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Advances in Artificial Intelligence (AI) have sparked concerns regarding the transparency of model outputs, 
necessitating the development of eXplainable Artificial Intelligence (XAI) techniques. This study presents an 
improved evaluation of XAI methods applied to Pacu fish image segmentation. We compare and evaluate four 
XAI methods - Grad-CAM, Saliency Map, CNN Filters, and Layer Grad-CAM - using pixel perturbation techniques 
applied in 100 fish images. Our experiments reveal that through the images generated by the pixel perturbation 
techniques (118 to the white noise, 144 to the dark noise, and 123 to the random noise), the Saliency Map 
achieves the best results, highlighting the most relevant regions for AI model predictions. Furthermore, by 
combining Saliency Maps with other XAI methods, we demonstrate substantial improvements in explainability 
and segmentation accuracy. In this case, the largest number of images generated in the second experiment was 
108, by combining the between Saliency Map and Grad-CAM to the white noise pixel perturbation. Finally, this 
work not only advances the state-of-the-art in XAI for image segmentation but also underscores the importance 
of combining XAI techniques to achieve superior explanatory power in areas such as Aquaculture.

1. Introduction

The advancement of research focused on eXplainable Artificial In

telligence (XAI) [13,55], as well as the emergence of new interpretable 
solutions [20], has contributed to the increase in evaluation methods 
that allow us to understand the numerous existing techniques, in order 
to avoid meaningless solutions and results [9]. Despite this advance

ment, explainability methods still cannot provide guarantees that an 
individual decision is correct, since the evaluation of explainable re

sults is mostly non-existent. Another problem is the lack of guarantee 
that the explanations resulting from XAI techniques match the reality 
presented by the prediction process, as well as the difference in the be

havior of these methods when subjected to global and local problems. 
Moreover, explanations that are understandable to human beings are 
currently sought, which can be safely used in decision-making, espe

cially in health-related contexts [16].

The visualizations produced by XAI methods can often help data sci

entists discover problems in data sets or AI models [27]. However, such 
visualizations can lead to overconfidence by the user, along with misuse 
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of these methods. In image segmentation, where the aim is to highlight 
one or more regions of interest, the need for a good explanation is even 
greater, since the aim is to understand which pixels are most relevant to 
the decision-making of the model [33]. [51] presents an example of this 
need in Aquaculture, where disease or anomaly detection can be accom

plished by applying XAI methods that provide information about critical 
areas in images, influencing AI models’ decisions. Therefore, combining 
methods such as Grad-CAM and Confusion Matrix increase model inter

pretability, ensuring acceptable qualitative and quantitative results.

The main problem investigated here concerns the lack of guaran

tee regarding the explanations during the prediction of the AI model 
applied to image segmentation. One strategy involves understanding ex

plainable techniques, analyzing the influence of external agents on their 
results, and improving explanations based on the analysis performed. 
This paper focuses on the analysis of the explainability of XAI meth

ods applied to Pacu fish image segmentation. The explainable methods 
were subjected to adverse situations, such as pixel disturbance, to find 
the best method based on its prediction. Experiments were implemented 
in an attempt to improve the results of the XAI methods based on the 
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best explainable technique found. The main contributions of this study 
include:

• A systematic literature review on the evaluation and implementa

tion of enhancements to XAI methods;

• The implementation of explainable methods for segmenting images 
of Pacu fish;

• The development of an evaluation technique using pixel distur

bance for XAI methods;

• Identifying the optimal XAI method for the proposed scenario; and

• Refining existing XAI methods based on the best method identified.

This paper is organized as follows: Section 2 presents the studies 
resulting from the systematic review, and the Section 3 presents the 
fundamental concepts used. Section 4 presents the methodology, and 
Section 5 discusses the experiments. The section 6 presents the results 
and a critical analysis of the experiments. Finally, Section 7 states con

clusions, limitations and future work.

2. Systematic literature review

The findings from the review process are organized based on the re

searched questions. The analysis focused on the number of questions 
addressed in the examined documents, ending up in 31 documents from 
2019 to 2023, providing answers to the research inquiries. The questions 
aim to understand current evaluation techniques for explainable meth

ods, such as the use of pixel perturbation to analyze the explainability 
of these methods, further to existing ways to improve the explanations 
generated. The findings have been extracted and are outlined below.

2.1. Q1: Can we assess whether XAI methods explain what happened in the 
AI model’s prediction?

Much attention has been given to enhancing confidence in AI models. 
The importance of aligning explanations from eXplainable AI methods 
with human-understandable explanations highlights the effort to boost 
trust in such systems [7]. Therefore, there has been a notable increase 
in the quest for techniques to evaluate explainability, particularly in 
contexts necessitating completely reliable explanations such as the anal

ysis of medical images [43,25,42]. Across the materials scrutinized in 
this assessment, the majority proposed methodologies for appraising 
the explainability of XAI approaches. Consequently, the focus on gen

erating high-quality explanations has broadened to encompass diverse 
domains, incorporating interdisciplinary evaluation approaches [35] in

volving disciplines such as Psychology, Philosophy, and Social Sciences 
[54].

The assessment of explainability relies on various dimensions that 
define its quality, including fidelity, comprehensibility, robustness, and 
complexity [53]. Alongside computational measures, there are human

centric metrics designed to gauge explanation quality by considering 
laypeople’s trust in the topic. These metrics fall into two categories: 
subjective metrics gauging human trust in explanations, and objective 
metrics assessing human behavioral state and task performance [22].

Different criteria and perspectives have led to the presentation of 
varied methods and metrics for assessing explainability. Categorization 
was performed based on the evaluation aspect, measures used, and con

struction method, offering an overview of evaluative solutions for ex

plainable AI. The evaluation aspect can be divided into mental models, 
effectiveness and satisfaction, trust and dependence, human-AI perfor

mance, and functional evaluation. Currently, AI regulatory bodies uni

versally acknowledge the necessity of rigorously evaluating automated 
explanations. Therefore, the findings in this study underscore the signif

icance of evaluating XAI methods in this research.

Currently, all regulatory bodies focused on AI agree on the need to 
carefully evaluate the quality of automated explanations [2] [32]. Thus, 

the results presented for this issue support the importance of evaluating 
the XAI methods applied to this present research.

2.2. Q2: Are XAI methods influenced by the disturbance of pixels in the 
model’s input images?

Disturbances allow us to examine the relationship between the input 
and output of a model, making it possible to observe which part of the 
input a model attaches greater importance to [23]. The relationship be

tween explainable methods and the different perturbation techniques 
can be described in several ways. The first is through the classifica

tion of XAI methods, which can be divided into two types: gradient 
and perturbation-based. Thereby, methods such as Occlusion have as 
their main characteristic the perturbation of the input to define whether 
the AI model identifies, during the inference process, the most relevant 
points [40]. As a result, most of the studies analyzed in this review con

sider pixel perturbation to be the basis of an explainable method.

An additional option has been identified in studies utilizing input 
perturbation to assess the accuracy of AI models [26] and the inter

pretability of explainable techniques [34]. In both scenarios, demon

strating an impact from the modified inputs validates the tool’s effective

ness. For explainable methods, if this impact is not evident, it suggests 
that the explanations produced do not align with the model’s actual in

ference process [19].

The use of the perturbation techniques extends to scenarios other 
than classification [31] or image segmentation [17]. There is research 
in which this technique is considered for input to time series models, and 
is even used as a way of evaluating the explainability of XAI methods 
applied to this type of model [44,52,1]. It can thus be seen that input 
perturbation is a commonly used technique and helps to detect flaws in 
explainability, or even in the AI model itself.

For image-based models, perturbation techniques enable the iden

tification of various noise types in different image categories [46]. In 
practical contexts like medical imaging, diverse noise sources can arise 
during image acquisition, leading to challenges for interpretable meth

ods in pinpointing the most relevant regions [36]. Consequently, certain 
scenarios may not be adequately addressed in model training, poten

tially resulting in erroneous predictions.

Disturbance techniques can help detect whether the prediction pro

cess will be carried out correctly in the face of these changes. Further

more, when explainability methods are applied, the result should be 
in line with the disturbance of the most relevant pixels [36]. In other 
words, when these are modified, explainability should be influenced. 
Therefore, according to the answers found to this research question, 
it can be said that the explainability method with good performance 
should indeed be influenced by the disturbance made to the AI model 
input, including images and visual explanations.

2.3. Q3: How can XAI methods be improved to provide explanations that 
are consistent with the prediction of the AI model?

The last research question refers to the improvements in XAI meth

ods, the aim of which is to improve the quality of explainability. This 
question helps to distinguish the difference between the methodology 
applied in this research and what has been found in the literature. 
Moreover, the search for more reliable explanations has motivated re

searchers in various fields (e.g., Medicine) to look for techniques that 
improve the explanations provided by XAI methods [47]. Therefore, al

though the issue is considered pertinent in the current scenario, only 
nine of the 31 articles analyzed presented suggestions for improvement.

Of the solutions presented, the most common is related to consid

erable modifications to existing XAI methods [28,58]. Some of the re

search found shows modifications more than one method [19], such 
as the development of an end-to-end explainability approach for image 
subtitling architectures based on Bottom-Up (BU) visual resources [11].
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The LIME explainable method appears in several research projects 
related to improving explainability. The EvEx method, for instance, has 
been developed as a new explainable AI that uses explanations provided 
by LIME and which has been combined with a multi-objective genetic 
algorithm [50]. In another example found, the authors propose an au

tomatic Ensemble-based Genetic Algorithm Explainer (EGAE), whose 
function is to improve the explainability of LIME [38]. Furthermore, the 
CAM method is one of the methods that undergoes the most changes. 
For example, in one of the studies analyzed, the authors present another 
variation called SA-CAM, which uses the self-attention mechanism in its 
methodology [30].

Another proposed improvement is the integration of XAI techniques 
to enhance explainability. For example, combining Grad-CAM, Inte

grated Gradient, Gradient Input, and Occlusion methods for generating 
multiple visual maps has been suggested [6]. These visualizations were 
evaluated for pest detection in rural areas, with the overlap measure

ment between image pairs conducted using AND, OR, and XOR opera

tors. The findings underscore the importance of enhancing explainable 
methods.

The results presented reinforce the ideology of seeking to improve 
explainable methods. Furthermore, one can observe that according to 
the research analyzed during the review, most of the suggested improve

ments are based on specific modifications to existing methods. However, 
only one document suggests combining methods to improve explainabil

ity. Finally, it can be stated that the methodology used in this paper is 
consistent with the ideology proposed for explainable methods, and the 
proposed issue was clarified by RSL.

2.4. Discussion

During the review process, only the study by [19] addressed all three 
research questions. Although similar, the responses analyzed led to a 
distinct proposal, thus not diminishing the significance of the current 
study. Most of the documents presented answers analogous or similar to 
what was proposed in this paper for questions 1 and 2. Therefore, one 
can observe that evaluating XAI methods using pixel perturbation is a 
correct approach supported by the literature.

Unlike other works, a noticeable disparity lies in the third research 
question focusing on enhancing explainable methods. The array of ap

proaches for explainability enhancements in the nine documents varies, 
each emphasizing efficacy in explanations. However, this study aimed to 
enhance XAI methods by selecting the optimal approach for a given sce

nario and then integrating it with other methods in use. The study most 
akin to our proposition was conducted by [6], who explored combina

tions of local and global XAI methods to enhance. Despite the authors’ 
evaluation of method explainability quality, they did not combine the 
best method with others to achieve superior explanatory outcomes. Es

sentially, their proposed combination involved methods selected for the 
study without regard to their comparative efficacy. The subsequent sec

tions explored into whether our study’s methodology goes beyond en

hancing methods deemed inferior, aspiring instead to elevate the best 
XAI method to generate superior results.

3. Theoretical background

3.1. XAI methods

To improve interpretability and reliability, the use of XAI techniques 
has been considered in several areas of study, e.g., medicine, where the 
need to understand the model’s decisions is essential for professionals 
in the field. For neuroradiologists [37], for example, this transparency 
is invaluable because it allows for greater confidence in the AI mod

el’s outputs, allowing for the correct diagnosis of brain tumors through 
magnetic resonance imaging. In another example, researchers use XAI 
to identify content that may have adverse effects on video game players 
[60]. Due to this increased interest in explainability, ways to classify 

these methods have emerged in order to aid in their implementation. 
Therefore, an XAI model can be classified according to the explanations 
provided, which can be spoken or visualized [55]. However, in a more 
complete way, DARPA’s XAI program presents four modes of explana

tion that facilitate the user’s decision [20]:

• Analytical statements: are stated in natural language to describe 
the elements and context that support a decision;

• Visualizations: directly highlight the parts of the data that support 
a decision and allow users to form their own perceptual understand

ing;

• Cases: use of specific examples or stories that help in decision

making; and

• Rejections of alternative choices: arguing against certain biased 
responses on the basis of analysis, cases, and data.

In this context, one can observe the conversion of analytical state

ments into visualizations, as well as the use of this area as a tool to 
generate explanations to users [10]. Concerning this work, four explain

able methods were applied, whose results are based on visualization 
techniques: Grad-CAM [45], Layer Grad-CAM [5], Saliency Map [48], 
and CNN Filters [12].

In an attempt to better understand CNNs (Convolutional Neural Net

work), several methods have appeared in the literature for visualizing 
this internal representation, e.g., Class Activation Maps (CAM) [61], the 
aim of which is to use Global Average Pooling (GAP) in the CNN. CAM 
combines the activation maps A of the convolution layer, which con

tains K filters, in addition to the weights 𝑤𝑘,𝑐 a fully connected layer 
(FC), whose values (k,c) represent the specific weighted connection be

tween the convolution layer and the FC used to create the relevance map 
score [40], as follows:

𝑚𝑎𝑝𝑐 =
𝐾∑
𝑘 
𝑤𝑘,𝑐𝐴𝑘. (1)

Grad-CAM is a variation of the CAM method using the gradients of 
the network’s output regarding the last convolutional layer of the CNN 
to obtain the class activation map. This allows Grad-CAM to be imple

mented in more types of CNNs compared to the CAM method, requiring 
only that the final activation function used for network prediction be a 
differentiable function, such as the softmax function. For each feature 
map in the final convolution layer, a gradient of the score 𝑦𝑐 (logit) of the 
class concerning every node in 𝐴𝑘 is calculated to obtain an importance 
score 𝛼𝑘,𝑐 for the feature map 𝐴𝑘. Grad-CAM then linearly combines 
these importance scores and forwards them through the ReLU function 
to obtain a relevance map, as follows:

𝑚𝑎𝑝𝑐 =𝑅𝑒𝐿𝑈 (
𝐾∑
𝑘 
𝛼𝑘,𝑐𝐴𝑘). (2)

The main difference between CAM and Grad-CAM lies in the way the 
weights for the feature maps are generated. In CAM, the heat maps are 
generated by calculating the weighted sum of the activations of the last 
convolutional layer from the weights of the FC layer. In Grad-CAM, the 
gradients of any layer are used to generate these weights [34].

When the Grad-CAM method is applied to a particular layer, it is 
called Layer Grad-CAM [45]. Therefore, according to [5], the output 
gradients are calculated concern to the chosen layer. The resulting gra

dients are averaged for each output channel and then multiplied by the 
layer activations. The results are finally summed across all channels. 
Concerning the weights w referring to features in the class, the GAP is 
performed on the A feature maps:

𝑆𝑐 =
∑
𝑘 
𝑤𝑐
𝑘

1 
𝑍

∑
𝑖 

∑
𝑗

𝐴𝑘
𝑖,𝑗
. (3)

Saliency or Heat Maps are a visualization method commonly used 
to explain the prediction process of a network. A transparent colored 
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heat map is often superimposed on the original input image to gener

ate the visualization. Furthermore, these maps identify characteristics 
of the input that are more relevant (salient). In other words, it high

lights regions that most stimulate the network to influence the output 
of the model [34].

According to [48], class saliency is extracted given an image 𝐼0 (with 
m rows and n columns) and a class c. The Saliency Map of the class 
𝑀 ∈𝑅𝑚𝑥𝑛 is calculated from the derivative w by backpropagation. After 
that, the Saliency Map is obtained by reorganizing the elements of the w 
vector. If the image is in grayscale, the number of elements in w is equal 
to the number of pixels in 𝐼0, allowing the map to be calculated as in 
Equation (4), whose value h(i, j) equals the index of the element of w 
corresponding to the pixel in the image in the i-th row, and j-th column:

𝑀𝑖,𝑗 = |𝑤ℎ(𝑖,𝑗)|. (4)

Concerning a colored image, it is assumed, for example, that the 
color channel c of pixel (i, j) of image I corresponds to the element of 
w with index h(i, j, c). To derive a unique class saliency value for each 
pixel (i, j), it is necessary to reach the maximum magnitude of w in all 
color channels, as follows:

𝑀𝑖,𝑗 =𝑚𝑎𝑥𝑐|𝑤ℎ(𝑖,𝑗,𝑐)|. (5)

A simple and common qualitative way of comparing features ex

tracted by the first layer of a CNN is to look at the filters learned by 
the model [12]. In other words, it is necessary to analyze the linear 
weights in the weight matrix represented in the input space. This ap

proach becomes even more important when the inputs are images that 
can be viewed. These filters can take the form of trace detectors when 
trained on digit data, or edge detectors when trained on fragments of 
natural images.

According to [21], the convolutional layers of a CNN consist of filters 
that are applied to the input of the layer and produce maps that repre

sent the presence of specific local characteristics of the input, which 
have been learned by the network. As the filters are linear functions of 
the input, the weights 𝑤𝑓 of the filter and an additive bias 𝑏𝑓 deter

mine the contribution of the input x to the activation function 𝜎, whose 
output is represented as follows:

𝑜𝑢𝑡𝑝𝑢𝑡𝑓 = 𝜎(𝑤𝑓𝑥+ 𝑏𝑓 ). (6)

Based on the assumption that a unit can be characterized by the 
filters of the previous layer to which it is most strongly connected, by 
obtaining a weighted linear combination of the filters of the previous 
layer, one can observe that a network with expansion restrictions in the 
activations, trained on natural images, will tend to learn the so-called 
corner detectors in the second layer [12].

CNN Filters is a simple and efficient technique; however, one shall 
note that there is a link between the gradient updates to maximize the 
activation of a unit and finding the linear combination of weights as de

scribed by [29]. Moreover, visualization can vary by layer, e.g., the units 
in the top layer representing more complex features, and corresponding 
to combinations of features from the lower layers [12]. Multifaceted pat

terns can be recognized by the filters in the intermediate layers. Finally, 
each filter in a layer, except the first, defines a non-convex function with 
multiple local maxima in the image space, demonstrating that visualiza

tion is a useful tool for interpreting the black-box of CNNs [56].

3.2. Aquaculture image segmentation

The measurement of animal characteristics is commonly carried out 
using digital image analysis, the aim of which is to help improving fish 
quality and its measurements from manually obtained images. This pro

cess can be time-consuming and exhausting for the animal, especially 
when implemented routinely [4]. Based on this scenario, AI models 
are being used to make this industry more intelligent [57], enabling 

numerous applications such as species classification and animal recog

nition [59]. Furthermore, advances in Aquaculture production have 
contributed significantly to the search for new technologies, the aim 
of which is to help produce fish in a sustainable and effective way [15].

According to [14], the search for fast and non-invasive alternatives 
for measuring fish characteristics has also been crucial for the implemen

tation of AI models. The authors even used automated image segmenta

tion to extract biometric measurements, predict body weight, carcass 
weight and fillet yield of Nile tilapia fish. Concerning the Pacu fish 
species, [15] presented a Computer Vision System (CVS) that contains a 
combination of DL strategies for segmenting animal images. A Region

based CNN (R-CNN) Mask was used to select the regions (body, head, 
fins, and pelvis) and also to extract the features from the original image.

The fish’s characteristics can be measured routinely, without causing 
major damage to the animal [15]. The results obtained show that cre

ating CVS from AI techniques is efficient for estimating morphometric 
measurements of Pacu, mainly because of the resilience shown when 
faced with different lighting conditions and image background [15]. 
However, according to [14], the AI models used can be considered com

plex, even though they are state-of-the-art.

In this context, it is possible to observe that AI concepts are increas

ingly present in society, including biological areas, such as Aquaculture. 
However, XAI systems are still new to humans, although they have 
proven to be necessary since the search for explanations in AI systems 
has ceased to be an additional feature and has become essential. Tech

nological advances have brought benefits to users, but they have also 
raised concerns regarding the decisions that a machine can make. The 
large amount of data involved in these decisions raises concerns re

garding the security of users and their respective data. Therefore, XAI 
systems emerged to address these concerns regarding the challenges pre

sented.

4. Methodology

As aforementioned, the results of XAI methods were analyzed in the 
face of pixel disturbance applied to the input images, to find the best ex

plainable method and combine it with other methods to improve them. 
A number of steps were taken to achieve this objective: implementa

tion of an AI model for segmenting images of Pacu fish; implementation 
of four XAI methods compatible with the applied model; application of 
three types of pixel perturbation to the input images; search for the best 
XAI method based on an analysis of the results obtained; implementing 
a combination of explainable methods to improve results; and analysis 
of the results obtained.

4.1. AI model

The segmentation model was created from a CNN, more specifically 
the Mask R-CNN, using a variant of ResNet with 18 layers as a feature 
extractor. The aim of the model is to segment regions of interest in the 
fish such as head dimensions, body dimensions, and fin area for pheno

typing purposes and subsequent genetic selection. For each fish image, 
the model generates as output the classes (head, fins, body, and back

ground), the masks of each region of the fish, a bounding box and the 
confidence score in the prediction of the class. This model was deter

mined on the basis of experiments carried out previously, which served 
to determine the best approach for this work.

In total, there were 100 images of Pacu fish provided by the Labo

ratory of Genetics in Aquaculture and Conservation (LaGeAC) at Unesp 
Jabotical. All images were taken in portrait mode and the same envi

ronment so as not to alter the model’s results. Although the images had 
different dimensions (images were not taken from the same device), it 
did not hinder the performance of the methodology, since each method 
followed the dimensions of the image being analyzed at the time. For 
the training stage, each image was segmented manually using a spe
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Fig. 1. Example of original mask generated from manual segmentation using 
the Labelbox tool (https://labelbox.com/).

cific segmentation tool called Labelbox.1 The model was then trained 
with the aim of highlighting the parts of the fish and classifying them 
correctly according to the segmentation performed. The dataset used 
consists of approximately 1,802 Pacu and 365 Tambaqui animals. It was 
randomly divided, stratified to preserve the proportions of the different 
species, into three subsets: training (80%), validation (20%), and 5% of 
the training set was used to tune hyperparameters during experimenta

tion, avoiding the direct use of the validation set and preventing possible 
overfitting [3].

For this work, the AI model was subjected to the inference process to 
make predictions based on what was learned during the training stage. 
The aim was therefore to segment the images to delimit the fish from the 
background area, rather than segmenting the animal into parts, as was 
done previously. A black and white mask was generated based on the 
manual segmentation, resulting from combining the segmentations of 
the fish’s regions of interest. As shown in Fig. 1, the white areas represent 
the Pacu area, while the black areas represent the background and other 
objects in the image.

Each dataset image comes with its own mask, making it possible to 
compare them with the masks generated by the model during the exper

iments. In this context, the images were subjected to pixel perturbation 
techniques and the masks (original and generated during inference) 
were compared to analyze the difference between them. One can thus 
observe the influence of pixel perturbations on the results of explainable 
methods. These analyses are discussed further in this paper.

4.2. XAI methods

The XAI methods were applied to explain the most important re

gions for the Mask R-CNN prediction model. These methods were chosen 
based on their compatibility with the AI model used in this work. More

over, most of the explainable methods provide results through the classi

fication process. However, for the experiments carried out, the aim was 
to obtain results from the segmentation process, the objective of which 
was to separate the fish from the rest of the image. Therefore, among 
the methods previously studied, four explainable visualization methods 
were implemented (Fig. 2): Grad-CAM, Saliency Map, CNN Filters, and 
Layer Grad-CAM. They all highlight the regions of the image that are 
most relevant for the model to identify the regions of the fish. Further

more, it is possible to check whether the result presented by the CNN 
matches the important regions highlighted by the explainable methods.

The Grad-CAM is based on gradients and uses colors to highlight the 
most relevant regions of the image during the segmentation process. The 
regions presented in warm colors (e.g., red) are the most important for 
the model during the inference process. This relevance decreases as the 
colors get colder. The blue regions are the least relevant when it comes 
to separating the fish from the other parts of the image (Fig. 2a). The 
second XAI method used was the Saliency Map, the aim of which is to 
highlight relevant regions based on the brightness of each pixel. For the 

1 Labelbox: https://labelbox.com/.

experiments in this work, the output image has black and red pixels. As 
a result, the black regions represent the image’s background, while the 
red regions represent the Pacu areas, with the brightest pixels being the 
most important for the inference process (Fig. 2b).

The CNN Filters method reuses the filters applied by CNN to explain 
the model’s own inference process, making it also an XAI method. The 
number of images generated depends on the number of convolution lay

ers used by the network, i.e., 17 in this work. Each image shows the most 
relevant regions for the corresponding layer, so the results are different 
from each other, allowing for different explanations. For this work, only 
the result of the first CNN layer was used to explain the model, since it 
would be impractical to use all outputs (Fig. 2c).

The last method applied was Layer Grad-CAM, which is based on 
the gradient calculation used in the Grad-CAM method, implemented in 
the last convolution layer of the CNN. For this work, the output of the 
method is an image in green and red according to the classes consid

ered for segmentation during the model’s inference process. According 
to Fig. 2d, the color red was used to represent the background of the im

age, while the color green was used to describe the head, body, and fins 
of the fish, thus highlighting the animal from the rest of the image. One 
can observe in green which pixels are considered relevant to determine 
the regions of the Pacu. It is important to highlight that the output im

age generated by the method suffers a decrease in size since the output 
of the last layer of the CNN is used as input for the explainable method, 
justifying the loss of image quality.

It is worth noting that explanations can be visualized using groups 
of pixels or pixel-by-pixel of the input image. The Grad-CAM and Layer 
Grad-CAM methods use groups of pixels to explain the inference process, 
while the Saliency Map and CNN Filters methods use each point in the 
image to generate the explanation. As a result, the use of these methods 
proved to be important due to their variability and distinctiveness. In 
other words, despite the similarity between them in terms of the type of 
visualization, and despite the fact that there are only four of them, the 
XAI methods implemented present totally different explainable results, 
enabling a greater scope in the experiments carried out.

4.3. Pixel perturbation

The performance of AI models can be analyzed based on changes to 
the input images. This is even the premise used in explainable methods 
based on pixel perturbation, the aim of which is to explain which re

gions or points of the image are considered relevant to the model. For 
this work, perturbation techniques were implemented to analyze the in

fluence of these changes on the performance of AI models, and how this 
affects the explainability.

According to [18], the construction of perturbed images can be per

formed by changing the pixel to a specific color. Moreover, one can 
observe the use of pixel perturbation methods to identify the part of the 
image that has the greatest responsibility in relation to the decision of 
the classification process, or according to more relavants pixels for a XAI 
method specific [41].

The changes caused by pixel disturbance can occur in different ways, 
resulting in different techniques. Three disturbance models were con

sidered for this work: white, dark, and random noise. These techniques 
were implemented using the pixel regions highlighted by the explain

able methods. In other words, considering a single input image, for each 
XAI method implemented, three different pixel perturbation techniques 
were used, generating three different output images.

Concerning the white noise technique, the changes are character

ized by pixels randomly painted in dark and white. Depending on the 
explainable method in which this disturbance was implemented, white 
noise can appear in denser regions, or only in random points of the im

age. This also occurs with the other perturbation techniques mentioned. 
Fig. 3 illustrates the same image subjected to white noise according to 
the different XAI methods. Despite being the same type of disturbance, it 
can be seen that in the Grad-CAM (Fig. 3a) and Layer Grad-CAM (Fig. 3c) 
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Fig. 2. Example of XAI methods results. 

Fig. 3. Example of white noise pixel disturbance for the four XAI methods. 

methods, the changes occur inside the object. Saliency Map (Fig. 3b) and 
CNN Filters (Fig. 3d) placed points inside and outside the fish’s body. 
Furthermore, the pixel perturbation was only applied to the regions or 
pixels that the explainable methods characterized as relevant to the AI 
model.

The second perturbation technique is responsible for changing the 
color of the pixels of the input image to dark. Based on each of the 
explainable methods, the dark is used both in regions and at specific 
points in the image, according on their relevance to the AI model’s in

ference process. The last perturbation technique applied alters the color 
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Fig. 4. Example of iterations for the Grad-CAM method on the influence of pixel disturbance randomly colored. 

of pixels randomly, with RGB colors between 0 and 255, making them 
colorful. As such, the most relevant regions or points for the inference 
process are colored according to the XAI method applied. As a result, 
unlike previous techniques, even for explainable methods with denser 
visualization, whose relevance is given by regions, it is still possible to 
observe pixel-by-pixel explanations due to the wide variety of colors.

When we talk about a good explainable method, this complicates the 
inference process, since the relevant regions are ``covered'' and may not 
be identified by the AI model. When the model indicates a segmentation 
error during inference, it means that the XAI method used is sufficiently 
good, because there is no longer any region of the fish that can be seg

mented. If the model continues with its iterations, it is correct to say that 
the regions that have been disturbed are not important for the model, 
indicating that the XAI method used is not satisfactory, as it has high

lighted regions that are not really relevant.

4.4. The best XAI method

The search for the best method is based on the explanations gen

erated concerning the inference process of the AI model. Even before 
understanding how the analysis of the four methods applied to this work 
was carried out, it is necessary to understand the step-by-step process 
that each image underwent. The following steps were carried out for 
each XAI method: (1) input image submitted to the AI model; (2) the 
model inference process was submitted to the XAI method; (3) most 
relevant pixels are disturbed according to an explainable method, gen

erating an output image; (4) output image is used as input image; and 
(5) repeating the steps until an error occurs in the inference process.

The execution of steps 1 to 4 characterizes what we call an ``itera

tion''. The number of iterations varies depending on the combination of 
the explainable method and the type of pixel disturbance implemented. 
With each iteration performed, the more disturbed the pixels of great

est relevance to the model are, which are determined according to the 

XAI method (Fig. 4). Fig. 4a shows the first iteration of the Grad-CAM 
method on the influence of the disturbance of randomly colored, and 
Fig. 4b shows more randomly colored regions, compared to the previ

ous image, representing the second iteration. Fig. 4c, which represents 
the third iteration, has the most disturbed regions, including areas that 
are not part of the fish’s body, head or fins.

When we talk about a good explainable method, this complicates the 
inference process, since the relevant regions are ``covered'' and may not 
be identified by the AI model. When the model indicates a segmentation 
error message during inference, it means that the XAI method used is 
good, because there is no longer any region of the fish that can be seg

mented. If the model continues with its iterations, it is safe to say that 
the regions that have been disturbed are not important for the model, 
indicating that the XAI method used is not suitable, as it has highlighted 
regions that are not really relevant. The influence of the pixel perturba

tion applied to the model also determines the performance of the XAI 
methods. In other words, for each method, it is necessary to analyze 
how the AI model behaves in the face of each perturbation technique. 
The first experiment was based on finding the best method, whose per

turbation techniques were tested by combining them.

4.5. Combination of XAI methods

Once the best explainable method had been chosen, it was suggested 
that this method be combined with the other techniques. The aim of this 
process was to identify whether or not combining the best with the worst 
could improve the results. In case of improvement, this answers the 
question ``How can XAI methods be improved to present explanations 
that are consistent with the prediction of the AI model?''. To analyze 
whether the combination was efficient, it was necessary to carry out the 
same steps presented in the search for the best method. However, the 
difference lies in the application of the explainable method: instead of 
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Fig. 5. Example of an image of a Pacu fish subjected to the combination of the Saliency Map with the other XAI methods, on the effect of the pixels disturbance on 
dark coloring.

using just one method, the best method was combined with each of the 
other three remaining ones.

The results were analyzed in a similar way to the search for the best 
XAI method. In other words, pixel perturbation techniques were im

plemented to check their influence on the inference process and the 
explainability in the combination. Therefore, based on the number of it
erations obtained for each image, it was possible to observe whether or 
not there was an improvement in explainability. Moreover, the combi

nation was based on the masks generated by each method during the 
inference process. As a result, the model’s output image contained the 
most important pixels and regions highlighted according to the pertur

bation technique. Fig. 5 illustrates an example of a fish image that has 
been subjected to the combination of the Saliency Map with Grad-CAM 
(Fig. 5a), Layer Grad-CAM (Fig. 5b) and CNN Filters (Fig. 5c), based on 
the implementation of the dark coloring perturbation technique.

The process of combining explainable methods one can perform us

ing the logical operators OR, AND, and XOR. Therefore, the AND oper

ator corresponds to the intersection between the images resulting from 
the methods, while the OR operator corresponds to their union. The XOR 
operator corresponds to the exclusive disjunction between the images of 
the combined methods [6].

For this work, the logical operator chosen was OR because of its abil

ity to join the important areas between the images, filling the undefined 
space with zeros. The union allows us to explore the complementarity 
of XAI methods, jointly utilizing the information that characterizes each 
of them. In other words, the location of objects in an image, which is 
not addressed by the Grad-CAM method, for example, can be satisfied 
by the Saliency Map method [6].

4.6. Analysis of results

The last stage of the methodology applied aimed at analyzing the 
results obtained from the experiments. Analysis of the combination of 

Table 1
Values of the most important pixels for 
each XAI method.

XAI Method Values 
Grad-CAM Greater than 0.01 
Saliency Map Greater than de 0.045 
Layer Grad-CAM Greater than -0.5 
CNN Filters Less than 0 

methods was also carried out in an analogous way, making it possible 
to understand their behavior based on this adjustment. The process of 
disturbing the input images took place according to the scores obtained 
for each pixel in the explainability methods. Each method considers a 
different scale to highlight the most relevant regions, for which the pix

els with the values shown in Table 1 were considered. Visual inspection 
of some images in the dataset was used to identify borderline values 
for each method. For other XAI methods, a new score analysis should 
be considered according to the relevant regions of the images. The ob

jective was to establish values that delimited the area belonging to the 
fish, ignoring pixels from other regions. The broader the threshold es

tablished, the more pixels will be considered, which may result in loss 
of accuracy in the XAI methods.

The Sorensen Dice coefficient (SD) is a statistical method that aims to 
analyze the similarity between two samples [49,8]. The original formula 
used for this method is presented in Equation (7), the result of which is 
presented in the range [0, 1]. Therefore, X and Y represent the number 
of elements in the two samples to be compared, e.g., images. For this 
work, the similarity between the original fish segmentation mask and 
the mask generated by the AI model using the XAI method and the pixel 
perturbation technique applied is compared. This calculation was car

ried out at each iteration, for each of the explainable methods, on the 
influence of each perturbation technique. Furthermore, the intersection 
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between the samples indicates which pixels are shared by the two. The 
closer the result of the equation is to 1, the more similar the compared 
masks are.

2|𝑋 ∩ 𝑌 | 
|𝑋|+ |𝑌 | . (7)

The Intersection Over Union (IoU), also known as the Jaccard index 
[24], is a metric used in DL algorithms to check the similarity between 
two images. In this case, the similarity between the set of pixels in the 
original mask and the set of pixels in the mask generated by the model 
was analyzed. This metric is calculated by dividing the overlap between 
the sets in relation to their union, as presented in Equation (8). The sets 
are represented by A and B, and the result obtained by the equation is 
in the range [0, 1]:

𝐽 (𝐴,𝐵) = |𝐴 ∩𝐵|
|𝐴 ∪𝐵| . (8)

Based on these values, it was possible to identify the best explain

able method and also the best combination applied. Moreover, one can 
observe which pixel perturbation technique was most influential con

cerning the AI model’s inference process and the explainability of the 
XAI method. Finally, it was also possible to observe that in the same 
method, the perturbation techniques can influence in different ways.

5. Experiments

This section describes the experiments and results obtained based on 
the methodology presented above. Two experiments were conducted: 
the first related to the search for the best explainable method and the 
second related to the improvement of XAI methods by combining the 
best with others. Both were implemented using PyTorch [39] and de

signed in Google Collaboratory, using a Python 3 runtime environment 
with a CPU. Furthermore, 12 GB of RAM and 100 GB of disk space were 
provided for each of the experiments. These experiments are described 
in detail and discussed in the following sections.

5.1. Experiment I

The first experiment (Fig. 6) used a model that had already been 
trained to segment Pacu fishes. The model was created from an R-CNN 
Mask using a variant of ResNet-18 as a feature extractor. Furthermore, 
the XAI methods implemented (Grad-CAM, Saliency Map, CNN Filters 
and Layer Grad-CAM) were considered during the prediction process to 
analyze which pixels were most important. Finally, the disturbance tech

niques (white, dark and random noise) served as a method of evaluating 
the explainable methods.

The process of disturbing the input images took place according to 
the scores obtained for each pixel in the explainability methods. Each 
method considers a different scale to highlight the most relevant regions. 
Visual inspection of some images in the dataset was used to identify 
borderline values for each method. To determine which was the best 
explainable method, it was necessary to compare the original mask, gen

erated during manual segmentation, with the mask generated during 
model prediction after successive pixel perturbations. The results ob

tained were tabulated according to the perturbation technique and the 
explainability method used.

All steps were carried out in a maximum of five iterations per im

age. In some cases, the model itself interrupted the process even before 
reaching the maximum. In these situations, the model was unable to 
make the segmentation after the pixels had been disturbed, thus inter

rupting the process. For each iteration, the image used as input was 
the image generated as output by the previous iteration, except for the 
first iteration where the input was the original fish image. Furthermore, 
with each pass, the most relevant pixels were increasingly disturbed to 
make the process even more difficult and, consequently, impair the mod

el’s ability to predict. The results obtained from these experiments were 
computed and are presented below.

Table 2
Values obtained for the IoU and SD indices concerning the XAI 
methods.

XAI Method Perturbation Technique IoU SD 
Random 0.2821 0.2102 

Grad-CAM Dark 0.1654 0.1503 
White noise 0.2864 0.2426

Random 0.2000 0.1763 
Saliency Map Dark 0.1985 0.1705 

White noise 0.2069 0.1816

Random 0.3688 0.2288 
Layer Grad-CAM Dark 0.2421 0.2040 

White noise 0.3435 0.2468

Random 0.0544 0.0671 
CNN Filters Dark 0.0566 0.0721 

White noise 0.0549 0.0685 

5.2. Experiment II

The second experiment was carried out based on the results obtained 
the previous experiment (Fig. 7). The aim was to improve the XAI meth

ods by combining them with the best method previously determined in 
the first experiment. Based on the three pixel perturbation techniques, 
the best explainable method was the Saliency Map, which showed to be 
influenced by the modifications made to the Pacu fish images. In other 
words, the method showed the truly relevant regions for the predic

tion process. The methods were combined according to the methodology 
presented, i.e., with the logical OR operation. This operation joins the 
images resulting from the XAI methods, whose pixels are highlighted 
according to their relevance to each methods, resulting in the union of 
the regions more relevant (Table 1).

The AI model and the dataset used were the same as in the first 
experiment, the aim of which was to segment the input images based on 
the body, head, and fins of the Pacu fish. Differently from the previous 
experiment, the iterations are determined by combining the explainable 
methods with the Saliency Map, rather than simply implementing each 
of them. As a result, the three pixel perturbation methods were applied 
and the resulting mask was used for comparison, just as before.

A maximum of five iterations per image was also considered for this 
experiment to assess whether the combination of the Saliency Map and 
the other methods was influenced by the disturbance of pixels classified 
as significant for the model. Moreover, the same criteria were used to 
analyze the results. Finally, from the results it was possible to observe 
the behavior of the methods when combined, even comparing them with 
the results obtained previously, in which the XAI methods were applied 
separately.

6. Discussion

From the first experiment, it was possible to determine the influ

ence of the perturbation techniques on the results presented by the XAI 
methods, in order to identify the best method among the four presented. 
Table 2 shows the values obtained for the indices IoU and SD. These 
results show that the masks generated for each XAI method highlight 
pixels or regions that go beyond the fish’s head, body, and fins. The CNN 
Filters method, for example, obtained the lowest values for both indices, 
which indicates that the regions highlighted in white, for the most part, 
are not part of the Pacu fish. However, for the Layer Grad-CAM method, 
it can be seen that the values are the highest, indicating that most of the 
areas highlighted in white belong to the fish. Remember that the mask 
generated during the prediction process ignores characteristics of the 
methods, such as pixel color or brightness. These characteristics are ex

tremely important for identifying the most relevant regions of the image 
and therefore prevent the methods from being correctly evaluated using 
the IoU and SD indices alone.
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Fig. 6. Diagram of the methodology used for the first experiment. 

Fig. 7. Diagram of the methodology used for the second experiment. 

To determine the results, in addition to these values, the average 
number of iterations and, consequently, the average number of images 
generated for each of the methods were observed. These values were 
used to determine whether or not the method was influenced by the 
pixel disturbance techniques. Table 3 shows the average number of it
erations and the number of images obtained for each XAI method and 
perturbation techniques. The latter refers to the number of images gener

ated in all iterations for a single image. For example, when the maximum 
of five iterations for a single input image is reached, five output images 
are generated. Therefore, based on the 100 images in the dataset used, 
implementing an XAI method, together with a given pixel perturbation 
technique, can generate a maximum of 500 output images. It is also 
worth noting that both values help determine the performance of an ex

plainable method in the face of changes to the pixels in the input image. 
The methods that achieved the lowest number of iterations and, conse

quently, lowest number of images, were the ones that showed the best 

results. It can be seen that not all methods behaved in the same way, 
and the methods that showed the best results did not necessarily achieve 
the same result given the number of iterations and images generated.

Given the results presented, the dark color technique had the least 
effect on the method, as the explanations presented did not highlight the 
pixels of real importance to the model. The white noise technique had 
the greatest influence on the Grad-CAM method, resulting in a smaller 
number of images, with an average of just one iteration per input image. 
With regard to the methods that reached the maximum number of itera

tions (five), it can be said that the model continued to be able to perform 
segmentation even after the most relevant pixels for the current method 
were disturbed. In other words, the disturbance did not affect the model 
and the prediction process continued normally. This means that the ex

plainable method erroneously characterized pixels or regions of pixels 
as important. Therefore, by continuing the prediction even in the face of 
the disturbance, it means that the change in pixels did not significantly 
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Table 3
Average number of iterations and number of images per XAI 
method concerning the pixel perturbation techniques imple

mented.

XAI Method Perturbation Technique Iterations Images 
Random 2 224 

Grad-CAM Dark 4 374 
White noise 1 120

Random 1 123 
Saliency Map Dark 1 144 

White noise 1 118

Random 5 493 
Layer Grad-CAM Dark 5 499 

White noise 5 464

Random 2 188 
CNN Filters Dark 2 182 

White noise 2 184 

affect the AI model. For example, the Layer Grad-CAM method had the 
highest average number of iterations, making it the worst of the four 
methods tested. These results can be seen in the Table 3, which shows 
the average number of iterations for each type of disturbance, together 
with the number of resulting images, the maximum possible number of 
which would be 500 (maximum of five iterations for each of the 100 
input images).

The CNN Filters method obtained satisfactory results with all pixel 
perturbation techniques, compared to the Layer Grad-CAM and Grad

CAM method. The average number of iterations remained stable in 
relation to the changes made to the input images, while the number 
of images was two per iteration. Despite this, these results show that 
the model still performed one more iteration, indicating that the pixels 
highlighted by the method were not all relevant to the prediction pro

cess. Therefore, it can be seen that only after the second iteration did 
the method manage to highlight all regions that were truly significant 
for the model.

With regard to the methods that interrupted the prediction process 
even before reaching the maximum of five iterations, this means that 
the joint implementation of the XAI method with the pixel perturbation 
technique affected the model and therefore prevented the prediction 
process altogether. Furthermore, it can be said that the explainable 
method highlighted the truly most relevant pixels for the AI model. The 
Saliency Map achieved this result as shown in Table 3, as it obtained 
the lowest average number of iterations while showing less sensitivity 
to different types of pixel disturbance, making it the best method of the 
four. This was also reflected in the number of images obtained.

Of the pixel perturbation techniques implemented, it can be seen 
that three of the four XAI methods were more influenced by the dark 
coloring technique than the other white and random coloring techniques 
(Fig. 8). It is possible that this phenomenon is related to the use of 
padding, which is generally implemented with zero-value pixels, thus 
making the model more resilient to disturbances of this nature. For these 
methods, the number of iterations and images generated was greater for 
this perturbation technique than for the others. However, the CNN Fil

ters method was the only one to show less sensitivity to this disturbance 
technique, making it the method with the least variation among the 
techniques, when considering the number of resulting images.

For the second experiment, the combined evaluation of the explain

able methods was performed similarly to experiment I. For the IoU and 
SD indices, the variations were more subtle, as combining the Saliency 
Map methods with the other methods highlighted more pixels and re

vealed more differences between the original mask and the one gen

erated by the model. It is worth noting that not all regions considered 
relevant by the explainable methods belong to the fish regions. The three 
combinations obtained similar results for the IoU index. However, the 

Fig. 8. Bar graph of the average number of images per pixel perturbation tech

nique for the first experiment.

Table 4
Values obtained for the IoU and SD indices concerning the combined XAI meth

ods.

Combined XAI method Perturbation Technique IoU SD 
Random 0.1125 0.3072 

Saliency Map + Grad-CAM Dark 0.1143 0.3048 
White noise 0.1104 0.3015

Random 0.0969 0.3035 
Saliency Map + Layer Grad-CAM Dark 0.0970 0.2972 

White noise 0.0969 0.3021

Random 0.0931 0.1651 
Saliency Map + CNN Filters Dark 0.0902 0.1619 

White noise 0.0930 0.1654 

Table 5
Average number of iterations and number of images per combined XAI 
method concerning the pixel perturbation techniques implemented.

Combined XAI Method Perturbation Iterations Images 
Random 1 106 

Saliency Map + Grad-CAM Dark 1 109 
White noise 1 108

Random 1 101 
Saliency Map + Layer Grad-CAM Dark 1 106 

White noise 1 102

Random 1 101 
Saliency Map + CNN Filters Dark 1 107 

White noise 1 101 

average value achieved for the index was lower for the combination of 
the Saliency Map and CNN Filters compared to the others.

For the SD index, the combination of the Saliency Map and CNN Fil

ters showed the lowest similarities between the masks. The combination 
of the Saliency Map and Grad-CAM showed less variation compared to 
the previous experiment, indicating an improvement in the results. Ta

ble 4 shows the average indices obtained for each combination of XAI 
techniques and pixel perturbation approaches. However, as in the previ

ous experiment, the values obtained for the average number of iterations 
and the number of images were taken into account.

Table 5 shows these values for each pixel perturbation technique ap

plied to each XAI method in combination with the Saliency Map. These 
values demonstrate the improvement of the methods compared to the 
previous experiment, in which it was possible to observe a significant 
difference between the methods. However, for this experiment, it can 
be seen that the logical OR operation stabilized the values (amount of 
iteraction and images).

Table 5 demonstrates the improvement of the Grad-CAM method 
when combined with the Saliency Map. It can be seen that unlike the pre
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Fig. 9. Bar graph of the average number of images per pixel perturbation tech

nique for the second experiment.

vious experiment, Grad-CAM remained stable in the face of the types of 
perturbations applied. In addition, the black coloring technique, which 
previously produced results close to 400 images, was considerably re

duced to just 109 images. Even with the white noise technique, which 
had produced a satisfactory result of 120 images, the method managed 
to produce even better results, obtaining a total of 108 images. In view 
of this, for all perturbation techniques, the average number of iterations 
was one, differently what was presented previously. This explains the 
drop in the number of images generated.

The Layer Grad-CAM, previously considered the worst explainable 
method for the context of segmenting Pacu fish images, was the one 
that obtained the most significant change in its results. Therefore, in 
both perturbation techniques, the method had presented values above 
400 for the number of resulting images, while for experiment II, the 
method behaved much better and with results way below; the lowest 
value being 101 images for the random noise technique. It’s worth not

ing that the minimum quantity possible in this model is 100 images 
(with one resulting image for each of the 100 fish input images). For 
all types of disturbance, the method performed, on average, only one 
iteration (Table 5).

Following the same performance obtained with the other methods, 
the results of the combination with the Saliency Map for the CNN Filters 
method were also satisfactory. One can observe that the values were bet

ter than those achieved in the first experiment. While the lowest number 
of images obtained by the method was 182 for the black color distur

bance in experiment I, the highest number obtained in experiment II 
was 107 for the same type of disturbance. This shows that even the 
worst value obtained exceeds the best result achieved previously.

Despite the good results, the dark color perturbation technique re

mained the worst (Fig. 9). On the other hand, compared to the first 
experiment, this technique achieved a significant improvement. While 
the average number of images for the first experiment was 300 con

cerning the dark noise, the average obtained in the second experiment 
was 107. Furthermore, a significant difference was previously observed 
between this technique and the others, whereas for the present exper

iment, this difference was subtle (maximum difference of four images 
from the average of each technique).

In all cases, one can confirm that the combination served as a de

termining factor for the improvement of the three other explainable 
methods. Moreover, it was observed that even the worst results of this 
experiment were superior to the results obtained by the Salience Map 
method itself, considered the best. Fig. 10 shows a graph of the aver

age number of images obtained by the combinations, compared to the 
average obtained by the Saliency Map method alone. It can be seen 
that the value of 128 images, considered a good result in the first ex

periment, was exceeded by the other three combinations. These results 
show that the objectives of this work were achieved, since the Saliency 
Map method, which was evaluated as the best, was decisive for the im

provement of the other XAI methods implemented in this experiment.

Fig. 10. Bar chart of the average number of images by combination of methods.

7. Conclusions

XAI has been considered as a possible solution in the search for trans

parency in black-box models. However, just as it is necessary to verify 
the origin of AI model predictions, it is also necessary to analyze the ex

planations generated by explainable methods. The need therefore arose 
to evaluate these methods to check the quality of the explanations in re

lation to the results presented during the prediction process. This makes 
it possible to determine the best methodology to consider in a specific 
scenario, such as the health sector, where medical images need to be 
explained accurately.

One commonly used technique for evaluation is pixel perturbation, 
especially for models using image inputs. This involves altering key pix

els in the image to confirm if the prediction remains accurate and if the 
explanations are influenced by these changes. Successful results indicate 
that the explainable method highlights the crucial regions considered 
by the model during predictions. Contrary results, suggest that the XAI 
method identifies different pixels than those deemed significant by the 
AI models.

The main limitations encountered during the development of this 
work are:

• Lack of standardization of output images: each explainable model 
generated images in different dimensions, making comparison be

tween models difficult. Therefore, it was necessary to standardize 
the images, which contributed to a loss of quality in the generated 
images, especially in the Layer Grad-CAM method;

• Different images from the CNN Filters method: the method gen

erates an output image for each neural network filter. Therefore, 
these images differ from each other, both in dimension and in the 
methodology used to highlight the image pixels;

• Lack of compatible explainable methods: difficulty in finding XAI 
methods that were compatible with the image segmentation model 
used, limiting the experiments to the four explainable methods 
mentioned; and

• Dataset standardization: images of fish of the same species, in the 
same environment, and the same position. Based on this dataset, 
results may not be compatible with the variability existing in aqua

culture, hindering the accuracy of methods about the different con

texts presented by the area.

For the present work, two experiments were conducted to analyze 
the segmentation of Pacu fish images, whose Grad-CAM, Saliency Map, 
CNN Filters and Layer Grad-CAM techniques were evaluated. In the first 
experiment, the results indicated that Saliency Map had the best perfor

mance, revealing the most relevant pixels according to Mask R-CNN, 
even in disturbances such as black color, randomness and white noise. 
These results addressed two of the three research questions presented in 
this study.
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The black color perturbation produced more iterations and, conse

quently, more images in three out of the four XAI methods discussed. 
Thus, it is inferred that this method has the least impact on the segmen

tation model among those tested. Analysis of the average number of 
iterations and images generated suggests that the Saliency Map method 
was the least affected by different perturbation techniques, while CNN 
Filters showed the least sensitivity to perturbation types, exhibiting min

imal variation in image averages. In contrast, Grad-CAM was the most 
responsive to perturbation techniques among the four.

The exploration of XAI methods unveiled a plethora of explainable 
methodologies across various domains. This diversity spurred the quest 
for techniques enhancing XAI methods to elevate the quality of expla

nations. Consequently, the second experiment in this study aimed to 
enhance explanations by combining the best XAI method identified in 
the first experiment with other implemented methods through the in

tersection of resulting masks.

From the results of the second experiment, it was observed that the 
methodology used not only improved Grad-CAM, CNN Filters, and Layer 
Grad-CAM methods but also enhanced the Saliency Map method itself, 
surpassing the values of the best method. This result addresses the final 
research question and supports the aims initially proposed. Thereby, it 
is concluded that enhancing the explanation quality of an explainable 
method applied to an image segmentation model is feasible. Further

more, the combination of methods can potentially diminish the explain

ability of the superior method when paired with a lower-quality one. 
However, in this experiment, Layer Grad-CAM considered the weakest 
method in the first experiment, did not compromise the effectiveness of 
the best method. Moreover, the Saliency Map also exhibited a notable 
improvement in results, indicating the successful synergy of methods.

In comparison with other studies found in the literature, this work 
presents superior results regarding the evaluation of explainable meth

ods. The success of the combination of techniques in the face of the 
presented pixel perturbations was also proven. However, it is still nec

essary to compare the results achieved through other existing image 
segmentation models, as well as to evaluate other XAI methods from dif

ferent evaluation techniques. Finally, the scientific contribution of this 
research is notable, which aims to question the explainability of existing 
XAI methods.

Given the widespread popularity of intelligent models, the results 
show how important it is to work with reliable XAI methods to better 
understand the steps involved in AI experiments. For the Aquaculture 
sector, this prevents erroneous and misleading results related to aquatic 
organisms and their characteristics. In addition, it prevents waste and 
provides greater confidence to professionals in the field who see AI as 
an opportunity to improve and optimize farming activities.

With these results, the explainability of XAI methods can be inves

tigated in other contexts, such as image classification. Therefore, for 
future research, one recommends replicating these experiments with 
various AI models (e.g., U-Net, DeepLabV3+, or Swin-UNet), with dif

ferent dataset partitioning strategy (e.g., K-Fold Cross Validation), and 
explainability methods. To further validate the quality of explanations, 
one expects to use alternative mechanisms, such as automated thresh

olding methods (e.g., Otsu’s algorithm or percentile-based algorithm) 
and statistical methods (e.g., p-values or confidence intervals), instead 
of visual inspection to determine relevant regions. Also one expects to 
explore different perturbation techniques, such as alternative distortions 
(e.g., Gaussian blur, sliding-window occlusion, or adversarial patches), 
and evaluation methodologies, such as objective metrics (e.g., deletion 
AUC, insertion AUC, or relevance mass accuracy).

Testing logical combinations (e.g., AND or XOR) between the 
Saliency Map and other methods may yield new insights into improve

ments in explainability. Furthermore, applying the image segmentation 
model to identify fish body parts, such as the body, head, and fins, 
represents a potential future experiment. Applying assessment indica

tors and quantitative analysis, and, finally, extending these research 
hypotheses to other contexts, such as classification and diverse datasets 

(with images in different environments and dimensions), can broaden 
the findings of this study, including in other branches of Aquaculture. 
Finally, one expects to consult with Aquaculture experts to assess the 
feasibility of the study and its contributions to the field.
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