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ABSTRACT
Brain tumours disrupt the normal functioning of the brain and, if left untreated, can invade surrounding tissues, blood vessels,
and nerves, posing a severe threat. Consequently, early detection is crucial to prevent tragic outcomes. Distinguishing brain
tumours through manual detection poses a significant challenge given their diverse features, such as differing shapes, sizes, and
nucleus characteristics. Therefore, this research introduces an improved architecture for tumour detection named as Brain‐
RetinaNet, an extension of the RetinaNet model. Brain‐RetinaNet is specifically designed for automated detection and iden-
tification of brain tumours in MRI images. It utilises an advanced multiscale feature fusion mechanism within the X‐module,
complemented by the channel attention module. The feature fusion mechanism within the X‐module progressively merges
features from different scales, producing enriched feature maps that encompass valuable information. At the same time, the
attention module dynamically allocates optimal weights to individual channels within the feature map, enabling the network to
prioritise relevant features while reducing interference from unnecessary ones. Moreover, this study employs data augmentation
technique to address the limitation of a limited number of available samples. Experimental results indicate that Brain‐RetinaNet
outperforms existing detectors such as YOLO, SSD, Centernet, EfficientNet, and M2det for the brain tumour detection from
MRI images.

1 | Introduction

The brain is the main unit and is controlled by millions of organs
in the human. The brain is liable for all senses and functionalities
in the body. A tumour in the brain is a serious illness or an
abnormal development of cancerous cells that arise when cells
have abnormal growth around the brain's healthy cells. This
abnormal growth of unhealthy cells destroys the activity of the
brain's healthy cells [1]. According to cancer statistics, in the
United States, more than 23,000 brain tumour cases were diag-

nosed. One category of brain tumours is glioma, which can be
classified into two subtypes: malignant, known as high‐grade and
benign, known as low‐grade. In the case of low‐grade glioma
(LGG), healthy cells remain unaffected by abnormal ones. How-
ever, in the case of high‐grade glioma (HGG), the cancerous cells
invade neighbouring cells [2]. On average, a brain tumour has the
potential to grow twofold in size in a time frameof 20 to 25 days. In
12 months, a patient's death rate typically increases if the patient
is not treated correctly. So, it is very necessary to classify the
tumour at its initial stage for further diagnosis [3].
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Magnetic Resonance Imaging (MRI) serves as a valuable com-
puterised method for detecting brain tumours. However, it is not
an easy task to view the organs of a human using a single MRI or
multiple sequences of MRI imaging. In the field of machine
learning and image processing, there are occasions where it is
recommended to utilise various MRI tests such as T1, T2, TIC,
DWI, and FLAIR, researchers prefer to use MRI images because
these images have wired information about the human brain and
have abig impact onautomatic disease detection and townsdue to
the high definition and resolution of brain tissues. As it becomes
very easy to loadMRI images on a computer, researchers use these
images to present differentmachine learning‐based detection and
classification approaches for tumours [4]. In the last few decades,
multi‐support vector machines (MSVM) and machine learning
have been approaches that are widely used to achieve good per-
formance. But in machine learning, an exciting trend is set up by
deep learning, which is a deep architecture without any shallow
architectures and no requirement of complex relationships of a
huge number of nodes such as SVM and K‐nearest neighbour
(KNN) [5, 6]. So, this is the reason that deep learning is rapidly
growing and different disease diagnoses [7, 8]. However, DL
techniques are employed for directly extracting features from
input data [9, 10]. The performance of new DL techniques,
particularly CNNs, in medical image analysis, including MRI
imaging, is excellent [11, 12]. In brain tumour detection, scientists
used different methods. Some of the scientists used deep learning
and ML models, although they extracted additional features, and
their results showed no good accuracy [13–15]. These are the
following contributions of our proposal, where we present the
latest techniques of extraction and identification of brain
tumours.

� Introducing Brain‐RetinaNet, an enhanced target detection
model derived from RetinaNet, specifically tailored for
automated detection and identification of brain tumours in
MRI scans.

� In Brain‐RetinaNet, the integration of the advanced multi-
scale feature fusion module, known as the X‐module, allows
for the incorporation of brain tumour features at various
scales. Consequently, this extraction process yields disease‐
related features rich in meaningful semantic information.

� Brain‐RetinaNet integrates a Channel Attention module
that dynamically allocates optimal weights to each channel
within the feature map. This prioritises crucial feature in-
formation within the network while minimising the influ-
ence of redundant data.

� To overcome the constraint of a restricted sample pool and
enhance the efficacy of network detection and identifica-
tion, we utilise data augmentation methods to augment the
training image corpus.

� The methodology used in this study establishes the foun-
dation for automated prevention and management of brain
tumours, promoting the careful use of interventions.

2 | Related Work

Recently, image processing techniques have shown good adap-
tation in brain tumour identification and detection. Throughout

time, researchers have developed numerous techniques for
detecting brain tumours, moving away from traditional machine
learning algorithms [16]. Gumaei [17] utilised the Regularised
Extreme Learning Machine (RELM) to categorise brain tu-
mours. Images were initially preprocessed to make them easier
for the system to read. The system employed the min‐max
method for preprocessing. The contrast of the raw photos was
greatly improved using the min‐max preprocessing procedure.
They improved their accuracy and final accuracy by 94.2%.
Anjali et al. [18] proposed a method where they could determine
whether the tumour was malignant or not. Non‐cancerous re-
fers to benign growths, whereas cancerous refers to malignant
growths. There are numerous phases for determining the
portion of the tumour that is present. Segmentation has
removed a piece of the tumour. For reducing signal noise, a
median filter is suggested. They achieved a high accuracy of
92.31% with their technique.

Kaplan et al. [19], 2020 combined the two techniques and
initiated the division of the mental tumour. Using the LBP,
which was based on the nLBP and the LBP (neighbour angle
relation) relationships. These two techniques were used to
preprocess MRI scans of three common types of brain tu-
mours: glioma, pituitary, and meningioma. Character evolu-
tion was done using the preprocessed images’ histograms. This
modified model outperformed more conventional feature
extraction methods. They achieve the highest accuracy,
95.56%. Yin et al. [20] Proposed a classification method that
utilises Multilayer Perceptron (MLP) neural networks in
conjunction with the Whale Optimization Algorithm (WOA).
With the hybrid approach, WOA was improved in terms of
character development and division. The Median Filter was
used in an advanced implementation to remove noise from
the photos. The enhanced (WOA) technique was utilised to
select features from the extracted feature set. When employed
for tumour classification, the MLP‐IWOA‐based classifier
performed better than several other approaches. Its final ac-
curacy is 87%.

Thejaswini et al. [21] propose a state‐of‐the‐art approach that
integrates a support vector machine (SVM) with an artificial
neural network (ANN) for precise identification and classifica-
tion of brain tumours. After feature engineering, SVM was
employed for tumour detection while ANN played a role in
classifying diverse brain tumour types. In order to differentiate
between tumours and non‐tumours using images, the SVM
classifier was utilised, and ANN backpropagation was used to
classify the image as benign and tumour and achieved the
highest accuracy, 91.4%.

Ismael et al. [22] developed an integrated approach to identify
brain tumours by combining neural networks and statistical
characteristics. The Region of Interest (ROI) corresponding to
the tumour was the focal point of the framework. Statistical
features, the 2D Gabor Filter, and the 2D Discrete Wavelet
Transform (DWT) were used to extract features from the input
picture. After that, characteristics were extracted, and a back-
propagation neural network (BPNN) was employed to identify
brain tumours. This was accomplished by utilising a sizeable
dataset of tumour photos. They achieved the highest accuracy,
91%. Kumar et al. and Kumar et al. [23], in 2022, used CNN to
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classify brain tumours based on two datasets. The three glioma
grades (glioma, meningioma, and pituitary tumour) are
employed for classifying distinct tumour types. A neural
network was employed to assess the method’s effectiveness,
utilising T1‐weighted MRI scans. The results of the trial indi-
cated that the proposed technique successfully classified tu-
mours with an accuracy of 86.23%.

Widhiarso et al. [24] suggested a classification approach that
combines CNN incorporates the characteristics of the Grey
Level Co‐occurrence Matrix (GLCM) for detecting brain tu-
mours. Energy, contrast, correlation, and homogeneity were
the four features that were taken from each image and
employed by CNN. Their methodology was evaluated using
four different datasets. The final and greatest accuracy ob-
tained using the GL‐PT dataset was 82.27%. Salçin et al. [25],
in 2019, introduced a mechanism for early diagnosis of brain
tumours. Images from MRI have been used to identify the
presence of tumours and categorise them according to their
type. Results from deep learning for picture classification are
positive. As a result, the CNN technique has been utilised. The
accuracy of the CNN approach is 91.66%. Kumar et al. [26],
proposed a model that was designed to utilise MRI scans for
the identification of different brain tumour types. A 2D CNN
with an overall accuracy of 91.3% was developed for the pur-
pose of detection.

Ranjbarzadeh et al. [27], used reliable and adaptable ways for
dividing up brain tumours. This method expedites computa-
tional processes and mitigates overfitting within a Cascade Deep
Learning model. The CNN model integrates two distinct tech-
niques to capture both local and global attributes. However,
compared with the most advanced models, the accuracy of
segmenting brain tumours increased. The suggested approach
yields a 92% accuracy rate.

Nadeem et al. [28] proposed a CNN and SVM‐based system
for brain tumour segmentation. The suggested model was
divided into two parts: creating a confidence surface modality
(CSM) and utilising CNN to segment brain tumours. Three
additional pathways (TP) are incorporated into the re-
searcher’s proposed CNN model to capture different levels of
features at each stage. The feature maps were concatenated
after each track had processed the 2D picture that had been
retrieved from the corresponding modality. The accuracy of
the system was assessed using the Dice Similarity Score on the
BRATS‐2015 dataset. The new TP‐CNN model had a full
tumour score of 81%, a core tumour score of 76%, and an
enhancing tumour score of 73%. Ito et al. [29] introduced a
technique for segmenting brain tumours in MRI images. For
the registration‐based method to be free of the Label Propa-
gation issue, the researcher proposed a probabilistic app-
roach. The researchers were assisted by the Expectation‐
Maximisation (EM) method in accurately classifying a latent
image. The training of this probabilistic model involved a
fusion of the EM technique and the DNN model. The main
goal of the model was to recover the incorrect labels that the
EM method had applied to the initially unlabelled images. The
technique was tested on two datasets. They attained the
highest score, 86%. A summary of various models currently in
use is offered in Table 1.

3 | Materials and Methods

3.1 | Data Acquisition

In clinical scenarios, it is common to acquire a limited number
of brain MRI slices with noticeable gaps between them, instead
of capturing a full 3D volume. Constructing a 3D model from
sparse data is challenging, which is why the proposed method
adopts a 2D slice‐based approach. Collected between 2005 and
2010, the brain dataset comprises T1‐weighted, contrast‐
enhanced MRI images were obtained from Nanfang Hospital
in Guangzhou, and General Hospital at Tianjin Medical Uni-
versity, China. The collection comprises 3064 image slices from
233 patients, including 930 pituitary tumours, 1426 gliomas, and
708 meningiomas. With a pixel size of 0.49 � 0.49 mm2, each
image has a resolution of 512 � 512. The thickness of each slice
is 6 mm, and there is a 1 mm space between them. A team of
experienced radiologists manually outlined the tumour borders.
Given the limited availability of slices and a notable gap in
clinical practice, a 2D image‐based Content‐Based Image
Retrieval (CBIR) system is considered more feasible for practical
clinical applications. The provided dataset contains representa-
tive slices featuring significant lesions and is publicly accessible
via (http://dx.doi.org/10.6084/m9.figshare.1512427). Radiolo-
gists meticulously delineated the boundaries of the tumour in
each slice.

3.2 | Image Augmentation and Annotation

Utilising a limited set of training images can lead to overfitting
in the deep learning network, reducing its accuracy in detecting
and characterising brain tumour diseases. To increase the
number of available brain images for this study, image
augmentation techniques are used to address the challenge of
limited training data, prevent overfitting, and improve network
generalisation.

In this study, Figure 1 illustrates the basic structure of the image
augmentation method. Additional images containing annotated
regions are derived from the original images, which are also
subjected to simultaneous rotation at angles of 90°, 180°, 270°,
and 360° to create rotated versions. An enhanced dataset for
training is produced by combining these supplementary and
rotational images. In contrast to traditional rotation augmenta-
tion, the suggested technique adds auxiliary images that are taken
from the annotated areas of the source images. This strategy in-
creases image variety while simultaneously expanding the size of
the training dataset. In order to increase sensitivity and improve
accuracy in detection and identification, the network prioritises
learning from the labelled areas during training.

In this research, the LabelImg tool was utilised for the manual
annotation of brain tumour diseases in the images. This
involved outlining bounding boxes around the diseases and
assigning corresponding disease labels. An illustration of how to
use the LabelImg tool to label diseases that cause brain tumours
and the specific regions where they are located is shown in
Figure 2. Some of the brain disease images were taken in a
natural environment, resulting in certain images being blurry

CAAI Transactions on Intelligence Technology, 2025 3
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and some diseased areas being partially obscured. Conse-
quently, unclear, or excessively occluded diseased areas, which
cover a relatively small portion at the periphery of the image,

were excluded from annotation. However, the remaining
diseased areas were annotated, detailing their positions and the
associated types of diseases.

TABLE 1 | Summary of various established methods for detecting brain tumours.

Reference
Author and

year Purpose
Proposed
algorithm Data set detail Limitation Accuracy%

[30] Ghassemi
et al. 2020

Classify into
three types

CNN
GAN

(3064 images from 233
patients)

Complex methodology
No comparisons

88

[31] Cheng et al.
2019

Classification CNN
CNN Convcaps

Cheng (3064 images) Complex architecture
No comparisons with
another algorithm

93.5

[32] ElBoustani
et al. 2019

Classification CNN Kaggle (tumour, non‐tumour
images)

With state‐of‐the‐art
technique there are no
comparisons

90

[33] Gautam et al.
2021

Classification CNN Himalayan Institute of
Medical Sciences (HIMS),

Do not make a
comparison table

93.33%

[34] Sharif et al.
2020

Segmentation
classification

Inception V3,
pre‐
trained CNN

BRATS In terms of FE,
complexity and time‐
consuming model
occurs

92

[35] Han et al.
2020

Tumour
detection

GANs Res
Net50

BRATS 2016 Not shared information
on training and testing
time

91

[36] Zhou et al.
2019

Classifying
three tumours

CNN Fig share dataset (3064
images)

No innovation in CNN 94

[37] Ullah et al.
2024

Brain
tumours
detection

DeepEBTDNet
DL‐based
model

BTD‐MRI dataset (1500 MRI
images without tumours and
1500 tumour images)

Need to improve
complexity

98.96%

[38] Vimal Kurup
et al. 2020

Classification Capsule Net (3064 images from 233
patients)

Shallow architecture
time complexity not
mentioned

87%

[39] Abiwinanda,
et al. 2019

Classifying
three tumours

Caps
Net (CNN)

Fig share dataset (3064
images)

No methodology
shared

90.89

FIGURE 1 | Image augmentation technique schematic diagram.

4 CAAI Transactions on Intelligence Technology, 2025

 24682322, 0, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cit2.70040 by U

niversity O
f H

ertfordshire, W
iley O

nline L
ibrary on [04/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



3.3 | RetinaNet

Figure 3 depicts the architecture of RetinaNet. ResNet is the
backbone network of the framework, which is utilised to extract
relevant feature data from the target image. Feature data
retrieved from layers C3, C4, and C5 of the backbone network is
processed by the Feature Pyramid Network (FPN). The feature
layers designated as P3, P4, P5, P6, and P7 are produced as a
result of this adaptation. Using the Fully Convolutional
Network (FCN), these five layers are utilised to construct a
network for both detection and regression, allowing the system
to effectively identify and detect targets.

In RetinaNet, we have the option to select either ResNet‐50 or
ResNet‐101 as the backbone network for feature extraction [3].
ResNet‐50 was chosen as the primary feature extraction network
for this study due to its lower parameter count. Within ResNet‐
50, the approach involves utilising residual blocks to integrate
outputs from both shallow and deep network layers directly.
This strategy addresses issues such as gradient diffusion and

network degradation that arise from excessive network depth.
As shown in Figure 4, the design utilises two distinct types of
residual blocks: Conv blocks and Identity blocks.

The Feature Pyramid Network within RetinaNet addresses the
limitations found in conventional object detection networks
when handling variations in object scale. Smaller‐scale targets,
due to their reduced pixel information, often face the risk of
being overlooked during the down‐sampling process. Conse-
quently, traditional approaches use image pyramids to extract
features at different scales, which requires significant compu-
tational resources. FPN, however, efficiently tackles the chal-
lenge of detecting targets with significant scale disparities. It
accomplishes this by adeptly combining high‐resolution feature
maps containing detailed spatial data with low‐resolution
feature maps that carry substantial semantic information. This
strategic combination extracts multi‐scale feature insights about
the target while minimising computational requirements. Ulti-
mately, it resolves the issue of scale variability in target
detection.

FIGURE 2 | Utilising the LabelImg tool to annotate the presence of brain tumour diseases and pinpoint their specific locations.

FIGURE 3 | RetinaNet network structure.

CAAI Transactions on Intelligence Technology, 2025 5
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In RetinaNet, focal loss is employed, which incorporates a
weight factor to rebalance the proportion of positive to negative
samples during training. This approach effectively addresses the
challenge posed by imbalanced examples that are both positive
and negative, as well as the complex classification issues pre-
sented by challenging samples.

3.4 | Brain‐RetinaNet

While RetinaNet outperformed classical networks in terms of
overall performance, its ability to accurately detect and classify
brain tumour diseases within images was hindered by challenges
such as complex backgrounds, dense foliage, and significant
variations in the diseased brain images captured in natural en-
vironments. To address these limitations, we have enhanced
RetinaNet and introduced Brain‐RetinaNet, a customised solu-
tion designed to improve performance in this specific context.

Figure 5 illustrates the comprehensive architecture of Brain‐
RetinaNet. This novel method combines a channel attention
module with an improved multiscale feature fusion component
known as the X‐module. Through iterative procedures, the X‐
module effectively incorporates multi‐scale characteristics
extracted from ResNet‐50’s C3 and C4 layers. This process cre-
ates feature layers that are enhanced with intricate semantic
subtleties. This strategic fusion mitigates the challenge of
gradient vanishing for smaller targets during down sampling,
allowing for the acquisition of influential feature layers through
multiscale fusion. Consequently, this refinement minimises
network misdetections.

Incorporating an attention module into Brain‐RetinaNet in-
volves augmenting the final feature layer, C5, extracted from
ResNet‐50. This enhancement leads to the creation of feature

sets that are enriched with intricate spatial details. The Atten-
tion module intelligently allocates optimal adaptive weights to
individual feature map channels through network‐driven opti-
mization. This strategic allocation empowers the network to
focus its attention on valuable feature layers, thereby reducing
the impact of unnecessary features and improving error detec-
tion outcomes. Figure 6 shows a schematic illustration of the
Brain‐RetinaNet architecture.

Figure 7 illustrates the architectural configuration of the feature
fusion module, named the X‐module. This module utilises a
combination of up‐sampling and down‐sampling techniques to
create crucial feature layers, specifically P3 and P4. These layers
integrate semantic details and effectively leverage the underly-
ing C3 and C4 feature layers obtained from ResNet‐50. This
ensures enhanced precision in target detection and identifica-
tion through the classification and regression network. The
Attention module in the channel processes the high‐level fea-
tures, which contain abundant spatial details, from ResNet‐50.
These enhanced attributes are then transmitted to the X‐
module, where they are transformed into layers P5, P6, and
P7. In the end, the X‐module efficiently addresses issues arising
from changes in target scales by providing insights into multi-
scale properties that are relevant to the objective.

The attention mechanism enhances resource allocation by
initially distributing resources uniformly, then assigning higher
weights to crucial resources and lowerweights to less critical ones
based on their significance. These weights are dynamically opti-
mised based on the network’s architecture and sample distribu-
tion. An innovative feature of the Brain‐RetinaNet model
explored in this study is the incorporation of the Channel
Attentionmodule. This module allocates weights differentially to
channels of high‐level feature layers obtained from the ResNet‐50
backbone network. Figure 8 illustrates the architecture of this

FIGURE 4 | Two residual blocks in Resnet‐50.
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attention module. The module receives feature maps as input
without preassigned weights. These maps undergo multiple op-
erations, including global pooling, a fully connected layer, and
activation using the ReLU function, to calculate weight values for
specific channels within the feature maps. Subsequently, these

weight values are applied to the input feature maps, resulting in
high‐level feature maps enriched with intricate spatial details.
Integrating the Channel Attention module into Brain‐RetinaNet
enhances its capability to prioritise essential features while
reducing the impact of irrelevant information by adjusting
weights adaptively during network training.

4 | Experimental Results and Analysis

The experimentation took place on a server equipped with an
NVIDIA Tesla V100, using the Python programming language
and the Keras deep learning framework. A graphics processing
unit (GPU) card and 4 GB of RAM have been installed on the
server. Table 2 contains additional information regarding the
experimental configuration.

FIGURE 5 | The overall framework of Brain‐RetinaNet.

FIGURE 6 | The composition of Brain‐RetinaNet.

FIGURE 7 | Arrangement of the X‐module feature fusion module.

CAAI Transactions on Intelligence Technology, 2025 7
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4.1 | Comparison Between Classical CNNs and the
Brain‐RetinaNet

We performed a comparative analysis among SSD, CenterNet,
EfficientNet, M2Det, YOLOv3, YOLOv4, RetinaNet, and clas-
sical CNNs such as Brain‐RetinaNet to assess their individual
performances. The objective of this assessment is to validate the
effectiveness of Brain‐RetinaNet. Table 3 displays the outcomes
of detection and identification across different networks,
including F1‐score, recall, and precision metrics. We assessed
these metrics both before and after incorporating training image

augmentation. Below are the definitions provided for F1‐score,
recall, and precision to ensure clarity.

Recall =
TP

FN + TP
, (1)

Precision =
TP

FP + TP
, (2)

F1 − score =
2 × Recall × Precision
Recall + Precision

. (3)

True Negatives (TN) are correctly identified negatives, False
Negatives (FN) are wrongly identified positives, and True Pos-
itives (TP) are correctly identified positives. The Precision‐
Recall (P‐R) curve is created by plotting Precision on the verti-
cal axis against Recall on the horizontal axis. Average Precision
(AP) is the area under this curve; the mean Average Precision
(mAP) is the average of these AP values. AP may be defined as
follows:

AP =∫
1

0
P(r)dr. (4)

The Precision‐Recall curve is represented as P(r). Offering a
more comprehensive evaluation of the network’s detection and
identification capabilities, the mean Average Precision (mAP)
index considers the balance between recall and accuracy values.
Analysis of Table 3 and Figure 9 underscores the impressive
detection and identification results achieved by SSD [40], Reti-
naNet, EfficientNet, and Brain‐RetinaNet, regardless of whether
data augmentation was implemented. The adoption of
augmentation techniques significantly enhances the detection
and identification capabilities across all network models.

FIGURE 8 | The channel attention module structure.

TABLE 2 | Specifications of the experimental configuration for the
suggested model.

Hardware Conditions
Central processing unit Intel core i6

Graphical processing unit NVIDIA Tesla V100

GPU memory 4 GB

RAM 16 GB

TABLE 3 | The accuracy, recall, and F1‐score metrics are linked to
the outcomes of detection and identification procedures across various
models.

Network Augmentation
Precision

(%)
Recall
(%)

F1‐
score

SSD No 90 84.65 0.895

Yes 87.75 91.65 0.897

RetinaNet No 90.5 84.5 0.889

Yes 95.75 87.78 0.947

Yolo V3 No 91.5 67 0.689

Yes 73.5 92.75 0.865

Yolo V4 No 96.75 72.55 0.877

Yes 97.25 82.5 0.899

Centernet No 97.45 56.25 0.683

Yes 98.25 80.5 0.893

M2det No 90 79.25 0.891

Yes 94.2 84.5 0.796

EfficientNet No 92.75 83.5 0.779

Yes 96.75 85 0.897

Brain‐
RetinaNet

No 93.5 87.25 0.899

Yes 97 92.67 0.999
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Notably, Centernet [41] exhibits the most significant perfor-
mance improvement. In the absence of augmentation, Center-
net achieves a modest F1‐score of 0.683 with a maximum value
of 55.75%. Conversely, when employing the augmentation
methodology, the detection and identification performance ex-
periences a significant improvement, resulting in an elevated
F1‐score of 0.893 and a max value of 80.25%. EfficientNet [42],
while showcasing a relatively modest improvement in perfor-
mance, still demonstrates a significant increase in the mapped
value that represents the accuracy of the detection and identi-
fication outcomes, amounting to approximately 5%. Addition-
ally, there is a boost in its F1 score from 0.779 to 0.897. These
changes underscore the significant positive impact of the
augmentation technique on enhancing the network’s detection
and identification capabilities. Furthermore, in the comparison
between Brain‐RetinaNet and conventional CNNs regarding
detection and identification outcomes, Brain‐RetinaNet consis-
tently outperforms its classical counterparts. Without data
augmentation, Brain‐RetinaNet achieves an F1‐score of 0.899,
an mAP value of 87.75%, and a Recall value of 87.25%. After
augmenting the training images, the detection and identification
performance of Brain‐RetinaNet notably improves, reaching an
F1‐score of 0.999, an mAP value of 94.25%, and an exceptional
recall value of 92.67%. These metrics demonstrate a significant
enhancement compared with conventional CNNs such as SSD,
M2det, Centernet, EfficientNet, YOLO‐V3, and YOLO‐V4.
Consequently, Brain‐RetinaNet consistently achieves the high-
est scores in mAP, F1‐score, and Recall, regardless of the pres-
ence of data augmentation. Empirical evidence unmistakably
substantiates the notion that Brain‐RetinaNet outperforms its
competitors in terms of detection and identification results,
further underscoring its superiority.

4.2 | Performance Analysis of Brain‐RetinaNet
and RetinaNet

Figure 10 illustrates the training loss curves for both RetinaNet
and Brain‐RetinaNet. The visual depiction clearly shows that
Brain‐RetinaNet achieves a significantly lower loss value and
demonstrates a smoother convergence trajectory compared
with RetinaNet. The findings of detection and identification for

both RetinaNet and Brain‐RetinaNet are visually represented in
Figure 11. The figure’s annotations are structured as follows: a
red box signifies successful identification as TALS, a yellow box
indicates recognition as TLB, and a green box denotes classi-
fication as TBB. Each box is accompanied by the corresponding
probability and type of disease detection. A noteworthy
observation from Figure 11 is that Brain‐RetinaNet exhibits
improved precision in several aspects. Specifically, Brain‐
RetinaNet demonstrates an enhanced capacity to avoid erro-
neous detections that result in multiple detection boxes being
generated for a single target, as shown in the left images in
Figure 11. Moreover, Brain‐RetinaNet effectively mitigates the
misclassification of a diseased brain as healthy due to occlu-
sion, as illustrated in the middle images of Figure 11. Addi-
tionally, the network addresses misidentifications stemming
from diseased brains not being detected due to their small size,
as highlighted in the right images of Figure 11. In light of these
findings, the improved Brain‐RetinaNet network reduces the
occurrence of false detections and misclassifications in the
context of identifying brain diseases within complex back-
grounds. As a result, the accuracy of illness detection has
greatly improved.

FIGURE 9 | mAP values for the results of detection and identification from different networks.

FIGURE 10 | Loss curves for RetinaNet and Brain‐RetinaNet were
monitored during training.
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4.3 | Comparison Between the Rotation
Augmentation Method and the Augmentation
Method Used in This Study

The training image count has been expanded by employing
rotation augmentation, which encompasses the rotation of
original images at four angles (90°, 180°, 270°, and 360°). The
augmentation strategy used in this work involves incorpo-
rating additional images that have been generated from the
original images. This strategy is built on top of the base of
rotation augmentation. This augmentation method aids in
enlarging the training image dataset within the training set.
The results of detection and identification across multiple
networks, each employing a different augmentation strategy,
are presented in Table 4, indicating F1‐score, recall, and
precision metrics. Figure 12 concurrently displays the equiv-
alent map values. The results of the experiment show that

Brain‐RetinaNet can achieve a remarkable mean average ac-
curacy (mAP) value of 94.25% when using the augmentation
strategy employed in this investigation. This reflects an
almost 3% improvement compared to the use of rotation
augmentation alone. Furthermore, there is a remarkable
improvement in the F1‐score, escalating from 0.978 to 0.999,
suggesting a substantial advancement. Through the
adoption of this augmentation approach, many traditional
CNNs have shown significant improvements in their F1‐score
and mAP values in terms of detection and recognition
results when using the augmented training image dataset.
These results collectively highlight the superior performance
of the image augmentation method used in this research
compared to rotation‐based augmentation techniques. In or-
der to detect and identify brain disorders, the picture
augmentation technique significantly enhances network
performance.

FIGURE 11 | RetinaNet and Brain‐RetinaNet: Detection and identification outcomes.

TABLE 4 | To evaluate the detection and identification outcomes across various networks utilising distinct augmentation approaches, F1‐score,
recall, and precision metrics are utilised.

Network Augmentation method Precision (%) Recall (%) F1‐score
SSD Rotation 86.25 89 0.799

Used in this study 87.75 91.65 0.897

RetinaNet Rotation 92.5 89.5 0.935

Used in this study 95.75 87.78 0.947

Yolo V3 Rotation 84.5 90.40 0.855

Used in this study 73.5 92.75 0.865

Yolo V4 Rotation 95.5 80.75 0.844

Used in this study 97.25 82.5 0.899

Internet Rotation 98.75 79.5 0.870

Used in this study 98.25 80.5 0.893

M2det Rotation 97.5 88.4 0.785

Used in this study 94.2 84.5 0.796

EfficientNet Rotation 98.5 81.75 0.899

Used in this study 96.75 85 0.897

Brain‐RetinaNet Rotation 95 90.5 0.978

Used in this study 97 92.67 0.999
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4.4 | Ablation Experiment

Enhancing performance, Brain‐RetinaNet, a customised version
of RetinaNet, incorporates an advanced feature fusion module
known as the X‐module, along with the integration of a channel
attention module. The study meticulously evaluates the net-
work’s detection and identification abilities through ablation
experiments, with the results detailed in Table 5. The initial
RetinaNet configuration yields a detection and identification
mAP value of 91.75%, accompanied by an F1‐score of 0.947.
Upon substituting the FPN module with the X‐module in Reti-
naNet, notable improvements are observed. The mAP value in-
creases to 92.25%, and the F1‐score further elevates to 0.948.
With the inclusion of the channel Attention module into Reti-
naNet, substantial enhancements in the network’s detection and
recognition capabilities are realised. The F1‐score increases
significantly to 0.965, and the mAP value rises to 93.7%. The X‐
module feature fusion module is utilised in combination with
the channel Attention module to construct the Brain‐RetinaNet
architecture. This planned approach to improvement seems to be
quite successful. The resultant Brain‐RetinaNet delivers the most
impressive detection and recognition performance, boasting a
peak F1‐score of 0.999 and the highest mAP value at 94.25%.
These findings unequivocally validate the outstanding efficacy of
the suggested network, showcasing that the synergy between the
Channel Attention module and the Feature Fusion X‐module
leads to unparalleled performance in both detection and iden-
tification. Figure 13 illustrates the model’s performance,
comparing scenarios with and without the attention mechanism.

4.5 | Impacts of the Channel Attention Module on
Classical CNNs

In this experiment, we incorporate the attention module into
the final layer of the feature extraction network across various
CNN architectures to evaluate its impact. Figure 13 illustrates
the mAP values, showing the detection and identification out-
comes across different Convolutional Neural Networks (CNNs)
with and without integrated channel attention modules. The
results demonstrate that the channel attention module en-
hances the performance of several CNNs, such as RetinaNet,
YOLO‐V4, and M2det. However, its incorporation negatively
impacts the performance of SSD, Internet, and EfficientNet.
This variability underscores the distinct compatibility of

different CNN architectures with the channel attention module.
Optimising network performance necessitates a thoughtful
consideration of the module’s placement within the network
design. It is clear that integrating the channel attention module
into the backbone feature extraction network may not be uni-
versally suitable for all convolutional neural networks (CNNs).

The channel attention module performs dual functions of
enhancing and refining feature data. In conventional CNNs
such as RetinaNet and YOLO‐V4, which are characterised by
deep networks and a high parameter count, the feature extrac-
tion process yields a mixture of valuable and redundant infor-
mation. Consequently, to extract the maximum utility from
these acquired features, they need to be amplified and refined.
Conversely, CNNs such as SSD and EfficientNet have backbone
networks with a narrower parameter space. As a result, these
networks tend to extract feature data that is sparser. In these
cases, excessive filtering of these features could potentially lead
to the omission of valuable components, thereby compromising
the efficacy of the networks’ detection and recognition.

4.6 | Cross Validation

By integrating cross‐validation into our investigation, we
conduct a thorough evaluation of the robustness and general-
isation capabilities of our pioneering Brain RetinaNet model,
specifically designed for brain tumour detection. Following this,
we meticulously assess the model’s performance on unseen
samples from an external dataset to fully gauge its capabilities.
This validation across different datasets underscores the model’s
significance in real‐world clinical scenarios, showcasing its
adaptability across diverse data sources beyond its initial
training dataset. For this purpose, we utilised the BTD‐MRI
dataset available on Kaggle [43], focussing on brain tumour

FIGURE 12 | mAP scores were calculated for the different
augmentation techniques employed by various networks to attain the
detection and identification results.

FIGURE 13 | MAP scores for different CNNs with and without the
incorporation of a channel attention module.

TABLE 5 | Outcomes from ablation studies.

Backbone
(Resnet50) FPN

X‐
module Attention

Map
(%)

F1‐
score

✓ ✓ 91.75 0.947

✓ ✓ 92.25 0.948

✓ ✓ ✓ 93.7 0.965

✓ ✓ ✓ 94.25 0.999
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detection. This dataset contains two sets: one with 1500 MRI
images devoid of tumours and another with 1500 tumour‐
inclusive images. In our methodology, we partitioned the data
into training and testing sets, allocating 80% for training and the
remaining 20% for testing our Brain RetinaNet model. Specif-
ically, we utilised the entire set of 3000 images from the stan-
dard Kaggle BTD‐MRI dataset. Out of these, 2400 images
(including 1200 tumour and 1200 healthy images) were used for
model training while the remaining 600 images (consisting of
300 tumour and 300 healthy images) were set aside for testing.
Our proposed Brain RetinaNet model accurately classified 1435
images as malignant and 1375 images as benign. The confusion
matrix depicted in Figure 14 visually represents these results.
These results highlight the effectiveness of our Brain RetinaNet
model in identifying brain tumours. We achieved impressive
performance metrics, including an F1‐score of 93.78%, Precision
of 95.66%, Recall of 91.98%, and mean Average Precision of
95.25%. Hence, we assert with confidence that our framework
can effectively detect brain tumours using MRI images across
diverse scenarios. These validation results provide valuable in-
sights into the model’s reliability and its potential to have a
significant impact on the field of brain tumour diagnosis.

4.7 | Comparative Analysis With State‐of‐the‐Art
Approaches

In our study, we compared the efficacy of our proposed Brain
RetinaNet model with established techniques for brain tumour
detection and classification. Precisely, we evaluated our meth-
odology against advanced deep learning (DL) approaches as
described in the references [37, 44–47]. Swati et al. [44] introduced
a transfer learning‐based block‐wise fine‐tuning technique. Their
method demonstrated promising results when tested on a
benchmark dataset of T1‐weighted contrast‐enhanced magnetic
resonance imaging (CE‐MRI). Their approach classified menin-
gioma, pituitary, and glioma brain tumours with an average F1‐
score of 91.73% in a five‐fold cross‐validation scenario. Empir-
ical evidence was presented using this dataset to demonstrate the
superior performance of our proposedBrainRetinaNet over state‐
of‐the‐art deep learning techniques. Lamrani et al. [45] advocated
for the adoption of CNNs for brain tumour detection (BTD). Their
CNN architecture comprised diverse layers, such as convolu-
tional, max pooling, flattened, and dense layers. Empirical results

validated the effectiveness of their method, resulting in an
impressive F1‐score of 96.44%.

Table 6 presents a detailed comparison of different approaches
based on mean Average Precision (mAP) and F1‐score, which
are prominent metrics in relevant studies. These metrics are
chosen due to their widespread use. Our proposed approach
demonstrates exceptional performance in F1‐score and mAP.
The comparative analysis conducted in this study emphasises
the effectiveness of our framework in detecting brain tumours
from MRI scans. Our method achieves the highest mean
Average Precision (mAP) of 94.25% and an outstanding F1‐score
of 0.999. Remarkably, our model exhibits competitive perfor-
mance in both mAP and F1‐score metrics. It is worth noting that
the proposed Brain RetinaNet method utilises an end‐to‐end
learning architecture, eliminating the need for separate pro-
cesses such as feature extraction, selection, or segmentation.
According to our current understanding, RetinaNet surpasses
all existing state‐of‐the‐art approaches documented in the
literature. The superior results achieved by our proposed
approach stem from its capability to extract robust and
distinctive deep features for detection.

5 | Discussion

Detecting brain tumours accurately and promptly is crucial for
ensuring appropriate treatment and recovery. AI‐driven Com-
puter‐Aided Detection (CAD) systems have shown promise in
effectively identifying brain tumours. Numerous studies have
explored various artificial intelligence (AI) techniques, particularly
machine learning and deep learning, using clinical data for brain
tumour detection. However, a literature review highlighted
persistent challenges in achieving high diagnostic accuracy with
these techniques.Addressing theneed formoreprecisediagnosis of
brain tumours requires the development of more advanced meth-
odologies. In our research, we present Brain‐RetinaNet, an
enhanced version of RetinaNet designed to automatically detect
and identify brain tumour diseases in MRI images. Brain‐
RetinaNet integrates an improved multiscale feature fusion mod-
ule called the X‐module, along with the incorporation of a channel
attentionmodule namedAttention. The X‐module’s feature fusion
mechanism combines multi‐scale features to produce compre-
hensive feature maps. Simultaneously, the attention module
dynamically assigns optimised weights to individual feature map
channels, allowing thenetwork to prioritise relevant featureswhile
reducing the influence of redundant ones. Furthermore, our
research utilises image augmentation techniques to enhance the
training image dataset, reducing the risk of overfitting and
improving the network’s performance in tumour detection and
identification. To assess the effectiveness and applicability of our
proposed brain tumour framework, we utilise a publicly available
T1‐weighted contrast‐enhanced MRI dataset from Kaggle.com.
The dataset is randomly divided into training and testing sets, with
a ratio of 70% for training and 30% for testing, enabling a thorough
evaluation of their detection capabilities. The experimental
configuration for our model is outlined in Table 2, detailing the
evaluation metrics used for performance assessment. Our experi-
mental findings illustrate that the Brain‐RetinaNet model sur-
passes existing models such as SSD, M2det, EfficientNet,FIGURE 14 | Confusion matrix for cross‐validation.
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RetinaNet, YOLO‐v3, YOLO‐v4, and Centernet in the task of
detecting and identifying brain tumours in MRI images. These
findings are presented in Table 3 and Figure 9. Additionally,
Figure 10 illustrates the loss curve comparison between Brain‐
RetinaNet and RetinaNet during training. Moreover, Table 4 and
Figure 12 present the detection and identification outcomes across
variousmodels using different augmentation strategies. This study
also evaluates the effectiveness of the proposed Brain‐RetinaNet
model in detecting and identifying brain tumours through
detailed ablation experiments, as outlined in Table 5. Within the
medical domain, the Brain‐RetinaNet methodology is suitable for
diagnosing brain tumours, offering applicability across a broad
spectrum of medical technologies. The findings indicate that our
model showspromise for diagnosingbrain tumourswithinmedical
healthcare systems. Furthermore, our proposed approach dem-
onstrates robust performance in both the detection and identifi-
cation of brain tumours. Both qualitative and quantitative analyses
confirm the effectiveness of our approach, demonstrating its su-
periority over state‐of‐the‐artmethods and its capability tomanage
tumours of different sizes, orientations, and positions. Addition-
ally, our method demonstrates efficiency in distinguishing brain
tumours even in samples affected by noise, blurring, and variations
in light and colour.

6 | Conclusion

Brain tumours have a profound impact on brain health, signifi-
cantly affecting their productivity and quality. Ensuring a high
degree of accuracy in the automated detection and identification
of brain tumours is crucial for precise disease prevention and
management. Convolutional neural networks (CNNs) currently
face challenges in achieving high accuracy in identifying brain
tumours due to inherent complexities, such as variations in size
and irregular shapes. In our research, we addressed these chal-
lenges by utilising a comprehensive dataset of MRI scans con-
taining brain tumours. This dataset was sourced from the Kaggle
repository and consists of a total of 3064 images. In this context,
we have enhanced the RetinaNet model to create a specialised
network for target detection and identification, which we call
Brain‐RetinaNet. Brain‐RetinaNet effectively utilises an X‐
module to integrate multi‐scale features of targets, generating
feature maps enriched with substantial information. Moreover, it
integrates an attentionmodule to selectively emphasise pertinent
features and diminish interference from redundant ones. Our
study also leverages image augmentation methods to augment
the training image dataset, reducing the risk of overfitting and
enhancing the network’s performance in detection and identifi-
cation. Our experimental results conclusively demonstrate that

Brain‐RetinaNet outperforms established classical CNNs, such
as SSD,M2det, EfficientNet, RetinaNet, YOLO‐v3, YOLO‐v4, and
Centernet, in the task of brain tumour detection and identifica-
tion. This innovative method provides a promising pathway
towards achieving highly accurate automatic detection and
identification of these diseases in MRI images. Moving forward,
our future research will emphasise the development of even
more robust and accurate models. This will entail exploring
alternative techniques and leveraging larger and more diverse
datasets. Additionally, we are contemplating the potential inte-
gration of other types of medical imaging data to further advance
our comprehension and capabilities in this crucial domain.

Acknowledgements

The authors extend their appreciation to King Saud University, Saudi
Arabia for funding this work through Ongoing Research Funding Pro-
gram, (ORF‐2025‐704), King Saud University, Riyadh, Saudi Arabia.

Funding

The authors extend their appreciation to King Saud University, Saudi
Arabia for funding this work through Ongoing Research Funding Pro-
gram, (ORF‐2025‐704), King Saud University, Riyadh, Saudi Arabia.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The dataset used for the research is available publicly, and the request
can be made to authors for further assistance.

References

1. M. Nawaz, T. Nazir, M. Masood, et al., “Analysis of Brain MRI Im-
ages Using Improved CornerNet Approach,” Diagnostics 11, no. 10
(2021): 1856, https://doi.org/10.3390/diagnostics11101856.

2. S. Chen, C. Ding, and M. Liu, “Dual‐Force Convolutional Neural
Networks for Accurate Brain Tumor Segmentation,” Pattern Recognition
88 (2019): 90–100, https://doi.org/10.1016/j.patcog.2018.11.009.

3. R. Mahum and A. AlSalman, “Lung‐RetinaNet: Lung Cancer
Detection Using a RetinaNet With Multi‐Scale Feature Fusion and
Context Module,” IEEE Access 11 (2023): 53850–53861, https://doi.org/
10.1109/access.2023.3281259.

4. S. Ali, J. Li, Y. Pei, R. Khurram, K. U. Rehman, and T. Mahmood, “A
Comprehensive Survey on Brain Tumor Diagnosis Using Deep Learning
and Emerging Hybrid Techniques With Multi‐Modal MR Image,” Ar-
chives of Computational Methods in Engineering 29, no. 7 (2022):
4871–4896, https://doi.org/10.1007/s11831‐022‐09758‐z.

TABLE 6 | Assessing the performance of the proposed model in comparison to existing models.

Author Methods Dataset mAP (%) F1‐score (%)
Swati et al. [44] Block‐wise fine tuning CE‐MRI dataset — 91.73

Lamrani et al. [45] CNN MRI dataset — 96.44

Shah et al. [46] EfficientNet‐B0 MRI dataset — 98.9

Ullah et al. [37] DeepEBTDNet DL based model BTD‐MRI dataset — 99.1

Qureshi et al. [47] UL‐DLA þ GLCM þ SVM CE‐MRI dataset — 97.20

Proposed model Brain RetinaNet Figshare BT dataset 94.25 99.9

CAAI Transactions on Intelligence Technology, 2025 13

 24682322, 0, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cit2.70040 by U

niversity O
f H

ertfordshire, W
iley O

nline L
ibrary on [04/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.3390/diagnostics11101856
https://doi.org/10.1016/j.patcog.2018.11.009
https://doi.org/10.1109/access.2023.3281259
https://doi.org/10.1109/access.2023.3281259
https://doi.org/10.1007/s11831-022-09758-z


5. M. Tariq, A. A. Sufi, H. ur Rehman, et al., “Brain Tumor Classifi-
cation Using Convolutional Neural Network With Neutrosophy, Super‐
resolution and SVM,” Webology (ISSN: 1735‐188X) 18, no. 1 (2022),
https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classifi
cation_Using_Convolutional_Neural‐libre.pdf?1704189333=&response‐
content‐disposition=inline%3Bþfilename%3DBrain_Tumor_Classificati
on_Using_Convolu.pdf&Expires=1763405784&Signature=dOL5HFF6Y
~1BOyuDy9d‐JYd3tjQu7PNkb1jy8IzgM0pPLWF~34OUQSWMS~CAMz
pCjaoRiUlrnrUCQ3iv5ICchsK‐bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFm
EvljemIdq0~P‐e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD~7te
TekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUk
uPsdF5YvPhP3Jf87lhY0CF~8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYc
pj7N7UWFhZjoHz~L~VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8i
w__&Key‐Pair‐Id=APKAJLOHF5GGSLRBV4ZA.

6. M. A. ALshirah and R. T. Dalabeeh, “Convergence of Automation
Technology Toward the Healthcare,” Journal homepage: www. ijrpr.
com ISSN 2582 (2023): 7421, https://doi.org/10.55248/gengpi.2023.4121.

7. R. Mahum, A. Irtaza, M. A. El‐Meligy, et al., “A Robust Framework
for Severity Detection of Knee Osteoarthritis Using an Efficient Deep
Learning Model,” International Journal of Pattern Recognition and
Artificial Intelligence 37, no. 7 (2023): 2352010, https://doi.org/10.1142/
s0218001423520109.

8. R. Mahum, A. Irtaza, and A. Javed, “EDL‐Det: A Robust TTS Syn-
thesis Detector Using VGG19‐Based YAMNet and Ensemble Learning
Block,” IEEE Access 11 (2023): 134701–134716, https://doi.org/10.1109/
access.2023.3332561.

9. R. Mahum, H. Munir, Z. U. N. Mughal, et al., “A Novel Framework
for Potato Leaf Disease Detection Using an Efficient Deep Learning
Model,” Human and Ecological Risk Assessment: An International
Journal 29, no. 2 (2023): 303–326, https://doi.org/10.1080/10807039.
2022.2064814.

10. R. Mahum, S. Rehman, O. Okon, A. Alabrah, T. Meraj, and H. Rauf,
“A Novel Hybrid Approach Based on Deep CNN to Detect Glaucoma
Using Fundus Imaging,” Electronics 11, no. 1 (2022): 26: ed: s Note:
MDPI stays neu‐tral with regard to jurisdictional claims in …, 2021,
https://doi.org/10.3390/electronics11010026.

11. M. Mishra and U. C. Pati, “A Classification Framework for Autism
Spectrum Disorder Detection Using sMRI: Optimizer Based Ensemble of
Deep Convolution Neural Network With on‐the‐Fly Data Augmenta-
tion,” Biomedical Signal Processing and Control 84 (2023): 104686,
https://doi.org/10.1016/j.bspc.2023.104686.

12. M. Masood, R. Maham, A. Javed, U. Tariq, M. A. Khan, and S.
Kadry, “Brain MRI Analysis Using Deep Neural Network for Medical of
Internet Things Applications,” Computers & Electrical Engineering 103
(2022): 108386, https://doi.org/10.1016/j.compeleceng.2022.108386.

13. A.‐A. Nayan, A. N. Mozumder, M. R. Haque, et al., “A Deep
Learning Approach for Brain Tumor Detection Using Magnetic Reso-
nance Imaging,” preprint, arXiv:2210.13882 (2022).

14. R. Mahum, S. U. Rehman, T. Meraj, et al., “A Novel Hybrid
Approach Based on Deep CNN Features to Detect Knee Osteoarthritis,”
Sensors 21, no. 18 (2021): 6189, https://doi.org/10.3390/s21186189.

15. R. Mahum, M. Sharaf, H. Hassan, L. Liang, and B. Huang, “A
Robust Brain Tumor Detector Using BiLSTM and Mayfly Optimization
and Multi‐Level Thresholding,” Biomedicines 11, no. 6 (2023): 1715,
https://doi.org/10.3390/biomedicines11061715.

16. V. Kumar, P. Chugh, B. Bharti, et al., “MRI‐Based Brain Tumor
Detection Using Machine Learning,” in Human Cancer Diagnosis and
Detection Using Exascale Computing Vol 239 (2024), 239–251, https://
doi.org/10.1002/9781394197705.ch16.

17. A. Gumaei, M. M. Hassan, M. R. Hassan, A. Alelaiwi, and G. For-
tino, “A Hybrid Feature Extraction Method With Regularized Extreme
Learning Machine for Brain Tumor Classification,” IEEE Access 7
(2019): 36266–36273, https://doi.org/10.1109/access.2019.2904145.

18. R. Anjali and S. Priya, “An Efficient Classifier for Brain Tumor
Classification,” International Journal of Computer Science and Mobile
Computing 6, no. 8 (2017): 40–48, https://www.ijcsmc.com/docs/papers/
August2017/V6I8201711.pdf.

19. K. Kaplan, Y. Kaya, M. Kuncan, and H. M. Ertunç, “Brain Tumor
Classification Using Modified Local Binary Patterns (LBP) Feature
Extraction Methods,” Medical Hypotheses 139 (2020): 109696, https://
doi.org/10.1016/j.mehy.2020.109696.

20. B. Yin, C. Wang, and F. Abza, “New Brain Tumor Classification
Method Based on an Improved Version of Whale Optimization Algo-
rithm,” Biomedical Signal Processing and Control 56 (2020): 101728,
https://doi.org/10.1016/j.bspc.2019.101728.

21. P. Thejaswini, M. B. Bhat, and M. K. Prakash, “Detection and
Classification of Tumour in Brain MRI,” International Journal of e‐
Manufacturing 9, no. 1 (2019): 11–20, https://doi.org/10.5815/ijem.
2019.01.02.

22. M. R. Ismael and I. Abdel‐Qader, “Brain Tumor Classification via
Statistical Features and Back‐Propagation Neural Network,” in 2018
IEEE International Conference on electro/information Technology (EIT)
(IEEE, 2018), 0252–0257.

23. S. Kumar and D. Kumar, “Human Brain Tumor Classification and
Segmentation Using CNN,” Multimedia Tools and Applications 82, no. 5
(2023): 7599–7620, https://doi.org/10.1007/s11042‐022‐13713‐2.

24. W. Widhiarso, Y. Yohannes, and C. Prakarsah, “Brain Tumor
Classification Using Gray Level Co‐Occurrence Matrix and Convolu-
tional Neural Network,” IJEIS (Indonesian Journal of Electronics and
Instrumentation Systems) 8, no. 2 (2018): 179–190, https://doi.org/10.
22146/ijeis.34713.

25. K. Salçin and K. Salçin, “Detection and Classification of Brain Tu-
mours From MRI Images Using Faster R‐CNN,” Tehnički glasnik 13, no.
4 (2019): 337–342, https://doi.org/10.31803/tg‐20190712095507.

26. S. Sarkar, A. Kumar, S. Chakraborty, S. Aich, J.‐S. Sim, andH.‐C. Kim,
“A CNN Based Approach for the Detection of Brain Tumor Using MRI
Scans,” Test Engineering and Management 83 (2020): 16580–16586,
https://www.researchgate.net/profile/Satyabrata‐Aich/publication/3420
48436_A_CNN_based_Approach_for_the_Detection_of_Brain_Tumor_
Using_MRI_Scans/links/5edf9dc6a6fdcc4768910758/A‐CNN‐based‐
Approach‐for‐the‐Detection‐of‐Brain‐Tumor‐Using‐MRI‐Scans.pdf.

27. R. Ranjbarzadeh, A. Bagherian Kasgari, S. Jafarzadeh Ghoushchi, S.
Anari, M. Naseri, and M. Bendechache, “Brain Tumor Segmentation
Based on Deep Learning and an Attention Mechanism Using MRI
Multi‐Modalities Brain Images,” Scientific Reports 11, no. 1 (2021): 1–17,
https://doi.org/10.1038/s41598‐021‐90428‐8.

28. M. W. Nadeem, M. A. A. Ghamdi, M. Hussain, et al., “Brain Tumor
Analysis Empowered With Deep Learning: A Review, Taxonomy, and
Future Challenges,” Brain Sciences 10, no. 2 (2020): 118, https://doi.org/
10.3390/brainsci10020118.

29. R. Ito, K. Nakae, J. Hata, H. Okano, and S. Ishii, “Semi‐Supervised
Deep Learning of Brain Tissue Segmentation,” Neural Networks 116
(2019): 25–34, https://doi.org/10.1016/j.neunet.2019.03.014.

30. N. Ghassemi, A. Shoeibi, and M. Rouhani, “Deep Neural Network
With Generative Adversarial Networks Pre‐Training for Brain Tumor
Classification Based on MR Images,” Biomedical Signal Processing and
Control 57 (2020): 101678, https://doi.org/10.1016/j.bspc.2019.101678.

31. Y. Cheng, G. Qin, R. Zhao, Y. Liang, and M. Sun, “ConvCaps: Multi‐
Input Capsule Network for Brain Tumor Classification,” in Neural In-
formation Processing: 26Th International Conference, ICONIP 2019,
Sydney, NSW, Australia, December 12–15, 2019, Proceedings, Part I, Vol.
26 (Springer, 2019), 524–534, https://doi.org/10.1007/978‐3‐030‐36708‐
4_43.

32. A. El Boustani and E. El Bachari, “MRI Brain Images Compression
and Classification Using Different Classes of Neural Networks,” in New
Trends in Model and Data Engineering: MEDI 2019 International

14 CAAI Transactions on Intelligence Technology, 2025

 24682322, 0, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cit2.70040 by U

niversity O
f H

ertfordshire, W
iley O

nline L
ibrary on [04/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classification_Using_Convolutional_Neural-libre.pdf?1704189333=&#x00026;response-content-disposition=inline%3B&#x0002B;filename%3DBrain_Tumor_Classification_Using_Convolu.pdf&#x00026;Expires=1763405784&#x00026;Signature=dOL5HFF6Y&#x0007E;1BOyuDy9d-JYd3tjQu7PNkb1jy8IzgM0pPLWF&#x0007E;34OUQSWMS&#x0007E;CAMzpCjaoRiUlrnrUCQ3iv5ICchsK-bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFmEvljemIdq0&#x0007E;P-e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD&#x0007E;7teTekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUkuPsdF5YvPhP3Jf87lhY0CF&#x0007E;8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYcpj7N7UWFhZjoHz&#x0007E;L&#x0007E;VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8iw__&#x00026;Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classification_Using_Convolutional_Neural-libre.pdf?1704189333=&#x00026;response-content-disposition=inline%3B&#x0002B;filename%3DBrain_Tumor_Classification_Using_Convolu.pdf&#x00026;Expires=1763405784&#x00026;Signature=dOL5HFF6Y&#x0007E;1BOyuDy9d-JYd3tjQu7PNkb1jy8IzgM0pPLWF&#x0007E;34OUQSWMS&#x0007E;CAMzpCjaoRiUlrnrUCQ3iv5ICchsK-bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFmEvljemIdq0&#x0007E;P-e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD&#x0007E;7teTekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUkuPsdF5YvPhP3Jf87lhY0CF&#x0007E;8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYcpj7N7UWFhZjoHz&#x0007E;L&#x0007E;VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8iw__&#x00026;Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classification_Using_Convolutional_Neural-libre.pdf?1704189333=&#x00026;response-content-disposition=inline%3B&#x0002B;filename%3DBrain_Tumor_Classification_Using_Convolu.pdf&#x00026;Expires=1763405784&#x00026;Signature=dOL5HFF6Y&#x0007E;1BOyuDy9d-JYd3tjQu7PNkb1jy8IzgM0pPLWF&#x0007E;34OUQSWMS&#x0007E;CAMzpCjaoRiUlrnrUCQ3iv5ICchsK-bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFmEvljemIdq0&#x0007E;P-e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD&#x0007E;7teTekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUkuPsdF5YvPhP3Jf87lhY0CF&#x0007E;8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYcpj7N7UWFhZjoHz&#x0007E;L&#x0007E;VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8iw__&#x00026;Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classification_Using_Convolutional_Neural-libre.pdf?1704189333=&#x00026;response-content-disposition=inline%3B&#x0002B;filename%3DBrain_Tumor_Classification_Using_Convolu.pdf&#x00026;Expires=1763405784&#x00026;Signature=dOL5HFF6Y&#x0007E;1BOyuDy9d-JYd3tjQu7PNkb1jy8IzgM0pPLWF&#x0007E;34OUQSWMS&#x0007E;CAMzpCjaoRiUlrnrUCQ3iv5ICchsK-bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFmEvljemIdq0&#x0007E;P-e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD&#x0007E;7teTekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUkuPsdF5YvPhP3Jf87lhY0CF&#x0007E;8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYcpj7N7UWFhZjoHz&#x0007E;L&#x0007E;VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8iw__&#x00026;Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classification_Using_Convolutional_Neural-libre.pdf?1704189333=&#x00026;response-content-disposition=inline%3B&#x0002B;filename%3DBrain_Tumor_Classification_Using_Convolu.pdf&#x00026;Expires=1763405784&#x00026;Signature=dOL5HFF6Y&#x0007E;1BOyuDy9d-JYd3tjQu7PNkb1jy8IzgM0pPLWF&#x0007E;34OUQSWMS&#x0007E;CAMzpCjaoRiUlrnrUCQ3iv5ICchsK-bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFmEvljemIdq0&#x0007E;P-e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD&#x0007E;7teTekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUkuPsdF5YvPhP3Jf87lhY0CF&#x0007E;8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYcpj7N7UWFhZjoHz&#x0007E;L&#x0007E;VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8iw__&#x00026;Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classification_Using_Convolutional_Neural-libre.pdf?1704189333=&#x00026;response-content-disposition=inline%3B&#x0002B;filename%3DBrain_Tumor_Classification_Using_Convolu.pdf&#x00026;Expires=1763405784&#x00026;Signature=dOL5HFF6Y&#x0007E;1BOyuDy9d-JYd3tjQu7PNkb1jy8IzgM0pPLWF&#x0007E;34OUQSWMS&#x0007E;CAMzpCjaoRiUlrnrUCQ3iv5ICchsK-bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFmEvljemIdq0&#x0007E;P-e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD&#x0007E;7teTekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUkuPsdF5YvPhP3Jf87lhY0CF&#x0007E;8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYcpj7N7UWFhZjoHz&#x0007E;L&#x0007E;VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8iw__&#x00026;Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classification_Using_Convolutional_Neural-libre.pdf?1704189333=&#x00026;response-content-disposition=inline%3B&#x0002B;filename%3DBrain_Tumor_Classification_Using_Convolu.pdf&#x00026;Expires=1763405784&#x00026;Signature=dOL5HFF6Y&#x0007E;1BOyuDy9d-JYd3tjQu7PNkb1jy8IzgM0pPLWF&#x0007E;34OUQSWMS&#x0007E;CAMzpCjaoRiUlrnrUCQ3iv5ICchsK-bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFmEvljemIdq0&#x0007E;P-e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD&#x0007E;7teTekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUkuPsdF5YvPhP3Jf87lhY0CF&#x0007E;8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYcpj7N7UWFhZjoHz&#x0007E;L&#x0007E;VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8iw__&#x00026;Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classification_Using_Convolutional_Neural-libre.pdf?1704189333=&#x00026;response-content-disposition=inline%3B&#x0002B;filename%3DBrain_Tumor_Classification_Using_Convolu.pdf&#x00026;Expires=1763405784&#x00026;Signature=dOL5HFF6Y&#x0007E;1BOyuDy9d-JYd3tjQu7PNkb1jy8IzgM0pPLWF&#x0007E;34OUQSWMS&#x0007E;CAMzpCjaoRiUlrnrUCQ3iv5ICchsK-bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFmEvljemIdq0&#x0007E;P-e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD&#x0007E;7teTekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUkuPsdF5YvPhP3Jf87lhY0CF&#x0007E;8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYcpj7N7UWFhZjoHz&#x0007E;L&#x0007E;VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8iw__&#x00026;Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classification_Using_Convolutional_Neural-libre.pdf?1704189333=&#x00026;response-content-disposition=inline%3B&#x0002B;filename%3DBrain_Tumor_Classification_Using_Convolu.pdf&#x00026;Expires=1763405784&#x00026;Signature=dOL5HFF6Y&#x0007E;1BOyuDy9d-JYd3tjQu7PNkb1jy8IzgM0pPLWF&#x0007E;34OUQSWMS&#x0007E;CAMzpCjaoRiUlrnrUCQ3iv5ICchsK-bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFmEvljemIdq0&#x0007E;P-e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD&#x0007E;7teTekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUkuPsdF5YvPhP3Jf87lhY0CF&#x0007E;8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYcpj7N7UWFhZjoHz&#x0007E;L&#x0007E;VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8iw__&#x00026;Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classification_Using_Convolutional_Neural-libre.pdf?1704189333=&#x00026;response-content-disposition=inline%3B&#x0002B;filename%3DBrain_Tumor_Classification_Using_Convolu.pdf&#x00026;Expires=1763405784&#x00026;Signature=dOL5HFF6Y&#x0007E;1BOyuDy9d-JYd3tjQu7PNkb1jy8IzgM0pPLWF&#x0007E;34OUQSWMS&#x0007E;CAMzpCjaoRiUlrnrUCQ3iv5ICchsK-bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFmEvljemIdq0&#x0007E;P-e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD&#x0007E;7teTekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUkuPsdF5YvPhP3Jf87lhY0CF&#x0007E;8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYcpj7N7UWFhZjoHz&#x0007E;L&#x0007E;VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8iw__&#x00026;Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/109901030/Brain_Tumor_Classification_Using_Convolutional_Neural-libre.pdf?1704189333=&#x00026;response-content-disposition=inline%3B&#x0002B;filename%3DBrain_Tumor_Classification_Using_Convolu.pdf&#x00026;Expires=1763405784&#x00026;Signature=dOL5HFF6Y&#x0007E;1BOyuDy9d-JYd3tjQu7PNkb1jy8IzgM0pPLWF&#x0007E;34OUQSWMS&#x0007E;CAMzpCjaoRiUlrnrUCQ3iv5ICchsK-bEDA8fyA6qnoRAzvXPzeQiEqXQ8jyFmEvljemIdq0&#x0007E;P-e4l0X0mFkEr70NlX1v4vvhtgfmRCsPna7hPfwqgXD&#x0007E;7teTekgE9Xkz0GlLrBKLrqttNsohu2MSQO579BZB7pxpVNnf2edeBWjyUkuPsdF5YvPhP3Jf87lhY0CF&#x0007E;8fc02wRhu0r0suUDATQcQrBw1Y3IuuVYcpj7N7UWFhZjoHz&#x0007E;L&#x0007E;VBv6asyRsJZdOhPUAPyMNztuPejAxNG2hN8iw__&#x00026;Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://doi.org/10.55248/gengpi.2023.4121
https://doi.org/10.1142/s0218001423520109
https://doi.org/10.1142/s0218001423520109
https://doi.org/10.1109/access.2023.3332561
https://doi.org/10.1109/access.2023.3332561
https://doi.org/10.1080/10807039.2022.2064814
https://doi.org/10.1080/10807039.2022.2064814
https://doi.org/10.3390/electronics11010026
https://doi.org/10.1016/j.bspc.2023.104686
https://doi.org/10.1016/j.compeleceng.2022.108386
https://doi.org/10.3390/s21186189
https://doi.org/10.3390/biomedicines11061715
https://doi.org/10.1002/9781394197705.ch16
https://doi.org/10.1002/9781394197705.ch16
https://doi.org/10.1109/access.2019.2904145
https://www.ijcsmc.com/docs/papers/August2017/V6I8201711.pdf
https://www.ijcsmc.com/docs/papers/August2017/V6I8201711.pdf
https://doi.org/10.1016/j.mehy.2020.109696
https://doi.org/10.1016/j.mehy.2020.109696
https://doi.org/10.1016/j.bspc.2019.101728
https://doi.org/10.5815/ijem.2019.01.02
https://doi.org/10.5815/ijem.2019.01.02
https://doi.org/10.1007/s11042-022-13713-2
https://doi.org/10.22146/ijeis.34713
https://doi.org/10.22146/ijeis.34713
https://doi.org/10.31803/tg-20190712095507
https://www.researchgate.net/profile/Satyabrata-Aich/publication/342048436_A_CNN_based_Approach_for_the_Detection_of_Brain_Tumor_Using_MRI_Scans/links/5edf9dc6a6fdcc4768910758/A-CNN-based-Approach-for-the-Detection-of-Brain-Tumor-Using-MRI-Scans.pdf
https://www.researchgate.net/profile/Satyabrata-Aich/publication/342048436_A_CNN_based_Approach_for_the_Detection_of_Brain_Tumor_Using_MRI_Scans/links/5edf9dc6a6fdcc4768910758/A-CNN-based-Approach-for-the-Detection-of-Brain-Tumor-Using-MRI-Scans.pdf
https://www.researchgate.net/profile/Satyabrata-Aich/publication/342048436_A_CNN_based_Approach_for_the_Detection_of_Brain_Tumor_Using_MRI_Scans/links/5edf9dc6a6fdcc4768910758/A-CNN-based-Approach-for-the-Detection-of-Brain-Tumor-Using-MRI-Scans.pdf
https://www.researchgate.net/profile/Satyabrata-Aich/publication/342048436_A_CNN_based_Approach_for_the_Detection_of_Brain_Tumor_Using_MRI_Scans/links/5edf9dc6a6fdcc4768910758/A-CNN-based-Approach-for-the-Detection-of-Brain-Tumor-Using-MRI-Scans.pdf
https://doi.org/10.1038/s41598-021-90428-8
https://doi.org/10.3390/brainsci10020118
https://doi.org/10.3390/brainsci10020118
https://doi.org/10.1016/j.neunet.2019.03.014
https://doi.org/10.1016/j.bspc.2019.101678
https://doi.org/10.1007/978-3-030-36708-4_43
https://doi.org/10.1007/978-3-030-36708-4_43


Workshops, DETECT, DSSGA, TRIDENT, Toulouse, France, October
28–31, 2019, Proceedings 9 (Springer, 2019), 122–134.

33. A. Gautam and B. Raman, “Towards Effective Classification of
Brain Hemorrhagic and Ischemic Stroke Using CNN,” Biomedical Signal
Processing and Control 63 (2021): 102178, https://doi.org/10.1016/j.bspc.
2020.102178.

34. M. I. Sharif, J. P. Li, M. A. Khan, and M. A. Saleem, “Active Deep
Neural Network Features Selection for Segmentation and Recognition of
Brain Tumors Using MRI Images,” Pattern Recognition Letters 129
(2020): 181–189, https://doi.org/10.1016/j.patrec.2019.11.019.

35. C. Han, L. Rundo, R. Araki, et al., “Infinite Brain MR Images:
PGGAN‐Based Data Augmentation for Tumor Detection,” in Neural
Approaches to Dynamics of Signal Exchanges (Springer, 2019), 291–303.

36. Y. Zhou, Z. Li, H. Zhu, et al., “Holistic Brain Tumor Screening and
Classification Based on Densenet and Recurrent Neural Network,” in
Brainlesion: Glioma, Multiple Sclerosis, Stroke and Traumatic Brain In-
juries: 4Th International Workshop, BrainLes 2018, Held in Conjunction
with MICCAI 2018, Granada, Spain, September 16, 2018, Revised Selected
Papers, Part I 4 (Springer, 2019), 208–217.

37. N. Ullah, M. Hassan, J. A. Khan, M. S. Anwar, and K. Aurangzeb,
“Enhancing Explainability in Brain Tumor Detection: A Novel Deep-
EBTDNet Model With LIME on MRI Images,” International Journal of
Imaging Systems and Technology 34, no. 1 (2024): e23012, https://doi.
org/10.1002/ima.23012.

38. R. Vimal Kurup, V. Sowmya, and K. Soman, “Effect of Data Pre‐
Processing on Brain Tumor Classification Using CapsuleNet,” in Inter-
national Conference on Intelligent Computing and Communication
Technologies (Springer, 2019), 110–119.

39. N. Abiwinanda, M. Hanif, S. T. Hesaputra, A. Handayani, and T. R.
Mengko, “Brain Tumor Classification Using Convolutional Neural
Network,” in World Congress on Medical Physics and Biomedical Engi-
neering 2018: June 3–8, 2018, Vol. 1 (Springer, 2019), 183–189, https://
doi.org/10.1007/978‐981‐10‐9035‐6_33.

40. W. Liu, D. Anguelov, D. Erhan, et al., “SSD: Single Shot Multibox
Detector,” in Computer Vision–ECCV 2016: 14Th European Conference,
Amsterdam, the Netherlands, October 11–14, 2016, Proceedings, Part I 14
(Springer, 2016), 21–37.

41. X. Zhou, D. Wang, and P. Krähenbühl, “Objects as Points,” preprint,
arXiv:1904.07850 (2019).

42. M. Tan and Q. Le, “Efficientnet: Rethinking Model Scaling for
Convolutional Neural Networks,” in International Conference on Ma-
chine Learning (PMLR, 2019), 6105–6114.

43. A. Panigrahi (2024), accessed, March 30, 2024, https://www.kaggle.
com/datas%20ts/abhranta/brain‐tumor.

44. Z. N. K. Swati, Q. Zhao, M. Kabir, et al., “Brain Tumor Classification
for MR Images Using Transfer Learning and Fine‐Tuning,” Computer-
ized Medical Imaging and Graphics 75 (2019): 34–46, https://doi.org/10.
1016/j.compmedimag.2019.05.001.

45. D. Lamrani, B. Cherradi, O. El Gannour, M. A. Bouqentar, and L.
Bahatti, “Brain Tumor Detection Using MRI Images and Convolutional
Neural Network,” International Journal of Advanced Computer Science
and Applications 13, no. 7 (2022): 452–460, https://doi.org/10.14569/
ijacsa.2022.0130755.

46. H. A. Shah, F. Saeed, S. Yun, J.‐H. Park, A. Paul, and J.‐M. Kang, “A
Robust Approach for Brain Tumor Detection in Magnetic Resonance
Images Using Finetuned Efficientnet,” IEEE Access 10 (2022):
65426–65438, https://doi.org/10.1109/access.2022.3184113.

47. S. A. Qureshi, S. E. A. Raza, L. Hussain, et al., “Intelligent Ultra‐Light
Deep Learning Model for Multi‐Class Brain Tumor Detection,” Applied
Sciences 12, no. 8 (2022): 3715, https://doi.org/10.3390/app12083715.

CAAI Transactions on Intelligence Technology, 2025 15

 24682322, 0, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cit2.70040 by U

niversity O
f H

ertfordshire, W
iley O

nline L
ibrary on [04/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1016/j.bspc.2020.102178
https://doi.org/10.1016/j.bspc.2020.102178
https://doi.org/10.1016/j.patrec.2019.11.019
https://doi.org/10.1002/ima.23012
https://doi.org/10.1002/ima.23012
https://doi.org/10.1007/978-981-10-9035-6_33
https://doi.org/10.1007/978-981-10-9035-6_33
https://www.kaggle.com/datas%20ts/abhranta/brain-tumor
https://www.kaggle.com/datas%20ts/abhranta/brain-tumor
https://doi.org/10.1016/j.compmedimag.2019.05.001
https://doi.org/10.1016/j.compmedimag.2019.05.001
https://doi.org/10.14569/ijacsa.2022.0130755
https://doi.org/10.14569/ijacsa.2022.0130755
https://doi.org/10.1109/access.2022.3184113
https://doi.org/10.3390/app12083715

	Brain‐RetinaNet: Detection of Brain Tumour Using an Improved RetinaNet in Magnetic Resonance Imaging
	1 | Introduction
	2 | Related Work
	3 | Materials and Methods
	3.1 | Data Acquisition
	3.2 | Image Augmentation and Annotation
	3.3 | RetinaNet
	3.4 | Brain‐RetinaNet

	4 | Experimental Results and Analysis
	4.1 | Comparison Between Classical CNNs and the Brain‐RetinaNet
	4.2 | Performance Analysis of Brain‐RetinaNet and RetinaNet
	4.3 | Comparison Between the Rotation Augmentation Method and the Augmentation Method Used in This Study
	4.4 | Ablation Experiment
	4.5 | Impacts of the Channel Attention Module on Classical CNNs
	4.6 | Cross Validation
	4.7 | Comparative Analysis With State‐of‐the‐Art Approaches

	5 | Discussion
	6 | Conclusion
	Acknowledgements
	Funding
	Conflicts of Interest
	Data Availability Statement


