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Abstract

In view of the low efficiency of casting character recognition, easy error in manual recording, the
existing character recognition methods can not deal with the complex casting characters in indus-
trial scenes, and the scene itself has extreme lighting, blocking, fuzzy problems, an improved net-
work has been proposed. This network can recognize not only horizontal text but also curved text
and irregular text. In view of the insufficient amount of casting character data, the correction
module was added for data enhancement. Different experimental results show that the increase of

WEFIH: W55 ETHESIMNEETR RG], B85 S5, 2023, 13(2): 1388-1400.
DOI: 10.12677/0rf.2023.132141


https://www.hanspub.org/journal/orf
https://doi.org/10.12677/orf.2023.132141
https://doi.org/10.12677/orf.2023.132141
https://www.hanspub.org/

Wy

alignment is greater than 1%. In addition, by optimizing the loss function of PGNet network, the
misidentification rate is reduced. Through the improvement of PGNet network, the above prob-
lems are solved to a certain extent, making the casting character tracing and control process more
accurate and efficient.
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1. 51§

BB TR 25 2] BORAE VST o U IR K JE , 7 5 SO R AN SC R il BOR IS T BRI kR
SR, RN, R SORR A SC R ) G B e i 8 B, 20718 2 ROBE kAR 1],
BRI, st SCAR AN SC R0 0 B AT SR A AE — 8 (R JR PRV AN B i . 7 Tzt ™, B61E T4 EIAs
WPERAHEZRERENEN, @B bRR T/ U S EANFE SRR ST FEAE R, FrLES
Pttt T IR, EE ERAR IR T IE . TG B Rk %k, FIH OCR (Optical
Character Recognition)F AR H 2R Hlic 5ok KiEwkA> N 77, $ém TAERER .

PRl 580 7, SESmEGAE T, T N, BBRIERSEMLE, BT AR
S SAREL, FEEANEW, ARG TR ARSI, TR TR N B4R = N UN R
EevETE R, T DASE G b 5E ORI AN U AT 2

H SR 50 T IAE TR SRR AN R 1) 52 BB 22 1 90, Herpr, DRI % rh R A AR AR OB 0
il (Non-Maximum Suppression, NMS [2])F1/E% R [X 457t {£.(Region of interest pooling, ROI [3])#EA, ik
FB B A R R R S AN T R4 B, bk 7 Sk M BE ) PGNet [4]M02%, 1% 4% 75 1
AR R SUARRT AR P 28 h R IR H . H. PGNet /2% 58 B 1 SCAS o 2 o P Asr il , - gk — 2 mdke 1 18000
FE, IdEHAE T R N iva . Lk, R UK B s 46 rh B S5 A 8 2, BEXHZE L, oK
HAHT 2020 F42 H 11 RandAugment [5] T B, X O AR THARE G 8, 1958 WX BB &tk .
FFEEXT PGNet 183 T 4 2% R AT 1 1AL

2. 2EERHEMLE
2.1. ERHENE S £ EFRHEZ ML (Fully Convolutional Networks, FCN [6])BIX 3l

LR E M L ZHEREMEERZ AR BRZEL SRR A BE LIRS IE, AR
AROIBRFAE . XL AE AT GO BRI 70388, ST RS RN . A2 W A 50
RAAEBEAT 73 R A0 R 28 (R TR 45 SR o BN R 22 X 2% (1 o aeod S I A% B SRRk e iy, B
Z o 2 S AR 2 14— 2, DO ALE AT 30T X0, it m] LU I ZRik 4% 5 327 > R
RO FIRFIE,  FFERAS AP 70 RRCR . A RR R B AL I SR Ik RS O — M5 0 SR M
MTCRFHLIA R . ZAE SRR TRAE D IGIBERE, oA BB E T80 ] fetk K
Mo EAFEAE TEMIANBKGRREER, AT EBET 2K W1 AlexNet 52 — MR 2 >,
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FA TS B HEAT 702K ZAREE XS ImageNet BURSEHEAT 7 llZR, JFH AT —skdm A B G753,
H— M 1000 MITERI AR, XA FEF RN TR AR RN B E TR R S5 R
/o AlexNet A5 ALE 1T 27 > K5 P Bt RS AR AVRFAE A il 55 AR N S B =R AEL A T A D 2K
gk,

FCN ffETE o Bt T, 15 L BIHIAES5 0 BR T i — MR R AT IR 7. B
LML (CNN)EBIRR 2 Jr il 2 8 A 2 M — LA B AR i, SRAT B — AN ] 5 < B R RFALE [7]
MG RN 73 AR . BRI L (FCN)R B R RAE B AR IUR A BB FIRAIE, JFE R — R AT
AL fERERET, FiR)a — D ERR R EET ERAEERAE,  DIE S BB/ R 46
HEE . 5ERGPEMEAF KR, FON ff 2R RN RIE, DUOVERAEEZR. X
b B A At xek L B 2 ) R AR A 2, T ASEBR RGO AIARIC, X+ BRI 3 S BT H ARt 55
TEFHE ZHIN M ZFI5EEE A T B FIANE L FIEEAESS, 7T LR AR BEAS [/ R
P TR RSP SE I, S MEER RIS RI 7

2.2. FCN g 1 x 1 ERHE

FEFCN w1, SRATEEA 1< 1 BRUZ I T IEELERE, XAETELERL RN 21, DUE XS FE
o HE A B IIEE AN SR 0 B XA 1 x 1B RUZ BRI AR SRR IR At e 0 00 200 BB, b 4
EHRRE TR AN EEEE, RJaBAVE SRR XA o AT RV (B ERAE, LT
RSN EGAH R RN ER . XS FRR A S ER— MR BTG R, SN B G &
MEERAEEAT T T, I B R MR R T AN EEE R 1< 1 BRR A AT Bk
PINEERLFAL: 5%, SRHHEEREMI, 1< 1 BREANSBIR BB LR, Roye REEiE
YENE LG, ABCRIEMGEERTE R G BT 1< 1D BERERAKRNRERR, BT Rt
B F R FARMT RS BG4 8= A A K/NBUR T BRI RN, BUOAE /& 255 1 R 1R &
o RXAEMEA 1 x 1 BRSO — ROy R R cihie s, aTeLH T2 A -GBS, i HEAIRE
MR, B, 1x 1 BRRAE BB EAESS T B RS EAGE AR, RE9s 4 sl B A R R (1B R A0
ARIIM 2S5t FON @hey 1 EREIRERMRZIE S, SR e .

3. RS FALH

I 7 R LA 2 2 — R AR ST, BRI B AR R AR 4 N BRI 8] 7 5105080, Pt tE 2R 0 hR 4%
R ZHIRF AR T Z N, WA EER. RETS TS BTSN
ar i U — AN EE BRI, B S ERN S EEZAE, EAMUTEEE R NRE, S EE &
B NRFAEZ (B BRI TR o [71RI0, B P 53 R0 R BN 2 ML 3 2 S BoR, WniR e o) L BRI &

PP o> AR S I TTEFE 0 AW, H—RETARGHL S 5 I HR T, Bl T et i 77k
XHFFENIE K T4, H R TR SJHORM 7%, 41 CNN. RNN. LSTM (Long
Short-Term Memory)55 . FE TALGEHL &7 21 A RIS 70328, 32 B @ i i [6) /57 51 e dh kA7 Ak 3, 2R
JEAE AL G & 5 S FEIEAT 40 98 o AR TR BE S ST I 7 23 28, 0 32 SR 1) FH VAR JRE A 2 X 4 o 1]
FEHE HEAT R AR EONI 328 o AESCA /R S840, I 240 38 AT LR SR 70 M SCAS R ST 2 31, AT f 3
TR SCAS K

LR 2 I 2 HE IR AR ZRRAE, PR i 28 0 2% S B A ) I P RR4E, T CTC (Connectionist
Temporal Classification) | A4 [A] FREFERFE . EIHER TR U BRI TR 2L, IRV B Z5
FFHIRRIC .
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3.1. XIFF el

TE TR 1R 1) A () 3 SC 7 A 22 5153 (Optical character recognition, OCR)H )15 & %
FRFFH) A, JEIA LR X 2% (Recurrent neural networks, RNN)XT 51 504 AL HE N A3E, {H /& RNN
PN TR, 1 fos. R ML gt 5 SRS K EEA— 3, TTEIHE loss. JFHA
FFR A IBRIEAE L BRAR R AR KBNS T, AN BRitbzoh, BRI s ) (& I AH 48 1) =
BFRF, 247l DU O 28 4 AN B SRS K A — B IGO0 S R 2R, (ER 2 I 2 A idhd
48 R[] — AN EL SRR S, 0 “-dd-o-gg-” F1 “—d-oo0-g” #BAI LAMERGAL “dog” o CTC loss fift ¥k
T IR A

d o] g

f f !
| RAN | RNN || RNN |
)
Figure 1. RNN network identification diagram
[ 1. RNN MR35 d 2 n B E

3.2. HIE - FERAEZE

CTC [8J3 R ITH 5% 52 softmax HiFF, softmax KRR /N2 B 0] /3 270 R 4 55 5 28 A ) e Al il
] - R G RE T PR R AT softmax HiFF AT IS 1 FE . CTC 7ETHE loss B, THE AT & % lE 2
FIAGH,  RIFREMR ZR DX S0 B R 2 e K27

XTAREFH 1, WA & o (ru) 8 XN B F RECEK R ¢ ARG BB w2 RT3 1
IRERA . JE A B(nu) BE SR AIINEIRT o (1,u) A TTRIAEFTERART, M e+ 1 FFAR 581 1T
BRI SRR

3.3. HKRMIHHE
CTC 1R BREL L(S)H & SUNTE—LEI ZREE S 1 IEMfbR 10 BT A YIRS 2 1) 670 BOE 26 -
L(S)=-In[] . sr(zlx)=-2 snp(z]x)
DR A R HSR AT A 1Y), BT AR AT DLSE I S TR 3R v B e e I 2 AL ) 3, AR JE o] DA AR AT T
1o BE TR A B AR A B0 P 28 3R AT I 25
4. EERHEMLE
4.1. BERMLEE T

P B 22 X 4% (Graph Convolutional Neural Network, GCN) & — iR & 24 S A8, T B G 25 JE IR
JURAEIHAT A AL 9], GON M &hitnE B 2 Fos, SESGERERMEME AR, GCN
AFCLACER R 8 S R A 2 SR AR R L AT 45 i R

GCN [FIE:AtE B FUERAE, el SRR S5 AE 20T AU R IR AT B AR SR SR 1T i 3R
Ne BRI, BEEATAEA —AMHE R E, AT DA R ERER T SR E . RS, T
BN, FRATTAT DLd K FURHAE ) 2 5 O A8 RURRHAE [m) AT B R UR B AR IE R R o 1IXFE—2K,
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FATHT AR Y s 8P 26 3 A5 S REAT Y R I

—— I .
C F
( \ - . &5’
DI - <[ —E R LT
/ | hidd N s e
<Xy lzllyezl Q3\ “ 5, &
M L) .
) @ &%
input layer output layer
(a) BB 4% (b) R WG

Figure 2. Schematic diagram of multi-layer graph convolutional network (GCN) for semi-supervised
learning, whose input channel is C and output layer is F feature mapping. The graph structure (the
edges are shown as black lines) is shared between layers

2. ATHEEFINSEEERMEGCNMREE, RMNEER C, MEER FHHE
MRS ESGHIGLGERAREERZE]ZE

8 GON BEAT 70 BTN, B H K OA BRI s AR I SR8l AT B 22 50 . BRI
HFR e 2 B — AW s 8, BERE 9 RUHRFAE ) L 245 B IARSE . IR R b, AT Z e/ ME
TNME 5 L SEARRE 2 (B (225, 8% (8 A SR B3k e Bt AT Ak

SR, GON & R iE Hom KAt 4, &6 TR AR LRSS MR EdE, Coasr®
SUKHAS TN Bl e g i BGR R, R RS, EIERA TR, R E R AR
LR A AT LB HE B 24> GON JZRER

4.2. GCN 5 CNN R RE &

e BB AN . BSR4 11 FH RIS R R 48 SEBR R — R, #R1E N —AMRHE
PEELAS, AN ATE T H B EE A . ONN KRER AR R R0, B 1 202 DU 2 5 kS
DR, X PRI BAEHE SRS, FONBR L HLF 458 (Buclidean Structure). AXFTRE AN, BS54 R HiHM2
¥, Je—PhaEER )L B3 458 (Non Euclidean Structure), JHAFSURHFIAESE, BARRI . 0T 5 Fr i 5
— &G ARMEE SCHAR RS AL BUE AT A0 SECRE[10]. AR L BRRE, #EAT 28 554E

HW, ERMATRFESREUS , P R B AR T B ML, FERRHER SR 77
Pl R AE B B 32 243 Sy 25 3 (vertex domain) 7 AR AT (spectral domain) ik . 25 (A2 48— NG C R
YR R), Y RS ] A A B R Fe A K FE B B oy B AR &, 7E UG 8] b B R R AT
AEFRI T X PR BT VEIE T AR BRI T G DR BUAEERAE . SRR DU B BN B
RN ARG T, WK EHR B, g R PR AT R AR A R AL B A
A, JEP . STURIG R SRR . IR b A FE U VAT I 6 G A TR, R DS UG
XPECRE . B SERHE R RE AN o 2 ()R A0 e 3l T DAAH FL 46 o A A B 0 2 T 5 MG 2 ) A e
I . nEG IR E . B EE. BREL. BEPE. BRG], mEAR . L8, ik
B SRS TS S 04T

4.3. MELEH
EIBM 2 0 A HY = a(D-VZAD-‘/zH’Wf) , Hd, M TS ENTLRMS G=(V,E) Hhr
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PSS RTINS, v, eV, EREGESZINNA (v,,v,) e B WHHFE A e Ry, THITHEA
BAJy it Bt T LR AL 5K BEERE D, =) A, 5 SiRFEFI RN X e Ry, H N NS
REL CONFHE R R R 4EEL.

5. KRR
5.1. ¥R

5.1.1. StRNERETE

K235 U R A (scene text recognition, STR)BERUKHH: T Fric J5 AR AT UG 11], SATEH
SRS R B AT T PR IC ESE R AL . BT STR ALY 2 A0 FH B SEH el AT VRAL 1, DR U ZR A i ah
A A AL S B A Pt R AN, JCHRAEZME R | i, TSR mE B A 2 ARy o &
SCRHATT 2020 5 H HE R 58 T B RandAugment, ‘B H 36 /N4 STR Bt # B 15 48 5% ok B 2H i,
B BRECESANL T SR R g 1

RandAugment FIEHEIEHISFI T IH45 0 8 K35, 43%)A blur. camera. geometry. noise. pattern.
process. warp Fl weather. AR T2 A i AR (DefocusBlur) . = A (GaussianBlur) ., 12zl FE4
(MotionBlur)« ZHBUE (ZoomBlur); 4% 3k R X 52 £ S8 e, (L3552 F (Brightness). X LU
(Contrast). jpeg [E4i(JpegCompression). 14 % 1k (Pixelate); L[ FZAHR AT 3o 75 & 40 (Perspective) . ig#%
(Rotate) U4 (Shrink); M5 ¥ N ] 1% $ 25 1 7 (GaussianNoise) k41 75 (ImpulseNoise) .  H{ & I
(ShotNoise). B 5i M 7 (SpeckleNoise); A5 AL 7] 43 Jy s AR [ %9 4% (EllipseGrid) . PA&%(Grid). 7K~
F(HGrid) HE M (RectGrid). B B M (VGrid); 22t $5 H 3% B A8 i (AutoContrast). 47245 e
(Color) ¥ A¢ ¥ (Equalize) S 3%t (Invert). {725 4 (Posterize). Bif% 45 4t (Sharpness). H 648
(Solarize); 725 ih A% #0375 h 25 45 ¥t (Curve) . 41 #148 #2 (Distort) . $i7 {48 2 (Stretch); K24k L35 %
(Fog). #H(Frost). Fi(Rain). FH#(Shadow). ZH(Snow). AFHISLELE BRI, AL TEE, HAM
IR T 1%

X S AN — Se i G 5 v, Ll CutOut, Mixout, TR FEGTE —NFERMEZAF
FEHIE DL, BT R — AN X R — AN X ETR & P A BUGORE B SR B R ) — AN s 2 A7
R, SRS U, SOAS R S T7 7.

K RandAugment J7 750 008 52 i 1 AT B G 0, JRIEINIA] 3 P, S 95 I RCR an ] 4~7
FR:

Figure 3. Original picture

& 3. BEE
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Figure 4. Adjust the AutoContrast of the original image
[ 4. 3R E1§i#H1T BT E (AutoContrast) 5 ZT

Figure 5. Distort the original image

5. X REGEITHE(Distort)

Figure 6. Add EllipseGrid transformation to the original image

& 6. xR BRI TRMFEE M A& (EllipseGrid) L 1
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Figure 7. Brightness transformation of the original image

7. XFRE&#H1T=E (Brightness) T

5.1.2. $txAMM, TehscA

BT8R ZREE, ARG, WmHIshE. SIshAr. 82, HRTPARr, wslshkd, S
HEFFRIRA B AR JLR, TR B A R, it R RF A 5 IETH 4
&, SSEEAR B TR SR AR L . FEF LB, 7E PGNet P25 1358 aE_F NN STN #r1E
FRERL[12], T8 B R

2 (A A A MG LA AR He G AR B R 7 S A 4, AR 4 RR R AR e . P AR
FREBGT, E AR BB R B B — AN IO T, R A () B4 (v p,2) s RN AN 4
(x', y") 2] TSR

1) 2D 1) 2 4 (affine):

TR AR
x' 1 0 &x|[x X+tx
V=101 plly|=|y+ty
1 00 1|1 1
Jigtee A i
x' cosf sind 0| x xcos@+ ysind
y'|=|sin@ cos€ O]l y|=|xsin@+ ycost
1 0 0 L1 1
A TR e -

2) 3D &M AF # (projection)

PR
x' 1 0 0 |l x X+
R I AU S| ' B R
z' 001 |z Z41z
1 00 0 1|1 1
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i 2t 72 4
x' 1 0 0 0l x x
R.(0)= Y| |0 cos@ —sind 0| y| |ycosf—zsind
210 sing cos@ 0| z| | ysin@+zcosd
1] o o o 11 1
x cosd 0 sind 0 x xcos@+zsin @
! 0 1 0 0
R (0)=|" || il
’ z —sinf 0 cos@ 0| z —xsin@ +zcos@
1 o 0o o 1] 1
x| [cos@ —sin@ 0 0][x]| [xcos@—ysind
' sin@ cosé 0 O sin@+ ycos
Rz(9)= y' _ y _ X y
z 0 0 1 0|z z
1 0 0 o0 11 1
G TR e
x' sx 0 0 Of«x X% SX
V0 L0 sy 0 0fy| |y*sy
Z1 10 0 sz O|lz| |z%sz
1 0O 0 0 1|1 1

STN 5 IE ML A B A B PR R AT A, 5 SBT3 O B U . IR
ﬂuﬁﬁﬁﬁ%%,i%ﬁﬁ%%ﬁﬂ%%ou*%ﬁ%%%,hﬂﬁ%ﬁ@@%ﬁ%ﬁ%,K ﬂ\
xl

’

r}%ﬂiﬂmﬁﬁ,{
S y

} RFFIEE R IBF AR 8 Frn.

!
| =
y c diiy f
Figure 8. STN correction algorithm calculation process
[ 8. STN FrEH AT Hid i

5.2. MiIRKERE

PGNet 18 3CH, TCL B4 N H Dice loss. HHTASCHE 7 I F R AU SR 755 8 A, Bk
RIS VE R, SUARXIR EHARAE /N, T Dice loss X /NSCARIABIA KL UF. AR SCRA CTC-Loss +
Center-Loss 1E N R EAT M4 (192% 2] . Center-Loss 7 T AR AMES, FTHERKEMFE S,y
WIE[13]. Center-Loss T2 F T UG IR ISR, IIZREHE PR N—AE 2 KI1E, mX+ OCR Rk
b, HAR B —NFARAIES, FHEM label Z A FFABA B0 F IR, 1 CTC-Loss A AR
U RIfROR T R R S8 I badease BZ3 AT, AR B — KAE SR AL RF 2, 5 5= R CTC Loss
+ Center Loss H)5VE AR SRR3R IBCH FIRFIERDS R FRZE, 715 Center-Loss, Fi1HHE 1) Center-Loss
gE LI DL R BIR G AT CTC-Loss KAl
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5.3. LGRS MERES M

5.3.1. SCIOERES

ARSI E 1 Fin. W AR HE XSS EH LIHIZNEL . RIZIATAT . 3 Je a4
BT A R RERF L 477 5%, AAFE R, ARDERESLR R TSGR R . &1
RandAugment £ 8538 5 NG 1L (L BRAS G SLBRITE ), S&IEA PR 1700 5K, HRHE PGNet W45 £ & 7
RIEER, HiX 1700 FREHE LM 8:1:1 HEAT R, 19 BIVIZREE . MNAEARELE . Horh 200 FRIGIEEE 1)
B A2 R BT YIRS IR I R, AR SOFE A AR S A ABE 7Y 45 B0 LE A e 42

FER K H] PaddleOCR HEZE, PaddleOCRLabel T B #E4T4RVE, Hor, SAIHERSE 14 .

Table 1. Experimental environment list

# 1. KWIMEIR

IR S48
CPU Intel i7-11800H
1 Nvidia RTX 3060ti
#AER S Windows10

Python 3.8

CUDA cudal0.2
Cudnn Cudnn7.6

REAIMESL PaddleOCR2.6

53.2. SLIREGER

W)

Xy BREE
210202 0.901

Figure 9. Identification result of PP-OCR algorithm
B 9. PP-OCR BEIRAI 4R

1: RC65328/2 0.866
2:D 0.982
3:210202 0.94

Figure 10. Improved PGNet network recognition results

10. BUHR PGNet ZRIRAIZER
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9 A PP-OCR BEHITRAMAIR, MGEIRKE, AT AF AR IR 5] (01940 2% e 32 R0 25 i SOA,
i It ) PGNet 2%, JLIE 10, RIS R BT

) 1: MY32006CB1 0.874
2:STK  0.855

Figure 11. Unimproved PGNet network identification results
B 11. REUHR PGNet MLZIR LR

¥ 1: MY32008CB1 0.923
2:6TK 0893

Figure 12. Improved PGNet network recognition results

12. idkHY PGNet 4R RIZ5 R

XPEEBE 11 1 12, ARl PGNet 2505 45 Bk 207 6 iRAAFEE S, I A RIEEE 8 iRAIA
v 6. HAMIRAEE R 130 & 14 Fiow.

~ 1: TKD600-DB12-02-01 0.886
2: A5 0.952

Figure 13. Other recognition results
13. HAiRRIZER
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1: TKD600DB090401/01 0912

Figure 14. Other recognition results

B 14, HAIRAER

i SEY AL, T JS ) PGNet [0 454G I 45 SR A0 43 1R AR B A — B0, i DA 270 W g 2 A D0 425 2R 14
e, RIRGS R 745 B A IR HOR R B L], mT DUS MR B8 A0 22 R R 1 D o

5.3.3. fFRuERH S

WSO RO, SR AP R R ) E R o, SRR 0 1 OL 0 F1 Dy
0 Q.5 S, CHMG5. X¥2TPHFEMERM B, Hk, STHRREMESE: AR
OCR RHMES, ZwrlReaAARE. JFEAT LL%4R Focal-CTC, ACE-CTC, MG & kA FREE MR

Fhak i
T, S R BB B FE TSR, T AT 17 R 50 ) 3 3 AR 5 A R A S B0 (O 4«
6. &t

ASCER X T35 N AR 7R 7R, 32 H B0k PGNet 4%, F]H RandAugment 1. H 34T
s s, HNT STN Hribsibk, {E4325 M SCORMHrIE S nvERf, oot TR, XM/ e
PEMEFE 4T H Center-Loss 1 CTC-Loss HIZH & . DA otk S A ERIE SR B LT, 185 TR R .

&E 3k
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