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Soft sensor algorithm based on self-attention mechanism and
convolutional ONLSTM network

LI Xiangyu', SUI Lin', XIONG Weili

(1. School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China; 2. Key Laboratory of Advanced Process
Control for Industry (Ministry of Education), Jiangnan University, Wuxi 214122, China)

Abstract: According to the nonlinear and dynamic characteristics of actual industrial processes and considering the re-
dundant information in process variables, this paper presents a multilayer time-series prediction model of convolutional
ordered neurons long short-term memory network (ONLSTM) with a self-attention mechanism. First, the convolutional
neural network is used to reduce the dimensions of local features, extract the specific local features of the input vari-
ables, and rank the neurons in the LSTM hidden layer specifically by constructing the hierarchical importance index to
identify the hierarchical structure information and improve the ability of networks to judge important information of the
network model. Second, the self-attention mechanism is introduced into the ONLSTM network. This mechanism dy-
namically assigns different attention weights to the input variables according to their internal correlation to improve the
prediction performance of the model. Finally, the model is applied to predict product concentration in the penicillin fer-
mentation process, following which it is compared with other advanced network models to verify the effectiveness of the
proposed model.

Keywords: self-attention mechanism; ordered neurons long short-term memory; soft sensor; penicillin fermentation;

feature extraction; convolution; redundant information; deep learning
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Table 1 Pensim sampling variables and set values

5 KA WE
1 W % /(L/h) 8.6
2 PP Z /W 30
3 IR /(L/h) 0.042
4 JRYIHEZ IR /K 206
5 I BT HR E/(g/L) 15
6 pH{H 5
7 R WEHE LS /K 298
8 CO, ¥k E/(mmole/L) 05
9 BRI/ 100
10 SO /K _
11 B KT 2R /(L/h) _
12 HERRWE _

EH %R LR B B b, I ZR4E F
IR AE 7 HHC 5000 4HF1 1000 H 5 . A Sc R
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Table 2 SA-CNN-ONLSTM model parameter settings

CNNJZ# 1

CNN/JZfilters 10

ONLSTMJZ#( 2
ONLSTM 2 # 22 01-4K 100/50
SRS 0.005

IEIEIZSS 6

H & 1) Z unit 11

R 3 AEHE R EY e BT R AR
Table 3 Evaluation index of model performance by differ-
ent activation functions

TG R RMSE MAE R’
Sigmoid 0.026 85 0.01884 0.99601
ReLU 0.01842 0.01516 0.99791
Elu 0.02390 0.01932 0.996 84
Leaky ReLU 0.02174 0.01652 0.99739
Selu 0.01551 0.01354 0.99840
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