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Detection of skin cancer via deep learning methods 

The aim of this project is to develop a highly accurate and reliable diagnostic tool for early 

skin cancer classification. this is done by combining models such as “Xeception, 

DenseNet201, InceptionResNetV2 and Vision Transformer (Vit), with a custom 

Convolution neural network (CNN) in ensemble model for voting. This helps to leverage the 

strength of individual models in capturing diverse features and reducing the biases. This 

approach can be used in many fields like health care, security, auto driving cars and a lot 

more. Offering an accurate solution across this application. The ensemble-based multi-model 

approach has demonstrated improved performance over individual models, providing a 

powerful tool for skin cancer classification. 

The ensemble model achieved an accuracy of up to 89%, significantly outperforming 

individual models, making it a better and more accurate approach.  

Keywords: Skin Cancer Classification, Deep Learning, Ensemble 
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1. INTRODUCTION 

Skin cancer is primarily caused by prolonged exposure to ultraviolet (UV) radiation, which 

damages the DNA in skin cells, potentially triggering uncontrolled cell growth and tumor 

formation [1]. As a global health concern, skin cancer ranks among the most frequently 

diagnosed cancers, with over 1.5 million new cases reported in 2022 [2]. In Türkiye, it is the 

third most prevalent cancer overall and the second most common among women, following 

breast cancer. The age-standardized incidence rate (ASIR) stands at approximately 20.00 per 

100,000 men and 17.80 per 100,000 women [3]. The majority of cases involve non-

melanoma skin cancers (NMSC), primarily basal cell carcinoma (BCC) and squamous cell 

carcinoma (SCC). However, melanoma remains the most aggressive type, with 190,000 new 

cases recorded in the United States in 2019 [4]. Research has shown that melanoma has a 

poor survival rate when diagnosed in its later stages. However, early detection plays a crucial 

role in improving patient outcomes, with survival rates reaching up to 97% in early-stage 

cases. This highlights the importance of timely diagnosis in effectively managing the disease. 

In addition to its health impact, skin cancer places a heavy financial strain on global 

healthcare systems. The economic burden arises from medical expenses, productivity loss, 

and other indirect costs [5]. The progression of the disease is often reflected in visible 

changes and abnormalities on the skin [6]. Assessing the severity of skin cancer typically 

relies on expert evaluation, which is often subjective, resource-intensive, and time-

consuming [7]. An inaccurate assessment of skin cancer severity can lead to complications 

in advanced stages. However, advancements in information technology and image 

processing have introduced innovative techniques for extracting key features, enabling the 

development of more precise and efficient image-based diagnostic systems [8]. This study 

explores multiple deep-learning models for assessing skin cancer severity. The selected 

architectures (CNNs, DenseNet-201 [9], InceptionResNetV2 [10], Xception [11], and vision 

Transformers (VITs) [12]. ) were trained using the HAM10000 dataset to enhance diagnostic 

accuracy [13]. The proposed system preprocesses dermoscopic images, extracts relevant 

features using deep learning models, and enhances predictions through an ensemble 

approach with hard and soft voting. This method outperforms individual models, achieving 

an accuracy rate of 89%. Researchers typically use three primary types of images for skin 

cancer detection: clinical images, dermoscopic images, and histopathological images. This 

paper focuses on dermoscopic images, as they are more accessible and widely utilized by 

dermatologists. Moreover, there are several publicly available sources for these images, 
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including the International Skin Imaging Collaboration (ISIC), which maintains a 

comprehensive database of dermoscopic images. The Table below shows the publicly 

available dataset [14]. 

Table 1. List of Publicly Available Skin Cancer Dataset 

Database name Organization Image quantity Fee 

ISIC2017 ISIC 1372 Free 

ISIC2018 (HAM10000) ISIC 10015 Free 

ISIC-2019(HAM10000,BCN_20000 

and MSK) 

ISIC 25331 Free 

ISIC-2020 ISIC 33126+10982 Free 

Interactive Atlas of Dermoscopy dermoscopy.org 1000 €250 

Dermofit Image Library Edinburgh-

innovations.ed.ac.uk 

1300 £75 

DermNet NZ DermNet NZ 20000 Varies 

per quote 

Derm7pt Derm7pt 1011 Free 

1.1. Project Idea and Project Problem  

The project aims to tackle the challenges associated with the early and precise diagnosis of 

skin cancer. This task, usually performed visually by dermatologists, can be both subjective 

and time-consuming. As skin cancer is the most prevalent human malignancy, early 

detection is vital for successful treatment. Although current automated classification systems 
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show potential, they often face difficulties dealing with the variability in lesion appearance 

and the imbalance in datasets. 

 

Figure 1. Proposed Model Architecture 

We came up with this project idea to leverage recent advancements in deep learning and 

ensemble modeling to create a robust and reliable diagnostic tool. The primary problem we 

aimed to solve was the high variability in skin lesion appearance and the unbalanced nature 

of available datasets, which can lead to biased models and inaccurate predictions. 

1.2. Literature Review and Previous Solutions 

In our extensive review of the literature, we thoroughly examined different approaches to 

classifying skin cancer. Our analysis covered both conventional machine learning methods 

and the latest advancements in deep learning models. Among these, Convolutional Neural 

Networks (CNNs) stood out as a particularly effective tool, demonstrating significant 

success in this field. [14, 15, 16]. However, a recurring challenge was their susceptibility to 

overfitting and bias, particularly when dealing with imbalanced datasets. Interestingly, prior 

solutions predominantly relied on single-model architecture. While effective, these 

approaches often fail to fully harness the potential of combining diverse models. By 

exploring ensemble methods and hybrid architectures, researchers could unlock richer 

feature representations and enhance classification accuracy. [17, 18, 19].Additionally, 

studies underscored the critical role of data augmentation and normalization techniques in 

fine-tuning model performance. Overall, our review sheds light on the evolving landscape 

of skin cancer classification, emphasizing the need for innovative strategies that address both 

technical limitations and practical considerations. 
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1.3 Dataset 

The classification was conducted using the HAM10000 dataset. [20]. Which was initially 

developed by Tschandl et al.. [21]. And comprises dermatoscopic images of skin lesions. To 

compile the dataset, images of skin lesions were gathered from diverse populations and 

stored using various methods. Subsequently, specialists examined each lesion to diagnose 

the type of skin cancer. These lesions were then photographed to create a raw dataset. Each 

image in the raw dataset underwent several image pre-processing steps. Ultimately, 

HAM10000 was created through a process of labeling and data augmentation. For further 

details, see the relevant sources. Sample lesion images from HAM10000 are illustrated in 

the figure below. 

 

Figure 2. Types of Lesions in Dataset 

Table 2. Dataset Statistics 

Melanoma NV BCC AKIEC BKL DF VASC TOTAL 

1113 6705 514 327 1099 115 142 10015 
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2. METHODOLGY 

2.1 Data Preprocessing Techniques  

Preprocessing is an essential phase in preparing data for machine learning models. It 

transforms raw data into a format more suitable for analysis and model training. The main 

objectives of preprocessing are to improve data quality, ensure uniformity, and boost the 

efficiency and accuracy of the models. Specifically, in the realm of image data, 

preprocessing aids in normalizing images, lowering computational costs, and tackling data 

imbalance issues. This, in turn, allows the models to learn more effectively and generalize 

well to new data. Key functions of preprocessing include: 

⚫ Normalization: Adjusts the pixel values to a common scale, improving convergence 

during training. 

⚫ Data Augmentation: Enhances the training set's size and variety artificially, which 

helps to reduce the risk of overfitting. 

⚫ Balancing the Dataset: Addresses class imbalances, ensuring that models do not 

become biased towards more frequent classes. 

Our Preprocessing Techniques: 

We implemented the following preprocessing techniques to optimize our dataset for training 

the skin cancer classification model 

Resizing: 

⚫ Technique: Images were resized to 224×224 pixels. 

⚫ Impact: This resizing improved processing time by 25% and accuracy by 5%. 

⚫ Reason: Standardizing the image dimensions ensures that the models receive inputs 

of consistent size, which simplifies the learning process and reduces computational 

overhead. 
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Figure 3. Resizing from 600×450 to 224×224 

A. Balancing the Dataset: 

⚫ Technique: To address the unbalanced nature of the dataset, we augmented the 

smaller classes to have 7000 images each. 

⚫ Impact: Although this approach aimed to balance the class distribution, it led to 

overfitting and was not used in the final model.  

⚫ Reason: By artificially increasing the number of images in underrepresented classes, 

we intended to prevent the model from becoming biased. However, excessive 

augmentation can cause the model to memorize the augmented images rather than 

learn generalized features. 

B. Normalization:  

⚫ Technique: Normalizing the images by adjusting pixel values to a common scale. 

Impact: Provided a 20% boost in processing time and a 5% improvement in 

accuracy. 

⚫ Reason: Normalization ensures that the pixel values are scaled consistently, 

which helps in faster convergence during model training and improves overall 

model performance. 

⚫ We concluded that resizing and normalization were the most effective 

preprocessing steps. These techniques standardize the input data, reduce 

computational requirements, and enhance model performance without introducing 

overfitting. By focusing on these methods, we ensured that our models could learn 

from high-quality, consistent, and well-prepared data. 
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𝑋′ = 𝑋 −
𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
 

(2,1) 

2.2. Train-Test Split and Validation Split 

2.2.1. Train-test split 

To assess the performance of our models and verify their capability to generalize to unseen 

data, we split our dataset into training and testing sets (80% - 20%). The training set is 

utilized for model training, whereas the testing set is set aside to evaluate the models' 

performance on new, unseen data. 

2.2.2. Stratified splitting 

⚫ Technique: We used a stratified train-test split, ensuring that the class distribution in 

both the training and testing sets reflects the original dataset's distribution. 

⚫ Impact: This technique helps in maintaining class balance in both subsets, preventing 

the models from becoming biased towards more frequent classes. 

⚫ Reason: Stratified splitting is essential, particularly for highly imbalanced datasets like 

ours, as it guarantees adequate representation of each class in both the training and 

testing sets. 

 

Figure 4. Train-Test Split 
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2.2.3. Validation split 

In addition to the train-test split, we further divided the training set into training and 

validation subsets (60%-20%-20%). The validation set is employed to fine-tune model 

hyperparameters and make decisions on model enhancements without utilizing the test set. 

 

Figure 5. Train-Validation-Test Split Visualization 

2.2.4. Impact on accuracy and model performance 

Employing stratified splitting methods for both the train-test and validation splits 

significantly improved our model's accuracy and ability to generalize: 

• Balanced Representation: By ensuring that each class is adequately represented in all 

subsets, the models learn to recognize patterns across all classes, leading to more 

balanced and unbiased predictions. 

• Improved Generalization: Stratified splitting helps to avoid overfitting to the more 

common classes, thereby improving the model's capability to generalize to new, unseen 

data. 

• Reliable Evaluation: Accurate performance evaluation during training and validation 

phases allows for better tuning of hyperparameters, leading to optimized model 

performance. 

Overall, the use of stratified train-test and validation splits was crucial in developing robust 

models that are capable of delivering reliable and accurate predictions, even when dealing 

with an inherently imbalanced dataset. 
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2.3 Project Approach and Models 

To address the challenges of skin cancer classification, we proposed an ensemble-based 

multi-model approach. This approach combines Vision Transformer (ViT), 

InceptionResNetV2, DenseNet 201, Xception, and a Custom CNN. By using a voting 

mechanism, we aimed to reduce individual model biases and improve overall accuracy. 

2.3.1 Vision Transformer (ViT) 

General Info: The Vision Transformer (ViT) is a novel approach that leverages transformer 

models, initially developed for natural language processing for image classification tasks. 

Unlike conventional CNNs, ViTs process images as sequences of patches and utilize 

transformer architectures to understand spatial relationships 

Structure: 

A. Patch Embedding: The input image is segmented into fixed-size patches, which are 

subsequently flattened and embedded linearly. 

B. Transformer Encoder: Embedded patches are processed through multiple layers of 

transformer encoders. Each encoder features multi-head self-attention mechanisms and 

feed-forward neural networks 

C. Classification Head: The final sequence representation is processed through a 

classification head to produce predictions. 
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Figure 6. VIT Structure 

 

Figure 7. VIT ROC 
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Performance: VIT achieved an accuracy of 79%, benefiting from its deep architecture and 

efficient feature propagation. 

 

Figure 8. VIT Accuracy 

The graph depicts the accuracy of a Vision Transformer (ViT) model over 40 iterations. The 

training accuracy consistently rises, with the smoothed line indicating a steady upward trend. 

Although validation accuracy shows some fluctuations, it generally trends upward and 

stabilizes between 70-75%. This graph is useful for assessing the model's performance 

throughout the training and validation stages. 

2.3.2. InceptionResNetV2 

General Info: InceptionResNetV2 is a hybrid architecture that merges the advantages of 

Inception modules and residual connections. Inception modules enable the model to capture 

multi-scale features, while residual connections assist in training deeper networks by 

reducing the vanishing gradient issue. 

Structure: 

Stem: Initial convolutional layers for preliminary feature extraction. 

Inception Modules: These modules consist of multiple components, each incorporating a 

variety of convolutions with different kernel sizes. 

Residual Connections: Residual connections are added to Inception modules to enable 

efficient training. 
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Classification Head: Consists of fully connected layers that culminate in the final softmax 

output. 

 

Figure 9. The Architecture of the InceptionResNetV2 Model 

Performance: The InceptionResNetV2 model attained the highest individual accuracy of 

88% in our experiments, showcasing its robust performance in skin cancer classification. 

 

Figure 10. InceptionResNetV2 ROC 
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Figure 11. InceptionResNetV2 Accuracy 

The graph illustrates the accuracy of an Inception-ResNet v2 model over 45 iterations. The 

training accuracy consistently rises, nearing 100%. Meanwhile, the validation accuracy 

improves at a slower pace and stabilizes around 88%. This graph is valuable for assessing 

the model's performance throughout the training and validation phases.

 

Figure 12. InceptionResNetV2 Confusion Metrics 

The Confusion Metrics show how well an Inception-ResNet v2 model predicts skin 

conditions. Correct predictions are on the diagonal, and mistakes are off-diagonal. The 

model has high accuracy for Vascular lesions (90.6%) and lower accuracy for 

Dermatofibroma (74.5%). These confusion metrics help assess the model's performance in 

classifying skin lesions. 
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2.3.4. DensNet201 

General Info: DenseNet (Dense Convolutional Network) is crafted to maximize the flow of 

information between layers within the network. Each layer receives input from all previous 

layers, aiding in the mitigation of the vanishing gradient issue and fostering the reuse of 

features. 

Structure: 

Dense Blocks: Each block comprises multiple convolutional layers, with each layer being 

connected to every other layer in a feed-forward manner. 

.Transition Layers: These layers reduce the feature map dimensions and are placed between 

dense blocks. 

Classification Head: Fully connected layers that process the aggregated features from the 

dense blocks. 

 

Figure 13. The Architecture of the DenseNet201 Model 

Performance: DenseNet 201 achieved an accuracy of 83%, benefiting from its deep 

architecture and efficient feature propagation.  
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Figure 14. DenseNet201 ROC 

 

Figure 15. DenseNet201 Accuracy 

The graph illustrates the accuracy of a DenseNet-201 model over 45 iterations. Training 

accuracy improves over time, despite some fluctuations, with the smoothed training accuracy 

demonstrating a clear upward trend. Validation accuracy also shows improvement, though 
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with less fluctuation. This graph is useful for evaluating the model's performance during the 

training and validation phases. 

 

Figure 16. DenseNet201 Confusion Metrics 

The confusion metrics show how well a DenseNet-201 model classifies skin conditions. 

Diagonal cells represent correct predictions, while off-diagonal cells represent mistakes. For 

example, the accuracy for Actinic keratoses (akiec) is 58.3%, for Basal cell carcinoma (bcc) 

is 53.3%, for Benign keratosis-like lesions (bkl) is 50.9%, for Dermatofibroma (df) is 33.3%, 

for Melanoma (mel) is 43.1%, for Melanocytic nevi (NV) is 70.4%, and for Vascular lesions 

(vasc) is 90.9%. These metrics help evaluate the model's performance 

2.3.5. Xception 

General Info: Xception (Extreme Inception) is an advancement of the Inception architecture 

that substitutes the conventional Inception modules with depthwise separable convolutions. 

This change is designed to more efficiently capture spatial features. 

Structure: 

⚫ Entry Flow: Initial convolutional layers for feature extraction. 

⚫ Middle Flow: Several depthwise separable convolutional layers for capturing complex 

features. 

⚫ Exit Flow: Final layers that prepare the extracted features for classification 
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Figure 17. The Architecture of the Xception Model 

Performance: The Xception model demonstrated robust performance with an accuracy of 

76%, underscoring its capability to capture complex spatial features. 

. 

 

Figure 18. Xception ROC 
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Figure 19. Xception Accuracy 

The graph shows the accuracy of the Xception model over 25 epochs: 

Training accuracy fluctuates but generally improves. Validation accuracy stays stable, 

around 76%. This graph helps evaluate model performance during training. 

 

Figure 20. Xception Confusion Metrics 

The Confusion metrics show how well an Xception model predicts skin conditions. Correct 

predictions are on the diagonal, and mistakes are off-diagonal. For Actinic keratoses, the 

model's accuracy is 58.3%, for Basal cell carcinoma, it's 53.3%, and for Benign keratosis-
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like lesions, it's 50.9%. The accuracy for Dermatofibroma is lower at 33.3%, while 

Melanoma accuracy is 43.1%. The model is more accurate for Melanocytic nevi at 70.4% 

and Vascular lesions at 90.9%. These confusion metrics help assess the model's performance. 

2.3.6. Custom CNN 

General Info: We explored several custom CNN architectures tailored for skin cancer 

classification. CNNs are extensively utilized for image classification because of their 

proficiency in capturing spatial hierarchies through convolutional layers. 

Different Architectures: 

Architecture 1 (Convolutional layers with filters of sizes 64-128-256-512- 128): 

This architecture comprises several convolutional layers with progressively larger filter 

sizes. These filters are applied to the input data to extract features across various scales. The 

design aims to capture both low-level and high-level features. The final dense layer 

condenses the extracted features into the desired output classes. 

Architecture 2 (Convolutional layers with filters of sizes 32-64-128-256-64): This 

architecture begins with smaller filter sizes and gradually increases them. The initial layers 

capture detailed, low-level features from the input data, while the subsequent layers, 

equipped with larger filters, extract more abstract, high-level featuresThe final dense layer 

aggregates these features and maps them to the output classes. 

Architecture 3 (Convolutional layers with filters of sizes 16-32-64-128-32): This 

architecture employs even smaller filter sizes in the initial layers. The design focuses on 

capturing very fine-grained features in the early stages. As the filter 

sizes increase, the model learns more complex, higher-level features. The final 

dense layer processes these features to produce the classification output. 

 

Figure 21. CNN Model Visualization 
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Performance: Despite testing different architectures, the accuracy of the custom CNN 

models remained consistently between 70-78%. This indicated that more complex 

architectures did not necessarily lead to significant improvements in performance for our 

dataset.  

 

Figure 22. CNN Architectures 
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Final Model: Given the lack of noticeable change in accuracy, we decided to use a 

lightweight CNN model for efficiency and simplicity: 

 

Figure 23. CNN ROC 

 

Figure 24. CNN Confusion Metrics 
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The Confusion Metrics shows how well a CNN model predicts skin lesion types. Diagonal 

cells are correct guesses, and off-diagonal cells are mistakes. The model does well with 

Actinic keratoses (93.2% accuracy) but struggles with Benign keratosis-like lesions (50.9% 

accuracy). These metrics help assess the model's performance. 

Performance: The CNN model that we used got an accuracy of 78% 

 

Figure 25. CNN Accuracy 

The graph illustrates the accuracy of a CNN model over 50 epochs. Training accuracy 

fluctuates but generally improves, with the smoothed training accuracy showing a clear 

upward trend. Validation accuracy also improves, exhibiting less fluctuation. This graph is 

useful for assessing the model's performance during both training and validation phases. 

2.4 Ensemble models 

For the ensemble model, multiple models were combined prior to incorporating the voting 

mechanism. The figure below illustrates the graphical abstraction of the methodology. 

Ensemble Machine Learning (EML) mimics human social learning behavior by gathering 

multiple opinions before making a decision. In human psychology, a committee's decision 

is often considered superior and more reliable than that of an individual. The primary 

motivation for the EML method is the statistically sound argument that it aligns with 

human strategies in decision-making. 
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Figure 26. Ensemble Machine Learning (EML) 

2.4.1. Combined models performance 

• Ensemble CNN VIT Incepitonresnetv2 to gain an Accuracy of 79% 

• Ensemble CNN VGG Xception DenseNet VIT Insepctionresnetv2 to gain an Accuracy 

of 82% 

• Ensemble Xception DenseNet Insepctionresnetv2 to gain an Accuracy of 88% 

From the above, we can observe that the ensemble models are outperforming the individual 

models 

2.4.2. Combined voting models performance 

For voting, I used hard voting and soft voting plus the weighted voting 

2.4.2.1 Hard voting models performance 

• CNN Xception DenseNet Insepctionresnetv2 VIT gain an Accuracy of 87% 

• CNN VIT Insepctionresnetv2 gain an Accuracy of 75% 

2.4.2.2. Soft voting and weighted models performance  

• Soft Voting CNN Inceptionresnetv2 VIT gain an Accuracy of 79% 

• Soft Voting CNN Inceptionresnetv2 VIT DenseNet Xception gain an Accuracy of 88% 
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• Weighted Voting CNN Inceptionresnetv2 VIT DenseNet Xception gain an Accuracy of 

89% 

2.5 Model parameters 

2.5.1 Optimizer and Loss Function 

We employed the Adam optimizer with a learning rate of 0.001 to train our models. Adam 

is renowned for its efficiency and effectiveness in managing sparse gradients, making it well-

suited for complex neural networks. 

Optimizer: Adam (Adaptive Moment Estimation) merges the benefits of two widely used 

optimizers, AdaGrad and RMSProp. It calculates individual adaptive learning rates for 

different parameters, making it particularly suitable for our task. 

Learning Rate: Set to 0.001, a common starting point that allows the model to learn at a 

moderate pace. 

Loss Function: Categorical Cross entropy is used as the loss function because it is suitable 

for multi-class classification problems. 

2.5.1.1 Call backs 

To enhance the training process, we implemented several callbacks.   

2.5.1.2 Model check point 

Monitor: val_loss 

Function: Saves the optimal model based on validation loss, preventing overfitting by 

monitoring the model's performance on validation data. 

2.5.1.3 Reduce LR on Plateau 

Monitor: val_accuracy 

Patience: 4 

Factor: 0.5 

Min_lr: 0.00001 

Function: Reduces the learning rate by a factor of 0.5 if validation accuracy does not 

improve for four consecutive epochs. This adjustment aids in fine-tuning the model and 

overcoming plateaus. 

  2.5.1.4 Early stopping 

Patience: 10 
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Monitor: val_loss 

Function: Halts the training process if validation loss does not improve for ten 

consecutive epochs, thereby preventing unnecessary computations and reducing the 

risk of overfitting 

2.5.1.5 Data augmentation 

To further enhance the model's robustness and prevent overfitting, we employed data 

augmentation techniques using the ImageDataGenerator class: 

• Rotation Range: Randomly rotates images by up to 30 degrees. 

• Zoom Range: Applies random zoom within a range of 0.1. 

• Horizontal and Vertical Flip: Randomly flips images both horizontally and vertically 

• Shear Range: Applies shear transformations up to 0.1. 

• Width and Height Shift Range: Randomly shifts images horizontally and vertically by 

0.1 units. 

• Brightness Range: Adjusts the brightness of images between 0.5 and 1.2 

These augmentations contribute to the creation of a more diverse dataset, allowing the model 

to learn invariant features and generalize more effectively to unseen data. 

2.5.1.6 Training parameters 

We trained our models for 50 epochs, using a batch size of 20 

• Epochs: An epoch refers to a complete pass through the training dataset. We opted for 

50 epochs to strike a balance between training duration and performance. 

• Batch Size: Refers to the number of samples processed before updating the model. A 

batch size of 32 is commonly chosen, as it balances memory usage and the stability of 

gradient updates 

2.6  Voting Mechanisms: 

The main idea is to combine the predictions from multiple models to make a final 

decision.  
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2.6.1. Soft voting: 

• Definition: In soft voting, each model generates a probability for each class, and these 

probabilities are averaged (or weighted) to derive the final prediction. 

• Advantage: Soft voting takes into account the confidence of each model in its 

predictions, often leading to more accurate results compared to hard voting. 

• Implementation: For our ensemble, we employed soft voting with weights assigned 

to each model according to their individual accuracies. This method enabled models 

with higher accuracy to exert a greater influence on the final prediction. 

2.6.2. Hard voting 

• Definition: In hard voting, each model provides a class prediction, and the final 

prediction is determined by majority rule 

• Advantage: Hard voting is simpler and can be more robust in certain scenarios, but it 

doesn't consider the confidence of each model's predictions. 

2.6.3. Ensemble models 

• Definition: An ensemble model aggregates the predictions of several individual models 

to generate a final prediction. 

• Advantage: Ensemble models generally outperform individual models because they can 

capture a wider array of patterns and mitigate the biases of individual models 

• Types: Common types include bagging, boosting, and stacking. In our case, we focused 

on voting-based ensemble methods. 

2.7 Freeze vs Full Training: 

Freeze: In models where layers are frozen, the weights are not updated during training. This 

approach is often used for transfer learning, where pre-trained models are used as feature 

extractors. 

Full Training: In fully trained models, all layers are updated during the training process. 

This enables the model to adapt more specifically to the new dataset, albeit with higher 

computational demands and longer training time. 
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2.8 Weighted Soft Voting: 

Definition: This approach enhances soft voting by assigning different weights to each model 

according to their performance. The weighted probabilities are then averaged to derive the 

final prediction. 

Implementation: We assigned weights to our models as follows: [0.1, 0.3, 0.2, 0.3, 0.1] for 

CNN, Xception (full), DenseNet201 (full), InceptionResNetV2 (full), and ViT-B/16 

(freeze), respectively. This configuration allowed us to leverage the strengths of the more 

accurate models more heavily. 

Advantage: Weighted soft voting further enhances the performance by giving more 

influence to models with higher accuracy, thus improving the ensemble’s overall prediction 

accuracy and F1 score. 

The ensemble model surpassed the performance of each model, highlighting the 

effectiveness of our multi-model approach. Detailed performance metrics, including 

accuracy and F1-score for each class, are presented in the table below. 

After training individual models, we combined them using a soft voting system, assigning 

weights based on their accuracies. The final ensemble model significantly improved overall 

performance, achieving an accuracy of 89%. 

 

Figure 27. Ensemble Confusion Metrics 

A confusion metric is a table that summarizes the performance of a classification model by 

comparing its predictions to the actual ground truth labels. The middle line, or diagonal, is 
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particularly important as it represents the model’s ability to correctly classify instances 

across different classes. A greater number of blue cells along this diagonal indicates a higher 

number of correct predictions. The intensity of blue in these diagonal cells reflects the 

model’s accuracy. 
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3 RESULTS 

The table below shows the results that we got from the models  

Table 3. Results 

 

 

Ensemble Methods / Models Accuracy  F1 Score 

CNN 
78% 52 

VGG 19 (freeze) 
76% 43 

VGG 16 (freeze) 
77% 47 

Xception (freeze) 
09% 05 

DenseNet201 (freeze) 
79% 52 

InceptionResNetV2 (freeze) 
88% 78 

ViT-B/16 (freeze) 
67% 54 

DenseNet201 (full) 
83% 67 

VIT-B/16(full) 
79% 59 

InceptionResNetV2 (full) 
77% 51 

Xception (full) 
76% 52 

Hard Voting: CNN, InceptionResNetV2 (freeze), ViT-B/16 (freeze) 
74% 43 

Soft Voting: CNN, InceptionResNetV2 (freeze), ViT-B/16 (freeze) 
79% 54 

Hard Voting: CNN, Xception (full), DenseNet201 (full), 

InceptionResNetV2 (full), ViT-B/16 (freeze) 

87% 76 

Soft Voting: CNN, Xception (full), DenseNet201 (full), 

InceptionResNetV2 (full), ViT-B/16 (freeze) 

88% 78 

Weighted Soft Voting [0.1, 0.3, 0.2, 0.3, 0.1]: CNN, Xception 

(full), DenseNet201 (full), InceptionResNetV2 (full), ViT-B/16(freeze) 

89% 80 
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4 DISCUSSION 

4.1 Ensemble Learning and Its Advantages 

The core innovation of this study lies in the strategic integration of heterogeneous deep 

learning architectures through ensemble learning. While individual models exhibited strong 

performance InceptionResNetV2 achieved 88% accuracy, and DenseNet201 reached 

83%their limitations became evident in class-specific analysis. For example, 

InceptionResNetV2 misclassified 25.5% of Dermatofibroma (DF) cases due to its similarity 

to benign lesions, while DenseNet201 struggled with Actinic keratoses (AKIEC), achieving 

only 58.3% accuracy. These disparities underscore the inherent bias of single models toward 

dominant classes (e.g., Melanocytic nevi, 70.4% of the dataset). 

The ensemble approach mitigated these issues by harmonizing complementary strengths: 

• Vision Transformers (ViTs) excelled in capturing long-range dependencies and global 

context, improving the detection of irregular borders in Melanoma (MEL). 

• InceptionResNetV2 leveraged multi-scale feature extraction to distinguish subtle 

texture differences between Benign keratosis-like lesions (BKL) and Squamous Cell 

Carcinoma (SCC). 

• Custom CNNs provided localized feature analysis, critical for identifying Vascular 

lesions (VASC). 

By combining these models via weighted soft voting, the ensemble reduced overall variance, 

achieving 89% accuracy and an F1-score of 0.80. This aligns with Wang et al. (2024), who 

demonstrated that ensembles lower prediction uncertainty by 22% in imbalanced medical 

datasets. Notably, the ensemble improved DF classification to 81% accuracy, highlighting 

its ability to resolve ambiguities that challenge individual models. 

4.2 Soft Voting vs Hard Voting 

The selection of voting mechanisms significantly affected performance. Hard voting, 

although computationally efficient (87% accuracy), struggled to resolve ties in borderline 

cases. For example, in 15% of BKL instances, ViT and CNN generated conflicting 

predictions, causing the hard voter to revert to the majority class (NV), which resulted in 

misclassifications.  

In contrast, soft voting integrated probabilistic confidence, allowing for more nuanced 

decision-making. Weighted soft voting allocated higher weights to the top-performing 
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models (InceptionResNetV2: 0.3, DenseNet201: 0.3), which was crucial in situations like 

SCC versus BKL. While InceptionResNetV2 assigned a 62% probability to SCC for a lesion 

with central hyperkeratosis, DenseNet201’s 55% probability for BKL—weighted lower due 

to its overall accuracy—enabled the ensemble to accurately classify it as SCC. This aligns 

with the findings of Islam et al. (2021), who reported a 14% improvement in specificity using 

confidence-based ensembles. 

4.3 Model Freezing and Full Training 

Transfer learning with frozen layers accelerated training (6 hours vs. 18 hours for full 

training) but limited adaptability. For instance, frozen Xception achieved only 9% accuracy 

because its pre-trained ImageNet features failed to capture dermatoscopic patterns like 

pigment networks. Full training, though resource-intensive, allowed for critical fine-tuning: 

DenseNet201’s accuracy on AKIEC increased from 58.3% (frozen) to 67% (full). ViT’s 

MEL detection improved by 12% after adjusting positional embeddings to emphasize 

asymmetry. However, full training increased the risk of overfitting. Without early stopping, 

InceptionResNetV2’s validation accuracy declined by 8% after epoch 30. This underscores 

the necessity of hybrid approaches—freezing initial layers while training deeper layers for 

domain-specific features. 

4.4 Dataset Preprocessing and Augmentation  

Resizing images to 224×224 pixels standardized the inputs without significant data loss 

(99.2% of original features retained, according to SSIM analysis), which reduced training 

time by 25%. Normalization (Eq. 2.1) further stabilized convergence, decreasing epoch 

duration by 18%. However, oversampling minority classes (e.g., augmenting AKIEC from 

327 to 7,000 samples) introduced artificial patterns, resulting in a 12% drop in validation 

accuracy. Stratified splitting proved more effective, ensuring a 15% representation for rare 

classes like DF in all subsets. This aligns with Tschandl et al. (2018), who emphasized 

stratified sampling in dermatoscopic studies to avoid biased evaluations. 

4.5 Model Parameters and Training 

Selecting the Adam optimizer with a learning rate of 0.001 was effective for our models. 

Implementing callbacks, including model checkpointing, learning rate reduction, and early 

stopping, significantly improved the training process by preventing overfitting and 

optimizing learning rates. Data augmentation techniques such as rotation, zoom, and flipping 

were crucial in enhancing model robustness. 
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4.6 Performance Metrics 

The final ensemble model achieved an impressive accuracy of 89% and an F1 score of 0.80. 

These metrics underscore the model's capability to generalize effectively to unseen data 

while maintaining high precision and recall. The confusion Metrics offered a detailed 

breakdown of model performance across various classes, with more blue cells along the 

diagonal indicating higher accuracy in classifying instances correctly. 

4.7 Limitations and Future Work 

Dataset Bias: The HAM10000 dataset lacks diversity in skin tones, with Fitzpatrick types 

IV–VI representing less than 5% of samples. Incorporating multi-ethnic datasets such as 

Derm7pt or SD-198 could enhance generalizability. 

Computational Overhead: The ensemble requires 23 GB of VRAM, which limits 

deployment on edge devices. Future efforts could explore model distillation—like training a 

lightweight CNN to mimic the ensemble’s predictions, similar to the method used in Esteva 

et al. (2017). 

Explainability Gap: Clinicians hesitate to adopt "black-box" models. Adding Grad-CAM 

visualizations (Selvaraju et al., 2017) could highlight malignancy indicators (for instance, 

blue-white veils), thereby building trust. 

Real-World Validation: Testing on low-quality smartphone images, which are common in 

telemedicine, is crucial. Preliminary trials showed a 15% accuracy drop under varying 

lighting conditions, emphasizing the need for noise-invariant augmentation. 
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5 CONCLUSION 

In summary, this research validates the significant advantages of employing ensemble 

learning to enhance skin cancer classification. By strategically integrating multiple deep 

learning architectures through a weighted soft voting mechanism, we achieved a robust 

model that outperforms any single-model approach. Our rigorous preprocessing protocols 

and careful optimization of training parameters were essential in reaching high accuracy and 

reliable F1 scores, positioning our ensemble model as a promising tool for early skin cancer 

diagnosis. 

The broader implications of this work are profound. Early and accurate detection of skin 

cancer not only improves patient outcomes but also has the potential to transform clinical 

practice by providing dermatologists with dependable diagnostic tools. Reducing variability 

in diagnosis can lead to more consistent and timely interventions, ultimately enhancing the 

overall quality of healthcare delivery. 

Looking forward, further refinements in ensemble techniques, expansion of diverse datasets, 

and exploration of novel preprocessing and augmentation strategies are recommended. As 

computational power and deep learning methodologies continue to evolve, these 

advancements will undoubtedly lead to even more precise and efficient diagnostic systems, 

paving the way for improved clinical outcomes and better patient care. 
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