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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 ANNs. 

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%. MAPEs 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 / 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 
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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 

Literature Review 13



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 priority 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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authors the cause for such big errors lies in the fact that holidays were treated as normal 

days during the both training and recalling procedure. 

Another example of successful application of ANN to power system STLF is given 

by Lee et al. in [54]. These authors implemented feed forward ANN with error 

backpropagation learning rule to predict the hourly load for a lead time of 24 hours. In 

this context two different methods were used; first, with one-step predictor, called static 

approach, and second with 24-step predictor called dynamic approach. In both 

approaches, the load was divided into weekday and weekend loads (the latter comprising 

of Saturdays, Sundays, and Mondays). Extensive testing of both methods was performed, 

giving the final architecture and number of neurons per layer for each approach. The 

average percentage relative errors are 1.89% for the first and 1.83% for the second 

method, which are comparable with 1.40% obtained for the same input data by the 

classical techniques. 

El-Sharkawi et al. [59] experimented with several ANN structures. The authors 

used feature extraction techniques to capture strongly correlated variables to electric load. 

It was shown that feature extraction enhances the accuracy of the forecasts. Also, 

adaptive training techniques proved to be more suitable for forecasting problem than the 

error backpropagation method. The performance of ANNs was compared to the 

performance of various commercial load forecasting packages. It was concluded that 

ANN based predictors performed as well as the most sophisticated commercial packages. 

The very important issue of training data selection for the neural network based 

predictor was addressed by Peng et al. [72]. In this work the authors proposed a distance 

Literature Review 17



measure, which has traditionally been used for data cluster identification, to obtain 

appropriate training cases. A general description of the predictor used was given in their 

previous work [71]. However, in this paper, the authors reveal results regarding the 

suitable number of hidden layer neurons. Also reported are results regarding the 

relationship between input and output variables that had linear, nonlinear and combined 

characters. The issue of scaling input variables was addressed, showing clearly that it is of 

highest importance for convergence of learning algorithms. Using this procedure, 90th 

percentile errors were obtained: 6.2% when holidays were included, and 5% when they 

were excluded. For forecasting and training cases, a one year data base was used. 

In an effort to develop a predictor able to handle both ordinary weekdays as well 

as weekends and holidays, Chen et al. [18] made use of not-fully connected ANN. The 

main reason for this approach was much shorter training time and improved performance 

of the predictor. The ANN consisted of a main and three supporting networks. 

According to the tests performed by the authors, the main ANN, which contains all four 

classes of input data (i.e. load, temperature, day-of-the-week, and time-of-the-day), 

produces a basic forecasting reference. Also, in the main network, three direct input-to- 

output connections are provided for the reason of improving accuracy and speeding up the 

learning in the predictor. The performance of the predictor was tested on data provided 

by Wisconsin Electric Power Company. The network training requires data sets of two 

previous weeks and takes 10 hours on a 20MHz IBM AT. It achieves hourly load 

forecasting for the entire week with average percentage peak errors of 1.12%. 

Ho et al. [40] reported on extensive experimental results of ANN application to 

STLF with a 24-hour lead time. In this work, the authors started from a conventional 
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backpropagation with momentum learning algorithm applied to an ANN consisting of only 

one hidden layer. They examined the influence of various factors in order to achieve 

better convergence of the learning process and improve the accuracy of the forecast. 

Results revealed that convergence of the conventional backpropagation algorithm 1s 

greatly affected by both learning rate and momentum. They also examined the effects of 

training data presentation and various training concepts on the convergence of the learning 

algorithm. As a result of the experiments conducted, the authors proposed a new learning 

algorithm that updates learning rate and momentum in the course of learning. The 

proposed algorithm was tested with the data of Taiwan Power Company, and the resulting 

forecasts were compared with forecasts made by operators and an expert system based 

predictor. Results show that forecasts made by the new algorithm were better than in the 

other two cases, giving mean absolute error of 0.7% to 0.9% for various seasons of the 

year. 

The First International Forum on Application of Neural Networks to Power 

Systems brought many papers assessing the possibilities of the novel prediction technique. 

Some papers assessed comparative performance of ANN based prediction model [91-8]. 

In [91] and [23] the authors found that ANNs are suitable for STLF and that their 

performance can easily outperform conventional techniques. However, the poor 

performance of the ANNs was reported in [8]. Preliminary results obtained with some 

new ANN architectures revealed that they can be useful in STLF and that conditions 

regarding their optimal performance must be further determined [20,45]. This was 

especially true for the more sophisticated ANN architectures such as recurrent ANNs 

[20]. In [45], research regarding implementation of new learning techniques for ANN is 
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reported. It is shown that temporal difference method can gradually improve its prediction 

accuracy, showing good prospects for its inclusion into ANN based predictors. 

Peng et al. [73] combined load spectral decomposition technique and ANNs for 

STLF. The authors first decomposed the load into components of various frequencies and 

used ADALINE type ANN to predict each identified component. The model is based on 

the autoregressive-moving average approach and ADALINEs incorporated into the model 

provide continuous updating procedure for the model parameters. Consequently, model 

depends only on the load time series, which could be beneficial because no temperature 

forecasts are needed. For each day of the week, a different ANN model was realized. 

Simulation results showed a mean absolute error of 3.4% for the five months long testing 

period and one-week ahead forecasts. For 24-hours ahead forecasts Mondays and 

weekends were excluded. In this case, a mean absolute error was 2.1%. 

Lu et al. [58] tested various ANN configurations to determine whether ANN based 

predictors are case dependent or not. They used for testing two utilities with different 

consumption and climatic patterns. For each utility, a different ANN model was 

developed using partial autocorrelation function and heuristics. Final ANN architecture 

for each case was obtained by extensive experimenting with various networks. Obtained 

architectures were used in subsequent series of experiments. According to the authors, 

the experiments showed that systems with different load characteristics require different 

configurations. However, the ANN based models seemed not to be case dependent, 

allowing the same model to be used throughout the year. Also, they noticed that 

forecasting accuracy does not deteriorate significantly if the same network is used for 

forecasting one-week and 24-hour ahead. 
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The Second International Forum on Applications of Neural Networks to Power 

Systems held in April 1993 in Yokohama, Japan illustrated the extent of the current 

interest in the area of ANN based STLF: 19 out of 76 papers dealt with ANN based 

STLF. Among more interesting and informative papers presented on the Forum was that 

of Brace et al. [9]. It is related to the previous report on the ANN performance [8], and 

reveals the finding that the performance of the ANN based predictors is highly dependent 

on the proper choice of input variables. Providing this is the case, ANNs could 

outperform the best commercial packages [9]. 

Papalexopoulos et al. [64,65] reported on the comparative assessment of the 

sophisticated regression based forecasting model used and newly developed ANN based 

model for STLF. The regression model had been in operation in the United States based 

utility for several years and represented state-of-the art- in statistical approach to the 

STLF. The ANN based model, however, outperformed regression model, giving better 

overall error as well as fewer errors above identified threshold. Moreover, the 

development time of ANN model was shorter and development costs lower in comparison 

with regression model. As a consequence, the ANN model has replaced statistical model 

in utility operation. This report is important because it evaluates ANN model in realistic 

utility environment in every day operation. However, it does not provide any guideline on 

how to identify and build the model. Furthermore, input data identification benefited 

significantly from the years of experience obtained by the statistical model and the 

knowledge of the specifics of the system. 

Khotanzad et al. [50,51] developed complex ANN based package for STLF that 

has been marketed by EPRI [1]. The approach uses three independent sets of ANN 
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estimators for predicting weekly, daily, and hourly component. Weekly and daily set have 

seven ANNs each, for every day of the week one. Each of those 14 ANNs has 72 inputs 

and 24 outputs. Hourly module has 24 ANNs, for each hour of a day one, each having 9 

inputs and 1 output. Forecast of each individual module are combined into final forecast 

in a linear manner using recursive least squares. This modular system predicts 24 hour 

ahead load, and prediction for longer lead times are done by iterating predicted values. 

Initialization of the whole system is done off-line by training all 38 modules and 

determining initial weighting factors. In operation system implements a variant of an on- 

line training and on-line weighting factor update. Because of the specialization of each 

ANN, several years of data are needed to train the system. The system has been 

implemented at 20 electric utilities across the United States. Mean absolute percentage 

errors obtained from performance studies on historical data of those utilities range from 

1.84%-3.18% for 24-hour ahead forecasting, while five day ahead forecasting gives 

average MAPE of 3.07% for all 20 utilities [51]. 

Mohammed et al. [62] reported on a complicated ANN based forecaster designed 

for Florida Power and Light. The authors divided each season into three day types and 

each day type is further divided into five periods. For each such period a separate ANN is 

allocated. The number of inputs varies from 5 to 16 depending on the season, period and 

type of day being forecasted. Operation of the forecaster is divided into initialization and 

real time or forecasting part. Off line training by which initial set of weights is obtained is 

done off-line. During real time mode user interactively obtains forecasts making necessary 

corrections if needed. Selection of input variables for every ANN is done by trial and 

error through discussion with system operators. Daily, monthly and weekly adaptation are 

performed in order to update initial set of weights according to the most recent results and 
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weather patterns. Such sophisticated system was needed to forecast load during extreme 

weather fronts characteristic for the utility’s service area. Overall measure of the system 

performance was not provided in the paper. 

Rather innovative so called heterogeneous ANN is presented by Piras et al. [76]. 

The forecaster consists of unsupervised and supervised ANNs. Unsupervised ANN 

performs vector quantization of the input space, dividing the space in clusters. Two 

clusters were chosen, dividing all data in summer and winter season. Defined clusters 

serve as distinct input data sets from which supervised ANN draws its training data trying 

to capture underlying relationship between input and output variables. Every ANN has 10 

input variables, 2 hidden layers containing 6 neurons each and 24 linear outputs, for each 

hour of a day one. Both ANNs were used in prediction and their results were combined 

using weighted fuzzy average based on the membership function value of the forecasted 

period for the respective clusters. The system was tested off-line on a relatively small 

utility area (around 2000 square miles, 1300 MW peak in winter) and used to predict 2- 

days ahead load. Every week new data were added to the training set and ANNs retrained 

with one year moving window of input data. Forecast error for the year 1993 was 2.44% 

in the case of a single region model. To improve forecasting accuracy, utility area was 

divided into five distinct geographical areas and for every one of them a separate system 

was developed. Forecast error in that case was obtained by averaging errors of the areas, 

yielding 2.25%. 

Bakirtzis et al. [4] use a single fully connected ANN to predict load for the whole 

year on a daily basis. The ANN consists of 63 inputs, 24 neurons in one hidden layer and 

24 output neurons, representing each hour of a day. The network is developed for load 
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forecasting in the Greek Power system which in 1993 had peak of 5500 MW occurring in 

summer. In the paper they report on the irrelevancy of some variables which were 

identified as relevant for the utility area described in [64]. The authors used the whole 

previous year to train the ANN. Holidays were excluded from the training set. Although 

the network contains, assuming that bias term exists, (63 + 1) x 24 + (24+ 1) x 24 = 2136 

free parameters and was trained with something less than 365 input/output patterns, it 

performed well, producing 2.34% overall MAPE. Unfortunately, the authors did not 

provide detailed account of the training procedure implemented, which would be 

interesting from both theoretical and practical point of view. While in forecasting mode, 

the network is retrained daily using moving window of 365 most recent available 

input/output patterns. The paper also describes procedure used to forecast holidays as 

well as 2 - 7 days ahead yielding forecast error from 2.89% - 4.00%. 

Recent publications on new approaches to STLF, in which artificial neural 

networks (ANNs) are the main part of a forecasting system, are summarized in Table 2.1. 

Only the most representative ANN based approaches are shown for which relevant 

information was provided. Also, combinations of ANNs with other techniques, such as 

fuzzy-neural forecasters, in which ANNs do not represent the main part of the system, are 

not reported. Although from the data provided in the table it is difficult to compare the 

performance of one approach over the other, it can be generally concluded that some of 

the neural network architectures show great promise for STLF. 

As can be seen from the table almost all applications have similar three-layer 

network architecture and the same learning algorithm (backpropagation) and network type 

(feedforward). The variety of approaches is clearly visible in input data selection and the 
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selection of the number of hidden layer neurons. The only general approach to the 

problem of input data selection is reported in [1,50,51]. 
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Table 2.1 Comparative presentation of ANN applications to STLF 

Authors Net type / Topology Input data Forecast value / Note 

Learning I] h1]h2]0 Error 

Park et. al. BP /GDR 3{5|0|1 1. Temp. aver.(d) Peak load of day d Holidays and weekends excluded. 
[67] with 2. Temp. min. (d) aver. 2.04% Absolute relative errors used. 

1. momentum 3. Temp. max. (d) Total load (d) Jack-knife testing used. 
aver. 1.68% Retraining each week with one 

week data. 
2. BP /GDR 6|10|0]1 1. Hour h Hourly load (h) 

with 2. Load (h-2) 1-hour lead time 
momentum 3. Load (h-1) aver. test 1.40% 

4. Temp. (h-2) 
5. Temp (h-1) 
6. Temp. pred. (h) 

Peng et. al. BP /GDR 5(7|0(1 1. Total load (d-1) Total load (d) Retraining each week. Used last- 
[71] 2. Temp. max (d-1) §.29% - 6.17% two-weeks moving window of 

3. Temp. min. (d-1) training data. Considered only Tu, 
4. Temp. max. (d) We, and Th, holidays excluded. 
5. Temp. min. (d) Relative error used. 

Lee et. al. [54] | BP /GDR 48 | 70 | 24|x 1.-48. Load (h-i) Hourly load (d) Data divided into 5 weekends and 
1. with x=9, 10,5 i= 1,...,48 24-hour lead time 1 weekday category. Each 

momentum 1-step forecast category is trained and forecast 
aver. test 1.88% separately. Training is done with 

latest three available days for 
2. BP/GDR 8(17|0/1 1. Load (d-1, h) Hourly load (d) each type. Separately predicted 

with 2. Load (d-1, h-1)} 24-hour lead time loads for three group of hours. 
momentum 3. Load (d-1, h-2) 24-step forecast Relative average error per day 

4. Load (d-2, h) aver. test 1.83% used. 
5. Load (d-2, h-1) 
6. Load(d-2, h-2) 
7. Load (d, h-1) 
8. Load (d, h-2) 

El-Sharkawi ATNN 6(2]/0|1 1. Hour h Hourly load (h) Five ANNs: one ANN for 

et. al. [59] (adaptively 2. Temp. (h) 1-hour lead time Wednesdays, Thursdays and 
trained NN) 3. Load (h-48) aver. test 2.32% Fridays, and one for each of the 

4, Temp. (h-48) other days. 
5. Load (h-49) Adaptively trained with new data; 
6. Temp (h-49) Relative average absolute error 
7. Load (h-50) used. 
8. Temp. (h-50) 
9, Load (h-168) 
10. Temp (h-168) 

Peng et. al. BP /GDR 5{8{0]1 1. Total Load (d-1) Total Load (d) Retraining before each forecast 
[72] with 2. Temp. max. (d-1) aver. 2.95% Training data extracted by pair- 

shortcuts 3. Temp. min. (d-1) st.dev. 3.19% wise comparison from five day - 
4. Temp. max. (d) types data, two years data base. 
5. Temp. min. (d) Scaling reported. 

Chen et. al. BP /GDR 31 [10/0] 1 1. Bias Hourly load (h) for Autocorrelation, partial 
{18] nonfully 2.-4. Temp. aver. (d-i) the following week. | correlation, and crosscorrelation 

connected, 5.-7. Temp (h-i) aver. test 1.12% used fo get the input data. Trained 
with i=0,2 with last two week data moving 
shortcuts, 8-14, Day-of-week code window. Reported input data 
and 15.-19. Hour code scaling. Absolute relative error 
partitioned 20.-31. Load (h-i) used.       i= (0,2);(24,26); 

(168,170);(192,194)     
  

* Bp. Backpropagation ANN; GDR - Generalized delta rule; d - forecast day; h - forecast hour; nodes: i - input, h1,h2 - hidden, o - output 
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Table 2.1 Comparative presentation of ANN applications to STLF (Cont.) 

Authors Net type / Topology Input data Forecast value / Note 

Learning ijh1[h2|o Error 

Ho et. al. [40] BP /GDR 46 |60}0]1 1.-3. Temp. min. (d) Load min. (d) Separate network for min. and 

with 4.-6. Temp. max. (d) aver. test 0.41% max. forecast. Trained once with 

adaptive in 3 areas of the system Load max. (d) predefined number of patterns. 

momentum 7.-16. Temp min. (d-i) aver. test 0.56% Relative average absolute error 

17.-26. Temp. max. (d-i) used. 

27.-36. Load min. (d-i) 
37.-46. Load max. (d-i) 
i= 1,10 

Lu. et. al. [58] | BP /GDR 29)8)]0)1 1. Bias Hourly load(d, h) Partial auto correlation used for 

1. 2. Temp. aver. (d-1) aver. year 2.5% determining the input data. 

3. Temp. aver. (d-2) Training is done with moving 

4. Temp (d, h-i) window. In case 1. used 1 month, 

i=1,4 and in case 2. used 2 months of 

8. Temp. (d, h+1) hourly data. Scaling reported. 

9.-13. Hour code Retrained each week. 

14.-20. Day-of-week code 
21.-27. Load (d, h-i) 
i=1,7 
28. Load (d, h-15) 
29. Load (d, h-16) 

2. 39 | 10{0{24 1. Bias Hourly toad (d) 
2.-25. Load (h-i) 24-hour lead time 
i= 1,24 1-step forecast 
26. Temp. (d-1) aver. year 3.3% 
27.- 32. Temp. (hti) 
i=1,...,24 

33.-39. Day-of-week code 

Khotanzad et BP 1. Weekly 1.-24. Load (h-i) 1.-24. Load(hti) Weekly module consists of seven 

al, [1,50,51] module 25.-48. Temp. (h-i) i=0,..., 23 individual ANNs, one for each day 

i= 144,.., 168 of the week. Each ANN trained 

Modules 72 |x] 0] 24 49.-72. Temp. forec. (h+i) individually. 

x = data i=0,...,23 

dependent 

2. Daily module | 1.-24. Load (h-i) 1.-24. Load(h+i) Daily module consists of seven 

25.- 48. Temp. (h-i) i=0,...,23 individual ANNs, one for each day 

72 |x {0 |24 i= 1,...,24 of the week. Each ANN trained 

x= data 49.-72. Temp. forec. (hti) individually. 

dependent i=0,...,23 

3. Hourly 1. Load (h-24) 1. Load (h) Hourly module consists of 24 

module 2. Temp. (h-24) ANNs, one for each hour of the 

3. Humidity (h-24) day. Each ANN trained 
9({x|0(1 4. Load (h-168) individually. 

x= data 5. Temp. (h-168) 
dependent 6. Rel. humidity (h-168) 

7. Temp. forec. (h) 
8. Rel. humidity forec. (h) 
9. Day number (Sun. = 
0.1,..., Sat. = 0.7) 

Modular Hourly load Forecasts of each module linearly 

system aver. error 1 day combined. Weekday holidays not         ahead 1.84% - 

3.18%, 
aver. error for all 

utilities 1 - 5 days 
2.34% - 3.07%   included. On-line model update. 

Lead time 1 to 5 days, multi step 
procedure. Tested on 20 different 
utilities data sets. Mean absolute 
escentage error used. 

  

* Bp. Backpropagation ANN; GDR - Generalized delta rule; d - forecast day; h - forecast hour; nodes: i - input, h1,h2 - hidden, o - output 
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Table 2.1 Comparative presentation of ANN applications to STLF (Cont.) 

Authors Net type / Topology Input data Forecast value / Note 
Learning Pht ph2fo Error 

Piras et. al. NeuralGas | 79[0|0(2 1.,2. Day-of-year code 1.-24. Load(h+i) Separate neural gas network for 
[76] ANN / 3.,4. Day-of-week code i=0,..., 23 clustering input data. Updated 

special alg. 5§.-28. 24-hour load. aver. weekly. Number of BP networks 
Module BP / 79|6(6{24 (h-48-i), i= 0, 23 depends on the number of 

stochastic 29.-52. 168-hour load clusters (1 or 2).Relative average 
GOR with aver. (h-48-i), i= 0, 168 absolute error used. 
momentum 53.-76. Load (h-48) 

77. Temp (d, 7) aver. error 2.47% Single system with one cluster. 
78. Temp. (d, 13) 
79. Temp (d, 19) 

aver. error 2.44% Single system with two clusters. 
Modular 

aver. error 2.42% One cluster in a system,. 5 
systems in the area. 

aver. error 2.25% Two cluster per system, 5 
systems in the area. 

Bakirtzis et. BP /GDR 63 | 24[0|24 1.-48. Load (h-i) 1.-24, Load(hti) Training is done with a one year 
al. [4] i= 1,...,48 i=0,..., 23. moving window. Retrained each 

49. Temp. A max. (d-1) day starting from the previous 
50. Temp. A min. (d-1) aver. year weights. Holidays predicted by 
§1. Temp. B max. (d-1) 1 day ahead 2.34% ]} correcting ANN predictions. 
52. Temp. B min. (d-1) 2-7 days ahead 
53. Temp. A max. (d) 2.89% - 4.00% 
54. Temp. A min. (d) 
55. Temp. B max. (d) 
56. Temp. B min. (d) 
57.-63. Day-of-week code           
  

* Bp - Backpropagation ANN; GDR - Generalized delta rule; d - forecast day; h - forecast hour; nodes: i - input, h1,h2 - hidden, o - output 
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3. ARTIFICIAL NEURAL NETWORKS 

In this chapter an introduction to Artificial Neural Networks is given. The focus of 

the presentation is on the issues related to the topic of the dissertation. After the 

definition of basic terminology, the theoretical basis of ANN based function approximation 

is given. The chapter continues with the description of identified problems in the ANN 

based STLF and the proposed solutions. 

3.1 Artificial Neural Networks 

In the following, a brief description of the theory and terminology related to this 

work will be presented. It should be noted that area of artificial neural networks has 

grown tremendously in last decade, and especially in the last couple of years. Because of 

the relation to this work, only supervised networks and learning algorithms are dealt with. 

Furthermore, chosen training algorithm uses per epoch weight update and, therefore, the 

following discussion will relate to this learning concept. And, finally, here will be treated 

only ANNs suitable for function approximation. Excellent overview of the majority of 

concepts and learning algorithms could be found in [34,37, 102]. 
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Artificial Neural Networks are one of the emerging and fast growing techniques of 

the artificial intelligence. This field is sometimes called connectionism or parallel 

distributed processing. ANN information processing is based on the concept of many 

simple processing units which work in parallel. The paradigm has foundation in the 

information processing scheme found in the human brain. Processing units, also called 

artificial neurons or simply neurons, are connected into networks via directed links (also 

called connections or weights). Usually neurons in an network are divided into input 

layer, possibly one or more hidden layers, and an output layer. ANN learn by modifying 

its weights in order to emulate required input-output mapping, embodied in input-output 

data pairs presented to the network. The learning is, in essence, controlled by gradient 

descent type algorithm. In the rest of this chapter a description of each building block of 

ANN will be given. 

The terminology of artificial neural networks is very diverse which can be expected 

of a fast developing field. In what follows a particular choice of terminology was made 

and enforced more or less strictly throughout the dissertation. However, additional terms 

in use were also listed. There are also cases in the ANN literature where the same terms 

have different meanings. Therefore, every precaution was taken to carefully choose, 

explain, and use the terms needed for the purpose of the dissertation in order to prevent 

confusion in terminology. 

3.2 Artificial Neurons and Links 

An artificial neuron (also called neuron, unit, cell, or computing element) is the 

main processing unit in ANN. In general, it consists of summation part and output part, 

Figure 3.1. The summation part sums weighted inputs to the neuron and feed the result, 

sometimes called a net value, to the output part. Output part uses various functions, 

called output functions, activation functions or transfer functions, which depend on the 
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type of the neuron and sometimes an application, to compute neuron's output, also called 

an activation. 

One of the inputs to the neuron (in this case input 0), is permanently set to some 

constant value, usually one. This input is called a bias (also a threshold or offset) and is 

equivalent to a constant term in the equation of a separating hyperplane calculated by a 

single neuron. As can be shown, a nonzero bias enables separating hyperplane to have 

arbitrary offset, which increases the separating capability of a neuron. The bias is 

represented by the corresponding weight w,, which is determined as any other weight by 

the learning procedure during the course of neuron training. 

Information processing performed by a single neuron can be described by the 

following equation, referring to time ¢ (the time index is here shown for the illustrative 

purpose and will be in subsequent equations left out for the sake of clarity if all variables in 

a equation relate to the same time): 

0,(t) = 4 S460 400) (3.1) 

where w ,(t) is the weight of the connection between j-th and i-th neuron, i,,(f) is the 

input to /-th neuron coming form j-th neuron, f,(-) 1s the activation or transfer function of 

i-th neuron, o,(¢) is the output of i-th neuron, and AN, is the number of inputs to a 

neuron. All values are given for a discrete time step. 

The most common choice of an output function is sigmoidal and hyperbolic 

tangent function: 

(3.2) 

  

I) = 
+e 

J (x) = tanh(x) (3.3) 
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Figure 3.1 Artificial neuron 
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Neurons are connected into networks, Figure 3.2. Usual practice is to distinguish 

three types of neurons which constitute three corresponding layers. There is one input 

layer, arbitrary number of hidden layers and one output layer. Input layer receives inputs 

to an ANN. The neurons in an input layer have only one incoming connection, with its 

weight set to 1.0, and an identity activation function. Consequently they do not perform 

any information processing, but fan out the incoming information to hidden layer neurons 

or, sometimes, to output layer neurons, which is shown with dotted lines. Hidden layer 

and output layer neurons have, in general, the function and the structure described above. 

The difference between these two categories is that hidden layer neurons are not 

connected to an input of an ANN, and are hidden by input and output layers. 

Links connect neurons in an ANN or connect an ANN to the outside world. The 

strength of the link is indicated by its magnitude, usually called weight. Positive weights 

denote excitatory links while negative weights have inhibitory effect on the successor 

neuron. Links are directed, which means that information can flow only in one direction 

through them. 

3.3 Learning in ANNs 

Learning, or training, in ANN encompasses various ways of adjusting weights of 

connections between the neurons. The possibility of changing the weights means that 

ANN builds appropriate model by itself, during the process of learning. This feature 

makes ANNs different from statistical and other methods for function approximation. 

Today there exist many learning procedures. Majority of them are more or less all 

based on backpropagation of errors, a procedure which was discovered several times [38], 

until it was independently rediscovered and widely popularized by Rumelhart et al. [87]. 

The significance of backpropagation learning rule is that it has allowed training of 
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input layer hidden layer output layer 

Figure 3.2 Artificial neural network 
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multilayer neural networks (i.e. neural networks with one or more hidden layers). 

Multilayer ANNs are capable of handling much more complex problems than single layer 

ANNs, which has enabled their widespread use. 

3.4 Backpropagation Training Algorithm 

In what follows, backpropagation learning algorithm will be briefly described. It 

also serves as a reference point for assessment of the learning algorithm chosen in this 

work. 

Backpropagation of errors is a gradient descend technique which tries to find the 

direction of the steepest error function descent in weight space. Error function is 

represented by the sum of squared errors taken over all training patterns in an epoch and 

all output neurons, averaged over the number of output neurons and number of input 

patterns in an epoch: 

get LS Ke ory (3.4) 

N> No 2 p=i i=) . 

where f° is the target value of the input pattern p and for the output neuron /, 0? is the 

output of the 7-th output neuron for the p-th input pattern, N, is the number of input 

patterns, and N,, is the number of output neurons. 

Usually, the output of a neuron is defined in terms of its so called “net value”: 

of = f (net?) (3.5) 
N, 

net? = Dw, +i; (3.6) 
j=0 
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where net? is a net value for the i-th neuron and for the p-th input pattern, w,, is the 

weight between j-th and i-th neuron, and i,, is an input signal to the i-th neuron coming 

from the j-th neuron. 

Every weight in a network is changed in the direction of the steepest descent of the 

error function in the weight space: 

OE 
Aw, = -{-Z (3.7) 

MW 

where € is so called “learning rate” and represents the length of a step taken in the 

gradient descent direction. 

Depending on the role of a weight, there are two different cases possible: 

a) weight connects an output neuron to a hidden or input layer neuron (e.g. weight w , 

in Figure 3.3): 

This is the case that was the only one possible to solve prior to discovering 

generalized backpropagation learning. Partial derivative of the error function with respect 

to a certain weight is obtained applying the chain rule: 

E (_#) co, cnet, (3.8) 
aw, \ &) cet, &, 

    

i 

Every factor in the preceding equation can in turn be represented as follows 

  

OF 
—-—=1t,-0, 3.9 phe G9) 
Q, _ df (net, ) (3.10) 

chet, — dnet, , 

chet, 
A =0,. (3.11) 

ji 
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Figure 3.3 Weight update in backpropagation algorithm 
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1 
If f (net) = Wem which is usually the case, then the second term yields 

Q, 
——=o.:(l-o,). 3.12 Or =0,-(1-0,) G.12) 

i 

It is usual practice to define so called “error signal” coming back from the i-th neuron as 

=e.“ _ =( ~-0.)-0-(l-o. 3.13 6, 2-2 (1, -0,)-0,-(1-0,) (3.13) 
' i 

Finally, weight change could be written as 

Aw , = €-6,:0, (3.14) ji ii 

b) weight connects a hidden and an input neuron or a hidden and another hidden neuron 

(e.g. weight w, in Figure 3.3): 

The starting point is again chain rule which is applied to the j-th and /-th neuron: 

Ek C8 Go, cet, 

Ow Go, chet, OM, 
(3.15) 

hj 

Partial derivative of the error with respect to the output of the j-th neuron will be obtained 

by identifying all terms which contain the output of the j-th neuron and by taking 

derivatives in the usual manner: 

  S.-Y... 3.16 
a, 2 Go, Chet, @, G16) 

where NZ is the number of neurons which receive output of the j-t/ neuron. 

Using the error signal, the expression can be written as: 

No 
-# $5 .w, (3.17) 
Q, n=l 
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Error signal of the j-th neuron for this case is: 

  (Se, wW, n}-o-0-0) (3.18) 

The change of weight between j-th and J/-th neuron is: 

Aw, = €-6,-0;. (3.19) 

Every gradient based method needs to determine the size of a step. In 

backpropagtion algorithm step size is determined by learning rate. If learning rate is too 

small, than learning will be very slow. If learning rate is too large, gradient descent can 

oscillate. In order to minimize oscillations, a momentum term is introduced into the 

equation determining weight change: 

Aw ,(¢+1) = €-6,-0, +a- Aw, (f) (3.20) 

where @ iS momentum. 

As can be seen from the preceding equation, momentum term adds some fraction 

of a weight change on the previous step to the current weight change. In this manner 

momentum has the effect of partially averaging the weight change over the steps. 

There is another benefit of introducing a momentum term. If learning rate is used 

relatively small, than back propagation can easily be stuck in local minimum. [If this 

happens the learning will be extremely slow and the network may not find its way out of 

the minimum in order to explore other regions of the weight space. It happens because 

the derivative of the error function with respect to weight in such case is very small or 

zero. Since weight change is directly proportional to this derivative, there will be no 

change of weights if plain backpropagation is used. Both effects of introducing a 

momentum term are shown in Figure 3.4. 
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Figure 3.4 Benefits of momentum term 
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As can be seen from the figure, at time ¢ error function value is determined to be 

E, and the change of the weight between i-th and j-th neuron Aw ,(t+1). This change 

may result in almost the same error function value and its derivative. If this happens, the 

computed weight change will be the same (or almost the same) but in opposite direction. 

The network will oscillate. With momentum, however, the weight change calculated at 

time ¢+1 will not be the same in magnitude because of a momentum, which will result in 

dampening oscillations. The second effect is represented by the two points on the error 

function which correspond to slope angles a@ and £. It is obvious that slope angle, its 

tangent and, hence, error function derivative will decrease toward zero. It will result, in 

turn, to smaller and smaller changes. Once the local minimum is reached there will be no 

changes to the weights and network will be stuck permanently in a local minimum. 

3.5 Conjugate Gradient Optimization Method 

Previous section described basic backpropagation neural network. In many 

instances such network is not able to learn efficiently and can easily get stuck in local 

minimum. Using momentum term in such cases may help but the user needs to adjust 

momentum term in conjecture with learning rate in order to achieve good results. As 

usual, there are many empirical rules how to do that, which may or may not be relevant for 

a particular problem. For instance some authors suggest having momentum term small at 

the beginning and increasing it toward the end because a net should have first the 

possibility to freely wonder in weight space to identify most attractive descent direction, 

and toward the end of learning it should not be allowed to stray away from the identified 

direction. Similar empirical recipes could be found in the literature as well. To overcome 

such a situation, an approach is taken where more sophisticated methods than simple 

steepest descent are used in backpropagation learning algorithm. 
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Conjugate Gradient Method is one of the more popular methods for unconstrained 

(i.e. without any restrictions on the variables) optimization. It is similar to 

backpropagation with momentum but differs in two important aspects [60]: 

e The step size is not fixed as is learning rate in backpropagation. 

e The momentum in conjugate gradient method is not fixed as well, which is in contrast 

to momentum term in backpropagation with momentum. 

Contrary to such a situation, in conjugate gradients method variables are 

determined in mathematically optimal way for a given circumstances. 

Conjugate gradient methods have also advantage over more sophisticated 

minimization methods which is in that they do not need to compute neither to store 

Hessian matrix or its inverse. Calculation of the Hessian matrix is computationally very 

expensive and hence not used extensively for training ANNs. Situation is further 

complicated by the fact that computation of the Hessian inverse in some cases, which are 

relatively often encountered in training ANNs, is not possible [34]. 

Some mathematical notions and terms related to conjugate gradient method will be 

explained here. The explanations presented here are based upon [7]. 

Vectors dj,...,d, are called conjugate if they are linearly independent and it holds: 

d;Hd, =0, i #j (3.21) 

where H is a7 x n symmetric matrix. Conjugate direction methods can be applied for 

minimization of both quadratic and nonquadratic functions. 
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Conjugate gradient methods generate a sequence of iterates as follows 

w(7+1) = w(n)+ 7(n)d(n) (3.22) 

where w(”) is a starting point and 7(n) is a step length which minimizes function at a 

given step n along the search direction d(7). 

Search direction for the first step is chosen as a negative function gradient at the 

starting point: 

d(1) = -Vf(w()) (3.23) 

where Vf(w/(1)) is a function gradient at a given point. 

For subsequent iterations search directions are obtained according to the formula 

d(n+1)=-Vf(w(n+1))+a(n)d(n) (3.24) 

where a@(7) is a time-varying parameter. As follows from the formula, each successive 

direction is obtained as a linear combination of the current steepest descent direction and 

the direction used at the previous step. 

There exist several methods for determining a@(”) out of which is here presented 

Polak-Ribiere choice, used in calculations: 

VF wns 1)’ [VF (wl) - VF (w(n))] 6.25) 
VF (wn) WF (w(n)) | 
  a(n)= 

Step length 7(7) is calculated using line search method. Line search methods find 

a scalar, in our case 7(7), which will determine the length of a step from a given starting 

point such that function value at the point reached will be optimized along the given 

direction: 

n(n) = min{ F(w(n) + nd(n))} (3.26) 
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Conjugate gradient method used in this research can be roughly summarized as 

follows [60,77,34]: 

1. Initialize starting search direction vector using steepest descent. Determine starting 

point for a line search. 

2. Minimize function value along the search direction using line search to find the optimal 

step length to be taken from the starting point. 

3. Determine function gradient at a new point and compute parameter @ for the current 

Step. 

4. Using parameter a determine search direction for the next step; declare the new point 

as a Starting point for the next line search and go to step 2. 

5. Convergence criterion: exit the procedure if function value does not change 

significantly, if a given threshold function value is reached or if the allowed number of 

iterations is reached. 

3.6 Simulated Annealing 

Simulated annealing is a stochastic optimization method based on the analogy with 

the real physical phenomenon encountered in metallurgical annealing. Energy function of 

metals will reach absolute minimum if it is heated until melting point and cooled back very 

slowly. If cooling process is not slow enough, the atoms will not form perfect lattice 

structure and final energy will be somewhat higher. This analogy points to the key ideas: 

1. Temperature has to be decreased very slowly. 

2. During the process it is possible that system will occasionally occupy higher energy 

levels. 
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The second idea is related to Boltzmann energy probability function which in 

probabilistic manner ties energy, temperature and the probability of a system being at a 

certain energy level at a given temperature: 

P(E) xe *®7 (3.27) 

These notions led to the Metropolis optimization algorithm which allowed optimized 

function to accept larger values with certain probability [77]. 

The mechanism of simulated annealing can be explained by another popular 

analogy, depicted in Figure 3.5 [96]. The figure shows the cross section of a box in which 

a marble is placed on the surface representing the contour of a function that is to be 

minimized. If the box is shaken vigorously in horizontal direction, the marble will move 

violently and hopefully be ejected from the local minimum and land in the global one. 

Once there, and provided that the box is shaken less vigorously in subsequent trials, it will 

stay there. The analogy is completed by the remark that vigor with which the box is 

shaken corresponds to temperature in simulated annealing. 

There are many variations of simulated annealing algorithm in the area of ANNs. 

Therefore, here will be outlined more or less general procedure which can be followed in 

almost all of them: 

1. Initialize temperature 

Perturb weights randomly depending on the current temperature. 

Compute change in error function. 

- 
Y
N
 

If error function value has improved, accept new set of weights and go to 6. 
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Figure 3.5 Mechanism of simulated annealing 

Artificial Neural Networks 46



5. Iferror function has not improved calculate probability: 

P(Af)=e 4" (3.28) 

where Af is change in error function value. Select random number from interval 

[0,...1] using uniform probability density function. If calculated probability is greater 

than selected random number, accept new set of weights. Otherwise, discard it. 

(Note that in some variations of the algorithm the same stochastic acceptance is also 

applied to the weights which improve error function.) 

6. If specified criterion (number of weight changes, number of trials) has been reached, 

then decrease temperature to the slightly smaller value. 

7. Convergence criterion: Exit the procedure if minimal temperature has been reached or 

objective function has reached threshold value, else go to step 2. 

Algorithms based on the outlined procedure are usually used as main learning 

algorithms in a special class of ANNs called Boltzmann machines. However, simulated 

annealing can be very effectively used in conjunction with other learning algorithm (in our 

case conjugate gradient method). In such a combination simulated annealing is used to 

initialize weights and to escape from local minimum while main learning algorithm is used 

to search for the nearest local minimum. Based on the experimental findings a different 

type of simulated annealing is proposed [60]: 

1. Initialize temperature which is equal to standard deviation of the first perturbation. 

Initialize starting center point in a weight space. 

2. Generate random deviation from the current center point with a standard deviation 

equal to the current temperature. Add deviation to the current center point and get 

new point in weight space. Evaluate error function at that point and if its value is 

improved store the point. 

3. Ifthe specified number of points has been created go to step 4, else got to step 2. 
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4. Exit the procedure if the number of temperature steps has been reached or if the error 

function value has reached a given threshold value; else calculate a new current 

temperature according to: 

7, 

Tn +l) = Tn) Te (3.29) 
where 7(n) is a temperature for a temperature step 7, 7_,, and 7, are maximal and 

minimal given temperatures and N,, is a given number of temperature steps. 

Declare the best point from the previous temperature step as a new center point and 

continue the procedure with step 2. 

As can be concluded, the main difference of the algorithm described from the 

general procedure outlined earlier is in the absence of stochastic acceptance of system 

States. 

3.7 Singular Value Decomposition 

Singular value decomposition (SVD) is a robust method for solving general 

systems of linear algebraic equations given as: 

Ax=b (3.30) 

where A is a [m x n] matrix of equation’s coefficients (so called system matrix), b is a 

[m x I] right-hand-side vector and x is a [7 x /] vector of unknowns. 

The technique is able to give best possible solutions in all cases that may be 

encountered in solving the above system [77]: 

1. m<ncase. This is the case when the number of equations is lower than the number of 

unknowns or where matrix A is degenerate and hence has its rank lower than the 

number of unknowns. 
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2. m=ncase. If matrix A is not degenerate than SVD will provide unique solution. 

Degeneracy of matrix A will lead to the previous case. 

3. m>n case. In this case no unique solution exists, provided that matrix A is not 

degenerate (otherwise, previously described cases apply). However, solution which 

minimizes squared errors can be sought in this case, which is known as the best least- 

squares solution [47]. In the field of linear regression this is very common situation. 

This case may be solved by defining a new linear system of equations which will have 

square matrix, so called normal equations, and solving that system: 

A‘Ax=A'b (3.31) 

Using SVD solution is obtained without need to reformulate the problem and in the 

same manner as for the previous two cases. 

SVD decomposes a system matrix A of the order [m x n] into three matrices such 

that it holds: 

A=U-W-V' (3.32) 

where U is [mm x n] column-orthogonal matrix, W is [7 x n] nonnegative diagonal matrix 

of singular values of A and V isa [” x n] orthogonal matrix. (Singular values are square 

roots of eigenvalues of a positive (semi)definite matrix A‘A [17].) 

Since U and V are column orthonormal matrices it holds: 

U'=U'; Vo=V (3.33) 

Once decomposition is obtained, solution can be readily found as: 

x=V-W!-U'-b (3.34) 

where W™! is simply diagonal matrix of reciprocal values of elements of W. If singular 

value is zero or near zero its reciprocal value is set to zero [77]. 
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Although ANNs with hidden and output neurons having sigmoidal transfer 

function are inherently nonlinear systems, SVD can be readily applied to determine almost 

optimal output weights [60]. In order to do this last hidden layer activations need to be 

calculated for all input patterns. Also, for every output neuron and for every desired 

output, the inverse of the output neuron transfer function is calculated: 

=f") j=lh..N pal,...,N?’ (3.35) 

where o? is a desired input and ¢/ is a target value for j-th neuron and p-th input pattern, 

N° is a number of output neurons, N’ is the number of input patterns and f7'(-) is the 

inverse function of output neuron transfer function (assumed the same transfer function 

for all output neurons). 

Calculation of desired inputs to a given output neuron knowing the activations of 

neurons on the previous level that are connected to the output neuron is a linear operation. 

Therefore, SVD can be applied for solving the following system for a j-t# output neuron: 

w? | 
[A ul), |=07 (3.36) 

w 
b 

where A isa[N” x N”] matrix of calculated activations for N” hidden neurons in the last 

hidden layer, u is a [N’ x J] bias vector of 1’s, w’ is a [N” x /] vector of weights 

connecting neurons in the last hidden layer with j-th output neuron, w; is a weight 

connection j-th output neuron to a bias, and o/ is a[N? x /] vector of desired inputs to 

the j-th output neuron for every input pattern. 

If direct input-output connections are allowed, then the above equation is changed 

accordingly: 

w! 

[A P ul-|wi |=0/ (3.37) 
J 

W, 
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where P isa[N? x N’], N’ being the number of inputs, matrix of input values for every 

input pattern and w?, is a[N’ x /] vector of weights connecting input neurons to the j-th 

output neuron. 

Note that system matrix in above two equations needs to be calculated and 

decomposed using SVD only once because only right-hand-side vector changes for a 

particular output neuron. 

Using the procedure outlined above SVD will compute almost optimal output 

weights. They will not be optimal in the best least-squares sense because of nonlinear 

transfer function which has to be applied to obtain output values. If the transfer function 

of the output neuron is linear, then SVD will give optimal weights, given the activations of 

the neurons on the previous layer. 

SVD ts used in conjecture with simulated annealing to determine starting point for 

conjugate gradient method. Simulated annealing is applied only to hidden neurons’ input 

weights. After them being randomized, SVD calculates output weights, which is followed 

by the error function evaluation for computed point in weight space. 

Conjugate gradient, as a relatively slow and time consuming method, is used to 

find true local (hopefully global) minimum regardless of the character of output neuron 

transfer function. 

3.8 Input Variable Scaling 

Treatment of this problem will be limited to only interval variables because variable 

of this type will be used in simulations. Every interval variable is scaled to its unit-normal 
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distribution (or so called z-scores). In order to do this first is estimated its average value 

from the available sample: 

~— Ik, 
X, = 75 Xs (3.38) 

i=] 

  

where X, is the average value of the original (unscaled) variable values, N* is the number 

of values, and x‘ is an i-th original value. 

To minimize roundoff error standard deviation is calculated as follows [77]: 

  

  

1 je pf. ° 
Fo = a] dO —Xx,)’ EG =) (3.39) 

Z-scores are now obtained as: 

x, = 2 (3.40) 
Oo 

In this manner every original variable value is represented in unitless quantities 

which show deviations from the sample mean relative to the sample standard deviation. 

Such scaling preserves variability of every variable and at the same time transforms them 

into unitless quantities. Furthermore, every input variable will have almost the same 

range. From theoretical point of view, ANNs should be able to learn the relative 

importance of input variables as well as to be able to capture important variabilities 

regardless of input variable range. For example, ANN should learn the consequences of 

change in load of 1000 MW and temperature change of 5° Fahrenheit by adjusting its 

input weights. However, this may lead to the saturation of neuron activations. On the 

other hand, variabilities on the larger scale will dominate the learning and may prevent 

learning very important but much smaller variabilities. Consequently, it is accepted that, in 

practice, scaling to similar ranges contributes to faster and better learning [60]. 
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Values obtained by the above scaling are not limited. On the other hand, 

activation limits for neurons, provided that neurons’ transfer functions are sigmoids, are 

often [-1,1] or [0,1]. Output neurons having sigmoid transfer function will not be able to 

reproduce desired range of target values. Therefore, z-scores have to be further scaled to 

sigmoid range: 

x = Smee Sin (y ~ x") 4 Sain (3.41) 
x —-xX 

Zz Zz 

min where x is a value of variable which will be fed to ANN, xP“ and x" are minimal and 

maximal value of the z-scores and S_,. and S_,, are maximal and minimal practical 

activation limits. Practical activation limits are usually between [-0.9,0.9] or [0.1,0.9] and 

are imposed by the fact that weights has to grow in absolute terms tremendously if 

neuron’s activation has to be near its activation range. This will in turn push a network 

into saturation state where error gradient will be negligible, preventing any further 

learning. Because of these adverse effects, practical activation limits are set. 

3.9 Generalization 

The aim of ANN learning is a good generalization. If the number of training data 

is infinitely large then so called consistency of an estimator will be ensured, i.e. its mean- 

squared generalization error will converge to zero in the large sample size limit. In the 

situation where the number of training patterns is finite, network will converge to a biased 

solution and generalization error will increase. That situation is known as overfitting or 

overtraining because network learned specific details of the training set, compromising its 

generalization ability. This latter case, of having limited training, set is almost exclusively 

encountered in practice. Consequently, generalization is one of the very important issues, 

closely related to the problem of estimation of learning parameters and the number of 

hidden units (also known as model selection), the issue of stopping criterion, and the 

choice of the optimal trained network. The problem of generalization is still unresolved in 
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the ANN community and is the problem inherent to all parameter-free (also called 

nonparametric) estimators [30]. Recently it has been demonstrated that even small 

networks can also overfit [99], but it seems that the problem can not be related to the 

choice of the error function, as suggested, which was demonstrated by Ling [56]. It is 

known that ANNs are able to approximate arbitrary functions and get arbitrarily small 

training errors if the chosen architecture is sufficiently complex. This can be achieved just 

by increasing the number of hidden units and adding corresponding connections [21]. This 

will, however, lead to overfitting and, consequently, poor generalization. The challenging 

question remains, how to prevent this from happening. 

Recent research identifies and compares pruning, penalty terms, and cross- 

validation as three common techniques used for ANN architecture selection and stopping 

the learning process [27,36]. The main conclusion of that research, which is the most 

comprehensive so far on this subject, is that, although all of the techniques mentioned can 

significantly improve generalization, their performance is domain dependent. 

Improving the generalization is also possible by combining predictions of trained 

ANNs as is explained and demonstrated in numerous applications (see [74] and references 

herein). In doing that, ANNs could be trained in different ways and with different cost 

functions, and combined in various ways. Even combination of iterated and direct 

estimators of various lead times are possible as was successfully shown in [88]. Some 

theoretical results are provided for the case of simple averaging and weighted averaging of 

ANNs' inputs in [74] and [53] respectively. Both theoretical studies and practical 

experience confirm that, by combining estimators, significant improvement in prediction 

accuracy can be achieved. Despite these facts, this approach has not been investigated in 

more depth in STLF. Combining estimators is also implicated by the random choice of 

initial weights which is, in most cases, closely related to ANN training. Everything else 

being the same, two networks can have different performance if different initial weights 

Artificial Neural Networks 54



are chosen. In some cases, convergence to the satisfactory solution is even not possible 

for a selected set of initial weights [49]. Therefore, instead of searching for the best 

trained single network, it definitely seems more prudent to combine the prediction 

capabilities of several of them. 

One very popular method to deal with the problem of overtraining, based on cross- 

validation technique, is cross-validation stopping. Cross-validation stopping divides 

training set into two disjoint sets. One set is chosen for training and the other is used to 

estimate generalization error. Training stops at the minimum of estimated generalization 

error. 

In a report recently introduced by Amari et al., the authors address the problem of 

overtraining using cross-validation stopping [3]. The authors analyzed the following 

cases: 

t<=m ill- posed problem 

m<t<30m intermediate range (3.42) 

t>30m asymptotic range 

where ¢f is the number of training patterns and m is the number of weights. 

According to their findings, overtraining is remarkable when the number of free 

parameters (weights) is higher (i.e. when the problem is ill-posed), or approximately equal 

to the number of training cases. Cross-validation stopping is not effective in that situation 

because splitting already small training set further reduces valuable information available 

to the net so other methods for improving generalization, such as regularization or model 

selection, are recommended in this situation. 

For asymptotic range they prove that generalization error worsens if training 

patterns are used for cross-validation stopping instead for training. For intermediate case, 
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the most interesting from the practical point of view, it was shown that cross-validation 

stopping improves the generalization ability of the network to a large extent. The 

improvement is directly proportional to the size of a validation set. 
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4. INPUT VARIABLE SELECTION 

This chapter deals with the important issue of selecting input variables for artificial 

neural network based forecasting. Since ANNs are data driven, this problem is of the 

highest importance. This research proposes phase-space embedding to determine input 

variables. In what follows, a short description of this technique is given. 

4.1 Introduction 

Researchers in the field of artificial neural networks and STLF using ANNs are 

unified in their claim that input variables selection is one of the most important tasks in 

building ANN based forecasting system. This claim is self evident having in mind that 

ANNs are supposed to learn relationships between input and output variables almost 

without any hint provided from the researcher. If input variables do not represent relevant 

ones, ANN could not be expected to accurately predict dependent variable. 

Many different methods for identification of input variables have been tested, such 

as auto-correlation, partial-auto-correlation, cross-correlation. Moreover, some authors 

use different sets of input variables depending on the characteristics of a forecasted period, 

which further complicates the problem. Common characteristic of all statistical methods 

used so far is that they attempt to identify almost exclusively linear relationships among 

sets of candidate variables and dependent variables. Furthermore, because of linear 

character of the techniques used, some authors resort to derived variables, obtained by 
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some transformation (usually averaging, differencing or squaring) in an effort to determine 

appropriate input variables. In conclusion, the process of determining input variables is 

very time consuming and usually significant computer resources are involved in statistical 

analysis of candidate variables. Unfortunately, the outcome of such an analysis is not 

always satisfactory, and there have been reported many cases in STLF practice where 

experienced system operator is the best source of information on relevant variables. 

To illustrate better the scope of the problem, in Table 4.1 are outlined some of the 

input variables used for ANN based STLF. The table is based on the result of literature 

survey of input variables for STLF done by Piras et al. [76]. Variables that involve delay 

and difference operators are shown in a qualitative fashion and the choice of the specific 

parameters depends on a particular system, which only increases actual number of input 

variables. Moreover, many combinations of input variables are possible, leading to 

cumbersome research work to determine optimal combination for a problem at hand. As 

Mohammed et al. reported in the discussion related to their paper [62], in developing 

ANN based STLF the authors had experimented with over 500 different input variables. 

In this work the approach is taken which decomposes prediction problem into the 

representation problem and the function approximation problem [88]. The representation 

problem deals with transformation of unknown system states into the states derived from 

measured observables of the system. The transformation has to preserve deterministic 

character of the original system as well as its dynamics. It follows that it has to be “one- 

to-one” mapping that does not collapse tangent directions at any point of the 

reconstructed hypersurface. Mapping that has these characteristics is called embedding. 

In other words, an embedding is a smooth “one-to-one” map which has a smooth inverse. 

These conditions are sometimes termed smooth diffeomorphism. 
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Table 4.1 Some of explanatory variables used in ANN applications to STLF 

  

  

          

General Temperature Weather Electrical Load Functional Links 

year B*(T) humidity BO (L) (B* (T) -60F)” 

month B! (T) wind speed B! (L) (max B! (1H -60F)? 

hour B” (T) cloud cover B™ (L) d 3 

day of year a precipitation d (min B (T) -60F) 

day of week max B (1) max BC) In(.1 +B‘ (T)/B*"'(7)) 
holiday min B (T) min B (L) sin( General Variables ) 

p! (T) p? (L) cos( General Variables )   
  

d 
* B* (-) - delay operator (x : h - hourly, d - daily, w- weekly), D = (-) - difference operator (d - daily) 

If the reconstruction of the original deterministic system is embedding, then 

trajectories in the reconstructed phase space will be also uniquely defined by initial state, 

or, in other words, will not intersect. In this situation, it is possible to predict both the 

whole future state or only one of its components (for instance, only the most recent 

coordinate). Involved variables will be in both cases functionally related because only one 

future state of the system will be possible. 

The function approximation problem deals with finding a function which will map 

current states in reconstructed phase space to the future states, predicting in this way the 

observable states of the original system. Because of powerful function approximation 

capabilities, the function approximation is proposed to be done using ANNs. 
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In summary, the following steps can be identified in phase-space embedding based 

prediction: 

1. Embed time series data in a phase space. 

2. Assume functional relationship between the current state and the future state or one of 

its components: 

x(t+7)=F' (x(t) (4.1) 

3. Find predictor which approximates the function F7(-). 

4.2 Phase-Space Reconstruction 

In physical systems, it is not usually possible to simultaneously measure all the 

state variables either because it is not feasible or because all the variables are simply not 

known. In this situation it is still possible to reconstruct underlying dynamics by sampling 

one observable. In nonlinear systems theory this problem is known as phase-space 

reconstruction. 

The main idea behind phase-space reconstruction is that each point in the time 

series of an observable contains information about unobserved state variables of the 

original system. If enough points are sampled, then the information about unobserved 

state variables and their interactions will be sufficient to define a dynamical system. A 

reconstruction is called embedding only if it is diffeomorphic, i.e. a smooth, one-to-one 

transformation with a smooth inverse. Embedding reconstruction guaranties that the 

properties of the reconstructed attractor, which is defined as a closure of the set of points 

in state space visited asymptotically by a trajectory, will be the same as of the original one, 

including the similar phase portrait, dimension of an attractor, and Lyapunov exponents. 

Reconstruction can be mixed and predictive. In the case of mixed reconstruction, 

coordinates of reconstructed phase space consists of past, present, and future values of the 

observable. Predictive reconstruction has coordinates that are formed of present and past 
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values of the observable only. It is encountered in the problem of nonlinear time series 

prediction and, therefore, will be exclusively treated in what follows. 

Today there exist two main methods for phase-space reconstruction. One of them, 

proposed by Packard et al. [63], uses time series data and their successive derivatives as 

coordinates of reconstructed phase space. The authors experimentally showed that the 

method could reconstruct dynamics which has the same characteristics as original 

dynamics. The main drawback of this procedure is that it is sensitive to noise, since 

differentiation amplifies noise in data. 

The method of delay coordinates is the second main method of phase-space 

reconstruction and was proposed by Takens [94]. Takens also provided a formal 

mathematical proof for a phase-space reconstruction which is known as Jakens 

embedding theorem. The theorem states that it is possible to reconstruct an attractor 

governing particular dynamic by sampling only one component of its state. In order to 

ensure that a reconstruction is embedding, it will suffice to take the dimension of the 

reconstructed space d to be: 

d2>2-d,+1 (4.2) 

where d, is the dimension of the attractor of the original dynamic. However, in special 

cases it is possible to obtain embedding in a space with a smaller dimension, but not 

smaller than the dimension of an original attractor, which gives the practical boundaries 

for the dimension of the reconstructed state space: 

d,<d<2-d,+1 (4.3) 

Coordinates in a reconstructed phase space are called delay coordinates. For the 

predictive reconstruction they form delay vectors of the form: 

x(t) = {x(), x(t - 7),..., x(t -(d-1)- 7)} (4.4) 

Input Variable Selection 61



where 7 is embedding time delay, which determines temporal spacing of points in a delay 

vector, and x(f) is a time series point. 

Takens embedding theorem is valid for the arbitrary choice of an embedding time 

delay. However, contrary to the theorem assumptions, sampled time series have finite 

length, are obtained with finite precision, and are contaminated with noise. In addition, 

the dimension of an original attractor is not known. As has been shown [15,16], all these 

parameters influence the quality of reconstruction. On the other hand, inappropriate 

reconstruction can amplify noise and give dynamic which is not equivalent to the original 

one. 

Specifically, if an embedding time delay is too small in comparison with the 

recurrence time of a system, which is defined as the reciprocal value of the dominant 

frequency in the system power spectrum, then dynamics will be confined to the 

hyperdiagonal of an embedding space which means that two consecutive states will appear 

linearly dependent. However, this is not the case for the observables of a nonlinear 

system. Also, a finite precision measurement function may cause in that case intersections 

of trajectories, which will violate the assumption of deterministic character of a system. 

On the other hand, an embedding time delay which is larger than a recurrence time will 

make two consecutive states to appear disjoint and, therefore, random, which is, again, 

not the case for the original system. Finally, in the most comprehensive treatment of the 

phase-space embedding subject so far, Sauer et al [89] proved that embedding time delay 

must be chosen in such a way that, in the original system, there are no periodicities with a 

period equal to an embedding time delay or two times embedding time delay. This 

theoretical finding is in accordance with experimental results which suggest that 

embedding time delay should be smaller than half of the period of the dominant periodicity 

in a system [13]. 
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Embedding dimension must be also chosen with care. If embedding dimension is 

not sufficiently high, than the dynamics will not be unfolded in the reconstructed phase 

space. In this case, the resulting hypersurface will not be single-valued which will not 

allow needed functional relationships to be inferred. On the other hand, an unnecessary 

high embedding dimension will use more computer resources and time than is justified. 

Therefore, the issue of determining proper embedding dimension and embedding time 

delay have drawn a lot of attention and in this work a great attention is paid to both 

problems. 

The idea of phase-space reconstruction from a scalar time series, together with the 

mathematical description of the embedding procedure appropriate for the forecasting 

purpose, is shown in Figure 4.1. The original dynamics f/ is assumed to generate a time 

series obtained from the original dynamical system by a measurement function A. In our 

case, it corresponds to the readings of power measuring devices in an electric power 

system. This process introduces measurement errors, records data with noise, and 

discretizes originally continuous process with sampling time 7,. The next stage in the 

phase space based forecasting process requires reconstruction of a phase space. This 

reconstruction is done by a delay reconstruction map ¢. Dynamics F” has to be estimated 

in the reconstructed phase space in such a way that it represents a dynamical equivalent to 

the original dynamics f. For this purpose ANNs are proposed. Forecasting is done in 

the reconstructed phase space using learned dynamics F’”. 
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4.3 Method of Integral Local Deformation 

For the purpose of phase-space reconstruction, a delay coordinate based method 

has been adopted which is in accordance with the current practice. The method is called 

Integral Local Deformation (ILD) and has been recently proposed by Buzug et al. 

f11,12,13]. The advantage of the method is that it is robust to noise, needs finite length of 

a time series, and finite precision of a measurement function. In addition it simultaneously 

determines embedding time delay and embedding dimension of a reconstructed space 

which is convenient from the practical point of view. 

The ILD method is based on homogeneity of local flows in the original phase 

space which must be preserved in the reconstructed phase space in order for 

reconstruction to be embedding. In other words, neighboring points in the reconstructed 

phase space must not diverge abruptly along a trajectory for small enough evolution times. 

Also, it means that intersections of trajectories in the reconstructed space are not allowed. 

Both requirements reflect the required deterministic nature of reconstructed dynamics and 

the preservation of causality in the reconstructed phase space. This concept is based on 

the assumption that in original phase space points on neighboring trajectories will remain 

neighboring after short evolution time elapsed. The same behavior of the system is 

required for a proper reconstruction. The idea of using local deformations as a measure of 

quality of reconstruction is shown for a two-dimensional reconstructed phase space in 

Figure 4.2. 

Neighbors in R-neighborhood of a reference point x; are designated as black-filled 

square markers. After s embedding time delays have elapsed the position of the neighbors 

is depicted by gray-filled square markers. The center of mass of the neighbors is 

represented by empty square marker. In the case of embedding reconstruction difference 
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Figure 4.2 Local deformations for two-dimensional reconstruction 
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between the reference point and the center of mass of its neighboring cloud grows slowly 

with elapsed time, which is not a case with a reconstruction which is not embedding. 

To calculate local deformations for the whole attractor, the set of randomly chosen 

reference points is defined. For each reference point in the set, the cloud of its neighbors 

is determined as is illustrated in Figure 4.3. The radius R of the neighboring cloud is 

problem dependent and is usually taken about several percent of a spatial extension of an 

attractor. 

Univariate time series is in the figure represented by a dotted line drawn against 

time. Embedding time delay is seven sampling times 7. The first component of an 

embedding vector x is represented by a filled marker, while the second component is 

shown by an empty marker of the same shape. Reference point is denoted by x,. First 

components of the points x, and x, are in R-neighborhood of the first component of the 

reference point. However, only the second component of x, is in the R-neighborhood of 

the second component of the reference point. Consequently, x, is in the neighboring 

cloud of the reference point, while x, is not. 

Quantitative measure of a flow inhomogeneity is determined by the following 

procedure: 

1. Define the set of time series data points as: 

Sy = {x EN, 05 j/5N,,3 (4.5) 

and the set of embedding vectors S, by 

. Tv . 
e = {x J ENG; (Gia ~ I) <j S N iat } (4.6) 

s 
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Figure 4.3 Neighboring cloud for a two-dimensional reconstruction 
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where d,,,, is the maximal embedding dimension, ,,,,, is the maximal embedding time 

delay, 7 is sampling time, and N,,,, is the number of data points in a time series. The set 

of reference points is a subset of S, consisting of V,,- randomly chosen vectors: 

  

, da». —\-T , Snax te S, = (1,:/ eNo; Gos Fim << Wig Atty (4.7) 
s 

| 

where s_,, is the maximal number of evolution time steps and f, is evolution time. 

2. For each reference point a cloud of N,, neighboring points with radius & is identified as 

follows: 

. —x,||<R p=1..,N iv} (4.8) So = {X, ES, ;|Ix, 

The center of mass of the cloud is calculated according to the formula: 

Nw 

‘x, (4.9) 
nb p=l 

  

C(t) = 

which for the m-th coordinate of the center of mass gives: 

t 1S 
Ci’ (7) = N . DX; melt, (4. 10) 

nb p=l 

After s evolution time steps have passed, where s=1,...,5,,,, the center of mass is 

calculated according to: 

Nw 

DX eset, (4.11) 
nb p= 

Cc ip tSte (r) _ 

  

3. Difference between reference point and the center of mass of its neighboring points for 

an initial moment and after s evolution time steps have passed is calculated as follows: 

d-1 

5% (0) = (Ue, ma, CP OEY" (4.12) 
m=0 

t, +5, d=! tj, +5te 21/2 

6; ‘(t)= > [X) s(sr-mi, VT, ~Cyr (a) } (4.13) 
m=0 
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Since a time evolution of these differences is of interest, the following distance is defined: 

5 ty tte ty, 
Dz ,,(t) = 67" ‘(t)- 87’ (2) (4.14) 

Integral local deformation is the discrete integral of these distances over s,,, evolution 

time steps. Assuming that D; , (rt) = 0, we can write: 

t s~ Ss A,;,(*) = 3 Pa, (t)+D;,, (7) (4.15) 
s=l 

4. Finally, the quantitative measure of a flow inhomogeneity is defined as an average 

integral local deformation over all reference points. This measure is made dimensionless 

by normalizing it by the sampling time and spatial extension of the attractor: 

Nref 

¥ A, (2) 
p=l (4.16) 

Nog T, [max{x,}~ mingx,}] 
  A,,, (7) = 

re 

The ILD method calculates flow inhomogeneity for the range of embedding 

dimensions and embedding time delays by tracking a flow in the future for specified 

number of evolution time steps. The proper embedding time delay is at the first minimum 

of average integral local deformations. The sufficiently high embedding dimension is 

obtained by observing the convergence of the average integral local deformations at the 

point of optimal embedding time delay as embedding dimension is increased. 

In implementing the ILD method, it is important to carefully choose various 

parameters required by the method [13]: 

e Dominant frequency must be estimated from a time series power spectrum. It is used 

to calculate the recurrence time of a system as the reciprocal value of a dominant 

frequency. Recurrence time is used to determine the proper choice of other 

parameters. 
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e Evolution time step has to be chosen in such a way that vector at the start and the end 

of evolution time step will differ “significantly”. For example, if evolution time step is 

equal to an embedding time delay, then state vectors of the points separated by 

evolution time step will differ only in one coordinate, which will result in an apparently 

smooth flow. Since the choice of evolution time step is made prior to estimating 

embedding time delay, the situation in which optimal embedding time delay would be 

chosen equal to evolution time step has to be prevented. For this reason evolution 

time step is always chosen equal to time series sampling time. Providing that sampling 

time is much shorter than recurrence time, choice of embedding time delay equal to 

evolution time step will be automatically prevented, because, in this case dynamics is 

constrained to hyperdiagonal of the reconstructed space and embedding is improper. 

e Evolution time, which is equal to evolution time step times number of steps, should be 

long enough to discern structures in data. For experimental data series, it is suggested 

that four steps should be sufficient to achieve this effect. On the other hand, evolution 

time should not be longer than cca. 25% of the recurrence time to ensure the local 

character of the procedure. 

e The umber of reference points is usually chosen as the percentage of available data 

points. The higher the number, the more reference points will be used and more of the 

attractor will be covered. This, however, will require more computer resources. 

e Neighboring radius, which is used to identify a cloud of a points around a reference 

one, is not a critical variable. Larger radius enables to capture local flow more 

accurately, because more points will be in the neighboring cloud. However, the radius 

should not be too large, because the local character of the flow may be lost. On the 

other hand, if neighboring cloud contains less then arbitrarily chosen number of points, 
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it will be enlarged. Minimal number of neighbors is arbitrarily chosen to be equal to 

embedding dimension plus one. 

Input Variable Selection 72



5. IMPLEMENTATION OF THE PROPOSED 

TECHNIQUE 

Proposed approach is used for short-term load forecasting. The whole procedure 

is presented and tested on the example of two utilities from different regions of the US. 

First, the load and temperature characteristics of the utilities are presented and discussed. 

This is followed by the presentation and analysis of forecasting results. 

5.1 Problem Description 

For the purpose of testing the viability of the proposed method, data for two 

utilities, one from the state of Virginia and the other from the state of Washington, were 

used. Embedding parameters were obtained for January, April, July, and October. These 

months were chosen because they represent summer, winter and transitional periods of the 

year and, hence, provide good examples to test the proposed approach. Data for the 

selected months in the year 1989 and 1990 were used. This was done to better illustrate 

the nature of a load profile with respect to both seasonal and annual differences. 

Load patterns for Virginia-based utility are shown in Figure A.1 through Figure 

A.6. The utility has annual peak of around 11000 MW in summer. The weather in the 

utility area is cold and stable in winter, warm in summer and can fluctuate in fall and 

spring. Extreme weather conditions, which cause unpredictable load-weather relationship, 
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could be encountered in summer and winter. From the figures provided, it can be 

concluded that seasonal patterns differ much more than the annual load profile. 

Washington-based utility load diagrams for the year 1989 and 1990 are shown in 

Figure B.1. and Figure B.2 respectively while temperature profiles for the same years are 

shown in Figure B.3 and Figure B.4. The utility is a winter-peaking, with annual peak 

around 4000 MW. Annual load is rapidly growing so that in 1990 annual growth rate of 

4.5% was recorded. The weather for the utility area is very fluctuating in the fall, winter 

and spring. It is not unusual for the temperature to fluctuate from day to day between 

forties through sixties. During the winter, the area is open to inrush of all kind of weather 

fronts, making the weather extremely unpredictable. Cold spills, such as one recorded in 

December 1990, can be so severe that cause blackouts because of sudden increase in 

electricity consumption. Contrary to the winter, the summer weather is very stable and 

mild, with the temperatures that rarely exceed 80° F. As a consequence, consumption 

patterns differ substantially between the seasons, which can be noticed from the figures. 

However, seasonal consumption pattern does not differ much over the years. 

5.2 Phase-Space Reconstruction Results 

As was discussed earlier, dominant frequency of the input data has to be 

determined first. For that purpose, for every selected month an amplitude spectrum is 

obtained. Sampling time of the input data was one hour, giving Nyquist frequency of 1 

cycle per two hours, which is more than high enough to capture all relevant frequencies in 

load consumption, as is clearly corroborated by the obtained graphs. Graphs representing 

amplitude spectrum for selected months and years for Virginia-based utility are shown in 

Figure A.S and Figure A.6. For Washington-based utilities, corresponding graphs are 

shown in Figure B.5 and Figure B.6. Relatively high constant term present in the data is 

not shown in the obtained graphs for the sake of clarity. As can be seen from the graphs, 

daily and half-a-day frequency are dominant, giving the recurrence time of 24 and 12 

Implementation of the Proposed Technique 74



hours respectively. Also, in the case of a summer peaking utility, half-a-day frequency is 

slightly higher in winter time than daily frequency. In summer, however, daily frequency 

clearly dominates. 

Embedding time delay was chosen to range from one to 24 hours. The interval 

was chosen longer than suggested by the previous discussion which was done in order to 

test the applicability of the described concepts to load forecasting. Evolution time was 

chosen equal to four sampling time steps. Such choice of evolution time suffices even for 

chaotic time series [12], and in our case was equal to four hours. This value is lower than 

25% of recurrence time which is also a requirement. In order to examine embedding 

space in more detail, 20% of embedding vectors were chosen for reference points. The 

results of Integral Local Deformation calculations are presented in Figure 5.3 and Figure 

5.4 for Virginia-based utility and Figure 5.1 and Figure 5.2 for Washington-based utility. 

As can be seen from the figures, for each month a family of curves was obtained 

which represents ILD values versus embedding time delay for six embedding dimensions. 

First curve in each family is obtained for embedding dimension two, second for three, and 

so on. By inspection it can be concluded that, although the graphs vary seasonally, they 

are very similar over the years, which is to be expected based on the observations on the 

original load patterns. Graphs clearly reveal inappropriate embeddings which correspond 

to observed 24-hour, 12-hour, and other, less pronounced, cycles in monthly data, for 

which ILD shows distinctive peaks. Similar qualitative picture can be noticed in all 

graphs. Proper embedding time delay is found at converging minimum of each family of 

curves, which in our case gives two hours. Minimal embedding dimension is estimated 

from the convergence of individual curves at chosen time delay as embedding dimension 

increases. It can be concluded that, after fifth dimension, all subsequent curves have 

minimum (or near minimum) for chosen time delay of two hours. Consequently, 

embedding dimension for all analyzed months is chosen to be five. 
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Figure 5.1 Integral local deformation (ILD) for four selected months in 
1989for Virginia with original load time series and fixed time 
delays. Embedding dimension (d) ranges from two to seven. 
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Figure 5.2 Integral local deformation (ILD) for four selected months in 

1990for Virginia with original load time series and fixed time 
delays. Embedding dimension (d) ranges from two to seven. 
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Figure 5.3 Integral local deformation (ILD) for four selected months in 1989 
for Washington with original load time series and fixed time 
delays. Embedding dimension (d) ranges from two to seven. 
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Figure 5.4 Integral local deformation (ILD) for four selected months in 1990 
for Washington with original load time series and fixed time 
delays. Embedding dimension (d) ranges from two to seven. 
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To visually check validity of the procedure, in Figure 5.5 is presented a graph of 

trajectories in three-dimensional phase space, obtained using the above chosen embedding 

time delay. Figure 5.5a shows single trajectory and Figure 5.5b all trajectories for the 

whole month from two different angles. As can be seen from the figure, the 

reconstruction reveals a structure inherent to load consumption pattern. Also, it is clear 

from the figure that embedding dimension of three will not serve the purpose of 

reconstruction, because the reconstructed surface is not completely unfolded. 

5.3 Input Variable Selection 

Based on the results of phase-space reconstruction, five load variables were 

selected for ANN inputs: load at time h, h-2, h-4, h-6 and h-8. Initial simulations used 

only these variables, giving unsatisfactory forecasts. Therefore, additional variables were 

included. 

Following the results of amplitude spectra for analyzed utilities, 24-hour (daily) 

cycle information as well as 12-hour (half-a-day) cycle was included in input variables. It 

was done in order to facilitate capturing cycles identified in load time series. Cycles were 

represented in the usual way, as a pair of variables for every cycle: 

c(h) = sin(h- 27m / T) (5.17) 

c,(h) = cos(h- 271 / T) 

where h is an hour in a day, ranging from zero to 23, and 7 is a cycle period (24 for daily 

cycle and 12 for half-a-day cycle). 

Finally, temperature was included because of its known influence on load 

consumption. Temperature variables were added for every time point for which load was 

included plus temperature of the time of forecasted load. Initial simulations, in which only 
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Figure 5.5 Three-dimensional phase-space reconstruction 
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temperature for the hour of forecast was included, did not give accurate enough results. 

Consequently, temperature was included in a heuristic manner, as described above. 

Input variables were scaled because of the benefits of such practice, discussed 

earlier. Load and temperature were first scaled to their respective z-scores and then to 

neuron activation limits. Cycles were scaled to neuron activation limits only. Scaling of 

temperature and cycles to activation limits is, strictly speaking, not necessary, because 

only load is predicted. However, this practice produces a set of input variables with 

uniform range, which avoids numerical problems and makes easier for neural network to 

infer importance of every input variable and underlying relationships between input and 

output variables. Input variables used for load forecasting and the type of scaling 

performed for each variable are summarized in Table 5.1. 

Table 5.1 ANN input variables 
  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

              
  

No. Variable Time point Scaling indicator* 
name (hour) Z-scores | Activation 

1 Load h zL aL 

2 Load h-2 zL aL 

3 Load h-4 zL aL 

4 Load h-6 zL aL 

5 Load h-8 zL aL 

6 Temperature h+1 zT aT 

7 Temperature h zT aT 

8 Temperature h-2 zT aT 

9 Temperature h-4 zT aT 

10 Temperature h-6 zT aT 

ll Temperature h-8 zT aT 

12 sin((t)*27/24) h+] --- aC 

13 cos((t)*27/24) h+] --- aC 

14 sin((t)*27/12) h+1 --- aC2 

15 cos((t)*27/12) h+1 --- aC2 

* Variables with the same indicators were scaled together, ‘---‘ means that no 
scaling was done. 
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5.4 Input Data Selection 

Training set was selected for every forecast day, also called target day, in a given 

forecast horizon. Selection procedure was done separately for weekdays and weekends. 

As a prerequisite, all historical data needed to be embedded into six-dimensional vector 

space. First three coordinates of the vector space were average daily temperature, 

maximal daily temperature and minimal daily temperature for a given day, Table 5.2. The 

remaining three coordinates represented the same variables for the previous day. In this 

manner was handled an “inertia” effect encountered in STLF and related to temperature- 

load relationship [78]. 

Table 5.2 Variables for determining k-nearest neighbors 
  

  

  

  

  

  

            

No. Variable Time point | Z-scores 

name (day) Indicator* 

1 Average temperature d zTl 

2 Maximal temperature d zT2 
3 Minimal temperature d zT3 
4 Average temperature d-1 zTl 
5 Maximal temperature d-1 zT2 
6 Minimal temperature d-1 - ZT3 
  

*Variables with the same indicators were scaled together. 

Each variable was transformed into its respective z-scores. The transformation 

was done independently for every variable, Table 5.2. This procedure ensured that 

variability in every chosen variable was properly accounted for, and its effect normalized. 

For instance, two days differ much more if their average daily temperatures differ for 2° 

Fahrenheit than if their minimal or maximal temperature differs for the same amount. This 

intuitive notion translates into the fact that average daily temperatures have smaller 

standard deviation than maximal or minimal temperatures, yielding much bigger difference 

in scaled values for the cited 2° Fahrenheit difference in unscaled temperatures. 
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For every target day a similarity index, defined as a relative distance between two 

i t 

vectors, was calculated using L,-norm: 

vi-v vi-y 
3 6 

2, ‘ JAP Qu AY, 
= J= 

d; = a (5.18) 
a 
j= 

where d; is the distance from the target vector f to i-th vector (¢#/), Vv; and vj are j-th 

        
  

coordinates of the i-th and target vector respectively, and 7 is a weight factor for the 

previous day coordinates, chosen empirically to be 1.0 for the utilities analyzed in the 

research. Normalization in the preceding formula was not necessary and wais done in the 

research to interpret the results in more comprehensible manner and, thus, to validate the 

adopted concept. 

Number of nearest neighbors was determined empirically to be six. By gradually 

increasing the number of nearest neighbors, this was the number which ensured enough 

data for ANN training and good generalization characteristics of ANN predictors. It is a 

fair assumption that further increasing the number of nearest neighbors would improve 

ANN performance even more. However, it would be associated with increasing the 

computational burden of the procedure, not just because the number of records would be 

larger, but also because distant neighbors would have more different load consumption 

characteristics, making ANN training harder. Consequently, first six nearest neighbors 

with lowest distances from the current target day were chosen to form a set of neighbors 

for a given target day. The set was then randomly divided in the ratio 1:1 and two sets, 

set A and set B, were obtained, Figure 5.6. This was done for every target day in a 

forecast horizon. All sets A were combined into one data set A and all data sets B were 

combined into one data set B, as is illustrated in Figure 5.6. 
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Finally, it should be mentioned that the selection process was deliberately biased by 

allowing nearest neighbors to be selected only from a predefined neighborhood. 

Neighborhood of two weeks around a target date was adopted in this research. 

Concerning the issue of larger neighborhoods, similar discussion is valid to the one 

presented for the number of nearest neighbors. Also, no neighbors were allowed from the 

forecast horizon, and important holidays, such as New Year’s Day and Independence Day 

were not chosen as neighbors. 

5.5 ANN Training 

Based on the concepts described in previous chapters, an ensemble of ANNs was 

used for STLF. Two neural networks were trained with two sets obtained by the input 

data selection procedure, Figure 5.6. One ANN used set A as a training set, while set B 

served as a validation set for early stopping. In training of the other net, the roles of the 

sets were reversed. As a result of this procedure, two trained ANNs were obtained, ANN 

A and ANN B. 

Number of hidden units for ANNs was determined by the similar procedure, as 

shown in Figure 5.7. Instead of target days, the nearest neighbor of every target day 

assumed the role of target day. In this manner a set of new target days was obtained, 

called pilot simulation target day set. For targets in this set, the above described 

procedure for splitting available data into set A and B was done. The only stipulation was 

that no target can be in neighbor set of other target. However, multiple neighbors were 

permitted. After the training phase, forecasts were done for the pilot simulation targets. 

The number of hidden units which gave the best forecasts was chosen for the actual 

training. 
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An issue which relates to the ANN architecture is the presence of direct 

connections between input and output units. For the problem analyzed, direct input- 

output connections gave better performance, which was empirically determined by a series 

of simulations. Therefore, all ANN architectures had direct connections between input 

and output units, as shown in Figure 3.2. 

ANNs were trained to predict load one hour in the future. The proposed concept 

of phase-space embedding does not stipulate the length of a prediction step, so it was 

determined on the basis of initial experiments and values reported in the literature. It 

follows that, to forecast more than one hour in the future, forecasts needed to be done in 

iterated manner: predicted values were fed back into input data and used to form input 

records. Although this concept seems more prone to larger errors, if a network is 

adequately trained, it can give remarkable results [52]. 

5.6 Forecasting Procedure 

In the literature, there is no consensus about the terminology of STLF. Therefore, 

to avoid any possible confusion, it is appropriate here to clarify some of the concepts in 

the context in which they are used in this research. 

Once trained, ANNs were used to forecast load for a given forecast horizon. 

Forecast horizon for weekdays consisted of five consecutive days starting from Monday 

and ending with Friday. For weekends, forecast horizon contained only two days, 

Saturday and the following Sunday. 

In actual operation, future temperatures are not known and are estimated. 

However, for the purpose of testing new forecasting concepts with historical data, it is 
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widely accepted practice to use actual and not predicted temperatures. Such practice was 

followed in this research as well. 

Predictions with three different lead times were analyzed: 

1) predictions with lead time of 24 hours. For this lead time predictions were made at 

one point in time for a whole day ahead. Actual historical loads were used to predict 

only first hour in a day, while predicting load for other hours was done in an iterative 

manner, whereby predicted loads were used to form ANN inputs. In this way, after 

predicting load for hour 8 (hours start from zero), input records contained only 

predicted loads. First hour of the next day in a forecasting horizon was predicted 

again using actual input data. In such a case net was reset, because it started from the 

actual trajectory and not predicted one, as was the case when iterated loads were fed 

back into input data. This is the most common lead time used in practice. 

2) predictions with lead time of 120 or 48 hours. In this case, at one point in time 

predictions were made for five or for two days ahead, corresponding to weekday and 

weekend forecasting. Actual load data were known only up to that point and network 

had to iterate its predictions for the rest of the period. To be more specific, in 

weekday forecasting, hour 0 on Monday was forecasted using actual load data of the 

preceding Sunday. Every other prediction, up to the prediction for hour 23 on the 

coming Friday, was obtained by including forecasted loads in input record. 

3) predictions with lead time of 1 hour. In this case input records consisted always of 

actual values and not predicted ones because it was reasonable to assume that 

temperature for the next hour could be estimated with high accuracy and that load for 

the previous hour was already known. Consequently, it reflected the most closely 

actual performance of an ANN under given circumstances in real operation. 
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Predicting was done by implementing ensemble prediction scheme, Figure 5.8. 

Out of given input data, an input record was formed for a current prediction hour. The 

record was fed to network A and B and respective forecasts were obtained. These 

forecasts were then averaged, which produced final forecast. Final forecast was then fed 

back to input data and used to form input records for subsequent forecasts. 

Forecast period was a third week in selected months, Table 5.3. In this way 

forecasting procedure was tested on a uniformly chosen sample. 

Table 5.3 Forecast periods for 1990 
  

  

  

  

  

    

Month Starting Ending 
Day | Hour | Day |} Hour 

January 15 0 21 23 

_April 16 0 22 23 
July 16 0 22 23 
October 15 0 21 23             
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6. RESULTS 

In this chapter, results of the described STLF procedure applied to the selected 

utilities are presented. To provide a better insight into the character of the results, various 

Statistics are given as well. Detailed results are grouped for every utility and month and 

given in Appendix C and Appendix D for Virginia and Washington-based utility 

respectively. Summary statistics of those results are provided, analyzed and discussed. 

6.1 Results for Virginia-Based Utility 

Following the pilot simulation method described in the previous chapter, ANN 

architecture for analyzed week of every month was definitely determined by identifying the 

number of hidden units, Table 6.1. 

Table 6.1 Number of hidden units for Virginia 

  

  

  

  

Day Month 

Type January | April July | October 

Weekdays 5 6 3 4 

Weekends 10 9 10 9             
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6.1.1 Mean Absolute Percent Errors and Maximal Errors 

Absolute Percent Error (APE) and Mean Absolute Percent Error (MAPE) are 

error measures most commonly used in analysis of STLF techniques. They are defined by 

the following equations: 

Ip, - ai) 100 

a (6.1) 
MAPE = > APE, 

i=] 

APE, = 

where p, is a predicted and a, is an actual load for hour / and N is a number of hours. 

Based on the tables given in Appendix C, summary of ANN performance in terms 

of MAPEs and maximal errors is given in Table 6.2. 

Table averages weekday and weekend MAPEs for the whole year separately. 

However, to obtain indication of performance for a whole week, both weekday and 

weekend MAPEs were averaged in a weighted manner as follows: 

MAPE westiny *3+ MAPE vectena *2 
= (6.2) MAPE a =   

and represented for every month. Finally, average of weekly averages was calculated. 

The average shows ANN performance for a whole year. 

Maximal errors were averaged by averaging their absolute values. This was done 

separately for weekdays and weekends. Obtained averages indicate expected magnitudes 

of maximal error for weekdays and weekends respectively. Maximal error for both 

weekends and weekdays was used to describe weekly and yearly performance. 

As can be seen from the table, MAPE and maximal errors for weekdays and 

weekends are very similar. MAPEs, which are somewhat larger than 2% for 24-, 120- and 
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Table 6.2 MAPE and maximal errors for Virginia 

  

  

  

Lead time (hours) 

Month 24 120/48 1 

MAPE | Max_| MAPE L Max | MAPE | Max _ 
  

        
  

  

  

  

October 

Averages 
  

  

  

  

  

  

  

  

  

  

  

  

October 
                  Year 
  

* Average of maximum errors is the average of absolute values. 

48-hour lead time, reflect very good performance of ANN forecaster. MAPEs for one- 

hour lead time are, as expected, extremely low and, on average, do not exceed 1.17% for 

a whole year. Maximal errors for a whole week are only -7.13% and -5.42% in April and 

July. Highest maximal errors are obtained in winter months. In January maximal error is 

10.13% and in October -10.24% for 24-hour lead time weekend and weekday forecasting 

respectively. Lead times of 120 and 48 hours give almost the same maximal errors: 9.89% 

in January for weekends and -10.29% for October weekdays. Although acceptable, these 

errors can be much better judged upon by analyzing distribution of forecasting errors. 

Maximal errors for one-hour lead time are, again, very good and do not exceed 5.6% for a 

whole year. 
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6.1.2 Error Distribution 

Error distributions are very valuable statistics in evaluating expectations of error of 

certain magnitude to happen because they show breakup of errors according to their 

magnitude. In this context they serve as additional description of forecasting performance 

which is not possible to obtain form MAPEs or maximal errors only. 

Error distributions for analyzed months are given in Table 6.3 through Table 6.6. 

For every APE value, tables contain number of errors which are higher than the previously 

listed APE and lower then the current APE. Maximal forecasting errors, encountered in 

January and October for 24- and 120-hour lead time, can be much better evaluated in the 

context of error distribution. Table 6.3 and Table 6.6 show that majority of the errors are 

much smaller than the maximal ones. To be precise, 99.4% of the errors for the whole 

week in January, i.e. including weekdays and weekends, are smaller than or equal to 7.5% 

for 24- and 120-hour lead time. Similarly, for 24- and 120-hour lead time forecasting in 

October, which gives largest maximal errors for this month of around 10%, 99.4% of the 

errors have magnitude smaller than 8%. 

Cumulative error distributions for all months are given in Figure 6.1. Goodness of 

a distribution is usually judged using 50- and 90-percentile errors, which are singled out 

and shown in Table 6.7. It should be noted a very favorable cumulative error distribution 

for October which is supported by the best overall 50- and 90-percentile errors of all 

months. Consequently, relatively large maximal errors, comparing to maximal errors 

obtained for other months, may be regarded as a very rare exception and, possibly, an 

error in input data. Similar conclusion can be derived for January as well. Namely, from 

the Figure 6.1, it is clear that cumulative distribution has very thin and long tail, usually 

reflecting outliers or very rare patterns. On the other hand, percentile errors for January 

are consistent with those for other months which have far smaller maximal errors. 
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Table 6.3 Error distribution for Virginia, January 1990 
  

  

  

  

  

  

  

  

  

  

  

  

  

  

                        

  

  

  

  

  

  

  

  

  

  

  

  

Weekdays Weekends Week 

APE | Lead time (hours) | Lead time (hours) | Lead time (hours) 

24 | 120 1 24 48 1 24 | 168 1 

1.00 25 32 44 16 16 22 4] 48 66 
2.00 38 34 36 11 11 11 49 45 47 

3.00 26 30 23 6 8 9 32 38 32 

4.00 19 11 9 7 4 2 26 15 11 
5.00 5 6 5 5 6 3 10 12 8 
6.00 4 3 3 0 0 1 4 3 4 
7.00 3 3 0 1 1 0 4 4 0 
8.00 0 ] 0 1 1 0 1 2 0 
9.00 0 0 0 0 0 0 0 0 0 

10.00 0 0 0 0 ] 0 0 ] 0 

11.00 0 0 0 1 0 0 1 0 0 

Total | 120 | 120 | 120 48 48 48 168 | 168 | 168 

Table 6.4 Error distribution for Virginia, April 1990 

Weekdays Weekends Week 

APE | Lead time (hours) | Lead time (hours) | Lead time (hours) 
24 120 1 24 48 1 24 168 ] 

1.00 45 41 59 14 5 21 59 46 80 
2.00 30 35 41 2 4 18 32 39 59 
3.00 19 14 13 9 13 6 28 27 19 
4.00 13 13 6 10 14 ] 23 27 7 
5.00 6 9 1 5 4 2 1] 13 3 
6.00 3 5 ) 4 4 0 7 9 0 
7.00 3 2 0 3 3 0 6 5 0 
8.00 1 1 0 1 1 0 2 2 0 

Total | 120 | 120 | 120 [{ 48 48 48 168 | 168 | 168                       
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Results 

Table 6.5 Error distribution for Virginia, July 1990 
  

  

  

  

  

  

  

  

  

  

                          

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

Weekdays Weekends Week 

APE | Lead time (hours) {| Lead time (hours) | Lead time (hours) 
24 | 120 l 24 48 1 24 | 168 1 

1.00 33 20 80 13 9 24 46 29 | 104 
2.00 30 24 33 13 9 19 43 33 52 

3.00 29 29 7 8 13 5 37 42 12 

4.00 16 29 0 5 4 0 21 33 0 

5.00 10 15 0 6 8 0 16 23 0 
6.00 2 3 0 3 3 0 5 6 0 
7.00 0 0 0 0 2 0 0 2 0 

Total | 120 | 120 | 120 | 48 48 48 { 168 | 168 | 168 

Table 6.6 Error distribution for Virginia, October 1990 

Weekdays Weekends Week 

APE | Lead time (hours) | Lead time (hours) | Lead time (hours) 

24 {| 120 1 24 48 1 24 | 168 l 

1.00 39 39 76 16 20 23 55 59 99 
2.00 33 31 36 21 17 18 54 48 54 
3.00 25 32 4 4 4 3 29 36 7 

4.00 8 4 3 3 4 3 1] 8 6 

5.00 5 4 0 3 2 l 8 6 

6.00 4 4 1 1 1 0 5 5 1 

7.00 4 4 0 0 0 0 4 4 0 

8.00 ] ] 0 0 0 0 1 1 0 

9.00 0 0 0 0 0 0 0 0 0 

10.00 0 0 0 0 0 0 0 ) 0 
11.00 1 1 0 0 0 0 1 I 0 

Total | 120 | 120 | 120 | 48 48 48 | 168 | 168 | 168                         
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Figure 6.1 Cumulative APE distribution for Virginia. Distribution for 24-hour lead time 
is shown with solid, for 120/48-hour lead time with dotted and for one-hour 

lead time with dashed line. 
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Table 6.7 Percentile errors of 50 and 90 for Virginia 

  

  

  

  

Lead time (hours) 
Month 24 120/48 1 

50 | 90 50 | 90 50 | 90 
Weekdays 
  

January | 1.92 4.00 1.87 4.12 1.35 3.60 

April 1.53 4.25 1.60 4.36 1.02 2.58 
  

  

  

  

July 1.92 4.00 2.64 4.25 0.71 1.82 

October | 1.65 4.38 1.67 4.50 0.72 1.86 

Weekends 
  

January | 1.75 4.40 1.79 4.42 1.25 3.30 

April 2.94 5.60 | 3.20 5.60 1.15 2.70 
  

  

  

  

July 1.80 4.55 2.33 5.05 0.77 2.02 

October | 1.31 3.37 1.20 3.37 1.04 2.60 

Weeks 
  

January | 1.89 4.25 1.85 4.31 1.33 3.53 

April 1.81 4.84 1.98 4.94 1.06 2.62 

July 1.90 4.2] 2.54 4.40 0.77 1.87 

October | 1.50 4.13 1.48 4.10 0.81 1.97 

  

  

                  
  

6.1.3 Peak-Load Prediction 

Peak-load prediction in the context of this research is defined as a maximal 

predicted load in a given lead time period. Actual peak load refers to the maximal load in 

the same lead time period. Peak-load prediction error is then defined as: 

_ Ip max, ~ Dinax,i | 0 ~ -100 
max (6.3) 

1 L 

MAPE, =). APE, 
i=] 

APE 

where p,,,,; 18 a predicted and a,,,,, is an actual peak load for the i-th lead time period in 

a forecast horizon, L is the number of lead time periods in a forecast horizon. It can be 

one, for 120-hour lead time weekday or 48-hour lead time weekend forecasting, two for 

24-hour lead time weekend forecasting or five for 24-hour lead time weekday forecasting. 
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In Table 6.8 are summarized results for peak-load predictions for Virginia. In the 

same manner as explained for absolute percent errors, averages were obtained for a whole 

week of analyzed months and for the whole year. The only exception is the average for 

120- and 48-hour lead times, which was obtained as a simple average of weekday and 

weekend forecasts. Those averages serve as indicators of predictor performance for 

respective periods. It can be concluded that average peak-load error of 2.12% for the 

whole year is very low. Maximal peak-load prediction errors are also very good and do 

not exceed 5% for the whole year. 

6.1.4 Ensemble vs. Single ANN Prediction 

Averaging predictions of several ANNs as a method of improving forecasting 

accuracy has not been extensively investigated in the area of STLF. One of the goals of 

this research is to examine this technique in more quantitative manner. Therefore, here are 

discussed predictions of individual ANNs and compared with predictions of ANN 

ensemble. In Table 6.9 are shown MAPEs, standard deviation of errors and maximal 

errors for every considered lead time and for weekdays and weekends for the chosen week 

of the month. As can be clearly seen from the results provided, forecasting helps reducing 

MAPEs, standard deviation and maximal error of individual networks. Furthermore, 

ensemble errors are usually lower than the lower error of two networks. Particularly 

beneficial is ensemble prediction for reduction of maximal errors. 

In Table 6.10, reduction in MAPE, standard deviation and maximal error are given 

with respect to averaged performance of individual ANNs and with respect to better 

performance of two individual ANNs. It can be noticed that very big reduction in errors 

are possible. For instance, in April for lead time of 24 hours and weekday forecasting, 

MAPE for network A and B are 3.03% and 2.40% respectively, yielding average error of 
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Table 6.8 MAPE, and maximal peak-load 
errors for Virginia 
  

  

  

  

  

  

  

Lead time (hours) 

Month 24 120/48 

MAPE,| Max |MAPE,| Max 
Weekdays 

January {| 2.17 | -4.34 | 3.37 | -3.37 
April 1.20 | 2.37 | 0.10 | -0.10 
July 2.37 | -3.61 | 2.32 | -2.32 
  

October | 2.75 | -4.90 | 4.90 | -4.90 

Average*} 2.12 | 3.81 2.67 | 2.67 
  

  

  

  

  

Weekends 

January | 2.68 3.39 1.96 | -1.96 

April 130 | -1.38 | 1.21 | -1.21 

July 3.28 | -4.17 | 2.38 | -2.38 
  

October | 1.16 | -1.64 | 0.69 | -0.69 

Average*{ 2.11 2.65 1.56 1.56 
  

  

  

  

  

  

              
  

Weeks 

January | 2.32 | -4.34 | 2.67 | -3.37 

April 1.23 2.37 0.66 -1.21 

July 2.63 -4.17 2.35 -2.38 

October { 2.30 -4,90 2.80 -4.90 

Year 2.12 -4,90 2.12 -4.90 

* Average of maximum errors is the average of absolute 
values. 

2.715%. However, ensemble error is 1.89%, or 0.825% lower. Standard deviation of the 

errors is also reduced: from 2.29% for network A and 2.07% for network B to 1.59% for 

ensemble. Maximal error is similarly reduced for, on average, 2.35%. Even more drastic 

reduction in maximal errors can be observed for weekends, where average error reduction 

is 4.15%. Such big reductions are not achieved for all months and all lead times, and in 

some cases even slight increase in error is possible. For instance, in July ensemble MAPE 

of 2.04% is larger than the lower error of two networks, which is 1.97%. This increase is 

not significant and is compensated by decrease in maximal error of 0.53% with respect to 

the lower of two network errors, and by reduction in error variance. 
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Table 6.9 Predictor performance for Virginia 

  

  

  

        

  

  

  

  

  

  

  

  

  

  

Lead Predictor 

time Ensemble Network A Network B 

(hours) [ MAPE | Stdev | Max MAPE St dev | Max | MAPE | Stdev | Max 

24 2.21 1.5] 7.00 2.2] 1.59 -8.73 3.13 2.04 9.51 

120 2.12 1.54 -7.35 2.37 1.65 -9.43 3.02 2.15 9.51 

1 1.62 1.30 -5.31 1.87 1.50 6.36 1.74 1.48 -7.69 

Weekends 

24 2.29 2.00 10.13 3.79 3.39 12.78 3.41 2.90 -10.99 

48 2.26 1.97 9.89 3.71 3.31 12.68 3.44 2.97 -11.28 

1 1.52 1.27 -5.15 1.74 1.51 5.76 1.97 1.93 -9.90 

  

  

  

  

  

  

  

  

                    
  

  

  

  

  

  

  

  

  

  

24 1.89 1.59 7.02 3.03 2.29 9.85 2.40 2.07 -8.89 

120 1.97 1.64 7.02 3.11 2.28 9.85 2.34 2.09 -9.20 

1 1.19 0.96 -4.19 1.42 1.1) 4.91 1.24 0.99 -4 33 

Weekends 

24 2.89 1.96 -7.13 3.82 2.88 12.99 3.45 3.01 -9.57 

48 3.29 1.67 -7.13 401 2.83 12.99 4.00 2.65 ~9.57 

1 1.34 1.02 4.86 1.89 1.40 -5,70 1.28 1.02 -4.02 

Weekdays 

24 2.04 1.33 -5.08 1.97 1.43 -5.61 2.21 1.55 -6.15 

120 2.49 1.37 -5.13 2.25 1.46 -5.61 2.75 1.62 -6.15 

1 0.82 0.61 -2.46 0.85 0.64 -2.82 0.94 0.65 -2.86 

Weekends 

24 2.18 1.58 -5.42 1.64 1.01 4.07 3.87 2.56 -8.61 

48 2.61 1.65 -6.08 1.70 1.25 -5.12 3.96 2.44 -8.52 

1 1.02 0.67 -2.60 3.06 1.27 0.87 
  

1.10 -3.25 

  

  

  

  

  

  

  

  

                      
  

24 2.02 1.79 -10.24 2.42 2.24 -11.08 2.37 2.15 -9,.93 

120 2.00 1.78 -10.29 2.19 1.70 -9.17 4.36 3.20 -14.62 

1 0.89 0.86 -5.60 0.95 0.82 -4.96 1.04 0.92 6.24 

Weekends 

24 1.62 1.29 -5.62 2.60 1.95 -6.89 1.82 1.68 -7.19 

48 1.57 1.27 -5.67 2.52 1.89 6.86 1.86 1.68 -7,19 

1 1.23 1.10 -5.00 1.54 1.39 -5.72 1.40 0.92 4.28 
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Results 

Table 6.10 Performance improvement with ANN ensemble for 

  

  

  

    
  

  

  

  

  

  

  

  

  

            

Virginia 
Lead Quantity 

time MAPE St dev Max 

(hours) Average | Lower | Average Lower Average | Lower 

Weekdays 

24 0.460 0.000 0.305 0.080 2.120 1.730 

120 0.575 0.250 0.360 0.110 2.120 2.080 

] 0.185 0.120 0.190 0.180 1.715 1.050 

Weekends 

24 1.310 1.120 1.145 0.900 1,755 0.860 

120 1.315 1.180 1.170 1.000 2.090 1.390 

1 0.33 0.220 0.450 0.240 2.680 0.610     

  

  

  

  

120 
  

  

  

  

      
  

  

  

  

  

  

  

  

  

Weekends 

24 0.575 -0.540 0.205 -0.570 0.929 -1.350 

120 0.220 -0.910 0.195 -0.400 0.740 -0.960 
              
  

  

  

  

  

  

  

  

  

              

Weekdays 

24 0.375 0.350 0.405 0.360 0.265 -0.310 

120 1.275 0.190 0.670 -0.080 1.605 -1.120 

1 0.105 0.060 0.010 0.040 0.000 -0.640 

Weekends 

24 0.590 0.200 0.525 0.390 1.420 1.270 

120 0.620 0.290 0.515 0.410 1.355 1.190 

} 0.240 0.270 0.055 -0.180 0.000 -0.720     
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From the results provided it can be readily concluded that ensemble of ANNs gives 

results which are better than average performance of individual nets. Furthermore, 

ensemble related quantities are in most cases better than the best ones obtained for 

individual ANNs. As can be observed from the table, out of 24 analyzed cases, in only 

five are MAPE for an individual ANN better than MAPE for the ensemble. The same 

situation is with standard deviation of the errors. Maximal error is in seven cases better, 

slightly though, for an individual ANN than for the ensemble. 

6.1.5 Lead-Time Influence on Performance 

As can be readily concluded from Table 6.2, there is no significant degradation in 

performance for 24- and 120/48-hour lead time forecasting. Moreover, in January and 

October, out of four analyzed months, are MAPE for 120-hour lead time weekday 

forecasting smaller than the ones for 24-hour lead time. The same situation is encountered 

for January and October for 24- and 48-hour lead time weekend forecasting. Overall 

MAPEs for all months differ slightly for weekday forecasting for 24- and 120-hour lead 

time, being 2.04% and 2.15% respectively. Situation is almost identical for 24- and 48- 

hour lead times in weekend forecasting, where respective errors are 2.25% and 2.43%. 

Explanation for these results may be given in what follows. In a training phase, 

ANN predictor captures dynamic of the process from given training data. During iterated 

forecasting it follows the “least mean squares” trajectory inferred during the training. If 

the trajectory is reset using data contaminated with noise or measurement errors, then 

ANN predictor is distracted from the trajectory, which will result in larger errors. 

However, this will not cause excessive errors because similarly contaminated data were 

used in training. Therefore, the extent of the change in errors when resetting the predictor 

will depend on actual input data used for resetting. Perhaps, it may be no coincidence that 

increase in MAPEs because of resetting is noticed in January and October, months 

characterized by rather unstable weather pattern. 
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6.2 Results for Washington-Based Utility 

Applying the pilot simulation method, number of hidden units is determined for 

ANN architectures used in forecasting, and shown in Table 6.11. 

Table 6.11 Number of hidden units for Washington 

  

  

  

  

Day Month 

_ type January | April July | October 

Weekdays 5 3 5 5 
Weekends 7 7 4 4             
  

6.2.1 Mean Absolute Percent Errors and Maximal Errors 

Based on the tables given in Appendix D, summary of ANN performance in terms 

of MAPEs and maximal errors is given in Table 6.12. Averages for whole weeks and year 

are obtained in the same manner as explained in the case of Virginia-based utility. 

It can be noticed that MAPEs for this utility are very good, being slightly higher 

than 2% for 24-hour and around 2.5% for 120- and 48-hour lead time forecasting. 

MAPEs for one-hour lead time are around 1% and, hence, even lower than that for 

Virginia-based utility. Amazingly good are forecasting errors for July weekdays. This 

performance can be attributed to very stable weather and consumption patterns 

encountered in July, Figure B.1 through Figure B.4. 

Maximal forecasting errors for all lead times are under 10% which shows very 

desirable performance. Moreover, average maximal errors for weekdays are only 6.37% 

for 24-hour and 7.16% for 120-hour lead time. For weekends these errors are slightly 

higher, but still very good, being 7.39% for 24-hour and 7.35% for 48-hour lead time 

forecasting. Maximal errors for one-hour lead time are very small and under 4.99%. 
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Table 6.12 MAPE and maximal errors for Washington 

  

Lead time (hours) 
Month 24 120/48 1 

VMLAPE | Max _ 

  

  

     

    

    

      

  

January 

April 

July 

October 

Average* 

  

  

  

  

     

      

  

January 

April 

July 

October 

Average* 

  

  

  

  

  

  

     

  

  

  

  

October 

Year 
                  
  

*Average of maximum errors is the average of absolute values. 

6.2.2 Error Distribution 

Error distributions are given in Table 6.13 through Table 6.16. It can be 

immediately noticed that errors are grouped similarly as for Virginia-based utility, except 

for mentioned outliers. To be precise, error distribution for January and October is 

slightly worse than that for Virginia, disregarding mentioned outliers, which is clearly 

reflected in corresponding MAPEs. 
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Results 

Table 6.13 Error distribution for Washington, January 1990 

  

  

  

  

  

  

  

  

  

  

  

  

                        
  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

Weekdays Weekends Week 

APE | Lead time (hours) | Lead time (hours) | Lead time (hours) 

24 | 120 1 24 48 1 24 | 168 1 

1.00 15 18 56 13 10 31 28 28 87 
2.00 } 22 20 45 13 ll 14 35 31 59 
3.00 | 40 | 28 16 6 10 2 46 38 18 

4.00 | 24 22 2 5 2 1 29 24 3 

5.00 13 22 1 5 6 0 18 28 l 
6.00 4 8 0 4 6 0 8 14 0 

7.00 0 0 0 2 2 0 2 2 0 

8.00 1 1 0 0 1 0 1 2 0 
9.00 ] ] 0 0 0 0 1 1 0 

Total | 120 | 120 | 120 | 48 48 48 | 168 | 168 | 168 

Table 6.14 Error distribution for Washington, April 1990 

Weekdays Weekends Week 

APE | Lead time (hours) | Lead time (hours) | Lead time (hours) 
24 120 ] 24 48 1 24 168 1 

1.00 40 23 72 20 20 27 60 43 99 

2.00 34 27 30 13 13 17 47 40 47 

3.00 14 12 13 5 5 4 19 17 17 

4.00 14 19 3 ] ] 0 15 20 3 

5.00 4 16 2 ] ] 0 5 17 2 

6.00 6 12 0 ] ] 0 7 13 0 

7.00 8 8 0 2 2 0 10 10 0 

8.00 0 2 0 1 1 0 1 3 0 
9.00 0 ] 0 3 3 0 3 4 0 

10.00 0 0 0 1 1 0 1 1 0 

Total | 120 | 120 | 120 48 48 48 168 | 168 | 168                       
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Table 6.15 Error distribution for Washington, July 1990 
  

  

  

  

  

  

  

  

  

                        
  

  

  

  

  

  

  

  

  

  

  

  

  

Weekdays Weekends Week 

APE | Lead time (hours) | Lead time (hours) | Lead time (hours) 
24 120 l 24 48 | 24 168 1 

1.00 70 59 93 13 12 31 83 71 124 

2.00 } 36 36 23 11 11 11 47 47 34 
3.00 10 15 3 12 13 4 22 28 7 
4.00 4 6 0 7 8 2 11 14 2 

5.00 0 4 1 4 4 0 4 8 ] 

6.00 0 0 0 1 0 0 1 0 0 

Total } 120 | 120 | 120 | 48 48 48 | 168 | 168 | 168 

Table 6.16 Error distribution for Washington, October 1990 

Weekdays Weekends Week 

APE | Lead time (hours) | Lead time (hours) | Lead time (hours) 
24 | 120 1 24 48 1 24 | 168 1 

1.00 | 22 26 76 10 9 17 32 35 93 
2.00 37 28 35 5 6 20 42 34 55 
3.00 21 19 7 11 9 10 32 28 17 

4.00 18 19 2 5 7 ] 23 26 3 

5.00 8 10 0 4 4 0 12 14 0 

6.00 8 10 0 10 10 0 18 20 0 

7.00 6 6 0 1 ] 0 7 7 0 

8.00 0 2 0 2 2 0 2 4 0 

Total | 120 | 120 | 120 48 48 48 168 | 168 | 168                       
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Cumulative error distributions are given in Figure 6.2 and 50- and 90-percentile 

errors in Table 6.17. By inspection, it can be concluded that cumulative error distribution 

curves for 24- and 120/48-hour lead time are somewhat flat for January and October 

despite the curve for one-hour lead time being very similar for all months. More 

informative are rather high 50- and 90-percentile errors for January weekdays and October 

weekends. These findings reflect unstable load-weather pattern prevalent in fall and 

winter part of the year and the difficulties associated with its forecasting, as was pointed 

out earlier. 

Cumulative error distribution for July is particularly good, which is reflected in 

very low 50- and 90-percentile errors. These errors are significantly lower for weekdays, 

for all lead times, than respective errors for other months. The month of April represents 

an interesting case. Fifty-percentile error for this month is the lowest for weekends and 

next to the error for July for weekdays. In contrast, 90-percentile error is the highest for 

both weekday and weekend forecasting. This may indicate that forecast period contained 

certain number of inputs which represented changing patterns and which caused relatively 

flat cumulative error distribution. 
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Figure 6.2 Cumulative APE distribution for Washington. Distribution for 24-hour lead 
time is shown with solid, for 120/48-hour lead time with dotted and for one- 

hour lead time with dashed line. 
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Table 6.17 Percentile errors of 50 and 90 for Washington 

  

  

  

  

Lead time (hours) 
Month 24 120/48 1 

50 | 90 50 | 90 50 | 90 
Weekdays 
  

January | 2.60 | 4.29 | 2.79 | 4.75 | 1.08 | 2.32 
April 1.53 | 533 | 2.86 | 5.92 | 080 | 2.33 
  

  

  

  

July 0.86 2.20 1.02 2.86 0.54 1.56 

October | 2.04 5.25 2.23 5.67 0.78 1.91 

Weekends 
  

January | 1.86 5.53 2.25 5.78 0.78 1.87 

April 1.22 7.10 1.22 7.10 | 0.86 1.90 
  

  

  

  

  

  

  

July 2.00 4.53 2.25 3.80 0.82 2.20 

October | 2.83 5.70 3.00 5.70 1.27 2.39 

Weeks 

January { 2.45 4.48 2.65 5.12 0.96 2.21 

April 1.44 5.82 2.04 6.10 0.82 2.24 

July 1.02 2.95 1.24 3.22 0.63 1.7] 
                  October | 2.28 5.44 2.50 5.69 0.90 2.13 
  

6.2.3 Peak-Load Prediction 

In Table 6.18 are outlined results for peak-load forecasting for Washington. 

Similarly to the forecasting for Virginia-based utility, it can be concluded that average 

peak-load errors for the whole year are low and do not exceed 2.43%. Maximal peak- 

load error are also very good and are lower than 6% for the whole year. Average and 

maximal peak-load errors are very similar to the ones obtained for Virginia. 
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Table 6.18 MAPE, and maximal peak-load 
errors for Washington 

Lead time (hours) 
Month 24 120/48 

MAPE,| Max |MAPE,| Max 
Weekdays 

January | 3.04 | -4.25 | 4.06 | -4.06 
April 2.66 5.84 {| 0.22 | 0.22 
July 0.80 | 2.04 {| 0.35 | -0.35 
October | 3.23 | -4.26 | 2.91 | -2.91 

Average*| 2.43 4.10 1.88 1.88 

Weekends 

January 1.86 | -2.03 | 2.03 | -2.03 

April 0.34 {| 0.59 } 0.09 | 0.09 
July 2.62 | 440 | 0.84 | 0.84 
October | 4.20 | -5.50 | 5.50 | -5.50 

Average* | 2.25 3.13 2.11 2.11 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

              
  

Weeks 

January | 2.70 | -4.25 [| 3.05 | -4.06 

April 2.00 5.84 0.16 0.22 

July 1.32 4.40 0.60 0.84 

October { 3.51 {| -5.50 | 4.21 | -5.50 

Year 2.38 5.84 2.00 | -5.50 

* Average of maximum errors is the average of absolute 
values. 

6.2.4 Ensemble vs. Single ANN Prediction 

Performance of ensemble and individual networks for Washington-based utility is 

given in Table 6.19. Based on this table, improvement in performance measured by 

MAPE, standard deviation and maximal error is given in Table 6.20. By inspecting the 

tables, it can be concluded that ensemble forecasting does improve accuracy. Here is 

especially interesting case of forecasting with 120-hour lead time for October weekdays. 

Network A obviously had extremely bad performance. Nevertheless, the performance of 

ensemble was quite satisfactory. Performance of the network A is unusual but possible 
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Table 6.19 Predictor performance for Washington 

  

  

  

  

  

  

        

  

Predictor 

Ensemble Network A Network B 

MAPE | Stdev | Max | MAPE | Stdev | Max | MAPE | Stdev | 

  

      

   
  

  

  

  

  

  

  

  

  

  

24 2.62 1.45 8.09 3.03 1.73 -8.77 3.16 2.76 13.48 

120 2.84 1.60 8.09 3.48 1.87 -8.69 3.27 2.88 13.48 

1 1.24 0.81 4,43 1.36 0.94 5.64 1.43 1.22 8.48 

Weekends 

24 2.40 1.88 6.94 3.00 2.37 -8.69 2.60 1.95 7.16 

48 2.76 2.03 -7.37 3.54 2.63 ~9.52 3.14 2.28 8.90 

1 0.92 0.70 3.58 1.29 1.01 4.30 0.79 0.72 3.42 

  

  

  

  

  

  

  

  

                    
24 2.11 1.82 6.96 2.57 2.65 -12.46 2.24 1.84 10.21 

120 2.98 2.04 8.51 3.47 2.96 -12.46 2.54 2.23 12.85 

1 1.05 0.95 4.99 1.20 0.99 5.94 1.26 1.20 6.13 

Weekends 

24 2.27 2.64 -9.38 3.01 2.86 -10.62 2.23 2.25 -8.32 

48 2.27 2.65 -9.38 3.02 2.87 -10.65 2.23 2.26 -8.36 

1 0.92 0.70 2.75 1.20 0.93 4.61 0.93 0.73 2.98 
  

  

  

  

  

  

  

  

  

24 1.00 0.81 3.83 1.19 1.05 4.96 1.15 0.86 3.74 

120 1.26 1.03 4.72 1.90 1.34 6.19 1.37 1.02 -4.38 

1 0.71 0.63 4.62 0.72 0.67 4.83 0.84 0.72 4.4] 

Weekends 

24 2.08 1.40 -5.31 2.72 2.01 -8.63 2.46 1.61 -6.51 

48 2.11 1.30 -4.72 2.49 1.73 -7.70 2.69 1.74 -6.51 
  

  

  

  

  

  

  

  

  

  

                      
  

24 2.45 1.70 ~6.58 3.65 2.83 -11.34 2.65 2.23 -8.76 

120 2.66 1.93 -7.30 7.27 5.74 -24.00 2.80 2.20 -8.86 

1 0.92 0.71 -3.63 1.19 0.83 -3.96 1.01 0.75 ~3.82 

Weekends 

24 3.12 2.08 -7.91 3.47 2.52 -10.64 3.28 2.58 -9.80 

48 3.21 2.08 -7.94 4.00 2.35 -10.64 3.37 2.61 -10.07 

1 1.34 0.86 3.96 1.55 0.94 3.93 1.60 1.10 4.14 
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Results 

Table 6.20 Performance improvement with ANN ensemble for 

  

  

  

  

  

  

  

  

  

  

  

Washington 

Lead Quantity 

time MAPE St dev Max 

(hours) Average | Lower Average | Lower Average | Lower 

Weekdays 

24 0.475 0.410 0.795 0.280 3.035 0.680 

120 0.535 0.430 0.775 0.270 2.995 0.600 

1 0.155 0.120 0.270 0.130 2.630 1.210 

Weekends 

24 0.400 0.200 0.280 0.070 0.985 0.220 
  

              
  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

              
  

  

  

  

  

  

  

  

  

              

Weekdays 

24 0.295 0.130 0425 0.020 4.375 3.250 

120 0.025 -0.440 0.555 0.190 4.145 3.950 

1 0.180 0.150 0.145 0.040 1.045 0.950 

Weekends 

24 0.350 | -0.040 -0.390 0.090 -1.060 

120 0.355 -0.040 -0.390 0.125 -1.020 

] 0.145 0.010 0.030 1.045 0.230 

Weekdays 

24 0.170 0.150 0.145 0.050 0.520 -0.090 

120 0.375 0.110 0.150 -0.010 0.565 -0.340 

1 0.070 0.010 0.065 0.040 0.000 -0.210 

Weekends 

24 0.510 0.380 0.410 0.210 2.260 1.200 

120 0.480 0.380 0.435 0.430 2.385 1.790 

] 0.165 0.100 0. 145 0.120 0.735 0.670 

“Weekdays 

24 0.700 0.200 0.830 0.530 3.470 2.180 

120 2.375 0.140 2.040 0.270 9.130 1.560 

1 0.180 0.090 0.080 0.040 0.260 0.190 

Weekends 

24 0.255 0.160 0.470 0.440 2.310 1.890 

120 0.475 0.160 0.400 0.270 2.415 2.130 

1 0.235 0.210 0.160 0.080 0.075 -0.030     
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because of inherently stochastic nature of ANN based training. Still, possible detrimental 

effects in such cases can be substantially reduced using ensemble scheme, as demonstrated 

by this example. 

Observation obtained for Virginia-based utility, that ensemble prediction is 

particularly beneficial for reduction of maximal errors, is confirmed for Washington-based 

utility as well. Notably high reduction in maximal errors can be observed for the cited 

case of October weekdays 120-hour lead time forecasting. In this case maximal error is 

reduced by 9.1% from the average of two networks. The next notable reduction ts 

observed for 24- and 120-hour lead time forecasting for April weekdays. In both cases 

maximal error is reduced for more than 4%, and ensemble error is, on average, more than 

3% lower than the lower error of two networks. 

Reductions in MAPE are also significant. The largest observed is for the cited 

case in October, being 2.375% from the average of two networks. However, the majority 

of reductions are in the range from 0.3% to 0.5%, which is, on average, slightly lower 

than reductions obtained for Virginia. 

It can be noticed that increase in ensemble error with respect to average of its 

networks is never encountered for MAPE and maximal error. It occurrs for standard 

deviation of the errors, 24- and 120-hour lead time weekend forecasting in April, ie. tn 

two out of 24 analyzed forecasting performances. In both cases this increase is 0.085% 

with respect to the average and can be considered insignificant. 

In the majority of the cases, ensemble forecast is better than individual forecast of 

either of the networks. Occasional increase of ensemble error with respect to the error of 

one of the networks is still possible, however, as was noticed for Virginia-based utility. 

Nevertheless, such increases are rare and not significant. 
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In conclusion, it can be said that, similar to the case of Virginia-based utility, 

ensemble forecasting does give results which are better than average performance of 

individual nets. Furthermore, ensemble forecasts are in majority of the cases better then 

performance of either one of individual networks. 

6.2.5 Lead-Time Influence on Performance 

MAPEs for 120-hour lead time weekday forecasting are, on average, 0.31% worse 

than for 24-hour lead time, Table 6.12. Degradation is also present for weekend 48-hour 

lead time forecasting MAPEs, but is not so pronounced. This can be explained by shorter 

lead time forecasting in the latter case. Average maximal forecasting error is also slightly 

higher for 120- than for 24-hour lead time weekday forecasting, while for weekend 

forecasting difference is almost negligible. 

Contrary to the case of Virginia-based utility, there is no case which has lower 

MAPE for 120- or 48-hour lead time than for 24-hour lead time forecasting. This, 

together with the observations for average MAPEs and maximal errors can be explained 

by unstable load-weather pattern encountered in Washington-based utility area. 

6.3 Results for Both Utilities for Rapid Weather Changes 

Good predictor has to be able to predict with acceptable error load variations 

caused by rapid weather changes. For the purpose of this research, and in line with the 

similar categorizations provided in the literature, weather changes are characterized by a 

larger magnitude of either minimal or maximal temperature difference for a current and the 

previous day. Because of the small sample, data for both utilities are aggregated and their 

performance shown in Table 6.21. In the table are given averaged daily MAPEs for all 
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Table 6.21 Aggregate performance for both utilities for temperature changes 

  

  

  

  

  

  

  

                              
  

Temp. Lead time of current day prediction (hours)* 

diff. 24 48 72 96 120 1 

A (°F) | nD**; MAPE | nD | MAPE [| nD | MAPE} nD {| MAPE| nD | MAPE| nD | MAPE 

O<A<S5 | 33 2.10 6 2.4] 5 2.98 5 2.25 5 2.35 33 1.01 

5<As10{ 15 2.04 8 2.32 2 1.78 2 2.69 0 - 15 1.09 

10<A<15] 6 2.30 1 3.30 0 -- ] 2.08 3 2.06 6 1.55 

15<A<20{ 1 2.26 0 -- 1 2.05 0 - 0 -- 1 0.84 

20<A<25| 1 3.58 1 2.32 0 -- 0 -- 0 -- 1 1.35 

*Current day is predicted as the last one in a specified lead time. 

**nD is a number of days. 

days which fall into a certain temperature difference range. Averages are given for various 

lead times. Every day is predicted as a last one for a given lead time. For example, if lead 

time is 72, it means that all days which are predicted as third in a row, without restarting 

the networks, will be included in an analyzed temperature difference category. Lead time 

of one hour is included to show the best possible predictor performance and, hence the 

quality of the training process. As was mentioned earlier, the predictor is trained for one- 

hour lead time predictions and predicting with the same lead time reveals the most training 

process adequacy. 

As can be seen from the table, forecast errors for as large temperature swings as 

20° F and 21° F are very good, being 2.26% and 3.58% for 24-hour lead time forecasting. 

If errors for one temperature difference category are compared for various lead times it 

can be noticed that prediction error does not deteriorate significantly. This can be 

attributed to the training process which was beneficially biased toward the cases which 

could be actually expected in a given prediction period. Based on the results obtained, it 

can be concluded that described ANN predictor is capable to retain forecasting accuracy 

even for longer lead times in the presence of sudden significant weather changes. 
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7. DISCUSSION 

In this chapter the performance of the proposed technique is compared with the 

published results and comparative assessment is given. The comparison should be 

understood in a qualitative context, because of different characteristics of electric utilities 

analyzed in the presented approaches. 

In [67] the authors predict hourly loads for five test sets each consisting of one 

week of data, with weekends and holidays excluded. All of the five sets are chosen to be 

in winter part of the year with a period span of only three months (November through 

January). The 24-hour lead time prediction error of 2.06% is reported for one test set 

only. This error is comparable to our 24-hour lead time error obtained for the same part 

of the year (January in our case), which is 2.21% for Virginia-based and 2.62% for 

Washington-based utility, for weekday forecasting and without holidays. The paper also 

gives errors for one-hour lead time forecasting. The average error for all five test sets is 

1.40%. Errors obtained for the same conditions for Virginia and Washington-based utility 

are 1.62% and 1.24% respectively, which is, again, quite comparable with the ones in the 

paper. Finally, MAPE for peak-load prediction for all five training sets is cited to be 

2.06%. To predict peak load, the authors use different architecture from that used for 

one- or 24-hour lead time predictions. Results obtained in this research are 2.17% for 

Virginia and 3.04% for Washington-based utility, for the similar conditions. It can be 

concluded that the errors reported in the paper are similar to the ones obtained in this 

research. Unlike the discussed paper, however, this research included holidays (Martin 

Discussion 118



Luther King’s Birthday in this case) in predicting process. Also, the paper does not give 

any detail on ANN training which can quite substantially influence the results. Input 

variables for one- and 24-hour lead time predictions include highly correlated variables, 

i.e. previous day load and previous day temperature for the hour of prediction, whereas in 

the approach presented here, there were no such variables in ANN input. 

Results of ANN based STLF for the Korean electric power system are provided in 

[54]. The authors use two prediction models tailored for the mentioned system for 

weekdays (Tuesday through Friday) and weekends to predict hourly load 24 hours ahead. 

The results are obtained for four representative months (February, May, July, and 

October), for four seasons (winter, spring, summer and fall) respectively, and are 1.67%, 

2.09%, 2.18%, and 2.11% for the winter, spring, summer and fall respectively. In this 

research is obtained 2.23%, 2.18%, 2.08%, and 1.91% for Virginia and 2.56%, 2.16%, 

1.31% and 2.64% for Washington for the respective seasons. Also, this research defines 

seasonal months by uniformly dividing the year (January, April, July, October) to achieve 

more objective account on the capabilities of our method, and, at the same time, to include 

transitional months. Minimal error obtained in this study is lower than the minimal error 

reported in the paper, and maximal error is higher than reported maximal error. 

Nevertheless, obtained errors do not differ significantly. The most significant difference is 

in the training process. The case reported in the paper employs constant retraining of 

ANN. More specifically, it uses the data for three latest available days for each load 

model to train the net to predict the load in the following 24 hours. That means that for 

five-day forecasting, ANN has to be retrained five times, whereas the approach presented 

in this research requires only one ANN training for the same period. Moreover, for every 

day three ANNs need to be trained, because authors split day into three periods which are 

predicted with separate ANNs. Nevertheless, such constant retraining may still yield 

inferior results in the case of sudden weather changes, because training set spans only 

three most recent days and may not contain patterns relevant to coming weather change at 
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all. The probability of poor performance in such situations is increased even more by the 

fact that no weather input variables are used in ANN input. Finally, having in mind that 

we are dealing with quite different climates and complexities of underlying load-weather- 

living habits relationships, as well as arbitrary choice of analyzed months, no conclusive 

statement can be inferred except that the method introduced in this research gives results 

comparable to the method described in the paper but is methodologically much simpler. 

Results of the ANN based STLF for a very small consumption area (peak load in 

the cases presented in the paper are around 14.5 MW) are reported in [18]. For such a 

small consumption area the weather-load consumption pattern is much more 

homogeneous than for a bigger consumption area. In the latter case weather data from 

usually a couple of places are used and processed in various manners to obtain weather 

data which are representative of the whole consumption area. This research deals with 

data from the utilities which have much higher peak load (around 3000 MW for 

Washington-based and 11000MW for Virginia-based utility). This is a very different 

situation than in the paper cited, because in such case weather data could not represent so 

accurately the real weather conditions in the various parts of analyzed systems. The 

situation is aggravated by the fact that Washington-based utility can have highly unstable 

weather pattern in winter and, consequently, more variable load patterns. The paper uses 

data of two weeks preceding forecasted week for training. As mentioned earlier, such 

approach is inherently prone to errors in the case of rapidly changing weather patterns not 

covered in the training data. Two prediction cases provided in the cited paper refer to the 

winter season only, and cover the period of less than one month in total (January 12th to 

February 8th). Although hourly loads are predicted, the authors report percent errors for 

peak-load forecasting. Average peak-load error is 1.15% and 1.22% for two predicted 

weeks. This is significantly lower than 2.32% for Virginia and 2.70% for Washington for 

January. No meaningful comparison of the two methods is possible in this case, however, 

because of the outlined significant differences. 
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In [40], the authors predict peak and valley load of a day and cite prediction results 

for only one day in February, May, August, and November for respective seasons of 

winter, spring, summer and fall. The cited day is a typical weekday and is chosen to 

demonstrate their approach to ANN based STLF. The errors for peak and valley load 

forecasting range from 0.02% to 1.19%. However, it should be noted that operator can 

achieve peak load forecast error of 1.72% and valley load error of 0.86% as reported in 

the paper. This operator performance is much better than 3.4% to 6.1% errors for peak- 

load forecasting performed by operator for the Washington-based utility area [9]. 

Consequently, it means that load consumption pattern of the reported utility is much more 

stable than the one dealt with in this research, which renders every comparison 

speculative. 

The forecasting case studies analyzed in [58] are comparable to the ones presented 

in this study. The authors predict load for one utility in Asia and the other in "South East 

region of the United States". The errors for the company in Asia are, on average 40% 

lower than the ones reported for the utility from the United States. This very clearly 

points out that load-weather-consumption pattern plays significant role in STLF and, 

consequently, only results obtained for the same or similar pattern complexity can be 

compared. Nevertheless, it can be assumed that the patterns of two US based utilities are 

more similar than the patterns of Asian based and United States based utilities. Under this 

assumption, results obtained in this research can be compared to those reported in the 

cited paper. The authors use one network to predict load for both weekdays and 

weekends. Also, better of the results reported in the paper and cited here refer to hourly 

iterative forecasts which are compared with 120- and 48-hour lead time errors averaged 

for a week, obtained in this study. The errors reported in the paper are 1.75%, 2.64%, 

1.39%, and 2.47% for utility from Asia for January, April, July and October. For US 

based utility errors for the same months are 2.05%, 2.46%, 3.11% and 2.80%. The results 

in this research (2.16%, 2.35%, 2.52% and 1.88% for Virginia and 2.82%, 2.78%, 1.50% 
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and 2.82% for Washington for the respective months) compare quite favorably with the 

reported results. Average peak-load prediction errors are 1.96% and 2.31% for weekdays 

and weekends for Asian utility and 2.91% and 5.29% for weekdays and weekends for US 

utility for whole year. Errors of 2.67% and 1.56% for weekdays and weekends for 

Virginia and 1.88% and 2.11% for respective day types for Washington for whole year 

obtained in this research are better than that reported in the paper. Furthermore, this 

research uses the same set of input variables while the paper reports on different input 

variable set for every utility. Another major distinction is that input set described in the 

paper contains variables highly correlated to the predicted variable. 

An extremely complex forecasting model, presented in [50] and [51], uses the most 

recent available errors to continuously retrain the ANN, which is different from the 

forecasting concept described in this research. The authors report on an extensive testing 

of the network during prolonged periods of time (up to two years) and for 20 utilities. 

The ANN forecaster described in the papers uses the same set of input variables for all 

utilities, which is the same concept as the one chosen in this research. For 24-hour lead 

time forecasts MAPE for different utilities range from 1.84% to 3.18% while average 

peak-load error lower and upper limit is 1.70% and 3.06% respectively. For the 

respective lead time, this research obtains MAPE ranging from 2.10% to 2.17% and 

average peak-load errors from 2.12% to 2.38%. Averages are obtained for the four 

analyzed months. Both errors are very similar to the ones reported in these papers. For 

lead time of 120 hours, MAPE and peak-load errors for all utilities are 3.07% and 2.99%, 

Average for 120-hour lead time weekday prediction for the two utilities used in this 

research gives 2.30% and 2.28% for MAPE and peak-load error respectively. This is 

significantly better and reflects clearly the fact that prediction accuracy of the predictor 

introduced in this research does not deteriorate significantly for longer lead times. Finally 

the issue of training is not a marginal one in the case of such complex predictors. As is 

reported, two weeks of training and more than three years of historical data are needed to 
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train all the networks and tune such system. The problem becomes more pronounced due 

to the fact that the system can easily be “contaminated” by using incorrect input data in 

retraining. In conclusion, it can be said that, despite the model described in the paper 

being so complex, the results reported are very similar, and in some cases inferior to the 

ones obtained with the forecaster introduced in this research. 

Results reported for one week ahead load forecasting in [73] are significantly 

worse than those reported here. Average error for 5-month prediction period, starting 

with February, was 3.38%. For comparison with these results, average error obtained in 

this research for January and April was calculate. It was obtained 2.26% and 2.8% for 

Virginia and Washington-based utility respectively. The authors also reported on 

prediction error for 24-hour lead time forecasting for Tuesday through Friday weekdays 

only. This research gives, in the same manner as just described and with included 

Monday, 2.05% for Virginia and 2.37% for Washington-based utility, which is quite 

comparable to 2.09% reported in the paper. 

The concept described in [64,65] relies heavily on the extensive operational 

experience and specific conditions of the used utility, Pacific Gas and Electric Utility in 

that case, which is quite different approach form the one adopted in this research. The test 

case representes one whole year and yields 1.96% MAPE, which is very similar to 2.10% 

MAPE for Virginia and 2.17% MAPE for Washington-based utility. Peak-load error of 

1.78%, reported by the authors, is somewhat better than 2.12% peak-load error for 

Virginia and 2.38% peak-load error for Washington-based utility for 24-hour lead time 

forecasting obtained in this study. 

The concept presented in [76] uses 48-hour lead time for a whole year forecasting 

period. The MAPE obtained for two variants of the ANN predictor are 2.25% and 

2.44%. These errors are compared with 24-hour lead time forecasts obtained with the 
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model described in this research, averaged for four months. The MAPE obtained, 2.10% 

and 2.17% for Virginia and Washington respectively, are slightly better than the ones 

reported in the paper. 

Yearly forecasts for the Greek Power System are given in [4]. For 24-hour lead 

time average errors for the whole year are 2.34% which is slightly higher than yearly 

errors of 2.10% and 2.17% for Virginia and Washington respectively obtained in this 

research. However, much more significant difference 1s for 120 hours ahead weekday 

forecasting. The paper reports average error of 3.74% while average errors in this 

research are 2.15% and 2.44% for Virginia and Washington respectively. This clearly 

shows advantage of the proposed technique when dealing with longer lead time 

predictions. Also, 15 input variables used in this research makes requirements on training 

set much easier to satisfy than 63 input variables reported in the paper. 

Real-time forecasting concept and obtained results for a small system of 150 MW 

are reported in [24]. The described forecaster uses self updating, real time procedure 

which is triggered by forecasting error being larger than 1%. After updating, a new 

forecast is calculated for a given lead time. Average errors for 24-hour lead time are 

reported to be mostly less than 2% and for 168-hour lead time average errors are less than 

2.5%. Again, these results are comparable to 2.10% and 2.17% for 24-hour lead time and 

2.23% and 2.48% for period of 168-hour forecasting, obtained in this research for two 

analyzed utilities. 

Besides competitive forecasting errors, another advantage of the presented 

forecasting concept is convergence of the chosen learning algorithm. The issue of 

convergence is rarely mentioned in the cited references: out of all cited references, 

published mainly in the IEEE Transactions on Power Systems, only two discuss the issue 

of convergence [40,72]. The mentioned papers use the backpropagation algorithm with 
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the simple gradient descent, in which case the issue of convergence is much more 

important. Conjugate gradient method, although computationally demanding, provides for 

almost the best choice of direction and step length, thus effectively addressing the issue of 

learning rate and momentum. Moreover, combining conjugate gradient method with 

simulated annealing successfully addresses the issue of local minimum. In this way ANN 

can efficiently explore weight space and come up with an acceptable solution, if it exists. 

It was found in the course of this research that, for the forecasting concept presented, the 

choice of input data and the issue of generalization was much more important than the 

issue of convergence. Convergence was always relatively easy to obtain, while the major 

effort was directed toward the selection of appropriate training set and the issue of 

improving network generalization capability. 

Discussion 125



8. CONCLUSIONS 

This research successfully introduced a new approach to ANN-based short-term 

load forecasting in electric power utilities. The approach is conceptually much simpler 

than the approaches used so far and is general. Here are outlined main contributions of 

the research and given directions for the future work. 

8.1 Representation Problem 

Identification of input variables for ANN predictor is done using phase-space 

embedding. This concept is inherently different from the methods used for the same 

purpose so far. While in all of the cited references selection of input variables is based on 

the correlation between predicted load and other quantities, most notable of which is 

temperature and previous day load, the approach presented in this research is based on 

identification of a set of “independent” variables in load time series. For example, it is 

well known fact, which can easily be corroborated by plotting autocorrelation function of 

a load time series, that current hour (#) and previous day, same hour (h-24) loads are 

strongly correlated. Consequently, almost every mentioned load-forecasting model, 

regardless of being ANN based or not, uses this fact and includes previous day load in 

input variable set. In contrast to this practice, approach established in this research did not 

use load at hour (4-24) for predicting load at hour h. 

Conclusions 126



Identified time delayed variables served as a framework for reconstruction of 

dynamic driving electric load consumption. This framework was further enhanced by 

temperature and load cycle information. The final outcome was far less identified input 

variables than in vast majority of approaches used so far. Using this concept, the results 

obtained compare quite favorably with the results reported in the literature on STLF, as 

was shown in the previous chapter. To put this achievement of the research in a better 

perspective, it should be mentioned that identification of input variables poses a major 

problem in STLF practice. As cited earlier, in one of the published papers researchers 

reported experimenting with over 500 input variables for STLF [62]. 

An issue which needs to be further examined in future work is robustness of 

predictor performance with respect to input temperatures. As has been noted previously, 

actual, not predicted temperatures were used in simulations. 

A big step in establishing the technique would be derivation of embedding 

parameters for various utilities throughout the USA. This research managed to derive 

embedding parameters for load time series for two analyzed utilities. It turned out that 

they were the same. Future research in this direction can reveal whether it was 

coincidence or not and, hence, in the latter case establish a set of universal load time series 

embedding parameters for STLF. 

One of the areas of further research related to this work is inclusion of weather 

variables in a mathematically justified manner. Solving of this problem leads to the 

multivariable phase-space embedding, a new research direction which will be beneficial for 

both nonlinear system theory and vector time series forecasting. Consequently, 

satisfactory solution to this problem will directly lead to new concepts for short-term load 

forecasting. 
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8.2 Function Approximation Problem 

Function approximation problem was solved using artificial neural networks. The 

choice was based on the mathematically well established fact that ANNs are universal 

function approximators. Still, although theorems prove the existence of the universal 

approximator of the class of a typical ANN, there is no mathematically backed guideline 

on how to find or construct such an approximator. As a consequence, practical work with 

ANNs is more “an art than a science”. This research, therefore, focused on developing 

methodology for training ANNs and construction of ANN based predictor which would in 

“most of the cases” give satisfactory prediction performance. In the course of the work 

various recent theoretical findings in the area of ANN training and generalization are 

consulted and checked. 

8.2.1 Training Data Selection 

Choice of a training set got special attention in the research. A new idea of 

selecting training set similar to a given prediction period was introduced. This was done 

using “k-nearest neighbors” technique, which required definition of a vector space and a 

distance measure that were used. As a result of this phase, a new and simple technique to 

identify nearest neighbors was identified. The technique required only average daily 

temperature and estimated maximal and minimal daily temperature and took into account 

inertia effect by inclusion of the previous day variables. Although that may look too 

constraining at first sight, the emphasis is on the fact that only expected day type needed 

to be known but not its order of appearance, making the technique much more practical, 

because such forecasts are readily available today. Moreover, if there is uncertainty about 

the type of days expected in a forecast period, every reasonably expected day type can be 

included. In this manner, ANN was biased toward the patterns expected to appear in the 

predicted period which allowed it to specialize, to be smaller and to train faster. It was 

exactly such selection of training data which was credited with providing for excellent 
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forecasting errors for longer lead time. The concept described is superior to the one 

which uses all available data, usually couple of years long, to train the network. For a 

given prediction period, input data representing different load consumption patterns are 

unwanted burden in ANN training which will not be used anyway for current forecasting. 

Therefore, despite extensive training, daily or weekly retraining is still needed in order to 

make ANN performance more relevant to the current situation, as was reported in all 

papers which opted to develop a global predictor. 

Possible future research in this area may encompass expert systems for automatic 

selection of appropriate neighbors out of historical data base for a given set of expected 

day types. Also, it is a fair assumption that accuracy can be improved and variance of 

performance reduced by including a larger similar set, which could be experimentally 

verified in future work. Development of the expert system would also make easier the 

possibility of ANN daily training. According to the experience gained during the research, 

this possibility would almost certainly reflect positively on 24-hour lead time forecasting. , 

For daily training, however, a longer historical database or wider selection limits would be 

required in order to ensure appropriate number of input patterns. 

8.2.2 Identification of the Number of Hidden Units 

For an identification of ANN architecture, the research introduced an innovative 

concept of pilot set simulation. This concept determined in a methodical way the number 

of hidden units for a given situation. Future research is needed to determine optimal size 

of pilot set. Alternatively, based on the obtained number of hidden units for various day 

types and months, it may, perhaps, be possible to determine sufficient number of hidden 

units for a longer period of time, for instance, month or season. In this way the training 

process would be simplified. 
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8.2.3 ANN Ensemble 

The concept of ANN ensemble influenced both training and forecasting phases in 

this research. Training of ANNs was done using cross validation with early stopping 

whereby the networks were trained and validated on two complementary sets. In this way 

the whole information contained in input data set was used for training. Averaging is the 

only way of improving predictions of ANN-based forecasting which has a firm 

mathematical foundation. It was shown that the concept really worked in practice and 

gave improvements in accuracy which, sometimes, can be significant. As results clearly 

show, performance of averaged network is, in most of the cases, better than performance 

of individual networks. One important effect of averaging is that variance in ANN 

performance is reduced, as can be clearly observed from the obtained results. This has a 

beneficial effect because it helps to establish confidence in an ANN-based technique, 

which is important because of stochastic nature of ANN performance and possibility of 

occasional bad performances. 

In practical situations examined in this research, performance of individual ANN 

was influenced by stochastic factors such as initia] conditions and selection of training and 

validation set. Therefore, the performance of trained ANN was not possible to predict 

accurately. The results obtained here show that, in order to improve forecasting error, 

one should try to train several ANNs and use ensemble of trained networks for predicting. 

In conclusion it can be said that these results provided very strong empirical proof that 

averaging does improve results in ANN-based forecasting. 

There exist other averaging schemes besides that presented in the research. 

Identification and verification of a new and possibly more effective ANN ensemble 

prediction scheme may be worth future research. 
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8.2.4 Choice of Cost Function 

The research used squared errors cost function. On the other hand, the goal of 

STLF is to achieve good APEs. Therefore, using APE as cost function could give more 

control over training process by providing direct insight into training and validation APEs. 

Another motivation for using the APE cost function is that very good correlation 

was observed between one-hour lead time prediction errors, which reflect goodness of 

training and ANN generalization capabilities, and forecasting errors for longer lead times, 

Table 6.2 and Table 6.12. Furthermore, it may be possible to empirically relate the 

magnitude of cross validation error and desired forecasting performance. If this scenario 

proves feasible, then ANNs can be trained until desired cross validation error is reached. 

This training procedure could reduce even more variance in ANN performance. 

8.2.5 Prediction Lead Time 

One very important finding of this research was that forecasting accuracy 

deteriorates very little with extended lead times, which was demonstrated in the cases of 

both utilities analyzed. This was attributed to the training data selection process. This 

concept can be extended for longer lead times such as week or even longer in the future 

research. 

Characteristic of the proposed technique, likely to be very important in the near 

future of electric power systems, is a good prediction accuracy for one-hour lead time 

predictions. Although in traditional utilities such information was of limited value, in the 

deregulated environment and with established spot market for electric power, such an 

information may gain in value. With advent of appropriate computer network technology, 

deregulation in power industry and establishment of electric power spot market, decision 

making and planing horizon has shrunken, and it is not hard to imagine almost real-time 
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transactions. In such situation, good knowledge about the behavior of a system in a very 

near future can help in making better decisions and benefit from the spot market. 

Experience obtained so far in deregulated environments and proposals for new 

deregulation confirm the need for very short lead time predictions. For instance, in the 

United Kingdom, one of the countries that has already moved toward deregulated power 

industry, all imbalances from contracted amounts are settled on the spot market. In this 

particular case, there is day-ahead spot market for each half-hour period [44]. Similar 

mechanism is proposed for California, which is the first state in the US that has started 

restructuring its electric utility industry to allow for wholesale and retail competition. In 

the California case, there will be spot market on a day ahead and on hour ahead basis [6]. 

Deregulation in electric power industry is a trend which is going to continue on the global 

scale. Besides United Kingdom and California, Norway, Chile and Australian state 

Victoria are already in various stages of transition toward deregulated electric power 

system. In such a situation, it can be expected that the importance of predictions with 

very short lead times (an hour or even half hour) will certainly increase. 

Closely related to the issue of deregulation is the effect of electric power demand 

elasticity to price, which is going to be very important in the new environment [19]. For 

instance, in the case of California, parties in the bidding process on the spot market can 

enter their price sensitive load bids [6]. This, in turn, calls for price sensitive load 

forecasting and inclusion of prices in input data. In the beginning, however, there will be 

very scarce historical data available to train ANN based, or any other, STLF system. The 

value of the proposed forecasting technique can be even more appreciated in such a 

situation. The advantage of the technique is that it does not need large historical 

databases for training because it uses two very small neural networks, compared to the 

other ANN-based forecasters, with only 15 input and around 10 hidden nodes each. 

Consequently, it is needed at least 372 training hourly patterns to train such a system. 

Addition of hourly prices would only marginally increase this number. It follows that 
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forecaster based on the proposed technique could be trained in a new environment with 

only couple of weeks of historical data. In the competitive environment such an 

advantage would immediately translate into monetary value and give companies using the 

technique head start with respect to the ones needing more time to adjust their forecasters 

to the new environment. 

Another advantage of the introduced technique in the new power system 

environment is that it makes forecasts only one hour ahead. This allows for easy 

application to the described real time electricity trading on the spot market, even 

forecasting with half hour lead time, which is in contrast to the many existing ANN based 

load forecasters that make all 24 hour forecasts at once, most notable of which is 

described in [50,51]. 

8.2.6 Sudden Weather Changes 

The prediction technique described showed very good forecasting performance 

faced with sudden and large changes in weather. This characteristic was demonstrated for 

both analyzed utilities. Obtained errors were usually better than that reported in the 

literature. This characteristic is attributed to both innovative input variable and training 

data selection processes. In contrast, correlation based input variables may have difficulty 

in handling sudden and large changes in weather. 

8.3 Generalized Approach to STLF 

As a general conclusion it can be said that this research managed to introduce a 

distinctly new method of choosing input variables for ANN-based training which is an 

alternative to the prevailing correlation based choice of input variables. The approach was 

proved comparable to current approaches in the literature, being conceptually much 

simpler, as was demonstrated on the example of STLF in electric power systems. 
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The cumulative effort of this research produced a forecaster which was proven to 

have equal or better performance than the ones reported in the literature. The MAPEs 

reported in this study are comparable and in many cases better than the ones reported in 

the literature. This is especially true for 120-hour lead time prediction errors. Also, 

maximal errors are, except for some unusual cases, around 7% to 8% which is considered 

very good performance. This finding is very important having in mind that low maximal 

errors help building confidence in certain predictor. Average peak-load errors are 

somewhat larger than 2%, which is comparable to the best errors obtained in the literature 

for similar circumstances. Moreover, as was demonstrated on the case studies presented, 

the technique has potential to provide a generalized approach to STLF. On the examples 

of STLF for two substantially different utilities the technique gave very good results using 

the same set of input variables and the same procedure in both cases. Further 

confirmation of the generalized nature of the technique can be obtained by applying it for 

STLF for additional utilities. 

Conclusions 134



BIBLIOGRAHPY 

“ANNSTLF Version 1.1: A Short Term Hourly Load Forecaster", Report RP3573-4, 

Technical Brief, Electrical Systems Division, Electric Power Research Institute, Palo Alto, 
California, January 1994. 

M.A. Abu-El-Magd, N.K. Sinha, "Short term load modeling and forecasting: A 

review", JEEE Transactions on Systems, Man and Cybernetics, Vol. 12, No. 3, 

May/June 1982, pp. 370-382. 

S. Amani, N. Murata, K.-R. Mueller, M. Finke and H. Yang, "Asymptotic Statistical Theory 
of Overtraining and Cross Validation", Technical Report METR 95-06, Dept. of Mathematical 

Engineering and Information Physics, University of Tokyo, August 1995. 

A.G. Bakirtzis, V. Petridis, S.J. Klartzis, M.C. Alexiadis and A.H. Maissis, "A Neural 

Network Short Term Load Forecasting Model for the Greek Power System", JEEE 

Transactions on Power Systems, Vol. 11, No. 2, May 1996, pp. 858-863. 

E.H. Barakat, M.A. Qayyum, M.N. Hamed, and S.A. Al Rashed, "Short Term Peak Demand 

Forecasting in Fast Developing Utility with Inherit Dynamic Load Characteristics: Part I and 
II", IEEE Transactions on Power Systems, Vol. 5, No. 3, August 1990, pp. 813-824. 

B. Barkovich and D.V. Hawk, "Charting a New Course in California", JEEE Spectrum, Vol. 

33, No. 7, July 1996, pp. 26-31. 

M. Bazaraa, H.D. Sherali and C.M. Shetty, Nonlinear Programming: Theory and 

Algorithms, Second Edition, John Wiley and Sons, Inc., New York, NY, 1993. 

M.C. Brace, J. Schmidt, and M. Hadlin, "Comparison of the Forecasting Accuracy of Neural 

Networks with Other Established Techniques", The First International Forum on Application 

of Neural Networks to Power Systems, Seattle, Washington, July 23-26, 1991, pp. 31-35. 

M.C. Brace, V. Bui-Nguyen, and J. Schmidt, "Another Look at Forecast Accuracy of Neural 

Networks", The Second International Forum on Application of Neural Networks to Power 
Systems, Yokohama, Japan, April 19-22, 1993, pp. 389-394. 

Bibliography 135



10. 

11. 

12. 

13. 

14. 

15. 

16. 

17. 

18. 

19. 

20. 

21. 

22. 

23, 

D.W. Bunn, "Short term forecasting: A review of procedures in the electricity supply 

industry", Journal of the Operational Research Society, Vol. 33, 1982, pp. 533-545. 

Th. Buzug, T. Reimers, and G. Pfister, "Optimal Reconstruction of Strange Attractors from 

Purely Geometrical Arguments", Europhysics Letters, Vol. 13, No. 7, December 1990, pp. 

605-610. 

Th. Buzug and G. Pfister, "Comparison of Algorithms Calculating Optimal Embedding 
Parameters for Delay Time Coordinates", Physica D, Vol. 58, 1992, pp. 127-137. 

Th. Buzug and G. Pfister, "Optimal Delay Time and Embedding Dimension for Delay-Time 
Coordinates by Analysis of the Global Static and Local Dynamical Behavior of Strange 
Attractors", Physical Review A, Vol. 45, No. 10, May 1992, pp. 7073-7084. 

R. Campo and P. Ruiz, "Adaptive weather sensitive short-term load forecast", JEEE 

Transactions on Power Systems, Vol. 2, No. 3, August 1987, pp. 592-600. 

M. Casdagli, “Nonlinear Prediction of Chaotic Time Series", Physica D, No. 35, 1989, pp. 

335-356. 

M. Casdagli, S. Eubank, J. D. Farmer, and J. Gibson, "State Space Reconstruction in the 

Presence of Noise", Physica D, No. 51, 1992, pp. 52-98. 

C.-T. Chen, Linear System Theory and Design, CBS College Publishing, New York, NY, 

1984. 

S.-T. Chen, D.C. Yu, and A.R. Moghaddamjo, "Weather Sensitive Short-Term Load 

Forecasting Using Nonfully Connected Artificial Neural Network", JEEE Transactions on 
Power Systems, Vol. 7, No. 3, August 1992, pp. 1098-1105. 

R.E. Clayton and R. Mukerji, "System Planning Tools for the Competitive Market", JEEE 
Computer Applications in Power, Vol. 9, No. 3, July 1996, pp. 50-55. 

J.T. Connor, L.E. Atlas, and D. Martin, "Recurrent Neura] Networks and Load Forecasting", 

The First International Forum on Application of Neural Networks to Power Systems, Seattle, 
Washington, July 23-26, 1991, pp. 22-25. 

G. Cybenko, "Complexity Theory of Neural Networks and Classification Problems", in L.B. 

Almeida and C.J. Wellekens (Eds.), Neural Networks, Springer-Verlag, 1991. 

G.J. Deboeck (Ed.), Trading on the Edge, John Wiley and Sons, New York, 1994. 

T.S. Dillon, S. Sesito, and S. Leung, "An Adaptive Neural Network Approach in Load 

Forecasting in Power System", The First International Forum on Application of Neural 
Networks to Power Systems, Seattle, Washington, July 23-26, 1991, pp. 17-21. 

Bibliography 136



24. 

25. 

26. 

27. 

28. 

29. 

30. 

31. 

32. 

33. 

34. 

35. 

36. 

J.Y. Fan and J.D. McDonald, "A Real-Time Implementation of Short-Term Load Forecasting 
for Distribution Power Systems", JEEE Transactions on Power Systems, Vol. 9, No. 2, May 

1994, pp. 988-994. 

J.D. Farmer and J.J. Sidorowitch, “Predicting Chaotic Time Series", Physical Review Letters, 

Vol. 59, No. 8, August 1987, pp. 845-848. 

J. D. Farmer and J.J. Sidorowich, "Exploiting Chaos to Predict the Future and Reduce Noise", 
in Y.C. Lee (Ed.), Evolution, Learning and Cognition, World Scientific Publishing Co., 

Singapore, 1988, pp. 277-330. 

W. Finoff, F. Hergert, and H.G. Zimmermann, "Improving Model Selection by Nonconvergent 
Methods", Neural Networks, Vol. 6, 1993, pp. 771-783. 

A.M. Fraser, "Information and Entropy in Strange Attractors", JEEE Transactions on 
Information Theory, Vol. 35, No. 2, March 1989, pp. 245-262. 

A.M. Fraser, "Reconstructing Attractors from Scalar Time Series: A Comparison of Singular 
system and Redundancy Criteria", Physica D, Vol. 34, 1989, pp. 391-404. 

S. Geman, E. Bienenstock and R. Doursat, "Neural Networks and the Bias/Variance 

Dilemma", Neural Computation, No. 4, May 15, 1992, pp. 1-58. 

N.A. Gershenfeld and A.S. Weigend, "The Future of Time Series: Learning and 
Understanding", in A.S. Weigend and N.A. Gershenfeld (Eds.), Time Series Prediction: 

Forecasting the Future and Understanding the Past, Addison-Wesley, Reading, MA, 1994. 

G. Gross and F.D. Galiana, "Short-term load forecasting", Proceedings of the IEEE, 

Vol. 75, No. 12, Dec. 1987, pp. 1558-1573. 

W.M. Grady, L.A. Groce, T.M. Huebner, Q.C. Lu, and M.M. Crawford, "Enhancement, 

Implementation, and Performance of an Adaptive Short-Term Load Forecasting Algorithm", 

IEEE Transactions on Power Systems, Vol. 6, No. 4, November 1991, pp. 1404-1410. 

S. Haykin, Neural Networks: A Comprehensive Foundation, Macmillan College 
Publishing Company, Inc., New York, NY, 1994. 

O. Hazim and S. Rahman, "Load Forecasting for Multiple Sites: Anatomy of an Expert 

System Based Technique", submitted for publication in the Electric Power Systems Research, 
1993, 7p. 

F. Hergert, W. Finoff, and H.G. Zimmermann, "A Comparison of Weight Elimination 

Methods for Reducing Complexity in Neural Networks", /nternational Joint Conference on 
Neural Networks, Vol. 3, Baltimore, Maryland, June 7-11, 1992, pp. 980-987. 

Bibliography 137



37. 

38. 

39, 

40. 

41. 

42. 

43, 

44. 

45. 

46. 

47. 

48. 

49. 

J. Hertz, A. Krogh, and R. G. Palmer, Jntroduction to the Theory of Neural 
Computation, Addison-Wesley Publishing Company, Redwood City, California, 1991. 

R. Hecht-Nielsen, Neurocomputing, Adison-Wesley, Reading, Massachusetts, 1989. 

K.-L. Ho, Y.-Y. Hsu, C.-F. Chen, T.-E. Lee, C.-C. Liang, T.-S. Lai, and K.-K. Chen, “Short- 
Term Load Forecasting of Taiwan Power System Using a Knowledge-Based Expert System", 

IEEE Transactions on Power Systems, Vol. 5, No. 4, November 1990, pp. 1214-1221. 

K.-L. Ho, Y.-Y. Hsu, and C.-C. Yang, "Short Term Load Forecasting Using a Multilayer 
Neural Network with an Adaptive Learning Algorithm", ZEEE Transactions on Power 
Systems, Vol. 7, No. 1, February 1992, pp. 141-149. 

K. Homik, M. Stinchcombe, and H. White, "Multilayer Feedforward Networks are Universal 

Approximators", Nueral Networks, Vol.2, 1989, pp. 359-366. 

K. Hornik, M. Stinchcombe, and H. White, "Universal Approximation of Unknown Mapping 
and Its Derivatives Using Multilayer Feedforward Networks", Neural Networks, Vol.3, 1990, 

pp. 551-560. 

N.F. Hubele and C.-S. Cheng, "Identification of Seasonal Short-Term Load Forecasting 

Models Using Statistical Decision Techniques", ZEEE Transactions on Power Systems, Vol. 5, 

No. 1, February 1990, pp. 40-45. 

S. Hunt and G. Shuttleworth, "Unlocking the Grid", JEEE Spectrum, Vol. 33, No. 7, July 

1996, pp. 20-25. 

J.-N. Hwang and S. Moon, "Temporal difference method for multi-step prediction: Application 

to power load forecasting", The First International Forum on Application of Neural Networks 
to Power Systems, Seattle, Washington, July 23-26, 1991, pp. 41-45. 

K. Jabbour, J.F.V. Riveros, D. Landsbergen and W. Mayer, “ALFA: Automated Load 

Forecasting Assistant", JEEE Transactions on Power Systems, Vol. 3, No. 3, August 1988, 

pp. 908-914. 

L.W. Johnson and R.D. Riess, Numerical Analysis, Second Edition, Addison-Wesley, 

Reading, MA, 1982. 

J.A. Joines and M.W. White, "Improved Generalization Using Robust Cost Functions", 
International Joint Conference on Neural Networks, Vol. 3, Baltimore, Maryland, June 7-11, 

1992, pp. 911-918. 

J.F. Kolen and J.P. Pollack, “Backpropagation is Sensitive to Initial Conditions", Complex 

Systems, Vol. 4, 1990, pp. 269-280. 

Bibliography 138



50. 

Sl. 

52. 

33. 

54, 

55. 

56. 

37, 

58. 

59, 

60. 

él. 

A. Kothanzad, R.~-C. Hwang, and D. Maratukulam, "Hourly Load Forecasting by Neural 
Networks", presented in a panel session "Application of NNs to STLF", JEEE/PES 1993 
Winter Meeting, Columbus, Ohio, Feb., 1993. 

A. Kothanzad, R.-C. Hwang, A. Abaye and D. Maratukulam, "An Adaptive Modular 

Artificial Neural Network Hourly Load Forecaster and its Implementation at Electric Utilities", 
IEEE Transactions on Power Systems, Vol. 10, No. 3, August 1995, pp. 1716-1722. 

A. Lapedes and R. Farber, Nonlinear Signal Processing using Neural Networks: 
Prediction and System Modeling, Technical Report LA-UR-87-2662, Los Alamos 
National Laboratory, Los Alamos 1987. 

M. LeBlanc and R. Tibshirani, "Combining Estimates in Regression and Classification", 
preprint, University of Toronto, December 13, 1993. 

K.Y. Lee, Y.T. Cha, and J.H. Park, “Short-Term Load Forecasting Using an Artificial Neural 

Network", IEEE Transactions on Power Systems, Vol. 7, No. 1, February 1992, pp. 125-132. 

M. Leshno, V.Y. Lin, A. Pinkus, and S. Schocken, "Multilayer Feedforward Networks With a 

Nonpolynomial Activation Function Can Approximate Any Function", Neural Networks, Vol. 

6, 1993, pp. 861-867. 

C.X. Ling, "Overfitting in Neural Network Learning of Discrete Patterns", preprint, 1994, pp. 

335-342. 

Q.C. Lu, W.M. Grady, M.M. Crawford and G.M. Anderson, "An Adaptive Nonlinear 

Predictor with Orthogonal Escalator Structure for Short Term Load Forecasting", JEEE 
Transactions on Power Systems, Vol. 4, No. 1, Feb. 1989, pp. 158-164. 

C.N. Lu, H.T. Wu, and S. Vemuri, "Neural Network Based Short Term Load Forecasting", 

IEEE Transactions on Power Systems, Vol. 8, No. 1, February 1993, pp. 336-342. 

M.A. El-Sharkawi, S. Oh, R.J. Marks, and M.J. Damborg, "Short Term Electric Load 

Forecasting Using Adaptively Trained Layered Perceptron", The First International Forum on 

Application of Neural Networks to Power Systems, Seattle, Washington, July 23-26, 1991, pp. 

3-6. 

T. Masters, Practical Neural Network Recepies in C++, Academic Press, San Diego, CA, 

1993. 

I. Moghram and S. Rahman, "Analysis and evaluation of five short-term load forecasting 

techniques", JEEE Transactions on Power Systems, Vol. 4, No. 4, October 1989, pp. 1484- 

1491. 

Bibliography 139



62 

63. 

64. 

65. 

66. 

67. 

68. 

69. 

70. 

71. 

72. 

. O. Mohammed, D. Park, R. Merchant, T. Dinh, C. Tong, A. Azeem, J. Farah and C. Drake, 

"Practical Experiences with An Adaptive Neural Network Short-Term Load Forecasting 

System", JEEE Transactions on Power Systems, Vol. 10, No. 1, February 1995, pp. 254-265. 

N.H. Packard, J.P. Crutchfield, J.D. Farmer, and R.S. Shaw, "Geometry from a Time Series", 

Physical Review Letters, Vol.45, No. 9, September 1980, pp. 712-716. 

A. Papalexopoulos, S. Hao, and T.M. Peng, "Short-Term Load Forecasting Using an Artificial 

Neural Network", The Second International Forum on Applications of Neural Networks to 

Power Systems, Yokohama, Japan, April 19-22, 1993, pp. 239-244. 

A. Papalexopoulos, S. Hao, and T.M. Peng, "An Implementation of a Neural Network Based 
Load Forecasting Model for the EMS", JEEE Transactions on Power Systems, Vol. 9, No. 4, 
November 1994, pp. 1956-1962. 

A.D. Papalexopoulos and C.T. Hesterberg, "A Regression Based Approach to Short-Term 
System Load Forecasting", JEEE Transactions on Power Systems, Vol. 5, No. 4, November 
1990, pp. 1535-1547. 

D.C. Park, M.A. El-Sharkawi, R.J. Marks II, L.E. Atlas and M.J. Damborg, “Electric Load 

Forecasting Using An Artificial Neural Network", JEEE Transactions on Power Systems, Vol. 

6, No. 2, May 1991, pp. 442-449, 

Y.-I. Park and J.-K. Park, "An expert system for short time load forecasting by fuzzy 
decision", Second Symposium on Expert Systems Application to Power Systems, Seattle, 
Washington, July 17-20, 1989, pp. 244-250. 

J.H. Park, Y.M. Park and K.Y. Lee, "Composite Modeling for Short Term Load Forecasting", 

IEEE Transactions on Power Systems, Vol. 6, No. 2, May 1991, pp. 450-457. 

B.A. Pearlmutter and R. Rosenfeld, "Chaitin-Kolmogorov Complexity and Generalization in 

Neural Networks", in R.P. Lippmann, J.E. Moody, and D.S. Touretzky (Eds.), Advances in 
Neural Information Processing Systems 3, Morgan Kaufmann Publishers, San Mateo, CA, 
1991, pp. 925-931. 

T.M. Peng, N.F. Hubele, and G.G. Karady, “Conceptual Approach to the Application of 
Neural Network for Short-Term Load Forecasting", Proceedings of the 1990 IEEE 

International Symposium on Circuits and Systems, New Orleans, Louisiana, May 1-3 1990, 

pp. 2942-2945. 

T.M. Peng, N.F. Hubele, and G.G. Karady, "Advancement in the Application of Neural 
Networks for Short-Term Load Forecasting", JEEE Transactions on Power Systems, Vol. 7, 
No. 1, February 1992, pp. 250-251. 

Bibliography 140



73. 

74, 

75, 

76. 

77. 

78. 

79, 

80. 

81. 

82. 

83. 

84. 

85. 

T.M. Peng, N.F. Hubele, and G.G. Karady, "An Adaptive Network Approach to One-Week 
Ahead Load Forecasting", JEEE Transactions on Power Systems, Vol. 8, No. 3, August 1993, 

pp. 1195-1203. 

M.P. Perrone, "General Averaging Results for Convex Optimization", in M.C. Mozer et al. 
(Eds.), Proceeding of the 1993 Connectionist Models Summer School, Lawrence Erlbaum, 

Hillsdale, New Jersey, 1994, pp. 364-371. 

H. Pi and C. Peterson, "Finding the Embedding Dimension and Variable Dependencies in Time 

Series", Neural Computation, Vol. 6, No. 3, 1994, pp. 509-520. 

A. Piras, A. Germond, B. Buchenel, K. Imhof and Y. Jaccard, "Heterogeneous Artificial 

Neural Network for Short Term Electrical Load Forecasting", JEEE Transactions on Power 
Systems, Vol. 11, No. 1, February 1996, pp. 397-402. 

W.H. Press, S.A. Teukolsky, W.T. Vetterling, B.P. Flannery, Numerical Recepies in C: The 
Art Of Scientific Computing, Second Edition, Cambridge University Press, New York, NY, 

1992. 

S. Rahman, "Formulation and Analysis of a Rule Based Short Term Load Forecasting 

Algorithm", Proceedings of the IEEE, Vol. 78, No. 5, May 1990, pp. 805-816. 

S. Rahman and R. Bhatnagar, "An Expert System Based Algorithm for Short Term Load 

Forecast", JEEE Transactions on Power Systems, Vol. 3, No. 2, May 1988, pp. 392-398. 

S. Rahman and I. Drezga, “An Identification of a Standard for Comparing Short Term Load 

Forecasting Techniques", Electric Power Systems Research, Vol. 25, 1992, pp. 149-158. 

S. Rahman, I. Drezga, and J. Rajagopalan, “Knowledge Enhanced Connectionist Models for 
Short-Term Electric Load Forecasting", The Second International Forum on Applications of 

Neural Networks to Power Systems, Yokohama, Japan, April 19-22, 1993, pp. 401-406. 

S. Rahman and O. Hazim, "A Generalized Knowledge-Based Short-Term Load-Forecasting 

Technique", JEEE Transactions on Power Systems, Vol. 8, No. 2, May 1993, pp. 508-514. 

S. Rahman and I. Moghram, "An Adaptive Knowledge Based Technique for Weekly Load 
Forecast", Proceedings of the Power System Computation Conference, Graz, Austria, August 
1990. 

S. Rahman and G. Shresta, "A Priority Vector Based Technique for Load Forecasting", JEEE 

Transactions on Power Systems, Vol. 6, No. 4, November 1991, pp. 1459-1465. 

M. Remior and J.L. Ayuso, "E.L.F.O.S. Expert System for Short Term Load Forecasting", 

Symposium on Expert Systems Application to Power Systems, pp. 7/5-7/9, Stockholm- 
Helsinki, August 22-26, 1988. 

Bibliography 141



86. 

87. 

88. 

89. 

90. 

91. 

92. 

93. 

94. 

95. 

96. 

97. 

98. 

P.J. Rousseeuw and A.M. Leroy, Robust Regression and Outlier Detection, John Wiley and 

Sons, New York, 1987. 

D.E. Rumelhart, G.E. Hinton, and R.J Williams, Learning Internal Representations by Error 

Propagation, in D.E. Rumelhart and J.L. McClelland (Eds.), Parallel Distributed Processing: 

Explorations in the Microstructure of Cognition, Vol 1, Foundations, Bradford Books/MIT 

Press, Cambridge, MA, 1986. 

T. Sauer, “Time Series Prediction by Using Delay Coordinate Embedding", in A. Weigend and 

Neil Gershenfeld (Eds.), Time Series Prediction: Forecasting the Future and Understanding 
the Past, Addison-Wesley, Reading, MA, 1994. 

T. Sauer, J.A. Yorke, and M. Casdagli, "Embedology", Journal of Statistical Physics, Vol. 65, 

No. 3-4, 1991, pp. 579-616. 

A. Singh, P. Emmanuel and P.K. Kalra, "Point of View for Development of Knowledge Based 
Systems for Load Forecasting", Symposium on Expert Systems Application to Power Systems, 
Stockholm-Helsinki, August 22-26, 1988, pp. 7/1-7/4. 

D. Srinivasan, A.C. Liew, and J.S.P. Chen, "Short Term Forecasting Using Neural Network 

Approach", The First International Forum on Application of Neural Networks to Power 

Systems, Seattle, Washington, July 23-26, 1991, pp. 12-16. 

C.M. Studness, "Competition and Utility Financial Risks", Public Utilities Forthnightly, July 
1, 1993, pp. 31-32. 

C.M. Studness, "The Calm Before the Storm", Public Utilities Forthnightly, May 15, 1993, 

pp. 37-38. 

F. Takens, "Detecting Strange Attractors in Turbulence", in D.A. Rand and L.-S. Young 

(Eds.), Dynamical Systems and Turbulence, Warwick 1980, Springer Verlag, 1981, pp. 366- 

381. 

E.A. Wan, "Time Series Prediction by Using Connectionist Network with Internal Delay 

Lines", in A. Weigend and Neil Gershenfeld (Eds.), Time Series Prediction: Forecasting the 

Future and Understanding the Past, Addison-Wesley, Reading, MA, 1994. 

P.D. Wasserman, Neural Computing, Theory and Practice, Van Nostrand Reinhold, New 

York, NY, 1989. 

A. Weigend and Neil Gershenfeld (Eds.), Time Series Prediction: Forecasting the Future and 

Understanding the Past, Addison-Wesley, Reading, MA, 1994. 

A.S. Weigend, B.A. Huberman, and D.E. Rumelhart, "Predicting the Future: A Connectionist 

Approach", International Journal of Neural Systems, Vol. 1, No. 3, 1990, pp. 193-209. 

Bibliography 142



99. A.S. Weigend, "On Overfitting and the Effective Number of Hidden Units", in M.C. Mozer et 

al. (Eds.), Proceeding of the 1993 Connectionist Models Summer School, Lawrence Erlbaum, 

Hilisdale, New Jersey, 1994, pp. 335-342. 

100. P.J. Werbos, T. McAvoy, and T. Su, "Neural Networks, System Identification, and Control in 
the Chemical Process Industries", in D.A. White and D.A. Sofge (Eds.), Handbook of 

Intelligent Control, Van Nostrand Reinhold, New York, 1992. 

101. H. White, "Connectionist Nonparametric Regression: Multilayer Feedforward Networks Can 
Learn Arbitrary Mappings", Neural Networks, Vol. 3, 1990, pp. 535-549. 

102. A. Zell et al., Stuttgart Neural Network Simulator: User Manual, Version 3.0, University of 

Stuttgart, Institute for Parallel and Distributed High Performance Systems, Stuttgart, 
Germany, 1993. 

103. Z.Z. Zhang, G.S. Hope and O.P. Malik, "Expert Systems in Electric Power Systems: A 

Bibliographical Survey", JEEE Transactions on Power Systems, Vol. 4, No. 4, November 

1989, pp. 1355-1362. 

Bibliography 
143



APPENDIX A 

Data for Virginia-Based Utility 

Appendix A: Data for Virginia Based Utility 144



11000 
lo
ad
 
(M

W)
 : 

  

: 

11000 

gE5
 

7000 

lo
ad
 
(M
W)
 

lo
ad
 
(M

W)
 

ee
ee

gs
 

Oo 

January 1989 

— —t 
168 336 504 

time (hours) 

T 

April 1989 

168 336 504 

time (hours) 

July 1989 

4 r } 
qT r ¥ 

168 336 504 
time (hours) 

October 1989 

—j. i —— + { ui 

168 336 504 
time (hours) 

672 

672 

+
 

672 

672 

Figure A.1 Load for four selected months in 1989 for Virginia. 
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Table C.1 Hourly prediction statistics for Virginia, January 1990, weekdays 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 120 1 

MAPE | Stdev | Max | Day {| MAPE | Stdev| Max | Day | MAPE | Stdev| Max | Day 

0 1.39 | 0.70 | -2.36 | Mo 1.65 1.03 | -2.78 | We 1.39 | 0.70 | -2.36 | Mo 

1 1.62 1.03 | 3.08 Fr 1.14 0.98 | -2.41 We 1.50 0.82 | 2.67 Fr 

2 1.99 | 1.58 | 3.89 Fr 1.54 1.28 {| 3.02 Fr 1.35 1.32 | 2.84 Fr 

3 1.91 1.35 | -3.75 Tu 1.50 0.68 | -2.02 | We 1.07 0.76 | -2.29 Tu 

4 188 | 1.43 | 3.91 | Tu 1.56 | 0.98 | -2.48 | We 0.90 | 0.26 | -1.16 | We 

5 2.85 | 0.69 | -3.64} Tu 2.62 | 0.69 | -3.54 | We 1.65 1.42 | 3.62 | Mo 

6 4.08 | 1.72 | 7.00 | Mo 3.81 | 2.08 | 7.00 | Mo 2.04 | 2.23 {| 5.22 | Mo 

7 3.29 | 2.11 | 5.89 | Mo 3.45 1.82 | 5.89 | Mo 1.99 | 0.70 | -2.56 | Tu 

8 1.50 | 0.75 | -2.48 | Tu 1.51 | 0.91 | -2.69 | We 1.28 | 1.05 | 2.42 Th 

9 1.41 | 0.77 | -2.44 | Mo 1.58 | 1.27 | 2.71 Tu 2.61 1.15 | 3.75 Tu 

10 2.92 1.52 | 4.93 We 3.09 1.22 | 4.33 We 2.52 1.84 | 5.16 We 

1] 2.34 1.31 | -4.58 | Mo 2.46 1.48 | -4.58 | Mo 1.06 0.67 | -1.72 We 

12 1.25 1.01 | -2.51 Mo 1.60 1.13 | -2.52 Fr 0.87 0.48 | -1.35 Th 

13 167 | 1.39 | -3.60 |] We 1.75 1.68 | -4.09 |} We 3.00 {| 1.44 | -4.86 | We 
14 3.64 2.30 | -6.35 We 3.47 2.84 | -6.82 We 3.62 1.69 |} -5.31 We 

15 4.61 1.76 | -6.90 | We 4.39 2.30 | -7.35 We 3.39 1.04 | -4.81 We 

16 2.85 1.13 | 4.74 | We 2.62 1.57 | -5.14 | We 0.58 0.60 1.54 Th 

17 185 | 1.22 | -3.78 | Tu 1.93 | 0.90 | -2.97 | Tu 1.83 | 0.87 | 2.89 | We 

18 1.39 | 0.85 | -2.25 | Th 1.46 | 0.60 | -2.36 | Th 0.80 | 0.49 | 1.54 | We 

19 1.03 | 0.44 | 143 | We 0.83 | 0.46 | -1.36] Th 110 | 0.92 | 2.38 | We 

20 1.22 | 0.92 | -2.28 | Th 0.97 | 0.94 | -2.37} Th 0.90 | 0.79 | -1.73 | Th 

21 2.43 1.94 | 5.07 Fr 2.26 1.77 | 4.50 Fr 1.86 1.42 | 3.93 Fr 

22 2.29 | 0.98 | 3.92 Fr 2.13 | 0.80 | 3.39 Fr 0.91 |} 0.70 | -1.64 | We 

23 1.69 0.35 2.13 Fr 1.55 0.25 | -1.78 We 0.73 0.46 | -1.24 We 

Avge* | 2.21 1.22 | 3.87 | N/A 2.12 1.24 | 3.67 | N/A 162 { 0.99 | 2.87 | N/A 

*Average of maximum errors is the average of absolute values. 

Table C.2 Daily prediction statistics for Virginia, January 1990, weekdays 

Lead time (hours) 

Day 24 120 1 

MAPE | St dev | Max | Hour | MAPE | Stdev{ Max | Hour | MAPE | Stdev| Max | Hour 

Mo 2.15 1.82 | 7.00 6 2.15 1.82 | 7.00 6 1.79 1.50 | 5.22 6 

Tu 2.37 | 1.09 | -4.34 7 169 | 1.05 | 3.71 10 1.25 1.17 | -4.06 15 

We 2.40 | 1.84 | 6.90] 15 2.76 1.91 | -7.35 15 1.97 | 1.58 | -5.31 14 

Th 2.09 1.54 | -5.96 15 2.08 | 1.60 | -6.15 15 1.79 | 1.13 | -4.69 14 

Fr 2.05 1.19 | 5.07 21 1.91 1.00 | 4.50 21 1.32 | 0.96 | 3.93 21 

Avge* | 2.21 1.50 | 5.85 | N/A 2.12 | 1.48 | 5.74 | N/A 1.62 1.27 | 4.64 | N/A 

* Average of maximum errors is the average of absolute values. 
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Figure C.1 Forecasted vs. actual load and forecasting errors for Virginia, January 1990, 

weekdays. Forecasted load is represented with dashed and actual with solid 
line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 

Appendix C: Prediction Results for Virginia Based Utility 160



Table C.3 Hourly prediction statistics for Virginia, January 1990, weekends 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 48 1 

MAPE | St dev| Max | Day | MAPE | Stdev| Max | Day | MAPE | Stdev} Max | Day 

0 0.93 | 0.75 { -1.46 | Su 1.03 { 0.89 | -1.65 | Su 0.93 | 0.75 | -1.46 | Su 

1 1.06 | 0.66 | -1.53 Sa 106 {| 0.66 | -1.53 Sa 1.50 | 0.34 | -1.74 | Sa 
2 2.48 1.15 | 3.29 Su 2.09 0.61 2.53 Su 1.93 1.56 3.03 Su 

3 2.16 1.59 | 3.29 Su 1.95 1.30 | 2.86 Su 1.13 1.47 | 2.17 Su 

4 1.86 1.44 | 2.87 Su 1.90 1.49 | 2.95 Su 0.79 | 0.63 | 1.24 Su 

5 2.46 | 2.67 | 4.35 Su 2.40 | 2.59 | 4.23 Su 1.24 | 0.78 | 1.79 Su 

6 0.70 { 0.01 | -0.71 Sa 0.66 {| 0.08 | -0.71 Sa 1.35 1.73 | -2.57 | Su 

7 1.63 1.25 | 2.51 Su 1.66 1.29 | 2.58 Su 0.85 1.04 | 1.59 Su 

8 3.51 1.20 | 4.36 Su 3.45 1.12 | 4.24 Su 1.93 | 0.38 | -2.19 | Sa 

9 3.90 1.00 | 4.61 Su 3.87 | 0.95 | 4.54 Su 1.95 | 0.36 | 2.20 Su 

10 4.74 | 2.11 | 6.23 Su 4.75 | 2.12 | 6.25 Su 1.92 1.70 | 3.13 Su 

11 5.56 6.46 | 10.13 Su 5.44 6.29 | 9.89 Su 2.90 1.63 | 4.05 Su 

12 3.81 5.14 | 7.45 Su 3.66 4.92 | 7.13 Su 1.09 0.15 1.20 Sa 

13 0.78 | 0.92 | 1.44 Su 0.69 | 0.79 | 1.24 Su 2.45 | 3.02 | -4.58 | Su 
14 0.75 | 0.14 { -0.85 | Sa 0.67 | 0.26 | -0.85 Sa 1.40 1.38 | -2.38 | Su 

15 110 | 0.90 | 1.74 Su 1.01 | 0.78 {| 1.57 Su 0.24 | 0.10 {| -0.31 Sa 

16 1.48 165 | 2.65 Su 1.43 1.58 | 2.55 Su 1.28 117 | 2.11 Su 
17 1.86 | 0.74 | -2.38 | Sa 1.90 | 0.68 | -2.38 | Sa 2.24 | 0.85 | -2.84 | Su 

18 3.00 1.62 | -4.14 | Su 3.05 1.69 | -4.25 | Su 2.76 | 3.38 | -5.15 Su 

19 2.30 | 2.45 | 4.04} Su 2.38 | 2.56 | -4.20 | Su 2.14 | 2.64 | -4.01 Su 

20 2.73 1.65 | -3.89 Su 2.80 1.75 | -4.03 Su 1.78 1.47 | 2.82 Sa 

21 2.29 | 1.23 | -3.16 | Su 2.36 1.33 | -3.30 | Su 0.50 | 0.64 | 0.95 Sa 

22 1.82 | 2.17 | -3.36 | Su 1.89 | 2.27 | -3.49 | Su 0.83 | 0.15 | -0.94 | Sa 

23 2.16 | 0.45 | -2.48 | Su 2.21 | 0.53 | -2.59 | Su 1.35 1.73 | -2.57 | Sa 

Avg* | 2.29 1.64 | 3.45 | N/A 2.26 161 | 3.40 | N/A 1.52 1.21 | 2.38 | N/A 

* Average of maximum errors is the average of absolute values. 

Table C.4 Daily prediction statistics for Virginia, January 1990, weekends 

Lead time (hours) 

Day 24 48 1 
MAPE | St dev | Max | Hour | MAPE | Stdev| Max | Hour | MAPE | Stdev} Max | Hour 

Sa 1.23 { 0.92 | -3.25 10 1.23 | 0.92 } -3.25 10 0.96 | 0.81 | 2.82 20 

Su 3.36 | 2.23 | 10.13 11 3.30 | 2.20 | 9.89 11 2.08 1.40 | -5.15 18 

Avg* | 2.29 1.57 | 6.69 | N/A 2.26 1.56 | 6.57 | N/A 1.52 1.10 | 3.99 | N/A 

* Average of maximum errors is the average of absolute values. 
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Figure C.2 Forecasted vs. actual load and forecasting errors for Virginia, January 1990, 

weekends. Forecasted load is represented with dashed and actual with solid 
line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 
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Table C.5 Hourly prediction statistics for Virginia, April 1990, weekdays 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 120 1 

MAPE | St dev} Max | Day {| MAPE | Stdev| Max | Day | MAPE | Stdev{ Max | Day 

0 0.88 | 0.48 | 1.71 | Mo 1.05 | 0.84 | -1.96 | Th 0.88 | 0.48 | 1.71 | Mo 
1 1.62 | 0.76 | 2.38 | Mo 1.80 | 1.20 | -3.32 | Th 108 | 0.59 | -1.54 | Tu 
2 1.58 1.07 | 2.98 Mo 1.96 1.62 | -4.21 Th 0.62 0.69 1.75 Mo 

3 1.78 0.91 | 2.87 Mo 2.17 1.44 | -4.29 Th 0.61 0.45 | -1.05 | We 

4 1.98 | 1.27 | 3.77 | Mo 2.40 {| 1.49 | -408 | Th 0.70 {| 0.68 | 1.77 | Mo 

5 3.00 | 2.01 | 5.49 | Mo 3.30 | 2.24 | 5.49 | Mo 1.93 141 | 3.88 | Tu 

6 3.58 | 2.10 | 7.02 | Mo 3.74 { 2.11 | 7.02 | Mo 1.60 { 1.42 | 3.28 | Mo 

7 3.09 | 2.66 | 6.22 | Mo 2.94 | 2.85 | 6.22 | Mo 1.72 | 0.99 | 3.16 | Tu 

8 1.60 0.98 | 3.02 Mo 1.51 1.07 {| 3.02 Mo 1.08 0.55 | -1.79 | Mo 

9 1.31 | 1.47 | -3.93 | We 1.19 | 1.45 | -3.74 | We 2.09 | 1.36 | -4.19 | Mo 

10 1.56 | 1.42 | -3.66 | We 1.70 | 1.24 | -3.50 | We 0.95 | 0.65 | -1.86 | Fr 

1] 1.85 1.70 | -4.33 | We 1.95 1.52 | -4.18 | We 0.66 0.43 | -1.02 | Mo 

12 1.88 1.56 | -4.20 | We 1.99 1.37 | -4.06 | We 0.99 0.66 1.88 Fr 

13 2.40 | 1.62 | -4.55 | We 2.50 {| 1.46 | -4.41 | We 0.82 { 0.65 | -1.76 | Tu 

14 2.26 | 1.56 | 4.88 | We 2.34 | 1.47 | -4.74 | We 0.82 | 0.69 { 1.67 | Mo 

15 1.57 1.70 | -4.51 We 1.57 1.60 | -4.37 | We 1.28 0.58 | 2.13 Fr 

16 1.24 | 1.36 } -3.25 | We 1.20 | 1.28 | -3.10 | We 0.73 | 0.74 {| 1.92 | We 

17 1.18 0.70 | -1.73 | We 0.98 0.79 1.64 Mo 1.86 0.65 | 2.43 Mo 

18 2.13 | 2.06 | 4.91 Fr 2.14 | 2.01 | 4.70 Fr 2.00 { 1.20 | 3.55 Fr 

19 3.11 | 2.76 | 6.11 | Mo 3.01 {| 2.75 | 6.11 | Mo 2.04 {| 1.10 | 3.18 | Mo 

20 2.25 1.87 | 5.31 Fr 2.29 1.79 | 5.15 Fr 1.90 0.93 2.70 Tu 

21 1.29 { 1.35 | 3.50 Fr 1.34 | 1.23 {| 3.35 Fr 0.54 | 0.44 { -1.05 | Mo 

22 0.99 | 0.80 } -2.01 | We 0.85 | 0.80 | -1.87 | We 0.64 | 0.49 {| -1.18 | Fr 

23 1.17 | 1.42 | -2.78 | Fr 1.26 | 1.06 | -2.89 | Fr 1.07 | 1.62 | -3.94 | Fr 

Avg* | 1.89 | 1.47 | 3.96 | N/A 1.96 { 1.53 | 4.06 | N/A 1.19 | 0.81 | 2.27 | N/A 

* Average of maximum errors is the average of absolute values. 

Table C.6 Daily prediction statistics for Virginia, April 1990, weekdays 

Lead time (hours) 

Day 24 120 1 

MAPE | St dev} Max | Hour | MAPE | Stdev| Max | Hour | MAPE {| Stdev| Max | Hour 

Mo 2.54 } 1.98 | 7.02 6 2.54 | 1.98 | 7.02 6 1.72 | 0.97 | -4.19 9 

Tu 1.49 | 1.37 | 5.05 7 1.47 | 1.36 | 5.20 7 1.09 | 1.02 | 3.88 5 

We 2.26 | 1.52 | 4.88 ] 14 2.05 | 1.57 | -4.74 | 14 0.84 | 0.82 | -2.58 9 

Th 1.21 | 0.97 | -3.51 5 1.76 | 1.61 | -5.36 5 1.03 | 0.65 | 2.76 19 

Fr 1.95 | 165 | 6.02 19 2.01 1.53 | 5.83 19 1.29 1.09 | -3.94 | 23 

Avg* | 1.89 | 1.50 | 5.30 | N/A 1.96 | 161 | 5.63 | N/A 1.19 | 0.91 | 3.47 | N/A 

* Average of maximum errors is the average of absolute values. 
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Figure C.3 Forecasted vs. actual load and forecasting errors for Virginia, April 1990, 

weekdays. Forecasted load is represented with dashed and actual with solid 
line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 
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Table C.7 Hourly prediction statistics for Virginia, April 1990, weekends 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 48 1 

MAPE | Stdev} Max | Day {| MAPE | Stdev} Max | Day | MAPE | Stdev| Max | Day 

0 1.35 | 1.84 | -2.65 | Sa 3.16 | 0.72 | -3.66 | Su 1.35 1.84 | -2.65 | Sa 
1 2.07 2.24 |} -3.65 Sa 2.79 1.21 | -3.65 Sa 1.38 1.30 | -2.30 Sa 

2 1.75} 1.71 | -2.96 | Sa 2.65 | 0.43 | -2.96 | Sa 0.64 | 0.52 | -1.01 Sa 
3 1.77 | 2.35 | -3.43 Sa 3.66 | 0.32 | -3.89 | Su 0.72 | 0.73 { -1.24 | Sa 

4 1.90 | 1.73 | -3.12 | Sa 3.65 | 0.74 | -4.17 | Su 0.51 | 0.04 | 0.54 Su 

5 3.07 } 2.71 | 4.98 | Sa 4.28 | 0.98 | -4.98 | Sa 149 | 1.21 | -2.34] Sa 

6 4.31 | 2.53 | 6.10 | Sa 4.10 | 2.83 | -6.10 | Sa 1.87 {| 0.30 | -2.08 | Sa 

7 5.12 | 2.83 | -7.13 Sa 3.67 | 4.89 | -7.13 Sa 1.43 | 0.43 | -1.73 Sa 

8 5.24 | 1.75 | 6.48] Sa 4.55 | 2.72 | 6.48 | Sa 0.98 | 0.84 | 1.58 Su 

9 4.16 | 1.77 | -5.42 | Sa 3.96 | 2.07 | -5.42 | Sa 0.45 | 0.44 | -0.76 | Sa 
10 3.56 | 1.02 | 4.28} Sa 3.50 | 1.10 | -4.28 | Sa 0.86 | 0.10 | -0.93 Sa 
Il 3.07 | 0.48 | -3.40 | Sa 3.13 | 0.39 | -3.40 | Sa 1.07 | 0.32 | -1.30 {| Sa 

12 2.17 | 1.73 | -3.40 | Sa 2.44 | 1.35 | -3.40 | Sa 1.33 | 0.25 | -1.51 Sa 

13 1.98 | 2.19 | -3.53 Sa 2.12 1.99 | -3.53 Sa 0.83 | 0.52 | -1.19 | Su 

14 1.62 1.36 | -2.58 Sa 2.47 0.16 | -2.58 Sa Ll 0.20 1.25 Sa 

15 0.38 0.34 | -0.62 Su 0.88 1.05 1.62 Su 2.10 1.40 | 3.09 Sa 

16 1.27 | 1.01 | 1.98 Sa 2.54 | 0.79 | 3.09 Su 164 | 0.23 | 1.80 Sa 

17 1.79 | 146 } 2.82 Sa 3.19 | 0.51 { 3.55 Su 0.38 | 0.05 { 0.42 Su 

18 3.06 | 2.93 | 5.13 Sa 3.57 {| 2.21 { 5.13 Sa 1.26 | 0.43 | -1.56 {| Su 

19 4.22 | 1.56 | 5.32 Sa 3.06 | 3.20 {| 5.32 Sa 1.26 | 0.89 | -1.89 | Su 
20 2.22 2.97 | -4.32 Su 1.96 2.60 | -3.79 Su 2.43 0.72 | -2.94 Sa 

21 3.93 0.19 | -4.06 Su 4.15 0.49 | -4.50 Su 2.22 1.05 | -2.97 Sa 

22 4.80 | 1.66 | -5.98 | Sa 4.93 1.47 | -5.98 | Sa 2.73 | 3.01 | -4.86 } Sa 

23 455 | 2.91 | 6.61 Sa 4.58 | 2.86 | -6.6l Sa 2.15 | 2.71 | -4.06 |} Sa 

Avg* | 2.89 | 1.80 | 4.16 | N/A 3.29 1.55 | 4.38 | N/A 1.34 | 0.81 | 1.92 | N/A 

* Average of maximum errors is the average of absolute values. 

Table C.8 Daily prediction statistics for Virginia, April 1990, weekends 

Lead time (hours) 
Day 24 48 1 

MAPE | Stdev| Max | Hour | MAPE { Stdev{ Max | Hour | MAPE | Stdev} Max |; Hour 

Sa 3.96 | 1.86 | -7.13 7 3.96 1.86 | -7.13 7 1.75 1.20 | -4.86 | 22 
Su 1.82 | 1.43 | -4.32 | 20 2.62 1.14 | 4.50} 21 0.93 | 0.58 | -1.91 | 20 

Ave* | 2.89 | 1.64 | 5.72 | N/A 3.29 1.50 | 5.81 | N/A 1.34 | 0.89 |} 3.39 | N/A 

* Average of maximum errors is the average of absolute values. 
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Figure C.4 Forecasted vs. actual load and forecasting errors for Virginia, April 1990, 

weekends. Forecasted load is represented with dashed and actual with solid 
line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 
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Table C.9 Hourly prediction statistics for Virginia, July 1990, weekdays 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 120 1 

MAPE | Stdev| Max | Day | MAPE| Stdev} Max | Day | MAPE | Stdev| Max | Day 

0 0.80 | 0.74 | -2.05 | We 1.44 { 1.36 | -3.12 | Fr 0.80 | 0.74 | -2.05 | We 

1 1.14 { 0.96 | -2.55 | Mo 2.23 | 1.57 | -3.70 | Th 1.25 | 0.82 | -2.43 | Mo 

2 0.96 | 0.87 | -2.34 ] Mo 1.86 { 1.24 | -3.39 | Fr 0.57 | 0.34 {| 0.93 Th 

3 1.46 {| 1.11 | -2.77 | Mo 2.19 | 0.80 | -2.77 | Mo 1.18 |} 0.55 | 1.72 | We 

4 1.80 { 0.63 | -2.46 | Mo 2.36 | 0.89 | -3.81 | Th 0.75 | 0.61 {| 144 | We 
5 1.60 | 0.98 | -3.00 | Mo 2.23 0.63 | -3.00 | Mo 0.57 0.34 | -1.02 | Mo 

6 1.45 0.96 | -2.64 | Mo 2.22 1.16 | -3.74 | Th 0.61 0.37 | -0.95 Tu 

7 1.72 | 1.58 | -4.37 | Mo 2.58 | 1.65 | -4.37 | Mo 0.81 | 0.84 | -2.09 | Mo 
8 1.18 1.16 | -3.03 | Mo 2.04 1.23 | -3.28 Fr 0.81 0.33 1.23 Th 

9 1.95 1.38 | -4.08 | Mo 2.69 1.79 | -4.16 Th 1.07 0.49 | -1.67 Th 

10 2.28 1.36 | -4.36 | Mo 2.98 1.89 | -4.68 Fr 0.75 0.64 | -1.52 Fr 

11 2.44 | 0.96 | -4.11 | Mo 3.05 | 1.32 { -4.11 | Mo 0.57 | 0.48 | -1.16 | Th 

12 2.36 | 0.91 | -3.73 | Mo 2.91 1.04 | -3.73 | Mo 0.36 | 0.45 { -1.14 | We 

13 2.55 | 0.63 {| -3.20 | Mo 2.97 | 0.98 | -4.11 | Th 0.61 | 0.32 | -1.16} Th 

14 2.44 0.68 {| -3.51 Th 2.70 0.96 | -4.36 | Th 0.74 0.53 | -1.60 | Th 

15 1.95 0.73 | -2.53 Th 2.11 0.91 | -3.09 Th 0.54 0.52 | -1.23 Fr 

16 1.98 0.92 | -3.08 | We 2.07 0.95 | -3.06 | We 0.60 0.56 | -1.53 | We 

17 2.45 1.78 | -4.50 We 2.47 1.81 | -4.48 We 1.72 0.65 | -2.46 | We 

18 3.16 2.01 | -5.08 | We 3.18 1.99 | -5.06 | We 1.52 0.51 | -2.18 Fr 

19 2.68 1.38 | -3.93 | We 2.69 1.43 { -3.92 Th 0.42 0.31 | 0.94 Tu 

20 2.91 | 164 | -4.86 | We 2.94 | 165 | -4.82 | We 0.82 | 0.62 | 1.74 | Tu 

21 3.18 | 2.14 | -5.07; We 3.22 | 2.15 | -5.13 | Th 0.91 | 0.80 {| -1.81 | Tu 

22 2.31 {| 2.10 | -4.69 | Th 2.36 | 2.13 | -4.88 | Th 1.02 | 0.82 | 2.20 | Mo 

23 2.12 1.33 | -3.29 Fr 2.18 1.42 | -3.40 Th 0.80 0.60 1.63 Th 

Avg* {| 2.04 | 1.21 | 3.55 | N/A | 2.49 | 137 | 3.92 | N/A | 0.82 } 0.55 | 1.58 | N/A 

* Average of maximum errors is the average of absolute values. 

Table 8.10 Daily prediction statistics for Virginia, July 1990, weekdays 

Lead time (hours) 
Day 24 120 1 

MAPE }j Stdev} Max | Hour | MAPE | Stdev| Max { Hour | MAPE j Stdev} Max | Hour 

Mo 2.20 1.38 | -4.37 7 2.20 1.38 | -4.37 7 0.84 0.68 | -2.43 l 

Tu 1.35 0.76 }| 2.70 20 1.20 0.74 | 2.63 20 0.76 0.54 | -1.82 17 

We 2.40 1.52 | -5.08 18 2.35 1.56 | -5.06 18 0.97 0.67 | -2.46 17 

Th 2.36 1.35 | -4.97 21 3.61 0.76 | -5.13 21 0.87 0.58 | -1.75 1 

Fr 1.88 1.30 | -4.53 18 3.08 0.82 | -4.68 10 0.68 0.59 | -2.20 17 

Avg* | 2.04 1.26 | 4.33 | N/A 2.49 1.05 | 438 | N/A 0.82 0.61 } 2.13 | N/A 

*Average of maximum errors is the average of absolute values. 
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Figure C.5 Forecasted vs. actual load and forecasting errors for Virginia, July 1990, 

weekdays. Forecasted load is represented with dashed and actual with solid 
line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 
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Table C.11 Hourly prediction statistics for Virginia, July 1990, weekends 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

                            
  

Lead time (hours) © 

Hour 24 48 1 

MAPE | St dev | Max | Day | MAPE | Stdev| Max | Day | MAPE | Stdev| Max | Day 

0 155 | 0.49 | -1.90 | Su 2.33 1.60 | -3.46 | Su 1.55 | 0.49 | -1.90 | Su 

1 1.20 | 1.14 | -2.01 Su 2.23 | 2.59 | -4.06 | Su 0.57 | 0.23 | 0.73 Sa 

2 0.78 | 0.49 | -1.13 Su 1.76 1.88 | -3.09 | Su 0.25 | 0.23 | 0.42 Su 

3 0.27 | 0.08 | -0.32 Sa 0.67 | 0.48 | -1.01 Su 0.68 | 0.77 {| 1.23 Su 

4 1.17 0.12 1.25 Sa 1.66 0.58 | -2.07 Su 1.25 0.45 1.56 Sa 

5 1.07 0.53 | -1.45 Su 1.57 1.24 | -2.45 Su 0.96 0.68 | -1.45 Sa 

6 0.59 | 0.48 | 0.93 Sa 1.12 | 0.28 | -1.32 | Su 1.16 | 0.48 { 1.50 Sa 
7 0.85 0.03 | -0.87 Sa 1.42 0.78 | -1.97 Su 0.78 0.74 | -1.30 Sa 

8 1.83 | 0.43 { -2.13 Sa 2.45 | 0.45 | -2.76 | Su 0.97 | 0.55 | -1.36 | Sa 

9 1.76 1.41 | -2.76 Sa 2.34 | 0.59 | -2.76 Sa 0.91 0.74 | -1.43 Sa 

10 2.67 1.77 | -3.93 Sa 3.12 1.14 | -3.93 Sa 142 | 0.58 | -1.84 | Sa 

ll 3.05 1.77 | -4.30 | Sa 3.39 1.29 | -4.30 | Sa 1.09 | 0.69 | -1.58 Sa 

12 3.56 0.66 | -4.03 Sa 3.86 0.24 | -4.03 Sa 1.17 0.45 | -1.48 Su 

13 2.11 0.76 | -2.65 Sa 2.41 0.35 | -2.65 Sa 0.59 0.35 | 0.84 Su 

14 2.99 0.86 | -3.59 Su 3.29 1.29 | -4.20 Su 1.25 1.33 | -2.19 Su 

15 3.69 | 2.45 | -5.42 | Su 4.02 | 2.92 | -6.08 | Su 1.23 1.18 | -2.06 | Su 

16 2.81 3.66 | -5.40 Su 3.13 4.12 | -6.04 Su 1.71 0.85 2.31 Sa 

17 2.60 2.22 | -4.17 Su 2.87 2.61 | -4.72 Su 0.37 0.20 | -0.51 Sa 

18 3.45 0.70 | -3.94 Su 3.67 1.01 | -4.39 Su 0.76 1.01 | -1.47 Sa 

19 2.86 1.18 | -3.70 | Su 3.06 1.46 | -4.09 | Su 0.56 | 0.42 | 0.85 Sa 

20 2.46 | 2.53 | -4.25 Su 2.65 | 2.79 | -4.62 | Su 1.71 0.92 | 2.36 Sa 

21 3.14 3.02 | -5.28 Su 3.32 3.27 | -5.64 Su 0.73 0.89 | -1.36 Su 

22 2.57 3.17 | -4.81 Su 2.75 3.44 |} -5.18 Su 1.28 0.20 | -1.42 Sa 

23 3.40 1.92 | -4.76 | Su 3.59 | 2.19 | -5.14 | Su 1.51 1.55 | -2.60 | Sa 

Avg* { 2.18 1.33 | 3.12 | N/A 2.61 161 | 3.75 | N/A 102 | 0.67 | 149 | N/A 

* Average of maximum errors is the average of absolute values. 

Table C.12 Daily prediction statistics for Virginia, July 1990, weekends 

Lead time (hours) 

Day 24 48 1 

MAPE j Stdev| Max | Hour | MAPE | Stdev| Max | Hour | MAPE |} Stdev} Max | Hour 

Sa 1.69 1.25 | -4.30 ll 1.69 1.25 | -4.30 11 1.15 0.73 | -2.60 23 

Su 2.68 1.75 | -5.42 15 3.54 1.50 | -6.08 15 0.88 0.60 | -2.19 14 

Avge* {| 2.18 1.50 | 4.86 | N/A 2.61 1.37 | 5.19 | N/A 102 | 0.66 | 2.39 | N/A 

* Average of maximum errors is the average of absolute values. 
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Figure C.6 Forecasted vs. Actual load and forecasting errors for Virginia, July 1990, 
weekends. Forecasted load is represented with dashed and actual with solid 
line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 
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Table C.13 Hourly prediction statistics for Virginia, October 1990, weekdays 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

  

  

  

                          
    

Lead time (hours) 

Hour 24 120 1 

MAPE } Stdev| Max | Day | MAPE | Stdev; Max | Day | MAPE | Stdev| Max | Day 

0 0.99 | 0.38 | -1.42 | Mo [ 0.78 | 0.54 | -142 | Mo { 0.99 | 0.38 | -1.42 | Mo 

1 0.94 | 0.83 | -2.07 | Mo | 0.59 | 0.85 | -2.07 | Mo | 0.55 | 0.38 | -1.13 | Mo 

2 1.41 1.61 | -4.21 | Mo 1.29 1.65 {| -4.21 | Mo | 0.83 1.18 | -2.90 | Mo 

3 1.53 0.92 2.74 Tu 1.46 0.52 | -2.21 Mo 0.83 0.66 1.93 Tu 

4 1.81 1.47 | 3.60 Tu 1.83 | 0.77 { -2.73 | Mo 1.02 | 0.68 |} 1.84 | Tu 

5 2.09 } 1.28 | 4.12 Tu 1.58 | 0.83 | 2.56 Tu 0.99 | 0.55 | 1.72 | Tu 

6 1.48 | 1.08 | 2.83 Tu 1.53 | 0.58 | -1.97 | Th 0.74 | 0.66 | -1.75 | We 
7 1.31 1.06 | -2.76 Fr 1.67 1.02 | -3.00 Th 0.67 0.57 | -1.29 | Fr 

8 1.90 1.09 | -3.01 Fr 1.81 1.10 | -2.96 Fr 0.95 0.42 1.47 Tu 

9 2.36 | 1.82 | -4.99 | Mo | 2.56 1.76 | -4.99 | Mo 1.01 1.19 | -3.06 | Mo 

10 2.59 | 2.34 {| -5.98 | Mo | 2.82 | 2.05 | -5.98 | Mo | 0.43 | 0.41 | -1.03 | Mo 
ll 2.36 2.37 -6.09 | Mo 2.59 2.07 -6.09 | Mo 0.39 0.46 1.20 Fr 

12 2.38 | 2.44 | -6.59 | Mo 2.88 | 2.11 {| -6.59 | Mo } 0.80 | 0.61 | -1.69 | We 

13 2.39 | 2.95 | -7.56 | Mo | 2.84 | 2.78 | -7.56 | Mo | 0.78 | 0.66 | -1.74 | Mo 

14 2.54 | 2.28 | -6.58 | Mo 2.28 | 2.59 | -6.58 | Mo {| 0.47 | 0.74 | 1.76 | Th 

15 2.34 1.70 | -5.16 | Mo 2.02 1.91 -5.16 | Mo 0.54 0.30 1.02 | Mo 

16 3.13 | 2.03 | -5.38 | Mo 2.71 1.81 | -5.38 | Mo | 0.85 1.30 ; 3.11 | Th 

17 2.45 1.10 | -3.99 | Mo 1.98 1.58 | -3.99 | Mo 1.06 | 0.93 | -2.64 | Th 

18 2.69 | 1.20 | 4.21 Fr 2.34 | 2.18 | -4.78 | We 1.33 | 0.66 | -2.25 | Fr 

19 2.39 | 140 | -4.26 | We | 2.48 | 1.87 | -5.38 | We 142 | 0.73 { 2.28 | Fr 

20 1.32 0.78 2.17 Th 1.38 0.88 | -2.58 | We 0.78 0.82 1.92 | We 

21 1.53 0.96 | -3.07 Fr 1.69 1.13 -3.09 Fr 0.59 0.61 | -1.61 Fr 

22 1.99 | 2.77 | -6.64 Fr 1.90 | 2.74 | -6.68 | Fr 1.77 1.24 } -3.68 | Fr 
23 2.55 | 4.31 | -10.24 | Fr 3.05 | 4.07 | -10.29 | Fr 1.67 | 2.23 | -5.60 | Fr 

Avge* | 2.02 | 1.67 | 4.57 | N/A J} 2.00 164 | 4.51 | N/A} 0.89 | 0.77 | 2.08 | N/A 

* Average of maximum errors is the average of absolute values. 

Table C.14 Daily prediction statistics for Virginia, October 1990, weekdays 

Lead time (hours) 

Day 24 120 1 

MAPE | Stdev| Max | Hour | MAPE | Stdev| Max | Hour {| MAPE | Stdev| Max | Hour 

Mo 3.42 | 2.12 | -7.56 13 3.42 | 2.12 | -7.56 13 1.05 | 0.74 | -3.06 9 
Tu 1.88 1.11 4,12 5 1.24 0.81 2.62 10 0.76 0.63 | -1.98 19 

We 137 { 105 | -4.26 19 1.82 1.44 | -5.38 19 0.78 | 0.62 | 1.92 }| 20 

Th 1,22 1.22 5.25 16 1.29 0.99 3.34 16 0.84 0.79 | 3.11 16 

Fr 2.21 | 2.24 {| -10.24 | 23 2.25 | 2.23 | -10.29 | 23 1.04 1.34 | -5.60 } 23 

Avg* | 2.02 | 1.55 | 6.29 | N/A | 2.00 1.52 | 5.84 {| N/A{ 0.89 | 0.82 | 3.13 | N/A 

*Average of maximum errors is the average of absolute values. 
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Figure C.7 Forecasted vs. actual load and forecasting errors for Virginia, October 1990, 

weekdays. Forecasted load is represented with dashed and actual with solid 
line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 
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Table C.15 Hourly prediction statistics for Virginia, October 1990, weekends 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 48 1 

MAPE | Stdev| Max | Day | MAPE | Stdev| Max | Day | MAPE | Stdev| Max | Day 

0 1.06 | 0.79 | 1.62 Sa 1.28 } 0.48 | 1.62 Sa 1.06 | 0.79 | 1.62 Sa 

1 0.44 0.54 | -0.82 Su 0.46 0.57 | -0.86 Su 0.96 0.14 | -1.06 Su 

2 0.90 | 0.42 | 1.20 Sa 109 | 0.15 { 1.20 Sa 0.71 | 0.74 | 1.23 Sa 

3 0.61 ; 0.27 | 0.81 Sa 0.60 | 0.29 | 0.81 Sa 0.32 | 0.12 | -0.41 Sa 

4 0.61 0.80 1.17 Sa 0.81 0.51 1.17 Sa 0.60 0.10 | 0.67 Sa 

5 1.14 | 0.16 { 1.25 Su 0.99 | 0.05 | 1.02 Sa 0.72 | 0.95 | 1.39 Su 

6 1.58 | 1.54 | 2.67 Su 1.10 | 0.85 | 1.70 Su 169 | 0.35 | 1.94 Su 

7 2.93 | 2.04 | 4.37 Su 2.72 1.75 | 3.96 Su 165 {| 0.51 | 2.02 Su 

8 2.02 1.04 | 2.76 Su 1.84 0.78 | 2.39 Su 0.86 1.12 | -1.65 Su 

9 0.97 0.39 1.25 Su 0.61 0.11 | 0.69 Sa 2.22 0.51 2.58 Sa 

10 0.88 | 0.24 | 1.05 Su 0.61 | 0.15 [{ 0.71 Sa 0.58 | 0.24 | 0.75 Sa 

11 140 | 0.80 | 1.96 Su 1.30 | 0.66 | 1.76 Su 0.86 | 0.59 | 1.27 Su 
12 2.15 0.80 | 2.72 Sa 2.02 0.99 | 2.72 Sa Lil 0.56 1.51 Sa 

13 2.20 | 1.46 | 3.23 Sa 2.01 1.73 | 3.23 Sa 0.70 | 0.68 | 1.19 Sa 
14 1.18 0.59 1.60 Sa Lil 0.69 1.60 Sa 0.38 0.21 | -0.52 Su 

15 1.34 | 0.35 | 1.59 Su 1.36 | 0.39 { 1.64 Su 0.50 | 0.63 | 0.95 Su 

16 1.51 1.76 | 2.76 Su 1.48 1.72 | 2.70 Su L91 | 0.77 | 2.46 Su 

17 3.11 | 2.53 | 4.90 Su 3.12 | 2.53 | 4.91 Su 2.70 1.69 | 3.89 Su 

18 1.18 | 0.98 | 1.87 Su 1.26 1.09 | 2.04 Su 0.67 {| 0.49 | -1.02 | Su 

19 0.83 1.14 | -164 | Su 0.82 L1l | -1.60{ Su 2.01 2.10 | -3.49 | Su 

20 2.73 | 2.40 | -4.42 | Su 2.78 | 2.48 | -4.54 | Su 2.52 | 3.51 {| -5.00 | Su 

21 3.75 2.65 | -5.62 Su 3.77 2.68 | -5.67 Su 2.42 2.18 | -3.96 Su 

22 2.18 1.81 | -3.46 Su 2.17 1.79 |} -3.43 Su 1.01 1.35 | -1.97 Sa 

23 2.24 1.27 | -3.14 Su 2.27 1.30 | -3.19 Su 1.21 0.22 | -1.37 Sa 

Avg* | 1.62 1.12 | 2.41 | N/A 1.57 1.04 | 2.30 | N/A 1.22 { 0.86 | 1.83 | N/A 

* Average of maximum errors is the average of absolute values. 

Table C.16 Daily prediction statistics for Virginia, October 1990, weekends 

Lead time (hours) 

Day 24 48 1 

MAPE | Stdev | Max | Hour | MAPE | Stdev}| Max | Hour | MAPE | Stdev| Max | Hour 

Sa 1.14 | 0.74 | 3.23 13 1.14 | 0.74 | 3.23 13 0.93 | 0.68 | 2.58 9 

Su 2.11 1.54 | -5.62 | 21 2.00 1.54 | -5.67 | 21 1.52 1.35 | -5.00 | 20 

Avge* | 1.62 | 1.14 } 4.43 | N/A 1.57 1.14 | 445 | N/A 1.22 1.02 | 3.79 | N/A 

* Average of maximum errors is the average of absolute values. 
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Figure C.8 Forecasted vs. actual load and forecasting errors for Virginia, October 1990, 

weekends. Forecasted load is represented with dashed and actual with solid 

line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 
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Table D.1 Hourly prediction statistics for Washington, January 1990, weekdays 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 120 1 

MAPE | Stdev| Max | Day | MAPE | Stdev| Max | Day | MAPE | Stdev{| Max | Day 

0 1.90 | 0.52 | 2.41 Tu 2.56 {| 0.91 | -3.68 | Th 1.90 | 0.52 | 2.41 Tu 

1 1.85 | 1.46 | -3.68 | Th 2.08 | 1.96 | -4.46 |] Th 1.35 | 0.67 | -2.01 | Th 

2 2.67 0.97 | -3.96 Th 2.89 1.55 | -4.75 Th 1.50 0.20 | -1.71 | We 

3 2.99 | 0.61 | -3.81 | Th 3.30 | 1.26 | -4.75 | Th 1.24 | 0.52 | -1.79 | Fr 
4 3.16 | 0.91 | -4.29 | Fr 3.63 164 | -S.15 | Fr 1.02 { 0.43 | 1.46 | Mo 

5 2.63 | 1.43 | 4.35 | Mo 3.74 | 1.42 | -4.48 ) We 1.17 | 0.86 | 2.35 | Mo 

6 3.57 | 2.44 | 7.80 | Mo 4.72 | 1.91 | 7.80 | Mo 1.75 | 1.56 | 4.43 | Mo 
7 4.24 | 2.23 | 8.09 | Mo 4.93 | 1.99 | 8.09 | Mo 2.14 {| 1.06 | -3.54 | Fr 

8 2.52 | 1.50 { -4.16 | Fr 2.81 1.64 | 4.62 | Fr 1.39 | 0.78 | -2.24 | Fr 

9 1.97 | 1.20 | -3.17 | Fr 2.11 1.03 | -3.03 | Fr 1.55 | 1.21 | -3.38 | Mo 

10 2.68 1.79 | -5.46 | Mo 2.58 1.79 | -5.46 | Mo 1.18 0.76 | -2.40 | Mo 

11 2.67 | 1.86 | -5.69 | Mo 2.52 | 1.98 | -5.69 | Mo 0.74 | 0.12 | 0.88 | We 

12 2.67 | 1.91 | -5.03 | Mo 2.51 | 2.02 | -5.03 | Mo 0.73 | 0.48 | -1.41 | Th 

13 2.29 | 1.80 | -4.30 | Th 2.30 | 1.76 | -4.18 | Th 0.38 | 0.31 | 0.76 | Mo 
14 2.50 | 1.41 | -4.14 | Mo 2.61 1.30 | -4.14 | Mo 1.10 | 0.53 | 1.86 Fr 

15 2.08 1.49 | -4.27 | Mo 2.10 1.54 | -4.27 | Mo 0.86 0.58 | -1.72 | Mo 

16 2.16 1.66 | -4.05 | Mo 2.12 1.62 | -4.05 | Mo 1.29 1.08 | 2.85 Fr 

17 2.77 | 0.99 | -4.09 | Mo 2.89 | 1.11 | -4.09 | Mo 1.86 | 0.87 | -2.62 | We 
18 2.49 {| 0.83 | -3.54 | Th 2.57 | 1.02 | -3.76 | Th 1.00 | 0.33 | -1.53 | Th 

19 2.51 | 1.30 | -4.22 | Th 2.57 | 1.42 | -4.37 | Th 0.91 | 0.46 | -1.66 | Th 

20 2.77_ | 1.60 | -4.96 | Th 2.81 1.68 | -5.06 | Th 0.72 | 0.60 | -1.63 | Th 

21 2.31 | 1.84 | -4.28 | Th 2.35 | 1.90 | -4.33 | Th 0.89 | 0.67 {| 1.87 | Mo 
22 2.71 | 0.77 | -3.54 | Fr 2.71 | 0.76 | -3.46 | Fr 117 | Lil [ -3.00 | Fr 

23 2.86 1.75 | -5.40 Fr 2.86 1.71 | -5.30 Fr 1.95 0.54 | -2.84 Fr 

Avg* | 2.62 | 1.43 | 4.53 | N/A | 2.84 | 1.54 | 4.75 | N/A 1.24 | 0.68 | 2.18 | N/A 

* Average of maximum errors is the average of absolute values. 

Table D.2 Daily prediction statistics for Washington, January 1990, weekdays 

Lead time (hours) 

Day 24 120 1 

MAPE | Stdev| Max | Hour | MAPE | Stdev| Max | Hour | MAPE | Stdev {| Max | Hour 

Mo 3.34 | 2.09 | 8.09 7 3.34 | 2.09 | 8.09 7 1.63 | 0.94 | 4.43 6 
Tu 1.81 | 0.99 | -3.06 | 20 1.80 | 0.96 | -3.02 | 20 1.04 | 0.69 | 2.41 0 

We 2.46 | 0.92 | -3.94 | 21 2.98 | 1.23 | -5.07 6 0.98 | 0.64 | -2.62 17 

Th 3.18 | 1.03 | -4.96 | 20 3.61 1.09 | -5.06 | 20 1.16 | 0.69 | -2.58 7 

Fr 2.33 | 1.41 | -5.40 | 23 2.49 | 1.75 | -5.50 7 140 | 0.91 | -3.54 7 

Avg* {| 2.62 | 1.29 | 5.09 | N/A [ 2.84 | 1.42 | 5.35 | N/A 1.24 {| 0.77 | 3.11 | N/A 

* Average of maximum errors is the average of absolute values. 
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Figure D.1 Forecasted vs. actual load and forecasting errors for Washington, January 

1990, weekdays. Forecasted load is represented with dashed and actual with 
solid line. Errors for 24-hour lead time are shown with solid, for 120- with 

dotted and for one-hour with dashed line. 
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Table D.3 Hourly prediction statistics for Washington, January 1990, weekends 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 48 1 
MAPE | Stdev| Max | Day | MAPE | Stdev} Max | Day | MAPE | Stdev; Max | Day 

0 1.08 | 0.74 | -1.60 {| Su 2.11 | 2.19 | -3.66 | Su 1.08 | 0.74 | -1.60 | Su 

1 2.27 | 1.70 { -3.48 | Su 2.81 | 2.47 | -4.55 |} Su 1.86 | 0.34 | -2.10 | Su 

2 2.97 | 1.36 | -3.93 | Su 3.25 1.75 | -4.49 {| Su 1.13 | 0.13 [ -1.22 | Su 

3 3.11 1.84 | -4.41 Su 3.34 | 2.15 | -4.86 { Su 0.97 1.16 | -1.78 | Su 

4 2.12 | 2.07 {| -3.58 | Su 2.45 | 2.54 | -4.24 | Su 0.78 | 0.10 | 0.85 Sa 
5 2.72 | 0.94 | -3.39 | Su 3.15 1.55 | -4.25 | Su 1.37 {| 0.54 | -1.75 | Sa 

6 1.84 | 0.04 | -1.87 | Sa 2.42 | 0.79 | -2.98 | Su 0.44 | 0.45 | 0.76 Su 

7 0.93 0.88 | -1.55 Sa 1.32 0.32 | -1.55 Sa 0.99 1.30 1.9] Su 

8 1.34 0.68 | -1.82 Sa 2.05 0.33 | -2.28 Su 1.05 0.48 | -1.39 Su 

9 1.37 | 0.93 | -2.03 Sa 2.04 | 0.02 | -2.05 | Su 0.50 | 0.62 | -0.94 | Sa 

10 1.42 | 0.39 | -169 | Su 1.95 1.14 | -2.75 | Su 0.37 | 0.13 | 0.46 Sa 

ll 2.00 1.61 | -3.13 Su 2.34 2.10 | -3.83 Su 0.65 0.79 | -1.21 Su 

12 2.99 3.56 | -5.51 Su 3.18 3.83 | -5.89 Su 1.45 0.85 | -2.05 Su 

13 3.18 3.58 | -5.72 Su 3.29 3.73 | -5.93 Su 0.28 0.25 | 0.46 Su 

14 3.29 | 4.57 | -6.52 | Su 3.41 | 4.73 | 6.76} Su 0.27 | 0.28 | -0.47 | Sa 

15 3.58 | 4.75 | 6.94 | Su 3.79 | 5.06 | -7.37 | Su 0.64 | 0.34 | 0.88 Sa 

16 3.38 | 3.16 | -5.62 | Su 3.74 | 3.67 | 6.33 | Su 0.94 | 0.90 | 1.58 Sa 

17 2.77 | 3.01 | -4.90 | Su 3.17 | 3.59 | -5.71 } Su 1.23 | 0.28 | -1.43 Sa 

18 2.62 | 2.67 | -4.51 Su 2.98 | 3.17 {| -5.22 | Su 1.13 { 0.21 | 1.28 Sa 

19 3.12 2.87 | -5.15 Su 3.40 3.26 | -5.70 Su 1.32 0.60 | -1.75 Sa 

20 3.16 2.39 | -4.85 Su 3.34 2.65 | -5.22 Su 0.43 0.29 | -0.63 Sa 

21 3.40 | 1.27 | -4.30] Su 3.52 | 1.44 | -4.54 ] Su 0.57 | 0.00 | -0.58 | Sa 
22 1.63 | 0.84 | -2.23 Sa 1.74 | 0.69 | -2.23 | Sa 2.01 | 2.22 | 3.58 Su 

23 1.32 | 1.73 | -2.55 | Sa 1.47 1.52 | -2.55 | Sa 0.65 | 0.03 | 0.68 Su 

Avg* | 2.40 1.98 | 3.80 | N/A 2.76 2.28 | 4.37 | N/A 0.92 0.54 1.30 | N/A 

*Average of maximum errors is the average of absolute values. 

Table D.4 Daily prediction statistics for Washington, January 1990, weekends 

Lead time (hours) 

Day 24 48 

MAPE | Stdev}| Max | Hour | MAPE | Stdev| Max | Hour | MAPE | Stdev| Max | Hour 

Sa 1.30 | 0.73 | -2.55 | 23 1.30 | 0.73 {| -2.55 | 23 0.79 | 0.54 | -1.75 5 

Su 3.50 | 2.04 | -6.94 15 4.22 1.86 | -7.37 15 1.05 }| 0.82 | 3.58 22 

Avge* | 2.40 | 1.39 | 4.74 | N/A 2.76 | 1.30 | 4.96 | N/A | 0.92 | 0.68 | 2.67 | N/A 

* Average of maximum errors is the average of absolute values. 
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Figure D.2 Forecasted vs. actual load and forecasting errors for Washington, January 

1990, weekends. Forecasted load ts represented with dashed and actual with 

solid line. Errors for 24-hour lead time are shown with solid, for 120- with 

dotted and for one-hour with dashed line. 

Appendix D: Prediction Results for Washington Based Utility 179



Table D.5 Hourly prediction statistics for Washington, April 1990, weekdays 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 120 1 

MAPE | Stdev| Max | Day | MAPE | Stdev| Max {| Day | MAPE | Stdev| Max | Day 

0 0.94 | 0.64 | -1.70 | Fr 3.38 | 1.92 | 5.03 | Th 0.94 | 0.64 | -1.70 | Fr 

1 1.67 | 1.72 | 3.80 | Mo 4.21 {| 1.15 | 586 | Tu 1.55 | 1.56 | 3.76 | Mo 

2 1.52 | 1.39 } 3.08 | Mo 3.88 | 1.21 | 5.81 Tu 0.68 | 0.29 | 0.91 Tu 

3 1.53 0.85 | 2.47 Tu 2.41 1.51 | 4.36 Tu 0.80 0.52 1.59 Fr 

4 1.55 | 1.00 | 2.98 Fr 1.34 | 1.14 | 2.85 Fr 0.90 | 0.64 | -1.43 | We 

5 2.21 | 0.48 | 2.60 Fr 2.36 | 1.22 { -3.83 | We 1.09 | 0.74 | -1.96 | Mo 

6 2.68 | 1.98 | -5.69 | Mo 4.04 | 1.98 | -5.69 | Mo 1.26 | 1.16 | 2.63 Tu 

7 2.90 3.20 | 6.96 Tu 2.79 1.88 | -5.75 | Mo 1.21 1.94 | 4.67 Tu 

8 2.63 3.03 | -6.46 | Mo 2.73 2.48 | -6.46 | Mo 0.92 0.80 | -2.18 | Mo 

9 2.89 | 2.63 | -6.88 | Mo 4.47 | 1.77 | 6.88 | Mo 1.00 | 0.70 | -2.08 | Mo 
10 1.90 | 2.13 | -5.57 | Mo 4.75 | 1.32 | 6.27 | Th 0.92 | 0.99 | -2.27 | Mo 
3 1.61 0.98 | -3.13 | Mo 3.94 1.59 | 6.09 Th 1.18 0.89 | -2.37 Tu 

12 1.64 1.18 | -3.06 Tu 2.80 1.86 | 5.24 Th 0.93 0.58 | -1.76 Fr 

13 1.99 | 165 | 4.65 | Tu 2.35 | 1.95 | 4.52 | We 0.62 | 0.34 {| 1.14 | Mo 

14 2.31 | 2.09 | 6.02 | Tu 1.91 1.46 | 4.09 | We 0.79 | 0.58 | -1.78 | Mo 

15 2.34 2.53 | -6.20 Tu 1.32 1.12 | 3.04 We 0.95 0.58 | -1.79 | Mo 

16 2.14 | 2.37 | -6.18 | Tu 1.29 | 1.17 {| 3.01 {| We 0.48 | 0.46 | 1.22 Fr 

17 2.10 { 2.18 | -5.46 | Tu 1.03 1.35 | 3.32 | We 0.67 | 0.50 | -1.48 | Th 

18 2.31 | 2.20 | -5.34 | Tu 1.50 | 0.64 | 2.38 | We 0.77 | 0.49 | -1.37} Tu 

19 1.70 | 1.17 | -2.90 | Th 160 | 145 | 3.57 Fr 0.69 | 0.35 | 1.08 Fr 
20 3.26 2.15 | -6.54 | Mo 3.61 2.90 | 6.88 Fr 2.09 1.30 | -3.54 | Mo 

21 3.12 | 2.34 | -6.17 | Mo 4.16 | 3.08 | 851 Fr 0.65 | 0.99 | 2.42 Fr 
22 1.72 | 1.04 | 3.29 Fr 4.20 | 2.71 | 7.83 Fr 167 | 1.03 | 3.06 | Mo 

23 2.06 | 1.73 | 4.00 | Mo 5.37 | 1.55 | 7.29 | We 2.36 | 1.63 | 4.99 | Mo 

Avg* | 2.11 | 1.78 | 463 | N/A | 2.98 | 168 | 5.19 | N/A 1.05 | 0.82 | 2.22 | N/A 

*Average of maximum errors is the average of absolute values. 

Table D.6 Daily prediction statistics for Washington, April 1990, weekdays 

Lead time (hours) 

Day 24 120 1 
MAPE |} Stdev| Max | Hour | MAPE | Stdev} Max | Hour | MAPE | Stdev| Max | Hour 

Mo 2.96 | 2.37 | -6.88 9 2.96 | 2.37 | 6.88 9 1.53 1.35 | 4.99 23 
Tu 3.58 | 1.85 | 6.96 7 2.32 | 163 | 5.86 1 1.35 1.15 | 4.67 7 

We 1.00 | 0.83 | 3.89 23 3.17 | 162 | 7.29 23 0.68 | 0.48 | 2.19 23 
Th 1.24 0.96 | -3.94 18 3.19 2.03 | 6.41 23 0.60 0.46 | -1.48 17 

Fr 1.78 | 1.13 | 4.39 21 3.24 | 2.42 | 8.51 21 1.07 | 0.60 | 2.42 21 

Avge* {| 2.11 | 1.43 | 5.21 | N/A { 2.98 | 2.01 | 6.99 | N/A 105 {| 0.81 | 3.15 | N/A 

* Average of maximum errors is the average of absolute values. 

Appendix D: Prediction Results for Washington Based Utility 180 

  
 



Lead Time 24 Hours 

loa
d 

(M
W)
 

  

  

time (hours) 

Lead Time 120 Hours 

loa
d 

(M
W)
 

  

  

time (hours) 

Lead Time 1 Hour 

  

  

  

     

s 
= 
To 
o 

2 

48 72 96 
time (hours) 

10 Prediction Errors 

8 
6 

: 
_ 4 fro | 7 f a ; 
& 2 

\ Pan . 
Qe 0 

’ wascf AS Sf tony 

iy ] 4 d 
6 

8 

time (hours) 

Figure D.3 Forecasted vs. actual load and forecasting errors for Washington, April 1990, 
weekdays. Forecasted load is represented with dashed and actual with solid 
line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 

Appendix D: Prediction Results for Washington Based Utility 181



Table D.7 Hourly prediction statistics for Washington, April 1990, weekends 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 48 

MAPE | Stdev| Max | Day | MAPE | Stdev| Max {| Day | MAPE | Stdev| Max | Day 

0 0.61 0.81 1.19 Sa 0.64 0.77 1.19 Sa 0.61 0.81 1.19 Sa 

1 0.51 | 0.64 | -0.97 Su 0.50 | 0.62 | -0.94 | Su 0.97 | 0.03 | -1.00 | Su 
2 1.00 | 0.23 | -1.16 Su 102 | 0.27 | -1.21 Su 0.57 | 0.30 | 0.78 Sa 

3 1.47 1.94 | -2.83 Su 1.50 1.98 | -2.90 | Su 1.39 | 0.68 | -1.87 | Su 

4 1.47 1.48 | -2.51 Su 1.47 1.48 | -2.52 Su 0.18 0.21 | -0.33 Sa 

5 117 | 0.63 | -1.62 Su 116 | 0.61 | -1.59 Su 0.45 | 0.24 } 0.62 Su 

6 1.73 | 0.51 | -2.09 Sa 1.71 0.54 | -2.09 Sa 2.04 1.01 | 2.75 Su 

7 1.86 1.31 | 2.78 Su 1.84 1.28 | 2.74 Su 1.13 0.13 | 1.21 Sa 

8 1.26 | 0.75 | 1.79 Su 1.25 | 0.73 | 1.77 Su 0.44 0.58 | -0.85 Su 

9 0.72 0.88 1.34 Su 0.70 0.87 1.32 Su 0.46 0.16 | 0.57 Sa 

10 1.20 | 0.20 | 1.34 Sa 1.18 | 0.22 | 1.34 Sa 0.63 0.81 | 1.20 Sa 
11 1.12 | 0.86 | 1.73 Sa 1.11 0.88 | 1.73 Sa 0.12 | 0.15 | 0.23 Sa 
12 1.28 0.70 1.78 Sa 1.29 0.69 1.78 Sa 0.28 0.37 | -0.54 Su 

13 1.56 | 0.89 | -2.19 | Su 1.57 | 0.90 | -2.21 Su 1.14 | 0.39 | -1.42 | Su 

14 1.97 | 2.70 | -3.88 Su 1.98 | 2.71 | -3.90 | Su 1.60 | 0.56 | -2.00 | Su 

15 3.41 3.02 | -5.54 Su 3.41 3.03 | -5.56 | Su 160 | 0.65 | -2.06 Su 

16 3.50 4.48 | -6.66 Su 3.50 4.48 | -6.67 Su 1.36 0.44 | -1.67 Su 

17 431 5.90 | -8.48 Su 4.31 5.91 | -8.49 Su 1.48 1.70 | -2.68 Su 

18 5.05 | 5.39 | -8.86 Su 5.05 5.40 | -8.88 | Su 1.26 0.11 | -1.34 | Su 

19 5.06 | 6.10 | -9.38 Su 5.07 | 6.11 | -9.38 | Su 0.89 0.47 | -1.22 | Su 

20 3.92 | 5.00 | -7.46 Su 3.93 5.01 | -7.47 | Su 0.12 0.04 | 0.15 Su 
21 4.65 4.94 | -8.15 Su 4.66 4.95 | -8.16 Su 1.83 0.42 | -2.12 Su 

22 3.35 | 4.36 | -6.43 Su 3.35 | 4.37 | 644 { Su 0.61 0.18 | 0.74 Su 

23 2.37 | 3.16 | -4.60 |] Su 2.37 | 3.16 | -4.61 Su 0.88 | 0.63 | 1.33 Su 

Avg* | 2.27 | 2.37 | 3.95 | N/A 2.27 | 2.37 | 3.95 | N/A 0.92 0.46 | 1.24 | N/A 

*Average of maximum errors is the average of absolute values. 

Table D.8 Daily prediction statistics for Washington, April 1990, weekends 

Lead time (hours) 

Day 24 48 1 

MAPE | St dev| Max | Hour | MAPE | Stdev| Max | Hour | MAPE | Stdev| Max | Hour 

Sa 0.78 | 0.60 | -2.09 6 0.78 | 0.60 | -2.09 6 0.74 | 0.46 | 1.53 21 

Su 3.77 | 3.04 | -9.38 19 3.77 | 3.05 | -9.38 19 1.09 | 0.85 | 2.75 6 

Avg* | 2.27 1.82 | 5.73 | N/A 2.27 1.83 | 5.74 | N/A 0.92 0.65 | 2.14 | N/A 

* Average of maximum errors is the average of absolute values. 
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Figure D.4 Forecasted vs. actual load and forecasting errors for Washington, April 1990, 

weekends. Forecasted load is represented with dashed and actual with solid 
line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 
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Table D.9 Hourly prediction statistics for Washington, July 1990, weekdays 

  

Lead time (hours) 
  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                                
  

  

  

  

  

  

  

  

  

                            
  

Hour 24 120 1 
MAPE |} Stdev| Max | Day | MAPE | Stdev}| Max | Day | MAPE| Stdev| Max | Day 

0 0.66 0.37 | -1.22 Th 0.88 0.40 | 1.37 We 0.66 0.37 | -1.22 Th 

1 0.82 | 0.34 } 1.23 | Mo 1.21 | 0.22 | 1.44 | Tu 0.56 | 0.49 | 1.36 | Mo 

2 0.76 | 0.41 | 1.29 | Tu 1.33 | 0.95 | 2.60 | Tu 0.64 | 0.45 | 1.13 Tu 

3 1.58 | 0.58 | -2.53 | Th 130 | 0.90 | 2.61 Tu 0.90 | 0.41 | -1.54 | Th 

4 1.13 0.82 | -2.33 Th 1.27 1.15 | 3.00 Tu 0.33 0.21 | -0.63 Th 

5 1.41 | 1.01 | 2.94 | Tu 1.98 | 1.78 | 4.02 | Tu 1.13 | 0.85 | 2.11 | We 

6 1.52 | 1.17 | 3.39 | Tu 1.96 | 166 | 4.12 | Tu 1.28 | 0.32 | 1.79 | We 

7 160 | 1.14 | 3.10 | Tu 1.98 | 167 | 430 | Tu 0.77 | 0.61 | 1.59 | Mo 
8 1.42 | 1.49 | 3.83 Tu 2.24 | 1.76 | 4.72 | Tu 0.99 | 0.53 | 1.58 | Tu 

9 0.90 0.99 | 2.32 Tu 1.51 1.32 | 2.90 We 0.46 0.27 | -0.74 | Mo 

10 0.91 0.62 1.91 Tu 1.27 0.99 | 2.48 Tu 0.54 0.74 | -1.83 | Mo 

11 1.10 | 0.96 | 2.75 Tu 1.46 | 1.08 | 3.23 Tu 0.62 | 0.47 | -1.33 | Mo 

12 0.76 | 0.56 | 165 | Tu 1.13 | 0.70 | 2.15 Tu 0.37 | 0.24 | -0.70 | Tu 

13 0.49 0.20 | 0.80 We 0.67 0.62 | 1.57 We 0.46 0.31 | -0.95 Tu 

14 0.52 | 0.54 | -1.30 | Mo 0.47 | 0.53 {| -1.30 | Mo 0.78 | 0.50 | -1.56 {| Tu 

15 0.57 | 0.46 | -1.14 | Mo 0.68 | 0.47 | 1.24 | We 0.19 {| O11 | 0.35 | We 
16 0.61 | 0.43 | -1.13 | Mo 0.87 | 0.34 {| 1.27 | We 0.55 | 0.23 | 0.84 Fr 
17 0.74 0.59 1.49 Fr 0.71 0.67 | 1.44 Fr 0.51 0.36 | 0.96 Fr 

18 104 | 0.98 | 2.61 Fr 1.23 | 0.88 | 2.53 Fr 0.85 | 0.82 | 2.26 Fr 

19 109 | 0.85 | 2.34 Fr 1.00 | 0.85 | 2.30 Fr 0.69 | 0.39 | 1.24 Fr 

20 1.08 {| 1.03 | 2.83 Fr 1.37 | 0.86 | 2.75 Fr 0.74 | 0.35 | 1.20 Fr 

21 1.27 | L18 | 3.33 Fr 1.34 | 1.09 | 3.22 Fr 0.56 | 0.56 | -1.47 | Th 

22 1.13 0.74 | 2.41 Fr 1.25 0.77 | 2.36 Fr 1.13 0.87 | 2.45 Mo 

23 0.97 | 0.54 | 1.80 | Tu 1.22 | 0.92 | 2.28 | Tu 1.43 1.83 | -4.62 | Fr 

Avg* | 1.00 | 0.75 | 2.15 | N/A 1.26 | 0.94 | 2.55 | N/A | 0.71 | 0.51 | 1.48 | N/A 

* Average of maximum errors is the average of absolute values. 

Table D.10 Daily prediction statistics for Washington, July 1990, weekdays 

Lead time (hours) 

Day 24 120 1 

MAPE | Stdev| Max | Hour | MAPE | Stdev| Max | Hour | MAPE | Stdev} Max | Hour 

Mo 1.01 | 0.50 } 2.29 7 1.01 | 0.50 | 2.29 7 0.82 | 0.63 | 2.45 22 

Tu 1.35 1.15 | 3.83 8 1.92 } 1.48 | 4.72 8 0.68 | 0.49 | 1.58 8 

We 0.82 | 0.40 | -1.71 3 1.73 | 0.86 | 3.76 5 0.61 | 0.49 | 2.11 5 

Th 0.85 | 0.67 |} -2.53 3 0.59 | 0.42 | 1.60 8 0.63 | 0.45 | -1.54 3 

Fr 0.98 | 0.99 | 3.33 21 1.07 | 0.94 | 3.22 21 0.83 | 0.96 | -4.62 | 23 

Avg* | 1.00 | 0.74 | 2.74 | N/A 1.26 | 0.84 | 3.12 | N/A | 0.71 | 0.60 | 2.46 | N/A 

* Average of maximum errors is the average of absolute values. 

184 Appendix D: Prediction Results for Washington Based Utility 

  
 



Lead Time 24 Hours 
lo
ad
 
(M
W)
 

  

  1000 ——+ +— t +— 

0 24 438 72 96 

time (hours) 

    

    

  

2400 + Lead Time 120 Hours 

Oo 
oc 

so 

time (hours) 

2400 Lead Time 1 Hour 

= 
= 

Oo 
wa 

2 

1000 + + —- — —t 

0 24 48 72 96 

time (hours) 

6 Prediction Errors 

4 

~ 2 
g . 

5 0 

® 

  

time (hours) 

Figure D.5 Forecasted vs. actual load and forecasting errors for Washington, July 1990, 

weekdays. Forecasted load is represented with dashed and actual with solid 
line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 
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Table D.11 Hourly prediction statistics for Washington, July 1990, weekends 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 48 

MAPE | Stdev| Max | Day {| MAPE | Stdev{ Max | Day | MAPE | Stdev| Max | Day 

0 1.94 1.56 | 3.05 Sa 2.45 0.84 | 3.05 Sa 1.94 1.56 | 3.05 Sa 

1 1.34 0.74 | 1.87 Sa 2.49 0.88 | -3.11 Su 0.71 0.77 | -1.25 Su 

2 1.09 0.77 | -1.63 Su 2.01 2.08 | -3.49 Su 0.82 0.61 | -1,.25 Su 

3 168 { O.11 | 1.76 Sa 2.47 | 1.01 {| -3.18 } Su 1.13 | 0.31 | 1.35 Sa 

4 0.68 | 0.68 | -1.16 | Su 1.42 | 1.72 | -2.64{ Su 0.74 | 0.60 | -1.17 | Sa 

5 1.27 0.09 | -1.33 Sa 2.04 1.00 | -2.74 su 1.17 0.76 | -1.71 Sa 

6 1.33 1.66 | -2.50 Sa 2.10 0.57 | -2.50 Sa 1.04 0.26 1.23 Su 

7 2.57 3.04 | -4.72 Sa 3.69 1.45 | -4.72 Sa 1.59 1.27 | -2.48 Sa 

8 3.22 2.09 | -4.69 Sa 2.76 2.73 | -4.69 Sa 1.45 1.12 | 2.24 Su 

9 2.73 0.98 | -3.42 Sa 1.81 2.28 | -3.42 Sa 0.63 0.17 | 0.75 Su 

10 2.51 1.00 | 3.22 Su 1.69 0.16 | -1.80 Sa 1.07 1.51 | 2.14 Su 

ll 2.68 | 2.88 | 4.72 Su 2.09 | 2.03 | 3.52 Su 165 | 2.05 | 3.10 Su 

12 2.20 { 2.40 | 3.90 Su 1.69 | 1.69 | 2.89 Su 0.71 | 0.47 | 1.04 Su 

13 2.33 1.78 | 3.59 Su 1.79 | 1.02 | 2.51 Su 0.63 | 0.29 | 0.83 Su 

14 2.41 0.06 | 2.46 Su 1.84 0.75 | -2.37 Sa 0.48 0.62 | -0.92 Sa 

15 2.04 0.85 | -2.64 Sa 1.48 1.64 | -2.64 Sa 0.51 0.22 | -0.66 Su 

16 1.69 1.23 | -2.55 Sa 1.30 1.77 | -2.55 Sa 0.68 0.22 | -0.83 Su 

17 1.37 1.66 | -2.54 Sa 1.69 1.21 | -2.54 Sa 0.81 0.26 | -0.99 Su 

18 1.72 1.54 | -2.81 Sa 1.57 1.76 | -2.81 Sa 0.95 0.03 | -0.97 Sa 

19 1.25 1.58 | -2.36 Sa 1.23 1.60 | -2.36 Sa 0.30 0.27 | -0.49 Su 

20 2.61 0.64 | -3.07 Sa 2.41 0.93 | -3.07 Sa 1.00 0.02 | -1.01 Sa 

21 4.94 0.53 | -5.31 Su 4.57 0.00 | -4.57 Su 1.79 0.26 | -1.97 Su 

22 2.89 1.13 | -3.69 Sa 2.56 1.59 | -3.69 Sa 1.65 1.84 | 2.95 Su 

23 1.38 1.83 | -2.67 Sa 1.56 1.58 | -2.67 Sa 1.10 0.50 } 1.45 Su 

Avg* | 2.08 | 1.29 | 2.99 | N/A | 2.11 1.34 | 3.06 | N/A 1.02 | 0.67 | 1.49 | N/A 

* Average of maximum errors is the average of absolute values. 

Table D.12 Daily prediction statistics for Washington, July 1990, weekends 

Lead time (hours) 

Day 24 48 

MAPE | St dev | Max | Hour | MAPE | Stdev| Max | Hour | MAPE | Stdev| Max | Hour 

Sa 2.39 1.29 | -4.72 7 2.39 1.29 | -4.72 7 0.86 0.75 | 3.05 0 

Su 1.76 1.46 | -5.31 21 1.84 1.29 | -4.57 21 1.19 0.77 | 3.10 3 

Avg* | 2.08 1.38 | 5.01 | N/A 2.11 129 | 4.64 | N/A 1.02 0.76 | 3.07 | N/A 

* Average of maximum errors is the average of absolute values. 
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Figure D.6 Forecasted vs. actual load and forecasting errors for Washington, July 1990, 

weekends. Forecasted load is represented with dashed and actual with solid 
line. Errors for 24-hour lead time are shown with solid, for 120- with dotted 

and for one-hour with dashed line. 
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Table D.13 Hourly prediction statistics for Washington, October 1990, weekdays 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

      

Lead time (hours) 

Hour 24 120 1 

MAPE | Stdev| Max {| Day | MAPE | Stdev| Max | Day | MAPE j Stdev| Max | Day 

0 0.60 0.68 | -1.66 Th 0.52 0.72 | -1.79 Tu 0.60 0.68 | -1.66 Th 

1 1.39 0.93 | -2.57 Th 1.57 0.94 | -2.77 Tu 1.00 0.56 | -1.66 Fr 

2 1.56 | 0.82 | -2.99 | Th 2.37 0.95 | -3.68 | Th 0.69 0.37 | -1.20 | Mo 

3 1.96 | 0.58 | -2.74 | Th 3.36 | 0.84 | -4.22 | Th 0.69 0.39 | -1.09 | Mo 

4 3.20 | 0.84 | -4.11 Th 4.41 0.86 | -5.30] Th 1.74 0.44 | -2.15 | Th 

5 2.48 1.15 | -3.78 We 2.80 L18 | -4.34 We 0.54 0.31 {| -0.93 We 

6 2.12 | 0.79 | -2.97 } We 1.77 0.75 | -2.69 | We 0.28 0.19 | -0.53 Fr 

7 2.85 1.05 | -4.26 | We 2.53 0.87 | -3.89 | We 1.37 0.87 | -2.24 Fr 

8 2.63 1.90 | -5.07 | We 2.53 1.76 | -4.98 | We 0.98 0.82 | -1.80 | We 

9 1.81 1.89 | -4.57 | We 1.87 1.85 | -4.71 | We 0.81 0.60 | 1.48 Tu 

10 1.58 1.27 | -3.75 | We 1.46 1.55 | -4.13 | We 1.09 0.65 | 1.69 Tu 

ll 1.53 1.02 | -3.35 | We 1.34 1.47 | -3.94 | We 0.93 0.84 | 2.13 Fr 

12 1.36 | 0.71 | -2.42 | We 1.13 1.26 | -3.17 | We 0.55 0.54 | 1.36 We 

13 1.25 0.87 | -2.14 Mo Lil 1.33 } -2.92 We 0.41 0.38 0.82 We 

14 2.14 1.24 | -3.73 | Mo 1.92 1.84 | -4.03 | We 1.06 0.75 | 2.27 Fr 

15 2.77 1.88 | -5.56 | Mo 2.83 2.23 | -5.56 | Mo 0.83 0.72 | -1.64 | Mo 

16 3.21 2.54 | -6.58 | Mo 3.41 2.71 | -6.58 | Mo 0.77 0.31 { 1.13 Fr 

17 3.27 2.69 | -6.31 We 3.83 2.41 | -7.03 We 0.90 0.61 |} -1.79 We 

18 3.94 1.31 | -4.92 | We 4.46 1.52 | -5.54 | We 1.75 1.72 | -3.63 Th 

19 4.38 1.69 | -5.88 | Mo 4.83 1.90 | 6.56 | Tu 1.24 0.83 | -2.24 |] Tu 

20 4.88 1.90 | 6.36] Tu 5.27 2.11 | -7.30 | Tu 1.14 0.40 | -1.77 | Tu 

21 4.4] 1.60 {| 6.06 | Th 4.73 1.70 | -6.52 | Th 0.57 0.36 | 0.96 Tu 

22 2.35 1.14 | -3.50 Th 2.58 1.20 | -3.81 Th 1.46 0.56 2.12 We 

23 1.12 | 0.75 | -2.26 | Mo 1.20 | 0.75 | -2.26 | Mo 0.64 0.29 | 0.90 Th 

Avg* | 2.45 1.30 | 4.06 | N/A 2.66 1.45 | 449 | N/A 0.92 0.59 | 163 | N/A                         
  

* Average of maximum errors is the average of absolute values. 

Table D.14 Daily prediction statistics for Washington, October 1990, weekdays 

  

Lead time (hours) 
  

Day 24 120 1 
  

MAPE | Stdev| Max | Hour | MAPE | Stdev| Max | Hour | MAPE | St dev | Max | Hour 
  

Mo 3.00 | 2.02 | -6.58 16 3.00 | 2.02 | -6.58 16 0.75 0.58 | -1.86 4 
  

Tu 1.93 1.58 | 6.36 | 20 2.24 | 2.08 | -7.30 | 20 0.88 | 0.82 | -3.54 18 
  

We 3.10 1.58 | 6.31 17 3.64 1.68 | -7.03 17 0.96 | 0.60 | -2.23 7 
  

Th 2.39 1.80 | -6.06 20 2.56 | 2.19 | -6.65 20 1.07 | 0.80 | -3.63 18 
  

Fr 1.82 1.10 | -4.12 8 1.86 1.14 | -4.35 4 0.94 | 0.73 | 2.27 14 
                            Avg* | 2.45 162 | 5.89 | N/A 2.66 1.82 | 6.38 | N/A 0.92 | 0.71 {| 2.71 | N/A   
  

* Average of maximum errors is the average of absolute values. 
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Figure D.7 Forecasted vs. actual load and forecasting errors for Washington, October 

1990, weekdays. Forecasted load is represented with dashed and actual with 

solid line. Errors for 24-hour lead time are shown with solid, for 120- with 

dotted and for one-hour with dashed line. 
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Table D.15 Hourly prediction statistics for Washington, October 1990, weekends 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

                            
  

  

  

  

  

  

                            
  

Lead time (hours) 

Hour 24 48 1 

MAPE | Stdev| Max | Day | MAPE | Stdev| Max | Day | MAPE | Stdev}| Max | Day 

0 0.75 | 0.96 | 1.43 Sa 1.22 | 0.29 | 1.43 Sa 0.75 | 0.96 | 1.43 Sa 

l 0.40 | 0.07 | 0.45 Sa 0.88 | 0.61 | -1.31 { Su 0.61 | 0.28 } -0.80 | Sa 

2 1.34 {| 0.78 | 1.89 Su 0.49 | 0.42 | -0.79 | Sa 1.38 | 0.32 | 161 Su 

3 1.95 } 2.07 | -3.41 Sa 2.21 1.69 | -3.41 Sa 1.70 1.00 | -2.41 | Sa 

4 2.51 | 3.40 | -4.92 | Sa 2.86 | 2.91 | -4.92 | Sa 1.12 1.29 | -2.04 | Sa 

5 3.07 | 3.05 | -5.22 | Sa 3.01 | 3.13 | -5.22 |} Sa 1.10 | 0.03 | -1.12 | Sa 

6 3.84 | 2.08 | -5.31 Sa 4.08 | 1.74 | -5.31 | Sa 1.21 | 0.51 | 1.57 Su 
7 4.83 | 0.60 | 5.25 Su 5.06 | 0.93 | 5.72 Su 1.54 | 2.02 | 2.97 Su 

8 3.82 | 1.99 | -5.23 Sa 3.99 | 1.75 | -5.23 Sa 1.92 | 0.45 | -2.24 | Sa 

9 3.26 | 3.15 | -5.50 {| Sa 3.13 | 3.34 | -5.50 | Sa 2.55 | 0.24 | -2.72 | Su 

10 4.62 | 1.78 | -5.87 | Sa 4.50 {| 1.93 | -5.87 | Sa 2.28 | 0.24 | -2.45 | Sa 

ll 4.84 | 1.13 | -5.63 | Su 4.76 | 1.02 | -5.48 | Su 1.19 1.62 | -2.33 | Su 

12 5.48 | 3.44 | -7.91 | Su 5.49 | 3.46 | -7.94 | Su 1.36 1.48 | -2.41 | Su 

13 4.49 | 3.93 | -7.27 | Su 4.63 | 4.14 {| -7.55 {| Su 0.90 | 0.05 | 0.94 Sa 

14 474 | 2.48 | 649 {| Su 4.95 | 2.77 | 6.91 Su 1.20 | 0.07 { 1.25 Su 

15 5.05 | 0.02 } -5.07 | Sa 5.27 | 0.29 | -5.48 | Su 1.48 | 0.73 | -1.99 | Sa 

16 469 | 1.67 | -5.87} Sa 4.89 | 1.39 | -5.87 | Sa 0.39 | 0.27 | -0.58 | Sa 

17 3.34 | 1.51 | 4401 Sa 3.49 | 130 | 4.40} Sa 1.00 | 0.58 | 1.41 Sa 

18 2.69 | 0.22 | -2.84 | Su 2.78 | 0.35 | -3.03 | Su 1.50 | 0.32 | -1.73 | Su 

19 2.32 | 0.83 | -2.91 | Su 2.37 | 0.91 | -3.02 | Su 2.64 1.86 | 3.96 Sa 

20 2.94 | 0.40 | -3.22 | Su 2.97 | 0.44 {| -3.28 | Su 1.29 | 0.18 | 1.42 Sa 

21 2.33 | 0.46 | -2.66 | Su 2.35 | 0.48 | -2.69 | Su 0.19 | 0.27 | -0.39 | Su 
22 0.24 0.12 | 0.33 Su 0.23 0.11 | -0.31 Su 1.46 0.42 | -1.75 Sa 

23 1.47 1.26 | 2.36 Su 1.50 1.31 | 2.43 Su 1.43 0.56 1.83 Su 

Avge* | 3.12 | 1.56 {| 4.23 | N/A {| 3.21 1.53 | 4.30 | N/A 1.34 | 0.66 {| 181 | N/A 

* Average of maximum errors is the average of absolute values. 

Table D.16 Daily prediction statistics for Washington, October 1990, weekends 

Lead time (hours) 

Day 24 48 1 
MAPE | Stdev| Max | Hour | MAPE | Stdev} Max | Hour | MAPE | Stdev| Max | Hour 

Sa 3.30 1.88 | -5.87 10 3.30 1.88 | -5.87 10 1,37 0.93 | 3.96 19 

Su 2.95 2.28 | -7.91 12 3.12 2.30 | -7.94 12 1.31 0.81 | 2.97 7 

Avg* | 3.12 2.08 | 6.89 | N/A 3.21 2.09 |; 6.90 | N/A 1.34 0.87 | 3.46 | N/A 

* Average of maximum errors is the average of absolute values. 
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Figure D.8 Forecasted vs. actual load and forecasting errors for Washington, October 

1990, weekends. Forecasted load is represented with dashed and actual with 
solid line. Errors for 24-hour lead time are shown with solid, for 120- with 

dotted and for one-hour with dashed line. 
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