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In this study, we developed a deep learning-based real-time fault diagnosis system to automate the weaving preparation
process in textile manufacturing. By analyzing typical faults such as shaft eccentricity and rotational imbalance, we
designed a data-driven fault diagnosis algorithm. We utilized tension data from both normal and faulty states to implement
Al-based diagnostic models, including 1D CNN (Convolutional Neural Network), RNN (Recurrent Neural Network), and
LSTM-AE (Long Short-Term Memory Autoencoder). These models enable real-time fault classification, followed by a
comparative performance analysis. The LSTM-AE model achieved the best performance, with a classification accuracy of
99-100% for severe faults, such as 1.5 mm eccentricity and 100 or 150 g rotation imbalance, and 92.2% for minor faults
like 1 mm eccentricity. This accuracy was optimized through threshold adjustments based on ROC curve analysis to select
an optimal threshold. Building on these findings, we developed a GUI (Graphical User Interface) system capable of real-
time fault diagnosis using TCP/IP (Transmission Control Protocol/Internet Protocol) communication between Python and
LabVIEW. The results of this study are expected to accelerate the smartization of the weaving preparation process,
contributing to improved textile quality and reduced defect rates, while also serving as a model for automation in other

sectors.
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Fig. 1 Age distribution of workers in the textile industry [1]
(Adapted from Ref. 1 on the basis of OA)

(a) Weaving preparation process

(b) Monitoring panel

Fig. 2 Automated weaving preparation system of Texmer [2]
(Adapted from Ref. 2 on the basis of OA)
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Fig. 5 Configuration of tension control, measurement system
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Fig. 6 Block diagram of PI control applied in the system
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(d) Normal shaft (e) Eccentric shaft  (f) Rotation imbalance

Fig. 7 Configuration of normal,

abnormal shafts
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Fig. 9 LabVIEW structure for data acquisition
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(b) Tension data with standard scaler applied

Fig. 10 Normalization applied to tension data
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Fig. 11 Structure of 1D CNN layer [6] (Adapted from Ref. 6 on the
basis of OA)

Table 1 Configuration of 1D CNN model and parameters

Model Value
Convolutional layer 32
ReLU layer -
Maxpooling layer 2
Convolutional layer 32
ReLU layer -
Maxpooling layer 2
Flatten -
Dense 32
Classification layer 5 (Softmax)
Optimizer Adam
MiniBatch 32
Shuffle Every epoch
Epoch 50
Callback EarlyStopping
Train:Test 8:2
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Fig. 12 Structure of RNN layer [7] (Adapted from Ref. 7 on the
basis of OA)

Table 2 Configuration of RNN model and parameters
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Fig. 13 Structure of LSTM-AE layer [8] (Adapted from Ref. 8 on
the basis of OA)

Table 3 Configuration of LSTM-AE model and parameters

Model Value Model Value
RNN layer 32 Encoder
ReLU layer - LSTM 1 layer 32
Dense 32 ReLU layer -
ReLU layer - LSTM 2 layer 16
Classification layer 5(Softmax) ReLU layer -
Repeat Vector 16
Optimizer Adam Decoder
MiniBatch 32 LSTM 3 layer 16
Shuffle Every Epoch ReLU layer -
Epoch 50 LSTM 4 layer 32
Callback EarlyStopping ReLU layer -
Train: Test 8:2 Time Distributed 1
Optimizer Adam
g 1S ek 6] 12)3 Softmax 94 o183 Mini Batch 32
AxHow BHEsl 127 wulS AAFc v 8459 oat Shuffle Every Epoch
15} 7Y OR S Z7)o) MEA ST YA 5L Epoch 1o
o 4 QS SH= 234 S8 7H] Adam OptimizerS AHg Train:Test 8:2

syct.

3.3.2 RNN

RNNS Fig, 129} o] ol Q1) Hu2 vt Alelo] A5s
of B AL A A2l 4= = TEE AT o,
Aol A= Table 29} o] 3t F-2] RNN
S Aok Soima G ol A WA il
o] Eeiote HdlZ AARHT]. =4 Bl
© & Adam OptimizerE AL, S5 % 7‘:,4% £=4](Validation
Loss)o] €74 Sla=g<t MAEA] o= o sh52 271 S=3}
g3,

= Early Stopping 71¥2

3.3.3 LSTM-AE

LSTM-AES Fig. 133} Zbo] LSTMEYS E3f h59
Autoencoder®] R4 2 ZH(Reconstructed Data)E ©]-83f gt
2 Z5FoH T8 dlolE, 4k HlolE 59 ol "Rlol AR
EcH8]. & od9] AL-Table 31} ZHo] Encoder®] LSTM Layer
27}, ReLU A3} §k4=, Repeat Vector 7|WHe] 2} =4 7%
2 =3)| Latent Spaceo] EA2 A&t} 12|31 Decoder:=

]

LSTM Layer 2719} ReLU &3} b2 450 A4d 54

= ﬁtﬂﬁ}ﬁ}i 7‘<P° 1S st E Fiok md S-S 919t 2
w2 7| 22sly ok Aol a5e &

719
& &+5E-2 714 Adam OptimizerS AR

LSTM-AE®] H&F 45& sty A A 13s &7
sk7] 13k AARE A7go] aZloltt. o5 ffsf WA sz
AREEIA] Q82 AAdTlolE e A TEolHE A7t o] H~
E flo|g & 2]83| Fig. 142} Zo] MSE (Mean Square Error)
tloe ZIIER Uehiith. MSE tloE £is o|gsf AAIRL
= AT 5 flon, EiRoAe 74 ViR ol B =
g 7} 7ol ROC (Receiver Operating Characteristic)
curve 7|H2 ARERITE Sl 71 WIFES UEY= TPR
(True Positive Rate)Z y=O°=2, 1-Eo|=& UYEl)&= FPR
(False Positive Rate)E5 xZ°o =2 3= I#|ZE o]&3] AUC
(Area Under the Curve) 32 &835lo] AUC Zlo| 19 717k
42 welo] 45o] 94ehe LERI(s-10]



190/ February 2025

Normal data VS Eccentric 1.5mm, Threshold = 0.16
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(b) MSE data points of rotation imbalance/normal shaft

Fig. 14 MSE distribution of normal, abnormal data points
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Fig. 15 1D CNN learning results
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ROC Curve(Eccentric 1mm)

ROC Curve(Eccentric 1.5mm)
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Fig. 17 ROC curve analysis results of normal, abnormal data

Table 4 Optimal thresholds for each element (ROC FPR = 1)

Element Threshold (FPR = 1)
Eccentric 1 mm 0.114
Eccentric 1.5 mm 0.2016
Rotation imbalance 100 g 0.18
Rotation imbalance 150 g 0.33
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Fig. 20 Configuration of the algorithm for real-time monitoring
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Fig. 21 Real-time monitoring system using LabVIEW
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