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Abstract; To continuously and efficiently learn the constantly generated flight information and improve
the efficiency of flight delay prediction model to learn new arrival data, an incremental learning algorithm
based on classification and regression tree ( CART) was proposed by using ensemble learning ideas.
First, incremental classification and regression tree ( I-CART) incremental learning algorithms were
implemented by combining CART algorithm with Learn ++ algorithm. Then, based on the relationship
between the difference and accuracy of basic classifiers, and the prediction rate of [-CART algorithm was
improved by using the selective ensemble algorithm proposed in this paper. Finally, the incremental
learning algorithm was applied to flight delay prediction. Results show that the incremental learning
algorithm of flight dynamic information effectively improves the prediction performance of the model.
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Fig.3 Schematic diagram of selective ensemble algorithm
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Table 1 Description of flight data characteristics

REET B HRE 44 7K FRAER A

1 Quarter T
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4 Day of Week 81

5 Origin Airport 1D & LT %5
6 Origin City Market ID & IR 4 5
7 Dest Airport ID EESpIRE A=
8 Dest City Market ID B rm i g 5
9 CRS_DEP_TIME RG]
10 DET_TIME SRR A
11 CRS_ARR_TIME ARG FKI[E]
12 Distance AT R
13 ARR_DELI5 B IR AERPR IR
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SEG 1B HAR R 1-CART 3L Ml CART B3k
iR 22 Rk i1 403t , LLSGAIE 1-CART 4 g3
AR KRR 080 2 FISELE 3 il A
RSB R BUR 560 T-CART 48 il U 2 5 55
T REAE R b 27 2D B B GA R BE I LA R i S0
PERE. SCI0 4 FHOR I UE 4 28 48 FUAT R A5 /b, J0)
&SR 2T
3.2.1 LK1

I-CART S5 W3 2, B [-CART B2
BK Fon FEIR AL, T, 8 R SRR, R
AHEH K BE S 5.10 .20, PRAERAS T HlE 5
FEAANFAR. 2 3 BEILAEARIFEAL G 1Y 55
TR 2R VERBRT R R IR 2 R M2l , A

PERESETI R =
CART B34 iR 253 — -CART Bk Rk 5%

(1)

F# 3 A1, I-CART 58355 CART kAL,

FEAA A A9 VI 2R 800 B T 1-CART B4k 19 iR 22 R4

WK T CART Bk, MFEALE R 10 J7 i), figik

F] 0. 565% [F) 1 REHE T, UE B 1-CART 543 X4 1 i

Vi KM I R B 43 S MR BB L L 40 25 88 CART ik
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Table 2 Parameters of I-CART algorithm

FEA K=/ T K T,
2.5 5 3

5.0 10 3
10.0 20 3

£33 EW1HRIRERSEIT
Table 3 Statistics of classification error rate

in experiment 1

FEA WER/ % PERESR
B/ CART 8k -CART & TH/%
2.5 12. 198 12.116 0. 082
5.0 10. 494 9.857 0. 637
10.0 10. 039 9.474 0. 565
3.2.2 SR 2

TEIZS2H R B 5 000 18 Ay [ 2 1 Bl 4 v
Ji1'5 000 NHFREAS ; BB R B0 s B M5 5,10 .20
U, BB B AE 56 5 5 10 IR 5B 20 IRBIDERT,
2 HOBE BT N T A ). 3% 4 ONSEER 2 fER

[ B BT Bl g2, RERT L R

_ I-CART S iL AT ]
FERTEE = 100 x CART B 1 HUE T (2)
£4 T2 EHEHUTHEST

Table 4 Statistics of algorithms execution time

in experiment 2

it PATHE /s FERT
UK CART #%:  I-CART ik /%

5 2.4840 1.2328 49.63
10 4.5318 2.3152 51.09
20 8.604 0 3.999 4 46. 48

H 26 4 a0, EF XS R 58 5 8L, T-CART 4
PR PAT ] 4 B & CART 3% B9 49.63% |
51.09% 46. 48% , KRk /. Fifi 3 344 12t OB 0 1
AR 2 AR R A 3 2 (H AR R,
1-CART k27 ) BB 1) B[] 340 2 R R4 .
3.2.3 SIS 3

IS DA 3 55 1 ) B B0 UE [-CART 5374 B8
PEEHTEAR R 2R, AL T B R
10 WK TR AU L 2 000 .5 000,10 000 4~ 2] 3k,
5 RIS R e E T R (2).

x5 L3 HEBITHES T
Table 5 Statistics of algorithms execution time

in experiment 3

iy AT )/ R
o CARTH¥:  LCARTH¥: W%
2 000 2.2568 1.2175 53.95
5 000 4.5318 2.1847 48.21
10 000 8.604 0 4.265 1 49.57

%5 A LLE ), 1-CART F4vE $UA7 i 1] 43 51
J& CART 9514 53.95% .48.21% .49.57% , &
CART .3 i i 0] Y 49 % , 2 W32 380 vk koK 45 Jl
T 3 A P B ).
3.2.4 K4

ShIIE B AR SCHE R B0 A R0 K s et AR K
FIE N 1-CART B3k b AT e BE MR AR . &
I-CARTHE 2 FHIRE K =30, ks T, =3,
VEREn S 2R AR A B0 8y S, =20.S,, =30,
Sy, =45, W15 6 PR, 3£ 7 J BB K AR RS
NEASEL 3 2R 255 3 8 Ry Xof I A T s (1]

*x6 TW4BHIKE

Table 6 Parameters settings in experiment 4

el K T YGpteE MitkE %ﬁ\f
EEN

97522 5132 90

MPEEEE 30 3

KT ZTH4SERRERGIT

Table 7 Statistics of classification error rate in

experiment 4 %
Bt I-CART Sy, Sy, Sy,
WIPFECIREE  12.64 13.225  10.012  10.980

*8 LI 4 HUNREISIT
Table 8 Statistics of prediction time in

experiment 4 s

Bl e
FLPEEIRSE  0.7562

I-CART Sy, Sy, S,

0.1588 0.2406 0.3853

I-CART 95 380K, YA AT 18 56 Mk 42 337
I, A A o 28 8% P AL 90 AR 2R AR S, .
S, Sy, TR M PAT I PEE R BT, A S A AL
R /N R JERASEAY 2/9 173 172, WLLE W, etk
SR AESHL S, N AR B I 3 RO BRI
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