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Abstract

In the medical sector, automatic segmentation procedures are often employed for detecting
multiple diseases using diverse forms of medical records such as Magnetic Resonance images
(MRI), Computed Tomography (CT) scans, etc. However, it is hard to ensure superior
segmentation performance over multi-modal data due to the inherent heterogeneity of medical
images. Traditional segmentation models frequently struggle due to poor generalizability, when
handling multimodal data. Furthermore, employing multi-modal medical data to guarantee precise
segmentation performance frequently requires advanced encoder-decoder models. This
modification is made by introducing diverse encoding or decoding units for processing each
specific modality. In this work, an advanced attention mechanism-based deep learning network is
implemented to effectively learn complex heterogeneous features in medical images. From the
standard public databases, the required multi-modal images are gathered, and it is directly offered
to the segmentation model for performing multi-modal segmentation. The segmentation process is
executed using Multi-head Gated cross Attention Fusion Encoder-based Adaptive Transformer
Mobile-UNet++ with Consistency Loss Function (MGAFE-ATMU++-CLF), which provides
robust and efficient multi-modal segmentation. The segmentation accuracy over multi-modal
images is enhanced through the optimization of parameters from the MGAFE-ATMU++ model
using the Renovated Puma Optimizer (RPO), which adjusts the model parameters to provide better
effectiveness. The developed MGAFE-ATMU++-CLF model primarily focuses on robust feature
extraction, effective cross-modal information fusion, dynamic adaptation, and enhanced boundary
delineation. The experimental outcomes with the suggested network are validated with the
standard works to ensure its segmentation effectiveness.
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Introduction
Clinical image segmentation enables disease
diagnosis, progression monitoring and
recommending appropriate treatment plans
for multiple diseases [1]. Accurate
segmentation enhances the proper evaluation
of anatomical patterns, boundary extraction
and evaluation of abnormal tissue growth,
which promotes the creation of significant
diagnostic  data related to  disease
development [2]. The medical images employ
diverse  modalities, including CT.
Ultrasounds, MRI and optical images like
fundus images, endoscopic images, etc., to
detect and treat a particular disease by
examining the internal patterns within the
image [3]. Segmentation of huge forms of
clinical images faces several challenges due
to the insufficient databases, occurrence of
image artifacts as well as domain shift [4].
Recent studies revealed that image artifacts
are the primary challenge throughout the
segmentation  process. These artifacts
comprise fuzzy borders, varying illumination
and low contrast [5]. Furthermore, existing
segmentation models are designed for a
unique anatomical pattern [6]. Yet, they often
struggle due to poor generalizability over
diverse databases. This obstacle reduces its
efficiency in real-world clinical applications
like disease detection and growth tracking [7].
The rapid evolution of medical imaging
has improved the prevalence of multimodal
databases. These databases provide a more
detailed representation of clinical data than a
single-modality database [8]. Moreover,
fusing this information has emerged as a
major research topic in data analysis, and it is
grouped as input, feature, and decision-level
fusion [9]. Additionally, the evolution of deep
learning in medical imaging has created

various changes in multiple domains. These
approaches have the ability to process huge-
scale and complicated medical information
more  effectively [10].  Additionally,
extracting  significant  patterns  from
complicated databases, deep learning models
have improved medical decision-making
[11]. In addition, existing studies on deep
learning have proved this approach as an
effective tool for clinical diagnosis due to its
efficiency in handling a huge volume of input
sources [12].

In recent days, deep learning-enabled
models like neural architecture have attained
greater efficiency in semantic segmentation
and disease classification tasks [13]. Yet,
these approaches have complicated system
architecture, which demands additional
hardware setup and computational resources
for processing, which limits their adaptability
in undefined databases [14]. The evolution of
deep learning approaches has increased their
application in numerous tasks, including
clinical image segmentation [15]. Existing
medical image segmentation frameworks
used an encoder-decoder model, where the
encoder unit captures the hierarchical features
from the input source, and the decoder is to
create the feature map by processing the
outcome attained from the encoder unit, as
well as to restructure the pixel-level
segmentation outcome [16]. However,
existing encoder-decoder models lack the
ability to ensure precise segmentation
performance while handling medical records
with varying modalities [17]. Therefore, this
work focuses to introduce novel segmentation
architecture for processing multi-modal
clinical images.

Contributions:
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To design an effective deep learning
approach ~ for  performing the
segmentation process using multi-
modal medical records. This adaptive
architecture  is  designed by
incorporating the strength of an
advanced attention protocol with an
encoder- decoder framework. The
primary role of this model is to
localize the disease-affected region
and determine the current phase of the
disease using multi-modal image
records collected from the patients.
Furthermore,  this work  used
optimization process to increase the
proposed encoder-decoder model’s
segmentation efficiency.

To segment the anatomical patterns in
the multi-modal clinical image using
the designed MGAFE-ATMU++-
CLF model to track the disease
growth. This segmentation model is
proposed by fusing a multi-head
GCAF protocol on the encoder unit of
the TMUNet++ architecture.

Moreover, the TMUNet++
parameters are tuned using the
proposed RPO to boost the

segmentation  efficiency of the
suggested methods. Additionally, this
structure utilizes an advanced loss
function termed CLF to analyze the
exact pixel-level boundaries among
the anatomical patterns within the
medical image.

To introduce an advanced optimizer
named RPO by updating the basic
functions of the existing PO by
employing an arbitrary update
protocol. The core aim of the
proposed RPO is to enhance the loU
value of the designed MGAFE-
ATMU++-CLF system by optimizing
the learning rate, steps per epochs and
hidden neurons of the TMUNet++

www.ijiemr.org

architecture, which results in high
segmentation efficiency.

The layout of this article is presented here.
The descriptions of existing research are
presented in Part Il. The outline of the
suggested  segmentation  framework s
described in Part I1l. The explanation of the
baseline models is discussed in Part IVV. The
functional explanation of the suggested
methods is given in Part V. The empirical
studies of the proposed system are given in
Part VI, and finally, Part VII concludes the
article.

2. Literature Survey

2.1 Related Works

In 2025, Pavarut et al. [18] have designed an
innovative  transformer-enabled  fusion
framework for ensuring superior
segmentation performance by capturing the
local and global patterns from the input
source using self-attention. This framework
combined the multi-phase CECT as well as
multi-sequence MRI reports for enhancing
the segmentation efficacy. By integrating a
parameter-free multi-modal attention layer,
the network dynamically estimated the
weights of the input source for managing the
effects of missing information. This proposed
model enhanced medical interpretability and
segmentation rate by minimizing system
complexity. Simulation results confirmed that
this approach has outperformed single-
modality and existing fusion methods with
better performance and lower computational
overhead.

In 2025, Jin et al. [19] have established a
unique brain tumor segmentation unit termed
SwinHCAD by incorporating the
SWinUNETR encoder with an attention
decoder. Moreover, by fusing multi-scale
patterns via channel-specific attention, this
model preserved the critical spatial
information. Comparative analysis was
executed using BraTS GLI datasets, and the
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findings demonstrated that the designed
SwinHCAD has outperformed the efficiency
of classical models with better performance.

In 2026, Yu et al. [20] have introduced a
U-Net for efficient clinical image
segmentation by combining the strength of
MMB and a Dense-ConvMixer. Here, the
MMB utilized a skip connection to bridge as
well as fuse multi-level semantic patterns,
while the Dense-ConvMixer captured the
significant critical context and spatial details
from the input sources. The evaluation on
standard databases proved that the designed
model achieved superior loU scores than
existing methods.

In 2024, Liu et al. [21] have suggested an
efficient architecture termed the MLP-Res-
UNet model for precise segmentation using
multi-modal spine  MRI reports. By
incorporating residual units with Multilayer
Perceptron (MLPs), this model significantly
minimized the computational overhead and
parameter counts by maintaining better
accuracy. Moreover, the network employed a
unique deep supervision model with full-scale
residual connections to transfer the features
from the encoder to the decoder unit.
Experimental results proved that MLP-Res-
UNet maintained better segmentation
performance throughout the implementation
phase.

In 2025, Karaddi et al. [22] have
introduced a transformer-enabled framework
termed VXL for automated CAD detection.
Furthermore, by employing a patch-enabled
feature extraction process, the XLSTM
component enabled efficient sequential
processing with minimum computational
expenses. This model utilized a rigorous
preprocessing suite, such as morphological
approaches, to pre-process the CT and MRI
inputs. The empirical results proved that the
designed Morpho+M-CLAHE+VXL model
demonstrated high accuracy and robustness.
In addition, this model used LIME and

segmentation maps to ensure reliable
diagnostic results.

In 2022, Jafari et al. [23] have suggested a
neural architecture for multi-modal image
segmentation using the labels gathered form
source domain. They used a normalized
gradient to reduce the intensity discrepancies
between domains. Later, the encoder-decoder
model performed segmentation as well as
reconstruction tasks. The network segmented
unlabeled target domain images by learning
consistent, shape-aware latent features across
domains. Experiments on CT and MRI
datasets have shown superior performance
with lower model complexity than existing
approaches.

In 2024, Li et al. [24] have developed a
TranSiam model for accomplishing a multi-
modal clinical image segmentation task. Two
parallel CNNs extracted modality-specific
local features at low-level layers, whereas the
transformer unit captured the global high-
level data. Features from different modalities
were fused using LAA blocks to focus on
regions of interest and neglected the irrelevant
areas. The LAA blocks were applied at each
encoder layer to enable multi-scale multi-
modal feature fusion. Experiments on
multiple datasets demonstrated that TranSiam
achieved strong and consistent segmentation
performance.

In 2022, Singh et al. [25] have proposed a
lightweight real-time network named
MISegNet for medical image segmentation.
Discrete wavelet transform (DWT) extracted
salient frequency-domain patterns, enlarging
neuron receptive fields. An advanced
attention layer was employed to enhance
multi-scale  feature  discrimination. A
boundary-aware loss function was used to
increase the segmentation of ambiguous
edges. Experiments on four datasets showed
that MISegNet have outperformed classical
methods.
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2.2 Problem statement

Precise segmentation is significant to monitor
the disease development in other body parts
and to determine the current status of the
disease. At present, various researches were
made to establish an effective medical image
segmentation model. Yet, standard methods
are less effective to perform accurate
segmentation because of the variation caused
by the image resolution as well as dimensions.
The computational complexity of the classical
models is high while handling a large quantity
of medical images. The research gaps of
classical clinical image segmentation models
are listed below.

% Classical segmentation approaches
lack the ability to handle images with
varying pixel intensity and result in
inaccurate segmentation. Therefore,
designing an enhanced segmentation
method can aid in tackling this
obstacle and presents precise outcome
by analyzing the slight variation in the
image.

Traditional models fail to learn the
significant structural details from the

e

AS

clinical record, which is necessary for
exact clinical image analysis.
Therefore, it is significant to develop
an innovative approach to mitigate
this issue and to support reliable
decision-making in treatment
planning.
¢+ Existing medical image segmentation
methods struggles to handle the multi-
modal clinical records with undefined
patterns, which is significant to
present exact segmentation outcomes.
This issue can be resolved by
incorporating an advanced attention
protocol into the segmentation model.
% Classical methods exhibit poor
generalization,  when  handling
undefined clinical images due to
system overfitting at the training
stage. This challenge can be tackled
by developing an advanced optimizer
to execute network hyperparameter
optimization.
The merits and demerits of existing
clinical image segmentation methods are
given in the Table. 1.

Table 1. Features and Challenges of Existing Clinical Image Segmentation Methods

Author Methodology | Features Challenges

[citation]

Pavarut ef | CNN It can capture the hierarchical | It lacks the ability to handle

al. [18] patterns  from clinical | images with varying intensity
image. and resolutions.
It eliminates the impact of | It is  sensitive  towards
uneven noise as well as artifacts | overfitting and  demands
on the image. additional resources for

training.

Jin et al. | SWINHCAD | It can automatically extract the | It needs additional memory and

[19] global and local contextual | processing time while handling
details from the image. images with high resolution.
It can simultaneously process | The generalizability of the
both the fine-grained and huge | model is low due to the
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structural patterns within the | problems caused by imbalanced
image. datasets.
Yu et al. | MMU-Net It is effective in processing the | It requires additional
[20] fine-grained spatial patterns | computational and memory
related to the lesion. resources  for  processing
It can learn significant features | multimodal data.
from the image at multiple | It struggles to process images
scales. with varying resolution and
noise levels.
Liu et al | ResUNet It can learn the complicated | It demands well-annotated
[21] patterns from the image by | multimodal data to attain
eliminating the impact of | optimal segmentation
vanishing gradients. performance.
It ensures superior | It lacks the ability to process
generalization in undefined | limited or imbalanced datasets.
clinical images.
Karaddi et | xXLSTM It can effectively learn the | The training duration of the
al. [22] contextual and  sequential | model is high.
connections within the image. | It is vulnerable towards the
It can manage the uneven noise | problems  associated  with
and varying intensity. vanishing gradients.
Jafari ef al. | DNN It can capture complicated | The computational demands of
[23] patterns from multiple modal | the model are high.
images. It is sensitive towards the
It guarantees reliable | problems  associated  with
performance while handling | overfitting.
images with varying
resolutions.
Li et al | TranSiam It can effectively learn the | [t demands a well-annotated
[24] global dependencies within the | multimodal clinical dataset to
image. ensure precise segmentation
It is effective in handling | performance.
heterogeneous clinical datasets. | It  often  overfits  while
processing the imbalanced data.
Singh et al. | DWT It can capture the salient | It struggles to learn the long-
[25] patterns  from  multimodal | range as well as contextual
images accurately. details from the image.
It processes both edge and | It lacks the ability to process the
texture details from the clinical | images with varying frequency
image. elements.
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3. An Effective Image Segmentation
Framework using Multi-modal
Medical Images and Deep Learning
Techniques

3.1 Significance of Multimodality in
Medical Image Segmentation
Multimodality is frequently employed in
clinical image processing, since it has the
ability to offer various details related to the
target, such as the development of cancer or
tumour cells, current phase, etc. Performing
the segmentation process using multimodality
comprises the fusion of multiple data for
increasing the segmentation efficiency. MRI,
CT, and PET are common modalities
employed for clinical image segmentation
tasks. In clinical image processing,
multimodality assist to enhance the diagnosis
rate, tumour localization and recommending
appropriate treatment strategies by examining
the progression and present phase of the
disease. Moreover, multimodality offers a
precise segmentation outcome by combining
the significant details, including resolution
and metabolic information extracted from the
medical images. Additionally, employing
multi-modal information in segmentation
tasks assist to tackle the obstacles in signal
modalities like poor contrast within soft tissue
and promotes precise segmentation of
complicated patterns. In addition, it promotes
effective medical decision making by offering
a more detailed and multi-dimensional view
of intricate, noisy and anatomical information
within the given medical image source.

3.2 Introductory View of Proposed
Multimodal Medical Image Segmentation
System

In the clinical sector, image segmentation
plays a significant part in disease detection
and progression monitoring. Segmentation
procedures are frequently employed to detect
and localize the disease-affected regions from

the medical image. This localization
procedure assists in attaining a precise disease
detection outcome by analyzing vital
information related to tissues or cellular
growth patterns from the medical image.
However, traditional segmentation models
often provide precise segmentation outcomes
only for a particular anatomical pattern and
fail to ensure better generalization, while
handling multimodal clinical images. To
resolve this limitation, this work introduces a
robust ~ multimodal medical image
segmentation system using deep learning.

This advanced segmentation model is
proposed by integrating an advanced version
of the attention mechanism with a deep
learning architecture for capturing both the
significant and complicated details from the
multimodal clinical image. Here, the
multimodal clinical images required for the
segmentation process are sourced from an
internet database. Later, the accumulated
images are directly subjected to the designed
MGAFE-ATMU++-CLF-based
segmentation model for detecting the disease
and tracking its progression. The MGAFE-
ATMU++-CLF architecture is designed by
fusing a multi-head gated cross-attention
protocol on the encoder unit of the
TMUNet++  architecture.  Here,  the
TMUNet++ is the backbone unit for the
segmentation task. On the other hand, the
fusion of gated cross attention on the encoder
unit promotes better interaction as well as
fusion among diverse modalities of medical
images, which is significant for learning the
major information by eliminating the
irrelevant data. Moreover, this model
employs a CLF for increasing segmentation
stability by minimizing error rate.
Furthermore, the efficiency of the designed
MGAFE-ATMU++-CLF  architecture is
improved through optimizing the TMUNet++
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parameters using a renovated version of
optimization technique named RPO. Finally,
the reliability of the proposed architecture
against existing models is validated using
various  comparative  analyses.  The
architecture of the recommended multi-modal
medical image segmentation system is given
in Fig. 1.

dddddd

Fig 1. Multi-Modal Medical Image
Segmentation System

3.3 Multimodal Medical Image Dataset

The multimodal clinical images for the
segmentation process are scoured from the
GIST-CT-PET database using
“https://github.com/praneethMohan/GIST-

CT-PET/tree/main” on 30-01-2026. This
database is the collection of clinical images
like CT scans, PET reports and ground truth
images. The images within this database are
collected from numerous patients with
diverse health conditions. The sample images
are offered in Fig. 2, and it is represented as

Ci”™  where aindicates the total image

a

count.

Datas
et
CT
image

PET
image

Fig 2. Sample Images from the Database

Volume 15 Issue 04 April 2026

ISSN 2456 - 5083

Page: 203


https://github.com/praneethMohan/GIST-CT-PET/tree/main
https://github.com/praneethMohan/GIST-CT-PET/tree/main

International Journal for Innovative

€ngineering and Management Research

PEER REVIEWED OPEN ACCESS INTERNATIONAL JOURNAL

www.ijiemr.org

4. Design of Generalizable Multi-modal

Medical Image Segmentation
Mechanism using Unet-based
Architecture

4.1 Gated Cross Attention Fusion

GCAF unit [26] is a unique network, designed
to enable a particular region feature F. to
understand its context in a broader image
sceneF,. The GCAF employs Multi-head
Cross Attention (MCA) to estimate the
interaction between local region feature and
global image feature as expressed in Eq. (1).

j=MCcAQ=F, .K=F.V=F) (1)

Here, the region embedding F. offers the
queryQ, and the image embedding F,

provides the contextual details like keysk
and valuesV .

By employing this technique, the GCAF
captured the significant patterns within the
image precisely. Further, a gating protocol is
applied to prevent the dependence of local
data and control the impacts of global data on
the region embedding. This gating procedure
is defined in Eq. (2).

h=clE,F +N,) (2)

Here, the terms E, and N, define the gate’s

weight as well as bias values. The symbol &
indicates the sigmoid activation function. The
systematic form of the GCAF unit is
presented in Fig. 3.

Full image

Cross attention

=
2
>
ki
4
k=1
P
ket
2
%
2
=
S
o

4.2 Trans-Mobile-Unet++

TMUNet++ [27] is a hybrid segmentation
framework established to accomplish
semantic segmentation tasks. This model
incorporates the benefits of a transformer with
the standard MobileUNet++ framework. The
basic functions executed in each unit are
explained below.

Transformer: This unit processes the input
source using normalization, attention, and
feed-forward blocks. The feed-forward layer
comprises a dropout, linear and a Gaussian
Error Linear Unit (GELU) unit, where the
initial linear layer expands the image
dimension and the succeeding linear layer
minimize the dimension and reaches its initial
dimension. The result offered by this layer is
described in Eq. (3).

T"=Drp(GELU(T"))e R>* ()

Here, the resultant value from the
transformer layer is defined as T"and the
dropout unit is expressed asDrp . The image
dimension and sequence count are defined as
zandD.

MobileUNet++: This model implements
the segmentation task by employing multiple
skip connections of UNet++. This skip
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connection permits better gradient flow
through the network. Later, the resultant value
from the upper and lower units is combined to
offer the final segmentation results and this
process is defined in Eq. (4).

w v (zq’l’w ) w=0

e oot o @

Here, the convolution and activation
functions are denoted as V() ands(). The

feature map from the MobileUNet++ is
expressed as z*" .

5. A Multi-head Gated Cross-Attention
Fusion Encoder-based Adaptive Trans-
Mobile-Unet++ with CLF for Multi-
modal Medical Image Segmentation
5.1 Renovated PO

In the designed multi-modal image
segmentation model, RPO-enabled
hyperparameter optimization is considered a
significant phase. The RPO is the upgraded
version of the traditional PO named RPO. The
developed RPO aims to boost the
segmentation efficiency of the proposed
MGAFE-ATMU++-CLF  approach by
optimizing the TMUNet++ parameters at a
predefined boundary.

Rationale: The PO [28] is a heuristic
technique established by imitating the
intelligence behaviour as well as the lifestyle
of the puma population. The PO technique
presented a novel and effective protocol
throughout the optimization phase for
improving the efficiency of the optimizer over
existing  approaches. This innovative
optimizer is employed to execute a phase
change function at the tuning phase and to
stabilize the equilibrium among the
optimization phases. Among other tuning
techniques, this optimizer has ensured greater
efficiency for both complicated and dynamic
optimization issues. Moreover, the PO has

www.ijiemr.org

offered superior performance in resolving
clustering issues.

Novelty: Despite this significance, the PO
lacks the ability to offer precise performance
in undefined search regions and is vulnerable
towards the problems caused by the local
optimum. To address these limitations, this
research aimed to propose an advanced
version of the PO by upgrading its basic
operations using an arbitrary update strategy
and mentioned the upgraded version as RPO.
During the update process, a random
parameter al within the classical PO is
upgraded using diverse fitness score and the
mathematical formulation of the updated
arbitary integer is given in Eq. (5).

C
A= ()
By +W. + M
In Eq. (5), the best, worst, mean, and
current fitness values taken for updating are
expressed asB,,W,,M,andC,. The random

integer atis selected within the limit[o-1].
This random update enables the RPO to
achieve the best result for the given task by
maintaining a better convergence rate
throughout the implementation phase. The
core aim of the proposed RPO is to boost the
loU value of the suggested MGAFE-
ATMU++-CLF by tuning the learning rate,
hidden neurons and steps per epoch of the
TMUNet++ architecture, which results in
high  segmentation  efficiency.  The
pseudocode of the suggested RPO is
presented in Algorithm 1.
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Algorithm 1: Proposed RPO
Input: TMUNet++ parameters, including
learning rate Lr™Y™%* hidden neuron
Hn™+ and steps per epoch Se™ e+
Initialization of population size and
parameter count of puma
Compute the fitness score of each puma
within the population
Estimate the best solution (puma with the
best fitness score)

Upgrade the random integer atusing Eq.
(5)

For y=1to Mx,

For ps=1to N,

Determine the best location for the
puma

Calculate the best position’s fitness
value

Amend the puma’s best position

End for

End for

Achieve the best value

Output: Tuned TMUNet++ parameters
like learning rate Lr;"*"***, hidden neuron

Hn"as well as steps per epoch

TMUNet:
Se, ++

5.2 Proposed MGAFE-ATMU++-CLF for
Segmentation

The core intent of this research is the
establishment of an adaptive segmentation
approach named MGAFE-ATMU++-CLF for
processing multi-modal medical images. This
segmentation model is designed by
incorporating the strengths of GCAF and
TMUNet++ architecture, along with a
hyperparameter optimization process.

Novelty:  The designed MGAFE-
ATMU++-CLF-based segmentation model is
proposed by fusing a multi-head GCAF

protocol to the encoder unit of the
TMUNet++.  Here, the TMUNet++
architecture works as a backbone layer
throughout the segmentation task. The
TMUNet++ architecture learn the significant
dependencies from the input source with the
support of a transformer layer, which is
significant for ensuring precise segmentation
efficacy, while handling the medical images
sourced from complicated circumstances. On
the other hand, the MobileUNet++ model
guarantees precise spatial feature
representation by  maintaining  better
computational efficiency using depth-wise
separable convolution function. Apart from
these benefits, the TMUNet++ lacks the
ability to offer an accurate segmentation
outcome while processing the clinical image
with high resolution, which results in
inaccurate segmentation performance. To
address this limitation, a multi-head GCAF
protocol is fused on the encoder unit of the
TMUNet++ as a novel operation.

This  integration = promotes  better
interaction as well as fusion among diverse
modalities of medical images, which is
significant for learning the major information
by eliminating the irrelevant data from the
clinical images. However, the generalization
of the designed MGAFE-TMU++ model is
low while handling the input data collected
from an undefined database. To mitigate this
issue, TMUNet++ parameters on the
MGAFE-TMUNet++ model are fine tuned
using the recommended RPO. Yet, the
designed MGAFE-ATMU++ struggles to
ensure effective overlap among the image
masks while handling specific modality,
resulting in a poor segmentation rate.
Therefore, employing an advanced loss
function during the segmentation task enables
the model to provide precise segmentation
performance.
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Loss function: Here, an advanced loss
function named CLF is derived by
incorporating two regression loss functions,
including MSE and MAE. The CLF is
expressed in Eq. (6).

2

m”—m

CLF = 100 ><Zinll(ui -G, )2 +|ui _0i| (6)

Here, the term mdefines the data point
count, u, and g, indicates the ground truth and

m? —m

predicted mask. The term indicates the

scaling factor, which functions as a
normalization or weighting factor. The
designed CLF promotes superior
segmentation performance by balancing the
dependability and accuracy of the designed
MGAFE-ATMU++ approach. Moreover, this
loss function corrects the huge prediction
error among the image masks. The CLF assist
to present precise and reliable segmentation
results throughout the segmentation phase by
mitigating the impacts of vanishing gradients.

Working: At first, the fetched multimodal
medical images are forwarded to the
recommended MGAFE-ATMU++ model. In
MGAFE-ATMU++, TMUNet++ is the
baseline unit for the segmentation process. At
the implementation phase, the collected
images are given to two diverse attention
heads of the MGAFE unit, where the first
head processes the CT image and the other
one processes the PET image. Then, the
resultant CT and MRI image features are
fused together by the MGAFE unit. Later, the
fused image is forwarded to the TMUNet++
model, in which the transformer encoder
processes the long-range spatial details from
the image and forwards it to the MUNet++ to
achieve the final segmentation outcome.

Objective function: The core objective of
the  suggested  suggested MGAFE-

www.ijiemr.org

TMUNet++ model is to present precise
segmentation results related to disease
detection by processing multimodal medical
images. In this model, hyperparameters of
TMUNet++ like steps per epoch, learning
rate, and hidden neuron are fine tuned using
the proposed RPO. The objective function is
derived in Eq. (7).

OF=  agmin [ L j %

frnruosees (e sgroness )| [oU-

Here, the hidden neurons of TMUNet++
Hn"are optimally selected within the
range [5-255], the learning rate of TMUNet++
LrMM* s optimized within the interval
[0.01-0.99], as well as the steps per epoch of

TMUNet++ se™+* are selected from the
interval [100-500].

The loU is the standard measure employed
to estimate the overlap among the image
masks, such as predicted and ground truth
masks. loU is derived using Eg. (8).

kl

loU=——
kl+op+iu

(8)

In Eq. (8), the true positive is indicated as
kI, the false positive and negative results are
defined asop and iu. The pictorial
representation of the designed MGAFE-
ATMU++-CLF is presented in Fig. 4.
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Fig 4. MGAFE-ATMU++-CLF-based
Segmentation Model

6. Results and Discussion

6.1 Experimental Setup

The execution of the suggested multi-modal
clinical image segmentation approach was
conducted using the Python tool. This
platform involved a population size of 10, 50
iterations and a chromosome length of 3.
Furthermore, a diverse comparative analysis
was conducted over classical methods to
validate the efficiency of the designed
approach. The evaluation process was
executed over traditional optimizers like
Flamingo Search Algorithm (FSA) [29],
Single Candidate Optimizer (SCO) [30],
Snow Avalanches Algorithm (SAA) [31] and
PO. Additionally, the few existing
segmentation techniques like UNet [32],
UNet3+ [33], ResUNet [21] and TMUNet++
[27] were also considered for analysis.

6.2 Performance Measures
The efficiency of the suggested methods is
monitored uisng the following metrics.

(a) Accuracy:

Acc = kl;yt (9)

 Kkl+yt+op+iu

Here, the true negative case is expressed as
yt.

(b) IOU is expressed in Eq. (8).
(c) Dice coefficient:

2

~ 2kl+op+iu
(d) F1-score:

2xkl

Fl—scorezm (11)

(10)

(e) FDR:

__op
FDR = dron (12)
(f) FNR:

ENR—"Y (13)
kl+iu

(9) FPR:

FPR = 2P (14)
op+ yt

(h) MCC:
MCC =

(kIx yt)—(opxiu)
JKI+0p)x (kI +iu)x (yt +op)x(yt +iu)
(15)

(i) NPV

6. Results and Discussion

6.1 Experimental Setup

The execution of the suggested multi-modal
clinical image segmentation approach was
conducted using the Python tool. This
platform involved a population size of 10, 50
iterations and a chromosome length of 3.
Furthermore, a diverse comparative analysis
was conducted over classical methods to
validate the efficiency of the designed
approach. The evaluation process was
executed over traditional optimizers like
Flamingo Search Algorithm (FSA) [29],
Single Candidate Optimizer (SCO) [30],
Snow Avalanches Algorithm (SAA) [31] and
PO. Additionally, the few existing
segmentation techniques like UNet [32],
UNet3+ [33], ResUNet [21] and TMUNet++
[27] were also considered for analysis.
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_ M
6.2 Performance Measures NPV = yt+iu (16)
The efficiency of the suggested methods is (j) Precision:
monitored uisng the following metrics. Kl
(a) Accuracy: Pre= s op (17)
Ao = ;':g’; - 9) (k) Sensitivity:
kl
Here, the true negative case is expressed as yt Sen = kl+op (18)
() Specificity:
(b) IOU is expressed in Eq. (8). yt
(c) Dice (;itlefficient: e = v op s (19)
- 2kl+op+iu (10) yt
(d) F1-score: NPV = yt+iu (16)
2xkl : .
_ = <" Precision:
P score (2xkl)+op+iu (11) 0 Kl
(¢) FDR: Pre= ieop (17)
- k|°p (12) (K) Sensitivity:
+0p
() A kl+op
kl'“iu (13) (1) Specificity:
+
(9) FPR: Spc= " fop (19)
FPR = —2P (14)
op+ yt .
6.3 Segmentation outcome of the
(h)y MCC: ) Proposed Approach
MCC (klx y-t)—(op xiu) _ The image segmentation outcome offered by
V(K1 +0p)x (Kl +iu)x (yt +o0p)x (yt +iu) the proposed RPO-MGAFE-ATMU++-CLF
(15) model over classical models is displayed in
(i) NPV: Fig 5.
Description
CT image
PET image
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Ground truth image

Fused image

UNet [32]

UNet3+ [33]

ResUNet [21]

TMU++ [27]

RPO-MGAFE-
ATMU++-CLF

6.4 Epoch-based Segmentation Efficiency
Evaluation

The segmentation efficacy of the designed
RPO-MGAFE-ATMU++-CLF system s
analyzed using diverse epoch values. The
comparative findings of the designed
architecture over classical methods are
displayed in Fig. 6. This analysis process is to
examine the reliability of the recommended
method in  presenting an  accurate
segmentation outcome, while handling multi-
modal medical images. This evaluation

Fig 5. Segmentation Outcome of the Suggested Approach

www.ijiemr.org

P =

ole|e

permits monitoring the learning capability of
the proposed model. Moreover, employing
epoch values at the validation phase promotes
the early prediction of overfitting issues
within the designed segmentation model. Fig.
6(g) revealed that the loU value of the
designed RPO-MGAFE-ATMU++-CLF
system is 30.26%, 12.5%, 10% and 11.23%
greater than classical optimizers like FSA-
MGAFE-ATMU++-CLF, = SCO-MGAFE-
ATMU++-CLF, SAA-MGAFE-ATMU++-
CLF and POA-MGAFE-ATMU++-CLF.
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Similarly, the proposed model has TMUNet++ model has boosted its efficiency
outperformed the segmentation rate of the in presenting a precise segmentation outcome
existing models like UNet, UNet3+, ResUNet by learning complicated information from the
and TMUNet++, for epoch 50. Thus, the clinical image.
finding proved that the fusion of the advanced
attention protocol to the encoder of the
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Fig 6. Epoch count-aided Segmentation Performance Evaluation over Traditional Algorithm and
Techniques in terms of (a) Accuracy, (b) Dice coefficient, (c) F1-score, (d) FDR, (e) FNR, (f)
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6.5 Overall Segmentation Rate Estimation
over Traditional Techniques

The segmentation rate of the designed RPO-
MGAFE-ATMU++-CLF  system over
classical techniques is validated using
statistical measures. The comparative results
of the designed model over classical
techniques are displayed in Table 2. This
evaluation demonstrates the segmentation
rate of the designed model by estimating the
overlap among the segmented regions within
the image. Furthermore, employing statistical
measures at the validation phase enables the
estimation of the problems caused by class
imbalance. While considering the accuracy
results presented in Table 2, it is clear that the
segmentation accuracy of the designed RPO-

www.ijiemr.org

MGAFE-ATMU++-CLF system is 9.89%,
8.37% and 7.90% and 8.50 % effective than
conventional segmentation techniques such
as UNet, UNet3+, ResUNet and TMUNet++,
for the mean value. At the same time, the
proposed segmentation approach  has
exceeded the performance of the existing
optimizers including FSA-MGAFE-
ATMU++-CLF, SCO-MGAFE-ATMU++-
CLF, SAA-MGAFE-ATMU++-CLF and
POA-MGAFE-ATMU++-CLF. Hence, it is
clear that the suggested model is a novel
application for guaranteeing a precise
segmentation rate while handling multi-
modal medical images collected from
benchmark sources.

TABLE 2. OVERALL SEGMENTATION PERFORMANCE OVER TRADITIONAL TECHNIQUES

Optimization Approaches
Measures FSA- SCO- SAA- POA- RPO-
MGAFE- MGAFE- MGAFE- MGAFE- MGAFE-
ATMU++- ATMU++- ATMU++- ATMU++- ATMU++-
CLF [29] CLF [30] CLF [31] CLF [28] CLF
Accuracy
Standard
deviation | 0.000459 0.0116956 0.0106576 0.0070777 0.0075084
Best 0.8875732 0.8926239 0.885437 0.8886414 0.9555817
Mean 0.8868576 0.8796555 0.8694611 0.8802643 0.9434586
Worst 0.8861389 0.8561096 0.8520203 0.8645782 0.9328308
Median 0.8868332 0.8821869 0.871994 0.8814926 0.9432449
Dice coefficient
Standard
deviation | 0.0005551 0.0118756 0.0115353 0.0066033 0.0074064
Best 0.8875973 0.8928838 0.8872639 0.890044 0.9548605
Mean 0.8870302 0.8794872 0.8694241 0.8812726 0.9441141
Worst 0.8861146 0.8567957 0.8503025 0.8699119 0.9326211
Median 0.8872528 0.881015 0.8701355 0.8822463 0.9436999
Jaccard
Standard
deviation | 0.000896 0.0188132 0.0180623 0.0105302 0.0132828
Best 0.79791 0.8064951 0.7973713 0.8018732 0.9136202
Mean 0.7969944 0.7850964 0.7691942 0.7878077 0.8942372
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Worst 0.7955168 0.7494687 0.7395881 0.7697735 0.8737488
Median 0.7973535 0.7873459 0.7701238 0.7893057 0.8934251
Segmentation Techniques

UNet [32] UNet3+ [33] | ResUNet [21] | TMUNet++ RPO-

[27] MGAFE-
ATMU++-
Measures CLF
Accuracy

Standard
deviation | 0.0151418 0.0131069 0.0129647 0.0109871 0.0075084
Best 0.8825836 0.889801 0.8884583 0.8928528 0.9555817
Mean 0.858519 0.870546 0.8743195 0.8695099 0.9434586
Worst 0.8386536 0.8534698 0.8464203 0.8576813 0.9328308
Median 0.8551331 0.8724899 0.8774414 0.8661041 0.9432449
Dice coefficient
Standard
deviation | 0.0144265 0.0138646 0.0125708 0.0116089 0.0074064
Best 0.8815808 0.8865101 0.8876007 0.8973302 0.9548605
Mean 0.8595472 0.8706963 0.8742814 0.8686544 0.9441141
Worst 0.8374281 0.8519038 0.8463054 0.8547913 0.9326211
Median 0.8552748 0.8728235 0.8774286 0.8686949 0.9436999
Jaccard
Standard
deviation | 0.0222825 0.0217066 0.019657 0.0183726 0.0132828
Best 0.7882382 0.7961546 0.7979156 0.8137796 0.9136202
Mean 0.7539713 0.7712692 0.7768624 0.7679949 0.8942372
Worst 0.7203237 0.7420143 0.733561 0.7464065 0.8737488
Median 0.7471475 0.7743884 0.7816238 0.7678721 0.8934251

6.6 Convergence and Statistical Analysis
The convergence and statistical analysis are
the major evaluation measures employed for
analyzing the robustness of the proposed RPO
technique throughout the segmentation rate.
The convergence graph and statistical report
of the designed method are displayed in Fig.
7 and Table 3.

This convergence evaluation focuses on
determining the reliability and stability of the
suggested optimizer in estimating the best
solution for the given task. Similarly, the
statistical analysis demonstrates the suggested
optimizer’s competence by identifying the
bottleneck problems. The convergence graph

in Fig. 7 proved that the designed RPO-
MGAFE-ATMU++-CLF model has offered
better segmentation performance than
standard models such as FSA-MGAFE-
ATMU++-CLF, SCO-MGAFE-ATMU++-
CLF, SAA-MGAFE-ATMU++-CLF and
POA-MGAFE-ATMU++-CLF.

Similarly, the statistical report in Table 3
demonstrated that the reliability of the
proposed RPO-MGAFE-ATMU++-CLF
model is 55.295, 56.77%, 49.41% and
52.09% effective than classical techniques
such as FSA-MGAFE-ATMU++-CLF, SCO-
MGAFE-ATMU++-CLF, = SAA-MGAFE-
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ATMU++-CLF and POA-MGAFE-
ATMU++-CLF, for the best values. \

#= FSA-MGAFE-ATMU+ +-CLF
= SCO-MGAFE-ATMU ++-CLF
ey SAA-MGAFE-ATMU+ +-CLF

POA-MGAFE-ATMU++-CLF
e RPO-MGAFE-ATMU++-CLF

Thus, the evaluation revealed that the
established approach is more advanced in
offering exact segmentation results with
minimum computational resources.

Cost Function
= g N w
w o u o
P
b
b
b
+
b
:

Fig 7. Convergene Analysis of the Developed

Model

TABLE 3. STATISTICAL ANALYSIS OF THE DESIGNED NETWORK

Measures FSA- SCO- SAA- POA- RPO-
MGAFE- MGAFE- MGAFE- MGAFE- MGAFE-
ATMU++- ATMU++- ATMU++- ATMU++- ATMU++-
CLF [29] CLF [30] CLF [31] CLF [28] CLF
Standard
deviation 0.544164 0.4303585 0.1584711 0.2718655 0.118883
Best 1.1296156 1.168307 0.9982841 1.053945 0.5049455
Mean 1.5636552 1.3371416 1.073444 1.1486105 0.5292124
Worst 4.2563514 4.3306073 1.8206759 3.0084834 1.1116176
Median 1.4443189 1.2989412 0.9982841 1.1530337 0.5049455
7. Conclusion the proposed RPO. Moreover, a CLF loss
An innovative deep learning-enabled function was employed to minimize the

segmentation architecture for processing
multi-modal clinical images was designed in
this work. At first, the clinical images were
gathered from public sources and subjected to
the suggested MGAFE-ATMU++-CLF for
executing the segmentation task. The
MGAFE-ATMU++-CLF model was
established by fusing a multi-head GCAF
protocol on the encoder unit of the
TMUNet++ architecture. Furthermore, the
reliability of the suggested architecture was
improved by fine-tuning the TMUNet++
parameters at predefined limits by employing

suggested model’s error rate in analyzing the
exact pixel-level boundaries among the
anatomical patterns within the medical image.
Finally, diverse evaluations were performed
to examine the efficiency of the suggested
method over classical methods. The empirical
results proved that the designed RPO-
MGAFE-ATMU++-CLF model was 8.27%,
7.39%, 7.55% and 7.02% effective than
existing approaches like UNet, UNet3+,
ResUNet and TMUNet++. Thus, the findings
denoted that the designed RPO-MGAFE-
ATMU++-CLF was an effective tool for
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executing the segmentation tasks. However,
the segmentation accuracy of the proposed
approach was influenced by its inefficiency in
capturing significant details from the image to
guarantee superior performance. To address
this issue, an effective feature extraction
model will be proposed in the succeeding
work for capturing the subtle information
within the medical image.
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