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Research on the prediction of particle size of heavy calcium carbonate
powder based on hyperparameter optimization

Huang He'*  Zou Shuai'®  Yang Jing'? Huang Fuchuan'*?
(1. School of Mechanical Engineering, Guangxi University,Nanning 530004, China;

2. Guangxi Key Laboratory of Petrochemical Resource Processing and Process Intensification Technology, Nanning 530004, China)

Abstract: In the grinding system of heavy calcium carbonate, particle size was esteemed as a crucial metric for assessing
product quality. The precise prediction of particle size was deemed instrumental in controlling product quality and
informing the adjustments of vertical roller mill (VRM) parameters. Therefore, the study proposed a model for
predicting the particle size of heavy calcium powder, which combined the bidirectional time convolutional network
(BITCN) based on the ivy algorithm (IVYA) with the bidirectional gated recurrent unit (BiGRU). Initially, feature
and label data were subjected to preprocessing, employing time-varying filtering empirical mode decomposition in
conjunction with wavelet thresholding to eliminate high-frequency noise from the primary current of the vertical mill.
Then, the correlations between multidimensional features in the time series were explored from both forward and
backward directions through BiTCN. At the output end of BiIGRU, an attention module was incorporated to assign
different weights to each position, thereby effectively focusing on the key data in the sequence. Finally. the IVYA was
integrated into the overall model to ascertain the optimal solutions for critical hyperparameters within the neural
network. Actual measured data from a carbonate powder mill factory were subsequently employed to simulate particle
size prediction. The experimentation indicates that the optimized model using the IVYA exhibits superior predictive
performance compared to other single and combined models. Specifically, it achieves the following metrics: root mean
square error of 0. 824 4, mean absolute error of 0. 423 0, mean relative percentage error of 1. 295 4% , and coefficient
of determination of 98. 95%.

Keywords: bidirectional temporal convolutional network; bidirectional gated recurrent unit; hyperparameter

optimization; particle size prediction
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Fig. 1 Flowchart of the heavy calcium powder grinding process
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Table 1 Experimental sample dataset
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Table 2 Parameter settings for models and algorithms
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Table 3 Performance comparison of different models
U 5% 78 RMSE MAE MAPE/ % R/ %
TCN 2.8117 2.441 1 8.315 6 90. 06
GRU 2.596 9 2.029 2 6.310 6 91.52
CNN-GRU™"#! 2.2825 1.686 5 5.250 3 92.79
TCN-GRU™ 2.2730 1.575 1 4.336 3 93.51
BiTCN-BiGRU"™! 1.816 4 1.082 7 3.189 1 95. 26
BiTCN-BiLSTM"" 1.755 9 1.255 5 3.847 3 95.13
BiTCN-BiGRU-Attention 1.676 3 1.003 4 3.093 5 96. 40
IVYA-BiTCN-BiGRU-Attention 0.824 4 0.423 0 1.295 4 98. 95
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Fig. 8 Comparison of prediction results from different models
x4 AERMUEZEEREI L
Table 4 Performance comparison of different optimization algorithms
o 455 RMSE MAE MAPE/ % R/ %
CPO-BiTCN-BiGRU-Attention 0.892 1 0.464 5 1. 460 0 98.76
GOOSE-BiTCN-BiGRU-Attention 1.023 0 0.571 1 1.794 3 98. 44
BKA-BiTCN-BiGRU-Attention 1.018 6 0.571 4 1.820 0 98. 50
NGO-BiTCN-BiGRU-Attention 0.971 6 0.515 4 1.538 8 98.61
IVYA-BiTCN-BiGRU-Attention 0.824 4 0.423 0 1. 295 4 98. 95
x5 FARARUEEBSHRAUER
Table 5 Optimization results of different algorithms
BEH
R A7 I& N E S e — ;
- 2 5] 5 2T K BB 62 5
NGO 0.971 6 5.1X10* 57 94 1.2X10°
GOOSE 1.023 0 5.3X10° 86 47 2.66X10 "
CPO 0.8921 6.1x10 " 49 20 9.8X10°
BKA 1.018 6 2.9X10° 29 52 3.0X107°
IVYA 0.824 4 1.2X10°° 45 20 1.5X10°°
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Fig. 9 Comparison of prediction results from different optimization algorithms
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