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Skin cancer is one of the most common and deadliest diseases globally, in
which early detection may help improve patient survival rates. In this paper,
an automatic skin cancer classification framework based on deep learning
using dermoscopic images is presented. Various convolutional neural
network (CNN) models were trained and tested on an annotated skin lesion
dataset, including MobileNet, EfficientNetB0O, VGG16, ConvNet, and
ResNet50. Metrics of the models were calculated by using Micro-averaged
metrics to assess the general effectiveness for all the classes. ResNet50

obtained the best performance against all tested models with a micro-average
accuracy of 97.75%, precision of 97.79%, recall of 97.75%, and F1 score of
97.76%. Our results indicate that the model enables accurate, consistent, and
balanced classification of different skin lesion categories, including actinic
keratoses, basal cell carcinoma, benign Keratosis-like lesions,
dermatofibroma, and melanoma. For real-world utilization, the top performer,
the ResNet50 model, was implemented in a Streamlit-based web application,
which is designed to automatically predict skin diseases in dermoscopic
images that were uploaded. Experimental results show that deep residual
learning is effective for improving the classification performance of skin
lesions, and it can become an assistive decision-making tool for
dermatologists in early diagnosis and clinics.
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1. INTRODUCTION

Cutaneous diseases are the most frequent health problems found around the world and occur in all
ages. Although most skin conditions are not life-threatening, it is important for them to be treated and
diagnosed early in the development of a disease such as cancer. The worldwide increase of skin cancer has
been the subject of numerous studies in medical literature, which underlines the importance of accurate and
early diagnosis systems [1]. Early detection is critical to decrease disease progression and increasing survival,
especially in malignant types like melanomas. Clinicophysical examination, Magnetic resonance
spectroscopy, and non-invasive imaging techniques can assist dermatologists in the diagnosis of cutaneous
lesions by enhancing the visualization of subsurface structures of the skin. While dermoscopy enhances
diagnostic performance, interpreting dermoscopic images is skill-dependent and demands experience. It is
not readily possible to manually diagnose, because of the visual resemblance between various categories of
lesions, which implies the need for automatic and Computer-Aided Diagnosis (CAD) systems [2]. Automated
systems strive for consistent and objective assessment to assist clinicians in reliable decision-making.

The developments of artificial intelligence and deep learning have greatly revolutionized medical
image analysis. Deep learning methods, especially neural network-based architectures, have shown powerful
learning capacity in detecting and classifying subtle or intricate disease patterns in medical images [3]. These
models automatically extract hierarchical features from data, avoiding the cumbersome feature engineering
and yielding superior classification performance. These features render deep learning well-suited for the
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analysis of dermoscopic images and the detection of skin diseases. CNNs are currently the most successful
deep learning method for image-based medical diagnosis. CNN models can learn and represent the
discriminative spatial patterns, as well as subtle differences of medical images, automatically. It has been
proven that the classification performance improves a lot by combining deep learning and efficient feature
extraction for skin lesion detection [4]. Thus, CNN architectures have emerged as the cornerstone of CADs in
dermatoscopy.

Several deep learning models have been developed for automated skin lesion classification, such as
combination enhancement and probabilistic neural networks. These methods are to enhance the accuracy of
classification by integrating feature learning and optimization techniques [5]. Furthermore, optimized CNN-
based models have also been developed to further improve the diagnostic performance of CAD systems by
training network parameters and learning efficiency [6]. These enhancements enable the models to leverage
complex visual patterns in dermoscopic images. Deep learning (DL)-based computer-aided diagnosis (CAD)
in dermatology has demonstrated promising results for the assembly of an automated skin lesions detection
and classification system to facilitate dermatologists. These approaches enable the mitigation of variability
in diagnostics and enhance the effectiveness of clinical workflow [7]. Moreover, contemporary design of
CNN architectures such as EfficientNet has been proven efficient in multi-class classification for skin-
lesions, hence making it possible for enhanced detection between various disease types [8].

Furthermore, the role of artificial intelligence in healthcare systems has broadened to include
secure and intelligent medical frameworks. The emerging Al-based health care models, such as decentralized
and intelligent systems, emphasize the increasing demand for automatic medical decision-support
technologies [9]. These advances showcase the opportunity that Al has to improve healthcare through
automation and data-guided diagnostics. Recent research has also concentrated on refining CNN-based skin
lesion classification using architectural tuning and checkpoint learning tactics. These techniques are designed
to increase model generalization and strengthen discriminative capacity on dermoscopic image data from
different sources [10]. Optimization methods have been used extensively in CNN architectures to enhance the
training effectiveness and classification accuracy of automated skin cancer detection systems [11].

Driven by the rapid development of deep learning, automatic skin disease detection systems have
been widely deployed in smart healthcare systems. Recent literature illustrates the promising ability of these
convnets to perform well in large-scale skin cancer screening and intelligent diagnostic assistance within
digital health platforms [12]. These advances underscore the increasing importance of Al-powered tools for
improving early detection, as well as diagnostic consistency. A review was conducted on a deep learning
(DL) framework for multiclass classification of dermoscopic images. The study investigates several
convolutional neural network models and evaluates them in automatic skin disease identification. Dealing
with systematic model construction, efficient preprocessing, and accurate evaluation is emphasized. The aim
of this study is to extend the knowledge and searchable evidence for computer-aided dermatological
diagnosis with an automatic and reproducible method for analyzing dermoscopic images.

The main contributions of the proposed model are:
» In this paper, a novel deep learning-based framework that facilitates automatic multi-class skin lesions

classification using dermoscopic images in order to have trustworthy categorization of different skin
diseases is proposed.

»  Several configurations of CNNs are systematically applied and compared to test their power for disease-
based skin detection and classification.

* A model architecture with an enhanced deep CNN structure is proposed to enhance feature extraction
and classification quality of complex dermoscopic skin lesion images.

* We follow a comprehensive evaluation scheme that is based on micro-averaging accuracy, precision,
recall, and F1-score to maintain balance and consistency of the performance across all lesion categories.

*  The proposed system, developed as an interactive Streamlit web application enabling live skin disecase
prediction from uploaded dermoscopic images, is a proof of concept for practical applicability.

* The automated, rapid, and stable approach will contribute to the development of a computer-aided
diagnosis system in dermatology for early identification of skin disease.

The rest of this paper is arranged as follows. The literature review is given in Section 2. In Section
3, we present the dataset and methodology. Section 4 describes the results and evaluation. Section 5
concludes with future work.
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2. LITERATURE REVIEW

Recent developments in Al and medical image analysis have brought about great achievements in
automatic disease detection and diagnosis. There is a growing volume of research on deep learning, machine
learning, and optimization models for analyzing medical and dermoscopic images to assist in the early
diagnosis of diseases. Computer-aided diagnosis systems have shown a strong potential to improve
classification performance, reduce diagnostic variability, and help healthcare practitioners in clinical decision
making. This section summarizes the related works about automatic skin disease recognition, with emphasis
on methodologies, contributions, and weaknesses of the current state-of-the-art.

Automatic skin cancer detection and classification have been successfully developed in recent years
with the method of artificial intelligence and deep learning. In [13], a fine-tuned vision transformer scheme
is presented for skin tumor classification by using enhanced preprocessing, watershed-based segmentation,
and hybrid feature extraction. The model was tested on the ISIC 2019 dataset with a performance of 99.81%
accuracy, 96.65% precision, 98.21% sensitivity, and 97.42% F-measure, revealing the efficiency of
transformer-based architectures for dermoscopic image analysis. A multi-class skin cancer identification
system based on a deep network was proposed in [14], in which better Canny edge detection, along with
optimized CNN and metaheuristic optimization, were employed to improve both lesion boundary detection
and classification. Tested on the ISIC datasets, the proposed model can achieve approximately 99%
accuracy, suggesting its promising power in multi-class skin lesions classification. In addition, an ensemble
of deep learning models, combining SqueezeNet and InceptionResNetV2, was constructed with an enhanced
Whale optimization algorithm in [15]. They achieved feature selection and classification robustness,
obtaining 95.48% and 98.59% of accuracy, PH2 and Med-Node datasets, respectively.

Transfer learning-based techniques in deep learning have also been extensively investigated [16] .
Modified a VGG16 model with more dense layers and some data augmentation for binary classification of
skin cancer and reported an accuracy of 89.09% on a Kaggle dataset. Another work [17] used EfficientNet
with transfer learning and Ranger optimizer for class balancing to enhance lesion classification and obtained
an AUC score of 0.9681 on the ISIC datasets. These findings show the applicability of scalable CNNs for
automated skin lesion characterization. Moreover, more sophisticated neural architectures have similarly
been proposed to enhance diagnostic accuracy and interpretability. A mixed-order relation-aware RNN model
trained by the Black-Winged Kite Algorithm was introduced in [18] for multi-class skin cancer detection. It
was found that the method achieved superior performance with the accuracy of 99.89% and F1-score of
99.85%, respectively, resulting in more precise feature representation and classification precision.
Furthermore, the cloud computing and Al-integrated healthcare systems were investigated in [19], where a
cloud-based intelligent medical detection system with fuzzy neural network and whale optimization was
suggested, which accentuates the significance of Al-assisted health monitoring and disease detection.

Optimization-oriented deep learning models have demonstrated great capabilities for enhancing the
efficiency and accuracy of classification. Proposed an optimized CNN architecture based on particle swarm
and bat algorithms for classifying skin lesions in the cloud-based diagnostic system to enhance the feature
extraction and classification accuracy [20]. Traditional machine learning methods for cancer image
classification have been reviewed in [21], which emphasized the disadvantage of former methods in contrast
to deep learning-based approaches. Moreover, hybrid deep learning and machine learning methods have also
been examined for enhanced diagnostic accuracy. In [22], an improved VGG19 network-based deep learning
model integrated with the classical classifiers achieved higher classification accuracy and robustness in
diagnosing skin cancer. Comparatively, experiments in [23] with machine learning and deep learning
schemes using pre-trained CNN models and optimization techniques showed accuracy higher than 99% on
ISIC datasets. These results validate the capability of deep learning models for dermoscopic image
classification.

In [24], the authors addressed ensembling deep learning models with optimization techniques in a
multi-class skin cancer classification framework through ensemble learning and White Shark Optimization,
which achieved better diagnostic performance based on advanced pre-processing, feature extraction, and
hyper-parameter tuning. The results showed improved classification performance and were insensitive to the
parameter setting compared with other methods.

In recent studies, a format of pervasive healthcare monitoring and disease analysis has been
approached with other emerging technologies. A recent critical review curation was published in [25], that
addressed noninvasive wearable biosensors for diabetes monitoring, where the attention of the skin-interfaced
sensors through continuous assessment of chemical and physiologic biomarkers such as glucose, cortisol, and
heart rate were emphasized. Highlights of the study include multimodal sensor fusion, Al-based predictive
analytics and closed-loop therapeutics for personalized and proactive care. It also covered instrumentation
challenges such as sensor stability, data protection and regulation, and it concluded that next generation
wearable biosensors would bring great benefit in enabling proactive diabetes management and enhancing
patient outcomes.
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In [26], an extensive review centred on lumpy skin disease (LSD), and emerging viral infection of
cattle and buffaloes with considerable economic losses was reported. The research looked at the worldwide
distribution, transmission dynamics, and molecular virology of the disease, finding widespread outbreaks
throughout Africa, Asia, and across Europe. Sophisticated diagnostic technologies, including PCR, LAMP,
and next-generation sequencing, were considered, as well as control measures like vaccination and vector
elimination. The review identified critical hurdles such as a lack of diagnostic infrastructure, gaps in vector
surveillance, and requirements for vaccine strategies to bolster integrated disease control efforts aimed at
enhancing the health of livestock, ensuring food security, and economic stability.

The literature suggests that deep learning approaches of CAD systems have led to significant
advances for skin cancer detection, but issues concerning model efficiency, scalability, generalization, and
application into practice remain. Solving these problems would need the construction of a strong and
effective deep learning-based system with dependable multi-class classification capacity, being
computationally efficient, and feasible to be used in real-world applications. The findings of reviewed
studies form a strong basis for the development of next-generation automated skin disease detection systems
and to propel further research towards accurate, efficient, and clinically valuable diagnostic solutions.

3. METHOD

This section explains the general methodology applied to develop the proposed automated skin
disease detection system. The methodology concerns the construction of a deep learning system that will
accurately identify multiple classes of dermoscopic images conveying skin lesions. It contains dataset
generation, image processing, model establishment, training, and testing. The goal is to develop a robust and
highly accurate system to detect different kinds of skin lesions with good diagnostic performance.

Table 1. Description of Skin Lesion Types in the Study

Skin lesion Types Description

Actinic Keratoses Actinic keratoses are precancerous skin lesions. They are caused by
long-term exposure to ultraviolet radiation.

Basal Cell Carcinoma Basal cell carcinoma is the most common type of skin cancer. It is
slow-growing and rarely spreads to other parts of the body.

Benign Keratosis-Like =~ Benign keratosis-like lesions are non-cancerous skin growths. They
Lesions resemble actinic keratoses but are not precancerous.

Dermatofibroma Dermatofibroma is a benign skin tumor. It is usually firm and raised
and can be various colors.

Melanoma Melanoma is a serious type of skin cancer. It can spread quickly to
other parts of the body if not treated early.

The wvarious categories of skin lesions analyzed in this study, with accompanying clinical
descriptions, are shown in Table 1. The table consists of benign and malignant skin lesions, to enable multi-
class classification. These are the lesion categories of interest and represent common skin conditions included
in training and testing the model. Insight into the characteristics of individual categories of lesions is useful
in better recognizing and automatically detecting skin diseases.

e B z .
Synthetic HAM10000
Extension Dataset

Model
Evaluation
> Accuracy

> Precision
» Recall
» F1-Score

Dataset Split
Train | Validation | Test

Image Pre- Data Dense(256,
P_rocesslng neeration ResNet50 RELU) + SoftMax Output
Resize 128 x 128 Dropout (0.4)

Stremlit Real time Skin
Deployment Disease prediction

Figure 1. Framework of the introduced deep learning-based skin disease detection system
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The whole process of the proposed skin disease diagnosis system is presented in Figure 1. The
process starts with the synthetic extension dataset Synthetic HAM 10000 distributed over training, validation,
and test sets in order to evaluate models. The input images are pre-processed, scaled to 128x128 pixels, and
augmented to prevent over-fitting and improve the model’s generalization. The processed images are fed to
the ResNet50 deep network along with a fully connected and dropout layer for feature extraction and
classification. Lastly, the model’s predictions are made with a SoftMax output layer, and its performance
results are based on accuracy, precision, recall, and F1 score, while deployed through Streamlit for real-time
skin disease prediction.

MEL

Figure 2. Samples of Dermoscopic Images from Different Skin Disease Categories

Figure 2 shows some dermoscopic image examples of the five types of skin diseases studied here:
Actinic Keratoses (AKIEC), Basal Cell Carcinoma (BCC), Benign Keratosis-like Lesions (BKL),
Dermatofibroma (DF), and Melanoma (MEL). Actinic Keratoses (AKIEC) are lesions of the skin,
precancerous to most common cancers on the skin, and are predominantly associated with exposure to
ultraviolet radiation, which can lead to cancer if left untreated. Basal Cell Carcinoma BCC is the most
frequent skin tumour; generally being low-growing and with little metastatic potential, but, nevertheless,
early stages of diagnosis are needed for appropriate treatment. Benign Keratosis-like (BKL) are non-
cancerous growths, which mimic precancerous lesions and rarely pose a serious threat to health.
Dermatofibroma (DF) is a benign skin tumour visible as a small, hard bump and usually not harmful.
Melanoma (MEL), on the other hand, is the worst form of skin cancer and can easily spread to other organs
if it’s not caught in time. These representative images of various lesion types demonstrate the appearance
differences and are employed to train and test the deep learning-based skin disease classification method.

3.1. Dataset Preparation and Input Representation
Let us represent the training data as shown in equation (1).

D = {(x, y)}ita M

where N is the number of total training samples. In the dataset, each item comprises an input image
x; and a label y;. Here, x; € R128*128%3 denotes a dermoscopic skin lesion image rescaled with spatial size
of 128X 128 pixels and three-dimensional color channels (RGB). The corresponding label y; € R¢. The total
number of skin disease classes is denoted as C. In such encoding, the class label vector has a value of 1 at
only one index position and 0 elsewhere. This equation represents a mathematical form for supervised
learning, in which the model aims to find an optimal mapping from the input image space to its
corresponding class label space for the correct discrimination of skin diseases.

3.2. Feature Extraction Using ResNet50

In the proposed framework, a pretrained ResNetS0 network is utilized as a deep feature extractor to
extract discriminative features from input dermoscopical images. The feature extraction can be written as
Equation (2).

F= fo(x) )
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where x is the input image, fy (*) is the nonlinear mapping introduced by the ResNet50
convolutional layers with weights 8, and F = € RP *W *D are feature maps obtained. Here, H and W are the
spatial dimensions of the feature map, and D stands for depth, as in the number of channels that encode
various learned visual patterns like texture, color, or lesion structure. In this article, we use a pretrained
model, ResNet50, for transfer learning and freeze its convolutional base. Hence, the training of the pretrained
parameters that are learned from a complex dataset is frozen. This enables the network to make use of
generic visual features learned earlier, which lowers the computational burden and avoids overfitting on the
skin lesion dataset.

3.3. Global Average Pooling

The high-dimensional feature maps output by the convolutional network, following feature
extraction, are compressed into a compact feature vector by applying the Global Average Pooling (GAP)
operation. From a mathematical point of view, GAP takes the average value across spatial dimensions of
each feature channel shown in equation (3).

Ze = —— 2L X Fije (3)

where and F; j ; is the activation at spatial location (i, ) in the k-th feature channel and H and W are
height and width of the feature map respectively. The resulting vector z = € RP consists of one value per
channel, summarizing the global appearance of learned visual patterns such as lesion texture, color
distribution, and structural cues. GAP helps reduce the number of parameters as compared to fully connected
flattening, prevents overfitting, and retains the most vital global information from the feature maps. All these
properties make it particularly appropriate for tasks such as image classification.

3.4. Fully Connected Layer

The pooled feature vector from the Global Average Pooling is fed into a fully connected (dense)
layer, where we first apply a linear transformation and then an activation function. This operation can be
written as equation (4).

h = O'(WIZ + bl) (4)

where z is the pooled feature vector, W; is a learnable weight matrix, b; is a bias vector and o (+)
denotes activation function. In this architecture, we use the rectified linear unit (ReLU) activation as follows
in equation (5).

ReLU(x) = max (0,x) )

The input and output of the fully connected layer are features to learn higher-level representations
through combination, and the ReLU activation also adds nonlinearity to the network. This allows the model
to learn more complex and discriminative patterns from various types of skin lesions, enhancing its ability to
differentiate between classes in classification.

3.5. Dropout Regularization

To prevent the model from overfitting and to enhance its generalization capability, a dropout layer is
used following the fully connected layer. Dropout does this by turning off a random selection of neurons
while training, which prevents the network from becoming overly reliant on particular features. In
mathematical terms, this reads in equation (6).

h = h-m,m ~ Bernoulli(p) (6)

where h is the input feature vector from the previous layer, m is a binary mask with probability p
(m) that follow Bernoulli distribution. The dropout parameter value in this study is 0.4, which implies that
each neuron is used with the probability p = 0.6 to be activated and the probability of deactivation during the
training process. The model is less prone to co-adaptation of features and learns more robust and generalized
representations, which in turn lead to better classification of unseen skin-lesion images due to the random
dropout.
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3.6. SoftMax Classification

The output layer of the network computes class probabilities via SoftMax on the learned feature
representation. In mathematical terms this operation is represented by equation (7).

W —
R o 2ch*b2c

Ve = 7

w oz

h+ by §

Cc 2,
Yik=1€ 2,k

where h is the feature vector after dropout, W,, b, are the weight and bias of the final fully-
connected layer, respectively, C is the total number of skin disease classes. It is the predicted probability
that a given input image belongs to class (c). The output scores are normalized into a probability distribution
by the SoftMax function, where probabilities for all classes add up to one. This lets the model label each
input image with the most likely class and, therefore, can be applied to a multiclass skin disease classification
problem.

3.7. Loss Function (Categorical Cross-Entropy)

The categorical cross-entropy loss function is used to train the network, which measures how well it
is doing of predicting class probabilities in comparison with true class labels. This loss is defined as in
equation (8).

L= — Zg=1 Ye log(yc) ®)

where C is the number of classes, y, is the true class label one-hot encoded for class (¢), and y, is
the predicted probability for each from the Softmax layer. As the ground truth label vector consists of a single
1 value for the correct class and 0 everywhere else, its loss reflects how well the predicted probability for the
correct class corresponds to this true label. Categorical cross-entropy bonus the erroneous predictions that
have a low probability when they are assumed to be the ground truth class in order to push the network's
parameters to update in such a way that it increases the probability of other predicted classes for the correct
class. Training can be performed using gradient descent to minimize this loss function and encourage the
model to predict accurate and stable skin lesion classification.

3.8. Optimization Using Adam

The model parameters are learned with the Adam optimizer that updates network weights step by
step to minimize the loss. The update rule for the parameter is described as in equation (9).

Jﬁﬁ ©)
t+e

where 6, and 6,,; are the model parameters at the current iteration and at the next iteration,
respectively, and a is the learning rate 0.0005 in our experiments 7, is the bias-corrected first moment
estimate (mean of gradients), J, is the bias-corrected second-moment estimate (variance of gradients), and €
to avoid division by zero.

Adam has the benefits of both momentum and adaptive learning rate methods; the first moment
(mean) estimate is utilized to smooth updates of the gradient, and the second moment (variance) estimate can
adaptively adjust the learning rate for each weight. This leads to quick convergence, smooth training, and
effective optimization, which makes Adam an excellent choice for deep learning-based skin lesion
classification.

Opp1= 60—

3.9. Performance Metrics

The proposed skin disease classification model is evaluated using the conventional performance
measures, such as Accuracy, Precision, Recall, and F1-score from the confusion matrix. These criteria give
an overall measure of the prediction ability of the model.

Accuracy is the global ratio of correctly predicted samples and is described by equation (10).

TP+TN

Accuracy = ———
Y = IP+TN+FP+FN

(10)
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where TP, TN, FP, and FN are true positives, true negatives, false positives, and false negatives,
respectively. It is a measure of how many of the actual positives our model captures through labeling it as
positive, and ranges at a certain scale, compared to precision.

Precision is a measure of the proportion of true positive cases, and is defined as follows in equation
(11). It indicates the percentage of instances that the samples were predicted as a certain skin disease, which
is correct, referring to the success rate and representing the dependability of positive classification.

TP
TP+FP

(11

Precision =

The recall (or sensitivity) is the measurement of how well a model returns true positive cases, and is
defined as in equation (12). Higher recall means that the model detects most of the actual disease cases.

TP
TP+FN

Recall = (12)
F1-score is the harmonic mean of precision and recall, and it is useful for providing a single measure
when both precision and recall are equally important, as shown in equation (13).

F1 — score = 2 X Preci.si'on XRecall (13)
Precision+Recall
It measures the balance between precision and recall to merge into a single overall score, so that the
model will not only do well in one class but poorly with another. These measurements provide a
comprehensive analysis perspective of the classification ability and consistency of the proposed deep
learning-based skin disease detection system.

4. RESULTS AND DISCUSSION

In this section, we evaluate the efficacy of our proposed model via experimental results and
performance analysis. The dataset was further split into 5,488 training images, 1,644 validation images, and
an independent testing set to provide accurate and unbiased evaluation. Performance of the tuned model was
evaluated with standard metrics to investigate its performance for different skin lesion types. The results
obtained show the effectiveness of the proposed method for precise detection and classification of different
skin diseases.
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Figure 3. Comparison of Training and Validation Accuracy between Different Deep Learning Models
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Figure 3 shows the prediction accuracy curves in the training and validation datasets using five
selected DNNs -MobileNet, EfficientNet, VGG19, ConvNeXt and ResNet50- for the different learning
epochs. The curves indicate an increase in accuracy for both training and validation data with the number of
epochs, which suggests reaching convergence and effective learning. First among the architectures compared
is ResNet50, which performs best with fastest convergence and smallest gap between training and validation
accuracy, indicating better generalization and lesser over-fitting. MobileNet and EfficientNet perform
relatively lower, and VGG19 and ConvNeXt display some improvement, but still not better than ResNet50.
An observation illustrates the effectiveness of using ResNet50 in facilitating accurate skin disease
classification.

Training and Validation Loss(MobileNet) Training and Validation Loss(EfficientNet)
Y

e

812 211

§ \ $
No. of Epochs

Training and Validation Loss(VGG19) Training and Validation Loss(ConvNeXt)

—o= Training Los
—-— Valdat

—-— Validation Los

No. of Epochs

g and Vali Loss( )

No. of Epochs

Figure 4. Training and Validation Loss Comparison for Various Deep Learning Models

The training and validation loss curve of five deep learning architectures, MobileNet, EfficientNet,
VGG19, ConvNeXt, and ResNet50, with various training epochs, is illustrated in Figure 4. All curves
decrease monotonically with the number of epochs of training and validation progress, which reflects good
learning and optimization for these models. Among all architectures, ResNet50 presents the fastest
convergence in terms of loss reduction and also obtains the lowest final loss value, which indicates better
model convergence and generalization. ConvNeXt and VGG19 have steady but higher loss decreases than
ResNet50, whereas MobileNet and EfficientNet are relatively slow in performance improvement. The close
distance between training and validation loss in ResNet50 means less overfitting and more stable learning
behavior, which reflects the best performance of ResNet50 as a skin disease classifier on the proposed
method.

Figure 5 shows the confusion matrices of multi-class skin disease classification using five deep
learning models: MobileNet, EfficientNet, VGG19, ConvNext, and ResNet50. Each confusion matrix
compares the distribution of true class labels versus predicted labels among the five classes: Actinic
Keratoses (AKIEC), Basal Cell Carcinoma (BCC), Benign Keratosis-like Lesions (BKL), Dermatofibroma
(DF), and Melanoma (MEL). The on-diagonal elements correspond to the frequency of true classifications,
while off-diagonal elements represent samples that have been misclassified. Looking at all models, ResNet50
gives the most correct predictions and the least misclassification, showing better classification performance
and robustness. ConvNeXt also achieves high performance but is slightly inferior to ResNet50, while
VGGI19, EfficientNet, and MobileNet present relatively higher confusion among visually similar lesion
classes such as BKL and MEL. Overall, the figure demonstrates that ResNet50 performed well in accurately
discriminating between various skin disease categories with better consistency and less errors.
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Figure 6. ROC Curves and AUC Scores for Comparative Models

The ROC curves and AUC values for each of the models, including MobileNet, EfficientNetBO,
VGG19, ConvNeXt, and the proposed ResNet50 model for all lesion classes, are shown in Figure 6. The
comparison models perform with different levels of distinguishability; MobileNet and EfficientNet obtain
moderate discrimination, and AUC is relatively low, while VGG19 has better separability capability.
ConvNeXt achieves impressive AUC values that are close to perfect over most classes. For all the lesion
categories, the proposed ResNet50 model obtains an AUC score of 1.00, which means that we are able to
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completely separate positives from negatives. This great performance could be evidence that ResNet50
feature extraction and decision boundary learning can outperform those other models.
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Figure 7. Precision—Recall Curves and AUC Scores for Comparative Models

The precision—recall curves and their AUC measurements for MobileNet, EfficientNetB0, VGG19,
ConvNeXt, and the proposed ResNet50 model across all lesion types are shown in Figure 7. Comparison
architectures exhibit diverse precision—recall behaviour, with MobileNet and EfficientNet getting moderate
performance and VGG19 obtaining stronger but unstable class separation. ConvNeXt substantially
outperforms this, achieving high AUC across most of the classes. ResNet50 model achieves very good or
perfect AUCs for all the lesions, suggesting extreme discrimination of positive samples and negative
samples even when the classes are imbalanced. The ResNet50 curves are well-separated, therefore implying
a satisfactory precision at high recall levels and reinforcing the idea that this architecture is more apt at
finding true positives without generating false alarms compared to the other models.

Model Accuracies

MobileNet 65.94%
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VGG19 76.76%
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Figure 8. Accuracy Comparison of Deep Learning Models

Figure 8 shows a comparison of classification accuracy performance between what can be afforded
by five deep learning architectures: MobileNet, EfficientNetB0, VGG19, ConvNeXt and ResNet50. From the
enclosed bar chart, we can see that the use of MobileNet resulted in an accuracy of 65.94%, followed by
EfficientNetB0 with 71.29%, and VGG19 at76.76%, suggesting a fair performance in classification results.
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ConvNeXt performed impressively well with an accuracy of 94.34%, indicating its very good feature
learning ability. The Highest accuracy 97.75% was achieved by ResNet50, which surpassed by a large
margin the other network architecture. The superiority of the ResNet50 model is shown and demonstrates its
advantages in accuracy, robustness, and generalization on multi-class skin disease classification.

Model Precision

97.79%

Precision (%)

Classifier

Figure 9. Precision Comparison of Deep Learning Models

Figure 9 shows a comparison of precision by five deep learning models—MobileNet,
EfficientNetB0, VGG19, ConvNeXt, and ResNet50 for multi-class skin disease classification. Precision is
the ratio of the number of true positive cases divided by all predicted positives and reflects how trustworthy
model predictions are. MobileNet obtained the precision of 66.75%, EfficientNetBO with prediction
performance, and VGG19 with 78.54% moderate classification reliability. This is due to ConvNeXt, which
has a precision of 94.44%, showing thatit could learn a very discriminant feature. ResNet50 obtained the best
precision of 97.79% in comparison to all models, showing better performance with a low number of false
positive predictions. These findings validate that the ResNet50 model is the most robust and precise with
respect to classification compared to other architectures examined.
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Figure 10. Recall Comparison of Deep Learning Models

Figure 10 compares the recall values of MobileNet, EfficientNetB0, VGG19, ConvNeXt, and
ResNet50 deep learning architectures in multi-class skin disease classification. Recall determines the model’s
ability to identify all relevant actual positives accurately, which indicates its performance in assessing the
true prevalence of a disease. MobileNet had the least recall, 65.94%, while EfficientNetB0O and VGG19 had
71.29% and 76.76%, respectively, indicating fair detection performance. ConvNeXt has an average recall of
94.34%, which means the model is good at identifying true positives. ResNet50 had the highest recall of
97.75%, indicating high precision and a small number of false negatives. These findings demonstrate that
ResNet50 can detect and categorize skin diseases more accurately than other tested models.

Figure 11 compares Fl-scores between our five deep learning models: MobileNet, EfficientNetBO,
VGG19, ConvNeXt, and ResNet50 for multi-class skin disease classification. The F1-score is the harmonic
mean of precision and recall, so it’s a more conservative estimate of model performance, particularly if
false/false negatives are equally important. MobileNet reached an F1-score of 63.74%, EfficientNetB0O with
70.87%, and VGG19 at 76.58%, suggesting that a moderate classification performance was accomplished.
ConvNeXt presented a remarkable performance with an Fl-score of 94.30%, indicating good overall
predictive power. Taking all the models into consideration, ResNet50 obtained the highest F1-score 97.76%,
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indicating better balance between precision and recall, and validating it as the best model for accurate multi-

class skin disease classification.

Model F1 Score

F1 Score (%)

Classifier

Figure 11. F1-Score Comparison of Deep Learning Models
Table 2. Class-wise Evaluation of ResNet50 for the Prediction of Skin Disease

97.76%

Class Precision Recall F1-score Support
Actinic Keratoses (AKIEC) 1.00 0.97 0.98 329
Basal Cell Carcinoma (BCC) 0.97 0.97 0.97 329
Benign Keratosis-like Lesions (BKL) 0.94 0.96 0.95 329
Dermatofibroma (DF) 1.00 1.00 1.00 329
Melanoma (MEL) 0.98 0.98 0.98 328

The class-wise classification performance of the proposed ResNet50 model on skin disease dataset
using Precision, Recall and F1-score is reported in Table 2. The model performs well across all five skin
lesion categories. Dermatofibroma (DF) was perfectly classified with 100% precision, recall, and F1-score;
and no instance of misclassification resulted for this class. AKIEC and MEL also performed very well
receiving Fl-score on 0.98 accurate spectral detection and discrimination. The BCC model set the point of
perfect balance of precision and recall apart from 0.97, demonstrating credible predictions. Benign
Keratosis-like Lesions (BKL) reached lower performance with an Fl-score of 0.95 caused by a small
confusion with visually related lesions. These results validate that the ResNet50 model predicts skin disease

categories with high accuracy and consistency.
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Figure 12. Sreamlit based Real-time skin disease prediction using ResNet50
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Figure 12 presents a real-time application and testing of the proposed skin disease classification
model based on ResNet50 using a Streamlit web application. Dematic WebApp has a user interface for users
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to upload dermoscopic skin lesion images, where the pre-trained model automatically predicts disease class
and confidence score. In the first scenario, the input image is classified as Basal Cell Carcinoma (BCC) with
99.75% prediction confidence. In the second one, we can see everything is working as expected, where the
systems correctly diagnose it as Benign Keratosis-like Lesions (BKL) and 98.49% confident about that.
These outcomes demonstrate the efficiency, stability, and applicability of the proposed model in real-time
skin disease detection. The deployed Streamlit view indicates that the trained ResNet50 model could be
implemented into an interactive clinical decision-support system, which would provide rapid and reliable
classification of skin lesions for automated diagnosis support.

5. CONCLUSION

In this work, we have proposed an efficient deep learning-based framework to automatically
classify skin diseases from dermoscopic images. Several state-of-the-art CNN models, such as MobileNet,
EfficientNetB0, VGG19, ConvNeXt, and ResNet50 weredeveloped and evaluated in order to determine the
best model capable of accurately classifying skin lesions into multiple categories. Experimental results
showed that the extracted deep feature, in combination with transfer learning, achieves great improvement on
classification performance and stability. Since an unbalanced distribution of samples may mislead the
performance evaluation, we use accuracy, which is an inherent property of weights, and balance our model
when calculating average classification accuracy among skin disease classes. Among all tested models,
ResNet50 also gives the best overall performance, with an average classification accuracy of 97.75%;
concurrently with high precision, recall, and F1-score for each skin disease. This observation is strengthened
by the fact that, as per the confusion matrix and class-wise results, our proposed ResNet50-based model
discriminates effectively against visually close skin lesions with a low level of misclassification. In addition,
and for its practical applicability as an intelligent clinical decision-support tool, the model was put into
operation with a Streamlit web-app platform for real-time prediction of skin disease. The proposed method
offers a robust, accurate, and efficient solution to automatic skin disease detection and classification that can
aid dermatologists in the early diagnosis process and improve healthcare quality. In future work, the model
can be augmented by feeding larger and more diverse datasets into more sophisticated attention-based
architectures and explainable Al methods for increasing diagnostic accuracy, interpretability, and clinical
practicality.
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