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Abstract: For the difficulty in extracting deep features of batch process variables, as well as low quality prediction accuracy caused by
the temporal , nonlinear, and dynamic characteristics of variables, this article proposes a quality prediction model for batch processes
based on convolutional neural networks spatial and temporal attention with double long short term memory networks ( CNN-STA-
DLSTM). Firstly, the three-dimensional data of the batch process are expanded into a two-dimensional matrix along the direction of the
variables, and the two-dimensional data are normalized by the Max-Min method. Then, the partial least squares ( PLS) method is used
to reduce the dimension of the original data, and the variables with strong correlation with the quality variables are retained. The
convolutional neural network ( CNN) is used to mine the potential features of the process data and improve the attention of the quality-
related feature information. Secondly, the temporal attention mechanism and the spatial attention mechanism are introduced to construct
the encoder-decoder structure network of the double-layer LSTM, and the attention mechanism is used to adaptively learn the relevant
historical information of the time step, so as to improve the long-term memory ability of the model and strengthen the spatio-temporal
correlation between the process variables and the quality variables. Then, the random-grid search method is used to optimize the
hyperparameters of the prediction model, and the prediction model is constructed. Finally, the penicillin fermentation simulation platform

and the hot strip rolling production process data are used for experimental verification. The results show that the proposed model has more
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accurate prediction effect.
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Fig. 1 Convolutional neural network (CNN) structure diagram
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Table 1 Main variables of penicillin fermentation process
TS 5 a4 R RATE DA LTS LA R A
X T R A L/h %6 CO2 ¥ mmol/L
X3 PR r/min xq PH _
*3 T L/h g R TR K
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s I SR TR mmol/L, X1 7 AR keal
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Table 2 Parameter Settings of experimental comparison models

SR TR LSTM GSTM SAE STA-LSTM STCGAT CNN-STA-DLSTM
g N Yk 6 6 6 6 6 6
o0 268 e 2 T2 AL 1 3 2 2 2 2
e 2T 256 256 256 (20,20) 256 (40,40)
R 0. 001 0. 001 0. 001 0. 001 0. 001 0. 001
FRERUAEL 200 200 200 300 200 200
Ty HH A 1 1 1 1 1 1
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Fig. 8 Loss curves of each network fine-tuning process
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Table 3 Prediction results of penicillin

concentration by network

o0 245 R 35 RMSE MAE MSE
LSTM 0.228 0 0.1619 0.052 0
GSTAE 0.093 3 0.067 9 0. 008 7
SAE 0.080 5 0. 056 6 0. 006 4
STA-LSTM 0.077 6 0.053 0 0. 000 7
STCGAT 0.047 3 0.028 5 0. 000 6

CNN-STA-DLSTM 0.020 4 0.009 8 0. 000 4
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and quality variables
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Table 5 Prediction results of strip

thickness by each network

[ 25 452 751 RMSE MAE MSE
LSTM 0.004 1 0. 003 4 1. 086
GSTAE 0.002 9 0.002 7 0.101 2

SAE 0.001 1 0. 000 9 0.0819
STA-LSTM 0.001 0 0. 000 9 0.057 7
STCGAT 0.000 9 0. 000 7 0.051 3
CNN-STA-DLSTM 0. 000 7 0.000 5 0.042 5
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