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Fabric seams detection algorithms based on improved YOLOVS8

Liu Ruiming Chen Lun'ao  Xu Chunrong Zhou Tao

(School of Electronic Engineering, Jiangsu Ocean University, Lianyungang 222005, China)

Abstract: Fabric seams detection in industrial setting is becoming increasingly important in textile applications.
However, seam detection faces challenges such as small target size, few available features, and complex environmental
factors, which make it difficult to ensure stable and real-time detection results. A fabric seam detection algorithm
YOLOv8-DVB based on improved YOLOv8 is proposed to address this series of problems. The C2{ module is
optimized based on the characteristics of Deformable Convolutional Networks v4, a C2{-DCN module with multi-size
feature sampling is proposed to strengthen the network's extraction of feature information of different sizes. In the
neck, the BiFPN structure is used as a feature fusion approach, which allows features of different scales to be more
fully fused at multiple levels by introducing top-down and bottom-up bidirectional pathways. Additionally, a more
efficient VoV-GSCSP module is introduced to lightweight the feature fusion network, which helps the neck network to
reduce the computational load and parameter count. Finally, a dedicated small target detection layer is designed to
optimize the feature extraction of small targets. YOLOv8-DVB is compared with the original model as well as
YOLOv5.YOLOV7 and Faster R-CNN through experiments to verify the detection accuracy and detection precision.
The experimental results show that the method obtains 84.7% detection accuracy on the self-constructed dataset,
which is higher than the original model and other network models, and is able to quickly and effectively accurately
detect the target categories and locations in complex industrial environments.
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Fig. 10 Add a small target detection layer
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Table 1 C2f-DCNv4 module validity experiments

[ mAP/% Params/M GFLOPs FPS
YOLOv8n 77.0 3.51 7.5 36
+ C2{-DCNv4-1 78. 1 3. 33 7.0 39
+ C2f-DCNv4-2 78.0 3. 34 7.2 40
+ C2f-DCNv4-3 79.1 3.16 7.1 45
+C2{-DCNv4-4 80.3 3.09 6.8 47

3.5 VoV-GSCSP #3014 5 #7
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Bottleneck # 3 | J2& L) GSConv I E: Al #4 5B, . GSConv fig
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% 2 GSConv & B K /N L6 5L 55, H T 5k VoV-
GSCSP #i e 45 LR 1T I A 88 . GSConv fiE % i i %
JE 45 BRI o B A 45 VE O M3 2 B R R AE ZE 7 Ghost R,
T FMIE, X LERRIE 5 A R AR A AR = 0 A U (BT
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m, B 2E 2 AT 24 GSConv 38 R K /N /NG, BEE— 25 [ Table 2 GSConv convolution kernel size
PRSI f1 345 A HE Y [R) B DR e A A R M B comparison experimenta
3.6 HBRICLE e A mAP/%  Params/M  GFLOPs
R T S8 AR AT 20 9 B i R AR A 1 8 1Y 5 YOLOvSn 7.0 351 75
ﬂi’ﬂ,wa‘ﬁﬂkiﬁﬁiiﬁﬁﬁ%ﬁﬁi}ﬁ,m?ﬂiiﬂfﬂﬂﬂ’ﬂigﬁ/ﬁ GSConv(3X 3) — 3 07 61
AUJZE B YOLOv8n gl ok , 7 fll 58 30 £ B YOLOv8n Ji 52
37 %1 L 8 SRR 2 S 0 3 R, GSConv(lXD) 776 3. 02 53
®3 YOLOVS ARl LIn £ R
Table 3 Results of different improved ablation test of YOLOVS
C2{-DCNv4  VoV-GSCSP BiFPN P2 P/% R/% mAP/%  Params/M  GFLOPs & 3 {/MB
77.0 65. 4 73.8 3.51 7.5 8.1
N 80. 3 73.1 83. 9 3.09 6.8 7.5
NG 77.6 73.2 79.2 3.02 5.5 7.0
N/ 79.1 74.7 76.7 3.54 7.6 8.3
N 80. 2 76.2 75.2 2.98 9.3 7.3
N NG 81.3 83. 1 76. 4 2.81 6.2 6.7
J J J 80.7  83.2 77.6 3.35 6.6 6.9
N N N 83.5 79.3 80. 4 3.12 7.6 8.1
J J J 83.8  84.1 80. 9 3.84 6.4 6.8
N NG N N 84.9 73.2 84.7 2.77 5.3 6.2

WRAEFR 3 T LLE A SCFE YOLOvSn B! ) 3L Atk -
AT CHE AR C2f 45485 DCNvd BEE AT Rl A, 3t
— AR T B R i 2% H AR JLART JE A8 19 36 R fig ) . e f% 5
B 1t A B2 0 )R SRR AE 1 78 o DT 384 5 A5 0 S A 4% H A e
D AER R, AR T R AL, O 5 AR mAP 2T+ T
3. 3%, Rl A A 13 k2> T 9. 33 %6, A5 10 S B i /b
T 11,97 %, B K /NRRAR 7. 4% 5 38 33 45 FEB W 4% A
VoV-GSCSP # e sL BB 8 () 2 & 1k . VoV-GSCSP %
il i GSConv 5 B F R 1 TR 1 6 ARl 4 M AR 4 4
FEMFEARFAE 7 A2 ) Ghost $FAE , R Ghost H5fiF SFL 4 5l
ARIEE . XL HHINRRAE S AR AR B AT B AL L R
R NAR IR BEAL . £ BT mAP 1Y [ A AR
HETRET 26.67%, S8 W AT 11.97% , BB K /i
AT 13058 %6 K JFUR 9 FRAE Al A 7 Xl FPN-+PAN BCh
BiFPN, BiFPN B9 4% 0> SRR 2 X a) FRAE Rl G B Ao 0 4R AE
FEE T A AR ) BN D7) AL, [ B BiFPN 7
FRAE Fl A B 5 1 ATMAIL ] S A3/ X 46 3 3 R 2 IR
PR AE 4 i A, X RE AT AR R FE R AR Rl A i i A R,
R IEE B R S MR, GBS Wi D 1 S 5 E A
HE BN TR mAP T 2. 1%, &E@Ed¥ /g
TR A I 22 AT LG &A% 38 58 A5 A8 o /N RSHRRAE 1Y 42 R
77, B THE RIS /N B ARKE I A RS B0 . /N B BRI 2 o
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5 R & YOLO £ % YOLOv5n, YOLOv7n Al
YOLOv8n 85 i G 5 A T L A, YOLOv8-DVB 537k fig
5 8 AN 52 Wl B0 T8 (10 2 A 100 17 00 T it A 2R % A U 4
R 5 2 A A 4R T T 20%.17. 3% .12. 2% .7. 9% »
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Table 4 Comparative results of stitch detection with different models

foi Al P/% R/% mAP/ % Params/M GFLOPs W H S/ MB
YOLOv3n 64.9 55.7 64.8 2.77 5.3 6.2
YOLOv5n 67.6 56. 5 68.2 2.13 4.9 5.4
YOLOv7n 72.7 70. 7 75.2 3. 66 10. 4 7.5
YOLOv8n 77.0 65. 4 73.8 3.51 7.5 8.1
YOLOX-X 83.2 79.1 82.5 78.14 251. 9 350.7
YOLOv8-FastNet 69.0 73. 4 72.1 1. 80 5.1 7.6
YOLOv8-MobileNet 76. 7 77.3 72.7 2.90 5.7 9.3
SSD 67.5 60. 5 67.9 102. 79 272.8 67. 4
RT-DETR 85.7 84.1 85.1 19. 20 49.0 36. 4
Faster R-CNN 54.3 63. 2 56.5 13.75 37.0 371. 2
YOLOv8-DVB 84.9 73.2 84. 7 2.77 5.3 6.2
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Fig. 13 Comparison of detection effect
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