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ABSTRACT

Due to the recent rapid increase in passenger and cargo air transport demand, the capacity
of Jeju International Airport has been approaching its limit. Even though in COVID-19 crisis
which has started from Nov 2019, Jeju International Airport still suffers from strong demand in
terms of air passenger and cargo transportation. However, it is an undeniable fact that the
delay has also increased in Jeju International Airport. In this study, we analyze the correlation
between weather and delayed departure operation based on both datum collected from the
historical airline operation information and aviation weather statistics of Jeju International
Airport. Adopting machine learning techniques, we then analyze weather condition Jeju Inter-
national Airport and construct a delay prediction model. The model presented in this study is
expected to play a useful role to predict aircraft departure delay and contribute to enhance
aircraft operation efficiency and punctuality in the Jeju International Airport.

Key Words : Artificial Intelligence(18A1%5), Machine Learning(41#]d), Decision Tree(Z4 W),
Random Forest Classification(flg EHAE EF) Departure Delay(EHA ), Weather-induced
Delay(7]A}82l0] W& #|9), Jeju International Airport(AIF=A33)
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Fig. 1. Jeju International Airport demand status’)

|5 7hsshal, & 5221 54 B9 €52(10,433
FD)= ATz 0] 32 s, 541 43S 119
sk o A&EAo] 73t ZF(cross wind) AT =F
(low level wind shear)2 & &37] 23| ojz}-&o]
AFESHL Qi o]9} BlEo] P4t F71F A% (ramp
area) 22 Qo] IAUTIIE7 ]9 International Civil
Aviation Organization, ICAO)? 7|& E71Z 65m
ol FF Wd T3719 el Algo] Sl

ojglgt ¥ FHEZ =R Qe A AT
T EFE, AER 5 3T AEY 24 iAo 9
toole 9] Aok R 7] 9] H|oRY
F71el T2t &= e AFSAST 783 =2
= B8 AdYoR AR sk 7ol T
AA e} 22 FFHRA FFeR FF7 &F A
¢lo] v 7152 AR A=l Qi

roh ol._]

1.1.1.2 HF=H5S X o

T 22 AulggeAte] A5 HFoe=z <lst
o] =830 977t H|eFH o R ZUlekl Qe AR
AsFe AAdx FulEZ 716l 9o, AASE
AA| 23} W] 13~22%(2015-20199 =23
AL AR 712)0] g8 AEE A 230 B g

ofor

o
o

o9

Table 1. Passenger and freight statistics at Jeju International Airport

de 2015 2016 2017 2018 2019
(@ 158,691 172,743 167,280 168,331 175,366
o] () 26,237,362 29,707,364 29,604,363 29,455,305 31,316,394
S}E(TON) 278,718 271,494 275,129 266,370 258,847

Annual passenger and freight details

- LHEP) ol Z(g) S}E(TON)

Tzt &4 A Tz} =iy gl =2t & A

2015 | 79,336 | 79,355 | 158,691 | 13,121,331 | 13,116,231 | 26,237,562 | 126,669 | 152,049 | 278,718
2016 | 86,316 | 86,427 | 172,743 | 14,846,593 | 14,860,771 | 29,707,364 | 133,100 | 138,394 | 271,494
2017 | 83,642 | 83,638 | 167,280 | 14,793,321 | 14,811,042 | 29,604,363 | 127,567 | 147,562 | 275,129
2018 | 84,156 | 84,175 | 168,331 | 14,726,651 | 14,728,654 | 29,455,305 | 124,372 | 141,999 | 266,370
2019 | 87,669 | 87,697 | 175,366 | 15,657,540 | 15,658,854 | 31,316,394 | 121,197 | 137,649 | 258,847
A | 421,119 | 421,292 | 842,411 | 73,145,436 | 73,175,552 | 146,320,988 | 632,905 | 717,653 | 1,350,557

E4: I3 FSA A=, 2020.
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Table 2. Jeju International Airport delay statistics

Al (machine learning) 7|H< &-83}o] 7|48l
S 1E3F 25 XA =P k= f ok
2 %1_—?011*% AF=Asd 22 597H2015-
2019)9] 23 4 7|14 DATA 45 Boto] AF 7
o] AdH, E4% FACTORE &4, ¥Fsia 1
S E8sto] HAlzd 7He] A qEngow
TSI 75E SEFE ATl WdEHE
o] A AAFE S5, olF Evlz % 7AW,

il

3 2z 24 59 A4 BS PHS 59 B
Ape) A Aok 9l B 299 52A o] B8

&z gk

1.1.3 A7 HY

2 A7) 32 WeE AF=As e, AR
HYE T2Y 192 I8t 5 w5F9 9fFo] A7
20209 A JeE FE 5(2015-2019¥)7k0 = 47
sttt 9] Wi Hele AF3d &4 337
% 422,21890]| disfl 2 ARk 37 +F A4

o A A
= 77,254 117 14,750 93 58 0 122 15,140
2015 =% 77,321 258 4,478 112 39 2 204 5,093
A 154,575 375 19,228 205 97 2 326 20,233
=iy 84,467 136 26,396 87 38 0 142 26,799
2016 =z 84,910 321 9,730 106 90 3 353 10,603
A 169,377 457 36,126 193 128 3 495 37,402
&4 81,862 179 16,572 131 69 0 170 17,121
2017 =z 81,816 265 4,856 122 38 0 250 5,531
A 163,678 444 21,428 253 107 0 420 22,652
&4 82,098 254 19,060 202 107 2 238 19,863
2018 =z 82,190 356 5,934 105 42 0 195 6,632
A 164,288 610 24,994 307 149 2 433 26,495
&4 85.389 280 17,354 180 141 2 191 18,148
2019 =z 85,465 430 5,021 162 65 5 221 5,904
A 170,854 710 22,375 342 206 7 412 24,052

E4: =3d3At A=, 2020.
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Table 3. Aircraft departure delay criteria

)
ATD—STD = 30 IFE o|FAZ

FOIS AzE= &57] &85 (callsign), 571 7]
FHaircraft type), 8571 55 W3 (aircraft registra-
tion number), S *ﬂ]% 4] &, =25 origin/
destination airports), 2% E#{(date), & 2A=E
A9l &, Z&R|ZHscheduled time of departure/

arrival), AA| &, T2 ZNactual time of departure/
arrival) 59 ARE IG5l 9t METAR AE:=

FA MAAIZHUTC time), B3 wind direction), &
2(wind speed), A& (visibility), ¥7] @A(significant
weather), 21(cloud height), €3 cloud amount),
71(temperature), 7|¥(atmosphere) 59 AHE X
gslt}. Fig. 49 Fig. 5+ 2424 337] &3 FEe}
FT 71V SARERS] JAIE HolEr

O

2.2.1.2 =FEXE MXE

A Sl ATFEAE TESP] HlsiAde dEF
29| Hg/go] o=k FOIS A=9] 43¢ 47 AKX
7 7= 9 ARt 32 Y 7182 EAA
AlLJsioict. Holel A7) S AX At 22 2015-
201947 AlFE3d &8 FFHS T 426,704H0]A4
4,486%0] AAH F 422,218%Ho|tt. E3E, METAR
AmoA AR FeE AR Hlolelo] tisf sid
A9 A E= AT HolEE ARSI

Fig. 4 ¥ 5= Z}ZF AAg] A9 FOIS? METAR
Amg ARt Aog AA S AX & FOISeH
METAR A2E5 d#Hdate)@t AlZ(hour)oll thafl B3t
SFTt. Table 4= W (feature)?t Z+ H49] FEHIS

FOIS.
[ 481x25 table

1 2 3 a 5 6 7 8 9

flighttk  callsign  acType registration  orgApt  schDate std etd atd
1 [_25490471'kEA361"  E145 'HLBOS4'  'RKNY' '20190401 '0950' '0950" '0950"
2 25490891'KEA363'  'E145' HLBOS4'  RKNY' 20190401 '1700' 0 1655'
3 25635776'PICT034'  'A320" 'VNAS65'  'VVNB' '20190401° '0015' 0215 ‘0224
4 25703172'ESRS52  'B738' ‘HLBOS8'  'VTBS' '20190401° '0225' 10425 '0507"
5  25703312'ESR884'  'B738' ‘HLB343'  'RCTP' '20190401° 1115’ 1220 1244
6 25709542'CQH8567' 'A320' 'B6902 Z5PD" 20190401 '1805' 1905' '1906'
7 25711465'CQH8913' 'A320" BI671' Z8T) '20190401° 1935’ 2035 2037
8  25713276'CESS059° 'A321' 'B8573' ZSPD' '20190401 '0945' "1045' 7
9 25714540'TWB246' 'B738' ‘HLB324'  'RIBB' '20190401' "1255' "1255' "1304'
10 25714990'IA2186'  'B738' 'HLBO34'  'VHHH'  '20190401' '0225' 10325 0342'
11 25715174'KAL718'  'BCS3' HL7201 RIAAY '20190401 '0940' '0940" 10951
12 25715509°KALBBO'  'A333' HL7S8T'  'ZBAA' '20190401° "1055' 1155' 1214
13 25717405'CSN6097' "A320' 'B9911 v '20190401° "1855' 1955' "1950"
14 25718002'NA102  'B738' 'HL7SSS'  'ZSPD' '20190401° '0710' '0810" '0823'
15 25718272'UNA172  'B738' 'HLBOTS'  ZLXY '20190401° '0225' 0325 '0339'
16 25718450°XAX501°  'A333' 9MXXU"  WMKK'  '20190401° '0650" '0750" '0801"
17 25718700'0KA2717' 'B739' 'B1420° Z8T) '20190401 '0845' '1000" '1000"
18 25947090'FEA722'  'MDB3'  'B28025'  'RCTP' 20190401 '1840' 1930 "1955'
19 25947679'DKH1375' 'A320' 'B304G' 'ZSPD' '20190401 '0855' 10855 '0904'
20  25954739'EPA6329' 'B738' 'B1159" ZSNT! '20190401° "1720° "1820' 1821
21 25956971NA301"  'B772' ‘HLT743' 'RKSS' '20190401 '0605' 10605 '0622'
22 25957181UNA303'  'B738' HL7S61'  'RKSS' 120190401 '0610' 10610 ‘0627
23 25957390)NA305'  'B738' 'HLB242'  RKSS' '20190401° '0705' 10705 ‘0721
24 25957657NA309'  'B738' HL7S61'  'RKSS' '20190401 "0950' 10950 "1010°
25  25957867UNA311"  'B772' HLT743' 'RKSS' '20190401' 1025’ "1025' "1035'
26 25958079NA313'  'B738' 'HLB243'  RKSS' '20190401° 1055’ 1055' “1108'
27  25958233UNA317'  'B738' ‘HLB242'  'RKSS' 20190401 "1520' 1520' "1544'
28 25958443UNA319°  'B738' HL7S61'  'RKSS' '20190401° "1335' 1335' "1359"

'B772' HLT743'

29 25958653 NA321"

'RKSS'

120190401

"1440'

'1459'

10

RKPC'

1

120190401 *

15

ARR

17

desApt  staDate sta eta ata status. fplYn  blockTime  stanc

'RKPC' '20190401' 1125 0 1100 "ARR' 0 0 ‘064"
RKPC: '20190401' 1820 0 1802" AR 0 0 064'
‘RKPC' '20190401' '0605" ‘0543 '0537' "ARR' v 0 015’
"RKPC' '20190401° 0920 ‘0934 10933 "ARR' v 0 018
"RKPC' '20190401' 1435 1429' 1419 "ARR' v i 017
RKPC' '20190401" '2035 '2003 2011 AR Y 0 018'
‘RKPC' '20190401' 2230 2216 2213 "ARR' v 0 ‘0
"RKPC' '20190401" 1230 217 "1226' "ARR' v 0 020
‘RKPC' '20190401' "1505' "1445' 11436 ARR' v 0 ‘018
RKPC' '20190401' ‘0610 ‘0615 0603 ARR Y 0 053"
‘RKPC' '20190401" 1225' 1239' 1219 "ARR' v 0 015’
"RKPC' '20190401° 1425 "1408" "1402' "ARR' v 0 032
"RKPC' '20190401' '2145' 2115 2106 "ARR' v i 031"
RKPC' '20190401' 0940 10926 0922 AR Y 0 017
‘RKPC' '20190401' 0620 ‘0629 10622 "ARR' v 0 g
"RKPC' '20190401° 1400 "1335" 1331 "ARR' v 0 020
‘RKPC' '20190401' 1200 1140° 1143 AR v 0 017
RKPC' '20190401° '2135' 2133 2135' AR Y 0 057"
‘RKPC' '20190401' 1035' 1017 1007" "ARR' v 0 020
"RKPC' '20190401° "2005" 1942" 1936' "ARR' v 0 ‘050
‘RKPC' '20190401' '0720" ‘710" ‘710" ‘AR v 0 013"
RKPC' '20190401° '0725' 0715 0715 "ARR Y 0 056'
‘RKPC' '20190401' 0820 ‘0810 0811 "ARR' v 0 ‘057"
"RKPC' '20190401° "1105' "1055" "1107' "ARR' v 0 057"
RKPC' '20190401' 1135 1130° 1133 AR P 0 031"
RKPC' '20190401° 1205' 1200 1211 ARR' v 0 009"
‘RKPC' '20190401' 1630 1625' 1631 "ARR' v 0 ‘o1’
"RKPC' '20190401° 1450 1440° 1447 "ARR' v 0 002"

v 031"

Fig. 4. FOIS data structures
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FOIS METAR
[ 24x18 table
1 2 3 4 5 7 8 9 10 i 12 13 14 15 16 17 18

msgType  aplcao utcTm wind wind2 descript  sigWd cloud degree  cloudHigh  atmos  amsOriginal recKstDate amsRecPk  cloud2 kst9 kstTm
1 [METAR |RkPC' '20190331... '33012KT" [I *'5CT030 0.0 'SCT030" 07" 030 "1026' '311500Z 3.. 15540e+12  55723465'SCT" '0112:04' ‘2019040 A
2 'METAR RKPC' '20190331... '32011KT ) FEW030 ... [| FEW030' ‘07" 030" 1026' 3116007 3.. 15540e+12  55723826'FEW' 0101:04' 2019040
3 'METAR'  'RKPC' '20190331... '32012KT' ) ' FEW030 ... ) 'FEW030" 07" ‘030’ "1025' '311700Z 3.. 15541e+12 55724173 FEW" '0102:04' 2019040
4 'METAR'  'RKPC' '20190331... 33011KT" ) ' FEW030 .. [ FEW030' 07" 030 "1025" '311800Z 3.. 1.5541e+12 55724690 FEW" '0103:04' 2019040
5 'METAR'  'RKPC' '20190331... '32011KT" ) ‘CAVOK' ' 07/M04 ... [} (] ‘7' [i] 1025 ‘3119007 3.. 1.5541e+12  55725086) 01 04:04' ‘2019040
6 'METAR'  'RKPC' '20190331... 31011KT" ) ‘CAVOK' ' 07/M03 ... ) (] ‘o7 (] "1025' '312000Z 3.. 1.5541e+12  55725515() ‘01 05:04' 2019040
7 'METAR'  RKPC' '20190331... '32010KT"  [I ‘CAVOK' " 07/M03 ... ] ‘o7 ] "1025" '312100Z 3.. 1.5541e+12 55725893 ‘01 06:04' 2019040
8 'METAR'  'RKPC' '20190331... '32008KT'  [J ‘CAVOK' " 07/M02 ... I 0 o7 0 "1026' '312200Z 3.. 15541e+12  55726277() ‘01 07:04' 2019040
9 'METAR'  'RKPC' '20190331... '32007KT [} ‘CAVOK' ' 08/M02 ... [} 0 08’ 0 1026' 3123007 3.. 15541e+12 55726783 0108:04' 2019040
10'METAR'  ‘RKPC' '20190401... '32009KT'  [] CAVOK' ' 09/M02 ... ) (] '09' (] "1027' ‘010000Z 3.. 1.5541e+12  55727506() ‘01 09:04' 2019040
11'METAR  ‘RKPC' '20190401... '31008KT'  [] ‘CAVOK' ' 09/M02 ... I ] 09" ] 1027 ‘0101007 3.. 15541e+12  55728326() '0110:04'  '2019040
12'METAR  'RKPC' 20190401... '32008KT' [} CAVOK'  * 10/M02 ... [} ] 10 ] 1027' 0102007 3.. 1.5541e+12 557291120 01 11:04' 2019040
13'METAR  ‘RKPC' '20190401... '30008KT" () CAVOK' ' 10/MO1 ... ) (] "0 0 "1026' '010300Z 3.. 1.5541e+12  55729826) ‘01 12:04' 2019040
14'METAR  ‘RKPC' '20190401... '28008KT'  [I ‘CAVOK' ' 11/M02 ... [] 0 11 ] '1026' '010400Z 2.. 1.5541e+12  55730536() ‘01 01:04' 2019040
15'METAR  ‘RKPC' '20190401... '30010KT" ) CAVOK'  *11/MO5 ... I ] [11° il "1025' ‘0105007 3.. 15541e+12  55731212[) ‘01 02:04'  '2019040
16'METAR  ‘RKPC' '20190401... '27010KT" ) CAVOK' " 12/00 Q1...[) 0 12" (] "1025' '010600Z 2.. 1.5541e+12  55732091() ‘01 03:04' 2019040
17'METAR  ‘RKPC' '20190401... 27012KT' ) '9999" ' FEW040 ... [) FEW040' 12" '040' "1024' '010700Z 2.. 1.5541e+12  55732928'FEW" ‘01 04:04' 2019040
18'METAR  'RKPC' '20190401... '28011KT' ) '9999" ' FEW040 .. FEW040 12" ‘040" "1024' ‘010800Z 2.. 15541e+12 55733694 FEW' ‘01 05:04' ‘2019040
19'METAR  ‘RKPC' '20190401... '27011KT  [] '9999" ' FEW040 ... ) FEW040 11 '040' 1023' 0109007 2.. 1.5541e+12 55734449 'FEW' 0106:04' 2019040
20'METAR'  'RKPC' '20190401... '27010KT" () '9999" ' FEW040 ... [) FEW040 11 '040' "1023' ‘0110007 2... 1.5541e+12 55734997 FEW" ‘01 07:04' 2019040
21'METAR'  'RKPC' '20190401... '27012KT"  [I '9999" 'SCT035 1.0 'SCTo3s 11" 035" "1023" '011100Z 2. 1.5541e+12  55735621'SCT' ‘01 08:04' 2019040
22'METAR'  'RKPC' '20190401... '26012KT  [] ‘9999 * SCT035 1...10 'SCTo35 11 ‘035’ 1024 0112007 2.. 1.5541e+12  55736339'SCT 0109:04' '2019040
23'METAR'  'RKPC' '20190401... '26011KT' ) '9999" ' SCT030 1...[) 'SCT030" 11" ‘030’ "1024' '011300Z 2.. 1.5541e+12  55736987'SCT' ‘01 10:04' 2019040
24'METAR'  'RKPC' '20190401... '28011KT  [] '9999" 'SCT030 1.0 'SCTo30" 11" 030 "1024' ‘0114002 2.. 15541e+12  55737587'SCT' '0111:04' 2019040
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Fig. 5. METAR data structures

Table 4. Variable details

He HZ(Features) Remark A

119), 229), ..., 3131Y)
1, 29, ... 71®

1,2 ..., 2

00%), 1(10%), ..., 36(360%)
A&k

A&

1(RN), 2(SN), ...,
A&t

1(FEW), 2(SCT), ..., &

%

Day of the month
H|YFE djojE () Day of the week
Hour of the day

Wind direction
Wind speed
Visibility
Significance weather
Cloud height

Cloud amount

71 HlolE ()

ol

o 1 of R R ot nin%u%

i L O A A O B

1 if Delay = 30 Mins
0 if Delay < 30 Mins

g2Igt Zloltk. A(day of the month), 8%U(day of 7k9] =A|2 o]Fo|A 9t} Fig. 62 L 153
the week), AlZHhour of the day), =% &, A4 L &AL P2 7THTE Aotk

(visibility), 7184}, =11, %, 181 &3 H4Ql

A R0 B “1M)E ZFII

B oA AFTadoA Susts 3o A [ 2714 20 & R g Aol 27 £4) |
oBE d&sr] Yall FOIS A29} METAR A&

ARgSto] 357] 2EAA SEES TS5kt | 3 A% S REISEE EY 25 \
g2 1) A dE A vlE 24

717k 4474 2) A7gRE FA] 713k oS A
4 3) PYTHON =273 &5 283t
HAE SHY 75 4) A5 428 3 Fig. 6. Process of building predictive models
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2.2.2.1 A7 A 7|2H Y FEATURE &3 = SHEERDE UERE Aol delay 302 &%
Skt H= L AWANA

AT T 717H 20159 195 201949 1287 oo 10 AY RS HERis SSEREmeI.

T ¥ ZAlE Fo gk Y WsEQ] ATA

A2 AFFFe €8 A T Hee} &S
EA519al, B4E 93 FEATURE:= "EPHAIZ &
717t B9 714 AH & A(day of the month), &
Q(day of the week), AlZhour of the day), ¥3F,
5, A, 97184, 23, 2% 83 &Y 9l

A oAF SOl

2222 SUXA HAUL 7| SEEA

O - -

VS|
a1}

HI

Fig. 72 71} DATAEZ 7|20 LA AT 7|4
B4 7H0] AAIE 245 dijolt}. AlEEat 7t2
Z9] year, month, day, hour, STD, ATD, WD,
WSPD(wind speed), GUST, VIS, WS_RWY(wind
shear), TS(thunder storm)= &HA|A0l| FFS =

Fig. 7. Correlation between departure delay and
variable diagram
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WS_RWY, GUST e A2 oj= AFx AFAr}
ASS & 2= 9lglom, ATDS A 7= ojw
A ATTA IS Tkt o= ok
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SHk ARsslIloH, 20179 I
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lo o o

2F a2l wet ol AEo] (AL Thh
2415 Rt

224 71 2448 2N
2.2.4.1 Ux s&(Precipitation)

H, & SO& I3t v7neE EFRoMe E5=
b ALt gt B3RS g2 upEEe g9
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Fig. 8. Number of departure delays by month (2015-2019)
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Fig. 9. Percent of departure delay by month (2015-2019)

9] &F2oAY MEA = ARt &, ROT(runway
occupation time)7} Eo1HA = of %ﬁlﬁ‘ﬂ o=
S8l FAGHQ] PFS vRtt. 2 upE AL
% 57| o] A &840l uie Fasit

44 FAER 2|ATke] ATIAE A5k 5 A4

23 1045938 5 4970 24 By B
294912 % 16,8782 Table 5% 2o] 7] o
& Qe TR Aow BAHY.

2.2.4.2 AMB(Visibility)

Al 71& 1,000M oJst, &
Yol FUF PR 59

Table 5. Analysis between departure delay and
precipitation and weather variables

(Unit: Number of departure delays)

20154 |20164 |20174|20184(20194
-RA, RA, +RA,

2,478 | 4,671 | 1,627 | 2,341 | 3,294
-SHRA, SHRA
“ONSN SN L 230 | 377 1137 10
-SHSN, SHSN ’

Dz, Dz | 163 | 191 | 29 | 77 | 109
BR, FG,

DUty | 1574|1593 ] 612 | 461 | 695
WIND-SHEAR | 1,725 | 3,263 | 2,757 | 2,997 | 2,038
THUNDER-

STORM 0 | 38 | 48 | 19 | 74

Z1: RA(rain), SHRA(shower rain), SN(snow), SHSN
(shower snow), DZ(drizzle), BR(mist), FG(fog),
DU(dust), HZ(haze).

Z2: (-): Light, (+): Heavy.
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2.2.4.3 HZ(Wind)

AT7E Boto] AFFARY Aol g 2 G

°f}‘~§ H|xjE= 714ka o] vigat H" g9iQlo] mpot
Hal, olF AlEsIste] F4(wind speed), ¢ &

F(gust), FHF(windshear) & A (thunderstorm),
ZZ(crosswind) 59 FEo& ZF5HA o2t Zol
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2.2.4.3.1 £4(Wind Speed)
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KT ol 231 9l Aelold 2% 239 134737
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Fig. 10. Number of departure delays with respect to wind directions (Jan., 2015-2019)
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Fig. 11. Percentage of departure delay with respect to wind directions (Jan., 2015-2019)
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Fig. 13. Monthly percentage of departure delay by wind directions (Total in 2015-2019)
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Fig. 14. Monthly percentage of departure delay by wind directions (2015-2019)
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gFg FHOZRE 1% 1,600 FT(500M) Alo]=
AT B o|SoAY A3 32 371 E= 0],
A5Z Qo 9 FA TN FFe & 0= F
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A Edelglon, o] 7kedl 12,780%(35.3%)°] JH
o 95 & A|Agt Aoz B9t
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Al F= gol 1 1 &5 57| 279 AMAE

AFsk= =0l ol He= 23l ol#eol g2
SOl
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2 F5517] Qs WA 4 HolEE sk Tl
olElg 80%, EIAE HolEgoR 20%2 U
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Fig. 15. Prediction model structure

Fig. 16. Departure delay prediction model
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Fig. 17. Confusion matrix
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