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Abstract; This paper proposes an improved steel surface defect detection algorithm YOLOv5-TBC based on YOLOvSs to address
the issues of insufficient defect feature extraction capability and inadequate feature fusion in steel surface defect detection tasks.
Firstly, a triplet attention mechanism is introduced into the core feature extraction module of the Backbone to enhance its adaptability
and representational ability. Secondly, a weighted Bi-directional Feature Pyramid Network ( BiFPN) is introduced to improve
feature fusion, and a CBAM attention mechanism is introduced to optimize the model’s detection capability for small-scale targets.
Finally, a lightweight upsampling operator CARAFE is added to enlarge the model’s receptive field, further improving the detection
performance for targets of different sizes. Experimental results demonstrate that the improved YOLOvS5s model achieves a precision
(P) of 74.0% and a mean Average Precision (mAP) of 76.6% on the NEU-DET dataset, which is an increase of 5. 8% in P and
3.0% in mAP compared to YOLOv5s, and an increase of 3. 8% in P and 2. 1% in mAP compared to YOLOvV7, proving that the
network model has better detection performance.
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Fig. 2 Structure diagram of the triple attention mechanism
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Fig. 3 Structure of C3 module before and after improvement

2.2 SFERLE M4 B
2.2.1 BiFPN HiF il A W 2%

i 7 A 1 B T 28 2 U AR BT i, 1R 2 2L
MRFEAS B 2 0, PRI e A I AT 55 v 1
RG22 H AR5 B AS [ RUEE H b i) Je%
HIRE ), LABR A2 () G I M B L Bl B A I 4T 55 h
AR R 4557, A 2 HAR T BBAR/IN, 11 o5 — 26 ] B
R, AT A A5 b G 0 A S 5k 26 R[] RS (% H
B REAE Rl R — R OGRS LR . B DL A RRAIE il
HMGEA REE A F Y (FPN) Y R R A K
% (PANet) '™ | B 4 B R R AE & 7 M 4
(HRFPN) [ LK U] A AF 4 7 85 W 4% ( BiFPN) 1%
&, Horp PPN J&—Fh 2 B RRAF 4 35 W 4%, 38
i {0 N ME B AL 8, NS RZ G R AE 4 7 3%
FRIGE UEE . FHERE A MK 4 s, K4
(a) ", PANet i 3 75 FPN (56 E 5] A BT F
W5 BAL 6, SEBL T 0 4 1 A RRAE Bl A, Z 50
YOLOvS FERITERAE S350 T PANet, (H %Rl
A7 T HREFPN & 33 T ok B FRA6
st/ B AR R PRER , 38 3 O R 3 BRI RRIE R, £
= XN EARAENGE ST, BiFPN B 7R AL SE 1Y)
FPN FPAA7E A A5 B U B — A5 B0 % 45 ), i o

FIARE 7 I, ot T4 38 it o T
R RERE X AR AR HEAT L4 IRl &, AR SCH IR T 14 4
(b)Y BiFPN HFAE & M 45 fUE T YOLOvSs
J5 A Y PANet FFAIERLE M4

7 p7
P6 P6
s P5
P4 P4
P3 P3

(a) PANet P2k (b) BiFPN %%
B4 4FEREMEEN

Fig. 4 Feature fusion network structure

BiFPN [ 25 2 —Ff I T H AR IIAT 55 B Rr ik il
e , TE EfficientDet 55— 88 H ARG 1A= 7 b B 15
TARGF A PERE. 5 1% G Y B ) R AR & T IR T
BiFPN 5IA T XU 5 B, fEA 5L AT RUAE A [F])2
ZIA A sl R AT LS i A AN TR RO R A5
B A B TR m RN HARFIR HAR BRI PERE
2.2.2  CBAM IER AL

X TR IR 5 B4 R AT FRAE S HURE )
25 R AR [R] 4 J7 X0 A [ 32 28 48 JEE A8 e ik A in



104

W, % ET UG YOLOvSs 40T 3% i b Rl A1 5% 83

HL, XL /N RUEE Y e B Aoz 0 15 B 1) 2 BB R A /)N
(RE R, B It AR SCHE Neck 25| A CBAM ( Channel
Block Attention Module ) 7% 75 S HL#1 ") FHSH i ke )
2558/ H AR RRIE AR 508 B SUOME 1Y )

CBAM VEZ I HLHIANE 5 s, CBAM i1 71
ML B 5 8 5o 3 8 1 S 7 A Be ( Channel Attention
Module , CAM) X} 4 /> 3 18 >k 715 4 Jmy °F #4  4k ,
SR, I A 4 2 2 2] SE A (R A AR, 75 31 B4~ 38
AR EEAE e, ST S T AL, 15 2]
SRR T S RS B RE R, AR CAM Bk
A R R AR 3% A B 25 R TE B ) AR B ( Spatial
Attention Module ,SAM) , &1 Xf 5125 (B0 E T8 5
AN IE P d AR, 159 20 B 2 AL B B i RAE 42
& IE AR R ) A3 () R AR 15 3 B
23 (A7 1) T B AR P s TR e AT A
A5 B 28 5 5 (6] B 0 PR S I RRIE R, CBAM
He A R 2 B T R AR R Y
ARHIE

Channel .
Attention Spatial
. Module Attention
Input feature Refined feature
Module

5 CBAM EE AL
Fig. 5 Attention mechanism of CBAM

2.2.3 CARAFE I %#f
TEGE 2 | FORMEZH TR 2 R E K Y

Backbone

Input

Bottleneck
Attention

Concat

CBS

Gy HER LU F B G b B AN E A H AR, YOLOvSs
"B FH 1) 2 di R0 A7 (T2 O R AR (A R
FEJT R, 3 2 i E R RS2 B AR /N T
AU EVERAE = & B UE B, AR XEI AT
CARAFE ( Channel Attention ReLLU Upsampling ) #2& H
Wang 25272 0 4 HY (1 — i FH T L SRR A o 28 ) 4%
BefE, BRI LOoRFEMIPERE, CARAFE (37
FREGZ AP AR R AE R B P R Al 5 B JF AL
30 3 3 3 ML AR T 0 583 b R A 1
(AL, DI 150 P 45 P B 35 % 7 8 v I o
RFERAE S5, i SO EVR H AR I A R AR
ELio

CARAFE H I RAEAZ IO AT HR R RAIE 5 2 A B
P AR, o, b SR A T I ASS e 1 1 FH 2 3
A > IEHEAT IO, SR AEAZ SR AR 25 [A] b REAE
PEATIRE  CHERR 7 . CARAFE @33 Il 45 0] 24 S 1Y
SR, AR RENS 11 30 07 A RS A7 B A [R] 43
R RFEAZ, PP Bl 2 A B RAEAZ BT LB G
T AN AT 45 FNAS ) g AP B8, B2 8 L R ARG R
P, FRIE AU B SR8 AT AR 5 =6
FREUEf T 4], CARAFE 51 A T 3838 i 2 S AL,
FUVFRRALLE 1 RAE (4 AR rp S A R [R) 3 3 )
B A BT A A SRR E T i R R
2.3 YOLOvV5-TBC &%

ARSCHE Y YOLOVS-TBC B 2 7E YOLOvS —s
ROFLRE b gEAT AR R P | SRR TR 32 Backbone
Fl Neck PSR4 1, AR ERCHE 5 1Y) 3% IR 25 R AE
BN 6 FIiR,

Neck Head

Triplet

Bottleneck Conv Conv ¢
Attention

Attention

Bl 6 YOLOv5-TBC EiAZEKLEHHER
Fig. 6 Block diagram of the overall structure of the YOLOv5-TBC algorithm



84 oo ®m M5 M OH

14 %

5 G E i i A s iE A EI] Backbone H, 7E
Backbone %8 -E)Z0) C3 it h 5] A = H & 1AL
TR BUBT Y C3_TA B i %] 24 57 4 v dth 5C 14 5] >4
FIAT 55 B B HRAE | 3G B T2 75 190 45 o i A 80
(2R EE ST, A A R GG R . AR5 KR
K Neck M2 11 PANet Eiffe i, BiFPN 1472 R
fltG, [FIE7E Neck P45 i RE1S C3 BEHUS I —
A~ CBAM R AL, AR AL /1N B AR 09 47 1 75 38
TEANZS [B) 5] A B AL, B s AT A
i, B CARAFE 5| A F] Neck W45 k47 FRAE,
ARATTE ) [ A2 A5 S 4 B Yy R Ak R i
— R TR R RE

3 XBERSLM

3.1 HiEK

AR S5 i 2R FH B S 2R I R A Y A I R a4
NEU-DET"*" | 1Z %545 4 H 40 & 2480 ( Crazing, Cr) |
N &9 (Inclusion, In) B AL%L K (Rolled—in_Scale,
RS) XK ( Scratches, Sc) . 5 1 ( Pitted _Surface,
PS) FIBEE ( Patches, Pa) 3 6 A4NFl 25 1 49 bF 2% 1 ke
B, B —2R %A 300 5K K JE B, i1 1 800 5K K]
F o ZBARAR SR A T b B AR AL E AN R,
IR X SR AE B IRAEAE ot SO, RN
(41 800 5K K FERI A IR 7.0 = 1.5 = 1.5 Ay LL s
I3 NGREE Bk A A AR | RIVRE ALl B 2R 4
1260 5K, S ik S MRS 270 5K, XA HEATI
ZITHAIE YOLOVS-TBC S A M A %4, NEU-DET
B R anEl 7 s

(a) Cr (b) In (¢) RS

(d) Sc () PS (f) Pa

E 7 NEU-DET #{IE&£EHMHEH
Fig. 7 Part of the images of the NEU-DET dataset

3.2 BERERIFMIRE

ACAE Windows #:/E R 48 b, K5 NVDIA
GEFORCE RTX3050, Fi} PyCharm % {4 3 17 52 5 43
B, B IR 56 F PyTorch 1. 12. 1 #5% , Python MiAS
}3.9,CUDA AN 11.3,

AR SC T BEAH KT 2% (Precision, P) | 4 A%

(Recall, R) FIPFEPRTE (mAP) =S 4abrxi A it
VPG . b RSB R R R A TE B A S H A
(RS 5 A AR o Sy H AR B R AR B i 1 He 491
PENCIE Sy iAo SRl SRS R AN U 6= o) R SR 17
H bR A REA K i L] TP 240K BE U 25 1 RS 1
R AR £% ( Precision—Recall Curve) TR,
AT VPEAGBATE 2200 BB PIR I, mAP &%
BTN B ARk I ASE Y 1) — > AR A, 2 AT
FHRATEN TR, PR AP ,mAP (54 A A
ZS/ U
TP

pP= (1)
TP + FP
TP
R= (2)
TP + FN

AP = iP(i)AR(i):fIP(R)dR (3)

iAP(i)

mAP =

. (4)

Horp ) TP /R HAEMEAR IR s FP R BUERE
ARECE  FN FR B AREAR 8 AP (i) FR5E i
BREARMHER
3.3 HEMXELERLSN

FEFASCHE By 4 Bt gy i, 19 2IARBEIE B
MR YOLOVS—TBC, R T 56 UE RAc b I ) 19X 285 46:
DIPEBE & A I Th , A SC— LI B T 5 2 T il 5
5, BE 4 AR 2 A AT R 4% 3R 5 A S 508 'R X
NEU-DET %4 48 JE 47 19 75 ml 52 56, 5 56 45 2 L
1,

F1 HRIRER
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YOLOvSs+A+B+C+D  74.3 74.1 76.6
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Table 2 Comparison results of the experiment %
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YOLOv3 68.8 71.1 73.5
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Ours 74.3 74.1 76. 6
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Fig. 8 Comparison of the detection results of the YOLOvVSs model before and after the improvement
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