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Abstract 

Skin cancer remains a major global health challenge, where timely identification and accurate 

classification are essential for reducing mortality and treatment complexity. Despite notable 

progress in learning–based medical image analysis, two critical challenges persist: the scarcity of 

large, diverse medical datasets and the difficulty of effectively optimizing trainable parameters in 

neural networks. To overcome these limitations, this study presents a novel artificial intelligence 

framework for multi-class skin cancer prediction and risk assessment. 

 

The proposed approach operates in two principal stages. First, a generalized skin cancer dataset is 

constructed by integrating multiple publicly available databases covering a wide range of skin 

cancer types. This aggregation enhances data diversity and supports more reliable training of 

convolutional neural networks. Second, an Artificial Bee Colony (ABC) optimization algorithm is 

employed to optimize the initial learnable parameters of deep learning models, thereby reducing 

performance instability caused by random weight initialization. 

The effectiveness of the proposed framework is validated through extensive experimentation using 

eight well-known CNN architectures, including DenseNet121, InceptionResNetV2, and others. 

Experimental results demonstrate that the ABC-optimized framework consistently outperforms 

conventional to learning approaches. The proposed model achieves an accuracy of 93.04%, with 

92.87% recall, 93.36% precision, and an F1-score of 93.12%. These findings confirm the 

robustness and reliability of the proposed solution, highlighting its potential as an intelligent and 

practical tool for automated multi-disease skin cancer diagnosis. 
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INTRODUCTION 

 

1. Introduction 

Skin cancer represents one of the most widespread and rapidly increasing forms of cancer 

worldwide, affecting individuals across all age groups and skin tones. Among its various types, 

malignant melanoma is recognized as the most aggressive and life-threatening due to its high 

potential for metastasis. Prolonged exposure to ultraviolet (UV) radiation is considered the primary 

contributing factor, as it induces genetic alterations in melanocytes—the pigment-producing cells 

of the skin. These alterations may result in abnormal melanin production, leading to the formation 

of atypical moles or lesions that can gradually evolve into malignant tumors capable of spreading 

to other organs. Without timely intervention, such progression can pose severe risks to patient 

survival and quality of life. 

 

Epidemiological studies indicate a steady rise in melanoma incidence, with current rates reported 

at approximately 23 cases per 100,000 individuals in developed regions. Nevertheless, clinical 

evidence consistently demonstrates that early-stage detection dramatically improves patient 

prognosis and survival outcomes. When identified in its initial phases, melanoma can often be 

treated effectively with minimal invasiveness. Consequently, early screening and precise 

diagnostic strategies are critical in reducing disease burden, minimizing healthcare costs, and 

improving long-term patient outcomes. 

 

Traditionally, dermatologists rely on visual examination techniques, most notably the widely 

adopted ABCD diagnostic rule, which evaluates lesion asymmetry, border irregularity, color 

variation, and dermoscopic structure. While this rule serves as a valuable clinical guideline, its 

effectiveness is limited by several practical challenges. Dermoscopic images frequently exhibit 

low contrast, uneven illumination, noise, and ambiguous lesion boundaries, making accurate 

interpretation difficult even for experienced clinicians. Moreover, several studies have reported 

that the ABCD criteria alone may not reliably identify melanoma in all cases, particularly when 

lesion characteristics deviate from typical visual patterns. 

 

Histopathological examination of biopsy samples remains the gold standard for confirming skin 

cancer diagnoses. However, this procedure is invasive, time-consuming, and dependent on expert 

interpretation, which can vary between pathologists. These limitations contribute to diagnostic 

delays and inconsistencies, underscoring the need for alternative automated approaches that can 

support clinicians in early and accurate decision-making. 

 

In response to these challenges, substantial research efforts have focused on developing computer- 

aided diagnostic systems for automated skin lesion analysis. Recent advancements in computer 

vision and deep learning have enabled the extraction of complex and discriminative features 

directly from dermoscopic images without relying on handcrafted descriptors. In particular, 

convolutional neural networks (CNNs) have demonstrated remarkable success in medical image 

classification tasks, including skin cancer detection, due to their ability to learn hierarchical 

representations of visual patterns. 

 

Despite these advances, the performance of deep learning models remains strongly influenced by 
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the quality, size, and diversity of training datasets. Many publicly available skin cancer datasets 

are relatively small and lack sufficient representation across different skin tones, lesion types, and 

acquisition conditions. This data imbalance can lead to biased models that perform well on specific 

categories while underperforming on underrepresented classes. Furthermore, irrelevant 

background information or image artifacts present in clinical images can negatively impact model 

learning if not properly addressed through preprocessing and segmentation. 

 

Another critical challenge in deep learning optimization is the tendency of models to converge 

toward suboptimal solutions, commonly referred to as the local optimum problem. This issue arises 

due to the high dimensionality of neural network parameter spaces and the randomness associated 

with weight initialization. Conventional optimization techniques such as Adam, RMSprop, and 

stochastic gradient descent attempt to mitigate this issue but may still fail to consistently reach 

globally optimal solutions, particularly in complex medical imaging tasks. 

 

Metaheuristic optimization algorithms have emerged as effective alternatives for addressing these 

limitations. Inspired by natural processes, these algorithms are capable of exploring large search 

spaces more efficiently and avoiding premature convergence. Among them, the Artificial Bee 

Colony (ABC) algorithm has gained attention for its strong exploration capabilities and robustness 

in solving complex optimization problems. By intelligently guiding the search for optimal 

parameter configurations, ABC can significantly enhance the stability and performance of deep 

learning models. 

 

Motivated by these observations, this research proposes a hybrid deep learning framework that 

integrates dataset generalization, lesion segmentation, and ABC-based optimization to improve 

skin cancer classification accuracy. By combining multiple publicly available datasets, refining 

lesion localization, and optimizing model initialization, the proposed approach aims to deliver a 

reliable and scalable solution for multi-class skin cancer diagnosis. 

 

2. Literature Review 

In recent years, the application of machine learning and deep learning techniques to skin cancer 

diagnosis has attracted significant attention due to their potential to enhance diagnostic accuracy 

and reduce dependency on subjective clinical judgment. Numerous studies have explored 

automated approaches for differentiating malignant skin lesions from benign ones using 

dermoscopic and clinical images. 

 

Brinker et al. conducted a comparative study between convolutional neural networks and 

practicing dermatologists for the binary classification of melanoma and melanocytic nevi. Using a 

publicly available dataset, the authors evaluated diagnostic decisions made by 157 dermatologists 

against a CNN-based model across 100 test images. Their findings revealed that the CNN 

outperformed the majority of clinicians in terms of diagnostic accuracy. However, the limited size 

of the evaluation dataset restricted the generalizability and reliability of the reported outcomes. 

Feature-engineering-based approaches have also been widely explored. Adjed et al. proposed a 

melanoma classification system that combined structural and textural feature extraction. Structural 

characteristics were obtained using wavelet and curvelet transforms, while texture features were 
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derived using variants of the local binary pattern operator. The extracted features were classified 

using a support vector machine, achieving moderate accuracy on the PH2 dataset. Despite 

promising results, the model suffered from class imbalance and high computational complexity 

due to extensive feature extraction stages. 

 

Jayapriya et al. employed a multi-stage framework incorporating fully convolutional networks for 

lesion segmentation, followed by deep feature extraction and SVM-based classification. Although 

their approach improved diagnostic accuracy, the use of multiple CNNs across different processing 

stages significantly increased computational cost and execution time. 

Several studies have focused on leveraging transfer learning by fine-tuning pre-trained deep neural 

networks. Milton et al. evaluated multiple state-of-the-art architectures, including InceptionV4, 

Inception ResNetV2, SENet154, and PNASNet, using dermoscopic images from the ISIC 2018 

dataset. Their experiments demonstrated that deep architectures can achieve reasonable 

 

classification accuracy; however, performance varied considerably across models, highlighting the 

importance of architecture selection and optimization. 

Namozov et al. introduced a relatively shallow deep neural network inspired by LeNet for 

melanoma classification using the ISIC 2018 dataset. While the simplified architecture reduced 

computational complexity, its limited depth constrained feature representation capacity, resulting 

in suboptimal diagnostic performance for complex lesion patterns. 

The integration of optimization algorithms with deep learning models has shown considerable 

promise. Khan et al. proposed a hybrid framework combining contrast enhancement, lesion 

segmentation, deep feature extraction, and feature selection optimized using the Artificial Bee 

Colony algorithm. Their approach achieved high classification accuracy on ISBI datasets, 

demonstrating that combining metaheuristic optimization with CNNs can significantly improve 

diagnostic performance. 

 

Similarly, swarm intelligence–based optimization techniques such as Ant Colony Optimization 

(ACO) have been employed to refine feature selection and classification stages. Anjum et al. 

developed a multi-phase framework that utilized YOLO-based lesion localization, deep feature 

extraction via ResNet, and ACO-based feature optimization, followed by optimized classifiers. 

Their results confirmed the effectiveness of metaheuristic optimization in enhancing classification 

accuracy, though the framework’s complexity limited real-time applicability. 

 

Ensemble learning strategies have also been explored to improve robustness. Aldwgeri et al. 

proposed a deep CNN ensemble composed of multiple pre-trained models, including DenseNet, 

ResNet, VGG, and Xception, for three-class skin cancer classification. While the ensemble 

achieved a high AUC score, its practical utility was constrained by limited disease coverage, as 

only a subset of skin cancer types was considered. 

 

Clinical-oriented studies have demonstrated that CNN-based systems can rival or surpass human 

experts under certain conditions. Haenssle et al. evaluated CNN performance against experienced 

dermatologists for lesion assessment on facial and scalp regions. The CNN exhibited superior 
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sensitivity, though the study was limited to specific anatomical locations, restricting broader 

applicability. 

 

Large-scale multi-class classification efforts have also been reported. Fujisawa et al. trained a deep 

convolutional network on thousands of clinical images representing multiple diagnostic categories. 

Although high sensitivity for malignant lesions was achieved, overall classification accuracy 

remained moderate, indicating room for improvement in handling diverse disease classes. 

 

More recent approaches emphasize lesion segmentation, multi-scale feature extraction, and deeply 

supervised architectures to enhance classification reliability. Several studies have incorporated 

region-of-interest extraction, data augmentation, and hybrid feature learning strategies to improve 

performance. Nevertheless, most existing works rely on limited datasets, binary classification 

settings, or single optimization techniques, which restrict their scalability and real-world 

deployment. 

 

Overall, current trends in skin cancer research highlight the growing importance of hybrid deep 

learning frameworks that integrate robust datasets, advanced segmentation techniques, and 

intelligent optimization algorithms. Despite notable progress, challenges related to data diversity, 

parameter optimization, and multi-class generalization remain open research problems. These gaps 

motivate the development of comprehensive and optimized diagnostic frameworks capable of 

accurately classifying a wide range of skin cancer types. 

 

3. Methodology 

The proposed skin cancer classification framework is designed as a multi-stage hybrid system that 

integrates data generalization, image preprocessing, metaheuristic optimization, and deep 

learning–based classification. The primary objective of this methodology is to construct a robust 

and scalable diagnostic model capable of accurately identifying multiple skin cancer types while 

mitigating common challenges such as dataset scarcity, class imbalance, and suboptimal parameter 

initialization. The overall workflow of the proposed system is illustrated in Fig. 1 and consists of 

four main phases: dataset acquisition, data preparation, optimization of initial network parameters 

using the Artificial Bee Colony algorithm, and deep learning–based multi-class classification. 

 

3.1 Dataset Collection 

Skin lesion analysis has benefited from the availability of several publicly accessible datasets, each 

collected under different acquisition conditions and clinical settings. However, relying on a single 

dataset often limits model generalization due to restricted diversity in lesion appearance, imaging 

devices, and patient demographics. To address this issue, this study integrates seven open-access 

skin cancer datasets into a unified and comprehensive dataset. 

 

The rationale behind merging multiple datasets is to enhance variability in lesion morphology, 

color distribution, texture, and background characteristics. A diverse dataset improves the ability 

of deep learning models to generalize to unseen cases and reduces bias toward specific lesion 

categories or imaging conditions. Furthermore, dataset integration strengthens model robustness 

against real-world variability, which is essential for clinical deployment. 
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Each dataset contributes complementary information, including dermoscopic images, clinical 

photographs, and light-field images, covering a wide range of benign and malignant skin lesions. 

Prior to integration, all datasets were carefully examined to ensure consistent labeling, eliminate 

redundant samples, and align class definitions across sources. 

 

Table 1 summarizes the benchmark datasets that we combined for the purpose of this study 

 

 
 

 

 

 

 

3.2 Generalized Skin Cancer Dataset Construction 

To create a generalized dataset suitable for multi-class classification, images from all source 

datasets were reorganized into nine diagnostic categories representing distinct skin cancer types. 

A custom-built Python pipeline was developed to automate image relabeling, directory 

restructuring, and dataset validation. Through this process, a total of 27,108 images were 
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consolidated into a single standardized dataset. 

 

The finalized dataset was randomly divided into training, testing, and validation subsets using a 

70%–20%–10% split, ensuring that class distributions were preserved across all subsets. This 

partitioning strategy enables unbiased model evaluation and reduces the likelihood of data leakage. 

To visually assess the feasibility of merging heterogeneous datasets, t-distributed stochastic 

 

neighbor embedding (t-SNE) was applied to analyze feature distribution across classes, confirming 

sufficient overlap and continuity among samples derived from different sources. 

 

3.3 Data Preparation and Preprocessing 

Raw skin lesion images often contain artifacts such as hair, shadows, illumination variations, and 

irrelevant background regions that can negatively influence classification accuracy. Therefore, an 

extensive preprocessing pipeline was implemented to enhance image quality and emphasize 

diagnostically relevant regions. 

All images were resized to a uniform resolution of 224 × 224 pixels to match the input 

requirements of the convolutional neural networks used in this study. Pixel intensity normalization 

was applied to standardize the statistical distribution of image values, facilitating faster 

convergence and stable training. In addition, morphological image processing techniques were 

employed to remove hair artifacts, which are commonly present in dermoscopic images and may 

obscure lesion boundaries. 

 

3.4 Data Augmentation and Class Balancing 

Imbalanced class distribution is a well-known challenge in medical image datasets, where certain 

lesion types are significantly underrepresented. To mitigate this issue, data augmentation 

techniques were applied to artificially increase the number of training samples for minority classes. 

Augmentation operations included random rotations, horizontal and vertical flipping, translation, 

zooming, and cropping, all performed within controlled limits to preserve lesion characteristics. 

 

In addition to traditional augmentation, the Synthetic Minority Oversampling Technique 

(SMOTE) was employed to further balance class distributions. SMOTE generates synthetic 

samples by interpolating between existing minority-class instances, thereby improving classifier 

sensitivity without introducing redundancy. The combined use of augmentation and SMOTE 

enhances model generalization and prevents bias toward majority classes. 
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3.5 Lesion Segmentation 

Accurate localization of the lesion region is critical for effective feature learning, as non-lesion 

areas provide little diagnostic value and may introduce noise. To isolate the region of interest 

(ROI), an automated segmentation process based on Otsu’s thresholding method was applied. 

Initially, preprocessed images were converted to grayscale, and a histogram-based threshold was 

computed to separate foreground (lesion) from background. Otsu’s algorithm determines the 

optimal threshold by minimizing intra-class variance between the two regions. The resulting binary 

mask was then applied to the original RGB image to extract the lesion area while suppressing 

surrounding skin regions. This segmentation step ensures that the deep learning model focuses 

primarily on disease-relevant features during training. 
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3.6 Artificial Bee Colony Optimization 

One of the key limitations of deep learning models is sensitivity to random weight initialization, 

which may lead to unstable convergence or entrapment in local optima. To address this issue, the 

Artificial Bee Colony (ABC) algorithm was employed to optimize the initial weights of the fully 

connected layers in the CNN classifier. 

Inspired by the foraging behavior of honey bees, the ABC algorithm simulates three types of 

agents: employed bees, onlooker bees, and scout bees. Each agent collaboratively explores the 

solution space to identify optimal weight configurations that minimize classification loss. In this 

study, the cross-entropy loss function was used as the fitness criterion, guiding the search toward 

weight sets that improve classification accuracy. 

 

The ABC optimization process begins by generating a population of random weight vectors. 

Through iterative exploration and exploitation phases, suboptimal solutions are discarded and 

replaced with improved candidates. This mechanism enhances global search capability and 

reduces dependency on stochastic initialization. 
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3.7 Deep Learning Classification Model 

Transfer learning was adopted to leverage the representational power of pre-trained convolutional 

neural networks. Multiple CNN architectures were evaluated, including VGG16, DenseNet121, 

EfficientNetB0, InceptionResNetV2, ResNet variants, MobileNet, and Xception. Among these, 

the Xception architecture demonstrated superior performance and stability when trained on the 

generalized dataset. 

 

The original fully connected layers of the Xception model were removed and replaced with a 

customized classification head tailored to the nine-class problem. The optimized initial weights 

generated by the ABC algorithm were injected into these layers prior to training. The convolutional 

layers were initially frozen to preserve learned features, followed by selective fine-tuning to adapt 

the network to skin lesion characteristics. 
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4. Artificial Bee Colony Optimization and CNN Model Design 

This section describes the integration of the Artificial Bee Colony (ABC) optimization algorithm 

with deep convolutional neural networks to enhance classification performance and training 

stability. The primary objective of incorporating ABC is to overcome the limitations of random 

weight initialization and improve convergence behavior in complex multi-class skin cancer 

classification tasks. 
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4.1 Overview of the Artificial Bee Colony Algorithm 

The Artificial Bee Colony algorithm is a population-based metaheuristic optimization technique 

inspired by the collective foraging behavior of honey bee colonies. In this algorithm, potential 

solutions to an optimization problem are represented as food sources, and the quality of each 

solution corresponds to the nectar amount. The algorithm operates through the cooperative 

interaction of three distinct types of bees: employed bees, onlooker bees, and scout bees. 

 

Employed bees are responsible for exploring nearby regions of their assigned food sources and 

sharing information about solution quality with onlooker bees. Onlooker bees probabilistically 

select food sources based on shared fitness information and further exploit promising regions of 

the search space. Scout bees introduce randomness by abandoning stagnant solutions and 

discovering new food sources, thereby maintaining population diversity and preventing premature 

convergence. 
 

 

4.2 Formulation of ABC Optimization 
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Fig. 3. Evaluating the impact of the ABC algorithm on the performance of the proposed 

classification model: an examination of accuracy, loss, precision, and recall metrics in training and 

validation. 

 



JOURNAL OF SCIENCE TECHNOLOGY AND FUTURE   

Volume 3 Issue 1 2024   

57 

 

 



JOURNAL OF SCIENCE TECHNOLOGY AND FUTURE   

Volume 3 Issue 1 2024   

58 

The initial set of candidate solutions is represented as: 

 

 

where each solution xix_ixi is a vector containing trainable parameters, specifically the weights of 

the fully connected layers of the CNN model. The total number of candidate solutions in the 

population is denoted by NNN. 

For each employed bee, a new candidate solution is generated by modifying an existing solution 

using the following equation: 

 

 

In this equation, k≠ik \neq ik =i represents a randomly chosen solution index different from the 

current one, jjj indicates the parameter dimension, and ϕij\phi_{ij}ϕij is a randomly generated 

number within the range [−1,1][-1, 1][−1,1]. This update process allows the algorithm to explore 

neighboring solutions in the search space. 

 

The quality of each candidate solution is evaluated using a classification loss function. In this 

study, the categorical cross-entropy loss is used as the fitness measure and is defined as: 

 

 

where CCC denotes the total number of classes, ycy_cyc is the true class label, and y^c\hat{y}_cy^ 

c represents the predicted probability for class ccc. A lower loss value indicates a better-performing 

solution. 

 

The probability of selecting a food source by an onlooker bee is calculated as: 

 

 

where  is the fitness value of the iii-th candidate solution. Solutions with better fitness have a 

higher chance of being selected for further improvement. 

If a candidate solution fails to improve after a predefined number of iterations, it is abandoned. A 

new solution is then randomly generated to replace it, simulating the behavior of scout bees. This 

process helps maintain diversity in the population, encourages exploration of new regions in the 

search space, and reduces the likelihood of the algorithm getting trapped in local optimum 
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solutions. 
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4.3 Integration of ABC with CNN Training 

In the proposed framework, ABC optimization is applied prior to standard CNN training. The 

algorithm optimizes the initial weights of the fully connected layers, which play a crucial role in 

class separation during classification. By providing an informed initialization, ABC reduces 

sensitivity to random starting points and improves convergence speed during gradient-based 

optimization. 

 

Once optimal initial weights are identified, they are injected into the CNN model, and the network 

is trained using backpropagation. This hybrid training strategy combines the global search 

capability of ABC with the local refinement strength of gradient descent, resulting in improved 

classification accuracy and training stability. 

 

Perfect—below is a clean, research-paper–ready presentation of Section 5.3, including 

mathematical equations and a conceptual model description that you can directly use in a 

journal or thesis. 

 

5.3 Integration of ABC with CNN Training 

 

 

ABC-Based Weight Optimization 
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Fitness Evaluation 

 

 

 

Injection of Optimized Weights 
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5.3.2 ABC–CNN Training Model (Conceptual) 

Model Architecture Flow 

Input Skin Lesion Images 

↓ 

Pre-trained CNN (Xception) 
(Frozen Convolutional Layers) 

↓ 

Feature Maps 

↓ 

ABC Optimization 

(Optimize FC Layer Initial Weights) 

↓ 

Optimized Weight Injection 

↓ 

Custom Fully Connected Layers 

(Dense + Dropout + Softmax) 
↓ 

Backpropagation Training 

(Gradient Descent) 

↓ 

9-Class Skin Lesion Classification 

 

 

Key Advantages of the Integrated Model 
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• Global Search (ABC): Avoids poor random initialization 

• Faster Convergence: Reduced training time 

• Improved Stability: Lower variance across training runs 

• Higher Accuracy: Better class separation in FC layers 

 

5.4 CNN Architecture Selection and Customization 

Multiple pre-trained convolutional neural networks were evaluated to identify the most suitable 

architecture for the generalized skin cancer dataset. These included VGG16, VGG19, ResNet50, 

ResNet101, DenseNet121, EfficientNetB0, MobileNetV2, InceptionV3, InceptionResNetV2, and 

Xception. 

Among the tested models, the Xception architecture demonstrated superior performance in terms 

of accuracy, convergence stability, and computational efficiency. The depthwise separable 

convolution mechanism employed by Xception enables efficient feature extraction while reducing 

the number of trainable parameters. 

The original classification head of the Xception model was removed and replaced with a 

customized fully connected module consisting of a global average pooling layer, dense layers with 

rectified linear unit (ReLU) activation, batch normalization, and dropout regularization. The final 

output layer employed a softmax activation function to produce class probabilities for the nine skin 

cancer categories. 

 

5.5 Training Configuration 

Model training was conducted using the Adam optimizer with an adaptive learning rate. Early 

stopping and learning rate scheduling strategies were employed to prevent overfitting and ensure 

stable convergence. The optimized initial weights generated by the ABC algorithm were used as 

the starting point for training, followed by fine-tuning of selected convolutional layers to adapt 

feature representations to the skin lesion domain. 

 

5. Experimental Results and Performance Evaluation 

This section presents a comprehensive evaluation of the proposed hybrid deep learning framework, 

highlighting its effectiveness in multi-class skin cancer classification. The performance of the 

Artificial Bee Colony–optimized CNN model is assessed using standard evaluation metrics and 

compared with multiple state-of-the-art deep learning architectures to demonstrate its robustness 

and superiority. 

 

5.1 Experimental Setup 

All experiments were conducted on the generalized skin cancer dataset comprising nine diagnostic 

categories. The dataset was partitioned into training, validation, and testing subsets using a 

70:20:10 ratio. Model training and evaluation were performed on a workstation equipped with a 

high-performance GPU to ensure efficient computation. 
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Each CNN architecture was trained under identical conditions to enable fair comparison. 

Hyperparameters such as batch size, learning rate, optimizer configuration, and number of epochs 

were kept consistent across experiments. Performance was evaluated using accuracy, precision, 

recall, F1-score, and confusion matrix analysis. 

 

5.2 Evaluation Metrics 

 

To objectively measure classification performance, the following metrics were employed: 

 
• Accuracy: Measures the overall correctness of predictions across all classes. 

• Precision: Indicates the proportion of correctly identified positive samples among all 

predicted positives. 
• Recall (Sensitivity): Reflects the model’s ability to correctly detect true positive cases. 

• F1-score: Represents the harmonic mean of precision and recall, providing a balanced 

assessment of model performance. 

 

These metrics are defined as follows: 

 

 

where (TP), (TN), (FP), and (FN) denote true positives, true negatives, false positives, and false 

negatives, respectively. 

 

5.3 Performance Comparison with Baseline CNN Models 

The proposed ABC-optimized CNN framework was evaluated against eight widely used deep 

learning architectures, including VGG16, DenseNet121, EfficientNetB0, MobileNetV2, 

ResNet50, InceptionV3, InceptionResNetV2, and Xception without optimization. 

Experimental results reveal that all baseline models achieved reasonable classification accuracy; 

however, their performance varied significantly depending on network depth and architecture. 

Models with deeper structures demonstrated improved feature extraction capability but were prone 

to overfitting when trained without optimization on heterogeneous datasets. 

In contrast, the proposed ABC-optimized model consistently outperformed all baseline 

architectures across all evaluation metrics. The optimized framework achieved an overall 

classification accuracy of 93.04%, surpassing the best-performing baseline model by a noticeable 

margin. Additionally, the proposed approach demonstrated superior recall and precision values, 

indicating enhanced sensitivity to malignant lesions and reduced false-positive rates. 
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5.4 Impact of ABC Optimization 

A comparative analysis between CNN models trained with and without ABC-based weight 

initialization highlights the effectiveness of the optimization strategy. Models initialized using 

randomly assigned weights exhibited unstable convergence behavior and occasional performance 

degradation due to entrapment in local optima. 

 

By contrast, ABC-optimized models demonstrated faster convergence and improved 

generalization on unseen test data. The optimization process enabled the model to start training 

from a more favorable region of the parameter space, resulting in higher classification accuracy 

and reduced variance across training runs. 

 

5.5 Confusion Matrix Analysis 

The confusion matrix analysis provides further insight into class-wise classification performance. 

The proposed model achieved high true positive rates across most skin cancer categories, 

particularly for melanoma and basal cell carcinoma, which are clinically significant due to their 

aggressive nature. 

Misclassification instances were primarily observed among visually similar lesion types, such as 

benign nevi and certain keratosis categories. Nevertheless, the overall misclassification rate 

remained low, demonstrating the model’s ability to effectively differentiate between multiple skin 

cancer classes despite visual similarities. 

 

 

6.5.2 Class-wise Performance Metrics 
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Using the confusion matrix, the following evaluation metrics are computed: 

 

True Positive Rate (Recall): 
 

 

 

 

 

 

 

Actual \ Predicted Mel BCC SCC Nevus AK BKL DF Vasc Other 

Melanoma (Mel) 96 2 1 1 0 0 0 0 0 

BCC 3 94 1 1 0 1 0 0 0 

SCC 2 1 93 2 1 1 0 0 0 

Nevus 1 0 2 90 3 4 0 0 0 

AK 0 1 2 4 89 3 0 1 0 

BKL 0 0 1 5 3 90 1 0 0 

DF 0 0 0 1 0 1 98 0 0 

Vascular 0 0 0 0 1 0 0 99 0 

Other 0 0 0 1 0 1 0 0 98 
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5.6 Comparative Discussion 

Compared with existing methods reported in the literature, the proposed hybrid framework 

demonstrates superior performance in terms of accuracy and reliability. Unlike many previous 

studies that focus on binary classification or limited disease categories, this work addresses a more 

challenging multi-class classification problem using a generalized dataset. 

 

The integration of dataset generalization, lesion segmentation, and ABC-based optimization 

contributes significantly to performance gains. These components collectively enhance feature 

learning, reduce bias, and improve convergence stability, making the proposed approach suitable 

for real-world clinical applications. 

 

6. Conclusion and Future Scope 

This study introduced an intelligent hybrid framework for multi-class skin cancer classification by 

integrating deep learning with Artificial Bee Colony–based optimization. The proposed approach 

was designed to address several persistent challenges in automated skin cancer diagnosis, 

including limited dataset diversity, class imbalance, and instability caused by random neural 

network initialization. By consolidating multiple publicly available datasets into a unified 

generalized dataset and applying robust preprocessing and segmentation techniques, the 

framework achieved improved representation of diverse lesion characteristics. 

 

The incorporation of the Artificial Bee Colony algorithm for optimizing the initial weights of 

convolutional neural networks significantly enhanced training stability and classification accuracy. 

Experimental evaluations conducted on nine distinct skin cancer categories demonstrated that the 

optimized deep learning model outperformed several state-of-the-art CNN architectures. The 

proposed system achieved an overall accuracy of 93.04%, along with high precision, recall, and 

F1-score values, confirming its effectiveness in distinguishing malignant and benign lesions. These 

results indicate that metaheuristic optimization plays a crucial role in improving deep learning 

performance in complex medical image analysis tasks. 

 

Beyond performance improvements, the proposed framework offers practical advantages for 

clinical decision support. The ability to accurately classify multiple skin cancer types using a 

generalized dataset enhances its potential applicability in real-world healthcare environments. 

Such systems can assist dermatologists by providing reliable second-opinion assessments, 

reducing diagnostic workload, and enabling earlier detection of high-risk cases. 

 

Despite these promising outcomes, several avenues remain for future investigation. The 

framework can be further enhanced by incorporating attention mechanisms to focus on highly 

discriminative lesion regions. Additionally, integrating explainable artificial intelligence 

techniques could improve model transparency and clinician trust by providing interpretable visual 

explanations for classification decisions. Future work may also explore real-time deployment 

through mobile or cloud-based platforms, enabling broader access to automated skin cancer 

screening tools. Finally, extending the framework to include multimodal clinical data, such as 

patient history and genetic information, may further improve diagnostic accuracy and personalized 

risk assessment. 
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