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A LSTM-based modeling and control method for Mach number in

an intemitent wind tunnel
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Abstract: An integrated method for Mach number modeling and intelligent control is proposed based on the Long

Short-Term Memory (LSTM) neural network in an intermittent wind tunnel, considering the challenge that rapid

changes in the angle of attack of a test model cause severe Mach number oscillations and traditional PID control

strategies fail to stabilize the Mach number quickly. The LSTM network is trained using historical test data ob-

tained from the same test model to predict the current Mach number in the test section, with inputs of disturbance

variables from the past 20 time steps, including air source pressure, angle of attack of the test model, valve ope—

ning degree, and Mach number. The prediction precision of the model achieves R”>>0.98. Based on the established

LSTM model, a small-perturbation—-optimization based intelligent control method is developed. At each time step,

the valve opening degree is locally perturbed and optimized to drive the predicted Mach number in the next time

step moving towards the target value. Simulation results demonstrate that the root mean square error (RMSE) of

Mach number are reduced by 76%, 82% and 51% at target Mach numbers of 1.2, 0.95 and 0.8, respectively, un-

der ideal conditions, while reduced by 61%, 56% and 42% considering LSTM prediction errors, indicating signifi-

cantly enhanced anti-disturbance capability.
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Fig.1 Schematic diagram of the main layout and Mach
number control system of an intermittent wind tunnel
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Fig.2 Time-varying curves of flow field
control data from a certain test run
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Fig.4 Schematic diagram of the Mach number prediction model network
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Fig.5 Effect of the number of LSTM neurons on Mach

number prediction results (under the condition of Ma,,; =

1.2
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Table 1 Model prediction results at target May,; = 1.2
T R Y
1 1.23~1.44 —5~20 199 ~ 223 1.20 0.996
2 1.76 ~ 2.01 —5~20 163 ~ 184 1.26 0.994
Yl e 3 1.36 ~ 1.57 —5~20 192 ~ 214 1.14 0.996
4 0.793 ~1.02 —5~20 239 ~ 278 1.33 0.992
5 1.00 ~ 1. 33 0~ 18 231 ~ 245 1.38 0.996
6 0.982 ~1.24 —5~20 218 ~ 250 1.03 0.996
7 1.03~1.25 —5~20 218 ~ 247 1.20 0.993
8 1.35~1.60 —5~20 189 ~ 212 1.12 0.995
M4
9 1.22~1.45 —5~20 201 ~ 224 1.35 0.994
10 1.24 ~1.47 —5~20 200 ~ 224 1.16 0.996
11 1.39 ~1.61 —5~20 188 ~ 210 1.17 0.997
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Table 2 Model prediction results at target Ma,,; = 0.95
REEE pm vy QI () LA (mim) Mo e
12 0.966 ~1.17 —5~20 205 ~ 233 1.39 0.994
13 1.38 ~1.56 —5~20 168 ~ 193 1.33 0.989
UIIEZS S
14 1.01 ~1.19 —5~20 211 ~ 228 1. 36 0.995
15 0.768 ~0.933 —5~20 224 ~ 261 1.32 0.993
16 0.871 ~ 1. 06 —5~20 223 ~ 247 1.54 0.987
17 1.08 ~1.29 —5~20 201 ~ 221 1.39 0.992
RS 18 1.21 ~1.40 —5~20 190 ~ 207 1.69 0.981
19 1.04 ~1.23 —5~20 206 ~ 224 1.72 0.989
20 1.14 ~1.33 —5~20 198 ~ 214 1.70 0.992
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Table 3 Model prediction results at target May; = 0.8
REEK pmovpy Qi () LM (mm) M L s
21 1.29 ~1.47 —5~ 20 175~ 189 1.54 0.990
I 22 1.27~1.44 —5~20 171 ~ 192 1.56 0.993
23 0.866 ~1.03 —5~20 217 ~ 237 1.74 0.995
24 0.734 ~0.889 —5~20 226 ~ 256 1.70 0.993
25 0.763 ~0.928 —5~20 215~ 251 1.98 0.985
26 0.812 ~1.02 —5~20 211 ~ 244 2.25 0.988
27 0.702 ~0.873 —5~20 224 ~ 261 2.20 0.983
k4 28 1.33~1.52 6~ 12 171 ~ 185 1.98 0.984
29 1.08 ~1.25 —5~20 196 ~ 209 2.31 0.983
30 1.07 ~1.23 —5~20 197 ~ 211 2.12 0.984
31 1.13~1.27 —5~20 192 ~ 205 2.11 0.991
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