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Table 1 Experimental parameters
Epoch Batch size Learning rate Momentum Optimizer Input shape Random seed
400 64 0.01 0.937 SGD 200%200 42
2 HASLE
Table 2 Albation experiments
Method mAP50/% Parameter/M GFLOPs/G FPS
YOLOvV8 72.5 3.00 8.1 62.2
YOLOv8+C2f-Ghost-Dynamic 73.7 2.58 6.7 60.4
YOLOv8+C2f-Ghost-Dynamic+SENetV 1 74.6 2.60 6.7 60.2
YOLOV8+C2f-Ghost-Dynamic+SENetV1+LSDECD 75.5 2.00 5.1 59.9

FLZB I YOLOVS 1Y mAP50 2 72.5%, 4 &
4 3.00 M, GFLOPs 3 8.1 G, FPS 2 62.2, 7E5| A
C2f-Ghost-Dynamic 1% 3t J§ , mAP50 #& J+ 2 73.7%,
Z 4t 1 GFLOPs 43 I FEAIRE 2.58 M Al 6.7 G, [HHfE
P WSR2 60.4, R WIZALIAE B 2 A
8RR B IR A AR T T RRIE SR IR ) . i — 255
A SENetV1 #HtJ5, mAP50 271 & 74.6%, S50
PO TN 28 2.60 M, 2% BH 7 5 71 L BE 5 A S50 o A
T XF OCBAFAE 1Y) v E . 7F#8 4 C2f-Ghost-Dynamic,
SENetV1 fil LSDECD # #t J5 , 5 5 i) mAP50 ik %]
75.5%, PHEL LR AL RIS T T 3%, 45 2 il B 460 1)
mAPS50 {8 JL-F-#0A — & B EE LT, sl 13rR .
4 Al GFLOPs 4351870 2 2.00 M il 5.1 G, A%
LB 43 B REAR 33% H1 37%, EHfE P B T B &
59.9, SLEGZE R, £ B TE AR AL AT S

B [l I A R T T R IR BE . A FPS B T /INIE
N R, (AT A ] S ) S B ARG T R PN, IE P R R
B R T TR ARSI e 5 TR RICR Z R SE L T R AT
A

K 14 %F tb T YOLOv8 5 GSL-YOLO 7 NEU-
DET %45 45 L9 P-R il £k, JEon T Bloadh A 7Y i 4 {4
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Fig. 13 mAPS50 values of defects detected on NEU-DET dataset
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(a) YOLOVS
— Crazing (AP50=0.343); Inclusion (AP50=0.842);
— Patch (AP50=0.832);  — Pitted surface (AP50=0.791);
— Rolled-in scale (AP50=0.614); — Scratch (AP50=0.931);
— All classes (mAP50=0.725)
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(b) GSL-YOLO
— Crazing (AP50=0.405); Inclusion (AP50=0.862);
— Patch (AP50=0.865);  — Pitted surface (AP50=0.761);
— Rolled-in scale (AP50=0.689); — Scratch (AP50=0.946);
— All classes (mAP50=0.755)
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Fig. 14 P-R curve comparison before and after improvement
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Table 3 Comparison of experimental results with different
attention mechanisms

Method mAP50/%  Parameter/M  GFLOPs/G  FPS
YOLOV8 72.5 3.00 8.1 622
YOLOV8+CA 72.4 3.05 8.2 60.4
YOLOvV8+LSKA 74.0 3.17 8.4 57.7
YOLOV8+SENetV1 74.4 3.02 8.1 60.3

S 25 IR WY, AR B AL A AL R
RAMBAE —EER . BLE mAPS0
72.5%, %05 K 3.00 M, GFLOPs Jy 8.1 G, #fi: i i3 &
622, 51 CABIHG, £-TiHE brds) AL BRI {7
Friin, £ CA BRI TRIAI IR A BN AR . A1
2T, LSKA fde it F - T+ 1T R A 2, fif mAPS0

K F] 74.0%, {HRE AR & TR TR S R0, R
WA —E R T . SENetVI Bk rE Z it
B JIHL e B SR 0 R 25 T R, RIS R 2
3 74.4%, 1F 2 RO FRAE fl A R 38 8 7 2R
L5, Ib4h, SENetV1 87 52 1 fh i 11 L R IR
S, RSB HE T D, AU 3.02 M, #EBELEE A 60.3,
X ¢ B SENetV1 BE#E 78 $2 TH R RS B 1 [R) i), A 2%
PRI A TR A e B M

A SCE 3 AR AT T TR R AR R A A A B R AN T
DRI 7 3 1 o3 AR R AT T Ak, DAPEAR e T %
T 355 56 G I AT 45 v B 32 AR RE T, I 43 B A5 78 X6 S
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SENetV1 B85 K5 fE 1 £ T 5 24215 5t b i BB X8,
WS, KR LR PEERAE, LA K o5 b i AL 1k e
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SRR, AR REFE 458 H AR X Ik Y FRAIE . LSKA R
TG 1) T HE R H bR A B AR AR, X 20 Y R AE 114
N e I AR S . i —25 i R B, SENetV1 38 i
g A AT T A [ P A I, R T I 8% X G R A
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P, A B0 RE 3% ISR R AT 5 B AR T T S AR
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GSL-YOLO B35 1A S0 A0 ek v, 45 3¢k A IF
BEHE GC10-DET #EA7 X} b S5, S5 78 A [R] 6 B
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1ge Table 4 Comparison of GC10-DET dataset performance index
Crazing Model mAP50/% Parameter/M GFLOPs/G FPS
YOLOvV8 57.5 3.00 8.2 71.0
GSL-YOLO 62.0 1.95 52 68.8
Inclusion
GORULE YN VR 2 = V| = I Sy T TTR O ) e e %59
i BRI YOLOVS., H KT 7, GSL-YOLO /) mAP50 4
ThZ 62.0%, LALLM & T 4.5%, [FH), GSL-
YOLO (W40t B F /0 & 1.95 M, 3 HL AR I
it /BT 35%, GFLOPs i 8.2 G [%% 5.2 G, &K T 36.6%.
surface LA FPS DA 71.0 BE BT R 2 68.8, {EA I 2 Tl 5%
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Rolled-in S AR 4[] s, el B Bl 2 3T A R R A
scale RS F BE 0 RGP, 8 T 98 R A2 BR i A i
H AT s T sk kAL 55 .
Scratch 234 AR R&EAFILEE K UF GSL-YOLO
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Fig. 15 Heatmaps of attention mechanism comparison B Bt *L\ b 1:;% A Faster R-CNN, — By B *L\ b ﬁ B
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RetinaNet, SSD300 DA & ZF YOLO RFIFHAL, X bt

1 T 75 3 Anchor-based 1 Anchor-free P F Tt U] £
T, MOHE ZRER M F1 S Bret: 58 9 > 4 5 4 T P4 o
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Table 5 Comparison results of different defect detection methods on the NEU-DET dataset
AP/%
Method Backbone mAP50/% Parameter/M GFLOPs/G
Crazing Indusion Patch Pitted surface Rolled-inscale Scratch
Faster R-CNN ResNet502! 34.1 84.2 87.6 68.1 55.7 95.4 70.8 414 134
RetinaNet ResNet5012*! 42.7 76.8 78.0 68.7 59.9 70.9 66.2 36.4 129
SSD300 VGG1624 40.9 69.2 90.6 91.4 65.3 66.0 70.6 24.4 31
YOLOv5 CSPDarkNet(C3)2 36.7 83.5 84.3 73.7 59.1 96.1 72.2 2.5 7.1
YOLOv8 CSPDarkNet(C2f)>! 34.1 84.2 83.2 79.1 61.4 93.1 72.5 3.0 8.1
YOLOv10 CSPDarkNet(C2f)! 38.6 76.7 88.3 71.8 63.7 93.5 72.1 23 6.5
YOLOv11 CSPDarkNet(C3k2)®! 41.4 79.7 73.2 81.2 67.3 80.4 72.8 2.6 6.3
GSL-YOLO 40.4 86.2 86.5 76.1 68.9 94.6 75.5 2.0 5.1

S U, AL G T [ B AR A Faster R-CNN
FERTIORS B LR R A7, H mAPS0 ik F] 70.8%, {H ih
TR X A I 2% RPN HE4T B A5 07, 55 74
B HRE A AT J, B T AR B i b g 5 b i
. MILZ T, RetinaNet F1 SSD300 25— [ BEAG 5
AU 1 B B ARAE S R T HEREACR, GFLOPs 41

WIFEAR 2 129 G 1 31 G, Z2H W/ IR 364 M
1 24.4 Mo SR, 33X AR Y f o A 00 4 B A 55
NHER G FT 5288 s T, T4k
JIZ N YOLO £ 91 A5 R AE 4 Ak RS2 1 7 T
HAMRH . L4558 878, YOLOVSH YOLOVS i

mAP50 43 HKF] 72.2% 1 72.5%, B FAE5%—/r

=
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Fig. 16 Visualization comparison of detection results using various methods on the NEU-DET dataset
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Table 6 Comparison of model adaptability under various data
configurations

mAP50/%
Dataset type Sample size
YOLOvV8 GSL-YOLO
Original 1800 72.5 75.5
Original (Augment) 2430 72.9 75.7
Small 540 64.0 65.5
Small (Augment) 729 64.5 66.7

S 4 R R W, 7R I b B 4R &5 F T, GSL-
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Table 7 Comparison of detection time

Time/ms
Model
Preprocessing Inference Total detection
YOLOV8 15 16.1 31.1
GSL-YOLO 15 16.7 31.7

SR R, GSL-YOLO HHEFITE] A 16.7 ms,
% 75 F YOLOVS fY 16.1 ms, 4 I B 5] By 31.1 ms
BN E 31.7 ms. U4 HE B R A BT RE 0, {2 GSL-
YOLO f 6 00 328 £ 475 B 6 2 S B A= 7 i A2 b 132 47
S

3 ZRIE

ARSCHEH T —FhIE T GSL-YOLO (14044 2 i it
B RS ) S B, A A% e AR D B A A DU RS
JFEFNTH 5 % B 22 [a] - A AN J2 1 ) B, 3 ) 22 A
ALl T . BARWE, Wit T C2f-
Ghost-Dynamic B AR 3 W 26 i C2f Bk, 38
1454 Ghost B 5 B BT R A5, 7ERRARITH T
B 04 [ B S 3 B T T RRAE SR R ) 5 AE S R 4%
S GEIE E R /7 SENetV1 AR H, il i A & IV 74 % 18
T A B T SE B AR A 5 1 R R AR Ot
TR S LSDECD # A% ge el 3k, A5 &k s >
TSECRAT R 8, IR & TR IR

GSL-YOLO #£ NEU-DET 4} # 3¢ Ifif Bkt [ £ 4 4
1 mAP50 ik F] 75.5%, A HIEZE AL YOLOVS $2
T T 3%, [FIEF SRR 24 2 b T 33%
M 37%. R4 GSL-YOLO #i Bl B s A T [, If H.
T 25 B S B AR 7 rpOt T AR Ak BE R (] (H
AT BEWE R Tl 5 h i S 5ok . 52 R0 H
o A U B30 % L 45 SR R W], GSL-YOLO 7E & 2445
S BRI B AR R I AT: 55 v 2% B HR A v %) 4G 00 A
B, #E— 2 BE T /N B bR RN 4 98 5 Y 18 . BE
71, £ GC10-DET %t #i8 £ (9 M i 7, GSL-YOLO ]
FEFRELT R AP 0 R 0P e, UF B T AR AS R Bl 4
] vz AL RE T o TEET XA 24 e i S g v, S
Y 00 R I R R R R M A iR A AR RE S AR
N TE/ANFEA AR T, SRR I $2 TS T 2%,
RAE B A B AR R B % DR R IR I AR

A SCHERG NG BE . TH8 5 2% B R S Bsf 1 7y T B
57 RAr ik J, FAETE A )2 = R A T i
BT f 3 L R R AT T B T . Tl A ™ % A i
RGN PERE BER A A R), 20 A B BE R B AN AR



$sil

F A, 4. LT GSL-YOLOMY RS 2 I e b k6 I 33k 669

BEUR Ty A7 AE 22 S A0 T5 2R o 51 g 3 A 7 R X A
RGN IR EOR R, TAKFE S EBE GPU 347
TEEERE 7, DL S 30 v ot S5 RTS8 %) G I M B . T
/N A G 0 D) A A R B R ) v A B, T
DA S 3 A 7R 114 Do) 265 8 85 A0 i 8 0 — 2 R TR X A
F Bl e BRI B8 o AE VR Z BR i A R,
R TR PR 2 kR, YT oY R B RE L
FF IR ACTT 5 R0, I o A i s Ty 8 AR A 4
FRET A BT IR IHFE

B ik e Bk %, R T 5% K P Se AR A 1Y) S 4K
Ak LA KT BEAS [F) 50 85 75 K 1 B 0 R TR IR AR .
W YA LS AR IR IR SR, PR 2 I
WA A . [, 255 T 0 A9 1040 3 A AR e
B 5E SR m, PR TR LR AT S Tk S iz 1L R
T B, W B L Ak B R R O R
fifi GSL-YOLO fig 16 A [FAE 1F 3855 N IR e oA
MR, 2 Tk A P SRR RORS B I 28 A R

&% 3Lk

(1] KBRS, TESCHE, 55 JEFHLEAIDE I 0 2 TH e
A6 0 BIF 58 9 J (0], L Bl K724 (A SRR3R,
2022, 39(2): 180-188.

(2] 2D, i, B8, 55 GBS IR 19 4 e 5 0 ST
53R (7). ABIE2AR, 2020, 46(11): 2319-2336.

(3] Bk, GeAH, el 0TI A4 X iR BB A I Jr e 45
ik [1]. H3hfb2AR, 2021, 47(5): 1017-1034.

(41 PR, RN REGRA M S TE LG P
FAVFSRZEIAR (1] Bt R AR 5403, 2016, 31(1): 1-17.

[5] REN S, HE K, GIRSHICK R, e al. Faster R-CNN:
Towards real-time object detection with region proposal
networks[J]. IEEE Transactions on Pattern Analysis &
Machine Intelligence, 2017, 39(6): 1137-1149.

[6] LIU W, ANGUELOV D, ERHAN D, et al. SSD: Single
shot multibox detector[C]//Computer Vision — ECCV 2016.
Cham: Springer International Publishing, 2016: 21-37.

[7] LinTY, Goyal P, Girshick R, et al. Focal loss for dense ob-
ject detection[C]//Proceedings of the IEEE International
Conference on Computer Vision. Venice, Italy: IEEE,
2017: 2980-2988.

[8] REDMON J, DIVVALA S, GIRSHICK R, et al. You only
look once: Unified, real-time object detection[C]//Proceed-
ings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). Las Vegas, NV, USA: IEEE,
2016: 779-788.

(91 GKER, Fdwid, £RER BEEE 78 B R ISEAS I v i) g
FHHERE S EEE 1] H 3 k244, 2017, 43(8): 1289-1305.

[10] LIANG Y, FENG S, ZHANG Y, ef al. A stable diffusion

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

23]

enhanced YOLOVS model for metal stamped part defect
detection based on improved network structure[J]. Journal
of Manufacturing Processes, 2024, 111: 21-31.

SHUAI Y, LIN Z, CHEN W, et al. SF-YOLO: An evolu-
tionary deep neural network for gear end surface defect
detection[J]. IEEE Sensors 2024, 24(13):
21762-21775.

YANG S, ZHANG Z, WANG B, et al. DCS-YOLOVS: An
improved steel surface defect detection algorithm based on
YOLOVS[C]//Proceedings of the 2024 7th International
Conference on Image and Graphics Processing. Beijing,
China: ACM, 2024: 39-46.

Vi X, 22085, Ktk £T RCD-YOLO f8 44 2 i i [
K 44098 [J/OL]. 5 T.78, (2024-09-10) [2024-12-10].
2024, https://doi.org/10.14107/j.cnki.kzgc.20240426.
BEEE, 3kJR, BIRIF. ECC-YOLO: —Feltt A4 A1 2 i
i BRI 7 ik (9], LTI 5 AU R 2 AR, 2024, 38(4):
108-116.

SR, WHEER, I8, 55 JET YOLO-GR ikt
LM F B A (1] HAPURS A3 kin THAR,
2023(11): 107-111, 115.

HAN K, WANG Y, TIAN Q, et al. GhostNet: More
features from cheap operations[C]/ 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR). Seattle, WA, USA: IEEE, 2020: 1577-1586.

HAN K, WANG Y, GUO J, et al. ParameterNet: Paramet-
ers are all you need[C]//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR). Seattle, WA, USA: IEEE, 2024: 15751-15761.
HU J, SHEN L, ALBANIE S, et al. Squeeze-and-excitation
networks[C]//Proceedings of the IEEE Conference on

Journal,

Computer Vision and Pattern Recognition (CVPR). Salt
Lake City, UT, USA: IEEE, 2018: 7132-7141.

CHEN Z, HE Z, LU Z M. DEA-Net: Single image dehaz-
ing based on detail-enhanced convolution and content-
guided attention[EB/OL]. (2023-01-12) [2024-12-10]. ht-
tps://doi.org/10.48550/arXiv.2301.04805.

TIAN Z, SHEN C, CHEN H, et al. FCOS: Fully convolu-
tional one-stage object detection [C]//Proceedings of the
IEEE/CVF International Conference on Computer Vision.
Seoul, ROK: IEEE, 2019: 9626-9635.

HOU Q, ZHOU D, FENG J. Coordinate attention for effi-
cient mobile network design[C]//2021 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR).
Nashville, TN, USA: IEEE, 2021: 13708-13717

LAU K W, PO L M, REHMAN Y A U. Large separable
kernel attention: Rethinking the large kernel attention
design in CNN[J]. Expert Systems with Applications, 2024,
236: 121352.

HE K, ZHANG X, REN S, ef al. Deep residual learning for


https://doi.org/10.1016/j.jmapro.2023.12.064
https://doi.org/10.1016/j.jmapro.2023.12.064
https://doi.org/10.14107/j.cnki.kzgc.20240426
https://doi.org/10.48550/arXiv.2301.04805
https://doi.org/10.48550/arXiv.2301.04805
https://doi.org/10.1016/j.eswa.2023.121352

670 AR B TOR A o2 R CH SR B 22 O 5551 %

image recognition[C]//2016 IEEE Conference on Com- new backbone that can enhance learning capability of

puter Vision and Pattern Recognition (CVPR). Las Vegas, CNN [C]//Proceedings of the IEEE/CVF Conference on

NV, USA: IEEE, 2016: 770-778. Computer Vision and Pattern Recognition Workshops.
[24] SIMONYAN K, ZISSERMAN A. Very deep convolutional Seattle, WA, USA: IEEE, 2020: 390-391.

networks for large-scale image recognition[EB/OL]. (2014- [26]  RWEEL, Bemn v, M. BURBIR N B AR 5T 4558 7).

9-4) [2015-5-7]. https://doi.org/10.48550/arXiv.1911.11929. B, 2021, 20(5): 230-236.

[25] WANG C Y, LIAOH Y M, YEH I H, e al. CSPNet: A

Steel Surface Defect Detection Algorithm Based on GSL-YOLO
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Shanghai 200237, China)

Abstract: Steel is prone to surface defects due to processing and environmental factors in modern industrial
production, which adversely affect its overall quality and service life. To overcome the shortcomings of existing
detection methods, such as, inadequate accuracy and high computational complexity, this paper proposes an improved
YOLOvS-based algorithm, GSL-YOLO. To address the issues of feature redundancy and insufficient feature expression
ability, GhostBottleneck is introduced in the C2f module to replace the standard DarknetBottleneck, thereby reducing
redundant computation and enhancing feature extraction efficiency. DynamicConv is used to replace the standard CBS
module to enhance adaptability to complex scenarios. To further improve the detection accuracy for minute defects, the
SENetV1 attention mechanism is integrated into the neck network, which enhances the focus on key features by
adaptively adjusting channel weights. In addition, a lightweight shared convolution detection head named LSDECD is
designed to address the issues of large number of detection head parameters and high computational complexity,
effectively reducing the number of model parameters and the cost of computation. The experimental results
demonstrate that, on the NEU-DET steel surface defect dataset, GSL-YOLO achieves a 3% increase in mAP50
compared with YOLOVS, while he parameter quantity is reduced by 33% and the computational cost is reduced by 37%
simultaneously. The proposed method achieves good lightweight design while improving the accuracy of model
detection, meeting the application requirements of industrial real-time detection.

Key words: defect detection; YOLOvVS8; Ghost Bottleneck; DynamicConv; attention mechanism; lightweight

detection head
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