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Health Monitoring and Anomaly Detection of Motor-driven
Equipment based on the TFT Model and Vibration Signal
Decomposition
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Abstract

Predictive maintenance is a technology that determines the status of equipment through real-time analysis and takes
necessary actions in advance, and it is essential to build a model that can accurately forecast the status of equipment.
This paper proposes an equipment health monitoring and anomaly detection system for predictive maintenance of
motor-driven equipment, which is a core facility in manufacturing plants. The proposed system collects real-time data
from IoT sensors attached to the target equipment, stores it in time-series databases, and provides the detailed health
information of the equipment in real time by using state prediction and analysis algorithms and a web-based visualization
platform. In particular, based on the TFT model with excellent time series forecasting performance, PLC data for
equipment control and vibration signal decomposition data are used for training to improve the prediction performance.
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Table 4. Comparisons of forecasting performance when applying each decomposition technique

Model MAE RMSE SMAPE Qauntile|Process| Train
X ' 7 X ' 7 X ' 7 loss | time | time
1D-CNN+LSTM (XYZ)| 2133 | 2295 | 1245 | 3825 | 4219 | 308.1 | 0.878 | 1.148 | 0.119 - - 0.17

XYZ (Base) 1197 | 1427 | 839 | 2258 | 2888 | 2065 | 0674 | 0997 | 0.080 | 2204 - 1
+PLC 1072 | 131.3 | 856 | 2068 | 2734 | 206.4 | 0.604 | 0.923 | 0.080 | 199.2 - 1.67
+PLC+FFT3 105.7 | 129.9 | 835 | 203.1 | 2704 | 2065 | 0599 | 0.994 | 0.080 | 194.4 1 1.75
+PLC+FFT6 1085 | 1329 | 836 | 2092 | 2764 | 2066 | 0.593 | 0.995 | 0.080 | 201.1 1 1.92

+PLC+EMD3 1068 | 1304 | 835 | 2065 | 2726 | 2066 | 0599 | 0982 | 0.080 | 2002 | 898 | 1.75
+PLC+EMD6 1051 | 1294 | 836 | 202.1 | 269.8 | 2068 | 0618 | 1.080 | 0.080 | 1955 | 933 | 258
+PLC+EEMD3 | 1147 | 1389 | 836 | 2166 | 2823 | 206.7 | 0618 | 1.095 | 0.080 | 210.1 | 1800 | 225
+PLC+VMD3 1058 | 1301 | 835 | 2024 | 2700 | 2066 | 0595 | 1.056 | 0.080 | 1976 | 333 | 1.75
+PLC+VMD3+FFT3| 1135 | 1378 | 852 | 2148 | 2820 | 211.5 | 0604 | 0979 | 0082 | 2220 | 416 | 233
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