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CLASSIFICATION OF MELANOMA MALIGNANCY IN DERMATOLOGY

SUMMARY

Cancer has become one of the most common diseases all over the world in recent
years. Approximately 40% of all incidences is skin cancer. The frequency of sightings
of skin cancer has increased by 10 times in the last 50 years, and the risk of developing
skin cancer is about 20%. Skin cancer has symptoms such as abnormal tissue growth,
redness, pigmentation abnormalities and nonhealing wounds. Melanoma is a rare
type of skin cancer with higher mortality compared to other types of skin cancers.
Melanoma can be defined as a result of uncontrolled division and proliferation of
melanocytes. Worldwide, melanoma is the 20th most common cancer and there are an
estimated 287,723 new cases (1.6% of all cancers). In USA, more than two hundred
thousand new cases of melanoma were diagnosed in 2021 and it increases more rapidly
than other forms of cancer. Melanoma incidence increased up to 237% in the last
30 years. In our country, Turkey, melanoma is relatively rare compared to the other
countries.

Cancer cells display a rapid grow and systematic spread. As in all types of cancer,
early diagnosis is of great importance for the treatment of skin cancer. Early diagnosis
improves treatment success and prognosis. To detect a melanoma, changes in color,
shape and structure of the skin, swelling and stains on the skin are carefully examined
by the physicians. Besides the physician investigation, computer aided diagnosis
(CAD) mechanisms are recommended for early diagnosis.

In this thesis, deep learning models have been used to determine whether skin lesions
are benign or malignant melanoma. The classification of the lesions is considered
from two different points of view. In the first study, effect of objects in the image
and image quality on classification performance was examined by using four different
deep learning models. In addition, sensitivity of these models was tested. In the second
study, it was aimed to establish a pre-diagnosis system that could help dermatologists
by proposing a binary classification (benign nevi or malignant melanoma) mechanism
on the ISIC dataset.

In clinical settings, it is not always possible to capture flawless skin images. Sometimes
skin images can be blurry, noisy, or have low-contrast. In other cases, images can
have external objects. The aim of the first study is to investigate the effects of
external objects (ruler, hair) and image quality (blur, noise, contrast) using widely
used Convolutional Neural Networks (CNN) models. Classification performance of
frequently used ResNet50, DenseNet121, VGG16 and AlexNet models are compared.
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Resilience of the mentioned models against external objects and image quality was
examined.

Distortions in the images are discussed under three main headings: Blur, noise and
contrast changes. For this purpose, different levels of image distortions were obtained
by adjusting different parameters. Data sets were created for three different distortion
types and distortion levels.

Firstly, the most common external object in skin images is hair on skin. In addition,
rulers are commonly used as a scale for suspicious lesions on skin. In order to
determine the effect of external objects on lesion classification, three separate test sets
were created. These sets consist of images containing a ruler, hair and no external
object (none). The third dataset consists only of mole (lesion) images. With the three
datasets, four models were trained and their classification performances were analyzed.
In fact, the best result was expected to be classified with a higher accuracy of the
dataset that did not contain any object except the lesion. However, when the results
are analyzed, since the image set containing hair had the highest number of images in
the total dataset, the best classification performance in our system was measured by
using DenseNet model on this subset. As a result of these tests, ResNet model showed
a better classification performance compared to other models.

Melanoma images can be better recognized under contrast changes unlike the benign
images, we recommend ResNet model whenever there is low contrast. Noise
significantly degrades the performance on melanoma images and the recognition rates
decrease faster compared to benign lesions in noisy set. Both classes are sensitive to
blur changes. Best accuracy is obtained with DenseNet model in blurred and noisy
datasets. The images contain ruler has decreased the accuracy and ResNet has better
performance in this set. Hairy images have the best success rate in our system since
it has the maximum number of images in total dataset. We evaluated the accuracy
as 89.22% for hair set, 86% for ruler set and 88.81% for none set. We can infer
that DenseNet can be used for melanoma classification with image distortions and
degradations. As a general result of the first study, we can conclude that DenseNet can
be used for melanoma classification since it is more resistant to image distortion.

In recent years, deep learning models with high accuracy values in computer aided
diagnosis systems have been used frequently in biomedical image processing research
area. Convolutional neural networks are also widely used in skin lesion classification
to increase classification accuracy. In another study discussed in this thesis, five deep
learning models were discussed in order to classify the images in the specially created
skin lesions dataset. The dataset used in this study consists of images from ISIC
dataset. In the dataset which is available in 2020, there are two classes of benign
and malignant and three diagnosis consist of nevus, melanoma and unknown. We only
considered images with nevus and melanoma diagnosis. Dataset had 565 melanoma
and 600 benign lesion images in total. We separated the 115 images for the class of
malignant melanoma and 120 images for the benign nevi class as our test set. The rest
of the data was used for model training.

With pre-processing methods such as flipping and rotation, the training dataset has
divided into 5 parts and the number of images in the train set was increased.
DenseNet121, DenseNetl61, DenseNet169, DenseNet201, ResNetl8, ResNet50,
VGGNet19, VGGNetl6_bn, SqueezeNetl_1, SqueezeNetl_0 and AlexNet models
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were trained with each subset. Using these models an ensemble system was designed.
In this system, results the models were combined with the majority voting method.
The accuracy of the proposed model is 95.76 % over the data set.
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DERMATOLOJIDE MELANOMA MALIGNANSININ SINIFLANDIRILMASI

OZET

Kanser hastalig1, son yillarda tiim diinyada en sik goriilen hastaliklardan biri haline
gelmigstir. Diinyada en yaygin kanser cilt kanseri olarak bilinmekte ve tiim kanserlerin
yaklasik% 40’in1 olusturmaktadir. Son 50 yilda goriilme sikligi 10 kat artan cilt
kanserine yakalanma riski yaklasik %20 olarak verilebilir. Deri kanseri, anormal
doku biiyiimesi, kizariklik, pigmentasyon anormallikleri ve iyilesmeyen yaralar gibi
semptomlarla ortaya ¢ikmaktadir. Melanom nadir bir cilt kanseri tiirii olmasina
ragmen, diger cilt kanseri tiirlerine kiyasla daha yiiksek Olim oranina sahiptir.
Melanom, melanositlerin kontrolsiiz boliinmesi ve ¢ogalmasi sonucu tanimlanabilir.
Diinya ¢apinda, melanom en yaygin 20. kanserdir ve tahmini 287.723 yeni vaka
vardir ve tiim kanserlerin yaklagsik %1.6’s1 kadardir. ABD’de 2021°de iki yiiz binden
fazla yeni melanom vakasi teshis edilmistir ve diger kanser tiirlerinden daha hizli
artis gosterdigi belirtilmistir. Melanom goriilme siklig1 son 30 yilda %237 ye kadar
yiikselmistir. Ulkemizde melanom diger iilkelere gore nispeten daha ender goriilen
bir kanser tiiriidiir Diinya Saglik Orgiitii verilerine gore, tiim kanser tiirleri icinde 21.
sirada oldugu ifade edilmektedir.

Kanser hiicreleri hizla biiylir ve sistematik olarak yayilir. Kanser semptomlarinin
erken teshisi, tedavi basarisini ve iyilesme oranini oldukca etkilemektedir. Tiim
kanser tiirlerinde oldugu gibi cilt kanserinin tedavisinde de erken teshis biiyiik onem
tasimaktadir. Kotii huylu melanomlarin erken tespiti insanlarin hayatim1 kurtarabilir.
Melanomu tespit etmek i¢in cildin renk, sekil ve yapisindaki degisiklikler, ciltte olusan
siglikler ve lekeler doktorlar tarafindan dikkatle incelenmektedir ve gerekli ek tetkikler
de yapilarak melanom tanis1 koyulmaktadir.

Melanomun erken ve dogru teshisi, hastaliktan kurtulma oranlar1 {izerinde kritik
oneme sahiptir. Bu amagcla son zamanlarda erken tani icin bilgisayar destekli tam
mekanizmalart Onerilmektedir. Bu sistemlerde son yillarda olduk¢a popiiler olan
derin 6grenme modelleri, potansiyel melanom lezyonlarinin siniflandirilmasi gibi bir
cok arastirma alaninda ele alinmaktadir. Bu tez calismasinda cilt lezyonlarinin iyi
huylu veya kotii huylu olup olmadiginin belirlenmesinde derin 68renme modelleri
kullanilmistir. Lezyonlarin siniflandirilmasi iki farkli bakis agisiyla ele alinmistir. Ik
calismada goriintiiler tizerindeki dis etkenlerin simiflandirmaya etkisi incelenmis ve
bu calismada dort farkli derin 6grenme modeli iizerinden siniflandirma yapilarak bu
modellerin dayaniklilig1 test edilmistir. ikinci ¢alismada ise, Tiirk saglik kurumundan
alinan lezyon goriintiileri ile olusturulan yeni bir veriseti {izerinde ikili siniflandirma
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mekanizmasi Onerilerek dermatologlara yardimci olabilecek bir 6n tani sistemi
kurulmasi hedeflenmistir.

Cilt goriintiilerinde en sik karsilasilan harici nesnelerden ilki, cilt iizerinde bulunan
killardir. Bunun yaninda, cilt goriintiilerinde lezyonun boyutunun 6l¢iilmesi amaciyla
cetvel parcalart sonradan goriintiilere dahil edilebilmektedir.  Harici nesnelerin
lezyon simiflandirilmasi iizerine etkisinin belirlenebilmesi amaciyla da ayn ii¢ test
seti olusturulmustur. Bu setler lezyon ile birlikte cetvel iceren, kil iceren ve hig
bir sey icermeyen goriintiillerden olusmaktadir. Uciincii veri seti sadece lezyon
goriintiilerinden olugmaktadir.  Aslinda bu c¢alismada, en iyi sonucun lezyon
haricinde hi¢ bir nesne iceremeyen veri kiimesinin daha yiiksek basarim oram ile
siniflandirilmas1 beklenmekteydi. Ancak sonuglar analiz edildiginde kil barindiran
gorilintii kiimesi, toplam veri setinde en yiiksek goriintii sayisina sahip oldugu icin
sistemimizde en iyi smiflandirma basarimi bu kiime iizerinde DenseNet modeli
kullanimi sonucunda Olciilmiistiir.  Cetvel iceren goriintiilerden olusan veri seti
izerinde yapilan testler sonucunda ise ResNet modeli diger modellere oranla daha iyi
bir siniflandirma basarimi géstermistir. Sistemin dogrulugu kil iceren veri seti lizerinde
%89.22 , cetvel iceren veri seti lizerinde %86 ve diger veri seti iizerinde ise %88,81
olarak hesaplanmigtr.

Klinik ortamlarda, kusursuz cilt goriintiileri yakalamak her zaman miimkiin degildir.
Bazen cilt goriintiileri bulanik, giiriiltiilii veya diisiik kontrastli olabilir ya da goriintii
icerisinde ek nesneler olabilir. ilk calismanin amaci, yaygin olarak kullanilan
evrisimsel sinir aglart modellerini kullanarak harici nesnelerin (cetvel, sac) ve goriintii
kalitesinin (bulaniklik, giiriiltii, kontrast) etkilerini arastirmaktir. Burada, biyomedikal
goriintii isleme alaninda siklikla kullanilan 4 derin 6grenme modeli olan ResNet50,
DenseNet121, VGG16 ve AlexNet ele alinmistir. Bu modellerin siniflandirma
basaris1 karsilagtirllmistir. Modellerin hangi bozulma derecelerinde daha iyi sonuclar
verecegi incelenmistir. Diger bir deyisle hangi modelin hangi bozulmaya kars1 daha
dayanikli veya hassas oldugunun belirlenmesi iizerine ¢alisilmistir. Goriintiilerdeki
bozulma bulaniklik, giiriiltii ve kontrast degisimleri olarak ii¢ ana baglik altinda ele
alimmistir. Bu amagla ii¢ farkli bozulma tiirii icin degisik parametreler kullanilarak
goriintiilerin bozulmasi1 saglanmig ve her bir bozulma tiirii icin farkli sayida alt
yapay veri setleri olusturulmustur. Melanom goriintiileri, i1yi huylu goriintiilerin
aksine kontrast degisiklikleri altinda daha 1yi saptanabilmektedir. Ayrica, goriintiilerde
kontrast farklilig1 s6z konusu ise cilt lezyonlarinin siniflandirlmasinda ResNet modeli
diger modellerden daha iyi sonu¢ vermektedir.Gorlintiilerde siklikla karsilagilan bir
bozulma olay1 da giiriiltiidiir. Giiriiltii, melanom (ko6tii huylu lezyon) goriintiilerinin
siniflandirilmasi iizerindeki performansi onemli Olciide diisiiriir ve tanima oranlari
giiriiltiilic sette iyi huylu lezyonlara kiyasla azalir. Her iki sinif da bulaniklik
degisimlerine karsi duyarlidir.  Bulanik ve giiriiltiilii 6rneklerin bulundugu veri
kiimelerinde en iyi dogruluk DenseNet modeli ile elde edilmistir.

Calismanin genel sonucu olarak, DenseNet’in goriintii bozulmalarina kars1 daha
dayanikli oldugundan dolay1r melanom siniflandirmasi i¢in kullanilabilecegi sonucuna
varabiliriz.

Son yillarda biyomedikal goriintii isleme arastirma alaninda, bilgisayar destekli
tan1 sistemlerinde yiiksek dogruluk degerlerine sahip derin Ogrenme modellerine
siklikla bagvurulmustur. Evrigimsel sinir aglari, siniflandirma dogrulugunu artirmak
icin deri lezyonu siniflandirmasinda da yaygin olarak kullanilmaktadir. Bu tezde
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ele alinan bir diger calismada ise, 6zel olarak olusturulmus cilt lezyonlar1 veri
kiimesindeki goriintiilerin siniflandirilabilmesi amaciyla beg derin 6grenme modeli ele
alinmistir. Bu calismada kullanilan veri seti, ISIC veri setinden alinan goriintiilerden
olugsmaktadir. 2020 yilinda arastirmacilarin kullanima sunulan veri setinde benign ve
malign olmak iizere iki sinif ve neviis, melanom ve bilinmeyen olmak iizere ii¢ tani
bulunmaktadir. Neviis ve melanom tanis1 olan goriintiiler iyi huylu ve kétii kuylu
siiflarini olusturacak sekilde ele alinmistir. Toplamda 565 melanom ve 600 benign
lezyon goriintiisii elde edilmistir. Tiim veri seti test ve egitim setleri olarak %20 ve
%80 oraninda ikiye ayrilmistir. Test setinde malign melanom sinifi icin 115 goriintii
ve benign nevi sinifi i¢in 120 goriintii kullanilmistir.

Kullanilan veri seti iizerinde yiiksek performans ile benign neviis veya malign
melanom cilt lezyonu taninmaya calisgilmistir. Egitim veri seti 5 parcaya boliinmiis
ve bazi goriintii 6n isleme metodlart kullanilarak alt egitim setlerindeki goriintii
sayist artirtlmistit. Bu calismada her alt set icin farkli bir derin 6§renme modelinin
egitilmesini amaglanmis ve 11 farkli derin 6§renme modeli kullanilmistir. Bu modeller
DenseNet121, DenseNetl61, DenseNet169, DenseNet201, ResNetl8, ResNet50,
VGGNet19, VGGNetl6_bn, SqueezeNetl_1, SqueezeNetl_0 ve AlexNet olarak
belirlenmigtir. ~ Belirlenen her model ile herbir alt egitim kiimesi egitilmistir.
Daha sonra, ¢alismanin sonuglanabilmesi i¢in model sonuclarini birlestirilmesi
planlanmuistir.

CNN modellerinin birlestirilmesi, giiniimiizde siniflandirma dogrulugunu artirmak icin
cilt lezyonu simiflandirmasinda yaygin olarak kullanilmaktadir. Bu calismada, bu
yaklasimi bes derin 6grenme modeli kullanarak ele aldik. Derin 6grenme modellerinin
dogrulugunu ayr1 ayri artirmak istedik. Egitilip kaydedilen her modelin test setine
uygulanmasi sonucunda elde edilen tiim sonuglar ¢ogunluk oylamasi metoduyla
birlestirilmistir. ~ Onerilen modelin dogrulugu veri seti iizerinden%95,75 olarak
hesaplanmigtir. Olduk¢a umut verici basarim sonuclari sistemin doktorlar tarafindan
bir on tan1 uygulamasi olarak kullanilabilecegini gostermektedir. Bu nedenle, bu
non-invaziv sistem klinisyenler i¢in faydali olabilecegi degerlendirilmistir.
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1. INTRODUCTION

The most commonly diagnosed type of cancer is reported as skin cancer [10]. Skin
cancer is formed by the uncontrolled proliferation of flat cells, basal cells and
melanocytes that make up our skin. According to the American Cancer Society
Foundation, one third of all cancers are skin cancer in USA [11]. Skin cancer has
two main types; melanoma and non-melanoma. Figure 1.1 shows that the types and
incidence of the skin cancer types in 2018 and the sample images of these types are

shown in Figurel.2.

Accounts for about 22 per cent Maost commonly diagnosed
of skin cancer diagnoses skin cancers

Melanoma
Incidence: 3.1 cases per 100,000 Basal cell carcinoma

Mortality: 0.63 deaths per 100,000

Skin cancer

Non-melanoma
Incidence: 10.1 cases per 100,000
Mortality: 0.64 deaths per 100,000

Squamous cell
carcinoma

Accounts for about T8 per cent
of skin cancer diagnoses

Other
eg. cutaneous lymphomas,
Merkel cell carcinomas,
adnexal tumours

Figure 1.1 : Types of skin cancer [2].

Melanoma can be defined as a result of uncontrolled division and proliferation of
melanocytes and is caused by melanocyte-stimulating cells that are pigmented on the

skin.

1.1 Purpose and Scope of the Thesis

In the world, the number of new melanoma cases is reported to be 2.8 in every 100,000
individuals and 0.6 in melanoma-related deaths per 100,000 people [12]. Melanoma

incidence increased more rapidly than other forms of cancer (up to 237% in the



c
Figure 1.2 : Sample images of melanoma(a) and basal cell carcinoma(b) and

squamous cell carcinoma(c) [3].

last 30 years) is reported. Melanoma, responsible for only 4% of all skin cancers,
is responsible for 75% of skin cancer deaths [13]. In Europe, 62,000 new cases
are detected each year [14]. In the United States (USA) in 2021, almost 100,000
melanomas were diagnosed [13]. The incidence, mortality and 5-year-prevalence rates

graphics are shown in Figure 1.3.

Melonama skin cancer incidence has also increased in Turkey in recent years, and
it is in the 21st rank in all types of cancer based on the data held by World Health
Organisation (WHO) [1]. 1756 new cases have been diagnosed and almost half of

them has been concluded with death in 2020. These statistics are given in Table 1.3.

Table 1.1 : Melanoma statistics in Turkey [1].

Number Rank (%)
New Cases 1756 21 0.75
Deaths 888 20 0.70
S-year prevalence (all ages) 5424 - 6.43 (Prop. per 100,000)

Melanoma is not so common in skin cancer types (5%), however it causes the
most death. Despite high mortality rates of melanoma, early detection of malignant

melanomas can save human life. To detect a melanoma, changes in color, shape and



Incidence, both sexes Mortality, both sexes

LAC** Africa
(5.8%) (4.7%)

al

Oceania LACH** «
(5.9%) Europe {9.9%) ' Europe
Asia ‘ (46.4%) N.America* (46.25)
(7.3%) (14.73%)
MN.America*®
(32.4%) Asia
(219)
Population  Number Population  Number
[ Europe 150 627 [ ] Europe 26 360
[ ] *Northern America 105172 [ ] Asia 11 986
| Asia 23753 | *MNorthern America 8412
Oceania 19239 | **| atin America and the Caribbean 5 657
| ] **Latin America and the Caribbean 18 881 [ ] Africa 2679
| Africa 6963 Oceania 1949
Total 324 635 Total 57 043

5-year prevalence, both sexes

mc**
(5.1%)
Oceania \
6.2%
{ ) Europe
Asia (47.3%)
(6.298)
MN.America*
(33.7%)
Population  Number
[ ] Europe 517 196
] *Northern America 368 049
| Asia 68197
Oceania 68 070
[ ] **Latin America and the Caribbean 55663
| Africa 15 643

Total 1092818

Figure 1.3 : The incidence, mortality and 5-year-prevalence rates for melanoma
worldwide [4].
structure of the skin, swelling and stains on the skin are carefully examined by the
doctors. Melanoma can be cured by treatment in early stages, but tends to spread if not

caught early. Melanoma is rare but more serious than other skin cancers.

For early detection of malignant melanomas, a computer aided diagnosis (CAD)
systems can be useful. CAD systems for early melanoma detection are used in
many academic studies. In these studies raw RGB images of moles are taken and
preprocessed. After that, features are extracted and machine learning algorithms are

applied. A CAD system with these stages has effectively good results.

The purpose and scope of the thesis is to speed up the diagnosis process of melanoma
malignancy. The proposed CAD system can be integrated to the systems used in

hospitals and used as a pre-diagnosis tool for clinicians.



1.2 Contribution of Thesis

We can summarize the contribution of thesis on skin lesion classification problem with

two different ways.

We first analyzed how the classification can be affected by additional objects or image
degradations. Presence of hairs on the skin can often and naturally be described as
extra objects in lesion images. In addition, there can be ruler in the images since
the dermatologists use them as a reference in order to measure the size of the lesions.
Other factors such as contrast changes, noise and blur in the images can be expressed as
image distortions that cause difficulties in image processing. We have investigated the
effects of these image distortions for classification problem. For this aim, we examined
all the pictures one by one and separated the images with ruler or hairs in ISIC dataset.
In addition, we created degraded image dataset for different levels of blur, noise and
contrast changes. First part of the thesis analyzed the effects of additional objects and
image distortions in skin lesion classification with different deep learning models in

the literature [15].

The other contribution of this thesis is to create a CAD system for classification of
skin lesions. This system is planned to be helped in early diagnosis of skin cancer. The
ISIC dataset for challenge 2020 is used for this system. In this study, the dataset was
divided into parts with a K fold cross validation style approach and train each fold with
a different CNN model. The final result was obtained by fusing the results all CNN

models. This resulted in a CAD system with higher accuracy.

1.3 Thesis Outline

The rest of this thesis is structured as follows: In Chapter 2, we reviewed the existing
studies on skin lesion classification. In Chapter 3, we summarized the deep learning
models used in this thesis. In Chapter 4, we provide details of the publicly available
dataset, ISIC, which is commonly used dataset on skin lesion classification problems
including this thesis. The effects of additional objects and image degradations on
melanoma classification and results of four different deep learning CNN models are

provided Chapter 5. Details of the proposed CAD system and its performance are



described in Chapter 6. Finally, findings and results of the thesis are given in Chapter

7 and 8 respectively.






2. LITERATURE SUMMARY

Studies of skin lesion classification consist of many different components such
as preprocessing, segmentation and classification. In melanoma classification, an
important preprocessing step is hair removal [16—18]. Hair on the dermoscopic images
may block the extraction of proper features from the image because it closes the main
structures in the image. Hence, hair need to be removed before creating a loss in
the images. After hair removal, many studies dealt with the segmentation of skin
lesion for better image understanding [19,20]. Segmentation aims to differentiate the
foreground and background in the skin images. Foreground includes the lesion and
background includes the skin and various textures that make the classification harder.
With segmentation, the skin lesion can be processed directly without any artificial
affects. Segmentation process can continue with classification or feature extraction
step. Features are extracted from skin lesions and they can be in many different forms
such as ABCD features (asymmetry, border, color and diameter) and other image
features [19, 21]. Final step is classification. Deep learning [22, 23] and machine
learning algorithms [24,25] are very popular for classification problems. Deep learning
algorithms consist of convolutional neural networks (CNN) and machine learning
algorithms such as support vector machines (SVM), K-nearest neighbour (KNN) and
random forest (RF) are mostly used in skin lesion classification (SLC). Some articles

about skin lesion classification are summarized below.

Toossi et.al. proposed a two layered system for hair removal in dermoscopic images
[17]. In the first step, they dealt with the hair detection. Firstly, principal component
analysis (PCA) was applied to the images to enhance the image contrast and to convert
red green blue (RGB) image to grayscale image. After that, for noise reduction a
3x3 sized Wiener filter was applied. Canny edge detector was used for the detection
of the edges of the hairs and segmentation of the hairs was succeeded with dilation
morphological operator. Dilation and filling operators were used for smoothing hair

lines in the images. As the second step in the system was hair removal was acheived



by inpainting. In the study, multi-resolution coherence transport inpainting method
was proposed. It was the combination of wavelet and simple coherence inpainting
methods. Experiments were tested on 50 images and true detection rate was measured

as 93.2% and false positive rate was 4% as overall system performance.

A system proposed by Korjakowska and Tadeusiewicz had 4 stages [16]: First step
was black frame removal. The lightness value of the pixels were calculated and if this
value was less than 15, then it was determined as black pixel. In addition, if more
than half of the pixels in a row were black, that line was labeled as a black frame and
eliminated. As a second step, they applied Gaussian filter for noise reduction. Next
stage was hair removal. They analyzed that top-hat transformations could be used for
this aim. In this approach, RGB images were converted to grayscale images. Negative
Laplacian filter was applied to increase the contrast.Hair were detected with black top
hat transform which is a different form of the closing operator. The last step of the
top-hat transformation was inpainting to find the whole hair and reconstruct the blanks
of the removed hairs. Diagnostic accuracy and sensitivity were the metrics to measure

the system performance and they were measured as 88.7% and 90.8% respectively.

In another study, a combined algorithm consisting of watershed marker controlled and
canny edge detector methods was proposed [19]. There were three steps in this study:
image segmentation, feature extraction and classification. In first step, two methods
were used for segmentation:. magnitude gradient algorithm and canny edge detector.
In next step, asymmetry, border, color and diameter features are extracted according
to the ABCD rule. They calculated a total dermoscopic score (TDS) value from these
four features. According to these TDS values of images, classification was performed.
They tested the proposed system with 10 images and performance of the system was

90% for melanoma detection and 80% for non-melanoma detection.

In another study, a smart phone application was developed for detection of melanomas
[20]. System was designed in a client-server architecture. A user takes a photo of
the mole image via a smart-phone and this image was sent to the server. In server
side, feature extraction and classification were performed and compared with the
images in the dataset. The classification result was returned to the user’s smart-phone.
The framework included 3 different steps which were preprocessing, segmentation

and classification. The first step had three parts inside. With black frame removal,



smoothing and black hair inpainting algorithms, air bubbles, light and dark hairs and
black frames according to the HSL space were removed. The seeded region growing
algorithm was applied for segmentation step. After that, two classification methods-
micro-melanoma algorithm and specific melanocytic lesion algorithm- were used in
the last step. The diameter of segmented image of the skin moles was measured by
the user while sending the image and if it was less than 5 mm, then it was classified
with micro-melanoma algorithm. Otherwise specific melanocytic lesion algorithm
was used. Sensitivity, specificity and AUC metrics were used to assess the system
performance. Tests were performed on 144 images and the overall results were 92.2%,

97.2%, and 96.6% as TPR, TNR and AUC respectively.

In a study by Salido and Ruiz, deep learning model was trained for melanoma
detection [18]. Their system had three parts: Hair removal, lesion segmentation
and classification with CNN. In hair removal step, they used median filtering and
morphological operators as hair detection. Bottom-hat filtering was applied to the
images obtained by median filtering for the hair detection aim, then they applied a
closing operator to remove small objects in the images. After detecting hairs, they
used harmonic inpainting algorithm to fill the removed hair pixels with the new values.
PH? dataset was used for this problem in the study. After image processing steps,
transfer learning and classification were performed. For transfer learning, they used
AlexNet pretrained network. There were 96 kernels, 48 of them were color agnostic
and others are color specific. There were two classes - melanoma and non-melanoma.
The classification was done with AlexNet. Hyper parameters for the used network
were; learning rate is 0.001; maximum epochs were 1000 and mini batch size was 64.
They used stochastic gradient descent algorithm and momentum parameters were used
to train the CNN. The overall system accuracy was 92.5% as testing result and 95% as

validation result.

Two different deep learning networks was used in a study for melanoma detection
[26]. They used ISIC 2017 dataset. Preprocess was applied for cropping and
resizing the images. After that, data augmentation was performed by rotating and
flipping over the rotated images and they obtained a new dataset. Fully convolutional
residual networks(FCRN) was applied to each dataset namely original and flipped

datasets separately. FCRNs were used to for both segmentation and classification



simultaneously. The proposed framework was named as lesion indexing network.
For feature extraction, they proposed a lesion feature network (LFN) framework.
Superpixel extraction was used in this part. Each superpixel area was categorized as
pigment network, negative network, streaks, milia-like cysts and background. The
numbers of these patches were in different ranges. Hence, some operations like
rotation were used to equalize the numbers. LFN could be considered as a CNN which
included 12 convolutional layers. Stochastic gradient descent algorithm was used for
optimization of the network. After validation and testing, they obtained the accuracies
for each tasks: 75.3% for segmentation, 84.8% for feature extraction and 91.2% for

classification.

Albahar proposed a novel regularizer for classification of skin lesions [27]. The
regularizer was embedded in a deep convolutional neural network. In preprocessing
steps, images were resized and gamma correction was applied. After preprocessing,
the images were fed to CNN. It had 2 convolutional layers with 32 and 64 filters
respectively. The regularizer was embedded to each layer of CNN. Max pooling and
dropout layers were applied and final layer which was fully connected layer with 128
neurons was applied the images. 5600 training and 2400 validation images were used
in this architecture. The system was trained with 100 epochs and 97.49% accuracy was

obtained.

Melanoma recognition study focused on the aggregated deep convolutional features of
the dermoscopy images [22]. As in other studies, there was a preprocessing step in
this study. Firstly, images were resized and normalized. Normalization procedure was
done with subtraction of mean values of all images from the original image. After that,
rotation and translation were applied the images. The next step was extraction of local
convolutional features of the images from the pretrained network. After preprocessing
operations, 4 augmented images (per image) were obtained which are then passed
to CNN. Spatial map with width, height and depth parameters were possessed for
each augmented image and four of them were combined with Fisher vector encoding
(GMM and PCA were used) and deep features of the image was obtained. SVM
classifier was used for the classification. They used stochastic dual coordinate ascent
algorithm, it is used to minimize the regularized loss with the fast convergence property

during SVM. ISIC dataset was also used in this study. The number of images training

10



and test set were 900 and 379 respectively. In evaluation, they tried four different
networks: ResNet50, ResNet101, ALexNet, and VGGNet. They got the best results
with ResNet50 and Deep CNN-FV fusion algorithm. Their overall accuracy was
86.81%.

Attention residual learning for skin lesion classification was a study that fuse the
attention residual learning and convolutional neural networks [23]. In this study, there
were three sections: Attention residual learning (ARL) blocks, global average pooling
and classification. ARL was a combination of residual and attention learning. Residual
function took the input data of CNN and this input data was added to the function
and calculated a new function at the end of the CNN. They used attention learning
to have more powerful representation of network by producing the attention weights
of the already trained CNN. For this aim, there was no need to add extra layers to
learn. They emphasized the higher layer, so they used the feature maps of higher
layers as the mask of the lower layers. To combine these two learning into an ARL
block. They added the residual function, attention map and the input as output of the
CNN. They implemented systems with two different network layers (14 and 50). ISIC
dataset was used for evaluation; 2000 images for training, 150 images for validation,
600 images for test. After testing many combinations, they obtained the best accuracy
with ARL-CNNS50, it was calculated as 85% for melanoma classification and 86.8%

for seborreheic keratosis classification.

Nie et.al collected a dataset from University of Salerno and they had 760 training
images and 191 test images [28]. They divided the training set into five folds and
trained 5 different VGG16Net models. Four of these models were used for training and
1 fold was reserved for validation. After training processes, they tested their system
over 5 models and the result is averaged over them. The accuracy of their system for

test set was measured as 63.35 % and 68.82 % for validation sets.

In the study about melanoma classification, he handled with 4 pretrained and 1
proposed CNN models also some machine learning algorithm such as SVM and
K-NN [21]. 3920 images were chosen from ISIC dataset. Firstly, feature extraction
and Haralick texture features were used were extracted. After that, pretrained models
(AlexNet,VGGNet, ResNet, and GoogLeNet), and a proposed model (C4Net) were

trained. These 5 models were compared and best accuracy was obtained with C4Net.
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It contained 4 convolution, 3 max pooling, 2 fully connected layers and one output
layer. Dataset was divided into 10 folds and it was calculated over 150 epochs. The

average accuracy was calculated as 96.94 %.

Acosta’s study was melanoma diagnosis using deep learning techniques on
dermatoscopic images [29]. They proposed two-stage-algorithm. Firstly, they used
Mask R_CNN model for segmentation and in the next stage they handled with
classification of skin lesions with ResNet152. Mask R_CNN model specified the pixels
that can be lesion pixels which they named them as candidate pixels. The probabilities
of these candidate pixels being a lesion were calculated. The region was bounded
and cropped according to the probability values. For this aim, they used images and
masks in the ISIC 2017 dataset. Then the cropped images were used in classification.
Transfer learning was applied for classification and model was trained for fine tuning.

They reached the classification accuracy of 84.8 %.

Maiti and Chatterjee aimed to improve detection of melanoma and nevus with
deep neural networks [30]. The proposed system consists of 4 modules: image
preprocessing, feature extraction, data preprocessing and deep learning. Image
denoising and contrast enhancement are applied as preprocessing. For denoising, they
use an-isotropic diffusion function. It preserved edges and made blurry background
in the image. By modifying an-isotropic diffusion function, they normalised images.
Next step was contrast enhancement which was achieved with modified an-isotropic
diffusion with sigmoid functional. After that, processed images were sent to the lesion
mask generation module in which segmentation part was performed. Feature extraction
module included 2 main feature selection methods. They got 22 features with Haralick
co-occurrence matrices and 12 features with shape feature algorithm. After that,
polynomial features with size of 629 was produced from 34 features and new set
was reduced by principal component analysis (PCA) and sent to deep neural network.
MedNode dataset with 170 images and ISIC dataset with 2000 images were used in
their system. They used 12 machine learning algorithms and deep neural networks
for classification. Their best results were obtained with deep learning. Overall system

performance was reported as 96.8%.

Another study included three different deep learning method fusion [31]. As

preprocessing, they first normalised the images by subtracting mean values. Also,
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images were resized with bicubic interpolation method. Final preprocessing was
augmentation including rotation and horizontal flipping. ISIC dataset was also used in
this study and the number of dataset was increased by 8 times. After these operations,
images were sent to three neural networks: VGG16, AlexNet and ResNet18. Networks
were used for feature extraction from the images. Features were extracted from the
last fully connected layers of the neural networks. Extracted features were the inputs
of non-linear multi-class support vector machine classifier. There were 3 classes in the
dataset and SVM was set for malignant melanoma vs. all and seborrheic keratosis vs.
all. Three SVM classifiers were implemented for each network and their results were
fused and evaluated by probabilities using logistic regression function. After many
experiments, they possessed the best AUC value with the fusion of all three networks.

They calculated the overall system performance as 90.69 %.

A team participating ISBI challenge 2018 published a study about transfer learning on
dermoscopic images [32]. They used the ISIC dataset with 7 classes but amount of data
in each class was different from each other. Firstly, the normalization preprocessing
step was applied. Max RGB normalization algorithm was applied the images. After
that, by horizontally flipping the data was doubled and by rotation data amount in the
classes was balanced. They obtained almost 13000 data for each class. The next step
was training the network. VGG16 and GoogleNet were chosen to use in transfer
learning. Last three convolutional layer was trained and weights are learned. As
a result, they validated their system with ISIC validation set including 193 images
and the validation accuracy was calculated as 79.7 % for VGG16 and 80.1 % for
GoogleNet.

In the study of team of Minagawa and Koga, the first step was normalization of the
images [33]. Intensity and color balance values of the images were normalized. After
that, these images were sent to two classifiers. One classifier was used for training
Seborrheic Keratosis (SK) versus others and the other one was used for Malignant
Melanoma (MM) versus rest. They performed rotation, scaling and translation on the
images. They used a 50 layer ResNet in Keras as CNN with modifications. It was
analyzed that age and sex information were very important features to separate SK
from the others. Hence, they added these features for SK classification. There was no

lesion segmentation or cropping algorithm implemented. They used 783 MM images,

13



320 SK images and 2341 Nevo Cellular Nevus (NCN) images for training of CNNs.
As a further study, the RMSProp and AdaGrad optimization methods were used for
finding the best combinations of fine-tuned CNNs. The AUC measure was used to
show the results and their results are 0.924 for MM classification and 0.993 for SK

classification.

Ivan Gonzalez-Diaz proposed a system to classify the nevus, melanoma and seborrheic
keratosis [34]. CNN was also used in this study. They used a pipeline for classification.
First process of the pipeline was lesion segmentation network. It segmented the
image and outline the area of the lesion and generated a mask with the help of the
fully convolutional networks. The mask and the original image were sent to the data
augmentation module. In this module, the images were rotated and new set of 24
rotated images was obtained. In the next stage, structural segmentation network, they
extracted 8 features which were important structures for dermatologists to diagnose.
The extracted structures were labeled by physicians. According to the labels, it was
associated with the probabilities. Final module of the pipeline was diagnosis network.
ResNet-50 was used as basis. They implemented a 3-layer-system for final layer in the

classification.

Valle et. al. developed a deep learning solution to the problem [35]. They found
3 bottleneck in the system. One of them was the limited number of images. They
solved this problem by using 6 different datasets. ResNet-101 and Inception-V4
models were used and the models’ experiments were done with Slim/Tensorflow. More
images to train and more layers (deeper) in the models had more successful results.
Augmentation and normalization of the images were the important methods to increase
the success rate they analyzed. They added a SVM classifier as an extra layer at the

end of the network. Their overall system AUC was 0.908.

Xie et al. used an algorithm to generate high resolution feature maps which included
spatial and discriminative feature of boundaries and obtained segmented lesions with
the success rate of 85.7% on PH? dataset by using FCN-8 and U-Net CNN models [36].
In another segmentation study by Goyal et al. an ensemble of two different CNN
models -Mask RCNN and Deep LabV3- was developed and tested on ISIC datasets.
They obtained 93.8% segmentation accuracy [37]. CNN based models were used very

commonly for skin lesion segmentation [38,39]. In a study by Jafari et al., skin images
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were divided into patches that were sent to a CNN model. CNN model extracted
some local and global features from patches and detects the borders of lesion. Their
best accuracy was 98.7% [38]. Yuan worked with a few samples of skin images for
segmentation and FCN were used in their study. They took the problem as pixel-wise
classification instead of segmentation and proposed a novel loss function that uses

Jacard distance, they achieved the best accuracy of 95.5 % [39].

Besides segmentation deep learning algorithms become very popular in the
classification of lesions [23,27,40]. In addition to these studies, many systematic
reviews about lesion classification problem were recently published [41—43]. In these
three review studies, performances of both traditional classifiers (ie. SVM, KNN,
Naive Bayes and Decision Trees) and CNN model were investigated for classification

of melanoma.

Training of deep learning models require large amounts of labeled data. When the
amount of labeled data is low, models that are trained on other types of images are used
as a baseline model. These models are then fine tuned for the specific purpose using
transfer learning methods. In Harangi ensembles of DNN were used for skin lesion
classification [44]. In this study, ISBI 2017 Challenge dataset was used with three
classes: nevus, melanoma and seborrheic keratosis. Training images were augmented
by rotation, flipping and cropping operations. They recommended to use of fusing
four different CNN models: AlexNet, ResNet, VGGNet and GoogleNet. The fusion
of the outputs on the classification layer was handled and the average accuracy was

calculated as 86.6% after fusion model with weighting.

In another study by Hosny et al., classification of skin lesion were performed using
transfer learning and AlexNet [45]. They used three different datasets, which are
MedNode, DermIS- DermQuest and 2017 ISIC Challenge. Their augmentation
technique was based on image rotation. They rotated images in two ways. One way
was arbitrary rotation and the other was systematic rotation (between 0° - 360° with
regular intervals of 5°). They used modified AlexNet for transfer learning, and changed
the classification layer with softmax layer. Stochastic gradient Descent algorithm was
used with a small learning rate to update weights of the CNN model. Their system
performance was measured as 96.9%, 97.7%, 95.9% for Derm, MedNode and ISIC

datasets respectively.
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Mahbod et al. fused deep features for classification of skin lesion [46]. In this
study, ISIC Challenge 2017 dataset was used. First steps in their pipeline were image
preprocessing, image normalization, and resizing. After that, four CNN models;
AlexNet, VGG16, ResNet18 and ResNet101, were trained for feature extraction. The
features were used as the outputs of fully connected (FC) layers of the fine tuning
networks. They added two FC layers to the networks as replacement of the last FC
and output layer. After extracting features, SVM classifier were trained for three
classes. The best performance was obtained with fusion of all fine-tuned networks. The

accuracy was 87.26% and 95.52% for melanoma and seborrheic keratosis respectively.

Perez et al. used a CNN model for melanoma classification [47]. In this study,
many experiments were conducted to demonstrate the performance of different CNN
architectures for melanoma classification. They also used ISIC Challenge 2017
dataset and 9 different CNN models. The models were DenseNet, Dual Path Nets,
Inception-V4, Inception-ResNet-v2, MobileNetV2, PNASNet, ResNet, SENet, and
Xception. They performed the experiments 3 times on 5 test splits with 9 architectures.
They experimented with architectures of the models such as initialization of last layer,
augmentation, dropouts, data shuffling. These experiments revealed how they effect

the system performance.

A study based on the new trends such as transfer learning, deep learning and IoT
system for skin lesion classification was proposed and uses the ISIC and PH? datasets
[48]. The images from two datasets were sent to the CNN models for feature
extraction. They extracted features using 12 different CNN models. After that, they
used five different machine learning algorithms for classification of extracted features.
They compared the results of CNN model and other classification methods. The
best accuracies were obtained with combination of DenseNet201 and KNN algorithm,

calculated as 96.805% for ISIC dataset and 93.167% for PH? dataset.

In another study, melanoma and benign nevus lesions were tried to be classified [49].
The researchers applied three different classification methods; MLP, CNN(ConvNet),
CapsNet to the skin lesions. They used MLP with 3 layers and 2352 input
neurons. CNN model had 2 convolutional, pooling and fully connected layers, it was
8-layer-CNN model. In CapsuleNet, after ReLu layer, there is a primary capsule layer.

The capsule is a kind of vector which has size and direction information and it keeps
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the object feature. They used a dynamic routing by agreement method instead of max
pooling layer. Their dataset consisted of 170 images including 70 melanoma and 100
nevus samples. The accuracy was 76.4% with MLP, 95.1% with CNN and 98.9% with
CapsNet.

Barata et. al. proposed a CAD system including segmentation, feature extraction and
classification processes for diagnosis in skin lesion [50]. In that system, they dealt
with some problems. One problem was about the dataset that did not contain sufficient
information. Also, difficulty in identifying features and difficulty in diagnosis of
selected features were considered other issues. They used machine learning algorithms
for this aim. They used SVM, random forest and KNN machine learning algorithms
for classification and their results were fused with logistic regression and median rule
approaches. The EDRA atlas dataset with 804 images was used.The best accuracy was

obtained with SVM with RBF kernel and calculated as 85.9%.

Shorfuzzaman stacked the five different CNN models for skin lesion classification
problem: ResNet50, VGG-16, DenseNetl21, Xception, and EfficientNetBO [51].
In this study, ISIC archive images used and they were applied some preprocessing
operations such as noise reduction, resizing, normalization and enhancement. After
that, they trained the processed images with five CNN models and took three best
performing models. DenseNet, Xception, and EfficientNet were selected for model
evaluation and three models produced three probability vectors. According to the
combination of these vectors the FC layer with sigmoid function was used as meta
learner and in this way, classification was handled. The proposed method was achieved

the accuracy with the rate of 95.76%.
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3. DEEP LEARNING MODELS

Studies on deep learning have gained momentum in recent years with increasing
hardware availability. DCNN (Deep Convolutional Neural Network) becomes very
popular in image classification, scene classification, character recognition, image
segmentation etc. In almost all of these areas, the most successful results were obtained
with DCNN. Due to its performance, we also prefered to use DCNN within the scope

of this thesis.

A DCNN architecture is an architecture that consists of one or more convolution
layers (usually one sub-sampling layer) and one (or more) fully connected multi-layer
artificial neural networks. DCNN architecture is designed to take advantage of the
2D structure of input images. The neurons in the hidden layer are connected only by
neurons in a certain k X k zone, ensuring that the network is simple. Furthermore, since
shared weights are used, the number of parameters is much less than a fully connected

artificial neural network.

Deep learning has been the focus of attention in recent years and it is one of the
most commonly used methods in the biomedical image analysis. It allows us to train
a model to predict outputs with a given data set. For this aim, deep architectures
which are based on neural networks (residual, convolutional neural networks etc.) are
used. There are input, hidden and output layers in neural networks and many hidden
layers.Convolutional neural networks (CNN) are form of deep learning architectures.
In cNN architectures, the input is fed to the convolution layers whose output is
connected to the pooling layer. Deeper layers can be obtained by using these two
layers repeatedly. After convolution and pooling layers, fully connected (FC) layers
are used. FC layers also can be repeated. Finally, a fully connected layer with an
activation function such as rectified linear unit (ReLu) or SoftMax is applied and output

is produced. The concept of CNN models are shown in Figure 3.1.

In the literature, many networks have been designed. Some of these are presented

to use publicly such as ResNet, DenseNet, etc. These models are implemented and
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Figure 3.1 : A brief CNN architecture.

trained for a specific problem and all weights are saved. They are called as pretrained
models. The pretrained models can be directly used for other problems. We also used
pretrained models in this thesis as it requires less data to train them. They are explained

in next section.

3.1 ResNet

ResNet is one of the most commonly used network in deep learning studies. It is
a network proposed by He Kaiming et al. in 2015, ranking first in the ImageNet
Large Scale Visual Recognition Challenge-2015 classification challenge [52]. ResNet
is an abbreviation of Residual Network. It is based on the residual learning. ResNet
also managed to reduce the number of parameters, which is an important factor in

computational complexity.

ResNet model has a different structure from the traditional sequential network
architectures. ResNet differs from other architectures with its micro architectural
module structure. Changes between some layers ignored and it can be preferred
to switch to the lower layer. With this property, ResNet architecture has improved
performance. In addition to this layer structure, we can find the information about
the connections between layers. The difference between a residual network and a

convolutional neural network is shown in Figure 3.2.

Residual networks use a residual mapping and The part of the network from the input
to the output can be mapped with a nonlinear H(x) function. In ResNet architecture,
this path is mapped to another nonlinear function defined as F (x) = H(x) — x instead of
H (x). In addition, by making a shortcut connection from input to output, the x (input)
value is added to the F(x) function arithmetically. Then, the function F(x) +x and x
are passed to ReLU together. Therefore, by adding input to the end of second layer, it is

aimed to transmit the values from the previous layers to the next layers more strongly.
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Figure 3.2 : The difference between a residual network and a Convolutional Neural
Network [5]. a: Residual network, b: Convolutional network.
As stated in the article published in 2015, 152-layer ResNet was the deepest network
feature ever run on ImageNet. ResNet also has fewer parameters than some other deep
networks. This plays an important role in training faster and with less data. There are
many variations of ResNet: ResNet50, ResNet101, ResNetl152, etc. In this thesis, we

used different ResNet models with different number of layers.

3.2 DenseNet

DenseNet can be summarized as dense transform network that connects each layer to

all other layers in the feed forward style. It was developed by Huang et al. [53].

DenseNet uses less parameters compared to other architectures as it aims to reuse the
feature map produced by previous layers. Hence, a k-layer does not need to learn
that map over again. That layer has access to features from other layers. Due to this
feature, DenseNet is compact and effective network. DenseNet layers are very narrow
(for example, 12 feature maps per layer), it adds a small set of feature maps to the
network’s collective information and keeps the remaining feature maps unchanged.
The final classifier decides the class of input based on all feature maps on the network.
One advantage of DenseNet is advanced information and gradient flows that makes it
easier to train across the network. Each layer has direct access to gradients from the
loss function and the original input signal, which leads to an implicit deep control. This
helps the training of deeper network architectures. Furthermore, intensive connections
have a regular effect that reduces excessive compliance with tasks with smaller training

set sizes. The framework of DenseNet model is shown in Figure 3.3. In the figure there
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are 3 dense blocks with 16 convolutional layers. DenseNet is a type of convolutional
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Figure 3.3 : The architecture of DenseNet Framework [6].

neural networks. In DenseNet, there are links that connects all layer to each other.
Hence the features can be reused in other layers, which is the difference of DenseNet

and ResNet. The difference between networks can be seen in Figure3.4.
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Figure 3.4 : The difference between connectivities in networks [7].
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3.3 AlexNet

It is one of the first studies to provide convolutional neural network and deep learning
models to become popular in 2012. This network is developed by Alex Krizhevsky,
Ilya Sutskever and Geoffrey Hinton [54]. There are basically consecutive layers of
convolution and pooling. ReLU is used as activation function, and max-pooling is
used in pooling layers. AlexNet uses 8-layer CNN. This network demonstrated for the
first time that the features acquired through learning can surpass manually designed
features and break the previous conventional patterns in computer vision. The general

structure of AlexNet CNN model is shown in Figure 3.5.
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Figure 3.5 : The general structure of AlexNet architecture [8].

This deep convolutional neural network consists of 25 layers, 5 convolution layers,
3 max-pooling layers, 2 dropout layers, 3 fully connected layers,7 ReLLU layers, 2
normalization layers, softmax layer, input and classification (output) layers. In the first
layer of AlexNet, the shape of the convolution window is 11 x 11. A larger convolution
window is required to understand the object. The convolution window shape on the
second floor 1s reduced to 5 x 5, then to 3 x 3. In addition, after the first, second and
fifth curvilinear layers, the web adds maximum deposition layers with a3 x 3 window
shape and a long pitch of 2. After the last convolutional layer there are two fully
connected layers with 4096 outputs. These two large fully connected layers produce
the model parameters approximately 1 GB of memory space. It is very important when

considered the GPU memories.

In addition, AlexNet replaced the sigmoid activation function with a simpler ReLU

activation function. On the one hand, the ReLLU activation functionality is easier to
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compute. On the other hand, ReLLU activation functionality facilitates model training

when using different parameter initialization methods.

3.4 VGGNet

VGGNet is a simple architecture network. It is developed by Simonyan and Zisserman
in 2014 [55]. The VGG Network can be divided into two parts: The first part consists
mostly of convolution and deposition layers and the second part consists of fully
connected layers. The convolutional part of the network connects several VGG blocks
in a row. A VGG block consists of a convolutional layer sequence followed by a
maximum deposition layer for spatial down sampling. The original VGG network
had 5 convolutional blocks, each of had two convolutional layer followed by three
convolutional layers. The first block has 64 output channels, and each subsequent

block doubles the number of output channels until it reaches 512.

There are two kinds of VGGNet which are commonly used. The different VGG models
can be identified by the differences in the convolutional layer and the number of output
channels in each block. The use of blocks results in very compact representations of
the network definition and provides efficient design of complex networks. One kind
of VGGNet is VGG16 which has 13 convolutions 3 fully connected layers. There are
41 layers including maxpooling, fully connected, ReLu, dropout and softmax layers
in total. Approximately 138 million parameters are calculated. It has a structure in
traditional sequential network architecture. A general structure of VGGNet is shown
in Figure 3.6. The model training process is similar to that of AlexNet, except that it

uses a slightly greater learning speed.
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Figure 3.6 : The general structure of VGGNet architecture [9].

3.5 SqueezeNet

The SqueezeNet architecture was introduced in 2016 by landola et. al [56]. It was

designed as a small neural network for the purpose of including fewer parameter, taking
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up less space in memory and transmitting easily. It has an independent convolution
layer (convl), eight fire modules (fire2-9) and final convolution layer(conv10). It
reduced the model size by decreasing the number of parameters 50 times. The

graphical representation of SqueezeNet is given in Figure 3.7.

The difference from other networks is using fire block. Fire blocks consist of a 1 x 1
convolutional layer and it gives squeezed tensor as the output. After that, this tensor
is fed to the 1 x 1 convolution layer and a 3 x 3 convolution layer and the outputs are
concatenated. Another difference of this network is in its ability to handle images with

different sizes as it has no fully connected layer.
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Figure 3.7 : The general structure of SqueezeNet architecture.
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4. DATASET

There are few publicly available skin lesion datasets for the researchers. Table 4.1
shows these available datasets and including the number of images within each dataset.

The two of the most popular datasets are PH 2 [57] and ISIC Challenge Dataset [58].

Table 4.1 : The datasets available for dermatological studies.

Datasets # of Images
ISIC Archive [59] 33126

PH? [57] 200
DermoFit [60] 1300
Dermis [61] 397
MED-NODE [62] 170

4.1 ISIC- International Skin Imaging Collaboration Dataset

ISIC- International Skin Imaging Collaboration dataset has 13786 clinical cases in
2016 [58]. There are nine classes of skin lesions in that year. In 2020, the dataset has
33126 training and 10982 test images with two classes: benign or malignant melanoma

[59]. Some sample images from this dataset can be seen in Figure 4.1.

It is publicly available from 2016 to 2020. The dataset has been provided as a challenge
and it has been organized every year and the dataset has been updated each year. The

studies using ISIC Archive dataset for lesion classification can be found in Table 4.2.

Table 4.2 : Some studies and their accuracy values for SLC over ISIC dataset.

Author of the studies Accuracy(%)
Zhang et al. [63] 92.5
Aldwgeri et al. [64] 97

Albahar [27] 97.49

Sarkar et.al. [65] 99.50

Hosny et al. [45] 95.9

Hasan et al. [66] 93
Almaraz-Damian et al. [67] 92.4
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Figure 4.1 : Some sample images from ISIC dataset
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5. EFFECTS OF OBJECTS AND IMAGE QUALITY FOR SKIN LESION
CLASSIFICATION

Malignant melanoma is one of the most rapidly increasing cancers in the world [11].
Despite its low prevalence (5%), it has higher mortality rate compared to other types
of skin cancers. Just like many other types of cancer, early diagnosis of melanoma
is very important for an effective treatment and to avoid poor prognosis. Computer
aided diagnosis (CAD) systems can be used to assist physicians and to act as a second

opinion.

Typically, images are collected using dermatoscopy, and lesions are segmented and
classified as melanoma or not. The studies differ in their methods to process, segment
and classify the lesions. Lesion segmentation is the primary step for melanoma
detection. A typical dermatoscopy image has multiple lesions and suspected regions of
interest. Each of these regions has to be processed differently using their characteristics
such as border regularity, asymmetry and size of the lesion. The segmentation of the
lesions can be performed via various classical segmentation algorithms. However,
almost all recent studies employ deep neural network based models for lesion

segmentation.

ISIC dataset which is commonly used in this problem has high quality images.
However, the images taken by clinicians may not have such good quality due to
imaging system, illumination and other issues in clinical environments. As a result,
poor quality images with problems like brightness, blur, and noise can be acquired.
Some of these problems cannot be alleviated using image processing techniques. In
image recognition field, there are various studies about effects of image distortions
on the output [71-76]. They analyzed the strengths and weaknesses of CNN models
against image degradation. There are also a few studies about effects of image
quality in skin lesion classification. One study investigate the CNN performance under

different noise distortions in the skin images [77]. In another study, the researchers
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used low quality images that are degraded with blurring, noise compression and

channel errors to investigate the system performance [78].

In this study, we analyzed how the classification performance was affected by
degradation and defects in lesion images. We considered contrast, noise and blur
distortions and additional external objects such as hair and ruler. For this aim, we
obtained new test sets and classify the images by using commonly used deep learning
architectures for medical image analysis. We used four different CNN architectures
which were commonly used for melanoma classification problem: AlexNet [79-81],
VGG16 [80, 82, 83], ResNet50 [33, 34, 83], DenseNet [84, 85]. We investigated how

these CNN models perform under image degradation and defects.

We performed our tests with many artificially produced data sets. These datasets are
formed by changing image degradation level for blur, noise and contrast variations or
by selecting images that contain objects such as hair or ruler in the ISIC data. Our
purpose was to investigate the effects of image quality level and external objects on
classification performance. In addition, we investigated the best CNN model that is

effected the least from these degradation and objects.

5.1 Methodology

The proposed system has two main parts, training and testing. The block diagram of

whole system and processes done in each part is shown in Figure5.1.

5.1.1 Dataset

In this study, we aimed to test our experiments on the mostly used dataset. As many
other studies, we also used ISBI Challenge datasets that were released in 2017, 2018
and 2019 [3,68-70]. In 2018 and 2019, the labels of training part of the dataset were
given to the competitors, whereas the labels for the test and validation parts were not
released. Hence, training, validation and test sets of 2017 and training sets of 2018 and
2019 are used for the experiments. We combined all images in these three datasets.
After that, we split the dataset according to the class labels. There were labels for 9
and 7 classes in 2019 and 2018 datasets respectively. In the 2017 dataset, there were

only seborrheic keratosis and melanoma classes.
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In this study, we dealt with only two classes benign and melanoma. Hence, lesions
labeled as melanocytic nevus and benign keratosis and seborreheic keratosis classes
were considered as benign. We divided the images in 2 classes and split the dataset
into training and test partitions for both classes. We produced our partitions at

approximately 80-20% ratio for training and test respectively.

In order to analyze the effects of image external objects, we formed 3 test subsets;
Testryier, Testrqir, Testyon.. However, training dataset had all images with and without
hair and ruler. An artificial ruler was added to some of the images which are then
added to Testp,., set. For Testy,; dataset, we selected images that include any hair.
It can be a few or more hairs. Testy,,. set included only the lesion without hair or
ruler. We discarded the images have both ruler and hair to understand the effects of
the separately. The number of images per classes in the sets is shown in Table 5.1 and

some sample images from the test sets are shown in Figure 5.2.

Melanoma

Ruler

None

T -.",

i J

Figure 5.2 : Sample images from 3 test sets.

Table 5.1 : The number of images per classes in the sets.

Sets # of Benign Lesions # of Melanoma Lesions
Training 11400 3500

Test_Ruler 350 150

Test_Hair 1200 270

Test _None 1050 350
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5.1.2 Data augmentation

There is imbalance in numbers of images in the classes as seen in Table 5.1. Therefore,
we applied data augmentation processes on melanoma images in all sets to make the
image numbers equal in the benign and melanoma classes . Rotation and flipping
were used for augmentation. We rotated the images 45°, and flipped the images in

horizontal, vertical and both axis. The augmented images are shown in Figure 5.3.

Original image Vertical Flipping | Horizantal Flipping Both Flipping Rotated 45°

Figure 5.3 : Transformed images. The images in the first row are benign lesion, in the
second row are melanoma lesions.

5.1.3 Test sets with degraded images

Image processing algorithms can have different performances under different
conditions such as illumination, noise etc. ~We considered that Deep learning
techniques, Convolutional Neural Networks can also be affected from these conditions.
The quality of the images may adversely affect classification. Hence, we wanted to
analyze the effects of using synthetically degraded images in melanoma classification.
We used different levels of blur, noise and contrast degradation. We used the images

in the Testy,,. dataset for both classes.

5.1.3.1 Blurry image dataset

Blur is one of the main problems in image processing researches. It makes the
classification harder, so many studies use deblurring algorithms as preprocessing. In
this study, we did the opposite, we applied the Gaussian filters to our images. We

change the filter sizes and obtain different blurring levels. For this aim, we changed
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the value of o from 1 to 20 and we calculated the filter size width and height according
to the formula of w,h = 2(20) + 1. The filter size varied from (5 x 5) to (81 x 81) and

we obtained 20 test sets of different levels of blur.

5.1.3.2 Noisy image dataset

Noise is inherent in all images with different levels. Hence, we added Gaussian
distributed noise with zero mean and various scales (standard deviations) o. We
considered noise with scale (o) varied from 1 to 30. Gaussian noise were added to
all channels of skin lesion images separately. As a final step, image pixel values were
normalized to 0- 255 range by MinMax Normalization algorithm. We obtained 30

different probe sets to analyze the effects of noise in melanoma classification.

5.1.3.3 Contrasted image dataset

The images with different contrasts may also have different impact on classification
performance. For this aim, we adjusted the contrast in this part of the study using a
contrast factor. Contrast factor is a parameter where 0 means no contrast (all gray) and
1 means original contrast level. We obtained 20 different sets for the values of contrast

factor from 0.2 to 4 increments of 0.2.

Some samples of artificially degraded images are shown in Figure 5.4. Also, number

of images after data augmentation are given in Table 5.2.

Table 5.2 : The number of images per classes in the sets after data augmentation.

Sets # of Benign Lesions # of Melanoma Lesions
Training 11400 14000

Test_Ruler 350 300

Test_Hair 1200 1350

Test_None 1050 1050

Test_Blurred 1050 1050

Test_Noisy 1050 1050

Test_Contrasted 1050 1050

After specifying training and test sets, we applied pre-processing steps to our images.
Before training the networks, we first resized the images (224 x 224) as expected input
size of the CNN Models. We also normalized the images with a predefined function in

Pytorch library [86]. This function normalizes each channel (RGB) of the image with
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a,c.e columns are benign; b,d,f columns are melanoma images.
For Blur set, they are blurred by 5x5, 21x21, 41x41,81x81 filters,
For Contrast set, they are enhanced contrast by factors of 0.2,1 2, 4,
For Noise set, the noise with sigma =1, 10, 20, 30 added respectively.

Figure 5.4 : Sample images from synthetic image test sets.

the following formula

x(c,i) = G 2C He
where x(c, i) is the image pixel i in channel ¢ (¢ € {R,G,B}), U, and o, are the mean
and scale of channel c respectively. U, and o, are computed using all images in ISIC

datasets.

5.2 Experimental Results

In this study, we removed the last fully connected layer of all networks and added our
custom classifier. This classifier had a fully-connected network, which had 1000 input
neurons and a custom hidden layer which has 40 input neurons, also the output neuron
number was set to 2 due to the binary nature of classification. We also defined the
activation function as ReLLU and a dropout was set to 0.2. After that, we defined the
loss function and optimizer in our network. We used NLL (Negative log-likelihood)
Loss Function and ADAM optimizer for this problem. We also set the learning rate as

0.0001. After all definition, the model was prepared for training.
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We trained our models until training loss is lower than 1075, It is the early stopping
technique to avoid overfitting. After training, we saved the models and test sets are

tested with same models for each CNN architecture.

The success of the model is related to the number of samples assigned to the correct
class and the number of samples to the wrong class. The performance metrics obtained
as a result of the tests can be expressed with the confusion matrix. In the confusion
matrix, the rows represent the actual numbers of the samples in the test set, and the

columns represent the model’s prediction. The confusion matrix is shown in Table 5.3.

Table 5.3 : Confusion matrix.

Classified as Classified as
Melanoma Benign
Diagnosed True Positive (TP) False Negative(FN)
as Melanoma
Diagnosed False Positive(FP) True Negative (TN)
as Benign

The most popular and simple method used to measure model performance is the
accuracy rate of the model. It is the ratio of the number of correctly classified
samples (TP + TN) to the total number of samples (TP+TN+FP+FN). Error rate is the
ratio of the number of misclassified samples (FP+FN) to the total number of samples

(TP+TN+FP+FEN).

We evaluated the results of the trained models with different metrics which were

commonly used in classification problems. These metrics are as follows:

TP+TN
Accuracy = + (5.1
TP+TN+FP+FN
TP
ity = ———— 2
Sensitivity TP+ FN (5.2)
TN
Specificity = ——— 5.3
pecificity FPETN (5.3)
TP
Precision = ———— 5.4
TP+FP
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where TP and TN mean true positive and true negative and FP and FFN mean false

positive and false negative respectively.

We divided our test sets into overlapping 10 folds. All metrics were calculated for
each fold and they are averaged over ten folds. Figure 5.5, 5.6 and 5.7 show that the
performance metric results that were calculated over the noisy, blurry and contrasted

image datasets, respectively.

In Table 5.4, 5.5 and 5.6, we calculated the accuracy, sensitivity, specificity, precision
and true_predicted-all metrics over other three test sets: hair, none and ruler
respectively by using 4 different CNN models. Accuracies over three test sets are

shown in Figure 5.8.
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Figure 5.5 : Graphics of metrics over noisy images.

Table 5.4 : Performance metrics of the models for Test_Hair dataset (TP:
True-Predicted).

CNN Models Accuracy Sensitivity Specificity Precision TP/All
DenseNet121 89.22 0.8955 0.8883 0.9002  2275/2550

ResNet50 87.96 0.8681 0.8925 0.9008  2243/2550
AlexNet 84.51 0.8688 0.9133 0.8676  2155/2550
VGGI16 86.2 0.8177 09116 0.9123  2198/2550

It is crucially important to predict diseases correctly. Therefore, we measured True

Negative Ratio (TNR) on benign lesions and True Positive Ratio (TPR) on melanoma
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Figure 5.7 : Graphics of metrics over contrasted images

Table 5.5 : Performance metrics of the models for Test_None dataset (TP:
True-Predicted).

CNN Models Accuracy Sensitivity Specificity Precision TP/All

DenseNet121 88.81 0.9209 0.8552 0.8641 1865/2100
ResNet50 86.95 0.9142 0.8247 0.8391  1826/2100
AlexNet 84.95 0.8657 0.8333 0.8391  1784/2100
VGG16 86.57 0.8161 0.9152 0.9059 1818/2100
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Table 5.6 : Performance metrics of the models for Test_Ruler dataset (TP:
True-Predicted).

CNN Models Accuracy Sensitivity Specificity Precision  TP/All

DenseNetl21 86 0.9100 0.8171 0.8100 559/650
ResNet50 85.23 0.8933 0.8171 0.8072  554/650
AlexNet 80.92 0.8466 0.7771 0.7650  526/650
VGG16 81.69 0.9433 0.7085 0.7350  531/650
Test_Ruler Test_Hair Test_None
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Figure 5.8 : Accuracies of deep neural network models for test sets that are
calculated over 3 datasets.

images separately for four models. It is given in Table 5.7.

TP
TPR= ——— (5.5)
TP+FN
T
TNR= 1N (5.6)
FP+TN

In this study, we also dealt with some other issues and the most important one is
overfitting problem in training of the networks. We performed many strategies to

eliminate overfitting of data. Our strategies that we used were as follows:

* Loss functions: We tried two different loss functions: Negative Log Likelihood loss

function and Cross Entropy Loss Functions.
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Table 5.7 : Accuracy of the models for all test sets for both classes.(R: ResNet,

A:AlexNet, D: DenseNet, V: VGG16)

Benign TNR Melanoma TPR
Test Sets R A D A% R A D \Y%
Ruler Set 87.73 77.6 83.33 83.6(87.73 92 91.73 89.86
None Set 90.73 84.8 90.86 91.53|82.13 86.2 86.2 85.33
Hair Set 93.6688.13 93 89.53|78.06 83.73 85.06 82.46
Blur Set (9x9) 87.6 82.86 89.6 88.2|86.53 89.6 87.93 85.8
Blur Set (77x77) 97.2 84.66 85 99.438.26 70.8675.93 254

Noise Set (0 =2)
Noise Set (o = 28)
Contrast Set (c =0.4)
Contrast Set (c = 3.8)

88.06 82.86 88.66 85
85.93 90.2 94.7384.13
97 94.4 97.9396.33
6.53 46.26 31 20.33

83.2 86.33 87.73 82.26
53.93 47.1355.46 53.73
34.8 51.73 46.53 47.13
99.06 85.93 93.86 95.2

Optimizer: ADAM and Stochastic Gradient Descent (SGD) optimizers were

handled for the experiments.

Weight decay: The weight decay parameter was set from 0.1 to 0.9, and we did our

experiments with 9 different values of this parameter.

Early stopping: The training loss was calculated after each epoch and if the loss

was lower than a predefined value, the training was cut at that epoch.

Learning rate: Different values of learning rate parameter were set for the training.

After trying all strategies, we obtained the minimum training loss with early stopping
technique. We set the expected loss as 1e™ 6. If the calculated loss is lower than 1e™ 6,

we stopped the training at that point.
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6. ENSEMBLE OF CONVOLUTIONAL NEURAL NETWORKS FOR SKIN
LESION CLASSIFICATION

Although nearly everybody has benign melanocytic nevi on the skin, their malignant
counterpart, melanoma, is relatively rare, but it causes approximately 75% of deaths
among skin cancers. It is the 5th common cancer with around 0.1 million annual new
cases in USA [11]. Although melanoma is not included among the most common
types of cancer in Turkey, nearly two thousand new cases were reported and 888 of

them resulted in death in 2020 [4].

Melanoma incidence has doubled in the last 30 years both in Turkey and all over
the world. It is usually diagnosed by clinicians, mostly dermatologists, on physical
examination. Nevertheless, to differentiate benign melanocytic nevi and melanoma
can be a difficult task for clinicians. Some cases cannot be diagnosed without

histopathologic examination.

Early diagnosis plays a very important role in all types of cancer. With early diagnosis,
the progression of the disease can be brought under control, and with the necessary

interventions it can be cured.

Early detection of melanomas is crucial to achieve good survival rates. However,
especially in the early stages of melanoma, its differentiation from benign nevi is
a challenge for clinicians. For this aim, the researchers are willing to help to the
clinicians and many Computer Aided Diagnosis (CAD) systems have been proposed

to detect melanoma in early stages.

In this study, we proposed a CAD system for classification of the skin lesions as
melanoma or benign melanocytic nevus. We used the ISIC dataset which is prepared
for 2020 challenge. We applied the dataset on 11 different Convolutional Neural

Network (CNN) models and analyzed the test results.
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6.1 Methodology

In this study, the proposed approach consists of fusing of five different convolutional

neural networks. The system architecture is given in Figure 6.1.

6.1.1 Preprocessing

The amount of data used to train CNN has very important role on its performance.
In this study, we used 565 melanoma and 600 benign nevi images. We divided our
dataset into training and test clusters with the rate of approximately 80% and 20%
respectively. After that, we split the training set into 5 folds, so in each fold there are
96 benign and 90 melanoma images. Due to the limited number of images in folds,
the data augmentation process is a necessity for classification of skin lesions by using
deep learning algorithms. Hence, we applied preprocessing to images in training set
in order to increase the number of data. For this aim, we applied rotation and flipping
operations. We rotated the images by increasing degree of 15 between 0-360°and
flipped the image in vertical, horizontal and both directions. With this augmentation,

we increased training data by 27 times.

6.1.2 Training and ensemble of the models

Pre-trained CNN models are commonly used in skin lesion classification problems.
Mostly used CNN models are ResNet applied in [29, 31, 87-89], AlexNet utilized
in [31,90,91], VGGNet used in [31, 91, 92], DenseNet handled in [87, 89, 93] and
Inception Net used in [87,89,94]. Therefore, we decided to use pretrained CNN models
in our CAD system. We selected 5 different convolutional neural network models
and used their different variations of those models, so we handled 11 CNN models to
train. These models are: DenseNet121, DenseNet161, DenseNet169, DenseNet201,
ResNet18, ResNet50, VGGNet19, VGGNet16_bn, SqueezeNetl_1, SqueezeNetl_0,
AlexNet.

We changed the last layer of those pretrained models and we added two extra fully
connected layers instead of the last fully connected layer. New fully connected layers

had 1000 input and 40 output neurons and 40 input and 2 output neurons, respectively.
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Figure 6.1 : The overall system architecture.
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We used same parameter values for each model in training and the parameters in the

models are given in Table 6.1.

Table 6.1 : Parameter values in the models.

Parameter Value
Number of Epochs 100
Learning rate 0.0001
Batch size 32
Dropout 0.8

# of neurons in fc layer(input) 1000
# of neurons in fc layer(input) 40

# of neurons in fc layer(output) 2

We trained the models with maximum 100 epochs. However, we used early stopping
criteria. If the training loss is less than 10~ and the training accuracy is greater than
99%, then we stopped the training of the model and saved the model. On the other
hand, if the criteria were not satisfied, then the model was trained until the epoch

number reaches 100.

The usage of hybrid or ensemble Deep Neural Networks has become quite common in
classification problems [44, 64, 80,95,96]. We also tried to use an ensemble of CNN
models in which we trained each fold with a different CNN model. We specified the 5

different models for 5 folds and it is given in Table 6.2.

Table 6.2 : Specified CNN models for every fold.

Fold number CNN Model

Fold 1 ResNet18
Fold 2 VGGI9Net
Fold 3 DenseNet201
Fold 4 ResNet50
Fold 5 DenseNet169

6.1.2.1 Majority voting algorithm (MV)

The CNN models are trained over each fold and the outputs of the each model are
ensembled by voting strategy. Simple majority voting algorithm is used to decide the
final class labels of test subjects [97]. The classifiers (voters) give a label to each test

instance. It compares the class labels of all voters and if the majority (more than half
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of the voters) is achieved per each test image final decision is specified by majority
voting. It is used for ensemble of the models in skin lesion classification. Hence, we

wanted to provide a more accurate decision mechanism using the this voting algorithm.

6.1.2.2 Averaging probabilities algorithm (AP)

CNN model gives the probability values of being in a class and according to this
probability value, it assign the input to a class. We took this value instead of using
the class label directly, and averaged five values of five different models and based on
the calculated new probability value in this method. After that, we compared the new
probability value with a threshold and assigned the class label to that image. We used
this approach to ensemble the five CNN models outputs. We called this approach as

averaging probabilities (AP).

6.1.2.3 Weighting with confidence ratio algorithm (WCR)

In this approach, first step is to calculate the confidence ratio. We calculated the
accuracy performance of each model on each fold. The measured performance value
for each fold determines our confidence in the results produced in that model. Hence,
we multiplied the probability values and the confidence ratio of each model and we
obtained a weighted values. We averaged these results and after thresholding, new

class labels were assigned.

6.2 Experimental Results

In our experiments, we obtained 5022 images with data augmentation operations for
both malignant melanoma and benign nevi classes in five folds of training. We trained

each fold with a different CNN model and we saved them.

There are 235 images in the test set. It includes 120 benign nevi and 115 melanoma
samples. We tested our system with different 11 saved models over test set and the
evaluation metrics of each model are shown below. Figure 6.2, Figure 6.3 and Figure
6.4 show the metrics are measured by using maximal voting, averaging probabilities

and weighting with confidence ratio algorithms.

In addition, we compared performances of ensemble algorithms. The comparison of

accuracies of the three algorithms is shown in Figure 6.5.
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Figure 6.2 : The statistics for each model on test set by using majority voting
approach.
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Figure 6.3 : The statistics for each model on test set by using averaging probabilities
approach.

The model statistics of each model on each fold and their ensembled results is shown

in Figure 6.6 and Table 6.3.

Furthermore, Table 6.4 lists the number of images which are predicted correctly.
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Figure 6.4 : The statistics for each model on test set by using weighting with
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Figure 6.5 : The comparison of the accuracies of three ensemble algorithms .

We also analysed the three different ensemble techniques and their results. Majority

voting is better than the other approaches in terms of positive prediction rates. The

results of three approaches per models are shown in Table 6.5.

The best performances are obtained with ensemble of models. The proposed approach

predicted incorrectly for only 10 images in our test set and these images are shown in

Figure 6.7.

We achieved the classification rate of benign nevi as 93.3% and melanoma as 98%. The

overall accuracy of our proposed model was calculated as 95.76%. We compared the
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Figure 6.6 : The model statistics of each model on each fold and ensemble of all
models.

Table 6.3 : The model statistics of each model on each fold and ensemble of all

models.
Models Accuracy Sensitivity  Specificity  Precision
ResNet18 0.906 0913 0.9 0.897
VGG19Net 0.880 0.956 0.808 0.827
DenseNet201 0.889 0.886 0.891 0.886
ResNet50 0.889 0.895 0.883 0.880
DenseNet169 0.927 0.921 0.933 0.929
Ensembled 0.957 0.982 0.933 0.933

Table 6.4 : True predicted ratios of models.

Models Benign_TNR Melanoma_TPR
ResNetl18 0.9 0.913
VGG19Net 0.808 0.95
DenseNet201 0.891 0.886

ResNet50 0.883 0.895
DenseNet169 0.933 0.921
Ensembled 0.933 0.982

proposed system performances with other previous studies used ISIC dataset for skin
lesion classification problem in 2020 and 2021. A comprehensive list of skin cancer

detection systems using CNN classifiers is presented in Table 6.6.
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Table 6.5 : Performance metrics for all models. (MV:Majority voting, AP:Averaging
probabilities, WCR: Weighting with confidence ratio.)

Model Approach  Accuracy  Sensitivity Specificty  Precision
MV 0,92 0,91 0,93 0,93
Densenet121 AP 0,91 0,91 0,92 0,91
WCR 0,86 0,85 0,88 0,87
MV 0,92 0,91 0,93 0,93
Densenet161 AP 0,91 0,93 0,88 0,88
WCR 0,88 0,90 0,87 0,87
MV 0,93 0,95 0,91 0,91
Densenet169 AP 0,92 0,96 0,89 0,89
WCR 0,90 0,93 0,88 0,88
MV 0,92 0,93 0,91 0,91
Densenet201 AP 0,90 0,93 0,87 0,87
WCR 0,88 0,90 0,86 0,86
MV 0,94 0,95 0,94 0,94
Resnet18 AP 0,92 0,96 0,88 0,89
WCR 0,89 0,90 0,88 0,87
MV 0,94 0,96 0,93 0,93
Resnet50 AP 0,92 0,96 0,88 0,89
WCR 0,87 0,89 0,86 0,86
MV 0,94 0,93 0,95 0,95
Vggl6bn AP 0,91 0,94 0,89 0,89
WCR 0,88 0,88 0,88 0,87
MV 0,94 0,95 0,93 0,93
Vggl9 AP 0,92 0,95 0,89 0,89
WCR 0,89 0,90 0,87 0,87
MV 0,94 0,92 0,95 0,95
Alexnet AP 0,91 0,92 0,89 0,89
WCR 0,85 0,83 0,87 0,86
MV 0,93 0,94 0,92 0,92
Squeezenetl_0 AP 0,90 0,94 0,87 0,87
WCR 0,86 0,89 0,83 0,84
MV 0,93 0,93 0,93 0,93
Squeezenetl_1 AP 0,91 0,93 0,88 0,88
WCR 0,87 0,90 0,85 0,85
MV 0,96 0,98 0,93 0,93
Ensembled AP 0,94 0,97 0,91 0,91
WCR 0,91 0,93 0,89 0,89

As seen from the Table 6.6, our CAD system have promising results. Therefore, we
believe the proposed ensemble classifier has competitive performance compared to
similar systems given in literature.
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Figure 6.7 : The images classified wrongly.

Table 6.6 : A comprehensive list of skin cancer detection systems using CNN

classifiers.
Author Year Accuracy (%)
Hasan et.al. [98] 2021 97
Ours 2021 96
Wei et.al. [99] 2020 96
Harangi et.al. [100] 2020 95
Kassem et.al. [101] 2020 94
Sagar et.al. [87] 2020 93
Almaraz et.al. [102] 2020 92
Tan et.al. [103] 2020 88
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7. DISCUSSION

In this study, we focused on melanoma recognition system using convolutional neural
networks from two different points of view. The findings in each study are discussed,

and suggestions for future work are presented in this section.

There are some limitations common to our both studies. The first limitation was the
size of dataset. Especially the number of images containing melanoma lesions were
small. In order to deal with the unbalanced dataset, we tried to equalize the numbers
of the images in the classes by reducing the benign lesion images. Hence, we obtained
limited size dataset. This may cause overfitting issues and limited generalization in

model training.

Furthermore, occlusion is another limitation of both studies. We obtained the images
from a commonly used dataset (ISIC). There are many images with hair and/or rulers
near or on the lesions. If most of the lesion area are occluded by hair or ruler, our

system may fail to recognize the lesion.

Additionally, using a dataset that is composed of images taken under uniform
conditions may not be useful to train a CNN model that would work at clinic
environment. It would be better to have images taken at different imaging conditions

(from multiple health centers) with different quality dermatoscopes.

Besides these common limitations, there are also specific limitation to each study,

which are discussed in next subsections.

7.1 Discussion about Effects of Objects and Image Quality for Skin Lesion

We investigated the melanoma classification performance with different CNN models
with image degradation and distortion problems. Four different CNN models were

selected and six different types of degradations were considered.

The best performing model was DenseNetl21 against all models in almost all

situations. The all layers in DenseNetl121 are densely connected to each other and all
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information is transferred to all layers. Hence it allows the feature reuse. In addition, it
includes 121 layers and it is deeper than the other models considered in the study. Due
to these features of DenseNet121, we can interpret that it produced the best results in

the problems we dealt according to our observations.

The effect of additional objects such as hair and rulers on classification performance
was investigated in the study. Images with ink stains also exist in the dataset. The ink
stains can be considered as another extra object in lesion images and analyzed within
the same framework for further studies. Moreover, resolution may be another issue that
can be addressed in this study. Classification of melanoma on images with different

resolutions is one of the planned works.

7.2 Discussion about Ensemble of Convolutional Neural Networks for Skin

Lesion Classification

A convolution neural network based computer aided melanoma recognition system
was proposed in this study. To achieve higher accuracy, we used ensemble learning.
We ensembled five CNN models in training and testing. Their results were fused
with majority voting technique. During testing process, an image can be labeled as
benign by one CNN model and melanoma by another. In such a case, final label is
selected according to response of majority. The ensembled model has achieved better
accuracy than a single CNN model. We used 5 different models as they could learn
different features of the lesions. By using these models together, we achieved improved

classification performance.

In majority voting method, only label outputs are taken into account. Probability
values assigned by classifiers are not considered. On the other hand, in averaging
probabilities (AP) and weighting with confidence ratio (WCR) methods consider only
the probability values instead of label. Hence, averaging of probability values decrease
the final probability value if one classifier gives a different label. Hence, we observed

that AP and WCR methods hod lower performance.

A limitation of this study is using the images directly without any preprocessing such
as image cleaning to eliminate irrelevant information that may degrade classification

performance. For this aim, segmentation procedure can be involved to the system, and

52



classification can be performed only over the segmented lesions. Thus, background

can be eliminated with any unnecessary external objects.

In addition, different strategies can be used in the system. We can utilize generative
adversarial networks to generate synthetic images with same statistics of the original
images in the training set [104]. This strategy can overcome the limitation caused by

the small number of images.

In the proposed system, only images are used for classification. However, there are
other forms of clinical data such as demographics, skin type etc which can be fed into
network to improve classification performance. It would be a useful extension to our

system.

The CAD system classified some benign lesions as melanoma. Therefore, we can
work with the dermatologists to reanalyze the misclassified lesions by checking if there
are any visible differences or by giving information about key features between the
benign and melanoma lesions. It can help us to resolve and decrease the number of

misclassifications.

The increasing complexity of models used for artificial intelligence require more
transparency and interpretability in explaining how decisions are made. It is thought
that the explainable Al (XAI) field can help in ensuring transparency while taking
advantage of the efficiencies provided by artificial intelligence. Explainable Al
refers to the methods and techniques of applying artificial intelligence technology
(AD) in such a way that the results of the solution can be understood by human
experts. XAI techniques are recently used in applications of deep learning and
machine learning [105,106]. XAI techniques used in medical image processing can be
categorized as visual, textual, and example-based methods [107]. Visual explanation
namely saliency mapping is the most commonly used form of them. It consists
of three sub approaches: back propagation-based, perturbation-based or multiple
instance learning-based approaches. These approaches are also divided into some
other approaches and one approach is class activation mapping (CAM) used in back
propagation-based approaches in XAl techniques [108]. It was specified that CAMs
could be handled in ensembles of CNNs as interpretable technique [109]. We used

pretrained CNN models based on the back propagation method in this study. However,
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we did not include any of these explanation approaches so that it is another limitation
of our study. To overcome this limitation, we are planning to provide XAl by adapting

one of these approaches, especially CAMs, to our CAD system.
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8. CONCLUSION

In this thesis, skin lesion classification problem is investigated with two different
studies. In the first study, we used a public dataset and investigated the effects of
external objects and image quality issues on different deep learning models. In the
second study, we proposed a skin lesion classification system that works on ISIC

dataset.

8.1 Conclusion of Effects of Objects and Image Quality for Skin Lesion

In this study, skin lesion classification is investigated from a different perspective
that is typically not covered in other studies. We investigated how the classification
performance is affected when image quality is poor, and some parts of the lesion are

occluded with external objects such as hair or ruler.

We wanted to test the feasibility of melanoma detection from images that are taken
with mobile phones or non-professional cameras under poor imaging conditions. We
investigated the level of distortions up to which melanoma detection can be achieved
at clinically acceptable performance. In addition, we investigated the performance of

commonly used architectures when there are external objects in the image.

We investigated 4 different CNN models that are frequently used and compared their
performance with image quality issues and external objects. We wanted to demonstrate
which CNN model is more robust to image degradation and create a guide for future

studies.

We used the datasets from ISIC Challenges, and we split the dataset for training and test
purposes. We formed 3 subsets for testing that are ruler (Test_Ruler), hair (Test_Hair)
and lesion (Test_None: images with lesion only). Then, we applied Gaussian kernels
to obtained blurred images by using 20 different ¢ values, added zero mean Gaussian
noise with 30 different standard deviation (o) values. In addition, we modified the

contrast of the images with a contrast factor that varies from 0.2 to 4.0.
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We used four pretrained CNN architectures; AlexNet, DenseNet121, ResNet50 and
VGG16. We replaced the last FC layer with our classifier. It consisted a FC layer
with one input layer with 1000 neurons, one hidden layer with 40 neurons and one
output layer with 2 neurons. After the training with four different models, we tested

the system with 6 different test sets.

The classification performance of malignant melanoma improves until the contrast
factor get the value of 1. Beyond this value, CNN models continued to perform well On
the other hand, classification of benign lesions decreased when contrast factor is larger
than 1. This revealed that classification performance of melanoma lesions were not
adversely affected by contrast. In addition, classification performance of melanoma
images are more robust than benign lesion images at different levels of contrast. When
we looked at overall success for both classes, DenseNet worked better than other CNN
models in changes of contrast factor. DenseNet gives the best accuracy as 86.37%
on this dataset when the contrast factor is 1. ResNet was the second best model with

accuracy of 83.7%.

In experiments with different noise levels, it was observed that classification
performance of melanoma images were more sensitive to noise. Despite this, benign
lesion recognition had a much better performance compared to melanoma. Out of the
4 models, DenseNetl121 performed the best on noisy images when both classes are
considered. Unlike contrast changes, melanoma classification performance is more
sensitive to noise compared to benign lesions. As the images get more noisy, accuracy
of melanoma diagnosis decreases considerably. We calculated the model accuracy is

89.03% with DenseNet when standard deviation (o) was 1.

With the enlargement of the filter kernel used in blurring, the images deteriorate
considerably. A rapid decrease is observed with AlexNet and VGGNet model.
Between ResNet and DenseNet models; DenseNet has a better success with 88.77%
accuracy when standard deviation of filter kernel value was 2 and the Gaussian filter
size was 9 x 9. When we used VGG16 and AlexNet models for the classification of
skin lesions in blur datasets, we get rapidly decreasing accuracy in melanoma lesions
however increasing accuracy for the benign lesions. Nevertheless, we observed an
oscillating accuracy in the benign lesions with DenseNet121 and ResNet50 models. In

this case, false negative results were increasing while the false positives are decreasing.
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We believe the models tend towards making benign biased decisions because of the
increasing information loss in the lesion edges. The accuracies were at acceptable

levels for both classes. The best classification accuracy was observed with DenseNet.

The ruler in the images has decreased the accuracy. We can explain that the number of
ruler images were less than the other in both training and test sets. Hence, rulers were
not learnt sufficiently for this set. The accuracy of malignant melanoma was better
than benign. In this test set, DenseNet and ResNet can be preferred due to their better
performance. In ruler test set, DenseNet performed better with average accuracy of
86% compared to other CNN models. In addition, ResNet was closer to DenseNet

with accuracy of 85.23%.

In lesions with hair, system produced better results. Due to the high number of lesions
with hair in the training set, better training may have achieved for these types of
occlusions. DenseNet achieved higher accuracy for this test set. We observed the
overall accuracy of the hair dataset as 89.22% with DenseNet121. We expected that
the highest accuracy was to be obtained with Test_None. However, better accuracy was
obtained on Test_Hair compared to Test_None. Due to the fact that, there were more
hairy images compared to mole images. In addition, we can interpret the result that
wrinkles or various patterns on the skin should be considered in terms of classification.
DenseNet had achieved better performance in the image set with hairs. The lesions
without any extra object or distortions are also better recognized with DenseNet which

had achieved 88.81% accuracy.

Consequently, considering 6 different test sets, DenseNet had a better classification

accuracy regarding image degradation problems.

8.2 Conclusion of Ensemble of Convolutional Neural Networks for Skin Lesion

Classification

We endeavored a non-invasive technique to differentiate melanoma and benign
melanocytic nevi on the skin. We aimed to design a CAD system that may help
clinicians for early diagnosis. Towards this purpose, we used ISIC 2020 dataset. It

is an unbalanced dataset. Although there are so many benign lesion images, there are
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very few malignant melanoma images. 565 melanoma and 600 benign nevi images

were used in this study.

Firstly, we split the dataset as training and testing sets. Then, we divided our training
set into 5 different folds and applied data augmentation processes such as flipping and
rotation. After that, we trained 11 different CNN models. We classified images in test
set by each model separately. Finally, we obtained five class labels (one from each

model). We ensembled these CNN models by simple majority voting algorithm.

In this study, not only we proposed a CAD system, but also we analyzed the
performances of 11 CNN models for skin lesion classification whose accuracies are

listed in Table 8.1.

For analysis, we trained the five folds with same CNN model such as ResNet50 and
we had five different trained model. We then applied these models to test set so that we
had five different outputs of the models and we fused their outputs by three different

approaches.

Table 8.1 : The sorted list of CNN models according to the accuracy.

CNN Model Accuracy
ResNetl8 0.944
ResNet50 0.944
Vggl6bn 0.940
Vggl9 0.940
AlexNet 0.936
SqueezeNetl _1 0.931
SqueezeNetl_0 0.927
DenseNet169 0.927
DenseNet121 0.923
DenseNet161 0.923
DenseNet201 0.919

ResNet models are better than the other models in binary classification of skin lesions.
On the other hand, the performance rates of the models differ slightly for the case
of classification of lesions separately. VGG16Net and AlexNet had the best accuracy
on benign nevi image classification with the ratio of 95%. For malignant melanoma
classification DenseNet169, ResNet18 and ResNet50 are better than the other CNN

models with equal accuracy of 95.6%.
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In medical image processing problems, accurate detection of images that include
medical abnormalities is much more important than correct recognition of healthy
images. For example, if a malignant lesion is classified as benign, the skin cancer

cannot be diagnosed and the necessary treatment cannot be started.

In our study, malignant melanoma was correctly diagnosed with a higher success rate
than benign nevi. Accuracy was observed as 98.2% for malignant melanoma and
93.3% for benign nevi recognition. The overall classification accuracy of our CAD

system was 95.76%.
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