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Abstract. The article is devoted to the problem of early diagnosis of cancer. In
last five years, various optical methods have been increasingly used to study
biological tissues. This study aims to investigate the capability of a
convolutional neural network classifier to diagnose skin cancers. The article
analyzes hyperspectral images of malignant melanoma and pigmented nevus.
A hyperspectral image classifier based on a deep learning neural network was
developed. The results show a classification accuracy of diagnose prediction
(on test data) at the level of 95%, which demonstrates the possibility of using
machine learning for the classification of hyperspectral images of skin
diseases. The results of the study can be applied in medical decision-making
systems. © 2023 Journal of Biomedical Photonics & Engineering.
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1 Introduction

Skin cancer is one of the most common cancers in the
world. According to the World Health Organization,
1,200,000 new cases of skin cancer have been identified
in 2020 [1]. The vast majority of skin cancer deaths in
recent decades have been caused by malignant melanoma
(MM), despite the fact that it accounts for only one
percent of all skin cancer cases [2]. MM is a dangerous,
rare and deadly type of skin cancer. It is possible to
increase the patient’s chances of survival with skin
cancer only through early diagnosis. However, the main
difficulty in the qualitative detection of MM tumors is its
external similarity with such a benign neoplasm as a
pigmented nevus (PN).

As a gold standard, doctors usually use biopsy to
diagnose skin cancer. This procedure takes a sample from
a suspected skin lesion for medical examination whether
it is cancerous or not. However, this procedure takes a lot
of time and is also painful for the patient. Besides, the
diagnosis of the skin can be held by dermatologists with
using dermatoscope cameras. Difficulties in diagnosing
skin cancers by general practitioners are associated with
the difficulty of interpreting clinical signs and the
inability to distinguish MM from benign neoplasms such
as PN. In order to avoid unnecessary surgical procedures
due to the uncertainty of current diagnoses and overcome

the limitations of conventional imaging, new methods to
improve skin cancer diagnosis need to be explored.

In last decade, optical diagnostic methods are gaining
popularity. One of these methods is hyperspectral
imaging (HSI) [3, 4], which allows not only obtain
optical images of the studied areas, but also spectral data
on the scattering or absorption of radiation by this area.
This imaging technique combines digital imaging with
spectroscopy techniques to provide improved spectral
properties of the captured area within and beyond the
visible range of the electromagnetic spectrum.

A hyperspectral image is a three-dimensional data
array (hypercube) consisting of successive images at
different wavelengths [5]. This image is obtained by
photographing the object at different wavelengths. In
such image, each pixel contains the so-called spectral
signature of a material or substance, located in the
corresponding  spatial ~ coordinates.  Quantitative
information about tissue physiology can be extracted
using spectral analysis [6]. HSI provides information on
the intensity of reflected light at different wavelengths at
each point on the sample surface. To solve the
classification problems, it is necessary to use different
ranges of registered two-dimensional images that form a
hypercube.

HSI for skin pathology studies solves two problems
at once: (1) examination of the skin surface to detect the
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boundaries of lesions and (2) examination of the
morphological and chemical properties of the skin to
detect and identify the type of tumor. This technology
improves the accuracy of diagnosing skin pathologies,
taking into account the physiological characteristics of
the patient, as well as the composite and morphological
features of the skin surface. The effectiveness of the
applied method was demonstrated in the study by
Sherendak etal. ~ Authors  implemented  manual
processing of hyperspectral images [7]. Based on the
results of this study, it can be concluded that even in the
absence of a large number of samples and additional pre-
processing of the training set, it is possible to obtain a
high accuracy of classification of malignant skin lesions.

Machine learning has been revolutionized in recent
decades by deep learning. It is considered to be one of the
most difficult areas of machine learning related to
artificial neural network algorithms. These algorithms
were largely inspired by the functions and structure of the
human brain. Deep learning methods can be applied in
various fields such as speech recognition [8] and pattern
recognition [9]. In these applications, deep learning
systems have achieved impressive results by comparison
to other classical machine learning methods.

The advantage of using a neural network classifier for
hyperspectral images is the ability to use the same
architecture and the same code to diagnose various types
of diseases and pathologies after performing the
necessary training. This means that with successful
training, the artificial neural network will make it
possible to obtain the correct diagnosis based on data that
was not in the training set.

Automated deep learning algorithms based on
convolutional neural network (CNN) have achieved
remarkable performance in the detection, segmentation,
and classification operations of medical imaging.
Lequan et al. [10] proposed a very deep CNN for
melanoma detection. A fully convolutional residual
network (FCRN) having 16 residual blocks was used in
the segmentation process to improve performance. The
proposed technique used an average of both support
vector machine and softmax classifier for classification.
It showed 85.5% accuracy in melanoma classification
with segmentation and 82.8% without segmentation.
DeVries and Ramachandram [11] proposed a multi-scale
CNN using an Inception-V3 deep neural network that
was trained on an ImageNet dataset. For skin cancer
classification, the pre-trained Inception-V3 was further
fined-tuned on two resolution scales of input lesion
images: coarse-scale and finer scale. The coarse-scale
was used to capture shape characteristics as well as
overall contextual information of lesions. In contrast, the
finer scale gathered textual detail of lesion for

doi: 10.18287/JBPE23.09.040304

2 Materials and Methods

To record hyperspectral images in vivo, an acousto-
optical hyperspectral camera was used, which makes it
possible to obtain an image of the area under study at an
arbitrarily set wavelength in the range of 440—750 nm
(Fig. 1). Inthis case, the spectral resolution is 5L = 2.5 nm
(at A =633 nm), and the spatial resolution is 0.14 mm. A
feature of the installation is double sequential filtration.
It provides almost complete compensation of spectral and
spatial image distortions in a single cell caused by Bragg
diffraction, which usually leads to a change in the spectra
at individual points [13].

Registration of hyperspectral images was carried out
in the Samara Regional Clinical Oncology Center.
Informational consents of each subject were obtained.
The study was approved by the ethical committee of the
Samara State Medical University.

The result of registration with using the described
setup of one sample is a hypercube, that consists of
151 optical images in .tiff format at wavelengths from
430 nm to 730 nm with a step of 2 nm. Each sample
contained an area of neoplasm and healthy skin.
Formation samples were taken from patients with
European skin type. The final diagnosis was made for
each examined sample on the basis of histological
examination. Before further analysis, the hypercubes
were reduced to 51 images in the range from 530 nm to
630 nm in 2 nm steps. The choice of this interval is
conditioned by the best absorption of light by melanin
and hemoglobin, as well as the high contrast of images,
which facilitates image analysis. Using the software,
individual grayscale images were obtained from the
original hyperspectral images of the studied skin
samples. The submission of images in this color scale
allows to simplify the mechanism of interaction by
reducing the input channels from three to one.

In total, 50 samples were used: 25 MM and 25 PN.
This corresponds to 2550 optical images: 1275 MM and
1275 PN (see Table 1).

A CNN of the VGG architecture was used for
image classification [14]. Unlike AlexNet, which
focuses on smaller window sizes and steps of the first
convolutional level, VGG addresses image depth [15].
The architecture of the neural network is shown
in Fig. 2. The classifier consists of 13 layers. The
number of trainable parameters increases as the layers
deepen. The neural network classifier is divided into 5
blocks. The first 4 blocks are convolutional and each
of them end with a maximum pooling layer.

Table 1 Composition of the DataSet.

differentiation between various types of skin lesions [12]. Ne Diagnosis Number of  Number of
This paper considers hyperspectral images of MM _ samples Images

and PN based on the architecture of a five-block CNN Malignant o5, 1275
neural network. The aim of the study is to investigate the melanoma (MM)
capabilities of a neural network for the classification of Pigmented

. . . 2 25 1275
hyperspectral images of skin pathologies. nevus (PN)
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Fig. 1 Malignant melanoma at different wavelengths (the axes indicate pixels).

The input of the neural network is a two-dimensional
RGB image, represented by a spectral slice and reduced
to a size of 224 x 224 pixels due to additional scaling.
The training and test samples were formed from images
extracted from registered hypercubes in the specified
range from 530 nm to 630 nm (see Table 1), in a ratio of
90% (2295 images) and 10% (255 images), respectively.
The test sample set included only those images that did
not participate in the training of the neural network
classifier. In the training and test samples, a uniform
distribution of samples across classes was made. This is
caused by the need to obtain a more accurate
classification at the stage of testing the operation of the
neural network. Our classifier is trained using the
backpropagation method. All layers of the network are
fine-tuned using the same global learning network.

The neural network architecture also provides a
feedback trigger that aborts training if the accuracy does
not increase within three training epochs. This was
provided to avoid retraining the model at the training
stage.
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3 Results and Discussion

The neural network was trained and tested on a computer
equipped with an Intel(R) Core(TM) i7-10700KF
3.80 GHz processor, an NVIDIA GeForce RTX 3080
graphics card, and 32 GB of random access memory
(RAM). The training time of the classifier was about
75 s (~5 s/epoch).

In the study, various variations of the last layer
neuron deletion function were used, which consists in
assigning zero to randomly selected features at the
training stage. Thinning was added to the network
through the Dropout layer, which you can see in Fig. 2.
We used different thinning ratios of 10%, 15%, 20%,
25%, 30%, 40%, 50% of the features in the training
phase. This was done to reduce the conspiracy of the
model with the original data, thereby weakening the
effect of overfitting. We found that increasing the
removal percentage by more than 15% led to a decrease
in the accuracy of the model. When thinning out half of
the weights, the accuracy of the neural network classifier
decreased to 76%. The highest accuracy, equal to 95%,
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Fig. 2 The architecture of the used convolutional neural
network.

was presented by the neural network when 15% of the
features were removed. The model also presented the
smallest loss (0.09) with the removal of 15% of features.
To obtain accuracy and loss metrics, the values obtained
during the validation test of the neural network were
used. Accuracy metric is the ratio of the number of
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correctly classified samples to their total number on the
validation test and loss metric represents how well our
model performs by comparing what the model predicts
with the actual value.
The metrics obtained at the training stage of

15 epochs are presented in the Figs. 3 and 4.

Then, class activation maps (CAM) were obtained on the
example of a hyperspectral image of a pigmented nevus
(see Figs. 5 and 6). This map of intermediate activations
helps to debug the decision-making process in the neural
network, especially in the classification error. It also
helps to determine the location and specificity of objects
in the image and draw a conclusion about the correctness
of the neural network classifier. As it can be seen in
Fig. 5, the neural network classifier focuses directly on
the nevus itself, which indicates the correctness of the
problem classification algorithms.

The obtained image classification accuracy of 95% on

our test dataset allows us to say that the selected regions
of the spectrum are informative enough to identify skin

neoplasms.
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Fig. 3 Accuracy of the classification model with thinning
out 15% of features: the solid line is the training set, the
dotted line is the test set.
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Fig. 4 Losses of the classification model with thinning out
15% of the features: the solid line is the training set, the
dotted line is the test set.
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Fig. 5 Layer activations mapmax_pooling2d_11.

Fig. 6 Hyperspectral image of a pigmented nevus at a
wavelength of 564 nm.

The obtained high accuracy of the binary
classification of skin neoplasms is not only comparable
with the results of the use of Raman scattering, but also
exceeds the efficiency of fluorescence and dermoscopic
examination [3]. An analysis of spectral indices
calculated from hyperspectral images and characterizing
differences in the relative content of skin chromophores
for MM, basal cell carcinoma, and PN presented in
Ref. [16] made it possible to obtain an accuracy of no
higher than 78%.

Taking into account the small size of the training and
test samples, the achieved accuracy values can both
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increase and decrease as they increase. However, the
obtained results demonstrate the possibility of using
neural networks for the analysis of hyperspectral images
in order to detect MM.

4 Conclusion

In this work, a binary classification of hyperspectral
images of 50 samples of skin pathologies in the visible
region was carried out using a neural network of the VGG
architecture. The spectral ranges of 530-630 nm selected
for differential image analysis showed high information
content, which confirms the possibility of reducing the
recorded spectral data and, accordingly, increases the
speed of computational processes. The classification
accuracy for MM and PN on test dataset was around 95%.
The use of a hyperspectral image classification algorithm
based on neural networks has improved the accuracy of
skin  pathology separation compared to other
classification methods [7, 10, 11, 16].

Further development of technology is possible in
several directions. The first is to conduct mass studies
both with skin samples and with samples of other areas
of human tissue to establish and improve the accuracy of
diagnosing oncological diseases, as well as to compare
the proposed method for classifying hyperspectral
images with data on the accuracy of diagnosing other
optical methods.

The second is the development of technology and the
creation of an autonomous algorithm for the control of
oncological diseases, which would allow monitoring the
presence and condition of various unfriendly neoplasms.

The third is the optimization of the neural network
architecture, the increase in the training sample and the
modernization of hardware for registering hyperspectral
images.
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