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Resumo

A adocgdo crescente de sistemas de Deep Learning transformou a sociedade moderna numa so-
ciedade algoritmica, levando a necessidade de decisdes informadas e fidveis. No entanto, o uso
destes sistemas no apoio a decisdo permanecem como "caixas negras" em que o seu funciona-
mento interno estd oculto e torna-se complexo de ser compreendido por especialistas. Assim, a
sua implementacgao torna-se dificil em areas consideradas criticas, em que as decisdes que sdo
tomadas levam a consequéncias graves como € o caso do sector da saide. Este dominio requer
sistemas com elevados niveis de transparéncia e responsabilidade. A Inteligéncia Artificial Ex-
plicavel pretende satisfazer essas preocupagdes. A comunidade cientifica tem vindo a desenvolver
algoritmos explicdveis, utilizando métodos que analisam o modelo apds o seu treino, em vez de
métodos que restringem a complexidade do modelo durante o treino.

Esta dissertacdo tem como foco principal aprofundar o conhecimento nesta drea, desenvol-
vendo um modelo intrinseco explicdvel de Deep Learning para a detecdo de objetos, sem que o
desempenho preditivo do modelo seja sacrificado. As explicagdes produzidas baseiam-se no pro-
cesso de raciocinio que as pessoas normalmente fazem para identificar um determinado objeto,
utilizando o seu conhecimento prévio sobre as caracteristicas do objeto e fazendo uma anélise das
semelhancas com as observagdes passadas.

Esta nova framework envolveu um detetor de objetos de dois estdgios bastante conhecido que
€ o Faster-RCNN com o modelo da ProtoPNet tendo sido treinada e avaliada no “GRAZPEDWRI-
DX, um conjunto de dados de raio-X de pulso com trauma pediatrico. Posteriormente, foi desen-
volvida e avaliada uma outra abordagem que inclui os mesmos modelos integrados que na solucéo
proposta, mas numa configuracdo diferente. Finalmente, para além desses dois métodos, foram
também testados em separado os modelos que compdem as abordagens para um estudo compara-
tivo do nivel de desempenho e qualidade de explicagdes geradas.

Os resultados obtidos mostram que o método intrinsecamente explicdvel, ndo afeta significa-
tivamente o desempenho ou o tempo de inferéncia do modelo de detecdo usado, atingindo uma
Mean Average Precision de 66,1%.
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Abstract

The increasing adoption of Deep Learning systems has transformed modern society into an algo-
rithmic society, leading to a need for informed and reliable decisions. However, these systems
used in decision support are often "black boxes" in which their inner workings are hidden and
become complex for experts to understand. Thus, their implementation becomes difficult in areas
considered critical, where the decisions made lead to severe consequences as in the healthcare
sector. This domain requires systems with high levels of transparency and accountability. The
Explainable Artificial Intelligence field aims to satisfy these concerns. The scientific community
has been developing explainable algorithms by using methods that analyse the model after it has
been trained, instead of methods that constrain the complexity of the model during training.

This dissertation focuses on furthering the knowledge of this topic by developing an intrinsic
explainable Deep Learning model for object detection, without sacrificing its predictive perfor-
mance. The explanations produced are based on the reasoning process used by persons to identify
a certain object, using their previous knowledge of the object’s characteristics, and making an
analysis of the similarities with past observations.

This new framework involved a two-stage object detector well-known that is the Faster-RCNN
model with the ProtoPNet model, having been trained and evaluated on the GRAZPEDWRI-DX
dataset, a pediatric trauma wrist X-ray dataset. Later, another approach was developed and evalu-
ated that included the same integrated models as in the proposed solution, but in a different con-
figuration. Finally, in addition to these two frameworks, the models that make up the approaches
were also tested separately for a comparative study of the level of performance and quality of
explanations generated.

The results demonstrate that the method designed for intrinsic explainability has minimal im-
pact on both the performance and inference time of the detection model. The model achieved a
mean Average Precision of 66.1%.
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Chapter 1

Introduction

1.1 Context

Nowadays, machine learning (ML) systems are everywhere influencing choices made in both in-
dustry and research and showing more and more abilities to carry out different tasks. It has been
part of our daily lives through examples from mobile music applications that provide personalized
audio content recommendations and facial recognition technology used to unlock smartphones to
more critical domains whose decisions have a significant impact on society, such as healthcare
systems, criminal decision systems or self-driving vehicles [1]. The ML subfield that has been
responsible for driving most of these advancements is Deep Learning (DL).

The use of Deep Neural Networks (DNNs) models for medical imaging analysis has led to
the development of a wide variety of applications ranging from lesion detection to diagnosis, and
prognosis [2-4]. However, if these models are to be deployed in medical institutions they must
comply with safety and regulatory concerns. The fact that DL models operate as a black box,
where is difficult to interpret what is happening inside it and what led to that decision, makes these
entities not trust those systems and therefore not risk a person’s life.

Explainable Artificial Intelligence (xAl) is a branch of Artificial Intelligence (AI) that aims
to address these concerns by developing methods that can provide clear, easy-to-understand ex-
planations for the decisions made by those systems. Explaining the inner workings related to the
prediction of the outputs can be challenging because of the complexity and dimensions of deep
learning models. With this, understanding the logic behind such models becomes a crucial step in
identifying potential biases or errors in their predictions, providing a better comprehension of their
malfunction. This way, trustability, transparency, bias and fairness of Al algorithms will increase,
ensuring that they are used ethically and responsibly [5].

Presently, most explainable models developed in the state-of-the-art are based on post-hoc
techniques that explain opaque neural networks by perturbing the input data, creating approxima-
tions, saliency maps or derivatives. Nevertheless, this type of explanation can lead to misleading
results because, for example, using gradient-based saliency maps methods only show the areas

of the most relevant images, since they tend to highlight edges and do not demonstrate how the



2 Introduction

calculation of pixels is done to arrive at the result [6]. Despite this, few works overcome these
post-hoc models, which are inherently interpretable and have a reasoning process designed to be
understandable to humans. Examples of models that are developed with transparency in mind so
that their predictions are explainable without needing extra properties can be the neural network
latent space disentanglement [7] or the use of Case-Based Reasoning, which involves using the
knowledge obtained from past situations to understand new cases requiring the network to imple-
ment logical conditions in its final layers [8].

Furthermore, most explainable Al approaches focus on using deep learning models for classi-
fication tasks, rather than object detection tasks. Object detection is an important computer vision
task that allows one to understand the position and dimensions of multiple objects of interest
within an image or video frame and classify each into predefined categories. Its application in
medicine can aid in the precise location and identification of early signs of abnormalities and im-
prove diagnosis accuracy. Additionally, object detection can automate time-consuming tasks such

as cell counting, reducing the risk of human error [4].

1.2 Motivation

The field of Artificial Intelligence has made remarkable progress in modern computer science
technology. However, the complex nature of these models often makes it difficult for experts
and non-experts alike to understand their decisions and the reasoning process. This lack of trans-
parency and accountability can be a barrier to the wider adoption of those systems in critical
domains such as medicine, which is a highly regulated field and every decision-making leads to
severe consequences.

XAI aims to make models more transparent and understandable to humans in order to pro-
vide general public trust. By studying intrinsic explainable deep learning methods, particularly
Case-Based Reasoning approaches, it will be possible to see how the opaque model arrived at a
specific conclusion. This will enable healthcare professionals to review the reasoning and assess
its accuracy, thus promoting the adoption of these models in clinical settings. The application of
these methods to object detection tasks has the potential to significantly benefit the field of xAl
research, specifically in the field of medicine, where advancements are presently limited. This
study can result in improved diagnosis through the enhanced ability to locate specific objects in
addition to classification.

In sum, research on this topic aims to promote advances in the xAl field and help make deep
learning models more accessible and trustworthy for clinical professionals. And, additionally,

provide valuable insights for future research and development in this area.

1.3 Goals

The overall goal of this dissertation is to research and develop an intrinsic explainable deep learn-

ing model for object detection and with this make relevant contributions toward the future inte-
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gration of DL algorithms in clinical practice. The developed model should be robust, generate

explainability in a transparent manner, and at the same time exhibit high predictive performance.

1.4 Document Structure

The structure of the document begins with an introduction, in which the context, motivation and
goals of the dissertation are presented. In Chapter 2, the fundamental principles of Deep Learning
are introduced, accompanied by an exploration of their significance in the field of computer vision.
Chapter 3 provides a comprehensive review of the current state-of-the-art in object detection,
giving an overview of the main concepts of this computer vision task, followed by an analysis
of the existing categories of detectors, with a focus on some of the most well-known examples
within each category. Ending up with a description of the use of object detection in the medical
field, including examples of applications, highlighting the challenge associated with developing
algorithms for medical image data. Chapter 4 presents a literature review on explainability in deep
learning, starting by describing relevant concepts in XAl and their importance. A taxonomy of
xAl techniques is presented, and the most commonly used explainability strategies are discussed.
Some examples of the use of XAl on critical applications are mentioned, and the existing literature
on explainability in object detection is examined. Chapter 5, consists of the dissertation materials
and methods, where is presented a description of the selected dataset for this study and the pre-
processing used on the data, followed by a description of the proposed frameworks developed and
ends up with some implementation details. Chapter 6 involves a critical discussion of the results
of the different experiments carried out in this work, including a comparison with current state-
of-the-art methodologies. In addition, the hyperparameters used to train the models that generated

the results are detailed. Finally, Chapter 7 presents the study’s conclusions and future work.
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Chapter 2

Fundamentals: Deep Learning

2.1 Basic Concepts

Al research initially focused on issues that could be modelled using mathematical models. Ma-
chine learning became a significant field in Al by developing models and optimization algorithms
capable of solving complex problems that were challenging to codify using available mathematical

tools and human understanding.

Deep learning, a subset of machine learning, differs from traditional ML methods in that it
eliminates the need for separate feature extraction. Instead, DL models can automatically de-
termine the relevant features for a given task enabling systems to directly process raw data and
produce desired outcomes with effective performance. In essence, deep learning allows models to
learn and represent data through multiple levels of abstraction emulating how the brain processes

multimodal information, thereby capturing complex patterns of large-scale data [9].

Artificial Neural Networks (ANN) is a machine learning approach that gradually gained pop-
ularity, it takes inspiration from the human nervous system and how the communication structure
of the brain works. It consists of units and connections between them that attempt to emulate bio-
logical neurons and synapses, which is how the nervous impulses are transmitted from one neuron
to another. The network processes these units arranged in input, hidden, and output layers (as only
the input and output layers are visible) with connections between nodes in adjacent layers (Figure
2.1b). These connections are assigned weight values. By multiplying the inputs with their corre-
sponding weights and summing them at each unit, a transformation occurs based on an appropriate

activation function (Figure 2.1a) [10].

These functions are used to help in the model’s training process to learn patterns in data as
they compute the weighted sum and biases and determine whether a neuron should be activated.
It also has the purpose to introduce non-linearity to the output of a neuron, enabling the network

to learn more complex tasks.
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INPUT LAYER HIDDEN LAYER 1 HIDDEN LAYER 2 OUTPUT LAYER

(a) (b)

Figure 2.1: (a) Neural Network active node (Perceptron): input x;, weights W;, activation function AF, sum
of the weighted input S and output y. (b) An artificial neural network Architecture from [11].

The following presents and describes some examples of widely used non-linear activation
functions, where x is the input value [12, 13]:

Sigmoid: Also known as the logistic function, it transforms the input value into a range be-
tween O and 1 thereby yielding a smooth, non-linear response that can be interpreted as a probabil-
ity. The derivative of this function remains consistently low, never surpassing 1. This characteristic
can pose a challenge during model training due to the occurrence of vanishing gradients, where
gradients become extremely small, close to zero, which impedes the optimization of unit weight
values. Consequently, this results in slower learning and complicates DL processes. For this

reason, this function is typically used as a final output activation function.

B 1
1 4e

Hyperbolic Tangent (Tanh): This function, often abbreviated as Tanh, was one of the pro-

f()

2.1)

posed to solve some of the sigmoid activation function limitations. Unlike the sigmoid function,
it maps the input value to a range between -1 and 1 and it is zero-cantered, which can help in
optimizing the network and improving convergence. However, the tanh function still suffers the

vanishing gradient problem.

(¢ —e)

fx) =

Rectified Linear Unit (ReLLU): Compared to the previous activation functions, this one intro-
duces sparsity in hidden units and helps overcome the vanishing gradient problem. Here negative
input values are set to zero while positive input values keep unchanged, so the neuron units will
only be deactivated if the transformed output is less than 0, eliminating the vanishing gradient
problem by avoiding saturating issues, and allowing gradients to flow more freely. The disadvan-

tage is that the constant non-activation of negative units can cause “dead ReLU” problem.

x, if x>0

23
0, if x<0 23

f(x) =max(0,x) = {

Leaky Rectified Linear Unit (Leaky ReLLU): In order to address the “dead ReLU” problem,

it introduces a small slope for negative values, allowing some activation to flow even when the
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input value is negative.

x, if x>0
= 2.4
@) ax, if x<0 @4

Softmax: Like the sigmoid function, this one is also used to convert a vector of real-valued
numbers into a probability distribution, with the resulting output ranging between 0 and 1. It
shares similarities with the sigmoid function but is specifically designed for multi-classification
tasks.

ex

= Zj o

In Figure 2.2 it is possible to find the graphical representations of some of the activation

f(x)

(2.5)

functions mentioned.

Sigmoid Tanh
1.0 1.00 4
075
0.8
050
064 0251
0.00
0.4 _0.25
-0.50
0.2
-0.75
0.0 -1.00
-100 -75 -50 -25 00 2.5 5.0 75 100 -100 -75 50 -25 00 2.5 5.0 75 100
RelU Leaky RelU

-100 -7.5 -5.0 -2.5 0.0 2.5 5.0 75 10.0 -10.0 -7.5 5.0 —2.5 0.0 2.5 5.0 75 100

Figure 2.2: Activation functions.

The ANN can learn features by comparing their predictions with known correct outputs thanks
to an optimization process known as backpropagation. By calculating the gradient of a loss func-
tion with respect to the model’s parameters (weights) the model could update itself, improving its
accuracy, and hopefully generalize to unseen data, that is allowing it to make predictions about

new data with an increased precision.
To effectively use deep learning, it is important to grasp certain concepts and procedures:
Optimizer. As explained before, the training process of a DNN involves an iterative procedure
where the model parameters such as weights and learning rates are updated taking into account the
gradient of the loss function. An optimizer is an algorithm that defines the way of adjusting these

parameters in order to reduce the loss and consequently improve the model performance. Some of
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the widely employed optimization strategies include Stochastic Gradient Descent (SGD), Adam
and Root Mean Square Prop (RMSProp).

Regularization. Preventing overfitting is a crucial aspect of training deep learning models.
This phenomenon occurs when a model becomes excessively fitted to the training data, not being
able to perform well against unseen data in the test set and consequently missing the ability to
generalize to new data. Here, the model is focusing on capturing data points that do not genuinely
reflect the underlying properties of the training data. To address this issue, regularization is usually
implemented during training to generate a generalized model, and consequently reduce the test
error. L1 and L2 regularization works by adding a penalty term in the error function, this term
penalizes variations in the model output when the input is transformed. Dropout, Early Stopping
and Data augmentation are also regularization methods. Dropout consists of randomly ignoring
a certain number of output layers during the training process, modifying the appearance of the
layers and changing the connection to the other layers in this way each update to a layer during
the learning process occurs from a distinct perspective of the arranged layer, that is, each node in
this layer assumes different levels of responsibility when it receives data, introducing more noise
and making the model become more robust and better adapted to the received data [14]. Early
Stopping consists in stopping the training process when the performance on the validation set
stops improving. Finally, Data Augmentation is a strategy that by generating transformed samples

from the original train set increases variability and consequently reduces generalization error.

Data Split. Once a dataset is available, it must have to be divided into three distinct parts: a
training set, a validation set, and a testing set. In the training phase, the primary purpose of the
model is to learn patterns and features from the data, this process occurs at each epoch, which
represents a complete pass through the entire dataset. The validation set is used to assess the
model performance during the training, it evaluates the current level of generalization by making
predictions on the validation set after a specific number of training iterations. Finally, the testing
phase begins only after the training phase is completed. A dataset independent and has never been
exposed to the model before is provided for evaluating the model’s understanding of patterns using

predetermined metrics.

2.2 Computer Vision

Deep Learning has been the primary driver behind the exponential improvement in the perfor-
mance of Computer Vision (CV) systems thus far, enabling computers to extract relevant informa-
tion from images, videos, and other visual inputs. This advancement has empowered computers to
perceive, observe, and comprehend their surroundings, making informed decisions and providing

recommendations.

Deep neural networks (DNN5s) have proven effective in representing images at different lev-

els, making them valuable for tasks like object detection, semantic segmentation, motion tracking,
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style transfer, action recognition in Computer Vision [9,13]. Consequently, the subsequent subsec-
tion will focus on Convolutional Neural Networks (CNNs), a crucial type of deep learning model

that has substantial relevance in visual comprehension.

2.2.1 Convolutional Neural Networks

Convolutional neural networks [15] are specifically intended to address the limitations of treating
image data as flattened vectors. In contrast to fully connected multilayer perceptron (MLP) that are
agnostic to the spatial structure of pixels, CNNs take advantage of the inherent spatial relationships
in images. By leveraging the prior knowledge that nearby pixels are usually related to each other,
CNNs enable efficient modelling and learning from image data [13].

These networks have become a fundamental tool in the field of CV and have yielded significant
advancements in various applications. For example, in the year of 2012, in order to classify images
from the ImageNet dataset into 1000 different classes, Krizhevsky et al. [16] used a CNN that
achieved remarkable results decreasing the classification error rate compared to other approaches.

Another advantage of CNNss is their computational efficiency as they require fewer parameters
compared to fully connected architectures. Additionally, the structure of convolutions lends itself
well to parallelization across GPU cores, further enhancing computational efficiency [17].

A CNN is composed of three types of layers: convolutional layers, pooling layers, and fully
connected layers (Figure 2.3). In this architecture, an activation function is consistently applied to
the output of the convolutional layer before the pooling operation takes place. This application of

the activation function modifies the obtained output of the convolutional layer.

— CAR
— TRUCK
= VAN

I:l D — BICYCLE

FULLY
INPUT CONVOLUTION + RELU  POOLING CONVOLUTION + RELU  POOLING FLATTEN FLY o SOFTMAX
FEATURE LEARNING CLASSIFICATION

Figure 2.3: A complete convolutional neural network architecture for a classification task from [18].

Convolutional layer: In this layer, the input image suffers a convolution operation and outputs
a matrix called "feature map". Convolution serves as the initial stage in feature extraction from
an input image. By employing small square sections of input data, known as filters or kernels,
convolution effectively captures and retains the inter-pixel relationships in the input image. Func-
tioning as a numerical operation, it involves an image matrix and a spatial filter to learn significant
image features such as edges, lines or other more complex shapes. By using different convolution
kernels is possible to perform different operations and obtain different feature maps. In addition
to the size of convolution kernels and the number of channels, there are other parameters that can

be tweaked in a CNN, such as the stride and padding techniques. These parameters play a crucial
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role in controlling the spatial dimensions and information flow in the network, affecting the size,
resolution, and receptive field of the resulting feature maps.

Pooling layer: Following the convolution step, there is a downsampling process that serves to
reduce the spatial dimension (width x height) of each feature map, retaining the most important
information. Average pooling and max pooling are the most commonly used methods. This
process consists of applying a sliding window along the matrix thus performing operations such

as average or maximum (Figure 2.4).

-2 4 7 -5
-1 9 6 3 ReLU Max pool 9 7
5 3 9 2 i 8 7
6 8 5 7

Figure 2.4: Max pooling operation. This demonstration uses a 2x2 filter and a stride of 2.

Fully connected layer (FC): After going through several convolutional and pooling layers,
the neural network carries out the higher-level reasoning using fully connected layers. Here, each
neuron is connected to all the activations in the previous layer, as indicated by the layer name.
To compute the activation of these neurons, a matrix multiplication is performed, followed by the
addition of a bias constant. And at the end, these layers transform the two-dimension feature maps
into a one-dimension feature vector. This output vector can then either be passed through a set of
classes for decision-making (in this case classification) or treated as a feature vector for additional

processing [9].

2.3 Object Detection Overview

In image classification, it is assumed that there is only one object in an image and the main goal is
how to recognize its category. However, there are frequently several objects of interest in an image
and in addition to wanting to know what it is, it is intended to understand their specific locations
in that image. This Computer Vision technique is known as object detection [13].

Before describing this task, it is necessary to distinguish between object localization and object
detection since there is a difference between these two terms. The first is finding what and where
a single object exists in an image and the second is finding what and where multiple objects are in
an image.

In many datasets, there is only one class and the image is cropped around the object. In
localization, in addition to classifying, the idea is to spatially locate each interest object in the
frame using for example a bounding box that is a rectangular region that encloses the actual object.

Thus, object detection is a regression and a classification problem as it estimates the position

and dimensions of the bounding boxes and classifies them into predefined categories. This method
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performs a significant role in scene understanding and has been used in several areas like robotics,

security, autonomous driving, retail, medicine, video surveillance and military.

2.3.1 Region Proposal Methods

The most common approaches to generalize the localization of one object for multiple objects in
an image are the Sliding Window and the Selective Search.

The Sliding Window approach is the natural extension of localization that involves dividing
the input image into a grid of overlapping regions and evaluating each window to determine if it
contains an object. This technique can be computationally expensive, as it requires evaluating a
large number of windows making it disadvantageous [19].

To address this issue, another method was developed named Selective Search which is a de-
terministic algorithm that extracts a potential set of regions in an image that is likely to contain

objects and then ranks these regions based on their similarity to known object classes [20].

2.3.2 Feature extraction

Extracting robust features for object detection can be challenging, as objects can appear in a wide
range of variations in terms of shape, texture, colour, and illumination. Scale-Invariant Feature
Transform (SIFT) is a popular feature descriptor that is robust to scale and orientation changes
and can capture the local structure of an image [21]. Histogram of Oriented Gradients (HOG)
is another popular feature descriptor that is used to capture the structure and shape of objects by
representing the distribution of edge orientations in an image [22]. Haar-like features are binary
features that are computed using a simple sum of pixel intensities and are commonly used in the
Viola-Jones object detection framework [23].

While these feature descriptors have been widely used in object detection, they may not always
be sufficient to capture the complex variations that can occur in real images. This is where deep
learning-based approaches, such as CNNs, have become increasingly popular. These networks can
learn features automatically from the image and be effective at object detection in a wide range of

scenarios.

2.3.3 Evaluation Metrics

The most common metric used for measuring the accuracy of object detectors is Average Precision
(AP) which computes the average detection precision value under different recall values. Since the
formula of this metric is based on other sub-metrics, such as Intersection-over-Union, Precision
and Recall it is necessary to understand them first.

Intersection-over-Union (IoU) measures how much the predicted bounding box (A) overlaps
with the ground truth bounding box (B). This similarity can be computed using the ratio of these
two bounding boxes intersection area by their union area as shown in Equation 2.6. The IoU range
is between 0 and 1, where 0 means that two bounding boxes do not overlap at all, while 1 suggests

that the two bounding boxes are equivalent [13].
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ANB
I0U(A,B) = :AUB: (2.6)

In order to calculate Precision and Recall, to classify whether the detection of an object is

correct or not compared to the ground truth it is defined a threshold value for IoU.

The prediction is classified as True Positive (TP) when the IoU is greater than the threshold
which means that the prediction that an object exists and the ground truth object also denotes the
same. On the other hand, a False positive (FP) means there is a prediction of an existing object,
but the ground truth reveals that the object is not present and the IoU is less than the threshold.
The prediction is classified as True Negative (TN) when the model predicts that an object is not
present, and the ground truth also shows that the object is not present. Finally, and contrary to the
previous, False negative (FN) the ground truth indicates that the object is present, but the model’s

prediction says the opposite.

Precision measures the fraction of the bounding box predictions that are actually correct from

all the predictions:

recision = .
C ;

Recall measures the fraction of the bounding box predictions that were correctly detected from

all the target objects that are present:

TP
Recall = —— 2.
eca TPLEN (2.8)

The F1 Score metric evaluates the balance between recall and precision, reflecting the rela-
tionship between the behaviours of these metrics. When the obtained value is lower means that

there is a greater imbalance between recall and precision scores and vice versa:

Fl2x Prec%szzon X Recall 2.9)
Precision + Recall

After explaining these terms, the first step in Mean Average Precision is to get all predictions
made in all the images and rank them in descending order according to the predicted confidence
score. Then the Precision and Recall metrics are calculated as it goes through all outputs and
these values are plotted in a graph called Precision-Recall Curve, where precision is on the y-axis
and the recall is on the x-axis. It is calculated the area under that graph, which is basically how
Average Precision is measured for a specific class. Before calculating this, the resulting plot has
some variations in the ranking, so it is often smoothed out as it can be seen in Equation 2.11, the
precision value for recall 7 is replaced with the maximum precision for any recall > 7 .

Average Precision is the weighted mean of precisions at each threshold and the weight is the
increase in recall from the previous threshold. The Mean Average Precision(mAP) is calculated

by finding the AP for each class and then averaging over the number of classes. The Equations
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2.10 and 2.12 of AP and mAP are shown below, where N is the number of classes and AP(i) refers
to the used AP for class i [24].

1 N 1 N
AP = N;Apr: N};pim‘erp(r) (210)
where,
pinterp(r) = maforp(f) 2.11)
1 N
AP = —) AP, 2.12

2.3.4 Loss Functions

As described previously, the goal of object detection is to predict both the location of the bounding
box and the class to which the object belongs. This is accomplished through the training phase
of the model, during which the model learns to perform object detection by gradually minimizing
a loss function. This loss function assesses the discrepancy between the predicted results and the
actual results. So, the object detection loss function is a combination of regression loss functions
and classification loss functions.

Regression Loss Functions. Measure the accuracy of predicted bounding boxes compared to
the ground truth bounding boxes.

This evaluation is done by computing the Mean Squared Error (MSE) between the predicted

box coordinates P and the ground truth box coordinates 7'

1 N
MSE(T,P):N Y (Ti—P)? (2.13)
xi,yi,i=1

Where N is the number of coordinates (x1, y1, x2, y2) [25].
A similar function that also can be used is the Mean Absolute Error (MAE), also known as
L1 Loss which measures the absolute error difference between P and T. MAE is more robust to

outliers since it converts all values to positive:

1 N
MAE(T,P)=— Y |Ti—DP,l (2.14)
xi,yi,i=1
Finally, another important function is the Root Mean Square Error (RMSE) that mitigates the

problem of MSE high sensitivity to outliers due to its strong punishment of large errors:

RMSE(T.P) = \/MSE(T.P) = | Y (Ti—Py)? (2.15)
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Classification Loss Functions. Evaluate the performance of the object detector in correctly
assigning the right class to a given input at the location of the predicted bounding boxes.

The Cross-Entropy Loss (CE), also called negative Log Likelihood, is the most common loss
for classification tasks. Observing the formula below, this loss is obtained by multiplying the log-
arithm of the predicted probability p for the ground truth class ¢. This function strongly penalizes
the predictions that are confident but wrong [25].

CE(t,p) = — ) ti xlog(p;) (2.16)
i=1

Binary Cross-Entropy Loss (BCE) is a variation of Cross-Entropy Loss as the name implies is

used for the classification of two classes:
1 N
BCE(t,p) = ——) t; xlog(p; 2.17
(t,p)=—7 ; g(pi) (2.17)

2.3.5 Post-processing

Non-Maximum Suppression (NMS) is an important object detection technique used as a post-
processing step to remove the duplicated bounding boxes predictions and get the final detection
outcome. The model usually generates multiple bounding boxes predictions for one object of
interest and at the end, it is desired to have only one prediction. The idea of this process is, for a set
of overlapped bounding boxes predictions with their probability score/confidence (indicating how
likely it is an object in that box), the bounding box with the highest confidence is selected while
the other boxes are removed according to a predefined IoU threshold, this continues repeatedly
until all boxes have been evaluated. If there are multiple classes in an image the NMS algorithm

is performed independently for each class [13,26].



Chapter 3

State-of-the-art Review: Object
Detection

3.1 Common Detectors

Two main categories of state-of-the-art object detection methods are one-stage and two-stage de-
tectors [27]. These methods use deep learning to process an input image and identify the presence
and location of objects in that image. An object detector’s goal is based on two tasks: identify a
potentially unlimited number of objects in an image, classify each object and estimate the size of
each object using a bounding box.

One-stage object detectors combine these tasks into a single step, which allows them to achieve
higher performance at the expense of accuracy, therefore taking less time and can be used in
real-time applications. On the other hand, Two-stage object detectors separate the tasks into two
stages, which can improve accuracy but may come at a cost in performance, as they are typically
slower [28].

3.1.1 Two-Stage Object Detectors

Two-Stage Object Detectors produce, in the first stage, a set of potential bounding boxes (pro-
posals) that may contain objects. In the next stage, they use a CNN model to extract features,
classify object categories and predict the presence of an object within each proposal. R-CNN,
SPP-Net, Fast R-CNN, Faster R-CNN, R-FCN and FPN are some examples of two-stage object
detectors [28].

3.1.1.1 R-CNN and Fast R-CNN

Girshick et al. [29] proposed an object detection algorithm called Regions with CNN features (R-
CNN) that extracts around two thousand region proposals at multiple scales with distinct sizes and
shapes for each image by Selective Search. Each region proposal is labelled with a ground truth

bounding box and a class. These are warped into a bounding box with the required fixed size to

15
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serve as input into a CNN, where the extraction of a fixed number of features happens. After that,
the obtained features are fed into a Support Vector Machine (SVM) to classify the presence of the
object within that candidate region proposal. At the end of this, the non-maximum suppression
method is applied for each class independently. This method presents problems such as the model
train time and cost as the training requires multiple phases and disk storage for the features. The
detection is slow since it has to process thousands of object proposals per image. Furthermore, the
Selective Search method is fixed, thus it is not able to learn what can lead to general bad candidate
object proposals. In sum due to a load of repeated computation, it becomes impossible to use this
technique for real-world applications.

In order to override these disadvantages, the same authors developed the Fast Region-based
Convolutional Network method (Fast R-CNN) [30] which instead of sending all the 2000 features
per image (individual region proposals) to the CNN, they generated a convolutional feature map for
the entire image making it a trainable network. After all the object proposals have been extracted,
they go through the Rol pooling layer. This layer uses max pooling to convert the features of the
object proposals into a small feature map with a fixed spatial dimension H x W, what happens here
is that each Rol window of shape & x w is divided into a H x W grid of sub-windows where the size
of each is (W/H) x (w/W). Then the maximum values are used as the output of each sub-window.
Thus, this layer can extract features of the same shape even when regions have unique shapes.

Each feature vector serves as input to a sequence of fully connected layers that originates two
output layers. One output a probability distribution for each Rol across k object classes plus 1
which is the background. This is computed by a softmax function that converts a vector of real
numbers into probabilities. The other layer outputs bounding box regression offsets for each k
object class.

For this reason, they have two loss functions for training Fast R-CNN: one for classification,
Leias, and the other for regression, L., weighted by a balance parameter A (hyperparameter) as

shown in Equation 3.1.

L= L+ )LLreg 3.1

The loss for the classifier is calculated using the negative log probability of the true class (¢),
Lejas = —logP,. The logarithm is used to ensure that the loss increases as the probability of the true
class decreases. The result is then multiplied by —1 to make the loss a positive value. This means
that the loss will be higher when the classifier produces a lower probability for the true class. For

regression it was used a robust loss/smooth L1 loss (Equation 3.2 and 3.3).

Lyeg = Z smoothy, (T;,V;) (3.2)

iex,y,wh

where,

05(T;—Vi)* if|T-Vi|<1

33
|T; —V;| —0.5  otherwise G-

smoothy, (T;, Vi) = {
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Where i means for each class, T is the ground truth bounding box and V is the estimated
bounding box. x, y, w, h as (x,y) are centre coordinates and weight and height of the bounding

box.

3.1.1.2 Faster R-CNN

The factor that takes more time in the previous detection techniques is the CPU-based region
proposal algorithms. To overcome that problem and improve the efficiency of this task, Ren et
al. [31] extend the last algorithm to Faster R-CNN, which introduces a Region Proposal Network
(RPN) as opposed to the Selective Search algorithm as the method to generate region proposals.
This method consists of two components, the first one is a deep fully convolutional network that
proposes region proposals and the second one is the Fast R-CNN as a detector network that uses
these regions.

When using deep learning, it is difficult to generate a variable-length list of bounding boxes
because the last layer is of a fixed size. RPN solves this problem by using "anchors" which are a
pre-defined set of bounding boxes with specific aspect ratios and scales that are placed uniformly
on the image. For each anchor, it is determined whether it contains an object and how it can be
adjusted to better fit the ground truth object.

Then the extracted features and the bounding boxes with relevant objects go through Rol where
they are extracted into a new feature map and the Fast R-CNN module uses that information to
classify the bounding boxes into the given labels and adjust their coordinates to better fit the ob-
ject. The convolutional features of the classification network are shared with the RPN component

in order to reduce the computational cost.

Anchors. As said before, for each point in the obtained feature map, the network will have
to learn whether an object is present in the input image, its location and estimate its size, and this
is done by placing a set of anchor boxes in the original image in the output feature map, where
this will reference the original image for each location on the output feature map from the CNN
backbone. These anchor boxes indicate the possible presence of objects at that location in different
sizes and aspect ratios.

The network slides each pixel in the output feature map and determines whether the corre-
sponding anchors covering the input image contain objects. It then refines the coordinates of these

anchors to create bounding boxes as a result.

Region Proposal Network. Is a fully convolutional network that takes the full image as input
and generates a set of a predefined number of regions proposals accompanied by an objectness
score, which indicates the likelihood that the region contains an object. So how does this work?

The RPN use the convolutional feature map obtained from the base network, which uses first
a convolution layer with a certain number of channels and a certain kernel size and then uses
two parallel convolutional layers using another kernel, whose number of channels depends on the

number of anchors per point. Where one is a classification layer that outputs two predictions per
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region, the estimated score of it being background and the estimated score of it being an actual
object. The other one is a regression layer that outputs the coordinates of bounding boxes that are

used to readjust the anchors to contain the object.

Li et al. [32], proposed a model called “DeepMitosis” method to detect mitotic cells on
histopathological slides, the counting of which is nowadays performed manually by medical pro-
fessionals. It is a task that is time-consuming and difficult to classify as there is a wide variety
of cell appearances. Despite this, it is an essential task since its count is a biomarker of tumour
aggressiveness in breast cancer diagnosis. They used Faster R-CNN as a detector and then used a
deep verification model that verifies the detections made and removes false positives, in the end, a
deep segmentation model was performed to segment the images and obtain the predicted bound-
ing boxes. The detector architecture can be seen in Figure 3.1, where the first module is the RPN
and the second is the Fast R-CNN, the region-based classifier. Where the green boxes and yellow

boxes displayed in the detected image are respectively true positive and false positive.
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Figure 3.1: Detection model architecture from [32].

Other authors used a model Residual neural networks (ResNet) modified Faster R-CNN whit
the goal of diagnosing brain normality and abnormalities, where identifies the object borders and
then classifies them into hydrocephalus, hemorrhage and normal in brain CT images [33]. Xie
et al. [34], developed a method to detect nodules in the lungs that produced a good performance.
The method was based on the Fast R-CNN structure, with some modifications. They added two
region proposal networks and a deconvolutional layer to identify potential lung nodules. Then,
they trained separate models to detect nodules in different types of slices and merge the results for
final classification. To decrease the number of false positives, they use a 2D CNN-based boosting
architecture to differentiate target nodules from potential nodules. Any incorrectly classified sam-
ples are retained to improve the sensitivity of detecting pulmonary nodules. The final ranking is

determined by combining the results from all networks.
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3.1.2 One-Stage Object Detectors

One-Stage Object Detectors produce bounding boxes and class probabilities for objects in an im-
age in a single step through the neural network without the region proposal step. YOLO (You Only
Look Once), SSD (Single Shot MultiBox Detector) and RetinaNet are some of the most known

one-stage detectors [28].

3.1.2.1 You Only Look Once (YOLO)

In 2016, Redmon et al. [35], presented the first version of YOLO. This model can directly detect
multiple objects in an image with a single forward pass through the network. It can process an
entire image and understand the context of the image, including information about the overall
scene and specific details about each particular object within the image.

The algorithm starts by splitting the input image into a grid of cells (S x S), where each cell
in the grid is responsible for predicting a set of possible bounding boxes with their confidence
scores and the associated class probabilities as can be seen in Figure 3.2. The confidence score
represents the presence or absence of an object in the bounding box, it can be computed with the

multiplication of the probability of the present object and the percentage of the IoU.
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Figure 3.2: A representation of how the YOLO algorithm detects objects from [35].

So, each bounding box has a confidence score prediction that corresponds to the loU between
the predicted box and any ground truth box and five variables: (x, y) that represents the centre co-
ordinates of the box and (w, h) that is the box width and height according to the image proportion.
Each cell also estimates multiple conditional class probabilities, Pr(Class; | Object), how likely a
certain class is, given that the cell has an object. The product of this probability with the individual
box confidence estimations is a class-specific confidence score for each box as shown in Equation
3.4.

P,(Class;|Ob ject) x P.(Object) x IoUui' = P,(Class;) x IoU it (3.4)

The network architecture consists of 24 convolutional layers responsible for the feature ex-
traction and it is followed by 2 fully connected layers responsible for predicting the output box

coordinates and class probabilities, it uses 1 x 1 reduction layers followed by 3 x 3 convolutional
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layers.

Training Process. The training process of the YOLO model involves optimizing an overall

loss function composed of several components as demonstrated in the following:

s B
(1) Lossi = Acoora Y, Y, lobj,, [(x— %)%+ (v —91)°]
i=0j=0
s> B _
(2) Losss = Aeoora Y., Y., lovi, [(ﬁv V)4 (Vi— \/Z,-)Z}
i=0 j=0
s> B o s> B A2
(3) Losss =YY lobj, (Ci—Ci) "+ Anoobj Y, Y lnoot,, (Ci —Ci)
i=0j=0 i=0j=0
S2
(4) Lossy = Z lob,, Z (pi(c) —ﬁ,-(c))2
i=0 c€Eclasses

Total Loss = Loss; +Lossy + Losss + Lossy

Breaking down these components:

(1) Bounding Box Coordinate Predictions: The first two loss components are responsible for

predicting the coordinates of the bounding boxes. To calculate this loss, it starts by consid-
ering the box coordinates (x,y) as the midpoint of the object in a specific cell grid i. The
predicted midpoint x-value £; is subtracted from the actual midpoint x-value, and then the
result is squared, happening the same for the y-value by subtracting the predicted y-value ;.
The l?}jj parameter is an identity function that takes a value of either 0 or 1. It is set to 1 if
there is an object in cell i (where it’s going to go from 0 to S? since it goes through every cell
in the image), and if the bounding box j is responsible for outputting the highest loU with
any other predictor in the grid cell. After evaluating each cell to determine the presence of
an object and summing up all these values., a A¢oord, cOnstant set to 5 is multiplied by this

loss part to give higher priority to accurate bounding box predictions.

(2) Bounding Box Size Predictions: The second loss component is similar to the previous one

but focuses on predicting the width and height (w,h) of the bounding boxes. The only
difference is the inclusion of the square root. This allows the loss to prioritize smaller
bounding boxes as much as larger ones, as a very large bounding box would contribute
significantly to the squared loss. The square root helps balance the impact of bounding box

sizes.

(3) Object Probability Predictions: After the bounding box losses, it is added two more compo-

nents that are responsible for predicting the probability of an object’s presence in each grid

cell C. For calculating this loss, if there is no object in a grid cell, the loss is multiplied by a
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constant %oobj, which is set to 0.5. This ensures that the loss for cells without objects is not

prioritized as much as those with objects.

(4) Class Probability Predictions: Finally, the last loss function focuses on class probabilities
predictions. For each cell, is determined if there is an object present (using the identity
parameter l?}”). Then, it goes through each class (¢ € C) and calculates the sum-squared

error of the class probabilities.

According to Redmon et al. [35] YOLO was able to achieve the goal of reducing the false
positive classifications coming from background areas on an image which was a problem with
the Fast-RCNN method. However, it presents some limitations such as the inability to accurately
locate the small objects that appear in groups as the grid cell only provides two bounding boxes and
limits the number of potential objects in the same cell. Lastly, while the algorithm is trained using
a loss function that aims to improve detection performance, the loss function does not consider
the size of each box. A slight error in a large bounding box may not significantly impact the
overall performance, but a similar error in a small box can have a much greater impact. The main
limitation of YOLO is that it struggles with the incorrect localization of objects, which is the main
source of errors in the algorithm.

Currently, there are several versions of YOLO, in which the difference between them is mainly
the architecture in order to improve the accuracy and speed of the algorithm. The original YOLO
version outputted a single 7x7 grid. The earlier versions started using three different grids so that
the model can learn what is useful: larger and smaller objects.

Ayan [27] proposed a system in which he used YOLO version 3 [36] and an image segmenta-
tion algorithm, GrabCut, to develop an automatic segmentation method of skin lesions in dermo-
scopic images, in which the precise location of the lesion in the image was performed and then its
segmentation from the background. This technique was evaluated in already known datasets such
as the PH? and the ISBI 2017, outperforming other deep learning-based approaches. YOLO ver-
sion 4 [37] was used by Koo et al. [38] for detecting superficial fungal infections from microscopic

images.

3.1.2.2 Single Shot MultiBox Detector (SSD)

The Single Shot MultiBox Detector [39] is a widely used one-stage object detector that aims to
increase speed by eliminating the need for bounding box proposals and the feature resampling step
which are parameters that lead to high computation and make object detection systems slow for
real-time applications. It achieves this by using different convolutional filters for different aspect
ratio detections to predict object classes and, at the same time, offset bounding box locations.
These filters are then applied to multiple feature maps to execute detection at multiple scales.
With these adjustments, SSD can achieve similar accuracy as Faster R-CNN while using lower-
resolution images, making it faster. In comparison to other one-stage object detection methods
such as YOLO version 1, it has been found to have real-time processing speed and even surpasses
them in accuracy as measured by the mAP metric on the PASCAL VOC dataset [40].
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This model uses a unified two-part network (Figure 3.3), a standard base network that is trun-
cated before the last classification layer to acquire high-level features, then the fully connected
layers are converted into convolutional layers. Next, this network is extended by adding an aux-
iliary structure of convolution feature layers of progressively decreasing resolutions which enable
predictions of detections at multiple scales [13].

SSD uses a set of pre-selected boxes, known as default boxes, to match the ground truth
bounding boxes across each feature map cell of different scales and aspect ratios in a convolutional
way. These default boxes are distributed across different scales and aspect ratios, allowing the
model to detect objects of different shapes and sizes. Then a filter is applied over the feature map,
and for each default box, this filter predicts the bounding box coordinates, by providing offsets to
the default box, to better fit the ground truth box. Additionally, it outputs confidence scores for all
object classes. At training time, it is selected only the best default boxes that overlap most with
each ground truth box, that is the ones that have the highest IoU, this strategy is called Matching.
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Figure 3.3: SSD model architecture from [39].

Hirasawa et al. [41] applied SSD to detect gastric cancer in endoscopic images which quickly
processes a large number of images with a high level of diagnostic accuracy for clinical use. The
non-detected lesions were shallow and difficult to distinguish from gastritis even for experienced
health professionals, they were differentiated-type intramucosal cancers. A significant proportion
of the false positive detections were gastritis with variations in colour or an irregular mucosal

surface.

3.2 Object Detection in Medical Image Analysis

The object detection task is normally used in the medical image analysis field to identify early
signs of abnormalities in patients [42]. A precise localization of these abnormal tissues is essential
for the diagnosis. Some examples involve detecting breast lesions in ultrasound images [43],
detecting lung nodules in Computed Tomography (CT) images [34] and detecting cancer cells in
microscopic images [4].

According to the study developed by Li et al. [44] several object detection models are created
for general images, such as detecting cars and pedestrians. However, medical images have unique

characteristics that can lead to poor performance when using these general models. Nevertheless,
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many objects of interest in medical images share similar features, such as similar shapes, sizes,
blurry borders and single targets. Meanwhile, there is a huge variety of different features that the
network has to learn to do efficient detection which can make it more difficult and challenging. For
this reason, it requires a large amount of training and annotated data, which is not always possible
because it is often expensive and time-consuming. This makes the training data hard to cover all
situations and therefore it can be challenging for DNNs which needs a large amount of data, to
achieve good performance on validation data. Furthermore, images taken with different medical
equipment or in distinct environments may have varying characteristics, which can make it difficult
to use the same model for all images. While there are methods to decrease these differences
between data they can be complex to implement in practice. An ideal algorithm should be able to
perform well despite these variations in data distribution.

This task can also be incorporated into other tasks such as semantic segmentation and classi-
fication tasks as a way of adding information about the shape of the anatomic object of interest to
the loss function so that it can be applied to the original image and improve the performance of the
model. The work of Chegraoui et al. [2] yielded good results in assessing the impact of the object
detection task on a brain tumours segmentation model, when the models are applied to different

domains, that is, validated in images with rare tumours and common tumours.
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Chapter 4

State-of-the-art Review: Explainability
in Deep Learning

There has been a significant increase in the use of Machine Learning algorithms to automate a
diverse range of fields, including science, social work, and business. Among these algorithms,
Deep Learning methods are their most popular offering in terms of accuracy. These models have
a large number of parameters that contain the information learned by the training data but these
parameters are difficult to isolate, making it challenging to explain how a specific decision was

made to human users.

Explanations may not be necessary for certain Al applications but for other fields where a
failure could lead to critical consequences like in medicine, law and finance, explanations are
essential for users to understand what happens and therefore trust these systems [45]. This has
led to the development of the area of Explainable Artificial Intelligence and with that, led to
discussions in the literature about the distinctions between two linked terms: interpretability and
explainability. According to Burkart and Huber [46] interpretability alone is not sufficient for
understanding the inner workings of black box models, as it does not address all the issues that
can arise when trying to understand these types of models. To build trust and gain meaningful
insights into the decisions made by black box approaches, it is necessary to have explainability,
which goes beyond simple interpretability. While explainable models are inherently interpretable,
the reverse is not always the case.

Interpretability is defined as the ability to provide interpretations in terms that are understand-
able to a human. It is closely connected with the idea of understanding the reasoning behind the
output of a model, according to Gilpin et al. [47] "for a system to be interpretable, it must pro-
duce descriptions that are simple enough for a person to understand using a vocabulary that is

meaningful to the user".

Explainability is concerned with how humans can understand and interact with an Al system.
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This includes the capacity to provide additional information about how the system processes in-
ternal functionalities and makes decisions [5]. It is a way of verifying the output decision made
by the algorithm.

A model considered the opposite of a black box is transparent and therefore interpretable if by

itself is expressive enough to be human-understandable [48].

4.1 Reasons for Explainability

One of the main reasons that humans do not usually accept automated decision-making systems in
critical domains is that they want to understand the reasoning behind a decision or at least receive
an explanation for certain decisions. This is because humans are not prone to blindly trust these
systems. For that reason, trust is a key factor in motivating explainability, along with other factors
such as transferability, causality, informativeness, Fairness, accountability and the ability to make

adjustments [46].

* Trust: This is a measure of confidence that is necessary for the prediction model’s deploy-
ment. Human trust also requires an understanding of the model’s strengths and weaknesses.
Logic reasoning for a decision is safer than an extremely confident decision without any

explanations.

* Transferability: For the predicted model be used with new data model must carry an un-

derstanding of future behaviour and must show that it generalizes well in certain contexts.

» Causality: Explainability, provides a sense of causality to the system’s target group by

revealing the underlying input-output association.

* Informativeness: To be implemented, it must be known whether the system serves its in-

tended real-world purposes rather than just the purposes it was trained for.

» Fairness: The right to explanation requires decision-makers to present results clearly and

conform to ethical standards.

* Accountability: This is “the ability to determine whether a decision was made in accor-
dance with ethical standards and to hold someone responsible if those standards are not
met” [49]. Explainability makes algorithms accountable for their actions and addresses the

data-shift problem by making interpretable systems more responsible.

* Adjustments: Explainability enables adjustment of the prediction model by including do-

main knowledge and identifying failure modes.

It can be used to produce clear explanations and improve the expressiveness of the correlations
between features in different areas of the data distribution in order to better comprehend Al fair-
ness. It is possible to determine which features are correlated with a certain class, by using these

techniques to trace the output predictions back to the input [50].
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Additionally, incorporating xAl into the design of Al systems can provide an evolving model
that takes into account previous parameters, explanations, problems, and improvements, reduc-
ing the potential for human bias. Still, it is crucial to be cautious when selecting the appropriate
methods for explanation and to consider incorporating interpretability into machine learning mod-
els [51].

4.2 Taxonomy

There are many different ways to categorize and distinguish xAl techniques. The survey of Adadi
and Berrada [1] classified XAl techniques based on Table 4.1.

Table 4.1: Adapted taxonomy and description.

Taxonomy Description

Scope Scope of explanations can be either local or global. Local methods
focus on the explanation of individual data instances, while global
methods aim to give an overall understanding of the entire model. [52,
53].

Methodology The algorithmic approach can focus on the modifications input data
instances and the ones which focus on the model architecture and
parameters, perturbation-based and backpropagation-based respec-
tively [53,54].

Usage The explainable method can be either integrated into the NN model
itself (Intrinsic) or used as an external algorithm to provide explana-
tions (Post-hoc) [54,55].

The classification of certain methods as explainable or not is not so linear and unambiguous,
since it can be based on one or more criteria and can be recognized as explainable methods for

some and non-explainable for others.

* Global Methods and Local Methods: Local methods are intended to express the individual
feature attributions of a single instance of input data, while global methods aim to under-
stand the overall behaviour of the black box model by evaluating multiple inputs, this offers
general relationships learned by the NN for example “how much do features contribute to

the output across the entire dataset” [56].

* Perturbation-based and Backpropagation-based Methods: Explanation algorithms that
are based on Backpropagation or Gradient-Based involve the use of information flow ex-
tracted by the backpropagation stage to understand neuronal relevance input-output. In con-
trast, Perturbation-based explanation methods only require a single forward pass through
the network to produce attribution representations and do this by "perturbing" (making vari-
ations) on the feature set of an input instance. Both local and global explanations can be

considered as either backpropagation-based or perturbation-based methods [5].

¢ Intrinsic and Post-hoc Explanation: Intrinsic model methods is a model that can easily ex-

plain its own decision-making process, as it contains interpretable elements. These models
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can be easily understood by looking at the rules and logic used to make decisions (rule-
based explanations), mathematical principles and through examination of specific examples
that illustrate the decision-making process (example-based explanations). Post-hoc model
methods refer to approaches where the output of a model, that has already been trained and
performed, can be explained using a separate algorithm designed to interpret the behaviour
of the original model, without sacrificing its accuracy, unlike intrinsic methods which, being

interpretable, do not normally generate accurate predictors [5].

* Model-specific and Model-agnostic Explanation: These two concepts are associated with
intrinsic and post-hoc explanation methods. Most model-Intrinsic methods are model-
specific which are limited to certain classes of model architectures. The disadvantage is
that, when it requires a specific type of explanation, the selections of models that lead to this
are less flexible, excluding models that could better fit the output to the input data. For that
reason, there has been significant research interest in developing model-agnostic explain-
able methods as they don’t need to depend on a specific type of neural network, they can be
applied to any model. This technique separates prediction and explanation. Model-agnostic

explanations are usually post-hoc [1].

Currently, there is no universally accepted XAl taxonomy for classifying explainability tech-
niques. Several published articles proposed their own categorization schemes, which can vary in
terms of the level of specificity [57]. This can make it difficult to compare different approaches
or to determine which technique may be best suited for a certain case. However, there is some
widely accepted classification, that are local and global, intrinsic and post-hoc and model-specific

and model-agnostic explanations that are covered in almost every work related to xAl

4.3 Explainability Strategies

Currently, most works in the literature present post-hoc methods to provide explanations in DL
models that are based on model simplification, feature relevance and visualization techniques [58].

The Local interpretable model-agnostic explanations (LIME) [59] method follows the model
simplification technique. It explains the predictions of the complex model by building simpler
models. This is done by perturbing the input data and training an interpretable surrogate model
to learn the local behaviour of a global black box model’s predictions. Then it uses the similarity
between the original input and the changed input as a way to weigh the relevance of the simple
model’s explanations.

Shapley Additive explanations (SHAP) [60] follows the feature relevance technique where it
seeks to enhance interpretability by computing additive importance values for each feature for
individual predictions [61].

Class activation maps (CAMs) [62] are a method to visualize the regions of an image that are
most important in the decision made by a CNN model. This is accomplished by applying global

average pooling to the final convolutional feature map, then using the pooled feature maps as input
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to a fully connected layer to produce a heatmap representation per class of the areas in the input
image that had the most influence over the model decision. Gradient-weighted Class Activation
Mapping (Grad-CAM) [63] and Grad-CAM++) [64] are generalizations of CAM that attempts to
increase the explainability of networks by creating a localization map using the gradients of the
target concept that flow into the last convolutional layer which highlights the regions in the image
that were most important in making the prediction.

Simonyan et al. [65] introduce gradient-based saliency maps method to produce a saliency
map for convolution networks that shows the absolute value of the gradient of the majority pre-
dicted class. The image pixels with the highest activation are highlighted, which correspond to
the areas that are most important in the decision. These methods provide visualization of activa-
tions of individual neurons with high influence or overall feature attributions reshaped to the input
dimensions but they are unable to explain why the model came to a particular decision [5].

Layer-wise relevance propagation (LRP) method [66] allowed to understand how a complex
deep neural network is making its predictions by tracing back the predictions it made and by pro-
viding a heatmap that shows which pixels of the input image contributed to the output prediction.
It applies a propagation rule that preserves the magnitude of the output as it is passed backwards
through the layers of the network [67]. DeconvNet [68] is a similar method that uses a semantic
segmentation algorithm to learn a deconvolution network and provides an understanding of the
contribution of features during the classification task.

Kim et al. [69] introduce Concept Activation Vectors (CAVs) as a way to provide explanations
of decisions made by NN in terms of high-level concepts that humans can easily understand. It
allows to understand how sensitive an estimation is to a user-defined concept and how significant
the concept is to the classification itself [67]. Saliency maps can’t extract concepts like “car”
that are not represented by pixels. This method attempts to solve this by presenting a translation
between the input vector space and the high-level concept space. [56]

In summary, the most interpretability methods for explaining deep learning models are focused
on image classification tasks, by using saliency maps, Grad-CAM, or DeconvNet as the main
approach and LIME and SHAP are the most widely used methods in the state-of-the-art literature

for visualizing feature relevance and feature interactions.

4.3.1 Intrinsically Explainable Methods

Intrinsic interpretable highly performing models are much more challenging to develop, however,
some research proves that this task is possible by developing hybrid transparent and black box
approaches. According to Arrieta et al. [58], incorporating previous knowledge in the form of
constraints or logical statements in Knowledge Bases (KBs) can improve both the explainability
and performance of DL models, which can make the learning process more resilient to errors in
the training. Other strategies led to logical-probabilistic reasoning through learning and reasoning
simultaneously with inferences and symbolic representations. In this way, the interpretability
of a complex and opaque model can be enhanced by including knowledge from other domain

origins. Examples of this are Deep Kalman filters, Deep Variational Bayes Filters and Structural
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Variational Autoencoders. Another suggested methodology, different from hybrid models, was to
combine the knowledge of transparent models with that of black box models. This can be done by
using a semantic KB to guide the neural network or stacking ensembles of transparent and opaque
models. Finally, the more recent technique developed is to create an interpretable version of an

uninterpretable black box system.

Kean et al. [70] proposed a combination of deep neural networks with a transparent Case-
Based Reasoning (CBR) module that involves using the knowledge and experiences obtained from
past situations to understand and solve new cases. In this study, the idea is to explain the DNN
model predictions of house prices through the use of examples. This is performed by studying the
feature weights extracted from the network which are then applied to the CBR to retrieve nearest-
neighbour cases to the given query case that is the data entry with some elements descriptions of
a house [71].

Wachter et al. [72] introduced counterfactual explanations that involve identifying the factors
that would be needed to change for a different prediction to occur. Counterfactual prototypes allow
the understanding of the capabilities and limitations of a model, which can help to increase trust

in the system and provide a more informed perspective for analysis [58].

Chen et al. [7] recently conducted a study that introduced the Concept Whitening (CW) mech-
anism that modifies a specified layer of the network by forcing predefined input information to
converge at one unit, thereby inducing disentanglement of the latent space. When this module
is integrated into a CNN model by replacing the batch normalization layer, the latent space is
whitened, resulting in decorrelation and normalization of the latent space, and alignment of the
latent space axes with the interest concepts. The CW mechanism provides a clearer understanding
of how the network gradually learns concepts over different layers and gives insight into the ex-
tent to which a particular concept contributes to a specific prediction. Importantly, implementing
the CW mechanism does not compromise the model’s accuracy. Compared to post-hoc Concept
Activation Vectors described before, the CW method is a superior approach as it performs actual
concept disentanglement, placing the concept information along the latent space axes, rather than
making assumptions that the different points in the latent space represent those concepts. This
intrinsic aspect of the CW mechanism, which constrains the network instead of assuming extrinsic

properties, makes it a promising approach for disentangling the latent space of neural networks.

Recent research has shown that prototypes can be used to provide explanations. Chen et al. [8]
presented a network called prototypical part network (ProtoPNet) that performs the reasoning that
usually a person do - "this looks like that". Uses prototypical image parts to classify images
by grouping training inputs into classes and selecting a representative example, or prototype, for
each class. During testing, the network compares parts of the test image to these prototypes and
produces a classification based on the similarities. This approach is strictly better than saliency
maps because offers information about what the network is doing with those pixels, not just which

pixels are used.
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4.3.1.1 Prototypical Part Network

As mentioned earlier the ProtoPNet model is a method where explanations are generated during
classification rather than created post-hoc, the network examines the input image in order to find
prototypical parts using those to make its classification. This type of reasoning is used for example
by radiologists when they want to identify whether what they are observing in an X-ray scan is a
malignant or benign tumour. One can thus consider that this explainability strategy is very close
to human reasoning and that it becomes interpretable because it is a transparent process when the
system makes predictions.

In Figure 4.1, it is possible to observe the architecture of the model that was trained and
evaluated with the dataset of bird species images as the first study case by the Chen et al. paper [8].
This architecture has three components, the first f consists of layers from convolutional neural
network models such as VGG-16 [73], ResNet-34, ResNet-152 [74], DenseNet-161 or DenseNet-
121 [75], the second gp consists of a prototype layer and finally follows a fully connected layer 4.
For the first two types of convolutional layers is used ReL.U as the activation function and for the

last layer is used the sigmoid activation function.

Black footed albatross

Indigo bunting

Cardinal

5| Clay colored sparrow

Common yellowthroat

Similarity score

L A A A J
T T T T

Convolutional layers [ Prototype layer g Fully connected layer Output logits

Figure 4.1: ProtoPNet architecture from [8].

Thus, in the first phase, the extraction of features f(x) is performed, and then the network
learns m prototypes P = {p; .y whose size has to be smaller than the original image. Each
one will represent a distinctive activation pattern in a convolutional output patch, which, in turn,
corresponds to a prototypical image patch in the original pixel space. Consequently, each proto-
type, denoted as p;, can be interpreted as the latent representation of some prototypical part of the
image.

In the second phase, in the prototype layer gp, it is computed the squared L2 distances between
the j-th prototype, and all patches of the convolutional output that possess the same shape as p;,
this function as the name implies, is used to determine the separation between the input images’ la-
tent patches and prototypes. These distances are then transformed into similarity scores that result
in an activation map that indicates the degree of presence of a prototypical part in the image and
that can be expanded to match the input image’s dimensions generating a heat map that highlights

the region most similar to the learned prototype. Additionally, the activation map, consisting of
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similarity scores from each prototype unit g,,, is consolidated into a single similarity score using

global max pooling (Equation 4.1).

80, (2) = My prctesiaLog (|2 ps|l3 + 1)/ (|2 ps ][5 +©)) (4.1)

In order to represent each class k € 1, ..., K, it is necessary to establish the number of prototypes
my required for each class. These prototypes should cover the crucial characteristics that are

valuable in recognizing images belonging to class k.

Lastly, in the fully connected layer &, the weight matrix is multiplied by the prototype layer,
m similarity scores to create the output logits product which is then normalized using the softmax

function to obtain the projected probability for a certain image belonging to several classes.

In short, what can be understood when analysing the reasoning process of the network in
deciding the class in Figure 4.1, is that the similarity score between the first prototype pi, a Clay
colored sparrow head and the most activated patch of the input image of a Clay colored sparrow is
3,954. On the other hand, the similarity score between the second prototype p», a Brewer’s sparrow
head and the corresponding most activated patch of the input image is only 1.447, this means that
the ProtoPNet model finds that the head of a Clay colored sparrow has a stronger presence than
that of Brewer’s sparrow in the input image. After reviewing all the similarity scores, it is possible
to verify that the first one mentioned will increase the probability related to the class Clay colored

sparrow in the final prediction.

Training process. Goes through three steps: stochastic gradient descent (SGD) of layers

before the last layer, projection of prototypes and convex optimization of the last layer.

The SGD is used to optimize the convolutional layer’s parameters and the prototypes in the
prototype layer while maintaining the weight matrix of the final layer, which is the fully connected
layer, fixed. This is performed to make the neural network learn a meaningful latent feature space.
This latent space is a lower-dimensional representation of the input data that captures important
features for classification. In this feature space, important image patches that are essential for
classifying images are grouped based on their L2 Euclidean distance. These patches are clustered
around semantically similar prototypes representing the true classes of the images. Additionally,

clusters that are centred at prototypes from distinct classes are kept separate from each other [8].

Assuming that X = {x1...xn} represents the training images and ¥ = {y;...y, } represents their
corresponding class labels, the set D consists of pairs (x;,y;), where xi belongs to X and yi belongs

to Y, the goal function for the initial optimization process can be expressed as follows:

n

1
min =Y. CrsEnt(hogpo f(x;),yi) + MClst + ArSep 4.2)
Pawconvn l:1

, where
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n
. . 2
Clst=—-) min min Hz—ij2 and
n = Jjpj€hy;  z€patches(f(xi))

(4.3)

Sep = —— y min min Hz—iji
niZ1Jpi¢h;  z€patches(f(xi))

Where A; and A, are regularization hyperparameters. In addition to the minimization of cross
entropy loss which ensures that the network learns to classify the images correctly, there are two
terms that are intended to minimize the cluster cost (Clst) and the separation cost (Sep). The cluster
cost promotes each training image to have at least one latent patch that is close to a prototype
representing its class. In other words, it helps the network cluster similar patches for each class.
On the other hand, minimizing the separation cost keeps prototypes far away from their incorrect

classes [8].

In this stage, the (k, j)-th entry in the weight matrix of the last layer that is fixed corresponds to
the weight connections between prototype units and class logits. These connections are adjusted
based on whether a prototype belongs to the class being considered or not. Positive connections
(weight values set to 1) are established between prototypes of the class being considered and the
class’s logits. Negative connections (weight values set to -0.5) are established between proto-
types not belonging to the class and the class’s logits. This adjustment of connections serves to
influence the predicted probabilities of the model. Positive connections increase the probability
that an image belongs to the corresponding class if it’s similar to that class’s prototype. Negative

connections decrease the probability if the image’s similarity to non-class prototypes is high.

By setting the last layer h with these defined values, the network is forced to learn a meaningful
latent space because if a latent representation (latent patch) of an image from a specific class k is
too close to a prototype of a different class (a non-class k prototype), it can have two consequences:
decreased predicted probability, in another words the network might mistakenly predict the image
as not belonging to class k due to its similarity to the non-class k prototype and an increased cross

entropy loss reflecting the present misclassification.

As described before, separation cost is a term that encourages prototypes to be well-separated
in the latent space, making them distinct from each other. The negative connection between a non-
class prototype and the logits (output layer) of a specific class further enforces this separation.
It means that the presence of a non-class prototype should not overly influence the prediction
for the corresponding class. The design aims for class prototypes to capture specific semantic
concepts that are characteristic of their respective classes. However, these prototypes should not
be activated by images from other classes. If a prototype meant for class k represents a concept that
is also found in a non-class k image, that non-class k image would mistakenly activate the class
k prototype. This activation of a class prototype by a non-class image is penalized in two ways,
the separation cost becomes less negative, indicating that the prototypes are not as well-separated
as desired and cross entropy loss increases due to the negative connection. Since the non-class
prototype is activating the class k prototype, it interferes with the prediction for class k and results

in a higher loss.
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The second training step is a projection of prototypes ("push operation"), which involves up-
dating the prototypes using patches from the output of an image x that has the smallest distance
to the prototypes. The update is performed as follows: for each prototype p; belonging to class
k, the model selects the patch Z from the patches of image x that belongs to class k and has the

minimum distance:

pj<—arg nélzn HzfijZ Zj ={Z:7 € patches(f(x;))Vis.t.y; =k} (4.4)
2€Z,

This update ensures that the prototype layer is updated with prototypical parts that are closer
to their respective classes. The patch that is most similar to the prototype is used for visualization
purposes. Additionally, the activation value of the prototype must be at least at the 94th percentile
of the activation values of the prototypical patches, as described in [8].

Finally, it is performed a convex optimization on the weight matrix of the last layer 4. Here

(k.J)

the purpose is to modify the last layer connections w; ”’ between class k and prototype unit j,

(k.j)

such that when p; does not belong to class k, the weight values w approximate zero sparsity

(initially set to -0.5). So the goal function can be expressed as:

. K .
miny, ZCrsEnt(hogpof(x,-),yi) +A Z Z ‘ngkd)‘ (4.5)
i=1 k=1 j:p; &P,

(k.J) for

Where the regularization term A, enforces sparsity by penalizing non-zero values of w
Jj such that p; is not in P;. This optimization problem is convex because the parameters of the

convolutional and prototype layers are fixed.

4.4 Critical Applications

Explainable Artificial Intelligence has gained significant interest in recent years due to its increas-
ing frequency and important decision-making in several applications, in this part it is presented
some of them. Regulatory authorities have already defined policies that provide stronger account-
ability for algorithmic decision-making [76]. Al systems in critical tasks must comply with safety
and security requirements and have to prevent inequality and bias in their decisions. As already
discussed, XAl has been applied in several critical areas, like healthcare decision systems, au-
tonomous driving, criminal justice, security, natural language processing, anomaly and fraud de-

tection.

4.4.1 Medical Applications

Looking at an example in the medical field, Barnett et al. [6] developed an interpretable DL model
for classification of mass lesions in digital mammography. This approach was based on the CBR
process, where the aim was to mimic the reasoning process of an actual radiologist who observes
specific features of the image that are known to be relevant in the growth of breast lesions tissue,

such as characteristics of the margins of masses in mammograms. They tested variations of the
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ProtoPNet network with different baseline architectures (VGG-16 pre-trained on ImageNet, VGG-
16 with Grad-CAM and VGG-16 with Grad-CAM++) incorporating detailed labels, changes to its
training method, and the implementation of a multi-step reasoning process that begins with deter-
mining the feature related to mass margin and then uses that information to identify malignancy.
They used AUROC (area under receiver operator characteristic curve) as a model performance
metric and designed an activation precision metric to evaluate the model’s interpretability. The
ProtoPNet model with the VGG-16 pre-trained on ImageNet baseline (named IAIA-BL) obtained
the best predictive performance and interpretability. This private dataset comprises 1136 cropped
mammogram images of breast masses from 484 patients. They collected fine annotations from
radiologists for 30 images to add more information to the dataset. The total of 1136 images
consisted of five classes of mass margins: 125 spiculated, 220 indistinct, 171 circumscribed, 41
microlobulated, and 579 obscured. Although the last two classes were excluded due to the low
amount of data and the fact that it is not a good indicator of classifying a malignant or benign

lesion respectively.

Singh et al [77], proposed a negative-positive prototypical part network (NP-ProtoPNet) to
classify chest X-ray images of Covid-19, pneumonia and normal patients. NP-ProtoPNet considers
the positive and negative reasoning of humans (‘“this looks like that” and “this does not look like
that”) to perform the predictions, whereas ProtoPNet focuses only on positive reasoning. They
did a comparison with different base models like VGG-16, VGG-19, ResNet-34, ResNet-152,
DenseNet-121 and DenseNet-161 and with the original ProtoPNet model. It was verified that
this model has superior performance in the measured metrics than ProtoPNet with all the baseline
models but compared to the other baseline models it achieves better performance in accuracy only
in VGG-16 and VGG-19. The CORD-19 database [78] is composed of 3875 and 1341 training
images and 390 and 234 test images of pneumonia and normal patients respectively. The other
database [79] consists of 930 images of COVID-19 patients including a variety of image modalities

like CT scans, side X-rays and other types of images.

Table 4.2 shows a summary of the datasets used in some studies that implemented explainable
deep learning models for classification and detection problems. Some of these are not publicly
available, which makes it more difficult to train a DNN that requires a large amount of data to

perform well.

Several studies have been conducted to develop explanatory algorithms for the classification
and detection of various stages of Diabetic Retinopathy (DR) which is a condition associated with
the diabetes disease and which causes vision loss. The conventional method of diagnosing DR
involves manual analysis of retinal fundus images by ophthalmologists, which is a time-consuming
process. Studies by Alghamdi [80], Chetoui et al. [81], and Shorfuzzaman et al. [82] applied
explainability algorithms based on Grad-CAM approach to different datasets of retinal fundus
images such as APTOS, Messindor, IDRiD, and others. The first study showed that the evaluation
of the developed models in terms of their explainability was weak, as the models failed to detect the
lesions related to DR. The study concluded that the VGG-16 model achieved significantly higher
performance compared to the other models and provided more justified decisions. The second
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Table 4.2: Datasets of published research in explainability and interpretability of deep learning algorithm
in the medical field.

Article Reference Dataset Approach Usage Availability
[6] Duke University ProtoPNet Classification  Unavailable
CORD-19, . . .
[77] NP-ProtoPNet Classification Available

covid-chestxray

[80] APTOS Grad-CAM Classification Available
EyePACS, MESSIDOR,

MESSIDOR-2, DIARETDBO,

[81] DIARETDBI, STARE, Grad-CAM Classification Available
IDRID, E-ophtha, UoA-DR
[82] APTOS, MESSIDOR, IDRiD Grad-CAM, SHAP Classification Available
[83] ISIC SHAP Classification Available
DRIVE, Retinal-Lesions, . .
[84] FGADR, IDRID Patho-GAN Detection Available
[85] UK Biobank cardiac MRI TCAV Classification  Unavailable
[86] Red Lesion Endoscopy LIME Classification Available
EigenCAM,
. Gradient SHAP, . .
[87] DeepLesion Layer Gradient SHAP, Detection Available

Occlusion, LIME

study showed that in terms of explainability, it achieved different signs of DR using the DCNN
Inception-Resnet-v2 model as a classifier. Niu et al. [84] proposed using Patho-GAN to separate
the activation of neurons from the DR detector and present them visually, to better understand the

signs and symptoms considered by the detector when making predictions.

Other applications are the detection of melanoma skin cancer [83], detection of lesions in CT
images [87], classification of in-vivo Gastral Images [86] and classification on cardiac Magnetic

resonance imaging (MRI) [85].

4.4.2 Other Relevant Applications

Autonomous driving systems are also a growing area in relation to XAl for example in self-driving
vehicles where the goal is to be able to drive in any unknown place [88]. Introducing explainability
into these systems will help to monitor the perception of any potential errors that might occur.
This, in turn, will enable the optimization of the Al system itself and make it more transparent
to humans. Other prototype-based approaches have been published for scene understanding [89]
and for the situation awareness of a self-driving car on a highway through the so-called vector of
affordance indicators.

This technique has also been applied in the criminal justice system, according to Dressel and
Farid [90], automated algorithms are used to predict the likelihood of crimes occurring in certain
areas, as well as the likelihood that individuals will commit violent crimes and fail to appear for
court hearings.

In the area of face recognition systems, Bansal et al. [91], introduce a method that helps

identify the causes of system failures, such as the blurriness of a test image. This presents the
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causes in a way that is easy for humans to understand and can be used to improve the design of

features or gather more targeted training data during the development of the system.

4.5 Explainability in Object Detection

As seen previously, it is concluded that major explainable Al approaches are developed for deep
learning models concerning classification tasks compared to the object detection task. Currently,
hybrid object detection systems have been developed for applications such as autonomous driving,
which is a continuous evolution field [92].

In the Medical field, there is a smaller amount of published work on explainability in object
detection, but it is a domain that will benefit a lot from the implementation of these Al systems as
an aid to the diagnosis made by health professionals. Sahatova and Balabaeva [87], present several
explainable methods for the models that address the detection of objects on CT images. Explain-
able methods that fall within the domains of xAl such as feature visualization, Attribution maps
and Latent space interpretation, including class-agnostic EigenCAM, Gradient-based SHAP, Oc-
clusion, Layer Activation and LIME. This study yielded distinct results but demonstrated that the
perturbation strategy is important but using grayscale images is ineffective for understanding CT
scans. The gradient SHAP method provides information about how the system makes decisions,
but the predicted bounding boxes depend on a final processing step of NMS threshold. However,
some regions were not detected and others were false positive detections.

The IAIA-BL paper discussed in Section 4.4.1 despite being used for classification is the first
work that applies Case-Based Reasoning using interpretable deep learning techniques to analyse
medical images and is one of the main drivers for the study of inherently interpretable techniques

but this time applying it to the object detection task in medical images.
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Chapter 5

Materials and Methods

This section begins by presenting a description of the dataset selected for this study and the pre-
processing steps applied to it. Following that, it offers an explanation of the proposed solution
methods, along with supplementary experiments conducted as an extension of the proposal.

The proposed framework involves the integration of the ProtoPNet model to explain the clas-
sification decision in the object detection task. This activity focuses on creating an intrinsically
explainable deep learning model involving a two-stage object detector.

Moving forward, the additional experiments were intended to establish a basis for compari-
son with the aforementioned framework where the first one similarly integrates a two-stage object
detector and the ProtoPNet model but with a different configuration and the other one was the
evaluation of the ProtoPNet baseline model on the adopted dataset so that it is possible to under-
stand the impacts of these different approaches on the quality of explanations provided and the
overall performance of their respective tasks.

Concluding the chapter, some details of the implementations are mentioned.

5.1 Dataset and Pre-processing

The selected dataset must respect the main requirement, which is to have all the image annotations
necessary to carry out the object detection task, that is, to have the ground truth coordinates of
the bounding boxes and the respective labels to which each object corresponds. It should be
noted that the task of finding a medical dataset that met all these standards was quite difficult.
Before selecting the ideal dataset, some alternative datasets were tested, but they didn’t perform
as successfully in the detection task.

That said, the GRAZPEDWRI-DX dataset [93] was chosen. This dataset was collected from
the Department of Paediatric Surgery of the University Hospital Graz between 2008 and 2018
consisting of paediatric trauma wrist radiographs. Involving a total number of 10,643 studies of

6,091 unique paediatric patients (2,688 females, 3,402 males, 1 unknown), 20,327 image samples,
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covering lateral and posteroanterior projections in a 16-Bit grayscale PNG (Portable Network
Graphics) format.

The dataset was annotated, by a group of paediatric radiologists, with 74,459 image tags and
67,771 labelled objects. They annotated the objects that represent pathologies like fractures and
reactions or the presence of metal and foreign bodies by placing bounding boxes and lines.

There are nine different types of annotated objects, and each image can be associated with
multiple objects. These objects include fractures, periosteal reactions, pronator quadratus sign (a
specific radiological sign indicating swelling in the musculus pronator quadratus region [94]), soft
tissue swelling (normally caused by trauma), foreign bodies, bone anomalies (such as drill holes
or Madelung’s deformities), metals (representing internal or external metal implants), bone lesions
(referring to bone tumours like osteomas), text objects (representing any visible letter or text in
the image, commonly used as laterality indicators like “L” or “R”) [93].

Figure 5.1 shows some image examples with labelled bounding boxes and the distribution of

annotations for each class.
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Figure 5.1: (a) Visualization of wrist X-ray examples with labelled bounding boxes. (b) Class distribution
in the dataset.

They provide the data in PASCAL Visual Object Classes (VOC) [40] format and in YOLOVS [95]
format. Additionally, they provide a CSV file with all the filenames, image tags and basic patient
information (sex, age) and a folder that contains some auxiliary Jupyter notebooks for annotations
visualization and image post-processing.

Regarding the pre-processing, it was necessary to organize and structure the dataset to be used
in the selected object detection model. To achieve this, certain labels were removed based on
specific criteria. The labels "boneanomaly’, *bonelesion’, and ’foreignbody’ were eliminated due
to the limited number of annotations available, as can be seen in (Figure 5.1b), and also their poor
performance when evaluated using the AP metric based on the reference paper for this dataset [93].

The label ’text’ was also excluded since it holds no significance for this particular study focusing
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on the detection and explainability of bone abnormalities. Additionally, the labels ’periosteal
reaction’ and ’pronator quadratus sign’ were removed due to the challenges they presented in
terms of explanation. Consequently, the study will only focus on three classes: ’fracture’, *metal’,
and ’soft tissue swelling’.

Analysing the distribution of classes in the dataset (Figure 5.2), it is evident that there is a
significant class imbalance between the classes that will be used, in which there is a larger number
of fracture samples (18090 samples) compared to the other classes. Consequently, to address this
problem of class imbalance in the dataset, which may negatively impact model performance since
there would not be a fair representation of classes in the training set, it was decided to employ the
weighted random sampler strategy. This method ensures that, during training, each batch "sees"
each class proportionally. In other words, it makes the probability of using a sample of a particular

class proportional to the fraction of that class times the weight that is assigned to that class.
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Figure 5.2: Number of annotations for the fracture, metal and soft tissue swelling class in the dataset.

Data augmentation techniques were applied to the images to mitigate the risk of overfitting.
These techniques involved geometric transformations such as random vertical or horizontal flips,
resizing with a minimum size of 600 and a maximum size of 1000, and affine transformations. In
addition to these transformations, colour transformations were applied to the images such as ran-
dom changes of contrast, brightness and random change of hue, saturation and value to highlight
the most relevant features. The bounding boxes were also faced with the same transformations as
the images, using the Albumentations package [96].

The data was divided into two sets: a training set and a test set. The distribution ratio between

these sets was 80% for the training set and 20% for the test set.

5.2 Proposed Framework: iFaster-RCNN

This integrated solution, uses a two-stage object detector, the Faster R-CNN as the feature ex-
traction backbone and the ProtoPNet model as the classification head that inherently provides

explanations.
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The developed strategy, named “interpretable-Faster-RCNN (iFaster-RCNN)” consists of us-
ing the Region Proposal Network component of the Faster R-CNN model to identify relevant
features that would lead to new detections. These identified features are then passed through the
ProtoPNet model which is only able to classify images with one detection (one object), as this ex-
plainability model was designed for image classification tasks. Using this approach, it can classify
several regions of interest (Rols) from a single image. The Rol pooling operation, which resizes
the Rols into the desired dimensions HxW, simplifies the handling of each Rol feature map by the
explainability model. The Rol size was set to 7x7 so that it matches the convolution layer out-
put dimensions employed in the original implementation of the ProtoPNet model. The complete

model architecture can be seen in Figure 5.3.
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Figure 5.3: iFaster-RCNN architecture.

In terms of the prototype visualization, to confirm the correspondence between the features of
Rols with the predicted detection, the predicted bounding box from the iFaster-RCNN is respon-
sible to crop the input image giving rise to the detected object. Furthermore, the cropped output is
resized to a dimension of 112x112, so that it can be possible to visualize tiny detected objects and

simultaneously ensure that it is aligned with its feature map.

After this process, the activation map is projected into the cropped image for subsequent visu-
alisation of the prototype and its representation. All the patches of the cropped image input that are
most activated by a particular prototype are saved in a PNG file. This procedure is demonstrated

in Figure 5.4.

Training: In the training process, the network receives two inputs: Wrist X-ray images, and

the ground truth bounding boxes with the respective label.

During this process, in order to train the integrated model that is training both object detection
and the explainability task, the loss values from the Faster R-CNN model and ProtoPNet model
were added together. Regarding, the regularisation hyperparameters values, A; and A,, used in
the ProtoPNet loss function computation (Equation 4.2), the decision was made to adopt the same
values (0.8 and -0.08 respectively) as those employed by the authors of the original paper. This
choice was influenced by the rationale provided in the existing state-of-the-art literature presented

before.
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Figure 5.4: Scheme of the prototype visualisation procedure.

In this implementation, the background Rol was excluded. The fact that the Rol background
features have a random nature, makes it more difficult to learn a meaningful latent representation,

which negatively influences the calculation of the Separation Cost and Cluster Cost loss.

The push operation (Equation 4.4) for the visualisation of the prototypes and the update of the
prototype vectors was initiated in specific epochs. At the end of each of these specific epochs,
convex optimization (Equation 4.5) of the last layer step occurs, so that, in this way, the model
performance is improved without modifying the latent space. Nevertheless, in addition to the se-
lected epochs used for convex training, the final layer’s weights should remain fixed throughout

the remainder of the training procedure.

Test: During the testing process, the network is provided with wrist X-ray images without

access to ground truth detections. In this scenario, the IoU threshold value was defined as 0.7.

Evaluation: This developed model was evaluated using the GRAZPEDWRI-DX dataset. The
metrics used in this study were Average Precision and Mean Average Precision.

5.3 Additional Experiments in Support of the Proposal

5.3.1 Explainable Sequential Classifier Framework

In order to establish a basis for comparison, another experiment was performed. In this framework,
the two networks were connected as illustrated in Figure 5.5. The Faster R-CNN receives the input
image, returning the predicted bounding boxes involving objects of interest and these are used to
crop the detected objects from the input images. The extracted cropped images are then resized to
a dimension of 224 x 224 and fed to the ProtoPNet model.
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Concerning, the training process, it can be unfolded in two sequential stages: first, the detector
network is trained to generate accurate bounding boxes, then the ProtoPNet model is trained using

the images cropped based on the predicted bounding boxes.
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Figure 5.5: Explainable Sequential Classifier framework architecture.

5.3.2 ProtoPNet Baseline Model

The ProtoPNet model was replicated using the ground truth bounding boxes from the selected
dataset, following the exact steps as specified in the original ProtoPNet model paper. This required
cropping each image to extract the ground truth bounding boxes corresponding to the objects in
the images as illustrated in Figure 5.6. These cropped regions were then associated with their
respective class labels. After this step, the cropped images were fed into the model and resized to
a dimension of 224 x 224. The base architecture used is the VGG-19.
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Figure 5.6: ProtoPNet architecture.

Addressing the dataset’s class imbalance and the risk of overfitting already mentioned before,
an oversampling technique together with data augmentation was employed in this experiment. In
this way, is possible to achieve a balanced representation of classes in the training set and it can pre-
vent the happening of overfitting by introducing variability in the training set. The Albumentations
package facilitated this process by applying a range of transformations to the images. Geomet-
ric transformations, including random horizontal or vertical flips, and affine transformations with

scale factors of 1.1 and 1.25 (allowing controlled stretching or compression) were implemented
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while preserving the initial aspect ratio. Furthermore, colour-level transformations like brightness,

contrast, and saturation adjustments were conducted.

The regularization hyperparameters values, A; and A,, used in the loss function, are respec-

tively 0.8 and -0.08 as used in the reference paper.

5.4

)

Implementation Details

Faster R-CNN, iFaster-RCNN and Sequential models

The Faster R-CNN model baseline, used to do the integration experiments, was based on
the simplified implementation of a project available on GitHub [97] because it matches the
performance reported in the original paper of Faster R-CNN. In addition to this, it achieves
speed comparable with other implementations and it is memory efficient. The training pro-
cedure of the frameworks (iFaster-RCNN, Sequential and Faster R-CNN) included a meticu-
lous fine-tuning of the hyperparameters, such as the learning rate (Ir), choice of optimization
algorithm, batch size and others. In Table 5.1 is possible to observe the specific range of

values for these hyperparameters.

Table 5.1: Range values of hyperparameters used in iFaster-RCNN,
Sequential and Faster R-CNN models.

Hyperparameters | Range of values
Learning Rate 0.001-0.00001
Learning Rate Decay 0.1
Weight Decay 0.0001-0.0005
Batch Size 1*
Optimizer SGD/Adam

*The simplified implementation used of the Faster R-CNN
model only allows a batch size of 1.

Concerning the visualization of the prototypes, it was used an IoU of 0.7 for object detection

to make sure that there is an actual object inside the bounding box.

ProtoPnet model

Just like with the other models, hyperparameter fine-tuning was also carried out when train-
ing the ProtoPNet model. In Table 5.2 are presented the range of values for these hyperpa-

rameters.
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Table 5.2: Range values of hyperparameters used in ProtoPNet model.

Hyperparameters | Range of values
Learning Rate 0.001 - 0.0001
Learning Rate Decay | 0.001 - 0.0001
Weight Decay 0.001 - 0.0001
Batch Size 1-100
Optimizer SGD/Adam

It is important to mention what happens to ProtoPNet’s layers during its training process,
which, as mentioned before, consists of three stages. In the first training phase, only the last layer
parameters are frozen, in order to make the backbone model learn meaningful latent space and
prototype-related features without affecting the last layer’s behaviour which is responsible for the
final prediction.

In the step where the prototype push operation takes place, both parameters of the last layer
and the layers before are frozen so that there is no modification of the learnt latent space when it
reaches that point. What is important in this context is the act of updating the learned prototype
vectors.

Finally, the convex optimisation of the last layer takes place in the epochs immediately fol-
lowing the push operation in which only the parameters of the last layer are unfrozen in order to
reinforce the connection between this layer and the rest of the layers and by fixing the parame-
ters from the convolutional and prototype layers, the learned latent space is not modified and an

accurate prediction is made based on what has been learned.



Chapter 6

Results and Discussion

This chapter presents the results from the executed experiments and a critical discussion about
them, including the comparison with current state-of-the-art methodologies.

It begins with a discussion of the results in terms of object detection performance, comparing
the results obtained from the proposed framework with the alternative model and with the detector
that serves as a baseline. As well as a comparison with the performance results that the baseline
detector achieved with the adopted dataset in the original work.

This is followed by an evaluation of the results in terms of generating explanations for each
one and finally a discussion of the classification performance and explainability of the intrinsic
classification model used as a baseline in the frameworks developed.

This chapter also includes a section presenting the hyperparameters used in these experiments.

6.1 Hyperparameters Details

i) iFaster-RCNN and Sequential models

In Table 6.1 are presented the values of the hyperparameters used in the iFaster-RCNN and
Sequential models frameworks. The Explainable Sequential Classifier Framework used the
Faster R-CNN model pre-trained on the selected dataset with the same hyperparameters

used on the proposed solution.

Table 6.1: Values of hyperparameters used by iFaster-RCNN and Sequential models.

Hyperparameters | Values
Learning Rate 0.001
Learning Rate Decay 0.1
Weight Decay 0.0001
Batch Size 1
Optimizer SGD
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ii) ProtoPNet model

Regarding the Hyperparameters utilized in training the ProtoPNet model, is possible to see

the range of values employed in Table 6.2.

Table 6.2: ProtoPNet hyperparameters.

Hyperparameters | Values
Learning Rate 0.0001
Learning Rate Decay | 0.001
Weight Decay 0.001
Batch Size 100/1
Optimizer Adam

The developed models were carried out over 85 epochs. This number of epochs was essential
to ensure that the training loss reached its fully converged state. Regarding the intervals of epochs
selected to carry out the operation of updating the prototypes according to the projection of each
prototype onto the nearest latent training patch from the same class, in the original ProtoPnet
work, the authors used a range interval of 10, not specifying the reason for this choice. In this
work, it was decided to perform the push operation at epochs 42 and 82, in the middle and at the
end of the training. This choice was based on strategic considerations: updating prototypes in the
middle of training allows the prototypes to adapt to the changing data distribution as the network’s
internal representations evolve, which ensures that the prototypes capture meaningful features of
the data at a critical stage of learning. Updating the prototypes near the end of training enhances
the network’s ability to learn prototypes of the highest possible quality, given that the loss value is

minimized at this stage.

6.2 Object Detection Performance

Regarding the results, Table 6.3 presents them considering the evaluated metrics and the inference
time between the iFaster-RCNN, Sequential and Faster R-CNN (non-interpretable) models. In this
table is possible to observe that the Faster R-CNN baseline model, tested on the selected medical
dataset, was able to deliver a performance level equivalent to the reported in the original research
of Faster R-CNN tested on PASCAL VOC 2007 (73.2% mAP), achieving a mAP of 70.5%.

The iFaster-RCNN model achieved a worse performance than the non-interpretable model,
with a mAP decay of approximately 4.4%. This difference is expected due to the change in the
architecture and the way the training process is performed. Alongside classification and regression
tasks, an additional task involves generating explanations for the classification. This extra task
has an adverse impact on the training process, thus affecting the overall performance of object
detection.

Examining the obtained results of the Sequential model reveals a noticeable underperformance
in comparison to the Faster R-CNN model, with a mAP value of 31.4%. This demonstrates that

in addition to the negative impact of the aforementioned factors of changes in architecture and the
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addition of the explainability task, there was also a propagation of the error associated with the
prediction of the bounding boxes throughout the network that negatively influenced the overall
detection performance.

Upon comparing the results of the two developed frameworks, there was a mAP decay of ap-
proximately 34.7%. This considerable difference is also unsurprising given the different training
methodologies of the two models. The iFaster-RCNN model is trained together with the ProtoP-
Net model in which the loss functions are combined, on the other hand, the alternative approach
employs a sequential procedure, in which the detector is trained first and then the ProtoPNet model
is trained. Another contributing factor is that, in the iFaster-RCNN approach, the ProtoPNet model
receives the feature map as input that gives rise to the classification, allowing it to acquire a repre-
sentative latent space earlier than the other approach that receives input from the cropped projected
bounding box.

Analysing the results of each class AP in the three developed models it is possible to notice
that there is a significant difference between the results of the classes: ‘Fracture’ and ‘Metal’,
and the ‘Soft Tissue Swelling’ class. This outcome may be due to the class imbalance, since, as
previously mentioned, there are fewer samples of the ‘Soft Tissue Swelling’ class.

Concerning the duration required for inference in the models, it is possible to verify that there
is a small, almost insignificant difference of milliseconds (ms) between the models. With the
interpretable model achieving a lower inference time. The reason for the slightly higher inference
duration in the developed approaches can be the number of parameters used by them and also the

allocated memory.

Table 6.3: Performance results of the iFaster-RCNN model, Sequential model and Faster R-CNN baseline
model and respective inference time.

AP
Inference Time (ms) | mAP | Fracture | Metal | Soft Tissue Swelling
iFaster-RCNN 232.676 0.6606 | 0.8714 | 0.8103 0.2999
Faster R-CNN (non-interpretable) 243.498 0.7047 | 0.8775 | 0.8139 0.4228
Sequential 288.512 0.3137 | 0.8388 | 0.0909 0.0114

6.3 Explainability Results: iFaster-RCNN

Following the evaluation of the iFaster-RCNN model’s performance, the generation of explana-
tions with prototypes is tested. The illustrations depicted in Figures 6.1, 6.2 and 6.3, schematically
represent the process of the explanations generated by the intrinsically explainable deep learning
model that led to the final classification prediction of the detected object.

In each figure, is shown an object detection inference for each class, along with the explanation
process that led to the classification of the detected object. This process allows the observation of
the most highly activated patches in the input image by the first 3 prototypes. It also includes a
heat map of the input image resulting from upsampling the similarity scores activation maps to the

input image size. This heat map identifies the region (shown in red) of the input image that is most
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similar to the learned prototype (part of the image that is activated by the prototype). Additionally,
there is a self-activation map of the prototype and the resulting values of similarity scores. As
previously mentioned, the similarity scores represent the distance between the presented prototype
and the latent space representation of that class. From this value, it is possible to assess how close

the presented prototype is to some patch in the input image.

An example of the explanation for the metal class can be found in Figure 6.1. The first and
third prototypes correspond to metallic pins in the training image, while the second prototype
corresponds to a screw. With this, it seems that for the generation of prototypes, the model used
characteristic features such as the colour contrast between metals and the background as well as
object contours. In X-ray images, metallic objects typically exhibit a bright white colour with high
contrast against a less opaque background. Out of the three recognized prototypes, the first one has
the highest similarity score of 4.626. This high score suggests that the first prototype is visually
closer to the specified patch in the input image, however, upon closer examination, it is evident
that other prototypes also closely resemble specific patches in their respective input images, even
though they have lower similarity scores. In the second case, the prototype in the input image
corresponds to the thickest part of the metal, similar to the most activated prototype in the training
image. In the third case, both prototypes focus on the tip of the metal and share the same shape.
Through this analysis, it can be stated that the iFasterRCNN model focuses on finding the most

relevant parts of metals such as screws, pins and wires to generate its prototypes.

Activation of Part that Training image Prototype Similarity
protot_:ype on test looks like Prototype where prototype self-activation Scores
image prototype comes from

Why is this wrist anomaly
classified as a metal?

-

looks like

Test image

‘ .
i

3.814
1h looks like
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Figure 6.2 shows an example of an explanation for the fracture class. In the first two prototypes

generated, the deep learning model is considered as the most relevant features belonging to the
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fracture class, the notable difference in colour in the location of the fracture, with no continuation
of the bone, and also the contour/delineation of the fracture itself. The first and second prototypes
have 4.987 and 3.274 respectively, however, it is possible to visualise better the second prototype
in the corresponding patch activated in the test image than the first case, not respecting the rule
that the higher the similarity score, the closer the prototype presented in the respective patch of
the input image will be. Regarding the third prototype generated, is possible to understand the
similarities between the prototypes because they both correspond to the delineation of the bone

and that specific zone is brighter and contrasts with the background colour.

Finally, in Figure 6.3, the classification for the Soft tissue swelling class is explained. The
model focused on specific features to create prototypes, mainly the contours of the swelling. Ini-
tially, these contours may appear indistinguishable without any processing. However, after appro-
priate processing, it becomes possible to observe a slight difference between normal tissue and
swelling. The model also considered the edge between the background and the soft tissue as a
relevant area for creating general prototypes. The first prototype, with a similarity score of 4.557,
corresponds to the edge between the background and the tissue, similar to the test image. The

remaining prototypes also accurately reflect the corresponding patches of the image.

In addition, Figure 6.4 shows other self-activation prototype images, which are highlighted
by the red regions. Typically, the prototypes produced are compact in size, so they are presented

alongside their corresponding original images to enhance comprehension.
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Figure 6.2: Wrist anomaly correctly classified as a fracture.
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Figure 6.4: Examples of self-activation of the prototypes for the classes: metal (first row), fracture (second
row) and soft tissue swelling (last row). The Red region indicates the highest relevance part.

6.4 Explainability Results: Explainable Sequential Classifier Frame-

work

In the same way that the generation of explanations was evaluated in the iFaster-RCNN model, a
similar evaluation was conducted for the sequential model. New illustrative panels (Figure 6.5)
were generated using the same test images as those used in the proposed solution to allow a more
effective comparison of the quality of the explanations. Unfortunately, due to the unsatisfactory
performance of this model, there is a noticeable decline in the quality of the generated explana-

tions.
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The term "Class Connection" presented in the following illustrations refers to the weight con-
nections between prototype units and class logits in the last layer as already described in Section
4.3.1.1. Recalling the content previously elucidated, these connections are defined initially in the
first training phase of the ProtoPNet model (“Stochastic gradient descent (SGD) of layers before
last layer”) based on whether a prototype belongs to the class being considered or not. Positive
connections (weight values set to 1) are established between prototypes of the class being consid-
ered and the class’s logits. Negative connections (weight values set to -0.5) are established between
prototypes not belonging to the class and the class’s logits. These defined values were followed
according to the original work of the ProtoPNet model. This adjustment of connections serves to
influence the predicted probabilities of the model. Positive connections increase the probability
that an image belongs to the corresponding class if it is similar to that class’s prototype. Negative
connections decrease the probability if the image’s similarity to non-class prototypes is high.

Analysing Figure 6.5a, the first prototype of the soft tissue swelling class activates most
strongly on a specific part of a soft tissue object and the most activated image patch of the given
input image for this prototype, that is the patch that the model considers to look like the corre-
sponding prototype, is a specific part of a metallic structure, with a similarity score of 3.361.

Given that the model accurately predicted that the object presented belongs to the metal class,
it means that its inherent features align well with the characteristics of that class. However, the
prediction is partially driven by the activation of a prototypical part from a different class, which
exhibits high similarity to the given input image. Nevertheless, this prototype has a negative class
connection of -0.514 to the predicted class, meaning that it will not contribute to the prediction for
the correct class (-1.728 points contributed to the classification decision). In sum, it can be stated
that, despite the prototype belonging to a different class, the model finds that the input sample
shares enough features or characteristics with that prototype to activate it significantly but due to
the value of class connection, this situation negatively impacts the predicted probability for the

correct class.

In opposition to what happens in the second prototype, which is a prototypical part belonging
to the metal class that activates most strongly on a specific patch of the test image achieving
a similarity score of 3.234 with a positive class connection value of 0.968, thereby making a
favourable contribution to the accurate prediction for the correct class.

In Figure 6.5c, a similar occurrence to the first example is observed in the second prototype:
An activation of a non-class prototype by a class image with a similarity score of 2.293. This
prototype comes from a training image belonging to the metal class but the model prediction for
the displayed object was that it falls under the classification of soft tissue swelling.

Through these results, it is possible to understand that the model’s behaviour is not desirable,
as there are some examples of activation of a non-class prototype by a class image. This indicates
that, at certain times, there was no reduction in the penalty for increasing the separation cost. In
other words, in some cases the separation cost becomes less negative, meaning that the prototypes
are not as well-separated as intended. Additionally, this behaviour negatively impacts the cross-

entropy loss because it increases when there is a negative connection, this interferes with the
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prediction for class k and results in a higher loss.

Thus, the model was unable to extract a meaningful latent space for each class, so that it
would be able to distinguish which features belong to one class and which features belong to

another, showing confusion when generating prototypes for a given class.
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Figure 6.5: Sequential framework: (a) Wrist anomaly correctly classified as metal. (b) Wrist anomaly
correctly classified as fracture. (c) Wrist anomaly correctly classified as soft tissue swelling.
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6.5 Classification and Explainability Performance: ProtoPNet Base-
line Model

Concerning the ProtoPNet performance as a Baseline model, it achieved an accuracy of 98.0% on
both the training and test sets. However, despite the high accuracy of the model, and after further
investigation into the model’s training and testing, it was found that the value of separation cost
exhibited a constant increase. This behaviour suggests that the network was not able to make all
the latent patches of the training images distant from prototypes of different classes, consequently
leading to poor learning of a meaningful latent space.

Explanations were generated with this performance to see the impact on the quality of the
prototypes and, by analyzing the newly presented illustrative panel (Figure 6.6), it can be stated
that, the network generated viable explanations. However, the presence of a high separation cost
in both training and testing sets negatively influenced the effective calculation of similarity scores
as can be seen in the unusual set of similarity scores in the three examples (Figure 6.6a, 6.6b and
6.6¢), with the top 1 activated prototypes having a similarity score of 9.210 and the top 2 activated
prototypes having a very low similarity score of 0.366, 0.375 and 0.366 respectively.

In an effort to improve the explainability performance of the model, and improve the separation
cost behaviour, various experiments were conducted by adjusting the hyperparameters. One such
experiment involved using a batch size of 1. Unfortunately, this adjustment did not yield better
results. In this particular experiment, it was observed that the model reached an optimal solution
during training with an accuracy of 33.7%. However, the accuracy during testing was inconsistent,
fluctuating between 94.1% and 2.7%, indicating that sometimes the network can make correct
predictions and other times not, which may be due to the weak representation at the class level
in the test set, managing to have higher accuracy in the majority class. On the other hand, a
significant improvement was noted in the behaviour of the separation cost, which decreased both
in training and testing. However, looking at the prototype-based explanation panels (Figure 6.7),
it was not enough to improve explainability results due to unstable performance.

As can be seen in the figures, the model classified these three test images as soft tissue swelling,
and only the last one, truly belonged to that class. Besides these misclassifications, the network
identified resemblances between each of these test images and prototypes from the metal class,
indicating a score value of 9.210. This outcome underscores the model’s inability to capture
essential characteristics for distinguishing between different classes, thereby hindering its ability
to establish reliable similarities between prototypes and specific image patches.

Concluding these observations, while the ProtoPNet model achieved an impressive accuracy
performance of 78.0% and at the same time managed to generate reliable explainability results
when tested with the original work dataset, the same does not occur using the dataset studied in
this work. This discrepancy could be related to the difference in the number of images or the level

of complexity between the two datasets.
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Figure 6.6: ProtoPNet model (batch size of 100): (a) Wrist anomaly correctly classified as metal. (b) Wrist
anomaly correctly classified as fracture. (c) Wrist anomaly correctly classified as soft tissue swelling.
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Chapter 7

Conclusions and Future Work

The intrinsic explainable Deep Learning model developed in this dissertation project successfully
demonstrates the ability to generate explainability during training without compromising the per-
formance of the object detection task. This model achieves object classification by leveraging
pertinent characteristics shared by objects of the same class that it has encountered previously,
thereby emulating human reasoning rooted in past observations. Furthermore, this innovative
framework aids in comprehending the reasons behind classification failures by providing visual
explanations. Additionally, an interesting discovery emerges: the model employs distinct features
specific to each class for the classification of Regions of Interest. This phenomenon is evident
from prototype visualizations that illustrate changes in colour, contrast, and shape for individual

objects.

Based on the proposed solution analysis of explanations, it can be stated that although the
ProtoPNet model works correctly and effectively in explaining the classification of birds, cars,
and persons, where the features used to extract the prototypical parts of the images are more
perceptible and distinctive as in the case of the part of a bird’s beak or a car’s wheel. However,
when dealing with medical data, particularly X-ray images, the situation is more complex. X-ray
images are abstract in nature, with similar extracted features and a limited range of pixel values
between black. This lack of variety makes the task of explainability more challenging in the
medical domain.

Furthermore, the quality of prototypes generated by the integrated model is compromised due
to the substantial heterogeneity of objects in this medical dataset. As already seen from the pre-
sented examples, this dataset contains diverse metal objects, such as wires, pins, plates, screws,
and other variations, along with fractures and tissue anomalies, each unique in their presentation.
In contrast, the bird dataset, which served as a case study in the original ProtoPNet report, does
not share this diversity. The bird species exhibit a high level of uniformity in terms of their char-
acteristics, shape, and posture. This homogeneity contributes to the superior quality of prototypes
generated for this dataset.

A comparative assessment between the iFaster R-CNN approach, the alternative method, as

well as the separated intrinsic classification model, reveals that the first one yields superior results
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both in performance and explainability via prototypes. A potential reason for this outcome is
the multitasked nature of the iFaster R-CNN model, which appears to operate as a regularization
mechanism, mitigating the risk of poor model generalization.

Certain limitations are intrinsic to this new approach and could be considered in future re-
search. The method’s inference time is too slow, potentially making it unacceptable for real-time
applications like autonomous driving, where immediate response is imperative. This constraint is
tied to the detection model utilized, which lacks compatibility with real-world applications. How-
ever, given the present focus on healthcare applications in this study, the time factor is less crucial
since the approach serves as an auxiliary diagnostic tool rather than requiring instantaneous out-
comes. Another interesting future research involves exploring alternative backbone models, such
as one-stage detectors like YOLO or SSD, which will decrease the inference time in the detections.
Additionally, a deeper study should be carried out to evaluate the performance of this solution to
optimize these results through experimentation with different backbone models such as ResNet
and DenseNet.

Finally, the research conducted in this dissertation was important to make a significant addition
to the realm of xAl in object detection with a particular focus on how it can be put into practical
use in the domain of healthcare services. Increasing the explainability of deep learning models

holds the potential to identify any latent flaws, thus facilitating accuracy enhancements.
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