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Abstract—Skin cancer is a considerable health issue 

worldwide, occurring when pigment cells turn malignant. 

However, diagnosing skin lesions is difficult for dermatologists 

because most lesions have similar characteristics. Initial detection 

is essential because it significantly increases the success rate of 

treatment and survival rates. In the past few decades, the rapid 

development of artificial intelligence has made it possible to build 

automated diagnostic systems based on large histopathology-

validated image datasets. In this study, we introduce a deep 

learning solution for multi-class skin cancer classification based 

on state-of-the-art convolutional neural networks (CNNs) on the 

HAM10000+ISC image dataset. We used pre-trained CNN 

backbones, InceptionV3, DenseNet121, ResNet50, and VGG16, 

initialized with weights from ImageNet, for feature extraction, 

fine-tuning, and evaluation. Among the models, InceptionV3 

achieved the highest accuracy of 76% and an ROC score of 0.967. 

To enhance interpretability, we used explainable AI (XAI) 

methods, Grad-CAM, Grad-CAM++, and class-wise attention 

maps, to examine both correctly and incorrectly classified images. 

The experiment demonstrates that the suggested system is not only 

characterized by high classification accuracy, but also by the 

ability to explain and visualize, which is a significant advantage 

for dermatologists when diagnosing skin cancer early and 

correctly. 
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processing; Grad-CAM 

I. INTRODUCTION 

Recent breakthroughs in deep learning and computer vision 
have greatly impacted the medical diagnostic community, 
making it possible to develop accurate automated disease 
diagnosis systems [1]. Skin cancer is one of the numerous 
varieties of diseases observed to be one of the most common 
diseases, as well as a rapidly increasing cancer in the world. The 
American Cancer Society estimates that 2,041,910 cancer cases 
and 618,120 cancer deaths will be realized in 2025 in the United 
States. Although the death rate from cancer has been declining, 
the incidence and disparities in cancer highlight the need for 
better early detection, especially in high-risk cancers like 
melanoma [2]. It is important that skin lesions be detected early 
and properly classified to enhance better survival. 

Conventional diagnosis techniques, like visual analysis and 
dermoscopy, are highly dependent on the expertise of 
dermatologists and are prone to inter-observer variability, 

thereby emphasizing the need for developing accurate 
computer-aided diagnosis systems. Deep learning has been 
recognized as a promising paradigm for medical image analysis 
due to its learning capability to extract hierarchical features 
from raw data [3]. 

Convolutional Neural Networks (CNNs) have been 
effective in the classification of skin cancer through their ability 
to detect both low-level and high-level features of the images 
[4]. VGG, ResNet, and DenseNet models have shown their 
efficiency in CNNs because of their ability to handle the depth 
of the network, residual learning, and improved gradient flow. 
However, despite the progress made, there are still some 
obstacles that need to be managed to achieve good 
performance. Therefore, this study proposes and examines the 
performance of VGG, ResNet, and DenseNet models for skin 
cancer classification [5], [6], [7]. 

Diagnosis of skin cancer is largely dependent on the visual 
inspection of the skin, which is prone to variability and 
subjectivity. Although promising outcomes have been obtained 
with deep learning models in terms of classifying skin lesions, 
high accuracy is still not reached with respect to general types 
of skin lesions. There is a need for a systematic comparison of 
the latest CNN models, such as VGG, ResNet, and DenseNet, 
to determine the best approach for accurate skin cancer 
detection. Furthermore, one of the biggest challenges that 
current deep learning models are facing is the lack of 
interpretability, which is still a major hindrance to the broad 
adoption of these models in clinical settings [8] [9]. 

Despite the progress made by deep learning techniques in 
improving the classification of skin lesions, there have been 
various limitations noted with the current automated 
techniques. For instance, various techniques have shown high 
performance using particular datasets, while their performance 
is questionable using other datasets. Furthermore, most CNN-
based techniques have shown poor interpretability, thus making 
it hard to trust their predictions. Another limitation noted is 
class imbalance, where most data sets, such as HAM10000, 
have imbalanced classes, thus forcing the CNN models to bias 
towards certain types of lesions. To tackle the above-mentioned 
challenges, this study aims to explore various popular CNN 
models, such as VGG16, ResNet50, DenseNet121, and 
InceptionV3, for multi-class classification of skin lesions. 
Additionally, Explainable AI techniques, such as Grad-CAM, 
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Grad-CAM++, and class-specific attention, have been included 
to provide interpretability to CNN models, thus helping 
clinicians trust their predictions. 

The primary objective of this research is to design and 
evaluate deep learning models for precise and automated skin 
cancer diagnosis using an advanced CNN. Additionally, to 
enhance the interpretability of the decision-making process, this 
study also integrates Explainable AI (XAI) methods, such as 
Grad-CAM, Grad-CAM++, and class-wise attention maps. 

These explainability methods are applied to both correctly 
and incorrectly classified lesions to analyze how the models are 
making their predictions. These methods provide useful 
explanations in the form of visualizations that help to identify 
the specific areas of the lesion that are contributing to the 
model’s predictions. This increased interpretability of the 
model’s predictions helps to increase confidence in the 
reliability of the model for clinical use. Additionally, the use of 
XAI methods allows dermatologists to determine if the model 
is paying attention to the appropriate areas of the lesion and not 
just the background, which can be irrelevant. 

The research contributes to the progress of a trustworthy 
deep learning system for the automated diagnosis of skin 
cancer. By comparing the VGG, ResNet, and DenseNet models, 
it determines efficient models that can help dermatologists in 
making an early diagnosis. The primary objectives of this study 
are as follows: 

1) Leverage multiple methods in training and optimizing a 

multi-class skin lesion detection model with the latest 

convolutional neural networks, including VGG16, ResNet50, 

DenseNet121, and InceptionV3. 

2) Conduct an extensive performance evaluation of the 

model using several evaluation measures like accuracy, 

precision, recall, and ROC AUC. 

3) Use Explainable AI models which include Grad-CAM, 

Grad-CAM++, and class attention maps to interpret the model 

and build more trust in their model decision process. 

Moreover, key contributions are listed below: 

1) This study presents a comprehensive comparison of four 

popular convolutional neural networks in classifying skin 

lesions into multiple classes using the HAM10000 dataset. 

2) This study proposes class weighting and data 

augmentation techniques to mitigate class imbalance in the 

dataset. 

3) This study leverages Explainable AI techniques to 

increase model interpretability and trust in decision-making in 

dermatology and healthcare. 

4) This study offers a paradigm that is both sensitive and 

explainable when it comes to model performance in making 

decisions in dermatology and healthcare. 

The remainder of the study is organized in the following 
way: Section II locates related work or literature review. 
Section III contains discussions on the proposed study in terms 
of conducting some steps. The discussion of the key findings 
and interpretation is described in Section IV. Outcome or future 

directions are provided in Section V. Finally, Section VI 
concludes the study. 

II. LITERATURE REVIEW 

A. Hybrid Machine Learning and Deep Learning 

Recent works suggest hybrid models of machine learning 
and deep learning for the detection of melanoma. A hybrid 
feature extraction method involving the best neural networks 
and handcrafted features reached 93% accuracy with recall 
values of 99.7% for benign and 86% for malignant samples, 
thus outperforming dermatologists and previous automated 
systems [10]. Similarly, in [11], the authors discuss the 
application of ML and DL models, particularly CNN, RNN, and 
transfer learning models for early detection of skin cancer. The 
SVM-PSO has a maximum accuracy of 97.5%. 

B. Ensemble Deep Learning Models 

The VGG, CapsNet, and ResNet architectures were trained 
to produce an ensemble model for skin cancer detection over 
the ISIC dataset. The accuracy of the individual models was 
79%, 75%, and 69%, respectively, while the ensemble model 
reached 93.5% accuracy, thus outperforming individual deep 
learning models and traditional machine learning models [12].  
The two ensemble models of VGG-16 + ResNet-50 and VGG-
19 + Xception were trained on more than 3,000 skin images, 
showing 100% training and 85% testing accuracy. The 
ensemble models harnessed the best attributes of feature 
extraction, performing better than individual models, 
emphasizing improved reliability and accuracy for early skin 
cancer diagnosis [13]. The ensemble model of ResNet, 
EfficientNet, and VGG16, trained on the HAM10000 dataset, 
showed 99.1% accuracy for benign vs. malignant skin lesion 
classification. The rigorous preprocessing step improved image 
quality, and the ensemble model utilized the varied capabilities 
of feature representation, proving the efficiency of combining 
the best models for high accuracy [14]. 

C. Deep Learning Architectures for Skin Lesion 

Classification 

Dermoscopic images and patients’ metadata, such as age, 
gender, and body location, can be detected using the Inception-
ResNet-v2 architecture. The model reached 89.3% accuracy for 
four-class classification and 94.5% accuracy for benign vs. 
malignant classification on 57,536 images, thus improving 
performance by at least 5% with the integration of metadata 
[15]. A CNN-based deep learning model with ESRGAN 
preprocessing was employed on the ISIC2018 dataset (3,533 
images) for the classification of skin lesions. Transfer learning 
models (ResNet50, InceptionV3, Inception-ResNet) resulted in 
83.7-85.8% accuracy, while the proposed CNN resulted in 
83.2% accuracy, proving the effectiveness of image 
enhancement and preprocessing techniques for improved 
classification accuracy [16]. An attention-enhanced DenseNet-
121 model with ICSOA hyperparameter tuning was employed 
on various datasets (ISIC 2017-2020, PH2, HAM10000) 
including UNet-based segmentation. The model resulted in 
classification accuracies of 99.55-99.87%, outperforming 
Insinet, N-DNN, and Skin-Net models, proving the 
effectiveness of attention mechanisms and optimal feature 
selection for skin lesion classification [17]. 
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D. Fine-Tuned and Customized Deep learning Models 

A fusion-level deep learning model integrating 
EfficientNet-B0, EfficientNet-B2, and ResNet50 was 
employed on the Kaggle Skin Diseases dataset (27,153 images) 
for ten-class skin disease classification. The model resulted in 
99.14% accuracy with high precision, recall, and F1-score, 
proving its effectiveness for accurate classification with multi-
architecture feature fusion [18]. The fine-tuned deep learning 
models, such as EfficientNetB0, ResNet34, VGG16, 
Inception_v3, and DenseNet-121, were further improved by 
adding more dense layers for skin cancer classification. The 
fine-tuned DenseNet-121 model showed 87% accuracy, which 
was better than the conventional machine learning models 
CNN, SVM, and Random Forest, emphasizing the need for 
customized models and layer optimization [19]. 

III. METHODOLOGY 

This study has developed a deep learning based model that 
can help in the automatic classification of skin lesions based on 
dermoscopic images of the HAM10000 +ISIC dataset. The 

suggested framework is presented in Fig. 1 and has six stages. 
The first stage involves collecting the dataset, and to guarantee 
that images are consistent and high-quality, various image-
processing techniques were applied. The second stage involves 
performing an exploratory data analysis to analyze the 
distribution of various types of skin lesions and handle class 
imbalance issues in the dataset. In the third stage, we divide our 
dataset using stratified sampling to ensure that we do not have 
any potential issues related to class imbalance in the dataset. In 
addition to this, we have also applied data augmentation 
techniques to ensure that our model is less prone to overfitting. 
For feature extraction and classification purposes, we have 
utilized different well-established pretrained CNN models. The 
efficiency of the anticipated model in terms of accuracy is 
ensured using comprehensive statistical evaluation metrics 
named ROC curve and Precision-Recall curve to understand the 
diagnostic potential of proposed model. In addition to this, this 
research have also utilized different visualization techniques 
named Grad-CAM and Grad-CAM++ to ensure transparency in 
our model’s decision-making potential. 

 

Fig. 1. Research methodology. 

1) Dataset collection: The datastet used in this study was 

downloaded from Kaggle portal [20]. The datastet contains 

HANM1000 +ISIC images with seven classes, as represented 

in Fig. 2. The per-class samples and names are shown in Fig. 3. 

The classes in the HAM10000 dataset have a significant 
class imbalance problem, meaning that some classes have a 
higher number of instances than others. In order to resolve this 
problem, a class weighting strategy was implemented in the 
training process of the model. The class weights were computed 
by utilizing a balanced class weight function from the scikit-
learn library. In this way, more importance will be assigned to 
the minority classes in the training process, and the model will 
be less biased towards the majority classes in the dataset. 

2) Data augmentation: For efficient computation, using 

ImageDataGenerator in TensorFlow/Keras, all images have 

been resized to 128 x 128 pixels and normalized between [0,1]. 

Furthermore to optimize GPU memory usage to speed up 

training process a batch size of 32 is used [21]. 

 

Fig. 2. Sample images of dataset. 
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Fig. 3. Per class samples. 

To assist the model in generalizing well and to account for 
the types of variations that are typically encountered in a 
clinical environment, extensive data augmentation strategies 
were used on the images used in training. Several types of 
transformations were randomly incorporated to create a diverse 
set of images. This included rotating images up to ±25 degrees, 
shifting images horizontally or vertically up to ±15%, zooming 
images up to ±25%, and applying a shear transformation of 0.1. 
Flipping images both horizontally and vertically was also used 
[22]. Class imbalance was addressed using class weighted loss 
strategy based on scikit’s learn’s balanced class weight 
function. 

A. Feature Extraction 

Feature extraction is a process through which images are 
transformed into a form that is easy to interpret, showing key 
features and trends in images. This process is achieved through 
convolutional neural networks in deep learning, which 
automatically learn features from images [23] [24] [25]. 

In this study, feature extraction was implemented through 
backbone CNN architecture: 

ℱ = 𝐶𝑁𝑁𝑏𝑎𝑐𝑘𝑏𝑜𝑛𝑒  (𝑋)  (1) 

where, 

• 𝑋 ∈ ℝℍ 𝑥 𝕎 𝑥3 is the input image 

• ℱ ∈ ℝℎ 𝑥 𝑤 𝑥 𝑑 is the extracted feature map 

• ℍ, 𝕎 is the input image height and width (128 x 128)  

• ℎ 𝑥 𝑤  represents the spatial dimension of feature map  

• 𝑑 denotes the number of feature channel 

The Global Average Pooling (GAP) layer converts spatial 
feature map ℱ into a compact feature vector 𝑓 ∈  ℝ𝑑: 

𝑓𝑗 =
1

ℎ.𝑤
∑ ∑ ℱ𝑖,𝑗,𝑘

𝑤
𝑘=1

ℎ
𝑖=1   ∀𝑗 = 1,2,3, … , 𝑑  (2) 

This vector is then forwarded to the fully connected layers 
for classification. 

 

Fig. 4. Parameters used for feature extraction. 

Fig. 4 represents parameters for CNN backbones to extract 
useful features for model training. The features learned by the 
network form a basis on which classification is made. The 
features allow the network to differentiate between classes in 
images. The features learned in this process are used to classify 
images into different classes. When dealing with images in a 
medical context, such as dermoscopic images, feature 
extraction is a key process in distinguishing between images 
based on their morphological differences. This enhances 
accuracy and generalization. The model uses transfer learning 
to classify images through a combination of ResNet50, 
DenseNet121, InceptionV3, and VGG16 networks, which have 
already been trained on a large number of images. 

B. Model Development 

In this study four advanced CNN architectures were 
employed as discussed below: 

1) ResNet50: This model is a 50-layer residual network, 

where skip connections are incorporated to facilitate the flow 

of information across the layers. This helps to prevent the 

occurrence of the vanishing gradient problem when training 

deep networks [26]. Fig. 5 illustrates the various parameters of 

ResNet50 architecture. 

 

Fig. 5. ResNet50 parameters. 
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2) DenseNet121: This model features a series of 

connections where each layer is connected to the previous ones. 

This allows for the effective reuse of features across the 

network, which helps to improve the flow of information [27]. 

Fig. 6 represents the architectural specifications for 

DenseNet121 model. 

 

Fig. 6. Parameters for DenseNet121 architecture. 

3) InceptionV3: This model features a multi-branch 

architecture where the image data is processed by a series of 

parallel convolutional filters. This helps to improve the features 

learned by the model by incorporating features of varying sizes 

[28]. Fig. 7 illustrates the parameters defined for InceptionV3 

model for training. 

 

Fig. 7. Architectural parameters of InceptionV3. 

4) VGG16: This model features a 16-layer convolutional 

neural network known for its simplicity and consistency. This 

model features small 3×3 filters used for convolutional 

processing. Despite its simplicity, this model has proven to be 

effective for image classification [29]. Fig. 8 shows the 

parameters such as input image size, total number of layers and 

maxpooling block. 

 

Fig. 8. Parameters of VGG16 model. 

C. Explainability and Artificial Intelligence 

Explainability in deep learning techniques is a set of 
techniques used to aid in the understanding of the decision-
making process of the model. In image classification, it is often 
done with visual attention maps, which include techniques such 
as Grad-CAM and Grad-CAM++. It helps to build confidence 
in the clinical diagnosis by providing insight into the basis of 
the model's prediction of the type of lesion. Furthermore 
confirms the model is attending to the relevant parts of the 
image, rather than the irrelevant background [30]. In this study, 
the following techniques were employed: 

1) Grad-CAM: Gradient-weighted Class Activation 

Mapping (Grad-CAM) was utilized to identify areas in each 

image that had a major influence on the predictions made by the 

model. The model focused on the final convolutional layer to 

create a heatmap highlighting important features in each image. 

2) Grad-CAM++: To obtain a precise localization of 

features, particularly in images containing small lesions or 

multiple areas of interest, Grad-CAM++ was utilized. This 

model provides a sharper and more detailed attention map 

compared to Grad-CAM. 

3) Class-wise attention maps: The average attention maps 

were generated for each class of lesions by summing up the 

output from multiple images using Grad-CAM++. This 

provided a deeper understanding of features used by the model 

to differentiate between different types of lesions [31]. 

IV. RESULTS AND DISCUSSION 

The experiment has been accompanied using Kaggle 
Notebook, and the Keras library of Python's deep learning. The 
model has been trained using a batch size of 32, and 40 epochs. 
Adam optimization has been used in the experiment, and the 
learning rate has been set to 1 x 10 -4 to ensure the efficiency of 
the model. A categorical cross-entropy has been used as the loss 
function, as it is the most appropriate function for the 
classification problem. In an effort to enhance stability in the 
training process and prevent overfitting in the model, several 
regularization techniques were added to the model. These 
included the use of Dropout layers, Batch Normalization, as 
well as an adaptive learning rate adjustment and early stopping. 
The learning rate adjustment was achieved with the 
ReduceLROnPlateau callback function, which reduced the 
learning rate by a factor of 0.3 if there was no enhancement in 
the validation loss for three consecutive epochs. Additionally, 
an EarlyStopping method was used with a patience of seven 
epochs to stop the training process if there were no 
improvements in the validation loss. 

Table I shows the division of training testing and validation 
samples. Specifically, that dataset was spilt into 70% training, 
20% testing, and 10% validation using the train_test_split 
function with a fixed random seed (random state =42) 

TABLE. I. SAMPLES DIVISION 

Training Testing Validation 

7010 2003 1002 

A. Performance Comparison of Deep Learning Models 

Table II presents a summary of the performance of several 
deep learning models on standard evaluation parameters. 
Among these models, InceptionV3 performed the best, with an 
accuracy of 76%, recall of 77%, and F1 score of 70%, although 
its precision was marginally lower at 66%. The second-best 
model was DenseNet121, which reported an accuracy of 74%, 
precision of 72%, recall of 71%, and F1 score of 71%. 
ResNet50 performed moderately well, with an accuracy of 
71%, precision of 68%, recall of 65%, and F1 score of 65%. 
VGG16, on the other hand, performed the worst, with an 
accuracy of 67%, precision of 60%, recall of 65%, and F1 score 
of 60%. The superior performance of InceptionV3 can be 
attributed to its architecture, which incorporates factorized 
convolutions and inception modules to effectively extract 
multi-scale features, thereby leading to higher accuracy and 
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recall. The dense connectivity of DenseNet121 helps it perform 
better, as it enables effective feature propagation and prevents 
vanishing gradients. Although ResNet50 is a capable model, it 
lags slightly behind InceptionV3 and DenseNet121, possibly 
because of the relatively less extensive use of feature reuse. The 
poor performance of VGG16 emphasizes the weakness of its 
simple and uniform architecture in handling complex 
hierarchical features. 

TABLE. II. PERFORMANCE EVALUATION OF DL MODELS 

DL models Accuracy Precision Recall F1 score 

ResNet50 71% 68% 65% 65% 

DenseNet121 74% 72% 71% 71% 

InceptionV3 76% 66% 77% 70% 

VGG16 67% 60% 65% 60% 

 

Fig. 9. Confusion matrix for the InceptionV3 model. 

Fig. 9 illustrates the performance of the InceptionV3 model 
over the unseen test dataset. Out of the total samples (2003), the 
model correctly classified 1527 with 476 misclassifications. 

 

Fig. 10. Confusion matrix for the ResNet50. 

Fig. 10 illustrates the performance of the ResNet50 model, 
where the model accurately predicted 1423 samples while 580 
samples were misclassified. 

 

Fig. 11. Confusion matrix for DenseNet121. 

Fig. 11 shows the performance of the DenseNet121 over test 
samples. The model rightly predicted 1463 samples from the 
total sample (2003), while 540 samples were misclassified. 

 

Fig. 12. Confusion matrix for the VGG16 model. 

Fig. 12 shows the confusion matrix for the VGG16 model, 
where out of total samples (2003) the model correctly classified 
1342 samples with 661 misclassifications. 

 

Fig. 13. Loss curve for ResNet50 model. 

Fig. 13 represents the train and validation loss. The orange 
curve depicts the validation loss while blue curve shows the 
train loss. Both losses decrease significantly during initial 
epochs but minor fluctuations were observed in validation loss, 
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around at epoch 5 the validation loss suddenly rises at peak and 
then drops. The initial drop in both training and validation loss 
suggests that the model is effectively learning relevant and 
discriminative features from the data. The slight increase in 
validation loss during the training process may be due to 
overfitting or slight oscillations in the loss due to batch-wise 
changes during the optimization process. However, as the 
validation loss eventually drops and stabilizes, it is a clear 
indication that the model has successfully regained its capacity 
to generalize. This is probably achieved through various 
regularization techniques such as dropout and learning rate 
schedules. 

 

Fig. 14. Loss graphs for DenseNet 121. 

Fig. 14 shows the train and validation loss for the 
DenseNet121 model. The train loss decreases from a loss value 
of 1.8 during initial epochs, while the validation continuously 
fluctuates. When reaching at epoch 4, the validation loss 
overlaps train loss. The gradual decrease in the training loss 
indicates that the optimization is going on well and the 
gradients are flowing well in the network, which can be credited 
to the dense connections in the DenseNet121 model. At around 
epoch 4, the training and validation loss curves are almost the 
same, which indicates that the model is generalizing well at this 
stage. 

 

Fig. 15. Loss curves for InceptionV3 model. 

Fig. 15 shows the train and valid loss generated by 
InceptionV3 model. During initial epochs, the train loss 
decreases, however, when reaching around epoch, 10 minor 
fluctuations were observed. The validation drops from a loss 
value of 1.25, but continuously fluctuates and remained within 
loss value (1). The steady reduction in the training loss over the 

first few epochs signifies that the InceptionV3 model is 
effectively learning features and converging. The minor 
oscillations in both the training and validation loss can be 
attributed to batch-wise differences and the model’s adjustment 
to the complexity of multi-class lesion features. The fact that 
the validation loss is more or less steady at 1 indicates that the 
model is maintaining its generalization capabilities well and not 
overfitting much, which is probably aided by regularization 
techniques and the inception modules in the model that are 
efficiently extracting multi-scale information from the lesions. 

 

Fig. 16. Loss curve for the VGG16 model. 

The loss curve of training and validation of the VGG16 
model is shown in Fig. 16. Its loss during the training decreases 
gradually, starting with a level of about 2, showing that the 
model is learning the feature representations. However, the 
validation loss varies erratically, peaking at 5 and showing 
periodic peaks and troughs at around epoch 5 and later epochs. 
The erratic validation loss shows that VGG16 is not 
generalizing well on this data. This is because VGG16 is a 
shallow and sequential model, which is not good at representing 
complex multi-scale features compared to other models like 
ResNet50 or InceptionV3. The periodic peaks in the validation 
loss could also be due to batch variations and early stages of 
overfitting. However, the steady drop in the training loss shows 
that the model is still learning good features, even if it is not 
generalizing well. 

B. Explainability Analysis Using Grad-CAM++ 

Fig. 17 shows Grad-CAM++ results for two dermoscopic 
images of melanocytic nevi (nv). For the left image, the 
prediction confidence of the model was relatively low, at 0.33, 
and the Grad-CAM++ results show broad, diffuse areas in the 
image and the surrounding skin. On the other hand, the Grad-
CAM++ results for the right image show that the prediction 
confidence was relatively high, at 0.77, and the attention was 
focused on the lesion, demonstrating that the model was 
successful in identifying the most discriminative features. The 
Grad-CAM++ results are based on the computation of the 
weighted sum of the positive gradients in the last convolutional 
layer, resulting in class-specific localization maps that show the 
areas that the CNN uses to make the prediction. The difference 
in the attention distribution in the Grad-CAM++ results for the 
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two images demonstrates the potential of Grad-CAM++ to 
show the confidence of the CNN in its prediction and to provide 
insights into the CNN’s prediction process for the lesion 
regions in the images. 

 

Fig. 17. Correct classification. 

Fig. 18 shows Grad-CAM++ attention maps for two 
dermoscopic images that the model incorrectly classified. On 
the left, the model incorrectly classified the dermoscopic image 
as melanoma (mel, 0.49) when in fact it should have been 

classified as melanocytic nevus (nv). On the right, the model 
incorrectly classified the dermoscopic image as a benign 
keratosis-like lesion (bkl, 0.73) when in fact it should have been 
classified as melanoma (mel). 

 

Fig. 18. Missed classification. 

 

Fig. 19. Class-wise average attention maps. 

Fig. 19 shows the class-wise average attention maps 
obtained using Grad-CAM++ for seven classes of skin lesions: 
akiec, bcc, bkl, df, mel, nv, and vasc. These attention maps help 
identify the regions of interest in the input images that the CNN 
uses for prediction in each class. The hotter colors, such as red 
and yellow, in the attention maps represent regions of high 
attention, while the cooler colors, such as blue, represent 
regions of low attention in the input image. For instance, the 
attention maps for mel and nv classes have elongated attention 
regions in the central part of the lesions, indicating that the 
model is considering larger regions of the input image for 
making predictions. On the other hand, the attention maps for 
bcc and akiec classes are more focused, indicating that 
predictions for these classes are made using localized features. 
Grad-CAM++ is an improvement over Grad-CAM because it 
uses higher-order gradients. This improvement enables the 
CNN to better focus on localized regions of importance, even if 
there are multiple instances or fine details in the image. 

Consequently, the CNN can better identify the importance of 
the features that are driving its prediction. 

C. Comparative Analysis 

Comparison of the performance of models is one of the 
objectives of this study to select the best-fit model. 

Fig. 20 shows the ROC curve analysis for all the models that 
were evaluated. The ROC curve analyze the true positive rate 
against the false positive rate for different thresholds. The AUC 
value is a measure of the model’s capability to assign higher 
scores to positive instances than to negative instances 
InceptionV3 had the highest AUC value of 0.967, which is the 
best discriminative capability. DenseNet121 had the second-
best discriminative capability with an AUC value of 0.962, 
followed by ResNet50 with an AUC value of 0.956 and VGG16 
with an AUC value of 0.938. InceptionV3’s high AUC value 
can be attributed to its deeper architecture and inception 
modules that are efficient in capturing multi-scale features and 
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improving class separation. DenseNet121’s good performance 
can be attributed to its dense connections that help in improving 
the flow of gradients and reusing features. Although ResNet50 
and VGG16 are still good models, their lower AUC values 
imply slightly lower discriminative capabilities. 

 

Fig. 20. ROC curve for all models. 

Fig. 21 shows the comparison of all models based on their 
accuracy. InceptionV3 had the highest accuracy of 76%, 
followed by DenseNet121 with an accuracy of 74%, and then 
ResNet50 with an accuracy of 71%. The lowest accuracy was 
shown by VGG16, which only managed 67% accuracy. The 
differences in accuracy rates indicate the pros and cons of each 
model’s architecture and its ability to extract features. 
InceptionV3 has the advantage of inception modules that apply 
multi-scale convolutional filters to effectively capture a broad 
range of lesion patterns. 

 

Fig. 21. Comparative analysis. 

V. DISCUSSION 

Table II presents a summary of the performance of the 
tested CNN architectures on the various evaluation metrics. 
Among the architectures, InceptionV3 recorded the highest 
accuracy of 76%, recall of 77%, and F1-score of 70%, albeit a 
slightly lower precision of 66%. The second best architecture 
was DenseNet121, which recorded an accuracy of 74%, 

precision of 72%, recall of 71%, and F1-score of 71%. 
ResNet50 recorded a moderate performance with an accuracy 
of 71% and F1-score of 65%, while VGG16 recorded the lowest 
performance on all metrics, with an accuracy of 67% and an F1-
score of 60%. The high performance of InceptionV3 is due to 
its factorized convolutions and inception modules, which are 
highly efficient in capturing multi-scale features and improving 
discriminative capabilities. The high performance of 
DenseNet121 is due to its dense connectivity, which enables 
feature reuse and prevents vanishing gradients. Although 
ResNet50 performed well, it is slightly less effective due to 
limited feature propagation, while VGG16’s shallow and 
uniform architecture is highly ineffective in modeling complex 
hierarchical features, hence its low performance. 

The best performance was obtained by InceptionV3, which 
can be attributed to its inception modules and factorized 
convolutions that help it to extract features at varying scales in 
skin lesions. DenseNet121 also performed well, owing to its 
dense connections that facilitate feature reuse and help 
gradients flow more freely through the network. ResNet50 
produced moderate results, as it has limited feature propagation 
compared to DenseNet121. VGG16 produced the poorest 
results, as it has a limited depth compared to other models, 
making it difficult to extract features at varying scales in skin 
lesions. 

In the past few decades, advanced deep learning models 
were explored for skin cancer detection by utilizing models 
such as EfficientNet, Vision Transformers, as well as hybrid 
models using CNNs and Transformers. Most of these studies 
have achieved classification accuracy rates of more than 90% 
using the HAM10000 dataset. In contrast, the present study 
compares various architectures. Another important aspect of the 
current study is the focus on the interpretation of the models’ 
predictions, using the Grad-CAM and Grad-CAM++ methods, 
which is an important consideration in terms of trust in the 
models’ predictions, especially in a clinical setting. 

The confusion matrices (Fig. 9 to Fig. 12) depicts the 
performance of models over testing samples. InceptionV3 
accurately classified 1,527 out of 2,003 test samples with 476 
misclassifications (Fig. 9), indicating high discriminative 
ability. ResNet50 and DenseNet121 accurately classified 1,463 
(540 misclassified) and 1,423 (580 misclassified) samples, 
respectively (Fig. 10- Fig. 11), while VGG16 accurately 
classified only 1,342 samples with 661 misclassifications 
(Fig. 12), indicating its poor generalization and feature 
representation capabilities. 

The training and validation loss plots (Fig. 13 to Fig. 16) 
further confirm performance. For ResNet50 (Fig. 13), both 
training and validation losses started decreasing with minor 
fluctuations, indicating efficient convergence and 
generalization, facilitated by dropout and learning rate 
scheduling. For DenseNet121 (Fig. 14), the training loss 
remained stable, while the validation loss overlapped around 
epoch 4, indicating high generalization ability due to dense 
connections. For InceptionV3 (Fig. 15), the training loss 
remained stable with minor fluctuations in validation loss, 
indicating efficient multi-scale feature extraction and 
generalization. In contrast, VGG16 (Fig. 16) showed unstable 

71%

74%

76%

67%

62%

64%

66%

68%

70%

72%

74%

76%

78%

ResNet50 DenseNet121 InceptionV3 VGG16

Comparison of Performance of Model -

Accuracy



(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 17, No. 3, 2026 

435 | P a g e  
www.ijacsa.thesai.org 

validation loss with frequent peaks, indicating high overfitting 
and poor generalization, as expected due to its shallow 
architecture. 

The training and validation loss curve provides valuable 
insight into the performance of the models according to their 
ability to generalize. The low difference in the training and 
validation losses indicates that there was little room for 
overfitting and that the training process was stable. Moreover, 
to improve the robustness of models, data augmentation, early 
stoppage, and learning rate have been employed. 

The integration of (XAI) techniques further helps to 
understand the interpretability of the models. The Grad-
CAM++ attention maps (Fig. 17 to Fig. 19) demonstrate that 
the models are able to precisely attend to lesion-specific areas 
for correct predictions, while the misclassified images 
demonstrate general or incorrect attention patterns, pointing to 
areas of failure of the model. Class-wise average attention maps 
(Fig. 19) indicate the attention patterns vary across lesion types, 
with broader regions for melanocytic nevi (nv) and melanoma 
(mel), localized regions for basal cell carcinoma (bcc) and 
actinic keratoses (akiec).  These results clearly show the ability 
of XAI techniques to improve clinical trust by providing visual 
explanations of the model’s predictions. 

Grad-CAM and Grad-CAM++ visualization also supported 
this, as it indicated that the models that produced better results 
paid more attention to the most important parts of the lesions, 
which indicates a strong correlation between model 
architecture, feature extraction, and accuracy. 

ROC curve analysis (Fig. 20) verifies the discriminative 
power of the models. InceptionV3 had the highest AUC value 
of 0.967, followed by DenseNet121 (0.962), ResNet50 (0.956), 
and VGG16 (0.938), which emphasizes the superiority of 
deeper models and multi-scale feature extraction for 
discrimination. Accuracy comparison analysis (Fig. 21) also 
validates the same, ranking InceptionV3 as the best-performing 
model, followed by DenseNet121 and ResNet50, while VGG16 
is the worst-performing model. 

These findings collectively stress the importance of model 
architecture in both predictive accuracy and generalization. The 
integration of XAI methods enables the extraction of clinically 
important features, improving interpretability and facilitating 
the successful implementation of skin cancer diagnostic 
systems using deep learning models. 

A. Practical Implications 

The outcomes of this research have several key implications 
for practical applications in the field of dermatology. Firstly, 
the potential exists for high-performing models such as 
InceptionV3 and DenseNet121 to serve as a trustworthy 
decision-support system for dermatologists, enabling early 
detection and correct classification of skin lesions while 
possibly minimizing the occurrence of diagnostic mistakes. 
Secondly, the application of Explainable AI methods enables 
visual interpretation of model predictions, enabling 
dermatologists to confirm whether the model is concentrating 
on medically significant skin lesion areas instead of 
unnecessary artifacts, which could enhance AI-assisted 
decision-making. 

B. Limitations 

Nevertheless, the study also has some limitations. The 
models were trained and tested mainly on the HAM10000 
dataset, which could limit their ability to generalize to images 
from other populations, devices, or settings. Moreover, the 
approach is based solely on dermoscopic images and excludes 
patient-specific clinical data, such as age, gender, or lesion site, 
which could further improve diagnostic performance and 
enable more accurate diagnostic model. 

However, it should be noted that although this work has 
analyzed the application of transfer learning with various 
architectures for CNNs, more recent architectures such as 
transformer models or hybrid models combining convolutional 
and transformer architectures were not included in this study. 
Another limitation is that although this study has proposed 
models that were implemented and tested in a controlled 
experimental environment, it should be noted that these models 
have not yet been tested in a real-world clinical environment. 
Other potential improvements may come from future 
experiments that include more recent and more powerful deep 
learning architectures to improve diagnostic accuracy. 

VI. CONCLUSION 

This study presented a novel deep learning approach for 
multi-class skin lesion classification on the HAM10000 dataset. 
Various advanced CNN models, such as InceptionV3, 
DenseNet121, ResNet50, and VGG16, were fine-tuned and 
compared using a comprehensive comparative study. The 
InceptionV3 performed achieved the highest accuracy of 76% 
and an ROC-AUC value of 0.967. While the DenseNet121 and 
ResNet50 attained moderate performance, however, VGG16 
performed relatively poor. The results clearly indicate that 
deeper networks with multi-scale feature extraction and 
enhanced gradient flow are more adept at handling complex 
lesion characteristics. 

In addition to evaluating performance, this study also 
tackled the critical aspect of interpretability by incorporating 
(XAI) approaches, such as Grad-CAM, Grad-CAM++, and 
class-wise attention maps. These approaches allowed for the 
visual interpretation of the decision-making process of the 
models by pointing out the regions of the lesions that 
contributed to the classification results. This approach also 
enables to identify the areas of the skin lesions that were 
contributing the most to the predictions made by the models, 
which was important in the early diagnosis and accurate 
classification of skin cancer cases. 

Collectively, these results illustrate that the integration of 
advanced CNN models with interpretability methods can lead 
to the development of a strong and practical automated system 
for skin cancer diagnosis. 

Future studies would evaluate model on larger datasets that 
include patients from different ethnic backgrounds. This would 
not only help in validating the system’s generalization 
capabilities but also increase confidence in its effectiveness in 
a real-world environment. By using both visual and clinical 
information through multimodal deep learning approaches, it 
may be possible to develop a more comprehensive and 
informed decision-making system. 
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