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4 U.B. BUHOKYPOB IRUmEN:

Beepenne

[Tporecc mepexojia Ha 3JIEKTPOHHBIN TOKYMEHTOOOOPOT, PeATN3YeMbIil B Ha-
CTOsIIIee BPeMsi MHOI'MM OPraHU3aIdsIME, TIPEIIOIaraeT MePEeBOl JIEKTPOHHBIX
Komuit JOKyMeHTOB B X TecToBble anajoru. B IIIIK «Pockagactp» ocHOBHBIMEI
JOKYMEHTaMMU, MTOJIEXKAIMNMU PACIIO3HABAHUIO U II€PEBOJLY B TEKCTOBBIE
dopmarsl (txt, json u apyrue), sBJAIOTCS U300paKeHus TAbIIKUIL] C KAJIACTPOBbI-
MU KOOpJuHATaMu 00beKTOB. JlerekTupoBaHue TabJIUIl Ha, M300ParXKeHus X
JIOKYMEHTOB JTOCTATOYHO 3(D(DEKTUBHO PEATN3YETCs C UCIIOIb30BAHUEM CeTel
riry6okoro obyuernst YOLO [1]. He menee achdekTuBHO ¢ nCHONB30BaAHUEM
CNN, MoryT ObITH PACIO3HAHBI U OJWHOYHBIE CUMBOJIBI MAIITUHOIIICHOTO
rekcra [2]. OHAKO IIPH IUIOXOM KadecTBe OTCKAHUPOBAHHOTO JIOKYMEHTa €ro
CerMEHTAIMs ¢ UCIIOJIb30BAHUEM U CTAHIapTHBIX (Haupumep, findContours()
6ubsmorekn OpenCV [3]) u coGCTBEHHBIX METOMIOB UX OGHAPYYKEHUsI MO-
2keT npusBectu K Boigsjenuio peruonos (ROIL, Region Of Interest, anea.),
coziepzKanmx 6osee OHOTO CUMBOJIA. B 9THX CIydasix MpeJIoyKeHHbIH B 2]
[TO/IX0/T HEIIPUMEHUM: TPEOYEeTCs PACIO3HATH Ha (pparMeHTax M300parkKeHuit
HEIPEPBIBHBIE TIOCIEI0BATEILHOCTH U3 HECKOJIBKUX THdD.

ITpumep cermenToB (HparMeHToOB) M300pasKeHNsI, CONEPKAIMUX OT OFHOM
J10 Tpéx 1udp, UpuBeEH Ha pucynke 1. BoisgBieHne peruoHoB, cojiepKaimx
6ostee oiHOI MBI, KAK ITO MOKA3AHO Ha PUCYHKE 16, 00bICHIETCS HAJIMINEM
rpaJiaIuil ceporo IBeTa, KOTOpble IOPOroBas IOoACHCTeMa TpaHcdopMannm
ngeros B VIC [2| BocupuHEMaET Kak 31eMeHTHI U300pakeHus U, KaK CJIe/CTBUE,
orHOCHT X K Tekynemy ROI.
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Pucynok 1. CermeHrarusi KOOpiHAT OOBEKTA

Pemrenne 3ajaun pacnosnaBanust mudpoBbIX MMOCIETOBATEIHLHOCTEH,
DU MACCOBOM aBTOMATH3UPOBAHHOM IIPE0OPA30BAHNN OTCKAHUPOBAHHBIX
n300paskeHuil B UX TEKCTOBBbIE AHAJIOTH, SIBJISIETCSI B HACTOSIIEE BPEMSI
akTyaspHOM n 3Haunmoit s [IITK «Pockagactps.

Huxe, B pasgese 1 npuBeeHbl CyIIECTBYOINE B HACTOSIIEE BPEMSsI
IOJIXOJIBI K PACIO3HABAHUIO MOCJIE/I0BaTeIbHOCTel 1idp. Pazaen 2 mocssamén
dopmupoBanuio u ucciemoBanuio mogeneit CNN s pacro3naBaHus mocse-
J0BaTeIbHOCTEN U3 JBYX, TPEX U 4eThIpEX rudp. B pasnesne 3 onucanb
ocobennocTu BeIOOpa chopmupoBanubix Mogeseit CNN mist pacriosnaBanus
JIOKyMEHTOB C Ka/IaCTPOBBIMU KOOPJIMHATAMHI O0OHEKTOB.


https://www.geeksforgeeks.org/find-and-draw-contours-using-opencv-python/
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1. AHann3 BO3MOXHbIX nogxoaoB K peweHuo 3aga4qdn

B nacTtosimee BpeMst CyIIecTByeT JOCTATOMHO OOJIBITIOE KOJIMIECTBO PabOT,
ITOCBSIIIEHHBIX 33/[ade PACIO3HABAHUA OyKBEHHO-IIM(POBBIX IIOCIEI0BATEIHLHO-
creii. laTepec K 310l 3a/aue 00ObsICHSIIETCS TEM, 9TO PE3YJIbTATHI €€ PEeIleHust
MOT'YT OBITH WCIIOJIE30BAHBI B HETPUBUAIHHOM KOMIIBIOTEPHOM 3DEHUU C TIEJIBI0
pAacCIO3HABAHUS COJEPAKUMOrO IJIEKTPOHHBIX KOIUN JOKYMEHTOB, 00paboTKI
dopM ¢ pesyJibTaraMu OIIPOCOB, WAEHTUMUKAIINU ITOYTOBBIX UHIEKCOB U
aJIPECOB U T.II.

OnpeIeIéHHBIT NHTEPEC ¢ TOYKHU 3PEHUST MOMCKA BO3ZMOYKHOTO MOIXO-
Jla K PENIeHnIO 3a1a91 IIPEICTABISIOT METO/IbI HCCIeI0BATEILCKIX TPYIII
M3 Pa3HBIX CTPAH 10 PACIIO3HABAHUIO PYKOIUCHBIX OyKBEHHO-TU(MDPOBBIX
MOCJIEIOBATENLHOCTEH, ITpeICTaBIeHabIe Ha Mexk myHapoanoil KondepeHnun
no pacnosnasanus pykonucsoro tekcra (ICFHR) 2014 [4]. Bee atu MeTos!
MIPEIIIOIAral0T HAJUYINE 3HATUMOrO dTalla HavdaIbHON MperodbpaboTKu n300-
paxenus. Hanpumep, B nekuHcKOM MeToe u3 [4] it yhajaeHus 1nyMoB
U3 IPOCTBIX n300pazkeHuii npumensiercs Gunapmsanust Otsu [5]. st caoKHbIX
n300pazkKeHuil IPeIaraeTCs UCIoIb30BaTh JIBA MHOTOCIOMHBIX MEPCENITPOHA
[6] ¢ mocienyromeit Gunapusanueii Caysosnt [7]. TTocie npemnobpaborku
M300paXKeHMsT TEHEPUPYIOTCS MAOJIOHBI CUMBOJIOB KAH/HIATOB, KOTOPHIE 3aTEM
KJIaCCHMUIUPYIOTCA ¢ TTOMOMIBIO TOJTMHOMUAIBLHOTO KJIacCunpuKaTopa.

B manxaiickom Mmerose u3 [4] mudpbl CerMeHTHUPYIOTCS Ha OCHOBE
AJAITUBHON OMHAPU3AIMY U aHAJIM3a CBA3AHHBIX KOMIOHEHTOB. CoOCTBEHHO
KJIacCH(pUKALIIA PEATU3YeTC ¢ UCIIOIb30BAHAEM MAIINHDBI OIIOPHBIX BEKTOPOB
(SVM) [8] u camoopraunsyomuxcs kapt Koxonena (SOM) [9]. Pesysbrars:
pacCIO3HABAHUS It KAXKI0# DBl MOCIEI0BATEIBHOCTH YIOPSI0IABAIOTCS
[0 UX JIOCTOBEPHOCTH.

Cunranypckuit Meron [4] peasnsyeT IpeaBapUTENbHYIO 00paboOTKY
U300paYKEHHsl C [[eJIbI0 U3BJIEUEHNs] BEKTOPOB [OCJIEI0BATEIbHBIX [IPU3HAKOB.
st 9TOl 1es1u UCIOJIb3YeTCsl TUCTOIPAMMA OPHEHTHPOBAHHBIX IPAHEHTOB
(HOG) [10]. PacniosraBarne nndpOBBIX IOCIIEI0BATEILHOCTEN PEATH3YeTCs
peKyppeHTHO# Heitponsoit cerbio (RNN) [11].

Bpasunbckuit Metos [4] npeapapuTenbHo obpabaThiBaeT H300parKeHus
C LEJIBI0 OOHAPYKEHUs IIMPOBBIX II0CJIEI0BATEILHOCTEH, I PACIIO3HABAHUS
KOTOPBIX HMCIIOJIb3YETCsl KJIACCU(PUKATOP, COCTOSIINIT U3 MHOTOMEPHO PEKyP-
penrtHoii Hefipornoit cern (MDRNN) [12] u MAIMHBI OIIOPHBIX BEKTOPOB
(SVM) [13].

U, nakonern, amkupckuii Mmeros Tébessa I [4] ucnonb3yer crpareruto
[IPSIMOI CEerMEHTAINM, OCHOBAHHYIO Ha OPUEHTUPOBAHHOM CKOJIB3HAIIEM OKHE
[14]. PacriosHaBaHme 0CyIIECTBIISETCS € TIOMOIIBIO TIpeobpa3oBanust Paiona
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[15] B cogeranun ¢ SVM [8]. Hpyroit anamornanstii metos, Tébessa 11
[4], peasusyer Te ke meficTBusl, YTO U BbIIIE, HO C HECKOJIBKUME YIJIAMUA
OPUEHTAIMH CKOJIB3SAIIEr0 OKHA.

B [16] upesyiozken aiaropurM, KOTOpbIil 06y4aer k-paspbIiBHbIE aBTOKOEPDI
U UCIOJIb3YET UX B KAYECTBE MIPEIBAPUTEILHO O0YIEHHBIX CKPBITHIX CJI0EB
CNN. JIjs1 mocTuzkeHus BBICOKUX CKOPOCTEH pACIIO3HABAHUS TPUMEHSIETCS
TEXHUKA PA3/IBUYKHBIX OKOH.

Komb6unanus momeau ResNet [17] ¢ qByHAIPaBICHHBIME CIOAME KPATKO-
CPOYHOI naMsaTH npejyioxkena B [18]. Boicokas mpou3BouTe IbHOCTD MOJIEIIN
ResNet qis u3Bnedenus Gynkimii n3 n300parkeHnil MPUBeIa K 3HAIUTETHHOMY
YIIydIIEHIIO PACIO3HABaHN (M POBBIX HOCJIEI0BATEIBHOCTEN, OCOOEHHO IpU
paboTe ¢ MApKUPOBKOI JJIMHHBIX CTPOK.

B [19] upeancrasnena CNN 1151 MADKUPOBKE PYKOIMCHBIX CTPOK, B KOTOPOIi
JUTst 0OpabOTKY MOC/IEOBATETFHOCTEN MPON3BOIBHOM JIIMHBI CTPOKH UCIIOJIB3Y-
eTCsl TyJI MPOCTPpaHCTBeHHBbIX upamul. CermenTariust udp B CTPOKOBBIX
[I0CJIEIOBATEIBHOCTSX B 9TOI pabOTe He MCIIOIb3yeTCs.

WuTepecHast MOzesh J1st 38,129 MAPKUPOBKY OYKBEHHO-TIM(POBBIX TOCIIEI0-
BaresbHOCTel npuBeena B [20]. B ocnose monenu sexkur apxurekrypa CRNN-
CNN 6e3 memocratkoB RNN. Takast Mozesib HEMHOTO YIIydIIuIa Pe3yIbTATHI
u3 [19], B KOTOPOIii UCHOJIB30BAJIUCD JIBYHAIPABIECHHDBIE PEKYDPPEHTHbIE GJIOKU
B codyeraHun ¢ Mojesbio ResNet.

B [21] paspaborana cucreMa, B KOTOPOii JijIsi paciio3HaBaHus nudp
Ha N300PaXKEHUSIX C HU3KUM PA3PEIeHNeM UCIIOJIb3YeTCs IEeTEKTOP IeJIn
Ha yPOBHE CHMBOJIOB. B OCHOBe JeTeKTOpa IEJIH JIEXKAT KOOPAMHATHI KOHTYDA
CHMBOJIA.

B GosbInnHCTBE MIPUBEJEHHBIX BhIIE PabOTaX MCIO/Ib30BAJIACH KOMOMHA-
LUl HETPUBUAJBHBIX METOMOB IIPEJBAPUTE/LHON 06paboTKN n300parKeHust
¢ TTOCJIETYIONUM TTPUMEHEHNEM HeHpOoceTeBhIX Kiraccupukaropos. OaHako
B HACTOSAIIEE BPEMsl CYIIECTBEHHBIE YCIIEXU B OOJIACTH HEHPOHHBIX ceTei
NIPUBE/IN K TIOSIBJIEHUIO Psijia PaboT, B KOTOPBIX JIJIsi PACIIO3HABAHUS B TOM
qucsie u 6yKBEHHO-IIUMPOBBIX MIOC/IEI0BATETHLHOCTEH CIOIB3YIOTC TOIBKO
HePOHHBIE CETU TOTO MJIM WHOTO TUIIA. DTAIl IIPEJBAPUTENBHON 06pabOTKY Ujn
OTCYTCTBYeT Wi KpaiiHe HesHaunTesnen. Hanpumep, B [22] nuist obHADY KeHUsT
¥ PaCIO3HABAHUS JIEMEHTOB OYKBEHHO-TIN(POBBIX MTOCIEI0BATETbHOCTEH
NIPEJTIO?KEHO UCIIOIB30BATh MOJENb HA OCHOBE HEHPOHHOM CeTn rrybOKOTo
obyuennss (DNN) YOLO [23]. B sroit paboTe HOJHOCTHIO UCKIIIOYEHA [IPE/BA-
puTeabHast 06paboTKa U cermeHTarus n3obparkenuit, kpome Toro, YOLO
XOPOIIIO CIPABJISIETCS ¢ PACIIOZHABAHUEM JJINHHBIX MOCJIEOBATETLHOCTEN.
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ITomumo YOLO, mis pacnmo3naBaHus MOCJIEI0BATETHLHOCTEN MAITMHO-
IMUCHBIX U PYKOIMCHBIX UMD, N30JIUPOBAHHBIX U KOHTAKTHBIX, MOL'YT
Ot ncnoab3osanbl 1 CNN, HampumMep Tak, Kak 310 caejano B [24]. B sroii
paboTe MOKA3aHO, UTO PACNO3HABAHUE UUPPOBHIT NOCAEIOBAMEALHOCTEL
Mootcem. boims APPermueno peasudosano bes cyuecmeentot npedsapumenbotl
obpabomku uzobpasiceruti. Kpurudecku BaxKHBIM JJIS TAKOTO MTOJXOJIA ABJISETCSH
HE3aITYMJIEHHOCTD (I8TKOCTH) M300PasKeHNUSI.

Emié o npumep addekrusaoro ucnosb3oBarus CNN s pacnosnasa-
HUSI CTPOK PYKONUCHBIX IUdP ¢ HUSKUM paspellieHneM MpuBenéH B [25].
TTosbimenne Tounoctu paborsr CNN peanuzyercs 3a c4€T mobaBIeHUS IBYX
BBIXOJIHBIX BETBEll JIJIsT KJIACCU(DUKAINN U PErPECCUH 110 OTPAHUIMBAIONIIM KOH-
TypaM cuMBOJIOB. C IeJIbI0 Ja/IbHEHINEro MOBBIMIEHNs TOYHOCTH UCIOJIb3YIOTCS
HEKATErOPU3NPOBAHHOE IOJIABJIEHNE U TOHKAS MUHUIAKETHAS HACTPOMKA.

Ucxosis u3 cymecTByoleil B HACTOSINEE BpeMsl TEHJIEHIIMN PACIIO3HABAHUA
O6yKBeHHO-TTN(POBLIX TOCIe0BaTebHOCTEH, ncnosb3oBanne CNN ¢ Hezna-
YUTEJBHON NIPEIBAPUTEILHON 00pabOTKON M300parKeHMil 1IPE/ICTaBIIAETC S
nmoctaTodHo 3ddexTuBHbIM. B 910l paboTe ObLT BHIOPAH MMEHHO TAKOI TOIXOT
K PacCIO3HaBaHUIO IMPOBBIX II0C/e0BaTeIbHOCTeH 13 JokyMmenTos [IITK
«Pockamactps.

2. ®opmuposaHue u uccnegosatHue mogeneini CNN

Kaxk mokasaj aHajn3 pe3yjibTaToB CErMEHTUPOBAHUS TPOU3BOJIHLHOMN
BoiOOpku u3 2000 mokymentos IIITK «PockamgacTp», mocieoBaTe IbHOCTHI
u3 5-u u 60siee Mudp BCTpEUAOTCs KpaitHe peKo, pucyHok 2. VckioueHus

1000

600

Konuyectso ROI

200

180
(9%)

1 2 3 4 >=5

Lincop B ROI

Pucynok 2. Kosmmuecrso ROI B BoiGopke u3 2000 0TCKaHMPOBAHHBIX JIOKYMEHTOB

COCTABJIAIOT CUJIBHO 3alTyMJICHHBIC JOKYMEHTHI NN JOKYMEHTHI C HEIIPpUEeM-
JIEMbIM Ka49€CTBOM CKaHUPOBaHUA. ,Z[J'ISI TaKUX JOKYMEHTOB, KaK IIpaBHJIO,
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UCIIONIBb3yeTCsl PydIHOM pa3bop coxmep:kumoro. Kak ciencrsue, ObLIO TPUHSITO
peIlieHre 0 PACIIO3HABAHUY ITOCJIEIOBATEILHOCTEl, COCTOANINX He Dojiee dem
U3 IeTBIPEX THDP.

2.1. ®opmuposaHne HabopoB gaHHbIX ANst OBOy4EeHUs U TeCTMPOBaHUS
mopenei

Ha mavanproMm sTarne dopMupoBanus HaAOOPOB JAHHBIX JJId O0YIEHUST
n recrupoanust Mojesieit CNN ObLI MCIOJIB30BaH [IPEJJIOKEHHBIH B [2]
ojxo, hopMupoBanus nzobdpakenuit 1udp or 0 10 9 ocHOBHBIME ITpUdTAMEI
KaJIaCTPOBBIX JIOKYMEHTOB. Jlajiee, B 3aBUCUMOCTH OT KOJIMYECTBA Iudpp
B IIOCJIE/IOBATEILHOCTH, PEAJU3YETC UX CJIyYalHbIA BBHIOOD, ayrMEHTAIHSI,
BapbUPYIOIIasi HeOOXOIUMBIM 00pa30M yIoJl HAKJIOHA U MACIITaOMpPOBAHUE U
ciusinne n300paXkKeHuit B OHO, PUCYHOK 3.

K] [4.4,0 7,2,0] [7,7.0] .43 11.5.6] [1,8,5)

860315497350 44070710

Bl K] 4,2,3] 19.4.9 6.5,5] 19.0.3] 9] 12,86

598434325155 423 949 655 903 049

() 13 aBYX 1P (6) 3 TPEx mdp

a, [3,6.3,9] [9.4,4,1] [2,83,9] (4,4,9,4] [1,0,0,9]

A1 2839 4494

7,6,9,7] [3,3.7,0] [2,7.6,6] [5,1,3,1] [1,1,6,7] [9.1,2 4]

3310 2766 5131

(6) 13 4eTBIPEX 1UdP

PucyHok 3. Ilpumepsr chopMupoBaHHBIX H300parKeHU TOCTIEI0BATEIHHOCTEN,
CBEpPXY yKa3aHbl METKHU KJIACCOB

IIpu npoBesenny SKCIEPUMEHTAIBHBIX UCCJIEIOBAHNN, I TTOCIEI0Ba~
TeJIbHOCTEN U3 ABYX, TPEX U 4eThIPEX mudp, obuiu cpopmupoBanbl 1500,
2000 u 3000 m306parkeHwi COOTBETCTBEHHO, TAPAHTUPYIONINX I1epebop Beex
BO3MOXKHBIX 1 poBbix KomouHarmii. s o6yuerns CNN ucrosib3oBamch
70% sTux m3obparkenuit u 30% — mus Bamumanum n rectuposanus. Kommaectso
u306pazkennit mudp (KIacco) B Kaxka0# n3 1udpoBIX MOCIIEI0BATETBHOCTEH
OJINHAKOBO, KaK CJIE/ICTBUE, HAOOPBI JAHHBIX JJIsI O0yYeHNs U TECTUPOBAHUS
ABJIAIOTCS cOAJTAHCUPOBAHHBIMU.
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2.2. ®opmuposanne mogenen CNN

DKCIepUMEHTAIbHbIE UCCJIEIOBAHUS C UCIIOIb30BaHueM si3bika Python u
6ubsmoreku Keras [26] mokazanu, aro monean CNN, obecnieunsatorye
IpUEMJIEMbIE TOTHOCTHA PACIIO3HABAHUSA IU(PPOBBIX MMOCIEI0BATEILHOCTEIN,
JOJI?KHBI OBITH ITOC/IE0BATEIbHBIMU U UMETH B JIBYX CBEPTOYHBIX CJIOSIX
Conv2D' 1o 32 duibrpa ¢ pasmepom siipa 3 X 3, MpU STOM pa3Mep BBIOOPKH
B JIByX JUCKPETU3UPYIONIUX CJIOAX C TUIOM MaxPooling2D5 JOJT?KEeH OBITH
2 x 2.

Kommmsmumst Bcex Moieseit OCyecTBIIIACh CO CAeLYIONUMI TapaMeT-
pamu: byHKIUs oTephb categorical  crossentropy *, ontumuzarop adam’® u
OCHOBHAasl METPUKA accuracy’, Jarolias IPUeMJIEMYIO OIEHKY TOYHOCTHU IJIst
cOaJIAaHCUPOBAHHBIX HADOPAX JTAHHBIX.

Bce momemn CNN nmeror ofnHaKoBbIe CBEPTOYHBIE U JUCKPETUIUPYIOIIHE
CJIOW U OTJIMYAIOTCS TOJIBKO BBIXOJIHBIMU ITOJTHOCBSI3HBIMU cJiosiMu Dense®,
KOJINYECTBO KOTOPBIX OIIPEJIEJISAETCS YUCJIOM Pacio3HaBaeMbix Mojiesibio CNN
mudp, pucyHox 4.

MaxPooling2D

Conv2D

kernel (3x3x32x32)
bias (32)

Sigmoid

Dense

Kernel (128x10)
bias (10)

Sigmoid

Dense

kernel (128x10)
bias (10)

sigmoid

Dense Dense Dense

Kernel (128x10) kernel (126x10)| | kernel (128x10)| | kernel (128x10)
eew €10 bias (10) bias (10) bias (10)

Sigmoid Sigmoid Sigmoid

Sigmoid

(a) u3 AByX nudp (6) u3 Tpéx nudp (6) U3 4eTbIPEX 1Udp

Pucynok 4. Mogenmu CNN st pacriosHaBaHus IOCJIEI0BATEIBHOCTEH

Kaxk1p1it 13 3TuX CJI0E€B BO3BpAIlaeT BEPOSATHOCTb HPUHAJIEXKHOCTU
mudps! K oagnoMy u3 10-Tu Kj1accos.

cum. onucanue Keras layers API™
cum. onucanue Keras.Losses™

cum. onucanue Keras.Optimizers
cMm. ommcanmne Keras.Accuracy metrics

URD

=W

URD


https://keras.io/api/layers/
https://keras.io/api/losses/
https://keras.io/api/optimizers/adam/
https://keras.io/api/metrics/accuracy_metrics/
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2.2.1. Uccnenosanne moneneii CNN

Pesynbrare! nccnenopannit mogesaeiit CNN u3 pucynka 4 npu 100 (omrru-
MaJIbHOE 3HAYEHHE) SI0XaxX UX 00yueHus B Buje rpadUKOB TOYHOCTH, (DyHKIUU
norepb 1 ROC-KpUBBIX JIjIsi PACIO3HABAHNS [TOCJIEI0OBATEILHOCTEN U3 JIBYX
nudp TpuUBeIEHb HA pUCYHKE 5, 6, 7.

Lncbpa 1 : 1.000 Linchpa 2 : 0.984

At 4 1

TouHocTk (Accuracy)
o
>
TouHocTk (Accuracy)
°
>

02 —— O6yuatuii Ha6op Obyuarouuii HaGop
——— TecToBbiil HaGop —— Tectoebiii HaGop

0 20 40 60 80 0 20 40 60 80
3noxa noxa

(a) Ajist IepBOM UG PHI (6) 1J1st BTOpPOIt uppbl

Pucynok 5. Tounocts pacnosnaBanus mapsl 1udp

Uncppa 1: 0.013 Unchpa 2 : 0.044
= OGyuaroumii Ha6op O6yuatouii HaGop
2 = TecToBbIii HaGOP 2 = TecToBbii Ha6op
15 15
g g,
05 05
0 0
0 20 40 60 80 0 20 40 60 80
3noxa noxa
(a) Ajist IepBOM UG PHI (6) 1utst BTOpOIt b pbl
Pucynok 6. Ilorepu pacmosnaBanust maps! 1iudp
2 ynchpbi: ROC KpuBbie MocnepoBatenbHOCTb U3 2 uudp: ROC kpusast
1 1
o 08 o 08
& ¢
2 06 2 06
g 04 § 0.4
g 3
=02 Lucpa 1 (AUC = 0.990) =02
Liudbpa 2 (AUC = 0.992) = 2 yychpbi (AUC = 0.992)
0 0
0 0.2 0.4 06 08 1 0 02 0.4 06 0.8 1
False Positive Rate False Positive Rate
(a) KaxKI0# 1udpbl (6) TIOCJIEAOBATEILHOCTH (PP

Pucynok 7. ROC kpuBble npu pacrno3HaBaHUU mapbl udp

s pacrno3HaBaHUs MOCIEI0BATEILHOCTEH U3 TPEX IMUMpP aHAJIOTUIHBIE
pe3y/IbTaThl IPUBEJIEHBI HAa pucyHKax 8, 9, 10.



TouHocTb (Accuracy)

Motepn

Lncppa 1 : 1.000

1 1
0.8 5 0.8
g
=
8
0.6 < 0.6
2
5
0.4 S 04
2
4
i <
02 O6yuatowi HaGop 02
e TecTOBBIl HAGOP
0 20 40 60 80 0 20
Snoxa

(a) IJ71s1 IepBO# U PHI
Lnchpa 3 : 0.980

PACTIOBHABAHME LUPPOBBIX MMOCJIEJOBATEJIBHOCTEN C UCIOJIb30BAHUEM CNN

3 o8

g

5

3

£ o6

2

5

8 04

2

S

3

= 02 = O6yuatouii Ha6op

TecToBbiii HaBop

4 20 40 60 80

Anoxa

(6) Ojist TpeThelt nudpol

Pucynok 8. TouyHocTb pacnosHaBaHUs TPOWKHU udp

Uucppa 1 : 0.004

—— OGyualouii HaGop

11
Uucppa 2 : 0.974
—
= OGyuasouii HaGop
TecTobiii HaGop
40 60 80
3noxa
(6) J1J1sT BTOPOIt 1 pbI
Lncppa 2 : 0.070
= OByuarolit HaGop
TecToBbiii HaGop
e

2 Tecropbiii HaGop 2
15 o 15
2
9
1 5
g 1
05 05
0 0
0 20 40 60 80 0 20

3noxa

(a) I7st epBoit T PHI
Uudbpa 3 : 0.062

—— OByuaiuii Hacop
Tecrossii Habop

15

Motepun

05

40

noxa
(6) 11 TpeTheil udpPhI

PucyHok 9.

3noxa

(6) 111 BTOPOIt 1upphI

Ilorepu pacmosnaBanusi Tpoitku 1udp
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3 undhpbi: ROC kpuBble MocneposarenbHocTb 13 3 unp: ROC kpusas

Linchpa 1 (AUC = 0.998)
Liuchpa 2 (AUC = 0.990)
Liuchpa 3 (AUC = 0.993) —— 3 uwdhpel (AUC = 0.993)

True Positive Rate
True Positive Rate

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 08 1
False Positive Rate False Positive Rate

(a) Kaxk 10 1udpol (6) TIOCJIEI0BATEILHOCTH UMD

Pucynok 10. ROC kpuBble mpu pacro3HaBaHUU TPOUKU 1P

Pesyabrarer pacmosHaBaHus MOCIEI0BATEIBHOCTEN U3 IeTHIPEX 1P
peJicTaBjieHbl Ha pucyHkax 11, 12 u 13.

Liucppa 1 : 0.990

Uuchpa 2 : 0.990

TouHocTb (Accuracy)
ToyHocTb (Accuracy)
°
>

02 —— O6yuarowwii Hasop OGyuaroumi HaGop

Tectossii Ha6op

~—— TecToBlii HaGop

0 20 40 60 80 0 20 40 60 80

Snoxa 3noxa
(a) Jist TIepBOM 1M PBI (6) Aj1st BTOPO# mudphbl
Ldbpa 3 : 0.982 Lucbpa 4 : 0.944

0.8

0.6

0.4

TouocTs (Accuracy)
TourocTs (Accuracy)
o
s

OByaouii HaGop

= OGyalowyii HaGo|
0.2 0.2 oo "

TecTowiii HaGop Tecrosuiii HaGop

0 20 40 60 80 0 20 40 60 80

Snoxa Snoxa
(6) miist TpeThelt nudphI (2) Wit 9eTBEPTOM UMPHI
Pucynok 11. TounocTb pacmo3HaBaHUsi Y€TBEPKHU UMD

31ech ¥ HUXKE 110 TEKCTY HaJl rpadUKaMu IIPUBEJIEHO 3HAYEHNE HCCIeLye-
MO0 TIapameTpa Ha mocieaneit smoxe obyuenus CNN.

KommaecTBo 310X 00y9YeHns ONPEIEIEHO SKCIEPUMEHTATBHO U [TO3BOJISIET
IIPOU3BECTH TOYHYIO HAaCTPOiiKy Mojesieii CNN 151 pacinosHaBaHus BCex
BO3MOXKHBIX KOMOMHANWN 1P, CreHepUPOBAHHBIX HA ITAlle MX ayMEeHTAIUN.
C 11es1b10 yCTpaHEHUsT BO3MOXKHOTO TI€Pe0OydeH s, B KA1yl U3 MoJieJieil OblI
Jobassien cioit Dropout®.

5cm. omucanue Keras layers API™


https://keras.io/api/layers/
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Unchpa 1:0.035 Undppa 2 : 0.042

—— OGyuatowii Ha6op O6yuatoumii HaGop
TecTosbiii HaGop 2

Tectosiii HaGop

3 3
§ 5
g £,
05 0.5
0 — 0
0 20 40 60 80 0 20 40 60 80
Snoxa noxa
(a) mJist TIepBOi U PBI (6) A1t BTOPO# U phI
Lundppa 3 : 0.057 Undppa 4 : 0.140
e OByuatOLYE HAGOD —— O6yuarumii Habop
2 e TeCTOBBIN HAGOP 2 s TeCTOBBIA HAGOP
g 15 g- 15
g . g .
(= =
05 05
0 0
0 20 40 60 80 0 20 40 60 80
3noxa Anoxa
(6) AJisT TPETbel U pPbI (2) [1st 9eTBEPTOM U PHI

Pucynok 12. Ilorepu pacno3nHaBanus 9€TBEPKU TP

4 yycppsi: ROC kpussie MocneaoBaTensHOCTH M3 4 Wudp: ROC Kpusas

o
®

°

3

o
>

True Positive Rate
True Positive Rate

0.4 = Linchpa 1 (AUC = 0.998) 04
Liuchpa 2 (AUC = 0.988)
0.2 Liuchpa 3 (AUC = 0.981) 0.2
LUnchpa 4 (AUC = 0.982) — 4 upchpbl (AUC = 0.989)
0 o
0 02 04 06 08 1 0 02 04 06 08 1
False Positive Rate False Positive Rate
(a) Kaxk 10 1udpol (6) TIOCJIEI0BATEILHOCTH UMD

Pucynok 13. ROC kpuBble pu pacro3HaBaHUU I€TBEPKU UMD

Hawnnyumue 3nadenust meTpuk accuracy, recall m f1°, monygyenubix
B pe3yJIbTaTe MPOBEIEHUsT SKCIIEPUMEHTAIbHBIX UCCICOBAHUN MOJIEIIel,
[IpuBeieHbl B TabsmIe 1.

TAabBmmA 1. 3HaveHUs] OCHOBHBIX METPHUK TOYHOCTHU MOZEJIen

Hudp B Otrpenbaas mudpa | IHocnenosarensuocTs 1udp
nocseoBarensHocT | (accuracy, recall, f1) (accuracy, recall, fllj)
2 (0.996, 0.984, 0.908) (0.988, 0.987, 0.897)
3 (0.989, 0.980, 0.890) (0.980, 0.984, 0.876)
4 (0.977, 0.970, 0.824) (0.912, 0.945, 0.822)

URD

Scm. ormmcanme Keras.Accuracy metrics


https://keras.io/api/metrics/accuracy_metrics/

14 U.B. BUHOKYPOB RUmEEN:

Uccnenosanue momeneit CNN mokaszasio BIIOJIHE 0XKUIAEMBII PE3yIbTaT —
C yBeJIMYEHNEM KOJIMYeCTBa (P B MIOC/IEI0BATEILHOCTH CHUYKAETCS TOYHOCTh
nx pacno3naBanus. Hampumep, ommbOKa pacrmo3HaBaHUsa OTAETbHON MUPPHI
B I[IOCJIEIOBATEILHOCTEN, IPUBEIEHHBIX HA PUCYHKE 36, BCTPEUIAeTCsl JAIle,
YeM B MOCJIEI0BATETHHOCTAX U3 pUCYHKA 3a 1 36. IIpumep ormuboaHOTO
PACIIO3HABAHUS [TOCJIEIOBATEIFHOCTH U3 I€THIPEX MUdP IMOKA3aH HA pUCYHKe 14.

[5.7,0,8] [4,9,6,5] [1,6,3,0] [4,5.2,3] [2,2,6,0] [3,1,4,2]

[8,5.8,2] [5,0,1,3] [4.5,8,9] [2.8,9.2]

[5. 5,7, 9]

|

Pucvyvnok 14. Omwubka npu pacro3HaBaHUU IIOCJIEI0BATEIbHOCTEH U3 YeThIPEX
nchp
OmubKN pacro3HaBaHUs He CHUYKAET 3HAYUMOCTH IOJIyI€HHBIX Pe3yIbTaTOB,
ITOCKOJIbKY OHU BCTPEUYAIOTCS KpaifHe peliko— 1 pa3 Ha HECKOJIBKO JIeCSTKOB
nokyMeHToB. B rekyieit peanusanuu MC IITIK «Pockajiacrp» ommbru
pacrno3HaBaHus MUMPOBBIX MOCIEI0BATEIHFHOCTEH HE 00pabATHIBAIOTCS.

3. Peanunsauus pacnosxasaHuns nocnegosartensHocten undp s NC

Ommcannbie Boime mogean CNN 6butn peasmzoBanst B IC ITIK «Po-
CKaJaCTP», IPEeIHA3HAYEHHON JJIs aBTOMATU3UPOBAHHOIO PACIO3HABAHMS
COJIEPYKUMOTO OTCKAHUPOBAHHBIX JIOKYMEHTOB, B TOM YHCJI€, U ¢ KOODHHATAMA
00bekTOB. Pacrosioxkerne tabiini; BHYTPU JOKYyMEHTa IETEKTUPYIOTCS C UC-
HoJb30BaHueM cetu riry6okoro obyuenns: YOLOvVSs [1]. Hasee BHyTpn Tabmmuiy
BBIABJISIOTC KOHTYPbl ROI 1 mx pasmepbl — j1j1st 9TOH eI UCIIOIb3yeTCst
crannaprHas Gyukius findContours() 6ubimmorekn OpenCV [3]. Hanpumep,
JJIsl KOOPJIMHAT, IPUBEJEHHBIX Ha pucyHKe 1, nmnamnasonsr pazmepos ROI
MIPUBEJIEHBI Ha PUCYHKe 15.

Pas6poc ROI

[ Buicora
D WvpuHa

] ]

i

20 40 60 80 100

Pucynok 15. Juanasonst 3uavenuit Bbicorhbl U mupuibl ROI

Pasmepsr ROI (B 60JbIIMHCTBE CIIy9IaeB 9TO TOJIBKO IMMPUHA) UCIIOJIB3YIOTCS
JIJ1s1 OIIEHKU KOJIMYECTBA IUMP B IMOCJIEIOBATETIHHOCTA C UCIOIb30BAHIEM
MeTozia Kiacrepusamuu k-cpenrnx [27]. Pesyibrarst kinacrepusanun ROI sTum
METOJ/IOM JIJIT KOOP/JMHAT U3 PUCYHKa 1 MOKa3aHbl Ha PUCYHKe 16.


https://www.geeksforgeeks.org/find-and-draw-contours-using-opencv-python/
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Knactepusaums ROl

100
‘ o L .. 4 uncpsl ' e
80 '
S B QS |
L3
Pt b fe.s
- |
0 @ S 1‘@“
25 26

Beicora ROI

Wnpura ROI
P
3
ede

Pucynok 16. Knacrepuzamuss ROI. KpacHbIM MOKa3aHbI IEHTPOUIBI KJIACTEPOB

CobcTBeHHO MpoIece paclo3HaBaHus 3aKaodaeTcs B nepebope Bcex ROI,
COOTHECEHUs UX PA3MEPOB C IEHTPOUIAMH YEeTHIPEX KJIACTEPOB, U BHIOODE
coorsercrBytorieit mogesn CNN, pucynok 17.

O6HapyxeHue ROI
Knactepusauus ROl
1o UX pasmepam

Mepe6op ROI cnesa
Hanpaso 1 CBEPXy
BHU3

Mepe6op ROI 3aBepLUEH?

BbluncneHne
paccTosiHuii paamepoB
ROI go ueHTponaos
4-x KnacTepos

Banxe k 1-my?

Mpumererne CNN
[iNs pacnosHasaHms
1-1 ynchpbl

Mpumerenne CNN
ANA pacnosHasaHus
2-x undpp

MpumerHeHne CNN
[N5 pacnosHaBaHms
3 umcp

MpumeHeHne CNN
[N5 pacnosHaBaHms
4x uncp

Pucynok 17. [unarpamma ocHOBHBIX 3TamnoB paborsr IC mo Bei6opy Momen CNN
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[Ipumep pacnoznaBanus: koopanuar oobekTa B IC TIITK «Pockamacrp»
NIPUBEJIEH Ha PUCYHKe 18.

[ ] Pano3HaBaHWe OTCKaHMPOBaHKbIX M3o6paxkennii
@aiin c nsobpaxeduenm:  [Usersfi.v.vinokurov/Documents/OCR/Coordinates2.png Boibpath...
®ann c Tekctom:  [Usersfi.v.vinokurov/Documents/OCR/PeaynsTatsrtxt Bribpats...
BeiGpaTe dparMeHT nactpaxeHna Tesseract OCR Pacnostasanue CNN HacTpouT...

CNN Ha 13nemeHT =>',"
CNN Ha 1 3nemeHT => '9'

CNN Ha 1 3nemenT == '1' @ © @ Pano3xaBaHWe OTCKaHMPOBAHHBIX H306paxeHnil
Kaopmwiara BaoaaTD 37602762 | 1272642,04
e 37603174 | 121263399
CNN Ha 1 2nemenT :; ‘2! e _.....___376951 39 71‘6
CNN Ha 3 snemenTa == '600" VYMEHBLINTD 376958.91 1272600,88

CNN Ha 13nemeHT =>","
CNN Ha 2 anemeHTa => '88'

OWruHanbHoe naoBpameHue Waobpaxenne Be3 nuHKUI PeayneTaTtbl

PucyHok 18. Peanuzamust pacmo3HaBaHus KOOPIUHAT 00BEKTA C UCITIOJb30BAHIEM
CBEPTOYHBIX HEHPOHHBIX CeTeit

4. [ocTtonHcTBa U HeaOCTaTKM NpeasiaraeMoro noaxoaa

K odeBraHBIM JOCTOMHCTBAM PaCIO3HABAHUS TUMPOBBIX OCIEI0BaA~
TesibHOCTEH ¢ ucnosib3oBanneM CNN, nmpumennresnpao K gokymerTam TTITK
«PockamacTpy, oTHOCATCS OTCyTCTBHE HEOOXOIUMOCTH B MIPEIBAPUTETHHOMN
06paborke n3o6pazkeHuil, Kak 3To ObIIO OTMeUeHO B [24], u gocTaTouHO
BBICOKAasi TOYHOCTDb pacHo3HaBanus. He3HadnrebHOE CHUXKEHWE TOYHOCTH
PACIO3HAHUS BTOPOH, TpeTheil 1 4eTBépToii 1udpsl (cM. pucyHok 56, 86, 112)
obbsicusiercst crpykrypoit CNN, mpuBojisitiieil K HAKOILIEHUIO TOTPEITHOCTH
pacrno3HaBaHUsl MOCJIEIYOMUX IIMP.

K mesocraTky MOKHO OTHECTH HEBEPHYIO B PsIJie CIIy9aeB KJIACTEPHIAIHIO
ROL. IIpuunsnoit sToro sBasgercs ucnosb3oBanne B gokymentax [ITTK «Pocka-
JIaCTP» HEMOHOIMMPUHHBIX mpudToB. HeBepHas KiiacTepus3aliust MpUBOIUT
k Tomy, uto B VIC Beibupaerca momesb CNN, He coorBercTByIomast mudpoBoit
[10CJIEIOBATE/ILHOCTH.

Hampumep, nudposast mocsie1oBaTeIbHOCTh U3 TPEX €MHUIL OKA3bIBACTCS
OJmmke K IEHTPOHUIY KJacTepa JBYX IHMPOBBIX MOCIEIOBATEIHLHOCTE,
g poBast MOCJIEI0BATEIBHOCTD U3 YETHIPEX eIUHUIL OJINKE K IEHTPOUILY
KJIacTepa Tpéx mudPoBRIX MocaenoBaTeabHocTel n .. [logobHbIe cuTyammn
BCTPEYAIOTCsT KPaiHe PEJIKO, TeM He MeHee, UX IOsIBJIEHUE SIBJISIETCS BIIOJIHE
BO3MOKHBIM.
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3akntoyeHue

B pesynbraTe mpoBeIEHHBIX UCC/IEIOBAHNI ObLTH pa3pabOTAHbI MOJIETHI
CNN, nosBosmBIITe A0CTaTOYHO P PEKTUBHO PEIIUATH 3389y PACIO3HABAHUS
[I0CJIeIOBATEJILHOCTEH U3 ABYX, TPEX U 4eThIpéX 1udp. Maremarndeckne u
9KCIIEPUMEHTAJIbHBIE UCCJIEIOBAHUS STUX MO/JIEJIEN TOKA3AIN [IPUEMJIEMY O
TOYHOCTh PACIO3HABAHUS KAK OTJEJIHLHBIX UMD, TAK U UX HEIIPEPHIBHBIX
mocJieI0BaTeIbHOCTE .

Paspaborannsie mogenn 6 ucroab3oBanbl B C TTITK «Pocka-
JACTP» JJIsI PEIIeHnsT JOCTATOYHO 3HAYNMON Ha JAHHBIIT MOMEHT 33,191
mpeobpa30BaHmsI OTCKAHUPOBAHHBIX JOKYMEHTOB B MX TEKCTOBLIE AHAJIOTH.
Tlo npeaBapuTeIbHBIM OIEHKAM, UCIIOJIb30BaHUE IPEJIOKEHHOTO B paboTe
TO/IXO/A PACTIO3HABAHUS MU(MPOBBIX MOCIEI0BATEILHOCTEH € MCIOIH30BAHIEM
CNN, 1103801710 OBBICHTH 3(hHEKTHBHOCTE (CKOPOCTh, KAYECTBO) PACIO3HABA~
HIST KAJACTPOBBIX KOOPANHAT HA OTCKAHMPOBAHHBIX JOKYMEHTAX HEBBICOKOTO
kagecTsa Ha 20%-40% B 3aBUCHMOCTH OT Ka4YeCTBa IOCJICIHUX.
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FIGURE 1. Segmentation of obJect coordinates

Introduction

The process of transition to electronic document management, currently
implemented by many organizations, involves the conversion of electronic
copies of documents into their test analogues. One of such organizations is
the «Roskadastr» PLC. In this organization, the main documents subject to
recognition and translation into text formats (txt, json and others) are images
of tables with cadastral coordinates of objects. Table detection on document
images, as it was shown in [1], is realized quite effectively using YOLO deep
learning networks. Single characters of typewritten text [2] can be recognized
equally effectively using CNNs. However, if the quality of the scanned
document is poor, its segmentation using both standard (e.g., findContours()
of the OpenCV [3] library) and proprietary detection methods can lead to
the detection of regions (ROI, Region Of Interest) containing more than 1
character. In these cases, the approach proposed in [2] cannot be used, so
there is a need to develop a new one that allows to recognize continuous
sequences of several digits in image fragments.

An example of image segments (fragments) containing from 1 to 3
digits is given in Figure 1. Detection of regions containing more than 1
digit, as shown in Figure 15, is explained by the presence of grayscale
colors, which the threshold subsystem of color transformation in the IS [2]
perceives as image elements and, as a consequence, relates them to the
current ROIL.

The solution of this problem, with mass automated conversion of scanned
images into their text analogs, is currently urgent and significant for the
«Roskadastry PLC.

Below, in section 1 the existing approaches to the recognition of se-
quences of digits are given. The section 2 is devoted to the formation and
investigation of CNN models for recognizing sequences of 2, 3, and 4 digits.
Section 3 describes the peculiarities of selecting the generated CNN models
for recognizing documents with cadastral coordinates of objects.


https://www.geeksforgeeks.org/find-and-draw-contours-using-opencv-python/
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1. Analysis of possible approaches to solving the problem

At present, there are quite a large number of works devoted to the
task of recognising alphanumeric sequences. The interest in this problem
is explained by the fact that the results of its solution can be used
in non-trivial computer vision to recognise the contents of electronic copies
of documents, to process forms with survey results, to identify postal codes
and addresses, etc.

Of definite interest from the point of view of finding a possible approach
to solving the problem are the methods of research groups from different
countries for recognising handwritten alphanumeric sequences presented
at the International Conference on Handwriting Recognition (ICFHR) 2014
[4]. All these methods involve a meaningful initial image preprocessing step.
For example, the Beijing method from [4] applies Otsu [5] binarisation to
remove noise from simple images. For complex images, two multilayer [6]
perseptrons followed by Sauvola [7] binarisation is proposed. After image
preprocessing, candidate character templates are generated and then
classified using a polynomial classifier.

In the Shanghai method from [4] digits are segmented based on adaptive
binarisation and connected component analysis. The actual classification is
implemented using a support vector machine (SVM) [8] and self-organising
Kohonen maps (SOM) [9]. The recognition results for each digit of the
sequence are ordered according to their confidence.

The Singapore [4] method implements image preprocessing to extract
sequence feature vectors. The histogram of oriented gradients (HOG) [10]
is used for this purpose. The recognition of digital sequences is realised by
a recurrent neural network (RNN) [11].

The Brazilian [4] method pre-processes the images to detect digital
sequences, for the recognition of which a classifier consisting of a multidi-
mensional recurrent neural network (MDRNN) [12] and a support vector
machine (SVM) [13] is used.

Finally, the Algerian Tébessa I [4] method uses a direct segmenta-

tion strategy based on an oriented sliding window [14]. Recognition is
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performed using Radon transform [15] combined with SVM [8]. Another
similar method, Tébessa II [4], implements the same steps as above, but
with multiple sliding window orientation angles.

In [16], an algorithm is proposed that trains k-breaking autoencoders
and uses them as pre-trained hidden layer CNNs. A sliding window
technique is applied to achieve high recognition rates.

A combination of the ResNet model [17] with bidirectional short-term
memory layers is proposed in [18]. The high performance of the ResNet
model for feature extraction from images led to a significant improvement
in digital sequence recognition, especially when dealing with long string
labelling.

A CNN for handwritten string labelling is presented in [19], which uses
a pool of spatial pyramids to handle sequences of arbitrary string length.
Segmentation of digits in string sequences is not used in this work.

An interesting model for the task of labelling alphanumeric sequences
is given in [20]. The model is based on the CRNN architecture— CNN
without the drawbacks of RNN. This model slightly improved the results
from [19], which used bidirectional recurrent blocks in combination with
the ResNet model.

In [21], a system is developed in which a character-level target detector
is used to recognise digits in low-resolution images. The target detector is
based on the symbol contour coordinates.

Most of the above works used a combination of non-trivial methods
of image preprocessing followed by the application of neural network
classifiers. However, at present, significant progress in the field of neural
networks has led to a number of works in which only neural networks
of one or another type are used to recognise alphanumeric sequences.
The preprocessing stage is either absent or extremely insignificant. For
example, in [22], a model based on the deep learning neural network
(DNN) YOLO [23] is proposed to detect and recognise alphanumeric
sequence elements. In this work, image preprocessing and segmentation are
completely eliminated, and in addition, YOLO performs well in recognising
long sequences.
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FIGURE 2. Number of ROIs in a sample of 2000 scanned documents

Besides YOLO, CNNs can also be used to recognise sequences
of typewritten and handwritten digits, isolated or contacted, for example as
done in [24]. In this work, it is shown that digit sequence recognition can be
efficiently implemented without significant image preprocessing. Critical to
this approach is the unnoised (sharpness) of the image.

Another example of effective use of CNNs for low-resolution handwritten
digit string recognition is given in [25]. The accuracy improvement
of the CNN is realised by adding 2 output branches for classification and
regression on bounding character contours. In order to further improve the

accuracy, uncategorised suppression and fine minipacket tuning are used.

Based on the current trend of alphanumeric sequence recognition, the
use of CNNs with minor image preprocessing appears to be quite effective.
In this work, exactly such an approach was chosen for recognising numeric

sequences from «Roskadastr» PLC documents.

2. Formation and exploration of CNN models

As the analysis of the results of segmentation of a random sample
of 2000 documents of the «Roskadastr» PLC has shown, sequences of 5 and
more digits are extremely rare, Figure 2. Exceptions are highly noisy
documents or documents with unacceptable scanning quality. For such
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Ficure 3. Examples of generated image sequences of 2, 3 and 4 digits. The
class labels are shown at the top

documents, manual content parsing is usually used. As a consequence, it

was decided to recognise sequences consisting of no more than 4 digits.

2.1. Generating datasets for training and testing models

At the initial stage of datasets generation for training and testing
of CNN models, the approach proposed in [2] to form images of digits
from 0 to 9 by the main fonts of cadastral documents was used. Then,
depending on the number of digits in the sequence, their random selection,
augmentation, varying the slope angle as necessary and scaling and merging

the images into one, Figure 3.

In experimental studies, for sequences of 2, 3, and 4 digits, 1500, 2000
and 3000 images were generated, respectively, guaranteeing that all possible
digit combinations were enumerated. About 70% of these images were used
for training the CNN and 30% were used for validation and testing. The
number of digit images (classes) in each of the digit sequences is the same;

as a consequence, the training and testing datasets are balanced.
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Ficure 4. CNN models for recognising sequences of 2, 3 and 4 digits

2.2. Shaping the CNN models

Experimental researches using the Python language and the Keras [26]
library have shown that CNN models that provide acceptable digital
sequence recognition accuracies should be sequential and have 32 filters in 2
convolutional Conv2D" layers with a kernel size of 3 x 3, while the sample
size in 2 sampling layers with the MaxPooling2D! type should be 2 x 2.

All models were compiled with the following parameters: loss function —
categorical _ crossentropy’, optimiser — adam®, and basic metric— accuracy’,
which gives an acceptable accuracy estimate for balanced datasets.

All CNN models have the same convolution and discretisation layers
and differ only in the output full-link Dense' layers, the number of which
is determined by the number of digits recognised by the CNN model,
Figure 4. Each of these layers returns the probability that a digit belongs

to one of 10 classes.

see the description Keras layers API*
Zsee the description Keras.Losses™

3see the description Keras.Optimizers
“see the description https://keras.io/api/metrics/accuracy _metrics/"
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2.2.1. CNN models research

The results of the CNN models from Figure 4 at 100 (optimal) training

epochs in the form of accuracy plots, loss functions and ROC curves for

recognising sequences of 2 digits are shown in Figures 5, 6, 7.
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For the recognition of sequences of 3 digits the results are shown
in Figures 8, 9, 10.
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F1GURE 11. Recognition accuracy of 4 digits

The results of recognising sequences of 4 digits are shown in Figures 11,
12 and 13. Here and below the text above the graphs, the value of the
investigated parameter at the last CNN training epoch is given.

The number of training epochs is determined experimentally and allows
us to fine-tune the CNN models to recognise all possible combinations
of digits generated at the stage of their augmentation. In order to eliminate
possible overtraining, a Dropout® layer was added to each of the models.

Ssee the description Keras layers API*
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TaABLE 1. Values of the main metrics of model accuracy

Digits in
sequences

An individual digit
(accuracy, recall, f1

A sequence of digits
(accuracy, recall, f1)

2

(0.996, 0.984, 0.908

(0.988, 0.987, 0.897)

3

(0.989, 0.980, 0.890

(0.980, 0.984, 0.876)

4

(0.977, 0.970, 0.824

(0.912, 0.945, 0.822)

The best values of the accuracy, recall and f1° metrics obtained from
the experimental studies of the models are summarised in Table 1.

Ssee the description https://keras.io/api/metrics/accuracy _metrics/"
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[5,7,0,8] [4,9,6,5] [1.6.3,0] [4.5.2,3] [2,2,6,0] [3.1,4,2]

[8,5.8.2] [5,0,1,3] [4,5,8,9] [2.8,9,.2] [4.1,8,6] [5,5,7, 9]

(]
adl 9.9

Ficure 14. Error in recognising 4-digit sequences
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The study of CNN models has shown the expected result — as
the number of digits in the sequence increases, the accuracy of their
recognition decreases. For example, the recognition error of a single
digit in the sequences shown in Figure 3¢ is more common than the
sequences in Figure 3a and autoreffig:inputs3. An example of erroneous
recognition of a sequence of 4 digits is shown in Figure 14. Recognition errors
do not reduce the significance of the obtained results, as they occur
extremely rarely — 1 time per several dozens of documents. In the
current implementation of the «Roskadastr» PLC IS digital sequence
recognition errors are not processed.

3. Realisation of digit sequence recognition in IS

The CNN models described above have been implemented in the
«Roskadastry PLC IS designed for automated recognition of the contents
of scanned documents, including those with object coordinates. The
location of tables inside the document are detected using YOLOv5s deep
learning network [1]. Next, ROI contours and their sizes are detected
within the tables — the standard function findContours() of the OpenCV
[3] library is used for this purpose. For example, for the coordinates shown
in Figure 1, the ranges of ROI sizes are given in Figure 15.

The dimensions of the ROI (in most cases only the width) are used
to estimate the number of digits in the sequence using the K-means
clustering method [27]. The results of ROI clustering by this method for
the coordinates from Figure 1 are shown in Figure 16.

The actual recognition process consists of enumerating all ROIs,


https://www.geeksforgeeks.org/find-and-draw-contours-using-opencv-python/
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Ficure 17. Diagram of the main stages of the IS’s work on CNN model

selection

correlating their sizes with the centroids of the 4 clusters, and selecting the
corresponding CNN model, Figure 17.
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[ ] Par OTCKaHHP X M306p: i
Mann c m3obpaxedvem:  [Usersfi.v.vinokurov/Documents/OCR/Coordinates2.png Boibpats...
Maiin c Tekctom:  [Usersfi.v.vinokurov/Documents/OCR/PeaynsTaTsl.txt BuibpaTs...
BeibpaTte parMeHT naochpaxeHus Tesseract OCR VPacnoaHaBaVHug CNN HacTtpouTe...

CNN Ha 1 anemeHT => "'
CNN Ha 1 2nemeHT => '9"

CNN Ha 1 snemeHT => '1' [ ] @ PanosHasaHWe OTCKaHMPOBaHHbIX M306paXxeHni

Koopaata _ e 376027.62 | 1272642,04
N 2 apnaies Fregaljs | 12726339
CNN Ha 1 anemeHT => '2' L IEE m.;ﬁ.%’__ 71'56
CNN Ha 3 anemenTa => '600' YMEHBIWNTh 376958.91 1272600,88

CNN Ha 1 snemeHT => '
CNN Ha 2 anemenTa => '88'

QOuruHancHoe uaobpamenue WaoBpaxetune Bea nuHui Peaynetatsl

Ficure 18. Implementation of object coordinates recognition using CNN
models

An example of recognizing the coordinates of an object in the
«Roskadastr» PLC IS is shown in Figure 18.

4. Advantages and disadvantages of the proposed approach

The obvious advantages of recognition of digital sequences using
CNN, as applied to the documents of the «Roskadastry PLC, include the
absence of the need for preliminary image processing, as it was noted
in [24], and rather high recognition accuracy. A slight decrease in the
recognition accuracy of the 2nd, 3rd and 4th digits (see Figures 5b, 8¢,
11d) can be explained by the structure of the CNN, which leads to the
accumulation of the recognition error of subsequent digits.

A drawback is that ROI clustering is incorrect in some cases. The
reason for this is the use of non-monospaced fonts in «Roskadastry PLC
documents. Incorrect clustering leads to the fact that the IS selects a CNN
model that does not correspond to the numeric sequence.

For example, a numerical sequence of 3 units turns out to be closer to
the centroid of a cluster of 2 numerical sequences, a numerical sequence
of 4 units is closer to the centroid of a cluster of 3 numerical sequences, etc.
Such situations are extremely rare, nevertheless, their occurrence is quite
possible.
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Conclusion

As a result of this research, CNN models were developed that allowed
us to solve the problem of recognising sequences of 2, 3 and 4 digits quite
effectively. Mathematical and experimental studies of these models have
shown acceptable accuracy of recognition of both individual digits and their
continuous sequences.

The developed models were used in the «Roskadastr» PLC IS to solve
a rather significant at the moment task of converting scanned documents
into their text analogues. According to preliminary estimates, the use
of the proposed approach of digital sequence recognition using CNN
allowed to increase the efficiency (speed, quality) of cadastral coordinates
recognition on scanned documents of low quality by 20%—40% depending
on the quality of the latter.
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