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Weld Image Detection and Recognition Based on Improved YOLOv4

Cheng Song, Dai Jintao, Yang Honggang, Chen Yunxia
School of Mechanical Engineering, Shanghai Dianji University, Shanghai 201306

Abstract To address the problem of low detection accuracy and recall rate in YOLOv4 of weld X-ray flaw detection
defect maps, the YOLOv4-cs algorithm is designed. The algorithm improves the convolution mode of YOLOv4 and
greatly reduces the model training parameters; further, it improves the accuracy of model detection by removing the down-
sampling layer and fusing the feature map obtained by the second residual block in the 52X 52 feature layer.
Simultaneously, K-means is used to recluster the dataset and modify the priori frame of YOLOv4 model. The
experimental results show that the recall rate of YOLOv4-cs in identifying three kinds of X-ray defects within aluminum
alloy welded joints significantly improved, its mean average precision (mAP) was 88.52% , which was 2. 67 percentage
points higher than the original YOL.Ov4 model, and the detection speed increased from 20. 43 frame/s to 24. 47 frame/s.

Key words image processing; deep learning; internal defect detection of weld; object detection; YOLOv4

I

BRAS B AR EAT 9 R e T P SR, PR
PRAE VI o BRI 25 o0 K GRS 2 1 iz e
M TR R T A BRI RS SR A S
PRI AL R el T R AR B S IR B
B Sy A A A = A TR AR E N TR B
WL e o AR SRR R AP YRS AT i R R Y
S, ST A e R v B0 5 BE IR AN B IR H Y
AAEGIE AL e n IR A E R PR I
R D) G HORIFIE o N A SE 6 21 F R R X 3 A 4%
PR IS AL S TR ke o R AT A S R o Tl A AR R
JH 55 4 A AR 4 1A 980 0 o R A A 0 3R (LN T AR

A 25 L A7 K N B KT R 5 B T A 5 R R A
I T AR K ELARG I A S Il i, FLRf 5 T 5 AL
B G A R AR DL K R iR A R — b ox AR 4
X SRR 05 i B 1) B S I 5 00 0 RO

R 2% 20 SR A N G RS 3 p AT 40 AT 55, 1
PR A7 A 1 0 2 A IR ) I B, A A A B I A T
PR Tz W . 30 B bR K ISR AT Faster-
RCNN"' . YOLOv2"  YOLOv3"" [ YOLOv4*"%%  H
T YOLOvA i 6 I 3R B LS J0ORS ff 5 5 1 4 )
A o AR IRERIXE /N H bR i B R RS BE A A
WURAL, AR 2% 3 UEAT T M e ot S ek ik . B0l
BAEEET YOLOVA P48 3547 1 AR i el itk $ i 1
FEEGE D G B AT B 4 e bR ERBRSE R T —

KRB 2021-05-06; {EEIAH: 2021-05-18; FAHBH: 2021-07-05
HEETR: FEAARR¥ES(51809161) g [ ARl 34 (18ZR1416000)

EBEEE: chenyx@sdju. edu. cn

1610002-1


https://dx.doi.org/10.3788/LOP202259.1610002
mailto:E-mail:chenyx@sdju.edu.cn

Fli 3 T ButterW orth I8 I A6 59 85 5 4% Bl f 46 00 7 32, 1%
J7 W5 A SR T A A 0 TR R SR R R R R
SN SR B MR AR F AR BE AT T o RS A
B TR R A AR C 359/ 3R 2 5307 o) T3 T Bk s R 2R T2
BB BEAT R o X R AR A P R Bl B PR A B G BRI
THALEG, BRE S 55 BIEAE 28 B AALS
R AL A (B T T, T R DX el ) K (R O BT
N GAT BARMESE B, 3 B0 IR 46 79 YOLOv4 W 2% i
7 Bl b 4G I R 2 SRR A . IR, 52 2 SR [13-15 189 )3
R ARSI YOLOVA W 45 S AT S0 E | o8 455 8 0 <AL
e i 5 AR B 3P A A0 R AE SR IURE 7, 4 g X 3
SR I8 14 R 0 85 SR R I T HE o

2 YOLOv4HE

2.1 HEFEE
YOLOvV47E YOLOv3 [ 3= T R ik $2 R 2% i
oo CRRE A T E WO SR B Ty AT T e S
b A5 TR A A T S R 5 ST BORG o B {1 (mAP) fp 3 42
Moo YOLOv4 F 2 3@ of £ F #2 BCEE iF W %
CSPDarknet53 5 i 5 FEAE £ B 28 PANet X i A K]
& JE AT FRAE $2 L, % $E U MRRIE 2 5 A YOLO
Head 2 #E 17 fift % -4 H 55 2 1) 100000 25
CSPDarknet53 17 4¢3 15 Darknet %5 FLU6H R AE 3 17
A5 2 B, H UG 2 — FR A A B 2 e M S 25 40 B Lk B
K 18 B R A, R Je X 32 T R AE 4R B 4% i Y £
45 B AT B R AR I i A PANet 2% HEAT R AF $2 B 5
FEOE R o I R 4R N 2 () A 0 S 3 0 b SRR A
TR TN B SCHYRRAE AT R G, S BLRRIE &
S | Y RV S SN R T = E R vy oa Ui OF 37 R
2.2 HEEH
YOLOvV4 B F TR AEFEEUM 2% CSPDarknet53 1 H
F) S Mish #0005 PR, Hge ik oh
Mish(x):xXtanh{ln[lJrexp(I)}}o (1)
B 1o Mish #0006 sR B . R T AT LLE 300G
6

-2

-4

KI1  Mish i pRi %L

Fig.1 Mish activation function

F59% F 16 #1/2022 £ 8 A/HASBFZHE

PRI RS S B 1 Ha A ELAE o B R A BN A, T
VLA 50 A 75 R R I R (R A R Y 3 2, AR
HA Iz ene
2.3 mEKEH

YOLOv3 1Y i 2¢ ok B h = 7 2r 4t 6] ok €
YOLOvA (451 2% ok B0 % 1 7 & W B 4% 5 anchor [8] (1)
B E B R ARSI, U YOLOvV4 5 2% BR 5 Y 3% 18
B2 WS

(A,B
L(*I()U:1*Rlou+p<7?)+a"0, (2)
e
v
-, 3)
“ 1— Ryt (
gt z
) w
v=—1/ arctan — arctan— | , (4)
th he h

R Riou S HE R 22 1 S (20, 30 ) A T A (200 y2)
AL BRI 5 0°( A, B) J2 B S HE AU AE (14wt £
DR FG BB 5 ¢ A P A0 B % A 4R B B 5 a R o 43 AR 3R T AR
5 2 8005 A K T8 L — B S w  he O B HE Y
B 15 5w h ok I HE (1) FE R o

3 YOLOv4 B3 iy ei itk

3.1 K-meansE %

YOLOv4 B e 56 HE 2 78 VOC B ds 45 L R 545
B, AR G A AR AE B BE B T/ B An i YOLOv4 #2 A
B S B HE AN TS F T80 A A A4 IR BB A . oA T
S0 HE 5 B ACHE B2, AN 5250 4 SR FH K-means 2 26
R B AR A XML SO AT IR R 2. Lk
HLE £ 9 anchor boxes , H3 # 0 & #5 VE FE A B 525 5
5 B B9 XML S i 58 5 A b5 1 4E 2] 5 > anchor box
B R, HIEE S de , Md=1— R HEK
B—AHE B, BEBGR 2 fit /N anchor box , ¥ 1% A5 1 HE
ARG T B R T HE AT A A B R B = 2R
54 A 1 HE 19 T8 =5 (B R ZINME A anchor box i 19 R
SfLEE LRSI, HERTEEN S IORNEE . AR
S5 g A BT [ RN R 416 X416, £5 G 75 18 3 Fl
J% S B 1 R /N R AR AR L 3 b A Ty ik X
3HREE[ (13X 13) (26X 26) . (52X 52) J4H-1E 2 43 5
BWIFORRE[(172,16) .(84,14) .(36,49) . (24,24) |
(32,13) .(14,26) . (18,17) .(13,13) . (9,11) J A5
HE . K-means 524 5 1 e 50 HE 09 a2, gl 7 A8
RN S5k 85 R 5 2k ok B A I B30
3.2 MELEHMRIL

TR R RS A AR S R B R I B B SR R X
T R AR B IR £ E AT T Rk 1 2 Sk Ok I R I 45
HE4LIA

P 2 i 5 5 AE 45 B 2% PANet H i Conv S 1X 1
B, 38 312 UG 32 T R AR 4 BT 28 i BRI Y R AR
AR B H T AT 3X 3 B A Bk IR W] A B

1610002-2



$£59% £ 16H1/2022 F£ 8 A/ EBFFHE

type size output  channels
[ inpur (416, 416) 3 |
[ Conv 33 (416,416) 32 |
1 [ residual block (208, 208) 64 |
2< | residual block (104, 104) 128 |->ldownsampling
8x | residual block (52, 52) 256 I——bl Conv l—bl Concat+DSConv=5 l—bl YH l
A
8+ [ residual block (26, 26) 512 || Conv |———>{ Concat+DSConv-5 [— vu |
A
4+ residual block 13, 13) 1024 |
1x1
DepthSepConv 3<3 (13, 13) 512
1x1
v
55
SPP 949 (13,13) 2048
13x13
v
1x1 [
DepthSepConv 3x3 (13, 13) 512 >|Conv+upsamplingl——rl YH |
1x1

B2 Wk YOLOvVA W 4 HE 2R 5]
Fig. 2 Network framework diagram of improved YOLOv4

T (DepthSepConv) , i i3 5 B 7 =X A% e 22 I e B sk /s
TR SR S 80, LT R0 R B ReL UG, B
IEBE B KE . LA Convad W 3} 3 3 3k 2% S 9l , 43 FF
fii FH 32X 3X 371 Y 3 AN — A 38 1B #1745 TR 15 3
3IX3X1L, a3 mEMEE FHREESERS
Conv2d A [6] , 7 PR 45 VR BE AN A% 1 A 32 2048 T 28 (] 4
BE R A I 25 B . DepthSepConv 15
5 Conv2d WitEE2Z b R
DAD,\MDBDBJFMNDBDB:i+i’ (5)
D.D,MND,D, N D:
K :D.\Dy BB KN Dy Dy N i A KRR HE 2 4
HRRAE J2 B /N s MRy i AR AR T ) 3 T8 55 N A
CERNASKORTR R

AL Bl B RS RS B RN = T R SR FERT 2 5
ER/NERH SRR, ARSI 4 LBk T PANet
B AT SR AR R AE Rl G, 7 52X 52 By FRAE I L Rl &
b2 B REE B J5 6 B 13X 13,26 X 26 .52 X 52
SANRROE R AT RS . 7B IE F 5 4% Spatial Pyramid
Pooling (SPP) J2 3 A~ KU 1y 3l £k i 48 Jin J&& 32 B, 45 ]
Tl G R PR B8 SPP 2 .

YOLOv4 5 7 3F 47 45 B fb 55 452 1F (19 W 80k
433, H: B 5 N 64040001, YOLOv4-cs 15 #1 3% H]
TRy BB R, R BR T NS AR AR W 2% i (1 T R AR 2
KFRAE LA, FEA R Ak S B B9 OB I 427 1k
SR Rk 32486977, BUHE R AR ) S B0 K K

AN B i A
4 S KR

4.1 [EfRiEsE

B 4R R4 X SR Db 18 B B SR N
£ AL (pore) (A4 i (incomplete penetration) J J& i
(slag inclusion) 3 F ik f ] - 3k 790 3k o IR 27 2T Il 24
A B P2 N 2% P i A LT 1R AN A
FEA T Wy A 1 58 6 L3 SRR AIE , B8 A i 22 0 2K 45 By
PR LA R R4S U SRR A AU 790 K B R
BOH B T8 o R R IE R R BT R R £
UL E A5 4 AR SRR 4R |, AT B XS 3 2 g 1 1Y
MR N2 % AR A7 B0 BRI | 4 e T B 2 S R Y
R, YT T R A 2801 5K . SIS B B0 S
S 2% VI T RS TR 5 e 1 A, T 4 v AR % DAY S R
P14 SE2 o A ) 255 2R o
4.2 SLIGIGHE

S5 2 AE Windows 10 335 T 4 T Pytorch ¥ i %
>J HEZR 52 BEAY , B 1 3 4% 42 45 AMD R7 4800H 4b 2t
2% NVIDIA GTX 1650Ti 8. .16 GB W fF . Bdi 4k
Shy 38 ak A% 16 8 AR A5 B 2801 i AR 48 X i 4 45 405 B s
B, B R AR R U S 1 | o 2 L Tk,
FIRE 2T TR, 525 b BT A7 B 5 R 45 1)
AT 50 AR batch size W& 8, WM T Rk K
0. 001, ff Il Adam Pk &5 00 Ak , B 50 I 25 )5 2% > R 38

1610002-3



18 0. 00005, F T it 58 8 B DL R BB B~ 7 iz 47 3
B 19 R % betas R FH A, 5 BC R R 1 38 50 (E 11
B R MR B B eps A 1 X 10°%, 50K
ARG AT RNk, B Ak AR R P RS iz
TP R LR, 7% )G 1 batch size & R 2,5 2 &K
4 0.0001, #E47 100 AR, B R ARG 2% T 3258 il
0. 00005, 3L 150K .
4.3 ZLWHEREDH

YOLOv4-cs 78 50 5 1% A5 S 47 R 25, B2k K
R T W BHHIE T YOLOVABEH | 24 epoch ik 5] 120 ¥k
B 40 2R AR 28 7E 6.6 A2 A7 o & 3 4 2k R RO L it
A

——YOLOv4
YOLOv4-cs
2
Q
—
Y
0 1 1 1

0 20 40 60 80 100 120 140
Epoch

3 AR RO T 2

F59% %F 16 H1/2022 £ 8 B/H X EXRBFFiHE

AT W UE S PEN T YOLOv4-cs #5554 14 £ 16 5%
S W A A G 5 ) 2801 Fi MR 4% PN S I AE S
AR 3% R B RS B R (precision) | 4 7] %R (recall) |
Ko M) 3K B S H0K5 VE B (AP) .mAPAE B PEM 8 AR .
0 238 02 ) & o B 4 40 28 0E A R AR A BRI SRR AR B
M ECAEL , A 0158 ke 30k BH 43 288 2% v ) R B TE 9
SVIE B LA, 3k 5 i

Nop

R recision —— 1 | s * ( 6)
! 17\7*['p + N[:p
Nop
chca =~ ( 7 )
! NTP + JVFN

s N 7R IE A U0 2 AL S 55 N 8 B
R TEUI AL B A B N 3278 B gk il s <AL i
AHL
RINAFEBE RO RESERE, AL 1L
E 1, YOLOV3 F1 YOLOvA-Tiny X} 3 ft Bl [ (14 K 1) ks
B R A, ARG A 335 B 1 A DR EAIK . YOLOv4
HRTE RSB B FE L 0E 5 T 8 F =T (B
FA T, YOLOv4-cs 78 25 B3 I i 457 A 5 B 4%
W TR SR BE J2 B I A R AE il Sl G R R CR
FREIE S E— 2 B S T Al 5, 78 52X 52 H T4
MmN B AR EEFE Y Yolo Head J2 H il A T 55 2 15k 22 B
PAFRHIE R, A O B T %5 B A R TS
R R AR B G FA BRI . SEE AR R BT, YOLOvA-cs £
3 G5k B A I Y 7 TR SRR B T A R R T
L AT AR ) G ) R L bb RO AL AR T T 4. 04 4

Fig.3 Loss function comparison curve HAN L
F 1 NIV A R
Table 1 Test results of different algorithms
] Pore Slag inclusion Incomplete penetration Detection speed /
Algorithm — — — -
Precision /%  Recall /%  Precision /%  Recall /%  Precision /%  Recall /% (frame+s ')
YOLOv4-cs 95 74.43 96. 52 84.74 84.2 67.59 24.47
YOLOv4 97.13 56.23 95.6 75.47 87.02 53.42 20.43
YOLOvV3 96. 58 66.27 98.09 80.95 94.78 48. 41 25
YOLOvV4-Tiny 92.29 60. 27 93.18 70.42 85.05 20.4 84.7
SSD 96.18 44.5 97.19 61.89 99.95 0.11 34.1
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Table 2 Comparison of F1 values of different models

Slag Incomplete
Model Pore F1 . . )
inclusion F1  penetration F1
YOLOv4-cs 0.83 0.9 0.75
YOLOv4 0.71 0.84 0. 66
YOLOv3 0.79 0.89 0. 64
YOLOv4-Tiny 0.73 0.8 0.33
SSD 0.61 0.76 0.002
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Table 3 Comparison of AP and mAP values in different models

Model Pore AP /% Slag inclusion AP /% Incomplete penetration AP /% mAP /%
YOLOv4-cs 91 95 80 88.52
YOLOv4 87 92 79 85.85
YOLOv3 88 95 76 86. 59
YOLOv4-Tiny 74 83 44 67.02
SSD 82 90 41 71.06
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