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Abstract Melanoma and non-melanoma skin cancers are among the most common types of skin cancer,
with millions of new cases reported worldwide each year. Skin cancer arises from the uncontrolled
proliferation of skin cells caused by DNA damage due to UV radiation exposure. Early detection enables
high recovery rates, whereas late detection may lead to malignant tumor growth and make treatment
more difficult. This study proposes the Dual Vision Partial Attention Channel (DV-PAC), a multi
convolutional neural network framework that combines the strengths of ResNet-50 and VGG-19. The
proposed model enhances feature representation and improves classification accuracy through a partial
attention mechanism. The performance of the model is evaluated using the HAM10000 dataset, a widely

used benchmark for dermoscopic image analysis.

Key Words : Artificial Intelligence (Al), Advanced Dual Partial Deep Learning Framework, Convolutional
Neural Networks, Computer Aided Diagnosis, Binary Classification
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(Table 1) Algorithms of Proposed Method

Input: Image datasets D with labeled samples
Output: Predicted class labels for test images
Step 1: Preprocess dataset D

Resize images to 224 X 224 pixels
Normalize and convert to tensors

Step 2: Split dataset 1)

Training set (70%) : Validation set (10%) :
Step 3: Partial Attention module

Test set (20%)

Apply Adaptive Average Pooling
Pass through Fully Connected layers (ReLU, Sigmoid)
Multiply attention weights with input feature maps
Step 4: Construct ResNet-50 & VGG-19 concatenation model
Extract features from pre-trained ResNet-50 and VGG-19
Apply Partial Attention to each feature set
Apply Adaptive Average Pooling and concatenate outputs
Apply fully connected layer for classification
Step 5: Initialize
Model M, optimizer (Adam), loss function (Cross Entropy Loss)
Step 6: Training & valid phase
fooe=11t Ndo

Forward pass input batch through M
Compute loss and back propagate gradients
Update model weights
Record training accuracy and loss
Evaluate model on validation set
Record validation accuracy and loss
end for
Step 7: Evaluate model on test set

Compute Accuracy, Precision, Recall, F1-Score
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(Table 2) Hyper parameter Configuration of the
Proposed Model

Hyper—parameter Value
Learning Rate 0.0001
Optimizer Adam

Activation Function RelU, Sigmoid

Range of rotation +15°, =45
Cshuffing o
Fipping  Verea

Noise Addition random noise
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Classification Report (Precision, Recall, F1-score)
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[Fig. 4] Classification Report of the Proposed Model
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[Fig. 5] Confusion Matrix of the Proposed Model
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{Table 3> Comparison of classification accuracy
with existing methods.

Paper Model Accuracy
Lattoofi[5] CNN Model 93.2%
" Shorfuzzaman(10] | Ensemble Model  9576%
Ckhenl12l Deep CNN Model  90.0%
Ckhenta] Transfer Model ~ 90.0%
Clattoofis] ) Machine Learning  93.2%
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