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Abstract 
 Skin disease detection plays a pivotal role in early diagnosis and effective treatment, impacting patient 
outcomes and healthcare practices. The integration of Deep Learning (DL) techniques has revolutionized the 
field, enabling accurate and efficient skin disease detection. This review paper presents a comprehensive 
analysis of the state-of-the-art approaches in skin disease detection using DL methodologies. The paper begins 
with an overview of the fundamental concepts of skin disease detection and the evolution of DL for this purpose. 
A critical component of this review is the comparative analysis between traditional and DL approaches for skin 
disease detection. The strengths and limitations of each approach are thoroughly examined, highlighting the 
superiority of DL in capturing complex patterns and improving diagnostic accuracy. The paper delves into the 
benchmark datasets commonly used for skin disease detection. Pre-processing techniques are discussed to 
enhance the quality of input data. Segmentation and its methods are explored to isolate skin lesions from the 
background. Feature extraction is a crucial step, and the paper presents various approaches to extract 
meaningful information from skin disease images. Various DL models are analysed for their effectiveness in 
skin disease detection and to provide insights into their implementation. Moreover, the review paper addresses 
the intense challenges faced in skin disease detection using DL, including limited and imbalanced data, high 
intra-class variability, and interpretability issues. Solutions such as data augmentation, transfer learning, 
ensemble learning, and attention mechanisms are proposed to address these challenges. In conclusion, this 
review paper provides a comprehensive overview of skin disease detection using DL methodologies. It 
consolidates the latest research and developments in the field.  

Keywords— Skin Disease, Features, Deep Learning, Segmentation, Challenges, Dermoscopic Images 
 
Introduction  
The skin is the body's biggest organ; thus it naturally serves an important defensive function [1]. Its principal 
role is to protect the body from potentially hazardous environmental factors and to stop the loss of vital nutrients. 
However, many aspects of human life—including sun exposure, drinking, smoking, physical activity, 
infections, and the workplace—can negatively affect skin health. These elements not only cause harm to the 
skin but also pose risks to human health and, in extreme situations, even human life. Consequently, skin diseases 
have become prevalent among people of all cultural backgrounds and age groups [2]. 

A significant portion of the population, ranging from 30% to 70%, falls into high-risk groups for skin 
diseases. According to a 2018 study by the British Skin Foundation [3], over 60% of the British population 
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experiences some form of skin illness. One in five Americans may develop cutaneous malignancy in their lives 
and there are around 5.4 million new instances of skin cancer documented annually in the United States. The 
impact of skin diseases on individuals is substantial, affecting daily activities, interpersonal relationships, and 
even internal organ functions [4]. Diseases of the skin can cause mental illness and, in the worst circumstances, 
terrible outcomes like despair and suicide. This has made the study of skin diseases a hot topic in contemporary 
medicine. 

Figure 1 shows a worldwide search trend chart for skin diseases, which indicates the rising incidence 
of skin diseases around the world. Since 2011, there has been a steady increase in global searches for skin 
disease, reaching its peak by the year 2020. This reflects the growing awareness and concern about skin diseases 
among people globally. As such, addressing and understanding skin diseases have become critical areas of focus 
in the medical community. 

Fig 1. Global Skin Disease Thermal Map [5]. 

Early identification is critical in skin disease treatment for attaining a successful cure, reducing its 
impact, and increasing survival rates [6]. Early detection and treatment of skin illnesses can considerably reduce 
the harm. Skin disease recognition, on the other hand, is difficult due to the similarities of different skin disorders 
and a shortage of dermatologists with specific competence. As a result, effectively detecting skin diseases has 
emerged as a critical scientific challenge. 

To tackle the intricacies of skin disease diagnosis and treatment, computer-aided diagnosis based on 
skin disease images has been utilized for automated recognition [7, 8]. The rapid progress in artificial 
intelligence, especially DL, has revolutionized computer vision. Particularly, the medical image processing of 
skin diseases has attracted significant interest, merging image processing, machine science, and intelligent 
medicine. Many experts and scholars are actively engaged in developing image recognition techniques to 
improve the precision of skin disease identification. This integration of DL and medical image processing holds 
significant promise in revolutionizing skin disease diagnosis and treatment, fostering improved patient 
outcomes. 

Traditional Versus Deep Learning Method 
The traditional medical diagnosis of skin diseases relies on doctors' expertise and the examination of 

dermatoscopic images to assess the condition of the skin. The diagnostic procedure involves visual observation 
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by the doctor to gather relevant information, followed by histopathological and dermoscopy examinations. 
Dermoscopy is a non-invasive skin imaging technique that offers detailed visualization of the skin's structure at 
the interface between the superficial dermis and lower epidermis [9]. Dermatologists use various detection 
methods, such as the seven-point checklist, chaos and Clues [10], ABCD rule [11], cash (colour, architecture, 
symmetry, and homogeneity) [12], and three-point checklists [13], to analyse characteristics like nature, 
distribution, colour, edge contour, and shape of pigmented skin lesions. However, accurately identifying the 
pathological features of pigmented skin diseases can be challenging due to the similarities in colour, texture, 
and edge contour among different skin lesions and variations in pathological tissues among patients. Inadequate 
medical care is provided to patients because of their dependence on seasoned dermatologists for diagnosis. The 
entire process, from sample collection to medical diagnosis to histological analysis to patient report, might take 
up to five days, delaying therapy [14]. 

The development of DL has allowed us to overcome hurdles in skin disease diagnosis and image 
recognition that had previously been insurmountable [15]. Medical imaging of skin diseases, mathematical 
modelling, and computing power all come together in DL-based image identification, making it a truly 
multidisciplinary field [16]. To accomplish skin disease identification and treatment, it employs feature 
engineering and DL categorization methods. The capacity of DL to automatically discover deep-seated 
nonlinear correlations in medical images without the need for manual feature engineering, as is required by 
standard image recognition algorithms, has shown encouraging results in image identification. DL's adaptability 
and ease of transformation make it highly suitable for various fields and applications, including skin disease 
recognition and diagnosis. By leveraging DL technology, the skin disease diagnostic process can be expedited, 
leading to more efficient and accurate diagnoses, ultimately benefiting patients' treatment outcomes. 

In Chapter 1, we explore skin disease detection and its association with DL. Chapter 2 provides a 
comparison between traditional and DL approaches for skin disease detection. Chapter 3 discusses the recent 
works in the area of skin disease detection. Chapter 4 outlines the methodology of skin disease detection using 
DL. Chapter 5 addresses the challenges faced and their solutions. Finally, Chapter 6 concludes the survey paper, 
summarizing key findings and highlighting the importance of continuous research and collaboration to enhance 
diagnostic accuracy in skin disease detection. 

The objective of this research survey encompasses the following: 
 To review and discuss recent research works and advancements in the field of skin disease detection using 

DL methodologies.  
 To provide a comparative analysis between DL-based methods and traditional approaches for skin disease 

detection. By doing so, it intends to highlight the advantages and limitations of DL in terms of accuracy, 
efficiency, and complexity. 

 To recognize and underscore challenges in skin disease detection using DL, while also proposing practical 
solutions to overcome these hurdles. 

 To provide practical insights and recommendations for researchers, practitioners, and policymakers in the 
field of skin disease detection. 
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Related Works 
The literature survey provides an in-depth exploration of recent advancements in the field of skin 

disease detection through the utilization of DL techniques. The following studies encompass a range of 
innovative methodologies and strategies for enhancing accuracy and efficiency in diagnosing various skin 
conditions. In the study [17], a groundbreaking DL-based model is introduced for predicting skin diseases. The 
study begins by employing Machine Learning (ML) algorithms to categorize skin disease classes using 
ensemble methods. Furthermore, a feature selection technique is applied to compare the resulting findings. A 
significant contribution is the creation of a web-based framework, built using Python Django, which aids 
specialists in identifying disease types. The study uniquely combines Support Vector Machine (SVM), Artificial 
Neural Network (ANN), and Convolutional Neural Network (CNN) classifiers to enhance accuracy. Notably, 
the proposed model achieves a remarkable 95% accuracy rate, surpassing previous methods in diagnosing 
diverse skin conditions. The research [18] presents an approach for identifying and classifying bacterial and 
fungal skin diseases without dermoscopic images. The study focuses on five distinct classes, including two 
bacterial and two fungal disease categories, with healthy skin images as a fifth class. Leveraging the power of 
CNNs, the authors incorporate transfer learning via the fine-tuned VGG16 architecture. The introduction of a 
Streamlit-based web application enhances user interaction by displaying predicted skin disease results. Notably, 
this approach achieves an accuracy of 86% and an F1-score of 85%. 

In the study [19], the emphasis is on the classification of prevalent fungal skin diseases using CNNs. A 
dataset comprising 407 fungal skin lesions is extensively pre-processed, encompassing image normalization, 
RGB-to-grayscale conversion, and image intensity balancing, followed by data augmentation. The resulting 
model demonstrates impressive accuracy, achieving a 93.3% classification rate for four common fungal skin 
diseases. Comparative analyses highlight the model's superiority over similar CNN architectures like 
MobileNetV2 and ResNet 50. The research [20] introduces an automated diagnostic system for identifying five 
common skin diseases. This innovative approach integrates clinical images and patient data collected via 
smartphone cameras. DL, specifically the pre-trained MobileNet-V2 model, is harnessed to create a multiclass 
classification model. Various data preprocessing and augmentation techniques enhance model performance, 
resulting in a remarkable accuracy rate of 97.5%, coupled with high sensitivity and precision levels of 97.7%. 
The objective of the study [21] revolves around the classification, detection, and accurate profiling of various 
skin diseases. To address this crucial issue, the researchers put forth a robust strategy involving a high-
performance CNN. The methodology unfolds in a multi-fold manner, beginning with the preprocessing of skin 
disease images using specialized techniques. Subsequently, pivotal features from these images are extracted. 
The pre-processed images then undergo a comprehensive analysis through a Deep CNN. This approach is 
characterized by its simplicity, speed, and remarkable efficacy, yielding impressive results reaching up to a 98% 
accuracy rate.  

The research [22] focuses on efficient skin disease recognition using CNN architectures. MobileNet 
and Xception CNN models, pre-trained on ImageNet, are employed for constructing an expert system. A transfer 
learning approach enhances feature discovery. Extensive evaluation of CNN architectures like ResNet50, 
InceptionV3, Inception-ResNet, and DenseNet confirms the effectiveness. The integration of transfer learning 
and augmentation boosts MobileNet's accuracy to 96.00%, and Xception achieves a remarkable 97.00%. A web-
based architecture is introduced for real-time disease recognition. The author [23] introduces an advanced 
method for skin cancer detection that merges features from diverse sources. The process begins by refining 
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images using a Gaussian Filter (GF) to reduce noise. Features are then extracted using both manual techniques 
like Local Binary Patterns (LBP) and automatic methods involving the Inception V3 model. The combination 
of traditional ML and modern DL techniques results in a potent system. An essential highlight is the Long Short-
Term Memory (LSTM) network, which integrates extracted features to classify benign and malignant cases. 
The methodology is rigorously tested on the DermIS dataset, achieving an impressive accuracy of 99.4%, 
precision of 98.7%, recall of 98.66%, and a remarkable F-score of 98%. The article [24] presents a novel 
approach to identifying three specific skin diseases: Melanoma, Nevus, and Atypical. The process involves 
adaptive filtering to eliminate noise, followed by adaptive region growing to extract Regions of Interest (ROIs). 
A hybrid feature extraction method combining 2D-DWT, geometric attributes, and texture features enhances 
prediction accuracy. CNNs drive disease prediction, attaining a notable classification accuracy of 96.768% 
using the International Skin Imaging Collaboration (ISIC) dataset. The comprehensive strategy, encompassing 
preprocessing, segmentation, feature extraction, and CNN-based prediction, underscores its effectiveness. The 
research [25] pioneers unified DL-based segmentation of wrinkles and pores. The U-Net architecture, equipped 
with an encoder-decoder structure, captures intricate morphological skin structures. Attention mechanisms 
refine the focus on critical areas, improving segmentation precision. Positional information enhancement further 
aids in understanding the relative locations of skin features. A unique ground truth generation scheme is 
employed, tailored to each feature's resolution. The method achieves remarkable localization of wrinkles and 
pores, showcasing its potential for accurate skin analysis. 

 Methodology 
In this chapter, we delve into the methodology used for skin disease detection using DL. We present a 

comprehensive block diagram, as depicted in Figure 2, to illustrate the various stages and components involved 
in the process. The block diagram serves as a visual representation of the steps and techniques employed to 
achieve effective skin disease detection through DL methods.  

 

Fig. 2. Block Diagram of skin disease detectionData Collection: 

Data acquisition for skin disease detection using DL involves two main approaches: direct data 
acquisition and benchmark datasets. Direct data acquisition includes collecting skin disease images from 
medical institutions and clinics and collaborating with dermatologists for labelled images. This customizes the 
dataset based on specific research goals. On the other hand, benchmark datasets are pre-existing collections of 
labelled skin disease images. Figure 3 displays sample images of various skin diseases extracted from the 
HAM10000 dataset. Some of the benchmark datasets for skin disease detection are tabulated in Table 1. 
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Fig. 3. Skin disease samples 

Table 1. Skin disease dataset 
Dataset Image count Classes 

HAM10000 [26] 10,015 7 

PH2Dataset [27] 200 3 

ISIC 2016 [28] 1279 2 

ISIC 2017 [28] 2600 3 

ISIC 2018 [28] 11527 7 

ISIC 2019 [28] 33569 8 

ISIC 2020 [28] 44108 9 

Dermofit [29] 1300 10 

BCN20000 [30] 19424 8 

PAD-UFES-20 
[31] 2298 6 

 HAM10000 (Human Against Machine with 10,000 training images): Contains 10,015 dermoscopic 
images of various skin lesions, including melanoma, nevi, and other benign and malignant conditions. Metadata 
is available for each image, including lesion type, clinical diagnosis, age of the patient, and sex. Created for a 
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challenge where dermatologists and ML algorithms competed to diagnose skin lesions accurately. Widely used 
for research in skin disease classification, computer-aided diagnosis, and DL model development. 

 
 PH2Dataset: Comprises 200 dermoscopic images primarily focused on pigmented skin lesions for 

melanoma research and diagnosis. Provides ground truth data, including lesion borders, colours, and texture 
analysis, valuable for algorithm development. Suitable for researchers developing computer-aided diagnosis 
systems for melanoma detection and differentiation from benign lesions. A valuable resource for studying the 
characteristics of pigmented lesions. 

 
 ISIC Datasets (2016, 2017, 2018, 2019, 2020): Each year's dataset contains clinical images of various 

skin lesions obtained from different sources and years. Used for annual skin lesion classification challenges, 
encouraging participants to submit algorithms for evaluation. A benchmark for skin disease classification, 
advancing research and development in the field of dermatology. Enables comprehensive research and 
classification tasks due to its diverse range of skin conditions and a large number of images. 
 

 Dermofit: Contains images of various skin conditions, such as eczema, psoriasis, and skin cancers. 
Supports the development and evaluation of algorithms for skin disease detection and classification. Useful for 
researchers exploring multiple skin diseases beyond melanoma and nevi. Aims to contribute to the improvement 
of skin disease diagnosis and management. 
 

 BCN20000: Comprises 20,000 dermoscopic images focused on melanoma classification and computer-
aided diagnosis. Created to support research in ML-based approaches for dermatology. Enables the evaluation 
of large-scale algorithms and methods for skin disease detection. Aims to advance the accuracy and efficiency 
of skin disease diagnosis through automated methods. 
 

 PAD-UFES-20: Contains 20,000 dermoscopic images for various skin lesions, designed to support 
research in automated skin disease detection. A valuable resource for developing and evaluating computer-aided 
diagnosis systems in dermatology. Provides ample data for training and validating DL models and other ML 
approaches. Aims to improve the early detection and diagnosis of skin diseases for better patient outcomes. 

Data Pre-processing:  
Skin disease detection is a critical task in the medical field, particularly in dermatology and diagnostics. 

DL, a subset of artificial intelligence, has demonstrated remarkable success in various image recognition tasks, 
including skin disease detection. However, prior to feeding skin images into the DL model, several pre-
processing steps are necessary to enhance data quality and eliminate unwanted artifacts that could impact the 
model's performance [32, 33]. This article explores the pre-processing steps involved in skin disease detection 
using DL, as well as the commonly employed algorithms for each step. 

Hair Removal: Hair removal is essential to eliminate hair artifacts that may interfere with accurate skin 
lesion detection [34, 35]. Hair regions can overlap with lesion areas, leading to false positives and reduced 
model performance. Figure 4 shows the images of the dermoscopic image before and after the hair removal 
process. The key steps involved in hair removal are as follows: 
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 Hair Segmentation: Hair segmentation is the process of identifying hair regions in the skin images. DL-
based approaches like U-Net, Mask R-CNN, or morphological operations can be employed for accurate 
hair segmentation. 
 

 Hair Removal: Once the hair regions are identified, they are removed from the original skin image using 
techniques like mask-based removal or inpainting. Mask-based removal involves using the hair 
segmentation mask to mask out the corresponding pixels in the image. In inpainting, the hair regions are 
filled in with plausible information to remove the hair. 

 

Fig. 4. Skin image before and after hair removal 

Noise Removal: Skin images may be affected by various types of noise during acquisition or 
transmission, which can hinder the model's performance. Noise removal is crucial to improve data quality and 
enhance the model's robustness [36]. Common algorithms for noise removal include: 

 Median Filtering technique replaces each pixel in an image with the median value of its neighbouring pixels 
[37]. It is effective in reducing impulse noise or salt-and-pepper noise. 

 Gaussian filtering applies a Gaussian kernel to the image to reduce Gaussian noise. It is particularly useful 
for smoothing noise reduction. 

 Denoising Autoencoders are DL models designed to reconstruct clean images from noisy inputs [38]. 
Training these autoencoders helps in learning noise patterns and removing noise during inference. 

Image Enhancement: Image enhancement techniques are applied to improve the visibility of skin 
lesions and highlight important features [39]. These techniques aid the DL model in detecting subtle patterns 
and textures related to different skin diseases. Common enhancement methods include: 

 Histogram Equalization technique redistributes pixel intensities to improve image contrast, making it easier 
to identify fine details in the skin images [40]. 

 Contrast Stretching expands the range of pixel intensities, spreading out the pixel values for better 
visualization [41]. 

 Adaptive Histogram Equalization method enhances local contrast in different regions of the image, 
revealing fine details and texture variations. 

Resize: DL models typically require fixed-size inputs for efficient processing [42]. Therefore, resizing 
skin images to a standard size is crucial to ensure compatibility with the neural network architecture. Commonly, 
images are resized to a square or rectangular shape while preserving the aspect ratio. Libraries like OpenCV or 
PIL are commonly used for image resizing. 

Image Restoration: Skin images may suffer from various degradations like blurring or compression 
artifacts. Image restoration techniques are used to recover the original quality of the images, ensuring that the 
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DL model receives high-quality inputs [43]. Common restoration methods include: 

 Deblurring: Deblurring algorithms [44] aim to reduce blurriness caused by camera shake or other factors, 
leading to clearer images. 

 JPEG Artifact Removal: When skin images are compressed using JPEG, compression artifacts can affect 
the model's performance. JPEG artifact removal techniques aim to reduce these artifacts and restore image 
quality. 

Segmentation: 
Segmentation is a critical image-processing task that involves dividing an image into distinct regions 

or objects of interest [45]. Figure 5 illustrates the skin image before and after segmentation. 

 

 

Fig. 5. Skin image before and after segmentation 

There are five main types of segmentation methods: Let's explore each of these methods and their 
subtypes in detail: 

1. Edge-based Segmentation: Edge-based segmentation focuses on identifying boundaries or edges between 
different regions in an image. Edges represent abrupt changes in intensity, colour, or texture, and they are often 
indicative of object boundaries. Detecting edges is vital in applications where the shape or contour of objects is 
of primary interest. 

Canny Edge Detection: The Canny edge detector is one of the most popular edge detection algorithms due to 
its effectiveness and robustness [46]. It involves several key steps: 

1. Convert the input image into grayscale to simplify the edge detection process and reduce computational 
complexity. 

2. Calculate the gradient magnitude and direction of the image. The gradient magnitude represents the rate of 
change of intensity at each pixel's location, helping identify regions with significant intensity changes that 
are likely to edge. 

3. The gradient magnitude (𝐺) at a pixel (𝑥, 𝑦) can be computed using gradient operators like the Sobel 

operator: 𝐺(𝑥, 𝑦)  = ට𝐺௫(𝑥, 𝑦)ଶ + 𝐺௬(𝑥, 𝑦)ଶ 

4. 𝐺௫  and 𝐺௬ are the gradient components along the 𝑥 and 𝑦 axes, respectively. They can be obtained by 

convolving the image with the Sobel filters. 
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5. Suppress non-maximum gradient values to obtain thin and accurate edges. For each pixel (𝑥, 𝑦) with a 
gradient magnitude 𝐺(𝑥, 𝑦), compare it with the gradient magnitudes of its two neighboring pixels in the 
gradient direction (𝜃). Retain the pixel only if it has the maximum gradient value compared to its neighbors. 

6. Apply double thresholding to classify the edges as strong, weak, or non-edges. Set two thresholds: a high 
threshold (𝑇௛௜௚௛) and a low threshold (𝑇௟௢௪). Pixels with gradient magnitudes greater than T_high are 

considered strong edges, and those between (𝑇௟௢௪)  and (𝑇௛௜௚௛)  are considered weak edges. Pixels with 

gradient magnitudes below (𝑇௟௢௪)  are treated as non-edges and discarded. 
7. Perform edge tracking to link weak edges to strong edges and form continuous edge paths. Starting from a 

strong edge pixel, trace the connected weak edges that are 8-connected (i.e., sharing a common vertex or 
edge). 

Sobel Edge Detection: Sobel edge detection is another well-known edge detection method, often used as a 
simpler alternative to the Canny edge detector [47]. The Sobel operator is a convolutional kernel used to 
compute the gradient magnitude [48], similar to the Canny edge detection's Step 2. The Sobel operator has two 
kernels, one for the x-direction and another for the y-direction. The convolution of the image with these kernels 
yields the gradient components 𝐺௫ and 𝐺௬, which can be used to compute the gradient magnitude as mentioned 

earlier. 

2. Region-based Segmentation: Region-based segmentation groups pixels into coherent regions based on their 
similarity in colour, intensity, texture, or other feature spaces. This approach aims to group pixels that are likely 
to belong to the same object or region, irrespective of the presence of edges. 

Region-growing: This is a straightforward region-based segmentation technique that starts from seed points 
and iteratively expands the regions by adding neighbouring pixels that satisfy certain similarity criteria [49]. 
The similarity criterion could be based on colour, intensity, texture, or other feature spaces. 

Let 𝑅௜ represent a region, and 𝑝௜௝  is the pixel at position (𝑖, 𝑗) in the image. The similarity criterion for 

adding a neighboring pixel 𝑝௫௬ to region 𝑅௜ can be defined as: similarity ൫𝑅௜, 𝑝௫௬൯ = ห𝐹൫𝑝௫௬൯ − 𝐹(𝑝௜௝)ห ≤ 𝑇 

Where 𝐹 is a feature function that measures the similarity between pixels, and 𝑇 is a predefined 
threshold that determines the allowable difference in feature values. 

The region-growing process can be initialized with one or more seed pixels. Pixels that are similar to 
the seed pixels are added to the region, and this process is iteratively repeated until no more pixels can be added. 

Watershed Segmentation: The watershed segmentation algorithm is inspired by the topographic concept of a 
watershed, wherein an image's intensity landscape is analogized to a topographic relief [50]. The image's 
intensity values are treated as height values, and the watersheds correspond to regions where water would 
accumulate if the intensity landscape were flooded. The process of watershed segmentation begins by 
transforming the image's intensity values into a gradient image, which effectively highlights the boundaries 
between different regions. Next, local minima are identified in the gradient image, and these minima serve as 
markers for the subsequent segmentation process. The algorithm then initiates a flooding procedure, starting 
from these markers and progressively dividing the image into distinct regions based on the local intensity 
minima. The watershed lines are consequently formed, demarcating the boundaries between these segmented 
regions. 
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3. Morphological Segmentation: Morphological operations process images based on the shape and structure 
of objects within the image [51]. The mathematical formulas for the fundamental morphological operations are 
as follows: 

 Dilation: Dilate a binary image 𝐴 by a structuring element B, resulting in a new image 𝐶, defined as 𝐶 =

 𝐴 ⊕  𝐵. The dilation operation expands the regions in the image. 

 Erosion: Erode a binary image A by a structuring element B, resulting in a new image C, defined as 𝐶 =

 𝐴 ⊖  𝐵. The erosion operation shrinks the regions in the image. 

 Opening: Perform erosion followed by dilation (𝐶 =  𝐴 ⊖  𝐵 ⊕  𝐵) to remove noise and small objects. 

 Closing: Perform dilation followed by erosion (𝐶 =  𝐴 ⊕  𝐵 ⊖  𝐵) to close small gaps in the regions. 

4. Active Contours: Active contour models, also known as snakes, are used to locate the boundaries of objects 
in an image by minimizing an energy function [52]. The mathematical representation of snakes is as follows: 

𝐸 = න ൥∝ (𝑠) ቤ
𝜕𝑠(𝑠)

𝜕𝑠
ቤ

ଶ

+ 𝛽(𝑠) ቤ
𝜕ଶ𝑠(𝑠)

𝜕𝑠ଶ
ቤ

ଶ

൩ 𝑑𝑠 − න 𝛿(𝐼(𝑠) − 𝐼𝑂)ଶ 𝑑𝑠 

Here, 𝑠 represents the curve parameterized by arc length, 
డ௦(௦)

డ௦
 is the tangent vector to the curve, 

డమ௦(௦)

డ௦మ  

is the curvature of the curve, 𝐼(𝑠) is the image intensity at point s along the curve, and 𝐼𝑂 is the desired intensity 
value for the contour. 𝛼 and 𝛽 control the internal elasticity and smoothness of the contour, respectively, and 𝛿 
is a weighting factor for the image term. 

4. Histogram-based Segmentation: Histogram-based segmentation involves analysing the pixel intensity 
distribution in an image [53]. Thresholding is a common technique. Let 𝐻(𝐼) represent the histogram of an input 
grayscale image 𝐼. The thresholding process can be defined as: 

 Choose a suitable threshold 𝑇 to separate the pixels into two classes: foreground and background. 

 Binary Segmentation assign each pixel in the image 𝐼 to either the foreground or background class based 
on the threshold 𝑇: 

𝐵𝑖𝑛𝑎𝑟𝑦 𝐼𝑚𝑎𝑔𝑒 (𝑥, 𝑦) = ቄ
1    𝑖𝑓 𝐼(𝑥, 𝑦) > 𝑇
0          𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

ቅ 

5. Clustering-based Segmentation: Clustering techniques, such as k-means clustering or Gaussian mixture 
models, offer valuable tools for grouping pixels into clusters based on their feature similarity [54]. When applied 
to skin disease detection, clustering can effectively identify regions with distinct color or texture properties, 
potentially corresponding to lesions or affected areas. 

K-means Clustering: The k-means algorithm achieves pixel grouping by minimizing the sum of squared 
distances between each pixel and its assigned cluster centroid [55]. The process can be summarized as follows:  

i. Randomly initialize k cluster centroids.  
ii. Assign each pixel to the nearest cluster centroid based on the Euclidean distance.  

iii. Recalculate the cluster centroids based on the newly assigned pixels.  
iv. Repeat steps ii and iii until convergence or a maximum number of iterations. 

Gaussian Mixture Models (GMM): GMM operates on the assumption that pixels in an image belong to multiple 
Gaussian distributions, each representing a different region [56]. The algorithm estimates the parameters (mean 
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and covariance) of these Gaussian distributions and assigns pixels to the clusters probabilistically.  

i. Initialize the parameters (mean and covariance) of the Gaussian distributions randomly.  
ii. Assign each pixel to the Gaussian distribution that maximizes the posterior probability (using the 

Expectation-Maximization algorithm).  
iii. Update the parameters of the Gaussian distributions based on the newly assigned pixels. 
iv. Repeat steps ii and iii until convergence or a maximum number of iterations 

Feature Extraction 

Feature extraction plays a vital role in skin disease detection using DL, as it involves converting raw 
image data into meaningful representations that capture relevant information about the skin lesions or affected 
areas [57]. Several feature extraction methods are employed, including appearance-based, feature-based, 
template-based, and part-based approaches. Let's explore each of these methods in detail: 

1. Appearance-based Feature Extraction: This method focuses on capturing the visual appearance of skin 
lesions in the image. It extracts low-level image features like colour, texture, and shape to represent the lesions 
[58]. DL models, particularly CNNs, are commonly used for this purpose due to their ability to automatically 
learn hierarchical features from raw image data. Colour is a critical visual cue in skin disease detection, and 
colour-based feature extraction methods involve quantifying the colour distribution in the image [59]. This can 
be achieved using colour histograms or colour moments, such as mean and standard deviation, to represent the 
colour information of the skin lesions. Texture features, on the other hand, capture patterns and variations in 
pixel intensities within the skin lesions. Texture-based feature extraction methods [60] employ filters like Gabor 
filters or Local Binary Patterns (LBP) to extract texture information from the image, characterizing the texture 
properties indicative of certain skin diseases. Shape features describe the geometric properties of skin lesions, 
such as size, symmetry, and contour. These features are extracted by analysing the boundary or contour of the 
lesions, with common methods including Fourier descriptors, Hu moments, and Zernike moments. 

2. Feature-based Feature Extraction: The predefined feature descriptors are used to represent skin lesions in 
the image, capturing specific characteristics such as texture, edges, or keypoints. SIFT (Scale-Invariant Feature 
Transform) is a popular method that identifies keypoints in an image and computes descriptors based on local 
image gradients [61]. Its scale and rotation invariance makes it suitable for detecting and matching keypoints in 
images with different scales and orientations. HOG (Histogram of Oriented Gradients) is commonly used for 
object detection tasks, including skin disease detection. It computes the distribution of gradient orientations in 
the image, capturing local shape and edge information, particularly useful for detecting irregularly shaped skin 
lesions. 

3. Template-based Feature Extraction: This method employs a predefined template or reference image [62] 
of a specific skin disease to detect similar lesions in the input image. Template matching is a simple and intuitive 
method where a template image of a known skin disease is compared to patches of the input image. The template 
is slid across the image, and similarity measures like correlation coefficients or the sum of squared differences 
are computed at each location to find the best match. 

4. Part-based Feature Extraction: This approach focuses on capturing local parts or regions of interest [63] 
within the skin lesions, aiming to extract discriminative parts contributing to the overall disease diagnosis. 
Spatial Pyramid Matching (SPM) is a method that divides the image into multiple levels of grids and extracts 



Frontiers in Health Informatics 
ISSN-Online: 2676-7104 
2024; Vol 13: Issue 3 

 www.healthinformaticsjournal.com 

Open Access 

 
 
 
 
 
 
 
 

181 
 
 
 

features from each grid level [64]. The extracted features are then concatenated to form a hierarchical 
representation of the image, capturing both global and local information suitable for skin disease detection tasks. 
In DL-based skin disease detection, appearance-based feature extraction using CNNs is the most common 
approach. CNNs automatically learn hierarchical features from raw image data, allowing them to capture 
complex patterns and structures in skin lesions. Transfer learning, where pre-trained CNN models on large 
datasets are fine-tuned for skin disease detection, is also widely used to boost performance with limited data. 

Deep Learning 
The detection of skin diseases poses a significant challenge in medical image analysis, and DL models 

have emerged as a promising solution in revolutionizing this field. Among various DL architectures, CNNs 
have shown exceptional potential for skin disease detection [65]. CNNs are tailored for image-related tasks, 
proficiently learning hierarchical features from raw image data. Using convolutional layers, they extract local 
patterns S features, pooling layers reduce spatial dimensions, and fully connected layers make final predictions. 
In skin disease detection, CNNs adeptly capture visual characteristics of lesions, such as colour, texture, and 
shape, facilitating accurate classification of diverse skin conditions. 

However, a common challenge in medical image analysis, including skin disease detection, is the 
scarcity of labelled data. Here, Transfer Learning comes to the rescue [66]. This powerful technique involves 
using a pre-trained CNN model, such as one trained on a large dataset like ImageNet, as a starting point. The 
pre-trained CNN model is then fine-tuned on the target dataset of skin disease images, adapting to the specific 
detection task. Leveraging knowledge learned from a large dataset enhances performance on the skin disease 
detection task, even with smaller datasets. 

Generative Adversarial Networks (GANs) offer unique capabilities in skin disease detection. 
Comprising a generator and discriminator, GANs primarily excel in image synthesis tasks [67]. For skin disease 
detection, GANs generate realistic synthetic images for data augmentation, crucial in training DL models with 
limited datasets. Synthetic images that resemble real images enrich the training dataset and enhance the model's 
generalization ability. GANs can also be used for anomaly detection in skin disease images, identifying 
deviations or abnormalities in skin images for early detection of abnormal lesions. 

Deep Belief Networks (DBNs), although less commonly used in skin disease detection compared to 
CNNs and Transfer Learning, play essential roles in unsupervised feature learning and dimensionality reduction. 
In unsupervised feature learning, DBNs automatically learn informative features from raw image data without 
explicit annotations [68]. These features can then train classifiers for skin disease detection. Additionally, DBNs 
are employed in dimensionality reduction, reducing computational complexity and memory requirements of DL 
models. As DL research progresses, these models are expected to play an increasingly vital role in the early and 
accurate diagnosis of skin diseases, ultimately leading to improved patient outcomes and enhanced healthcare 
practices. 

Challenges and Possible Solutions 
The significant challenges encountered in skin disease detection through DL are discussed below. The 

formidable obstacles are illustrated in Figure 6. 



Frontiers in Health Informatics 
ISSN-Online: 2676-7104 
2024; Vol 13: Issue 3 

 www.healthinformaticsjournal.com 

Open Access 

 
 
 
 
 
 
 
 

182 
 
 
 

 

Fig. 6. Challenges faced in skin disease detection using DL 

1. Limited and Imbalanced Data: Obtaining a vast and diverse dataset of labelled skin disease images is a 
formidable task, and the dataset may suffer from class imbalance, where some skin conditions have significantly 
fewer samples than others [69]. Solution: Employing data augmentation techniques to generate synthetic images 
and balance the class distribution can be a viable approach. Techniques like rotation, flipping, and zooming can 
introduce variations in existing images, thereby increasing the dataset size. Additionally, transfer learning can 
be harnessed to leverage pre-trained models on larger datasets and fine-tune them on the skin disease dataset, 
even when faced with limited samples. 

 
2. High Intra-Class Variability: Skin diseases often display diverse visual characteristics and may manifest 

differently among patients, posing challenges in accurately distinguishing between subtypes of the same 
condition [70]. Solution: Implementing ensemble learning can be beneficial, where multiple models specializing 
in detecting specific subtypes or manifestations of skin diseases are combined. By aggregating the predictions 
of multiple models, the overall diagnostic performance can be improved, capitalizing on the diversity in model 
predictions. 
 

3. Interpretability: DL models are often perceived as "black boxes," making it difficult to comprehend and 
interpret their decisions, a critical aspect in medical applications [71]. Solution: Incorporating attention 
mechanisms in DL models can highlight regions of the image that significantly influence the diagnosis. 
Moreover, utilizing explainable AI techniques like LIME (Local Interpretable Model-Agnostic Explanations) 
can provide post-hoc explanations of the model's predictions, enabling dermatologists to understand the 
rationale behind the model's decisions. 
 

4. Uncertainty Estimation: DL models frequently provide deterministic predictions without quantifying 
the uncertainty associated with their decisions [72]. In medical applications, understanding the model's 
uncertainty is vital to evaluate the reliability of the diagnosis. Solution: Leveraging Bayesian DL techniques 
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can estimate the uncertainty in model predictions. These methods offer probabilistic outputs, facilitating the 
quantification of uncertainty and enhancing the model's robustness in decision-making. 
 

5. Clinical Integration and Adoption: Integrating DL models into clinical workflows and gaining 
acceptance from dermatologists and healthcare professionals can be challenging due to concerns about relying 
solely on AI-driven diagnoses. Solution: Collaborating closely with dermatologists and involving them in the 
development and validation of the models can still in trust and acceptance. Providing clear and interpretable 
model outputs, along with explanations, can further boost confidence in the model's predictions. Conducting 
prospective clinical studies and trials to demonstrate the efficacy and safety of the DL model in real-world 
settings can foster its adoption in clinical practice. 

Conclusion 
This review presents a comprehensive overview of the advancements in skin disease diagnosis using 

DL. The paper discusses a step-by-step procedure for automating skin disease detection with DL. It begins by 
introducing publicly available skin image datasets, followed by a brief introduction to pre-processing 
techniques. Next, segmentation methods and their types are explored, and detailed feature extraction techniques 
are discussed. The conception and popular architectures of DL, along with commonly used frameworks, are 
introduced. The review also delves into the challenges that remain in the field of skin disease diagnosis with 
DL and proposes future research directions. 

Compared to existing literature reviews, this article provides a systematic survey of recent applications 
of DL in skin disease diagnosis. It offers readers an intuitive understanding of essential concepts and the 
challenges faced in this area. The review also highlights possible directions for addressing these challenges, 
which will benefit those interested in further research. The potential benefits of automated skin disease diagnosis 
with DL are significant. However, the accuracy and reliability of such systems must be critically tested before 
implementation in real-life clinical settings. While many DL systems have shown promising results on 
experimental skin disease datasets, thorough validation and testing are crucial for acceptance in clinical 
diagnosis tasks. 

Reference 
1. Jablonski, Nina G. Skin: A natural history. Univ of California Press, 2006.  

2. Hay, Roderick J., Nicole E. Johns, Hywel C. Williams, Ian W. Bolliger, Robert P. Dellavalle, David J. 
Margolis, Robin Marks et al. "The global burden of skin disease in 2010: an analysis of the prevalence 
and impact of skin conditions." Journal of Investigative Dermatology 134, no. 6 (2014): 1527-1534. 

3. British Skin Foundation. Accessed: May 2, 2018. [Online]. Available:http://www. 
britishskinfoundation.org.uk 

4. Kapaj, Simon, Hans Peterson, Karsten Liber, and Prosun Bhattacharya. "Human health effects from 
chronic arsenic poisoning–a review." Journal of Environmental Science and Health, Part A 41, no. 10 
(2006): 2399-2428. 

5. L. -F. Li, X. Wang, W. -J. Hu, N. N. Xiong, Y. -X. Du and B. -S. Li, "Deep Learning in Skin Disease 



Frontiers in Health Informatics 
ISSN-Online: 2676-7104 
2024; Vol 13: Issue 3 

 www.healthinformaticsjournal.com 

Open Access 

 
 
 
 
 
 
 
 

184 
 
 
 

Image Recognition: A Review," in IEEE Access, vol. 8, pp. 208264-208280, 2020, doi: 
10.1109/ACCESS.2020.3037258. 

6. Samokhin, Valentin, Dmitry Nechaev, Ekaterina Ivanova, and Alexey Pchelnikov. "Utilizing AI for 
Skin Disease Classification: Enhancing Early Identification and Differentiation." (2023). 

7. Pathan, Sameena, K. Gopalakrishna Prabhu, and P. C. Siddalingaswamy. "Techniques and algorithms 
for computer aided diagnosis of pigmented skin lesions—A review." Biomedical Signal Processing and 
Control 39 (2018): 237-262. 

8. Bhakal, Santosh Kumari, and Ravinder Singh. "Computer Aided Diagnostic Approach for Melanoma 
Diagnosis Using Neural Networks." 

9. M. A. Marchetti, N. C. Codella, S. W. Dusza, D. A. Gutman, B. Helba, A. Kalloo, N. Mishra, C. Carrera, 
M. E. Celebi, J. L. De Fazio, and N. Jaimes, ‘‘Results of the 2016 international skin imaging 
collaboration international symposium on biomedical imaging challenge: Comparison of the accuracy 
of computer algorithms to dermatologists for the diagnosis of melanoma from dermoscopic images,’’ 
J. Amer. Acad. Dermatol., vol. 78, no. 2, pp. 270–277, 2018, doi: 10.1016/j.jaad.2017.08.016. 

10. C. Rosendahl, A. Cameron, I. Mccoll, and D. Wilkinson, ‘‘Dermatoscopy in routine practice: ‘Chaos 
and clues,’’’ Aust. Fam. Physician, vol. 41, no. 7, pp. 482–487, 2012 

11. W. Stolz, A. Riemann, A. B. Cognetta, L. Pillet, W. Abmayr, D. Holzel, P. Bilek, F. Nachbar, M. 
Landthaler, and O. Braun-Falco, ‘‘ABCD rule of dermatoscopy: A new practical method for early 
recognition of malignant melanoma,’’ Eur. J. Dermatol., vol. 4, no. 7, pp. 521–527, 1994 

12. J. S. Henning, S. W. Dusza, S. Q. Wang, A. A. Marghoob, H. S. Rabinovitz, D. Polsky, and A. W. 
Kopf, ‘‘The CASH (color, architecture, symmetry, and homogeneity) algorithm for dermoscopy,’’ J. 
Amer. Acad. Dermatol., vol. 56, no. 1, pp. 45–52, Jan. 2007, doi: 10. 1016/j.jaad.2006.09.003. 

13. H. P. Soyer, G. Argenziano, I. Zalaudek, R. Corona, F. Sera, R. Talamini, F. Barbato, A. Baroni, L. 
Cicale, A. Di Stefani, P. Farro, L. Rossiello, E. Ruocco, and S. Chimenti, ‘‘Three-point checklist of 
dermoscopy,’’ Dermatology, vol. 208, no. 1, pp. 27–31, 2004, doi: 10.1159/000075042. 

14. Wolchok, Jedd D., F. Stephen Hodi, Jeffrey S. Weber, James P. Allison, Walter J. Urba, Caroline 
Robert, Steven J. O'Day et al. "Development of ipilimumab: a novel immunotherapeutic approach for 
the treatment of advanced melanoma." Annals of the New York Academy of Sciences 1291, no. 1 
(2013): 1-13. 

15. Goceri, Evgin. "Diagnosis of skin diseases in the era of deep learning and mobile technology." 
Computers in Biology and Medicine 134 (2021): 104458. 



Frontiers in Health Informatics 
ISSN-Online: 2676-7104 
2024; Vol 13: Issue 3 

 www.healthinformaticsjournal.com 

Open Access 

 
 
 
 
 
 
 
 

185 
 
 
 

16. Elyan, Eyad, Pattaramon Vuttipittayamongkol, Pamela Johnston, Kyle Martin, Kyle McPherson, 
Chrisina Jayne, and Mostafa Kamal Sarker. "Computer vision and machine learning for medical image 
analysis: recent advances, challenges, and way forward." Artificial Intelligence Surgery 2 (2022). 

17. S. D. Sharma, S. Sharma, A. K. Pathak and N. Mohamed, "Real-time Skin Disease Prediction System 
using Deep Learning Approach," 2023 2nd Edition of IEEE Delhi Section Flagship Conference 
(DELCON), Rajpura, India, 2023, pp. 1-6, doi: 10.1109/DELCON57910.2023.10127569. 

18. Pai, Venkatesh R., Soujanya G. Pai, P. M. Suhasi, and P. M. Rekha. "Identification and Classification 
of Skin Diseases using Deep Learning Techniques." (2023). 

19. Nigat, Tsedenya Debebe, Tilahun Melak Sitote, and Berihun Molla Gedefaw. "Fungal Skin Disease 
Classification Using the Convolutional Neural Network." Journal of Healthcare Engineering 2023 
(2023). 

20. Muhaba, Kedir Ali, Kokeb Dese, Tadele Mola Aga, Feleke Tilahun Zewdu, and Gizeaddis Lamesgin 
Simegn. "Automatic skin disease diagnosis using deep learning from clinical image and patient 
information." Skin Health and Disease 2, no. 1 (2022): e81. 

21. Gautam, Vinay, Naresh Kumar Trivedi, Abhineet Anand, Rajeev Tiwari, Atef Zaguia, Deepika 
Koundal, and Sachin Jain. "Early Skin Disease Identification Using Deep Neural Network." Computer 
Systems Science & Engineering 44, no. 3 (2023). 

22. Sadik, Rifat, Anup Majumder, Al Amin Biswas, Bulbul Ahammad, and Md Mahfujur Rahman. "An in-
depth analysis of Convolutional Neural Network architectures with transfer learning for skin disease 
diagnosis." Healthcare Analytics 3 (2023): 100143. 

23. Mahum, Rabbia, and Suliman Aladhadh. "Skin Lesion Detection Using Hand-Crafted and DL-Based 
Features Fusion and LSTM." Diagnostics 12, no. 12 (2022): 2974. 

24. Albawi, Saad, Yasir Amer Abbas, and Yasser Almadany. "Robust skin diseases detection and 
classification using deep neural networks." Int. J. Eng. Technol 7 (2018): 6473-6480. 

25. Yoon, Huisu, Semin Kim, Jongha Lee, and Sangwook Yoo. "Deep-Learning-Based Morphological 
Feature Segmentation for Facial Skin Image Analysis." Diagnostics 13, no. 11 (2023): 1894. 

26. Tschandl, Philipp, Cliff Rosendahl, and Harald Kittler. "The HAM10000 dataset, a large collection of 
multi-source dermatoscopic images of common pigmented skin lesions." Scientific data 5, no. 1 (2018): 
1-9. 

27. Mendonça, Teresa, M. Celebi, T. Mendonca, and J. Marques. "Ph2: A public database for the analysis 
of dermoscopic images." Dermoscopy image analysis (2015). 



Frontiers in Health Informatics 
ISSN-Online: 2676-7104 
2024; Vol 13: Issue 3 

 www.healthinformaticsjournal.com 

Open Access 

 
 
 
 
 
 
 
 

186 
 
 
 

28. Cassidy, Bill, Connah Kendrick, Andrzej Brodzicki, Joanna Jaworek-Korjakowska, and Moi Hoon Yap. 
"Analysis of the ISIC image datasets: Usage, benchmarks and recommendations." Medical image 
analysis 75 (2022): 102305. 

29. Rees, Aldridge, Fisher, Ballerini (2013), A Color and Texture Based Hierarchical K-NN Approach to 
the Classification of Non-melanoma Skin Lesions, Color Medical Image Analysis, Lecture Notes in 
Computational Vision and Biomechanics 6 (M. E. Celebi, G. Schaefer (eds.)) 

30. Combalia, Marc, Noel CF Codella, Veronica Rotemberg, Brian Helba, Veronica Vilaplana, Ofer Reiter, 
Cristina Carrera et al. "Bcn20000: Dermoscopic lesions in the wild." arXiv preprint arXiv:1908.02288 
(2019). 

31. Pacheco, Andre GC, Gustavo R. Lima, Amanda S. Salomao, Breno Krohling, Igor P. Biral, Gabriel G. 
de Angelo, Fábio CR Alves Jr et al. "PAD-UFES-20: A skin lesion dataset composed of patient data 
and clinical images collected from smartphones." Data in brief 32 (2020): 106221. 

32. Vocaturo, Eugenio, Ester Zumpano, and Pierangelo Veltri. "Image pre-processing in computer vision 
systems for melanoma detection." In 2018 IEEE International Conference on Bioinformatics and 
Biomedicine (BIBM), pp. 2117-2124. IEEE, 2018. 

33. Ansari, Uzma Bano, and Tanuja Sarode. "Skin cancer detection using image processing." Int. Res. J. 
Eng. Technol 4, no. 4 (2017): 2875-2881. 

34. Abbas, Qaisar, M. Emre Celebi, and Irene Fondón García. "Hair removal methods: A comparative study 
for dermoscopy images." Biomedical Signal Processing and Control 6, no. 4 (2011): 395-404. 

35. Attia, Mohamed, Mohammed Hossny, Hailing Zhou, Saeid Nahavandi, Hamed Asadi, and Anousha 
Yazdabadi. "Digital hair segmentation using hybrid convolutional and recurrent neural networks 
architecture." Computer methods and programs in biomedicine 177 (2019): 17-30. 

36. Ravishankar, Aditya, S. Anusha, H. K. Akshatha, Anjali Raj, S. Jahnavi, and J. Madhura. "A survey on 
noise reduction techniques in medical images." In 2017 International conference of Electronics, 
Communication and Aerospace Technology (ICECA), vol. 1, pp. 385-389. IEEE, 2017. 

37. George, Ginu, Rinoy Mathew Oommen, Shani Shelly, Stephie Sara Philipose, and Ann Mary Varghese. 
"A survey on various median filtering techniques for removal of impulse noise from digital image." In 
2018 Conference on Emerging Devices and Smart Systems (ICEDSS), pp. 235-238. IEEE, 2018. 

38. Lei, Houchao, and Yang Yang. "CDAE: A cascade of denoising autoencoders for noise reduction in the 
clustering of single-particle cryo-EM images." Frontiers in genetics 11 (2021): 627746. 

39. Zubair, Juwairia. "Image enhancement for improving visibility and feature recognition." PhD diss., 



Frontiers in Health Informatics 
ISSN-Online: 2676-7104 
2024; Vol 13: Issue 3 

 www.healthinformaticsjournal.com 

Open Access 

 
 
 
 
 
 
 
 

187 
 
 
 

Texas A&M University, 2008. 

40. Bagade, Sapana S., and Vijaya K. Shandilya. "Use of histogram equalization in image processing for 
image enhancement." International Journal of Software Engineering Research & Practices 1, no. 2 
(2011): 6-10. 

41. Al-Amri, Salem Saleh, N. V. Kalyankar, and S. D. Khamitkar. "Contrast stretching enhancement in 
remote sensing image." International Journal of Computer Science Issues (IJCSI) 7, no. 2 (2010): 26. 

42. Sze, Vivienne, Yu-Hsin Chen, Tien-Ju Yang, and Joel S. Emer. "Efficient processing of deep neural 
networks: A tutorial and survey." Proceedings of the IEEE 105, no. 12 (2017): 2295-2329. 

43. Banham, Mark R., and Aggelos K. Katsaggelos. "Digital image restoration." IEEE signal processing 
magazine 14, no. 2 (1997): 24-41. 

44. Vankawala, Fagun, Amit Ganatra, and Amit Patel. "A survey on different image deblurring techniques." 
International Journal of Computer Applications 116, no. 13 (2015): 15-18. 

45. Patil, Dinesh D., and Sonal G. Deore. "Medical image segmentation: a review." International Journal 
of Computer Science and Mobile Computing 2, no. 1 (2013): 22-27. 

46. Ali, Mohamed, and David Clausi. "Using the Canny edge detector for feature extraction and 
enhancement of remote sensing images." In IGARSS 2001. Scanning the Present and Resolving the 
Future. Proceedings. IEEE 2001 International Geoscience and Remote Sensing Symposium (Cat. No. 
01CH37217), vol. 5, pp. 2298-2300. Ieee, 2001. 

47. Shrivakshan, G. T., and Chandramouli Chandrasekar. "A comparison of various edge detection 
techniques used in image processing." International Journal of Computer Science Issues (IJCSI) 9, no. 
5 (2012): 269. 

48. Vairalkar, Manoj K., and S. U. Nimbhorkar. "Edge detection of images using Sobel operator." 
International Journal of Emerging Technology and Advanced Engineering 2, no. 1 (2012): 291-293. 

49. Karthick, S., K. Sathiyasekar, and A. Puraneeswari. "A survey based on region based segmentation." 
International Journal of Engineering Trends and Technology 7, no. 3 (2014): 143-147. 

50. Hamarneh, Ghassan, and Xiaoxing Li. "Watershed segmentation using prior shape and appearance 
knowledge." Image and Vision Computing 27, no. 1-2 (2009): 59-68. 

51. Comer, Mary L., and Edward J. Delp III. "Morphological operations for color image processing." 
Journal of electronic imaging 8, no. 3 (1999): 279-289. 



Frontiers in Health Informatics 
ISSN-Online: 2676-7104 
2024; Vol 13: Issue 3 

 www.healthinformaticsjournal.com 

Open Access 

 
 
 
 
 
 
 
 

188 
 
 
 

52. Chan, Tony, and Luminita Vese. "An active contour model without edges." In International conference 
on scale-space theories in computer vision, pp. 141-151. Berlin, Heidelberg: Springer Berlin 
Heidelberg, 1999. 

53. Ni, Kangyu, Xavier Bresson, Tony Chan, and Selim Esedoglu. "Local histogram based segmentation 
using the Wasserstein distance." International journal of computer vision 84 (2009): 97-111. 

54. Thilagamani, S., and N. Shanthi. "A survey on image segmentation through clustering." International 
Journal of Research and Reviews in Information Sciences 1, no. 1 (2011): 14-17. 

55. Likas, Aristidis, Nikos Vlassis, and Jakob J. Verbeek. "The global k-means clustering algorithm." 
Pattern recognition 36, no. 2 (2003): 451-461. 

56. Zivkovic, Zoran. "Improved adaptive Gaussian mixture model for background subtraction." In 
Proceedings of the 17th International Conference on Pattern Recognition, 2004. ICPR 2004., vol. 2, pp. 
28-31. IEEE, 2004. 

57. Benyahia, Samia, Boudjelal Meftah, and Olivier Lézoray. "Multi-features extraction based on deep 
learning for skin lesion classification." Tissue and Cell 74 (2022): 101701. 

58. Struc, Vitomir, and Nikola Pavesic. "A case study on appearance based feature extraction techniques 
and their susceptibility to image degradations for the task of face recognition." International Journal of 
Electrical and Computer Engineering 3, no. 6 (2009): 1351-1359. 

59. Sahu, Miss Meenu, Amit Saxena, and Manish Manoria. "Application of feature extraction technique: 
A review." International Journal of Computer Science and Information Technologies 4 (2015): 3014-
3016. 

60. Humeau-Heurtier, Anne. "Texture feature extraction methods: A survey." IEEE access 7 (2019): 8975-
9000. 

61. Meng, Yu, and Bernard Tiddeman. "Implementing the scale invariant feature transform (sift) method." 
Department of Computer Science University of St. Andrews (2006). 

62. Fellenz, W., J. Taylor, Nicolas Tsapatsoulis, and S. Kollias. "Comparing template-based, feature-based 
and supervised classification of facial expressions from static images." Computational Intelligence and 
Applications 19, no. 9 (1999). 

63. Liu, Chenglin, Tianlong Bao, and Ming Zhu. "Part-based feature extraction for person re-
identification." In Proceedings of the 2018 10th International Conference on Machine Learning and 
Computing, pp. 172-177. 2018. 



Frontiers in Health Informatics 
ISSN-Online: 2676-7104 
2024; Vol 13: Issue 3 

 www.healthinformaticsjournal.com 

Open Access 

 
 
 
 
 
 
 
 

189 
 
 
 

64. Harada, Tatsuya, Yoshitaka Ushiku, Yuya Yamashita, and Yasuo Kuniyoshi. "Discriminative spatial 
pyramid." In CVPR 2011, pp. 1617-1624. IEEE, 2011. 

65. Allugunti, Viswanatha Reddy. "A machine learning model for skin disease classification using 
convolution neural network." International Journal of Computing, Programming and Database 
Management 3, no. 1 (2022): 141-147. 

66. Salehi, Ahmad Waleed, Shakir Khan, Gaurav Gupta, Bayan Ibrahimm Alabduallah, Abrar Almjally, 
Hadeel Alsolai, Tamanna Siddiqui, and Adel Mellit. "A Study of CNN and Transfer Learning in 
Medical Imaging: Advantages, Challenges, Future Scope." Sustainability 15, no. 7 (2023): 5930. 

67. Lei, Yang, Richard LJ Qiu, Tonghe Wang, Walter J. Curran, Tian Liu, and Xiaofeng Yang. "Generative 
adversarial network for image synthesis." arXiv preprint arXiv:2012.15446 (2020). 

68. Zhou, Shusen, Qingcai Chen, and Xiaolong Wang. "Discriminative deep belief networks for image 
classification." In 2010 IEEE international conference on image processing, pp. 1561-1564. IEEE, 
2010. 

69. Mohanty, Anwesha, Alistair Sutherland, Marija Bezbradica, and Hossein Javidnia. "Skin disease 
analysis with limited data in particular rosacea: a review and recommended framework." IEEE Access 
10 (2022): 39045-39068. 

70. Jin, Joy Q., David Wu, Riley Spencer, Kareem G. Elhage, Jared Liu, Mitchell Davis, Marwa Hakimi et 
al. "Biologic insights from single-cell studies of psoriasis and psoriatic arthritis." Expert Opinion on 
Biological Therapy 22, no. 12 (2022): 1449-1461. 

71. Wang, Fei, Rainu Kaushal, and Dhruv Khullar. "Should health care demand interpretable artificial 
intelligence or accept “black box” medicine?." Annals of internal medicine 172, no. 1 (2020): 59-60. 

72. Gawlikowski, Jakob, Cedrique Rovile Njieutcheu Tassi, Mohsin Ali, Jongseok Lee, Matthias Humt, 
Jianxiang Feng, Anna Kruspe et al. "A survey of uncertainty in deep neural networks." arXiv preprint 
arXiv:2107.03342 (2021). 

 


