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Skin lesions affect millions of people worldwide. They can be easily recognized based on their typically abnormal

texture and color but are difficult to diagnose due to similar symptoms among certain types of lesions.

skin image segmentation skin lesion classification machine learning deep learning

| 1. Introduction

The skin protects the human body from outside hazardous substances and is the largest organ in the human body.
Skin diseases can be induced by various causes, such as fungal infections, bacterial infections, allergies, or

viruses [, Skin lesions, as one of the most common diseases, have affected a large population worldwide.

A skin lesion can be easily recognized based on its abnormal texture and/or color, but it can be difficult to
accurately diagnose due to similar symptoms occurring with different types of lesions. Figure 1a,b, show that both
contact dermatitis and eczema present similarly with redness, swelling, and chapping on a hand. Similarly, as seen
in Figure 1c,d, measles and keratosis show red dots that are sporadically distributed on the skin. These similarities
lower diagnosis accuracy, particularly for dermatologists with less than two years of clinical experience. To
administer appropriate treatment, it is essential to identify skin lesions correctly and as early as possible. Early
diagnosis usually leads to a better prognosis and increases the chance of full recovery in most instances. The
training of a dermatologist requires several years of clinical experience as well as high education costs. The
average tuition fee in medical school was USD 218,792 in 2021 has risen to around USD 1500 each year since
2013 @, An automated solution for skin disease diagnosis is becoming increasingly urgent. This is especially true

in developing countries, which often lack the advanced medical equipment and expertise
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(2) Melanoma

(b) Eczema (d) Keratasis (f) Nevus

Figure 1. Common skin diseases 28],

Artificial intelligence (Al) has made rapid progress in image recognition over the last decade, using a combination
of methods such as machine learning (ML) and deep learning (DL). Segmentation and classification models can be
developed using traditional ML and DL methods. Traditional ML methods have simpler structures compared to DL
methods, which use extracted and selected features as inputs . The DL method can automatically discover
underlying patterns and identify the most descriptive and salient features in image recognition and processing
tasks. This progress has significantly motivated medical workers to explore the potential for the application of Al
methods in disease diagnosis, particularly for skin disease diagnosis. Moreover, DL has already demonstrated its
capability in this field by achieving similar diagnostic accuracy as dermatologists with 5 years of clinical experience

BBl Therefore, DL is considered a potential tool for cost-effective skin health diagnosis.

The success of Al applications heavily relies on the support of big data to ensure reliable performance and
generalization ability. To speed up the progress of Al application in skin disease diagnosis, it is essential to
establish reliable databases. Researchers from multiple organizations worked together to create the International
Skin Imaging Collaboration (ISIC) Dataset for skin disease research and organized challenges from 2016 to 2020
(6. The most common research task is to detect melanoma, a life-threatening skin cancer. According to the World
Health Organization (WHO), the number of melanoma cases is expected to increase to 466,914 with associated
deaths increasing to 105,904 by 2040 [,

Several additional datasets with macroscopic or dermoscopic images are publicly accessible on the internet, such
as the PH2 dataset 8], the Human Against Machine with 10,000 training images (HAM 10,000) dataset &, the BCN
20,000 dataset (19 the Interactive Atlas of Dermoscopy (EDRA) dataset 11, and the Med-Node dataset [12l. Such

datasets can be used individually, partially, or combined based on the specific tasks under investigation.

Macroscopic or close-up images of skin lesions on the human body are often taken using common digital cameras
or smartphone cameras. Dermoscopic images, on the other hand, are collected using a standard procedure in
preliminary diagnosis and produce images containing fewer artifacts and more detailed features, which can

visualize the skin’s inner layer (invisible to the naked eye). Although images may vary with shooting distance,
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illumination conditions, and camera resolution, dermoscopic images are more likely to achieve higher performance

in segmentation and classification than macroscopic images 22!,

To conduct a rigorous and thorough review of skin lesion detection studies, researchers utilized a systematic
search strategy that involved the PubMed database—an authoritative, widely-used resource for accessing
biomedical and life sciences literature. The analysis primarily focused on studies published after 2013 that explored
the potential applications of ML in skin lesion diagnosis. To facilitate this analysis, researchers sourced high-quality
datasets from reputable educational and medical organizations. These datasets served as valuable tools not only
for developing and testing new diagnostic algorithms but also for educating the broader public on skin health and
the importance of early detection. By utilizing these datasets in the research, researchers gained a deeper
understanding of the current state-of-the-art in skin lesion detection and identified areas for future research and
innovation.

Researchers discuss the most relevant skin recognition studies, including datasets, image preprocessing, up-to-
date traditional ML and DL applications in segmentation and classification, and challenges based on the original
research or review papers from journals and scientific conferences in ScienceDirect, IEEE, and SpringerLink
databases. The common schematic diagram of the automated skin image diagnosis procedure is shown in Figure
2.
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Figure 2. Schematic diagram of skin image diagnosis.

| 2. Skin Lesion Datasets and Image Preprocessing
2.1. Skin Lesion Datasets

To develop skin diagnosis models, various datasets of different sizes and skin lesion types have been created by
educational institutions and medical organizations. These datasets can serve as platforms to educate the general

public and as tools to test newly developed diagnosis algorithms.
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The first dermoscopic image dataset, PH2, had 200 carefully selected images with segmented lesions, as well as
clinical and histological diagnosis records. The Med-Node dataset contains a total of 170 macroscopic images,
including 70 melanoma and 100 nevus images, collected by the Department of Dermatology, University Medical
Center Groningen. Due to the limited image quantity and classes, these labeled datasets are often used together

with others in the development of diagnosis models.

The most popular skin disease detection dataset, ISIC Archive, was created through the collaboration of 30
academic centers and companies worldwide with the aim of improving early melanoma diagnosis and reducing
related deaths and unnecessary biopsies. This dataset contained 71,066 images with 24 skin disease classes [,
but only 11 of the 24 classes had over 100 images. The images were organized by diagnostic attributes, such as
benign, malignant, and disease classes, and clinical attributes, such as patient and skin lesion information, and
image type. Due to the diversity and quantity of images contained, this dataset was used to implement the ISIC
challenges from 2016—-2020 and dramatically contributed to the development of automatic lesion segmentation,

lesion attribute detection, and disease classification 2.

The first ISIC 2016 dataset had 900 images for training and 350 images for testing under 2 classes: melanoma and
benign. The dataset gradually increased to cover more disease classes from 2017 to 2020. Images in ISIC 2016
2017 were fully paired with the disease annotation from experts, as well as the ground truth of the skin lesion in the
form of binary masks. The unique information included in the ISIC dataset is the diameter of each skin lesion,
which can help to clarify the stage of melanoma. In the ISIC 2018 challenge, the labeled HAM 10,000 dataset
served as the training set, which included 10,015 training images with uneven distribution from 7 classes. The BCN
20,000 dataset was utilized as labeled samples in the ISIC 2019 and ISIC 2020 challenge, which consisted of
19,424 dermoscopic images from 9 classes. It is worth noting that not all ISIC datasets were completely labeled in
the ISIC 2018-2020 datasets.

To prompt research into diverse skin diseases, images from more disease categories have been (and continue to
be) collected. Dermofit has 1300 macroscopic skin lesion images with corresponding segmented masks over 10
classes of diseases, which were captured by a camera under standardized conditions for quality control 14,
DermNet covers 23 classes of skin disease with 21,844 clinical images 1. For precise diagnosis, melanoma and
nevus can be further refined into several subtypes. For example, the EDRA dataset contains only 1011
dermoscopic images from 20 specific categories, including 8 categories of nevus, 6 categories of melanoma, and 6
other skin diseases. The images under melanoma were further divided into melanoma, melanoma (in situ),
melanoma (less than 0.76 mm), melanoma (0.76 to 1.5 mm), melanoma (more than 1.5 mm), and melanoma

metastasis.

Table 1 summarizes these datasets according to image number, disease categories, number of labeled images,
and binary segmentation mask inclusion. It can be seen that the ISIC Archive is the largest public repository with
expert annotation from 25 types of diseases, and PH2 and Med-Node are smaller datasets with a focus on

distinguishing between nevus and melanoma.
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Table 1. Summary of publicly available skin lesion datasets.

Dataset Image Number Disease Category Labeled Images Segmentation Mask
PH2 (& 200 2 All No
Med-Node (12 170 2 Al No
ISIC Archive B! 71,066 25 All No
ISIC 2016 18] 1279 2 Al Yes
ISIC 2017 18] 2600 3 All Yes
ISIC 2018 L7 11,527 7 10,015 Yes
ISIC 2019 [18] 33,569 8 25,331 No
ISIC 2020 @ 44,108 9 33,126 No
HAM 10,000 & 10,015 7 All No
BCN 20,000 [10 19,424 8 All No
EDRA 19 1011 10 All No
DermNet [ 19,500 23 All No
Dermofit [14] 1300 10 All No

Developing a representative dataset for accurate skin diagnosis requires tremendous manpower and time. Hence,
it is common to see that one dataset is utilized for multiple diagnosis tasks. For example, the ISIC datasets can be
used to identify melanoma or classify diverse skin lesions, while some types of skin lesions have more
representative samples than others. Such an uneven data distribution may hinder the ability of developed

diagnostic models to handle a desired variety of tasks.

There are no clear guidelines or criteria on the dataset selection for a specific diagnosis task; moreover, there is
little discussion on the required size and distribution of a dataset. A small dataset may lead to insufficient model
learning, and a large dataset may result in a high computational workload. The trade-off between the size and
distribution of the dataset and the accuracy of the diagnosis model should be addressed. On the other hand, it is
hard to identify diseases by a diagnosis model for unseen diseases, or diseases with similar symptoms. These
intricate factors may restrict the accuracy and, hence, adoption of diagnosis models developed using publicly

available datasets in clinical diagnoses.

2.2. Image Preprocessing

Hair, illumination, circles, and black frames can often be found in images in the ISIC datasets, as seen in Figure 2.
Their presence lowers image quality and, therefore, hinders subsequent analysis. To alleviate these factors, image

pre-processing is utilized, which can involve any combination or all of the following: resizing, grayscale conversion,
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noise removal, and contrast enhancement. These methods generally improve the diagnosis efficiency and

effectiveness, as well as segmentation and classification processes.

Image resizing is a general go-to solution for managing images with varied sizes. With this method, most images
can be effectively resized to similar dimensions. Moreover, DL methods can handle images with a broad range of
sizes. For example, CNNs have translation invariance, which means that the trained model can accommodate
varied image sizes without sacrificing performance 29, Thus, researchers can confidently tackle skin classification
and segmentation tasks under diverse image scales. Resizing images involves cropping irrelevant parts of images
and standardizing the pixel count before extracting the region of interest (ROI). This can shorten the computational
time and simplify the following diagnosis tasks. The resized images are often converted to grayscale images using
grayscale conversion to minimize the influence caused by different skin colors 21, To eliminate various noise
artifacts, as shown in Figure 3, various filters can be introduced 22, A monomorphic filter can normalize image
brightness and increase contrast for ROl determination. Hair removal filters are selected according to hair
characteristics. A Gaussian filter, average filter, and median filter can be utilized to remove thin hairs, while an

inpainting method can be used for thick hairs and a Dull Razor method for more hair 23241,

(a)Hair {b}llllu mination (c]Circles (d)Black frame

Figure 3. Images with various types of noise from the ISIC archive.

Some ISIC images have colored circles, as shown in Figure 3c, which can be detected and then refilled with
healthy skin. The black framing seen in the corners of Figure 3d is often replaced using morphological region
filling. Following noise removal, contrast enhancement is achieved for the ROI determination using a bottom-hat
filter and contrast-limited adaptive histogram equalization. Face parsing is another commonly used technique to
remove the eyes, eyebrows, nose, and mouth as part of the pre-processing process prior to facial skin lesion

analysis 221,

2.3. Segmentation and Classification Evaluation Metrics

The performance of skin lesion segmentation and classification can be evaluated by precision, recall (sensitivity),

specificity, accuracy, and F1-score, which are from Equation (1) to Equation (5) (28],
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Precision = L
Nrp+ NFP
Recall = Nrp
Nrp+ NFN
. Nryn

S ty =

peci ficity Now i NEFP

Accuracy = Nrp + Nrw
Nrp+ Nry+ Npp+ Npn

prcision X recall
F1=2x

presision + recall

(1)

2)

3)

(4)

(5)

where Ntp, N1y, Nep, and Ngy are defined as the number of true-positive samples under each class, true-negative

samples under each class, false-positive samples under each class (pixels with wrongly detected class), and false-

negative samples (pixels wrongly detected as other classes), respectively.

Other metrics for classification performance measurements include AUC and loU. AUC stands for the area under

the ROC (receiver operating characteristic) curve, and a higher AUC refers to a better distinguishing capability.

Intersection over union (loU) is a good metric for measuring the overlap between two bounding boxes or masks

(271, Table 2 provides a summary of the segmentation and classification tasks, DL methods, and the corresponding

evaluation metrics.

Table 2. Summary of tasks, DL methods, and the evaluation metrics. Jac: Jaccard index, Acc: accuracy, FS: F1-

score, SP: specificity, SS: sensitivity.

Task DL Methods
Skin Lesion Segmentation SkinNet v
Skin Lesion Segmentation FrCN v o

Metrics
Jac Acc FS SP SS Dice

Vv

Vv

Vv

Ref

28]
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Metrics
= 2SLELL Jac Acc FS SP SS Dice i
Skin Lesion Segmentation YOLC.) and Grabeut v oY vV e
Algorithm
Skin LeSIO.n. Se_gmentatlon Swarm Intelligence (Sl) A A A (=1]
and Classification
Skin Lesion Segmentation UNet and_ v v (22
unsupervised approach
. . . [20]
Skin Lesion Segmentation CNN and Transformer v
Skin Lesion Classification VGG and Inception V3 v v
Skin Lesion Classification CNN and Transfer Learning v vy (341
Melanoma Classification ResNet and SVM v (381
Melanoma Classification Fast RCNN and DenseNet v (36l
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