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ABSTRACT:

Melanoma is one of the most virulent lesions of human’s skin. The visual diagnosis accuracy of melanoma directly depends on the
doctor’s qualification and specialization. State-of-the-art solutions in the field of image processing and machine learning allows to
create intelligent systems based on artificial convolutional neural network exceeding human’s rates in the field of object
classification, including the case of malignant skin lesions. This paper presents an algorithm for the early melanoma diagnosis based
on artificial deep convolutional neural networks. The algorithm proposed allows to reach the classification accuracy of melanoma at

least 91%

1. INTRODUCTION

Melanoma is a malignant tumor predominantly cutaneous
localization, which is today one of the most dangerous types of
cancer. According to the World Health Organization (WHO),
the incidence of this disease is steadily increasing from year to
year. Melanoma makes the largest contribution to mortality
from all types of skin cancer and is one of the fastest growing
types of cancer. Late diagnosis explains the high mortality rate
for melanoma. At the same time, surgical treatment gives good
prognostic results and can provide almost 100% survival with
the detection of neoplasms in the early stages.

The primary diagnostics of skin neoplasms is performed by
specialists using macroscopic and dermatoscopic photographs
with powerful magnification and uniform illumination of the
part of skin being imaged (Binder M. et al. 1995). The most
widely distributed symptom complex for the diagnosis of
melanoma is the ABCDE test (The ABCDEs of Melanoma, Ge3
narel). This test was proposed by Friedman et al. in 1985 for
general practitioners (Friedman R.J. et al. 1985), and it allows
various parameters to be followed: A (asymmetry) — asymmetry
of the pigmented spot; B (border irregularity) — unevenness of
the margin; C (color) — irregular coloration; D (diameter) —
having a diameter of >6 mm. The presence of three or more of
these features is evidence pointing towards a malignant tumor.
An additional criterion, E, is used for repeated dynamic
observations of people in the at_risk group. Parameter E
assesses the dynamics of changes in color, shape, and size of the
pigmented skin area. In addition, there is a series of other
characteristics  allowing  malignant neoplasms to be
discriminated from benign using nothing more than an image.

The Primary diagnosis of melanoma, as a rule, is carried out by
a physician visually, and further diagnosis is made using biopsy
and morphological studies.

The concept of using computer vision to solve the task of
identifying skin cancers arose relatively recently. Computer
technology or machine vision consists of a set of methods
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providing for the identification and classification of different
objects. Scientific studies aiming to improve the differential
diagnostics of melanoma using computer techniques and expert
systems were started in many large centers in Germany, Austria
and other countries from 1987, following the suggestion of N.
Cascinelli, the president of the WHO Melanoma Program,
which has now developed into the World Melanoma Society.
For a long time, results were not accurate enough for practical
exploitation. Examples include systems for assessing the
components of the ABCDE test (Jain et al. 2015) reaching 70%
accuracy.

Clinics currently use special dermatology systems providing
digital solutions allowing diagnostics using a dermatoscope,
camera and special professional software. In general, such
programmable systems provide computer analysis of images of
pigmented skin formations and provide the opportunity to store
the images obtained and to create and archive patient records
and perform accurate assessments of the course of disease.

Secondary prevention or preventive medicine comes to the fore
in the fight against melanoma death. Timely examinations,
therapy and control of the spread of relapses. According to
some authors, the timely detection and initiation of treatment
for melanoma with regular self-examination or dermatological
examination reduces patient mortality by 63% (Berwick M. et
al. 1996).

Thus, a responsible approach to self-examination for the
emersion of atypical pigmented skin lesions can provide high
results of primary diagnosis and, if necessary, allow the patient

to seek medical help promptly (De Giorgi V. et al. 012).

It is especially important that the percentage of melanoma
detection, when using modern approaches and techniques, is
often slightly different in the case of self-examination of the
patient (33%) from diagnosis when examined by a professional
physician as part of a general examination (36%) (De Giorgi V.
et al. 2012). Thus, a responsible approach to self-examination
for the appearance of atypical pigmented skin lesions can
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provide high results of primary diagnosis and, if necessary,
allow the patient to promptly seek medical help.

Current development in image processing and machine learning
techniques have produced systems based on artificial neural
convolutional networks which are better than humans in object
Classification tasks — including the diagnostics of skin
neoplasms (Gavrilov, 2018). There are algorithms for
automated computer analysis of dermatological images,
allowing to determine the border, brightness, diameter and
symmetry of pigmentation (Gareau D.S. et al. 2017) and, thus,
provide assistance to doctors to improve the accuracy of
diagnosis (Fink C. et al. 2017).

Recently, systems based on artificial intelligence technologies,
in particular convolutional neural networks, and providing the
possibility of independent detection of malignant tumors at an
early stage, have been actively being developed (Esteva et al.,
2017). Studies show a high potential for the use of neural
network technologies for the diagnosis of skin neoplasms
(Haenssle H.A. et al. 2018).

Using of computer programs for the skin cancer diagnosis can
provide substantial support in diagnosis to both dermatologists
and general practitioners. In addition, with the introduction of
such diagnostic systems, it becomes possible to use expert
decision support systems, as well as tools for remote consulting,
the so-called telemedicine.

Presented here is the development of an algorithm for the early
diagnosis of melanoma based on artificial deep convolutional
neural networks. The algorithm discriminates between benign
and malignant skin lesions with accuracy of at least 91% using
automatic analysis of images of pigmented skin formations.

2. METHODS

The development of the modern technology in the field of
image processing and machine learning allows one to create
systems based on artificial convolutional neural networks,
which are prevailing over humans in object classification tasks,
including the diagnosis of malignant skin tumors (Haenssle
H.A. et al. 2018).

The main problem of building deep convolutional neural
networks, now, is that there is no enough public selection of
images to train the system and to set up models. One of the
largest archives of skin lesions is the International Skin Imaging
Collaboration (ISIC) (ISIS Archiv, 6e3 mater). However, the
presented data sets contain an insufficient quantity of required
images, often the images were obtained in conditions of
insufficient light, do not contain linear scale information, and
also, do not have a unified disease classification system.

The authors have developed algorithms that allow the analysis
of images distorted by interference in a limited sampling
conditions, the variability of lighting and scatter in the shooting
conditions (Figure 1).

Figure 1. Examples of noise in images

An approach known as “transfer learning” was used when
solving the problem. In this case, it was not envisaged teaching
the neural network to classify skin diseases from scratch (Torrey
et al., 2009).

The neural network with the Inception.v.3 (Szegedy et al.,
2015; Shlens, 2016) architecture was chosen as a model (Figure
2). Inception.v.3 demonstrates the high quality classification of

various images in an ILSVRC (ImageNet Large Scale Visual
Recognition Challenge) competition. The selected pre-trained
neural network has the ability to be retrained for later use as a
component of a larger network. The Inception.v.3 network was
used to prepare an image classification model for the ImageNet
Challenge archive data (ImageNet Large Scale Visual
Recognition Competition (ILSVRC) (Russakovsky O. et al.
2015).
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Figure 2. The architecture of the neural network "Inception v.3" (Szegedy et al. 2015; Shlens, 2016)

The pre-trained neural network tuned in to the classification of
skin diseases by removing the upper classifying layers and
adding new neurons to determine skin diseases. Due to the
deficiency of training samples, the network was pre-trained with
ImageNet images. Learning from scratch on an insufficiently
large sample base could lead to retraining and the impossibility
of further qualitative new data classification.

Subsequently, the resulting model was reconfigured in 10,000
photographs of skin formations, to enable the neural network to
distinguish the type of skin formations. The number of source
images was expanded to 1,000,000 by augmentation of the data
- using various distortions to expand the training set. Insertion
distortion included: turns, specular reflections, cutting out only
a part of the image, stretching and compression, options for
changing lighting.

Often in the sample there are images with interference, in
addition, the artificial distortions introduced during the
augmentation of the original images include, inter alia,
interference. Interference factors and other distortions affect the
recognition accuracy; however, this effect is not always
negative. It should be noted that the accuracy of the network
increases with the growth of the training sample. Thus, the
network learns to recognize and distorted images.

The unevenness of the brightness of the images, different
distances of the camera from the object when shooting, as well
as the difference in the size of objects in the images were taken
into account in the training set by increasing possible variations.

To control learning, a test sample was used, which images were
not used in the learning process.

In total, to improve the quality of recognition and classification,
5 networks were trained. The networks were of the same
architecture, but different weights. After that, all the trained
neural networks were combined into an ensemble of models that
ensure decision-making by majority voting. The sensitivity and
specificity of the best of these models were 85% and 92%
respectively, which is comparable with the diagnostic accuracy
of clinical examination using dermatoscopy

The original selected model Inception.v.3 worked exclusively
with images of no more than 300x300 pixels resolution, which
is substantially less than the usual size of dermatological
images. Taking into account the fact that for accurate diagnosis
of diseases, fine details of the image, indistinguishable at this

resolution, are extremely important, convolutional layers have
been added to the existing model, which allow higher resolution
images classification. The modified model allowed conducting
studies of dermatoscopic images with a resolution of up to
700x700 pixels.

The final test model uses the images of skin neoplasms, made
with a mobile phone in daylight conditions. At the output, the
system gives the probability of matching the resulting image to
one of 4 classes: melanoma, nevus, seborrheic keratosis or
another disease.

3. RESULTS

The main criteria for the quality of the network performance
result were the area under the accuracy-completeness curve and
the total probability of detection.

This ensures the accuracy of recognition of melanoma of the
skin more than 91% with AUC-ROC 0.96 (ROC-curve - a graph
that allows to evaluate the quality of the binary classification),
which is comparable with the results of diagnostics of highly
qualified doctors. Figure 3 shows the graph of AUC-ROC
recognition of melanoma-nevus for an ensemble of models.
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Figure 3. The graph of AUC-ROC recognition of
melanoma-nevus for an ensemble of models
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The variety of skin neoplasms, the complexity of their structure,
and the similarity of the clinical picture of various forms of skin
lesions causes difficulties of visual inspection and diagnosis,
even among specialists. Taking into account the fact that the
accuracy of visual diagnosis of melanoma directly depends on
the qualifications and specialization of the doctor, as well as on
the frequency of occurrence of the disease in his daily practice,
the developed model allows to separate malignant neoplasms
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from benign ones as an additional task.
For example, the accuracy of determining such a benign
formation as seborrheic keratosis from a dermatological
photograph is 97% and AUC-ROC 0.99 (Figure 4). Thus, the
proposed algorithm allows us confident distinguishing
melanoma from seborrheic keratosis, as well as melanoma from
benign nevus.

Figure 4. The examples of classification of a) nevus, b) melanoma

4. CONCLUSION

The work has created a high-precision deep learning neural
network for automated diagnosis of skin tumors.

During the works, a training sample was formed, comprising
real photographs of skin lesions and the images obtained from
the source through wvarious distortions. The unique
augmentation algorithms, coupled with the loss functions, are
the main authoring, allowing to achieve a high quality
classification of skin diseases with a limited training set.

The developed model allows quality diagnosis of melanoma
with an accuracy of not less than 91%, which is comparable
with the diagnostic capabilities of highly qualified
dermatologists. The use of intelligent systems of this type to
identify skin diseases will provide substantial support in the
diagnosis of both dermatologists and general practitioners.

The system is available as a test version at skincheckup.online.
The accessibility of the project will allow anyone to carry out
preliminary self-diagnostics using personal photographs.
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