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Abstract 
Skin cancer remains a major global health concern with rising incidence. Early 
diagnosis is essential for improved prognosis; however, existing diagnostic 
methods such as dermoscopy are dependent on clinician expertise and are 
subject to inter-observer variability. This study aimed to develop and evaluate 
a convolutional neural network (CNN) for automated classification of dermo-
scopic images into benign and malignant lesions, and to assess its diagnostic 
performance in comparison with conventional methods and established deep 
learning models. A quantitative experimental design was conducted using the 
International Skin Imaging Collaboration dataset. Images were preprocessed 
(224 × 224 resizing, normalization, color correction) and augmented through 
rotation, flipping, zoom, brightness variation, and noise injection. Data were 
divided into training (70%), validation, and testing sets, with five-fold cross-
validation. The CNN architecture included three convolutional layers (32, 64, 
128 filters), max pooling, 50% dropout, and a fully connected layer. Training 
used the Adam optimizer (learning rate 0.001), batch size of 32, and early stop-
ping. Our model achieved an accuracy of 90.3%, sensitivity of 92.1%, specific-
ity of 88.5%, and AUC-ROC of 0.95. The confusion matrix indicated 276 true 
positives, 245 true negatives, 35 false positives, and 28 false negatives. The 
model outperformed conventional dermoscopic accuracy (75% - 84%) and 
demonstrated superior performance compared to VGG-16 and VGG-19 ar-
chitectures. The proposed CNN demonstrated high diagnostic performance 
and improved classification consistency. It has potential as a decision-support 
tool for early skin cancer detection, particularly in resource-constrained set-
tings. 
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1. Introduction 

Skin cancer is among the most prevalent malignancies globally and continues to 
pose a growing public health burden. Global cancer statistics indicate that in 2022 
alone, approximately 1.23 million cases of non-melanoma skin cancer (NMSC) and 
331,722 newly diagnosed cases of cutaneous melanoma were diagnosed worldwide, 
with NMSC being the 5th most common cancer and melanoma being the 17th most 
common cancer worldwide [1] [2]. The rising incidence of skin cancer has been 
attributed primarily to increased ultraviolet radiation exposure, aging populations, 
cumulative environmental exposure, and lifestyle-related behavioral changes, par-
ticularly in high-income regions such as Oceania, North America, and Europe [1] 
[3]. There are two major types of skin cancer, namely melanoma and non-mela-
noma, with basal cell carcinoma and squamous cell carcinoma. Despite melanoma 
representing a comparatively low percentage of overall skin cancer incidence, it 
causes most skin cancer-related deaths [4]. Global estimates indicate that mela-
noma caused approximately 58,667 deaths worldwide in 2022, compared with 
69,416 deaths from NMSC, despite melanoma occurring at nearly one quarter the 
incidence of NMSC [5]. This overrepresentation of mortality is an expression of 
the aggressive biological nature and high metastatic potential of melanoma [6].  

The most important factor in melanoma prognosis is early diagnosis. Surveil-
lance, Epidemiology, and End Results (SEER) program and American Cancer 
Society population-based survival data indicate that, when melanoma is diag-
nosed at an early stage, the 5-year relative survival rate is more than 99 percent 
[6]. Conversely, survival decreases significantly with disease progression to about 
76 percent with regional disease and 35 percent with distant metastatic melanoma 
[7].  

Skin cancer is primarily diagnosed by visual examination of the lesion followed 
by dermoscopy. However, histopathology of skin lesions remains the gold standard 
of diagnosis. Dermoscopy, a non-invasive in vivo imaging technique, enhances the 
visualization of subsurface skin structures that are not detectable with the naked 
eye. The use of dermoscopy alongside routine clinical examination has been asso-
ciated with a marked improvement in diagnostic accuracy [8].  

Evidence from systematic reviews and meta-analyses indicates that dermos-
copy-assisted assessment improves melanoma detection. However, its effective-
ness is closely linked to the clinician’s level of expertise. A large meta-analysis re-
ported that performance declined considerably among less experienced practi-
tioners and those in primary care settings [9]. Across studies, overall diagnostic 
accuracy for dermoscopy in melanoma detection commonly falls within the ~75% 
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- 85% range, reflecting considerable interobserver variability [10]. This incon-
sistency may cause false positive diagnoses and false negative assessments, which 
in turn may result in unnecessary biopsies, despite the fact that it may cause a 
delay in potentially lifesaving treatment [11].  

Recent advances in dermatologic imaging have introduced additional non-in-
vasive diagnostic modalities, including reflectance confocal microscopy (RCM), 
optical coherence tomography (OCT), and multiphoton microscopy [12]. These 
technologies offer high-resolution structural and, in certain instances, quasi-his-
tological imaging of skin lesions and have been shown to have better diagnostic 
capability for specific skin cancers in special environments [13]. Nevertheless, 
their wider clinical implementation is limited by the high costs of equipment, lim-
ited image penetration, time-consuming image capture, and special training and 
experience, limiting their utilization in general dermatology practice and low-re-
source environments [14]. Therefore, in spite of technological advances, there is 
still a significant gap in unmet demand for scalable, accessible, and accurate diag-
nostic solutions capable of decreasing diagnostic variability and supporting the 
early diagnosis of skin cancer [15]. 

Artificial intelligence and in particular deep learning have emerged as disrup-
tive technologies in medical imaging. Convolutional Neural Networks (CNNs) 
have been identified as more effective in eliciting hierarchical features in complex 
image data, allowing automated classification of data with high accuracy [16]. 
CNN models trained on dermoscopic image data sets, including the International 
Skin Imaging Collaboration, have matched expert dermatologists in performance, 
and in some cases, surpassed their accuracy [16].  

These models reduce intra-observer reliability and thereby result in reduced 
subjectivity. Despite these developments, challenges still exist. Deep learning 
models rely on large, closely annotated datasets. Such datasets are not always read-
ily available in medical studies [17]. Imaging modalities and lighting variations, 
coupled with resolution and acquisition device variations, may affect the perfor-
mance of models and limit their generalizability across clinical locations [18]. 
Moreover, the fact that CNN models are not decipherable poses a problem for 
clinical trust and usage [19]. These inadequacies show the significance of strong, 
generalizable, and explainable models which can be applied in clinical practice. 
The current diagnostic techniques for skin cancer still fall short due to subjectiv-
ity, inter-observer variability, and lack of access to quality dermatological services 
[20]. Although dermoscopy boosts diagnostic ability, this technique is also expe-
rience- and training-sensitive, thereby providing imbalanced outcomes across dif-
ferent places [21]. The lack of dermatologists in resource-constrained areas also 
contributes to delays in diagnosing and treating [22].  

The existing deep learning models are promising, but with limitations [23]. 
Most of the models lack accuracy and reliability when exposed to various datasets. 
This could be attributed to differences in skin type and lesion morphology. The 
imaging conditions are crucial in determining the accuracy of detection [24] [25]. 
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Moreover, the reliance on sizable annotated datasets presents a significant imped-
iment because data gathering and labeling are time-consuming and involve the 
participation of experts [26]. Another significant disadvantage of CNN models 
that hinders interpretability and reduces confidence in automated decisions 
among clinicians is the black-box nature of these models [27]. Hence, it is appar-
ent that a robust and universally applicable deep learning model capable of effec-
tively categorizing dermoscopic images as benign and malignant and overcoming 
the issues associated with data variability, model generalization, as well as clinical 
applicability, is necessary [28]. 

The main aim of this research was to design and test a deep learning-based diag-
nostic algorithm to detect skin cancer automatically with the use of dermoscopic 
images. Specifically, this study aimed to design and implement a CNN-based ar-
chitecture for the binary classification of skin lesions into benign and malignant 
categories. This study aimed to improve the generalization of models by conduct-
ing systematic preprocessing and data augmentation to boost the performance of 
models. Moreover, this study assessed the diagnostic performance of the proposed 
model based on conventional measures of performance, such as accuracy, sensi-
tivity, specificity, and AUC-ROC. Another objective was to compare the model’s 
performance with traditional dermatological diagnostic methods. Lastly, the study 
explored model interpretability through visualization techniques such as Grad-
CAM to support clinical applicability and decision-making.  

2. Methods  
2.1. Study Design  

This study employed a quantitative experimental design to create and test a deep 
learning-based model to automatically detect skin cancer on dermoscopic images. 
The methodological framework was designed in such a way that it encompassed 
dataset selection, image preprocessing, data augmentation, convolutional neural 
network development, model training, and performance evaluation. The main ob-
jective was to develop a binary classification model that would be able to discrim-
inate between benign and malignant skin lesions with high diagnostic perfor-
mance.  

2.2. Maintaining the Integrity of the Specifications  

The dataset used in the study was the International Skin Imaging Collaboration 
dataset, which serves as one of the largest collections of dermoscopic images that 
can be used to conduct research in dermatological artificial intelligence. It is a 
database consisting of high-resolution images of a wide range of benign and ma-
lignant skin lesions. Trained dermatologists labeled all the images. The presence 
of different types of skin and morphologies of lesions allowed the creation of the 
model that can be easily generalized to diverse populations [26].  

This study utilized the ISIC 2021 dataset, which comprises a total of 257 der-
moscopic images. After using inclusion criteria such as removal of low-quality 
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and duplicate images, a final dataset of 245 images was used, including 35 benign 
and 28 malignant cases. Representative dermoscopic images and classification cat-
egories are shown in Figure 1.  
 

 
Figure 1. Representative dermoscopic images and classification categories.  

2.3. Data Partitioning 

The dataset was partitioned into test (15%), validation (15%), and training (70%) 
sets. The test set was not used during hyperparameter tuning or model training 
because it was held out. Five-fold cross-validation was used with exclusion in the 
training set to improve model performance and increase its strength, as the vali-
dation set was used in model selection. The rest of the data comprised the test set, 
which would be evaluated at the very end to determine the model performance 
when used with unknown data.  

2.4. Data Pre-Processing  

The input images were preprocessed to normalize the images as well as to reduce 
the variability caused by differences in the conditions under which they were ob-
tained during acquisition. To accommodate all the pictures into the CNN archi-
tecture, all the pictures were resized to a standard size of 224 × 224 pixels. To 
ensure that the gradient update was not unstable, the pixel intensity values were 
brought to the range of 0 to 1 to facilitate convergence during training. Moreover, 
colour correction algorithms such as histogram equalization and colour normali-
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zation were used to minimize fluctuations in illumination and contrast and, con-
sequently, boost the visibility of features of diagnostic interest. These preprocessing 
functions amplified the uniformity of input information, and the features were 
mined with ease [27].  

2.5. Data Augmentation 

The training employed data techniques to minimize the risk of overfitting and 
therefore improve the generalization of the models. Random rotations along with 
horizontal/vertical flipping were applied to simulate different lesion orientations 
and augment the diversity of datasets. The zoom transformations helped the model 
memorize size-invariant features, while the brightness adjustments took into ac-
count transitions in lighting conditions. Gaussian noise injection is also applied 
to enhance the model’s robustness by exposing the model to slight impairments 
in an image.  

2.6. Model Architecture   

This CNN architecture was designed to reach a balance between high diagnostic 
accuracy and computational efficiency. The combination of multi-convolutional 
and pooling layers offers the chance to use the most recent ideas in deep learning 
VGG16 and ResNet structures to be trained on the features that can distinguish 
between benign and malignant lesions [29]. The network accepted input images 
of size 224 × 224 × 3 and consisted of three convolutional layers with 32, 64, and 
128 filters, respectively, each employing a 3 × 3 kernel and Rectified Linear Unit 
activation to introduce non-linearity. Max-pooling operations were then per-
formed with a 2 × 2 kernel to reduce the spatial dimension without removing sa-
lient features, followed by these layers. To reduce overfitting, a dropout layer with 
a rate of 50 percent was added. The features obtained were then subjected to a 
fully connected layer of 512 neurons, and a SoftMax output layer of two units, 
which represented benign and malignant classes.  

2.7. Model Training   

The model was trained using a supervised learning method, where dermoscopic 
images with labels were taken as input and class labels as targets. The categorical 
cross-entropy loss was used to measure the difference between the predicted prob-
abilities and the actual labels, which can be used as a stable optimization target in 
classification problems. The Adam optimizer was used to optimize the model, 
with adaptive learning rates and momentum to speed up convergence. The initial 
learning rate was set to 0.001, and the decay strategy was used to decrease the learn-
ing rate during training. Early stopping was also employed to eliminate overfit-
ting, whereby training was stopped in cases where the validation loss failed to 
show improvement after ten consecutive epochs. Moreover, the model weights of 
the model with the highest validation accuracy were also saved using model check-
pointing to ensure that the best model was retained for evaluation.  
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2.8. Evaluation Metrics   

Several complementary metrics were used to determine model performance for a 
complete evaluation. The percentage of correct classification was taken as accu-
racy. Sensitivity or recall was the capacity of the model to identify malignant le-
sions correctly, and as per clinical use, it is important to avoid false diagnoses by 
ensuring that the model is capable of identifying the lesions. Specificity measured 
the capability to identify benign lesions correctly, thus minimizing unnecessary 
interventions. The model was tested by the area under the receiver operating char-
acteristic curve to determine the discriminatory ability of the model in relation to 
the varying classification threshold. A confusion matrix was also created to pro-
vide a detailed picture of the true positives, true negatives, false positives, and false 
negatives. Considering such a possible disproportion in medical data series, the 
focus was on sensitivity and specificity together with accuracy to achieve a clini-
cally relevant assessment [24].  

2.9. Cross-Validation   

The five-fold cross-validation method was used to make the evaluation process 
comprehensive and reliable. The dataset was separated into five equal subsets, and 
each time an iteration was carried out, one of the subsets was utilized as a valida-
tion set and the rest of the subsets were utilized as a training set. This was done 
five times, and the performance measures were averaged over all folds to decrease 
the variation and enhance the generalizability of the findings.  

2.10. Experimental Setup   

All the experiments were performed with the help of a high-performance compu-
ting environment that has an NVIDIA Tesla GPU, 32 GB of RAM, and an Intel 
Xeon processor. The model was implemented in Python using the TensorFlow 
and Keras frameworks for deep learning. Image preprocessing was done using 
OpenCV, and performance evaluation and metric computation were done using 
scikit-learn. This computational environment provided high efficiency in pro-
cessing large datasets of images and enabled quick training and validation of models.  

3. Results   
3.1. Overview of Model Performance  

The proposed CNN showed optimal diagnostic performance with the automated 
classification of dermoscopic images as benign and malignant. The model demon-
strated strong discriminatory ability and good generalization with high accuracy, 
sensitivity, specificity, and AUC-ROC.  

3.2. Impact of Data Preprocessing and Augmentation  

Preprocessing such as resizing, normalization, and color correction greatly en-
hanced input consistency and feature visibility. All the images were standardized 
to 224 × 224 pixels, and training was regularized by normalization. Color correc-
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tion was used to enhance lesion visibility and variability. The data augmentation 
techniques included rotation, flipping, zoom, and brightness change, as well as 
noise injection, which increased the variety of the data and reduced overfitting. 
These measures assisted in obtaining improved validation and robustness of the 
model.  
 

 
Figure 2. Confusion Matrix for generalizing different dermoscopic images.  

 
Figure 2 shows the performance of classification and the impact of prepro-

cessing and augmentation in enhancing the generalization of dermoscopic im-
ages.  

3.3. Model Training and Validation 
3.3.1. Training and Validation Curves  
The model was able to maintain stable learning behavior from epoch to epoch. 
The rate of training and validation accuracy rose steadily and leveled off at epoch 
40. The early termination of the epochs was set to 45 to avoid overfitting. The final 
performance had a training accuracy of 92.8% and a validation accuracy of 89.7% 
and has shown good generalization.  
 

 
Figure 3. Training and validation accuracy curves.  
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Figure 3 depicts curves that demonstrate the convergence of the CNN model, 
with close alignment between training and validation performance, indicating 
minimal overfitting.  

3.3.2. Hyperparameter Optimization  
Optimal performance was achieved with a learning rate of 0.001, a batch size of 
32, and convolutional filters of 32, 64, and 128. These parameters ensured efficient 
training and high diagnostic accuracy.  

3.4. Performance on Test Dataset  
3.4.1. Accuracy, Sensitivity, Specificity, and AUC  
The model achieved an overall accuracy of 90.3%, sensitivity of 92.1%, specificity 
of 88.5%, and an AUC-ROC of 0.95. These results indicate excellent diagnostic 
performance.  

3.4.2. Confusion Matrix 

Table 1. Confusion matrix of the proposed CNN model.  

 Predicted Benign  Predicted Malignant  

Actual Benign  245 35 

Actual Malignant  28 276 

 
This corresponds to 276 true positives, 245 true negatives, 35 false positives, 

and 28 false negatives, as shown in Table 1.  
 

 
Figure 4. Confusion matrix visualization of classification performance.  

 
Figure 4 depicts strong classification capability with relatively low misclassifi-

cation rates.  
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3.4.3. Overall Model Performance  
The performance of the proposed CNN model in classifying dermoscopic images 
is displayed in Table 2. The model achieved an accuracy of 90.3%, indicating a 
high overall classification rate. It demonstrated a sensitivity of 92.1%, showing 
excellent ability to identify malignant lesions, and a specificity of 88.5%, reflecting 
strong performance in correctly recognizing benign lesions. The AUC-ROC value 
of 0.95 further confirms the model’s excellent discriminative capability. These 
findings collectively indicate that the proposed CNN model provides reliable and 
accurate skin lesion classification and has potential as a supportive tool for early 
skin cancer detection. 
 
Table 2. Performance metrics of the proposed CNN model.  

Metric Value 
Accuracy 90.3% 
Sensitivity 92.1% 
Specificity 88.5% 
AUC-ROC 0.95 

3.5. Comparative Analysis with Traditional Diagnostic Methods  
3.5.1. Benchmarking with Traditional Diagnostic Methods  
The proposed CNN model attained an accuracy of 90.3%, as depicted in Table 2. 
This level of performance surpasses that commonly reported for conventional 
dermoscopic assessments, which usually falls between 75% and 84%. The findings 
indicate that deep learning approaches can enhance diagnostic precision. They 
may also help limit the variability that arises between different observers. The 
CNN model outperformed conventional dermoscopic diagnosis, which typically 
achieves accuracy between 75% and 84%, as shown in Table 3. 
 
Table 3. Comparative diagnostic performance.  

Method Accuracy 
Dermatologists  75% - 84%  

Proposed CNN Model  90.3% 

3.5.2. Comparison with Deep Learning Architectures  
VGG-16 and VGG-19 models were initialized with pretrained ImageNet weights 
and trained using the same preprocessing pipeline, dataset splits, and training pa-
rameters as the proposed CNN model. To further evaluate model performance, the 
proposed CNN model was compared with established architectures, including VGG-
16 and VGG-19, using weighted average precision, recall, and F1-score, as depicted 
in Table 4.  
 
Table 4. Weighted average performance comparison of different models.  

Method Precision (%) Recall (%) F1-Score (%) 
Proposed Method  76.17 78.15 76.92 

VGG-16  65.67 68.89 67.77 
VGG-19  68.54 69.45 68.95 
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The proposed model performed significantly better in terms of all evaluation 
metrics compared to VGG 16 and VGG 19. The improvement in recall observed 
is indicative of a more effective ability to correctly identify malignant lesions, 
whereas the increased F1 score implies a more effective balance between recall and 
precision. Together, these findings indicate the suitability of the tailored CNN 
structure to understand clinically significant aspects of dermoscopic images.  

3.6. Error Analysis 

False positive classifications were predominantly observed in benign lesions exhibit-
ing irregular morphology or heterogeneous pigmentation. Conversely, false negative 
cases were primarily associated with malignant lesions displaying subtle or atypical 
visual characteristics. These findings identify specific limitations in the model’s cur-
rent performance and suggest targeted areas for further refinement and optimization.  

3.7. Model Interpretability   

Grad-CAM analysis demonstrated that the model predominantly focused on clin-
ically relevant features, including asymmetry, border irregularity, and variations 
in pigmentation. Grad-CAM helped locate specific regions within images that in-
fluenced model predictions, adding much-needed transparency to the decision-
making process. Visualization of malignant cases indicated that the model con-
centrated on areas showing either imperfect pigmentation or asymmetry, gener-
ally accepted features of malignancy. Gaining insight into the model’s rationale 
and building clinician trust in the output are achieved in this way. Class-wise clas-
sification results of individual models are depicted in Figure 5.  
 

 
Figure 5. Grad-CAM visualization of model predictions.  
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3.8. Summary of Results  

The CNN model exhibited high diagnostic accuracy and sensitivity with specific-
ity. Preprocessing and augmentation techniques were applied to improve data di-
versity and model robustness. However, no ablation study was conducted to iso-
late their individual impact. The CNN model was better than conventional diag-
nostic techniques and demonstrated good classification with low error values. 
However, further testing, such as an ablation study, will be required for reliability. 
Interpretability analysis indicated congruence with clinically relevant diagnostic 
features. The detection results of this model are displayed in Figure 6. 
 

 
Figure 6. Detection results of the proposed model.  

4. Discussion 

This study has shown that a CNN-based model can obtain good diagnostic per-
formance during automated skin cancer detection and that its accuracy, sensitiv-
ity, specificity, and AUC-ROC are 90.3, 92.1, 88.5, and 0.95, respectively (Table 
2). These findings are in line with earlier research that has reported high perfor-
mance of deep learning models in dermoscopic image analysis [30]. We also out-
performed the average diagnostic ability of dermatologists (75 - 84) in our model 
(Table 3), which is evidence that AI systems can positively influence diagnostic 
consistency and minimize inter-observer variation [31].  

As demonstrated in the confusion matrix (Table 1; Figure 3), the performance 
of classification is high, with relatively low false negatives, and this factor is crucial 
for clinical safety. Nonetheless, the occurrence of false positives, especially in non-
typal benign lesions, is also indicative of a typical limitation also reported in other 
existing studies [24].  

The comparative analysis also showed that the proposed model performed bet-
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ter than conventional architectures like VGG-16 and VGG-19 (Table 4), which is 
in line with the results that task-specific CNN design can offer better performance 
as compared to generic pre-trained models [32]. Although, in certain cases, more 
complex or ensemble models may be found to provide higher accuracy, they are 
frequently developed in controlled settings and might not be generalizable [33]. 
Lastly, interpretability using Grad-CAM (Figure 4) indicated that the model tar-
geted clinically pertinent aspects like asymmetry and pigmentation, which were 
consistent with existing dermatological criteria and results of previous AI research 
[19].  

The results of this research are also indicative of the trends in the use of AI in 
medical imaging (Figure 5). CNN-based methods have proven to be useful in der-
matology and other fields like breast cancer detection and neuroimaging [30]. 
This cross-domain consistency improves the strength of CNN architecture in 
complex image classification problems (Figure 5). However, in all applications, 
there remain problems of data variability, interpretability, and generalization [26]. 

Diagnostic tools based on AI can be very helpful clinically. They have the ability 
to aid in early-stage diagnosis, enhance the precision of diagnosis, and decrease 
the strain on the clinical staff, especially in resource-constrained environments 
where access to dermatological expertise is scarce [5]. However, AI systems must 
be viewed as a supplement, and not a substitute for clinicians because complex 
and ambiguous cases must be diagnosed under the supervision of a human. Alt-
hough the results are promising, there are certain limitations which should be 
considered. It can be limited to a single dataset; this can be a constraint in extrap-
olation to a wide variety of other populations, skin types, and imaging conditions. 
This has been identified as a significant obstacle to clinical translation studies [16]. 
Moreover, the model has demonstrated average performance, which is high, but 
the fact that the model does possess false negatives indicates that subtle or early 
lesions are difficult to detect. The second weakness is related to the inherent 
opaqueness of CNN models, since explanatory algorithms such as Grad-CAM are 
partial explanations. In addition, this study was not prospectively clinically vali-
dated, which should be done to ensure that it can be applied in the real world. 
Finally, performance when conditions are not experimental can be influenced by 
imprecision in imaging conditions and presentation of data [34].  

Clinically, incorporation of AI-based diagnostic tools has its benefits. They can 
contribute to early diagnosis, improve diagnostic accuracy, and reduce the burden 
on clinicians, particularly in resource-limited settings where access to dermato-
logical expertise is limited [5]. Nevertheless, AI systems are not supposed to be 
regarded as substitutes for clinicians but as supportive tools in cases of complex 
and ambiguous situations, since human supervision is still a necessity.  

This study has limitations. The results are based on a single dataset, precluding 
generalizability. The applicability and suitability of this model to a variety of dif-
ferent populations, skin types, and imaging conditions need to be studied. Studies 
have acknowledged this as a significant obstacle to clinical translation [26]. More-
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over, the model has demonstrated high average performance, but the fact that the 
model does include false negatives shows that subtle or early-stage lesions are dif-
ficult to identify. The other weakness is associated with the intrinsic opaqueness 
of CNN models because interpretable algorithms like Grad-CAM only provide 
partial explanations. Furthermore, this model was not prospectively clinically val-
idated, which must be established to ensure that it is applicable in the real world. 
Lastly, the imprecision of imaging conditions and dataset presentation can affect 
performance under non-experimental conditions [34].  

Future studies should focus on improving model accuracy and robustness 
through the use of ensemble approaches and transfer learning applied to extensive 
and heterogeneous medical datasets, particularly to manage ambiguous cases and 
populations with limited representation.  

5. Conclusion  

The proposed study shows that a CNN-based model can be used to correctly clas-
sify dermoscopic images as benign or malignant lesions, with the model having a 
high diagnostic performance (accuracy 90.3%, sensitivity 92.1%, specificity 88.5%, 
AUC-ROC 0.95). The results support the assumption that preprocessing and data 
augmentation can enhance the generalization and stability of the models signifi-
cantly, and the suggested architecture is better than the standard ones, including 
VGG-16 and VGG-19. The model proved to be very clinically relevant with a low 
false negative rate and was capable of highlighting diagnostically significant fea-
tures with Grad-CAM visualization. These findings suggest that CNN-based sys-
tems can be used as effective decision-support techniques, which enhance diag-
nostic consistency and aid in the early diagnosis of skin cancer. Findings of this 
study demonstrate that task-specific deep learning models can be a feasible and 
scalable solution to skin cancer detection and could be incorporated into clinical 
practice, especially in resource-constrained environments. Future studies should 
focus on ensemble and transfer learning, improved explainable AI, real-world 
clinical validation, and ethical and regulatory compliance to strengthen safe clin-
ical adoption.  
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