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YOLO-CFD based research on detecting small and weak defects in cotton fabric
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Abstract: The surface defects of cotton fabric directly determine the quality of the fabric. To address the problems of false detection and
missed detection due to the significant scale variations and weak small defects in cotton fabric defect detection tasks, YOLO-CFD, a
cotton fabric defect detection network based on YOLOvSs is proposed. Firstly, in order to better adapt to the scale changes of defects, a
new module named BRASPPF is designed based on the Bi-Level Routing Attention mechanism; Secondly, in order to improve the feature
extraction and localization ability of weak small targets, space to depth convolution blocks replaces partial convolution, and a small target
detection layer is added in the neck feature fusion stage; Finally, in order to reduce the sensitivity of loU to position shift, the NWIoU
loss function is designed as the bounding box regression loss function. The experimental results show that the YOLO-CFD network model
can achieve mAP@ 0.5 of 87.2% on the self-made cotton defect dataset, an increase of 16. 5%, and the speed can meet the real-time
detection requirements of industry. In addition, in the visualization experiment, the YOLO-CFD network model demonstrated a more
comprehensive multi-scale feature exiraction capability, which can detect weak small defect targets such as knots, splice and stains with
only 12 pixels, and more accurately focus on slender global defect features such as broken end and holes. Compared to other mainstream
object detection algorithms, the proposed algorithm has higher defect detection performance and can provide effective exploration for
cotton fabric defect detection.
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Table 1 Detection results of different « values

(el mAP@0.5/%
a=0.2 74.5
=04 76.9
a=0.6 78.5
a=0.7 81.2
a=0.8 82.3
a=0.9 79.2
a=1 78.1
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R 1 ZRB L SRR EloU , I B G I 4 fE - 1 J2:
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Table 2 Detection results of different loss functions

TRETY mAP@0.5/% MR/ fps
DIoU 75.1 171.3
Wise-IoU V312! 76.2 175.3
ShapeloU 2% 76.3 168.9
MPDIoU>! 78.3 168.5
Inner-SloU %) 78.6 169.2
NWIoU 82.3 171.4
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Table 3 Detection results of SPDConv modules at different positions and quantities (%)
F5 Replacement convolution AP mAP@ Q0. 5
Be Ho St Kn Be
1 — 92.5 71.3 61.6 64.2 64. 1 70.7
2 neck 87.9 76.8 86.5 70. 1 70.3 78.3
3 7 92.9 76.9 72.8 67.6 68.5 75.7
4 backbone 44.9 77.2 89.9 72.9 69.5 70.9
5 3+neck 85.1 75.1 69.5 68. 4 68.2 73.3
6 S+neck 86.2 76.5 80. 6 68.5 70.7 76.5
7 7+neck 88.9 71.9 84.5 73.6 71.7 79.3

kT T B0 M W EZ SPDConv [0 B FIEI i % S 5y
RIS L 45,6 F T AR A A 45 S 2k A7 %)
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FREIHEA R [, M 7 (a) ATRLE S0 5.6
THIT 7 it o 2 A L ) 4 2 50 ) 34 I, 42 ) 0 7 o
By, H GRS B . N 7(b) ~ (e) IT LI H 528 5
6 i1 7 Bt 2 2 40 45 L 24 23 50 %) 398 T, B ) ) A 0 A
PEFHT 37% 15950 FR SR X TS/ B AR AR A
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Fig. 7 Detection results of cotton fabric defects based on the position and quantity of SPDConv modules
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Table 4 Results of ablation experiment
LAY AP/ % o
S S PDCony  BRASPPF  New detect  NWIoU Be Ho St Kn 5 mAresy% W/ fps

1 - - - - 9.5 71.3  61.6 64.2  64.1 70.7 147.0
2 vV - - - 88.9 77.9 845 73.6 717 79.3 161.3
3 - vV - - 93.8 84.0 82.6 70.3  70.6 80.3 166. 2
4 - - vV - 88. 1 80.3 74.7 821  69.0 78.8 124. 6
5 - - - v 9.7 8.9 79.9 71.5  73.6 82.3 171. 4
6 vV vV - Vv 89.5 89.8 90.1 78.0  71.5 83.8 156.7
7 vV - vV VvV 90. 3 83.2 8.8 73.7 723 80.3 124. 6
8 vV 2 2 vV 95.0 88.6 80.1 91.4 810 87.2 124.6
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YOLOv10s . YOLOv11s #l YOLOv8s AH Lt 4Kk Wi %4 fF
TR, (0 A B HR AR A R AR s b 5 R G 4%
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Table 5 Comparison results of different algorithms

Bk P/% R/% mAP@0.5/% W&/ fps

Faster-RCNN?! 56.5 54.2 58.2 10.2
CO-DETR-R50!2! 69.2 67.3 70.2 115.9
YOLOv3 59.9 58.4 64.3 72.2
YOLOv5s 68.5 69.5 69.5 156.7
YOLOv6s 66. 3 60. 2 61.5 152.3
YOLOv7 68.3 67.5 70. 1 112.4
YOLOv9s 67.1 63.9 68.9 142.2
YOLOv10s 65. 8 61.2 68.5 159.2
YOLOv11s 68.9 65. 1 71.2 154. 1
YOLOv8s ( baseline) 69.9 72.9 70.7 147.0
YOLO-CFD 84.1 81.7 87.2 124.6
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Fig. 8 Comparison of detection results before and after model improvement

4B B

-l

AT T —Fh LT YOLO-CFD fo kg A Bl A6 7
2, AT LR TR0 W 22 i | v R S SR AR A
B, T R B/ DN Bl e o D e g B s 1 RUJBE 25 53 R T
S EY R OE SRR X 1 0], AR BRASPPF XU
2 AR A 3 A T vk R TR [ R H AR
KR 7 5 45 35 T 25 1 2350350 190 2 A 350 o0 2 FRLURR o
SPDConv, fiftl T4 Bt B2 i/ B AR FRAE AR B 9 1%
P PRI, AN I — /N BARKEIN 2, A S T T AR A
XIS B AR RFAE 4 4 B8 0 5 B 352K sR L EloU 1
NWD 54, BT 0 21 SFUAE [a] 5 363 2 R NWToU , FEAIG
TR BRSO & m A 1Y RS, SCiah LR,
AR SRR S JEG YOLOVSs I Fb , 78 Tl AL S A 1
BRI B T 0 ol G TS A R B T T 14, 2%, 13 [R5 4RE T

T 8.8%,mAP@O0.5 $£ 7+ T 16. 5% 115 %] 87. 2% , 5 5%

FETHT RN 22 RO BRI AR IR RE , 156 2 Tl SEBR

Y5 T R BB BOASINAE 55, TEAR 10 TAR ol it — 25

PIEA R, e oh, JE— 2D A A A DR T 57 25 3]

B 7 iRl N2 o

SZ 3k

[ 1] HER, 25, kER. 5T Mask R-CNN f96
SFOCF RV BB R I DF5E (], 7 S A o
#2, 2023, 37(4): 231-239.
MA ZH CH, LI D, ZH B L. Research on scratch defect
detection of optical elements based on improved Mask R-
CNN [J].
Instrumentation, 2023, 37(4) . 231-239.

(2] ¥WS, 4582, WRi, 55, 3T DCGAN Rl YOLOvSs
M 22 A AR N T A [T ] T IEEOR, 2024,
47(3) : 144-155.

Journal of Electronic Measurement and



5 4 3

FF YOLO-CFD B 70 180/ Ml 553 e o A A 5% - 161 -

[3]

[4]

(5]

[6]

(7]

[8]

(9]

[10]

HUANG P, CAI L, CHEN B, et al. Defect detection
method ofsteel cord based on DCGAN and improved
YOLOv5s [ ] ].
2024, 47(3) ; 144-155.

FigE, XU, FRWE, 45 TWRD-Net: — & H] T H. 5]
A 2 20 Gt A 9 S ARG P 2 SRR [0 ] AR R A
i, 2023, 44(6) ; 223-235.

GAO J, LIUT, WANG X F, et al. TWRD-Net: A real-

time detection network algorithom for traction wire rope

Electronic Measurement Technology,

defects [ J]. Chinese Journal of Scientific Instrument,
2023, 44(6) ; 223-235.

ZHU X K, LYU SH CH, WANG X, et al
YOLOvS5: Improved YOLOvS based on
prediction head for object detection on drone-captured
IEEE/CVF
International Conference on Computer Vision, 2021 .
2778-2788.

i WG SRS, AT ) SUMDIRE ORI 174 fpk s A
T[], YR, 2023, 44(7) : 103-109.

FU H, HU F, GONG J, et al.
algorithm for fabric defect detection [ J].
Textile Research, 2023, 44(7) . 103-109.
HIAE B HBL BE T YOLOVSs 1 219 ok i 52 1
R EIL Y], WO, 2024, 45(10) ; 47-55.

JI X SH, QIAN F, DONG Y. Real-time fabric defect
detection algorithm based on YOLOv5s [ J ].
Journal, 2024, 45(10) ; 47-55.

g ORSOI. T BT SR RS YOLOVS (941
BREGRIN[ )], MRZTAEAR, 2024, 52(4) : 30-39.

LI J, ZHENG W B. Fabric defect detection based on

TPH-
transformer

scenarios [ C ]. Proceedings of the

Defect reconstruction

Journal of

Laser

contextual information aggregation YOLOv5[J]. Cotton
Textile Technology, 2024, 52(4) . 30-39.

RASHEED A, ZAFAR B, ALI N, et al. Fabric defect
detection using computer vision techniques: A

comprehensive review [ J ]. Mathematical Problems in
Engineering, 2020, DOI;10. 1155/2020/8189403.
Wifhss. BT A AmAD 4 I 25 (00 A oRH A T R 48[ D .
JUIM . AEREE TR A, 2021.

YANG W J. A fabric defect detection system based on
autoencoder network [ D ]. Guangzhou: South China
University of Technology, 2021.

XEFR , 20, AAE, %, FEF FS-YOLOV3 K& RUE
FHOERE -G AR A RO AS I [ 7], rheg RO R 222 4k
(HZRBIAA) , 2021, 40(1) : 95-101.

LIU L L, LI B, HE ZH, et al. Cotton defect detection
based on FS-YOLOv3 and multiscale feature fusion[ J ].
Journal of South-central Minzu University ( Natural

Science Edition) , 2021, 40(1); 95-101.

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

WRAE, 22U, IR, 5. 3T CA-EfficientDet (14
A HRBERI 7y i (], PR RO A4 4 (B AR B2
RR), 2022, 41(2) ; 243-250.

XUTL, LI B, HU W J, et al. Cotton defect detection
method based on CA-EfficientDet[ J]. Journal of South-
central Minzu University ( Natural Science Edition ),
2022, 41(2) : 243-250.

Jr v, EWAL, EIE, 4F. JET YOLOv8n MR TR
BEBAELENITRLT]. EAM IR, 2023,
42(11) . 170-177.

FANG T T, WANG CH SH, WANG J, et al. Ground
penetrating radar image pipelinelocation based on YOLO
v8n[J]. Foreign Electronic Measurement Technology,
2023, 42(11) . 170-177.

ATET, Ak, WRAR, 4. ZRUEZRE S FMB Bk
(¥ YOLOV8 S 47 Al Jr ik [ ], 5 ML TR 5 1
H, 2024, 60(9); 101-110.

SHI'Y Y, ZUO J, XIE CH J, et al. Improved YOLOv8
method for anomaly behavior detection with multi-scale
fusion and FMB [ ] ].
Applications, 2024, 60(9) . 101-110.
ZHU L., WANG X, KE Z, et al.

transformer with Bi-Level

Computer Engineering and

BiFormer: Vision
routing attention [ C ].
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2023. 10323-10333.
MW IR, FeT ZRIEE Top-k 25t A F 04 4K
TENEID]. . TR, 2019.

MEI X S. Research on streaming data event acquisition
method based on multi-granular Top-k query [ D ].
Shenyang: Liaoning University, 2019.

LIU H J, XU K. Recognition of gangues from color
images using convolutional neural networks with attention
mechanism[ J]. Measurement, 2023, 206 1-13.
SUNKARA R, LUO T. No more strided convolutions or
pooling: A new CNN building block for low-resolution
images and small objects[ C]. Joint European Conference
on Machine Learning and Knowledge Discovery in
Databases, 2022 . 443-459.

TR ARG, TR S R A ) B R SR T BB
R EE A (], BT 05 5 AR 4 i, 2023,
37(11): 161-169.

DING W L, ZHANG ZH P, LEI Z Q, et al. Deep
learning ceramic surface defect detection algorithm
research [ J ]. Journal of Electronic Measurement and
Instrumentation, 2023, 37(11) ; 161-169.

ZHANG Y F, REN W, ZHANG Z, et al. Focal and
efficient IOU loss for accurate bounding box regression[ C ].

Neurocomputing, 2022 146-157.



- 162 - LSRR R e o

39 &

[20] JIANG B, LUO R, MAO J, et al. Acquisition of
localization confidence for accurate object detection[ C].
Proceedings of the European Conference on Computer
Vision, 2018 784-799.

[21] WANG J W, XU C, YANG W, et al. A normalized
gaussian wasserstein distance for tiny object detection[ J].
ArXiv preprint arXiv: 2110. 13389, 2021.

[22] I 2GR RIS 2R [T ], #F8UT0E,
2014(9) : 66-67.

LI Y. Key inspection points in fabric quality control of
knitted fabrics [ J ]. Knitting Industries, 2014 (9):
66-67.

[23] TONGZ J, CHEN Y H, XU Z W, et al. Wise-loU:
Bounding box regression loss with dynamic focusing
mechanism [ J ]. ArXiv arXiv: 2301.
10051, 2023.

[24] ZHANG H, ZHANG S.
metric considering bounding box shape and scale [ ]J].
ArXiv preprint arXiv: 2312. 17663, 2023.

[25] MA'S, XU Y. MPDIoU: A loss for efficient and accurate
bounding box regression [ J ].
2307. 07662, 2023.

[26] ZHANG H, XU C, ZHANG SH J. Inner-loU: More
effective intersection over union loss with auxiliary
bounding box [ J ].
02877, 2023.

[27] RENS Q, HE K M, GIRSHICK R, et al. Faster R-

CNN: Towards real-time object detection with region

preprint

Shape-loU: More accurate

ArXiv preprint arXiv:

ArXiv preprint arXiv: 2311.

proposal networks [ J ]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2017, 39(6) . 1137-

1149.
[28] ZONG ZH F, SONG G L, LIU Y. Detrs with
collaborative  hybrid  assignments  training [ C ].

Proceedings of the IEEE/CVF International Conference
on Computer Vision, 2023 6748-6758.

EE &

WER CEEIEHR) 2006 4F T P14 5L
TR ARAGH I 2, A VL R 2 RE
T2 B R Bz, EEWESETT [ AL e L
HEARBFERPLE — R AR 585
E-mail ; 277795559@ qq. com

Hua ChunJian ( Corresponding author )

received his Ph. D. degree from Xi’ an Jiaotong University in

2006. Now he is an associate professor in the School of Intelligent
manufacturing at Jiangnan University. His main research interests
include machine vision application technology and mechatronics
integration technology and equipment.

FHFF, 2022 4F TILH KFRGHF 1+
S VASSPIN: N X 070 S0l e B s 2 0]
J5 Tl LA e S TR~
E-mail ; Ixq_wangy@ 163. com

Li Xiuqin received her B. Sc. degree
from Jiangnan University in 2022. Now she is a
M. Sc. candidate of Jiangnan University. Her main research
interests include machine vision and deep learning.

3R, 2012 4R T 11 5838 R AR A 1
b, B VTR R R T i e e A 2
B, FEWFETT [0 KT H RN T HOAR R
REXE A 5 A B LR,
E-mail ; jiangyi@ jiangnan. edu. cn

Jiang Yi received his Ph. D. degree from
Shanghai Jiao Tong University in 2012. Now he is an associate
professor in the School of Intelligent Manufacturing at Jiangnan
University. His main research interests include precision special
machining technology, intelligent equipment and automation
technology.

ATEEIE, 2004 47 L 5058 KA 3RS
L RS VAR DS RN PN K B
B, EEWIETT LA NBOR TR ]
B AR RS,
E-mail: robotmcu@ 126. com

Yu Jianfeng received his Ph. D. degree
from Shanghai Jiao Tong University in 2004. Now he is a
professor in the School of Mechanical Engineering at Jiangnan
University. His main research interests include robot technology,
deep learning algorithm, and embedded control systems, etc.

BREE, 2005 4F T 74 4 52 i K2 4R 15 1
i, B VTR R R )RR A B
B, FEWFETT ) A LA AL A TR A
fHRRA
E-mail ; chenying@ jiangnan. edu. cn

Chen Ying received her Ph. D. degree
from Xi'an Jiaotong University in 2005. Now she is a professor in
the School of Internet of Things Engineering Jiangnan University.
Her main research interests include machine vision, pattern

recognition and information fusion.



