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(ABSTRACT)

Short-term load forecasting (STLF) deals with forecasting of hourly system
demand with a lead time ranging from one hour to 168 hours. The basic objective of the

STLF is to provide for economic, reliable and secure operation of the power system.

This dissertation establishes a new approach to artificial neural network (ANN)
based STLF. It first decomposes the prediction problem into representation and function
approximation problems. The representation problem is solved using phase-space
embedding which identifies time delay variables from load time series that are used in
forecasting. The concept is inherently different from the methods used so far because it
does not use correlated variables for forecasting. Temperature variables are included as
well using identified embedding parameters. Function approximation problem is
approached using ANN ensemble and active selection of a training set. Training set is
selected based on predicted weather parameters for a prediction horizon. Selection is
done applying the k-nearest neighbors technique in a temperature-based vector space. A

novel approach of pilot set simulation is used to determine the number of hidden units for



every forecast period. Ensemble consists of two ANNs which are trained and cross
validated on complementary training sets. Final prediction is obtained by a simple average

of two trained ANNSs.

The described technique is used for predicting one week’s load in four selected
months in summer peaking and winter peaking US utilities. Mean absolute percent errors
(MAPEs) for 24-hour lead time predictions are slightly greater than 2% for all months.
For 120-hour lead time (weekday) predictions, MAPEs are around 2.3%. MAPE:s for 48-
hour lead time (weekend) predictions are around 2.5%. Maximal errors for these cases
are around 7%. Predictions for one-hour lead time are slightly higher than 1% for all
months, with maximal errors not exceeding 4.99%. Peak load MAPEs are 2.3% for both
utilities. Maximal peak-load errors do not exceed 6%. The technique shows very good
performance faced with sudden and large changes in weather. For changes in temperature

larger than 20° F for two consecutive days, forecasting error is smaller than 3.58%.
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1. INTRODUCTION

In this chapter the description of the short-term load forecasting, its role, and
importance in electric power system operation is given. It is followed by the outline of the

main goals of the dissertation and the proposed approaches to the problem.

1.1 Problem Description

Short-Term Load Forecasting (STLF) deals with forecasting of system loads
having a lead time of the order of hours. Typically it spans prediction times of one hour to
one week (168 hours) ahead. Usually, the forecast quantity is integrated load (kWh or

MWh) for a chosen time step, which in most cases is an hour or half-hour.

The basic objective of the STLF is to provide for economic, reliable, and secure
operation of the power system. Namely, it provides information for the generation
scheduling functions of the power system, for the power system security assessment, and
for the power system dispatcher. In purely hydro systems, load forecasts are needed for
hydro scheduling function to determine the optimal releases from the reservoirs and
generation levels. In purely thermal systems, the unit commitment function determines the
minimal cost strategy for providing the forecasted load. In mixed systems, the hydro-
thermal coordination function is used to divide the forecasted load between hydro and

thermal units so as to minimize production costs. A scheduling task associated with the
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generation scheduling is area interchange planning which is performed by interchange
evaluation function. Again, the forecasted load is needed to secure the most economic
interchange with other electric power utilities. The power system security assessment
needs the predicted load for contingency analysis function by which various scenarios of
possible system failures in the future are identified. This results are used to avoid
operating conditions which could lead to the undesirable system states and to prepare
necessary corrective actions. The system dispatcher needs timely information to operate
system economically and reliably. For all of these functions the accuracy of the forecasts
is very important. For instance, if load is overpredicted, unnecessary units will be put on
line, incurring additional operating costs. Underprediction of load leads to a failure to
secure the needed reserves, which calls for use of the peaking units, and that, again,
increases operating costs. It was estimated that for the predominantly thermal British
power system increase in the forecasting error of 1% causes operating costs to increase 10
million pounds per year [10]. It can be concluded that STLF is of the highest importance

for the formulation of the economical operating policy of a power system.

1.2 Outline of the Dissertation

The objective of this dissertation is to develop a generalized approach to predicting
electric power load time series. For this purpose the problem of time series prediction is

decomposed into representation and function approximation problem, Figure 1.1.
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Figure 1.1 Decomposition of ANN-based forecasting.
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Representation problem is approached using state space embedding, a new term
and a new mathematical field of research developed in the last decade. In the perspective
of this approach, historical load consumption time series is embedded into high
dimensional vector space using time delay load coordinates. The goal is to obtain single
valued surface in the space so that desired mapping can be reconstructed. In the case of
STLF, the interest is to establish mapping between the current vector at hour 4 and the
load of the next hour. The embedding in this research is accomplished using the Integral

Local Deformation Method.

It is well known that a strong relationship between load and temperature exists.
To take temperatures into account, it would require embedding of vector time series
which is, for the time being, theoretically unsolved problem. Therefore, besides load,
temperature is added to the identified load. Since there is no mathematical background
which can suggest which temperature to add, it has been experimented with various
combinations. The goal is to come up with the combination valid for the majority of
practical situations. Also, information on the inherent cycles are incorporated in input

data because it is known experimental fact that it is beneficial for ANNS.

Function approximation problem is approached using ANNs. In the last couple of
years, it has been theoretically established that ANNs are universal approximators, which
justifies the choice. The attention has been focused on conventional multilayer perceptron
with some advanced features, such as conjugate gradients and simulated annealing. In this
way the learning process is made more efficient and automatic. One of the main problems
in ANN based forecasting is choice of appropriate input variables. This research proposes

a new approach to solve the problem using state space embedding.
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The specific field of electrical engineering to which the proposed concept will be
applied is short-term load forecasting in electric power utilities. The ANN based
approaches to STLF tried so far suffer from being too site specific and heuristics in their
approach to the subject. The only general approach recently reported in the literature has
significant disadvantage of being overly complicated and heuristic: it uses 38 ANNs with
14 of them having 72 inputs each to predict the next 24-hour load. This obviously

complicates the applicability of this technique.

The significance of this work lies in its goal to develop a generalized forecasting
technique. Practical methodology developed in this research effort can be used for various
ANN based time series prediction problems existing or emerging in the electric power
field. For the ANN area, the research contributes to further promotion and successful

application of ANN technology to the economically important and complex field.
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2. LITERATURE REVIEW

Major role and great importance of STLF has prompted many different approaches
to the topic. This chapter reviews related work done in the classical as well as the field of
artificial intelligence. The variety of approaches and techniques used illustrates two

things:

a) the problem of STLF has not been solved in a general manner,

b) its great economic importance justifies new approaches and possible improvements.

Upcoming deregulation and related changes in the United States electric utility

industry will even more emphasize the importance of STLF.

2.1 Review of the Previous work in Traditional STLF

The review presented here is mainly restricted to relevant recent work in the area.
A good overview of the earlier work could be found in [10,32,2,61], while the detailed

review of the work after 1988 is given in [80].

For forecasting hourly loads with 24-hour lead time, Campo et al. [14] have

proposed a general methodology based on the state-space model of load and weather
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variables. The model consists of winter and summer part, each containing different
weather variables. It is suggested to tune the parameters of each model for one month
before it is used. Adaptiveness is achieved using Kalman filtering in processing new data
and updating the state models. Also, anomalous load data are excluded from the input data
and special procedure is initiated in order to prevent model parameters from
contamination which would produce meaningless subsequent forecasts. Forecasts are
made for summer and winter loads. The average root mean square errors, expressed as

percentage of daily peak load, range from 1.73% to 3.61%.

Lu et al. [57] have proposed a new adaptive model based on Hammerstein
nonlinear time-varying relationship between load and the temperature. In this way matrix
operations involved in adaptive algorithms such as least mean squares, recursive least
squares, sequential regression and Kalman filtering algorithm are avoided. This helps with
improved numerical stability and model tracking ability. Due to its tracking abilities, this
algorithm need not be updated off-line seasonally. For one hour lead time and with actual
temperatures used for forecast, RMS errors are reported to be 2.16% of the daily peak

load.

Hubele and Cheng [33] based their algorithm on statistical decision functions. Lead
time can range from 16 to 64 hours. Using Ward clustering algorithm, they have identified
four disjoint seasonal subsets of historical weather and load data. For each set of data and
for each of five defined day types, a time series transfer function model is developed. Each
model forecasts integrated daily load, and distributes that load across all hours of the day.
To identify appropriate model for a particular day, another statistical decision method,

called discriminant function, is used. In this way the whole library of rather simple

Literature Review 7



forecasting models is obtained which is the main benefit of the approach. However,
because of partition of original data set, it is necessary to have rather large historical
database in order to estimate parameters of the models. Test results of an aposteriori

simulation for a whole year show mean hourly absolute relative errors to be in the range of

1.73% to 5.92%.

In Barakat et al. [5] authors deal with an STLF of daily peak demand in a fast
developing utility in Saudi Arabia. In the first part of the paper they have showed that
application of classical forecasting techniques such as time-series decomposition method,
seasonal auto-regressive integrated moving average or Winter's seasonal smoothing
method is not satisfying. Main source of error is relatively short historical data base,
subsidized prices of electric energy, and cyclic moving special events attributed to lunar
calendar. In the second, part authors have proposed method to isolate seasonal trends and
cyclic effects from the historical data. Once these effects are isolated, peak load forecasts
can be made using conventional techniques. To account for the isolated effects, they
developed separate forecasting models. Final forecast is obtained by superposition of the
forecasts obtained. Although results show improvement compared to the forecast made
with unadjusted data, absolute relative error is, however, still rather large. It ranges from a

low of 2.31% to a high of 69.48%. This calls for further improvements in proposed

methodology.

Papalexopoulos and Hesterberg [66] have introduced rather complex methodology
for daily peak and load shape forecasting. To produce initial peak load forecast authors
have used linear regression. Initial peak load forecast is then adjusted with initial hourly

forecasts to produce final peak and hourly forecasts. In order to model special events,
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authors have described a rather innovative approach based on binary variables. Also, to
reduce the sensitivity of the predictor to temperature forecast, they have considered
temperature as a stochastic variable and created two pseudo-observations out of each
predicted temperature value: one for upper and the other for lower temperature limits.
Parameter estimation of the regression model is then done with the resulting doubled data
set. Robustness of the model is achieved by weighted least squares techniques. Forecast
accuracy for the utility with a substantial weather sensitive load largely depends on the
temperature modeling. Therefore authors have devoted to this topic special attention using
heating and cooling degree functions. Model is tested aposteriori, using two years of real
data for Pacific Gas and Electric Company. The resulting forecasts show a mean standard
deviation of 1.62%, with the greatest value for Mondays (1.94%) and lowest for

weekdays (1.37%).

Due to the inaccuracy in weather predictions and difficulties in modeling weather-
load relationship, a non-weather sensitive approach is advocated by Park et al. [69]. The
adaptive algorithm is based on the load time series decomposition into nominal load,
residual load, and day-type load. Each of the component is forecast in a different way and
load forecast is obtained by combining those values. The nominal load represents load
under normal conditions i.e. when no special events or blackouts occur. For this
component, a state-space model is devised and Kalman filtering is used to predict the load
and filter out random load components from actual data. Model is updated by the
exponentially weighted recursive least squares method. The day-type load represents the
difference between the weekday loads and the Saturday, Sunday, or Monday loads, and is
forecast by exponential smoothing method. This component is used only for weekend load

prediction. The residual load component is due to modeling error because the procedure
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does not include load data of the preceding hours of the day, and should be stationary
zero-mean random process. It is predicted by the autoregressive model, and parameters of
the model are estimated using the recursive least squares method. The model has been
tested with data over a period of six months giving a mean relative error of 1.40% with

highest error for first and third Sundays (2.23%) and lowest for weekdays, excluding

Mondays (1.23%).

Grady et al. in [33] have reported on improvements made in their previous model
[57]. Main concept of the model is the same, but lead time of the model is extended to five
days with one hour steps. To decrease the error as much as possible, more precise model
is developed that includes wind-chill and temperature humidity indices. The new model
has different parts for day-time and night-time hours and an additional part to deal with
abrupt weather changes. In an aposteriori simulation, mean absolute errors ranging from
3.5% to 4.2% are obtained. However, individual hourly errors could be rather large.

According to the survey made by Zhang et al. [103], till the beginning of 1988,
only 8% of the expert systems applied in power industry has been used for load

forecasting.

One of the first papers published in this area was published by Rahman and
Bhatnagar [79]. Authors have developed the rule based system for an STLF with the lead
times of 6 to 24-hour hours. The system is conceived both as a tool for the utilities and
customers taking part in load management programs. Therefore special attention has been
paid to the size of the program, database requirements and computational facilities needed
to run the predictor. It resulted in an STLF system that took 30 seconds on an AT&T 3B2

microcomputer and several seconds on an IBM 3084 mainframe. The procedure used in
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creating the knowledge based system for an STLF makes use of correlation analysis to
determine relevant variables. These are season, seasonal load shape, day-of-the-week, and
dry bulb temperature. Forecasts are based on rules derived from electric utility experts.
For the lead time of 6 hours a one-step predictor was chosen, while for 24-hour lead time
a 24step predictor was developed. Results show maximum absolute average errors of
1.2% for six hour lead time and 3.3% for 24-hour lead time. This is comparable with the

achievements of classical prediction methods.

Another expert system implementation for an STLF is ALFA, developed by
Jabbour et al. [46]. This is an expert system for real time load forecasting up to 48 hours
in advance. Operation is based on 10 years of historical data of hourly observations which
consist of 12 weather variables and load. The rule base takes into account daily, weekly,
and seasonal variations of load as well as special events and load growth. The algorithm
upon which it is based is adaptive. After load and weather information are obtained, the
data base is automatically updated. The main concept of ALFA is to form a knowledge
base that contains partly static load and partly residual load. In the process of forecasting,
a pattern recognition method called nearest-neighbor search is used to identify similar
weather patterns upon which forecasts are made. Expert system was tested aposteriori,

and mean absolute error of 2.2% was obtained for a whole year.

The paper of Singh et al. [90] is concerned with upgrading the methodology
outlined in [79]. In this approach more emphasize is given to sudden changes in prevailing
conditions, special operating conditions, and treatments of errors in prediction.
Sophisticated ways of selecting the load forecasting technique in order to speed up the

convergence are discussed. More detailed weather model and decomposition of load
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according to the end use consumer are also presented. Based on these guidelines, an
expert system is developed that is able to choose, depending on the nature of the input
data, an appropriate methodology for an STLF. Although an extensive off-line analysis has
been undertaken in order to acquire knowledge on the most appropriate methodology, still

there is concern expressed by the authors about the consistency of the data base.

Park et al [68] combined a simple moving average method with an expert system
knowledge representation to obtain an STLF predictor. Underlying rationale for this
approach is that for Korean electric power system, days can be divided into ordinary and
special days. Ordinary days comprise weekdays that are not counted in special days.
Special days consist of weekend days and weekdays that have some special characteristics
that affect the load. Loads for ordinary days are estimated by a simple statistical method
called moving average with residual term. For special days, simple moving average
concept is also employed, but this is corrected by the term obtained from the expert
system. Expert system searches its data base to find the class and grade of a membership
and a utility which is defined as a relative difference between moving averages and actual
data for a particular day. Upon this information the correction of the moving average term
is made. Analysis of results show average relative error of 1.32% for ordinary days and

2.35% for special days.

Remior and Ayuso in [85] linked conventional forecasting programs in existence in
Hydroelectrica Espanola with expert systems techniques to obtain the forecasting system
ELFOS. This system has a lead time of 72 and 168 hours. ELFOS is based on hierarchical
structure consisting of functions, modules and tasks. The underlying procedure is based on

two steps. In the first step, data analysis is carried out using Box-Jenkins univariate or
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multivariate methods, cluster data analysis and adaptive filtering. This enables obtaining
standardized load profiles upon which preliminary forecast is made. In the second step, the
preliminary forecast is corrected using an expert system, yielding final forecast. It is
reported that ELFOS is three to fifteen times faster than conventional way of forecasting

with the similar order of errors.

Extension of the expert system application for the STLF is described by Rahman
[78], and by Rahman and Moghram [83]. The reason for introducing heuristics and self
learning systems into the area of an STLF is clearly outlined in [19]. In these papers the
knowledge based technique for one to seven day lead time is described. A self-learning
process which is used for updating rules governing the electric utility load is presented.
Also, in-depth and general analysis of explanatory variables, divided into weather sensitive
and weather non-sensitive variables, is given. Again, statistical methods, as well as electric
utility expert knowledge are used to formulate adequate model for one and seven day lead

times. For one day lead time seasonal average error is 1.44%.

For the Taiwan Power Company Ho et al. [39] developed an expert system for
hourly load forecasting with a lead time of one day. Authors have first defined eleven
different day types and corresponding load shapes. These day types are determined with
the help of experienced operators and by pattern recognition techniques using five year
historical data base of normalized hourly loads. For each load type, average normalized
hourly loads are determined by averaging the normalized hourly loads for all days of this
type over past five years. Changes in load pattern of some particular type were taken into
account by averaging normalized 24-hour loads for several recent days. Information on

how to recognize each of defined day types is stored in the expert system. Once the expert
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system has defined the day type, a simple linear regression model, relating load to
temperature, is used to determine the peak load of the day. Knowing the peak load, it is
easy to determine loads for each hour of the day from normalized hourly loads for that day
since they are expressed as a function of peak load. The system was tested aposteriori with
one year of historical data yielding the mean absolute error of 2.52%. The performance of
this system was better than the forecast made by the operator or the Box-Jenkins based

method.

Rahman and Shresta [84], and Rahman and Hazim [82], successfully combined
both statistical methods and expert systems for STLF. The main reason for that approach
is to reduce the significant computational and labor burden associated with statistical
techniques, as well as the large data base needed to derive and test statistical models. On
the other hand, expert systems can suffer from inconsistent rules derived from expert
opinions that sometimes can be unreliable if used alone. To overcome this situation,
authors have developed a new approach in which the expert system contains rules on how
to extract the set of historical data pertinent to the current set of input data. After the
appropriate set of data is identified, statistical techniques are used to obtain the forecast.
The approach is based on the fact that the underlying relationship between explanatory
and dependent variables can not be fully modeled by existing statistical techniques. In
dealing with such situations, authors have proposed a priorit§ vector method by which
relative importance of the variables for the current forecast is determined. Once the
priority vector is determined, multivariate linear regression is employed to obtain the load
forecast. In this approach the actual volume of data considered for 168-hour lead time
prediction was not larger than three months of historical data. This moderate data

requirement, as well as relatively simple computations involved, enabled the forecasting
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technique to take about an hour (for 168-hour forecast) on IBM-PC model 50, giving
1.52% mean absolute error for winter [84]. The approach was applied to utilities

throughout the United States and yielded similar errors [82,35].

One of the very few papers that are concerned with comparative analysis of several
dominant STLF techniques is presented by Moghram and Rahman [61]. In that paper
authors tested five different models based on multiple linear regression, stochastic time
series, general exponential smoothing, state space method and knowledge based approach.
Models were tested with the same data base to predict hourly loads for 24-hour lead time.
Such approach enables the forecasting techniques to be evaluated comparatively, thus
identifying their strengths and weaknesses. Also, it was shown that knowledge based
technique gives satisfying and competitive results. In order to carry out the analysis,
Rahman and Moghram developed adaptive knowledge based technique for an STLF for
hourly load forecasts with a lead time of seven days. In that approach they used only data
comprised of four weeks of hourly load, dry bulb and dew point temperatures, thus
reducing computational burden. Results of the analysis show that knowledge based
systems represent very robust method for an STLF, with the possibility of yielding the
same results as the conventional techniques with reduced data base and computer

facilities.
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2.2 Review of the Previous Work in Artificial Neural Network
Based STLF

A new approach to an STLF that employs artificial neural network (ANN) as a
main part of the predictor was successfully applied by Park et al. [67]. The rationale
behind the implementation of ANN was the possibility of combining both time-series and
regression approaches in performing nonlinear modeling of a given data series. An
inherent feature of ANN is the ability to self-learn, which makes ANN based predictor
adaptable. The authors used feed-forward ANN with error back-propagation (or
generalized Delta learning rule). Neurons of the network had the same logistic transfer
function. ANN based predictors were used for short-term forecasting of daily peak load,
total daily energy, and hourly daily load. For each application the same configuration of
ANN, consisting of only one hidden layer, was used. All three predictors were trained
with the real data of Puget Sound Power and Light Company (PSPL), spanning a period
of only three months. Only ordinary weekdays were taken into consideration for training
data. Average errors were 2.04%, 1.68%, and 1.40% for peak, total, and hourly load

respectively.

Peng et al. [71] employed a simple ANN consisting of only one hidden layer for
STLF. However, they used a logistic transfer function for the hidden layer neurons, and a
linear transfer function for the only neuron in the output layer. The input layer has five
neurons representing the following input values; integrated load from the previous time
step, and minimum and maximum temperatures for both previous and present time steps.
The target of the predictor was the integrated daily load. Their results show maximum

relative errors of 13% with majority of the errors in the range of 4-5%. According to the
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