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Abstract

Aiming at the influence of the same color as the background area of industrial parts and uneven
illumination of the steel embossing characters, there is a problem of poor efficiency and precision
of traditional computer vision algorithms to identify steel embossing characters. This research
proposes a steel embossing character recognition method based on YOLOv2. Through some basic
image preprocessing methods, the steel embossing character data set is expanded, and the fast
and reliable deep learning algorithm YOLOV2 is used to automatically extract the features of the
image to realize the recognition of the steel embossing characters (including numbers and letters).
Compared with other traditional image recognition algorithms, the experimental results show
that the accuracy of the network model for the identification of steel embossing characters is
98.6%, and the average processing time of the algorithm is 0.3 s, which meets the accuracy and ef-
ficiency requirements of engineering applications. In addition, the output of the model is im-
proved by using the character position information, and the correct production label can be out-
put directly. It has good stability and real-time performance in industrial production environment
and has certain application significance.

Keywords

Deep Learning, Character Recognition, YOLOv2, Target Detection, Image Processing

ETREFIYOLOVE LR
Wit EEDFEFFIR AR

%§?17 %#ﬁl’z*’ ﬁ- %517 % %17 ‘T’J‘Hkilkﬁ

TR LS R SR T T
SEAEE

XESIH: WET, KEE, W, R, Fhe BRTIREY ] YoLov2 BRI EED AR BT AL THEALE
2% 5N, 2020, 10(1): 126-135. DOI: 10.12677/csa.2020.101014


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2020.101014
https://doi.org/10.12677/csa.2020.101014
http://www.hanspub.org

2TV IS SRR E S, T T
TTHRANBERENRAHRAT, T AT

Email: "xjzhang@gxu.edu.cn

ks HEA: 20204F1H1H; FHEM: 20200F1H12H; KA H: 2020014 19H

R

B DA MM LR PR SERXBRAGADCRA RN, A5 EALEE S R A R 74
FEMESRBENEN S, APFRE —FE T YOLOVZ KR EETFRHRFI . Eid—FAkm
BRI XY TN EN RIS, A RE R E % S FIEYOLOv2 5 B3R BB R HRFE, Sk
X NEN PR (BFEH A F )RR BT HMERKBGRNEE, SRSRRY, ZMEEL
X EN A RF IR E 1598.6 %, I FHALERE80.3 s, X8| T TEMAKEEMBEER. It
5, FIRFRAALE R BB pf AT B0, SCOLEERM N ERAE RS . ETWAEFRETAE
BIFHRRE MR, AN R .

KA
WEES, FARG, YOLOv2, HimiWl, @it

Copyright © 2020 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

M B i R b, AR R AR EARTEANE AL S, RN 18 T 0 A4 )
IR AE BEHIEER, BN 1 7 E R A 5 A LA A A] (1 DU 1) REUBEAT HE4% o e B2 455 2 1) FH A0t
VIR b T ), SR, R AN B B 8 T o] UK AR L AL, AE Tl AR = 45 DL 32 B
F o XA 88 2 KA B i A7, ARSI N LFe A7 9w 5 1 7 ik fR AR &= 15780 /), [RIIR
KIEK T HEF=I 8], B2 5 S THENE R ARAW R, ST T AR ST, o> 1
Tl AE =X N T . B4, B T Gedb 2 7= ik e BRA Wi =y, 78 Lol AR P= iR ) 75 )
PR AT 00 s B A 5 AT L SRR

EENFRF S FE TR BRI TRE - REOCE TG IR, EEFAREE S s —FFn,
DRI T 3% 7 55 6T LU FEANEE B, T HAE B 4% 270 1) T A P23 88 T, S IR S L SR IO B
A7 B AN E S5 e, X LG ) RN R BT AR A AE R . PRI, AR SRR AR R (AR
DEC[1])JevE B4 S T390 R B0 = 55 B3R 00 o o Rl AR s B AR 0 o oA — v i) B A dar AT
%o BRI RN 28 T e —, e S BN R AT AY, SRR B I )i S
XA AT R 25 . A% R I B AR K 5325 & DPM (Deformable Parts Model) [3], Hi#id HOG (His-
tograms of Oriented Gradients) [4]FFfEHEHL, K& BRI EGHFEIE A%, FIH SVM (Support Vector
Machine) [5]i#174r28. DPM FEAT ARll[6]15F H brAs AT 55 EA B RROR . BSE b, XFER 77Kt
FHRAEG T KT N T, SRR R A B,
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IR, BEEREGHMAMEIGE, BRI S DR TF TR EsCER7] [8)HEA
TRERE . BRI HEAT B BRI 0 77728 5 TRk X8 7715 . Girshick S5 [9 132 Hi 1 X A5 71
FEE P28 (R-CNN) S M PG AR R B M A R BVA[ 1 OB R BRI X 4k, PR b vl R 26 A 22 I 25 25 T 2 DL
S AKX I, (H, KT Mg DX IS 75 X A W4 AT BB, AEREEE N, S0
BN T E AT, TR T BRI 2% (38 . BEJS . Girshick [11]4 H 7 PRI X S5k AR 40242 X 2% (Fast
R-CNN), B CNN [4mhaefiE B rp g B s (X 3, 732 n] DI as AL, AR IE, i
HIEF S frame/s. SRIM, Fast R-CNN {/5R HE RS REVERSEIUEE X I, THHIERAH S E A NfR
X —E, 2015 4F Ren Al Girshick [12]4 H 8 PR X I AU ZE N 45 (Faster R-CNN), SR TIRES TR X
BN ZS(RPN)RFEE H ARk X 38, 75 RPN 1, FilE ¥4 55 (Anchor) FTHE(Anchor Box) il H Ax /8%
HRX 3 (Rol). JEIE 5] N RPN, Arllfg BEFLE A A frid s L4 Faster R-CNN [ EIEEAH TR KEEF,
{E AR TCIE e SERT A I EE SR, TRIETE 2016 4F Redmon 25 A\[13]32H T YOLO (You Only Look Once)™
%4, FEIRAFRN BRI, TERE M R EEEE, [BIE HARERRI B P A B 5 R, SEl
Ui B0t K] B BRI AI R o A B I F50% XS 7%, YOLO BT B A e H AR X3, T2
KGR l— Ak X I, i st Rl o0 R TUAS NS, AR5 18T CNN SRAIWT R — AN XS0 B A77E B AR, TR
W E BRI ALFAE, X ACRITE T BUEALBELIRT A], Wi 2IA S T 45 frame/s. 448, YOLO 7EI&FHE:
IS 5 P RIS RE A RGBS, 2017 4E Redmon 25 A[14]3:T YOLO R4&#H4T— R Mo T
YOLOV2 W%, HAEMFRARNEESS 2] 7 BESE. N VOC 2007 HdEE ik inGAss RRE ,
YOLO v2 HIERIR N 76.8%, FillidfEmiA R 67 frame/s, /2 T S2i:, 78 H ARSI AT L H 4

AW T — AT YOLOV2 W48 AR R ED AR AT E, di G BB BB 20, %
R SRR i B Tk A = 2 ORI A 1R AR A BRI AT TRAR B, AR BE 2 JE ) EE AR e
YOLOV2 MZ&illlZk, 2] 5 RFRFMHRIE, X RrkT /0 R RS2 7/ EE R, I EIE %
AR R BAS BT HE P B, RV RTA3 BN A AR =S, SEDLSERT b, PRodHh . e —
B AN BB A 02 P AR S

2. RAHFGE
2.1. ElfgmsabE

2.1.1. ARFFIE

M TAMEAHLER I AT s B 7 A SR s BRI P 1) o ol 78 i s B 7 1 R o 2 Hh B 22
B AE S B A7 MBI R b A S8 xS 2t B A0 TR A i R, 3Kt 7 0 - AT AT TR
RLIE o R AL #(Hough Transform) & B (R A B i — ks Rs € FEAR B BOR - B I _E e — P k- i Ag 4t
LRGSR D SHE T, B G TR0 E R KR BN iz E IR R S 1
NERAZBEE R . R H AR T ELL, BUANE RSt al HIT6F 2R R0, 5] S G
FRIANHG IR o 7 AR A I B LR BAT 32 ELE H I RIS i N AN ST IRk s O e LR B BT E
28 I (e, p) AT AR, IR R B B ELA AR P IRIE R y = ke + b L AR, b W)
AR K b =—kb + y, RHER(x, ) Het 2] k-b ZHCERIN— K HL, BBZRNEL L2 A0 RN
FEZHCE A L2 2 HEM A T ri, S HUE R T XA O T AT DR (814 31 i B4 B ELZL
MRS ERAFIOAE T SR G RS i, TR AR A I B 46 i S R B B P i KR IR, AR A T %
KELBRALEL y» SRR —y RIAT. S95R WK 10,

Hsh, BEGAESKERE . SRR & L AHE E R OL, W 1(ofn. N T gt Hdadets
APEEATE I, it E X L (8 B R AT 1807 HUBERe A B, S5 R WIA 1(d)FTm.
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Figure 1. Tilt correction picture
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IR PEAALER, SR IR AP e e 7, RIS 2 R I AN R IR B ok e AP IR [15] 2 —FhallELk
YERG I Tk, SRR bR R PR e . HhEREE N EREENEO W, KBEON
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Figure 2. Image enhancement effect map
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VTR 2 T Perez 25 164 th O3 TIERA 77 RR 10 PR GiB S, ot SRR 2 2R Q) BRAEL W B, 40y
FAT R T SRARAZ A
S

LT Al =1 @

o

DOI: 10.12677/csa.2020.101014 129 T LR 58


https://doi.org/10.12677/csa.2020.101014

X, ORERTFEG T FEEM SR FEHXIER, 0Q N AZ XA, V2EEQ EREERE. R
RPN ES, HEE NV, RS 2 X LA S 5B AR A GRS
EUG A SHEM SRR, SREEE BUSERE S V 51 S OB B/ 248, IR 2| this 3 580 Jo 4k
Rl RO o 12 7] R T DL AR RSCR B BRI o R 1 SR Ak SR i aia i R, wnsR(3) s .

Af =divV, fl,, =17 )
XA, A AR RIE T, div MR . AR A LS TR A5 3] 2000 1R FRFEG, H
1600 TEAVE N IIZREE, 400 TEAVE NI EE .

2.2. YOLOvV2 [RI8

2.2.1. YOLOV2 W4g &5+

K43 H bRAG MIHESL 5 F AR R = 1 VGG-16 [1711E VRIS EUN 4, {2 VGG-16 M4 450 5 4% H it
HEPE K. M YOLO KH ML GoogleNet [18][IM L 454, MET VGG-16 15, HHEEW/N, (HAEH
HIAKT VGG-16. 9 T M5 2% B 5 o 26 DUFE T+ N 28 ksl £ g, YOLOV2 X YOLOv1 #4717 ik,
KH T HI M 4% Darknet-19 1F A W 255 2 K3 AT RFEFREL . Darknet-19 MZGEE T 19 NMERUZHS
MR REMAE, KFBRT YOLOVI HhifaiEsE, B8 THE 2GR . MELETE NGRS SN
Batch Normalization (ft 5 3 —1b) H 55 Bk I 45 [ dropout, 1X AJ DL 3 5038 X 28 flse sk, 98 B R 1E 0
AR, Bk iEr

T YOLOV2 FIAARS K BN FF R R 28 g ] 3 i o K503 —4k 8 608 x 608 K/ BIEHH 3 1)
BGENRN, RAZA 3x3 B8, B4 — Kb LB EAR S5 B IE RIS 545 T network in network
[1O1FFEARL, A5 FH 4 o P Bt AL AT T, K 1< 1 B RUZ B T 3% 3 AU Z [V HEAT 28 & 454 DU 45 45 AR 1)
FFIER R . Z20d 19 MEREM 5 Jattb /e, BURFEEA N 19x19x1024 FIRHER, HA 5 13 N E
Hi) 3838 x S12 FFAE KA it — R B AR H A 2 J5 /3 B 19x19x 256 (HFEE], KI5 19x19x1024 IHRFIE
kTR G, &EHSEMESERERRANFEE . @R INEFE— 455 2 (passthrough layer)$7%
JERFAE EURIIR JZ R B AR 12, 159 B AT AU B T LIRS B8 47 A i har P SRR AE
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Figure 3. The network structure of YOLOv2
[ 3. YOLOV2 KL L5

2.2.2. AT

YOLOV2 ZEXH 4 s B A Rl i i Rt v, 2B BN S N PR R 93 1 S = S TR, BRI A% 11
TR HH O R VA FE S I SR o [FIIF, YOLOV2 454 % Faster R-CNN [FE4H, 5] A\ Anchor Boxes
JEIOHE, AN[AT Fast R-CNN 75 2\ 5 3 Anchor Boxes, YOLOV2 K f] K-means 5828 7515 B di 52 1)
N LHRCHEREAT I HT, 7€ Anchor boxes MIEUEFN KN, 5 i 1 W 1 Ja] B A2 B LA — 5 He A3l 1)
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Mo A, MR I B AN FHERIZ LA B AR L0 8, AL TR S 1z X O S i fr
BHx,y), mEh TEEw MEEE confidence X 5 ME ..
BLAF R AL S 15 B A K R DS HE TN B HER AR B, kS Ay
confidence = P(object)x IOU 4)

pred

A, Plobject) Fanil FAET A LA SIS R, AHBUEN 1, WEIEFE confidence T 10U ey HIHH.,
AL FHE R B LSRN 5, Pobject) BB 0, W EAZFE confidence FIHAL A 0. 17 10U ey Fom il
AFHES RGBS FHERM ESRRE, HatE 7208

Area( pred) N Area (truth)
Area( pred )\ Area(truth)

RT3 FHE 5 S Ih FEAE AT 5 T AR ) A R LE 1 9 3 (1) - 4E (Intersection over Union), ZfEEEIET 1,
KM E N ES RS A, TNGAHER — S0 1K B 15 7320 Conf; i v] Ll :0(6) #4771 5 .
Conf; = P(class, | object ) x P(object)x 10U
= P(class,)x IOU ")

pred

ELAE 7 BCRAE TN IL FAE 3 A7 2 — JO R SOUAE AR R HEREE . 23 E, SA7AE C I, M
2R ROT N Sx S x Bx(5+C) Wik . R8BS B RDN, SRATAERORAE A (NMS) i 126 3845 B 24
ihE Rl EEE S

2.2.3. M so#

FEAG IS R i, O 7 R RS I B 1 7 R 4% AR P b 5 U AR 7R PR R D0 380 6 2 4 0 LA
BB B HE NN BRI TR, AR A B4R, NS BIHER I A P bR S . R 5
i BAZ AT B HE 1077 SRR AT B, AR UK LU AE O R I B A R A B AR SR A B K, 254
FEEE i A B L HEAE S8 i+ | ALK, B AT A #, IR 7 B g e, (RIS A5 206 L 1) 7 4%
AT (3, B A5 200 BAS B MVNEIR I 51 AN3% A P bn 5 A B (7R FE 51

3. TREREDHh
3.1. SLIEF &S

ASZIGRAE PC 4 E5E R, PC Bt E A CPU Intel Core i7-6700, {iK/GPU y NVIDIA GeForce GTX
960M, 8G IZATHAF, YIZRAIMAHESLY) N Darknet.

KT MK SEBEE T, B > % (learning_rate) N 0.001, K steps 2% > i 5%
(policy): FFIEA—RINZRIIFEA K (batch) v 64, i KL E (max_batches)ly 10000 X % >] FAE %
RIRECH 4000, 6000 I, 75 J7 S (I FEfifi_E P43 503 L 0.1, 0.1; 35 (momentum) Y 0.9, TE & 5 % (decay)
A 0.0005

3.2. IMZk

X YOLOV2 W24 FI il S A N4 T B3 A5 U0 S8 — 38, IR BT A5 Y 1 4 IR B RS 7 1 Rl
HOR o ASZIGHIH] Labellmg B AFXT IR BrA B v ERIFAFT B BAHBLRORRAE, A2 s — iR R Xt
JS2Exml SCAF, SRJERERE S xml SRR txt SO, AEAERRREME B . e A I B 2801 YOLOvV2
W28 X Y FRERAEA AT U 2R

YOLOV2 M4 7E N ZR AT LLdE I v 545 K R B Loss SKRAIWTNZRIIBER, tHHTEESEX )Rt

10 Utmth _

pred

6))

(6)
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Loss =40, ¥ 3 (5= + (-5, +zm,d§i1:i{(ﬁ i) (B A

i=0 j=0 i=0 j=0

52 B " 2 , ) 52 A , (7)
+Z(;Zoli{jf/(ci_ci) wobjzzlnm/<c C) +Zlnl IZ: ( ( )_pi(c))
=0 j= ceclasses

Horp, 17 FoR HARKW R ijﬁ'flfl#‘%$7m¢ 127 RoR RS HTT i AR j A B bRl SE. A,
1 FoR A% BT PR ES NI THE, HAELS BAR SRR A, 9 ARAAR O 45 2k
o Aoy WA ﬁﬁﬁﬁ’]lﬂ*[?ﬁ{'ﬂm’]bﬁi%ﬁ; Xn Yiv Win ks Gy op,(c) MRS i FR T H AR
BOFL AR . SRS, KRR, 5 9y W A Co b (c) SR @ ot E RIS MRS K I
Sl AT IR R 2R rEO((k+C)><S2)’ FRER — AN BRI R . A5 BB RINZRRCR, )
H Loss [H/R AR/ o

YOLOV2 MZAEIZRid e iR 1 2 REEIZRAEnE, ARG T ke — IR R R T N, A
PE RPN ] o R BB B 1 o (6] YOLO v2 WIS 7E AN 1 B 4 I R A2 )1 kb Bt 5 3 AR 3L
BEINP R F P A AR A I ] 4 B, A AT U H R 25 Y SIos BERLER, £EI%AK 2000 R4 A N
RS, ZJEATHEAR IR, I H Loss HMORBEILT 0, WIIIZRI R B T k.

5
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Figure 4. Loss rate curve

& 4. L RHLL(E

33. MIAER KR4

AHI SR BEME AN A A 77 A 5 R 4 B AN A BB AE IR AR S, 43 7K H LeNet-5 [20]#1 SVM
KA REARTEBEAT I ZRAN 3 U], X 5B CR B YOLOvV2 J7 ik iR ROR « ik il 22
(Accuracy, Acc). fBH1E % (False Positive Rate, FPR). 7 [A]% (Recall). &l #.1iE PG FE RS (Time) &34 5
AV REFEAR, W 1 Fios.

Table 1. Performance indicators for recognition assessment

= 1. ARG REER

77 ¥ (Method) FEZA (Sample) WA S5 655 (7] (Time) TR # (Acc) B FH 14 2 (FPR) 7 18] % (Recall)
YOLOvV2 Bl ER 0.3s 98.6% 0.16 0.97
LeNet-5 BN R 0.65 96.7% 0.19 0.95
SVM ARG 0.5s 93% 0.21 0.92
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WRT %

MEATT LA, KA YOLOV2 J5ikad AT O, SRl BT 7 246 9% 0.3 s AUIFTA], #ER A2
T 98.6%, AT FI IR IR R) 2> T HAR g Ah 7 0%, T HARA) AER R EEBGE . BEAh, YOLOv2 [ fBA
LA PR T IR EAR, T [l T A PR 5. eI AE SRR W], SR YOLOV2 M 28 45 AL 4 44
i B A5 EAT IR A RO AT i R 9 A2 k2R 7 B SRR R oK

K YOLOV2 X404 s BN AF AT IR A SEBR ORI 5] 5 s HIEAT L, YOLOV2 JEAREX £ 7
AP BEREAT 202K, JF HAERUER AR IR I & AT I AE O AL B o X T — L8 RR AL A 545 an “8” A1 “B”
WEEHAER IR ok, TP “C” A “D” SAFEREA “0” BINEDL, 70 M R R AT REER VI ZR AR
KA K

Figure 5. Recognition effect map
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I, YOLOV2 SR F BG4k 2 UG AE SN, Kot B Rty th— S e A b B, o 40 B4
BN LR AN T IS AT D 0 v (B B AR 2 R HTML 15 PHP H1%5 & #1/E 5T YOLOV2
(IRR R B 7R &, 7T LAZE R T E S RSBl — R B A b e, 45 SR e 6 FoR.

4. &g

B2 VR BT 2 ST RN SRR 42 %, ok 2 B T TR . R LS R S S T 8 ke, 3%
T 1 ) 2R A 20 A S T 4R T 9 LA P AR SR 4 RO . AW S0 1B Rt e S B A e v 1 £
YOLOV2 BV R T3 AR E 2 AR, Sele s R W1, 5 Hofh (92 LA 7 2 IR ) 0941 LeNet-5 Al
53282 SVM MIEL, YOLOV2 (iR BIVER 268, FLEEVR A B A1 o RIRE, 3 3o o9 26 H 45 L 0
E, AT LR BE R B P IR R PR AR S, S 7 B {5 4 2 R AN R F AT IR, BRI A (b
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