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ABSTRACT The application of deep learning methods to diagnose diseases has become a new research topic in the
medical field. In the field of medicine, skin disease is one of the most common diseases, and its visual representation is more
prominent compared with the other types of diseases. Accordingly, the use of deep learning methods for skin disease image
recognition is of great significance and has attracted the attention of researchers. In this study, we review 45 research efforts
on the identification of skin disease by using deep learning technology since 2016. We analyze these studies from the aspects
of disease type, data set, data processing technology, data augmentation technology, model for skin disease image
recognition, deep learning framework, evaluation indicators, and model performance. Moreover, we summarize the
traditional and machine learning-based skin disease diagnosis and treatment methods. We also analyze the current progress
in this field and predict four directions that may become the research topic in the future. Our results show that the skin
disease image recognition method based on deep learning is better than those of dermatologists and other computer-aided
treatment methods in skin disease diagnosis, especially the multi deep learning model fusion method has the best recognition
effect.

INDEX TERMS Deep learning; Image recognition; Review; Skin disease;

. INTRODUCTION high-risk groups [3]. According to the British Skin
The skin, the largest organ of the human body, is an  Foundation Report in 2018, approximately 60% of the
important barrier. The main function of the skin is to British people suffer from skin disease [4]; 5.4 million new
protect the human body from harmful substances from the cases of skin cancer are recorded in the United States every
outside world and prevent the outflow of various nutrients year; one in five Americans will be diagnosed with a
in the human body [1]. In human productive life, the skin cutaneous malignancy in their lifetime [43]. Skin disease
health status is affected by many factors, such as solar  brings not only a significant impact to human beings, such
radiation, smoking, drinking, sports activities, viruses, and as daily activities damage, loss of the interpersonal
working environment [2]. These factors not only affect the  relationship, and internal organ damage, but also death.
integrity of skin function but also cause certain damage to This condition can also constitute mental illness, leading to
the skin, have an adverse effect on human health, and can isolation, depression, and even suicide [5]. Accordingly,
even threaten human life in severe cases. Therefore, skin skin disease has become one of the major topics in the field
disease has become one of the common diseases of human  of medicine. Figure 1 shows the global hot situation of skin
beings. Skin disease covers all cultural regions and occurs disease.

in all ages. Approximately 30% to 70% of people are in
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FIGURE 1. Global Skin Disease Thermal Map. Panel (a) is a global trend chart of skin disease search fever, and the horizontal axis represents the
year’s longitudinal axis. The chart shows that the global search fever for skin disease has started to increase since 2011, and the search fever has
been increasing year by year. By 2020, the search fever for skin disease has reached its peak. Panel b is a global heat map of skin disease regions,
starting from 2011. The map demonstrates skin disease problems in all parts of the world, except Greenland in the Arctic Circle, and the search for
skin disease is hot near the equator. The highest search for skin disease in the world is France, followed by Monaco and Japan.

In the treatment of skin disease, early detection is the
critical condition to cure the disease, effectively reduce its
impact, and improve the survival rate. Take melanoma in
skin disease as an example. In recent years, malignant
neoplasms in skin diseases have increased significantly.
Malignant melanoma (the deadliest type) is responsible for
10,000 deaths annually just in the United States [6].
Melanoma is a highly lethal but not incurable disease. If
abnormal proliferation of skin melanocytes is detected in
the early stage, then the survival rate is 96%; if it is
detected in the late stage, then the survival rate is only
reduced to 5% [7]. Therefore, early diagnosis and treatment
of skin disease can minimize the damage caused by skin
disease. However, the skin disease recognition accuracy is
unideal due to the similarity between different skin diseases
and the limited number of dermatologists with professional
knowledge. The identification of skin disease has become a
serious scientific challenge.

To address the issue of skin disease diagnosis and
treatment, people used computer-aided diagnosis for
automatic skin disease recognition based on the skin disease
images earlier[26]. With the rapid development of the
artificial intelligence technology, deep learning has quickly
developed a computer vision. The medical image processing
of skin disease has become an essential component and
received great attention in the cross-field of image processing,
machine science, and intelligent medicine. Many experts and
scholars have been engaged in the image recognition of skin
disease. The recent article published by Dick et al. is a good
starting point. This article lists in detail the relevant articles
on the diagnosis of melanoma in deep learning [8].

This study investigates the research status of skin disease
recognition in recent years, summarizes the datasets used
by researchers, and analyses from the aspects of image
preprocessing, data augmentation, deep learning model, and
framework performance indicators. On the one hand, this
study provides a reference for deep learning methods for

dermatologists. On the other hand, this study facilitates
researchers to quickly and accurately retrieve the literature
related to dermatological image recognition. This survey’s
foundation is the rapidly developing artificial intelligence-
based diagnosis technology in the medical field, which has
become increasing popular among researchers. The
application of artificial intelligence in other fields has
shown its great potential. The fact that at least 45 studies
have wused deep learning to address skin disease
identification issues and have achieved promising results
encourages authors to prepare the survey.

This study mainly summarizes the research and
application progress of skin disease image recognition
based on deep learning. Section II briefly introduces the
methods and status of skin disease recognition. Section III
introduces the development history of skin disease
detection. Section IV focuses on the research progress of
skin disease image recognition based on deep learning.
Section V summarizes the full text and discusses skin
disease image recognition’s future research trends based on
deep learning.

Il. METHOD

In recent years, deep learning has been given great attention
to skin disease recognition, and research achievements
increased. This study summarizes the relevant literature in
the field of skin disease identification from 2016 to 2020.
The distribution of the selected papers is shown in Figure 3.
The three main steps in analyzing the literature in this field
are as follows: (a) Use hierarchical search strategies to
retrieve and collect relevant literature on each database, (b)
conduct detailed review and analysis of collected literature,
and (c) statistical analysis of relevant data.

The first step is to search for conference papers or journal
articles from CNKI and the scientific databases IEEE Xplore,
ScienceDirect, Web of Science, Google Scholar, PubMed,
arXiv, and Medline by using hierarchical search strategies.
The strategy is: First, the year limit is set, and the search year
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is from 2016 to the present; then, the first-level keywords are
used for the subject search for each database. The first-level
keywords are as follows:

[“Artificial intelligence” and “skin disease recognition’] or
[“deep learning” and “skin disease recognition”] or [“deep
learning” and “skin lesion™].

Approximately 2431 documents were retrieved through
the first-level keyword search; then, the second-level
keywords were used to retrieve the documents obtained at the
upper level. The second-level search function was to obtain
additional detailed granularity (such as melanoma, acne, and
pigment lesions) to search for achieving the first level of
missing and filling. In the field of deep learning image
recognition, the mainstream method is to use convolutional
neural networks (CNNs). Accordingly, the second level uses
CNNs as keywords to narrow the search range. The second
level keywords are as follows:

[“Convolutional Neural Network” and “Melanoma
Recognition”] or [“Convolutional Neural Network” and
“Acne Classification”] or [“Convolutional Neural Network”
and “Pigmented Skin Disease Classification™].

In this way, 312 papers related to deep learning are
screened out and are suitable for the field of skin disease
recognition. These papers are then sorted by “relevance” and
“time”. We quickly browse the downloaded and cited
documents. The ‘“Abstract, Introduction and Conclusions”
“Exclude non-deep learning and non-dermatological
identification documents”. We also check the relevant
literature cited in the paper and whether any literature meets
skin disease recognition; and, if studies exist, we search them.
During the browsing, if an expert or scholar is found to have
unique insights in the field, then we will directly search the
author’s name for a literature search. Finally, 45 papers were
retrieved through a hierarchical search strategy. The search
strategy process is shown in Figure 2.

First level search Second level search

'HEHIHHH!'

Artificial intelligence
and Classification of
skin diseases

Deep learning
and Classification of

Convolutional
Neural Network and
Melanoma detection

Convolutional
Neural Network and
acne classificatior

Browse
abstracts,
introductions
and

conclusions

to select the
final
document

skin diseases

Convolutional
Neural Network and
and Pigmented-skin-

FIGURE 2. Search strategy flowchart. The search is mainly divided into
two levels. First, the year is restricted. Second, the first-level search and
second-level search are conducted.

In the second step, the 45 papers selected in the previous
step are analyzed one by one. The following research
questions are considered:

Which categories of skin disease have been identified in
this study? What are the data sources and types used? Are the
datasets public, and is it a dermoscopic image? Is the data
preprocessed or enhanced? (4) What are the models used in
deep learning, and what frameworks are chosen to build them?

Deep learning
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(5) What are the innovations of this document and the main
improvements of the model? Is model fusion used? (6) What
are the performance indicators used, and how is the overall
performance? Did the researchers test the performance of the
models on different datasets?

The third step is to sort out the analyzed information,
summarize the collected datasets, and classify the standard
preprocessing techniques and deep learning neural network
models in the literature. The network models are divided into
single and multiple models, and the performance indicators
used in the article are summarized. The main findings are
discussed in detail in Section 4.

2016 2017 2018 2019 2020

Number of papers

FIGURE 3. Distribution of selected papers. The horizontal axis
represents the number of papers in the year along the vertical axis. The
number of deep studies on skin disease recognition has rapidly
increased since 2016. Twenty-one studies were published in 2018 and
2020, thereby accounting for more than 86.6%. From the content of the
study, 91% (41 articles), 6% (3 articles), and less than 2% (1 article) were
involved in skin disease identification, data generation, and
interpretable studies of skin disease identification, respectively.

lll. DEVELOPMENT OF SKIN DISEASE DIAGNOSIS
TECHNOLOGY

A. TRADITIONAL MEDICAL DIAGNOSTIC PROCESS OF
SKIN DISEASE

The traditional medical diagnosis of skin disease comes from
the doctor according to his knowledge and experience or the
characteristics and rules presented by the dermatoscopic
images to distinguish the status of the patient’s skin lesions.
The diagnostic process can be summarized as follows: first,
through the doctor’s visual observation, namely, visual
diagnosis, to locate the necessary information of the patient,
then dermoscopy and histopathological examination.
Dermoscopy is a noninvasive skin imaging technology that
can observe the skin structure at the junction of the lower
epidermis and the superficial dermis, and it is a high-
definition imaging technology [23]. Doctors analyzed the
nature, distribution, arrangement, color, edge and boundary,
shape and appearance of pigmented skin lesions according to
dermatoscopy detection methods such as seven-point
checklist [12], ABCD rule [13], chaos and Clues [16], three-
point checklists [14], and cash (color, architecture, symmetry,
and homogeneity) [15]. However, only experienced
dermatologists can accurately identify pigmented skin

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2020.3037258, IEEE Access

IEEE Access

Author Name: Preparation of Papers for IEEE Access (February 2020)

disease’ pathological features due to the similarity of skin
lesions in color, texture, edge contour, and other features and
the difference of pathological tissues between different
patients. However, this method of relying on experience for
diagnosis is far from meeting the patients’ needs for medical
resources. The process from a sampling test to a doctor’s
diagnosis, the histopathological examination, and then to the
patient’s report generally takes 4 to 5 days. This process
requires a large amount of time and affects the patient’s cure.

In summary, the traditional dermatological diagnosis has
the following shortcomings: First, the lack of medical
resources. Dermatologists with professional skin knowledge
are limited. The mismatch between the dermatologists’
growth rate and the incidence rate of skin disease has resulted
in many patients with few professional dermatologists.
Second, the accuracy of diagnosis is low. Dermatologists
with professional knowledge have different work experiences
and may have varying diagnoses for the same patient under
subjective thoughts. Even the same doctor, affected by light,
fatigue, and other factors, has different diagnostic results for
the same skin disease picture. Third, the skin disease images

/ Sample \

*

Data partition

Pre-processing

are complex due to the skin disease characteristics, and small
gaps exist between categories and large gaps within
categories. Accordingly, the diagnosis is prone to
misdiagnosis or misses a diagnosis, leading reduction in the
diagnostic accuracy.

B. SKIN DISEASE IMAGE RECOGNITION BASED ON
MACHINE LEARNING

With the development of machine learning, the solving of the
shortcomings of the traditional skin disease diagnostic
process and image recognition technology of skin disease
based on machine learning was stablished. Image recognition
based on machine learning is an interdisciplinary field
integrating medical skin disease imaging, mathematical
modeling, and computer technology through feature
engineering and machine learning classification algorithms to
complete the recognition and diagnosis of skin disease. The
flow chart is shown in Figure 4.

/ Feature extraction \

Classification

FIGURE 4. Flow chart of skin disease image recognition based on machine learning. Image processing is divided into image acquisition, image
preprocessing, and dataset division. Image preprocessing includes image size adjustment, normalization, and noise removal. Image recognition
mainly includes image feature extraction and classification models to classify the extracted features and then output the results.

The earliest study on the automatic classification of skin
disease dates back to 1987 [9]. In 2007, Stanley et al.
extracted melanomas’ color characteristics, established color
histograms, and classified them [10], [11]. In 2012, Rahil et
al. used wavelet decomposition to derive texture features,
modeled and analyzed lesion boundary sequences to derive
boundary features, and based on shape indicators to derive
geometric features. Finally, four classifiers, namely, Support
Vector Machine, Random Forest, Logical Model Tree, and
Hidden Naive Bayesian, are used for classification [17]. In
2013, Ballerini et al. proposed a hierarchical K-NN classifier
algorithm for melanoma skin disease based on color and
texture, which wuses three classifiers for hierarchical
combination and feature selection to adjust each classifier’s
feature set to suit its task. The recognition accuracy is more
than 70% [18]. In the same year, Ning et al. used machine
learning ID3 [19], classification and regression tree [20], and
AdaBoost three different algorithms for feature extraction of
their performance [21]. The AdaBoost performed well in

these algorithms [22]. In the 400 skin images collected with
laser confocal scanning microscopy, the recognition accuracy
was 94.75%, the specificity was 93%, and the sensitivity was
96.5%.

The image recognition method for skin disease based on
machine learning is to extract the features of skin disease by
manually setting extractors and classifying them by
traditional machine learning methods. This method requires
great professional medical knowledge to conduct deep
exploratory data analysis and reduce its dimension. Finally,
after a complex parameter adjustment, the results can be
outputted, which requires a large amount of time and energy.
This method has low portability, so the feature engineering is
effective only in the same field. These shortcomings limit the
development of machine learning in skin disease recognition.
Deep learning has achieved good results in image recognition
with its advancement. The deep learning method can
automatically mine the deep-seated nonlinear relationship in
medical images and do not need to establish feature
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engineering compared with the traditional image recognition
methods. The extraction efficiency is also efficient. Deep
learning is adaptable and easy to transform, and the
technology can be more easily adapted to different fields and
applications.

IV. SKIN DISEASE IMAGE RECOGNITION BASED ON
DEEP LEARNING

A. APPLIED SKIN DISEASE FIELD

The main application of deep learning in skin disease
recognition is skin disease classification, that is, the
quantitative feature extraction of lesion tissues through skin
disease images. The classification is analyzed and judged.
This direction is the mainstream application direction of skin
disease recognition, and the main types of skin disease are
benign neoplasms and malignant neoplasms. Benign
neoplasms are a type of skin disease with a gradually
increasing incidence, and the gap between the lesions is small,

and the recognition is low. Benign neoplasms commonly
used for research includes nevus (23 articles) and seborrheic
keratosis (17 articles).

Malignant neoplasms are another type of skin disease
widely used in research. Malignant neoplasms are cellular
dysplasia disease that occur in the skin, which are life-
threatening through constant proliferation and metastasis.
Malignant tumor identification in skin disease identification
is exceptionally significant due to the high mortality rate of
malignant neoplasms. The malignant neoplasms commonly
used in research are basal cell carcinoma (13 articles),
squamous cell carcinoma (seven articles), and malignant
melanoma. Among the retrieved literature, the largest
number of studies on melanoma recognition was 34.
However, Non-neoplastic skin diseases are scarce, and only
three articles on deep learning of eczema and psoriasis
identification [46], [51], and [74] are collected in this study.

TABLEI
APPLICATION CATEGORIES OF SKIN DISEASE IDENTIFICATION
Type Types of skin disease Reference
Nevus [411,[441,[451,[471,[48],[501,[52],[531,[541.[551,[561,[571,[60],[611,[64],[65],

Benign neoplasms
Seborrheic keratosis

[76], [771, [78], [79], [80], [82], and [84]

[44],[45],[471,[48].[501.[521,[53],[551.[601,[61],[62].[711,[75], [79], [80],

[83], and [84]

Basal cell carcinoma

[38], [391,[41],[421,[541,[561,[571,[58]1,[62], [79], [82], [83], and [84]

Malignant Squamous cell carcinoma [381,[391,[411,[581 , [79], [82], and [84]
neoplasms Melanoma [38], [581,[591,[601,[611,[641,[651,[711,[721,[73], [76], [77], [78], [79], [801,
[81], [82], [83], [84], and [85]
Non-neoplastic skin Eczema/Psoriasis [46],[51], and [74]

diseases

B. DATA SOURCES

Deep learning requires a large amount of data to extract
features during training. However, large-scale image data of
skin disease are difficult to obtain due to certain aspects,
such as the image of skin disease involves patients’ privacy,
variety of skin diseases, and the presence of some rare
diseases. Skin disease images need to be labeled by experts
with appropriate medical knowledge due to the similarity of
lesion manifestations among various skin diseases, which
limits the size of the skin disease dataset that is publicly
available in academia. Currently, the acquisition of skin
disease datasets is mainly divided into self-collected and
public datasets. Self-collected datasets are currently less
publicly available. Most published dermatological datasets
are image data obtained by using dermoscopic imaging and
collected from dermatological image databases [30], [32],
[33], [34], [40], [97]. Some datasets are also collected by
universities in collaboration with renowned hospitals [25],
[26], [29], [37], [62]. Pathological sections of basal cell
carcinoma and seborrheic keratosis studied by Meifeng et al.
are obtained from the Second Affiliated Hospital of Xi'an
Jiaotong University [62]. The HAM10000 dataset is a
dermoscopic image collected from the Dermatology
Department of Vienna Medical University in Austria and
the dermatology practice of Cliff Rosendahl in Queensland,
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Australia [29].

In this study, 18 datasets were collected, including 14
public datasets and 4 self-collected datasets [38], [49], [72],
[75]. See Table II for details. The 18 datasets covered 17
types of skin diseases, among which melanoma has the most
frequent occurrence, and 14 datasets contained relevant data.
Eczema and psoriasis only appeared in DermlIS, DemQuest,
DermNZ, and Dermnet datasets, and all of them were
nondermoscopic images. The ISIC competition dataset has
become the widely used skin disease dataset due to its wide
range of influence, massive data, rich types, and other
characteristics. ISIC 2018 is the most widely used skin
disease dataset, and 12 papers used it [42], [49], [53], [54],
[56], [57], [66], [71], [76], [79], [84], [85]. Seven papers used
the ISIC 2016 dataset [47], [52], [53], [55], [64], [65], [85],
and 11 papers utilized the ISIC 2017 dataset [44], [45], [47],
[48], [50], [52], [53], [55], [61], [68]. Researchers will use
multiple datasets to conduct experiments due to the limited
number of images in a single dataset. For example,
researchers at Stanford University organized four skin
disease databases into one database. One-third of the
collected literature use the mixture of multiple datasets [38],
[42], [43], [46], [47], [49], [51], [52], [53], [58], [73], [76],
[801, [85].
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TABLEII
SKIN DISEASE DATASET
Name Nl.meer of Di.sgasg Dermoscopic Image Reference
images classification (N/x)
Atlas [24] - - N [73]
PH2 [25] 200 2 v [46], [58], and [66]
BCN2000 [27] 19424 8 \/ [42]
MSK [28] - 8 v [42] and [71]
42], 1491, [53], [54], [56], [57], [66], [71], [76],
HAM10000 [29] 10015 7 N (421 [4991.1 ][7[9]’][8[4]’;1[(1 [;5[] 1. 711, 1761
ISIC Archive [30] 23906 7 v [46], [58], [59], [70], [77], [791, [80], and [81]
DermlS [32] - - x [46], [51], [58], and [80]
DermQuest [33] - - X [46], [51], and [80]
DermNZ [34] - - X [46] and [51]
ISIC 2016 [35] 1279 2 v [471, [52], [53], [55], [64], [65], [73], [78], and [85]
441, [45], [47], [48], [50], [52], [53], [55], [61],
ISIC 2017 [36] 2000 3 v [44], [45], 147] [[6§],[an31 [[85]] (531, 531, [61]
MED-NODE [37] 170 2 v [38], [58], [76], [78], and [80]
“ASan [39] 17125 12 X [38]
Dermofit [40] 1300 10 X [38], [41], [66], and [71]
“MIH SBIR [49] 1636 5 X [49]
“Acral melanoma
(721 724 2 y [72]
“Pigmentas
dermatosis [75] 12816 6 x [75]
Dermnet [97] - - X [74]

“Self-collected and nonpublic.

C. IMAGE PREPROCESSING

In deep learning image recognition, a deep learning model
has high requirements for image quality because a good
image quality can improve the model’s generalization
ability [108]. Image preprocessing is carried out before
model training. The primary purpose is to eliminate the
irrelevant information in the image, enhance the
detectability of the useful and related information in the
image, and simplify the data to the great extent to improve
the model’s feature extraction ability and recognition
reliability. This work has 28 studies on image preprocessing,
which are divided into data cleaning and data conversion.
Table 3 shows the details.

1) DATA CLEANING

Data cleaning is mainly to ensure the integrity of data
features of the skin disease images. In skin disease image
recognition, the commonly used data cleaning approach is to
remove the noise to reduce hair and shadow influence on
skin disease recognition. The image’s quality is affected by
the skin’s nature, the environment, the equipment, and the

lighting conditions. The image with a low quality will affect
the recognition effect, resulting in the loss of accuracy and
calculation cost. The commonly used denoising algorithms
include spatial domain filtering, transform domain filtering,
and partial differential equation. In the selected literature,
four papers carried out noise removal on the selected datasets.
Hameed et al. and Hagerty et al. removed hair from the skin
disease images [46],[49]. Singhal et al. used filters to reduce
the influence of noise [57]. Rahul et al. used nonlocal means
deoiling method to remove noise [58]. Xiaoyu added noise to
the skin disease image to study image noise’s influence on
skin disease recognition [38].

2) DATA CONVERSION

The purpose of data transformation is to transform data from
one format or structure to another according to the
requirements of a deep learning model. In the collected
literature, the commonly used data conversion technologies
are size adjustment (18 articles), normalization (10 articles),
and graying (three articles). Table III shows the details.

TABLE III
DATA PREPROCESSING

Type Objective Method Reference

Data ' Hair removal [46] and [49]
cleaning Noise removal Wave filter . [571

Nonlocal means denoising [58]
Zoom [47], [50], [511, [52], [53], [58], and [65]
Data Size adjustment Clipping [38], [44], [49], [53], [55], [56], [57], and [75]
conversion - [41], [42], [59], and [70]

Normalization

Data normalization

[41], [47], (48], [52], [53], [54], [56], [58], [65],
[70], and [75]
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Grayscale conversion

Converts the original color image to a
grayscale image

[47], [57], and [70]

Size adjustment: its input size limits the network model
of deep learning, and the size of its input image is mostly
fixed. If the input size in the network model is large, then
the abstract level of information cannot meet the needs of
the network, and the amount of calculation will increase; if
the input size is small, then the picture information will be
lost; hence, the network model in deep learning mostly uses
224 x 224 or 227 x 227 fixed-size input. Seventeen papers
carried outsize adjustment, among which four papers did
not introduce the size adjustment method used, while the
other literature mainly utilized scaling (seven articles) and
clipping (eight articles). Mahbod used zooming and
clipping [53], while Mahbod and Zhang used bilinear
interpolation method for scaling [47], [S0].

Normalization: in the selected literature, 11 papers
normalized the images. Normalization is to convert the
samples’ eigenvalues to the same dimension: to map the data
to the interval of [0,1] or [-1,1], and the extreme value of
variables only determines the data. This method aims to limit
the preprocessing data to a specific range to eliminate the
particular sample data’s adverse effects.

Grayscale conversion: gray conversion operates on a
single pixel of an image; its primary purpose is to improve
the contrast of the image and threshold processing. In the
collected literature, Mahbod et al. [47], Singhal et al. [S7],
and Hasan et al. [70] used grayscale transformation to
process skin disease pictures.

D. IMAGE DATA AUGMENTATION
Skin disease data are difficult to collect due to the problems
of personal privacy and professional equipment involved in
the collection process of the medical skin disease dataset.
Accordingly, less skin disease data has been collected. Some
diseases’ rarity makes the data collection of this category less,
resulting in the uneven distribution of the collected datasets.
In deep learning, small-scale datasets can easily lead to
insufficient model learning and overfitting. To solve the
problem of small skin disease dataset and improve the
network model’s generalization ability, researchers use data
augmentation technology to expand the amount of training
data. Data augmentation uses existing data to create new data
under the guidance of task objectives. The traditional image
data augmentation expands the dataset by introducing
geometric transformation and image operation to the original
data without changing the data label. The leading
technologies are rotation, mirror image, adding noise, and
dimension reduction. The new data amplification technology
produces simulation data on the basis of the original data and
by generating Gans’ model [63]. The internal distribution law
of pictures indicates that the generated confrontation network
is not only limited to within-class information but also uses
the information between categories to synthesize pictures.
Among the 17 papers discussed in this study, 17 papers
used data augmentation, 14 of which used the traditional data
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augmentation technology to expand the dataset. Eleven
papers used the rotation method, and the commonly used
rotation angles were 90°, 180°, and 270°. Given that the
generation of confrontation network is a new technology,
only three papers (Bissoto et al. [66], Albarqouni et al. [68],
and Xianzhen et al. [69]) were collected for the generation of
simulation data of skin disease image. Among these papers,
Bissoto et al. and Albarqouni et al. used the generated
countermeasure network to generate data from the ISIC 2017
dataset. See Table IV for details.

TABLEIV
DATA AUGMENTATION
Type Method Reference

[41], [44], [45], [48],

Rotate [50], [52], [56], [60],

Traditional data [64], 651, [72], and [$1]
augmentation Image [64]
Clipping [60] and [81]

Generate an
antagonistic network

Generation of

simulation data 6], [68], and [69]

Although the traditional data amplification technology will
increase the number of images, the diversity of data has not
been improved due to the lack of learning the image’s
characteristics, which is just a simple copy transformation.
The method of model generation is to generate images by
learning the features of images. The generated model has
strong feature learning and expression abilities compared
with the traditional image amplification technology. The
generated image is different from the original image, and the
image quality is also higher. This method can effectively
solve the unbalanced data amount of various skin disease
categories, and the diversity of generated images has been
dramatically improved.

E. MODEL AND FRAMEWORK

The advantage of deep learning over traditional machine
learning is that significant feature representations are
automatically learned from raw data, such as image pixels, to
no longer rely on traditional feature engineering. Currently,
the primary method of skin disease image recognition is to
use a convolution neural network in deep learning,
convolution, and pooling operation of convolutional network
in image recognition, which has translation, rotation, and
scale invariances. The CNN has excellent superiority in
feature representation. All the literature collected in this
study is based on the CNN model.

From the type of CNN used, the research work collected
in this study adopts popular CNN architecture, such as
AlexNet, VGG, Inception, ResNet, and DensenNet [86]-
[90]. Eight articles are about AlexNet ([41], [42], [47], [52],
[59], [60], [74], and [80]), seven articles used VGG ([47],
[52], [54], [55], [60], [61], [72], and [73]), and seven
articles utilized the Inception ([38], [43], [54], [57], [60],
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[78], and [85]). Among the collected literature, at most 18
papers focused on skin disease identification by ResNet
([38], [42], [47], [49], [50], [52], [53], [57], [60], [64], [65],
[75], [76], [77], [79], [82], [84], and [85]). At least four
papers used DenseNet ([56], [57], [75], and [85]). Certain
papers are related to some relatively new networks, such as
Zhuang et al. using SENet ([42] and [91]) and Hameed et
al. utilizing SqueezeNet ([51] and [92]).

From the number of network models used by researchers,
the collected model methods can be classified into two types:
the first one is a single model method based on deep learning;
the other type is a multimodel method based on deep learning.
Twenty-seven papers focused on a single model method and
10 papers on the multimodel method.

1) SKIN DISEASE IMAGE RECOGNITION BASED ON
A SINGLE MODEL

Twenty-seven pieces of literature used a single model in the
literature, among which 10 papers ([38], [38], [43], [57],

model. The optimization methods mainly include: modifying
the fully connected layer (five articles: [41], [44], [61], [74],
and [80]), using a machine learning classifier (two articles:
[65] and [81]), applying (1 article: [51]) the model to the
mobile application, introducing attention mechanism (two
articles: [50] and [55]), self-building network model (two
articles: [58] and [70]), and multilevel classification (three
articles: [46], [56], and [78]). Kawahara et al. [41] and
Yuexiang et al. [44] formed a fully CNN based on CNNs and
removed the fully connected layers. Xueying et al. set the
weights on the Softmax loss function to improve recognition
accuracy [61]. Yan et al. [55] and Zhang et al. [50]
introduced the attention mechanism in the CNNs. Zhang et
al. proposed a CNN (ARL-CNN) on the basis of attention
residual learning. The network embeds the residual and
attention learning mechanisms into each ARL module, builds
an ARL-CNN model with an arbitrary depth by stacking
multiple ARL blocks, and trains it in an end-to-end manner.
See Table V for details.

[59], [64], [73], [75], [76], and [77]) has no model
improvement, and the other 15 articles have optimized the
TABLEV
A. SINGLE MODEL
Model Network features Reference
The full junction layer is changed into a convolution layer, and logistic regression classifier is [41]
trained to classify skin lesions.
According to the thought of divide and rule, the classification of multiple categories is (46]
multilevel.

AlexNet The AlexNet model is built, and different parameters are set up for the two classifications. [59]
The model of AlexNet is established, and the Softmax classifier is used to detect acne, [74]
keratosis, eczema, and urticarial
Transfer learning is used to pretrain the model, and the new Softmax function is utilized for (80]
classification
The attention mechanism is introduced to regularize the attention graph. [55]
The transfer learning pretraining model is used to set the Softmax loss function’s weight to [(61]

VGGNet alleviate data imbalance.

The VGG model is fine-tuned by using 3x3 convolution kernel and transfer learning [72]
The VGG model is pre-trained by transfer learning. [73]
A classification algorithm based on ImageNet is designed and trained in detail. [43]
The effect of noise on the skin disease image recognition is studied by using the Inception V3 (38]
model.

Inception Google’s Inception v4 CNN architecture was trained and validated using dermoscopic images
and corresponding diagnoses. In a comparative cross-sectional reader study, a 100-image test- (78]
set was used (level 1: dermoscopy only; level II: dermoscopy plus clinical information and
images). The results are compared with 25 dermatologists.

The ImageNet dataset is used for pretraining and fine-tuning the model. [38]
ARL block is proposed, which uses residual and attention learning mechanisms to stack model. [50]
The deep residual network is constructed to extract the high-dimensional features of the
dermoscopic image. Residual learning is used to prevent the gradient degradation of the [64]
network and reduce network training difficulty.

ResNet The ImageNet pretraining model is used to extract the features of skin lesions images, and [65]
SVM is utilized to classify the extracted features.

Transfer learning is used to pre-train the model. The tasks are compared with the 145 (76]

dermatologists in clinical melanoma image classification.

Pretrained ResNet50 is used to compare with dermatologists. [77]

The model is pretrained in ImageNet and fine-tuned. The trained model is placed on the server,
SqueezeNet and the remote connection between the mobile application and the server is established. The [51]

model is applied.

DenseNet In the ImageNet pretraining model, the classification is divided into two steps: first, three (56]

categories are identified; then, the other four categories are determined.
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The complete the convolutional residual network (FCRN) model can generate segmentation

and rough classification results. A lesion index calculation unit is developed to refine the rough [44]
classification and calculate the distance thermal map to classify the results.
Residual learning and separable convolution are used to identify the skin disease. [58]
Feature extraction is based on a CNN. [70]
The performance of these transfer learning models is compared by using four different latest (57]
architectures (Inception V3, ResNet 50, Densenet201, and Inception-ResNet V2)

Others The objective is to compare ResNet-152 and DenseNet-96 in the pigmented skin disease [75]
The kernel of DePicT Melanoma Deep-CLASS is built upon a CNN composed of sixteen
lavers (excludina input and ouput lavers), which can be recursively trained and learned. This (81]
method is a skin damage classification method that uses deep learning to detect melanoma
early. A reasoning (CBR) system is proposed.
Deep learning full resolution convolutional network is used. Then, a CNN classifier (i.e.,
Inception-v3, ResNet-50, Inception-ResNet-v2, and DenseNet-201) is applied on the [85]

segmented skin lesions for classification.

2) SKIN DISEASE IMAGE RECOGNITION BASED ON
MULTIMODEL FUSION

Multimodel fusion is mainly to learn through multiple
learners and integrate multiple learners’ results by using
some rules. In the conventional multimodel fusion, the
average method, weighting method, linear regression
method, simple majority voting (SMV) rule, and maximum
probability rule are used to fuse and recalculate the
probability results of a certain type of output of each model.
The final output of the fusion results is obtained. The other
way is to fuse the features learned from multiple models to
fuse the features and then output the final results. The flow
chart of the above-mentioned two fusion methods is
showed in Figure 5. Fourteen pieces of literature are about
multimodel fusion collected in this study, and the details
are shown in Table VI. The main methods are multi-input

model fusion (two articles), multimodel extraction feature
SVM classification (two articles), fusion strategy combined
with clinical information (four articles), the combination of
human and artificial intelligence (two articles), and
conventional multiple model fusion (four articles). AlexNet,
VGG, Inception, and ResNet are often used for fusion.

A large number of experiments have proved that the
multimodel fusion method is better than the single model
method [60], [62] in the field of skin disease recognition.
Given that the objective factors limit a single model, a model
generalization bottleneck is commonly encountered when
dealing with problems. The multimodel fusion can combine
the excellent models and integrate each model’s advantages
to break through the bottleneck of the generalization ability
of a single model

/ Feature extraction \

CNN )

Prediction()

Classsifier)

<

Fusion
Module

Predictionm

Classsifierm

(a) Conventional multimodel fusion
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/[ Feature  extraction \

CNN >

CNN
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(b) Multimodel fusion of feature fusion

FIGURE 5. Two fusion methods of multimodel fusion. The figure is the conventional multimodel fusion method. After the image is inputted, the feature
is extracted by multiple CNNs and then categorized by the classifier to obtain the probability value of each sample image category. Finally, the
probability value of the classification is fused by the fusion module to output the category of the maximum probability value. Panel B is the multimodel
fusion of feature fusion, which mainly includes the following steps: After feature extraction, the CNN fuses the extracted features, and then the

probability value of each category is outputted by the classifier. The output with the maximum probability value is selected.

TABLE VI
MULTIMODEL FUSION
Integration strategy Model features Reference
Different Gabor wavelets are used to represent the input, and some rules (45]
are used for decision fusion.
Multi-input model fusion L . . . . .
Six different sizes of images are inputted by using a three-layer fusion
. : [53]
scheme. The averaging strategy is used for each layer.
The deep features of multiple fine-tuned DNNs are extracted from the
. . lesion image. Then, the features are integrated for classification by the [47]
Multimodel ~ feature extraction  qyM classifier.
SVM classification e . .
Three CNNs are utilized to extract features, and SVM is used to classify (52]
features.
Multimodel fusion based on age and gender. [48]
Six graphic processing modules and one clinical information module [49]
were combined.
Fusion strategy combined with A method that combines multiple imaging methods with patient
clinical information metadata is proposed to improve the performance of the automatic skin [82]
lesion diagnosis.
The output of two CNNs are merged, one of which has been trained on
dermoscopy images, and the other is clinical close-ups and enhanced by [83]
extreme the gradient combination probability of XGBoost.
The cost-sensitive matrix is using to set different weights for model
- [42]
fusion.
The averaging strategy is used to fuse multiple models. [54]
The sum of probability rule (SP), probability product rule (PP), SMV
Conventional multimodel fusion  rule, and maximum probability rule (SMP) are used to fuse the model.
: . . . . . [60]
Weights are calculating by using a simulated degeneration algorithm
and a genetic algorithm [67].
The maximum correlation entropy criterion is proposed as the objective (62]
function on the basis of the traditional fusion strategy.
Dermatologists and CNNs are fused on the basis of the ResNet50 [79]
Combination of human and architecture, and the fusion algorithm is XGBoost.
artificial intelligence This study presents a method of human—computer cooperation in the [84]

treatment of skin cancer
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3) DEEP LEARNING FRAMEWORK

Among the collected literature, only 16 papers published
the deep learning framework, including Keras [93],
TensorFlow [94], MATLAB [95], and PyTorch [96]. Keras
has become a popular framework owing to its consistent
and concise API, which can significantly reduce the
workload of users. Six articles have used the framework.
Tensorflow is often used with Keras. The framework can
deploy training models on various servers and mobile
devices without executing a separate model decoder or

loading a Python interpreter. Pytorch is a deep learning
framework released by Facebook Al research in 2017. This
framework has the advantages of flexibility, ease of use,
and fast speed. PyTorch is a rookie in the deep learning
framework. Five articles collected use the framework.
MATLAB has a long history of development and has
advantages in the image, video, and audio data for accurate
value annotation. Five papers use MATLAB. The details
are shown in Table VII.

TABLE VII
DEEP LEARNING FRAMEWORK
Frame Major function Reference
GPU acceleration and automatic derivation function
PyTorch of the robust deep neural network [42], 551, [56], [61], and [71]
Convenient results are viewed, statistics, and
MATLAB visualization [47], [51], [60], [64], and [65]
It is applied to the programming implementation of [38], [44], [48], [53], [54], and
Keras : o ;
quickly converting ideas into results. [65]
It is applied to the programming of various machine
TensorFlow [53] and [54]

learning algorithms.

F. EVALUATING INDICATOR

To evaluate the performance of deep learning in skin disease
image recognition, several performance indicators are used:
accuracy (ACC) represents the percentage of correct
prediction results in the total sample [100]; mean average
precision (mAP) represents the average accuracy of all
categories [101]; true positive rate (TPR), also known as
sensitivity and Recall (R) [102], represents the probability of
being predicted to be positive in the actual positive samples
[103]; false positive rate (FPR) refers to the percentage of
actual disease-free but judged to be disease-free; true

negative rate (TNR) [104], also known as specificity,
indicates that the actual disease-free is correctly judged to be
disease-free; area under the receiver operating characteristic
(ROC) curve (AUC) refers to the probability that the
classifier outputs positive and negative samples, and the
likelihood that the classifier outputs a positive sample is
greater than that of the negative sample; ROC is the working
characteristic curve of subjects, which shows the
performance of classification model under all classification
thresholds [105]. The specific performance indicators are
shown in Table VIII.

TABLE VIII
PERFORMANCE INDEX
Index Formula Explain Reference
[38], [41], [45],
[501, [53], [56],
[57], [59], [64],
ACC Ace = TP +TN Accuracy of identification, [65], [42], [44],
TP+TN + FN + FP classification, or prediction [51], [58], [62],
[71], [72], [74],
[79], (801, [82],
[84],and [85]
AP mMAP = l/C(ﬁ: Acc(k)AR(k)) Accuracy of prediction target and B
= category
[38], [44], [50],
[51], [54], [61],
Among the positive samples, the [62], [64], [65],
TPR TPR =TP/ (TP +FN ) correct proportion of samples was [71], [75], [76],
predicted. [771, [78], [79],
[801, [81], [83],
[84],and [85]
Among the negative samples, the
FPR FPR =FP/(FP+FN) proportion of samples with false -
predictions
[44], [45], [50],
Among the negative samples, the SH’ %gg}’ {32}’
TNR TNR =TN /(FP+1TN) correct proportion of samples was ’ ’ ’

[77], 1781, [79],
[80], [81], [83],
and [85]

predicted
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False negative rate

) FNR = FN /(TP + FN)

AUC ROC AUC

Among the positive samples, the

proportion of false prediction -

samples
[47], [48], [49],
[501, [52], [54],
[55], [60], [64],
[65], [72], [73],
[75], [76], [78],

[81], [82], and [83]

ROC is the working characteristic
of the curve of subjects, which
shows a classification model’s
performance under all
classification thresholds.

G. MODEL PERFORMANCE AND ANALYSIS
Two papers are difficult, or even impossible, to compare
because the datasets used by researchers in various tasks,
the types of skin disease identified, models, parameters, and
performance indicators are different. Therefore, readers
should carefully consider the comments in this section.
Among the 29 papers with accuracy indicators, four papers
have an accuracy rate of less than 70%, 15 papers have an
accuracy rate of 80% to 89%, and the other nine papers have
an accuracy rate of more than 90%. This finding shows the
good generalization ability of deep learning, and the
recognition accuracy of the model built by Sarkar et al. is as
high as 99.5% [58]. Among the 24 papers that use the AUC

as a measure of performance, nine papers have more than
90% of the AUC, and the highest area under the ROC curve
reaches 97.5% [52]. Eleven articles have a range of 80% to
89%, and only four articles are below 80%. In terms of
sensitivity, 28 papers are used as evaluation indicators, 10
papers have a sensitivity of more than 90%, six papers have a
sensitivity of 80% to 89%, and 12 papers have a sensitivity
lower than 80%. Twenty-four papers have specificity as an
indicator, 11 papers have specificity higher than 90%, five
papers are between 80% and 89%, and the other eight papers
are less than 80%. See Table IX for details.

TABLE IX
PERFORMANCE IN THE LITERATURE
Source ACC Sensitivity Specificity AUC
Han et al. [39] - 86.4+3.5 85.5+3.2 91% +0.01
Kawahara et al. [41] 85.8% — - —
Zhuang et al. [42] 90.47% - - -
Esteva et al. [43] 72.1+09% - - 91%
Li et al. [44] 90.2% 69.3% 90.2% 84.8%
Serte et al. [45] 83% 62% 88% 96%
Hameed et al. [46] 96.47% 99.5% 98.17%
Mahbod et al. [47] 87.7% 95% 44.72% 89.85%
Matsunaga et al. [48] - - - 92.4%
Hagerty et al. [49] - - - 94%
Zhang et al. [50] 85% 65.8% 89.6% 87.5%
Hameed et al. [51] 97.21% 94.42 % 98.14% —
Mahbod et al. [52] - - - 90.69%
Mahbod et al. [53] 86.2% - - 98.1%
Aldwgeri et al. [54] 80.1% 80% 98% 89%
Yan et al. [55] - - - 85.2%
Moldovan et al. [56] 85% - - -
Singhal et al. [57] 81.62% - - 97%
Sarkar et al. [S8] 99.5% 99.31% 100% 99.49%
Bagadi et al. [59] 76.66% 87.9% 67% -
Harangi et al. [60] 86.6% 55.6% 78.5% 89.1%
Xueying et al. [61] 71.34% 70.01% - -
Xu et al. [62] 97.07% 96.55% 97.33% -
Qiu et al. [64] 87% 58.6% 96.7% 79%
Hang et al. [65] 86.28% 44% 96.71% 84.18%
Xianzher et al. [69] 69.25% 72.67% - -
Hasan et al. [70] 93.7% 84% - -
Haiting et al. [71] 93.4% 91.26% 100% -
Yu et al. [72] 83.51% 92.57% 75.39 82%
Menegola et al. [73] 79.5% 47.6% 88.1% 80.7%
Shanthi et al. [74] 98.6%-99.04% - - -
Yang et al. [75] - 93.2% 98.9% 98%
Brinker et al. [76] - 92.8% 61.1% 76.9%
Brinker et al. [77] - 82.3% 77.9% -
Haenssle et al. [78] - 86.6% +9.3% 71.3+£11.2% 88.9%
Hekler et al. [79] 82.95% 84% 81.5% -
Hosny et al. [80] 97.7% 97.34% 97.34% -
Nasiri et al. [81] - 73% 78% 75%
Yap et al. [82] 72.1% — — 86.6%
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Tschandl et al. [83]
Tschandl et al. [84]
Al-masni et al. [85]

81%
89.28%

80.5% 37.6% 74.2%
77.7% - -
81% 87.16% —

This paper analyses the collected literature and concludes
that deep learning provides excellent performance in most
related work. The deep learning-based methods used in 45
papers are effectively and correctly compared. The papers

are difficult to summarize because the datasets,
preprocessing  techniques, indicators, models, and
parameters involved in each article are different.

Accordingly, the comparison of this study is strictly limited
to the techniques used in each paper. Based on these
constraints, we observed that deep learning performance is
better than that of traditional methods, and the automatic
feature extraction of deep learning models is more efficient
than that of traditional methods (such as color [106],
histogram [107], statistics, and texture [108]). Hang et al.
used deep learning to extract the feature vectors of skin
disease and categorized them by using SVM as a classifier
[65]. The AUC of the model performance of the manual
feature extraction method is 6.17% higher than those of
traditional manual feature extraction methods. The
multimodel fusion performance of a single convolution
network is better that that of single-model skin disease
image recognition. Harangi et al. and Xu Meifeng et al.
compared the performance of multimodel fusion with that
of a single model in their respective experiments [60], [62].
The results show that the performance of the multimodel
fusion is better than that of a single network model. The
multimodel approach combines the advantages of every
single model to obtain the optimal solution. Another way of
combining multiple models is to fuse the patient’s clinical
information (e.g., gender, age, and location of lesions.).
Hagerty et al. used this method to resolve the patient’s
information [49], excluding the image recognition of skin
disease. The ROC area increased from 83% to 94% for
deep learning only.

V. SUMMARY AND PROSPECT

A. SUMMARY

In this article, we outline the development of skin disease
diagnostic technology and the process of traditional medical
diagnosis and machine learning-based image recognition of
skin disease and investigate the results of deep learning-
based research in the field of skin disease recognition. Forty-
five relevant papers have been identified to obtain their
concerns about the areas and skin disease types. These papers
are utilized as basis to study the used data source, the
preprocessing and data expansion techniques, the technical
details of the models, and the performance indicators’ overall
performance. Deep learning models AlexNet, VGG,
GoogleNet, and ResNet are widely used in skin disease
recognition. Researchers often use the multimodel fusion
technology to improve the performance of models. In future
work, we plan to apply the concepts and best practices of
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deep learning described in this survey to other medical fields
that have not fully utilized this technology. This survey aims
to encourage many researchers to conduct deep learning
experiments and apply the model of deep learning in the field
of computer vision involving medicine, thereby achieving
smart and convenient development for the medical industry.

B. PROSPECT
Deep learning, a new field of machine learning, has good
application prospects in computer vision and provides a new
direction for medical image recognition. Currently, deep
learning has achieved empirical progress in the field of
medical image recognition [98]. However, deep learning is
still in its infancy in medical image recognition. Additional
developments and comprehensive attempts should be carried
out in the field of skin disease recognition in the future. The
following summarizes four possible directions for research
development:

(1) Simulation data generation of skin disease image

Deep learning has good generalization ability in skin
disease recognition; however, it requires many data in the
learning process. Few data may cause insufficient feature
extraction, which will affect the diagnosis and recognition
of lesions. One of the significant problems in skin disease
image recognition is the difficulty in obtaining a large
number of data sets due to the complications in medical
image collection and the rare occurrence of individual
diseases. Generating simulated pictures of skin disease by
using antinetwork is an excellent method to solve this
problem. Such an approach also improves the performance
of the network. This technology will have good
development prospects in the field of skin disease
recognition in the future.

(2) Clinical identification of skin disease

At present, the types of pictures recognized in the field of
skin disease recognition are relatively single. Most graphics
are based on the pictures generated by the dermoscopic
imaging technology. Few studies have been conducted on
the pictures taken in clinical or real life. The location of the
lesion is difficult to identify due to several problems, such
as low pixels and presence of shadows, and the lesion area
only occupies a small part or incomplete in clinical or real
scenes pictures. This aspect needs further study. In clinical
recognition models, attention mechanisms or target
detection methods can be introduced to focus on the lesion
sites of skin disease for facilitating the feature extraction of
lesion sites to improve the accuracy of clinical recognition
models.

(3) Interpretability study on skin disease identification

Now, researchers focus on the performance indicators of
models. However, various factors in the environment result
in the transformation of model concepts and change of
performance. The factors that drive the model should be

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2020.3037258, IEEE Access

IEEE Access

Author Name: Preparation of Papers for IEEE Access (February 2020)

understood to make certain decisions. Currently, the
interpretability research on skin disease identification
models is a big gap in this field and must be explored. In
the skin disease recognition field, deep learning models can
be applied to identify skin disease to guide clinical
automated medical diagnosis. However, these algorithms
are still a “black box” to generate predictions on the basis
of input data. There is no specific interpretation on what
skin disease features does the deep learning model as a
basis for judgment. The development of deep learning
should be trustworthy and explainable. Making the
algorithm public and transparent in decision-making will
give users reliability and security. Interpretability research
on skin disease identification can resolve prejudices and
auditing brought about by artificial intelligence [109].
Interpretability makes artificial intelligence open and
transparent in legal, moral, and philosophical aspects.

(4) Al diagnosis and treatment of skin disease

Mobile devices, such as smartphones, PDAs, and tablets,
are becoming an essential part of human life [109].
Embedding Al diagnosis and treatment of skin disease on
smart devices will be a significant trend in the future.
However, most skin diseases are diagnosed on the basis of
high-performance graphics processors. The computational
complexity of the algorithm should be minimized while
improving the algorithm recognition capability to ensure
that it can be easily used on mobile phones and wearable
intelligent devices [110]. This study is of great significance
for Al diagnosis and treatment of skin diseases. In
intelligent questions and answers on skin disease, Al
assistants can replace dermatologists to inquire about
patients and communicate with them about some repetitive
contents, such as diagnosis, prescription, and health
promotion. At present, some issues related to philosophy,
law, and ethics still persist in addition to technical
bottlenecks in Al diagnosis and treatment. Examples of the
questions are as follows: Is the subject of Al diagnosis and
treatment a human or a medical device on the legal level?;
what is the legal standard in the clinical application?; what
are the criteria for judging a medical defect or medical
negligence?; and who is legally responsible for medical
accidents in Al diagnosis and treatment?.
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