using the same methodological framework as before, with further
details and scatter plots available in the Appendix 5. The structural layout of the plot remains
consistent with the previous Figures. For the Complexity metrics in subplot 1, there is a slight
negative correlation for ECO at −0.16, and virtually no correlation for Sparseness at −0.05.
Both Complexity metrics show a smaller correlation than in the previous results. In the Faith-
fulness category, shown in subplot 2, there are significant changes. RP for the MoRF strategy
now yields a strong positive correlation with a value of 0.48, while the LeRF strategy does not
correlate with a result of 0.02. In contrast, to the previous results SEL, IROF show strong nega-
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Figure 7.24: DeepGlobe: Correlation analysis between xAI metrics and training improvement using CutMix
with xAI LP for ResNET models. The y-axis of each subplot represents selected xAI metrics,
while the x-axis shows the correlation coefficient. Each subplot visualises a category: 1) for
Complexity, 2) for Faithfulness, 3) for Localisation, 4) for Randomisation and 5) for Robustness.

tive correlations with −0.3 and −0.57, respectively. The Localisation metrics in subplot 3 also
show drastic shifts. Previously, RMA had a positive correlation of 0.44 for the VGG model, but
now it shows a strong negative correlation of −0.44. Conversely, the PG metric continues to
show a strong positive correlation of 0.38. Other metrics such as TKI, AL and RRA show weak
positive correlations of 0.25, 0.2 and 0.12 respectively. In subplot 4, the Randomisation metric
RL now correlates 0.08, indicating a weaker correlation, similar to the changes seen in the Com-
plexity metrics. Finally, subplot 5 for the Robustness category shows that the ResNET models
show an increase in positive correlations for the relevancy metrics: RIS to 0.16 and ROS to 0.15.
The negative correlation for the MS metric is now more moderate at −0.26, indicating increased
positive correlations and decreased negative correlations compared to the VGG models.

Figure 7.25 summarises the correlations per metric, categorised into groups, and shows the
Fisher Z means of the correlation coefficients, as described in Section 6.2. This plot mirrors the
structure seen in Figure 7.22, where Caltech101 and DeepGlobe were compared, but the focus
now shifts to examining differences between two architectures, with ResNET models in subplot
1 and VGG models in subplot 2. The x-axis categorises the metrics, while the y-axis represents
the Fisher Z means. Within each subplot, the values are organised by the mean correlation val-
ues. For the ResNET results (subplot 1), the correlations appear to be rather moderate, mainly
due to the effect of strong opposing correlations of different metrics neutralising each other.
Within the Complexity and Randomisation categories, only small correlations are observed. In
the Faithfulness category, a large positive correlation of 0.48 for RP with MoRF is offset by a
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1) ResNET trained on DeepGlobe using CutMix 2) VGG trained on DeepGlobe using CutMix

Figure 7.25: DeepGlobe: Correlations plotted between xAI metric categories and CutMix with xAI LP-guided
training success for different models. Each barplot shows the Fisher-Z Mean of the correlation
coefficients (y-axis) for xAI metric categories (x-axis). 1): VGG; 2): ResNET.

strong negative correlation for IROF at −0.57 and SEL at −0.3. Similarly, in the Localisation
category, the positive correlation of the PG metric at 0.38 is negated by the negative correlation
of the RMA metric at −0.44. For Robustness, while both relevancy metrics show correlations
around 0.15, they are counteracted by the MS metric at −0.26. These findings suggest that
summarising results at the category level may be misleading and that a deeper analysis of in-
dividual metrics is essential due to their high variability. Furthermore, this complexity makes
it difficult to draw definitive conclusions about the relationship between xAI-guided training
outcomes and the metrics.

For the VGG model, a stronger trend is observed per category. Randomisation has the high-
est correlation with 0.41, followed by Localisation with 0.18. It should be noted that the Ran-
domisation category only contains a single metric, which limits the generalisability of these
results. Faithfulness shows almost no correlation, as no single metric within this category is
particularly influential. Complexity metrics again show a moderate negative correlation, and
Robustness metrics, influenced by the strong negative correlation of the MS metric, also show
a moderate negative trend.

Three overarching trends emerge from the analysis of the metrics for the DeepGlobe dataset
forCutMix with xAI LP. The Localisation category consistently shows a moderate positive cor-
relation, probably due to the nature of both xAI-guidance methods. Since CutMix with xAI LP
uses a LP strategy that propagates labels to newly augmented images, it naturally benefits from
explanations that accurately localise the object or class of interest. The second trend, observed
in the Randomisation category, shows a moderate positive correlation, while the third trend,
observed in the Complexity metrics, shows a moderate negative correlation.

Similar to previous figures, Figure 7.26 shows the correlation coefficients for the BEN dataset
using VGG models. The correlations, calculated using the mean mAP as the test metric, follow
the same structural layout as the previous analyses. Details and scatterplots are available in the
appendix 5. Note that the Localisation category is excluded from this analysis due to the lack
of quantitative metrics for the BEN dataset, as explained in Section 6.1.
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Figure 7.26: BEN: Correlation analysis between xAI metrics and training improvement using CutMix with xAI
LP for VGG models. The y-axis of each subplot represents selected xAI metric, while the x-axis
shows the correlation coefficient. Each subplot visualises a category: 1) for Complexity, 2) for
Faithfulness, 3) for Localisation, 4) for Randomisation and 5) for Robustness.

Similar to the previous plot, both Complexity metrics in subplot 1 show a moderate negative
correlation: Sparseness has a negative correlation of −0.33, while ECO is negatively correlated
with −0.28. In the Faithfulness category, IROF has a strong positive correlation of 0.86, SEL has
a correlation of 0.42, RP with LeRF has a positive correlation of 0.31, and RP MoRF has a neg-
ative correlation of −0.50. The Randomisation category in plot 4 shows a positive correlation
for the RL metric at 0.25. In the Robustness category, shown in plot 5, the correlations for the
ResNET models are similar to the VGG models shown previously: ROS at 0.17, RIS at 0.08 and
a strong negative correlation for the MS metric at −0.48.

Figure 7.27 shows the correlation coefficients for the BEN dataset for ResNET models. The
correlations, calculated using the mean mAP as the test metric, follow the same structural lay-
out as the previous plots. Although the trends are similar, the Complexity category shows that
ECO is negatively correlated with −0.61 and Sparseness with −0.89. In the Faithfulness cat-
egory, some metrics show particularly strong correlations: SEL with 0.76, IROF with 0.71 and
RP LeRF at 0.59. However, RP MoRF has a negative correlation of −0.78. The Randomisation
metric RL has a strong correlation of 0.8. In the Robustness category, the relevance metrics ROS
and RIS show positive correlations of 0.27 and 0.19 respectively, while the metric MS shows a
moderate negative correlation of −0.19.

Figure 7.28 summarises the correlations per metric, categorised into groups, and shows the
Fisher Z means of the correlation coefficients, as described in Section 6.2. The plot is structured
similar to Figure 7.25. The figure shows a consistent trend across both model architectures for
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Figure 7.27: BEN: Correlation analysis between xAI metrics and training improvement using CutMix with xAI
LP for ResNET models. The y-axis of each subplot represents selected xAI metric, while the
x-axis shows the correlation coefficient. Each subplot visualises a category: 1) for Complexity,
2) for Faithfulness, 3) for Localisation, 4) for Randomisation and 5) for Robustness.
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Figure 7.28: BEN: Correlations plotted between xAI metric categories and CutMix with xAI LP-guided training
success for different models. Each barplot shows the Fisher-Z Mean of the correlation coeffi-
cients (y-axis) for xAI metric categories (x-axis). 1): VGG ; 2): ResNET.

the BEN dataset. In the Randomisation category, a consistent positive correlation is observed,
indicating a strong and reliable influence of the RL metric on training success. Similarly, the
Complexity category consistently shows a negative correlation, suggesting that less complex
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explanations tend to be associated with better training results. In contrast, the Faithfulness cat-
egory shows variability depending on specific metrics. RP MoRF consistently shows a negative
correlation across both datasets and models, highlighting its limited effectiveness in improving
training outcomes. Conversely, other metrics within the Faithfulness category, such as IROF,
SEL and RP LeRF, show positive correlations.

Finally, Figure 7.29 provides an overview of the mean correlations across all datasets, mod-
els, and xAI guidance methods. This bar chart shows the Fisher Z-mean of the correlation
coefficients for each xAI metric category, illustrating the general trends in how these metrics
influence model performance improvement. The categories on the x-axis are ordered by their
correlation strength, from left to right: Randomisation, Localisation, Faithfulness, Robustness,
and Complexity. The Figure summarises the overall influence of each metric category, allow-
ing a direct comparison of their impact on training effectiveness. However, it must be noted
that categories can sometimes be misleading, as observed in the Faithfulness category where
some metrics exhibit strong positive correlations while others show negative ones, effectively
neutralizing each other.
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Figure 7.29: Mean correlation over all datasets, models and both xAI-guidance methods. The y-axis shows
the Fisher-Z Mean of the correlation coefficients for each xAI metric category on the x-axis. The
categories are ordered by their value; From left to right: Randomisation, Localisation, Faithful-
ness, Robustness, Complexity.

Notably, the Randomisation category shows a significant positive correlation at 0.53, sug-
gesting a robust relationship with model performance improvement. In contrast, the Complex-
ity category has the highest negative mean correlation at −0.54, indicating a strong negative
impact on xAI-guided training. This pattern is consistent across all combinations of xAI guid-
ance methods, datasets and models. As hypothesised in the theoretical analysis (see Section
3.7) and supported by the quantitative results, BP-based methods, such as LRP and IG, tend
to underperform in the Randomisation category but overperform in the Complexity category.
Gradient or perturbation-based methods generally show good performance in the Randomi-
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sation category, while yielding more complex explanations, leading to worse performance in
the Complexity category. As both categories show a strong correlation, this supports the hy-
pothesis that xAI-guided training is more effective with non-BP-based methods. However,
the singular inclusion of the RL test in the Randomisation may affect the reliability of these
findings. Nevertheless, as shown by Adebayo et al. [81], BP-based methods generally under-
perform on Randomisation metrics, such as the MPRT, which increases the generalisability of
the observed trends.

The Faithfulness category shows a dependence on certain metrics; RP MoRF often shows a
negative correlation, in particular in 4 out of 6 cases, while metrics such as RP LeRF and IROF
typically show positive correlations. In particular, in the two experiments (CutMix with xAI
LP on DeepGlobe for VGG and ResNET) where RP MoRF is positive, RP LeRF and IROF are
negative. For the Robustness metrics, a slight trend can be observed. The relevancy metrics
RRA and RMA generally show moderate positive correlations, while the metric MS shows a
moderate negative correlation. The Localisation category, assessed only with the Caltech101
and DeepGlobe datasets, shows a moderate to strong positive correlation with improved xAI-
guided training, indicating its significant influence despite the limited dataset comparison. Lo-
calisation metrics that assess the alignment of explanations with ground truth are theoretically
aligned with the goals of both xAI guidance methods employed. Specifically, RRR loss aims
to improve the alignment of explanations with ground truth, suggesting that methods that
excel in Localisation metrics would promote more effective and efficient training processes.
Similarly, the CutMix with xAI LP employs a LP strategy that improves the accuracy of label
propagation in augmented images by ensuring that explanations accurately localise the class
of interest. Accurate localisation is critical in preventing the propagation of incorrect label in-
formation, thereby increasing the effectiveness of training.

Overall, despite the differences in dataset types, the observed correlation patterns are sur-
prisingly consistent, highlighting the potential generalisability of certain xAI metric relation-
ships across both SLC and MLC tasks. Of particular note is the consistent importance of Local-
isation metrics in predicting training success and the strong positive correlation of Randomisa-
tion metrics, contrasted with the negative effect of Complexity metrics. These findings suggest
that RRR loss may be more compatible with non-BP-based metrics such as LIME, GradCAM
and Occlusion.



8 Conclusions and Future Directions
This chapter summarises the key findings and insights from the study. In addition, the limita-
tions of the current research of Explainable Artificial Intelligence (xAI) in Remote Sensing (RS)
are discussed to highlight areas where the study may fall short or where further investigation is
required. Finally, future research directions are outlined to guide further studies to build on the
work presented here, address the identified gaps, and explore new opportunities to enhance
the understanding and application of xAI in RS.

8.1 Summary of Key Findings
First, a theoretical analysis was conducted to determine the suitability of seven explanation
methods (Deep Learning Important FeaTures (DeepLIFT), Gradient-weighted Class Activation
Mapping (GradCAM), Guided Gradient-weighted Class Activation Mapping (Guided Grad-
CAM), Integrated Gradients (IG), Local Interpretable Model-agnostic Explanations (LIME),
Layer Relevance Propagation (LRP), and Occlusion Sensitivity (Occlusion)) and 34 explanation
metrics for Multi-label Classification (MLC) RS image data (see objective A 1). The metrics are
derived from six categories, namely: Axiomatic, Complexity, Faithfulness, Localisation, Ran-
domisation, and Robustness. Furthermore, all methods and selected metrics were empirically
examined with experiments on the Caltech101 dataset which is a Single-label Classification
(SLC) Computer Vision (CV) dataset and two RS MLC datasets: DeepGlobe (DeepGlobe) and
BigEarthNet-S2 (BEN). The results were thoroughly discussed and compared in terms of their
respective image characteristics and task differences.

Secondly, for these explanation methods the outcome of xAI-guided training was examined
using two methods: Right for the Right Reason (RRR) loss and CutMix with xAI Label Prop-
agation for Multi-Label Classification (CutMix with xAI LP) (see objective B 1). The goal of
this second set of experiments was to evaluate if there were improvements in model reasoning
and performance. The results were contextualised within the previous quantitative evalua-
tion, to determine whether success in one of the metrics or categories correlates with improved
outcomes in xAI-guided training.

The first objective was to theoretically examine the efficacy of explanation methods on MLC
RS image data. The theoretical analysis identified problems with backpropagation-based meth-
ods, namely LRP, IG, DeepLIFT and Guided GradCAM. These methods often highlight edges
regardless of the underlying model’s actual decision process [81]. This edge bias implies that
they might struggle with repetitive texture-based RS images.

Furthermore, the analysis examined issues with perturbation-based methods, beginning with
the Occlusion method in the context of MLC. A key issue arises when the area of a multi-label
class is substantially large; the occluding patch may not cover a sufficient portion of the class
area. If a significant number of input pixels representing that class remain visible, the predic-
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tion logits are likely to remain relatively unchanged. This scenario could significantly reduce
the effectiveness of the Occlusion method in accurately identifying the influence of specific
class regions on the model’s decision process. Another issue related to perturbations is defining
a valid baseline, which is complicated by the presence of multiple bands in RS. For example, an
all-zero baseline in thermal imagery is not meaningful and may lead to the misrepresentation
of the importance of features. This might create Out-of-Distribution (OoD) images by introduc-
ing new artefacts, potentially even leaking class information to the classifier [102]. However,
due to the lack of discriminative shapes in RS images, this issue is less problematic. Nonethe-
less, a carefully selected baseline is necessary, particularly for methods like LIME, DeepLIFT,
Occlusion, and IG.

The theoretical analysis of the explanation metrics identified Localisation as a viable metric
category for RS. Localisation metrics assess the accuracy with which the model’s explanations
align with specific areas of interest within these images. By measuring whether the expla-
nations correctly attribute relevance to the pixels that "should" be relevant (based on ground
truth data), these metrics ensure that the model’s interpretative outputs are precise and trust-
worthy. However, this is also a disadvantage, as it requires reliable ground truth maps, which
can be expensive to obtain in the RS setting. The metrics from the Faithfulness category are
also considered important for RS MLC, as they assess the alignment of the explanation with
the actual decision process of the model. However, it is argued that these metrics, if applied to
RS images, are highly dependent on their parameterisation, in particular the removal strategy
and the perturbation baseline. Robustness metrics slightly perturb the input features and mea-
sure differences in the prediction output of the model. Classifiers trained on MLC RS image
data theoretically perform better with these metrics, because there are fewer unique complex
features to be blurred than in natural images. Therefore, strong blurring is recommended to
effectively evaluate robustness. Randomisation and Axiomatic metrics are largely method-
dependent and therefore invariant to changes in the input data. However, they do reveal prop-
erties or limitations of methods that are of general importance. Complexity metrics prove to be
not particularly useful for RS image data. A less ’complex’ explanation implies that relevance
is assigned to fewer features. However, often the texture is the discriminative characteristic in
RS images, leading to naturally complex explanations.

To evaluate the methods and metrics, a VGG16 model was trained on all datasets. Explana-
tions were then generated for each method and evaluated both qualitatively and quantitatively
using the test sets of each dataset.

In the qualitative analysis, GradCAM and Guided GradCAM performed best for the Cal-
tech101 dataset. For the DeepGlobe dataset, a visual preference for non-BP-based methods
was found, specifically GradCAM, LIME and Occlusion. The BP-based methods seemed to
struggle with RS image data, as they did not emphasise the importance of texture. The eval-
uation of the BEN dataset presented a significant challenge due to the absence of a known
ground truth. Nevertheless, similar trends to those observed for DeepGlobe were noted. As
the complexity of the task increased and the predictive performance of the model declined,
the reliability of the explanations provided also decreased. This was particularly evident in
the BEN dataset, where the baseline model had a mAP of ≈ 0.61, making it challenging to
distinguish between the poorer perception of the explanations and the poor performance of
the model. In the Caltech101 dataset, Spurious Correlations were identified by all methods,
although backpropagation-based methods performed slightly worse at localising them. It was
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not possible to conduct these evaluations for the MLC datasets because it is currently unknown
whether any SCs exist. The quantitative analysis revealed that Occlusion performed best in
most metrics for Caltech101, with a sum of normalised metrics of 10.42, followed by LIME and
IG. For the DeepGlobe dataset, Guided GradCAM with 10.4 and GradCAM with 10.3 were the
top performers, with best values in six metrics each. For the BEN dataset, IG performed best,
closely followed by Guided GradCAM and GradCAM. However, no single method showed
a clear superiority. A possible reason for this could be poor model performance leading to
suboptimal explanations, as discussed above.

In terms of xAI-guided training, the RRR loss augmentation method was first evaluated.
This method, as described by Ross et al. [30], incorporates explanations directly into the loss
function to improve model reasoning. In addition, a proposed extension that combines the
RRR method with the Right for Right Reasons with Mean Squared Error (RRR MSE) loss was
also evaluated. This extension aims to strengthen positive relevance in the class ground truth.
To evaluate the performance of RRR-guidance, models trained with RRR loss were compared
to a baseline. The test metrics used for these comparisons were accuracy for SLC and mAP for
MLC. To evaluate the influence of explanation methods on xAI-guided training, the training
was conducted for every method. In addition, different parameterisations were examined for
the classical RRR and the RRR MSE variants. Here λ is used to scale the influence of the xAI loss
compared to the normal loss (see section 5.1). For the Caltech101 dataset, the models trained
using the LIME method performed best for both loss variants and both parametrisations of
λ = 1 and λ = 10. The best parametrisation was RRR MSE λ = 10, with ≈ 98.2, which
surpassed the baseline by a margin of 0.8%. Although this increase is modest, it is significant as
the method is primarily designed to enhance reasoning rather than performance. Additionally,
in some RRR-trained models (e.g., GradCAM), the explanation methods indicated a reduced
reliance on SC as a discriminative feature. However, other models (e.g. DeepLIFT) continued
to use it. For the model retrained with GradCAM, this effect was quantified in terms of an
improvement in Localisation metrics, showing an increase in reasoning capabilities. In the
RRR-training on the DeepGlobe dataset, the optimal outcome was achieved using the RRR
loss with λ = 10 and the Occlusion method. This configuration achieved a mAP of ≈ 84.1,
marking an improvement of approximately 0.6% compared to the baseline. Here, the classical
RRR outperformed its RRR MSE variants. As there are no known SC in the DeepGlobe dataset,
the improvement of reasoning could not be quantified.

Overall, these results indicate that RRR can be an effective xAI-augmentation strategy, as it
not only provides a small performance increase but also enhances reasoning capabilities, as
demonstrated with SLC. However, one limitation of this method is its dependence on access to
a ground truth map.

The second xAI-guided training technique under evaluation is CutMix with xAI LP, a data-
augmentation strategy that enhances the classical CutMix method specifically for MLC ap-
plications. This approach leverages explanations to accurately propagate labels in CutMix-
generated augmentations, aiming to improve the training performance of the models. The
DeepGlobe and BEN datasets were utilized, with the introduction of a ResNET34 model to
complement the VGG16 and make the results comparable to those of the original study by
Burgert et al. [65]. Again multiple runs for each explanation method were conducted. The
optimal parameters for tcam and tmap were approximated, while multiple box sizes (0.1 − 0.5
and 0.3− 0.7) were tested. The ResNET training on the DeepGlobe dataset showed a consistent
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performance improvement of about 2% over a baseline without augmentation, aligning with
the results from [65]. Specifically, CutMix with xAI LP using the DeepLIFT method yielded
the most favourable results, achieving a mAP of ≈ 86.1 for a box size of 0.3 − 0.7. In contrast,
the effect on the VGG16 models was less pronounced. For these models, the average increase
in mAP was around 0.7%, with both LIME using a box size of 0.1 − 0.5 and GradCAM using
0.3− 0.7 both achieving a mAP of ≈ 84.6. This discrepancy can be attributed to the potential of
the larger VGG16 model to overfit the data, reducing its need for the additional generalisation
provided by CutMix with xAI LP.

The results on the BEN dataset were quite similar to those on the DeepGlobe dataset, al-
though the improvements were less pronounced. Using CutMix with xAI LP with GradCAM
and a box size of 0.1 − 0.5 gave the best results, achieving a mAP of ≈ 63.1, an increase of
about 1.5% over the baseline, which had a mAP of ≈ 61.7. For the ResNET models, the overall
improvement was approximately 1.1%. For the VGG16 models, performance gains were even
more moderate, with an average increase of around 0.2%. Within this group, IG achieved the
best results, with a mAP of ≈ 61.1. These results suggest that the effectiveness of CutMix with
xAI LP can vary significantly between different model architectures.

To determine whether performance on an explanation metric can reliably predict success
in specific techniques, a correlation analysis was conducted to assess whether improvements
in model performance were associated with success in xAI metrics or categories. A positive
correlation was observed between the metrics in the Randomisation category and Localisation
metrics, while a negative correlation was observed with performance in Complexity metrics.
These correlations held for both RRR-guided training and training utilizing CutMix with xAI
LP over all datasets and models. The quantitative analysis of the explanation metrics revealed
that backpropagation-based methods often underperform in Randomisation metrics but excel
in Complexity metrics. Given that Randomisation metrics are positively correlated and Com-
plexity metrics are negatively correlated, it was found that employing non-backpropagation
methods for RRR and CutMix with xAI LP is preferable. In addition, the positive correlation
with Localisation metrics suggests that these metrics can serve as an indicator of improved per-
formance in xAI-guided training. This is because accurate highlighting of the OoI by the model
and its explanations improves alignment for RRR, and aids in the correct propagation of labels
for CutMix with xAI LP.

To summarise the results for MLC RS image data, GradCAM is recognised as the most effec-
tive explanation method. Explainable Artificial Intelligence guided training has been shown to
improve model performance, especially when combined with non-backpropagation methods.
In addition, the increase in performance can be measured using the performance of explanation
methods in Localisation metrics as an indicator.

8.2 Limitations
However, while these results are promising, there is still room for improvement. The limita-
tions of the current findings and the potential implications for wider applications are discussed
in the following section. This discussion aims to address the nuances and challenges encoun-
tered in the study and provide a deeper understanding of where the methods may fall short.

The biggest challenge in the evaluation of explanation methods is the so-called "Challenge
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of Unverifiability" [72], stating that an explanation cannot be verified due to missing ground
truth. Additionally, many different variables can influence the quality of the explanations, with
perhaps the most important factor being the performance of the model. Especially for complex
datasets, this poses a huge problem. In the experiments, the accuracy for Caltech101 0.9739, for
DeepGlobe ≈ 14% less with a mAP of 0.8381 and for BEN the mAP only was 0.6047. Thus, the
results from the BEN dataset are considerably less reliable and require careful consideration
in the evaluation. It is difficult to distinguish poor model performance as a separate factor
influencing the results of the explanations. A possible solution to this problem would be to
replicate the experiments using a model with better performance.

Another limitation was the small variety of methods used to evaluate explanation perfor-
mance. While the study focused on seven well-known and established methods, a deeper eval-
uation would benefit from including a greater number of methods, particularly newer ones
like ScoreCAM [15] or more advanced occlusion approaches such as RISE [16]. This is crucial
as four of the seven methods were backpropagation-based, which appeared to underperform.
Future studies should consider incorporating more non-backpropagation-based methods to
provide a broader perspective.

A specific limitation for the RRR loss evaluations was the difficulty in measuring improved
reasoning. For the Caltech101 dataset, a SC could be identified and the improved reasoning
could be visualised and even quantified using localisation metrics; however, this was not pos-
sible for the DeepGlobe dataset.

The reliability of the correlation analysis for xAI metrics and xAI-guided training results is
also limited. Although the results were averaged over three runs with different random seeds
and over the full test set, the correlations often lacked statistical significance, as indicated by
the p-value. It is important to note that these results may indicate a trend, but do not provide
conclusive evidence or an optimal solution. Despite the fact, that the results can be supported
theoretically, their validity in practice is not guaranteed.

Furthermore, the scope of this study was limited to older CNN architectures, such as VGG16
and ResNET. Investigating state-of-the-art architectures, such as vision transformers is not only
a logical next step but could also prove to be particularly beneficial and insightful.

8.3 Future Research Opportunities
But it is not only because of these limitations that current research in xAI for RS offers sig-
nificant opportunities for future work. Most common explanatory methods and metrics have
been developed primarily for CV, leading to a noticeable research gap in their application to
RS. However, explaining and understanding the decisions of complex ML models is critical in
all domains. This is particularly true for tasks such as debugging - e.g. by identifying SCs -
and for improving the performance, robustness and overall reliability of these models. Conse-
quently, more research must be directed towards adapting and innovating xAI techniques that
specifically address the unique challenges of RS domains.

One direction for future research is to develop further xAI methods specifically designed
for the complex textural features characteristic of and the multi-label nature of RS images, as
current explanation methods often fall short in accurately interpreting these.

Additionally, more experiments focusing on perturbation strategies and removal order for
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RS images are essential, as these parameters are critical in shaping the effectiveness of explana-
tion methods and metrics. Perturbation approaches often result in the creation of OoD samples
that can significantly affect the prediction outcome and consequently the derived explanations.

A tailored perturbation strategy for MLC could involve perturbing samples with coherent
patches rather than individual features. In cases where ground truth is available, these patches
can be from the same image but should represent a different class from the one being explained.
This approach would ensure that the patches do not affect the prediction result. Alternatively,
when the ground truth is unknown, extraction from images that are measurably similar but
have different labels could be a viable solution. This approach could ensure that perturbations
remain relevant and reflect realistic variation within the dataset, thereby increasing the validity
of the explanations generated.

The efficacy of these perturbation strategies can be evaluated using metrics specifically de-
signed or adapted for MLC RS images. As discussed in the theoretical analysis of metrics (sec-
tion 4), many metrics struggle with images where texture serves as the discriminative feature.
For example, the faithfulness metric SEL iteratively removes an increasing number of input
pixels from the input image, ordered by relevance, and measures the corresponding change
in the prediction result. However, due to the repetitive textures and potentially large areas of
interest in the images, the prediction accuracy may not decrease as quickly as it does in natural
images.

Moreover, this metric does not take into account an appropriate baseline, as demonstrated
in section 4.7, which can lead to artefacts that affect the prediction. For example, for a VGG16
model trained on the DeepGlobe dataset, the prediction logit for the class agricultural land re-
mains at 0.33 even with a completely black baseline image. To quantify this behaviour, various
studies with simulated noise could be conducted to determine whether models uniformly pre-
dict certain classes in the absence of visual input, or whether such predictions are specific to
certain baseline colours (e.g., black, brown, white).

To address this issue, the perturbation strategy discussed above could be used. In addition,
to adapt the current Faithfulness metrics to better fit MLC RS images, the slope of the predic-
tion curve could be analysed concerning the class coverage indicated in the ground truth map
instead of the AUC. In cases where no ground truth is available, considering the slope of the
prediction function within a sliding window might provide a more accurate assessment of the
relevance and faithfulness of the explanation.

Furthermore, current methods for measuring the complexity of explanations are significantly
biased towards the shapes and number of features attributed as relevant, making popular com-
plexity metrics less effective for RS images. An innovative approach would be to develop a new
metric that combines complexity with knowledge of the ground truth. This metric could relate
the number of highly attributed pixels to the class coverage specified in the ground truth map,
providing a more contextual understanding of explanation complexity.

For classes where ground truth is not available, an extension of metrics such as Effective
Complexity (ECO) could be considered. This could involve clustering neighbouring input fea-
tures based on their relevance so that if many features in the same neighbourhood are consid-
ered relevant, they are counted as a single complex feature. This approach could reduce the
overestimation of complexity by recognising coherent patches of relevance rather than treating
each pixel independently.
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However, the evaluation of explanation methods, particularly their localisation ability, often
requires ground truth, which is a significant limitation. Therefore, it would be beneficial to ex-
plore the development of metrics that can assess these aspects without relying on the availabil-
ity of ground truth. Investigating such metrics could broaden the applicability of explanation
evaluation methods, especially in scenarios where ground truth data is scarce or non-existent.

The same challenge of missing ground truth applies to the usage of RRR loss. Although it has
been shown to improve performance and reasoning, as seen in the case of SLC, its effectiveness
is fundamentally dependent on the availability of segmentation maps. A promising strategy to
mitigate this dependency, particularly relevant for MLC, is as follows RS images, where there
is typically no discernible background, is to exploit the property that when attribution maps
for all classes are aggregated, the result should be non-zero. Since explanations are generally
normalised between 0 and 1, one can hypothesise that this aggregate should ideally sum to 1.

Implementing this strategy would involve modifying existing RRR loss formulations to ef-
fectively incorporate this summation property. By incorporating this principle into the loss
function, explanations could be "spread" over a larger area, ensuring that each class’s contribu-
tion is reflected in the model’s output. This approach could potentially make the use of RRR
loss viable even in scenarios where no ground truth is available.

To quantitatively evaluate the improved a models reasoning in RS image data, a method
could be developed to insert SCs into datasets at different "correlation levels". For example,
adding a watermark could represent a simple spurious correlation, while consistently pairing
unrelated classes in similar images introduces a more complex correlation. By incorporating
these intentional biases into a dataset such as the DeepGlobe dataset, it would be possible
to measure the effectiveness of explanation methods in detecting these biases and to assess
improvements in reasoning facilitated by xAI-guided training.

In summary, this thesis has rigorously investigated the application and effectiveness of var-
ious explanation methods and metrics in the context of RS and MLC image data. Through a
combination of theoretical analysis and empirical evaluation, it has provided valuable insights
into the capabilities and limitations of current xAI research for RS. Given the significant impact
of AI on society and its potential to address critical global challenges such as climate change,
improving the reliability of models in RS is imperative. However, verifying the reliability of
these models remains a complex task. To ensure that AI systems in RS meet the stringent re-
quirements for accuracy and robustness, continued advances in xAI for RS are essential. This
research will not only improve model performance but also increase confidence in AI applica-
tions, which are crucial for informed decision-making in sensitive and high-impact areas.
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GBP Guided Backpropagation. 6, 15, 17, 19
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GradCAM Gradient-weighted Class Activation Mapping. x, 3, 5–7, 16, 17, 19, 38, 41, 53, 57–70,
72–78, 88–92

Guided GradCAM Guided Gradient-weighted Class Activation Mapping. 3, 6, 17, 53, 57–70,
72–76, 78, 89–91

HiResCAM High-Resolution Class Activation Mapping. 7

IG Integrated Gradients. 3, 6, 12, 13, 20, 29, 53, 57–70, 72–78, 87, 89–92

IROF Iterative Removal Of Features. 26, 28, 38, 64–66, 69–71, 79, 82, 84, 85, 87, 88, 114

LeRF Least Relevant First. ix, 21, 27, 38–41, 65, 67, 69, 71, 79, 82, 85, 87, 88

LIME Local Interpretable Model-agnostic Explanations. 3, 6, 7, 17, 18, 20, 30, 53, 57–70, 73–78,
88–92

LLE Local Lipschitz Estimate. 30, 31

LP Label Propagation. 47, 55, 81, 84, 88

LRP Layer Relevance Propagation. 3, 6, 12–15, 19, 29, 53, 57–70, 72, 74–76, 78, 87, 89, 114

mAP mean Average Precision. vii, x, 52, 57, 73–78, 80, 81, 84, 85, 90–93

ML Machine Learning. 3, 5, 7, 18, 93

MLC Multi-label Classification. 2–4, 6, 7, 9, 19, 25, 27, 30, 35, 37–39, 47, 49, 52, 54, 55, 57, 64, 71,
81, 88–92, 94, 95, 114, 118

MoRF Most Relevant First. ix, 6, 21, 27, 28, 38–42, 65, 67, 69, 71, 79, 82, 83, 85, 87, 88

MPRT Model Parameter Randomization Test. 36, 88

MS Maximum Sensitivity. 30, 31, 66, 79, 80, 82–85, 88, 116

NN Neural Networks. 5, 8, 11–15, 17, 30, 52, 54, 113, 114

Occlusion Occlusion Sensitivity. 3, 6, 7, 11, 13, 19, 20, 57–60, 62, 64–70, 72, 74–76, 88–91

OoD Out-of-Distribution. 20, 21, 90, 94

OoI Object of Interest. 37, 53, 55, 57, 58, 60, 64, 65, 80, 92

PF Pixel-Flipping. 25, 27, 38

PG Pointing-Game. 32, 33, 65, 67, 71, 72, 79, 80, 82–84

RIS Relative Input Stability. 30–32, 54, 66, 68, 79, 80, 83, 85, 116

RISE Randomised Input Sampling to provide Explanations. 20, 93, 113

RL Random Logit. 36, 67, 69, 79, 80, 83, 85, 86, 88, 116

RMA Relevance Mass Accuracy. 32–34, 65, 67, 72, 79, 80, 82–84, 88

ROAD RemOve And Debias. 21, 26, 28, 42

ROS Relative Output Stability. 30, 32, 54, 66, 68, 79, 80, 83, 85, 116
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RP Region Perturbation. 25, 27, 28, 38, 65, 67, 69, 71, 79, 82, 83, 85, 87, 88

RRA Relevance Rank Accuracy. 32–34, 65, 67, 72, 79, 80, 82, 83, 88

RRR Right for the Right Reason. vii, x, 3, 4, 7, 46, 48, 54, 73–82, 88, 89, 91–93, 95, 119, 120

RRR MSE Right for Right Reasons with Mean Squared Error. 46, 54, 73–76, 91

RRS Relative Representation Stability. 30, 32

RS Remote Sensing. 1–9, 12, 18–21, 25–28, 30, 33, 35, 37–39, 42, 43, 46, 49, 51–53, 64, 67, 68,
70–72, 74, 75, 89, 90, 92–95

SAR Synthetic Aperture Radar. 5

SC Spurious Correlation. ix, x, 2, 54, 55, 58, 59, 74, 75, 90, 91, 93, 95

ScoreCAM Score-weighted Class Activation Mapping. 6, 93, 113

SEL Selectivity. 25, 27, 28, 38, 65, 67, 70, 79, 82, 84, 85, 87, 94

SENS-N Sensitivity-n. 25, 28, 29, 37, 38

SHAP SHapley Additive exPlanations. 6, 20, 30, 113

SLC Single-label Classification. 2, 3, 9, 52–54, 57, 64, 71, 75, 81, 88, 89, 91, 95

SLIC Simple Linear Iterative Clustering. 53, 114

SMCAM Self-Matching CAM. 5

SP Sparseness. 35

SSIM Structural Similarity Index Measure. 36, 116

TKI Top-K Intersection. 32, 33, 65, 67, 71, 72, 80, 82, 83

xAI Explainable Artificial Intelligence. ix, x, 1–5, 7, 8, 11, 19, 23, 24, 38, 45, 46, 48, 51, 52, 54, 55,
71–73, 75, 78–89, 91–93, 95, 114, 119
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1 Further Explanation Methods
Below is a brief overview of some prominent explanation methods that were not included in the
detailed theoretical analysis and experiments.

A simple but effective approach is to visualise the saliency map [38], ∂y
∂x , i.e. the partial derivative

of the network output y with respect to the input features x. Since the derivative value represents
the degree to which the output is affected by small changes in the input features, the saliency map
quantifies the sensitivity of the output value to the input features. The Deconvolution method [18] vi-
sualises the activations of a NN by reversing the convolution operations, thereby highlighting which
parts of the input image are most influential.

Gradient x Input is a backpropagation-based method that multiplies each input feature x by the
gradient of the output with respect to the input, formulated as x · ∇ f (x) [39].

SmoothGrad reduces noise in attribution maps, which are often noisy due to sharp gradient fluc-
tuations, by averaging the gradients of multiple noisy versions of the input image. This is defined
as

Φsm(x) =
1
n

n

∑
1
Mn

(
x + G(0, σ2)

)
,

where n is the number of instances, x is the input image, and G is Gaussian noise with standard
deviation σ [43].

Randomised Input Sampling to provide Explanations (RISE) [16] is a perturbation-based method
that estimates the value of important pixels in an image by reducing the brightness of pixels to zero in
random combinations. This effect is mimicked by multiplying an input image I element by element
with a randomly generated binary mask M. The confidence score is computed using the masked
images by feeding them to a DNN. A heatmap is produced by a linear combination of the masks,
with the confidence score derived from the target class for the masked input.

Score-weighted Class Activation Mapping (ScoreCAM) [15] combines perturbation and gradient-
based methods. It occludes the CAM maps for a convolutional layer NL with a baseline x and mea-
sures the change in outcome. Let f be a model that takes x as input image and produces logits
f ′ · Ai

NL
, where Ai

NL
denotes the i-th channel of the convolutional layer NL. The contribution of Ai

NL

to f ′ with x as the baseline for class c is

βc
i = C

(
Ai

NL

)
= f c

(
x · Hi

l

)
− f c (x) ,

where Hi
NL

= s
(

Up

(
Ai

NL

))
, Up(·) upsamples Ai

NL
, and s normalises each element to [0, 1].

Formally, ScoreCAM is represented as:

Φc
ScoreCAM = ReLU

(
∑

i
βc

iAi
NL

)
.

SHapley Additive exPlanations [49], derived from cooperative game theory, fairly distribute the
"payout" (model prediction) among the "players" (input features). For a given prediction, the Shapley
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value of each feature represents its average contribution across all possible combinations of features.
This approach ensures that contributions are fairly allocated and provides insight into how each fea-
ture influences the output of the model. The method is theoretically grounded, providing axiomatic
guarantees of fairness, efficiency and additivity, making it a powerful tool for interpreting complex
models and understanding the importance of features in machine learning predictions.

One of the most recent approaches is Concept Relevance Propagation [13], which is an extension of
LRP using conditional relevance propagation. CRP provides detailed, concept-specific explanations
by propagating relevance through NN layers conditioned on specific concepts. This approach makes
it possible to identify the contribution and location of learned concepts (such as ’fur’ or ’eye’) in the
model’s decision-making process, thus answering both the ’where’ and ’what’ questions about the
model’s reasoning.

2 Experimental Setup
The xAI integraton of CutMix utilizes three relevant hyperparameters: tmap and tcam [65], and the
box size [66]. The tmap threshold defines how many activating pixels are necessary for a label to be
propagated, and the tcam threshold defines the minimal relevance that pixel k needs to have to be
considered in the binary explanation map.

To choose thresholds tmap and tcam, one can utilize the given reference maps. For a MLC task,
let xi ∈ X be an input image, yi ∈ Y its corresponding multi-label vector, ei its explanation mask,
and si its reference or reference map. Let x̃ be the CutMix augmentation of that image. Let ϕ :
{0, 1}L×H×W → {0, 1}L be the readout function to derive the new label ỹ from x̃.

The readout function can be used with the augmented explanation masks ˜eyi = ϕ(ẽi) or with the
reference map to derive the true new label sỹi = ϕ(si).

To approximate the optimal thresholds tmap and tcam for a set of explanation masks E, one can
maximize the accuracy between ˜eyi and sỹi. The results for the DeepGlobe datasets, visualized in
different matrices, for each explanation method, are shown in figure 1.

3 Hyperparameters for Explanation Metrics
The explanation metrics utilised in this study are implemented using the Quantus framework [61].
The default parameters from the framework are used, with specific hyperparameters detailed below
for each metric to ensure reproducibility.

Faithfulness

• Iterative Removal Of Features:

◦ Segmentation Method = SLIC

◦ Perturbation Baseline = black

• Monotonicity:

◦ features_in_step

◦ Perturbation Baseline = black
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Figure 1: DeepGlobe: Accuracy of the "true" new labels using Label Propagation from reference maps and the
labels approximated explanation maps of different explanation methods for different thresholds: tcam and
tmap

• Selectivity:

◦ Patch size = int(height / 4)

◦ Perturbation Baseline = black

• Region Perturbation MORF:
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◦ Patch size = int(height / 4)

◦ Number of Regions = 10

◦ Perturbation Baseline = black

• Region Perturbation LERF:

◦ Patch size = int(height / 4)

◦ Number of Regions = 10

◦ Perturbation Baseline = black

Robustness

• Maximum Sensitivity:

◦ Number of Samples = 5

◦ Perturbation std = 0.2

◦ Perturbation mean = 0.0

◦ Perturbation type = Uniform Noise

◦ Similarity Function = Difference

• Relative Input Stability:

◦ Number of Samples = 5

◦ ϵmin = 1e − 6

• Relative Output Stability:

◦ Number of Samples = 5

◦ ϵmin = 1e − 6

Randomisation

• Random Logit:

◦ Similarity Function = SSIM

Localisation

• Pointing Game (PG): No additional hyperparameters used.

• Top-k Intersection (TKI):

◦ k = 100

• Relevance Mass Accuracy (RMA): No additional hyperparameters used.

• Relevance Rank Accuracy (RRA): No additional hyperparameters used.

• Attribution Localisation: No additional hyperparameters used.
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Complexity

• Sparseness (SP): No additional hyperparameters used.

• Effective Complexity (ECO):

◦ ϵ = 0.3

These metrics, as implemented in the Quantus framework, are reproducible using the specified
parameters and the default settings provided by the framework. All metric-specific hyperparameters
have been listed to ensure clarity and reproducibility.

4 Quantitative Results
Efficiency of Metrics

When evaluating methods and metrics, also the efficiency plays an important role. Figure 2 illustrates
the average seconds per sample per explanation method. As shown in the figure, the rows represent
the explanation methods, while the descriptions at the top of the columns indicate the category of the
metrics and the descriptions at the bottom show the names of the metrics. The majority of calcula-
tions occur in constant time, indicating efficiency and predictability in computational performance.

However, certain metrics, such as Monotonicity and Selectivity, deviate from this norm, each re-
quiring approximately 60 seconds to compute. Furthermore, the performance of metrics in the ro-
bustness and randomisation category is heavily influenced by the performance of the explanation
method, as these tests assess the stability and consistency of explanations under varying conditions
and inputs. Among the various explanation methods employed, Occlusion stands out as notably
slower in these categories. Occlusion is a method that systematically obscures parts of the input data
to determine their impact on the output. As a result, it is computationally intensive, requiring mul-
tiple iterations of the model for each occluded version of the input, which significantly increases the
overall computation time.

Figure 2: Caltech101: Seconds spent per sample for each method and metric
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One possible reason for the decrease per explanation visible in Figure 3 is that the image size for
DeepGlobe is smaller than for Caltech101 (see Table 6.1). However, it has to be taken into account
that the table visualizes the time per class-wise explanation. This means that for the DeepGlobe data
set where we have 1.71 labels per sample, the time has to be multiplied by this amount.

Figure 3: DeepGlobe: Seconds spent per sample for each method, metric and class

Similar for the BEN dataset, visualized in Figure 4, where there are even 3.94 average labels per
sample. Thus, for MLC data the efficiency of the explanation method is even more important. No-
tably, Occlusion is much slower for BEN dataset. This is due to its sliding window approach.

Figure 4: BEN: Seconds spent per sample for each method and metric
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5 Detailed Correlational Analysis
Figures 5,6, 7, 8, 9 and 10, present the detailed correlations of individual xAI metrics with the training
success for each xAI-guidance method, dataset and model. Each subplot represents a different xAI
metric, with the y-axis showing the metric performance and the x-axis showing the training metric.
The colour of the markers indicates the explanation method, and the shape of the markers indicates
the parameters for the xAI-guidance method. The training metric displayed is the maximum perfor-
mance from the hyperparameters. The title of each subplot includes the metric name, the calculated
Pearson correlation, and the corresponding p-value.

Figure 5: Caltech101 VGG: Correlation analysis between xAI metrics and xAI guided training using RRR. (Test
Accuracy)
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Figure 6: DeepGlobe, VGG: Correlation analysis between xAI metrics and xAI guided training using RRR. (Test
mAP)
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Figure 7: DeepGlobe, VGG: Correlation analysis between xAI metrics and xAI guided training using CutMix. (Test
mAP)
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Figure 8: DeepGlobe, ResNET: Correlation analysis between xAI metrics and xAI guided training using CutMix with
xAI LP. (Test mAP)
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Figure 9: BEN ResNET: Correlation analysis between xAI metrics and xAI guided training using CutMix with xAI LP.
(Test mAP)
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Figure 10: BEN VGG: Correlation analysis between xAI metrics and xAI guided training using CutMix with xAI LP.
(Test mAP)
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