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In the manufacturing process, maintenance is performed at a specific time point based on continuous monitoring
of equipment and processes. However, accurate predictive maintenance of time-series data is difficult. This is
because, due to the characteristics of the process equipment, a single equipment experiences various working

conditions.

It shows various outputs even under similar conditions.

Therefore, we proposed a new

reconstruction-based anomaly detection. Our method uses a property in which a reconstruction error is
calculated through input values and reconstruction values. This builds a sophisticated health indicator (HI) by
deferring model selection until the smallest reconstruction value is obtained when training the model. As a
result, through advanced HI construction, it is possible to accurately identify and quantify the degree of
degradation of machinery. Experiments confirm that the proposed method showed superior performance in terms

of initial anomaly detection compared to other models.
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Multi-mode example

Figure 1. Multi-mode Example of Time-series Data
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Figure 2. Anomaly Detection in Time-series Data
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Table 2. MAE Candidate Values by Model of Our Method

Model
1 2 4 5 Best
1 0.0081 0.0079 0.0001 0.0083 0.0087 0.0001
2 0.0015 0.0222 0.0013 0.0014 0.0014 0.0013
3 0.0084 0.0089 0.0094 0.0087 0.0085 0.0084
4 0.0201 0.0214 0.0224 0.021 0.0205 0.0201
5 0.0134 0.0119 0.0128 0.0125 0.0122 0.0119
6 0.0103 0.0094 0.0099 0.0097 0.0092 0.0092
7 0.0125 0.0117 0.0119 0.0112 0.0114 0.0112
8 0.0198 0.0207 0.0211 0.0221 0.0202 0.0198
9 0.0191 0.0199 0.0203 0.0213 0.0194 0.0191
10 0.0142 0.0146 0.0149 0.0156 0.0139 0.0139
11 0.0208 0.0199 0.0212 0.0223 0.0203 0.0199
12 0.0024 0.0022 0.0021 0.0023 0.0022 0.0021
13 0.0103 0.0105 0.0101 0.0113 0.0108 0.0101
14 0.0026 0.0025 0.0028 0.0027 0.0027 0.0025
15 0.0154 0.0151 0.0169 0.0161 0.0157 0.0151
MAE 0.1789 0.1988 0.1772 0.1865 0.1771 0.1647
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