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Steel Defect Detection Based on Improved YOLOv7/
HUANG Haixin and WU Di

School of Automation and Electrical Engineering,Shenyang Ligong University,Shenyang 110159, China

Abstract

signs a steel surface defect detection model based on improved YOLOV7. Firstly, the Ghost module is introduced into the back-

Steel surface defect detection is very important in actual production. In order to accurately detect defects,this paper de-

bone network structure to enhance the ability of the model to extract features and identify small features while reducing the num-
ber of model parameters. Secondly,the attention mechanism is embedded in the pooling module. Finally, the loss function is im-
proved by introducing EIOU,so as to better optimize the YOLOv7 network model, which can better deal with the imbalance of
samples,so as to achieve better optimization similarity. Experimental results show that, compared with the original model, the

mAP of the proposed model increases by 4. 2% to 76. 9%. The model can meet the needs of accurate detection and identification

of steel surface defects.

Keywords

1 3l

AR S Tl i o B SRR B 2 T T LR L A K
R B A A 7 AR, SR B2 TRUMS R B R 2R R R
B Uess N TR AE TR A Y R I L AR 7 A A AT R 2 i B A%
Rl e L i DAL A SR T R o 3 TR B B R 3 R N
JUEH B P BT A e O EE B R AR . — BOR UL I SR T
(RIS I i R T TINE 2 ) 1/ S e 7
AR H 1 5 VLA 5 0, B AR B T AR TR Y 5
JEE T TS R ok T B O A L 3 e 2 A ol
B B AT RE S P R N B AR . DL B R
VA I L5 TR 8 A 2 4 O 5 ) A TR

2 S50 1A 50 2% THT B o ARG T 5 A R A ARG I 5 kL G A0 A
T 5k RO DN R K 7 3 . N A 0 oy A A B ok
P IR TR DRt 9 406 SR s Pl T R B B B A 2R L NI
TREWIFF T, HR, REMELE TEMGENNES
HYBURLSE R 57, I i DR AG RER A . oy T 1% 50 07 ER AR AR
HRAR VDR 22 K XA B 5 RE TR R AR R A T AR OR L R TR R
o) B AL B H BRI AE A S AL BRI IR & P UL S
Trik o BT IRBESE T ARG IN AT LA 5 i 4 TR0 A B2 A
R s B, R m T ] L B R I &%, Hoh YO-

if

F4TH . HRARBEIE S (61672359)

YOLOv7 .Defect detection,Deep learning, Attention module

LOW 553k Z 50 PR LA K6 0 538 32 1 1 T3] e 477 B DR 4 R 4 19 A
TUKS BE o A 24 R B AG W0 F 9 4080 A — Bl AT O k.

TR R TG R E A R 2 SRR S E S
AR 5 Bl 9 T AR (R AIE BRI K BORT 4R 3 28 A R, B
R BB CAn P 1 T 7R ) TS S 24 4% 2% L BEH L A il T
A A B AR .

A R 2 A0 5 PR R I B P R AR S T R . An
B 1R, XSl A 2 R 2 HoR N — ., [/l — 28 1 i
B8 H T2 [ 4 D B T 22 00 o S TR) A R AE . A L B 22 AR
DX O3 A A % BT o ATk A 0] B R T 1 e o o TR

WEAESR TN SE 2 B K R . Tong AF5 4R M T i
M Gabor JE I # 119 {5l g3 46 0 A A4 30 b 4 A B £ Gabor 8 I
A T LA AR T B AR, ST IS AT, i P U A T ]
Tasi 857 HE T — F bR R0 P B B P R A S0 R
SUIRES) I BTG o 1 5 AN R T 38 e A ) AR A
BB . Wang 4R T —Bh R T U000 3 TSR 14 SR AR
BRI (ESP) 5 i, i 2 3 F 0B Y, Liv B TR
[ LAAE (8 Haar-Weibull 75 22 (HWV) 8 #, i7 H F I Wi B 4N
TRV A R I v, A8 AL 4% 1) S HIOASE 2 0 AR 3 e 11
S0 AR5 JE R B0 HWV 10 Sk FRAE R o 44 J= 3 B B
B9 BCER 43 A TG B 5 8053 A0, 7R 250 4 IR P (i 75 5

This work was supported by the National Natural Science Foundation of China(61672359).

W AGVE# « 8 H (huanghaixin@ sylu. edu. cn)

230800018-1



Com puter Science FFEHLEIY: Vol. 51,No. 6A, June 2024

Choi 45 B2 T Gabor U5 6 W 49 iz £ 4L Bk B L R O B 7
TR T BB 1 3 S e

(b %%

(o) BEBR Cd) 5 ol e T
..
(e) F AL €35 ¥/

1 T e
Fig. 1 Typical defects of steel

R T IRCA A P A8 57 dh ) B e L R
W5 N B IE AR %3 0 R 2% 37 B AR U O 3 A F ol AR 7
G AT, 3B TR RP R0 BE T R B A 3T B AR A T
SR S BV B ARG 0 B 1 AN T B B A I A . Y B A (i
Faster RCNN Il Mask R-CNN) 75 56 $2 BUS %8R [X 358 (roi) , 8%
JE BRI B G A SR T — Gk W #% (4n SSD, FPN, FCOS
I YOLO R B H2 Ak A FUE SR i i 5000 4 A1 e 5 o e
LR RN 2 R R R v TS R

ARSCH T — R B9 B T YOLOVT (14 89 b 22 1 B 1 #
MR AY A AL 5K GhostNet BEHE T CF T 9 4% , B AR 45
HER S 40, I 38 AE AL B SR i A CBAM JE iUV B 1 4R
Hh g AL LK SR NG A 2 RN AN [ 4K 2 T Bl Y AE )

2 MXTIIE

2.1 YOLOv7 M4 4#

YOLOv7M) [# 2% 45 ¥y 3£ F YOLOv5! Y 5 A T B #  5r
SRR B, 78 YOLOVT 4% 25 ¥ Hoim A U B W58 AR,
WUHE ) 2505 28 43 TIL SR W L 4 el R B A0 9 48 T M AR 2 43 T R
W S L AR A T S Ak T DA K R 2 B R 4y R
T AL TR S — A T RS R 0 Bl A A b 2R
AR, DT S IR Y A B L R B R Tk A B b R fif
FERLRAS T AP R AE R R, B2 TH R RS HE IS
g3

YOLOv7 WyB R I 2% 254 CAn il 2 fif7s) 5 YOLOwS 3
AL, B AT 2 ) A 2 B IO I 4 0 N AL, e R
T 4535 432k E-ELAN R MP 45 #9 5 H ko 2003 )2 i sk
R IEAT A BN L E )R s YOLOT M4 £ E-ELAN
HMP S5 84 19 5T 4 ok 3R BUEMRARAE . JEAE &, N2
F TR KT X 45 1) 2 33 R SS0H G.  d F T 48%  d d
Tof A I R 4L T L ST R A M &%, £S5 VoVNett,
CSPVoVNet, ELAN BEAT b B9 B 6l I, BF X ELAN £17,
P TY RMBAMN E-ELAN, E-ELAN {4 H 845 He il 25 4y
AT THE WL, T W R M A W AR S 2 A48, 5 YOLO Zht
B 4% 45 K A ] . YOLOvT B 4% 25 44 f 9 MP 2 [ i 48
maxpooling F1 3 X 3 HBH(H A stide=2) & F R K, Hy b

i concat M H R , I ATAT [0 £ AT LA 4 48 BURRAE

N -

Conv | |
k=3*3,5=2

i |

‘ Conv |

323051 ImPConv |

Cc+11v Detect :

k=3*3,5=2 |

o |

|

|

ImPConv |

Detect |

|

|

|

|

|

ImPSonv |

\ smmcm Detect :

~Backbon Head |

Bl 2 YOLOv7 M4 45H
Fig. 2 YOLOv7 network structure

2.2 BMEREHERENE

YOLOvV7 B3R 1 2k RS YOLOvS M. 5 2 R %K
Iy 3 F BB Laos B AR B AT B G Loy FE 07 18 2%
Lige o

Sy AR R Lo M8 30 ) 52 OB (BCE) 2%  TE &, X B
TS EREA B oy 2k . B ARBR Loy 1548 2 BCE #17%,
X HLAY obj 15 0 2 19 4% T (4 H B 21 B HE R GTOHE ) 58 4 58
L (CloW) o 3% BHS BT A REA I BARR R Loy o ¥ 22 A0 331
K L VEHR CloU #8121 2 H3 55 11 B AR 09 132 5 42 2K
I, YOLOV7 (451 5% s B0AT 385K

Loss=2, Ly, +2s Loy + A5 Lioe (D
oA RO R B

YOLOv7 W45 &5 4 v i T —Flopr B9 bR & A B 7 .
Bt LGSk i TR0 A S i L BE 5 AR i DOKLRE B0ORS 41 1Y 43 )2
PRAS . BXSEARZE B TR Bk | Sk iy S AR, @it 5]
3k 192 2 B8 7L Bl Bl Sk FT DL A M AR 2% 3T 9 L f
K!‘\ﬁﬁ%iiﬁlﬂ%ﬂ%ﬁ*%TEEE’J%D% ﬂul@ 3R

A ss:gner Aswgner
fine
Los s L()ss
coarse

Loss Loss

() 51 3k 31 R 28 43 B f%

B3 ERIR A Sy BT

Fig.3 New label assignment method

(b)Y LB AN 5] 53k 5] 545 25 43 B &%

3 Mg ER

3.1 GhostNet R
Y2 BT B A A A e R A R TR A PG T S R Y [
SHROLATRED B H A AW R HE YOLOVT /9 3 T 4%
{Eﬁﬂiﬂgﬁﬁiﬁ%jﬁ GhostNet, GhostNet™"" [ 4& J2& 1 Sy i 1.
T FEEIRE 2020 AEAR M AT — Bl AR R DU 2% . % I 4% 2
i GhostNet-Module 41 i i) Jfii 31 45 #4 ¥t Ghost Bottleneck

230800018-2



HEME T, A T okt YOLOVT (980 A it I 46 il

HE 21 i, Ghost Module 259018 4 BT/ o

Ghost
FAEH

4 Ghost Module ¥ %% 25 4y

Fig. 4 Ghost module network structure

M T HERESENF SBEA RS N0 BRI
T4 45 AR 28 ) 28 (CNIND , Ghost Module BE % 76 {5 1 5 Z 40 24
TR 1 Y T B R AR GE B B2 T B A, Ghost

L o . 1
; 73 ; e y_— -
Module F) 12 & 1 2 % & 8 £ 45 CNN o X E +

it JUT R BB BN s A

3.2 MK E BB

TE G 2 SR R SO T 4 v R 1 e S B R o T
BAEERW, YOLO &4 08 5 ok 450 21 5 HE [ 05 #7226 |
AR BE A0 R AR 2540 R 4L A

FEAR SO T S A B 5 B AR AE A AE 9 06 R L 1 H
EIOUM™ ik 4. EIOU Mk kg 3 AN dik . &
PO L BE B R B Bk . b, s R S 1S H AR
B G RAST AR R N AT F T SO % . 18 1
S 7N/ W (| I

Liiov =Liov +La.+ L.,

=1—I0U+ (2)

o (b,b“')erZ(w,w”' ) Jrp2 Ch,h*)
2 2

Co Cﬁ
Horfc, M, RTEZMA Box BYE/INIMEHE B9 T8 5 F s 8
3.3 EFEAER

W 5Ca) BT . MP 2458 1 T YOLOV? Sk d1 /g T R
. RHEEIFESEA MP J2 858 J5 ¥4 /e WA 40 S i AT T R
B, —A 23 3T Maxpooling 2, RKEBRE N 255 — 45 3L
AT RN 3 MERE.BER 2 AT T RE, 85
53 3 S 1 HEAT Concat $RAE T8 . T 4 Bl B SO0 45 40
T 2 /N S SR B L R 2 LA TR AR SCfE MP 2 454 o
AR I HLH CBAM™ T S #1751 b B i, 4n il 5 (b)
BN . FI4RENS B AT 50 H T8 B0 H bR . I 5 ) 4% 45 44 10

ke B B RE F
K2 T kLl
:|‘ Concat
cony  — S

K=3,5=2
(a)MP 2454
MaxPool Conv
K=2 ’ K=1,5=1
Concat
cBAM — oW

JRERT2

MPConv

MPConv+CBAM

(b TE B S MP J2 45
&5 L PR
Fig.5 Attention pooling module
CBAM %5 [H FE & AR 45 & MIERE LG, &
DA LG H G i3 38 38 (4 B¢ 5 RO 1) 2% (SENets) i3 2 1 B 3%
PRI AF R A5 . CBAM 33 P AN 37 i) 7 85 B, RIS 38 7

JIBEP (CAM) 7 [A] 1 3 Sy BEHe (SAMD o 3 AU A 1) 4% BT
A RE T B AR SR B, T L AE 1 o ) AR 5 T8 0 A ) A
7, SEET RN B R

LRRAE E i A B CBAM B, 1 e 28l 7 3 38 7 2 B
(CAM), 7E CAM Hh, FEAE B 38 3 47 19 MaxPool il Avg-
Pool J2 . ¥ H R 45 ) 5 A~ — dEFR AR ) . B2 35, X A i
2 5ok M S 25 0 4 AT U R AR e B B AR B, X
ok B2 Add #RAER W 5, 38 1 sigmoid 34 BRI AR
LR IEVE R ORI RE D R RS
A RRAE B HEAT T R AR AR U A SAM TR 1Y RREAE .

Tk 32 ) 3 ) B H (SAMD , AT 45 T 1B 1Y
42 JRy g A AL T A JR ST 2 A R A X R AE 1R 199 38 1B AT R
Ao BRIG X IK T b 45 S AT 8 T 1Y Concat 2 AE 4 4 B 1%
K —AdiE, WG, T sigmoid BT eR A0S 3 28 [ &
TIFRAEE L IR F S 8] R R AE B S A A S A e
AR A5 21 f 2 A B RAE
3.4 Bi##JF YOLOv7

ABFIE IR R B B YOLOVT 8 W 4% d5 24 235 46 38
wmE 6 oK.

k=3%3,5=1

M GhostBott I~~~ T TTTTTTTT T T T T T T T oI
| U I |
| leneck | ELAN2 J'. |

| |
| GhostBott :| |
| lenﬁck |l @ ImPConv :

| U
Detect !
: GlllostBon Il —Conar— ctec |
i eneck g |
Upsample :

|
| EL¢N2 — |
| Cony ImPConv :
! =1rls=1 Detect I
! I

| ELAN2

| <Concar—> :
! I
! @’ I
: ELAN2 -»| |
|
: Upsa;nple ImPConv |
SPACAPCC | Conv - A :
| k=1*1,s=1 |
Backbon | Head |

K6 Beikfg YOLOvT 83k M 45 45 1
Fig. 6 Network structure of improved YOLOv7 algorithm

&l 6 AN R B € 1 2 JE AE AR G2 T AR WF 58 % YOLOvV7 5
A BARBGHE B, 4T EAE D Y GhostNet BB g 5 4 2
YOLOv7 1353, LA A B TH B 4G 0KS FiE R 2 A [l it o /0>
SRR BFEAE ) CBAM R I HLE R A S5 — MP 245
A, LA v T 4 TR R B RVRRAE R B 8 S S R i )

4 LWERSHN

4.1 RWWIE

ARSI R A 2 AFE &R 48 window10, CPU i Intel (R)
Core( TM) i5-12500H P £} 3. 10 GHz, GPU 4b 3 2% K
Nvidia RTX3050ti, GPU Jill# £ 4 CUDAL11. 1,37 3% F Py-
thon 1 % Ml PyTorchl. 8. 2 EZR#5 & 1) IR i 2% 2] SR 5% R il 47
B 5MIK .,
4.2 HEHE

ARS8 R 4 b K% NEU-DETUY 49 b Bl b B 48, it
Bn e b 42 & 1800 M Ak BE B, ol 4R 48 1 440 3k, K

230800018-3



Com puter Science FFEHLEIY: Vol. 51,No. 6A, June 2024

LRI EZE 2 180 3K, A BEAR IRy 200 X 200 R FE . WM R
BRFE A 6 25 344% (Crazing) . & it 38 T (Pitted-Surface) . &
JE (Scratches) , 2% i (Inclusion) . & 1k JZ (Rolled-in-Scale) F1 5
Bt (Patches) . 7EIZEAREE 1533 HE 47 1 Rl 92 36 FIAS L 9250
I 25 I 50 91F 2 R R B Rk A R
4.3 EMIERR

S s R B B A I 0 A A M AR R S 0 0 A 48 A
YERMERE TP AR il . P390 B CAP) FE ¥K E (mAP) . M
EGEW N

_ » 0
P TP+FP><IOOA 3
R= L, X100 % 4
T,+Fx
1
AP=J P(r)dr (5)
Map= = AP 6

Hi F, SR BE, T, 2 B BB R . Fa 2 55 2 Bt
Fe. PG RRS - IR M4, S8 G IS0, c JE{E R 6 1Bl
Rk e
4.4 HETH

BT S5 U R R YOLOVT Bk i /9 3 Abwieadt , il o
TR — 3 T A B () 7 1 BT T I Al S 56 DA B0 I 4% A A
Bt et . 8% B TR AE SR IO 4% B 4 GhostNet [ 4% 45
4, 454505 R B i EIOU L ¥ CBAM i A MP 24549
P b G A . R T TR T T B M A R s A L

A0 BB R Y N FH A L #E NEU-DET B % bt T
BeA TH A S0 25 an sk 1 frgl,

21 A2
Table 1  Ablation experiments results
AP/ %
Wk MAP/% . 03 .
B AF mp DD ARk AR
*
YOLOV7 72.70 40.70 77.90 94.80 74.40 69.60 78.70
YOLOV7-
. 72.34 44,20 64.31 95.40 76.52 67.60 82.0
Ghost
YOLOV7-
74.31 47.05 73.20 90.81 83.57 68.45 79.67
EIOU
YOLOVT: 75.30 53.54 66.60 92.60 78.96 65.12 82.43
CBAM . e : . . . :
A XK & 76.90 50.80 78.90 93.90 85.80 65.20 86.90

4.5 3FLbLIE

P-R il 26 J2: i LA R M RE A B 8 AR . DL P O AR BR,
R gt Ae bR 225 T A i 2wk B Ol P-R il 2k, P-R i £k 55 4
Bl B B T FRBR S AP, A 250 AP Y ¥ (E B R E
mAP, B # T 1, FORAE G AR AR . 72 P-R 4,
Hh 2 B 181 11 DX S, M R AT

X TR NEU-DET %48 4 6 D BEFE I YOLOVS R
1B YOLOvT Fgk #E 1 YOLOv7 53 1 45 A 1 kG 2 73 [ 3 (P-
ROMLWE 7 i, WE 7/ P-R LW LLE 5 H AW
P B M L A SCHR HE A Bk P-R il 4R B 4L B AR SO ik
FLA T 0 B A e

10 10 10
, . 5 »
08 Qi - 08 N L 08 ",
\ L
1 ™~ .
L
< 08 R < 06 LY s 08 l
) S " 8
3 " 3 R
fg = S Wi ‘§ ) L
04 04 L 04 ‘
!
— crazing 0566 ] —— crazing 0508 1
inclusion 0785 5 inclusion 0789 g
—— patches 0907 AN —— patches -
O e Sleted, sutacs G \ 02 4 e surface 0744 it 02 4 Ditted surface 0858 o
—— rolled-in_scale 0642 L _ rolled-in_scale 069 rolled-in_scale 0652
—— scratches 0889 —— scratches 0787 —— scratches 0869
— all classes 0773 mAP@05 —all classes 0727 mAP@05 o | el lasses 0760 mAP@05
0 0
0 02 04 06 08 1.0 0 02 04 06 08 10 0 02 04 06 08 10
Recall Recall Recall
(a) YOLOV5 (b) YOLOv7 (o) Lk i) YOLOv7

K7 SRR B P-R) £

Fig. 7

8 JR/R T LR ALK M BOR i AT AL B R . AN

MEF B R YOLOVT BB BB AN AL B8 98 07 5 M 5 457 A1
R I A BB T L R A B0 AE S SR A

crazing | Pitted surface

Rolled in scale

scratches

N RIUEAES

Fig. 8 Detection results

Precision-recall(P-R) curves

R T R M 56 R Y YOLOVT 553k 5 H b 55 vk A
FORY DL %) 42 ) A A JL b 28 BB TR R AT T X FE S 8
SLE SR M 2 Fra,

F 2 EGE YOLOVT 53k 5 HoAh S 2 45 S 5t 1
Table 2 Comparison results between YOLOVZ and other algorithms
AP/ %
FEOMAPE s ko mn M

YOLOVS 77.80  40.60 81.00 96.70
YOLOV7 72.70  40.70 77.90 94.80
YOLOX 71.34  46.05 73.26 86.87

SSD 70.41  62.65 75.78 94.75
E e 76.90  50.80 78.90 93.90

98.20 70.10 80.31
74.40  69.60 78.70
83.57 52.45 87.67
71.32  65.76 82.43
85.80 65.20 86.90

55 Al B A B, AR SO T B L A BE B S B O T Y AP
{8 WAL o (Gl 780 Bk 5 1 AP {0 mAP 8 55 T 5l vk,
mAP HH YOLOV? & 4.2% . % FArR AR SCELAE Tl 4

230800018-4



WOWERT , 48 BT YOLOVT B9 89 b B 5 46 )

7 TR A A DU SR B LA v 0 S

GERIE AW ST E XA e T BRI B T — R AL
YOLOv7 B i ks D0 58 32 o LA 2 5K bF 3R T R 563 Xof A6 00 kG 2
R0 B R A BEOR . BRI (B FE T GhostNet f LR
JnEl YOLOv7 9y 3 + o, B35 Bl #8580 B 458 2K e 5 SIOU 2
EIOU, Jf £ J5 i fb 452 gt v ik A CBAM IF 2% ) BB, 76
NEU-DET $(4R4£ 1 6 A~ # AL b, 5 4 A YOLOv?
A TR B R M mAP & T 4. 2% . ARSCIR MR R TF
TE— Sl o5 45 G, 2 5% R0 AR A R 0 R B R DU IR AT SR AR 55
FRATHT B8 7 A Of 38 2ok 55 0 20 ik — 25 JS B An o 4 e B0 L)
3 T o fgke B4 A BE T

£ % X M

[1] TANG B,KONG J Y,WU S Q. A review of surface defect de-
tection in machine vision[ J]. China figure Journal of Elephant
Graphics,2017,22(12) :1640-1663.

[2] GUAN S,CHANG J,SHI H,et al. Strip steel defect classifica-
tion using the improved GAN and EfficientNet[ J]. Applied Ar-
tificial Intelligence,2021,35(15) :1887-1904.

[3] REDMON J,DIVVALA S,GIRSHICK R,et al. You only look
once; Unified, real-time object detection[ C]// Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
2016:779-788.

[4] TONG L,WONG W K,KWONG C K. Differential evolution-
based optimal Gabor filter model for fabric inspection[ ] ]. Neu-
rocomputing,2016,173:1386-1401.

[5] TSAIDM,CHEN M C,LIW C,et al. A fast regularity measure
for surface defect detection[ ] ]. Machine Vision and applica-
tions,2012,23:869-886.

[6] WANG J,LI Q.GAN J,et al. Surface defect detection via entity
sparsity pursuit with intrinsic priors[ J]. IEEE Transactions on
Industrial Informatics,2019,16(1):141-150.

[7] LIUK,WANG H,CHEN H,et al. Steel surface defect detection

[8]

9]

[10]

[11]

(12]

[13]

[14]

230800018-5

using a new Haar-Weibull-variance model in unsupervised man-
ner[ J]. IEEE transactions on instrumentation and measure-
ment,2017,66(10) :2585-2596.

CHOI D,JEON Y J,KIM S H, et al. Detection of pinholes in
steel slabs using Gabor filter combination and morphological
features[ J|. Isij International,2017,57(6) :1045-1053.

WANG C Y,BOCHKOVSKIY A,LIAO H Y M. YOLOv7.
Trainable bag-of-freebies sets new state-of-the-art for real-time
object detectors[ C]// Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. 2023:7464-7475.

NIU J,LI H,CHEN X,et al. An improved YOLOvV5 network for
detection of printed circuit board defects[ J/OL]. https://www.
hindawi. com/journals/js/2023/7270093/.

DING F,SHI J,WU H ]J. Improving the Lightweight Remote
Sensing Image of YOLOv4 for Building Inspection[ ] ]. Computer
Engineering and Applications,2023,59(10) :213-220.

SUN Y Z.GAO ] W. Wheelset Tread Defect Detection Based on
Improved YOLOv5[J]. Advances in Laser and Optoelectronics.,
2022,59(22) :228-234.

WU D,LIM H,MA W K,et al. Steel surface defects based on
improving YOLOVS5[J]. Journal of Shaanxi University of Science
and Technology,2023,41(2):162-169.

HE Y,SONG K,MENG Q,et al. An end-to-end steel surface
defect detection approach via fusing multiple hierarchical fea-
tures[ ] ]. IEEE Transactions on Instrumentation and Measure-

ment,2019,69(4):1493-1504.

HUANG Haixin.born in 1973,Ph.D, as-
sociate professor. Her main research in-
terests include machine learning., artifi-

cial intelligence and intelligent grid.





