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Abstract: To address the problems of diverse and complex shapes of steel surface defects, detection target
missing, and large number of algorithm parameters, a lightweight VT G-YOLOvV7-tiny steel defect detec-
tion algorithm was proposed. The method first designed VoVGA-FPN network to reduce the loss of infor-
mation during information transmission and enhance the network feature fusion ability; second, it con-
structed a triple coordinate attention mechanism to improve the model’s feature extraction ability of spatial
and channel information; third, it introduceed ghost shuffle convolution to reduce the model parameters
and computation while improving the accuracy; fourth, it added a large target detection layer to improve
the problem that some defects in the feature map occupy a large proportion, resulting in low detection accu-
racy. The improved algorithm was verified on the NEU-DET and Severstal steel defect datasets. Com-
pared with the original model, the mAP of the improved algorithm is increased by 5.7% and 8.5%, re-

W is B #9:2023-10-16; 81T H #§ : 2023-12-01.
HE4mB: BFXARP¥ 4 %W H (No. 51365017, No. 6146301) ; VL 7H 4 AR B¢ &R W H
(No. 20192BAB205084 ) ; Y. F§ 44 L B JT R % £ R WF 57 45,501 H (No. GJI170491)



1228 b= S K Y i

32 %

spectively; the parameters and computation are reduced by 0. 61 M and 4. 2 G, respectively; the accuracy

and recall are increased by 7. 1%, 1.8% and 8.9%, 7.0% , respectively. The experimental results show

that the improved algorithm better balances the detection accuracy and lightweight, and provides a refer-

ence for edge terminal devices.

Key words: defect detection; Lightweight YOLOv7-tiny; VoVGA-FPN network; Triplet Coordinate
Attention(TCA); Ghost Shuffle Convolution( GSConv)
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Tab.2 Improved VoVGA-FPN comparison experiments
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NS R S TG N = B T2 e e
TCAERE AL TR TA R CAERE T,

mAP {8 f 1k £ 70. 8%, BTy ok 1 2 B it
Bt . B SE fEMEBE | mAP {H 135 F)
70.4% B ¥E Mt B E AR E R TCA W
P AN F TR iR & . R oL ;AR
TE SR A 5 TCA MY, HARS % R
BRI TCA, SE5 R Wl e i J5 TCA BEH i & 22
P LA TR R IS AN Ak
4.4.3 GSConv % #4% B 2 b % 1

H A GSConv 35 46 J5L 45 A SC (1 BT b 437 &
XF 48 A5 0 48 T 2R B 4, 7E NEU-DET $50 4% 48
b EEXRAE 3R S AT IR . b, A R
BAL,B,C,D o ul R B4 £+ SO 28, 52
B 25 BN 3R 5 P, Horpohii ok e A .

F5 GSConviRRA[EALE LKW
Tab.5 Experiments with different positions of the
GSConv module

Location mAPY% Params/M FLOPs/G FPS/ms

A 68.7 6.02 13.1 108
B 70.1 4.82 9.9 94
C 70.3 4.31 10. 3 121
D 72.0 3.12 7.1 100

A 526 45 A, X DU R AR LR A B R,
5 8 C T f 0 4G 0 8 8 g BRe, 5 38 121 Mt {F A
BT 5 0 D, 76 K I0RS B AR B AR R B
P, BAREE L D Y FPS A B T AR A sl /> 8 i,
5 H Al 48 b5 249 0 e, mAP B E) 72% S 5
M AR AR AR, 4 3. 12M A1 7.1 G, 7E A
2K DU AE 7 A (] B B R T A e AR OIS I D
EESTEE
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4. 4.4 Hm BA R E B KRR

AR S JIE B A T 22 5 Neeck W) 45 22 i) 2 45
T B 20T B BERAE 7 NEU-DET 4 45 b it 47
BSAE . Hoh, A SR FUBEAL B AT C 43 51 2w K i
JZ 5 Neck Jo 4 BUE #: A & B, L4,
W 6 i , i Ry fe A A o

N6 52 1 48 Al 0, X YA 48 bR 2R A H
&, BORE K I 2 5 Neck 3% # i in A % s
mAP 5 55, 258 73% , H LAV S g0

x6 HEWNES Neck ELEMRILI
Tab.6 New detection layer with Neck with and without

convolution experiments

 RRG 0 R A A R R ORS B 4R T 5 AR X
B B9 B o R I 2 5 Neck o465 %
22 of A R0 2 i AT B R A LG T RO A L
1.85 M A1 0.4 G, H & I 3 B 4 s AL, ik 3] 111
Wit , mAP B AH b R AR HR 3. 400, K 1 B
SO € KRR SIS Sl ) B T, e 2 2B U 32}
UL
4.5 HRLXIE

A SCEF X YOLOV7-tiny JF I A& 58 gk 17 7y 4>
J7 T WCHE | S50 Sk 36 E 4 S B A RPE L 43 )
7 NEU-DET #1 Severstal 8 % I, 18 i & —
fl iy Oy AT SR . b, M1 R OR AR AL M2
E M1 B TCA , M3 78 M2 3L 6l 7t

Model mAP% Params/M FLOPs/G  FPS/ms M2 M4 7E M3 JE 6l 17 i VoVGA-FPN fill &
A 68.7 6.02 13.1 108 M 2% M5 #E M4 Al F 3 i GSConv, B A SC iy
B 72.1 7.87 13.5 111 # VTG-YOLOv7-tiny 8% . L5 R azE 7 /7
C 73.0 10.2 13.9 80 L e 2) I

%7 NEU-DET A Severstal 43 £ /4 Rl 3L 16

Tab.7 Ablation experiments on NEU-DET and Severstal datasets
Dataset Method mAP % Params/M FLOPs/G FPS/ms P% R%
M1 68.7 6.02 13.1 108 61.4 72.7
M2 70.8 6.02 13.2 119 63.8 73.7
NEU-DET M3 72.5 7.87 13.5 113 66. 7 74.2
M4 73.6 7.04 12.7 76 67.1 72.0
M5 74.4 5.41 8.9 87 68.5 74.5
M1 65.6 6.02 13.1 61 58.1 65.2
M2 67.6 6.02 13.2 79 65.8 70.2
Severstal M3 71.5 7.87 13.5 70 64.5 72.1
M4 72.7 7.04 12.7 52 66. 8 67.7
M5 74.1 5.41 8.9 78 67.0 72.2

T 7 SR ZE AT R g TCA B g
% A 5 JRUGE T 2 ) 22 B TR SUE R 4R T
2% mAP W80 B A ][Rl TCA i@ i A 18 1
b AN [R] 3 SZ B AR, B G b Ak PHAS ] R R
J7 1) (4 G5 B B A, A5 M 4 N X 2% 1 IR a7 B R
RICATH B o, 20 17 4 T R 0 SR g e ) )2
mAP B £ 8K, U W% 07 I fe i — 20 s R
A3 B B TERRAE B A o AR, S BOR TDRS AR 1Y
() 505 S VoV GA-FPN W 4% | [ 6 0 3 i 21 4%
T b A BT 2 T, 3% W2 90 4% B AT Aok A il X
5 AR 3 AR b iy &% 38 T I 28 R AE fil 5 g

J1 3 B 5 1% 4 G GSConv A5 e 78 A 450 W A% A 751
SR AT Y ) B RE E — 2B B mAP (H .
£ NEU-DET #il Severstal (% I, VTG-YO-
LOv7-tiny 5 3% # tb F YOLOv7-tiny # % mAP
84> B4R FF 5. 7% F18.5% . 2 ¥ & Mt & & 4y
B 5.41 M A1 8.9 G, Al b F J5t A5 AU 43 1) F% I
0.61 MAI4.2 G, UK YOLOv7-tiny i 89. 8% FlI
67.9% , [A) B PR UE T 55 0 SE R o S BHE 4R
1 4G T R A AR B B 22 R, R B Ok NEU-
DET %% 4 4 200X 200 pixels, 43 # R B AKX, 1M
Severstal # 5 4 W &y 256 X 1 600 pixels, 73 #f F
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v, FLAG A WA B L e A D O X T
NEU-DET % ff 52 00 46 I 2 J5 50 o 1 fil 52 56
B 1A SO SRR B i AT R A R

[F] B, X F Severstal £4 45 4 , o 5 iF H: 4% 01
6 b A2 DR A 38 5 BT 38 B 1Y R I R AR SO
W PERE FT 8. FEAR R SE0 25 1 T B A SOk
G AR B TR ST AT S A AR B AT SR
%FH, HoAr, Severstal A, B 4 Sl R P FE 1T G H)
B LR 25 ANk 8 s, ML N e 1A .

8 Severstal HIEEF FAIELWTEE
Tab.8 Comparison of experiments before and after en-

richment of the Severstal dataset

Mod- Params/ FLOPs/ FPS/
Dataset mAP%
el M G ms

M1 71.5 6.02 13.1 89

Severstal A
M5 75.2 5.41 8.9 94
M1 65.6 6.02 13.1 61
SeverstalB
M5 74. 1 5.41 8.9 78
A
100 96.0
y 02.894.0 934
90 : (Y)l?rI;OV7 tiny 86.639.4
80
70 67.268.1

AP0.5/%
PR N-N
S & 5

& RAY) BER AMEE B
(a) NEU-DET#{( 42

(a) NEU-DET data set

Bl

AP0.5/%
TRV NCN
S S

MR 8 S 2k BT A, Severstal B £ 7
5 4E YOLOV7-tiny (M 1) 2 51 | () mAP {H 5>
WA 71.5% F65. 6%, MM AE A SCHE A (M5) |
mAP {8543 Mk 3 75.2% M1 74.1% , 80T LA H
mAP {1 $2 FFE AR SR AR T AR . ¥ e
{140 50 Hl A B N UK B =A%, S B B A B
B4, {15 FPS A7 Bt AR, R AK SR W6 2 55 B K
WP

AL 5 R AL AL AE NEU-DET 1 Sever-
stal B A 1% A 25 24 Sk B 1 ST 2408 B2 A 1 ]
8T/ , N ] LA H AR SCB. ik Xof 45 2 Bl B 1Y)
- PR RS JBEAE Y A T4 T, /8 NEU-DET % 4fs
£ | X 44 TR A B 1 B TR RO B A 4 i 4
5.5% A1 18. 2% ; i 7 Severstal $ 45 4 F W) % 24
S 0 SR T IS S I 1 A KRS 4 T I A, 4 S 4
1R 8. 100 A1 23. 100, %F - 1 A H 4l 4 1 H A 28 )
I DA AR L 3K ) A A DK T AR TRk
SRMEAIG, 250 25 R 3R W ok i S 1 B B A AR
Xof AR 2 THT BB A A DA

104 913
B YOLOV7-tiny

88.490.1

90 @ Ours

S

Hig Ry IR SMERE ALE WE
(b) Severstali$g &
(b) Severstal data set
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Fig.8 Comparison of AP values of this paper’s algorithm and the original model for various types of defects
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YOLOV7, YOLOv8s LA B 3C#k[1] ([16]F1[18]
BRI T X . T Severstal £t Y )5
g 2 AR SR B A TS RE I RN AR

A R, B YOLOv3-tiny, YOLOv4-tiny, YO-
LOvV5s fil YOLOX-s B 54, A B 3 S 50w A
TR K, MO AT S8, i Sk [ 1] Sk
(1610 SCHk [ 18 48 2 (9 4 ) XF 42 /& NEU-DET
Bl £ il JC B 7F Severstal B0H 8 F yEAT %6 1L 43
B, S48 B 2% 9 B, H v AR ok 5 pe 11
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Tab.9 Experiments comparing NEU-DET and Severstal datasets
Dataset Model mAPO. 5/ % Params/ M FLOPs/G Size/MB

Faster R-CNN 65.7 72.0 167.3 108.0
SSD 61.0 41.1 145.3 93.1
YOLOv3 67.0 61.5 155.0 117.0
YOLOv3-tiny 46.5 8. 67 12.9 16.6
YOLOv4 51.0 52.5 119.8 102. 6
YOLOv4-tiny 54.6 5.90 16.18 22.5
YOLOV5s 70.1 7.07 16. 4 13.7
NEU-DET YOLOX-s 71.8 8.0 21.6 16.3
YOLOv7? 70.0 37.2 104.8 74.8
YOLOv7-tiny 68.7 6.02 13.1 11.7
YOLOvS8s 72.1 11.1 28.4 21.4

SCHRLT] 74.1 23.9 — —
SCHR[16] 82.4 15. 37 — 29.7

SCHR[18] 77.2 7.03 — —
VTG-YOLOv7-tiny(Ours) 74.4 5.41 8.9 10.8
YOLOV3-tiny 56. 4 8.67 12.9 16.6
YOLOv4-tiny 59.6 5.9 16. 18 22.5
YOLOv5s 72.4 7.07 16. 4 13.7
Severstal YOLOX-s 73.8 8.0 21.6 16.3
YOLOV7-tiny 65.6 6.02 13.1 11.7
YOLOVS8s 71.8 11.1 28.4 21.4
VTG-YOLOvV7-tiny(Ours) 74. 1 5.41 8.9 10. 8

R 82. 400 RN TT. 200 AHZAR bR 5 LI B A B
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Fig. 9 Comparison of the detection effect of this paper’s algorithm and the original model
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