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Fig.1 Nickel-chromium-constantan thermocouple
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Method: K-Neighbors; Score: 0.855850

value
-

< true value
—=— predict value

value
-

0 2000 4000 6000 8000 10000
index of test data

B 8 K-&B I Sy T A Y
Fig 8. Predictive model of K-Neighbor

Method: Random Forest; Score: 0.963135

¢ true value
—=— predict value

0 2000 4000 6000 8000 10000
index of test data

K9 BEMLARAR T A A

Fig .9 Predictive model of random forest
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Fig .10 Predictive model of gradient boosting
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Method: Extremely randomized trees; Score: 1.000000
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Method: Support vector machine; Score: 0965670
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Fig 13. Predictive model of support vector machine
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METHOD FOR ELIMINATING INTERFERENCE SIGNAL IN HYPERSONIC
WIND TUNNEL EXPERIMENT BASED ON PHYSICAL PROCESS

Li Shuai® 2, Luo Changtong', Jiang Zonglin! 2
(1. Institute of Mechanic, State Key Laboratory of High Temperature Gas Dynamics, Beijing 100190, China ;

2.Chinese Academy of Sciences University, School of Engineering Science, Beijing 100190, China )

Abstract: Wind tunnel experiments are a key part of the design of hypersonic vehicles.In hypersonic heat test,the
heat flow signal often includes an interference signal having an asymmetric characteristic of the heat flow
signal,.Improper handling can cause certain measurement errors and affect the accuracy of heat flow
measurement.General signal analysis methods such as low-pass filtering, data smoothing, robust regression,
etc,without combineing physical processes and directly using mathematical algorithms for processing. It can only
remove white noise and cannot eliminate the influence of asymmetric signals.Combining with the heat flow
experiment process, this paper proposes an intelligent analysis method, which automatically divides the heat flow
signal into the preparation section, the impact section, the stationary section and the ending section.A
mathematical combination method is adopted for the plateau, and a mathematical model of the signal is
established according to the physical meaning of the heat flow signal, and the interference signal is eliminated,
thereby improving the accuracy of the heat flow measurement.

Key words: controllable spline, filtering method, machine learning, heat flow, signal hypersonic
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