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ABSTRACT

Skin cancer is a deadly disease. Skin lesion classification is a critical challenge due to its
prevalent and deadly nature. Skin lesions are difficult for dermatologists to detect using eye
examination, which is time-consuming and variable. A deep learning model of skin lesions
classification has been proposed using a Convolutional Neural Network (CNN) trained on the
HAM10000 dataset of 10,015 dermatoscopies. To improve resilience and address the dataset’s
extreme class imbalance, data augmentation techniques such as geometric transformations,
brightness/contrast adjustments, blurring, noise addition, histogram equalization, color space
alterations, and elastic deformations are used. With a carefully balanced 10% test set, the model
can accurately distinguish seven skin lesions with an overall accuracy of 90.75%, a macro-average
F1-score of 0.92, and a good overall Area Under the Curve - Receiver Operating Characteristics
(AUC - ROCQ) score of 0.9911. To show its effectiveness, the model is compared to a trained
ResNet50 model. The custom CNN performs better than ResNet50 (87.64% accuracy despite early
overfitting). Deep learning models may be highly useful in skin cancer screening, according to
the findings. This study could simplify worrisome lesion identification in primary care, mobile
health apps, and underserved areas.

Keywords: Convolutional neural network, Skin lesion, Image augmentation, Classification

1. Introduction

Artificial Intelligence (AI) has become a powerful tool in the healthcare field, playing
a significant role in developing models that assist in identifying and addressing critical
medical problems [1]. These Al-driven models are applied across various domains, includ-
ing heart diseases [2], kidney disorders [3], and psychological conditions [4]. Accurate
diagnosis in these areas relies on diverse types of data, which are essential for evaluating
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the performance and precision of newly developed models [5]. Al integration improves
diagnostic accuracy, efficiency, and decision-making in today’s healthcare systems [6]. As a
result, detecting skin cancer is largely based on the visual analysis of dermoscopic pictures,
which is both time-consuming and extremely dependent on dermatologists’ subjective
knowledge. There are several barriers to identifying a skin lesion, including low contrast,
visual noise, hair, fibers, and bubbles that mask the border of a lesion [7]. Plus, as skin
lesions may look and feel alike in appearance, location, color, and size, early identification
is important for effective treatment [8].

To date, most medical imaging tools cannot classify skin lesions accurately as they are
complicated and have high variability. Even interpreting an image can be subjective and
incongruent, thereby leading to the need for an accurate, automated classification system
to help detect skin cancer at the earliest stage. While several studies have tried deep
learning to detect skin cancer, there is still much to be done on compute power and
dataset imbalance. For example, large, computationally expensive pre-trained networks
such as ResNet or DenseNet have been developed that are subject to overfitting and
require large amounts of memory. Lightweight, optimized CNNs are required to correctly
class imbalances of datasets like HAM10000 without taking up unnecessary computational
overhead of sophisticated ensemble or deep networks.

The purpose of this study is to develop a deep learning-based strategy for automatically
classifying skin lesions to aid in the early diagnosis of probable skin malignancies. A
modified CNN architecture is built and enhanced utilizing thorough data augmentation
approaches to overcome dataset imbalance and increase model generalization.

This study is guided by the following research question:

RQ1. Can a Convolutional Neural Network (CNN) model, enhanced with data augmen-
tation, accurately classify seven types of skin lesions from dermoscopic images?

RQ2. How effective is preprocessing, including hair removal and augmentation, in
improving dermoscopic image quality and diversity for deep learning?

RQ3. How well does the proposed CNN model perform in terms of accuracy, precision,
recall, F1-score, and Area Under the Curve — Receiver Operating Characteristics (AUC
— ROC) when evaluated on a real-world dermoscopic image dataset?

Several studies have looked at CNN-based classification of skin lesions. For example,
[9] noted the complexity in understanding skin lesion images and the need for large-scale
training data sets; [10] suggested a deep learning model for classification and emphasizes
the importance of precise categorization. Also, image distortions such as color, texture,
and lighting may have a major impact on model accuracy [11].

This study has three main contributions. First introduces a custom CNN architecture
for multiclass skin lesion categorization. Second, it illustrates a picture enhancement
(augmentation) process of changing the geometric properties, brightness and color, noise
addition, and elastic deformation of the image. Third, it compares its results with the
results in the HAM10000 dataset.

The remainder of this study consists of Section 2 reviewing papers on skin lesion
classification; Section 3 presenting the generated method; and Section 4 summarizing the
results and performance. This study concludes with a summary of the results, implications,
and opportunities for future research, which are presented in Section 5.

2. Related works

But the accuracy and speed of skin lesion identification have increased enormously
with CNNs. CNNs are robust, consistent, and easier to grade than manual assessment, and
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are well-suited for clinical and distant diagnosis. In particular study of [12], researchers
proposed integrating ResNet and EfficientNet deep learning to learn features from skin
lesions. Utilizing transfer learning on the HAM10000 data set, researchers were able to
correctly identify seven types of skin lesions: melanocytic and non-melanocytic. Using
EfficientNet’s scaling ability and ResNet’s depth, they achieved a top-of-modern accuracy
of 99.14%, demonstrating the superiority of a hybrid CNN model over single architec-
ture models like SqueezeNet for general dermatological diagnosis. Additionally, [8] also
focused on CNN’s uses in dermatology, which included dermoscopic and photographic
illness classification. The authors enhanced these findings by combining and optimizing
three existing deep learning architectures, correcting for outliers and class imbalance, and
achieving encouraging results.

A study focuses on data augmentation (e.g., rotation and flipping) and ResNet and
MobileNet to improve generalization. So, the model generalization performance in this
study was 90.5% using ResNet with transfer learning [13]. Analytically, the YOLOv8x-cls
model was 86.2% accurate in making clinical inference from a single model in a current
clinical setting, according to a study on yolov8 variations of the HAM10000 dataset [14].

In article [15], a new MobileNet-based classifier has demonstrated an ability to be used
easily as a tool for the early detection of skin cancer by providing an 85.0% category ac-
curacy on the HAM10000 data set using transfer learning in resource-constrained settings.
Likewise, [16] provided a hybrid deep learning approach, combining DenseNet-121 and
AlexNet architecture already trained. They evaluated the efficiency of feature fusion to
classify skin lesions by combining the strengths of both networks to produce an accuracy
of 90.65% using the ISIC 2016-17 dataset.

[17] Enhanced the level of clarity and consistency in diagnostics by integrating Explain-
able AI (XAI) algorithms such as Grad-CAM and Grad-CAM + + into an Android-based
healthcare system. Furthermore, [18] benchmarked 38 architectures in ten families
(ResNet, Xception, and DenseNet) and came up with 87.6% of the HAM10000 accuracy.
[19] Developed a framework that yielded 88.5% of the HAM10000 accuracy when using
DenseNet for feature extraction and mask R-CNN for lesion segmentation. According to
[20], 90.3% accuracy obtained by image augmentation. For more explaining, Table 1 lists
the algorithms and scores of accuracies in these studies.

Previously, deep learning for skin lesion classification was studied in the context of
deciding the best models to be used to diagnose certain diseases. The CNN used ranged
from simple network such as SqueezeNet or MobileNet to more complex networks such as
ResNet, DenseNet, and Xception. In addition, research has used methods such as transfer
learning, image augmentation, and hybrid modeling, all of which have shown a significant
improvement in classification accuracy. Ensemble learning and advanced data augmen-
tation have shown to yield models that are accurate and generalizable. The numerous

Table 1. Related works summarization.

Reference  Methods Dataset Accuracy (%)
[8]1 Hybridized CNN-DenseNet model HAM10000 and PAD-UFES-20 95.5

[12] EfficientNet and ResNet (Transfer Learning) =~ HAM10000 99.14

[13] ResNet, data augmentation HAM10000 90.5

[14] YOLOV8x-cls (Single-model architecture HAM10000 86.2

[15] MobileNet (Transfer Learning) HAM10000 85

[16] Hybrid (AlexNet + DenseNet-121) ISIC 2016-17 90.6

[17] Al educational system HAM10000 82

[18] ResNet, Xception, DenseNet HAM10000 87.6

[19] DenseNet, Mask R-CNN HAM10000 88.5

[20] CNN with image augmentation HAM10000 90.3
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Fig. 1. The methodology.

methods presented here are indicative of ongoing efforts to improve and adapting deep
learning models to the unique problem of medical image processing. These examples
point to additional research that needs to be done to provide better diagnostic tools for
dermatology.

As a result, combined with data augmentation and transfer learning, CNN models
have been demonstrated to be highly effective in skin lesion classification. In this study,
these results are built upon by employing a novel CNN design and using multi-channel
augmentation to further improve the classification performance of skin lesions.

3. Methodology

According to these gaps, this study focuses on a proposed method to address these
problems. Fig. 1 depicts the overall flow of the proposed model. The model relies on loading
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thermoscopic image data and metadata, either in raw form or as a CSV file. The dataset
is then processed using a range of image processing operations to enhance image quality,
such as scaling and hair removal, to ensure the image has the same size and resolution
as the input image. Afterwards, the data are augmented with various data manipulations
such as flipping and turning to increase the diversity of the dataset and correct for class
imbalance.

The processed dataset is divided into three subsets: testing, validation, and training. A
model is trained using the training subset and performance is monitored and underfitting
avoided by means of the validation subset.

When the model is ready, the test data has been analyzed. Then, using the analyzed
data, the CNN model has been built and trained. Several performance parameters such
as accuracy, precision, recall, F1-score, and AUC-ROC are used to assess the model after
training. Lastly, the proposed model suggests outputs in the form of mismatch analysis,
graphical visualizations, and quantitative evaluation metrics that will provide a complete
view of the model’s effectiveness and performance in categorization.

3.1 Dataset description

The HAM10000 dataset was used in this study to classify skin lesions. Despite being
created for a different purpose, it was a useful tool for creating and evaluating a skin
lesion classification model in the field of medical image analysis. The dataset comprises
approximately 10,000 dermoscopic images categorized into seven classes: melanocytic
nevi (nv), melanoma (mel), basal cell carcinoma (bcc), vascular lesions (vasc), actinic
keratoses (akiec), dermatofibroma (df), and benign keratosis-like lesions (bkl). A numeric
ID, ranging from 0 to 6, was assigned to each class for implementation purposes [21].

3.2. Data preprocessing

The loading and cleaning of images marked the beginning of the preprocessing process.
All images were checked for integrity, and any corrupted or mislabeled files were removed.
Each image was resized to a fixed resolution suitable for the CNN input dimensions.
A custom hair removal technique was implemented using black hat filtering, Gaussian
blurring, and inpainting to reduce occlusions caused by hair artifacts. As a result, the
experiments revealed that CNN models coupled with data augmentation and transfer
learning can help distinguish skin lesions. In line with these findings, the current study
has combined a new CNN design with multi-channel augmentation to further classify skin
lesions.

3.3. Data augmentation

The addition of data to the existing data set raised the available numbers and made it
more resilient to changes in images. To do this, we used color jittering to mimic changes
in illumination, brightness, and contrast to increase variability, and random rotations
to adjust for different orientations of lesions. Also, horizontal and vertical flipping was
used to correct for spatial bias and normalization was used to normalize the intensity
distribution of pixels. All these changes in the model prevented overfitting and improved
generalization.
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3.4. Dataset split

It is prospective that there is a significant difference between the two sets which have
been used. The dataset was divided into three subsets: testing (10%), validation (10%),
and training (80%). While K-fold cross-validation is often used in smaller scale machine
learning, it is incompatible with the computational overhead of deep neural networks on
the significantly larger HAM10000 dataset. Therefore, the model was tested on a class
balanced set of trials along with the early stopping and weight renewal features to verify
the reliability of our model.

Additionally, the robustness to data augmentation (geometric, HSV, and elastic transfor-
mations) was an ablation threshold; without these augmentation parameters, the proposed
models were strongly biased toward the majority class (Nevus) during initial training and
were less generalizable than our model.

The batch size of the optimization step of Adam was set to 34 to allow for a balance
between the limit of GPU memory and a consistent gradient estimate. Training was limited
to 150 epochs, and the training process was automatically stopped by the loss of validation.
Lastly, a benchmark experiment was run using a pre-trained ResNet50 model to measure
the structural efficiency and diagnostics of the suggested CNN against the prevailing
standards. For a baseline for classification accuracy and computing cost, the ResNet50
model was trained on the same balance of data and hyperparameters as the real-world
examples.

3.5. Convolutional neural network model training

The model for image classification uses a modified CNN to extract hierarchical features
from dermoscopic images. The model is composed of 32 convolutional layers using 33
kernels, followed by the Max pooling and ReLU activation layers. These initial layers are
intended to extract fundamental visual features. To improve generalization and reduce
overfitting, batch normalization and dropout at 0.2 have been used. To realize multi-scale
pattern recognition, more convolutional blocks with 3 x 3 and 5 x 5 kernels and 64 filters
are added as the model gets deeper. The feature abstraction is performed at these layers.
Prior to arriving at a softmax output layer of seven units (corresponding to the seven skin
lesion types), the final convolutional output is flattened and passed through dense layers
of 300 and 100 neurons, respectively.

The Adam optimizer is used to train the model. An adaptive learning rate optimizer that
works well for image classification problems is the Adam optimizer. Because the problem is
multi-class, categorical cross-entropy is used as the loss function. A dynamic early halting
strategy was used to avoid overfitting while giving the model enough time to learn intricate
minority-class features. A patience of 15 epochs was used to monitor the validation loss,
and the maximum training limit was set at 150 epochs. The ideal model weights from the
best-performing era were automatically restored upon early termination. A dropout rate
of 0.2 was selected to provide sufficient regularization without starving the network of
critical hierarchical features.

It can be referred to the pseudocode below, which depicts training processing in each
range for a better understanding of this model.

3.6. Evaluation metrics

For this proposed model, using several classification measures to assess the classifica-
tion performance of the suggested CNN model, namely the Fl-score, recall (sensitivity),
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Pseudocode 1: Training Process

1: for epoch « 1 to 150 do

2: for each batch in training_data do
predictions < CNN.forward(batch.images)
loss < CategoricalCrossEntropy(predictions, batch.labels)
Backpropagate loss gradients
Update network parameters using optimizer

end for

if validation loss does not improve for 15 consecutive epochs then
terminate training

10: endif

11: end for

WOoNQDR®

accuracy, and precision. Each of these measures is important in assessing the prediction
power of the model, especially in multi-class categorization.

3.6.1. Accuracy

Accuracy measures the overall accuracy of predictions, indicating the model correctness
for all classes. But if the set of data is uneven, and some classes dominate, then only
accuracy may not be sufficient to describe the correctness of the models. Hence, consider
other metrics as well to have a complete picture of the performance of models. Accuracy
is calculated using Eq. (1) [22].

T
Accuracy = FISJ (1)

Where TP is the True Positive, which indicates the number of instances in which the
model correctly identifies the positive class, and TS is the Total Samples, which represents
the total number of instances that have been evaluated by the model.

3.6.2. Precision

Precision measures the True Positive TP predictions from all the positive predictions.
This precision is a key indication of the model’s ability to avoid False Positives FP. FP
occurs when a model incorrectly classifies a negative sample as positive, such as when
a benign skin lesion is interpreted as malignant during medical imaging. Precision is
computed using Eq. (2) [23].

Tp

_— 2
Tp+Fp &)

Precision =

3.6.3. Recall

Recall, or sensitivity, is the ability of the model to correctly identify all actual positive
cases. This parameter indicates the extent to which the model successfully captures the
relevant instances without missing them. This is particularly important for this specific
area especially the case of medical diagnosis, where the failure to identify a true positive,
such as a malignant lesion, can have grave consequences. Recall is computed by Eq. (3)
[23].

Tp

Recall = —————
Tp+FN

©))
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Table 2. Performance metrics.

Metric Value
Accuracy 0.9075
Precision 0.92
Recall 0.92
F1-Score 0.92
AUC-ROC 0.9911

Where FN is the False Negative.

Likewise, high recall suggests that the model only missed very few actual positive
cases. This is important when early detection of disease is needed, such as skin lesions
classification.

3.6.4. F1-score

It is a measure of the performance that considers both recall and precision. It is a fair
measure which does not penalize those classes in which there is a high disparity in recall
and precision. The F1-score is especially useful in classes with unbalanced distribution,
where it would be deceptive to rely solely on recall or precision. F1-Score is computed
using Eq. (4) [23]:

2 x (Precision x Recall)

F1 — Score = @

Precision + Recall

3.6.5. Area under the curve — receiver operating characteristics

AUC-ROC compares the model’s ability to correctly differentiate between two classes at
any threshold of classification. Since the models can evaluate different bases of classifi-
cation, the AUC-ROC is a general measure of the discriminative power of the model. A
higher AUC indicates that the model is more effective in distinguishing classes, which is
significant when evaluating CNN model in this situation [24].

4. Experimental results

The model worked well and will be considered in the next section. This section will
sketchily discuss its effectiveness, with illustrations to tolerate these outcomes. It is dis-
cussed here with insights into the strengths and weaknesses of the model as well as possible
gaps in the model’s ability to properly classify skin lesions.

The key performance metrics of the model on an independent set of data are summarized
in Table 2. The model’s performance in prediction in real-world situations can be easily
checked in this summary.

4.1. Benchmark comparison against ResNet50

The achieved 0.9075 accuracy indicates a high level of confidence in the model to
correctly diagnose skin lesions in the entire dataset. To confirm the model and ensure
that the model was not overdone by the class imbalance in the HAM10000 images (mostly
Nevus images), per class metrics have been assessed. Overall, the model had an AUC-ROC
of 0.9911 and is highly discriminative in all seven categories.

Importantly, the model performed exceptionally well on severe minority classes, which
are hard to classify. bcc was classified with a high recall of 0.94 while mel, a highly
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Fig. 2. Confusion matrix of the proposed model.

critical class for early detection, was classified with a recall of 0.83 and an F1-score of
0.86. A normalized confusion matrix was constructed to visually represent the TP rate and
class misclassifications, indicating the effectiveness of the offered increase in the data in
restoring the imbalance in the data and the bias of the majority class.

To evaluate the strength and efficiency of the proposed architecture, a benchmark test
was performed against a powerful, current pretrained ResNet50 model under identical
balanced data set. ResNet50 model was computationally costly, taking over 22 minutes
for each training epoch but produced an overall accuracy of 87.64% and an F1-score of
0.89.

The custom lightweight CNN performed a higher 90.75% accuracy and 0.92 F1-score in
a fraction of the time (around 2 minutes per epoch) at a fraction of the computational cost.
This result shows that for specialized and augmented dermatological data, a lightweight
built specifically for dermatology can perform better than heavy pretrained networks in
diagnosing and computing tasks.

For illustration, Fig. 2 proves that the proposed model demonstrates strong TP rates
across all classes, particularly excelling in distinguishing (mel) and (nv) despite the
dataset’s inherent complexities.

Visibly, Fig. 3 shows that this pretrained network produces more confusion between
classes since it misclassifies a higher number of (nv) and (mel) occurrences than the custom
architecture.
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5. Discussion

For further testing on the learning process, the growth in accuracy and loss over time of
the training and validation data have also been evaluated in Figs. 4 and 5. This gives insight
into the ability of the model to learn and generalize. As seen in Fig. 4, the growing accuracy
and decreasing loss of the two sets indicate that the model is correctly representing the
patterning of the dermatological data.

In the model, showing the validation and training curves are well aligned. The validity
accuracy closely fits the training accuracy across epochs as pointed out in Fig. 4, while
the validation loss is very similar to the training loss without any significant variation as
pointed out in Fig. 5. Note that the gap between the curves is not as large as it usually
is because of overfitting. It is an indication of the high effectiveness of the dropout rate
(0.2) and the early stopping mechanism (15-epoch patience). The model also shows that
it works perfectly with unseen data without any memorization. Fig. 4. Custom model
training and validation accuracy. The close-to-center curves confirm robust learning and
good generalization without overfitting.

Correspondingly, Fig. 5 plots the custom model training and validation loss. The slowed-
down decline in training and validation losses indicates that the model is stable and that
the regularization strategies used are effective.

Additionally, this study builds upon the results of prior studies indicating positive results
from using CNNs in skin classification. The dataset is specifically designed to identify nv,
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mel, bkl, bec, akiec, vasc, and df for the specific skin condition referred to in [25] regarding
vitiligo. Unlike the previous work that focused on binary classification [25, 26]. Thus, the
current study addresses the more complex task of multi-class classification for 7 types of
skin lesions.

As mentioned in previous studies [13, 20], data augmentation has been employed to
fill out the full size of the dataset and increase the resilience of the model. In this case,
the augmentation included a large number of image transformations including flipping,
rotating, and shifting, scaling, rotating, altering brightness and contrast by random bright-
ness and random contrast, blurring with motion blur, median blur, Gaussian blur, adding
noise with Gaussian noise, equalizing the histogram using clahe, changing colors with hue
saturation value, and elastic deformations through elastic transform.

The extensive number of improvements is designed to show how the model is affected by
real image appearance differences and can more effectively generalize unfamiliar images.
These improvements, in combination with the proposed CNN design, explain the superior
performance compared to some existing models. In addition, Table 3 shows the comparison
of model accuracy to that of other studies. The current analysis is accompanied by an
increasing number of highly complex architectures, such as Vision Transformers (ViTs)
[27] and heavy ensemble deep learning models [28]. While they have excellent diagnos-
tic capabilities, they require massive computational resources, high memory usage, and
lengthy training times. For this reason, the proposed model has very competitive classifier
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Table 3. Comparison with the state-of-the-art method.

Studies Accuracy (%)
[13] 90.5

[14] 86.2

[15] 85

[19] 88.5

[20] 90.3

The Proposed Model 90.75

metrics that surpass those of several other models in the literature, and it avoids all
the computational bottlenecks associated with these heavier state-of-the-art architectures.
Because of this combination of high accuracy and low computational costs, the proposed
model is very suitable for real-world clinical and mobile use.

Although it is difficult to directly compare accuracy since the data and the type of skin
lesions varied, the results indicated that the proposed model could be as good, if not
better, than the previous model in identifying skin lesion. Despite these difficulties, the
model performed well. It has potential to be applied to more dermatological diagnostics
and can be used in a wide range of therapeutic environments. The flexibility of custom
CNNs extends beyond imaging applications to medicine. Similar deep learning systems
have demonstrated that a convolutional feature extracted from the facade data can be
sufficiently adaptable [29].

6. Conclusion

The results from this exploratory modelling study propose promising outcomes for the
suggested mode in the detection of skin lesions. The proposed lightweight architecture has
an overall accuracy of 90.75% with a precision of 0.92, a recall of 0.92, an Fl-score of
0.92 and an AUC-ROC of 0.9911 on a strictly balanced set of data. The proposed model
is more efficient and more accurate than ResNet50 and can discriminate between benign
and malignant lesions in the difficult alternative class, which can lead to early detection
of skin cancers.

The results of this study suggest that the model may help doctors in dermatology and
primary care identify lesions that warrant further investigation. It could be used in mobile
health apps that enable users to take a first-time assessment and then check themselves
for injuries or illnesses and seek medical attention immediately. It could also be used
to run remote skin cancer screenings at remote locations where patients cannot access a
dermatologist and help them identify skin cancer earlier.

Future work could use a larger and more varied set of training data to allow for better
generalizability across types of lesions, surface presentation of lesions, and skin tone.
Integrating this model with other tools of diagnosis, such as dermoscopy or histology, could
increase the accuracy of evaluation. Human trials are important for validating real-world
performance and safety. Including interpretability tools such as SHapley Additive exPlana-
tions (SHAP) or Grad-CAM will increase clinical trust. Parameter tuning or metaheuristics
optimizations such as Lagrange Elementary Optimization (LEO) and Fitness Dependent
Optimizer (FDO) could also improve the model performance. Overall, the deep learning
model in this study offers significant promise to improve skin lesion screening and early
detection, which would enable early diagnosis and prompt intervention as well as better
patient outcomes.
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