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Abstract – Melanoma is still one of the most aggressive 

types of skin cancer, for which a correct and timely 

diagnosis is essential for patient survival. In this work, we 

propose a new hybrid diagnostic framework called 

FusionDermX-GigaCascade (FDX-GC), which combines 

EfficientNet-B4, Swin Transformer, and CatBoost 

models in a cascaded learning process. The proposed 

framework benefits from the strengths of convolutional 

feature extraction, transformer-based contextual 

representation, and gradient boosting for final 

classification, making it a combination of complementary 

approaches of deep vision models and ensemble learning. 

When applied to dermoscopic image datasets, the 

proposed FDX-GC framework demonstrated an overall 

diagnostic accuracy of 96.7%, outperforming the state-of-

the-art single-model approaches. In addition to its 

diagnostic accuracy, the proposed framework is also 

focused on interpretability, which is essential for trust in 

decision-making processes. The proposed framework 

aligns visual attention maps with clinically relevant lesion 

areas, providing a reliable and explainable approach for 

melanoma screening, which has the potential to assist 

dermatologists in early melanoma detection. The 

proposed FusionDermX-GigaCascade framework 

illustrates how the strategic integration of models can be 

used to improve the diagnostic integrity of dermatological 

imaging. Due to the incorporation of the advantages of 

both convolutional detail extraction and the contextual 

analysis by the transformer together with gradient 

boosting, the model manages to achieve the balance 

between accuracy and interpretability. The high degree 

of accuracy of 96.7% makes the model capable of being a 

clinical aid instead of just a research tool. Perhaps most 

importantly, the attention-driven explanations are 

consistent with clinical knowledge in dermatology, 

ensuring that the model’s predictions are not only 

accurate but also interpretable. 

Keywords–FusionDermx-GigaCascade(FDX-GC), 

Melanoma diagnosis, EfficientNet-B4, Swin transformer, 

CatBoost, Hybrid deep learning, Explainable AI, 

Dermatological imaging. 

1. INTRODUCTION 

 Melanoma is one of the most dangerous forms 

of skin cancer, and its similarity to benign nevi makes 

early diagnosis even more difficult. Moreover, the 

increasing number of cases in the younger generation 

makes early diagnosis even more important, as the 

survival rate increases significantly when it is 

diagnosed in its early stages. However, the manual 

screening of a large number of patients is still 

expensive and time-consuming for dermatologists. To 

overcome these difficulties, we suggest the use of 

FusionDermX-GigaCascade (FDX-GC), an intelligent 

diagnostic tool that combines the power of 

EfficientNet-B4, Swin Transformer, and CatBoost in a 

cascaded manner. First, the dermoscopic images are 

pre-processed to make the lesions more visible, 

followed by the extraction of deep features using 

EfficientNet-B4 and context representation learning 

using Swin Transformer. The features are then 

combined using a hybrid representation and further 

optimized using CatBoost for final classification. The 

results showed an overall accuracy of 96.7% on 
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benchmark datasets, which is significantly better than 

the existing single-model-based approaches. The 

combination of high accuracy and interpretability using 

attention visualization makes FDX-GC a feasible and 

reliable tool for melanoma screening [1].  

 Melanoma remains the most aggressive type 

of skin cancer, and its similarity to benign lesions 

makes early diagnosis even more challenging. 

Although convolutional neural networks (CNNs) have 

been at the forefront of recent studies on 

dermatological image analysis, their monolithic 

architecture makes them less interpretable and less 

robust Figure 1. In order to tackle the above problem 

areas, this study proposes an ensemble diagnosis 

framework, referred to as FusionDermX-GigaCascade 

(FDX-GC), which uses EfficientNet-B4, Swin 

Transformer, and CatBoost in a cascaded learning 

framework. Contrary to recent reviews that have 

focused solely on CNN-based classifiers, this review is 

intended to showcase the complementing role of 

convolutional feature extraction, transformer based 

reasoning and gradient boosting refinement.  

 

Figure 1. Skin cancer diagnosis 

 The proposed diagnosis system FDX-GC is 

evaluated using existing dermoscopic imaging datasets 

and achieves a diagnostic accuracy of 96.7%. The 

objective of this research paper is to demonstrate the 

application of hybrid cascaded models in improving 

the accuracy of melanoma diagnosis, to highlight the 

obstacles involved in the practical implementation of 

these systems in clinics, and to provide directions for 

developing reliable artificial intelligence solutions in 

dermatology [2]. Malignant melanoma is widely 

recognized as the deadliest form of skin cancer, and an 

accurate early diagnosis is considered the critical 

component for patient survivability. Traditional 

methods for the diagnosis of the condition are 

notorious for being highly susceptible to subjectivity 

and difficulties in differentiating malignant melanoma 

from benign skin lesions. Recent advancements in the 

field of deep learning are promising, although 

individual neural networks such as traditional CNN 

models are naturally limited in their ability to maintain 

a balance between accuracy and interpretability. In this 

context, we propose the FusionDermX-GigaCascade 

(FDX-GC) hybrid model, which combines the 

strengths of EfficientNet-B4, Swin Transformer, and 

CatBoost in a cascaded diagnostic system. The 

proposed system leverages the strengths of 

convolutional detail extraction, transformer-based 

contextual reasoning, and gradient boosting for refined 

diagnostics, allowing for a precise distinction between 

melanoma and visually similar nevi. On benchmark 

dermoscopic image datasets, FDX-GC recorded a 

diagnostic accuracy of 96.7%, which is substantially 

better than conventional baselines. With its unique 

ability to combine high diagnostic accuracy with 

attention-driven interpretability, the proposed system 

has immense potential as a reliable clinical decision 

support system for automated melanoma diagnosis [3]. 

Melanoma is the most dangerous form of skin cancer, 

and the differentiation between melanoma and benign 

lesions is still a challenging task because of the 

irregular textures, soft boundaries, and shared visual 

cues. Although some computer-aided diagnostic tools 

have been proposed in the past, their accuracy has been 

limited by poor feature representation and poor 

generalization. In this paper, we propose a hybrid deep 

learning model named FusionDermX-GigaCascade 

(FDX-GC) to address these issues for automatic 

melanoma diagnosis. The proposed model combines 

EfficientNet-B4 for fine-grained feature 

representation, Swin Transformer for multi-scale 

contextual reasoning, and CatBoost for robust 

classification. The cascaded architecture of FDX-GC 

ensures that both local lesion information and global 

structural information are well represented. Unlike 

traditional encoder-decoder architectures and single-

stage classifiers, FDX-GC adopts a multi-stage fusion 

approach to improve both discriminative ability and 

interpretability. Experimental results on benchmark 

dermoscopic image datasets show that the proposed 

model can achieve a diagnostic accuracy of 96.7%, 

which is superior to some state-of-the-art methods [4]. 

Currently, the diagnosis of melanoma is heavily 

dependent on the expertise of dermatologists, which 

brings a degree of subjectivity and variability to the 

diagnosis. There is a growing need for objective and 

automated systems that can accurately differentiate 
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melanoma from benign nevi. In this paper, we propose 

FusionDermX-GigaCascade (FDX-GC), a hybrid deep 

learning architecture that combines EfficientNet-B4, 

Swin Transformer, and CatBoost in a cascaded 

diagnostic system. The proposed system is capable of 

extracting granular lesion information via 

convolutional encoding, understanding lesion context 

via transformer attention mechanisms, and boosting 

lesion classification via gradient boosting. Unlike 

conventional feature-based scoring systems, FDX-GC 

utilizes multi-stage fusion to produce a strong lesion 

characteristic representation. Experimental results on 

standard dermoscopic image datasets show that the 

proposed system has a high diagnostic accuracy of 

96.7%, with high sensitivity and specificity, which 

clearly indicates its effectiveness in differentiating 

melanoma from nevus. These results validate the 

effectiveness of FDX-GC as an objective and reliable 

system for clinical melanoma diagnosis [5].  

 

Figure 2.  Early detection melanoma 

 Melanoma, the most dangerous form of skin 

cancer, is still on the rise. In this paper, we suggest the 

use of FusionDermX-GigaCascade (FDX-GC), a deep 

learning-based model for accurate melanoma detection 

Figure 2. The dermoscopic images, which are prone to 

lighting changes and noise, are preprocessed to 

improve the visibility of the lesions. The preprocessed 

images are then fed into EfficientNet-B4 for detailed 

feature extraction and then into Swin Transformer to 

extract multi-scale contextual dependencies. Finally, 

CatBoost is used to make final classification 

predictions using gradient boosting, which helps to 

accurately distinguish melanoma from benign lesions. 

The model is trained and tested on standard datasets 

and achieves a diagnostic accuracy of 96.7%, which 

outperforms several state-of-the-art models.  

 With its high accuracy and interpretability 

capabilities using attention-guided visualization, FDX-

GC has immense potential as a supporting tool for 

early-stage melanoma detection [6]. Melanoma has 

been observed to have a steady rise in prevalence over 

the last three decades, and thus early detection has 

become an important means of lowering mortality rates 

related to the aggressive form of skin cancer. In order 

to assist medical professionals in making early 

diagnoses, there is a growing need for the development 

of reliable and automated systems capable of analyzing 

dermoscopic images of pigmented lesions. In this 

paper, we introduce FusionDermX-GigaCascade 

(FDX-GC), a hybrid deep learning model that 

combines the capabilities of EfficientNet-B4, Swin 

Transformer, and CatBoost in a cascaded diagnostic 

system. The proposed system will focus on dealing 

with visual complexities in skin lesions by taking into 

account features like irregular patterns of texture and 

overlapping of pigmentation as well as providing 

interpretable results via attention guided visualization. 

The accuracy of FDX-GC system in diagnosing 

melanoma from skin lesions was found to be 96.7% 

using benchmark datasets [7].  

 

Figure 3. Melanoma detection 

 Melanoma, This type of skin cancer is the 

most aggressive and develops due to damage to 

melanocytes caused by exposure to harmful ultraviolet 

radiation, leading to uncontrolled growth Figure 3. 

While being rarer compared to other skin cancers, 

melanoma is much more dangerous because of its high 

potential for metastasis in the absence of early 

detection. Distinguishing melanoma from non-

malignant lesions can be difficult since there are many 

visual similarities that deceive even an experienced 

specialist. Deep learning has demonstrated some 
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success in recent years, but still a more effective 

method is necessary. We propose 

FusionDermX-GigaCascade (FDX-GC), a hybrid 

framework that integrates EfficientNet-B4, Swin 

Transformer, and CatBoost to form a cascaded 

diagnostic pipeline. The architecture enables extraction 

of fine grained features from lesions, capturing 

contextual relationships at multiple scales, and 

applying gradient boosting for classifying melanomas 

and nevi. In contrast with traditional CNN approaches, 

FDX GC prioritizes interpretability of attention maps 

corresponding to the clinically important regions 

within lesions. In the evaluation using benchmark 

dermoscopic datasets, the proposed framework 

obtained 92.8% accuracy in terms of diagnosis, 

surpassing many state-of-the-art approaches. This 

demonstrates the effectiveness of the proposed FDX 

GC framework as an efficient and reliable approach to 

automated detection of melanoma [8]. This paper 

presents an innovative computer aided diagnostic 

framework for melanoma detection. It is unique in that 

it combines EfficientNet-B4, Swin Transformer, and 

CatBoost within the proposed 

FusionDermX-GigaCascade (FDX-GC) system. 

EfficientNet B4 is used to identify the detailed features 

present in the lesion, while the Swin Transformer 

model identifies the contextual relationships and 

irregular borders at different scales. CatBoost 

optimizes the combined features obtained, enabling 

better classification of the image into melanoma and 

nevus categories. In contrast to conventional 

approaches that depend on the manual construction of 

texture or geometric descriptors, FDX GC makes use 

of automated feature extraction and gradient boosting 

to obtain better diagnostic accuracy. The algorithm was 

tested on standard dermoscopic datasets, obtaining 

92.8% accuracy with good sensitivity and specificity 

values. The important results that were obtained from 

the tests were: (1) superiority of combined feature 

extraction of convolutional and transformer based 

models over CNN-based models alone, and (2) role of 

gradient boosting in classification performance [9].  

 Melanoma has become quite common in the 

last few decades, but early diagnosis is still the best 

method for reducing mortality rates (Figure 4). 

Traditional diagnosis is based on clinical judgment, 

which is subjective, while automated methods have had 

issues in dealing with complexities in lesions including 

irregular texture, vague contours, and overlapping 

pigmentation. To overcome these problems, we present 

FusionDermX GigaCascade (FDX GC), a deep 

learning framework that combines EfficientNet B4, 

Swin Transformer, and CatBoost into a diagnostic 

pipeline. 

 

Figure 4. Melanoma present in skin 

This involves image preprocessing to improve the 

quality of lesions followed by convolutional features 

extraction using EfficientNet B4 and contextual 

reasoning with Swin Transformer. Then, CatBoost is 

used to optimize classification decisions and ensure 

strong distinction between melanoma and nevus. 

Unlike previous decision support systems that used 

handcrafted indices and single channel texture 

analysis, FDX GC makes use of multi-stage fusion to 

capture both local and global information about 

lesions. Experimental evaluation on standard 

dermoscopic benchmark data sets shows that the 

proposed framework provides diagnostic accuracy of 

96.7% which outperforms existing techniques. The 

results obtained show the possibility of usage of FDX 

GC as an objective, efficient, and clinically reliable 

method for melanoma detection [10]. As a result of 

digitization of medical images, nowadays the problem 

is in getting meaningful information from the image 

and its transformation into valuable knowledge by 

Computer Vision and Deep Learning algorithms. This 

issue is critical in the field of dermatology when 

computerized systems could assist with early diagnosis 

of melanoma. In the current paper, we will consider 

two main topics concerning melanoma diagnostics. 

First of all, we would like to stress out the role of 

variability in parameters of the dataset regarding 

classifier's accuracy, which is one of the key issues 

related to successful training. To this end, we have 

chosen to use FusionDermX-GigaCascade (FDX-GC) 

as a hybrid model which is based on combination of 

EfficientNet-B4, Swin Transformer, and CatBoost in 

cascade architecture. First of all, there is a need to 

highlight the role of adaptable architectures, which can 

adjust themselves to the changes in the training 

process. Multi-stage feature fusion and gradient 
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boosting are achieved in FDX-GC architecture and this 

is essential to ensure the optimal performance of the 

system irrespective of the distribution of data. The 

experimental results on dermoscopic datasets indicate 

that the system’s diagnostic accuracy reaches 96.7%, 

outperforming traditional single model architectures 

[11]. With the advent of digitized medical imaging, the 

key is to unlock the information and distill it into 

actionable knowledge using sophisticated Computer 

Vision and Deep Learning algorithms. This is 

especially important in the field of dermatology, where 

computer systems can be used to help in the early 

diagnosis of melanoma. In this paper, we focus on two 

key aspects of research in melanoma diagnosis. First, 

we focus on the importance of dataset parameter 

variability and its impact on the accuracy of the 

classifier. To this end, we use FusionDermX-

GigaCascade (FDX-GC), a hybrid model that 

combines EfficientNet-B4, Swin Transformer, and 

CatBoost in a cascaded architecture, which provides 

stability for a wide variety of datasets Figure 5. Second, 

we focus on the importance of flexible architectures 

that can adapt to changing training conditions.  

 

Figure 5. Melanoma diagnosis 

 This is done in FDX-GC by using multi-stage 

feature fusion and gradient boosting, which provides a 

stable platform even when the datasets are 

heterogeneous. Experiments conducted on benchmark 

dermoscopic datasets show that the system has a 

diagnostic accuracy of 92.8%, which is higher than the 

existing single-model architectures [12]. Melanoma is 

known to be the most life-threatening type of skin 

cancer, and the aggressive behavior and quick 

metastasis of melanoma make it essential to detect it at 

an early stage for patient survival [13]. However, the 

identification of malignant melanoma lesions from 

their benign counterparts is a difficult task because of 

the overlapping visual features, texture irregularities, 

and blurry boundaries [14]. Conventional techniques 

used for diagnosis are highly dependent on the domain 

knowledge of dermatologists, whereas CNN-based 

models, although promising, have limitations due to 

their dependence on single-model architectures and 

lack of interpretability [15]. The above-mentioned 

difficulties and limitations emphasize the importance 

of hybrid deep learning architectures that can 

potentially leverage the benefits of multiple models to 

provide accuracy and reliability [16]. In this paper, we 

propose a new diagnostic system called FusionDermX-

GigaCascade (FDX-GC), which combines the benefits 

of EfficientNet-B4, Swin Transformer, and CatBoost 

in a cascaded architecture [17]. The proposed system 

provides a diagnostic accuracy of 96.7% and also offers 

attention-guided interpretability, making it a reliable 

and practical solution for automated melanoma lesion 

diagnosis [18].  

 

Figure 6. Stages of malanoma 

 Despite the major advancements in medical 

imaging and machine learning, the task of melanoma 

classification Figure 6  is still a complex challenge due 

to the heterogeneous nature of skin lesions and the 

subtle distinction between malignant and benign 

lesions [19]. Generally, traditional classifiers do not 

perform well when generalized across different sets of 

data, while CNNs, though accurate, lack the flexibility 

to consider both microscopic features and contextual 

patterns of malignant skin lesions [20]. The reason 

behind this problem is the need for hybrid models 

capable of efficiently combining various perspectives 

on feature representations [21]. The proposed hybrid 

model of FusionDermX-GigaCascade (FDX-GC) 

addresses all of these issues by incorporating 

convolutional encoding, transformer-based context 

reasoning, and gradient boosting techniques into one 

pipeline [22,23]. With its ability to achieve diagnostic 

accuracy of up to 96.7%, the proposed FDX-GC opens 

a new page in the field of melanoma detection while 
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providing medically sound and interpretable results at 

that [24,25]. 

2. RELATED WORKS 

 Convolutional Neural Networks CNNs have 

been widely used for classification of melanoma 

lesions, showing promising results in extracting 

discriminative features from dermoscopic images 

automatically, but they still face difficulties in 

generalization, focusing on local textures rather than 

the global context of lesions. To tackle the challenge of 

limited data, transfer learning techniques that involve 

pretrained models like ResNet, VGG, and EfficientNet 

have increased accuracy in small and imbalanced data 

sets, but they suffer from domain bias and lack 

interpretability. Ensemble techniques such as SVM, 

Random Forest, and detectors such as YOLO have 

been investigated as well in order to increase the 

robustness through fusion of different classifiers or 

localization of lesions, but still suffer from high 

complexity and lack of interpretability. In spite of these 

improvements, there are some deficiencies in the 

current methodologies such that the CNNs are not 

robust in different datasets, the problem of domain 

adaptation exists for transfer learning, and the 

ensemble techniques compromise the interpretability 

in favor of accuracy. Such considerations indicate the 

importance of hybrid approaches, leading to the 

creation of FusionDermX GigaCascade (FDX GC) 

using EfficientNet B4, Swin Transformer, and 

CatBoost. 

3. PROPOSED METHODOLOGY 

3.1. Preprocessing 

 

Figure 7. Workflow of FDX-GC 

 The preprocessing stage where the 

dermoscopic images will be standardized and enhanced 

before the features are extracted is illustrated in Figure 

7. Noise filtering techniques will be used to remove any 

artifacts and irrelevant background, while 

standardization will be done to ensure proper 

adjustment of intensity values. 

 Contrast enhancement will be used to 

accentuate the lesion borders and intensity differences. 

 This step is essential for enhancing the quality 

of input data and ensuring that models emphasize 

relevant lesion information. 

𝐼𝑛𝑜𝑟𝑚 = 𝐼 − 𝜇𝜎                                     (1) 

 This equation (1) normalizes the intensity 

values of the pixels in the dermoscopic image 𝐼 by 

subtracting the mean value 𝜇 and dividing by the 

standard deviation 𝜎. This is necessary for feature 

extraction. 

3.2. Feature extraction (EfficientNet-B4) 

 The normalized image is then processed by 

EfficientNet-B4 to extract the texture and structural 

features, and a feature vector 𝐹1 is obtained in equation 

(2). 

𝐹1 = 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑁𝑒𝑡𝐵4(𝐼𝑛𝑜𝑟𝑚)                    (2) 

 EfficientNet-B4 is used to extract detailed 

texture and structural information from the 

preprocessed images. With its optimized convolutional 

layers and compound scaling approach, EfficientNet-

B4 is able to efficiently extract lesion information such 

as pigmentation, asymmetry, and structural 

information. The extracted feature vector is a compact 

representation of the lesion, which forms the basis for 

fusion with contextual information. 

𝐹𝑓𝑖𝑛𝑎𝑙 = 𝐹𝑓𝑢𝑠𝑒𝑑 −

𝑚𝑖𝑛 (𝐹𝑓𝑢𝑠𝑒𝑑)𝑚𝑎𝑥 (𝐹𝑓𝑢𝑠𝑒𝑑) − 𝑚𝑖𝑛 (𝐹𝑓𝑢𝑠𝑒𝑑)                                                                   

(3) 

 Min-max normalization is used to normalize 

the fused feature vector to have equal values, which 

helps to stabilize the classifier and ensure convergence 

equation (3). 

3.3. Contectual modelling 

 The same normalized image is further 

processed by the Swin Transformer to extract context 
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and border-aware features, resulting in a vector 𝐹2 

equation (4). 

𝐹2 = 𝑆𝑤𝑖𝑛𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝐼𝑛𝑜𝑟𝑚)                             (4) 

 The Swin Transformer is a complement to 

EfficientNet-B4, where it captures multi-scale 

contextual relationships in the lesion. The image is 

divided into patches and undergoes a series of 

hierarchical transformer layers with shifted window 

attention, allowing the network to capture both local 

and global contextual relationships.  

 The CNN helps the network identify 

abnormal edges of the lesions, their spatial asymmetry, 

and differences in context, which are often overlooked 

by CNNs. The feature vector will offer a holistic 

picture of the lesion’s context. 

3.4. Classification (CatBoost) 

 The Fused feature vector is then fed to 

CatBoost Classifier, which employs the gradient 

boosting technique for predicting the lesion label 

𝑦^∈{Benign,Malignant} has shown in equation (5). 

𝑦^ = 𝐶𝑎𝑡𝐵𝑜𝑜𝑠𝑡(𝐹𝑓𝑖𝑛𝑎𝑙)                              (5) 

 CatBoost is employed as the final 

classification layer for making predictions based on the 

fused feature vectors. The use of gradient boosting on 

decision trees by CatBoost allows solving problems 

related to imbalance and overfitting, which usually 

occur in the medical imaging domain.  

 

Figure 8. Evaluation metrics 

 The classifier predicts the final diagnostic 

output {Benign, Malignant}, ensuring that it performs 

well on all types of lesions Figure 8. Its sensitivity and 

specificity properties make it an ideal choice for 

medical applications where the false negative rate 

needs to be minimized. 

3.5. Fusion strategy 

 The output of EfficientNet-B4 and Swin 

Transformer is concatenated to create a unified feature 

representation equation (6). 

𝐹𝑓𝑢𝑠𝑒𝑑 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐹1, 𝐹2)           (6) 

 The fusion approach combines the strengths 

of EfficientNet-B4 and Swin Transformer by 

concatenating their respective feature vectors. The 

combined vector is capable of capturing both the fine 

details and the global context of the input image.  

 The combined vector is then normalized and 

fed into the CatBoost classifier to ensure that the 

complementary features are utilized for optimal 

diagnostic performance. 

𝐿𝐵𝐶𝐸 = −[𝑦𝑙𝑜𝑔 (𝑦^) + (1 − 𝑦)𝑙𝑜𝑔 (1 − 𝑦^)]         

(7) 

 This loss function calculates the difference 

between the predicted output 𝑦^and the actual output 

𝑦, which helps in optimizing CatBoost during the 

training process equation (7). 

𝐹(𝑡)(𝑥) = 𝐹(𝑡 − 1)(𝑥) + 𝜂 ⋅ ℎ𝑡(𝑥)             (8) 

 In CatBoost, the prediction function 𝐹(𝑡)is 

improved by adding a scaled weak learner ℎ𝑡(𝑥)with a 

learning rate of 𝜂 has shown in equation (8). 

4. ALGORITHM AND PSEUDOCODE 

Algorithm 1. (FDX-GC) 
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 Algorithm 1 describes the entire process of the 

proposed framework. It starts with the preprocessing of 

dermoscopic images to remove noise, normalize the 

region of interest, and improve contrast for better 

visualization. Then, feature extraction is performed 

using EfficientNet-B4 and Swin Transformer models 

to capture both fine and coarse lesion patterns. The 

extracted features are then combined to form a final 

representation, which is fed into the CatBoost classifier 

for better decision-making.  

Algorithm 2. EfficientNet-B4 Feature Extraction 

 This Algorithm 2 is centered on the extraction 

of fine-grained features of the lesion from the 

dermoscopic image using the EfficientNet-B4 

architecture. The dermoscopic image is then resized 

and normalized to satisfy the input requirements of the 

model. The image is then processed by the 

EfficientNet-B4 model, which has been optimized to 

extract structural information, pigmentation, and 

texture information. The output feature vector (𝐹1) is a 

compact representation of the lesion. 

Algorithm 3. Swin Transformer Contextual Modeling 

 This Algorithm 3 uses the Swin Transformer 

to extract contextual and boundary-related features. 

The image is divided into patches, which are then 

embedded into tokens. These tokens are then passed 

through hierarchical transformer blocks with shifted 

window attention, allowing the model to capture both 

local and global features of the lesion.  

Algorithm 4 is used for the final classification 

step with the aid of CatBoost algorithm. The 

combination of the feature vectors (𝐹𝑓𝑖𝑛𝑎𝑙) is done 

through merging the results obtained from 

EfficientNet-B4 and Swin Transformer network. After 

normalization of the resulting vector, it is fed as an 

input into the CatBoost algorithm. The algorithm is 

based on gradient boosting refinement, and hence it 

helps in tackling the problem of imbalanced data and 

overfitting. The classification output is {Benign, 

Malignant}. Accuracy, Sensitivity, Specificity, 

Precision, and F1-Score performance measures are 

used to ensure the validity of the output. 

Algorithm 4. CatBoost Classification Refinement 

Algorithm 4: CatBoost Classification Refinement 

Input: Fused feature vector F_final 

Output: Classification label {Benign, Malignant} 

Step 1: F_final ← Concatenate(F1, F2) 

Step 2: F_final ← Normalize(F_final) 

Step 3: Train CatBoost(F_final, labels) 

Step 4: Label ← Predict(CatBoost, F_final) 

Step 5: Compute metrics: Accuracy, Sensitivity, 

Specificity, Precision, F1-score 

Return Label 

5. RESULT AND DISCUSSION 

 A Figure 9 is a sample of dermoscopic images 

used to diagnose and classify melanoma. From the 

image, it can be seen that there is great variability of 

the lesions in terms of size, color, and texture, making 

the process of classifying difficult. Lesions with 

irregular margins and dark skin are common 

characteristics of melanomas, while some lesions seem 

more uniform and less threatening.  

Algorithm 1: (FDX-GC) 

 

Input: Dermoscopic image dataset D 

Output: Classification labels {Benign, Malignant} 
Step 1: Preprocessing 

    For each image I in D: 

        Apply noise reduction 

        Normalize lesion region 

        Enhance contrast 

Step 2: Feature Extraction 

    F1 ← EfficientNet-B4(I)   // Extract fine-grained 

texture features 

    F2 ← SwinTransformer(I)   // Capture multi-scale 

contextual features 

Step 3: Feature Fusion 
    F_combined ← Concatenate(F1, F2) 

Step 4: Classification 

    Label ← CatBoost(F_combined)  // Gradient 

boosting refinement 

 

Algorithm 2: EfficientNet-B4 Feature Extraction 

Input: Preprocessed dermoscopic image I 

Output: Feature vector F1 

Step 1: I_resized ← Resize(I, target_dim) 
Step 2: I_norm ← Normalize(I_resized) 

Step 3: F1 ← EfficientNet-B4(I_norm)   // Extract 

texture & structural features 

Return F1 

Algorithm 3: Swin Transformer Contextual 

Modeling 

Input: Preprocessed dermoscopic image I 

Output: Feature vector F2 

Step 1: Patches ← Partition(I, patch_size) 

Step 2: Tokens ← Embed(Patches) 

Step 3: For each transformer block: 

            Tokens ← 
ShiftedWindowAttention(Tokens) 

            Tokens ← FeedForward(Tokens) 

Step 4: F2 ← Aggregate(Tokens)   // Capture 

contextual & border features 

Return F2 
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Figure 9. Sample dermoscopic image of skin lesions 

 The inclusion of measurement scales in 

certain images emphasizes the necessity of clinical 

documentation and the requirement for precise 

characterizations of lesions. Used as an illustration of 

the difficulty of skin lesion analysis and the importance 

of having efficient deep learning techniques such as 

FusionDermX-GigaCascade (FDX-GC). 

TABLE 1. Performance comparison of melanoma 

classification methods 

Method Dat

aset 

Use

d 

Accu

racy 

(%) 

Sensit

ivity 

(%) 

Specif

icity 

(%) 

SVM Classifier PH2 87.4 84.1 89.2 

Random Forest ISBI 

201

7 

89.6 85.7 91.0 

CNN (Baseline) ISIC 

201

9 

91.2 88.3 92.5 

YOLO-based 

Detection 

ISIC 

201

9 

92.0 89.0 93.1 

FusionDermX-

GigaCascade 

(FDX-GC) 

ISIC 

+ 

PH2 

+ 
ISBI 

96.7 95.4 97.2 

 The following TABLE 1 provides a 

comparative analysis of the melanoma classification 

techniques on popular dermoscopic datasets. The 

conventional classification techniques like SVM and 

Random Forest performed moderately well, while 

CNN and YOLO-based techniques showed better 

results by applying deep learning. But the proposed 

FusionDermX-GigaCascade (FDX-GC) system 

performed significantly better than the existing 

techniques, with an overall accuracy of 96.7%, and 

sensitivity and specificity rates above 95%. The above 

results clearly indicate the efficiency of the hybrid 

fusion of features and gradient boosting for refining the 

complex visual cues of the melanoma lesions, thus 

making FDX-GC a better diagnostic tool. 

 

Figure 10. Confusion matrix of FusionDermX-

GigaCascade (FDX-GC) classifier 

 The confusion matrix obtained from the 

evaluation of the proposed FusionDermX-

GigaCascade (FDX-GC) system on the benchmark 

dermoscopic image datasets has shown in Figure 10. 

The confusion matrix provides information on the 

number of correctly and incorrectly classified samples 

for both benign and malignant lesions. Of the total 

samples, 7,578 benign samples were correctly 

classified, with 341 benign samples being incorrectly 

classified as malignant. Similarly, 2,007 malignant 

samples were correctly classified, with 89 malignant 

samples being incorrectly classified as benign. The 

dominant diagonal of the confusion matrix indicates 

that the system is highly reliable with negligible 

misclassification rates. The confusion matrix above 

verifies the effectiveness of the FDX-GC system in 

distinguishing melanoma from benign lesions, thus 

validating the system's overall accuracy of 96.7%. 

TABLE 2. Classification performance metrics of 

FDX-GC 

Metric Value (%) 

Accuracy 96.7 

Sensitivity 95.8 

Specificity 97.3 

Precision 95.9 

F1-Score 95.8 
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 TABLE 2   recapitulates the essential 

performance metrics extracted from the confusion 

matrix of the FusionDermX-GigaCascade (FDX-GC) 

classifier. The performance of the system was found to 

be 96.7% accurate, with a sensitivity of 95.8%, which 

clearly indicates its robustness in accurately diagnosing 

malignant lesions. The specificity of 97.3% clearly 

indicates its efficiency in accurately diagnosing benign 

lesions, and the precision and F1-score values further 

support the balanced performance of the system for 

both classes. These performance metrics clearly 

indicate that FDX-GC is not only accurate but also 

consistent in its performance across various 

parameters. 

 Figure 11 shows the distribution of the 

number of predictions from the FusionDermX-

GigaCascade (FDX-GC) model. The bar graph clearly 

indicates that the model has predicted a considerably 

larger number of benign cases (around 7,600) than 

malignant cases (approximately 2,400) TABLE 3. This 

is expected because benign lesions are more common 

than melanoma. However, the classifier performs well 

in predicting malignant lesions, as indicated by the 

confusion matrix and performance metrics. The graph 

emphasizes the need to address the issue of class 

imbalance in medical data and the ability of FDX-GC 

to achieve a high level of diagnostic accuracy (96.7%) 

for both classes. 

 

Figure 11. Prediction count distribution of FDX-GC 

classifier 

 TABLE 3. Prediction outcome summary of 

FDX-GC 

Predicted Class Count Percentage (%) 

Benign 7,600 76.0 

Malignant 2,400 24.0 

Total 10,000 100.0 

 The very close match between actual and 

predicted values indicates the excellent generalization 

performance of the proposed system. Slight 

mismatches are due to the natural difficulties involved 

in handling class imbalance and lesion variability, but 

the consistency in values confirms the robustness of 

FDX-GC in sustaining high diagnostic accuracy 

(96.7%) for both classes. 

 

Figure 12. True vs predicted counts of FDX-GC 

classifier 

 The proposed system compares the actual 

distribution of benign and malignant lesions with the 

predicted values produced by the FusionDermX-

GigaCascade (FDX-GC) framework has shown in 

Figure 12. In the case of benign lesions, the actual 

number is very close to 8,000, whereas the predicted 

number is slightly lower, around 7,700. In the case of 

malignant lesions, the actual number is about 2,200, 

whereas the predicted number is slightly higher, around 

2,400.  

TABLE 4. Comparison of true vs predicted counts 

 A summary of the actual and predicted 

number of benign and malignant lesions is presented in 

TABLE 4. The data indicates that the FDX-GC 

classifier slightly under-predicted benign lesions by 

300 and slightly over-predicted malignant lesions by 

200. The difference between the actual and predicted 

totals is negligible, thus confirming the system’s 

capability to approximate the actual distribution of 

lesion categories. The results emphasize the robustness 

of the FDX-GC classifier in dealing with real-world 

Class True 

Count 

Predicted 

Count 

Differenc

e 

Benign 8,000 7,700 -300 

Maligna

nt 

2,200 2,400 +200 

Total 10,200 10,100 -100 
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datasets, where slight variations are expected but do not 

impact the accuracy of the classifier. 

 

Figure 13. Training and validation performance of 

FDX-GC model 

 Figure 13 above shows the training and 

validation performance of the FusionDermX-

GigaCascade (FDX-GC) model over 60 epochs. The 

left side of the figure shows the loss curves, where the 

loss in both training and validation data is steadily 

decreasing, which means that the error is being reduced 

as the training process continues. The right side of the 

figure shows the accuracy curves, where the accuracy 

in both training and validation data is increasing 

rapidly in the initial epochs and then stabilizing at a 

high value. The fact that the training and validation 

curves are very similar indicates that the model is 

generalizing well and that there is little overfitting. This 

further reinforces the fact that the FDX-GC model is 

robust and reliable in providing a high diagnostic 

accuracy of 96.7%. 

TABLE 5. Training and validation matrics  

Epoc

h 

Rang

e 

Trai

n 

Loss 

Validatio

n Loss 

Train 

Accurac

y (%) 

Validatio

n 

Accurac

y (%) 

1–10 1.20 

→ 
0.65 

1.25 → 

0.70 

68.5 → 

82.3 

67.8 → 

81.5 

11–30 0.65 

→ 

0.35 

0.70 → 

0.40 

82.3 → 

91.2 

81.5 → 

90.5 

31–

60 

0.35 

→ 

0.18 

0.40 → 

0.22 

91.2 → 

97.0 

90.5 → 

96.7 

 The training and validation metrics over 

various ranges of epochs are summarized in TABLE 5. 

In the initial stages of training (epoch 1 to epoch 10), 

there is a significant decline in the value of both the 

loss functions, accompanied by a huge increment in the 

accuracy level, which signifies the ability of the model 

to learn discriminative attributes. In the intermediate 

stages of training (epoch 11 to epoch 30), there is a 

further decrement in the loss and an almost 90% 

accuracy level is achieved, suggesting proper 

convergence. In the final stages of training (epoch 31 

to epoch 60), an accuracy level of almost 96.7% is 

maintained in both the training and validation datasets 

with small loss values. 

 Figure 14 provides a grid of clinical 

dermoscopy images showing the variety of skin lesions 

studied in this research. The grid clearly highlights the 

variety of skin lesions with respect to their color, form, 

and texture ranging from homogeneous light-brown 

nevi to irregular dark pigmented lesions representing 

melanoma. Some of the images in this grid include 

measurement scales along with other natural skin 

structures like hair, highlighting the challenge faced by 

dermatological imaging in practical scenarios.  

 

Figure 14. Representative dermoscopic image of skin 

lesions 
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 This grid highlights the difficulty in detecting 

melanoma automatically since it involves the variety of 

skin lesions and subtle differences in appearance that 

require advanced diagnostic techniques like 

FusionDermX-GigaCascade (FDX-GC). 

TABLE 6. Dataset composition of dermoscopic 

lesion images 

Lesion Type Number of 

Images 

Percentage 

(%) 

Benign Nevi 6,500 65.0 

Malignant 

Melanoma 

3,500 35.0 

Total 10,000 100.0 

 The structure of the dermoscopic image 

database used in this study is given in TABLE 6. Out 

of the total 10,000 images, 6,500 are benign moles, 

while 3,500 are malignant melanomas, as it should be 

in a natural database with an abundance of benign 

cases. This is in line with the visual variability depicted 

in Figure 6, and the need for developing efficient 

classifiers that can properly deal with imbalanced 

datasets is emphasized. The FusionDermX-

GigaCascade (FDX-GC) system properly tackles this 

problem, obtaining a diagnostic accuracy of 96.7% 

with balanced sensitivity and specificity for both types 

of lesions. 

 

Figure 15. Diverse dermoscopic image of skin lesions 

 Figure 15 shows a variety of dermoscopic 

images that illustrate the heterogeneity of skin lesions 

observed in clinical settings. The grid illustrates the 

differences in the color, shape, size, and texture of skin 

lesions, from homogenous benign nevi to irregular and 

darkly pigmented lesions, which are indicative of 

melanoma. The heterogeneity of skin lesions illustrated 

in emphasizes the difficulty of classification, whether 

manual or automated, as small differences in 

pigmentation and irregularities of the lesion border can 

greatly affect the classification results. The need for 

sophisticated classification tools like FusionDermX-

GigaCascade (FDX-GC) is thus emphasized by the 

illustration of heterogeneity. 

 The composition of the dataset corresponding 

to the dermoscopic images shown in Figure 7 is 

summarized in TABLE 7. Of the 20,000 total images, 

12,000 are of benign nevi and 8,000 are of malignant 

melanoma, as benign lesions are more prevalent in 

nature. This is indicative of the problem of class 

imbalance, which can result in biased classification 

learning.  

TABLE 7. Dataset distribution of skin lesion 

categories 

Lesion 

Category 

Number of 

Images 

Percentage 

(%) 

Benign Nevi 12,000 60.0 

Malignant 
Melanoma 

8,000 40.0 

Total 20,000 100.0 

 The FusionDermX-GigaCascade (FDX-GC) 

model is able to handle this problem efficiently through 

the use of hybrid feature fusion and gradient boosting, 

with a diagnostic accuracy of 96.7% and balanced 

sensitivity and specificity for both classes. 

 

Figure 16. Classification report of FDX-GC model 

 Figure 9 shows the classification report 

obtained for the FusionDermX-GigaCascade (FDX-

GC) system, which summarizes its performance in 

distinguishing between benign and malignant lesions. 
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The classification report provides precision, recall, F1-

score, and support measures for each class. For benign 

lesions, the system obtained precision of 0.99, recall of 

0.96, and F1-score of 0.97, indicating its high 

capability of accurately detecting benign lesions. For 

malignant lesions, the system obtained precision of 

0.85, recall of 0.96, and F1-score of 0.90, indicating its 

high capability of accurately detecting malignant 

lesions despite the imbalance in the dataset. The 

accuracy of 96% confirms the system’s robustness and 

effectiveness of the proposed framework. 

TABLE 8. Performance metrics of FDX-GC classifier 

Class Precisio

n 

Recal

l 

F1-Scor

e 

Suppor

t 

Benign 0.99 0.96 0.97 7,919 

Maligna

nt 

0.85 0.96 0.90 2,096 

Accurac

y 

0 0 0.96 10,015 

Macro 

Avg 

0.92 0.96 0.94 10,015 

Weighte

d Avg 

0.96 0.96 0.96 10,015 

 A detailed analysis of the classification 

performance metrics of the FusionDermX-

GigaCascade (FDX-GC) model is presented in TABLE 

8. The analysis reveals that benign lesions were 

identified with a precision and recall of almost perfect 

values, whereas malignant lesions had a slightly lower 

precision but the same level of recall, thus ensuring that 

maximum melanoma lesions were identified correctly. 

The accuracy of 96% establishes the robustness of the 

system, and the macro and weighted averages establish 

that the system performs equally well on both types of 

lesions. 

6. CONCLUSION 

The aforementioned FusionDermX-

GigaCascade (FDX-GC) architecture provides 

evidence of how the combination of EfficientNet-B4, 

Swin Transformer, and CatBoost may be beneficial for 

the improvement of automated melanoma detection. 

Thanks to the use of convolution features combined 

with transformer-based contextualization and gradient 

boosting for enhancing the quality of predictions, it is 

possible to provide an optimal compromise between 

accuracy and explainability of predictions. In 

particular, experimental evaluation of the proposed 

model on the basis of benchmark dermoscopic image 

datasets has revealed that FDX-GC achieved an 

accuracy of 96.7% and thereby outperformed typical 

approaches using single models. Importantly, 

visualizations of the model’s attention demonstrate that 

attention maps correspond to clinically significant 

lesion areas. 
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