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Abstract—SKkin cancer is one of the most common cancers in
the world. The most dangerous type of skin cancer is melanoma,
which can be lethal if not treated early. However, diagnosing
skin lesions can be a difficult task. Therefore, deep learning
techniques applied to the diagnosis of skin lesions have been
explored by researchers, given their effectiveness in extracting
features and classifying input data. In this work, we present a
review of latest approaches that apply deep learning techniques
to skin lesion classification task. In addition, some datasets
used for training and validating the models are introduced,
informing their characteristics and specificities, as well as popular
pre-processing steps and skin lesion segmentation approaches.
Finally, we comment the effectiveness of the proposed models.

Index Terms—Deep learning, Skin lesion classification, Skin
lesion segmentation, Skin diseases, Melanoma

I. INTRODUCTION

Skin cancer is among the most common types of cancer in
the world. It is mainly divided between malignant melanoma
(MM) and non-melanoma (basal and squamous cell carci-
noma). Melanoma is the most dangerous type of skin cancer
and, when not treated early, it can be lethal [1]. Estimations
from the Global Cancer Observatory show that melanoma
was the 19th most incident cancer worldwide in 2020 having
324,635 new estimated cases [2] and, it was one of the most
incident cancer in Oceania, North America, and Europe [3].

Usually, the diagnosis of pigmented skin lesions has a first
assessment based on the ABCD criteria. In this task, the der-
matologist detects four lesion features: (A) lesion asymmetry,
(B) border irregularity, (C) colour variation and (D) lesion
diameter greater than 6 mm [4]. However, the accuracy of
diagnoses by observation relies on the dermatologist’s experi-
ence. More experienced dermatologists can reach up to 80%
of diagnostic accuracy, and, less experienced dermatologists,
obtain an accuracy up to 62% [5]. Figure 1 shown three
samples of melanoma and one common nevi sample.

To confirm the diagnosis, a biopsy can be performed, where
a skin lesion sample is removed, analysed and classified
[6]. Another technique is epiluminescence microscopy, also
known as dermoscopy. It is a non-invasive technique that
allows the visualization of the subcutaneous structures of the
skin. Dermatologists trained with this technique increase their
diagnostic skills, but those who are not trained may wrongly
classify the samples [7].

André E. Lazzaretti
Federal University of Technology Parand
Curitiba, Brazil
lazzaretti @utfpr.edu.br

Fernando C. Monteiro
Research Centre in Digitalization
and Intelligent Robotics
Instituto Politécnico de Braganga
Braganca, Portugal
monteiro @ipb.pt

(c) ()

Fig. 1. Examples of melanoma lesions with (a) asymmetry, (b) border
irregularity and (c) colour variation and a common nevi in (d) extracted from
ISIC dataset.

Nowadays, new technological diagnosis methods namely
computer-aided diagnosis (CAD) applied to dermatology has
been researched, developed and commercialized [8]. Deep
learning (DL) techniques are a promissory field of study to
automatically detect and classify skin lesions. A deep neural
network (DNN) is able to identify patterns, extract features
and, based on these, performs data classification. Specifically,
convolutional neural networks (CNN) are applied to computer
vision and medical image analysis to recognize and classify
different elements.

Two major tasks have been researched in the DL area related
to skin lesion diagnosis: skin lesion segmentation and skin
lesion classification. The skin lesion segmentation consists
in automatically locate the region of the lesion. The skin
lesion classification diagnosis the lesion based on the extracted
features. This task can be preceded by a pre-processing step,
a segmentation step, or both.

Another review papers addressing this subject have been
published in recent years. Some of them have an extensive
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explanation about the CNN architecture [9], [10] and others
provide extra information about models, not CNN-based [8],
[11], [12]. The proposed study aims to review the latests
works of DL techniques applied to skin lesion classification,
providing straightforward information about the diversity of
CNN models that have been used for this purpose, and details
about publicly available skin lesions datasets.

This paper is divided as follows: First, in section II, we
present a set of skin lesion datasets that can be used to train
the DNNss. In section III, we describe the image pre-processing
methods. In sections IV, we provide an overview of skin lesion
segmentation techniques. In section V, we detail some of the
latest approaches used to perform the classification task. In
section VI, we discuss and analyse the results of the works.
In section VII, we provide a conclusion of the paper.

II. SKIN LESION DATASETS

Training DNNs with large labelled datasets is an essential
step to obtaining an efficient algorithm, and, nowadays, there
are several skin lesions datasets publicly available for this
purpose. Some databases are sectioned in training, validation
and testing. This division can help to have a more reliable
comparison between studies when using the same dataset. In
this section, we present some of the most popular datasets for
skin lesion diagnosis and their singularities.

The International Skin Imaging Collaboration (ISIC) archive
is an open-source project that maintains some of the most
popular datasets for skin lesion diagnosis and provides over
20000 images acquired with several devices [13]. Since 2016,
ISIC sponsors challenges annually to promote the use of
artificial intelligence algorithms to improve lesions diagnoses
accuracy [14].

The ISIC 2016 dataset provides 900 dermatoscopic images
for training and 379 images for testing with ground truth seg-
mentation masks and gold standard diagnoses classification for
benign and malignant lesions [15]. ISIC 2017 contains 2000,
150 and 600 dermatoscopic images for training, validation
and testing, respectively. All the sets contain ground truth
segmentation masks and gold standard diagnoses classified
for melanoma, seborrhoeic keratosis and benign nevi [16].
The ISIC 2018 consists of 10015 images for training and 7
classification labels, 193 for validation and 1512 images for
test. Only the training and validation sets contain the ground
truth and segmentation masks [13], [17].

In ISIC 2019, we have 25331 images for training with meta-
data of gender, age and general anatomic site and gold standard
lesion diagnoses classification. The training dataset is com-
posed of HAM1000 and BCN20000 datasets. Additionally,
it provides 8238 test images but without ground truth [16]-
[18]. The ISIC 2020 provides 33126 images with metadata
information and gold standard lesion diagnoses classification.
It additionally provides 8238 test images without ground truth.
Both ISIC 2019 and 2020 do not contain segmentation masks
[19]. Although the large amount of data presented in these
two datasets, both of them contain severe unbalance between
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classes that should be considered when using them as it can
bias the trained model.

PH2 is a publicly available dataset obtained at the Dermatol-
ogy Service of Hospital Pedro Hispano located in Matosinhos,
Portugal, in collaboration with the Universidade do Porto.
It has 200 dermatoscopic images classified in 80 common
nevi, 80 atypical nevi, and 40 melanomas with a resolution of
768x560 pixels. For each image, a binary mask and medical
annotation about diagnoses criteria are available [20].

Another publicly available dataset is the one obtained by the
Department of Dermatology of the University Medical Center
Groningen to develop their MEDNODE system. It consists in
170 non-dermoscopic images divided in 70 melanoma and 100
nevi [21].

DermQuest dataset contains 24082 images with 134 dif-
ferent diagnoses classification [22]. Although DermQuest was
used in various researches, nowadays its website was deacti-
vated in 2019.

PAD-UFES-20 is a dataset containing 2298 images with six
diagnoses classification and metadata regarding the patient’s
age, lesion location and other nineteen clinical data. The
images were collected using smartphones in eleven cities of
Espirito Santo, state of Brazil [23].

The mentioned datasets are small when compared to the
visual recognition ones for general purposes. To overcome this
problem, techniques such as data augmentation and transfer
learning can be applied. Data augmentation consists in ro-
tating, translating, and rescaling images to obtain more data
for training. Transfer learning consists in applying a pre-
trained neural network to another set of training for the desired
purposes.

III. IMAGE PRE-PROCESSING

Image pre-processing can be performed to obtain clearer
images by removing noise and artefacts, correcting lighting
issues, enhancing contrast, and also adapting the input data
by resizing and cropping the images. Several authors use
these methods to improve the accuracy of the segmentation
algorithm.

Khouloud et al. [24] used a Gaussian filter to minimize the
presence of artefacts from the skin lesion images. Akram et al.
[25] utilized a software that performs a bilinear interpolation
to localize the hair, remove it and apply a median filter where
the hair was removed.

To enhance the image features, Farhat Afza et al. [26],
proposed both local and global contrast enhancement. Khan et
al. [27], applied an artificial bee colony algorithm to perform
a contrast enhancement and improve the image contents. The
datasets typically contain images taken from several differ-
ent devices, which can cause lightning and colour variation
between the images, Goyal et al. [28] applied colour and
lightning normalization to decrease this difference.

Although some authors dismiss the image pre-processing
step, others can give special attention to this. Sakar et al.
[29] performed several tests using different pre-processing
algorithms and compared them using accuracy (ACC) and
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Area Under ROC Curve (AUC) metrics. This method led
them to utilize a 4-step combination of image pre-processing
algorithms consisting of (1) noising removal applying non-
local means filter, (2) image enhancement applying CLAHE-
DWT algorithm, (3) merging RGB colour space with the
saturation channel, b* channel from CIELAB colour space and
the inverted gray-scale channel, and (4) intensity normalization
and image resizing.

The Shades of Grays method was used in three of the best
ranked methods in ISIC 2019 Challenge [13], [30], [31]. This
method is a colour constancy algorithm that aims to provide
a better perception of the colours in the image by attenuating
the impact of the light in the image.

IV. SKIN LESION SEGMENTATION

Image segmentation in digital image processing that consists
of segmenting the image into homogeneous regions. When
applied to skin lesion images, these segmentation techniques
can localize the lesion and define its boundaries. Once defined
the Region of Interest (ROI), it can help to better extract
features and classify the lesion, since the shape and border
characteristics of the lesion are essential for the diagnosis [32].

However, skin lesion segmentation is a difficult task. The
presence of artefacts, such as hair, skin texture, marks, re-
flections and shadows can interfere with accuracy [33]. To
minimize this, image pre-processing is applied to reduce or
erase the artefacts and enhance lesion features.

Several segmentation approaches can be applied in medical
images as thresholding, region-based methods, edge detection,
NNs and DNNs. The fully convolutional network (FCN) is one
of the first semantic segmentation techniques proposed in the
literature. There are several varieties of this architecture being
applied for the skin lesion segmentation task.

Recent strategies fused FCNs with other models. One exam-
ple is the FC-DPN (fully convolutional dual path network) pro-
posed by Shan et al. [34], which consists of replacing the dense
blocks in fully convolutional DenseNets (FC-DenseNets) with
two types of dual path networks (DPN) blocks, projection
and processing blocks. This approach aims to gather more
features to improve the segmentation. Other related approach
is the one proposed by Yu et al. [35] which consists of a fully
convolutional residual network (FCRN) that can make pixel-
wise predictions and is composed of residual blocks to avoid
degradation problems.

Another conventional architecture built for medical image
segmentation proposed by Ronneberger et al. [36] is the
U-net. The U-net architecture was based on the FCN and
can be trained with few images and result in more precise
segmentation images. This model is composed of an encoder
that operates as a regular CNN feature extractor, obtaining
several feature maps in each layer, and a decoder that projects
the features extracted by the encoder in the pixel space to
obtain the segmented image.

Hasan et al. [33], proposed an inspired U-net architecture
named DSNet. The DSNet encoder is a pre-trained CNN
composed of feature layers, dense and transition blocks.
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The DSNet decoder is composed of a depth-wise separable
convolution. Khouloud et al. [24], proposed a dual encoder-
decoder architecture named W-net. The W-net is composed
of a ResNet Encoder-Decoder with an attention mechanism
followed by a ConvNet Encoder-Decoder. The first encoder-
decoder is responsible for extracting the global shape of
the lesion and the second sharps the boundaries. A Feature
Pyramid is used in the last layer to reduce memory usage.
Nguyen et al. [37] modified the U-net architecture by replacing
the original encoder with an EfficientNet and the decoder is
built with residual blocks from ResNet. This strategy aimed to
use ResNet and EfficientNet architectures to avoid overfitting
and maintain the efficient reception field size.

Other skin lesion segmentation methods based on different
DL architectures can be found in the literature. One of them is
proposed by Goyal et al. [28] where it was used a DeepLabv3+
and a Mask-RCNN to perform the segmentation task. The
output of the two CNNs was fused using ensemble methods.
The Ensemble-A method fuse the two outputs, the Ensemble-
L method chooses the output with the larger area, and the
Ensemble-S method selects the output with the smaller area.
Post-processing approaches were used to fulfill the region and
remove artefacts. Xie et al. [38] proposed a CNN composed
of high-resolution feature blocks (HRFB) with an attention
mechanism. This block is composed of 3 branches: main,
spatial attention and channel-wise attention. The output of
the HRFB block provides a feature map that preserves spatial
details. At the end of the CNN, it is performed an up-sampling
using bilinear interpolation.

Some works use non-DL approaches are also found in
literature. Akram et al. [25] used contrast stretching to differ-
entiate the background of the lesion with the foreground and
mean segmentation and mean deviation based segmentation
approaches. Meanwhile, Afza et al. [26] used superpixel com-
putation employing simple linear iterative clustering technique,
reconstruction and map generation as segmentation approach.

V. SKIN LESION CLASSIFICATION

Several researchers currently employ DNNs to improve the
skin classification task. Some of them provide a binary classi-
fication (malignant or benign), others go further and classify
the lesion by type of disease. Commonly, pre-processing and
image segmentation are employed before the classification
step. These steps are optional but can help the DNN classifier
to better perform. The performance metrics most used to
evaluate the algorithm are accuracy (ACC), Area Under ROC
Curve (AUC) and precision (PR). In this section, a summary
of methods for skin lesion classification is presented.

A. Transfer-learning approaches

Instead of training a DNN from scratch, you can use the
knowledge of a network trained on a large dataset for one
problem and use it to solve another problem. This technique
is called transfer learning. Furthermore, an additional training
set can be employed on the pre-trained network using another
data set performing fine-tuning. These two techniques are often
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applied to overcome the problem of missing data, which is a
prevalent obstacle in the skin lesion classification task.

Hasan et al. [39] used a framework that combines pre-
processing approaches and a hybrid convolutional neural net-
work (hybrid-CNN) applied to the skin lesion classification
task. Three feature map generators initialized with pre-trained
weights compose the hybrid-CNN: the first built with residual
and convolutional blocks, the second consists of 3 convolu-
tional blocks in sequence and the third is made with dense and
transition blocks. Therefore, three feature maps are obtained
and an extra one is built by fusing their outputs. The four
feature maps are classified by different fully connected layers
(FC). In the pre-processing step, a fine-tuned DSnet is used to
obtain the lesion ROI, and then, data augmentation and class
rebalancing are employed. The final result is an average of the
FCs outputs. The training and the evaluation were performed
using ISIC 2016, ISIC 2017 and ISIC 2018 datasets. The
results obtained on ISIC 2016 were PR of 0.92 and AUC of
0.96, on ISIC 2017 were PR of 0.86 and AUC of 0.95, and,
on ISIC 2018 were a PR of 0.85 and AUC of 0.97.

Khan et al. [27] proposed a model consisting of DenseNet
for deep feature extraction with coupled Newton-Raphson
driven iteration to select the most important features by
removing redundant and irrelevant information. A multilayer
feed-forward neural network operates as a classifier based on
the selected features. Contrast stretching is performed and a
faster RCNN is used for the segmentation before the feature
extraction. The result for the ISIC 2016 was an ACC of 0.94
and an AUC of 0.98. For the ISIC 2017 an ACC of 0.934 and
an AUC of 0.98 were obtained.

Hosny et al. [40] modified the AlexNet model by replacing
the classification layer with a softmax layer and fine-tuning
the weights. Before classification, data augmentation was per-
formed and all images were segmented. The datasets DermlIS-
DermQuest, MEDNODE and ISIC 2017 were used for training
and testing, with the first two divided into two classes and
the last into three classes. The results of ACC were 0.969
for DermIS-DermQuest, 0.977 for MEDNODE and 0.959 for
ISIC 2017.

Afza et al. [26] used a ResNet-50 for classification. Both
local and global contrast enhancement were applied on the
images as a first step and superpixel computation was used
to segment the image. In the classification part, using pre-
trained and fine-tuned ResNet-50, Grasshopper algorithm was
employed to optimize the feature selection. At last, the ACC
obtained for ISIC 2016 dataset was 0.911, on the PH2 dataset
was 0.954, and on the HAM1000 dataset was 0.858.

To evaluate the accuracy of the transfer-learning against
trained from scratch models, Lopez et al. [41] used the
VGGNet in three different ways: training from scratch, using
transfer-learning and using transfer-learning and fine-tuning
the architecture. The input images were pre-processed by
applying pixel normalization, image cropping and resizing,
and data augmentation. The better-evaluated method was the
fine-tuned VGGNet with ACC of 0.813. It obtained an ACC
of 0.660 by training from scratch method, and, an ACC of
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0.686 by transfer-learning method on ISIC 2016.

The efficiency of multiple pre-trained model combinations
was also assessed in recent literature. Mahbod et al. [42]
combined AlexNet, VGGNetl6, ResNet-18 and ResNet-101
using inter and intra-network fusion and fine-tuning them. The
fine-tuning was made several times with different settings,
and a support vector machine (SVM) classifier is trained
using the extracted features. colour normalization and resizing
approaches were employed in this model. The training and
testing were performed on ISIC 2016 and ISIC 2017. The
obtained results were ACC of 0.877 and AUC of 0.914 on
the ISIC 2017. The winner method for ISIC 2019 Challenge
proposed by Gessert et. al. [30] also consists of the ensemble
different architectures: a pre-trained EfficientNet, a SENet154
and two pre-trained ResNeXt-101 with weakly supervised
learning. The metadata provided was processed by a two-layer
dense NN. Data augmentation, cropping strategy and Shades
of Gray method were applied as pre-processing steps. The
datasets used for training were ISIC 2019, 7-point dataset and
a private one. The final results obtained was and ACC of 0.926
and AUC of 0.923, and, by adding the metadata information,
it was obtained ACC of 0.925 and AUC of 0.903.

Another leaderboarder of ISIC 2019 was the method pro-
posed by Pacheco et al. [31] that used the ensemble of 13
pre-trained and fine-tuned models. In the pre-processment step
data augmentation was performed. The final classifications
consisted of the probabilities average given by each model.
Training and testing were performed in ISIC 2019 dataset
obtaining an ACC of 0.919 and an AUC of 0.892.

B. Hybrid approaches

Khouloud et al. [24], after employing image pre-
processing and segment the images using the W-net, applied
the Inception-Resnet for binary skin lesion classification.
Inception-Resnet is a modified Inception model composed of
residual blocks that combines the the residual block capability
of solving the degradation problem with Inception concept that
uses different sizes of kernels to gather both very apparent
information and small details. Three convolutional layers are
added before to reduce the computational cost. ISIC 2016,
ISIC 2017 and PH2 datasets were used to train and evaluate
the model. An ACC of 0.981, 0.969 and 0.985 was obtained
on the ISIC 2016, ISIC 2017 and PH2 datasets respectively.

Jayapriya et al. [43] proposed a deep residual network
(DRN) along with a handcrafted feature to provide better
accuracy. The hybrid FCN for segmentation mentioned in the
previous section is employed before the classification step. The
DRN is composed of 50 layers of residual network and, along
with it, a Local texton XOR patterns is added to form a new
feature vector. The ISIC 2016 is used for training and ISIC
2016 and 2017 are used for testing. Finally, the ACC obtained
is 0.889 for ISIC 2016 and 0.853 for ISIC 2017.

Sarkar et al. [29] proposed a model based on residual
learning and separable convolutional approaches to perform bi-
nary skin lesion classification. Pre-processing algorithms were
applied to perform noise removal and image enhancement. The
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model was trained on ISIC dataset and obtained an ACC of
0.995. Tests in other datasets were performed and the obtained
results were 0.968 on PH2 dataset, 0.952 on MEDNODE
dataset and 0.944 on DermlS dataset.

Ge et al. [44] employed a CNN model to extract different
types of features from the segmented skin lesion image.
The extracted features are convolutional features, location
features, statistical parameters and gray-level co-occurrence
matrix features. These features are used to classify the lesions
from the ISIC 2016 between malignant or benign. The model
obtained an ACC of 0.92.

Pollastri et al. [45] achieve the third best result int he
first task of ISIC 2019 Challenge by ensembling different
models and training them with different data augmentation
approaches. ResNet-152, DenseNet-201 and SeResNext-50
compose the final approach with their outputs ensemble by an
average of calibrated probabilities using Temperature Scaling.
For training, only ISIC 2019 dataset was used obtaining an
ACC of 0.924 and AUC of 0.886.

VI. ANALYSIS AND DISCUSSION

In this study, was proposed a review of works related to the
tasks of skin lesions detection and classification. Most of the
mentioned datasets are imbalanced, i. e., the number of images
per class is uneven. In addition, the ISIC dataset, which is
largely used in skin disease research, has several duplicated
images. These problems can affect the model performance
and influence the final result since the evaluation measures
tend to bias towards majority classes. To address these issues,
Cassidy et al. [46] proposed a curated ISIC dataset and a
strategy for removing duplicated images. Even more, the
volume of dermoscopy and clinical photos of skin lesions is
small, which can obstruct the training and development of
more efficient algorithms. To minimize the impact of the lack
of available images, data augmentation and transfer learning
can be employed [47].

For the skin lesion classification, the models that outperform
the others are the ones proposed by Khouloud et al. [24], Khan
et a. [27] and Sarkar et al. [29]. The common characteristic
between this methods is the special attention given to pre-
processing steps. Khouloud et al. [24] used the pre-processing
steps mentioned before and W-net for segmentation. Khan et
al. [27] used an artificial bee colony algorithm for contrast
stretching and a Faster RCNN for lesion segmentation. Sarkar
et al. [29] tested and compared different noise removal to
pick the optimal one, applying image enhancement, and tested
merging channels from different colour spaces into the RGB
image to increase the accuracy of the model. Both models pro-
posed by Khouloud et al. and Sarkar et al. use the deep residual
concept but applyed it in two different ways. Khouloud et al.
used this concept combined with Inception network and Sarkar
et al. used a depthwise separable convolution to improve the
efficiency and residual learning concepts to design of their
models. Khan et al. used a fine-tuned DenseNet with a Newton
Raphson-based method for feature selection in order to discard
not relevant features.
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The ensemble of different architectures in order to combine
their outputs to obtain a final classification is a very popular
approach found in the latest literature and very explored in
ISIC 2019 Challenge [30], [31], [42], [45]. Moreover, as
mentioned in Section 5.1, transfer-learning and fine-tuning
techniques are largely used as a way to overcome the lack of
data related to the skin lesion classification task and provide
better results. Align to that, data augmentation is extensively
used to improve the effectiveness of the models. The manipu-
lation of the image in terms of position, contrast and saturation
can provide robustness to the approach by mimicking the light
and colour disparities that different devices can have when
capturing these images [45].

VII. CONCLUSION

Skin cancer is one of the most incident cancers and, in
the case of melanomas, it can be fatal if not treated early.
The CAD systems are created to aid in the diagnosis of skin
lesions by professionals. Among them, DL is a promising area
of study for solving this type of problem.

In this study, a review and analysis of the works related
to the tasks involved in the detection of skin lesions using
DL. It was made an effort to present works with different
approaches to promote a more diverse analysis. In addition,
it was important to mention the datasets available for these
purposes, and some image pre-processing methods that can
help the models to better perform the tasks.
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