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Multi-classification Prediction of Flight Delay Based on LightGBM

DING Jianli, SUN Yue
(College of Computer Science and Technology, Civil Aviation University of China, Tianjin 300300, China)

Abstract: Delay of flights is a core problem in civil aviation industry. It is significant to predict flight delay
situation in advance so as to take reasonable measures to negative effects of flight delay. In order to improve
the prediction performance, a flight delay multi-classification prediction model based on light gradient
boosting machine (LightGBM) is put forward in this paper. This model can screen features by using variance
filtering and recursive feature elimination according to flight information and weather information. It uses
synthetic minority oversampling technique (SMOTE) and Tomek Link to deal with unbalanced data.
Finally, LightGBM is used to build models, and multi-classification prediction of flight delay lengths can be
realized. In order to verify the rationality of the model, this paper compares the proposed model with models
constructed by other advanced algorithms. The experimental results show that the proposed model performs
better in terms of various prediction performance indexes and can improve the prediction accuracy to 90% or
higher. The model can also greatly reduce the training time and cost.
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Table 1 Treatment for certain characteristic missing

value (Part)
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Table 5 Classification of flight delay
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Table 6 Parameter adjustment range and results of

Bayesian optimization

ELICA UIE SN eSS
Num _leaves (150,300) 273
Max _depth (12,16) 14

Learning _rate (0.6,1.5) 0.6
Min_Split_gain (0,1) 0.0390
Bagging _fraction (0.6,1) 0.692 7
Feature Fraction (0.6,1) 0.604 2

Max _bin (100,256) 191
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Table 7 Comparison of experimental results
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Fig.8 Confusion matrix graph before unbalance treatment

PGS LR B T IR 6 2 B N
LR TN IE B B4 R A R 2, SRR S R Ay BE
o> RPERE AL 4F o X LU ES BUIERT T X Bl AT A
S 1 Ak B A a6 A

3.4 AREEXL

R B — A5 0 AR SCER ok i S B A0 BIE AEE R 22 03
2 WU M B AT DE A L O S B S R Y XG-
Boost.GBDT 5 Ramdom Forest B M L # . A
[7) B30 3 A I R N 9 e R TR E 24 0 15 %, 7 I 4R
FRYPERER I AN 8 FIr i .

TE % AH [ H 45 4R 19 b B b, AS SCB 1 A E )
ROREHR AR F 804 KR brh, 3502 i
PEF5 1Y, HAE DR R 41 B8 A () I, DR 52 [ A1
T AS o AR SCEE X 1156 413 2% Bdl 47 7r
Brab B, 3F 35 3] 90% DL 1 i i o %, AL 75 2 A8 2%
2 min 16 s YT [E] , 1M XGBoostik 2] T 82% LA 1Y
HERE R, T B AL 2 6 min 31 s BYI ], 2 LightGBM
W 2.875 4%, GBDT 5 Random Forest fif 5 B [a] 58
Ao SEREERAESE T AR SCR AR U E R £ 03
& T 7] R P A RE S I 2R R S A0 T Al

x8 ARHEEMIWHERITLL
Table 8 Comparison of experimental results of different

algorithms

. WK/ KR/ A&/ " N
RS o y o F /% At

A 90.33  90.30  90.31 0.9024 2minl6s
XGBoost 82.65  82.43  82.63 0.8229 6min3ls

GBDT 7275 71.89  72.73 0.7213 14 min39 s
Ramdom

67.66 67.23 67.65 0.6670 7min30s
Forest

4 & &

I 6T 0 B AEE 15 A ™ R R AT IO L A B
¥ =5 J5 0k 2h L S G Ry S A B T I, IR AR R R AR
F TSR] o S SCAR i B0 S A A AR L 4R T —
il 3 F LightGBM 1) il BF 4E 15 22 43 25 0000 A5 7
FETAEA  (DFHRIFE L SMILE RS JF
I AT BE A SRR AE 25 5 5 SRS S R
BEAE 3% (4 52 0 5 (2) 38 F 7 25 5 08 5 8 9 4 A T
B, X TG SC R AE 5 TU A R AE TE AT 07 6, B AR ASE 78 &2
RS is B A ; (3) 45 42 Fl SMOTE 5
Tomek Link X 588 15 17 55 SR A A0 21, T9 BR 208 19
A7 R 5 (4) 38 i Light GBM & 1 5 01 - 35 418
AT BIE AT R ) K HE AT 22 43 2 F0I , I X A5 AR R A7
ST IEAL 5 R . S A SRR A H S At S
B ST A A 10 AR AR A SR AL HL AT A A
RIS [R] AR 5 RS o A6 TR B8 L T LA A A B E 5



854 [ =S S NI S 55 53 &

F% ST ] AL 4R AR s SSHE A B 275 . ROR G WFSE I
VERE 22 2 i s SRR ) 9 A B A R B IR L R
SEINER R — 2D 4R T BESE R TN A4 A R

S E WK

[1] KLEIN A,CRAUN C,LEE R S. Airport delay pre-
diction using weather-impacted traffic index (WITI)
model [ C]//Proceedings of 2010 IEEE/AIAA 29th
Digital Avionics Systems Conference. Salt Lake
City, USA:IEEE,2010: 1-13.

[2] RODRIGUEZ-SANZA A, GOMEZ COMENDA-
DOR F,ARNALDO V, et al. Assessment of airport
arrival congestion and delay: Prediction and reliability
[J]. Transportation Research Part C Emerging Tech-
nologies,2019,98(1) : 255-283.

[3] ALVARO R S ,FERNANDO G C,ROSA A V, et
al. Assessment of airport arrival con-gestion and de-
lay : Prediction and reliability [J]. Transportation Re-
search Part C: Emerging Technologies, 2019, 98(1) :
255-283.

[4] WU W, CAI K, YAN Y,et al. An improved SVM
model for flight delay prediction [ C]//Proceedings of
2019 IEEE/ATIAA 38th Digital Avionics Systems
Conference. San Diego,USA:IEEE,2019: 1-6.

[5] ACHENBACH A,SPINLER S. Prescriptive analyt-
ics in airline operations: Arrival time prediction and
cost index optimization for short-haul flights[J]. Op-
erations Research Perspectives,2018,5(1): 265-279.

[6] GUIG,LIUF,SUN J,et al. Flight delay prediction
based on aviation big data and machine learning [J] .
IEEE Transactions on Vehicular Technology, 2020, 69
(1): 140-150.

(7] JR L, M, Haie, 5. T Ik & LK Y
UL BIESEE B B i) 00 [ . 2 B R, 2019,49(5)
12-16.

[8]

[10]

[11]

[12]

ZHOU Jiemin, DAI Meize, LU Chaoyang, et al.
Flight delay prediction based on elastic neural network
[J]. Aeronautical Computing Technology, 2019, 49
(5): 12-16.

KA, B JE S . B T SE-DenseNet it
PEAE R B AL AL [T]. B 51E B, 2019, 41
(6): 1510-1517.

WU Renbiao, ZHAO Ting, QU Jingyi. Flight delay
prediction model based on deep SE-DenseNet[J].
Acta Electronica Sinica, 2019,41(6): 1510-1517.

KE G,MENG Q,FINLEY T,et al. LightGBM: A
highly efficient gradient boosting decision tree[ C]//
Proceedings of Advances in Neural Information Pro-
cessing Systems. Long Beach, USA: Neural Informa-
tion Processing Systems Foundation, 2017: 3149-
3157.

LIUY,YU Z,CHEN C,et al. Prediction of protein
crotonylation sites through LightGBM classifier based
on SMOTE and elastic net[J]. Analytical Biochemis-
try,2020,609(22) : 113903-113912.

WANG Y,WANG T. Application of improved light-
gbm model in blood glucose prediction[ J]. Applied Sci-
ences,2020,10(9): 3227-3242.

TANG M,ZHAO Q,DING S X, et al. An improved
LightGBM algorithm for online fault detection of wind
turbine gearboxes[J].Energies,2020,13(4) : 807-822.
JUY,SUN G,CHEN Q, et al. A model combining
convolutional neural network and LightGBM algo-
rithm for ultra-short-term wind power forecasting[J] .
IEEE Access,2019,7(1): 28309-28318.
AR, A 1. DUt S A4 i F 2R [T K
24,2018, 29(10) : 3068-3090.

CUI Jiaxu, YANG Bo. Review of Bayesian optimiza-
tion methods and applications [J]. Acta Sinica Sini-
ca,2018,29(10) : 3068-3090.

(%% . T53E)



