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2.6.2 Extra Trees Regressor

Extra Trees Regressor(Extremely Randomized Trees Regressor) [24]+
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2.6.3 LightGBM Regressor
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o] dlolg] AlES AT AT dHolele dAYIEE 20199 4€ 1644
Bl 2022 841147HA] ojth & AT elds AFARES FPOoRE <3 3-
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ol A7, dol =, el Ex, o] 9x17F 289 457 Arvid 23
st &Aool trEd o3& <E 3-2>e4 YERASITE x pos9t late the] &

AEE YeERH™ v pos9t lone e &40 AEE yErdth ToT Statio
o] 9+ rent station®]2h= EAROIA A G & tlofa £S5 EFsHAIRE,
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by
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) 59 EE

Station based 10T GPS7} #250]9l 11, stationolA] WaEE #3

Station based non—IoT GPS7} &5 A ¢ka1, stationolA W= F3
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non-loT

non-IloT

feature [oT Station IoT Delivery ) ]
Station Delivery
rent date 0 @) @] @)
year O @) ) @)
month (0] (0] O O
day O @) @] @)
day name O @) @) O
rent num(count) O O O (@]
rent station (0]
X pos(lat) (0] (0] @] @)
y pos(lon) O @) @] @)
address @) O
od_addr @]
F 3-2. vpo]ag g dolE e 4
rent_date day_name wyear month day rent_num X_pos y_pos
0 2021-06-04 Friday 2021 6 4 114 1605035540 6075.615122
1 2021-06-05  Saturday 2021 6 5 178 1806783835 £837.263858
2 2021-06-06 Sunday 2021 8 & 195 1730039766 6381752018
3 2021-08-07 Monday 2021 6 7 120 1705.686691 6457.083521
4 2021-06-08 Tuesday 2021 8 8 112 1371547236 51890360901
9 3-1. wpo]aZ BHIZE tlo] dHo]E of A
<X 3-3>2 9 dolgE AWsitt. A diojH = 7I8A 71 REANY X
oA Algste AdAS ARE ARESAT. AF, 4k AL AFE T 400
o HFAM HHE AEE FA7|2(0), 4 AFFmm), B GiFE(

%), TA DAFFMI/m2) ] vlo|Ee & AME-3H3iT
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3.3 0ol =Xz

SbA] < 3—1>0]A AW vlo]m 2 wHlelE dolH el <% 3-3>9 94 H
ol E HAst FAH A HeolHE TS AH M= HA 470
2 Wrold e 2y dolH et E4 HolHE EAEE OEsteith 1R
9 FAoM= FLES 0, S 12 AFFGsH Y. AeF dolHe H4A 09
A H 1747449 X5 7MY 0]F 0~69AZMA THAE WFstett. %
THY WFseE <F 3-4>% 2o a9 o, 7 Y dHoly AEE E§sto]
shbel A vlolE MEE FA T AXE AFS Ste] 20199 449 169
FE 20229 8¢9 11¥€7tA9] dHolHE 7Hastia, 7)ol 10719 Ay o=
TAY ZF 1,14149 dHolg QAEIAY £3dAT. 1 Ay <% 3-5>9 22
FE el A dlolE Ao] whEojxitt

7w Level
0T Ze=) 0
0~1 mm 1
1~5 mm 2
5~10 mm 3
10~15 mm 4
15~20 mm 5
20 mm ~ 6
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3.3.1 =2& (Voting)

Voting 53+ Hard Voting® Soft Voting & 7}A 2] Walo] &zj3slt}, Ha

rd Voting W22 7F dugFo] A AyeA 71 FuHE wo] 32 Ans A

(i
Sl
2
>,
rlr
)]
o

::';:
<
o

=g
=

0

ok
1>
o
=
v}
ol
ol
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©
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E, MAPE? A &sH7} A2 A9 4719 2 9<¢l Random Forest, ExtraTree

=
s, LightGBM, CatBoostE A&t} o] AlFF S o] 839 Voting reg

ressor[27] E9-& 14353}

Rent Data Weather Data

U U

Data Preprocessing

g 0 3

LGBM CatBoost

8 8 3

Voting Regressor

U

Performance Assesment

Extra Trees

713 3-3. Voting Regressor
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IV A3 43

4.1 A|AE 2HH

H o AFE T 4-1>oA] At A AE A4 HEE Q) Intel i(7-87
00, 3.20GHz CPUS%} RAM<S 16GB, £ A4Al+= Windows 10 Pro 3F7 ol A]
A3PE ot o)A HAe 3.8.13% AT

CPU Intel i7-8700 3.GHz

RAM 16GB

0Ss Windows 10 Pro
Language Python 3.8.13

X 4-1. Al 2E A

4.2 N

or
117}
N
>
Kl

geo maley mele] 4smse] et Awolrt. vlo|ae wuE S o
Zo Wk ARRE BEF AF oA, FHANeA, B AFE A 19

AAT(R2 score) & AME-3FATE

A BEZEEA D) Abole] 045 Aktela o Hsiete] Z4 @t MSE
ol He5% muel o] AA g AT B 5 ek FAS e 2
=
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1 & ~

= — . — .2

i=1
422 HAEM 22X} (Mean Absolute Error, MAE)

FAveas gaezol A5e gt AA @e AolE S d AHg
L %Rt ARE A7 dSg AARe oA A9ge A8 F oF B
3 gholth MSESH: ThedA ox4E Amehd ol Solgkel 9%
toh MAEZF He5E muel 4ol Eoha P78 4 9k MAES
che vt gt

Ao
B
2
rlo

MAE=

i=1
423 HA HZZ2 22AF (Root Mean Squared Error, RMSE)

Bt AE LAMSE) 9] Al AR grolth, ASakat AAlgke eat Al
[

F9 BE A AFZE Aay) WEel AA @3 2L wE 2ty v
o FREAA eAE FHsha F2FE 4o Frhn 2 4 Uk RMSES £
qe thed) gk

Y i)2
RMSE = Zi
—

4.2.4 BX AT (R2 score)

AAAGE 89 BANN ALgEE
AYSHEAS etk wdo] 4 Wi WEYS vk} @ A@seAs

Gehge olZe Agng @b o ALgRth A9ASRE 0% 1 Alold gt

o

oft

L_Pi

Al

o

AR, HolHE dvhg

o
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AAFE Aol g dEo=E (1)— el gJsiA 49
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X

(1) SSR =Y (y,—y,)*
i=1
(2) SST = SSE-+ SSR
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1=1
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<I9 4-2>% 982 o] Fo & woadLe vehd Zlojth 93 diol
F2 ARy 643 799 o] £ g Be A B S ok

7000

6000

4000

rent_num

3000

2000

1000

o

SUEE o o FuS W2 ZE vEhfe] A5 2
o <29 4-3>9 9% TYZ (Aol FdelE Eado] JHF thoiFe] W
A FE Folle Bl o] U ¢ Wt 2EH 1dEZ® e FE 9
of W djo] F9 FHFS YR Yeld Zojg, HAdL 0, U 12

e Zoleh BAel el fo) Hito] ok ol W AL B %

]

o
q 32

=)
=

32

8

rent_num

rent_num

20

10

Friday  Saturday Sunday Monday Tuesday Wednesday Thursday 0

day name weekend
(A) (B)

79 4-3. 29/ FU o R nlE o] 4] Bt
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<IY 4->E SAE Al ARAE BAF sEyelth sEYe %
A7 vhola® RULE deiFn Uelx HRASE FuwAE ¥
olth, vlolmz BWE Y dol S A, F5F, Lo gnwAL 2 A
S o 5 gtk A, B5F, Lok vXE o] 2 AL 4 5 vk <=

A~

—2>¢ A5d Aws wE YA Aduda

= =
=4 49 4% BR BE Aotk ARER do] fol YT WAL 54
BAe] mre w ol ALl to] fo] YL WAL Fod o7t e
Ae B 5 gk

-0.8

-0.0045

rain

= . ; -0.013

- . -0. 5 -0.091 -0.041

rent_num

year

-0.091 -0.0039

month

-0.0045 . + -0.052 -0.0039

day

I
T rain H 1 rent_num year month day

T% 4=4. AA7IRE] Hek 5] EY
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AAF 0.48 0.41

AT -0.63 -0.27

S5 -0.4 -0.23

2T -0.08 0.39
¥ 4-2. 95 / AL U A4 %

B AT F 1,1419 HolE Fold oz 349 2009 WA ol
E] Al&ste] HAES Fasigith. sty WA vde Edold WAoo
7HA €] dlolElE AR HAE HolEE AREEIA the Eo] dlo] ¢ EE oE
5, 109 F7kA oS8k Walolth <O¥ 4-5>% Hidy Edold n
gow FHF Aolth o= So] 2022d 8¢ 1199 to] £2 o= 1 20
199 49 16958 20229 8¢¥ 10U7HA19] HolES HAE MER AFE&}o]
89 1149 the] 5 oS3, 18 82 ddy Edold WS 138o=z
Ebdl Zoltt do] I (A%, €, ), % ofF, V|2, A5k, A, FE7t

Input Hlo]E = A}EF T},

o

Total Data Set

Daily Train — =St
P d t Traln ,,,,,,,,,,,, > TeSt
rediction Train Test

9 4-5. FHE/EAE v
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st AeH7iolt)h, 25 B e 2ulS ALgs uw] ExtraTrees Regressor, C
atBoost Regressor, LightGBM Regressor, RandomForest Regressor A%
deol F2 e & F Atk MR g8 sl EEs d dybsl st
HFE Fxste e T8l AT A¥E AdEste A= 7IM e syl Voting

43t Voting Regressor @3 wh=o] SF5A AT ARbstE Edof ds|
Al MAE+ 16.3187, MSE+= 501.4068, RMSE+= 22.3921, R2 score= 0.76
29% Aol FE e BAFUH. o= He 7H

el 25 A5H7F AZEe| el Z+zF 1.14%, 1.76%, 3.26%, 1.64% 7§14%

1_,
o

ol 22 Wl wdlo

Performance Evaluation

Model
R2 MAE MSE RMSE Time(sec)
Random Forest 0.6726 19.2933 701.1863 26.4799 222.1845
Extra Trees 0.7543 16.6109 522.7416 22.8635 145.7737
LightGBM 0.7150 17.5575 606.3860 24.6249 56.9202
Cat Boost 0.7564 16.6631 518.2903 22.7659 1079.8587
Voting 0.7629 16.3187 501.4086 22.3921 1332.3511

¥ 4-3. Hilyd A3

4.6 S =T

574 5% (Feature Importance) & WAlgd Rdox z} 5xo] Axjo o
nh & FEFS v A =AE HERE 2 ER ol Rdo] &S 39T u &

o

[o
S
:

<l 4
Regressord &% FQTE ZZ3to] Ajzkslst Aot} Awel Aiapgo] zhzh

51% ¢ 14%= Ao & JIFS o= A & F AT
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Extra Trees Regressor Feature Importance

weekend

day

' T T T T T
0.0 0.1 0.2 0.3 0.4 0.5
Feature Impertance

9 4-6. 5 Fo%

4.7 S At

4.7.1 O/=fe] O =+ o5

rir

B AFoaE AR ogRE 3 R ARE A A the] £ o =a)
ATE BT A G B dHolH= 714 Open APIE S8 A&
st = Qlth 2 A HAE 717k 20229 10€ 199 %-H 20234 49 7Y
7HAlolth, HlolE] AEE wWidmd o] Edts RS v 2 <Od 4-

7> o] RS aHo =z YeRd Zlolt)

rhe

o 194 - 71 A A A APIE o] g3te] oAl EH JRE shA 2
o 2%l — 713H S ©YleR APIE o] g3dte] 2F5 ~ 2¢ I o H A
g 7hA &t
o 3WA - 718H F7]dR APIE o€t 3d F ~ 109 F7HA) HR
AR5 7hA ot
o A9A — HKH HolHE AR T AAY AHE AA HAE HolH A
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2HA sty
. 597 - Voting 29 o] gate] oAz HolHE o g3 H5A7
Wz e BAE eolE A thetel =g,
N7
O|HT}X| v H v
e ofH[e| cfof 3=
HlolH N e e e £47] 0l APl £7] o= apl
ofx| &M ool E CH7)0f 2 50| Ef 37|0j & o|o]E
BH& HlO[Ef A L, ==
- o o] M
Voting Regressor <
A\ 4
o= #at

I 4-7. 0] A to o olF S5k

4.7.2 7|&3 EIME

7= R 7)7h} oS A Ao R AlEstete] WaEskE RE,
Ao AP Aol 5 HAsksr] Sl =& Skm o+ Skm HA ] AR UbE

of &, W, & @99 FFFY FAHOE AT GHE AFdt @R E 9
B 73 297hA 4 B AR G9E AdAskel] AlgtA o ® AlEsE o
HE At @d7]eR APIZF Alddhs 52 <G 4-4>0lM sk 2l



o P TN ARG T A A%y

o
1o
ol

—8>2 WdH A=Y A9 oqAE HojFt

WETE g2z §5Y ekl
POP LT=E %
PTY B HH IEY
PCP 1A ZgF 31 mm)
REH = %
SNO (PNFARRNESES #H3(1 cm)
SKY St oS ER Acgt
ool = TMP 1A1ZH 712 °C
TMN 2 E X712 °C
TMX 2 Z07|2 °C
uuu SEEMEE m/s
VWV sH(H=48) m/s
WAV ot M
VEC s deg
WSD =5 m/s
X 4—4. 7RI} AFshs SRR
baseDate baseTime category fcstDate fesiTime festValue nx  ny
0 20221104 0500 TMP 20221104 0600 6 33 126
120221104 0500 Uuu 20221104 0500 29 33 126
2 20221104 0500 VW 20221104 0600 -11.5 33 126
3 20221104 0500 VEC 20221104 0500 346 33 126
4 20221104 0500 WsD 20221104 0600 1.9 33 126
5 20221104 0500 SKEY 20221104 0500 1 33 126
6 20221104 0500 PTY 20221104 0500 0 33 126
20221104 0500 POP 20221104 0800 0 33 128
8 20221104 0500 WAV 20221104 0600 15 33 126
9 20221104 0500 PCP 20221104 og00  Z==%E 33 128
10 20221104 0500 REH 20221104 0600 65 33 126
11 20221104 0500 ENO 20221104 0s00 HEFES 33 126
12 20221104 0500 TMP 20221104 o700 6 33 126
13 20221104 0500 uuy 20221104 o700 25 33 126
14 20221104 0500 VWA 20221104 0700 -113 33 126
15 20221104 0500 VEC 20221104 0700 343 33 128
16 20221104 0500 WsD 20221104 0700 116 33 126
17 20221104 0500 SEY 20221104 0700 1 33 126
1% 4-8. V)oK AET oA
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4.7.3 7148 S

F718 & F7] AW, TV S B, F771L, $7] Y B JRE %3

HE @7l rels g2/ <FE 4-55904 BE AAY
AEE 39 FHE 109 T/ 4, I @, Hi, HAVL, Hi, F
A s ATtk v <O¥ 4-9>5 TR 5% Ay dAE F 8

A3re] sHFe] Hvles 72 F Utk 2 AFelMe T AGeRFEH A

OE9iE T OE9iE T
11B10101 N2 11G00401 M=
11B20201 Q1M 11F20501 a4
11B20601 =4 21F20801 =
11B20305 i S 11F20401 o=
11D10301 =H 11F10201 M=
11D10401 = 21F10501 oA
11D20501 g 11H20201 A
11C20401 CH 11H20101 =4
11C20101 A A 11H20301 HH
11C20404 MZ 11H10701 CH
11C10301 PSES 11H10501 otE
11G00201 M= 11H10201 =z}

X 4-5. 7|9 B A ZE=
uR 7L SR 7L
0 2023-11-03 210 0 2023-11-04 215
1 2022-11-04 215 1 2023-11-05 220
2 2023-11-05 195 2 2023-11-06 200
3 2022-11-06 150 3 2022-11-07 155
4 2023-11-07 160 4 2023-11-08 160
5 2023-11-08 160 5 2023-11-09 70
6 2023-11-09 170 6 2023-11-10 180
7 2023-11-10 5.0 7 2023-11-11 70

(AFIFA| (BYMHZA|
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S/l Bs T&btel AlEstA ot SR WYIdERRE SR SR
Hate AR, ArEa dAMES ol Td 9 He ARESIT RS
T HolHE Agstal ERE olgste] 2dS 73 v HolE ZHYdow v
o I Ade v <Td 4-10>3 2k
rent_date T H year month day weekend | rain rent_num
0 2023-01-26 600 7300 2023 1 26 0 2442143 2 0
1 2023-01-27 375 7310 2023 1 27 0 2442143 0 0
2 2023-01-28 225 7229 2023 1 28 1 2442143 0 0
3 2023-01-29 600 7433 2023 1 29 1 2442143 0 0
4 2023-01-30 600 74313 2023 1 30 0 2442143 0 0
5 2023-01-31 650 7413 2023 1 31 0 2442143 0 0
6 2023-02-01 950 7413 2023 2 1 0 2442143 0 0
7 2023-02-02 375 7413 2023 2 2 0 2442743 2 0
8 2023-02-03 450 74313 2023 2 3 0 2442143 1 0
9 2023-02-04 625 7413 2023 2 4 1 2442143 2 0
10 2023-02-05 625 7413 2023 2 ) 1 2442143 1 0
O 4-10. € HAE tolE oA
4.7.4 o5 B
<18 4-11>2 10¥8 18¥HH 4€¥€ 747149 HAE A3E 12Xz e
W Zloltt, 9eA] A3t Voting Regressor R@-S AFE-31 11 2Ee] 453
7b Adte <E 4-6>9F Zrh <O" 4-1DeA FEA A2 i C59 sk
o] o F tie] Fol @A AL HAE wpxut del 3¢9 22Uef o538 104
F7A ) % ol solth. Wby do] ekl RS AA dol £ g
F7he w AREET 20239 1€ 209~ 2697HA = AR s FH 7 v

_30_



FA ook tio] rF ok H=o] 1€l 3 2 gt 13d <k w7k Wiy &
T2 IATF A EFESN oY, oo we} thof b AT FdE B

B R2 Score MAE MSE RMSE
1/10 0.1212 8.8222 145.8222 12.0756
1/26 0.2092 8.39 134.21 11.5849
2/21 0.1328 8.5476 145.7380 12.0722
4/6 0.006 8.8235 144.8705 12.03

¥ 4-6. v o F AF AEH7}

4.7.5 MHA HE

2 9

QoA B 5 Q% PG Teaa mads At sold el gy
Qgoltt, Fehrdt BE S ASHH o #EA golk 4 AEE 75
she ol AHEE 5 9l delneY® AFdch Eekaal sbia dse] 9

grolB g gl oEalA] k=t [58]. Uhs <IH4-12>E A A olA A}
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eVPAss 20|07}

SojC|7 -
e RE0C|7} =3 25040|7 > T38|

102 ¢= =5

M
°

o 2023-06-16

71z ol

ot
4

3|

+2H) LEE) P HELT N EEeY
as M 4s | sA "
2023-06-16 22 26 60,045 111,797
2023-06-17 15 21 42,207 44,589
2023-06-18 18 23 17,436 65,589
2023-06-19 17 18 29,392 66,000
2023-06-20) 16 T 28,347 69,600 08-16 08-17 08-18 06-19 06-20 08-21 08-22 08-23 06-24 06-25 06-26

2023-06-21 12 2 18,395 26,000

—SUE  — WA
150,...
2023-06-22 13 7 9,603 53400
2023-06-23 12 14 15041 66000
100
2023-06-24 12 21 42521 85300
2023-06-25 14 3 35129 o so000
2023-06-26 6 9 0 35400
i o
24 e o Shn 06-16 06-17 06-18 06-19 06-20 06-21 06-22 06-23 06-24 06-25 06-26
BF 14 15 2,192 56845

I 4-12. AA AvlA 3
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Abstract

In recent years, companies in the retail market have shown considerabl
e Interest in delivery systems that can increase consumer satisfaction in
order to stay ahead of the competition. The rise of shared mobility as a
fast way to travel short distances has given rise to a variety of rental c
ompanies. To make it easier for consumers to rent from anywhere, thes
e companies distribute their shared mobility across multiple locations, w
hich means that the shared mobility must be pre—positioned at each loca
tion.

The problem is that it is difficult for companies to quickly prepare for
shared mobility if they do not know in advance how many rentals will o
ccur at any given time and in any given location. This study analyzes th
e factors that affect the number of shared e—mobility rentals and foreca
sts the number of rentals, so that e—mobility can be distributed and cus
tomers can be served in a timely manner. In this study, we use real—-w
orld data of electric mobility provided by Company E.

We experimented with demand prediction of electric mobility through m
achine learning models. We used the Extra Trees Regressor, Cat Boost
Regressor, and LightGBM models to predict the demand of electric mobil

ity and compared the performance of the models. We also studied how t
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o reduce the error by using the voting method, which is an ensemble te
chnique. We analyzed the correlation of various features that affect dem
and and found that humidity, precipitation, and insolation are highly corre
lated with demand. When evaluating the performance, the R2 score was
0.7629 when using the Voting Regressor, which is better than the single
model. By utilizing the results of this study, it is expected that electric
mobility can be appropriately deployed in advance and user satisfaction
will increase. It is expected that companies will be able to provide bette
r shared electric mobility rental services by efficiently managing equipm

ent and human resources.
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