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Abstract: Brain tumors are highly aggressive and pose a serious threat to life expectancy across varied demographic groups.
Detecting them early allows for timely treatment, which greatly improves survival chances. However, segmentation is complicated
by similar imaging intensities, irregular tumor shapes, and unclear boundaries. Hence, this paper presents a new method using the
Dual Fusion with Enhanced Deformable Convolution Network (DFEDC) and Artificial LemStar Optimization Algorithm
(ALStarOA) for segmenting brain tumors using Magnetic Resonance Images (MRI). Firstly, the MRI image is given to image
denoising using Spatial Domain Filtering (SDF). Then, DFEDC is utilized to perform brain tumor region segmentation, and the
loss function of DFEDC is modified by using the Exponential Baikal Loss. DFEDC is trained by exploiting ALStarOA, which is
developed by combining StarFish Optimization Algorithm (SFOA) and Artificial Lemming Algorithm (ALA). Experimental
analysis shows that the proposed methodology outperforms with a higher segmentation accuracy of 97.467%, dice coefficient of
97.777%, and Intersection Over Union (IOU) of 98.279%. .
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1. Introduction

Brain tumors represent an uncontrolled pathological proliferation of cells within the brain [1]. Brain tumors
rank among the most prevalent causes of mortality worldwide. Brain tumors are broadly categorized into cancerous
or malignant and noncancerous or benign types. Malignant tumors present a heightened clinical concern due to their
invasive nature and tendency to infiltrate adjacent brain structures, often leading to a poorer prognosis. Timely
diagnosis and therapeutic intervention are essential as brain tumors often arise from neighboring tissues and exhibit
progressive expansion. Early treatment markedly enhances

clinical outcomes and patient survival rates [2], [3]. To enhance diagnostic precision for brain
tumor kinds, it is crucial to construct an advanced technique that synthesizes dynamic and structural characteristics
across a continuum of pathological severity [4]. Medical image segmentation is a critical component of clinical
diagnostics, yet, it remains challenging task due to low image contrast, various noise

artifacts, and the presence of ambiguous or indistinct boundaries [5], [6].

Tumors such as meningiomas are generally well-defined and difficult to segmentation. In contrast, gliomas and
glioblastomas present significant challenges due to their diffuse nature, low contrast, and infiltrative growth patterns,
often accompanied by surrounding edema and irregular,
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tentacle-like extensions that obscure clear boundaries [7], [8]. Although significant progress has been made,
accurate segmentation of brain tumors continues to be a complex problem. Contributing factors for inaccurate
segmentation include uncertainty in tumor localization and shape, low-contrast imaging conditions, annotation bias,
and disproportionate data distribution [9]. The detection and segmentation of brain tumors offer critical insights into
anatomical structures and pathological regions essential for therapeutic planning and longitudinal patient monitoring
[10], [11]. Deformable models are commonly used in medical image processing because of their ability to adapt to
irregular shapes to accurately trace tumor boundaries [12], [13].

Classical Machine Learning (ML) algorithms have long been integral to CAD systems, particularly for
classification tasks. Owing to the remarkable performance of advanced Deep Learning (DL) techniques, numerous
DL-based approaches are adopted for brain tumor segmentation. These methods enable automatic feature extraction
and consistently deliver high accuracy and robust segmentation outcomes [9]. DL techniques, particularly
Convolutional Neural Networks (CNNs), have become an effective approach in brain tumor segmentation in recent
years. These models benefit from large-scale datasets and typically require minimal preprocessing as compared to
traditional ML methods. Although considerable advancements have been made in CNN architectures and hybrid
modeling approaches, achieving concurrent segmentation and classification of multiple cancerous lesions in MRI
continues to pose a substantial challenge. Moreover, classification performance is constrained by limited tumor class
diversity, typically restricted to four or fewer categories, leading to increased susceptibility to overfitting and reduced
generalizability across broader clinical scenarios [14]. Enhanced DL models, multi-modal imaging integration, and
transfer learning have significantly boosted diagnostic accuracy.

Nevertheless, persistent challenges, including the scarcity of annotated datasets, limited interpretability of
Artificial Intelligence (Al) driven models, and the demand for real-time clinical integration, continue to hinder
widespread implementation.

The novel approach of this paper is Dual Fusion with Enhanced Deformable Convolution Network with
Artificial LemStar Optimization Algorithm for brain tumor segmentation. Initially, the MRI scans retrieved from the
database are subjected to image denoising using SDF. Subsequently, segmenting tumor region is carried out by
DFEDC framework, wherein the loss function is customized through the proposed Exponential Baikal Loss. This new
loss function is formulated by incorporating Baikal Loss with Exponential Loss. Furthermore, the DFEDC model is
learned using ALStarOA, which combines the strengths of SFOA and ALA to enhance model robustness and training
efficiency.

2. Related Work

Zarenia, E., et al. [2] developed a Hierarchical Multiscale Deformable Attention Module (MS-DAM) for
automated multi-class MRI brain tumor classification and segmentation. This technique has high stability, robustness
and reduced data loss. However, the model did not adequately address key aspects such as computational efficiency,
multimodal imaging integration, and the development of hybrid DL frameworks that combine MRI data with medical
biomarkers to enable more holistic tumor diagnostics. An Efficient Net- Enhanced UNet was proposed by Tiwary P K
et al. [13] for MRI brain tumor segmentation. This technique required less training time, enhanced segmentation
precision, and reduced overfitting issues. However, this approach was not suitable for real-time applications.
Almufareh, MLF et al. [15] established a method based on You Only Look Once versions (YOLOvVS and YOLOv7) for
automated brain tumor segmentation and classification in MRI. This model had better performance, reduced
overfitting issues, and had potential to handle diverse sources. The key limitation of this work was its reliance on a
single dataset, and the substantial computational incomes needed to assess larger databases. A technique using UNet
was developed by Obayya M et al. [16]. UNet was more effective in attaining high efficiency with reduced
computational complexity, increased flexibility, and minimized information loss. Meanwhile, this technique failed to
employ segmentation-specific metrics, which are pivotal for evaluating how accurately tumor margins are identified
and for addressing class imbalance issues. Multi-Modal network was designed by Jeslin T and Thanya T [3]. This
approach had better interpretability, enhanced efficiency, robustness, and strong discriminatory power. However, the
model demonstrated limitations in multimodal integration, failing to incorporate MRI data with complementary
imaging methodology, like CT scan or Positron Emission Tomography (PET). Li Z et al. [17] devised a Local-Global
Modeling + Deformable Adaptive Perception with Reconstruction-Driven Key Information Mining
(LGM+DAP+RDKIM). This approach had robust segmentation, enhanced performance, reduced computational
complexities. But it is failed to improve the performance using advanced DL techniques. The Barely-Supervised
Learning (BSL) framework was proposed by Ma. X et al. [18] and this method effectively addressed
class imbalance issues but minimized energy consumption, and had a lower error rate. Nonetheless, the technique
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lacked attention to enhancing model adaptability for irregular and complex tumor morphologies. Xiong M et al. [19]
introduced YOLO- Brain Tumor (YOLO-BT). This approach had better generalization, less memory consumption and
reduced computational complexities. But this technique did not contribute intelligent diagnostic platforms
developments, applicable through diverse disease categories, nor did it facilitate the practical integration and
deployment of Al technologies within clinical settings. The following are the key challenges of the existing
segmentation models.

The Unet model in [16] enabled efficient multi-scale feature extraction, and effectively distinguished between
tumor subregions, potentially enabling real-time diagnostics, but it failed to normalize pixel intensity fluctuations that
interfere with algorithmic segmentation. The MultiModNet model developed in [3] ensured precise alignment of
anatomical structures and comprehensive capture of tumor characteristics by utilizing the Fast Diffeomorphic Image
Registration (FDIR) algorithm and the Deep Gabor Filters (D-GF) for feature extraction. However, it failed to capture
fine spatial details and contextual information, to resolve complex segmentation cases.

The LGM+DAP+RDKIM framework in [17] utilized local-global modeling, which explicitly discovered and
leveraged the internal correlations within modalities, thereby enhancing the feature representation capability of the
encoder, but it did not produce stronger gradient signals at critical regions to help deformable models avoid local
minima and adhere closely to tumor boundaries. In [19], the YOLO-BT algorithm effectively reduced the likelihood
of missed diagnoses and supported clinical decision-making, however, it failed to enhance feature representation or
designing more robust loss functions to improve sensitivity. Real-time challenges such as noise, intensity
inhomogeneity, irregular tumor shapes, and weak boundaries hinder for accurate segmentation.

3. Proposed Methodology

This paper presents a novel methodology, called DFEDC_ALStarOA for segmenting the brain tumors. Fig. 1
illustrates the proposed model. Initially, MRI images acquired from the database are subjected to image denoising
using SDF [20] to reduce noise and enhance image clarity. Following denoising, tumor region segmentation is
accomplished using the DFEDC framework [21], where the loss function is modified utilizing Exponential Baikal
Loss constructed by integrating Baikal Loss [22] with Exponential Loss [23]. Additionally, the DFEDC model is
trained using a newly proposed optimization algorithm, ALStarOA, which is developed by combining ALA [24] and
SFOA [25] to boost training efficiency and model robustness.

Let us assume that the images used for segmenting brain tumors are assimilated from the MRI-based brain
tumor image dataset O , which is given by,

O={V, VsV V. } 1)

where, Vy characterizes the yth MRI input image, and image count in dataset is signified as Z .
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Fig. 1. Proposed DFEDC_ALStarOA model for MRI-based segmenting of brain tumors.
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Image denoising using Spatial Domain Filtering

Image denoising is the procedure for eliminating noise from MRI scans to enhance clarity and quality of the
image. Here, the image Vy is fed as input for image denoising, which is performed by using SDF [20]. SDF enhances

image clarity, reduces high-frequency noise, preserves edges, and improves segmentation accuracy. Here, high-
frequency component selection is determined exclusively by the pheromone levels of the traversal routes and heuristic-
based decision-making. During the process, pixel 7 selects its next node using a probabilistic action selection
mechanism, which computes the likelihood of transitioning from the current node § to the subsequent node ¢ and is
expressed by,

LY
ar: [Sl] [Sl] ﬂif'teEgr (2)

WAL

where, a; represents probability of pixel » moving from node § to node 7, essence of arc from the node s

to node  is symbolized by L, , the neighboring node for a specific pixel is indicated as Fsr , which is assumed to be

on the node 5, and [, represents heuristics for moving from the node s to node ¢. The denoised output gained is

specified as W .
Dual Fusion with Enhanced Deformable Convolution Network with Artificial LemStar Optimization Algorithm

Deformable models serve as a crucial tool in brain tumor segmentation, as they provide flexible mechanisms
for delineating intricate anatomical features that static models or basic thresholding often fail to capture. Here, the
denoised image is provided as input and is accomplished by using DFEDC [21], where the loss function is modified
using Exponential Baikal Loss. The Exponential Baikal Loss is designed by merging Baikal Loss [22] and Exponential
Loss [23]. Additionally, DFEDC is trained by utilizing the proposed ALStarOA, which is developed by merging ALA
and SFOA.

Architecture of Dual Fusion with Enhanced Deformable Convolution Network

This is a U-shaped hierarchical model, which contains a dual fusion module for integration, an encoder for
feature extraction, and a decoder for reconstruction. DFEDC [21] enhances medical image segmentation by fusing
global spatial and channel features, expanding receptive fields with structured deformable convolutions, and
integrating 2D-3D features for precise boundary detection and multi-scale representation. DFEDC utilizes the
denoised image as its primary input. The encoder in DFEDC leverages a pre-trained MaxViT module to extract rich
hierarchical features. At the core of the architecture lies a dual fusion mechanism, composed of Global Spatial Fusion
(GSF) and Global Channel Fusion (GCF). These modules collaboratively integrate spatial information and multi-scale
channel, reinforcing inter-layer relationships and facilitating seamless connectivity between the decoder and encoder.

In the DFEDC architecture, the encoder serves as the foundational component responsible for removing rich
and hierarchical features from input medical image. It utilizes a pre-trained MaxViT module, which combines
convolutional operations with multi-axis attention to gather both global contextual and local textures relationships.
This enables the encoder to generate multi-scale feature representations that are crucial for accurate segmentation.

The fusion strategy, which jointly leverages global channel and spatial features, substantially enhances the
model’s representational power and segmentation accuracy. GCF facilitates inter-channel interactions within the
feature maps, promoting diversity and complementarity across channels. Meanwhile, GSF captures spatial
dependencies and structural coherence throughout the image, enabling the model to maintain consistency across
regions and better interpret global context. By enforcing pixel-level consistency for similar semantic regions, GSF
improves robustness against local noise and deformation.

In the DFEDC architecture, each encoder layer captures distinct levels of information: deeper layers yield richer
semantic features at the cost of spatial detail, while intermediate layers retain a balance of semantic depth and fine-
grained detail. Spatial information varies across encoder layers: upper layers retain fine-grained details, while deeper
layers capture increasingly abstract spatial representations. In the DFEDC architecture, the decoder is composed of
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four Enhanced Deformable Convolution Blocks (EDCBs), each structured sequentially with a Structured Deformable
Convolution (SDC) module followed by a Hybrid 2D and 3D feature extraction (H23) module. The SDC module plays
a critical role in aggregating features across three distinct scales, enabling the system to gather complementary and
diverse information.

Structured Deformable Convolution (SDC) module in DFEDC is built upon a Deformable Convolutional
Network (DCN) that is structurally enhanced using Inception and Large Kernel Attention (LKA) mechanisms. This
design enables the model to effectively collect multi-scale contextual information and significantly enhance its ability
to process complex boundaries. To enhance the flexibility and expressive capacity of convolutional operations, the
Multi-Input Offset Fusion (MOF) module has been incorporated into the architecture. MOF strengthens the
deformable convolution mechanism by fusing multiple feature inputs, which enhances the network’s ability to learn
offsets and capture multi-scale spatial patterns with greater precision. Hybrid 3D and 2D feature extraction (H23)
module is designed to maximize the utilization of both channel and spatial information, thereby improving model’s
feature representation capabilities. Structurally, it comprises two parallel paths: 3D path and 2D path. The 2D path is
responsible for capturing fine-grained local spatial features and modeling short-range dependencies, which are crucial
for precise boundary delineation. In contrast, the 3D path focuses on cross-channel interactions, enabling the extraction
of global contextual information that supports semantic consistency across regions. By integrating the outputs from
both paths, H23 module effectively fuses multi-scale and multi-level features, resulting in a richer and more expressive
representation of the input feature map. The segmented output obtained from DFEDC is characterized as G . The
structure of the DFEDC is as shown in Fig. 2.

w (€3

\ s 4

l Down-sam pling T Up-sam pling,

Fig. 2. Structure of DFEDC.
Loss function modification using Exponential Baikal loss

During brain tumor region segmentation, the loss function is modified by using Exponential Baikal Loss, which
is derived by fusing Baikal Loss [22] and Exponential Loss [23]. Exponential Baikal loss enhances robustness to noise,
sharpens boundary detection, improves convergence, and adapts dynamically to data complexity, making it ideal for
precise segmentation and high-dimensional optimization tasks.

Exponential Loss [23] is a margin-sensitive function, which is frequently employed in binary classification
tasks such as AdaBoost, where it imposes increasingly severe penalties for confident yet incorrect predictions. The
exponential loss By, is defined as,

PR
By =€

G)

where, P stands for predicted boundary pixels and R refers to ground truth boundary pixels. Baikal Loss [22]
is a modified loss function designed to enhance segmentation performance, particularly in medical imaging tasks like
brain tumor detection. It builds upon traditional loss functions by introducing exponential weighting, which increases

sensitivity to misclassified pixels, especially near object boundaries. The Baikal loss B paika 18 Mathematically
modelled by,
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where, k signifies number of classes and m1 refers to indexes in every class.

The overall loss function ( B ) is obtained by combining both exponential loss and Baikal loss and is given by,

B=AByp + 4B )
wherein, 4 and 4, denotes scaling factors.

Training of DFEDC Network using Artificial LemStar Optimization Algorithm

The segmentation performance is further enhanced by applying the ALStarOA to train DFEDC [21]. Here, the
ALStarOA is a novel algorithmic approach formulated by incorporating ALA and SFOA. The SFOA is a nature-
inspired metaheuristic algorithm devised by considering the distinctive behaviors of starfish, such as regeneration,
predation, and exploratory movement. SFOA demonstrates rapid convergence during exploitation and maintains
computational efficiency during exploration. The ALA is a novel bio-inspired metaheuristic designed to address
complex engineering optimization problems. Modeled after the behavioral patterns of lemmings, Lemmings are
diminutive rodents indigenous to Arctic tundra ecosystems, distinguished by short tails, specialized flattened claw,
and small ears on the first digit of their forefeet, which aids in snow excavation. As herbivores, their diet is primarily
composed of mosses and grasses, supplemented by leaves, lichens, bulbs, subterranean roots, and berries. Lemmings
exhibit proficient burrowing behavior, constructing insulated tunnels for shelter and food storage. Their ecological
habits encompass foraging, excavation, seasonal migration, and predator avoidance, reflecting their adaptive strategies
in natural predators. Combining ALA with SFOA boosts convergence, balances exploration-exploitation, adapts
parameters dynamically, and avoids local minima, ideal for complex tasks in brain tumor segmentation and image
analysis. The stages followed by ALStarOA are described below.

Initialization: ALStarOA is a population-driven optimizer that starts by initializing the spatial coordinates of
all agents. Firstly, a group of lemmings is initiated, each symbolizing a distinct solution to the optimization problem.

The population D is stated by,

dl.] d],z d],Dim—l dl,[)im
dZ,l dZ,Z ce 2,Dim-1 d2,Dim (6)
b= o
d].],u dH*I,Z dH*l,Dimfl dH*I.Dim
L dH,l dﬁ,z dH,Dim—l dH,Dim |

Foe every dimension, decision variable d, » is articulated as,

d,,=Ib,+randx(ub,~1b,),b=12,....H,p=12,...,Dim 7

wherein, rand denotes a random number ranges within [0,1], population size is characterized as H , lbp and

ub , specifies the lower limit and upper limit of pth dimension, and overall dimensions is indicated as Dim .

The loss function is used to evaluate fitness function and is explained in section 3.3.2.

Exploration (Long-distance migration): Lemmings naturally travel long distances when food runs low,
because there are too many of them in one place. They find new areas by using their sense of direction and by following
random members of their group, hoping to discover places with more food and better living conditions. The long-
distance migration behavior is articulated as,

D, (1) = D (n) + I < BM x| M x (i ()= Dy (m))+(1-S)x(D; ()~ D; ()] )
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Here, current ideal solution is denoted as Dy, (n), an integer index among Hand 1 is given by h, I
symbolizes a flag to change search direction, Brownian motion is specified as BM , an arbitrarily selected search

individual from the population is indicated as Dj (n)> the present position of the b" search agentis denoted as p, (n)

.. h - .. . — 3. . . .
, position of b" search agent at ( n+ 1)” iteration is designated as D, ( n+ 1) ,and S designates a vector of size 1x Dim

Digging holes: In this phase, lemmings engage to build elaborate burrow systems to store food and seek refuge.
Each new tunnel is carved out at random, guided by current burrow’s location and proximity of nearby individuals in
population. The behavior of digging holes is articulated by,

D, (n+1)=D, (n)+ 1<K x| Duws (n)~D; (n)] (10)

wherein, a random integer index value within 1and H is denoted as f , a random number concerning present

iteration number is represented as K , and a search individual chosen arbitrarily from population is signified as D—f .

SFOA [25] is a bio-inspired metaheuristic designed to solve complex optimization problems by mimicking the unique
behaviors of starfish, particularly their exploration, preying, and regeneration strategies. Moreover, SFOA offers
adaptive search, strong global exploration, fast convergence, resilience, and high accuracy across diverse, high-
dimensional optimization problems. SFOA incorporated with ALA improves optimization by adaptively tuning
parameters, accelerating convergence, enhancing exploration, and avoiding local minima traps. From SFOA,

E,(n+1)=D, (n)+e, Dus (n) =D, (n)]cost, i<0.5 an

D,(n+1)=E,(n+1) Ib, <E,(n+1)<ub, (12)
where, E, (n + 1) the updated location of starfish, e, refers to the scaling coefficient, 3,,, (n)Tepresents best

starfish’s location, Bf;(”) refers to present starfish’s position, g=T " and; e (0,1).
2T

Substituting equation (11) in equation (12),

D, (n+1)=D, (n)[1-¢,cos0]+e, * Dyes cos & (13)

o D, (n+1)=e, * Des cos 6

(1) = :

1—e cosf (14)

Substituting expression (14) in expression (10),

D, (n+1)—¢, * Dy — _
4 (71+1) =€ * Div 050 +1XKX|:D[)B,31(H)—D/(VI)]

E,,(n+1): 1—e cosd
(15)

D, (n+1)[1-¢ cos6-1] ~ (lx[(x[f);w(rl)—ﬁ/(n)])(l—e, 0560) e, * Diex €08 0
1-¢ cos® B 1-¢ cos@ (16)

The updated equation for ALStarOA is given by,
a7)

D, (n+1)= . ci)s& [e‘ # Djewt €08 0 — (1 x K X[Z)M (n) —LT,(n)])(l —e, cos 9)]

Foraging for food: During this behavioral phase, lemmings show erratic movement patterns within their
burrow systems, relying on their acute olfactory and auditory senses to locate food. Their foraging remains spatially
limited, governed by the proximity of available resources. To optimize intake, they employ stochastic exploratory
strategies within this confined zone. The spiral wrapping strategy considered for foraging of food is computed as,

D, (n+1)=D,,, (n)+Ixspiral x rand x D, (n) (18)
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wherein, spiral shape of random search during foraging is represented as spiral .

Evading natural predators: Lemmings respond to danger with swift, calculated movements. Their burrows act
as safe havens, and when predators approach, they dash back with impressive speed. To further ensure escape, they
use clever misdirection to throw off their pursuers. The behaviour of evading a natural predator is mathematically
formulated as,

Eh(nﬂ) = Dies (n)+IxJx Levy(Dim)x[f)hm (1’[)*5]) (n)}

(19)
Here, the Levy flight function is designated as Levy( Dim) and the escape coefficient of lemmings is specified
asJ.

Table I.
Algorithm for ALStarOA

...... . dimension size D'im . and Populationsize &
Output: Fitnessvalue M _, and globalideal solution .
Initialize every lemming position arbitrarily_ @ (& =12..... 5 )
Ewaluate the fitness fimction of the entire population
Estiate the present optimal solution D..
m=1
for each searchindividual D. do
if energy factor £ =1 then
Exploration phase
if rewd < 0.3 then
Mo dify lenuming’slocationusing expression (89
else
Mo dify lenuming’s current locationexploiting expression{17)
end
else
Exploitation phase
if ramed < 0.5 then
Update present lemming individual’s location utilizing expression (1 2)
else
Upgrade current lemming individual s position using expression (19)
end
end
end
Ee-estimate fitness of entire lemiming individuals
Update the ideal optimal gained so far D
nm=mn+l
end

Re-evaluation of fitness: The loss function specified in section 3.3.2 serves as the fitness evaluation function,
guiding the search for the optimal solution. When a more favourable candidate emerges, the current solution is
accordingly updated.

Termination: The algorithm proceeds through iterative steps, continuously refining solutions until an optimal
candidate surpassing previous iterations is identified. Table 1 presents the algorithm for ALStarOA.

The integration of SFOA with ALA significantly improves optimization performance by expediting
convergence, enhancing local search capabilities, and enabling dynamic parameter adaptation. This synergy also
strengthens segmentation outcomes by avoiding local optima and promoting faster convergence.

4. Results And Discussion

The DFEDC ALStarOA model for brain tumor segmentation is implemented in MATLAB using the BraTS
dataset [26]. MRI scans sourced from multiple institutions, encompassing both High-Grade Gliomas (HGG) and Low-
Grade Gliomas (LGG). In total, the training set includes 335 cases, comprising of 259 HGG and 76 LGG, while the
validation set consists of 125 cases. The MRI data of each subject includes four imaging modalities: T2-weighted,
Fluid Attenuated Inversion Recovery (FLAIR), native T1-weighted and post-contrast T1-weighted (T1Gd).

The efficacy of DFEDC_ALStarOA in segmenting brain tumors is measured using performance metrics, like
10U, Dice coefficient, and Segmentation accuracy.

Segmentation accuracy: 1t defines how precisely the DFEDC_ALStarOA can categorize each pixel in an image
into its accurate category during image segmentation tasks. The segmentation accuracy is defined as,

R+0

Segmentation Accurracy =———————
Sl + Ql + Fi + Rl

(20)
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where, S represents false positive rate, R denotes true positive rate, Q embodies true negative rate, and R,

indicates false negative rate.
Dice coefficient: The Dice coefficient quantifies overlap among ground truth and predicted tumor regions.
The dice coefficient is computed as,

: on < 202
Dice coefficient = ————
rl+ o

wherein, 7; indicates a cluster of predicted tumor pixels, |7 A denotes pixel count common in both predicted

and ground truth tumor areas. ‘Tl‘ stipulates the number of pixels in predicted tumor region and |Z,| represents pixel
counts in ground truth tumor area.

I0U: 1t is employed to assess segmentation accuracy of by computing the ratio of the intersection to union of
ground truth and predicted masks. It is computed by,

nNz|
mUZ| (22)

The simulation parameters for DFEDC and ALStarOA’s techniques are tabulated in Table 2 and Table 3
respectively.

10U =

Table II. Parameters of DFEDC Model

Parameters Values

Number of channels 64

Activation SoftMax

Kernel size 3X3

Loss function Exponential Baikal loss
Optimizer ALStarOA

Strides 2

Batch size 32

The image outcomes obtained by DFEDC_ALStarOA for segmenting brain tumors when applied to image size
of 256 x 256. Fig. 3(a), shows the input image, Fig. 3(b) exemplifies denoised image, the segmented image

is shown in Fig 3(c), and in Fig 3(d), classified image is presented.

B Whole tumor

- Enhanced tumor

Tumor core
(a) (b) (c) (d)

Fig. 3. Segmentation for the image size of 256 x 256; (a) input image, (b) denoised image, (c) segmented
image, and (d) classified output image.

50



Fig. 4 depicts the results for the image of size 64 x 64. Fig 4(a) presents input image, Fig 4(b) is the denoised
image, Fig. 4(c) is the segmented image and Fig 4(d) shows the classified output image.

B Whole tumor
W ohanced tumor

Tumor core

(a) (b) (©) )

Fig. 4. Image outputs for the image size of 64 x 64; (a) input image, (b) denoised image, (c) segmented
image, and (d) classified output image.

Table II1.
Parameters of ALStarOA model
Parameters | Details Values
T Maximum 500
max Iteration
d Decision 30
b.p variable
H Population 50
size
rand Random Random numbers between (0,1)
K random numbers between (-1,1)
h Integer Between (1,50)
index
f Random numbers between (0,1)
v Random numbers between (0,1)
IB constant 1.5
Comparative Analysis

The effectiveness of DFEDC ALStarOA for segmenting brain tumors is analyzed by comparing its
performance with prevailing approaches, namely UNet [16], MultiModNet [3], LGM+DAP+RDKIM [17] and YOLO-
BT [8].

Comparative analysis for the image size of 64 x 64. In Fig 5(a) segmentation accuracy is depicted. With 1000
number of images, DFEDC_ALStarOA achieved a segmentation accuracy of 91.880%, and the segmentation accuracy
recorded by existing techniques, named U-Net is 81.980%, MultiModNet is 83.910%, LGM+DAP+RDKIM is
86.990%, and YOLO-BT is 88.989%. Now, DFEDC ALStarOA is improved by 3.15% than U-Net considering
segmentation accuracy. Fig. 5(b) presents the dice coefficient. The dice coefficient recorded by DFEDC_ALStarOA
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is 91.888% and existing models, including U-Net is 81.988%, MultiModNet is 83.998%, LGM+DAP+RDKIM is
85.999%, and YOLO-BT is 87.999%, with 2000 images. Compared to MultiModNet, the developed
DFEDC ALStarOA demonstrated a 4.23% improvement in Dice performance. In Fig. 5(c) IOU is portrayed. The IOU
obtained by the designed DFEDC_ALStarOA is 94.877%, and prevailing techniques, such as U-Net is 85.888%,
MultiModNet is 88.888%, LGM+DAP+RDKIM is 89.910%, and YOLO-BT is 92.888% when the number of images
is 3000. The proposed DFEDC ALStarOA recorded a 4.42% higher IOU than LGM+DAP+RDKIM.

e UNet

—— MultiModNet
LGM+DAP+RDKIM

=—sip— YOLO-BT

—®— Proposed DFEDC-ALStarOA

* _/.
94 "

Segmentation accuracy(%)

0 \ . \ . . ,
1000 1500 2000 2500 3000 3500 4000
Number of Images

(@)

—h— UNet

~—— MultiModNet
LGM+DAP+RDKIM

—s—YOLO-BT

~—@— Proposed DFEDC-ALStarOA

95

Dice coefficient(%)

1000 1500 2000 2500 3000 3500 4000
Number of Images

(b)

—e— UNet

=0 MultiModNet
LGM+DAP+RDKIM

—i— YOLO-BT

~—@— Proposed DFEDC-ALStarOA

82 . n . . .
1000 1500 2000 2500 3000 3500 4000

Number of Images
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(a) segmentation accuracy, (b) dice coefficient, and (c) IOU.
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Comparative analysis for the image size of 128 x 128: In Fig. 6(a), the assessment of
DFEDC_ALStarOA about segmentation accuracy is portrayed. With a number of images as 4000, the proposed
method achieved a segmentation accuracy of 96.590%, and prevailing methods, like U-Net is 90.988%, MultiModNet
is 91.888%, LGM+DAP+RDKIM is 92.989%, and YOLO-BT is 94.666%. Now, the proposed method out performed
MultiModNet by a margin of 3.19% in segmentation accuracy. In Fig. 6(b), the proposed method recorded a Dice
coefficient of 91.879%, when the number of images is 1000, and the value achieved by the existing techniques,
including U-Net is 81.888%, MultiModNet is 83.989%, LGM+DAP+RDKIM is 85.990%, and YOLO-BT is 88.887%.
When compared specifically to U-Net, the proposed method shows an improvement of 3.26%. In Fig. 6(c), analysis
of DFEDC_ALStarOA in terms of IOU results is presented, with 2000 images, the proposed model attained an IOU
of 94.899%, and the IOU attained by the existing techniques, namely U-Net 86.878%, MultiModNet 87.999%,
LGM+DAP+RDKIM 90.988%, and YOLO-BT 92.677%. Compared to LGM+DAP+RDKIM, DFEDC_ALStarOA
demonstrated a notable 3.3% improvement in IOU.
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Fig. 6. Assessment for the image size of 128 x 128; (a) segmentation accuracy, (b)
dice coefficient, and (c) IOU
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Comparative valuation for the image size of 256 x 256: In Fig 7(a), the estimation of
DFEDC_ALStarOA for segmentation accuracy is exhibited. By considering number of images as 3000, segmentation
accuracy obtained by designed DFEDC_ALStarOA is 95.988%, and prevailing approaches, namely U-Net is 89.988%,
MultiModNet is 90.988%, LGM+DAP+RDKIM is 91.099%, and YOLO-BT is 93.988%. Here, the segmentation
accuracy of DFEDC_ALStarOA is improved by 2.13% over U-Net. Fig 7(b) highlights the assessment of
DFEDC_ALStarOA concerning dice coefficient. The dice coefficient gained by established DFEDC ALStarOA is
97.158% and existing approaches, like U-Net is 91.877%, MultiModNet is 92.989%, LGM+DAP-+RDKIM is
93.887%, and YOLO-BT is 95.555% by using 4000 images. In this case, the dice coefficient of DFEDC ALStarOA
is enhanced higher by 3.06% than LGM+DAP+RDKIM. Lastly, Fig 7(c) presents the analysis for 1000 images. For
this image size, the IOU obtained by the proposed method is 93.999% and prevailing frameworks, like U-Net is
85.899%, MultiModNet is 87.988%, LGM+DAP+RDKIM is 89.990%, and YOLO-BT is 90.998%. This demonstrates
that the IOU of DFEDC ALStarOA is improved higher by 3.19% relative to MultiModNet.
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Comparative valuation for the image size of 512 x 512: The comparative analysis for the image size of 512
x 512 is shown in Fig. 8. In Fig 8(a), shows the analysis for the image size of 2000, the segmentation accuracy of the
proposed method is 95.988%, whereas prevailing models, like MultiModNet is 90.988%, U-Net is 89.988%,
LGM+DAP+RDKIM is 92.899%, and YOLO-BT is 93.990%. Notably, DFEDC_ALStarOA shows an improvement
of 2.51% over LGM+DAP+RDKIM. Fig 8(b) exhibits the analysis of DFEDC_ALStarOA in regard to the dice
coefficient. When the number of images is 3000, the dice coefficient attained by DFEDC_ALStarOA is 96.777%, and
prevailing methods, namely U-Net is 90.988%, MultiModNet is 91.988%, LGM+DAP+RDKIM is 92.989%, and
YOLO-BT is 94.544%. This reflects that DFEDC_ALStarOA attained a 2.48% better dice coefficient than YOLO-
BT.
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Fig. 8(c) shows the results for the 4000 images, the IOU attained by the developed method is 98.280%, and
prevailing models, including U-Net is 91.870%, MultiModNet is 93.888%, LGM+DAP+RDKIM is 95.454%, and
YOLO-BT is 96.555%. This represents that DFEDC ALStarOA achieves an IOU higher by 2.66% over
MultiModNet.

The comparison of DFEDC_ALStarOA with various metrics by varying image sizes is shown in Table 4. For
the 4000, the segmentation accuracy acquired by DFEDC ALStarOA is 97.468%, and existing methods like
MultiModNet is 93.988%, LGM+DAP+RDKIM is 94.766%, U-Net is 92.898%, and YOLO-BT is 95.655%.
Likewise, the dice coefficient obtained by prevailing methods, like U-Net is 92.987%, MultiModNet is 93.887%,
LGM+DAP+RDKIM is 94.766%, and YOLO-BT is 95.956%, and the proposed DFEDC ALStarOA achieves dice
coefficient of 97.778%. Also, the IOU acquired by designed DFEDC ALStarOA is 98.280%, and prevailing
frameworks, namely U-Net is 91.870%, MultiModNet is 93.888%, LGM+DAP+RDKIM is 95.454%, and YOLO-BT
is 96.555%. DFEDC improves tumor boundary detection, captures multi-scale features, adapts to irregular shapes,
and boosts segmentation robustness.

Table IV. Performance comparison of the proposed model with the existing models.

Propeosed
I’;‘F_ g Metrics UNet | MulfiModNet L;\;g.&? TOLOBT | DFEDC.
e - ALStar04
Segmentation | o0 07 | opgss 91999 | 93355 | 96168
accuracy (%)
64xeq | Dicecoefficient | oo o0 §8.990 90999 | 92999 | 95766
(%)
10U (%) 87910 | 89.679 91985 | 93675 | 96899
Segmentation
accuwracy (%) | 90985 | 91888 92089 | 4666 | 96590
128x128 Dice coefficient
¥ {4%) 86950 | 91879 93980 | 94355 | 96678
10U (%) 58058 | 91980 e300 | 95347 | 974690
Segmentation | o, o0r | 93087 939598 | 04877 | 96909
aceuracy (%)
ot Fent
256x256 "'”:,f)ﬁ | opser7 | 92988 948878 | 95876 | 97.878
10U (%) §3.453 | 85.003 §7.075 | 89355 | 90385
Segmentation 1 g oc | 93958 94766 | 95655 | 97467
acenracy (%)
si2vs1y | Dicecoefficient 1o oor | o367 94766 | 93955 | 9n777
(%)
10U (%) 91872 | 938878 954544 | 96555 | 98.279

5. Conclusion

Segmenting the tumor allows clinicians to accurately determine its size, shape, location, and boundaries. This
information is critical for distinguishing between tumor types and understanding tumor heterogeneity. Additionally,
the proposed DFEDC model is trained utilizing a newly developed optimization algorithm, ALStarOA, which
combines the strengths of ALA and SFOA. The proposed DFEDC_ALStarOA obtains higher dice coefficient of
97.777%, 10U of 98.2799%, and segmentation accuracy of 97.4678%. In the future, this approach aims to leverage
transfer learning, thereby improving its generalization.
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