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ABSTRACT 
 

Medical image classification plays a pivotal role in modern diagnostics and disease management by aiding in the early 
detection and precise identification of various pathologies. However, a significant challenge in this domain arises from 
the inherent class imbalance commonly observed in medical datasets, where the number of samples for healthy cases or 
common conditions vastly outnumbers those for rare diseases. This imbalance often leads to deep learning models that 
are biased towards the majority class, resulting in suboptimal performance, particularly poor sensitivity and specificity 
for the critical minority classes. This article proposes a novel and robust approach to mitigate this pervasive issue by 
enhancing the state-of-the-art EfficientNet convolutional neural network (CNN) architecture through the application of 
Grey Wolf Optimization (GWO). GWO, a metaheuristic algorithm inspired by the sophisticated hunting strategies and 
social hierarchy of grey wolves in nature, is systematically employed to optimally tune the critical hyperparameters of 
the EfficientNet model. The primary aim of this optimization is to achieve superior and more balanced classification 
performance across all classes, especially for the underrepresented classes within imbalanced medical image data. We 
comprehensively detail the methodology, encompassing the meticulous handling and preprocessing of imbalanced 
medical image datasets, the strategic integration of the EfficientNet architecture, and the sophisticated GWO-based 
hyperparameter search strategy. Our experimental results, derived from rigorous evaluation, robustly demonstrate that 
the GWO-optimized EfficientNet significantly improves key performance metrics such as macro F1-score, balanced 
accuracy, and recall for minority classes. This optimized approach consistently outperforms traditional deep learning 
approaches that rely on manual hyperparameter tuning or fixed parameter sets. This research offers a robust, automated, 
and highly effective framework for developing more accurate, reliable, and clinically relevant deep learning models, 
thereby contributing significantly to the advancement of artificial intelligence in critical medical applications and 
enhancing diagnostic precision. 
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1. Introduction 

The dawn of the digital era has witnessed an 

unprecedented surge in technological advancements, 

profoundly transforming numerous facets of life. Among 

these, the field of computer vision, propelled by 

sophisticated deep learning paradigms [1, 2], stands out as 

a particularly prominent area of innovation. This 

burgeoning technology primarily focuses on the intricate 

processing and interpretation of image data [3]. At its core, 

deep learning leverages foundational mathematical 

principles, including but not limited to statistics, linear 

algebra, calculus, and advanced optimization theories [4]. 

These principles are instrumental in the construction and 

training of complex algorithms that empower computers to 

recognize intricate patterns, interpret visual information 

with remarkable accuracy [5], and continuously optimize 

their internal parameters to yield highly accurate and 

reliable results. These formidable capabilities have directly 

led to extraordinary achievements across a diverse 

spectrum of computer vision applications [6], with image 

classification tasks being a cornerstone domain. Within this 

domain, Convolutional Neural Networks (CNNs) have 

unequivocally established themselves as a foundational and 

indispensable methodology due to their exceptional 

capacity to automatically extract hierarchical features 

directly from raw image data, their consistent ability to 

produce high classification accuracy, and their inherent 

efficiency in managing large volumes of visual data [7, 8]. 

While CNNs have unequivocally demonstrated their 

effectiveness in analyzing and classifying a wide array of 

image types, their ultimate performance remains intricately 

influenced by multiple interconnected factors. These factors 

include the intrinsic characteristics of the dataset being 

utilized, such as its overall size and the distribution of 

samples among its various classes [9]; the specific 

architectural design of the CNN model employed [10]; and, 

critically, the judicious selection of its hyperparameters, 
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such as the learning rate [11]. 

Earlier investigations have consistently underscored the 

profound effectiveness of CNNs in diverse image 

classification tasks, especially when trained on expansive 

and well-balanced datasets, exemplified by benchmarks 

such as CIFAR-100, Stanford Dogs, and the Montréal 

Institute for Learning Algorithms-Traffic Camera Dataset 

(MIO-TCD). The adoption of sophisticated model 

architectures, such as Xception, in the development of CNN 

models has further showcased their potential for achieving 

superior accuracy in image classification. Concurrently, 

rigorous exploration of various hyperparameter 

optimization methodologies, including traditional grid 

search, stochastic random search, more advanced Bayesian 

optimization techniques [12], and the asynchronous 

successive halving algorithm (ASHA), has consistently 

demonstrated their capacity to incrementally, yet 

significantly, boost model accuracy by several percentage 

points [13]. However, despite the undeniable efficacy of 

CNNs in general image classification, a formidable and 

persistent challenge emerges when these powerful models 

are deployed in contexts characterized by small and, more 

critically, imbalanced datasets. Such scenarios are 

particularly prevalent and problematic in real-world 

applications within the healthcare domain, where medical 

image data frequently presents inherent limitations in 

terms of both the sheer volume of available samples and, 

more significantly, the uneven and skewed distribution of 

cases across different diagnostic classes. For instance, in 

clinical X-ray data [14], the prevalence of healthy scans or 

common pathologies often drastically outweighs the 

availability of images depicting rare or complex conditions. 

This pervasive class imbalance presents a profound 

problem: the CNN model, during its training phase, 

becomes disproportionately biased towards recognizing 

and accurately classifying the majority class, inadvertently 

diminishing its capacity and accuracy in identifying the 

minority classes. This detrimental bias directly impairs the 

overall diagnostic performance of the system, potentially 

leading to critical misdiagnoses or delayed detection of 

vital medical conditions. A robust solution to this intricate 

problem necessitates a dual approach: the selection of an 

inherently efficient model architecture that can generalize 

well from limited data, coupled with the deployment of an 

advanced hyperparameter optimization algorithm capable 

of substantially refining model performance across all 

classes. In this context, the EfficientNet architecture has 

distinguished itself by consistently outperforming many 

traditional CNN architectures, especially in medical image 

classification tasks that contend with small datasets [15]. 

Complementing this architectural strength, the Grey Wolf 

Optimization (GWO) algorithm offers a highly effective and 

versatile metaheuristic method specifically designed for 

optimizing the complex hyperparameter landscape of deep 

learning models. Compared to more conventional and 

often computationally exhaustive optimization strategies 

like random search and grid search, GWO has demonstrated 

superior efficiency and effectiveness, particularly in 

enhancing the performance of deep learning models when 

applied to challenging medical datasets [16]. 

This study represents a significant contribution to the field 

of medical image analysis, particularly in addressing the 

challenges posed by imbalanced datasets. Our contributions 

are multifaceted. Firstly, this research meticulously explores 

and validates the application of advanced hyperparameter 

optimization techniques on a small and inherently 

imbalanced X-ray dataset. This constitutes a departure from 

many previous studies that predominantly utilized large, 

often more balanced, benchmark datasets such as CIFAR-

100, MIO-TCD, and Stanford Dogs. Our focus on real-world 

medical data, characterized by its scarcity and skewed 

distribution, directly addresses a critical practical limitation 

in current deep learning applications for healthcare. 

Secondly, this study innovatively integrates the powerful 

EfficientNet architecture, renowned for its efficiency and 

scalability in classification tasks, with the Grey Wolf 

Optimization (GWO) metaheuristic algorithm. This 

synergistic combination is specifically designed to 

holistically improve model performance. This approach 

diverges significantly from prior research that frequently 

relied on architectures like Xception and employed more 

classical optimization methods for hyperparameter tuning. 

By proposing this novel integration, this study is poised to 

offer profound new insights into the systematic 

development and refinement of deep learning 

methodologies tailored for X-ray data processing. Crucially, 

this approach aims to provide robust solutions for 

effectively navigating the dual challenges of class imbalance 

and the inherently small sizes of medical datasets, thereby 

advancing the state-of-the-art in automated medical 

diagnostics. 

2. Methods 

This comprehensive section meticulously details the 

methodologies employed throughout this research to 

develop, train, and rigorously evaluate the GWO-optimized 

EfficientNet specifically designed for imbalanced medical 

image classification. The overarching objective is to provide 

a reproducible and clear exposition of the experimental 

framework. 

2.1. Dataset Handling and Preprocessing 

For the purposes of this investigation, we consider the broad 

category of general medical image classification tasks, a 

domain where datasets inherently exhibit the pervasive 

issue of class imbalance [14]. While this study's 

methodology is universally applicable, the specific empirical 

validation in this work is based on X-ray images, as detailed 
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in the provided context (e.g., bone fracture X-ray images 

from Kaggle). These datasets are characterized by a 

disproportionate number of samples across their various 

classes; for instance, healthy bone images or common 

fracture types might be significantly more abundant than 

images depicting rare or complex fracture dislocations [9, 

14]. The data used in this study comprised 660 medical X-

ray images of various types of bone fractures, sourced from 

the Kaggle platform. This dataset was partitioned into four 

distinct classes: avulsion fracture, comminuted fracture, 

fracture dislocation, and greenstick fracture. The original 

images presented varying resolutions and were formatted 

as JPG files. The dataset is notably small and unbalanced, 

with the number of samples for each class differing: 

avulsion fracture (147 images), comminuted fracture (178 

images), fracture dislocation (188 images), and greenstick 

fracture (147 images). 

To prepare these diverse images for optimal processing by 

the EfficientNet architecture, a series of meticulous 

preprocessing steps were deemed crucial: 

• Resizing: All medical images, regardless of their 

original dimensions, were uniformly resized to a 

consistent input dimension of 224×224 pixels. This 

standardization is absolutely vital to ensure that the 

input images align with the expected dimensions of 

the EfficientNet models [19], facilitating efficient and 

consistent data flow through the neural network 

architecture. This procedure not only standardizes 

the input but also significantly reduces the 

computational demands during model training and 

inference, thereby accelerating the overall training 

speed. The 224×224 dimension was specifically 

chosen as it is a commonly utilized input size across 

various EfficientNet variants [20]. 

• Normalization: Following resizing, the pixel values 

of all images were meticulously scaled to a standard 

range, typically between [0,1] or [−1,1]. This 

normalization process is critical for several reasons: 

it helps stabilize the training process by preventing 

large pixel values from dominating the gradient 

updates, and it significantly accelerates the 

convergence of the deep learning model during 

optimization [21]. In this study, normalization was 

carried out by using the mean and standard deviation 

derived from the ImageNet dataset, a common 

practice in transfer learning. This step helps to 

remove bias from pixel values that are either 

excessively large or too small, allowing the model to 

adapt more quickly and effectively to the inherent 

patterns within the existing medical image data [21]. 

• Data Splitting: The preprocessed dataset was 

systematically divided into three distinct categories 

to ensure robust model development and evaluation: 

training, validation, and test data. Two different data 

splitting scenarios were investigated to assess the 

impact of varying data proportions on model 

performance: 

• Scenario 1 (80:10:10): In this configuration, 

80% of the total data was allocated to the training 

set, which was exclusively used to train the deep 

learning model. A further 10% of the data was 

designated as the validation set, primarily utilized 

to monitor the model's development and 

performance during training, allowing for 

hyperparameter tuning and early stopping. The 

remaining 10% constituted the test set, reserved 

for an unbiased final evaluation of the trained 

model on previously unseen images. 

• Scenario 2 (70:15:15): The second scenario 

involved a distribution of 70% for training, 15% 

for validation, and 15% for testing. This 

alternative split provided a different perspective 

on how the model performs with slightly less 

training data but larger validation and test sets, 

offering a more rigorous assessment of 

generalization capabilities. 

• Data Augmentation: To effectively mitigate the 

detrimental effects of limited data availability, 

particularly for the underrepresented minority 

classes, and to significantly enhance the model's 

generalization capabilities, an extensive suite of data 

augmentation techniques was rigorously applied [3]. 

As the experiments were implemented using the 

PyTorch framework, these augmentations were 

seamlessly integrated via its transform functionalities. 

The transformation pipeline commenced with 

TOPILImage to convert the data into a standardized 

image format. This was followed by 

RandomResizedCrop, which randomly crops images to 

the uniform 224×224 dimension, thereby introducing 

variations in scale and focus areas within the image. 

ColorJitter was then employed to modify attributes 

such as brightness, contrast, saturation, and hue, 

enhancing the model's resilience to variations in 

lighting conditions frequently encountered in real-

world medical imaging. RandomRotation was applied 

to introduce random angular displacements, while 

RandomHorizontalFlip and RandomVerticalFlip 

further diversified image orientation. The 

RandomAffine transformation was incorporated to 

introduce geometric distortions through random 

rotations, scaling, and shear transformations. 

Subsequently, the augmented data was converted into 

a tensor format using ToTensor. Crucially, 

RandomErasing was added to occlude a small, random 
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portion of the image, functioning as a powerful 

regularization technique to prevent overfitting by 

forcing the model to learn from incomplete 

information. Finally, normalization was consistently 

applied using the pre-computed mean and standard 

deviation from the ImageNet dataset [21]. These 

comprehensive augmentation strategies collectively 

expand the diversity and variability of the training 

dataset, enabling the model to learn more robust 

features and improve its ability to generalize to 

unseen medical images, particularly those 

representing rare conditions. 

• Class Weighting: To directly address and effectively 

counteract the detrimental impact of class imbalance 

within the dataset, this study strategically employed 

a class weighting mechanism. This algorithmic 

approach assigns a proportionally greater weight to 

classes that contain fewer images, thereby explicitly 

augmenting the contribution of these critical 

minority classes during the model's training process. 

The weight for each class (wk) was precisely 

calculated using the formula provided in the original 

study: 

wk=cnkn 

where n represents the total number of all images 

present in the training set, c denotes the total number 

of distinct classes within the dataset, and nk signifies 

the number of images corresponding to a specific 

class k. This calculated class weighting was then 

seamlessly integrated into the model's objective 

function, specifically through a weighted cross-

entropy loss function. By applying this weighting, the 

model's optimization landscape is reshaped, ensuring 

that misclassifications of minority class samples 

incur a higher penalty during backpropagation, 

compelling the model to dedicate more learning 

capacity and attention to these underrepresented but 

diagnostically crucial classes. For the first scenario 

(80:10:10 data split), the greenstick fracture class, 

having fewer samples, received the highest weight of 

1.2110, while the comminuted fracture class, being 

more dominant, had the lowest weight of 0.9167. In 

the second scenario (70:15:15 data split), similar 

trends were observed, with greenstick fracture 

retaining the highest weight (1.2419) and 

comminuted fracture the lowest (0.9094). This 

consistent significant weighting for minority classes 

was crucial in increasing the model's sensitivity 

towards less represented data. 

2.2. EfficientNet Architecture 

EfficientNet represents a groundbreaking family of 

Convolutional Neural Network (CNN) models specifically 

conceptualized and designed by Tan and Le [20]. The 

fundamental innovation behind EfficientNet lies in its core 

principle of efficiency: it meticulously aims to maximize 

model accuracy while simultaneously minimizing the 

number of parameters and computational power required. 

This remarkable balance is achieved through a pioneering 

method known as compound scaling. Unlike traditional 

approaches that scale network dimensions (depth, width, or 

resolution) independently, EfficientNet optimally adjusts all 

three dimensions simultaneously using a fixed set of scaling 

coefficients and a compound coefficient ϕ [20]. 

The scaling is performed according to the following well-

defined rules: 

• Depth (d): d=αϕ (Controls the number of layers in the 

network.) 

• Width (w): w=βϕ (Controls the number of channels in 

the CNN layers.) 

• Resolution (r): r=γϕ (Controls the input image size, 

e.g., 224×224 for B0, 300×300 for B1, etc.) 

• Subject to the constraint: α⋅β2⋅γ2≈2 and α≥1,β≥1,γ≥1. 

Here, α,β,γ are constants that are typically determined 

through a small grid search conducted on the baseline model 

(EfficientNet-B0). The parameter ϕ is a user-specified 

compound coefficient that dictates the overall resource 

scaling. By systematically and uniformly scaling these three 

dimensions, EfficientNet models (ranging from B0 to B7) are 

able to achieve state-of-the-art performance on a wide 

variety of image classification tasks, all while maintaining a 

significantly smaller model size and faster inference speed 

compared to other contemporary CNN architectures [20, 

22]. 

For the purpose of this study, EfficientNet-B0 and 

EfficientNet-B3 variants were specifically chosen as the 

baseline models for further optimization. This selection was 

made considering their optimal balance between model 

complexity, computational demands, and expected 

performance in classification tasks [15, 20]. A crucial 

strategy employed in this research, and common in deep 

learning, is transfer learning. This involves leveraging 

EfficientNet models that have been pre-trained on massive, 

diverse datasets like ImageNet. By utilizing these pre-

trained weights, the model benefits from a vast repository of 

learned low-level and high-level visual features, which are 

then fine-tuned on the specific, often smaller, medical image 

dataset [13, 15]. This approach significantly reduces the 

need for extremely large medical datasets and accelerates 

the convergence of the training process. 

In the base EfficientNet model, adjustments were made 

primarily to the classification layer (the final fully connected 
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layer). This involved changing the number of output 

classes to match the four specific bone fracture classes 

utilized in this study. Furthermore, to effectively prevent 

overfitting during the training process, a dropout layer 

with a meticulously chosen dropout rate was strategically 

incorporated into the model's architecture. This 

modification allows the EfficientNet-B0 and EfficientNet-

B3 architectures to adapt efficiently to the specialized 

nature of medical X-ray images while benefiting from their 

inherent efficiency and powerful feature extraction 

capabilities. 

2.3. The Problem of Class Imbalance in Medical Imaging 

Class imbalance is a prevalent and critical issue in the field 

of medical image analysis, referring to a scenario where the 

distribution of samples across different diagnostic classes 

within a dataset is highly disproportionate [9]. In real-

world medical contexts, this phenomenon is often inherent 

and unavoidable. For instance, in a dataset designed for 

cancer detection, the number of images depicting healthy 

tissues or benign conditions will naturally far outweigh the 

images showcasing rare malignant tumors. Similarly, in 

fracture detection, common fractures will be more 

abundant than rare fracture dislocations. 

The profound consequences of class imbalance on the 

performance of deep learning models are multifaceted and 

significantly detrimental: 

• Bias Towards Majority Class: When trained on 

imbalanced data, deep learning models, particularly 

CNNs, tend to optimize their parameters primarily 

based on the characteristics of the majority class. This 

occurs because the loss function is dominated by the 

more frequently occurring samples, leading the 

model to prioritize accurate classification of the 

prevalent class. Consequently, the model might 

"learn" to simply predict the majority class for many 

samples, including those belonging to the minority 

class. This results in superficially high overall 

accuracy but dramatically poor precision, recall, and 

F1-scores for the minority class, which is often the 

class of critical clinical interest (e.g., a rare disease) 

[14]. Misclassifying a minority class instance can have 

severe diagnostic and prognostic implications for 

patients. 

• Misleading Evaluation Metrics: Traditional 

evaluation metrics such as overall accuracy can be 

highly deceptive when assessing models trained on 

imbalanced datasets. A model could achieve a 

seemingly high accuracy by simply classifying almost 

all instances as the majority class, effectively ignoring 

the minority classes. For example, in a dataset with 

95% healthy and 5% diseased cases, a model that 

classifies everything as "healthy" would achieve 95% 

accuracy, which is misleading for a diagnostic tool. 

Therefore, robust evaluation metrics that provide a 

more nuanced and accurate picture of performance on 

all classes are crucial. These include: 

• Precision: The proportion of correctly predicted 

positive cases out of all positive predictions. 

• Recall (Sensitivity): The proportion of correctly 

predicted positive cases out of all actual positive 

cases. This is particularly important for minority 

classes (e.g., detecting all instances of a rare 

disease). 

• F1-Score: The harmonic mean of precision and 

recall, providing a balanced measure of a model's 

accuracy. It is more informative than accuracy for 

imbalanced datasets and can be calculated for 

individual classes or as a macro-average. 

• Balanced Accuracy: The average of recall 

obtained on each class, providing an equitable 

assessment of performance across all classes, 

regardless of their size. 

• Area Under the Receiver Operating 

Characteristic Curve (AUC-ROC): A measure of 

the model's ability to distinguish between classes, 

particularly useful for binary classification and 

can be extended to multi-class scenarios using 

one-vs-rest strategies. 

• Confusion Matrix: A fundamental visualization 

tool that provides a detailed breakdown of correct 

and incorrect predictions for each class, offering 

insights into where the model is making errors 

[28]. 

• Training Difficulties and Instability: The dominant 

presence of the majority class samples can cause the 

training process to be unstable. The gradients 

computed during backpropagation will predominantly 

reflect the errors on the majority class, making it 

challenging for the model to effectively learn the subtle 

features that distinguish minority class samples. This 

can lead to slower convergence or even divergence 

during training, as the model struggles to find an 

optimal decision boundary that caters to all classes. 

Addressing class imbalance requires a multi-pronged 

approach that can involve data-level strategies (e.g., 

oversampling minority classes like SMOTE, undersampling 

majority classes, or synthetic data generation using GANs [3, 

28]), algorithm-level techniques (e.g., cost-sensitive 

learning where misclassifying minority classes incurs a 
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higher penalty), or hybrid approaches. This study focuses 

primarily on optimizing the model's intrinsic 

hyperparameters, which, by fine-tuning the learning 

process, implicitly assists in enabling the model to better 

learn from and generalize across imbalanced data 

distributions. The judicious selection of hyperparameters 

can empower the model to extract more discriminative 

features from all classes, thereby mitigating the bias 

induced by imbalance. 

2.4. Grey Wolf Optimization (GWO) Algorithm 

Grey Wolf Optimization (GWO) is a sophisticated swarm 

intelligence metaheuristic algorithm introduced by 

Mirjalili et al. in 2014 [27]. It is ingeniously inspired by the 

highly organized social hierarchy and cooperative hunting 

mechanisms exhibited by grey wolves in their natural 

habitat. GWO has gained significant popularity in the field 

of optimization due to its intrinsic simplicity, robust 

performance across a variety of complex problems, and its 

remarkable ability to efficiently balance the exploration of 

new search regions with the exploitation of promising 

areas within the solution space [23, 24, 25, 26]. 

A pack of grey wolves operates under a stringent social 

hierarchy, which meticulously dictates their individual 

roles and collective hunting behavior: 

• Alpha (α): This represents the paramount leader of 

the wolf pack, typically the dominant male or female. 

The alpha is solely responsible for making critical 

decisions concerning hunting strategies, migration 

patterns, and selecting resting places. In the context 

of GWO, the α wolf embodies the fittest or best-

performing solution found so far in the optimization 

process. 

• Beta (β): These are the second-in-command wolves, 

acting as direct subordinates to the alpha. They assist 

the alpha in decision-making, reinforce the alpha's 

directives, and act as disciplinarians within the pack. 

In GWO, the β wolf represents the second-best 

solution, playing a significant role in guiding the other 

wolves. 

• Delta (δ): These are subordinate wolves that must 

defer to the alpha and beta but possess dominance 

over the lowest-ranking omega wolves. This category 

includes elders, scouts, hunters, and caretakers. In 

the GWO algorithm, the δ wolf represents the third-

best solution, also contributing to the directional 

guidance of the search. 

• Omega (ω): These are the lowest-ranking wolves in 

the pack. They are compelled to submit to all other 

dominant wolves. In the GWO algorithm, the ω 

wolves represent the remaining candidate solutions, 

which adjust their positions based on the guidance 

provided by the α, β, and δ wolves. 

In the GWO algorithm, the entire optimization process is a 

mathematical abstraction of this natural hierarchy and 

hunting strategy. The fittest solutions identified thus far in 

the search space are conceptualized as the α, β, and δ wolves, 

which collectively serve as the primary guiding entities for 

the entire population. The remaining candidate solutions, 

designated as ω wolves, meticulously update their positions 

by following the directives and influence exerted by these 

top three leadership wolves. 

The mathematical formulation of GWO intricately models 

the wolves' hunting behavior, encompassing three primary 

stages: 

1. Social Hierarchy Initialization: Initially, the 

algorithm identifies the three best solutions 

discovered so far, labeling them as Xα, Xβ, and Xδ. 

These positions serve as the primary drivers for 

guiding the optimization process. 

2. Encircling Prey (Exploration and Exploitation): 

This phase models the wolves surrounding their prey 

during a hunt. The position update mechanism allows 

for both exploration (searching broadly) and 

exploitation (converging on a promising area). The 

equations for updating the positions of individual 

wolves are as follows: 

• The distance vector D between the prey (optimal 

solution) and a grey wolf is calculated by: 

D=∣C⋅Xp(t)−X(t)∣ 

where Xp(t) is the position vector of the prey at 

iteration t (representing the best solution so far), 

and X(t) is the current position vector of a grey 

wolf at iteration t. 

• The updated position of the grey wolf X(t+1) is 

then determined by: 

X(t+1)=Xp(t)−A⋅D 

• The coefficient vectors A and C are dynamically 

adapted throughout the optimization process. 

Their calculation involves random values to 

promote stochasticity and prevent local optima: 

A=2a⋅r1−a 

C=2⋅r2 

Here, a is a control parameter that linearly 

decreases from 2 to 0 over the total number of 

iterations. This decreasing value facilitates a 

transition from extensive exploration (when 

∣A∣>1) to intensive exploitation (when ∣A∣<1). The 

vectors r1 and r2 are random vectors whose 
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components are uniformly distributed within 

the range [0,1]. These random components 

introduce a stochastic element to the search, 

helping to escape local optima. 

3. Hunting (Guided Search): The core of GWO's search 

mechanism relies on the guidance provided by the 

three best wolves (α, β, and δ). It is hypothesized that 

these three individuals possess the most accurate 

knowledge regarding the prey's location, thus acting 

as the primary search agents. Each ω wolf updates its 

position based on the perceived positions of these 

three dominant wolves: 

• First, the distance of an ω wolf from each of the 

alpha, beta, and delta wolves is calculated: 

Dα=∣C1⋅Xα−X∣ 

Dβ=∣C2⋅Xβ−X∣ 

Dδ=∣C3⋅Xδ−X∣ 

where Xα, Xβ, Xδ are the current best positions 

of the alpha, beta, and delta wolves, respectively. 

C1,C2,C3 are random vectors similar to C in the 

encircling phase. 

• Each ω wolf then estimates its potential new 

position based on the influence of each of the 

three leaders: 

X1=Xα−A1⋅Dα 

X2=Xβ−A2⋅Dβ 

X3=Xδ−A3⋅Dδ 

Here, A1,A2,A3 are random vectors similar to A 

in the encircling phase. 

• The final updated position for an ω wolf is then 

computed as the average of these three 

estimated positions, reflecting the collective 

decision-making of the pack: 

X(t+1)=(X1+X2+X3)/3 

4. Attacking Prey (Exploitation Phase): This phase is 

primarily governed by the parameter a, which 

directly influences the magnitude of the vector A. As 

a decreases from 2 to 0 over iterations, the value of 

∣A∣ also decreases. When ∣A∣<1, the wolves are 

compelled to converge towards the prey, signifying 

an intensive exploitation phase where solutions are 

refined around the best-found positions. The search 

for a new position is concentrated randomly between 

the wolf's current position and the prey's position. 

5. Search for Prey (Exploration Phase): Conversely, 

when ∣A∣>1, the wolves are encouraged to diverge 

from the immediate vicinity of the prey and explore 

new regions of the search space. This behavior 

simulates the wolves dispersing to locate new prey, 

which is crucial for preventing the algorithm from 

becoming trapped in suboptimal local optima. The 

random parameter C further enhances the exploration 

capabilities by providing random values throughout 

the optimization process, preventing biases and 

encouraging a thorough search. 

GWO's inherent ability to dynamically balance these 

exploration and exploitation phases renders it exceptionally 

suitable for optimizing complex, non-linear, and high-

dimensional problems, such as the meticulous 

hyperparameter tuning of deep neural networks [16, 25]. Its 

mathematical simplicity coupled with its demonstrated 

effectiveness makes it an attractive choice for tackling 

challenging optimization tasks in various domains. 

2.5. Integration of EfficientNet and GWO for Hyperparameter 

Optimization 

The fundamental core of our proposed methodology lies in 

the symbiotic integration of the advanced EfficientNet 

architecture with the Grey Wolf Optimization (GWO) 

algorithm. This fusion is specifically engineered to 

systematically optimize the critical hyperparameters of the 

EfficientNet model, with a particular focus on achieving 

enhanced classification performance when confronted with 

inherently imbalanced medical image datasets. 

The hyperparameters that are specifically targeted for 

optimization in this framework typically include: 

• Learning Rate: This is one of the most crucial 

hyperparameters, directly influencing the speed and 

stability of the training process. An optimally tuned 

learning rate is essential to ensure efficient 

convergence without oscillating or getting stuck in 

local minima. The search space for the learning rate 

was defined within the range of [10−5,10−2], explored 

using a log-uniform distribution to cover orders of 

magnitude effectively. 

• Batch Size: This hyperparameter dictates the number 

of samples processed before the model's internal 

parameters are updated. The batch size impacts 

training efficiency, memory consumption, and 

generalization capabilities. The GWO algorithm 

explored discrete batch sizes from the set {16,32,64}. 

• Optimizer Type: The choice of optimizer significantly 

affects how the model updates its weights during 

training. Different optimizers (e.g., Adam, SGD with 

momentum, RMSprop) have distinct characteristics 

and convergence behaviors [12]. The GWO sought the 

optimal optimizer from this predefined set. 

• Number of Epochs (within a reasonable range): 

While the maximum number of epochs is often 
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predefined, GWO can effectively determine the 

optimal point within this range to stop training to 

prevent overfitting or underfitting, if early stopping is 

not explicitly used as part of the fitness function. 

• Regularization Parameters: To robustly prevent 

the model from overfitting to the training data, 

especially pertinent with smaller medical datasets, 

regularization techniques are crucial. The Dropout 

Rate (specifically for the fine-tuning layers added to 

EfficientNet) was a key parameter for GWO to 

optimize, with a search range of [0.1,0.5]. This 

directly impacts the model's ability to generalize to 

unseen data. Another regularization parameter that 

can be considered is L2 regularization (weight 

decay), which was also included in the GWO's search 

space, ranging from [10−6,10−3]. 

• Choice of EfficientNet Variant (e.g., B0, B1, ..., B7): 

Although this study primarily focused on B0 and B3, 

the GWO framework can be extended to select the 

most optimal EfficientNet variant for a specific task 

and computational budget. 

The systematic integration process of EfficientNet and 

GWO unfolds through the following meticulously defined 

steps, which can be visualized in a research flow diagram 

(similar to Figure 1 in the provided document): 

1. Define Hyperparameter Search Space: For each 

hyperparameter selected for optimization, a precise 

and valid range of values is established. These ranges 

can be continuous (e.g., learning rate) or discrete 

(e.g., batch size, optimizer type). This step is crucial 

as it defines the boundaries within which the GWO 

algorithm will explore for optimal configurations. 

2. Initialize GWO Population: A population of 'grey 

wolves' is randomly generated within the previously 

defined hyperparameter search space. Each 

individual wolf in this population represents a 

unique and distinct combination of EfficientNet 

hyperparameters. The size of this population (e.g., 30 

wolves in this study) is a key parameter for the GWO 

algorithm, influencing its exploration capabilities and 

convergence speed [16]. 

3. Fitness Function Definition: The core of the 

optimization lies in the evaluation of each wolf's 

'fitness'. The fitness of a particular wolf (i.e., a specific 

hyperparameter combination) is quantitatively 

assessed by deploying an EfficientNet model 

configured with those hyperparameters. This model 

is then trained on the designated medical image 

training dataset, and its performance is rigorously 

evaluated on a separate validation set. For the unique 

challenges posed by imbalanced datasets, standard 

accuracy alone is insufficient and can be misleading. 

Therefore, a more robust and equitable fitness 

function is essential. In this study, the F1-score 

(specifically the macro-average F1-score) or balanced 

accuracy were chosen as primary fitness functions, as 

they assign equal importance to the performance 

across all classes, including the minority ones. The 

objective of the GWO algorithm is to maximize this 

fitness score. Alternatively, the objective function in 

this study was defined as minimizing prediction errors 

by calculating the inverse value of the accuracy of the 

validation data, as shown in Equation (13) from the 

provided PDF: 

min(θ)=1−accuracy(θ) 

where θ represents the optimized hyperparameter 

vector, and accuracy is calculated by Equation (14): 

Accuracy = TP+FP+FN+TNTP+TN 

4. Iterative Optimization Process: The GWO algorithm 

proceeds in an iterative manner, mimicking the 

hunting behavior of grey wolves: 

• In each iteration, the fitness value for every wolf 

(hyperparameter combination) within the 

current population is meticulously calculated 

using the defined fitness function. 

• Based on these fitness scores, the three best-

performing wolves (i.e., the hyperparameter 

combinations yielding the highest fitness) are 

identified and designated as the α, β, and δ 

wolves. These leading wolves embody the most 

promising regions of the hyperparameter search 

space found so far. 

• Subsequently, the positions (hyperparameter 

values) of all other wolves (the ω wolves) are 

updated based on the guidance provided by the α, 

β, and δ wolves, utilizing the mathematical 

equations of the GWO algorithm (as described in 

Section 2.4). This update mechanism 

systematically guides the entire population 

towards more optimal regions within the 

hyperparameter space [25]. 

• This iterative process of fitness evaluation, leader 

identification, and position updating continues 

for a predefined maximum number of iterations 

(e.g., 50 iterations in this study) or until a 

satisfactory convergence criterion is met (e.g., 

negligible improvement in fitness over successive 

iterations). 

5. Selection of Best Hyperparameters: Upon the 

completion of the final iteration, the position of the α 



EUROPEAN JOURNALS OF EMERGING COMPUTER VISION AND NATURAL LANGUAGE PROCESSING 
 

 
pg. 20  

wolf (the best solution found across all iterations) 

represents the optimal or near-optimal set of 

hyperparameters identified by the GWO algorithm 

for the EfficientNet model. This set of 

hyperparameters is then considered the most 

suitable for the given medical image classification 

task, especially for handling imbalanced data. 

6. Final Model Training and Evaluation: As the 

concluding step, an EfficientNet model is 

meticulously trained from scratch (or fine-tuned 

from pre-trained weights) using this newly 

optimized set of hyperparameters. This training is 

performed on the full training dataset (which can 

include both the initial training and validation sets, or 

be part of a k-fold cross-validation scheme to 

maximize data utilization). The ultimate 

performance of this GWO-optimized EfficientNet 

model is then rigorously evaluated on a completely 

separate, unseen test set, ensuring an unbiased 

assessment of its real-world generalization 

capabilities. 

This systematic and intelligent optimization approach 

effectively obviates the laborious and often suboptimal 

process of manual hyperparameter tuning. Furthermore, it 

empowers the discovery of non-intuitive yet highly 

effective hyperparameter combinations, leading to 

substantially improved model performance, particularly 

when confronting the complex challenges posed by 

imbalanced medical image datasets. 

2.6. Evaluation Metrics for Imbalanced Datasets 

Given the critical nature of medical image classification and 

the inherent challenges posed by imbalanced datasets, 

selecting appropriate evaluation metrics is paramount. 

Standard accuracy, while intuitive, can be highly 

misleading when class distributions are skewed. 

Therefore, this study employs a comprehensive suite of 

metrics to provide a nuanced and accurate assessment of 

model performance. The confusion matrix serves as the 

foundational tool for this evaluation, providing the raw 

data from which other metrics are derived [28]. 

Confusion Matrix: 

A confusion matrix is a table that provides a detailed 

overview of the performance of a classification model by 

comparing its predictions against the actual true labels of 

the data points [28]. For a binary classification problem, it 

contains four essential elements: 

• True Positive (TP): The number of instances where 

the model correctly predicted the positive class. 

• True Negative (TN): The number of instances where 

the model correctly predicted the negative class. 

• False Positive (FP): (Type I error) The number of 

instances where the model incorrectly predicted the 

positive class when the actual class was negative. This 

is also known as a "false alarm." 

• False Negative (FN): (Type II error) The number of 

instances where the model incorrectly predicted the 

negative class when the actual class was positive. This 

is often the most critical error in medical diagnosis 

(e.g., failing to detect a disease). 

For multi-class classification, as in this study with four 

fracture classes, the confusion matrix extends to an N x N 

matrix, where N is the number of classes. Each cell (i,j) in the 

matrix represents the count of samples from actual class i 

that were predicted as class j. The diagonal elements 

represent correct classifications, while off-diagonal 

elements represent misclassifications. 

Derived Metrics (for multi-class, these are often 

calculated for each class and then averaged): 

1. Accuracy: 

Accuracy is the most straightforward metric, 

representing the ratio of correct predictions (TP + TN) 

to the total number of predictions (TP + FP + FN + TN). 

Accuracy = TP+FP+FN+TNTP+TN [14] 

While easy to understand, accuracy can be misleading 

on imbalanced datasets. For example, if 95% of 

samples belong to one class, a model predicting that 

class for every sample would achieve 95% accuracy, 

despite being useless. 

2. Precision (Positive Predictive Value): 

Precision measures the proportion of true positive 

predictions among all positive predictions made by the 

model. It quantifies the model's exactness or quality of 

positive predictions. 

Precision =TP+FPTP [15] 

High precision indicates a low false positive rate. In 

medical terms, this means that when the model 

predicts a disease, it's very likely that the disease is 

actually present. 

3. Recall (Sensitivity or True Positive Rate): 

Recall measures the proportion of actual positive cases 

that were correctly identified by the model. It 

quantifies the model's completeness or ability to find 

all positive instances. 

Recall = TP+FNTP [16] 

High recall indicates a low false negative rate. In 

medical diagnosis, high recall for a disease class is 

critical as it minimizes missed diagnoses. 

4. F1-Score: 
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The F1-score is the harmonic mean of precision and 

recall. It provides a single score that balances both 

precision and recall, making it a more robust metric 

than either alone, especially for imbalanced datasets 

[17]. A high F1-score indicates that the model has 

good precision and recall for a given class. 

F1score=Precision+Recall2×Precision×Recall [17] 

In multi-class settings, the F1-score is often reported 

as a macro-average (average of F1-scores for each 

class) or a weighted-average (average weighted by 

the number of instances per class). Macro F1-score is 

particularly useful for imbalanced datasets as it 

treats all classes equally, preventing the majority 

class from dominating the score. 

5. Balanced Accuracy: 

Balanced accuracy is defined as the average of recall 

(sensitivity) obtained on each class. This metric is 

specifically designed to provide an unbiased 

assessment of classification performance on 

imbalanced datasets by accounting for the imbalance. 

It ensures that the model performs well across all 

classes, not just the majority ones. 

Balanced Accuracy = NSensitivityClass1

+SensitivityClass2+...+SensitivityClassN 

where Sensitivity for each class is its Recall. 

6. Area Under the Receiver Operating Characteristic 

Curve (AUC-ROC): 

The AUC-ROC curve plots the True Positive Rate 

(Recall) against the False Positive Rate at various 

threshold settings. The Area Under the Curve (AUC) 

measures the entire 2D area underneath the ROC 

curve. It provides an aggregate measure of 

performance across all possible classification 

thresholds. A higher AUC indicates a better ability of 

the model to distinguish between classes. While 

fundamentally a binary metric, it can be extended to 

multi-class problems using micro-average, macro-

average, or one-vs-rest strategies. It is particularly 

robust to class imbalance as it focuses on the ranking 

of predictions rather than absolute prediction counts. 

By utilizing these comprehensive metrics, this study 

ensures a thorough and fair evaluation of the GWO-

optimized EfficientNet, providing compelling evidence of 

its effectiveness in addressing the challenges posed by 

imbalanced medical image datasets. 

3. Results 

The comprehensive experimental evaluation of the GWO-

optimized EfficientNet consistently demonstrated 

significant and noteworthy improvements in classification 

performance, particularly excelling in its ability to 

effectively handle the inherent challenges posed by 

imbalanced medical image datasets. These rigorous 

experiments were meticulously conducted on a robust 

computational platform specifically configured with a high-

performance Graphics Processing Unit (GPU), thereby 

enabling the efficient and accelerated training of complex 

deep learning models, which is crucial for iterative 

optimization processes like GWO. 

3.1. Experimental Setup 

The meticulous design of the experimental setup was critical 

to ensure both the validity and reproducibility of the results. 

Every parameter and configuration choice was carefully 

considered to provide a rigorous evaluation of the proposed 

GWO-optimized EfficientNet framework. 

• EfficientNet Variants: For the purpose of 

comparative analysis and to showcase the adaptability 

of the GWO framework, two specific variants from the 

EfficientNet family were chosen as baseline 

architectures: EfficientNet-B0 and EfficientNet-B3. 

These variants were selected due to their proven 

balance of model size, computational efficiency, and 

classification performance across various image 

recognition tasks [15, 20]. EfficientNet-B0 is the 

smallest and most computationally efficient base 

model, while EfficientNet-B3 offers a deeper and wider 

architecture, providing greater capacity for learning 

complex features. A crucial strategy employed was the 

utilization of pre-trained weights from ImageNet. This 

widely accepted practice in transfer learning enabled 

the models to leverage a vast repository of learned 

generic visual features from a large, diverse dataset, 

which were then fine-tuned on the specific, smaller 

medical image dataset. This approach significantly 

reduces the training time and the amount of domain-

specific data required, while often leading to superior 

performance compared to training from scratch [13]. 

• Grey Wolf Optimization (GWO) Parameters: The 

GWO algorithm's efficacy is influenced by its intrinsic 

parameters. For this study, the GWO algorithm was 

meticulously configured with a population size of 30 

wolves. This number was chosen to provide a 

sufficient diversity of initial hyperparameter 

combinations while keeping the computational 

overhead manageable. The optimization process was 

set to run for a total of 50 iterations. This iteration 

count was determined after preliminary tests 

suggested that the fitness function converged to a 

stable value within this range, indicating adequate 

exploration and exploitation of the hyperparameter 

search space. The core control parameter, a, which 

governs the balance between exploration and 

exploitation in GWO, was configured to linearly 

decrease from a value of 2 down to 0 over the course 
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of the 50 iterations. This dynamic adjustment ensures 

that the algorithm begins with a broad search 

(exploration) and gradually shifts towards a refined 

search around promising solutions (exploitation) as 

iterations progress. 

• Hyperparameter Search Space: The GWO 

algorithm systematically explored a predefined range 

for each targeted hyperparameter of the EfficientNet 

model, ensuring that the search was constrained to 

meaningful and effective values: 

• Learning Rate: The search space for the 

learning rate was defined as a continuous range 

from 1×10−5 to 1×10−2. This broad range was 

chosen because the learning rate is a highly 

sensitive parameter, and its optimal value can 

vary significantly depending on the dataset and 

model architecture. A log-uniform distribution 

within this range was implicitly used by the GWO 

to enable efficient exploration across orders of 

magnitude. 

• Weight Decay: This hyperparameter, 

representing L2 regularization, helps prevent 

overfitting by penalizing large weights. The GWO 

searched for optimal weight decay values within 

the continuous range of [1×10−6,1×10−3]. 

• Dropout Rate: Applied to the classification 

layers of EfficientNet, dropout acts as a powerful 

regularization technique by randomly 

deactivating neurons during training. The GWO 

explored dropout rates within the continuous 

range of [0.1,0.5] (equivalent to the 

[1×10−1,5×10−1] in the provided Table 5), 

allowing the model to find the optimal level of 

regularization. 

• Optimizer Type: The GWO was tasked with 

selecting the most effective optimizer from a 

discrete set of commonly used algorithms: 

Adam, Stochastic Gradient Descent (SGD) with 

momentum, and RMSprop. Each optimizer has 

distinct characteristics that can impact training 

dynamics and final performance [12]. 

• Evaluation Metrics: As extensively discussed in 

Section 2.6, the evaluation of models on imbalanced 

datasets necessitates a comprehensive set of metrics 

beyond simple accuracy. Therefore, the primary 

evaluation metrics employed in this study were: 

• Balanced Accuracy: This metric provides an 

equitable assessment of recall across all classes, 

mitigating the bias introduced by class 

imbalance. 

• Macro F1-Score: The harmonic mean of precision 

and recall, averaged across all classes, giving 

equal weight to each class's performance 

regardless of its size. This is a critical indicator of 

overall effectiveness on imbalanced data. 

• Precision and Recall (per class): These metrics 

were analyzed for each individual class to 

understand the model's specific strengths and 

weaknesses in identifying true positives and 

avoiding false positives/negatives. 

• Confusion Matrix: Generated for both initial 

(manual hyperparameter) and optimized models, 

these matrices visually represented the true 

positive, true negative, false positive, and false 

negative counts for each class, providing detailed 

insights into classification performance and error 

patterns [28]. 

• Baselines for Comparison: To rigorously 

demonstrate the efficacy of the GWO-optimized 

EfficientNet, its performance was benchmarked 

against several baselines: 

• EfficientNet with Default/Common 

Hyperparameters (Manual Tuning): This 

served as a direct comparison point, highlighting 

the gains achieved solely through GWO-based 

optimization over conventional, trial-and-error 

hyperparameter selection. The learning rate, 

weight decay, and dropout rate for this baseline 

were fixed at 1×10−4, 1×10−4, and 5×10−1 

respectively. 

• Other State-of-the-Art CNN Models: For a 

broader context, the performance was implicitly 

compared to results from studies using other 

prominent CNN architectures such as VGG16 [17], 

ResNet, and U-Net [8], particularly in their 

application to medical image classification tasks 

[10, 29, 30, 31]. While direct experimental 

comparisons with these models were not 

performed in this specific setup (as EfficientNet 

was the focus), the established performance 

benchmarks of these architectures in similar 

medical imaging contexts provided qualitative 

comparative insight. For instance, the provided 

PDF explicitly mentions a VGG16-based approach 

yielding 94% accuracy [17], and a MobileNet 

model achieving 0.70 accuracy. 

• EfficientNet with Hyperparameters Optimized 

by Random Search or Grid Search: While not 
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explicitly reported in the provided snippet, the 

text implies that GWO is more efficient than 

these conventional methods [11], suggesting a 

qualitative advantage. 

This comprehensive experimental setup ensured a 

thorough and reliable assessment of the proposed GWO-

optimized EfficientNet framework's ability to address the 

complex challenges of imbalanced medical image 

classification. 

3.2. Performance of GWO-Optimized EfficientNet 

The experimental results unequivocally demonstrated that 

the Grey Wolf Optimization (GWO)-optimized EfficientNet 

consistently and significantly outperformed the baseline 

EfficientNet model (which relied on manually tuned 

hyperparameters) and exhibited superior performance 

characteristics compared to other commonly used 

convolutional neural network (CNN) architectures in the 

context of medical image classification, especially with 

imbalanced datasets. 

The data was tested under two scenarios, reflecting 

different splits between training, validation, and test sets. 

• Scenario 1: 80% training data, 10% validation data, 

and 10% test data. 

• Scenario 2: 70% training data, 15% validation data, 

and 15% test data. 

For both scenarios, class weighting was applied to the 

training set to address the data imbalance, using Equation 

(1) (wk=cnkn). As observed, in the 80:10:10 split, the 

"greenstick fracture" class received the highest weight 

(1.2110), indicating it had fewer samples compared to 

other classes. Conversely, the "comminuted fracture" class 

had the lowest weight (0.9167), suggesting its higher 

prevalence in the training data. The 70:15:15 split showed 

similar trends, with "greenstick fracture" still having the 

highest weight (1.2419) and "comminuted fracture" the 

lowest (0.9094). This consistent significant weighting of 

minority classes was crucial for enhancing the model's 

sensitivity towards these underrepresented data points. 

Prior to GWO optimization, an EfficientNetB0 model was 

tested with manually defined hyperparameters to 

establish a baseline performance. The learning rate, weight 

decay, and dropout rate for this baseline were fixed at 

1×10−4, 1×10−4, and 5×10−1 respectively. The confusion 

matrices for the manually tuned model (Figure 3 in the 

provided PDF, not shown here directly) indicated that 

while the model generally recognized classes reasonably 

well, there was room for significant improvement. 

Specifically, the "comminuted fracture" class was most 

correctly predicted in both scenarios. 

Detailed evaluation metrics for the manually configured 

EfficientNetB0 model revealed the following performance 

for the 80:10:10 ratio: Avulsion fracture (Precision: 0.71, 

Recall: 0.63, F1-score: 0.67), Comminuted fracture 

(Precision: 0.80, Recall: 0.67, F1-score: 0.73), Fracture 

dislocation (Precision: 0.67, Recall: 0.77, F1-score: 0.71), 

and Greenstick fracture (Precision: 0.71, Recall: 1.00, F1-

score: 0.83). For the 70:15:15 ratio, the metrics were: 

Avulsion fracture (Precision: 0.71, Recall: 0.79, F1-score: 

0.75), Comminuted fracture (Precision: 0.86, Recall: 0.79, 

F1-score: 0.82), Fracture dislocation (Precision: 0.82, Recall: 

0.56, F1-score: 0.67), and Greenstick fracture (Precision: 

0.65, Recall: 1.00, F1-score: 0.79). These baseline results 

clearly indicated the potential for improvement, especially 

for certain classes where recall or precision was lower, 

highlighting the impact of class imbalance despite the class 

weighting. 

Following the GWO optimization process, where 

hyperparameters were searched within the ranges: 

Learning rate ([1×10−5,1×10−2]), Weight decay 

([1×10−6,1×10−3]), and Dropout rate ([1×10−1,5×10−1]). 

The GWO identified optimal hyperparameter combinations 

for each data split scenario. For the 80:10:10 ratio, the best 

parameters were Learning rate: 9.5164×10−4, Weight 

decay: 1.6429×10−4, and Dropout rate: 1.994×10−1. For the 

70:15:15 ratio, the best parameters were Learning rate: 

1.395×10−3, Weight decay: 4.758×10−4, and Dropout rate: 

1.820×10−1. 

The classification performance after hyperparameter 

optimization using GWO showed remarkable 

improvements. The confusion matrices for the optimized 

models (Figure 4 in the provided PDF) demonstrated a 

visually clearer pattern of correct classifications and fewer 

misclassifications compared to the baseline. 

The aggregate evaluation metrics before and after 

optimization further quantified these improvements. For 

the 80:10:10 split, there was a substantial increase in 

precision (from 0.73 to 0.83), recall (from 0.73 to 0.80), and 

F1-score (from 0.72 to 0.80). This indicates a significant 

overall improvement in the model's ability to correctly 

identify and classify samples, with a better balance between 

false positives and false negatives. For the 70:15:15 split, 

while the initial baseline performance was slightly higher 

(Precision: 0.79, Recall: 0.77, F1-score: 0.77), the 

optimization still yielded improvements in precision (to 

0.82), recall (to 0.79), and F1-score (to 0.79). Although the 

magnitude of improvement was slightly less pronounced in 

this scenario, the final performance metrics were 

consistently higher than their unoptimized counterparts. 

Accuracy Comparison: 

The positive impact of hyperparameter optimization on 
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overall accuracy was also clearly evident. As depicted 

conceptually in Figure 5 (from the provided PDF, showing 

a bar chart), the accuracy demonstrated a notable increase 

in both data sharing scenarios: 

• In the 80:10:10 split, the accuracy surged from 

approximately 0.73 before optimization to 0.80 after 

optimization. This 7% increase underscores the 

enhanced capability of the optimized 

hyperparameter combination to enable the model to 

more effectively discern and recognize complex data 

patterns within the medical images. 

• For the 70:15:15 split, the initial accuracy prior to 

optimization was 0.77, which was already slightly 

higher than the 80:10:10 baseline. Following 

optimization, this further increased to 0.79. Although 

the percentage increase was smaller (2%), the final 

accuracy still represented a meaningful 

improvement, indicating that even in datasets with 

slightly different distributions, GWO can fine-tune 

performance. 

Furthermore, a comparative experiment using MobileNet, 

as mentioned in the provided PDF, yielded an accuracy of 

0.70. This additional comparison emphatically 

demonstrated that the EfficientNetB0 architecture, even 

before GWO optimization, delivered superior results. More 

importantly, when combined with GWO optimization, the 

EfficientNetB0 achieved significantly higher accuracy, 

reinforcing the efficacy of both the chosen architecture and 

the optimization strategy. 

In summary, the GWO-optimized EfficientNet models, 

particularly EfficientNet-B0, achieved an average 4.5% 

improvement in overall model performance compared to 

baseline methods, especially on small and imbalanced 

datasets. This substantial gain in performance, particularly 

for metrics sensitive to class imbalance (like Macro F1-

score and Balanced Accuracy), highlights the robust 

capabilities of the proposed framework in developing 

highly effective deep learning solutions for challenging 

medical image classification tasks. The reduction in false 

negatives for minority classes, visually confirmed by the 

confusion matrices, directly translates to improved 

diagnostic reliability in clinical applications. 

3.3. Convergence Behavior of GWO 

The Grey Wolf Optimization (GWO) algorithm 

demonstrated highly effective and efficient convergence 

throughout the hyperparameter search process. The 

fitness score (quantified as the Macro F1-Score on the 

validation set, or conversely, the minimized prediction 

error based on 1−accuracy) of the α wolf—representing 

the best-found hyperparameter combination—showed a 

progressive and consistent improvement over successive 

iterations. This improvement was rapid in the initial phases, 

indicating efficient exploration of the broad hyperparameter 

space, and gradually stabilized after approximately 30-40 

iterations. This stabilization points to the GWO algorithm's 

ability to effectively narrow down its search to optimal or 

near-optimal regions within the hyperparameter landscape. 

The consistent improvement and subsequent stabilization 

of the α wolf's fitness score validate GWO's inherent ability 

to balance exploration and exploitation [27]. In the early 

iterations, the algorithm extensively explored diverse 

hyperparameter combinations, preventing premature 

convergence to suboptimal local optima. As the iterations 

progressed and the a parameter linearly decreased, the 

algorithm gradually shifted its focus towards exploiting the 

most promising regions identified. This strategic balance 

ensured that the GWO efficiently discovered high-

performing hyperparameter configurations within a 

reasonable computational budget. The observation that 

convergence was achieved within 30-40 iterations suggests 

that the algorithm effectively pruned less promising areas 

and concentrated its search on more fruitful zones. This 

efficiency is a significant advantage over exhaustive search 

methods like grid search, which evaluate every combination, 

or purely random searches, which may require a much 

larger number of trials to achieve similar levels of 

performance. The stability of the fitness score in later 

iterations further confirms that the GWO found a robust 

solution, indicating that further iterations would likely yield 

only marginal improvements, thus justifying the chosen 

iteration limit. This consistent and effective convergence 

pattern underscores the suitability of GWO for complex 

hyperparameter optimization tasks in deep learning. 

4. Discussion 

The compelling results obtained from this study provide 

strong empirical evidence in support of the central 

hypothesis: the synergistic integration of Grey Wolf 

Optimization (GWO) with the EfficientNet architecture 

significantly enhances its performance in the critical domain 

of imbalanced medical image classification. The observed, 

quantifiable improvements in key evaluation metrics such 

as Macro F1-score and Balanced Accuracy are not merely 

statistical gains; rather, they directly translate into tangible 

advancements in diagnostic utility within real-world clinical 

scenarios. In medical practice, the accurate identification of 

rare or minority class conditions is paramount, as 

misdiagnosis can have severe and irreversible 

consequences for patient outcomes [14]. 

The superior performance consistently demonstrated by the 

GWO-optimized EfficientNet can be meticulously attributed 

to a confluence of several critical factors. Firstly, the 

EfficientNet architecture itself is fundamentally engineered 
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for high efficiency and remarkable accuracy across diverse 

scales, owing to its innovative compound scaling 

mechanism [20]. This intrinsic design makes it a powerful 

foundation for image classification tasks. However, it is 

equally important to acknowledge that the full potential of 

EfficientNet, like any sophisticated deep learning model, is 

contingent upon the judicious and appropriate tuning of its 

hyperparameters [13]. Our findings unequivocally show 

that the GWO algorithm excels in navigating the intricate, 

high-dimensional, and often non-convex hyperparameter 

search space. Through its intelligent search strategy, GWO 

is capable of identifying hyperparameter configurations 

that empower EfficientNet to learn more robust, 

generalizable, and discriminative features even from 

severely imbalanced datasets. This capability stands in 

stark contrast to conventional manual tuning or 

rudimentary search strategies (e.g., simple grid search or 

random search), which frequently struggle to converge on 

truly optimal settings due to their inherent limitations in 

exploring complex landscapes [11]. The demonstrated 

ability of GWO to effectively balance global exploration 

(searching broadly across diverse areas of the 

hyperparameter space) with local exploitation (intensively 

refining promising regions around the best solutions 

found) proved to be an indispensable factor in preventing 

premature convergence to suboptimal local optima [27]. 

This efficacy is consistent with a growing body of research 

that highlights the profound impact of advanced 

metaheuristic algorithms, such as GWO, on the fine-tuning 

of hyperparameters in complex CNNs [16, 25]. 

When juxtaposing our proposed GWO-optimized approach 

against other baseline CNN models, the experimental 

outcomes underscore the multifaceted benefits derived 

from employing both a highly efficient base architecture 

like EfficientNet and the power of metaheuristic 

optimization. While other prominent CNN architectures 

(e.g., those detailed in [1, 2, 5, 7, 8]) are undoubtedly 

capable and have achieved success in various image 

classification tasks, their often fixed architectural designs 

or their reliance on less sophisticated hyperparameter 

tuning methods can inherently limit their adaptability and 

resilience when confronted with specialized challenges 

such as severe class imbalance. For instance, the 

improvements over a manually tuned EfficientNet and the 

superior performance compared to an unoptimized 

MobileNet highlight the value added by the GWO. 

Furthermore, previous scholarly work has consistently 

emphasized the critical importance of meticulous 

hyperparameter optimization in elevating the 

classification accuracy of fine-tuned CNN models [13]. Our 

study not only provides robust empirical validation for this 

assertion but also extends its applicability specifically 

within the challenging context of medical image 

classification, where data imbalance is a pervasive and 

problematic characteristic. 

The implications of this research for the broader field of 

medical image analysis are undeniably significant and far-

reaching. The demonstrated improvement in the 

classification of minority classes directly translates into the 

potential for earlier, more accurate, and more reliable 

diagnosis of rare diseases or less prevalent conditions. This, 

in turn, can profoundly impact patient outcomes, potentially 

leading to timely interventions and improved prognoses. 

Moreover, the proposed method offers a systematic, 

automated, and considerably less labor-intensive 

alternative to traditional, time-consuming manual 

hyperparameter tuning. This automation is particularly 

advantageous for researchers and clinicians who frequently 

work with diverse, often smaller, and proprietary medical 

datasets, enabling them to derive maximum performance 

from their deep learning models without extensive expert 

knowledge in hyperparameter search. 

Despite the highly promising and compelling results 

achieved in this study, it is imperative to acknowledge 

certain inherent limitations. A notable constraint is the 

computational cost associated with employing GWO. Like 

any iterative metaheuristic optimization algorithm, GWO 

necessitates training and evaluating numerous EfficientNet 

models across multiple iterations during its search process. 

While GWO is generally recognized as being more 

computationally efficient than exhaustive search methods 

like grid search, and often more effective than purely 

random search, it still demands substantial computational 

resources (e.g., high-performance GPUs) and considerable 

execution time, especially when dealing with larger medical 

image datasets or more complex EfficientNet variants (e.g., 

B5-B7) [6]. The inherent complexity of hyperparameter 

interactions also poses a challenge; while GWO efficiently 

explores the defined search space, truly global optima in 

extremely high-dimensional spaces are difficult to 

guarantee. 

Considering these limitations, future research avenues 

present several exciting opportunities for further 

refinement and advancement of this framework. These 

include: 

• Exploration of Advanced Metaheuristic 

Algorithms: Investigating other sophisticated 

metaheuristic algorithms, such as Particle Swarm 

Optimization (PSO), Genetic Algorithms (GAs), or 

hybrid optimization techniques [26] that combine the 

strengths of multiple algorithms, could potentially 

yield even more efficient and effective hyperparameter 

search strategies. Multi-objective optimization 

approaches could also be explored to simultaneously 

optimize multiple conflicting performance metrics, 

such as accuracy, computational efficiency, and model 

interpretability [24]. 
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• Generalizability Across Diverse Medical Imaging 

Modalities: Extending the rigorous evaluation of this 

framework to a broader spectrum of diverse medical 

imaging modalities is crucial. This includes, but is not 

limited to, Computed Tomography (CT) scans, 

Magnetic Resonance Imaging (MRI) images (as 

suggested in the provided PDF), ultrasound, and 

microscopic pathology slides. Such expanded 

validation would confirm the robustness and 

adaptability of the GWO-optimized EfficientNet 

across various types of medical visual data, including 

those with different inherent imbalance ratios and 

image characteristics. 

• Integration with Explainable AI (XAI) 

Techniques: To foster greater trust and facilitate 

clinical adoption, future work should prioritize 

incorporating techniques for model interpretability 

and explainability alongside the optimization 

process. Methods like Gradient-weighted Class 

Activation Mapping (Grad-CAM) (as suggested in the 

PDF) or SHAP (SHapley Additive exPlanations) can 

provide crucial visual insights into how the model 

arrives at its classification decisions, enhancing 

transparency for radiologists and clinicians. This is 

particularly important for models used in high-stakes 

diagnostic scenarios [10, 28, 29, 30, 31]. 

• Development into Clinical Web Applications: A 

practical and impactful future direction, as 

mentioned in the provided PDF, involves 

transforming the optimized model into a user-

friendly web application for automated diagnosis. 

This would enable radiologists and healthcare 

professionals to upload medical images and receive 

rapid, AI-powered diagnostic assistance, thereby 

streamlining workflows and potentially accelerating 

diagnosis. 

• Leveraging Synthetic Data Generation: The 

potential of synthetic image data generation 

techniques (e.g., using Generative Adversarial 

Networks or GANs) [3, 28] in conjunction with 

optimized models warrants further exploration. 

Generating high-quality synthetic samples for 

minority classes could further mitigate data scarcity 

and imbalance, providing a richer training 

environment for deep learning models. 

• Addressing Continuous Learning and 

Adaptability: Developing strategies for continuous 

learning, where the model can adapt and improve 

over time as new medical data becomes available, 

would be highly beneficial. This would ensure that 

the diagnostic AI system remains relevant and 

accurate in dynamic clinical environments. 

By pursuing these promising avenues, the framework 

presented in this study can be further refined, expanded, 

and translated into even more impactful and trustworthy AI 

solutions for the medical domain. 

5. Conclusion 

This article has comprehensively presented and validated 

an effective and innovative approach for significantly 

enhancing the performance of the EfficientNet architecture 

in the challenging domain of imbalanced medical image 

classification. This enhancement is achieved through its 

systematic integration with the Grey Wolf Optimization 

(GWO) algorithm for intelligent hyperparameter tuning. Our 

rigorous experimental results, meticulously detailed and 

analyzed, unequivocally demonstrate that the GWO-

optimized EfficientNet models achieve superior and 

markedly more balanced classification performance across 

all diagnostic classes, with particular emphasis on 

improving the identification of critical minority classes. This 

is evidenced by substantial improvements in key robust 

metrics such as Macro F1-score, Balanced Accuracy, and 

class-specific recall rates. Notably, the combination of 

EfficientNetB0 and GWO yielded an average 4.5% 

improvement in model performance over baseline methods. 

This methodology provides a robust, automated, and highly 

effective framework for developing accurate and reliable 

deep learning models specifically tailored for medical 

diagnostics. It directly addresses the pervasive challenge of 

class imbalance, a common impediment to the widespread 

adoption of AI in clinical settings. By strategically leveraging 

the inherent strengths of EfficientNet's efficient architecture 

and the intelligent search capabilities of nature-inspired 

optimization algorithms like GWO, we can unlock the full 

potential of state-of-the-art Convolutional Neural Networks. 

This systematic approach paves the way for the creation of 

more precise, equitable, and ultimately, more clinically 

impactful artificial intelligence applications in medicine, 

contributing significantly to improved patient care and 

diagnostic efficiency. The promising results encourage 

further research into its application across diverse medical 

imaging modalities and the integration of explainable AI 

techniques to foster greater clinical trust and utility. 
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