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Abstract: Melanoma skin disease is a major concern for skin cancer-related deaths worldwide. Early diagnosis and 

detection are crucial for improving patient outcomes. However, existing detection methods often result in false alarms, 

highlighting the need for more accurate and reliable approaches. This paper proposes a Dual-Stream Semi-Supervised 

Melanoma Network (DS-MelNet) for melanoma detection. The DS-MelNet utilizes a semi-supervised learning 

framework to incorporate both labeled and unlabeled data, enhancing detection accuracy. The model's performance is 

evaluated on the SIIM-ISIC Melanoma Classification Challenge dataset. The dataset undergoes hair detection and 

removal from skin lesion images using three algorithms proposed in literature viz. Modified Dull Razor, Modified E-

shaver and Adaptive principle curvature with Modified dull razor fusion. Performance of the proposed models is 
assessed through commonly used metrics that include Accuracy, Recall, Precision, and F1-score. Comparative analysis 

of the DS-MelNet is performed against two benchmarks: Simple Convolutional Neural Network (SCNN) and a Fine-

tuned VGG-16 model proposed in this paper. The results clearly indicate that the DS-MelNet demonstrates superior 

performance, achieving an accuracy of 86% and outperforming both SCNN (76%) and VGG-16 (82%) models. This 

exceptional performance underscores the potential of the DS-MelNet for effective melanoma classification. The study 

highlights the promise of semi-supervised learning frameworks and sophisticated neural networks in enhancing 

melanoma diagnostics. The ability of the proposed model to learn from a small set of labeled data makes it highly 

suitable for real-world applications where annotated datasets are limited. 

 

Index Terms: Convolutional Neural Network, Dermatological Diagnostics, Melanoma Detection, Semi-Supervised 

Learning, VGG-16 Architecture 
 

 

1. Introduction 

Melanoma skin cancer is a growing concern worldwide, with increasing statistics that indicate a steady increase in 

incidence rates. In India, melanoma accounts for approximately 1–2% of the total incidence of skin cancer, with a 

higher prevalence among fair-skinned populations. Globally, the incidence of melanoma has increased by 53% over the 

past decade, with the highest rates reported in Australia, New Zealand, and North America. The above numbers 

highlights the need for early detection and effective treatment of melanoma skin cancer [1]. Traditionally, people have 

relied on visual examination and self-reporting to detect skin cancer. However, this approach has significant limitations, 
as melanoma can be asymptomatic and visually inconspicuous in its early stages. Furthermore, delayed detection can 

lead to poorer treatment outcomes [2] and reduced survival rates. In addition, visual examination can be subjective and 

clinicians may disagree on the diagnosis. Self-reporting is also unreliable, as patients may not notice changes in their 

skin or may not report them in the early stages. As a result, there is a need for more objective and reliable methods to 
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detect skin cancer from melanoma. Researchers have made significant contributions for the detection of skin cancer, 

employing cutting-edge techniques such as dermoscopy [3], reflectance confocal microscopy, and optical coherence 

tomography. These methods enable clinicians to visualize the microscopic structure of the skin, facilitating the 

identification of suspicious lesions. Dermoscopy, in particular, has become a valuable tool for the diagnosis of 

melanoma, allowing clinicians to examine the surface and subsurface structures of the skin in detail. Reflectance 

confocal microscopy, on the other hand, provides high-resolution images of the skin's cellular structure, enabling 

clinicians to detect subtle changes that may indicate melanoma.The development of non-invasive diagnostic techniques, 

such as advanced image analysis and computational methods [4], presents promising opportunities for early detection of 

melanoma, enabling timely interventions and improved patient outcomes. The importance of non-invasive and early 

detection of skin cancer from melanoma cannot be overstated. Early intervention can significantly improve treatment 

outcomes, reduce morbidity, and improved patient survival rates. This paper aims to explore the potential of non-
invasive and early detection methods for melanoma skin cancer [5], with a focus on developing innovative, image-

based approaches for improved patient diagnosis. 

Deep learning approaches [6] surpass the traditional machine learning methodology so researchers have focused on 

building Convolution Neural Network (CNN) [7] models that have higher diagnostic accuracy and perform well in all 

the scenarios. The incorporation of artificial intelligence and machine learning techniques [8, 9] has driven major 

advancements in the creation of computer-aid based diagnosis system, which can now analyze medical images with 

remarkable accuracy and detect melanoma with higher precision. Supervised CNN [8] have been explored and utilized 

for melanoma detection but Semi-supervised CNN has never been explored to a greater extent in literature. This paper 

presents Simple CNN architecture and Dual stream CNN model as contribution to the non-invasive methods for 

melanoma detection which are based on the semi-supervised learning mechanism. One of the early applications [10] 

presented a semi-supervised model applied on ISIC 2016 dataset. This is the first attempt best to our knowledge in 
terms of application of Semi-supervised learning for Melanoma skin cancer classification on the ISIC-2020 dataset 

which has more number of labeled images compared to the earlier attempt for semi-supervised learning. 

Key contributions of the paper include: 

 

1. Proposed Dual-Stream Semi-Supervised Melanoma Network (DS-MelNet) with parallel dropout layers for 

reducing and mitigating overfitting issue. 

2. Proposed Simple Convolution Neural Network Architecture (SCNN) and Fine-tuned VGG-16 (FT-VGG) 

models for detection of melanoma using Sem-supervised approach. 

3. Standard metrics are used to compare the proposed architectures to select the optimal model. 

 

The following sections of paper describes related work done, proposed systems with their detailed explanation and 
result analysis in terms of the standard metrics. 

2. Related Work 

This section reviews previous research on melanoma skin cancer detection, focusing on non-invasive, image-based 

techniques developed using machine learning and deep learning approaches. 

2.1. Machine Learning Based Methods 

A novel computational approach for skin lesion analysis is proposed, leveraging anisotropic diffusion filtering, 

active contour modelling, and support vector machines to extract asymmetry, border, colour and texture features [11]. 

An automated method for detecting basal cell carcinoma tumours in skin histopathological images is proposed, utilizing 

Z-transform features. Experimental results show reasonable agreement with expert pathologists' diagnoses, 
demonstrating the method's potential for accurate tumour classification [12]. This study presents an automated approach 

for skin cancer classification, differentiating melanoma from non-melanoma by analysing colour and texture features. 

Lesion segmentation is performed using K-means clustering, and six different feature extraction techniques are utilized. 

The system's accuracy was evaluated using four classifiers, yielding promising results [13]. A CAD system has been 

proposed for classification of types of skin cancer by application of ML techniques from dermoscopic images. The 

system used active contour modelling to extract Region of Interest (ROI), combines texture and nonlinear features, and 

applies metaheuristic optimization algorithms for feature selection. The best results were achieved using a combination 

of selected features and a pattern recognition network classifier, yielding 92.24% accuracy and similar results for 

sensitivity and specificity [14]. 

2.2. Deep Learning based Methods 

A novel framework for dermoscopic image recognition is proposed [15], combining deep learning and local 

descriptor encoding. A pre-trained residual neural network extracts features, which are then aggregate d using Fisher 
vector encoding and classification done with support vector machine. Experiments conducted on the ISBI 2016 dataset 

highlight the effectiveness and improved performance of the proposed method compared to existing state-of-the-art 
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techniques. Computer-aided diagnosis can provide objective scores, reducing dermatologist's workload. The authors 

introduced a system based on categorical generative adversarial networks (GANs) aimed at enabling unsupervised and 

semi-supervised feature learning for dermoscopic image analysis. The authors' novel approach attained an average 

precision score of 0.424, on a limited dataset of 140 labelled images from the ISIC 2016 dataset. Furthermore, the 

proposed method generated high-quality dermoscopic images [10]. Early detection is crucial in the diagnosis of 

melanoma, a potentially fatal skin cancer that can spread rapidly if left untreated. 

A hybrid method for melanoma detection, combining CNN with two classical machine learning classifiers has 

been proposed. The CNN and classifiers are trained on features describing skin lesion borders, texture, and colour. 

Majority voting was used to combine the predictions, resulting in improved accuracy [16]. Agarwal, N. suggested 

feature learning technique works well in a number of tests. They proposed Deep Convolution GAN (DC GAN) for 

performing automated feature learning and then perform classification using standard algorithms. The proposed strategy 
bypassed the existing techniques in terms of the feature preparation time and execution with respect to some earlier 

work. Recall, precision, and accuracy scores were 0.7689, 0.7525, and 0.7384 with only 200 tagged images [17].  

Gajera et al. [18] introduced an automated framework for melanoma classification, leveraging a pre-trained 

convolutional neural network (CNN) architecture. The authors approach combined multiple classifiers with eight 

prominent CNN models, including AlexNet, VGG-16, and DenseNet121, to analyse four datasets. The framework 

achieved remarkable results in terms of accuracy and F1-score which are 98.33% and 0.96 respectively, using DenseNet 

for the feature extraction and a Multilayer Perceptron for classification. Bassel et al. made a stacking classifier approach 

that achieved 90.9% precision to distinguish melanoma skin cancer from non-melanoma skin cancer [19]. A new 

methodology has been developed that integrates advanced analytical techniques to enhance the detection of skin cancer. 

It utilizes the Contourlet Transform and Local Binary Pattern Histogram to extract textural features, while deep learning 

employs advanced, state-of-the-art techniques. The model achieves 93% precision, with recall scores of 99.7% and 86% 
for benign and malignant cancers, respectively [20]. 

The workload of a dermatologist can be reduced by computer-aided diagnosis, which provides an objective score 

that is not related to clinical experience. Recent progress of deep learning algorithms in the space of general computer 

vision has motivated the successful utilization of supervised deep learning techniques in computer-assisted melanoma 

identification. Apart from supervised mechanism for detection semi-supervised methods can also contribute immensely 

in detection of unknown diseases once trained on the standard datasets, the next section presents the proposed semi-

supervised approach for melanoma skin cancer detection. 

3. Proposed Methodology 

The paper explores the application of semi-supervised learning in melanoma classification, an approach that has 
not been widely investigated in this domain. Semi-supervised learning steps are shown in Fig. 1. The process mainly 

entails training the model using a small amount of labelled data and assessing its performance on a larger pool of 

unlabelled set. Model training is performed after completion of stage 1 and results obtained are evaluated against the 

results of the supervised learning process. 

 

 

Fig. 1. Semi Supervised Steps. 

3.1. Pre-processing Methodology 

The ISIC 2020 dataset [21] is employed in this study, comprising 584 images diagnosed as melanoma & 32,542 as 
non-melanoma. Fig.2 presents few example images from the dataset. Since the dataset is imbalanced, data augmentation 

techniques are applied to achieve class balance. The augmentation methods are applied on the dataset using the 

ImageData Generator to increase the variations in the images to train the dataset on different variations and learn all 

possible patterns that can be obtained from the image. The augmentation performed includes rotation, width shift, 

horizontal and vertical flip and brightness variation, oversampling is applied to increase the count of melanoma class 

and balance the dataset. The class distribution of the dataset before balancing and after augmentation and balancing is 

shown in Fig. 3. 
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Fig. 2. Sample Dataset Images from ISIC-2020 Dataset. 

 

Fig. 3. ISIC-2020 class distribution before and after Augmentation. 

Hair artefacts are identified and eliminated using different techniques to support better classification of skin lesions. 

Modified E-shaver, Modified Dull Razor with YCbCr plane (MDR-YCbCr) and Adaptive Principle Curvature with 

Modified dull razor with RGB plane (APC-MDR-RGB) these three pre-processing methods have been proposed in our 

previous work [22] which have been applied to the dataset images. These three methods are discussed with the output 

sample images for each of the algorithm. 

1. Modified E-shaver algorithm [22]: 

The existing E-shaver method is improved by introducing filtering and dilation operations that perform enhanced 

cleaning with detection and removal of the hair regions. 

2. MDR-YCbCr algorithm [22]: 

The existing dull razor operation is performed on the RGB image which is converted to grayscale with standard 

filtering and thresholding method, this is improved by converting colour space to YCbCr that detects hair regions using 

double thresholding. 

3. APC-MDR-RGB algorithm [22]: 

The Adaptive principle curvature focuses on hair removal on gray scale images by applying hessian matrix, the 

proposed APC-MDR-RGB performs hair detection for each channel of RGB colour space and then fuses it to perform 

cleaning of hairs from the image. 

Sample output images after application of above methods for hair removal is shown in Fig. 4. All the three 

methods perform extremely well for hair removal task thus removing noise present in the skin lesion images. 
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Fig. 4. Sample images after application of hair removal algorithms. 

3.2. Dual Stream Semi-Supervised Melanoma Network (DS-MelNet) 

Three models have been proposed and explained with its architectural diagram and working with their key features. 

The dataset was split as 10% of the data was used for training, 70% comprised unlabeled data for evaluation (pseudo 

label prediction), and 20% was reserved for validation. Although traditional semi-supervised learning leverages 
unlabeled data during training, this work focuses on evaluating model robustness in a low-label learning scenario, 

which we refer to as semi-supervised due to the limited availability of labeled samples. The unlabeled data is used for 

predictions and generating pseudo labels which are further added to the labeled data and used for re-training. The data 

partitioning strategy allowed the model to effectively learn from the limited labeled data while validating its 

performance on a larger unseen subset. The same dataset was applied for all the three models discussed in this work. 

The proposed DS-MelNet architecture consists of convolution and max pooling layers attached in parallel to 

extract the low-level features mostly the edges, horizontal, vertical, diagonal lines, basic color information, simple 

textures, etc. The proposed architecture is a balanced model with similar block on both the streams, features extracted 

from both the streams are concatenated to improve the detection accuracy of the melanoma skin cancer. Semi-

supervised learning (SSL) is particularly suited for melanoma detection due to two key factors: (i) high variability in 

lesion appearance, which requires large and diverse datasets for robust generalization, and (ii) the high cost and 

expertise required for annotation by dermatologists. SSL leverages abundant unlabeled data to improve performance 
while reducing annotation burden, making it clinically and economically advantageous 

The architectural diagram of the DS-MelNet is presented in Fig. 5. 

 

 

Fig. 5. Proposed DS-MelNet Architecture. 



DS-MelNet: An Enhanced Dual Stream Semi-Supervised Mechanism for Melanoma Classification 

Volume 18 (2026), Issue 3 – Page 115 

The architecture takes as input a skin lesion images that have been cleaned of hair artifacts using the techniques 

described in earlier section. The pre-processed images are passed to all the proposed architecture for further feature 

extraction and classification task and the results are evaluated using the standard performance metrics. The architecture 

in Fig. 4 is combination of Convolution [23] and Max pooling layers, which consists of 2 sets of Conv and Max Pooling 

and single standalone Conv layer before flattening. The output from convolution blocks is flattened and passed to the 

fully connected layer with Dropout connected to it. The features extracted from both the streams is concatenated in the 

concatenation block to form the feature vector to be passed to the classification block that used SoftMax classifier. 

Stepwise mathematical representation of each layer is stated further. Equation (1), (3), (5) defines Convolutional 

Layer. Equation (2), (4), (6) refers the equation to evaluate Max Polling. Equation (7) defines Flatten Layer. Equation (8) 

& (10) defines Dense Layer used. Equation (9) defines dropout layer with 20%. Equation (11) defines concatenation 

layer and equation (12) defines SoftMax classifier. 

Step 1: Convolutional Layer 

Input: 32 × 32 × 1 (grayscale image) 

Filters: 32, Dimension: 3 × 3 

Output: 30 × 30 × 32 

 

  {     }           {   }
{ }

  {   }
{ }

  {   }
{   }

  {       }      {         }          (1) 

 

Step 2: Max Pooling Layer 

Filter size: 2 × 2 

Output: 15 × 15 × 32 

 

  {     }      {           }    {           }    (2) 

 

Step 3: 2nd Convolutional Layer 

Filters: 64, Dimension: 3 × 3 

Output: 13 × 13 × 64 

 
  {     }           {   }

{ }
  {   }

{ }
  {   }

{   }
  {       }      {         }          (3) 

 

Step 4: Max Pooling Layer 

Filter size: 2 × 2 

Output: 6 × 6 × 64 

 

  {     }      {           }   {           } (4) 

 

Step 5: 3rd Convolutional Layer 

Filters: 128, Dimension: 3 × 3 

Output: 4 × 4 × 128 

 

  {     }           {   }
{ }

  {   }
{ }

  {   }
{   }

  {       }      {         }          (5) 

 

Step 6: Max Pooling Layer 
Filter size: 2 × 2 

Output: 2 × 2 × 128 

 

  {     }      {           }   {           }  (6) 

 

Step 7: Flatten Layer 

Input: 2 × 2 × 128 

Output: 512-dimensional vector 

 

      {   } (7) 

 

Step 8: Dense Layer (1st) 

 

                     (8) 

 

Step 9: Dropout Layer 
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Dropout rate: 20% 

 

                                     (9) 

 

Step 10: Dense Layer (2nd) 

 

                       (10) 

 

Step 11: Concatenation Layer 

 

                 (  
   

     
   

)  (11) 

 

Step 12: Final Classification Layer 

 

                                (12) 

 

where SoftMax (zi ) = e
zi
 / ∑j e

zi
 

where  

 Fi,j,k  states Output Feature Map for application of convolution layer. 

 Pi,j,k represents pooling layer's output. 

 hi represents hidden layer's (dense layer) output. 

 hconcat represents the feature vector obtained after concatenation of features from both streams. 

 h1' represents the output after application of dropout 

 ŷ  represents the final output probability or predicted class. 

 

The architecture consists of parallel dropout layers added to apply regularization and minimize the effect of over 

fitting. The dual stream model is an equally balanced architecture as it contains the same number of layers on both sides 

of the architecture with almost a similar set of parameters. Steps 1 to 10 of the above explanation will be the same for 

both streams and will generate a feature map as the output. The layers in the dual-stream architecture are chosen after 

evaluating various combinations of layers, each with different parameter settings, to determine the optimal 

configuration. The model underwent training for 30 iterations using a learning rate of 0.0001 and a binary cross-entropy 
loss function. During the training process, accuracy served as the primary evaluation metric. SoftMax classifier was 

used in the classification layer to perform the binary classification of images. Architecture is optimized using the Adam 

algorithm, which is the most used and efficient optimizer to converse the outputs faster and efficiently. The steps for the 

operation of the Adam optimizer are as follows. 

1. Initialize the model parameters (weights and biases) at random. 

2. Set the first-moment vector (m) and the second-moment vector (v) to 0 during initialization. 

3. Initialize hyperparameters. 

θ ← random initialization 

      

      
                  

                            

                             

                             
4. Compute the gradients of the loss function with respect to the model parameters. The loss gradient can be 

calculated using equation 13. 

 

               (13) 

 

5. Compute the first moment (m) at time step t using equation 14. 

 
                           (14) 

 

6. Compute the second order moment (v) at time step t using equation 15. 

 

                           (15) 

 

7. Compute bias-corrected first order moment  ̂  and second moment  ̂  using equation 16 & 17 respectively 
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  ̂    
  

(      
 )

  (16) 

 

  ̂    
  

       
   

 (17) 

 

8. Update the model parameters using the Adam update rule which is evaluated using equation 18. 

 

                  ̂               (18) 

 

Stream 1 and Stream 2 comprises of multiple convolutional layers designed to capture low to mid-level features 
such as edges, textures, patterns, and shapes—attributes that are prominently visible in skin lesion images. The 

configuration of layers and the selection of inputs for each layer were finalized after extensive experimentation and 

multiple iterations. Based on this optimized setup, appropriate dropout and classification layers were subsequently 

integrated. The resulting architecture comprises approximately 9 million parameters, which is significantly lower 

compared to the parameter count of pre-trained and fine-tuned architectures such as VGG-16. 

The key features of the proposed architecture that contribute to improved performance are as follows:  

 

 Semantically aligned features due to similar set of layers on both the streams enabling better abstraction level. 

 Avoids biasing of one stream over other and contributes to balanced feature concatenation. 

 Consistent gradient flow and learning thus reducing the issue of vanishing gradient and overfitting. 

 
The algorithm steps for semi-supervised implementation are provided in Algorithm 1. 

During each training iteration, the model is optimized using both labeled and unlabeled samples. The labeled batch 

contributes to the supervised loss, while the unlabeled batch provides an auxiliary consistency-based loss using pseudo-

labels. The total loss is computed as a weighted sum of supervised and unsupervised losses, allowing the model to 

leverage unlabeled data while maintaining stable supervised learning. 

 

Algorithm 1. Semi-Supervised Training with Labelled and Unlabelled Batches 

Input: Labelled dataset                                      
Output: Trained model parameters   

Step 1: Initialize model parameters ( ). 

Step 2: Initialize the optimizer (Adam). 

Step 3: For epoch = 1 to ( E ) do 
      Step 4: For each iteration do 

      Sample labelled batch ((x1, y1) ~ DL; 

      Sample unlabelled batch (Xu ~ DU) 

      Compute predictions:   ̂            
      Compute supervised loss:              ̂      

      Generate pseudo-labels for unlabelled data:   ̂           

      Compute unsupervised loss:               ̂            ̂     

      Compute total loss:                    

      Update model parameters (   ) using backpropagation. 

    End For 

3.3. Simple Convolution Neural Network Architecture (SCNN) 

This section introduces the SCNN model, which serves as a critical benchmark for evaluating the performance of 

CNN-based approaches in the detection of melanoma skin cancer. The model leverages the capabilities of 

Convolutional Neural Networks (CNNs) to effectively extract deep and meaningful features from the input image 

dataset. The overall SCNN architecture is depicted in Fig. 6. 

The architecture comprises two sets of convolutional layers followed by max-pooling layers at the initial stages, 

designed to capture essential features such as edges, lines, and textures. While the convolutional layers are responsible 

for extracting both high-level and abstract features from the input images, the max-pooling layers perform down-

sampling to reduce spatial dimensions, thereby retaining only the most significant information for further processing. 

Further the extracted features are flattened to 1D and passed to the Dense layer for further processing. These then go 

through dropout layer where few of the neurons are excluded and only the relevant and key features passed to the 

SoftMax for classification task. 
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Fig. 6. Simple Convolution Neural Network Architecture (SCNN). 

The complete layer-wise functioning of the SCNN model with the hyper parameters used in each of the layers is 

discussed as follows.  Equation 19, 21, 23 defines Convolutional Layer. Equation 20, 22, 24 refers the equation to 
evaluate Max Polling. Equation 25 defines Flatten Layer. Equation 26 & 28 defines Dense Layer used. Equation 27 

defines dropout layer with 20%. Equation 29 defines SoftMax classifier. 

Step 1: Convolutional Layer 

Input: 32 × 32 × 1 (grayscale image) 

Filters: 32, Dimension: 3 × 3 

Output: 30 × 30 × 32 

 

  {     }           {   }
{ }

  {   }
{ }

  {   }
{   }

  {       }      {         }          (19) 

 

Step 2: Max Pooling Layer 

Filter size: 2 × 2 

Output: 15 × 15 × 32 

 

  {     }      {           }   {           }  (20) 

 

Step 3: 2nd Convolutional Layer 

Filters: 64, Dimension: 3 × 3 

Output: 13 × 13 × 64 
 

  {     }           {   }
{ }

  {   }
{ }

  {   }
{   }

  {       }      {         }           (21) 

 

Step 4: Max Pooling Layer 

Filter size: 2 × 2 

Output: 6 × 6 × 64 

 

  {     }      {           }   {           } (22) 

 

Step 5: 3rd Convolutional Layer 

Filters: 128, Dimension: 3 × 3 

Output: 4 × 4 × 128 

 

  {     }           {   }
{ }

  {   }
{ }

  {   }
{   }

  {       }      {         }           (23) 

 

Step 6: Max Pooling Layer 

Filter size: 2 × 2 

Output: 2 × 2 × 128 

 

  {     }      {           }   {           } (24) 

 

Step 7: Flatten Layer 

Input: 2 × 2 × 128 

Output: 512-dimensional vector 
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      {   } (25) 

 

Step 8: Dense Layer (1st) 

 

                       (26) 

 

Step 9: Dropout Layer 

Dropout rate: 20% 

 

                                   (27) 

 

Step 10: Dense Layer (2nd) 

 

                      (28) 

 

Step 11: Concatenation Layer 

 

                                  (29) 

 

where SoftMax(zi ) = ezi / ∑j e
zi  

The primary objective of the SCNN architecture is to deliver a lightweight deep convolutional neural network 

capable of effectively performing binary classification between melanoma and non-melanoma images at an early 

diagnostic stage.  Overall, SCNN serves as a lightweight, simple, and effective baseline architecture upon which more 

complex CNN models can be developed for similar medical imaging applications. Layer-wise parameter comparison is 

done for the DS-MelNet and SCNN shown in the Table 1. 

Table 1. Comparison of SCNN and DS-MelNet Architecture. 

SCNN   DS-MelNet   

Layer Output Dimension Parameters Layer Output Dimension Parameters 

Input Layer (32, 32, 3) 0 Input Layer (None, 32, 32, 3) 0 

Conv2D (32 filters, 3×3) (30, 30, 32) 896 Conv2D (32 filters, 3×3) (30, 30, 32) 896 

MaxPooling2D (2×2) (15, 15, 32) 0 Conv2D (32 filters, 3×3) (30, 30, 32) 896 

Conv2D (64 filters, 3×3) (13, 13, 64) 18,496 MaxPooling2D (2×2) (15, 15, 32) 0 

MaxPooling2D (2×2) (6, 6, 64) 0 MaxPooling2D (2×2) (15, 15, 32) 0 

Conv2D (128 filters, 3×3) (4, 4, 128) 73,856 Flatten (7200) 0 

MaxPooling2D (2×2) (2, 2, 128) 0 Flatten (7200) 0 

Flatten (512) 0 Dense (64) 460,864 

Dense (128) 65,664 Dense (64) 460,864 

Dense (SoftMax, 2 classes) (2) 258 Dropout (20%) (64) 0 

   Dropout (20%) (64) 0 

   Dense (2) 130 

   Dense (2) 130 

   Concatenate (4) 0 

   Dense (SoftMax, 2 classes) (2) 10 

Total Parameters 159,170 (621.76 KB) Total Parameters 923,790 (3.52 MB) 

Trainable Parameters 159,170 (621.76 KB) Trainable Parameters 923,790 (3.52 MB) 

Non-trainable Parameters 0 (0.00 B) Non-trainable Parameters 0 (0.00 B) 

3.4. Finetuned VGG-16 (FT-VGG) model 

The FT-VGG architecture, illustrated in Fig. 7, has total 16 layers, with 13 convolutional and max pooling blocks 

and 3 Fully Connected layers. 

This research explores the application of the VGG-16 convolutional neural network in the context of enhancing the 

melanoma detection accuracy via semi-supervised learning frameworks. The information gained from VGG-16 is 

applied to enhance the detection of melanoma cancer, using a semi-supervised learning method. The VGG-16 was 

originally trained during the ImageNet challenge; the dimension can be adjusted for specific problems as needed during 

implementation. The architecture begins with two convolutional layers, each with 64 channels, a filter size of 3x3, and 

padding value that preserve the original size of input image. This is followed with Max-Pooling Layer with 2x2 window 
is applied to down sample the spatial dimensions while preserving crucial information. Then, the model passes the 

information through two more convolutional layers. Feature extraction block utilizes convolutional layers with 256 and 

512 channels, a channel size of 3x3, and the same padding. This block is followed by a max-pooling with pool size of 

2x2 and stride set to 2 for spatial down sampling. This organized approach helps extraction of distinct features. 
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Fig. 7. Fine Tuned VGG-16 Architecture. 

The mathematical representation for the fine-tuned VGG-16 architecture is discussed as follows. 

Step 1: Input 

Let the input image be denoted by equation 30: 

 

      {       } (30) 

 
Step 2: VGG-16 Feature Extractor 

After down sampling, the final output feature map is shown in equation 31: 

 

                        {       } (31) 

 

Step 3: Flatten Layer 

Flatten Layer is evaluated using equation 32. 
 

                     {    } (32) 

 

Step 4: Dense Layer 1 

Dense Layer 1&2 calculation are done using equation 33 & 34.  

 

                            {        }       {   } (33) 

 

Step 5: Dense Layer 2 

 

                             {       }       {   } (34) 

 

Step 6: Dropout Layer 

Dropout layer is calculated using equation 35. 

 

   
    

                           (35) 

 

Step 7: Output Layer (SoftMax) 

Classification is done using SoftMax classifier which is obtained using equation 36 & 37. 

 

                  
    

             {     }       { }  (36) 

 

                                            (37) 

 

• F represents the output after application of the pre-trained VGG-16. 

• f represents the output from the Flatten layer. 

• hᵢ represents the output from the dense layer. 

• h₂ᵈʳᵒᵖ represents the output after application of the Dropout layer. 

• ŷ represents the final output probability or the predicted class. 

 
The FT-VGG freezes the top 3 layers and extracts the unique features from the remaining layers. The fine-tuned 

models output layer is replaced by some additional layers as can be seen in the Fig. 7. The freezing of layers and 

updating the output layers is the key contribution to the fine-tuning of the pre-trained model. 

The layer wise comparison for Standard VGG-16 and Finetuned VGG-16 is given in Table 2. 



DS-MelNet: An Enhanced Dual Stream Semi-Supervised Mechanism for Melanoma Classification 

Volume 18 (2026), Issue 3 – Page 121 

Table 2. Comparison of Standard VGG-16 and Fine-tuned VGG-16 Architectures (Top 3 Layers Frozen). 

Layer Standard VGG-16 Output Standard Params Fine-tuned VGG-16 Output Fine-tuned Params 

Input Layer (32, 32, 3) 0 (32, 32, 3) 0 

Conv2D (64, 3×3) (32, 32, 64) 1,792 (32, 32, 64) 1,792 (Frozen) 

Conv2D (64, 3×3) (32, 32, 64) 36,928 (32, 32, 64) 36,928 (Frozen) 

MaxPooling2D (2×2) (16, 16, 64) 0 (16, 16, 64) 0 (Frozen) 

Conv2D (128, 3×3) (16, 16, 128) 73,856 (16, 16, 128) 73,856 

Conv2D (128, 3×3) (16, 16, 128) 147,584 (16, 16, 128) 147,584 

MaxPooling2D (2×2) (8, 8, 128) 0 (8, 8, 128) 0 

Conv2D (256, 3×3) (8, 8, 256) 295,168 (8, 8, 256) 295,168 

Conv2D (256, 3×3) (8, 8, 256) 590,080 (8, 8, 256) 590,080 

Conv2D (256, 3×3) (8, 8, 256) 590,080 (8, 8, 256) 590,080 

MaxPooling2D (2×2) (4, 4, 256) 0 (4, 4, 256) 0 

Conv2D (512, 3×3) (4, 4, 512) 1,180,160 (4, 4, 512) 1,180,160 

Conv2D (512, 3×3) (4, 4, 512) 2,359,808 (4, 4, 512) 2,359,808 

Conv2D (512, 3×3) (4, 4, 512) 2,359,808 (4, 4, 512) 2,359,808 

MaxPooling2D (2×2) (2, 2, 512) 0 (2, 2, 512) 0 

Flatten (2048) 0 (2048) 0 

Dense (4096) 8,396,800 (1072) 2,198,016 

Dropout (20%) – 0 – 0 

Dense (4096) 16,781,312 (4096) 4,398,592 

Dense (SoftMax, 2 classes) (2) 8,194 (2) 8,194 

Total Parameters — 29,418,370 — 14,898,370 

Trainable Parameters — 29,418,370 — 14,598,370 

Non-trainable Parameters — 0 — 300,000 (Frozen) 

Table 3. Comparison of Proposed Architecture. 

Architecture Depth Size Optimizer No of. Parameters 

Proposed DS-MelNet 9 3.52 MB Adam 923,790 

Proposed SCNN 9 621.76 KB Adam 159,170 

Finetuned VGG-16 19 56.14 MB Adam 14,898,370 

 

Comparison of the architectures discussed in this paper is shown in Table 3. The proposed dual-stream model has 

fewer layers than FT-VGG but operates in a parallel structure. The proposed model is small in size with fewer 

parameters that generalize well and have higher results compared to the VGG-16 and SCNN model. 

4. Experimental Results 

The implementation was performed using Kaggle platform which provided 2 GPUs suitable for implementation of 

the proposed models. The DS-MelNet and SCNN architecture took less time for the training process compared to fine-

tuned VGG-16 due to lesser number of parameters and simple architecture and flow. 

Results are shown in terms of different performance parameters and obtained for images after applying three 
different pre-processing methods mentioned in the previous section. The Modified E-shaver, Modified Dull Razor and 

Adaptive Principal Curvature and Modified Dull Razor fusion methods are applied on the ISIC-2020[21] dataset for 

hair removal. These pre-processed images as passed through the proposed architectures for further evaluation.  

4.1. Cross Validation Results 

Five-fold cross validation was employed to evaluate model’s performance and ensure robustness of the proposed 

model. The Modified Dull Razor-YCbCr pre-processed output is considered for cross-validation results. The Accuracy 

results are obtained for the DS-MelNet and SCNN Baseline model and comparison is provided in the Table 4. The 

results clearly indicate DS-MelNet outperforming the baseline in all the folds with performance improvement ranging 

from 12 to 14.7 pp. The mean result difference is also quite high with a value of 13.10 pp for the baseline model.   

Table 4. Comparison of semi-supervised vs baseline accuracy per fold, with mean, standard deviation, 95% confidence intervals, and paired t-test 

result. Δ denotes percentage-point (pp) difference. 

Fold DS-MelNet Accuracy (%) SCNN-Baseline Accuracy (%) Δ (pp) 

1 87.2 75.2 +12.0 

2 85.8 73.5 +12.3 

3 88.1 74.3 +14.2 

4 84.2 72.5 +12.3 

5 87.5 72.8 +14.7 

Mean 86.56 73.67 +13.10 

Standard Deviation (pp) 1.57 1.02 1.14 

95% Confidence Interval [84.61, 88.51] [72.40, 74.94] [11.68, 14.52] 
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Paired t-test t(4) = 25.7, p < 0.001 (significant)   

 

These results demonstrate that the semi-supervised approach consistently improves classification accuracy over the 

baseline, with relatively low variance, suggesting robustness across different data splits. 

Statistical Analysis: 

Across-fold 95% confidence intervals (t-based, n=5, df=4, t^*=2.776) were computed as  
 

   ₉₅                    * (38) 

 

Semi-supervised accuracy: [84.61%, 88.51%]; Baseline accuracy: [72.40%, 74.94%];  

Improvement Δ: [11.68, 14.52] percentage points. A paired t-test on fold-wise differences yielded t(4)=25.7, 

p<0.001, indicating a highly significant improvement of the semi-supervised model over the baseline.  

These intervals reflect variability across folds; folds are not fully independent, so CIs should be interpreted as 

cross-validation variability rather than population-level uncertainty. 

4.2. Performance Metrics 

The proposed system is analysed using the standard performance metrics discussed below, which are obtained 

from the parameters of the confusion matrix. 

1. Accuracy [23]: 

The accuracy of processed images is obtained as per the equation 39. 

 

                           (39) 

 

where  

CT = Correct prediction (TP + TN) 

IT = Incorrect prediction (FP + FN) 

2. Recall (Re) [23]: 

Recall calculates the ratio of correctly recognized actual positive cases. Recall is obtained as per equation 40. 

 
                      (40) 

 

where  

CP = Correctly predicted positive cases (True Positives) 

MN = Missed positive cases (False Negatives) 

3. Precision (Pre) [23]: 

Precision denotes the ratio of correctly recognized positive cases among total predicted positive cases. The 

precision is obtained as per equation 41. 

 

                      (41) 

 

where  

CP = Correctly predicted positive cases (True Positives) 

MP = Misclassified positive cases (False Positives) 

4. F1-score [24]: 

F1-score represents the harmonic mean between recall and precision it provides a unique metric that has equal 

balance between the two measures of model’s performance. F1-score is calculated using the equation 42. 

 

 
    

              

          
 

(42) 

 

Pseudo label accuracy with confidence interval of 95% is shown in Table 5, the accuracy increases with increase in 

epochs and presents upward graph in terms of model performance. 

The consistency loss steadily decreases as training progresses, indicating improved agreement between model 

predictions on perturbed unlabelled samples. This trend confirms that the model learns stable and invariant 
representations, which is essential for effective semi-supervised learning. The same is shown in the Fig. 8. 
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Fig. 8. Consistency Loss Vs Epochs for Pseudo labels. 

Table 5. Pseudo-label accuracy across training epochs with 95% confidence interval (CI). 

Epoch Pseudo-Label Accuracy (%) $pm$ 95% CI 

5 68.4 ±1.9 

10 74.9 ±1.6 

20 82.6±1.3 

30 88.1±1.1 

 

To ensure reproducibility and align with standard semi-supervised learning practices, FixMatch [25] was 

implemented, which combines pseudo-labelling and consistency regularization. Pseudo-labels were generated from 

weakly augmented images when the model’s confidence exceeded 0.95, and consistency loss was computed as cross-

entropy between pseudo-labels and predictions on strongly augmented views. This approach follows established SSL 

benchmarks and provides a reproducible framework for evaluating pseudo-label accuracy and consistency loss trends. 

The detailed graph for consistency loss and pseudo label accuracy table is presented above. 

Ablation Study: 

The ablation study performed for the selection of the proposed DS-MelNet architecture and its selection of 

parameters is discussed in the Table 6. 

Although the dual-stream architecture incurs a moderate increase in computational complexity, the proposed DS-

MelNet remains significantly more lightweight than conventional deep models such as VGG-16. Specifically, DS-
MelNet achieves comparable accuracy with approximately 16× fewer parameters, 13× lower FLOPs, and 4× faster 

inference time, making it suitable for real-time and resource-constrained applications. 

Table 6. Ablation study evaluating single-stream and dual-stream architectures in terms of performance and computational efficiency. 

Model Variant Single Dual Depth Params FLOPs 

(G) 

Time 

(ms) 

Accuracy 

(%) 

SCNN (Single Stream Baseline) Yes No 9 122,050 0.42 3.1 76.23 

DS-MelNet (Dual Stream, No Fusion 

Ablation) 

No Yes 9 857,338 1.11 7.1 81.79 

DS-MelNet (Dual Stream + Feature Fusion) No Yes 9 923,790 1.12 7.3 86.57 

Fine-Tuned VGG-16  Yes No 19 14,715,714 15.3 28.9 82.78 

Ablation Study for Supervised 10% data: 

To evaluate the contribution of unlabelled data, the supervised baseline was trained on 10% labelled samples with 

the semi-supervised approach using the same labelled subset plus unlabelled data.  

As shown in Fig. 9, the supervised baseline achieved 74.89% accuracy, whereas the semi-supervised model 

reached 86.57%, yielding an improvement of +11.68 percentage points.  
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Fig. 9. Comparison of Supervised and Semi-Supervised on 10% labeled data. 

4.3. Proposed DS-MelNet Results 

The results for proposed DS-MelNet are shown in Fig. 10. The metrics wise comparison of the three methods is 

shown clearly to indicate the dominance of the best method of pre-processing and final classification. In terms of the 

accuracy metrics, the DS-MelNet achieved the highest accuracy of 86.57% on the Modified Dull Razor processed 

images. For the other two methods the DS-MelNet achieved quite good accuracy of 84% and 83% respectively. 

Similarly, for Precision, Recall and F1-score the DS-MelNet achieved highest results for the Modified Dull Razor 

YCbCr method, it achieved precision score of 92.23%, Recall of 84.22% and F1-score of 88.45%. The average 

accuracy achieved by the DS-MelNet model on the all the three methods is approximately 85% which is quite good for 

the proposed model with fewer parameters and lesser computational cost. Similarly, it achieved an average Precision 
value of 88%, Recall of 82% and F1-score of 86%. 

 

 

Fig. 10. DS-MelNet results for evaluation metrics on ISIC-2020 dataset 

PH2 Dataset [26] Results for DS-MelNet: 

The dataset consists of dermoscopic images which are obtained at the Dermatology Service of Hospital Pedro 

Hispano [26] under standard condition’s using a Mole Analyzer with an efficient 20x magnification. The images are 8-

bit RGB images having a standard resolution of 768x560 pixels. It consists of 200 images including melanoma and non-

melanoma, the dataset is imbalanced with only 40 melanoma images and remaining are non-melanoma.  

The rotation range was set to 30, width and height shift range value was set to 0.1 and similarly for shear and zoom 

the value was set to 0.2. The TensorFlow utility ImageDataGenerator was used to perform the augmentation, to balance 
the dataset 200 images per class were generated along with the original images. The sample images from PH2 dataset 

are shown in Fig. 11. 
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Fig. 11. Sample Images from PH2 Dataset. 

The PH2 dataset is split in similar proportion (10:70:20) as ISIC-2020 so that it can be used for semi-supervised 
learning. The results for performance metrics obtained on the PH2 dataset are shown in the Fig. 12. The proposed 

model achieves satisfactory results on the PH2 dataset with an accuracy of 81.27% on the Modified Dull Razor images 

for YCbCr plane. 

 

 

Fig. 12. DS-MelNet Results on the PH2 Dataset 

DS-MelNet Visual Explanation using Grad-CAM 

DS-MelNet being the major contribution of the paper here the Grad-CAM analysis is presented for the architecture. 

Grad-CAM visualization highlights the regions contributing most to the model’s decision. As shown in Fig. 13, the 

model focuses on the lesion area, indicating that predictions are based on clinically relevant features rather than 

background noise. This enhances interpretability and trust in the model. The last two samples where hair artefacts and 

background noise are present have issues with classification and do not present relevant features. 
 

 

Fig. 13. Grad-CAM output on sample images by application of DS-MelNet architecture. 

Although the proposed DS-MelNet model has not been implemented on edge devices, an approximate analysis of 

memory usage and inference time to assess feasibility for mobile deployment is provided. These estimates are based on 

the model’s size (3.52 MB) and parameter count (923,790) and are summarized in Table 7. 
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Table 7. Approximate Edge Deployment Metrics for DS-MelNet 

Metric Value 

Model Size 3.52 MB 

Parameters 923,790 

Memory Usage (Inference) ~80 MB 

Inference Time (Snapdragon) ~120ms 

Optimizer Adam 

4.4. Proposed SCNN Results 

The results for proposed SCNN model are shown in Fig. 14. In terms of accuracy metrics, the SCNN achieved the 

highest accuracy of 76.23% on the APC-MDR-RGB pre-processed images. For the other two methods the DS-MelNet 

achieved quite good accuracy of 75% and 73% respectively. Similarly, for Precision, Recall and F1-score the SCNN 

achieved highest results for the same method, it achieved precision score of 81.78%, Recall of 71% and F1-score of 

75.67%. The average accuracy achieved by the SCNN model on all the three methods is approximately 75% which is 

quite good for the proposed model with fewer parameters and lesser computational cost. Similarly, it achieved an 

average Precision value of 79%, Recall of 70% and F1-score of 74%. 

 

 

Fig. 14. Simple CNN model results for evaluation metrics on ISIC-2020 dataset. 

4.5. Proposed Fine-tuned VGG-16 Results 

The results for proposed fine-tuned model are shown in Fig. 15. The Fine-tuned VGG-16 performed well 

compared to the SCNN architecture and satisfactory compared to the DS-MelNet model. It utilized the saved weights 

for feature extraction with newly defined output layer or top layer that helped it achieved these results. In terms of the 
accuracy metrics it achieved the highest accuracy of 82.78% on the Modified Dull Razor YCbCr pre-processed images. 

For the other two methods the fine-tuned model achieved quite good accuracy of 80.25% and 78.6% respectively. 

Similarly, for Precision, Recall and F1-score the highest results were achieved for the same method, it achieved 

precision score of 88.34%, Recall of 82.54% and F1-score of 83.97%. The average accuracy achieved by the model on 

 

 

Fig. 15. Fine-tuned VGG-16 results for evaluation metrics on ISIC-2020 dataset. 
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the all the three methods is approximately 80% which is quite good but utilized large number of parameters and adds to 

the computational cost. Similarly, it achieved an average Precision value of 85%, Recall of 80% and F1-score of 82%. 

Fig. 10, 14, 15 have discussed the results in terms of performance metrics for all the three proposed architectures 

showing the best pre-processing method that yields best results for the each of the proposed architectures. Metrics wise 

result comparison for the proposed architectures is discussed in the following section. 

4.6. Metrics wise comparison of the results for the proposed systems 

1. Accuracy: 

In terms of Accuracy the DS-MelNet model achieved the best result of 86.57% for the pre-processed images by 

applying the Modified Dull Razor YCbCr method compared to the other two models proposed in the paper as shown in 

Fig. 16. The Fine-tuned architecture utilized the pre-trained weights and performed satisfactorily achieving accuracy of 

82% which is closer to the results of DS-MelNet for the same pre-processing method. Similarly, the DS-MelNet 
architecture showed best results for other two pre-processing methods too compared with the SCNN and Fine-tuned 

models. Thus, the proposed DS-MelNet is quite effective and efficient in skin cancer classification with smaller model 

size and fewer parameters which makes it reliable for implementation in small devices too. The SCNN model 

performed best with highest accuracy of 76% on the APC-MDR-RGB images which is quite different compared to the 

other two model results. 

 

 

Fig. 16. Accuracy comparison of proposed system. 

2. Precision and Recall: 

 

Fig. 17. Precision comparison of proposed system. 

Precision and recall are another important metrics that represent the overall performance of the proposed 

methodology considering the positive and negative classes. The DS-MelNet achieved an excellent Precision of 91.23% 

and Recall of 84.22% for the Modified Dull Razor YCbCr pre-processed skin lesion images, whereas it achieved 

satisfactory results of 89% and 87% for precision for the other two methods. Recall achieved was quite good around 81% 

for APC-MDR-RGB and 83% for Modified E-shaver for the DS-MelNet, the other proposed models also showed 
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satisfactory results for precision of 88% and 81% respectively. The Recall values for other proposed methods also are 

satisfactory ranging between 69% to 83%. Precision comparison is shown in Fig. 17 and recall comparison shown in the 

Fig. 18. 

 

 

Fig. 18. Recall comparison of proposed system. 

3. F1-score: 

F1-score is an important metrics as it considers all the four parameters of the confusion matrix and gives result by 

balanced mechanism reducing the bias of any one class during the classification task. The F1-score graph shown in Fig. 

19 indicates the superiority of the proposed DS-MelNet model on the other two architectures indicating its 

generalization in detection of skin cancer images. The DS-MelNet achieved F1-score of 88.45% for the Modified Dull 

Razor YCbCr method whereas the fine-tuned architecture achieved best value of 83.97% for the same pre-processing 

method. The SCNN presented best results on the APC-MDR-RGB images with F1-score of 75.67%. 

 

 

Fig. 19. F1-Score comparison of proposed system. 

Recall graphs presented above give the sensitivity representation of the performance of the DS-MelNet model. The 

results for False Negative Rate (FNR) and Specificity are shown in Table 8. The model achieves a favourable balance 

between low false negatives for melanoma detection and high specificity for benign lesion identification. 

Table 8. False Negative Rate (FNR) and Specificity for Melanoma Lesion Classification. 

FNR (%) Specificity (%) 

16.30 85.04 

15.78 88.92 

18.68 85.36 
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The architectural design evolved through multiple experimental iterations. Starting from a single-stream baseline 

(SCNN), a second parallel stream was introduced to enhance representational diversity. The final configuration was 

chosen on the basis of consistent improvements in performance across multiple runs while maintaining computational 

efficiency. The various ablation study results and the cross validation presented in this section confirms and confronts 

the novelty of the proposed DS-MelNet. 

4.7. Comparison of proposed architecture results with Existing systems results 

Comparison with existing systems that have used ISIC-2020 [21] dataset is shown in Table 9. The proposed 

architecture DS-MelNet and fine-tuned VGG perform superior than the existing architectures in literature. The 

architectures available in literature have higher number of parameters compared to the DS-MelNet architecture, LCNet 

uses 3.3M parameters, DSCC_Net uses 1.1M parameters and InSiNet uses 2M parameters for classification, the DS-

MelNet model just utilizes 0.92M parameters. 

Table 9. Comparison of Proposed System and Existing Systems. 

Methodology Accuracy Precision Recall 

LCNet [27] 83.67% 85.92% 82.67% 

DSCC_Net [28] 82.29% 87.23% 81.89% 

InSiNet [29] 80.23% 82.48% 79.50% 

Fine-tuned VGG-16 82.78% 88.34% 82.54% 

Proposed DS-MelNet 86.57% 91.23% 84.22% 

 

The Table 10 shows the results obtained for Fix Match and Fully supervised model and details in terms of labels 

utilized, accuracy, model size and data utilization. The results clearly show that SSL is the need and presents a 

promising method for melanoma classification while handling negative cases. 

Table 10. Comparison of Learning Paradigms for Melanoma Classification. 

Approach Label Utilized Accuracy (%) Model Size Data Utilization 

SSL (FixMatch) 10% labelled + unlabelled 86.57 3.52 MB High (leverages unlabelled data) 

Fully Supervised 10% labelled 74.89 3 MB High 

5. Conclusion & Future Scope 

The detection of melanoma in the early stages is crucial to reduce future complexity and problems associated with 

skin cancer. The paper presents two architectures: SCNN and DS-MelNet based on the basic concept of the convolution 

neural network and one fine-tuned VGG-16 model. The proposed models have very fewer parameters and are 

computationally effective compared to the pre-trained and fine-tuned model discussed in literature. The dual stream 

model achieves an accuracy of 86%, which is based on the semi-supervised learning framework, whereas the SCNN 

model achieves an accuracy of 76% which is satisfactory compared to the DS-MelNet. The FT-VGG model presents an 

excellent test accuracy of 82%, indicating its improved ability to accurately classify data and effectively reduce errors. 

These results highlight the potential of pre-trained models for dermatological diagnosis, but they involve a more 

complex architecture and require more processing time compared to the CNN model. The semi-supervised learning-
based architectures proposed in this study achieve high accuracy and robust performance on the ISIC-2020 skin lesion 

dataset, thus reducing the false alarms in skin cancer detection.  

This paper utilized the VGG-16 architecture and fine-tuned it for improved results which have 14M parameters, 

the researchers can take this work and perform comparison of various existing pre-trained models in terms of their 

semi-supervised learning capability and analyse their performance. Various other datasets can also be explored for a 

similar framework for their generalization in the early detection of melanoma skin cancer. 
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