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Research		
questions:	 Which	 are	 the	 key	 variables	when	building	 short-term	electricity	

price	models	on	Nord	Pool?	
	 Which	 model	 types	 are	 most	 suitable	 to	 forecast	 the	 short-term	

electricity	prices	on	Nord	Pool?	

Purpose:	 	The	purpose	of	this	degree	project	is	to	identify	key	variables	and	
suitable	models	to	forecast	the	short-term	electricity	prices	at	Nord	
Pool.	This	will	be	done	by	identifying	factors	affecting	the	electricity	
system	price,	perform	correlation	analysis,	and	test	different	model-
types	 to	 examine	 their	 forecasting	 performance.	 Data	 for	 the	
variables	has	to	be	free	and	the	models	must	work	without	special	
programs,	since	the	target	for	the	models	is	that	they	will	be	simple	
enough	to	be	used	by	smaller	companies.	

Method:	 A	quantitative	research	approach	has	been	conducted.	The	literature	
review	involved	information	gathered	from	the	topics	of	short-term	
electricity	 price	 forecasting	 and	 regression-,	 and	 time	 series	
analysis.	 Interviews	were	 carried	 through	 confirm	 variables	 from	
the	 literature	 review	 and	 possibly	 identify	 new	 variables.	 A	
correlation	analysis	was	then	made	to	see	if	the	identified	variables	
were	 suitable	 for	 the	 Nordic	 market.	 Several	 model	 types	 with	
different	 approaches	 were	 then	 built.	 The	 results	 were	 analyzed	
using	R-squared	and	mean	absolute	percentage	error	analysis.	

Conclusion:	 The	 recommended	 set	 of	 variables	 are	 electricity	 demand,	
differenced	electricity	demand,	and	electricity	prices	lagged	by	24	
and	 168	 hours.	 For	 week-ahead	 forecasts,	 the	 regression	 model	
with	 an	 hourly	 approach	 is	 recommended,	 while	 for	 day-ahead	



 

forecasts,	 the	 SARIMAX-model	 is	 recommended,	 which	 also	
includes	 electricity	 prices	 lagged	 by	 1	 and	 2	 hours	 as	 input	
variables.	
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Frågeställning:	 Vilka	 är	 de	 viktigaste	 variablerna	 när	 man	 bygger	

korttidselprismodeller	på	Nord	Pool?	
	 Vilka	modelltyper	är	mest	lämpliga	för	att	förutspå	det	kortsiktiga	

elpriset	på	Nord	Pool?	

Syfte:	 Syftet	med	detta	arbete	är	att	identifiera	de	viktigaste	variablerna	
och	 hitta	 lämpliga	 modeller	 för	 att	 förutsäga	 korttidselpriser	 på	
Nord	Pool.	Detta	kommer	göras	genom	att	identifiera	faktorer	som	
påverkar	det	kortsiktiga	elpriset,	utföra	en	korrelationsanalys	och	
testa	olika	modelltyper	för	att	utvärdera	deras	prestanda.	Data	för	
variablerna	ska	vara	gratis	och	modellerna	ska	fungera	utan	någon	
speciell	mjukvara	då	målet	för	modellerna	är	att	de	ska	vara	enkla	
nog	att	användas	av	små	företag.	

Metod:	 En	 kvantitativ	 forskningsmetod	 har	 genomförts	 i	 detta	 arbete.	
Litteraturen	 har	 hämtats	 från	 de	 berörda	 områdena	
korttidselprisprognoser	 och	 regressions-	 och	 tidsserieanalyser.	
Intervjuer	genomfördes	 för	att	bekräfta	 litteraturvariabler	och	 för	
att	 eventuellt	 identifiera	 nya.	 Korrelationsanalyser	 genomfördes	
sedan	för	att	testa	om	de	identifierade	variablerna	var	lämpliga	för	
den	 nordiska	 marknaden.	 Flera	 olika	 modelltyper	 med	 olika	
tillvägagångssätt	 byggdes	 sedan.	 Resultaten	 analyserades	 sedan	
med	R-kvadrat	och	så	kallad	MAPE-analys.	



 

Slutsats:	 Den	 rekommenderade	 uppsättningen	 av	 variabler	 är	
elektricitetefterfrågan,	 den	 differentierade	 elektricitetefterfrågan	
och	 elpriserna	 eftersläpade	 med	 24	 och	 168	 timmar.	 För	
veckoprognoser	rekommenderas	regressionsmodellen	med	ett	tim-
tillvägagångsätt,	 medans	 SARIMAX-modellen	 rekommenderas	 för	
dagen	 efter-prognoser,	 vilket	 också	 inkluderar	 elpriserna	
eftersläpade	med	1	och	2	timmar	som	variabler.	
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ABBREVIATIONS 

AR – Autoregressive 
MA – Moving Average 
EPF – EPF 
ACF – Autocorrelation Function 
PACF – Partial Autocorrelation Function 
MAPE – Mean Absolute Percentage Error 
RMSE – Root Mean Square Error 
ARMA – Autoregressive Moving Average 
ARIMA – Autoregressive Integrated Moving Average 
ARIMAX – Autoregressive Integrated Moving Average with regressors 
SARIMA – Seasonal Autoregressive Integrated Moving Average 



11 

1 INTRODUCTION 

Between 1991 and 2000 the Norwegian, Swedish, Danish, and Finnish electricity markets 
were opened for competition and merged into one Nordic market (Amundsen & Bergman, 
2006). Nord Pool, which is the result of the deregulated power markets, can be seen as power 
generations equivalent to the stock market. 
 
As with any other market in mind, it is in every participant’s interest to reduce the risks and 
maximize the profits. This makes electricity price forecasting (EPF) of great importance. The 
benefits of such a tool are many. It includes a better bidding strategy as well as scheduling the 
power production or consumption accordingly, hence maximizing the profits or reducing the 
risks (Weron, 2014). 
 
The outcome of forecasting tools tends to give various results depending on the market 
studied as well as methods applied to the specific market (Weron, 2014). A forecasting 
method with a successful outcome for one market might not be as successful on another. For 
that reason, it is difficult to point out an approach for a chosen electricity market or even to 
apply an overall approach to all markets. This might revolve around the structure of the 
market, input variables, time horizons, forecasting software and other countless factors. These 
factors might need to be further examined in order to apply a suitable approach that may 
generate an accurate forecast. 
 
There are generally two approaches to building a model to predict the spot prices, both which 
are equally popular. The first method is to model each hour of the day separately, meaning 
that the model will consist of 24 separate models for every hour. The other method is to create 
a single model for the entire forecast. Generally, the first approach yields better results 
(Weron & Misiorek, 2008). 
 
A lot of data for building the models is available for the public, including previous spot 
prices, meteorological data, and power system status. This provides good conditions for 
creating sophisticated models which can calculate electricity prices. This helps producers 
maximize their benefits by minimizing the risks of placing poor bids to Nord Pool while 
consumers can develop better plans to utilize their electricity purchases (Amjady & Hemmati, 
2006). 

1.1 Problem statement 
In electricity price forecasting, accurate predictions are important as it helps to plan 
production along with required demand and pricing in advance. Bad decisions can force 
companies to turn to the intra-day market, where they need to balance the insufficient supply 
and demand, which adds additional costs. Furthermore, it is important for combined power 
and heating producers to know the exact run-schedule in order to capture profits in an 
increasingly volatile electricity market. Increasingly shorter periods of high electricity prices 
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can make the missed production time crucial to the full year results. (Cerjan, Krželj, Vidak, & 
Delimar, 2013; Interviewee 3, personal communication, February 20, 2017) With that said, it 
is a chain reaction where the short-term price forecasting accuracy has a direct impact on 
several important factors which are vital for companies in different aspects. 
 
The research regarding short-term electricity price forecasting is relatively untouched. This is 
something that (Weron, 2014) confirms by stating that the area is not very mature since there 
only exists three books that address electricity price forecasting. As a whole (Shahidehpour, 
Yamin, & Li, 2002), (Weron, 2006) and (Zareipour, 2012) all bring up various modeling 
approaches of the day-ahead forecasting. As regards to surveys and articles, the research area 
is brighter. Since the market is still rather green, the first publications of electricity price 
forecasting (EPF) literature appeared at the beginning of 2000s. Many different approaches 
have been made based on a various set of methods. 
 
Aggarwal, Saini, & Kumar (2009) reviewed numerous papers regarding time series and came 
to the conclusion that on a consistent basis, there is no systematic evidence of outperformance 
of one model over the other models. They refer this to the reason that different power markets 
have large differences in price developments. In a literature review regarding statistical 
analysis of electricity price forecasting methods, (Cerjan et al., 2013), show that only 1% of 
the published papers from 1999 to 2012 included Nord Pool as the market data for testing 
various models. More recently, (Hong, 2014) highlights the need for more careful and exact 
out-of-sample tests on the various approaches used. The reason for this is that many models 
fail in practice although they have low errors in the reports.  
 
What can be concluded by reading EPF literature is that the results differ and are somehow 
confusing. Many times, researchers contradict each other. (Weron, 2014) confirms this and 
gives several reasons for this; different datasets are used, different software implementations 
of the forecasting models, different error measures and lack of statistical accuracy. For that 
reason, it is necessary for future EPF research to be carried out on equal terms to give 
convincing results. Finally, the research within the area seems to have stagnated a bit. The 
first wave of extended EPF research was due to the deregulation of many electricity markets 
in the 90s. The second wave came with the crisis in 2008 where an increased volatility of the 
spot prices raised an awareness of further research within the area.  

1.2 Aim of the Study 
The purpose of this degree project is to identify key variables when building short-term 
electricity price models on Nord Pool and to identify suitable model-types, i.e. model-types 
that calculates the price accurately and follows the price pattern, for this market. Relevant 
variables are identified through literature and interviews, and a correlation analysis is 
performed on the variables to determine their suitability. Different model types are then tested 
with these variables to determine their sufficiency. 
 
As a result, a good model for the short-term electricity prices on Nord Pool can aid companies 
to understand the behavior of the market and thereby help them in important decision makings 
such as planning and scheduling power purchase and trading, bidding strategies and ensuring 
smooth operations amongst others. By doing so, companies can decrease the costs and 
increase confidence in such decisions. 
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Following the description above, this degree project will address the following research 
questions: 
 

- Which are the key variables when building short-term electricity price models on Nord Pool? 
- Which model types are most suitable to forecast the short-term electricity prices on Nord 

Pool? 
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2 ELECTRICITY SPOT PRICES 

The electricity spot prices are determined by supply and demand (Nord Pool, 2017). While 
this might sound like an easy forecasting task, this is not the case. Electricity is a very special 
commodity since it cannot be stored in an economically feasible way. Demand and supply 
must therefore constantly be balanced for system stability. The electricity demand is also 
inelastic over short period of times, resulting in high volatility and non-stationary prices. 
(Cerjan et al., 2013; Weron, 2014) 
 
What makes it a complex problem is that there exists a significant number of variables that 
affects the market equilibrium and at the same time some of these lack information. 
Regarding generation, some events occur randomly, such as power plant failures, leading to 
diminished capacity. (Kirschen, 2003) Depending on the model of choice, the effect of a 
variable on the resulting forecast may differ. Also, different models might have different 
variables as inputs. As an example, a model might use historical prices and demand as input 
while another model might add extra variables like fuel prices or even have a totally different 
setup. Worth to mention is that this hierarchy is not a warranty of the best outcome. For this 
reason, a suitable model should be chosen and use corresponding variables in order to give an 
accurate forecast. (Jain et al., 2013) 
 
With that said, this chapter will continue to explain variables that are affecting the electricity 
spot prices in detail. 

2.1 Demand and supply 
As mentioned earlier, the electricity spot prices are determined by the demand and supply. 
Buyers assess how much electricity they need to meet their demand the following day, and 
how much they are willing to pay for that electricity. Sellers assess how much electricity they 
are capable of delivering, and at what price they are prepared to sell that electricity.  
At 12:00 a.m. CET every day all of the bids are aggregated to a supply and demand curve for 
every single hour the following day. The price is then determined where these curves 
intersect. (Nord Pool, 2017) The complexity of this market arises from the many different 
variables that are affecting the supply and demand curve, which will be explained in this 
chapter. 

2.2 Factors affecting the electricity spot prices 
In this sub chapter, different factors affecting the electricity spot prices will be discussed. 

2.2.1 Electricity demand 

Two different types of demands mainly build the electricity demand in the Nordic region, 
which is time-driven demand and weather-driven demand and will be explained in this sub 
chapter. 



15 

2.2.1.1. Time-driven demand 

The demand is a major driver of electricity spot prices and is mainly affected by the 
temperature, day of the week and hour of the day. Manufacturing and other industries are 
consuming lots of electricity when they are active and are therefore affecting the demand 
considerably. The day of the week, the hour of the day, and the state of the market, are the 
driving factors for the demand from industries, but in the short term, the weekday and the 
hour are the variables of importance. This is seen through that the demand from industries is 
significantly lower during holidays, weekends, and nights, when most industries are not 
producing. (Erni, 2012) 
 
The demand from consumers is mainly driven by the hour of the day. The demand from this 
segment is rising in early mornings when people get up and get ready to go to school or work 
and in the afternoons when people get home. During the night, when most people sleep, the 
demand is decreasing from this segment. (Erni, 2012) 
Because of the lower demand during weekends, mainly because industries generally do not 
produce then, positive price spikes rarely occur (Interviewee 1, personal communication, 
February 13, 2017). 

2.2.1.2. Weather-driven demand 

Among the meteorological variables, the temperature is the variable that affects demand to the 
highest degree, as reported by (Engle, Granger, Rice, & Weiss, 1986), (Filippini, 1995), 
(Johnsen, 2001) among others. This is especially true in the Nordic countries since about 60% 
of energy usage comes from heating and hot water (Folkesson & Jarnegren, 2007), where 
heating from electricity caused by outside temperature stands for about 14 % of the total 
electricity usage in Sweden during a year (Lindholm, 2017). 

2.2.2 Differenced electricity demand 

The differenced demand is the difference between the demand for a certain hour and the 
demand lagged by 24 hours. Equation 13 below shows how to calculate the differenced 
demand: 
 
𝐷𝐷" = 𝐷" − 𝐷"%&'        Equation 1 
  
The equation consists of the differenced demand 𝐷𝐷, the demand 𝐷, the studied hour 𝑡, and 
the lagged hour 𝑡 − 𝑥. When there is a big positive demand difference between two 
consecutive days, we believe that the electricity price will be higher than for the third 
consecutive day if the demand is close to that of the second day. The reason for this is that the 
producers of electricity will not always be ready for high demand differences and therefore 
their bidding strategies will not always take such differences into consideration. 

2.2.3 Supply 

In this sub chapter, three important variables affecting the supply at Nord Pool will be 
explained briefly that affects the supply, and it is hydropower, unavailable electricity 
generation, and wind power. 



16 

2.2.3.1. Hydropower 

The supply chain in the Nordic countries, excluding Iceland, is dominated by hydropower, 
which represents about 60% of the power generation and the marginal cost of producing 
electricity through hydropower is very weather dependent. (Kristiansen, 2012) Therefore, the 
spot prices on Nord Pool are very weather dependent as well. When hydro reservoir levels are 
high, the average electricity spot price will go down, and when hydro reservoir levels are low, 
the average price will go up. (Interviewee 2, personal communication, February 16, 2017) 
Since hydro reservoir levels do not change much from hour to hour or even day to day, the 
marginal cost of production from hydropower is typically similar to the marginal cost the 
previous day (Kristiansen, 2012). There are hydropower plants in the Nord Pool area that do 
not use reservoirs but are instead producing electricity based on the water flows of the rivers. 
To estimate the power produced by such hydropower plants requires knowledge of the 
location of these plants, the amount of snow melting in the spring times at affected areas, and 
the amount of rain at the affected areas (Interviewee 2, personal communication, February 16, 
2017).  

2.2.3.2. Unavailable electricity generation (UEG) 

Urgent market messaging (UMM) is a reporting tool at Nord Pool where market participants 
publish and receive urgent market messages. This can be unexpected or expected changes to 
generation, consumption, and transmission. (Nord Pool, 2017) Unexpected and expected 
changes to the generation, especially if they are big and is from the base generation, can cause 
higher prices on Nord Pool and sometimes even big positive price spikes (Interviewee 1, 
personal communication, February 13, 2017). It is important to follow UMM to be able to 
determine the amount of unavailable electricity generation when examining hourly electricity 
prices at Nord Pool (Interviewee 2, personal communication, February 16, 2017). All three 
interviewees mentioned UEG as an important factor affecting the electricity prices. 

2.2.3.3. Wind power 

Producing electricity from the wind is a special type of production since it almost has a zero-
marginal-cost, with the production cost virtually being a fixed cost of building the wind 
power plant. (Antweiler, 2017) In the Nord Pool market, most producers of wind power also 
get subsidies for producing clean electricity (Interviewee 1, personal communication, 
February 13, 2017), meaning that the wind has a negative marginal cost. Because of this, 
wind power will always be the cheapest energy source in the supply chain and will always be 
sold first. The rest of the production will be adapted by the amount of wind power available. 
Erni (2012), improved the R-squared value by 9 % by including wind power production as a 
variable for one of his models. 
 
Wind electricity production has been rising fast in the Nord Pool market. Wind electricity 
production has seen a tenfold rise in Sweden alone the last decade (Svensk Vindenergi, 2016), 
and can now be a big part of the energy mix of individual hours. Denmark, which is a part of 
the Nord Pool market, has the highest percentage of wind power of their overall electricity 
mix in the world. In 2015, their share of wind power was 39.1 % of their total electricity 
production. (Jacobsen, 2016) Sweden and Norway also have the ambition to increase their 
renewable electricity production by 28.4 GWh from 2012 to 2020 through an electricity 
certificate system, where mainly wind power has been built (Edfeldt & Holtz, 2015). Wind 
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power production was mentioned as an important factor affecting the short-term electricity 
prices by all three interviewees. 

2.2.4 Fossil fuel prices 

Electricity production from fossil fuels has a relatively small market share in the Nord Pool 
market (Folkesson & Jarnegren, 2007). Even so, they are setting the electricity prices quite 
often. When coal and oil prices are going up, average electricity prices usually follows. 
(Interviewee 2, personal communication, February 16, 2017) Some of this can be explained 
by the trade with other markets, such as Germany, where the share of fossil fuels are much 
higher (Folkesson & Jarnegren, 2007), and some are explained by the marginal production of 
electricity which is commonly made by fossil fuels. When reservoir levels are high, this does 
not always happen, since more electricity is produced from water which is cheaper than 
producing electricity from fossil fuels. (Interviewee 2, personal communication, February 16, 
2017) When examining mid-term electricity prices, fuel prices are of very high importance, 
but since their prices are not changing much on a day to day basis, this is of lesser importance 
in short-term EPF (Interviewee 1, personal communication, February 13, 2017). 

2.2.5 Lagged electricity spot prices 

Lagged electricity spot prices are not a single variable but depends on the lag used. The 
electricity spot price lagged by 24 hours is a commonly used variable in short-term electricity 
forecasting models, as used by (Contreras, Espinola, Nogales, & Conejo, 2002), (Weron & 
Misiorek, 2008), (Erni, 2012) amongst others. Another often used variable is the electricity 
spot price lagged by 168 hours, as used by (Garcia, Contreras, Akkeren, & Garcia, 2005), 
(Amjady & Hemmati, 2006), (Kristiansen, 2012) amongst others. 
 
The current electricity prices are not always entirely reflected by the fundamental data, such 
as wind power production, demand etc., but speculations and strategic behavior can play a 
role as well. This can sometimes be explained by the prices for the same hour the previous 
day (Erni, 2012). Other fundamental data will be incorporated to some degree by the 
electricity spot price lagged by 24 hours since some fundamental data do not change too much 
from day to day (Interviewee 1, personal communication, February 13, 2017). 
 
Electricity spot prices that are lagged by 168 hours represents the same hour of the day, the 
same day of the week, the week before, which together with other lagged prices, shows very 
high correlations (Kristiansen, 2012).  
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3 TIME-SERIES MODELING 

Time series forecasting methods are acknowledged and have been used for a long time within 
the forecasting field. Classical methods are regression, autoregressive integrated moving 
average (ARIMA), and autoregressive integrated moving average with exogenous variables 
(ARIMAX). Their characteristics are build up on the assumption that the data have an internal 
structure such as seasonal variation, autocorrelation, and trend (Areekul, Senjyu, Toyama, & 
Yona, 2010). When reviewing short-term approaches to modeling and forecasting electricity 
prices, Weron (2006) declares that Time-series models are appropriate and amongst the most 
powerful groups. 
 
The main purpose of time series analysis is to predict future values. The model uses a set of 
data through a specific period of time with single or multiple variables. It uses the past values 
to predict the forthcoming ones. An approach to finding a suitable time series model can 
include following stages (Areekul et al., 2010; Hyndman & Athanasopoulos, 2013): 
 

• Identification – this part includes problem definition and gathering information i.e. settling of 
the appropriate model along with relevant data. Model selection might depend on historical 
data available and the correlation between variables amongst others. The data can be 
statistical or accumulated expertise from people within the field. 

• Estimation – Estimation of the model parameters includes checking whether there are 
consistent patterns, trends, seasonality, and correlations between variables. 

• Evaluating and forecasting the model – when a model has been identified and estimated, the 
last step is to apply it and then reviewing the accuracy of the model. Here, a comparison 
between different models can be of use. 

 
Usually, it is necessary to go through the steps above to find the desired model. Finding a 
satisfactory model from scratch is unlikely. 

3.1 Introduction to modeling 
When building a model, two different types of information sets can be used, a univariate or a 
multivariate set. When building a model based on a univariate information set, historical data 
of the object studied is used to build a model to predict future values. A multivariate 
information set includes at least one or more exogenous variable. The model is then built 
using this information set to predict future values of the studied object. (Diebold, 2015) What 
type of information set that should be used depends on the nature of the object being studied 
and the available data. 
 
Decades of experience in modeling suggests that simple, parsimonious models often 
outperform tremendously complex models for out of sample forecasting. Simple models are 
often dependent on less variables, making it easier to estimate these variables. It is also 
simpler to spot strange behavior and understand why this behavior occurs with a simpler 
model. Experience also shows that more complex models can perform greatly in fitting with 
historical data but sometimes much worse when forecasting future data. This happens partly 
because of the idiosyncrasies of the historical data which does not necessarily have a 
relationship to unrealized future data. (Diebold, 2015) 
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There are two major challenges in building a purely fundamental model, especially for short-
term forecast. The first challenge is to gather or predict good data to use as input. A lot of 
variables that are affecting electricity prices are variables that do not change rapidly from 
hour to hour. Data for these variables may be collected over longer time intervals, making 
pure fundamental models more suitable for medium to long-term forecasts. The second 
challenge is in the assumptions made between different physical and economical 
relationships. For the model to give good forecasts, correct assumptions have to be made. The 
more complex the model is, the more effort is needed to get better assumptions. (Weron, 
2014) 
 
Statistical models use historical data for the time series being forecasted and/or other 
exogenous fundamental variables to forecast future values (Weron, 2014). The model is a 
univariate model when no exogenous variables are considered. Statistical models are 
sometimes criticized in short-term EPF because of their limited ability to forecast the 
behavior of the electricity market and some fundamental variables affecting electricity prices. 
(Weron, 2014) This method is still widely used in short-term EPF because of the challenges 
with pure fundamental models in these situations. Cerjan et al. (2013) confirms this by 
showing that it is equally used as hybrid and artificial intelligence models. 

3.2 Determining the input variables 
To determine suitable input variables for a model, a correlation analysis can be made between 
the models’ dependent variable, the forecasted variable, and suitable independent variables, 
the variables used as input, one at a time. A correlation analysis quantifies both the direction 
and strength of the linear association between the dependent and an independent variable, 
with a value that ranges from -1 to 1. When the correlation is 1, there is a perfect positive 
linear association between the studied variables and when the correlation is -1, there is a 
perfect negative association between the studied variables. If the correlation is 0, there is no 
correlation between the studied variables.  
 
To calculate the correlation (𝑟) between two variables (𝑥	𝑎𝑛𝑑	𝑦), Equation 1, 2, and 3 are 
used, which is presented below: 
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𝑟 = 012(4,6)

89:∗8<:
         Equation 2 

          
 
𝐶𝑜𝑣 𝑥, 𝑦 = (@%@)(A%A)

B%C
       Equation 3 

  
 
𝑠4& =

(@%@)
B%C

   and   𝑠6& =
(A%A)
B%C

      Equation 4 
  
 
These equations consist of the correlation 𝑟, the variance of the variables 𝑠, the co-variance of 
the variables 𝐶𝑜𝑣(𝑥, 𝑦), the individual values of the variables 𝑋	𝑎𝑛𝑑	𝑌, and the mean value of 
the variables 𝑋	𝑎𝑛𝑑	𝑌. (Boston University School of Public Health, 2017) 
 
A correlation analysis is not enough though and further investigation on why the correlation 
has a certain value should be done. Two data-sets with similar trends will show a strong 
correlation, even if there is no real correlation between these sets (Nau, 2017). 

3.3 Linear regression analyses 
Linear regression analysis is the most widely used statistical technique and is the study of 
linear, additive relationships between variables. In this type of analyses, there is the dependent 
variable that shall be forecasted and the independent variables that are used as inputs for the 
forecast. Linear regression analysis is widely used because of its simplicity and the fact that 
relationships between variables for most models are approximately linear over the range of 
values that are of interest. Even when that is not the case, the variables can often be 
transformed in such ways that linearize their relationships. An equation for a linear regression 
model is presented in Equation 4: 
 
𝑦" = 𝛿 + 𝛼C𝑥C + 𝛼&𝑥& + ⋯+ 𝛼K𝑥K      Equation 5 
 
This equation consists of the dependent variable 𝑦, the independent variables 𝑥, a constant 
term 𝛿 and a coefficient 𝛼 for the independent variables. (Nau, 2017) 
 
The forecast for the value of 𝑦" is, therefore, a straight-line function of all the 𝑥 variables and 
the contribution of all 𝑥 variables are additive. The intercept value of 𝛿 is the value the model 
would make if all the independent variables were 0. The coefficients and the intercept value 
are calculated by least squares. 

3.4 Autoregressive Moving Average (ARMA) model 
A stationary time-series has a constant mean, variance, and autocorrelation structure, without 
a trend (NIST/SEMATECH, 2013). For such time-series, an ARMA-type models can be used. 
An ARMA-model consist of an Autoregressive (AR) model and a Moving Average (MA) 
model. 
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An autoregressive model predicts future values of the examined time series based on previous 
values of the same time series, with no other inputs used. AR models can be used for 
forecasting time series when there is some correlation between the past and future values. 
AR-models have different levels of orders and are written as AR(p), where p is the order of 
the model. An AR(1) model would, therefore, be a "first-order autoregressive model" where 
the predicted value at some time t is related only to values that are one backward time period 
apart. An AR(p) model is presented in Equation 5: 
 
𝑦" = 𝛿 + 𝛼C𝑦"%C +	𝛼&𝑦"%& + ⋯+ 𝛼L𝑦"%L + 𝑒"   Equation 6 
  
This equation consists of a constant term 𝛿, a white noise coefficient 𝑒", 𝑦"%4 are the lagged 
values and 𝛼 is a coefficient for the lagged values. (Hyndman & Athanasopoulos, 2013) 
 
An autoregressive model is simply a linear regression of current values of the time series 
examined against one or more prior values of the same time series. The implementation of an 
AR model is straightforward. (NIST/SEMATECH, 2013) 
 
A moving average model predicts the future values of the examined time series based on 
previous forecast errors of the same time series. MA-models have different levels of orders, 
just like AR models, and is written as MA(p), where 𝑝 is the order of the model. As with AR 
models, the order explains how many time steps back is considered when forecasting future 
values. An MA(p) model is presented in Equation 6: 
 
𝑦" = 𝛿 + 𝛼C𝑒"%C + 𝛼&𝑒"%& + ⋯+ 𝛼L𝑒"%L + 𝑒"   Equation 7 
  
This equation consists of a constant term 𝛿, a white noise coefficient 𝑒", 𝑒"%4 are the lagged 
error forecasts and 𝛼 is a coefficient for the lagged values. (Hyndman & Athanasopoulos, 
2013) 
 
Just like AR and MA-models, ARMA-models have different levels of orders and is written as 
ARMA(p,q), where 𝑝 is the order of the autoregressive part and 𝑞 is the order of the moving 
average part (Diebold, 2015). If the order of 𝑝 is 0, the ARMA(0,q) model is an MA(q) model 
and if the order of 𝑞 is 0, the ARMA(p,0) model is an AR(p) model. It is recommended that at 
least 100 observations of the time series studied are used. An ARMA(p,q) model is presented 
in Equation 7: 
 
𝑦" = 𝛿 + 𝛼C𝑦"%C + ⋯+ 𝛼L𝑦"%L + 𝛽C𝑒"%C + ⋯+ 𝛽Q𝑒"%Q + 𝑒"  Equation 8 
   
This equation consists of a constant term 𝛿, a white noise coefficient 𝑒", 𝑦"%4 are the lagged 
values, 𝑒"%4 are the lagged error forecasts and 𝛼 is a coefficient for the lagged values. 
(NIST/SEMATECH, 2013) 

3.5 Non-stationary time-series modeling approaches 
In this sub chapter, non-stationary modeling approaches will be described. The first step for 
all non-stationary data sets when building time-series models is to difference the data to make 
it stationary. 
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3.5.1 How to difference data 

Differencing the data correctly is important to get more accurate forecasts when building 
time-series models. Depending on the data, different types of differencing needs to be done. 
For data with a clear linear trend, the value at every time step should be subtracted by the 
value at the previous time step, effectively eliminating the linear trend. The model will then 
forecast the differenced data and therefore the value at previous time step should be added 
back to get the actual forecast. How to difference a data series with a linear trend is shown in 
Equation 8 below: 
 
𝑦"R = 𝑦" − 𝑦"%C        Equation 9 
  
This equation consists of the differenced value 𝑦"R, the undifferenced value 𝑦", and the 
undifferenced value at the previous time step 𝑦"%C.  
 
If there is a clear seasonal pattern in the data, the value at every time step should be subtracted 
by the value one seasonal time step back. The model will forecast the differenced data in this 
case as well and the value one seasonal time step back should be added back to get the actual 
forecast. How to difference a data series with a seasonal trend is shown in Equation 9 below: 
 
𝑦"R = 𝑦" − 𝑦"%S        Equation 10 
   
 
This equation consists of the differenced value 𝑦"R, the undifferenced value 𝑦", the amount of 
time steps in one season 𝑚, and the undifferenced value at the previous seasonal time step 
𝑦"%S. (Hyndman & Athanasopoulos, 2013) 
 

3.5.2 Autoregressive Integrated Moving Average (ARIMA) model 

An ARIMA model is an ARMA model where non-stationary data is made stationary by 
differencing the data series. Correspondingly to ARMA-models, ARIMA-models have 
different levels or orders and is written as ARIMA(p,d,q), where 𝑝 is the order of the 
autoregressive part, 𝑑 is the degree of first differencing involved, and 𝑞 is the order of the 
moving average part. An ARIMA(p,d,q) model is presented in Equation 10 below: 
 
𝑦"R = 𝛿 + 𝛼C𝑦"%CR + ⋯+ 𝛼L𝑦"%LR + 𝛽C𝑒"%C + ⋯+ 𝛽Q𝑒"%Q + 𝑒"  Equation 11 
  
 
This equation consists of a constant term 𝛿, a white noise coefficient 𝑒", 𝑦"%4R  are the lagged 
differentiated values, 𝑒"%4 are the lagged error forecasts, 𝛼 is a coefficient for the lagged 
differentiated values, and 𝛽 is a coefficient for the lagged error forecasts. (Hyndman & 
Athanasopoulos, 2013) 
 
When a time series exhibits seasonal patterns, an SARIMA model might be more appropriate 
than an ARIMA model. An SARIMA model is an extension of an ARIMA model where the 
time series is made stationary through seasonal differencing. One should not apply more than 
one seasonal differencing and not more than two total differencing, seasonal or non-seasonal, 
to not over differencing the time series. (Nau, 2017) 
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3.5.3 (Seasonal) Autoregressive Integrated Moving Average with regressors 
((S)ARIMAX) 

An ARIMA/SARIMA-model is using lags of its own dependent variable as the independent 
variables. This type of model can be extended by incorporating other exogenous variables by 
adding one or more regressors to the model (Nau, 2017). This can improve the forecasting 
abilities for objects that are very dependent of exogenous variables, such as electricity prices. 

3.6 Determining the order of the AR and MA part 
To determine the right values for 𝑝 and 𝑞 in an ARIMA(p,d,q) model, one need to have a 
basic understanding of autocorrelation functions and partial autocorrelation functions. 

3.6.1 Autocorrelation function (ACF) 

An autocorrelation function is a correlation between 𝑦 and itself lagged by 𝑘 periods. This is 
often plotted to be able to draw conclusions based on the plot. (Nau, 2017) If 𝑦" and 𝑦"%C are 
correlated then 𝑦"%C and 𝑦"%& must be correlated. This might lead to a correlation between 𝑦" 
and 𝑦"%& just because both are correlated to 𝑦"%C, and not because 𝑦"%& contains any new 
information that is relevant in forecasting 𝑦". To solve this problem, partial autocorrelation 
can be used and will be described in the next sub chapter. (Hyndman & Athanasopoulos, 
2013) An autocorrelation plot is demonstrated in Figure 1: 
 

 
Figure 1: Example of an autocorrelation function plot (own) 

In the above example, there is a strong correlation between 𝑦 and the first and second lag of 
𝑦, and a relatively strong correlation between 𝑦 and the third lag of 𝑦. 
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3.6.2 Partial autocorrelation function (PACF) 

A partial autocorrelation function of 𝑦 at lag 𝑘 is the coefficient of 𝑦V in a regression of 𝑦 on 
𝑦C, 𝑦&, … , 𝑦V. Because of this, the partial autocorrelation of 𝑦 at lag 1 is the same as the 
autocorrelation of 𝑦 at lag 1, but the partial autocorrelation of 𝑦 at lag 2 will be the coefficient 
of 𝑦& in a regression of 𝑦 on 𝑦C and 𝑦&. The partial autocorrelation function explains the 
amount of correlation between 𝑦 and 𝑦V that is not explained by lower-order autocorrelations. 
This means that the partial autocorrelation of 𝑦 at lag 2 is the amount of correlation that is not 
explained by the fact that 𝑦" is correlated to 𝑦"%C and 𝑦"%C is correlated to 𝑦"%&. (Nau, 2017) 
A partial autocorrelation plot is demonstrated in Figure 2:  
 

 
Figure 2: Example of a partial autocorrelation plot (own) 

In the above example, the partial autocorrelation plot cuts off sharply after the first lag. 

3.6.3 Interpreting ACF and PACF plots 

Both the ACF-plot and PACF-plot have to be studied together to draw conclusions on which 
order of AR and MA to use. If the ACF-plot is exponentially decaying or is sinusoidal and 
that PACF-plot shows a sharp cut-off at lag 𝑘 than an ARIMA(p,d,0) model might be good 
(Hyndman & Athanasopoulos, 2013). The lag at which the PACF cuts off is a good indication 
of the AR terms to use (Nau, 2017). 
 
If the PACF-plot is exponentially decaying or is sinusoidal and the ACF-plot shows a sharp 
cut-off at lag 𝑘, then an ARIMA(0,d,q) model might be good (Hyndman & Athanasopoulos, 
2013). The lag at which the ACF cuts off is a good indication of the MA term to use (Nau, 
2017). 
 
For the above ACF and PACF-plot, this indicates an ARIMA(1,0,0) model at first glance, 
which is equal to an AR(1) model. And AR(1) model is described in Equation 11 below: 
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𝑦" = 𝛿 + 𝛼C𝑦"%C        Equation 12 
  
The AR(1) coefficient is determined by the height of the PACF spike at lag 1. When this 
value is close to one, the equation can be approximated to Equation 12 below: 
 
𝑦" ≈ 𝛿 + 𝑦"%C         Equation 13 
   
This is a good indication that the data needs an order of differencing to be stationarized. (Nau, 
2017) After an order of differencing is applied to the data, new ACF and PACF-plots can be 
drawn and the same method should be used again to interpret the plots. 
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4 METHODOLOGY 

This chapter will explain how we approached the problem at hand and built the models of this 
degree project. 

4.1 Research approach 
A quantitative approach has been chosen because of the nature of the problem formulated 
earlier. Such an approach works well as a first step in an explorative study to answer 
questions that begin with what or which (Hallin & Blomkvist, 2014). In this case, it was a 
question of which variables to apply and which models to choose. Using such an approach is 
applicable when testing objective theories and thereby inspecting if there is a relationship 
between variables. Statistical procedures are then used to analyze large amounts of data in 
order to describe and measure the bond between two or more variables. (Creswell, 2014) A 
correlation analysis was made to see if the identified variables were suitable for the Nordic 
market. A number of models were then built with different approaches. The results were 
analyzed by using R-squared and mean absolute percentage error analysis. In this case, 
numbers instead of words are used to describe what variables affect the short-term EPF the 
most, which is acquainted with a quantitative approach. 
 
Furthermore, a quantitative research strategy starts with taking into account the exchange 
between theory and research (Bryman & Bell, 2013). Hence, it is also a deductive approach; 
hypothesis are formulated based on theories and then a study is designed to see if the 
hypothesis can be verified (Hallin & Blomkvist, 2014). Instead of setting up hypotheses in 
advance, an inductive research method was chosen to identify key variables at the Nord Pool 
market. The theory deduced, controlled the data collection process. Based on that, models 
were designed, analysis of results were made and lastly, conclusions were drawn. 
 
A quantitative research process is a rather linear process (Bryman & Bell, 2013). This degree 
project follows such a framework. A visualization of the work process of this degree project 
can be seen in Figure 3 below: 
 

 
Figure 3: A visual representation of the work process of this degree project. (own) 

 



27 

4.2 Literature review 
To find suitable articles and academic journals, databases used were DiVA, Google Scholar 
and Primo. However, more engineering-specific databases as IEEE Xplore and Science Direct 
were of more help since there was problems of finding research within the area of interest. 
The references within the published research was also used to find additional sources of 
information. Some of the academic journals that has been used are International Journal of 
Electrical Power & Energy Systems, International Journal of Engineering Research and 
Technology, Journal of the American Statistical Association and Energy economics. 
 
The numerical data was gathered from Nord Pool and SMHI (Swedish Meteorological and 
Hydrological Institute). 
 
Keywords: Short-term, electricity price forecasting, Nord Pool, Nordic market, day-ahead 

4.3 Interviews 
The reason for conducting the interviews was to confirm literature variables and to possibly 
identify new ones. The people interviewed were people who possessed expert knowledge 
within the area. 
 
The interview approach was of an unstructured interview-type. This type of interview is very 
useful during the beginning of an empirical work when the researcher unconditionally wants 
to explore a topic or an issue and where only a subject area is stated. The questions during 
such an interview are not formulated in advance but are created throughout the interview. 
(Hallin & Blomkvist, 2014) When conducting an interview, the questions of what- and why-
type need to be answered before the question of how-type is placed. A reason to this is that it 
requires knowledge of a phenomenon to be able to ask important questions. Questions of 
what-type intend to obtain a prior knowledge of the subject in matter (Kvale, 1997). However, 
since this was at the early stages of the degree project the only questions used were of what- 
and why-type.  
 
The interview was conducted in pairs and on-site or through video conversation. There was 
no information sent to the interviewees beforehand than the request of their participation. The 
topic of the interview was the same for everyone; which variables affect the short-term EPF? 
After finishing the interview, all the interviewees were asked if there was a possibility to 
return with additional questions if needed. 
 
People interviewed were as follows: 

• Interviewee 1, Market Manager at Nord Pool 
• Interviewee 2, Head of Nordic Analysis at Markedskraft 
• Interviewee 3, Head of Department of Electricity Trading, Finance & Balance at Mälarenergi 

 
As a market manager, interviewee 1 is responsible for the platform that calculates the system 
price through complex algorithms which the consumers and producers use. However, as an 
exchange market, they do not provide any forecasts. This is simply because it would be seen 
as recommendations, which would remove their attribute of being neutral. Through his long 
experience within the field, he is well acquainted with how the market has developed through 
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time and could give in-depth answers regarding the platform and his own thoughts about 
important variables affecting the system price. 
 
Based on fundamental analysis, efficient data management systems and comprehensive 
competence, Markedskraft provides timely and high-resolution forecasts of fundamentals and 
prices. In other words, they provide customers with data and knowledge they need in order to 
understand the European power market. The company is a pioneer within the field of EPF and 
have been so for almost 25 years. As a head of Nordic Analysis, interviewee 2 gave us an 
overview of their own tool and hints on what variables to take into account when creating a 
simplified model. 
 
In his role as head of department of electricity trading, interviewee 3, is responsible for the 
company’s electricity trading and risk management that comes along. They use Nord Pool 
where they do the trading along with the EPF tool from Markedskraft which they rely on 
when trading. Interviewee 3 is well situated with the exchange market and the use of an EPF 
tool. He could therefore acknowledge our thoughts and give valuable information of what 
variables to consider. 
 
The number of interviewees might be questioned and there exists indications on how many 
are suitable. Yet, if the informants are “the right ones” in relation to the problem statement 
and give full answers in regard to questions asked, it is possible to reach empirical saturation 
with less interviews. (Hallin & Blomkvist, 2014) The interviewees gave valuable insight from 
three different perspectives; the exchange market, a price forecasting tool point of view and a 
producer point of view whom both uses the price forecasting tool and the exchange market. 
However, the interviews were not the main focus of this degree project. The interviews were 
mainly conducted to possibly find variables to analyze not discussed in previous research. 
Altogether, these three complete the cycle of the main participants involved regarding EPF. 

4.4 Model design 
The models are based on analysis of the literature. As mentioned in the introduction, no 
model clearly outperforms other models on a constants basis. Therefore, different models are 
tested to choose models that fits the Nord Pool market well. The models chosen for this 
degree project are: 

• Regression models 
• A SARIMA-model 
• (S)ARIMAX-models 

 
Regression models are easy to implement and it is easy to incorporate exogenous variables. 
The intendent users are companies that need models that are easy to understand and 
implement for short-term EPF, and regression models are the easiest to understand and 
implement. Also, as explained in chapter 2.1, simple models often outperform complex 
models in out of sample forecasting, which will be compared in this degree project. 
 
If it is unknown if the data-set is stationary or not, an SARIMA analysis shows if an AR or 
MA-model is the most suitable, and therefore the SARIMA-model would actually be an AR 
or MA-model (see chapter 2.4.3, 2.5.2, and 2.5.3). This means that an SARIMA-analysis will 
cover all stationary and non-stationary time-series models explained in chapter 2. If an AR 
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analysis only is performed then the model will be an AR-model, even if an SARIMA-model 
would be more suitable. 
 
The regression models use three different approaches, an hourly, a daily, and a monthly 
approach, while the ARIMA/ARIMAX-models used one approach when building the models. 
These approaches will be explained further in this chapter. 
 
A very simple regression model was created for demand forecasts as well to be used as input 
to the other models. Three simple regression models were built as well to better understand 
the curve fitting and forecasting abilities of the different regression modeling approaches. The 
process of building these models will be explained further in this chapter. 
 
Many software packages on the market offer great modeling features, with some even 
offering automatic forecasting abilities (Nau, 2017). The target group of this degree project 
are companies that needs EPF for decision-making. Usually, no forecasting specific software 
is available and the models are therefore built in Excel, since most companies have access to 
it. Compared to Excel, most forecasting software is more expensive, and this could outweigh 
the advantages of such software. With new software, employees have to spend time and 
money to master such software as well. 

4.4.1 Collection of input data 

It is important that the data for the models is correct for the parameters of the variables to be 
feasible. Historical data for many different variables is available at Nord Pool's website, 
which makes the data reliable and easily available for everyone. Forecasted data a week ahead 
is much harder to get free. Therefore, it will limit the models to some extent since good and 
reliable forecast of such parameters can be expensive and is therefore not available for us. 

4.4.2 Correlation analyses 

The correlation analysis was done by determining the correlation between historical prices at 
Nord Pool for the year 2016 and historical data for the different input variables during the 
same period. The wind power production has grown tenfold in the last decade (see chapter 
3.2.2.3) and the preceding year will therefor give the best results when doing a correlation 
analyses, since this will give the most accurate reflection of the current situation. This should 
also be true for other variables, and therefore the year of 2016 is used for all correlation 
analysis unless the results differ much from the expected values. In this case a correlation 
analysis might be performed on other years as well. The results were then analyzed to get a 
better understanding of why the correlations were as high or low as they were. The input 
variables were then chosen based on the correlation analysis and analysis of the results. 

4.4.3 Model restrictions 

Because of the problem of getting forecasted data for variables that can be used to forecast the 
hourly electricity prices on Nord Pool, the out of sample forecasting models will be simplified 
for this degree project and will not include all the desired variables. After a forecasting period 
of one week, the data for the variables that are not included in the simplified model is 
gathered. Then a model with these variables is used together with the same forecasted 
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variables that are used for the simplified model. A comparison of the forecasting abilities is 
then made between the simplified model and the more complex model. By doing this, the 
impact of the variables that are not included in the simplified model can be analyzed if a 
perfect forecast for these variables was available. 

4.4.4 Modeling approaches 

All models in this degree project use a period of 12 months to generate the model parameters, 
except for the monthly approach, which is generated based on the same month the previous 
year. This means that if a forecast is needed for April 2017, the period of April 2016 to March 
2017 is used to generate the model parameters. For the monthly approach, only April 2016 is 
used. 
 
The data for all the model types is treated lightly before a model is generated by removing all 
data for a single hour where any data is missing. This is done instead of interpolation to 
acquire correct data when generating the models. Since the data set is large (hourly data for a 
year or a month), removing some individual hours will not affect the models to a large extent. 

4.4.4.1. Hourly approach 

An hourly modeling approach is commonly used when modeling electricity spot prices, which 
means that 24 different models are created, one for each hour of the day, and combined to 
forecast the hourly electricity prices. This is done by collecting price data as well as variable 
data one year back and separate the data by the hour of the day, which the models are built 
upon. Every hour of the day has some characteristics, which this type of modeling approach 
captures well. Since there is no differentiation between weekdays, this type of modeling 
approach does not capture the daily characteristics well. 
 
For a regression model, the data is regressed using Excel’s built-in multivariate linear 
regression tool, which results in 24 models of the type described in chapter 3.3. 

4.4.4.2. Daily approach 

A daily modeling approach is very much like the previous approach. Seven different models 
are created for each day of the week and are then combined to forecast the hourly electricity 
prices. This is done by collecting price data as well as variable data one year back and 
separate the data by the weekday. This type of modeling approach captures the weekday 
characteristics well. Since there is no differentiation between hours, the daily approach does 
not capture the hourly characteristics well. The same three model types are then built and 
compared to find the most suitable model type for this approach. 

4.4.4.3. Monthly approach 

A monthly modeling approach is different from the other approaches as it uses the same 
month the previous year to generate the model parameters. This means that only one model 
will be created every month. This modeling approach is good at capturing the monthly 
characteristics of the specific month which the parameters are generated of. This approach is 
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tested to see if specific months have the same characteristics from year to year. The same 
three model types are built for this approach to find the most suitable model type. 

4.4.4.4. SARIMA and (S)ARIMAX approach 

This approach is like the monthly approach in the regard that only one model is created. The 
difference is that this modeling approach uses data for a whole year back to generate the 
parameters. The models built using this approach used seasonally differenced prices as the 
object to model. 

4.4.5 Electricity demand model 

No forecasts for the demand were available for this degree project, so simple demand models 
were constructed. The demand models built were regression models based on the daily and 
hourly approach. As explained in chapter 2.2.1, the day of the week, hour of the day and 
temperature are the most important factor affecting the electricity demand. These models are 
only used to get demand input to the electricity price model and is therefore not analyzed 
thoroughly. The input variables for these models are the temperature in Stockholm as well as 
the electricity demand the previous day, which are very simple models. As reference, demand 
forecasts usually have an error of 1-3% (Cerjan et al., 2013). 

4.4.6 Model correction 

An assumption was made that a correction model could potentially improve the results of 
forecast. This model forecasts the error of the model compared to the actual price. This model 
will not use any exogenous variables as the error is not dependent on any of those, and 
therefore an ARIMA-type model is chosen. Only the first hour of the model will be based on 
an actual error and the rest of the hours will be based on the error between the forecasted price 
and the forecasted price with the model correction. This might make the correction inaccurate, 
but will be analyzed in the next chapter. 

4.5 Comparing different models 
When comparing models, several different error measures are normally used. The most 
commonly used error measure is the Root Mean Square Error (RMSE), which is the square 
root of the mean squared error. By adjusting the degree of freedom for error, which is done by 
taking the sample size minus the number of the model coefficient, the standard error of 
regression is gained for a regression model and the estimated white noise standard deviation is 
gained for an ARIMA model. These parameters are minimized by statistical software, 
including Excel, when estimating the parameters of a model. (Nau, 2017) In other words, this 
happens automatically when doing a regression in Excel and is therefore automatically 
minimized based on the data-set that is used as input. 
 
Another often used error measure is R-squared. R-squared is the percentage of variance 
explained by the model, and most software can calculate that value through simple 
commands. 
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It is important not to only rely on the R-squared value when determining the models 
performance. If two data sets that have a similar trend is regressed, the R-squared value might 
be high even if there is no real correlation between these. If the models compared uses the 
same dependent variable and the same estimation period, comparing the R-squared value can 
give a good indication on which model performs better. (Nau, 2017) In this degree project, the 
values compared are the forecasted prices and the actual prices to get an indication of the 
models performance. After the forecasting period of April 2017, the actual prices are gathered 
subsequently and compared. Since the models will use the same dependent variable and 
estimation time, R-squared will be used to compare all different models performance. 
 
The Mean Absolute Percentage Error (MAPE) will also be performed. This is a useful error 
measurement, since this will tell the mean error in percent, which will make it easy to 
compare different models together with the R-squared value. Equation 14 below will show 
how to calculate the MAPE-value: 
 
𝑀𝑒𝑎𝑛	𝑎𝑏𝑠𝑜𝑙𝑢𝑡𝑒	𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒	𝑒𝑟𝑟𝑜𝑟 = C__

`a8"b
∗ 	(𝐴𝐵𝑆 𝐴K −	𝐹KK

KgC /𝐴K	)		 Equation 14 
  
In the above equation, 𝑖 is the individual hour of the forecasting period, 𝑙𝑎𝑠𝑡K is the last hour 
of the forecast, 𝐴K is the actual electricity price for hour 𝑖, and 𝐹K is the forecasted electricity 
price for hour 𝑖. If the forecasting period is one week, 𝑙𝑎𝑠𝑡K will be 168. 
 
These error measures will be performed for all models on both their week-long forecasts as 
well as their day-ahead forecasts. While week-long forecasts are important, they will often act 
as guidelines for companies bidding and maintenance strategy, since there is time to change 
the strategies if a forecast for the seventh day ahead is bad. Day-ahead forecasts are more 
critical to get accurate, since strategical decisions will be based on these forecasts with no 
time to correct for bad forecasts. (Interviewee 3, personal communication, February 20, 2017) 

4.6 Quality check 
Three of the main criteria for assessment of a research is reliability, replicability, and validity, 
which together form a foundation to establish trustworthiness in quantitative research 
(Bryman & Bell, 2013).In other words, they verify the scientific quality of the work. 

4.6.1 Validity, reliability & replicability 

Validity and reliability give substantial clarification of the input data. In general, reliability 
questions if the measure over time is stable enough to convince that a sample does not 
fluctuate. That means that if something is measured twice consecutively, the results should 
not differ more widely (Bryman & Bell, 2013). The reproducibility is another quality criterion 
relating to the study's reliability (Hallin & Blomkvist, 2014). The results from the forecasts of 
the models will differ, since the models are trying to capture the changing electricity prices, 
but the suitable variables and model types should not change unless the Nord Pool market 
structure changes. Validity questions whether the research measures what it was intended to 
and whether the results are truthful. In a quantitative study, this is what data needs to be 
gathered and whether the means of measurements of the results are accurate (Bryman & Bell, 
2013). By studying literature in this research field as well as performing interviews with 
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people who has great expertise in this area, suitable variables are found. Then, a correlation 
analysis of these variables and the electricity prices are performed. Lastly, the results of the 
correlation analysis are analyzed thoroughly to check if the variables are suitable for the 
studied market. All data used in this degree project is available to the public and can easily be 
accessed, thus making it possible for anyone of interest to reproduce the results. In addition, 
the data is from trustworthy meteorological institutions and Nord Pool’s publicly available 
data. Many models are then built and tested through real forecasts. The results are analyzed 
by two different error measurements with different characteristics to identify suitable model 
types can then be recommended for this market. To summarize, validity and reliability is 
added by: 

• Study previous research and interview people of expertise 
• Correlation analysis and a thorough analyze of the results 
• Create several different models with different modeling approaches 
• Analyze the model results with two error measures that has different characteristics 

 
If it is not possible to reproduce the results, there is a reason to question the validity of the 
results. For that reason, it is important to have a clear structure of the approach to make it 
possible to replicate. This is a way to make sure that there is no bias or lack of objectivity. 
(Bryman & Bell, 2013) A clear and structured process is retained throughout of this degree 
project. Important variables and modeling approaches are explained to give an understanding 
and to tell what to take into account to be able to make a replica. 
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5 EMPIRICAL ANALYSIS 

In this chapter, the empirical data will be presented and analyzed. 

5.1 Correlation analysis 
The correlation analysis was carried out for the year 2016 and it is performed for the whole 
year as well as every individual month to determine appropriate variables for the models. The 
max and min represents the highest and lowest correlation values for individual months. 
 
Table 1 below shows how strongly correlated the different variables are to the hourly 
electricity prices: 
 

		 Demand	 Hydropower	 UEG	 Wind	 Lag	24	 Lag	168	
Differenced	
Demand	

Year	 0.392	 0.274	 -0.262	 -0.072	 0.763	 0.568	 0.156	
Min	 0.577	 -0.723	 -0.417		 -0.519	 0.433	 0.268	 0.119	
Max	 0.876	 0.5	 	0.552	 -0.172	 0.877	 0.871	 0.318	

Table 1: Results from the correlation analysis for the studied variables. 

Following subchapters will analyze the results from the correlation analysis. 

5.1.1 Electricity demand 

It is hard to separate time-driven and weather-driven electricity demand when searching for 
demand data. Previous research and the interviews conducted suggests that there is a strong 
correlation between electricity demand and electricity spot prices, as discussed in chapter 
3.2.1. Also, all three interviewees mentioned that this is one of the most important variables 
for short-term EPF. The results of the correlation analyses indicate that there is a relatively 
strong correlation between the demand and the hourly electricity spot price. The correlation 
was not as high as expected so a correlation analysis for was done for the year 2015 as well 
for the demand, which showed a much higher correlation, at 0.791 for the whole year. Figure 
4 and 5 below will show the demand and electricity price curves for 2015 and 2016: 
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Figure 4: Electricity prices and demand plotted for the year 2015. (own) 

 

 
Figure 5: Electricity prices and demand plotted for the year 2016. (own) 

 
More data needs to be collected to evaluate if electricity prices and demand usually correlate 
more than during 2016. Nevertheless, the correlation was high for both years. Demand is 
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clearly an important variable when forecasting electricity spot prices and is chosen as one 
variable in the models. 

5.1.2 Differenced electricity demand 

We did not find any previous research discussing this variable and this was not mentioned in 
the interviews either. The correlation analysis shows that there is a positive correlation of 
some importance between the hourly electricity prices and the differenced demand. Also, 
there is no inconsistencies in the correlation analysis, with the correlation being positive for 
every individual month as well as for the whole year. This is important as it shows that the 
correlation is not random, but there is an actual correlation between electricity prices and 
differenced demand. This is indicating that our hypothesis was correct, and differenced 
demand will be used for the models. 

5.1.3 Hydropower 

There is no data at Nord Pool for hydro power production, but there is data for hydro reservoir 
levels. The data of hydro reservoirs is updated once a week. To be able to use this data in an 
hourly model, linear interpolation was applied on that data and assumed to give good 
indications on the hourly reservoir levels. Previous research and the interviews suggest that 
prices on Nord Pool are negatively correlated with the reservoir levels, though not necessarily 
on an hourly basis. The results of the correlation analysis vary a lot throughout the year and 
shows a positive correlation for the full year, instead of the expected negative correlation. The 
strong correlations for some months are probably caused by a steady increase or decrease of 
the electricity price for these months while there is a steady increase or decrease of the hydro 
reservoir levels. For months with strong negative correlation, this change in price might be 
caused by the fact that the hydro reservoir levels are changing. For months with strong 
positive correlation, this is not the case and it is probably a coincidence that the prices and 
reservoir levels are going in the same direction. This randomness indicates that there is a 
weak correlation between hourly electricity spot prices and reservoir levels on Nord Pool, 
although there can be a greater correlation between average electricity prices on a longer term 
and reservoir levels. This is not examined in this degree project, and reservoir levels is not a 
suitable variable when forecasting short-term hourly electricity prices on Nord Pool. 

5.1.4 Unavailable electricity generation 

Based on the interviews, there should be a relatively strong positive correlation between the 
hourly electricity prices on Nord Pool and UEG. This is because a higher level of unavailable 
electricity production should lead to higher electricity prices. The correlation analyses show a 
strong variation depending on the month of the year. For the whole year, there is a relatively 
strong negative correlation. The reason for this relatively strong negative correlation, which 
does not fit in with the information from the interviews, is probably caused by planned 
maintenance of power plants. The owners of power plants want the plants to be up and 
running when prices are high, so they can sell electricity when it is expensive, and want to 
schedule maintenance when prices are low. Since the demand and prices generally are lower 
during the summer months at the Nord Pool market, most maintenance is scheduled during 
this period. The average hourly unavailable electricity generation during the month of June 
2016 was 9721MW while the average for the month of January 2017 was 1122MW. Even 
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though the unavailable electricity generation is much higher during this period, the prices are 
still lower than during the winter because of the much lower demand during the summer. This 
is probably the cause of the negative correlation for the whole year, and because of this, the 
unavailable electricity generation will not be used as an input variable for the models. 

5.1.5 Wind 

Because of the properties of wind power, with its zero-marginal cost, there is a great potential 
that wind power can have great effects on the hourly electricity spot prices. The interviews 
conducted suggests that there is a negative correlation between wind power produced and the 
electricity spot prices. Some recent research also improved their forecasting accuracy by 
incorporating wind power into their models. The results from the correlation analyses shows a 
negative correlation for every individual month and for the whole year. Months with higher or 
lower demand than the average demand showed stronger correlation, while months with 
medium demand showed weaker correlations between electricity prices and wind production. 
The low correlation for the whole year is caused by the varying correlation for the individual 
months, but it is important to note that the correlation is always negative. 
 
Figure 7 below shows the wind power production in Sweden and Denmark versus the total 
Nord Pool demand for the 20 highest wind-producing hours of 2016 is shown in Figure 6 
below: 
 

 
Figure 6: The 20 highest wind-producing hours in Sweden and Denmark in 2016 compared to the 
total demand in the Nord Pool market. (own) 

As seen in the graph above, wind electricity production can have a high share of the total 
production for individual hours. This, as well as the correlation, suggests that wind power 
production is an important variable when forecasting hourly electricity spot prices. 
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5.1.6 Fossil fuel prices 

As mentioned earlier, the market share of fossil fuels is relatively small in Nord Pool, but they 
are setting the price quite often. However, since the volatility in fossil fuel prices is low on an 
hourly basis, information on the fossil fuel prices will be included to some degree in the 
lagged electricity prices. Because of this, and the results of the hydropower correlation, which 
have the same slow changing properties, fossil fuel prices were not included in the models of 
this degree project. 

5.1.7 Lagged electricity prices 

Lagged electricity spot prices contain information of many factors that has slow changing 
values, like hydropower (Interviewee 1, personal communication, February 13, 2017), 
suggesting a strong correlation with hourly electricity spot prices. Previous research (see 
chapter 3.2.4) also suggests a strong correlation using some kind of lagged electricity prices 
as a variable. When examining the prices on Nord Pool, a daily and a weekly pattern are 
clearly seen, as shown in Figure 7 below: 
 

Figure 7: Weekly pattern of typical weeks on Nord Pool. (own) 

This graph suggests that the electricity spot prices lagged by 24 hours are close to the 
electricity spot price, except for Mondays and Saturdays. The electricity spot prices lagged by 
168 hours are close to the electricity spot price for any day, but not as close as the electricity 
spot prices lagged by 24 hours, except for Mondays and Saturdays. The correlation analysis 
clearly shows a strong correlation for the price lagged by 24 and 168 hours. Months with 
higher or lower demand than the average generally showed a stronger correlation with the 
electricity price lagged by 24 hours and lower correlation with the electricity price lagged by 
168 hours, while months with medium demand generally showed rather equal correlations 
with both variables. Other lagged electricity prices were not examined as these two are the 
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most commonly used. Figure 5 also suggest that these two lagged electricity spot prices are 
the most relevant. Both variables are used in the models of this degree project. 

5.2 Base model’s in-sample performance 
As mentioned earlier, three simple regression models were constructed first to analyze the 
forecasting performance of the different modeling approaches. These models used demand, 
wind, and lagged electricity prices by 24 and 168 hours as parameters to calculate the 
electricity price. The parameters were generated on data for 2015 and Table 2 below shows 
the models in-sample R-squared performance for the same year as they are generated: 

 
2015	

	 Monthly	 Daily	 Hourly	
R-squared	 0.906	 0.887	 0.852	

Table 2: In-sample R-squared values of the base regression models. 

As seen in the table, the monthly approach performed best in this scenario, followed by the 
daily approach, and lastly the hourly approach, but the difference between the approaches is 
not significant. 
 
The same models, with their parameters generated for 2015, were used to forecast the prices 
of 2016. The input data in this case is known, as the demand at any given hour and the lagged 
electricity prices etc., making the forecasts for 2016 not a true out of sample forecasts. This 
can still be a good indication of the performance of the various approaches for out of sample 
forecasts. Table 3 below shows their performance for 2016: 
 

2016	
		 Monthly	 Daily	 Hourly	
R-squared	 0.054	 0.637	 0.611	

Table 3: R-squared values of the base regression models for 2016 prices when the models are 
generated for 2015. 

The monthly approach barely had any correlation to the electricity prices anymore, while the 
daily and hourly approach still performed relatively well without re-generating the parameters 
for that specific period. This is probably because the same month can differ a lot from year to 
year, both in their respective weather conditions but also because of other factors, such as 
changes in regulations that may affect the electricity prices. 
 
The results above show that the monthly approach can be great for curve fitting historical 
data, since it is generated for the specific months that it will predict, but performs poorly 
when it comes to forecasting. The other approaches are both a lot better at forecasting, even 
though they are not generated for the period that they will forecast. This is probably because 
the pattern of the hourly electricity prices for a specific day and hour are much more 
predictable than the pattern of the hourly electricity prices for a specific month. The monthly 
approach is discarded for the actual forecasting models because of its weak forecasting 
abilities. 
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5.3 Actual forecasting models (week-ahead) 
For the actual forecasting models, four regression models, one SARIMA models, and two 
SARIMAX models were built. A step-by-step guide for how the parameters are calculated can 
be found in Appendix 1. A demand model was also built and the result of this model is used 
as input to the other models, except for the SARIMA-model. Figure 8 below shows all the 
different models of this degree project: 
 

 

Figure 8: The bold lines shows the actual electricity price models while the dotted lines shows 
different approaches. (own) 

Every model makes a week-long forecast and makes a new forecast every day. All forecasts 
are saved and do not overwrite each other and the results for the R-squared analysis will be an 
average of every forecasts R-squared for each model. All models result will be presented and 
explained in this chapter. 
 
All models, except for the SARIMA-model, uses the same exogenous variables. Two versions 
of every model, except for the SARIMA-models, is built. One that uses wind power 
production as a variable and one that does not. The other exogenous variables used are the 
demand and the differenced demand. The out of sample forecasting period of this degree 
project is April 2017 and the forecasts are made in SEK/MWh.  

5.3.1 Electricity demand model 

Data for the period of April 2016 to March 2017 is used to generate the demand models. As 
mentioned in chapter 4.4.5, this is a simple model and more advanced models can be made 
but this is not the aim of this degree project. The in-sample R-squared performance of these 
models is shown in Table 4 below: 
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2016	

		 Daily	 Hourly	

R-squared	 0.9613	 0.9167	
Table 4: In-sample R-squared performance for the demand models. 

 
As seen in the results, the daily approach model clearly outperforms the hourly approach 
model. This is probably because there is a more distinct pattern of the demand caused by the 
day of the week than the hour of the day. Therefore, the hourly approach is not analyzed 
further for forecasting demand and a model with a daily approach is used to forecast the 
demand. The averaged R-squared week-long out of sample forecasts for the month of April 
2017 is 0.435 and the averaged MAPE-value for week-long forecasts is 6.36%. 
 

5.3.2 Regression models 

The models are generated on data from April 2016 to March 2017. As explained in chapter 
4.4.4, the daily approach will consist of 7 models, one for every day of the week, and the 
hourly approach will consist of 24 models, one for every hour of the day. 
 
Since the four regression models consist of totally 62 models, only one will be shown in 
Equation 15 below (see the Appendix for a thoroughly guide on how to calculate the models 
parameters), with the rest being the same type of models with different coefficients before the 
variables: 
 
𝑃" = 3.3204 + 0.000443 ∗ 𝐷" − 0.0000176 ∗ 𝐷𝐷" − 0.00430 ∗ 𝑊" + 0.7735 ∗ 𝑃"%&' +
0.1791 ∗ 𝑃"%Cvw        Equation 15 
 
These equations consist of the electricity price 𝑃, the current time period 𝑡, the lagged time 
period 𝑡 − 𝑥, the electricity demand 𝐷, the differenced electricity demand 𝐷𝐷, and the wind 
power production 𝑊. Half of the 62 models do not use wind power production as a variable. 
The in-sample R-squared performance of these models for the period of April 2016 to March 
2017 is shown in Table 5 and 6 below: 
 

Including	wind	
		 Daily	 Hourly	
R-squared	 0.8887	 0.8743	

Table 5: In-sample R-squared performance for the regression models including wind power 
production. 

Excluding	wind	
		 Daily	 Hourly	
R-squared	 0.8764	 0.8352	

Table 6: In-sample R-squared performance for the regression models excluding wind power 
production. 

The daily approach outperformed the hourly approach in both cases when looking at in 
sample data, but the difference is too small to eliminate one approach for actual forecasting 
and both approaches will therefore be used. 
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For the actual forecasts, the demand and differenced demand was based on the output of the 
demand model. The price for the same hour the previous day was based on the output of the 
models themselves, except for the first day of forecasting when true prices for the previous 24 
hours is available. The averaged R-squared for out of sample forecasts is presented in Table 7 
and 8 below: 
 

Including	wind	
		 Daily	 Hourly	
R-squared	 0.369	 0.323	

Table 7: Out of sample R-squared performance for the regression models including wind power 
production. 

 
Excluding	wind	

		 Daily	 Hourly	
R-squared	 0.313	 0.446	

Table 8: Out of sample R-squared performance for the regression models excluding wind power 
production. 

As seen in the tables above, the R-squared value dropped drastically for out of sample 
forecasts. This is expected, as the most important variable is the electricity price lagged by 24 
hours, as seen in the correlation analysis (chapter 5.1). For the first day of the forecast, non-
forecasted electricity prices lagged by 24 hours are used, since these prices are known when 
the forecast is made. For the rest of the week, the models own forecasted electricity prices 
lagged by 24 hours are used, making the results worse. If the first forecasted day is relatively 
bad, the rest of the week will probably be as well because of this. Table 9 and 10 below will 
show what R-squared values the individual forecasts ranged between: 
 

Including	wind	

	 Daily	 Hourly	

	 Min	 Max	 Min	 Max	
R-squared	 0.034	 0.756	 0.009	 0.666	

Table 9: Out of sample R-squared performance for individual week-long forecasts with the 
regression models including wind power production. 

Excluding	wind	

	 Daily	 Hourly	

	 Min	 Max	 Min	 Max	
R-squared	 0.001	 0.733	 0.167	 0.870	

Table 10: Out of sample R-squared performance for individual week-long forecasts with the 
regression models excluding wind power production. 

As seen, the R-squared varied a lot for individual week-long forecasts. This might suggest 
that the model does not capture all factors affecting the electricity prices. 
 
The other error measure performed is the MAPE-value. Even if one model hade a great R-
squared value, that does not mean that the forecast is good, since the R-squared value only 
shows how accurate the pattern between two-data sets are. The MAPE-values for all 
regression models are shown in Table 11 below: 
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 Daily	 Hourly	

	 Including	wind	 Excluding	wind	 Including	wind	 Excluding	wind	
MAPE	 13.64%	 8.36%	 14.93%	 7.60%	

Table 11: Out of sample averaged MAPE performance for all regression models on week-long 
forecasts. 

Even though the daily approach regression model that included wind power production had a 
higher R-squared value, the MAPE was considerably higher. The hourly approach regression 
models MAPE-results were in line with their R-squared results though, with the hourly 
approach model excluding wind power production performing best of all regression models 
for week-long forecasts in both the R-squared analysis and MAPE-analysis. 

5.3.3 Error correction 

As mentioned in chapter 4.5.5, this model will be a pure ARIMA-model since this model will 
only try to predict the error of the actual models, and will therefore only use previous errors to 
do that. Before constructing an error model, an ACF and PACF-plot was drawn to determine 
the number of lags to be used for the model. The ACF and PACF-plot for the error with the 
hourly approach including wind is shown in Figure 9 and 10 below, but all the error models 
showed the same pattern and same number of lags to be used. 
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Figure 9: ACF-plot of the in-sample error for the regression model with the hourly approach that 
includes wind power production. (own) 

 
Figure 10: PACF-plot of the in-sample error for the regression model with the hourly approach that 
includes wind power production. (own) 

The plots clearly show that only one lag should be used for the error correction model. These 
plots show some sign of a need for differencing the data, but as seen in Figure 11 below, the 
data is stationary: 
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Figure 11: In-sample error for the regression model with hourly approach that includes wind power 
production on May 2016. (own) 

This means that there is no need for differencing the data. The error correction models will 
therefore be AR(1) models, and the in sample R-squared performance for the four regression 
models with the error correction is shown in Table 12 and 13: 
 
 

Including	wind	
		 Daily	 Hourly	
R-squared	 0.9712	 0.9777	

Table 12: In-sample R-squared performance for the regression models that include wind power 
production with error correction. 

Excluding	wind	
		 Daily	 Hourly	
R-squared	 0.9691	 0.9541	

Table 13: In-sample R-squared performance for the regression models that excluding wind power 
production with error correction. 

As seen in the table above, the in-sample R-squared performance increased drastically when 
applying error correction. 
 
When performing the error correction on the first forecasted week for the regression model 
with an hourly approach that is excluding wind power production as a variable, the results 
clearly showed that this type of error correction is not suitable for hourly EPF. The R-squared 
value this forecasts with error correction versus the same forecasting week without error 
correction is presented Table 14 below: 
 

		 With	error	correction	 Without	error	correction	
R-squared	 0.333	 0.346	
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Table 14: Out of sample R-squared performance for the first forecasting week with and without error 
correction. 

As seen in the table, the R-squared value did decrease with the error correction applied to 
actual forecasts. This is because the error of the model is the actual price subtracted by the 
forecasted price. Since there is no data available for the actual price when forecasting, the 
error becomes the price between the forecasting price with error correction subtracted by the 
forecasted price without error correction. The formula for the error correction model for the 
regression model with an hourly approach excluding wind power production is shown in 
Equation 16 below: 
 
𝐸" = −0.107 + 0.847 ∗ 𝐸"%C       Equation 16 
 
This equation consists of the error 𝐸 at a given time 𝑡, and the error lagged by one hour 𝐸"%C. 
The coefficient before the lagged error is less than one, and since the error for actual forecasts 
are the forecasted electricity prices with error correction subtracted by the forecasted 
electricity prices without error correction, the forecasted error will be decreasing towards a 
stable value. The first hour of forecasting is based on a true error though and is therefore 
corrected correctly, improving the first hour of forecasting. The actual error forecast for the 
same week as mentioned above is shown in Figure 12 below: 
 

 
Figure 12: Error forecast for the first forecasting week for the regression model with an hourly 
approach that excludes wind power production. (own) 

As seen in the graph above, the forecasted error does not represent the pattern of the true 
errors, as seen in Figure 12. Because of these results, no correction is performed for any more 
forecasts. 
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5.3.4 SARIMA-model 

The SARIMA-approach (see chapter 4.4.4.4) was used to build all the SARIMA-type models 
and all model parameters are generated based on data for April 2016 to March 2017. The 
ACF and PACF-plots for the un-differenced and differenced electricity price data is shown in 
Figure 13, 14, 15, and 16 below: 
 

 
Figure 13: ACF-plot for the un-differenced electricity prices from April 2016 to March 2017. (own) 

 
Figure 14: PACF-plot for the un-differenced electricity prices from April 2016 to March 2017. (own) 

 

 

0,0
0,1
0,2
0,3
0,4
0,5
0,6
0,7
0,8
0,9
1,0

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47

Lag

ACF-plot	undifferenced

-0,6 

-0,4 

-0,2 

0,0

0,2

0,4

0,6

0,8

1,0

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47

Lag

PACF-plot	undifferenced



48 

 
Figure 15: ACF-plot for the differenced electricity prices from April 2016 to March 2017. (own) 

 
Figure 16: PACF-plot for the differenced electricity prices from April 2016 to March 2017. (own) 

The ACF-plot for the un-differenced electricity prices clearly shows a seasonal pattern, while 
the ACF-plot for the differenced electricity prices shows no seasonal pattern, which means 
that the seasonality in the data is removed by the seasonal differencing. Therefore, a 
SARIMA-type model is appropriate for such data. The PACF-plot shows a correlation of 
significance to the first and second lag of the differenced electricity prices. Equation 17 below 
show the equation for the SARIMA-model: 
 
𝑃" = 0.0174 + 1.1751 ∗ 𝐷𝑃"%C − 0.2687 ∗ 𝐷𝑃"%& + 𝑃"%&'   Equation 17 
 
The equation consists of the electricity price 𝑃, the current time period 𝑡, the lagged time 
period 𝑡 − 𝑥, and the differenced electricity price 𝐷𝑃. The in sample R-squared performance 
of the SARIMA-model for the period of April 2016 to March 2017 is 0.970. This model 
shows great in-sample performance. When examining the out of sample R-squared 
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performance of the model, the result is 0.212, which is not nearly as good as the in-sample 
performance. This is expected since the SARIMA model is using two lags of the price to 
forecast future differenced electricity prices, only the first price forecast will be accurate. 
After that, it starts to use differenced prices forecasted by the model itself to forecast 
differenced prices even further in to the future. The forecast of the differenced data does not 
use any exogenous variables to affect it, and the forecast goes towards a stable value for all 
hours rather quickly, as seen in Figure 17 below: 
 

 
Figure 17: Out of sample differenced week-long forecast of the SARIMA-model. (own) 

The forecast has to be un-differenced to give the actual price forecast and it is done in the 
same manner as when differencing the data, but in the opposite direction. Instead of 
subtracting the price lagged by 24 hour, which is done to difference the data, the price lagged 
by 24 hours is added to the un-difference the data. Because of the un-differencing process, the 
actual price forecast will follow a pattern that is more accurate to the true electricity price 
pattern than the differenced electricity price forecast. Figure 18 below shows the SARIMA 
price forecast for the same period as the forecast in Figure 17 above: 
 

-8,00 

-7,00 

-6,00 

-5,00 

-4,00 

-3,00 

-2,00 

-1,00

0,00

1,00

Di
ffe

re
nc
ed

	P
ric

e	
(S
EK

/M
W
h)

Differenced	Forecast



50 

 
Figure 18: Out of sample un-differenced week-long forecast of the SARIMA-model. (own) 

The MAPE-value for the SARIMA-model is 10.32%, but a pure SARIMA model is still not 
suitable for forecasting hourly electricity price though. It will follow the same pattern 
throughout the forecasting period, which will be very much dependent on the pattern of the 
preceding day of the start of the forecasting period. This is because, as mentioned earlier, the 
differenced forecast goes towards a stable value and the un-differencing process uses prices 
lagged by 24 hours, which starts with the prices for the preceding day of the start of the 
forecasting period. During the forecasting period, after the first forecasting day, the un-
differencing process will use the forecasted prices by the model itself, which will be very 
close to the prices of the preceding day of the start of the forecasting period. Therefore, the 
SARIMA-model will miss all electricity price spikes and dips, and if the day before the first 
forecasting day has a spike or a dip, every day of the forecast will as well. 

5.3.5 SARIMAX-models 

Two versions of the SARIMAX-model were built, which uses the same number of lags as the 
SARIMA model. The difference is that the SARIMAX-models also uses the same exogenous 
factors as the regression models, where one version has wind power production as an input 
variable, while the other version does not. Equation 18 and 19 below shows the equations for 
the SARIMAX-models: 
 
𝑃" = 1.1288 + 1.1056 ∗ 𝐷𝑃"%C − 0.2539 ∗ 𝐷𝑃"%& + 0.000138 ∗ 𝐷" + 0.000382 ∗ 𝐷𝐷" −
0.0649 ∗ 𝑃"%&' + 0.0373 ∗ 𝑃"%Cvw + 𝑃"%&'     Equation 18 
 
𝑃" = 1.0479 + 1.0961 ∗ 𝐷𝑃"%C − 0.2567 ∗ 𝐷𝑃"%& + 0.000176 ∗ 𝐷" + 0.000374 ∗ 𝐷𝐷" −
0.00104 ∗ 𝑊" − 0.0744 ∗ 𝑃"%&' + 0.0478 ∗ 𝑃"%Cvw + 𝑃"%&'  Equation 19 
 
These equations consist of the electricity price 𝑃, the current time period 𝑡, the lagged time 
period 𝑡 − 𝑥, the differenced electricity price 𝐷𝑃, the electricity demand 𝐷, the differenced 
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electricity demand 𝐷𝐷, and the wind power production 𝑊. The same period is used to 
generate the parameters for these models as the SARIMA-model and their in-sample R-
squared performance is shown in the tables below: 
 

SARIMAX	
		 Inc.	Wind	 Excl.	Wind	
R-squared	 0.972	 0.972	

Table 15: In-sample R-squared performance of the SARIMAX-models. 

As seen in the tables above, the in-sample performance of the models is great and very similar 
to the SARIMA-model. The averaged out of sample R-squared performance for the 
SARIMAX-models is shown in the table below: 
 

SARIMAX	
		 Inc.	Wind	 Excl.	Wind	
R-squared	 0.497	 0.338	

Table 16: Out of sample R-squared performance of the SARIMAX-models. 

As seen in the table above, there is a rather big performance difference between the 
SARIMAX-model that uses wind power production as a variable and the one that does not. 
The SARIMAX-model that includes wind power production has the highest R-squared value 
of all models in this degree project. Table 17 below will show the MAPE values for the 
SARIMAX-models: 
 

	 Inc.	Wind	 Excl.	Wind	
MAPE	 11.40%	 8.16%	

Table 17: Out of sample MAPE performance of the SARIMAX-models. 

The SARIMAX-model that included wind power production had a higher R-squared value but 
it also had a higher MAPE-value. This means that the SARIMAX-model that includes wind 
power production captures the pattern of the electricity prices better than the SARIMAX-
model that does not include wind power production, but it has bigger absolute errors. 

5.4 Actual forecasting models (day-ahead) 
For the day-ahead forecasts, the same models were used as for week-ahead forecasts, but only 
the first day of forecasting were considered. This is important since strategic decisions of 
companies will be based on electricity price forecasts for the day-ahead, as explained in 
chapter 4.5. There will not be any overlapping for the day-ahead forecasts since there will 
only be one forecasts made for every day by every model. The period for the forecasts and the 
period used to generate the models are explained in the previous chapter, so only results and 
analyze of the results will be presented in this chapter, since it is the same models. 

5.4.1 Electricity demand model 

The demand forecasts day-ahead forecasts is for the same day as the electricity price forecasts 
first day of forecasting. The electricity demand model actually start forecasting almost a day 
prior to this though. The day-ahead electricity prices at Nord Pool are set at 12:00 a.m. CET 
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the previous day. Nord Pool uploads their data at 03:00 a.m. CET every day with data 
available up to 02:00 a.m. CET the same day. This data includes the electricity demand 
among others. The electricity demand model uses electricity demand lagged by 24 hours as an 
input, as explained in chapter 4.4.5. For the first EPF day, there will not be available data for 
the demand lagged by 24 hours, except for the first two hour because of this. That is why the 
electricity demand model starts forecasting at 03:00 a.m. CET the day before, so that 
electricity demand data lagged by 24 hours will be available. The results from the R-squared 
and MAPE analysis is shown Table 18 below: 
 

R-squared	 MAPE	
0.520	 4.47%	

Table 18: Out of sample R-squared and MAPE performance of the demand model for day-ahead 
forecasts. 

Compared to the week-long forecasts, both values improved. This is expected, as the 
temperature prognosis is generally more accurate for day-ahead compared to week-ahead 
temperatures. Because of this, first day of forecasting, in this case the day before the first day 
of electricity forecasting, will also generally be more accurate and will therefore provide the 
electricity demand model with better demand data lagged by 24 hours. 

5.4.2 Regression models 

Table 19 and 20 below will show the R-squared values for the regression models: 
 

Including	wind	
		 Daily	 Hourly	
R-squared	 0.553	 0.667	

Table 19: Out of sample R-squared performance of the regression models that include wind power 
production for day-ahead forecasts. 

Excluding	wind	
		 Daily	 Hourly	
R-squared	 0.508	 0.638	

Table 20: Out of sample R-squared performance of the regression models that exclude wind power 
production for day-ahead forecasts. 

The R-squared values improved for all models, but especially for the hourly approach model 
including wind power production. For the week-ahead forecasts, the R-squared value were 
lower for the hourly approach including wind power production but for day-ahead forecasts, 
the R-squared value is higher. The input data is more accurate for day-ahead forecasts than 
week-ahead forecasts. As seen in the previous chapter, electricity demand data is more 
accurate, and the electricity prices lagged by 24 hours are prices for day-ahead forecasts. This 
could be an indication that the more complex model, that includes wind power production, is 
more sensitive to good input data. 
 
The MAPE-values for all regression models are shown in Table 21 below: 
 

 Daily	 Hourly	

	 Including	wind	 Excluding	wind	 Including	wind	 Excluding	wind	
MAPE	 8.09%	 7.15%	 7.53%	 5.80%	
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Table 21: Out of sample MAPE performance of the regression models for day-ahead forecasts. 

As seen in the table above, all models performed better for day-ahead forecasts, but the 
performance boost is especially noticeable for the models that include wind power 
production. This is also an indication that the more complex models are more sensitive to 
accurate input data. They still performed worse in the MAPE-analysis than the models 
excluding wind power production. 

5.4.3 SARIMA-model 

The R-squared value for day-ahead electricity price forecasts for the SARIMA model 
improved to 0.576. This is a big improvement from the week-ahead forecasts. As explained in 
chapter 5.4.5, the SARIMA-model will forecast prices very close to the prices of the day 
previous to the first forecasting day. Electricity prices varies in their prices and pattern 
throughout a week, but are generally relatively similar between two consecutive days. That 
explains the big improvement for the SARIMA-model. 
 
The MAPE-value improved to 5.78%, which is a good value. The SARIMA-model will never 
catch price spikes or dips though, since those are caused by exogenous factors. 

5.4.4 SARIMAX-models 

 The R-squared values for day-ahead electricity price forecasts are shown in Table 22 below: 
 

SARIMAX	
		 Inc.	Wind	 Excl.	Wind	
R-squared	 0.704	 0.631	

Table 22: Out of sample R-squared performance for the SARIMAX-models for day-ahead forecasts. 

The SARIMAX-models also saw rather big improvements for day-ahead forecasts compared 
to week-ahead forecasts. The improvements were bigger than for the regression models. One 
reason for this could be that the SARIMAX-models are more dependent on lagged electricity 
price than the regression models, since they also include electricity priced lagged by one and 
two hours. Forecasts are better for day-ahead prices for all models, and the SARIMAX-
models use these day-ahead forecasted priced for all hours except the first as input. 
 
The MAPE-values for day-ahead electricity price forecasts is shown in Table 23 below: 
 

	 Inc.	Wind	 Excl.	Wind	
MAPE	 6.07%	 5.64%	

Table 23: Out of sample MAPE performance for the SARIMAX-models for day-ahead forecasts. 

MAPE-values also improved for both models, and just as for the regression models, the 
biggest improvement happened in the more complex SARIMAX-model that includes wind 
power production. The SARIMAX-model that excludes wind power production had the best 
MAPE-value of all the models for day-ahead forecasts. 
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5.5 Summary of the results 
All models performed better in regard to the R-squared and MAPE-value for day-ahead 
forecasts than week-ahead forecasts. The models including wind power production improved 
more than the models excluding wind power production for day-ahead forecasts. The 
SARIMA-model improved a lot for day-ahead forecasts.  
 
A complete overview of the results from the EPF models is shown in Figure 19 below: 
 

 
Figure 19: A complete overview of the results from the price forecasting models. 
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6 DISCUSSION 

How some possible variables should affect the outcome of a model and how they actually will 
affect the outcome of a model is not always the same. This is clearly seen in the correlation 
analysis of unavailable electricity generation as a variable to the model. All three interviewees 
said that this variable is one of the three most important variables when forecasting the hourly 
electricity prices. All three said that there should be a relatively strong positive correlation, 
but the correlation analysis showed the opposite, which is explained in chapter 5.1.3. If 
unplanned unavailable electricity generation could be used, this might have looked different. 
The prices at Nord Pool are set the day before at 12:00 a.m. CET, which may eliminate the 
effect of such a variable if the unplanned stops are very short. If they do last for a couple of 
days, they can be of greater importance. As interviewee 1 (personal communication, February 
13, 2017) said: 
  
“Let’s say a huge power plant, or several, stops abruptly and they say that it would take three 
days to fix it. If it is -20° C outside, there is a great risk for high electricity prices during these 
days”.  
 
Such data is harder to get ahold of, and requires a higher degree of involvement by the users 
of the models. As presented in chapter 5.1.3, the average hourly unavailable electricity 
generation was almost ten times higher during June 2016 than during January 2017. But as 
seen in the quote above, this is a factor that will most likely affect the prices during times of 
cold weather, and therefore high electricity demand. If a huge power plant would stop 
abruptly during summer times, this would probably not have a big effect on the prices. To 
combat such problems, either more advanced models have to be used or the data have to be 
manipulated before entering the models, by maybe adding a multiplying coefficient to every 
individual hour for the data set depending on the demand levels. 
 
A big challenge for this degree project was to gather good forecasts for variables used as 
inputs to the price forecasting models. Such data is often not available to the public, but is 
instead sold. To buy such data was not an option for this degree project, and such data had to 
be gathered in other manners. To get electricity demand forecasts, which is an important 
variable for all the models except the SARIMA-model, two regression models were built. 
Electricity demand is relatively easy to predict, so the model with a daily approach got good 
enough results to use as input for the rest of the models, as shown in chapter 5.3.1 and 5.4.1. 
To get accurate forecasts of wind power production was too big of a challenge, so the models 
that uses exogenous variables were made in two versions instead, one that uses wind power 
production as a variable and one that does not. For the models that include wind power 
production as a variable, the data for the wind is collected after the forecasting period was 
supposed to be done and used as a perfect forecast for the models. This is to see if the 
performance improves using wind and if it is worth for companies to buy good wind power 
production forecasts to use with the models. 
 
The results for all models that uses exogenous variables, both for day-ahead and week-ahead, 
are clear. The models perform better in regard to the MAPE-value without wind power 
production as a variable than with wind power production. By adding more variables, the 
models become more complex, and simple models often outperform more complex models in 
out of sample forecasting, as Diebold (2015) explains. All models that uses exogenous 
variables performed better in regard to the R-squared value, except for the regression model 
with an hourly approach on week-long forecasts when including wind power production as a 
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variable. These models are better at capturing the electricity price pattern than the models 
without wind power production as a variable. Another interesting aspect is that the models 
with wind power production as a variable improved more for the day-ahead forecasts than the 
models without wind power production as a variable, compared to their week-ahead forecasts. 
The input data is generally more correct for day-ahead forecasts than for week-ahead 
forecasts, meaning that the models that includes wind power production is more sensitive to 
accurate input data. 
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7 CONSLUSIONS 

This study has analyzed which variables should be used to build models that forecasts hourly 
electricity prices and which model types are suitable for the Nord Pool market. Choosing 
suitable input variables and model types is not an easy task. Depending on the market studied, 
the model of choice might be of different model-types with a different setup of variables. 
However, by having a consistent and structured work process, appropriate model-types and 
variables have been achieved and the following has been concluded: 
 

Correlation analysis should be performed to all variables that is considered as inputs 
and depending on the results, further investigation might be necessary. 

 
The SARIMA-model, that does not incorporate exogenous variables, follows the 
prices of the day previous to the first forecasting day closely. This model will often 
perform rather well on Tuesdays to Fridays and on Sundays for day-ahead forecasts, 
since electricity prices in reality usually follow rather alike price patterns as the 
previous day for the days mentioned. Mondays and Saturdays do not usually follow 
the price pattern of their previous days (see Figure 7). The forecasts will therefore 
perform poor on these days. Abnormalities caused by exogenous factor, such as a 
sudden high electricity demand, will not be caught by this model either. Therefore, 
SARIMA- models should not be used when forecasting hourly electricity prices of the 
Nord Pool market. 

 
When including wind power production as a variable, the models become more 
complex, and their ability to follow electricity price patterns increased in all cases 
except one. Still, the MAPE performance decreased for all models. The wind power 
production has increased tenfold the last decade in Sweden, and there are plans to 
increase the capacity even further in both Sweden and Norway. Wind power 
production can therefore be a variable that increases the MAPE performance of 
electricity price models in the coming years. Wind power production is not 
recommended to use as a variable at the moment. 

 
The hourly approach for the regression models outperformed the daily approach in all 
cases. This is accordingly to the study of Weron & Misiorek (2008), where the hourly 
approach outperformed other approaches. 

 
Complex models are more sensitive to accurate input data. For day-ahead forecasts, 
where the input data is generally more accurate, the more complex ARIMAX-model 
performed the best, while the simpler regression model with an hourly approach 
performed the best for week-ahead forecasts. However, out of sample tests has to be 
performed for a longer time period to confirm this conclusion. 

 
As Weron (2014) mentioned, there are no specific error measures used in this field of 
research, which makes it difficult to compare the results of different studies. Cerjan et al. 
(2013) noted that MAPE is a common error measurement used for evaluating the performance 
of EPF models. This is not always enough, as the MAPE can be misleading when the prices 
are very high or low. Together with an R-squared analysis, a better understanding of the 
models performance is obtained. Together, these error measures explains the models absolute 
performance as well as the models ability to follow the price pattern. 
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With all the above concluded, the recommended set of variables are demand, differenced 
demand, and electricity prices lagged by 24 and 168 hours. For week-ahead forecasts, the 
regression model with an hourly approach is recommended, while for day-ahead forecasts, the 
SARIMAX-model is recommended, which also includes electricity prices lagged by 1 and 2 
hours as input variables. 

7.1 Managerial implications 
The models developed in this degree project can serve as basic models. If necessary, it is 
possible to modify them accordingly, thus turning them into more complex type of models. 
However, leaning too much on the results of the models is not recommended. Even if the 
models produce optimal results based on the input variables, they are still simplifications of 
the reality and possesses a risk of error. Therefore, the models should be used with precaution. 
 
Wind power production is affecting the electricity prices, as seen in the R-squared results of 
the different models. By adding wind power production as a variable, the complexity of the 
models increases and their MAPE performance decreases. As of now, we do not recommend 
using wind power production as a variable for the recommended models, but the impact of 
adding this variable should be examined continuously as wind power production is growing. 
 
For the recommended models, the parameters were estimated once every month, due to the 
time consuming attribute of this process. The parameter estimation is done by minimizing 
RMSE for the hourly price and all variable data one year back. This can easily be done by 
different statistical software, including Excel. 
 
To further improve the price forecasts of the recommended models, better demand forecasts is 
recommended. The demand model of this degree project had an average MAPE-value of 4.47 
% for day-ahead forecasts and 6.36 % for week-ahead forecasts. Bought demand forecasts 
usually have a MAPE-value of 1-3 %. 

7.2 Further research 
Suggestions for future research is to focus on the following topics: 
 
More complex variable analysis. Some variables that seem to be a certain choice for 
electricity price models are not suitable, at least not without manipulation. Input variables are 
implemented linearly in this degree project, as seen in for example Equation 4. Some 
variables might have a strong non-linear correlation to the electricity prices or might only 
have a correlation when combined with other factors. More thorough analysis should be 
conducted to find such relationships. 
 
Extended research of the Nord Pool market. As mentioned, the short-term EPF area is still 
rather untouched. In addition, only 1% of the tested models from 1999 to 2012 used Nord 
Pool as market data. Extensive research of the Nord Pool market needs to be conducted in 
order to compare the research on equal terms and to give convincing results. 
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APPENDIX - MODEL CALCULATIONS 

This appendix will explain how the parameters were calculated for the models.  
 
The first step is to perform a correlation analysis to find suitable variables to use for the final 
model. Hourly data was gathered for all the examined variables from Nord Pool’s website for 
2016, as seen in the table below: 
 

 
 
The correlation analysis was performed between the price and every variable in Excel using 
the built in “Data Analysis”-tool for both the whole year and each month separately. Suitable 
variables are then chosen based on the results (see chapter 5.1). 
 
The forecasting period of this degree project is April 2017 so data was gathered for all the 
chosen variables for the period of April 2016 to March 2017, as seen in the table below: 
 

Year Month Hour
Price	

(SEK/MWh)
Demand	
(MWh)

… … … … … … …
2016 March 4th	 Friday 1 186,87 48840

2 183,68 48290
3 181,06 48325
4 179,37 49377
5 179 52275
6 192,58 57008
7 218,54 61041
8 304,57 62536
9 332,88 62221
10 336,25 62148
11 319,19 61584
12 236,82 61204
13 223,42 59977
14 221,45 59209
15 209,36 58833
16 207,39 58909
17 205,52 60449
18 223,51 61382
19 235,88 59770
20 205,42 57429
21 197,46 55668
22 194,55 53467
23 189,21 51189
24 185,18 49067

… … … … … … …

Day
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The parameters for the regression models can now be calculated. The data is sorted by hour 
(24 tables with the data for every individual hour) and by day (7 tables with data for every 
individual day), as seen in the tables below: 
 

Year Month Hour
Price	

(SEK/MWh)
Demand	
(MWh)

Differenced	
Demand	
(MWh)

Wind	
(MWh)

Price	-24h	
(SEK/MWh)

Price	-168h	
(SEK/MWh)

… … … … … … … … … … …
2016 April 2nd Saturday 1 195,16 42812 -1469 1216 191,31 192,98

2 192,29 42384 -1548 1255 187,8 190,38
3 190,35 42073 -2007 1213 188,08 189,36
4 183,41 42560 -2860 1190 186,23 185,38
5 184,06 43031 -5176 1322 190,57 185,38
6 185,73 43708 -8742 1482 198,24 185,47
7 186,65 45129 -11479 1503 208,86 185,47
8 192,2 47659 -10404 1285 243,78 189,73
9 195,43 49280 -8343 1136 273,8 193,53
10 197,19 49623 -7198 1185 276,11 195,66
11 192,38 48893 -6712 1390 261,42 193,81
12 185,63 47957 -6095 1581 239,9 185,1
13 182,77 47371 -5100 1717 212,92 176,66
14 182,68 46717 -4417 1844 205,53 169,25
15 178,98 46418 -4042 2001 201,84 162,3
16 178,24 46739 -3326 1956 199,53 163,78
17 178,98 47924 -2826 1753 200,08 165,17
18 189,05 48673 -2261 1556 201,1 177,96
19 199,13 49019 -2254 1465 203,13 186,58
20 200,79 48684 -2953 1491 203,59 186,21
21 199,32 47647 -2461 1498 202,67 184,82
22 197,65 45877 -2262 1442 201,01 173,33
23 195,71 43899 -2097 1373 198,61 166
24 193,4 42067 -1950 1264 194,54 159,05

… … … … … … … … … … …

Day
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A regression analysis (see chapter 3.3) is performed between the dependent variable (price) 
and the independent variables (every other variable) in Excel using the built in “Data 
Analysis”-tool for every individual hour and day, including and excluding wind power 
production. 
 
The electricity price is then seasonally differenced (see chapter 3.5.1) and the ACF and PACF 
is calculated for 48 lags of the differenced and non-differenced electricity price using the 
“RealStats”-plugin for Excel, resulting in the tables below: 

Year Month Day Hour
Price	

(SEK/MWh)
Demand	
(MWh)

Demand													
-24h	(MWh)

Wind	
(MWh)

Price	-24h	
(SEK/MWh)

Price	-168h	
(SEK/MWh)

2016 April Friday 1 191,31 44281 231 2221 190,82 192,05
Saturday 1 195,16 42812 -1469 1216 191,31 192,98
Sunday 1 186,44 41046 -1766 1136 195,16 146,73
Monday 1 189,68 40525 -521 1199 186,44 145,43
Tuesday 1 187,87 40974 449 783 189,68 153,03

Wednesday 1 183,05 41029 55 396 187,87 188,34
Thursday 1 161,61 41270 241 1943 183,05 190,82

Friday 1 181,3 41299 29 2259 161,61 191,31
Saturday 1 195,14 41556 257 1623 181,3 195,16
Sunday 1 192,93 41371 -185 892 195,14 186,44
Monday 1 185,79 40735 -636 627 192,93 189,68
Tuesday 1 191,21 40891 156 1049 185,79 187,87

Wednesday 1 199,62 40784 -107 1041 191,21 183,05
Thursday 1 198,33 41126 342 1044 199,62 161,61

Friday 1 195,57 41585 459 2148 198,33 181,3
Saturday 1 195,17 40269 -1316 1395 195,57 195,14
Sunday 1 178,02 39121 -1148 1465 195,17 192,93
Monday 1 182,16 39582 461 1872 178,02 185,79
Tuesday 1 174,74 41411 1829 2933 182,16 191,21

Wednesday 1 175,93 40752 -659 3925 174,74 199,62
Thursday 1 192,89 40680 -72 1014 175,93 198,33

Friday 1 180,35 41548 868 2598 192,89 195,57
Saturday 1 195,69 41218 -330 1265 180,35 195,17
Sunday 1 195,98 41487 269 430 195,69 178,02
Monday 1 204,21 41749 262 645 195,98 182,16
Tuesday 1 198,61 42863 1114 1386 204,21 174,74

Wednesday 1 202,22 41821 -1042 2718 198,61 175,93
Thursday 1 205,01 41855 34 1469 202,22 192,89

Friday 1 203,96 40854 -1001 3079 205,01 180,35
Saturday 1 202,28 40179 -675 2551 203,96 195,69

… … … … … … … … … …

Year Month Day Hour
Price	

(SEK/MWh)
Demand	
(MWh)

Demand													
-24h	(MWh)

Wind	
(MWh)

Price	-24h	
(SEK/MWh)

Price	-168h	
(SEK/MWh)

2016 April Friday 1 191,31 44281 231 2221 190,82 192,05
2 187,8 43932 238 2299 187,77 188,06
3 188,08 44080 302 2347 186,84 187,79
4 186,23 45420 808 2309 187,67 185,38
5 190,57 48207 819 2410 191,28 185,84
6 198,24 52450 479 2265 199,78 188,71

… … … … … … … … …
Friday 1 181,3 41299 29 2259 161,61 191,31

2 178,89 41053 233 2176 154,29 187,8
3 178,42 41222 466 2115 152,72 188,08
4 178,98 42187 751 2076 147,72 186,23
5 182,13 44739 723 2069 156,79 190,57
6 188,81 48997 999 2044 175,13 198,24

… … … … … … … … …
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ACF and PACF-plots are drawn and analyzed (see chapter 5.3.4) and two lags of the 
differenced price is used for the SARIMA and SARIMAX-models, resulting in the table 
below: 

Another regression analysis is then performed between the dependent variable (differenced 
price) and the independent variables (lagged differenced prices) for the SARIMA-model and 
between the dependent variable (differenced price) and independent variables (every other 
variable) including and excluding wind power production for the SARIMAX-models. 
 
A brief summary of how all the above was done: 
 

1. Gather data for all the variables intended to study for year 2016 
2. Perform a correlation analysis between the price and every variable throughout the year of 

2016 as well as for every month of the year. 
3. Gather data for all variables that have not been culled out through the correlation analysis one 

year back from the month intended to forecast. 
4. The data is sorted hour by hour and day by day. All data for hour 1 in a separate table, all data 

for hour 2 in separate table, all data for Mondays in a separate table, all data for Tuesdays in a 
separate table and so on. 

5. Regression analysis is performed for every table. This is done with and without wind power 
production, resulting in 62 regression analyses. 

6. Seasonally differentiate the electricity price. 
7. Calculate ACF & PACF for the differentiated and non-differentiated price. 
8. Plot the calculated ACF & PACF-values och analyse the plots. 

Lag ACF PACF Lag ACF PACF
1 0,9783 0,9783 1 0,9259 0,9259
2 0,9353 -0,5089 2 0,8189 -0,2623
3 0,8875 0,1499 3 0,7222 0,0608
4 0,8431 0,0503 4 0,6466 0,0588

… … … … … …
47 0,7984 0,0383 47 -0,2094 -0,0568
48 0,807 -0,0108 48 -0,2095 0,0122

Un-differenced	electricity	prices Differenced	electricity	prices
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9. Perform a regression analysis between the dependent variable (differenced price) and the 
independent variables (lagged differenced prices) for the SARIMA-model and between the 
dependent variable (differenced price) and independent variables (every other variable) 
including and excluding wind power production for the SARIMAX-models. 


