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Abstract

Varied methods have been researched continuously because the past as the daily maximum electricity demand
expectation has been a crucial task in the nation’s electrical supply and demand. Forecasting the daily peak
electricity demand accurately can prepare the daily operating program about the generating unit, and
contribute the reduction of the consumption of the unnecessary energy source through efficient operating
facilities. This method also has the advantage that can prepare anticipatively in the reserve margin reduced
problem due to the power consumption superabundant by heating and air conditioning that can estimate
the daily peak load. This paper researched a model that can forecast the next day’s daily peak load when
considering the influence of temperature and weekday, weekend, and holidays in the Seasonal ARIMA,
TBATS, Seasonal Reg-ARIMA, and NNETAR model. The results of the forecasting performance test on
the model of this paper for a Seasonal Reg-ARIMA model and NNETAR model that can consider the day of
the week, and temperature showed better forecasting performance than a model that cannot consider these
factors. The forecasting performance of the NNETAR model that utilized the artificial neural network was

most outstanding.
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CHFE AYSL o1F A7 T olA] BT )R H o ThIY RISL B o5 2P AF
Asel Aws 2 glrk

A8 £805e 98 BESHTL e BYL ol §3te] 2 Ace] g Avso] gtk T
A Song 5 (013)& ASAIE) /10 g AeGT AR A v des
% 29 54 52 A8 ARl L A A5 el ) ok 45 Helt,

U202 AAE 28S &85t AFEA Lee 5 (2013)—8— dd HAAY 88 A5Tel 9o Reg-
ARIMA, Seasonal AR-GARCH, Holt-Winters B'HS 0] 83} 2™ Jung¥} Kim (2014)2 SARIMA,
Reg—ARIMA SGARCH, Reg-AR-SGARCH 23 5 o M AlzﬂOﬂ 23S Bg3te] dY AYs
£ d&3ta 7t 239 & Aes nlusigih. T8t Sohn 5 (2016)2 AAE FHENS &8
s}oq Fractional ARIMA, ©]5 Ald X4=3&H, TBATS fg% AL AulE 8=l e A
T8 93 AFE AL o= Qﬂ““ 23 A AE48 A5 A7t ¢tk Handt
Baek (2010)2 327]9] AP0 st d&e 84 208 st IARFEE T Bl o ¢4
3 A5S Hole oS WS Attt T3 Backd Han (2015)& 7]&0] A|¢tet 2o S5
B WS Z7lste] AAE RYS Astn k. H2ol= 7148 (machine learning) S -8
3 W So] Wol] A3E T gow thFst BEEo] Aok Qt} (Ji 5, 2013; Tak 5, 2016).
o= U AT AN AFS BIE FARH BAS Y, 7ASSs Y %% ot &
3 A7} o]RolHTh Amjady (2001)= A5 Q9 AAYE EHYWSE 128 ARIMA 2FS o]
Y& =921 Huang¥} Shih (2003)2] A= ARIMA RS o
Fith. Taylor 5 (2006)2 €3 vl A& o5 AZA dis] A+
2 (principal component analysis; PCA)& 7|¥to2 3= M2 WS 2
©on, Taylor (2010)= o|% 23S FA43te] 45 AN 232 A =]
< /W3t Hong 5 (2010)2 AIZPE AH408 &3 3o tedd 23S A%
=9} A7) AT RS gq_ wejsls uhyS AXE). Sigauke} Chikobvu (2011
g% o] g3to] U 44"41 oo g3l &3 th. Fan Hyndman (2012)2 &1
DP7l A¥raE 0%136}95\1‘%-
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2 3] AET} A sFel tq’
23S Zﬂ ket ESH Ju
Kim (2014)0A4] A kst F-dQ ol JS v x]= =83 Hote] 8 Yo mef ZeA= dg
2 HEEvkgs] Yot E4Y, 8 d 295 3 183 32 F, Seasonal ARIMA, Seasonal Reg-
ARIMA, TBATS, ¢1g417 " (artificial neural network)-& ,Q_—%b']- NNETAR 23 A3t 2 &2
Yo A< vlastaA} gt

A 2NN B = RA AS T RFEC] e 5L, A 33 S PS8 HolHg 54
of Theh AW 24 YA ASGL W £ Aolch Al 4ol 471K 2y FAH Agsas
st 5% By FF AT Yo B AEOT BRE F Aotk

2. AIAIYE 2
2.1. Seasonal ARIMA 237} Reg-ARIMA 29

Seasonal ARIMA R2&-2 Box 5 (2015)° oJaf Alkd RPCZ AAL {Yilt = 1,2,...,T}7} B+
°] p¢l ARIMA(p,d,q) x (P,D,Q):& W& e 2L vk 2 l »}E}‘)rv}

¢p(B)2p(B*)(1 — B)'(1 - B)?(Y: — ) = 0,(B)Oq(B")er, (2.1)
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o] 714 B TR ARH(back-shift operator)& 2v|3tal, p,d, q, P, D, Q= F-EolH, s= AZF7]
£ nsttt. ¢,(B), Pp(B),04(B),0q(B)E ZtZ Boll thst p, P,q, Q2 thdAleln, 247} ¢,(B) =

l1—-¢B—- —¢pB°,®p(B) =1 - B —---—®,BY §,(B)=1-6,B—---—0,B9, 28|11
0q(B) =1-601B —--- = 0oB?E Ju@t}. dt A2 A5E ust, D ARAL A5E 9

P

gttt =3 Ve (AR (= 1,2,...,T)oAY &S5 nlstH, e+ Bol 00]aL 24to] 14 H
wl A=k 31 (white noise process) ©]th Reg-ARIMA 232 Bell¥} Hilmer (1983)°] 23] A+
FozA 7€ B I ARYY SHAF EIE U3 ZYPY O F Regressiony} ARIMAE A
ojolt}. k7ol SYATE T8 AALE {Vift = 1,2,...,T}°] ARIMA(p,d,q) x (P,D,Q)&
me BRE cheat o) LERth

(SO G

&

~

k
6p(B)2p(BY)(1 - B)(1- B)” (Y; - Zﬁixn) = 04(B)Oq (B")e, (2.2
AN BiEE A7 SJAS v o] ASE 0I5y

2.2. TBATS 2%

De Livera 5 (2011)& 7129 Asd&yEo]l A-S3HY A3 A S 18sy] ofgfeH, F7140] 3
591 @A % ShEle] M E17b 47k Hofok ATk BAS gokstel, B 27142 welst An
3l 23 0 2 A BATS(Box-Cox transform, ARMA errors, trend, and seasonal components) & 3 37}
olof] th3te] F7|AE Aol o7 YeRH TBATS(trigonometric, Box-Cox transform, ARMA
errors, trend, and seasonal components) B8-S A 2+3}93t}.

BATS 287 TBATS 23e A Ithz 4 (2.3)7 20| Box-Cox WIS Eafo] 2Lmso] ujA
P #E BAE sk, 4 (2. )54 2ol A¢+BE&HEES 5ot FAH4dE (trend components) 2} 74]7“
*qa(seasonal components)< LHIATE A (2.5)= FVEE A44EFY FoE uH3= AL L
BhH, 4] (2.6)9l4 ARMA R3& Fato] eaahe] 2p713d4S agfsitt. ol wmehA Eﬁé% 2]
(2.7)3} 2o] ekt

v =Y =1, 20 (2.3)
w

It = li—1 4+ Pbi—1 + ady
be = (1= @)b+ ¢bi—1 + By (2.4)

k¢
st = Z ngz + vids

s;’t = ngz 1 COS )\(1) + s;(tl) 1 sin )\(.i) + ’Y;i)dt
s;’(p = fs;fzfl sin /\§~Z) + s;,(fll cos /\gi) + 72 d, (25)
P q
dy = Z Yidi—i + Z Oier—i + €t (2.6)
=1 =1
T .
Y = b1+ pbeo + Z Sggmi + di. 2.7)

=1
TAY F71AL 783 TBATS 232 TBATS(w,d,p,q,m1,k1,...,mr, kr)E FEAIBR=H o7]
Al wE Box-Cox W2 BF0]1l, ¢+ Damping B, p2} g ARMA 2349 Xpg=olt}t. o8} 6+
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Input Layer Hidden Layer Qutput Layer

1 Output
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__________________

ARMA(p, )91 Asolod, @714 4] b9l o33t 371402 b2 S8t b 7] 4 gl
o a, Bt ST FA0 i Btk o sk o) F(smoothing) Baolul, AP = 2m/mi,
ki o0 FA(S0)E ol Anuee) soln, sie s 984 sEe wam, st
SiVe] BEA APRES et

AFA AT 7ATEY] 4222 WO FAFxAA G2 42 5 duelEolth. == (node) s}
= AFEA 7S AP2 dZ2E S8 At g5 AAHE AAX 4 wHS dEsE AHAaY
A% A7 wgdez A 24 2 58S VA= w4y 2¥S A=Y AAY 22 oY )
9] Z(layer)2 FAH ] Jow 7|EH o2 & Z(input layer), 4% (hidden layer), 3% (output
layer) 2 A% o] gty 7t 2 o7 /Y] =22 AT Jdom oA AFeUAR0] =2 Al
2 AZ5e] Jr}. JES2 5Y WSEE AT 24952 483y 59 deERE JEge
2 F S Adetr 2959 EEL @4 SE T 2850 HF 28 aS dEeA "t
7VeAe AR FoXH EH FANA &S /PF & g e g 24E E43518g+ v
Y& AREsith 34T 2Eo] 7 8E the Figure 2.1 Zth

H =RoA= R 22139 forecast 7] A & nnetar TS o] 23to] AAY 23S A3sl9ct
nnetar AWAE Al A (feed-forward neural network)S A3ty o] REL thd 2d=S 7Rt}
2 g4 JEHSE 18 73 FE0l8] A5 AAE §4E vge7] Yokl A AR AHA
AR E 37 R AR usity. 232 NNAR(p, k)2 R85 o714 pe pAA7ZA Y AY AR
FAANE(y: — 1,...,y: — p)E WISt k&= 2959 & 7go|th

3
B =2oj A ARES glolElE AP A LA AFEH= 20149 1€ 12 0041 5-H 2018 11€ 3027}
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Figure 3.1. Time series plot of daily peak load.
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Figure 3.2. Time series plot of daily peak load on March 2017.
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Table 3.1. Parameter estimate of ARIMA

Parameter Estimate
1 1.111
2 —0.4291
b3 0.4461
ont —0.1588
61 —0.2752
62 0.1762
03 —0.2854
64 —0.1075
05 —0.1297
(o3 0.0179
[SH —0.8058

Table 3.2. Parameter estimate of ARIMAX

Parameter Estimate
b1 0.7070
61 —0.9036
L3 0.7481
(SH —0.6294
S} 0.0392
Mean temperature —91.7584
Minimum temperature —1.4658
Maximum temperature —3.3686
DSpecial day —5965.6174
DSaturday —8664.1792
DSunday —12156.333

set) 02 Ag3le] BEe Agslgon 20189 1€ 197E 20184 11Y 30971X)9] A5 S HAE
Altest se) O o18e10] RS A HAESAT, T & =EIAL BAOE Aergol
FEFS MAE Aoz g 71484 E 6] S5t § 717 714AEE EEeten 4

g3 T S A4S JRUSE WA 1Y
A Y,

o off

S Esle] AT 9L njxE= 94
F = 90+ tH53] 9, Reg-ARIMA, NNETA .
ata.kma.go.kr) oA A&E = FH7)FES ARE o8P e I DA 714E st As &
Aol ZRE A9 AL, Bk O, A, 3=, A2 |AB=L9 J|AAEE FFEke] AF2E )
2YS APHL 15 S e AL v 2k A5 & 23 Al 57
Az Eo] RolA Hyndman (2018)9] forecast 3| 7]A|E ©]§3}o] arima 23, arimax ZF o=
auto.arima ¥, TBATS R+ tbats T 2L JAFAAT E& ol nnetar -5 AHESHSA
g & ]t predictQ} forecast T2 AMESIGTE 149 19 147y 174 12€9 31971X9) &
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Table 3.3. Parameter estimate of TBATS

Parameter Estimate
a 0.7725

B8 —0.1602

1} 0.8120

A —0.0105
72 0.0199
,Yél) —0.0384
,YSZ) —0.0198
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Figure 3.3. Daily peak load forecast of ARIMA.

ARIMA, ARIMAX, TBATS 2389] &2 232 Akaike information criteria (AIC)E 7|22 Al
Astgon By B4 A X = Table 3.104] Table 3.3% Zow 7+ Bgo| o & Ao} A 4
H= Hluet 2892 Figure 3.3°1A4] Figure 3.60]th. oA A4 A2 AA 4 HARHz"e, &
4 AL 7 weg ol8de] olaa o Aol AL veplch AFAAY 2PS 7 35| 7
29 AFo R o]FojA o] Bpol gt FAHX 7L A ghof ALttt ARIMA 2o 7
ARIMA(4,0,5) x (1,1,1)7, ARIMAX =& A< ARIMAX(1,1,1) x (1,0,2);, TBATS?] 7
TBATSt(0, {0,0},0.812, {< 7,3 >, < 365.25,4 >})7} A4 mg o=z A= A}

Zy 2o H%S vast’] $319] accuracy T-E )83 mean absolute error (MAE)£2} mean ab-
solute percentage error (MAPE)E 42319 th. MAES} MAPES] 42 ths (3.1), (3.2)¢} 2t} 4
oA ng BFY o5 717 v, Yie AAIRL, Fie dS53ks 9visith. MAESE MAPE 3ol

4255 o 2450l $532 ojnair}

N

Ho o

T Y — F
MAE = Zz:l |nt t|’ (31)

Zn | Y —F¢|
MAPE = ==Lt 100. (3.2)
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Figure 3.4. Daily peak load forecast of ARIMAX.
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A5 HhdHY ea B vlsta &9 oty MAPE®= AA HAd5H7 o5 Hhdy
o] 229 F-s v gt

= = ""fﬂitﬁ NNETAR 232 MAES} MAPEZ} Z+2F 1631.865, 2.27T% % & =FoA v
2N 4 AAD BY 3 7P 948 452 JEES O 5 9om T 2 ARIMAX, ARIMA,
TBATS 22 o= /‘3‘50] L 53ic) 3 ﬂ—‘f‘— HeE 18 4 Y ARIMAXSF NNETAR &
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Figure 3.6. Daily peak load forecast of NNETAR.

Table 3.4. Forecast accuracy of models

Model MAE MAPE

ARIMA 2266.686 3.2258

ARIMAX 1793.282 2.5906

TBATS 3483.703 4.8662

NNETAR 1631.865 2.2741
4. 42
E AFE FARH v T8 A= AR FooE= I T840 oS S =Y HujAEE
d23t7] Yt AAY R3S ey B ow-ow% ARIMA, ARIMAX, TBATS, Q12447
B2YE &83le] 74 BY9| o F e nustden HujAHe A GEFE nAE 7F8AE AR
e ARSsle] HU A g3 dFg o] 52 7S o9 HeE AFed. =3 4 Hodgy 4%
Exdol o] Faof vjdl] WA Yehs AES /A2 o] dlE 49 E4Y £ 2T {FE
kA zEskch
MAES} MAPEE 7} 239 o & A5 F7leke AREZE ARE3igler 23 8 MAE, MAPE H|&
A3 NNETAR E&o] 7} 953 A58 UepdS & 4 9tk &3 28 ¥ A5 va g &3 o
WS o]83t ARIMA, TBATS B3 HT} ol W45 37 18T 4 9+ ARIMAX, NNETARY]
dso] $48E FAsG A ofd wel FF d HojAH g5 ol 9o AAE RS &8 ¢

H Ao o Sof Eg3F 7|7 2018 19 1Y HE 20184 11@ 3097HA 2 2014201791 A2 &

/\]»—%—TS]—OT] 201814.4 EH Ho Oil—f—’]—%ijl 0] —6—0]].: o:]]éo] o]gq o= o]-gqx] 2/\4 A 1:-4 E/\
o A o 12t £l G 9 A A el ol A S g

$aokn ABAAY A1E oF 2270 1% 9AE HolT slo] BF AFALY RYE U Aok
[e)
=
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(20194 1 102 &4, 20199 12 222 73, 20194 12 222 X{EH)
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