
284  www.innoscience.ru

Н ау к а  и  и н н о ва ц и и  в  м ед и ц и н е  Медицинская информатика Medical informatics

Abstract
Aim – to evaluate the effectiveness of the YOLOv8 algorithm for automatic 
segmentation of demyelination lesions in various locations in patients with 
multiple sclerosis.
Material and methods. The study included 120 patients with a clinically 
confirmed diagnosis of multiple sclerosis who underwent contrast-enhanced 
MRI. The MRI data from patients with different types of disease progression 
were analyzed. T1-weighted, T2-weighted, and FLAIR sequences were used 
for the analysis. The YOLOv8 algorithm was adapted for medical imaging and 
trained on manually annotated MRI scans. Model performance was evaluated 
using precision, recall, and F1-Score metrics.
Results. The YOLOv8 model demonstrated high segmentation performance 
with a precision of 0.79, recall of 00.73, and F1-Score of 0.65. The model 
effectively identified demyelination lesions in various locations typical 

for multiple sclerosis. However, there remains a need to improve recall to 
minimize the missed lesions. Testing on independent data confirmed the 
stability of the results of the model.
Conclusion. The YOLOv8 algorithm shows significant potential for automatic 
segmentation of demyelination lesions in multiple sclerosis patients. This 
method could be successfully implemented in clinical practice, enabling 
faster diagnosis and improved monitoring of disease progression. Further 
optimization of the model, through data augmentation techniques and hybrid 
architectures, may enhance both segmentation accuracy and recall.
Keywords: magnetic resonance imaging, multiple sclerosis, segmentation, 
deep learning.
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Аннотация
Цель – оценить эффективность использования алгоритма YOLOv8 для 
автоматической сегментации очагов демиелинизации различной локали-
зации у пациентов с рассеянным склерозом.
Материал и методы. В исследование включены 120 пациентов с кли-
нически достоверным диагнозом «рассеянный склероз», которым была 
проведена МРТ с контрастированием. Были проанализированы МРТ па-
циентов с различным типом течения заболевания. Для анализа исполь-
зовались T1-, T2-взвешенные и FLAIR последовательности. Алгоритм 
YOLOv8 был адаптирован для медицинских данных и обучен на раз-
меченных вручную МРТ-снимках. Оценка производительности модели 
проводилась с использованием метрик точности (Precision), полноты 
(Recall) и F1-мера.
Результаты. Модель YOLOv8 показала высокие результаты сегментации: 
точность – 0,79, полнота – 0,73, F1 мера – 0,61. Модель эффективно иден-

тифицировала очаги демиелинизации различной локализации, типичной 
для рассеянного склероза. Остается необходимость в повышении полно-
ты для минимизации пропуска поражений. Тестирование на независимых 
данных подтвердило стабильность результатов модели.
Выводы. Алгоритм YOLOv8 демонстрирует высокий потенциал для 
автоматической сегментации очагов демиелинизации у пациентов с рас-
сеянным склерозом. Данная методика может быть успешно внедрена в 
клиническую практику, что позволит ускорить диагностику и улучшить 
контроль за прогрессированием заболевания. Для дальнейшего повы-
шения точности и полноты сегментации возможна оптимизация модели 
через использование методов усиления данных и гибридных архитектур.
Ключевые слова: магнитно-резонансная томография, рассеянный скле-
роз, сегментация, глубокое обучение.
Конфликт интересов: не заявлен.

Для цитирования:
Захаров А.В., Широлапов И.В., Хивинцева Е.В., Сергеева М.С.,  
Романчук Н.П., Дедык Д.А., Мельникова Д.Д., Андреев А.М.,  
Мавлетова А.И., Щепетов А.О., Hemanth J. Автоматическая сегментация 
очагов демиелинизации при рассеянном склерозе. 
Наука и инновации в медицине. 2024;9(4):284-290.
DOI: https://doi.org/10.35693/SIM636947 

Сведения об авторах
Захаров А.В. – канд. мед. наук, доцент, директор НИИ нейронаук.
ORCID: https://orcid.org/0000-0003-1709-6195 
E-mail: a.v.zaharov@samsmu.ru 
Широлапов И.В. – канд. мед. наук, доцент, заведующий лабораторией 
трансляционных исследований и персонализированной медицины.
ORCID: https://orcid.org/0000-0002-7670-6566
E-mail: i.v.shirolapov@samsmu.ru
Хивинцева Е.В. – канд. мед. наук, доцент кафедры неврологии  
и нейрохирургии.
ORCID: https://orcid.org/0000-0002-1878-7951
E-mail: e.v.hivinceva@samsmu.ru
Сергеева М.С. – канд. биол. наук, доцент, ведущий специалист НИИ нейронаук.
ORCID: https://orcid.org/0000-0002-0926-8551
E-mail: m.s.sergeeva@samsmu.ru
Романчук Н.П. – канд. мед. наук, доцент, заведующий  
лабораторией нейроморфных систем НИИ нейронаук.
ORCID: https://orcid.org/0000-0003-3522-6803
E-mail: n.p.romanchuk@samsmu.ru
Дедык Д.А. – инженер передовой инженерной школы.
ORCID: https://orcid.org/0009-0000-7902-6964
E-mail: d.a.dedyk@samsmu.ru

Мельникова Д.Д. – инженер передовой инженерной школы.
ORCID: https://orcid.org/0009-0000-6516-8216
E-mail: d.d.melnikova@samsmu.ru
Андреев А.М. – инженер передовой инженерной школы.
ORCID: https://orcid.org/0009-0002-0292-930X
E-mail: a.m.andreev@samsmu.ru
Мавлетова А.И. – инженер передовой инженерной школы.
ORCID: https://orcid.org/0009-0007-4429-7554
E-mail: a.i.mavletova@samsmu.ru
Щепетов А.О. – инженер передовой инженерной школы.
ORCID: https://orcid.org/0009-0009-5925-6426
E-mail: a.o.schepetov@samsmu.ru
Hemanth J. – профессор.
ORCID: https://orcid.org/0000-0002-6091-1880
E-mail: judehemanth@karunya.edu 
Автор для переписки
Захаров Александр Владимирович
Адрес: Самарский государственный медицинский университет,  
ул. Чапаевская, 89, г. Самара, Россия, 443099.
E-mail: a.v.zaharov@samsmu.ru  

Список сокращений
МРТ – магнитно-резонансная томография; ПИТРС – препараты,  
изменяющие течение рассеянного склероза; РС – рассеянный склероз;  
ЦНС – центральная нервная система; CNN – англ. convolutional neural network;  
EDSS – англ. Expanded Disability Status Scale; nnU-Net – англ. 'no-new-Net';  
SVMs – англ. Support Vector Machines; U-сеть – англ. ultra long сеть. 

Получено: 12.10.2024
Одобрено: 01.11.2024
Опубликовано: 26.11.2024

 INTRODUCTION

Multiple Sclerosis, or MS, is a neuroinflammatory 
disease of the central nervous system (CNS) causing 

demyelination and neural damage. The disease brings about 
frequent disability among young people (aged 18-40) [1]. 
The progression of disability in the MS patients significantly 
affects social, economic and social well-being. The annual 
economic burden of MS in the USA is 85 Billion US Dollars. 
Similar data was obtained in the European Union, where 
average annual expenditure varies from 22,800 Euro (mild 
degree of the disease) to 57,500 Euro (severe degree of 
the disease) in terms of purchasing power parity, the direct 
medical expenses making up to 68% of the total expenditure 
[2]. Timely diagnostics is an important factor in decreasing 
the disability caused by the disease by early prescription of 
disease-modifying therapy (DMT) [3].

The diagnosis of MS is based on the 2017 McDonald 
diagnostic criteria [4], which provide increased diagnostic 
accuracy for this disease based on clinical, imaging and 
immunological indicators. The main thesis of these criteria 
is the detection of dissemination of clinical or instrumental 
signs in space and/or time [4].

Dissemination in space is characterized by the emergence 
of foci of demyelination in the following anatomic regions 
of the CNS: periventricular region of the brain, cortical or 
juxtacortical region of the brain, infratentorial region of the 

brain or the spinal cord, which indicates multifocal damage. 
Dissemination in space may be manifested by one or several 
T2-hyperintensive foci characteristic of the MS, at least in 
two of the four regions of the CNS [5]. Dissemination in 
time describes the development or appearance of new foci 
of demyelination in the CNS over time. 

A key tool for diagnosing and monitoring patients with MS 
and a major component of the continually updated diagnostic 
criteria for MS is MRI [6]. 

The process of identification and segmentation of 
lesions in MS is usually performed manually by skilled 
neuroradiologists; it is a labor-intensive task prone to error 
[6]. Therefore, a necessity exists to develop automated tools 
to facilitate the procedure.

At present, work on automation of segmentation of 
demyelination foci using machine-learning algorithms 
has yielded results that are impressive enough to begin 
implementing them into routine clinical practice [7, 8]. 

Many other automated methods have been developed 
for damage detection and segmentation. Methods such as 
‘k-nearest neighbor’ [9, 10], Support Vector Machines (SVMs) 
[11, 13], Markov random fields [14, 15], ‘random forest’ [16, 
17] or special algorithms based on intensity [18-21]. The 
category of deep high-level neural networks prevailed, that 
were most frequently represented by convolutional neural 
networks (CNN) in the form of U-nets [22]. A modification 
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of this network was proposed, the nnU-Net [23], a method 
that automatically sets up pre-processing stages, architecture, 
training and post-processing for improved adaptation to the 
properties of the data set and available equipment.

Thus, in the majority of present studies, the automatic 
segmentation of the MRI data uses deep learning algorithms 
with the U-net architecture [24] in its 2D and 3D modifications 
[25]. 

Despite the continuously accumulating MRI data, it 
has not yet been possible to effectively solve the task of 
obtaining quality and stable metrics of segmentation 
algorithm performance for them to be used in clinical 
practice. Therefore, individual groups of researchers continue 
looking for the optimal architectures of neural networks, 
pre-processing of MRI data, synthetic data [26], and use of 
several architectures or approaches for their training [27, 28]. 

Identification and segmentation of the new foci of MS 
remain highly challenging tasks. At present, automatic 
methods may be more sensitive for the identification of 
new lesions but yield more false positives when compared 
to manual segmentation by radiologists experienced in 
evaluating the MS patients’ MRI data [8].

 AIM
Use the new deep learning algorithm YOLOv8 to 

identify demyelination foci in the subcortical, infratentorial, 
periventricular and juxtacortical localizations, and to 
calculate the volume of the same.

 MATERIAL AND METHODS
The study was approved by the Ethics Committee of the 

Federal State Budgetary Educational Institution of Higher 
Education “Samara State Medical University” of the Ministry 
of Health of the Russian Federation (Protocol No. 52 dated 
12.12.2023). 

The study included 120 patients with active stable 
progression of the MS diagnosed in compliance with 2017 
McDonald diagnostic criteria [4]. The average age of patients 
was 35.7±10.2 years, and the gender distribution was even. 
The disease activity was established based on the availability 
of one exacerbation within the past year or two exacerbations 
within the past two years in patients with relapsing-remitting 
MS and secondary progressive MS with exacerbations. In 
patients with primary progressive course of the disease, its 
activity was established by the progress of the disease within 
the past year. In patients with the stable course of the disease, 
there were no exacerbations or worsening of the disease 
during the specified period of time [4]. In patients with the 
active course of the disease, there was observed an increase 
of neurological deficiency by at least 2 points in one of the 
functional scales (e.g., visual, brainstem, pyramidal, sensory, 
coordination) or by at least 1 point in two functional systems. 
Progression of disability could also be seen on the EDSS 
scale (Expanded Disability Status Scale) [29]: increase by at 
least 1 point if the initial EDSS score was below 4.0 points, 
or increase by at least 0.5 points if the initial EDSS score was 
4.0 and above [30]. In patients with a progressive course, 
an increase in neurological deficit by 1 point on the EDSS 
scale was observed [4]. Neurological examination and EDSS 
[31] assessment were performed by a certified neurologist 

with more than 10 years of experience in treating patients 
with multiple sclerosis. The neurological status of patients 
according to the EDSS scale is presented in Table 1.

In 18 patients, an active course of relapsing-remitting MS 
was observed, in 68 patients, no activity was observed over 
the past two years, 30 patients had a secondary-progressive 
course with exacerbations, and the remaining 4 patients had 
a primary-progressive course of the disease.

The study was conducted using a magnetic resonance 
imaging (MRI) scanner with a magnetic field strength of 
1.5 T. To improve visualization of active demyelination 
foci, a gadolinium-based contrast agent was administered 
intravenously.

The MRI protocol for the evaluation of the demyelination 
foci included the following sequences: T1-weighted 
images (T1WI) were taken before and after administering 
of the contrast to identify the active foci and evaluate 
the accumulation of the contrast; T2-weighted images 
(T2WI) were used to identify the chronic and new foci of 
demyelination due to high sensitivity to changes in the tissue 
structure; FLAIR (Fluid Attenuated Inversion Recovery) 
was used to attenuate the signal from the fluid and better 
identification of hyper-intensive foci in the white substance, 
specifically in the vicinity of the cerebral ventricles; DWI 
(Diffusion Weighted Imaging) was used to evaluate water 
diffusion in the tissues and to differentiate the active foci 
from the chronic ones; PD-weighted images (Proton Density) 
were used for an additional characterization of demyelinated 
zones and their differentiation from the normal tissue.

 RESULTS AND DISCUSSION
YOLOv8 neural network was used to segment MRI 

images in patients with MS. YOLOv8 (You Only Look 
Once, version 8) is the latest iteration of the YOLO family 
of models designed for real-time object detection and 
segmentation tasks. This architecture is characterized by high 
processing speed and prediction accuracy, which makes it 
suitable for medical image analysis, where not only accuracy 
is important, but also the efficiency of processing large 
volumes of data when detecting several classes of objects 
simultaneously. In our study, foci of demyelination were 
subcortical, juxtacortical, periventricular and infratentorial 
localizations.

This study uses the YOLOv8 architecture with 
modifications intended for improvement of performance on 
medical data. The model was initially trained on a large set 
of images (ImageNet) with further training on a specialized 
dataset consisting of MS patients’ marked-up MRI scans. 
The images included several MRI sequences (T1-weighted, 

EDSS (functional systems)
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score 0-3 (1) 1-4 (2) 0-4 (2) 0-3 (1) 0-3 (1) 0-2 (1) 1,0-7,0 (3,0)

Note: average values (min.-max.).

Table 1. EDSS scores of patients with MS
Таблица 1. Показатели баллов по шкале EDSS пациентов с РС
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T2-weighted, FLAIR), which ensured a better representation 
of lesion morphology.

The architecture of the model includes the following 
blocks:

1. Backbone: this block uses a modified version of CSPNet 
(Cross Stage Partial Network) to extract signs from various 
levels of abstraction. CSPNet divides the data flow into two 

parts: one part goes through a sequence of convolutions, 
whereas the other is sent to later stages. This alleviated the 
calculation burden and improve the model convergence [32].

2. Neck: this block joins the signs from various levels 
using the FPN (Feature Pyramid Network) and the PAN (Path 
Aggregation Network). FPN assists joining the signs with 
low and high resolution, and PAN improves transmission of 
information across the network, which is critical for precise 
segmentation.

3. Head: the output layer includes adaptive Anchor Boxes 
and convolution layers that predict classes of objects, their 
location and segmentation masks. In this modification of 
YOLOv8 for the purposes of medical segmentation, the 
block of deep convolution layer was also used to improve 
sensitivity to minor details of lesions [33].

To train the model, images sized 512×512 pixels were 
used. The training was performed using stochastic gradient 
descent with a momentum of 0.9 and an initial learning rate 
of 0.001. The dataset was divided into training and testing 
samples in a 90/30 ratio. Following the segmentation of 
demyelination foci by the radiologist, images were obtained 
(Fig. 1) on the basis of which ‘masks’ were formed to train 
the YOLOv8 algorithm. 

The block diagram of the complete algorithm for creating 
a training sample, including all stages of primary preparation, 
their standardization based on the features of differences in 
the matrix of the image itself, is presented in Figure 2.

Figure 1. A – MRI T2 mode with a focus of demyelination.  
B – “mask” of demyelination foci obtained as a result of 
segmentation by a radiologist.
Рисунок 1. А – МРТ Т2 режим с очага демиелинизации.  
В – «маска» очагов демиелинизации, полученная в результате 
сегментации врачом-радиологом.
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Figure 2. Flowchart of the algorithm for creating a training sample.
Рисунок 2. Блок-схема алгоритма создания обучающей 
выборки.

Figure 3. Metrics characterizing the quality of the model obtained 
on the test sample. A – function of the F1 graph from the Confidence 
argument; B – graph of the function Accuracy versus the argument 
Confidence; C – graph function Confidence from the argument 
Recall; D – graph function Precision by argument Recall.
Рисунок 3. Метрики, характеризующие качество модели, 
полученной на тестовой выборке. А – график функции F1 
от аргумента Confidence; B – график функции Precision от 
аргумента Confidence; C – график функции Confidence от 
аргумента Recall; D – график функции от аргумента Recall.
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To evaluate quality of segmentation, Intersection over 
Union (IoU) and Dice Score metrics were used. 

The model was trained using the data from 30 examinations, 
each having 86 scans on average (total of 2580 scans). 

The resulting model is well capable of recognizing 
demyelination areas on MRI scans with high accuracy and 
confidence. However, it can be improved to minimize omission 
of positives. The metrics of the resulting model are shown in 
Fig. 3.

The summary of metrics characterizing the quality of the 
resulting model by separate types of demyelination foci is 
shown in Table 2.

One of the main indicators of quality of the model’s 
performance is the confusion matrix shown in Fig. 4. The 
classifier works with four classes, each matching a certain 
type of demyelination foci and the class uniting all types 
of demyelination foci. The model’s prediction are the rows 
and the truth is the columns. Using the test data, the model 
predicted 258 areas of which 210 were true, the remaining 48 
being false-positives.

The confusion matrix helps to visualize and understand 
which classes the model identifies correctly, and which ones 
cause difficulties. This is critical for further optimization of 
the model and improvement of its performance.

It is safe to say, therefore, that the evaluation of ‘precision’, 
‘recall’, ‘F1-Score’ and ‘confidence’ metrics allows a detailed 
analysis of quality of the model’s performance and its 
capability of identifying areas of interest on medical images. 
Their improvement is necessary to obtain a more stable model 
to allow using the results of its work in clinical or research 
practice. These metrics provide a comprehensive evaluation of 
the model and help in further improvement of its parameters 
and algorithms, which is critical for the development of an 
effective clinical decision support system for the diagnosis 
and treatment of MS.

 CONCLUSION
The implementation of the YOLOv8 deep learning 

algorithm for the automated segmentation of demyelination 
foci in patients with multiple sclerosis demonstrated high 
precision and efficiency, which confirms the potential of this 
approach for clinical practice. Despite the results achieved, the 
model can be improved in several areas.

Firstly, the values of segmentation completeness (Recall) 
are still lower than needed, which indicates the possibility 
of omission of individual foci of demyelination. To improve 
segmentation completeness, it is possible to look into the 

usage of hybrid architectures that combine YOLOv8 with 
other models, e.g. U-Net or nnU-Net that have demonstrated 
their efficiency in medical segmentation. A combination 
of advantages of different architectures may improve the 
model’s capability of identifying even the smallest and hard-
to-discern foci. Another prospective line of work could be the 
implementation of model ensemble when the results provided 
by several algorithms are joined to improve the overall 
precision and completeness.

Secondly, one of the ways of further optimization could be 
the use of data augmentation and synthetic image generation 
methods. Deep learning models often depend on the volume 
and diversity of data, and the increase of the data set by 
generating new MRI scans, especially for complicated or hard-
to-reach cases, could improve the precision of segmentation 
and lower the probability of false positive results. The use 
of generative adversarial networks (GANs) to create such 
synthetic data could become an effective approach.

The model can further benefit from using the domain 
adaptation methods. This approach enables the algorithms 
rained on one data set to perform efficiently on other sets of 
data different in quality or scanning methods. In real clinical 
practice, different MRI machines with different technical 
parameters are used, which can affect the scan quality. The 
adaptation of the model to different sets of data, possibly 
by means of transfer learning, could improve the model’s 
versatility and performance reliability.

Possible directions for further application of the model 
include its integration into complex medical decision-making 
support systems. Automatic segmentation of demyelination 
foci can be used not only for diagnosis, but also for monitoring 
disease progression and assessing the effectiveness of therapy. 
Regular use of MRI with automatic segmentation could assist 
doctors in following up on the patients’ condition, timely 
identification of new lesions and evaluation of changes in the 

 Localization of 
demyelination foci Precision Recall F1-Score Confidence

Periventricular (1) 0,82 0,76 0,59 0,85

Juxtacortical (2) 0,80 0,71 0,52 0,82

Subcortical (3) 0,78 0,70 0,79 0,80

Infratentorial (4) 0,76 0,68 0,58 0,78

All types of foci 0,79 0,73 0,61 0,81

Table 2. Metrics of the resulting model regarding  
the classification of individual demyelination lesions
Таблица 2. Показатели метрик полученной модели 
относительно классификации отдельных очагов 
демиелинизации

0 1 2 3 4

0
1
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4

Figure 4. Confusion Matrix (0 – all types of demyelination lesions; 
1 – periventricular; 2 – juxtacortical; 3 – subcortical;  
4 – infratentorial).
Рисунок 4. Матрица ошибок модели (0 – все типы  
очагов демиелинизации; 1 – перивентрикулярные;  
2 – юкстакортикальные; 3 – субкортикальные;  
4 – инфратенториальные).
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existing ones. This will allow for faster adjustment of therapy 
and prevention of complications.

Another promising direction is the use of the model for 
training specialists. Automated segmentation algorithms can 
serve as the basis for educational systems allowing young 
doctors and radiologists learn by using real medical data and 
comparing their results with those yielded by the algorithm. 

This may assist improvement of professional training and 
lowering the human factor in diagnostics.

Thus, the implementation and further optimization of 
automated segmentation models, e.g. YOLOv8, may contribute 
significantly to the quality of multiple sclerosis diagnostics, 
speed up the data processing and alleviate the burden on the 
medical professionals. 
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