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ABSTRACT 

 
 
Forecasting is a n e ssential planning tool fo r an y s ystem, assi sting deci sion-makers and  
planners to visualize and plan the future of t he system according to their goals. Because 
of t his, forecast ing has been wi dely used i n m arkets for cost  m inimization and profi t 
maximization. I n an electricity m arket, load  an d price forecasting ar e the two main 
planning tools for generation, transmission and distribution owners and consumers alike. 

 
Over the past sev eral decades, many techniques and approaches have been proposed and 
implemented for  load and price  for ecasting. The  objective  of all of  thes e methods w as 
load and pri ce fo recasting wi th m inimal error . However, r esearchers face sev eral 
challenges in achieving this goal.  
 
In t he c ase of  pri ce fo recasting, t he m ain cha llenge i s t o fore cast el ectricity pri ces 
accurately in a dere gulated electric pow er market with volatile aspects. Decentr alized or 
deregulated ma rkets are ve ry vola tile s ystems. Hence, pa ttern following and a ccurate 
forecasting of electricity prices are difficult tasks using ordinary methods.  
 
In this thesis, a novel  approach is in troduced and implemented to overcome the  
challenges inher ent in accur ate pric e fo recasting. This novel appr oach involves  
innovations in forecasti ng to improve the spot  power pric e for ecasting a ccuracy in a  
competitive market. To i nvestigate the applicability and effectiveness of t his technique, 
Multiple Linear Reg ression (M LR) and Artif icial Ne ural Ne tworks (A NN), two w ell- 
known forecasting techniques, are developed. 
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CHAPTER 1 INTRODUCTION 

 

Since the introduction of the electricit y generation in 1882 at New York Pearl Street 

power station, the electri c industries followed the regulated or non-competitive industrial 

frameworks for power generation, control and marketing. After early 90s, many countries 

restructured their electric power industries to be co mpetitive or  der egulated power 

systems. Load forecasting was the focus of electric industries during  the regulation age. 

However, price forecasting became the main prediction issue for the deregulated electric 

power systems [3].  

 

1.1  MOTIVATION 

 
In an age of deregulated power markets, the price forecasting problem has become more 

complex and nonlinear t han ever before.  The volatility and nonlinearit y of this s ystem 

directly affect t he a ccuracy of pri ce predi ction, a defi ciency which i nfluences m arket 

bidding strategies and leads to an unstable market. 

 

The motiva tion of this t hesis is to a chieve more a ccurate results for this  nonlinear and 

complex probl em. These resul ts can assi st pow er st rategists t o arran ge m ore eff ective 

bids, which will in tur n lead to more st able markets to bene fit both producers an d 

consumers.     

 

1.2  ELECTRICITY PRICE FORECASTING 

 
Forecasting is a ne cessary scheduling and planning function in an y organization. In the  

case of el ectric power corporations, electricity price forecasting is an eff ectual planning 

tool a pplied for the  pu rpose of optima l bidding , pla nning and profit maximization, 

especially for power pro ducers in de regulated or c ompetitive ma rkets. Howe ver, price  
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forecasting i s m uch m ore com plex t han l oad f orecasting be cause of u ncertainties i n 

market participants’ bidding strategies and operations [1]. 

 

The a pplications of e lectricity pri ce fo recasting diff er dep ending on the forec asting 

period. The  fund amental applications o f s hort-term, medium-term and l ong-term pri ce 

forecasting can be sum marized as d ay-ahead p rofit max imization, bilateral contracts 

planning, and investmen t recovery confi rmation, respectivel y [2]. Short-term electricit y 

price forecasting (STPF) or day-ahead price forecasting for a decentralized power market 

is the focus of this thesis. 

 

1.3  THESIS OBJECTIVES AND CONTRIBUTIONS 

 
The obj ective of t his t hesis i s t o devel op al gorithms t o i mprove t he accura cy of t he 

forecasted results found by conventional regression and n eural network techniques. This 

goal was achieved by a novel approach called Innovated Forecasting (IF). This technique 

takes advanta ge of innovations  obtained from residuals in  regression f orecasting and  

from training output errors in neural network forecasting. 

 

The contributions of this thesis can be summarized as providing a new algorithm for day-

ahead m arginal pric e fo recasting in a der egulated market, implementin g the  proposed  

approach in a real power market, and significantly improving the accuracy of short- term 

price forecasting.   

 

1.4  THESIS OUTLINE 

 
This thesis is org anized into si x chapters. Research motivation, desc ription of electricit y 

price for ecasting, and t hesis obj ectives a nd co ntributions are address ed in the first  

chapter. The second chapter presents a lite rature review of the electricit y pri ce 

forecasting approaches a nd evaluation. The th ird chapter introduc es Linear Re gression 

and off ers spot pow er market d ata an alyses and STPF  r esults using  r egression 
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forecasting. Chapte r 4 provides an introduc tion to Artificial Ne ural Network (AN N) 

modeling and improve ment, and forecasts t he da y-ahead el ectricity p rice of t he spot  

power m arket usin g A NN.  In the  fifth chapter, innovations and I F are  introduced, 

innovated re gression an d neural network fore casting approa ches ar e implemented, and 

the i mprovements of each t echnique a re i nvestigated. Fi nally, C hapter 6 present s 

concluding remarks about the stud y’s findings and suggests re commendations for futur e 

work.    
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CHAPTER 2 LITERATURE REVIEW 

 

In t his C hapter, t he m arket cl earing pri ce and t he l ocational m arginal pri ce of el ectric 

power i s bri efly defi ned, el ectricity pri ce forecasting i s i ntroduced, and t he re cent 

electricity price forecasting techniques are classified and evaluated.   

 

2.1  INTRODUCTION 

 
The heav y dependence of modern so cieties on e lectrical power has sig nificantly 

increased the  importa nce of re liability, effic iency and sta bility of this va luable powe r 

source. From t he d ay el ectricity st arted b eing generated, t he f ramework of t he worl d’s 

electric industry has mostly been vertically integrated, with generation, transmission and 

distribution ruled and re gulated by government monopolistic companies [ 3]. However, a  

regulated electricit y market  does not necessari ly result in optimal pr oductivity and 

efficiency le vels, partic ularly in a  free  and op en market environm ent [ 4]. Indeed, a  

deregulated electric i ndustry f ramework c an de crease el ectricity pri ce by en couraging 

competition among pow er provid ers [ 3]. F rom the producers’  point of v iew, the main  

purpose of restru cturing pow er mark ets is profit ma ximization [1]. This g oal ha s 

prompted a  m ajor tra nsformation from regulation to de regulation in the e lectricity 

markets over the past few decades. 

 

Electric power is a unique commodit y. It cannot  be stored in appreciable quantities and  

requires constant suppl y and de mand balan ce. T his involves high risk to  investors and  

makes the price of e lectricity volatile in na ture [1]. Usually, electricity is  traded in two 

ways: bilater al contr acts tradin g and  pool  tr ading. Th e hourl y bids submitted b y 

producers’ and consumers’ are matched by the market operator to set the spot price in the 

pool trading mark et [3].  In the bilateral contract system, a certain amount of powe r is  

agreed to be transferred through the network between seller and buyer at a specific fixed 

price. A combination of pool and bilateral contracts commonly takes place in deregulated 

electricity markets [5]. 
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The basic theory of electricity spot market pr icing states that an hourl y spot price can be  

defined as the sum of fu el and maintenance costs, costs to c ompensate for tra nsmission 

losses, and capacit y l imitations and quali ty of suppl y ( generator and network 

availability). Removin g transmission and di stribution network costs fro m the equation, 

the mathematical expression for the optimal spot price at time t is [6]: 

 

( )[ ]
( )

( )[ ]
( )tu

tuG
tu

tuGp QSFM
t ∂

∂
+

∂
∂

=
                                    

( ).FMG  is the total fuel and maintenance cost of generation and ( ).QSG  is the generation 

quality of supply costs incurred to provide reliable energy to customers. 

 

The lowest price that would make al l the accept ed buy (pu rchase) bids sat isfied by the 

accepted sel l (s ales) bi ds i s cal led t he m arket clearing pri ce (MC P). C onsidering t he 

delivery constraints of the  transmission line and the generation marginal cost, the zonal 

market clearing price (ZMCP) or l ocational marginal price (LMP) can b e defined as t he 

next MW of load supplying price at a speci fic l ocation. T ypically, LMP is hig her than 

MCP, and L MP forecasting is more complex than MCP forecast ing. Furthermore, LMP 

prediction is more significant for market participants than is MCP prediction [7].    
 

2.2  ELECTRICITY PRICE FORECASTING 

 
While load forecastin g was the fo cus of ele ctricity industries durin g the regulation age, 

price fore casting has be come t he m ain predi ction i ssue for dereg ulated el ectric powe r 

systems [3]. However, because of uncertainties in market participants’ bidding strategies 

and operations, price forecasting is much more complex than load forecasting [1]. 

 

Electricity price fo recasting applic ations diffe r depending on the  for ecasting p eriod. 

Short-term or da y-ahead, medium-term a nd long-term are t he common price forecasting 

periods [8]. Day-ahead profit maximization, bilateral contracts planning, and investment 

(2.1) 
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recovery c onfirmation are , re spectively, th e fu ndamental applications of short-term, 

medium-term, and  long- term pric e fo recasting [ 2]. Among  thes e thre e t ime horiz ons, 

Short Term Price Forecasting (STPF) is the focus of this work.  

 

While cost minimization was the basic criterion for scheduling of energy resources in the 

traditional regulated market, profit maximization became the core of ene rgy planning in 

the deregulated market [3]. To ma ximize profit, short-term electricity p rice forecasting, 

which ranges over a period of one hour to one week [5], is a very useful planning tool for 

producers and consum ers wi thin i n t he new  decent ralized fram ework. From  t he 

producers’ point of view, STPF  e nhances bid ding stra tegies a nd pro vides optima l 

scheduling for energy resources [3]. Better price forecast will lead to more effective bids 

with lower risk a nd higher profit. F or their part, consumers will be  able to c reate better 

plans to maximize their own benefit and to protect themselves against price increases [9]. 

 

Different electricity price forecasting models use different inputs corresponding to factors 

that have a si gnificant i mpact on el ectricity pri cing. These  i nfluential f actors i nclude 

historical electricity prices, weather conditions, and transmission congestion, as presented 

in [1]. The m ost significant factors affecting electricity pricing that could  be conside red 

as input variables are listed in [ 10] as: av ailable historical price  and  load, s ystem 

operating conditions, weather conditions and temperature values, fuel prices, time indices 

(hour, weekday, season), etc. In [3], these factors are summarized as: historical prices and 

demand, bidding  strate gies, operating  r eserves, imports, temperature eff ects, predicted  

power shortfalls, and generation outages. All of the stated spot electricity price influential 

factors are presented in Figure 2.1.  

 

To be a ccurate, forecasting should consider all possible factors that influence electricity 

price, such t horoughness i s ver y complicated t o achi eve i n a real  w orld si tuation. 

Therefore, factors that are more important than others are usually considered in real case 

studies and t he rest are ignored. Fo r i nstance, f actors such  as t he am ount of di fferent 

types of reserves, power import and predicted power shortfall do not affect the forecast at 

all. Moreover, unit outage information is not available for all market participants and the 
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effects of weathe r conditions or temperature could be incorporated in the demand data 

[11].  

 

 

Figure 2.1 Factors affecting electricity price. 

 

According to a study [12], adding of historical demand data to the prediction model leads 

only to n egligible forecasting improvement in the cas e of ANN and ARIMA models. In 

general, t he accuracy of  predi cted el ectricity pri ces i s not  necessa rily related t o m ore 

factors in the model [1]. 

2.3  TIME SERIES ELECTRICITY PRICE FORECASTING APPROACHES 

 
Many t echniques h ave b een propos ed for p rice f orecasting ov er the p ast two decad es. 

These forecasting methods are cl assified in differ ent ways. Statistical and non-statistical 

methods are the two ma in approaches impleme nted for predicting  ele ctricity p rices in 
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different time horizons as men tioned in [ 8]. Th e most popular categ ory of statistical 

methods is the ti me series models. These forecasting models concent rate on the past 

behavior of the  d ependant va riable [13]. The  time  se ries mode ls inc lude c lassical 

methods and modern methods.  

2.3.1 Classical Models 

  

These models a re b ased on building  a  rela tionship between a dep endent variable  

(electricity p rice) and  a number of ind ependent variables that  ar e know n or estimated  

[13].  A uto r egressive ( AR) [ 14] i s t he s implest mode l of th is c lass w hich tre ats the  

disturbance as ideal white noise. F urthermore, t he aut o r egressive m oving av erage 

(ARMA) [15] and the auto regressive inte grated moving average (ARIMA) [16] describe 

the correlated disturbances of a ssumed white noise. Considering the moments of a  time 

series as va riant where the error term does not  have zero mean and constant variance as 

with an AR IMA pro cess, t he generalized au to regressive c onditional h eteroskedastic 

approach (GARCH) was  appl ied for da y-ahead e lectricity price forecasting in mainland 

Spain and C alifornia [17] . To improve t he q uality o f pri ce for ecasting, a wavel et 

transform [18] signal processing technique was proposed to pre-process the data. In other 

works of t his category, day-ahead electricity prices were predicted for both the Spanish 

and Ca lifornian e lectricity ma rkets utilizin g dy namic regression (DR ) a nd tra nsfer 

function (TF) models [19]. Although classical approaches are very accurate, most of them 

are linear and thus cannot capture nonlinear patterns; moreover, their computational cost 

is very high and requires a lot of information.  

 

2.3.2 Modern Models 

  

The second class of time series  approaches is also known as intellig ent system methods. 

These models are ex tensively used for S TPF and are basi cally artificial neural networks 

(ANN). Without exploring the underlying process, neural networks map t he input-output 

relationship [ 13]. The b asic neur al network us ed for e lectricity p rice p rediction is the  

multi-layer per ceptron (MLP) n eural n etwork [20], [21]. To e nhance prediction, a 



 

 9 
 

decoupled extended Kalman filter (DEK F) is used as a second-ord er learning algorithm 

to adjust the weights of the neural network [22], and Fourier and Hartley transforms [23] 

signal processing techniques are used to pre-process the data and to speed up finding the 

most e ffective da ta. Re current neural networks ( RNN) [ 24], [ 25] which have feedback 

loops, are said to p rovide satisfacto ry results for electricit y pri ce f orecasting, as it is a 

non-stationary time series prediction. Another learning algorithm which provides smooth 

transition from one  ob served v alue to a nother is the generalized re gression neur al 

network [26]. Historical prices together with load predicted by fuzzy logic were used as 

input to the neural net work to for ecast d ay-ahead spot pric es of N ew S outh W ales, 

Australia [ 4]. The s tatistical method i nput-output hidden Mar kov model ( IOHMM) is 

used for  modeling the s witching p rocess of th e spot price s eries o f the  Spanish Spot 

Market [ 27]. To  gain the advanta ges of th e neur al network and fuz zy s ystem, a neuro-

fuzzy system that automatically extracts fuzzy rules from numerical data and adaptively 

adjusts the  me mbership func tions is introduc ed a nd a pplied for the  O ntario, Ca nada, 

electricity market [11]. To replace the single neural network, the cascaded architecture of 

multiple ANNs [ 28] and a committee ma chine of  neu ral netwo rks [ 29] have been  

proposed. This classification is summarized in Figure 2.2.  

 

ANNs ar e dat a driven  models. There fore, they are able  to approx imate nonlinea r 

functions which are not well defined and not easily computable. Comparing ARIMA and 

ANN, ANNs a re both e asier to implement a nd show reasonabl e perfo rmance with fast 

consumption time.  

 

Time series p rice forecasting approaches are categorized as linea r, nonlinear and hybrid 

models [30]. For example, exponential smoothing [6] and ARIMA [16] are linear models. 

For nonlinear mod els, the most recent a nd well-known nonlinear model is ANN, which  

leads to significant improvements in the forecasting-accuracy. Hybrid models which are a 

combination of a linear and a nonlinear model have also been introduced in the literature.  

 

For example, the integration of AR IMA and AN N was ex amined and sh owed accuracy 

improvement whe n a pplied to the  Austra lian national electricit y mark et [ 30]. Another 
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hybrid mod el relied on  the fuz zy interf ace s ystem (FI S), which pe rforms input-output  

mapping ba sed on fuzz y log ic, a nd le ast square  estimation (L SE), whic h provide s the  

most accurate results [2]. 

 

 

Figure 2.2 Common time series approaches for electricity price forecasting. 

 

 

As stated in [30], the hybrid model i s the most effective app roach because i t i s able to 

capture bot h l inear and nonlinear characteristics of t he dat a i n a r eal p roblem. Thes e 

classes are presented in Figure 2.3.  

Time Series Electricity 
Price Forecasting Models 

Classical Models 

ARIMA 
[16] 

 

AR 
[14] 
 

GARCH 
[17] 

 

ARMA 
[15] 

 

Wavelet 
ARIMA [18] 

DR & TF 
[19] 

 Modern Models 
 

MLP NN 
[20, 21] 

FHT 
[23] 
 

ANN 
FL [11] 
 

NN DEKF 
[22] 

 

GRNN 
[24] 

 

IOHMM 
[27] 

 

Cascaded 
ANN [28] 
 

Committee 
Machine 

[29] 
 

RNN 
[24, 25] 

FN 
[2] 
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Figure 2.3 Different classifications of electricity price forecasting [30]. 

 
 

2.4  ELECTRICITY PRICE FORECASTING EVALUATION 

 
To evaluate the performance of v arious forecasting models, diffe rent evaluation indices 

were used in the literature. The most c ommon ones are mean absolute error (MA E) and 

mean absolute percentage error (MAPE) [30], [1]. The performance index utilized in this 

study is the mean absolute percentage error (MAPE). The extended MAPE (eMAPE) [1], 

root mean square error (RMSE) [30], daily mean error ( daye ), weekly mean error ( weeke ) 

[7] and the sum squared error (S SE) [3] are other evaluation indices used to assess the 

prediction accuracy. The formulas of all of these indices are as follows: 
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The t wo m ost common evaluation c riteria for  a ny forecasting m odel ar e a ccuracy and 

computation time. Forecasting  a ccuracy de pends on the forecasting  model and the 

volatility level of the forecasted market. Computation time, on the other  hand, is directly 

related to th e fore casting so ftware a nd the  s peed of the  mic roprocessor use d for 

prediction. Althou gh M ATLAB is the  most po pular softw are used  for  forecasting, the 

hardware varies and thus  processing speeds are different. Therefore, as a comparison of 

the computation time of different studies is  not p ossible, only accuracy comparisons are 

taken into consideration here. 

 

Since applying the same forecasting model for different electricity markets could result in 

different predi ction ac curacy, two diff erent a pplied forec asting mode ls for th e sa me 

market are sel ected for t he purpose of accu racy comparison. Assuming that the level of 

volatility is the  same for the  same market a t a ll times, one applied c lassical model and 

one utilized modern mod el for the Californi a electricity market, the UK p ower pool and  

Spanish el ectricity m arket are sel ected. The comparisons of accu racy between t hese 

markets are shown in Table 2.1.      

 

 

Table 2.1 Level of Accuracy of Modern and Classical Models in Different Markets 

Market Paper Model Time 

Horizon 

Level of Accuracy 

California 

[7] ARIMA 1 DA Average WMAPE 11% 

 

[31] 

ANN (MLP) Short term WMAPE 11-13% 

UK 

[32] Second orde r 

polynomial 

1 DA DMAPE 2.5-11.11% 

[33] ANN (MLP) 1 DA DMAPE 11.57-12.86% 

Spanish 

[5] ARIMA 1 DA WMAPE 5-27% 

 

[34] 

ANN (MLP) 1 DA Average WMAPE 7.5% 
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2.5  SUMMARY 

 
As an introduction to the topic, the d efinition of ele ctricity pric e f orecasting w as 

discussed along with time  horizons, influe ntial variables and significance in competitive 

markets. In addition, various models of time series electri city pri ce fore casting 

approaches w ere cl assified, an ev aluation of current t echniques fo r el ectricity pri ce 

forecasting was p resented, and a c omparison b etween modern a nd c lassical time  se ries 

prediction models were made. Since regression and neural networks are the two common 

basic blocks o f time se ries ele ctricity pr ice fo recasting, the  following chapters will 

elucidate and investigate innovated regression and neural network forecasting.  
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CHAPTER 3 LINEAR REGRESSION 

 

Linear regressions are the fundamental forecasting approaches of the time series classical 

power p rice for ecasting models. This chapter provides an ov erview of the  linea r 

regression, the d ata analysis of th e tar geted electric po wer m arket and the linea r 

regression forecasting results.    

 

3.1  INTRODUCTION 

 

Regression analysis is br oadly used for forecasting and p rediction. The earliest form of 

regression, which was th e method of least squa res, was first introduced by  Legendre in 

1805 and b y G auss in 1809. B oth Legendre and Gauss applied th is method for 

astronomical observations to determine the orbits of bodies around the su n. The theor y 

was further expanded upon by Gauss in 1821. 

In the nineteenth c entury, Francis Galton firs t used the term " regression" to describe a  

biological ph enomenon. This phenomenon was the downw ard h eight tendenc y of 

descendants of tall ancestors towards a normal average which is also known as regression 

towards the  me an. This work wa s la ter e xtended b y Udny Yul e a nd Ka rl Pe arson to a  

more general statistical context and it is still an area of active research. [35] 

Regression is a  sta tistical a pproach to de termine the  re lationship stre ngth be tween on e 

dependent variable usually denoted by Y and a series of other chan ging variables known 

as independent variables  [36]. In other words, re gression analysis could be used in an y 

modeling or anal yzing technique for sev eral va riables, whe re the  foca l point is on  the  

relationship between a depende nt variabl e and one or mo re independent variables.  

Regression function is a  function of the  independent variables to e stimate the dependent 

variable [35]. 
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As stated, regression is commonly us ed fo r fo recasting and  prediction and its use h as 

considerable overlap with the  fie ld of ma chine learning. The probability distribution of 

the dependent vari able a round the re gression fu nction is a reg ression ana lysis interest. 

Regression analysis is also used t o understand the relationship between the independent 

variables and the depend ent variable, and to inve stigate the forms of thes e relationships 

[35].   

3.2  LINEAR REGRESSION 

 

In linear regression, the dependent vari able yi is a  linear combination of the  parameters 

and the inde pendent v ariables which could b e line ar or nonline ar. Simple line ar 

regression and multiple linear regression are the t wo basic types of linear regression. For 

instance, in simple  reg ression of n data points’ modeling , there is on e independent  

variable, xi, and two parameters, β0 and β1, which yield a straight line:  

              �� � �� � ���� � �� 											 � 1,… , 
                               (3.1) 

This line is called the fitted regression line. In multiple linear regressions, there is more  

than one independ ent variable  or function of in dependent va riables. For ex ample, the 

preceding regression with xi2 term gives a parabola: 

                        �� � �� � ���� � ����
� � �� 									 � 1,… , 
                    (3.2) 

Although the right-hand side expression is quadratic in the  independent variable xi, it is 

linear in the parameters β0, β1 and β2. Therefore, this approach is still a  linear regression. 

In the general multiple regression model, there could be p independent variables: 

        �� � �� � ����� �⋯� ����� � ��                              (3.3)   

��  is the error term and the subscript i refers to a particular observation. Given a random 

population sample, the sample linear regression model is: 

     ��� � ��� � �����                                                (3.4) 
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The diff erence betwe en the value  of the  de pendent variabl e pr edicted b y the model ���  
and the true value of the dependent variable yi is known as the r esidual and is formulated 

as: 

     �� � �� � ���                                                      (3.5) 

In p ractice, the r egression anal ysis methods ’ pe rformance dep ends on t he form of th e 

data-generating pro cess and its re lation to the r egression appro ach us ed. As t he ex act 

form of the  data -generating pro cess is us ually not known, re gression a nalysis mak es 

assumptions about this process. [ 35] F or our  purposes, it is assumed that Y is normal. 

Hence, th e va lues o f Y follow the  norma l di stribution densit y function, with the mean  

along the regression line and constant standard deviation. This means that, if two parallel 

lines with twice the value of the standard deviations above and below the regression line 

are drawn, a region which contains 95% of the  values of Y will be  obtained. Similarly, 

parallel lines at triple standard deviations will contain 99% of the data [37]. 

 

3.3  DATA ANALYSIS OF OMEL POWER MARKET 

 
In January of 1998, the Electricity Market of 

Mainland Spain (EMMS) was launch ed. A  

day-ahead m arket, a r eserve m arket, and a 

set of balan cing and adjustment markets are 

the m arkets asso ciated wi th t his 

organization, and the markets are cle ared 

based on auctions within a dail y framework. 

Spain’s power  mark et oper ator ( OMEL) 

clears m ost of t hese m arkets, whi le 

economic and te chnical issues are cleared 

by t he s ystem op erator of t he el ectricity 

market of mainland Spain (REE) [38]. 

Figure 3.1 Geographical location of the       
electricity market of mainland Spain [38]. 
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All seasonal marginal price data in this study were taken from OMEL. The responsibility 

of OMEL is the technical management of the electricity system, i.e., guaranteeing supply 

continuity and s ecurity. OME L provides d aily trading onl y (the Portu guese ex change 

MIBEL operates futu re trading). The wea k ph ysical inte rconnection capacities of  the 

Iberian Peninsula with the rest of continental Europe (below 3.5% of the peak demand in 

Spain) is an important  feature of  the Spanish power s ystem [39]. This implies that, from 

an electric al point of view, the Iberian Peninsula i s almost an isl and. This fact  and t he 

geographical location of Spain are illustrated in Figure 3.1 [38]. 

 

Table 3.1 European Power Spot Market Yearly Volumes in GWh [39] 

 

 

OMEL’s trading volumes grew during 2002-2007 stage from 253 GWh to 267 GWh. 

 These yearly volumes of OMEL power spot market compared to other European Power  

Spot Markets (EPSM) are shown in Table 3.1. From this table, it can be concluded that 

OMEL has the third largest yearly volume among all EPSM. Yearly average spot prices 

of some EPSM f rom 20 02 to 2007 are illustrate d in Table  3.2. Th e average d aily spot 

price of OMEL and some EPSM in  the 2 nd quarter of 2007 are shown in  Figure 3.2. It is 

obvious from Table 3.2  and from Figure 3.2 that the Spanish spot market is more stable 

compared to some EPSM.  
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The Spanish powe r ma rket has prov ed to b e p opular with pow er ma rket rese archers. 

Among 49 price forecasting research papers done for 11 markets up to 2009, about six of 

these papers investigated the Spanish power market. Due t o the volume of information, 

this competitive market was also selected for real implementation in this thesis. 

 

 
Table 3.2 European Power Spot Markets Yearly Average Spot Price in €/MWH [39] 

 

 
 

Figure 3.2 European power spot markets average daily spot price 2nd quarter 2007 [39]. 
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As a first step for STPF  research, the requi red hourly price data should be downloaded  

from the power mark et online database. In th is case stud y, all hourl y p rice data w as 

downloaded from the  o fficial w ebsite of  OME L [ 40]. The do wnloaded data is th en 

analyzed to calculate its statistical properties and percentage volatility. After that, the data 

is arranged in an Excel file according to the written forecasting programming code. 

 

Almost two months, (60 days) worth of hourl y data for ea ch season was anal yzed. The 

winter season  ran  from  the 21 st of De cember, 2 008, to the 18 th of Febr uary, 2009; the  

spring season ran from the 21st of March to the 19th of May, 2009; the summer season ran 

from the 21st June to the  19 th of Aug ust, 2009; and the fall season r an from the 23 rd of 

September to the 21 st of November, 2009. For each s eason, the me an or aver age, 

variance, standard deviation, max imum value,  minimum value and the differ ence 

between maximum and minimum values were calculated and listed in Table 3.3. The plot 

of two month series of data for each season is illustrated in Figure 3.3.  

 

Various wa ys of calcu lating volatilities for fi nancial ma rkets ar e pr oposed in the 

literature. The  sta ndard price vola tility mode l w as the  first mode l use d to a nalyze the 

volatility of the price data series. It is started by computing average daily spot prices for a 

given spot market. Then , the dail y percentage of  price fluctuations from one da y to the 

next, which is called the daily return of each day, is calculated. 

 

Table 3.3 OMEL Seasonal Data Statistical Properties 

 Mean Variance St. Deviation Minimum Maximum Max - Min 

Winter 4.75  1.7 1.3 0.1 10 9.9 

Spring 3.71  0.29 0.53 2 5.813 3.813 

Summer 3.48  0.24 0.49 1.007 4.975 3.968 

Fall 3.45  0.71 0.84 0.1 8.444 8.344 
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Figure 3.3 OMEL seasonal two-month hourly spot price  

 

Next, using a two-month period as a time series, the standard deviation of the daily return 

is calculated. The computed standard deviation is the volatility series. In the last step, the 

standard deviation is a nnualized by multiplying standard deviation results by the square 

root of 260, which  is the assumed annu al nu mber of tr ading da ys. This volatilit y 

calculation technique is known as the standard realized volatility calculation model and is 

used in most financial analysis modeling. 

 

The methodology used for calculating volatility in this case stud y is kno wn as the Mean  

Reverting Process (MRP). It i s used m ost f requently in analyzing energy markets. This 

process assum ed t hat p rices a re not  t otally independent of  previous price lev els. It 
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incorporates the tendency of energy prices to approach a normal equilibrium price level 

which is typically governed by the level of demand and cost of production. [39]  

 

To calculate vola tility of pric e changes and percentage volatility using  MRP, particular 

price data s eries (i.e., h ourly, dail y or w eekly) should first be se lected. As mentioned 

earlier, a  two-month hou rly spot  price  data  seri es for each season of  the OMEL power 

spot market is selected. Next, the hourly price change is calculated: 

     � � ���� � ��                (3.6) 
  

where � is the price change, ���� is the spot price at day d+1, and ��  is the spot price at 

day denoted with number d. After that, linear regression is used to calculate the slope and 

intercept of the following linear function:   

     � � � � � ∗ ��                (3.7) 
 

where y is the price  change, A is  the slope a nd B is the inte rcept. As a fourth step, the 

Long Run Mean (LRM) is calculated by: 

�

� � � � � 
�� � � 
�����	�
�
��

�

�               (3.8) 

 

Finally, the  vol atility o f price  c hanges is  given b y the residual sta ndard de viation 

calculated usin g the STEYX func tion in Ex cel. To obta in the  pe rcentage vola tility, the 

residual standard deviation should be divided by the calculated LRM: 

 

     %���������� � �����

���
               (3.9)�

 
 The 2009 fou r season v olatility calculation results of the OME L power s pot market are 

presented in Tabl e 3.4. It can be con cluded from Table 3.4  and from Figure 3.4 that the  

winter and fall seasons are more volatile than the spring and summer seasons [41].    
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Table 3.4 OMEL Seasonal Data Volatility Analysis 
 % Slope Intercept LRM STEYX % Volatility 

Winter -21.76 1.01 4.66  0.82  17.64 

Spring -42.17 1.56 3.71  0.44  11.85 

Summer -30.84 1.08 3.50  0.35  9.93  

Fall -28.51 0.98 3.44  0.59  17.19 

 

Figure 3.4 Seasonal percentage power price volatility of 2009 OMEL market. 

 

3.4  OMEL LINEAR REGRESSION FORECASTING 

 

After analyzing d ata v olatility usin g MRP w hich is de rived from Simple Linear 

Regression (SLR), the hourly seasonal spot power prices for weekdays and weekends are 

forecasted by SLR, Quadratic Linear Regression (QLR), Cubic Linear Regression (CLR), 

Multiple Linear R egression with two inde pendent pa rameters (M LR_2) a nd Multiple  

Linear Regression with three p arameters (MLR_3). The general equations of these linear 

regression approaches are: 

SLR:     � � � � � ∗ ��                   (3.10) 

�

�

�

�

�

��

��

��

��

��

��	
�� 
���	� 
����� ����
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�
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��
��
�	
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QLR:   � � � � � ∗ �� � 	 ∗ ��
�              (3.11) 

CLR:                           � � � � � ∗ �� � 	 ∗ ��
� � 
 ∗ ��

�             (3.12) 

MLR_2:  � � � � � ∗ �� � 	 ∗ ����              (3.13) 

MLR_3:  � � � � � ∗ �� � 	 ∗ ���� � 
 ∗ ����            (3.14) 

where � � ���� � ��  is the price change from day d+1 to day d 

 s is the spot price at a specific day denoted by d-2, d-1, d or d+1 

A, B, C and D are constant parameters 

 

Minitab is use d in this c hapter as the  linea r regre ssion softwa re tool. For e ach season, 

seven days are forecasted. These da ys are the 15th to the  21nd of F ebruary, 2009, for the  

winter season; the 16th to the 22rd of May, 2009, for the spring season; the 16th to the 22rd 

of August, 2009, for the summer season; and the 18th to the 24th of November, 2009, for  

the fall se ason.  The weekdays’ MAPE and  w eekends’ MAPE r esults using  di fferent 

regression m odels and  the ave rage MAP E for weekd ays and w eekends re gression 

forecasting ar e introduc ed in the following tables. The regression equ ations for e ach 

season are presented in the Appendix. 
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Table 3.5 Winter Weekdays and Weekends’ MAPE Using Different Regression Models 
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Table 3.6 Spring Weekdays and Weekends’ MAPE Using Different Regression Models 
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Table 3.7 Summer Weekdays and Weekends’ MAPE Using Different Regression Models 
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Table 3.8 Fall Weekdays and Weekends’ MAPE Using Different Regression Models 
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Table 3.9 Seasonal Weekdays and Weekends’ Average MAPE Using Different 
Regression Models 
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The shaded cells in Tabl e 3.9 indicate the most  accurate results or the lo west MAPE for 

weekdays or weekends of a season using a specific regression method. For weekdays, the 

MLR_3 m odel achi eves t he b est for ecasting accuracy for t hree s easons. On t he ot her 

hand, the CR model le ads to the mos t accurate  forec asting results for  weekends. In 

Chapter 5, the M LR_3 Regression mode l will be use d as a c ase stud y to imple ment 

innovated forecasting. 
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3.5  SUMMARY 

 
In t his chapt er, re gression anal ysis was de fined and the concept of Linear Re gression 

illustrated. The targeted power market was th en introduced and the seaso nal spot power 

price data analyzed. F ollowing that, the s easonal hourl y d ay-ahead p rice for ecasting 

MAPE results using different regression methods were presented. 
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CHAPTER 4 ARTIFICIAL NEURAL NETWORKS 

 

Artifical Neural Networks (ANNs) are the basic forecasting approaches of the time series 

modern powe r pric e fo recasting models. This  c hapter is dedi cated to in troduce A NNs’ 

modeling and re cent neural network improve ments. At the end, the  electric powe r 

forecasting results using a neural network are presented.  

 

4.1  INTRODUCTION 

 
Among forecasting tools, Artificial Neural Networks (ANNs) have recently stepped into 

the spotlig ht because o f their clear and easy model implement ation coupled with  

acceptable pe rformance [9]. Solving undefine d relationships between inp ut and output  

variables, approximating complex nonline ar func tions, a nd imple menting multiple  

training al gorithms are the better-known advantages of these tools [ 1]. F urthermore, 

parallel data processing with no prior assumption of the model from (where the model is  

largely de termined b y th e c haracteristics of the data) is the main sourc e of power and 

effectiveness of ANN over other methodologies [30]. Hence, due to  their many benefits, 

ANNs a re inc reasingly being us ed fo r pow er s ystems’ lo ad and  marke t clearin g p rice 

predictions. 

 

Artificial ne ural ne tworks a re like human br ains, where units or neur ons are hi ghly 

interconnected and desi gned in a wa y to perfo rm a particular task [3]. They are flexible 

computing fr ameworks and universal approx imators tha t c an mode l and approximate a  

broad range of nonlinear problems with a hig h degree of accuracy. [30] Therefore, ANN 

is a model that performs a nonlinear mapping from the past values ( 1−ty , 2−ty , ..., pty − ) 

to the future value ( ty ):  

 

( ) tpttt yyfy εω += −− ,,...,,y 21-t                                             (4.1) 
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where ω  is a ve ctor of  all pa rameters and the function f  is de termined b y th e 

connection weights and network structure [30]. Equation (1) can be written in more detail 

as:  

t

q

j

p

i
itijjjt ygy εββαα +⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
++= ∑ ∑

= =
−

1 1
00                                     (4.2) 

 

where the model parameters or the connection weights are jα (j = 0,1,2, ..., q) and ijβ (i 

= 0,1,2, ..., p;   j  = 0,1,2,  ..., q), p  is the  number of input nodes, and q  is the number of 

hidden nodes. Thus, the weig hted sum of n euron inputs plus a constant bias term is  

passed throu gh a tr ansfer function g(.) th at could be, fo r example, a lin ear, si gmoid or  

hyperbolic tangent. The result would be the output of the neuron, which in turn would be  

the input to another layer of neurons [3]. 

 

In general, training and learning are the two steps of forecasting with an artificial neural 

network. The success of training is highly influenced by the ANNs’ adequate selection of 

inputs. B ased on the minimization  of the erro r measured betw een the o utput produced 

and the desired output, the artif icial neu ral netw orks build an input-output mapping  b y 

adjusting t he wei ghts a nd bi ases at  each i teration i n t he l earning pro cess. The er ror 

minimization process is repeated until the  convergence c riterion is sa tisfied. Known as 

back prop agation, this t raining proc ess is th e n etwork trainin g algorithm used in this 

thesis. Finally, the network obtained from the learning process is tested by a new data set 

called the testing set. The resultant output of the  network using the testing set of the data 

should be accurate [3].    

 

Although a neural network has  a good learning capability, its random init ial conditions 

could lead  to loc al ex trema and  slower  conve rgence sp eed [ 42]. The  inflex ibility of  a  

neural ne twork to mode l the  data with too  few units a nd its  over-fitting with too ma ny 

units are also considered disadvantages [1].    
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4.2  ARTIFICIAL NEURAL NETWORK MODELING 

 
The first step in developi ng an ANN is data pre-processing, which is both important and 

time-consuming. This step is necessar y fo r the ANN to learn the  input outpu t 

relationship. The data pr ocessing ste p incl udes n ormalizing, ra nking a nd c orrelating in  

order to suppl y the AN N with the most correla ted historical data in a correct st yle and  

format [43].   

 

In dev eloping an ANN  model, combinations  o f different numbers of hidden la yers, 

different num bers of uni ts i n each l ayer and different t ypes of t ransfer f unction coul d 

result in differ ent model s [ 1]. The best know n a nd most widel y used  t ype of a rtificial 

neural netwo rk is the multilay er percept ron. These networks could have diff erent 

interconnection patterns. Feedforward networks a re interconnected networks that do not  

form any loops, whereas recurrent networks are interconnections with one or more loops 

[3].  

 

Feedforward networks a re used in this  study. Usually, units in the feedfor ward networks 

are arranged as an input layer, with one or more hidden layer and an output layer without 

feedback. Input layer units only transfer the input pattern without an y processing to the  

rest of th e ne twork, after whic h info rmation pro cessing takes  place  in t he hidden and 

output layers [3]. On the contrary, RNN uses a neuron’s output as a feedback to its input. 

This network has been conducted to forecast LMP [24]. 

 

According to  the literature, the most popul ar model for  time series  modeling  and 

forecasting is the  sing le hidde n layer fee dforward network [ 44]. Th is type of network, 

with sigmoid functions for hidden la yers and linear functions for output lay ers, has been  

used in the literature for price forecasting [3].   

 

The optima l se lection o f numbe r o f la yers a nd ne urons wh en tra ining a n AN N is a 

difficult estimation problem. Therefore, to optimize the numbers of layers and neurons, a 

grid search based on Gene tic Algorithm is wide ly used. Data mining is a lso a  valuable 
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ANN estimation tool [45]. However, after sev eral combinations with dif ferent numbers  

of hidden la yers, different numbers of units in  each layer and different types of t ransfer 

functions, the best (optimal) network structure was found to  be the net work with one 

hidden la yer that us es a  h yperbolic tan gent sigmoid transfer fu nction a nd a sing le unit 

output layer with a pure linear transfer function, as stated in [3]. The selection of number 

of hidden nodes has no systematic rule and is data dependent as reported in [30].  

 

The network may over-fit the data if there are too many units. Overfitting the data means 

fitting it to the model building sample used and poor generalization ability for data out of 

the sample. On the other hand, the network will not be flexible enough to model the data 

if the re are too fe w units [3].  Howe ver, with ade quate units in the  hid den la yer, this 

structure has been proven to be a universal mapper [46].   

 

Probably the most significant parameter to be estimated in an ANN model is the selection 

of the number of input nodes or the dimensi on of the input vector, since the number of  

lagged observations (input nodes)  is responsible for determining the nonl inear structure 

of the time series. Nevertheless, the approp riate selections of number  of i nput nodes as 

well as th e numbe r of  hidden nod es a re usually ma de afte r se veral trial a nd error 

experiments [30].   

 

In summa ry, ANN approaches are simple, fl exible and powe rful for ecasting tools if 

enough t raining data is provided, the input output samples selecti on is adequate, and 

number of hidden layers is appropriate [3].   
 

4.3   ARTIFICIAL NEURAL NETWORK IMPROVEMENT 

 
To improve the efficiency of a neural network algorithm, it is impe rative to organize the 

input data in a sui table manner [ 47]. Only one hidden layer of neur ons is proven to b e 

sufficient for a n eural network to appr oximate an y nonlinea r complex  function. The 

learning rate (γ) and momentum (α) are the two parameters of the Back Propagation (BP) 

algorithm that could be adjusted to acceler ate the learnin g process. The proportion of  
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error gradient b y whi ch the weig hts should be  adjusted is the learning  rate. The past 

weights’ propo rtion of change tha t is us ed in the c alculation of the  n ew w eights is  

determined b y th e mome ntum [3 ]. The  va lues of the se two pa rameters ( γ and α) ar e 

selected as 0.7 and .1 in [48].  

 

The most wide ly used le arning a lgorithm is  the back propa gation ( BP) algorithm [ 20], 

[21]. In this learning  al gorithm, the cal culated output, achieved b y pas sing the input 

through network layers, is compared to the actual output to find the error. Then, the erro r 

is propagated back to the input to adjust the biases and weights in each layer [3].     

 

To accelerate the neural networks’ learning process, some new learning algorithms other 

than the common BP algorithm have been utilized. The Levenberg-Marquardt algorithm, 

which can tr ain a neur al network 10 to 100 time s faster than the common BP algorithm, 

and the gener alized reduced gradient ( GRG2), which i s an effi cient no nlinear t raining 

algorithm used in [49], are examples of these new learning algorithms. 

 

ANNs r ecently combined with diff erent techniques to ove rcome the weakness of  these  

networks. Based on  a si milar da y method, an  ANN model is proposed t o forecast da y-

ahead electricity prices in [50] and [43]. A rel ief algorithm, which is a fe ature selection 

technique, is combined with ANNs [ 51]. In [52], particle  swarm optimization (PSO) is 

used for tr aining ANN. To simplif y the r elationship between A NN in put and output  

variables, the clippin g t echnique is suggested [ 53]. Data pre-processing, prevention of 

over-fitting, p artition of diffe rent tra nsaction pe riods a nd trunc ation of pric e outlie rs 

([25], [ 54], [ 20], [ 23]) are some  other  associat ed techniques  with AN N t o improve the  

forecasting accuracy or to speed up the training process. 

 

4.4   OMEL ANN FORECASTING 

 
For ANN forecasting in this stud y, the assemb led data is arr anged into  cate gories as  

training input, training  output, testing  input  and testing output accordin g to the writ ten 
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forecasting code in MA TLAB. The tra ining da ta se t for each seasonal prediction is 6 0 

days. The implemented  neural n etwork is a single hidd en f eed-forward network with 

back propa gation learni ng al gorithm and h yperbolic ta ngent si gmoid a s the  tra nsfer 

function for the  hidden layer. After data arrangement and network settlement, the series 

of data is trained. Meanwhile, the initial weights and biases (IWB) of the neural network 

are saved for the next iterations; they will be used for the innovated neural network (INN) 

in Chapter 5. All ne ural network specifications which are  used fo r both A NN and INN 

forecasting are identical and are presented in Appendix A.9. The seasonal MAPE and the 

average se asonal MAPE forec asting s even da ys by AN N ar e shown in Table 4.1. The  

forecasted seven d ays o f each se ason ar e t he sam e fore casted da ys usi ng r egression 

techniques in Chapter 3. The resulting MAPE using ANN will be compared with the INN 

MAPE results in the next chapter. 

 

Table 4.1 Seasonal Daily and Average MAPE Using ANN 
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4.5  SUMMARY 

 
An introduction to A rtificial Neural N etworks (ANNs ) w as given in this chapte r. 

Subsequently, a lite rature re view of po wer pric e fo recasting using d ifferent ANN  

modeling was p resented and ANN fo recasting improvement techniques were discussed. 

Such improvements incl ude the chan ging neu ral network structure, network learnin g 

algorithm and learning parameters as well as hybrid techniques. The chapter concluded 

with MAPE of OMEL forecasting results using a feed-forward neural network.  
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CHAPTER 5 INNOVATED FORECASTING 

 

This chapter  is alloc ated to introduc e “i nnovations”, to model and implement the 

proposed innovated elec tric power pric e fo recasting approa ches, and to  compare the  

results of the propsed approaches with the results of the convetional techniques. 

 

5.1   INTRODUCTION 

 
Each a pproximated or fitte d va lue bring s ne w informa tion whic h is the diffe rence 

between the  ac tual v alue a nd th e e stimated v alue. This new inform ation is c alled 

“innovations” b y Wiener and Masani [ 55]. The main function of innova tions [56] is to  

lead the user to a simple and efficient predictor.  

 

Many hybrid and soph isticated appro aches were propos ed and imple mented in the  

literature to improve forecasting accuracy in nonlinear and highly volatile systems. In this 

thesis, Innovated Forecasting ( IF) is the proposed STPF  approach fo r the purpose of  

accuracy improvement.   

 
In regression analysis, the average residuals or the average differences between the actual 

values and the approximated or fitted values are the regression innovations. On the oth er 

hand, ANN innovations are conside red as the training output errors (TOE), which are the 

differences b etween the actual tr aining output  s et and the resultant traini ng output s et 

after network training.  
 

5.2   INNOVATED REGRESSION FORECASTING 

 
As stated in the  intro duction, the avera ge r esiduals (Avg _R) ar e the regression  

innovations utilized for prediction improvement. One-week hourly calculated innovations 

for each season are presented in the Appendi x. These regression innovations were added 
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to the corresponding regression equation to get the innovated regression day-ahead power 

price forecasting results. 

 

To stud y th e effect o f innovations on r egression fore casting, the M LR regression 

technique was sele cted, as stated in Ch apter 3. First, the M LR innova tions for each  

season we re calculated. Then, the innovated M LR da y-ahead powe r pric e for ecastings 

(IMLR) we re c alculated b y addin g the i nnovations to the correspon ding re gression 

equation for each season. The MAPE of the regression day-ahead power price forecasting 

results (Old MAPE), the MAPE of the of the innovated regression day-ahead power price 

forecasting results (Ne w MAP E), and t he p ercentage M APE i mprovements of each  

season are shown in Tab les 5.1, 5.2, 5.3, and 5.4,  respectively. As an ex ample from each 

season, Monda y’s actual and fore casted spot power pric es using  M LR and IMLR are 

illustrated in Figures 5.1, 5.2, 5.3, and 5.4.   

 

Table 5.1 Winter IMLR Forecasting Accuracy Improvement 
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Figure 5.1 Monday day-ahead actual and forecasted power price for winter. 
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Table 5.2 Spring IMLR Forecasting Accuracy Improvement 
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Figure 5.2 Monday day-ahead actual and forecasted power price for spring. 

 

 

 

Table 5.3 Summer IMLR Forecasting Accuracy Improvement 
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Figure 5.3 Monday day-ahead actual and forecasted power price for summer. 

 

Table 5.4 Fall IMLR Forecasting Accuracy Improvement 
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Figure 5.4 Monday day-ahead actual and forecasted power price for fall. 
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In Table 5.5, the seasonal and annual percenta ge probabilities improvement per week and 

the seasonal  and annu al aver age weekly p ercentage i mprovements are presented. As 

shown in the shaded cells of this table, the annual percentage probability improvement is 

75% and the annu al ave rage pe rcentage improve ment is 33.84%. This re sult indicates 

better forecasting accuracy improvement using the proposed IMLR approach. 

 

Table 5.5 Seasonal and Annual Improvement Probabilities and Average IMLR 

Forecasting Accuracy Improvements 
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5.3   INNOVATED NEURAL NETWORK FORECASTING 

 
ANN is one of the most successful fore casting techniques used tod ay in financi al 

markets. In this section, the proposed IF approach is investig ated using  ANN. Fo r 

Innovated N eural N etworks ( INNs), the traini ng output error (T OE) is t he cor e of the 

innovations. INN for ecasting acco rding to the involvement technique  of innovations is  

classified as direct and indirect INN forecasting. 

 

5.3.1 Direct INN Forecasting 

  

In this INN forecasting technique, innovations or average training output error ( ATOE) 

are initially calculated after training the neural network. Then, the comput ed innovations 

are dire ctly added to the neural network forecasted re sults. Afte r that, the  re sultant 

MAPEs using  A NN and INN are c ompared. Th e utilize d ATOEs for eac h se ason a re 

shown in the Appendix. Tables 5.6, 5.7, 5.8 and 5.9 present seasonal ANN MAPE (Old), 

INN MAPE (N ew) and  the perc entage improv ements. F rom e ach se ason, Tuesda y’s 

actual a nd forecasted sp ot powe r price s us ing A NN a nd INN are  illustrate d in F igures 

5.5, 5.6 5.7 and 5.8.   
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Table 5.6 Winter Direct INN (DINN) Forecasting Accuracy Improvement 
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Figure 5.5 Tuesday day-ahead actual and forecasted power price for winter. 

 

 

 

Table 5.7 Spring DINN Forecasting Accuracy Improvement 
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Figure 5.6 Tuesday day-ahead actual and forecasted power price for spring. 

 

 

Table 5.8 Summer DINN Forecasting Accuracy Improvement 
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Figure 5.7 Tuesday day-ahead actual and forecasted power price for summer. 
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Table 5.9 Fall DINN Forecasting Accuracy Improvement 
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Figure 5.8 Tuesday day-ahead actual and forecasted power price for fall. 

 

 

In Table 5.10, seasonal and annual percen tage improvement probabilities and percentage 

average forecasting accuracy improvements are shown. From the shaded cells, the annual 

percentage improvement  proba bility usin g direct INN is 53.57%. This percentage is  

higher for the fall, winter and spring seasons and very low for the summer season.  

 

Table 5.10 Seasonal and Annual Improvement Probabilities and Average DINN 

Forecasting Accuracy Improvements 
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5.3.2 Indirect INN Forecasting 

  

Another way for employing innovations to en hance neural network forecasting accuracy 

is indirect INN. This approach saves TOE found from the fi rst neural network runnin g 

iteration to be used in t he next iteration. The p roposed INN for ecasting al gorithm is 

introduced in the flow chart of Figure 5.9. 
 
As shown in the flow chart, the same st eps for ANN forec asting as stated in the  

previous chapt er a re p erformed first. Then,  a fter the first neur al ne twork runnin g 

iteration, the initial weights and biases of the neural networ k are saved and the trainin g 

output error (TOE ) cal culated and saved for the nex t iteration. In the next step, th e 

innovations’ g eneration model ( IGM) is sele cted. The implemented IGMs for indirect  

INN are exact, random or least square models. These innovations are then scaled through 

multiplication by the forecasting mean absolute error (MAE) and the mean squared error 

(MSE). Before a new training iteration, the new training output set (TOS) is produced by 

adding the scaled innovations to the old TOS for the next neural network training. 

  

The neural network with the new TOS and with the same features and IWB of the first 

neural ne twork is run t o tra in the  ne twork with the  ne w TOS. If the  resulting mea n 

absolute percent age er ror (MAPE) is less than the old one, the process of innovations  

generation and neur al network running  is re peated until the least MAP E or the best 

improvement is a chieved. Convergence of this process to better forecasting ac curacy 

results depends on the price volatility level, the neural network initial parameters and the 

utilized innovations’ generation model. 

 

5.3.2.1  Exact Innovations 

 
As stated earlier, the TO Es are determined and saved in a  matrix. After that, the IGM is 

selected. If the exact IGM is selected, the innovations are directly generated from TOE. 

The generated innovations using this model are simply the scaled TOEs.  
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Figure 5.9 Indirect Innovated Neural Network algorithm. 
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These TOEs a re sca led throug h multiplic ation b y the  MSE a nd the  MAE of the  

forecasting results. In Table  5.11,  seasonal and annual p ercentage improvement 

probabilities and percen tage aver age for ecasting ac curacy improv ements using  ex act 

IGM are shown.  

 

Table 5.11 Seasonal and Annual Improvement Probabilities and Average Indirect Exact 

INN Forecasting Accuracy Improvements 
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5.3.2.2  Random Innovations 

 
To create random innovations, first a random se t is generated using the “randn” function, 

which is the n tre ated t o ha ve the  sa me sta tistical prope rties a s the  T OE se t. Afte r 

calculating the means an d standard deviations  of both the random and the TOE sets, th e 

random set statistical treatment is applicable through the following equation: 

                                       ������� �
��������	
����∗
���


���
�����                               (5.1) 

 

where ��  is the ith number  of the r andom set, M(r) is the mean of the  random set, S(r) is 

the standard  deviation of  the r andom set, M( e) is  the mean  of TOE set, and S(e) is th e 

standard deviation of the TOE set. After statistical treatment, the new random set and the 

TOE set will have identical st atistical properties. The new random set is then multiplied  

by the MS E and MAE o f the old forecastin g results to generate the rando m innovations. 

Seasonal a nd a nnual pe rcentage improve ment proba bilities a nd pe rcentage a verage 

forecasting accuracy improvements using random IGM are presented in Table 5.12.  
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Table 5.12 Seasonal and Annual Improvement Probabilities and Average Indirect 

Random INN Forecasting Accuracy Improvements 
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5.3.2.3  Least Squares Innovations 

 

The approach that provides an overall solution which minimizes the sum of the squares of 

the errors made in solving every single equation is called the Least Squares approach. Its 

most significant application is in data fitting. Furthermore, it is usuall y used to g enerate 

estimators and other sta tistics in reg ression analysis. In the least-squares sense, the best 

fit minim izes the sum  of squa red re siduals wh ich is the  sum of squa red diffe rences 

between th e va lue predicted b y the  mod el and t he actual va lue. T OE is the considered 

residuals in this study. When the sum of squared residuals: 

                                	 � ∑ ���
���

��� 	                                            (5.2)                          

is a minimum,  the least squares method finds  its optimum.  To g enerate least square 

innovations, it is assume d that the actual and th e forecasted training output data sets ar e 

dependent variabl es (Y) and independent variables (X),  r espectively. Then, t he 

coefficients of a pol ynomial P(X) of de gree N t hat best fits the data Y i n a l east-squares 

sense is worked out. After that, the created polynomial P is evaluated at X to produce the 

estimated Y. Lastly, the least square innovations is generated by subtracting the estimated 

Y from the ac tual Y. S easonal and a nnual pe rcentage improv ement pro babilities a nd 

percentage average for ecasting ac curacy i mprovements usi ng l east sq uare IGM are 

shown in Table 5.13. 
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Table 5.13 Seasonal and Annual Improvement Probabilities and Average Indirect Least 

Square INN Forecasting Accuracy Improvements 
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5.4  CONCLUDING RESULTS 

 

Innovations we re appended to M LR and A NN forecasting techniqu es t o improve d ay-

ahead power price forecasting. The percentage improvement probabilities and percentage 

average improvements of implemented direct and indirect INN approaches are illustrated 

in Figures 5.10 and 5.11. Direct INN showed the highest annual percentage improvement 

probability as well as the be st annual percenta ge avera ge improvement.  However, the 

probability of improvement in the summer season is much higher using exact INN, which 

is an indirect INN technique. While the exact IGM is simpler than other IGMs, it showed 

the best annual average forecasting improvement among indirect INN techniques.   

 

 

Figure 5.10 Seasonal and annual percentage improvement probabilities of direct and 

indirect INN. 
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Figure 5.11 Seasonal and annual percentage average improvements of direct and 

indirect INN. 

 

 

 

Further, as t he di rect I NN can be consi dered t he m ost effect ive INN forec asting 

technique, it is c ompared with IMLR fo recasting prob ability improvement and average 

improvement in the following figures. These two different methods were used to forecast  

the OMEL day-ahead power price of the s ame seven days of each 2009 s easons, though 

the annual improvement probability and the annu al average improvement using IMLR is 

much higher. The superiority of IMLR is more apparent in the summer season, where the 

difference in pe rcentage improvement probability and percentage average improvement 

is 43% and 29% respectively.  
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Figure 5.12 Seasonal and annual percentage improvement probabilities of DINN and 

IMLR. 

 

 
 

Figure 5.13 Seasonal and annual percentage average improvements of DINN and 

IMLR. 
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5.5  SUMMARY 

 
In this chapter, the idea of innovations was introduced. Then, the seasonal forecast results 

found in previous ch apters using  M LR and AN N wer e innovated and the new r esults 

were presented. Finally, the direct INN, indirect INN and IMLR probabilities and average 

forecasting improvements were investigated and compared.   
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CHAPTER 6 CONCLUSIONS 

 

This chapter summarizes the results of this re search and emphasizes on the  significance 

of t he accura cy i mprovement achi eved usi ng IF approaches. Furt hermore, som e fut ure 

works are suggested and discussed. 

 

6.1  RESEARCH CONCLUSIONS 

 
Short-term el ectricity p rice fore casting i s an i mportant pl anning t ool for t he el ectric 

power industr y, especially in dereg ulated an d competitive power markets. Such 

forecasting directly influences the energy market by reducing the risk o f under- or over-

estimating the rev enue for producers  and p roviding better risk man agement [3]. Hence,  

improvements i n t he ac curacy of el ectricity pri ce fo recasting can l ead t o si gnificant 

financial benefits for both producers and consumers [8]. The economic incentive for the  

power industry raises the importance of devising new techniques to solve this significant 

and complex power system challenges.  

 

This thesis started wit h an introduction to  electricity price fo recasting, rese arch 

motivation, objectives and contributions, follow ed b y a literatur e r eview of electricity 

price fo recasting approaches. In t he subse quent chapter, Linear Re gression and the  

targeted de regulated po wer mark et were d escribed, and seasonal s pot power pric e data  

using statistical and mean reverting process techniques were analyzed. As well, the day-

ahead OMEL power price was fore casted using different Linear Regression approaches. 

After that, an ove rview of ANN was introduc ed and used to forec ast the da y-ahead 

OMEL power price again. In the fifth chapter, innovations were integrated with MLR and 

ANN forecasting techniques to investigate the effectiveness and applicability of this new 

approach. 

 

In this thesis, M LR and  ANN w ere modified  u sing their innovations t o improve the 

seasonal day-ahead marginal power price forecasting results of the OMEL power market. 
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In general, our finding s indicate that IMLR re sulted in be tter pri ce forec asting 

improvements. In the ca se of INN, dire ct INN came up with better annual results. In 

comparing direct and in direct INNs’ seasonal results, we found that the  probabilit y of  

forecasting accuracy improvement using indirect INN is higher for the summer season, as 

it is le ss vola tile. Conv ersely, the prob abilities of fo recasting ac curacy improvement 

using direct INN are higher for other seasons which are more volatile.  

 

The max imum achieved seasonal for ecasting accuracy improvement probability is 86%  

for IMLR and 71% for direct INN, and the maximum accomplished seasonal forecasting 

accuracy average improvement i s 43% for IMLR and 26% for di rect INN. In one year, 

the maximum achieved annual fo recasting accuracy improvement probability is 75% for 

IMLR and 53%  for  di rect INN, and  t he m aximum accom plished ann ual for ecasting 

accuracy average improvement is 34% for IMLR and 17% for direct INN.  

 

These resul ts show t hat t here are si gnificant forecast ing accu racy i mprovement 

probabilities a nd fore casting a ccuracy improve ments in c ompetitive powe r ma rkets b y 

implementing the IF approach. However, the effectiveness of this a lgorithm is g enerally 

affected b y th e vola tility l evel of the  s ystem and is more  spe cifically re lated to the  

network IWB and the selected IGM for INN. 
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6.2  FUTURE WORK 

 
For future work, the IF technique can be implemented and investigated with other simple 

and h ybrid pri ce forecasting techniqu es to  improve fo recasting ac curacy. This ne w 

approach can also be utilized and tested as a price forecaster in other deregulated power 

markets. 

 

In the case of INN, since forecasting accuracy improvement i s a ffected by the network 

IWB, the optimal IWB can be found usin g a heuristic optimization method such as PSO. 

These optimal IWB would considerably enhance the probability and level of fo recasting 

accuracy improvement.  

 

Nonlinearity and volati lity of the spot p rice power ma rket dat a def initely af fects 

forecasting r esults. To overcome this challe nge, some resea rchers ha ve proposed to 

conduct for ecasting after proc essing the d ata b y converting to th e fr equency domain.  

Working with innovations after data conversion is an interesting future forecasting work.    
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APPENDIX 

 
 
 
 

Winter Regression Equations 

SLR:   � � 1.014 � 0.2176 ∗ 
�  

QLR:  � � 	0.8209 � 0.1310 ∗ 
� 	� 0.008989 ∗ 
�
� 

CLR:               � � 2.313 � 1.290 ∗ 
� � 	0.2538 ∗ 
�
� � 0.01793 ∗ 
�

� 

MLR_2: � � 	0.825 � 	0.354 ∗ 
� 	� 	0.174 ∗ 
���  

MLR_3: � � 0.537 � 0.412 ∗ 
� � 0.0285 ∗ 
��� � 0.319 ∗ 
��� 

 

 

 

 
Spring Regression Equations 

 

SLR:   � � 1.565 � 	0.4217 ∗ 
�  

QLR:  � � 2.126 � 	0.7277 ∗ 
� � 	0.04084 ∗ 
�
� 

CLR:               � � 	9.783	 � 	7.050 ∗ 
� � 	1.734 ∗ 
�
� 	� 	0.1474 ∗ 
�

� 

MLR_2: � � 1.33 � 	0.488	 ∗ 
� � 	0.131 ∗ 
���  

MLR_3: � � 1.08 � 	0.516 ∗ 
� � 	0.0343 ∗ 
��� � 	0.193 ∗ 
��� 
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Summer Regression Equations 

 

SLR:   � � 1.078 � 	0.3084	 ∗ 
�  

QLR:  � � 1.578	 � 	0.6176	 ∗ 
� � 	0.04663 ∗ 
�
� 

CLR:               � � 	5.457 � 	4.548 ∗ 
� � 	1.321 ∗ 
�
� � 	0.1332 ∗ 
�

� 

MLR_2: � � 	0.865		 � 	0.435 ∗ 
� � 	0.185 ∗ 
���  

MLR_3: � � 	0.661	 � 	0.478 ∗ 
� � 	0.0466 ∗ 
��� � 	0.240 ∗ 
��� 

 
 
 
 
 
 

Fall Regression Equations 
 

SLR:   � � 0.9795 � 	0.2851 ∗ 
�  

QLR:  � � 1.263	 � 	0.4731 ∗ 
� � 	0.02889 ∗ 
�
� 

CLR:               � � 1.665	 � 	0.9222	 ∗ 
� � 	0.1677 ∗ 
�
� � 	0.01253 ∗ 
�

� 

MLR_2: � � 	0.832 � 	0.408 ∗ 
� � 	0.165 ∗ 
���  

MLR_3: � � 0.700	 � 	0.435 ∗ 
� � 	0.0718 ∗ 
��� � 	0.159	 ∗ 
��� 
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Table A.1 Winter Analyzed and Trained Data 
From 21st of December 2008 to 18th of February 2009 

 

 

Day Su Mo T u W e T h Fr Sa Su Mo Tu W e T h Fr Sa Su 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)
 

1 ����� ����� ����� ����� ����� 	�
	� ��
�� ����� ����� ����� 	���� ����� ���
� ����� ��	��

2 ����� 	���� 	��
� ����� ����� 	���� 	���� 	���� 	���� ����� 	���� ����� 	���� ����� �����

3 ����� 	�	�� 	���� 	��
� ����� ����� 	���� 	���� 	���� 	���� 	���� ����� 	���� 	���� 	�
��

4 	���� 	���� 	�	�� 	���� 	�
	� ����� ���	� ���
� ����� 	���� ����� 	���� 	���� 	���� 	����

5 	�
�� 	���� 	���� 	�
�� 	���� ��
�� ����� ��	
� ����� 	�	�� ����� 	���� 	���� 	�	�� 	��
�

6 	�
	� 	��	� 	�	�� 	��	� 	��	� ����� ����� ���
� ��	
� 	���� ���
� 	���� 	��
� 	�	�� 	��
�

7 	�
�� 	�
�� 	���� 	���� 	���� ��
�� ����� ���
� 	���� 	���� 	���� 	���� 	���� 	���� 	����

8 	���� ����� ����� ����� ���
� ���
� 	���� ����� 	���� ����� 	���� 	���� ����� 	���� 	����

9 	�
�� ��
�� ����� ����� ��
�� ��
	� 	�	�� ��
	� ����� ����� 	���� ����� ����� 	�
�� 	�	��

10 	���� ����� ���	� ��	�� ����� 	���� 	���� 	���� ���
� ����� ����� ����� ����� ����� 	����

11 ����� ����� ����� ����� ���
� 	���� 	���� 	�
�� ����� ����� ����� ����� ����� ���
� 	�
��

12 ����� ����� ����� ����� 	���� 	���� 	��	� 	���� ����� ����� ����� 	���� ����� ����� �����

13 ����� ����� ����� ����� 	���� 	���� 	�
�� 	���� ����� ����� ����� 	���� ����� ����� �����

14 ����� ��
�� ����� ����� 	���� 	���� 	�
�� 	�
�� ����� ����� 	���� 	���� ����� ����� �����

15 ���	� ��	�� ����� ����� 	���� 	���� 	���� 	���� ����� ����� 	���� 	�	�� ����� ���
� �����

16 ����� ��	�� ����� 	��
� ��
	� 	���� 	���� 	���� ����� 	���� 	��	� 	���� ����� ����� 	����

17 ����� ����� ����� 	���� ���
� 	���� 	���� 	���� ��	�� ����� 	���� 	���� ����� ����� 	����

18 ����� ����� ����� ����� 	���� ����� 	���� 	���� ����� ����� ����� 	���� ����� ���
� �����

19 ����� ��
�� ���
� ����� 	�
�� ����� ���	� ����� 
���� ��	�� ����� ����� 
���� ��	�� �����

20 ��	�� ����� ����� ��	�� ����� ����� ��		� ��	�� ����� ����� ����� ����� 
���� ����� �����

21 ����� ����� ��
�� ����� ����� ���	� ����� ����� ��
�� ����� ����� ��
	� ����� ��	�� ��	��

22 ����� 
�

� ����� ����� ����� ����� ����� ����� ����� ����� 	���� ���
� ����� ����� ��	��

23 ���	� ����� ����� ����� ����� ��	�� ����� ����� ����� ����� 	���� ����� ����� ����� �����

24 ��
�� ����� ��	�� ��	�� ����� ���	� ����� ����� ��	�� ����� 	���� ����� ��	�� ��	�� �����

Day Mo Tu W e T h Fr Sa Su Mo T u We T h Fr Sa Su Mo 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)
 

1 ���
� ����� 	���� 	�	�� 	���� ����� ����� 	���� 	�
�� 	���� 	���� ����� ����� ��	�� 	����

2 ����� 	���� 	���� 	���� 	�	�� ����� ����� 	�	�� 	���� 	���� 	���� 	���� ����� ����� �����

3 	�
�� 	���� ��
�� ����� 	���� 	���� 	�
	� 	���� 	���� ����� ����� 	�	�� 	���� 	�	
� �����

4 	���� 	�	�� ��	�� ��	�� 	���� 	���� 	���� ����� ����� ����� ����� 	���� 	���� 	��	� �����

5 	���� 	���� ��	�� ����� 	���� 	�	�� 	���� ����� ��	�� ����� ����� 	��	� 	���� ����� �����

6 	���� 	���� ����� ����� 	��
� 	�	�� 	���� 	��	� ����� ����� ����� 	�	�� 	��	� ��	�� �����

7 	�
�� 	���� 	���� 	���� 	�	�� 	���� 	���� 	���� 	���� 	�	�� 	���� 	���� 	���� ����� 	����

8 ���	� 	�	�� 	�
�� ����� ���
� 	���� 	�	�� ���	� ����� ����� ����� ��
�� ����� ��
�� �����

9 ����� 	��
� ����� ����� ����� 	�
	� 	���� ���
� ����� ����� ��

� ���	� ����� 	���� ��

�

10 ����� 	���� ����� ����� ��	�� ����� 	���� ����� ����� ����� ����� ���
� ����� 	�	
� ��
��

11 ��
�� 	�
�� ���	� ����� ��	
� ����� ���	� ����� ����� ����� ����� ����� ����� 	���� �����

12 ���	� 	���� ���	� ����� ��		� ����� ����� ����� ���	� ����� ����� ����� ����� ���
� �����

13 ����� 	���� ����� ����� ����� ��	�� ����� ��
�� ����� ���
� ��
�� ����� ����� ���
� �����

14 ����� 	���� ����� ���
� ����� ��	�� ����� ��
�� ����� ����� ����� ����� ��	�� ����� �����

15 ����� 	���� ����� ���
� ����� ��	�� ����� ��	�� ��
�� ����� ��	�� ����� ����� ����� 	����

16 ����� 	���� ����� ����� ����� ����� ����� ��	�� ��
�� ����� ��	
� ����� ����� ����� 	��	�

17 ����� 	���� ����� ����� ��
�� ����� ����� ����� ���
� ����� ��

� ����� ����� ����� �����

18 ��	�� 	�
�� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� �����

19 ����� ����� ���	� ����� ��
�� ��	�� ����� ���
� 
���� ����� ����� ��
�� ����� ����� ���	�

20 ����� ����� ����� 
���� 
���� ���
� ����� 
���� 
���� 
���� ����� 
��	� ��	
� ����� �����

21 ��
	� ����� ����� 
���� ����� ����� ����� ����� ����� 
���� ����� ���	� ����� 
���� ��	��

22 ��	�� ����� ����� ����� ����� ����� 
���� ����� ����� ����� 
���� ����� ���
� 
���� �����

23 ����� ��
�� ����� ����� ����� ��	�� ���
� ����� ����� ����� ��	
� ����� ��	�� ����� ��	��

24 ����� ����� ����� ���	� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� 	����



 

 61 
 

 
Day Tu W e Th Fr Sa Su Mo T u W e T h Fr Sa Su Mo Tu 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)
 

1 	��	� 	���� 	���� ��	�� 	���� 	���� ��
�� ���
� ��
�� 	���� 	�		� 	���� 	���� 	���� �����

2 	���� 	���� ����� ����� ���
� ���
� ����� ��	�� ��	�� ���
� 	��
� 	���� ���
� ���
� �����

3 ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ��
�� ����� ����� ��	��

4 ����� ����� ����� ����� ����� ��
�� ����� ����� ����� ��

� ��
�� ���	� ����� ����� ���
�

5 ����� ��	�� ����� ����� ����� ����� ����� ���
� ����� ����� ����� ���
� ����� ����� ���
�

6 ��	�� ����� ����� ����� ����� ����� ����� ����� ����� ����� ���
� ���
� ����� ����� ��	��

7 	���� 	���� ��
�� ��	�� ����� ���
� ����� ��	�� ����� ��
�� 	��
� ����� ����� ����� ���	�

8 	���� ����� 	���� 	���� ����� ���	� 	���� 	���� 	���� 	�	
� ��	�� ����� ����� 	���� 	�	��

9 ����� ��
�� ����� ����� ��
�� ����� ����� 	���� ����� ���	� ����� ����� ����� 	�	�� �����

10 ��	�� ����� ��	�� ����� ��		� ����� ����� ����� ����� 	���� ����� 	���� ����� 	���� �����

11 ����� ����� ��	�� ����� ���
� ����� ���	� ���
� ����� ����� ����� ����� ����� 	��
� ���	�

12 ���	� ����� ����� 	���� ���
� ����� 	���� ����� ����� 	��
� ����� ���	� ����� ����� �����

13 ����� ����� ��	�� 	�
�� ��
�� ����� 	�
�� 	���� 	���� 	���� ����� 	��
� ����� 	��
� 	�	��

14 ����� ����� ����� 	���� ����� ����� 	�
	� 	�
�� 	�
	� 	��
� 	�
	� 	�	�� ����� 	���� 	��
�

15 	���� 	���� 	���� 	��	� ��	�� ����� 	���� 	���� 	���� 	���� 	���� 	���� ����� 	�	�� 	����

16 	���� 	���� 	���� 	���� ����� ����� 	���� 	���� 	���� 	���� 	���� ����� ���	� 	�	�� 	����

17 ����� 	���� 	���� 	���� ����� ���
� 	�		� 	�	
� 	�	�� 	���� 	���� ����� ���	� 	�	�� 	����

18 ����� ���	� ����� 	���� ����� ��

� 	��
� 	���� 	���� 	�	�� 	�	�� ����� ����� 	���� 	����

19 ����� ����� ����� ���	� 	���� ����� ����� ���
� ����� ��
�� ����� 	���� 	���� ����� 	����

20 ����� ����� ����� ����� ����� ����� 
�
�� ����� ������ ����� 
���� ����� ����� ��	�� �����

21 
�
�� ����� ����� ����� ����� ����� 
���� 
�
�� ����� ����� 
���� ����� 
���� 
���� �����

22 ��	
� ����� ����� ����� ����� ����� ����� ��
�� ��	�� 
���� ����� ����� 
���� ����� �����

23 ����� ����� ����� ����� ����� ����� ��	�� ����� ����� ���
� 	���� 	�	�� ����� 	���� 	����

24 ����� 	���� 	���� 	�
�� ����� 	���� 	��
� 	���� 	�	�� 	���� 	�	�� 	���� ����� 	�	�� ��
��

Day We T h Fr Sa Su Mo Tu W e T h Fr Sa Su Mo T u We 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)

�

1 ����� ����� ���
� ����� ����� ����� ����� ����� ����� ����� 	���� 	�	�� 	���� ����� ��
��

2 ����� ��	�� ��	�� ���
� ���
� ��	�� ��	�� ����� ��	�� ��	�� 	���� 	��	� ����� ��
�� �����

3 ����� ����� ����� ����� ����� ����� ��
�� ����� ����� ����� ����� ����� ����� ����� �����

4 ����� ����� ����� ����� ����� ����� ����� ���	� ����� ���
� ����� ��	�� ��	�� ��	�� ���
�

5 ����� ����� ����� ��	�� ��	�� ����� ��
�� ����� ����� ����� ��	
� ����� ����� ��	�� �����

6 ����� ����� ����� ��	�� ��	�� ����� ����� ����� ���
� ���
� ��	
� ����� ��	�� ����� �����

7 ��	�� ����� ��	�� ����� ��	�� ����� ����� ����� ��	
� ��	�� ����� ����� ����� ��
�� �����

8 ����� ���
� ����� ����� ��	�� ����� ��
�� 	���� 	�
�� 	��	� ����� ��	�� 	�	�� 	���� 	����

9 	���� 	���� ����� ����� ����� 	���� ����� 	���� 	���� 	���� ��	�� ��	�� ����� 	���� 	����

10 	�
�� 	��	� ����� ����� ���	� 	���� ���
� 	���� 	���� 	���� ����� ����� 	���� 	�	�� 	����

11 	�
�� 	���� ��	�� ����� ���
� 	���� ���	� 	���� 	�
�� 	��	� ����� ��	�� 	���� 	���� 	����

12 	���� 	���� ����� ��	�� ��	�� 	���� ����� 	��	� 	�	�� 	��	� ����� ����� 	��	� 	�	�� 	��	�

13 	���� 	��
� 	�	�� ����� ����� 	���� ����� 	�	�� 	���� 	�	�� ��
�� ����� 	���� 	���� 	����

14 	���� 	��
� 	���� ����� ��
�� ��
	� ��	�� 	�	�� 	��
� 	�	�� ����� ����� 	���� 	���� 	����

15 ����� ���	� ����� ����� ����� ���	� ����� 	���� ���	� ����� ����� ��
�� 	���� 	���� �����

16 ����� ���
� ����� ����� ����� ���	� ����� ���
� ����� ����� ����� ����� 	���� ����� ���	�

17 ����� 	���� ����� ����� ����� ��	�� ����� 	���� ����� 	���� ����� ����� 	���� 	���� �����

18 	���� 	���� ����� ���
� ����� ����� ����� 	���� ����� 	���� ����� ��	
� 	��
� 	��
� 	����

19 	���� ����� 	���� 	���� ����� ����� 	���� 	��	� 	���� 	�	�� ����� ����� 	���� 	���� 	����

20 ���	� 
���� ����� ���
� ����� 
��	� 
��	� ��
�� ��
�� 
�

� ����� 	���� ��
�� ����� �����

21 ���	� 
���� ����� ����� ����� ��

� ����� ��

� ��
�� 
��	� ��
�� 
���� ����� 
��	� �����

22 ����� ����� 	��
� ����� ��
�� ���
� 
���� ����� ����� ����� ����� ��
�� 	���� 	���� �����

23 	�	�� 	���� 	���� ��	�� 	���� ���	� 	���� 	���� ����� 	���� 	���� ���	� ����� 	���� 	����

24 	���� 	���� ����� ����� 	���� ����� 	��	� 	���� ����� 	�	�� 	���� 	���� ����� ����� 	����

�
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Table A.2 Spring Analyzed and Trained Data 

From 21st of March to 19th of May 2009 
 

�

Day Sa Su Mo T u W e Th Fr Sa Su Mo T u W e T h Fr Sa 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)
 

1 	���� ����� ����� ��	�� ���	� ����� ����� 	���� ����� ��
�� ��
�� ����� ����� 	���� 	����

2 ����� ����� ���
� ����� ����� ����� ��
�� 	���� ����� ����� ��	�� ����� ����� ����� ��
��

3 ����� ����� ���	� ����� ����� ���
� ����� 	���� ����� ����� ����� ����� ����� ����� �����

4 ����� ����� ����� ����� ����� ����� ����� 	���� ����� ����� ����� ���	� ���	� ��	�� �����

5 ��	�� ����� ����� ����� ����� ����� ����� ��
�� ����� ����� ����� ���	� ���	� ����� �����

6 ��	
� ����� ����� ����� ����� ����� ����� ��	�� ����� ����� ����� ����� ���
� ����� �����

7 ����� ����� ��	�� ����� ����� ����� 	���� ����� ����� 	���� ����� ����� ����� ��
�� ��	��

8 ��	
� ����� ����� ����� ����� 	���� 	���� ����� ����� 	���� 	���� ��
�� 	�	�� 	���� �����

9 ����� ����� ��
�� ����� ��

� 	���� 	���� ����� ����� 	���� 	���� ����� 	�	�� 	���� �����

10 ����� ����� ����� ��
�� ����� 	���� 	��
� ����� ����� 	�	�� 	���� 	��
� 	�	�� 	���� �����

11 ����� ����� ����� ��
	� ����� 	���� 	���� 	��
� ����� 	���� 	���� 	���� 	�		� 	���� �����

12 ��
�� ����� ����� ����� ����� 	���� 	���� 	���� ��
�� 	�	�� 	���� 	�	�� 	���� 	�
�� �����

13 ��
�� ����� 	���� ����� ����� 	���� 	��
� ����� ��
�� 	���� 	���� 	�	�� 	���� 	���� �����

14 ��
	� ��
�� ����� ����� ����� 	���� 	���� ����� ����� 	���� 	���� 	���� ��
�� 	���� ���
�

15 ��
	� ����� ����� ����� ����� ����� ����� ��	�� ����� 	���� 	���� ���
� ����� 	���� 	����

16 ����� ����� ����� ����� ����� ����� ��
�� ����� ����� ����� 	���� ��
	� ���
� 	���� ��
��

17 ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� 	���� ����� ����� ����� �����

18 ����� ����� ����� ����� ����� ����� ����� ����� ����� ��

� ����� ����� ����� 	���� �����

19 ��	
� ����� ����� ����� ����� ����� ��
�� ����� ����� ����� ��

� ����� ����� ����� �����

20 ��

� ����� 	���� ��
�� ����� 	���� ����� ��
�� 	���� ����� ��
�� ��
�� ���
� ���
� �����

21 	���� 	��
� 	���� 	���� 	�
�� ��	�� 	���� ����� ���
� ���	� ����� 	���� ����� 	���� ��
��

22 	���� 	���� 	���� ����� 	���� 	���� ����� ����� ����� 	�	�� 	���� 	���� 	���� ����� 	����

23 ����� 	��
� ��
�� ����� ����� ����� ��

� ����� 	���� ���	� ����� ��
�� 	�	�� 	���� 	����

24 ����� ��
�� ��	�� ����� ����� ��
�� ��
�� ����� ����� ����� ��
�� ����� ����� ����� 	����

Day Su Mo T u W e T h Fr Sa Su Mo Tu W e T h Fr Sa Su 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)
 

1 ��
�� 	���� ��
	� ���
� 	���� 	���� 	���� 	���� 	���� ��

� ��
�� ��
�� ����� ��
�� 	����

2 ��	�� ��	�� ����� ����� 	���� 	��
� 	���� ����� ����� ����� ����� ����� ����� ����� 	����

3 ����� ����� ����� ����� 	���� ��

� 	���� ����� ����� ����� ���
� ����� ���
� ����� ���
�

4 ����� ����� ����� ����� ���	� ��	�� ����� ����� ���	� ����� ��

� ����� ����� ����� ���
�

5 ���	� ����� ���	� ����� ��
�� ����� ����� ����� ����� ����� ����� ��	�� ����� ����� �����

6 ���	� ����� ���	� ����� ����� ����� ����� ��
�� ����� ����� ����� ����� ����� ����� �����

7 ����� ����� ����� ����� ����� ����� ��
�� ����� ��	
� ����� ����� ����� ����� ���
� �����

8 ���	� 	���� 	���� ����� 	���� ��	�� ����� ����� ��
�� 	���� 	���� ����� ����� ����� �����

9 ����� 	���� 	���� ����� ����� ���
� ����� ����� ����� 	���� 	���� ����� ����� ����� �����

10 ����� 	���� 	��
� ����� ����� ����� ����� ����� ����� 	���� 	���� 	���� ����� 	���� �����

11 ����� 	���� 	��
� ����� 	���� ����� ����� ����� ����� 	���� 	���� 	���� 	���� 	���� �����

12 ����� 	���� ���	� ��
�� ����� ��	
� ����� ����� ����� 	�	�� ����� ����� ���	� 	���� �����

13 ����� 	���� ����� ��
�� ����� ��	
� ����� ���	� ����� 	���� ����� ����� 	���� 	���� �����

14 ����� 	��
� ����� ����� ����� ����� ����� ����� ����� ����� ��
�� ��
�� 	���� 	���� ��
��

15 ��
�� ��
�� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ���	� ����� �����

16 ��		� ����� ����� ����� ����� ���
� ����� ���
� ����� ����� ����� ���
� ����� ����� �����

17 ����� ����� ����� ����� ����� ����� ����� ����� ��
�� ����� ����� ����� ��
�� ����� �����

18 ����� ����� ����� ��
�� ����� ��
�� ����� ����� ����� ����� ���
� ����� ��
�� ����� �����

19 ���	� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� �����

20 ����� ����� ����� 	���� ����� ����� ����� ���	� ��
�� ����� ��
�� ����� ��
�� ����� �����

21 ����� ����� ����� 	���� ���
� ����� ����� 	���� 	���� ����� 	��	� ��
�� ����� ����� ��
��

22 	��
� 	�	�� 	���� ����� 	��
� 	��
� ����� ����� ����� 	��	� 	���� 	�	�� 	�	�� 	�	�� ��	��

23 	���� ��
�� ���	� 	��	� ����� 	��	� 	���� ����� 	���� 	���� 	���� 	���� ����� 	���� �����

24 	���� ����� ����� 	���� 	���� 	���� 	���� 	���� 	���� ����� ����� ����� ��
�� ����� 	�	��
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Day Mo Tu W e T h Fr Sa Su Mo T u We T h Fr Sa Su Mo 
H

ou
rly

 p
ric

e 
(c

en
t\k

W
h)

 
1 	���� ��	�� ����� ����� 	���� 	��	� 	���� 	���� ����� ����� ����� 	���� 	���� 	���� �����

2 ����� ����� ����� ����� ��
�� 	���� 	���� ����� ����� ����� ����� 	���� ����� ����� �����

3 ��	
� ���
� ����� ����� ����� ����� ����� ����� ����� ���	� ����� 	���� ����� ����� �����

4 ����� ����� ��	�� ����� ����� ����� ����� ����� ��
	� ����� ����� ���	� ����� ����� �����

5 ����� ���
� ����� ����� ����� ��	
� ����� ����� ���
� ����� ����� ����� ����� ����� �����

6 ����� ����� ���
� ����� ����� ��	
� ����� ����� ����� ����� ����� ����� ����� ����� ��	��

7 	���� ���
� ����� ��
�� 	���� ����� ����� ����� ����� 	���� ���	� ����� ����� ����� �����

8 	���� 	���� ����� 	���� 	���� ����� ����� 	���� ����� 	���� ����� ��	�� ����� ���
� �����

9 	���� ���	� ����� 	���� 	�
�� ����� ����� 	���� 	���� 	���� 	���� ����� ��
�� ����� �����

10 	���� 	���� ���	� 	���� ����� ��
�� ����� 	�	�� 	���� 	���� 	���� ����� ����� ���	� 	����

11 	�
�� 	���� 	���� 	���� ����� 	���� ����� 	�	�� 	���� 	���� 	���� ����� ����� ����� 	����

12 	���� 	���� 	��	� 	���� ����� ����� ���	� 	���� 	���� 	���� 	�	�� ����� ����� ����� 	����

13 	���� 	���� 	���� 	���� ����� ����� ����� 	���� ����� 	���� 	�	�� ����� ����� ����� 	�	��

14 	���� 	���� 	���� 	���� 	�
�� ���	� ����� ����� ����� 	���� 	���� ����� 	���� ����� 	����

15 ����� ���	� ����� 	���� 	���� ����� ���	� ����� ����� 	���� ����� ���	� 	���� ����� 	����

16 ����� ��
�� ���	� 	���� ����� ����� ����� ���	� ����� ����� ����� ����� ����� ����� 	����

17 ����� ����� ����� 	���� ��
�� ����� ��
�� ����� ���	� ����� ��
	� ����� ����� ����� �����

18 ����� ����� 	���� 	���� ���	� ����� ����� ����� ����� ����� ��
�� ����� ����� ����� �����

19 ��
�� ��
�� 	���� 	��	� ����� ���
� ��
�� ����� ����� ����� ���	� ���	� ���	� ����� ��
��

20 ����� ��
�� ����� 	��	� ����� ���
� ����� ��	�� ����� 	���� ����� ����� ����� ����� ��
��

21 	���� 	���� 	���� 	���� ��
�� ����� ��
�� ��
�� 	���� 	���� ����� ��
�� 	���� ����� ��
��

22 	���� ����� ����� ����� 	���� 	���� ����� 	���� 	�
�� 	�
�� ���
� ����� ����� 	�	�� 	����

23 	���� 	���� 	���� 	�	�� ����� 	�	�� ��	�� 	���� 	���� 	���� ����� 	���� 	�
�� 	���� 	����

24 ����� ����� ����� 	���� ��
�� 	���� 	���� ����� 	���� ����� ����� ����� 	���� ����� �����

Day Tu We T h Fr Sa Su Mo T u W e Th Fr Sa Su Mo T u 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)

�

1 ����� ����� ����� ���
� ����� 	���� ����� ����� ����� ����� ���	� ����� 	���� 	���� ��		�

2 ����� ��
�� ���
� ����� ����� ����� ����� ����� ����� ����� ����� ��
�� ����� ����� �����

3 ��
�� ����� ����� ��	�� ����� ����� ����� ����� ����� ����� ��	�� ���
� ��

� ����� �����

4 ����� ����� ��	�� ��	�� ����� ����� ����� ����� ����� ����� ����� ��	�� ��	�� ��	�� �����

5 ����� ����� ����� ����� ��	�� ����� ��	�� ����� ����� ����� ����� ����� ����� ����� �����

6 ����� ����� ��	�� ��	�� ����� ����� ����� ����� ����� ����� ����� ��	�� ����� ����� �����

7 ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ��	�� ��	�� ����� ����� �����

8 ��
�� 	���� 	���� ����� ����� ����� ��
	� ��

� ����� ����� ����� ����� ����� ��
�� �����

9 ����� 	���� 	���� ����� ���
� ����� 	�	�� 	���� ����� ���	� ����� ����� ����� ���	� �����

10 	���� 	���� 	���� 	���� 	���� ����� 	���� 	���� 	��	� 	���� ����� ����� ����� 	���� 	����

11 	���� 	���� 	���� 	���� 	���� ����� 	���� 	���� 	���� 	���� 	���� 	���� ����� 	���� 	����

12 	���� 	���� 	���� 	���� 	���� ����� 	���� 	���� 	���� 	���� 	���� 	���� ����� 	�	�� 	����

13 	���� 	���� 	���� 	��	� 	���� ����� 	���� 	���� 	���� 	���� 	���� 	���� ����� 	�
�� 	����

14 	���� 	��	� 	���� 	�
�� ����� ����� ��

� 	���� 	���� ����� ����� 	���� ����� 	��	� 	����

15 ����� 	���� ��

� 	���� ����� ��	�� ����� ����� ����� ����� ��
�� 	���� ����� 	��	� �����

16 ���
� ����� ��

� 	��	� ����� ����� ����� ����� ���	� ����� ��
�� ����� ����� 	���� �����

17 	���� 	���� ����� 	���� ��	�� ����� ����� ����� ��
�� ����� ����� ��	�� ����� ����� �����

18 	���� 	���� ����� 	���� ����� ����� ��
�� ����� ����� ����� ��
�� ��	�� ����� ���
� �����

19 	���� ����� ����� ����� ����� ��	�� ����� ����� ��
�� ����� ��
�� ��	�� ��
	� ����� �����

20 ����� ����� ����� ��
�� ����� ����� ��
	� ����� ��
�� ����� ��
�� ����� ����� ����� ���
�

21 	���� ����� ����� ����� 	��
� ��
�� ����� ����� ����� ��	�� ��

� ��
�� ����� ��

� ��
��

22 ��	
� 	�
�� 	���� ����� 	��
� 	���� 	���� 	���� ����� ��
�� 	�	�� 	���� 	��
� ����� �����

23 	�	�� 	��	� ��
�� ��
�� 	��
� 	�

� 	���� ����� ��
�� ��
�� 	���� 	���� ����� ����� ��
��

24 ���
� ����� ����� ��
�� 	���� 	���� ����� ����� ����� ����� ���	� ����� 	���� ����� ��	��
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Table A.3 Summer Analyzed and Trained Data 
From 21st of June to 19th of August 2009 

 

 
 

Day Su Mo T u W e T h Fr Sa Su Mo Tu W e T h Fr Sa Su 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)
 

1 ����� ��		� ��	�� ���	� ����� ����� ���
� 	���� 	���� ��
�� ����� ����� ��	�� 	���� �����

2 ���	� ����� ����� ��	�� ����� ����� ����� ����� ��
�� ��	�� ��	�� ����� ����� 	���� ��	
�

3 ����� ����� ����� ����� ���	� ����� ��	�� ����� ��	�� ����� ����� ����� ����� ����� �����

4 ����� ����� ����� ����� ����� ����� ����� ��	�� ����� ���	� ���
� ���	� ���	� ����� �����

5 ����� ����� ����� ����� ����� ����� ���
� ���	� ����� ���
� ����� ����� ����� ��	�� �����

6 ����� ����� ����� ����� ����� ����� ���
� ���
� ����� ����� ���
� ����� ����� ����� �����

7 ����� ����� ����� ��	�� ����� ����� ����� ����� ��	�� ��	�� ��	�� ����� ��	�� ����� �����

8 ����� ��	�� ����� ����� ��
�� ����� ����� ����� ����� ����� ���
� ����� ����� ����� �����

9 ����� ��
�� ��
�� ����� ����� ����� ��	�� ����� ����� ����� ����� ����� ���
� ��	�� �����

10 ����� ���
� 	���� ����� 	���� ��
�� ����� ����� 	���� 	���� ����� ���	� ���
� ����� ���	�

11 ���	� 	���� 	���� 	���� 	���� 	���� 	���� ����� 	���� 	���� 	���� 	���� 	�		� 	���� �����

12 ����� 	���� 	���� 	���� 	���� 	���� 	���� ��	�� 	���� 	���� ���
� 	���� 	��	� ����� ��
��

13 ����� 	�
�� 	��	� 	���� 	���� 	�		� 	���� ��	�� 	���� 	���� ����� 	��	� 	���� ����� ���
�

14 ��
�� 	�
�� 	���� 	���� 	��
� 	�	�� 	���� ��	�� 	���� 	���� 	���� 	�	�� 	��	� ���
� �����

15 ����� 	�	�� 	���� ��
�� ����� ����� ����� ��	�� ����� 	��	� ���	� ����� ��
�� ����� �����

16 ��
�� 	���� 	���� ����� ��
�� ��
�� ����� ��	�� ����� 	��	� 	���� ����� ��
�� ����� �����

17 ����� 	���� 	���� ����� ��
�� ��
�� ����� ��	�� 	���� 	��	� 	��	� ����� ��
�� ����� ��	��

18 ����� 	���� 	���� ��
�� ����� ����� 	���� ��	�� 	���� 	��	� 	���� ����� ��
	� ����� �����

19 ��
�� 	���� 	���� ��
�� ��
�� ��
�� ����� ����� 	���� 	��	� ���
� ��
�� ���	� ����� ��	��

20 ����� 	���� 	���� ��
�� ����� ��
�� ��
�� ����� 	���� 	���� 	��	� ����� ��
�� ��	�� ��	��

21 ��
�� ���
� ��
�� ����� ����� ��
�� ����� ����� 	���� 	���� ���
� ��
	� ����� ����� ���	�

22 	���� 	���� ����� ��
�� ��
�� ��
�� 	��
� 	��
� ���
� 	���� ����� ����� ����� ����� ��
��

23 	���� 	���� ����� 	���� ���	� ����� 	���� 	���� 	���� 	��	� 	���� ���	� 	���� ����� 	����

24 	���� ����� ����� ���
� ��
�� ����� 	���� 	�
�� ��
�� ����� ����� ����� ��
�� ����� ���
�

Day Mo Tu W e T h Fr Sa Su Mo T u We T h Fr Sa Su Mo 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)
 

1 	���� ��	�� ����� ����� ����� ��

� ����� 	���� ��	�� ��	�� ����� ����� ����� ���	� ��
	�

2 ����� ����� ����� ����� ����� ��
�� ��	�� ����� ����� ����� ����� ����� ���	� ��		� �����

3 ����� ����� ����� ��	�� ��
�� ��	�� ����� ���	� ����� ����� ����� ����� ����� ����� �����

4 ����� ����� ����� ��
�� ����� ����� ���
� ����� ����� ����� ����� ����� ����� ����� �����

5 ����� ����� ����� ��
�� ����� ����� ����� ����� ����� ����� ����� ��	�� ����� ����� �����

6 ����� ����� ����� ���	� ����� ����� ����� ����� ��
�� ����� ����� ����� ����� ����� �����

7 ����� ���	� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� �����

8 	���� ����� ��	�� ����� ����� ����� ��	�� ����� ���
� ��
�� ����� ����� ����� ����� �����

9 ����� ����� ����� ����� ����� ����� ����� ��

� ����� ����� ����� ����� ����� ��
�� �����

10 ����� ����� ����� ����� ��
�� ��	�� ����� ����� ����� ��
�� 	���� ����� ��	�� ����� �����

11 	��
� 	���� ����� 	���� 	���� ����� ����� 	���� 	���� 	��	� 	���� 	���� ����� ����� ���
�

12 	��
� ����� ����� ����� 	���� ��

� ����� 	���� 	���� 	���� 	���� 	���� ����� ����� �����

13 	���� 	���� 	���� 	���� 	���� ����� ��	�� 	���� 	���� 	���� 	���� 	���� ����� ����� �����

14 	���� 	���� 	��
� 	���� 	��
� ����� ����� ����� ����� 	���� 	��
� ����� ���	� ����� �����

15 ����� ����� ����� ��
�� ����� ����� ��	�� ��	�� ��	�� ����� ���
� ��	�� ����� ����� ���	�

16 ����� ���
� ����� ����� ��
�� ����� ��	�� ����� ��	�� 	���� ����� ����� ����� ����� ��
��

17 ����� ����� ����� 	���� ��
�� ����� ����� ����� ����� 	���� ����� ����� ����� ����� ��
��

18 ��
�� ����� ����� ����� ��
�� ����� ����� ����� ����� 	���� ����� ����� ����� ����� ��
��

19 ����� ����� ��
�� ��
�� ��
�� ��	�� ��	�� ��	�� ��	�� ����� ����� ��	�� ����� ����� ��
��

20 ���
� ����� ���
� ����� ����� ��	�� ����� ��	�� ��	�� ��

� ����� ��	�� ����� ����� �����

21 ����� ����� ����� ��	�� ����� ����� ����� ��		� ��	�� ����� ����� ����� ���
� ����� �����

22 ���
� ����� ����� ����� ��	
� ����� 	���� ��	�� ����� ��
�� ����� ����� ����� ����� �����

23 ����� ����� ����� ����� ��
�� ����� 	���� ����� ����� ��
�� ����� ����� ����� 	���� �����

24 ����� ����� ����� ��	�� ���
� ����� 	���� ��	�� ���
� ��	�� ����� ����� ��
�� ����� �����
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Day Tu We T h Fr Sa Su Mo T u We T h Fr Sa Su Mo T u 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)
 

1 ����� ����� ����� ��
�� ���
� ��
�� ��
�� ����� ��
�� ����� ����� ��
�� ����� ����� ��	��

2 ���
� ����� ��
�� ���	� ����� ��	�� ����� ����� ����� ��
�� ����� ��
�� ����� ����� �����

3 ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� �����

4 ����� ����� ����� ����� ����� ����� ��	�� ����� ��
�� ����� ����� ����� ����� ���	� �����

5 ��	�� ��
�� ����� ����� ����� ����� ����� ����� ����� ��
�� ����� ����� ����� ��	�� �����

6 ����� ����� ����� ����� ��
�� ����� ��	�� ��
�� ����� ����� ��	�� ����� ����� ����� ��
��

7 ����� ����� ����� ��	�� ����� ����� ����� ����� ����� ����� ����� ���
� ����� ����� �����

8 ��	�� ���
� ���
� ����� ��
�� ����� ����� ��		� ����� ����� ����� ����� ����� ����� ��	��

9 ����� ��
�� ����� ����� ����� ����� ����� ��	�� ����� ��		� ����� ����� ����� ����� ��	��

10 ����� ��
�� ����� ���
� ����� ����� ����� ��
�� ����� ��
�� ���	� ��	�� ����� ��
�� ��
��

11 ����� ����� ����� ����� ����� ���
� 	���� 	���� ����� 	���� ���	� ����� ��	
� ����� �����

12 ����� ����� ����� ����� ����� ����� 	���� ����� ����� 	���� ��
�� ����� ����� ����� ���	�

13 ����� ����� ����� ��
�� ���
� ��	�� 	���� 	���� ����� 	�	�� ����� ���	� ��
�� 	���� ���
�

14 ���	� ��	�� ����� ��
�� ���	� ���	� ����� 	���� ���
� 	�	�� ��

� ����� ��
�� 	���� �����

15 ���	� ����� ����� ����� ���
� ����� ����� ����� ����� ����� ����� ����� ���
� ����� �����

16 ����� ����� ����� ����� ����� ����� ����� ����� ����� 	���� ����� ����� ����� ����� �����

17 ����� ����� ����� ���	� ����� ����� ���
� ����� ��	�� 	���� ����� ����� ��		� ����� ���	�

18 ��	�� ����� ��	�� ���	� ����� ����� ����� ���
� ��	�� 	���� ��	�� ����� ��		� ����� �����

19 ��	�� ����� ����� ��	�� ���
� ����� ��
�� ��
�� ����� ���
� ����� ����� ��	�� ����� �����

20 ����� ����� ��	�� ��	�� ����� ����� ��
�� ��
�� ��	�� ����� ����� ����� ����� ��
�� ��
��

21 ����� ����� ���
� ����� ���
� ����� ���
� ����� ��	�� ��
�� ����� ����� ��		� ���
� ���
�

22 ����� ���
� ��

� ����� ����� ����� ��
�� ����� ��	�� ��
�� ����� ���
� ��
�� ��
�� ��
��

23 ���	� ��	
� ����� ����� ����� 	���� ��

� ��
�� ����� ����� ��	�� ��	�� 	���� ���	� ���
�

24 ����� ����� ���
� ����� ����� ����� ����� ����� ����� ��	�� ����� ��	�� ��
�� ��	�� ���	�

Day We Th Fr Sa Su Mo T u W e Th Fr Sa Su Mo Tu W e 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)

�

1 ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ��
�� ����� ����� ����� �����

2 ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ���	� ����� ����� ����� �����

3 ����� ��
�� ����� ����� ����� ���	� ����� ����� ����� ����� ����� ����� ����� ����� �����

4 ��	�� ����� ����� ����� ����� ����� ��		� ��
�� ����� ����� ���
� ���	� ����� ����� �����

5 ��		� ��	�� ����� ����� ����� ����� ��
�� ����� ����� ����� ����� ����� ����� ����� ���
�

6 ����� ����� ����� ����� ����� ����� ����� ��
�� ����� ����� ����� ����� ����� ����� �����

7 ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� �����

8 ����� ��	�� ���	� ����� ����� ����� ����� ����� ����� ��		� ����� ����� ����� ��	�� ��	��

9 ��	�� ����� ����� ����� ����� ����� ���	� ����� ��	�� ����� ����� ����� ����� ����� ��
��

10 ����� ��
�� ���	� ����� ����� ����� ��	�� ���
� ����� ����� ����� ���	� ��
�� ��
�� ��
��

11 ����� 	���� ��
�� ���
� ����� ���	� ����� ����� ��
�� 	���� ���	� ����� 	���� 	���� 	����

12 ���
� 	���� ��
�� ����� ����� ���	� ����� ����� ��

� ����� ��	�� ����� ����� 	���� 	����

13 	���� 	���� ����� ����� ����� ����� ��
�� ����� ����� ����� ����� ����� 	���� 	���� 	����

14 ����� 	���� ����� ���
� ����� ���
� ��
�� ����� ����� 	���� ��	�� ����� ����� ����� 	����

15 ����� ��
�� ���	� ��	�� ����� ��	�� ����� ��
�� ����� ��	�� ����� ����� ��	�� ����� �����

16 ��
�� ����� ���
� ����� ����� ����� ����� ����� ����� ����� ���
� ����� ����� ����� ��
��

17 ��
�� ����� ��
�� ���	� ����� ����� ��
�� ����� ��
	� ���	� ����� ���	� ����� ����� ��
��

18 ��
�� ����� ��

� ���	� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� �����

19 ��
�� ����� ��
�� ����� ����� ���
� ��

� ����� ����� ��
�� ��	�� ����� ����� ����� �����

20 ����� ���
� ����� ����� ����� ����� ��
	� ����� ����� ����� ����� ����� ����� ���	� ��
��

21 ����� ����� ��	�� ��	�� ��	�� ����� ��
	� ����� ����� ����� ����� ����� ��	�� ���	� �����

22 ����� ��
�� ����� ���	� ����� ����� ����� ����� 	���� ����� 	���� ����� ��
�� 	���� 	����

23 ����� ��	�� ����� ����� 	���� ��		� ����� ����� ����� ����� 	���� 	���� ��	�� ��
�� ��
��

24 ����� ����� ����� ����� ��
�� ����� ����� ����� ����� ����� ����� ����� ��	�� ��	�� ��	��

�

 
 

 
 

 



 

 66 
 

 
Table A.4 Fall Analyzed and Trained Data 

From 23rd of September to 21st of November 2009 

 
 

Day We Th Fr Sa Su Mo T u W e T h Fr Sa Su Mo Tu W e 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)
 

1 ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� 	���� 	�	�� ����� ����� �����

2 ����� ����� ����� ��	�� ���	� ����� ��	�� ����� ��	�� ����� ����� 	���� ����� ��
�� �����

3 ����� ����� ��	�� ��	�� ����� ����� ��	�� ���	� ����� ����� ����� ����� ����� ���
� ��	��

4 ��	�� ����� ����� ����� ����� ����� ��	�� ���	� ���	� ����� ��		� ���	� ����� ��	�� �����

5 ����� ��	�� ����� ����� ���
� ����� ����� ���	� ����� ����� ����� ����� ����� ����� ��
��

6 ���
� ����� ����� ����� ���
� ����� ���
� ����� ����� ����� ��	�� ��	�� ����� ��	�� �����

7 ����� ����� ����� ����� ����� ��	�� ���	� ����� ��	�� ����� ��	�� ����� ��	�� ����� �����

8 ��
�� ���	� ��
�� ����� ����� 	���� ����� ����� ����� ����� ����� ����� 	���� ��
�� �����

9 ����� ����� ����� ����� ��
�� 	���� 	��
� 	���� 	���� ����� ����� ����� 	���� ����� 	����

10 ����� ��
�� ��
�� ��		� ����� ����� ����� ����� ����� ��
�� ��	�� ����� ����� ���	� �����

11 	���� ����� 	���� ����� ��	
� 	���� ����� 	���� 	���� ���
� ��
�� ����� ����� ����� 	����

12 	��
� 	��
� 	���� ����� ��	�� 	��	� 	���� 	���� 	���� 	���� ����� ��
�� 	���� 	���� 	����

13 	���� 	���� 	��
� ����� ��	�� 	���� 	���� 	��	� 	�	�� 	���� ����� ��
�� 	���� 	���� �����

14 ����� 	���� ����� ��
�� ��	�� 	���� ����� 	���� 	���� 	���� ����� ��
�� ����� ���	� �����

15 ����� ��
�� ����� ��	�� ��	�� ����� ����� ����� ����� ����� ����� ��	�� ��
�� ����� �����

16 ��
�� ����� ��
�� ��	�� ���
� ����� ��
�� ����� ����� ����� ����� ����� ��
�� ��
�� ��
��

17 ����� ����� ��
�� ��	�� ����� ��
�� 	���� 	���� ���	� ����� ����� ����� ��
�� ����� ��
��

18 ����� ����� ����� ����� ���
� 	���� 	���� 	���� ����� ����� ����� ����� ����� ����� �����

19 ��
�� ��
�� ��
�� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ���
� �����

20 ����� ��
�� ����� ����� ��	
� ����� ����� ��
�� ���	� ����� ��
�� ����� ��
�� ���
� �����

21 	�	�� 	���� 	���� 	��	� 	���� 	��
� 	���� 	�	�� ����� 	���� 	��
� 	���� 	���� 	���� 	����

22 	�	�� 	���� 	���� 	��
� ���
� 	���� 	���� 	��	� ����� ����� 	��
� 	�
�� ����� ����� 	����

23 ����� ����� ����� ����� 	���� ����� ��
�� ����� ����� ����� 	���� 	���� ��
�� ����� �����

24 ����� ����� ���
� ����� ����� ����� ��	�� ��	�� ���	� ����� 	���� ����� ����� ����� �����

Day Th Fr Sa Su Mo Tu W e T h Fr Sa Su Mo T u We T h 

H
ou

rly
 p

ric
e 

(c
en

t\k
W

h)
 

1 ����� ����� ����� ����� ���	� ����� ����� ����� ����� ����� ����� 	��	� ����� ��	�� �����

2 ����� ����� ����� ����� ��
�� ����� ����� ����� ����� ����� ����� ����� ����� ����� ��	��

3 ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ��	�� ����� ����� �����

4 ��
�� ��
�� ����� ����� ����� ��
�� ����� ��	�� ����� ��
�� ����� ��	�� ����� ����� �����

5 ����� ����� ����� ����� ��	�� ����� ����� ����� ��	�� ����� ����� ��	�� ����� ����� ��	��

6 ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ����� ��
��

7 ��	�� ��	�� ���
� ����� ����� ��
�� ���
� ����� ����� ����� ��
�� ����� ����� ��	�� �����

8 ����� ����� ��	�� ����� ����� ����� ����� ��
�� ����� ����� ��
�� 	���� ��
�� ����� �����

9 	���� ����� ����� ����� ����� ����� ����� ���	� ��
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Table A.5 Winter Regression innovations (Avg_R) & DINN Innovations (ATOE) 
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Table A.6 Spring Regression innovations (Avg_R) & DINN Innovations (ATOE) 
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Table A.7 Summer Regression innovations (Avg_R) & DINN Innovations 
(ATOE) 
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Table A.8 Fall Regression innovations (Avg_R) & DINN Innovations (ATOE) 
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Table A.9 ANN Characteristics  
 
 
 

Number of hidden layers 1 

Number of input nodes 1 

Number of nodes in the hidden layers 7 

Number of output nodes 1 

Hidden layers transfer function 'tansig' 

Output layer transfer function 'purelin' 

Network training function 'trainlm' 

Learning rate 0.15 

Momentum constant 0.9 

Performance goal 0.0001 

Maximum number of epochs to train 500 

Epochs between displays 100 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
     

 
 


