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E F Attention-LSTM-Kalman ZE = XA SR E WX
N =

RER, HRA

(L TR FOEH AR B S5 IHR AL TR 2B, [ 200093)

B O EANRNAAZNEZTREAHRIKMNEZEAETH R GHEEZFPM, R ETEZ DA
(Attention mechanism, Attention) | 4 42 B 32 ¢ 4% 22 W %5 (Long short-term memory, LSTM)fef R & &
#% (Kalman filtering, Kalman) % 4% Attention-LSTM-Kalman k0| & B A& .38 i LSTM W % & 5 #% &
B E A kst RAE-—HATEZIANMNGAET R, FRINZA AN SEFR LA FRE
RS AR LSRN TR A, FREREAN,HESFMAEA LSTM 69 T 2 R AL T 18 2040 2
% (Recurrent neural network, RNN) #= ['14% 44 38 3 7T ( Gated recurrent unit, GRU) S 4 # ; X T LSTM.

Attention-LSTM #= Attention-LSTM-Kalman #§ 3 ## £ A ¢4 xf b Fml il 45 R AW, 12 & A AUH B A &
REBUAFEE IANTRIBERKLETHRAEG SN THE, ARAFTZERRA ZAGAZMNZTE

IET A AT A RO
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Soft Measurement of Wind Tunnel Dynamic Flow Based on Attention-LSTM -
Kalman Modeling

ZHOU Junjie, FU Dongxiang
(School of Optical-Electrial and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Aiming at the problems such as low estimation accuracy and poor robustness of traditional static
soft measurement model in wind tunnel flow measurement, an Attention-LSTM-Kalman measurement
model combing attention mechanism (Attention) , long short-term memory (LSTM) and Kalman filtering
(Kalman) is proposed: a static soft-measuring model is established through LSTM network. On this
basis, an improved scheme based on attention mechanism is proposed. Considering the dynamic
characteristics of the system, Kalman filter is used to dynamically adjust the output sequence of the
soft-measuring model. Experimental results show that LSTM is better than recurrent neural network
(RNN) and gated recurrent unit (GRU) models. The comparison of the prediction results of the three
models based on LSTM, Attention'LSTM and Attention-LSTM-Kalman shows that the attention
mechanism could effectively improve the accuracy of the model, and the introduction of Kalman filter

improves the dynamic measurement characteristics of the model. The feasibility and effectiveness of the
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proposed model are verified by the flow measurement in the wind tunnel system.
Key words: deep learning; long short-term memory; attention mechanism; Kalman filtering; soft-measuring
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