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ABSTRACT

This paper presents several Multiple Linear Regressionmodels for short-term load forecasting, which are intended for use as
benchmark tests. A comparative analysis based on models’ performance is presented, which resulted from helping a US power utility
to develop a commercial product.The main goal of the analysis carried out is to determine which variables influence the electrical
load the most.Models which take into account only weather variables are developed on one side, and the ones containing only load
shape information on the other. Both models are of linear regression type, while the input variables are selected based on correlation
analysis. The influence of the different variables is than compared, and the model that uses both weather and load shape information
is developed. The proposed benchmark models are used as a tool in developing more sophisticated methods for electrical load pre-
diction, such as artificial neural netoworks, or support vector machines. The analysis of proposed models could provide useful results
in dealing with a real-life forecasting algorithm and re-evaluation ofmethods already presented.
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REZIME

U ovom radu je predstavijeno nekoliko modela visestruke linearne regresije, koji se koriste za navedenu problematiku, pri ¢cemu
Jje njihova osnovna namena mogucnost komparativhe analize. Predstavijeno je uporedivanje razlicitih modela, koji su nastali
prilikom razvoja aplikacije za predvidanje potrosnje el. energije, namenjene za koriséenje u elektroenergetskoj kompaniji iz SAD.
Glavni cilj sprovedene analize je da se utvrdi koje promenljive imaju najveci uticaj na ponasanje krive potrosnje el. energije. Stoga
su razvijeni posebni modeli koji uzimaju u obzir izolovani uticaj temperature i opterecenja. Na osnovu korelacione analize formiran
je model koji u prvom slucaju sacinjavaju iskljucivo temperaturne promenljive a u drugom iskljucivo promenljive koje opisuju
vremensku seriju el. opterecenja. Finalni model podrazumeva kombinaciju uticaja temperature i opterecenja i daje najbolje rezultate
kada se aplicira na podatke koji su ovde analizirani. Analiza predstavljenih modela moze biti korisna u radu sa realnim algoritmima
predvidanja, pri cemu se neke od predlozenih metoda mogu decidno testirati radi utvrdivanja prakticne primenljivosti.

Kljucne reci: kratkorocno predvidanje potrosnje elektricne energije, vremenske serije potosnje, elektroenergetska industrija,
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uticaj temperature na potrosnju, visestruka linearna regresija.

INTRODUCTION

Short-term load forecasting (STLF) presents an important
functionality for an electric power system. It is defined as pre-
dicting the load shape for a given set of consumers in some fu-
ture period. The usual horizon of forecasting is next 24 hours, or
the next day, observed from the moment it is generated. Fore-
casts are sometimes generated for up to seven days ahead, de-
pending on the specific needs of the system operator. Many im-
portant decisions are based on STLF, such as: unit commitment,
generator scheduling, maintenance plans and economic dispatch.
The task of STLF is difficult to achieve due to nonlinearity of
the load series, its dependence on many different factors (envi-
ronmental, social and economic), and their random-like beha-
vior. The trend of applying new methodologies in order to tackle
the challenges of power systems regarding STLF resulted in the
development of numerous forecasting models. The models can
roughly be categorized into groups: the classical methods (Chris-
tiaanse, 1971, Papalexopoulos and Hesterberg, 1989; Meslier,
1978; Irisarri, et al., 1982; Shahidehpour, et al., 2002; Amjady,
2001), the artificial intelligence methods (Hippert, et al., 2001,
Srinivasan, et al., 1995; Bakirtzis, et al., 1995) and more recent-
ly hybrid methods (Song, et al., 2006, Fan, and Chen, 2006, Ilic,
et al., 2012; Amjady and Keynia, 2009, Peng, et al., 1990; Am-
jady, et al., 2010). However, a large number of models proposed

in the literature is hardly reproducible in real-life situations, and
lacks the proper concreteness in order to be applied to a real sys-
tem. This is mainly due to the fact that STLF models have main-
ly been developed to suit the specific needs of the load process
they are being applied to. Benchmarking has been a known issue
in STLF, although this category has not deserved as much atten-
tion as is deserves. Because of this tendency, the field of STLF
in general lacks the well-established methodology to produce
benchmarking models for comparative assessment (7ao, et al.,
2011). This paper analyses a naive model that has been proposed
in literature (Tao, et al., 2011), for the purposes of benchmark-
ing. It is applied to a set of load series data representing a US
electric facility. The differences in behaviour between the origi-
nal data set proposed in (Tao, et al., 2011), the one proposed in
this paper are analysed, and modifications of the model are pro-
posed to better suit the specific needs in this case.

MATERIAL AND METHOD
General MLR models for STLF

The general linear regression model with normal error terms
can be defined as:

L=a,+aX,+a,X,+..+a,, X, +e (1)
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wherea, ...a,_; are model parameters, X;,;..X;,_; are the
known constants, e; is the independent, normally distributed
random variable N (0, 2). Then the response function is:

E[Y] = ap + a1 X; + a X, + -+ ap_1 X4 2)
whereX; ... X,,_jrepresentp — 1 predictor variables. The defini-
tion (1) thus implies that the observations L; are independent
normal variables, with mean E[L;] as given by (2) and constant
variance 2.

Quantitative and qualitative prediction va-
riables

Prediction variables that constitute the prediction function
are often quantitative. For example, if we model the consump-
tion in some area as a linear function of the numberconsumers in
that area, the load time series will show the increasing pattern, if
the number of consumers increases. The consumers count in this
case can be regarded as a quantitative variable.

The definition of (1) does not strictly imply the use of va-
riables that are quantitative. The use of qualitative variables,
sometimes-called class, or dummy variables is also possible.
These represent such information as the type of the day, which is
weekday or weekend, and can be included in the model. Indica-
tors with values 0 or 1 are used to identify the classes of a quan-
titative variable. For example, if the load (L) prediction is carried
out based on the information about the type of the day for which
the prediction is being done (i.e. whether it falls on weekend or
on a workday), we define a qualitative prediction variable X; in
the following way:

X, = 1, if the day is a weekday
{X1 = 0, if the day is a weekend G
The predicting function is then defined as:
E[L] = ap + a1 X; 4)

In case of a weekday, where X; = 1, the equation (4) becomes:
E[L] = ap + a; (%)

In case of a weekend, where X; = 0, the equation (4) becomes:
E[L] = ay+ a4 ©6)

Polynomial regression

Polynomial regression models contain polynomials of the
predictor variables, which make the response function curvili-
near. For example, if one of the variables used to predict the load
(L) is temperature (T;), and the order of the polynomial is three
(Meslier, 1978), the prediction model can be written as follows:
Li=ag+aT; + a,TE + asTE + ¢; (7

Although the equation (7) has nonlinear members, it is in fact the
special case of (1), because the prediction variables T;, T# and
T2 are independent, which we can present as X;q,X;,, and X3,
while the model proposed in (7) becomes:

Ly = ao + a1 Xy + axXip + a3Xi3 @

Dataset used for modeling load demand
process

The models that are proposed in this paper require two sets
of data for their construction. In first case, we design the model
to take into account only the temperature variables, while in the
second one, the sole information that makes up the model is the
one about the past behavior of the load process at system level.
Most electric utilities have access to these two sets of data; some
even have their own meteorological facilities, while others have
to use weather services.

RESULTS AND DISCUSSION

Analysis of temperature influences

Temperature influence was tested independently from any
other variable. Temperature variables that constitute the predic-
tion model were chosen based on their correlation to the load
series. Time scope that was included for the possible choice of
temperature variables was three days. This choice was based
upon trial and error, and on common sense, having in mind the
heat capacity of the environment. The following choice of tem-
perature variables was made in order to form purely temperature
model:

o Ty4(h)
o Ty,(h)
o Ti(h)
® sz—z (h)

from which we can construct a model:
Ly(h) = ayTy_1(h) + a;Ty_,(h) + asTF_; (h) + a,Ti_,(h) (9)

The proposed model was tested with recorded temperature
measurements, for the period from January 1, 2009 to March 7,
2009. The training period was from January 1, 2009 to February
28, 2009, while the testing period was from February 28, 2009 to
March 7, 2009. The model yielded results which are shown in
Figure 1.
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Fig. 1. Prediction based on purely temperature model

Analysis of load curve shape influences

The influence of the past behavior of load time series on pre-
diction accuracy was tested isolated from other variables. Load
variables that would enter the model were chosen based on the
correlation analysis to the prediction signal. At the time the fore-
casting is executed, only the previously recorded data are availa-
ble. Thus the following variables were chosen to construct the
prediction model:

e Laa(M)
o Lys(h)
o Ly ,(h)

giving the following model:
Lg(h) = ayLg_1(h) + ayLq_s(h) + asLy_; (10)

The proposed model was tested with recorded load mea-
surements, for the period from January 1, 2009 to March 7,
2009. The training period was from January 1, 2009 to February
28, 2009, while the testing period was from February 28, 2009 to
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March 7, 2009. The model yielded results which are shown in
Figure 2.
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Fig. 2. Prediction based on purely load model

Combined model

The combined model is formed by integrating two previous
models, that used isolated influence of temperature and load va-
riables. The model can be defined as:

Ly(h) = arLg_1(h) + azLq_s(h) + aslq 7 + ayTy 1 (h) +
ot asTy_ o (h) + agTE_; (h) + a;Ti_,(h) (11
with the total of seven parameters. The final results are

shown in Figure 3, the training and testing periods being the
same as in previous two cases.
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Fig. 3. Prediction based on combined load and temperature

model

CONCLUSION

Producing benchmark tests in the field of STLF presents one
of the challenges, mostly because the performance of different
models varies greatly in dependence of the particular process
being observed. One model may perform with exceptional preci-
sion on one class of electrical consumer, while it may complete-
ly fail on another one. In this paper we have investigated the
benchmark test proposed in [ HYPERLINK \l "Honl1" 16 ].
Base on the models performance, which was not satisfying for
our problem class, we designed our own benchmark test, based
on correlation analysis. The model was obtained by separate
consideration of temperature and load variables, which were
then combined into a single model. The performance of the

model proposed in this paper is satisfying for the purposes of
comparison. This paper can provide useful insight into ben-
chmarking process in the field of STLF.It can thus serve as a
standing point to researchers and practitioners who are designing
sophisticated models, to suite particular purposes. The presented
model is fully reproducible by following the documented proce-
dure.
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