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En prognos av det elektriska 
spotpriset 
Tidsserieanalys tillämpad på den nordiska elmarknaden 

 
Sammanfattning 
 
I denna rapport jämförs sex olika modeller vars syfte är att prognostisera spotpriset på den 
nordiska elmarknaden, Nord Pool. 
Dessa modeller utvärderas sedan mot en redan existerande modell samt det naiva testet, vilket är 
föregående veckas spotpris som används som prognos för kommande vecka. 
De utvecklade modellerna är en sammansatt modell där flera modeller med olika tidupplösning 
används för att konstruera en full modell. 
Harmonisk regression med linjär trend används för att hitta en årlig komponent medan 
SARIMAX/SARIMA modeller används på dag- respektive timnivå. 
 
Modellen med bäst prognosförmåga visar sig vara en SARIMAX modell med temperatur som 
exogen variabel på daglig nivå tillsammans med en SARIMA modell för timnivå. 
Med ett genomsnittligt MAPE värde på 12.69% och ett MAPE2 värde på 6.90% har denna modell 
det minsta prognosfelet när prognoser med längd en vecka ställs på året 2009. 
 
 
Nyckelord: Tidsserieanalys, SARIMA, Nord Pool, Spotpris, Prognos 
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Abstract  
 
In this report six different models for predicting the electrical spot price on the Nordic power 
exchange, Nord Pool, are developed and compared. 
They are evaluated against the already existing model as well as the naive test, which is a forecast 
where the last week’s observations are used as a prognosis for the coming week. 
The models developed are constructed so that the models for different time resolutions are 
combined to create a full model. 
Harmonic regression with a linear trend are used to identify a yearly trend while 
SARIMAX/SARIMA time series models are used on a daily and hourly basis to reveal dependencies 
in the data. 
 
The model with the best prediction performance is shown to be a SARIMAX model with 
temperature as exogenous variable on a daily resolution, together with a SARIMA model on an 
hourly resolution.  
With an average MAPE of 12.69% and a MAPE2 of 6.90% it has the smallest prediction error out of 
all of the competing models when doing one week forecasts on the whole year 2009. 
 

 
Keywords: Time series analysis, SARIMA, Nord Pool, Spot price, Forecast 
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Notation 
 
Xt  - set of time-discrete observations 

)(tXµ   - mean function of Xt 

),( thtX +γ  - covariance function of Xt 

)(hXρ  - autocorrelation function 
)(ˆ hXρ  - sample autocorrelation function 
)(hXα  - partial autocorrelation function 
)(ˆ hXα  - sample partial autocorrelation function 

)(Bφ  - autoregressive polynomial 
)(Bθ  - moving average polynomial 
)(BΦ  - seasonal autoregressive polynomial 
)(BΘ  - seasonal moving average polynomial 
)(Biη  - exogenous variable polynomial 

 
t   - time 
h   - time lag, integer 
k  - number of parameters 
 
Y  - yearly component of the electrical spot price 
W  - weekly component of the electrical spot price 
D  - daily component of the electrical spot price 
P   - the electrical spot price 
N  - total number of observations 
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1 Introduction 
1.1 Aim and Goal 
 
The aim of this thesis was to examine the possibility of using time series as an approach to 
successfully model the electrical spot price. 
If and when a suitable model could be found it were to be implemented in a MATLAB script which 
should be able to produce a one week prognosis. 
The importance of an accurate prognosis of the spot price is critical for financial decision makers 
and production planners.  With an accurate prognosis solid decisions can be made which decreases 
risk and increases possible earnings. 
 

1.2 Limitations 
 
GARCH effects in the electrical spot price were at first going to be examined. This can best be 
explained by persistence of volatility, large values are often followed by other large values. 
Due to the workload of programming a functional prognosis script for the spot price and the time 
limitation of the thesis, this part was left for future research. 
 
The software, MATLAB, used to create the time series models had limitations in creating 
multiplicative seasonal models. Instead additive models were used. This will however not affect the 
results noticeable [3]. 
 

1.3 Preparation 
 
As preparation for this thesis a course in Time Series Analysis, 7.5 ECTS credits, at Umeå 
University was studied.  
Additional literature in the subject at hand has been examined during these six months. 
Recommended literature for interested readers is Time Series Analysis with applications in R, 
Chan K., Cryer J, 2008. 
 
When I began working with this subject I had very little knowledge about the Nordic power market, 
a half day lecture by Jan Strömbergsson, Market Analyst on Skellefteå Kraft Energihandel AB, gave 
me better insight in how the market operates. 
 

1.4 Report Outline 
 
The chapters of the report are ordered in the following way. 
 
Chapter 1 (this chapter) is a short introduction to the report. 
 
Chapter 2 gives the background of the Nordic power market. 
 
Chapter 3 explains the theory behind time series analysis and how it is used to predict future values 
of the electrical spot price. 
 
Chapter 4 states the method which is used. 
 
Chapter 5 is a summary of the results 
 
Chapter 6 is for discussion and also conclusions from the results. 
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2 Background 
 
 
This chapter tells the story, the short version, about Nord Pool and how the electrical power 
exchange motivates a good price prognosis. 
 
 

2.1 Deregulation of the power market 
 
As part of a big change in state ownership in the early 1990’s several branches including the electric 
power market, postal service and aviation were deregulated.  
The electrical power system in the Nordic countries was sufficiently upgraded to abandon the old 
way of electrical pricing and distribution. The electrical market was also regarded to be less efficient 
than it was to be if it was exposed to competition. This was the starting point in the work of 
deregulating the Nordic market and in 1996 the Swedish market was deregulated and trade for 
electrical power was now made on the Nordic power exchange, Nord Pool. However, the 
responsibility of maintaining the electrical grid functional was kept as a monopoly. 
A consequence was that companies that before the deregulation had both production and 
distribution of electrical power had to split up their activity [4].  
 

2.2 Nord Pool  
 
Nord Pool is the world’s first multi-national power exchange. The market consists of two parts, 
Elspot and Eltermin. 
In general, there are certain requirements which need to be met for the participants on Nord Pool, 
for instance, minimum volume and financial security. Therefore, trading on Nord Pool is done by 
trading companies that buy or sell electrical power for their customers and gain profit by adding a 
margin to the spot price. There are also speculating actors on the power market, these actors’ trade 
different available contracts on Nord Pool to make a profit [5].  

 
However, not all electrical power trade is done through Nord Pool, about 30 percent of the total 
power traded is still sold through bilateral contracts between buyer and seller.  
 
There are several types of participants on the electrical market; the two main participants are the 
producers and the electrical trading companies. 
The producers generate electricity by different means (mainly by hydro electrical and nuclear 
production in Sweden) and then ask to sell the electricity for a certain price on Nord Pool. 
As mentioned above, the trading companies buy or sell electrical power for profit on the Nordic 
power exchange.  
 

2.3 Elspot 
 
The Nordic electrical spot market, Elspot, is governed by Nord Pool Spot ASA. Here the producers, 
distributors, energy companies, trading representatives can buy or sell physical power for the 
Nordic market. Nord Pool acts as a counter party in all energy trades which ensures anonymity for 
the participants. But it also increases the liquidity of the market, thus making pricing more accurate 
[1].  
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The Elspot market offers hourly power contracts that are traded daily, the whole year around, for 
physical delivery the coming day’s 24 hour period. This is in contrast to an ordinary stock exchange 
where contracts are delivered instantaneously after purchase. 
 The system price or spot price is calculated from a classical supply and demand curve shown in 
figure 1 below. 

 
Figure 1: Example of a supply and demand curve for the electrical spot price. 

 
The spot price on Elspot is the main interest of this thesis and will be studied in detail in chapter 4. 
 

2.4 Eltermin 
 
On Eltermin electrical power is traded as forward contracts on daily, weekly, monthly, quarterly or 
yearly basis. These contracts are an agreement to buy or sell a fixed amount of electrical power in 
the future at a price agreed today. 
By using these kinds of contracts the electrical trading companies can balance their portfolios and 
hedge for large deviations in the electrical spot price. 
 

2.5 Hydro electrical power 
 
Hydro electrical power is harnessed through the potential energy that water has gained in its 
natural circulation from evaporation by the sun to precipitation at higher altitudes.  
The water gathers in lakes and rivers from where it can be used in hydroelectric power plants. 
By using a dam, water is lead through tunnels where turbines are driven by the streaming water. 
The energy produced is defined by the difference in altitude between the water level in the dam and 
the turbine. 
This, of course, means that the amount of water available is limited because of precipitation but 
also because of other hydro electrical power plants in the same river which may be owned by 
another electrical producer. 
 

 
Figure 2: Illustration of a hydroelectric power plant. 
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Contrary to e.g.  wind power, hydro electrical power can be produced at will, which implies that 
production can be planned to maximize profits. 
This further motivates the need for a good prognosis of the electrical spot price, since electrical 
producers want to produce more when the price is high, and less when the price is low. 
Some restrictions do apply, for instance, the maximum production capacity of the power plant and 
also minimum and maximum storage limits of the dam itself. 
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3 Theory 
 
 
This chapter explains the theory behind time series analysis and how it can be used to predict 
future values of the electrical spot price. 
 
 
The theory in this chapter is collected from [3] unless otherwise stated. 

3.1 Time Series 
 
The definition of a time series is a set of observations Xt, 0Tt∈ , where each observation is recorded 
at a specific time t.  
The kind of time series that will be analyzed in this report is discrete-time time series; this means 
that the set,T0, of times at which observations are made is discrete.  
 
An example of a time series is the daily mean temperature recorded each day for a whole year, this 
would result in a discrete-time time series with 365 ordered observations. 
 
When studying time series several features may be present, for instance, linear trend, seasonal 
components, outlying observations or other changes in behavior over time. 
These features may need to be handled before applying a model to the data. This can, for instance, 
be due to the fact that the model used requires the data to be stationary. 
 

3.2 Box-Jenkins Method 
 
The Box-Jenkins method uses a three-stage modeling process; this process is used as a guide line 
when working with time series. The three stages are identification, estimation, and verification. 
 
The identification stage deals with detecting outliers, assessing stationarity of data, and identifying 
model orders. By using tools as differencing, autocorrelation function and the partial 
autocorrelation function the orders of the initial model can be determined. 
 
Estimation refers to the chosen initial model; by using software like MATLAB, the model 
parameters can be estimated. This is done by maximizing what is called the likelihood function, this 
is a complicated process and it is the reason why advanced statistical software packages are used. 
 
The final step of the Box-Jenkin process is the verification of the estimated model. This is done by 
analyzing the residuals of the model. If they can be considered to be white noise then the model is 
an adequate fit of the underlying data.  
 
These three steps are iterated until a satisfactory model is found. 

3.3 Stationary Models 
 
Stationarity is a term used to describe the properties of a time series, simplified it means that the 
time series Xt has the same statistical properties as the time-shifted series Xt+h where all 
observations are shifted h integer steps. 
 
There are two types of stationarity, weak and strict stationarity. In this report, the conditions for 
weak stationarity will be used in the modeling process. 
A time series, Xt, is said to be weakly stationary if the following conditions are satisfied: 
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)()( tX XEt =µ  is independent of t 

 
(1) 

( )( )[ ])()(),(),( tXhtXEXXCovtht XtXhtthtX µµγ −+−==+ ++   
is independent of t for each integer value h (each lag). 
 
 

(2) 

)(tXµ is the mean function of Xt and ),( thtX +γ  is referred to as the covariance function of Xt. 
 

When applying the Box-Jenkins modeling approach later in this report, the models used will 
require the data to be weakly stationary. 

3.4 White Noise 
 
A sequence {Xt } of uncorrelated random variables with zero mean and variance σ2 is called white 
noise. When referring to a white noise sequence the following notation is used, 
 
{ } ),0(~ 2σWNX t . 
 
The residuals from the fitted model should be tested for white noise since most of the dependency 
in the data is covered by the model if the residuals are in fact white noise. 
 
A test that is commonly used for testing white noise is the Ljung-Box test. 
The test works by examining if a group of autocorrelations is different from zero. It thereby tests 
overall randomness and is defined as a portmanteau test. 
 
The Ljung-Box test can be defined as follows, 

 
0H = The data are white noise, autocorrelations are close to zero. 
1H = The data are not white noise 

 

∑
= −

+=
h

k

k

kn
nnQ

1

2ˆ
)2(

ρ , 
(3)  

 
The critical region for rejection of the null hypothesis is, 
 

2
,1 hQ αχ −

> , (4)  

where 2
,1 hαχ −

 is the (1-α )-quantile of the chi-square distribution with h degrees of freedom. 
 

3.5 The Autoregressive Model 
 
The Autoregressive, AR, model has the property that an observation at time t is a linear 
combination of observations at times t-1,t-2…t-p.  
The AR model of order p can be defined in the following way, 
 

tptpttt ZXXXX ++++=
−−−

φφφ ...2211  (5)  
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{ tX } are the observations at time t, φ  are the AR coefficients and together they form the AR 
polynomial. tZ is the residual term where { tZ }~WN(0,σ2) and tZ  is uncorrelated with sX for all s 
< t. An important part of the definition in equation (5) is that it requires {Xt} to be stationary. 

 
When identifying the order p of an AR(p) model the PACF can be used, the order is chosen as the 
highest lag where a significant correlation exists. 

3.6 The Moving Average Model 
 
The Moving Average, MA, model has the property that an observation at time t is a linear 
combination of past disturbances, also called shocks, at times t-1,t-2…t-p. 
The MA model of order q can be defined in the following way, 
 

ptptttt ZZZZX
−−−

++++= θθθ ...2211  (6)  

{ tX } are the observations at time t, θ  are the MA coefficients and together they form the MA 
polynomial. tZ is the residual term where { tZ }~WN(0,σ2) . 
 
When identifying the order p of a MA(q) model the ACF can be used, the order is chosen as the 
highest lag where significant correlation exists. 
 

3.7 ARMA Model 
 
By combining the AR(p) and MA(q) models, the ARMA(p,q) model can be defined. The ARMA 
model can better explain data which depends on past disturbances as well as linear dependence 
with past values. 
 
{Xt} is an ARMA(p,q) process if {Xt} is stationary and if for every t, 
 

ptptttptpttt ZZZZXXXX
−−−−−−

++++=++++ θθθφφφ ...... 22112211

 
(7)  

{ tX } are the observations at time t, θ  are the MA coefficients and together they form the MA 
polynomial, φ  are the AR coefficients and together they form the AR polynomial. tZ is the residual 
term where { tZ }~WN(0,σ2) and tZ  is uncorrelated with sX for all s < t. 
 
It is not as easy to identify the orders of the ARMA model as in the case of pure AR or MA models; 
however the ACF and PACF can still be used to give an initial estimate of the AR and MA order. 
It may also be a good idea to check the residuals after fitting a model for remaining dependencies. 

3.8 Differencing 
 
Differencing can be used  to obtain a stationary time series. A time series that is not stationary with 
respect to the mean because of trend and/or seasonality can be made stationary. 
The differenced time series is produced by subtracting the time series with lagged values from 
itself, the first order lag operator is defined as, 
 

tttt XBXXX )1(1 −=−=∇
−

, (8)  

where B   is the backward shift operator 1−= tt XBX . 
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The differencing operator can be applied several times if necessary to obtain a stationary time 
series. When dealing with seasonal data it can be preferred to use a seasonal differencing operator, 
it is defined as follows, 
 

t
d

dtttd XBXXX )1( −=−=∇
− ,  (9)  

where d is the period of the data. 

3.9 The Seasonal Autoregressive Integrated Moving Average Model 
 
By adding the possibility for differencing at a single lag and seasonal lag as well as allowing for 
seasonal components in the ARMA model the SARIMA model can be defined. 
 
For nonnegative integers d and D the series tX  is a SARIMA(p,d,q)(P,D,Q)s  process with period s 
if the differenced series t

Dsd
t XBBY )1()1( −−= is a causal ARMA process defined by, 

 
t

s
t

s ZBBYBB )()()()( Θ=Φ θφ ,  { tZ }~WN(0,σ2) (10)  

where )(zφ , )(zθ  are the regular polynomials and )( szΦ , )( szΘ  are the seasonal polynomials 
of the ARMA process. 
 
By using a SARIMA model it is possible to capture dependencies of a seasonal nature, for instance 
the electrical spot price has the property that holidays are usually lower priced than the rest of the 
weekdays. 
This motivates a seasonal component of seven days or 168 hours depending on the resolution of the 
data.  
 

3.10 Models with Exogenous Variables 
 
By using another time series that is known to covariate with the data at hand, one can improve the 
prediction performance of future values. 
The addition of an external input to a model is called using an exogenous variable in the time series 
modeling process. 
As an example, one could look at the ARMAX model which is an ordinary ARMA model with 
exogenous input. 
The ARMAX model is defined by,  
 

∑ ∑ ∑
= = =

−−−
+++=

p

i

q

i

b

i
itiitiititt dZXZX

1 1 1

ηθφ ,  { tZ }~WN(0,σ2) 
(11)  

 
 
where iη  is the coefficient of the exogenous input itd

− . 
 

3.11 Measures of Fit 
 
When evaluating different models it is important to be able to deduce which of the competing 
models that best fits the data.  
The following measures have been used in this report for this purpose. 
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3.11.1 Akaike Information Criterion 
 
The Akaike Information Criterion (AIC) is a measure that is used to compare models to each other, 
the AIC rewards models for good fit and penalizes models for complexity. The AIC is defined as 
follows. 

 
kLAIC 2)ln(2 +−= , (12)  

where L is the maximized value of the likelihood function, as can be seen the AIC penalizes 
complexity by the number of parameters, k. 
 
In the model selection process the model with the lowest AIC value will be chosen. 

3.11.2 Coefficient of Determination - R2 

 
The coefficient of determination gives information about the goodness of fit of a model. It is one of 
the most commonly used measures and it shows how much of the variability in a data set that is 
accounted for by the statistical model. 
There are several versions of this measure; the most general one is defined in the following way, 
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The R2 measure has a range between 0 and 1, where a value 1 indicates a perfect fit of the data. 
 

3.12 Measures of Prediction Performance 
 
There are many ways to quantify the prediction performance of a model, the advantage one has 
when doing predictions on historical data is that the correct answer is readily available.  
In this report there will be six different measures used, four of which that rely on the actual 
outcome and the other two tests will be competing models. 
 
The MATLAB script that I have programmed uses all these methods to compare models. 
All the performance measures are listed below. 

3.12.1 Mean Square Error 
 
The Mean Square Error, MSE, measure the average of the square of the error. It is often used in 
statistics to estimate the difference between an estimator and the true value being estimated. 
The MSE is a variance measure of the residuals from the model however; if systematic error is 
present it is not an unbiased estimate of the residual variance. 
It is defined as follows. 
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Low values of the MSE measure indicate a good fit of the model. 
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3.12.2 The Mean Absolute Percentage Error 
 
The Mean Absolute Percentage Error, MAPE, is a measure of accuracy in a fitted time series, it is 
measured in percentage.  
The MAPE is defined as follows, 
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(15)  

 
where tX  is the actual value, tX̂  is the predicted value. 
 
The MAPE as a performance measure has one major drawback, if the actual value is zero there will 
be a division by zero resulting in calculation errors. 
 

3.12.3 The Median Absolute Percentage Error 
 
The Median Absolute Percentage Error, MAPE2, is as MAPE a measure of accuracy in forecasted 
time series. The difference from MAPE is that it uses the median instead of the mean value. 
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where tX  is the actual value, tX̂  is the predicted value. 

 
The advantage of the MAPE2 measure is that it can handle zero value, however it will not show the 
effect of large deviations as well as the MAPE value. 
 

3.12.4 The Mean of Prediction Residuals 
 
This test is straightforward, by calculating the mean of the prediction residuals (MPR) it can be 
examined if the residuals are close to zero. 
The purpose of this test is to examine if the models are generating forecasts that are similar in 
mean value to the actual outcome, this serves as an indication of systematic error in the forecasts. 

3.12.5 Competing Models 
 
By comparing these performance measures between competing models one can make decisions 
regarding which model to use. 
Two competing models will be used in this report, the naive test and a model given by Skellefteå 
Kraft.  
 
The naive test works by taking this week’s spot price as prognosis for the coming week. 
This test sounds way too simple, but in fact some practitioners believe that using this method 
together with a method for removing extreme outcomes is a good way of testing the prediction 
performance of a model [8].  
 
The second competing model is the already existing model given by Skellefteå Kraft for evaluation 
in this project; I am not allowed to explain further details of this model. 
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4 Method 
 
 
This chapter describes the process of finding a suitable model for the electrical spot price.  
 
 

4.1 Data Management 
 
The data in this report consist of the electrical spot price as well as consumption data of the Nordic 
countries, all data are gathered from Nord Pool and span January of 2006 to May of 2010 [1].  
Electric power can be purchased for every hour of the following day; this means that for every day 
included in the model making process, 24 observations need to be stored. 
The same number of observations is applied to the temperature and consumption data, which are 
the hourly recorded consumption of the Nordic countries, both will be used to examine if 
exogenous variables can help to give better predictions. 
It is important to keep the observations “date stamped” when gathering data, as mixing up data 
would lead to significant mistakes in the prognosis. 
 
The number of observations quickly becomes very large when several years of data need to be 
stored to keep the uncertainty in parameters low. 
An issue arises because of the large amount of observations; correlation may remain in the 
residuals of the model. This implies that it will be hard to represent all the dependencies in the data 
when working with a large data set [6].  
 

4.2 Data Preprocessing 
 
The outcome of the model is affected by outliers. By outliers we mean observations in the data 
which are not reasonable and can be traced back to measurement errors or extreme outcomes 
which could affect the model negatively. 
 
Minimizing the number of outliers is of course wanted, at the same time excessive manipulation 
may erase existing dependencies in the data. 
Therefore, the choice of model and the tools used in that purpose, for instance the ACF and PACF, 
depend on data which have a minimum amount of outliers without losing important correlations. 
 
In this report, a technique for data preprocessing is used which splits the data into the separate 
weekdays giving seven different time series. All the observations in the data that deviate more than 
three standard deviations from the mean are then classified as outliers.  
Thereafter outliers are replaced by the mean of the two nearest non-outlier observations. 
The effect of this treatment is that only the very extreme outcomes in the electrical spot price are 
changed.  
 
This technique is borrowed from Mugele et al. [7] with one own modification, instead of strictly 
using the mean of the two nearest observations, the method in this report finds the two nearest 
non-outlier observations. By using this technique, two neighboring outliers can be handled with 
just one application of this process.  
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4.3 Algorithm Description 
 
The complexity of the electrical spot price makes it a very interesting commodity to model. 
It exhibits the features of a financial derivative with extreme price deviations coupled with clear 
seasonal behavior on a yearly, daily as well as hourly basis. 
These features all need to be accounted for developing a model that successfully can predict future 
values of the spot price. 
 
The algorithm used in this report deals with the properties of the electrical spot price in the 
following way. It splits up the modeling in three separate steps which aim to capture as much as 
possible the dependencies in the data. 
By doing this, we can depict the spot price in the following way: 
 

)()()()( tDtWtYtP ++= , (17)  

 
where P(t) corresponds to the electrical spot price, Y(t) the yearly seasonal component, W(t) the 
weekly component with daily price level, and D(t) corresponds to the daily component with an 
hourly price profile.  
  
These steps are explained in detail in the following sections. 
 

4.3.1 The Yearly Model – Seasonality and Trend 
 
It is widely known that the winter in the Nordic countries is often very cold, this of course leads to 
an increase in the demand of electrical power since heating of houses and other structures are 
needed.  
At the same time, the level in the water reservoirs is at minimum before the spring flood. This leads 
to a decrease in supply of electrical power and a possible increase in the electrical spot price. 
 
Another possibility is the effect of a long term linear trend in the electrical spot price, the reason for 
this could be the effect of e.g. long term increase in demand while the supply of cheap electrical 
power from hydroelectric power plants is rather constant. Therefore, more expensive means of 
production must be used. 
 
Therefore, a harmonic regression with linear trend are examined, 
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where Y(t) corresponds to the yearly seasonal component, A and B determine the amplitude and 
phase of the seasonal part, C and D determine the linear trend. The number 8766 corresponds to 
the number of hours of a year. 
 
An example of this treatment can be seen below. 
 



Umeå Universitet  2010-09-06 
 

Johan Lindberg 
HT2010 
Examensarbete, 30 hp 
Civilingingenjör, Teknisk Fysik, 300 hp 22 

 
Figure 3: An example of the harmonic regression with linear trend that is performed on the data. 
 
Table 1: Coefficients of the estimated harmonic regression with linear trend 

Coefficient Value 95% CI  
A -0.752 (-0.985, -0.519) 
B -4.707 (-4.960, -4.455) 
C 0.00214 (0.00211, 0.00218) 
D 22.07 (21.72, 22.42) 

R2 0.557  
 
 
By then subtracting the yearly component from the electrical spot price the model now reads: 
 

)()()( tDtWtP += , (19)  

where P(t) corresponds to the electrical spot price, W(t) the daily price level and D(t) corresponds 
to the hourly price profile.  

 
The electrical spot price now consists of a daily component and an hourly component, the result is 
shown in the figure below. 
 

 
Figure 4: Example of the electrical spot price after removing the  

harmonic regression with linear trend. 
 
The effect of this regression will be examined later where models without this treatment are 
developed as well. 
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Therefore, the effect of this seasonal treatment will be examined in Chapter 5 where a model 
without harmonic regression is also considered.  
 

4.3.2 The Weekly Model – Daily Price Level 
 
The weekdays exhibit some unique influences on the electrical spot price. For instance, holidays are 
often lower priced compared to the weekdays. One reason for this could be that the demand of 
electrical power is lower due to decreased activity of the industries. 
Other properties are also present, for instance, Mondays that seem to be higher priced than rest of 
the week and Friday afternoons which are often lower priced than other afternoons. 
 
These effects motivate a seasonality of seven days. A simple way to put it is that a Monday is often 
very similar to other Mondays.  
 
In the figure below, an example of a one week price profile is shown. The properties explained 
above can be seen. 
 

 
Figure 5:  An example week of the electrical spot price. 

 
Before applying any time series models to the data the assumption of normality must be assessed, 
the electrical spot price after the previous harmonic regression is plotted in a QQ-plot and a 
histogram. The result is compared to the logarithmic transform of the data to reveal if this 
transformation will make the data more normally distributed. 
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Figure 6: QQ-plot of the electrical spot price. The first plot is of the spot price, the second plot is 

of the logarithmic transformation of the spot price. 
 
By examining the QQ-plot it seems like the logarithmic transform is a better fit to the standard 
normal quantiles. 
 

 
Figure 7: Histogram of the electrical spot price. The first plot is of the spot price, the second plot 

is of the logarithmic transformation of the spot price. 
 
The histogram shows the same effect, the transformation removes some of the heavy tails of the 
untransformed data. 
With this transformation it is concluded that the data is not perfectly normally distributed but good 
enough to continue with the model making process. 

 
To account for the change in price level of each weekday the time series is transformed from an 
hourly time series to a daily time series by taking the average of each day as an observation. 
 
An example of the resulting time series is shown below. 
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Figure 8: The electrical spot price with resolution on a daily level. 

 
 
Before applying any model the data are differenced with a lag of seven, this is due to the seasonality 
of the weekdays and to obtain stationarity.   
The transformation used here can be seen as a variant of the commonly used standard log-returns 
transformation where a lag of one is used when differencing the data. This transformation is 
commonly used when dealing with prices. 
The differenced data passes the Dickey-Fuller test for unit root1 and by examining the figure below 
it looks to be stationary. By passing the Dickey-Fuller test the data can also be considered to not be 
white noise, thereby dependencies exist which need to be modeled. 

 
Figure 9: The differenced daily data. 

 
The differenced data show some signs of volatility clustering, this is a sign of GARCH-effects, but 
this is left for future work and the modeling process continues. 
                                                             
1  The results of this test can be found in appendix 
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Figure 10: The ACF and PACF of the differenced daily data. 

 
The ACF and PACF in Figure 10 suggests a SARIMA(1,0,0)(0,1,1)7, first a SARIMA(1,0,0)(0,1,0)7 is 
fitted and the residuals are examined using the ACF and PACF to confirm the seasonal component.  
The result  is shown in Figure 11 below. 
 

 
Figure 11: The ACF and PACF of the residuals from a SARIMA(1,0,0)(0,1,0)7 model. 

 
The decay through every seventh lag of the PACF together with one significant lag at the seventh lag 
in the ACF motivates a SARIMA(1,0,0)(0,1,1)7  model. 
Over fitting by adding additional terms did not result in any improvement in the AIC value so the 
chosen model is used. 
Fitting this model and examining the residuals in the ACF and PACF result in Figure 12 shown 
below. 
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Figure 12: The ACF and PACF of the residuals from a SARIMA(1,0,0)(0,1,1)7 model. 

 
When studying the ACF and PACF it looks like the model has explained most of the important 
dependencies of the daily data, a few significant correlations still exist but they are small in 
magnitude and it could be an effect from having a large data set. 
To test the residuals for white noise a Ljung-Box test is used, the residuals passes the Ljung-Box Q-
test for randomness on a 10% significance level.2 
Furthermore the residuals are examined using a QQ-plot and a histogram, results can be seen in 
Figure 13 below. 
 

 
Figure 13: QQ-plot and histogram of the residuals from the SARIMA(1,0,0)(0,1,1)7 

 
The residuals are showing signs of excessive kurtosis, however the System Identification Toolbox 
used in Matlab does not support any other probability distributions than Gaussian distribution for 
the model fitting process.   
The Spectral Analysis of the residuals is also examined; the result is shown in Figure 14. 

                                                             
2  The results of this text can be found in Appendix A. 
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Figure 14: The Spectral Analysis of the residuals from the daily model. 

 
 

 
Figure 15: The cumulative periodogram of the residuals. 

 
The periodogram in Figure 14 is close to constant, however the cumulative periodogram suggests 
that there are no significant frequencies left in the residuals. 
 
The resulting SARIMA(1,0,0)(0,1,1)7  model is, 
 

7871 799.0856.0856.0
−−−−

−=+−− tttttt ZZWWWW , { tZ }~WN(0,σ2). 
 
By taking the inverse log transform and subtracting this result from the electrical spot price the 
only remaining component is now the hourly part of the spot price.  
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4.3.3 The Daily Model – Hourly Price Profile 
 
The seasonal properties on an hourly level are mainly the effect of higher prices during peak 
consumption hours. Specific weekdays also exhibit unique characteristics, Friday, for instance, is 
often missing an afternoon peak while the other weekdays clearly show this property. 

 
The same strategy as in the daily case is used but with one big difference. 
Since the weekdays are so unique in their properties, and because the daily model already has taken 
care of the change in price level between the days, a parallel approach is used in the hourly model. 
What this means in practice is that the remaining time series, after the daily model has been 
subtracted, is split up in the seven days of the week, resulting in seven time series on an hourly 
level. 
 
The same strategy that was used in the daily model is then applied to each of these time series, the 
difference being that the seasonality is now 24 hours instead of 7 days. 

 
First the resulting time series after subtracting the yearly and weekly model and dividing into seven 
time series is plotted and examined; the result is shown in figure 15 below, with Monday as an 
example. 
 

 
Figure 16: The electrical spot price after subtracting the yearly and weekly price models. 

 
As can be seen in Figure 16 the spot price is now centered around zero which means that the 
modeling can focus on the hourly price profile. 
The data is then, as before, log transformed to make it more normally distributed.  
The issue of negative prices is approached by adding a constant to the price before the logarithmic 
transformation; this constant is then subtracted after the inverse transform has been made.  
To bring the hourly spot price to a stationary level it is first differenced with a lag of 24, this is 
equivalent to the log-returns transform that was done on the weekly model but with a lag of 24 
instead of 7. 
The differenced time series passes the Dickey-Fuller test for unit root.3 
The resulting time series is shown in Figure 17,  
 
                                                             
3  Test results can be found in Appendix A 
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Figure 17: The hourly spot price log transformed and differenced by lag 24. 

 
To reveal the dependency in the data the ACF and PACF of the differenced data are studied. 
 

 
Figure 18: The ACF and PACF of the differenced time series. 

 
When studying the ACF and PACF it seems like it would be a good idea fit a SARIMA(1,0,0)(0,1,0)24 
model to the hourly spot price and examine the residuals.  
This is because the ACF has an exponential decay and one significant lag in the PACF. 
The seasonal lags will be more clearly shown after this fit. 
The resulting ACF and PACF of fitting the SARIMA(1,0,0)(0,1,0)24 is shown in figure 19. 
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Figure 19: The ACF and PACF of the residuals after fitting a SARIMA(1,0,0)(0,1,0)24. 

 
The PACF has a decaying correlation through every 24th lag, it can also be seen that the ACF has a 
significant lag in the 24th lag.  
Examining the ACF and PACF in figure 19 suggests that a SARIMA(1,0,0)(0,1,1)24 model should be 
used, however when running a lot of prediction cycles I have found that a SARIMA model with only 
autoregressive seasonal terms gives a much better prediction. 
Therefore, after over fitting, a SARIMA(2,0,0)(2,1,0)24, is used instead. ACF and PACF of the 
residuals are shown in figure 20.  
 

 
Figure 20: The ACF and PACF of the residuals after fitting a SARIMA(2,0,0)(2,1,0)24. 

 
Examining the ACF and PACF it looks like most of the dependencies in the data have been 
explained by the SARIMA model. Some small correlations still exist, this may be due to that the 
weekly model did not perfectly fit the daily price level of each day and a small error between each 
day is introduced. Adding additional seasonal terms to the model does not improve the AIC value 
and therefore the SARIMA(2,0,0)(2,1,0)24 model is kept. 
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The residuals pass the Ljung-Box test for randomness.4  
The residuals are examined in a QQ-plot and histogram to examine if they are normally distributed. 
 

 
Figure 21: QQ-plot and histogram of the residuals after fitting a SARIMA(2,0,0)(2,1,0)24. 

 
The QQ-plot shows that the residuals deviate from the normal distribution. The flatness of the line 
in the QQ-plot is an indication that the normal distribution is less dense than the sample 
distribution.  
The Spectral Analysis of the residuals is also examined, the result is shown below. 

 
Figure 22: The Spectral Analysis of the residuals from the hourly model. 

 

                                                             
4  Results can be found in Appendix A. 
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Figure 23: The cumulative periodogram of the residuals. 

 
When observing the periodogram plot it can be seen that it exhibits no clear peaks except maybe for 
the maximum value which corresponds to a frequency of 0.0836 Hz which translates to 24 hours. 
This can, as stated earlier, be because of small errors introduced from the weekly model.  
However, when inspecting the cumulative periodogram in Figure 23 the residuals are within the 
confidence bounds. 
 
The resulting SARIMA(2,0,0)(2,1,0)24 model for the hourly price profile is: 
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Note that the model is written in additive instead of multiplicative form since the System 
Identification Toolbox handles seasonal models in that form. Take the Dt-24 term for instance, in a 
multiplicative form it would have been obvious that differencing with lag 24 has been made which 
is not as easily seen in the above form. 
Two terms are close to being unsignificant, however removing them does not improve the AIC value 
and they are kept in the model. 
 
By combining the models for all the weekdays a full model for the hourly electrical spot price can be 
created. Note that Dt is the model of the logarithm transformation of the time series, thus it needs 
to be retransformed after the prediction has been made. 
 

4.4 Adding Exogenous Variables 
 
By using an exogenous variable that correlates well with the endogenous variable (in this case the 
spot price) it is possible to improve the fit and prediction performance of the chosen model. 
For instance, the SARIMA model defined in equation (10) can be seen as a SARIMA model with 
exogenous input, also called SARIMAX. 
 

tt
s

t
s XBZBBYBB )()()()()( ηθφ +Θ=Φ , (20) 

where Yt is the endogenous variable, Zt is white noise and Xt is the exogenous variable. 
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The lag and number of terms of the exogenous polynomial needs to be determined, the lag can be 
determined by studying a cross-correlation plot between the endogenous and exogenous variable. 
The cross-correlation plot shows the correlation between the two variables at different time lags. 
As an example the cross-correlation plot between the electrical spot price and the consumption for 
the Nordic countries is shown below. 
 

 
Figure 24: The cross-correlation plot between the load and electrical spot price. 

 
As can be seen the correlation is highest for a lag of zero hours, thus the exogenous variable should 
not be lagged relative to the endogenous variable. 
 
The number of terms in the exogenous polynomial, )(Bη , is then chosen by minimizing the AIC 
criterion for competing SARIMAX models. 
 
When forecasting by using exogenous variables, the future values of the exogenous variable need to 
be estimated to be able improve the forecast of the endogenous variable. 
There exist forecasts of both temperature and system load, but when evaluating the model over a 
historical period, there is a need for historical forecasts. 
These historical forecasts could not be found, instead the historical values themselves will be used 
as a ”perfect forecast” of the exogenous variable. 
This may give overly optimistic results but should serve as an indication on whether it is 
advantageous to use the variable as exogenous input or not. 
 
When implementing the script for running live the exogenous variable will of course need to be 
replaced with actual forecasted values. 
 
The two exogenous variables that will be examined in this report are the electrical consumption of 
the Nordic countries and temperature data recorded in Stockholm.  
The consumption data have been obtained from Nord Pool [1].  
The temperature data are recordings of daily mean temperature in Stockholm for the years 1756-
2009 [10],[11].  
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4.5 Forecasting 
 
The forecast with the method described in the previous sections is done in three steps, one for each 
part of the model.  
 
The yearly model is easily forecasted by extrapolating the harmonic regression for whatever horizon 
that is specified by the user. 
 
The daily model is forecasted by doing a prediction with the fitted SARIMA/SARIMAX model, one 
limitation of this script is that it requires that the forecast horizon is an integer number of days. 
 
The hourly model is analogous to the daily model except that the resolution of the data is hours. 
For each weekday, a forecast is made, and then the full hourly forecast is created sorting the 
weekdays in the correct order. 
 
The use of an exogenous variable is done only in the daily model, this is because the resolution of 
the available temperature data is daily observations. 
 
Finally, the three forecasts (yearly, daily and hourly) can be added to acquire the full forecast. 
The resulting fit and prediction of the full model are shown in chapter 5. 
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5 Results 
 
 
This chapter show the results of the competing models. 
 

 

5.1 Model Fit 
 
The model fit will be demonstrated in two steps, first the fit with yearly and daily components is 
done, and an outtake of the results is shown in the plot and table below. 
The total fitting period is chosen to be 2 years of data, this large amount of observations is used to 
keep the uncertainty in parameter estimations low. 
 

 
Figure 25: The yearly and daily component of the fit is compared with the electrical spot price. 

 
When examining the plot closely it can be seen that the model is a step function with each step 
being 24 hours. This is of course due to that the hourly model still is not added. 
The measures of fit are shown in the table below. 
 
Table 2: Measures of fit for the combined yearly and daily model. 

Measure Value 
MAPE 0.1567      (15.67% ) 
MAPE2 0.0825     ( 8.25% ) 
R2 0.8096     ( 80.96% ) 

  
Next step is to add the hourly model to complete the full fit of the data, the result is shown below in 
the same manner as above. 
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Figure 26: The full fit of the electrical spot price. 

 
As can be seen the model is now a good fit of the electrical spot price. The measures of fit are shown 
in Table 3 below.  
When observing the model fit and the data itself it is easy to note that the majority of the 
differences are at extreme observations.  
 
Table 3: Measures of fit for the complete model. 

Measure Value 
MAPE 0.0095     ( 0.95% ) 
MAPE2 0.0002     ( 0.02% ) 
R2 0.9999      ( 99.99% ) 

  

5.2 Model Forecast 
 
The script is designed in such a way that the user can choose the horizon for the forecast in an 
integer number of days. 
For presentation purposes the horizon will be set as seven days. In figure 27 there is an example of 
a one week forecast generated with the script. 
The model used in this example is without any exogenous variable and the cases with or without 
harmonic regression are both tested. 
The unique properties of each day that was earlier mentioned can all be seen in this example, for 
instance the small afternoon peak for Fridays and lower priced weekends. 
The model captures these effects well in this example. 
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Figure 27: Example of a one week prognosis. 

 
 
 
Table 3: Example of performance measures. 
Measure Forecast with 

harmonic regression 
Forecast without 
harmonic regression 

Naive test Skekraft model 

MAPE 0.0405 0.0375 0.0573 0.0567 
MAPE2 0.0341 0.0302 0.0483 0.0501 
MSE 4.2958 3.8875 7.2411 7.9520 
 
 

5.3 Model Results – Competing Models 
 
To be able to evaluate the method used in this report it will be compared to competing models over 
a long time span. The testing period has been chosen as one-week forecasts for the year 2009. 
This should result in 52 forecasts from which performance measures can be calculated.  
However the model supplied from Skellefteå Kraft failed to generate forecasts for 4 of the 52 weeks 
resulting in 48 total forecasts. 
 
The prediction performance measures used will be MAPE, MAPE2, and MSE. The presented values 
for each model are the mean performance measure over the 48 weeks. 
Furthermore the mean of the prediction residuals will be examined to reveal if the model is 
systematically over- or underestimating the electrical spot price. 
 
 



Umeå Universitet  2010-09-06 
 

Johan Lindberg 
HT2010 
Examensarbete, 30 hp 
Civilingingenjör, Teknisk Fysik, 300 hp 39 

The models developed in this report are also forecasted without the harmonic regression of the 
data, instead the data are differenced directly with lag 24 hours. All other steps of the modeling 
process are analogous to the method explained in Chapter 4. 
 
To determine the effect of an exogenous variable, the forecasts are made without exogenous 
variable as well as using temperature and consumption as exogenous variables. 
This generates three different forecasted series to evaluate against each other. 
 
Below the results of the mentioned forecasts are shown. 
 
Table 4: Results of forecasts done on the electrical spot price. Testing period is the year of 2009 
where forecasts have been done on a one week basis for a total of 48 weeks. The model developed 
in this report is here referred to as the standard model. Bold values represent the best performing 
model. 
S  – Standard model 
SH  – Standard model with harmonic regression and linear trend 
ST  – Standard model with temperature as exogenous variable 
SHT  – Standard model with temperature as exogenous variable and harmonic regression with 

linear trend 
SC  – Standard model with consumption as exogenous variable 
SCH – Standard model with consumption as exogenous variable and harmonic regression with 

linear trend 
SM  – Skellefteå Kraft model 
N  – Naive test 
 
Measure S SH ST SHT SC SCH SM N 
MAPE 0.1316 0.1406 0.1269  0.1362 0.1310   0.1368 0.1320 0.1554 
MAPE2 0.0719 0.0794  0.0690  0.0769 0.0708 0.0766  0.0788 0.0763 
MSE 565.94 572.47  554.85  558.53  577.40  570.91 552.02 1126.32 
MPR 0.3952 0.4667 0.5792 0.6632 0.2733 0.3708 1.5783 0.6206 
AIC -6.54 -5.54 -6.55 -5.55 -6.55 -5.54 - - 
 
Here it can be seen that the model with lowest MAPE and MAPE2 values is the Standard model 
with temperature as exogenous variable. 
The MPR value, which stands for Mean of Prediction Residuals, is an indication on whether the 
specific model is under- or overestimating the spot price. 
 
The results will be discussed further in Chapter 6. 
 

5.4 Final Model 
 
The final model chosen is the standard model with temperature as exogenous variable. 
In practice and as explained in Chapter 4, the model is made up of two individual models, one 
weekly model for the daily price level and one daily model for the hourly price profile. 
 
The weekly model consists of a SARIMAX model where temperature is used as an exogenous 
variable. The modeling process was done on log-transformed data and therefore the inverse 
transform is made. wt is the daily price level in Euro/MWh, Wt is the log-transformed daily price 
level and Xt is the daily mean temperature as exogenous input. 
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The data used for the daily model is then created by subtracting the price level of each day from the 
electrical spot price. 
Then the hourly price profile is added to the daily price level with the help of a SARIMA model for 
each day. 
 
The daily model is a SARIMA model. The modeling process was done on log-transformed data and 
therefore the inverse transform is made. dt is the hourly price in Euro/MWh, Dt is the log-
transformed hourly data, 
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The final model is achieved by adding the weekly and daily models. Note that the value of the 
coefficients is an example; they will change when fitting the model for different time periods. 

5.5 Residual Analysis of Final Model 
 
Because of that the model is split up in the individual days of the week to obtain faster 
computations some dependence between days will be lost.  
Therefore a weekly model was introduced to capture the dependence between the individual days. 
However, when subtracting this weekly model from the electrical spot price a small error between 
each day will be introduced, this is because the actual spot price does not have the property that it 
suddenly changes price level each 24th hour. Therefore, some significant correlation in the residuals 
is expected for every 24th hour. 
This reasoning supports the use of a separate model for each of the 24 hours instead of each 
individual weekday. The approach of individual models for each hour has not been implemented in 
this report, however, other authors as Mazengia. [13] has used this approach with comparable 
forecast performance to the method in this report. 
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Figure 28: The ACF and PACF of the total residuals. 

 
As can be seen in Figure 28 some correlation still exists between the weekdays.  
The reason for this could be the use of a weekly model which subtracts a mean value from each day 
introducing small errors in the overlap of the weekdays. 
However, not using a weekly model would result in significantly worse predictions as the 
correlation between weekdays would be lost. 
 
 

 
Figure 29: Histogram and QQ-plot of the total residuals. 

 
Examining Figure 29 it is evident that the residuals are showing signs of heavy tails .  
This is the same result as in the weekly and daily models. 
 
Figure 30 shows a peak at the frequency corresponding to 24 hours. 
However, the cumulative periodogram in Figure 31 shows that the residuals are within the 90% 
confidence region. 
 



Umeå Universitet  2010-09-06 
 

Johan Lindberg 
HT2010 
Examensarbete, 30 hp 
Civilingingenjör, Teknisk Fysik, 300 hp 42 

 
Figure 30: The total residuals and periodogram of the total residuals. 

 

 
Figure 31: The cumulative periodogram of the total residuals. 

 
A conclusion to the residual analysis is that the simple time series models introduced in this report 
captures the dynamics of the electrical spot price quite well. Some correlation does still exist in the 
residuals of the model but they are considered small and may be present because of the choice of 
parallel models for the separate weekdays. 
The individual models as well as the full model result in residuals with heavy tails. 
Future work would be to implement GARCH models to capture the volatility clustering which is 
present when examining the electrical spot price. 
It would also be interesting to implement a model which was based on each hour of the day to be 
able to compare them more thoroughly.  
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6 Discussion and Conclusion 
 
In this report, the prediction performance of six different models has been evaluated by comparing 
them to each other and two competing models, the naive test and the Skellefteå Kraft model. 
The model selection process has been done in a deductive manner by following existing theory, 
which has resulted in the models presented. 
 
The method of harmonic regression and linear trend discussed in chapter 4 has not been found to 
increase the predictive ability of the electrical spot price.  
Note from Table 4 that all models without harmonic regression have better prediction performance 
than their harmonic regression counterpart. 
The method of harmonic regression with linear trend is an alternative to differencing when 
modeling seasonality with trend.  
It is found here that the regression method did not yield significant results when applied on a yearly 
basis. The conclusion is that the yearly component from the regression method is not significant 
when forecasting with a one week horizon. 
 
The validity of the data used in this report should be high since spot price and consumption data 
are collected from Nord Pool and the temperature data are collected from SMHI, the time series 
that was originally published by Moberg et al. [9],[10],[11].  
 
Methods for dealing with outlying observations are used. This data preprocessing may affect 
prediction outcomes, but the implemented method resulted in only affecting really extreme values 
of the electrical spot price. 
To quantify, when treating two years of data (2007-2008) with hourly resolution (roughly 18000 
observations) the preprocessing method identified 128 observations as outliers which corresponds 
to about 0.7% of the total observations or about 1 outlying observation per week. 
 
The issue of non-normality of the data was left out of the scope of this report; this was mainly due 
to the lack of support for other distributions when working with the System Identification Toolbox. 
Further work on the subject would be to examine different probability distributions and also to 
examine GARCH effects since volatility clustering seems to be present in the electrical spot price 
when examining the differenced data and the squared residuals. 
 
When analyzing the MAPE and MAPE2 values for the different models it is clear that the standard 
model with temperature as exogenous variable gives the lowest values. 
This means that the mean and median absolute percentage error taken as a mean over the 48 
forecasted weeks is lowest for this model.  
The fact that both MAPE and MAPE2 are lowest for this model is a good sign that it is to be 
preferred over the others. 
Weron and Misiorek [12] have also done work with similar time series models and Nord Pool data, 
they achieved a Weighted Mean Absolute Error (WMAE) value of 4.33% over 20 chosen weeks from 
the period 2003-2004. 
The WMAE value of the model developed here for the whole year of 2009 is 9.4%. 
Two things make it hard to compare these values; the first is that they chose 20 weeks to perform 
their forecasts on instead of using the whole year.  The second is that the prices on Nord Pool were 
generally a lot less volatile during the period 2003-2004 (between 25-35 Euro/MWh for the most 
part)  compared to 2009-2010 (between 25-60 Euro/MWh) which makes it easier to use models 
which depend on historical values.  
Mazengia [13] has also used autoregressive models, one for each hour, to do forecasts on Nord Pool 
data. Result is given as MAPE for three weeks during 2007, they range between 3% and 13.4%. This 
is comparable to the result obtained in this report with MAPE values between 3% and 15% (some 
extreme outcomes do exist with MAPE > 30%). 
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When examining the mean of prediction residuals (MPR) a value close to zero is wanted, this 
indicates that the model is making minimal systematic errors in the form of under- or 
overestimating the value of the electrical spot price. 
As can be seen in Table 4, all of the models developed in this report overcome the Skellefteå Kraft 
model in this regard.  
All standard models but the one with harmonic regressions and temperature as exogenous variable 
beat the naive test when it comes to MPR. 
This indicates that the models developed in this report have less systematic error than the naive 
test and the Skellefteå Kraft model. 
 
The choice of exogenous variable relies on two aspects, the availability of forecasts and the increase 
in prediction performance of the endogenous variable. 
Consumption data are available from Nord Pool, however there are not always complete forecasts 
available for all the Nordic areas and especially not when the forecast horizon is longer than a day. 
This means that forecasts needs to be produced which may not be optimal compared to the 
temperature where sophisticated forecasts exist. 
Temperature forecasts are, as said, readily available at the same time as they in this report 
produced the best forecasts for the electrical spot price. 
This motivation supports the use of temperature as exogenous variable since it is easy to use and 
produces better forecasts on the period studied here. 
 
The mean squared error (MSE) is also measured for each of the models, since there seems to exist 
systematic error in the forecasts the MSE is not an estimate of the true variance of the residuals, 
however when comparing the naive test to the standard models it is apparent that the MPR is 
similar in magnitude between the models while the MSE is double in magnitude for the naive test.  
This effect is an indication that there are larger deviations from the actual outcome for the naive 
test than the standard models, hence the standard models are to be preferred. 
The MSE is harder to analyze when comparing it with the Skellefteå Kraft model. 
 
Further work could be to quantify the actual gain from choosing one model over the other when 
using them in practice. 
It would also be interesting to examine models for dealing with jumps in the spot price, these jumps 
are one of the big drawbacks of the models developed here since they rely on historical values and 
will not detect sudden changed in the spot price. 
 
As a conclusion it can be said that the models developed here seems to be valid alternatives to the 
competing models in this report. 
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Appendix A - Tests 
 
Dickey-Fuller test of the differenced daily prices: 
 
[h,pValue] = adftest(d7dayvec,'lags',0:8,'model','AR') 
 
h =    1 
 
pValue =  1.0000e-003 
 
Rejects the null hypothesis of a unit root. 
 
 
Dickey-Fuller test of the differenced hourly prices: 
 
[h,pValue] = adftest(d24y2,'lags',0:25,'model','AR') 
 
h =    1 
 
pValue =  1.0000e-003 
 
Rejects the null hypothesis of a unit root. 
 
 
Ljung-Box Q-test of residuals from daily model: 
 
[h,pValue] = lbqtest(sarres) 
 
h = 0 

 
pValue =  0.1049 
 
 
Ljung-Box Q-test of residuals from hourly model: 
 
 [h,pValue] = lbqtest(rwlog) 
 
h =   0 
 
pValue =  0.1455 
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