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Abstract

Accurate detection and segmentation of brain cancer in MRI scans are
critical for effective diagnosis and treatment planning. Traditional
methods often struggle with the complexities of tumor morphology and
variations in scan quality. Existing detection systems can be slow and
may not effectively handle the variability in tumor appearances,
leading to potential delays in diagnosis and treatment. To address these
challenges, we propose an enhanced detection framework using a
Siamese Regional Proposed Network (SRPN). The SRPN integrates
template branch and bounding box regression to expedite detection
processes. The system utilizes an extended Siamese network to learn
the distance between tracklet pairs, capturing the local and global
features of tumors. These features are transferred to bidirectional gated
recurrent units (GRUs), which generate tracklets and segment them
into shorter sub-tracklets based on local distances. The segmented sub-
tracklets are then reconnected into longer trajectories using similarities
derived from temporal pooling global features. Additionally, fuzzy logic
fusion is employed to combine segmented regions for improved
accuracy. The SRPN-based framework demonstrated a significant
improvement in detection speed and accuracy. Experimental results
show an accuracy increase of 12% over traditional methods, achieving
94% accuracy with a detection time reduction of 30%. The system also
improved segmentation precision, with a mean Intersection over Union
(loU) score of 85%, compared to 75% in conventional approaches.
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1. INTRODUCTION

Brain cancer remains one of the most challenging and critical
health issues, with its diagnosis heavily relying on advanced
imaging techniques such as MRI scans. Early and accurate
detection of brain tumors is crucial for effective treatment and
improved patient outcomes. However, the complexity of tumor
shapes and the variability in MRI scans often pose significant
challenges to existing detection methods [1]. The primary
challenge in brain cancer detection lies in accurately segmenting
and identifying tumors amidst diverse and noisy imaging data.
Traditional methods often struggle with distinguishing tumor
boundaries due to the presence of artifacts and variations in tissue
characteristics [2]. Moreover, these methods can be
computationally intensive and slow, making them less effective
for real-time diagnosis. The need for high precision and speed in
detecting and segmenting tumors adds further complexity to the
problem. Existing brain tumor detection systems often rely on
conventional machine learning techniques or basic deep learning
models that may not adequately address the intricacies of tumor
morphology and MRI image variability [3]. These methods can
suffer from limited detection accuracy, slow processing times,
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and difficulty in handling complex tumor shapes. Consequently,
there is a pressing need for a more robust and efficient approach
that can improve detection speed and accuracy. This research
aims to enhance brain cancer detection by developing a novel
framework that combines advanced deep learning techniques with
efficient segmentation methods. The specific objectives are:

» To design and implement a Siamese Regional Proposed
Network (SRPN) that integrates template branch and
bounding box regression to improve detection speed and
accuracy.

» To leverage extended Siamese networks for learning the
distances between tracklet pairs, enhancing the feature
extraction process for tumor detection.

* To incorporate bidirectional gated recurrent units (GRUS)
for generating and segmenting tracklets, facilitating the
identification of complex tumor structures.

« To apply fuzzy logic fusion to combine segmented regions,
improving the overall accuracy and reliability of tumor
detection.

The proposed SRPN framework introduces several innovative
elements to the field of brain cancer detection. Firstly, the
integration of template branch and bounding box regression
within a Siamese network is novel, providing a more efficient and
accurate approach to tumor detection. Secondly, the use of
extended Siamese networks to learn distances between tracklet
pairs and transfer features to bidirectional GRUs represents a
significant advancement in capturing complex tumor features and
improving segmentation. Lastly, the application of fuzzy logic
fusion for combining segmented regions enhances the accuracy
and robustness of the detection system, addressing limitations of
traditional methods.

This research contributes to the field of brain cancer detection
in several key ways:

« It provides a novel framework (SRPN) that significantly
improves detection speed and accuracy through advanced
deep learning techniques.

It demonstrates the effectiveness of extended Siamese
networks and bidirectional GRUs in enhancing feature
extraction and segmentation processes.

« It introduces fuzzy logic fusion as a means to refine
segmented regions, leading to more accurate and reliable
tumor detection.

» The experimental results validate the proposed approach,
showing substantial improvements in detection accuracy
and processing time compared to conventional methods.
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2. RELATED WORKS

The field of brain cancer detection has seen significant
advancements over recent years, driven by improvements in
imaging technologies and the application of sophisticated
computational techniques. This section reviews relevant literature
focusing on deep learning methods for tumor detection,
segmentation approaches, and the integration of fuzzy logic in
medical imaging.

Deep learning has revolutionized medical imaging,
particularly in brain tumor detection. Convolutional Neural
Networks (CNNs) have been widely used due to their ability to
automatically learn hierarchical features from raw images. For
instance, the work of [7] employed CNNs for brain tumor
segmentation and demonstrated significant improvements in
accuracy and robustness over traditional methods. Their approach
involved a multi-scale CNN architecture, which was effective in
handling various tumor sizes and shapes.

Building upon this, more recent studies have explored
advanced architectures like U-Net, which combines an encoder-
decoder structure with skip connections to enhance feature
extraction and localization. The paper [8] introduced U-Net,
which has become a benchmark in medical image segmentation
due to its efficiency in capturing fine details and handling
complex structures. This model has been successfully applied to
brain tumor segmentation, achieving high performance in various
datasets.

Tracklet-based methods have also gained traction for their
ability to handle temporal information and track tumor evolution
over time. The concept of tracklets involves dividing image
sequences into shorter segments and then linking them to form
coherent trajectories. This approach is particularly useful in
dynamic imaging scenarios where tumors might change over
time. For example, the work of [9] explored the use of tracklets in
the context of MRI image sequences, utilizing a combination of
feature extraction and temporal pooling to improve tumor
detection accuracy.

The Siamese network architecture has shown promise in tasks
requiring similarity learning and pairwise distance measurement.
DeepSiam, as described by [10], leverages Siamese networks to
track objects by learning feature similarities between image pairs.
Extending this concept to brain tumor detection, the work of [5]
proposed an extended Siamese network for tumor segmentation.
Their approach used a dual-stream network to capture both local
and global features, improving segmentation accuracy by better
distinguishing tumor boundaries.

Bidirectional Gated Recurrent Units (GRUs) have been
explored for their ability to capture temporal dependencies in
sequential data. In medical imaging, bidirectional GRUs can
enhance feature extraction by considering information from both
past and future contexts. The study by [6] demonstrated that
bidirectional GRUs are effective in sequence modeling tasks, and
their application to medical imaging, as in the work of Liu et al.
[4], has shown improvements in segmenting dynamic structures
and temporal changes in tumor imaging.

Fuzzy logic has been applied to medical imaging to handle
uncertainties and variations in image data. Fuzzy logic systems
can combine multiple sources of information and provide more
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flexible decision-making processes. For instance, the research by
[11] utilized fuzzy logic for tumor classification, integrating
different imaging modalities and improving diagnostic accuracy.
In the context of segmentation, fuzzy clustering methods such as
Fuzzy C-Means (FCM) have been used to handle ambiguities in
tumor boundaries and enhance segmentation results.

Recent studies have also explored the integration of various
techniques to improve tumor detection. The work of [12]
combined deep learning with fuzzy logic for enhanced tumor
segmentation, leveraging the strengths of both approaches to
handle complex tumor shapes and image noise. Their hybrid
model demonstrated superior performance compared to
traditional methods by effectively combining deep feature
extraction with fuzzy decision-making processes.

The reviewed literature highlights the advancements in brain
cancer detection through deep learning, tracklet-based methods,
extended Siamese networks, bidirectional GRUs, and fuzzy logic.
These approaches collectively contribute to addressing the
challenges of tumor detection and segmentation, each offering
unique advantages. The proposed SRPN framework builds upon
these advancements by integrating template branch and bounding
box regression with extended Siamese networks and fuzzy logic
fusion, aiming to provide a more efficient and accurate solution
for brain cancer detection.

3. PROPOSED METHOD

The proposed method for enhanced brain cancer detection
involves a Siamese Regional Proposed Network (SRPN) that
integrates template branch and bounding box regression for
efficient tumor segmentation and detection. The SRPN
framework uses an extended Siamese network to learn the
distances between tracklet pairs, capturing intricate tumor
features across different MRI scans. The architecture includes a
template branch for feature extraction and a bounding box
regression module to refine tumor boundaries. Features extracted
from the template branch are fed into bidirectional Gated
Recurrent Units (GRUSs), which process sequential information to
generate tracklets. These tracklets are segmented into shorter sub-
tracklets based on local distances computed from the GRU
outputs. The algorithm then reassembles these sub-tracklets into
long trajectories using temporal pooling and global feature
similarities. Finally, fuzzy logic fusion is applied to combine the
segmented regions, improving overall detection accuracy. This
method enhances both the speed and precision of tumor detection
by leveraging advanced feature extraction, temporal analysis, and
flexible decision-making.

Pseudocode:

1. Initialize SRPN with template branch and bounding box
regression modules

2. For each MRI scan:
a. Extract features using the template branch of SRPN
b. Perform bounding box regression to refine tumor boundaries

3. Feed extracted features into the extended Siamese network to
learn distances between tracklet pairs

4. Transfer features to bidirectional GRUs:
a. Process features to generate tracklets
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b. Segment tracklets into short sub-tracklets based on local
distances from GRU outputs

5. Reconnect sub-tracklets into long trajectories using:
a. Temporal pooling
b. Similarities between global features

6. Apply fuzzy logic fusion to combine segmented regions:
a. Merge regions based on fuzzy decision-making rules
b. Refine detection results

7. Output the final tumor detection results with improved
accuracy and speed

3.1 FEATURE EXTRACTION
TEMPLATE BRANCH OF SRPN

USING THE

In the proposed Siamese Regional Proposed Network (SRPN),
the template branch is designed to extract distinctive features from
MRI scans for effective tumor detection. This branch operates as
a key component of the SRPN architecture, aimed at capturing
and processing intricate details of the brain tumor regions. The
following explains the working of this template branch with
associated equations:

3.1.1 Feature Extraction Process:

The template branch of SRPN employs a series of
convolutional layers to process input MRI images. Given an MRI
image | of size H xW , where H is the height and W is the width,
the convolutional operation can be mathematically expressed as:

I:i,j = Z Ii+m,j+n ! I’<m,n +b (1)

where Fi; represents the feature map at position (i,j), K denotes
the convolutional kernel of size kxk, and b is the bias term. This
convolutional operation extracts localized features from the
image, capturing spatial patterns relevant to tumor detection.

3.1.2 Hierarchical Feature Representation:

To capture features at different scales, the template branch
uses a hierarchical approach involving multiple convolutional
layers followed by pooling operations. The feature extraction at
each layer can be represented as:

F = Conv(F_,) ®Pool(F, ) )

where Conv denotes the convolution operation, Pool denotes the
pooling operation (e.g.,, max pooling), and & represents
concatenation of features from different layers. This hierarchical
representation enables the network to learn features at various
levels of abstraction, from low-level edges to high-level tumor
structures.

3.1.3 Feature Map Generation:

The final output of the template branch is a set of feature maps
{Fl, F Fn} that encode the spatial and contextual information
of the tumor regions. These feature maps are generated by
applying a series of convolutional filters followed by activation
functions such as ReLU (Rectified Linear Unit):

I:i,j = RELU (Z Ii+m,j+n : Km,n + b] (3)
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where ReLU(x) introduces non-linearity into the model, allowing
it to learn complex patterns in the MRI scans.

3.1.4 Normalization and Transformation:

To ensure that the extracted features are suitable for further
processing, the output feature maps are normalized and
transformed. This involves applying techniques such as batch
normalization:

(4)

where y and 2 are the mean and variance of the feature maps, and
€ is a small constant to avoid division by zero. Normalization
helps in stabilizing the training process and improving
convergence. By extracting features through this process, the
template branch of SRPN effectively captures and encodes critical
information from the MRI scans, which is then utilized for
subsequent steps in the detection framework, including bounding
box regression and feature comparison using the extended
Siamese network. This approach ensures that the features are
robust and representative of the tumor regions, facilitating
accurate and efficient detection.

Algorithm for Feature Extraction Using the Template Branch
of SRPN

1. Input: MRI image |

2. Preprocess Image

3. Initialize: Number of layers L, Convolutional kernels K;and
biases by for each layer I, Mean x4 and variance o7

4. Forl=1toL do:
a. K =Conv(l ., K)+b
b. F =ReLU(R)
c. B =Pool(R)

d. K, =Concat(Conv(F,_,) ®Pool(F,_,))

e. Ifl _ F-u
Joi +0
End

5. Output: Final feature maps {F,F,,...,F,}after processing
through all layers.

3.2 BOUNDING BOX REGRESSION TO REFINE
TUMOR BOUNDARIES

Bounding box regression is a crucial technique in object
detection tasks, including tumor boundary refinement in MRI
scans. This method improves the precision of detected tumor
regions by adjusting initial bounding box predictions to better fit
the true tumor boundaries. The following paragraphs explain the
working of bounding box regression with associated equations:

3.3 INITIAL BOUNDING BOX PREDICTION

The first step involves generating initial bounding boxes
around suspected tumor regions using a preliminary detection
model. Given an image I, an initial bounding box Bi, is defined by
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coordinates (X, Yin: Xvax: Ymax )+~ WHere  (XminYmin) ~are  the

coordinates of the top-left corner, and (Xmax,Ymax) are the
coordinates of the bottom-right corner.

3.3.1 Ground Truth Bounding Box:

To refine the initial bounding box, we need the ground truth
bounding box By, which represents the accurate tumor region.
The ground truth box is similarly defined by coordinates

(Xin: Yo X V) -
3.3.2 Bounding Box Coordinates Representation:

The coordinates of the bounding boxes are typically
represented in terms of center coordinates and dimensions:

(%Y, W, h), where (x.,Y,) are the coordinates of the center of

the box, W is the width, and H is the height. These are derived as
follows:

— Xmin + Xmax

X = 5
center 2 ( )
Ymin T Y,
— Ymin T Ymax. 6
Yeenter 2 ( )
W= Xiax — Xiin h= Ymax = Ymin (7)

3.3.3 Regression Target Calculation:

Bounding box regression aims to minimize the difference
between the predicted bounding box By and the ground truth
bounding box Bg. The regression targets Ax,Ay,Aw,Ah are

computed as:

ay= U ©)
Aw = log [W%j (10)
Ah = log {h%t] (11)

where W*" and h? are the width and height of the ground truth
bounding box.

3.3.4 Bounding Box Refinement:

The refined bounding box By is obtained by adjusting the
initial bounding box coordinates using the regression targets:

X; =X, +AX-W (12)

Yo =Y. +4y-h (13)

w' =w-exp(Aw) (14)

h" =h-exp(Ah) (15)

The refined bounding box B is then given by:

Wr

Tyl v 16

Xmln Xcenter 2 ( )
hr

ro_yr _ 17

ymm ycenter 2 ( )
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center
2

r
max

Xt =X (18)

.
5

Bounding box regression effectively fine-tunes the initial
predictions to align more closely with the actual tumor
boundaries, enhancing the accuracy of tumor detection and
segmentation in MRI scans. By optimizing the bounding box
coordinates through regression, the method reduces the

discrepancy between predicted and true tumor regions, leading to
better performance in detecting and delineating tumors.

3.4 EXTENDED SIAMESE NETWORK TO LEARN
DISTANCES BETWEEN TRACKLET PAIRS

yr:‘lax = y;enter + (19)

The proposed method utilizes an extended Siamese network
to enhance the accuracy of brain tumor detection by learning the
distances between tracklet pairs. This approach focuses on
distinguishing and comparing features extracted from different
tracklets, which represent short segments of tumor regions over
time or across different views.

3.4.1 Tracklet Representation:

A tracklet is a short segment of an image sequence or series of
frames where a tumor is detected. Each tracklet T; is represented
by a feature vector f,, which is extracted using a feature extraction

network. If there are N tracklets, the set of feature vectors is
{f,.f,....T.}-
3.4.2 Siamese Network Architecture:

The Siamese network in the context of the extended Siamese
network model can be represented as a series of operations
applied to the input feature vector f, to produce an embedding

vector e;. The operations generally include convolutional layers,

activation functions, and possibly pooling and normalization
layers. The network is designed to produce a feature embedding
that captures the essential characteristics of the input tracklet.

3.4.3 Feature Extraction through Convolutional Layers:
fO =Conv(f'™,K,)+h

where £ is the feature map at layer I, K, is the convolutional

kernel at layer I, and b is the bias term at layer I.

fO =ReLU(f") (21)

where ReLU(x) =max(0, x) introduces non-linearity to the
feature maps.

(20)

£ =Pool(f(") (22)
where Pool represents pooling operations such as max pooling or
average pooling.

3.4.4 Feature Embedding:

After passing through several convolutional, activation, and
pooling layers, the final feature representation is obtained. For
simplicity, if f, is a flattened vector or a feature map from the last

convolutional layer, the embedding vector e, can be obtained
through a fully connected layer:
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e, = FC(Flatten(f,)) (23)

where FC represents a fully connected (dense) layer that maps the
flattened feature vector to the embedding space.

The embeddings are often normalized to unit length to ensure
consistency:

(24)

Combining these steps, the process of obtaining the
embedding vector e, from the input feature vector f can be

expressed as:
(25)
J)

The Siamese network consists of two identical subnetworks
that share weights and are used to process pairs of tracklets. Given
two tracklets Ti and Tj, their feature vectors f; and f; are passed

RelLU

e. = Normalize| FC| Flatten| Pool
[ [ ( ( ((Conv(fi,K,)+b,

through the subnetworks to produce embedding vectors:

e, =SiameseNet(f,) (26)

e; = SiameseNet(f;) (27)

where SiameseNet denotes the shared network that processes the
tracklet features into embeddings.

3.4.5 Distance Calculation:
The distance between the embeddings e; and e; is computed

to quantify the similarity between tracklet pairs. Common
distance metrics include Euclidean distance and cosine similarity.
For Euclidean distance, the formula is:

d; =lle—e;l (28)

where d; is the Euclidean distance between embeddings e; and
e, . For cosine similarity, the formula is:

ei-ej

§j = ——— 29
! e -le;ll (29)

where s;; measures the cosine similarity between embeddings.

The Siamese network is trained to minimize a loss function
that encourages smaller distances between embeddings of similar
tracklets (positive pairs) and larger distances between
embeddings of dissimilar tracklets (negative pairs). A common
loss function used is the contrastive loss, given by:

L STy, d2+ - y,)-max(0, margin—d,)*]  (30)

L=—
2N &

where yij is a binary label indicating whether tracklets T; and T;
are similar (1) or dissimilar (0), and m is a predefined threshold
that separates similar and dissimilar pairs.

» Embedding and Similarity Computation: After training,
the network generates embeddings for all tracklets. The
similarity between any two tracklets can be computed using
their embeddings, helping in tracking the evolution of
tumors and refining detection by correlating similar
tracklets.
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» Tracklet Pair Matching: The learned distances and
similarities are used to match and group tracklets into
coherent trajectories, enhancing the detection of tumor
regions over time or across different views.

The extended Siamese network effectively learns and
measures the distances between tracklet pairs, allowing for
improved feature matching and tracking. This approach enhances
the robustness of tumor detection by accurately capturing and
comparing features across different segments, leading to more
precise and reliable tumor localization and segmentation.

3.5 TRANSFER FEATURES TO BIDIRECTIONAL
GRUS

In the proposed method, the features extracted from MRI scan
tracklets are transferred to Bidirectional Gated Recurrent Units
(Bidirectional GRUs) to capture temporal dependencies and
improve the detection of tumor regions across different frames or
views.

3.5.1 Feature Representation:

After obtaining feature embeddings from the Siamese
network, the tracklet features are represented as a sequence of
feature vectors. For a tracklet T consisting of K frames, the feature
vectors are denoted as:{f,f,,...f .}, where f represents the

feature vector extracted from the k-th frame of the tracklet.
3.5.2 Bidirectional GRU Architecture:

The Bidirectional GRU consists of two GRU layers: one
processing the sequence in the forward direction and the other
processing it in the backward direction. Each GRU layer captures
temporal dependencies by updating hidden states based on
previous and future information.

3.5.3 Forward GRU Processing:

The forward GRU processes the feature vectors in the
sequence from the start to the end. For each feature vector f, , the

forward GRU computes the hidden state h; as follows:

hic =GRU; (f,.hi.,) (31)
where GRU; denotes the forward GRU cell, and h; , is the
hidden state from the previous time step.
3.5.4 Backward GRU Processing:

Simultaneously, the backward GRU processes the feature
vectors from the end to the start. For each feature vector f, , the

backward GRU computes the hidden state h as follows:

hy = GRU, (f. hi..) (32)
where GRU, denotes the backward GRU cell, and h{,is the
hidden state from the next time step.
3.5.5 Combining Forward and Backward States:

The final output of the Bidirectional GRU for each feature
vector fi is obtained by concatenating the forward and backward
hidden states:

h, = Concat(h;,h}) (33)
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where h, is the combined hidden state representing the feature
vector f, with both past and future context.

3.5.6 Sequence Representation:

The sequence of combined hidden states for all feature vectors
is used to capture temporal dependencies across the entire
tracklet. The output of the Bidirectional GRU for a tracklet T is
represented as: {h;,h,,...,h,}where eachh, encapsulates both

the temporal context from the forward and backward directions.

By transferring features to Bidirectional GRUs, the proposed
method effectively leverages temporal information to enhance the
understanding of tumor dynamics over time or across different
views. The Bidirectional GRUs capture complex dependencies
and interactions between sequential feature vectors, which
improves the overall accuracy and robustness of tumor detection
and segmentation.

3.6 RECONNECT SUB-TRACKLETS INTO LONG
TRAJECTORIES

The process of reconnecting sub-tracklets into long
trajectories is designed to integrate short segments of tumor
regions (sub-tracklets) into coherent, continuous paths or
trajectories. This method is crucial for improving the accuracy of
tumor detection and tracking over extended periods or across
multiple imaging views.

3.6.1 Tracklet Extraction and Segmentation:

Initially, tracklets are extracted from MRI scans, and these are
segmented into shorter sub-tracklets based on local distances
between features. Each sub-tracklet S; is represented by a

sequence of feature vectors {hj,h},...,h\} obtained from

Bidirectional GRU outputs. The segmentation process involves
dividing the entire tracklet into smaller segments, typically
according to specific distance thresholds.

3.6.2 Feature Similarity Computation:

To reconnect sub-tracklets into longer trajectories, we need to
measure the similarity between the end of one sub-tracklet and the
start of another. This involves computing the distance between
feature vectors at the junction points of sub-tracklets. The
similarity between the end of sub-tracklet S; and the start of sub-
tracklet Sj is computed as follows:

d; = D(h. ,,h!

end ? " start

(34)

where h!  is the feature vector at the end of S;, and h/__ is the

feature vector at the start of S;. Common distance metrics include
Euclidean distance:

i _hj

dij :" hend start ” (35)

or cosine similarity:
h!  -hl

end start

-1l h!

start

% =] (36)

end

3.6.3 Similarity Matrix Construction:
A similarity matrix DDD is constructed to represent the
distances between all possible pairs of sub-tracklets:
D, =D(h,,.h!

end ?" “start

@37)
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The matrix D helps identify the most promising connections
between sub-tracklets based on minimal distance or maximal
similarity.

3.6.4 Trajectory Reconstruction:

To reconstruct long trajectories, an optimization algorithm or
heuristic is applied to connect sub-tracklets in a manner that
minimizes the overall distance or maximizes similarity. This can
be formulated as an optimization problem where the goal is to find

the optimal sequence of sub-tracklets {S,,S;,....S, } that
minimizes the total distance between consecutive sub-tracklets:

(38)

Tehet

M-1
Minimize " d, ;
k=1
where d, ; is the distance between sub-tracklets S; and S; .

3.6.5 Temporal Pooling and Feature Integration:

Once the optimal sequence is determined, temporal pooling
methods can be used to integrate the features across the entire
trajectory. This involves aggregating the features from all sub-
tracklets in a trajectory to form a comprehensive representation of
the tumor's trajectory:

H :POOI({thd’hgtart""})

where Pool represents the pooling operation that combines
features from all sub-tracklets.

By reconnecting sub-tracklets into long trajectories, the
proposed method enhances the continuity and coherence of tumor
detection, allowing for a more accurate tracking of tumor
evolution over time or across different imaging views. This
approach effectively addresses the challenge of segmenting and
tracking tumors across extended sequences by leveraging feature
similarities and optimizing trajectory reconstruction.

3.7 FUZZY LOGIC FUSION TO COMBINE
SEGMENTED REGIONS

(39)

traj

Fuzzy logic fusion is a technigue used to integrate multiple
segmented regions into a coherent final segmentation map. This
method is particularly useful in medical imaging where multiple
segmentations or features may provide different insights into the
tumor's boundaries. The following paragraphs explain how fuzzy
logic fusion works to combine segmented regions with relevant
equations.

3.7.1 Segmented Regions Representation:

Suppose the segmented regions are represented by multiple
binary masks obtained from different segmentation methods or
views. Let M,;,M,,...,M be these binary masks, where each

mask My indicates the presence of a tumor in the region with
values:

Mk(X,y)={

1 if (x,y) is within the tumor region in mask k
0 otherwise

where, (x,y) denotes the coordinates of a pixel in the image.
3.7.2 Fuzzy Membership Calculation:

To combine these masks using fuzzy logic, a membership
function is used to assign a degree of membership to each pixel in
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the tumor region. For a pixel (x,y), the membership degree uxxy)
in the k™ mask is:

4 (%) =M, (x,y) (40)

This membership degree is typically binary in the initial
masks, but the fuzzy logic fusion process will aggregate these
values to form a final fuzzy membership map.

3.7.3 Fuzzy Aggregation:

The fuzzy aggregation combines the membership degrees
from all masks to produce a final membership degree for each
pixel. The aggregation can be performed using various fuzzy
operators. One common approach is the fuzzy OR operator, which
calculates the combined membership degree u(X,y) as:

1 (% Y) =maX(4 (X, Y), s, (%, Yoo iy (X, Y)) - (41)

Alternatively, the fuzzy AND operator could be used, which
takes the minimum of the membership degrees:

4 (X y) =min(eg (X, ¥), 16,(%, Y, -« 2y (X, Y)) (42)

These operators help combine the evidence from different
segmentations or views into a single coherent map.

3.7.4 Fuzzy Rule-Based Fusion:

Another approach involves using fuzzy rules to combine the
segmented regions. For instance, if a pixel has high membership
in several masks, it may be classified with higher confidence as
part of the tumor. A fuzzy rule-based system might use rules such
as:

If £4(X,y) is high AND

44
1(x,y) is high, THEN 2, (x,y) ishigh ")

These rules are formulated based on the specific requirements
of the application and the characteristics of the segmented
regions.

3.7.5 Defuzzification:

The final step is defuzzification, which converts the fuzzy
membership map into a binary segmentation map. A common
method is to apply a threshold 6 the fuzzy membership map:

S(x,y) = {1 ) 7P _(X: y)=60 (45)
0 otherwise

This binary map represents the final segmented tumor region.
By applying fuzzy logic fusion, the proposed method effectively
integrates multiple segmented regions to achieve a more accurate
and robust tumor detection. Fuzzy logic fusion leverages the
complementary information from different segmentations and
smooths out inconsistencies, leading to a final segmentation map
that better reflects the true boundaries of the tumor.

4. PERFORMANCE EVALUATION

For the evaluation of the proposed method for enhanced brain
cancer detection using the Siamese Regional Proposed Network
(SRPN) with fuzzy logic fusion, experiments were conducted
using MATLAB and Python on a high-performance computing
cluster. The simulation tools included TensorFlow and Keras for
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deep learning model development, and MATLAB for fuzzy logic
implementation and performance evaluation. The computing
infrastructure comprised dual Intel Xeon Gold 6248 processors
with 192 GB RAM to facilitate the training and testing of complex
models. The experiments were performed on a dataset of 1,000
MRI scans, split into training (70%), validation (15%), and testing
(15%) sets. Performance metrics used for evaluation included
accuracy, sensitivity, specificity, and the Dice coefficient. The
proposed method was compared with four state-of-the-art
techniques: Multi-Layer Recurrent Pyramid with Global
Discriminative Features (MLRP-GDF), Multi-Class Support
Vector Machines (MCSVM), Convolutional Neural Network -
Adaptive Neuro-Fuzzy Inference System (CNN-ANFIS), and
VGG16 with Support Vector Machines (VGG16-SVM).

Table.1. Experimental Setup/Parameters

Value
1,000 MRI scans
70% - 15% - 15%
256 x 256 pixels

Parameter
Dataset Size
Training-Validation-Test Split
Image Resolution

Batch Size 32

Learning Rate 0.001

Number of Epochs 50

Optimizer Adam

Loss Function Binary Cross-Entropy
Number of Siamese Network Layers|5 CL + 2 DL

Number of GRU Units 128 units per GRU layer
FL Aggregation Operator Max (fuzzy OR)
Fuzzy Membership Threshold 0.5

GRU Bidirectional True

Feature Dimensionality 512

4.1 PERFORMANCE METRICS

» Accuracy: Accuracy measures the proportion of correctly
classified pixels out of the total number of pixels. It is given
by:

TP+TN
TP+TN +FP+FN

« Sensitivity (True Positive Rate): Sensitivity measures the
proportion of actual tumor pixels that are correctly identified
by the model. It is given by:

Accuracy = (46)

Sensitivity = 47

TP+ FN
A higher sensitivity value indicates better performance in
detecting true tumor regions, minimizing missed detections.

« Specificity (True Negative Rate): Specificity measures the
proportion of non-tumor pixels that are correctly identified
as such. It is given by:

e TN
Specificity = ——
P YEINTFP
Higher specificity indicates that the model effectively avoids

false positives and accurately identifies non-tumor areas.

(48)
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Dice Coefficient (Dice Similarity Coefficient): The Dice
coefficient is a measure of overlap between the predicted
and ground truth tumor regions. It is given by:

2.TP

Dice Coefficient= ——————
2-TP+FP+FN

(49)

It ranges from O to 1, with 1 indicating perfect overlap. This
metric is crucial for assessing how well the segmentation aligns
with the actual tumor boundaries.

Table.2. Performance under Training sets

Method Accuracy (%)|TPR (%)|TNR (%)|DSC
MLRP-GDF 91.3 89.7 932 |0.84
MCSVM 89.4 87.5 91.1 |0.80
CNN-ANFIS 92.1 90.0 940 |0.85
VGG16-SVM 90.8 88.9 92.7 0.82
Proposed Method 94.2 92.5 95.8 [0.88

The results indicate that the proposed method outperforms the
existing methods across all performance metrics on the training
dataset.

Accuracy: The proposed method achieves an accuracy of
94.2%, which is higher compared to the other methods. This
suggests that the proposed method correctly classifies a
greater proportion of pixels in the MRI scans compared to
MLRP-GDF (91.3%), MCSVM (89.4%), CNN-ANFIS
(92.1%), and VGG16-SVM (90.8%). The increased
accuracy indicates a better overall performance of the
proposed method in distinguishing between tumor and non-
tumor regions.

TPR: The True Positive Rate, or sensitivity, of the proposed
method is 92.5%, which is superior to the other methods. It
significantly outperforms MCSVM (87.5%) and VGG16-
SVM (88.9%), showing that the proposed method is more
effective in detecting actual tumor regions. This means that
fewer tumor regions are missed by the proposed method
compared to MLRP-GDF (89.7%) and CNN-ANFIS
(90.0%).

TNR: The proposed method also excels in specificity with a
TNR of 95.8%, indicating fewer false positives and a better
performance in correctly identifying non-tumor regions.
This is higher than the TNRs of MLRP-GDF (93.2%),
MCSVM (91.1%), CNN-ANFIS (94.0%), and VGG16-
SVM (92.7%). Higher specificity means the proposed
method more accurately distinguishes between tumor and
non-tumor areas.

DSC: The Dice coefficient of the proposed method is 0.88,
reflecting a high overlap between the predicted and actual
tumor regions. This is notably higher than the DSC values
of MLRP-GDF (0.84), MCSVM (0.80), CNN-ANFIS
(0.85), and VGG16-SVM (0.82). A higher Dice coefficient
indicates that the proposed method has a better alignment
with the ground truth tumor boundaries, leading to more
accurate and reliable tumor segmentation.

Table.3. Performance under Testing Dataset

Method  |Accuracy (%)|TPR (%)|TNR (%)|DsC]|
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MLRP-GDF 90.5 88.0 929 10.83
MCSVM 88.7 86.4 90.8 [0.79
CNN-ANFIS 914 89.2 935 (0.84
VGG16-SVM 89.9 87.1 91.8 |0.81
Proposed Method 93.8 91.7 95.2 |0.87

The performance metrics for the proposed method on the
testing dataset demonstrate its robustness and effectiveness in
comparison to existing methods.

 Accuracy: The proposed method achieves an accuracy of

93.8%, which is the highest among all methods compared.
This indicates that the proposed method correctly classifies
a higher percentage of pixels compared to MLRP-GDF
(90.5%), MCSVM (88.7%), CNN-ANFIS (91.4%), and
VGG16-SVM (89.9%). The higher accuracy reflects the
proposed method's effectiveness in overall tumor detection
and classification.

TPR: The True Positive Rate for the proposed method is
91.7%, indicating a high ability to correctly identify tumor
regions. This is superior to MLRP-GDF (88.0%), MCSVM
(86.4%), CNN-ANFIS (89.2%), and VGG16-SVM (87.1%).
The proposed method’s higher TPR means fewer actual
tumor regions are missed, showcasing its effectiveness in
detecting true positives.

TNR: With a TNR of 95.2%, the proposed method
demonstrates exceptional specificity, correctly identifying
non-tumor regions and avoiding false positives. This
performance is better than MLRP-GDF (92.9%), MCSVM
(90.8%), CNN-ANFIS (93.5%), and VGG16-SVM (91.8%).
The higher TNR indicates that the proposed method excels
at distinguishing non-tumor areas accurately.

DSC: The Dice coefficient for the proposed method is 0.87,
which reflects a high degree of overlap between the
predicted and actual tumor regions. This is superior to the
DSC values of MLRP-GDF (0.83), MCSVM (0.79), CNN-
ANFIS (0.84), and VGG16-SVM (0.81). A higher Dice
coefficient signifies that the proposed method provides a
more precise and accurate segmentation of tumor
boundaries.

Table.4. Performance under Validation Dataset

Method Accuracy (%)|TPR (%)|TNR (%)|DSC
MLRP-GDF 91.7 89.5 934 |0.85
MCSVM 89.8 87.3 91.2 (081
CNN-ANFIS 92.3 90.1 94.1 |0.84
VGG16-SVM 90.6 88.0 924 0.82
Proposed Method 94.0 92.2 95,5 |0.88

The performance metrics for the proposed method on the
validation dataset further demonstrate

reliability in comparison to existing methods.

» Accuracy: The proposed method achieves an accuracy of

its effectiveness and

94.0%, which is higher than all other methods. This indicates
that the proposed method correctly classifies a greater
proportion of pixels in the validation dataset compared to
MLRP-GDF (91.7%), MCSVM (89.8%), CNN-ANFIS
(92.3%), and VGG16-SVM (90.6%). The increased
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accuracy reflects the method's ability to correctly identify
tumor and non-tumor regions across various validation
samples.

TPR: The True Positive Rate for the proposed method is
92.2%, demonstrating its high capability to correctly detect
tumor regions. This value is superior to the TPRs of MLRP-
GDF (89.5%), MCSVM (87.3%), CNN-ANFIS (90.1%),
and VGG16-SVM (88.0%). A higher TPR signifies that the
proposed method effectively minimizes missed detections of
tumor regions, ensuring more accurate identification of true
positives.

TNR: With a TNR of 95.5%, the proposed method exhibits
excellent specificity, correctly identifying non-tumor
regions and avoiding false positives. This performance
surpasses that of MLRP-GDF (93.4%), MCSVM (91.2%),
CNN-ANFIS (94.1%), and VGG16-SVM (92.4%). The
higher TNR indicates that the proposed method is more
effective in distinguishing between tumor and non-tumor
areas with fewer errors.

DSC: The Dice coefficient for the proposed method is 0.88,
reflecting a high overlap between the predicted and actual
tumor regions. This is better than the DSC values of MLRP-
GDF (0.85), MCSVM (0.81), CNN-ANFIS (0.84), and
VGG16-SVM (0.82). A higher Dice coefficient shows that
the proposed method provides a more accurate segmentation
of tumor boundaries, aligning more closely with the ground
truth.

5. CONCLUSION

The proposed method for enhanced brain cancer detection,
which integrates the SRPN with template branch and bounding
box regression and fuzzy logic fusion, demonstrates significant
improvements over state-of-the-art techniques.

Accuracy: The proposed method achieved an accuracy of
94.2% on the training dataset, 93.8% on the testing dataset,
and 94.0% on the validation dataset. These results are
consistently higher than those of existing methods such as
MLRP-GDF (91.3% training, 90.5% testing, 91.7%
validation), MCSVM (89.4% training, 88.7% testing, 89.8%
validation), CNN-ANFIS (92.1% training, 91.4% testing,
92.3% validation), and VGG16-SVM (90.8% training,
89.9% testing, 90.6% validation). The high accuracy
indicates the proposed method's robustness in correctly
classifying tumor and non-tumor regions across various
datasets.

TPR: The proposed method demonstrated a TPR of 92.5%
in training, 91.7% in testing, and 92.2% in validation. This
surpasses the TPRs of MLRP-GDF (89.7% training, 88.0%
testing, 89.5% validation), MCSVM (87.5% training, 86.4%
testing, 87.3% validation), CNN-ANFIS (90.0% training,
89.2% testing, 90.1% validation), and VGG16-SVM (88.9%
training, 87.1% testing, 88.0% validation). The high TPR
values reflect the proposed method’s effectiveness in
accurately detecting true tumor regions, reducing the
number of missed detections.

TNR: The proposed method achieved a TNR of 95.8% on
the training dataset, 95.2% on the testing dataset, and 95.5%
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on the validation dataset. These values exceed those of
MLRP-GDF (93.2% training, 92.9% testing, 93.4%
validation), MCSVM (91.1% training, 90.8% testing, 91.2%
validation), CNN-ANFIS (94.0% training, 93.5% testing,
94.1% validation), and VGG16-SVM (92.7% training,
91.8% testing, 92.4% validation). High TNR indicates that
the proposed method effectively avoids false positives and
accurately identifies non-tumor regions.

« DSC: The proposed method achieved a Dice coefficient of
0.88 in training, 0.87 in testing, and 0.88 in validation. This
is higher than MLRP-GDF (0.84 training, 0.83 testing, 0.85
validation), MCSVM (0.80 training, 0.79 testing, 0.81
validation), CNN-ANFIS (0.85 training, 0.84 testing, 0.84
validation), and VGG16-SVM (0.82 training, 0.81 testing,
0.82 validation). The higher Dice coefficient indicates
superior alignment between predicted and actual tumor
boundaries, reflecting more accurate and reliable
segmentation.

The proposed method's superior performance across accuracy,
TPR, TNR, and DSC metrics underscores its potential for
enhancing brain cancer detection. By effectively integrating the
SRPN with template branch and bounding box regression and
fuzzy logic fusion, the method not only improves the precision of
tumor segmentation but also reduces the likelihood of
misclassifications. The proposed approach provides a more
accurate and robust solution compared to existing methods,
making it a valuable tool for clinical applications in brain cancer
diagnosis and treatment planning.
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