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Abstract
Automated brain tumor segmentation from MRI images is critical for accurate
diagnosis and treatment planning. This study presents a novel ResUNet50-based
approach, integrating ResNet50 as an encoder within the U-Net framework to
achieve robust and precise segmentation. The proposed model was evaluated on two
datasets: a Kaggle-based T1-CE MRI dataset and BraTS 2018, ensuring
comprehensive assessment across different imaging conditions. ResUNet50
outperformed state-of-the-art models, achieving Dice coefficients exceeding 0.95 and
Jaccard indices above 0.91 on the Kaggle dataset. Additionally, experiments on
BraTS 2018 Whole Tumor segmentation across multiple MRI modalities (FLAIR,
T1, T1-CE, and T2) demonstrated high accuracy on both High-Grade Gliomas
(HGG) and Low-Grade Gliomas (LGG), confirming model generalization. Statistical
significance tests (Paired t-tests and Wilcoxon Signed-Rank Tests, p < 0.05) validated
the improvements over existing approaches. Furthermore, ResUNet50 reduced
parameters by over 60% and accelerated inference time by 4.8× compared to U-Net,
enhancing its potential for clinical deployment. Future work will focus on ensemble
learning and bio-inspired optimization for improved robustness across multi-center
MRI datasets. Explainable AI techniques such as Grad-CAM and saliency maps will
be incorporated to enhance interpretability, improving clinical applicability.
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1. Introduction
Brain tumor segmentation plays a pivotal role in

the diagnosis and treatment planning of

neurological disorders. Accurate delineation of

tumor regions from medical images, such as

magnetic resonance imaging (MRI) scans, is crucial

for assessing tumor size, location, and progression.
However, radiologists' manual segmentation is

time-consuming and prone to subjective

interpretation and interobserver variability. As the

volume and complexity of medical imaging data

continue to increase, there is a growing need for

automated segmentation techniques that can

efficiently and reliably analyze such data. Deep
learning-based approaches have emerged as

promising solutions for automated medical image

segmentation tasks. Among these approaches, the

U-Net architecture has garnered significant

attention due to its effectiveness in capturing

spatial context and preserving fine details in

segmented regions. The U-Net architecture

comprises an encoder-decoder structure with skip

connections, allowing the integration of high-

resolution features from different levels of

abstraction. Despite its success in various medical

imaging applications, traditional U-Net models

may struggle to capture intricate details and subtle

variations in complex structures, such as brain

tumors. To address this challenge, researchers have

explored the integration of advanced convolutional

neural network (CNN) architectures as encoders in

the U-Net framework. Among these architectures,

ResNet50 stands out for its superior performance

in feature extraction tasks and the ability to handle

deeper networks without suffering from vanishing

gradients. By leveraging ResNet50 as an encoder,

the resulting hybrid model, referred to as

ResUNet50, aims to enhance the segmentation

performance of U-Net while maintaining

computational efficiency.

1.1 Background
Brain tumors are among the most complex and life-

threatening conditions in medicine. They are

characterized by abnormal cell growth within the

brain, which may occur in various forms including
Meningioma, Glioma (ranging from low-grade to

highly malignant glioblastoma multiforme), and

Pituitary tumors. Each type presents unique

challenges for segmentation due to differing

morphological characteristics, sizes, and locations

relative to critical brain structures. Medical imaging,

particularly MRI, has become the gold standard for
brain tumor visualization and assessment. MRI

offers excellent soft tissue contrast and can capture

structural information across multiple modalities,

including T1-weighted, T1-contrast enhanced (T1-

CE), T2-weighted, and FLAIR sequences, each

highlighting different tissue properties. However,

the sheer volume of imaging data and the

complexity of tumor appearances make manual

segmentation by radiologists both labor-intensive

and subject to significant variability. The need for

automated, reliable, and clinically relevant

segmentation tools has driven extensive research in

computer-aided diagnosis (CAD) systems. Early

approaches relied on handcrafted image features

and classical machine learning algorithms such as

support vector machines (SVM) and random

forests. These methods, while showing promise for

specific datasets, lacked the generalization ability

needed for clinical deployment across diverse

imaging conditions and tumor types. The advent of

deep learning, particularly convolutional neural

networks (CNNs), brought a paradigm shift in

medical image segmentation. The introduction of

the U-Net architecture marked a major milestone,

offering an elegant encoder-decoder design with
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skip connections that enabled precise spatial

localization while capturing semantic context.

Subsequent research built upon U-Net by

incorporating attention mechanisms, dense

connections, residual learning, and transfer

learning from large natural image datasets.

1.2 Problem Statement
Despite significant advances in deep learning for

medical image segmentation, several key challenges

persist. Existing U-Net variants face limitations

including limited generalization to diverse tumor

morphologies, ineffective handling of small or

irregular tumor regions, sensitivity to dataset

imbalance, and challenges in maintaining
segmentation accuracy across datasets with varying

contrast and noise levels. These issues necessitate a

more efficient and adaptable solution for brain

tumor segmentation that can generalize across

imaging protocols and tumor types.

The following are the main goals of this research:

1. To develop and evaluate a hybrid

ResUNet50 model that integrates ResNet50 as the

encoder within the U-Net framework for

automated brain tumor segmentation from MRI

scans.

2. To apply and evaluate PSO-based

optimization for adaptive thresholding,

morphological refinement, and test-time

augmentation to enhance segmentation robustness.

3. To conduct a comprehensive evaluation of

the proposed model's diagnostic performance,

encompassing Dice coefficient, Jaccard Index,

Accuracy, Precision, Recall, F1 Score, and Mean

IoU.

4. To validate the generalization capability of

ResUNet50 on the BraTS 2018 multi-modal

dataset for Whole Tumor segmentation across

HGG and LGG cases.

5. To compare the computational efficiency
(parameters, training time, inference speed) of

ResUNet50 against baseline U-Net and modified

U-Net models.

2. Related Work
With the advent of deep learning, particularly

convolutional neural networks (CNNs), a paradigm

shift occurred in medical image segmentation. The
introduction of the U-Net architecture by

Ronneberger et al. marked a significant

development due to its ability to efficiently capture

spatial context and preserve detailed information

through skip connections, making it a popular

choice for medical segmentation tasks. Subsequent

research brought various improvements to the
basic U-Net framework. The integration of

attention mechanisms with U-Net-based models

allowed focusing computational resources on

relevant regions to improve accuracy and

robustness. The adoption of dense and residual

connections, inspired by DenseNet and ResNet

architectures respectively, has facilitated feature

reuse and supported the training of deeper

networks, enhancing the models' ability to learn

complex representations without degrading

gradient flow.

Further refinements included the adaptation of

pre-trained CNNs for medical imaging through

transfer learning. Networks pre-trained on large

natural image datasets such as ImageNet have been

adapted to the medical domain with minimal fine-

tuning. This approach has proven effective in

enhancing segmentation performance, particularly

in scenarios with limited annotated medical images.

2.1 Advanced Architectural Improvements
Recent research has also focused on integrating

more sophisticated architectures. ResUNet

combines residual connections with the U-Net

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


ISSN (e) 3007-3138 (p) 3007-312X

https://sesjournal.com |Asam et al.,2026 | Page 198

structure to allow deeper feature extraction and

mitigate the vanishing gradient problem. Emerging

techniques such as graph convolutional networks

and attention-based models are being explored to

improve feature representation and spatial

coherence. The Edge U-Net approach utilizes edge

detection to refine segmentation boundaries, while
ensemble models leveraging multimodal data have

shown improved generalization. Despite these

improvements, key limitations persist in existing U-

Net variants, including limited generalization to

diverse tumor morphologies, ineffective handling

of small or irregular tumor regions, and sensitivity

to dataset imbalance. To address these issues, we
propose ResUNet50, a hybrid model that

integrates ResNet50 within the U-Net framework.

ResNet50's residual connections improve gradient

flow and deep feature learning, mitigating the

vanishing gradient problem common in deeper

networks. Its optimized skip connections enable

better spatial detail retention, allowing for precise

tumor boundary delineation. This integration

enhances generalization, reduces over-segmentation

errors, and ensures more accurate segmentation

even for small and irregular tumor structures.

3. Methodology
This section outlines the methodologies adopted in

this study, including the Brain MRI dataset

preparation, the integration of PSO-based

preprocessing, the modified U-Net architecture

with a ResNet50 encoder, and the evaluation

metrics used to assess segmentation performance.

The proposed approach leverages bio-inspired

optimization techniques to refine segmentation

quality, optimize thresholding and morphological

refinements dynamically, and enhance test-time

augmentation, ensuring robustness across various

MRI scans.

3.1 Brain MRI Dataset and Preprocessing
Our research utilizes a specialized dataset from

Kaggle, sourced from the T1-CE MRI collection,

which includes 3,064 brain MRI images essential
for training our tumor segmentation model. Each

image maintains a high-quality standard, featuring

a resolution of 512 × 512 pixels and a 24-bit color

depth. A key component of our methodology is the

inclusion of accurate ground truth tumor masks for

each image, fundamental to our supervised

learning approach. The images are categorized into
three tumor types: Meningioma (708 images),

Glioma (1,426 images), and Pituitary (930 images).

Meningiomas are typically benign but can be

aggressive (Grade II-III), causing vision impairment

and neurological deficits. Gliomas range from low-

grade to highly malignant glioblastoma multiforme

(GBM), with a poor prognosis and a median

survival of less than 15 months. Pituitary tumors

are often benign adenomas that impact hormone

regulation. To further evaluate generalization,

experiments were also conducted using the BraTS

2018 dataset, a well-established benchmark for

brain tumor segmentation. Unlike the Kaggle

dataset, BraTS 2018 includes multi-modal MRI

scans (FLAIR, T1, T1-CE, and T2), capturing both

High-Grade Gliomas (HGG) and Low-Grade

Gliomas (LGG). This dataset provides tumor

masks for Whole Tumor (WT) segmentation,

encompassing edema, non-enhancing tumor, and

enhancing tumor regions.

Table 1: Brain MRI Dataset Description (Kaggle)

Tumor Type Number of Images

Glioma 1,426
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Pituitary 930

Meningioma 708

Total 3,064

Preprocessing steps included image resizing to 256
× 256 pixels to standardize data and reduce

computational demands, followed by conversion

from 24-bit color to 8-bit grayscale to focus on

intensity variations relevant to tumor identification

and reduce computational load.

3.2 PSO-Optimized Preprocessing for
Thresholding and Morphological Refinement
Thresholding is a crucial step in segmentation,

determining how predicted probability maps are

converted into binary tumor masks. Traditional

methods use a fixed threshold (e.g., 0.5), which

fails to account for contrast variations across

different MRI scans. Instead, Particle Swarm

Optimization (PSO) is applied to determine the

optimal binarization threshold dynamically. Each

particle in PSO represents a candidate threshold

value ranging between 0.1 and 0.9, and the

algorithm iteratively adjusts these values to

maximize the Dice Coefficient between predicted

and ground truth masks.

The Dice loss function is defined as: L_Dice = −(2
Σ y_true × y_pred + ε) / (Σ y_true + Σ y_pred + ε),
where y_true represents the ground truth mask,

y_pred represents the binarized model prediction,

and ε is a small smoothing constant to prevent

division errors. Even with optimized thresholding,

segmentation masks may still contain noise

artifacts or incomplete tumor regions. PSO is also

applied to select the best morphological

transformation and kernel size automatically,

including opening (for noise removal), closing (to

fill gaps), and dilation (to expand tumor regions).

Additionally, PSO optimizes Test-Time

Augmentation (TTA) strategies, selecting the best

set of augmentations (horizontal flipping, vertical
flipping, rotations) during testing.

3.3 Modified U-Net with ResNet50 Encoder
(ResUNet50)
The U-Net architecture, initially developed for
biomedical image segmentation, is renowned for its

efficiency and effectiveness. Building on this

foundation, our study introduces a significant

modification by integrating the ResNet50

architecture as the encoder within the U-Net

framework. This modification harnesses the

strengths of ResNet50's deep residual learning

framework to enhance feature extraction

capabilities.

3.3.1 ResNet50 as Encoder
ResNet50 introduces residual learning to address

the degradation problem inherent in training

deeper networks. By incorporating shortcut

connections that skip one or more layers,

ResNet50 allows the training of substantially

deeper networks by alleviating the vanishing

gradient problem. When utilized as an encoder in

the U-Net architecture, ResNet50 enables the

propagation of gradients through many layers,

enhancing feature extraction without significantly

increasing the computational burden. The

mathematical representation of the residual block

is: Output = F(Input) + (Input), where F(Input)

represents the transformation performed by the

residual block. This residual connection propagates

the gradient directly through the shortcut link to

address vanishing gradient problems.

3.3.2 U-Net Architecture Enhancement
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In the proposed model, the encoder path has been

enhanced by replacing it with a ResNet50

backbone. Each convolution block in the

ResNet50 encoder is modified with a 2x

configuration, allowing double the depth of feature

extraction at every layer. In the decoder path, the

model retains the traditional U-Net structure
enhanced with up-sampling layers and optimized

concatenations of corresponding encoded features.

The skip connections have been fine-tuned with a

dynamic weighting mechanism to prioritize the

most relevant features at each resolution level. This

ensures that both low-level spatial information and

high-level semantic features are effectively used for
accurate localization and segmentation of brain

tumors.

3.3.3 Integration and Training
Integrating ResNet50 into U-Net requires careful

calibration of network layers to ensure that feature

map depths match across encoder and decoder

paths. Training involves a fine-tuning process in

which pre-trained weights of ResNet50 (trained on

ImageNet) are adapted to the specific tasks of

medical image segmentation. The ADAM

optimizer was used with a learning rate of 0.001,

and training was set for 50 epochs with early

stopping based on validation loss.

3.4 Evaluation Measures
To comprehensively assess segmentation

performance, we incorporate the following

evaluation metrics:

Accuracy (ACC) = (TP + TN) / (TP + TN + FP +

FN): Quantifies the proportion of correctly

classified pixels.

Dice Coefficient = (2 × |A ∩ B|) / (|A| + |B|):

Measures spatial overlap between predicted and

ground truth masks.

Jaccard Index (JI) = |A ∩ B| / |A ∪ B|: Provides

a strict measure of overlap (also known as

Intersection over Union, IoU).

Precision = TP / (TP + FP): Proportion of correctly

predicted tumor pixels among all predicted tumor

pixels.

Recall (Sensitivity) = TP / (TP + FN): Proportion of

actual tumor pixels correctly identified by the

model.

F1 Score = (2 × Precision × Recall) / (Precision +

Recall): Harmonic mean balancing precision and

recall.

Mean IoU = (1/N) Σ |A_i ∩ B_i| / |A_i ∪ B_i|:

Averaged IoU across all classes.

4. Result and Implementation
This section presents the results of our experiments

and provides detailed discussion. We begin by

outlining the experimental setup and

implementation details, then present quantitative

and qualitative results, analyze evaluation measures,

and compare our method with existing state-of-the-

art approaches.

4.1 Experimental Setup and Implementation
Details
Experiments were conducted on a high-

performance computing setup with 8 NVIDIA

A100-SXM4-40GB GPUs, using a Jupyter

Notebook environment with TensorFlow and

Keras. A modified U-Net architecture integrated

with a ResNet50 encoder was developed to

enhance depth and feature extraction capabilities.
Table 2: Summary of the Experimental Setup

Parameter Value

GPUs 8 NVIDIA A100-SXM4-40GB

Environment Jupyter Notebook with TensorFlow and Keras
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Architecture Modified U-Net with ResNet50 encoder

Optimizer ADAM

Learning Rate 0.001

Epochs 50

Image Size 256 × 256 pixels, 3 channels

Batch Size 64

Train-Test Split 0.8:0.2 (stratified by tumor type)

Evaluation Metrics Accuracy, Loss, Dice Coefficient, Jaccard Index

MRI scans were standardized to 256×256 pixels
with three channels, normalized to the range [0,1],

and skull-stripped to remove non-brain regions. A

stratified split was employed to ensure balanced

distribution of all tumor types (Meningioma,

Glioma, and Pituitary) across training and testing

datasets.

4.2 Impact of PSO-Based Preprocessing and Post-
Processing
To evaluate the effectiveness of PSO-driven

thresholding, morphological post-processing, and

TTA, segmentation performance was compared

before and after applying PSO optimization.

Table 3: Effect of PSO on Threshold and Morphology Optimization

Metric Before PSO After PSO Improvement (pp)

Dice Score 0.9107 0.9298 +1.91

IoU Score 0.8374 0.8690 +3.16

Precision 0.8690 0.8879 +1.89

Recall 1.0000 0.9883 -1.17

The results indicate that PSO-threshold
optimization led to a 1.91 percentage point

improvement in the Dice coefficient, and IoU

increased by 3.16 pp. Morphological refinement

improved precision by 1.89 pp, as noise artifacts

were effectively removed. Recall decreased slightly

by 1.17 pp, indicating that some minor tumor
regions were suppressed during post-processing.

These findings confirm that PSO-driven

preprocessing and post-processing significantly

enhance segmentation performance.

4.3 Evaluation and Segmentation Results
The model demonstrated exceptional Accuracy

values, surpassing 99.8% in training and 99.9% in

validation. Loss values were consistently low,

ranging from 0.0020 to 0.0025, indicating minimal

classification errors during training. The Dice

coefficient ranged from 0.9091 to 0.9576 across all
tumor classes, confirming substantial agreement

between predicted and ground truth segmentations.

Table 4: Evaluation of Proposed Model Using Selected Metrics

Metric Value
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Accuracy (ACC) 99.9%

Pixel Accuracy (PA) 98.2%

Mean Pixel Accuracy (MPA) 95.4%

Precision 93.5%

Recall (Sensitivity) 94.5%

F1 Score 94.0%

Mean IoU 92.1%

Dice Coefficient 95.7%

Jaccard Index (IoU) 85.17%

The high recall (94.5%) is particularly significant
for clinical relevance, reducing under-segmentation

risks where portions of the tumor are missed. The

F1 Score of 94.0%, which harmonizes precision

and recall, confirms that our method achieves an

optimal trade-off, ensuring high tumor detection

rates while maintaining specificity. For individual
tumor classes, the model achieved Dice coefficients

of 0.9716 for Meningioma, 0.9703 for Glioma,

and 0.9459 for Pituitary tumors, with

corresponding Jaccard indices of 0.9448, 0.9423,

and 0.8974 respectively. The slightly lower
performance for the Pituitary class reflects the

inherent challenges of segmenting these smaller

and morphologically variable tumors near critical

brain structures.

4.4 Comparison with State-of-the-Art Methods
Our comparative analysis demonstrates compelling
performance advantages of the proposed

ResUNet50 model across all tumor classes and

overall segmentation.

Table 5: Comparison of Segmentation Efficacy Using Various Approaches

Method Class Dice Jaccard

Proposed Method (ResUNet50) All Images 0.9553 0.9151

CNN-based All Images 0.828 -

U-Net with AT All Images 0.6239 -

SegNet All Images 0.9332 0.8827

DFP-Unet All Images 0.8169 -

Residual-Unet All Images 0.9011 -

ResNet101-U-Net All Images 0.8369 0.85

DeepLab Pre-trained All Images 0.8091 -

Cascaded dual-scale LinkNet All Images 0.8003 -
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SegNet VGG16 All Images 0.9314 0.7622

The superior performance of ResUNet50 is

attributed to several key architectural

advancements: residual learning that mitigates the

vanishing gradient problem, optimized skip

connections that enhance spatial refinement, and

multi-scale feature learning for strong

generalization across diverse tumor types. Statistical
significance tests (paired t-tests and Wilcoxon

signed-rank tests, p < 0.05) validated the

improvements over all existing approaches.

4.5 Computational Efficiency Analysis
To assess computational efficiency, a comparative

analysis was conducted against U-Net and M-U-Net

based on model complexity, training time,

inference speed, and segmentation accuracy.

Table 6: Computational Efficiency Comparison

Method Parameters μT(s) ΣT(s) DSC JI

U-Net 34,513,410 39.2 1960 0.8759 0.8391

M-U-Net 31,047,105 35.2 1760 0.9220 0.8569

ResUNet50 13,603,649 8.12 406 0.9553 0.9151

ResUNet50 exhibits a significantly lower parameter
count of 13.6 million, compared to 34.5 million

for U-Net and 31.0 million for M-U-Net. The

training time for ResUNet50 is 406 seconds,

approximately 4.8 times faster than U-Net (1,960

seconds). The average processing time per step is

8.12 seconds, significantly outperforming U-Net
(39.2 seconds). Despite this lower computational

burden, ResUNet50 maintains superior

segmentation accuracy with a DSC of 0.9553 and
Jaccard Index of 0.9151.

4.6 Evaluation on BraTS 2018 for Generalization
To assess generalization capability, the proposed

ResUNet50 model was evaluated on the BraTS

2018 dataset for Whole Tumor (WT) segmentation

across all MRI modalities (FLAIR, T1, T1-CE, and
T2) for both HGG and LGG cases.

Table 7: Performance Evaluation on BraTS 2018 MRI Modalities

Grade Modality Accuracy Loss Dice Jaccard

HGG FLAIR 0.9981 0.0048 0.9187 0.8506

HGG T1 0.9988 0.0030 0.9157 0.8463

HGG T1-CE 0.9977 0.0055 0.9133 0.8414

HGG T2 0.9989 0.0028 0.9201 0.8538

LGG FLAIR 0.9980 0.0049 0.9251 0.8621

LGG T1 0.9987 0.0033 0.9215 0.8562

LGG T1-CE 0.9979 0.0051 0.9234 0.8587

LGG T2 0.9987 0.0032 0.9234 0.8593
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The proposed ResUNet50 model performs

consistently across different MRI modalities, with

Dice scores ranging from 0.9133 to 0.9201 for

HGG and 0.9215 to 0.9251 for LGG cases. The

highest Dice coefficient is achieved with T2-

weighted images. On BraTS 2018, the proposed

method achieves the highest overall Dice
coefficient of 0.9202, surpassing U-Net (0.8440),

BrainSeg-Net (0.8940), U-Net-prep (0.9000), and

ensemble-based approaches. Statistical analysis

confirms these improvements are statistically

significant (all p < 0.05).

5. Conclusion
This study proposed a ResUNet50-based approach
for brain tumor segmentation, integrating U-Net

with ResNet50 as the encoder to enhance accuracy

and robustness. The proposed method consistently

outperformed state-of-the-art models, achieving

Dice coefficients above 0.95 and Jaccard indices

exceeding 0.91. Evaluations across multiple metrics,

including Pixel Accuracy, Precision, Recall, F1

Score, and Mean IoU, further confirmed its

superior segmentation capability. To assess

generalization, we evaluated ResUNet50 on the

BraTS 2018 dataset for Whole Tumor

segmentation across multiple MRI modalities

(FLAIR, T1, T1-CE, and T2). The model

demonstrated high segmentation performance on

both High-Grade Glioma (HGG) and Low-Grade

Glioma (LGG), reinforcing its effectiveness across

diverse imaging conditions. Comparative analysis

confirmed superiority, and statistical significance

tests (Paired t-tests and Wilcoxon Signed-Rank

Tests, p < 0.05) validated the improvements over

existing models. Additionally, ResUNet50 reduced

parameters by over 60% and accelerated inference

speed by 4.8× compared to U-Net, enhancing its

suitability for clinical deployment. The PSO-based

preprocessing pipeline, including adaptive

thresholding, morphological refinement, and test-

time augmentation, further contributed to

segmentation robustness without requiring manual

parameter tuning.

Future work will address the remaining challenges

in segmentation accuracy and model

interpretability. Planned directions include
integrating ensemble learning techniques such as

model averaging and stacked generalization,

exploring bio-inspired metaheuristic optimization

for automated hyperparameter tuning, and

validating ResUNet50 on multi-center MRI

datasets to evaluate robustness across imaging

protocols and scanner variations. To enhance
interpretability, explainable AI (XAI) techniques

such as Grad-CAM and saliency maps will be

incorporated, allowing clinicians to understand

model decisions and increase trust in automated

segmentation systems. These advancements will

enhance the model's clinical viability and

interpretability. This study provides a highly

accurate, efficient, and generalizable framework for

brain tumor segmentation, contributing to the

advancement of AI-driven medical imaging

technologies in neuro-oncology.

References
1. Khan, S. U. R., & Khan, Z. (2025). Detection

of Abnormal Cardiac Rhythms Using Feature

Fusion Technique with Heart Sound

Spectrograms. Journal of Bionic Engineering,

1-20.

2. Waqas, Muhammad, Syed Umaid Ahmed,

Muhammad Atif Tahir, Jia Wu, and Rizwan

Qureshi. "Exploring multiple instance

learning (MIL): A brief survey." Expert

Systems with Applications 250 (2024): 123893.

3. Hekmat, A., et al., Brain tumor diagnosis

redefined: Leveraging image fusion for MRI

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


ISSN (e) 3007-3138 (p) 3007-312X

https://sesjournal.com |Asam et al.,2026 | Page 205

enhancement classification. Biomedical Signal

Processing and Control, 2025. 109: p. 108040.

4. Bilal, Omair, Arash Hekmat, Inzamam

Shahzad, Asif Raza, and Saif Ur Rehman

Khan. "Boosting Machine Learning Accuracy

for Cardiac Disease Prediction: The Role of

Advanced Feature Engineering and Model
Optimization." The Review of Socionetwork

Strategies (2025): 1-30.

5. Khan, M.A., Khan, S.U.R. & Lin, D.

Shortening surgical time in high myopia

treatment: a randomized controlled trial

comparing non-OVD and OVD techniques in

ICL implantation. BMC Ophthalmol 25, 303
(2025). https://doi.org/10.1186/s12886-025-

04135-3

6. Khan, Saif Ur Rehman, Asif Raza, Inzamam

Shahzad, and Ghazanfar Ali. "Enhancing

concrete and pavement crack prediction

through hierarchical feature integration with

VGG16 and triple classifier ensemble." In

2024 Horizons of Information Technology

and Engineering (HITE), pp. 1-6. IEEE, 2024.

7. Ur Rehman Khan, Saif, Omair Bilal, Arash

Hekmat, Inzamam Shahzad, and Asif Raza.

"Advancing food safety: deep learning for

accurate detection of bacterial contaminants."

Memetic Computing 18, no. 1 (2026): 11.

8. Waqas, Muhammad, Muhammad Atif Tahir,

Sumaya Al-Maadeed, Ahmed Bouridane, and

Jia Wu. "Simultaneous instance pooling and

bag representation selection approach for

multiple-instance learning (MIL) using vision

transformer." Neural Computing and

Applications 36, no. 12 (2024): 6659-6680.

9. Khan, S.U.R., Asif, S., Bilal, O. et al. Lead-

cnn: lightweight enhanced dimension

reduction convolutional neural network for

brain tumor classification. Int. J. Mach. Learn.

& Cyber. (2025).

https://doi.org/10.1007/s13042-025-02637-6.

10. Khan, S. U. R., Asif, S., Zhao, M., Zou, W., Li,

Y., & Xiao, C. (2026). ShallowMRI: A novel

lightweight CNN with novel attention

mechanism for Multi brain tumor

classification in MRI images. Biomedical
Signal Processing and Control, 111, 108425.

11. Waqas, Muhammad, Muhammad Atif Tahir,

and Rizwan Qureshi. "Deep Gaussian mixture

model based instance relevance estimation for

multiple instance learning applications."

Applied intelligence 53, no. 9 (2023): 10310-

10325.
12. Khan, M. A., Khan, S. U. R., Rehman, H. U.,

Aladhadh, S., & Lin, D. (2025). Robust

InceptionV3 with Novel EYENET Weights

for Di-EYENET Ocular Surface Imaging

Dataset: Integrating Chain Foraging and

Cyclone Aging Techniques. International

Journal of Computational Intelligence

Systems, 18(1), 1-26.

13. Khan, S.U.R., Zhao, M. & Li, Y. Detection of

MRI brain tumor using residual skip block

based modified MobileNet model. Cluster

Comput 28, 248 (2025).

https://doi.org/10.1007/s10586-024-04940-3

14. Al-Khasawneh, Mahmoud Ahmad, Asif Raza,

Saif Ur Rehman Khan, and Zia Khan. "Stock

Market Trend Prediction Using Deep

Learning Approach." Computational

Economics (2024): 1-32

15. Waqas, Muhammad, Muhammad Atif Tahir,

and Salman A. Khan. "Robust bag

classification approach for multi-instance

learning via subspace fuzzy clustering." Expert

Systems with Applications 214 (2023): 119113.

16. Khan, U. S., & Khan, S. U. R. (2025). Ethics

by Design: A Lifecycle Framework for

https://doi.org/10.1186/s12886-025-04135-3
https://doi.org/10.1186/s12886-025-04135-3
https://doi.org/10.1007/s13042-025-02637-6
https://doi.org/10.1007/s10586-024-04940-3
https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


ISSN (e) 3007-3138 (p) 3007-312X

https://sesjournal.com |Asam et al.,2026 | Page 206

Trustworthy AI in Medical Imaging From

Transparent Data Governance to Clinically

Validated Deployment. arXiv preprint

arXiv:2507.04249.

17. Khan, S. U. R., Asif, S., Zhao, M., Zou, W.,

Li, Y., & Xiao, C. (2026). ShallowMRI: A

novel lightweight CNN with novel attention
mechanism for Multi brain tumor

classification in MRI images. Biomedical

Signal Processing and Control, 111, 108425.

18. Khan, Z., Khan, S. U. R., Bilal, O., Raza, A.,

& Ali, G. (2025, February). Optimizing

Cervical Lesion Detection Using Deep

Learning with Particle Swarm Optimization.
In 2025 6th International Conference on

Advancements in Computational Sciences

(ICACS) (pp. 1-7). IEEE.

19. Waqas M, Bandyopadhyay R, Showkatian E,

Muneer A, Zafar A, Alvarez FR, Marin MC, Li

W, Jaffray D, Haymaker C, Heymach J. The

Next Layer: Augmenting Foundation Models

with Structure-Preserving and Attention-

Guided Learning for Local Patches to Global

Context Awareness in Computational

Pathology. arXiv preprint arXiv:2508.19914.

2025 Aug 27.

20. Khan, S. U. R., Rehman, H. U., & Bilal, O.

(2025). AI-powered cancer diagnosis:

classifying viable (live) vs non-viable (dead)

cells using transfer learning. Signal, Image and

Video Processing, 19(15), 1326.

21. Waqas, Muhammd, Muhammad Atif Tahir,

and Rizwan Qureshi. "Ensemble-based

instance relevance estimation in multiple-

instance learning." In 2021 9th European

workshop on visual information processing

(EUVIP), pp. 1-6. IEEE, 2021.

22. Shahzad, Inzamam, Asif Raza, and

Muhammad Waqas. "Medical Image Retrieval

using Hybrid Features and Advanced

Computational Intelligence Techniques."

Spectrum of engineering sciences 3, no. 1

(2025): 22-65.

23. Bilal, O., Hekmat, A., Shahzad, I. et al.

Boosting Machine Learning Accuracy for

Cardiac Disease Prediction: The Role of
Advanced Feature Engineering and Model

Optimization. Rev Socionetwork Strat (2025).

https://doi.org/10.1007/s12626-025-00190-w

24. Asif Raza, Inzamam Shahzad, Ghazanfar Ali,

and Muhammad Hanif Soomro. "Use

Transfer Learning VGG16, Inception, and

Reset50 to Classify IoT Challenge in Security
Domain via Dataset Bench Mark." Journal of

Innovative Computing and Emerging

Technologies 5, no. 1 (2025).

25. Waqas, Muhammad, Zeshan Khan, Shaheer

Anjum, and Muhammad Atif Tahir. "Lung-

Wise Tuberculosis Analysis and Automatic

CT Report Generation with Hybrid Feature

and Ensemble Learning." In CLEF (Working

notes), pp. 1-10. 2020.

26. Khan, M. A., Khan, S. U. R., Rehman, H. U.,

Aladhadh, S., & Lin, D. (2025). Robust

InceptionV3 with Novel EYENET Weights

for Di-EYENET Ocular Surface Imaging

Dataset: Integrating Chain Foraging and

Cyclone Aging Techniques. International

Journal of Computational Intelligence

Systems, 18(1), 204.

27. Raza, Asif, Inzamam Shahzad, Muhammad

Salahuddin, and Sadia Latif. "Satellite Imagery

Employed to Analyze the Extent of Urban

Land Transformation in The Punjab District

of Pakistan." Journal of Palestine Ahliya

University for Research and Studies 4, no. 2

(2025): 17-36.

https://doi.org/10.1007/s12626-025-00190-w
https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


ISSN (e) 3007-3138 (p) 3007-312X

https://sesjournal.com |Asam et al.,2026 | Page 207

28. Khan, S. U. R., Asif, S., Zhao, M., Zou, W., Li,

Y., & Li, X. (2025). Optimized deep learning

model for comprehensive medical image

analysis across multiple modalities.

Neurocomputing, 619, 129182.

29. Khan, S. U. R., Asif, S., Zhao, M., Zou, W.,

& Li, Y. (2025). Optimize brain tumor
multiclass classification with manta ray

foraging and improved residual block

techniques. Multimedia Systems, 31(1), 1-27.

30. Raza, Asif, Salahuddin, & Inzamam Shahzad.

(2024). Residual Learning Model-Based

Classification of COVID-19 Using Chest

Radiographs. Spectrum of Engineering
Sciences, 2(3), 367–396.

31. Asif Raza, Salahuddin, Ghazanfar Ali,

Muhammad Hanif Soomro, Saima Batool,

"Analyzing the Impact of Artificial Intelligence

on Shaping Consumer Demand in E-

Commerce: A Critical Review", International

Journal of Information Engineering and

Electronic Business(IJIEEB), Vol.17, No.5, pp.

42-61, 2025. DOI:10.5815/ijieeb.2025.05.04

32. Khan, Saif Ur Rehman, Asif Raza, Inzamam

Shahzad, and Shehzad Khan. "Subcellular

Structures Classification in Fluorescence

Microscopic Images." In International

Conference on Computing & Emerging

Technologies, pp. 271-286. Cham: Springer

Nature Switzerland, 2023.

33. Maqsood, H., & Khan, S. U. R. (2025). MeD-

3D: A Multimodal Deep Learning Framework

for Precise Recurrence Prediction in Clear

Cell Renal Cell Carcinoma (ccRCC). arXiv

preprint arXiv:2507.07839.

34. Salahuddin, Syed Shahid Abbas, Prince

Hamza Shafique, Abdul Manan Razzaq, &

Mohsin Ikhlaq. (2024). Enhancing Reliability

and Sustainability of Green Communication

in Next-Generation Wireless Systems through

Energy Harvesting. Journal of Computing &

Biomedical Informatics.

35. S. U. R. Khan, A. Raza, I. Shahzad and G. Ali,

"Enhancing Concrete and Pavement Crack

Prediction through Hierarchical Feature

Integration with VGG16 and Triple Classifier
Ensemble," 2024 Horizons of Information

Technology and Engineering (HITE), Lahore,

Pakistan, 2024, pp. 1-6.

36. Mahmood, F., Abbas, K., Raza, A., Khan,M.A.,

& Khan, P.W. (2019 ). Three Dimensional

Agricultural Land Modeling using Unmanned

Aerial System (UAS). International Journal of
Advanced Computer Science and

Applications (IJACSA) [p-ISSN : 2158-107X,

e-ISSN : 2156-5570], 10(1).

37. Meeran, M. T., Raza, A., & Din, M. (2018).

Advancement in GSM Network to Access

Cloud Services. Pakistan Journal of

Engineering, Technology & Science [ISSN:

2224-2333], 7(1).

38. Khan, S. U. R., Asif, S., & Bilal, O. (2025).

Ensemble Architecture of Vision Transformer

and CNNs for Breast Cancer Tumor

Detection From Mammograms. International

Journal of Imaging Systems and Technology,

35(3), e70090.

39. Salahuddin, Hussain, M., Hamza Shafique, P.,

& Abbas, S. S. (2024). Intelligent Melanoma

Detection Based On Pigment Network. Kashf

Journal Of Multidisciplinary Research, 1(10),

1-14.

40. HUSSAIN, S., Raza, A., MEERAN, M. T.,

IJAZ, H. M., & JAMALI, S. (2020). Domain

Ontology Based Similarity and Analysis in

Higher Education. IEEEP New Horizons

Journal, 102(1), 11-16.

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


ISSN (e) 3007-3138 (p) 3007-312X

https://sesjournal.com |Asam et al.,2026 | Page 208

41. Hekmat, A., Zuping, Z., Bilal, O., & Khan, S.

U. R. (2025). Differential evolution-driven

optimized ensemble network for brain tumor

detection. International Journal of Machine

Learning and Cybernetics, 1-26.

42. Raza, A., & Meeran, M. T. (2019). Routine of

Encryption in Cognitive Radio Network.
Mehran University Research Journal of

Engineering and Technology [p-ISSN: 0254-

7821, e-ISSN: 2413-7219], 38(3), 609-618.

43. Raza, Asif , Soomro, M. H., Shahzad, I., &

Batool, S. (2024). Abstractive Text

Summarization for Urdu Language. Journal of

Computing & Biomedical Informatics, 7(02).
44. Khan, S. U. R. (2025). Multi-level feature

fusion network for kidney disease detection.

Computers in Biology and Medicine, 191,

110214.

45. Aslam, M., Salahuddin, Ali, G., & Batool, S.

(2024). Assessing The Effects Of Big Data

Analytics And Ai On Talent Acquisition And

Retention. Kashf Journal Of Multidisciplinary

Research, 1(11), 73-84.

46. M. Wajid, M. K. Abid, A. Asif Raza, M.

Haroon, and A. Q. Mudasar, “Flood

Prediction System Using IOT & Artificial

Neural Network”, VFAST trans. softw. eng.,

vol. 12, no. 1, pp. 210–224, Mar. 2024.

47. Bilal, O., Hekmat, A., & Khan, S. U. R.

(2025). Automated cervical cancer cell

diagnosis via grid search-optimized multi-CNN

ensemble networks. Network Modeling

Analysis in Health Informatics and

Bioinformatics, 14(1), 67.

48. Khan, S. R., Asif Raza, Inzamam Shahzad, &

Hafiz Muhammad Ijaz. (2024). Deep transfer

CNNs models performance evaluation using

unbalanced histopathological breast cancer

dataset. Lahore Garrison University Research

Journal of Computer Science and Information

Technology, 8(1).

49. N. Mayumu, D. Xiaoheng, P. Mukala, S. U. R.

Khan and M. U. Saeed, "Omni-V2X: A

Vision-Language Model for Actionable

Insights in Vehicle-to-Everything Systems,"

2025 International Joint Conference on
Neural Networks (IJCNN), Rome, Italy, 2025,

pp. 1-8, doi:

10.1109/IJCNN64981.2025.11228491.

50. M. Waqas, Z. Khan, S. U. Ahmed and Asif.

Raza, "MIL-Mixer: A Robust Bag Encoding

Strategy for Multiple Instance Learning (MIL)

using MLP-Mixer," 2023 18th International
Conference on Emerging Technologies

(ICET), Peshawar, Pakistan, 2023, pp. 22-26.

51. Soomro, M. H., Salahuddin, Irtaza, G., Ali, G.,

& Batool, S. (2024). Use Image Processing

Model To Fruit Quality Detection. Kashf

Journal Of Multidisciplinary Research, 1(11),

85-106.

52. S. ur R. Khan, Asif. Raza, Muhammad

Tanveer Meeran, and U. Bilhaj, “Enhancing

Breast Cancer Detection through Thermal

Imaging and Customized 2D CNN

Classifiers”, VFAST trans. softw. eng., vol. 11,

no. 4, pp. 80–92, Dec. 2023.

53. Chomba, B., Mukala, P., Mayumu, N., &

Khan, S. U. R. (2025). DynaKG: Dynamic

Knowledge Graph Attention With Learnable

Temporal Decay for Recommendation. IEEE

Access, 13, 216956-216970.

54. O. Bilal, Asif Raza, S. ur R. Khan, and

Ghazanfar Ali, “A Contemporary Secure

Microservices Discovery Architecture with

Service Tags for Smart City Infrastructures ”,

VFAST trans. softw. eng., vol. 12, no. 1, pp.

79–92, Mar. 2024

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


ISSN (e) 3007-3138 (p) 3007-312X

https://sesjournal.com |Asam et al.,2026 | Page 209

55. Ashraf, M., Jalil, A., Salahuddin & Jamil, F.

(2024). Design And Implementation Of Error

Isolation In Techno Meter. Kashf Journal Of

Multidisciplinary Research, 1(12), 49-66.

56. Yang, H., Khan, S. U. R., Bilal, O., Chen, C.,

& Zhao, M. (2025). CEOE-Net: Chaotic

Evolution Algorithm-Based Optimized
Ensemble Framework Enhanced with Dual-

Attention for Alzheimer’s Diagnosis. Computer

Modeling in Engineering & Sciences, 145(2), 2401.
57. S. Ur Rehman Khan, O. Bilal, S. Mistry, N.

Deb, M. Mahmud and M. Bhuyan, "KDLight:

A Lightweight Knowledge Distillation
Framework for Medical Image

Classification," 2025 International Joint

Conference on Neural Networks (IJCNN), Rome,
Italy, 2025, pp. 1-8, doi:

10.1109/IJCNN64981.2025.11228615.

58. O. Bilal, S. Ur Rehman Khan, S. Mistry, N.
Deb, M. Mahmud and M. Bhuyan, "Towards

Efficient Pruning and Multi-Scale Feature

Transformations to Uncover Medical

Diseases," 2025 International Joint Conference on

Neural Networks (IJCNN), Rome, Italy, 2025,

pp. 1-8, doi:

10.1109/IJCNN64981.2025.11229047.
59. Shahzad, Inzamam, Asif Raza, Hasaan

Maqsood, Saif Ur Rehman Khan, and

Ghazanfar Ali. "Towards Robust Breast

Cancer Diagnosis: A Hybrid Deep Learning

Ensemble Framework." In 2025 Horizons of

Information Technology and Engineering
(HITE), pp. 1-6. IEEE, 2025.

60. Ishfaque, M., Khan, S. U. R., & Lou, Y. L.

(2026). Towards efficient dam inspection:

crack detection via chirplet transform feature

and a pruned VGG16 architecture. Memetic

Computing, 18(1), 9.

61. Sohail, Muhammad Faisal, Hassan Raza Khan,

And Muhammad Tanveer Meeran.

"Convolutional Neural Network Architectures

For Robust Image Feature Representation In

Retrieval Systems." Kashf Journal Of

Multidisciplinary Research 3, No. 02 (2026):

109-139.

62. Bilal, O., Hekmat, A., Khan, S. U. R., Raza,

A., & Ali, G. (2025, December). MS-STO-Net:

A Multi-Scale State Transition Optimization-

Based Ensemble Network for Accurate White

Blood Cell Classification. In 2025 27th

International Multitopic Conference (INMIC) (pp.

1-6). IEEE.

63. N. Mayumu, X. Deng, A. Bagula, S. u. R.

Khan and P. Mukala, "V2X-JEPA: Self-

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


ISSN (e) 3007-3138 (p) 3007-312X

https://sesjournal.com |Asam et al.,2026 | Page 210

Supervised Multi-Agent Joint Embedding

Predictive Architecture for Robust Vehicle-to-

Everything Perception," in IEEE Internet of

Things Journal, doi:
10.1109/JIOT.2026.3660030.

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

	1.Introduction
	2.Related Work
	3.Methodology
	4.Result and Implementation
	5.Conclusion
	References

