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AnHoTaunsi. B crarbe mcciesyercs npuMeHeHue CBEPTOYHO-PEKYPPEHTHBIX Hell-
ponnbix cereii (CRNN) qyist pacnosnaBanust H306paskeHUii KaJaCTPOBBIX KOOPIMHAT
00beKTOB Ha oTckaHupoBaHHBIX noKyMeHTax [IITK «Pockagactpy». KombunupoBanuas
apxurekrypa CRNN, o6benunsioniasi ceéprounsie Heiiponuse cern (CNN) u
pekyppeHTHbIe Hefiponublie ceru (RNN), nmosBossier HConb30BaTh IPenMyIIECTBA
KaXKJI0# U3 HUX JjIst 06paboTKM M300parkeHnil U PACIO3HABAHKS COJEPIKAIIUXCST B HUX
HEIPEPBIBHBIX ITUQPOBBIX TOC/IeI0BaTeIbHOCTEN. [Ipy mpoBenennn sKCepuMEHTATb-
HBIX UCCIETOBAHUI ObLTN (POPMUPOBAHBI N300PAXKEHNSI, COCTOSIINE U3 3aJaAHHOTO
KoJstmiaecTBa 1udp, nmocrpoena u ucciaegoana CRNN monens. @opmuposanue
n300parkeHnit MndpPOBBIX MOCIEIOBATEIHFHOCTEN 3aKIII0YATIOCH B Ipeqo0paboTke
¥ KOHKaTEHAITNN N300parkKeHnit 06pa3yonux ux mudp n3 cobcTBeHHOro Habopa
JaHHBIX. AHasm3 3Havenuii GpyHKnun noreps 1 Merpuk Accuracy, Character Error
Rate (CER) u Word Error Rate (WER) nokasaJ, 9T0 HCIOJIB30BaHUE HIPEJIOKEHHOMN
CRNN wmogesn m03BoJIsSIeT JOCTUYDb BBICOKOW TOYHOCTH PACIIO3HABAHUS KAJACTPOBBIX
KOODJIMHAT Ha UX OTCKAHUPOBAHHBIX U300DarKEHUSIX.
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4 1. B. BUHOKYPOB RUmEN;
Beepenne

PacmoznaBanue 6ykBeHHO-IM(POBBIX MOCTIEI0BATEILHOCTEH Ha n300pa-
JKEHUSIX SIBJISIETCsI 3HAYUMOMN 3a/a49eil B 00JIaCTH KOMITbIOTEPHOT'O 3PEHUS
1 00paboTKu n30bparkeHuii. DPPEKTUBHOE PEITeHUE ITOM 3a1a9N UMEET
GOJIBINIOE 3HAUCHUE JIJIs ABTOMATH3AIMI ¥ ONTUMU3AIUN PA3IMIHBIX [TPOIECCOB,
CBSI3AHHBIX € WACHTH(pUKAIIEH U KaaccuuKameil 00 beKToB.

B nocnennmne roapl ¢ uCIoOJIb30BaHUEM HEMPOHHBIX CETeil IiybOKOro
0byuenusi, ocobenno CNN, ObLIN IOy YeHBbI BIIEYATIIAIONINE PE3Y/IBTAThI
B pacrmo3HaBaHUM U Kjaccudukarmn n3odpaykennit. Onako kinaccundeckue CNN
OPUEHTUPOBAHDI Ha BLISBJICHAE TPU3HAKOB BXOIHBIX JAHHBIX, ITO OIPAHNINBAET
X IPUMEHUMOCTD JIJIsI PACIIO3HABAHUS II0C/IEI0BATE/ILHOCTEN IepeMeHHO
nuuabl. C IeJIbI0 IPEOI0JIEHNsI 3TOr0 OrpaHUYeHus Obljaa paspaboTaHa
apxurekTypa CRNN, koropasi o0bequHsieT mpenMyIecTsa CBEPTOIHBIX U
PEKyPPEHTHBIX HEHPOHHBIX ceTeil. OCHOBHON 0CODEHHOCTHIO APXUTEKTYPHI
CRNN sgasJistercst coBmentenne cBEpTouHbix ciaoeB CNN 11 uspiedeHust
JIOKAJIBHBIX U [IPOCTPAHCTBEHHBIX IPU3HAKOB U3 M300PasKeHUil U PEKYPPEHTHBIX
csoéB RNN 1yist yuéra KOHTEKCTa U I0CJIeJ0BaTEIbHOCTH WH(MPOPMAIIUH.
CBEpTOYHBIE CJION TIO3BOJISIIOT OOHAPYKUTh BaXKHbIE OCOOEHHOCTH N300paKeHui
Ha Pa3HbIX YPOBHAX aOCTPAKINKM, B TO BpeMs KaK PEKYPPEHTHBIE CJION
MOJIEJTUPYIOT 3aBUCUMOCTH M TIOCJIEIOBATENHHOCTD BXOJHBIX JAHHBIX [1].

B naubosiee obmmem ciyuae apxurekrypa CRNN cocrout u3 Tpéx 0OCHOBHBIX
KOMIIOHEHTOB — CBEPTOYHOIO, PEKYPPEHTHOIO ¥ KOMIIOHEHTA KJIACCUMDUKAIIH.
CBEPTOYHBI KOMIOHEHT COJEPYKUT HECKOJBKO CBEPTOYHBIX CJIOEB, BBITIOJIHSIIO-
X O0HApY:KeHWe W W3BJICUEHNEe TTPU3HAKOB M3 M300parkeHnii. PekyppenTHbIit
KOMITOHEHT BKJIIOYAET PEKYPPEHTHBIE CJIOH JIOJINON KPATKOCPOIHON TAMSITH
(LSTM) [2] mim yupasasiemble pekypperTabie 6i1oku (GRU) [3], mosso-
JISTFOIIME YIUTBIBATH KOHTEKCT U ITOCJIEI0BATEIbHOCTD BXOJIHBIX JAHHbBIX.
Kommonent kiraccudukammm BHIIOIHIET PACIO3HABAHNE U KJIACCH(DUKAIIIIO
[IOCJIETOBATEILHOCTEN Ha OCHOBE MPEJICKA3aHNi PEKYPPEHTHOIO KOMIIOHEHTA.

B namnoit crathe mpoBoauTcs uccaenoBanne 3hOEKTUBHOCTH UCIOIb30BA-
nust CRNN 1151 pacrosnaBanust m1300parKeHuii MudpoBLIX OCIEI0BATEILHOCTE
nepeMeHHO#t myimHEbl. B pazzgene 1 ocyimecTBisiercss 000CHOBaHUE HEOOXOIMMOCTH
WCCJIeIOBAHNI U TIOCTAHOBKA 3a/1a49u. Pa3fesn 2 mocBsAmén 0030py u aHaansy
pabot 1o ucnosbzoBanuio cereit CRNN 151 pacnoznaBanust Tekcra u 1udpOBBIX
nocJiegoBaresbHOcTell. Co3manne Habopa JaHHBIX JJIs OOYYeHUs] MOJIEJIN
onucano B pazjese 3. Popmuposanue u ucciaegopanne CRNN monenn mis
pacro3HaBanus Mu@POBBIX MOCIEI0BATEILHOCTEH HA M300PAYKEHUAX IIPUBEIEHO
B pazzesne 4. B 3akmodyenun npuBeneHsl BHIBOIBI 110 PE3YJILTATAM IPOBEIEHHBIX
UCCJIeIOBaHUIMA.
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1. MocraHoBKa uenu n 3aga4 nccnenosaHus

esbio nccnenoBanus sivisiercs pazpadorka CRNN momenn, criocobmoit
peain30BaTh MPUEMIIEMYIO TOYHOCTh PACIIO3HABAHUS KAJIACTPOBBIX KOODMHAT
Ha orckanupoBanubix fokymentax IITIK «Pockanacrp». B [4], [5] u [6]
OIHMCaHbI pean3oBannbie B undopManumonnoii cucreme (MC) s1oit opranuzanun
IIOXO/IbI K PEIIeHNIO 3a/[a49u [1peo0pa30BaHus N300PaKeHn Ka1acTPOBBIX
KOOD/IMHAT B WX TEKCTOBbIE aHAJIOIH ¢ ucroab3oBanneM Mozeseit CNN. B [6]
oKasbiBaercs 3¢ dexTuBHOCTH nctob3oBannst CNN 151 mocsteoBaTeIbHOCTE,
cocrosmx He 6osee yeM u3 4-x nudp. [o pesynabraram npoBegHHBIX B [6]
WCCTEeIOBAHU, MOXKHO C/IeJIaTh BBIBOJI, UTO IPHU PACIIO3HABAHUHU OOJIBIITErO
kosmaecTBa 1udp, crpykrypa CNN ycaoxkHsIeTCs, KA4eCcTBO PACIIO3HABAHWS
[P 9TOM JIUOO OCTAETCSI IPEZKHUM, JIHOO yBEJIMIUBACTCS HE3HATUTEIHLHO.
V4uThIBasi, 9TO MaKCHMAIbHOE KOJMYECTBO CHMBOJIBHO-III(MPOBBIX JIEMEHTOB
B KaJACTPOBBIX KOODJWHATAX MOYKET IPeBbImarh 10, OJHIM U3 1e1eCO00Pa3HBIX
1 3bGEKTUBHBIX CPEJICTB PEIeHHs 3a/Ia91 UX PACIIO3HABAHUS MOXKET SIBJISITHCS
ucnonszoanne CRNN mogeneit. [locraBnennas B8 pabore 1eb MOXKeET OBITH
JIOCTUTHYTA 33 CYET PEIICHUsT CIEYIONNX OCHOBHBIX 33/1a:

(1) @opmupoBanue HaOOPa JTAHHBIX, 3aKJIIOYAIONIEECH B IIOJTOTOBKE HAOOpa
U300parKeHU JIeMEHTOB KaJIaCTPOBBIX HOMEPOB U MX aHHOTUPOBAHUE
(comocTas/ieHne ¢ KQJIaCTPOBBIM HOMEPOM ); (hOPMUpOBaHUE U300PasKeHN
KaJAaCTPOBBIX KOODJIMHAT HA 3aJAHHOE KOJIUIECTBO UX ITUMPOBBIX
3JIEMEHTOB; pa3/ejaeHnn Habopa JAHHBIX HA BBIOODKU Il OOydeHUsT 1
BaJIUJIAIAHN.

(2) ®opmuposanne CRNN mozesn — BBIOOD CBEPTOYHBIX U PEKYPPEHT-
HBIX CJIOEB JIJIsI U3BJIEUEHUs] IIPU3HAKOB U PACIO3HABAHUS IU(MDPOBBIX
TOCJIEIOBATEIHHOCTEH COOTBETCTBEHHO.

(3) O6yuenne Mo/ U aHAJIU3 3HAYEHUN (PYHKIUI TOTEpb U METPUK

tounoctu, CER u WER.

2. AHanu3 oCHOBHbIX paboT No pacno3HaBaHWio BYKBEHHO-LU(PPOBLIX
nocnepoBaTesibHOCTEN

Buepeoie CRNN moziesib, 00beuHsoasi CBEPTOYHBIE U PEKYPPEHTHbBIE
cyion i1t 06paboTKM N300paKeHUil ¢ TEKCTOBBIMHU TOC/IEI0BATEILHOCTIMI
omncana B [1]. JIocTOMHCTBOM MOJE/IM ABJISIETCA COYETAHUE CBEPTOTHBIX
U PEKYPPEHTHBIX CJIOEB, TTO3BOJISIOIIEE BBIABIATH KAaK JIOKAJbHBIE, TAK U
r100aJIbHDBIE 3aBUCHMOCTH B M300PasKeHUIX, COMEPIKAIINX MTOCIEI0BATETHHOCTH,
U JT0CTATOYHO 3(D(HEKTUBHO peasin30BbIBATh UX pacio3HaBanue. K HejpocraTkam
TIPE/IJTOXKEHHON MOEN MOTYT OBITh OTHECEHBI JOCTATOTIHO OOJBITIE 00HEMBI
JAHHBIX )i OOyYEeHUs U 3HAYNTEbHOE BpEeMsi PACIIO3HABAHUS [JIMHHBIX
IocJieI0BaTEeIbHOCTET.
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B [7] onucana CRNN wmozienb, KOTOpast MOJKET PACIO3HABATH HEN3BECTHBIE
eil cJI0Ba, UCIIOJb3Y 3HAYNMYIO KOHTeKCTHYI0 HHbopMmanmo. Monens asiderca
YCTOMYHBOI K Pa3IHIHbIM HCKaXKeHHAM M300paKeHUd, He 3aBUCUT OT 3apaHee
OIIPENIEJIEHHOrO CI0Baps U MOXKET 00pabaThIBaTh IPOU3BOJIBHBIE IPEIIOZKEHNU.
HenocraTok Mozemn — IJI0X0€ PACIO3HABAHUE TEKCTa ¢ HU3KOI KOHTPACTHOCTBIO,
HEYETKUMU I'DAHANAMU U UCKAXKEHUSMU, 4TO TpeOyeT HONOIHUTEIbHBIX
METOJIOB IIPEIBAPUTE/IBHON 00paboTKN M300parKeHusl.

Mogens u3 [8] npeHasHAYEHA JUIsT PACIIOSHABAHUSI TEKCTA HA N300paKeHN-
SIX C MCKAYKEHHEM IePCIIEKTUBbBI, H30THYTHIM PACIOIOXKEHIEM CHMBOJIOB U T. JI.
IIpegnoxennass CRNN mo/iesb criocobHa 00eCeInTh MPUEeMIIEMYI0 TUTAeMOCTh
U pacCIO3HABAEMOCTb MCKAYKEHHOTO TEKCTA U MIPEBOCXOJUT AHAJIOTHIHDBIE
MO/IEJIN TIPU PACIIO3HABAHUYU TEKCTA C PA3HBIMHU 3HAUYEHUSIMU BXOJHOTO MIyMa
u HakJioHA. KpoMe 3Toro, Mojiesib JeMOHCTPUPYET BBICOKYIO TOYHOCTH U
MIPOMU3BOIUTEILHOCTD TIPU 00yYeHNN Ha OOJBITUX Habopax maHHbix. K Hemo-
CTATKY TIPEJJIOKEHHON MOJIETH MOXKET OBITh OTHECEHO IIJI0X0e PACIIO3HABAHIE
TEKCTa, €CJIN MIyM Win AehOopMaIys CHIbHO U3MEHSTIOT (hOpMy CUMBOJIOB,
9TO OCOOEHHO CHJIBHO 3aMETHO JIJIsi TEKCTA C MAJIbIM MIPAGMTOM WA HU3KIM
pas3perneHneM.

B cratbe [9] aBrops! npumensitor CRNN st pacriosHaBaHust TEKCTa,
Ha HU300parKEeHUAX, COCPEIOTAUNBAACH Ha CJIOXKHBIX CJIydasdX, TAKUX KaK
CIIEHBI C IIJIOXUM OCBEIEHUEM UM HU3KUM paspelrenueM. OHU IpejiaraioT
MO/IeJIb, KOTOPas UCIIOJIb3YyeT CBEPTOUHBIE CJIOH JJI U3BJIEUCHHS IIPU3HAKOB
13 n300parkeHnil 1 PeKypPpPEHTHbIE CJIOH JJIsl MOJIETMPOBAHUS [10C/Ie/I0BATEb-
HOCTel U3 3TUX CHUMBOJIOB. B SKCIIEpHMEHTaX NEeMOHCTPUPYETCs BBICOKAs
TOYHOCTb PACIO3HABAHUSI TEKCTa HA PA3JINYHBIX N300parKEeHUSX TEKCTOBBIX
IocJieI0BaTeIbHOCTET].

Momens A1t MHOTOYPOBHEBOTO PACIIO3HABAHUE PYKOIIMCHOTO TEKCTA
Ha u3o6paxkenusx npuseiena B [10]. Ha nepsom yposhe jyist pacio3HaBamus
CJIOB, KOTOPBIE YACTO BCTPEYAIOTCs B TeKkcre, ucnosb3yercs CNN. Eciu citoBo He
pACIIO3HAETCs ITON MOAEIBIO, OHO TIEPEXOINT Ha BTOPOH YPOBEHB, HA KOTOPOM
ucnosb3yercad noaHoctbio ceéprounoit ceru (FCN). DkcnepumenraabHoe
HCCJIeIOBaHNEe MOIENIN ITPOBOIUIOCH ¢ ncrmoab3oBanueM NIST19 B kauecTse
HabOpa JAHHBIX JJIsi OOy9IeHNs W PYKOIIMCHOT'O TEKCTa B KadecTBe HAOOpa
TECTOBBIX JIAHHBIX U IIOKA3aJI0 BIIOJIHE IPUEMJIEMBIN PE3YJIBTAT PACIIO3HABAHMSI.

B [11] upeicraBiiensl [Be MOjIeJIH Jisl PACIIO3HABAHUSI TTOCTIE[0BATEILHOCTH
nudp. B nepBoii Kojepom u JIeKomepoM mocseaoBareibaocTeil sipistoress CNN
u LSTM. Bo Bropoii — rucrorpamMma opuertupoattoro rpajuenta (HOG) u
napaJutesibHbIe oaHocBs3Hbe (Dense) coon coorsercreenno. OGyvenue n
TECTUPOBAHME OCYIIECTBJISIIOCh Ha Habope jaHHbIX Street View Number House


https://www.nist.gov/srd/nist-special-database-19
https://keras.io/api/layers/core_layers/dense/
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(SVHN). B pesyibrare nmpoBeIEHHBIX UCCJIEIOBAHUI [TOKA3AHO IPEUMYIIECTBO
CNN B oTHOIIIEHNN KOAMPOBaHUs n300parkenuii u npeumytnectso LSTM
B IIPEJICKA3AHUN OCJIEIOBATEIHHOCTEH.

Cerb rirybokoro obyduenust DIGI-Net, koropas ciocobua nsydars obmiue
XapaKTEPUCTUKU TPEX PA3IMIHbIX (GopMaToB 1udp (PyKOIUCHBIE, €CTECTBEHHbIE
n306pazkeHus, edaTHbll mpudT) U paclno3HaBaTh UX onucaHa B [12].
DKkcrnepuMeHTHI, TpoBeneHnabe Ha Habopax JaHubx MNIST, CVL u Chars74K,
MTPOJIEMOHCTPUPOBAJIA BBICOKYIO TOYHOCTH PACIIO3HABAHUS HEIIPEPBIBHBIX
UMPOBBIX MTOCTIEI0BATEBHOCTE.

Ipemnoxennas B [13] CRNN mozens nMeer cBEPTOUHBIN CJIOI, CII0H
CJIMsTHYSI TIPU3HAKOB, PEKYPPEHTHBIH €j10i U ¢j1oit TpaHckpuiiun. CBEPTOYHBII
CJIOM, MCITOJIB3YEeMBbIil M1 U3BJIEUEHUST IPU3HAKOB, (DOPMUPYET JBA PE3yJIbTaTa
JJIsI BXOJHOI'O TEKCTOBOIo m3o0pazkeHnusi. Cjioil oObeanHeHnsT 00 bEKTOB
00 beIMHAET PEe3yTLTATHI PAOOTHI CBEPTOYHOTO CJIOST B OJINH, U3 KOTOPOTO
PEKYPPEHTHBIN CJI0# M3BJIeKaeT mocsaeaoBaTebaocTr. OKOHYATETHHBIN
pe3y/IbTaT BBIBOJUT CJIOM TPaHCKPUMINK. lIpeaokennas MOIe b 3a CIET
CJINSIHUST TPU3HAKOB PeaIM3yeT JIYUIIYI0 TOYHOCTh PACIO3HABAHUS TEKCTa,
Ha Habopax TekcToBbix JManubix Street View Text (SVT), IIIT-5K, ICDAR2003
n ICDAR2013.

B [14] nust pacriosHaBaHusi PYKOIUCHBIX UMD [IPEIAraeTcsi NCIOJIb-
30BaTh TUOPUIHYIO APXUTEKTYPY — BusyasbHbie Tpauncdopmepst (ViTs) u
MmHorocsiofiaele neprientporsl (MLP). TIposeiérnble necienoBanus Ha Habopax
narabix EMNIST u DIDA nokazajim XOpOIILyio TOYHOCTh PACIO3HABAHUS
MAIIMHONACHBIX IN(POBBIX, B TOM YHCJIE, U HA 3alIYMJIEHHBIX H300DarKeHUAX.

B [15] upemaraercs ciMMeTPUYHAST MHOTOMACIITAOHAST ADXUTEKTYPa TIOJ
uassanmeM Circular Dilated Convolutional Neural Network (CDIL-CNN), rue
KazK/Iblil 9JIEMEHT TEKYIIEro YPOBHs MMeeT PABHBIE MIAHCHI [OJIYIUTh HHMOD-
MAITMIO OT JIPYTUX JIEMEHTOB ¢ npeplaynux yposueil. [Ipemmaraemas CRNN
MoJIeJIb 1103BoJIsieT copmuposarh jorutel (logits) knaccudukarmu s Beex
3JIEMEHTOB, B PE3YJIbTATE Yer0 CTAHOBUTCS BO3MOXKHBIM IIPUMEHEHUE ITPOCTOrO
aHCcaMOJIeBOro OOyUeHUs JJIst IPUHSATHUS JIydirero pemterust. [1o pesympraTam
tecrupoBanuss CDIL-CNN Ha JIHHHBIX [TOCTIEI0BATEILHBIX HAOOPaxX JAHHBIX
nokazano, 1ro CDIL-CNN mno3BossieT HoaydnTh NPpUeMIeMblil 110 TOYHOCTH
pPe3YJIbTAT PACIIO3HABAHUSI.

Jlyuammit mogxon K GOpMUPOBAHUIO MOJEIe JJisi PACIO3HABAHUS TIOC/IEI0-
BaTEJIBHOCTEMN, C TOYKHM 3PEHUsl aBTOpa 3TOi paboThl, NpUBEIEH B [16] n
[17]. Jnst paciosHaBaHUSI TEKCTOBBIX MIOCJIEI0BATEIHLHOCTEH TIpeIIaraeTest
ucnoJib3oBaTh kKojiep B Buye CNN u jiekosep B BHje JIByHAIIPABICHHOI


http://ufldl.stanford.edu/housenumbers/
https://paperswithcode.com/dataset/mnist/
https://cvl.tuwien.ac.at/research/cvl-databases/an-off-line-database-for-writer-retrieval-writer-identification-and-word-spotting/
http://www.ee.surrey.ac.uk/CVSSP/demos/chars74k/
https://paperswithcode.com/dataset/svt
https://cvit.iiit.ac.in/research/projects/cvit-projects/the-iiit-5k-word-dataset
https://paperswithcode.com/dataset/icdar-2003
https://paperswithcode.com/dataset/icdar-2013
https://www.nist.gov/itl/products-and-services/emnist-dataset
https://didadataset.github.io/DIDA/
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zosirocpounoit Kkparkocpounoit mamsaTu (BSTM) ¢ ucnonb3oBanuneM KOHHEKIIIO-
aucrekoit Bpemennoit kinaccudukanuu (CTC). CTC sBasercs aaropurMom,
UCTIOJIb3yeMbIM it 00yuenuss RNN Ha 1moc/ie10BaTeIbHOCTAX ¢ TIePEeMEeHHON
JIJIUHOM M COIOCTABJIEHUS X ¢ COOTBETCTBYIONIUME MeTKaMu. B 3ajiauax
pacno3HaBaHus TeKcTa u udpoBbIX noceaosareibnocreit, CTC Mmoxer
CIPABUTHCSL ¢ TPOGIeMOit UX mepeMeHHON TuHbI. OH MO3BOJISIeT MOJIEH TPO-
PHO3UPOBATDH MEPEMEHHOE KOJUIECTBO OYKB WK IMudp B MOCIEJ0BATETHLHOCTH
6e3 UX IMpeBapUTEHHOTO pa3jieienns nin BeipaBanBanus. Asropurm CTC
BBIYUCJISIET BEPOSTHOCTD BBIXOIHOMN MOC/IEI0BATEILHOCTH U PEKYPPEHTHO
OOHOBJISIET BeCa MOJIE/IM Ha OCHOBE PA3HUILI MEXKJLy IIPOTUHO3AMU U METKAMU
MOCIeIOBATEILHOCTEH. DDPEKTUBHOCTD MPEIJIOKEHHOTO TTOAXO0/1a TTOKA3aHa,
Ha cobcTBeHHOM Habope JaHHBIX B [16] 1 Ha HabOpax JaHHBIX apabcKux OyKB

MADCAT, AHTID/MW u IFN/ENIT 5 [17].

3. ®PopmuposaHune Habopa gaHHbIX

st 0byuennsst CRNN mozesn u ucciiezioBanust eé paboThl 6611 chOPMUPO-
BaH COOCTBEHHBI HAOOD JTAHHBIX.

Ha nepsom srane, no anasorun ¢ [4], ¢dopMuposanmcs 4épHO-6esibie
n300payKeHust JIEMEHTOB (POBBIX MTOCIEI0BATEIBHOCTEN C MCIIOJIb30BAHIEM
ocuoBHBIX TipudToB mMoKyMeHTOB IITTK «Pockanmactps». KommaectBo kitacco
n3o0pazkenuit BiOpano paBubiM 12 — 10 kaaccoB s mudp ot 0 70 9, 1
KJIACC JIJISI CUMBOJIOB-DA3/IeIUTENIEN «.» U <,» U €II€ OJUH Ha OTCYTCTBHE
CHMBOJIa B TIOCJIEJIOBATEILHOCTH. 3HAYEHUST 2-X IIOCIEIHUX KJIACCOB BBHIOPAHBI
paBubiMu 10 u 11 coorBeTcTBeHHO. [l KaxK10r0 Kjacca n300paKeHuit ObLIO
cchopmuposano 1o 10 u 5 mzobpaxkenniit pazmepom 20 X 25 nukceseit a1
00y YeHUsT U BAJTUIAINN MOJIEIN COOTBETCTBEHHO.

Ha BropoMm sTame ¢popMupoBaInCch H300parKeHnsT KaJaCTPOBBIX KOOPINHAT,
cocTosIre 3 2-X mudp B APOOHOI JacTh U oT 4-X 1o 7-u B nemoit. OgHoBpe-
MeHHO ¢ GopMupoBanueM n3obpazkenuit hopmuposaiauchk u ux CTC-merkn.
Bce nzobpaxkenus B HaOOpe JaHHBIX MPUBOAMIINCH K ofgHOMY pasmepy 200 x 32
nukcejeit. [Ipumep chopMupoBaHHBIX N300pasKeHUN KaJaCTPOBBIX KOOPIMHAT
u coorBercTBytonux uM CTC-Mmerok nmpuseién Ha pucyHke 1.

CdopmupoBaHHBIil TaKUM 00pa30M HAOOP JAHHBIX IPHUBEJIEH B Tabsmie 1
u cocrout u3 24240 u 12240 nzobparkeHuil Ka1aCTPOBBIX KOOPJIUHAT U UX
METOK J[jIst OOyUYeHUsI U BAJMIAIUN COOTBETCTBEHHO.

4. ®opmuposavue n nccnegosaine CRNN mogenu

QopMupoBaHne MOJETH OCYIIECTBIIAIOCH C UCIOIH30BAHNEM OUOTHOTEKN
Keras. Bcee ciioun sToit Mmogenn, momumo ocHOBHBIX ¢10éB CRNN — cBéprounbix


https://www.openslr.org/48/
https://www.worldscientific.com/doi/10.1142/9789813229273_0006
http://www.ifnenit.com
https://keras.io/about/
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[35251004111111...] [7,1,7,3,5,10,4,1,11, 11,11, ..]

1ou 150
[2,3,7,1,2,1,10,3,1, 11,11, 11, ..] [3,7,7,0,8,3,6,10,0,4, 11,11, 11, ..]

0 0
15 15
30 - 30

0 50 100 150 200 0 50 100 150 200

PucyHok 1. Ilpumepb! n3006pakeHuil Ka1acTPOBBIX KOOPIUHAT.
Ciepxy ykazanbl ux CTC-merkn

Tasmuua 1. KosmmmdecTBo 1iudpoBbIX MOCIEI0BATEILHOCTEN st
0o0ydeHUsI ¥ BaJIMIaIuN

Iludp B ITocnenosarenbuocreit as | IlocaemoBaTenabHoCTER 1151
II0CJIEIOBATEILHOCTH o0y 4eHust BaJIAJAIAA
6 4848 2448
7 5656 2856
8 6464 3264
9 7272 3672

u pekyppenTabix (Conv2D u Bidirectional coorBercTBeHHO), IpUBEIEHBI
B Tabsuie 2.

Cy6muckperusupyomuii ciaoii MaxPooling2D ymeHbIaer pasMepHOCTb
IIPOCTPAHCTBA IPU3HAKOB, BBIIE/IAA CaMble 3HAYNMbIE U3 HUX.

Cioit BatchNormalization HopMaau3yer JaHHBIE TI0 MUHU-ITAKETAM, 9TO
[I03BOJISIET YCKOPUTH CXOJUMOCTH OOydeHUsl U yMEHbIIUTh BEPOATHOCTD IIepe-
o0yuenns. Tak>Ke OH ITOMOTaeT CTAOMJIN3UPOBATH PACIpPe/eSIeHIe aKTHBAIUIT
MEXK/IY CJIOSIMH.

Cuioii Dropout siBjisieTcsi peryJisipu3aTopoM, €ro Iejib — CHUXKEHHE
repeo0ydYeHusl 38, CUET MPEIOTBPAIIEHUs] AKTUBAIMU CJIYIailHO BBIOPAHHBIX
HEWPOHOB. JTO 3aCTABJISIET MOJEIb 00yJaThCst O0JIee YCTONYINBBIMU TPU3HAKAMHI
7 yMEHbBITAeT BKJIAJ KaXKIOr0 OT/IEIbHOIO HEHPOHA.

Cnoit Activation (akruBanmonnas (pyHKIMs) IpUMeHsieT (DYHKIUIO
aKTHUBAIIMU K BBIBOY IIPEIBLLIyINero ciosd. B marnoit momesn ato ReLLU,
KOTOpast aKTUBUPYET HEHPOHBI TOJBKO IIPH MOJOKUTETHHBIX 3HAUeHsX, Tahn —
[IPU TIOJIOXKUTETHHBIX U OTPUIATEIHHBIX 3HAYEHUsAX U Softmax, remepupyromnias
BEPOSITHOCTH [1JIsi PA3HBIX KJIACCOB.

[TonnocBazubrii croit Dense 00beauHIET BCE BBHIXOABI MPEABIAYIIETO CI0A 1
[IpUMeHsIeT JInHeHbIe TPeodPa30BaHNs JJIsI 0Ty YeHns] (DUHAJIBHOTO BBIBOJIA
Mogiesin. OH CBA3BIBAET BBIXOJIHBIE CUTHAJIBI BCEX HEMPOHOB IIPE/IBIIYIIEro


https://keras.io/api/layers/convolution_layers/convolution2d/
https://keras.io/api/layers/recurrent_layers/bidirectional/
https://keras.io/api/layers/pooling_layers/max_pooling2d/
https://keras.io/api/layers/normalization_layers/batch_normalization/
https://keras.io/api/layers/regularization_layers/dropout/
https://keras.io/api/layers/core_layers/activation/
https://keras.io/api/layers/activations/
https://keras.io/api/layers/activations/
https://keras.io/api/layers/activations/
https://keras.io/keras_core/api/layers/core_layers/dense/
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Tapmuua 2. Cion CRNN momenn

Tun ciost OyHuKIUsS KosmmuecTBo Bxomuoit BekTop
akTuBaIuu | OUIBTPOB
InputLayer — — [(None, 200, 32, 1)]
Conv2D - 32 (None, 200, 32, 32)
BatchNormalization — - (None, 200, 32, 32)
Activation ReLu - (None, 200, 32, 32)
MaxPooling2D — — (None, 100, 16, 32)
Conv2D - 64 (None, 100, 16, 64)
BatchNormalization - - (None, 100, 16, 64)
Activation ReLu - (None, 100, 16, 64)
MaxPooling2D — - (None, 50, 8, 64)
Dropout - - (None, 50, 8, 64)
Conv2D — 128 (None, 50, 8, 128)
BatchNormalization - - (None, 50, 8, 128)
Activation ReLu - (None, 50, 8, 128)
MaxPooling2D - - (None, 50, 4, 128)
Dropout - - (None, 50, 4, 128)
Conv2D — 256 (None, 50, 4, 256)
BatchNormalization — - (None, 50, 4, 256)
Activation ReLu - (None, 50, 4, 256)
MaxPooling2D - - (None, 50, 2, 256)
Dropout - - (None, 50, 2, 256)
Reshape — — (None, 32, 800)
Dense — — (None, 32, 25)
Bidirectional Tanh — (None, 32, 320)
Bidirectional Tanh — (None, 32, 320)
Dense - - (None, 32, 12)
Activation Softmax — (None, 32, 12)

CJI051 C KarKJIbIM HEHDOHOM B TEKYIIEM CJIO€ U ABJIAETCA OCHOBHBIM CJIOEM
KJraccuUKAIUU B HEHPOHHBIX CETIX.

Ciroit Lambda moszBosisier 3a/1aTh COOCTBEHHYTO JITMO1a~(DYHKIIAIO JIJIsT
HECTAHAPTHOTO Pe0OPA30BAHUsT JAHHBIX, HAIPUMED, U3MEHEHUs UX Pa3Mep-
uHoctu. B chopmMmupoBanHOil MOsIEM OH UCHOIB3yeTcs coBMecTHO ¢ ground-truth
METKAMH, UCIOIb3YEeMBIMU JIJTsI 33/1a9 PACIIO3HABAHNS HEIIPEPBIBHBIX TOCJIEI0-
BaresnbpHOCTel. Ha srame o0ydeHns STH METKHU MMOJIBEPTAIOTCS COTVIACOBAHUIO U
CPABHUBAIOTCS C UCTUHHBIMU METKAMU, B PE3YJITATE Yer0 BOZHUKAET OIMINOKA,
HCIIOJIb3yeMast JJTsl OIMTHUMUI3AIIUN MOJIEJIH.

Crpyxrypa CRNN mozenu npusejiena Ha pucynke 2. s e€ o0yuenus ObL1
HCIOJIb30BAH METOJ OOPATHOIO PACIPOCTPAHEHUSI OMUOKU C ONTHMI3aTOPOM
Adam.


https://keras.io/api/layers/core_layers/lambda/
https://keras.io/examples/vision/handwriting_recognition/
https://keras.io/api/optimizers/adam/

PACIO3HABAHUE KAJIACTPOBBIX KOOPJIMHAT C MCIOJIb3OBAHUEM CRNN

?%x200%32x1

Conv2D
kernel 2x2x1x32

bias 32

BatchNormalization

gamma 32
beta 32
moving_mean 32
moving_variance 32

Activation
RelU

MaxPooling2D

Conv2D

kernel 2x2x32x64

bias 64

BatchNormalization

gamma 64
beta 64
moving_mean 64
moving_variance 64

Activation
RelLU

MaxPooling2D

]

Dropout

Conv2D

kernel 3x3x64x128
bias 128

BatchNormalization

gamma 128
beta 128
moving_mean 128
moving_variance 128

Activation
RelU

MaxPooling2D

Dropout

Conv2D

kernel 3x3x128x256
bias 256

BatchNormalization

gamma 256
beta 256
moving_mean 256
moving_variance 256

Activation

RelU

MaxPooling2D

]

Dense

kernel 800x25
bias 25

RelU

Bidirectional

LSTM
TanH

Bidirectional

LSTM

TanH

Dense

[ground_truth_labels] [input_length] [Iabel_length]

kernel 320x12

7x24 7x1

7x1

Lambda

Pucyuok 2. CRNN mozenn

bias 12

Activation

Softmax

11
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JI71a o1ieHKM KadecTBa pabOThI MOJEN U €€ CIIOCOOHOCTHU PEeNiaTh 3a1ady
OCYIIECTBJISAIOCH BBIYUCICHNE 3HAYMEHUH (DYHKIUHN TOTEPh U METPUK TOUHOCTH,
CER u WER. ®yukius noreps (Loss) uamepsier pasauily Mex iy dbaxTude-
CKUMU (MCTUHHBIMK) 3HAYEHUSIMUA METOK U 3HAYEHUSAMU, [IPEICKAZAHHBIMA
mogiestb. Ha pucynke 3 mpuBeieHbI IOTEPU MOJEIN It 9 310X 00y IeHus.
Takoe KOJIMIeCTBO 30X 00yUYeHUsT HAMIEHO SKCIEPUMEHTAIbHBIM IyTEM U
SIBJISIETCST OIITUMAJIHHBIM.

—&— Habop ansa obyyeHun

20 —e— Ha6op 415 Bamaaumm

Loss

10

0 2 4 6 8
3noxa
Pucvnok 3. Tlorepu (Loss) momenn

Metrpuka Tounoctu (Accuracy) OIpeIesIsieT JOJI0 IPABUILHBIX MIPeJI-
CKa3aHUi, CIeJIAHHBIX MOEJIbIO, 10 OTHOIIEHUIO K ODIIEMY KOJIUIECTBY
mpuMepoB. OHa IO3BOJISIET OIEHUTH, HACKOJIBKO XOPOIIO MOJEJb MOYKET
KJIACCU(DUINPOBATD WU MTPEJICKA3BIBATH TPABUJIBHBIN KJIACC UM 3HAYEHUE JIJIst
JTaHHOTO HAaOOpa MAHHBIX, PUCYHOK 4.

1 —o— Habop ansa obyyeHun
—e— Habop ansa sanngauyumn

Accuracy
o
w

o
N

4 6 8
3noxa
PucyHok 4. Tounocrs (Accuracy) momenn

YucsioBbie 3navenus GYHKIUI IOTEPh U METPUK TOYHOCTH JJisi HAOOPOB
o0yJeHNs 1 BAIUIAIINE HA KarXKI0H M3 310X O0ydUeHUs MPUBEICHBI B TaOIHIe 3.

Broraucnenune 3nadennit GyHKINN TOTEPh U METPUK TOYHOCTHU SIBJISIETCSI
OOBIYHBIM ITOJIXO/IOM K OIEHKE KadecTBa HeffpoceTeBbIX Mogeseit. s mMomereit,
OPUEHTUPOBAHHBIX HA PACIO3HABAHUE IOCJIEOBATEIBHOCTEN, BHIYUCIAIOTCSA
emg ase — Character Error Rate (CER) n Word Error Rate (WER). O6e
METPUKHU MCIIOJIb3YIOTCA JJIsI CPABHUTEIBHON OIEHKNU PA3JIMIHBIX CHUCTEM
pacro3HaBaHUsI U aHAJIN3a UX TOYHOCTH.


https://keras.io/api/losses/
https://keras.io/api/metrics/accuracy_metrics/
https://torchmetrics.readthedocs.io/en/stable/text/char_error_rate.html
https://torchmetrics.readthedocs.io/en/stable/text/word_error_rate.html
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Tasmuia 3. Yucnosble 3Hadyenust Loss u Accuracy

Loss Accuracy
Howmep | Habop mas Hab6op mgs Ha6op mgs Ha6op mgs
3M0XU o6y ueHust BaJIU AT obyueHus BAJIUIAIIT
Epoch Train set Validation set Train set Validation set
0 22.7430438 20.4115753 0.0 0.0
1 16.3242683 20.5168876 0.0 0.0
2 5.3856644 2.9053363 0.0 0.0000817
3 0.8966413 0.6119849 0.2904703 0.6136437
4 0.2865071 0.1913659 0.9022276 0.9521241
5 0.1421806 0.1023578 0.9807755 0.9866012
6 0.0855829 0.0680020 0.9928630 0.9919934
7 0.0573494 0.0432046 0.9958745 0.9959967
8 0.0411685 0.0314824 0.9980198 0.9982843

CER 1103B0JISI€T OIEHNTH TOTHOCTH PACIO3HABAHUS MOIEIBIO OTACTBHBIX
CHMBOJIOB. 3aBUCUMOCTH 3HAYEHU 9TONH METPUKHU JJis HAbOopa JaHHBIX U
Habopa I BaJUIAIINd OT HOMEpa IMOXU 00yUeHUs MOKa3aHO Ha PUCYHKE D.

1 P o

—e— Habop ansa obyyexun

—e— Ha6op 415 Banmaaumm
0.9

CER

0.8

0.7

o
N

4 6 8
3noxa
Pucvnok 5. Tounocrs pacnosnasanusi cumsosios (CER)

TourOCTh pacIO3HABAHUS MOJEJIBIO IIEJIBIX CJI0OB ITO3BOJISET OIEHUTH
merpuka WER. BaBucumocTu 3HadeHU MEeTPUKY /It HAOOPA JTAHHBIX U
nabopa JJIsi BAJIUIAIIE OT HOMEPA STOXKU 00yUeHUs! IIOKA3aHO HA PUCYHKE 6.

1 —e— Habop ansa obyyeHus
*— Habop ansa sanngauun

WER

0.5

o
N

4 6 8
3noxa
Pucyvnaok 6. Tounocrs pacnosnasanus cios (WER)

YHucJiosble 3Hauenus Merpuk CER u WER 151 HabopoB oby4enus: u
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BaJIMIAIMH HA KAXKJION U3 ITMOX OO0yUeHUsI MPUBEJIEHBI B TaduUIE 4.

Tapmuia 4. 3uadenuss merpuk CER u WER

CER WER
Homep | Habop mmsa | Habop gis | Habop gisi | Habop muis
3MOXHU o0ydYeHusl | BaJWIAIMU | ODydYeHUsl | BAJIMIAINU
0 0.6388888 0.6388888 0.0 0.0
1 0.6594093 0.6603758 0.0 0.0
2 0.9491560 |20.9041156 0.7390676 0.4186274
3 0.9908536 0.9816210 0.9576320 0.8828431
4 0.9976399 0.9960001 0.9887788 0.9794117
5 0.9987451 0.9981072 0.9940182 0.9900327
6 0.9993949 0.9989787 0.9970297 0.9953431
7 0.9996046 0.9995132 0.9981435 0.9977942
8 0.999804 0.9998400 0.9992161 0.9994281

PesysibraTsl pacno3naBamust MOJEIHIO HECKOIBKIX KaIACTPOBBIX KOOP/IHHAT
Ha 6,7,8 1 9 udp COOTBETCTBEHHO U3 TECTOBOIO HAOOPA JAHHBIX IPUBEIEHBI

Ha pUcyHke 7.
[3,5,9,2,',90]

0 50 100 150

[9,9,0,2,6,",9,7]

0 0
3502.90
30 .-L. 30

‘41473473

[7,0,7,9,",4,3]

/70/79.43

50

[7,0,7,5,7,",0,5]

[0,3,4,4,5,5,"

100 150

[1,0,7,57,",0,5]

\5,7]

150

[0, 9,8,81,20,",75]

0988120.75

[4,7,0,4,8,9,4,",9,2]

55,5

470489492

0 50

100 150

PI/IcyHOK 7. PeSy.HbTaTbI DACIIO3HABAHUSA KaJIACTPOBBIX KOOP/IMHAT.
OpiHa M3 KOOPIWHAT PACIIO3HAHA C OMIMOKOM

pepnoxxennas CRNN momens peammzosana B UC TIIK «Pockagacrp» u,
KaK TOKA3a/IM PE3YJILTATHI €€ SKCIIEPUMEHTAIBLHOIO UCCIIEOBAHNS, TOUHOCTh
PACIIO3HABAHUS OT/EJBHBIX CAMBOJIOB U Ka/IaCTPOBBIX KOOPJIMHAT B IEJIOM
cocrasuita 99.98% u 99.94% coorsercrBenno. M306pakeHust KaIaCTPOBBIX
KOOPJIMHAT BBIIEJAINCH U3 OTCKAHMPOBAHHOIO JIOKYMEHTA, II0 KOODUHATAM,
dopMupyeMbIM mTojicucTeMoil KonTypusanun 3toit 1C. Obmue npuHInnb
pabOTHI 9TOM OJCUCTEMBI OIKUCAHEL B [4].

3aknoyeHne

B crarne nmpoBenensr uccienoBanus npumenenns apxurekTypbl CRNN st
331891 pacIIo3HABAHMS M300parKeHuil KaJacTpoBhIX KoopauHatT. Ilo pesysbra-
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TaM obydeHus: Mojiesin Opuin ocTpoensl rpaduku dyakiuu norepb (Loss) u
rounoctu (Accuracy). I'paduku mokazanm, 4To MOJE/b YCHENIHO CXOIUTCI U
CIIOCOOHA JIOCTUYb BBICOKOI TOYHOCTH PACIIO3HABAHUST KAJACTPOBBIX KOODJIMHAT.
st oneHky KadecTBa paboOThI MOAEAN ObLIN HcHoIb30BaHbl Merpuku CER
(Character Error Rate) 1 WER (Word Error Rate), koropsle mmo3sosmiu
U3MEPUTDH MPOIEHT OMMUOOK Ha YPOBHE CUMBOJIOB U CJIOB COOTBETCTBEHHO.
ITo pesynbraram 3KCIEpUMEHTAJBHBIX MCCIEI0OBAHMI MOYXKHO CJI€JIATh BBIBO/I,
9TO MOJEJIb CIOCODHA PACIIO3HATH KaJIACTPOBBIE KOOPJIUHATHI ¢ BHICOKIM
YPOBHEM TOYHOCTH M MUHUMAJbLHBIM KOJIUYeCTBOM omubok. Kak ciecreue,
npumenenre CRNN Mojiesin 1o3BoJIUT 3HAYUTENHHO Yy dmuTh 3 HEKTUBHOCTD
¥ JIOCTOBEPHOCTH T'€OIMPOCTPAHCTBEHHBIX AHAJN30B U IPUHSITUST PEIIEHUIA.
JlanbHelme nccae10Bainst MOTYT OBITh HAITpABJIEHBI Ha paciiupenne Habopa
JAHHBIX, BKJIFOUEHUE Pa3HBbIX TUIOB MIPU(MTOB U CTUJIEH, 00ydeHne MOIEeIn
Ha OoJiee Pa3HOOOPa3HBIX JAHHBIX U HccienoBanue g dekrusaocru CRNN
JUISL IPYTUX 3a7a49 paclo3HaBaHus U Kiaccudukanuu. Takyke BO3MOXKHO MPH-
MEHEHUe JIOIOJIHUTEIbHBIX METOJI0B IIPe0OpabOTKU JIAHHBIX WU ayTMEHTAIUN
JJISL YTy IIIeHAsT TOYHOCTH MOJIEJIN.
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Introduction

Recognition of alphanumeric sequences in images is a significant
problem in the field of computer vision and image processing. An effective
solution to this problem is of great importance for the automation and
optimization of various processes associated with the identification and
classification of objects.

In recent years, impressive results in image recognition and classification
have been achieved using deep learning neural networks, especially CNNs.
However, classical CNNs are focused on identifying features of the input
data, which limits their applicability for recognizing sequences of variable
length. To overcome this limitation, the CRNN architecture was developed,
which combines the advantages of convolutional and recurrent neural
networks. The main feature of the CRNN architecture is the combination
of CNN convolutional layers to extract local and spatial features from
images and RNN recurrent layers to take into account context and sequence
information. Convolutional layers allow you to discover important features
of images at different levels of abstraction, while recurrent layers model the
dependencies and sequence of input data [1].

In the most general case, the CRNN architecture consists of three
main components: convolutional, recurrent, and classification components.
The convolutional component contains several convolutional layers that
perform detection and feature extraction from images. The recurrent
component includes recurrent layers of long short-term memory (LSTM) [2]
or managed recurrent units (GRU) [3] to take into account the context
and sequence of the input data. The classification component performs
sequence recognition and classification based on the predictions of the
recurrent component.

This article studies the effectiveness of using CRNN for image
recognition of digital sequences of variable length. In section 1 the need for
research and the formulation of the problem are substantiated. Section 2 is
devoted to the review and analysis of works on the use of CRNN networks
for text recognition and digital sequences. Creating a dataset for training
the model is described in section 3. The formation and study of a CRNN
model for recognizing digital sequences in images is given in section 4.
In conclusion, conclusions are presented based on the results of the research.
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1. Setting the purpose and objectives of the study

The purpose of the study is to develop a CRNN model capable
of achieving acceptable recognition accuracy of cadastral coordinates
on scanned documents of the «Roskadastr» PLC. [4], [5] and [6] describe
approaches implemented in the information system (IS) of this organization
to solving the problem of converting images of cadastral coordinates into
their text counterparts using CNN models. [6] shows the effectiveness
of using CNN for sequences consisting of no more than 4 digits. Based on the
results of studies carried out in [6], we can conclude that when recognizing
a larger number of digits, the structure of the CNN becomes more complex,
while the quality of recognition either remains the same or increases slightly.
Considering that the maximum number of symbolic-digital elements
in cadastral coordinates can exceed 10, one of the expedient and effective
means of solving the problem of their recognition may be the use of CRNN
models.

The goal set in the work can be achieved by solving the following main
tasks:

(1) Formation of a dataset, which consists in preparing a set of images
of elements of cadastral numbers and their annotation (comparison
with the cadastral number); generation of images of cadastral
coordinates for a given number of their digital elements; dividing the
dataset into samples for training and validation.

(2) Formation of a CRNN model — selection of convolutional and
recurrent layers for feature extraction and digital sequence recognition,
respectively.

(3) Model training and analysis of loss function values and accuracy
metrics, CER, and WER.

2. Analysis of the main works on alphanumeric sequence recognition

For the first time, a CRNN model combining convolutional and
recurrent layers for processing images with text sequences is described
in [1]. The advantage of the model is the combination of convolutional and
recurrent layers, which makes it possible to identify both local and global
dependencies in images containing sequences and to implement their
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recognition quite effectively. The disadvantages of the proposed model
include fairly large amounts of data for training and significant time for
recognizing long sequences.

The paper [7] describes a CRNN model that can recognize words
unknown to it using meaningful contextual information. The model is
resistant to various image distortions, does not depend on a predefined
dictionary, and can process arbitrary sentences. The disadvantage of the
model is poor text recognition with low contrast, unclear boundaries, and
distortions, which requires additional image pre-processing methods.

The model from [8] is designed for text recognition in images with
perspective distortion, curved character placement, etc. The proposed
CRNN model is able to provide acceptable readability and recognition
of distorted text and outperforms similar models in recognizing text
with different values of input noise and slope . In addition, the model
demonstrates high accuracy and performance when trained on large datasets.
A disadvantage of the proposed model may be poor text recognition if
noise or deformation greatly changes the shape of the characters, which is
especially noticeable for text with a small font or low resolution.

In the paper [9] the authors apply CRNN to recognize text in images,
focusing on difficult cases such as scenes with poor lighting or low resolution.
They propose a model that uses convolutional layers to extract features
from images and recurrent layers to model sequences from these characters.
The experiments demonstrate high accuracy of text recognition on various
images of text sequences.

A model for multi-level recognition of handwritten text in images is
given in [10]. At the first level, CNN is used to recognize words that
appear frequently in text. If a word is not recognized by this model, it
moves to the second layer, which uses a fully convolutional network (FCN).
An experimental study of the model was conducted using NIST19 as the
training dataset and handwriting as the test dataset and showed quite
acceptable recognition result.

In [11] presented two models for recognizing sequences of digits. In the
first, the encoder and decoder of the sequences are CNN and LSTM.
In the second — histogram of oriented gradient (HOG) and parallel fully
connected (Dense) layers, respectively. Training and testing were carried
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out on the Street View Number House dataset (SVHN). As a result of the
conducted research, the advantage of CNN in terms of image encoding and
the advantage of LSTM in sequence prediction were shown.

The DIGI-Net deep learning network, which is capable of learning the
common characteristics of three different digit formats (handwritten,
natural images, printed font) and recognizing them, is described in [12].
Experiments conducted on the MNIST, CVL and Chars74K, demonstrated
high accuracy of recognition of continuous digital sequences.

The CRNN model proposed in [13] has a convolutional layer, a feature
fusion layer, a recurrent layer, and a transcription layer. The convolutional
layer used for feature extraction produces two outputs for the input text
image. The feature pooling layer combines the results of the convolutional
layer into one, from which the recurrent layer extracts sequences. The final
result is output by the transcription layer. The proposed model, due to the
fusion of features, realizes better text recognition accuracy on text datasets
Street View Text (SVT), IIIT-5K, ICDAR2003 and ICDAR2013.

In [14] it is proposed to use a hybrid architecture of visual transformers
(ViTs) and multilayer perceptrons (MLP) to recognize handwritten digits.
Conducted research on the EMNIST and DIDA showed good accuracy
in recognizing typewritten digital data, including on noisy images.

Paper [15] proposes a symmetrical multi-scale architecture called
Circular Dilated Convolutional Neural Network (CDIL-CNN), where each
element in the current layer has an equal chance of receiving information
from other elements in previous layers. The proposed CRNN model allows
the generation of classification logits for all elements, as a result of which it
becomes possible to use simple ensemble learning to make the best decision.
Based on the results of testing CDIL-CNN on long sequential datasets, it is
shown that CDIL-CNN allows one to obtain recognition results that are
acceptable in terms of accuracy.

The best approach to forming models for sequence recognition, from
the point of view of the author of this work, is given in [16] and [17]. To
recognize text sequences, it is proposed to use an encoder in the form of a
CNN and a decoder in the form of a bidirectional long-term short-term
memory (BSTM) using connectionist temporal classification (CTC). CTC
is an algorithm used to train an RNN on variable length sequences and
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match them with corresponding labels. In text and digit recognition tasks,
CTC can cope with the problem of their variable length. It allows the
model to predict a variable number of letters or numbers in a sequence
without first separating or aligning them. The CTC algorithm calculates
the probability of the output sequence and recursively updates the model
weights based on the difference between the predictions and the sequence
labels. The effectiveness of the proposed approach is shown on its own
dataset in [16] and on the Arabic letters datasets MADCAT, AHTID/MW
and IFN/ENIT in [17].

3. Creating the dataset

To train the CRNN model and study its operation, our own dataset
was generated.

At the first stage, by analogy with [4], black and white images of ele-
ments of digital sequences were formed using the main fonts of «Roskadastr»
PLC documents. The number of image classes is chosen to be 12 — 10
classes for numbers from 0 to 9, 1 class for delimiter characters «.» and «,»,
and one more for the absence of a character in the sequence. The values
of the last 2 classes are chosen to be 10 and 11, respectively. For each class
of images, 10 and 5 images of 20 x 25 pixels were generated for training
and validating the model, respectively.

At the second stage, images of cadastral coordinates were formed,
consisting of 2 digits in the fractional part and from 4 to 7 in the whole.
Simultaneously with the formation of images, their CTC labels were also
formed. All images in the dataset were reduced to the same size of 200 x 32
pixels. An example of the generated images of cadastral coordinates and
the corresponding CTC labels is shown in Figure 1.

The dataset thus generated is shown in Table 1 and consists of 24240
and 12240 images of cadastral coordinates and their labels for training and
validation, respectively.

4. Formation and research of a CRNN model

The model was formed using the Keras library. All layers of this
model, in addition to the main CRNN layers — convolutional and recurrent
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FiGURE 1. Examples of images of cadastral coordinates. Their
CTC labels are indicated at the top

TABLE 1. Number of digital sequences for train and validation

Digits in sequence | Train sequences | Validation sequences
6 4848 2448
7 5656 2856
8 6464 3264
9 7272 3672

(Conv2D and Bidirectional respectively), are given in Table 2.

The downsampling layer MaxPooling2D reduces the dimension of the
feature space, highlighting the most significant ones.

Layer BatchNormalization normalizes data in mini-batches, which
speeds up training convergence and reduces the likelihood of overfitting. It
also helps stabilize the distribution of activations between layers.

The Dropout layer is a regularizer, its goal is to reduce overfitting by
preventing the activation of randomly selected neurons. This forces the
model to learn more stable features and reduces the contribution of each
individual neuron.

Layer Activation (activation function) applies an activation function
to the output of the previous layer. In this model, this is ReLU, which
activates neurons only for positive values, Tahn — for positive and negative
values and Softmax, generating probabilities for different classes.

The fully connected layer Dense combines all outputs from the previous
layer and applies linear transformations to produce the final model output.
It connects the outputs of all neurons in the previous layer to each neuron
in the current layer and is the main classification layer in neural networks.


https://keras.io/api/layers/convolution_layers/convolution2d/
https:/ /keras.io/api/layers/recurrent_layers/bidirectional/
https://keras.io/api/layers/pooling_layers/max_pooling2d/
https://keras.io/api/layers/normalization_layers/batch_normalization/
https://keras.io/api/layers/regularization_layers/dropout/
https://keras.io/api/layers/core_layers/activation/
https://keras.io/api/layers/activations/
https://keras.io/api/ layers/activations/
https://keras.io/api/layers/activations/
https://keras.io/keras_core/api/layers/core_layers/dense/

24 Icor V. VINOKUROV ENSERY

TABLE 2. CRNN model layers

Layer Activation | Filters Input

InputLayer — — [(None, 200, 32, 1)]
Conv2D - 32 (None, 200, 32, 32)
BatchNormalization - - (None, 200, 32, 32)
Activation ReLu — (None, 200, 32, 32)
MaxPooling2D - - (None, 100, 16, 32)
Conv2D - 64 (None, 100, 16, 64)
BatchNormalization - - (None, 100, 16, 64)
Activation ReLu - (None, 100, 16, 64)
MaxPooling2D - - (None, 50, 8, 64)
Dropout - - (None, 50, 8, 64)
Conv2D — 128 (None, 50, 8, 128)
BatchNormalization - - (None, 50, 8, 128)
Activation ReLu - (None, 50, 8, 128)
MaxPooling2D — — (None, 50, 4, 128)
Dropout - - (None, 50, 4, 128)
Conv2D - 256 (None, 50, 4, 256)
BatchNormalization — — (None, 50, 4, 256)
Activation ReLu - (None, 50, 4, 256)
MaxPooling2D — — (None, 50, 2, 256)
Dropout - - (None, 50, 2, 256)
Reshape - - (None, 32, 800)
Dense — — (None, 32, 25)
Bidirectional Tanh - (None, 32, 320)
Bidirectional Tanh — (None, 32, 320)
Dense — — (None, 32, 12)
Activation Softmax — (None, 32, 12)

The Lambda layer allows you to define your own lambda function for
non-standard data transformation, for example, changing its dimension.
In the generated model, it is used in conjunction with ground-truth labels
used for recognition tasks of continuous sequences. During the training
phase, these labels are matched and compared with the ground truth labels,
resulting in an error that is used to optimize the model.

The structure of the CRNN model is shown in Figure 2. To train it,
the backpropagation method with the optimizer Adam was used.
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To assess the quality of the model and its ability to solve the problem,
the values of the loss function and accuracy metrics, CER, and WER were
calculated. The loss function (Loss) measures the difference between
the actual (true) label values and the values predicted by the model.
In Figure 3 shows the model losses for 9 training epochs. This number
of training epochs was found experimentally and is optimal.

The accuracy metric (Accuracy) measures the proportion of correct
predictions made by the model relative to the total number of examples. It
evaluates how well a model can classify or predict the correct class or value
for a given set of data, Figure 4.

The numerical values of the loss functions and accuracy metrics for the
train and validation sets at each of the training epochs are given in Table 3.

Calculating loss function values and accuracy metrics is a common
approach to assessing the quality of neural network models. For models
focused on sequence recognition, two more are calculated — Character Error
Rate (CER) and Word Error Rate (WER). Both metrics are used to
comparatively evaluate different recognition systems and analyze their
accuracy.
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TABLE 3. Numerical values of Loss and Accuracy

Loss Accuracy
Epoch | Train set | Validation set | Train set | Validation set
0 22.7430438 | 20.4115753 0.0 0.0
1 16.3242683 | 20.5168876 0.0 0.0
2 5.3856644 2.9053363 0.0 0.0000817
3 0.8966413 0.6119849 0.2904703 0.6136437
4 0.2865071 0.1913659 0.9022276 0.9521241
5 0.1421806 0.1023578 0.9807755 0.9866012
6 0.0855829 0.0680020 0.9928630 0.9919934
7 0.0573494 0.0432046 0.9958745 0.9959967
8 0.0411685 0.0314824 0.9980198 0.9982843
1 —e— Train set
—e— Validation set
0.9
o
G o8
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0 2 4 6 8
Epoch
F1curE 5. Character recognition accuracy
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£ os
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CER allows you to evaluate the accuracy of a model’s recognition
of individual characters. The dependences of the values of this metric for
the training dataset and the validation dataset on the training epoch
number are shown in Figure 5.

The accuracy of recognition of whole words by the model can be
assessed by the WER metric. The dependences of the values of this metric
for the training dataset and the validation dataset on the training epoch
number are shown in Figure 6.

The numerical values of the CER and WER metrics for the train and
validation sets at each training epoch are given in Table 4.

The results of recognition by the model of several cadastral coordinates
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TABLE 4. Values of the CER and WER metrics

CER WER
Epoch | Train set | Validation set | Train set | Validation set
0 0.6388888 0.6388888 0.0 0.0
1 0.6594093 0.6603758 0.0 0.0
2 0.9491560 | 20.9041156 0.7390676 0.4186274
3 0.9908536 0.9816210 0.9576320 0.8828431
4 0.9976399 0.9960001 0.9887788 0.9794117
5 0.9987451 0.9981072 0.9940182 0.9900327
6 0.9993949 0.9989787 0.9970297 0.9953431
7 0.9996046 0.9995132 0.9981435 0.9977942
8 0.999804 0.9998400 0.9992161 0.9994281
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of 6, 7, 8, and 9 digits, respectively, from the test dataset are shown

in Figure 7.

The model proposed by CRNN was implemented in the IS «Roskadastr»
PLC and, as the results of its experimental study showed, the accuracy
of recognition of individual symbols and cadastral coordinates as a whole
was 99.98% and 99.94%, respectively. Images of cadastral coordinates
were extracted from the scanned document according to the coordinates
generated by the contourization subsystem of this IS. The general principles
of operation of this subsystem are described in [4].

Conclusion

The article studies the use of CRNN architecture for the task of recog-
nizing images of cadastral coordinates. Based on the results of training the
model, graphs of the loss function (Loss) and accuracy (Accuracy) were
constructed. The graphs showed that the model converges successfully and
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is capable of achieving high accuracy in recognizing cadastral coordinates.
To assess the quality of the model, the CER (Character Error Rate)
and WER (Word Error Rate) metrics were used, which made it possible
to measure the percentage of errors at the character and word levels,
respectively. Based on the results of experimental studies, we can conclude
that the model is capable of recognizing cadastral coordinates with a high
level of accuracy and a minimum number of errors. As a result, the
use of the CRNN model will significantly improve the efficiency and
reliability of geospatial analyzes and decision making. Future research
could focus on expanding the dataset, including different font types and
styles, training the model on more diverse data, and investigating the
effectiveness of CRNN for other recognition and classification tasks. It is
also possible to use additional data preprocessing or augmentation methods
to improve the accuracy of the model.
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