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ABSTRACT

In order to produce electric vehicle demand forecasting information, which is an important element of the plan to expand charging
facilities for electric vehicles, a model for predicting electric vehicle demand was proposed using Exponential Smoothing. In order to
establish input data for the model, the monthly power demand of cities and counties was applied as independent variables, monthly
electric vehicle charging stations, monthly electric vehicle charging stations, and monthly electric vehicle registration data. To verify the
accuracy of the electric vehicle power demand prediction model, we compare the results of the statistical methods Exponential Smoothing
(ETS) and ARIMA models with error rates of 12% and 21%, confirming that the ETS presented in this paper is 9% more accurate as
electric vehicle power demand prediction models. It is expected that it will be used in terms of operation and management from planning
to install charging stations for electric vehicles using this model in the future.
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2.1 Exponential Smoothing(ETS)

AYHAQI ETS B2 Eq. (1)1} 2o ZdH
S, =ay,+(1—a)sS,_,0<a<1 (1)
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2.2 Auto-Regressive Integratdf Moving Average(ARIMA)
ARIMA T2 P AAIGS a&F 2FEs1o] g AAIER HRks o] 5o 4 AAIE S ARMA(Auto-Regressive
Moving Average) i@l 271 o2 Ttk AIAIE ¥, 7HEw?] 11 ARIMA(p, d, q) B4R Eq. (2)2H Eo] I,

2, (B)(1=B) (Y, —pu)=0,(B)e, )

Y, = tAANA Y] B=GEE, BE 57 A4 (back-shift operator) S 2JU[3H} p= AR A, = MA Z=0]H, d=
A 25 ORIt & (B), 0,(B) =22 p, d, 7 T2 0 & Z12F0] A2 ol Egs. (3), (4)2F 2Th

s,B)=1-2,B—..= & ,B" 3)

2,B)=1-2,B—...= 3 B! (4)

t

7RSS A4 A0 AR 5= fl5to] /\1?‘%‘ A FEFE HECR AHHPIHE st T5Hs2 g
ARt ARG 7, B AR A7 1ARs A SR A SR Sl R AV IS
s AR =0k ltk(Table 1).

AL
q%
I
e
N
>,
ﬂi
oy
>4
B
o
ol
£‘=

Table 1. List of Input Variables

Variable Name Symbol  Variable unit Data unit Source
. . . . Korea Envi t
Dependent Monthly electricity consumption by electric vehicles (t) Ed () kWh Month orea nv1r(?nmen
Corporation
K Envi
Monthly electricity consumption by electric vehicles (t-k) Ed (t-k) kWh Month orea nV1rc.)nment
Corporation
. . . Korea Envi t
Monthly number of registered electric vehicles Ec (1) EA Month orea nv1r(?nmen
Corporation
. . . Korea Envi t
Independent Monthly number of electric vehicle charging counts Es (t) Count Month orea Bvironmett
Corporation
. . Korea M logical
Monthly maximum temperature Tmin (t) °C Month oo .et.eoro .oglca
Administration
Monthly minimum temperature Tmax (t) °C Month Korea l\/I.et.eorol.oglcal
Administration
e 717220149 1955 20209 8 7HA] 2km-5 3okl o] 5 53l 751 51 W R A E ARE E]lshE
23k Y8 AT A2 AR, D AR RS $ 04 F 54 B WS 5E ik 18 ol 52 325
A

Joohe A Kol 2 02 SRIFITKFig. 1).
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Table 2. Reliability Statistics By Variable
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Table 3. Correlation Matrix By Variable

Correlation coefficient
Ed (t-k) 0.963 0.994 0.037 0.000
o 0.000 Ec (t) 0.951 0.088 0.052
Significance 0.000 0.000 Es (1) 0.001 -0.034
probability
0.372 0.220 0.497 Tmin (t) 0.943
0.499 0.323 0.383 0.000 Tmax (t)

Table 4. Kaiser-Meyer-Olkin (KMO) and Bartlett's Test

. ) Initial value
Kaiser-Meyer-Olkin Measure

Approximate chi-square Degree of freedom Significance probability
0.640 727.7 10 0.000
B0 HgAe] BohEH 15T W Se] Q1R A0] g5k ARl BHslel § BAE ATe] RS of
319 2ehtAe e, WA 3-5/(Communality) 5§l &% 89150 2ol 2 M7} dnh A ==A]
SRI5IFI. Table 5] F HATES] & go] 0550 25 7%, I /IS FAISIAL WHA] JE SO = siAsiY,
RS A F GRS A Ae] QAR B} s S B 09 o e LR L0 0 2ol AL A

Table 5. Findings of Communality Analysis Through Principal Component Analysis

Item Ed (t-k) Ec (t) Es (1) Tmin (t) Tmax (t)
Initially 1.000 1.000 1.000 1.000 1.000
Extract 0.992 0.965 0.985 0.972 0.972

QRIFE 0 7 FAFEEAE ARSI O Eigenvalue=1-2 7|0 2 F&519]7| w0l & w4t w41 3(Table 6)°]]
A 27119] @Rl FEH Za ERIsHAL 27119 83150] A 24Ee] 97.7% 2] A =la LFEhial Qlom, Fig. 20] 25¢
T 30] 2] At 27)19] QRlo] AEE Ze SelsiSit

id

Table 6. Findings of Total Variable Analysis Through Principal Component Analysis

Initial value Extracted sum of squares Rotated sum of squares
Component All Variance Cumulative All Variance Cumulative All Variance  Cumulative
(%) (%) (%) (%) (%) (%)
1 2.94 58.86 58.86 2.94 58.86 58.86 2.94 58.79 58.79
2 1.94 38.87 97.73 1.94 38.870 97.73 1.95 38.94 97.73
3 0.05 1.13 98.86
4 0.05 1.05 99.91
5 0.00 0.09 100.00
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Fig. 2. Screen Plot from the Main Component Analysis

KRR ANEA 0 2 B AP o] 04014991 gES AHg IR, A] 14N et A7 EA 34 S
ANAEA B3 7k 0.40180] g2 LheRie] 231 712t 27 7)2-2 Aolefis 2 118 4= Itk Table 7).

Table 7. Component Analysis

Item Ed (t-k) Ec (t) Es (t) Tmin (t) Tmax (t)
0.996 0.992 0.981 -0.006 0.031
Component
0.006 -0.030 0.060 0.986 0.985

3.2 ETS2} ARIMAR3HO| Z1} H|w

oA o1F319950] 2014 1956 2019 897129 AR E 81571710 2 20194 9 YR E] 20201 §D7HAE AZY]
7ro 2 AAstoint. ot 7120 AAY o|& 5 Q] ETS, ARIMA A1} H| 1S Sof| ETSE 32 A84-2 HESISITh

ETSE o]&3s}o] A7|25a} He4q ek AESH A1} 92180] 12%, R20] 0.2, NSE7}-0.452 We AL 2 BAx)
2AckFig. 3).
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(a) Time-series graph (b) Q-Q plot
Fig. 3. Electricity Load Forecasting with the Exponential Smoothing (ETS) Model
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Fig. 4. Electricity Load Forecasting with the Autoregressive Integrated Moving Average (ARIMA) Model

Table 8. Mode Validation Results

Item Error ratio (%) R? NSE
ETS 12 0.20 -0.45
ARIMA 21 0.04 -4.09
4. é %

2 En S A 8 3e AAIER A5 F1steT ETS 71He 21851900l 27 1Abe 2} 118 03] 9%
& U2 WS B2 § 893S Sl M-S AAShL 4IRS TS

AAFRE=2014'3 1976 20209 8D7H] FHFI2 ARE 7 & YO T2 9150 2014 195 201913 847}
A9 A= S o572 20199 9B HE 20201 8 A7 E A7 IREC = sl s 2 4419} sho] E-8519irt.
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