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Abstract

Deep learning algorithms have revolutionized almost every industry over the last

10 years. They have been used in a wide range of different domains, including

image classification and generation, language translation, robotics, health care, and

earth observation. However, with the benefit of the promising performance that

such deep learning algorithms provides, the models have become larger and more

complex. This has led to the current state-of-the-art models becoming ‘back box’

models where people do not understand the reasoning behind a particular decision

made by the model. This can be fatal in areas where human life and property are

at stake.

Floods, as one of the most common natural disasters, cause significant damage to

people’s lives and property. Therefore, flood detection has been a key research area

in remote sensing. Recently, deep learning based techniques have been extensively

used to solve this problem because of their ability to provide high accuracy. However,

their black box nature remains controversial and has been criticized by human users.

In the case of flood detection, where the safety of a large number of people is at

stake, the interpretability and transparency of the algorithm are even more critical.

In conclusion, the dissertation aims to provide general interpretable deep learning

methods and their application to flood detection. The thesis can be summarized by

the following key contributions:

• Interpretable method for general image classification. An interpretable-

by-design algorithm (IDEAL) for image classification has been proposed.

IDEAL was shown to provide comparable results compared to standard deep
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learning architectures without fine-tuning while providing an interpretable

decision-making process.

• Interpretable methods for semantic segmentation. An interpretable

semantic segmentation method (IDSS) for flood mapping has been proposed.

It is a prototype-based method that provides both high accuracy and

interpretability. Linguistic IF . . . THEN rules together with the prototypes

layer, which is the combination of the latent feature space and the raw feature

space, have been used to explain the algorithm’s decision-making process.

• Interpretable methods for flood detection and flood mapping. An

Interpretable Multi-stage Approach to Flood Detection from time series

Multispectral Data (IMAFD) has been proposed. IMAFD progressively

narrow down the research problem from the time series sequence level to the

multi-image level to the image level, providing an automatic, efficient and

interpretable approach to flood detection.

• Interpretable ensemble method with geoscience foundation models

for flood mapping. An Interpretable Ensemble Geoscience Foundation

Model for flood mapping (IEGF) has been proposed. IEGF introduces an

ensemble foundation model framework that achieves state-of-the-art perfor-

mance on the flood mapping task while offering an interpretable decision-

making process for human users.

Together, these contributions advance the development of interpretable deep

learning models for Earth observation and demonstrate that interpretability and

high performance can be achieved simultaneously.
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Chapter 1

Introduction

People have been fighting floods since time immemorial. In the famous story of

Noah’s Ark, Noah had to build a large boat to escape the flood. The development

of remote sensing technologies has enabled humans to carry out large-scale Earth

Observation tasks, including flood detection, without the use of ground-based

equipment. In the past decades, with the rapid development of machine learning,

especially deep learning technologies, numerous deep learning neural network-based

flood mapping and detection methods have emerged and been applied to reality.

However, it poses a new challenge: the black-box nature of deep learning algorithms.

Such algorithms are criticized because they have hundreds of millions of parameters

that are not easily understood by humans, and their decision-making process is

unexplainable. This dissertation aims to develop general interpretable deep learning

methods and apply them to earth observation tasks, specifically for flood mapping

and detection.

1.1 Motivation

Thanks to the development of remote sensing and deep learning technologies,

Earth Observation (EO) has attracted increasing attention (Persello et al., 2022;

Dimitrovski et al., 2023). In particular, the deep learning neural network has shown
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Chapter 1. Introduction

promising performance in flood mapping and flood detection (Portalés-Julià et al.,

2023; B. Zhao, Sui, and J. Liu, 2023). However, the use of deep learning algorithms

also poses a new challenge, as their decision-making process is unexplainable to

humans. Yet, these characteristics are crucial for EO tasks, which require the model

to be interpretable and process understanding (Reichstein et al., 2019; Höhl et al.,

2024). Furthermore, governments and organizations require the AI algorithms to

be more secure, transparent and interpretable (Ruschemeier, 2023). The motivation

of this dissertation is to resolve such challenges by developing approaches that offer

both high accuracy and interpretability, tailored to flood mapping and detection.

1.2 Objectives

The primary objective of this dissertation is to provide safe and trustworthy

approaches that could benefit from deep learning and provide process understanding

and interpretability for general image classification tasks. This is different from

post-hoc explanation algorithms that can’t accurately reflect how the model makes

decisions (W. Yang et al., 2023). This dissertation provides algorithms that are

interpretable-by-design, while their decision-making process is explainable and easily

understood by human users.

The second objective is to apply such an architecture to EO tasks, specifically

tailored to flood mapping and detection. Since the flood detection task itself is a

high-risk task with high stakes in human life and property, the ability to provide

high performance while allowing human users to audit and verify the algorithm’s

decision-making process is particularly important.

1.3 Contributions

This thesis focuses on providing a prototype-based interpretable deep learning

framework for both general and specific domains, such as earth observation. The

2
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contributions are summarized below.

1.3.1 Interpretable-by-design deep learning algorithms

• In collaboration with my co-authors, we propose a framework called IDEAL

(Interpretable-by-design DEep learning ALgorithms), which transforms a

given non-interpretable latent space into an interpretable one based on

prototypes, derived from the training set without fine-tuning and quantifies

the performance gap between such a model, its fine-tuned counterpart and

standard deep learning architectures.

• We demonstrate the benefits of the proposed framework on transfer and

lifelong learning scenarios. Namely, in a fraction of the training time

and without fine-tuning of latent features, the proposed models achieve

performance competitive with standard deep learning techniques.

• We demonstrate the model’s interpretability on classification and life-long

tasks and show that without fine-tuning, the resulting models achieve better

performance on confounded Caltech-UCSD Birds (CUB) data compared to

fine-tuned counterparts (Wah et al., 2011; Bontempelli et al., 2022).

1.3.2 Interpretable deep semantic segmentation method

• I propose a framework called IDSS (InterpretableDeep Semantic Segmentation),

which provides a prototype-based interpretable method that offers both human

interpretable decision-making and promising performance.

• The proposed methods were tested on the Worldfloods flood mapping dataset

and outperform other methods, in particular the U-Net for IoU total water

and Recall total water.
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1.3.3 Interpretable multi-stage approach to Flood detection

• I propose a framework called IMAFD (Interpretable Multi-stage Approach to

Flood Detection), which, to the best of my knowledge, is the first to provide a

comprehensive solution for flood detection. It treats flood detection as a multi-

stage problem, where anomaly detection in the first stage efficiently reduces

the number of images to be processed for dense prediction in the later stage.

• The first two stages: anomalous images detection and binary change detection

are unsupervised and statistics based, allowing the framework to adapt

seamlessly to diverse environmental conditions without relying on predefined

labels or training data. Furthermore, the statistical feature enhances the

interpretability, making the decision making process transparent and easy to

understand by human users.

• The IDSS+ is introduced as a critically important component of the IMAFD

framework. Compared to IDSS (Z. Zhang, P. Angelov, Soares, et al.,

2022), IDSS+ improves the performance and provides an option for better

interpretability by utilizing real pixels as prototypes at the expense of a slight

reduction in performance. In addition, several techniques are introduced to

help human users better understand the algorithm’s decision-making process.

These include UMAP plots, confidence maps, and the linguistic form of

prototype-based explanation that IDSS already had.

• The IMAFD architecture including IDSS+ is validated on the change detection

dataset RaVAEn (Rŭžička et al., 2022) and the semantic segmentation dataset

WorldFloods (Mateo-Garcia et al., 2021), respectively. The proposed methods

show promising performance in terms of numerical results and interpretability.
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1.3.4 Interpretable ensemble geoscience foundation model

for flood mapping

• I assess the ability of several geoscience foundation models to generalize across

different bands.

• I propose a plug-and-play prototype-based module IDSS v2 that explains the

decision-making process of the model using representative training samples.

It enables human users to audit and understand the behaviour of the model.

• I propose an interpretable ensemble foundation model for flood mapping using

earth observation data.

• I evaluate the proposed module and the interpretable ensemble foundation

model on the WorldFloods v2 dataset, achieving state-of-the-art performance.

1.4 Thesis Outline

The structure of this thesis is as follows: Chapter 1 is an introduction, outlining the

dissertation’s motivation and objectives of the dissertation. Chapter 2 provides

background and related work, mainly introducing the relevant methodologies

and literature. Chapter 3 presents an Interpretable-by-design DEep learning

ALgorithm(IDEAL) for classification and continual learning tasks. Chapter 4

introduces the Deep Interpretable Semantic Segmentation (IDSS) method. A novel

method tailored to flood mapping has been proposed and developed. Chapter 5

presents an Interpretable Multi-stage Approach to Flood Detection from Time Series

Multispectral Data (IMAFD). Chapter 6 introduces the proposed Interpretable

Ensemble Geoscience Foundation Model (IEGF) for Flood Mapping. Finally, the

conclusion and future work are presented in Chapter 7.
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Chapter 2

Background and Related Work

This section describes the key concept included in this thesis, as well as the

related work and the shortcomings of the existing work. Specifically, the first

section introduces some basic machine learning algorithms relevant to this thesis.

The second section introduces some deep learning algorithms, including the

Convolutional Neural Network (CNN), the Transformer, and the foundation models.

The third section introduces the image segmentation task, which is the main task

of this thesis. The fourth section introduces the remote sensing concept related

to the thesis. The fifth section introduces the deep learning applications in the

Earth Observation tasks. Finally, the sixth section introduces Explainable AI,

which mainly includes the explainable AI taxonomies and their applications in Earth

Observation.

2.1 Machine learning

Machine learning technology has grown exponentially over the past 20 years,

revolutionizing the field of computer science. Unlike traditional computer methods,

which write a set of rules to fulfill a specific need, machine learning techniques make

predictions or decisions about unknown data by automatically learning patterns

from existing data (Murphy, 2012). There are three main types of machine learning
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approaches, supervised learning, unsupervised learning and reinforcement learning

(Jordan and Mitchell, 2015). This section will briefly introduce some traditional

machine learning algorithms related to this thesis.

2.1.1 K-means and its variants

K-means. K-means algorithm (MacQueen, 1967; Lloyd, 1982) is one of the most

well-known unsupervised learning algorithms. The basic concept is to divide N data

points in I dimensions into K clusters. It aims to minimize the with-cluster sum of

squares, where each cluster is represented by a vector mk, known as the cluster mean

(MacKay, 2003). Specifically, given a set of data points xn where n = 1, 2, 3, . . . , N .

Each vector x consists of I components xi. Assuming that x lives in a real space,

then a matrix can be defined to measure the distance between two data points, such

as the Euclidean distance (MacKay, 2003),

d(x, y) =
1

2

∑
i

(xi − yi)
2 (2.1)

Then, the K-means algorithm can be defined as Algorithm 1 (Sammut and Webb,

2017):

Algorithm 1: K-means

Input: A set of data points {xn}Nn=1, number of clusters K

Output: A set of K clusters with corresponding means {mk}Kk=1

Initialize cluster means mk to random values;

while convergence criteria are not satisfied do

for each data point xi do

Find the nearest center and assign xi to the corresponding cluster;

end

Update each cluster mean mk by calculating the mean of all points

assigned to it;

end

return final clusters;

7



Chapter 2. Background and Related Work

K-medoids. K-medoids (Shewhart et al., 1986) is very similar to the K-means.

The main difference is that it uses the real data point as the centre rather than the

mean value. This makes it much more robust to noisy data. In such a case, it could

provide a better explanation for decision making than K-means. It can be defined

as Algorithm 2 (Shewhart et al., 1986):

Algorithm 2: K-medoids

Input: A set of data points {xn}Nn=1, number of clusters K

Output: A set of K clusters with corresponding medoids {mk}Kk=1

Initialize medoids mk to random data points;

while convergence criteria are not satisfied do

for each data point xi do

Find the nearest medoid and assign xi to the corresponding cluster;

end

Update each cluster medoid mk by selecting the point that minimizes

the total distance within the cluster;

end

return final clusters;

2.1.2 Support Vector Machines

Support Vector Machines (SVM) (Cortes and Vapnik, 1995) is one of the most

famous algorithms for supervised learning. The key concept of SVM is to map

the input vector to some high-dimensional feature space and then construct optimal

hyperplanes to maximize the margin between positive and negative examples (Cortes

and Vapnik, 1995). Let’s start with a set of training data (Cortes and Vapnik, 1995):

(y1,x1), . . . , (yℓ,xℓ), yi ∈ {−1, 1}. (2.2)

Where x are the features of the training data and y are the labels. The training data

is said to be linearly separable if there exists a hyperplane that perfectly separates

such data points of two classes. For such a binary classification task, the optimal
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hyperplanes can be defined as a linear function (Cortes and Vapnik, 1995): ,

w⊤x+ b0 = 0 (2.3)

Where x is the training samples, w is a vector that is perpendicular to the

hyperplane and b0 is the bias term. Linearly separability requires that all training

data satisfy (Cortes and Vapnik, 1995):

w · xi + b ≥ 1, if yi = 1,

w · xi + b ≤ −1, if yi = −1.
(2.4)

Both inequalities can be combined as (Cortes and Vapnik, 1995):

yi
(
w · xi + b

)
≥ 1, i = 1, . . . , ℓ. (2.5)

Since the goal is to maximize the distance between positive examples and

negative examples, this distance ρ(w, b) can be given by (Cortes and Vapnik, 1995):

ρ(w, b) = min
x:y=1

x · w
∥w∥

− max
x:y=−1

x · w
∥w∥

. (2.6)

Then, it can be deducted from 2.4 and 2.6 that (Cortes and Vapnik, 1995):

ρ(w0, b0) =
2

∥w0∥
=

2
√
w0 ·w0

. (2.7)

To find the optimal hyperplane that maximizes the distance ρ, what needs to be

done is to minimize the w ·w under the constraint 2.5. The problem has thus been

transformed into a quadratic programming problem.

A key innovation of SVM is the use of kernel tricks to enable non-linear

classification. For example, the linear function used by the support vector machine

can be rewritten as (Goodfellow et al., 2016):

w⊤x+ b0 = b0 +
m∑
i=1

αi x
⊤x(i). (2.8)

Where x(i) is the training example, known as the support vector and α is a

coefficient vector. In such a case, x can be replaced as the dot product of a feature
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function ϕ(x) with a kernel function k(x, x(i)) = ϕ(x) · ϕ
(
x(i)
)
. Then, the prediction

function can be formulated as (Goodfellow et al., 2016):

f(x) = b+
∑
i

αi k
(
x, x(i)

)
. (2.9)

Such a kernel-based function can be thought of as preprocessing the input data

with ϕ(x) and then learning a linear model in the new transformed feature space

(Goodfellow et al., 2016).

2.1.3 Decision Trees

Decision Trees is a supervised learning algorithm that can be easily understood by

human users. It is defined as recursively partitioning the input space and fitting

a simple prediction model within each partition (Loh, 2011). Graphically, such a

partition can be represented as a decision tree. There are two different types of

decision trees, depending on the nature of the input data. Regression trees are

designed for continuous or ordered discrete input values, while classification trees

are designed for a finite number or unordered input values (Loh, 2011).

For example, Figure 2.1 shows a regression tree. The tree has two inputs x1 and

x2, at the first node, it asks if the input satisfies the given situation where x1 is

greater than t1, if so, it goes through the right node and continues asking if x2 is

greater than t3, if not, it ends with the left node R1, which can be defined as (Loh,

2011):

R1 = {x : x1 > t1, x2 ≤ t3} (2.10)

On the other hand, Figure 2.2 shows a classification tree about whether a

customer will buy a laptop in an electronics store.

Compared to other traditional machine learning algorithms, decision trees are

highly interpretable to human users. It can show the decision-making process to the

users in a very intuitive and direct way by going through each of the conditional

10
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Figure 2.1: A regression trees with two inputs (Murphy, 2022).

Figure 2.2: A classification tree for whether a customer buys a laptop in an

electronics store (Gupta et al., 2017).
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nodes in the tree. However, it can be difficult if the tree has a very large number of

nodes.

2.1.4 K nearest neighbor (KNN)

K Nearest Neighbour (KNN) (Cover and Hart, 1967) is a famous prototype-based

classification method. Given an input x, the goal is to find the K closest examples

to x in the training set D, represented as Nk(x,D). By analyzing their labels, it is

possible to infer a distribution that helps to classify x based on its local neighborhood

(Murphy, 2022). Specifically, this can be expressed as:

p(y = c|x,D) = 1

K

∑
n∈NK(x,D)

I(yn = c) (2.11)

Where I is the indicator function, it equals 1 if the label yn is equal to the target

class c, and 0 otherwise.

Then, the majority of labels are returned.

An important parameter within the model is the distance metric, this thesis

mainly uses the Euclidean distance:

d(x, µ) = ∥x− µ∥ (2.12)

One limitation of KNN is that it needs to store all the training data, which

requires a lot of memory and is computationally expensive.

2.1.5 Recursive Density Estimation (RDE)

Recursive Density Estimation (P. Angelov, 2012) is introduced to provide an online

data density estimation method that is memory and computationally efficient. The

recursive expression is as follows (P. Angelov, Sadeghi-Tehran, and Ramezani, 2011):

D(xk) =
1

1 + ∥xk − µk∥+
∑

k−∥µk∥
(2.13)
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Where D(xk) is the data density of the current data sample xk, the mean value

µk and the scalar product
∑

k can be recursively updated as follows (P. Angelov,

Sadeghi-Tehran, and Ramezani, 2011):

µk =
k − 1

k
µk−1 +

1

k
xk µ1 = x1 (2.14)

Σk =
k − 1

k
Σk−1 +

1

k
∥xk∥2 Σ1 = ∥x1∥2 (2.15)

2.1.6 Fuzzy rules

Fuzzy rules can be formulated as linguistic expressions in the following way (P.

Angelov, 2012):

Rulei : IF (antecedent)

THEN (consequent) i = [1, R]

Here, R represents the total number of fuzzy rules, antecedent depends on

the type of fuzzy rules, some use linguistic terms while others use functional or

mathematical expressions (P. Angelov, 2012).

IF. . . THEN rules rely on the linguistic representation that enables interpretable

decision-making processes, making them a common choice in interpretable models.

For example, in a deep rule-based (DRB) classifier, the decision-making process can

be formulated as (P. P. Angelov and Xiaowei Gu, 2019):

Ri : IF
(
I ∼ Pi,1

)
OR

(
I ∼ Pi,2

)
OR . . . OR

(
I ∼ Pi,Mi

)
THEN (Class i)

(2.16)

Where i = 1, 2, . . . , C is the class label; Pi,j denotes the jth prototype images of

the ith class, j = 1, 2, . . . ,Mi, where Mi is the number of prototypes defined by the

fuzzy rule (P. P. Angelov and Xiaowei Gu, 2019).

Such rules can also be represented visually. For example, for the Caltech 101

dataset, the IF...THEN rules of the DRB classifier can be shown in Figure 2.3.
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Figure 2.3: IF...THEN rules of the Caltech 101 dataset (P. P. Angelov and Xiaowei

Gu, 2019).

2.2 Deep Learning

Deep learning is an approach to machine learning. Thanks to the growth of

large amounts of training data and the improvement of computing infrastructure,

deep learning has been applied to almost every industry (Bengio, Goodfellow, and

Courville, 2017). It is a very broad topic, and this section will only discuss some of

the most fundamental, as well as some concepts and algorithms related to the work

of this thesis.

2.2.1 Convolutional Neural Networks

Convolutional neural networks (CNNs) (LeCun et al., 1989) is the most fundamental

concept within the field of deep learning. As its name suggests, it is mainly based

on a mathematical operation called convolution.
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Figure 2.4: 2d convolution.

2.2.1.1 Convolution

The convolution operation in two-dimensional space can be defined as follows:

[W ⊛X](i, j) =
H−1∑
u=0

W−1∑
v=0

wu,v xi+u,j+v (2.17)

Here, the 2d filter W has size H×W and i, j indicate the respective dimensions

of the output matrix (Murphy, 2022). For example, applying a 2 × 2 kernel to a

3× 3 input X and produces a 2× 2 output Y (Murphy, 2022):

Y =

w1 w2

w3 w4

⊛


x1 x2 x3

x4 x5 x6

x7 x8 x9

 (2.18)

=

(w1x1 + w2x2 + w3x3 + w4x5) (w1x2 + w2x3 + w3x5 + w4x6)

(w1x4 + w2x5 + w3x7 + w4x8) (w1x5 + w2x6 + w3x8 + w4x9)

 (2.19)

The visualization process can also be found in Figure 2.4.

Convolution has three main advantages to improve performance over traditional

machine learning algorithms, which are sparse interactions, parameter sharing and

equivariant representations (Bengio, Goodfellow, and Courville, 2017).
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Figure 2.5: A CNN for image classification.

2.2.1.2 Pooling

Typically, there are three layers for a convolutional neural network: convolution,

activation function and pooling (Bengio, Goodfellow, and Courville, 2017). A

pooling layer mainly replaces the results from the above layer by summarising the

statistics of the neighbouring outputs (Bengio, Goodfellow, and Courville, 2017).

There are several pooling techniques. For example, the max pooling returns the

maximum value from the input while the average pooling returns the mean value

(Murphy, 2022).

Figure 2.5 shows a very general CNN architecture. The input image is first

passed through a series of convolution and pooling layers to perform the feature

extraction, followed by a linear classification head to obtain the final prediction.

2.2.2 Transformer

The CNN architecture has been a standard paradigm in the field of Computer Vision

(CV) since it was proposed. However, the rise of Transformer architecture (Vaswani,

2017) has completely changed the dominance of CNN. It was initially proposed

for Natural language processing (NLP) tasks and was gradually adapted to other

domains, such as computer vision (Dosovitskiy et al., 2020) and time-series analysis

(H. Zhou et al., 2021).
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Figure 2.6: Scaled Dot-product Attention and Multi-Head Attention (Vaswani,

2017).

2.2.2.1 Attention mechanism

The attention mechanism is one of the core concepts of the Transformer architecture.

The output features are computed as a weighted sum of the queries, keys and values.

The main purpose of this operation is to enable the network to dynamically learn

the feature representation to which it should pay more attention (Vaswani, 2017).

The one used in Transformer is called “Scaled Dot-Product Attention” as shown

in Figure 2.6. The scaled dot-product attention formula is given as:

Attention(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V (2.20)

WhereQ,K and V represent the query, key, and value matrices, T is the sequence

length and dk, and dv are the dimensionality of the keys and values. The dot products

of query and keys were divided by
√
dk, then the softmax function was applied to

get the weights of the values. Here,
√
dk is a scaling factor, which is used to avoid

pushing the softmax function into regions with extremely small gradients.

Instead of using only single attention functions, a multi-head attention mech-

anism can learn richer feature representations and take advantage of the parallel
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computing capability of GPUs. The formula is shown as (Vaswani, 2017):

MultiHead(Q,K, V ) = Concat(head1, . . . , headh)W
O (2.21)

where headi = Attention(QWQ
i , KWK

i , V W V
i ). (2.22)

Where WQ
i ∈ Rdmodel×dk , WK

i ∈ Rdmodel×dk , W V
i ∈ Rdmodel×dv and WO ∈

Rhdv×dmodel

It can be observed that multi-head attention treats the input as a set of elements

or tokens rather than sequences. It is therefore unable to learn information about

the location of each token. Thus, “positional encodings” are introduced to mark

and learn the positional information of the inputs (Vaswani, 2017).

2.2.2.2 Transformer architecture

The transformer has an encoder-decoder structure shown in Figure 2.7. The encoder

consists of N identical blocks. First, positional encoding is added to the input

embeddings, which then pass through a multi-head attention function. The output

is combined with the original input using residual connections, followed by layer

normalization. The result is then passed through a feed-forward network, where

residual connection and layer normalization are applied again.

Similar to the encoder, the decoder also consists of N identical blocks, the

main difference being that a new masked multi-head attention layer is added to

the decoder. This is to prevent the model from cheating by observing the future

token when making predictions about the current token.

2.2.2.3 Vision Transformer

Inspired by the success of Transformer in the application of NLP, Vision Transformer

(ViT) (Dosovitskiy et al., 2020) was proposed to be applied to the image

classification tasks.
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Figure 2.7: Transformer architecture (Vaswani, 2017).
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The model architecture is shown in Figure 2.8. One challenge in applying the

transformer to the image field is how to generate tokens. ViT shows a great example

by splitting the image into patch tokens. The output is then linearly embedded and

summed with positional embeddings and class embeddings (Eq. 2.23), and finally

fed into a Transformer encoder. The Transformer encoder is very similar to the one

proposed in (Vaswani, 2017), with only minor differences, where layer normalization

is applied before the multi-head attention operation. Within the Transformer block,

the embedded patches are first fed into a multi-head attention (Eq. 2.24), and

then pass through a MultiLayer Perceptron (MLP) layer. After L such Transformer

operations, the class token of the final Transformer block output Z0
L is considered

as the final latent feature for the classification task.

z0 =
[
xclass;x

1
pE;x

2
pE; . . . ;x

N
p E
]
+ Epos, E ∈ R(P 2·C)×D, Epos ∈ R(N+1)×D (2.23)

z′ℓ = MSA(LN(zℓ−1)) + zℓ−1, ℓ = 1 . . . L (2.24)

zℓ = MLP(LN(z′ℓ)) + z′ℓ, ℓ = 1 . . . L (2.25)

y = LN(z0L) (2.26)

Where x ∈ RH×W×C is the input images, xp ∈ RN×(P 2·C) is a sequence of

flattened 2D patches, (H,W ) is the resolution of the input image and C is the

number of channels, the resolution of the patches is (P, P ), and y is the output of

the Transformer Encoder.

The main difference between CNNs and Transformers is that Transformers do not

include as much inductive bias for images as CNNs, which makes them especially

useful when dealing with large datasets (Dosovitskiy et al., 2020). Besides, the

proposal of the ViT model has further advanced the development of multimodal
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Figure 2.8: Vision Transformer (ViT) architecture (Dosovitskiy et al., 2020).

models thanks to the versatility of the Transformer model to handle diverse tasks

across different domains.

2.2.3 Foundation models

In recent years, with the availability of large amounts of data and the advancement

in computing infrastructure, a new paradigm has emerged known as the foundation

model. Unlike traditional deep learning models, which are trained on specific

datasets for particular tasks, foundation models are trained on broad data that

can be adapted to a wide range of downstream tasks (Bommasani et al., 2021).

Notable examples include CLIP(Radford et al., 2021), GPT-3(Brown et al., 2020),

DINOv2(Oquab et al., 2023) and most recent DeepSeek-R1 (D. Guo et al., 2025).

The same paradigm has been applied to the field of remote sensing, especially

Earth Observation (EO). Examples of such models are SatlasNet (Bastani et al.,

2023) and Prithvi (Jakubik et al., 2023), which are described in detail below.

2.2.3.1 SatlasNet

SatlasNet (Bastani et al., 2023) is a foundation model designed for EO tasks. Unlike

traditional models that are trained on individual label types, SatlasNet is jointly
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Figure 2.9: SatlasNet architecture (Bastani et al., 2023).

trained on seven label types including 137 categories. It also uses the supervised

training method rather than most other foundation models that use self-supervised

training methods. The model architecture is shown in Figure 2.9.

It can be observed that SatlasNet uses three Swin Transformers to extract multi-

scale features from time-series images. The features are then aggregated through

temporal max pooling and then fed into seven different heads corresponding to

different tasks, such as semantic segmentation, point detection, regression, polyline

detection, property prediction, classification and polygon detection.

2.2.3.2 Prithvi

Prithvi (Jakubik et al., 2023) is a transformer-based geospatial foundation model

designed for EO tasks. The model architecture is shown in Figure 2.10. The model

is pretrained with the masked autoencoder (MAE), which is a commonly used self-

supervised approach for most of the vision foundation models. The input images

are first randomly masked, and only the unmasked image is fed into the encoder.

Then a decoder is employed to receive the latent features from the encoder and to

reconstruct the masked patches. To adapt multi-spectral remote sensing images to

three-channel MAE, Prithvi also introduced 3D patch embedding and 3D position

encoding.

2.2.4 Continual learning

Continual learning models solve a number of related problems (Ven, Tuytelaars, and

Tolias, 2022). Task-incremental learning addresses the problem of incrementally
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Figure 2.10: Prithvi architecture (Jakubik et al., 2023).

learning known tasks, with the intended task explicitly input into the algorithm

(Ruvolo and Eaton, 2013; Z. Li and Hoiem, 2017; Kirkpatrick et al., 2017). Domain-

incremental learning (Yabin Wang, Z. Huang, and Hong, 2022; Lamers et al., 2023)

addresses the problem of learning when the domain is changing and the algorithm is

not informed about these changes. This includes such issues as concept drift when

the input data distribution is non-stationary (Widmer and Kubat, 1996). Class-

incremental learning (S. Yan, J. Xie, and X. He, 2021; Z. Wang et al., 2022) is a

problem of ever expanding number of classes of data. This thesis will only focus on

this last problem. However, one can see how the prototype-based approaches could

help solve the other two problems by circumventing catastrophic forgetting (French,

1999) through incremental update of the prototypes (Baruah and P. Angelov, 2012).

2.3 Image segmentation

Image segmentation has always been one of the most important tasks in the field

of Computer Vision (CV), and it has been applied to diverse fields and industries,

such as self-driving cars (Q. Zhou et al., 2020), medical image analysis (R. Wang

et al., 2022), and remote sensing image analysis (Yuan, J. Shi, and L. Gu, 2021).

Image segmentation divides images into different segments and extracts the

region of interest (ROIs) (Yu et al., 2023). It can be divided into 3 main types:
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semantic segmentation, which assigns a semantic label to each pixel; instance

segmentation, which assigns an instance-specific label to each pixel; and panoptic

segmentation, which combines both approaches by assigning each pixel a semantic

label and an object label (Minaee et al., 2021).

Image segmentation can be classified into traditional methods and deep learning-

based methods. Traditional methods are usually based on hand-crafted features

and often require domain experts to manually set up the feature extraction process.

Such methods include the threshold-based Otsu method (Otsu et al., 1975), the

clustering-based K-means algorithm (Lloyd, 1982; Sathya and Manavalan, 2011),

and the simple linear iterative clustering (SLIC) method (Achanta et al., 2012).

Since the K-means algorithm has been described in detail in the previous sections,

the SLIC algorithm is described in detail below.

2.3.1 SLIC

SLIC (Simple Linear Iterative Clustering) is one of the superpixel algorithms that

group pixels into meaningful regions instead of pixels to reduce the complexity of

further processing of images (Achanta et al., 2012). It performs clustering in a 5D

space defined by the 3D CIELAB colour space and the 2D x, y pixel coordinates.

It is worth noting that the distance metric used in the SLIC method should be

chosen carefully because the CIELAB colour space and the pixel coordinate space

are not consistent, the range of the pixel space will change according to the image

size, while the CIELAB colour space is fixed. In such a case, simply applying

the Euclidean distance will lead to different weighting of the colour and coordinate

spaces according to the image size. Therefore, SLIC proposed a new distance matric

Ds, shown as the Equation 2.27 (Achanta et al., 2012):

dlab =
√
(lk − li)2 + (ak − ai)2 + (bk − bi)2,

dxy =
√
(xk − xi)2 + (yk − yi)2,

Ds = dlab +
m

S
dxy.

(2.27)
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The method can be summarized by Algorithm 3 (Achanta et al., 2012).

Algorithm 3: SLIC

Initialize cluster centers Ck = [lk, ak, bk, xk, yk]
T by sampling pixels at

regular grid steps S;

Perturb cluster center within an n× n neighborhood to the lowest gradient

position;

repeat

for each cluster center Ck do
Assign the best-matching pixels within a 2S × 2S square

neighborhood around the cluster centre based on the distance

metric (Eq. 2.27);

end

Recompute new cluster center and residual error E (L1 distance

between old and new centers);

until E ≤ threshold ;

Enforce connectivity constraints ;

2.3.2 U-Net

The semantic Segmentation problem is very common in the remote sensing field. The

target is to assign a class label yi ∈ 1, . . . , C for each pixel, where the class might

be tree, building, road, water, crop, etc. A very common architecture for semantic

segmentation tasks is the encoder-decoder architecture. The Encoder typically use

a convolutional neural network or Transformer to extract hierarchical features by

progressively downsampling the input, while the decoder upsamples and fuses such

features to obtain the final pixel-wise prediction (Zheng et al., 2021).

U-Net (Ronneberger, Fischer, and Brox, 2015) is a semantic segmentation

network with an encoder-decoder architecture. It is widely used as it was introduced

earlier and offers good performance. The architecture is shown in Figure 2.11. It

can be observed that the input images were mapped to a 2D bottleneck with the

convolution operation, then it was mapped back to a full-size output segmentation
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Figure 2.11: U-Net (Ronneberger, Fischer, and Brox, 2015).

map. A key feature of the U-Net is that it uses skip connections from the input to

the output layer to preserve the information lost during the convolution process.

2.3.3 DeepLabv3+

DeepLabv3+ (L.-C. Chen et al., 2018) is another widely used semantic segmentation

algorithm. The model architecture is shown in Figure 2.12.

DeepLabv3+ also employs the encoder-decoder architecture. Unlike the U-Net,

it uses atrous convolution to control the resolution of the feature to obtain multi-

scale information.

2.4 Remote sensing

Remote sensing (RS) technologies measure the properties of objects on the Earth’s

surface using data collected by aircraft or satellites (Schowengerdt, 2006). In such

a concept, the measurement is made at a distance, which means that there is no
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Figure 2.12: DeepLabv3+ (L.-C. Chen et al., 2018).

direct contact with the object. Therefore, people much rely on a series of propagated

signals, such as optical, radio, or microwaves (Schowengerdt, 2006).

Landsat 1 was the first Earth Observation satellite, which was launched in July

1972 and specifically used to monitor and collect land images (D. L. Williams,

Goward, and Arvidson, 2006; Schowengerdt, 2006). Landsat 1 uses a multispectral

scanner (MSS), which provides four spectral bands (green, red, and two near-

infrared bands) with 80 m resolution (D. L. Williams, Goward, and Arvidson, 2006).

To date, with almost half a century of technological development, remote sensing

technology has been revolutionized with a wide range of infrastructure, resolution

and applications. It has now been widely used in diverse areas, such as disaster

management (Shastry et al., 2023; Rashkovetsky et al., 2021), crop monitoring

(Omia et al., 2023), urban changes (Fayshal et al., 2024) and even mammal migration

(Z. Wu et al., 2024).

Two main types of remote sensing imaging instruments have been widely used

in the past decades. Their difference primarily depends on the type of energy source

used to collect the data. One is the passive optical sensor, such as multispectral and

hyperspectral sensors, and the other is the active remote sensor, for example, Real

Aperture Radar (RAR) or Synthetic Aperture Radar (SAR) (Camps-Valls et al.,
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2011).

2.4.1 Optical images

Multispectral optical images capture data across specific wavelength ranges of the

electromagnetic spectrum, which could acquire additional information that cannot

be captured by the human eye except for red, green, and blue (Shafique et al., 2022).

It takes advantage of the fact that different materials reflect and absorb differently in

different wavebands, and has been widely used in recent years for Earth Observation

tasks (Vali, Comai, and Matteucci, 2020). One of the most widely used satellites

providing multispectral optical images is the Sentinel-2 satellite. It is equipped with

multispectral imaging instruments (MSI) that enable the acquisition of 13 spectral

bands, including the visible (red, blue and green), near infra-red (NIR) and short

wave infra-red (SWIR) bands with different resolutions from 10 to 60m (Drusch

et al., 2012). The Sentinel 2 mission consists of two satellites, Sentinel 2A and

Sentinel 2B, providing 5 days of revisits. The description and resolution of Sentinel

2 are shown in the Table 2.1.

2.4.2 SAR images

Unlike the passive optical sensor used by Sentinel 2, SAR images acquired by a

satellite actively transmit the microwave pulse to the Earth’s surface and produce

the images using the latency of the reflected signals (P. Singh et al., 2021). The main

advantage of SAR is that it can take images in different atmospheric conditions, no

matter day or night, because it uses wavelengths from 1cm to 1m while multispectral

imaging instruments make use of wavelengths much closer to visible light, such as

1 micron. Because of these characteristics, SAR could see through the clouds, rain,

fog and snow where optical sensors cannot (P. Singh et al., 2021).

In SAR imaging, as the satellite or aircraft moves, the SAR antenna transmits

high-frequency radar waves towards the ground and collects the backscattered

signals. The process is shown in Figure 2.13. These signals contain pulse information
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Name Description Resolution

B01 Coastal aerosol, 442.7 nm (S2A), 442.3 nm (S2B) 60m

B02 Blue, 492.4 nm (S2A), 492.1 nm (S2B) 10m

B03 Green, 559.8 nm (S2A), 559.0 nm (S2B) 10m

B04 Red, 664.6 nm (S2A), 665.0 nm (S2B) 10m

B05 Vegetation red edge, 704.1 nm (S2A), 703.8 nm (S2B) 20m

B06 Vegetation red edge, 740.5 nm (S2A), 739.1 nm (S2B) 20m

B07 Vegetation red edge, 782.8 nm (S2A), 779.7 nm (S2B) 20m

B08 NIR, 832.8 nm (S2A), 833.0 nm (S2B) 10m

B8A Narrow NIR, 864.7 nm (S2A), 864.0 nm (S2B) 20m

B09 Water vapour, 945.1 nm (S2A), 943.2 nm (S2B) 60m

B11 SWIR, 1613.7 nm (S2A), 1610.4 nm (S2B) 20m

B12 SWIR, 2202.4 nm (S2A), 2185.7 nm (S2B) 20m

Table 2.1: Spectral Bands of Sentinel-2 with their Descriptions and Resolutions

(Drusch et al., 2012).

Figure 2.13: (a) A radar pulse is transmitted from the satellite to a tree (b) The

radar pulse is backscattered by the tree back to the satellite (P. Singh et al., 2021).
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with a distinct shape that allows the system to determine the exact location of the

object and plot it on the image. Furthermore, SAR calculates the illumination of

each point based on the intensity of the signal it receives. This is because objects

absorb or reflect radar energy depending on their materials. For example, trees will

appear grey because they absorb the radar energy, while metal will appear bright

because of strong reflections (P. Singh et al., 2021).

Sentinel 1 is one of the most widely used SAR satellites. It consists of two

satellites, Sentinel-1A and Sentinel-1B, it provides 6 days of revisit and four different

types of data products including Interferometric Wide Swath (IW), Extra Wide

Swath (EW), Stripmap (SM), and Wave (WV) (Torres et al., 2021).

2.4.3 Traditional flood detection methods

People have been fighting floods since time immemorial. In ancient mythology, Noah

escaped the damage of flood by building Noah’s Ark. More recently, with the advent

of remote sensing technologies, People have been monitoring floods using satellite

images to minimize the damage caused by floods. Flood mapping is an important

part of flood detection, which can effectively help people to understand the specific

area where the floods are occurring in order to take timely action. It can also help

people with post-disaster reconstruction and urban planning.

Both optical and SAR images have been used for flood mapping. This thesis

mainly focuses on flood mapping with optical images. Traditional flood detection

methods mainly rely on rule-based methods, which distinguish between water bodies

and other objects by analyzing the difference in absorption and reflection of water

in different spectral bands (Bhaskaran et al., 2013). For example, water index-

based methods are particularly popular, such as Normalized Difference Water Index

(NDWI) (Gao, 1996), Modified Normalized Difference Water Index (MNDWI) (H.

Xu, 2006), and Normalized Difference Vegetation Index (NDVI), etc.

One of the most well-known and widely used methods is the Normalized

Difference Water Index (NDWI). It was proposed in (McFeeters, 1996) and uses
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near infra-red (NIR) and visible green light to delineate open water features in the

optical images. The definition is as follows:

NDWI =
(Xgreen −Xnir)

(Xgreen +Xnir)
(2.28)

The principle behind NDWI is to maximize the reflectance of water at green

wavelengths and minimize the reflectance of water at NIR wavelengths. Meanwhile,

it takes advantage of the high NIR reflectance of vegetation and soil features

(McFeeters, 1996). The index value ranges from -1 to 1 and normally water bodies

are greater than 0. However, NDWI is sensitive to build-up land noise (H. Xu,

2006). To address this challenge, Modification of Normalized Difference Water Index

(MNDWI) (H. Xu, 2006) was proposed, the definition is shown as follows:

MNDWI =
(Xgreen −Xmir)

(Xgreen +Xmir)
(2.29)

It can be seen that NIR is being replaced by Middle Infrared (MIR), which will

help distinguish between built-up land and water. In this case, all build-up land,

vegetation and soil will show a negative value while water bodies will show a positive

value.

Although such algorithms are constantly evolving and iterating, the fact is that

the performance of such methods is highly dependent on expert knowledge and

constrained by various limitations. For example, NDWI may mix water and build-

up land, while the optical threshold for MNDWI cannot remove the shadow noise

in some regions. Most importantly, such methods require careful selection of the

optimal threshold value, which must be adjusted according to different areas and

times. All these drawbacks greatly hinder the application of such methods in global-

scale flood mapping (Yan Zhou et al., 2017).
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2.5 Deep Learning in Earth Observation

Recent years have witnessed rapid advancements in machine learning development,

with a large number of algorithms being applied to EO. Among these, deep learning

methodologies are particularly noteworthy due to their ability to achieve state-

of-the-art results. Deep learning technologies have been used for several disaster

management tasks, such as wildfire detection (Rashkovetsky et al., 2021), flood

detection (Bonafilia et al., 2020), hurricane damage assessment (Berezina and D. Liu,

2022) and landslide detection (Ghorbanzadeh et al., 2022), etc., demonstrating its

great potential for disaster management.

Within disaster management, flood detection has become a topic of great interest

for EO deep learning applications. Floods, one of the most common natural

disasters, cause thousands of deaths, millions of displaced people and hundreds of

billions of dollars in damage every year (Rentschler, Salhab, and Jafino, 2022). Deep

learning-based models have shown promising performance compared to traditional

hydrological models as well as traditional machine learning models on the flood

mapping task (Mateo-Garcia et al., 2021; Portalés-Julià et al., 2023). Thanks to the

large-scale observation nature of remote sensing technology, these models are able

to predict the flood extent on a global scale, which is important for flood warning

and post-disaster reconstruction.

2.5.1 Semantic Segmentation on flood detection

In recent years, with the growth of visual data and the development of hardware

devices, deep learning algorithms have been widely used in computer vision,

including semantic segmentation. In particular, the introduction of the Fully

Convolutional Network (Long, Shelhamer, and Darrell, 2015) is considered a

milestone in semantic segmentation since it is the first framework that implements

end-to-end semantic segmentation using deep learning techniques. Following this,

several well-known semantic segmentation networks have been proposed, such as
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U-Net (Ronneberger, Fischer, and Brox, 2015), SegNet (Badrinarayanan, Kendall,

and Cipolla, 2017), and DeepLabV3+ (L.-C. Chen et al., 2018). More recently,

with the success of the vision transformers thanks to their ability to provide

state-of-the-art performance, which is facilitated by large-scale datasets and the

model’s global content modelling capabilities(Dosovitskiy et al., 2020). Several

transformer-based semantic segmentation neural networks have emerged, such as

SETR (Zheng et al., 2021), SegFormer (E. Xie et al., 2021), Segmenter (Strudel et al.,

2021), etc. Such deep learning-based models usually employ an encoder-decoder

architecture, where the encoder typically uses a convolutional neural network (CNN)

or transformer to extract hierarchical features by progressively downsampling the

input, while the decoder upsamples and fuses such features to get the final pixel-wise

segmentation map (Zheng et al., 2021). Overall, these deep learning-based semantic

segmentation models are broadly used in various domains due to their ability to

provide encouraging performance.

For example, numerous deep learning-based algorithms were developed and

applied to EO tasks, including flood extent mapping. For instance, (Mateo-Garcia

et al., 2021) applied U-Net to Sentinel-2 images for flood mapping, while (Katiyar,

Tamkuan, and Nagai, 2021) employed SegNet and U-Net for flood mapping with

SAR images. (H. Wu et al., 2022) proposed a novel multi-scale DeepLab model

based on MobileNetV2 backbone and DeepLabv3+ for flood detection with SAR

images. (Yongsheng Zhou et al., 2022) introduced a CNN-transformer-based model

applied to SAR images, demonstrating improved performance of fine water region

detection.

2.5.2 Change detection

In remote sensing, most change detection methods are based on bi-temporal images,

typically identifying changes that occur in the same region during a time interval.

Most traditional bi-temporal change detection methods use image differences or

ratios based on the raw features (Mall, Hariharan, and Bala, 2022). For example,
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Change Vector Analysis (CVA) (Malila, 1980) employed the difference between bi-

temporal images to calculate the change vector, while (Gong, Cao, and Q. Wu, 2011)

introduces a novel neighbourhood-based ratio operator to generate the change map.

Recent work has mostly used deep learning-based methods (Bai et al., 2023; H.

Chen, Qi, and Z. Shi, 2021) due to their powerful feature extraction capabilities and

promising performance. However, bi-temporal change detection methods are usually

difficult to deal with images taken from different seasons and tend to introduce

seasonal errors in the results (S. Liu et al., 2015; Hao et al., 2023).

To address this problem, some researchers have proposed time-series change

detection methods, which could effectively reduce the seasonal error and obtain a

large amount of land use information (Z. Zhu, 2017). However, such methods usually

require classification or segmentation for each image, which is time-consuming and

inefficient (J. Yan et al., 2019).

2.6 Explainable AI

2.6.1 Explainable AI taxonomies

As deep learning techniques are widely used in various industries, more and more

people are concerned about the limitations of these algorithms, with a particular

focus on transparency and explainability (Gevaert, 2022). The necessity for

interpretable algorithms is not only due to the need to meet the legal and regulatory

requirements of the governments and organisations (Regulation, 2016), but also to

help users understand and audit the decision-making process of the algorithms.

Despite the rapid development of deep learning, especially deep neural network

techniques, the ever more complicated DL models (Krizhevsky, Sutskever, and G. E.

Hinton, 2012; Dosovitskiy et al., 2020) do not keep pace with the demands for human

understandable interpretability (Rudin, 2019), which have been criticised for their

”black box” nature. This fact has motivated researchers to explore interpretable

algorithms, and many representative works have been introduced.
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Interpretability of deep neural networks is especially important in a number of

applications: automotive (J. Kim and Canny, 2017), medical (Ahmad, Eckert, and

Teredesai, 2018), Earth Observation (Z. Zhang, P. Angelov, Soares, et al., 2022)

alongside others. Demand in such models is necessitated by the pursuit of safety

(D. Wei et al., 2022), as well as ethical concerns (Peters, 2022). Some of the

pioneering approaches to explaining deep neural networks involve post hoc methods;

these include saliency models such as the saliency map visualisation method

(Simonyan, Vedaldi, and Zisserman, 2014) as well as Grad-CAM (Selvaraju et al.,

2017). However, saliency-based explanations may be misleading and not represent

the causal relationship between the inputs and outputs (Atrey, Clary, and Jensen,

2019), representing instead the biases of the model (Adebayo et al., 2018). An

alternative line of research includes game-theoretic analysis of feature importance,

for instance, through the use of Shapley values(Shapley, 1953; Lundberg, 2017).

However, such an approach has limited scalability and requires the use of simpler

surrogate models or Shapley values’ approximations to make it tractable for large-

scale analysis (Covert, C. Kim, and S.-I. Lee, 2023).

The explainable AI (xAI) methods can be categorized into four main types:

feature attribution, distillation, intrinsic explanations, and contrastive examples

(Höhl et al., 2024). Feature attribution provides explanations by highlighting the

importance of the input features that strongly influence the output. Distillation

builds a separate, intrinsically explainable model to interpret the output of the

deep neural network (DNN). Intrinsic explanations attempt to build an explainable

model that is itself intrinsically interpretable. Contrastive examples are devoted to

presenting a simulated or real example that provides an explanation by comparing

them (Höhl et al., 2024; Ras et al., 2022).

2.6.1.1 Feature attribution

The feature attribution representation work is GradCam (Selvaraju et al., 2017),

which provides an interpretation of a concept by generating a coarse localisation
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map in the final convolutional layer to highlight important regions associated with

the concept. The localisation map is defined as follows (Selvaraju et al., 2017).

Lc
Grad-CAM ∈ Ru×v = ReLU

(∑
k

αc
kA

k

)
(2.30)

Where µ represents the width, v is the height and c denotes the class of interest.

The detailed progress can be summarized as follows (Selvaraju et al., 2017;

Molnar, 2020):

1. Forward pass: Pass the input image through the convolutional neural network.

2. Class score extraction: Retrieve the raw score (before the softmax layer) for

the target of interest.

3. Zero out other classes: Set the score of all other classes to zero.

4. Gradient Back-propagation: Compute the gradient of the target class score

with respect to the features map of the last convolutional layer: δyc

δAk
ij
.

5. Weight calculation: Compute the weight for each feature map using global

average pooling:

αc
k =

1

Z

∑
i

∑
j

∂yc

∂Ak
ij

(2.31)

Where i and j are the weight and height indices, and Z is the total number of

pixels in the feature map.

6. Weighted feature map: Calculate a weighted combination of the feature maps

using the gradient.

7. Apply ReLU: Apply ReLU to only keep the positive values in the weighted

feature map to focus on regions that contribute positively to the class score.

8. Visualization: Normalize the heatmap to the range [0, 1], upscale it to map

the input image size and overlay it over the original image.

Figure 2.14 shows a comparison of the set of interpretable methods between the

cat class and the dog classes. It can be seen that the interpretation provided by

Grad-Cam is very clear and intuitive, allowing people to quickly identify important

regions related to the class of interest.
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Figure 2.14: Grad-CAM (Selvaraju et al., 2017).

2.6.1.2 Distillation

Distillation attempts to build a separate interpretable model to explain the “black

box” model. The representative works in this category are LIME (Ribeiro, S. Singh,

and Guestrin, 2016) and SHAP (Lundberg, 2017).

LIME (Ribeiro, S. Singh, and Guestrin, 2016) provides an explanation by

constructing a simple linear model trained on a set of generated perturbed instances

to find the highest weighted superpixels. Specifically, for a “black box model” f , and

an image example ξ. The LIME explanation for image classifiers can be summarized

as follows (Ribeiro, S. Singh, and Guestrin, 2016; Garreau and Mardaoui, 2021):

1. Segment images into superpixels used as interpretable features of the image.

2. Generate a new set of images x1, x2, . . . , xi by randomly grey out part of the

superpixels.

3. Get the predictions yi with this set of images by feeding into the original

“black-box model”.

yi = f(xi) (2.32)

4. Build a local explainable surrogate model β̂n to approximate the predictions

of f locally around the original image ξ.
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2.6.1.3 Intrinsic explanations

Unlike the other three post-hoc explanatory approaches, an arguably better

approach is to construct interpretable-by-design ante hoc models (Rudin, 2019)

that are inherently interpretable. These models could use different principles, such

as (1) interpretable-by-design architectures (Böhle, Fritz, and Schiele, 2022), which

are designed to provide interpretations at every step of the architecture, as well

as (2) prototype-based models, which perform decision making as a function of

(dis)similarity to existing prototypes (P. Angelov and Soares, 2020).

Several examples of interpretable-by-design architectures include Bayesian Neu-

ral Networks and B-cos networks. Bayesian Neural Networks (BNNs) provide expla-

nations based on uncertainty predictions that could help human users understand

how uncertain the results are (Clare et al., 2022; Mitros and Mac Namee, 2019).

B-cos network is introduced to increase the interpretability of deep neural networks

(DNNs) by promoting weight-input alignment during training (Böhle, Fritz, and

Schiele, 2022; Böhle, N. Singh, et al., 2024).

In addition to the above, the prototype-based models have attracted attention for

their natural proximity to human reasoning (Biehl, Hammer, and Villmann, 2016).

Related works include xDNN (P. Angelov and Soares, 2020), ProtoPNet (C. Chen

et al., 2019), DNC (W. Wang et al., 2022), IDEAL (P. Angelov, Kangin, and Z.

Zhang, 2025) and IDSS (Z. Zhang, P. Angelov, Soares, et al., 2022). These models

are trained either by adding a prototype layer to the neural network and training the

model end-to-end or by performing a clustering algorithm on a trained/pre-trained

feature space of the neural network to find the most representative prototypes.

A main characteristic of this approach is the use of example or prototype-based

explanations, which explain the model’s decision-making by selecting representative

instances directly from the dataset.

The idea of prototype-based machine learning is closely related to the symbolic

methods (Newell, Shaw, and Simon, 1959), and draws upon the case based reasoning

(B. Kim, Rudin, and Shah, 2014) and sparse learning machines (Poggio and Girosi,
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1998), which are designed to learn a linear (with respect to parameters) model,

which is (in general, nonlinearly) dependent on a subset of training data samples.

At the centre of many such methods is the kernel trick (Schölkopf, Herbrich, and

A. J. Smola, 2001), which involves mapping of training and inference data into a

space with a different inner product within a reproducing Hilbert space (Aronszajn,

1950). Such models include support vector machines (SVMs) for classification

(Boser, Guyon, and Vapnik, 1992) and support vector regression (SVR) models

(A. Smola and Schölkopf, 2004) for regression, as well as relevance vector machines

(RVMs), which have demonstrated improvements in sparsity (Tipping, 2001).

Example or prototype-based methods are usually model-agnostic. The reason is

that such a model provides an explanation by selecting instances from the dataset

rather than summarizing the importance of individual features (Molnar, 2020).

These methods are particularly useful when the selected instances are human-

understandable, such as images, as they allow users to directly view and interpret

the examples.

A well-known example is the K-nearest neighbour (KNN) method. For the case

where k is equal to 1. When making a decision, the algorithm compares the distance

between the test data and the training instance. It will then return the nearest

neighbour to the test data and assign the prediction based on the class of that

neighbour. If the instance itself is meaningful to human users, the decision-making

process becomes explainable, as the test data can be directly analogized to its closest

training instance, providing intuitive reasoning for the prediction.

While traditional interpretable machine learning methods offer good inter-

pretability and transparency, their performance is often not as expected. On the

other hand, deep learning neural networks typically provide superior performance

but suffer from the limitations of their “black box” nature. To address this gap,

researchers have begun to explore methods that aim to combine the strengths of

both approaches, offering both high accuracy and interpretability.

The representative works in this area are ProtoPNet (C. Chen et al., 2019)
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Figure 2.15: ProtoPNet reasoning process (C. Chen et al., 2019).

and xDNN (P. Angelov and Soares, 2020). ProtoPnet introduces an additional

prototype layer to a Convolutional neural network and explains its decision-making

process by dissecting images into prototypical parts and comparing their latent

features with the learned prototypes. As shown in Figure 2.15, ProtoPNet classifies

an image as a clay-coloured sparrow because specific parts of the image look like

prototypical parts from the training images. The ProtoPNet is trained end-to-end,

which means for every new task, a separate model must be trained from scratch,

which is computationally expensive.

In contrast, xDNN employs a different strategy. As shown in Figure 2.16, it

utilises a pre-trained neural network for feature extraction and then learns a set

of prototypes to provide explanations. Instead of requiring task-specific training,

xDNN compares the similarity between the test image and the learned prototypes,

making it computationally friendly while still offering interpretability.

2.6.1.4 Contrastive examples

(Höhl et al., 2024) shows two types of contrastive examples: counterfactual expla-

nations and example-based explanations (Höhl et al., 2024). The counterfactual

methods provide explanations mainly by showing a set of examples that are similar

to the original input. The representative work is (Wachter, Mittelstadt, and Russell,
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Figure 2.16: xDNN reasoning process (P. Angelov and Soares, 2020).

2017), which tries to find a counterfactual most close to the input. The example-

based explanations provide explanations by comparing the input with a set of

examples. However, I consider that the example-based explanations are more related

to the prototype-based methods of intrinsic explanations, which are discussed in the

previous section.

2.6.2 Explainable AI in Earth Observation

Recent years have witnessed rapid advancements in machine learning development,

with a large number of algorithms being applied to EO. Among these, deep

learning methodologies are particularly noteworthy due to their ability to achieve

state-of-the-art results. However, these models are normally perceived as “black-

box” models, due to their complexity, containing millions or billions of trainable

parameters, which complicates the interpretability of the decision-making process

for human users. This characteristic becomes a notable issue when applied to fields

like EO, which require a clear and understandable decision-making process. It’s

crucial that human users can comprehend, inspect and audit the decisions made by

such models (Gevaert, 2022). Consequently, addressing the “black box” nature of
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these algorithms is of paramount importance.

As deep learning techniques are widely used in various industries, more and

more people are concerned about the limitations of these algorithms, with a

particular focus on transparency and explainability (Gevaert, 2022). The necessity

for interpretable algorithms is not only due to the need to meet the legal and

regulatory requirements of the governments and organisations (Regulation, 2016),

but also to help users understand and audit the decision-making process of the

algorithms.

Despite the rapid development of deep learning, especially deep neural network

techniques, they have been criticised for their ”black box” nature. This fact has

motivated researchers to explore interpretable algorithms, and many representative

works have been introduced. Early work focused on post hoc explanations.

For example, GradCam (Selvaraju et al., 2017) provides an interpretation of a

concept by generating a coarse localisation map in the final convolutional layer

to highlight important regions associated with the concept. LIME (Ribeiro,

S. Singh, and Guestrin, 2016) provides an explanation by constructing a simple

linear model trained on a set of generated perturbed instances to find the highest

weighted superpixels. These interpretable methods have been widely used in Earth

Observation. For example, (X. Guo et al., 2022) proposed a variant of GradCam,

Prob-Cam, and successfully applied it to the remote sensing image classification

task. Similarly, (Hung, H.-C. Wu, and Tseng, 2020) applied the LIME method to

the remote sensing scene classification task. However, such classes of explanations

may not faithfully reflect the intrinsic decision-making. More recent work addresses

the question of post hoc explanations (Chan, Kong, and Liang, 2022). However, to

address these problems entirely, one can consider interpretable-by-design methods.

Several interpretable-by-design models have been proposed. For example,

Bayesian Neural Networks (BNNs) provide explanations based on uncertainty

predictions that could help human users understand how uncertain the results are

(Clare et al., 2022; Mitros and Mac Namee, 2019). B-cos network is introduced to
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increase the interpretability of deep neural networks (DNNs) by promoting weight-

input alignment during training (Böhle, Fritz, and Schiele, 2022; Böhle, N. Singh,

et al., 2024).

In addition to the above, the prototype-based models have attracted attention for

their natural proximity to human reasoning (Biehl, Hammer, and Villmann, 2016).

Related works include xDNN (P. Angelov and Soares, 2020), ProtoPNet (C. Chen

et al., 2019), DNC (W. Wang et al., 2022), IDEAL (P. Angelov, Kangin, and Z.

Zhang, 2025) and IDSS (Z. Zhang, P. Angelov, Soares, et al., 2022). These models

are trained either by adding a prototype layer to the neural network and training the

model end-to-end or by performing a clustering algorithm on a trained/pre-trained

feature space of the neural network to find the most representative prototypes.
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An interpretable-by-design deep

learning algorithm

Figure 3.1 illustrates the general prototype-based framework that underpins the

method developed in this chapter and its extensions in subsequent chapters. This

structure is applicable to various domains, including general image classification and

remote sensing semantic segmentation. The model learns interpretable prototypes

via clustering, and decisions are made based on the similarity of the input query to

the prototypes.

Figure 3.1: General prototype-based learning framework. This framework takes

either multispectral or RGB images as input, performs feature extraction with deep

learning neural networks, clusters the latent features to obtain prototypes, and uses

similarity-based reasoning for classification and prediction.
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3.1 Background

Deep-learning (DL) models can be formulated as deeply embedded functions of

functions (P. P. Angelov and Xiaowei Gu, 2019; Rosenblatt et al., 1962), optimised

through backpropagation (Rumelhart, G. E. Hinton, and R. J. Williams, 1986):

ŷ(x) = fn(. . . (f1(x;θ1) . . .);θn), (3.1)

where fn(. . . (f1(x;θ1) . . .);θn) is a layered function of the input x, which has a

generic enough, fixed parameterisation θ· to predict desirable outputs ŷ.

However, this problem statement has the following limitations:

(1) transfer learning typically requires finetuning (Kornblith, Shlens, and Le,

2019) using error back-propagation (EBP) on the target problem and data of interest

(2) such formulation does not depend upon training data, so the contribution of

these samples towards the output ŷ is unclear, which hinders interpretability. For

the interpretable architectures, such as ProtoPNet (C. Chen et al., 2019), finetuning

leads to confounding interpretations (Bontempelli et al., 2022)

(3) finally, for lifelong learning problems, such finetuning creates obstacles such

as catastrophic forgetting (Parisi et al., 2019)

Emergence of foundation models, aimed at better generalisation and facilitating

transfer learning, allows for mitigating point (1). Studies such as DINOv2 (Oquab

et al., 2023) demonstrate competitive results for ViT-based (Dosovitskiy et al., 2020)

architectures on transfer learning tasks on a range of datasets with linear finetuning.

However, these works do not address either interpretability or lifelong learning. In

this work, to jointly address all three above-mentioned limitations, we propose a

generic framework for prototypical transfer learning called IDEAL (Interpretable-

by-design DEep learning ALgorithms). Through this framework, we extensively

study the benefits and trade-offs of prototypical transfer learning without finetuning

across different architectures and tasks.

Our solution for transfer learning, which generalises xDNN (P. Angelov and

Soares, 2020) and ProtoPNet (C. Chen et al., 2019), can be summarised in the
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following form:

ŷ = g(x;θ,P), (3.2)

where P is a set of prototypes. We consider a more restricted version of the function

g(·):

ŷ = g(x;θ{d,h},P) = h(d(x,p;θd)|p∈P;θh), (3.3)

where d is some form of (dis)similarity function (which can include DL feature

extractors), θd and θh are parameterisations of functions d and h, respectively.

The methods from this research draw from cognitive science and the way humans

learn, namely, using examples of previous observations and experiences (Zeithamova,

Maddox, and Schnyer, 2008). Prototype-based models have long been used in

different learning systems: k nearest neighbours (Radovanovic, Nanopoulos, and

Ivanovic, 2010); decision trees (Nauta, Van Bree, and Seifert, 2021); rule-based

systems (P. Angelov, Lughofer, and X. Zhou, 2008); case-based reasoning (B. Kim,

Rudin, and Shah, 2014); sparse kernel machines (Tipping, 1999). The advantages of

prototype-based models have been advocated, for example, in (Bien and Tibshirani,

2011). The first prototypical architecture, learning both distances and prototypes,

was proposed in (Snell, Swersky, and Zemel, 2017) and more recently developed in

(C. Chen et al., 2019; P. Angelov and Soares, 2020) and (W. Wang et al., 2023).

In this thesis, we demonstrate the efficiency of the proposed framework: it is

compact, easy to interpret by humans, fast to train and adapt in a lifelong learning

setting and benefits from a latent data space learnt from a generic dataset transferred

to a different, more specific domain.

Specifically, we make the following contributions:

• we define the framework called IDEAL, shown in Figure 3.2, which transforms

a given non-interpretable latent space into an interpretable one based on

prototypes, derived from the training set without finetuning, and quantify

the performance gap between such a model, its finetuned counterpart and

standard DL architectures.
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Figure 3.2: Difference between (a) a standard deep-learning model, and (b) the

proposed prototype-based approach, IDEAL. Dataset credit: CIFAR-10 (Krizhevsky

and G. Hinton, 2009).

• we demonstrate the benefits of the proposed framework on transfer and lifelong

learning scenarios. Namely, in a fraction of training time and without

finetuning of latent features, the proposed models achieve performance

competitive with standard DL techniques.

• we demonstrate the model’s interpretability on classification and lifelong

learning tasks, and show that without finetuning, the resulting models

achieve better performance on confounded CUB data compared to finetuned

counterparts (Wah et al., 2011; Bontempelli et al., 2022)

We apply this generic IDEAL framework to a set of standard DL architectures

such as ViT (Dosovitskiy et al., 2020; M. Singh et al., 2022), VGG (Simonyan and

Zisserman, 2014), ResNet (K. He, X. Zhang, et al., 2016) and xDNN (P. Angelov and

Soares, 2020) and evaluate the methodology on a range of well-known datasets such

as CIFAR-10, CIFAR-100, CalTech101, EuroSAT, Oxford-IIIT Pet, and STL-10.
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3.2 Methodology

3.2.1 Problem statement

Two different definitions of the problem statement are considered: offline and online

(lifelong) learning.

3.2.1.1 Offline learning

Consider the following optimisation problem:

arg min
P=P(X),
θ{d,h}

∑
(x,y)∈(X,Y)

l(h(d(x,p;θd)|p∈P;θh), y), (3.4)

where (X,Y) are a tuple of inputs and labels, respectively, and P is a set of prototypes

derived from data X (e.g., by selecting a set of representative examples or by

clustering).

Brute force optimisation for the problem of selecting a set of representative

examples is equivalent to finding a solution of the best-subset selection problem,

which is an NP-hard problem (Natarajan, 1995). While there are methods for solving

such subset selection problems in limited cases, such as sparse linear regression

(Bertsimas, King, and Mazumder, 2016), it still remains computationally inefficient

in a general case (polynomial complexity is claimed in (J. Zhu et al., 2020) and/or

solving it only in a limited (i.e. linear) setting.

The common approach to dealing with such a selection problem is to replace

the original optimisation problem (equation (3.4)) with a surrogate one, where the

prototypes P are provided by a data distribution (P. Angelov and Soares, 2020)

or a geometric, e.g. clustering (W. Wang et al., 2023) technique. Then, once the

prototypes are selected, the optimisation problem becomes:

arg min
θ{d,h}

∑
(x,y)∈(X,Y)

l(h(d(x,p;θd)|p∈P;θh), y), (3.5)

where d is a (learnable) (dis)similarity function and h is an aggregation function,

parameterised with θd and θh respectively. As we detail below, the example of
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function d could be a Euclidean distance, and h could be a winner-takes-all or k-

nearest-neighbours (kNN) operator.

3.2.1.2 Online (lifelong) learning

Instead of solving a single objective for a fixed dataset, the problem is transformed

into a series of optimisation problems for progressively growing set X:

{arg min
θ{d,h}

∑
(x,y)∈(Xn,Yn)

l(h(d(x,p; θd)|p∈Pn ;θh), y)}Nn=1,Xn = Xn−1 + {xn},X1 = {x1}.

(3.6)

Once the prototypes are found, the problem would only require light-weight

optimisation steps as described in Algorithms 4 and 5.

Algorithm 4: Training and testing (offline)

Data: Training data X = {x1 . . .xN};

Result: Prototype-based classifier c(x;P,θ)

P← FindPrototypes({x1 . . .xN}); // Prototype selection function

FindPrototypes : X→ P

θ ← SelectParameters(X,Y,θ); // SelectParameters is a solution

of Eq. 3.5

ŶT ← {h(d(x,p;θd)|p∈P;θh)}x∈XT
;

Algorithm 5: Training and testing (online)

Data: Training data X = {x1 . . .xN};

Result: Prototype-based classifier h(d(x,p;θ1)|p∈P;θ2)

P← {};

for {x, y} ∈ X do

ŷ = h(d(x,p;θd)|p∈P;θh);

P← UpdatePrototypes(P,x)); // Prototype update function

UpdatePrototypes : P× X→ P

θ ← UpdateParameters(X,Y,θ); // UpdateParameters is a

solution of Eq. 3.6

end

49



Chapter 3. An interpretable-by-design deep learning algorithm

3.2.2 Choice of functions d and h

While we define the framework in generic terms, we limit our analysis to a special

case of Euclidean distance and winner-takes-all function. This helps focus on

quantifying the trade-offs of accuracy, interpretability and generalisation between

the model without finetuning, on one hand, and state-of-the-art, fully finetuned

models. Although it may be possible to further improve the performance by finding

better architectural choices, we decided to focus on the simple parameterisation of

the framework with the Euclidean distance and a winner-takes-all decision making.

Throughout the experiments, we use the negative Euclidean distance between

the feature vectors:

d(x,p; θd) = −ℓ2(ϕ(x; θd), ϕ(p; θd)), (3.7)

where ϕ is the feature extractor output. For the scenario without finetuning, θd is

frozen: ϕ(·) = ϕ(·; θd), θd = const. The similarities bounded between (0, 1] could

be obtained by, for example, taking the exponential of the similarity function or

normalising it. Except from the experiment in Figure 3.5, where h is implemented

as k-NN, the function h is a winner-takes-all operator:

h(·) = CLASS(argmin
p∈P

d(·,p; θd)) (3.8)

Note that the lack of finetuning makes the loss function trivial as the model does

not have any free parameters θ{d,h}.

3.2.3 Difference from the other prototype-based frame-

works

Existing prototype-based models, such as ProtoPNet (C. Chen et al., 2019), DNC

(W. Wang et al., 2023) and xDNN (P. Angelov and Soares, 2020), focus on end-

to-end training for the purpose of interpretability by design and not on transfer

learning from the existing pretrained models. All of them can also be considered

as specific cases of the presented framework. Neither of these models are aiming
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to address transfer learning, in contrast to this chapter’s attention on the trade-offs

between finetuned and non-finetuned models.

3.2.3.1 xDNN

(P. Angelov and Soares, 2020) is a special case of our IDEAL formulation with

d(x,p; θd) = −C(ϕ(x; θd), ϕ(p; θd)), (3.9)

where C is a Cauchy similarity. It optimises the coefficients θd as a part of its

finetuning procedure prior to the model training, and its decision making is defined

according to the winner-takes-all procedure as per Equation 3.8.

3.2.3.2 DNC

(W. Wang et al., 2023) selects prototypes at every optimisation step using an online

version of Sinkhorn-Knopp clustering algorithm (Cuturi, 2013) and defines l in

equation 3.6 a softmax cross-entropy loss.

3.2.3.3 ProtoPNet

(C. Chen et al., 2019), in contrast to the former two methods, operates over patches

and not the full images:

d(x,p; θd) = max
x̂∈patches(x)

(log(ℓ2(x̂,p) + 1)− log(ℓ2(x̂,p) + ϵ), (3.10)

where ϵ is a parameter. ProtoPNet also defines a decision making function h as

follows and optimises jointly the prototypes P and the parameters θd,h using cross-

entropy loss:

h(·) = FC




d(·, p1)

d(·, p2)

. . .

d(·, p|P|)


pi∈P,i∈[1,...,|P|]


(3.11)
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3.2.4 Prototype selection through clustering

Selection of prototypes through many standard methods of clustering, such as k-

means (Steinhaus et al., 1956), is used by methods such as (Z. Zhang, P. Angelov,

Soares, et al., 2022), DNC (W. Wang et al., 2023). However, these methods have

one serious limitation: they utilise the averaging of cluster values, so the prototypes

P do not, in general, belong to the original training dataset X. It is still possible,

however, to attribute the prediction to the set of the cluster members.

The possible options for such prototype selection are summarised below.

Standard black-box classifiers do not offer interpretability through prototypes.

Prototypes, selected through k-means, are non-interpretable on their own account as

discussed above; however, it is possible to attribute such similarity to the members

of the clusters. Finally, one can select real prototypes as cluster centroids. This way

it is possible to attribute the decision to a number of real image prototypes ranked

by their similarity to the query image. Such a choice between averaged and real

centroids can create, as we show in the experimental section, a trade-off between

interpretability and performance (see Section 3.4.1).

3.3 Experiments

Throughout the experimental scenarios, we contrast three settings (see Figure 3.3):

A) Standard DL pipeline involving training on generic datasets as well as finetuning

on target (”downstream”) task or data — both with iterative error backpropa-

gation.

B) IDEAL without finetuning: the proposed prototype-based IDEAL method

involving clustering in the latent feature space with subsequent decision making

process such as using winner-takes-all analysis or k nearest neighbours, as

outlined in Algorithms 4 and 5.
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Figure 3.3: Experimental setup. Top: standard DL model; middle: proposed

framework with no finetuning; bottom: proposed framework with finetuning.
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C) IDEAL with finetuning: Same as B) with the only difference being that

the clustering is performed in a latent feature space which is formed by

finetuning on target data set (from the ”downstream” task) using iterative error

backpropagation. Unlike A), setting C) provides interpretable prototypes.

3.3.1 Experimental setting

3.3.1.1 Datasets

CIFAR-10 and CIFAR-100 (Krizhevsky and G. Hinton, 2009), STL-10 (Coates, Ng,

and H. Lee, 2011), Oxford-IIIT Pet (Parkhi et al., 2012), EuroSAT (Helber et al.,

2018; Helber et al., 2019), CalTech101 (F.-F. Li, Fergus, and Perona, 2006).

3.3.1.2 Feature extractors

We consider a number of feature extractor networks such as VGG-16 (Simonyan

and Zisserman, 2014), ResNet50 (K. He, X. Zhang, et al., 2016), ResNet101

(K. He, X. Zhang, et al., 2016), ViT-B/16 (Dosovitskiy et al., 2020), henceforth

referred to as ViT), ViT-L/16 (Dosovitskiy et al., 2020), henceforth referred to as

ViT-L) with or without finetuning; the pre-trained latent spaces for ViT models

were obtained using SWAG methodology (M. Singh et al., 2022); the computations

for feature extractors have been conducted using a single V100 GPU.

3.3.1.3 Prototype selection techniques

We include the results for such clustering techniques as k-means, k-means with a

nearest data point (referred to as k-means (nearest)), and two online clustering

methods: xDNN (P. Angelov and Soares, 2020) and ELM (Baruah and P. Angelov,

2012). If not stated otherwise, we set the reported number of prototypes to 10% of

the sample. In the Appendix, we present a detailed analysis with a varying number

of prototypes.
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3.3.1.4 Baselines

We explore trade-offs between standard deep neural networks, different architectural

choices (averaged prototypes vs real-world examples) in Section 3.4.1

For reproducibility, the full parameterisation is described in 3.5.1.

3.4 Empirical questions

We group the results of our analysis in accordance with a number of empirical

questions. Questions 1 and 2 confirm that the method delivers competitive results

even without finetuning. Building upon this initial intuition, we develop the key

Questions 3, 4 and 5, analysing the performance for lifelong learning scenarios and

interpretations proposed by IDEAL, respectively.

Question 1. How does the performance of the IDEAL framework without

finetuning compare with the well-known deep learning frameworks?

Section 3.4.1 and 3.5.2 show, with a concise summary in Figures 3.4 and

3.10, that the gaps between finetuned and non-finetuned IDEAL framework are

consistently much smaller (tens of percent vs a few percentage points) for vision

transformer backbones compared to ResNets and VGG. Furthermore, Figure 3.7

shows that the training time expenditure is more than an order of magnitude smaller

compared to the finetuning time.

Question 2. To what extent does finetuning of the feature space for the target

problem lead to overfitting?

In Section 3.4.2, Figures 3.8 and 3.9, we demonstrate the issue of overfitting on

the target spaces by finetuning on CIFAR-10 and testing on CIFAR-100 in both

performance and through visualising the feature space. Interestingly, we also show

in Table 3.3 of the Appendix that, while the choice of prototypes greatly influences

the performance of the IDEAL framework without finetuning of the backbone, it

does not make any significant impact for the finetuned models (i.e., does not improve

upon random selection).
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Question 3 How does the IDEAL framework without finetuning compare in

the class-incremental learning setting?

In Section 3.4.3 we build upon Questions 1 and 2 and demonstrate: the small

gap between pretrained and finetuned ViT models ultimately enables us to solve

class-incremental learning scenarios, improving upon well-known baseline methods.

IDEAL framework without finetuning shows performance results on a number of

class-incremental learning problems, comparable to task-level finetuning. Notably,

in the CIFAR-100 benchmark, the proposed method provides 83.2% and 69.93%

on ViT-L and ResNet-101, respectively, while the state-of-the-art method from (Z.

Wang et al., 2022) only reports 65.86%.

Question 4 How does the IDEAL framework provide insight and interpretation?

In Section 3.4.4, we present the analysis of interpretations provided by the

method. In Figures 3.12, 3.13 and 3.14, we demonstrate the qualitative experiments

showing the human-readable interpretations provided by the model for both lifelong

learning and offline scenarios.

Question 5. Can models without finetuning bring advantage over the finetuned

ones in terms of accuracy and help identify misclassifications due to confounding

(i.e., spurious correlations in the input)?

While admittedly, the model only approaches but does not reach the same level of

accuracy for the same backbone without finetuning in the standard benchmarks such

as CIFAR-10, it delivers a better performance in cases with confounded data (with

spurious correlations in the input). In Section 3.4.5, Table 3.1, we demonstrate,

building upon the intuition from Question 2, that finetuning leads to overfitting on

confounded data, and leads to confounded predictions and interpretations. We also

demonstrate that in this setting, IDEAL without finetuning improves upon F1

score against the finetuned baseline as well as provides interpretations for wrong

predictions due to the confounding.
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Figure 3.4: Comparison of the proposed IDEAL framework (without finetuning)

on the CIFAR-10 data set with different prototype selection methods (random, the

clustering used in xDNN (Soares, P. Angelov, and Z. Zhang, 2021) and k-means

method) vs the baseline DNN.

3.4.1 Offline classification

We found that the gap between the finetuned and non-finetuned models on a range

of tasks decreases for the modern, high performance, architectures, such as ViT

(Dosovitskiy et al., 2020). For CIFAR-10, these findings are highlighted in Figure

3.4. While finetuned VGG-16’s accuracy is close to the one of ViT and other recent

models, different prototype selection techniques without finetuning (the one used

in xDNN, k-means clustering, and random selection) all give accuracy between

60 and 80%. The picture is totally different for ViT, where k-means prototype

selection without finetuning provides accuracy of 95.59% against finetuned ViT’s

own performance of 98.51%.

While the results above report on the performance of the k-means clustering used

as a prototype selection technique, the experimental results in Figure 3.5 explore

choosing the nearest prototype to k-means cluster centroid for interpretability

reasons. Although it is clear (with further evidence presented in 3.5.2) that the

performance when selecting the nearest to the k-means centroids prototypes is

lagging slightly behind the direct use of the centroids (denoted simply as k-means), it

is possible to bring this performance closer by replacing the winner-takes-all decision

making approach (Equation (3.8)) with the k nearest neighbours method. For this

purpose, we utilise the sklearn’s KNeighborsClassifier function.
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Figure 3.5: Comparison of results on CIFAR-10 (ViT, k nearest neighbours).

Below, we analyse closer just the results with using ViT as a feature extractor

forming the latent data space. One can see in Figure 3.6 that: (1) without

finetuning, on a number of tasks, the model shows competitive performance, and

(2) for CIFAR-10 and CIFAR-100, with finetuning of the backbone, the difference

between the standard backbone and the proposed model is insignificant within

the confidence interval. Therefore, for the rest of the datasets, we focus on the

experiments without finetuning. In Figure 3.7, one can see the comparison of the

time expenditure between the finetuned and non-finetuned model.

We conducted (see 3.5.3) a sensitivity analysis experiment by varying the number

of prototypes for CIFAR-10 on the ResNet101 backbone by changing the value k for

the k-means method. In 3.5.2, we also show the results with the online clustering

method ELM (Baruah and P. Angelov, 2012), which does not require the number

of clusters to be pre-defined and instead uses a radius meta-parameter which affects

granulation.

3.4.2 Demonstration of overfitting in the finetuned feature

spaces and the prototype selection impact

One clear advantage of transfer learning without finetuning is dramatically lower

computational cost reflected in the time expenditure. However, there is also

another advantage. The evidence shows that the finetuned feature space shows
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Figure 3.6: Comparison of results with ViT (Dosovitskiy et al., 2020) as a feature

extractor on a number of datasets. Random, xDNN, k-means denote different

prototype selection methods.
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Figure 3.7: Comparison of training time expenditure on CIFAR-10 (left) and CIFAR-

100 (right) with and without funetuning (ViT).

less generalisation. In Figure 3.8 (with extra comparison in 3.5.4, Figure 3.18 for

ResNet-101), one can see the comparison of the tSNE plots between the finetuned

and non-finetuned version of the method. While the finetuned method achieves

clear separation on this task, using the same features to transfer to another task

(from CIFAR-10 to CIFAR-100) leads to sharp decrease in performance (see Figure

3.9).

While for the finetuned backbone, predictably, the results are not far off the

standard DL models, they also show no significant difference between different types

of prototype selection, including random (in Figure 3.6 it has been demonstrated

for CIFAR-10 and CIFAR-100). This can be explained by the previous discussion

of Figures 3.18 and 3.8, which suggests that finetuning gives clear separation of

features, so the features of the same class stay close. For the non-finetuned results,

meanwhile, the difference in accuracy between random and non-random prototype

selection is drastic, reaching around 24% for VGG16. This finding remains consistent

for a number of vision benchmarks. In Figure 3.10 and 3.5.2, one can see that

simple k-means prototype selection in the latent space can significantly improve the
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Figure 3.8: tSNE plots for original (top-left) vs finetuned (top-right) features of

ViT, k-means prototypes; original (bottom left) vs finetuned (bottom right), ViT,

random prototype selection, CIFAR-10.
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Figure 3.9: Comparison between the model performance on CIFAR-100 without

finetuning and finetuning on CIFAR-10 for different prototype selection methods.
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Figure 3.10: Results without finetuning for various problems (ViT).

performance; with the increase of the number of prototypes this difference decreases,

but is still present.

3.4.3 Continual learning

The evidence from the previous sections motivates us to extend the analysis to

continual learning problems. Given a much smaller gap between the finetuned

and non-finetuned ViT models, can the IDEAL framework without finetuning

compete with the state-of-the-art class-incremental learning baselines? It turns

out the answer is affirmative. We repeat the setting from (Rebuffi et al., 2017)

(Section 4, iCIFAR-100 benchmark) using IDEAL without finetuning the latent

space of the ViT-L model. The hyperparameters of the proposed methods are given

in 3.5.1. This benchmark gradually adds the new classes with a class increment of 10,

until it reaches 100 classes. The results, shown in Figure 3.11a, highlight excellent

performance of the proposed method when the number of prototypes is set to 10%

of data. As one can see in 3.5.3, even much lower number of prototypes, below 1000

or even just 10 per class on average can still lead to competitive results. While

we observe 64.18± 0, 0.16, 69.93± 0.23%, 82.20± 0.23 for ResNet-50, ResNet-101,

and ViT-L respectively, (Z. Wang et al., 2022) reports in its Table 1 for the best

performing method for class-incremental learning, based on ViT architecture and

contrastive learning, accuracy of just 65.86±1.24% (with the size of the buffer 1000),

while the original benchmark model iCarl (Rebuffi et al., 2017) reaches, according
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Figure 3.11: Accuracy of IDEAL in class-incremental learning experiments for

different backbones (ViT-L, ResNet-101 and 50); comparison with (Z. Wang et al.,

2022) and (Rebuffi et al., 2017).
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Figure 3.12: Interpreting the predictions of the proposed model (k-means (nearest),

CIFAR-10, ViT).

to (Z. Wang et al., 2022), only 50.49± 0.18%.

3.4.4 Study of Interpretability

To demonstrate the consistent performance, we expanded iCIFAR-100 protocol

to other datasets, namely class-incremental versions of Caltech101 and CIFAR-

10, which we refer to as iCaltech101 and iCIFAR-10. Figure 3.11 shows robust

performance on iCaltech101 and iCIFAR-10. We use the class increment value of

ten (eleven for the last step) and two for iCaltech101 and iCIFAR-10, respectively.

We see that for iCaltech101, the model performance changes insignificantly when

adding the new classes, and all three datasets demonstrate performance similar to

offline classification (see Section 3.4.1).

In Figures 3.12 and 3.13, we demonstrate the visual interpretability of the

proposed model through both most similar and most dissimilar prototypes. In

addition, the results could be interpreted linguistically (see 3.5.5). Figure 3.13

shows a number of quantitative examples for multiple datasets: Caltech101, STL-

10, Oxford-IIIT Pets, all corresponding to the non-finetuned feature space scenario
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Figure 3.13: Interpreting the predictions (k-means (nearest), OxfordIIITPets/STL-

10/Caltech101, ViT).
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according to the experimental setup from 3.5.1. We see that on a range of datasets,

without any finetuning, the proposed IDEAL approach provides semantically

meaningful interpretations. Furthermore, as there has been no finetuning, the ℓ2

distances are defined in exactly the same feature space and, hence, can be compared

like-for-like between datasets (see Figures 3.13a-3.13f). The experiment in Figure

3.13 provides an additional reason to use our approach without finetuning as it

demonstrates that the incorrectly classified data tend to have larger distance to the

closest prototypes than the correctly classified ones. Finally, Figure 3.14 outlines the

evolution of predictions for the class-incremental learning scenario. For the sake of

demonstration, we used the same setting as the one for the class-incremental lifelong

learning detailed in 3.5.1 and Section 3.4.3, taking CIFAR-10 for class-incremental

learning using ViT model with the increment batch of two classes. We trace the best

and the worst matching and select middle prototypes (according to the ℓ2 metric)

through the stages of class-incremental learning. For the successful predictions,

while the best matching prototypes tend to be constant, the worst matching ones

change over time when the class changes.

3.4.5 Impact of confounding on interpretations

The phenomenon of confounding takes its origin in causal modelling and is informally

described, as per (Greenland, Pearl, and Robins, 1999), as ’a mixing of effects

of extraneous factors (called confounders) with the effects of interest’. In many

real-world scenarios, images contain confounding features, such as watermarks or

naturally occurring spurious correlations (’seagulls always appear with the sea on

the background’). The challenge for the interpretable models is therefore multi-

fold: (1) these models need to be resistant to such confounders, (2) should these

confounders interfere with the performance of the model, the model should highlight

them in the interpretations.

To model confounding, we use the experimental setup from (Bontempelli et al.,

2022), which involves inpainting training images of three out of five selected classes
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Figure 3.14: iCIFAR-10 class-incremental learning: evolution of prototype ranking.
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Feature space Prototype selection VGG16 ResNet-50 ViT

Confounded data (Bontempelli et al., 2022)

Finetuned N/A, backbone network 73.99± 2.91 70.42± 2.68 69.06± 4.40

Non-finetuned k-means 78.52± 1.31 76.68± 1.63 80.70± 2.26

Finetuned k-means 73.19± 1.43 67.16± 2.25 66.58± 5.81

Non-finetuned k-means (nearest) 64.13± 1.37 67.68± 0.90 82.88± 2.17

Finetuned k-means (nearest) 71.00± 2.92 69.03± 1.19 73.99± 5.19

Original data

Finetuned N/A, backbone network 83.66± 1.16 83.49± 1.22 93.92± 1.31

Non-finetuned k-means 80.01± 1.27 80.10± 1.66 90.67± 1.13

Finetuned k-means 81.98± 1.53 79.38± 2.87 92.85± 1.70

Non-finetuned k-means (nearest) 72.11± 1.62 72.64± 1.87 88.57± 0.96

Finetuned k-means (nearest) 78.90± 2.77 80.05± 2.64 92.80± 1.77

Table 3.1: F1 score comparison for CUB dataset (Wah et al., 2011), %,

confidence interval calculated over five runs; all k-means runs are for 10% (15)

clusters/prototypes; the better results within its category are highlighted in bold,

taking into account the confidence interval. While for the original data finetuning

has strong performance benefits, non-finetuned model has an edge over the finetuned

one for all architectures; for k-means (nearest) the non-finetuned model still performs

clearly better with ViT architecture than the finetuned counterpart.

of the CUB dataset with geometric figures (squares) which correlate with, but not

caused by, the original data (e.g., every image of the Crested Auklet class is marked

in the training data with a blue square). In Table 3.1, we compare the experimental

results between the original (Wah et al., 2011) and confounded (Bontempelli et al.,

2022) CUB dataset. We use the same original pre-trained feature spaces as stated

in 3.5.1. The finetuned spaces are obtained through finetuning on confounded CUB

data from (Bontempelli et al., 2022) for 15 epochs.
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The results in Table 3.1 demonstrate a clear advantage of models without

finetuning on the confounded dataset for both k-means and k-means (nearest), in

the case of ViT. Such a gap, however, is much narrower for VGG-16 and ResNet-50.

It is consistent with the results in Section 3.4.1 demonstrating the larger finetuning

performance advantage for these models compared with the ViT. Furthermore, k-

means (nearest) does not show improvements over finetuning in a k-means (nearest)

scenario for VGG-16 and ResNet-50, in a stark contrast with the ViT results.

We demonstrate the interpretations for the confounding experiment for the ViT

model in Figure 3.15. While the model without finetuning successfully predicts the

correct confounded class, Black-footed Albatross, the finetuned model fails at

this scenario and predicts a similar class Sooty Albatross, which does not contain

the confounder mark. On the other hand, the finetuned model performs similarly or

better on the original (not confounded) data. These results further build upon the

hypothesis from Question 2 and demonstrate that the use of the proposed framework

can help address the phenomenon of confounding.

Figure 3.16 gives an intuition behind improvements in performance of the non-

finetuned model in a case of the ViT model. It shows that in the finetuned scenario,

confounded training data stands further away from the testing data, which does

not contain the confounder mark. In the scenario without finetuning, this does

not happen and the training and testing data are matched closer, even in the

presence of a confounder. The Sinkhorn approximation of Wasserstein-2 distance

has been implemented using SamplesLoss(loss=’sinkhorn’, p=2, blur=1e-5)

function from the geomloss python library.
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Figure 3.15: Comparing the interpretations of the non-finetuned and finetuned

model with confounding on confounded CUB (Bontempelli et al., 2022) dataset.
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(a) tSNE plot: finetuned model.

The clean testing data from con-

founded classes are better aligned

with similar clean classes than with

confounded ones

(b) tSNE plot: model without finetuning.
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species of Albatross. In both tSNE plots, the

density estimation is shown for tSNE embedded

points

(c) Wasserstein-2 distance heatmap
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(d) Wasserstein-2 distance heatmap

(Sinkhorn approximation): model with-

out finetuning. In contrast to the

finetuned model, the similar classes’

distributions are close yet closely match

between training and testing classes.

Figure 3.16: Intuitive explanation behind better performance of non-finetuned

model.
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3.5 Additional Experimental Analyses and Re-

sults

3.5.1 Experimental setup

In this chapter, all the experiments were conducted in PyTorch 2.0.0. The pre-

trained models used in these experiments were obtained from TorchVision 1 while

the finetuned models have been obtained from three different sources:

1. Models that come from MMPreTrain 2. Specifically, ResNet50 and ResNet101

finetuned on the CIFAR-10, and ResNet 50 finetuned on CIFAR-100.

2. finetuned TorchVision models. finetuning was conducted by continuing the

EBP across all network layers. Such models include VGG-16 and Vision

Transformer (ViT) finetuned on CIFAR-10, as well as ResNet101, VGG-16,

and ViT finetuned on CIFAR-100. For ResNet101 and VGG-16 models, we

ran the training for 200 epochs, while the Vision Transformer models were

trained for 10 epochs. The Stochastic Gradient Descent (SGD) optimizer was

employed for all models, with a learning rate of 0.0005 and a momentum value

of 0.9.

3. Linearly finetuned TorchVision models. In such case, only the linear classifier

was trained and all the remaining layers of the network were fixed. For these

models, we conducted training for 200 epochs for ResNet50, ResNet101, and

VGG16, and 25 epochs for the ViT models. We adopted the Stochastic

Gradient Descent (SGD) optimizer, with a learning rate of 0.001 and a

momentum parameter set at 0.9.

We utilized k-means clustering and random selection methods, setting the

number of prototypes for each class at 10% of the training data for the corresponding

1https://pytorch.org/vision/main/models.html
2https://github.com/open-mmlab/mmpretrain
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classes. Besides, we also set it to 12 per class and conducted experiments for

ResNet50, ResNet101, and VGG-16 on CIFAR-10 and CIFAR-100 datasets, enabling

us to evaluate the impact of varying the number of prototypes.

For ELM online clustering method, we experimented with varying radius values

for each specific dataset and backbone network. We selected a radius value that

would maintain the number of prototypes within the range of 0-20% of the training

data. In the experiments without finetuning on the CIFAR-10 dataset, we set

the radius to 8, 10, 19, and 12 for ResNet50, ResNet101, VGG-16, and Vision

Transformer (ViT) models respectively. The radius was adjusted to 8, 11, 19, and

12 for these models when conducting the same tasks without finetuning on CIFAR-

100. For STL10, Oxford-IIIT Pets, EuroSAT, and CalTech101 datasets, the radius

was set to 13 across all ELM experiments. In contrast, the xDNN model did not

require hyper-parameter settings as it is inherently a parameter-free model.

We performed all experiments for Sections 3.4.1 and 3.4.3 5 times and report

mean values and standard deviations for our results, with the exception of the

finetuned backbone models where we just performed finetuning once (or sourced

finetuned models as detailed above).

For the class-incremental learning experiments in Section 3.4.3, we use the k-

means clustering method for prototype selection and set the number of prototypes

to 10% of the training data. Each time we add the incremental classes, the existing

prototypes are unchanged, and the algorithm adds the prototypes for the new classes

to the existing prototypes. All the experiments were executed 10 times to allow a

robust comparison with the benchmark results.

To ensure a consistent and stable training environment, for every experiment we

used a single NVIDIA V100 GPU from a cluster.

3.5.2 Complete experimental results

Tables 3.2-3.9 contain extended experimental results for multiple benchmarks and

feature extractors. These results further support the findings of the chapter 3.

73



Chapter 3. An interpretable-by-design deep learning algorithm

Table 3.2 demonstrates the data behind Figure 3.4 of the chapter 3. It also

highlights the performance of the k-means model on ViT-L latent space, when the

nearest real training data point to the k-means cluster centre is selected (labelled as

k-means (nearest)). One can also see that even with the small number of selected

prototypes, the algorithm delivers competitive performance without finetuning.

Table 3.3 compares different latent spaces and gives the number of free

(optimised) parameters for the scenario of finetuning of the models. With a small

additional number of parameters, which is the number of possible prototypes, one

can transform the opaque architectures into ones interpretable through proximity

and similarity to prototypes within the latent space (this is highlighted in the

interpretability column).

Tables 3.4-3.9 repeat the same analysis, expanded from Figure 5 of the chapter

3 for different datasets. The results show remarkable consistency with the previous

conclusions and further back up the claims of generalisation to different classification

tasks.

3.5.3 Sensitivity analysis for the number of prototypes

Figure 3.17 further backs up the previous evidence that even with a small number

of prototypes, the accuracy is still high. It shows, however, that there is a trade-off

between the number of prototypes and accuracy. It also shows, that after a few

hundred prototypes per class on CIFAR-10 and CIFAR-100 tasks, the performance

does not increase and may even slightly decrease, indicating saturation.

3.5.4 Additional results for the demonstration of overfitting

In Figure 3.18, we show that the evidence of overfitting presented in Section 3.4.2

for the ViT backbone also extends to the other models such as ResNet-101.
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FE method accuracy (%) #prototypes time, s

R
e
sN

e
t
5
0

random 65.55± 1.93 120(0.24%) 85

random 80.40± 0.37 5, 000(10%) 85

ELM 81.17± 0.04 5, 500(11%) 365

xDNN 81.44± 0.33 115(0.23%) 103

k-means 84.12± 0.19 120(0.24%) 201

k-means 86.65± 0.15 5, 000(10%) 1, 138

R
e
sn

e
t
1
0
1

random 78.08± 1.38 120(0.24%) 129

random 87.66± 0.25 5, 000(10%) 129

ELM 88.22± 0.09 7, 154(14.31%) 524

xDNN 88.13± 0.42 118(0.24%) 145

k-means 90.19± 0.15 120(0.24%) 245

k-means 91.50± 0.07 5, 000(10%) 1, 194

V
G
G
-1
6

random 50.13± 2.37 120(0.24%) 95

random 65.06± 0.32 5, 000(10%) 95

ELM 72.31± 0.08 1, 762(3.52%) 215

xDNN 70.03± 0.96 103(0.21%) 132

k-means 74.48± 0.16 120(0.24% 346

k-means 75.94± 0.15 5, 000(10%) 2, 362

V
iT

random 93.23± 0.11 5, 000(10%) 597

ELM 90.61± 0.14 6, 685(13.37%) 889

xDNN 93.59± 0.12 112(0.2%) 606

k-means 95.59± 0.08 5, 000(10%) 925

ViT-L
k-means 96.48± 0.05 5, 000(10%) 4, 375

k-means (nearest) 95.62± 0.07 5, 000(10%) 4, 352

Table 3.2: CIFAR-10 classification task comparison for the case of no finetuning of

the feature extractor.
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FE method accuracy (%) #parameters #prototypes time, s interp.

R
e
sN

e
t
5
0

ResNet50 95.55 (80.71∗) ∼ 25M (20K) 36, 360 (13, 122∗) ✗

random 94.92± 0.02 ∼ 25M + 50K 120(0.24%) 36, 360 + 24 ✓

random 95.32± 0.09 ∼ 25M + 50K 5, 000(10%) 36, 360 + 24 ✓

xDNN 95.32± 0.12 ∼ 25M + 50K 111(0.22%) 36, 360 + 43 ✓

k-means 94.91± 0.14 ∼ 25M + 50K 120(0.24%) 36, 360 + 208 ✓

k-means 95.50± 0.06 ∼ 25M + 50K 5, 000(10%) 36, 360 + 1, 288 ✓

R
e
sN

e
t
1
0
1

Resnet101 95.58 (84.44∗) ∼ 44M (20K) 36, 360 ✗

random 95.47± 0.06 ∼ 44M + 50K 120(0.24%) 36, 360 + 37 ✓

random 95.51± 0.01 ∼ 44M + 50K 5, 000(10%) 36, 360 + 37 ✓

xDNN 95.50± 0.10 ∼ 44M + 50K 107(0.21%) 36, 360 + 54 ✓

k-means 95.55± 0.03 ∼ 44M + 50K 120(0.24%) 36, 360 + 231 ✓

k-means 95.51± 0.04 ∼ 44M + 50K 5, 000(10%) 36, 360 + 1, 357 ✓

V
G
G
-1
6

VGG-16 92.26 (83.71∗) ∼ 138M (41K) 40, 810 ✗

random 87.48± 0.72 ∼ 138M + 50K 120(0.24%) 40, 810 + 94 ✓

random 90.86± 0.19 ∼ 138M + 50K 5, 000(10%) 40, 810 + 94 ✓

xDNN 91.42± 0.25 ∼ 138M + 50K 102(0.20%) 40, 810 + 123 ✓

k-means 92.24± 0.10 ∼ 138M + 50K 120(0.24%) 40, 810 + 369 ✓

k-means 92.55± 0.16 ∼ 138M + 50K 5, 000(10%) 40, 810 + 2, 408 ✓

V
iT

ViT 98.51 (96.08∗) ∼ 86M (8K) 15, 282 (15, 565∗) ✗

random 98.56± 0.02 ∼ 86M + 50K 5, 000(10%) 15, 282 + 598 ✓

xDNN 98.00± 0.14 ∼ 86M + 50K 117(0.23%) 15, 282 + 607 ✓

k-means 98.53± 0.04 ∼ 86M + 50K 5, 000(10%) 15, 282 + 938 ✓

Table 3.3: CIFAR-10 classification task comparison for the case of finetuned models

(∗ denotes linear finetuning of the DL model).
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FE method accuracy (%) #prototypes time, s

R
e
sN

e
t
5
0

random 41.66± 0.74 1, 200(2.4%) 82

random 54.37± 0.43 10, 000(20%) 82

ELM 57.94± 0.11 7, 524(15.05%) 129

xDNN 58.25± 0.64 884(1.77%) 98

k-means 62.67± 0.26 1, 200(2.4%) 124

k-means 64.07± 0.37 10, 000(20%) 258

R
e
sN

e
t
1
0
1

random 50.25± 0.71 1, 200(2.4%) 128

random 61.90± 0.41 10, 000(20%) 128

ELM 64.42± 0.12 4, 685(9.37%) 161

xDNN 64.60± 0.39 878(1.76%) 143

k-means 68.59± 0.40 1, 200(2.4%) 170

k-means 70.04± 0.12 10, 000(20%) 310

V
G
G
1
6

random 26.16± 0.24 1, 200(2.4%) 94

random 37.74± 0.48 10, 000(20%) 94

ELM 48.53± 0.05 2, 878(5.76%) 122

xDNN 47.78± 0.41 871 (1.74%) 119

k-means 51.99± 0.24 1, 200(2.4%) 175

k-means 52.55± 0.27 1, 200(2.4%) 437

V
iT

random 72.39± 0.21 10, 000(20%) 604

ELM 69.94± 0.06 8, 828(17.66%) 642

xDNN 76.24± 0.24 830(1.66%) 613

k-means 79.12± 0.28 10, 000(20%) 673

ViT-L
k-means 82.18± 0.14 10, 000(20%) 3, 905

k-means (nearest) 78.75± 0.29 10, 000(20%) 3, 909

Table 3.4: CIFAR-100 classification task comparison for the case of no finetuning of

the feature extractor.
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FE method accuracy (%) #parameters #prototypes time, s interp.

R
e
sN

e
t
5
0

ResNet50 79.70 (56.39∗) ∼ 25M (205K) 36, 360(13, 003∗) ✗

random 78.94± 0.17 ∼ 25M + 50K 1, 200(2.4%) 36, 360 + 28 ✓

random 79.52± 0.17 ∼ 25M + 50K 10, 000(20%) 36, 360 + 28 ✓

xDNN 79.75± 0.12 ∼ 25M + 50K 859(1.72%) 36, 360 + 45 ✓

k-means 79.84± 0.07 ∼ 25M + 50K 1, 200(2.4%) 36,360+82 ✓

k-means 79.77± 0.07 ∼ 25M + 50K 10, 000(20%) 36,360+219 ✓

R
e
sN

e
t
1
0
1

ResNet50 84.38 (63.18∗) ∼ 44M (205K) 45, 619(18, 955∗) ✗

random 82.26± 0.15 ∼ 44M + 50K 1, 200(2.4%) 45, 619 + 175 ✓

random 80.75± 0.19 ∼ 44M + 50K 10, 000(20%) 45, 619 + 175 ✓

xDNN 81.13± 0.16 ∼ 44M + 50K 831(1.66%) 45, 619 + 191 ✓

k-means 83.03± 0.06 ∼ 44M + 50K 1, 200(2.4%) 45, 619 + 220 ✓

k-means 83.14± 0.19 ∼ 44M + 50K 10, 000(20%) 45, 619 + 439 ✓

V
G
G
-1
6

VGG-16 75.08 (62.74∗) ∼ 138M (410K) 41, 038(17, 098∗) ✗

random 53.83± 0.91 ∼ 138M + 50K 1, 200(2.4%) 41, 038 + 92 ✓

random 64.17± 0.36 ∼ 138M + 50K 10, 000(20%) 41, 038 + 92 ✓

xDNN 72.63± 0.11 ∼ 138M + 50K 907(1.81%) 41, 038 + 120 ✓

k-means 73.83± 0.16 ∼ 138M + 50K 1, 200(2.4%) 41, 038 + 199 ✓

k-means 73.73± 0.23 ∼ 138M + 50K 10, 000(20%) 41, 038 + 460 ✓

V
iT

ViT 90.29(82.79∗) ∼ 86M (77K) 15, 536(15, 423∗) ✗

random 89.90± 0.10 ∼ 86M + 50K 10, 000(20%) 15, 536 + 621 ✓

xDNN 89.17± 0.18 ∼ 86M + 50K 809(1.61%) 15, 536 + 630 ✓

k-means 90.48± 0.05 ∼ 86M + 50K 10, 000(20%) 15, 536 + 695 ✓

Table 3.5: CIFAR-100 classification task comparison for the case of finetuned models

(∗ denotes linear finetuning of the DL model).
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FE method accuracy (%) #prototypes time, s
V
iT

random 98.55± 0.09 500(10%) 61

ELM 95.27± 0.03 271(5.42%) 63

xDNN 98.63± 0.12 84(1.68%) 62

k-means 99.32± 0.03 500(10%) 65

ViT-L
k-means 99.71± 0.02 500(10%) 377

k-means(nearest) 99.56± 0.05 500(10%) 377

Table 3.6: STL10 classification task comparison for the case of no finetuning (linear

finetuning of the ViT gives 98.97%).

FE method accuracy (%) #prototypes time, s

V
iT

random 90.82± 0.53 365(9.92%) 48

ELM 90.85± 0.03 122(3.32%) 49

xDNN 96.30± 0.23 239(6.49%) 49

k-means 94.07± 0.20 365(9.92%) 50

ViT-L
k-means 95.78± 0.19 365(9.92%) 279

k-means (nearest) 94.76± 0.30 740(9.92%) 279

Table 3.7: OxfordIIITPets classification task comparison for the case of no finetuning

(linear finetuning of ViT gives 94.41%).
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FE method accuracy (%) #prototypes time, s

V
iT

random 82.67± 0.54 2, 154(9.97%) 266

ELM 83.69± 0.01 528(2.44%) 277

xDNN 85.24± 1.05 102(0.47%) 269

k-means 91.30± 0.16 2, 154(9.97%) 330

ViT-L
k-means 88.93± 0.22 2, 154(9.97%) 1685

k-means(nearest) 83.97± 0.16 2, 154(9.97%) 1685

Table 3.8: EuroSAT classification task comparison for the case of no finetuning

(linear finetuning gives 95.17%).

FE method accuracy (%) #prototypes time, s

V
iT

random 89.42± 0.32 649(9.35%) 96

ELM 91.12± 0.07 516(7.43%) 97

xDNN 94.61± 0.94 579(8.34%) 97

k-means 94.46± 0.44 649(9.35%) 99

ViT-L
k-means 96.08± 0.34 649(9.35%) 515

k-means (nearest) 93.74± 0.42 649(9.35%) 517

Table 3.9: CalTech101 classification task comparison (linear finetuning gives

96.26%).
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Figure 3.17: Accuracy sensitivity to the number of per-class prototypes (k-means,

ResNet101, no finetuning).

Figure 3.18: tSNE plots for original (top-left) vs finetuned (top-right) features of

ResNet101, k-means prototypes; original (bottom left) vs finetuned (bottom right),

ResNet101, random prototype selection, CIFAR-10.
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IF

 Q ∼

 OR

 Q ∼

 OR

 Q ∼

 THEN ’Abyssinian’

IF

 Q ∼

 OR

 Q ∼

 OR

 Q ∼

 THEN ’American Bulldog’

Figure 3.19: An example of symbolic decision rules (OxfordIIITPets), Q denotes

the query image.

3.5.5 Linguistic interpretability of the proposed framework

outputs

To back up interpretability claim, we present two additional interpretability

scenarios complementing the one in Section 3.4.4.

First, we show the symbolic decision rules in Figure 3.19. These symbolic rules

are created using ViT-L backbone, with the prototypes selected using the nearest real

image to k-means cluster centroids, in a no-finetuning scenario for OxfordIIITPets

dataset.

Second, in Figure 3.20 we show how the overall pipeline of the proposed

method can be summarised in interpretable-through-prototypes fashion. We show

the normalised distance obtained through dividing by the sum of distances to all

prototypes. This is to improve the perception and give relative, bound between 0

and 1, numbers for the prototype images.

3.6 Broader Impact Statement

The IDEAL framework, proposed in this chapter, goes beyond the paradigm of first

training and then finetuning complex models to the new tasks, which is standard for

the field, where both these stages of the approach use expensive GPU compute to

improve the model performance. We show that contemporary architectures, trained
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Figure 3.20: Interpreting the model predictions (k-means (nearest), 500 clusters per

class, CIFAR-10, ViT).
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with extensive datasets, can deliver performance comparable to task-level finetuning,

in a class-incremental learning setting. This can deliver a profound impact on

democratisation of high-performance machine learning models and implementation

on Edge devices, on board of autonomous vehicles, as well as address important

problems of environmental sustainability by avoiding using much energy to train

and finetune new latent representations, providing instead a way to re-use existing

models. Furthermore, the proposed framework can help define a benchmark on how

deep-learning latent representations generalise to new tasks.

This approach also naturally extends to task- and potentially, domain-incremental

learning, enabling learning new concepts. It demonstrates that with large and

complex enough latent spaces, relatively simple strategies of prototype selection,

such as clustering, can deliver results comparable with the state-of-the-art in a

fraction of the time and computational efforts. Importantly, unlike most of the

state-of-the-art approaches, as described in the Background and Related Work

section of this thesis, the proposed framework directly provides interpretability in a

linguistic and visual form and provides improved resistance to spurious correlations

(confounding bias) in input features.

However, while this study can help advance transparency and trustworthiness of

the machine learning models, one needs to duly take into account considerations of

privacy and security risks pertinent to deep-learning feature spaces and prototype-

based learning. In many cases, such as, notably, for medical applications, there

may be a need in preserving the privacy of the prototypes and the training data, as

exposing prototypes to the users may be unethical or illegal (Lucieri, Dengel, and

Ahmed, 2023). Deep-learning models’ latent spaces themselves, as well as the data

they are trained upon, may be biased or unfair (Birhane et al., 2023). Another risk

is a potential for adversarial attacks (Biggio et al., 2013), affecting either feature

space representation or the distances between prototypes.
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3.7 Conclusion

Our work shows that interpretable, prototype-based models over the latent spaces of

ViT models without finetuning, learnt on large generic datasets, work surprisingly

well in a number of scenarios. In an extensive set of experiments, we find that:

• Contemporary ViT models drastically narrow the gap between the finetuned

and non-finetuned models, making it possible to avoid finetuning altogether

and still have competitive results on a number of benchmarks. To give an

example, for the VGG-16 backbone, the accuracy difference between the best-

performing finetuned and non-finetuned scenarios on CIFAR-10 is 16.61%. The

situation is drastically different for the ViT backbone, where this difference is

just 2.94%.

• The findings in the previous paragraph indicate that without finetuning, we

can circumvent the problem of catastrophic forgetting in class-incremental

learning. If the models can achieve competitive performance even without

finetuning, one can use this advantage to solve a number of problems of lifelong

learning without iterative updates and, hence, catastrophic forgetting. The

experimental results show the strong empirical advantage of such an approach,

allowing to achieve, using a ViT-L backbone, a lead of 16.34% on a well-known

iCIFAR-100 benchmark.

• The IDEAL framework, proposed in this chapter, allows for interpretations

through similarities in the latent feature space, which is not only comparable

within one dataset but also between the datasets. We find that the closest

prototypes in case of misclassification tend to be further away from the input,

and using qualitative analysis, we demonstrate how the IDEAL framework

allows us to interpret the decision making process in both offline and class-

incremental learning scenarios.

• Finetuning results in consistently inferior performance when compared to non-
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finetuned models in the face of confounding bias. Our initial findings quantify

the margin of feature space overfitting in a simple experiment, showing that

the ViT model without finetuning has 5.63% advantage on CIFAR-100 over

the model finetuned on CIFAR-10. We then build upon this observation to

show, quantitatively and qualitatively, how the models without finetuning

outperform the purpose-finetuned counterparts on confounded data. Notably,

the model with ViT backbone without finetuning achieves 14.1% lead over

the finetuned model on the confounded CUB dataset with prototypes selected

using k-means clustering.

Despite these promising results, our approach has limitations. In particular,

this study focuses on the final latent representations and does not analyse the

intermediate layers of the common neural network architectures. Future work should

consider addressing this issue to improve our understanding of models’ inference at

a granular level.
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Chapter 4

An Interpretable Deep Semantic

Segmentation (IDSS) Method

4.1 IDSS architecture

This research focused on developing a new interpretable deep semantic segmentation

(IDSS) method, which is based on prototypes. It considers that each class can

be divided into different sub-classes within the latent feature space. The mini-

batch K-means clustering method is utilized to find the centroid of each subclass,

thus generating the prototypes within the latent feature space. Meanwhile, the

averaging operations were performed within the raw feature space, obtaining the

corresponding mean value (prototypes). As a result, all the decisions about the re-

allocations of points to clusters are made based on the latent feature representation;

however, each center is exactly represented in both the raw and latent feature

space. The raw feature space representation also enables the transformation of

prototypes/means into an interpretable, linguistic IF...Then format. This semantic

interpretation facilitates human comprehension of algorithmic decisions, thereby

promoting transparency and understandability of the method.

The training architecture of the proposed IDSS method is shown in Figure 4.1.

It is described in more detail below:
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Figure 4.1: Training process of IDSS. The Raw features layer extracts the 13-

dimensional spectral vector for every pixel and groups pixels by class. Then, these

features are optionally passed through a Latent features layer to obtain latent

vectors. The Clustering layer groups the latent features of each class into m clusters,

and the Prototypes layer builds prototypes by pairing the clustering centres in

the latent space with their corresponding ones in the raw feature space. These

prototypes are later used to provide interpretable explanations during inference.

1) Raw features layer: The Raw features layer is responsible for extracting

each pixel, x from the image and grouping it into different classes using correspond-

ing labels since the algorithm is trained per class. In this layer, the raw features are

extracted per pixel and per class. This vector of raw features is further passed to

the next layer, which may be clustering or (optionally) - feature transformation.

2) Latent features layer (optional): This layer is optional. For a better

performance, the raw features can be transformed, e.g. by orthogonalization and

optimization using PCA (Jolliffe and Cadima, 2016). Alternatively, deep feature

representations using pre-trained convolutional neural networks, such as Segnet
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(Badrinarayanan, Kendall, and Cipolla, 2017) or U-Net (Ronneberger, Fischer, and

Brox, 2015) can be used. It is also possible to directly feed raw features into the

next clustering layer. Currently, the U-Net deep neural network that is pre-trained

on the Worldfloods dataset (Mateo-Garcia et al., 2021) is used to perform feature

extraction. The input to the U-Net is formed by the raw 13 bands hyper-spectral

Sentinel-2 pixel values from the training images, and the penultimate layer of the

U-Net is used for feature extraction. The output is, thus, a 64-dimensional feature

vector.

For all pixels, xi
j (j = 1, 2,..., N ; where N denotes the number of pixels of a

given image) for each class i (where i = 1, 2, ..., c), the U-Net is used to map

the raw features vector xi
j into a n-dimensional latent feature space ϕ, where each

feature is represented as F i
j . Where F i

j ∈ R64, i.e. n = 64, since the output of the

penultimate layer of the U-Net is a 64-dimensional vector. Then, L2 normalization

is performed on the (latent) features as shown below:

F i
j =

F i
j

||F i
j ||

(4.1)

For i = 1, 2, ..., c, j = 1, 2,..., N.

3) Clustering layer: The Clustering layer is responsible for two main tasks:

applying clustering to the latent features and finding the cluster centers, Ci
m where

m represents the number of cluster centers per class. Each cluster center does have

a corresponding representation in the raw features (xi
j) domain which can serve as

a prototype providing a clear interpretability.

The mini-batch K-means (Sculley, 2010) clustering method is used without lose

of generality. This particular version of the K-means approach is reported to be

more suitable for handling large data sets and can be updated online. The main

output of the K-means algorithm is the set of cluster centers, Ci
m, which minimize

the distance between clusters in terms of the latent features used, F i
j ∈ F .

The choice of the number of centers m is important for the performance of the

mini-batch K-means algorithm. After several experiments, I chose m as 500, which
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gives the best results. It means that each of the land, water and clouds classes has

500 corresponding prototypes.

4) Prototypes layer: The prototypes are considered to correspond to the

identified centres, Ci
m; however, they are being expressed in terms of raw features.

Since the use of latent features is optional (in particular, one of the results from this

study, shown in Table 4.2 is using raw features and no latent ones), prototypes may

directly correspond to the centers. In cases when latent features are being used, a

transformation is needed, which is a result of finding the means at each step of the

K-means algorithm in terms of both raw and latent features. It has to be stressed,

however, that the decision on how to reallocate data samples between clusters, which

is a key part of the K-means approach, is based on latent features (if they are being

used), whereas the raw features are primarily used to communicate the results to

human users.

The validation architecture of IDSS is responsible for making predictions on new

unlabeled Sentinel-2 test images, as shown in Fig. 4.2, described in detail below:

1) Raw features layer: This layer is responsible for extracting each pixel x

from the unlabelled Sentinel-2 test image quite similarly to the similar layer of the

Training architecture.

2) Latent features layer (optional): This layer is the same as the training

architecture, a 64-dimensional feature value is extracted from the penultimate layer

of the U-Net. then, L2 normalization is performed same way as in the training

architecture.

3) Prototypes layer: This layer is responsible for calculating the similarity to

each prototype from each class. Similarity, S is calculated in the latent Fj (or raw,

xj) feature space using exponential kernel:

S(x∗, P i
j ) = exp(−||F (x∗)− F (P i

j )||2) (4.2)

where x∗ denotes a pixel from the test (unlabeled, new) image and P denotes

the jth prototypes of the ith class.
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4.1. IDSS architecture

Figure 4.2: Validation process of IDSS. A new unlabeled Sentinel-2 test image

is processed pixel-wise. Each 13-dimensional spectral vector is extracted in the

Raw features layer and optionally transformed in the Latent features layer. In the

Prototypes layer, the pixel’s latent features are compared against all prototypes to

compute similarity scores. Then, the Decision-making layer takes the ”few winners

take all” method to make the final decision.

4) Decision-making layer: The decision-making layer is responsible for

assigning labels to unknown pixels. In this study, K nearest neighbours, also called

the ”few winners take all” method, is used to make the final decision. In this study,

K is set to 10, which means that the labels corresponding to the ten prototypes with

the highest similarity to the unlabeled pixels are used to perform decision-making.

The label can be obtained by the following formula, where K is the number of

neighbors, which is set to 10 in the experiments.
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Table 4.1: Statistics of the Worldfloods dataset (Mateo-Garcia et al., 2021).

Dataset Flood events Flood maps Water pixels (%) Land pixels (%) Cloud pixels (%) Invalid pixels (%)

Flood Permanent

Training 108 407 1.45 1.25 43.24 50.25 3.81

Validation 6 6 3.14 5.19 76.72 13.27 1.68

Test 5 11 20.23 1.16 59.05 16.21 3.34

4.2 Experiment setup

4.2.1 Worldfloods Dataset

In this chapter to test the newly proposed IDSS method the rich and recent

Worldfloods dataset (Mateo-Garcia et al., 2021) is used. It describes 119 real flood

events and has 424 flood maps. All flood maps are based on Sentinel-2 images

containing 13 bands which form the raw features vector. The statistical analysis

of the data is shown in Table 4.1 (Mateo-Garcia et al., 2021). The bands with

a resolution larger than 10m were downsampled to 10m using nearest neighbours

interpolation. From Table 4.1 it can be observed that the proportion of cloud pixels

in the training data set is much higher than that in the validation and test data

sets. Such an anomaly also takes place for the land pixel from the validation data

set and the flood water pixels from the test data set. The Worldfloods data set is

highly imbalanced (with a very small proportion of water pixels), which is a serious

challenge for the classification task.

4.2.2 Training

The implementation of the proposed model is based on the ML4Floods pipeline

(Mateo-Garcia et al., 2021) and scikit-learn (Pedregosa et al., 2011). The U-Net

has been pre-trained on the Worldfloods dataset and used for the extraction of the

latent features. The Sentinel-2 images from the training data set were cropped to
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size 256 × 256 for feature extraction via U-Net.

4.2.3 Testing

The test images are cut into 256 × 256 for feature extraction. It should be noted

that Worldfloods images vary significantly in size. Most of the images cannot be

cut entirely to the size of 256 × 256. The patches that are smaller than 256 × 256

are discarded in training, but this can not be done during testing. In this chapter,

padding is performed on the test images so that they can be perfectly cut into

256× 256 patches. After that, the prediction masks are stuck together, and the

padding part is simply cut off. All experiments in this chapter were conducted on

the High-End Computing Cluster with Intel(R) Xeon(R) Gold 6248 CPU @ 2.50

GHz processor.

4.2.4 Performance Evaluation

The following metrics were used to evaluate the proposed algorithm:

Intersection over Union (IoU):

IoU =
TP

FP + TP + FN
(4.3)

Recall:

Recall =
TP

TP + FN
(4.4)

Here, TP, FP and FN represent True Positive, False Positive and False Negative,

respectively. IoU is the widely used measure of success for this problem because it

maximizes the TP while minimizing FP as well as TP and FN. Recall is considered

to be the more important measure than Precision since missing flood areas are more

dangerous and risky than over-predicting flood areas.
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Figure 4.3: Linguistic rules of IDSS. ∼ denotes ”is similar to” and ”Coastal”,

”SWIR”, etc., represent the raw features of a single pixel.

4.3 Interpretability of the proposed IDSS meth-

ods

The prototypes within IDSS can generate linguistic IF ... THEN rules, as shown in

Figure 4.3, where ∼ denotes ”is similar to” and ”Coastal”, ”SWIR”, etc., represent

the raw features (e.g. the 13 bands of the Sentinel-2 signal) for a single pixel. Such

linguistic rules are easy to understand, explain and use by humans because they are

intuitive. They can be applied to unlabeled test images as a tool to understand the

decision making process for deciding which class a particular pixel is more likely to

belong to.

One such linguistic rule can be formed per prototype connecting individual terms

such as (SWIR ...), (Coastal ...) etc. with logical conjunction (AND). In particular,

each term concerns an individual raw feature (SWIR, Coastal,...). Brought together

with the logical conjunction, AND operator they form an IF...THEN rule where the

THEN condition defines the class label (e.g. Water). 500 clusters are considered

per class and, therefore, 500 such IF...THEN rules are being generated per class.
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All these 500 rules can be combined together using logical disjunction, OR operator

resulting in a single (but large) linguistic rule per class. Although such rule is large,

it is quite clear and easy to interpret, understand and explain to a human. In

summary, the outcome can be either one large linguistic rule per class or multiple

smaller rules per class.

Unlike traditional deep learning models that provide a ”black box” decision mak-

ing process, the proposed IDSS framework offers explicit, human-understandable

rules that directly connect raw spectral features to model decisions. this trans-

parency allows domain experts, such as hydrologists or remote-sensing analysts, to

trace the prediction back to specific spectral characteristics. As a result, the decision-

making process becomes more transparent and easier to understand, allowing users

to detect errors, validate predictions and build confidence in the system.

4.4 Results and Analysis

The results of the proposed IDSS method are presented in Table 4.2 and summarized

in this section.

Table 4.2 shows the metric comparison between the proposed algorithms and a

Table 4.2: Comparison of IoU and recall results.

Model
IoU total water Recall total water # Parameters Interpretability

% % (x1000)

IDSS1 (ours) 73.10 93.35 96 ✓

IDSS2 (ours) 70.03 96.11 96 ✓

xDNN (P. Angelov and Soares, 2020) 71.50 90.27 20 ✓

U-Net (Mateo-Garcia et al., 2021) 72.42 95.42 7790 ✗

SCNN (Mateo-Garcia et al., 2021) 71.12 94.09 260 ✗

NDWI1 (McFeeters, 1996) 65.12 95.75 - ✓

Linear (Mateo-Garcia et al., 2021) 64.87 95.55 - ✓

NDWI2 (McFeeters, 1996) 39.99 44.84 - ✓
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number of state-of-the-art methods, including both threshold-based and deep neural

network algorithms. It can be observed that the proposed algorithm achieves very

competitive results, going beyond the state-of-the-art.

Two variants of the proposed IDSS model are evaluated, denoted as IDSS1 and

IDSS2. The difference between these variants lies in the number of images used

to generate the prototypes. Specifically, IDSS1 uses prototypes generated from six

validation images, while IDSS2 uses prototypes generated from 206 training images

of the WorldFloods dataset. In both cases, the U-Net was first fine-tuned using

all the training and validation data, after which the mini-batch K-means algorithm

was applied to extract representative prototypes in both the latent and raw feature

spaces.

While generated only on six images, the proposed method IDSS1 has 0.68%

IoU total water improvement compared to U-Net. At the same time, the proposed

IDSS method also offers a linguistic form of explainability (Figure 4.3) and a clear

network architecture (Figures 4.1 and 4.2) and uses in orders of magnitude less model

parameters. IDSS2 generated on 206 training images has 0.36% Recall total water

improvement compared to the second highest method NDWI1. The thresholds used

for NDWI1 and NDWI2 were −0.22 and 0, respectively.

xDNN is an interesting recently proposed explainable form of Deep Neural

Network method, which in this chapter was trained on the raw Sentinel-2 images

without feature extraction and, again, only trained on six images. In this chapter,

before applying this method, the Worldfloods model was used to remove the clouds.

The result using xDNN after cloud removal is also competitive with the IoU total

water of 71.50%. More importantly, however, the xDNN algorithm provides direct

interpretability through the linguistic IF ... THEN rules, and the decision making

can be understood and analyzed by humans, which can play an important role in

practical applications.

A visual comparison of the segmentation results is shown in Figure 4.4. It can be

appreciated visually that the segmentation results obtained by the proposed method
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RGB Labels U-Net Ours

Figure 4.4: Comparison of segmentation results. The meaning of the colours is

shown below: green - land, yellow - cloud, blue - water.
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are very similar to those obtained by the U-Net model and to the reference labels.

The U-Net model tends to over-predict water areas if comparing the images in the

fourth row.

4.5 Conclusion

In this chapter, an interpretable deep semantic segmentation (IDSS) method is

proposed for Earth Observation. It provides human interpretable results while

ensuring a performance on par or surpassing that of the mainstream and state-

of-the-art convolutional neural network. The proposed IDSS is a prototype-based

method. Prototypes are the local focal points that are most representative in terms

of the features. Working in a latent feature space, a projection to the raw feature

space allows a human interpretable linguistic IF...THEN rules to be used to explain

the decision making involved in determining the winning class label. Semantic rules

are interpretable and easy for humans to understand, allowing users could inspect

and audit the decision making process. The Worldfloods dataset was used, and

the results show that IDSS outperforms the other methods in terms of IoU total

water and Recall total water, requiring in orders of magnitude less parameters and

training data. The next chapter will focus on the investigation of the application of

the model to flood detection.
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Chapter 5

Interpretable flood detection and

flood mapping methods

5.1 Introduction

In time series image analysis, flood events are often considered to be a type of low-

frequency anomalous event, and thus time series flood detection can be categorised

as a time series change detection task. Currently, most time series change detection

algorithms need to generate pixel-level change maps for each image frame, which

is not only time-consuming but also inefficient. In addition, due to the widespread

use of deep learning methods, the decision-making process of such methods is often

hard to explain and incomprehensible to human users.

To address these challenges, an Interpretable Multi-stage Approach to Flood

Detection from time series Multispectral Data (IMAFD) is proposed and introduced.

IMAFD divides flood detection into four steps. First, IMAFD identifies anomalous

images from a set of time series images. Recursive Similarity Estimation (RSE)

based on the Recursive Density Estimation (RDE) (P. Angelov, 2012) was used. It

is specifically adapted to the flooding task and is detailed in the Appendix. Next,

if the image is identified as an anomaly, a similarity-based binary change detection

method is used to locate the anomalous region within that image. Furthermore,
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Figure 5.1: IMAFD architecture. The proposed IMAFD architecture consists of

the following four stages, (1) anomalous image detection: identifying suspected

images from time series multispectral optical images, (2) binary change detection:

detecting changes within suspected images, (3) semantic change detection: semantic

segmentation of changes into Land, Water or Cloud class and (4) decision making.

to classify such regions, the Interpretable Deep Semantic Segmentation + (IDSS+)

method is employed to distinguish between Land, Water, and Clouds. Finally, a

decision-making process combines the above information to determine where the

flooding occurred and the specific flooded areas within that image.

The overall architecture of the IMAFD framework is shown in Figure 5.1. The

details of the proposed architecture and its function are introduced as follows.
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Figure 5.2: RGB visualization of Sentinel-2 time series multispectral images (All of

the above images were taken in 2018).

5.2 IMAFD framework

5.2.1 Anomalous images detection

Figure 5.2 shows a series of Sentinel-2 time series multispectral images that are

visualized by the RGB channels, which tend to show anomalies such as cloud cover,

natural disasters, urban development, and agricultural harvesting. Among these

anomalies, this chapter mainly focuses on flooding. In this context, a flood usually

occurs when land is covered by floodwater, such as when cities or farmland are

flooded, or when existing rivers or lakes begin to expand. Another situation that

needs to be considered is that cloud cover is a common phenomenon in such time

series multispectral images. In contrast, flooding is a low-probability event.

To detect anomalous images, including clouds and floods, I use the statistics

for outlier estimation by detecting drops in the overall image similarity degree, S,

according to the following criterion:

IF Sk < S̄k −mσk

THEN (possible novelty)

ELSE (normal image)

(5.1)

For k = 1, ..., N images of the data stream, m is a positive number, S ∈ (0; 1] is

the overall image similarity degree and S̄ ∈ (0; 1] is the mean similarity degree.
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5.2.2 Binary Change detection

Since the pixel-wise similarity, s(xk
h,v) itself measures the distance between the

current pixel value and all previous pixel values at (h, v)th position, where h denotes

horizontal index within the images and h = 1, 2, . . . , H means pixel index that varies

between 1 and H, v denotes vertical index within the images and v = 1, 2, . . . , V

means pixel index that varies between 1 and V . The pixel-wise similarity, s, can

naturally be used to perform binary change detection using a threshold, ϵ:

s(xk
h,v) < ϵ (5.2)

The derivation of the similarity, s, which follows the density expression from

(P. Angelov, 2012) can be found as follows:

s(xk
h,v) =

1

(1 + ||xk
h,v − µk

h,v∥|2 + Σk
h,v − ||µk

h,v||2)
(5.3)

Here, the mean value µh,v and the scalar product Σk
h,v can be updated recursively

as follows (P. Angelov, 2012):

µk
h,v =

1

L

L∑
l=1

xL
h,v (5.4)

ΣK
h,v =

k − 1

k
Σk−1

h,v +
1

k
||xk

h,v||2 (5.5)

It is important to note that L represents the number of images that were not

identified as novel images. In such a case, anomalous pixels like clouds and floods

will not affect the mean value µ and the mean similarity (̄S).

Furthermore, the overall image similarity, Sk, is calculated by taking the mean

value of the pixel-wise similarity of the k-th image using Equation (4) (P. Angelov,

2012):

Sk =
1

nm

n∑
i=1

m∑
j=1

s(xk
h,v) (5.6)

Subsequently, the mean similarity S̄ and standard deviation σ are updated

recursively as follows (P. Angelov, 2012):
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S̄k =
k − 1

k
S̄k − 1 +

1

k
Sk, S̄1 = S1 (5.7)

(σk)2 =
k − 1

k
(σk−1)2 +

1

k
(Sk − S̄k)2, (σ1)2 = 0 (5.8)

5.2.3 Semantic change detection

I proposed the IDSS+ method and used it to label the binary change map obtained

in the previous step. Both IDSS and IDSS+ use per-pixel prototypes. However,

IDSS uses (averaged) centroid vectors, hence, it does not allow for associating the

predictions with the real pixels from the training data. IDSS+ offers another option

to make the decision-making process easier to understand for the users, with a small

loss of accuracy, which uses the nearest real pixels to each centroid as prototypes.

This allows the segmentation problem to be expressed in a dual form that combines

latent and raw feature space vectors.

The training and testing architecture of the IDSS+ is shown in Figure 5.3.

During the training phase, each 13-band Sentinel-2 multispectral image I ∈ RH×V×n

is, first, fed into a feature extractor to obtain a latent feature vector F ∈ RH×V×D,

where n = 13 are the 13 bands and D represents the dimensionality of the latent

feature space, e.g. for U-Net used in this study, D = 64. The feature extractor could

be any semantic segmentation neural network. In this study, the U-Net is used due

to its excellent performance at water segmentation (Mateo-Garcia et al., 2021). It is

important to note that the U-Net has been pretrained on the Worldlfoods training

dataset to achieve a better capability in feature extraction.

After feature extraction, for each pixel at position (h, v), latent features fh,v
c and

corresponding raw features xh,v
c were obtained within each class, c ∈ 1, 2, . . . C. For

the WordldFloods dataset, C = 3 since there are three classes in total, Water,

Land, and Cloud. I propose to then apply clustering algorithm to the latent

features, obtaining the cluster centroids ylc, where ylc is the lth cluster center of

class c, l = 1, . . . , L where L is the number of clusters per class. After clustering,
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Figure 5.3: IDSS+ architecture.

prototypes P l
c are selected for which both the latent features are closest to the

cluster centroids and their corresponding raw features. For clustering, the mini-

batch k-means (MacQueen, 1967; Sculley, 2010) or k-medoids (Kaufman, 1990)

algorithms are used and implemented. From Table 5.2, it can be observed that mini-

batch k-means has better performance compared to k-medoids, but the k-medoids

method could provide better interpretability because it uses real data observations

as prototypes. An ablation study considering different numbers of prototypes for

mini-batch k-means is shown in Table 5.3.

The testing phase is also shown in Figure 5.3. The same feature extractor is

used to obtain the latent features, fh,v from raw features, xh,v. Then, the Euclidean

distance is calculated between each latent feature fh,v corresponding to a given raw

feature xh,v and the latent features ylc from the prototypes P l
c . Then, the k-nearest

neighbour algorithm is used to make the final prediction.

104



5.2. IMAFD framework

Furthermore, a confidence map is introduced within the IDSS+ method to

provide more insight into the decision-making process of the algorithm, as shown

in Figure 5.4. Since the k-nearest neighbour algorithm is used to make the final

decision, additional insight into the rationale and the strength or ”confidence” of

the decision can be obtained. If the ”confidence” is plotted per pixel, the heatmap

shown can be obtained as shown in Figure 5.4. A threshold is utilized to distinguish

between high and low confidence, which can be adjusted by human users. In the

context of Figure 5.4, the threshold is set to 0.8, which means that if more than 8 out

of 10 neighbouring prototypes have the same class label, the decision is considered to

be with high confidence. Predictions with lower confidence are indicated by lighter

colours, while darker colours indicate high confidence.

The threshold value of 0.8 was chosen empirically to balance clarity and accuracy.

A higher threshold would make the visualization too restrictive, showing very few

high-confidence regions, while a lower threshold would make most areas appear

overly confident. Setting the threshold at 0.8 provides a clear and informative

contrast between high- and low-confidence predictions, making the results easier

to interpret while still reflecting meaningful differences in model certainty.

An advantage of IDSS+ method is its ability to significantly reduce noise pixels

compared to the U-Net, as shown in Figure 5.5. It could be observed that the

prediction of the U-Net has more noisy pixels. On the contrary, IDSS+ provides

a much cleaner and more accurate prediction. This is considered the main reason

that IDSS+ outperforms U-Net in terms of IoU water and Mean IoU, see Table 5.2.

In addition, IDSS+ provides more insight for human users by analyzing

the prototypes, which not only contain latent features, but also raw features.

Furthermore, when the k-medoids method was used to select the prototypes, the

prototypes are real training data. In this case, the human user can realistically

observe the geographic location of the training data that is closest to the test data in

the latent feature space and the spectral information contained in the corresponding

raw features. For example, the new test pixel might come from the NorthWest of the
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RGB Labels U-Net IDSS+ Confidence

map

Figure 5.4: Comparison of segmentation results. The meaning of the colours is:

green - Land, yellow - Cloud, blue - Water. For the confidence map, lighter colours

indicate lower confidence, while darker colours indicate high confidence.
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RGB Labels U-Net IDSS+

Figure 5.5: Comparison of segmentation results. The meaning of the colours is:

green - Land, yellow - Cloud, blue - Water.

UK and be predicted as a Water pixel, while the closest prototype is a Water pixel

coming from the SouthEast of the UK. Such information could help the expert to

further analyze the relationship between the current flood and historical information.

5.2.4 Decision making

This stage is in charge of combining the information obtained from the previous steps

to perform the decision-making. Specifically, it provides the time when the flooding

starts based on the percentage of change in the water pixels. After obtaining the

semantic change map, the percentage of the change of the water pixels is calculated.

Furthermore, the decision about “Flooding ” or “No Flooding” is made by setting

a threshold that could be adjusted by human users. In addition, the previously

obtained semantic change map can also provide human users with the exact location

of the flooding.
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5.3 Experiments

5.3.1 Datasets

1) WorldFloods: WorldFloods (Mateo-Garcia et al., 2021) is a semantic segmenta-

tion dataset tailored for flood detection and is used to validate the proposed IDSS+

method. All flood maps were acquired from Sentinel-2 satellites. Specifically, there

are three classes: Water, Land and Cloud. It contains 119 real flood events and has

424 flood maps with 407 images used for training, 6 for validation and 11 for testing.

2) RaVAEn: The RaVAEn (Rŭžička et al., 2022) dataset is used for the

evaluation of the proposed IMAFD method, which contains four different natural

disasters: hurricanes, fire burn scars, landslides and floods. This study focuses only

on the flood-related subset of the dataset. Originally, there were four flood events,

each containing five time series images captured by Sentinel-2 satellites. To better

validate the proposed method, each flood event was extended to include fifteen

images. The first fourteen images were taken before the flood, and the fifteenth

was taken after the flood. The extended dataset is Sentinel-2A images and was

downloaded using the Google Earth Engine, ensuring consistency with the original

dataset. Each event provides a ground truth label of changes and clouds, indicating

the differences between the last two time series images. To eliminate the effect of

clouds, the ground truth label of clouds was discarded.

5.3.2 Evaluation metrics

The evaluation metrics can be divided into three categories. The first one mainly

evaluates the performance of the first stage of the IMAFD for anomaly detection of

Sentinel-2 time series images. Precision, Recall and F1 scores were calculated and

compared. The second one is to evaluate the semantic segmentation performance

of the IDSS+ on the WorldFloods dataset, Intersection over Union (IoU) is mainly

used, including IoU water, IoU land, IoU cloud, and Mean IoU (mIoU). The latter is

used to evaluate the semantic change map obtained after the third stage of semantic
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Table 5.1: Performance comparison of IMAFD anomalous image detection on the

RavAEn dataset. The better results within each catogory are highlighted in bold.

Raw features (13 bands) DINO-ViT-S/16 (Yi Wang et al., 2022)

Scenario Precision Recall F1 Precision Recall F1

1 0.11 1.00 0.20 0 0 0

2 0.50 1.00 0.67 0.12 1.00 0.22

3 0.33 1.00 0.50 0.20 1.00 0.33

4 0.17 1.00 0.29 0.17 1.00 0.29

Average 0.28 1.00 0.42 0.12 0.75 0.21

change detection. Precision, Recall, F1 score and IoU water are utilized.

5.4 Results

5.4.1 Anomalous image detection

To evaluate the performance of the first stage of IMAFD (anomalous image

detection), experiments were conducted on the RavAEn datasets. The results are

presented in Table 5.1. The RSE method used in the anomalous image detection

stage is sensitive to the input features. Thus, I performed an ablation study to

compare its performance under different features on the RavAEn dataset, as shown

in Table 5.1. It can be observed that when using the raw features, the performance

is better than when using latent features derived from the DINO-ViT-S/16 model

pre-trained on EO datasets (Yi Wang et al., 2022). Specifically, all the recall values

obtained by raw features are 1, meaning that no flood event was missed. High recall

values were prioritized, given the reason that failing to predict an actual flood is

more severe than a false alarm. Besides, even if a false alarm is made, the details

will be further checked in the following stage of the IMAFD methods.

In addition, it can be observed that for scenario 1, the performance of the pre-
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trained DINO-ViT-S/16 model drops to zero across all metrics. This occurs because

the visible change between the pre flood and after flood images is extremely small,

which limited to a narrow river region. While this subtle change is easily noticed

in the raw multispectral features, it is difficult for a pre-trained neural network to

capture, as such models are generally less sensitive to fine-grained spectral variations.

5.4.2 Semantic segmentation

To evaluate the effectiveness of the IDSS+ semantic segmentation method, I perform

experiments on the WorldFloods dataset and compare it with other methods, as

shown in Table 5.2. It can be observed that the proposed IDSS+ provides the highest

IoU water and mIoU, outperforming the benchmark U-Net and other methods.

Specifically, the IoU water is exceeded by 1.57% and the mIoU is exceeded by 0.19%

compared to U-Net. In particular, it can be seen from Figure 5.5 that the prediction

map of IDSS+ has less noise compared to U-Net. Besides, it can be seen from Table

5.2 that mini-batch k-means has a better performance compared to k-medoids, but

the k-medoids method could provide better interpretability because it uses real pixels

from the dataset as prototypes. An ablation study considering different numbers of

prototypes for mini-batch k-means is shown in Table 5.3.

Furthermore, the prototype in the latent space was visualized with the number

of prototypes for each class equal to 10 and 100, as shown in Figure 5.6. It can be

observed that 100 prototypes for each class have a better separation compared to 10

prototypes for each class. This also explains the better performance of the former

as shown in the Table 5.3.

In addition, to better visualize the decision-making process of the algorithm,

the UMAP plot could be drawn based on the visulization of the prototypes in the

latent features to detail the prediction procedure of each pixel and the reason for the

misclassification. As shown in Figure 5.7a, the prototypes in the latent feature space

are marked as three different coloured circles. It can be seen that the unknown red

triangular pixel is successfully predicted as Water, as it is surrounded by blue circles
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Table 5.2: Comparison of IoU results (%) among different models. NDWI1

represents when the threshold was set to −0.22 while NDWI2 indicates when the

threshold was set to 0.

Model
IoU (%)

mIoU (%)
Water Land Cloud

NDWI1 (Gao, 1996) 65.12 – – –

NDWI2 (Gao, 1996) 39.99 – – –

Linear (Mateo-Garcia et al., 2021) 64.87 – – –

SCNN (Mateo-Garcia et al., 2021) 71.12 – – –

U-Net (Mateo-Garcia et al., 2021) 72.95 82.56 89.67 81.71

IDSS+ (k-means) 74.52 82.72 88.46 81.90

IDSS+ (k-medoids) 74.50 82.54 88.10 81.71

Table 5.3: Comparison of IoU results (%) for different numbers of prototypes per

class.

# Prototypes IoU water IoU land IoU cloud mIoU

10 71.80 69.06 60.59 67.15

20 73.23 83.03 88.05 81.44

50 74.03 82.08 86.61 80.91

100 74.52 82.72 88.46 81.90

1000 74.00 81.78 88.01 81.26

2000 71.67 82.71 88.21 80.86

3000 70.77 82.34 88.00 80.37
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(a) #Prototypes for each class: 10 (b) #Prototypes for each class: 100

Figure 5.6: Prototype visualization in the latent space with different numbers of

prototypes using Uniform Manifold Approximation and Projection (UMAP).

(a) UMAP plot for a correct pre-

diction (prediction: Water, label:

Water)

(b) UMAP plot for a wrong pre-

diction (prediction: Land, label:

Water)

Figure 5.7: Visualisation of the decision-making process with the prototype in the

latent space using UMAP. Plot (a) shows an example where the unknown red

triangular pixel is successfully predicted as Water because it is much closer to the

blue Water prototypes, while plot (b) shows an example where the unknown red

triangular pixel is misclassified as Land because it is surrounded by green Land

prototypes, although its ground truth label is Water.
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representing Water prototypes. Comparatively, in figure 5.7b, the unknown red

triangular pixel is predicted as Land as it is surrounded by green Land prototypes,

even though its ground truth label is Water. This explains why the unknown pixel

was incorrectly predicted as Land.

Another advantage of IDSS+ is that it could provide more insight for human

users by analyzing the prototypes, which contain both latent and raw features.

Specifically, when employing the k-medoid method, the selected prototypes were real

pixels from the training data. In this case, the human user can realistically observe

the geographic location of the training data that is closest to the test data in the

latent feature space and the spectral information contained in the corresponding raw

features. For example, the new test pixel might come from the NorthWest of the

UK and be predicted as a Water pixel, while the closest prototype is a Water pixel

coming from the SouthEast of the UK. Such information could help the expert to

further analyze the relationship between the current flood and historical information.

5.4.3 Semantic change detection

The ablation study of the semantic change detection was assessed on the RavAEn

dataset. The results, shown in Table 5.4, compare the performance of IDSS+ and

U-Net when labelling the binary change maps obtained from the second stage of

IMAFD. It can be observed that IDSS+ achieves competitive results compared to

U-Net. Specifically, in most scenarios, IDSS+ surpasses U-Net in terms of Precision,

F1, and IoU water, while U-Net achieves better results in terms of Recall. This shows

that the U-Net is more prone to overpredicting flood extent. The visualized results

are shown in Figure 5.8.

5.5 Conclusion

In this chapter, I proposed a holistic, efficient, and interpretable flood detection

framework, IMAFD. This approach divides flood detection into four steps and
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Pre Flood After Flood New Water

(ground

truth)

U-Net IDSS+

Figure 5.8: Comparison of segmentation change detection results. The blue

colour in Ground Truth, IMAFD (U-Net) and IMAFD (IDSS+) indicates changed

water/flood.
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Table 5.4: Semantic segmentation change results comparison (all values in %). Here,

P stands for Precision and R for Recall.

IMAFD (IDSS+) IMAFD (U-Net)

Scenario P R F1 IoU P R F1 IoU

1 83.64 79.22 81.37 68.59 81.93 79.39 80.64 67.56

2 60.87 89.51 72.46 56.82 57.79 90.71 70.60 54.56

3 43.51 91.13 58.90 41.74 41.90 91.66 57.50 40.35

4 65.63 80.24 72.20 56.50 64.16 86.75 73.77 58.44

Average 63.41 85.03 71.23 55.91 61.45 87.13 70.63 55.23

progressively narrows down the flood detection problem, starting with detecting

suspected images from the time series and moving to detect the semantic change

at the pixel level. In addition, the semantic change detection (stage 3 of

IMAFD) method IDSS+ provides additional insight based on UMAP plots and

confidence maps to help the users further understand the decision-making process

of the algorithm. Finally, the comparative experiments and ablation study were

performed on WorldFloods and RavAEn datasets, demonstrating the effectiveness

and efficiency of the proposed method.

Despite the above advantages, IMAFD has some limitations. One of the

limitations of the proposed IMAFD method is that it is based on the Recursive

Density Estimation (RDE) (P. Angelov, 2012) method, which is a recursive method.

Thus, choosing the first image in a time series event is crucial and must be guaranteed

to be free of anomalies such as clouds and floods. In addition, the choice of thresholds

can significantly affect the performance of the algorithm. Addressing these issues

should be critical for future work.
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Chapter 6

An Interpretable Ensemble

Geoscience Foundation Model for

Flood Mapping

6.1 Background

Flooding is one of the most dangerous and widespread natural disasters, displacing

people and causing huge economic losses (Bentivoglio et al., 2022). It not only

destroys cities, farmlands, and infrastructure, but also contaminates food and water,

causing disease outbreaks and loss of life (C. Li et al., 2022; Munasinghe et al., 2023).

It is estimated that between 1995 and 2015, floods caused $7.5 billion in damage

and affected at least 109 million people worldwide (Janizadeh et al., 2021; Alfieri

et al., 2017). Moreover, it is estimated that the number of people at risk of flooding

will continue to grow (Tellman et al., 2021).

With the development of deep learning and the increasing availability of high-

resolution satellite imagery, deep learning-based models have gradually become

popular in flood mapping. Especially, recent advances in Foundation Models for

texts, images, and videos have led to significant resources being spent on developing

foundation models for Earth Observation Data Analysis. Several Geoscience
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Foundation Models have been proposed recently, including PhilEO (Saux et al.,

2024; Fibaek et al., 2024), Prithvi (Jakubik et al., 2023) and SatlasNet (Bastani

et al., 2023).

Different from traditional computer vision, which mainly relies on RGB images,

geoscience foundation models are mostly pre-trained on data from different sensors,

varying resolutions, and different numbers of bands. Thus, applying such models to

downstream tasks often needs to meet the same data requirements as the pre-trained

ones, which greatly hinders the application of such geoscience foundation models. In

addition, despite numerous geoscience foundation models that have been proposed

in the past two years, very little work has explored the ensemble learning of such

models. Besides, deep neural networks, particularly foundation models, typically

have hundreds of millions of parameters and are often regarded as “black boxes”,

making their decision-making process difficult to interpret for human users.

Thus, this chapter investigates the ability of different geoscience foundation

models to generalize across different bands. It further introduces an interpretable

plug-and-play prototype-based module called Interpretable Deep Semantic Seg-

mentation v2 (IDSS v2) that could explain the decision-making process with the

help of representative training samples. Finally, an ensemble foundation model

incorporating this module is proposed and evaluated on the WorldFloods v2 flood

mapping dataset. The results show that the proposed module can effectively improve

the performance of the geoscience foundation models and provide a transparent

decision-making process for human users. Besides, the interpretable ensemble

foundation model with the proposed module outperforms all other models on the

WorldFloods v2 dataset.

The contribution can be summarized as follows:

• The generalization ability of several geoscience foundation models across

different bands was evaluated.

• A plug-and-play prototype-based module IDSS v2 was proposed to explain the

decision-making process of the model using representative training samples. It
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enables human users to audit and understand the behavior of the model.

• An Interpretable Ensemble Geoscience Foundation Model (IEGF) for flood

mapping using earth observation data was introduced.

• The proposed module and interpretable ensemble foundation model were

evaluated on the WorldFloods v2 dataset and achieved state-of-the-art

performance.

6.2 Methodology

This section first introduces the proposed interpretable decision-making module

IDSS v2. It then details the training and testing process of the proposed architecture.

Finally, the model selection and experiment setup are described.

6.2.1 IDSS v2 module

The proposed Interpretable Deep Semantic Segmentation v2 (IDSS v2) module is

derived from the IDSS + module proposed in (Z. Zhang, P. Angelov, Kangin, et al.,

2024). However, it is different from the IDSS + module, which uses the latent

features and raw features of only one pixel to generate the prototypes, the IDSS v2

module provides not only the prototypes but also the surrounding context of the

prototypes in an RGB visualization format. This can help human users to better

understand the decision-making process of the model in a much more intuitive way.

Besides, Besides, the IDSS v2 module was evaluated on more geoscience foundation

models to test its generalization ability. For clarity, Table 6.1 summarizes the main

differences among the three versions of the IDSS framework.

Next, the training and testing process of the proposed Interpretable Ensemble

Geoscience Foundation Model (IEGF) that has integrated the IDSS v2 module is

described.
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Table 6.1: Comparison between IDSS, IDSS+, and IDSS v2.

Model Prototype Type Key Innovation Interpretability

IDSS Cluster centers (la-

tent and raw feature

space).

Introduced a prototype-based inter-

pretable deep semantic segmentation

approach with linguistic IF–THEN

rules.

High — based on prototype

similarity and rule-based

reasoning.

IDSS+ Real pixels from train-

ing data (latent and

raw feature space).

Extended IDSS by using real training

samples as prototypes for more realistic

explanations.

High — retains rule-based

transparency with improved

interpretability.

IDSS v2 Real pixels from

training data (latent

and raw feature space)

with surrounding

RGB context.

Adds prototype context visualization

and integrates interpretability into

ensemble foundation models.

Very high — combines pro-

totypes with visual context

for better human under-

standing.

6.2.2 Proposed IEGF framework

The training process of the proposed IEGF architecture is shown in Fig. 6.1.

Consider a semantic segmentation problem where each multispectral training

image is denoted by I ∈ Rh×w×n, with n representing the number of the multispectral

bands. After fine-tuning with different Geoscience Foundation models, the IDSS v2

module is used to generate prototypes for each class. Specifically, for each foundation

model, the latent features F ∈ Rh×w×d, where d is the dimensionality of the learned

latent feature space, are extracted from the last layer of the model. In this chapter,

the validation set is used to generate prototypes. For each class c ∈ {1, . . . , C}, all

pixel-wise features are then clustered to find K centroids in the feature space. The

latent features closest to each centroid together with their corresponding ones in the

raw feature space are considered K prototypes.

It can be seen from Fig. 6.1, that for the Worldfloods v2 dataset used in this

chapter, there are only three classes: land, water and cloud. In the figure, different

shapes and colours are used to represent each class, with blue rectangles denoting

water, green triangles representing land and yellow circles indicating clouds.
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Figure 6.1: Training process. Multispectral images are passed through several fine-

tuned geoscience foundation models to extract latent features. These features are

clustered to obtain the prototypes for each class. In the WorldFloods v2 dataset

shown here, water, land, and cloud classes are represented by blue squares, green

triangles, and yellow circles, respectively.
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The testing process of the proposed architecture is shown in Fig. 6.2.

Each test image was first passed through each different foundation model

separately to obtain the latent features, as shown by the white pentagons in the

figures. Formally, for a test image Itest ∈ Rh×w×n, each foundation model outputs a

feature map Fi ∈ Rh×w×d for i = 1, 2, 3.. Next, a distance metric S is computed

between the feature vectors at each pixel level and the corresponding prototypes

Pi = {pi,k}Kk=1, where pi,k is the k-th prototypes associated with foundation model i.

Specifically, for each pixel x and foundation model i, the computation is given by:

si(x, k) = S
(
Fi(x), pi,k

)
(6.1)

Then, the class label with the lowest distance score was assigned to the pixel x.

Finally, the predictions from all models are ensembled through majority voting to

Figure 6.2: Testing process. Each multispectral test image is passed through the

three foundation models to extract pixel-wise latent features. These features are

compared with the prototypes of each model to compute similarity scores and assign

a class label per pixel. The final prediction is obtained by majority voting across

the three model outputs.
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get the final prediction:

ŷ(x) = mode
{
y1(x), y2(x), y3(x)

}
. (6.2)

In the current implementation of the proposed ensemble framework, all base

models are assigned equal weights during the aggregation stage. This design choice

was made to ensure a fair contribution from each model and to clearly demonstrate

the impact of the interpretability mechanism itself, rather than confound it with

additional optimization effects introduced by model weighting. Although weighting

strategies were not considered in this work, future studies could explore their

potential to further improve ensemble accuracy.

6.2.3 Model selection

Four Foundation Models were selected, including PhilEO, Satlas, DOFA and Prithvi.

PhilEO (Le Saux et al., 2024) was pre-trained in a self-supervised manner on the

ESA Major TOM (Francis and Czerkawski, 2024)dataset, which includes 11 bands

of Sentinel-2 images at 10m resolution. SatlasNet was pre-trained on the NAIP

and Sentinel-2 images in a supervised manner using the Swin Transformer (Z. Liu

et al., 2021) backbone. DOFA was pre-trained on the Sentinel-1, Sentinel-2, Gaofen,

NAIP, and EnMAP datasets in a self-supervised manner, while Prithvi (Jakubik

et al., 2023) was pre-trained on the Harmonized Landsat and Sentinel-2 (HLS)

data in a self-supervised manner with the Masked Autoencoder (MAE) structure

(K. He, X. Chen, et al., 2022). Besides, I also use a U-Net (Ronneberger, Fischer,

and Brox, 2015) and a DeepLab v3+ (L.-C. Chen et al., 2018) as benchmarks for

comparison. The model details are shown in Table 6.2. It can be seen that the Phieo,

SatlasNet, and Prithvi models have been pre-trained on the Sentinel-2 images, while

the DOFA model has been pre-trained on datasets from multiple sensors. The U-Net

and DeepLab v3+ models were pre-trained on the ImageNet dataset. The DOFA

model has the most parameters with 151 million, while the U-Net model has the

least with 7.8 million.
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Table 6.2: Geoscience foundation model summary.

Model Pretraining dataset Pretraing image type # Parameters (M)

U-Net ImageNet RGB 7.8

Deeplab v3+ ImageNet RGB 45.7

Phieo Major TOM Sentinel-2 45.9

SatlasNet SatlasPretrain Sentinel 2 89.8

Prithvi
Harmonized Landsat

Sentinel-2
Landsat Sentinel 2 127.0

DOFA DOFA
Sentinel 1, Sentinel 2, Gaofen

NAIP, EnMAP
151.0

6.3 Experiment setup

6.3.1 Dataset

The experiments were mainly conducted on the WorldFloods v2 dataset (Portalés-

Julià et al., 2023), which is a flood segmentation dataset. It contains 114 flood

events and 73,809 256 × 256 Sentinel-2 images. The dataset is split into 65,582 /

3,524 / 4,703 for train / val / test. There were mainly 3 classes: land, water and

cloud.

6.3.2 GFM Fine Tuning Architecture

For the choice of model architecture, I adopted the same strategy as (Marsocci

et al., 2024). Specifically, I followed the implementation as (Marsocci et al., 2024),

which involves plugging in a decoder for each pre-trained Geoscience Foundation

Model (GFM) encoder to produce dense predictions. Similar to (Marsocci et al.,

2024), I utilized the UperNet (Xiao et al., 2018) decoder to fine-tune the GFM. The

architecture is shown as Figure 6.3. However, I retained the original architecture

of the Phieo model as its U-Net like architecture. Additionally, I trained two

convolutional neural networks, U-Net (Ronneberger, Fischer, and Brox, 2015) and
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Figure 6.3: GFM fine tuning architecture.

Deeplabv3+ (L.-C. Chen et al., 2018), which were pre-trained on ImageNet for

comparison. Both models use the ResNet101 encoder, and the implementations are

from (Iakubovskii, 2019).

6.3.3 Fine Tuning strategy

To assess the ability of the GFM to generalize across different bands, I adopted

two fine-tuning strategies. The first follows the pre-training setup of the GFM.

Specifically, I use the same pre-processing and band selection as the pre-trained

GFM. For example, the DOFA uses 9 bands for fine-tuning, and the preprocessing is

to standardize the input band values by a given mean and standard deviation value.

I then use the same pre-processing and 9 bands for fine-tuning with the Worldfloods

v2 dataset. For the second strategy, I used all 13 bands from the Worldfloods v2

dataset at 10m resolution and normalized all input band values by dividing them

by 10000 for fine-tuning, since these values range from 1 to 10000 (Gascon et al.,

2017).

6.3.4 Prototype generation

I used the mini-batch K-means algorithm to generate the prototypes since it could

handle larger datasets. Then, I used K-nearest neighbors to perform the decision-

making process. I set the number of prototypes to 100 for each class and K

124



6.4. Results and Comparison

Table 6.3: Comparison of results for different bands on various foundation models.

The table reports IoU scores for land, water, and cloud classes on the WorldFloods

v2 dataset. For each GFM, two fine-tuning strategies are compared: (1) using the

same band selection and preprocessing as in the model’s original pre-training (e.g.,

Prithvi with 6 bands, DOFA with 9 bands), and (2) using all 13 multispectral bands.

Model # Bands IoU land (%) IoU water (%) IoU cloud (%) Mean IoU (%)

Prithvi 6 86.55 72.00 67.17 75.05

Prithvi 13 86.92 73.76 66.71 75.80 (↑0.75)

DODA 9 82.01 68.58 53.93 68.17

DOFA 13 83.98 69.90 69.10 74.33 (↑6.16)

Phieo 10 86.39 73.51 67.31 75.74

Phieo 13 85.58 74.09 77.61 79.09 (↑3.35)

SatlasNet 9 87.75 74.39 68.38 76.84

SatlasNet 13 87.28 75.28 76.78 79.78 (↑2.94)

Unet 13 87.39 77.21 80.02 81.54

DeepLabv3+ 13 88.10 77.45 81.21 82.25

to 20 for the K-nearest neighbors algorithm after multiple trials to find the best

hyperparameters.

6.4 Results and Comparison

6.4.1 GFM generalization results

Table 6.3 shows the comparison of results for different bands on different GFMs. It

can be seen that the performance of the GFMs generally improves with more bands.

Specifically, the mean IoU increases by 0.75% for Prithvi, 6.16% for DOFA, 3.35% for

Phieo, and 2.94% for SatlasNet. The results show that the GFMs can give better

performance with more bands on the WorldFloods v2 dataset. However, despite

the improvement, the performance of the GFMs is still lower than the U-Net and
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Table 6.4: Performance comparison of various foundation models and the proposed

method with IDSS v2 module.

Model IoU land (%) IoU water (%) IoU cloud (%) Mean IoU (%)

Prithvi (Jakubik et al., 2023) 86.92 73.76 66.71 75.80

Prithvi + IDSS v2 (ours) 87.76 73.32 70.08 77.05 (↑1.25)

DOFA (Xiong et al., 2024) 83.98 69.90 69.10 74.33

DOFA + IDSS v2 (ours) 87.26 73.49 76.27 79.00 (↑4.67)

Phieo (Saux et al., 2024) 85.58 74.09 77.61 79.09

Phieo + IDSS v2 (ours) 86.10 75.98 77.91 80.00 (↑0.91)

SatlasNet (Bastani et al., 2023) 87.28 75.28 76.78 79.78

SatlasNet + IDSS v2 (ours) 89.70 78.21 81.08 83.00 (↑3.22)

Unet (Ronneberger, Fischer, and Brox, 2015) 87.39 77.21 80.02 81.54

Unet + IDSS v2 (ours) 88.09 78.06 85.17 83.77 (↑2.23)

DeepLabv3+ (L.-C. Chen et al., 2018) 88.10 77.45 81.21 82.25

DeepLabv3+ + IDSS v2 (ours) 86.59 77.97 80.34 81.63(↓ 0.62)

EGFM 88.61 78.05 81.37 82.67

EGFM + IDSS v2 (ours) 89.23 79.30 85.72 84.75 (↑2.08)

DeepLabv3+ models. It can be observed that the DeepLabv3+ model outperforms

all other models not only with 82.25% mean IoU but also with the highest IoU for

each class.

6.4.2 GFM comparison with the proposed method

Table 6.4 shows the performance comparison of various GFMs and the proposed

method. It can be seen that the proposed IDSS v2 module improves the performance

of all the GFMs except for the DeepLabv3+ model. Specifically, the mean IoU

increased by 1.25% for Prithvi, 4.67% for DOFA, 0.91% for Phieo, 3.22% for

SatlasNet, and 2.23% for U-Net. I also proposed the Ensemble Foundation Model

(EFM) which ensembles the three best-performing models, SatlasNet, U-Net, and

DeepLabv3+. The results show that the EFM with the IDSS v2 module not only

improves the performance of the EFM by 2.08% mean IoU but also outperforms all

other models with the highest IoU for each class and the highest mean IoU. The
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results show that the proposed plug-and-play prototype-based module can effectively

improve the performance of the GFMs on the WorldFloods v2 dataset.

Figure 6.4 shows the comparison of segmentation results on the Worldfloods

v2 dataset. It can be observed from the last row that the cloud prediction of the

SatlasNet + IDSS v2 is much consistent with the ground truth than the SatlasNet

model. This indicates that the proposed IDSS v2 module effectively improves the

segmentation performance of the SatlasNet model.

6.4.3 Prototype visulization

Figure 6.5 shows the visulization of the prototypes generated by the Prithvi and

Unet models. It can be seen that the prototypes from the Prithvi model are more

mixed with each other, while the prototypes from Unet are more clustered and

separated. This indicates that the Prithvi model has more difficulty in separating

the classes than the Unet model, which is consistent with the results in Table 6.4.

6.4.4 Interpretability

Unlike many other deep neural networks, the proposed architecture offers a human-

understandable decision-making process that enables users to audit and understand

the behaviour of the model. Figure 6.6 shows how a single foundation model makes

decisions.

It can be observed that for a pixel in the test image, the proposed architecture

can easily find the closest prototype in the latent feature space. In addition, it can

further locate the exact position and show its surroundings in an RGB visualization

format to human users. This can be very intuitive when explaining why a particular

decision was made. As shown in the figure, the test pixel is highlighted in red

circles, and the closest prototype pixel is highlighted in blue circles (The highlighted

pixels have been bolded for better visualization). It can be observed that the model

correctly predicts the pixel as water because the latent feature is closest to the

water prototypes and the l2 distance is 0.0567.It can be further observed that the
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RGB Ground Truth SatlasNet SatlasNet + IDSS

v2

Figure 6.4: Comparison of segmentation segmentation results on Worldfloods v2

dataset.
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(a) Prithvi (b) Unet

Figure 6.5: Visualization with Umap for Prithvi and Unet prototypes.

Figure 6.6: Visualization of the decision making process of the model.

prototype pixel is surrounded by water pixels, which further confirms the decision

made by the model. This effectively addresses the black-box nature of deep neural

networks, which only provide a prediction without any explanation.
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6.5 Conclusion

In this chapter, I evaluated the ability of several geoscience foundation models

to generalize across different bands. The results show that the performance of

the geoscience foundation models generally improves with more bands. I also

proposed an interpretable plug-and-play prototype-based module IDSS v2, which

can effectively improve the performance of the baseline geoscience foundation models

and the ensemble foundation model. More importantly, the proposed module can

provide a transparent decision-making process for human users. Finally, I evaluated

the proposed interpretable ensemble foundation model on the WorldFloods v2

dataset and achieved state-of-the-art performance.

130



Chapter 7

Conclusions and Future Work

This thesis focuses on the research of interpretable deep learning methods and their

application in the field of Earth Observation. The motivation and objectives of this

thesis are outlined in Chapter 1. In Chapter 2, I reviewed the background knowledge

related to this thesis, including the basic concept of machine learning, deep learning,

image segmentation, remote sensing, deep learning in Earth Observation and

Explainable AI. In Chapter 3, in collaboration with my co-authors, we introduced a

general framework for interpretable deep learning called IDEAL and demonstrated it

on the general image classification task. In Chapter 4, I proposed the IDSS method

for the semantic segmentation task in remote sensing. It used the same prototype-

based method as IDEAL but with a different task and scenario. In Chapter 5, I

further extended the IDSS method and proposed a framework called IMAFD to

provide a comprehensive solution for the flood detection task, which integrated

with the updated prototype-based method IDSS +. In Chapter 6, I evaluated

the ability of several geoscience foundation models to generalize across different

bands. Furthermore, I proposed an interpretable ensemble foundation model, which

integrated with the updated prototype-based method IDSS v2.

In the proceedings of this chapter, I will summarize the main contributions of

this thesis and discuss future work. Section 7.1 will discuss the main contributions

of this thesis. Section 7.2 will discuss the future work of this thesis.
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7.1 Main Contributions

In this section, I reformulate the main contributions in the form of a list of questions

and answers.

• Q1: How can an interpretable deep learning approach be developed to provide

high performance while maintaining human-understandable explanations?

• A1: In collaboration with my co-authors, we proposed a general framework

for interpretable deep learning called IDEAL. It utilized the feature space

from the deep learning model and generated prototypes to provide human-

understandable explanations. We demonstrated the IDEAL method on the

general image classification task and achieved competitive performance while

providing interpretability.

• Q2: How can an interpretable method be developed for semantic segmentation

in remote sensing?

• A2: I proposed the IDSS method, which is an interpretable solution for the

semantic segmentation task in remote sensing. Before this work, most works

in interpretable deep learning focused on the image classification task. I

extended the prototype-based method to the semantic segmentation task and

demonstrated it on the remote sensing dataset.

• Q3: How can a comprehensive framework be developed for flood detection in

remote sensing?

• A3: I proposed the IMAFD framework, which integrated with the IDSS +

method to provide a comprehensive solution for the flood detection task.

Different from other flood detection methods, the IMAFD framework solved

the flood detection task step by step which starts from the time-series sequence

level and ends with the pixel level. Besides, the IMAFD framework also

provided human-understandable explanations for human users.
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• Q4: How can a method be designed that benefits from geoscience foundation

models and provides human-understandable explanations?

• A4: I evaluated the ability of several geoscience foundation models to

generalize across different bands and proposed an interpretable ensemble

foundation model. I further extended the IDSS and IDSS + methods and

proposed the IDSS v2 method. Rather than providing pixel-level explanations,

the IDSS v2 method provided more semantic-level explanations around the

single pixel.

7.2 Future Work

With the rapid development of deep learning methods, such methods have become

widely used across various industries, including Earth observation. Unlike tradi-

tional computer vision tasks, Earth observation problems are typically more data-

intensive, complex, and often require models whose decision-making processes are

transparent and trustworthy. However, traditional deep learning algorithms remain

black boxes, and their lack of interpretability limits their applicability in high-stakes

geoscience domains.

This thesis has explored prototype-based interpretability for both image clas-

sification and semantic segmentation, helping to bridge a gap in the literature

where interpretable semantic segmentation has received relatively little attention.

Nevertheless, several open challenges remain.

First, the distribution of satellite data can vary significantly across different

regions. Most existing algorithms are designed for offline learning, where models lack

the ability to continue learning. Such an approach is not ideal for real-world Earth

observation systems, where new data arrive continuously and models must adapt

to a changing environment. Developing online and continual learning approaches

that preserve interpretability while maintaining performance is therefore a promising

direction for future work.
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Second, although this thesis has proposed several prototype-based interpretable

deep learning methods, the underlying prototypes are still derived from the latent

feature space of deep neural networks. Since latent features themselves remain

difficult to interpret, how to make the latent space more interpretable is an important

direction for future research.

Third, recent Earth observation missions typically involve multimodality data,

such as multispectral, SAR, LiDAR and textual data. Exploring ways to leverage

such data to improve the interpretability and performance of prototype-based

models is a promising area of research. For example, prototypes from different

modalities could be extracted in different latent spaces and then combined to create

multimodality prototypes. This approach enables prototypes to capture cross-

modality relationships, thereby enriching model explanations and performance.

Finally, while this paper proposes several interpretable approaches to classi-

fication and semantic segmentation, there are still areas that could be explored

further in future studies. These could include alternative prototype selection

methods, applying prototypes within large language models and investigating novel

interpretability techniques.

Overall, the author wishes this thesis could provide some inspiration for future

research in the field of interpretable deep learning and earth observation.
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