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Abstract  
Melanoma is one of the deadliest forms of cancer. Unfortunately, its incidence 
rates have been increasing all over the world. One of the techniques used by 
dermatologists to diagnose melanomas is an imaging modality called 
dermoscopy. The skin lesion is inspected using a magnification device and a 
light source. This technique makes it possible for the dermatologist to observe 
subcutaneous structures that would be invisible otherwise. However, the use 
of dermoscopy is not straightforward, requiring years of practice. Moreover, 
the diagnosis is many times subjective and challenging to reproduce. 
Therefore, it is necessary to develop automatic methods that will help 
dermatologists provide more reliable diagnoses.  

Since this cancer is visible on the skin, it is potentially detectable at a very 
early stage when it is curable. Recent developments have converged to make 
fully automatic early melanoma detection a real possibility. First, the advent 
of dermoscopy has enabled a dramatic boost in the clinical diagnostic ability 
to the point that it can detect melanoma in the clinic at the earliest stages. This 
technology’s global adoption has allowed the accumulation of extensive 
collections of dermoscopy images. The development of advanced 
technologies in image processing and machine learning has given us the 
ability to distinguish malignant melanoma from the many benign mimics that 
require no biopsy. These new technologies should allow earlier detection of 
melanoma and reduce a large number of unnecessary and costly biopsy 
procedures. Although some of the new systems reported for these 
technologies have shown promise in preliminary trials, a widespread 
implementation must await further technical progress in accuracy and 
reproducibility.  

This thesis provides an overview of our deep learning (DL) based 
methods used in the diagnosis of melanoma in dermoscopy images. First, we 
introduce the background. Then, this paper gives a brief overview of the 
state-of-art article on melanoma interpret. After that, a review is provided on 
the deep learning models for melanoma image analysis and the main popular 
techniques to improve the diagnose performance. We also made a summary 
of our research results. Finally, we discuss the challenges and opportunities 
for automating melanocytic skin lesions’ diagnostic procedures. We end with 
an overview of a conclusion and directions for the following research plan.  
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Abstract in Swedish 
Melanom är en av de dödligaste formerna av cancer. Tyvärr har dess 
incidenshastighet ökat över hela världen. En av de tekniker som hudläkare 
använder för att diagnostisera melanom är en avbildningsmetod som kallas 
dermatoskopi. Hudskadorna inspekteras med en förstoringsanordning och 
en ljuskälla. Denna teknik gör det möjligt för hudläkaren att observera 
subkutana strukturer som annars skulle vara osynliga. Användningen av 
dermatoskopi är dock inte enkel, och kräver år av träning. Dessutom är 
diagnosen många gånger subjektiv och utmanande att reproducera. Därför 
är det nödvändigt att utveckla automatiska metoder som hjälper hudläkare 
att tillhandahålla mer tillförlitliga diagnoser. 
Eftersom denna cancerform är synlig på huden är den potentiellt detekterbar 
i ett mycket tidigt skede när den är möjlig att bota. Den senaste utvecklingen 
har gått mot att göra helautomatisk tidig melanomdetektering till en verklig 
möjlighet. För det första har tillkomsten av dermatoskopi möjliggjort en 
dramatisk ökning av den kliniska diagnostiska förmågan, så långt att man 
kan upptäcka melanom i specialistvården i de tidigaste stadierna. Denna 
teknologis globala användning har gjort det möjligt att ackumulera 
omfattande samlingar av dermatoskopibilder. Utvecklingen av avancerad 
teknik inom bildbehandling och maskininlärning har gett oss förmågan att 
skilja malignt melanom från de många godartade hudförändringar som inte 
kräver biopsi. Dessa nya tekniker bör möjliggöra tidigare upptäckt av 
malignt melanom och minska ett stort antal onödiga och kostsamma 
biopsiprocedurer. Även om några av de nya systemen som rapporterats för 
dessa tekniker har visat sig lovanade i preliminära prövningar måste ett 
omfattande genomförande vänta på ytterligare teknisk progression gällande 
noggrannhet och reproducerbarhet. 
Denna avhandling ger en översikt över den djupinlärningsbaserade (DL) 
baserade metoden för diagnos av melanom i dermoskopibilder. Först 
presenteras bakgrunden till fältet. Därefter ges en kort översikt över det 
senaste tekniska framstegen om melanomtolkning. Därefter ger denna 
avhandling en granskning av djupinlärningsmodeller för 
melanombildanalys och de viktigaste populära teknikerna för att förbättra 
diagnosprestandan. Sedan följer en sammanfattning av avhandlingsarbetets 
forskningsresultat. Slutligen diskuteras utmaningarna och möjligheterna att 
automatisera melanocytiska hudskador diagnostiska procedurer. 
Avslutningsvis kommer en slutsats och anvisningar för följande 
forskningsplan. 
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Abstract in Chinese 
黑色素瘤是最致命的癌症之一。不幸的是，其发病率在全世界范围内都在

增加。皮肤科医生用于诊断黑素瘤的一种技术是称为皮肤镜检查的成像方式。

使用放大装置和光源检查皮肤病变。这种技术使皮肤科医生可以观察否则将

不可见的皮下结构。然而，使用皮肤镜检查并不简单，需要多年的实践。此

外，诊断通常是主观的，并且难以再现。因此，有必要开发自动方法来帮助

皮肤科医生提供更可靠的诊断。 
由于这种癌症在皮肤上可见，因此可以在很早的阶段被治愈。最近的发展

已经汇聚为使全自动的黑色素瘤早期检测成为现实。首先，皮肤镜检查的出

现极大地提高了临床诊断能力，以至于它可以在最早的阶段就在临床中检测

出黑色素瘤。这项技术在全球范围内得到采用，从而积累了大量的皮肤镜检

查图像。图像处理和机器学习方面的先进技术的发展使我们能够将恶性黑色

素瘤与许多不需要活检的良性模拟物区分开。这些新技术应该可以更早地发

现黑色素瘤，并减少大量不必要和昂贵的活检步骤。尽管报道的针对这些技

术的一些新系统在初步试验中显示出了希望，但广泛的实施必须等待准确性

和可重复性方面的进一步技术进步。 
本文概述了我们基于深度学习（DL）的皮肤镜检查图像中诊断黑色素瘤

的方法。首先，我们介绍背景。然后，我们简要概述了有关黑色素瘤解释的

最新论文。之后，本文回顾了用于黑色素瘤图像分析的深度学习模型以及提

高诊断性能的主要流行技术。我们还总结了我们的研究结果。然后，我们讨

论了自动化黑素性皮肤病变的诊断程序所面临的挑战和机遇。最后，我们概

述了以后研究计划的结论和方向。 
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1 Introduction 
1.1 Background 
Europe holds 9% of the world population but carries a 25% share of the global 
cancer burden. 3.91 million new cancer cases (excluding non-melanoma skin 
cancer) and 1.93 million deaths from cancer were estimated in Europe in 2018 
[1]. The American Cancer Organization (ACO) estimates that 196,060 cases of 
melanoma will be diagnosed in the US, and the number of new melanoma 
cases diagnosed will increase by almost 2 percent in 2020 [2]. It’s estimated 
that the number of new melanoma cases diagnosed in 2021 will increase by 
5.8 percent [3]. Melanoma of the skin is the 19th most commonly occurring 
cancer in men and women. There were nearly 300,000 new cases in 2018. The 
top 20 countries with the highest rates of melanoma of the skin in 2018 are 
given in Figure 1 [4]. For melanoma patients, the early survival rate within 
five years can reach 95%, while the late survival rate is only 15% [5]. This very 
significant difference highlights the importance of the timely identification 
and detection of melanoma in preserving melanoma patient lives [6]. 
Therefore, skin cancer’s timely detection is a critical factor in reducing its 
incidence [7]. 

Figure 1 The age-standardized rate of melanoma in 2018 with top 20 countries in the world. 

Although the skin is visible to the naked eye, early melanoma may be 
difficult to distinguish from benign skin lesions with a similar appearance. 
This leads to a large number of misdiagnoses of melanoma. Dermatologists 
who engage in skin cancer use human photography and dermoscopy as 
diagnostic tools and tests for diagnosing melanoma. Dermoscopy is an 
efficient imaging technique that yields improved accuracy in diagnosing 
pigmented lesions when correctly applied [8]. This imaging technique is used 
to eliminate skin surface reflections [9]. When the surface reflections are 
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removed, deep layer skin lesions’ visualization can be enhanced [10]. Many 
studies have shown that when dermatologists use this technique, it can 
produce higher diagnostic accuracy than stock photography [11]. 
Dermatoscopy was introduced to assist dermatologists in diagnosis [12] for 
improving skin diseases’ diagnosis. However, there is a particular error in 
lesion images’ naked eye recognition rate (especially melanoma) in 
dermoscopy [13]. Doctors are required to have specific technology and 
experience to recognize melanoma. It is found that [14]  skilled 
dermatologists usually follow a series of steps to diagnose skin cancer. They 
start with a naked-eye observation of suspected lesions, then does a 
dermoscopy, and follow up with a biopsy, if necessary. This processing 
would consume time, and the patient may advance to later stages. Moreover, 
accurate diagnosis is subjective, depending on the skill of the clinician. It is 
found that some dermatologist has an accuracy of less than 80% incorrectly 
diagnosing skin cancer [15]. What’s more, there are not many skilled 
dermatologists available globally in public healthcare. An automated skin 
lesion diagnosis model makes the work more accessible, which will help 
dermatologists.  

Medical imaging saves millions of lives each year, helping doctors detect 
and diagnose a wide range of diseases, from cancer and appendicitis to stroke 
and heart disease. Because non-invasive early disease detection saves so 
many lives, scientific investment continues to increase. Artificial intelligence 
(AI) has the potential to revolutionize the medical imaging industry by sifting 
through mountains of scans quickly and offering providers and patients life-
changing insights into a variety of diseases, injuries, and conditions.  

The burden of skin cancer is increasing within the Western world each year, 
with significant implications for both population skin health and the 
provision of dermatology services. Manual interpretation demands high time 
consumption and is highly prone to mistakes. AI can help diagnose skin 
lesions and may have particular value at the interface between primary and 
secondary care. Since cancer mortality can be significantly reduced if the 
cases are detected and treated during their early stages, it is essential to invest 
research effort in developing early cancer detection strategies. Like other 
cancers, the advanced stage’s melanomas’ survival rate is low, but an early 
diagnosed melanoma can be cured by a simple excision [8]. Early detection 
and treatment can save more than 95% of people. These statistics are why so 
much effort has been put into developing new imaging techniques, allowing 
better skin lesions visualization and automatic means to diagnose melanomas. 
An automated skin lesion classification model makes the work easier. 
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1.2 Literature review 
Melanoma classification is a research topic of interest in skin cancer 
diagnostics [16]. The skin lesion image is typically analyzed by the ABCD rule 
where A refers to asymmetry, B to border irregularities, C to color patterns， 
and D to diameter [17]. A 7-point checklist, encompassing: (1) strange 
pigment network; (2) gray-blue areas; (3) irregular vascular pattern; (4) radial 
streaming; (5) uneven diffuse pigmentation; (6) globules, variable dots; and 
(7) regression pattern is also used to assist dermatologists in this task [18]. 
Nowadays, image analysis and machine learning-based systems are highly 
recommended for melanoma detection via dermoscopic images [19, 20]. 
Moreover, the limited availability of trained dermatologists has deterred the 
use of conventional melanoma detection methods. 

Over the years, several machine learning techniques have been applied for 
the automatic diagnosis of melanoma from dermoscopic images, e.g., 
methods based on k-nearest neighbors (kNN) approach [21], support vector 
machines (SVM) [22]，  and random forest [23]. These machine learning 
algorithms require the previous extraction of hand-crafted features, thus 
incorporating a priori an essential knowledge in the analysis and not 
requiring the availability of extensive datasets for constructing a proper 
predictive model. However, despite the advantages of these techniques, it 
should be noted that the quality of the extracted descriptors heavily relies on 
the level of dermatologists’ expertise. To find informative and discriminative 
sets of high-level features, then build an accurate model remains a complex 
and costly task that is usually problem-dependent [24]. An explicit definition 
of an intuitive and interpretable high-level feature is sometimes impossible 
to attain because features are derived from pixel intensity space. Therefore, 
they are not invariant regarding the differences in the input images [25]. 

Traditional image recognition requires hand-crafted feature extraction 
before the application of deep learning. Today, deep learning (DL) offers 
meaningful artificial learning progression choices to defeat hand-crafted 
feature extraction methods’ complications. In recent times, significant work 
was carried out on developing models based on Convolutional Neural 
Networks (CNNs) variants (ResNet, EfficientNets, CapsNet, so on) for 
classifying skin lesions using dermoscopic images[26-28].  As a subfield of 
the deep neural network (DNN), CNNs have recently achieved great success 
in machine learning and computer vision. Our project is focusing on the DL 



1. Introduction 

6 

algorithm. So we did a literature review mainly on melanoma detection by 
DL.  

In recent years, the accessibility of high computation power and the 
increasing size of datasets permit deep learning models, specifically CNNs, 
widely being used for melanoma diagnosis from dermoscopic images [29]. A 
well-known annual challenge developed by the International Skin Imaging 
Collaboration Project (ISIC) [30] is adopting deep learning-based techniques. 
These deep networks can significantly acquire valuable features directly from 
the input images by optimizing the learning loss function compared to the 
conventional machine learning models that depend mainly on hand-crafted 
feature extraction before their applications. Consequently, CNNs are more 
effective in diagnosing melanoma and ease the development of novel 
applications in a shorter time. e.g. [31] showed that CNN models could 
overcome hand-crafted feature-based methods, and recently [32] 
demonstrated that CNN models could reach prediction levels on par with 145 
dermatologists. [33] present a Deep CNN, established on the DenseNet 
architecture to classify seven types of skin lesions. [34] have proposed a CNN-
based system with a set of descriptors for melanoma classification. The 
offered system represents an effective method of boosting the efficiency of 
trained CNNs by combining multiple CNNs into an ensemble. [28] make a 
comparison between Multi-Layer Perceptron Convolution Neural Network 
and Capsule Network, which arrives dramatic progress. [35] used a VGG16 
model pre-trained on the well-known ImageNet dataset to perform two 
various tasks: lesion segmentation and classification of skin tumors from 
dermoscopic images. They obtained promising results. [36] also applied a 
pre-trained VGG16 for skin lesion segmentation, getting results that were 
competing against several segmentation algorithms. [37] employed a pre-
trained InceptionV3, and they obtained a performance on par the tested 
experts, proving the capability of CNNs to help dermatologists. [38] applied 
Generative adversarial networks (GANs) to generate realistically looking 
high-resolution images of skin lesions. [39] demonstrated the positive impact 
of doing several transformations over the original photos for a better 
melanoma diagnosis, such as color, geometric and elastic transformations, 
and random erasing. Also, [37] augmented a dataset 720 times employing 
rotating, cropping, and flipping the original images, achieving better 
prediction levels. [40] proposed an ensemble composed of AlexNet, VGG, 
and InceptionV1, and they evaluated their proposal on the Institute of 
Electrical and Electronics Engineers (IEEE) International Symposium on 
Biomedical Imaging (ISBI) 2017 challenge. [41] performed skin lesion 
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classification combining several CNNs of different architectures and the sets 
of partial predictions were aggregated to obtain the final ones. [42] also 
proposed an ensemble composed of three classifiers, a pre-trained VGG16 
model and two SVMs that were used as input the features extracted by the 
former. [43] proposed a multitask deep CNN that was not only trained with 
melanoma images but also with patient meta-data. A pre-trained InceptionV3 
was used as a base model, and the training images were also real-time 
augmented using flips, rotations, zooms, and shifts. The model was trained 
using five loss functions, where each loss considered various combinations of 
the input modalities. 

1.3 Motivation 
This section discusses the motivation of us to design our model for solving 
melanoma diagnosis problems. 

From literature reviews, we summary that CAD applications in general—
show promise, and radiologists have much to gain from incorporating this 
technology into their operations given the following: 

• AI can evaluate an enormous number of imaging variables much 
faster and more consistently than a radiologist. 

• CAD can automate mundane reading and measurement tasks, 
freeing radiologists to focus on patient interaction, research, and 
complex higher-order thinking. 

• DL can improve diagnostic accuracy dramatically, prevent medical 
errors, and reduce the overuse of testing. 

• DL can act as a next-generation clinical decision support tool for 
radiologists, offering segmentation, classification, and pattern 
recognition that can be used to propose statistically significant 
guidance for image analysis. 

The reason listed above is our motivation to lock DL as the basis of our 
research framework. Our ultimate goal is to develop a skin disease detection 
software suitable for daily applications to solve hospitals’ remote treatment 
problems. 

Deep learning algorithms, computational brute force, and big data are the 
troika of artificial intelligence, indispensable. With the development of 
Moore’s Law, computational brute force can be easily obtained and more 
robust and more vigorous in recent years. For example, the Graphics 
Processing Unit's rapid rise (GPU) has achieved a massive breakthrough in 
AI. Deep learning algorithms have been continuously improved after 
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scientists' efforts around the world and will become more advanced. 
However, a vast data training library cannot be established overnight. 

In the process of research, we found DL requires plenty of labeled data. 
However, extensive medical data sets are not readily available since most 
data sets are proprietary, and some are difficult to obtain due to privacy 
concerns. Especially the medical data of some unique ethnic groups is more 
difficult to get in some small hospitals. It is even more important to use a 
small number of data sets combined with DL to analyze skin diseases. Our 
final goal is to apply it in our lives. It can be deployed on a mobile phone, and 
patients can check their health at any time. So fast and portable application is 
another research direction. Being able to match the results of skin diseases 
accurately is the result we most want. It is also the driving force for the 
continuous improvement and advancement of countless research algorithms. 

A smartphone application called SkinVision reported improved results for 
an algorithm trained on more than 130,000 images by more than 30,000 users. 
This algorithm achieved a higher sensitivity (95.1 vs. 80.0%) and similar 
specificity (78.3 vs. 78%) than previously reported. However, these results 
should still be taken with caution, given the lower specificity compared to 
other experimental deep learning melanoma classifications. It is important to 
note that these applications are not a replacement for a face-to-face 
consultation, especially since patients may miss key lesions without a 
complete body examination. There is still a lot of room for improvement in 
mobile terminals and the improvement of accuracy. 

In our project, here we focus on solving the following problems: 
• Small dataset for melanoma classification 
• Classify melanoma instantly 
• More precise classification for melanoma 

Our three papers have responded to these three questions separately. We 
can find detail in Section 4: Performance analysis. 
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2 Papers included in the thesis 
This section provides a summary of the manuscripts that comprise this thesis. 
Each work’s contribution to the main objectives formulated is detailed and 
the principal author’s contribution. This thesis includes three papers shown 
in Figure 2. It focuses explicitly on Melanoma detection based on DL. We 
attached the complete versions of the papers in Part B.  

 
Figure 2 Papers included in the thesis. 

2.1 Paper I: Automatic Detection of Melanoma with Yolo Deep 
Convolutional Neural Networks 

Published in IEEE Conference Series: 2019 E-Health and Bioengineering 
Conference 
Author’s contribution: Principle author, idea, development, and building the 
methodology, experiment, analysis, writing, and presenting of the paper. 
Contribution to the thesis: 
Paper I describes You only look once (Yolo) algorithm applying to melanoma 
detection. This method is a state-of-art to solving the real-time problem.  

2.2 Paper II: Deep Melanoma classification with K-Fold Cross-
Validation for Process optimization  

Published in IEEE Conference Series: 2020 Medical Measurements & 
Applications Conference (MeMeA 2020) 
Author’s contribution: Principle author, idea, development, and building the 
methodology, experiment, analysis, writing, and presenting of the paper. 
Contribution to the thesis: 
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Paper II describes how to solve the small dataset for applying DL. 

2.3 Paper III: Ensembling CNNs for dermoscopic analysis of 
suspicious skin lesions 

Accepted for publication in conference MeMeA 2021 
Author’s contribution: Principle author, idea, writing the paper. 
Contribution to the thesis: 
Paper III proposes to use an original ensembling of multiple CNNs as feature 
extractors able to detect and measure skin lesions atypical criteria according 
to the well-known diagnostic method 7-Point Check List. 
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3 Technique and dataset 
3.1 Convolutional models in melanoma diagnosis 
In simple words, CNNs are a type of feedforward neural network that uses a 
mathematical convolution operation to extract features from images 
automatically. These features are passed to successive layers that learn more 
abstract features from previous ones until a final output is yielded, simulating 
some of the human visual cortex [44]. Consequently, CNNs can build more 
complex concepts from simpler ones, e.g., they can learn to detect a human 
face based on more straightforward ideas as a nose and mouth, which are 
known from much simpler ones such as corners and contours [45]. As a 
matter of example, Figure 3 illustrates a simple CNN model that learns to 
predict whether or not a patient has melanoma utilizing mapping the 
extracted features into more abstract feature spaces. The general layout of 
CNN architecture is significant, including layers, activation function, and 
hyperparameters. Layers in CNN are mainly categorized into convolutional, 
pooling, and fully connected layers. An activation function is a 
transformation function that maps the input signals into output signals 
required for the neural network to function. Popular activation functions 
include linear activation, Sigmoid functions ( logistic and hyperbolic tangent 
functions), Rectified linear units (ReLU), also known as piecewise linear 
functions, Exponential Linear Unit, and Softmax. Hyperparameters include 
filter kernel, batch size, padding, learning rate, and optimizers, etc. 
Optimizers are used to produce maximum performance from a network 
model. Examples include Adam, Rmsprop, Nesterov, and Sobolev gradient-
based optimizers. 

 
Figure 3 Diagnosis of melanoma with a simple CNN model. 

     CNN architectures There are various architectures of CNNs available. 
These architectures are critical factors in building deep learning algorithms. 
Here, we present a brief review of these classic CNN models, including 
AlexNet, VGG architecture, Inception architecture, ResNet architecture, 
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DenseNet architecture, Xception architecture, MobileNet architecture, 
NASNet architecture, and EfficientNet architecture, ect. more than a hundred 
CNN models. 

3.2 Classification of Lesion 
Classification, Skin lesion images can be classified to facilitate the process of 
detecting melanoma cancer. Several forms of skin cancer can be seen from the 
skin lesions images. These can be categorized majorly into malignant and 
benign. They can further be classified into more lesion classes. Melanoma is 
a malignant lesion and the most deadly of these classes. The image 
classification involves using selected features of an image to classify the 
image’s pixels into one of the several classes relying on a specific knowledge 
domain. It could be training a model using a data set and then testing it using 
one disjoint data set from the training set (in Figure 4). Most lesion 
classifications are binary, classifying between malignant and benign moles. 
The results of classification are typically influenced by the chosen feature 
descriptors and the classifier’s strength. The automated classification 
performance is equally dependent on the degree of dataset population. 

 
Figure 4 A classification model of melanoma. 

The two main classification types reported in the paper concerning medical 
imaging are supervised classification and unsupervised classification. 
Supervised classification uses an image analysis tool to generate a statistical 
categorization (such as mean and covariance) of each identified information 
class’s reflectance. Completing the categorization then fosters effective 
classification by examining each pixel’s reflectance and deciding on the best 
matching signatures. Decision criteria such as maximum likelihood can be 
used for overlapping signatures to assign pixels to the highest probable class. 
Unsupervised classification typically examines many unknown pixels and 
divides them into several categories based on natural groupings present in 
the image values using clustering procedures. Essentially, unsupervised 
classification clusters values that are close together in a measurement space 
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as a single class, thus arranging the data in various categories to be 
comparatively separated. Sample DL application for lesion classification 
purposes can be seen in multiple studies [27, 34, 41-43, 46-48].  

3.3 Techniques to improve CNN for melanoma diagnosis 
In the last decade, it has been an increasing tendency to develop and use 
modern CNN architectures to solve complex real-world problems. 
Researchers also try to apply advanced techniques to train these models 
better. Here we have summed up four main approaches, namely, transfer 
learning techniques [49], data augmentation methods [39], the development 
of ensembles of CNNs [47], and multitask models  [43]. 

In the paper I, we apply the Yolo series of state-of-the-art, real-time object 
detection systems [50-52], which have proven good competitors to Fast R-
CNNs [53] and SSDs [54] in terms of both detection and speed. A deep CNN 
was trained with 5-Fold cross-validation techniques to classify images of 
suspect dermoscopy lesions as benign or malignant in paper II. In the final 
paper III, we propose using an original ensembling of multiple CNNs as 
feature extractors, then detecting and measuring skin lesions atypical criteria 
according to the well-known diagnostic method 7-Point Check List.  

Leveraging these techniques in applying DL methods to medical image 
analysis could accelerate DL applications’ acceptance among clinicians and 
patients in the future. 

3.4 Image datasets for the melanoma diagnosis 
Due to the incidence of melanoma is continuing to increase worldwide, in the 
last few years, several private and public datasets have been published, thus 
allowing a better study of this illness and, therefore, the design of better 
approaches for its automatic diagnosis. The most popular private data 
collections of dermoscopic images are the Interactive Atlas of Dermoscopy 
[8], Dermofit Image Library [55], and the dataset presented by [37], which 
conducted a comparison with 21 dermatologists using 129,450 clinical images.  

Regarding public datasets for studying melanoma, the most extensive 
collection of datasets can be found in the ISIC repository [56], which 
comprises images labeled by expert dermatologists. In ISIC Archive 
repository, it contains a total of 9 databases, HAM10000 in [57], MSK-1, MSK-
2, MSK-3, MSK-4, MSK-5 [30], SONIC, UDA-1 and UDA-2 [58]. These 
databases are mainly collected from different sources and parameters. And 
so on are also different, such as age, collected equipment, where each 
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independent database picture's resolution is the same, and the picture 
resolution between databases is different. Besides, this repository provides 
the different datasets presented in the annual ISIC challenges (ISIC-2016, 
ISIC-2017, ISIC-2018, etc.), commonly used as benchmarks by the researchers. 
[59], on the other hand, it created the PH2 dataset that comprises 200 high-
quality dermoscopic images. Finally, [60] presented the MED-NODE dataset 
that collects 170 non-dermoscopic images shot with standard digital cameras; 
it is noteworthy that this data source is significant nowadays due to 
technological devices (e.g., smartphones and tablets) is continuously 
growing. 
In our work, we select only 200 images from ISIC-2017, half benign and half 
malignant, to keep balanced categories with the paper I. In paper II, the 
dataset is obtained from the University of Salerno, which collaborates with 
the University of Naples, where the dataset has been labeled accurately by 
experts. Though there are only around 1000 images, all of them are very high-
quality annotations. We develop CNNs model-based 7-point skin lesion 
malignancy checklist, training, and testing with a publicly available dataset 
Dermoscopy Atlas [43], which contains 1011 images 
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4 Performance analysis 
In this section, We analyzed our research performance s from three aspects 
and corresponded to three papers. We also analyzed the models’ strengths 
and weaknesses, the level we have reached so far, and the areas and space we 
still need to improve. Figure 5 and Figure 6 show some samples of test images 
generated by the final model from Paper I and Paper II. 

4.1 Melanoma diagnosis results 
Paper I applys the State-of-the-art Yolo network to do the detection of 
melanoma. Even with a small dataset, the performance is promising. The 
performance of the three versions of Yolo is tabularized in Table 1. The mAP 
of YoloV3 is 0.770, which is 0.064 lower than that of YoloV2; however, 
YoloV1’s mAP is the lowest at 0.371. Hence, the proposed YoloV2 better 
balances the relationship between feature representation capacity and the 
network overfitting problem. The quality of the Yolo results is shown in 
Figure 5. The presented comparison of three Deep CNNs (Yolo) shows that 
YoloV2 has the highest accuracy, reaching approximately 83% classification 
accuracy.  

Table 1 Mean average precision (mAP) comparison of Yolo versions. 

Framework Benign Malignant mAP 

YoloV1 0.41 0.33 0.37 

YoloV2 0.85 0.82 0.83 

YoloV3 0.79 0.75 0.77 

         

Table 2 The training results of the 5-fold method. 

Valid accuracy (%) 

Model 1 Model 2 Model 3 Model 4 Model 5 Mean 

    71.05 65.79 73.68 65.79 67.76 68.82 

        Further, we apply 5-fold cross-validation based on CNNs in paper II. K-
fold is one statistical method that can be used to estimate machine learning 
models’ skills. It is frequently used in machine learning to compare and select 
models for a given predictable modeling problem since it is easy to learn and 
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easy to carry out. It results in skills estimate that generally has a lower bias 
than other methods as the mean estimate of any parameter is less biased than 
a one-shot estimate. This algorithm aims to solve a small dataset in DL. The 
separated model resulted from the 5-Fold training was tested for each of its 
self-validation parts and calculated for the percentage of accuracy shown in 
Table 2.  

 
Figure 5 Yolo detection results. 

 

 
Figure 6 Examples of images classified by the final model. 

Finally, we have tried CNNs based on 7-point checklist models to 
diagnose melanoma in Paper III. The dermoscopic analysis based on the 7-
Point Check List as performed by CNNs can improve the diagnostic accuracy 
provided by the simple analysis of the digital image through Deep Learning 
thanks to augmented specificity. The sensitivity (SE) and specificity (SP) are 
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defined as the correct decision ratio to the number of cases where the 
corresponding dermoscopic criterion is present or absent, respectively. The 
prediction accuracy (ACC) represents the weighted mean of sensitivity and 
specificity according to the dichotomous cases’ distribution within the 
dataset. Table 3 shows the results from the CNN model with a 7-point 
checklist. 

Table 3 Diagnostic performance of the CNN-based classification. 

Classification Type SE SP ACC 

CNN Fusion (OR rule) 95.6 77.6 82.0 

CNN Fusion (OR rule) + LMT 76.2 91.7 87.8 

CNN Fusion (SPLIT rule) 90.0 89.8 89.9 

CNN Fusion (SPLIT rule) + LMT 83.7 93.0 90.7 

4.2 Advantages 
CNNs are being brought onto mobile devices with increasingly positive 
results, enabling an increasing range of applications to take advantage of 
modern mobile devices’ array of sensors. Most people use these devices in 
their everyday life, making it easy for a developer to solve everyday problems 
with this tool’s help. As a real-time detection, the Yolo melanoma detector 
could be deployed on mobile phones in the future. In the case of a limited 
data set, if you use cross-validation, for example, k-fold cross-validation is to 
train k models at the same time to take the mean, which is equivalent to that 
you can use the same model for different tests on a data set. Still, the training 
data sets are not all the same, equivalent to expanding the data set. If the k 
models' average effect is good, it can say that this model has a particular 
generalization ability to a certain extent. If we have a limited dataset, k-fold 
will be a good choice in the future. Our models have pointed out the direction 
for solving skin diseases based on a small dataset by DL and laid the 
foundation for future mobile applications. 

4.3 Disadvantages 
However, our research results also have many shortcomings. For example, 
the experimental results of our three papers use different small databases. So 
the ground truth forms vary, and the review model’s standard will also be 
different. It is essential to have a baseline for the comparability of research. 
Besides, the tasks we study are also various, some are classification, and some 
are detection. There is still a long way to achieve breakthroughs with deep 
learning on such a small database. The most important is that our accuracy is 



4. Performance analysis 
 

18 

still far behind compared to more than 90% accuracy at the ideal state. Our 
skin disease classification has only two benign and malignant types, but we 
believe that there should be a type between them. Usually, this type is the key 
to judge whether the patient is misdiagnosed. 
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5 Discussions 
This section discusses the challenges and opportunities for DL in melanoma 
diagnosis, aiming to explore these concerns and indicate challenges and 
opportunities in this field. We draw our insights from the reviewed literature 
and the literature in the sister fields of Computer Vision, Pattern Recognition, 
and Machine Learning. Here, we provide guidelines and directions to help 
deal with DL’s inherent challenges in Melanoma diagnosis. 

5.1 Challenges in melanoma diagnosis  
This thesis discusses the significant challenges faced in fully exploiting Deep 
Learning’s powers in skin cancer analysis. Instead of describing the issues 
encountered in specific tasks, we focus more on the fundamental challenges 
and explain the root causes of these problems for the Melanoma Imaging 
community to help understand the task-specific challenges. We demonstrate 
the potential of computer-aided diagnosis (CAD) systems based on DL 
models applied to skin cancer detection. Nonetheless, several concerns must 
be addressed to improve those systems. 

Low contrast. Automated melanoma recognition in dermoscopy images is 
challenging due to the low contrast of skin lesions, the vast intraclass 
variation of melanomas, and the high degree of visual similarity between 
melanoma and non-melanoma lesions—the existence of many artifacts in the 
image. The relatively poor contrast between the standard and lesional skin is 
in many cases. Other causes include variations in skin tone, skin aberrations, 
including the presence of artifacts (hairs, ink, bubbles, ruler marks, date 
markers, color calibration charts, etc.), non-uniform lighting, non-uniform 
vignetting (outer black circles), the physical location of the lesion and most 
essential variations in the lesion itself in terms of color, texture, shape, size, 
and place in the image frame. Researchers should consider these factors while 
designing a robust lesion segmentation algorithm [61, 62]. Proper 
preprocessing steps in lesion segmentation can minimize the influence of 
most of these. Figure 7 shows various dermoscopy images with different 
artifacts and aberrations. Figure 8 shows additional images with variations in 
skin tones and lesion characteristics. 

Black-box. CNNs, however, are black-box models. Therefore, there is a 
lack of explanation regarding how these models reach the final predictions, 
and this feature could imply both practical and ethical issues in biomedicine 
[63]. Most of the CAD systems found in literature follow a set of sequential 
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steps: artifact removal, lesion segmentation, feature extraction, and lesion 
binary classification (benign or malignant) [48, 64]. These systems achieve 
good performances in experimental conditions but usually extract features 
that do not have medical meaning or are not easy to explain to physicians 
[65]. Besides, the feature extraction procedures are often insufficiently 
described [66], preventing other users’ implementation of the algorithms. 

 
Figure 7 Various artifacts seen in dermoscopy images 

 
Figure 8 Dermoscopy images illustrating variations in lesion characteristics. 

DL’s significant limitation is that it is hard to explain how these algorithms 
come to their conclusions. This algorithm can be compared to a black box that 
inputs and produces outputs without describing how it created the outputs. 
If an algorithm misdiagnoses a malignant lesion, it cannot explain why it 
chooses a confident diagnosis. While the outputs can be helpful if the model 
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cannot explain why it classified a skin lesion as malignant or not and chose a 
particular therapy, it is potentially dangerous and problematic for the patient. 
Physician interpretation must explain why a diagnosis or treatment should 
be selected. algorithms, DL is also prone to the maxim “garbage in, garbage 
out.” This maxim indicates that the quality of the dataset input determines 
the quality of the output. Therefore, if these images’ inputs are poorly labeled, 
then the algorithm’s outputs will reflect these inaccuracies. 

Single model. The existing works applying CNNs are commonly limited 
to using a single model. That is evaluated over a specific dataset, thus not 
deeply investigating how to overcome the challenges related to melanoma 
diagnosis, e.g., the sizeable class imbalance ratio that commonly exists in 
melanoma datasets [14, 67]. Consequently, to date, the understanding of the 
effectiveness of CNNs for diagnosing melanoma is quite limited, hampering 
the selection of the most suitable architecture according to data characteristics. 

Lack of dermatologists. These DL algorithms help make specialty 
diagnoses more accessible in areas where there is a lack of dermatologists. 
However, these algorithms’ accuracy is hard to determine when used 
without any physician input.  

 
Figure 9 Example limitations of deep learning. 

Underrepresented skin color. Almost all of those researchers focus on 
images and data from the USA, Australia, North America, and Europe. In 
contrast, only a few studies focus on Chinese, Korean, or Japanese patients in 
Asia. Some even noted that studies trained on images of Asian patients 
performed worse on Caucasian patients [68, 69]. Applying algorithms trained 
on fair skin images could be inaccurate on skin color as many cutaneous 
diseases manifest differently in the skin of color. Since DL models are still in 
their nascency, there is the opportunity to improve these studies by ensuring 
this technology can be inclusive to patients of all ethnic and racial 
backgrounds.  

Dataset and uncertainty. Despite the proven effectiveness of CNNs, they 
are still limited in diagnosing melanoma mainly because they need a large 
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amount of data to build accurate models [70]. But to collect medical data is a 
challenging task, particularly for skin cancer. Therefore, one of the main 
concerns of applying deep learning for this task is the lack of training data 
[48, 68]. As stated before, the ISIC archive is essential to tackle this issue. 
However, the sample number available is still insufficient and very 
imbalanced among the classes. Several approaches have been brought to cope 
with these problems, such as transfer learning, data augmentation, up/down-
sampling, and weighted loss [39, 71]. Nevertheless, there is still space for 
improvement in the future and approaches to improve with limited data. 
Based on weak supervision, it seems to be an excellent choice to deal with it. 

 
Figure 10 The difference between clinical, dermoscopic, and histopathological  images of  skin 

cancer 

Single data type. At present, the types of pictures recognized in the field 
of skin disease recognition are relatively single. Most graphics are based on 
the images generated by dermoscopic imaging technology. Few studies have 
been conducted on the photographs taken in clinical or real life. The lesion 
location is challenging to identify due to several problems, such as low pixels 
and shadows. The lesion area only occupies a small part or incomplete in 
clinical or natural scenes pictures. This aspect needs further study. In clinical 
recognition models, attention mechanisms or target detection methods can be 
introduced to focus on skin disease lesion sites for facilitating the feature 
extraction of lesion sites to improve the accuracy of clinical recognition 
models. It is also important to note that the lack of available clinical data is a 
limiting factor for this task. As shown in Figure 10, dermoscopic, clinical and 
histopathological images present significant differences associated with the 
level of details available in each image. Thus, the reuse of a model trained 
using only dermoscopic images to predict clinical manifestations is not 
feasible. The previous works that deal with clinical data either combined 
some small datasets [68] or have access to private ones [37, 46]. In this sense, 
a concerted effort is necessary to build a clinical and histopathological image 
archive such as ISIC.  
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Bias. Another challenge regarding skin cancer detection is to understand 
the current bias that distorts the models’ performance. [72] carried out a study 
that suggests spurious correlations guiding the models. Moreover, some 
datasets, such as the one used by[46], contain just a few skin types, 
contributing to the bias. All these points must be considered to deploy a 
model to detect skin cancer for a more diverse group of people. 

Image standardization. Image standardization should be embraced in the 
medical research community to ensure the reproducibility of findings. 
Moreover, efforts should be made to have an extensive image library of 
varying skin lesion samples with categories based on lesion types and 
making these accessible to researchers to ensure proper benchmarking of 
research results. 

Unbalance classes. We propose that more efforts should be geared 
towards optimizing feature selection to reduce complexity and time-
consuming computation. A number of the classification models proposed in 
the literature still exhibit some challenges such as unbalance between lesion 
image classes, the difficulty in defining discriminating visual features, and 
the effect of some lesion image classes’ multiplicities. We believe that less 
emphasis could be given to the number of features required to discriminate 
between lesion categories provided a good classification model. 

Metadata. Patient information plays an essential role in the diagnosis 
process. Henceforth, we can combine patient history such as itching on skin, 
age, hair loss, etc., in the classification phase. It is essential to include, along 
with the images, the patient demographics (metadata). As [46] has shown, 
the use of metadata may help the DL systems cope with the lack of a large 
number of images. 

5.2 Future directions 
The problems mentioned above are most data problems that we all face when 
doing skin disease image processing. However, we also have three algorithm 
directions to continue to advance and explore in the future. 

Despite the advantages that some techniques offer for better training of 
CNN models, such as GANs, ensemble, and multitask learning methods, it 
should be stressed that significant limitations arise when they are applied. 
For example, GAN-based models require a complex training process where 
a balance between the generative and discriminative models needs to be 
found. Therefore, GANs frequently fail to converge [73], where gradients can 
result in random oscillations. Setting up a GAN-based model involves a very 
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costly tuning process, limiting its correct application in some real-world 
problems. As for ensemble models, the training of this type of model 
commonly requires the assessment of a high number of possibilities that 
hamper the process, such as the number and type of CNN models to combine 
and the way to connect the learned representations and partial predictions 
yielded by each member of an ensemble. Finally, regarding multitasking 
learning, the main limitation is that when applying this paradigm, it will be 
a lack of public datasets. That contains heterogeneous information for each 
sample (e.g., dermoscopic images with their associated metadata and clinic 
data), limiting the development of accurate multitask models for melanoma 
diagnosing. 

As we can note, the expert can identify known patterns in the image to 
determine the final diagnosis. While it is a challenging task, it should be the 
ultimate goal of a CAD system employed for skin cancer detection. 

However, CNN for the screening of melanoma or non-melanoma skin 
cancers has not been validated in prospective clinical trials and still has 
notable limitations. Beyond the simplistic task of differentiating malignant 
from benign lesions, DL can also be applied in differential diagnosis, 
dermatopathology, teledermatology, mobile applications, and personalized 
medicine. Even though deep convolutional neural networks have been a 
significant success for image pixel-wise segmentation, their inefficiency in 
computational time limits their capability for real-time and practical 
applications. To propose an efficient network architecture for skin lesion 
segmentation while achieving state-of-the-art results. 
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6 Summary 
6.1 Conclusion 
In this thesis, it  has summarized the work for melanoma classification so far. 
We have reviewed that DL has numerous potential applications in the 
dermatologist’s workflow from diagnosis to treatment. DL can improve the 
dermatologist’s practice from diagnosis to personalized medicine. Recent 
advancements in access to large datasets (e.g., electronic medical records, 
image databases, omics), faster computing, and cheaper data storage have 
encouraged DL algorithms’ development with human-like intelligence in 
dermatology. There are many promising opportunities for DL in the 
dermatologist’s practice. The classification of images through CNNs has 
garnered the most attention for its potential to increase the accessibility of 
skin cancer screenings and streamline the workflow of dermatologists. 

Further research in DL should be transparent by making algorithms and 
datasets available to the public for additional validation and testing. Before 
coming to market, rigorous peer-reviewed prospective clinical trials should 
be conducted. Overall, involving more dermatologists in developing and 
testing DL is imperative for creating functional and clinically relevant 
technology. 

Mobile devices, such as smartphones, PDAs, and tablets, become an 
essential part of human life. Embedding AI diagnosis and skin disease 
treatment on intelligent machines will be a significant trend in the future. 
However, most skin diseases are diagnosed based on high-performance 
graphics processors. The algorithm’s computational complexity should be 
minimized while improving the algorithm recognition capability to ensure 
that it can be easily used on mobile phones and wearable intelligent devices. 
This study is of great significance for AI diagnosis and treatment of skin 
diseases. 

Although lesion segmentation, feature segmentation, feature generation, 
and classification are the significant steps, proper attention should be given 
to the additional steps, which in most cases are the major contributors to a 
superior outcome. 
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6.2 Next research plan 
Many automated skin cancer diagnostic systems have been proposed in the 
literature, all of which consider dermoscopy images solely in their analysis. 
In reality, however, clinicians believe two imaging modalities; an initial 
screening using clinical photography images to capture a macro view of the 
mole, followed by dermoscopy imaging that visualizes morphological 
structures within the skin lesion. Shreds of evidence show that these two 
modalities provide complementary visual features that can empower the 
decision-making process. We believe it will become a trend shortly because 
of three types of skin cancer images: clinical, dermoscopic, and 
histopathological. Each type of image presents different characteristics, 
which may correlate features to improve the predicted diagnosis. Besides, 
CAD systems will be able to act from clinical diagnosis to biopsy, making it 
more desirable and valuable. To classify histopathology by DL is still in its 
early stages.  As far as our knowledge is concerned, there is still no skin 
disease database that contains these three types of images for deep learning. 
DL models AlexNet, VGG, GoogleNet, and ResNet are widely used in skin 
disease recognition. Researchers often use multi-model fusion technology to 
improve the performance of models. Thus, providing applicable guidelines 
that ease selecting the proper CNNs architecture according to data 
characteristics and showing the effectiveness of several techniques can 
significantly improve the predictive performance in diagnosing melanoma. 
Understanding what type of deep learning methods are currently being used 
and how these methods are evolving is crucial for regulating and optimizing 
these technologies for patients. Mobile applications for classifying lesions and 
skin cancer are unregulated and are not currently inaccurate or sensitive to 
serve as helpful screening tools. Most of these studies were published 
without a dermatologist listed as an author, suggesting that more 
dermatologists should be involved in developing these DL models. 

We will choose light CNNs combined with a 7-point checklist or ABCD 
rule for skin lesions classification in future work. We will continue with a 
small dataset created by our team involving more dermatologists. We also 
consider using dermoscopy and clinical imaging both in our work. When our 
accuracy reaches a certain level, we will also consider deploying the final 
model for actual mobile use. 
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