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Pucynok b.1 — Cnaiin 1 npe3enTarii
JlocnimkeHHS

AKTYaJIbHIiCTB:

« [IIBuaKMI pO3BUTOK ITHOMHHOrO HABYAHHS B MEMIIMHI.

« [Torpeda y pocTynHuUX iHCTpYMEHTaX [yisi 0OpOOKH MCAMUHUX 300paKCHb.
* O6MexeHICTh JOCTYITY 10 KOMEPLIiHHUX CHCTEM Yepe3 BHCOKY BapTiCTh.

Hanpsamu nocainkenHs:
* [TopiBHSIHHS BIJKPUTHX CHCTEM INIMOMHHOIO HABYAHHSI.
« JloctipkeHHsI e)eKTHBHOCTI CerMEHTALIIT MC/IHIHIX 300paKeHb.

O0’€KT 10CTiKEHHsT:
* Bigkpuri Ta KOMepIiiHi MOZeNi NIMOUHHOTO HaBUAHHS.

Pucynok b.2 — Cnaiin 2 npe3eHTariii

XAPKIBCbKMA
HALIOHANbHUA
YHIBEPCUTET
PARIOENEKTPOHIKM



[ToctanoBka 3a1a4il

®opmyBaHHs NPodJieMHu:

* Brcoka BapTicTh Ta 0OMeKeHa JOCTYIHICTh KOMEPLIHHUX CHCTEM CTBOPIOIOTH OTPedy y AOCIIKEeHHI
MOXJIHBOCTEH BiZIKPUTHX MOJIEIIEH SIK ITOTSHIIIHHOI albTepHATHBH I MEIMIHOI CerMEeHTaLlil.

Mera:

« [IpoBecTH TCOPETHUHMIT aHaIi3 JUIsl HOPiBHAHHS MOXKIIMBOCTCH KOMEPIIHHHX Ta BiZIKDUTHX CHCTEM ITHOHHHOTO
HaBuaHHS. Ha 0CHOBI sliTepaTypHOro orisily BiiOpaTH /Bi BiIKPUTI MOJieli 3 HAHKPALMMH NOKa3HHKaMHU Ta
BHKOHATH IIPAKTUYHUI €KCIIEPHMEHT 3 1X OL[IHKH B OJHAKOBHX yMOBaX.

OuikyBaHni pe3yjabTaTn:
» OtpumaTn 00’ €KTHBHY OLIIHKY TOYHOCTI MOJICJICH.

* CthopmyBaTH NpakTHYHI PEKOMEH/ALIT JUISi BUKOPHCTAHHS BIIKPUTUX CHCTEM Y JIOCTI/UKCHHSX Ta HABYAHHI.

e
o) (s

Pucynok b.3 — Cnaiin 3 npe3enTariii

Orusi M aHam3 JiTepaTypHHUX, HAYKOBHUX JIXKEPE

» KoMepuiiini cucremu:

®  BHCOKA TOYHICTb, IHTErpallis y KIiHIUHI IPOIECH, PealbHuUi yac;
® 00OMEeXeHHsI — BHCOKA BapTIiCTh i 3aKPUTICTh AJITOPUTMIB.

* Bigkpuri cucremu:

®  JIOCTYIHICTh, THYYKICTbh HAJIAIITYBaHb, KOHKYPEHTHA TOUHICTD;
e (oOMeXeHHs — noTpeda B TEXHIYHUX 3HAHHSX 1 pecypcax.

* BuGip 3anexutsb Bia 3a1a4i, OI0/DKETy, JOCTYIHUX PECYpPCiB Ta LiJIeH 3aCTOCYBaHHSI.

Pucynok b.4 — Cnaiin 4 npesenrariii



TeopeTuune TOCTITKEHHS

I'padix nemoHcrpye nopiusinst mozaeneit nnU-Net, MONAI ra
DeepHealth Toolkit 3a ocnoBaumu Merpukamu: Precision, Recall ta Graphical Comparison of Metrics: Precision, Recall, and F1 Score
Fl-mipa. Sk BunHo: o os 0 as T

oo 085 mm ecall

-1 5core

« nnU-Net mae HaiiBumuii nokassuk Recall (0.88), mo po6ursb
ii Haifkpamum BHOOPOM JUTA 3a71a4, Jie BaXKIIHBO BHSABHTH BCi
TO3UTHBHI BUTTAAKH. g
« MONAI Buainserscs HaiiBHmo00 Tounictio (Precision —
0.89), 3MeHLIYI0UH KUIbKICT XMOHO IO3UTUBHUX
Ppe3yibTatis,
« DeepHealth Toolkit neMoHCTpye 30anaHcOBaHi pe3ynbTaTH,
MIAXOMTYHN IS 337124 i3 OOMEKEHHMHU PECypCaMH.

oo DeepHealth Toolkit

Hl PE3YyIAbTATH N03BOJIAIOTH BUSHAYUTH ONTUMAJIBHY MOJICIIB

SEIJ KOHKPCTHHX 3aBJIAHb.

software 5

enginesring

Pucynoxk b.5 — Cnaiin 5 npesenTartii

MCTOI[OJ'IOI"ﬁ BHUKOHAHHS [MTPAKTUYHOI'O CKCIICPUMCHTY

% Buxkopucuani meroau:

o Bubpano naracer MSD Task03 Liver.

o Hapuanns Mojeeii npoBoauiocs nokaibao (CPU).

o TlopiBHsAHHS MoJIelieil y pIBHHX YMOBaX.

o  BukopucraHHS 0HaKoBHX MeTpuK omiHkH: Dice, Precision, Recall, F1.
% IHCTpyMEHTH Ta TeXHOJIOTii:

o nnU-Net v2

o  MONAI (na 6a3i PyTorch)

o Moga nporpamyBanus Python
o Ha6ip janux MSD Task03 Liver
o

Cepenouiie: MacBook Pro (M3 Pro, CPU)

software 6

enginescing
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ETanu HaByaHHA Mogeti nnU-Net

[IpoBeneHo aBTOMAaTH30BaHY IiArOTOBKY Ta HOPMAJI3ALiI0 JAHUX.
BukoHaHO aBTOMaTHYHE HAJAIITYBAHHS apXITEKTYPH MOJEII.
ITposeneHo HaBuauHs i3 Bukopucranusm CPU.

3niiicHeHo iH(epeHe Ha TecTOBiM BUOIPLI IJIsl OLIHKHU SIKOCTI CerMeHTanil.

Pucynoxk b.7 — Cnaiin 7 npeseHTartii

PESYJIbTaTI/I HaB4YaHHA MO/ €EJIl nnu-
Net

* Dice Coefficient: 0.920 + Precision: 0.905 « Recall: 0.936 + F1-score: 0.920

liver_121 - CT slice Ground Truth Prediction

Pucynok b.8 — Cnaiin 8 npesenTariii



ETanu HaBuanHa mogesti MONAI

PyyHe dopMyBaHHA navinnariHy o6pobku AaHmX.

BusHaueHHA apxiTekTypun U-Net.

3actocyBaHHA Data Augmentation.

HaBuaHHSA 3 BUKopucTaHHsam CPU

3aiicHeHO iHpepeHC Ha TeCToBIV BUBIpL AN OLIHKM AKOCTi cermeHTaLii.

Pucynok b.9 — Cnaiin 9 npesenrariii

PesynbTaTu HaBYyaHHA Mmoaeni MONAI

* Dice Coefficient: 0.882 * Precision: 0.461 « Recall: 1.000 * F1-score: 0.882

image Lrouna irutn Hreaicuion

Pucynok b.10 — Cnaitn 10 npe3enrarii



[TopiBHAJIbLHUM aHaAJII3 pe3yJbTaTiB

nnU-Net nepesume MONAI 3a TOYHICTIO Ta 36a71aHCOBAHICTIO.
MONAI IeMOHCTPYE BUCOKY YYTIMBICTb, ane HUXKYY CreundivHicTb.
O6wnagi Mozeni NiIATBEPAVNAN CBOKO NMPUAATHICTL ANA 3a4a4 MeAUYHOT
cermMeHTauii.

Pucynok b.11 — Cnaiin 11 npe3enraii

Po3po06JieHi pekoMeHgallil

e nnU-Net pekoMmeHA0BaHO A/ 3343y i3 BUCOKMMU BUMOraMum 40 MOBHOTU

cermMeHTaduir.
e MONAI foUiNbHO 3aCTOCOBYBATU AN eKCrepUMeHTaIbHNX JOCTiAKEHb

Ta 3a4a4 Knacudikau,ii.

Pucynok b.12 — Cnaiig 12 npe3zenTariii
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BucHoOBKH

Binkpuri cucteMu rIMOMHHOIO HABYAHHS ACMOHCTPYIOTb BUCOKY €(DEKTHBHICTb.

nnU-Net 3abe3neuye aBroMaTH3aIlifo Ta CTabiTbHICTh.

MONALI nponoHye rHy4KiCTh Ta PO3IIHPIOBAHICTD.

OtpuMaHi pe3yJbTaTé MOXYTh OYTH OCHOBOIO JUIS MOIAJIBIINX AOCHI/UKEHb T BIPOBA/DKEHHS Y
TIPaKTHKY.
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The applicarion of deep learning in medical image analysis fas
significantly tmproved diggnosmc aceuracy. However, the use of
commercial solugons such as Google DeepMind Health, IBEM
Warson Health, and Aidoc is financially demanding, limiting their
adeption in many healthcare imsdindons. In confrass, open-soNrce
sysiems [ihe MONAL nnU-Ner, and DeepHealth Toolkit affer high
gfficiency in medical image analysts without subsianial financial
cosrs. This stndy evalnates their performance using memics such as
Dice Coefficiens, Precision, Recall, and FI-score, comparing them
wiith the resulrs of commercial solnfdons.

Eeywords — deep learning, medical imaging, nenral neovorks,
artffcial mielligence, nnU-Net, MONAI DeepHealth Toolkir,
Performance evaluaion i

I. INTRODUCTION

Medical image analysis 15 a crtically mmportant task m
modem medicine, as it enables early disease diagnesis,
monitoring of disease progression, and evahuation of treatment
effectiveness. Due to technological advancements and the
development of leaming methods, medical ima has
undergone nynﬁie:l% changes over the past decade. %ﬂiﬂ
mtelligence (AD) methods allow for the antomation of complex
analysis processes, reducing the likelibood of nmman eror.
increasing data processing speed, and ensuring mere accurate
results.

leaming is one of the most promising areas in medical
diaﬂﬁ:s Convohitional networks (CWNs) can
automatically extract key features from mmages without the need
for mamual” filter adjustments. This capability opens new
posaibilifies for organ segmentation. pathology detection. and
the assessment of tissue changes. However, the widespread
adoption of commercial solutions such as Gmgle Da:;ﬂmd
Health IBM Watson Health, and Aidoc requires substantial
financial resources, limuting their use, especially m middle-
mcome coummes [1-3].

As an altemative, open-source deep leaming systems, such
as MONAIL nnU-Net, and m ealth Toolkit, provide
researchers aJ:u:ldEW:lopem with le and accessible tools for
creating and immproving medical mage analysis algorithms.
These systems allow for the testmg and melementaton of
advanced analysis methods, opening new opportmities for

JO0E-R-ROO-30000- 000000 ©20RX IEEE

OF.CID 0000-0003-0394-9900

research and the practical infegration of Al technologies m
medical practice [EEI

The objective of this study is to evaluate the effectiveness of
open-source deep leaming systems for medical image analysis
and to assess their potential as altematives to commercial

solutions i scientific and climcal research. The key tasks
include:

*  Analysing existing open-source desp leaming systems
for medical image analysis and their architechures.

+ Evaluating the performance of open mwodels using
tantitative metrics such as Dice Coefficient, Precizsion,
all, and F1-score.

* Comparing the results of open-source solutions with
pmnlﬂly available data from commercial platforms.

+ Jdentifying the and weaknesses of open
systems in the context of practical applications.

Thus, this study aims to mvestigate the efficiency of open-
souTCe deep leamning systems, which holds not only scientific
simificance but also practical value for the advancement of
medical technologies.

0. METHODOLOGY AND WORKING

Segmentation and Classification in Medical Analysis
Segmentation and classification are two key tasks m the
analysis of medical images using deep leaming.

Segmentation is the process of dividing an image mfo
separate Tegons, exch cormesponding to a ific object or
struchure. In 2 medical context, this mi} mr.-ofE:cdehmaéng the
boundanes of tumours, organs, or pathological structures.
Modem segmentation methods, such as U-Net and mmlJ-Net,
provide high acowracy due fo specialized architectures that
utiize an encoder-decoder structure and skip comnections to

e spatial information. According to research applying
Eeep leaming for spatial interpretation of medical mmages

significantly miproves the acouracy of pathology segmentation
in X-ray mages [7].

10



Classification is the process of assigning an image or its

to a specific class, such as idenfifying the type of esjnnorp;:
stage of a disease. Deep neural networks, such as FesNet and
EfficientNet. effectively handle these tasks by analvsing i
featres and defecting patterns associated with spec].g
pathologies. Studies have shown that the use of convelutional
malmrksfornrdlmllmagepm sing  Increases
classification accuracy by 13-20% compared fo traditional
analysis methods [8].

Research on Comvolutional Newral Networks in Medical
Analysis

Convohitional neural networks (CINNs) form the backbone
of most modem medical image analysis systems. They are used
for automatic pathology identification, organ segmentation, and
tissue condition assessment. Due to their mult-layered stuchures,
CNNs can detect complex pattems in medical images, making
them an ideal tool for applications m radiclogy and oncology.

DespHealth Toolkit wfilizes convolutional networks for the
segmentation and analysis of 30 medical images. Its key feature
15 the hybrd approach. which combines classical ima; anahms

with modem neural network algorithms. system

irvpsut
IrmeE e -
e

+
k==
+

b e

efficiently processes mmlti-layered X-ray and tomographic data,
making if highly useful m radiology.

U-Net iz one of the most popular convolutional neural
networks (CNN)  architectures, cally deslﬁ,md for
segmentation tasks, particularly in medical imiaging. Tt features
a symmetric structure, consisting of an encoder and a decoder.

* The encoder performs comvolutional operations to
extract features while gradually reducing the
dimensionality of imput data.

+  The decoder restores spatial information and generates
the segmentation mask.

A key feature of T-INet 15 the presence of skip connections
between corresponding levels of the encoder and decoder. These
comnections help preserve high-resolution defails that would
otherwise be lost during convolutions, thereby mproving the
model s acouracy (Fig. 1).

oLt
== 1™ seamentation
i map

H

u - oo 3x3, Rell)
- copy and crop
& rmax pool 2x2
# up-corme Fes

- 0T 11

Fig. 1. U-net architecture (example for 32x32 pixels in the lowest resolution). Each blue box comesponds toe a multi-chamme] feature map. The number of chammsls
&5 denoted on top of the box. The x-v-size is provided at the lower laft edge of the box. White bowes represent copied fearure maps. The amows denote the different

operations [9].

U-Net has gained widespread recognition due to its ability to
work effectively with small datasets, which is a commoen
n medical applications. Studies mdicate that T1-Net
can be adapted for vanous tasks, meluding 2D and 3D image
segmentation, making it a versatile toel in medical analysis [9].
ml-Net 15 an advanced version of U-Net that automatically
adapt= to amy medical imagmg dataset, optmizmg
lyperparameters without mamual adjustments.

The mnl/-Net workflow starts with data preprocessing,
where images are normalized, rescaled, and cropped if necessary
to fit standard dimensions. These preprocessmg steps are

critical, as the quality of mput data directly mupacts model
performance.

After preproce the model automatically adapts its
architecture to the spec:l.ﬁc dataset, selecting the it
image size, network depth the mmober of chammels in
convolutional layers, and other ers. This aufomation

reduces the time and computational resources typically required
for manual funng.

The nnll-Net architecture follows a three-stage process:

+ Downsampling - the model extracts global image
features throush a semes of convelutional and max-



pooling layers. reducing dimensionality for efficient
processing.

¢ Bottleneck — snformation is compressed into the most
compact representation. allowing for effective feature
extraction.

e Upsampling — the image is reconstructed to its origl
resohxto]:rgmtegming lomland(glol):alf@aturesgflml

Despite its versatility, nnU-Net has some limitations. The
automated configuration does not always yield optimal results
for highly complex or diverse datasets. For example. when
working with data that contains a hi ee of vanability or
artifacts, manual fine-tuning may sgl.lftl;eﬁesaq .

ResNet is one of the most widely used CNN architectures for
classification and ima; is tasks. Its mam mmovation is
the use of residual blocks, which incorporate direct connections

between layers (Fig. 2). This design eliminates the vamishing
gradient problem. which is common m deep networks, and
significantly simplifies training.

Fig.2. ResNet - 34 Layerad architecture [10].

Moreover, ResNet can be effectively used for segmentation
if complemented with a decoder module like U-Net.

ResNet scales well, allowing it to be utilized for
datasets and complex tasks. However. its performance is hi
dependent on computational resources, making high-memory
GPUs recommended for optimal operation. This Lmits its
suitability for resource-constrained environments, but it remains
an 1deal choice for large-scale research projects.

MONAI (Medical Open Network for Al) is a modular deep
leaming platform designed for medical applications, allowing
for flexible adaptation to specific tasks.

Data Preparation in MONAI involves extensive data
augmentation techniques such as scaling, rotation, cropping, and
normalization. These transformations enhance dataset diversity.
improving the model's ability to generalize.

Identify applicable funding agency here. If pone. delete this text box.
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Ak 'feanueofMONAIisiminMaﬁonofg:u’ained
models {(such as ResNet and DenseNet). which have been
tramed on large datasets, reducing the need for prolonged
ming. MONAI has been shown to improve the efficiency of
ical diagnostic models significantly. arch ndicates that
MONAI traditional , achieving over
90% accuracy In tomography image analysis [11].
Evaluation of Effectiveness by Metrics
The Dice coefficient is widely used to assess ation
ity. It determunes the similarity between the predicted mask
an_dthe ground truth annotation (G) and is calculated using
Equation (1).
DICE =(2*PNG)/(PI~\G|) (¢))

In studies, the onU-Net model demonstrated an average Dice
coefficient of 0.89 in brain tumor segmentation tasks,
confiming its ability to accurately define object boundaries.
MONAI showed an average Dice coefficient of 0.91 for Liver
segmentation. indicating optimal model tmmng for specific

12



tasks. Toolkit achieved 0.87 In heart segmentation
tasks [12-14].

Precision measures the proportion of comectly predicted
pmmresamplaﬂl’}mgallpmdldedpmhw samiples and
13 calculated using Equation (2)

Percision = TP{TP+FF) @

This metric is 1 in tasks where it is crifical to reduce
the number of false positive results. In studies, mU-Net showed
a Precision of (.86 in brain tumor tasks. MONAIL
adum'edaPmmsmofDImskmmwlemmclmsﬁmhm,

whu:h mdmrl‘es a lugh level of prediction in
Toolkit reached a Precision of 0.84 m
hmgam:maly

tasks [12-14].
Pecall determines the ion of true
comrectly predicted by the model. Its fornmla (3) 15 as follows:

Recall= TPATP+FN) 3

This metnic 1s important for tasks where 1t 1s critical not to
miss positive cases, such as detecting serious pathologies. In the
study, mnU-Net achieved a high Fecall (0.88), confiming its
ability to 1dentify most positive samples. For MONAL Becall
was B?mhtﬁseglmﬂanmtad:s,whﬂt Toolkit
showed 0.83 in hmg anomaly classification tasks [12-14].

IT. EESULTS
Comparizen and evaluation of efficiency in classification
problems

To the effectiveness of open models m
classification tasks, a graph (Fig. 3) was bult, visualizing key
metrics — Precision, Fecall and Fl-score — for mmll-MNet,
MONATL and DeepHealth Toolkit The analysis showed that
MONAI demonstrates the best results m classification tasks due
to its flexible tuning and adaptation to specialized datasets. mmlU-
Wet provides stable performance across a wide range of medical
tasks. especially in segmentation while DeepHealth Toolkit 1s

Graphical Comparison of Metrics: Precision, Recall, and F1 Score

. 0.8 0.87 £:B3

Fsg 3. Graphical comparison of Precision, Fecall. and F1 Score metrics for

Comparisen gf Open-Source and Commercial Deep Leaming
Systems

A companison and summary of the characteristics of open-
source and commercial I have been
conducted, with the results m Table I which
highlights the mam features of platforms.

BT

MONAI
Madels

[eR-1 ) . Precisian
 Racall

. Fl Score

O.B5

DeepHealth Toolkit

onU-Met, MONAL and DeepHealth Toolkit modals.

The Table 1 illustrates the key characteristics of each
platformy, their advantages, and lnuitations, providing a clear
mﬁﬂsﬂlﬁ' Dfﬂmsmtahﬂn'{ tasks. -SOUTTE
Systems, as imU-Net and ﬂmﬂb&ﬁawﬂe
range of research tasks due to their flexibility and accessibility.
In contrast, commercial solutions are distmgumished by their
integration with climical systems, giving them a significant
advantage in practical applications.
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TABLEL COMPARTSON OF OPEN-50URCE AND COMMERCTAL DEFP LEARMING SYSTEMS
- - . .| Google DeepMind IBM Watron )
Characteristic nnl=-Ner MONAT DeepHealth Toolkit Health Health Aidoc
Segmentation. Sezmentation. L . Omcology, Fadiologscal
- . Smmo{ . N - N . Early diaznnsiz, !
Primary Parpose classification, classification, bybrsd 3 L MAMNOETAm anahysis, expert
medical images T2ET=sEMIL msks pathology amalysis malysis AsEessment
Automation of Tuning Full Partial Absent Full Parrial Full
WIfTL Limited
Supportel Data suppen for other DICOM,NETI | DICOM, NITL ING DICOM DICOM, NITT DIcoM
oAt Jra—
. Various modsls (30- Fleshet, e chpy. | PropEietry R
Dty Processing DN Ul ReNet, | Inceptiones byvrid | Doy UM | odelswitt NLP | Modified CNN
= Denselist) alzorithms suppont
Flexdhility Medim Hich High Medium Medium Mledium
. " Hybrid appreach, High acouracy, High acouracy, P 5 "
Versatlity, : ) Infegration with Feeal-fime analysis
ey Advantages . a:h]mlnln} i integration with intezTaton with . © —
autoenation dfferent datasets extemal resoures healthcare systems cinical systems speed
High GPU Complexity of Hirh demand for
Main Dewbacks TRqUITEmEnts, Jeami kmowiedze and High cost High cost High cost
limited flexbilsry = [RSOUITEs
- ) oogle Desphind IBM Watsan .
Charactenisiic nol-Met MOMAT DespHealth Toolkst Hailth Hzalth Asdoc
o, Segmentation. 3 . Cmcology, Fadiological
. Semmenmtionof | ool REUSMAL | Early diagnosis, : .
Primary Parpose classification, classification, bybrsd 3 L MAMMOETAm anahysis, expert
medical images TEETE355IL tasks pathalogy analysis mmalysis S5 EI5mEnt
Automation of Tuning Full Partial Absent Full Parrial Full
IWIfTL, lemifed
Supgtned M support for ather DICOM, NITI DICOM, NETL FNG CICOM DICOM, WHTI DICOM
OIars Sarnmts
. Various modals (30- Fleshet, P—— Proprstary Ch
Data Processing 3Dt UNet ReNet | Inceptionies byt | Dpred N | modslswiti NLP | Modified CNN
= Dersaliat) alzarithms support

IV. CONCLUSION
Open-source desp leamimg systems, such as mnlU-Net

detecion, and anomaly identification, making it an 1deal choice
for analysing X-ray, CT, and MEI scans.

MONAIL and DeepHealth Toolkit, have demonstrated
sigmificant efficiency n medical image analysis tasks, offering a
wide range of possibilities formealﬂ:lﬂsanddﬂelopers These
platforms provide flexibality, accessibility, and competitiveness
compared to commercial sohitions, as they enable working with
diverse datasets and customuizing models to meet specific user
needs. Thanks to thelr open-socurce nature and adaptability to

talized tashs, these systems are actively used m scientific
research and chimical practice.

Among open-scurce solutions, nnlJ-Net 1s one of the most
efficient aches for medical image segmentation. Its main
advantage hes m fully sutonsted parameter tming, allowing
high-performance results without the need for mamal

tion In mmercus studies. this model has consistently
demonstrated high acouracy n organ segmentation, fumor

MONAT in tum, is one of the most versatile open-source
platforms for medical image anabysis. It supports a wide range
of neural network architectures, mcluding FesNet T-Net, and
their modifications, enabling its application in various medical
tasks. MONAI delivers optimal results in classification tasks a.w:l
specialized scenanios such as anomaly detection in tomo;
images. Furthermore, its adaptability to different data
and seamless integration with PyTorch make it a convenient lool
for research projects and practical medical applications.

DeepHealth Toolkit is a valuable tool for analyzing complex
3D structures, such as cardiovascular systems or intracranial
objects. Its ke:, advantage 15 the hybnd approach which
combines classical image amalysis algorithms with modem
newral network methods. However, the effectiveness of this
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system heavily on available computational rescurces,
which my linit its widespread adoption in clinical practice.

On the other hand commercial platforms, such as
Deephind Health, IBM Watson Health and Aidoc, offer
seamless infegration with clinical systems and provide high-
precision image analysis in real-world medical environments.
With mumerous -ramed medels and powerful cloud
computing capabilities, these sclubions are optmuzed for
deployment in large medical canters and hospatals. However, the

izh cost of these ;s significantly restrcts  their
accessibility for mstitutions with limited budgets, makng their
use challenging in inderfimded healthcare facilities and research
projects.

Thus, open-source deep leammg systems are powerful tools
for the scientific comnmmity, as they enable achieving high
performance at relatively low costs. 'Ihﬂ offer flexibility and
adaptability, making them ideal for various research tasks and
even some clinical apphications. At the same time, commercial
platforms remain essential for large-scale implementation in
complex chnical envirenments, where accuracy and processing
speed play a cmucial role.
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