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ABSTRACT

Accurate brain tissue mapping and tumor detection on MRI scans are essential for diagnosis and surgical planning, but
manual methods are time-consuming, and existing computer tools struggle with intensity inhomogeneity and overlapping
tissue intensities. Our solution employs a two-stage framework to address these challenges. Initially, we preprocess the
MRI volumes to remove skull and non-brain elements, applying a non-local means filter to reduce Rician noise while
preserving anatomical edges. We enhance our limited medical datasets with geometric transformations, enabling the model
to recognize tissues and tumors from various perspectives.The resulting cleaned images undergo two stages of analysis.
The first stage utilizes a U-Net to segment the brain into cerebrospinal fluid, white matter, and gray matter, yielding a
detailed tissue classification. The second stage involves a Squeeze-and-Excitation Mobile-Net classifier that distinguishes
between normal and tumor-containing scans. Hyperparameters are optimized through Chicken Swarm Optimization for
improved performance.Our framework is evaluated on multiple metrics, achieving notable results: 99.23% accuracy in
tumor detection and high Dice scores of 98.33% for CSF, 98.04% for gray matter, and 99.15% for white matter,
outperforming advanced clustering techniques. Our method excels in low-contrast areas, providing sharper tissue

boundaries. This efficient tool enhances routine brain mapping and urgent tumor screening for clinicians.
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INTRODUCTION

MRI is the preferred tool for brain scans, providing a
detailed, non-invasive view of brain structure. Radiologists
analyze scans to identify cerebrospinal fluid, gray matter,
and white matter, detecting abnormalities like tumors. This
mapping aids in surgery, radiation planning, and disease
monitoring, although current methods face significant
limitations.

The first issue is the time-consuming process of manually
tracing MRI scans, which delays treatment in busy
hospitals. The second issue is inconsistency, with even
skilled radiologists drawing different boundaries on the
same scan, particularly when image quality is poor. The
third problem stems from the imperfect nature of MRI scans
themselves. Intensity inhomogeneity causes tissue types to
appear differently due to magnetic field variations, while
Rician noise introduces graininess that obscures fine
details. Tumors complicate matters further, often
mimicking healthy tissue intensity or blending into white
matter, making it challenging to identify small lesions that
require early detection.

Deep learning, particularly through convolutional neural
networks like U-Net, revolutionizes medical image
segmentation by identifying tissues and abnormalities
directly from images. U-Net excels in retaining spatial
details and broader context essential for tissue mapping.

However, traditional models for segmentation often miss
tumors, while classification models neglect location
information. This duality creates a need for comprehensive
solutions. Our approach integrates both tasks in one
framework, beginning with a U-Net to segment the brain
into cerebrospinal fluid, white matter, and gray matter,
generating a precise tissue map. This map is then analyzed
by a Squeeze-and-Excitation Mobile-Net classifier to
determine if the scan is normal or shows a tumor, enhancing
diagnostic accuracy through contextual understanding.

We develop a preprocessing pipeline for clinical MRI by
skull stripping to isolate the brain and applying non-local
means filtering to mitigate Rician noise while preserving
anatomical edges. To address small medical datasets, we
enhance training data with geometric augmentations like
rotations and flips, enabling the model to learn orientation-
invariant features. We utilize Chicken Swarm Optimization
for hyperparameter tuning, critical for improving medical
data performance. Our automated framework operates
under realistic MRI conditions and is evaluated against
standard metrics, fuzzy clustering methods, and M-Net
baselines, aiming for reliable results in low-contrast areas
and around small tumors, where current tools struggle.
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Brain MRI analysis evolved from simple processing to deep
learning, spurred by annotated data availability and
computing power growth.

Traditional Clustering and Thresholding Methods: In
the early days, researchers used clustering techniques like
fuzzy c-means for brain tissue segmentation, allowing
pixels to belong to multiple classes, crucial for overlapping
intensity values in MRI. Later, improvements added spatial
information to reduce noise sensitivity. Fuzzy consensus
clustering combined multiple FCM runs for stability. While
fast and practical without manual annotations, clustering
struggled with intensity inhomogeneity and tumors, leading
to mislabeling. Threshold-based methods also faced
challenges due to varying tumor appearances. Region
growing methods relied on human input but often leaked
into healthy tissue, proving unreliable for clinical
applications.

Early Deep Learning and U-Net: The introduction of U-
Net revolutionized biomedical image segmentation with its
simple yet effective architecture, featuring an encoder,
decoder, and crucial skip connections that retain spatial
details lost in deeper networks. Despite significant
advancements over clustering methods on BraTS datasets,
challenges remained in detecting small tumors and blurry
edema boundaries due to the standard U-Net's limited
receptive field. Efforts to enhance performance led to the
development of 3D U-Net and V-Net, which improved
segmentation quality but required substantial computational
resources, resulting in increased reliance on data
augmentation and consistent preprocessing techniques.
Attention ~ Mechanisms and  Mobile-Nets  for
Classification: Mobile-Net prioritizes speed and efficiency
for clinical deployment, achieving this by utilizing depth-
wise separable convolutions. The addition of Squeeze-and-
Excitation blocks in SE-Mobile-Net enhances feature focus
on tumors, improving performance without significant new
parameters. However, many studies neglected anatomical
context from tissue segmentation maps, undermining
classification accuracy by overlooking vital structural
information.

Hybrid Pipelines and  Optimization:  Recent
advancements integrate segmentation and classification
into unified pipelines, using models like M-Net to first
segment brain tissues before facilitating tumor detection.
This logical approach simplifies tumor identification by
leveraging anatomical context. However, previous hybrid
models relied on basic classifiers with fixed
hyperparameters, risking performance drops with variable
noise or scanner differences. Metaheuristic optimization
techniques, particularly Chicken Swarm Optimization, have
been introduced to adaptively fine-tune network
parameters, showing promising results in other imaging
modalities but lacking widespread application in MRI
pipelines.

Gaps This Work Addresses: Three clear gaps are
identified: segmentation and classification are usually
treated independently; non-local means filtering is rarely
combined with CSO-tuned classifiers for brain analysis;
and newer methods like M-Net are overlooked in
comparisons. The proposed framework integrates U-Net

and SE-Mobile-Net for cohesive tissue mapping and tumor
detection, utilizing Chicken Swarm Optimization to
enhance stability in low-contrast scans.

Proposed Methodology

A two-stage pipeline maps brain tissues and uses that map
to detect tumors, leveraging radiologists' methods by
considering spatial context of abnormalities within
anatomical structures.

TiDate Data Preprocessing

-
o) /‘\ ]
(S | LAY VA 4 \
Resizing N

Filtering

Prpoposed U- Net
Model
Model Evaluation
Generation of Segmented Mask
* Model Loss
+ Dice P e
 Seeticent ¥ \ Different Transfer
i \ Learning Models as
Coefficient > 2
" L o~ Encoders for
U Net Topology
Inception V3
+ SeResNet 101
VGG 19
+ DenseNet 121
InceptionResNet V2
« EfficientNet B0

Fig.1. Proposed Two-Stage MRI Brain Analysis
Architecture

A. Preprocessing: Raw MRI volumes present challenges,
including unnecessary tissues like the skull and eyes, along
with Rician noise. Skull stripping removes non-brain
elements, ensuring the network focuses on relevant brain
tissues. Next, non-local means filtering effectively reduces
noise, preserving anatomical boundaries without blurring
critical features like tumor edges. Given the limited size of
medical datasets, geometric augmentation enhances
training data by randomly flipping and rotating volumes
without altering tissue shapes. This approach avoids elastic
deformation, which can distort small lesions and
compromise their boundary accuracy.

B. Stage One-Tissue Segmentation with U-Net: After
cleaning the volume, we input it slice-by-slice into a 2D U-
Net to leverage faster training and lower memory usage,
aligning with existing DICOM workflows. The U-Net
features an encoder-decoder structure with skip connections
for spatial detail preservation. The output is a three-channel
probability map for cerebrospinal fluid, gray matter, and
white matter, using a combined Dice and cross-entropy loss
to ensure balanced region recognition.

C Stage Two - Tumor Classification with SE-Mobile-
Net: The two-stage design enhances MRI classification by
concatenating the original slice with a tissue map, resulting
in a four-channel input: a grayscale image combined with
CSF, gray matter, and white matter probability maps. This
is input into a Squeeze-and-Excitation Mobile-Net, which
optimizes feature channels based on relevance for tumor
detection. Unlike standard Mobile-Net, SE-Mobile-Net
emphasizes channels indicating texture disruptions and
tissue boundaries while minimizing ordinary anatomical
variations. The final output is a binary softmax layer
indicating normal or tumor.
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D. Chicken Swarm Optimization for Tuning: Deep
learning models rely heavily on hyperparameters, with
potential instability on specific datasets like medical MRI.
Chicken Swarm Optimization is employed to optimize key
hyperparameters: learning rate, batch size, and reduction
ratio of the SE block. This nature-inspired algorithm
efficiently balances exploration and exploitation,
completing optimization in under two hours, significantly
faster than traditional grid search methods.

E. Training Strategy: The training process involves two
distinct stages. In Stage One, the U-Net is trained
independently until the validation Dice score plateaus, after
which its weights are frozen. Stage Two sees the SE-
Mobile-Net trained on the combined four-channel input,
with  Chicken = Swarm  Optimization  updating
hyperparameters every three epochs. This separation
ensures classification loss doesn’t affect segmentation
weights, maintaining the stability of tissue maps. During
inference, the full pipeline operates seamlessly in one pass,
processing an input slice through various stages in under
120 milliseconds on a single GPU, making it suitable for
clinical use.

Results

We evaluated our two-stage framework on a brain MRI
dataset against fuzzy c-means, fuzzy consensus clustering,
and M-Net using MATLAB R2026a.

Tumor Detection Performance: Model tumor detection
performance summarized in Table 1 indicates effectiveness
and accuracy.
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Table 1: Tumor Detection Results Compared to
Baselines
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Fig.2. Tumor Detection Results Compared to Baselines
The model achieved 99.23% accuracy in tumor detection,
with precision at 98.90% and recall at 99.10%. It rarely
misses tumors and raises few false alarms. The confusion
matrix indicates strong performance, with 496 of 500
normal and tumor scans correctly labeled, meeting clinical
demands.

B. Tissue Mapping Performance: The U-Net's accuracy
in separating cerebrospinal fluid, gray matter, and white
matter is evaluated using Dice scores
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Table 2: Tissue Segmentation Dice Scores Compared to
Baselines
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Fig.3. Tissue Segmentation Dice Scores Compared to
Baselines

Our model achieved scores of 98.33% for CSF, 98.04% for
gray matter, and 99.15% for white matter, surpassing M-Net
by 5.23, 4.54, and 4.35 points, respectively. It excelled near
tumor boundaries and in low-contrast regions, maintaining
accuracy in segmentation compared to other methods, as
shown in Figure 3

Effect of Chicken Swarm Optimization

A controlled experiment measured Chicken Swarm
Optimization’s contributions, training the SE-Mobile-Net
classifier with fixed and CSO-tuned hyperparameters,
showing stability comparison in Table 3.
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Table 3: Classifier Stability With and Without CSO
Without CSO, wvalidation accuracy varied =+1.80%,
fluctuating between 98.50% and 94.90%. With CSO tuning,
this reduced to +0.30%. Optimization found optimal
parameters in under two hours, enhancing consistency
significantly

D. Speed and Feasibility: Inference speed is crucial for
clinical workflow; our end-to-end pipeline processes each
slice in about 120 milliseconds on an RTX 4060 GPU,
enabling a typical 155-slice MRI volume to complete in
approximately 18.6 seconds.

E. Summary of Findings: Table 4 brings all the metrics
together for a complete view of our model's performance.

Metric

Gray Matter Dice Score

'White Matter Dice Score

Jaccard Index (Mean)

Table 4: Overall Performance Summary

Our two-stage framework effectively maps brain tissues
and classifies tumors with high fidelity, accurate decisions,
and consistency, outperforming baselines in challenging
scenarios like low contrast and small lesions.

Conclusion

This study aims to develop an automated system that
efficiently maps brain tissues and detects tumors from MRI
scans in clinical settings. By combining tissue segmentation
and tumor detection into a cohesive approach, the
framework enhances clinical understanding by utilizing a
two-stage design. The results indicate high accuracy, with
99.23% success in tumor detection and nearly 99%
precision and recall. Tissue mapping also performed well,
achieving Dice scores of 98.33% for CSF, 98.04% for gray
matter, and 99.15% for white matter, particularly improving
performance near tumor edges and low-contrast regions.

Three key design choices contributed significantly: non-
local means filtering eliminated Rician noise while
preserving anatomical boundaries; Squeeze-and-Excitation
blocks focused the classifier on tumor-relevant features;
and Chicken Swarm Optimization refined hyperparameters,
enhancing stability from +1.8% to +0.3%. The system
processes slices in approximately 120 milliseconds,
integrating  seamlessly into  clinical ~ workflows.

However, it currently relies on curated datasets, lacks 3D
processing, and does not provide uncertainty estimates.
Future improvements will aim to enhance robustness across
diverse patient populations and provide confidence levels in

tumor det¢ction, further supporting radiologists in decision-
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