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Fig. 2 Schematic diagram of flight ground operation data imputation process
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Table 1 Imputation performance of each algorithm with low missing rates
- MAE/s MAPE/% RMSE/s
BN 10% BRI 20% BN 10% BN 20% BN 10% BN 20%
VI 122.34 130.11 6.38 6.51 176.23 208.18
KNN® 63.49 75.32 3.17 3.59 101.33 128.04
MF!! 55.38 63.91 2.51 3.12 88.60 106.09
MICE"" 5232 57.88 2.49 2.89 83.21 92.61
GRU-D*Y 23.42 27.31 1.17 1.14 38.64 45.06
LSTM-M™* 39.24 42.55 1.96 2.12 66.38 68.93
IGITS-LSTM 11.32 12.71 0.55 0.64 23.74 25.97
+2 BREAERTEMEEANGHEN
Table 2 Imputation performance of each algorithm with high missing rates
- MAE/s MAPE/% RMSE/s
BRI 50% BT 60% BRAR Ty 50% BRCE Ty 60% BRGERy 50% BRA Ty 60%
VI 135.72 141.12 6.78 7.05 217.12 225.81
KNN®! 88.32 10033 4.44 4.78 143.05 167.01
MF!! 68.42 75.86 3.42 3.79 113.54 125.17
MICE"" 67.71 78.91 3.38 3.76 115.11 128.62
GRU-DP* 35.62 50.39 1.74 2.52 65.12 83.65
LSTM-M® 53.37 67.91 2.71 3.26 90.61 111.37
IGITS-LSTM 15.22 23.21 0.73 1.77 25.42 59.86
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Fig. 5 MAE of flight ground operation data prediction by

different regression models trained on different imputed datasets
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Imputation algorithm for flight ground support data based on
graph neural network
XING Zhiwei', SUN Ke"?, LUO Qian™", LIU Chang’, ZHANG Tao’, QIAO Di’

(1. Electronic Information and Automation Institute, Civil Aviation University of China, Tianjin 300300, China;
2. Engineering Technology Research Center, The Second Institute of Civil Aviation Administration of China, Chengdu 610041, China;
3. Chengdu Tianfu International Airport Branch, Sichuan Airport Group Co., Ltd., Chengdu 610041, China)

Abstract: A data imputation algorithm based on a graph neural network is proposed to address the issue of
missing flight ground support data. Firstly, to reduce the impact of noise in the original data on training denoising
autoencoder is applied to enhance the reliability of feature extraction. Secondly, a graph representation learning
framework is established to get the first embedding, using aggregation functions to aggregate the features of nodes
within the sampling interval to achieve state updating. Furthermore, a long and short-term memory neural network is
constructed to embed the temporal feature of flights to obtain the final state space of the hidden layer. Lastly, a loss
function is suggested to iterate the deconvolution neural network, which is employed for feature restoration. The final
flight ground operation data imputation result was acquired after numerous iterations, and the technique was evaluated
using ground operation data from a specific airport in Southwest China from April to June 2018. The results showed
that compared to other algorithms, the proposed algorithm imputation error decreased by an average of about 74% at
low missing rates. At higher missing rates, the imputation proposed algorithm error decreased by an average of about
68%. When the number of iterations of the proposed algorithm is about 100 and the regularization coefficient is about
0.5, the imputation error reaches the lowest.

Keywords: flight ground operation; graph embedding; missing value imputation; recurrent neural network;

autocoder; multivariate time series
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