%10 %% 6 H B K F R Vol.10 No.6
2025 £ 12 A Journal of Clothing Research Dec. 2025

ETEHERMEMNENFRALEKERURBERENHA

THRE, FHTF, AFE, Hme
(LIBMA¥ GRMFETEYR, LA 452141222 IR EPRBLALREARAF, WK
+ E Z# /R 015000)

o B ARG FRAEREMNEF KRR M EZAN B E G R P, KA BB E W%
AR, 5 F KA YA A AL AL F2 7 0 7 545 B Ao L LR e M 4T R AHF ;%31 T 2 T U —Net
AEZR 69 41 YA AR A o IR T ResNet —50 25 25 23 649 S E A M AL A 38 33 5] N Bk 3K 3% 3244 Fo i B
KT, R ) BIAE AL 22 5 B0 6Y F Y by B e K R R T4 69 B AR B RO, A AT R AL 09 AR &
A FK B 98.T2% , XX EA M AL A LA R AT 6 - Bk Az AL A s B A MR S - T KR
55 ek s RO9AT R £ RAKH 0.28 mm, B4E T iZ H ik F AR AR AN S b A& S WAEE A
ST Fe R

KR FAAEKERN; ER WAL, HBAHERE ¥

RESES TS 131.9;TP 183  ITHEIFEER: A  XE4HS:2096 — 1928(2025)06 — 0471 — 07

Cashmere Fiber Length Measurement Model Based on
Convolutional Neural Network and Its Application

TONG Junyi', LI Xiaoyu®, YUAN Yuhao', YANG Ruihua*'
(1. College of Textile Science and Engineering, Jiangnan University, Wuxi 214122, China;2. Inner Mongolia ZHONG
KE RONG HUI Cashmere Industry Development Co. , Ltd. , Bayannur 015000, China)

Abstract; To address the issues of low efficiency and human factor-induced inaccuracies in traditional cashmere fiber
length measurement methods, convolutional neural network technology was adopted to conduct a systematic study on
fracture repair and cross-region detection during the thresholding process of cashmere fibers. A fiber fracture repair
model based on the U-Net framework and a cross-point detection model based on the ResNet—50 encoder were designed.
By incorporating skip connection mechanisms and hybrid loss functions, the problems of fiber continuity restoration and
class imbalance were effectively resolved. The research demonstrates that the fiber fracture repair model achieved a
pixel accuracy of 98.72% , and the cross-point detection model exhibited strong segmentation precision and
generalization capability. The standard deviation between the average fiber length measured by the model and the
results from the manual arrangement method was as low as 0.28 mm, verifying that this method offers high precision,
stability, and practicality in cashmere fiber length measurement.
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Fig.1 Fiber length measurement process
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Fig.5 Pixel accuracy and precision changes during
training
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Tab.1 Relationship between parameters and model
performance

e G
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0.5 0.5 3 93.462 89. 328 56.12
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Tab.2 Measurement results of cashmere fiber length

Ah BERAAER LAGEER REC W/ (BR /mm) FHRIE /mm PHERE /mm ARifEZE /mm
1 125 387 27 412 147 13.806 35.10 35.88 0.78
2 173 315 32224 194 13.768 35.65 36.21 0.56
3 177 808 30 888 179 13.921 37.92 37.64 0.28
4 180 223 42 379 190 13.884 38.13 35.15 2.98
5 179 639 36 860 215 13.844 34.25 34.92 0.67
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Tab.3 Proportions of fiber intersection and standard
deviations
gkl A L /% b2
1 12.8 0.78
2 13.5 0.56
3 14.2 0.28
4 22.4 2.98
5 13.9 0.67
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