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Smart factory companies are installing various sensors in production facilities and collecting field data. However, there are

relatively few companies that actively utilize collected data, academic research using field data is actively underway. This study

seeks to develop a model that detects anomalies in the process by analyzing spindle power data from a company that processes

shafts used in automobile throttle valves.

Since the data collected during machining processing is time series data, the model was developed through unsupervised learning
by applying the Holt Winters technique and various deep learning algorithms such as RNN, LSTM, GRU, BiRNN, BiLSTM,
and BiGRU. To evaluate each model, the difference between predicted and actual values was compared using MSE and RMSE.

The BiLSTM model showed the optimal results based on RMSE. In order to diagnose abnormalities in the developed model,

the critical point was set using statistical techniques in consultation with experts in the field and verified. By collecting and

preprocessing real-world data and developing a model, this study serves as a case study of utilizing time-series data in small

and medium-sized enterprises.
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<Figure 1> Shaft product
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<Figure 4> A Cycle of Rough Grinding Electric Power

<Figure 3>
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<Figure 8> Comparison of Prediction Models of Rough Grinding
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