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4t 3 100029

B E YOLOV AR B WL ABLMNBFHEAZ — AL RBAFAKRER— . X ARBHEEAFERNAR T ARG T P L
FHA R H YR R AR 6 F A L3 T R-YOLOVS (Rotated-YOLOVS) ST Al A2 A, 4 sk Ak T 45 41 5 k49
A EER KB RGIARRE G B A S AL TP, Mk SRR A A A% 5K F 806 YOLOVS KA 45 % 4E M A 3 R R
W R R A e s B AR B A AL B Bt T AE L 3R T m ik A JE % 3 89 RIoU(Rotated Intersection over Union) 47 %
A LEIT LR A M AR, £ ICDAR2019-LSVT Lt R4 5 A S B A R /T L Hh, TR BRI F. R
YOLOVS # il s R A BRI A2 THEAY ZHOmR. M4 FE S5 Ak EML R ER A DMK, AL tesd, b F
YOLOVS & & #5465, R-YOLOVS #9420 R 5 4o Ml ik B 3 iR 4 T LA

KT 3 SLALALAE 5 B ARAR I ; AR B ARAP 2 W % Ak R 4T Bk &4 YOLO

REESES TP389.1

R-YOLOV5 : Auto-cutting, Rotated Text Detection Model
RAN Yu and ZHANG Li

School of Information Technology and Management, University of International Business and Economics, Beijing 100029, China
Abstract YOLOv5 model is currently one of the best models for object detection. To solve the problem of different lengths of
text lines, the inclination of text,light and shadow in natural scenes,etc. the R-YOLOv5(Rotated-YOLOvV5) text detection model
is proposed, which improves the YOLOv5 model to deal with the weakness in text detection. Firstly, the text segmentation model
based on affine algorithm is incorporated. According to the length of the string and the shape of the text area,the text area of the
picture is cut into multiple single-character blocks in equal proportions to solve the problem of poor effect of YOLOv5 model
caused by the text objects without closed contour lines. Then,using the rotated convolutional neural network layer, rotated max-
pooling layer and improved anchor box,we propose a rotated intersection over union(RIoU) loss function that strengthens angle
learning to achieve the extraction of rotation and tilt features. The original model and the improved model are tested on IC-
DAR2019-LSVT. Experimental results show that the detection effect of R-YOLOv5 are significantly improved. However, due to
the deepening of model layers,the training efficiency and detection efficiency are slightly reduced compared with the original mo-
del. Compared with other models,due to the advantages of YOLOv5, the detection effect and efficiency of R-YOLOv5 are much

better than that of other models.

Keywords Computer vision,Object detection, Text detection,Convolutional neural network,Rotation tilt,Loss function, YOLO
T stage A& 2 28 51 P 25 X B AR AT 00, 1 S8 A B H AR X
=

S, R AR BB 3% DX SR PN i B 406 2 DX I 28 0 4 i 4

BE & B Aran B AR fY & i N T X A5 B0 A Y Y S
A AT R B B SCER K B LA Y SE B N
FH 4 18 2% Rl 0 375 55 SORS 43 B B9 2803 iR 1 TR HL AL e 4
BT Z — BUE TR N AR O R T — RS
SCAS A I AR R T 5 RN R IR 2 ) AR 2 R YRR AR SR IS
Fil G 7 100 JR B Hh AR KA B L TR B 2 50 7 M A M T
A JT 1, FEA One-stage # X Two-stage #5275
K 77 ¥ . One-stage B2 o 0 3 1) B A A DA AL Jg AL [
A5 2 3 S5 TG W0 L e A DU 25 R CRL R o A R B AR A
25, L RIBEAR 32 324 YOLO(You Only Look Once)™ %31,
A5 YOLO9000"™ | YOLOv3™ | YOLOv4™' | YOLOv5 ## &l
5 SSD(Single Shot Multibox Detector) # #I Z %], Two-

WA VEE 3k # (zhangli_amy@uibe. edu. cn)

W21 500 B H AR B, M BB A4 R-RPN (Rotation Region
Proposal Network)"™ | CTPN ( Connectionist Text Proposal
Network)["' \EAST (Efficient and Accurate Scene Text Detec-
tor) 145 | One-stage B8 3 H 75 B2 — A 8 ] D) 5¢ i, 38 47 ok
AR HEAR , Two-stage A58 2 I 8 38 A P 45 S ¥ 4y o 7 SHe Jost 74
oA XU A 0 I s e 00 A R 2 A i 2 K 9 YOLOw5 AR,
S F AT A7 B AAS: I 28R B AL 2 — . {H YOLOVS
RETUATH SR AFAE A — S8 A, X T4 SO AR M 58 8 19 SO A
R AR A . A SCX YOLOVS B8 (g R J& 2 A k47 T ik
A TR B XSO KR T R-YOLOVS B, 2%
B BT kA T T -

(1) 5 % R-RPN A By JiE #% i % X 8 0y B AR,

210900185-1



Com puter Science THHEHLE Vol 49,No. 11A, Nov. 2022
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2 YOLOv5 &8

Redmon % T 2016 4 5 A kA T 45— A YOLO #LAl,
F BR300 1 7 X7 A% T RS KOIAE B P ST TE A
W A G FNIRETH R B B SR EEE.
O L A UG F 15 2 A 0 0 A - X R AE 3k AT NMS
(Non-Maximum Suppression) iz 5, LIRS T A K MAE . 2016
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Fig. 1 Schematic diagram of overall process of YOLOvV5 4.0
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Fig. 2 Schematic diagram of character affine segmentation
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Fig. 3 R-YOLOVS structure

FEJR YOLOVS BRI 2 8 h A angle_disfunc (Ff )&
JE8 o3 A5 I8 2 38 59 o A CIE A& 40 A LT 43 A 48D | rotate
num CEFE £ B2 43 FEO L tilt_num (B R BE 5 #$0 L anchor _
rotate (-5 JC 7 %€ HE BEF% 1 JE %0 .anchor_tilt(-& 7T 4 2 HE 5
FHAEANBO . i L A rotate_num 5 tilt_num # il i€ % &
BUZ b )2 5 MRk Rz oAb 2 0 f AN B B AR R
A BB . 2 AR R S E00 e e Ak 2 A
FRtAL)Z G S R HEAT B INCPH 5% 5.9 % 9,13 % 13 b1k
25 AR ED LB iR 22 8 R AT 1A

YOLOvS $E5 Hh i) il 5 HE 15 457 2% o S30808E #  AiT T 488 Hh
H-EJCHiEHE S RIoU i 2k bR 4% . £ A S %L anchor_rotate 5
anchor_tilt 3 J1 4 il - J0 4 e HE e 4% A BE %05 R A R A
B, 4 B anchor_rotate 45 anchor_tilt Xt 8 89 £ BE /¥ 51 . 9 P
Y g BT A ff W 2H 4 2R i anchor_rotate * anchor_tilt >
RAEH A, (6 R h &4 2 HEF anchor_rotate *  an-
chor_tilt 4> HE AR o 4 A i 5 HE phy HC0oF 17 9 B 4 4 3
Fwrhade . 7R3 AR P VR A A 3 0 4 A HE B L B TE 4 £
JE ST BN Al RE R R S O RSB
T L TR 0 B R HE A R SR

R-YOLOv5 £ R 4 72 HE $52 YOLOvS BB ) anchor_ro-
tate * anchor_tilt %, A& A B4 K I 3 BE S8 YOLOVS £ AL [

1

anchor_rotate * anchor_tilt °

4 KBWRERDH

4.1 HiETALE

A Sl ICDAR2019-LSVT H iy 4 hr 7 17 5 % BE 17
PG B, % 7.3 Bl A7 U R 4 O 4 10 ) 4. g IC-
DAR2019 $# 5 #9465 4L 8 R-YOLOvS fifi Al #-& oo 3
s ARG —id h “text”,

4.2 EMHIERR

mAP 5 F-Score J& W # & UL H A 4 0 5532 9F 4 48 45 .
MR AS 7] 8 15 1 B M 2 ) PR 2% . 3150 ith 48 15 A b il 62
Ry BB R AR AP H T3 & 2R BF X E L B mAP (E
mAP@.5 5 mAP®. 5.. 95 Jy H A7 & N % /™A 18 b
mAP@. 5 7 B {5 B B {4} 50% L)L I 1) mAP {8, mAP@. 5.. 95
B 45 B BN 50 % ~95% i mAP i,

F-Score AT I o0 1 B R 5 14 11 49 i ASCJE A 2 8
Macro-F-Score 4%~ 2 5 1Y F-Score MY B K341 . # H
i) F-Score 2§ F. 5,F1, F2, H v 73 [a] 26 [ A% 7 43 1) J2 o 1 26
M 0.5 5.1 55 2 5. AR W3R 5 00 0 2 00 K (5] I 47
LA A6 47 .

4.3 A%

YOLOvS BRI I Zh 45 R 3R 1 ¥, mAP@.5 §
mAP@. 5..95 7E45 2 A BIW{E ./ 31.39% 5 11. 63%, 5
WA, A H mAP ff, F-Score U 45 1 % B 45 5 %

210900185-4



88,55 R-YOLOVS : A 3l D) FEI A4 JE 5 i SCAS A I AR #Y

B RS 5 Rk B (E , NI ZRFE 26 6 S &k,
R-YOLOvS I Zgt Kt 2 Fra 4845 7 #815 F-score H
PP, A I SR 1 FE 5 8 B
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Table 1  YOLOV5 training results

Epo mAP. 5 mAP. 5:.95 F.5 F1 F2
1 0.2658 0.0898 0.2186 0.2791 0.3858
2 0.3139 0.1163 0.2659 0.3307 0.4374
3 0.2666 0.0904 0.3025 0.3572 0.4361
4 0.2138 0.0689 0.2996 0.3527 0.4287
5 0.2401 0.0800 0.3118 0.3685 0.4503
6 0.2166 0.0700 0.3046 0.3599 0.4397

# 2 R-YOLOvS5 BRIl gR4h
Table 2 R-YOLOV5 training results

Epo mAP.5 mAP.5:.95 F.5 F1 F2
1 0.2572 0.0610 0.2377 0.2946 0.3873
2 0.3299 0.0945 0.2727 0.3329 0.4273
3 0.3966 0.1359 0.2931 0.3547 0.4490
4 0.4332 0.1607 0.3171 0.3783 0.4689
5 0.4473 0.1716 0.3291 0.3903 0.4794
6 0.4593 0.1807 0.3371 0.3985 0.4874
7 0.4607 0.1804 0.3362 0.3981 0.4881
8 0.4608 0.1819 0.3391 0.4005 0.4889

P51 2K (L A9 78 At S5 DA 00 TG R e T I e R L 1O A A
SRt BB AR 3 FTo, HF R-YOLOvS #4551 %t 84~
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SR BE BT T AR 22, VI T 7 R D RS 0 E BB RE R R
(B 45 SR PR R AE i 07 o ELJE 5 T DA Y S AN SOARA T HEA T A T

T A RO 5 AT 4 B L [F VR T R-YOLOVS 14 463
HE 2% {8 (Box_Loss) 5 B A5 B A7 B 41 2% (5 (Obj_Loss) ¥ & T
YOLOVS, RIoU #6 M HE 552 26 (B M 25 1 %8 2 56 4 % 2218 B AR,
RS ARFEAAE . NS A PR e E A T S B, FE A
MXESTET B EE NI,
%3 YOLOvS 5 R-YOLOvS # R )I| Z seh F2 464 26 8 %) He %
Table 3 Comparison of loss values of YOLOv5 and R-YOLOv5

models during training

CloU_  YOLOv5_ YOLOv5_  RloU_  RYOLO_ RYOLO_

Epo BoxLoss  ObjLoss  TotlLoss BoxLoss  ObjLoss  TotLoss
1 0.09450 0.07077 0.16527 0.11640 0.15350  0.26990
2 0.07630 0.07598 0.15228 0.10610 0.16390  0.27000
3 0.07326 0.07392 0.14718 0.10380 0.16200  0.2658
4 0.06887 0.07110 0.13997 0.10120 0.15880  0.2600
5 0.06604 0.07015 0.13619 0.10050 0.15830  0.25890
6 0.06396 0.06920 0.13316 0.09939  0.15740  0.25680
7 — — — 0.09853  0.15530  0.25380
8 — — — 0.09875 0.15660  0.25540

AR SC U AR A SR (B 2 R R AE AL I R R 2
A7 MRS T NS 1 AR B0 5E 8 Fo A I S R R T 4 T A P
1M YOLOV5 il 2 1 35 22 28 18 [ A1, YN 25 W7 750 1%, AR B b
AHG I SBCR PN bR E mAP K& 55 2 48 T an i U AR 1 38 3
PETF R,
4.4 YOLOvV5 5 R-YOLOv5 izt 2 8 3t Ltk 43 47

AL DX A &R X T U 2k 4F B9 R-YOLOvS Al
YOLOvS #4745 R sk 4 751,

4 BRI EE R
Table 4 Models testing results

Model Precision/% Recall/% mAP@.5/% mAP@.5.:.95/% Macro-F.5/% Macro-F1/% Macro-F2/ % FPS
SegLink 71.03 19.02 45.92 30.01 22.28 0.85
EAST 75.67 19.23 47.68 30. 67 22.60 0.56
YOLOv5 23.51 55.73 31.39 11.63 26.58 33.07 43.74 11.11

F 45 2 %+ YOLOVS 30.43 57.00 45. 64 17.93 33.56 39.68 48.53 10.4
R-YOLOVS5 30.77 57.33 46.08 18.19 33.91 40.05 48. 89 10.4

A 25 SR T LLE L, R-YOLOvVS A5 8fy 4 0 2% SR 1
YOLOvS BTG R K M 25, i T 745 05 9 43 B BOK BT A
SCAR IR A 43 Ay B TR AT U SR R D 25 R T A SO HE
BIh— A4 A RO TR I A JE AR KO R R
X ASTRY 5 (DA HE S B T RRAE SR ICRE ) AR I ARCR A R
1o il AL 00 A AL Y R SO X3 B e (LI 3)

YOLOvVS Hy T304 B A5 H A TF B B A9 47 i, B A 1B
IR CTE B LD B B, PO 8 HE R R 40 B R, LA B
R 5 8 AE S AT SCAR MR KRMERE . R-YOLOVS H &5t ¢
FE05 5 43 1 Ab 32, B AR R B 45 A SCFE IR R R BOH AL
H 2 3T BT B BT IR i A AT LAAR 7 806 SCFE IR AR 4 AE
TERB b B T 0 B e HE R AR A o R 22 B i e
P K T E N IEAE, S e T LU O,
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iR Fu

(a) YOLOvVS (b)R-YOLOVS

Bl 4 YOLOv5 5 R-YOLOvS5 £ il 25 5 4t e A
Fig. 4 Comparison of YOLOv5 and R-YOLOV5 testing results

(a) YOLOvVS

(b)R-YOLOvS

5 YOLOv5 5 R-YOLOvS 4 % HE X b [
Fig.5 Comparison of anchor boxes of YOLOv5 and R-YOLOv5
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