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Real-time defect detection of hot rolling steel bar based
on convolution neural network
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Abstract It is important for the surface quality of hot rolled steel strips to make final product. Therefore, it is necessary to strictly
control the defects on the surface of hot rolled steel strips. The current you only look once ( YOLO) v4 algorithm has low detection
accuracy and poor performance on small-scale information. To address these issues, an improved YOLOv4 automatic detection method is
proposed. First, to improve detection speed, enhance detection target feature extraction and reduce gradient vanishing, the feature
extraction network CSPDarknet53 in YOLOv4 is replaced with the lightweight deep neural network MobileNetv3. Secondly, to improve
the learning efficiency and accelerate the convergence speed, the K-Means clustering is utilized to generate a prior box to suit for this
experiment. Finally, the confidence loss is redefined and a loss function is proposed that can adapt to the multi-scale to solve the
problem of poor detection effect due to the imbalance of positive and negative samples. Compared with the original YOLOv4 model for the
surface defect detection of the hot rolled steel strip, experimental results show that the proposed method enhance the mean average
precision and the speed about 7. 94% and 4. 52 {/s, respectively. The accuracy of this model is improved effectively while ensuring the
detection speed.

Keywords : defect detection; YOLOv4; MobileNetv3; K-Means clustering

AT RN T, PAELN AR YR T BT 2 B 2 R
AR, SV 5 2% b 42 il 7 vk RE A8 i /0 Bk I3 , {HL AL AN
SR S AN ] i 2 1 AN [R) S R Ay e . AL A
PEUNZAEIE RIS T AR H AT A AR ANIRI A TAT BRI S AF 7 BT b S We L 2 AN ] 9, DRI s 22

0 5l

il

e H 9. 2021-06-11 Received Date: 2021-06-11
* BT H  HEK AR E ST IS H (61403222) % H)



212 U #H £ ¥ W

B4

XL AR T BR AT T 5328, A BT TR 0

H TR HAFLAR 45 340 2 LA T 06 7 ARt A6, %
HEAT B BRI A ORAIE . SRR G A 7 BB 7 O AN T 4 2
AT 22 N T 3 R PR ARSI 1 AL R A R
Feb S S B A i, O HL A i PAEL B A% 2 T B 326
ARG B AR BRBE S 2 A N T AR B 3 AT DAafy of i 2
PG FIRE 23kt . PR, TS ST — N VER | SE R A
2B ok 78 43 T LA A5 B 26 77 A8, DGR S iR
SRS R TR B 5 S, 0 B e B D AL O S i AT 9
B AT B e RELAR SR M R T BT 4

TR HLAS L e AR BE 27 ) & 48 N — AT 1Y
TR, 20 BT o 28 DO 2 B Y T HE SR B T e R 4 R
(4, TE AL % 27 23 o 0 T S 4 ) B B R A B R 48 ) %
( convolution neural networks, CNN)[" #F —EF2 ¥ |12
e VBRGSO, BEFRIE I RAGERT, JF HAZ 58
SR BRI AR AN G, T 2 ST Tk 755K
i NUNIURER N ol N g S VA AR AT s A U = 12
TURBES T 1 H AR 5 A PR RE Q26 2. P B H A
R 25 RS E AR 25 . ARPHIE S Ra PR TR
JEp BRI M YU A A IR, X T
BRI AE SR | Girshick %5 4211 745 — AN 56T CNN
B B b5 & I HE 42 RCNN ( region convolution neural
network ) ", 5L G BB AH I, 7E PASCAL VOC2012 Il
WAE L LMW 03 EF K E (mean average
precision, mAP ) {EAHE FAE G0 557k w5 th 30% . B, —
FIWLF5 0 WG B H 5 A5 00 25 AH 4% 8 B, 40 Fast RCNN |
Faster RCNN 1 Mask RCNN, S5 75 [ H Fm Az 00 25 452 00
W LA e (H 8 AR TN REAE SE PRy Tooll 2B 7= i
Rl TR HARKE IS, Liu 20 R T —Fh i
W £ 26 28 SSD( single shot multibox detector) o] G5
ZJZRAE AT R 402 5 BIUH . Redmon %517 2 H #Y)
YOLO (you only look once) "4 H A AGili F2 1 Sy ol H4E:
5 RIS R T3 BE . Z )5, Redmon %X} YOLO
FIBGIEIR T YOLOV2™ AR , KR4 ey 1 G 32
EIEATE T/ BARil, Ptk , Redmon %8 A UK T
SSD F AR T YOLOV3 ! JiiAs, YOLOv3 Bk AR+
YOLOv2 #1471 5843 B9 AL, 42 17 X /Iy H A 0 A6 0 A
J3. YOLOv4''7E YOLOV3 My 3Rt b I 1 — 2652
AR RS B S A T 2D R T

L5 L RTIR O T A ARG IR FE N E 2 R A B R A Y
S A SCEE I YOLOVA VR B6AE [ 2%, Iy fiff ke H T
YOLOv4 K5 IS BE AN 55 % /N L5 5 1Y) 2 30 46 25 25 )
R AR T T X L AN A% 3R T BRI 1 e H A S
K . 5 YOLOv4 A E, A SCHe th iz ik BA
PRAEAC PR RGN 3 32 N 5 1 mAP {8, 7T LAVREAff 3 3R )
B YA E AR BERS I 2 24 Fi Tl AR 7 5K

1 YOLOv4 &%

YOLOvA4 #5584 2 — b g 21 3 1) F ARG 0 530725 , AR A
T YOLOv3 BRI T i 46 4F 3k CNN U P AR 28 55
HIPCA TR NS, F 4G 1E T 2 BB 0 pREL M 4%
Yk B R BT T 1H ARG 256 TORS B 5 R i)
FEUEREAS R THIE s, YOLOv4 2 3 K4k,
B AR SR O 25 SN SRR AL B
1.1 EFHAEREM %

YOLOv4 £ YOLOv3 #5821 i KL iy b4 HE 32 T $2 B
2% DarkNet53 % #t &7 CSPDarknet53, CSPDarknet53 5
DarkNet53 AH Lt , 7EORUEERA 4 1 [ B AR A B b s 20> 1
T, XTI ALERE R 416x416x3 1Y EIME , B Y it
B 2= PAb BT Rk 1 10 308 1 A0 728 R R I R A i R
SN RIFAY 172, T SRR FGGE 1 2 R
FUR E418 A5 B, CSPDarknet53 fitJi LA 3 4N A [ 4 Ji
FARRAE BORAE M, 3X 3 SRR 302 13x13%1 024
26x26X512 1 52x52%256,
1.2 ShniEsh

Ry T AR S B AE SR R T S B AR ] T 4325 5 el
f£% I+, YOLOv4 7F CPSDarknet53 [ 5Lfli I3 i 1 25 i)
47tk 2% ( spatial pyramid pooling networks,
SPPNet) "' Fil % 45 5 4 M 4% ( path aggregation network ,
PANet) "W A HL, SPP i it 4 4K/ B 13
13 .9%x9 5x5 Fl 1x1 M ez A BR#EAT T okt
b, IR AL S S5 SR T HE S JS AR . PAN XF
URIZFEIE AT _ORAE B RRAE I 4 B K Ry ke 1) R A
J5 5 L2 R AR AT HE S | U1 AP RR 2 AR i
7R RAE R IE B AR/ R ECR I 172 J5 51 — )2 A 4
FERRFIE AT HES . BT, DA A ZEJE N 416x416X3 K
B, e i SPP FIl PAN 3X AN S s e ab 38 5 | A5 70 f
St 1 )RR AR BE /N3 13%13x75,26X26 %75 il
52%x52%X75,
1.3 HHEREE

FEAE AL B2 (% 32 A FH D002 30 sk Xy R A AT
fife At ok 15 3 FI 25 R, FE 5k YOLOv4 458 AU i) 4k 3
J T 3 A nxnx 75 4E R RRAE SEAT T, AR 5 R AR
RN R 23 B nxn AN A 22 S5 38 3 B O B I A
R HNAEDEEIT T — 2 84E, X FARAEDE
A% DU g i s 36 A, SR 5 AR 90 R AE B B B B RR AF R
FEXT SO AE HEAT I % . BT, B B RRE 2 SR U H
FrAe AT i A, 36 O v B A5 R i s AR M B Y
o 4



512 3

XIHEHY A RE T2 U 2 0 228 114 AL B 2 2 THT S I e A 213

2 R YOLOV4 %

ARSCLL YOLOv4 B3 5Ll o0 T 4% & A A0 Y
e, fEE YOLOv4 W45 %5 H AR R AE $2 US98 7843 DL S A
BEVH IR T S 30 00 e A iR A 25 ) 8L, A SC DL i

LN r 4
[,

4R J2 Bl 25 0 2% MobileNetv3 i K& il 0 2% %5 4 T &
YOLOv4 7 iy it 3 T ™ 4% CSPDarknet53, ™ #F 5 19
YOLOv4 RIZ£5 AN E 1 Fiw . Hod CBM J2& il B
JZ(CONV) BN ( batch normalization) Uk 5 Mish I 7% e&
B AL ; CBL FH CONV BN DL} Leaky ReLU 7% pf %X
H A,

____________ I B - | Enme |

CBM] CSP1[ CSP2[ CSP8 |-~{CSP8 CSP4MCBLx3[SPP|CBLx3 S i
Li*ﬁ@@@%_ R _‘\ g - || 7676255 |
416x416x3 I |

CBLCONV|-H—{ ]

CBLx5
| ‘ 38x38x255

concat
i
joe]
=
X
N
concat

[ Res unit Jz]ﬂM CBM—®——

|
TRAE ‘ l
|

\
(CBL CONV}-—~{ ]

[cBM] - CONVBN nish|

= [CONV]BN [Leaky ReLU] [CSPa] =

TR
C
2
e
3k

concat

CBL*5
19419x255 |
______________ N7,
MAX Pool 5
Ha
[ PP BB MAX Pool 5
MAXPoolS

Bl BRI YOLOVA [ 258 25K
Fig. 1 The improved YOLOv4 network architecture
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mAP/% 83.19 85. 14 86.28 88.52 89. 66 91.13
Fps/(f+s™") 21.87 22.16 24.43 26.15 26.37 26.39
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