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Prediction of MVD and LWC in Icing Environment Based on
Genetic-Algorithm-Optimized Neural Network
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(College of Aerospace Engineering, Nanjing University of Aeronautics & Astronautics, Nanjing 210016, China)

Abstract: The mean volumetric diameter (MVD) and liquid water content (LWC) are two important
parameters that affect aircraft icing, but they are difficult to be measured accurately in practice. If these two
parameters can be accurately obtained in real time, they can provide some guidance for icing prediction and
the establishment of aircraft airworthiness certification standards. In this paper, a prediction model of icing
meteorological parameters based on the genetic-algorithm-optimized neural network is proposed. We use the
ice thickness and icing rate of different combinations of measuring points, ambient temperature, flight speed
and wing angle of attack as input parameters, and the icing meteorological parameters MVD and LWC as
output parameters, and develop a prediction model of icing meteorological parameters optimized by the
genetic algorithm, This model predicts the icing meteorological parameters of the numerical calculation test
group data and the icing wind tunnel experiment data. The results show that the relative error of the prediction
model for numerical calculation of icing meteorological parameters of the test group is within 10%, and the
relative error of the experiment data is within 20%. This method is feasible.
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Table 4 Meteorological parameters and ice thickness experiment data
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1 22.01 1.891 —9.8 40.7 40 1.049 1.400 1.077
50 1.455 1.867 1.447
30 0.711 0.954 0.707
2 23.67 1.712 —11 32.6 40 1.015 1.316 0.942
50 1.286 1.776 1.212
30 0.508 0.658 0.505
3 22.77 1.452 —18 32.6 40 0.745 0.954 0.740
50 1.015 1.283 0.976
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Table 5 Prediction error of experiment data

TERTEREI TR ryT=gran
F5 MVD/um  LWC/(gm™) MVS?;umﬁmIng{/ﬁ(g'm D) MVD/urE XTlﬁ\)if;c/(g-m D) M)F\ijIx)Tméll/iVC
1 22.01 1.891 21.37 1.774 0.64 0.117 2.9 6.19
2 23.67 1.712 23.66 1.724 0.01 0.012 0 0.70
3 22.77 1.452 26.50 1.537 3.73 0.085 16.38 5.85
3 z:él: -L/E neering College, 2019, 34(4): 343-348,370.
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