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Abstract— Short-term load forecasting (STLF) plays an important role in obtaining secure and economic
operations of electric utilities in a deregulated pwer system. This paper presents the autoregressi{fAR) Box-
Jenkins model that used to perform the STLF of theMalaysian hourly peak loads. The AR Box-Jenkins moel was
selected based on the behaviors of the sample awaelation (SAC) and sample partial autocorrelation (SPAC)
functions of the time series. Comparison in termsfaaccuracy in estimating the STLF has been made bgeen the AR
and autoregressive integrated moving average (ARIMABox-Jenkins models. The results have shown thahe AR
Box-Jenkins model is robust in forecasting the Malgsian hourly peak load for the next 24 hours withéss error.
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I. INTRODUCTION

Load forecasting has always been an essentialftaisk
the electric utilities in which it may assist to affective
operational planning and security assessment obwep
system. This is important to ensure that the etectilities
are operating in an economic, reliable and uniofged
service to the customers [1]. With the advent o&dalation
in electric utilities, load forecasting becomes revaore
important especially to the system operators andkeba
participants in which this may assist towards oizjag
appropriate strategies of risk management and ctitmpe
energy trading [1,2,3]. Forecasting the future lazeh be
classified into four main categories which are\tkey short-
term, short-term, medium-term and long-term loacdasts
[1,4]. The very short-term load forecasting (VSTLE)
performed in a very short time that is from one uténto a
few minutes ahead. The determination of VSTLF
immensely important for the economic dispatch dtidiy
and Area Control Error (ACE) estimation. The shigtm
load forecasting (STLF) is performed ranging fronedour
to one-week ahead. The STLF is required for immiogi
day-to-day optimal decisions on the economic ancuree
operations of a power system [1,5]. The economeraions

medium-term load forecasting is covering in thegefrom a
few weeks to a few months ahead. It is requirechipdor
fuel allocation and maintenance scheduling. They-emm
load forecasting is performed ranging over a peabdive
years. The long-term load forecasting is importimt the
system expansion planning.

The preceding years have shown immense development
of load forecasting methods due to its significampact on
the economic and reliable operation of a poweresystThe
load forecasting methods can be divided into twonma
categories which are the statistical approachesaatifitial
intelligence (Al) based techniques [3]. The hybiKdiman
Filters [7], autoregressive models [8,9], Box—Jaskinodels
[3,10,11], and regression-based model [3,12] can
categorized under the statistical based technire.the
other hand, artificial neural networks (ANN) andzZy
ipference system have been extensively used ircdstimg
the future load and it can be classified underAhdased
technique [13,14,15]. Furthermore, accurate foteaafs
future load can be obtained by using the enhance
development of Al techniques which exploits the
combination of a time series and ANN techniques1Zh
combination of ANN and fuzzy inference method [58,1

be

of a power system involves scheduling of generatifgincipal component analysis with ANN [20], genetic
capacity, scheduling of fuel purchases, power feansalgorithm based ANN [21] and wavelet based ANN [22]

analysis and planning of market based power trariS{é].
On the other hand, STLF is also applied to theesyst
security assessment whereby the system operatimdjtiom
is analyzed by taking into account system contiogeiihe
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Selecting an appropriate load forecasting model is
important so that the future load is forecasted Véss error.
This paper presents the Box-Jenkins model that used
perform the short-term load forecasting (STLF) theg next
24 hours. The Box-Jenkins models are comprisedhef t
autoregressive  (AR), moving average (MA) and
autoregressive integrated moving average (ARIMA)
techniques. In order to identify an appropriate Bexkins
model for STLF therefore, the sample autocorreta(®AC)
and sample partial autocorrelation (SPAC) functieare
used to analyze the behavior of the past univalistd time
series [23,24]. Generally, the AR Box-Jenkins model
forecasts the future load based on linear funatiothe past
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peak loads, the MA Box-Jenkins model forecastsfutiere SPAC functions.

load based on linear combination of the past pea#t errors

and the ARIMA Box-Jenkins model forecast the futpeak B. Identification of an Appropriate Box-Jenkins Mbdor
load based on the combination of AR Box-Jenkins lslAd STLF

Box-Jenkins models. The Malaysian hourly peak isatsed The Box-Jenkins model that used for STLF should be
as a case study in the assessment of STLF using@uwins  selected based on the behavior of stationary tenies The
models. The behaviors of SAC and SPAC have shoah thymple autocorrelation (SAC) function and sampleiga
the AR Box-Jenkins model is an appropriate appro@ch 5 yocorrelation (SPAC) function are used to inggzsé the

perform forecasting of the Malaysian peak loadtf@ next behavior of stationar . .
; y time series. The sample
24 hours. Comparison has been made on the re$8{ELd- autocorrelation (SAC) function defined can be

which are obtained based on the AR and ARIMA BO)E:'aIcuIated by using equation (4)
Jenkins models. This is to investigate the effectess of AR y geq )

n-K
Box-Jenkins model in performing the STLF. Z(Z[ ~2)(z - 2)
B (4)
Il. METHODOLOGY “ n_ZK(z[ —E)
The determination of short-term load forecasting t=b

(STLF) using Box-Jenkins model involves three maiwhere,
procedures which are the verification of stationdirpe n
series, identification of an appropriate Box-Jeskmodel _ Zb;z[
based on the stationary time series and STLF uieg Z:m
selected Box-Jenkins model [24]. The above mentione b
procedures of STLF using Box-Jenkins model areanpt
elaborately in the following Subsections.

(5)

. the beginning value af b = 1 when the stationary of
past hourly peak loads is used. If the first oroselc
differences of the time series is used then 2 orb
= 3, respectively. This shows that the stationdry o

A. Verification of Stationary Time Series ) )
past hourly peak loads, first differences and sécon

The first procedure of STLF using Box-Jenkins mddel

to verify that the time series of the past hourial load is differences begins with the time seriesyafz, and
either stationary or non-stationary. If the pastirtho peak z3, respectively.

loads are non-stationary then it should be transéor to a k: lag time interval which is 1, 2,..n;K.

stationary time series. The time series of the pastly peak K: used to specify the distance between two time
load is said to be stationary if the time seriastfiate with a intervals fork.

constant variation around a constant mgan|f the time

series of the past hourly peak load does not fatetwith If the past hourly peak loads are stationary thergtand z
constant variation around a constant meanthen it is that used in equation (4) are replaced yyand vy,
reasonable to pellevg that the time series is tatipeary. respectively. The SAC ax given in equation (4) is used to
Therefore, the first dlfferences of the past hOW"‘ loads measure linear relationship between the two timeese
should be performed in order to obtain a statiorigpg of separated by a lag ¢f time unit. The results af, should

time series. The first differences of the inhertént series is always be in the range between -1 and 1. value that is

given by, . (1) close to 1 indicates that the two time series s#pdrbyK
A=Y have strong tendency to move together in a linaahibn

where, with positive slope. On the other hamgyalue that is close
y - hourly peak load. o to -1 indicates that the two time series separhtel have
t: time interval which begins with 2, 3,.n, strong tendency to move together in a linear fashidth

n: total time intervals. negative slope. Henceforth, thecan also be used to verify

. whether the past hourly peak loads, first diffeemnof the
The second differences of the past hourly peakslahbuld (ime series or second differences of the time seite

be executed only if the first differences are stibn- giationary. By referring to a particular time il thery
stationary. The second differences of the timeesetan be 5t cuts off abruptly or dies down fairly quickiyplies that

obtained by using equation (3). the time series is stationary. On the other hahd, time
2= (Y, ~ V)~ (Vi = ¥in) (2) series is said to be non-stationary whenrtheuts off or dies
=Y, = 2Y, + Vs (3) down extremely slow. o -
The standard deviation of (s ) andt -statistic given
where, e e
t : time interval which begins with 3, 4,..n, in equations (6) and (7), respectively are useideatify the

commencement of, that cuts off abruptly or dies down
Then, the sample autocorrelation (SAC) function saahple fairly quickly.
partial autocorrelation (SPAC) function are obtdinby
taking into account the stationary time series ihaither the
past hourly peak loads, first differences of timeetiseries or
second differences of the time series. The follgwin
Subsection provides detail explanation of the SA@ a
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1 : . 141,
(n-b+1)2 i k=1 0.8
(6) 0.6 -
S, = 1
K k-1 2 |
j=1 if k=23,...,n-K-1 0.2 -
1
(n-b+12)2 0
1 2 3 4 5 6 7 8 9 10
e ) lag k
g Fig. 3. Damped exponential without oscillation
The spikes ofr, are wusually occurring before the 1
commencement ofy that cuts off abruptly or dies down K
fairly quickly. Ther, that cuts off abruptly or dies down| 08 -
fairly quickly inevitably yields to the value ‘?fr ‘ that is less 06 -
than 2 andz(srk) exceeds the respective valuerpfOn the 04
other hand, the spikes nfare represented by tlme‘ which 02 -
exceeds the value of 2 arg(srk) is less than the respective 0 1
. . . N 41 2 3 4 5 6 9 10
value ofr,. Fig. 1 shows that the spikes exist at lag 1 agd | 02 lag k
2. Consequently, the cuts off abruptly after lag 2. 04 -
191, Fig. 4. Damped sine-wave
0.8 -
It is worth mentioning that the sample partial @otoelation
0.6 1 (SPAC) function is a part of the procedure in idfgintg an
0.4 - appropriate Box-Jenkins model for STLF. The SPAC
02 1 function is defined agy and it is given in equation (8).
' re if k=1
0 -
02 S
8
o4 | lagk Mo =1 T —Zrk_ljrk_1 8
— if k=23..,n-K-1
Fig. 1. SAC o cuts off abruptly after lag 2 —
1-) negt
j=1
Furthermore, the SAC a may sometime dies down or :
. . . where,
decreases in three different ways which are, . fi=12 ki ©)
i) Damped exponential with or without oscillations as "4 = "kti ~ Mk 1= 58
shown in Fig. 2 and 3, respectively. ' . .
i) Damped sine-wave as shown in Fig. 4. The ri is then used in equations (10) and (11) to
i) Combination of both signals given in i) and ii). determine the spikes afx and commencement of that

_rk

0.5 A

lag k

0.5 A

Fig. 2. Damped exponential with oscillation

cuts off abruptly or dies down fairly quickly. Edigms (10)
and (11) are the standard deviation rgf (Sr ) and t,-

statistic, respectively which are given by,
1

(n—b+1)%
_ T
Tk Srkk
The spikes ofry, and commencement of, that cuts off
abruptly or dies down fairly quickly are identifidxy using
Z(Sm) and ‘t,kk , which have the same procedures as the

Z(Srk) and ‘trk‘ that used in identifying the spikes gfand

(10)

kk

(11)

commencement of, that cuts off abruptly or dies down
fairly quickly. Furthermore, the SPAC function g may
sometime dies down or decreases in three diffeneyts
which are similar to the SAC function og
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The SAC and SPAC functions are then used to §5=pu@l-4)- a7
determine an appropriate approach of Box-Jenkirdefrior u« : average of the past hourly peak loads.
the STLF. The moving average (MA) Bo_x-JenI_dns_ model g, : random shock is usually zero singe- §,. (18)
should be used for STLF once the following critescare g, - forecasted hourly peak load at time intetval

fulfilled.
i)  The SAC cuts off abruptly after several lags. TH&CS
given in equation (4) is tacitly similar to equati(l2).

V; - actual hourly peak load at time intertal

Equation (19) is the MA Box-Jenkins model of ordethat

= 1_ %2 (12) ysed to perform the STLF.
T 9t =0+ a, — elat—l (19)
P =0 foic>1 where,
where, S=u- (20)
6, : a constant that should be estimated from the a.; : random shock that ig g 1)
-1 t-1 ~ Yia®

sample data of time series. )
i) The SPAC dies down in a damped exponential fashioHl® ARIMA Box-Jenkins model of order 1 that used fo
In this case, the SPAC is representedplywhich is STLF is given by,
similar to thery given by equation (8). Vo=0+4Y,+a —6a, (22)
Thed is calculated by using equation (17).
On the other hand, the autoregressive (AR) Box-idisnk The procedure of STLF using Box-Jenkins model is
model should be used for STLF when the followingtdas briefly described in terms of flowchart shown irgF5.
are satisfied.
i) The SAC dies down in a damped exponential fashion.
this case, they, given in equation (13) is implicitly
similar to equation (4) that is the SACrgr Collect the time series data
Py = (¢1)k (13) of the past hourly peak load

Verify whether the time series
© is stationary or non-stationary

where,
¢ : a constant that should be estimated from t
sample data of time series.

Perform the first
differences of the
time series

v

Non-stationary

i) The SPAC cuts off abruptly after several lags. Fhds Stationary
L ! . K R ! Perform the second
similar to the SPAC o which is given in equation (8). Calculate the SAC and differences of the time
SPAC using equations (4]« series if it is still gives
. . . and (8), respectively non-stationary result
The autoregressive integrated moving average (ARIMA 7
Box-Jenkins model should be used for STLF if the Analyze the behavior of
subsequent factors are fulfilled. SAC and SPAC to select
. X . . i the Box-Jenkins model
i) The SAC dies down in a damped exponential fashion. 3
For this case, eguatlop (.4) is used Fo ca'lculaees.f;\c Perform the STLF using the
or r that is relatively similar to the, given in equations selected Box-Jenkins Mode
(14) and (15). v

_ (1_ ¢101)(¢1 - 91) (14) @
Y 1+602-206,4,
Px =61 Py fok>2
ii) The SPAC decreases in a damped exponential decay. IIl. RESULTS ANDDISCUSSION

. . . The Malaysian hourly peak loads in the year 2002 ar
The following Subsection provides elaboratgsed as a case study in the assessment of STL§ Bsin
explanation of each Box-Jenkins model that usedtlier Jenkins models. The Malaysian hourly peak loadshosvn

(15) Fig. 5. Flowchart of STLF using Box-Jenkins model

STLF. in Fig. 6 and it is used by the Box-Jenkins mod@lgerform
the short-term load forecasting (STLF) for the rié@kthours.
C. STLF Using Box-Jenkins Model It is obvious that the Malaysian hourly peak loads be

The selection of Box-Jenkins model is made by rafgr categorized as a non-stationary time series wheitetiges
to the behavior of SAC and SPAC of the past hopdgk not fluctuate with constant variation around a tamsmean,
loads, first differences of the time series or s&col.
differences of the time series. This has been diml
elaborately in Section [I.B. The Box-Jenkins modale
comprised of autoregressive (AR), moving averagé)M
and autoregressive integrated moving average (ARIMA
techniques. The AR Box-Jenkins model of order 1 tised
for STLF is given by equation (16).

Vi =0+aY.,+a (16)
where,
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Fig. 8. SAC dies down in a damped exponential witbillation
Fig. 6. Malaysian hourly peak loads
Hence, the first differences of the time series are '$'
performed by using equation (4) in order to obtan 0.E | _
stationary form of time series. By referring to Fi§y it is |
proven that the first differences of the time sefiectuate )
with constant variation around a constant mearHence, it 0. | i
is reasonable to believe that the time seriesifosiary. & |
o 0.2 | ]
400 ;
RIS J,IIIIIII(L
o
200 sl b4 | b [&™
’ o
& |
100
0.4k . s s ©, E
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0 2000

Fig. 7. First differences of the Malaysian hourgag loads

The stationary time series is then applied intoa¢iqus
(4) and (8) in order to obtain the behaviors of S&Cr,)

Fig. 9. SPAC cuts off abruptly after the first lag

Fig. 10 is the result of Malaysian hourly peak load
forecasted consecutively for the next 24 hoursgutiie AR
Box-Jenkins model. The result has shown that theB&R-
Jenkins model is able to forecast the Malaysiarriqeak
loads that are relatively similar to the actualuesl On the
other hand, the effectiveness of AR Box-Jenkins ehaal
forecasting is also investigated by evaluating thean
absolute percentage error (MAPE) between the feteda
peak loads and the actual values [16]. The MAPEevalf
7.9% again shows that the AR Box-Jenkins modeblsist

and SPAC (ory), respectively. The SAC and SPAC of thén forecasting the future hourly peak loads witslerror.

stationary time series are shown in Fig. 8 aneé8pectively.

Furthermore, comparison is performed on the resilts

It is observed that the SAC dies down in a damp&TLF which are obtained by using the AR and ARIM&xB

exponential with oscillation and the SPAC cuts affuptly

Jenkins models. This is to distinguish the robussnef the

after the first lag. Fig. 8 and 9 have shown thatliehaviors two methods in forecasting the Malaysian hourlykpkead
of SAC and SPAC, respectively are complying witle thfor the next 24 hours. The result of STLF determibg the
criterions of autoregressive (AR) Box-Jenkins modeAR and ARIMA Box-Jenkins models are shown in Fi@. 1

Therefore, the AR Box-Jenkins model given in equafil6)
is used to forecast the Malaysian hourly peak Ilfmadthe
next 24 hours.

and 11, respectively. In particular, the Malaydiaarly peak
load is forecasted consecutively for the next 2dirtdoy
using the AR and ARIMA Box-Jenkins models. The Hessu
have shown that the AR Box-Jenkins model is robost
forecasting the Malaysian hourly peak loads whigke a
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relatively similar to the actual values and it igsrior to the AR Box-Jenkins model. The AR Box-Jenkins model that
STLF results given by the ARIMA Box-Jenkins modehis used for STLF was selected based on the behavibrs o
can also be proven by comparing the MAPE of tleample autocorrelation (SAC) and sample partial
Malaysian hourly peak loads forecasted by the AR aautocorrelation (SPAC) functions. The SAC and SPH€E
ARIMA Box-Jenkins models. It is worth mentioningatithe representing the behavior of the stationary pastlhgeak
forecasted and actual value of hourly peak loadgsts two loads, first differences of the time series or selco
chronological variables considered in the MAPE glalion. differences of the time series. The first differesof the past
The MAPE value for the Malaysian hourly peak loadsourly peak loads was performed in order to obthia
forecasted by the AR and ARIMA Box-Jenkins models astationary form of time series. If the time serigstill non-
7.9% and 9.1%, respectively. The results againetbat the stationary then, the second differences of the pasily
AR Box-Jenkins model is competent in forecasting tlpeak loads should be performed in order to obthm t
Malaysian hourly peak loads with less error compdecethe stationary form of time series. The results havewshthat
ARIMA Box Jenkins model. Hence, the AR Box-Jenkinthe AR Box-Jenkins model is able to forecast thdaykian
model can be used by the system operators and mahaurly peak load for the next 24 hours with les®rerThe
participants to forecast the future hourly pealdtband this results have shown that the AR Box-Jenkins model is
may assist towards effective operation of a demgdl superior to the ARIMA Box Jenkins model in foredagtthe
power system. Malaysian hourly peak load for the next 24 hourthvéss

' ' ' ' error. It is important to accurately forecast thwutly peak
----- Hourly peak loads forecasted b . . . . . .
3800 the AR Box-Jenkins model 1 loads in which this may assist towards effectiveragional
planning and security assessment of a power system.

Actual hourly peak loac
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