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Keywords Brain tumors is a the most life-threatening neurological diseases, with malignant
pandemic, anxiety, health care cases often resulting in low survival rates. Surgery, chemotherapy, and
workers, hybrid feature selection, radiotherapy are common treatments, but their success strongly depends on
Chi-square, nRMR accurate and suitable diagnosis. Magnetic Resonance Imaging (MRI) has
emerged as the most promising modality for brain tumor analysis. However,
analyzing MRI scans can be a tedious task, especially for large images, and is
highly subjective, prone to errors, and challenging for radiologists.this research,
we develop a novel deep hybrid learning model, Res-MobAT-BRTC, for early
and precise classification of brain tumors using MRI images. The model
integrates Mobile Net and ResNet-50 as backbones to effectively extract both
low- and high-level features, while a multi-head attention mechanism enhances
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discriminative capability and provides explainable outputs for clinical
experts. The study employs benchmark datasets such as BraTS and Figshare MRI
collections, encompassing different tumor types as well as normal instances.
Experimental results demonstrate that the proposed framework is superior in
terms of accuracy, precision, recall, and Fl-score to existing machine learning
and deep learning models.Despite the high performance, there are still
challenges, including imbalanced datasets, computational complexity, and
generalizability. Future work will focus on growing the dataset, integrating
explainable Al (XAI) mechanisms to improve clinician trust, and optimizing
the framework for multimodal imaging integration. By addressing diagnostic
challenges through a robust hybrid deep learningbased model, this research
contributes to advancing automated brain tumor analysis, facilitating earlier
detection, reliable classification, and ultimately improving patient survival rates

INTRODUCTION

all human activity, including planning, analyzing,

The brain is one of the most vital organs in the
human body, controlling vital processes and
performing numerous other critical functions.[1]
The cerebrum, brainstem, and cerebellum are its
components. The brain is the core of the body,
controlling all of its functions. It is the center of

problem-solving, thinking, and communication,
both within itself and with other organs through
nerve messages. The brain is one of the strangest-
looking organs in the human body, as its anatomy
is exceptionally complex and participates in a
variety of different functions. Brain tumor refers
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to a mass or growth of abnormally formed cells in
the brain. They are either non-malignant or
malignant that is, arising within the brain or
other body parts. Brain tumors represent one of
the most dangerous malignancies, as they arise
due to the uncontrolled growth of brain cells. The
main feature of any tumor formation is the
disruption of the balance between cell division
and cell death rates. This leads to the
unrestrained growth of abnormal cells, resulting
in focal or diffuse damage to one or more regions
of the brain, depending on where the tumor is
located and its size.[2] Brain tumors, which are
classified broadly into primary and secondary,
also called metastatic tumors. The main
difference between primary and secondary brain
tumors is that primary brain tumors are those that
originate from the brain or spinal cord, whereas
secondary brain tumors are those that spread to
the brain from other parts of the body.. A primary
brain tumor is a growth that develops in the brain
or spinal cord from healthy cells, while secondary
brain tumors occur when cancerous cells from
other parts of the body such as the lungs, breasts,
or kidneys, spread to the brain. Moreover, a
primary brain tumor can either be benign or
malignant. In contrast, secondary brain tumors
mostly arise from cancerous cells.The most
common brain tumor is a primary brain tumor
which accounts for approximately 3 out of 5 brain
tumors. On the other hand, secondary brain
tumors are rare but more common than primary
brain tumors. Additionally, secondary brain
tumors mainly indicate the presence of cancer
somewhere else in the body and usually develops
when cancer cells spread to the brain.A tumor is
characterized by the abnormal and uncontrolled
division of cells in the brain. When such aberrant
cell growth occurs within brain tissue, it is
referred to as a brain tumor. Brain tumors can
either be benign, malignant, primary, or
secondary brain tumors. Benign brain tumors are
non-cancerous while malignant brain tumors are
cancerous. Primary brain tumors are cancers that
originate in the brain or the central nervous
system. On the other hand, secondary brain
tumors or metastatic brain tumors are cancers
that spread to the brain from other body parts.
Metastatic brain tumors are the ones that are

mostly malignant and originate from cancers in
the lungs, breasts, and kidneys. Gliomas, a
common type of brain tumor derived from glial
cells, represent one of the primary tumor
categories. When cancerous cells from other
regions disseminate to the brain, they can cause
metastatic brain tumors. Brain tumors can
develop in any part of the brain, including neural
tissue, meninges, bones, or surrounding
structures. These tumors are particularly
aggressive, exhibiting a mortality rate of
approximately 70% [3]. The major types of brain
tumors are gliomas, meningiomas, and pituitary
tumors. Of these, gliomas are the tumors most
commonly diagnosed in adults. While primarily
occurring in the brain, they also sometimes
develop in the spinal cord. Gliomas originate
from glial cells, which are the supportive cells of
the central nervous system.These cells perform
various functions necessary for the proper
functioning of neurons such as providing
insulation and protection.[4]. Gliomas are tumors
that originate from glial cells. These cells are
essential for the normal functioning of the central
nervous system, as they provide support and
nutrition to neurons. Meningiomas are tumors
that are formed by the meninges, which is a set of
membranes that surround the brain and the
spinal cord beneath the skull. According to the
research data published by the Central Brain
Tumor Registry of the United States (CBTRUS),
meningiomas comprise “53.9% of all non-
malignant brain tumors diagnosed between 2013
and 2017. According to the data published by the
Central Brain Tumor Registry of the United
States (CBTRUS), during the period between
2013 and 2017, meningiomas constituted 53.9%
of all non-malignant brain tumors.[5]. Pituitary
tumors are abnormal growths of cells that occur
in the pituitary gland. The pituitary gland is a
small, pea-shaped organ located at the base of the
brain behind the nasal cavity. It controls
hormone production and plays an important role
in regulating various body functions. Although
most pituitary tumors are benign, they often
affect the normal functioning of the pituitary
gland, causing it to produce an abnormally large
amount of hormones. The pituitary gland
controls many important processes in the body,

https://thesesjournal.com

| Zahoor et al., 2026 |

Page 4182


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 3, 2026

including growth, development, reproduction,
and metabolism. Magnetic Resonance Imaging
(MRI) is an important imaging technique that can
be used to detect and evaluate brain tumors at an
early stage.A complicated strategy is usually used
to treat brain tumors, especially when they are still
in their early stages. Surgery, chemotherapy, and
radiotherapy are frequently used methods to treat
the tumor directly. Accurate diagnosis is
significant for effective treatment. Several types of
brain scans, such as Single-Photon Emission
Computed Tomography, also known as SPECT,
computerized tomography or CT, and magnetic
resonance imaging or MRI, can be used to study
the brain structure and function. However, MRI
is the most effective method for diagnosing brain
tumors because it allows obtaining a more
informative image of the brain than other
methods and is safer for patients..[6] Brain
tumors can be detected and diagnosed using a
variety ~ of  imaging  tests, including
ultrasonography (US), computed tomography
(CT) and magnetic resonance imaging
(MRI).However, MRI is the most optimal method
because it provides high-quality imaging without
subjecting patients to dangerous ionizing
radiation compared to CT and X-ray machines.
At the same time, MR is versatile in that it allows
obtaining different types of scans, among which
are T1- and T2-weighted images. The former is
useful for diagnostic imaging because it highlights
normal anatomical structures, whereas the latter
is more sensitive and informative, thus being able
to distinguish abnormal tissue from healthy ones.
[7] \A timely and correct diagnosis of brain
tumors is an important factor in successful
treatment.However, the task of classifying these
tumors is not always an easy one, given their wide
spectrum of sizes, shapes, locations, and
appearances. To address the issue, researchers
have begun employing both conventional
machine learning (ML) and modern deep
learning (DL) algorithms. In the case of ML, there
is a need to convert an image into representative
numerical features to be used as an input for
training a classifier. This step is quite time-
consuming and depends heavily on the quality of
manual feature extraction. Multiple studies
utilized ML algorithms like Support Vector

Machine (SVM) to classify brain tumor images
and detect different tumor types and patterns in
MRI scans[8], kmnearest neighbors [9], and
decision trees [10]. Unlike conventional machine
learning approaches, using deep learning (DL)
algorithms allows for extracting relevant features
from medical images automatically. The
convolutional neural network (CNN) model is
considered one of the most common DL
architectures for analyzing medical images due to
its ability to learn lower- and higher-level features.
The CNNs’ high accuracy in image classification
tasks has motivated researchers to apply these
networks for solving medical image analysis
problems, including classifying brain tumors.[11],
[12], [13], [14], [15], [16], [17], [18]In [19] To
develop a machine learning based system for
brain tumor detection and segmentation, a set of
304 brain MRI images were taken from 120
patients at Tiantan Hospital. Their approach
involves image preprocessing, GLCM-based
feature extraction, EKF-SVM classification, and
segmentation using k-means clustering and
region-growing algorithms. The skull stripping
process significantly improves the overall
detection performance.The classification
accuracy achieved was 96.05%, while tumor
borders were effectively delineated using k-means
clustering. However, the study's limitation was
that the high classification performance might be
influenced by the relatively small number of
negative (non-tumor) cases in the dataset. In [20]
conducted research on 180 histopathologically
confirmed brain malignancies (77 lymphomas, 45
glioblastomas, and 58 metastases), employing
Classification and Regression Tree (CART)
models with perfusion and spectroscopy MRI
data for multiclass tumor classification. Their
decision tree model reached a high accuracy of
0.96, with an R? of 0.887 and impressive AUC
values of 0.98 for PCNSLs, 0.98 for GBMs, and
1.00 for METs, supported by five decision rules
with expected probabilities ranging from 0.907 to
0.989. In [21] adopted a deep learning
framework,  evaluating  object  detection
algorithms on the Brain Tumor Figshare (BTF)
dataset (3064 slices from 233 subjects) and the
BRATS 2018 dataset (285 glioma cases). Their
best-performing network, YOLOv5, was paired
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with a 2D U-Net for pixel-wise segmentation,
achieving a mean Average Precision (mAP) of
89.5% for detection and a Dice Score Coefficient
(DSC) of 88.1% for segmentation, outperforming
Mask R-CNN. The study suggests that future
research should focus on developing a single
framework that can perform both tumor
detection and segmentation.[22] The study also
recommends that the approach be tested on
larger and more diverse data sets.In[23] also
explored deep learning techniques, leveraging an
improved ResNet architecture for glioma
segmentation using the BraTS2020 dataset. By
incorporating long skip connections and
optimized bottleneck blocks, the model overcame
gradient vanishing issues and outperformed
conventional CNNs and fully convolutional
networks. The model’s applicability is limited by
its dependence on single data sets and its
susceptibility to noise in MRI scans. The ways
different researchers attempted to overcome these
barriers have demonstrated how hybrid learning
can provide an adequate solution for these
challenges. In [24] The authors proposed a
hybrid network which was constructed using
YOLO V5, Kmeans + , Spatial Pyramid Pooling
Fast (SPPF +) and Bidirectional Feature Pyramid
Network (Bi-FPN) for the improved detection and
segmentation of tumorous tissues from the set of
MRI images considered.Sahoo et al. (2023)
presented a novel hybrid framework integrating
CNNs with GANSs, achieving 98.85% accuracy.
Their model enhanced diagnostic precision
through  GAN-based data  augmentation,
increasing variation and resilience, thereby
supporting early-stage tumor identification. [25]
In this study, the authors evaluated the
performance of the deep transfer learning
method on the basis of a data base comprising
7023 brain MRI images from 4 classes, namely,
pituitary tumour, meningioma, glioma, and
normal  brain. Fine-tuning  pre-trained
architectures such as ResNetl52, VGGI19,
DenseNet169, and MobileNetv3, they achieved a
peak accuracy of 99.75% with MobileNetv3. To
address data imbalance, image enhancement
strategies and fivefold crossvalidation were
employed, ensuring robustness and
generalizability. Considered together, the studies

demonstrate the shift in the field from traditional
machine learning approaches to the use of deep
learning and hybrid algorithms. At the same time,
the reviewed research indicates the necessity to
expand the scope of data used for training
algorithms and pay attention to the combination
of different methods for more accurate detection
and segmentation of brain tumors. Artificial
Intelligence (AI) is a crucial technology in
numerous sectors, and healthcare is one of its
most significant applications. [26]. However, even
though deep learning (DL) tools are extremely
successful in disease diagnosis, medical image
analysis, and treatment recommendation, such
models are often black-boxes since they do not
show how specific results were obtained. This
circumstance decreases the level of trust that
professionals have in Al-powered systems, which,
consequently, limits DL implementation in
medicine. Therefore, it is essential to make such
models interpretable to ensure that the final
results are understandable by humans.
Interpreting deep learning models is a critical step
toward fulfilling the promise of Al to
revolutionize healthcare. Since those models are
typically not transparent, they are often called
black-boxes.[27]. Explainable Artificial
Intelligence (XAI) develops approaches that
enable machines to explain their predictions and
decisions, making Al more transparent to its
users. As applied to Convolutional Neural
Networks (CNNs), the explainable Al methods
allow one to visualize and understand which parts
of the input image contribute the most to the
final image classification by means of weighted
gradients. In particular, CNN explainability
methods locate the regions of the input image
that most influence the model prediction. They
do so by combining the gradients of the output at
the last convolutional layer into an activation
heatmap, which highlights the regions of the
input that are the most influential for the model
prediction. This approach helps to increase the
interpretability and trustworthiness of CNN-
based medical image classification models, which
is why most recent research studies attempt to
combine deep learning approaches with
explainable Al [28], [29], [30] works have

proposed utilizing the concept of artificial
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intelligence (Al) to identify and classify brain
tumors using different methods. Some works
applied the concept of transfer learning using one
model  while  others  designed  various
Convolutional Neural Networks (CNNs) or
hybrid and ensemble learning techniques.. Each
of the approaches used has its strengths and
weaknesses. The methods used in transfer
learning utilized only one pre-trained network to
identify features and therefore could be limited by
the performance of the chosen network. On the
other hand, custom CNNs require huge amounts
of annotated data and high-end hardware to
obtain good results. Hybrid and ensemble models
suggest a different approach, which is based on
combining the properties of several networks.
The essence of the method lies in the fact that the
resulting model demonstrates higher accuracy,
better generalizability, and a lower error
probability inherent in decisions made by one
algorithm. However, in any case, be it hybrid or
ensemble models, explainability is vital since it
allows one to significantly increase the accuracy of
the results' implementation. It is especially
important in medicine, where the ability of the
algorithm to explain its decision-making process
reduces the likelihood of errors during timely
treatment. To overcome the limitations described
above, the approach presented classifies the three
most common brain tumor categories (glioma,
meningioma, and pituitary) using an ensemble of
models based on transfer learning. The proposed
approach was trained and tested on the publicly
available data from Figshare. The study utilized
the publicly accessible data in order to benefit
from using several pre-trained convolutional
neural networks. Those networks were able to
learn visual features, improve the accuracy of
image classification tasks, and decrease the time
spent on training due to the pretraining process
on big data sets. (MobileNet and ResNet-50) The
pre-trained models were fine-tuned by replacing
their classification heads with a task-specific
classifier. The visualization of the image regions
that contribute to the classification results was
done using Gradientweighted Class Activation
Mapping. This helped to understand which parts
of the image were used for classification and
increased the overall interpretability of the model

performance..[31] An innovative approach based
on Gradient-weighted Class Activation Mapping
was applied toward identify the image regions that
are the most influential for the model. This
allowed the model to demonstrate its predictions'
accuracy better than conventional approaches
while providing a more transparent description of
the process. [32] [33]The combination of
explainable artificial intelligence and an ensemble
model resulted in a higher classification quality
than could be demonstrated by the models
separately.  The significant contributions  of
this work have been primarily focused on the foll
owing aspects:
e An improved Grad—CAM

technique has been incorporated into the

proposed ensemble model
to identify discriminative regions for the
predicted

class, which has also been extended

to visualize the prediction from individual
convolutional layers and multiple
convolutional layers.

e An ensemble framework of MobileNet and
ResNet-50 by transfer learning has been
introduced for classifying the three
types of brain tumors, namely, glioma,
meningioma, and
pituitary tumor, which attains state-of-the-
art results on a benchmark dataset.

e The proposed
model has been evaluated on the basis of
wo  strategies,  namely, the  train-
test partition and  stratified-k fold cross-
validation, which ascertains the robustness
of the designed framework.

e The proposed design has been benchmark

ed with the state-of-the-
art approaches like MobileNet, Xception,
ResNet-50, DenseNet121, and

InceptionV3 for classifying the three types

of tumors, which depicts that the attained

results are superior to the existing models.

e A comprehensive comparison has been ma

de with the existing state-of-the-art methods

to  highlight  the efficiency of  the
proposed design.

The remaining part of the paper has been

structured as follows: Section 2 sheds light upon
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the dataset and the preprocessing performed for
the experiments. Section 3 describes the
methodology implemented for the experiments.
The attained results have been presented in
Section 4 while Section 5 concludes the paper
and brings out the contributions of the paper.

2. Proposed methodology

In this work, we have developed a deep hybrid
learning-based model designed for the early and
accurate classification of brain tumors into their
respective types. The proposed framework, Res-
MobAT-BRTC, adopts a hybrid deep learning
approach that integrates spatial and residual
learning-based convolutional neural networks
(CNNs), augmented by a multi-head attention
mechanism  to  enhance  the  model's
discriminative  ability. The  methodology
comprises three stages, each aimed at optimizing
classification performance. The first stage
involves the implementation of standard deep
CNN architectures, which serve as the
foundation of the proposed model. As a result of
the analysis, the MobileNet and ResNet-50
algorithms were selected as the basic models for
solving the given problem. Subsequently,
according to the second stage, the residual part
was added to the models. It can alleviate gradient
exploding/vanishing problems in deep networks
to some extent, thus enabling the network to
learn more deep features. As the final step, a
multi-head attention is introduced before the
classifier to enhance the model's ability of
capturing discriminative regions in the MRIs,
which facilitates more accurate and robust
predictions.  This  attention-based  block
contributes to the model's improved classification
performance and interpretability. To reduce the

risk of overfitting, a dropout layer is incorporated
into the model during training. [34] and L2
regularization [35]. The dropout layer is a
technique that reduces overfitting in neural
networks by randomly deactivating some neurons
during training. Another technique that helps
reduce overfitting is L2 regularization. This
method penalizes the loss function leading to
smaller weights in the model. The TensorFlow
API was used to augment training data improving
the model’s performance on test sets. [36]

2.1 Dataset and preprocessing

In this work we have evaluated our models on a
benchmark dataset [37] this data set has gathered
the from publically available open sources, Fig
share, and the BR35H. There were two hospitals
in China that provided the MRI scans used for
the study, and they are referred to as Nanfang
Hospital and the General Hospital of Tianjiang
Medical University. Such datasets are typically
compiled by researchers who intend to train
algorithms to perform computer vision tasks,
which has become a common practice in the
medical and machine learning fields.

Masoud Nickparvar was the one who organized
all of these disparate sets, making it easier for
other researchers to utilize the data. As a result,
he was able to create an extensive library of 7023
labeled MRI photographs that have been
categorized into four types of tumors: glioma,
meningioma, pituitary, and no tumor. Thus,
providing an excellent resource for testing
advanced techniques in deep learning-based brain
tumor classification systems.[38]
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Proposed Model Diagram (Developed Res-MobAT-BRTC)

Preprocessing | Data Augmentation

——— —— — — — — — — — — —

/” Performance Evaluation of Proposed
Amobile-Net

Performance Comparison
with Standard Existing CNNs

——— ——— — — — —— — —— — — ——— —— — —

Figure 1. ResMobAT-BRTC Model
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Figure 2. Sample Images from Dataset

The dataset consists of four classes of brain
tumors (Glioma, Meningioma, Non-tumor, and
Pituitary) with a fairly balanced representation of
images for each class. To increase the accuracy of
my model, I used a preprocessing step to adjust
the input image size and augmentation steps to
improve model performance. To ensure that all
the MR images were in the same input size, |
performed resizing at a standard resolution
(224%224). For image augmentation, I applied
multiple techniques, such as rotation, flipping,
and scaling, among others. Standardization
allows the model to converge more quickly.
During training, we use a dynamic set of
transformations for augmentation, such as

rotation, zoom, shear, shifts in height and width,
and horizontal flipping. Adding variability in
image orientation and scaling improves the
model's generalization. Replicating changes in
lighting, brightness adjustments (0.8 - 1.2) are
also used. Guaranteeing objective model
evaluation, a 10% validation split is also applied.
This preprocessing technique goal to improve
model performance and correctly classify brain
tumor images.

Performance evaluation of our proposed model is
compared with several existing standard CNN
architectures, such as VGG-16 [39], VGG-19 [40]
, Alex Net [41], Squeeze Net [42], and ResNet-

https://thesesjournal.com

| Zahoor et al., 2026 |

Page 4188


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 3, 202

6

50 [43] which have been widely used in various
image classification applications.

3.1 Develop Model Architecture (Res-MobAT-
BRTCO)

The RessMobAT-BRTC model introduces a
hybrid architecture that combines the strengths of
spatial and residual learning based convolutional
neural networks (CNNs) with customized
attention mechanisms, for enhanced model

performance in brain tumor classification.(44]
Developed model have following three key
components Mobile Net backbone, Residual
Blocks and Multi-Head Attention. These
components collectively enhance the model's
performance,  Enabling  more  accurate
classification and improved learning capacity for
complex medical imaging tasks.

Proposed Model Architecture Diagram

[ Brain MRI images

Wi ====oN
)| | | |
Global Average | : | : | Attention
Pooling Attention I | | Based Maps
| =2
_______________________I .
Residual Backbone : S
| |
| I
| |
Res Net 50 Global | - —— Resfenure 1
Average Pooling | : IJIJ
| ]

N .

Fully Connected

Layers

Normal Pitutary Meningioma Glioma

Figure 3. Proposed Model Architecture

3.1.2  Mobile Net Backbone
RessMobAT-BRTC model is core deep learning
architecture. Mobile Net an efficient and light
weighted CNNs, It employs depth-wise separable
convolutions, and famous for its lower

computational complexity, lowers the number of
parameters and processing requirements without
compromising on performance. It offers the ideal
basis for processing medical images, particularly
in the context of brain tumor classification, where
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the capture of rich hierarchical information is
crucial. Mobile Net serves as the backbone,
extracting essential features from MR images and

3.1.3  Residual learning block

RessMobAT incorporates residual blocks to
improve the model's learning capacity. This block
tackles the vanishing gradient problem that often
occurs in deeper neural networks by introducing
shortcut connections that facilitate residual
mapping learning. Residual connection allowing

Residual Block

Brain MRI 7
Images .

¥

Image Layer

Feature Vector P

providing a powerful representation for further
processing. (45]

gradients to avoid particular layers, allow the
network to acquire more complex and
discriminative properties. It improves the model’s
performance to identify more complex problems
and generate more accurate tumor classification.

(31]

Figure 4. Residual Block

3.1.4 Res-Mobile Net _Attention

Multi-Head Attention at third stage of the
model's development, enhanced the
discrimination ability of Mobile Net architecture.
Developed model become capable to focusing on
the most relevant parts of the input image by
considering multiple attributes simultaneously,
allowing it to capture a variety of visual
information. Multi-Head Attention for improved
the model's capacity to detect variation in tumor
properties. The model's overall classification
ability is much enhanced by this approach,

particularly when it comes to identifying complex
patterns that are essential for precise brain tumor
diagnosis. Combined these components form a
robust architecture can recognize the complex
details of brain tumor studies. Combining Mobile
Net with attention mechanisms and residual
learning blocks, the Res-MobAT-BRTC model
performs better than convolutional CNN-based
techniques, offering increased classification
accuracy and resilience in distinguishing between
healthy and affected brain tissue.[46]
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Brain MRI
Images
Feature
Mobile Net V2 | Extract Pooling AGlobal
Backbone "|  Feature VI
Pooling

Multi Head Attention |
Mobile V2

Figure 5. Mobile Net with Multi-Head Attention

3.2 Hyperparameters

In order to compare the networks accurately, each
network was trained under equal conditions for
the same number of epochs, while recording their
training and validation accuracies over time.
Adaptive Moment Estimation was used as an
optimizer for all runs of the algorithm [47] Each
network was trained using the Adam optimizer
and a batch size of 10, an initial learning rate of
0.0001, and 25 training epochs for both
networks. In addition, networks were optimized
using Reduce-on-Plateau that reduced the
learning rate by 50% if the validation accuracy did
not improve for three consecutive epochs. All
hyperparameters were selected after performing a
set of preliminary experiments in which the
networks’ behavior was analyzed. The values
presented above were chosen based on the highest
classification accuracy and optimization results

3.3 Explainable Model

To visualize the results, it was proposed to use
Grad-CAM as an explainability method for image
recognition models. Grad-CAM is the algorithm
that highlights the input image regions that are
the most influential for the model prediction.

The main benefit of Grad-CAM is that it can be

applied to different convolutional neural
networks (CNNs). It allows to visualize the CNN'’s
decisions without changing it and retraining,
which is one of the main benefits of Grad-CAM
algorithm. First, the last layers of MobileNet and
ResNet-50 CNN were chosen, as they contain the
most significant spatial features. The lower layer
would have fewer spatial information since it was
already processed by several layers of CNN.
Secondly, these layers were selected because they
have a sufficient amount of detail. The fully
connected layers would have high-level features,
but their complexity would be too high to
visualize them effectively.[31] Grad-CAM is an
algorithm that highlights the most relevant
regions in an input image by calculating the
importance weights of gradients that are passed
through the activation map. It is possible to
highlight the regions that are “responsible” for an
image prediction made by a neural network with
this technique. Several modifications of Grad-
CAM allow to visualize activations of different
convolutional layers, not only a single
convolutional layer.

4. Results and Discussion
We developed a deep hybrid learning-based
model, ResMobAT-BRTC, for early and accurate
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brain tumor classification. The model integrates
spatial and residual learning using deep CNN,
followed by a multi-head attention mechanism to
enhance discrimination. It combines ensemble
learning with attention and regional residual
learning  to performance. The
methodology involves three stages: implementing
standard CNNs, selecting the best-performing
models (Mobile Net and ResNet-50), and
enhancing them by integrating a residual block
into Mobile Net and adding an attention module
before classification. Each enhancement in the
architecture leads to improved performance. In
this paper, we have applied various performance
measures for evaluating the proposed computer-
aided diagnosis system for developing a robust
model. For the experiment, the CE-MRI dataset
was used, wherein 70% of the data was allocated
for training while the rest 30% was used for
testing the performance of the model. The
experiments were conducted using the
TensorFlow framework on an NVIDIA RTX
3050 GPU with 16 GB memory. The
performance of models was evaluated using the
confusion matrix, which demonstrated model
prediction results compared to actual data results.
Additionally, several performance assessment
metrics, namely accuracy, precision, recall, and F1
score, were computed based on the confusion
matrix to identify the optimal model for this
particular task.

improve

Table 2. Based CNNs Performance Analysis

5. Comparative analysis with existing CNNs
When comparing the proposed Res-MobAT-
BRTC model with existing Convolutional Neural
Networks (CNNs), the results shows a significant
improvement in both accuracy and performance.
As illustrated in the table, traditional models such
as VGG-16, Squeeze Net, VGG-19, Alex Net, and
ResNet-50 achieve accuracy rates ranging from
59% to 92%. Specifically, Squeeze Net attains a
relatively higher accuracy of 81%, while VGG-16
records the lowest accuracy at 59%. VGG-19 and
ResNet-50 display improved performance with
accuracies of 84% and 92%, respectively, and
Alex Net achieves an accuracy of 86%. In
contrast, the ResMobAT-BRTC model exhibits a
remarkable accuracy of 99%, alongside
consistently high precision, recall, and Fl-score
metrics. These results demonstrate the ability of
the RessMobAT-BRTC model to perform the
classification task better than the traditional
CNN . Previous studies have investigated the use
of machine learning (ML) and deep learning (DL)
algorithms in the diagnosis and identification of
various types of brain tumors on the same
dataset.. To enhance performance prediction,
numerous studies have implemented ensemble
learning, a strategy that combines different
models’ power to performance
prediction. This method achieves better results by
overcoming weaknesses of isolated ML models.

improve

Model Name Accuracy Precision Recall "1-Score
VGG-16 59% 76% 0.58 55%

Squeeze Net 81% 82% 0.81 81%
VGG-19 84% 87% 0.83 83%

Alex Net 86% 87% 0.86 85%
ResNet-50 92% 93% 0.93 93%
Developed model 99% 99% 0.99 99%
(Res-MobAT-BRTC)
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5.1 Confusion Metrix

Confusion matrix is a learning tool used to
determine the performance of a classification
algorithm. It is a tabular layout that compares the
models predicted class labels with the dataset true
or actual class labels. Rows represents the actual

primary of predictions: False
Positives, False Negatives, True positive and True
Negative. By accessing these figures, one may
calculate key performance measures like as
accuracy, precision, recall, and Fl-score.
Confusion matrix provides information on the

components

classes and columns represents the anticipated
classes. The matrix clearly shows accurate
predictions along its diagonal elements and
classifies errors in the off-diagonal columns. In

classification, the confusion matrix identifies four
Confusion Matrix

model's reliability and possible areas for
improvement by not only counting the number of
correct and incorrect predictions but also
displaying the types of errors the model generates.

Confusion Matrix
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Figure 6. Confusion Matrix Based Performance Analysis
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Precision-Recall Curves
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Figure 7.PR Curve based Performance Analysis
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5.2 PR Curve

A Precision-Recall curve is a graphical method
used for evaluating the performance of a binary
classification model. By plotting Recall on the x-
axis and displaying Precision on the y-axis.

5.3 Evaluation Using Cross-Validation

In order to evaluate the accuracy of the developed
model, a stratified five-fold crossvalidation was
undertaken. Stratified five-fold cross-validation
implies dividing a data set into 5 equal folds and,
successively taking one fold as a validation set and
the remaining four as training data. Thus, all five
subsets of the sample are used for both training
and testing, which reduces the variance of the
results. Unlike standard k-fold crossvalidation,
the stratified version keeps the ratio of the classes
in each fold the same as in the original dataset.
Thus, for classification tasks, when the number of
instances in the classes is not proportional to their
representation in the sample, stratified cross-
validation is used. In the present research, 5-fold
stratified crossvalidation is applied during the
training of the model and the training set division
into training and validation samples for both
classes. The test set was used for the final
evaluation of the trained model’s performance.

5.4 Grad-CAM Results

The effectiveness of Grad-CAM as an explanation
method was validated on images from the test set,
which were not used during training. The
activation maps produced by Grad-CAM correctly
identified the regions of interest that contributed
to the prediction results of both networks for
axial, coronal, and sagittal MRI views. This
indicates that the model can highlight the areas
of the image that are most relevant for its
decisions.

5.5 Computational Complexity Analysis

The proposed approach is based on the concept
of transfer learning, which makes use of already
trained models. Such models allow to reduce the
time spent on training since their parameters
were optimized on large data sets, enabling them
to capture general patterns specific to the input
data type. The accuracy of the final result is
sufficient because of using these pre-trained

models. On the other hand, the increased
accuracy requires more computational power
since all of the networks need to be run in order
to make predictions. Also, it should be noted that
the current architecture does not allow to benefit
from interaction between models because all of
them are trained independently. Therefore, there
is an opportunity to improve the model by
considering hybrid approaches. They could
enable to replace some of the convolutional layers
with the handcrafted features extracted from the
images using traditional machine learning
algorithms.[48] Thus, it would allow both to
reduce the computational complexity and to
provide more high-level features to the model,
improving its performance.

6. Conclusion

The proposed RessMobAT-BRTC framework,
combining MobileNet, ResNet-50, and a multi-
head attention mechanism, achieved 99%
accuracy in brain tumor classification using MRI
images, outperforming conventional models.
Preprocessing was done on the dataset by
extracting ROI through applying a threshold,
cropping, and resizing to remove the unnecessary
black parts of the image. To reduce overfitting,
dropout layers and L2 regularization were added
to the model during training. To increase the
amount of data and improve generalization and
address the «class imbalance problem, data
augmentation was performed[49] .The proposed
methodology was tested on a publicly available
database using a train/test approach and five-fold
stratified  cross-validation to evaluate the
proposed solution appropriately. Grad-CAM was
applied to visualize the image regions that
influence the model decisions, and the results
were validated on MRI scans in axial, coronal,
and sagittal views. The results demonstrated the
effectiveness of the hybrid CNN-based ensemble
concept for brain tumor classification. The
proposed approach achieved better results than a
single network due to the combination of
different CNNs’ features. Moreover, Grad-CAM
provided gradient-based visualizations of MRI
scans, which increases the trustworthiness of the
obtained results. Thus, the created prototype can
be beneficial for neurologists and neurosurgeons
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in their practice and research. Future work will be
concentrated on developing explainable artificial
intelligence methods, including utilizing multi-
modal scans, data, and
segmentation, to increase the efficacy of the
presented approach. Additionally, the design of
efficient hybrid deep learning and machine
learning models that reduce computational
complexity while providing higher-level features
for better classification will be investigated.[50]

clinical tumor
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