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AHHOTanua

B naHHOM paboTe OlleHHWBAETCS Ka4yeCTBO Mo/ieJiel BU3yaJIbHBIX TPaHCPOPMEPOB [iJis pelleHUs 3a-
JlauM KJacCUPUKaLMU PEHTIeHOBCKHUX CHUMKOB TPYAHOMN KJETKH. PEHTreHOBCKHe CHUMKH I'PyAHOM
KJETKH SIBJAIOTCS HauboJsiee U3BECTHBIM M PaCNpOCTPAaHEHHBIM KJIMHUYECKUM MeTOZOM JMarHo-
CTHUKM NMHeBMOHUU. OZIHAKO JUArHOCTHKA MHEBMOHUM MO PEHTIeHOBCKUM CHHMKaM I'PyHOH KieT-
KM AIBJISIETCSA CJIOKHOM 3a/jauell Jaxke AJ1s1 ONBITHBIX PaJiM0JIOTOB. BbIM poBeieHbl KOMIIbIOTEPHbIE
3KCIIEPUMEHTHI 110 NPUMeHEHHI0 TepeHoca 00y4yeHUs /IS paclo3HaBaHUsl MHEBMOHUU Ha peHTre-
HOBCKHMX CHUMKax I'DYAHON KJeTKH. [l 3Toro B KayecTBe 6a30BbIX Mojesiell 06y4eHUsl OblIU BbI-
O6paHbl ITy60KHe HeHpOHHBIEe ceTH — TpaHcpopMepsl ViT, Swin u ry6okue cBepToyHble ceTu ResNet
u VGG-16, npenobyyenHble Ha jgaTtaceTe ImageNet. O6ydyeHue Mozesield MPOBOAUIOCH C QyHKIMEN
noTtepb CrossEntropyLoss v mokasaTesisiMU TOYHOCTH accuracy, precision, recall, f1-score u AUC (Area
Under Curve). [Tocie 06y4eHus1 BbIOMpaack Jy4dilas npejBapUTebHO 06ydeHHas MOZieslb Ha OCHOBe
BbllIIeyKa3aHHbIX METPUK TOUYHOCTH, MOJyYEHHBIX HAa TECTOBOM Habope. B pe3ysbraTe 3KcriepuMeH-
TOB HAaWJIY4LIYI0 TOYHOCTB KJIaccurKanuu nokasasa Mmogesab Swin (Tiny) c nokasaTesnssMU TOUHOCTH
accuracy, precision u recall, paBubiMu 88, 89, 94% cooTBeTcTBeHHO. [loc/ie TOHKOM HacCTPOWKH NoKa-
3aTeJIM JOCTUTIU 3HadeHui 90, 94, 90,92 1 90% COOTBETCTBEHHO.

K/iroueBble C/10Ba: peHTreHOBCKME CHUMKH IPY/IHOM KJIETKH, THEBMOHHSI, IEPEHOC 06Y4eHUs], UC-
KyCCTBEHHbIe HEHPOHHBIE CeTH, TPaHCPOpMephI
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Abstract

This article evaluates the quality of models of visual transformers for solving the problem of classification
of chest X-rays. Chest X-raying is the most well-known and widespread clinical method of diagnosing
pneumonia. However, the diagnosis of pneumonia by chest X-rays is a difficult task even for experienced
radiologists. Computer experiments were conducted on the application of learning transfer for the recog-
nition of pneumonia on chest X-rays. For this purpose, deep neural networks transformers ViT, Swin and
deep convolutional networks ResNet and VGG-16, pre-trained on the ImageNet dataset, were selected
as basic training models. The models were trained with the CrossEntropyLoss loss function and accu-
racy, precision, recall, f1-score and AUC (Area Under Curve) accuracy metrics. After training, the best
pre-trained model was selected based on the above accuracy metrics obtained on the test set. As a result
of the experiments, the best classification accuracy was shown by the Swin (Tiny) model with accuracy,
precision and recall accuracy indicators equal to 88%, 89%, 94%, respectively. After fine-tuning, the met-
rics reached the values 90%, 94%, 90% respectively.
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BBeaenue

[IlHeBMOHMS - 0/{HAa U3 HauboJiee PAaCIPOCTPAHEHHBIX OCTPBIX pe-
CHUpPATOpPHBIX MHQPEKIUH, BOo3/lelCcTBYyOIAas Ha Jierkue. B 2019
rofly 2.5 MUJIJIMOHA YeJIOBEK YMepJId OT THeBMOHUMU. [IouTH TpeThb
BCeX JKePTB COCTAaBUJIM JleTH MJafLle 5 JIeT, 3TO OCHOBHASA NPUYH-
Ha CMepTHOCTH JieTell B Bo3pacTe 0 5 JieT. Tak:ke BBICOK YPOBEHb
CMepPTHOCTH CpeJy MOXKUJIBIX JitoZiel B Bo3pacTe 70 JIeT U cTaplle,
1.13 MuIIMOHA 4YesIOBEK yMepJsio OT MHeBMOHMHU B 2019 B aToit
Bo3pacTHoU rpynmne! (puc. 1).
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500,000
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0
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P u c. 1. CMepTHOCTb OT MHEeBMOHKH B Mupe ¢ 1990 no 20192

Fig. 1. Mortality from pneumonia in the world from 1990 to 2019?

[THEBMOHHIO MOXKHO JIEYUTD C MOMOIIbI0 aHTHOUOTUKOB U MPOTH-
BOBHPYCHBIX NpenapaToB. OHAKO KpaliHe BaKHA paHHss AUArHO-
CTHKA JII1 Ha4aJla CBOEBPEMEHHOI0 JIeUeHHUsI /s IpeJoTBpalle-
HUS1 OCJIOKHEHHH, KOTOpble IPUBOJAT K CMEPTU. PEHTreHOBCKUe
CHUMKHM TDYAHOH KJIETKH SIBJSIIOTCS HauboJiee H3BECTHBIM U
pacrnpoCcTpaHeHHbIM KJIMHUYECKUM METOZO0M AUArHOCTUKU IHEB-
MoOHHH. OZHAKO JUArHOCTHKA ITHEBMOHHWHM II0 PEHTTEeHOBCKUM
CHMMKaM T'PyAHOH KJIETKH SIBJISIETCS CJIOXKHOM 3a/jaued gaxe /s
ONBITHBIX PaJMOJIOTOB. BHeIIHWH BUJ NHEBMOHHH Ha pPeHTTe-
HOBCKHMX CHHMKAax 4acTO HesiCeH, ee MOXHO CIyTaTb C APYTHMHU
3a60JIeBaHUSIMY, U OHA MOXET BeCTHU ce6sl KaK MHOTIHe Jpyrue
JlobpokadyecTBeHHble aHOMauu [1]. TakuM o6pa3om, CyliecTByeT
HOTPEGHOCTb B KOMITBIOTEPHBIX CUCTEMAX IOAJEPXHKKH, KOTOpbIe
HOMOIJIM 6Bl PEHTTEHOJIOraM JUAarHOCTHPOBAaTh MHEBMOHHUIO IO
PEHTreHOBCKHMM CHUMKaM IpyAHOH KieTku. [lociejHue pa3paboT-
KM B 06J1aCTH IJIyGOKOr0 06y4eHH s], 0CHOBaHHbIe Ha BU3yaJIbHbIX
TpaHcpopMepax (vision transformers), mokasanu 60JbLION ycrex
B Ky1accupUuKaluu n3obpaxeHuii [2-5]. Llesbto JaHHOM paboThI SIB-
JISIeTCs OLleHKa KayecTBa MoJiesiel BU3yaJIbHBIX TPaHCHOPMEPOB C
npUMeHeHHeM TpaHcdepHOro obyuyeHHUsl B 3aJjaue KJacCHPHUKa-
LMY PEHTTeHOBCKUX CHUMKOB I'Dy/IHOM KJIETKHU [6].

BusyasibHble TpaHcpopmephl

CBepTouHble HelipoHHbIe ceTH (CNN) yxe MHOTO JIeT ABJIAIOTCSA
HEOTbeMJIEMOM YaCTbl0 MCCJIe[0BaHUN B 06JIaCTH aHaaW3a Me-

JHULHMHCKUX HM306pakeHUH [7-8]. HecMoTpsl Ha MX BBIAQAIOLIYIOCH
npousBoAuTeNbHOCTb, CNN cTpasaloT KOHLeNTyalbHBIMU Orpa-
HHUYEHUSIMU Y U3HAYa/IbHO HECTIOCOOHBI MOZIe/IMPOBATh SIBHbIE 3a-
BUCHUMOCTH Ha GOJIBLIOM PACCTOSIHUU U3-32 OFPAHUYEHHOI0 MOJIs
BocrpusTus sazgep ceeptku [9, 10]. Ha ocHoBe mocTmxeHni Mojie-
Jied TpaHcPopMepoB B 33/a4ax 06pPabOTKHU eCTECTBEHHOIO S3bI-
ka JlocOBHMIKMH C KoJlleraMu NpejJIoXKU/IN MoJe/ib BU3yalbHOTO
TpaHchopmepa (ViT) [11]. OHA He cOLEePKUT CBEPTOK U OCHOBaHA
HCKJIIOYUTENbHO Ha MeXaHU3Me BHUMaHuA (attention). 3To nmo3Bo-
J1seT U36aBUTHCS OT NMPOGJIeM CBEPXTOYHBbIX HEHPOHHBIX ceTei.
OpHako ajis1 o6ydyeHHUs1 TpaHchOpMepoB TpebyeTcs: 04eHb 6OJIb-
110€e KOJINYeCTBO JaHHBIX.

IlepeHOC 0Gy4YeHUsA B pacCiO3HaBaHUU
U300pakeHUuu

TpancdepTHOe 06ydeHue (transfer learning) — aTo MeTo MaIuH-
HOTr0 00y4YeHus, TP KOTOPOM 3HAHUS, NOJTyYeHHbIe JIJIsl PelleHHUs
OJJHOM 3a/1a4, IOBTOPHO UCIIOJIB3YIOTCS JJIS1 PELIeHUs] CMEXHBIX.
O6y4eHHe ryIyOOKUX HEUPOHHBIX CETEH C HyJ/Isl TpebyeT 60/1b1II0r0o
KOJIMYECTBA AAHHBIX, GOJIBIINX BBIYUCIUTEIbHBIX MOLIHOCTEH U
MHoro BpeMeHH [12]. [loaTOMy 3a4acTylo MCHOJIb3yeTCsl MpeJBa-
pUTeNbHO 06yYeHHbIE ITyO0KHe HEMPOHHBIE CETH Ha 04eHb 00JIb-
oM Habope JaHHBIX, TAKOM Kak ImageNet, KOTOPBIH COLEPKUT
1,2 mumoHa n3obpakenuid u 1000 ksaccoB [13-15]. [lis Toro
YTOGBI UCII0JIb30BATh NIPeJO6YIeHHYI0 HEMPOHHYIO CEThb JJIs pe-
meHus TpebyeMol 3azauu, TpebyeTcs cHavasna 3apUKCUPOBATH
Beca BCeX ee CJIOEB U 3aMEeHUTb I10C/IeIHAN OJTHOCBSI3aHHBIN CJ10H
¢ pyHKIHMel akTUBanuu softmax, ykasaB TpebyeMoe YHCI0 KJac-
coB [16]. 3aTeM Mozes1b 06y4alOT Ha TpebyeMOM Habope JaHHBIX,
[I0CJIe Yero MoJiesIb TOTOBA JJIsl PellleHUs] KOHKPETHO I0CTaBJIeH-
HOM 3aJa4H.

Jl/11 IOBBIIIEHUS] KaueCTBa MOJEeJIM BO3MOXKHO NPOBEJeHHe TOH-
Ko# Hactpoviku mozenu (Fine tuning Model). B nanHom nogxofe
rocjie NepBoro o6y4yeHUs BCe CJIOM HEMPOHHOU CeTH «pa3mopa-
YKUBAIOTCSI», IOCJIe YeT0 NPOBOJUTCS 06y4YeHHe C yMeHbUIEHHbIM
3HavyeHHeM luiara ooydyenus (learning rate).

OnucaHue HaGopa MccaeayeMbIX JAHHbIX

B kauyecTBe 6a3bl JAaHHBIX /IS CPABHUTEJBHOTO aHA/IN3a MPOU3-
BOAUTEJNBHOCTH HUCCIeAyeMblX MoJjesied Iy6oKOoro o6y4eHHUs B
paboTe MCNOJIb30Ba/IMCh HAG0PBI PEHTTeHOBCKUX CHUMKOB T'py/[i-
HoU kyieTkH [17]. B Ha6ope numerorcs 5856 nsobpaxkenunii, 4273 us
KOTOPBIX NPUHA/AJIEXKAT Kaaccy Pneumonia (mHeBMoHUs), a 1583
nsobpakeHust — ksaccy Normal (HeT mHeBMoHUH) (puc. 2.1-2.2).
Jlns ucnosb3oBaHus TpaHcpepHOro obyyeHus TpebyeTcs NMpuBe-
CTU U306pakeHUs K ToMy GopMaTy, Ha KOTOPOM HeHpOHHas CeTb
oby4vasace. [lis ceTeld, npenobydeHHbIX Ha ImageNet, TpebyeTcs:
e  pasMep u306pakeHUN - 224x224x3 nukcess;

e  HOpMaJIM3alLUs BCeX MUKCeIeH.

[l MOBBIIIEHHUS TOYHOCTH Npe/CKa3saHUs HEeHPOHHBbIX ceTel
HCHOJIb3YIOT METOJ, UCKYCCTBEHHOrO yBeJMYeHHUs JaHHbIX (data
augmentation). Bsarogapss eMy BO3MOXXHO YBEJMYUTb 0OGyyalo-

! Dadonaite B., Roser M. Pneumonia [J1ekTpoHHblIit pecypc] // Our World in Data, 2019. URL: https://ourworldindata.org/pneumonia (zata o6pamenus: 11.08.2023).

2 [HME, Global Burden of Disease (2023) - with minor processing by Our World in Data [3sektponHsrii pecypc]. URL: https://www.healthdata.org/research-analysis/

gbd (nara o6pamenusi: 11.08.2023).
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LIy0 BBIOOPKY B HECKOJIBKO pas. [lyis aToro ucnosb3ytoT u3obpa-  Accuracy = (TP+TN) / (TP + FN + TN + FP) (D
JKeHUs], HallpuMep, UX CJAy4yallHbIM 00pa3oM moBopayuBaiT uiad  Precision = TP / (TP + FP) (2)
pactarusatoT. [lanee fjataceT pasjenseTcs Ha obyvawouniyo (train), Recall = TP / (TP + FN) 3

BaJIM/JJALIMOHHYIO U TECTOBYIO BIOOPKH. F1 score = 2 - (Precision - Recall) / (Precision + Recall) (4)

rae TP, TN, FN, FP — ucTtuHHO noJsioxkuTeibHble, UICTUHHO OTPHU-
LaTeJbHble, JIOXKHOOTPHULATEbHbIE U JIO)KHOII0JIOXKHUTEIbHbIE Pe-
3yJIbTaThl COOTBETCTBEHHO.

Mopenb obydasack B TeyeHHe 15 310X € HA4aJIbHOW CKOPOCTBIO
o6ydeHus le-3 u batch_size = 32. B kauecTBe onTuMHu3aTopa uc-
nosb3oBasict Adam. [locne o6ydyeHuss mpousBoauscs fine tuning
MoJieJIu.

[locne o6yyeHuss BbIGHMpasach Jyyllas NpeJBapUTebHO 0Oy4YeH-
Hasl MOJieJib Ha OCHOBeE BblllleyKa3aHHbIX METPUK TOYHOCTH, MOJIYy-
YEeHHBbIX Ha TeCTOBOM Habope [25]. B pe3ysbTaTe 3KCiepruMeHTOB
HaWJIy4llyl0 TOYHOCTb KJacCMPHUKaLMM IOKasala Mojesb Swin
(Tiny) c mokasaTesIMM TOYHOCTH accuracy, precision u recall, paB-
HbIMU 88, 89, 94 % cooTBercTBeHHO (Tabsuna 1). [locie ToHKOM
HaCTPOMKU NOKa3aTeJn AoCTUI/IM 3HadeHuu 90, 94, 90 % (Tabauna
2). Ha pucynke 3 npuBezeHa confusion matrix 06y4eHHbIH MOJIEJH.

Pneumonia Pneumonia

P u c. 2.1. [IpuMepbl U306pakeHUH, TPUHAAIEXAIUX K1accy Pneumonia [17]

Fig. 2.1. Examples of images belonging to the class "Pneumonia” [17]

Normal

Normal

true label

P u c. 2.2. [IpuMepbl H306paskeHUH, MpUHaAIexaIuxX kaaccy Normal [17]

Fig. 2.2. Examples of images belonging to the class "Normal" [17]

KoMnbroTepHble 3KCIepUMEHTHI 1O
NPUMEHEHHIO METO0B TPpaHCPePHOTro

predicted label

06y‘IEHI/IH B paCliO3HABAHUH

Bl NnpoBeileHbl KOMIIbIOTEPHbIE 3KCIIEPHMMEHTbI IO IpUMe-
HEHHUI0 IIepeHoca 06y‘{eHI/IH AJId pacClio3HaBaHUA IMTHEBMOHHWH Ha

P u c. 3. Confusion matrix o6y4enHo# Mojenn Swin
Fig. 3. Confusion matrix of the trained Swin model

HcmouHuk: cocTaB/IeHO ABTOPOM.

PEHTreHOBCKUX CHUMKaX I'PYAHOM KJIEeTKHU. [IJis 3TOro B KayecTBe
6a30BbIX MO/Jiesiel 00y4eHNsl ObIIM BbIOPAaHBI TIyO0KHE HEHPOH-
Hble ceTd — TpaHcpopmepsl ViT, Swin [18] u riybokue cBepToU-
Hole ceTh ResNet [19] u VGG-16 [20], npegob6ydeHHbIe Ha faTaceTe

Source: Compiled by the author.

T a6 .1 una 1. [lokasaTesu Mmoaesei
Table 1. Indicators of models

ImageNet [21-23]. Bei6paHHbIe CEeTH peaM30BaHbI C UCIO0JIb30Ba- Swin_small |ViT_b_16 |ResNet18 |VGG-16
HueM ¢ppeiimBopka PyTorch Ha si3p1ke mporpamMmmupoBanus Python Accuracy | 0.88 0.87 0.85 0.81
B onepanoHHo# cucteMe Ubuntu ¢ rpadpuyeckoM mporeccopom Precision |0.89 0.92 0.91 0.89
Nvidia P100%. ' : : :

. . Recall 0.94 0.87 0.86 0.79
O6yuyeHre Mojeseld HPOBOAWJIOCH C (QYHKLMeH MOTepb
CrossEntropyLoss ¥ mokasaTe/nsiMU TOYHOCTH accuracy [24], fi-score 0.91 0.50 0.88 0.84
precision, recall, f1-score u AUC (Area Under Curve). ®opmysibl Me- AUC 0.87 0.87 0.86 0.82

TPUK IPUBEJEHbI HUXE! HcmouHuk: 3/ieChb U Jjasiee B CTaThe BCe TAaOJIUIbl COCTABJIEHbI aBTOPOM.

Source: Hereinafter in this article all tables were drawn up by the author.

3 Chollet F. Deep Learning with Python. New York, NY : Manning, 2017. 384 p. URL: https://www.manning.com/books/deep-learning-with-python (zaTa o6pamueHust:
11.08.2023).
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T a6 211 11 a 2. [lokasaTeiu MozeJieii ¢ fine-tuning 3ak/jroyeHue
T able 2. Indicators of models with fine-tuning
Swin_small Vitb_16 ResNet18 B pa6ote HCCJIe,l[OBELHa 3¢¢eKTMBI—EOCTb MeTO/I0B IepeHoca 06y-
YeHHUsl IJIyOOKUX HEeHPOHHBIX ceTed TpaHcHOPMepOB, UX TOHKas
Accuracy 0,90 0,90 0,86 . .
HacTpoWKa B KOHTEKCTe aHa/M3a MeJULUHCKUX U300paXkeHUuH B
Precision 0,94 0,94 0,90 KauyecTBe aJbTEPHATUBbI CBEPTOYHBIM HEUPOHHBIM CeTsM. AHa-
Recall 0,90 0,88 0,88 13 np?Bo/:u/mc;l Ha Habope JaHHBIX PEHTTeHOBCKHUX CHHMTOB
IPYAHON KJIETKH, COJlepKallluX CHUMKHU 6OJIbHBIX THEBMOHHEH U
f1-score 0,92 0,91 0,89 o
H“306pakeHUs 37,0pOBOro YesioBeKa. B kayecTBe 6a30BbIX Mojieieit
AUC 0,90 0,89 0,85 MCI0JIb30Ba/JIMCh Takue Mozesy, Kak Swin, ViT u ResNet.

Kak mokasanu pe3ysnbTaThl KOMIBIOTEPHBIX 3KCIIEPUMEHTOB MO
KJIaCCUQUKALMU PEHTT€HOBCKHUX CHUMKOB I'DYJHOU KJIETKH, MO-
esb Swin nokasasa ce6s Jydile CBEPTOYHBIX HEHPOHHBIX CeTel
ResNet 1 VGG-16. TakuM 06pa3oM, MOKHO 3aKJIIOYUTh, YTO MO/JIE/IH
BHU3yaJIbHBIX TpaHCHOPMeEPOB 3G GEKTUBHBI /ISl pELIEeHUs 3a/1a4U
0OHapyeHHs] MTHEBMOHUM Ha PEHTr€HOBCKUX CHHUMKaxX TPYAHOMN
KJIETKH, OCYIL[€CTBJISIS] €T0 JIy4dllle CBEPTOYHBIX HEHPOHHBIX CETEH.
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