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Abstract 

Skin cancer is a significant global health concern, where early and accurate detection is 

important for supporting effective treatment and improving patient outcomes. To perform 

manual examination of the skin lesions is time consuming and could rely significantly on clinical 

expertise, which may lead to the need of computer aided approaches helping to classify skin 

lesions. In this study, an automated, DL approach to classifying dermoscopic skin images as 

benign or malignant is proposed. In this research, a publicly available Kaggle skin cancer dataset 

was used, containing 3600 images with labels, half of which were malignant and the other half 

were benign. The data set was split into 70% training, 15% validation and 15% testing sets. The 

input images were preprocessed and enhanced using image processing and augmentation 

techniques to standardize images, enhance the diversity of training samples, and enhance model 

generalization. Transfer learning was explored in four different pretrained convolutional neural 

network (CNN) architectures. The models were trained under similar experimental conditions 

analysis were used for the evaluation. Of the evaluated architectures, MobileNetV2 had the best 

overall classification performance with an accuracy of 91.11%. The accuracy of DenseNet201 

was 88.06%, higher than that of ResNet50V2 (86.81%) and Xception (85.83%). To explore the 

learning behavior of the models, training and validation accuracy and loss curves were also 

analyzed, in addition to the quantitative evaluation. Furthermore, an explainable artificial 

intelligence method named Grad-CAM was added to visualize the image regions that the model 

relied on to make its prediction, thus gaining another insight into the model's decision-making 

behavior of the CNN architectures. The results show that both the CNN architectures used for the 

experiment and the automated classification of skin lesions using them are effective, and the 

MobileNetV2 performs the best in the experimental framework of this study. The proposed 

framework can serve as a foundation for the development of efficient and interpretable 

computer-aided skin lesion classification systems. 

Keywords: Skin Cancer Classification, Deep Learning (DL), Convolutional Neural Network 

(CNN), Transfer Learning,  MobileNetV2, ResNet50V2, Xception, DenseNet201,  Dermoscopic 

Images, Explainable Artificial Intelligence (XAI), Grad-CAM , Medical Image Classification. 

Introduction 

Skin cancer is one of the most prevalent cancer types in the world, and is a significant issue in 

health globally. The International Agency for Research on Cancer (IARC) estimates that in 

2022, over 1.5 million new cases of skin cancer were diagnosed worldwide, with about 58,667 
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people dying from the disease as a result. The International Agency for Research on Cancer 

(IARC) estimated that in 2022, there were more than 1.5 million new cases of skin cancer glob-

ally, with approximately 58,667 deaths attributed to the disease Desale & Patil, (2023). The sig-

nificance of early and accurate detection of skin lesions is illustrated by these figures. It's im-

portant to remember that melanoma can grow quickly (Ahona et al., 2026), and that it's the dead-

liest type of skin cancer, especially because of these factors Ashraf et al., (2020). While visual 

examination of the lesion is important, dermatologists also use dermoscopy to examine suspi-

cious lesions, and dermoscopy images can be challenging to interpret due to the vast variation in 

colour, shape, size, texture, borders, and internal structures of the lesions. These image artefacts 

(hairs, reflections and irregular lesion margins) may further complicate the diagnosis Jones et al., 

(2022).  

AI and DL have emerged as promising tools to assist in identifying skin diseases (Taj et al., 

2025), with a specific focus on skin lesion classification. The advancements of AI (Tauseef, 

Jamal, Naseer, Mahmud, et al., 2026), especially DL, have opened up novel possibilities for 

computer-aided skin disease classification, particularly for skin lesion classification Inthiyaz et 

al., (2023). While conventional machine learning algorithms (Nasim et al., 2023) require features 

to be carefully designed by humans to be relevant to the problem, CNNs can extract such fea-

tures directly from the images(Jamal et al., 2025). The benefits of transfer learning in medical 

image classification lie in the fact that when there is no need for extremely large labelled medical 

datasets, pre-trained CNN models can effectively represent the images Arooj et al., (2022). 

While the potential of pretrained CNN architectures for skin lesion classification has been 

shown, the dataset, preprocessing, CNN architectures, and evaluation methods are different, 

making comparisons difficult (Tauseef, Jamal, Naseer, Akbar, et al., 2026). Although the models 

have good predictive performance, DL models are deemed “black-box” systems which do not of-

fer much information regarding how each prediction is generated (Smak Gregoor et al., 2023). In 

medical contexts, for example, this limitation is significant as it enables clinical validation and 

enhances the trust placed in AI-driven systems by understanding the system's foundation for 

making an automated prediction.  

Explainable AI (XAI) methodscan help solve this problem by offering insights into the charac-

teristics or areas of the image that affect the model's decisions (Jamal et al., 2026). In medical 

image classification, visual explanations are especially useful to researchers for studying if the 

models are focused on clinically meaningful areas Dildar et al., (2021). One of the most common 

CNN prediction interpretation methods is called Grad-CAM. It generates a heatmap of image re-

gions that help make a model's decision, using gradients from a target class (Lembhe et al., 

(2023). Grad-CAM can thus be applied to examine both accurate and incorrect predictions and 

whether the model is concentrating on the lesion or maybe maybe irrelevant areas. The classifi-

cation accuracy along with the visual explanations gives a holistic perspective of the DL systems 

for skin lesion analysis Tahir et al., (2023).  

The goal of this study is to create a DL framework capable of distinguishing between benign and 

malignant skin lesions from a publicly available skin lesion dataset with 3,600 images, 1,800 of 

which are benign and 1,800 malignant Riaz et al., (2023). The dataset is split into training, vali-

dation and test sets and preprocessing and image augmentation are performed to make images 

more consistent in the training set and varied in the training set. Transfer learning is applied to 

four pretrained CNN architectures Goyal et al., (2020). These models are different architectural 
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designs and can be used to compare the performance of the designs under the same experimental 

conditions(Jamal et al., 2024). The accuracy and loss curve during training and during validation 

is also analysed in order to study the behaviour of the model learning. Furthermore, Grad-CAM 

is used to provide visual explanations for correctly and incorrectly classified images Malik et al., 

(2023). This approach will not only allow for the assessment of classification accuracy but also 

for the assessment of the regions of the images that are predicted by the model Ali et al., (2022). 

The primary contribution of this study is the comparative analysis of four different pretrained 

CNN architectures in a uniform experimental setup with Grad-CAM interpretability analysis. 

The results demonstrate that the MobileNetV2 model has the highest accuracy of 91.11%, fol-

lowed by DenseNet201 with 88.06%, ResNet50V2 with 86.81% accuracy, and Xception with 

85.83% accuracy Bansal et al., (2022). The results show that the light-weight MobileNetV2 net-

work can achieve competitive results for the selected skin lesion classification task and can facil-

itate visual interpretation of the predictions Shetty et al., (2022). 

The rest of this paper is structured as follows: The related work on DL and explainable artificial 

intelligence related to skin lesion classification is presented in section 2. Proposed methodology 

is detailed in Section 3, comprising of dataset preparation, dataset preprocessing, data augmenta-

tion, model architectures, training and evaluation metrics. The experimental results are given in 

Section 4, which contain confusion matrices, learning curves, comparison plots and Grad CAM 

visualisations. The conclusion of the study and future directions for research are provided in Sec-

tion 5, which also points out limitations. 

Literature Review 

In recent years, DL and explainable (XAI) have been employed to automate the skin lesion and 

skin cancer classification. Such methods not only seek to enhance the diagnosis functionality, but 

also to make the model's prediction processes transparent (Jamal et al., 2022). The literature has 

explored various pretrained CNN architectures, data augmentation and explanation methods like 

Grad-CAM and SHAP. In recent years, the field of automated skin cancer detection has made 

significant progress with the use of hybrid DL, handcrafted feature integration and transformer-

based architectures(Ahmad et al., 2024). Ibraheem et al. (2024) analyzed the use of machine 

learning to detect skin cancer and found a combination of ResNet-50, DenseNet and GoogleNet 

to achieve an accuracy of 97.48% on images of the ISIC database. Naeem et al. (2024) suggested 

SNC_Net, a hybrid system combining handcrafted and DL features for skin cancer detection. 

With ISIC 2019, their combination of obtained an accuracy of 97.81%, which shows the ad-

vantages of using complementary representations of features. Later studies have worked on mul-

ticlass classification and the use of sophisticated DL designs.  

Ilyas et al (2025) conducted a comparison of ResNet-50, DenseNet, VGG16 and InceptionV3 for 

the classification of seven skin cancer types on the HAM10000 dataset with accuracy of 92.5%. 

In a similar study, Nawaz et al. (2025) focused on CNN-based detection of skin cancer from the 

images of HAM10000, and found a 96% accuracy rate with models architectures. The results 

clearly show the effectiveness of transfer learning and CNN-based methods in the classification 

of dermoscopic images with multiple classes. Additionally, Adablanu et al., (2026) investigated 

the fusion of CNN and Transformer model for skin cancer detection and achieved 94.1% accura-

cy for HAM10000 by using Vision Transformer (ViT), CNN and LSTM model. All these studies 

suggest that hybrid architectures and feature integration can yield a high classification accuracy, 
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but at the same time may also demand higher computational effort. Thus, it is still relevant to 

compare the performance of lightweight pre-trained CNN architectures within a uniform experi-

mental setup, especially if one takes into account the interpretability of the networks using meth-

ods like Grad-CAM. 

The skin cancer classification was performed by Mahmud et al., (2023) who tested four pre-

trained DL models. To promote generalization and tackle imbalance across the classes, image 

augmentation was performed and to enhance the transparency of the model, the XAI techniques 

were integrated. The overall highest accuracy result was obtained with a combination of transfer 

learning and explainability, which was realized by the XceptionNet with 88.72%. The authors al-

so called for more samples of the malignant lesions to further increase the accuracy of the mod-

els. Gamage et al. (2023) explored the classification of melanoma in the HAM10000 dataset with 

the Xception network. The model was then fine-tuned using bayesian hyper parameter optimiza-

tion to reach the accuracy of 90.24%. The study also included Grad-CAM and Grad-CAM++ to 

provide visual heat maps of the image areas that were important for the model's predictions. 

Such explanations illustrated the effectiveness of using visualization techniques in dermatologi-

cal classification using CNN. Mridha et al. (2023) proposed the CNN optimized classification 

system that classifies seven different types of skin cancer in the HAM10000 dataset. Various ac-

tivation functions and optimization algorithms were explored, and Grad-CAM and Grad-CAM++ 

were applied to enhance the interpretability. The proposed approach was able to achieve an accu-

racy of 82%.  

The study highlighted the need for more research into the quality of explanations and clinical 

characteristics, such as the ABCD rule, to enhance the accuracy of XAI-supported diagnostic 

systems. Ahmad et al. (2023) have suggested a framework with the fusion of techniques: data 

augmentation, transfer learning, feature fusion, optimization, and XAI. For ISIC 2018 and 

HAM10000, Xception and ShuffleNet were applied and Grad-CAM was used to visualize the 

important regions of the image. The framework achieved accuracies of 99.3% on ISIC 2018 and 

91.5% on HAM10000. The findings showed good results, but the authors indicated that more 

computational resources would be needed and recommended further testing with other datasets 

and optimizations. Rehman et al. (2022) explored two tweaked versions of MobileNetV2, 

DenseNet201 on skin lesion classification with benign and malignant classes. Both pretrained ar-

chitectures had 3 extra convolutional layers added to them. The accuracy of the modified 

DenseNet201 was 95.50%, with sensitivity of 93.96% and specificity of 97.03% compared with 

the other models pretrained.  

The study showed that by optimizing the pre-designed CNN structures, the accuracy of skin le-

sion classification can be further improved, but the structure of the model is also getting more 

complex. Chowdhury et al. (2021) investigated how DL features relate to clinical diagnostic fea-

tures in skin lesion classification. CNNs, spatial self-attention, and attention-based activation 

models were compared to models that included clinical features of ABCD. The custom CNN + 

CAM system achieved 82.7% accuracy on HAM10000. This study emphasized the need to con-

sider image-level features as well as clinically meaningful features when assessing the accuracy 

of automated diagnostic models. Wang et al. (2022) proposed a new multimodal convolutional 

neural network (IM-CNN) by combining the skin lesion images, metadata, and features extracted 

based on the domain information. To explain the predictions based on images and metadata, 

SHAP and Grad-CAM were used. The proposed architecture was able to attain accuracy of 
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95.1% on HAM10000, showing the potentiality of using multimodal information along with ex-

plainability.  

In this work the MobileNetV2, ResNet50V2, Xception and DenseNet201 architectures are com-

pared on the same framework for preprocessing, training and testing. In addition, Grad-CAM is 

used to analyze the prediction of the model and the region of the image that is involved in the 

decision of the classification Mo et al., (2026). This quantitative performance assessment, along 

with the visual interpretability, has filled a gap in the existing literature, and offered a more ho-

listic evaluation of the DL  model used for benign and malignant skin lesion classification.  

Proposed Methodology 

The proposed DL framework for binary skin lesion classification is shown in Fig. 1. The frame-

work is composed of six stages, namely, image preprocessing, model selection, model customi-

zation, model training, classification and performance evaluation.  

 To ensure uniformity of the input data for the DL models, it is necessary to preprocess der-

moscopic images at first. The images are resized to 224 x 224 x 3 pixels and are made stable 

for training by normalizing. In addition, data augmentations are used to enhance the image 

diversity and prevent overfitting. The prepared dataset is then split into train, validation and 

test sets.  

 Four convolutional neural network (CNN) architectures are chosen for comparison. The 

models are based on transfer learning, where the models are pre-trained using weights learnt 

to recognise images in the ImageNet data set. They learn feature representations that enable 

the models to identify relevant visual features from dermoscopic images while alleviating the 

need to train a deep network from scratch.  

 To use each pre-trained architecture for the binary classification task, the original classifica-

tion layers are replaced by a pre-designed classification head. The head is a 2D Global Aver-

age Pooling layer, followed by a dense layer with 512 neurons and ReLU activation, a drop-

out layer with a rate of 0.5 and an output layer with two neurons and a Softmax activation. 

The output layer outputs the image label, which in this case, is either benign or malignant.  

 The customized models are optimized with the Adam algorithm and learning rate of 0.0001, 

and a batch size of 32. The models are trained 70 times with the loss function as categorical 

cross-entropy loss.  

 To investigate the learning behaviour and generalization of every model, performance is 

monitored during training, and the performance is validated. The models are then used for 

classification of test images that were not used in training. The evalution matrix are used to 

measure the performance of the four models.  

Further, training and validation accuracy and loss curves are studied to evaluate model conver-

gence and possible overfitting or underfitting of the model. The overall flow is shown in Figure 1 

and the key steps of the proposed methodology are summarized. 
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Figure 1: Proposed Method for Skin Cancer Detection 

Dataset and Data Processing 

Creating a suitable dataset and effective data pre-processing plays an important role in building 

reliable DL models for skin lesion classification. A publicly accessible skin cancer dataset was 

used in this study from Kaggle Fanconic. (2022). The images are dermoscopic images with two 

classes: Benign and Malignant. The reasons for its selection included a class distribution that 

was roughly equal, an appropriate number of labeled images, and its relevance to skin cancer 

classification studies. The dataset contains 3600 images, 1800 benign (50%) and 1800 malignant 

(50%) images as shown in Table 1. The distribution is balanced, which minimizes the impact of 

class imbalance in model training, and offers a suitable basis for binary classification. 

Table 1:  Brief description of dataset 

Category  Images 

Benign 1800 

Malignant 1800 

Sum  3600 

All the images were prepared in the same size and format for model training, which was done by 

pre-processing the images. All images were resized to 224 x 224 x 3 pixels (224 x 224 x 3 colour 

channels) as the original images had varying sizes and appearance. Such an input size can be 

used with the chosen pretrained CNN architectures and the amount of computation is decreased, 

while maintaining relevant visual information.  



 

 

404 
 

Online ISSN: 3006-8886 
Print ISSN: 3006-8878 

 
 

The pixel values have also been normalized to ensure a consistent distribution of the data fed into 

the model during its training and to ensure stability in the training process. A random subset of 

the data is illustrated in Figure 2, which displays some example benign and malignant skin lesion 

images. The samples show visual differences between classes, such as lesions colour, shape, tex-

ture and border characteristics.  

 

Figure 2: Random Sample of Trained Dataset 

The training images were augmented with data to enhance the diversity of the data set and pre-

vent overfitting. Even though there is equal number of benign and malignant images in the da-

taset, augmentation is still crucial as DL models can memorize the training samples if there is not 

enough diversity in the images. During the augmentation process, new images that are similar to 

the original images are created but the classes of the original images are not changed.  

The image shifting, shearing, horizontal flipping, vertical flipping, zooming, and appropriate fill 

modes were the augmentation methods used in the present study. These transformations produce 

variations that could happen in real-world dermoscopic images and make the models learn more 

about features related to the lesion instead of specific orientations or locations on the image. On-

ly the training images were augmented, validation and test images were not altered but only the 

necessary pre-processing steps were applied. This is to prevent that artificial images do not affect 

the evaluation results. Resizing, normalization and augmentation give a standardized input pipe-

line for the four different CNN architectures evaluated: MobileNetV2, DenseNet201, Xception 

and ResNet50V2. The pre-processing steps are used to enhance the generability of the model and 

to create a consistent experimental setting to compare the selected architectures. 
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Figure 3: Number of Skin Cancer Cases 

Classification 

The classification stage involves using the trained DL models to differentiate between benign 

and malignant skin lesions. In this study, four pre-trained CNN architectures have been tested 

with the same experimental setup. The preprocessed and enhanced dermoscopic images were fed 

to the models which generated predictions for the two target classes. They were tested for their 

classification ability with the help of confusion matrix, training accuracy, training loss, valida-

tion accuracy and validation loss curve. These visualisations give additional information on the 

final predictions made by these models and the learning behaviour of the models. 

MobileNetV2 

MobileNetV2 is a simplified CNN network structure, which can provide efficient image classifi-

cation, while having relatively low computation complexity. It adopts depthwise separable con-

volutions and inverted residual structures to limit the number of operations in the network while 

maximizing the extraction of features. The characteristics of MobileNetV2 make it suitable for 

applications that demand a compromise between classification accuracy and speed. In this study, 

the pretrained MobileNetV2 was fine-tuned for binary skin lesion classification. The model was 

given the resized, normalized and enhanced images, and it learned visual features of benign and 

malignant lesions. 

 

Figure 4: Confusion matrix of the MobileNetV2 

The confusion matrix displays the model's predictions on independent test set. The diagonal en-

tries are those images that are correctly classified, and the off-diagonal entries are misclassified 
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images. This matrix gives an overview of the model's distinguishing capabilities of benign and 

malignant lesions and the distribution of the classification errors that occur. The training and val-

idation accuracy and loss curves of the MobileNetV2 model are shown in the figure below.The 

training and validation accuracy and loss curves of the MobileNetV2 model are presented below.  

  
Figure 5: Accuracy and loss curves of MobileNetV2 model 

The learning behaviour of MobileNetV2 as a function of the number of training epochs is shown 

in the training and validation curves. The accuracy curves give information about how well the 

classifications change and the loss curves give information about how the prediction error 

changes. A comparison of training and validation performance can offer an idea of model con-

vergence, stability and generalization. The confusion matrix and learning curves are taken to-

gether to give a holistic picture of the performance of MobileNetV2. 

ResNet50V2 

ResNet50V2 is a deep residual CNN architecture, which incorporates the residual connections to 

make deep network learning easier. These connections enable the model to learn more efficiently 

complex hierarchical image features by allowing the passing through the network of information 

and gradients. A deep residual network (ResNet50V2) was chosen to test a deep residual net-

work for the classification of skin lesions for benign and malignant skin lesions. The same pre-

processing, augmentation and training procedure was used to train the model as was done for the 

other architectures. This provided an equal footing.  

 

Figure 6: Confusion matrix of the ResNet50V2 model 
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The confusion matrix is a summary of the classification result of ResNet50V2 on the test data. 

The diagonal cells show correct predictions, while the cells off the diagonal show incorrect pre-

dictions. The matrix is also used to study the performance of the class and to compute measures 

like sensitivity and specificity. 

  
Figure 7: Accuracy and loss curves of ResNet50V2 model 

The accuracy and loss curves show the performance of ResNet50V2 during the training process. 

Training curves show how the model learns as it trains, and validation curves give information 

about how well it generalizes to the validation data it never saw during training. These curves, 

along with the confusion matrix, give a general idea of the stability of the model's learning and 

classification behaviour. 

Xception 

Xception is a CNN architecture that uses depthwise separable convolutions. The spatial feature 

learning and channel-wise feature processing are decoupled in Xception, allowing it to capture 

fine-grained visual features with less computational redundancy than traditional convolutional 

layers. The same binary skin lesion classification task was used in this study with the pretrained 

Xception model. 

 

Figure 8: Confusion matrix of Xception model 

The confusion matrix shows how many Xception predictions are correct and incorrect for the be-

nign and malignant lesions. Diagonal elements are those that are correctly classified, off-
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diagonal elements are those that are incorrectly classified. It is a visualisation to help identify the 

model's performance of separating the two classes. 

  
Figure 9: Accuracy and loss curves of Xception model 

The  curves demonstrate the learning of Xception during the model training and validation. The 

accuracy curves reflect the change in classification accuracy, while the loss curves reflect the 

change in the prediction error. These results are used to validate the accuracy of the representa-

tions learned by generalizing from the training set to the validation set. The confusion matrix and 

learning curve thus complement each other with regard to Xception, as the former is descriptive 

of the final test prediction, while the latter is descriptive of the training process. 

DenseNet201 

DenseNet201 is a deep CNN with dense connections between layers. All the layers pass infor-

mation about features to the layers above them, which leads to re-use of features and help to 

propagate the information up the network. This architecture can be trained to learn detailed im-

age representations and thus is appropriate for image classification applications with fine-grained 

differences in lesion classes. For pretrained DenseNet201, the fine-tuning was performed for bi-

nary classification of benign and malignant skin lesions with the same experimental procedure as 

the other models. The inclusion enabled comparison of the effectiveness of dense feature connec-

tivity with the residual and depthwise-separable architectures. 

 

Figure 10: Confusion matrix of the DenseNet201 model 
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The DenseNet201 model was tested on the skin cancer dataset with a confusion matrix as shown 

in Figure 11.The test result of the DenseNet201 model for skin cancer classification has been 

shown in figure 11 as a confusion matrix. The DenseNet201 confusion matrix is a summary of 

the independent test set predictions by the model. Samples correctly classified are displayed as 

diagonal elements and samples classified wrong are displayed as off-diagonal elements. The ma-

trix gives the idea about the capacity of model to classify the benign and malignant lesions.  

  
Figure 11: Accuracy and loss curves of DenseNet201 model 

The following accuracy and validation loss curves show an overview of the learning behaviour 

of DenseNet201 during the training process. The accuracy curves represent the change in accura-

cy of classification, and the loss curves represent the change in prediction error. The validation 

performance shows an indication of the generalization ability of the model and is used in addi-

tion to the results from the test confusion matrix. Overall, the four CNN architectures provide 

different approaches to feature extraction and representation learning. MobileNetV2 emphasizes 

the computational efficiency, ResNet50V2 is based on residual learning, Xception is based on 

depthwise separable convolutions, and DenseNet201 is based on dense feature connectivity. 

Comparative Analysis of CNN Models 

To make a fair comparison for the four pretrained CNN architectures, they were tested on the 

same independent test set. The overall accuracy is the percentage of the correctly classified im-

ages, whereas the percentage of correct positive predictions is the precision. The recall is a 

measure of how well you can identify positive samples and the F1-score gives a balance of preci-

sion and recall. The sensitivity and specificity are added information that further indicates the 

accuracy of the model in correctly identifying the respective classes. 

Table 1: Comparative Performance of the CNN Models 

CNN Model Accuracy Precision Recall F1-Score Sensitivity Specificity 

MobileNetV2 91.11% 91.13% 91.11% 91.11% 90.00% 92.22% 

ResNet50V2 86.81% 87.00% 87.00% 87.00% 85.27% 88.33% 

DenseNet201 88.06% 88.00% 88.00% 88.00% 87.22% 88.88% 

Xception 85.83% 86.00% 86.00% 86.00% 82.22% 89.44% 

The accuracy 91.11% respectively for MobileNetV2. It also obtained a sensitivity of 90.00% and 

a specificity of 92.22%, which is relatively well-balanced between both classes. The Dense-



 

 

410 
 

Online ISSN: 3006-8886 
Print ISSN: 3006-8878 

 
 

Net201 model had a second-highest accuracy of 88.06%, and precision, recall, and F1-score of 

around 88.00%. The sensitivity and specificity of its performance were 87.22% and 88.88%, re-

spectively. The accuracy of ResNet50V2 is 86.81%. The sensitivity was 85.27% and the speci-

ficity was 88.33%. Xception had the lowest overall accuracy, which was 85.83%. It had a rela-

tively good specificity value of 89.44%, but the lowest sensitivity value of 82.22% among the 

models evaluated. This means that the classification setting in this study results in relatively poor 

performance for identifying the positive class. 

 

Figure 12: Graph of CNN models across accuracy 

 

Figure 13: Graph of the CNN models 

The compared metrics are graphically presented in Figures 12 and 13. The results show that the 

overall performance is better for MobileNetV2, followed by DenseNet201, ResNet50V2 and 

Xception. The results indicate that the MobileNetV2 lightweight architecture is very efficient for 

the chosen problem of skin lesion classification. 

Grad-CAM-Based Model Interpretability 

A quantitative performance measure reflects the accuracy of the model but does not explain 

which parts of the image are important to the model's predictions. Therefore, to gain visual inter-

pretation of the prediction made by the four CNN models, the Grad-CAM method was used. 

Grad-CAM generates class-specific heatmaps using the gradients of the predicted class with re-

spect to the feature maps of a convolutional layer. The heatmaps that are produced give an idea 
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of regions that are more effective in the model's prediction. This enables the spatial focus of at-

tention of the model to be analyzed in the context of skin lesion classification, and also offers an 

indication of whether predictions relate to the skin lesion itself. For both correct and incorrect 

classification, grad-CAM visualisations were created. If the models make correct predictions, it 

is possible to consider whether the models consider the relevant lesion characteristics; if they 

make incorrect predictions, it is possible to consider whether the models consider ambiguous 

characteristics or less informative parts. 

MobileNetV2 Grad-CAM Analysis 

The visualisations of Grad-CAM are shown for representative correctly and incorrectly classified 

images of the MobileNetV2 model in Figure 14. The heatmaps give a representation of the areas 

that affect the model's predictions. If the examples are correctly classified then the model can be 

analysed to see if the model is focused around relevant parts of the lesion. Examples that are not 

classified correctly add to the knowledge about possible classification uncertainty sources. If the 

highlighted regions are outside of the lesion or are focused on the ambiguous regions, it can be a 

sign that the learned features were not enough to separate the two classes. 

 

Figure 14: Grad-CAM of MobileNetV2 model 

Correctly and incorrectly classified instances from the MobileNetV2 model with Grad-CAM 

visualisation are presented in figure 14. Grad-CAM results give an image-level view of the clas-

sification behaviour of MobileNetV2, while the numerical performance of the model is displayed 

on the right. 
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ResNet50V2 Grad-CAM Analysis 

In Figure 16, representative Grad-CAM visualisations produced by ResNet50V2 are illustrated. 

Images that are correctly classified can be viewed to determine if the remaining architecture is 

geared toward relevant characteristics of the lesions. The misclassified images help to understand 

what parts of the image the model might have focused on but not on the most discriminative 

parts. 

 

 

Figure 15: Grad-CAM of ResNet50V2 model 

The visualisation of the Grad-CAM for correctly and incorrectly classified instances for the 

ResNet50V2 model are shown in Figure 15. The visual explanations give extra context to the 

confusion matrix and quantitative explanations to the spatial focus of the model. 

Xception Grad-CAM Analysis 

In Figure 17, the Grad-CAM results of Xception are presented. The visualisations enable the re-

gions that were classified correctly or incorrectly based on the model to be looked at. Accurate 

predictions can be used to indicate attention to relevant lesion characteristics and inaccurate pre-

dictions can be used to indicate potentially problematic regions in the image. 
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Figure 16: Grad-CAM of  Xception model 

Grad-CAM visualisation of correctly and incorrectly classified instances by the Xception model 

(figure 16) The visual explanations are not only a supplement to the numerical evaluation, but al-

so give information about the spatial regions, in which the classification decisions of Xception 

are made. 

DenseNet201 Grad-CAM Analysis 

Figure 18 shows visualisations of DenseNet201 using Grad-CAM. The heatmaps give an idea of 

how the highly connected architecture is concentrating its predictions on relevant lesion regions. 

Misclassified examples can also indicate unclear patterns or regions that can lead to classifica-

tion mistakes. 

All four CNN architectures can be interpreted using the Grad-CAM. In contrast, with conven-

tional metrics, predictive performance is measured, while Grad-CAM also supplies visual infor-

mation regarding the regions related to the model's decisions. The analysis of both correct and 

incorrect predictions is thus informative for a better understanding of model behaviour. 
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Figure 17: Grad-CAM of DenseNet201 model 

Discussion 

The experimental results showed that all four CNN architectures were able to differentiate be-

tween benign and malignant skin lesions but with significant variations in accuracy. Mo-

bileNetV2 was the best performer with an accuracy of 91.11% and an F1 score of 91.11%. The 

precision, sensitivity, and specificity are relatively well balanced, with a value of 91.13%, 

90.00% and 92.22%, respectively. The great performance of MobileNetV2 is remarkable as it is 

a relatively lightweight architecture. The efficient convolutional architecture allows meaningful 

feature extraction in a way that is computationally more simple than many deeper CNN architec-

tures. The findings therefore indicated that the more complex and deep a model is, the more does 

not mean the more better will the model perform. Next, DenseNet201 had the second highest ac-

curacy of 88.06%. It is highly connected and allows for feature re-use and propagation of infor-

mation through the network, potentially benefiting the learning of subtle visual features. Under 

the experimental conditions of this study, however, it did not perform as well as MobileNetV2. 

ResNet50V2 was able to achieve 86.81% accuracy, about 87.00% precision, recall, and F1-score. 

While the residual network helps deep networks train, the results reveal that this method was not 

superior to the MobileNetV2 or DenseNet201 for the classification task being used here. The 

lowest overall accuracy was obtained by Xception (85.83%). Although its specificity of 89.44% 
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was quite high, the sensitivity was the lowest at 82.22% among models evaluated. This differ-

ence indicates that Xception had only moderately good accuracy for the other class while it was 

not as good for the positive class. 

The confusion matrices reinforce the overall ranking of performances. The model of “Mo-

bileNetV2” made the most correct classifications while making a relatively small number of er-

rors compared to the other models. DenseNet201 also resulted in relatively equal distribution of 

correct predictions while ResNet50V2 and Xception gave rise to more classification errors. The 

confusion matrices then give the level of information at the class level that complements the 

overall performance metrics. The training and validation accuracy and loss curves give further 

insights into model learning behaviour. These curves can be used to analyze the development of 

model performance over the course of the training epochs, and to gauge the model's rate of con-

vergence and its level of generalization. It is crucial to assess learning curves in conjunction with 

the independent test results because high training performance does not necessarily mean high 

performance on unseen images. Multiple evaluation metrics are especially crucial for medical 

image classification. While accuracy measures the overall correctness, precision, recall and F1-

score offer a more detailed view of the quality of the predictions. Sensitivity and specificity are 

additional terms used to describe the performance of the model on the classes and to highlight 

the differences in the model's performance on the two classes.  

The interpretability evaluation is added by introducing the Grad-CAM analysis in the experi-

mental evaluation. Grad-CAM does not only give numeric data on the regions relevant to the 

model predictions but also visual data. Correctly classed examples may help determine if models 

are targeting important characteristics of the lesion correctly, and incorrectly classed examples 

can help determine if there are any ambiguous or irrelevant regions that correspond to prediction 

errors. Therefore, the evaluation of the four CNN architectures is more comprehensive combin-

ing the quantitative evaluation and visual interpretation. Overall, MobileNetV2 offered a good 

balance of classification performance out of the evaluated architectures. The results also confirm 

that there is no superior convergence between a deeper or more complex model, and the better 

performance in every medical image classification problem.  

Limitations and Future Work 

The results of this study should be interpreted with a few caveats. First, the study is based on a 

single publicly available dataset, potentially missing the diversity of skin lesions seen in other 

imaging devices, in other populations or in other clinical settings. The generalizability of the 

models needs to be further investigated with independent and multi-centre datasets. Second, data 

augmentation was performed to improve generalization performance, but variations in image 

quality, image characteristics of lesions, and acquisition conditions can still impact model per-

formance. Larger and more diverse data sets, as well as external validation data sets, should be 

used to test the models in future studies. Third, various CNN architectures are different in terms 

of the number of computations they require.  

While MobileNetV2 is efficient, there is potential for further compression, pruning and/or quan-

tization to enable deployment to resource-constrained devices. Last, Grad-CAM offers helpful 

visual explanations that should not be interpreted as a precise segmentation of the lesions or as 

concrete clinical reasoning. Other XAI approaches such as Grad-CAM++, SHAP, Integrated 
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Gradients or quantitative assessment of explanation quality could be explored in future research. 

Combining complementary models with ensemble and hybrid architectures might be explored to 

assess the classification robustness. 

Clinical Implications 

It is proposed that the framework can be used as a computer-aided tool for the assessment of skin 

lesions. By implementing an automatic classification system, the system could help healthcare 

personnel to make quick preliminary predictions and aid in the evaluation of lesions of concern. 

The proposed models are not a substitute for a dermatologist or a clinical diagnosis, however. 

Before clinical use, a large-scale external validation, prospective testing and assessment in a 

broad variety of patients and imaging settings would be needed to validate this for clinical use. 

There are also regulatory and clinical requirements that need to be taken into account. The Mo-

bileNetV2 architecture is relatively light-weight which can be beneficial for future deployment in 

environments with limited computational resources. Overall, the use of Grad-CAM can enhance 

transparency by enabling visualizing the image regions related to the model's predictions, which 

can be useful for clinicians and researchers. However, use of visual explanations should be 

thought of as a supplementary piece of evidence and not as a definitive clinical reason. 

Conclusion 

In this study they introduced a DL solution for binary classification of skin lesions into benign 

and malignant with four pretrained CNN architectures: MobileNetV2, ResNet50V2, Xception, 

and DenseNet201. All models were tested under equal preprocessing, augmentation, training and 

testing with accuracy, precision, recall, F1 score, sensitivity and specificity. MobileNetV2 

showed the best performance across all architectures, with an accuracy of 91.11%, while Dense-

Net201, ResNet50V2, and Xception were 88.06%, 86.81%, and 85.83% accurate, respectively. 

The MobileNetV2 model also performed best with the highest overall F1-score and showed a 

relatively good sensitivity and specificity. The results obtained show that a light CNN architec-

ture is able to achieve high performance on the chosen classification task of skin lesions without 

depending on the greater depth or complexity of more complex CNN architectures. Grad-CAM 

was employed to give the visual explanations of the model predictions along with the quantita-

tive evaluation. This solution allowed the analysis of the image segments corresponding to the 

correct and incorrect classifications, giving more insights into the model behaviour and perfor-

mance as shown in the heatmaps. Predictive performance and visual interpretability give a more 

thorough assessment of the DL methods used for skin lesion classification. Further research us-

ing larger and more diverse datasets, model generalization, more alternative explainability meth-

ods, and efficient or ensemble architectures should be explored. Such systems will need to be 

clinically validated under real-world conditions, before they can be recommended for practical 

use in diagnostic support. In conclusion, the results demonstrate that Pytorch-based CNNs, spe-

cifically MobileNetV2, have great potential to build effective and interpretable computer-aided 

skin lesion classification systems.  
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