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AnHoTauus. IlokaszaHa akTyaJbHOCTDH BBISBJIEHUS TAOJIMIHON nHMOPMAINN 1
pacIo3HaABaHUS €€ COIEPZKUMOTO s 0OpabOTKIM OTCKAHWPOBAHHBIX JTOKYMEHTOB.
Omnucano dpopmupoBanue HabOpa JAHHBIX JJIs OOYYEHUsI, BAJIUIAIMNA U TECTHPOBAHUS
Heiponnoii cetn rimy6okoro obydenns (DNN) YOLOv5s mia oGHapyzKeHus mpo-
creiX Tabsmi. OrMmedeHa 3hPEKTUBHOCTD UCIIOb30Banust 3Toit DNN mpu pabore
¢ oTcKaHUpOBaHHBIME JoKyMeHTamu. C ucnons3oBanneM Keras Functional API
cdopmuposana céprounas HeiiponHas cerb (CNN) miisi pacno3HaBaHWsl OCHOBHBIX
3JIEMEHTOB TaOJIMIHON UHAOPMAIUY — UMD, OCHOBHBIX 3HAKOB IPEITUHAHUS U
O0ykB kupusnnsl. [IpuBesensr pesyinbraTsl ncciaeqoBannst paborst sroit CNN.
Omnucana peaju3aniusi BbIsIBJIEHUS U PACIO3HABaHUSA TaOJIUIHON MHOpMAIUN
Ha OTCKaHWPOBAHHLIX JOKyMeHTax B paspaborannoit VIC akryannsamum nrdopManun
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4 1. B. BUHOKYPOB RUmEN;
Beepenne

Peanuzyembrit B HacTosIee BpeMsi mporiece mudpoBoit TpamncdopMaIimmn
Ou3HEC-MOJIe el Pa3JINYHOIO BHJIa OPraHU3aIUil IPEJIIoJIaraeT B TOM YUC/Ie U UX
nepexoj], Ha 3JIeKTPOHHbIe HocuTe i uHpopmarmu. ClIeJCTBUEM STOTrO sIBJISETCSI
HEOOXOMUMOCTH PACIO3HABAHUS COJIEPZKUMOI0 JJIEKTPOHHBIX JIOKYMEHTOB
C TIEJIBIO TTOCTIEAYIONIel 00paboTKy nxX comep:kumMoro. B ciaydae apdekTuBHOTO
PACIIO3HABAHUS COJIEPXKUMOTO IJIEKTPOHHOTO JOKYMEHTA €r0 aBTOMATHYEeCKas
(B psiJie cIyUaeB aBTOMATH3UPOBaHHAs) 06pabOTKa CYIIECTBEHHO MOBBIINIAET
CKOPOCTD, U B psiJie CJIydIaeB, KauecTBO 3TOro mporecca. OTciofia perienne 3a,/1a4m
pacrio3HaBaHus WH(MOPMAITNH HA OTCKAHNPOBAHHBIX KOMUSX JTOKYMEHTOB,
SIBJIATONIENCS TEPBBIM 3TAIIOM IIPe00pa30BaHus OYMaXKHOTO TOKYMEHTa B €ro
3JIEKTPOHHBII aHAJIOT, IIPEJICTABJIAET OIPEJIeJIEHHBII TPAKTUYEeCKUN 1 HayYHbII
UHTEpeC.

OHIM U3 BO3MOXKHBIX IIOJIXO/IOB K PEIIEHUIO ITO 3aa9d C MPUEeMJIEMOIT
TOYHOCTBHIO, HAPSIY C TPAAUIINOHHBIMUA METOJIAMMU, SIBJISIETCA UCIIOIHL30BAHUE
CNN. B [1] onncansr o6Imue IPUHIMIBI PACIO3HABAHUS OTCKAHUPOBAHHOTO
n300paxkenus ¢ ucroJsibzoBanrneM CNN, 00y4yeHHOI Ha XapaKTEPHOM JIJIst
COJIEP2KMMOI0 TEKCTOBBIX JOKYMEHTOB Habope JaHHBIX. OIHAKO JOCTATOIHO
JacTo Hambosiee BaxkHasi HHMOPMAINS B JOKYMEHTE IPECTABISIeTCS B Tab/Imd-
HOM Bujie. BoisiBiieHne TOJIBKO TAOJIUIIBI M PACIO3HABAHUE €€ COIEPAKIMOrO
IIO3BOJIUT J1JIsI ITOJJ0OHOI0 BHIA JIOKYMEHTOB IIOBBICUTH CKOPOCTh PACIO3HABAHUS
HEODXOMMON JIJIsT [oC/Ieyomeil 06paboTKu HHPOPMAIIUN 1, KAK CJIEJCTBHE,
3P PEKTUBHOCTDH STOTO MPOIECCA.

ITensro mannoii paboTsl spisiercs pa3dpaborka VC, peanuzyroreit
JIOKQJIN3AIMIO TabJINIBI HA OTCKAHNPOBAHHOM JIOKYMEHTE U PACIO3HABaHUE €€
cojiep:kuMoro. B 3roit pabore ocyIecTBiisieTcss OOHAPYKEHIE B OTCKAHUPOBAH-
HBIX JOKYMEHTaX IIPOCTBIX TUIIOB TaOJINI], XapaKTEPHBIX Jjist OOJILIIIMHCTBA,
JIOKYMEHTOB U COJIEPKAIINX TOJBKO TEKCTOBYIO WJIA YHCJIOBYIO MHMOPMAIILIO.
Orpanundenue Turma TabJMAIBI 1 OCODEHHOCTH cojiepzKalieiicss B Helt nudop-
MaIuu JIa6T OCHOBaHMe CpOPMUPOBATH CBOIT COOCTBEHHBIN HADOP JAHHBIX
JIJ1si 00ydeHus U BhIOpaTh Ji00yIo u3 m3BecTHbIX Mojeaeir DNN wan CNN,
JIEeMOHCTPUPYIOIIUX [TPUEMJIEMBIE PE3YJIbTATHI JeTeKTUPOBAHUS PASJIAIHOIO
tuna 00bekToB. [locse BbIsABICHNST PACIOIOKEHNST TAOJIUIBL B JOKYMEHTE, JIJIst
pacIo3HaBaHUSA €€ COMEPAKIMOTO IPEJJIAraeTCs UCIOJIb30BATH HEDOJIBIILYIO
MOIUbUKAIMIO U3TI0KEHHOTO B [1] MeTosa.

[Tosryuennsie B pabore pe3yibrarhl mocjenoBaTeibHoro npumenernst DNN
IS leTeKTupoBanus Tabsmi u pa3zpadorannoit CNN wHammm npakTudeckoe
MIpUMEHEHNe /I akTyaau3anun 6a3el qanabix cucrembl EI'PH Pocpeectpa,
[IEPEXO/IAINEr0 B HACTOAIIEe BpEMs Ha JIEKTPOHHBIE HOCUTENN MHMOPMAIIH.
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1. Jlokanusauyus Tabnnybl Ha N3odpa>keHnn

CymecTByIomye Ha JAHHBIN MOMEHT BPEMEHU METObI JIOKAJTU3AIINN
TabIUIBI Ha M300PaYKEHNN MOYKHO PA3/eIUTh HA TPAIUIMOHHBIE METOIBI,
peanuzytoniue 06pabOTKy n300parKeHnit 1 COBPEMEHHBIE METObI, B OCHOBE
KOTOPBIX JIEZKUT UCTIO/Ib30BAHNE HEHPOHHBIX CETel C ADXUTEKTYPAMU PASTMIHBIX
TUIIOB.

TpauiuoHHbIe METO/IBI JIOKATU3ANUN TabJIII] OCHOBAHBI HA CHEIN(DUTHOM
CTPYKTYPHUPOBaHNH WH(OPMAIUN U IIPUCYTCTBUSA, B OOJIBINTUHCTBE CJIyUIAEB,
TOPU30HTAJIBHBIX U BEPTUKAJIBHBIX JINHUI, NX MIPU3HAKOB U HAJUIUS PASTHIHBIX
kpurepues Gimzocru u nogobus. Tak B padorax [2] u [3] 6buin npemiozkeHbt
MEeTO/BI HAXOXK/IEHUS TaOIUIHON MHMOPMAINHA MEXKTY KJIIOYEBBIMU CJIOBAME
WM UX KOMOMHAIIMSMA B HAYaJe U KOHIE TAOJIUIBI U B ODJACTAX IIE€PeCcedeHnst
€€ TOPU3OHTAJILHBIX ¥ BEPTUKAJBHBIX JUHUN coOoTBeTCcTBeHHO. Hemocrarku
[O/IX0JI0B OYEBH/IHBI — OTCYTCTBUE KJIIOUEBBIX CJIOB U JHMHUIL (rpaHuir) Tabiuib
MIPUBOJUT K HEBO3MOXKHOCTHU WX KpaitHeil HeapHEeKTUBHOCTU UCIOIH30BAHUS
9TUX METOJIOB.

B ocHoBe mpyroro nogxoma [4] JexKuT MeTo OnpeeseHust JJIMHBL CTPOK 1
cTosibroB Tabautel. [loce BhIABICHNST HAa N300paKEHUN JTOKYMEHTa BCEX
TOPU30HTAJIHHBIX U BEPTUKAJBHBIX JIMHUN 110 UX JJIMHE, JJIS KaXKJIOW U3 HUX
dopmupyercst HabOp U3 MPU3HAKOB HU3KOTO YPOBHS, KOTOPHIE TIEPEIAIOTCST
B MallMHy OnopHbIX BeKTopoB (SVM), peanusyromeil qerekrupoBanue Tabiuibl.
B ciyuae orcyrcrBus ununit meron He paboTaer.

Eme omua Meros [5] mpeamonaraer peaan3oBaTh JOKAIU3AIUIO U U3BJIETe-
HIEe o0JTacTe TabUIbI U3 N300PAXKEHUST JTOKYMEHTa MCXO/Is JTOKAJIbHBIX
ITOPOTOB JIJIsl MEXKCJIOBHOTO MHTEPBAJIA M BBICOTHI CTPOKU. OCHOBHBIM OTpDAHU-
YEeHUEM ITOTO METOJIa ABJSIETCA TO, IYTO OH OOHAPYKUBAET 0OJIACTH TADJIUITHI
BMECTE C OKPYKAIONMMHI TeKCTOBBIME 0bacTsivMu. CiieioBaTebHO, ero HeJb3s
HCIOJIB30BATH TOJIBKO JIJIsI JIOKAJTU3AINN TaOIUIHON HHMOPMAIIWH.

K TpagununoHHBIM METOIAM MOYKHO OTHECTH M METO/JI JI€TEKTUPOBaHUSI
B JIOKYMeHTe TabJINuHbIX CTPYKTYD [6] HAa OCHOBe KOHTYypa CJIydailHO BHIODaAH-
HOro cJjioBa. MeToJ npe/rosiaraer, 9To aHaJoru4YHble 110 (POpMe KOHTYPHI,
BbIZABJICHHBIE 11O T'OPU3OHTAJIM U II0 BEPTUKaJIN U OIIpeaeJIAroT Ta6J'II/IL[y.
Hanuaume mycThIX CTPOK B TAOJIUIE MOXKET MIPUBECTH K HEIDPEKTUBHOCTH U
JIazKe HEBO3MOXKHOCTHU OOHAPYXKEHUs BCel TabIUIHON WHMOPMAIINT.

Boabmyro sddexTuBHOCTD JIoKam3auu TabIuI Ha SJIEKTPOHHOM J10-
KYMEHTE peajim3yIoT MeTobl, B ocHOBe KOTOphIX jexkarT CNN man DNN.
B rakux meromax HeT $IBHOIl IPUBSI3KM K CTPYKTypPe TaOJIMIBI U OTCYTCTBYeT
HEOOXOJIMMOCTh B IIPeIBAPUTE/IBHOI TTOAroToBKe JoKyMeHTa. OHako obydueHne
TaKUX Mojiejieil Tpedyer OOJIBIIIONO KOJIMYECTBa U300paskeHuil JOKYMEHTOB,
COJIEPKAIINX TAOJIUIIBI — B 3TOM U 3aKJIFOYAETCsI OCHOBHASI CJIOXKHOCTH TUX
MeTo10B. CyllecTByeT HECKOJIBKO HADOPOB JIAHHBIX, KOTOPbIE MOT'YT OBITH
UCITOJIb30BaHBI JIJIsT 00yUeHus Mojiesieit JerekTupoBanus tabdaui— TableBlank
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[7], Marmot [8], ICDAR [9], UNLV|10|, ICDAR 2019 ¢TDaR [11] u gpyrux.
OHAKO JJOCTATOYHO YaCTO BOSHUKAET HEOOXOAUMOCTH (POPMUPOBAHUS U
COOCTBEHHBIX HAOOPOB JIAHHBIX, YTO SIBJISETCS COBCEM He TPUBHAJBHON 3a1adeil.

Haubosee abdberTuBHBIME MOIEIIMEI TIIyOOKOTO OOyUIEHNUS B HACTOSIIEE
spems cuntatores Fast RCNN u Faster RCNN [12], YOLO [13]. Oco6enrocTsivu
pabotsl Fast RCNN u Faster RCNN apastiorcst HaxoxKaeHne MOTeHINaTbHBIX
00'bEKTOB Ha M300parKeHNN U pa3dbueHne UX Ha, PErHOHBI C IOMOIIBI0 MeTOJIa
CEJIEKTUBHOI'O [TOVCKA, N3BJIEYCHNE TPU3HAKOB KaXKJIOT0 IIOJIYIEHHOTO PErHOHA
¢ momoripio CNN, mociie ryromas KiaccuuKamusi METOJOM OIMOPHBIX BEKTOPOB
¥ YTOYHEHUEe TPAHUI] PECHOHOB C ITOMOIIBIO JIMHEHHOW perpeccuu.

ITepBoit jyist obHapyKeHus Tabaul B 1oKyMenTe [14] 6buia ucnosnb3oBana
mozesib Faster RCNN. Oxsako B HacTosiee BpeMsl JIMJIEPOM II0 JETEKTHPOBa-
HUIO 00beKTOB sBJisiercss Mozeab Y OLO. Drta mojesp peain3yer MeHbIee
KOJIM4IecTBO JeiicTBuii o cpaBuenuio ¢ Faster RCNN u peasnusyer monck
OTPAHUYUBAIONIAX 00HEKTHI PAMOK U BEPOSITHOCTh UX TMPUHAIJIEKHOCTA TOMY
WJIN UHOMY KJIACCY M300parKeHuii.

CymectByer HecKOJIbKO Bepeuit aToit DNN; jj1st perenusi mpakTHIeCKuX
3a/1a4 B HACTOsINEE BPEeMs UCHOJIB3YIOTC Bepeun vh, v6 u v7 [15], npeasapu-
TesbHO 0byuenusle Ha HaGope panubix COCO (Common Objects in COntext)"™.
Bpewmsi oOydenusi, paboTel 1 Takme mmapaMeTpbl Mojean Kak Precission,
Recall u AP [16] nossimarorcst oT v5 K v7, CJIe0BATEIbHO, (DOPMATBLHO
BEpCHUIO V7 MOXKHO cauTaTh 60siee adderTuproit. OMHAKO HA MPAKTHUKE
3¢ dEKTUBHOCTD TOI WJIM MHOM BEPCUM MOJIEJIN OIPeIEesIsieTCsl OCOOEHHOCTSIMU
eé ncrob3oBanusa u o0yueHusa. [IocKOIbKY 0COOBIX TPEOOBAHII K CKOPOCTH U
TOYHOCTH JIeTEKTHPOBAHUs TabJIuI[ HeT, a Bepcusi v5 [17] nokaspiBaeT BIIOJIHE
[IPUEMJIEMBIH PE3YJIbTAT B COYCTAHUU C HU3KUM MOTPEOJEHHEM PECYPCOB U IIPU
9TOM MMeeT Pa3BUTHIE CPEMCTBA cOOpa MHGMOPMAIUU O Iporecce O0yJIeHnsT 1
MeTpHKaX Ha KayKJIO 21oXe, JJIS PeAU3aliu 330891 JIOKAJIU3AINN TabJIUIbI
Ha, JIEKTPOHHOM JOKYMEeHTe Obljla BBIOpaHa MMEHHO 3Ta Bepcusi. [Ipumepnt
sadexrusroro ncnospzosanus DNN YOLO, obyuennbix Ha HAOOpE JTAHHDBIX
ICDAR [11] gyig merekTupoBanus Tab/IMI B 3JEKTPOHHBIX KONMIX JOKYMEHTAX
npuseseHsl B [18,19].

IIpu uzBecTHO# opranm3amum >toit DNN, eanmcTBennOE, 9TO HEOOXOINMO
cries1aTh— 310 c(hOPMUPOBATH HAOOPHI JAHHBIX JIJIs €6 000y YeH s, BaJIU AN 1
tectupoBanus. PopMupoBaHue JOMOJTHATETHFHOTO 00y IAIONEro Habopa JAHHBIX
OCYIIECTBJISIACH HA HECKOJbKUX COTHsX (mopsiaka 400) 0TCKaHMPOBAHHBIX
JOKyMeHTOB PocpeecTpa ¢ mpoCTbIMU TaOIUIIAME, COMEPIKAITUMI HEOOIBITIO
MOSICHSAIOIIUIT TEKCT B 3aroJIOBKaX TalJIMIBI U YHCJIOBYIO WHMOPMAIUIO
B BHUJIE COBOKYITHOCTU KOOPJUHAT O0HEKTOB KAIUTAJIBHOIO CTPOUTEIHCTBA UJIH
3eMeJIbHBIX YIaCTKOB. [[JIsi KaxK10ro u3 3TuX MOKYMEHTOB C MCIIOJIb30BAHUEM
1O ¢ OTKPBITLIM HCXOAHLIM KoaoM labellmg™ 6B chOPMIPOBAHLI TEKCTOBEIE
daitipl ¢ MeTKaMu TabJIII— UX HOPMAJIM30BAHHBIME KOOD/IMHATAMU BHYTPU


https://cocodataset.org
https://github.com/heartexlabs/labelImg
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nmokyMmenTa. O0ydeHne ceTn ocyImnecTBIanoch Ha 70% oT 00mmero KoamaecTsa
nzobpaskenuil, pamuganus Ha 20% u Tecrupopanue Ha 10%. Kak nokaszasu
pe3y/IbTaThl MPOBEIEHHBIX YKCIIEPUMEHTAJBHBIX uccjieqoBannii, 30 smox
00y YeHUsI TO3BOJIMIIN MOy IUTh BIIOJIHE TPUEMJIEMBIIl PE3YJILTAT M0 OCHOBHBIM
mapamerpam paborel DNN u eé 06061maonux cnocobHocTe, pucyHok 1.

train/box_loss train/obj_loss train/cls_loss metrics/precision metrics/recall
0.08 0.035 results 4 04
0.8 0.8
0.07 0.030 0.02
0.06 : 0.7
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0.05
0.025
0.0 -0.02 0.6
: 0.6
0.03 0.020 -0.04 0.5
0 20 0 20 0 20 0 20 0 20
val/box_loss val/obj_loss val/cls_loss metrics/mAP_0.5 metrics/mAP_0.5:0.95
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0.045 0.0150 0.00 esessensessssssosssssessesssse 0.7 0.4
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PucyHok 1. I'padburu dyuknuit morepb, precision, recall u
mAP 0.5:0.95 npu 30 snoxax oby4uerust DNN YOLOv5s

Ha Banupanuonnoii Berbopke npu 30 smoxax o0y4ueHust ObLIN 10Ty YeHbI
cremyiomue pesynbrarsl: Precision = 0.871, Recall = 0.828, mAP_ 0.5 = 0.592.
Sasucumoctb Precision-Recall npusenena Ha pucyske 2.
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0.0 T T T T
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PucvynHok 2. Precision-Recall npu 30 snoxax obydenuss DNN
YOLOvV5s
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Hoobyuennas na csoém uHabope jmanabix DNN YOLOvSs npomemorcTpupo-
BaJ1a XOPOIIHi Pe3yJIbTaT OOHAPYKEHUsT TabJINI, HA SJIEKTPOHHBIX KOIHX
JIOKyMEHTaX XOpoIiero kadectsa— nopsaka 98-99%. Ipumep pesynbraTa
paboThHI CeTH IPUBEJIEH HA PUCYHKE 3.

Table 0.78

ne3sa i U OB~ P OTT/ A

KagacTpoBbii kBapTan XX:XX:XX:XX | MameHeHue Ne
CBeaeHMA 0 BHOBb 06pa3oBaHHbIX M NpeKpaLialowmx cylecTsoBaHue y3noBbIx
1 NOBOPOTHbIX TOYKaX rpaHuLy

YcnosHoe KoopawnHaTbl f,m OnucaHune Kapactposas
o6o3Hau. 3akpenneHuns 3anuch
TOYKU X Y TOYKU
1H 5976781.18 | 2226562.32 | 7.5 Mo ectectaeHHLIM pyGexam
2H 5976907.56 | 2226513.13 | 7.5 Mo ecTecTeeHHLIM pyGexam

3H 5976997.66 | 2226537.35 | 7.5 Mo ecTecTeeHHLIM pyGexam
4H 5877213.76 | 2226611.14 | 7.5 Mo ecrecteexHLM pyOexam

5H 5977406.32 | 2226628.65 | 7.5 Mo ectectaeHHLIM pyGexam
6H 5977596.63 | 2226652.87 | 7.5 Mo ecTecTeeHHIM pybexam
H 5977823.31 | 2226759.99 | 7.5 Mo ectectaenHLIM pyGexam

8H 5977829.71 | 2226853.41 | 7.5 Mo ecTecTeeHHLIM pyGexam
9H 5977903.99 | 2226976.25 | 7.5 Mo ecrectaesHeM pySeam
10H 5977956.51 | 2227056.59 | 7.5 Mo ecrecteerHLM pyCeam

PucyHok 3. Pesymabrar obunapyxenust tabauist ¢ momorsio DNN
YOLOv5s

2. Pacno3HnaBaHue Tabnn4yHoi uicdopmauyun

B [1] upuseznens obmue npunnuns: hbopmuposarus CNN s peanusanuu
MHOTOKJIACCOBOH KJIACCUMDUKAIINN JIEMEHTOB TEKCTa HA OTCKAHUPOBAHHDBIX
M300pakeHNAX IJIOXOT0 KadecTBa. IIpomomkaronimecs B HACTOSAIIEE WC-
ciepoBanus 31oit CNN u Habopa JaHHBIX Jijisd €€ 00ydeHUsT ITO3BOJININ
ClIeTIATh CJIEYIOMNI BBIBOJ — YJIyUIlI€HIe PE3YIIbTATOB KJIACCH(UKAINNA MOXKET
OBITH JJOCTUTHYTO B OOJIBINEN CTEIIEHN 3a CUET MapaJsjIeIbHOTO BBISBJICHUS
YCTOWYMBBIX [IPU3HAKOB U WX IOCJIE/YIOIEro CyMMUPOBanus. VHbIMU cioBaMu,
yesoxuaenne nocenosarenaboi mogemn CNN u3 [1] maér xyamue pesyabTarsr
0 CPaBHEHUIO C eé (bYyHKIIMOHAIBHONW MOJIEeNbIo, peajm3yemoit Keras Functional
API*,

st pacro3HaBanus TAOIMIHON MHMOPMAINH [TPEJJIATA€TCS CTPYKTYPa
CNN, nmeromast iBa HaYaIbHBIX KOHTYpa. [lepBblit KOHTYp cOCTOUT U3 2-X
cBéprounbix cioes (Conv2D™) u 0HOIO CJI0si MAKCUMU3UPYIONIEro IIyJLIMHTA
(MaxPooling2D"™). Bropoii — u3 oxnoro cséprounoro cios (Conv2D) un
onHoro cytost Makcumusupytomero ny/umara (MaxPooling2D). Bee ocrasbrbie
ciion CNN nosropsitor cion u3 [1]— omun ceéprounstii cioit (Conv2D) mus
BBISIBJIEHUsI TIPU3HAKOB U3 PE3yJIbTATOB CyMMHUPOBaHUsS PAOOTHI 2-X BXOHBIX
KOHTYPOB, OQUH JIMHCAPU3UPYIOUHA CI0K (F latten“*“) U IBa IOJIHOCBA3HBIX
ciost (Dense™). Crpykrypa CNN npusejena Ha pucyHke 4.


https://keras.io/guides/functional_api
https://keras.io/guides/functional_api
https://keras.io/api/layers/convolution_layers/convolution2d
https://keras.io/api/layers/pooling_layers/max_pooling2d
https://keras.io/api/layers/reshaping_layers/flatten
https://keras.io/api/layers/core_layers/dense

\RUmENE PACIO3HABAHHUE TABJIMYHON MH®OPMALIMU C HUCIIOJIb3OBAHUEM HENPOHHBIX CETEM 9

img input: | [(None, 25, 20, 3)]
InputLayer | output: | [(None, 25, 20, 3)]

o

conv2d_19 | input: | (None, 25, 20, 3) conv2d_18 | input: | (None, 25, 20, 3)
Conv2D output: [ (None, 25, 20, 64) Conv2D output: | (None, 25, 20, 32)

!

max_pooling2d_16 | input: | (None, 25, 20, 64)
MaxPooling2D output: | (None, 12, 10, 64)

' ,

conv2d_20 | input: | (None, 12, 10, 64) max_pooling2d_15 | input: | (None, 25, 20, 32)
Conv2D | output: | (None, 12, 10, 32) MaxPooling2D output: | (None, 12, 10, 32)

~,

add_3 | input: | [(None, 12, 10, 32), (None, 12, 10, 32)]
Add | output: (None, 12, 10, 32)

)

conv2d_21 | input: | (None, 12, 10, 32)
Conv2D output: | (None, 12, 10, 16)

max_pooling2d_17 | input: | (None, 12, 10, 16)
MaxPooling2D output: | (None, 6, 5, 16)

)

flatten_6 | input: | (None, 6, 5, 16)
Flatten | output: (None, 480)

)

dense_9 | input: | (None, 480)
Dense | output: | (None, 42)

PucyHok 4. Crpykrpa CNN g5 pacnosHaBaHusl TaOJIUIHOMN
nHbOpMAaIIU

Bcee uzobpazkenus jjist 00ydeHnsT U BaJIUIAIMN TIPUBOJIATCS K PasMepy
20%25 [1]. @yrxunn aktusaiuu Beex Heltporos CNN — «sigmoid»™. Tlapamerpsr
KOMITUJIATINY U 00yYeHUusl BBIOPAHbI CTAHIAPTHBIMHA JIJIsI MHOTOKJIACCOBOM
KJaccupUKAIII: onTHMHI3aTOp — «adam»®™, MeTpuka — «acc»™, dpyHnKmsa
rnoreps — «categorical-crossentropys» .

Ha6ops! ganubix s o0y4denus u Basmgar 51oit CNN ocrasicst Takum
XKe, Kak 1 B [1],—42 kmacca pasnmanbix n3obpazkeHuil mudp, KUPUILIAIECKIX
OYKB U 2-X 3HAKOB IIYHKTYyallUUd «.» U «,». [l0CKOJIBKY 9TH HAOOPHI JAHHBIX
ABJISIOTCA HeOboIbIuME — 110 10 1 5 n300paskeHnit Ha KaxK/Iblii U3 CUMBOJIOB
COOTBETCTBEHHO, IIpU OOYYEHUU U IIOCJIEIYIONIEM KUCCJIE/IOBAHUN PAOOTHI


https://keras.io/api/layers/activations
https://keras.io/api/optimizers/adam
https://keras.io/api/metrics/accuracy_metrics
https://keras.io/api/losses
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CNN ocyiecTBasiach UX ayrMEHTAIs ¢ UCIOJIb30BaHUEM IeHepaTopa
HaKeToB TpanchOPMHUPOBAHHBIX JaHHLIX ImageDataGenerator”™. YunToipas
0COOEHHOCTH ITPEIMETHOI 00J1aCTH, ObLIM BHIOPAHBI CJIEIIYIOIINE TTaAPAMETPhI
TpanchopMaIun 1 ux 3HadeHust: zoom_ range = 0.125, shear range = 0.15,
rotation_range = 0.15, width_ shift range = 1.2, height _shift range = 1.2,
horizontal_flip = False u fill_mode = «nearest».

Ha pucynkax 5 m 6 1puBeJ/ieHbI PE3YJILTATHI IKCHEPUMEHTAIHHBIX

PesynbTypytowan TouHocTb mogenu: 0.975

1 — — O6yuatouuii Habop
TecToBblit Habop

0.8

0.6

0.4

To4YHOCTL MoAenu

0.2

0 50 100 150

3noxa

Pucynok 5. TounocTs Momenn

Pesynstupytowive notepu mogenu: 0.056

—— OG6yuatoLuii Ha6op
TecToBblii Habop

35

25

15

MoTepu moaenu
~

0.5

0 50 100 150

Onoxa

Pucyuok 6. Ilorepu momenu


https://www.tensorflow.org/api_docs/python/tf/keras/preprocessing/image/ImageDataGenerator
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E TABJIMYHOW MH®OPMAIIMU C HCIIOJIbBOBAHWEM HEWPOHHBIX CETEU

Pacrnio3zHABAHU

El:

I/ICCJIQHOBaHI/IfI COOTBETCTBEHHO TOYHOCTH U IMIOTE€Pb MO/IEJIN IIPpU 200 smoxax

6y‘IeHI/IH, ABJIAIONNMCA ONITUMAJIBHBIM KOJTUICCTBOM IIO PE3yJabTaTaM

eé o

Sunauenus mapamerpos recall u F1 jurst momenu cocrasuau 0.98055 u
0.98029 cooTBETCTBEHHO, UTO SIBJISETCSI JOCTATOYHO XOPOIIUM PE3YJILTATOM.
KauecrBo paborsr cpopmuposarroit CNN mpu KiaccuduKaimy 3JieMeHTOB
TeKCTa MoKa3bIBaeT cieyromnias marpura omubok CNN pucynok 7. Kak

9KCIIEPpUMEHTAJbHBIX UCCJICJOBaHUU.

Pesynbratbl pa6otel CNN

10
8
6
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IIpumep ommubouHOM Kaaccudukaum 3TuxX mudp u OYKB MPUBEIEH

Ha puUcyHKax 8a, u 86.
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(6) PesynbraTsl kitaccudukannu mudp

Pucynok 8. Omubku xinaccudukanyuu mudp

OmmboK pacno3HABAHNA KIPHJIIHIECKHX OyKB U 3HAKOB IyHKTYAIWH «.» I
«,» HET, ITO SIBJIFETCs CYIIECTBEHHbIM YJIyIIeHHeM Pe3y/IbTaTOB, HOJyYeHHBIX
B [1].

3. Peanunsauyua NC

Ilo pesynbraTam TpoBedEHHBIX HCCIeI0BaHuil ObLIa gopaborana C,
o0IIye MPUHITUIIBL OpraHu3anui 1 GyHKIIMOHUPOBAHUS KOTOPOI MPUBEIEHBI
B [1]. B popaborannoii VIC, ¢ ucnosszosaruem DNN YOLOvV5s, peanuzoBano
pacro3HaBanue pacrosiozkenust Tabsui. KoopauHaTsr TabJIUIBI ONPEIEIISTIOT
0b1acThb JTOKyMeHTa ¢ Tabimanoit nadopmarnmit. COOCTBEHHO pacio3HaBaHMe
Tabauanoit nadopmanun odydennoit CNN ocyimecTBiIsieTcst 10 ONMUCaAHHBIM
B [1] npuHIUIIAM — TpeoGpa3oBanue €& B Ipajialluil Ceporo IBeTa, ylaJeHne
TOPU30HTAJIBHBIX U BEPTUKAJIHHBIX JIMHUA TaOJUIIbI HA OCHOBE BHIOOPA 3HAYEHMIA
sIIEp UX JIeTEeKTUPOBAHUS U OIPEJIEICHIE PACIIOIOXKEHUs TPAHMNIL 3JIEMEHTOB
TEKCTa C BOBMO2KHbBIM IITPUMEHEHUEM MeXaHN3Ma CKeJIETU3alluu I1I0CJ/IEeTHUX,
pucynok 9a. ITapamerpst 06yuenus CNN ocraiucs Takumu ke, Kak u B [1] —
yKa3aHUe PaCIOJIOKeHnsT HaDOPOB JIsi 00yJY€eHUs W BaJIUIAINN, BEIOOD THIIA
OIITUMH3ATOPA, (DYHKIUI ONEHKN TOYHOCTU MOJIEJIU U €€ MOTePh, PUCYHOK 96.
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@aiin ¢ v3obpaxennem:  [Usersfi.v.vinokurov/Documents/OCRfKoopanHaThli N24.png BoiGpaTh...
®aiin c Tekctom:  [Usersfi.v.vinokurov/Documents/OCR/PeaynbTaTbitxt BuibpaT...
BuibpaTh hparmeHT 2 CNN HacTpouTs. ..
Bribpan daiin ¢ [Usersji.v.vinok fi OCR/K HaTel N°4.png
BriSpaH daiin {Users/i.v.vi v/Documents/OCR/PesynbTarel.ixt
® HacTpoiKH KnaccHGUKaLuu

06paboTka UzobpaxeHus CNN Tesseract OCR
Tun nopora ceporo usera:  cv2.THRESH_BINARY_INV + cv2.THRESH_OTSU &)
AiNPo 06HapyKeHUA FOPHAOHTaNbHBIX AMHWiE: 40 x1 [ YNanaTh ropUaoHTanbHbIG MMHWM
NP0 O6HaPYXEeHUs BEPTUKANbHLIX MMHMA:  1X 40 YQansTh BEPTUKaNBHbIE NAHAN

Tun koHTYpa snemenTos usobpaxenus:  GV2.RETR_EXTERNAL (B  Buipensrs kouTyps!

CkeneTnaauun (erode & dilate): CKeneTWaaumsa
PacnonoxeHnue BpemeHHbix Gaiinos: Boi6paTh...
3akpeiTe
(a) IlapameTpbl pacrio3HaBaHUs JIEMEHTOB TEKCTa
®aitn ¢ uaobpaxennem:  fUsersfi.v.vinokurov/Documents/OCRfKoopauHaTel N24.png BuiGpaTth...
®aiin c Tekctom:  [Usersfi.v.vinokurov/Documents/OCR/PeaynbTaTbi.txt BoiGpaTh...
Boibpath dparmeHT [2 Pac CNN HacTpouTs. ..
Bri6pan daiin c uaoBpaxermem: [Usersfi.v.vinokurov/Documents/OCRfKoopauHaTel N°4.png
[Bri6paH ¢aiin peayneTaros {Users/i.v.vi ocuments/OCR/PesynbTatbi.txt
[ ] HacTpoiiku Knaccumrkauun
O6paboTka m T t OCR
PacnonoxeHue dataset'a nna ofyvenna:  [Usersfi.v.vi ts/CNNfcnn_i i BeibpaTh...
P; dataset'a gna [Usersfi.v.vil ts/CNNfenn_ t/validati Bbi6paTh...
Tun GyHKLMK NoTEPb: Categorical Crossentropy [
Tun onTummzatopa:  Adam [
Tun meTpuku:  Categorical Accuracy [
3aKpbiTh

(6) ITapamerpsr o0ydernus CNN

PucyHoOK 9. Bpibop mapaMeTpoB pacro3HaBaHUS TEKCTA U
obyuenust CNN

B ciywae meBo3MoKHOCTH OOHApPYKEHUsT TAOIHUIIBI ¢ ToMOITTbEI0 DNN
YOLOvV5s Ha OTCKAHUPOBAHHBIX JOKYMEHTAX ILIOXOTO KAYeCTBa, €€ PaCIOJIoKe-
HUE B JIOKyMEHTE MOXKET OBITH BBIIEJIEHO BPYUHYIO (MBIIMIBIO), pUCYHOK 10
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[ ] [ ] Par ]
BoibpaTh YBenuunTh YMEHBLIWTL
[o] yuacTkos. Pazgen "0 rpaHuy”
Kapactpoewii keaptan I |Hsueuanue Ne
[ Ceenenns o BHOBE 06pasoBaHHLIX W L y W MOBOPOTHBIX TO4KAX
aHu
YenoeHoe| Kaga
oBosHaM. KoopauHaTs! fm Onucanue 3akpenneHma TouKkM 3;:’;,53“
TOUKA X Y
1H 5976781.18 2226582.32 7.5 10 ecTBCTEGHLIM PyGesaM
24 5976907.55 2226513.13 75 _I_
3 5076997.66 | 2226537.35 7.5 L
4 5Q77213.76 | 2226611.14 7.5 I
54 5877406.32 | 2226628.65 75 N

PucyHok 10. Beimesenune Tabauibl BpydHY O

Ucnonbsyemoe B Texyteit Bepcun MIC aBromMaTndeckoe pacro3HaBaHUe
pacnosnoxkenne Tabuist ¢ ucrnonb3oBanueM DNN YOLOv5s u orpanunaenue
pacIo3HaBaHUEM TOJIBKO TabJIMIHON MHMOPMAIMY KaK Hanboiee 3HAINMOM
B JIoOKyMeHTax PocpeecTpa MO3BOJIMIIO MOBBICUTH CKOPOCTH €€ PAaCIIO3HABAHUS
na 20-30% mo cpaBHeHHIO ¢ HadaJbLHOI Bepcmeit aroit MC.

3aknoyeHne

IIposesensr sxcrepumenTatbubie ucciepoBanns DNN YOLOv5Ss st
0OHAPY2KEHUS MPOCTHIX TAbJIUIL HA OTCKAHUPOBAHHBIX JIOKyMeHTax Pocpe-
ecrpa. g noobydenusi YOLOvV5Hs ObLI HCIIOB30BaH COOCTBEHHBINH HADOD
JIAHHBIX U3 [PEeIMEeTHON obsiacTu akTyasm3anun 06a3 ganuabix cucrembl EHPH,
cocrosrmuii n3 400 n300parkeHnit 1 COOTBETCBYIOINAX UM TEKCTOBBIX (haii-
JIOB C HOPMaJIM30BaHHBIMU KoopaumHartamu Tabsui. Hoobydennas DNN
YOLOvb)s nokasaJja BIOJIHE TIPHEMJIEMbIE PE3YJIbTATHI UX JIETEKTUPOBAHUST
Ha OTCKAHUPOBAHHBIX JIOKYMEHTAX.

st pacrio3HaBaHUsT 9JIEMEHTOB TEKCTa BHYTPHU HallJIeHHON 00J1acTu
¢ Tabsmanoit napopmanueit mpemrozkera CNN ¢ 1ByMst KOHTYpaMu BbIsiBJIE-
HUS IpU3HAKOB. Pesysbrarsr ucciaemoBanust 31oit CNN nokazasm Jrydmmit
o cpasHeHuto ¢ [1] pesyabrar knaccndukanuy 1udp, KAPUIINIECKUX OYKB 1
OCHOBHBIX 3HAKOB IIyHKTYaI[UH.

Ilo mostyueHHBIM B pe3yJsibraTe paboThl pe3ysbraraM OblLia ITOBBIIIEHA
sabdexTusHOCTH padorsl VIC [1], 3a c4éT pacnosHaBaHUsT TOJBKO TabINIHOM
nHdoOpMaNun Kak Hanbosee 3HadnMoi nHdopMalm B 1oKyMeHTax PocpeecTpa.

Cnucok nutepartypbl

[1] Buroxypos U. B. Hcnoavsosarue c6épmounoti netiponnoti cemu 0as pacno3HasaHus
INEMEHMOB MEKCNA HA OMCKAHUPOBEGHHDIT USOOPAACEHUAT NAOT020 KAUECMSa |/
IIporpamMubIie cucTeMbl: Teopusi u npusoxennsi.— 2022.— T. 13.— Ne 3.— C. 29-43.

B sk@ryd 14,8 0, 12, 14
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http://psta.psiras.ru/read/psta2022_3_45-59.pdf
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Introduction

The process of digital transformation of business models of various
types of organizations currently being implemented involves, among
other things, their transition to electronic media. This, in turn, leads
to the need to recognize the contents of electronic documents for the
purpose of subsequent processing of their contents. In the case of effective
recognition of the contents of an electronic document, its automatic
(in some cases automated) processing significantly increases the speed,
and in some cases, the quality of this process. Hence, the solution of the
problem of information recognition on scanned copies of documents,
which is the first stage of converting a paper document into its electronic
counterpart, is of particular practical and scientific interest.

One of the possible approaches to solve this problem with acceptable
accuracy, along with traditional methods, is the use of CNN. In [1] describes
the general principles of scanned image recognition using a CNN trained
on a dataset specific to the content of text documents. Quite often, however,
the most important information in a document is presented in tabular
form. Revealing only the table and recognizing its contents will allow
for this type of documents to increase the speed of recognition of the
information necessary for subsequent processing and, as a result, the
efficiency of this process.

The purpose of this work is to develop an IS that implements
the localization of a table on a scanned document and recognition of its
contents. In this work, simple types of tables are detected in scanned
documents, which are typical for most documents and contain only textual
or numeric information. The restriction of the type of table and the
features of the information contained in it gives a reason to form your own
data set for training and choose any of the known DNN or CNN models
that demonstrate acceptable results for detecting various types of objects.
After identifying the location of the table in the document, to recognize
its contents, it is proposed to use a slight modification of the method
described in [1].

The results obtained in the work of the consistent application of DNN for
table detection and the developed CNN have found practical application for
updating the database of the USRN system of Rosreestr, which is currently
being transferred to electronic media.
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1. Table localization on the image

The currently existing methods for localizing a table on an image can
be divided into traditional methods that implement image processing and
modern methods based on the use of neural networks with architectures
of various types. Traditional methods of table localization are based
on the specific structuring of information and the presence, in most cases,
of horizontal and vertical lines, their signs and the presence of various
proximity and similarity criteria. So in the works [2] and [3] methods
for finding tabular information between keywords or their combinations
at the beginning and end of the table and in the areas of intersection of its
horizontal and vertical lines, respectively, were proposed. The disadvantages
of the approaches are obvious— the absence of keywords and lines (borders)
of the table leads to the impossibility or extreme inefficiency of using these
methods.

Another approach [4] is based on the method of determining the length
of rows and columns of a table. After identifying all horizontal and vertical
lines along their length on the document image, for each of them a set
of low-level features is formed, which are transferred to the support vector
machine (SVM) that implements table detection. If there are no lines, the
method does not work.

In [5] involves implementing the localization and extraction of table
regions from a document image based on local thresholds for word spacing
and line height. The main limitation of this method is that it detects table
areas along with surrounding text areas. Therefore, it cannot be used only
for tabular information localization.

Traditional methods include the method of detecting [6] tabular
structures in a document based on the outline of a randomly selected word.
The method assumes that contours similar in shape, identified horizontally
and vertically, determine the table. Having empty rows in a table can lead
to inefficiencies and even failure to discover all of the table information.

Greater efficiency of table localization on an electronic document is
implemented by methods based on CNN or DNN. In such methods, there is
no explicit binding to the structure of the table and there is no need for
preliminary preparation of the document. However, the training of such
models requires a large number of images of documents containing tables -
this is the main difficulty of these methods. There are several datasets
that can be used to train table detection models— TableBlank [7], Marmot
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[8], ICDAR [9], UNLV[10], ICDAR 2019 cTDaR [11] and others. However,
quite often there is a need to form your own data sets, which is not at all
a trivial task.

Fast RCNN and Faster RCNN [12], YOLO [13] are currently considered
the most efficient deep learning models. The features of Fast RCNN and
Faster RCNN are finding potential objects in the image and dividing them
into regions using the selective search method, extracting features of each
obtained region using CNN, subsequent classification using the support
vector method and refining the boundaries of regions using linear regression.

The Faster RCNN model was used first to detect tables in the [14]
document. However, the YOLO model is currently the leader in object
detection. This model implements a smaller number of actions compared to
Faster RCNN and implements the search for bounding boxes and the
probability of their belonging to one or another image class.

There are several versions of this DNN; to solve practical problems,
versions v5, v6 and v7 [15] are currently used, pre-trained on the data set
COCO (Common Objects in COntext)™). Training time, work time and
model parameters such as Precission, Recall and AP [16] increase from v5
to v7, therefore, formally v7 version can be considered more efficient.
However, in practice, the effectiveness of a particular version of the model
is determined by the peculiarities of its use and training. Since there are no
special requirements for the speed and accuracy of table detection, and
version v5 [17] shows quite acceptable results in combination with low
resource consumption and, at the same time, has developed tools for
collecting information about the learning process and metrics at each
epoch to implement the localization problem table on the electronic
document, this version was chosen. Examples of efficient use of YOLO
DNNs trained on the ICDAR [11] dataset to detect tables in electronic
copies of documents are given in [18,19].

With a known organization of this DNN, the only thing that needs to
be done is to generate data sets for its additional training, validation and
testing. The formation of an additional training data set was carried out
on several hundred (about 400) scanned documents of Rosreestr with
simple tables containing a small explanatory text in the table headers
and numerical information in the form of a set of coordinates of capital
construction objects or land plots. For each of these documents, using open
source software labellmg™, text files were generated with table labels—
their normalized coordinates within the document. Network training was


https://cocodataset.org
https://github.com/heartexlabs/labelImg
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FIGURE 2. Precision-Recall at 30 training epochs DNN
YOLOvV5s

carried out on 70% of the total number of images, validation on 20% and
testing on 10%. As the results of the conducted experimental studies
showed, 30 training epochs made it possible to obtain a quite acceptable
result in terms of the main parameters of the DNN operation and its
generalizing abilities, Figure 1.

On the validation set with 30 training epochs, the following results
were obtained: Precision = 0.871, Recall = 0.828, mAP_0.5 = 0.592. The
dependence Precision-Recall is shown in Figure 2.
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Table 0.78

ONMUCa

7

KapacTpoBbii keaptan XX:XX:XX:XX | NameHenune Ne
CBepaeHVA 0 BHOBb 06pa3oBaHHbIX M NpeKpallaloWwmx cylecTBoBaHue y3noBbIX
Y NOBOPOTHLIX TOYKAaX rpaHuL

YcnosHoe KoopauHaTbl f,m OnwucaHne Kapactposas
060o3Hau. X v 3akpennexns 3anunch
TOYKM TOYKM

1H 5976781.18 | 2226562.32 | 7.5 o ectectaenHbIM pyGexam
2H 5976907.56 | 2226513.13 | 7.5 Mo ectectaenbiM pyGexam
3H 5976997.66 | 2226537.35 | 7.5 Mo ectectaenbi pyGexam
4H 5877213.76 | 2226611.14 | 7.5 Mo ececTaenkbiM pybexam
5H 5977406.32 | 2226628.65 | 7.5 Mo ectecTaenHbiM pyGexam
6H 5977596.63 | 2226652.87 | 7.5 Mo ectectaenbim pyGexam
7H 5977823.31 | 2226759.99 | 7.5 Mo ectecTaeHHbIM pybexam
8H 5977829.71 | 2226853.41 | 7.5 Mo ectectaentbim pyGexam
9H 5977903.99 | 2226976.25 | 7.5 Mo ectectaentbiM pyGexam
10H 5977956.51 | 2227056.59 | 7.5 Mo ectectaenkbim pyGexam

Ficure 3. Table discovery result with DNN YOLOv5s

DNN YOLOVv5s, retrained on its own data set, showed a good result
of detecting tables on electronic copies of good quality documents— about
98-99%. An example of the result of the network operation is shown
in Figure 3.

2. Recogpnition of tabular information

In [1] provides the general principles of CNN formation for the
implementation of multiclass classification of text elements on scanned
images of poor quality. The ongoing research of this CNN and the
dataset for its training led to the following conclusion — the improvement
of classification results can be achieved to a greater extent due to the
parallel detection of stable features and their subsequent summation.
In other words, the complication of the sequential CNN model from [1]
gives worse results compared to its functional model implemented by Keras
Functional API*.

To recognize tabular information, a CNN structure is proposed that has
two initial contours. The first loop consists of 2 convolution layers
(Conv2D™) and one maximizing pooling layer (MaxPooling2D"). The
second one consists of one convolutional layer (Conv2D) and one maximizing
pooling layer (MaxPooling2D). All other CNN layers repeat layers
from [1]— one convolutional layer (Conv2D) for feature detection from
summation results of 2 input circuits, one linearizing layer (Flatten™) and


https://keras.io/guides/functional_api
https://keras.io/guides/functional_api
https://keras.io/api/layers/convolution_layers/convolution2d
https://keras .io/api/layers/pooling_layers/max_pooling2d
https://keras.io/api /layers/reshaping_layers/flatten
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img input: | [(None, 25, 20, 3)]
InputLayer | output: | [(None, 25, 20, 3)]

o

conv2d_19 | input: (None, 25, 20, 3) conv2d_18 | input: (None, 25, 20, 3)
Conv2D output: | (None, 25, 20, 64) Conv2D output: | (None, 25, 20, 32)

!

max_pooling2d_16 | input: | (None, 25, 20, 64)
MaxPooling2D output: | (None, 12, 10, 64)

/

conv2d_20 | input: | (None, 12, 10, 64) max_pooling2d_15 | input: | (None, 25, 20, 32)
Conv2D output: | (None, 12, 10, 32) MaxPooling2D output: | (None, 12, 10, 32)

~,

add_3 | input: | [(None, 12, 10, 32), (None, 12, 10, 32)]
Add | output: (None, 12, 10, 32)

}

conv2d_21 | input: | (None, 12, 10, 32)
Conv2D output: | (None, 12, 10, 16)

)

max_pooling2d_17 | input: | (None, 12, 10, 16)
MaxPooling2D output: (None, 6, 5, 16)

!

flatten_6 | input: | (None, 6, 5, 16)
Flatten | output: (None, 480)

)

dense_9 | input: | (None, 480)
Dense | output: | (None, 42)

FiGURE 4. CNN structure for tabular information recognition

two fully connected layers (Dense™). The structure of the CNN is shown
in Figure 4.

All training and validation images are resized to 20x25 [1]. The
activation functions of all CNN neurons are «sigmoid»“*. Compilation and
training parameters are chosen as standard for multiclass classification:
optimizer — «adam»*™, metric— «acc»"™, the loss function is «ategorical-
crossentropy»*.

The data sets for training and validation of this CNN remained the same

as in [1],— 42 classes of different images of numbers, Cyrillic letters and 2
punctuation marks «.» and «,». Since these datasets are small— 10 and 5


https://keras.io/api/layers/core_layers/dense
https://keras.io/api/layers/activations
https://keras.io/api/optimizers/adam
https://keras.io /api/metrics/accuracy_metrics
https://keras.io/api/losses
https://keras.io/api/losses
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Model result accuracy: 0.975
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FIGURE 5. Model accuracy

Model result loss: 0.056
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FIGURE 6. Model loss

images for each of the symbols, respectively, during training and subsequent
study of the CNN operation, they were augmented using the transformed
data batch generator ImageDataGenerator”™. Taking into account the
specifics of the subject area, the following transformation parameters
and their values were chosen: zoom_ range = 0.125, shear_ range = 0.15,
rotation range = 0.15, width shift range = 1.2, height shift range =
1.2, horizontal flip = False and fill mode = «nearesty.

Figure 5 and Figure 6 show the results of experimental studies, respec-


https://www.tensorflow.org/api_docs /python/tf/keras/preprocessing/image/ImageDataGenerator
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FIGURE 7.

tively, of the accuracy and loss of the model at 200 epochs of its training,
which is the optimal number according to the results of experimental

studies.

The values of the recall and F1 parameters for the model were 0.98055

and 0.98029, respectively, which is a very good result. The quality of the

generated CNN when classifying text elements is shown by the following

igure 7.

F
As can be seen from this figure, errors in the classification of text

elements consisted in the similarity of the numbers 0, 3 and the letters «o»

1X in

CNN confusion matr

and «3». An examples of the erroneous classification of these numbers and

letters are shown in Figure 8a, Figure 8b. No error appears

in recognizing
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(b) Digit classification results

Ficure 8. Digits classification errors

Cyrillic letters and punctuation marks «.» and «,», that is a significant
improvement on the results obtained in [1].

3. IS implementation

Based on the results of the research, the IS was finalized, the general
principles of organization and functioning of which are given in [1]. In the
modified IS, using DNN YOLOv5s, recognition of the location of tables is
implemented. Table coordinates define the area of the document with
tabular information.

The actual recognition of the tabular information of the trained CNN
is carried out according to the principles described in [1]— converting
it to grayscale, deleting horizontal and vertical lines of the table based
on the choice of the values of their detection kernels and determining
the location of the boundaries of text elements with the possible use
of the skeletonization mechanism of the latter, Figure 9a. The training
parameters of the CNN remained the same as in [1]— specifying the
location of sets for training and validation, choosing the type of optimizer,
functions for estimating the accuracy of the model and its losses, Figure 9b.
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(b) CNN training parameters

FIGURE 9. Selecting text recognition and CNN training
parameters

If it is impossible to detect a table using DNN YOLOv5s on scanned
documents of poor quality, its location in the document can be selected
manually (with the mouse), Figure 10.

The automatic recognition of the table location used in the current
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FicaUre 10. Selecting a table manually

version of the IS using DNN YOLOv5s and the limitation of recognizing
only tabular information as the most significant in Rosreestr documents
made it possible to increase the speed of its recognition by 20-30 compared
to the initial version of this IS.

Conclusion

Experimental studies of DNN YOLOv5s were carried out to detect
simple tables on scanned documents of Rosreestr. For additional training
of YOLOvb5s, we used our own data set from the subject area of updating the
databases of the ENPH system, consisting of 400 images and corresponding
text files with normalized table coordinates. The retrained DNN YOLOv5s
showed quite acceptable results of their detection on scanned documents.

To recognize text elements within the found area with tabular
information, a CNN with two features detection contours is proposed.
The results of the study of this CNN showed a better result in the
classification of numbers, Cyrillic letters and basic punctuation compared
to [1].

According to the results obtained as a result of the work, the efficiency
of the IS [1] was increased, due to the recognition of only tabular
information as the most significant information in the Rosreestr documents.
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