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Abstract

Aircraft icing will seriously threaten aircraft flight safety. Millimeter wave radar has the advan-
tages of high precision and high resolution and is widely distributed in major airports, which
greatly improves the discrimination speed of business personnel. This paper attempts to use the
BP neural network optimized by genetic algorithm to establish the nonlinear relationship be-
tween radar observation data and icing index. At the same time, it is compared with the classifica-
tion results of support vector machine (SVM). The results show that the BP neural network opti-
mized by genetic algorithm has higher accuracy, lower false alarm rate and missing alarm rate,
which provides a security guarantee for the aircraft to cross the clouds.
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KAEEAIVKPT 7 IR R 2 A AR, T RE R U SO RS K S & s KNS
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Dy b AR KR

gibprd, e, 2R R BRI ARUK X IEEAT R 23, WA SO OR 2= K I TR
AR, W B FIRIUER BP #RA MR  thobL T RTINS R AL(SVM)
Iy REE R — D IIE M RN SR T B AT R Az A VERE

DOI: 10.12677/mos.2022.114093 1012 jé

[

S K


https://doi.org/10.12677/mos.2022.114093
http://creativecommons.org/licenses/by/4.0/

SRS AN

2. WiEKkR

{5 FH ) 22 K T B dE kU5 T 9 [ Chillbolton Wl 3% (51.1445°N, 1.4370°W)[#) 35 GHz Copernicus &
ik, BRAGORH R AN SR 2B R A, S ge[E 03354 WY (53.00°N, 1.25°W).
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Table 1. Output results of neural network
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Figure 1. Flow chart of BP neural network optimized by genetic algorithm
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Figure 2. Population fitness curve
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Figure 3. Performance output of BP neural network optimized by ge-
netic algorithm. (a) Network parameter output; (b) Fitting output; (c)
Iterations output
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Figure 4. Optimization of BP neural network output results by genetic algorithm. (a) Training set output; (b) Test set output
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Figure 5. Support vector machine output. (a) Training set output; (b) Test set output
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