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Abstract

Medical image segmentation and classification have become fundamental components of modern intelligent health-
care systems due to their ability to support early disease diagnosis, treatment planning, prognosis evaluation, and
computer-aided clinical decision-making. Recent advances in deep learning have significantly improved the capability of
automated medical image analysis systems across multiple imaging modalities including X-ray, computed tomography,
magnetic resonance imaging, ultrasound, histopathology, and retinal imaging. However, despite remarkable performance
improvements, conventional deep learning models still face several limitations related to hyperparameter tuning, com-
putational complexity, convergence instability, local minima stagnation, class imbalance, limited interpretability, and
poor generalization under heterogeneous clinical conditions. To address these challenges, hybrid frameworks integrating
deep learning with metaheuristic optimization techniques have emerged as a promising research direction for improving
segmentation accuracy, classification robustness, feature optimization, and computational efficiency. This review article
covers the historical evolution of intelligent medical image analysis, theoretical foundations of optimization-driven learning,
taxonomy of deep learning architectures, and the role of evolutionary and swarm-based optimization algorithms including
genetic algorithms, particle swarm optimization, grey wolf optimizer, firefly algorithm, whale optimization, ant colony
optimization, Bayesian optimization, and reptile search optimization. Comparative analysis of datasets, evaluation
metrics, computational complexity, convergence behavior, and clinical deployment challenges is also presented. Finally,
open research challenges and future directions are identified toward trustworthy, interpretable, scalable, and autonomous
AI-driven medical imaging systems for next-generation intelligent healthcare applications.
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1. Introduction
Medical imaging has become one of the most important

technological components of modern healthcare systems
due to its critical role in disease diagnosis, treatment plan-
ning, surgical guidance, and clinical decision support [1], [2],

∗Corresponding author
Email addresses: ramadevi.p@vaagdevi.edu.in,

potharlaramadevi@gmail.com (P Ramadevi),
bmanoharngp@gmail.com, bm_maths@vignan.ac.in (BK Manohar),
bn_maths@vignan.ac.in, bhargavi.nmaths@gmail.com (N. Bhar-
gavi), pratyusha.v@vishnu.edu.in, passpartyu75@gmail.com (V
Prathyusha), shylaja_p@vaagdevi.edu.in (P. Shailaja).

[39], [42]. Advanced medical imaging modalities including
magnetic resonance imaging (MRI), computed tomography
(CT), ultrasound imaging, positron emission tomography
(PET), histopathological imaging, and chest radiography
provide large volumes of clinically significant anatomical
and pathological information for healthcare professionals
[16], [42]–[44]. The increasing availability of digital health-
care imaging data has significantly accelerated the devel-
opment of intelligent computer-aided diagnostic systems
capable of improving diagnostic efficiency and reducing
clinical workload.

Traditional medical image analysis methods relied heav-
ily on handcrafted feature engineering, thresholding tech-
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Graphical abstract: Medical image segmentation and classification.

niques, texture descriptors, and statistical pattern recogni-
tion frameworks [47]–[52]. Although conventional machine
learning methods demonstrated promising performance for
certain diagnostic tasks, their effectiveness was limited
by dependence on domain expertise, poor scalability, lim-
ited feature representation capability, sensitivity to image
variability, and inability to capture hierarchical semantic
information. Consequently, automated feature learning
frameworks became increasingly necessary for handling the
growing complexity and dimensionality of medical imaging
datasets.

The emergence of deep learning has fundamentally
transformed medical image analysis into a data-driven
intelligent healthcare paradigm [1], [2], [37], [39]. Deep
neural architectures automatically learn hierarchical fea-
ture representations directly from raw image data without
requiring manual feature extraction. Convolutional neural
networks (CNNs), encoder–decoder segmentation frame-
works, residual learning systems, and transformer-based
architectures have demonstrated remarkable performance
across numerous healthcare imaging applications [3], [8],
[12], [13], [37]. The deep learning systems have achieved
substantial improvements in tumor segmentation, disease
classification, lesion localization, organ delineation, multi-
modal healthcare analysis [17]–[19].

CNN-based architectures such as ResNet, DenseNet,
EfficientNet, and U-Net have become dominant frameworks
for healthcare imaging systems due to their strong repre-
sentation learning capability and end-to-end optimization

mechanisms [3], [8], [9], [29]. Similarly, transformer-based
architectures introduced global contextual feature learning
capability through self-attention mechanisms, thereby im-
proving multimodal healthcare image analysis performance
[12], [13], [56], [57].

Despite their remarkable success, deep learning models
still face several optimization-related challenges in health-
care applications. Training deep neural networks involves
optimization over extremely high-dimensional nonlinear
parameter spaces containing millions of trainable variables
[32], [35], [37]. Consequently, deep learning systems often
suffer from unstable convergence, local minima stagnation,
overfitting, hyperparameter sensitivity, computational com-
plexity, limited generalization capability. Furthermore,
medical imaging datasets frequently exhibits class imbal-
ance, heterogeneous imaging conditions, noisy annotations,
limited labeled data and multimodal variability. These
limitations significantly affect segmentation and classifica-
tion performance in real-world clinical environments. To
address these challenges, metaheuristic optimization algo-
rithms have emerged as powerful computational approaches
for improving optimization efficiency and convergence sta-
bility in intelligent healthcare imaging systems [20]–[24].
Metaheuristic algorithms are population-based stochas-
tic optimization methods inspired by biological evolution,
swarm intelligence, and collective search behavior. These
techniques perform efficient global search over nonlinear
optimization landscapes without requiring explicit gradi-
ent information. Popular optimization algorithms used
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List of acronyms.

Acronym Expansion

AI Artificial Intelligence
AUC Area Under the Curve
CAD Computer-Aided Diagnosis
CNN Convolutional Neural Network
CT Computed Tomography
DE Differential Evolution
DL Deep Learning
DSC Dice Similarity Coefficient
FA Firefly Algorithm
FL Federated Learning
GA Genetic Algorithm
GAN Generative Adversarial Network
GPU Graphics Processing Unit
Grad-CAM Gradient-weighted Class Activation Mapping
GWO Grey Wolf Optimizer
BO Bayesian Optimization
IoU Intersection over Union
MRI Magnetic Resonance Imaging
PET Positron Emission Tomography
PSO Particle Swarm Optimization
ReLU Rectified Linear Unit
ROC Receiver Operating Characteristic
SIFT Scale-Invariant Feature Transform
SHAP SHapley Additive exPlanations
SVM Support Vector Machine
U-Net Encoder–Decoder Segmentation Network
ViT Vision Transformer
WOA Whale Optimization Algorithm
XAI Explainable Artificial Intelligence

in healthcare imaging are GA, PSO, GWO, WOA, FA,
DE, and BO. The general optimization objective can be
formulated as (1).

θ∗ = argmin
θ

L(θ), (1)

Metaheuristic optimization algorithms are extensively
integrated with deep learning architectures for hyperpa-
rameter tuning, feature selection, segmentation refinement,
architecture optimization, multimodal fusion and ensemble
learning optimization [20]–[25], [34].

The PSO and GA are widely employed for CNN param-
eter tuning and feature optimization due to their efficient
exploration capability [20], [25], [34]. Similarly, grey wolf
optimizer and whale optimization algorithm demonstrated
strong performance in segmentation refinement and con-
vergence stabilization tasks [21], [23].

Hybrid deep learning and optimization frameworks
therefore combine, (i) automated hierarchical represen-
tation learning, (ii) global optimization capability, (iii)
robust parameter tuning, (iv) intelligent feature selection,
(v) optimization-aware segmentation. These frameworks
have demonstrated promising performance across numer-
ous healthcare imaging applications including, lung dis-
ease diagnosis [18], brain tumor segmentation [19], [69],
diabetic retinopathy detection, skin lesion classification
[61], histopathological cancer analysis [62] and COVID-19
screening systems [63]–[67].

Table 1: Mathematical symbols and notations.

Symbol Description

I Input medical image
K Convolution kernel

(I ∗K) Convolution operation
x, y Spatial image coordinates
θ Trainable neural network parameters
θ∗ Optimal parameter set
fθ Parameterized deep learning model
y Predicted output class
Ŝ Predicted segmentation mask
P Predicted pixel set
G Ground-truth pixel set

Dice Dice Similarity Coefficient
IoU Intersection over Union
Q Query matrix
K Key matrix
V Value matrix
dk Dimension of key vectors
L(θ) Loss/objective function
LCE Cross-entropy loss
LDice Dice loss function
xt
i Particle position at iteration t

vt+1
i Particle velocity update
Fi Feature representation

Ffusion Fused multimodal representation
wi Fusion weight coefficient
TP True positive samples
TN True negative samples
FP False positive samples
FN False negative samples

Accuracy Classification accuracy metric
IR Imbalance ratio

Nmajority Number of majority-class samples
Nminority Number of minority-class samples

wt Global model parameters
wt

k Local client model parameters
nk Local dataset size

H(x) Residual mapping
F (x) Residual function
zi Softmax input activation

P (y = i) Predicted class probability
Complexity Computational complexity

X(t) Candidate solution
X∗(t) Best candidate solution
D′ Distance control parameter
b Spiral control constant
l Spiral movement parameter
µ Mean intensity value
σ Standard deviation

Inorm Normalized image
ϕ(I) Feature extraction mapping

Recent advances in explainable artificial intelligence
(XAI), federated learning, and multimodal healthcare intel-
ligence have further accelerated the development of clini-
cally reliable and trustworthy medical imaging systems [26],
[27], [58]. Explainability mechanisms such as Grad-CAM
and SHAP improve transparency by identifying diagnosti-
cally important image regions, thereby supporting physi-
cian trust and clinical interpretability [59], [60]. Federated
learning frameworks additionally enable collaborative dis-
tributed model training while preserving patient privacy
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Table 2: Major mathematical expressions and notations.

Mathematical expression Description Application

y = fθ(I) Deep learning prediction framework Medical image classification
(I ∗K)(x, y) =∑

m

∑
n I(x−m, y − n)K(m,n)

Convolution operation CNN feature extraction

Ŝ = fθ(I) Segmentation prediction framework Biomedical image segmentation
Dice =

2|P∩G|
|P |+|G| Dice Similarity Coefficient Segmentation evaluation

IoU =
|P∩G|
|P∪G| Intersection over Union Segmentation overlap analysis

Attention(Q,K, V ) =

Softmax
(
QKT
√
dk

)
V

Self-attention mechanism Transformer architectures

θ∗ = argminθ L(θ) Optimization objective function Parameter optimization
LCE = −

∑C
i=1 yi log(ŷi) Cross-entropy loss function Classification optimization

LDice = 1− 2|P∩G|
|P |+|G| Dice loss function Segmentation optimization

xt+1
i = xti + vt+1

i PSO particle update equation Swarm intelligence optimization
Ffusion =

∑N
i=1 wiFi Multimodal feature fusion Multimodal healthcare analysis

Accuracy = TP+TN
TP+TN+FP+FN Classification accuracy metric Diagnostic evaluation

IR =
Nmajority

Nminority
Imbalance ratio Dataset imbalance analysis

wt+1 =
∑K

k=1
nk
n wt

k Federated learning aggregation Distributed healthcare learning
H(x) = F (x) + x Residual learning framework ResNet architectures
P (y = i) = ezi∑C

j=1 ezj
Softmax classification function Multi-class prediction

Complexity = O(n2) Transformer computational
complexity

Self-attention computation

X(t+ 1) = D′ebl cos(2πl) +X∗(t) WOA update Metaheuristic optimization
Inorm = I−µ

σ Image normalization equation Medical image preprocessing
x = ϕ(I) Feature extraction function Traditional machine learning

and healthcare data confidentiality [27], [71].
Although several review papers have discussed either

deep learning architectures or optimization algorithms in-
dependently, a comprehensive review focusing specifically
on hybrid deep learning and metaheuristic optimization
frameworks for medical image segmentation and classifi-
cation remains limited. Existing surveys often focus only
on segmentation or classification, emphasize individual
optimization algorithms, lack systematic taxonomy-based
analysis, provide limited comparative discussion of hybrid
systems. Therefore, this review presents a concise yet com-
prehensive survey of hybrid deep learning and metaheuristic
optimization techniques for medical image segmentation
and classification. The major contributions of this review
are summarized as follows:
1. A systematic overview of deep learning architectures

used in medical image analysis.
2. A comprehensive discussion of metaheuristic optimiza-

tion algorithms for healthcare imaging systems.
3. A taxonomy-driven analysis of hybrid deep learning and

optimization frameworks.
4. Comparative analysis of segmentation and classification

applications across multiple imaging modalities.
5. Discussion of major challenges, research gaps, and future

directions for optimization-aware intelligent healthcare
systems.
In this work, Table 1 lists the mathematical symbols and

notations employed in the paper and Table 2 summarizes
the major mathematical expressions used in medical image

segmentation and classification.

2. Historical development of AI-based medical im-
age analysis

The development of AI-based medical image analysis
has evolved through multiple technological phases ranging
from conventional image processing techniques to advanced
deep learning and optimization-driven intelligent health-
care systems [1], [2], [37], [39]. Medical imaging has his-
torically been one of the most computationally demanding
healthcare domains due to the complexity of anatomical
structures, pathological variability, multimodal image ac-
quisition, and the requirement for highly accurate diagnos-
tic interpretation. Early medical image analysis systems
primarily relied on classical image processing and statistical
pattern recognition approaches [49]–[52]. These methods
focused on manually engineered features such as texture de-
scriptors, histogram analysis, edge detection, thresholding,
morphological operations.

Traditional segmentation and classification frameworks
commonly employed:
• K-means clustering;
• fuzzy logic systems;
• support vector machines (SVM);
• nearest-neighbor classifiers;
• random forests.

Threshold-based segmentation methods such as Otsu
thresholding became popular due to their simplicity and
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computational efficiency [50]. Similarly, texture feature ex-
traction approaches based on Haralick descriptors were
extensively used for tumor characterization and tissue
classification [49]. Although these methods demonstrated
promising performance in controlled experimental settings,
their effectiveness was limited by handcrafted feature de-
pendency, sensitivity to noise, poor scalability, limited
generalization capability.

The rapid growth of digital imaging technologies during
the 1990s and early 2000s accelerated the development of
machine learning-based healthcare imaging systems. Statis-
tical learning algorithms such as support vector machines
and random forests improved automated disease classi-
fication performance by learning discriminative feature
boundaries from training data [47], [48]. Feature extrac-
tion frameworks including scale-invariant feature transform
(SIFT), histogram-based descriptors, and texture analy-
sis techniques became widely adopted for medical image
classification tasks [49], [51].

The traditional machine learning framework can be
expressed as (2).

y = f(x) (2)

In (2), x denotes handcrafted feature vectors, f(·) rep-
resents the learning model and y denotes diagnostic pre-
dictions.

However, conventional machine learning methods still
depended heavily on manually engineered features and
domain expertise. Consequently, these systems struggled
to effectively model highly nonlinear and high-dimensional
healthcare imaging data.

The emergence of deep learning marked a major turn-
ing point in medical image analysis [37], [38]. Deep neural
networks introduced automated hierarchical representa-
tion learning capability, thereby eliminating the need for
handcrafted feature engineering. Early neural network
frameworks such as LeNet demonstrated the feasibility of
convolution-based feature learning for image recognition
tasks.

The success of AlexNet in large-scale image recogni-
tion significantly accelerated the adoption of deep learning
across healthcare imaging applications [37], [46]. The CNN
architectures subsequently became dominant frameworks
for disease classification, lesion detection, segmentation and
multimodal imaging analysis. Residual learning and dense
connectivity architectures further improved deep neural
optimization capability by addressing gradient degradation
and feature propagation limitations [8], [9]. ResNet intro-
duced shortcut identity mappings that enabled extremely
deep network training, whereas DenseNet improved feature
reuse and parameter efficiency through dense interlayer
connectivity. The rapid development of encoder–decoder
segmentation architectures represented another major mile-
stone in healthcare imaging systems. Fully convolutional
networks enabled dense semantic segmentation by replac-
ing fully connected layers with convolution operations [4].
Subsequently, U-Net became one of the most influential
biomedical segmentation frameworks due to its encoder–
decoder structure and skip-connection mechanisms [3]. The
segmentation process is generally formulated as (3).

Ŝ = fθ(I) (3)

Advanced segmentation architectures including U-Net++,
Attention U-Net, SegNet, DeepLab, and V-Net substan-
tially improved localization precision and segmentation
robustness across multiple healthcare imaging applications
[5]–[7], [10], [11], [30].

Deep learning frameworks rapidly achieved state-of-the-
art performance in numerous clinical tasks including, brain
tumor segmentation, lung disease diagnosis, retinal vessel
extraction, histopathological cancer analysis, skin lesion
classification [17]–[19], [41]. Nature-scale healthcare AI
systems demonstrated diagnostic performance comparable
to expert clinicians in several domains [17], [18]. For ex-
ample, deep learning models achieved dermatologist-level
skin cancer classification and highly accurate lung can-
cer screening performance using CT imaging. The emer-
gence of transformer-based architectures introduced a new
paradigm in medical image analysis through global con-
textual feature learning capability [12], [13]. Transformers
utilize self-attention mechanisms for modeling long-range
dependencies between image regions.

Transformer-based healthcare imaging systems demon-
strated promising performance for multimodal image anal-
ysis, anatomical structure segmentation, disease localiza-
tion, image reconstruction [56], [57]. Despite these remark-
able advancements, deep learning systems introduced sev-
eral optimization-related challenges due to the complexity
of training highly nonlinear neural architectures. Con-
sequently, metaheuristic optimization algorithms became
increasingly integrated into healthcare imaging frameworks
for improving convergence stability, feature optimization,
hyperparameter tuning and segmentation refinement.

Swarm intelligence and evolutionary optimization algo-
rithms including PSO, GA, WOA, and differential evolution
became highly effective for optimization-aware healthcare
imaging systems [20]–[24]. These techniques improves seg-
mentation accuracy, classification robustness, optimization
efficiency, and generalization capability. The optimization
objective is generally represented by (4).

θ∗ = argmin
θ

L(θ) (4)

Recent developments in healthcare AI additionally fo-
cuses on explainable artificial intelligence, federated learn-
ing, privacy-preserving healthcare intelligence, multimodal
learning systems and trustworthy AI frameworks [26], [27],
[58]. Explainability mechanisms such as Grad-CAM and
SHAP improve clinical transparency by highlighting di-
agnostically important image regions [59], [60]. Feder-
ated learning frameworks further enable collaborative dis-
tributed healthcare model training while preserving patient
privacy and regulatory compliance [27].

Figure 1 illustrates the historical evolution of AI-based
medical image analysis systems. The historical evolution of
AI-based medical image analysis demonstrates a progres-
sive transition from handcrafted feature engineering toward
fully automated optimization-driven intelligent healthcare
systems. Classical machine learning frameworks provided
foundational statistical learning capability but were limited
by manual feature dependency and scalability constraints.
Deep learning architectures fundamentally transformed
healthcare imaging through automated hierarchical rep-
resentation learning and end-to-end optimization mecha-
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nisms. Encoder–decoder segmentation frameworks, resid-
ual learning systems, and transformer-based architectures
substantially improved disease diagnosis, lesion localiza-
tion, and segmentation performance. More recently, the
integration of metaheuristic optimization algorithms has
enabled the development of highly robust hybrid healthcare
imaging systems capable of improving convergence stabil-
ity, segmentation precision, and optimization efficiency.
Current research trends increasingly focus on explainable,
trustworthy, privacy-preserving, and multimodal intelligent
healthcare systems suitable for real-world clinical deploy-
ment.

Classical Image
Processing

Thresholding
Edge Detection

Texture Analysis
1980s–1990s

Machine
Learning Era

SVM
Random Forests

Feature Engineering
2000s

Deep Learn-
ing Era

CNN
U-Net
ResNet

2012–2018

Transformer
& Hybrid AI

Vision Transformers
Metaheuristic
Optimization

Foundation Models
2019–Present

Figure 1: Evolution of artificial intelligence techniques for
medical image analysis.

3. Theoretical foundations of medical image seg-
mentation and classification

Medical image segmentation and classification consti-
tute the fundamental computational tasks in intelligent
healthcare imaging systems due to their critical role in au-
tomated disease diagnosis, lesion localization, anatomical
structure delineation, and computer-aided clinical decision
support [1], [2].

Segmentation focuses on identifying and separating
clinically important image regions, whereas classification
aims to assign diagnostic labels to medical images or seg-
mented pathological structures. The increasing complexity
of multimodal healthcare imaging data has significantly
accelerated the development of advanced deep learning
and optimization-driven analytical frameworks capable of
extracting discriminative semantic representations from
medical images [12], [16]. Modern medical image analysis
systems generally combines the image preprocessing, fea-
ture extraction, segmentation, classification, optimization,
clinical interpretation [68], [70]

Figure 2 illustrates the general theoretical pipeline of
medical image segmentation and classification systems.

Medical Image
Acquisition

MRI, CT, X-ray,
Ultrasound

Preprocessing
and Enhancement

Noise removal,
normalization

Feature
Extraction

Texture, shape,
deep features

Segmentation
and Classification

Lesion detection,
disease prediction

Clinical Decision
Support

Diagnosis, staging,
treatment planning

1 2 3 4 5

Figure 2: Theoretical pipeline of medical image segmentation
and classification systems from image acquisition to clinical
decision support.

3.1. Medical image preprocessing
Medical image preprocessing is an essential step for

improving image quality and enhancing diagnostically rele-
vant structures before segmentation and classification [15],

[16]. Healthcare imaging data frequently suffer from noise,
intensity inhomogeneity, low contrast, imaging artifacts
and modality-specific distortions. Preprocessing frame-
works generally involves normalization, denoising, contrast
enhancement, histogram equalization and image augmen-
tation. The normalization operation is expressed by (5).

Inorm =
I − µ

σ
(5)

In (5), I denotes the input image, µ denotes mean intensity,
σ denotes standard deviation.

Image augmentation techniques further improve gener-
alization capability by artificially increasing training data
diversity through rotation, scaling, flipping, translation,
intensity variation. Augmentation frameworks significantly
reduce overfitting and improve robustness of deep neural
architectures [56].

3.2. Feature extraction and representation learning
Feature extraction is one of the most important compo-

nents of healthcare image analysis systems because diagnos-
tic performance depends heavily on the quality of learned
image representations [37], [38]. Traditional medical imag-
ing systems relied on handcrafted descriptors including,
texture features, histogram descriptors, edge information,
and morphological representations. Haralick texture de-
scriptors became highly influential for pathological tissue
characterization and texture-based classification [49]. Simi-
larly, SIFT descriptors enabled scale-invariant image fea-
ture representation for medical image retrieval and object
recognition tasks [51]. The traditional feature extraction
framework is represented as (6).

x = ϕ(I) (6)

In (6), I denotes the input image, ϕ(·) denotes feature
extraction operation, x represents extracted feature vectors.

Deep learning fundamentally transformed feature ex-
traction through automated hierarchical representation
learning capability [1], [37]. CNN architectures automati-
cally learn multilevel semantic features directly from image
data using convolution operations. The convolution process
is mathematically represented by (7).

(I ∗K)(i, j) =
∑
m

∑
n

I(i−m, j − n)K(m,n) (7)

Lower CNN layers generally learns edges, corners, tex-
tures. The deeper layers captures semantic structures,
pathological patterns, disease-specific representations. Resid-
ual learning and dense connectivity mechanisms further
improved representation learning efficiency by enhancing
gradient propagation and feature reuse [8], [9].

3.3. Medical image segmentation
Medical image segmentation involves partitioning health-

care images into diagnostically meaningful regions such as
tumors, organs, lesions, vascular structures, pathological
tissues. Segmentation plays a critical role in radiotherapy
planning, surgical guidance, disease progression analysis,
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quantitative healthcare imaging. The segmentation prob-
lem is formulated as (8).

Ŝ = fθ(I) (8)

Encoder–decoder architectures such as U-Net became
dominant biomedical segmentation frameworks due to their
ability to combine contextual and spatial feature informa-
tion [3], [6]. Skip-connection mechanisms improve localiza-
tion precision by transferring fine-grained spatial features
between encoder and decoder pathways. The Dice Sim-
ilarity Coefficient (DSC) is one of the most widely used
segmentation evaluation metrics. Another commonly used
metric is Intersection over Union (IoU), which is given by
(9).

IoU =
|P ∩G|
|P ∪G|

. (9)

Advanced segmentation frameworks including Attention
U-Net, DeepLab, SegNet, and nnU-Net significantly im-
proves segmentation robustness, lesion localization, bound-
ary delineation, multimodal healthcare segmentation.

3.4. Medical image classification
Medical image classification aims to assign clinically

meaningful diagnostic labels to healthcare images or seg-
mented pathological structures [14], [17]. Classification
frameworks are widely used for cancer diagnosis, pneumo-
nia detection, retinal disease screening, skin lesion classifi-
cation, COVID-19 diagnosis. The classification objective
is represented as (10).

y = fθ(x) (10)

P (y = i) =
ezi∑C
j=1 e

zj
(11)

The CNN architectures demonstrated remarkable per-
formance for healthcare image classification tasks due to
their hierarchical representation learning capability [14],
[15]. Nature-scale AI systems achieved diagnostic perfor-
mance comparable to expert clinicians in skin cancer and
lung disease diagnosis tasks [17], [18]. Transformer-based
architectures further improved classification capability by
enabling global contextual feature representation using
self-attention mechanisms [12], [13].

3.5. Loss functions and optimization
Optimization plays a critical role in deep learning-

based healthcare imaging systems because training involves
minimizing highly nonlinear objective functions over high-
dimensional parameter spaces [20], [25]. The general opti-
mization objective is formulated as (12).

θ∗ = argmin
θ

L(θ) (12)

Cross-entropy loss is widely employed for classification
tasks (13):

LCE = −
C∑
i=1

yi log(ŷi) (13)

Dice loss is frequently used for segmentation optimiza-
tion. The optimization algorithms including Adam, stochas-
tic gradient descent (SGD), and Root Mean Square Propa-
gation (RMSProp) are commonly used for deep neural learn-
ing [32], [33]. However, deep healthcare imaging systems
frequently suffer from unstable convergence, local minima
stagnation, hyperparameter sensitivity. Metaheuristic opti-
mization algorithms such as PSO, GA, GWO, and WOA
therefore became increasingly integrated with healthcare
imaging frameworks for hyperparameter optimization, fea-
ture selection, segmentation refinement, and architecture
search.

3.6. Evaluation metrics
Performance evaluation is essential for validating seg-

mentation and classification systems in healthcare environ-
ments. Classification systems are commonly evaluated by
using accuracy, precision, recall, F1-score and area under
the ROC curve (AUC). Classification accuracy is repre-
sented by (14).

Accuracy =
TP + TN

TP + TN + FP + FN
, (14)

Segmentation systems are generally evaluated using
Dice coefficient, IoU, Hausdorff distance and boundary
overlap metrics. Reliable evaluation metrics are critical for
ensuring clinical reliability and diagnostic robustness.

3.7. Discussion
The theoretical foundations of medical image segmenta-

tion and classification demonstrate the convergence of deep
representation learning, optimization theory, and intelligent
healthcare analytics. Automated hierarchical feature learn-
ing significantly improved healthcare image understanding
compared with traditional handcrafted feature engineer-
ing frameworks. Encoder–decoder segmentation systems,
CNN architectures, and transformer-based frameworks have
become dominant healthcare imaging paradigms due to
their strong nonlinear learning capability and scalability.
Simultaneously, optimization-aware learning frameworks
increasingly improve convergence stability, feature selection
efficiency, and segmentation robustness. These theoreti-
cal foundations therefore provide the computational basis
for modern hybrid deep learning and metaheuristic opti-
mization systems used in intelligent healthcare imaging
applications.

4. Hybrid deep learning and optimization frame-
works

Hybrid deep learning and optimization frameworks
combine nonlinear representation learning capability with
global optimization mechanisms for improving healthcare
imaging performance [1], [20]. Deep neural architectures
provide automated feature extraction and hierarchical rep-
resentation learning, whereas metaheuristic optimization
algorithms improve convergence stability, feature selec-
tion efficiency, and hyperparameter tuning capability [21],
[25]. The integration of these computational paradigms
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has significantly improved segmentation accuracy, classifi-
cation robustness, and optimization efficiency in intelligent
healthcare imaging systems. Hybrid healthcare imaging
systems generally integrates convolutional neural networks,
encoder–decoder segmentation architectures, transformer-
based frameworks, swarm intelligence optimization, evolu-
tionary optimization algorithms and multimodal healthcare
intelligence. The general hybrid learning framework can
be represented as (15).

y = fθ,Ω(I) (15)

Figure 3 illustrates the general workflow of hybrid deep
learning and optimization systems for medical image seg-
mentation and classification.

Medical Image
Dataset

MRI, CT, X-ray

Preprocessing
Denoising

Normalization
Augmentation

Deep Learning
CNN, U-Net
ResNet, ViT

Segmentation /
Classification

Disease Prediction

Clinical
Decision Support

Diagnosis
Treatment Aid

Metaheuristic
Optimization

PSO, GA, GWO,
WOA, HHO, DE

Optimization
Objectives

Feature Selection, Hy-
perparameter Tuning,
Architecture Search

Figure 3: Hybrid framework showing the role of metaheuristic
optimization in deep learning-based healthcare image
segmentation and classification.

4.1. CNN-based hybrid optimization systems
CNN-based hybrid frameworks integrate optimization

algorithms such as PSO, GA, DE and Bayesian optimiza-
tion.

These optimization frameworks are extensively used
for hyperparameter tuning, feature selection, learning rate
optimization, and neural architecture refinement.

The optimization objective is represented as (16).

θ∗ = argmin
θ

L(θ) (16)

In (16), θ denotes trainable parameters and L(θ) represents
the objective function.

PSO-based CNN frameworks demonstrated strong per-
formance can be found in chest disease diagnosis, retinal
image classification, lung cancer analysis, histopathological
imaging. Similarly, GA-based optimization systems im-
proved CNN feature selection efficiency and classification
robustness through evolutionary search mechanisms [20],
[24].

4.2. Optimization-driven segmentation frameworks
Optimization-driven segmentation systems integrate

encoder-decoder architectures with metaheuristic optimiza-
tion techniques for improving boundary delineation, lesion
localization, segmentation precision, and convergence sta-
bility. These frameworks are commonly combines U-Net,
Attention U-Net, DeepLab, nnU-Net by using optimization
algorithms such GWO, WOA,FA, and Bayesian optimiza-
tion.

The Dice-based segmentation loss function is repre-
sented as (17).

LDice = 1− 2|P ∩G|
|P |+ |G|

(17)

In (17), P denotes predicted segmentation masks and G
denotes ground-truth annotations.

Optimization-aware segmentation systems demonstrated
strong performance in brain tumor segmentation, organ
delineation, retinal vessel extraction, pulmonary lesion lo-
calization.

4.3. Transformer-based hybrid learning systems
Transformer-based hybrid frameworks combines self-

attention mechanisms, convolutional feature extraction,
optimization-aware learning and multimodal representa-
tion learning. These systems improves contextual feature
representation, long-range dependency modeling, multi-
modal healthcare analysis and segmentation robustness.

The self-attention mechanism is represented as (18).

Attention(Q,K, V ) = Softmax

(
QKT

√
dk

)
V. (18)

Hybrid CNN–transformer systems demonstrated strong
performance in multimodal disease diagnosis, anatomical
segmentation, MRI analysis, volumetric healthcare imag-
ing.

Optimization algorithms further improve transformer
hyperparameter tuning and training stability.

4.4. Ensemble and multimodal hybrid systems
Ensemble healthcare imaging systems combine multiple

deep learning architectures and optimization frameworks
for improving diagnostic reliability [39] ,[40]. These systems
integrate CNN ensembles, transformer ensembles, multi-
modal fusion frameworks and optimization-aware classifiers.
Multimodal healthcare systems combine information from
CT imaging, MRI imaging, PET imaging, histopathological
images and electronic healthcare records. The multimodal
fusion framework is represented as (19). Ensemble optimiza-
tion systems demonstrated improveds diagnostic accuracy,
robustness, generalization capabilityand clinical reliability.

Ffusion =

N∑
i=1

wiFi (19)

4.5. Discussion
Hybrid deep learning and optimization frameworks sig-

nificantly improved healthcare imaging systems through
the integration of representation learning and optimization-
aware computational intelligence. CNN-based hybrid sys-
tems demonstrated strong feature learning capability, whereas
optimization-driven segmentation frameworks improved le-
sion localization and segmentation precision.

Transformer-based hybrid architectures further enhanced
contextual representation learning and multimodal health-
care analysis capability. Simultaneously, ensemble and
multimodal systems improved clinical reliability and diag-
nostic robustness.

Despite these advancements, hybrid healthcare imaging
systems still face challenges related to:
• computational complexity;
• optimization instability;
• limited annotated datasets;
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• interpretability;
• real-world clinical generalization.

Nevertheless, optimization-aware hybrid learning sys-
tems remain one of the most promising research directions
for next-generation intelligent healthcare imaging frame-
works.

5. Medical image segmentation and classification
applications

Hybrid deep learning and metaheuristic optimization
frameworks are increasingly applied across numerous health-
care imaging applications due to their strong capability
for automated diagnosis, lesion localization, segmentation
refinement, and intelligent clinical decision support [1], [2],
[39], [42]. The integration of deep representation learn-
ing with optimization-aware computational intelligence has
substantially improved segmentation precision, classifica-
tion robustness, and convergence stability across multiple
imaging modalities including MRI, computed tomography
(CT), chest X-ray imaging, retinal imaging, histopathologi-
cal imaging and ultrasound imaging.

5.1. Lung disease diagnosis
Chest imaging systems are extensively used for pneumo-

nia detection, lung cancer diagnosis, tuberculosis screening,
COVID-19 analysis, and pulmonary disease classification.
CNN-based healthcare imaging frameworks demonstrated
remarkable performance in chest disease diagnosis using
X-ray and CT imaging datasets [18], [41], [61], [63]. Deep
learning systems significantly improves feature represen-
tation capability, lesion localization, automated disease
screening, and diagnostic accuracy. Hybrid optimization-
driven systems further improved classification robustness
through CNN hyperparameter tuning, feature optimization,
segmentation refinement and ensemble learning. The classi-
fication framework is represented by (20), where x denotes
extracted image features, y denotes disease predictions.
Hybrid CNN and optimization frameworks demonstrated
strong capability for identifying pulmonary abnormalities
in highly heterogeneous healthcare imaging datasets.

y = fθ(x) (20)

5.2. Brain tumor segmentation
Brain tumor segmentation using MRI is one of the most

important biomedical segmentation applications due to
its critical role in surgical planning, radiotherapy, disease
monitoring and treatment assessment. Encoder-decoder ar-
chitectures such as U-Net and Attention U-Net significantly
improved brain tumor localization and volumetric segmen-
tation capability [3], [19], [30]. Transformer-based segmen-
tation systems further improved contextual feature repre-
sentation for multimodal MRI analysis [56], [57]. The seg-
mentation process is represented by (21) and optimization-
aware segmentation systems using PSO, GWO, WOA and
Bayesian optimization.

Ŝ = fθ(I) (21)

The Dice Similarity Coefficient remains one of the most
widely used segmentation evaluation metrics is given by
(22).

Dice =
2|P ∩G|
|P |+ |G|

(22)

Advanced biomedical segmentation frameworks such
as nnU-Net, Swin UNETR, and TransUNet have further
improved segmentation robustness and generalization ca-
pability across multimodal MRI datasets [55]–[57].

5.3. Retinal disease detection
Retinal healthcare imaging systems are extensively used

for diabetic retinopathy detection, retinal vessel segmenta-
tion, glaucoma diagnosis and macular degeneration analysis.
CNN-based retinal analysis systems demonstrated strong
capability for automated feature extraction and disease
classification [1], [15], [42]. Hybrid optimization frame-
works improves vessel segmentation, microaneurysm detec-
tion, retinal lesion localization and classification accuracy.
Attention-guided segmentation systems further enhanced
localization of clinically significant retinal abnormalities.

5.4. Histopathological image analysis
Histopathological imaging plays a critical role in can-

cer diagnosis, tissue classification, cellular analysis and
pathological grading [1], [2], [14]. Deep learning systems
demonstrated remarkable performance in identifying the
cancerous tissues, abnormal cellular structures, histolog-
ical patterns and tissue morphology. Hybrid CNN and
optimization frameworks significantly improve feature se-
lection, classification robustness, segmentation precision
and multimodal pathological analysis. Transformer-based
systems further improves contextual feature representation
in high-resolution histopathological images [13], [57].

5.5. Skin lesion classification
Skin lesion classification systems support early diag-

nosis of melanoma, basal cell carcinoma and dermato-
logical abnormalities. Deep CNN architectures achieved
dermatologist-level classification performance in skin can-
cer diagnosis tasks [17], [67]. Hybrid optimization sys-
tems improve feature optimization, classification stabil-
ity, segmentation accuracy and lesion boundary detection.
Attention-guided systems additionally improved localiza-
tion of pathological skin regions and clinically significant
lesion structures.

5.6. COVID-19 detection and pandemic healthcare imaging
COVID-19 significantly accelerated research in AI-based

healthcare imaging systems due to the urgent need for rapid
disease screening and automated diagnostic support [64]–
[66]. Deep learning frameworks demonstrated promising
performance for COVID-19 screening, pulmonary infection
localization, severity classification and chest X-ray analysis.
Optimization-aware CNN systems improves classification
accuracy, convergence stability, diagnostic robustness and
feature optimization. Hybrid healthcare imaging frame-
works therefore became highly important for pandemic-
oriented intelligent diagnostic systems.
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5.7. Discussion
Hybrid deep learning and optimization frameworks

demonstrated substantial improvements across multiple
healthcare imaging applications including disease diagnosis,
lesion localization, tumor segmentation, retinal analysis
and histopathological classification. CNN architectures re-
main dominant for healthcare classification tasks, whereas
encoder–decoder systems continue to provide strong biomed-
ical segmentation capability [3], [19], [30], [55]. Optimization-
aware systems further improve convergence stability, fea-
ture optimization efficiency, and diagnostic robustness [20],
[21], [23], [25]. Transformer-based and multimodal health-
care imaging systems are expected to further enhance con-
textual representation learning, clinical reliability, multi-
modal data fusion and intelligent healthcare analytics [13],
[56], [57]. These applications demonstrate the growing
importance of optimization-aware intelligent healthcare
imaging systems for next-generation computer-aided diag-
nostic frameworks.

6. Challenges and future research directions

Despite remarkable advancements in hybrid deep learn-
ing and metaheuristic optimization frameworks, several crit-
ical challenges still limit their large-scale deployment in real-
world healthcare environments [26], [39], [40]. Although
intelligent healthcare imaging systems demonstrated sub-
stantial improvements in segmentation precision, classifica-
tion accuracy, and optimization efficiency, practical clinical
implementation remains constrained by computational com-
plexity, limited annotated datasets, optimization instability,
lack of interpretability, poor cross-domain generalization
and privacy and security concerns. The growing complexity
of multimodal healthcare imaging systems therefore con-
tinues to motivate research toward scalable, explainable,
trustworthy, and optimization-aware intelligent medical
imaging frameworks.

6.1. Computational complexity and resource constraints
Deep neural architectures and transformer-based health-

care imaging systems often involve millions of trainable
parameters and extremely high computational complexity
[12], [13], [28], [56], [57]. Training large-scale segmentation
and classification frameworks requires high-performance
GPUs, large memory capacity, extensive training time and
energy-intensive computation. Transformer architectures
further increase computational burden due to quadratic
self-attention complexity and which is represented by (23).
In (23), n denotes the sequence length.

Complexity = O(n2) (23)

These limitations restrict deployment of intelligent health-
care imaging systems in low-resource clinical environments,
portable healthcare devices, edge computing systems and
real-time diagnostic applications. Future research should
therefore focus on lightweight healthcare AI models, effi-
cient transformer architectures, model compression tech-
niques and edge-aware healthcare intelligence. Recent
lightweight architectures such as MobileNet and Efficient-
Net provide promising directions for reducing computa-
tional overhead while maintaining diagnostic performance
[29], [31].

6.2. Limited annotated medical imaging data
Healthcare imaging datasets frequently suffer from lim-

ited annotations, class imbalance, noisy labels, multimodal
variability and insufficient rare disease samples. Accurate
annotation of healthcare images requires domain expertise
from radiologists and medical specialists, making large-scale
dataset generation expensive and time-consuming [39], [42].
Class imbalance additionally affects segmentation and clas-
sification robustness because pathological abnormalities
often occupy small image regions. The imbalance ratio is
represented as (24).

IR =
Nmajority

Nminority
(24)

Limited data availability remains a major bottleneck
for developing robust healthcare imaging systems. Transfer
learning, self-supervised learning, generative adversarial
networks and data augmentation strategies have emerged
as effective solutions for mitigating annotation scarcity
and improving model generalization [45], [53], [54]. Future
research should further explore foundation models, syn-
thetic data generation and few-shot learning paradigms for
healthcare imaging applications.

6.3. Optimization instability and generalization challenges
Deep healthcare imaging systems frequently suffer from

the following, (i) local minima stagnation, (ii) unstable con-
vergence, (iii) hyperparameter sensitivity, (iv) overfitting
and (v) poor cross-domain generalization. Optimization-
aware healthcare systems often involve highly nonlinear
objective functions over large parameter spaces as given by
(25).

θ∗ = argmin
θ

L(θ) (25)

Although metaheuristic optimization algorithms im-
proved convergence capability, several challenges remain
related to exploration–exploitation balance, computational
overhead, scalability and reproducibility [20]–[24]. Hy-
perparameter optimization frameworks such as Bayesian
optimization and Optuna-based automated search strate-
gies have demonstrated promising capability for improving
training stability and model performance [25], [34]. Future
research should focus on adaptive optimization frameworks
capable of dynamically balancing exploration and exploita-
tion while maintaining computational efficiency.

6.4. Interpretability and explainable artificial intelligence
Clinical deployment of intelligent healthcare imaging

systems requires transparency and interpretability because
healthcare decisions directly affect patient outcomes [58].
However, many deep learning systems behave as black-box
models with limited interpretability. Explainable artificial
intelligence (XAI) frameworks improve transparency by
identifying diagnostically important image regions and de-
cision pathways. Common explainability methods includes
Grad-CAM, saliency maps, SHAP analysis, and attention
visualization. Grad-CAM generates class-discriminative lo-
calization maps using gradient information [59]. Similarly,
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SHAP provides feature attribution analysis for improv-
ing model interpretability [60]. Future healthcare AI sys-
tems should therefore focus on transparent clinical decision-
making, trustworthy healthcare intelligence, explainable
multimodal systems and interpretable optimization frame-
works.

6.5. Privacy, security, and federated learning
Healthcare imaging datasets contain highly sensitive pa-

tient information, thereby creating major concerns related
to privacy preservation, cybersecurity, healthcare data shar-
ing and regulatory compliance. Federated learning enables
collaborative distributed model training without central-
ized healthcare data sharing [27]. Instead of transferring
patient data, only model parameters are exchanged between
healthcare institutions. The federated learning framework
is represented by (26).

wt+1 =

K∑
k=1

nk

n
wt

k (26)

Future healthcare AI systems are expected to increas-
ingly employ federated learning, privacy-preserving opti-
mization, secure multimodal healthcare intelligence, blockchain-
enabled healthcare analytics, and trustworthy uncertainty-
aware decision systems [26], [27].

6.6. Multimodal and personalized healthcare intelligence
Future intelligent healthcare imaging systems are ex-

pected to move toward multimodal and personalized health-
care analytics by integrating medical imaging, electronic
healthcare records, genomic information, clinical labora-
tory data, physiological monitoring systems. Multimodal
healthcare intelligence significantly improves diagnostic ac-
curacy, disease prediction, personalized treatment planning,
and clinical decision support [39], [40]. The multimodal
fusion framework is represented as (27).

Ffusion =

N∑
i=1

wiFi (27)

Recent transformer-based multimodal architectures have
demonstrated strong capability for learning cross-modal
relationships and contextual healthcare representations.
Future research should therefore focus on multimodal trans-
former systems, personalized healthcare AI, adaptive clini-
cal intelligence and optimization-aware multimodal learn-
ing.

6.7. Discussion
Although hybrid deep learning and optimization frame-

works achieved remarkable progress in healthcare imag-
ing systems, several critical challenges continue to limit
real-world clinical deployment. Computational complexity,
limited annotated datasets, optimization instability, inter-
pretability limitations, and privacy concerns remain major
research problems. Future intelligent healthcare imaging
systems are expected to increasingly focus on lightweight
architectures, explainable healthcare AI, federated learn-
ing, multimodal healthcare intelligence and trustworthy

optimization-aware systems [26], [27], [40], [58]. The con-
vergence of deep learning, optimization theory, multimodal
analytics, and explainable clinical intelligence therefore
represents one of the most promising research directions
for next-generation healthcare imaging systems.

7. Conclusion

Medical image segmentation and classification play a
vital role in modern healthcare by enabling accurate disease
diagnosis, treatment planning, and clinical decision support.
The rapid advancement of deep learning has significantly
improved the capability of automated medical image anal-
ysis systems across various imaging modalities, including
MRI, CT, X-ray, ultrasound, retinal, and histopathological
imaging. Deep learning architectures such as convolutional
neural networks, U-Net variants, residual networks, and vi-
sion transformers have demonstrated remarkable success in
extracting complex image features and improving diagnos-
tic performance. This review comprehensively examined
the integration of deep learning models with metaheuristic
optimization techniques for medical image segmentation
and classification. Optimization algorithms have proven
effective for hyperparameter tuning, feature selection, ar-
chitecture optimization, and segmentation refinement. The
combination of deep representation learning and global op-
timization enables hybrid frameworks to achieve enhanced
accuracy, robustness, and convergence performance. De-
spite significant progress, challenges related to data scarcity,
class imbalance, computational complexity, interpretability,
privacy preservation, and clinical deployment remain impor-
tant research concerns. Future developments are expected
to focus on explainable artificial intelligence, federated
learning, multimodal healthcare analytics, and trustwor-
thy optimization-driven frameworks. Overall, hybrid deep
learning and metaheuristic optimization approaches offer
substantial potential for developing reliable, scalable, and
clinically deployable next-generation medical imaging sys-
tems.
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