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An Improved Steel Surface Defect Detection Algorithm Based on Multi-Scale Features
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a. School of Electrical and Information Engineering, b. School of Mechanics, Optoelectronics and Physics, Anhui

University of Science and Technology, Huainan 232001, Anhui, China

Abstract: Objective Surface defects in steel remain a critical challenge for industrial production and safety. To address
the problems of low accuracy, false detection, and missed detection in steel surface defect detection, a steel surface defect
detection algorithm based on multi-scale features, named GPDN-Yolov5, is proposed. Methods First, to tackle the
problem of certain defects blending with the background, an improved coordinate attention mechanism (GJ-CA) was
incorporated into the backbone network to enhance focus on defect features. Second, considering the wide variation in
defect sizes, a multi-scale convolutional block (PKI Block) was introduced to strengthen the network’ s ability to extract
multi-scale features. Then, a Dynamic head was applied as the detection head of the improved algorithm, which
strengthened the expression ability of the detection head and the detection ability of multi-scale features. Finally, the

CIOU loss function was replaced by a weighted combination of the normalized Wasserstein distance (NWD) loss function
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and the WIOU loss function, thereby addressing the original model” s bias toward easy samples and its high sensitivity to

positional deviation in low-pixel defects. Results The GPDN-Yolov5 algorithm achieves a mean average precision (mAP)

of 80.5% on the NEU-DET dataset, representing a 6.9% improvement over the baseline YolovS algorithm, and

outperforms other classical detection models. Moreover, on the GC10-DET dataset, the algorithm improves the mean

average precision by 4.7% over YolovS, demonstrating its consistent performance gain across different datasets.

Conclusion The GPDN-Yolov5 algorithm provides a significant improvement in detection accuracy and holds certain value

for steel defect detection.

Keywords: Yolov5; defect detection; attention mechanism; multi-scale feature; Dynamic head; NWD-WIOU
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6 74.3 73.9 77.9 43.6
8 73.2 74.3 76. 8 42. 1

M 3 Hponl LUAR AR B RO 6 B RS B
LmAP@().S ﬂﬁ 1. 9%, %E;é/l\@(ﬂil 3 E(J LmAP@().S ﬁ&%
ik 77. 7% AL 6 D EEH H A5 LA 0. 2%, % &
HIBE 6 > Dyhead REHL2: KA HE MBI 4 11550 8 ( Fp K
6 MR GFlops FLEREX 3 MEBLE) GFlops £ T T
27%) , A HH I 3 4> Dyhead #EHL 3R S R A5
AR SCR FH R B 3 4> Dyhead 3 1) Dynamic head 53
SAE A ek I ARSI Sk
2.4.3 NWD-WIOU i shont b9z

(1) AR REL w, XHPERERIRE I, AR A
[ R EL w, XTHEREI R, A SCHEAT T 8 415550, 43
BIVERCT 8 ARG w, (EAEAH R RS2 5 25 T Xt b
KR 255k 4 PR,

MFE 4 P AE H w, 0. 6 IFAEAN BRG]
RIS L, pao s 115 76. 5% , o CIOU #5125 BRI+
T 2.9%, THUE RN 0 B RLR L CIOU 512k pR %L
2, Lovaos S 73.1%, BRILARSCH w, B9{EH 0.6,
PLARAS S I A R M i

(2) A[EH e s O L SE 56, S TR B NWD -
CIOU FHETAESE 10U #5125k sREUA B R I $E T, A

R4 AR w, AFEEN

Fig.4 Impact of different values of w, on accuracy /%

w, P R Lm,—\P@ 0.5 Lm»\P@O. 5:0.95
1.0 73.2 69.3 73.6 40.7
0.8 73.8 71. 4 75.3 42.1
0.7 74. 4 72.3 75.9 42.4
0.6 74.9 72.2 76.5 42.7
0.5 75.0 71. 4 76.2 42.2
0.4 74. 4 70.6 75.5 41. 4
0.3 73.9 69.9 74.1 40.5
0.0 74.0 68.7 73.1 39.8

£S5 TRHBEKRBEZERERI R0

Table 5 Effect of different loss functions on

model performance /%
ik F 3K P R L wpaos Lysvaos:o.0s
CIOU 73.2 69.3 73.6 40.7
SIOU 72.7 69.9 73.9 39.8
GIOU 71.1 66.8 71.8 39.1
WIOU 74.6  70.2 75.1 41.6
NWD-CIOU 73.0 71.5 75.3 41.5
NWD-WIOU 75.1 72.2 76.5 42.7

MFE 5 TR 5 B M AL 51 10U Bt 2k R 0
WIOU $CRB4f, B 78 10U B} 0.5 BFHY L, SR
i) CIOU & T 1.5%, ¥ NWD 5 WIOU 454 , #il
[ F-E40KG B AR T o AR T T 2. 9%, b 3R 10U
1 PRBIONH M RESR TR T4, X1 B AR et 1) A P
£, 51 NWD-WIOU R AHET+ THAY R RE
2.4.4  iRheozas

J T K568 GPDN=-Yolovs 4k B4 R I8 i€ B4

S0 NWD-CIOU 5 — 2844455 10U ik R BGHEAT TxF Bl PERERYSENT , A SCHE NEU-DET ffide EibAT 1
Fo, SEBREE R INER 5 FR THRSLE SR 45 RN 6 Pis .
R6 HEIKIELR
Fig. 6 Results of ablation experiment /%
5 % GJ-CA PKIBlo—ck Dyhead #2 sk NDW-WIOU P R L, sveo.s Loar@o.s: 0.0
Yolov5s 73.2  69.3 73.6 40.7
Bt 1 v 74.5 70.4 75. 1 41.2
Bt 2 v 75.8 71.8 76.9 42.4
Bt 3 v 74.4 73.6 77.7 43.3
Bt 4 v 75.1 72.2 76.5 42.7
Bk 5 v v 76.4 72.1 78.6 42.7
Bt 6 v 74.6 74.3 78. 4 43.4
&) v v v 76.5 74.7 79.7 44.7
GPDN-Yolov5 v v v 76.4 76.6 80.5 45.9
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M 6 B EEE T AT LA L B 1 A T4
FIMAT GI-CA HEE I HLE], W T 8 S % Hir
AT, AT 4 T+ T A2 ) PR B8 MG IS 1 Lspeo s T2
T+ 7 1.5%, Btk 2 75 SPPF J5 i A T PKI Block 15t
e T A 22 ROBEREAE SR BUBE JT, Loweos BETHT
3.3%, i 3 5l AT Dyhead ¥k | BT T A
M3k 9 FRIKBETT, Loveos Temn T 4.1%, it 4 4%
Yolov5 J 45 25 bR K0 B e o NWD - WIOU i 25 bR %%,
Lsvao.s BT 2.9%, otk 5 oot 6 43 PR ekt 1 N
et 2, et 1 RN 3 SEAT PR A A, T ekt 7 K ek
HE1.2.3 &84 A, St s, itk 6 it 7
L,eos SR E T 5% 4. 8% F1 6. 1% , ¥ HL i U Fhek
EE, UL T e i A B B AR OB T e R
InBEEARNY Y BRER R 76. 4%, T 3.2%, 4
[ ik 5] 76. 6% , T+ T 7.3% ,10U B{E N 0.5 F10. 5
0. 95 THYF-IHEEE 43 ik 2] 80. 5% F1 45. 9% , $& i
T 6.9%H 5.2%, U8 GPDN-Yolovs X494+ 2 ifif it
A T
2.4.5 GPDN-Yolov5 5H A3ttt

AT AEFL GPDM - Yolovs 188 b4 2 T Gkt FE #6:0 _F
FIPLEREE . AR SCAEM R A SE B PR 58 FEIA T Yolov7,
Yolov8,SSD 4§ F i 5.9 3F #F NEU-DET £#li4E L i 17
TR HSEES SR g Rk 7 R, R T e LR
i, GPDN—-Yolov5 A% T HAth F B A AEAEE A
FH

7 SEEMEERL

Table 7 Performance metric comparison of

different algorithms /%

F o= L.svaos Lospaos: 0.5
Faster—RCNN 74.5 41.1
SSD 71.8 38.8
Yolov5 73.6 40.7
Yolov7 74.7 41.9
Yolov8 73.9 41. 4
Yolov9 75.4 42.2
RFB-Yolov5-E 79.4 44.5
GPDN-Yolov5 80.5 45.9

2.4.6 BGERIEEY P-R EXTLEL

Yolovs BCkR G 5 ¥/ NEU-DET $0#i4E |5z
R P-R 2550 9 iR, Hid,y R HER R,
oo MR [R1 3R iy 28 5 Al )i 174 i R DA, 2 S A
AU SR

Precision-Recall Curve
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(c) BUHRIEREELE) P-R fhZeXt L B
B9 MHRIEEE P-R HZ&XTEE
Fig. 9 Comparison of P—R curves of network models

before and after improvement

MIEL 9 ] LA H st J 15 70 1 pth 2 5 A o gl
A TR 8 K R HE T Y Yolovs JEUBLAY | i B ek 5
F4 Yolov5 5L T HA A 2 1 ke o A0 1) 1 BE A AR KA
=Tt

B 7 XF L P-R 2R IR, A SRR R S
BRI R 2 64T 7% L, a0 18T 10 Bras, AR
MEF RIS Toss BOECT B35 O B S ELAR 2% T 2k
HERT loss . HYUIZRARUIAE] 275 J5 ihZta TF 12
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Fig. 10 Comparison of Loss curves
NiE— R GPDN-Yolovs ik B T AR, A
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RS LG, AN 11 Bz BT 11 v 2 300 o eSOk i 0 7
W25 SR A5 i ek s 0 #5045
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Fig. 11 Comparison of detection results before and

after improvement

M 11 s T AT L AT A4S, GPDN =Yolov5s
BT LA TE B MRS I Yolovs B8k Hh s A 4G Y
BB, 3 H GPDN—Yolovs 535X T 75 R BB 1) 15
B —E MR, XU GPDN-Yolovs 52X %
TR AN [) JRLJRE 110 St B AN P10 2 40 A AR R T
2.4.7 SERyE VT LR SRS

i TAER GPDN=Yolovs 582 78 HoAth 494 b4 % 11 4%
P g I A B i 327, AR SCfE GC10-DET £l 4k
1 GPDN-Yolovs R A 3= 7 50k 2047 7 % b, 5K
25Nk 8 s, W3R 8 il LLE i, GPDN - Yolov5s
FEIZEE A L i R T oA 5k, Ul R Rk
TEER NEU-DET DLAM A4 5% A4 35 T Sk B 20 48 F iy
ANEE R,

*8 KREEE GC10-DET Li&RM

Table 8 Performance of different algorithms on the

GC10-DET dataset /%

ﬁ" ;:é:‘ LmAP@O,S LmAP@O,S £ 0.95
Faster—RCNN 62.8 29.7
SSD 63.9 31.5
Yolov5 64.2 31.4
Yolov7 65.1 32.8
Yolov8 64.3 32.9
Yolov9 64.6 32.2
k[ 14] 67.6 33.9
GPDN-Yolov5 68.9 35.7
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Fig. 12 Comparison of P-R curves of network models

before and after improvement
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