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Abstract: Brain tumor diagnosis is a critical task in medical imaging that requires high accuracy and early detection for
effective treatment planning. Manual interpretation of MRI scans is time-consuming and prone to human error, motivating the
development of automated deep learning-based diagnostic systems. This study proposes an Intelligent Brain Tumor Diagnosis
framework based on Deep Segmentation and Vision Learning (IBTD-SVL). The model integrates deep convolutional
segmentation networks with advanced vision learning architectures to accurately detect and classify brain tumors from MRI
images. The segmentation module isolates tumor regions, while the classification module analyzes extracted features for tumor
type prediction. The proposed system is evaluated on standard brain MRI datasets using performance metrics such as accuracy,
precision, recall, Fl-score, and Dice coefficient. Experimental results demonstrate improved tumor localization and

classification accuracy compared to traditional CNN and segmentation-based approaches.
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Introduction

Brain tumors are one of the most life-threatening
neurological disorders, requiring early and accurate
diagnosis to improve patient survival rates.
Magnetic Resonance Imaging (MRI) is widely used
for brain tumor detection due to its high-resolution
visualization of soft tissues. However, manual
interpretation of MRI scans is a complex and time-
consuming process that heavily depends on the
expertise of radiologists, making it prone to inter-
observer variability and diagnostic errors.

With the rapid advancement of artificial
intelligence, deep learning has emerged as a
powerful tool for automated medical image analysis.
Convolutional Neural Networks (CNNs) have
shown remarkable success in extracting hierarchical
features from MRI scans, enabling automated tumor
detection and classification. Despite  their
effectiveness, traditional CNN-based models often
struggle to accurately delineate tumor boundaries,
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especially in cases where tumors have irregular
shapes or low contrast with surrounding tissues.

To address this limitation, image segmentation
techniques have been introduced to localize tumor
regions more precisely. Models such as U-Net and
its variants have significantly improved medical
image segmentation performance by capturing both
spatial and contextual information. However,
segmentation models alone are not sufficient for
complete diagnosis, as they primarily focus on
localization rather than tumor classification and
severity assessment.

Recent advancements in vision learning, particularly
Vision Transformers (ViTs), have introduced
powerful global attention mechanisms capable of
modeling long-range dependencies in images. While
these models improve feature representation, they
require large datasets and high computational
resources, which limits their applicability in clinical
environments where data availability and
computational capacity are constrained.

Another major challenge in brain tumor analysis is
the variability in tumor appearance, size, location,
and intensity across patients. This variability makes
it difficult for a single model to generalize
effectively across different cases. Therefore, there is
a need for a unified framework that combines
precise tumor segmentation with robust vision-
based classification to improve diagnostic accuracy
and reliability.

To overcome these challenges, this study proposes
an Intelligent Brain Tumor Diagnosis framework
using Deep Segmentation and Vision Learning
(IBTD-SVL). The proposed model integrates a deep
segmentation network for accurate tumor
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localization with a vision learning-based
classification module to determine tumor type and
characteristics. This dual-stage approach ensures
both spatial precision and semantic understanding of
brain MRI scans.

Literature Review

Brain tumor diagnosis using medical imaging has
been extensively studied using classical machine
learning, deep learning, and hybrid vision-based
architectures. Researchers have focused on
improving  tumor  segmentation  accuracy,
classification performance, and computational
efficiency in MRI-based diagnostic systems.

Early brain tumor detection methods relied on
handcrafted feature extraction techniques combined
with machine learning classifiers. Zhang et al.
(2008) used texture-based features extracted from
MRI images and applied Support Vector Machines
(SVM) for tumor classification. While these
methods provided moderate accuracy, they were
highly dependent on manual feature engineering and
lacked generalization across different datasets.

Similarly, Liu et al. (2012) demonstrated that
statistical feature-based classifiers could detect
abnormal brain regions, but their performance
degraded significantly when applied to noisy or low-
contrast MRI images.

The introduction of deep learning significantly
improved medical image analysis. Krizhevsky et al.
(2012) demonstrated the effectiveness of CNNs in
hierarchical feature learning for image classification
tasks, which later became widely adopted in medical
imaging.

In brain tumor research, Cheng et al. (2016) applied
deep CNN architectures for MRI-based tumor
classification and achieved improved accuracy
compared to traditional methods. However, CNNs
often struggled with precise tumor boundary
localization due to limited spatial awareness.

Segmentation techniques became crucial for
accurate tumor localization. Ronneberger et al.
(2015) introduced the U-Net architecture, which
revolutionized biomedical image segmentation by

combining encoder—decoder structures with skip
connections.

Further improvements were introduced by Isensee et
al. (2018) through the nnU-Net framework, which
automatically adapts segmentation pipelines for
medical datasets. Despite high accuracy, these
models primarily focus on segmentation and do not
directly address tumor classification.

To overcome the limitations of standalone models,
researchers proposed hybrid frameworks. Zhao et al.
(2019) combined segmentation networks with CNN
classifiers to improve tumor detection and
classification accuracy. However, these hybrid
models still face challenges in handling complex
tumor structures and variations in MRI scans,
particularly in cases with low contrast or
overlapping tissues.

The introduction of Vision Transformers by
Dosovitskiy et al. (2020) marked a shift toward
global attention-based image modeling. ViTs have
shown strong performance in capturing long-range
dependencies in medical images.

However, Hatamizadeh et al. (2021) highlighted that
transformer-based medical imaging models require
large datasets and high computational resources,
making them less practical for real-world clinical
deployment.

Attention mechanisms have been widely adopted to
improve feature focus in medical imaging. Oktay et
al. (2018) introduced attention U-Net, which
enhances segmentation performance by focusing on
relevant anatomical regions. Despite improvements,
conventional attention models still process full
image regions, leading to increased computational
complexity.

Methodology

The proposed Intelligent Brain Tumor Diagnosis
framework using Deep Segmentation and Vision
Learning (IBTD-SVL) is designed to perform
accurate tumor localization and classification from
MRI brain images. The architecture integrates a
segmentation network for tumor region extraction
and a vision learning module for final diagnosis,
enabling a two-stage deep learning pipeline.

Figure 1. Intelligent Brain Tumour Diagnosis Framework Through Deep Segmentation and Vision
Learning

International Journal of Intelligent Systems and Applications in Engineering

LIISAE, 2025, 13(1s), 464-468 | 465



This figure 1, presents an intelligent framework for
automated brain tumour diagnosis using deep
segmentation and vision learning techniques. The
methodology begins with data acquisition, where
brain MRI images are collected from medical
imaging repositories and clinical datasets. The
acquired images undergo preprocessing to enhance
image quality, remove noise, and standardize input
data. A deep segmentation network then accurately
identifies and delineates tumour regions from the
MRI scans, enabling precise localization of
abnormal tissues. The segmented tumour regions are
further analyzed through a vision learning module,
which extracts high-level visual features and
captures complex tumour characteristics. These
learned representations are utilized for diagnosis and
classification, allowing the system to distinguish
tumour categories and support clinical assessment.
The framework subsequently generates output and
visualization, providing diagnostic results along
with segmented tumour regions for interpretation.
Finally, an evaluation and feedback module
continuously assesses model performance and
refines the learning process for improved accuracy
and robustness. The overall framework enhances
tumour localization, diagnostic precision, automated
classification, and intelligent medical decision
support for brain tumour analysis.

Tumor Region Extraction

The segmented output is used to extract Region of
Interest (ROI):

ROI =10 S(x,y)

This  isolates  tumor-specific  regions for
classification.

Vision Learning Classification Module

The extracted ROI is passed to a vision-based deep
learning model.

Feature extraction:

F = CNN(ROI)

Classification:

Y = Softmax(WF + b)

Where:

Y= tumor class prediction (benign, malignant, etc.)

Loss Function

The total loss is defined as:

Loss = aLossseq + BLOSS s

Where:

L0sS;eq= segmentation loss, LosS.;s= cross-entropy
classification loss, @, f= weighting factors

Algorithmic Strategy

The proposed Intelligent Brain Tumor Diagnosis
using Deep Segmentation and Vision Learning
(IBTD-SVL) follows a structured algorithm that
integrates image preprocessing, segmentation-based
tumor localization, feature extraction, and vision-
based classification to achieve accurate and efficient
diagnosis.

Input:

MRI brain image dataset I, Ground truth labels Y,
Segmentation masks G

Output:

Predicted tumor class ¥, Segmented tumor region
S(x,y)
Step 1: Image Acquisition

1. Collect MRI brain scan dataset
2. Convert images into uniform format
3. Resize images to fixed dimensions

Step 2: Preprocessing

4. Normalize input image:
I—u

Liorm = o
5. Apply noise reduction using Gaussian filter
6. Enhance contrast using histogram
equalization
7. Perform data augmentation (flip, rotate,
Zoom)

Step 3: Tumor Segmentation

8. Input preprocessed image into
segmentation network

9. Extract feature maps using encoder:

F, = Conv(Lyorm)

10. Generate tumor mask using decoder:

S(x,y) = Decoder(F,)

11. Compute segmentation loss:

Lossgeq =1 — Dice(S, G)
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Step 4: ROI Extraction
12. Extract tumor region:

ROI = Lyorm O S(x,y)

13. Remove irrelevant background
information
Step 5: Vision Feature Learning
14. Pass ROI into CNN-based feature
extractor:

F = CNN(ROI)
15. Learn hierarchical visual features (edges,

textures, tumor patterns)

Step 6: Classification

16. Apply fully connected layer:
Y = Softmax(WF + b)

17. Classify tumor type:

No tumor, Benign tumor, Malignant tumor
Step 7: Loss Optimization

18. Compute total loss:

Table 1: Performance Comparison

Model Accu | Preci | Re | F1 | Di | Io
racy | sion call | - ce |U
(%) (%) | (% | Sc | Sc | (
) or |or | %
e e )
(% | (%
) )
Traditio | 91.2 | 90.5 | 89. | 90. | 88. | 86
nal 8 1 7 .9
CNN
ResNet- | 93.6 | 93.1 [92. |92. | 91. | 90
50 4 7 5 2
U-Net 948 | 942 |93. |94. | 95. | 93
(Segme 9 0 1 .8
ntation
only)
CNN + (953 [949 |94. | 94. | 92. | 91
Classifi 5 7 6 .8
er
Hybrid
Vision 96.1 95.8 | 95. |95 193. |92
Transfo 4 6 9 5
rmer
(ViT)
Propos | 983 |98.0 |97. | 97. | 97. | 96
ed 9 8 2 5
IBTD-
SVL

Loss = aLossseq + BLOSS s

19. Backpropagate error
20. Update weights using Adam optimizer

Results and Performance Evaluation

The performance of the proposed Intelligent Brain
Tumor Diagnosis using Deep Segmentation and
Vision Learning (IBTD-SVL) framework was
evaluated using standard brain MRI datasets. The
model was tested under different conditions,
including tumor presence variability, irregular
tumor shapes, and low-contrast imaging scenarios,
to ensure robustness and clinical reliability. The
evaluation metrics include accuracy, precision,
recall, F1-score, Dice coefficient, and Intersection
over Union (IoU) for segmentation performance,
along with classification performance metrics.

Performance Comparison

The proposed IBTD-SVL model is compared with
existing deep learning-based medical image analysis
methods.

Result Analysis

The experimental results Table 1, demonstrate that
the proposed IBTD-SVL framework significantly
outperforms all baseline models in both
segmentation and classification tasks. Traditional
CNN models perform reasonably well in
classification but lack precise tumor boundary
detection capability. ResNet improves feature
representation  through deeper architectures;
however, it still struggles with fine-grained tumor
localization in complex MRI scans. U-Net achieves
strong segmentation performance but does not
provide robust classification capability for tumor
type identification. CNN-based hybrid models
improve classification accuracy but still rely on less
precise segmentation outputs. Vision Transformers
(ViTs) achieve strong performance due to global
attention  mechanisms  but  require  high
computational resources and large datasets, making
them less practical for real-world clinical
deployment.

Conclusion and Discussion

The proposed Intelligent Brain Tumor Diagnosis
using Deep Segmentation and Vision Learning
(IBTD-SVL) framework presents an effective and
clinically relevant approach for automated brain
tumor detection and classification using MRI
images. By integrating deep segmentation networks
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with vision-based classification models, the
framework successfully addresses key limitations of
traditional medical image analysis systems. The
discussion highlights that conventional CNN-based
models provide strong feature extraction capabilities
but often fail to precisely localize tumor boundaries,
especially in cases involving irregular tumor shapes
or low-contrast MRI scans. Similarly, standalone
classification models are unable to isolate tumor
regions effectively, which leads to reduced
diagnostic accuracy.

Segmentation-based approaches such as U-Net
significantly improve tumor localization by
capturing pixel-level spatial information. However,
these models primarily focus on segmentation and
do not provide complete diagnostic interpretation,
limiting their clinical applicability when used alone.
Vision-based deep learning models such as Vision
Transformers enhance global feature learning but
require large datasets and high computational
resources, making them less suitable for real-time
medical applications and resource-constrained
environments.

In contrast, the proposed IBTD-SVL framework
effectively combines the strengths of both
segmentation and vision learning. The segmentation
module accurately isolates tumor regions, while the
classification module focuses on extracted regions
of interest (ROI), reducing noise and irrelevant
background information. This leads to improved
diagnostic accuracy and more reliable predictions.
The experimental results confirm that IBTD-SVL
outperforms existing methods in terms of accuracy,
precision, recall, Dice coefficient, and IoU,
demonstrating its effectiveness in both tumor
localization and classification tasks. The model
achieves high robustness across different MRI
conditions, including varying tumor sizes, shapes,
and imaging quality.

From a practical standpoint, the proposed
framework is highly suitable for deployment in
clinical decision support systems, radiology
assistance tools, and Al-powered diagnostic
platforms, where accuracy and -efficiency are
critical. However, certain limitations exist. The
performance of the model depends on the quality of
segmentation masks, and errors in segmentation
may affect final classification results. Additionally,
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computational demands increase when processing
high-resolution MRI scans in large-scale clinical
environments.
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