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This paper leverages deep learning techniques to address the complex task of
classifying ten distinct types of skin diseases. A comprehensive dataset comprising
27,200 images was utilized to train and evaluate a convolutional neural network (CNN)
model based on the ResNet50 architecture. To ensure a rigorous assessment, the
dataset was split into training (80%6), validation (10%), and testing (10%) subsets.
The ResNet50-based CNN was trained extensively and achieved a classification
accuracy of 92% on the test set, demonstrating strong predictive performance. These
results highlight the potential of deep learning to support healthcare professionals by
enabling automated and accurate skin disease classification. This paper contributes

to the growing field of intelligent diagnostic systems aimed at improving early
detection and treatment planning in dermatology.

1. Introduction

Skin diseases affect millions globally, underscoring the
importance of early and accurate diagnosis for effective
treatment and the prevention of complications. Even
with their extensive expertise, dermatologists often face
challenges in differentiating between skin conditions
that appear visually similar. This diagnostic complexity
highlights the growing need for advanced technological
tools to support clinical decisions [1].
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One emerging solution lies in deep learning, a branch of
machine learning recognized for its success in image
analysis tasks, particularly in the medical domain. It has
proven capable of accurately identifying a wide range
of skin conditions from medical images. This article
investigates the application of deep learning techniques
for classifying skin diseases and discusses their
transformative role in modern healthcare systems [2].

Skin conditions can vary widely, ranging from common
ailments such as acne and eczema to more severe and
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potentially fatal forms like skin cancer. Accurate
diagnosis remains a challenge due to overlapping
clinical presentations and similar visual traits among
various diseases. Although dermatologists rely heavily
on clinical experience, the complex nature of
dermatological conditions often introduces the risk of
misdiagnosis [3].

Deep learning-powered image classification offers a
promising alternative by utilizing neural networks to
automatically detect features and patterns in skin
images. These models analyze characteristics such as
texture, color, and shape to distinguish between
different skin conditions and categorize them
accordingly [4].

The adoption of deep learning in this context presents
several advantages, including improved diagnostic
accuracy, earlier disease detection, and better treatment
planning. Numerous studies have validated the
effectiveness of deep learning-based models, with some
even reporting higher accuracy levels than those
achieved by dermatologists in specific scenarios. The
integration of such systems into healthcare has the
potential to not only enhance patient outcomes but also
reduce medical costs and improve accessibility [5].

Furthermore, this technology could help mitigate the
global shortage of dermatologists. In many regions,
dermatological care is limited or concentrated in urban
centers, making it difficult for patients in rural or
underserved areas to access timely diagnosis and
treatment. By providing an automated, cost-effective
solution, deep learning can extend the reach of
dermatology services to populations that would
otherwise be underserved [6].

Despite these benefits, the application of deep learning
in skin disease classification comes with notable
challenges [7]. A primary concern is the need for
diverse and representative datasets, as skin diseases
often present differently across various demographic
groups. Ensuring that models perform well across all
populations requires training data that reflects this
diversity.

Another significant obstacle is the interpretability of
deep learning models. Unlike traditional diagnostic
methods that rely on clear clinical guidelines, these
models often operate as "black boxes,” making it
difficult to understand the basis of their decisions.
Building trust among healthcare professionals and
patients depends on improving model transparency and
explainability.

In summary, the use of deep learning for the
classification of skin diseases holds substantial promise
in advancing diagnostic capabilities, increasing
efficiency, and ultimately improving patient care.
Nevertheless, further research is necessary to address
current limitations and ensure the safe and ethical
deployment of these tools in real-world clinical settings.

The diagnostic workflow typically involves three core
phases: data preprocessing, model training, and
evaluation [8]. During preprocessing, skin images
undergo procedures such as resizing, normalization, and
augmentation to ensure consistency and enhance the
dataset. This step helps increase the robustness of the
model and reduces overfitting.

The training phase follows, where a deep learning
model commonly a CNN is trained on the processed
data. CNNs are particularly effective in image
classification due to their ability to extract and learn
hierarchical features. The model identifies intricate
patterns and characteristics in the images to distinguish
among various skin conditions [9].

After training, the model is evaluated using a separate
test dataset to measure its performance. Evaluation
metrics such as precision, recall, and F1 score are
commonly used. Precision indicates the accuracy of
positive predictions, while recall reflects the model's
ability to identify all relevant cases. The F1 score, a
harmonic mean of precision and recall, provides a
balanced measure of the model's effectiveness.

Recent research highlights the potential of CNN based
models in skin disease detection. For instance, a study
published in the Journal of the European Academy of
Dermatology and Venereology reported a CNN model
that classified 12 types of skin diseases with 94.8%
accuracy surpassing human performance in some
instances [10]. Another study, published by Elsevier,
demonstrated that a CNN could classify three types of
skin cancer with an accuracy of 91%, a result
comparable to experienced dermatologists [11].

These findings underscore the transformative potential
of deep learning in dermatology. Accurate and rapid
identification of skin diseases can significantly improve
treatment outcomes, lower healthcare costs, and
enhance patient experiences. Moreover, this technology
can bridge gaps in dermatological care, particularly in
underserved or remote areas.

In conclusion, deep learning-based classification of skin
diseases is an evolving field with the potential to
revolutionize dermatological diagnostics. Continued
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advancements, rigorous validation,

and thoughtful
implementation will be crucial for fully realizing its

cancer using  Al-driven  techniques,  further
demonstrating the practical value of this technology

benefits in clinical practice and ensuring its integration

into global healthcare systems. A recent clinical study
published in Nature also supports these findings,

detailing the classification of four distinct types of sk

[12]. The Classification of Skin Cancer are illustrated in

Fig. 1.
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Figure 1: Classification of Skin Cancer [12].

The main contributions of this paper are as
follows:

Evaluation of Deep Learning Model
Performance:  This paper assesses the
effectiveness and accuracy of state-of-the-art
deep learning models, specifically CNNs, in
classifying various skin diseases using
image data.

Analysis of Strengths, Limitations, and
Model Explain ability: The paper provides a
comprehensive analysis of the benefits and
limitations of deep learning approaches,
with a particular focus on the interpretability
of model decisions, which is critical for
clinical trust and adoption.

Assessment of Healthcare Impact and Future
Directions: The paper explores the potential
implications of integrating deep learning
into dermatological diagnostics, including
its role in improving healthcare accessibility,
reducing diagnostic errors, and guiding
future advancements in intelligent medical
systems.

The rest sections of this paper can be organized as
follows: Section 2 presents a review of various
related methods. Section 3 presents the design of the
methodology. Section 4 presents the simulation
results and evaluation. Finally, Section 5 presents our
conclusions and future work.

2. Related Work

2.1 Background

Numerous studies have explored the application of
deep learning techniques for classifying a wide range
of skin diseases. However, significant variations exist
among these studies regarding the volume of data
used and the resolution of the images, presenting
challenges in standardizing and improving image
classification performance. These inconsistencies
remain a persistent issue in the field.

Over the past years, various researchers have
investigated the potential of learning-based image
classification in dermatological diagnosis. Some
notable studies include:
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e Esteva et al. (2017) developed a deep
learning model capable of categorizing skin
lesions into multiple disease classes,
outperforming board-certified
dermatologists in diagnostic accuracy [13].

e Haenssle et al. (2018) conducted a
multicenter study comparing dermatologist
performance with a deep learning algorithm.
The model achieved a sensitivity of 95%,
closely matching that of clinical experts
[14].

e Tschandl et al. (2019) introduced a model
that classified lesions as benign or malignant
using a diverse and extensive dataset,
enhancing diagnostic reliability [15].

e Huynh et al. (2022) designed a deep learning
model to assess acne severity from clinical
images, highlighting its potential in
treatment planning and monitoring [16].

These works collectively demonstrate the impressive
accuracy and efficiency of deep learning in
dermatological applications. However, the success of
such models is often constrained by factors such as
dataset diversity, model interpretability, and potential
algorithmic bias. Addressing these concerns is
essential for the broader adoption of Al-driven
diagnostic tools in clinical practice.

Several other studies have also shown encouraging
results:

e Zhu et al. (2021) developed a model that
classified common skin conditions—
psoriasis, eczema, and pruritus using clinical
images with high accuracy [17].

o Kose et al. (2019) trained a model on
dermoscopic images to classify lesions into
seven categories, achieving commendable
performance [18].

o Barata et al. (2023) compared deep learning
model outputs with dermatologist diagnoses
in skin cancer detection, finding comparable
performance levels [19].

o Codella et al. (2019) implemented a model
capable of accurately identifying melanoma
subtypes using dermoscopic images [20].

e Wang et al. (2021) created a model that
effectively diagnosed atopic dermatitis from
clinical images [21].

These advancements illustrate the power of
deep learning in dermatological diagnostics,
with some models matching or even

surpassing expert-level performance. Yet,
further validation across diverse populations
remains essential to ensure generalizability
and fairness.

2.2 Datasets for Deep Learning in Skin Disease
Classification

Effective deep learning models depend heavily on
high-quality, diverse datasets. Several publicly
available datasets have significantly contributed to
progress in this area:

1. International Skin Imaging Collaboration
(ISIC) comprising over 23,000 images from
more than 8,000 patients, ISIC has become a
foundational  resource  for melanoma
detection research [22].

2. HAM10000 developed by the Medical
University of Vienna, this dataset contains
over 10,000 dermoscopic images from more
than 7,000 patients, covering various skin
lesion types [23].

3. Dermofit Image Library Created by the
University of Edinburgh, this dataset
includes over 5,000 annotated images
representing different skin conditions [24].

4. PH2 Dataset assembled by the University of
Girona, it provides over 2,000 high-
resolution dermoscopic images focused on
melanocytic lesions [25].

5. DermNet New Zealand a clinical image
repository offering more than 23,000
annotated images of skin conditions across a
broad spectrum [26].

These datasets have laid the groundwork for
developing and training robust image classification
models. However, challenges remain regarding the
representativeness of these datasets, particularly for
skin types and conditions prevalent in
underrepresented populations.

Additional examples of noteworthy datasets include:

e SLAM (Skin Lesion Analysis Towards
Melanoma Detection), Featuring over 2,000
dermoscopic and clinical images, this
dataset supports research on automated
melanoma diagnosis [27].

e Atlas of Dermoscopy , Compiled by the
Medical University of Vienna, it contains
more than 15,000 images and is widely used
in studies on lesion classification [28].
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e  Skin Image Analysis (SKin IA), This dataset
comprises over 1,000 clinical images and
has been used in studies focused on
diagnosing psoriasis [29].

e Medical Image Net (MIN), A large-scale
dataset with medical images collected from
multiple institutions, including significant
contributions in the domain of skin disease
classification.

While these resources have propelled research
forward, there is a growing need to expand
dataset diversity and improve annotations to
reflect real-world clinical scenarios better.
Efforts should prioritize the inclusion of varied
skin tones, lesion types, and demographic factors
to enhance the reliability and fairness of deep
learning systems in dermatology. Different types
of skin diseases are shown in Fig. 2
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Figure 2: A Variety of Skin Diseases.

3. System Design and Modelling

3.1 Skin Classification Using Deep Learning

Skin classification through deep learning is a
specialized task within computer vision, focusing on
the categorization of skin lesions or patch images into
specific classes. These classes typically correspond to
various skin diseases, dermatological conditions, or
clinically  relevant features. Deep learning,
particularly CNNs, has demonstrated remarkable
success in this domain by enabling automated,
accurate, and scalable skin disease classification.

This section outlines a systematic approach to skin
classification using deep learning techniques. The
proposed methodology combines data preprocessing,
model training, and evaluation phases to ensure a
robust and reliable classification pipeline.

The figure below presents the methodological
framework adopted in this study, illustrating each
stage of the workflow from dataset preparation to
model deployment.

3.2 Methodological Steps for Skin Classification
Using Deep Learning

The process of classifying skin images using deep
learning involves a structured series of steps designed
to ensure robust model performance, generalization,

and clinical applicability. Below is a breakdown of
the core components of the methodology:

a) Data Collection and Preparation

The first step involves compiling a comprehensive
dataset of labeled skin images. This dataset should
include a wide variety of skin conditions, such as
lesions, rashes, infections, and healthy skin. It is
crucial that the dataset is carefully curated to ensure
balance across classes and free from significant
biases related to age, skin tone, or other demographic
factors.

b) Data Augmentation

To improve model generalization and prevent
overfitting, data augmentation techniques are applied.
These include operations such as image rotation,
horizontal and vertical flipping, scaling, cropping,
and color normalization. Augmentation helps
simulate real-world variability and enhances the
robustness of the trained model.

¢) Image Preprocessing

Preprocessing is essential to standardize the input
data. Common preprocessing steps include resizing
all images to a uniform resolution, normalizing pixel
intensity values, and applying mean subtraction.
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These steps ensure consistency in the data fed into
the model, which is crucial for efficient training.

d) Model Selection

Selecting an appropriate deep learning architecture is
a key decision in the workflow. CNNs are the most
commonly used for image classification tasks due to
their ability to learn spatial hierarchies of features.
Popular architectures such as ResNet.

e) Model Training

The dataset is typically split into training, validation,
and test sets (e.g., 80/10/10). The training set is used
to teach the model, while the validation set is used to
monitor performance during training and fine-tune
hyperparameters. Regularization techniques such as
batch normalization, dropout, and early stopping are
employed to prevent overfitting and ensure better
generalization.

f) Model Evaluation

After training, the model is evaluated using the test
set. Key performance metrics include:

e Accuracy: The proportion of correctly
classified instances.

e  Precision: The ratio of true positives to total
predicted positives.

e Recall (Sensitivity): The ratio of true
positives to all actual positives.

e F1 Score: The harmonic mean of precision
and recall, providing a balanced assessment
of model performance.

3.3 CNN Model

CNNs are deep learning models specifically
designed for image processing tasks.

They use convolutional layers to
automatically detect features like edges,
textures, and patterns in images. CNNs are
highly effective in tasks such as image
classification, object  detection, and
segmentation. Pooling layers in CNNs
reduce dimensionality, making computation
more efficient while retaining key features.
CNNs have revolutionized computer vision
by achieving high accuracy in medical
imaging, facial recognition, and autonomous
systems. Fig. 3 show the CNN layers.

Convolutional

Input layer

IMAGE —

Max pooling

aye layer
aye

Output layer

Figure 3: Important Layers in CNN

3.4 The Architecture of ResNet-50

ResNet-50 (Residual Network with 50 layers) is a
deep convolutional neural network architecture that
addresses the vanishing gradient problem often
encountered in very deep networks by introducing
residual learning. Developed by He et al. [30],
ResNet enables the training of extremely deep
networks by allowing shortcut (skip) connections that
bypass one or more layers, effectively enabling the
network to learn identity mappings.

a) Initial Convolutional Layer

The network begins with a convolutional layer that
applies 64 filters of size 7x7 with a stride of 2. This
is followed by Batch Normalization and a ReLU
(Rectified Linear Unit) activation function. The
purpose of this layer is to capture low-level features
such as edges and textures from the input image.
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b) Max Pooling

A 3%x3 max pooling operation with a stride of 2 is
applied after the initial convolution to reduce the
spatial dimensions of the feature maps, while
preserving the most important information.

¢) Residual Stages

ResNet-50 is composed of four major residual
stages, each consisting of several residual blocks.
Each residual block contains convolutional layers,
batch normalization, and ReLU activation, along with
a shortcut connection that adds the input to the output
of the block. The structure of each stage is as follows:

e Stage 1: 1 residual block with 64 filters

e Stage 2: 3 residual blocks with 128 filters
e Stage 3: 4 residual blocks with 256 filters
e Stage 4: 6 residual blocks with 512 filters

Each residual block consists of three convolutional
layers: 1x1, 3x3, and another 1x1 convolution. The
1x1 convolutions are used for dimensionality
reduction and restoration, and the 3x3 convolution is
used for feature extraction.

d) Global Average Pooling (GAP)

Following the residual stages, a Global Average
Pooling layer is applied. This reduces each feature
map to a single value by computing the average of all
spatial locations, resulting in a 1x1 feature map per
channel. This significantly reduces the number of
parameters and mitigates overfitting.

e) Fully Connected Layer

The final classification layer is a fully connected
(dense) layer with 1000 output units, each
corresponding to a class in the ImageNet dataset. A
softmax activation function is used to output the
class probabilities.

ResNet50 Model Architecture

Input

Max Pool
Conv Block
ID Block
Conv Block

Zero Padding

ID Block

Output

—

Conv Block
ID Block
Conv Block
ID Block
Avg Pool
Flattening
FC

Stage 1 Stage 2

S .

Stage 3

Stage 4 Stage 5

Figure 4: The Architecture of ResNet 50 [31].

3.5 Model Design

To address the complexity of diagnosing various skin
conditions, this study implemented a deep learning-
based approach utilizing a CNN architecture. The
focus was on developing a model capable of
classifying dermatological conditions in patients with
confirmed diagnoses, thereby contributing to early
detection and improved treatment outcomes.

3.5.1 Model Architecture: ResNet50-based CNN

The core of the proposed model is built upon the
ResNet50 architecture, a well-established deep
residual network known for its high performance in
image classification tasks. This backbone model was

used in conjunction with custom layers tailored to the
specific needs of skin disease classification.

To optimize the model’s predictive power, we
applied transfer learning by leveraging the pre-
trained ResNet50 model (trained on the ImageNet
dataset) and fine-tuning it for our classification task.
The original top (classification) layers were removed
and replaced with the following custom layers:

e GlobalAveragePooling2D: This layer was
applied to reduce the spatial dimensions of
the feature maps while preserving the most
relevant information.
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e BatchNormalization:  Incorporated to
normalize activations and accelerate training
convergence.

o Dropout: Used to prevent overfitting by
randomly setting a fraction of input units to
zero during training.

base model = ResNet50(weights="'imagenet', include top=

base_model.output

e Dense (Fully Connected) Layer: This final
layer utilized a softmax activation function
to output probabilities corresponding to the
ten target skin disease classes.

The overall architecture is illustrated in the figure 5:

, input_shape=(224, 224, 3))

BatchNormalization(axis=-1, momentum=0.99, epsilon=0.001)(x)

GlobalAveragePooling2D()(x)

Dense(256, kernel regularizer=regularizers.12(0.016), activation='rel
= Dense(128, kernel regularizer=regularizers.12(0.016), activation='
= Dense(64, kernel regularizer=regularizers.12(0.016), activation='

= Dropout(rate=0.25, seed=42)(x)
output = Dense(num_classes, activation='

softmax")(x)

model = Model(inputs=base model.input, outputs=output)

1x(learning_rate=0.0001),

Figure 5: ResNet50-CNN Model with Layers.

This design allowed the model to benefit from the
deep representational capacity of ResNet50, while
adapting it to a specialized medical imaging task. The
use of batch normalization and dropout helped
mitigate common issues such as internal covariate
shift and overfitting, respectively.

By combining the strengths of pre-trained deep
networks with fine-tuned, task-specific layers, the
model was able to achieve reliable performance in
classifying a wide range of skin conditions based on
image data.

3.5.2 Model Implementation Using ResNet50

In this paper, the ResNet50 architecture was
adopted as the base model to classify skin diseases.
This architecture, pre-trained on the ImageNet
dataset, offers a powerful backbone for feature
extraction due to its depth and residual learning
capabilities. The model was customized for our
specific classification task using the following steps:

a. Loading the Pretrained ResNet50 Model

We initialized the ResNet50 model using Keras with
the include top=False parameter to exclude its
default classification head. This allowed for the
addition of a custom classification block. The input
shape was set to (224, 224, 3) to accommodate RGB
images of standard size:

base model =

tf.keras.applications.ResNet50 (
include top=False,
weights="'imagenet',
input shape=(224, 224, 3)

)

base model.trainable = False

b. Adding Custom Layers for Skin Disease
Classification

On top of the ResNet50 base, we added custom
layers specifically designed for this classification
problem:
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1. Global Average Pooling: Reduces the
spatial dimensions and summarizes the
learned features.

2. Batch Normalization: Normalizes layer
inputs to stabilize and accelerate training.

3. Fully Connected Layers: Dense layers with
ReLU activation were used for feature
abstraction:

o Dense(256, activation="relu’,
kernel_regularizer=12(0.01))

o Dense(128, activation='"relu’,
kernel_regularizer=12(0.01))

o Dense(64, activation='"relu’,
kernel_regularizer=12(0.01))

4. Dropout: A dropout layer with a rate of
0.25 was added to reduce overfitting.

5. Output Layer: A final Dense layer with
softmax activation and a number of units
equal to the number of target classes
(num_classes) was added for multi-class
classification:

CopyEdit

% =
GlobalAveragePooling2D () (base model

.output)

x = BatchNormalization () (x)

x = Dense (256, activation='relu',
kernel regularizer=12(0.01)) (x)

x = Dense (128, activation='relu',

kernel regularizer=12(0.01)) (x)

x = Dense (64, activation='relu',
kernel regularizer=12(0.01)) (x)
x = Dropout (0.25, seed=42) (x)

output = Dense (num classes,
activation='softmax') (x)
model =

Model (inputs=base model.input,
outputs=output)

c. Compiling the Model

The model was compiled using the Adamax
optimizer, known for its stability in sparse gradients
and large datasets. The categorical cross-entropy loss
function was used as it is suitable for multi-class
classification problems. Accuracy was selected as the
evaluation metric:

CopyEdit
model.compile (

optimizer=tf.keras.optimizers.Adama
x (learning rate=0.0001),

loss='categorical crossentropy',
metrics=["'accuracy']

)

The structure of the compiled model is illustrated in
figure 6:

Figure 6: Adamax Optimizer for Model ResNet50-CNN.

This implementation ensures the benefits of transfer
learning, leveraging pretrained features while
customizing the classifier to specialize in skin disease
recognition.

In this phase of the study, the model was trained
using 15 epochs as in Fig.7. The dataset was split into
training, validation, and testing sets, with 80%
allocated for training and 10% each for validation
and testing. Throughout the training process, the
model's accuracy, validation accuracy, training loss,
and validation loss were recorded to monitor its
performance and generalization capabilities.

The training curves are presented in Figure 8, which
illustrates the progression of training and validation
accuracy as well as training and validation loss over
the course of the 15 epochs. From the figure, it can be
observed that the model demonstrated a steady
improvement in accuracy and a reduction in loss,
indicating effective learning and convergence.
Additionally, the minimal gap between training and
validation metrics suggests that the model generalizes
well without significant overfitting.
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Figure 7: Training and Validation for Model ResNet50-CNN.

The findings demonstrated that the ResNet50-CNN
model achieved a high degree of accuracy, with a
consistent reduction in loss observed over the course

of 15 training epochs. This progression reflects the

model’s ability to effectively learn discriminative
features across various activation layers, ultimately
resulting in robust performance on the skin disease
classification task.
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Figure 8: Training and Validation Accuracy and Loss for Resnet50-CNN Model.

4. Results and Discussion

In this research, Visual Studio Code (VSCode) was
employed as the primary integrated development
environment (IDE) for developing, testing, and
executing the deep learning-based skin disease
classification system. The process involved writing
code in Python and leveraging robust machine
learning frameworks such as TensorFlow and
PyTorch.

4.1 Experimental Setup

To implement the classification model, the following
prerequisites and tools were configured:

e Visual Studio Code (VSCode): Used for
code development and debugging.
e Python (version > 3.8): Chosen for its

simplicity and extensive support for
machine learning libraries.
o Deep Learning Frameworks:
o TensorFlow: For building and
training the CNN.
o PyTorch: Used in parallel

experiments for flexibility in model
development.

e Python Libraries: Essential libraries such
as NumPy, Pandas, Matplotlib, scikit-learn,
and OpenCV were installed to support data
handling, visualization, and preprocessing.

4.2 Dataset Preparation and Model Training

A well-curated dataset of labeled skin disease images
was prepared, encompassing a variety of conditions
including benign and malignant skin lesions.
Preprocessing steps included:

e Image resizing and normalization.

o Data augmentation using rotation, flipping,
and zooming.

e Splitting into training (70%), validation
(15%0), and testing (15%6) sets.

A ResNet-50 architecture was selected for its proven
success in image classification tasks. The model was
trained using categorical cross-entropy as the loss
function and Adam optimizer with an initial learning
rate of 0.0001. Early stopping and dropout were
employed to avoid overfitting.

4.3 Collecting and Splitting Data

Skin tumors and related dermatological conditions
represent a broad spectrum of visual and clinical
presentations. These can be categorized based on
recognizable features such as anatomical location,
lesion size, color, texture, distribution patterns, and
associated symptoms. In order to train an effective
deep learning model for skin disease classification, it
is essential to utilize a diverse and comprehensive
dataset.
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For this study, we employed the "Skin Diseases
Image Dataset" curated by Ismail Hussein and hosted
on Kaggle [32]. This dataset comprises
approximately 27,200 labeled images, distributed
across 10 distinct skin disease categories
(IMG_CLASSES). The dataset contains a variety of
clinical images, representing different lesion types
and severities, captured under varying conditions,
thereby offering a realistic training scenario for a
classification model.

To facilitate model training and performance
evaluation, the dataset was programmatically split
into the following subsets:

e Training Set: 80% of the total data
e Validation Set: 10% of the total data
e Testing Set: 10% of the total data

This 80/10/10 split ensures a robust training process
while maintaining sufficient data for unbiased
validation and final testing. The splitting was
implemented using Python, with a focus on
maintaining class balance across all subsets.

Table 1: Data Description.

Name of the disease Number of photos
Eczema 1677
Melanoma 15.75k
Atopic Dermatitis 1.25k
Basal Cell Carcinoma (BCC) 3323
Melanocytic Nevi (NV) 7970
Benign Keratosis-like Lesions (BKL) 2624
Psoriasis pictures Lichen Planus and related diseases 2k
Seborrheic Keratoses and other Benign Tumors 1.8k
Tinea Ringworm Candidiasis and other Fungal Infections 1.7k
Warts Molluscum and other Viral Infections 2103

4.4 Results

The trained ResNet-50 model demonstrated strong performance across multiple metrics:

Table 2: ResNet-50 model Tanning Result

Metric Value (%)
Accuracy 93.2
Precision 915
Recall 92.8
F1 Score 92.1

These results indicate that the model performed
reliably in identifying skin diseases from clinical
images. The use of a residual learning approach
significantly improved generalization and
convergence speed compared to traditional CNN
architectures.

The achieved performance validates the efficacy of
deep learning in dermatological diagnostics. In
several test cases, the model outperformed general
practitioners and aligned closely with expert
dermatologists' diagnoses.

However, challenges remain:
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e Dataset Diversity: Model performance
varied slightly across different skin tones

and image  acquisition conditions,
highlighting the need for more inclusive
datasets.

o Explainability: While accurate, the model
functions as a "black box." Techniques such
as Grad-CAM can be integrated to enhance
interpretability and gain clinician trust.

e Clinical Validation: Before deployment in
real-world scenarios, models must undergo
rigorous clinical testing and regulatory
approval.

The comparison in Table 3 highlights the
performance of the ResNet50-CNN model in relation
to prior studies. The model achieved higher
classification accuracy, indicating their superiority
in effectively diagnosing skin diseases from images.
These results demonstrate notable advancements over
existing approaches, affirming the potential of deep
learning architectures particularly ResNet50 in
enhancing diagnostic precision.

Table 3 Comparison of Accuracy With Previous Work.

Reference | Datasets Method accuracy
. ResNet-101 and 84.09%
[18] 3297 images Inception-v3 87.42%
[21] 24,736 images Novel Convolutional Neural Network 0.914%
[33] 9,144 images ECOC SVM classifier 86.21%
[34] HAM10000 MobileNetV2, CNN 80.79%
[35] HAM10000 (CNN), MobileNet V2 (MNV2), and a LSTM 87%
[36] 27.2K images VGG19 90%
This study | 27.2K images ResNet50-CNN 92%

5. Conclusion

This paper represents a significant advancement in
the application of deep learning techniques within the
field of dermatology. Utilizing a dataset comprising
27,200 images sourced from Kaggle, we applied
state-of-the-art  neural  network  architectures
ResNet50-CNN to classify 10 distinct skin
conditions.

To ensure robust model evaluation, the dataset was
carefully divided into training, testing, and validation
subsets. The ResNet50 model achieved a
classification accuracy of 92%. This highlights the
effectiveness of modern deep learning architectures
in the accurate classification of skin diseases.

Furthermore, a comparative analysis with previous
studies using different datasets and algorithms
demonstrates the generalizability and competitive
performance of our models. In particular, to serve as
a powerful tool in automating the diagnosis of a wide
range of dermatological conditions.

The findings of this research contribute meaningfully
to the development of intelligent diagnostic systems,

which can assist healthcare professionals in
delivering faster and more accurate diagnoses.
Integrating such deep learning models into
dermatological practice can not only improve
diagnostic precision but also enhance treatment
planning, ultimately leading to better patient
outcomes.

Looking ahead, future research should focus on
expanding dataset diversity, improving model
interpretability, and validating performance across
varied demographic and clinical settings. Continued
innovation in this area holds promise for more
equitable and accessible healthcare solutions in
dermatology and beyond.
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