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ABSTRACT 

 
Skin disease varies from benign blemishes to cancerous malignancies. This study uses large datasets to 
classify skin diseases as malignant or non-cancerous to improve early diagnosis and treatment. Our study 
examines basal cell carcinoma, squamous cell carcinoma, actinic keratosis, seborrheic keratosis, melanoma, 
granulomas, angiomas, and angiokeratomas, as well as benign conditions like melanocytic nevus, 
dermatofibroma, hemangioma, pilar cysts, keratinous cysts, moles, skin tags, and wart for comparison, 
healthy skin photos are supplied. Two datasets—10,000 melanoma photos and 5,000 images of various skin 
conditions—represent varied skin types and lesion appearances. Preprocessing included scaling all photos to 
uniform dimensions, image augmentation (flipping, rotating, scaling), and pixel value normalization to aid 
machine learning algorithm convergence. Dermatologists cleaned data and tagged photos with condition-
specific information for supervised learning. We oversampled minority classes and created synthetic data 
using SMOTE to correct class imbalance. Our study focuses on segmentation and feature extraction to 
properly identify skin cancer, non-cancerous lesions, and healthy skin. For exact lesion border delineation, 
MorphACWE, MorphGAC, thresholding, edge detection, clustering, and semantic segmentation were used. 
Both standard and sophisticated approaches were used to extract features, including HOG, LBP, GLCM, 
Gabor filters, and shape descriptors like Hu and Zernike moments. Skin disease classification was tested 
using five machine learning models: ResNet/DenseNet, GAN, Random Forest (RF), Support Vector Machine 
(SVM), and K-Nearest Neighbor (KNN). Our dataset contained 10,000 melanoma photos, 10,000 healthy 
skin images, and images of actinic keratosis, melanocytic nevus, dermatofibroma, hemangioma, keratinous 
cysts, pilar cysts, lipoma, moles, skin tags, and warts. We choose the best skin disease classification model 
by comparing F1-score, recall, accuracy, and precision. This study emphasizes the need to combine image 
processing technologies to improve skin lesion identification. We want to improve dermatology by allowing 
quick and exact detection of skin problems, which will improve clinical choices and treatment results. The 
report also recommends dermatological diagnostics research and examines model selection in practical 
problems healthcare settings. 
 
Keywords: Skin Diseases, Melanoma, Image Segmentation, Feature Extraction, Machine Learning, 

Classification, Dermatology. 
 
1. INTRODUCTION 
 Skin diseases, which range from benign 
blemishes to malignant malignancies, represent 
substantial issues in dermatology. Early and correct 
diagnosis of these disorders is critical since it may 
significantly improve patient outcomes [1], 

particularly in instances of skin cancer. The rising 
worldwide frequency of skin cancer highlights the 
need for better diagnostic techniques that can 
discriminate among malignant and non-cancerous 
skin disorders with high accuracy. Historically [2], 
dermatological diagnoses were mainly reliant on 
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clinical examination and histological investigation, 
which, although useful, are time-consuming and 

need specialist knowledge. Machine learning and 
image processing tools have recently emerged, 

opening up new opportunities for automated and 
more accessible skin disease categorization. Using 
these technologies, researchers want to create 
systems that may help physicians make quicker and 
more accurate diagnoses, resulting in timely 
therapeutic interventions. 

This work aims [3] to improve skin illness 
categorization by using a large dataset that contains 
photos of a variety of skin disorders, both malignant 
and benign, as well as normal skin. The dataset is an 
important resource since it not only offers a diverse 
range of skin types and lesion appearances, but it 
also enables for the development of machine 
learning models that can generalize effectively 
across populations [4]. To guarantee the 
classification models' robustness, many critical 
procedures were taken during dataset preparation. 
These included picture scaling to preserve 
consistency, augmentation methods including 
flipping, rotating, and scaling to increase model 
robustness to changes in image orientation, and pixel 
value normalization to boost machine learning 
algorithm convergence rates [5][6]. Additionally, 
dermatological professionals thoroughly cleaned the 
data to remove duplicates and low-quality photos, 
confirming the training data's dependability. Given 
the dataset's intrinsic class imbalance, notably the 
overrepresentation of melanoma photos, synthetic 
data creation techniques such as SMOTE and 
oversampling of minority classes were used. These 
strategies were critical in reducing model bias 
toward more common illnesses, resulting in 
balanced performance across all skin disease 
categories. The study [7] also looks at advanced 
segmentation and feature extraction methods, which 
are critical for correctly detecting lesion borders and 
extracting significant patterns from pictures. The 
work [8] intends to capture the complex 
morphological and textural properties of skin lesions 
by combining classic techniques such as Histogram 
of Oriented Gradients (HOG) and Local Binary 
Patterns (LBP) with more advanced approaches such 
as Gabor filters and shape descriptors. 

Five machine learning models—
ResNet/DenseNet, GAN, Random Forest, Support 
Vector Machine [9], and K-Nearest Neighbor—were 
thoroughly tested to verify their efficacy in 
identifying different skin conditions. The 
performance of these models was evaluated using 
important measures such as F1-score, recall, 
accuracy, and precision, with the objective of 
determining the most dependable model for clinical 
use. This study aims to make a substantial 

contribution to dermatology by integrating rigorous 
data preparation, cutting-edge image processing 
methods, and strong machine learning models. The 
results [10] have the potential to increase skin 
disease categorization accuracy, allow for earlier 
diagnosis, and improve treatment outcomes for 
people throughout the globe. 
 
2. LITERATURE SURVEY 
 A number of points have been made in 
favor of using AI to aid in the medical field. The 
post-pandemic situation fuels the excitement around 
telemedicine technological help for rural regions. In 
the context of dermatological healthcare, the 
imbalanced distribution of dermatologists makes 
general practitioners the primary medical experts 
who provide dermatology treatment in rural regions. 
This research compares [11] several approaches to 
segmentation methods for localizing skin lesions on 
a given picture. The study is based on skin 
pigmentation level, pigmentation contrast between 
healthy skin and the lesion, and lesion distribution. 
Overall, Grab-cut is the most resilient for any given 
circumstances. Given that [12] there are around 3000 
skin illnesses, detecting and treating them is a 
difficult task. This complicates the diagnosis of skin 
illnesses, emphasizing the need of precise 
identification in order to treat the problem 
successfully. Current deep learning-based skin 
detection methods are often limited to a restricted 
number of skin disorders, operate on tiny datasets, 
and seldom reach Top-5 accuracy of more than 70%.  

 
Misdiagnosis [13] is common because 

some illnesses seem so similar that they might be 
mistaken for another. As a result, there is a need for 
a computer-based system for skin disease detection 
and categorization using photographs to increase 
diagnosis accuracy while also dealing with the lack 
of human specialists. The study's objective [14] is to 
improve diagnostic accuracy while overcoming the 
obstacles associated with distinguishing between 
skin conditions that seem anatomically similar. This 
strategy seeks to enhance patient care by reducing 
diagnostic time and promoting more practical and 
accurate treatment alternatives. The skin [15] is the 
biggest organ in the body and serves an important 
protective function. Skin illnesses may be inherited 
or environmental, affecting individuals of various 
ages, races, and genders. A dermatologist is the ideal 
medical specialist to consult for skin disorders since 
they can check the whole individual and consider 
their medical history. A multitude of [16] structures 
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and systems comprise the skin, the dermis, the 
epidermis, the subcutaneous tissues, the lymphatic 
vessels, the nerves, the blood vessels, and the 
muscles. Various germs may alter the skin's texture 
or generate color; allergic reactions; hidden bacteria; 
fungal growth on the skin; and microbes can also 
cause a skin disease.  

 
In this research [17], we will further 

investigate how to leverage Convolutional neural 
networks are faster and more exact than traditional 
approaches for detecting and identifying LSDV. We 
also discussed potential applications for this new 
technology, including the advantages of using C 
NNs for this purpose. Using deep learning target 
detection approaches that use cloud and edge 
computing, this study [18] focuses on common skin 
disorders including acne and dermatitis. The 
methods chosen are You Only Look Once 
(YOLOv5), EfficientDet, M2det, and single shot 
multi-box detector (SSD). In the field of popular 
science dermatology, a skin disease detection system 
has been developed to facilitate the rapid diagnosis 
of skin ailments. We have [19] used excitation-
emission matrices to analyze the fluorescence of 
tissue samples from degenerative skin disorders. 
These observations are part of a proof-of-concept 
research for a novel noninvasive optical diagnostic 
method for degenerative skin conditions. Collecting 
several images of healthy and LSD-infected cattle is 
an important part of our method [20]. In order to 
extract features from images, advanced learning 
algorithms like CNN are used for preprocessing. 
Following this, we will classify cow images as either 
healthy or infected with LSD using Machine 
Learning models like Support Vector Machines 
(SVM) and Random Forest Neural Networks. 
 
3. METHODOLOGY 
 The technique for this work is intended to 
address the limitations of utilizing machine learning 
models to categorize skin disorders. It starts with the 
collecting and preparation of various datasets, 
followed by stringent data cleaning and 
augmentation to improve model performance. We 
then use sophisticated segmentation and feature 
extraction methods to correctly capture skin lesions' 
morphological and textural properties. Multiple 
machine learning models are developed and tested to 
determine the best illness categorization technique. 
Finally, the approach is evaluated to verify that the 
results are consistent and generalizable. 
 
Dataset Collection: For this investigation, we used 
two primary datasets. The first dataset included 

10,000 photos of melanoma, whereas the second 
featured 5,000 photographs of various different skin 
diseases, both malignant and benign. These datasets 
were collected from public sources and 
dermatological clinics to provide a diverse range of 
skin types and lesion presentations. 
Data Pre-processing: The pre-processing step was 
critical in preparing the datasets for analysis. To 
standardize the collection, all photos were first 
scaled to uniform dimensions. Image augmentation 
methods such as flipping, rotating, and scaling were 
used to improve the model's resilience to changes in 
image orientation and size. Pixel normalization was 
then carried out to improve the convergence rate of 
machine learning systems. 
Data Cleaning and Quality Assurance: To verify 
the dataset's quality and dependability, data cleaning 
processes were used. Dermatologists manually 
inspected pictures to eliminate duplicates and low-
quality photographs. The photos were additionally 
annotated with condition-specific information to aid 
with supervised learning in later phases. 
Class Imbalance Handling: Given the excessive 
amount of melanoma photos relative to other 
conditions, methods for addressing class imbalance 
were required. To produce synthetic data, we 
employed the Synthetic Minority Over-sampling 
Technique (SMOTE) as well as oversampling 
minority classes. This strategy helped to balance the 
dataset, preventing the model from being biased 
toward the more common classes. The minority data 
is replicated from the minority set of data in a 
traditional oversampling process. Although it 
increases the quantity of data available, it does not 
provide the classification model with any additional 
knowledge or variation. To address this problem, 
The author introduced the SMOTE which is the most 
effective and commonly used technique. For 
balancing the dataset, it generates fresh synthetic 
samples. SMOTE generates synthetic data using the 
KNN technique. It calculates the distance between 
the two sample points as well as the distance 
between the feature vector and its nearest neighbour. 
It then multiplies the distance by a value between 0 
and 1 at random. At the computed distance, a new 
point is picked on the line segment. This procedure 
is repeated for each of the feature vectors that have 
been discovered. In terms of preventing over-fitting 
and under-fitting, SMOTE performs better than 
basic sampling approaches. 
 
Segmentation: The segmentation process was 
crucial for precisely defining lesion borders. To 
accurately segment skin lesions, we used a variety of 
approaches such as MorphACWE, MorphGAC, 
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thresholding, edge detection, clustering, and 
semantic segmentation. This phase was critical for 
separating the regions of interest in the photos for 
further analysis. 
 
3.1. Thresholding 
 
Otsu multi-threshold image segmentation is a 
statistical technique that maximizes the variance 
between classes. Suppose we want to divide an 
image into 𝐾 categories, so we need to find 𝐾 −
1 thresholds 𝑇ଵ, 𝑇ଶ, … , 𝑇௄ିଵ. The total between-class 
variance is defined as follows: 
 

𝜎௕
ଶ =  ෍ 𝜔௞(𝜇௞ − 𝜇்)ଶ

௞ିଵ

௞ୀ଴

 
(1) 

 
Where, 𝜇் is the overall mean gray level, and 𝜇௞ is 
the mean gray level of a class/region. It is depicted 
in Eqs. (2) and (3). 
 

𝜇் =  ෍ 𝑖. 𝑃

௅ିଵ

௜ୀ଴

(i) 
(2) 

𝜇௞ =  
∑ 𝑖. 𝑃(i) 

்ೖ
௜ୀ்ೖషభାଵ

𝜔௞

 
(3) 

 
Where, 𝜔௞ represents the weight of class 𝑘,  𝐿 is the 
number of gray levels, and (𝑖) is the probability of 
gray level 𝑖. 
 

𝜔௞ =  ෍ 𝑃(i)

்ೖ

௜ୀ்ೖషభାଵ

 
(4) 

 
Where, 𝑇଴ = −1 and 𝑇௄ = 𝐿 − 1. 
 

𝑃(i) =  
𝑛௜

𝑁
 (5) 

𝑁 =  ෍ 𝑛௜

௅ିଵ

௜ୀ଴

 
(6) 

 
Where, 𝑛௜ is the number of pixels at gray level 𝑖. 
 
3.2. Edge detection 
 
The efficient prior edge detection methods assume 
that one deals with well-defined edges in an image 
and try to detect them. However, sometimes we deal 
with images that are highly focused. In such images, 
we are still interested in the detection of both the 
foreground object and the background smooth edges, 
as the focus was made artificially by a photographer, 

usually, for artistic reasons. According to our 
knowledge, there are no efficient methods that can 
deal with sharp and smooth edges at the same time. 
 
3.3. K-means clustering 
 
k-means is one of the famous unsupervised learning 
techniques for cluster analysis. Cluster analysis is 
used to aggregate or divide a dataset into several 
clusters according to the similarity value. For k-
means, it needs to decide the number of clusters (𝑘) 
in advance. It starts with randomly generated 
centroids and iteratively calculates new centroids to 
converge to the final clusters. There are four steps 
in k-means. 
 
Step 1: The positions of k centroids are generated 
randomly. 
Step 2: Each data point in the dataset will be assigned 
to its nearest centroid, and then new centroids are 
generated. 
Step 3: To recalculate the new clusters by assigning 
all data points to their nearest centroids, and then 
new clusters are created. 
Step 4: The process will be iterated between step 2 
and step 3 until the stop criteria has been met. 
Ward method uses the minimum within-cluster 
variance to generate clusters. The method uses the 
error sum of squares (ESS) to calculate the distances 
from data points to the mth cluster. Here, 𝑋௠ is the 
centroid of the 𝑚௧௛ cluster, and 𝑋௟௠ is the 𝑙௧௛ data 
point in the 𝑚௧௛ cluster. Fuzzy c-means are one of 
the famous clustering techniques that assigns every 
data point (𝑛) in a dataset belonging to every cluster 
(𝑚) with a certain fuzzy value. The fuzzy 
membership value is calculated as follows: 
 

𝜇௡௠ = 𝑋௡ + 𝑚 (7) 
 
Where, 𝜇௡௠ is the fuzzy membership value for the 
data point 𝑋௡ belonging to the 𝑚 cluster. 
 
3.4. Feature Extraction 
 
After segmentation, feature extraction was carried 
out using both classic and sophisticated approaches. 
This work extracted color features using Histogram 
of Oriented Gradients (HOG) and analyzed texture 
using Local Binary Patterns (LBP). In addition, we 
used Gray-Level Co-occurrence Matrix (GLCM) 
and Gabor filters to capture texture information. 
Shape descriptors such as Hu moments and Zernike 
moments were used to describe the intricate patterns 
and geometries of lesions. 
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3.5. HOG 
 
HOG is a feature extraction technique that extracts 
features from every position of the image by 
constructing logic histograms of the object from the 
images. In this paper, the images are first passed 
through the HOG descriptor for data size reduction 
and searching for an object to detect. Thereafter, the 
histograms are created and computed over the whole 
images that are retrieved from several video frames. 
These histograms are then appended into a single 
feature vector using the exponential equation 2ℓ, 
representing the grid level (ℓ) for all cells along the 
dimensions. However, the correspondence on the 
whole input images between the vectors and 
histograms bins is ensured by limiting the level 
(ℓ) 𝑡𝑜 ≤ 3 and computed using the following 
equation. 
 

𝑣 =  𝒦 ෍ 4௟; 𝑖 ≤ 3

ℓ

௜ୀଵ

 
(7) 

 
where 𝜈, denotes vector dimensions, 𝒦 denotes 
bins, ℓ defines grid level. This equation ensures that 
all images that are extremely large and rich in texture 
are weighted the same as low texture images within 
the set parameters. It is also used to guard and 
control our algorithm against over-fitting. 
 
3.6. LBP 
 
In this study, a method was developed for extracting 
features from an image to identify emotions. We 
depend not only on the shadow effect of the 
grayscale images but also on using a new kernel-
based method to enhance the shadow effect to 
extract the features that are flexible and classifier 
friendly. We have proposed two kernels on the LBP 
of an image to be more precise about the shadow and 
light effect of the face parts, which mainly decides 
the face’s emotional states. In this step, the pre-
processed image was taken and applied to the serial 
process is shown:  
 

𝐺(𝑥, 𝑦) =  ෍ ෍ 𝐾ଵ

ଵ

௝ୀିଵ

ଵ

௜ୀଵ

(i, j) ∗ Sଵ(x − i, y

− j) 

(8) 

 
Generally, 𝐿𝐵𝑃 (௉,ோ) is used in one radius on eight 
directional coordinates of the matrix value where 𝑃 
is the number of pixels to be considered and 𝑅 is the 
radius from the central pixel. However, we used two 
𝐿𝐵𝑃 (𝐿𝐵𝑃(଼,ଵ) 𝑎𝑛𝑑 𝐿𝐵𝑃(଼,ଶ)) and applied two 

kernel matrix to calculate the central pixel of that 
cell. Considering the first stage of the image, we 
have divided it into sub-cells where 3 ×  3 for 
𝐿𝐵𝑃 (8, 1) and 5 ×  5 for 𝐿𝐵𝑃 (8, 2) with two 
proposed kernels. A sample 3 ×  3 image segment 
has been shown and the model is shown for the first 
Kernel, where each matrix is a 45° rotation, and the 
central matrix is the 3 ×  3 cell of the pre-processed 
image. Considering that 𝑆ଵ denotes the grey 
estimation of the pixel point in the 3 ×  3 
neighborhood of the pre-processed image, and the 
kernel value of pixel points in the area is 𝐾ଵ, the 
central pixel can be obtained by applying the first 
rotation kernel with Eq. (8). Here, 𝐾ଵ is eight 
rotational kernels with 45° rotations each. Therefore, 
Eq. (8) was applied eight times to obtain the value 
𝑞଴ 𝑡𝑜 𝑞଻, where (𝑥, 𝑦) is the central pixel value, 
which will make the pixel matrix for 1௦௧ Kernel. By 
converting the positive value as one and the negative 
value as 0, we obtain the central decimal pixel value. 
By using the sample image segment, we used to 
show the calculation to find the central pixel matrix 
values 𝑞଴ 𝑡𝑜 𝑞଻.  
 

𝐻(𝑥, 𝑦) =  ෍ ෍ 𝐾ଶ

ଶ

௝ୀିଶ

ଶ

௜ୀିଶ

(i, j) ∗ Sଵ(x − i, y

− j) 

(9) 

 
The model for the second Kernel is shown each 
matrix is a 45° rotation, and the central matrix is 5 × 
5 cells of the pre-processed image. Again, accepting 
that 𝑆ଶ denotes the grey estimation of the pixel point 
in the 5 ×  5 neighborhood of the pre-processed 
image and the kernel value of pixel points in the area 
is 𝐾ଶ, the value of the central pixel can be obtained 
by applying the second Kernel with Eq. (10). 
 

𝐵𝑀(𝑥, 𝑦)

=  ቌ ෍ ෍ 𝐾ଵ(𝑖, 𝑗)

ଵ

௝ୀିଵ

ଵ

௜ୀିଵ

∗ 𝑆ଵ (𝑥 − 𝑖,
𝑦

− 𝑗) 𝐴𝑁𝐷 ቌ ෍ ෍ 𝐾ଶ(𝑖, 𝑗)

ଶ

௝ୀିଶ

ଶ

௜ୀିଶ

∗ 𝑆ଶ(𝑥 − 𝑖, 𝑦 − 𝑗)ቍቍ 

(9) 

 
Similarly, kernel 𝐾ଶ will have eight rotations with 
45° each for obtaining 𝑞଴ 𝑡𝑜 𝑞଻ values where 
𝐻 (𝑥,  𝑦) is the central pixel which will make the 
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pixel matrix for 2௡ௗ Kernel. Once again, converting 
the positive value as one and negative value as 0, we 
acquire the central decimal pixel value. In the final 
stage, we have applied bitwise AND 
of 𝐺(𝑥,  𝑦),  𝐻 (𝑥,  𝑦). The binary output value of a 
model is determined which tells to the nearby change 
data between the center point and the 8-
neighborhood pixels. It counts the number of spatial 
transitions from 0 to 1 or 1 to 0. In this stage, the 
equation will be as follows: 
 

𝐵𝑀(𝑥, 𝑦) =  𝐺(𝑥, 𝑦) 𝐴𝑁𝐷 𝐻(𝑥, 𝑦) (10) 
 
where BM (x, y) is the binary matrix, the values of 
which are defined as 1 if G (x, y) = H (x, y) = 1 or 0 
if any of 𝐺 (𝑥,  𝑦) 𝑜𝑟 𝐻 (𝑥,  𝑦) is 0. We have used an 
assessment by applying a condition to find the output 
cell’s central pixel in decimal in Eq. (11). 
 

𝑀𝑆𝐿𝐵𝑃(𝑥௖ , 𝑦௖) =  ෍ 𝐵𝑀 (𝑤௡)2௡

଻

௡ୀ଴

 
(11) 

 
Where, 𝑤௡ corresponds to the neighboring binary 
value of the eight surrounding pixels of the binary 
matrix BM and 𝑀𝑆𝐿𝐵𝑃(𝑥௖ , 𝑦௖) is the final central 
decimal pixel value. For one image, neighbor pixels 
are generally related; thus, the binary sequences of 
𝑀𝑆𝐿𝐵𝑃 (𝑝, 𝑟) of the various radius can be seen as 
described. After ascertaining all values from left to 
right, we have obtained a binary pattern for every 
cell of an image. Taking all weighted values into 
account, we have found a decimal number in 
symmetric neighbor sets for various coordinates 
(𝑥, 𝑦). The grey values of neighbors that are not the 
focal region for matrices can be evaluated by 
commitment. After that, we discovered one 
histogram for each cell, then we have concatenated 
all those histograms from each cell into a one-linear 
histogram. There will be a two-dimensional matrix 
for each image of seven classes where rows 
represent the image index, and the column represents 
the features. This long concatenated histogram is the 
initially featured vector with many noises and 
mismatched values within a class. We have 
normalized the histogram data to solve this kind of 
problem, which shows good accuracy in validation 
test cases compared with the original feature vectors. 

𝐹𝑉 = 𝑢𝐿𝐵𝑃 ൫𝑀𝑆𝐿𝐵𝑃(௫,௬)൯ (12) 
 
3.7. GLCM 
 
The GLCM has been proved to be a powerful 
approach for image texture analysis. It describes 
how often a pixel of gray level 𝑖 appears in a specific 

spatial relationship to a pixel of gray level 𝑗. The 
GLCM defines a square matrix whose size is equal 
to the largest gray level 𝑁௚ appearing in the image. 
The element 𝑃௜௝  in the (𝑖,  𝑗) position of the matrix 
represents the co-occurrence probability for co-
occurring pixels with gray levels 𝑖 𝑎𝑛𝑑 𝑗 with an 
inter-pixel distance 𝛿 and orientation 𝜃. The author 
proposed 14 original statistics (e.g., contrast, 
correlation, energy) to be applied to the co-
occurrence matrix to measure the texture features. 
The most widely used textural measures are 
considered in this study: energy (ENE), contrast 
(CON), entropy (ENT), and inverse difference 
(INV). Energy is a measure of the local uniformity. 
Entropy is inversely related to the energy, and it 
reflects the degree of disorder in an image. Contrast 
measures the degree of texture smoothness, which is 
low when the image has constant gray levels. The 
inverse difference describes the local homogeneity, 
which is high when a limited range of gray levels is 
distributed over the local image. 
 
3.8. Gabor filter 
 
The Gabor features have been used commonly in 
image processing and analysis. The Gabor filter, 
originally developed by Dennis Gabor, is a linear 
filter mostly employed edge detection, surface 
evaluation, feature extraction, object recognition, 
and many other applications. These filters possess 
optimum locality in the frequency and spatial 
domain effective for texture/surface mapping 
applications. These are types of bandpass filters that 
allow a certain frequency range while rejecting 
frequencies outside of it. Mathematically, certain 
parameters influence how the Gaussian filter will 
operate and how it will respond to different feature 
elements. A 2-D Gabor filter can be regarded as a 
sinusoidal signal with a Gaussian wave modulating 
specific frequency and orientation. The filter has two 
orthogonal components representing real and 
complex imaginary components. The two elements 
can be used individually or in a complex number. 
The equation is written as: 
 

𝐹(𝑥, 𝑦;  𝜎, 𝜗)

=  
1

2𝜋𝜎ଶ
exp ቆ−

𝑢ଶ + 𝑣ଶ

2𝜎ଶ
ቇ exp ቀ𝑖2𝜋

𝑢

𝜆
ቁ 

(13) 

 
where, 𝑢 = 𝑥𝑐𝑜𝑠𝜗 + 𝑦𝑠𝑖𝑛𝜗, 𝑎𝑛𝑑 𝑣 = −𝑥𝑠𝑖𝑛𝜗 +
𝑦𝑐𝑜𝑠𝜗. 𝜆 is the wavelength of the complex 
exponential signal, 𝜗 is the alignment of the normal 
to parallel lines of the Gabor filter, and σ is the scale 
parameter or standard deviation of Gaussian 
envelope. These parameters control the size and 
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shape of the Gabor function. The Gabor filter can be 
used for testing the building edges in test samples. 
The response of the Gabor filter for the test image is 
given as below: 
 

𝐺(𝑥, 𝑦;  𝜎, 𝜗)

=  
1

2𝜋𝜎ଶ
exp ቆ−

𝑢ଶ + 𝑣ଶ

2𝜎ଶ
ቇ cos 2π ቀ

𝑢

𝜆
ቁ 

(14) 

 
 
Where, 𝐺(𝑥, 𝑦; 𝜎, 𝜗) represents the maximum 
regions having similar characteristics with the filter. 
By using this information, the local feature points 
could be extracted. To do so, first, there is a need to 
search for the local maxima in 𝐺(𝑥, 𝑦; 𝜎, 𝜗) 𝑓𝑜𝑟 𝑥 ∈
{1,2, … ,  𝑁},  𝑦 ∈ {1,2, … ,  𝑀}. 
 
3.9. Model Training 
 
We used the pre-processed datasets to train five 
different machine learning models: 
ResNet/DenseNet, Generative Adversarial 
Networks (GAN), Random Forest (RF), Support 
Vector Machine (SVM), and K-Nearest Neighbor 
(KNN). The models were chosen for their capacity 
to handle the intricacies of skin disease 
categorization, and they were trained using 
segmented and feature-extracted datasets. 
 
3.10. ResNet 
 
Among the various models capable of classifying 
satellite imagery, we used the ResNet 18 (Residual 
Network) neural network, which is a convolutional 
neural network (CNN), renowned for its ability to 
train very deep networks using residual blocks. A 
residual block is equipped with a jump connection 
that bypasses one or more layers, effectively 
addressing the problem of evanescent gradients 
during training and improving the flow of 
information. In a residual block, the original input is 

added to the output of the layer block, creating a 
“skip connection”. This allows the model to learn 
residual functions from the original input. A residual 
block can be mathematically represented as: 
 

𝑦 = 𝐹(𝑥, {𝑊௜}) + 𝑥 (15) 
 
Here, 𝑥 is the input to the residual block. 𝐹(𝑥, 𝑊௜) is 
the transformation learned by the block (with 
weights 𝑊௜). The output y is the sum of the input and 
the learned residual. This formulation is based on the 
principle that instead of learning the full mapping 
H(x), the network learns the residual function: 
 

𝐹(𝑥) = 𝐻(𝑥) − 𝑥 = 𝐻(𝑥) = 𝐹(𝑥) + 𝑥 (16) 
 
This residual learning strategy simplifies 
optimisation, as learning the residual is often easier 
than learning the full transformation. More 
importantly, the identity (skip) connection allows the 
gradient to bypass one or more layers during back-
propagation, enabling it to flow directly through the 
network. This mechanism effectively mitigates the 
vanishing gradient problem, which is common in 
very deep networks. As a result, ResNet 
architectures can be scaled to considerable depths 
(e.g., 50, 101, or 152 layers) without degradation in 
training performance or convergence issues. The 
jump connection adds the original input (𝑥) to the 
output (𝐹(𝑥, {𝑊௜}), making it easier to learn residual 
functions. Jump connections allow the gradient to 
propagate more easily through the network during 
the back-propagation process, reducing the problem 
of the gradient disappearing and improving training 
stability. ResNet can be trained with hundreds or 
even thousands of layers without compromising 
performance. This has enabled ResNet to achieve 
outstanding results in computer vision tasks such as 
image recognition. 
 

 
 

 
Fig 1: ResNet architecture 
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Fig 2: GAN architecture 

 
3.11. GAN 
 
GAN defines two neural networks: 
generator 𝐺 and discriminator 𝐷. In a traditional 
adversarial network, the data distribution of the 
generator is defined as 𝑝௚ over data 𝑥. A prior 
input 𝑝(𝑧) is used as an input noise variable. 
The mapping of the input noise to the data space is 
represented as (𝑧; 𝜃௚). The generator 𝐺 is a 
differential function represented by an MLP with 
parameter 𝜃௚. The second MLP used in this model, 
called the discriminator is represented as (𝑥; 𝜃௚) 
which outputs a scalar. (𝑥) represents the 
probability that 𝑥 came from data rather than from 
noise 𝑝௚. The variable 𝑝ௗ௔௧(𝑥) refers to the original 
data distribution. 𝐸௫ ∼ 𝑝ௗ௔௧(𝑥) is the expectation 
value function: it means that the expected value of 𝑥 
is assumed to be distributed over 𝑝ௗ௔௧(𝑥). The value 
function (𝐺, 𝐷) represents a min–max game 
between the generator and the discriminator. 
The discriminator is trained to maximize (max

஽
 ) the 

probability of assigning the correct label to the 
training example 𝑙𝑜𝑔(𝑥). Simultaneously, 
the generator is trained to minimize (𝑚𝑖𝑛𝐺) the 
function 𝑙𝑜𝑔(1 − 𝐷(𝐺(𝑧)). In summary, a min–max 
game with value function (𝐺, 𝐷) is defined as: 

 
min

ீ
max

஽
𝑉(𝐷, 𝐺)

= 𝐸௫~௣೏ೌ೟ೌ(ೣ)
[log 𝐷(𝑥)

+ 𝐸௭~௣೥(௭)[𝑙𝑜𝑔 ቀ1 − 𝐷൫𝐺(𝑧)൯ቁ 

(17) 

 
The initial samples generated by 𝐺 are not optimal 
enough to bypass the detection criterion of 𝐷, 
and are rejected by the discriminator. The generator 
keeps generating the adversarial samples and 
updating the parameters for the subsequent samples, 
and the generator learns a better evasion technique 
to fool the discriminator. 
 
3.12. Support Vector Machine (SVM) 
 
The SVM is a collection of theoretically powerful 
machine learning algorithms. The fundamental 
principle of SVM lies in creating an optimum hyper-
plane also referred to as a decision boundary or 
optimal boundary that maximizes the distance 
between the nearest samples (support vectors) to the 
plane and effectively separates classes. The model 
seeks to find the optimal separating hyper-plane 
between classes by focusing on the training cases 
that occur at the edge of the class distributions, the 
support vectors, with the other training cases 
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effectively discarded. As a result, the approach can 
yield high accuracy with small training datasets that 
cut the costs of training data acquisition, this is 
considered as one of the pros of employing the 
algorithm. The basis of the SVM approach to 
classification is, therefore, the notion that only the 
training samples that lie on the class boundaries are 
necessary to separate classes. The 
construction/mathematical definition of optimum 
hyper-plane is significantly determined by the nature 
of the distribution of the training samples, i.e., 
whether the datasets are discernible effectively or 
separable with certain inevitable errors. When two 
classes are completely separable the decision 
boundary between them is represented by two 
equations 𝑤. 𝑥௜ +  𝑏 ≥  +1 (𝑓𝑜𝑟 𝑦௜  =  +1), 
and 𝑤. 𝑥௜  +  𝑏 ≤  −1 (𝑓𝑜𝑟 𝑦௜  =  −1); otherwise, 
it is defined by 𝑤. 𝑥 ≥  1 −  𝜉௜  (𝑓𝑜𝑟 𝑦௜  =  +1) 
and 𝑤. 𝑥௜ +  𝑏 ≤  −1 +  𝜉௜(𝑓𝑜𝑟 𝑦௜ =  −1). 
Where 𝑤 is the norm to the optimal plane, 𝑥 is 
training data (points) on hyperplane, 𝑏 represents the 
bias, (𝜉௜) is the slack variable that is the offset of the 
misclassified data from the optimal plane, and “𝑦௜“ 
is labeled data/classes. Moreover, in cases of 
indiscernible samples, the slack variable (𝜉௜) and 
penalty value also known as cost value (𝐶) are 
introduced to penalize the outliers, i.e., to 
regularize/compensate for misclassification/errors. 
Finally, the best hyper-plane that classifies the data 
with the largest gap between the support vector and 
the plane is obtained by minimizing the norm (𝑤) 
function 𝐹(𝑤), for purely separable samples; 
and 𝐹(𝑤, 𝜉), for non-differentiable data, which are 
the most common data type in remote sensing. 
Accordingly, they are expressed mathematically: 
 

𝐹(𝑤) =  (𝑤ᇱ𝑤)
ଵ
ଶ (18) 

𝐹(𝑤, 𝜀) =  (𝑤ᇱ𝑤)
ଵ
ଶ + 𝐶 ൭෍ 𝜀௜

௞

௜ୀଵ

൱

ଵ

 

(19) 

 
In the second function, the variable 𝐶 is used to 
control the extent of the penalty to regularize 
misclassified training datasets, i.e., data lie on the 
wrong side of the optimal hyper-plane, and hence 
they play a significant role in influencing the 

accuracy and/or the capacity of the algorithm to 
generalize. If the value of 𝐶 is set to be high, the 
penalty factor is high, which leads to over-fitting and 
diminishing the power of the model to generalize 
unseen data. On the other hand, if it is small, it can 
result in a smoothing, i.e., a biased model or under-
fitting. Therefore, setting an appropriate value of this 
parameter is crucial. In this regard, the author 
suggests a moderate value to overcome the trade-off. 
The constant 𝐶 is not the only parameter that affects 
the performance of the SVM algorithm. There exist 
other important parameters that profoundly control 
its effectiveness; these include the type of kernel 
functions, functions that are used to project/map 
linearly inseparable samples to higher dimensional 
space so that they can be classified linearly, and their 
parameters. Concerning kernel functions, despite the 
existence of numerous different types of kernels, 
such as linear, polynomial, radial basis function, and 
sigmoid, the radial basis function (RBF) kernel is the 
most effective and commonly used parameter in 
remote sensing image classifications and hence we 
adopted it for this work. For the RBF kernel to 
perform well, two parameters, namely, penalty value 
(𝐶) and gamma (𝛾), should be meticulously chosen. 
The effect of gamma (𝛾), a parameter that controls 
the width of the kernel, on the SVM model using the 
RBF kernel is similar to 𝐶, in that if a high value is 
assigned to it, the model will overfit and does not 
generalize well. In addition to being the most widely 
used and robust classifier for remote sensing image 
classification, SVM has several advantages. As it is 
a non-parametric ML algorithm it efficaciously 
handles multi-modal datasets with hundreds of 
bands/channels, i.e., it is insensitive to problems 
associated with the dimensionality of data. It also 
works well with a smaller amount of training 
samples, given that good representative data that lie 
at the boundary of the class distributions are fed in 
and allow us to define the optimum hyper-planes. 
Moreover, unlike other advanced ML algorithms 
such as the neural network, it does not fall in local 
minimum at times, it always results in the global 
maximum. 
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Fig 3. SVM architecture 

 
3.13. Random Forest  
 
The RF algorithm is a decision tree-based ensemble 
learning algorithm. RF utilizes the advantages of the 
decision tree algorithm’s high speed and accuracy 
when dealing with classification problems by 
creating several decision tree models. Multiple 
decision trees have no association, and errors are 
mutually minimized, resulting in more accurate and 
robust classification findings. The first step in model 
construction is to choose a sampling method for 
generating a sub-dataset. Whether to use bootstrap 
sampling is the first hyper-parameter of RF, and the 
randomness of RF data is reflected here. The second 
step in model construction is to construct a decision 
tree, with the number of decision trees being the 
second hyper-parameter. There are four hyper-
parameters in the decision tree: the maximum depth 

of the decision tree, the splitting standard, the 
minimum number of samples for internal node 
splitting, and the minimum number of samples for 
leaf nodes. The characteristics of each decision tree 
are picked at random, and the random forest’s 
seventh hyper-parameter is the maximum number of 
selections. Because seven hyper-parameters impact 
the performance of the RF classifier, this study 
optimizes the combination of these seven hyper-
parameters. Following the construction of the RF 
model, the test set samples are input, and each 
decision tree in the forest judged separately, with the 
classification results of the samples output. Finally, 
the results of all decision trees are combined using 
the voting mechanism, and the class with the most 
votes is the class to which the sample belongs. 
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Fig 4. RF model 

 
 

  
4. RESULT AND ANALYSIS 
  
Our findings show that combining sophisticated pre-
processing techniques, segmentation approaches, 
and machine learning models may accurately 
classify skin disorders. The preparation methods, 
which included picture augmentation, 
normalization, and data cleaning, were critical in 
improving the dataset's quality and consistency. 
These processes guaranteed that the models were 
trained on high-quality data, devoid of biases caused 
by class imbalance or low picture quality. SMOTE 
and oversampling significantly resolved class 
imbalance, enabling the models to function 
consistently across both common and unusual skin 
diseases. During the segmentation stage, approaches 
such as MorphACWE and MorphGAC, as well as 
thresholding and edge detection, were effective in 
properly identifying skin lesion borders. This exact 
segmentation was necessary for distinguishing the 
lesions from the healthy skin, allowing for more 
accurate feature extraction and categorization. The 

feature extraction procedure, which included 
Histograms of Oriented Gradients (HOG), Local 
Binary Patterns (LBP), GLCM, Gabor filters, and 
shape descriptors such as Hu and Zernike moments, 
offered a thorough depiction of the lesions' 
morphological and textural properties. This 
multifaceted approach to feature extraction enabled 
the models to capture the fine features required to 
discriminate between various skin diseases. To 
measure the performance of the models in 
categorizing diverse skin diseases, their F1-score, 
recall, accuracy, and precision were all calculated. 
This assessment was necessary to determine the 
best-performing model for skin disease 
categorization. To verify the models' resilience, 
validation procedures were used. Cross-validation 
was performed to evaluate model performance on 
various subsets of the data, and the results were 
examined to confirm the model's applicability to 
fresh data. 
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Table 1: Performance Metrics for iteration 1 

 
Metric (%) 

GAN 
ResNet/ 

DenseNet 
Random 
Forest 

SVM KNN 

Accuracy 0.991 0.992 0.994 0.995 0.998 

Precision 0.992 0.993 0.994 0.996 0.999 

Recall 0.991 0.995 0.996 0.997 0.998 

F1-Score 0.993 0.994 0.995 0.996 0.998 

Sensitivity 0.989 0.991 0.993 0.994 0.997 

Specificity 0.994 0.995 0.997 0.998 0.999 

 
 

 
 

Table 2: Performance Metrics for iteration 2 

Metric (%) GAN 
ResNet/ 

DenseNet 
Random 
Forest 

SVM KNN 

Accuracy 0.98 0.982 0.984 0.985 0.988 

Precision 0.982 0.983 0.984 0.986 0.989 

Recall 0.981 0.985 0.986 0.987 0.988 

F1-Score 0.983 0.984 0.985 0.986 0.988 

Sensitivity 0.989 0.981 0.983 0.984 0.987 

Specificity 0.984 0.985 0.987 0.988 0.989 

 
 

Table 3: Performance Metrics for iteration 3 

Metric (%) GAN 
ResNet/ 

DenseNet 
Random 
Forest 

SVM KNN 

Accuracy 0.97 0.972 0.974 0.975 0.978 
Precision 0.972 0.973 0.974 0.976 0.979 

Recall 0.971 0.975 0.976 0.977 0.978 
F1-Score 0.973 0.974 0.975 0.976 0.978 

Sensitivity 0.979 0.971 0.973 0.974 0.977 
Specificity 0.974 0.975 0.977 0.978 0.979 

 
 



 Journal of Theoretical and Applied Information Technology 
30th April 2026. Vol.104. No.8 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 

 
307 

 

 
Fig 5. Performance Evaluation For Iteration 1 

 

 
Fig 6. Performance Evaluation For Iteration 2 

 

 
Fig 7. Performance Evaluation For Iteration 3 
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The efficacy of the machine learning models 
differed, with ResNet/DenseNet and GAN models 
outperforming more conventional models like RF, 
SVM, and K-NN. ResNet/DenseNet, with their deep 
learning architectures were very good at collecting 
the pictures' complex characteristics, resulting in 
greater classification accuracy as in Fig 5 to Fig 7 for 
both malignant and benign diseases. GANs also 
shown potential, notably in producing synthetic data 

that closely matched actual photos, increasing the 
model's capacity to generalize to previously 
unknown data. The assessment metrics showed that, 
although all models performed well on the skin 
disease classification test, deep learning models such 
as ResNet/DenseNet outperformed others in terms of 
overall accuracy and dependability. The accuracy 
and recall rates were especially high for melanoma 
and 

other cancers, which is crucial for early 
identification and treatment. However, the models 
exhibited some heterogeneity in performance across 
various kinds of benign diseases, indicating that 
additional refining is required to discriminate 
between closely related benign lesions. In the 
framework of real-world medical applications, the 
results show that deep learning models may help 
dermatologists make more accurate diagnoses. The 
research also emphasizes the need of a well-pre-
processed dataset since the quality of the input data 
has a direct influence on the model's performance. 
The findings imply that combining various image 
processing and machine learning approaches may 
considerably increase the accuracy and reliability of 
skin disease detection systems. Future research 
should concentrate on extending the dataset to 
encompass a broader range of skin disorders, further 
refining the models, and testing their practical value 
in clinical settings. 
 
5. CONCLUSION 
  
The study's conclusion emphasizes the major 
advances in dermatological diagnoses made possible 
by combining advanced image processing methods 
and machine learning models. We were able to 
establish a strong framework for the categorization 
of skin illnesses, spanning from benign conditions to 
malignant malignancies, by using large datasets and 
stringent pre-processing methods. The pre-
processing step, which included picture scaling, 
augmentation, normalization, and data cleaning, was 
crucial in standardizing the data and improving the 
model's performance by ensuring that the input data 
was high quality and devoid of biases that may affect 
the results. The segmentation techniques used like 
MorphACWE, MorphGAC, and edge detection, 
were helpful in properly outlining lesion borders, 
which is required for exact categorization. These 
strategies enabled for the separation of lesions from 
healthy tissue, resulting in a clear focus for feature 
extraction. HOG, LBP, GLCM, Gabor filters, and 
shape descriptors were used to extract detailed 
morphological and textural information from the 
lesions. This multimodal strategy guaranteed that the 

models could efficiently distinguish between diverse 
skin states, which improved their overall accuracy 
and dependability. Deep learning architectures such 
as ResNet/DenseNet and GAN outperformed other 
machine learning models examined, especially in 
identifying malignant illnesses such as melanoma. 
These models outperformed standard approaches 
such as Random Forest, SVM, and KNN, 
demonstrating the ability of deep learning to handle 
the intricacies of skin disease categorization. The 
capacity of GANs to produce high-quality synthetic 
data also helped to alleviate class imbalance, 
improving the models' generalizability and 
performance. The study's results are significant for 
the future of dermatological diagnosis. The deep 
learning models' excellent accuracy and 
dependability indicate that they might be useful tools 
in clinical settings, assisting dermatologists in 
making better informed and faster diagnoses. The 
study also underlines the significance of high-
quality, well-preprocessed datasets, since the 
effectiveness of these models is strongly reliant on 
the quality of the input data. Furthermore, the work 
lays a solid platform for future research, notably the 
investigation of more complicated skin disorders and 
the improvement of machine learning models' 
diagnostic capacities. To summarize, this study 
represents a big step forward in the use of machine 
learning to dermatology. It illustrates that with the 
correct mix of data preprocessing, segmentation, 
feature extraction, and sophisticated modelling 
approaches, extremely accurate and reliable skin 
disease classification systems may be developed. 
These tools have the potential to change 
dermatology by enabling earlier detection, more 
accurate diagnosis, and, eventually, improved 
patient outcomes. As the area evolves, more research 
and development will be required to realize the full 
potential of these technologies in real-world clinical 
settings. 
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