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Abstract—This paper evaluates the usefulness of publicly avail-
able electricity market information in forecasting the hourly
Ontario energy price (HOEP). In order to do so, relevant data
from Ontario and its neighboring electricity markets, namely,
New York, New England, and PJM electricity markets, are in-
vestigated, and a final set of explanatory variable candidates that
are available before real-time are selected. Multivariate transfer
function and dynamic regression models are employed to relate
HOEP behavior to the selected explanatory variable candidates.
Univariate ARIMA models are also developed for the HOEP.
The HOEP models are developed on the basis of two forecasting
horizons, i.e., 3 h and 24 h, and forecasting performance of the
multivariate models is compared with that of the univariate
models. The outcomes show that the market information publicly
available before real-time can be used to improve HOEP forecast
accuracy to some extent; however, unusually high or low prices
remain unpredictable, and hence, the available data cannot lead
to significantly more accurate forecasts. Nevertheless, the gener-
ated forecasts in this paper are significantly more accurate than
currently available HOEP forecasts. To analyze the relatively
low accuracy of the HOEP forecasts, comparisons are made with
respect to ARIMA models developed for locational marginal
prices (LMPs) of Ontario’s three neighboring markets, and price
volatility analyses are presented.

Index Terms—Electricity markets, price forecasting, time series
models, volatility analysis.

I. INTRODUCTION

THE ONTARIO electricity market is interconnected with
the New England, New York, Midwest, and PJM electricity

markets. Generation companies and wholesale electricity con-
sumers in the region can choose to sell or buy electricity either
through the interconnected markets or bilateral contracts. Fur-
thermore, the demand-side entities may choose to supply their
energy needs through on-site generation facilities. Given such
a wide variety of options, forecasting the electricity markets
prices is an essential and critical function of market participants
to optimize their operations.

In recent years, several methods have been reported in the
literature for short-term electricity market price forecasting.
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Among those, artificial intelligence-based methods [1]–[5],
input/output hidden Markov models [6], wavelet models [2],
[7], ARIMA models [2], [7]–[9], multivariate dynamic re-
gression (DR) models [2], [10], multivariate transfer function
(TF) models [2], [10], [11], and GARCH models [12] have
been applied. These studies show that multivariate TF and DR
models have attained more accurate results than other methods.
For example, while the 24-hour-ahead Spanish electricity
market price forecasts generated by TF and DR models achieve
a weekly mean absolute percentage error (MAPE) of less than
5.2% [10], the weekly MAPE of the 1-hour-ahead forecasts
for the same market generated by input/output hidden Markov
models is 15.8% [6]. It is also reported in [2] that for PJM
market price forecasts, TF and DR models are superior to
neural network and wavelet models.

The hourly Ontario energy price (HOEP) is a province-wide
uniform market price applicable to wholesale electricity cus-
tomers. Forecasting the HOEP has been a challenging issue
for both market participants and the Ontario Independent
Electricity System Operator (IESO)[13]. Simulation-based
HOEP forecasts are published by the IESO, referred to as
predispatch prices (PDPs), and these are updated every hour
until real-time [14]. The last published PDP for a given hour,
called 1-hour-ahead PDP, is considered the final price signal to
be sent from the IESO to Ontario market participants before
real-time. However, historical market data reveal significant
deviation of the HOEP from 1-hour-ahead PDP, with an MAPE
of 35.2% over the first three years of market operation. Fur-
thermore, the 1-hour-ahead HOEP forecasts presented in [5] by
using a nonlinear neurofuzzy model have daily MAPEs varying
between 19.83% to 24% across different scenarios. To the best
of the authors’ knowledge, no work has been reported so far
with time series models for HOEP forecasting.

In this paper, the problem of forecasting the HOEP is studied.
A set of explanatory variable candidates are selected from a
wide range of market information publicly available before real-
time. Multivariate TF and DR time series models are selected
as the core of the HOEP forecasting models in view of their
promising performance in the previous price forecasting studies.
Accuracy of the multivariate models is compared with that of
the univariate ARIMA models for the HOEP in order to eval-
uate how useful the available market information is for fore-
casting future HOEP behavior. To compare price behavior in
the four interconnected markets, ARIMA models are also de-
veloped for three selected day-ahead locational marginal prices
(LMPs) from the New England, New York, and PJM electricity
markets. It should be emphasized that the goal of this paper is
not to introduce a new forecasting method but rather to mine

0885-8950/$20.00 © 2006 IEEE



1708 IEEE TRANSACTIONS ON POWER SYSTEMS, VOL. 21, NO. 4, NOVEMBER 2006

relevant market data and use the well-established forecasting
methods to translate the practically available market informa-
tion into price signals.

The rest of this paper is organized as follows: In Section II,
the selection of explanatory variable candidates is presented.
The time series models employed in this paper are briefly
reviewed in Section III. Section IV describes the ARIMA, TF,
and DR models developed for the studied market prices. In
Section V, numerical results are discussed and an analysis of
HOEP volatility is also presented. Section VI summarizes the
main contributions of this paper.

II. SELECTION OF EXPLANATORY VARIABLES

While demand has been the most commonly examined ex-
planatory variable in the reported price forecasting studies (e.g.,
in [2] and [10]), this paper evaluates a wide range of system
information to develop price forecasting models. The explana-
tory variable candidates are selected from information publicly
available before real-time, based on two main criteria. The first
criterion is the consideration of implicit and/or explicit effects of
the variables on the Ontario market clearing process. The second
criterion is the consideration of linear correlations between cur-
rent HOEP values and current and past values of the variables,
since TF and DR are linear models. While these correlations are
measured by the cross correlation functions (CCFs) [15], linear
correlation coefficients between current HOEP values and cur-
rent values of each explanatory variable candidate, referred to
as here, are the only correlation coefficients discussed here.

The Ontario Market Surveillance Panel (MSP) reports [13]
reveal that coal- and gas-fired generators are the main price
setters in the Ontario electricity market. However, although
fuel prices have shown to affect the long-term HOEP trends,
no short-term relationship between the HOEP and fuel prices
was found in [13]. Therefore, this paper does not consider fuel
prices among the explanatory variable candidates.

The ability of the market participants to react to price fore-
casts depends on the forecasting horizon. For example, in the
Ontario electricity market, dispatchable generators are restricted
from changing their bids two hours before real-time [16]. This
requires that HOEP forecasts should be generated at least three
hours before real-time so as to make them useful to this group
of generators. On the other hand, when the forecasting horizon
is long (more than 24 hours), critical market information is ei-
ther not available or available but likely subject to significant
changes. Thus, 3 hours and 24 hours are the reasonable HOEP
forecasting horizons used here to which market participants can
properly react.

The Ontario IESO publishes two sets of system operation data
prior to real-time dispatch of energy, which are mined here. The
first set consists of conventional forecasts for some of the market
variables and is published as the “System Status Report” (SSR).
The second set is referred to as the ”Pre-Dispatch Report” (PDR),
and it provides the market participants with simulation-based
forecasts of market outcomes [16]. These data sets are publicly
available on the IESO’s Web site at http://www.ieso.ca.

A. Explanatory Variables From the SSR

The SSR provides forecasts for Ontario demand and supply,
energy imports, and capacity excess or shortfall; it also contains

total planned transmission and generation outages and other
market advisory notices. The SSR is released for each day at
least 24 hours in advance; it is updated in case of any change in
the system status or forecasts.

1) Demand Forecasts: Annual MAPE of demand forecasts
can be defined as

MAPE
Demand Demand

Demand
(1)

where Demand and Demand are the forecast and the actual
values of demand at hour , respectively, and is the number
of days in the studied year ( for 2004). The SSR
24-hour-ahead demand forecasts have annual MAPEs of 2.1%
and 4.8% for 2004, when compared with actual Ontario demand
and actual market demand (demand plus exports and losses), re-
spectively. The linear correlation coefficient between the SSR
demand forecast variable and corresponding HOEP values is
0.68. Since demand is one of the main factors influencing the
HOEP, and since the SSR provides the most accurate forecast
of actual Ontario demand 24 hours before real-time, the SSR
demand forecast variable is included in the set of explanatory
variable candidates.

2) Predicted Supply Cushion: The SSR energy supply fore-
cast variable shows no meaningful linear correlation with the
HOEP. Nevertheless, the concept of supply cushion (SC) [13]
is used here and is defined as follows:

(2)

where EO is the actual energy offered, TD is the actual market
demand, and OR is the operating reserve requirement. It was
observed in [13] that price spikes are more likely when the
SC is below 10%. In this paper, (2) is modified and actual
quantities are substituted with respective forecasts from the
SSR; the resulting SC is referred to here as the predicted supply
cushion (PSC). The PSC is found to be linearly correlated
with the HOEP and hence is added to the set of
explanatory variable candidates.

3) Planned Outages: Although the physical power system is
not directly involved in the process of determining the HOEP
[14], the physical system can influence its behavior indirectly.
For example, outage of cheap generation facilities can result in
higher energy prices, especially during low-demand hours[13].
However, the total outages reported in the SSR is the aggrega-
tion of various planned generation and transmission system out-
ages, and this total is found to be not meaningfully correlated
with the HOEP . Hence, the SSR planed outages
variable is not considered in the model building process.

4) Capacity Excess or Shortfall: The SSR capacity excess
or shortfall variable is found to be linearly correlated with the
HOEP and hence is included in the set of explana-
tory variable candidates. However, it should be noted that when
demand is low, capacity excess is high and vice versa, a fact
confirmed by the high negative correlation between the SSR ca-
pacity excess or shortfall and demand . Therefore,
the SSR capacity excess or shortfall variable is highly collinear
with the SSR demand forecast variable and should be included
in the model only after the possible effects of demand have been
modeled.
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TABLE I
CORRELATION BETWEEN HOEP, k-HOUR-AHEAD PDPS, AND PDDS

5) Imports: The SSR import forecast variable deviates sig-
nificantly from actual values. Therefore, the import forecasts are
not considered in the set of explanatory variable candidates. No
export forecasts are published in the SSR.

B. Explanatory Variables From the PDR

The Ontario market clearing algorithm is run in two time-
frames, namely, the pre-dispatch and the real-time (dispatch).
The pre-dispatch run provides the market participants with the
“projected” schedules and prices, based on the most recent avail-
able market information. Outcomes of the pre-dispatch run are
published by the IESO as the PDR for a variety of variables,
including energy and operating reserves prices, total load, dis-
patchable load not served, system losses, and some of the system
security constraints. From the PDR variables, the PDP and pre-
dispatch demand (PDD) variables carry the latest information
about demand and price in the coming hours; hence, they are
examined here for their role in improving accuracy of HOEP
forecasting.

The PDP/PDD values that correspond to hour and that are
published hours before real-time are called -hour-ahead
PDPs/PDDs [14]. Linear correlation coefficients between
the HOEP and -hour-ahead PDPs , and be-
tween the HOEP and -hour-ahead PDDs , for

, are presented in Table I. Linear correla-
tion coefficients between actual Ontario market demand and

-hour-ahead PDDs are also presented in
Table I.

1) -Hour-Ahead PDPs: It can be inferred from the corre-
lation coefficients presented in Table I that when is small,
the -hour-ahead PDPs are closer to the HOEP. Hence, con-
sidering -hour-ahead PDPs as explanatory variables depends
on the forecasting horizon. For 24-hour-ahead forecasting, the
24-hour-ahead PDP variable is clearly not useful and hence is
not considered as an explanatory variable candidate. However,
for shorter forecasting horizons, -hour-ahead PDPs become
more relevant; thus, in this paper, the 3-hour-ahead PDP vari-
able is included in the set of explanatory variable candidates for
3-hour-ahead forecasting in this paper.

2) -Hour-Ahead PDDs: It can be observed from Table I
that the -hour-ahead PDDs do not deviate significantly from
actual market demand; thus, these should be included in the
set of explanatory variable candidates. Therefore, the 3-hour-
ahead PDD variable is considered an explanatory variable can-
didate for 3-hour-ahead forecasting. However, since the accu-
racy levels of the 24-hour-ahead PDDs and the SSR demand
forecasts are very close, only one of them, namely, the SSR
demand forecast, is included in the set of explanatory variable
candidates. It is worth mentioning that the 24-hour-ahead PDD
variable was also considered for model building, in lieu of the
SSR demand forecast, but no significant difference in the overall
performance of the developed models was observed.

TABLE II
CORRELATION BETWEEN DEMAND IN THE NEIGHBORING MARKETS,

ONTARIO PRICE, AND ONTARIO DEMAND, YEAR 2004

C. Demand and Energy Price in the Neighboring Areas

The Ontario electricity market is interconnected with the New
York electricity market and Quebec, Michigan, Manitoba, and
Minnesota control areas. The last three control areas are now
part of the Midwest market. The New York electricity market
is also interconnected with the PJM and New England elec-
tricity markets, and New England and PJM trade energy with
Quebec and Michigan. With such a complex interconnection
between neighboring areas, it is difficult to assess the effects
of energy price and demand of the neighboring areas on the
HOEP. Furthermore, lack of publicly available information on
quantity and price of energy transactions between Ontario and
Quebec, Michigan, Manitoba, and Minnesota constrained the
authors to consider only the effects of demand and price of the
New York, New England, and PJM electricity markets on the
HOEP. The data employed are available at http://www.nyiso.
com, http://www.iso-ne.com, and http://www.pjm.com.

1) Demand: To evaluate the possible effects of New England
and PJM market demands on HOEP, actual demand data from
these markets are considered. However, since these data are not
available before real-time, they cannot be considered in the final
models, even if they turn out to be significant. For the New York
market, historical demand forecasts are available and hence are
used in this paper.

Linear correlation coefficients between demand in the neigh-
boring markets and demand and price in Ontario market are pre-
sented in Table II. Climatic conditions that are similar across
New York, Ontario, and New England could be a reason for the
collinearity in demand between these markets. Consequently,
demand collinearity could be the reason for high correlation
between the HOEP and the New York and New England de-
mands. On the other hand, the low correlation between the On-
tario and PJM demands can be attributed to variations in the
residential and industrial load distribution pattern across these
markets, plus climatic differences between the two.

In this paper, the New York and New England markets de-
mands are considered as explanatory variable candidates. How-
ever, due to the collinearity between the Ontario demand and the
other demands, they should be included in the model building
process only after the effects of the Ontario demand on the
HOEP are modeled. Given its small correlation with the HOEP,
the PJM market demand is not considered an explanatory vari-
able candidate.

It was also observed that actual quantities of power transac-
tions through the Ontario–New York intertie had no meaningful
correlation with demand or price in the neighboring markets.
This lack of correlation is due to the fact that much of the overall
transactions constitute power wheeling transactions from dif-
ferent parties taking place through this intertie.

2) Price: Only day-ahead prices in the neighboring markets
are examined for their possible effects on the HOEP, because
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TABLE III
FINAL EXPLANATORY VARIABLE CANDIDATES

they are known before real-time. Note that the main components
of the costs of any energy transactions between Ontario and the
neighboring markets are the HOEP and the LMPs at the pricing
points in those markets involved in the trade. These LMPs are
denoted as LMP for the New York to Ontario interface in
the New York market, LMP for the New England to New
York interface in the New England market, and LMP for
the PJM to Ontario interface in the PJM market. Thus, only these
three LMPs are studied here.

The HOEP is correlated to LMP , LMP , and
LMP , with values of 0.69, 0.67, and 0.67, respec-
tively. Hence, they are considered as explanatory variable
candidates. Since market prices are influenced mainly by
demand, however, the high correlations may be due to the
similar demand patterns in the neighboring areas. Therefore,
the mentioned LMPs need to be included in the HOEP models
only after the possible effects of demand in Ontario and other
markets on the HOEP are properly modeled.

For simplicity, the final and total set of explanatory vari-
able candidates are denoted by to and summarized in
Table III.

III. REVIEW OF TIME SERIES MODELS

A. ARIMA Model

Let us denote the equally sequenced values of a stationary sto-
chastic process by . An autoregressive
moving average model ARMA for this process can be ex-
pressed as [17]

(3)

where , , and are the model parameters to be estimated.
is assumed to be an independently and identically distributed

(i.i.d.) normal random variable (shock) with mean zero and vari-
ance . Using the backward shift operator , defined as

, model (3) can be represented as

(4)

where is the nonseasonal
autoregressive operator , and

is the nonseasonal moving average operator .
Nonstationarity arises from instability in the mean and

variance of a process. Variance nonstationarity is dealt with

by the Box–Cox power transformations, which is defined as
for . For a given model, the

optimal value of is found by minimizing the sum of squares of
the residuals of the model. In case turns out to be close to or
equal to zero, a natural logarithmic transformation
is used. If nonstationarity is the result of a variable mean, the

th-order differenced process is modeled;
setting or usually induces constant mean. The
ARMA model for the differenced process is referred to
as the ARIMA model for the process .

A time series with potential seasonality, indexed by , is rep-
resented by a general ARIMA model

(5)
where and are nonseasonal and op-
erators; and are seasonal and
operators; and is the seasonal backward shift operator that is
defined as . For hourly data, and
indicate daily and weekly seasonality, respectively.

The Box–Jenkins three-stage procedure, comprising identi-
fication, estimation, and diagnostic checking, for the ARIMA
model building is used in this paper [17]. This procedure em-
ploys estimated autocorrelation functions (ACFs) and partial
autocorrelation functions (PACFs) for model identification.
Normalized residuals time-domain plots, residuals ACF, the
Ljung–Box statistics, residuals probability plots, and plotting
residuals against the fitted values are popular tests in the diag-
nostic checking stage; all of these are employed in this paper.

B. Dynamic Regression Model

A dependent variable can be related to a set of explanatory
variables by a DR model, as follows:

(6)

where ’s and ’s are model parameters to be estimated.
Note that up to lagged values of the dependent variable ,
as well as lagged values of the explanatory variable , are
included in the model. Using the backward shift operator ,
model (6) can be represented as

(7)

where is defined in (4). The DR models are built using the
three-stage linear transfer function (LTF) method [15].

C. Transfer Function Model

In a more general form than the DR model, the relationship
between the dependent variable and the independent variables

can be defined as a rational transfer function term and a dis-
turbance term as follows[15], [17]:

(8)
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where ; ; is
the order of the polynomial ; is referred to as the delay
time for variable ; the disturbance term is expressed by an
ARMA model, i.e., ; and the polynomial
operators and are defined in (4). The model in (8)
is referred to as a TF model. The LTF method along with the
corner table tool are used to identify rational form TF models in
this paper [15].

IV. MODELING MARKET PRICES BY TIME SERIES MODELS

A. General Considerations

Three time periods, each of two weeks duration, are selected
for building the time series models and generating HOEP
forecasts. The first period comprises two consecutive weeks
from April 26 to May 9, 2004, referred to as Week and Week ;
during this period, the Ontario market demand reached its
spring low point. The second period comprises two consecutive
summer peak-demand weeks from July 26 to August 8, 2004
and are referred to as Week and Week . The last period
includes two high-demand winter weeks in 2004, spanning
December 13–26, and are referred to as Week and Week .

Models for each of the six weeks have been individually iden-
tified, estimated, and checked. The ARIMA models are built
using four weeks of historical data, while the TF and DR models
are developed based on ten weeks of historical data. The main
criteria for identifying the final models are as follows: diagnostic
checking tests (see Section III-A); the principle of parsimony
[17]; -value of the estimated model parameters; Akaike Infor-
mation Criterion (AIC) [15]; out-of-sample forecasts accuracy;
and reality of the identified models.

To illustrate some results of the diagnostic checking stage, the
residuals ACFs of the 24-hour-ahead forecasts by the TF model
and the 3-hour-ahead forecasts by the DR model developed for
Week (in Section IV-C) are presented in Fig. 1; the horizontal
bands in this figure represent the significance limits of the ACFs.
Observe that no significant correlations for the first few lags and
the relevant seasonal lags (e.g., 24, 48) exist.

The Scientific Computing Associates (SCA) statistical
system is used here to build the proposed models [18]. To deal
with outliers, the Chen–Liu algorithm for joint estimation of
model parameters and outliers [19], implemented in the SCA
system, is employed. Natural logarithmic transformation is
found to be the optimal Box–Cox transformation for variance
stability in this paper, given the historical data and the identified
models; hence, the forecasts are untransformed using the unbi-
ased untransformation method in [20]. Furthermore, a seasonal
differencing with is applied to induce mean stationarity
in all models. The transformed differenced HOEP time series,
i.e., , is referred to as here onward.

B. ARIMA Models for the HOEP

A shorthand convention, also used in [18], is employed here
for simplicity to show the developed ARIMA models. According
to this convention, an AR or an MA operator is represented by the
orders of the respective backward shift operator. For example,
the ARIMA model

is shown as
. The ARIMA models developed for each of the six

studied weeks are listed in Table IV.

Fig. 1. Week : a) Residuals ACF of the DR model. b) Residuals ACF of the
TF model. (Color version available online at http://ieeexplore.ieee.org.)

TABLE IV
ARIMA MODELS FOR THE HOEP

C. TF and DR Models for HOEP

Multicollinearity arises in a regression problem if there is a
linear dependency among the explanatory variables. Popular
methods to deal with the problem of multicollinearity, such as
ridge regression [21] and principal component regression [22],
are developed in the ordinary regression framework. Hence,
they are not applicable to multivariate time series models, given
the inherent differences between model definitions and estima-
tion for time series models and ordinary regression models. In
this paper, a two-step procedure is designed for building the TF
and DR models in the presence of multicollinearity among the
explanatory variables, as follows.

1) In the first step, market knowledge, theoretical justifica-
tions, and linear correlation between the HOEP and the ex-
planatory variable candidates are used to choose the most
influential explanatory variable, referred to as the “first-
step variable.” TF and DR models for the HOEP are fully
built assuming that the first-step variable is the only ex-
planatory variable. In this step, the power transformation
and the differencing order, which are needed for stabilizing
the variance and the mean of the time series, are identified.

2) In the second step, the general form of the transfer func-
tion term associated with the first-step variable is kept con-
stant, and other variables are added to the model in a step-
wise manner; variables with collinearity with the first-step
variable are considered first. The performance of the new
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TABLE V
DISTURBANCE TERMS FOR 3-HOUR-AHEAD FORECASTING TF MODELS

models is monitored using the identification criteria men-
tioned in Section IV-A. The transfer function terms asso-
ciated with each significant variable, as well as the distur-
bance terms, are modified appropriately in this step, and
the final model is identified by adding other explanatory
variable candidates and repeating this step.

Since PDP variables are produced by mimicking the market
clearing process using the most recent market data, they implic-
itly carry the information of inherent interactions among influ-
ential market variables. Hence, the 3-hour-ahead PDP variable,
namely, , is considered as the first-step variable in the TF and
DR models when the forecasting horizon is three hours. In ad-
dition, given the critical effect of Ontario demand on the HOEP,
the SSR demand forecast variable, namely, , is selected as the
first-step variable when the forecasting horizon is 24 hours.

Lags 1, 2, 3, 4, 23, 24, 25, 47, 48, 49, 71, 72, 73, 95, 96, 97,
119, 120, 121, 143, 144, 145, 167, 168, 169, 335, and 336 of
each explanatory variable candidate are considered for TF and
DR model building. The inclusion of trading-day effects in the
TF and DR models was not found to improve overall forecast
accuracy; this can be attributed to the fact that demand forecasts
are already used as model inputs, carrying the corresponding
trading-day information.

1) TF Models: The final TF models in the first step for
3-hour-ahead and 24-hour-ahead forecasting hold the following
form:

(9)

(10)

Observe in models (9) and (10) that only the two latest values of
the first-step variables affect HOEP behavior. The LTF method
and the corner table tool did not yield a rational form for the TF
models in all cases in this step.

In the second step, the following TF models were finally iden-
tified for 3-hour-ahead and 24-hour-ahead forecasting:

(11)

(12)

No rational form was identified for the models in this step. The
disturbance terms corresponding to models (11) and (12) are
presented in Tables V and VI, respectively.

TABLE VI
DISTURBANCE TERMS FOR 24-HOUR-AHEAD FORECASTING TF MODELS

2) DR Models: The general forms of the final identified DR
models for the six weeks under study, and for both forecasting
horizons, are

(13)

(14)

The final identified ’s turn out to be similar for both
forecasting horizons and can be presented as

. However, the fol-
lowing lags were found to be not significant: lags 2, 3, 4, 23,
335 for Week ; lags 3, 4, 25, 336 for Week ; and lags 2,
335, 336 for Week .

D. ARIMA Models for the Neighboring Markets’ LMPs

In order to compare the price behavior in Ontario with that
in the neighboring markets, ARIMA models are also developed
for LMP , LMP , and LMP ( , , and ).
Ten weeks of historical data are used to identify and estimate
the following models for Week .

1) New England:

(15)

2) New York:

(16)

3) PJM:

(17)

It is observed that the studied LMPs exhibit a stable behavior;
in other words, models (15)–(17) fit the data well for Week
and even for Week and Week . Similar modeling features
are reported in [2], [8], [10], and [11], where the developed
models are reported to perform stably for long periods of time,
in some cases for a full year. However, the final identified
ARIMA, TF, and DR models for the HOEP are different for
the studied weeks. The unstable behavior of the HOEP models
highlights the fact that these models have to be re-identified and
re-estimated after new observations are available. The need for
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TABLE VII
WEEKLY MAPES (%), AND WEEKLY MAES ($/MWH) FOR HOEP MODELS

model re-identification implies that market participants cannot
count on a single model in order to produce HOEP forecasts
in a nonsupervised automatic manner, a fact that must be taken
into account for commercialization of the forecasting models.

V. NUMERICAL RESULTS AND DISCUSSIONS

A. Final Identified Explanatory Variables

The final identified sets of explanatory variables differ for
the two forecasting horizons. When the forecasting horizon is
three hours, 3-hour-ahead PDD and New England demand are
the significant explanatory variables for both of the TF and DR
models identified in the second step. For the 24-hour forecasting
horizon, PSC and New England demand are identified as signif-
icant variables in the second step. It is observed in [13] that New
England electricity market prices are generally higher than the
HOEP, a factor affecting exports from Ontario, which in turn
affects HOEP behavior. This would explain why New England
demand appears in the developed TF and DR models, hence
improving the forecast MAPEs by about 1%. However, since
after-the-fact New England demand data are used in the model
building process, it is expected that if demand forecast is used
in a practical implementation, it would offset this improvement;
hence, New England demand is excluded from the final pre-
sented models.

Because of the presence of the 3-hour-ahead PDP variable in
the 3-hour-ahead forecasting models, the PSC variable does not
appear in these models. This complies with the nature of PDPs,
which are the final projected values of the HOEP, taking into ac-
count all available market information and market variable in-
teractions. Demand and price from other markets, and the SSR
capacity excess or shortfall variable, are also insignificant vari-
ables in the developed models, thereby implying that they do
not carry additional information once the effects of the Ontario
and New England demands are modeled.

B. Accuracy Measures

Two measures are used in this paper to quantify out-of-sample
forecast accuracy of the developed models. Thus, the absolute
error (AE) is defined as

(18)

where and are the forecast and the actual
values of HOEP for hour , respectively. The absolute per-
centage error (APE) is defined as

(19)

Consequently, the weekly mean absolute error (MAE) and mean
absolute percentage error (MAPE) can be defined as follows:

(20)

MAPE (21)

C. Forecasting Results for Ontario

The weekly MAPEs and MAEs of the generated HOEP fore-
casts, and those of the IESO-generated PDPs for the six studied
weeks, are presented in Table VII. The forecasting origin for a
set of 24-hour-ahead forecasts is the last hour of the previous
day; for example, for the 24-hour-ahead forecast horizon span-
ning from today midnight to tomorrow midnight, the forecasting
origin is 11 P.M. today. It is therefore understandable that fore-
casting origins move through the day in case of 3-hour-ahead
forecasting. It is to be noted that the PDP values used in this
paper have the same forecasting origins as the generated HOEP
forecasts. The mean, standard deviation, minimum, and max-
imum of the HOEP for the six studied weeks are presented in
Appendix A for the interested reader.

The results presented in Table VII show that the accuracy
of the generated HOEP forecasts is significantly higher than
that of the IESO-generated PDPs. The overall MAPE of the
generated forecasts are 23.9% and 11.7% lower than those of
the IESO-generated PDPs for 24-hour-ahead and 3-hour-ahead
forecasts, respectively. Also, the overall weekly MAE of the
24-hour-ahead and 3-hour-ahead forecasts generated by the TF
and DR models are $11.8/MWh and $5.3/MWh lower, respec-
tively, than those of the 3-hour and 24-hour-ahead IESO-gener-
ated PDPs. Furthermore, observe that, as expected, the accuracy
of the forecasts is generally higher for the shorter forecasting
horizons.
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The results in Table VII clearly show that for the high-demand
period (Week to Week ) multivariate models outperform the
univariate models; the MAPEs of the 24-hour-ahead forecasts
generated by the TF models and the 3-hour-ahead forecasts
made by the DR models improve by 2.1%, and 2.6%, respec-
tively. In terms of MAE, the improvements achieved over the
ARIMA models by the multivariate models are $1/MWh for the
24-hour-ahead forecasts and $1.2/MWh for the 3-hour-ahead
forecasts. However, for the low-demand period (Week and
Week ), inclusion of the market data in the multivariate models
does not improve forecast accuracy. This result implies that
during low-demand periods, the market data carry less useful
information than during high-demand periods. The improve-
ments made by the multivariate models are lower when all the
six studied weeks are considered.

Although inclusion of the “before-the-fact” market data into
the forecasting models improves forecast accuracy to some ex-
tent, this improvement is not significant. The small improve-
ments in accuracy of the multivariate HOEP models can be at-
tributed to the real-time nature of the Ontario market. In Ontario,
the entire demand obligation has to be cleared in real-time; thus,
given the “hockey stick-shape” generation offer curve in Ontario
[13], unpredictable events such as demand over-forecasting, de-
mand under-forecasting, and import/export failures oblige the
market operator to commit expensive units on the “blade” por-
tion of the offer curve, or de-commit some of the already com-
mitted units and move back on the “shaft” portion of the offer
curve. This requirement puts upward or downward pressures on
the HOEP, leading to price spikes. Furthermore, out-of-market
actions by which the market operator manipulates the market
clearing procedure affect the patterns behind the price behavior.
Hence, the HOEP is highly volatile, as analyzed in more detail in
Section V-F, and the information contents of the before-the-fact
market data have a high level of uncertainty.

In some studies, such as [2] and [10], multivariate models
are reported to have significantly outperformed univariate
models. These two studies have used “after-the-fact” demand
data for developing multivariate models. Although building
price models using actual demand data is important in order to
discover the true demand-price relationships, these data are not
available before real-time for a practical price forecasting tool.
On the other hand, the multivariate models developed in this
paper do not significantly improve forecast accuracy compared
with univariate models. This deficiency can be attributed to the
lack of accuracy in information content of the before-the-fact
data used.

The forecasts obtained for Week , one of the highest de-
mand weeks of 2004, have the lowest error among the studied
weeks. Actual values of HOEP, and the most accurate HOEP
obtained using the corresponding TF model, are depicted in
Fig. 2. During this week, prices on all seven days were within the
normal range, except for three unusual price spikes. Although
the general price trend during this week could be forecasted with
considerable accuracy, none of the three price spikes were cap-
tured by the models.

The 24-hour-ahead HOEP forecasts generated by the ARIMA
and the TF models are plotted against the corresponding actual
HOEP values for Week in Fig. 3, which presents the poorest

Fig. 2. Twenty-four-hour-ahead and 3-hour-ahead HOEP forecasts for Week
by the TF and DR models.

Fig. 3. Twenty-four-hour-ahead HOEP forecasts for Week by the ARIMA and
TF models.

forecasting results; the results for the DR model are similar to
those of the TF and hence are not shown here. During Week ,
the prices are unusually high for the first two days and relatively
low for the rest of the week. Note that none of the models can
reasonably forecast the unusually high or low prices, although
the TF and DR models predict high/low prices relatively better
than ARIMA.

Histograms of values for the 24-hour-ahead forecasts
by the TF models, and for the 3-hour-ahead forecasts by the
DR models for the entire six-week period, are shown in Fig. 4;
histograms of the corresponding PDPs for each forecasting
horizon are also presented for comparison purposes. Although
the accuracy of the generated HOEP forecasts is significantly
higher than the PDPs, there still exist some hours during which
the forecasting errors are relatively high. For example, for 28%
of the hours in the case of 24-hour-ahead forecasts, and for
17% of the hours in the case of 3-hour-ahead forecasts, the
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Fig. 4. APE ’s histograms for the TF and DR models.

’s are more than 20%. If only the high-demand period,
i.e., Week –Week , is considered, these numbers improve to
19% for 24-hour-ahead forecasts and to 11% for 3-hour-ahead
forecasts.

D. HOEP Forecast With Neural Networks

Neural network (NN) forecasting models were developed to
evaluate whether nonlinear models can provide better forecast
of the HOEP. For this purpose, fully connected feed-forward
multilayer perceptron NNs with one hidden layer are considered
[23]. All the explanatory variable candidates listed in Table III,
plus the planned outages variable discussed in Section II-A-III,
as well as their lagged values discussed in Section IV-C, are con-
sidered when building the NN models. Since there is no globally
accepted rule for finding the optimum set of NN inputs, dif-
ferent input sets of explanatory variables were evaluated. The
sets of explanatory variables determined for the linear models
in Section IV-CI were also fed into the networks in one spe-
cific scenario. Furthermore, different numbers of neurons for
the hidden layer were tested, and different ranges of historical
data, from 10 previous weeks to 36 previous weeks, were con-
sidered. The NN models were developed using the MATLAB
Neural Network Toolbox, and the scaled conjugate gradient al-
gorithm was employed for network training [24].

The forecasts generated by the developed NN models were
found to be generally less accurate than those by the proposed
multivariate time series models. For example, in the most ac-
curate NN scenario, the grand average of the MAPEs of the
24-hour-ahead forecasts over the six-week period was 18.8%.

TABLE VIII
WEEKLY MAPES (%) OF THE NEIGHBORING LMP

FORECASTS AND THE VOLATILITIES

In this scenario, the input set comprised HOEP lagged values,
namely, lags 1, 2, 24, 120, 121, 169, and 336; current and two
lagged values of the PSC; and current and two lagged values of
the SSR demand forecast. Seven neurons were assigned for the
hidden layer, and 15 weeks of historical data yielded the most
accurate results in this scenario. The lowest six-weekly MAPE
of the generated 3-hour-ahead forecasts by NNs was 14.0%.

Linear models have been found to outperform NN models for
PJM market price forecasting in [2]. Furthermore, the HOEP
forecasts generated by the neuro-fuzzy models in [5] present
higher errors than those reported in this paper. Moreover, se-
lecting appropriate inputs and structure for NN models, as well
as the process of training NNs, is more time-consuming than
building the TF and DR models. Accordingly, NN models were
not considered among the main forecasting tools in this paper.

E. Forecasting Results for the Neighboring Markets

The models developed in Section IV-D are used to generate
24-hour-ahead forecasts for the studied LMPs for Week to
Week . The time duration of these weeks is the same as that
defined in Section IV-A and corresponds to two typical low-de-
mand and two typical high-demand weeks in these markets.
For comparison, the calculated weekly MAPEs of the forecasts
are presented in Table VIII along with the respective results for
the HOEP forecasts. Observe that the accuracy of the forecasts
generated for the New England, New York, and PJM day-ahead
market LMPs, i.e., , , and , is higher than the accuracy
of the HOEP forecasts. As well, the HOEP forecasts reported
in this paper, and elsewhere [5], [13], have a much lower accu-
racy level than price forecasts for other markets (e.g., Spanish
[10] and PJM [2] markets). A volatility analysis is presented
in Section V-E in order to partly explain the relatively low
accuracy level of the HOEP forecasts.

F. Historical Volatility Analysis

The Ontario electricity market is a single-settlement real-time
energy market, whereas the three neighboring markets are
two-settlement markets, having both real-time and day-ahead
markets. Since most of the daily load obligations are usually
cleared in day-ahead markets (e.g., 97% in New England
[25]), volatility of the HOEP is compared with the volatility
of day-ahead prices in the neighboring markets. Following the
definition of historical volatility [26], let us define the daily
logarithmic return for all market prices as

(22)

where is the current price observation, and is the price
observation made 24 hours before. Historical price volatility,
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i.e., , is defined as the standard deviation of over a specific
period.

Historical volatilities are calculated over every 24 hours
of the first nine months of 2004 by substituting with the
HOEP and the day-ahead market LMPs of various pricing
points in the New England, New York, and PJM markets. The
nine-month averages of the calculated historical volatilities for
the HOEP, , , and , that is , are presented in the last
row of Table VIII. Since other studied pricing points in the
three neighboring markets behaved in a similar manner, the
associated numerical results are not presented here. Observe
from Table VIII that the average historical volatilities are
consistent with the MAPEs; in other words, the markets with
higher volatility have the largest MAPE value, with the Ontario
market showing the highest volatility and MAPE.

It is shown in Appendix B that variance of errors of out-of-
sample forecasts generated for a time series by the studied time
series models is directly proportional to the variance of the time
series itself. Hence, the high volatility of HOEP time series
limits the accuracy of the HOEP forecasts, and one cannot ex-
pect to forecast future values of the HOEP as accurately as for
other market prices, e.g., . A discussion of the reasons for
the high HOEP volatility is beyond the scope of this paper.

VI. CONCLUSIONS

In this paper, publicly available electricity market data from
Ontario and neighboring markets were evaluated to determine
how efficiently they can be employed for improving HOEP fore-
cast accuracy. A wide range of market information was studied
in detail, and a final set of explanatory variable candidates was
selected. Important practical issues, such as the availability of
explanatory variables before real-time, the market structure, and
the market operational time-line, were considered in the process
of selecting the explanatory variables. The novel concept of
PSC was introduced as an explanatory variable candidate in this
paper.

Multivariate TF and DR models were chosen as the backbone
of the presented forecasting study in order to relate HOEP be-
havior to the selected market variables. Also, univariate ARIMA
models were developed for the HOEP. The problem of multi-
collinearity among the explanatory variable candidates was ad-
dressed by a two-step model building procedure. The developed
models were used to generate HOEP forecasts for low-demand,
summer peak-demand, and winter peak-demand periods.

The results show that the forecasts generated by the devel-
oped models are significantly more accurate than all currently
available HOEP forecasts. However, inclusion of Ontario
market information in multivariate HOEP models does not
lead to models with remarkably higher accuracy than the uni-
variate ARIMA models, especially during low-demand periods.
Furthermore, the available market data are not very useful
in predicting unusual upward or downward price spikes. The
small improvements achieved by the multivariate models are
attributed to the information contents of the market data avail-
able in practice. Nonlinear NN models for HOEP forecasting
are also developed, concluding that these models do not yield
better forecasts than the linear TF and DR models.

This paper demonstrates that accuracy of forecasts generated
by time series models is directly affected by volatility of the

TABLE IX
HOEP STATISTICS FOR EACH WEEK

time series under study. Also, the HOEP is shown to be sig-
nificantly more volatile than the day-ahead neighboring market
prices. These facts explain the lower level of accuracy of HOEP
forecasts in comparison to those of other market prices. The re-
sults of this paper also show that HOEP models are less stable
than similar models for other market prices. This model-insta-
bility basically highlights the difficulties of developing practical
HOEP forecasting tools.

APPENDIX A

Table IX presents the mean, standard deviation (STD), min-
imum (Min), and the maximum (Max) of the HOEP for each of
the six studied weeks.

APPENDIX B

Using the Wold representation of a covariance stationary time
series, a zero-mean process can be presented with a random
shock plus the infinite weighted sum of previous observations
of the random shock as follows [17]:

(23)

The relationship between the variance of , i.e., , and the
variance of the random shock , i.e., , can be written as

(24)

On the other hand, the variance of the -step-ahead forecast
error, i.e., , can be presented as

(25)

From (24) and (25), can be written as

(26)

where for a finite forecasting horizon . For a given
process that follows an specific ARIMA model, is a
constant depending on the estimated parameters of the model.
Hence, higher volatility in , i.e., high , results in high

, which means that forecast errors can potentially be high.
Similar reasoning can be applied to TF and DR models with
similar conclusions.
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