FH50%E %10 H H 3 tb % #k
2024 5 10 H ACTA AUTOMATICA SINICA

Vol. 50, No. 10
October, 2024

\E \ _E LS A: LY :
ETENEREm T2 & MEERN G E

Mg yhw HitRS RZEE 8 EX#HE
W B MREREET 2L AT SR E B s br 2 —, A4 R FOE E K L7 RBEHATARI. e ik A L
WU A 8 T ) 1) R, R — R TAE U B SR AL AT 22 2% 0 2% B AT AR I 77 k. B4, R T B R A AT 22 4 ) 4% &
WU FIAEG B, {8 2L T MobileNet V2 fR4k (1 = T P48 45 My IR BUE U5 2, LIRS [ i2 ST . 6 AT e £ T M 4% (13
il b, B U S SR A HRN 2 G IR B A BE T AR AR AR B, IR, R R 2E R S A A B AT
TR Rl G, DA X 48 BEAG I T HET I . ARG, S B AR AT 2 R 2% FE (b R H 5, 3686 T B g il U8 B R %, %
THRZ B FAT R 7 9%, i P B A I 2 2% I 4 465 i T sl D 3 S 3 o A M SR B P O VR R AT ARG I, SRR P Ak
LR ST X, B S, K AT A DN S SRl A, DAV 5 B A 22 2 B R 4 P A N 45 B IR AIE TR O WA R, A B
TIF % 0 X 5% B A M 8 45 B2 0L T AL £F 22 4R Bt 4, AT T SRUGI0AIE. 45 SRR, B4R A 9 BE 06 A A0 b 1 v ARG 0 f
k.
EEEIR WIREE, BUGIE U &, 8 UFIE S B, FRATI I SRnE, = 1L
BRGNS AR, BRI, MiE, RS, B SR, HETE S B IR 000 2 2% R R E B IR,
2024, 50(10): 1963-1976

DOI 10.16383/j.aas.c230649 CSTR 32138.14.j.aas.c230649

A Detection Method for the Interlacing Degree of Filament Yarn

Based on Semantic Information Enhancement

ZHENG Guang-Zhi' PENG Tian-Qiang' XIAO Ji-Chun® WU Gao-Chang' LI Zhi' CHAI Tian-You"?

Abstract The interlacing degree serves as an important indicator for evaluating the performance of filament yarns
and fabrics, typically detected manually in production workshop. To address the issues of high false detection rates
in manual inspection, a parallel detection method for filament yarn interlacing degree based on semantic informa-
tion enhancement is proposed. Firstly, to improve the recognition accuracy of interlacing nodes in a filament yarn,
an improved backbone architecture based on MobileNetV2 is used for semantic information extraction to improve
the computational speed of model. Building upon the proposed backbone architecture, semantic information en-
hancement module and multilevel feature dilated module are designed to process the feature information of the
backbone architecture. Meanwhile, a pixel-level attention mask is designed to weight and fuse the feature, in order
to improve the accuracy of interlacing degree detection. Then, based on the proposed enhancement algorithm for se-
mantic information, a parallel detection method of interlacing degree is designed to achieve batch calculation for in-
terlacing degree of multiple filament yarns. The algorithm is used to detect interlacing node, while connected do-
main analysis and mask extraction are used for parallel detection to extract independent regions of each filament
yarn within the field. The parallel detection results are then fused to accurately obtain the interlacing degree detec-
tion results for each filament yarn. To validate the effectiveness of the proposed method, a synthetic filament yarn
dataset is established using a self-developed interlacing degree detection device, and experimental verification is con-
ducted. The results demonstrate that the proposed method can effectively improve the accuracy of detection.

Key words Interlacing degree, image semantic segmentation, semantic feature information, parallel detection
strategy, attention mechanism
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Fig.1 Interlacing degree diagram of filament yarns
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Fig.2  Architecture of interlacing degree detection algorithm
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Table 1  Architecture of the backbone network
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Table 2 Configuration of model training environment
i H WA S K
BIERG Ubuntu 18.04.6 LTS
CUDA cuda 11.3
GPU NVIDIA RTX 3 090
YIZRHESE PyTorch 1.10.2
A7 128 GB
A Python 3.8
#3 BEUSGESHLE
Table 3  Configuration of model training hyperparameter
ZH FLEER
HNER R 512 x 512 1%
R A 16
[lEzES 5x 1073
/N HR 5x107°
At Adam
BUE 5x 1074
AR 12
3.3 iFMNIEER

RYKF PRI Fy 20 BOREEFD AL Sy
AT IR BT VAN, BB
1) “PIAE H L T U1 55 S E A0 Tl 45 e A
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» pre X rec (1)

MIoU = (10)
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pre + rec
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3) BRI MU T PP LA AR AR P AT DA
ACER I P R A B ml A PR — gk I i R () 3R
PEAG LR A MR FE . THE AR
1

FPS = -
t

Horh, FPS Ron R AR, ¢ Fon iR T — 3k
YN REREAI NN
R

ARG BB S0 FIAR K bR B P DA AR A A
ALLYE 1) 2 6 B K Diice 45325 RAS SO 453 2% bR B0/ D
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217N P
T|+ |P|
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ISR T4 7 VAR A AT 22 28 X 265 BE A WU 77 T8 )
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SRS fLHE PSPNet, UNet!'”, DeepLabV 3+,
BiSeNet?!, CGNetl, HRNet" fil SegFormer!,
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Table 4  Comparison of evaluation indicators for
different methods

i SPRIAEIHEEE oS f/"ﬁ?iﬁﬁ SRR
(%) (%) Wik (i/s)  (MB)
BiSeNet 78.95 86.76 63.84 48.93
CGNet 79.00 86.79 33.17 2.08
DeepLabV3+ 79.50 87.35 43.11 209.70
HRNet 78.74 86.69 12.43 37.53
PSPNet 73.58 82.46 49.80 178.51
SegFormer 79.04 86.84 40.87 14.34
UNet 79.83 87.63 22.54 94.07
AT 81.52 88.12 76.16 7.98

T IR R R % S A R

For I RS R AR A SR 5 1 7 SO RRAE AT Ak
B[RS 28 X 2 7 B 7 R AE AT AL
WAAE, B9 1 X RFAEAS B SR ELRE 7. N E M )RR
AL A AL (1) 0 AR AR 22 2 AE K R 2 ELY
FERSANAR , B T VUFPAS[F R A )1 4F 22 2R A A
EUE, anlE 10 Fras. A58 AN [R] R4S B AS i DY F
Lr e IR, SRR RINIE 11 ~ 14 P,

Bl 11 B N 22 26800 KT 20 mm B 1 UG A
MGG ARG 22 25 5795 50 X 3 B A B B A%
PURE, 145 AL B 5 X 7. HsEiagh R
AT LUE W, 2 305 B B 0% 1 0l HY DX 4% 45 s IR
SR, 433 BiSeNet. CGNet. HRNet # SegFor-
mer PR RS IS 15 20 &5 R B, FERERRID
A B b BB T8 R O XIS S RS L. A,
7t PSPNet BRI AT I &5 SR K b TR R AL B
b LT R

Bl 12 B N2 28 50F /N T 10 mm B B
Far I & 5, oA 45 S X 3 e B R b iE. 78
ISR EAG ) X 28 4 i DX EORT 22 28 32 X 3k 1 ) bl
FERAK, T HAREV 2 5 IRE 4, 55 380N
. SegFormer A HR A H 2 [ B v EE JIHLE], A

K Jem
—
N N =)
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=]
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< B BAG IR IGE SUE B, SR ZEA I 25 SR,
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X 3.
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5 77 V5 e 5 AR B M ) H 45 A XOER . T HR-
Net, SegFormer fl DeepLabV3+ A & G 1R H
g5 mE B, (RO XA e 8, HA WS .
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Net, DeepLabV3+, HRNet fil SegFormer &%t
AT HRar IS 35 2 1 /N 28 45 5, A8 PSPNet 1)
BERATERE, RIL A SRR LR 4019 (5 SR BB AL
RET.
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224, VLN 2 SAGURE S AN WY B 45 5 A5 R IR DL
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RS T M SR AT X 2 45 i X3, HLHERf SR .
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Fig.10

Sample images for four types of filament yarns
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Fig.11  Detection results of images with filament yarn spreading greater than 20 mm
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Detection results of images with filament yarn spreading less than 10 mm
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Fig.13  Detection results of images with inclined filament yarn
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S I 0 28 3 AR AIE B A S B, AR S
BTt 4 BRI 77 55 TR TR T X L, 20l 2
1) A2 EER JIHLE] SA (Spatial attention);
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Detection results of images with indistinct interlacing nodes

(Channel attention) # 47 )3E & I HLH] CBAM
(Convolutional block attention module); 4) {3 H
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Table 5 Results of module validity verification experimental
VE i B A B R YD SRR W B MEARE R A R MioU (%) FPS (i/s)
1 X X X 77.18 72.75
2 v X X 79.91 72.15
3 X v X 79.85 66.32
4 X X v 79.33 68.31
5 X v v 80.71 55.30
6 v X v 81.15 61.48
7 v v X 80.25 78.16
8 v v v 81.52 76.16

T/ IR, < SEANME AR

® 6 AR TP

® 8 AR KBRS R LR

Table 6 Comparison of extraction efficiency of Table 8 Comparison results of different dilated
different backbone networks convolution extraction methods
RS EFRL% MIoU (%) FPS (i5i/s) R 3 z4 MIoU (%)
1 FCN 79.65 33.45 1 X X 80.56
2 MobileNetV2 80.25 43.11 2 Vv X 81.02
3 Xception 79.61 27.45 3 X Vv 81.13
4 VGGNet 77.45 30.12 4 v v 81.52
5 ResNet18 77.52 45.21 T/ TR, x $RAMVE AR
6 ResNet50 78.01 47.06
7 KT 81.52 76.16 3.6.5 MEMEHERESSEXR

® TR UEBIRBUESS R

Table 7 Comparison results of extraction method for
different context information
VE i) TR Ik MIoU (%)
1 SA 80.36
2 SE 80.44
3 CBAM 80.83
4 ECA 79.89
5 AT 81.52

B ZE R SR B R 5e3E R i 72 125 5 b W 4% &%
SRR PSR EURSCR . g 2 IR = A HL SA HiEiE
TEE N CA AT S, Kl 45 B3 24 T,
UERR T 233 = ML A R
3.6.4 I KEFURRILILLLE

PEE =T X LR 2L R (8 S B, EFx)
F= 10 2% Ab 3L T i HE TR B S R AR AE B s Rl g
Wit 4 Fpy sk B RSEROT &R, AR 1) AEH
ok G REEEL 2) R A FRFEE 23 BHATY 5KG
3) R AR og JFEATY KGR, 4) A SCAT
PR, WA RAINEK 8 fuR. SRR, MY 5K
BRE, MIoU tEARERTF 0.96%, 18 FASAE ] =3 #3F
T B AE SR L RE 5 A5 RO 5y 5B R ROk

X S B R 5 2 0E U5 B kB
B AE B S IR A, it 4 FOT R,
Gl 1) R AR PR %, 2) R RE
MABRTNE; 3) M 4 R~ Bb i 75 102 fi 5 M
JIEFATALEE; 4) 42 R B A T AR R
RATFEFFAT AL L 48 RANER 9 o, S R
R, K& m B 518 R IR AT AT
e, S EE B A RS B E R E. 1A IF
ATIERERT, Refs A ROb IR B R R IE DS B

R B BOERHERR A 75V S F

Table 9  Comparison results of staged feature
fusion module
TERFYS &R BAEE AJa8dnk MloU (%)
1 v x b 80.91
2 X Vv ¥ 80.65
3 v v HAT 78.91
4 Vv Vv FHAT 81.52

v/ RSB, < SEAME A R,

4 HRIB

BRI 2T 22 2 0 2% B2 1 e P A7 AR 1R A
FE R R, ASCHR H — R T U S R A L
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