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Gear Fault Diagnosis Based on Residual Patterns of Current and Vibration

1.

Data by Collaborative Robot’s Motions Using LSTM
Baek Ji Hoon' - Yoo Dong Yeon' - Lee Jung Won'™

ABSTRACT

Recently, various fault diagnosis studies are being conducted utilizing data from collaborative robots. Existing studies performing fault
diagnosis on collaborative robots use static data collected based on the assumed operation of predefined devices. Therefore, the fault
diagnosis model has a limitation of increasing dependency on the learned data patterns. Additionally, there is a limitation in that a diagnosis
reflecting the characteristics of collaborative robots operating with multiple joints could not be conducted due to experiments using a
single motor. This paper proposes an LSTM diagnostic model that can overcome these two limitations. The proposed method selects
representative normal patterns using the correlation analysis of vibration and current data in single-axis and multi-axis work environments,
and generates residual patterns through differences from the normal representative patterns. An LSTM model that can perform gear wear
diagnosis for each axis is created using the generated residual patterns as inputs. This fault diagnosis model can not only reduce the
dependence on the model's learning data patterns through representative patterns for each operation, but also diagnose faults occurring
during multi-axis operation. Finally, reflecting both internal and external data characteristics, the fault diagnosis performance was
improved, showing a high diagnostic performance of 98.57%.
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Table 1. Summary of Related Research

Related studies Data Fault Method
[9] Torque (Inner) Shaft misalignment in the gearbox Analysis using FFT and Power Spectrum
[11] Current (Inner) Ball screw fault in the motor Analysis based on STFT and WPD
[12] Vibration (Outer) Gearbox fault PTDA and residual analysis
[22] Vibration (Outer) Gearbox fault ANN
[23] Position (Inner) Motor fault CNN
[24] Vibration (Outer) Bearing fault in the motor EEMD and LSTM
[25] Current (Inner) High-voltage transformer bushing fault LSTM-Autoencoder
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Algorithm 1 : Representative Pattern Selection

1 Input : All Task’s Normal Data Pattern
Output : RP
for Task in Tasks do:
for Normal_Pattern in Normal_Patterns do:
for Another_Normal_Pattern in Normal_Patterns do:
PCCs <- PCC(Normal_Pattern, Another_Normal_Pattern)
PCCs_Sums <- Sum(PCC)
RP <- Max(PCCs_Sums)

* RP = Representative Pattern
* PCC = Pearson Correlation Coefficient

0 N o o~ W N

Fig. 3. Representative Pattern Selection Algorithm

Data 1 RP  Data3 Datan-1 Datan Sum
Data 1 1 095 0.73 079 10.34
RP 0.95 1 0.97 098 2112
° °
Data 3 ° °
° °
Datan-1| 073 | 097 1 0.79 16.67
Datan 0.79 098 ‘ 0.79 1 1332

Fig. 4. Selection of Normal Representative Patterns Using
Pearson Correlation Analysis
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Fig. 7. Collaborative Robot Test Experimental Bench

Table 2. Range of Motion of Tasks

Operation | Single-axis motion Multi-axes motion
Scope operation operation
Joint 1 0° 0° -20° +20° 0°
Joint 2 0° 0° 0° 0° 0°
Joint 3 0° 0° 0° 0 0°
Joint 4 -230° +230° -145° | +290° | -145°
Joint 5 0° 0° +60° -60° 0°
Joint 6 0° 0° +120° | -120° 0°
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Fig. 8. Residual Pattern of Single—axis and Multi-axes Motion

Table 3. Test Accuracies of Different Preprocessing Methods

Model Accuracy(%)
using mean value model 96.12
using euclidean distance model 97.31
using pearson correlation analysis model 98.57

Table 4. Test Accuracies of Different Methods

Model Accuracy(%)
ANN model 80.05
CNN model 93.45
LSTM model 94.55
LSTM-Autoencoder model 96.74
proposed model 98.57

Table 32 & =04 Aotz Foj& JIEAS AHE:
g 7T Bt 9 /2Tt AZE AFEE LSTM 2 A
o]9] g5 Hluet Aot} moj& FTEAS AT
do] =7t 98.57%= Wt ARESH Edi} H]wsto]
2.35%p, ¥2HHA AHE AR 2d3} Blwsto] 1.26%p
o] HL RIS Holth

Table 4= & =&olA Aotz A3 HielS ARG LSTM
dly} o2 A 2dito] 55 Hwgt Aato|th Ajtel=
299 HE7t 98.57%% ANN Hd3} H|wslo] 18.52%p,
CNN e} Bliste] 5.12%p, &AF S ARSSHA] o2
LSTM 2 da} v)wsto] 4.02%p “L2]32 LSTM-Autoencoder ™
g3} Bl wsto] 1.83%p2] 445 Fd= Eict wEhA Aljtst
= 9ol 2 £ 4 oF F 542 F¥%k= ¥ ERY
AE =2 4528 Adst= AL g2ttt

Table 5= W5 dlo]&Ql AF dlod, 25 HoJ& <l s
glolg, 181 AR 9 s HolHE BT ARSI Al 7HA
%ol gt 62 vt Fojot. M7 9 25 HolHE 2

AHEEE A% AR HolHvhE ARESte] AghE XdgE 4
$-9F vlwsto] 13.08%p2] 5 MAE BoH, Hs o




452 HEX2|55|=2X|/ATE0f 2 C0|E| 28t M123 X105(2023. 10)

Table 5. Test Accuracies of Proposed Model Under
Different Input Data

Model Input Data Accuracy(%)
proposed model current 85.49
proposed model vibration 97.20
proposed model | current & vibration 98.57

Table 6. Structure of Current & Vibration Data

Feature

Data Feature
number

Axis_1
Axis 2
Axis 3
Current 6
Axis_4
Axis 5
Axis 6

Gyro_x

Gyro_y

Gyro_z
Vibration 6
Acceleration_x

Acceleration_y

Acceleration_z

Total feature number 12
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