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PROBLEM THE ANALYSIS PROCESS

Melanoma is the deadliest form of skin cancer
and it is diagnosed mainly visually, starting from
initial clinical screening and followed by der-
moscopic analysis, biopsy and histopathological
examination. A dermatologist’s recognition of
melanoma may be subject to errors and may take
some time to diagnose it.

Is it possible to create a diagnostic assistance

Step 1 - Image Pre-processing and Data Augmen-
tation. Given the large number of classes, the
problem has been binarized, making all the labels
other than "mel”, equal to "not mel”. This transfor-
mation returned an unbalanced dataset ad to mit-
igate this problem, after the phase of image pro-
cessing has been carried out we defined and imple-
mented a Data Augmentation process through con-
system for melanoma detection? catenated operations composed of horizontal and
vertical flips, rotations of +180, +90 and -90 degrees,
each original image of melanoma has been used to

CONTEXT generate seven distinct images.

Melanoma is a tumor, often very aggressive, Concerning the Pre-Processing, there are three main

which originates in the skin or, more rarely, steps to automatically extract a lesion in a dermo-

in the eyes or mucous membranes [1]. It scopic image. These steps strongly depend on the
is originated when a genetic error occurs in clinical features of a lesion. The operations that have been performed are:
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melanocytes, located in the basal part of the epi- * Hair removal: hair occlusion in dermoscopy images affects the diagnostic operation of the skin lesion.

dermis. : Lo . . e L .
o Lesion segmentation: its primary purpose is to select specific objects or regions in an image.

It is responsible only for 4% of all cancers oc-
curred in human skin, but it is accountable for
75% ot deaths caused by skin cancers [2].

* Clinical feature segmentation: a local segmentation of the image is performed by highlighting the
clinical features of a lesion such as the texture, shape and color.

Step 2 - Deep Neural Network Classification. Deep Learning can be useful in the study and classifica-

The manual inspection from dermoscopy im- . . . . e .
p Py tion of skin cancer. In particular, images were classified by the following deep neural networks:

ages made by dermatologists is usually time-
consuming, may be subject to errors and it is o 2D-Convolutional Neural Network (2D CNN): it was trained through 100 epochs, batch size of 50 and

a subjective analysis [3]. by using the Adam optimizer. The neural network was composed with 4 convolutional blocks and
one last fully connected block for the classification. The training set, test set and validation set have
been set by considering the percentages 80%, 20% of the initial dataset, and 20% of the training set,
respectively.

To identify skin lesions, dermatologists adopt

the "ABCDE Rule" (A = asymmetry, B = edges,

C = color, D =size, E = evolution) [4].

* Residual Neural Network (ResNet): it was trained with 100 epochs, batch size equal to 32, we used
Adam optimizer with learning rate equal to 0.001 and clipnorm equal to 1, and binary cross-entropy

CONTRIBUTIONS as loss function.

e A process mainly based on the adoption of o Self-Organizing Map Neural Network (SOM): The number of neurons used to configure the grid was
deep learning models (2D Convolutional Neu- 20x20. The initial learning rate used was 0.5 while the final rate was 0.01. The training was carried out
ral Network, Residual Neural Network, Self- using a number of supervised /unsupervised iterations both equal to 2000.

Organizing Map Neural Network) for the clas-
sification of melanoma. Our aim is i) to com-
pare the results of the adopted techniques in = zzz; Zzzj
order to select the best effective neural net-
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work for the recognition and classification of
melanoma, and ii) to evaluate the impact of the
pre-processing phase on the final classification. il ZeroPadding2D (3x3)
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