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Abstract

This paper forecasts electricity demand as a critical element of a demand management system in Smart
Grid environment. We present a prediction method of using a combination of predictive values by time
series clustering. Periodogram-based normalized clustering, predictive analysis clustering and dynamic time
warping (DTW) clustering are proposed for time series clustering methods. Double Seasonal Holt-Winters
(DSHW), Trigonometric, Box-Cox transform, ARMA errors, Trend and Seasonal components (TBATS),
Fractional ARIMA (FARIMA) are used for demand forecasting based on clustering. Results show that
the time series clustering method provides a better performances than the method using total amount of
electricity demand in terms of the Mean Absolute Percentage Error (MAPE).

Keywords: time series clustering, TBATS model, double seasonal Holt-Winters model, electricity demand

forecasting, dynamic time warping

1. ME

%
o
[>

= A HE vE 718 5% AYeaAret vl e AE wes

%6?04 %ii’—%«l /\F% et *Mu E%*é% Aok S AHARNA A AEALS HY o3 7
o7 AAF T Qo 201435 “A|23} oA ]Hzﬂﬂ” e kA

A9 de] RS A9 F5 TN A %‘1131 sHeR Z*ﬂﬂﬂ 7k Folth FodE 5
]_

A8 ZF FAHANAE Ao %’i%/\] AREE AP R Q3] Aol HolE Bk ofue Mgl
AF, 7t T B FAAA 247k miE %94 TAZF BAEAT. 247 wjEe] A= o
A7 S A7 7ot AE2AT FAZE A7) e 2008 78 AHE GT ol FAA3] <

2 AEEF giste] AF3FA A, 20093 2020 24 7kl & A (Business As
Usual; BAU) tiv] 30% #&e] =7} 247k~ Z:‘—i'x‘%i‘iﬂ' EG3tAA, 247 &2 B 9HY
FA| gho] obd =71 Q7 ARe] HQith o] #st 2ATIA ZEoA] A o] WA Ao R A, &
HE 2= B34S 298 Fote] Y A4tk ZAE T3 247k AES FREE Sk Y& Aot

pal

This research was supported by the Chung-Ang University Research Scholarship Grants in 2013.
1Corresponding author: Department of Applied Statistics, Chung-Ang University, 221 Heukseok-Dong,
Dongjack-Gu, Seoul 06974, Korea. E-mail: sahm@cau.ac.kr



194 Hueng-Goo Sohn, Sang-Wook Jung, Sahm Kim

%, 2utEI =9t AvEUHE o] 83t 1E g AYY £942 Foke], 222 AY A Her
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2.3. Trigonometric, Box-Cox transform, ARMA errors, Trend and Seasonal compo-
nents(TBATS) 29
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3.1. S& AIZt 21 72| (Dynamic Time Warping(DTW) distance)
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3.2. Periodogram J{2|(Periodogram distance)
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Figure 4.1. Time plots for Clusterl~Clusterl0.
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Figure 4.2. Time plot for total electricity demand.
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Table 4.1. Parameter estimation of FARIMA
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Parameter Estimate Parameter Estimate
1 —0.2206 01 —1.1961
b2 —0.2168 02 —1.2516
b3 0.3206 03 —0.8860
bq 0.5292 04 —0.1108
&5 0.0900 2AF 222 d 0.1258
Table 4.2. Parameter estimation of DSHW
Parameter Estimate
Level (o) 0.8184
Trend(B) 6.67E—08
SEASONALI1(%) 0.7804
SEASONAL2(6) 0.9900
o) 0.2728
Table 4.3. Parameter estimation of TBATS
Parameter Estimate
Box-Cox(w) 0.9617
Damping(¢) 0.8034
Level(a) 1.0615
Trend(B) —0.2336
Y1 0.0153
V2 0.0010
Cluster Dendrogram
s - Rirte s RESES Ls ‘gl = Gy 85D
aaz
hclust (*, "complete™)
Figure 4.3. Dendrogram for Periodogram-based clustering.
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Table 4.4. MAPE of Traing dataset by Periodogram-based Cluster

MAPE(%) C1 c2 C3 Cc4 Cs5 C6 c7 C8 C9 C10  Total
FARIMA  11.19 527 226 242 351 510 1051 577 31.34 61.81  2.08

DSHW 3.79 262 290 171 3.76  2.86 4.12 6.18  29.58  29.39 1.96
TBATS 4.8 298 226 217 349 3.20 6.36 543 39.19 34.70 1.99
obs. 21 4 17 7 16 6 11 2 1 1 86

MAPE = mean absolute percentage error, FARIMA = fractional ARIMA,
DSHW = double seasonal Holt-Winters,
TBATS = trigonometric, Box-Cox transform, ARMA errors, trend and seasonal components.

Table 4.5. Result of forecasting accuracy by MAPE

Total dprw dperiod dpred
MAPE(%) 4.64 3.68 3.85 3.64
MAPE = mean absolute percentage error.

Al 7VE 2 AdaE vebgel] wek 38 72 oSl oA FARIMAE o] &3t &2 AAst
Row, 1, 2, 4,6, 7, 9, 1088 £ F$+= DSHW Eg2] MAPEZ} 71 W2 ghe g vehd,
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3 MAPES} Al AHE=F A8E Foto] dS52439 MAPEZL AAEch AA| AR oS50
et MAPEE 4.64%% +3 48 o5& 53 4t & 324 DTW FHEAE 53 45239
3.64%, Periodogram 7]¥ke] ZA & 1 3.85%, o= 71¥F ZRAEAS 53 A
3.85%7 B £ o5 AZY=E B} o A
o ZES o E5S Holgg AT 4 Uit

_1}.
ftlo
of
2
2
e
il
o

O

Ih]
hu

2k J2|E Stofl o] AYAREE oSl thsto] AAE THEAS A&sto], FAHE sid
}E7P—4 S ARk 2HEA 7oz s 2yl Ak flo] Fdhe thEd 7Y
243 Periodogram 7|Rke] #E3} FAEA, oS 7]‘?}94 THEAE AR eH,
;ﬁe_, AR o =0 9ol A]?:]]Oﬂ 2oz DSHW 23, TBATS 23, FARIMA &
AARES 188 o 5S AAEIT

o e
ﬁgz%
i{gérlr rlr

r—LI|:

5
&
fr

ol
_|\L
i)
EE
lo
l-ru
|
=
>
v}
3]
]
is
gL
32
:L
Eh)
rﬂ
N
s

4 Ay 2 o 57| Fate] A Y A ES
PE H}p 2ol 1 UJrF/} /‘lﬂ]"é THEAS S Y 205 el H w2 A=

e o £ ot N [o o rz &
ro e o

Bloo% & 12 o
2L o —?J—'r.urlr s
2 2

2 Fatel 4 2854 AA
pow welAn, 4 8 540

>
N
I
o
=)
Il
4
Ac)
i
oL
1>
=2
>
=
iy
ol
)
)
1o
B
o,
5
)
1o
ox,
o
oz m
r[l (o3

N
b fo
>

KN
=
7

e o

]



Forecasting based on time series clustering 201

A8 48 & o] ofd A ARE-E 3h= o8] WY Y 48 oF WS ueHojoF & AojH,
AAE FHEA et tist A7) okt RokollA A 2 Fa vt oky AZEh 8k AR Eof
o A8 93 Ae3t P EC] AdFFHojoF & Aoz gkt
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O OF
B RS ICTZ ARIAe] FoBeALsdelAe) 84 240 A 2 A5 fst], AA A8 7]
: B9 2R A5 2R ANt AAD 24

HEo 2 o & 3 Walo] ofd, AIAYE vt FRHEAHE 5
2 o2 A Periodogram 71¥E] A3t R4, dE 71Wre] #3484, DTW(Dynamic Time Warp-
ing) & °]&ste] #X3E Al=sisled, #3 3 Eioﬂ—, 2goz2x DSHW(Double Seasonal Holt-Winters)
TBATS(Trigonometric, Box-Cox transform, ARMA errors, Trend and Seasonal components) =3

23, 29,
FARIMA (Fractional ARIMA) 23S AL&3te] o 22 AA sty A AHEeES 7o s o= sl 94]o] of

W, TRRAL 52 2R ol 3ol At W MAPER vehgel mhe $53 o5 e Bes k.

Keywords: A|HYZZIEAM TBATS 2%, DSHW 23, M2+ 9 0], Dynamic Time Warping
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