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1. Introduction  

Skin cancer is one of the fastest growing types of cancer worldwide and ranks sixth in terms of 

prevalence [1]-[4]. In Indonesia, skin cancer is associated with a high mortality rate, largely due to 

delayed diagnosis [5], [6]. Clinically, skin cancer is classified into benign and malignant types, where 

malignant lesions are invasive and potentially metastatic [7]-[9]. Early detection is therefore critical, 

as timely medical intervention significantly improves patient survival rates [10]-[14]. However, 

current diagnostic practices primarily rely on visual examination and biopsy procedures, which are 
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 Early detection of skin cancer is crucial to reduce diagnostic delays and 

improve patient outcomes, yet existing automated systems often suffer 

from limited generalization due to single-source datasets and restricted 

model evaluation. This study  presents a deep learning based skin cancer 

image classification system using a multi-source dataset of 13,902 

dermatoscopic images categorized into benign and malignant classes. In 

the first phase, a benchmarking study was conducted on seven pre-trained 

CNN architectures, namely MobileNetV2, InceptionV3, Xception, 

DenseNet169, ResNet50, VGG16, and VGG19. The results indicate that 

DenseNet169 achieved the best baseline performance with a test accuracy 

of 89.30%. In the second phase, the DenseNet169 architecture was 

optimized through structural modification of dense layers, application of 

dropout regularization, and selective fine-tuning of backbone layers. The 

optimized model improved the test accuracy to 91.20% and achieved an 

AUC-ROC of 97.14%, demonstrating enhanced robustness and sensitivity 

in detecting malignant lesions. The novelty of this work lies in the 

integration of multi-source datasets combined with targeted architectural 

optimization of DenseNet169 to reduce false-negative rates in malignant 

detection. These findings highlight the potential of the proposed model as 

a reliable non-invasive clinical decision support tool for early skin cancer 

diagnosis, and emphasize the need for further validation using prospective 

clinical datasets and real-world deployment scenarios to ensure its practical 

applicability in clinical environments. 
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invasive, time-consuming, costly, and may cause patient discomfort [15]-[21]. These limitations 

highlight the urgent need for faster, more accessible, and non-invasive diagnostic tools [22]. 

To address the limitations of conventional diagnostic approaches, deep learning has emerged as 

a non-invasive solution that enables faster and more objective analysis. Advances in deep learning 

techniques have been extensively applied in medical image analysis, demonstrating strong potential 

for automated and reliable interpretation [23]-[31]. One of its most prominent applications is in 

detecting and classifying various types of skin cancer [22]-[33]. In its application, various 

Convolutional Neural Network architectures have been widely applied to their ability to extract and 

recognize complex visual patterns in skin lesion images accurately [34]-[38]. Several previous 

studies have utilized models such as DenseNet169, VGG19, MobileNet, and Xception. The 

DenseNet169 model has been shown to achieve an accuracy of over 91% on the HAM10000 dataset 

[5]. Meanwhile, VGG19 shows promising results with 93% accuracy on the ISIC 2019 dataset and 

92% on ISIC 2020 [39]. In another study, the MobileNet and Xception architectures managed to 

achieve accuracies of 96% and 97% respectively in classifying 5 types of skin diseases [40]. The 

results that have been achieved show the great potential of CNN architecture in skin cancer 

classification. Although many studies have benchmarked CNN models on the ISIC dataset, most are 

still limited to the use of a single data source or the evaluation of only a few architectures, resulting 

in a gap in generalization ability when data comes from heterogeneous sources with variations in 

color, lighting, and image quality, especially for applications on real-world clinical data. 

Accordingly, this study addresses three key research gaps: (1) dataset variability across different 

acquisition conditions, (2) limited multi-architecture benchmarking in prior works, and (3) 

insufficient exploration of architectural optimization strategies that improve diagnostic performance 

without substantially increasing computational cost. 

To tackle these challenges, this study utilizes a multi-source dataset with 13,902 images from 

two public datasets originating from Kaggle, namely Skin Cancer: Malignant vs. Benign [41] and 

Melanoma Skin Cancer Dataset of 10,000 Images to build a two-class (malignant vs. benign) 

classification model [42]. This study will compare seven state-of-the-art CNN architectures 

initialized with ImageNet pretrained weights [43]. The best architecture is modified by layers to 

produce better accuracy. Each model’s performance is evaluated using accuracy, recall, precision, 

confusion matrix analysis, F1-score and ROC Curve [2], [34]. 

The contributions of this study are threefold: integrating publicly available multi-source datasets 

to improve lesion variability and model robustness, conducting a comprehensive evaluation of seven 

CNN architectures, and proposing architectural modifications with hyperparameter tuning to reduce 

critical errors, particularly false negatives in malignant classes, while improving diagnostically 

relevant metrics such as AUC-ROC. Although numerous studies have benchmarked CNN models on 

ISIC datasets, a gap remains in addressing generalization across heterogeneous data sources. This 

study fills that gap through multi-source benchmarking and targeted architectural optimization. 

Overall, the expected outcome of this research is a high-accuracy skin cancer classification 

model that is ready to be integrated into clinical workflows as a non-invasive diagnostic support tool 

and can serve as a foundation for further artificial intelligence-based diagnostic system development 

and structured clinical validation [44].  

2. Related Work 

Table 1 shows some previous studies that are relevant to this study. These studies focus on the 

development of skin cancer classification methods based on machine learning and deep learning 

approaches. The level of accuracy achieved in each study varies, depending on the model architecture 

and type of dataset used. Research [39] implemented a deep learning approach using the VGG16, 

VGG19 architectures, as well as a hybrid model combining VGG19 and SVM. Using the ISIC 2019 

and 2020 datasets, the accuracy produced by VGG19 combined with the SVM classifier is 96%, 
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which confirms the effectiveness of the combined approach between deep learning and traditional 

classification. Research [5] proposed a DeepSkin model using the DenseNet169 and ResNet50 

architectures. The evaluation results showed that DenseNet169 excelled with an accuracy of 91.20%, 

while ResNet50 only achieved 83%. This shows the superiority of dens connection in enhancing 

feature extraction in dermatoscopic images [45]. Research [46] explore the influence of Image Super 

Resolution (ISR) techniques on CNN model performance. The findings indicate that enhancing 

image resolution substantially improves model performance. Specifically, the accuracy of the 

InceptionV3 model increased from 83.48% to 91.26% following the application of image super-

resolution (ISR). 

Research [40] evaluating lightweight architectures such as MobileNet and Xception for skin 

disease classification. Each model achieved accuracies of 96% and 97%, respectively, indicating that 

even small-sized models are capable of delivering high performance with good computational 

efficiency. Firasari et al. [47] conducted a comparative study evaluating the performance of 

ResNet50 and MobileNetV2 using various optimization algorithms. Both models achieve the same 

accuracy of 88%. However, MobileNetV2 has a lower loss value (0.3884 compared to 0.4674), 

indicating a more stable training process. 

Khasanah et al. [48] assessed the performance of the InceptionV3 model for binary skin cancer 

classification using a transfer learning strategy. Total dataset 2,637 images, with input images 

measuring 224×224 pixels. When training the model reached an accuracy of 86.65%, during testing 

the accuracy dropped to 50.30%, indicating overfitting. This behavior is further evidenced by 

persistently high loss values despite an increase in the number of training epochs. Precision and recall 

for both classes ranged from 45% to 56%, indicating that the model is not yet optimal and still 

requires hyperparameter tuning and expansion of training data to improve generalization. Research 

by Kavitha et al. [49] using CNN and ResNet50 architecture for image-based skin cancer 

classification from the ISIC dataset (2,357 images, 9 classes). The proposed model was constructed 

through several stages, including image preprocessing (hair removal, noise reduction, and data 

augmentation), segmentation. The resulting accuracy is 91.32%. 

Based on previous studies, the CNN architecture are effective in classifying skin cancer. 

However, most studies still have limitations, such as not merging datasets and only evaluating one 

to three model architectures. This study aims to overcome these limitations by combining two large-

scale public datasets and conducting a comprehensive evaluation of seven CNN architectures. In 

addition, modifications were made to the best model to explore the potential for increasing accuracy 

through fine-tuning strategies and adding network layers. 

3. Method  

This research consists of several main stages, namely image acquisition, which is done by 

combining two large-scale public datasets, then preprocessing image to improve image quality 

through normalization and resizing. Furthermore, the application of a deep learning model is carried 

out by comparing seven CNN architectures. After obtaining the best model, the architecture is 

modified through a fine-tuning strategy and adding layers. The final stage is validation and evaluation 

to measure model validation and evaluation using performance metrics. Fig. 1 presents the complete 

research workflow starting from multi-source dataset acquisition, preprocessing image, model 

training, best model modification, until evaluation model. 

3.1. Image Acquisition 

The study commenced with the dermatoscopic images of skin cancer as the primary data source 

[50]. The dataset comprised 13,402 images categorized into 2 primary classes: benign and malignant. 

The data were obtained by combining two public datasets from the Kaggle platform that have 

different visual characteristics and number of images. The first dataset is Skin Cancer: Malignant vs. 
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Benign which consists of 3,297 images with two classes and includes testing and training data [41]. 

The second dataset is the Melanoma Skin Cancer Dataset of 10,000 Images which provides 10,105 

images with the same label and more complex visual variations [42]. The purpose of combining these 

two datasets is to increase the diversity of visual features, strengthen the model's generalization 

ability, and minimize potential bias due to limited data from a single source [14], [51]. 

The distribution of the number of images by category and dataset source after class balancing 

using undersampling techniques is presented in Table 2. The amount of data used was adjusted to 

ensure balance between classes. Fig. 2 shows visual examples images [41], [42]. 

Table 1. Related works 

Researcher 
Architecture / 

Method 
Dataset Accuracy Research Findings 

Mudassir 

Saeed et al. 

[39] 

VGG16, VGG19, 

VGG19 + SVM 

ISIC 2019 & 

2020 
VGG19+SVM: 96% 

Hybrid approach improves 

classification accuracy 

Gururaj et al.  

[5] 

DenseNet169, 

ResNet50 

Dataset: 

HAM10000 

and ISIC 

 

DenseNet169: 

91.20% 

ResNet50: 83% 

DenseNet169 is superior in 

feature extraction 

Ashutosh 

Lembhea et al. 

[46] 

InceptionV3 + ISR ISIC 

Sebelum ISR: 

83.48%Setelah ISR: 

91.26% 

Increasing image resolution 

improves model accuracy. 

Rifat Sadik et 

al. [40] 

MobileNet, 

Xception 

Darmnet dan 

HAM10000 

MobileNet: 

96%Xception: 97% 

The lightweight model provides 

high accuracy and efficiency 

Firasari et al. 

[47] 

ResNet50, 

MobileNetV2 + 

berbagai optimizer 

ISIC Keduanya: 88% 
MobileNetV2 shows lower loss 

values and more stable learning. 

Khasanah et al. 

[48] 
InceptionV3 ISIC 

InceptionV3: 

86.65% 

Model is not optimal; more data 

and further tuning are needed 

Kavitha et al. 

[49] 
ResNet50 ISIC ResNet50: 91.32% 

The use of ResNet50 with deep 

learning architecture significantly 

improves classification efficiency 

and accuracy. 

 

 

Fig. 1. Research method 
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Table 2. Dataset distribution by class 

No Class 
Total 

images 

1 Malignant 6,587 

2 Benign 6,587 
 

  
Malignant Benign 

Fig. 2. Sample image for each class 

3.2. Preprocessing Image 

All datasets were standardized to a fixed resolution of 224×224 pixels, then normalized to 

stabilize the training process. The data is then divided using a tiered scheme, according to the 

allocations shown in Table 3 [52]. To reduce the risk of data leakage due to the emergence of very 

similar or duplicate images, an image similarity checking process is carried out before data 

distribution, namely by applying file hashing to remove identical images and perceptual hashing to 

detect images that have high similarity, so that the potential distribution of duplicate images can be 

minimized. The training process is carried out using v6e-1 TPU.  

This data partitioning strategy was designed to provide sufficient samples for model training, 

enable effective validation during the learning process, and ensure evaluation using an independent 

test set [53]. This approach results in an accurate and objective evaluation of model performance, 

while reducing potential bias and increasing the reliability of skin cancer image classification results 

[54]. 

Table 3. Distribution of images across dataset subsets 

Subset Total 
Training (60%) 7,904 

Validation (20%) 2,635 

Testing (20%) 2,635 

Total 13,174 

3.3. Model Training: Implementation of the CNN Model  

The benchmarking phase employs a transfer learning strategy to compare seven CNN 

architectures. Each model is initialized with pre-trained weights from the ImageNet dataset [55]. 

Model training employed the Adam optimizer with a learning rate of 0.0001 for stable transfer 

learning, while the batch size was selected to balance efficiency and training stability. Binary 

Crossentropy was used as the loss function for the binary classification task [56]. Model performance 

was monitored at each training epoch using accuracy and loss metrics computed on the training and 

validation datasets [57]. Model performance was monitored at each training epoch by assessing 

accuracy and loss on both the training and validation datasets. The best model of each architecture is 

saved in .h5 file format for use in the testing phase. 
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Fig. 3 illustrates the transfer learning workflow applied to the seven CNN architectures, offering 

an overview of the training and implementation stages used in this study. The stage begins by 

inputting a 224×224×3 image into the model, which is the standard input size for ImageNet-

pretrained CNN architectures used in this study, enabling fair benchmarking while preserving 

sufficient spatial information for classifying benign and malignant lesions. The models were trained 

for 20 epochs using the Binary Crossentropy loss function, which is appropriate for binary 

classification tasks [58]. To prevent overfitting, a dropout technique of 0.5 and an early stopping 

strategy with a patience value of 5 epochs were applied, which automatically stops training if there 

is no increase in performance on the validation data for five consecutive epochs [59], [60]. At the 

end of the architecture, a fully connected layer with 128 neurons and ReLU activation is incorporated, 

followed by a sigmoid-activated output layer to generate binary class predictions [61].  

 

Fig. 3. Architecture of the proposed CNN model 

3.4. Selection and Optimization of the CNN Model 

After completing the benchmarking phase, the best-performing architecture is selected for 

further optimization. Model optimization is performed by applying a fine-tuning strategy on the 

backbone layers and adding architectural components to improve performance [62]. To prevent 

overfitting, a dropout technique of 0.5 and an early stopping strategy with a patience value of 5 

epochs were applied, which automatically stops training if there is no increase in validation 

performance for five consecutive epochs. 

At the end of the optimized architecture, a dense layer with 128 neurons and a ReLU activation 

function is added, followed by an output layer with sigmoid activation to produce binary class 

predictions. This optimization phase aims to enhance model robustness and improve diagnostically 

relevant performance, particularly in reducing false-negative predictions [62]. Fig. 4 illustrates the 

architecture of the optimized CNN model. 

3.5. Evaluation Model 

Model performance was assessed on the validation dataset using accuracy, recall, precision, and 

F1-score as evaluation metrics [63]. If necessary, parameter tuning and model optimization are 

performed to improve and enhance performance. If the model performance is deemed inadequate, a 

model optimization and tuning process can be performed, which involves adjusting hyperparameters 

[64], modification of model architecture, or application of regularization techniques to improve 

performance and prevent overfitting [65]. Next, after the seven models are evaluated, determine the 

best model. Indicators used to measure achievements: 
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1. Accuracy 

Accuracy is a performance metric that represents the proportion of correctly classified instances 

relative to the total number of predictions produced by the model [66]. This metric reflects how well 

the model classifies the data as a whole [67]. 

 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 𝑥 100 (1) 

2. Precision and Recall 

Precision quantifies the reliability of the model’s positive predictions by indicating the 

proportion of correctly identified positive instances among all predicted positives [68]. Recall, also 

referred to as sensitivity, measures the model’s ability to correctly identify all true positive instances 

[69]. Recall focuses on how many positive data the model successfully detects out of all the positive 

data. These two metrics provide insight into the balance between correct detections and false 

detections [70]. 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 𝑥 100 (2) 

 
𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 𝑥 100 (3) 

3. F1-Score 

An evaluation metric that combines precision and recall to provide a more balanced picture of 

the performance of a classification model, especially when there is a trade-off between the two [71]. 

 
𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2𝑥

𝑅𝑒𝑐𝑎𝑙𝑙 𝑥 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 +  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 𝑥 100 (4) 

4. Confusion Matrix 

The confusion matrix offers a detailed representation of the model’s classification outcomes by 

summarizing correct predictions and misclassifications for each class [53], [72], [73]. Confusion 

matrix representation shown in Table 4. 

Table 4. Confusion matrix representation [74] 

 
Predicted 

positive 

Predicted 

Negative 

Actual Positive TP FP 

Actual negative FN TN 

4. Results and Discussion 

4.1. Main Findings 

This research compares the performance of seven CNN architectures using a multi-source 

dataset comprising 13,174 dermatoscopic images. To ensure a consistent evaluation, all models were 

trained using identical hyperparameter configurations. The baseline results of these architectures are 

presented in Table 5. Fig. 5 shows comparison of classification accuracy across the evaluated CNN 

architectures and Fig. 6 shows comparison of loss values across the evaluated CNN architectures. 

As reported in Table 5, DenseNet169 achieved the highest test accuracy of 89.30%. This 

superior performance is attributed to DenseNet's dense connectivity mechanism, which enables 

effective feature reuse and improved gradient flow, allowing the model to retain discriminatory 
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lesion characteristics and maintain a good balance between precision and sensitivity. The Xception 

and MobileNetV2 models demonstrated competitive performance despite their relatively lighter 

architectures. In contrast, the ResNet50 model demonstrated suboptimal performance, with an 

accuracy of only 74.90% and a low F1 score for the malignant class. This suggests possible 

overfitting or a mismatch of the architecture to the characteristics of the target data. 

 

Fig. 4. Architecture of the optimized CNN model 

Table 5. Performance comparison of CNN models 

Method 
Train 

Acc 

Train 

Loss 

Val 

Acc 

Val 

Loss 

Test 

Acc 

Test 

Loss 

Total 

inference 

time 

Size 

Model 

Mobilenet 88.53% 26.95% 87.52% 29.41% 87.80% 12.20% 8.17’ 11 KB 

DenseNet169 91.13% 21.61% 89.35% 24.74% 89.30% 10.70% 33.25’ 53 KB 

InceptionV3 87.20% 30.24% 86.49% 32.38% 86.70% 13.30% 13.69’ 89 KB 

Xception 89.09% 26.44% 87.49% 30.63% 86.90% 13.10% 23.03’ 85 KB 

ResNet50 65.18% 61.71% 70.17% 60.06% 74.90% 25.10% 19.27’ 95 KB 

VGG16 83.96% 36.19% 85.20% 34.16% 85.60% 14.40% 37.93’ 58 KB 

VGG19 82.84% 38.85% 84.40% 36.24% 85.20% 14.80% 47.13’ 79 KB 

 

 

Fig. 5. Accuracy comparison across CNN architectures 
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Fig. 6. Loss comparison across CNN architectures 

In the training vs validation accuracy graph in Fig. 7, Fig. 8, the model accuracy increases 

steadily during the early epochs until it drops or stagnates near the end of training, indicating the 

optimal learning point. Meanwhile, the training vs validation loss graph shows a significant decrease 

in loss in the early phase of training, but the difference between training loss and validation loss at 

the end of training indicates mild overfitting. Therefore, additional regularization strategies such as 

early stopping or dropout prove important to control the model performance in general. To further 

analyze classification errors of the DenseNet169 baseline model is shown in Fig. 9. 

 

Fig. 7. Training and validation accuracy curves of the DenseNet169 

Fig. 9 indicates that the baseline DenseNet169 correctly classified 1,177 benign and 1,175 

malignant images, but still produced 165 false-negative cases in the benign class  and 118 false-

negative cases in the malignant class.  
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The results demonstrate that the model effectively differentiates between benign and malignant 

cases, as indicated by high True Positive and True Negative values. However, the occurrence of 118 

false-negative cases remains clinically significant, as missed malignant lesions may lead to delayed 

diagnosis. This highlights the need for further optimization to improve sensitivity toward malignant 

skin cancer. 

 

Fig. 8. Training and validation loss curves of the DenseNet169 

 

Fig. 9. Confusion matrix of DenseNet169 
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Table 6 summarizes the performance evaluation. Overall, the model attained an accuracy of 

89.30%, indicating that the majority of images were classified correctly. In addition, the macro-

averaged and weighted-averaged precision, recall, and F1-score values ranged from 0.877 to 0.909, 

respectively, indicating a balanced and consistent model performance across both classes, without 

dominance by one class. These evaluation results indicate that the model performs well in classifying 

skin cancer images. Although the recall value for the malignant class is slightly lower, overall metrics 

indicate that the model is quite reliable and can be used as a basis for an early detection system for 

skin cancer based on dermatoscopic images. Here is the implementation of the DenseNet169 model 

for image classification with testing data: 

Table 6. Classification report Densenet169 

 Precision Recall F1-Score Support 

Benign 0.877 0.909 0.893 1295 

Malignant 0.909 0.877 0.893 1340 

Accuracy   0.893 2635 

Macro Avg 0.893 0.893 0.893 2635 

Weighted Avg 0.893 0.893 0.893 2635 

 

Fig. 10 shows the prediction results of the DenseNet169 model on dermatoscopic images of skin 

cancer, which are divided into two categories, namely true predictions and false predictions. Fig. 10 

a shows an example of an image that was successfully classified correctly by the model. In the upper 

left image, a skin lesion that is actually in the benign class is successfully predicted with the same 

label (benign) with a probability of 0.008. Meanwhile, in the upper right image, the model also 

identifies the lesion as benign according to the actual label, with a higher prediction probability of 

0.992 (which means the model is confident that the image is not malignant). Meanwhile, Fig. 10 b 

shows an example of an incorrect prediction. In the lower left image, a lesion that is actually benign 

is predicted as malignant with a probability of 0.940, indicating that the model has high false 

confidence in the image. On the other hand, the lower right image shows a misclassification of a 

malignant lesion that is predicted as benign with a probability of 0.480, indicating that the model is 

not confident enough in recognizing the characteristics of malignancy in the lesion. This visualization 

provides important insights into how the model recognizes visual patterns in each class. Prediction 

errors, especially in false negative cases (malignant predicted as benign), emphasize the importance 

of improving the sensitivity of the model in identifying malignant skin cancers, given the serious 

clinical implications of misdiagnosing such cases. 

  
(a) Correct prediction (b) Wrong prediction 

Fig. 10. Prediction image using DenseNet169 

Among the seven evaluated deep learning architectures, DenseNet169 achieved the best 

performance with a test accuracy of 89.30%. This model showed good classification performance 

with a precision of 87.70% for the benign class and 90.90% for the malignant class. The recall value 

achieved was 90.90% for benign and 87.70% for malignant. Meanwhile, the F1-score showed a fairly 

good balance between the two classes, namely 89.30% for benign and 89.30% for malignant. These 
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results indicate that DenseNet169 has reliable and relatively stable classification performance in 

distinguishing the two categories of skin cancer. To explore performance improvements, 

modifications were made to the DenseNet169 architecture by adding dense layers, adjusting the 

number of neurons, applying a dropout technique with a level of 0.4 as regularization, and a fine-

tuning strategy for some layers in the base model. The optimized training process still uses the same 

hyperparameters. Densenet169 architecture comparison shown in Table 7. 

Table 8 reports the performance of the modified DenseNet169 model. The modified model 

achieved an average training accuracy of 95.60% with a training loss of 11.09%. On the validation 

set, it obtained an average accuracy of 91.04% and a loss value of 31.60%. Furthermore, testing 

results indicate a test accuracy of 91.20% and 8.80% test loss. 

Table 7. Densenet169 architecture comparison 

DenseNet169 DenseNet169 Modifikasi 

Dense(128) Dense(256) → Dropout(0.4) → Dense(128) → Dense(1) 

1 layer Dense + Dropout 3 layer Dense + 1 Dropout 

Table 8. Densenet169 modified model results 

Method 
Train 

Acc 

Train 

Loss 
Val Acc Val Loss 

Test 

Acc 

Test 

Loss 

Total 

inference 

time 

Size 

Model 

DenseNet169 

Modified 
95.60% 11.09% 91.04% 31.60% 91.20% 8.80% 33.25 53 KB 

 

Fig. 11 presents the confusion matrix of the modified DenseNet169 model. Overall, the 

confusion matrix results reflect that the model has good generalization ability to both classes. The 

reliability of the model in detecting true malignant images further supports its effectiveness to be 

applied as a non-invasive early diagnosis tool in dermatology. However, the number of False 

Positives still needs to be considered so as not to cause unnecessary clinical alarms. Further 

optimization efforts, such as adjusting the classification threshold or integrating with additional 

clinical scoring systems, can be considered to achieve a better balance of precision. 

Table 9 presents the classification report of the modified DenseNet169 model classification 

evaluation. For the benign class, the model recorded a precision value of 0.893, indicating that 

89.30% of all benign predictions were correct. The recall reached 0.933, meaning the model was able 

to correctly identify 93.30% of all benign cases. The F1-score value reached 0.912, indicating an 

excellent balance between precision and sensitivity. 

Table 9. Classification report Densenet169 modified 

 Precision Recall F1-Score Support 

Benign 0.893 0.933 0.912 1295 

Malignant 0.932 0.892 0.912 1340 

Accuracy   0.912 2635 

Macro Avg 0.912 0.912 0.912 2635 

Weighted Avg 0.913 0.912 0.912 2635 
 

Meanwhile, for the malignant class, the precision was 0.932, the recall was 0.893, and the F1-

score was 0.912. These values indicate that the model is not only accurate in predicting malignant 

skin cancer, but also quite sensitive in detecting its presence, which is very important in the context 

of medical applications. Overall, the model produced a classification accuracy of 91.20% on a total 

of 2,635 test images. The classification report were all in the range of 0.893–0.933, indicating that 

the model performance was stable and balanced against both classes, without any dominance or bias 

towards one particular class.  



 

ISSN 2775-2658 
International Journal of Robotics and Control Systems 

519 
Vol. 6, No. 1, 2026, pp. 507-527 

  

 

Nurul Khasanah (Deep Learning Architecture Optimization for Skin Cancer Image Classification on Multi-Source 

Dataset) 

 

 

Fig. 11. Confusion matrix of DenseNet169 modified 

Fig. 12 presents a visual illustration of the prediction results of the modified DenseNet169 

model, which includes examples of correct and incorrect predictions on benign skin cancer images. 

Fig. 12 a shows an image that was successfully classified correctly, namely a skin lesion that was 

actually labeled benign was correctly predicted by the model as benign, with a prediction probability 

of 0.079. The image shows a light blue lesion morphology with relatively smooth and inconspicuous 

edges, which are visually common in benign lesions. The low probability value for the malignant 

class reflects the high level of confidence of the model in the resulting classification. In contrast, Fig. 

12 b shows an image that was misclassified. A skin lesion that was actually labeled benign was 

incorrectly predicted as malignant, with a fairly high probability of 0.915. This shows that even 

though the model has been modified, there are still challenges in distinguishing certain visual 

features, especially in images that have a darker appearance, irregular edges, or textures that resemble 

malignant lesions. 

  
(a) Correct prediction (b) Wrong prediction 

Fig. 12. Prediction image using DenseNet169 modified 

To add variety to the research results, a performance comparison was conducted between the 

standard DenseNet169 model and the modified DenseNet169. Table 10 shows that the DenseNet169 

Modified model shows an increase in performance compared to the standard DenseNet169 in all 

evaluation metrics. Accuracy increased from 89.30% to 91.20%, accompanied by a decrease in loss 

value from 10.70% to 8.80%, indicating a more stable training process. In addition, the precision 

value increased from 87.70% to 89.30%, recall from 90.09% to 93.30%, and F1-score from 89.30% 

to 91.20%. In addition to accuracy, the evaluation also uses AUC-ROC as a more robust diagnostic 
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metric. The standard DenseNet169 model obtained an AUC of 0.9634, while the DenseNet169 

modified model obtained an AUC of 0.9714. These results indicate that the architectural modification 

of DenseNet169 has succeeded in improving the overall performance. 

Table 10. Comparison of Densenet169 results with Densenet169 modified model 

Method Train Acc 
Train 

Loss 
Val Acc 

Val 

Loss 

Test 

Acc 

Test 

Loss 
AUC 

Total 

infere

nce 

time 

Size 

Model 

DenseNet 

169 
91.13% 21.61% 89.35% 24.74% 89.30% 10.70% 0.9634 33.25’ 53 KB 

DenseNet16

9 Modified 
95.60% 11.09% 91.04% 31.60% 91.20% 8.80% 0.9714 33.25’ 53 KB 

 

These results strengthen the conclusion that the modification of the DenseNet169 architecture 

provides significant performance improvements and produces a robust model for the task of 

classifying two classes of skin cancer, and is worthy of consideration for implementation as a digital 

image-based diagnostic support system. 

Fig. 13 illustrates the ROC curve of the proposed model, which achieves an AUC value of 

0.9714. This result indicates a strong discriminative capability in separating benign and malignant 

skin lesions across different decision thresholds. The ROC curve closely approaches the upper-left 

region, demonstrating a high true positive rate alongside a low false positive rate an essential 

requirement in medical diagnostic applications where reducing false-negative outcomes is crucial. 

Overall, these findings confirm the robustness and reliability of the proposed model. 

 

Fig. 13. ROC Curve 

McNemar’s test was applied to assess whether the performance gain of the optimized 

DenseNet169 model over the baseline version was statistically significant. The test produced a 

statistic value of 14.00 with a p-value of 0.00018, confirming a significant difference (p < 0.05). 

These results indicate that the observed improvement in classification performance is statistically 

meaningful and not attributable to random variation. 
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4.2. Comparison with Other Studies 

The results obtained in this study are consistent with and extend findings reported in previous 

skin cancer classification research. Prior works have demonstrated the effectiveness of CNN-based 

architectures such as DenseNet169, VGG19, MobileNet, and Xception for dermatoscopic image 

analysis, with reported accuracies ranging between 88% and 96% depending on the dataset and task 

complexity. For instance, Gururaj et al. [5] reported a DenseNet169 accuracy of 91.20% on the 

HAM10000 dataset, while studies using lightweight architectures such as MobileNet and Xception 

achieved high accuracy on single-source datasets with limited class diversity. 

Compared to these studies, the proposed approach differs in two key aspects. First, this study 

integrates multi-source dermatoscopic datasets, introducing higher variability in image quality, color 

distribution, and acquisition conditions, which better reflects real-world clinical scenarios. Second, 

a comprehensive benchmarking of seven CNN architectures was conducted under identical training 

conditions, followed by targeted architectural optimization of the best-performing model. The 

optimized DenseNet169 achieved a higher test accuracy and improved AUC-ROC compared to 

baseline implementations reported in earlier works, while also demonstrating a reduction in false-

negative cases. These results indicate that architectural refinement combined with multi-source data 

integration can enhance model robustness beyond what is achieved using single-dataset evaluations. 

4.3. Implication and Explanation of Findings 

The strong performance of DenseNet169 observed in this study is largely due to its dense 

connectivity structure, which promotes effective feature reuse and enhances gradient propagation 

across network layers. This design is especially beneficial for dermatoscopic image analysis, where 

fine-grained variations in texture, color, and lesion boundaries are critical for differentiating benign 

and malignant cases. By preserving low-level and high-level features throughout the network, 

DenseNet169 enables more discriminative representation learning compared to architectures with 

isolated layer connections. 

The architectural optimization applied in this study further enhances this capability by refining 

dense layer configurations, applying dropout regularization, and selectively fine-tuning backbone 

layers. The resulting reduction in false-negative predictions is especially significant from a clinical 

perspective, as misclassifying malignant lesions as benign may lead to delayed diagnosis and adverse 

patient outcomes. Therefore, the findings suggest that the proposed optimized model is not only 

effective in terms of overall accuracy but also more reliable for clinically sensitive decision-making, 

where sensitivity to malignant cases is critical. 

4.4. Strengths and Limitations 

A major strength of this study is the use of a large multi-source dataset, which enhances data 

diversity and improves model generalization. Additionally, the comprehensive benchmarking of 

multiple CNN architectures under consistent experimental settings provides a fair and systematic 

comparison, while the targeted optimization of DenseNet169 demonstrates measurable performance 

gains without significantly increasing model complexity. The inclusion of clinically relevant metrics 

such as AUC-ROC and confusion matrix analysis further strengthens the practical relevance of the 

findings. 

Despite these strengths, several limitations must be considered. First, the study relies exclusively 

on dermatoscopic images, which may limit generalization to other image modalities such as 

smartphone-acquired clinical images. Second, external validation across independent clinical 

institutions was not performed, which is necessary to assess real-world deployment readiness. Third, 

the study does not include explainability methods such as Grad-CAM, limiting interpretability of the 

model’s decision-making process. Addressing these limitations through broader data sources, 

explainable AI integration, and prospective multi-center validation is an important direction for 

future research. 
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5. Conclusion 

This study demonstrates that integrating multi-source datasets with targeted architectural 

optimization improves the robustness and generalization of CNN-based model. DenseNet169 

achieved the strongest baseline performance, and its optimized variant further reduced false-negative 

rates in malignant cases, which is clinically critical for early diagnosis and improved patient 

outcomes. Theoretically, this work contributes new evidence that architectural refinement within 

transfer learning frameworks enhances diagnostic reliability in heterogeneous medical imaging 

environments. 

From a computational perspective, DenseNet169 offers superior accuracy but requires higher 

inference time and resources compared to lightweight models such as MobileNetV2, which are more 

suitable for real-time or resource-constrained clinical applications. This trade-off highlights the 

importance of selecting models based on deployment context. 

This study has several limitations: (1) reliance on dermatoscopic images only, (2) limited 

external validation across clinical institutions, and (3) the absence of explainability analysis such as 

Grad-CAM. Future work should evaluate performance on smartphone-acquired clinical images, 

integrate patient metadata, apply explainable AI techniques, and conduct prospective multi-center 

validation studies. Overall, this research provides a practical and extensible foundation for 

developing reliable AI-assisted clinical decision support systems for early skin cancer detection. 
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