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Development of Machine Learning Model for Predicting Distillation Column Temperature
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Abstract

In this study, we developed a machine learning-based model for predicting the production stage temperature of distillation
process. It is necessary to predict an accurate temperature for control because the control of the distillation process is done
through the production stage temperature. The temperature in distillation process has a nonlinear complex relationship with
other variables and time series data, so we used the recurrent neural network algorithms to predict temperature. In the model
development process, by adjusting three recurrent neural network based algorithms, and batch size, we selected the most ap-
propriate model for predicting the production stage temperature. LSTM;»; was selected as the most appropriate model for
predicting the production stage temperature. The prediction performance of selected model for the actual temperature is RMSE
of 0.0791 and R® of 0.924.
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P: Pressure
F: Flow rate
T: Temperature

&g

I: Indicator
C: Controller
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Figure 2. Structure of RNN.
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Figure 3. The structure of LSTM network.
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Figure 4. The structure of GRU network.
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Table 1. Parameters of Machine Learning Model Development
Parameter Value
Network algorithm RNN, LSTM, GRU
Data period 2019-07-18~2019-07-23
Optimizer Adam
Training/test ratio 0.7/0.3
Hidden unit 20
Activation function Relu
Learning rate 0.001
Loss function MSE
Epoch 200
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Table 2. A Results of Prediction with RNN Algorithms for Each
Batch Size

RNN
Batch size RMSE R? Training time (s)
1 0.1174 0.8359 148.4120
2 0.1067 0.8644 51.6219
4 0.1191 0.8309 28.9806
8 0.1195 0.8300 26.6056
16 0.1054 0.8676 10.1164
32 0.1103 0.8550 7.4661
64 0.0930 0.8970 6.8030
128 0.0991 0.8831 6.7015
256 0.0928 0.8973 6.0673
512 0.0990 0.8833 7.4432
1024 0.0946 0.8933 4.9402

Table 3. A Results of Prediction with LSTM Algorithms for Each
Batch Size

LSTM
Batch size RMSE R? Training time (s)
1 0.1072 0.8632 124.7360
2 0.1088 0.8590 59.2748
4 0.0944 0.8939 31.0063
8 0.0948 0.8930 17.0658
16 0.0851 0.9138 11.3520
32 0.0844 0.9152 9.5250
64 0.0836 0.9167 7.6105
128 0.0791 0.9254 6.6328
256 0.0830 0.9180 6.5608
512 0.0822 0.9195 6.7445
1024 0.0872 0.9094 6.9345

Table 4. A Results of Prediction with GRU Algorithms for Each
Batch Size

GRU
Batch size RMSE R? Training time (s)
1 0.1075 0.8622 114.2280
2 0.1052 0.8683 62.8779
4 0.1114 0.8521 44.5576
8 0.0945 0.8935 19.5459
16 0.0993 0.8825 13.0814
32 0.0964 0.8893 9.0372
64 0.0881 0.9076 7.7537
128 0.0888 0.9061 6.9265
256 0.0833 0.9174 5.3893
512 0.0879 0.9081 6.6696
1024 0.0870 0.9099 7.6782
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Figure 5. Result of actual and predicted temperature with LSTM-Adam
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