4§ 57 4 2 W BT A AR Rl CH AR B i) Vol. 57 No. 2
20254F 4 H Journal of Nanjing University of Aeronautics &. Astronautics (Natural Science Edition) Apr. 2025

DOI:10. 16356/j. 1005-2615. 2025. 02. 016

$ HiE R 58 TS 7Y fir B 3 T 4R P& o< $ TR 7 B 8] Fa

BB, R, & 7, Kekm
(L. M 5O A A A AL 5 150 2111065 2. o [ IS B2 I 47 B i I 5 ORG24
Jb 5 101300)

FEE :  # FR0 AT IE b @ AR B X AR IR B ) T A B3 A ) AL IR SEBOF R I AR, RILALIE M ta AL R,
FEIRALIEIEAT A i AR P R AR SR S S F S A A A AT AR B xS Bk Bk SRR, T Ak
FEAEE R ENL . A IR A TR, B R B A AR % (Causal graph convolutional network, CGCN) #9 2 #h £ |
31 N3 2 of 18] L& (Dynamic time warping, DTW ) B3 | #1322 T & &) 20 38 5k X 3% % 69 AT IE 4R s o 18] 7 & o) A
A, it s ke A 2 XA S B SRR RN DI, b SIE S K T A9 AT IE M B AR T AT R TR SRR T — AP B A
AR TE, AB N ERXABAIGAIER S AE L (36 480 K 3 ) A Bl ATIIE, FIRLEREN . 5F K5
kA8 69 B R B KA MW 2 (Causal graph convolutional network with missing data, CGCNM) . 3 & B = B KR40 &
M % (Dynamic spatial-temporal graph convolution network, DSTGCN) | W v+ 27 & 8] B -+ 4B B 4 ## (Bayesian
temporal matrix factorization, BTMF) . & 42 4132 12 M % (Long short-term memory, LSTM)% 7 #F L e A A A bk,
Fr32 B A 2 20%~80% 4 % £ 43 F T, X AR ar o) ¥ & ) 4 R o9 F ¥ 4 2F 3% £ (Mean absolute error,
MAE) £ A& 8.1% , ¥ 7 4% % £ (Root mean square error, RMSE) £ > 4K 4.6 % ; B[4 & &k & 649 38 a | BT 2
AR A B F A R E B, 2 0 R B Sk AR 69 AL JE K B AR 1 e 1R TR0 BE A 2 TR R A T AT M b
AR T R R AR A AR 5 S WU PR I AR AT 4R AR B UL T 4E 64 sk IR IE

KGR AT B g A R TR IR E F T S AUIEAR I R K R B

FESES:V351.11;U8 XERERG A XEHS :10052615(2025)02-0349-12

Time Prediction of Key Links in Flight Ground Support Under Missing Data
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Abstract: Accurate flight ground service time prediction can improve the flight transit efficiency and realize
flight refinement management. However, the lack and abnormality of relevant data make the research more
challenging in real scenarios. To this end, a flight ground service time prediction model considering missing
values is proposed. A dynamic time warping (DTW ) algorithm is introduced on the basis of the causal graph
convolutional network (CGCN) to realize the prediction of flight ground service link time under different data
missing modes and missing rates. The flight support dataset (6 480 items) of a large airport in China is used
as an example for validation. The results show that the proposed model can maintain high prediction
performance under conditions of 20%—80% missing rates, compared with the remaining seven benchmark
models including causal graph convolutional network with missing data (CGCNM), dynamic spatial -

temporal graph convolution network (DSTGCN) , Bayesian temporal matrix factorization (BTMF), long
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short-term memory (LSTM), etc. The mean absolute error (MAE) of the prediction results for each service

time node is reduced by more than 8.1% , and the root-mean-square error (RMSE) is reduced by more than

4.6%. The experiment demonstrates that the proposed model is better than the baseline model in terms of

prediction accuracy and prediction stability. It can provide an objective and reliable decision-making basis for

flight support operations.
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Fig.7 Causal convolutional structure
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Fig.9 Constructing scenarios with missing data
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Fig.10 Performance comparison of baseline models without

missing data

TGCN 3 Ff i 25 7000 A5 7Y, Jit PR AT B8 2 IRl ¥
AR MR BT , TGCON X 2 £ Bt o 4 il ik 23 4K
G ZR M SR 2 B 24T R A B IR AR S
AR A 3 3 I B X s R, (45 JRAT 11 B ] A5
ORBEREIR . BT 5, 7 T Bk i 4 1, AR S
BT o A5 I [R] B0 1 PR R 4 R 45 O 35 S
TSR A I AR BROAR A AL BOAS K (H B 2 R
I SR, AR SCRRE RS A £ SR 2 TN B L R
HH R Y R R P . PR AR SO HE— 2 R
TS TRV 3 5 T 45 A5 R (1% T s S . A 3% 2
TIN5 TR (1 TN A S L A ) W 2

F2 EEBEBEEIE(MAE/RMSE)
Table 2 Performance comparison of baseline models(MAE/RMSE )

Bl R B 5K DTWCGCNM Causal GCNM DSTGCN  BTMF SGMN TGCN LSTM GRU
20% BEMLERE R 0.72/1.50 0.83/1.57 2.66/3.61 1.32/1.72 0.79/1.63 2.78/3.20 3.55/4.12 3.61/4.20
20 % PRk 0.74/1.52 0.84/1.58 2.87/4.63 1.35/1.85 1.30/2.46 2.79/4.04 2.82/5.12 2.83/5.14
40 % KEHLERL K 0.73/1.51 0.85/1.59 5.36/5.96 1.32/1.78 0.86/1.74 5.13/5.54 4.59/5.05 4.61/5.07
40 % Heobk ek 0.92/2.00 1.02/2.11 4.80/6.54 1.59/2.21 2.22/3.59 4.72/5.96 4.52/6.97 4.54/7.01
60 % bl AILER K 0.78/1.59 0.88/1.60 7.49/8.17 1.95/2.77 0.99/1.99 7.68/8.19 8.75/9.29 8.94/9.47
60 % HrAR s 1.07/2.41 1.19/2.48 6.02/7.70 1.95/2.84 2.22/3.35 6.32/7.51 6.32/8.59 6.44/8.64
80 % B MBI 0.83/1.66 0.96/1.74 9.23/9.90 3.42/4.45 1.70/2.58 9.91/10.44 9.69/10.30 9.79/10.40
80 %6 Bk 1.32/2.80 1.44/3.11 6.93/8.41 2.56/3.39 2.97/4.28 7.31/8.34 7.22/9.29 7.33/9.35

(1) B 23 BUAE B2 R A0E 47l 412 179 o 2

ZE O 7 QS I BV N NI
Causal-GCNM , SGMN , DSTGCN 45 i} 25 7 il #4
A TS BE B AR T LSTM . GRU 45 4% 45 it 1]
T AR TR, i a2 R Y 1S 0, RS TR i 25 Rl
AR o U B R B S B K B A% G R ) B
DU 7 AN T 1 B T 4 B 1 R AR A A, 0 o A il 2
Xof e R BE T (7 R o A 2R, B R B A 20 A
Jibi B2 B 23 VRS 2 B R AE (R A AR D) SR TR Ol
R R PR R E B R o AN X B AR SO AL
Causal-GCNM,DSTGCN 5 TGCN fy 75 ] 4% 5 ]
AL T DTW B35 B — Pt 7%
[E) PE1 v ey o G B 253 AR B 6 AR L S B O 1% T

(2) i 2 4t Ak BEAE B 1) 4

HEF DSTGCN , TGCN %R % & il 5% {H /)
Lg% I R, DTWCGCNM . SGMN Hl BTMF
ARl RS A AL ] ) RS TR AR I A5 R b SR B
RT3 I < I A VS i e O R T}
TR B A AL PRI G B, A SO AL 3
ik % e e AR 2 1 A3 28 2 2 5 Bl G B 1 B R A
P MR T X 25 SR Bk 3 sy A v L AR T T
LAY B T3NS B 5 R T TP I A X R 25 TR R T
83% VAL BT MiRZE T 4.6% L I+

ZE LT, SR M, AR SO DT -
W CGCNM A AL 75 7000 4 BE 7 1 e B0 4 LR A 34
@ RS BE &, TR R AEAT R B R 3 = T H B A
ot A TUINDORG BB 5 O T M R AR A, B E AE = R



557 %

358 R A2 AR A AR R B D
A DL T AR AR 1Y B K P, 5 AR R

TF2EHE

3.3.2 M LR HH

DU P4 3015 g i), 16 11 B 7R T 76 20%
4025 BEALSR K 5 1 S HOIR SRR 35 5T B0 AL
FUH 2 (] 9 22 57, 3 A I 46 1 2 1) J5U IH) AT BE IR T 22
ANT5 T o AEREHLBI R BT B 25k i B bl
AE B 75 X TR Y 28 O H B R o SV R AR B
BLAR L g U 2R 40 2 X A R 9 I G Rl 2 > 7= 2 /b
TR, DT T A A 22 R B 5 7 3 Sk iR ke A X

24:00
N
& 18:00
I
P
& 12:00
=x
=
= 6:00f

000 T 420 4A3H
Hif ]
(a) 20% random missing
24:00 —WE - BRIE --- FOE

45 '2 H
i ]

(c) 40% random missing

4H3H

5 TR R A R AR A B 1 B B v bl 220w
FH T, S5 BT ] SR SR 3 B4 4l SR AT A 22, 05—
5 T 2 3 2 B s 26 A1 AT i R SRR 2 s P T
o E FHE SR, 3 2L 0 ] BEXT B 7 AR YR
FHORZE A NI, A FEBERLBR G | 18 22 Btk sk 2k
BETR B R 22 B . SRR IR A ROR
T AN [ £ R Al e SR A KT S A 2R o
2T R R B AR R, 3 R W AR S 4R Y A A
FE A% 0 DA 5 0 Mt A 12 O T 00 o e 2 8l 1) 22 A
P, DR 1AL AT SO AT

24:00F —IE « e d A - TR
X 5
£18:00 A”A
P
#12:00
x
=
= 6:00f

000 TH 420 4A3H
s} ]
(b) 20% block missing
24:00 —WE e BURE - TE

4H2H 4H3H
AR ]
(d) 40% block missing

4H1H

FI11 202 .40 %0 BEALGR K 5 ZE 2L POIR T 9237 5 F UNE 5 HAE X 1L

Fig.11 Comparison between predicted values and true values in scenarios with 20% and 40% random missing and block missing
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