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Abstract: The cutting-edge technology in deep learning is applied to surface defect detection of strip steel for the
accuracy improvement in surface defect detection of industrial hot-rolled strip steel. Therefore, a surface defect detection
algorithm for hot-rolled strip;steel is broposed, which takes Swin Transformer as the backbone feature extraction network
and cascaded multi-threshold structure as the output layer. Compared with the deep learning target detection algorithm
based solely on convolutional networks, the detection algorithm using the Transformer structure can achieve more
accurate detection results. Specifically, first, Swin Transformer is used as the backbone feature extraction network to
replace the conventional residual network structure and thus enhance the ability of the feature network to capture the deep
semantic information implicit in an image. Secondly, a multi-cascade detection structure is designed, and step-by-step loU
thresholds are set to achieve the balance between detection accuracy and threshold improvement. Finally, training
strategies such as soft non-maximum suppression (Soft-NMS), FP16 mixed precision training, and SGD optimizers are

employed to accelerate model convergence and improve model performance. The experimental results reveal that the
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proposed algorithm has better detection performance on the industrial hot-rolled strip steel data set (NEU-DET) than the
deep learning algorithms such as YOLOv3, YOLOF, DeformDetr, SSD512, and SSDLit. Additionally, the training speed

and detection accuracy are significantly improved in the surface defect detection of crazing (Cr), inclusion (In), patches

(Pa), pitted surface (PS), polled-in scales (RS), scratches (Sc), and other surface defects, and the missed detection rate is

greatly reduced.

Key words: deep learning; defect detection; Swin Transformer; NEU-DET; hot rolled strip steel; machine vision
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SEORMALET. BB 1-4 23 5l AR AE B, /R0 T — B B,
HISE EER I S N . 20 2 Tz, Swin Transformer
Block £5#4) 32 % /& Layer Norm, MLP", Window multi-
head self-attention (W-MSA) I shifted Window multi-

head self-attention (SW-MSA) 415%, 5% #L[7) Transformer- |

Block £ 4 ff] 1= X IE T W-MSA FIl SW-MSA it

H W H
—x —x —x
4 4 4

L2 Sugel

Swin
[Fransformer}
block

Patch partition

/| Patch merging

Bl 1 Swin Transformer ‘& T/ 2% 2244 [&]

2.2 [XiBimiEM 4% (RPN)

DX I PG 10 2, 32 % F T A N )R A1 T A BT
REAEAE B AR IMBIEHE X 3. DAA AR 2 9 Jik i, 5
JE T ARA IR 7 B AR 22 P 2 S H S =

Anchors generator ZERREFHEA 0.5, 1.05 2.0 =F,
cls_logits Al box_pred_0 &4 & #iHESS 2 FROMIHE, 5 0

124 A4 AR 5% Software TechniquesAlgorithm

HE 5 HARBEAT 51 oF 55, 78 I R il i e ) 4% 4 1 8
BRSHL

K 2 Swin Transformer Block 544 &

# box_pred_0 11X 3|~ —2% R-CNN 45 F T3
— S Z5.

Wil 3, Sk ERFAESE IO 25 1 RFAIE B 3E N RPN
4%, A —A 33 B, Hangd —A4 1x1 B,
I3 ) A S S ) AN FEHE TN, 43 28 T 5 ok
KT B Y 5 S AR Y multi-stage R-CNN
U0 A 4% [ i N ) I T 945 B 2 45 & anchors
generator Eﬁm‘iﬂzﬁ}iﬂiﬂ] label FEATHRTEL

A\ . RPN
Anchors
generater| —
o -
2
3
ET- .
%
____________ 2
B3 XIS BER 4%
RPN Al R-CNN [ 44451 2% B $UA):
1 . 1 « «
L(ipih i) = ZLclxpi,p,»)M e Zp,- Lueg (11217)

(M
Horb, iR B HE index, piRoR S B AE DN FUSEARZE 1)

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20224F #5314 5 101

http://www.c-s-a.org.cn

i H AR SN A

TREZ, prARFRXS NI IEREAN 1, T4 0, PRIE T
G AE N SOREAS I, 3 L FAHE R4 2% AR Tl
R 28 > B A R 32 SR [ VAR, AR R e B A A
FLSCHEMH, THEHIE 5 B SIHE R M AE & Nagr i/t
AL, Nyeg#& anchor location HIEEE. Lo A58 X 15
2K, Lieg NSmoothy, Loss.

W=k (1) A, RPN W 2% 400 25 bR 30 40 R 38 X
A5 A FAE [FNE B 2K, R-CNN W 4% HR 45 2k bR 250
2 53 RAE U R AR A [B] A 45 2K

(1) {32 XJEHR K2 3\ (cross entropy loss): RPN
W 28 v 1) o) 2R AR AL HE ) VAT ST R, e — 1 2
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4 SRS K 5 R by WEMIZREUE . FFIEFE . 5T X 5; B 10(c) patches
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(1) FP16 AR FEI 25

TR ARG FE I 2 1R R/ K FE 0 2R I 1 0 T R A 2
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B IR FE. L2980 b7 B A A 1) () B 2 31 s ol
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I | I
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o) LA swmm
T AT
S TR % Ubuntu 18.04
CPU Intel(R) Xeon(R) CPU
GPU NVIDIA Tesla P100-PCIE
W1F 16 GB
IDE Jupyter Notebook
TR S RESE PyTorch
RO
42.1 HERIHT

HERPEN T b, THAFERI 2 P (precision). #H [F]%
R (recall). “FYJfE R AP (average precision) FlI-F-¥Jk%
FE #4118 mAP (mean average precision) {F 4y /¥ 45 45 74

BE VAL bR, mAP & T A 280 -0k BE H4d, 85 F ok
PR RS IR T ) B R M e
TP
“TP+FP (s)
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R= L (16)
TP+FN
1
AP:fP(R)dR (17)
0
1 n
MAP = ;Z(AP)i (18)

i=1
# 2. A (15) A (16) F1 1 TP (true positive).
TN (true negative). FP (false positive). FN (false
negative) 73 AAE: K IEREA TN 9 1IE SR H N 4 (TP);
R SOREAS TN 9 S S AN E (TN R R A S50 A I
FHINEL (FP); F IEREA TR N 2R AN EL (FN).
K2 R MEEER

Positive Negative
Positive P FP
Negative FN IN.

422 A[EI SRS AR VH RS G

4 FhERHE 5351 /& ResNet50+R-CNN (Faster R-CNN).
Swin Transformer+R-CNN. ResNet50+Multi-stage
R-CNN. Swin Transformer+Multi-stage R-CNN (4 3).
WNEE 30 3 4 For, 8 TR SE -V IR BE I E (mAP)

FP- LRG0 BE (AP), W] AT DD 1 1 i B AR Y AE 4B
BSOS R R I RE SR T

WIEE 3 fros, ZEAH SR IE Y ResNet50+R-CNN,
ANEFEHE T mAP Al mAP_50 $27+.

K3 R[FEI RS TE RS0 TR Y1 (mAP) ST EE (%)

il mAP  mAP 50 mAP 75
ResNet50+R-CNN (Faster R-CNN) 23.2 65.3 10.1
Swin Transformer+R-CNN 24.6 70.9 7.7
ResNet50+Multi-stage R-CNN 27.0 68.2 14.4
Swin Transformer+Multi-stage R-CNN

, 2092 | 7238 14.0
(&30) .

(1) Swin ;l"r‘énsformerJrR-CNN SEIL 1.4% F15.6%
IS A EERME SR TT;

(2) ResNet50+Multi-stage R-CNN =2 3.8%- 2.9%
M1 4.3% (V- 250G B B T

(3) Swin Transformer+Multi-stage R-CNN (A&
30) SEPL 6% 7.5% H1 3.9% KT SA0KG FE B IR T

N2 4 s, AT SRR (A 30), fER
g, Rk, BEHL RRAL. ERNEACER . DARRIIRSE
BREE - SEIL 5.2% 3.4% 7.7% 1.5%. 8.9%. 9.4%
FRI-F- 25K BE 3R T

R4 o PhuRFELEA R SR B g PP 2R (4P) XL (%)

HWE Crazing Inclusion Patches  Pitted Surface Rolled-inScale Scratches
ResNet50+R-CNN(Faster R-CNN) 9.9 22.9 34.7 323 18.3 21.2
Swin Transformer+R-CNN 12.7 21.0 40.7 29.8 ?21 B/ 21.8
ResNet50+Multi-stage R-CNN 11.8 23.0 413 353 o 223 27.9
Swin Transformer+Multi-stage R-CNN (7 %) 15.1

26.3 24« § 388 272 30.6

423 AIRALRRET )2k Loss B2k

B WY P BUR SHOE L, BEF T

fARAL I 2R B, B2 T A B TSR ThBEAL I Il S5 .

Wk 12 fios, Big TR E f¥] Swin Transfor-
mer+R-CNN HEUFIEE T ResNet50-+R-CNN 4175
SRIN U BV B BRI KT 0.1, MELLSEZIE Loss
ih 2% (1 PO U 8K

ResNet50+Multi-stage R-CNN A5 R P sSE 84,
PRV ATE /N T 0.1 17 HLBEAE VI ZRECE 38 m, SE3
s,

Swin Transformer+Multi-stage R-CNN (4 30) #74
AT AT 3 AN AL SR PRI SR, I Ve A 1 B 3 B
AINT 0.1, FUAR SR B I ZR RIS AH S, 2 4 MR
I RASOR S i AR AL,

O

4245 FRBTEA

Ry 2 F (17). X (18), iHFHBHE P AIH
2 R, AR 13, EBMEZERRT T H P-R E.
13 7] LUR BLEE A BR{E (ToU) ISR THEEAI ) AP {6
(TR AT T B

T I A ST PR Y S 2 i 3 I A A I B
V5, TEAH TR B0 46 A0 S 56 PR 5% R AT R I 6T BE S 56
5. 26 AN LS K.

W 5 Frow, A LRI EIERTE mAP. mAP_
50 Ml mAP 75 b, % YOLOF 523 3.4%. 5.9% Al
0.4% MR EFE T, AT YOLOV3 SEHL 15.4%
25.9% i1 8.5% HIKEEEHRTE; AHEL Deformable DETR SE
Bl 20.7%- 53.1% i1 7.8% KGR TE; AHE T SSDLit
LU 13.9% 24.5% F1 9.9% K5 42T T
SSD512 523 20%- 38.9% 1 12.4% HIAE R TF.
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wH wH L\
(a) ResNet50+R-CNN (b) Swin Transformer+R-CNN
# o
1.0 -
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04 I 1 ThA \ I.-I_ | .I I 3 04 | | !'
0 2 000 4000 6 000 8000 0 2 000 4000 6 000 8000
(c) ResNet50+Multi-stage R-CNN (d) Swin Transformer+Multi-stage R-CNN (4 30)

P12 AT SRS T R SE 56 (K45 5K bR B0 St 2 P

o 0.8%. 4.6%- 4.1%- 10.6% FIKRIAS 3 52 TH; A%
08 ¢ — loU=0.55 YOLOV3 SZHL 7.2%. 18.2%, 24. §%‘ 2.5%. 22.5%.
% 06 | o073 17.5% FR: RUARREERTE; M1 Deformable DETR 523
E ol 11.8%- 17.9%. 30.5%. 20%. 20.3%. 24.1% [l
*%rﬁ\%%ﬂ; A% SSDLit 4) I 7.2% 11.5%- 9.3%.
02 T S0 13.9%. 18.5%. 19.7% KIS EE SR TF; AL SSD512
0 : = SEPR 12% 17.4%. 22.2%- 24.3%. 22.5%- 21.6% ]
0 0.2 0.4 0.6 0.8 1.0 N
g ‘ Hr KT
B 13 JoUgk 0.55. 0.65. 0.75 [¥) P-R & K6 6 PG R T TR S (4P) X H (%)
5 REEE TR (nAP) 8t 0 ads G I P PS RS S
- %Z MYV NE (mAP) HPG (%) YOLOF™ 132 277 416 292 23.1 200
YOLAéF[ZS] mAP__mAP D mAP TS YOLOV3" 79 81 179 313 47 13.1
- 28 069 136 Deformable DETR™” 33 84 119 138 69 6.5
YOLOv3 13.8 46.9 5.5 SSDLit™!
Deformable DETR” 85 197 62 it 7.9 115 33.1 199 87 109
SSDLit"! ' ' ' SSD512" 31 41 199 164 29 9.0
PLit 153 48.3 41 AL 15.1 263 424 338 272 30.6
SSD512P 9.2 33.9 1.6
s 22 728 140 W 5. % 6, AR RIBUE R RRE I PR

Wi 6 fis, A ORI EIEBRLE 6 Fhkig b LT YOLOF. YOLOv3. Deformable DETR. SSDLit.
(R KRS B (AP), HHHE YOLOF 28 1.9%. —1.4%. SSD512 %5 ik
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425 SEIGRE
9T AR EIAS S R SR WK AR A B,
H R =5 LR AR I 5509 5 A S AT BUR X L,

YOLOF?, YOLOv3"®., Deformable DETR™. SSDLit"
1 SSD5 120 2852y ok bl S 5% B 1 s 46 A0 9D,
NEUG R SF 3, g 7 Fios, AR BRI 5 .

®T KNBERA R
Hik Patches Scratches Pitted Surface
o .
!
YOLOV3! .
-
« »t
Deformable DETB[ZS‘
- .
L ]
SsD512 '
-
AN, 8
) | b Y
A
., ‘, ’y ;‘,
R ] s

S ROR AR, A ST LU ) A4 L 25 44 2 T Wk
R SRR R, 72 A JT 4R 48 NEU-DET L (K463 2%
SRAGE s RIS JEE A0 T A T B3k, R P e T RCR TS
VB AL VH RS 08 3 REAE 5 S0 b S Hh 44 3R I
B A L A RS I S AR AR A TS AR AP AE TR
O A A L, AR SCBETH IS, RIS L A
A ARV H b 7 AT R I R RE R B

YE4 Transformer ‘& 45 #4) AR 5 P& 450Ra il B0 2%,
i 7RG W 14 B bt e A8 T 1) 8 ARG I 28 A, A
T T AT 11 2 A AL AR I X 4%, 7 R R 1 A
HE B T HROR I B k.

&
A
&
H

OCF OF

5 45iE

A SCBEE AL A 4 T R B AT 1 R, BT
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STM R-CNN Kl 53k, Seil T BRI BRI 20 28 5 08
7. T 4, K H region proposal network /£ 4 baseline, >
| cross entropy loss Fl Smooth; | Loss HE4T 43 2110 5t
HE[E1 ). VK Swin Transformer 2 #5225 WX 44 R
BT AR AN 2%, 383 multi-stage R-CNN £ 25 k44
FE) ST 22 B R .

MR SIG A E] T AR S5 7R Al I R AR S
THSVETE mAP. mAP_50 Al mAP_75 =B L
SRR SEIL 6% 7.5% M 3.9% ks IR T 7
Ry, Jede. PR RRAL. TEANEAER R LR RIR S
KRB B BBl 5.2% 3.4% 7.7%+ 1.5%-
8.9%- 9.4% [1IK5 FEHETT.

AT EVERBAAE mAP. mAP_50 1 mAP_75
-, A% YOLOF 523 3.4%. 5.9% 1 0.4% RSP 4
Th; #HET YOLOV3 SEBL 15.4%.1.25:9% F1 875% FIH
FE#7t; A% Deformable DETR 581 20.7% 53.1%
H17.8% KRS EEHETE; M T- SSDLit 528 13.9%. 24.5%
H19.9% HIKEFEFETE; AL T SSD512 5B 20%. 38.9%
F112.4% (RS EE3R T

S 48 JLUE BA, A SCBE T A ST AL AR A I (A
ify B340 2 PRI WS S5 T AR AL T YOLOF. YOLOv3,
Deformable DETR. SSDLit. SSD512 2 L. {0
K, AR SRR RS 5 A e R N 4 25 0, A 58
A ST AR SRR A R — 25, K45 A DETR HIEE
18, % RPN F1 R-CNN JZ M 4% 584 i Transformer %5 #4)
BAR, LR IE WA RUE S A5 4. S i ok 2 A A
BT ZHARAL NI RS %, S2B) Transformer 4544
o R D Ak R AR ) 5 4 o AT
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