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Abstract—SKkin cancer continues to be one of the most common and potentially fatal types of cancer globally, with the need for
early and precise diagnosis to enhance patient outcomes. This article introduces a novel method of automated skin cancer
classification based on a Modified VGG19 deep learning model. Embracing the philosophy of transfer learning, the model utilizes
pre-trained weights of ImageNet with selective fine-tuning of the last layers to better fit the unique characteristics of skin cancer
images. Also, a dual transfer learning approach was utilized with retraining the early layers of a pre-trained model AlexNet to
improve detection of lesion boundaries. The model was trained and tested on the publicly available HAM10000 dermoscopic image
database with 5-fold cross-validation. The model with the suggested approach attained superior performance with an average
validation accuracy of 99.07%. The proposed technique proved to be more accurate and robust when compared to other current
existing classification methods. The results imply that Modified VGG19 model, augmented with an adapted transfer learning
framework, is exceedingly suitable for the diagnosis of skin cancer and is strongly promising for real-world clinical use.
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1. INTRODUCTION

Skin cancer ranks between the most common cancer in the United States [1, 2]. Studies show that one in five Americans
can develop skin cancer during their lifetime [3], stated to be annually in about 95,000 new cases [4]. Melanocytes, pigment-
cord cells responsible for the skin or brown color [5], when they grow uncontrollably, can cause cancer, resulting in an
aggressive yet less common form of melanoma-skin cancer [5]. Estimates suggest that about one million Americans are living
with melanoma [6], and the disease claims about 20 lives every day in the US [7]. Estimates indicate that the U.S. About
197,700 persons will be diagnosed with melanoma in 2022 [6]. Additionally, about three million American non-melonoma are
affected by skin cancer, such as basal cell carcinoma (BCC) and squamous cell carcinoma (SCC) [4]. Importantly, early
detection of melanoma is 99% of survival rate [6], which outlines the important requirement for early diagnosis of skin cancer.

Traditionally, medical professionals diagnose skin cancer through visual examination, a method that can be both time and
intensity and may be prone to errors [8]. Only 6% of skin cancer cases are correctly identified as melanoma during visual
inspection. Dermoscopy, a technique that increases the visibility of skin microstructure and colors through lights, provides
better clinical accuracy [8, 9]. However, dermoscopic accuracy depends a lot on the experience and expertise of the tester due
to the similarity in the color, size, and similarity in the wound. These factors can make inconsistent diagnosis in various
physicians, which highlight the requirement of a computer-aided diagnostic system to enhance early identity.

Computer-obstructed diagnosis of skin cancer usually consists of several stages: image, pre-processing, division,
convenience and capturing classification [10, 11]. However, challenges such as skin tone, wound texture and shape and
artifacts such as hair, air bubbles, shadows, and calibration marks complicate the division and classification functions [12, 13].

This study focuses on differences between melanoma and non-melonoma skin lesions through image classification. In
recent years, machine learning (ML) techniques have greatly improved 15-20% [14] in the accuracy of automatic skin cancer
detection. Of these, deep education - a sort of ML, famous for its effectiveness in image recognition - has performed
extraordinary performances in skin wound analysis and classification [15, 16]. The next section provides a comprehensive
review of research that employs deep learning for skin cancer classification.
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II. LITERATURE REVIEW

The work presented in [17] proposes a functioning to classify skin lesions using fine-tuned neural networks. To address
data imbalance, resampling techniques are applied to skin wound images. A hybrid model by combining Densnet and U-Net is
trained for partition purposes, and resulting in fine for architectural classification. The Enkoder component of the partition
model is availed to classify seven different types of skin diseases. This approach received a balanced accuracy of 0.836 on test
dataset and 0.840 on verification dataset.

In [18], an advanced preprosanging method is introduced that automatically increases skin wound images before partition.
This method removes unwanted artifacts such as hair, gel, bubbles and specular reflections. A novel is proposed to detect and
mask hair in vowellet-based algorithm images. In addition, the wound contrast is improved using an adaptive sigmoid function,
which adjusts the localized intensity distribution. An accurate division technique is then used to separate the wound from
healthy tissue. This model was validated using the European Dermoscopy image database.

A study in [19] focus on classifying skin lesions using intensive learning, especially firm nerve network (CNN). The
dataset is the Ham10000, which includes 10,015 images from seven skin wound categories. The CNN-based model trained in
the study acquired an accuracy of 78%. Another study presents a completely firm dark nerve network for cementic division at
the pixel level. The network consists of an encoder, decoder, and a pixel -wise classification layer, which contains encoders
with encoders using the determined layers of VGG -16. The decoder rebuilds full-resolution feature maps from the output of
the encoder.

In another approach [20], the focus on deep learning for skin lesion classification using CNNS is focused on. By using the
HAM10000 dataset, the author applies methods of learning and receives 88%accuracy.

The study in a machine learning pipeline for skin cancer classification [21], which includes preprocessing, division,
convenience extraction and classification. Feature extraction techniques include ABCD rules, gray-level cum-phenomenon
matrix (GLCM), and oriented gradients (HOGs). Using a dataset from ISIC Archive which includes 328 benign and 672 deadly
melanoma images, support vector machine (SVM) classifier, 97.8% accurate and 0.94 AUC yield. K-NEAREST neighbors
(KNN) achieved 86.2% sensitivity and 85% uniqueness.

The strategy mentioned in [22] focuses on skin cancer detection and classification using traditional machine learning
approaches. The technology of an unprotected learning technique, the class cluster, achieved a classification rate of 52.63%.
When melanoma is applied to detect, the-shadow makes two clusters-for a cancer and for a non-cancer data. The classification
accuracy ranged from 60% to 75% back to the back propagation nerve network (BPNN) and from 80% to 90% for SVMs,
indicating that SVMS K-means improves both means and BPNN.

The approach in [23] emphasizes intensive learning-based classification using CNN. ISIC dataset was used, as well as data
growth, generalization and transfer learning techniques such as Inceptionv3, Resanet, VGG-16 and Mobilent.

In [24], a supervised teaching structure is used to classify skin lesions with a strong focus on computer-aided diagnosis
(CAD). Techniques such as wound division, hair detection and pigment network analysis have been integrated with MAP
estimates. The proposed system acquired 86% accuracy.

Finally, the work in [25] examines skin cancer detection and classification using deep learning models. Dataset consists of
Ham10000 (10,015 images in seven categories) and PH2 (200 wound images). The model was trained using architecture such
as Mobilenet and VGG-16, in which data growth applies. Mobilent gained 81.52% accuracy, while VGG-16 reached 80.07%
[26].

III. PROPOSED METHODS

In this study, we focused on developing and training deep nerve network using images of skin lesions. A deep firm nerve
network (CNN) was trained on a dataset with various skin wound images. To customize the training process, we used adam
optimizer and include initial restrictions to prevent overfiting. All experiments were performed on Google Colaboratory
platforms [27]. The last layer of the model was designed to handle binary classification. To reduce the risk of increasing loss, a
random dropout technique was applied during training.

A. Convolutional Neural Network (CNN)

Deep learning has greatly expanded the capabilities of machine learning in real -world applications. In these methods, many
hidden layers are used to learn and mapping complex features, removing the requirement of manual feature engineering - one
of the major benefits of deep learning. In this context, convisional layers play an important role as the main component of
CNN, one of the most powerful deep learning models. Various CNN architecture can be employed to process input images and
extract intermediate convenience representation. Pooling layers, such as maximum-pooling used in our models, help reduce the
dimensions of these feature maps and reduce the overall number of parameters. After the pooling stages, a fully associated
layer is added to convert multi-dimensional data into one-dimensional format. Finally, a softmax layer asserts binary
classification by assigning the label (0 or 1) corresponding to the normal and cancer skin wound categories, [28]. The
composition of the model is painted in Figure 1.

982 |Page



Utilitas Mathematica
ISSN: 0315-3681 Volume 122, 2025

convl - Convolution
224x224x64 i
elu
conv2 -

224x224x128 MaxPooli
conv3 - arole
224x224x256

FCL

conv5
224x224x512

conv4

convé

224%2243256 24x224x512  1x1 oM

Fig. 1. A view of the customized CNN architecture

B. Model Architecture

The model as proposed was created and run on the Kaggle environment, as well as other benchmark networks for
comparison. The foundation of our model is the VGG19 architecture, whose frozen weights [27] pre-trained on the ImageNet
dataset we used. As done with standard transfer learning procedures, we fine-tuned and trained the last two layers of the
network to customize it for our particular medical image classification task. It should be noted that our dataset is made up of
dermatological images, which is not one of the 1,000 ImageNet classes [28] in an explicit way.

In order to better deal with the special features of our dataset, we also re-trained the first three layers of a pre-trained model
AlexNet [29]. This strategic adjustment greatly improved the network's performance for the recognition and segmentation of
lesion boundaries, as evidenced by our experimental results. During training, both the first three layers and last two layers were
updated to maximize model performance. This effectively constitutes a two-stage transfer learning strategy. The overall
structure, shown in Figure 2, highlights our tailored transfer learning framework, which enhances lesion detection accuracy,
improves convergence speed, and attains high classification performance.

C. Transfer learning with CNNS and frozen layers using imagenet

Taking advantage of pre-educated Convolutional Neural Network (CNN) with imagenets and freezing the early layers is a
widely adopted transfer strategy. This technique uses generalized visual knowledge obtained from large -scale imagenet dataset
to increase performance on new, potential small datasets. By freezing the early layers-usually the first six-model retains its
strong feature extraction capabilities, preventing these layers from being modified during fine-tuning.

convl Convolution
224x224%64
: Rel
conv2 - !
224x224x128 - MaxPooling
conv3
224x224x256 : FCL

Transfer Leaning
(VGG-19)

1x]  Soft Max
Fig. 2. Proposed transfer learning to customize CNN

Major stages include

Using a pre-instructed network: Start with a CNN architecture such as a ResNet, Inception, or mobilNet that is trained on
the imageNet. These models have already learned diverse and transferred features from a huge range of image classes.

Freezing layers: The initial firm layers (eg, earlier 6) are frozen, which means their parameters remain unchanged during
the training process. This avoids renovation gradients for these layers, protecting their learned characteristics.

Fixing the model: Only the remaining unfriendly layers and any newly added layers are trained using the new dataset. This
allows the model to be adapted to the work-specific pattern while benefiting from the general characteristics extracted by
frozen layers.

Advantage of freeze layers

The initial CNN layers usually learn universal patterns such as edges and textures, which are relevant in various visual
functions. Freezing these layers prevents the erosion of these common characteristics, accelerates training, and especially
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reduces the beneficial when working with limited data. Low parameters are updated, resulting in sharp convergence. Helps
maintain performance on small datasets. Uses a strong earned representatives, improving the adaptability of the model for new
data.

IV. RESULTS AND DISCUSSION

This section presents a comprehensive analysis of the results obtained from implementing the proposed Modified VGG19
model for skin cancer image classification. The performance was evaluated through a 5-fold cross-validation approach,
ensuring robustness and generalizability of the model across various subsets of the dataset. The evaluation metrics used for
performance assessment include training and validation accuracy, loss, macro precision, macro recall, and area under the ROC
curve (AUC).

This research experiments were done using Kaggle platform and its deep learning library. Referred to the proposed model
modified CNN network with VGG19 was tested at HAM10000 [30] dataset to classify the types of seven skin cancer. The
performance of the system was evaluated against the famous benchmark and measured using several major matrix.

Precision =TP / (TP + FP)

Recall (Sensitivity) = TP / (TP + FN)

Specification = TN / (TN + FP)

F1 score =2 X (precision X recall) / (accurate + recall)
Accuracy = (TP + TN) / Total Samples

Where: TP (true positive): in correctly identified cancer cases and FN (wrong negative): Cancer cases missed

A. Dataset description

In this study, dermoscopic images have been obtained from skin cancer MNIST: HAM10000 dataset [30], which is
publicly made available by international skin imaging cooperation (ISIC) and hosted on Kaggle [31]. This dataset has 10,015
high-resolution images of pigmented skin lesions collected from various patient populations. For experimental evaluation,
dataset is divided into training and testing the most in the ratio of 80:20.

Dataset contains seven types of skin lesions sample image given in figure 3:

1. Actinic keratoses

2. Gentle keratosis such as lesions (BKL)
3. Basal cell carcinoma (BCC)

4. Dermatophybroma

5. Melanoma (mEL)

6. Melanocytic navy (NV)

7.

Vascular wound (vasc)

Fig. 3. Shows representative samples from each category.

B. Data Preroposing

Effective preprocess is important to highlight the minor visual characteristics in dermoscopic images while reducing
irrelevant noise. Adaptive mean filters are used to remove noise, which improves image quality. Additionally, data growth
technology - such as rotation, flipping and scaling - is applied to increase the size and variety of training sets. This reduces the
risk of overfiting and improves the ability of the model to normalize. The enhanced dataset helps the model learn more strong
and irreversible features.

984 |Page



Utilitas Mathematica
ISSN: 0315-3681 Volume 122, 2025

C. K-fold cross validation
To ensure a strong and fair evaluation of the ability of the proposed model to classify skin lesions on unseen data, we
applied the K-fold cross-validation technology. This method allowed us to correctly assess the normalization performance of

the model by repeatedly training and verification of various data division. In addition, the use of K-fold cross-validation
featured fine-tuning of hyper-parameters, which contributes to optimal model performance.

NUMBER OF SAMPLES IN EACH CLASS

Class Label No. of Samples
0 327
1 514
2 1099
3 115
4 6705
5 1113
6 142

Distribusi Setelah Balancing

6705 6705 6705 6705 6705

Kategori

Fig. 4. HAMI10000 Dataset Balancing distribution across all classes

Distribusi Data Training dan Testing per Kelas
5364 5364

5364 5364 5364 5364

Dataset
= Training
- Testing

Kategori

Fig. 5. HAMI10000 Dataset Train and Test data distribution for all classes

D. Fold-wise Performance Evaluation

The model was trained and validated across five distinct data folds. A summary of the best performance per fold is
outlined. Fold 1 achieved a training accuracy of 97.14% and validation accuracy of 97.21%, with a macro precision and recall
of 96.23% and 96.16%, respectively as shown in figure 6. The macro AUC was 0.9960, indicating strong discriminatory power
even at this fold. Fold 2 showed improved performance with a training accuracy of 99.29% and a validation accuracy of
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98.54%. Precision and recall values both stood at 98.53%, and the AUC improved further to 0.9993, confirming high
classification capability. Fold 3 demonstrated near-perfect results with training accuracy of 99.81% and validation accuracy of
99.72%, and the model achieved macro precision and recall of 99.72%. The AUC was 0.9999, showing outstanding class
separability. Fold 4 yielded the best validation accuracy of 99.95%, with a training accuracy of 99.92%. Both macro precision
and recall reached 99.95%, and the AUC peaked at 1.0000, signifying perfect performance in that fold. Fold 5 had the lowest
validation loss of 0.0027, while achieving validation accuracy of 99.95% and training accuracy of 99.87% shown in figure 7.
The overall accuracy is presented in figure 8 and overall loss for all folds given in figure 9. The precision, recall, and AUC
scores were again 99.95% and 1.0000, respectively as figure 10.
The aggregate performance across all five folds is summarized below:
e Average Best Training Accuracy: 99.21%
e  Average Best Training Loss: 0.0279
e  Average Best Validation Accuracy: 99.07%
e Average Best Validation Loss: 0.0434
These results reflect the consistency and effectiveness of the modified VGG19 architecture in learning discriminative
features from dermoscopic images for classifying various types of skin cancer.

169 Model Loss (Fold 1)

2.5 —— Train Loss
Validation Loss

2.0 A

154

Loss

1.0+

0.5+

0.0 4 - —

T T T T T T T
[} 5 10 15 20 25 30
Epoch

Model Accuracy (Fold 1)

—— Train Accuracy
Validation Accuracy

0.2

T T T T T T T
o 5 10 15 20 25 30
Epoch

Fig. 6. Modified VGG19 model Accuracy and Loss on Fold 1.

The highest validation accuracy was observed in Fold 4 (99.95%), indicating the model’s remarkable ability to generalize
across data. The lowest validation loss was noted in Fold 5 (0.0027), signifying a minimal error rate during prediction. The
AUC scores across all folds ranged from 0.9960 to 1.0000, reflecting the model's excellent capability in distinguishing between
multiple skin cancer classes.
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Model Accuracy (Fold 5)
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Fig. 7. Modified VGG19 model Accuracy and Loss on Fold 5.

Compared to traditional models or unmodified CNNs, the enhanced performance of the proposed Modified VGG19
highlights the significance of architecture tuning and fine-tuning pre-trained models for domain-specific applications such as
skin cancer detection. These results establish the potential of deep learning models in assisting dermatologists with fast and
accurate diagnosis, reducing the risk of manual error and improving early cancer detection.

Validation Accuracy Across All Folds

1.0 W\ ——

—— Fold 1 Validation Accuracy

Fold 2 Validation Accuracy
—— Fold 3 validation Accuracy
— Fold 4 Validation Accuracy
—— Fold 5 Validation Accuracy

0 5 10 15 20 25 30
Epoch

Fig. 8. Modified VGG19 model Accuracy graph across all Folds.
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le12 Validation Loss Across All Folds

— Fold 1 validation Loss

Fold 2 validation Loss
1759 —— Fold 3 validation Loss
—— Fold 4 Vvalidation Loss
—— Fold 5 Validation Loss

Loss

0 5 10 15 20 25 30
Epoch

Fig. 9. Modified VGG19 model loss graph plot across all Folds.

ROC Curve for Each Class - Best Model from Fold 4

—

—— Class 6 [AUC = 1.00]
Class 1 [AUC = 1.00)
Class 2 [AUC = 1.00)
Class 3 [AUC = 1.00)
Class 4 [AUC = 0.99)

— Class 5 (AUC = 1.00)
Class 6 [AUC = 1.00)

-=- Random Guess

00 0z a4 [ o8 1o
False Positive Rate

Fig. 10. Modified VGG19 model ROC Curve graph across all Folds.

To further evaluate the performance of the proposed Modified VGG19 model, a confusion matrix and corresponding
classification report were generated based on the aggregated predictions across all classes given in figure 11 and Table 2. The
confusion matrix provides a detailed account of how well the model performs on each class individually, highlighting its ability
to distinguish between various types of skin cancer lesions.

TABLE 1. CLASSIFICATION REPORT OF MODIFIED VGG19 MODEL FOR ALL CLASSES
Precision Recall | F1-Score | Support

0 1.00 1.00 1.00 1341
1 0.99 1.00 1.00 1341
2 0.97 1.00 1.00 1341
4 0.99 091 0.95 1341
5 0.96 1.00 0.98 1341
6 1.00 1.00 1.00 1341
accuracy 0.99 9387
macro avg 0.99 0.99 0.99 9387
weighted avg 0.99 0.99 0.99 9387
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Fig. 11. Modified VGG19 model Confusion matrix for skin cancer dataset across all classes.

E. Discussion

The results demonstrate that the proposed Modified VGG19 model is highly proficient in skin cancer classification tasks.
Several key points can be inferred. The consistently high validation accuracies and near-perfect AUC values across folds
confirm the model's robustness and effectiveness in multi-class skin lesion classification. Minimal variation in performance
metrics across folds suggests that the model does not overfit and generalizes well to unseen data. Both training and validation
loss remained significantly low across all folds, particularly in folds 4 and 5, showing that the model effectively minimized
prediction error during optimization. The high values of macro precision and recall across all folds highlight that the model
performs uniformly well across all classes, even when the dataset might be imbalanced.

The proposed Modified VGG19 model was benchmarked against various state-of-the-art methods reported in recent
studies. Table 3 summarizes the comparative accuracy results. The proposed Modified VGG19 approach outperformed all
listed models, achieving the highest classification accuracy of 99.07%. Compared to traditional CNN and YOLO-based
models, the accuracy improvement is significant—highlighting the effectiveness of the architectural modifications introduced
in the VGG19 model. Even when compared with more recent deep learning models like ResNet and DODL Net, the proposed
method provides superior accuracy, underlining its suitability for high-precision skin cancer detection tasks. The evaluation
through confusion matrix analysis and comparative study confirms the superior performance of the proposed Modified VGG19
model. Its ability to correctly identify all seven classes of skin cancer with high precision and recall, combined with its
outstanding overall accuracy, establishes it as a reliable and effective approach for automated skin cancer classification. The
enhancements to the base VGG19 architecture have proven to be impactful, leading to improvements in both model
generalization and class-level accuracy.

TABLE II. CLASSIFICATION REPORT OF MODIFIED VGG19 MODEL FOR ALL CLASSES
S. No. Authors Methods Accuracy
1 Khalaf and Dhannoon [32] AlexUnet+ 97.5%
2 Subramanian [33] CNN 80.45%
3 Unver [34] YOLO 91.2%
4 Garg [35] ResNet 90.51%
5 E. Gomathi [36] DODL net 98.76%
6 Proposed VGGI19 99.07%

V. CONCLUSION

In this study, a Modified VGG19 deep learning model was developed and utilized for skin cancer classification based on
dermoscopic images. The main aim was to improve the accuracy and efficiency of diagnosis in detecting various forms of skin
cancer, one of the most common and potentially life-threatening diseases in the world. Through the strong feature extraction
strength of the VGG19 architecture, the model was optimized and fine-tuned for better performance in skin lesion classification
tasks.
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A complete series of experiments was performed on the HAM10000 dataset, where the model proposed here was tested by
5-fold cross-validation. The highest validation accuracy was 99.95% (on Fold 4), and the lowest validation loss encountered
was 0.0027 (on Fold 5). On average, the model obtained 99.07% validation accuracy, 0.0434 validation loss, and virtually
perfect macro precision, recall, and F1-scores of 0.99. Against other prevailing methodologies such as CNN, YOLO, ResNet,
and DODL Net, the Modified VGG 19 model came out on top, scoring the highest collective classification accuracy of 99.07%.
These findings attest to the architectural changes and training protocols that were employed in this study having greatly
enhanced the model's capacity to identify and classify skin cancer, thus rendering it an effective medical image analysis and
decision support tool for dermatologists.

Even though the suggested model had excellent performance, there are still a few areas in which future work can be
focused on improving the effectiveness and applicability of the system in real clinical environments. Future research can use
larger and more heterogeneous datasets, including scans of various ethnicities, age groups, and geographical locations, to make
the model more generalizable and decrease dataset bias. Subsequent work can incorporate explainable Al (XAI) methods, e.g.,
Grad-CAM or LIME, to give visual justifications for predictions. This would enhance the confidence of medical professionals
by indicating which parts of the lesion had the highest contribution to the model's prediction. Ensemble of dermoscopic images
and patient metadata (e.g., gender, age, history of lesions) via multi-modal learning could also better classify and provide
personalized diagnostic information.
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