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Intelligent Prediction of PSZ Ceramic Grinding Surface Roughness Based on
Correlation Analysis and CNN-BiLSTM Neural Network

GUO Li, ZHENG Liangrui, FENG Lang
(College of Mechanical and Vehicle Engineering/National Engineering Research Center for High Efficiency Grinding,
Hunan University, Changsha 410082, China)

Abstract:Partially stabilized zirconia (PSZ) is widely used in the aerospace industry and other fields due to its
superior properties. Surface roughness is a key index to evaluate the grinding level of PSZ ceramics. In order
to reduce the prediction error of grinding surface roughness, an acoustic emission (AE) prediction of grinding
surface roughness of PSZ ceramics based on correlation analysis and convolution-bidirectional long short term
memory (CNN-BiLSTM) neural network is proposed. The correlation between the eigenvalues and the
grinding surface roughness values in different frequency bands in the grinding AE signals are analyzed, and
the optimal sensitive {requency band and the feature matrix of the grinding AE signals are selected as the input
parameters of the CNN-BILSTM neural network to reduce the prediction error of acoustic emission of
grinding surface roughness. The results show that the average prediction errors based on correlation analysis
and CNN-BiLSTM neural network PSZ grinding surface roughness AE prediction is under 3.92%.
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face roughness prediction model based on correlation

analysis and CNN-BiLSTM neural network
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Table 1 Mechanical properties of PSZ materials
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Fig.3 Schematic diagram of the test setup
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Table 2 Orthogonal test of PSZ grinding

WitEE v/ THEGHRE V. BHIRE./

(mes™) (memin~") pm Bk
17.6 4 10
26.4 6 20

#x3 PSZMEEHREMEKEE

Table 3 Surface roughness of grinding PSZ ceramics

% Ra/pm|¥'5 Ra/pm|¥%5 Ra/pm|F% Ra/pm
1 0.690 9 0.739 17 0.605 | 25 0.635
2 0.733 10 0.512 18  0.489 | 26  0.580
3 0.606 11 0.610 19 0483 | 27 0.741
4 0.536 12 0.536 | 20 0.558 | 28 0.581
5 0.433 13 0474 ) 21 0476 | 29 0.631
6 0.532 14 0521 || 22 0.644 | 30 0.441
7 0.719 15 0.588 | 23 0485 | 31 0.556
8 0.607 16  0.560 | 24 0.744 | 32 0.645
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Fig.4 Comparison of AE signal before and after wavelet packet analysis
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Fig.6 Fitting curves of Ra values and effective values in some frequency bands under different grinding parameters
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Table 4 Correlation coefficient r between the 16 eigenvalues and the grinding surface roughness values in the frequency

range of 62. 5—70 kHz
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r 0.383 3 0.430 3 0.156 4 0.4123 0.1258 0.0794 0.408 9 —0.087 4
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Fig.9 CNN-BIiLSTM surface roughness prediction model

training process
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Table 5 Surface roughness prediction results of PSZ grinding with different models
o , N _ Tt 26 %
| ZRGRA MR/ T Hy
fEe% MERBER IR % ; g PR
BP MRE 16.13  24.22 17.36 19.33  40.87 2294 22.72
- RMSE 11.85 14.01  10.80 14.43 2494 14.32 14.78
RALHAE 5 -
CNN-BILSM MRE 3.23 0.82 9.71 13.50 10.03  5.98 6.66
i RMSE 1.93 0.53 7.43 11.02  7.77 8.17 5.56
BP MRE 17.75  16.91 15.86 16.54 13.78 12.10 14.80
RMSE 14.36 9.65 13.26 15.59 9.41 7.09 10.61
LSTM MRE 18.21 11.24 9.77 17.50 11.24 8.74 13.84
’ RMSE 13.99  7.26 7.26 16.00  8.07 5.25 10.17
o MRE 7.72 1.54  18.53 5.36 9.37 3.95 9.47
T AEF S CNN
RMSE 6.23 1.12 10.72 4.45 7.61 3.14 7.75
MRE 11.14  2.04 8.84 5.91 431 17.26 7.56
CNN-LSTM
RMSE 7.93 1.31 6.49 3.76 4.25 1043 5.64
. MRE 1.12 1.24 0.91 1.28 5.92 6.66 4.71
CNN-BILSTM
RMSE 1.00 0.72 0.59 0.79 5.64 5.49 3.92
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