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Abstract

The objective of this study is to describe a parsimonious forecasting model for the hourly electricity load in the
area covered by an electric utility located in the Midwest of the United States that performs well in out-of-sample
forecast evaluation. This study proposes using an autoregressive moving average model with exogenous weather
variables (ARMAX) to forecast short-term electricity load using hourly load data from Commonwealth Edison
Company (ComEd). The proposed model treats each hour’s load separately as an individual daily time series.
This approach avoids modeling the complicated intraday pattern (load profile) displayed by the load, which
varies through the week as well as through the seasons. To date, no published study to our knowledge has taken
an ARMAX modeling approach to forecast short-term electricity load in ComEd’s territory. The importance of
accurate short-term forecasting is greatest for utilities operating in a restructured environment, such as ComEd
in lllinois.
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I. INTRODUCTION

Electricity load forecasting has been an important risk management and planning tool for electric
utilities ever since the conception of forecasting. Load forecasting is necessary for economic generation
of power. Load serving entities use load forecasts for system security, to schedule generator
maintenance, to make long-term investments in generation, and to plan the most cost-effective merit
order dispatch. Over the last decade, as electricity markets have deregulated, the importance of load
forecast accuracy has become even more evident. Without an optimal load forecast, utilities are subject
to the risk of over- or under- purchasing in the day-ahead market. While an entity can buy or sell power
in the real time market to correct for forecast inaccuracy, it comes at the expense of higher real time
prices. A one percent reduction in the average load forecast error has the possibility of saving hundreds
of millions of dollars for a utility. Thus, the financial costs of forecast errors are so high that much
research is focused on reducing the error even by a fraction of a percentage point (Weron and Misiorek
2004). Today, load forecasting has become an integral part of planning for more than just utilities;
regional transmission organizations (RTO), energy suppliers, financial institutions, and participants in
the generation, transmission, and distribution of electricity have a vested interest in load forecast
accuracy.

As the value of accurate load forecasting has grown throughout the years, the literature has expanded
to consider a wide array of empirical and analytical tools including, adaptive forecasting techniques
(Gupta 1985), neural network models (Hippert et al. 2001), various types of Box-Jenkins time-series
approaches (Box and Jenkins 1970), Seasonal Integrated Autoregressive Moving Average models
(SARIMA) (Soares and Souza 2006), Two-Level Seasonal Autoregressive models (TLSAR) (Soares and
Medeiros 2005, 2008), Autoregressive Fractional Integration Moving Average models (ARFIMA)

(Soares and Souza 2006), Dummy-Adjusted Seasonal Integrated Autoregressive Moving Average



models (DASARIMA) (Soares and Medeiros 2005, 2008), Smooth Transition Periodic Autoregressive
models (STPAR) (Amaral et al. 2008), cointegration analysis (Chen 1997), and many other techniques®.
Generally speaking, electricity load forecasts can be classified in terms of the duration of the planning
horizon: short-term load forecasting (STLF) (one hour to one week), medium-term load forecasting
(MTLF) (one week to one year) and long-term load forecasting (LTLF) (longer than a year) (Feinberg
and Genethliou 2005).

The objective of this study is to describe a parsimonious forecasting model for the hourly electricity
load in the area covered by an electric utility located in the Midwest of the United States that performs
well in out-of-sample forecast evaluation. This study proposes using an autoregressive moving average
model with exogenous weather variables (ARMAX) to forecast short-term electricity load (24-hours
ahead) using hourly load data from Commonwealth Edison Company (ComEd)>2. The proposed model
treats each hour’s load separately as an individual daily time series. This approach avoids modeling the
complicated intraday pattern (load profile) displayed by the load, which varies through the week as well
as through the seasons. To date, no published study to our knowledge has taken an ARMAX modeling
approach to forecast short-term electricity load in ComEd’s territory. Our findings indicate that a multi-
equation regression approach to forecasting short-term electricity load performs best when weekdays are
modeled separately and when a separate model is fitted for the night- versus the day-time hours®.

The importance of accurate short-term forecasting is greatest for utilities operating in a restructured

environment, such as ComEd in lllinois (Wang 2004). Illinois’ own restructuring experience has made

! See Bunn and Farmer (1985b), Alfares and Nazeeruddin (2002), and Weron (2006) for a good review of load-forecasting
methods.

2 ComeEd is a utility that provides service to approximately 3.8 million customers across Northern Illinois, or 70 percent of
the state’s population. ComEd’s service territory borders Iroquois County, Illinois to the south (roughly Interstate 80), the
Wisconsin border to the north, the lowa border to the west and the Indiana border to the east.

¥ Although we do not investigate the following in this study, we believe that performance is likely to be enhanced if a model
is fitted for each of the twenty-four hours separately, rather than only two hours (one night and one day) and applied to the
rest of the hours as is done in this study.



load forecasting a critical component of power procurement®. In 2007, the state of lllinois passed the
Illinois Power Agency Act, which created the Illinois Power Agency (IPA), among other things. The
IPA procures electricity on the behalf of ComEd and relies on load forecasts provided by the utility to
devise its procurement plan.

The organization of the paper is as follows. The next section reviews the electricity load forecasting
literature. Section Il explains the theoretical model. Section 1V describes the data used in this study.
Section V discusses the econometric method utilized to fit the load demand as well as the forecasting

results. Section V1 offers some concluding remarks.

I1. LITERATURE REVIEW

The literature on load forecasting extends as far back as the mid-1960s (Heinemann et al. 1966; Hahn
et al. 2009). While Kalman filter and state space methods dominated the literature early on, artificial and
computational intelligence methods and econometric techniques have largely dominated literature that is
more recent. The choice of the appropriate technique for load forecasting depends largely upon the
forecast horizon. Short-term load forecasts (STLF), which forecast one hour to one week ahead, have
become one of the most important load forecasts performed by utilities (Hahn et al. 2009; Feinberg and
Genethliou 2005). Medium-term load forecasts (MTLF) typically range from one week to one year
ahead; whereas, forecasts that aim to predict load beyond one year are considered long-term load
forecasts (LTLF). While long- and medium-term forecasts are useful for guiding planning and
operational decisions, they have little practical use estimating day-to-day load flows, which are vital to
utility short-term planning. Forecasting peak electricity loads has also been a topic among much of the

load forecasting literature (e.g., Engle et al. 1992). Interestingly, cointegration analysis has been used to

* With respect to procurement, long-term load forecasting (LTLF) is of interest.



forecast long-term peak electricity load (Chen 1997). Recall the stated objective of this paper is to
forecast short-term electricity load; accordingly, only those models and studies that perform short-term
forecasts are considered. Within the short-term load forecasting literature, a number of models varying
in the complexity of functional form and estimation techniques have been developed. Some of the most
successful modeling techniques have utilized either classical time-series regression analysis (i.e.,

econometric techniques) or artificial and computational intelligence methods.

A.  CLASSICAL APPROACH (TIME SERIES AND REGRESSION)

Time-series techniques have been extensively used in load forecasting for decades and are among the
oldest methods applied in forecasting (Hahn et al. 2009; Bunn and Farmer 1985a, 1985b; Weron 2006;
Kyriakides and Polycarpou 2007). Two overarching classes of time-series regression models have
emerged to address the time-scale issues in different ways. Amaral et al. (2008) contend the two broad
classes of conceptual models include: (1) single-equation models and (2) multi-equation (vector)
models. This distinction between single-equation models and multi-equation (vector) models is
important because we utilize the multi-equation approach in our estimation. The articles that utilize the
multi-equation conceptual approach include Fiebig, Bartels, and Aigner (1991); Peirson and Henley
(1994); Ramanathan et al. (1997); Cottet and Smith (2003); Soares and Medeiros (2005, 2008); and
Soares and Souza (2006). Comparatively speaking, the single-equation approach has been relatively
dominant in the literature; however, recent load forecasting efforts have largely gravitated toward the
multi-equation approach. The multi-equation model described by Ramanathan et al. (1997) was actually
the winner of an electricity load-forecasting competition, so we find the lack of multi-equation approach

load-forecasting literature quite surprising®.

® To the best of our knowledge, only three multi-equation load-forecasting articles have been published since the Ramanathan



Irrespective of which approach is adopted, single equation or multi-equation, when constructing a
time-series model there are four components that must be taken into consideration: trend, cyclicality,
seasonality, and a random white noise error. Consequently, the time-series literature can be envisioned
in terms of how it has addressed each time-series component. In general, accounting for both cyclicality
and seasonality has been extensively covered in the literature whereas trend, while addressed, is

typically not the focus of the analysis.

1. Modeling Trend

Within the literature, load data has occasionally been found nonstationary. Some, Darbellay and
Slama (2000) for example, first difference the data to account for nonstationarity. Other studies,
however, find that fitting a deterministic trend is more appropriate. Soares and Medeiros are highly
critical of authors’ tendency to first difference without first testing for a unit root or even considering a
linear trend (2008). Soares and Medeiros (2008) point out that when the trend is in fact deterministic,
taking the first difference will introduce a non-invertible moving average component, which in turn, will
cause serious estimation problems. Upon examining hourly load data for Rio de Janeiro, Soares and
Medeiros (2008) find that the data display a positive linear trend. Using the Phillips-Perron unit root test,
the authors find that inclusion of a linear trend is necessary to make the data stationary for all hourly
series considered (Soares and Medeiros 2008). Similarly, Ramanathan et al. (1997) fit both a linear trend
and the reciprocal of that for their multi-equation estimation of hourly load for the Puget Sound Power

and Light Company for the period 1989 to 1990°.

Alternatively, there are studies that find the load series to be stationary. Taylor et al. (2006) look at

twenty weeks of hourly data and they find no evidence of a unit root, and thus no justification for first

et al. (1997) article was issued. However, we do not know whether utilities have adopted the winning multi-equation
forecasting approach.

® The model described by Ramanathan, Engle, Granger, Vahid-Arahi, and Brace (1997) was the winner of a load forecast
competition.



differencing. Accordingly, it would appear that the existence of a trend may largely depend on both the

length of the time period examined as well as location-specific factors’.

2. Modeling Cyclicality

Autoregressive moving average models have been extensively applied in the load forecasting
literature (Weron 2006; Taylor et al. 2006; Kyriakides and Polycarpou 2007; Feinberg and Genethliou
2005; Pappas et al. 2008). Of those studies that perform short-term load forecasting, the most popular
time-series techniques that have been adopted are some formulation of Autoregressive Moving Average
(ARMA) or Autoregressive Moving Average with exogenous variables (ARMAX) models (Feinberg
and Genethliou 2005). When choosing between applying a univariate (ARMA) or multivariate
(ARMAX) time-series model, the time horizon and data availability give some indication as to which
technique is feasible. Weron (2006) notes that while moving average (MA) models are not particularly
useful (besides their filtering properties) in forecasting electricity load, the combination of the moving
average process with an autoregressive model (an ARMA process) provides a very powerful load-
forecasting tool. Taylor et al. (2006) and Hahn et al. (2009) assert that univariate models are typically
used for very short-term load forecasts, while Hahn et al. (2009) emphasize multivariate methods are

typically applied to all time horizons.

a. ARMA Models

Amjady (2001) uses an ARIMA model to forecast load for four different types of days®, which
simultaneously accounts for intraday seasonality. In total Amjady (2001) estimates 16 ARIMA models,
one for each type of day, and a hot- and cold-days model within each day-type model. Using data from
the Iranian national grid and an in-sample forecast period from 1996 to 1997, Amjady (2001) finds the

Mean Absolute Percentage Errors (MAPES) to range from 1.48% (Sunday to Wednesday, hot) to 1.99%

" High industrial sector growth over a period in a specific location may impact the stationarity of a load series.
® Saturday, Sunday to Wednesday, Thursday and Friday, and holidays.



(public holidays, cold). Pappas et al. (2008) use daily load data as opposed to hourly loads from the
Hellenic power market and after accounting for seasonality, they find that an ARMA(2,6) model
successfully fits the data.

Soares and Medeiros (2008) and Soares and Souza (2006) utilize the multi-equation approach and
apply univariate ARMA models to forecast electricity load in Rio de Janeiro. Soares and Souza (2006)
propose a stochastic model that employs generalized long memory (by means of Gegenbauer processes)
to model the seasonal behavior of load, while Soares and Medeiros (2008) propose a Two-Level
Seasonal Autoregressive (TLSAR) model. As pointed out by Soares and Souza (2006), forecasting
errors are generally quite high during the summer due to the influx of air conditioning; thus, including
temperature or other exogenous variables would help resolve this issue. Poor data availability is the
primary reason cited as to why temperature is excluded from the model; where temperature data are

available, both studies advocate its inclusion (Soares and Medeiros 2008; Soares and Souza 2006).

b. ARMAX Models

It would appear that while univariate ARMA models are sufficient for short-term load forecasting,
the literature agrees that including exogenous variables like temperature can potentially improve
forecasting performance (Soares and Medeiros 2008; Soares and Souza 2006; Ramanathan et al. 1997,
Taylor et al. 2006; Darbellay and Slama 2000; Carpinteiro et al. 2004). Darbellay and Slama (2000) do
both univariate modeling using an ARIMA model and multivariate modeling using an ARMAX model
that incorporates temperature data. Using hourly load data from the Czech Republic, Darbellay and

Slama (2000) find the ARMAX model to be superior.

(i) Weather Variables

Variations in weather are largely regarded as important factors in modeling electricity demand

(Feinberg and Genethliou 2005). Of the exogenous variables considered in ARMAX models, weather
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related variables (e.g., temperature) have by far been the most popular and at times, the most complex to
account for (Ramanathan et al. 1997).

The nonlinear relationship between load and temperature is well documented in the literature and is
accounted for in various ways (Ramanathan et al. 1997; Hor et al. 2005; Darbellay and Slama 2000;
Cottet and Smith 2003; Kyriakides and Polycarpou 2007). Hor et al. (2005) propose including heating
degree-days (HDD) and cooling degree-days (CDD) as a method to cope with the nonlinear relationship
between load and temperature. Alternatively, Ramanathan et al. (1997) simply add the square of
temperature to account for the nonlinear relationship between temperature and load. Bruhns et al. (2005)
decompose the load model into a weather dependent and a weather independent part wherein the
nonlinearity is addressed by differentiating between a heating part (temperature rises above a threshold)
and cooling part (temperature falls below a threshold) of the weather sensitive load. Cottet and Smith
(2003) note temperature seems to be the most important meteorological factor in most locations and that
the relationship between load and temperature is approximately “V”’-shaped and is known to vary
depending on the time of day. In some locations, humidity is thought to have a relationship with
electricity load. Cottet and Smith (2003) resolve the nonlinearity issue by interacting temperature and
humidity. Peirson and Henley (1994) consider the dynamic specification of the relationship between
load and temperature and find it to be quite important; in fact, they report that a static specification can
suffer badly from serial correlation beyond the first order, which will yield biased and inefficient
estimates of regression coefficients.

What can be taken away from the literature that considers the effect of temperature on load is that
there tends to be agreement that load and temperature have a nonlinear relationship and that this
nonlinearity must, in some way, be addressed in the model. While there is generally a consensus that

accounting for temperature and other weather components will improve forecasting performance, data
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availability may preclude the inclusion of such variables. Moreover, Fidalgo and Matos (2007) declare
that including weather variables in the model for load really depends on the region being studied and its

climatic conditions.

3. Modeling Seasonality

Among those studies that have modeled electricity load using ARMA and ARMAX models, there has
been a consensus that load data suffers from multiple seasonality. According to Hahn et al. (2009), time-
series load data contain three seasonal patterns: intraday (daily), weekly, and annual. The intraday
seasonal pattern reflects a peak (hours of high demand) and off-peak (hours of low demand) load
pattern. The weekly pattern reflects the variation in load on weekdays versus weekends where load from
the industrial sector is dramatically reduced. The specific weekday pattern can vary among regions and
seasons (Hippert et al. 2001). Moreover, load can vary depending on the presence of a holiday or other
exceptional event; several approaches exclude such exceptional cases by replacing load values on those
days (Hippert et al. 2005; Taylor and McSharry, forthcoming).

Many techniques have been adopted to address the complexity of seasonality in the load forecasting
literature. Deterministic weekly seasonality can be accounted for through the inclusion of day-of-the-
week dummy variables (Gupta 1985). Soares and Medeiros (2008) include a dummy variable for each
day of the week in addition to holiday dummies; in total 15 different binary variables are included to
account for weekly and holiday seasonality. Similarly Cottet and Smith (2003) include 13 dummy
variables; one for each day of the week and six to account for public holidays. Rather than include
multiple dummy variables to account for holidays, Hippert et al. (2005) replace the atypical loads
experienced on any holiday, by the load observed on that specific day of the week from the previous
week. Cottet and Smith (2003) find that the estimates of the dummy variable coefficients were similar

for workdays Monday through Friday with a slightly lower load on Friday afternoon and Monday
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morning. Moreover, Cottet and Smith find that holiday loads can vary, depending on the holiday, but
generally resemble the load profile seen on Sundays.

Alternatively, other studies use seasonal differencing to account for stochastic seasonality (Taylor et
al. 2006; Darbellay and Slama 2003). Taylor et al. (2006), for example, include both a 24™ difference (to
account for intraday seasonality) and a 168™ difference (to model weekly seasonality). An alternative to
24" differencing, which accounts for intraday seasonality, is to model each individual hour separately
thus allowing the parameters to vary based on intraday effects.” It has been pointed out that this
approach may not be appropriate when the dataset being used is not sufficiently large (Hippert et al.
2001).

Annual and other types of seasonality have been addressed in the literature through the application of
a Fourier decomposition’® (Soares and Medeiros 2008; Cottet and Smith 2003; Schneider et al. 1985;
Weron 2006). Soares and Medeiros (2008), for example, model the annual cycle as a sum of sines and
cosines, like a Fourier decomposition technique where the number of trigonometric functions is
determined by the Schwarz Information Criterion (SIC) (Schwarz 1978). Similarly, Cottet and Smith
(2003) use the Fourier decomposition to account for annual seasonality. Besides Fourier decomposition,
annual seasonality can be addressed through inclusion of monthly dummies (Ramanathan et al. 1997). It
is worth noting that when a temperature variable is added to a model, the annual seasonality may go

away if temperature is largely responsible for the annual load fluctuations (Weron 2006).

B. ARTIFICIAL INTELLIGENCE-BASED METHODS

Avrtificial intelligence-based methods or Al-based (non-parametric) techniques as they are commonly

® See Fiebig et al. 1991; Peirson and Henley 1994: Ramanathan et al. 1997; Cottet and Smith 2003; Soares and Medeiros
2005, 2008; Soares and Souza 2006.

% In mathematics, a Fourier series decomposes a periodic function into a sum of simple oscillating functions, such as sines
and cosines.
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referred to, have been a widely studied and applied load forecasting technique. While they are beyond
the scope of this study, any literature review of load forecasting techniques would be incomplete without
an overview of Al-based techniques.

Al-based techniques are very flexible nonlinear methods and no prior modeling experience is
required for a decent load forecast. The algorithms utilized automatically classify the input data and
associate it with the respective output values (Weron 2006). Al-based methods are often coined as
“black-box”-type tools, though the empirical evidence from practical everyday use suggests they
perform reasonably well (Weron 2006). Some examples of Al-based techniques include artificial neural
networks (ANN), fuzzy logic, expert systems, and support vector machines (Weron 2006). The use of
artificial neural network models has been a “widely studied electric load forecasting technique since
1990” (Feinberg and Genethliou 2005, 278). ANN models have received the most attention and seem to
be the most popular of the Al-based techniques. Accordingly, we will limit our discussion of Al-based
methods to those of artificial neural networks.

Artificial neural network (ANN) models are flexible nonlinear models that can be used in the electric
utility industry for short-term forecasting. In practically applying a neural network technique to load
forecasting, one must decide upon the number of architectures (e.g., Boltzmann machine, Hopfield,
backpropagation), connectivity of layers, and bi-directional or uni-directional links among inputs and
outputs (Kyriakides and Polycarpou 2007). After designing the neural network model to be used for
time-series prediction, the next steps involve training the neural network, and then testing the trained
network, as a form of neural network validation (Kyriakides and Polycarpou 2007).

Neural network models are “well suited to the forecasting task when there are several explanatory
variables and when there are important nonlinearities and variable interactions” (McMenamin 1997, 22).

Neural network models are analogous to econometric techniques in many ways. A general neural
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network forecasting model can be written as follows: Y = F[H,(X), H,(X), ..., Hy(X)] + u where the
dependent variable (output) is Y, X is a set of explanatory variables (inputs), the F (output layer
activation function) and H’s (hidden layer activation functions) are neural network functions, and the u
is the error term for the model (McMenamin 1997), the terms in parentheses represent the neural
network language. The parameters of the model are termed “connection strengths or network weights.
Constant terms are called biases, and slopes are sometimes called tilts. The sample period data are called
the training set, and the estimation process is called training” model (McMenamin 1997, 18). The
training process is similar to that of typical regression estimation; the goal is to find the network weights
that minimize the model errors. A general linear regression model can be written as follows (in
econometric language, Y is the dependent variable, X is a vector of explanatory variables, f is a vector of
regression coefficients, and u is the model error term): Y = X + u. McMenamin (1997) describes this
regression model in neural network terms, “this is a single output feed forward system with no hidden
layer and with a linear activation function at the output layer” (17). McMenamin reasons that “in this
sense, the linear regression model is a severely limited special case of the neural network framework”
@av).
While ANN proponents may put down regression analysis, econometricians and forecasters often

view ANNSs as “black boxes” (Weron 2006; Hippert et al. 2005). Wang (2004) states it best,

Too much reliance on the automatic feature of the modeling software may cover up problems

when they arise. The more sophisticated the automatic modeling software is, the more the model

will work like a black box, and the more it will be out of the forecasters’ control. Forecasters
should always be in charge of their models, not the other way around. (15)

Hippert et al. (2005) investigate to what extent artificial neural network (ANN) models’ over
parameterization affects their performance in a practical forecasting sense. They examine this issue by
comparing the performance of conventional regression forecasting methods to large neural networks to

see which performs better in forecasting load profiles. They find that the ANN models perform at least
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as well as the conventional regression forecasting methods.

C. CONCLUSIONS FROM THE LITERATURE

As the load forecasting literature has evolved over the years, some approaches have proven to be
superior. More recently, the literature has gravitated toward time-series forecasting and neural network
modeling. The two main differences between a neural network model and a linear regression model are
that the regression model is linear in parameters and there are no hidden layer functions as there are in
neural network models (McMenamin 1997). While Al-based techniques have proven to be a useful tool,
it has been cited that training the model can take a great deal of time (Alfares and Nazeeruddin 2002).
Moreover, some remain skeptic as to the performance of ANN and whether they truly outperform
standard forecasting methods (Weron and Misiorek 2004). Two shortcomings of ANN that bring into
question the credibility of studies that utilize ANN include complaints that ANN techniques overfit the
data and that the models were not systematically tested. Alternatively, time-series techniques have been
widely recognized as a useful load-forecasting tool and have been met with relative success. Regression
methods are advantageous in that they are relatively easy to implement, easy to interpret, and allow for
relatively easy performance assessments (Hahn et al. 2009).

Darbellay and Slama (2000) directly compare the forecast accuracy of an ARMAX model and a
neural network model and find that the ARMAX model is superior. Due to the relative ease and superior
performance of regression analysis in the load forecasting literature, this study employs time-series

multi-equation regression techniques to forecast short-term electricity load.

III. THEORETICAL ANALYSIS

The literature comes to a consensus that temperature, past load, calendar events, and seasonal factors
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(intraday, weekly, and annually) have a significant impact on load in any given region. The driving
factors behind hourly, weekly, and annual variations in load within ComEd’s service territory resemble
those experienced elsewhere and largely reflect consumer lifestyle choices as well as industrial and
commercial business activity. According to Ramanathan et al. (1985), electricity usage in any given
hour is determined by variables related to both the day of the week and the time of the day. These
variables, in turn, reflect the household’s respective lifestyle choices and responses to the environment.
Lifestyle choices include the household’s work and leisure patterns while potential environmental
determinants include the temperature, humidity, cloud cover, and wind chill. While the aforementioned
variables reflect household decisions and responses to the environment that change quickly from hour-
to-hour and from day-to-day, another group of variables that can affect hourly load are those that change
slowly over time (e.g., family size, income, appliances). In the context of a short-run load forecast;
however, only short-run factors that can affect hourly load should be considered. According to
Ramanathan et al. (1997), “Slowly changing variables such as increases in population, industrial growth,
global warming, and so on are of little or no relevance in a model that is attempting to forecast from one
day to the next” (164).

In the STLF literature discussed in the preceding section, various functional forms have been applied
to address the seasonal, cyclical, and exogenous factors that can affect load. One increasingly popular
form that has been adopted by Fiebig et al. (1991), Peirson and Henley (1994), Ramanathan et al.
(1997), Cottet and Smith (2003), Soares and Medeiros (2005, 2008), and Soares and Souza (2006)
involves modeling each hour as a separate time-series equation. Such an approach can result in a better
fit of the data in addition to removing the complexity of modeling intraday seasonality. Some studies
that have adopted a multi-equation approach have applied the same model to all twenty-four-hours of

load data (Soares and Souza 2006). While this approach allows the parameters to vary based on intraday
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effects, it may not result in the most parsimonious model. This is due in part to the fact that load patterns
during certain hours can display both unique and complex dynamics. For the sake of this study, we
investigate whether fitting a single model for all twenty-four hourly series is a viable forecasting
approach for the dataset at hand; specifically, we consider if a single model approach results in white
noise residuals for all hours whilst satisfying the parsimony principle.

Any model of electricity load, irrespective of whether the data series is for the entire series or for a

smaller subset, will contain the following components:

Load; 4 = Deterministic,y + Temperaturey s + ARMA 4 + €4 1)

where h indicates the hour of the day and d indicates the daily observations and &, ;~WN (0, g2).
The deterministic component contains variables that are perfectly predictable. Dummy variables for

specific days of the week and federal holidays are all included in the model:

Deterministic,, = a + AHoliday + Z?zl BiDay;, (2)

Where Holiday indicates observed Federal holidays and Day indicates day-of-the-week dummy
variables.

For the purposes of modeling all twenty-four hours through a single model, one day of the week is
excluded and accounted for through the inclusion of a constant. Generally, the coefficients on the
weekday dummies are expected to be greater than a coefficient on a weekend dummy; however, the
magnitude and potentially the direction of the effect may vary depending on which day is excluded.

Finally, holidays must be taken into consideration; while these variables can be expected to have a
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pronounced effect on load during peak hours, their effect on load during evening hours may be
negligible. Regardless of the statistical significance, the coefficient on the holiday term is expected to be
negative, which would reflect the significant decrease in industrial activities on those days as compared
to a non-holiday.

The temperature component, which is sometimes neglected due in part to the elusiveness of data, is
one of the most significant drivers of load. The nonlinearity of temperature has been documented
extensively in the literature™. In addition to the square of temperature, lags of temperature and
interactions with summer months may also be relevant; a lagged temperature variable would reflect the
fact that consumption decisions today are influenced by temperature experiences yesterday. If the day
prior was particularly hot, for example, a consumer may increase their air conditioning usage in the
present ceteris paribus. Alternatively, interactions with summer months also help explain the complex
relationship between load and temperature. In particular, they account for the non-constant effect of
temperature across some months. Theory would suggest that all else constant, temperature has a greater
effect on load in summer months such that the sign on the interaction terms should be positive.
Temperature is expected to significantly influence load regardless of whether that load occurs during an
off-peak or peak hour.

The ARMA component represents the appropriate model of cyclicality for off-peak and peak hours.
The autoregressive (AR) component captures the fact that high load in hour i for any given day is a good
indication that load will be higher in hour i on the following day(s). In other words, the load is assumed
a linear combination of load from previous periods. The autoregressive component is more persistent
than the moving average component which captures whether a shock in hour i persists the following

day(s) in that hour. In other words, the autoregressive component is much better at modeling the

1 See Ramanathan et al. 1997; Hor et al. 2005; Darbellay and Slama 2000; Cottet and Smith 2003; Kyriakides and
Polycarpou 2007.
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dynamic behavior of load as compared to including only a moving average component in the model

(Weron 2006). The ARMA (p,q) representation can be specified for any given hour of load as follows:

ARMA =a+ 30 @;Loadyg ;+ Y] ,0;€na-; + &g (3)

While theory suggests that an ARMA model is appropriate, empirical testing is necessary to
determine the exact ARMA order. The final model, developed with a single model framework in mind*?,

is as follows:

Loadyy = a + AHoliday, + Y21 BiDay; 4 + 8;mpTMPp g + 8pmp2 TMP 4° + 814mpTMP g1 +
8ltmp2TMPh,d—12 + 6m6tmp]UN * TMPh,d + 8m7tmp]UL * TMPh,d + 8m8tmpAUG *

TMPhd+i=1ppiloadhd—i+i=1q8ichd—i+chd (@)

where all variables will be defined in the following data section.

IV. DAtA

We consider a dataset containing hourly loads from May 1, 2004 through September 30, 2009. The
data from the period from May 1, 2004 through April 30, 2008 are used for estimation purposes (in-
sample), and the data from the period May 1, 2008 through September 30, 2009 are left for out-of-
sample forecast evaluation. We believe an estimation window of four years to be adequate for

estimation®®. Load data is obtained from the “Historical Load Data” report from the PJM website** and it

12 A single model in the sense of applying it to all twenty-four hours (equations).
3 The four-year estimation window results in 1,461 observations for the full-week dataset, and 1,043 observations for the
dataset that excludes weekends. Exelon: Commonwealth Edison Company joined the PJM regional transmission organization
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summarizes the megawatt-hour net energy for load as consumed by the Commonwealth Edison
Company service territory. It represents the best quality level of metered load within the ComEd zone.
We analyze two separate datasets: one consisting of the entire dataset and the other consisting of data
from weekdays™ only™®. The datasets are then separated into twenty-four subsets®’, each containing the
load for a specific hour of the day. Thus, we estimate the load for the first hour of the day with one
equation and the load for the second hour of the day from a different equation, and so on for all twenty-
four hours of a day (Ramanathan et al. 1997). This approach avoids having to model the complicated
intraday patterns in hourly load (i.e., the load profile) and allows each hour to have a distinct weekly

pattern®®.

A. DEPENDENT VARIABLE — LOAD

Summary statistics for the load variable, measured in megawatt hours (MWh) are presented in table 1
for the full in-sample data series and table 2 for the weekday in-sample data series™®. As can be seen

from figure 1 and figure 2, the data series appear to be stationary and they display clear daily, weekly,

(RTO) May 1, 2004. Thus for convenience of acquiring data on our dependent variable from one source, we chose this date
as the starting point for our estimation period.

“ http://www.pjm.com/markets-and-operations/compliance/nerc-standards/historical-load-data.aspx

> For the weekday estimation we consider a dataset containing hourly loads from May 3, 2004 through September 30, 2009.
The data from the period from May 3, 2004 through April 30, 2008 are used for estimation purposes (in-sample), and the data
from the period May 1, 2008 through September 30, 2009 are left for out-of-sample forecast evaluation.

'*Ramanathan et al. (1997) estimate weekends and weekdays separately thus requiring 48 separate equations to forecast a full
day. Although we do not estimate weekends separately, we are interested in determining whether modeling business days
(Monday through Friday) separately alleviates any estimation problems associated with modeling the full-week. We will
discuss specifics in the empirical method section.

17 Actually 48 subsets if one considers the weekday and full-week data separately.

'8 Hippert et al. (2001) note that the difficulties associated in modeling the load profile are common to almost all of the load
forecasting papers they review.

9 Both series underwent corrections for daylight savings time. Spring’s daylight savings occurred on the following dates
within our entire sample: 4/3/2005, 4/2/2006, 3/11/2007, 3/9/2008, and 3/8/2009. During the spring’s daylight savings time,
an hour is lost. We replace the null value for the HLAM2AM with an average of the load from H12aM1AM AND H2AM3AM.
Fall’s daylight savings occurred on the following dates within our entire sample: 10/31/2004, 10/30/2005, 10/29/2006,
11/4/2007, and 11/2/2008. During the fall’s daylight savings time, an hour is gained. We choose the value associate with the
original H12AM1AM value and exclude the “gained” hour’s value. The reasoning behind this treatment is that electricity
consumers are likely to treat the original HL2AM1AM hour as they normally do, and the “gained” hour for extra sleeping time.
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and annual seasonality. We tested each series (hour) for unit roots using the augmented Dickey-Fuller
and Phillips-Perron unit root tests, and both tests indicated the load series are stationary in levels and
logs for both the weekday and full-week data (Dickey and Fuller 1979, 1981; Phillips and Perron 1988).
The daily seasonality is apparent when comparing the evening hours to the daytime hours. The annual
seasonality may largely be attributed to temperature. The peaks in the summer months occur during the
hottest time of the year when electric air conditioners are powered on. The smaller peaks in the winter
months can be attributed to the fact that only about one-tenth of Illinois households actually use
electricity as their primary energy source for home heating (EIA 2009). This annual seasonality is
apparent even after the exclusion of weekends, as is apparent from figure 2. The influence of holidays is
apparent by the sharp drops in demand during the daytime hours, which is most easily seen in the
weekday series in figure 2. Summary statistics regarding the variables we use to model these factors are
given in table 3 and are discussed later in this section.

For estimation purposes, we take the natural logarithm of the MW-hour net energy for load as
consumed by the Commonwealth Edison Company service territory?®. We chose to work with
logarithms of the load series because as Soares and Souza (2006) point out it allows the weekly
seasonality and the holiday effect to be modeled additively, whereas they are multiplicative in the
original series. Soares and Souza (2006) note that these “effects are believed to be multiplicative as

consumption tends to vary proportionally with the number of consumers” (23).

B. CALENDAR EFFECTS

The daily pattern or seasonality is removed by modeling each hour of the day separately (Fiebig et al.

1991; Peirson and Henley 1994; Ramanathan et al. 1997; Cottet and Smith 2003; Soares and Medeiros

2 Although the results are not given in this paper, we did experiment with applying the same models to the original series and
the results were essentially the same.
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2005, 2008; Soares and Souza 2006). We include seasonal dummies to model the weekly pattern and the
influence of holidays. We group several workdays together as one dummy variable, namely Tuesday,
Wednesday, and Thursday, because we feel it appropriate to model these as a single type of day and it
allows for a more parsimonious estimation. We model the other days-of-the-week as individual dummy
variables and exclude one in each estimation. For the weekday model, we include one holiday dummy
variable that reflects public holidays®* for Federal employees as established by Federal law (5 U.S.C.

6103) and published on the U.S. Office of Personnel Management website?.

C. WEATHER DATA

For modeling the weather component, we use data obtained from the National Climatic Data Center®
for the Chicago O’Hare International Airport>*. We obtained the average daily® temperature in degrees
Fahrenheit and the average daily wind speed in knots. A wind speed adjusted temperature (WWP)?® was
utilized in some of the estimated equations to better model the winter weather component of the load

series. The WWP is a measure of cold stress in winter and is widely used®” by electric utilities (PIM

21 public holidays include New Year's Day, Birthday of Martin Luther King, Jr., Washington's Birthday, Memorial Day,
Independence Day, Labor Day, Columbus Day, Veterans Day, Thanksgiving Day, and Christmas Day. Since most Federal
employees work on a Monday through Friday schedule, when a holiday falls on a nonworkday such as a Saturday or Sunday,
the holiday usually is observed on Monday (if the holiday falls on Sunday) or Friday (if the holiday falls on Saturday). The
actual day the holiday is “observed” (as opposed to the actual holiday) is included in the holiday dummy variable in our
weekday model.

22 http://www.opm.gov/Operating_Status_Schedules/fedhol/2009.asp

% http://www.ncdc.noaa.gov/oa/land.html The National Climatic Data Center (NCDC) is part of the National Oceanic and
Atmospheric Administration (NOAA) and the U.S. Department of Commerce.

2 Weather data for Chicago O’Hare International Airport were thought to be a good proxy for the weather in the ComEd
service territory because most of ComEd’s load stems from Chicago and its surrounding areas, plus the data were available
for the entire sample period.

% To our dismay, we had to use daily averages rather than the hourly series because the hourly data that NCDC provided was
inadequate for estimation purposes (e.g., random hourly observations missing).

% The average daily wind speed in knots was converted to miles per hour (mph) by multiplying the series by 1.15077945.
WWP=TEMP-(0.5*(WDSPmph-10)) if WDSPmph>10mph; WWP=TEMP if wind<10mph.

TEMP is the mean temperature for the day in degrees Fahrenheit to tenths.

WDSP is the mean wind speed for the day in knots to tenths.

WDSPmph=WDSP*1.15077945 converting knots to mph.

27 Also widely used is the Temperature-Humidity Index (THI), though we were not able to find quality controlled humidity
level data.
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Resource Adequacy Planning 2009; Feinberg and Genethliou 2005; Weron 2006).

We investigate the relationship between load and temperature by examining scatter plots of the two
series. The scatter plots of temperature and load at various hours indicate that indeed the relationship is
nonlinear, which is consistent with the vast majority of the load forecasting literature (Ramanathan et al.
1997; Hor et al. 2005; Darbellay and Slama 2000; Cottet and Smith 2003; Kyriakides and Polycarpou
2007). In fact, the relationship varies depending on the time of day, which further supports the multi-
equation specification used as the estimation procedure, which allows the temperature coefficient to vary
depending on the hour of the day (and we allow for the month of the year in some cases). It appears
there is a possibility of structural instability in the relationship for the full-week series. Examining the
scatter plots of load versus temperature for the full-week series (figure 3a and figure 3c) and the
weekday series (figure 3b and figure 3d), this instability seems to vanish once the weekends are

removed.

V. ECONOMETRIC METHOD AND FORECASTING RESULTS

Some studies that have employed a multi-equation approach have applied the same model to all
twenty-four hours of load data (Soares and Souza, 2006). We test whether such a specification falls short
in terms of producing the optimal and most parsimonious model for all hours considered. The antithesis
would be to create a unique model each hour; however, such an approach is somewhat cumbersome
since many hours during the day and throughout portions of the week reflect the same patterns. For the
sake of this study, we begin our investigation by exploring whether fitting a single model for all twenty-
four hourly series is a viable forecasting approach for the dataset at hand. Accordingly, a parsimonious
model is developed and fit to the entire series (i.e., all twenty-four equations). Then, after analyzing the

residuals and the out-of-sample forecasting performance, the full-week data is disaggregated and
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modeled in a way that results in the most parsimonious forecasting model that not only has superior out-

of-sample forecasting performance, but also is easily constructed and applied.

A.  FULL-WEEK
1. Specification and Estimation Method

In choosing the best model, an analysis of the autocorrelation function (ACF), the partial
autocorrelation function (PACF), the Schwarz Information Criterion (SIC) and the Akaike Information
Criterion (AIC) for the 3AM4AM model was taken into account (Schwarz 1978; Akaike 1974, 1987;
Diebold 2007; Makridakis 1998). This hour in particular was chosen to construct the full-week model
due to its comparatively simple dynamics. We modeled the weekly seasonality first by including dummy
variables for Monday, Friday, Sunday, and grouped Tuesday, Wednesday, and Thursday together®®. The
temperature component is the most complicated part of the model since temperature variables are very
important in modeling short-run fluctuations in electricity consumption, thus we allow for a rich
specification of the component (Ramanathan et al. 1997). We are able to estimate the model with the
actual temperature, although in reality a forecaster would insert the forecasted temperature that the
weather service provides. The current temperature as well as its lag (e.g., temperature from the day
before) are included as well as their squares (i.e., allowing a nonlinear quadratic relationship). The
temperature effect is not constant across months, thus for the summer months (i.e., June, July, and

August) we include interaction terms between the monthly dummy variable and temperature®. Finally,

% Cottet and Smith (2003) find that the estimates of the dummy variable coefficients were similar for workdays Monday
through Friday with a slightly lower load on Friday afternoon and Monday morning, “reflecting spillover from the weekends
in NSW [New South Wales] working patterns. Loads on Saturday are higher than those on Sunday up until around 17:00,
which reflects retail trading during Saturday. Loads on the public holidays vary depending on the holiday type, although they
follow a profile similar to that of Sunday” (843).

2 As noted previously we were unable to obtain a measure of humidity for the area, which would likely have proved useful in
modeling the temperature effect in the summer. Other papers have included interaction terms between some months and
temperature as well (Ramanathan et al. 1997). Cottet and Smith (2003) find that “for mid-summer, the seasonal effect on load
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we determine the appropriate lag length for the autoregressive moving average (ARMA) terms by
analyzing the ACF and the PACF of the residuals after taking the daily and weekly patterns as well as
the weather component into account. We determine an ARMA(2,1) model to be most appropriate for the
3am4AM model after examination of the SIC and the AIC (Schwarz 1978; Akaike 1974, 1987). The full-
week model used for the estimation of each hour is presented below. We omit subscripts for the hours
because the specification is the same. Let the hourly load for day t be represented by Load; and let

Y=In(Loady).

SItmpzTMPt_lz + 6metmp/ UN * TMP; + 8,,7¢mpJ UL * TMP; + 81y8mpAUG « TMP, +

Par1Yi-1+ Par2Yi—2 + Opa1&-1 + & (%)

The estimated parameters and the corresponding adjusted R? for each hour of the day are illustrated
in table 4°°. The vast majority of estimated coefficients are significant at the one percent level. The table
also shows the p-value of the Ljung-Box®" test for no error serial autocorrelation of order five and six
(Ljung and Box 1978). The Q-statistic is often used as a test of whether the series is white noise®.

However it should be noted that Dezhbakhsh (1990)* finds the application of the Ljung-Box test to be

is highest during the period 10:30-17:00, probably due to preprogrammed office air-conditioning” (844).

% Ppossible heteroskedasticity is taken into account in statistical inference using the Newey-West correction for
heteroskedasticity and autocorrelation (Newey and West 1994). Though the standard errors are not listed in this table in order
to conserve space, these can be provided for the interested reader by emailing the authors.

*! The Ljung-Box Q-statistic at lag k is a test statistic for the null hypothesis that there is no autocorrelation up to order k

2

(EViews 2008; Ljung and Box 1978). Q5 = T(T + 2) Zj-‘:1TT—_"] where 1 is the j-th autocorrelation and T is the number of

observations (EViews 2008).

%2 Choosing the order of lag to use for the test is a practical problem. By choosing too small a lag, the test may not detect
serial correlation at higher-order lags. By choosing too large a lag, the test may have low power since the significant
correlation at one lag may be diluted by insignificant correlations at other lags (EViews 2008). Thus, we decide to report the
p-values of the Q-statistics for two different lag lengths, 5 and 6 for the full-week model.

%% Dezhbakhsh (1990) evaluates the performance of several tests using Monte Carlo experiments. Dezhbakhsh reports that
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inadequate when applied to linear models with lagged dependent variables and exogenous regressors
(e.g., ARMAX models) (EViews 2008; Ljung and Box 1978). However, since these statistics are still
reported in most of the recent load forecasting literature, we report them with the estimation results
(Soares and Souza 2006; Soares and Medeiros 2005; 2008). Using the Ljung-Box test, there appears to
be remaining autocorrelation for several hours during the day, namely hours 11 through 23. Increasing
the lag order of both the autoregressive and moving average terms does not attenuate the problem*, thus
indicating the possibility of misspecification in the full-week model. Nevertheless, we still report the

out-of-sample forecasting results for the full-week model in the next section.

2. Forecasting Results

Table 5 reports the one-step ahead out-of-sample forecasting results for each hour for the May 1,
2008 through September 30, 2009 period using the model described in the previous section and the
parameter estimates reported in table 4 (i.e., the model is not re-estimated during the out-of-sample
period). Although the most popular measure of forecasting accuracy in the load forecasting literature is
the mean absolute percentage error (MAPE) (Soares and Souza 2006; Darbellay and Slama 2000), we

report the MAPE® as well as the root mean squared error®® (RMSE) and the mean absolute error®’

“the results warn against using the popular DW [Durbin-Watson statistics] and Q tests and provide support for using Durbin’s
h and, in particular m tests” (1990, 127). Unfortunately, Durbin’s m-test was not easily accessible, so we use the Ljung-Box
Q-statistic as is still widely used in the literature (EViews 2008; Ljung and Box 1978; Soares and Souza 2006; Soares and
Medeiros 2005; 2008).

% Besides changing the ARMA specification, it was investigated whether the inclusion of a holiday dummy variable (the
holiday dummy was originally excluded because we modeled the hour 3amM4AM and the holiday dummy did not seem to have
an impact during this period), removal of insignificant temperature variables, as well as various other changes would generate
white noise residuals; however, none seemed to solve the problem. These facts point to the possible misspecification of the

full-week model.
% Mean Absolute Percentage Error (MAPE) = 100 X7T4E, . % /h where vy, is the actual value in period t and J; is the

forecasted value in period t, and the forecast sample is j=7+1, T+2, ..., T+h (EViews 2008).

Y=Vt
t

% Root Mean Squared Error (RMSE) = \/ T+h (9 — ¥.)? /h where y, is the actual value in period t and 9, is the forecasted

value in period t, and the forecast sample is j=T+1, T+2, ..., T+h (EViews 2008).
%" Mean Absolute Error (MAE) = XT*1 |9, — y.|/h where y; is the actual value in period t and $, is the forecasted value in
period t, and the forecast sample is j=7+1, T+2, ..., T+h (EViews 2008).
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(MAE). Note that the RMSE and the MAE depend on the scale of the dependent variable®®. All three
statistics agree that the forecasting model performs the best for hour 4 (3AmM4AM) and the worst for hour
17 (5pm6PM). Given that hourly loads on the weekend display a much different pattern than during the
weekdays, removing weekends from the dataset may affect which hours have the best and worst
forecasting performance. Specifically, it is of interest to see whether the best and the worst forecasting

performance occur during the same hours™.

B.  WEEKDAYS
1. Specification and Estimation Method

In choosing the best model for the weekday dataset, an analysis of the autocorrelation function
(ACF), the partial autocorrelation function (PACF), the Schwarz Information Criterion (SIC) and the
Akaike Information Criterion (AIC) for the 5PM6PM model*® was taken into account (Schwarz 1978;
Akaike 1974; Diebold 2007; Makridakis 1998). We modeled the weekly seasonality first by including a
dummy variable for Monday as well as the Tuesday, Wednesday, and Thursday group dummy. We also
include a dummy variable to model observed holidays. We include the wind speed adjusted temperature

(WWP)* as well as its squared value, to model the winter weather component of the load series. Finally,

% Though we estimate our model using the natural log of load, we forecast the actual value of the series rather than the
natural log of the value.

% Since we alter the dataset by excluding the weekends for the weekday model, we will not be able to compare the actual
MAPE, RMSE, or MAE across models. Soares and Medeiros (2008) state that several “authors achieve MAPEs as low as 2%
when predicting the total daily load,” but they point out that “the results of different models cannot be compared on different
datasets because the differences among load curves in different countries” (639). Soares and Medeiros (2008) further note
that “if different datasets are used, the same model(s) must be used, and the comparison should be made among datasets and
not models. If the researcher wants to compare the performance of different models, the same data with the same forecasting
period must be used” (639).

0 \We were most interested in analyzing the 5PmM6PM model (hour 17) first because of the inability to obtain white noise
residuals in the full-week estimation for this hour as well as the fact that it performed the worst in the out-of-sample
forecasting for the full-week model.

! The average daily wind speed in knots was converted to miles per hour (mph) by multiplying the series by 1.15077945.
WWP=TEMP-(0.5*(WDSPmph-10)) if WDSPmph>10mph; WWP=TEMP if wind<10mph.

TEMP is the mean temperature for the day in degrees Fahrenheit to tenths.

WDSP is the mean wind speed for the day in knots to tenths.
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we determine the appropriate lag length for the autoregressive moving average (ARMA) terms by
analyzing the ACF and the PACF of the residuals after taking the daily and weekly patterns as well as
the holiday and weather component into account. We determine an ARMA(2,1) model to be most
appropriate for the 5pmM6PM model after examination of the SIC and the AIC (Schwarz 1978; Akaike
1974). The weekday model used for the estimation of each hour is presented below. We omit subscripts
for the hours because the specification is the same. Let the hourly load for day t be represented by Load:;

and let Y=In(Load).

Yt =ap+ BmM + BtthWT + awprWPt + awprWWPtZ + }'holH + (parlyt—l + ‘parZYt—Z +

amalst—l + & (6)

The estimated parameters and the corresponding adjusted R? for each hour of the day are illustrated
in table 6. Possible heteroskedasticity is taken into account in statistical inference using the Newey-West
correction for heteroskedasticity and autocorrelation (Newey and West 1994), thus the
heteroskedasticity and autocorrelation robust standard errors are in parentheses. The vast majority of
estimated coefficients are significant at the one percent level. The table also shows the p-value of the
Ljung-Box** test for no error serial autocorrelation of order five, six, and seven (Ljung and Box 1978).
Using the Ljung-Box test, there appears to be remaining autocorrelation of order five for several hours
during the evening, namely hours 23, 24, and 1 through 5; because of this, we decide to estimate the

night hours using a different model, which is very similar*® to the model chosen for the full-week

WDSPmph=WDSP*1.15077945 converting knots to mph.

2 The Ljung-Box Q-statistic at lag k is a test statistic for the null hypothesis that there is no autocorrelation up to order k
2

(EViews 2008; Ljung and Box 1978). @,z = T(T + 2) Zj?zl:—_’] where 1; is the j-th autocorrelation and T is the number of

observations (EViews 2008).
“* Even though this is the weekday only model, the lagged temperature variable represents the temperature from the day
before, even if the day before is a Sunday.
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estimation. Let the hourly load for day t be represented by Load; and let Y=In(Load)).

+ 81mp2TMP;_1* + 8 metmp) UN * TMP, + 8,70mpJ UL x TMP,

+ 6m8tmpAUG * TMPt + (parlyt—l + (parzyt—z + emalst—l + & (7)

The estimated parameters using this model for the night time hours and the previous model for the
daytime hours and the corresponding adjusted R? for each hour of the day are illustrated in table 7. The
heteroskedasticity and autocorrelation robust standard errors are in parentheses (Newey and West 1994).
The vast majority of estimated coefficients are significant at the one percent level. The table also shows
the p-value of the Ljung-Box** test for no error serial autocorrelation of order five, six, and seven (Ljung
and Box 1978). Using the Ljung-Box test, the residuals for all hours of the day and night exhibit white
noise, thus we proceed to evaluating the out-of-sample forecast performance. We are in agreement with
Soares and Medeiros (2008) when they conclude that a “point that deserves attention is the fact that the
final model specification differs across hours, corroborating our view that different hours need to be

modeled separately because they have different structures and dynamics” (637-8).

2. An Example for Hour 17 (SPM6PM)

Explanatory variables for hour 17 in the weekday model include dummy variables for Monday (M),
one for Tuesday, Wednesday, and Thursday (TWT), and one for Federal holidays (H). The explanatory

variables also include a wind speed adjusted temperature (WWP)* as well as WWP squared*® to better

* The Ljung-Box Q-statistic at lag k is a test statistic for the null hypothesis that there is no autocorrelation up to order k
2

(EViews 2008; Ljung and Box 1978). @,z = T(T + 2) Zj?zlr—j] where 1; is the j-th autocorrelation and T is the number of

T_
observations (EViews 2008).
*® The average daily wind speed in knots was converted to miles per hour (mph) by multiplying the series by 1.15077945.
WWP=TEMP-(0.5*(WDSPmph-10)) if WDSPmph>10mph; WWP=TEMP if wind<10mph.
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model the winter weather component of the load series. The WWP is a measure of cold stress in winter
and is widely used by electric utilities (PJM 2009; Feinberg and Genethliou 2005; Weron 2006).
ARMA(2,1) components were also included in the estimation. Let the 5pm6PM hourly load (hour 17) for

day t be represented by Load;7 and let Y17 =In(Load;7,).

Y17,t =aqp+ ﬁmM + ﬁtthWT + 8WWpWWPt + 6wwp2WWPt2 + AholH + (parlyt—l + (ParZYt—Z +

amalst—l + & (8)
Hour? a, Em Etwt jLhal 8wwp 8wwpz Part Parz Onar Adj. R* QLE!(S)b Que(6) Qus(7)
17 9.6641 0.0267 0.0244 -0.1195  -0.0157  0.0002 1.2792 -0.2955 -0.7905 0.84 0.467 0.250  0.359

(0.0391)  (0.0054) (0.0039) (0.0173) (0.0014) (0.0000) (0.0535) (0.0508) (0.0355)

Notes: Newey-West heteroskedasticity and autocorrelation robust standard errors are in parentheses (Newey and West 1994). Estimation sample includes the
period 05/05/2004 — 04/30/2008, n=1041 and excludes weekends.

Plugging the estimated coefficients into equation (8), the estimated model for hour 17 can be written

compactly as in equation (9).

Y17. = 9.66 + 0.03M + 0.02TWT — 0.02ZWWP, + 0.0002ZWWP,2 — 0.12H + 1.28Y,, 1 —

0.3Y17:2—0.79&17, 1+ €17, %)

Equation (9) was estimated by ordinary least squares*’ and the Newey-West heteroskedasticity and
autocorrelation robust standard errors were analyzed when determining the statistical significance of the

estimated parameters (Newey and West 1994). All of estimated parameters are statistically significant at

TEMP is the mean temperature for the day in degrees Fahrenheit to tenths.

WDSP is the mean wind speed for the day in knots to tenths.

WDSPmph=WDSP*1.15077945 converting knots to mph.

“® As can be seen in figures 3b and 3d, the relationship between load and temperature is not a linear one.
" EViews 6 was the software program used to estimate the equations.



31

the one percent level. The coefficient of determination indicates that roughly 84% of the variation in the
5pm6PM hourly load can be explained by all the explanatory variables included in the estimation taken
together. The p-values of the Ljung-Box Q-statistic at lags 5, 6, and 7 fail to reject the null hypothesis
that there is no autocorrelation up to order 5, 6, or 7, indicating the residuals are likely white noise.
Equation (9) for the 5pm-6PM (HOUR17) period shows the typical form of all of the equations. The
dependent variable is the natural log of the hourly load for the 5pm-6PM hour over the period May 5,
2004 through April 30, 2008 (n=1041). Friday is the day of the week that is excluded from the
estimation; therefore, Friday is considered part of the “reference” group. All of the estimated

coefficients exhibit their expected signs. Since this is a semi-logarithmic equation the interpretation of
the dummy variable coefficients as well as the WWP coefficients involves the formula: 100 * (e/?m -

1), where B, is the estimated coefficient (Wooldridge 2009; Halvorsen and Palmquist 1980). For
dummy variables, this formula derives the percentage effect on hourly load of the presence of the factor
represented by the dummy variable. Thus, we utilize this formula and proceed to interpretation of the
estimated equation.

The estimated coefficient for Monday (M) in equation (9) indicates that the 5pm-6PMm hourly load is
2.7%*® higher on Monday (than Friday, the reference group). This is as expected since businesses are
likely to be in full swing by 5pm-6PM at the beginning of the workweek and residential customers just
getting home may engage in energy intensive activities (e.g., lighting and cooking), thus consuming
more energy than at the end of the workweek (Friday) at the same time of day (5pm-6PM) when
businesses may close early before the weekend and residential customers may decide to eat out at a later

time. The estimated coefficient for Tuesday, Wednesday, and Thursday (TWT) in equation (9) indicates

48 £0.0267  1,027: 100 * (€99267 — 1) = 2.7%
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the 5pPM-6PM hourly load is 2.5%* higher on Tuesday, Wednesday, and Thursday (than Friday, the
reference group). This is as expected since businesses are likely to be in full swing during the middle of
the workweek and residential customers just getting home may engage in energy intensive activities
(e.g., lighting and cooking), thus consuming more energy than at the end of the workweek (Friday) at
the same time of day (5pm-6PM) when businesses may close early before the weekend and residential
customers may decide to eat out at a later time.

The interpretation of the impact that the wind speed adjusted temperature variable (WWP) has on the
5pM-6PM hourly load must be analyzed with care. Starting at zero degrees Fahrenheit, as it warms up
outside by one degree, there is a reduction in the 5pm-6pPm hourly load by 1.56%°, ceteris paribus.
Taking the partial derivative of Y17 with respect to WWP; then setting the equation equal to zero; and
finally solving for WWP, we find that after 39.25°! degrees Fahrenheit, an increase in temperature
begins to increase the 5pM-6PM hourly load. In going from 39 degrees to 40 degrees Fahrenheit, load is
predicted to decrease by 0.01%°2. In going from 40 degrees to 41 degrees Fahrenheit, load is predicted
to increase by 0.03%%. The mean temperature in the sample is about 51 degrees Fahrenheit. In going
from 51 degrees to 52 degrees Fahrenheit, load is predicted to increase by 0.47%>*. In going from 75
degrees to 76 degrees Fahrenheit, load is predicted to increase by 1.44%>°. Thus, below 39.25 degrees
Fahrenheit, the impact that temperature has on load is that load decreases at a decreasing rate as

temperature increases. Above 39.25 degrees Fahrenheit, the impact that temperature has on load is that

9 e0024% ~ 1,0247; 100 * (02 — 1) ~ 2.47%
%0100 * (700157 — 1) » —1.56% =~ AY,,,

> _0.0157WWP, + 0.0002WWP,>

—0.0157 + 2 * 0.0002 * WWP,

0.0004 * WWP, = 0.0157

0.0157
WWP, =
0.0004

WWP, = 39.25 degrees Fahrenheit

2 _0.0157 + 2 * 0.0002 * (39) ~ —0.0001; e~%2%01 ~ 0.9999; 100 * (¢~°0%°1 — 1) =~ —0.01%
% _0.0157 + 2 % 0.0002 * (40) = 0.003; €°°°3 ~ 1.0003; 100 * (¢%°°3 — 1) ~ 0.03%

* _0.0157 + 2 * 0.0002 * (51) = 0.0047; €%°%47 =~ 1.0047; 100 * (e%°%%7 — 1) =~ 0.47%

® _0.0157 + 2 * 0.0002 * (75) ~ 0.0143; %0143 ~ 1.0144; 100 * (¢°°143 — 1) ~ 1.44%
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load increases at an increasing rate as temperature increases.

The estimated coefficient for Federal holidays (H) in equation (9) indicates the 5pm-6PM hourly load
is 11.3%>° lower on Federal holidays (than non-holidays). This is as expected since many businesses
close on Federal holidays, thus reducing their demand for energy.

A 1% increase in the 5pm-6PM hourly load the previous day (Y171) is expected to have a positive
impact on the 5pm-6Pm hourly load today (Y17,) by about 1.28%"’, ceteris paribus. A 1% increase in the
5pM-6PM hourly load 2 days before (Y17..2)>® is expected to inversely impact the 5pPm-6pMm hourly load
today (Y17:) by about 0.3%, ceteris paribus. A 1% increase in the 5pm-6PM hourly load disturbances (i.e.,
shocks to the system) (&7 —4) from the previous day is expected to inversely impact the 5pm-6Pm
hourly load today (Y17;) by about 0.79%, ceteris paribus.

3. Forecasting Results

Table 8 reports the one-step ahead out-of-sample forecasting results for each hour for the May 1,
2008 through September 30, 2009 period using the models described in the previous section and the
parameter estimates reported in table 6 and table 7 (i.e., the model is not re-estimated during the out-of-
sample period). We compare the forecasting performance from the weekday model estimated in table 6
to that estimated in table 7. Estimating the weekday and weeknights using separate models proves to be
superior®™ as the lower values of the RMSE, MAE, and MAPE indicate®. All three statistics agree that
the forecasting model performs the best for hour 4 and the worst for hour 17, which is the same
conclusion we reached in the full-week model. Thus the hours which exhibited the best and the worst

out-of-sample forecasting performance are likely to be a function of the volatility experienced during

% 01195 ~ 0.887; 100 * (¢ %1195 — 1) = —11.26%

*" Since the Y7, is actually the natural log of load.

%% Note that Y., and Y, actually represents the load for weekdays only, thus if Y, is a Monday, then Y., and Y., represent
load from Friday and Thursday, respectively.

% Although the RMSE chooses the weekday model (table 6) for hour 5.

% Comparing the RMSE, MAE, and MAPE for hours 23, 24, and 1 through 5 across models in table 8 shows these statistics
to be lower when the model from table 7 is used.
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those hours (e.g., hour 4 has the smallest standard deviation as can be seen in table 1 and table 2). It may
also be warranted to use a more sophisticated modeling approach for hour 17 (5pm6pM)®:. A measure of
daylight hours may help improve forecasting performance in that it affects public lighting during

different times of the year; however, we did not have access to this type of data.

VI. SUMMARY AND CONCLUSIONS

As electricity markets have deregulated over the last decade, accurate load forecasts have become a
vital part of a utility’s long-, medium-, and short-term generation and procurement planning. An
inaccurate load forecast can have severe consequences for ComEd’s customers in the form of higher
rates. The objective of this paper was to forecast short-term electricity load using ARMAX models with
hourly load data for the Commonwealth Edison Company (ComEd). To date, no published study to our
knowledge has used ARMAX modeling to forecast electricity load in ComEd’s territory.

Given the success with multi-equation models in the literature, each hour of the day is constructed as
a separate series. Constructing a single model to apply to all of the twenty-four series, a model that
excludes weekends, and a separate nighttime model reveals that it is necessary to model peak and off-
peak hours separately. We found that applying a peak and off-peak model to the corresponding peak and
off-peak hour’s works relatively well. Ultimately, this study provides further evidence regarding the
importance of modeling off-peak and peak hours separately. Our approach results in a parsimonious
forecasting model that not only has superior out-of-sample forecasting performance, but also is easily
constructed and applicable for day-to-day load forecasts for territories similar ComEd’s.

Future research could consider those hours that exhibit greater complexity (e.g., 5pmM6pPM) and

examine the possibility of time-varying volatility. Measuring any improvement in forecasting

%1 However, this was beyond the scope of the present study which is focused on parsimony and ease of use.



performance from modeling each hour separately versus modeling one peak and one off-peak hour

would be useful.
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TABLE 1. SUMMARY STATISTICS: LOAD FOR EACH FULL-WEEK HOUR FROM MAY 1, 2004

THROUGH APRIL 30, 2008
Hour Mean? Median Max. Min. Std. Dev.
H1AM2AM 1 9,680 9,449 16,547 7,385 1,274
H2AM3AM 2 9,428 9,218 15,890 7,237 1,198
H3AM4AM 3 9,323 9,131 15,467 7,104 1,155
H4AM5AM 4 9,449 9,279 15,370 7,190 1,149
H5AMBAM 5 9,948 9,822 15,705 6,975 1,236
H6AM7AM 6 10,796 10,765 16,495 7,012 1,496
H7AM8AM 7 11,481 11,551 17,833 7,440 1,680
H8AM9AM 8 11,955 11,943 19,111 7,878 1,746
H9AM10AM 9 12,285 12,197 20,168 8,279 1,837
H10AM11AM 10 12,596 12,368 21,385 8,418 2,006
H11AmM12PMm 11 12,758 12,393 22,265 8,472 2,184
H12pm1pPM 12 12,841 12,348 22,812 8,577 2,353
H1rPm2PM 13 12,929 12,362 23,336 8,474 2,521
H2PM3PM 14 12,933 12,294 23,491 8,383 2,629
H3rPm4PM 15 12,940 12,257 23,613 8,226 2,672
H4pm5PM 16 13,101 12,513 23,613 8,305 2,622
H5PM6PM 17 13,247 12,831 23,386 8,505 2,509
H6PM7PM 18 13,197 12,872 22,970 8,621 2,324
H7pPM8PM 19 13,115 12,782 22,431 8,774 2,116
H8PM9PM 20 13,008 12,621 22,416 9,138 1,991
H9PM10PM 21 12,566 12,155 21,929 9,159 1,903
H10pPm11PMm 22 11,689 11,302 20,578 8,821 1,721
H1lpm12AM 23 10,757 10,425 18,762 8,249 1,530
H12AaM1AM 24 10,095 9,809 17,459 7,812 1,381

Notes: n=1,461

“Summary statistics are in megawatt hours (MWh).



37

TABLE 2. SUMMARY STATISTICS: LOAD FOR EACH WEEKDAY HOUR FROM MAY 1, 2004

THROUGH APRIL 30, 2008
Hour Mean® Median Max. Min. Std. Dev.
H1AM2AM 1 9,781 9,523 16,547 7,385 1,294
H2AM3AM 2 9,540 9,333 15,890 7,237 1,211
H3AM4AM 3 9,455 9,274 15,467 7,104 1,159
H4AM5AM 4 9,638 9,460 15,370 7,190 1,131
H5AM6AM 5 10,287 10,136 15,705 7,055 1,131
H6AM7AM 6 11,378 11,262 16,495 7,139 1,188
H7AM8AM 7 12,202 12,083 17,833 7,446 1,241
H8AM9AM 8 12,663 12,498 19,111 7,878 1,350
H9AM10AM 9 12,948 12,627 20,168 8,285 1,526
H10AM11AM 10 13,250 12,766 21,385 8,976 1,744
H11Am12PMm 11 13,403 12,772 22,265 9,154 1,966
H12pml1PMm 12 13,488 12,753 22,812 9,172 2,166
Hlpm2pPM 13 13,612 12,773 23,336 8,980 2,339
H2PM3PM 14 13,610 12,713 23,491 8,786 2,464
H3Pm4PMm 15 13,597 12,714 23,613 8,670 2,520
H4pMm5pPM 16 13,726 13,009 23,613 9,014 2,473
H5PM6PM 17 13,825 13,295 23,386 9,072 2,367
H6PM7PM 18 13,726 13,347 22,970 8,965 2,192
H7pmM8PM 19 13,609 13,202 22,431 8,931 1,993
H8PMI9PM 20 13,464 12,954 22,416 9,414 1,886
H9PM10PM 21 12,959 12,441 21,929 9,461 1,822
H10Pm1lPMm 22 11,987 11,516 20,578 8,999 1,666
H1lpm12AM 23 10,854 10,484 18,762 8,249 1,568
H12AM1AM 24 10,187 9,893 17,459 7,812 1,411

Notes: Sample excludes weekends. n=1,043

*Summary statistics are in megawatt hours (MWh).
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Name Type Definition n Mean Median Max. Min. Std. Dev.
Full Week
M Dummy equals 1 if Monday, otherwise equals 0 1,461 0.14 0.00 1.00 0.00 0.35
TWT Dummy equals 1 if Tuesday, Wednesday, or 1,461 0.43 0.00 1.00 0.00 0.50
Thursday, otherwise equals 0
F Dummy equals 1 if Friday, otherwise equals 0 1,461 0.14 0.00 1.00 0.00 0.35
suU Dummy equals 1 if Sunday, otherwise equals 0 1,461 0.14 0.00 1.00 0.00 0.35
WWP Continuous Wind speed adjusted temperature® (°F) 1,461 50.71 51.90 88.99 -5.05 19.92
TMP Continuous Temperature in degrees Fahrenheit” 1,461 51.29 52.40 89.00 -3.70 19.65
JUN Dummy equals 1 if June, otherwise equals 0 1,461 0.08 0.00 1.00 0.00 0.27
JUL Dummy equals 1 if July, otherwise equals 0 1,461 0.08 0.00 1.00 0.00 0.28
AUG Dummy equals 1 if August, otherwise equals 0 1,461 0.08 0.00 1.00 0.00 0.28
Weekday
WWP Continuous Wind speed adjusted temperature (°F) 1,043 50.95 52.14 88.99 -4.86 20.02
TMP Continuous Temperature in degrees Fahrenheit 1,043 51.56 52.70 89.00 -3.70 19.76
TMPy, Continuous Temperature in degrees Fahrenheit from 1,043 51.67 53.40 89.00 -3.70 19.77
the previous day
H Dummy equals 1 if day is an observed holiday®, 1,043 0.04 0.00 1.00 0.00 0.19

otherwise equals 0

Notes: Summary statistics are for the in-sample estimation period.

*WWP=TMP-(0.5*(WDSPmph-10)) if WDSPmph>10mph; WWP=TMP if wind<lOmph. Where TMP is the mean temperature for the day in degrees Fahrenheit to

tenths; WDSP is the mean wind speed for the day in knots to tenths; WDSPmph=WDSP*1.15077945 converting knots to mph.

*Temperature data were obtained for the Chicago O’Hare International Airport. http://www.ncdc.noaa.gov/oa/land.html The National Climatic Data Center (NCDC) is

part of the National Oceanic and Atmospheric Administration (NOAA) and the U.S. Department of Commerce.

“Public holidays include New Year's Day, Birthday of Martin Luther King, Jr., Washington's Birthday, Memorial Day, Independence Day, Labor Day, Columbus Day,
Veterans Day, Thanksgiving Day, and Christmas Day. Since most Federal employees work on a Monday through Friday schedule, when a holiday falls on a
nonworkday such as a Saturday or Sunday, the holiday usually is observed on Monday (if the holiday falls on Sunday) or Friday (if the holiday falls on Saturday). The
actual day the holiday is “observed” (as opposed to the actual day the holiday falls on) is included in the holiday dummy variable in our weekday model.
http://www.opm.gov/Operating_Status_Schedules/fedhol/2009.asp
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Y, = g + BuM + BuTWT + B,F + BouSU + 8ty TMP, + 82 TMPE + 811y TMP; 1 + 811mp2 TMP;_1* + 8ratmp) UN * TMP, + 8pi7imp] UL * TMP, + 8,ngempAUG * TMP, + @i Y1 +

Par2Yi2 + Oma18r-1 + & ®)
a - = 5 5 5 = % = % % % = Pu P 5 Adj. b
Hour ay Bm Bowe By Bsu Stmp Stmp2 Sitmp Sitmp2 [ - Sm7tmp S mstmp Par1 Parz 0ma1 R2 Qus(5) Qus(6)
1 95170  -0.0348 00127 00129 -0.0469 -0.0122 00001 -0.0086 0.0001 [QIGGEY 00009 00010 15426 -0.5471 -0.9005 089  0.314 0.509
2 94969 -0.0216 00189 00181 -0.0444 -0.0127 00001 -0.0078 00001 [NGGOE 00009 00009 15649 -0.5692 -0.9051 0.89  0.403 0.589
3 94856 OGO 00269 00248 -0.0444 -0.0130 00001 -0.0070 00001 [QIOOO6E 00008 00009 15959 -0.5997 -0.9113 090  0.276 0.415
4 94796 00167 00456 00418 -0.0496 -0.0129 00001 -0.0062 00001 [@WGGF 00008 00009 16189 -0.6225 -0.9160 0.90  0.119 0.230
5 94789  0.0646 00910 00842 -0.0651 -0.0125 00001 -0.0052 00001 [WGGOF 00008 00008 16157 -0.6192 -0.9152 0.90  0.098 0.200
6 9.4857 01274 0.1558 0.1450 -0.0898 -0.0119 0.0001 -0.0043 0.0001  0.0009  0.0008  0.0008  1.5419 -0.5457 -0.9081 0.89  0.283 0.453
7 9.4980 01519 0.1805 0.1693 -0.1103 -0.0117 0.0001 -0.0036 0.0000  0.0010  0.0010  0.0009  1.5017 -0.5061 -0.9157 0.89  0.168 0.312
8 95289 01385 0.1627 01523 -0.1148 -0.0122 00001 -0.0032 0.0000  0.0011  0.0010  0.0009  1.4887 -0.4937 -0.9198 0.89  0.122 0.236
9 95487 01224 01418 01319 -0.1121 -0.0128 0.0002 -0.0028 0.0000  0.0012 00011  0.0010 1.4871 -0.4923 -0.9201 0.89  0.097 0.197
10 95559 01196 0.1364 01259 -0.1054 -0.0135 0.0002 -0.0021 0.0000 0.0012 00012  0.0010 14970 -0.5024 -0.9253 0.90  0.084 0.170
11 95487 01217 01371 01251 -0.0923 -0.0142 0.0002 -0.0016 0.0000  0.0013  0.0013  0.0010  1.4879 -0.4940 -0.9235 0.90  0.021 0.045
12 95342 01283 01429 01289 -0.0785 -0.0147 00002 [OGGEZ 00006 0.0014 00014 00011  1.4821 -0.4888 -0.9233 090  0.022 0.040
13 95146 01453 0.1604 0.1448 -0.0623 -0.0151 0.0002 :0.0010 0:.0000 0.0014  0.0014 00011 14649 -0.4728 -0.9198 090  0.019 0.023
14 9.4987  0.484 0.1640 0.1470 -0.0522 -0.0153 0.0002 -0.0006 0:.0000 0.0015  0.0014 00011 14545 -0.4635 -0.9131 090  0.014 0.009
15 9.4848  0.1473 0.1626 01431 -0.0447 -0.0153 0.0002 00002 00000 0.015 00014 00010  1.4403 -0.4506 -0.8994 0.90  0.005 0.001
16 9.4905  0.414 01563 0.1348 -0.0357 -0.0152 0.0002 (00004 00000 0.0016 00014 [OGE 14184 -0.4283 -0.8698 0.88  0.002 0.001
17 95154 01347 01478 01238 -0.0237 -0.0154 0.0002 (00008 00006 0.0017 00013 [GE 14033 -0.4117 -0.8466 0.87  0.000 0.000
18 95295 01260 0.1390 01120 -0.0162 -0.0154 00002 [@@E 00000 00017 00014 [POOIE 14215 -0.4291 -0.8530 0.86  0.000 0.000
19 95357 01234 01351 01027 |[OOFE@ -0.0150 0.0002 [@@OE 00000 00015 [POOEE @O 14376 -0.4447 -0.8704 0.85  0.000 0.000
20 95398  0.1169  0.1283 00917 :0.0040 -0.0143 00002 (OO 00000 00012 |[IOOIE [POOEY 14439 -04533 -0.8821 0.85  0.000 0.000
21 95177 01023 01141 00849 [0.0031 -0.0138 00002 [@@E 00000 00013 00011 00009 14321 -0.4443 -0.8758 0.85  0.000 0.001
22 94650 0.0766 00891 00712 [OEEY -0.0137 00002 [@OOE 00000 00013 00012 00010 14185 -0.4306 -0.8701 0.85  0.000 0.000
23 95019 -0.0668 (00030 0050 -0.0605 -0.0108 0.0001 -0.0097 0.0001 [@BBGE 0.0009 0.0010 1.4730 -0.4790 -0.8832 0.89  0.029 0.068
24 95470 -0.0502 [@OE§ 00079 -0.0509 -0.0116 0.0001 -0.0092 00001 [@OGOF 00009 00010 15039 -0.5091 -0.8909 0.89  0.101 0.198

Notes: Estimation sample includes the period 05/04/2004 — 04/30/2008, n=1458. No highlight indicates parameter is statistically significant beyond the 1% level. Pink indicates parameter is statistically significant beyond the
5% level. Green indicates parameter is statistically significant beyond the 10% level. Blue indicates parameter is not statistically significant at conventional levels of significance.

®Hours are based on Central Standard Time (CST), e.g., 2=2AM-3AM CST

PQ.g is the Ljung-Box test for autocorrelation, and the p-values for the Ljung-Box test for autocorrelation up to order 5 and 6 are reported. However it should be noted that Dezhbakhsh (1990) finds the application of the
Ljung-Box test to be inadequate when applied to linear models with lagged dependent variables and exogenous regressors (e.g., ARMAX models). However, since these statistics are still reported in the recent load forecasting
literature, we provide them here for readers. The Ljung-Box Q-statistic at lag k is a test statistic for the null hypothesis that there is no autocorrelation up to order k (EViews 2008; Ljung and Box 1978). Q.5 = T(T +

2) Zj?:l P where T; is the j-th autocorrelation and T is the number of observations (EViews 2008).



40

TABLE 5. ONE-STEP" AHEAD OUT-OF-SAMPLE FORECASTING RESULTS FOR EACH HOUR FOR THE FULL-WEEK MODEL
FOR MAY 1, 2008 THROUGH SEPTEMBER 30, 2009

Model Y: = g+ BmM + Byt TWT + BF + BsySU + 8tmpTMP + 8tmps TMP % + 814mp TMP_1 + 81tmpa TMP_1* + Sungtmp) UN * TMP + 8ayimp UL * TMP, +

8m8tmpAUG *TMPy+ @ar1Ye 1+ Qar2Ye—2 + OmarEe-1 + & (5)

Hour® Root Mean Squared Error® Mean Absolute Error® Mean Absolute Percent Error®
1 447.62 313.61 3.18
2 413.46 289.68 3.03
3 393.99 276.50 2.93
4 387.01 270.29 2.84
5 423.12 296.07 3.00
6 521.11 352.11 3.36
7 591.57 389.39 3.53
8 610.56 402.92 3.50
9 622.70 419.20 3.50
10 649.01 444,76 3.59
11 674.78 474.24 3.75
12 706.50 500.24 3.91
13 752.08 530.99 413
14 785.74 556.38 4.32
15 826.95 592.92 4.58
16 863.19 624.08 4.78
17 878.04 639.18 4.86
18 857.29 621.46 4.77
19 820.15 592.54 4.57
20 785.92 559.92 4.30
21 746.32 529.89 4.18
22 684.32 485.31 4.09
23 529.68 371.97 3.40
24 486.04 339.72 3.31

Notes: The adjusted estimation sample includes the period 05/04/2004 — 04/30/2008, n=1458; the forecast sample includes the period 05/01/2008 — 09/30/2009, n=518. EViews 6 software package was used for
the estimation and forecasts. One-step ahead static forecasts were employed to forecast the level of the series. The static method was used be it calculates a sequence of one-step ahead forecasts, using the actual,
rather than forecasted values for lagged dependent variables.

®One-step ahead refers to the sectional data, which is daily. Since the primary data are hourly, one must interpret it as 24-steps ahead, so that one-daily-step ahead actually corresponds to 24-hourly-steps ahead.

PHours are based on Central Standard Time (CST), e.g., 2=2AM-3AM CST
°Root Mean Squared Error (RMSE) = /Y7 (9, — y.)2 /h where v, is the actual value in period t and 9, is the forecasted value in period t, and the forecast sample is j=T+1, T+2, ..., T+h (EViews 2008).
YMean Absolute Error (MAE) = ¥T+2 . |9, — v,|/h where y; is the actual value in period t and ¥, is the forecasted value in period t, and the forecast sample is j=7+1, T+2, ..., T+h (EViews 2008).

®Mean Absolute Percentage Error (MAPE) = 100 Y11 |% /h where y; is the actual value in period t and ¥, is the forecasted value in period t, and the forecast sample is j=T+1,..., T+ (EViews 2008).
t
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2
Yt =aqp+t BmM + BtthWT + 8wprWPt + SwprWWPt + AholH + ‘parlyt—l + ‘ParZYt—Z + 0ma1£t—1 + & (6)

Hour? &0 ﬂm ﬂtwt }'hul 6wwp 6wwp2 @arl @arz emal Adj- RZ QLB(S)b QLB(6) QLB(7)

1 9.4569 -0.0519 0.0007 0.0038 -0.0157 0.0002 1.3739 -0.3929 -0.8320 0.83 0.066 0.105 0.178
(0.0258) (0.0044) (0.0037) (0.0090) (0.0011) (0.0000) (0.0618) (0.0574) (0.0395)

2 9.4404 -0.0429 0.0014 -0.0032 -0.0156 0.0002 1.4020 -0.4196 -0.8354 0.83 0.064 0.098 0.160
(0.0254) (0.0042) (0.0035) (0.0084) (0.0011) (0.0000) (0.0616) (0.0575) (0.0399)

3 9.4365 -0.0346 0.0025 -0.0098 -0.0154 0.0002 1.4350 -0.4512 -0.8410 0.84 0.065 0.099 0.167
(0.0251) (0.0039) (0.0032) (0.0083) (0.0011) (0.0000) (0.0609) (0.0569) (0.0401)

4 9.4509 -0.0251 0.0040 -0.0264 -0.0148 0.0002 1.4650 -0.4802 -0.8448 0.84 0.048 0.077 0.134
(0.0246) (0.0037) (0.0030) (0.0080) (0.0010) (0.0000) (0.0601) (0.0562) (0.0407)

5 9.4949 -0.0148 -0.0622 -0.0137 0.0001 1.4999 -0.5129 -0.8602 0.83 0.065 0.096 0.164
(0.0240) (0.0036) (0.0098) (0.0010) (0.0000) (0.0563) (0.0527) (0.0388)

6 9.5693 -0.0056 0.0112 -0.1184 -0.0126 0.0001 1.5014 -0.5117 -0.8802 0.81 0.384 0.473 0.642
(0.0255) (0.0039) (0.0030) (0.0138) (0.0010) (0.0000) (0.0465) (0.0438) (0.0318)

7 9.6125 -0.0008 0.0117 -0.1537 -0.0121 0.0001 1.4748 -0.4872 -0.8820 0.79 0.926 0.763 0.796
(0.0245) (0.0041) (0.0030) (0.0172) (0.0009) (0.0000) (0.0465) (0.0432) (0.0314)

8 9.6365 0.0031 0.0111 -0.1539 -0.0126 0.0001 1.4263 -0.4444 -0.8628 0.81 0.984 0.793 0.703
(0.0230) (0.0039) (0.0028) (0.0184) (0.0009) (0.0000) (0.0513) (0.0467) (0.0356)

9 9.6474 0.0064 0.0106 -0.1419 -0.0133 0.0002 1.3915 -0.4118 -0.8490 0.84 0.674 0.580 0.495
(0.0236) (0.0038) (0.0027) (0.0182) (0.0010) (0.0000) (0.0522) (0.0475) (0.0371)

10 9.6561 0.0091 0.0113 -0.1319 -0.0139 0.0002 1.3791 -0.4003 -0.8478 0.86 0.182 0.213 0.239
(0.0246) 0.0039) (0.0028) (0.0176) (0.0010) (0.0000) (0.0516) (0.0467) (0.0379)

11 9.6569 - 0.0128 -0.1233 -0.0146 0.0002 1.3646 -0.3862 -0.8485 0.87 0.155 0.292 0.425
(0.0259) (0.0030) (0.0172) (0.0011) (0.0000) (0.0506) (0.0456) (0.0373)

12 9.6529 0.0143 0.0148 -0.1203 -0.0151 0.0002 1.3514 -0.3737 -0.8495 0.88 0.254 0.368 0.527
(0.0269) (0.0044) (0.0032) (0.0173) (0.0012) (0.0000) (0.0503) (0.0454) (0.0366)

13 9.6523 0.0163 0.0163 -0.1263 -0.0155 0.0002 1.3281 -0.3516 -0.8473 0.88 0.522 0.562 0.718
(0.0279) (0.0047) (0.0035) (0.0182) (0.0012) (0.0000) (0.0511) (0.0460) (0.0363)

14 9.6453 0.0177 0.0177 -0.1288 -0.0158 0.0002 1.3132 -0.3374 -0.8440 0.88 0.595 0.650 0.791
(0.0292) (0.0050) (0.0037) (0.0184) (0.0013) (0.0000) (0.0515) (0.0464) (0.0362)

15 9.6346 0.0209 0.0202 -0.1296 -0.0157 0.0002 1.2951 -0.3200 -0.8330 0.87 0.661 0.693 0.817
(0.0304) (0.0053) (0.0038) (0.0186) (0.0013) (0.0000) (0.0524) (0.0474) (0.0365)

16 9.6419 0.0232 0.0221 -0.1266 -0.0155 0.0002 1.2840 -0.3046 -0.8105 0.86 0.634 0.534 0.701
(0.0342) (0.0054) (0.0039) (0.0182) (0.0014) (0.0000) (0.0519) (0.0484) (0.0352)

17 9.6641 0.0267 0.0244 -0.1195 -0.0157 0.0002 1.2792 -0.2955 -0.7905 0.84 0.467 0.250 0.359
(0.0391) (0.0054) (0.0039) (0.0173) (0.0014) (0.0000) (0.0535) (0.0508) (0.0355)

18 9.6721 0.0292 0.0272 -0.1143 -0.0157 0.0002 1.2939 -0.3094 -0.7974 0.82 0.590 0.333 0.464
(0.0382) (0.0054) (0.0038) (0.0169) (0.0014) (0.0000) (0.0550) (0.0522) (0.0378)

19 9.6685 0.0351 0.0325 -0.1078 -0.0153 0.0002 1.3108 -0.3250 -0.8283 0.80 0.588 0.497 0.647
(0.0363) (0.0052) (0.0037) (0.0159) (0.0014) (0.0000) (0.0543) (0.0518) (0.0341)

20 9.6602 0.0392 0.0367 -0.1030 -0.0148 0.0002 1.3114 -0.3293 -0.8423 0.81 0.610 0.602 0.682
(0.0321) (0.0049) (0.0034) (0.0150) (0.0014) (0.0000) (0.0562) (0.0529) (0.0345)

21 9.6323 0.0299 0.0290 -0.0934 -0.0145 0.0002 1.2839 -0.3078 -0.8223 0.82 0.842 0.817 0.812
(0.0305) (0.0049) (0.0034) (0.0138) (0.0014) (0.0000) (0.0611) (0.0564) (0.0386)

22 9.5690 0.0157 0.0174 -0.0797 -0.0144 0.0002 1.2765 -0.3003 -0.8128 0.82 0.941 0.857 0.900
(0.0306) (0.0047) (0.0034) (0.0122) (0.0014) (0.0000) (0.0632) (0.0585) (0.0390)

23 9.5306 -0.0775 -0.0005 0.0128 -0.0152 0.0002 1.3203 -0.3428 -0.8236 0.82 0.098 0.159 0.242
(0.0263) (0.0048) (0.0042) (0.0093) (0.0011) (0.0000) (0.0625) (0.0573) (0.0402)

24 9.4857 -0.0633 -0.0001 0.0101 -0.0156 0.0002 1.3485 -0.3690 -0.8284 0.82 0.048 0.079 0.134
(0.0260) (0.0046) (0.0039) (0.0091) (0.0011) (0.0000) (0.0623) (0.0575) (0.0397)

Notes: Newey-West heteroskedasticity and autocorrelation robust standard errors are in parentheses (Newey and West 1994). Estimation sample includes the period 05/05/2004 — 04/30/2008, n=1041. No highlight indicates parameter is statistically significant
beyond the 1% level. Pink indicates parameter is statistically significant beyond the 5% level. Green indicates parameter is statistically significant beyond the 10% level. Blue indicates parameter is not statistically significant at conventional levels of
significance. Yellow indicates residuals are not white noise.

*Hours are based on Central Standard Time (CST), e.g., 2=2AM-3AM CST

°Qs is the Ljung-Box test for autocorrelation, and the p-values for the Ljung-Box test for autocorrelation up to order 5, 6, and 7 are reported. However it should be noted that Dezhbakhsh (1990) finds the application of the Ljung-Box test to be inadequate
when applied to linear models with lagged dependent variables and exogenous regressors (e.g., ARMAX models). However, since these statistics are still reported in the recent load forecasting literature, we provide them here for readers. The Ljung-Box Q-

2
statistic at lag k is a test statistic for the null hypothesis that there is no autocorrelation up to order k (EViews 2008; Ljung and Box 1978). Q.5 = T(T + 2) 25;1% where 1 is the j-th autocorrelation and T is the number of observations (EViews 2008).
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Yt =q + ﬁmM + ﬁtthWT + swwpwwpt + SWWpZWWPtZ + )'holH + (purlyt—l + ‘parzyt—l + Bmalst—l + &

(6)

1Y+ @ua¥in + Onar&e1 + &

Y, = o + BuM + B TWT + B/F + 81y TMP, + 81mp2 TMPE + 811y TMP, 1 + 811mpa TMP, 1% + 8istmp) UN * TMP, + 870mp) UL * TMP, + 8,50mpAUG * TMP, + @,

Adj.

Hou ra &0 ﬁm ﬂtwt Bf 6wwp 6wwp2 6tmp 6tmp2 sltmp sltmpZ 6m6tmp 6m7tmp 6m8tmp }'hol (’I)arl "ﬁarZ emal RZ QLB(S)D QLB(G) QLB(7)

1 9.47 - 0.05 0.05 - - -0.01 0.00 -0.01 0.00 0.00 0.00 0.00 - 1.40 -0.41 -0.85 0.87 0.20 0.35 0.51
(0.04) (0.00)  (0.00) (0.00) (0.00) (0.00) (0.00) [0.00) (0.00)  (0.00) (0.06) (0.05) (0.03)

2 9.46 - 0.04 0.04 - - -0.01 0.00 -0.01 0.00 0.00 0.00 0.00 - 1.43 -0.44 -0.86 0.87 0.26 0.44 0.61
(0.04) (0.00)  (0.00) (0.00) (0.00) (0.00) (0.00) [0.00) (0.00)  (0.00) (0.05) (0.05) (0.03)

3 9.46 - 0.04 0.03 - - -0.01 0.00 -0.01 0.00 0.00 0.00 0.00 - 1.47 -0.48 -0.87 0.87 0.24 0.42 0.58
(0.04) (0.00)  (0.00) (0.00) (0.00) (0.00) (0.00)  [0.00 (0.00)  (0.00) (0.05) (0.05) (0.03)

4 9.47 - 0.03 0.03 - - -0.01 0.00 -0.01 0.00 0.00 0.00 - 1.51 -0.52 -0.88 0.86 0.21 0.37 0.52
(0.04) (0.00)  (0.00) (0.00) (0.00) (0.00)  (0.00) (0.00)  (0.00) (0.05) (0.04) (0.03)

5 9.52 - 0.03 0.02 - - -0.01 0.00 0.00 0.00 0.00 - 153 -0.53 -0.89 0.84 0.18 0.31 0.44
(0.04) (0.00)  (0.00) (0.00)  (0.00) (0.00)  (0.00) (0.00) (0.04) (0.04) (0.03)

6 9.57 -0.01 0.01 - -0.01 0.00 - - - - - - - -0.12 1.50 -0.51 -0.88 0.81 0.38 0.47 0.64
(0.03) (0.00) (0.00) (0.00)  (0.00) (0.01) (0.05) (0.04) (0.03)

7 9.61 0.00 0.01 - -0.01 0.00 - - - - - - - -0.15 1.47 -0.49 -0.88 0.79 0.93 0.76 0.80
0.02) (0.00) (0.00) (0.00)  (0.00) (0.02) (0.05) (0.04) (0.03)

8 9.64 0.00 0.01 - -0.01 0.00 - - - - - - - -0.15 1.43 -0.44  -0.86 0.81 0.98 0.79 0.70
0.02) [(0.00) (0.00) (0.00)  (0.00) (0.02) (0.05) (0.05) (0.04)

9 9.65 0.01 0.01 - -0.01 0.00 - - - - - - - -0.14 1.39 -0.41 -0.85 0.84 0.67 0.58 0.50
0.02) [(0.00) (0.00) (0.00)  (0.00) (0.02) (0.05) (0.05) (0.04)

10 9.66 0.01 0.01 - -0.01 0.00 - - - - - - - -0.13 1.38 -0.40 -0.85 0.86 0.18 0.21 0.24
0.02) [(0.00) (0.00) (0.00)  (0.00) (0.02) (0.05) (0.05) (0.04)

11 9.66 - 0.01 - -0.01 0.00 - - - - - - - -0.12 1.36 -0.39 -0.85 0.87 0.16 0.29 0.43
(0.03) (0.00) (0.00)  (0.00) (0.02) (0.05) (0.05) (0.04)

12 9.65 0.01 0.01 - -0.02 0.00 - - - - - - - -0.12 1.35 -0.37 -0.85 0.88 0.25 0.37 0.53
(0.03)  (0.00) (0.00) (0.00)  (0.00) 0.02) (0.05) (0.05) (0.04)

13 9.65 0.02 0.02 - -0.02 0.00 - - - - - - - -0.13 1.33 -0.35 -0.85 0.88 0.52 0.56 0.72
(0.03)  (0.00) (0.00) (0.00)  (0.00) 002) (0.05) (0.05) (0.04)

14 9.65 0.02 0.02 - -0.02 0.00 - - - - - - - -0.13 131 -0.34  -0.84 0.88 0.60 0.65 0.79
(0.03)  (0.00) (0.00) (0.00)  (0.00) 0.02) (0.05) (0.05) (0.04)

15 9.63 0.02 0.02 - -0.02 0.00 - - - - - - - -0.13 1.30 -0.32 -0.83 0.87 0.66 0.69 0.82
(0.03) (0.01) (0.00) (0.00)  (0.00) 0.02) (0.05) (0.05) (0.04)

16 9.64 0.02 0.02 - -0.02 0.00 - - - - - - - -0.13 1.28 -0.30 -0.81 0.86 0.63 0.53 0.70
(0.03) (0.01) (0.00) (0.00)  (0.00) (0.02) (0.05) (0.05) (0.04)

17 9.66 0.03 0.02 - -0.02 0.00 - - - - - - - -0.12 1.28 -0.30 -0.79 0.84 0.47 0.25 0.36
(0.04) (0.01) (0.00) (0.00)  (0.00) (0.02) (0.05) (0.05) (0.04)

18 9.67 0.03 0.03 - -0.02 0.00 - - - - - - - -0.11 1.29 -0.31 -0.80 0.82 0.59 0.33 0.46
(0.04) (0.01) (0.00) (0.00)  (0.00) (0.02) (0.06) (0.05) (0.04)

19 9.67 0.04 0.03 - -0.02 0.00 - - - - - - - -0.11 131 -0.33 -0.83 0.80 0.59 0.50 0.65
(0.04) (0.01) (0.00) (0.00)  (0.00) (0.02) (0.05) (0.05) (0.03)

20 9.66 0.04 0.04 - -0.01 0.00 - - - - - - - -0.10 131 -0.33 -0.84 0.81 0.61 0.60 0.68
(0.03)  (0.00) (0.00) (0.00)  (0.00) 0.02) (0.08) (0.05) (0.03)

21 9.63 0.03 0.03 - -0.01 0.00 - - - - - - - -0.09 1.28 -0.31 -0.82 0.82 0.84 0.82 0.81
(0.03)  (0.00) (0.00) (0.00)  (0.00) 0.01) (0.08) (0.06) (0.04)

22 9.57 0.02 0.02 - -0.01 0.00 - - - - - - - -0.08 1.28 -0.30 -0.81 0.82 0.94 0.86 0.90
(0.03)  (0.00) (0.00) (0.00)  (0.00) (0.01) (0.08) (0.06) (0.04)

23 9.51 - 0.07 0.07 - - -0.01 0.00 -0.01 0.00 0.00 0.00 0.00 - 1.33 -0.35 -0.84 0.87 0.19 0.33 0.49
(0.04) (0.00)  (0.00) (0.00) (0.00) (0.00) (0.00) [0.00)  (0.00)  (0.00) (0.06) (0.06) (0.03)

24 9.48 - 0.0 0.06 - - -0.01 0.00 -0.01 0.00 0.00 0.00 0.00 - 1.37 -0.38 -0.84 0.87 0.16 0.30 0.45
(0.04) (0.00)  (0.00) (0.00) (0.00) (0.00) (0.00) [0.00) (0.00)  (0.00) (0.06) (0.06) (0.03)

Notes: Newey-West heteroskedasticity and autocorrelation robust standard errors are in parentheses (Newey and West 1994). Estimation sample includes the period 05/05/2004 — 04/30/2008, n=1041. No highlight indicates parameter is statistically significant beyond the 1% level.
Pink indicates parameter is statistically significant beyond the 5% level. Green indicates parameter is statistically significant beyond the 10% level. Blue indicates parameter is not statistically significant at conventional levels.

Hours are based on Central Standard Time (CST), e.g., 2=2AM-3AM CST

°Q,g is the Ljung-Box test for autocorrelation, and the p-values for the Ljung-Box test for autocorrelation up to order 5, 6, and 7 are reported. However it should be noted that Dezhbakhsh (1990) finds the application of the Ljung-Box test to be inadequate when applied to linear
models with lagged dependent variables and exogenous regressors (e.g., ARMAX models). However, since these statistics are still reported in the recent load forecasting literature, we provide them here for readers. The Ljung-Box Q-statistic at lag k is a test statistic for the null

2
j

hypothesis that there is no autocorrelation up to order k (EViews 2008; Ljung and Box 1978). Q5 = T(T + 2) Z};lf— where 1; is the j-th autocorrelation and T is the number of observations (EViews 2008).

T-J
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TABLE 8. ONE-STEP" AHEAD OUT-OF-SAMPLE FORECASTING RESULTS FOR EACH HOUR OF THE WEEKDAY FOR MAY 1,
2008 THROUGH SEPTEMBER 30, 2009

Yt =0 + ﬁmM + ﬁtthWT + SwprWPt + é‘wprW['VPLz + AholH + (parlyl—l + Parz Yl—Z + amalst—l +

Model Y, =g+ BuM + B TWT + 8, , WWP, + 8,,,,,s WWP,* + A0 H + £,(6) , ,
Par¥e1 + Pa2¥i 2 + Oa1 -1 + €(6) Y. =ay+B.M+ Bu,. TWT + ﬂfF + JtmpTMPt + JMPZTMPt + é‘,mpTMPt,1 + J,t,,qk,zTMPt,1 +
Smstmp) UN * TMP, + 8,70mp] UL * TMP, + 8,80mpAUG * TMP, + @oy1Yo1 + @ur2¥io2 + OmarEcr + & (1)
Hour® RMSE? MAE® MAPE' RMSE MAE MAPE
1 522.84 377.41 3.81 464.22 327.32 3.33
2 477.16 345.18 3.58 432.07 304.85 3.19
3 453.96 328.00 3.44 418.83 294.98 3.11
4 441.78 316.96 3.27 417.12 290.18 3.01
5 461.01 334.28 3.28 464.22 322.74 3.19
6 527.78 379.52 3.42 527.78 379.52 3.42
7 574.86 410.12 3.46 574.86 410.12 3.46
8 590.51 417.20 3.37 590.51 417.20 3.37
9 606.00 429.79 3.34 606.00 429.79 3.34
10 637.61 453.17 341 637.61 453.17 3.41
11 672.36 481.94 3.57 672.36 481.94 3.57
12 713.00 514.31 3.76 713.00 514.31 3.76
13 757.39 544.54 3.95 757.39 544.54 3.95
14 791.41 566.67 4.11 791.41 566.67 411
15 832.21 596.49 4.33 832.21 596.49 4.33
16 873.28 621.40 4.47 873.28 621.40 4.47
17 888.29 632.85 4.54 888.29 632.85 454
18 875.49 623.29 4.54 875.49 623.29 454
19 833.53 598.44 4.41 833.53 598.44 4.41
20 794.28 567.26 4.18 794.28 567.26 4.18
21 759.24 540.57 4.11 759.24 540.57 411
22 692.53 495.09 4.05 692.53 495.09 4.05
23 643.76 462.34 4.20 546.48 389.21 3.57
24 578.96 413.56 4.00 502.09 353.94 3.46

Notes: The superior forecasting model (e.g., lowest MAPE) is indicated by the bold type. The adjusted estimation sample includes the period 05/05/2004 — 04/30/2008, n=1041; the forecast sample includes the period
05/01/2008 — 09/30/2009, n=370. EViews 6 software package was used for the estimation and forecasts. One-step ahead static forecasts were employed to forecast the level of the series. The static method was used be it
calculates a sequence of one-step ahead forecasts, using the actual, rather than forecasted values for lagged dependent variables.

0ne-step ahead refers to the sectional data, which is daily. Since the primary data are hourly, one must interpret it as 24-steps ahead, so that one-daily-step ahead actually corresponds to 24-hourly-steps ahead. Since we have
removed weekends from the models estimated here, the one-step ahead forecasts made on a Friday will actually be forecasting Monday’s load, thus in some sense three-days ahead (72-hours ahead) forecasts are being made.

® Hours are based on Central Standard Time (CST), e.g., 2=2AmM-3AM CST
“The night load model is used to estimate hours 1-5, 23, and 24.
Root Mean Squared Error (RMSE) = / T+h (9. — y.)? /h where vy is the actual value in period t and 9, is the forecasted value in period t, and the forecast sample is j=T+1, T+2, ..., T+h (EViews 2008).

*Mean Absolute Error (MAE) = Y7k, .19, — y.|/h where y, is the actual value in period t and , is the forecasted value in period t, and the forecast sample is j=T+1, T+2, ..., T+h (EViews 2008).

"Mean Absolute Percentage Error (MAPE) = 100 Y742, |’7t_yt /h where y; is the actual value in period t and ¥, is the forecasted value in period t, and the forecast sample is j=7+1, T+2, ..., T+h (EViews 2008).

Yt
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Figure 1. Load for each hour from May 1, 2004 through April 30, 2008 (in-sample period)
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Figure 2. Load for each weekday hour from May 3, 2004 through April 30, 2008 (in-sample period)
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Figure 3a. Commonwealth Edison 5PM-6PM daily system-wide load versus average
daily air temperature from May 1, 2004 through April 30, 2008 using full week data

24,000

22,000 -

20,000 A

18,000 |

16,000 |

14,000 |

12,000 |

10,000 |

H5PM6PM [hourly load in Megawatt-hours]

8’000 T T T T T
-20 0 20 40 60 80 100

Temperature [degrees Fahrenheit]

Figure 3b. Commonwealth Edison 5PM-6PM daily system-wide load versus average
daily air temperature from May 3, 2004 through April 30, 2008 using weekday data
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Figure 3c. Commonwealth Edison 7AM-8AM daily system-wide load versus average
daily air temperature from May 1, 2004 through April 30, 2008 using full week data
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Figure 3d. Commonwealth Edison 7AM-8AM daily system-wide load versus average
daily air temperature from May 3, 2004 through April 30, 2008 using weekday data
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