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Research on flush air data sensing system algorithms based on PSO-BP
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2. The Fourth Military Representative Office of the Air Force Equipment Department in Nanjing, Nanjing 210022, China)

Abstract: Neural networks possess strong function approximation capabilities and can be applied to Flush Air Data
Sensing systems for air data estimation. Addressing the issues of random initial weights and thresholds, local optima
during training, and high training data requirements inherent in traditional BP neural networks, an improved particle
swarm optimization algorithm-based neural network is proposed to enhance the prediction accuracy of the FADS
system. The performance of this algorithm is validated through Computational Fluid Dynamics simulations, using
pressure data {rom aircraft in both conventional f{light and high angle of attack flight states. The results indicate that.,
under conditions of limited training data, the PSO-optimized neural network significantly improves air data prediction
accuracy in both flight states. In conventional f{light, the prediction errors for static pressure. Mach number, angle of
attack, and sideslip angle are reduced by 54.88% . 60.46% . 53.76% and 62.12%, respectively; while in the high
angle of attack flight state, the prediction errors are reduced by 71.96%. 47.52%. 66.96% and 53.41%,
respectively. Furthermore, with the same data samples, the PSO-optimized neural network exhibits smaller error
fluctuations across multiple training runs, demonstrating higher stability and reliability.

Keywords: flush air data sensing system;back propagation neural network; particle swarm optimization; computational

fluid dynamics
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Fig. 1 3D model of the fighter jet
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Fig. 2 Surface meshing of the nose of the aircraft
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Fig. 3 Pressure point layout of the aircraft FADS system
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Table 1 Pressure point location information

W A 25 X/m Y/m Z/m
0 0 0 0
1 0 0.088 —0.2
2 0 —0.039 —0.2
3 0 0.135 —0.3
4 0 —0. 057 —0.3
5 —0.05 0 —0.1
6 0. 05 0 —0.1
7 —0.1 0 —0.2
8 0.1 0 —0.2
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Fig. 4 The pressure points p; and p, on the upper surface

change with the angle of attack
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The pressure of p, and p, at the lower surface pressure

Fig. 5

measurement points varies with the angle of attack
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Fig. 7 The structure of neural network
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Fig. 8 Flowchart for PSO-BP neural network optimization
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Table 2 Calculation range of air data in conventional
flight state
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Table 3 Calculation range of air data in flight state at

high angle of attack
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Fig. 9 Comparison of prediction errors of atmospheric data

under conventional flight conditions
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Table 4 Average absolute error of the output parameters

of the three neural network models

KA BP PSO-BP GA-BP
## % /Pa 82 37 57
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(d) The comparison of sideslip angle errors at high angle of attack
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Fig. 10 Comparison of prediction errors of atmospheric

data at high angle of attack

RS IHHMENEENGHSHENFHENRE
Table 5 Mean absolute error of the output parameters

of the three neural network models

KA BP PSO-BP GA-BP
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