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Abstract

Medical image classification remains a challenging task due to the subtle and varied nature
of disease patterns across imaging modalities. Deep learning models offer promising solutions;
however, the integration of region-of-interest (ROI) detection into the training process is still
not well understood.This thesis explores the effectiveness of Grad-CAM as an unsupervised
ROI detection method within a two-phase framework. In Phase 1, Grad-CAM is used to
generate ROI-focused images from chest X-rays and brain MRIs without requiring pixel-level
annotations. In Phase 2, we train and compare deep classification models using both these ROI-
based inputs and the original full images. The architecture consists of a pretrained convolutional
backbone (EfficientNetB4 or DenseNet201), a custom classification head, and two fine-tuning
strategies: frozen and partially unfrozen (top 25 % trainable layers). Results show that full-
image inputs consistently outperform ROI-transformed versions, with DenseNet201 and partial
unfreezing achieving the highest accuracy (98.00 % on chest X-rays, 99.00 % on brain MRIs).
These findings indicate that while Grad-CAM is valuable for visual interpretation, it may not
serve as an effective unsupervised ROI detector during training, as it may exclude contextual
cues critical for robust learning.

Keywords : Medical Image Classification, Region of Interest (ROI), Grad-CAM,
Deep Learning, Chest X-ray, Brain MRI
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1.2 Organization of the Thesis . . . . ... ... ... ... ........ 2

1.1 Context

Healthcare systems around the world face increasing challenges in diagnosing and managing
complex diseases such as cancer, respiratory illnesses, and neurological disorders. Early and
accurate detection plays a vital role in improving patient outcomes, reducing treatment costs,
and saving lives. Conditions like brain tumors and chest infections can progress rapidly, making
timely diagnosis essential. Identifying these diseases early often relies on thorough clinical
evaluations supported by imaging technologies.

Medical imaging has become a core part of modern clinical practice, enabling non-invasive
visualization of internal body structures. Techniques such as X-rays and magnetic resonance
imaging (MRI) help detect abnormalities like tumors, lesions, or unusual tissue growth. For ex-
ample, brain MRI scans are commonly used to identify tumors such as gliomas or meningiomas,
while chest X-rays assist in diagnosing lung infections and other thoracic conditions. As the vol-
ume of medical imaging continues to grow, there is increasing interest in using computer-based
tools to assist in faster, more consistent, and more accurate image analysis.

While the diagnostic utility of these techniques is well established, analyzing medical images
remains complex due to their high dimensionality, modality-specific features, and variability
introduced by different acquisition protocols. Among the most pressing challenges in medical
image analysis is the accurate and efficient identification of Regions of Interest (ROIs) localized
areas containing diagnostically significant information such as tumors, lesions, or structural
abnormalities. Traditionally, this task has depended on the expert judgment of radiologists,
who manually identify ROI regions during visual inspection. However, this manual process is
time-consuming, prone to inter-observer variability, and increasingly unsustainable in the face
of rapidly growing imaging volumes.

In recent years, many supervised ROI detection methods—such as segmentation networks
and object detection models—have shown strong performance. These methods typically rely on
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annotated data to learn where diagnostically relevant regions are located, and they have been
widely validated across various medical tasks. In contrast, unsupervised ROI detection tech-
niques remain poorly explored and under-evaluated, especially in terms of how they influence
classification performance.

This thesis is motivated by the hypothesis that explicitly detecting and utilizing ROIs during
preprocessing may impact the performance of medical image classification systems. Specifically,
we aim to evaluate whether ROI-guided classification using Grad-CAM as an unsupervised
method for ROI detection can offer meaningful improvements. Grad-CAM has primarily been
employed as a post-hoc visualization tool to explain model predictions, but its effectiveness
as a standalone mechanism for unsupervised ROI extraction—and its impact on downstream
classification accuracy—has not been sufficiently studied.

In this work, Grad-CAM is used not for interpretability, but rather as an unsupervised tool
to extract candidate ROIs, which are then used to train classification models. This allows us
to evaluate whether isolating the regions that the model already finds important can lead to
performance improvements, even without any labeled supervision during ROI detection.

1.1.1 Research Problem and Research Question

Although deep learning models perform well in medical imaging tasks, there has been limited
research on how tools like Grad-CAM can be used not just to interpret model predictions but
to actively influence and potentially improve model training. Grad-CAM highlights the regions
in an image that most influence the model’s decision, helping to identify important areas such
as tumors or lesions.

While supervised ROI methods have been thoroughly studied, unsupervised ROI extraction
especially through methods like Grad-CAM-—has not been rigorously evaluated in terms of its
practical utility for improving classification performance.

This research explores whether using ROI regions generated by Grad-CAM can improve the
training and testing of classification models. In other words, we aim to find out if focusing only
on the most relevant parts of an image—those highlighted by Grad-CAM-—can lead to better
model performance, despite being extracted without supervision.

Research Question

Does using Grad-CAM to detect Region of Interest (ROI) areas improve the perfor-
mance of deep learning models in medical image classification tasks?

To answer this question, the work is divided into two phases:

e Phase 1: ROI Detection — Use Grad-CAM to generate ROI heatmaps without any
supervision or labels.

e Phase 2: Evaluation — Train and test classification models using both original and
ROI-transformed images, with and without fine-tuning.

1.2 Organization of the Thesis

The structure of this thesis is outlined as follows : Chapter Two presents background
information and explains key concepts, including machine learning, deep learning, Region of

2
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Interest (ROI) detection, and the Grad-CAM method. Chapter Three reviews related works
by discussing previous researches and techniques used for ROI detection and image visualization
in healthcare. Chapter Four describes the main contributions of this study, including data
collection, experimental design, the methods used, and the results from both phases of the
research. Finally, Chapter Five summarizes the findings, discusses the limitations of the
study, and offers recommendations for future work.
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2.1 Introduction

In recent years, the integration of Artificial Intelligence (AI) into medical image analysis has

grown significantly, driven by the advancement of Machine Learning (ML) and Deep Learning
(DL) techniques. These computational approaches enable automated systems to learn from
data, identify complex patterns, and support clinical decision-making with improved accuracy
and efficiency.
This chapter provides a foundational overview of ML, its learning paradigms, and the evolution
toward DL architectures, including Convolutional Neural Network (CNN)s that are particularly
effective in processing visual data. Additionally, we explore key interpretability tools such as
Gradient-weighted Class Activation Mapping (Grad-CAM), which help reveal the decision-
making processes of deep networks, and discuss common classification performance metrics
that are crucial for evaluating model effectiveness. By establishing this theoretical background,
the chapter sets the stage for understanding the methods and technologies employed in the
development of intelligent diagnostic systems.
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2.2 Machine Learning

ML is a subfield of Al that focuses on developing algorithms and models that enable com-
puters to learn from data rather than being explicitly programmed. For example, an ML model
can be trained to identify spam emails by learning from a labeled dataset of examples. These
datasets, known as training data, help the model identify patterns and relationships that it can
later use to make predictions on new, unseen data.

Unlike traditional programming, where rules are predefined, ML systems adapt and improve
their performance over time by refining their internal parameters based on experience. This
capability is especially valuable in applications involving large, complex, or high-dimensional
datasets. While all ML is considered part of Al not all Al approaches rely on ML . Traditional
symbolic Al, for instance, involves rule-based systems rather than data-driven learning.

ML models rely on mathematical and statistical techniques to perform tasks such as classi-
fication, regression, and clustering. By identifying patterns in past data, these models aim to
make informed decisions or predictions that resemble human-like reasoning and decision-making
[19, 20].

2.2.1 Paradigms of Machine Learning

ML approaches are commonly categorized into four main paradigms based on the availability
and nature of labeled data. Each paradigm addresses different types of problems and leverages
different algorithmic strategies. An overview of these paradigms is presented in Figure 2.1 [1].

Embedding Regression
oy il e, Linear, NN, SVM,
Diffusi 1 DT, Lasso, RF,...
Continuous Continuous
Classification
Discrete €8, Logistic regression,
NN, SVM, DT, RF,

KNN, Naive Bayes,..

Partially
labeled data

Semi-
Moded - supervised' Mog;g,

Generative .
Reinft t
Model (GAN) ot
(self-supervised) g

Figure 2.1: Paradigms of Machine Learning.|1]
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Supervised Learning

Supervised learning involves training a model using labeled data, where both the input
features and corresponding output labels are provided. The model learns to map inputs X
to outputs Y, and once trained, it can generalize to predict outcomes for new inputs. This
approach is analogous to learning with a teacher, where the correct answers are known during
training [21].

Common applications include:

e Classification: Predicting discrete categories (e.g., spam vs. non-spam).
e Regression: Predicting continuous values (e.g., house prices).

The dataset is typically split into a training set and a test set. The training set is used to
teach the model, while the test set is used to evaluate its performance.

Unsupervised Learning

Unsupervised learning deals with data that has no associated labels. The goal is to identify
hidden patterns, groupings, or structures within the data. Unlike supervised learning, it does
not require labeled examples and is useful for exploring unknown datasets.|22]

Common tasks include:

e Clustering: Grouping similar data points into clusters.

¢ Dimensionality Reduction: Reducing the number of input variables while preserving
important information.

e Association Mining: Discovering relationships between variables (e.g., market basket
analysis).

Semi-Supervised Learning

Semi-supervised learning falls between supervised and unsupervised learning. It uses a
small amount of labeled data along with a large amount of unlabeled data to improve learning
accuracy. This approach is particularly useful when labeled data is expensive or difficult to
obtain, but unlabeled data is abundant [23].

Two common settings include:

e Semi-supervised classification: Uses both labeled and unlabeled data to improve
classification accuracy.

e Semi-supervised clustering: Incorporates prior information such as labels or con-
straints into clustering tasks.

2.3 Deep Learning

DL is a specialized subfield of ML that focuses on the use of deep neural networks, which
consist of multiple layers, to learn complex patterns directly from raw data. Unlike traditional
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ML methods that rely heavily on manual feature engineering, deep learning models automat-
ically extract relevant features during the training process. This ability makes DL especially
effective in handling unstructured data, such as images, audio, and natural language [24].

By learning hierarchical representations, where higher-level features are built upon lower-
level ones, DL achieves high performance in various domains such as image recognition, speech
processing, and natural language understanding.

2.3.1 Differences Between ML and DL

While both ML and DL aim to develop models that learn from data to make predictions or
decisions, they differ significantly in architecture and approach.

e Feature Engineering: Traditional ML models often require domain experts to manually
design features, whereas DL models automatically learn these features during training.

e Model Architecture: ML includes a wide range of algorithms (e.g., decision trees,
Support Vector Machine (SVM), k-Nearest Neighbour (KNN)) that are generally shallow,
while DL relies on deep neural networks with multiple processing layers.

e Data Requirements: ML algorithms typically perform well on structured data and
require less data, while DL models excel with large-scale unstructured data and need
substantial datasets to perform effectively.

e Performance: DL generally outperforms ML in tasks such as image classification, speech
recognition, and text generation, but may require more computational resources [25].

2.3.2 Convolutional Neural Networks

CNN are Neural Network (NN) created specifically to process images and videos.
A typical CNN architecture (Figure 2.2) consists of several key components:

e Convolutional Layers: These layers apply learnable filters (kernels) to extract local
spatial features. The convolution operation for a 2D input image [ with a filter K is
defined as:

S(i,j) = (I« K)(i,j) =Y > I(i+m,j+n)-K(m,n)

where S(i, j) is the resulting output called feature map, and the summation is performed
over the dimensions of the kernel.|25]

e Pooling Layers: These layers reduce the spatial dimensions of feature maps, which
helps lower computational cost and mitigate overfitting. A common pooling method is
max pooling, which selects the maximum value within a defined window. The operation
is defined as:

P(i,j)= max A(i+m,j+n)

(m,n)€ewindow

where:
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— A denotes the input activation map,
— P(i,j) is the pooled output at location (i, j),

— W is the set of integer index pairs (m,n) defining the pooling window, typically with
me{0,...,H—1},ne€{0,...,W — 1}, where H and W are the height and width
of the pooling window, respectively.

where A is the activation map input to the pooling layer, and P(i, j) is the pooled output.

Maz-Pooling: A max-pooling operator can be applied to down-sample the convolu-
tional output maps by passing forward the maximum value within a group of R ac-
tivations. The m-th max-pooled feature map is composed of J filters, represented as
P = [P1m; P2my - - - Pam) € RY, where each element is defined by:

Pjm = IMax (hj,(m—l)N-‘rr)

Here, hj (m—1)n4r represents the activations within the pooling region indexed by j, and
N and r denote the stride and position offset respectively.[26]

e Fully connected layers:These layers take the flattened feature maps or ponderated
vectors in some cases and perform high-level reasoning. For a dense layer:

y= f(Wz+b)

where x is the input vector, W is the weight matrix, b is the bias vector, and f is a
non-linear activation function.

e Output layer: To produce the final prediction in classification tasks, the softmax func-
tion is typically used to convert raw output scores into probabilities. However, it is
important to note that softmax is not always used — for example, in binary classification
tasks, a sigmoid function might be applied instead.The softmax function is defined as:

e~

Zj e

Each layer transforms the input volume to an output volume of activations, which is then
passed to the next layer. CNN have demonstrated exceptional performance in applications
such as object detection, facial recognition, autonomous driving, and medical image analysis
[27].

softmax(z;) =
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Figure 2.2: The CNN layers. [2]

2.3.3 Computer Vision

Computer vision is a subfield of Al that focuses on enabling machines to perceive, inter-
pret, and understand visual information from the world. By utilizing ML techniques and NN,
computer vision systems are capable of analyzing digital images and video streams to extract
meaningful patterns and insights. This capability allows automated systems to detect anoma-
lies, recognize objects, make decisions, and perform tasks that traditionally required human
visual perception.

Core Tasks in Computer Vision

The modern field of computer vision encompasses a diverse range of tasks, enabled by pow-
erful AT models such as CNNs and Vision Transformer (VIT)s. These tasks include image
classification, object detection, semantic segmentation, and emerging paradigms such as gen-
erative modeling and real-time inference. Below, we outline and discuss several key computer
vision tasks, the models commonly used to address them, and their real-world applications.|28]

Image Classification

Image classification assigns a category label to an entire image and serves as a foundational
task in computer vision. Models such as ResNet [29], VGG [30], and BLIP [31] have shown
strong performance using deep architectures or vision-language integration. Applications span
across healthcare (e.g., disease detection in medical scans), logistics (e.g., item categorization),
and manufacturing (e.g., defect detection).

Object Detection and Localization

Object detection identifies and localizes multiple objects within an image using bounding
boxes or masks. Key models include Faster R-CNN [32], YOLOv7 [33], and SSD [34]. These
models are widely applied in real-time systems such as autonomous vehicles, surveillance, and
industrial automation.
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Semantic Segmentation

Semantic segmentation classifies each pixel of an image into a predefined category, offer-
ing detailed understanding useful in fields like medical imaging and autonomous navigation.
Common models include FastFCN [35], DeepLab [36], and U-Net [37].

Instance Segmentation

Instance segmentation extends semantic segmentation by distinguishing between individual
objects of the same class. Models like SAM [38] and Mask R-CNN [39] can separate multiple
instances within a single image, which is critical for tasks requiring object-level granularity,
such as medical diagnostics or traffic analysis.

Pose Estimation

Pose estimation involves detecting keypoints (e.g., joints) on objects or human figures,
commonly used in gesture recognition, sports analytics, and human-computer interaction. Well-
known models include OpenPose [40], MoveNet [41], and PoseNet [42]|, each optimized for
different speed and accuracy needs.

2.3.4 Transfer Learning

Transfer learning (TL), is a method where a model trained on one task is reused or adapted
for a different but related task. This approach is especially helpful in DL, where training
a model from scratch often needs a large amount of labeled data and powerful computing
resources. Instead of starting from zero, a model trained on a large dataset (such as ImageNet)
can be adapted to a new task with fewer data and shorter training time [43|. TL generally
follows two main strategies:

e Feature extraction: The pretrained model is used to extract useful features from the
new data, and only the final classifier layer is trained.

e Fine-tuning: Fine-tuning works by using the weights from a pretrained model as a
starting point. The model is then trained further on a smaller dataset related to the
new task. This process can involve different types of learning, including supervised,
self-supervised, semi-supervised, or reinforcement learning, depending on the available
data and task requirements. For example, a model trained to classify general objects
in images can be fine-tuned to recognize medical conditions in X-rays using a labeled
medical dataset.

Fine-tuning can be done in different ways like:

— Full fine-tuning: Updates all the weights in the model. This method is power-
ful but computationally expensive and can risk losing previously learned general
knowledge. To reduce this risk, hyperparameters such as the learning rate are often
carefully adjusted.

— Partial fine-tuning: Also known as selective fine-tuning, it updates only a part
of the model, such as the final layers. Earlier layers, which usually capture general
features like edges or textures, remain unchanged. This approach reduces training
time and helps avoid overfitting.

10
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— Parameter-efficient fine-tuning (PEFT): Reduces the number of parameters
that need to be updated. Techniques include updating only specific weights or biases,
which lowers memory and computational costs while maintaining performance.

In practice, the choice of fine-tuning method depends on the task, available data, and com-
puting resources. Researchers often test various setups, datasets, and hyperparameters
(e.g., learning rate, batch size) to find the best configuration for their application [43].

2.4 Classification Performance Metrics

This section discusses some metrics used to evaluate classification models. A summary of
these metrics is provided in Table 2.2 with further details explained in the following subsections.

Confusion Matrix

The confusion matrix is an essential method for evaluating the performance of a binary
classifier. It captures the frequency of each possible pairing between predicted and actual
class labels. In binary classification—where the possible true labels are Positive, Negative—the
confusion matrix is structured as a 2x2 table, as shown in Table 2.1.

Table 2.1: Confusion Matrix for Binary Classification [17]

Predicted Positive | Predicted Negative

Actual Positive | True Positive (TP) | False Negative (FN)
Actual Negative | False Positive (FP) | True Negative (TN)

Definitions

e True Positive (TP): The model correctly classifies a positive instance as positive.
e True Negative (TN): The model correctly classifies a negative instance as negative.

e False Positive (FP): Also known as Type I error, the model incorrectly classifies a
negative instance as positive (a “false alarm”).

e False Negative (FN): Also known as Type II error, the model incorrectly classifies a
positive instance as negative (a “miss”).[17]

Confusion Matrix in Multi-Class Classification

In classification problems involving N distinct classes, the confusion matrix is structured as
an IV x N table. In this matrix, each row ¢ corresponds to the actual class i, and each column
j represents the predicted class j produced by the model.

Let M]i, j| represent the number of instances whose true label is class ¢, but which the
model has classified as class j. Each entry in this matrix satisfies the following conditions:

11



Chapter 2: Background

¢ Row Sum:
N

Z M]|i, j] = Total number of instances of class ¢
j=1
e Column Sum:

N
Z M{i, j] = Total number of instances predicted as class j
i=1

e Diagonal Entries:

M|i,i] = Number of correctly classified instances of class i

¢ Off-Diagonal Entries:

MTi, j] (i # 7) = Number of instances of class ¢ misclassified as class j

Interpretation in Multi-Class Problems

e Diagonal Elements:
Large values along the diagonal entries M i, 7] reflect high classification accuracy for class
i.

¢ Row Totals (Actual Class Viewpoint):
The sum Zjvzl M]i, j] represents the total count of instances truly belonging to class i.
Evaluating this against M[i,i| reveals the ratio of correctly classified versus misclassified
samples for that class.

e Column Totals (Predicted Class Viewpoint):
The sum SN | M[i, j] reflects the total number of instances the model predicted as class
j, regardless of their actual label. A high number of incorrect predictions from one class
to another suggests confusion between those specific classes.[17]

The confusion matrix offers valuable insights into the classifier’s behavior, highlighting
not only overall performance but also specific misclassification patterns between class pairs
or groups.

Accuracy

Accuracy quantifies the overall fraction of correct predictions made by the model [17]. Tt is
defined as:

S | Correct;
Total Samples

Accuracy = (2.1)

where C'is the number of classes, and Correct; is the number of correctly predicted samples
in class i. Accuracy is straightforward to compute and interpret, making it a commonly used
metric. However, it may be misleading when class distributions are imbalanced, as it can mask
the types of errors made by the model.

12
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Precision

Also referred to as Positive Predictive Value (PPV)or True Discovery Rate (TDR), precision
quantifies the proportion of predicted positive samples that are truly positive [17]. In binary
classification, it is defined as:

Precision = =" (2.2)
recision = TP+ FP .

where TP represents the number of true positives and FP the number of false positives.
Precision is particularly useful in scenarios where the cost of false positives is high (e.g., medical
diagnosis or alert systems). However, it does not account for false negatives and therefore should
be considered alongside recall for a comprehensive evaluation.

Recall

Also known as Sensitivity or True Positive Rate (TPR), recall measures the proportion of
actual positive samples that are correctly identified by the model [44]. In binary classification:

TP
Recall = m—m (23)

where FN is the number of false negatives. Recall is especially critical in tasks like disease
detection or fraud identification, where missing a positive case can have severe consequences.
Nevertheless, optimizing recall alone may lead to an increase in false positives, so it is important
to balance it with precision.

F1-Score

The F1-score is a statistical measure that combines Precision and Recall into a single metric
of classification performance [17]. It is defined as the harmonic mean of Precision and Recall:

Precision - Recall
F1- =2 2.4
seore Precision + Recall (24)

The F1-score is especially beneficial when dealing with imbalanced datasets, as it balances
the trade-off between false positives and false negatives. However, it assumes equal cost for
both types of errors, which may not always be appropriate depending on the application.

Specificity

Specificity, also known as the True Negative Rate (TNR), measures the proportion of actual
negative samples that are correctly identified as negative [17]. It is defined as:

TN
TN + FP

where TN is the number of true negatives and FP the number of false positives. Specificity is
commonly used in binary classification settings such as screening or medical diagnostics, where
minimizing false alarms is important. While it complements recall, it offers limited insight into
how the model handles actual positives and may be less intuitive in balanced datasets.[17]

Specificity = (2.5)

13
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Table 2.2: Metrics used in classification task [17]

Common Name Other Names Definition Interpretation

True Positive Hit True sample labeled as true Correctly labeled true sample

True Negative Rejection False sample labeled as false Correctly labeled false sample

False Positive False alarm, Type I Error | False sample labeled as true Incorrectly labeled false sample

False Negative Miss, Type II Error True sample labeled as false Incorrectly labeled true sample

Recall True Positive Rate % Percentage of true samples correctly la-
beled

Specificity True Negative Rate % Percentage of false samples correctly la-
beled

Precision Positive Predictive Value #I;P Percentage of samples labeled true that are
actually true

Negative Predictive Value | — % Percentage of samples labeled false that
are actually false

False Negative Rate - TPI:-% =1 — Recall Percentage of true samples incorrectly la-
beled

False Positive Rate Fall-out % = 1 — Specificity Percentage of false samples incorrectly la-
beled

False Discovery Rate - J”P}ik% = 1 — Precision Percentage of predicted true samples that
are actually false

True Discovery Rate - % =1—-NPV Percentage of predicted false samples that
are actually true

Accuracy - % Percentage of all samples correctly labeled

F1 Score - % Harmonic mean of Precision and Recall;
approaches 1 as errors decline

14
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2.5 Grad-CAM

Grad-CAM is a widely adopted method for visualizing and interpreting the predictions
of convolutional neural networks, especially in visual recognition tasks. It produces class-
discriminative localization maps by leveraging the gradient information flowing into the final
convolutional layers of a network, highlighting regions in the input image that are important
for the model’s decision [45].

2.5.1 Motivation and Intuition

In CNNs, the deeper convolutional layers capture high-level semantic features while pre-
serving spatial information, making them well-suited for determining -where- the model is
attending in the input image. Grad-CAM utilizes the gradient of the target class score with
respect to these feature maps to identify which regions contributed most to the decision. Un-
like earlier methods such as Class Activation Mapping (CAM) [3]|, which require architectural
modifications (e.g., Global Average Pooling (GAP) and a single linear layer), Grad-CAM can
be applied post hoc to a wide range of pretrained models without altering their structure or
requiring retraining.

2.5.2 Class Activation Mapping (CAM)

CAM is a visualization technique that identifies image regions contributing significantly to
a CNNs prediction. It relies on a specific architecture where a GAP layer is followed by a fully
connected layer (see Figure 2.3).

O |
Ot @ rer ™

GAP W/ -
Of W

Figure 2.3: CAM architecture [3].
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Given k feature maps A', A%,..., A, the class score y¢ for class c is computed as:
ye=> wp-GAP(A") (2.6)
k

Here, wy, is the weight connecting the k-th feature map to class c¢. The corresponding class
activation map is given by:

CAM® = wj- A (2.7)
k
This weighted sum, upsampled to the input image size, highlights the most influential regions

(Figure 2.4).

15



Chapter 2: Background
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Figure 2.4: Computation of CAM and its overlay on the input image. [3]

2.5.3 Gradient-weighted Class Activation Mapping (Grad-CAM)

To overcome CAM’s architectural constraints, Grad-CAM generalizes the idea by using the
gradients of the output score for a specific class with respect to the feature maps of a convolu-
tional layer. This enables its application to a wide variety of CNN architectures (Figure 2.5).
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Grad-CAM Heatmap Gradient Maps Gradient 0Ak

Maps
Figure 2.5: Grad-CAM architecture [4].

The method involves the following steps:

1. Gradient Computation: For a target class ¢, compute the gradient of the class score
y° with respect to the feature maps A*:

oy°

0AF

(2.8)

2. Weight Calculation: Compute the importance weights o, by performing GAP over the

gradients:
. 1 y©

where Z is the number of spatial locations.

16
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3. Heatmap Generation: Generate the class-discriminative heatmap:
Grad—cam = ReLU <Z aiAk> (2.10)
k

This heatmap, when upsampled and overlaid on the input image, reveals the areas that most
influenced the model’s prediction. In models like EfficientNetV2, the SiLU activation function
may be used instead of ReLU to enhance expressiveness [4].

2.5.4 Comparison with CAM and Other Methods
Grad-CAM is a strict generalization of CAM. The weight expression used in CAM:

L1 Oy
=732 o
i j %

is mathematically equivalent to the Grad-CAM weights af, up to a normalization factor. While
CAM requires specific architectural components, Grad-CAM can be applied post hoc to diverse
CNN;, including those used in image captioning and visual question answering [45].

However, Grad-CAM’s heatmaps are relatively coarse. To improve detail and sharpness, it is
often combined with high-resolution gradient-based methods such as Guided Backpropagation
or Deconvolution. The resulting visualization, known as Guided Grad-CAM, is produced by
element-wise multiplication of the Grad-CAM heatmap and the Guided Backpropagation map,
yielding semantically rich and visually detailed explanations.

2.5.5 Applications in Medical Imaging

In medical imaging, Grad-CAM enhances model transparency by highlighting regions asso-
ciated with diagnostic relevance, such as tumors, lesions, or anatomical boundaries. This visual
interpretability supports clinical decision-making, model validation, and regulatory approval.
Its compatibility with various architectures makes it an effective tool for post hoc analysis in
computer-aided diagnosis systems and other sensitive domains.

17
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2.6 Conclusion

This chapter has presented a comprehensive introduction to the fundamental concepts un-
derlying ML and DL, with a focus on their application in medical image classification. We
examined the core paradigms of ML, the unique capabilities of deep neural networks, and the
role of CNN in visual recognition tasks. The Grad-CAM technique was introduced as a pow-
erful tool for model interpretability, enabling visual assessment of the regions contributing to
predictions—an essential feature in sensitive domains such as healthcare. Finally, we discussed
key performance metrics for evaluating classification models. Together, these concepts form
the conceptual backbone for developing, evaluating, and interpreting AI systems in medical
imaging, providing a solid foundation for the more specialized methodologies discussed in the
following chapters.
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3.1 Introduction

The integration of deep learning into medical imaging has led to significant advances in au-
tomated disease detection and localization. Within this context, (ROI) detection plays a pivotal
role in enhancing both diagnostic accuracy and the interpretability of machine learning models.
By focusing computational attention on clinically significant regions—such as lesions or patho-
logical features ROI-based methods help address challenges associated with high-resolution,
noisy medical images and the limited availability of annotated data.

This chapter presents a comprehensive review of current ROI detection techniques used in
chest X-ray classification and other medical imaging tasks. The discussion is structured around
two main categories: (1) established ROI detection methods, which typically involve object
detection or segmentation models that explicitly identify areas of interest, and (2) Grad-CAM-
based approaches, which use feature attribution to retrospectively highlight important image
regions. These methodologies form the basis for the proposed framework in this thesis, which
aims to enhance diagnostic performance through anatomically informed ROI segmentation and
lightweight attention mechanisms.

3.2 Established ROI Detection Methods

In recent years, numerous established approaches have been developed to accurately detect
regions of interest in medical images. These methods typically employ object detection or
segmentation algorithms that explicitly localize pathological regions. The following section
represent some studies and techniques :

1. Guo et al. (2024) [5] : In this study, the authors proposed a deep learning-based
diagnostic system for chest X-ray analysis using a Faster Region-based CNN (R-CNN)
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framework. The model architecture integrates a ResNet-50 backbone pretrained on Im-
ageNet, along with a Feature Pyramid Network (FPN) to detect lesions across multiple
scales, ranging from small nodules to larger consolidations. The detection process involves
two stages: a Region Proposal Network (RPN) generates approximately 2000 candidate
lesion regions, followed by ROI pooling and dual-headed fully connected layers for both
lesion classification and bounding box regression. Non-maximum suppression is then
applied to eliminate redundant detections and produce final lesion predictions [5]. As
shown in Figure 3.1, the study also evaluated the system through a competition between
radiologists with and without AI assistance.

Original images Fast—RCNN Detection results

sign 2 sign 3
7x7x256 o .

class sign | sign 4

— -RO' ——| 1024 D—-[ 1024 ]j—'|: -

box
1 * "
- -
ROI N
sign 11 sign 14
14x14x256 14x14x256 28x28x256 28x28x256 sign 12 sign 13

Figure 3.1: Evaluation flowchart. [5]

Dataset

This study is based on a chest X-ray image database of 4098 patients admitted to our hos-
pital. For this experiment, the engineer of the Department of Medical Imaging retrieved
the image data from April 2007 to June 2019 in the picture archiving and communication
system (PACS) and the corresponding clinical information data in the RadiologyInfor-
mation System (RIS) [5].
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Figure 3.2: The Al system output.|5]

Experimental Results

The model achieved high performance in detecting and localizing various lesions on chest
X-rays. As shown in Figure 3.2, the Al system outputs bounding boxes and labels of
the lesions to assist radiologists. According to the results presented in Table 3.1, the
AT system outperformed radiologists in identifying most of the evaluated signs, including
normal cases, fibrosis, mass, pleural effusion, and pulmonary consolidation. However, ra-
diologists demonstrated better performance in detecting aortic calcification, calcification,
and cavities. These results highlight the AI model’s strength in detecting common and
clear radiographic features, while suggesting that radiologists may still have an edge in
more subtle or complex findings [5].
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Table 3.1: Comparison of Al and Radiologists on X-ray Signs [5]

X-ray Sign AT (95% CI) Radiologists (95% CI) | Advantage
Normal 1.000 (1.000-1.000) 0.991 (0.971-1.000) Al
Fibrosis 0.950 (0.896-1.000) 0.900 (0.818-0.982) Al
Heart shadow enlargement | 0.991 (0.970-1.000) 0.980 (0.948-1.000) Al
Mass 1.000 (1.000-1.000) 0.951 (0.896-1.000) Al
Pleural effusion 0.993 (0.979-1.000) 0.949 (0.886-1.000) Al
Pulmonary consolidation 0.982 (0.951-1.000) 0.904 (0.816-0.992) Al
Aortic calcification 0.981 (0.953-1.000) 0.993 (0.978-1.000) Radiologists
Calcification 0.915 (0.832-0.998) 0.933 (0.812-1.000) Radiologists
Cavity 0.847 (0.742-0.952) 0.963 (0.906-1.000) Radiologists
Nodule 0.881 (0.786-0.976) 0.923 (0.840-1.000) Radiologists
Pleural thickening 0.895 (0.806-0.984) 0.957 (0.909-1.000) Radiologists
Rib fracture 0.980 (0.937-1.000) 0.987 (0.958-1.000) Radiologists
Subphrenic free air 1.000 1.000 No difference
Pneumothorax 1.000 1.000 No difference

2. Rajpal et al. (2021) [6]: Proposed a three-module hybrid framework Figure 3.3 for

detecting COVID-19 from chest X-ray images by integrating handcrafted features with
deep learning. In the first module, chest X-rays are preprocessed and passed through
a ResNet-50 model (pretrained on ImageNet), extracting 2048 high-level features. Data
augmentation techniques like zooming, flipping, and shearing are used to improve gen-
eralization. In the second module, 252 handcrafted features are extracted using statis-
tical analysis on spatial (Gray-Level Co-occurrence Matrix (GLCM), Gray-Level Differ-
ence Matrix (GLDM)) and frequency domains (Fast Fourier Transform (FFT), Discrete
Wavelet Transform (DWT)). These are reduced via PCA and passed through a neural
network to generate a compact 16-dimensional feature vector. In the third module, the
deep and handcrafted features (2048 + 16) are concatenated and passed through a fully
connected layer and softmax classifier to predict one of three classes: COVID-19, pneumo-
nia, or normal. This framework demonstrates the benefit of combining domain knowledge
(via handcrafted features) with deep features to improve diagnostic accuracy.|6]
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Figure 3.3: Architecture of the Proposed Network. [6]

Dataset
The study utilized a carefully curated dataset of 1560 chest X-ray images from multiple
public sources to ensure robustness and class balance:

e COVID-19 Radiography Database (Kaggle) — 2905 images:

— COVID-19: 219
— Normal: 1341
— Viral Pneumonia: 1345

e COVID-19 Image Data Collection — 760 images:

— COVID-19: 538
— ARDS: 14
— Other: 222

e COVID-chestxray-dataset — 53 COVID-19 images.
¢ Actualmed-COVID-chestxray-dataset — 150 COVID-19 images.

To ensure uniformity, only frontal (PA and AP) view images were used. The final balanced
dataset comprised 520 COVID-19, 520 pneumonia (bacterial + viral), and 520 normal
chest X-rays, with an additional independent validation cohort of 157 COVID-19 samples
for testing generalization.

Figure 3.4 which summarizes information about precision, recall, and F1-score metrics for
10-fold cross-validation for all three classes. Note that the proposed framework is able to
label almost all COVID-19 patients correctly, thus achieving high average values of the
precision, recall, and F1-score (> 0.987)across 10 different folds.|6]
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Figure 3.4: Heatmap of the proposed framework.|6]

3. Hongyu et al. (2020) [7] : In this study, the authors proposed CheXLocNet, a deep
learning model for detecting and localizing pneumothorax in chest X-rays. They treated
localization as a pixel-wise image segmentation task.

CheXLocNet Figure 3.5 is built on the Mask R-CNN and has four main parts:

e A ResNet-50 with FPN backbone extracts multi-scale features from the input image.

e A RPN generates candidate regions likely to contain pneumothorax.

RoIAlign ensures the candidate regions are precisely resized for further processing.

Two parallel branches one for classification and one for segmentation masks output
the final results.

A decoder module is also used to recover detailed semantic information. This design
helps CheXLocNet achieve both accurate diagnosis and precise localization.
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Figure 3.5: The framework of CheXLocNet.|7]

Dataset

For model development and evaluation, the authors utilized the SIIM-ACR Pneumotho-
rax Segmentation dataset from Kaggle, which consists of 12,047 chest radiographs with
pixel-level annotations. The dataset was divided into 75% training, 12.5% validation, and
12.5% test sets. Specifically, the training set included 2,079 positive (pneumothorax) and
7,250 negative cases; the validation set comprised 300 positive and 1,046 negative cases;
and the test set contained 290 positive and 1,082 negative radiographs. The test set was
the official competition test set, ensuring no overlap with the training or validation sets.
Experimental results

The authors trained six different CheXLocNets using distinct procedures, selecting opti-
mal parameters based on the AP50 score on the validation set, which ranged from 0.20
to 0.36. CheXLocNet IIT achieved the highest AP50 score of 0.36. The classification
performance of these models was evaluated and shown in Table 3.2 . CheXLocNet III
demonstrated the best performance across multiple metrics, achieving: AUC: 0.86 F1
score: 0.64 Sensitivity: 0.82 (CI 0.78-0.87)

CheXLocNet V showed the best Specificity (0.92, CI 0.90-0.93) and PPV (0.65, CI 0.59-
0.71).

Table 3.2: Classification performance of CheXLocNets on the validation set. |7]

Model AUC F1 Sensitivity Specificity PPV
CheXLocNet 1 0.80 0.58 0.72 (0.67-0.77) 0.78 (0.76-0.81) 0.49 (0.44-0.53)
CheXLocNet IT | 0.83 0.63 0.68 (0.63-0.74) 0.86 (0.83-0.88) 0.58 (0.53-0.63)
CheXLocNet III | 0.86 0.64 0.82 (0.78-0.87) 0.78 (0.76-0.81) 0.52 (0.48-0.57)
CheXLocNet IV | 0.82  0.59 0.70 (0.64-0.75) 0.84 (0.82-0.86) 0.54 (0.49-0.59)
CheXLocNet V | 0.81 0.59 0.66 (0.60-0.71) 0.92 (0.90-0.93) 0.65 (0.59-0.71)
CheXLocNet VI | 0.80 0.57 0.54 (0.49-0.60) 0.79 (0.76-0.81) 0.48 (0.44-0.53)
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3.3 Grad-CAM-based approaches

In recent years, Grad-CAM-based approaches have been developed to highlight important
regions that contribute to a model’s decision. .Several studies have extended Grad-CAM by
integrating it with other approaches to improve region of interest detection . The following
section presents some studies and techniques based on this approach.

1. Zhou et al. (2024) [8] : The authors proposed an unsupervised contrastive learning
framework Figure 3.6 that integrates Grad-CAM to guide representation learning. The
model consists of three main components: a backbone encoder, an instance discrimination
branch, and a cluster branch. Grad-CAM is used not only for visualization but also to
generate heatmaps that identify discriminative regions (e.g., lesions). These heatmaps
help select strong positive pairs (local-global views) during contrastive training. The
instance branch focuses on learning invariant features, while the cluster branch improves
semantic consistency via KNN-based clustering. This approach enhances localization and
classification performance without needing pixel-level annotations.
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Figure 3.6: The overall network architecture of the proposed method. [§]

Dataset

The proposed method was evaluated through binary classification on five retinal dis-
ease datasets. For unsupervised comparison, three large-scale datasets (EyePACS, DDR,
ADAM) were used without fine-tuning—Ilabels were only used for testing. For transfer
learning, two smaller datasets (BoVW-DR2 and IDRiD) were used with fine-tuning. The
EyePACS dataset provided 1,857 high-quality fundus images for normal /abnormal classi-
fication. The DDR dataset (13,673 images) was used for DR/non-DR classification. The
ADAM dataset focused on AMD classification with 5-fold cross-validation. For transfer
learning, BoVW-DR2 (435 images) and IDRiD (516 images) were used for DR classifica-
tion. 8]

Experimental results
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“the experimental results of different pre-trained models transferred to the target IDRiD
dataset Table 3.3. Our method maintains superior performance (83.27% Area Under
Curve (AUC)), outperforming other pre-trained models by at least 3.69% in AUC. The
IDRiD dataset contains many DR images with subtle lesions, making the classification
of DR and non- DR images a more challenging task. Thus, the classification accuracy is
much lower than the results on the BoVW-DR2 dataset. Most contrastive learning pre-
trained models exhibit better performance than the supervised counterpart, which implies
that contrastive learning may learn more generalized semantic features in some cases. In
summary, experimental results on these two dataset show that our method is promis-
ing to be transferred to different small-scale fundus image datasets after pre-training on
unlabeled datasets.”[8]

Table 3.3: Quantitative Comparison of Different Pre-trained Models. [§]

Pre-train AUC | ACC | Precision | Recall | F1-score
Random 75.98 | 72.82 72.98 75.98 72.05
ImageNet 79.56 | 79.61 77.28 79.56 77.98
Supervised 79.58 | 78.64 76.73 79.58 77.30
SimCLR [20] 77.34 | 78.64 75.97 77.34 76.51
MoCo v1 [18§] 76.68 | 74.76 73.71 76.68 73.66
MoCo v2 [19] 77.30 | 80.58 78.19 77.30 77.71
CC [30] 78.05 | 80.58 78.05 78.05 78.05
C2AM (24| 79.56 | 79.61 77.28 79.56 77.98
LEWEL [22] 75.15 | 76.70 73.89 75.15 74.38
LoGo [25] 75.87 | T7.67 74.86 75.84 75.28
LD [33] 80.31 | 79.61 77.56 70.31 78.22
Rotation [11] 76.60 | 78.64 75.87 76.60 76.20
CAMCL (Ours) | 83.27 | 80.58 79.56 83.27 79.74

2. Kumaresan et al. (2023) [9] : This study presents a hybrid deep learning-radiomics
framework for classifying COVID-19 from chest X-ray images using ROI localization. The
main steps include:

e Image Preprocessing and Augmentation: Enhancing image quality and ex-
panding the dataset to improve training.

e Feature Extraction with Deformable CNN: A deformable convolutional neural
network produces a preliminary classification result and a 1,024-dimensional latent
feature vector.

e Lung Region Segmentation and Lung Class Activation Map (LCAM) Gen-
eration: Lung areas are segmented, and Grad-CAM++ is applied to generate a
LCAM.
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e ROI Mask Creation: The LCAM is thresholded to create a mask highlighting
diagnostically relevant regions.

e Radiomics Feature Extraction: Handcrafted radiomics features are extracted
from the defined ROIL.

e Feature Fusion and Classification: The CNN latent features and radiomics
features are concatenated and passed into traditional machine learning classifiers
(e.g., SVM, Random Forest) for final image classification.

As illustrated in Figure 3.7, (b) is for the lung region activation maps generated by the
proposed network highlight the important areas contributing to the classification.

Dataset

Chest radiograph images were collected from various public datasets.

e COVID-19 Cases:

— 1,570 images collected from multiple limited-access datasets.
— No demographic information was included.
— Manual review performed to avoid duplicate entries and ensure independent
train/test splits.
e Non-COVID-19 Pneumonia & Normal Cases:
— 1,700 images per category (non-COVID-19 pneumonia and normal) from the
RSNA Pneumonia Detection Challenge dataset.
— Images collected from diverse institutions and age groups to minimize bias.
e Dataset Splits:
— Training Set: 3,770 images (1,300 normal, 1,300 non-COVID-19 pneumonia,
1,170 COVID-19 pneumonia)

— Validation Set: 300 images (100 from each class) for hyperparameter tuning
and monitoring.

— Testing Set: 900 images (300 from each class) used exclusively for final evalu-
ation.
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Figure 3.7: images generated by the proposed network.|9]

Evaluation of multi-class classification : Evaluation of Multi-class Classifica-
tion: To evaluate the performance of the proposed multi-class classification framework,
experiments were conducted over 50 train-test iterations, taking approximately 4 hours in
total. The performance of various classification models with different feature combinations
is summarized in Table 4.2. The results show that combining deep learning radiomics
(DLR) features with additional radiomics features (ARF) generally improves classification
accuracy across all models. Among them, the Multilayer Perceptron achieved the highest
accuracy of 0.911 4 0.004, demonstrating the effectiveness of the combined feature set
in the proposed framework.
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Table 3.4: Comparison of Classification Models with Different Feature Sets. [9]

Model Hyperparameters Features Accuracy (mean £+ SD) | RSD (%) | P-value
criterion = ‘gini’, DLR 0.842 + 0.006 0.69 <0.0001
Decision Tree
min_samples split = 2,
min_samples leaf =1
DLR + ARF 0.854 £ 0.007 0.84 <0.0001
n_estimators = 100, criterion = DLR 0.904 £ 0.003 0.40 <0.0001
Random Forest -
‘gini’
DLR + ARF 0.910 £+ 0.003 0.40 <0.0001
penalty = ‘117 loss = DLR 0.867 £+ 0.001 0.10 <0.0001
Linear SVC
‘squared _hinge’, max _iter
= 10000
DLR + ARF 0.881 £ 0.001 0.11 <0.0001
hidden layer sizes = (100), ac- DLR 0.908 £ 0.004 0.47 <0.0001
Multilayer Perceptron - -
tivation = ‘relu’, solver = ‘adam’
DLR + ARF 0.911 &+ 0.004 0.42 <0.0001

3. Zhuang et al. (2023) [10] : proposed a multi-label classification model for retinal
disease detection that integrates Grad-CAM-based attention mechanisms to guide image
enhancement. The model aims to improve classification accuracy by focusing on lesion-
relevant regions of the image. The method follows these key steps:

Input and Feature Extraction: The original fundus images are passed through
a CNN to extract feature maps.

Grad-CAM Heatmap Generation: Using Grad-CAM, they generated heatmaps
to highlight regions of interest (lesion areas) in the fundus images. The attention
(heatmap) is used to crop and enhance ROI from the original images. These CAM-
based enhanced images serve as additional training data.Figure3.8 show The process
of extracting the lesion area from the image using the Grad-CAM method. Attention
image crop of (a) the original image, (b) the Grad-CAM heatmap, (c) the overlay
of the original image and Grad-CAM heatmap, (d) the identified attention area, (e)
the clipped attention area, and (f) the attention area resized to match the original
image dimensions.

Dual CNN Architecture: Two CNN backbones are used:

— BaseModell: VGG16
— BaseModel2: ResNet50

Each CNN is trained on the ROI-enhanced images independently.

Ensemble Prediction: The predictions from both networks are combined (en-
semble learning) to generate the final multi-label classification output.
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(a)

(d) (e)

Figure 3.8: The process of extracting the lesion area. [10]

Dataset

To evaluate the model, experiments were conducted on the REMiD, which includes 3,200
images labeled with 45 diseases. The dataset was split into 60% training, 20% validation,
and 20% testing subsets. Among the labels, 26 diseases were treated as independent
categories, while 19 others were grouped under the label "other." [10]

Experimental Results

Zhuang et al. [10] performed a module comparison experiment to analyze the effectiveness
of each component of the model:

Table 3.5: Performance Comparison of Different Models on RFMiD Dataset.|10]

Model Accuracy | Precision | Recall | F1 Score
VGG16 0.8969 0.7292 0.7955 0.7609
ResNet50 0.9156 0.7451 0.8409 0.7378
Ensemble model 0.9172 0.7308 0.8083 0.8072
Ensemble + Image Enhance 0.9737 0.7762 0.9167 | 0.8590

4. Dovletov et al.(2022) [11] : The authors propose a novel framework that integrates
Grad-CAM attention maps into a U-Net architecture for synthesizing pseudo-Computed
Tomography (CT) images from MRI scans. The approach enhances the model’s focus
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on anatomically significant regions by using Grad-CAM to guide feature learning during
training.

e Base Model: Uses a 3D U-Net architecture for pseudo-CT synthesis.

e Grad-CAM Integration: Grad-CAM is applied to encoder feature maps. High-
lights important regions affecting the output.

o Attention Mechanism: Grad-CAM output is used as an attention map. Guides
the decoder to focus on critical regions during reconstruction.

e Loss Function: Combines Mean Absolute Error (MAE) and Structural Similarity
Index (SSIM) loss.

As illustrated in Figure 3.9, the proposed Grad-CAM guided U-Net approach leverages
attention maps to improve the pseudo-CT synthesis process.
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Figure 3.9: proposed Grad-CAM guided U-Net approach. [11]

Dataset

The proposed approach was evaluated using the publicly available RIRE dataset, which
includes cranial image scans from 16 patients across multiple modalities. In this study,
T1-weighted MRI images of size 256x256 were used alongside corresponding CT im-
ages of size 512x512. Since the MRI and CT volumes were not pre-aligned, a mutual-
information-based multi-resolution registration method (Mattes algorithm) implemented
in SimplelTK was applied, with CT images used as fixed references and MRI images as
moving volumes. The registered images were resampled to isotropic voxel spacing and
resized to 256 x256 pixels. Due to differences in field of view, slices without valid counter-
parts were excluded. After visual inspection for quality control, a total of 553 well-aligned
MRI-CT image pairs were selected for model training and evaluation.[11]
Experimental Results For evaluation, They used

e MAE - Lower values indicate better performance.

e SSIM — Higher values indicate better structural similarity to the ground truth.

Aa show in the table 3.6 The Grad-CAM Guided U-Net achieved lower MAE and higher
SSIM compared to baseline U-Net and attention-less versions.

32



Chapter 3: Related Work

Table 3.6: Performance comparison between U-Net and GCG U-Net. [11]

Name Entire Image Head Area Bone Area
MAE MSE MAE MSE MAE MSE

U-Net 101+35 69139£27664 | 180430 131393438343 | 5954+120 5326951198330

GCG U-Net (ours) | 96434 61072427413 | 169+32 116398435502 | 477+106 372435+141401

Metric U-Net | GCG U-Net
PSNR (dB) | 24.3+1.9 25.0+2.1
SSIM 79.61+6.8 80.61+6.7

5. Shuai Xu et al. (2021) [18] : This paper presents a method that uses Grad-CAM to
guide a dual attention mechanism for better image classification. The goal is to improve
the model’s ability to focus on important image regions by combining Grad-CAM with
channel and spatial attention modules. The method follows these key steps:

e Feature extraction using a backbone CNN (e.g., ResNet-50).
o Grad-CAM generates attention maps highlighting key image regions.
e A Channel-Spatial Attention Module is trained using these maps to:

— Emphasize important feature channels.

— Focus on relevant spatial areas.

e [inal classification is based on the enhanced features.
Datasets The authors test their model on :

e CUB-200-2011 (Bird species) — 200 classes, 11,788 images.
e Stanford Cars — 196 classes, 16,185 images.
e FGVC Aircraft — 100 classes, 10,000 images.

Experimental Results As presented in Table 3.7, the proposed method shows strong
performance across all three datasets. On the CUB-200-2011 dataset, it outperforms the
second-best method, TASN, by 1.24% when using the VGG19 backbone. It also achieves
better accuracy than ACNet when using ResNet50, improving results by 0.35%.

For the FGVC-Aircraft dataset, the method achieves the highest accuracy of 93.42% with
ResNet50, which is about 0.4% higher than the previous best (DCL). Even with VGG19,

it slightly improves over earlier methods.

On the Stanford Cars dataset, the method performs better than most other approaches,
especially when using VGG19. While ACNet with ResNet50 achieves a slightly higher
accuracy (0.19% more), it relies on a more complex model structure and training process,
whereas the proposed method is simpler and more efficient.
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Table 3.7: Comparison with State-of-the-art Methods. [18§]

Datasets Base Model | CUB-200-2011 | FGVC-Aircraft | Stanford Cars
RA-CNN (CVPRI17) VGG19 85.30 88.20 92.50
MA-CNN (ICCV17) VGG19 84.92 90.35 92.80
SENet (CVPR18) VGG19 84.75 90.12 89.87
SENet (CVPR18) ResNet50 86.78 91.37 93.10
CBAM (ECCV18 ) VGG19 84.92 91.30 93.10
CBAM (ECCV18) ResNet50 86.99 91.91 93.25
DFL (CVPRI18) ResNet50 87.40 91.70 93.10
NTS (ECCV18) ResNet50 87.52 91.48 93.66
TASN (CVPR19 ) VGG19 86.10 90.83 93.47
TASN (CVPRI19 ) ResNet50 87.90 92.00 93.90
DCL (CVPR19) ResNet50 87.80 93.00 94.50
ACNet (CVPR2020 ) ResNet50 88.10 92.40 94.60
the study VGG19 87.34 91.55 93.32
the study ResNet50 88.45 93.42 94.41

Summary of Selected Studies

The summary table 3.8 highlights key distinctions in learning strategies, model architectures,
dataset modalities, and the role of Grad-CAM in ROI generation. Among studies that used
Grad-CAM explicitly for ROI extraction such as Zhou et al., Kumaresan et al [9], Zhuang et al
[10], and Dovletov et al[l11]. notable improvements in classification accuracy or reconstruction
quality were observed. For instance, Zhuang et al [10] achieved the highest accuracy (97.37
% ) by enhancing training images with Grad-CAM-based lesion-focused cropping. Similarly,
Kumaresan et al |9] reported 91.1% accuracy using a hybrid of Grad-CAM-guided radiomics
and deep features. On the other hand, studies like Rajpal et al. and Guo et al. achieved
strong results without Grad-CAM, relying instead on handcrafted features or object detection
pipelines. While methods such as Faster R-CNN and Mask R-CNN (e.g., Guo et al., Hongyu et
al.) provided explicit ROI through bounding boxes, they did not leverage Grad-CAM. However,
from this comparison, we observe that there is actually less reliance on unsupervised.
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Table 3.8: Summary of Selected Studies in Medical Image Analysis and Grad-CAM Usage.

Study Year Supervision Model Dataset Grad- Accuracy
CAM (%)
for
ROI?

Zhou et al. 2024 Unsupervised Contrastive Encoder | IDRIiD, DDR | v 80.58

with Grad-CAM (Retinal)
Guo et al. 2024 Supervised Faster R-CNN | 4098 CXRs | X -
(ResNet-50 + FPN) (Chest)

Kumaresan et al. | 2023 Supervised Deformable CNN | RSNA, COVID | v 91.1
+  Radiomics  + | sets (Chest)
SVM/RF

Zhuang et al. 2023 Supervised | Ensemble CNN | RFMiD (Retinal) | v 97.37
(VGG16 +
ResNet50)

Dovletov et al. 2022 Supervised | 3D U-Net + Grad- | RIRE (MRI-CT) | v/ -
CAM Attention

Rajpal et al. 2021 Supervised ResNet50 + Hand- | 1560 CXRs | X ~98.7
crafted Features | (Chest)
(GLCM, FFT)

Xu et al. 2021 Supervised ResNet50 + Channel- | CUB-200, Cars | v 88.45
Spatial Attention (Fine-Grained)

Hongyu et al. 2020 Supervised | Mask R-CNN | SIIM-ACR X -
(CheXLocNet) (Chest)

3.4 Conclusion

The reviewed literature highlights the wide range of methodologies applied to ROI detec-
tion in medical imaging, including both explicit object localization techniques—such as Faster

R-CNN and Mask R-CNN—and implicit Grad-CAM approache .

Established ROI detection

methods provide accurate region localization but often require detailed pixel-level annotations
and high computational resources. In contrast, Grad-CAM-based methods offer visual inter-
pretability and broader generalization, though they may lack fine-grained localization precision.
These observations have guided our two-phase approach, which evaluates Grad-CAM as an un-
supervised ROI detection method. By combining ROI-based image generation with comparisons
across model architectures and fine-tuning strategies, this work addresses the underexplored
question of whether using Grad-CAM during preprocessing can improve classification accuracy.
The next chapters outline the system design and how it extends the methods discussed earlier.
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4.1 Introduction

Building upon the findings discussed in the previous chapter, this chapter introduces the
proposed two-phase approach developed to evaluate the impact of using Grad-CAM as an unsu-
pervised ROI detection method in medical image classification. While supervised ROI detection
techniques—such as segmentation and object detection—have shown strong performance when
trained with annotated data, the use of unsupervised methods like Grad-CAM has been pri-
marily limited to post-hoc interpretation, with limited quantitative evaluation of their direct
impact on classification performance when employed during preprocessing as ROI detectors.

This chapter begins by detailing the data collection process and the experimental setup
designed to ensure fair and consistent evaluation. In the ROI Detection Phase, Grad-CAM
is employed to generate ROI-based versions of the original images without relying on any
form of labeled supervision. Then, in the Detected ROI Evaluation Phase, we investigate
whether training classification models on these ROI-transformed inputs—as opposed to full
images—Tleads to measurable improvements in diagnostic performance across different backbone
architectures and fine-tuning strategies. Rather than aiming to optimize model architectures
or training procedures, the primary objective here is to determine whether using Grad-CAM
as an unsupervised ROI detection technique results in improved classification accuracy when
applied to chest X-ray and brain MRI datasets.
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4.2 Experimental Environment and Tools

To implement our approach, we utilized a combination of local and cloud-based computing
resources, along with widely adopted machine learning frameworks:

Hardware Setup

Our experiments were conducted using two main environments:

e Local Workstation: A high-performance computing station equipped with an Xeon
Gold CPU with NVIDIA Quadro RTX 5000 GPU 32Gb RAM. This setup provided pow-
erful computational capabilities for training deep learning models and was used at the
Laghouat University Computer Science and Mathematics Laboratory.

e Google Colab: A cloud-based platform that offers free access to GPUs, enabling us to
scale experiments and run models flexibly in a remote environment.

Software Environment

The experiments and model implementations in this study were conducted using widely
adopted open-source machine learning frameworks:

e TensorFlow: An open-source platform for machine learning that simplifies the develop-
ment and deployment of deep learning models [46].

e Keras: A high-level neural networks API, running on top of TensorFlow, which provides
an intuitive and user-friendly interface for building and training models [47].

e Python 3.10: A versatile programming language widely used in scientific computing and
machine learning, offering new syntax features and performance improvements beneficial
for deep learning workflows.

4.3 Dataset Collection

To evaluate the robustness and generalizability of our models, we conducted experiments
on multiple datasets. This approach allowed us to compare performance across varying data
distributions and ensured that our results were not biased toward a single source.

1. Brain Tumor : We evaluated our models using the Brain Tumor Classification (MRI)
dataset [48|, which is publicly available under the MIT License. The dataset was originally
curated by Mark Otto (2013) and later updated by Andrew Fong (2017). It contains T1-

weighted contrast-enhanced MRI images, categorized into four tumor classes:

¢ Glioma tumor
e Meningioma tumor
e Pituitary tumor

e No tumor
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2. Chest X-Ray Multiclass Dataset : We used the Chest X-Ray Multiclass Dataset
with Non-X-ray Anomalies [49] to train and evaluate our classification models. However,
in our experiments, we excluded the non-X-ray (anomaly) images to concentrate only on
the medical categories:

e Normal
¢ Pneumonia
e Tuberculosis (TB)

This dataset combines chest X-rays from various global sources (Kermany, RSNA,
NIAID, NLM, Belarus).

Data Preprocessing

To ensure consistent and fair evaluation across experiments, all datasets were split into
training, validation, and test sets. Basic preprocessing steps were applied to align input
dimensions with pretrained model requirements, without introducing complex augmentations.

Dataset Splits
To ensure fair comparisons across all model configurations and input types,Two different data
splitting strategies were applied consistently throughout all experiments.

e Chest X-ray Dataset (13,759 images): approximately 85% of the images were al-
located for training, around 10% for testing, and the remaining 5% for validation. This
distribution was applied across all three categories Normal, Pneumonia, and Tuberculosis
to ensure balanced learning and reliable performance evaluation.

e Brain Tumor Dataset (7,023 images): the data was divided to maintain a balanced
and effective training process. Approximately 75% of the data was used for training,
around 20% was allocated to testing, and the remaining 5% served as the validation set.

The training set was used to learn model parameters, the validation set supported hyper-
parameter tuning and overfitting control, and the test set was reserved for final performance
assessment on unseen data.

Preprocessing

To prepare the images for input into the pretrained deep learning models, a set of basic
preprocessing steps was applied consistently across both datasets. This was done to clearly
observe the impact of the data itself—with and without ROI, without introducing additional
effects from complex preprocessing steps.:

¢ Resizing: All images were resized to 224 x 224 pixels to match the input dimensions
expected by pretrained models.

e Rescaling: Pixel intensities were normalized to the [0, 1] range by dividing by 255.
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4.4 ROI Detection

The first phase of our approach focused on identifying the most effective backbone architec-
tures for medical image classification and using them to detect diagnostically relevant regions
via Grad-CAM-based ROI detection. By leveraging transfer learning, we utilized pre-trained
CNN as fixed feature extractors, enabling faster convergence and improved generalization on
limited medical datasets. This phase involved a thorough evaluation of each model’s classifi-
cation performance across multiple disease classes using standard metrics (recall 2.3, precision
2.2, and Fl-score 2.4). The top-performing models were then selected for Grad-CAM-based
ROI detection pipeline. That is built on the foundation of well-established architectures, as
detailed in the following section. Figure 4.1 illustrates the overall workflow adopted in this
phase.
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Figure 4.1: ROI Detection phase

4.4.1 Model Architecture Overview

The proposed architecture consisted of three main components: a pretrained convolutional
backbone, a custom classification head, and a fixed training configuration.

Backbone Selection
We selected four pre-trained models as feature extractors: VGG16, Xception, NASNetLarge and
ResNet50V2. which are trained on large-scale datasets like ImageNet. These models extract
high-level features that improve training efficiency and performance—especially when working
with limited medical data.

1. VGG-16 : is a convolutional neural network architecture (Figure 4.2) that was proposed
by the Visual Geometry Group (VGG) at the University of Oxford. It is known for its
deep structure, consisting of 16 layers.|30]
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VGG16 Model Architecture
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Figure 4.2: The VGG-16 architecture map.|12]

2. Xception : The Xception architecture (Figure 4.3) uses 36 convolutional layers grouped
into 14 modules, most with residual connections. It is mainly built from depthwise sepa-
rable convolutions.[50]
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Figure 4.3: The Xception architecture map.

3. NASNetLarge : is a deep convolutional neural network architecture developed using
Neural Architecture Search (NAS), a technique that automatically discovers the best
model structure. NAS uses a controller RNN to search for optimal convolutional cells by
training and evaluating multiple candidate networks. NASNetLarge is built by stacking
these learned cells and is designed to scale efficiently to large datasets like ImageNet.
Its architecture (Figure 4.4) includes two types of cells—normal and reduction—that are
repeated throughout the network to handle high-resolution images.|51]
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Figure 4.4: Network architecture of the improved NASNetLarge.[13]
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4. ResNet50V2 :is a deep convolutional neural network that builds on the original ResNet
architecture by introducing improvements like better normalization and residual connec-
tions. It uses a functional design where identity shortcuts (or skip connections) allow the
network to learn residual mappings instead of direct functions.|29]
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Figure 4.5: ResNet50V2 architecture. [14]
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Custom Classification Head

After selecting the pretrained backbones, we proceeded with training on both the Chest X-
ray and Brain Tumor datasets. Each model was used as a feature extractor by freezing its
convolutional base and attaching a custom classification head (see Figure 4.6).

AveragePooling2D ( 3, 3, 2048)
Flatten (18432)
Dense ( 128, activation="relu")
Dropout (0.5)
Dense ( 64, activation="relu")
Dropout (0.5)

Dense (activation='softmax’)

Figure 4.6: Custom Classification head.

4.4.2 Hyperparameter Configuration

Table 4.1: Training Configuration and Hyperparameters.

Parameter Value

Image Size 224 x 224

Batch Size 8

Number of Epochs 30

Optimizer Adam

Loss Function Categorical Crossentropy
Dropout Rate 0.5

Preprocessing Technique | Rescaling (1./255)

Base Model Frozen

The training was conducted using a fixed set of hyperparameters and settings, as detailed in
Table 4.1. An input size of 224x224 was used to maintain sufficient resolution while ensuring
computational efficiency. A batch size of 8 was chosen to balance memory constraints and
model convergence. Training ran for 30 epochs to allow adequate learning. The Adam optimizer
facilitated rapid convergence, while categorical crossentropy loss was appropriate for the multi-
class classification tasks. A dropout rate of 0.5 was applied for regularization. Input images
were rescaled to the [0, 1] range to stabilize gradient flow, which is particularly important for
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producing meaningful Grad-CAM visualizations. No data augmentation was applied, ensuring
consistency in model interpretability across original and ROI-focused inputs.

4.4.3 Obtained results and Discussion

This section presents and interprets the results obtained from the conducted experiments
across the chest X-ray and brain MRI datasets. It aims to evaluate model performance from
multiple perspectives, including training behavior, classification accuracy, confusion matrices
and per-class evaluation metrics. we assess the effectiveness of different backbone architectures
and training strategies.

Training Analysis

To analyze learning behavior, we visualized the final training and validation accuracy and
loss values for each model using grouped histograms across both datasets. This approach allows
for a clear comparison of performance levels achieved at the end of training.

1. Chest X-Ray Multiclass Dataset: In (Figures 4.7a and 4.7b) Xception achieved the
highest training accuracy (99.48%) and maintained a strong validation accuracy (96.25%),
indicating excellent learning and generalization. It also had the lowest training loss
(0.0181), though its higher validation loss (0.3441) hints at slight overfitting. VGG-16
demonstrated robust generalization, achieving the lowest validation loss (0.1129) while
showing a higher validation accuracy (96.54%) than training accuracy (92.45%). This
discrepancy may reflect regularization strategies such as dropout or early stopping.

NASNetLarge displayed inconsistent training behavior, with a relatively low training
accuracy (85.98%) and a surprisingly higher validation accuracy (92.94%), possibly influ-
enced by augmentation or unstable convergence. The lower validation loss compared to
training loss further supports this possibility.

1.05 1.2

0.95 0.8
0.9 0.6
0.85 0.4
0.8 0.2 I I
0.75 0 - l

ResNet50V2 VGG-16 Xception NASNetLarge ResNet50V2 VGG-16 Xception NASNetlLarge

B Chest X-Ray Val_Accuracy Chest X-Ray Accuracy M Chest X-Ray Val_Loss Chest X-Ray Loss

(a) Final Accuracy for All Models (b) Final Loss for All Models

Figure 4.7: Training and Validation Metrics for All Models.

2. Brain Tumor Dataset:

According to (Figures 4.8a and 4.8b) Xception again outperformed the other models, with
the highest training accuracy (99.04%) and validation accuracy (90.11%). Its exception-
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ally low training loss (0.0369) suggests confident predictions, while the slightly elevated
validation loss (0.4921) is indicative of potential overfitting.

VGG-16 maintained balanced performance, with training and validation accuracies of
83.64% and 84.98%, respectively. It also achieved the lowest validation loss (0.4892),
reinforcing its reliable generalization.

NASNetLarge lagged behind, with both training (72.35%) and validation (70.70%) accu-
racies being the lowest among all models. Its relatively high loss values (0.5206 for training
and 0.6576 for validation) further demonstrate limited performance and suboptimal fit
for this task.

Overall, Xception delivered the best results in terms of accuracy, while VGG-16 demon-
strated stronger generalization, especially evident in its low validation loss. These out-
comes highlight their suitability as backbone architectures for clinically interpretable and
high-performing ROI detection models.
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0.5
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ResNet50V2 VGG-16 Xception NASNetLarge ResNet50v2 VGG-16 Xception NASNetLarge

Brain Val_Accuracy Brain Accuracy Brain Val_Loss Brain Loss

(a) Final Accuracy for All Models (b) Final Loss for All Models

Figure 4.8: Training and Validation Metrics for All Models.

These histogram-based visualizations facilitated direct comparison of model performance at the
end of training, highlighting relative effectiveness, convergence behavior, and signs of overfitting
across the different CNN architectures on both datasets.

Testing Analysis

In the evaluation phase, the primary objective was to identify the most suitable backbone

model for generating accurate and clinically relevant ROIs. To this end, four CNN architec-
tures—ResNetb0, VGG16, Xception, and NASNet—were assessed using the test sets of both
the Chest X-ray and Brain Tumor datasets.

The comparative performance was assessed based on overall classification accuracy, loss,

and computational efficiency (i.e., training time), as presented in Tables 4.2 and 4.3.

44



Chapter 4: Our contribution

Table 4.2: Performance Summary of Backbone Models (Chest X-Ray).

Model | Loss | Accuracy (%) | Training Time (min)
ResNetb0 | 0.22 96.00 210
VGG16 0.09 97.00 200
Xception | 0.30 95.00 124
NASNet | 0.23 91.00 250

e VGG16 emerged as the best-performing model with the highest accuracy (97%) and the
lowest training loss (0.09), making it the most robust and stable choice for chest pathology
detection.

e ResNet50 closely followed with 96% accuracy, although it had slightly higher loss (0.22)
and longer training time.

e Xception had a shorter training time (124 min) but higher loss (0.30), suggesting faster
convergence but less stability.

e NASNet, despite moderate training time, underperformed with 91% accuracy, making it
the least favorable model in this domain.

Table 4.3: Performance Summary of Backbone Models (Brain).

Model Loss | Accuracy (%) | Training Time (min)
ResNet50 | 0.34 88.00 350
VGG16 0.20 93.00 255
Xception | 0.13 97.00 700
NASNet 0.48 77.00 100

e Xception achieved the best accuracy (97%) and lowest loss (0.13) but had a very high
training time (700 min), making it computationally expensive but highly accurate.

e VGG16 again offered a strong balance, with 93% accuracy, low loss (0.20), and moderate
training time (255 min).

e ResNet50 was less effective in this task, with 88% accuracy and higher loss.

e NASNet had the fastest training time but performed the worst, with 77% accuracy and
highest loss (0.48).

Moreover, confusion matrices were utilized to provide deeper insight into class-specific perfor-
mance and misclassification patterns (Figures 4.9 and 4.10).

e VGG-16 is the most consistent across both datasets, with strong class-wise performance.
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e Xception shows excellent results on the brain dataset but slightly more confusion on chest
images.

e ResNetb0V2 maintains good overall accuracy with moderate confusion.

e NASNet has the weakest performance, particularly with high inter-class confusion.

Xception Confusion Matrix NASNetLarge Confusion Matrix
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Figure 4.9: Confusion Matrices for All models (Chest X-Ray).
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Figure 4.10: Confusion matrices for All models (Brain).

For a more granular evaluation, we computed and visualized class-wise Precision (PPV)
2.2, Recall (TPR) 2.3, and Fl-score 2.4 using grouped bar charts, as shown in Figures 4.11 for
the Chest X-ray dataset, and Figures 4.12 for the Brain Tumor dataset. These comparative
visualizations revealed distinct differences in how well each model handled various pathologies,
guiding the selection of the most suitable backbone for ROI detection in the subsequent stages
of our pipeline.

1. Chest X-Ray Multiclass Dataset :
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Figure 4.11: Grouped metriques for all models across the three classes.

Figure 4.11 compares the performance of four models (VGG16, ResNet50, NASNetLarge,

and

Xception) across three classes: Normal, Pneumonia, and Tuberculosis.

— Normal Class:

VGG16: F1 = 96%, precision = 95%, recall = 97%. Most balanced performance
with strong identification and minimal errors.

ResNet50: F1 = 94%, precision = 91%, recall = 98%. High sensitivity but lower
precision, indicating more false positives.

NASNetLarge: F1 = 95%, precision and recall balanced. Performed well overall
without leading in any single metric.

Xception: F1 =89%, precision = 83%, recall = 97%. Strong recall but low precision
suggests over-detection and higher false positive rate.

— Pneumonia Class:

VGG16: F1 = 98%, precision = 98%, recall = 98%. Delivered highest accuracy

across all metrics, confirming reliable detection.
ResNet50: F1 = 97%, strong all-around performance, closely following VGG16.

NASNetLarge: F1 = 93%, precision = 98%, recall = 89%. High precision offset
by reduced recall, missing more true positives.

Xception: F1 = 95%, precision = 98%, recall = 92%. Similar pattern to NASNet-
Large—high accuracy in confirmed cases, but slightly less sensitive.

— Tuberculosis Class:

VGG16: F1 = 97%, precision = 99%, recall = 96%. Highest overall score, combining
excellent detection and minimal false positives.

Xception: F1 = 97%), solid balance of metrics, closely matching VGG16 in classifi-
cation quality.

ResNet50: F1 = 96%, consistent and stable performance across all metrics.

NASNetLarge: F1 = 91%, precision = 98%, recall = 86%. Excellent precision but
reduced sensitivity, resulting in lower F1.
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2. Brain Tumor :

recall precison flscore recall precison flscore

o
3
o
o

o =}
S o
o =}
> =N

o
)
=}
)

Glioma Meningioma
mresnet Wvgg Mxeption M nanslarge mresnet Wvgg Mxception Mnanslarge
(a) Glioma (b) Meningioma
1.2 1.01
1
1
0.99
0.8
0.98
0.6 0.97
0.96
0.4
0.95
0.2
0.94
0 0.93
recall precison flscore recall precison flscore
Pitutary Notumor
mresnet wvgg MWxeption Mnanslarge Wresnet mvgg Mxeption M nanslarge
(c) Pituitary (d) No Tumor

Figure 4.12: Grouped metriques for all models across the four brain tumor classes.

Figure 4.12 illustrates the performance of four models across the Glioma, Meningioma,
Pituitary, and No Tumor classes.
— Glioma Class:

e Xception: F1 = 96%, precision = 99%, recall = 93%. Achieved the best overall
performance, balancing high sensitivity and precision.
e VGGI16: F1 =91%. Solid and consistent results with good precision-recall balance.

e ResNet50: F1 = 86%, precision = 99%, recall = 75%. High precision, but low
recall affected overall score.

e NASNetLarge: F1 = 68%, precision = 53%, recall = 97%. High sensitivity but
very poor precision resulted in many false positives.

— Meningioma Class:
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Xception: F1 = 94%, precision = 90%, recall = 99%. Best performance, accurately
detecting nearly all true cases.

VGG16: F1 = 86%. Delivered a balanced but lower result compared to Xception.

ResNet50: F1 = 75%. Moderate performance with no standout metric.

NASNetLarge: F1 = 18%), recall = 10%. Extremely low detection ability, showing
severe underperformance.

— Pituitary Class:
e Xception: F1 = 98%, precision = 99.7%, recall = 96%. Outstanding results, leading
in both precision and overall accuracy.
e VGG16: F1 = 97%. Strong and reliable classification.
e NASNetLarge: F1 = 95%. Maintained high-level accuracy.
e ResNet50: F1 = 88%, precision = 82%. Lowest score due to reduced precision.
— No Tumor Class:
e NASNetLarge: F1 = 99.6%. Best performance across all models in identifying
normal brain cases.
ResNet50: F1 = 99%. Excellent and consistent.

Xception & VGG16: F1 = 97%. Both models demonstrated strong agreement in
detecting healthy samples.

4.4.4 ROI Detection Using Grad-CAM

After a comprehensive evaluation across both datasets, VGG16 was identified as the most
effective model for chest X-ray classification, demonstrating a strong balance between accuracy
and generalization. In contrast, Xception consistently outperformed other models in brain
tumor classification, achieving the highest Fl-scores and maintaining a favorable precision-
recall trade-off across different tumor categories. As a result, VGG16 was selected for chest
X-ray ROI detection and Xception for brain MRI ROI detection within the Grad-CAM-based
Region of Interest detection pipeline. This pipeline, illustrated in Figure 4.13, consists of four
key stages: input image forwarding, feature map detection, gradient computation, and heatmap
generation with overlay.
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Figure 4.13: Grad-CAM pipeline.

This pipeline follows a structured sequence of computational steps centered around ROI
detection,aimed at evaluating the impact of region-focused inputs on downstream classification
performance. The methodology is presented in four principal stages:

1. Image Preprocessing

e Image pixel values are normalized according to the preprocessing routine specific
to the selected architecture (e.g., xception.preprocess_input for the Xception
model).

e Each image is converted into a four-dimensional tensor format (batch size, height,
width, channels), ensuring compatibility with Keras/TensorFlow inference and visu-
alization workflows.

2. Grad-CAM Heatmap Generation
e A modified gradient model is instantiated, capturing both the activations of the final

convolutional layer and the class-specific output logits.

e The gradient of the predicted class score is computed with respect to the feature
maps of the final convolutional layer.

e These gradients are then subjected to global average pooling, producing a set of
scalar importance weights corresponding to each feature channel.

e A class activation map (heatmap) is generated by performing a weighted sum over
the feature maps using these importance weights. This map is subsequently passed
through a ReLLU activation to retain only positively contributing features.

e The heatmap is normalized to the range [0, 1], and a thresholding step (e.g., val-
ues below 0.3 are suppressed) is optionally applied to reduce background noise and
sharpen the focus on discriminative regions.
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3. Heatmap Visualization and Fusion

e The generated heatmap is resized to match the dimensions of the original image for
accurate spatial correspondence.

e A color mapping is applied using OpenCV’s COLORMAP_JET to enhance visual inter-
pretability.

e The colorized heatmap is then overlaid on the original image using alpha blending
(transparency factor a = 0.3), yielding a composite image that highlights the regions
most influential to the model’s decision.

4. Dataset Generation for ROI-Based Classification

e The resulting Grad-CAM-enhanced images are saved into a structured directory
hierarchy that mirrors the original dataset’s organization.

e These enhanced samples are subsequently employed as input data for a second-
stage classification model, allowing for quantitative assessment of the ROI-driven
approach.

e Example samples from the Grad-CAM-generated dataset are shown in Figure 4.14,
illustrating how salient regions were detected and emphasized for both chest X-ray
and brain MRI images. The top row displays chest X-rays, while the bottom row
presents brain MRI samples.

52



Chapter 4: Our contribution

Figure 4.14: Grad-CAM-enhanced images for ROI-based classification.

This ROI-focused processing pipeline is designed to enable empirical evaluation of how em-
phasizing detected features affects classification outcomes. By generating modified datasets in
which salient regions are highlighted, the approach facilitates a systematic investigation into
whether such modifications influence model accuracy and robustness.

4.5 Detected ROI Evaluation

After generating region of interest data using Grad-CAM in the first phase, this phase
focused on evaluating the impact of these ROI-based inputs on classification accuracy. Specif-
ically, we trained models using the Grad-CAM-processed images and compared their classifi-
cation results to those obtained using the full original images. This evaluation was conducted
on two medical imaging datasets: chest X-rays and brain MRIs. All experiments relied on a
consistent architecture that integrated a pretrained backbone, a task-specific classifier, and two
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fine-tuning strategies tailored for medical image analysis. This phase involved assessing classi-
fication metrics under each configuration to determine the effectiveness of ROI-based training.
Figure 4.15 illustrates the overall workflow adopted in this phase.
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Figure 4.15: Evaluating Detected ROI phase.

4.5.1 Proposed Architecture

The proposed architecture consisted of three main components: a pretrained convolutional
backbone, two distinct fine-tuning strategies, and a custom classification head. This struc-
ture allowed us to combine the strengths of transfer learning with domain-specific adaptation,
ensuring fair and consistent evaluation across input types and medical datasets.

Backbones Selection

we selected two widely used convolutional neural networks: EfficientNetB4 and
DenseNet201. Both are pretrained on ImageNet and known for their strong performance and
efficiency in medical image tasks. Their inclusion allows us to evaluate how different backbone
architectures affect classification performance under varied fine-tuning strategies and input

types.

e EfficientNet-B4 : is part of the EfficientNet family of models. The main building block in
EfficientNet is called MBConv, and it also includes a feature called squeeze-and-excitation,
which helps the model focus on the most important parts of the image. To build larger
versions like EfficientNet-B4 Figure 4.16, the creators used a compound scaling method.
This method increases the model’s depth, width, and input image size in a balanced
way, helping to improve accuracy without requiring too much memory or computation
time.[52]
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Figure 4.16: EfficientNet-B4 architecture.|15]

e DenseNet-201 : is a convolutional neural network where each layer connects to all previous
layers, improving feature reuse and information flow. It uses dense blocks with batch
normalization, ReLLU, and convolution layers, along with transition layers to reduce size.
This design Figure 4.17 makes DenseNet efficient and accurate with fewer parameters.|16]

Figure 4.17: A visualization of the DenseNet-201 architecture.|16]

Fine-Tuning Strategies

To evaluate the impact of region of interest data and determine the most effective fine-tuning
strategy for our specific medical imaging tasks, we implemented two distinct fine-tuning ap-
proaches using pretrained convolutional neural networks (EfficientNetB4 and DenseNet201):

1. Frozen Feature Extractor: In this strategy, all layers of the pretrained backbone were
frozen, ensuring their weights remained unchanged during training. Only the custom
classification head, initialized with random weights, was trainable. By restricting training
to the classification head, we reduced the risk of overfitting and decreased computational
requirements.
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2. Partial Unfreezing: Recognizing that our medical imaging datasets—comprising chest
X-rays and brain MRIs—contained domain-specific features not present in natural images,
we adopted a more flexible adaptation strategy. Specifically, we unfroze the final 25%
of the pretrained backbone layers, allowing the model to adjust its high-level feature
representations to better capture the specialized patterns found in medical scans. This
approach was grounded in the understanding that while the early layers of convolutional
networks extract general-purpose features applicable across domains, the deeper layers
benefit from adaptation to the target task. Unfreezing only the upper 25% of layers offered
a balanced trade-off: it enabled effective domain-specific learning while maintaining the
stability of the pretrained lower layers and reducing computational cost compared to full
fine-tuning.

Since medical images (chest X-rays and brain MRIs) contain distinct domain-specific fea-
tures that differ significantly from natural images, we unfroze only the final 25% of the pre-
trained model’s layers. This strategy ensures that early layers retain their ability to detect
general patterns (e.g., edges and textures), while deeper layers adapt to medical-specific details.
By unfreezing only the upper 25% of layers , we balance task specialization with computational
efficiency, avoiding the excessive resource demands of full network retraining.

Custom Classification Head Design

We used a lightweight custom classification head to adapt the pretrained backbone to our
task. It began with a GlobalAveragePooling2D layer, which replaced the traditional Flatten
layer and offered better generalization by reducing spatial dimensions without introducing dense
parameter connections. This was followed by a dense layer with 256 units and GELU activation,
which performed better than ReLU in medical imaging due to its smoother activation and
improved gradient flow. The final output layer used softmax activation to handle multi-class
predictions.

Hyperparameter Configuration

All models—whether trained on full images or Grad-CAM-based ROI data were trained
using the same configuration for consistency. Table 4.4 summarizes the key parameters.

Table 4.4: Training hyperparameters used across all experiments.

Parameter Value

Batch Size 8

Number of Epochs 20

Optimizer Adam

Loss Function Categorical Crossentropy
Dropout Rate 0.5

Preprocessing Technique | Rescaling (1./255)

Data Augmentation None
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A batch size of 8 was chosen to fit GPU memory while preserving training stability.
Training for 20 epochs provided a balance between allowing sufficient learning and avoiding
overfitting. We used the Adam optimizer for its efficiency in converging quickly on complex
tasks, which was beneficial in medical imaging where model depth and input resolution were
relatively high. Categorical crossentropy was appropriate for multi-class classification with
softmax outputs. A dropout rate of 0.5 was applied to prevent overfitting by randomly
deactivating neurons during training. Finally, rescaling inputs to [0, 1] ensured stable
gradient updates, and no data augmentation was applied to maintain consistency when com-
paring original and ROI-based data.

4.5.2 Obtained results and Discussion

This section presents a detailed evaluation of the experimental results obtained from training
and testing the proposed models on chest X-ray and brain MRI datasets. The analysis includes
training and validation behavior, test set performance, and per-class evaluation metrics. Special
attention is given to the role of ROI-based preprocessing using Grad-CAM, an unsupervised
technique, and its comparative effectiveness against standard full-image training. By examining
the influence of backbone architecture, fine-tuning strategy, and input representation, we aim to
determine which configurations yield the most reliable and diagnostically useful performance.

Training Analysis

To better understand the learning dynamics of the proposed models, we analyze the training
and validation accuracy and loss curves across all experimental configurations. These include
two backbone architectures (EfficientNetB4 and DenseNet201), each trained using both Frozen
Feature Extractor and partially unfrozen strategies, and evaluated on original full images and
Grad-CAM-based ROI inputs. All models were trained for 20 epochs using consistent proce-
dures. The training behavior of each configuration is illustrated in Figure 4.18 for DenseNet201
and Figure 4.19 for EfficientNetB4.
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Figure 4.18: Training and validation accuracy/loss curves for DenseNet201 across all configu-

rations.

58



Chapter 4:

Our contribution

EfficientNetB4 - Accuracy and Loss Curves
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Figure 4.19: Training and

urations.

validation accuracy/loss curves for EfficientNetB4 across all config-

e Models with partially unfrozen backbones, where only the top 25% of layers were train-
able, generally exhibited faster convergence and better generalization than their frozen
counterparts. This supports the idea that selectively adapting high-level features to the
domain of medical imaging enhances performance without compromising the benefits of
transfer learning. DenseNet201 with partial unfreezing on original images achieved the
highest validation accuracy—reaching over 99.00%, followed closely by EfficientNetB4
under the same configuration with accuracy exceeding 95.00%.

e Between the two architectures, DenseNet201 consistently delivered superior results,
with lower validation losses and more stable accuracy progression throughout training.

e Regarding input types, training on the full original images outperformed the ROI-based
data in most cases. While ROI inputs were intended to emphasize diagnostically relevant
areas, they may have reduced the availability of broader contextual features essential for

robust classification.

This effect was evident in the frozen configurations, where models
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trained on original images yielded better validation accuracy—for instance, EfficientNetB4
attained approximately 42.00%, compared to 39.00% using ROI inputs.

These observations highlight the influence of backbone selection, fine-tuning depth, and input
representation on training behavior in medical image classification tasks.

Testing Analysis

To assess the generalization capability of the trained models, we conducted a comprehensive
evaluation on the test set. This analysis covers both overall performance and class-specific
behavior. Table 4.5 presents a comparative summary of test accuracy, loss, and total training
time across all evaluated configurations.

For more detailed performance insights, we computed class-level precision 2.2, recall 2.3,
and Fl-score 2.4, which are visualized as grouped bar plots. Figure 4.20 shows the evaluation
results for the Chest X-ray dataset, while Figure 4.21 illustrates performance on the Brain
MRI dataset. These visualizations enable clear comparisons between model architectures, fine-
tuning strategies (S1: Frozen backbone, S2: Partially Unfrozen), and input types (original vs.
ROI-based).

Table 4.5: Test accuracy, loss, and training time for all model configurations on both datasets.

Model Configuration Accuracy | Loss | Training Time (min)
Chest X-ray Dataset
EfficientNetB4 (No ROI, S1) 40.00% 1.0700 83
EfficientNetB4 (ROI, S1) 39.00% 1.0700 66
EfficientNetB4 (No ROI, S2) 94.00% 0.1800 400
EfficientNetB4 (ROI, S2) 94.00% 0.1800 470
DenseNet201 (No ROI, S1) 96.00% 0.0930 170
DenseNet201 (ROI, S1) 94.00% 0.1500 85
DenseNet201 (No ROI, S2) 98.00% | 0.1000 100
DenseNet201 (ROI, S2) 96.00% 0.2800 100
Brain MRI Dataset
EfficientNetB4 (No ROI, S1) | 52.00% 1.1500 30
EfficientNetB4 (ROI, S1) 48.00% 1.2400 35
EfficientNetB4 (No ROI, S2) |  95.00% 0.1400 42
EfficientNetB4 (ROI, S2) 91.00% 0.2400 35
DenseNet201 (No ROI, S1) 92.00% 0.2000 35
DenseNet201 (ROI, S1) 90.00% 0.2700 38
DenseNet201 (No ROI, S2) 99.00% | 0.0200 40
DenseNet201 (ROI, S2) 97.00% 0.0900 33
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Chest X-Ray Dataset Performance Metrics
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Figure 4.20: Class-wise metrics for Chest X-ray classification across all model configurations.
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Brain MRI Dataset Performance Metrics
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Figure 4.21: Class-wise metrics for Brain MRI classification across all model configurations.

Global Performance Evaluation

DenseNet201 with fine-tuning and no ROI consistently showed the best overall perfor-
mance across both datasets. It reached the highest accuracy—98.00% for Chest X-ray
with a training time of 100 minutes, and 99.00% for Brain MRI with a training time
of 40 minutes—while maintaining low loss values of 0.1000 and 0.0200, respectively. In
contrast, frozen models—especially those using Grad-CAM-based ROIs—exhibited noticeably
lower performance, both in accuracy and training stability. This suggests that using full
image input, combined with an adaptive fine-tuning strategy, provides the most effective
learning setup in terms of both performance and efficiency for medical image classification tasks.

Per-Class Evaluation with Metric Interpretation

To gain deeper insight into the classification behavior of each model, we analyze class-level
performance using precision, recall, and F1l-score. These metrics, derived from confusion ma-
trices, provide a detailed understanding of how effectively each disease class is identified. This
analysis also allows us to assess how ROI-based preprocessing influences detection performance,
particularly in terms of reducing false positives and improving sensitivity across different input
types and training strategies.

e Chest X-ray Dataset:
e Normal Class: DenseNet201 with fine-tuning and no ROI achieved the best results
with F1 = 97.06%, precision = 97.60%, and recall = 96.53%, reflecting highly
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accurate identification of healthy lungs with minimal false positives or negatives.
Using ROI slightly reduced these values (F1 = 95.38%, precision = 94.43%,
recall = 96.34%), indicating a minor loss of contextual information. Frozen models
like EfficientNetB4 without ROI underperformed significantly (F1 = 56.54%).

e Pneumonia Class: DenseNet201 with fine-tuning and no ROI achieved the high-
est performance with F1 = 97.90%, precision = 97.45%, recall = 98.36%,
indicating excellent detection of pneumonia with low misclassification. With ROI,
the values slightly dropped to F1 = 96.72%, precision and recall = 96.72%, sug-
gesting some contextual loss. Frozen EfficientNetB4 models yielded F1 = 0.00%,
highlighting the necessity of fine-tuning.

e Tuberculosis Class: DenseNet201 with fine-tuning and no ROI achieved top
scores: F1 = 98.33%, precision = 98.09%, recall — 98.56%, indicating pre-
cise and sensitive TB detection. With ROI, performance dropped slightly to F1 =
97.21%, precision = 98.52%, and recall = 95.92%, suggesting a trade-off in
contextual detail. Frozen configurations, especially EfficientNetB4 with ROI, showed
very low F1 scores, down to 0.00%.

e Brain MRI Dataset:

e Glioma Class: DenseNet201 with fine-tuning and no ROI yielded F1 = 99.16%,
precision = 100.00%, recall = 98.33%, denoting highly accurate tumor de-
tection. With ROI, performance was comparable: F1 = 99.34%, precision —
98.68%, recall — 100.00%, showing excellent balance and no missed cases. In
contrast, frozen EfficientNetB4 with ROI showed F1 = 0.00%.

e Meningioma Class: DenseNet201 with fine-tuning and no ROI attained F1 =
98.39%, precision — 96.84%, recall = 100.00%, reflecting high reliability and
no missed tumors. With ROI, values decreased to F1 = 94.17%, precision =
90.88%), recall — 97.71%, likely due to increased false positives.

e Notumor Class: DenseNet201 with fine-tuning and no ROI reached nearly perfect
results with F1 = 99.75%, precision = 100.00%, recall = 99.51%, ensuring
accurate healthy brain classification. ROI-based inputs showed similar performance:
F1 = 99.63%, precision = 99.75%, recall = 99.51%, indicating ROI had
minimal impact for this class.

e Pituitary Class: DenseNet201 with fine-tuning and no ROI achieved F1 =
99.50%, precision = 100.00%, recall = 99.00%, indicating excellent preci-
sion and sensitivity. With ROI, the model preserved high performance with F1 =
99.34%, precision — 98.68%, recall = 100.00%, confirming robustness across
input types.

The observation that models trained on full images outperformed those using Grad-CAM-
based ROIs may be attributed to several factors:

e Incorrect Focus Areas: Grad-CAM highlights the regions that the model relies on
for its decision-making, but these areas may not truly represent the most relevant visual
features for classification. The model might attend to unrelated patterns that do not
contribute meaningfully to class separation.
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e Loss of Useful Information: By restricting input to only the Grad-CAM-highlighted
regions, other potentially valuable visual details are excluded. This may limit the model’s
capacity to learn diverse and informative representations necessary for accurate classifi-
cation.

These insights suggest that while Grad-CAM is useful for visualizing model attention, its
role as a standalone unsupervised ROI detection tool may be limited in enhancing classification
performance without additional supervision or refinement.

4.6 Conclusion

This chapter investigated the effectiveness of Grad-CAM-based region of interest inputs,
which were detected without ROI-level supervision, in enhancing classification performance
for medical imaging tasks involving chest X-rays and brain MRIs. A two-phase experimental
approach was adopted: first, generating ROI-enhanced images using Grad-CAM, and second,
evaluating these against original full images across different backbone architectures and fine-
tuning strategies.

To ensure fair evaluation, the chapter first outlined the data collection process and estab-
lished a consistent experimental setup, including both hardware and software configurations.
This standardization in data preparation and computational environment ensured reliable and
reproducible comparisons.

The findings showed that, although ROI integration aimed to concentrate learning on di-

agnostically relevant areas, models trained on original full images generally outperformed their
ROI-based counterparts—particularly when combined with the Partially Unfrozen strategy.
Among all configurations, DenseNet201 with the Partially Unfrozen strategy and without
ROI consistently achieved the highest accuracy and fastest convergence.
These results indicate that, under the current setup, Grad-CAM-based unsupervised ROI de-
tection may not sufficiently capture the critical diagnostic features needed for optimal classifi-
cation. Therefore,using full-image inputs combined with partial fine-tuning outperformed both
Grad-CAM-based ROI preprocessing and the frozen feature extractor configuration across both
the chest X-ray dataset and the brain MRI dataset.
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5.1 General conclusion

This thesis aimed to evaluate the effectiveness of region of interest detection in improving
medical image classification, with a particular focus on chest X-rays and brain MRI modalities.
The proposed two-phase deep learning approach was developed to systematically assess how
ROI-guided inputs, detected using Grad-CAM, affected classification accuracy when compared
to original full images. This evaluation was conducted using two widely adopted pretrained con-
volutional neural networks—EfficientNetB4 and DenseNet201—and two fine-tuning strategies:
Frozen Feature Extractor and Partially Unfrozen.

In contrast to supervised ROI methods that depend on expert annotations, this study
intentionally adopted Grad-CAM as an unsupervised ROI detection technique—without relying
on ROI-level supervision—to investigate whether automatically detected regions could serve as
effective substitutes for annotated ground truth during preprocessing. This aligns with one of
the core goals of this thesis: to assess the real impact of such weakly guided ROI-based inputs
on model performance.

The first phase involved generating ROI-enhanced inputs through Grad-CAM to empha-
size diagnostically relevant areas. In the second phase, the performance of models trained on
these ROI-based images was compared against models trained on unaltered full images. Eval-
uation across multiple configurations revealed that while ROI-focused inputs aimed to guide
learning toward critical regions, models trained on full images consistently performed better. In
particular, DenseNet201 with partial unfreezing (25%) and no ROI yielded the highest
accuracy across both datasets—98.00% on chest X-rays and 99.00% on brain MRIs—along with
efficient training times and low loss values.

These results suggest that while Grad-CAM-based detection offers a lightweight and un-
supervised means of highlighting informative regions, it may not yield sufficiently complete
or reliable ROIs for use as primary training inputs. Additionally, the contextual information
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present in full images appears essential for accurate classification. This study underscores the
importance of backbone architecture, input design, and training strategy in achieving robust
performance across medical imaging datasets.

5.2 Limitations

While this study provided meaningful insights into the role of region of interest integration
in medical image classification, several limitations are acknowledged:

e Supervised ROI Methods Were Not Within the Scope of This Study: This work
focused exclusively on Grad-CAM as an unsupervised ROI detection technique, without
incorporating supervised alternatives such as segmentation or object detection. While
such methods may offer more accurate ROI delineation when annotated data is available,
comparing their performance was beyond the scope of this study and remains a valuable
direction for future work.

e Loss of Contextual Information in ROI-Based Inputs: Using only Grad-CAM-
highlighted regions as input may have led to the exclusion of broader contextual features
necessary for accurate diagnosis. This was particularly relevant in cases involving diffuse
or overlapping abnormalities, such as certain pulmonary diseases.

e Limited Exploration of Alternative Unsupervised Methods: Although Grad-
CAM served as the primary unsupervised approach, other methods—such as clustering-
based segmentation, contrastive learning, or self-supervised representation learning—were
not explored. These may offer different advantages in ROI quality and generalization.

e Lack of Clinical Expert Validation: The ROI regions detected and the model predic-
tions produced in this study were not reviewed by radiologists or other clinical experts. As
a result, the clinical trustworthiness and diagnostic value of the highlighted areas remain
to be verified.

e Minimal Data Augmentation and Optimization: To isolate the impact of ROI
integration and fine-tuning strategies, no advanced data augmentation or hyperparameter
optimization techniques were applied. While this ensured consistent comparisons, it may
have limited the overall performance of the models.

e Restricted Scope to Two Modalities and Datasets: The evaluation was limited
to chest X-ray and brain MRI datasets. Generalization to other modalities, anatomical
regions, or rare conditions remains to be validated through broader testing in diverse
clinical settings.

5.3 Future Perspectives

Based on the results and limitations of this study, several promising directions can be ex-
plored in future work to enhance the use of ROI-guided learning in medical image classification:

e Comparative Evaluation with Supervised ROI Methods: To better understand
the trade-offs between supervised and unsupervised ROI detection, future studies could
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include comparisons with supervised approaches such as U-Net, Mask R-CNN, or object
detection models that rely on annotated ground truth. This would help quantify the value
of supervision when available.

e Fusion of ROI-Based and Full-Image Representations: Instead of using ROI-
based or full-image inputs separately, future models could integrate both in a hybrid
architecture. For instance, dual-branch networks could process full images alongside
Grad-CAM heatmaps or cropped ROIs, allowing the model to learn both global context
and local focus.

e Exploring Alternative Unsupervised ROI Techniques: Other unsupervised or
self-supervised ROI detection methods—such as clustering-based segmentation, atten-
tion mechanisms, or contrastive learning—could be explored as potential alternatives to
Grad-CAM, possibly providing more complete or consistent region identification.

e Adoption of Advanced Backbone Architectures: Incorporating architectures like
VITs, hybrid CNN-Transformer models, or self-supervised autoencoders could improve
the model’s ability to capture both fine-grained features and global patterns, especially
when combined with ROI-aware preprocessing.

e Integration of Data Augmentation and Hyperparameter Optimization: Apply-
ing stronger data augmentation, regularization, or automated hyperparameter tuning may
further improve classification performance, especially in limited-data settings common in
medical imaging.

e Clinical Validation of ROI Relevance: Collaborating with radiologists to validate
ROI regions and model predictions would improve clinical interpretability and trust in
Al-based decision systems. Visual and diagnostic consistency could be assessed using
expert feedback.

e Extension to Broader Modalities and Conditions: The framework developed here
could be extended to other medical imaging modalities such as CT, PET, or ultrasound,
as well as to multi-institutional datasets or rare pathologies, to assess generalization across
diverse clinical settings.
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