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Resumo

As redes neuronais profundas (DNN) sao ferramentas muito poderosas e flexiveis. Com tais
capacidades, estas tém sido adotadas em diversos tipos de problemas: desde problemas
classicos com dados tabulares até problemas de texto e imagem. Na base dos problemas de
imagem, estao as redes neuronais convolucionais (CNN). A CNN & um tipo de DNN especial-
izado em classificacdo de imagens, segmentacao de imagens e detecao de objetos.

No entanto, devido a forma como as DNN sao construidas, estes constituem modelos de
caixa preta. Ou seja, ndo € possivel compreender as razdes subjacentes que levam o modelo
a tomar uma decisao especifica. Esta limitagdo do algoritmo leva a resisténcia em adotar
estes métodos em areas mais sensiveis, como medicina, condugao auténoma, financas, etc.
Portanto, a capacidade de interpretar e explicar as razdes subjacente de cada decisdao do
modelo & fundamental para diversas aplicagdes e sera o principal foco desta tese.

Atualmente, existem diversas técnicas que tentam apresentar uma explicacdo para qual-
quer modelo de DNN, no entanto, dada a diversidade de técnicas, torna-se dificil identificar
quais sdo as melhores ou mais adequadas para um determinado cenario. Assim, neste es-
tudo, € apresentada uma comparacao entre varias técnicas populares de explicabilidade.

Os resultados mostram que técnicas como D-RISE e LIME conseguem produzir explicagcoes
claras sobre as razoes por tras de diversos modelo de visao computacional, proporcionando
confianga ao utilizador. No entanto, estes métodos revelao-se computacionalmente dispendiosos.
Porém, outros algoritmos menos dispendiosos em termos computacionais, como por exemplo
o Grad-CAM e o Eigen-CAM tornam-se boas opgoes, fornecendo explicagoes rapidas, mesmo
com um decréscimo na qualidade. E também possivel concluir que estes métodos sdo exce-
lentes para detetar problemas nao identificados nos dados considerados, evitando dificuldades
na fase de producao do sistema.

Palavras Chave

inteligéncia artificial explicavel, técnicas de interpretabilidade, visdo computacional, redes neu-
ronais profundas






Abstract

Deep neural networks (DNN) are very powerful and flexible tools that have taken over the entire
field. With such capabilities, they have seen a huge adoption rate in wide range of problems:
from classical tabular data to text and image problems. On the basis of image problems are
Convolutional neural networks (CNN). CNN is a type of DNN specialized for certain tasks like
image classification, image segmentation, and object detection, among others.

However, by their design nature, DNNs are a black-box model. That is, it is not possible
to understand the underlying reasons that lead the model to make a certain decision. Such
inability leads to resistance to adopting these methods in more sensitive areas like medicine,
autonomous driving, finance, etc. Hence, the ability to interpret and explain the underlying
reason for a model decision is fundamental for a multitude of applications. These are the focus
of this study.

Currently, there exists a large variety of techniques that try to provide an explanation for any
computer vision DNN model. However, with such a diversity in techniques, it becomes hard to
identify which are the best or which are the most adequate for a given scenario. In this study, a
comparison between several popular explainability techniques is presented.

The results show that techniques such as D-RISE and LIME can provide clear and insight-
ful knowledge about the reasons behind any computer vision model, hence, providing trust to
the user. However, these methods are computationally expensive. Nonetheless, less computa-
tionally expensive algorithms, like Grad-CAM and Eigen-CAM, are good variants, providing fast
explanations even if with a drop in quality. It was also possible to conclude that these methods
are efficient at finding unidentified problems with the data considered, thus saving difficulties in
the production phase of the system.

Keywords

explainable artificial intelligence, interpretability techniques, computer vision, deep neural net-
works
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Chapter 1

Introduction

In this chapter, we explain the main reasons that led to the accomplishment of this work. Fur-
thermore, an initial overview of the developed work is shown.

1.1 Motivation

In the past decades, machine learning techniques have been a very researched topic, and with
this research, many breakthroughs have been made in the field. One of the biggest advances
made was in the topic of deep neural networks (DNN).

DNNs have seen an increase in popularity in the research domain due to its great predic-
tive capacity. This is especially true for non-structured problems, such as, those with images
or text, after the creation of Convolution Neural Networks (CNN) and Recurrent Neural Net-
works (RNN), respectively [9, 10]. Hence, DNNs are currently one of the main tools used by
researchers in a diverse range of areas, such as medicine, in automated diagnostic techniques,
for instance through image processing [11]; in finance, in areas such as the evaluation of mort-
gage risk [12]; in autonomous driving [13]; in judicial systems, in the assessment of risk of
recidivism in crime; in image recognition [14] and speech recognition [15]; in machine transla-
tion [16]; etc.

However, this adoption has not been replicated in industry. One of the main reasons for that
is the fact that DNNs remain opaque tools with a complex and unintuitive process of decision-
making, resulting in them being hard to understand, debug and improve. In fact, the impossibil-
ity of knowing why a DNN model has made a decision is the key factor to why certain domains
where a decision can have serious consequences (e.g., medical diagnosis, criminal justice,
etc.) have not adopted these models.



To solve this issue, an emerging new research area has been gaining a lot of attention:
Explainable Artificial Intelligence (XAl). As the name indicates, the goal of this area is the
development of methods that can give an interpretation of why a specific decision was taken
by any model. Improving the interpretability of DNN is not only important for the industry, but
also for researchers, as an increased understanding of its learning process could better guide
the development of networks, ensuring the models are not learning artifacts or are vulnerable
to adversarial attacks. A telling example of such attacks was the discovery that by making
certain changes in an image, imperceptible to the human viewer, the correct results of an
image classification network would change to an incorrect prediction [17].

Therefore, this work will focus on the study of explainability methods for image classification
problems with DNN in order to be able to identify which pixels on a given image had the biggest
impact on the prediction. More precisely, the work will focus on explainability methods of DNN
models for object detection problems, where the model not only gives a classification of the
image but also a localization bounding box of the target.

1.2 Goals

Despite the long history and a significant amount of work in the computer vision field, creating
good model explanations is not a trivial task. The motivation for this thesis follows the need to
guarantee the reliability of explanation methods, a crucial aspect in tasks where visual inspec-
tion of results is not easy, or the costs of incorrect attribution are high. Hence, the purpose of
this thesis is to analyze at least one of each sub-category of model explainability algorithms for
DNN predictions in object detection problems.

More in detail, the aim of this thesis is:

» Understanding explainable Artificial Intelligence (XAl) and its importance;

» Proposing an overview of the theory and the explanation methods that are more suitable
for deep neural networks analysis in object detection problems;

» Comparing the results of the studied interpretability methods, indicating advantages and
disadvantages of each. To accomplish this, it will be necessary to:

— Studying the main deep neural network frameworks, such as PyTorch and Tensor-
Flow;

— Developing an object detection model to study each XAl methodology.
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1.3 Work overview

To accomplish the goals proposed for the current work, this thesis will be presented with the
following structure:

« First, the introduction, in which motivation and goals for this thesis are presented.

» Afterwards, in the second chapter a state of the art of object detection is presented.
In the same chapter, it is also presented the reason why having an explanation of any
model decision is so crucial to any practical task. Lastly, a review of the most common
explainability techniques is also made.

* In the third chapter, a thorough analysis of the theoretical background of the explainability
algorithms considered is made. Besides it, the metrics used to evaluate each explanation
are also shown.

» The fourth chapter contains all the tests and analyses made in order to accomplish the
goals of this work. As such, the data and code used to obtain the results are also pre-
sented.

+ Finally, in the fifth and final chapter, the main conclusions of the project will be stated,
also the limitations of the work carried out, and some suggestions for future work.



Chapter 2

State-of-the-art

In this chapter, we review the state-of-the-art for all the relevant subjects relevant to this the-
sis. Namely, computer vision and object detection techniques, the importance of good model
explainability, and the main techniques to do so.

In section 2.1, it is shown the difference between some computer vision problems and
the most essential model used in DNN for computer vision problems, the Convolution Neural
Network, is described. Finally, specific object detection algorithms are detailed, as well as, the
sub-category used to distinguish them: single-stage and two-stage detectors.

Section 2.2 describes when and why it is necessary to have a good model explainability. It is
also explained that to obtain a good model explanation, five different characteristics can be as-
sessed, namely: assessing correctness, assessing fairness, knowledge discovery, justification,
and user acceptance.

Finally, in Section 2.3, it is given an overview of model explainabilities for all types of models.
Then a deeper view of DNN model interpretability techniques is presented. Within this review,
three subcategories for model explanations algorithm is analysed: Gradient-based methods,
Permutation-based methods, and Meta-model methods.

2.1 Object detection

With the developments achieved in DNNs, several classification areas also advanced, more
precisely, areas where the data is not structured, like computer vision and text classification. For
these type of problems, traditional classification methods were ineffective, due to the absence
of structure in the data.

In these problems, it is not possible to anticipate the structure of the input, hence making
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them harder to solve when compared to the traditional classification problems. However, due
to the high flexibility of the DNNs, it is now possible to solve these problems. So a big devel-
opment has been made in the computer vision field, which lead to the creation of three main
subcategories of computer vision problems [18-20]:

» Image Classification - This is the first and the main task of computer vision problems. The
goal of image classification is to identify the object present in the image, within a certain
range of available classes. However, sometimes it is important to know where the class
of interest is located in the image. For that reason, two other subcategories were created:
Object Detection and Segmentation.

» Object Detection - Object detection is a direct extension of an image classification prob-
lem. While in image classification, the goal is only to identify the object present in the
image, in object detection, the goal is not just to predict the class of the object but also
its localization in the picture. For this, an object detection algorithm will predict the object
class and the corresponding bounding box. Due to the extra task of identifying the tar-
get’s position, object detection is a harder task than image classification. Lastly, object
detection will be the focus of this work.

+ Segmentation - Segmentation takes the idea of object detection to an extreme. That is,
instead of only putting a bounding box on the object of interest, segmentation highlights
every single pixel of the object. Since segmentation implies the necessity to classify every
pixel in the image, it is considered the most challenging task in computer vision.

What is there in image Which pixels belong to
and where? which object?

Is this a dog?
// b /
, e —

Image Classification

Object Detection Image Segmentation

Figure 2.1: Representation of the various computer vision tasks. Image from [1].



2.1.1 Algorithms

All the DNN models used to solve a computer vision problem, object detection included, have
as base a Convolution Neural Network (CNN). The CNN can be divided into two types of layers:
convolution layers and pooling layers.

Convolution layers use an idea from traditional computer vision techniques, the kernel. That
is, CNN applies filters to the input in order to extract important properties from the image. The
extracted features from the kernels could be vertical/horizontal edges, circles, background/fore-
ground information, etc. For such, a smaller matrix called kernel (or filter) slides over the image
and does a dot product with the overlapped pixel values [21,22], as shown in Figure 2.2.

.................. > * —
T [ - T3 84| 1o
: 1 0 000 T~ N~ A 0"0=0
...... — | [ e e Vi 0°1=0
: : : : : L e 1*0=0
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1 1 1 1 4 1 * 1 - 1
i E 1 E 1 E 1 0 : 1 E/O/ / 1%0=0
------ o | tts ot S // * ] =1
1 | (T el B \/\ :
P01 TR0 | <01 s 4
------ [ -~ e
i 4140 ! Convoluted feature
Kernel
Input data

Figure 2.2: Representation of a convolution layer. Image from [2].

Hence, the values of the filter play an important role in the performance of the DNN, as a
change in the kernel unit values represent a change in the importance of the pixel. So, these
values are adjusted in the process of training the DNN, as any other parameter.

The other type of layer present in the convolutional part of the network is pooling layers.
These are placed after the convolution layers and downsample the image from the previous
layer, compacting the information of the image into a smaller one, hence reducing the dimen-
sionality of the problem. The downsampling is done by sliding a window through the feature
map (convoluted image) and replacing the pixels in its receptive field with a single value given
by either the average (average pooling) or maximum value (max pooling) of the latter [2]. An
example of a pooling layers is represented in Figure 2.3.



max pooling

20 30

112 37
[12]20] 30| 0
8 1121 2| 0
34 (70| 37| 4 average pooling
|1121oo 25|12

Figure 2.3: Representation of a pooling layer. Image from [2].

To note that maximum pooling is used more often than average pooling, as the this are
computationally less expensive without any loss in model capacity.

So, for the complete model, it is common to stack a multitude of CNNs and then finish the
model architecture with a Fully Connected Layer, to perform the classification, as shown in
Figure 2.4.

' 1
_I.l I
— = | Bird |
4-=="311 D
g | i | e
[ Convolution + RelLU + Max Pooling ‘ Fully Connected Layer [
Feature Extraction in multiple hidden layers Classification in the output layer

Figure 2.4: Representation of a common architecture for a computer vision DNN model. Image from [3].

In the case of object detection, the used model can be divided into two categories: two-
stage detectors and one-stage detectors [4].

» Two-stage detectors: As the name indicates, the two-stage detectors divide the object
detection task into two stages: extraction of the Region of interest (ROI), then regressing
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and classification of the ROls.

For the region proposal stage, a multitude of strategies can be used. However, the two
main ones are using tradicional Computer Vision methods to select the ROls, and the
second is to train a specific neural network to do so [23]. After selecting the ROls, a
convolution neural network is used to make a classification of every ROl and select the
best one.

The two-stage detector was the first methodology successfully used to solve object de-
tection problems. However, these methods tend to be slow, as it is necessary to predict
every ROI, so multiple forward passes are required. Despite this, these methods ate still
used as they obtain great accuracy [20].

There is a large variety of models that apply the two-stage detection methodology. How-
ever, the most representative is the R-CNN model family. Within this family, the most
commonly used model is the Faster R-CNN [6].

Singel-stage detectors: This methodology was conceived with the intention of removing
the first extraction of regions of interest from the two-stage detectors. This way reduces
the computation cost and fastens the classification process. For this, single-stage de-
tectors use a single network to detect objects. With this, single-stage detectors directly
classify and regress the candidate anchor boxes.

The main advantage of single-stage is that those algorithms are generally faster than
multi-stage detectors and structurally simpler without losing predictive power [20].

There are not as many single-stage detectors as there are two-stage detectors. For
single-stage detectors, there basically only exists one family of models, the YOLO (You
Only Look Once) [24]. Within this family, there are currently seven models, with YOLOv7
being the last and best one [25, 26].

2.2 Motivation/goal for interpretability

First of all, it is important to notice that model interpretability is not fundamental in every appli-

cation. In some cases, users might only care about getting the highest predictive performance

possible, regardless of the model’s reasoning [27]. An example of such a case could be the

problem of predicting the cost of prices in the stock market. In this case, the user only cares if

the model has the capability of maximizing the investor returns and does not take into account

the reasons the model took in such decisions. In these cases, interpretability is not useful.
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Model interpretability becomes useful when the application has a bigger impact on human life,
areas such as medicine, judicial systems, autonomous driving, and many more.

For these applications, and independently of the problem type (classification, regression,
etc.), the ability to interpret the model is crucial for many reasons. However, according to
[27, 28], the five main reasons are the following: assessing correctness, assessing fairness,
knowledge discovery, justification, and user acceptance.

» The first reason to study the arguments behind a model is to assess its correctness. That
is, to assess if the reasons why a model made a certain decision match the decision in
itself.

Let us take as an example a model that aims to identify whether a dog is present in an
image. On a certain correct classification made by the model, it is possible to observe
that the pixels considered as most important by the model do not contain the dog. Hence,
this indicates that, although the model is making correct decisions in this database, it may
not be able to generalize well to other examples. Thus, an adjustment is necessary.

» The second reason is assessing the fairness of the model. Any model developed is only
able to learn from the data that it was provided. Hence if there are any discriminations
in the data (due to the data quality, over/under-representation of a subpopulation, for
example), this could lead the model to capture this unwanted behavior.

A famous example is one of the COMPAS score. The COMPAS score uses an algorithm
to assess the potential recidivism risk of criminal felons in the United States of America.
However, in the study [29], it was proven that this model was racially motivated, and it
was harder for African Americans to have a lower recidivism risk when compared to white
Americans.

In conclusion, the fairness of the model is important to ensure no sub-population present
in the data is discriminated against.

* The third reason is knowledge discovery. Domain experts can use machine learning
to discover correlations in the data. Even though correlation is not causation, machine
learning models can still reveal relationships that can be used to formulate new statisti-
cal hypothesis about the real world. For obvious reasons, interpretability is the key for
knowledge discovery.

» The fourth reason is a justification for the model decision. Given recent regulations in
data protection such as the General Data Protection Regulation of the European Union,

9



interpretability can be necessary to comply with the right to an explanation of algorithmic
decisions [30].

An example of such is when asking for credit at a bank. As it is mandatory for the bank to
provide a reason for declining to its clients.

+ The fifth reason is user acceptance. In areas where every decision has a serious con-
sequence, a metric saying how good a model performs is not enough for the model de-
ployment. This is because every domain expert will be reluctant of the model every time
it goes against the user’s opinion. A way of giving confidence to the users of the model
is by showing how the model has come to the decision presented. This way, it is possible
for the user to rethink his opinion and gain confidence in the model.

2.3 Techniques for Interpretability

The explainability approach refers to the mechanism in which the explanation is generated
from the Al-based system. Multiple prior surveys in the literature have tried to generate different
taxonomy of explainability approaches, and two groups of approaches have been created: ante-
hoc and post-hoc [31].

The ante-hoc methodology is the interpretability technique that is pre-built in the model
considered. That is, this methodology is defined by the usage of white box models, such
as linear regression models, decision trees, k-nearest neighbor models, rule-based learners,
generalized additive models, and Bayesian learners. Despite the easy interpretability of these
models, they are not always used because it is commonly assumed that they lack predictive
power when compared to black box model. This is especially true when considering non-
structured problems, like computer vision problems. For these problems, a black box model is
usually considered, such as DNNs. For that, a post-hoc methodology is needed.

The post-hoc methodology tries to generate explanations of already trained models. For
post-hoc explainability methods, there is often a further distinction between model-agnostic
methods and model-specific ones. This distinction is about whether the method works for all
types of models (model-agnostic) or only specific ones, such as DNNs, support-vector ma-
chines (SVMs), or random forests (model-specific).

Figure 2.5 shows a diagram with the different sub-categories for explainability algorithms
that can be considered for object detection models.
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Explainability Methods

v

ante-hoc
(Linear Regression,

Decision Three, GAM, post-hoc
etc.)
; Permutation-based methods
Greicci:lirra—bgf::_ (r)n:m)ods (SHAP, D-RISE, DeepLIFT, Meta-m(cl)_(Ij;IEr;ethods
’ AblationCAM)

Figure 2.5: Representation of overarching taxonomies of explainable artificial intelligence methods.

Since the goal of the present work is to study explainability methods for object detection
methods, that are usually solved with DNN, only post-hoc methods for these models will be
presented and studied.

2.3.1 Gradient-based methods

As the name indicates, Gradient-based methods rely on the calculation of the gradient of the
model’s prediction to compute the importance of each pixel. The first popular algorithm of
this type was Class Activation Mapping (CAM) [32]. The CAM algorithm backpropagates the
gradient of the model output from the last convolution layer of the DNN back to the input layer.
Then a weighted sum of each feature (pixel) activation value is done in order to identify the
importance of each one.

With the popularity of the CAM algorithm, many variants were developed, being Grad-CAM
the most popular one [33]. In Grad-CAM, the general process is the same as the one used for
the CAM method, this is, the algorithm also backpropagates the model output gradient back to
the input layer. However, the difference is that in Grad-CAM, the importance of every pixel is
calculated by weighing the feature activation values at every location with the average gradient
of the class score instead of just the average gradient values.

Gradient-based methods tend to give good results and be computationally efficient as they
only require a single forward and backward pass through the model. However, they are not
widely used in object detection problems. The reason behind it is the fact that it is common
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to use some post-processing of the model output with techniques like Greedy Non-Maximum
Suppression, Soft-NMS, etc [34], which makes the outcome non-differentiable [35].

2.3.2 Permutation-based methods

Permutation-based methods, also called Gradient free methods, are methods that make per-
turbations, such as adding noise, inpainting, and blurring to individual parts of the input image,
to observe the impact it has on the outcome. The methods estimates the importance of each
region by seeing the impact of each permutation on the model outcome.

These types of methods are not specific to DNN, as they are also used for standard machine
learning models. Two of the most popular methods are SHapley Additive exPlanation (SHAP)
[36]. The SHAP, like any permutation-based method, starts by applying perturbations of the
input. However, this method used the permutation to compute the Shapley Values. Given a
reference (or baseline) input, a random permutation of the input features is added one by one.
After each step, the network is evaluated. The output difference after adding each feature
corresponds to its attribution. But the ordering in which the features are added is important for
nonlinear functions. Thus, these differences are averaged when repeating this process several
times, each time choosing a new random permutation of the input features [37]. In the end, the
highest the Shapley Values the more important the feature/pixel is.

On the other hand, there are DNN-specific methods that apply this technique. D-RISE [4]
is a standard method used to do so.

Lastly, there are also variants of the gradient-based methods, that use the same method-
ology but are gradient-free. These methods follow the same procedure as the gradient-based
methods presented, but instead of backpropagating the gradient, these methods backpropa-
gate a different metric. Examples of such are DeepLIFT, AblationCAM, and EigenCAM [38—40],
where, for example, EigenCAM uses the eigenvalues of the first principle component of the ac-
tivations, instead of the gradient to compute the importance of each pixel in the image [35].

2.3.3 Meta-model methods

The last big category of explainers is the meta-model explainers, or simply called meta-explainers.
This technique tackles the challenge of producing model explainability by building surrogate
models to try to approximate the original model. However, the key idea is that the models used
to approximate the original model are always ante-hoc models. Hence, if the approximation is
good the ante-hoc model will allow us to interpret the results.

Surrogate models can be created in many ways, for instance, by probing the original model
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via local perturbations or by leveraging its structure. Accordingly, surrogate models can be the
result of most ways of functioning [31].

The most commonly used algorithm that uses this technique is Local Interpretable Model-
agnostic (LIME) [41]. By inception, LIME uses a simple linear model as its surrogate model to
approximate the original model. However, the algorithm allows for different choices, such as
Decision Tree.
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Chapter 3

Theoretical Background

In this chapter, a comprehensive description of explainability methods theoretical background
is presented, as well as, two metrics used to evaluate the explanations produced by each
algorithm. This way the objective is to establish a solid foundation and understanding of the
concepts, techniques, and algorithms that enable interpretability and transparency in visual
recognition tasks. Specifically, this chapter focuses on four prominent explainability methods:
GradCAM, EigenCAM, D-RISE, and LIME.

The selected methods represent a diverse range of approaches for interpreting and explain-
ing the decisions made by computer vision models. This selection ensures that at least one
technique from each sub-category of algorithms is presented in 2.3, is tested. For Gradient-
based methods, Section 2.3.1, the most recent algorithm in the literature will be tested, that is,
Grad-CAM. Grad-CAM utilizes gradient information to identify the crucial regions in an image
that contribute to the model’s predictions.For permutation-based methods, Section 2.3.2, two
algorithms will be tested, D-RISE and EigenCAM. D-RISE focuses on generating counterfac-
tual explanations by perturbing the input and observing changes in the model’s output. On the
other hand, EigenCAM is a gradient free version of the Grad-CAM algorithm, taking leverages
the eigenvalues of the convolutional layers to highlight salient features in an input image. Lastly,
the meta-model algorithm, Section 2.3.3, considered is going to be LIME. LIME adopts a local
interpretability approach by approximating the model’s behavior with an interpretable surrogate
model.

Besides the algorithms in itself, this chapter will also present two techniques proposed in [4]
to evaluate the explanations given by each algorithm. These metrics are Deletion and Insertion,
where both metrics play with the saliency map produced by the algorithm to analyze the model
prediction and this way to evaluate the quality of the explanation.

In summary, the insights gained from this chapter will lay the groundwork for the next chap-
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ter, where practical implementations and evaluations of the explainability methods will be dis-
cussed.

3.1 Algorithms for model interpretability

3.1.1 Grad-CAM

Gradient Class Activation Mapping or Grad-CAM for short [33], is a gradient-based explain-
ability approach that is mainly used for image data predictions [42]. Grad-CAM generates an
output that involves localized class-specific areas in an image created within a single forward
and backward pass [43].

For the computation of the saliency map, Grad-CAM requires the gradient of the model
on the specific image, hence, the model predictions are required. Therefore, the initial step
of the algorithm is the forward propagation of the image through the model in order to obtain
the predicted score of each class, y©. After such, it is possible to compute the gradient of the
output, with respect to the feature map activation, A*, of each convolutional layer in the neural
network:

oy°
0Ak"

(8.1)

This way, the computed gradient will be specific for each input image, as the feature activa-
tion map A* is going to change for each image. It is also important to notice that the computed
gradient will have the same shape as the feature map selected. Hence if we set h as the height
and w the width of the feature map, then the computed gradient will have the shape of (k, h, w).

Next, the gradients are globally average-pooled over the width and the height (indexed by i
and j, respectively) and this will lead to the computation of the neuron importance for a feature
map k of class ¢, af:

.1 G
%thwEEaTZ}J (3.2)

After pooling over the width and height, the shape of the alpha values is (k, 1, 1), which is
the same as a single vector of dimension k.

Finally, the « values are taken as weights for each corresponding feature map and a
weighted sum of these feature maps will give the final value of Grad-CAM. The RelLU oper-
ation is applied over the sum to keep only those values that are positive.
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LGrad-cam = ReLU <Z OfiAk> (3.3)
p

The application of the ReLU operator to the linear combination of maps is because we are
only interested in the features that have a positive influence on the class of interest, i.e. pixels
whose intensity should be increased in order to increase y¢. Negative pixels are likely to belong
to other categories in the image, so they shouldn’t affect the computation [33].

The output of the Grad-CAM has shape of (h,w), which is also the shape of the selected
convolution layer feature activation map. Since the goal of convolution layers is to downsize the
image dimension, then the dimension of the Grad-CAM saliency map is also smaller than the
input image. Subsequently, it is necessary to upsample the saliency map to the original size of
the image.

Lastly, the selection of the convolution layer, and consequently the feature activation map,
is an important step for the algorithm explanation. While any convolution layer can be used,
it is common to select the feature activation map of the last convolution layer in the neural
network. This selection is made because the last convolutional layer will contain only high-level
information, that is, the most critical regions/features of the image [44].

3.1.2 Eigen-CAM

EigenCAM [40] is an algorithm that generates a visual explanation of the principal compo-
nents derived from the learned representations of the convolutional layers of the network. This
method had its origin based on three main observations about the traditional gradient-based
algorithms:

1. Methods that only consider the backpropagation of the gradient assume that the neural
network is 100% accurate. Hence, such a method would only work when the neural
network is correct.

2. Gradients are noisy by nature. Additionally, methods such as Grad-CAM only consider
positive gradients regardless of redundancy in the feature space.

3. Convolutional Neural Network layers map images into different classes, and the final de-
cision is only made by the fully connected layers of the neural network.

So the authors of the method considered the following assumption for the EigenCAM algo-
rithm: "What features go through all local linear transformations and stay relevant in the same
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direction of maximum variation? In other words, what salience features will be in the direction of
the principal component of the learned representation.” Paraphrasing, the method assumes that
the hierarchical representation of the features during the propagation process stays the same
in the direction of the principal components that could be learned as an explanation purging
redundant dependencies [45].

Let | represent the input image of size (i, j), I € R*/, and let W, represent the combined
weight matrix of the first n!* convolutional layers of size (h, w). Then, the class activated output
is the image | projected onto the last convolution layer L=k and is given by:

Op—p =Wi_,I (3.4)

In other words, the matrix Oy—,. represents the feature activation map of the last convolution
layer in the neural network. Using singular value decomposition, principal components are
computed:

Or—i, =UxVT, (3.5)

where U is an h x h orthogonal matrix and the columns of U are the left singular vectors,
) is a diagonal matrix of size (h, w) with singular values along the diagonal and V' is an (w, w)
orthogonal matrix and the columns of V' are the right singular vectors.

Finally, the class activation map, Lgigen-cam is calculated as a multiplication of this projection
O1—, and the first eigenvector V; of the matrix of the right singular vectors V:

Leigen-cam = Or=V1 (3.6)

Lastly, since the Eigen-CAM algorithm does not consider the backpropagation of the gra-
dient or any maximum activation locations, this makes this method less prone to classification
errors when compared to methods such as Grad-CAM. This way, this method becomes more
robust than the previous method mentioned.

3.1.3 D-RISE

The Detector Randomized Input Sampling for Explanation (D-RISE) method [4] is a permutation-
based method for object detectors. Hence, just like any permutation-based algorithm, the XAl
method evaluates the importance of each pixel in the image for the object detector model by
performing small modifications to the input image and observing how the model reacts. This
process is then repeated multiple times to get a confident conclusion.
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Thus D-RISE algorithm can be divided into three main stages: mask generation, similarity
metric, and saliency inference.

Detection proposals

Object
Detector

Figure 3.1: Representation of an overview of the D-RISE algorithm. Image from [4]

3.1.3.A Mask generation

The first step of the algorithm is to generate the mask, which will modify and identify the areas
of the image to nullify and observe its importance for the object detection model. For mask
generation, the authors use a technique previously proposed on [46], which intends to create a
sparse mask of the same size as the input image. This way, the mask generation process goes
as follows:

1. randomly sample a binary mask of size (h, w) (smaller than image size (H, W)) by setting
each element independently to 1 with probability p and to 0 with the remaining probability;

2. upsample the mask to size ((h + 1)Cq, (w 4+ 1)Cw ) using bilinear interpolation, where
(Cu,Cw) = (|H/h|, |W/w]) is the size of the cell in the upsampled mask;

3. crop the mask with uniformly random offsets ranging from (0, 0) up to (Cg, Cw ). In order
to get a mask of the same shape as the input image.

For this process, there are two key parameters: the mask size and the probability of setting
the mask pixel value to 1. The following image shows the effect of both parameters in the final
mask.
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Figure 3.2: Representation effect of the initial mask size and the probability p in the final mask.

As it is possible to observe from Figure 3.2, as the probability p increases the number of
disturbed pixels decreases. Hence, smaller probabilities allow us to guarantee the importance
of each region. However, since a smaller p also tests fewer pixels in each iteration, it means
that the algorithm will need more iterations to converge to a final solution.

On the other hand, the initial mask size controls the size of each covered region. Small
initial mask sizes will lead to big patches of perturbed pixels, inversely, bigger initial mask sizes
will lead to small patches of perturbed pixels. In-between initial mask size is the optimal value,
as big patches of perturbed pixels will make it hard for the algorithm to converge into a solution.
At the same time, small patches of perturbed pixels will make it hard to identify the full reason
for the model decision.

For this reason, the authors recommend an initial mask size of 16 x 16 and a probability p
of 0.5. The figure below shows a par of masks created with these parameters.
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Figure 3.3: Representation of multiple mask with an initial mask size of 16 x 16 and a probability p of
0.5.

3.1.3.B Similarity metric

After applying a mask to the input image, it is necessary to observe the effect of such in the
object detection model output. Hence it is necessary to compare the output of the model on
the masked image with the actual target. For such, the authors propose a metric with three
components.

The first component of the metric is the Intersection over Union (loU) to measure the spatial
proximity between the predicted and expected bounding boxes. As the name indicates, the
Intersection over Union metric is the area of the intersection of the two bounding boxes divided
by the union of the same objects:
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Area of Overlap
loU =

Area of Union

Figure 3.4: Representation of Intersection over Union. Image from [5]

Hence, loU values close to 1 mean that two objects are very similar, in other words, the
model made a good prediction. Therefore, it means that the regions affected by the mask do
not seem to influence the model decision.

The second component of the metric is the cosine similarity of the predicted probabilities
and the targets, to evaluate how similar two regions are. If the network only outputs the prob-
ability of the class it believes to be present in the image, then this component simply becomes
the single probability outputted by the model.

Lastly, the third component of the metric is the objectness score. However, this score is only
produced by some network architectures like the YOLO [25] family. For networks that do not
output such values, like the Faster R-CNN [6], the objectness term can be simply omitted.

Thus, the similarity score between two detection vectors is the product of the three compo-

nents:
s(dy,dj) = sp(ds, dj) - sp(de, dj) - so(de, dy), (3.7)
in which
sp(dy,d;) = ToU(Ly, Lj), (3.8)
_ b B
sp(dedi) = R TB T 3.9)
So(dt,dj) = Oj, (310)

where L represents the bounding box, P a vector of probabilities for each class, and O €
[0, 1] is the objectness score for the target and the predicted output by the network.
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3.1.3.C Saliency inference

Finally, it is possible to combine all the components of the algorithm. Thus, D-RISE generates
the object detection model saliency map in the following way:

—

. Generate N masks, M = {M;,1 <i< N}.

N

. Apply each mask only once to the input image, I, obtaining the masked images, D =
{D; =16 M;,1<i< N}. Also, keep the target of the model, E;.

3. Run the object detection model, f, on the masked images, producing NV, proposals for
eachimage, E, = {E., 1 <i< N} ={f(D;),1 <i< N}

4. Compute pairwise similarities between two sets of detection vectors E; and E, and take
maximum score per each masked image per each target vector, w! = max1<i<n,s(Er, EY).

5. Compute a weighted sum of masks M; with respect to computed weights w! to get
saliency maps H; = S | wiM;

3.1.4 LIME

The local interpretable model-agnostic explanations (LIME) [41] is a method to produce ex-
planations for predictions of classifier and regression models based on the approximation of
ante-hoc models.

Contrary to the previous methods described, LIME is not a method specific to object de-
tection problems, nor to neural networks [47]. In fact, LIME is able to produce explanations for
models solving a large variety of problems, classification; regression; image; text; etc. For this,
LIME is an extremely popular algorithm in practice.

The method works by locally approximating the model under study with a simpler surrogate
model (e.g. a linear model) to be more easily interpretable. More precisely, for image problems,
LIME can be divided into three main components: Superpixels, Sampling, and Surrogate Model
[48].

3.1.4.A Superpixels

One of the main difficulties with image-based problems is the high-dimensionality, as each
pixel in the image will represent one axis of dimensionality. For neural networks, this problem
is avoided with CNN, however, for a traditional model, like the ones used as surrogate models
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by LIME, it becomes impossible to get good results, and consequently good approximations.
Thus, the first step of LIME is to split the input image into superpixels.

Superpixels are a combination of pixels such that LIME considers all the pixels as a single,
in order to reduce the dimensionality of the problem, and consequently reduce unnecessary
complexity. There are multiple ways of combining pixels to create superpixels, for example, it
is possible to simply combine continuous patches of the image in squares, as shown in Figure
3.5. It is also possible to consider more complex techniques, such as combining continuous
patches of the image based on color and/or brightness similarities [48].

Figure 3.5: Representation of superpixels. Original image is on the left, the superpixels considered in
the middle, and the application of the superpixels to the image is on the right.

3.1.4.B Sampling

Just like permutation-based algorithms, in order to produce explanations, LIME creates new
examples that are slight modifications from the base input. These new examples are images
where the superpixels are randomly modified. There are multiple ways of modifying the super-
pixels, however, the two more common techniques are: zero padding and mean padding.

Zero padding consist in the random replacement of a superpixel by zeros, creating a black
mask in the image. On the other hand, mean padding is when each channel of the superpixel
is randomly replaced by its mean, creating a blur mask in the image. Figure 3.6 shows an
example of both sampling techniques.
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Figure 3.6: Representation of the sampling process. Original image is on the first row, zero padding
sampling in the middle row, and mean padding in the third row.

3.1.4.C Surrogate Model

Finally, it is possible to combine all the components of the algorithm. Thus, LIME generates the
object detection model saliency map in the following way:
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1. Generate superpixels of the input image.
2. Generate N masked images with the zero or mean padding techniques.

3. For each masked image fit an ante-hoc model. Commonly, the ante-hoc model used is a
simple Linear Regression for regression problems and Logistic Regression for classifica-
tion problems. So:

BeRdt | T4

ﬁeargmin{Z(yi—ﬁTxi)Q—F)\HBH} (8.11)

4. Compute the average of each superpixel coefficient for all the trained models, w; =
¥ X By

5. The superpixels with the highest positive weights are the most important regions of the
image.

3.2 Evaluation of saliency maps

Although there has been considerable research in the development of XAl methods for ex-
plaining the decisions of prediction models, the evaluation of these methods remains a key
challenge [49].

A common approach is to assume that our model is not biased, that is, our model is only us-
ing the object itself for the prediction and not its context. Hence, one possible metric to evaluate
the explainability algorithms is the correlation between the explanation and the human-labeled
ground truth mask of an object [4]. However, such a method has a multitude of problems.

1. The first problem is the cost of production of the ground truth explanations, as for each
object, a group of experts must identify the reason for the observed outcome. Such a
process can be expensive and extremely time-consuming [49].

2. The second major problem is the assumption made, that is, the assumption that our model
is not biased. The goal of any explanation algorithm is to understand the reasons behind
any model, whether it is biased or not. Hence the assumption made is not pertinent for
the question at hand.

To solve this problem, the authors of [4,46] came up with two techniques to evaluate any
explanation based on saliency maps, that is, any explanation for computer vision problems:
Deletion and Insertion.
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3.2.1 Deletion

The underlying concept behind the Deletion technique revolves around the hypothesis that
eliminating pixels considered crucial would significantly affect the predictions made by the base
model [46]. To be more specific, this approach quantifies the reduction in accuracy for the
predicted class as pixels are progressively removed. The determination of which pixels to
remove is guided by their importance in the saliency map, with higher-priority pixels being
removed first. Figure 3.7 provides an illustrative example of this process.

Original

/ 1
|
——
i

Saliency Map

After 44% of the process

First Iteration After 11% of the process After 22% of the process
- - a - ., -

After 55% of the process After 66% of the process After 77% of the process After 88% of the process Last Iteration
—— [

Figure 3.7: Representation selection of pixels to remove for the deletion metric.

It is important to notice that it is not mandatory to remove only one pixel in each iteration,
as such a process would be extremely computationally expensive. Hence a group of pixels can
be removed in each iteration to simplify the process.

So, in each iteration, the base model predicts the current image, and the effect of the re-
moval of pixels is evaluated. In order to make this evaluation, the accuracy of the prediction
is computed. For such, equation 3.7 is considered, which allows to evaluate the model’'s con-
fidence in the prediction, as well as the quality of the bounding box. Hence it allows us to
evaluate both components of the object detection process.

After this process, it is possible to observe the impact of each set of pixies on the base
model. A quick and sharp drop in the accuracy of the model indicates that the explanations
obtained are a good representation of the underlying reason for the model.
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The interpretation of the metric can be summarised by the area under the curve produced
by the base model score and the percentage of the image already removed. The smaller the
area under, the curve the better the explanation is according to the deletion metric.

Figure 3.8 shows an example of a good and bad explanation according to the deletion
metric.
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0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Pixeis deleted Pixeis deleted

Figure 3.8: Representation of a bad explanation (left), and good explanation (right), according to the
deletion metric.

3.2.2 Insertion

The insertion metric closely resembles the deletion metric in terms of its underlying process.
However, the key distinction lies in their respective approaches. While the deletion metric
begins with the complete image and progressively removes pixels in each iteration, the insertion
metric follows the opposite procedure. That is, the insertion metric initiates with an empty image
and, in each iteration, adds pixels back to the image. The selection of which pixels to add is
guided by their significance in the saliency map, prioritizing the inclusion of higher-priority pixels
first. This process is demonstrated in Figure 3.9.
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Figure 3.9: Representation selection of pixels to add for the insertion metric.

The following steps of the process are the same as for deletion, that is, in each iteration the
base model is evaluated on the current image with the equation 3.7.

For an explanation to be considered good, there must be a rapid increase in the model's
score. Contrarily, an unsatisfactory explanation exhibits the opposite behavior. That is, a slow
and gradual rise in the score in each iteration.

Once again, the interpretation of the metric can be summarised by the area under the curve
produced by the base model score and the percentage of the image already added. The greater
the area under the curve, the better the explanation is according to the insertion metric.

Figure 3.10 shows an example of a good and bad explanation according to the insertion
metric.
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Figure 3.10: Representation of a bad explanation (left), and good explanation (right), according to the
insertion metric.
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Chapter 4

Experiments and Analysis

This chapter presents the detailed experimental setup, methodologies, and results obtained
in the study. The primary objective of this chapter is to provide a comprehensive overview of
the used dataset, the model architecture employed, and the findings obtained from the experi-
ments conducted. Hence, the chapter is divided into three main sub-divisions: dataset, model
architecture, and results.

The chapter begins by introducing the dataset used in the study. A thorough description of
the datasets is provided with the objective of providing a clear understanding of the data used
for all future experiments.

Following this introduction, the chapter delves into the model architecture employed for the
experiments. A detailed overview of the chosen model, including its underlying principles, and
architectural design is presented.

Finally, the chapter presents the results of the conducted experiments. That is, it is pre-
sented a comparison of all the explainability algorithms studied in the previous chapter, indicat-
ing the advantages and disadvantages of each when compared between themselves.

In summary, this chapter aims to provide a thorough account of the experimental setup,
including the dataset, model architecture, and the comparative results obtained from the appli-
cation of different explainability algorithms. By doing so, it enables a comprehensive evaluation
and critical analysis of the proposed approach, contributing to the overall understanding of the
study’s outcomes.
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4.1 Dataset

All the experiments presented in this thesis were performed on the same dataset, the "Dog and
Cat Dataset” [50]. This dataset consists of 3686 different-sized images of dogs and cats for train
and test. Each image within the dataset is accompanied by corresponding labels, which include
the accurate class designation and the coordinates of the bounding box. In other words, the
label provides the correct object class along with the x and y coordinates of the top-left corner,
and the bottom-right corner of the bounding box.

Figure 4.1 shows some examples of the images present in the dataset.

Figure 4.1: Exemplification of the type of images present in the "Dog and Cat Dataset”.

To ensure the accuracy and reliability of the results, the dataset was divided into training
and test samples. The training sample, used to fit the neural network model, contained 80%
of the data. More precisely, the training sample contains 2949 images, and among these,
2001 images depicted dogs, while the remaining 948 featured cats. On the other hand, the
test sample, used to test all the explainability algorithms, consisted of 738 images, with 497
showcasing dogs and 241 featuring cats.

It is worth noting that the only preprocessing technique applied to the images was pixel
normalization. In other words, the pixel values of all the images were transformed to fall within
the range of [0, 1].
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4.2 Model architecture

The neural network architecture used as a baseline to provide the base model prediction was
a Faster RCNN [6], more precisely, the architecture considered is a Faster RCNN with a Mo-
bileNet V3 as the backbone of the model.

The Faster RCNN architecture can be divided into two parts: the Region Proposal Network
and the Classifier (as shown in Figure 4.2)

classifier

" Rol pooling

proposals

Region Proposal Networ
feature maps

conv layers /

sy 77

Figure 4.2: Representation of the overall structure of a Faster RCNN architecture. Source [6].

The goal of the Region Proposal Network is to identify potential regions of interest, that is,
regions where it is likely to contain an object. In order to achive that, a specific and independent
neural network is used, in this case, a MobileNet V3 [7].

MobileNet V3 is a standard CNN that takes advantage of convolutional layers to propose
regions of interest for the classifier. However, the architecture of MobileNet V3 came from an
automatic optimization process intending to determine the optimal architecture configuration,
which makes it more suitable for these type of problems.
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Mobilenet V3 block

Figure 4.3: Representation of the block structure of a MobileNet V3 block. Source [7].

After the regions of interest proposal, a simple fully connected neural network is used to
classify the region, that is, to indentify which object is present, and to predict the object’s bound-

ing boxes.

A scheme of the entire process of the architecture is represented in Figure 4.4
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Figure 4.4: Representation of the entire process behind a Faster RCNN’s prediction. Source [8].
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The chosen implementation of the architecture is the PyTorch version [51]. Furthermore, a
pre-trained version of the architecture is utilized to accelerate the model conversion during the
training process. In essence, this entails using a model with pre-adjusted parameters based on
the COCO dataset, followed by readjusting the network parameters to our specific dataset to
optimize its performance.

4.3 Results

In this subsection, we present our study’s results, which evaluate the performance of the four
different methods previously presented for model interpretation.

All methods were implemented based on Pytorch, [51], which is a Python package for deep
learning. On top of that, pytorch-gradcam [52] and Captum [53] packages were used for the
implementation of the EigenCAM and LIME algorithms, respectively. The remaining tested
algorithms, Grad-CAM and D-RISE, as well as the two metrics Deletion and Insertion, were
implemented by me. All the code considered in this study can be found in the corresponding
article Git repository’.

All the tests conducted had the goal of providing insights into the effectiveness and com-
parative performance of these methods, hence achieving the research objectives.

4.3.1 Algorithms comparison

In order to evaluate the quality of the explanations generated by each algorithm, a compre-
hensive comparison was conducted among all four methods. During this evaluation, the base
model generated predictions for all the test samples, which were then used by each inter-
pretability algorithm. By following this approach, consistency was maintained between the
predictions and the base model, enabling a direct and meaningful comparison across all the
algorithms.

Consequently, after obtaining predictions from the base model, explanations were com-
puted using each algorithm in the study. Since the test sample size is 738 images, each in-
terpretability algorithm generated 738 explanations, one for each image-prediction pair, in the
form of saliency maps.

Figure 4.5 illustrates the saliency maps provided by each tested algorithm for a couple of
examples.

"Project Git repository: https://github.com/DiogoCarvalh0/computer_vision XAI_comparison.git
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Original Image Grad-CAM

Figure 4.5: Comparison between the explanation provided by Grad-CAM, Eigen-CAM, D-RISE, and
LIME. The most important pixels are in red, and the least important pixels in blue.

As it is possible to observe all the algorithms appear to provide logical explanations, as
all the highlighted pixels are always on top of the animal. The only exception to this is image
e) for the Eigen-Cam, where the saliency map highlights are inverted. That is the algorithm
considered the cat as the least important region of the image, while the background as the
most crucial. Either way, the algorithm was still able to distinguish the cat, however, in an
incorrect way.

From Figure 4.5, it is also possible to observe that the four algorithms are not always con-
cordant in which region the base model considers crucial. For example, in the image d) Grad-
CAM and D-RISE indicate that the crucial region for the neural network is the puppy’s eyes, on
the other hand, Eigen-CAM and Lime consider the mouth and nose of the puppy as the most
important region for the base model.

With all the differences it becomes hard to identify the algorithm that provides the best
explanation, hence the next step is to compute the metric deletion and insertion for all the 738
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test sample explanations created by the explanation algorithms.

Figure 4.6 shows an example of the entire process for a single image. That is, on the figure,
it is possible to observe the initial image alongside the prediction made from the base model.
Afterward, the explanations created by each algorithm are shown. Finally, the deletion and
insertion metrics curves are plotted with the area under the curve for each in order to compare
each saliency map.
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Figure 4.6: Representation of the entire process, i.e, model prediction, explanation based on Grad-
CAM, Eigen-CAM, D-RISE, and LIME algorithms, and the computation of the deletion and
insertion metrics.

This process is then repeated for all images in the test sample, in order to obtain the deletion

and insertion metrics for each observation. After such, it is possible to compute the average

area under the curve for deletion and insertion over all the images in the test sample. The

results of such computation are represented in Table 4.1.
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| Method | Deletion (1) Insertion (1) |

Grad-CAM 0.350 0.370
Eigen-CAM 0.381 0.529
D-RISE 0.143 0.687
LIME 0.061 0.677

Table 4.1: Average of the deletion and insertion metric over all the test sample observations for Grad-
CAM, Eigen-CAM, D-RISE, and LIME algorithms. In bold are highlighted the best algorithms
for each metric.

As it is possible to observe, the two metrics do not concur with which explanation algorithm
is the best. While the deletion metric considers LIME as the best algorithm for this dataset,
insertion indicates D-RISE as the best algorithm.

Regardless of such, both metrics show a clear discrepancy between LIME, D-RISE, and
Grad-CAM, Eigen-CAM. The latter two algorithms are substantially worst than the first two.

However, it is important to notice that by the nature of the algorithms LIME and D-RISE are
much more computationally expensive, as both of these require thousands of forward passes
through the neural network. On the other hand, Grad-CAM and Eigen-CAM are extremely
fast to compute as only a single forward and backward propagation is necessary. Hence, it
is evident that the quality of the explanation improves with increased computational resources
dedicated to the algorithm.

4.3.2 Artifact data

The production of model explanations can be more useful than just the interpretation of the
backbone reason of the neural network. One example of such scenario is the identification of a
problem on the dataset. That is, the dataset used for training could contain an unwanted artifact
that helps the model in the task at hand. However, when putting the model into production this
artifact will not be present, hence the model will not be able to perform with the same confidence
as in the modeling stage.

Therefore, to test the ability of the explainability algorithms to capture such a scenario, a
new dataset will be simulated. This simulated dataset will contain the exact same images as
the dataset previously considered, with the addition of two circles on the top left and bottom
right of the object bounding box. On top of that, the circles will be red if the object present is a
dog and blue if the object is a cat.

Figure 4.7 shows a couple of examples of the images in the simulated data with the added
artifacts.
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Figure 4.7: Exemplification of the type of images present in the "Dog and Cat Dataset”, with the addic-
tion of the artifacts.

This way, a new Faster RCNN model is trained on the simulated dataset. The expected
behavior is that the model simply learns to locate the circle and its corresponding color.

After training the model, and obtain the predictions on the test sample, the explanations
according to the four algorithms are computed.

Figure 4.8 shows a multitude of examples of the outcomes of the explanations for each
algorithm. As it is possible to observe all the algorithms are in agreement that the model only
learned to identify the circles present in the dataset and not the underlying characteristics of
the animals. Hence, with the help of the explainability algorithm, it was possible to identify the
underlying problems present in the dataset.
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Figure 4.8: Comparison between the explanation provided by Grad-CAM, Eigen-CAM, D-RISE, and
LIME, on the dataset with artifacts. The most important pixels are in red, and the least
important pixels in blue.
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Chapter 5

Conclusion

Given the increasing usage of neural networks in the development of applications with signifi-
cant repercussions in our lives, such as automated driving and medical diagnosis, the fact that
they are still largely black boxes remains an issue. This has led to the growth of research in the
domain of neural network interpretability.

Currently, there exists a multitude of techniques that try to provide an explanation for any
computer vision DNN model. However, with such a diversity in techniques, it becomes hard to
identify which are the best or which are the most adequate for a given scenario. Hence, in this
study, a comparison between a multitude of popular explainability techniques is presented.

For such, four explainability techniques, Grad-CAM, Eigen-CAM, D-RISE, and LIME were
implemented in Pytorch, a deep-learning Python package. On top of that, Grad-CAM and
D-RISE were implemented from scratch while Eigen-CAM and LIME were implemented from
pre-existing packages.

5.1 Discussion of results

All the results presented were based on the Faster RCNN model architecture and its perfor-
mance on the "Dog and Cat Dataset”. To obtain these results, all the explainability algorithms
were applied and tested on the model’s predictions for the test samples, allowing for direct and
meaningful comparison among the algorithms.

Upon conducting the tests, it became evident that D-RISE and LIME are the algorithms
that excel in capturing the underlying reasons behind a computer vision model. The difference
between these two algorithms and Grad-CAM and Eigen-CAM is substantial, with a gap greater
than 0.15 when considering deletion and insertion metrics.
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However, it should be noted that this improved explanation provided by D-RISE and LIME
comes at a cost. These algorithms are significantly more computationally intensive compared
to the other two. While Grad-CAM and Eigen-CAM only require a single forward and backward
pass through the neural network, D-RISE and LIME need thousands of forward passes, result-
ing in slower processing times. Hence, in scenarios where computational resources are limited,
Grad-CAM and Eigen-CAM may be more favorable options.

Furthermore, it was observed that producing model explanations not only enhances user
trust but also contributes to ensuring data quality. This was demonstrated by introducing arti-
facts into the images and analyzing which characteristics the model would capture.

In conclusion, this study highlights the indispensability of model explanations when working
with neural networks, as their applications extend beyond providing insights into the model’s
inner workings.

5.2 Future work

This work opens several options for further studies, which were not possible to explore in the
time devoted to this thesis. For instance, it would be interesting to observe the results of the
explainability algorithms on a more challenging task, one where the neural network would not
always be correct. An example of such could be the application of a model in a real medical
scenario, that is, to have the model giving diagnoses to patients. Besides that, it would also be
interesting to create a new loss function that incorporates interpretability. Hence, the training
of any neural network would automatically have into consideration the model interpretability.
However, this would be more challenging as the computation cost of a loss function must be
low, and, as observed in this work, the current ways of evaluating the interpretability ability can
be quite expensive. Hence, a new way of computing an interpretability metric would need to be
studied.
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