
Siiri Lampela

LONG-TERM ELECTRICITY PRICE

FORECASTING IN FINLAND

Neural network model with demand and production scenarios

Master of Science Thesis

Faculty of Engineering and Natural Sciences

Examiners: University Lecturer Henrik Tolvanen

Professor Pertti Järventausta

November 2023



i

ABSTRACT
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Master of Science Thesis
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Master’s Degree Programme in Environmental and Energy Engineering
November 2023

Accurate electricity price forecasting is difficult due to the abundance of weather dependent
renewable energy sources in the electricity system. Accurate long-term electricity price forecasting
is crucial in investment profitability calculations. In this thesis long-term electricity price forecasting
in the day-ahead market in Finland until 2050 was forecasted with neural network model through
different electricity demand and production scenarios.

Based on literature research different electricity production and demand scenarios were build
in matrix form. Electricity prices were predicted for 2030, 2040, and 2050, with each having 4x7
matrix. The scenarios varied between very plausible to extreme situations, to capture the influ-
ence these variables have on electricity prices. Deep feed-forward neural network models were
created for forecasting. Neural network models were trained with data from 2017 until 31.7.2022,
and tested for 1.8.2022-31.7.2023, before predicting electricity prices. Literature research was
conducted on identifying variables affecting electricity price formation. To the most important vari-
ables, a regression analysis was made to find their relations to the electricity price formation.

All electricity price forecasts predicted prices to decrease as wind capacity increases, and the
prices to increase as electricity demand increases. Neural network model predictions on two sce-
narios were compared against multi-agent European electricity market model created by Ramboll.
On scenario with 23 GW of wind capacity and 132 TWh of consumption, the Ramboll model pre-
dicted 30 C/MWh, and the neural network models predicted 102 C/MWh and 81 C/MWh. In a
scenario with less consumption, the Ramboll model predicted 41 C/MWh, while neural network
models predicted 35 C/MWh and 12 C/MWh. Only the second neural network model was able to
predict negative prices. Load shifting based on expensive electricity prices and not on peak load
demand was discovered to decrease electricity prices until a threshold was crossed and the prices
started to increase. As Ramboll model’s performance on a test data was not available during this
study, the Ramboll model’s results cannot be taken as face value.

Neural network models for long-term electricity price forecasting is possible, but requires more
refinement to be more accurate. In general the models predict lower electricity prices as seen
today on average and highlight the importance of electricity demand and production have on the
price formation. If one increases without the other, the prices quickly develop to a direction which
is either unfavourably to the consumer or the producer. The results in this thesis highlight the
importance of defining the input variables properly when predicting prices, because it changes the
results significantly. This is heightened when predicting prices far into the future.

In future development, weather based variables should consider climate change to be more
accurate. Another method for electricity load data formation should be used, to take into account
detailed demand behavior. Possibly integrating a neural network model to another model, could
be beneficial, as most of the published models currently are hybrid models.

Keywords: neural network, electricity price forecast, long-term EPF, renewables

The originality of this thesis has been checked using the Turnitin OriginalityCheck service.
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TIIVISTELMÄ

Siiri Lampela: Suomen sähkön hinnan ennustaminen vuoteen 2050 saakka
Diplomityö
Tampereen yliopisto
Ympäristö- ja energiatekniikan DI-ohjelma
Marraskuu 2023

Sähkön hinnan tarkka ennustaminen on tullut haasteelliseksi sääriippuvaisten uusiutuvien ener-
gialähteiden nopean kasvun ja määrän myötä. Pitkän aikavälin tarkka sähköennuste on oleelli-
nen investointien kannattavuuden laskennassa. Tässä työssä ennustetaan Suomen sähkön hin-
taa vuoteen 2050 saakka. Ennustaminen tehdään neuroverkkomallilla erilaisten sähkön tuotannon
ja kulutuksen skenaarioiden kautta.

Sähkön tuotanto ja kulutus skenaariot rakennettiin kirjallisuuskatsaukseen pohjaten. Skenaa-
riot ovat matriisi muodossa. Vuosille 2030, 2040 ja 2050, luotiin omat 4 kertaa 7 matriisit ku-
vastamaan kunkin vuoden erilaisten skenaarioiden vaikutuksia. Skenaariot valittiin kattamaan eri-
laisia tuotannon ja kulutuksen kehityskulkuja, kattaen hyvin todennäköiset ja hieman epätoden-
näköiset tilanteet, jotta tilanteiden vaikutus sähkön hintaan saadaan hahmotettua. Syvä eteen-
päin kytketty neuroverkko luotiin ennustamista varten. Neuroverkko koulutettiin datalla aikaväliltä
1.1.2017-31.7.2022, ja testattiin aikavälillä 1.8.2022-31.7.2023. Kirjallisuuskatsauksella tunnistet-
tiin tärkeimmät sähkön hinnan muodostumiseen vaikuttavat tekijät, joille tehtiin regressioanalyysi
selvittämään niiden vaikutusta sähkön hintaan.

Kaikki sähkön hintaennusteet ennustivat laskevaa hintaa tuulivoiman kapasiteetin kasvaes-
sa, sekä nousevaa hintaa sähkönkulutuksen kasvaessa. Neuroverkon kahden skenaarion tulok-
sia verrattiin Rambollin laatimaan malliin. Rambollin malli on Euroopan kattava moni agentti sys-
teemimalli. Skenaariossa, jossa tuulivoimakapasiteetti on 23 GW ja kulutus 132 TWh, Rambollin
malli ennusti hinnaksi 30 C/MWh, kun neuroverkkomallit ennustivat 102 C/MWh ja 81 C/MWh.
Skenaariossa, jossa kulutus tippui 94 TWh:iin, Rambollin malli ennusti hinnaksi 41 C/MWh, kun
neuroverkkomallit ennustivat 35 C/MWh ja 12 C/MWh. Vain toinen neuroverkoista pystyi ennusta-
maan negatiivisia hintoja. Kulutuksen siirto sähkönhinnan perusteella huomattiin laskevan sähkön
hintaa, kunnes siirrettävä kulutus ylitti rajapinnan, minkä jälkeen sähkön hinta alkoi kasvamaan.
Koska Rambollin mallin suoriutumista testidatalla ei ollut saatavilla työn aikana, Rambollin mallin
tuloksia ei voi ottaa huomioon sellaisenaan.

Neuroverkkojen käyttö pitkän aikavälin sähköennusteiden tekoon on mahdollista, mutta vaatii
lisätarkastelua tarkkuuden kasvattamiseksi. Yleisesti mallit ennustavat alhaisempia sähkön hinto-
ja, kuin hinnat nyt keskimäärin ovat, ja korostavat sähkön kulutuksen ja tuotannon merkitystä hin-
nan muodostukselle. Jos toinen kasvaa ilman toista, sähkön hinta kehittyy nopeasti suuntaan, joka
on epämieluisa joko kuluttajalle tai tuottajalle. Tämän työn tulokset korostavat muuttujien määrit-
telyn tärkeyttä ennustettaessa sähkön hintaa, koska pienikin muutos vaikuttaa ennusteisiin. Tämä
korostuu, kun hintaa arvioidaan pitkälle tulevaisuuteen.

Tulevaisuudessa säämuuttujien tulisi ottaa huomioon ilmastonmuutoksen vaikutus, sekä älyk-
käämpi tapa muodostaa sähkön kulutuksen data, jotta eri muuttujien vaikutus kulutukseen voidaan
ottaa huomioon. Neuroverkon integrointi toiseen malliin voi olla hyödyllistä, sillä monet julkaistuista
sähkön hintaa ennustavista malleista ovat hybridimalleja.

Avainsanat: neuroverkko, sähkön hintaennuste, pitkän aikavälin sähkön hintaennuste, uusiutuvat
energialähteet
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PREFACE

Tämän diplomityön aiheena on Suomen sähkönhinnan ennustaminen vuoteen 2050 asti

neuroverkkojen avulla. Työ tehtiin Rambollille.

Diplomityön tekeminen on ollut mielenkiintoinen ja haastava matka, jonka aikana ymmär-

rys koneoppimisesta, mallintamisesta ja neuroverkkojen hyödyntämismahdollisuuksista

on kasvanut valtavasti. Prosessin aikana pääsin perehtymään alati kehittyvään sähkön

hinnan ennustamis- ja mallintamistutkimukseen, sekä läpimurtoihin, eikä aiheen parissa

työskentely varmasti tähän työhön lopu. Neuroverkkojen käyttäminen avasi näkemyksiä

ja mahdollisuuksia sen käyttökohteista, mitä kaikkea neuroverkoilla voitaisiinkaan tehdä.

Kiitokset työn ohjaajille arvokkaista ohjeista, asiantuntijuudesta ja tuesta prosessin aikana,

sekä kiitos Rambollille. Haluan kiittää myös perhettä, kumppania ja muuta lähipiiriä

tuesta, tuoreiden näkökulmien tarjoamisesta ja kannustuksesta, varsinkin hetkinä kun työ

on tuntunut ylivoimaiselta.

Tampereella, 7.11.2023

Siiri Lampela
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1. INTRODUCTION

The increasing amount of global greenhouse gas emissions from human activities have

caused the current global warming that is elevating the global surface temperature. The

climate change has adverse unequal impacts and damages to nature and people, and

the unsustainable energy use is contributing to it. (Calvin et al. 2023) Energy sector is

responsible for 73 % of the global greenhouse gas emissions, which includes energy

use in industry, transport, and buildings but also unallocated fuel combustion and fugi-

tive emissions from energy production (Ritchie et al. 2020). Globally 63 % of electricity

production is from fossil fuels with the most carbon-intensive fuel, coal, being the main

source (Ritchie et al. 2022). Climate change impacts water availability and food produc-

tion, health and well-being, cities, settlements, and infrastructure, but also biodiversity

and ecosystems. The extremity of the impacts is linked to the global surface temperature

increase, with 1.5°C being the category with least severe impacts, and more than 4°C

being the most severe modelled category. (Calvin et al. 2023)

Under the legally binding international treaty on climate change, the Paris agreement,

nations have agreed to limit the global surface temperature increase well below 2°C,

above pre-industrial levels (UNFCCC 2015). The European Union (EU) and all its member

states have rati�ed the Paris Agreement. In line with this commitment, EU's goal is to be

climate neutral by 2050. To achieve this goal, revision of existing EU legislation and new

initiatives and directives are used. There are 4 key actions to meet the EU's clean energy

and climate targets: greenhouse gas emission reduction, minimum share of renewable

energy, minimum improvement in energy ef�ciency, and more electricity interconnection.

Under the European climate law, emission reduction by at least 55 % by 2030 is a legally

binding target for member states. The renewable energy directive (RED) sets a target

of minimum amount of renewable energy by 2030 in the EU's energy market and it is

currently 32 %. The RED is under revision and the proposed target is 40 %. (EU 2022)

In addition to legislative changes, EU is �nancing the shift towards climate-friendly econ-

omy, the green transition. EU has also taken actions to direct private capital to more

sustainable investments on the capital market by improving transparency obligations and

establishing a uni�ed EU classi�cation system, the EU taxonomy. (EU 2023a) The EU

taxonomy aims to increase investments in sustainable projects by helping to identify envi-

ronmentally sustainable economic activities (EU 2023c). The Russo-Ukrainian War accel-
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erated the green transition in Europe because the EU imposed sanctions against Russia,

which directly and indirectly affected the trade of oils and natural gas. Russia was the

main supplier of petroleum oils and natural gas to the EU. One of the responses to the

war was the REPowerEU plan. REPowerEU was implemented to reduce EU's reliance on

Russian energy imports and accelerate the green transition and increase renewable en-

ergy capacities. (eurostat 2023) These factors in�uenced the rapid increase in renewable

energy in electricity market.

The accurate electricity price forecasting (EPF) in the current electricity market system

has gotten increasingly dif�cult. The forecasting dif�culties are due to the rapidly increas-

ing renewable energy sources in the power system, which cause the electricity prices

to be more volatile due to their reliance on the weather (Brancucci Martinez-Anido et al.

2016; Maciejowska 2020). In comparison, fossil fuel based electricity production sources

are more stable and predictable compared to sources relaying on outside factors like the

wind speed. Due to the current policy goals stated earlier, fossil fuel based electricity

production is decreasing and renewable energy is increasing, both in Europe (IEA 2022)

and in Finland (Statistics Finland 2022). Despite the dif�culties in EPF, there are con-

stantly new advances made that provide new tools and models to minimize the difference

between a prediction and the actual electricity price (Lago, Marcjasz, et al. 2021). How-

ever, the comparison between different EPF models and techniques is challenging since

studies use different data sets, inadequate evaluation metrics, and the studies avoid di-

rect comparison with classic, established, and state-of-the-art models (Hong et al. 2020;

Weron 2014). In addition, a vast amount of EPF literature focuses on short-term electric-

ity price prediction, while the literature seems to be scarce on medium- to long-term EPF.

Medium- to long-term EPF is used for investment and political decision. (Ziel and Steinert

2018)

Wagner et al. (2022) researched short- and long-term EPF using embedding of calen-

dar information together with deep neural networks (DNN). Marcjasz et al. (2019) re-

searched EPF in day-ahead market with non-linear autoregressive (NARX) neural net-

work model and provided empirical evidence that seasonal component arti�cial neu-

ral network (SCANN) model can outperform linear seasonal component autoregressive

(SCAR) models. Ziel and Steinert (2018) used a probabilistic forecasting method for

medium- and long-term EPF. Neural networks have been used successfully for short-

term EPF, but more complicated neural network architectures have been used to include

the seasonal changes to electricity prices (Wagner et al. 2022).
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The aim of this thesis is to forecast the Finnish wholesale electricity prices in the day-

ahead market with hourly resolution for until 2050 with neural network. The research

questions are as follows:

1. How will electricity demand and production capacity develop in Finland until 2050?

2. Which variables affect electricity price formation in Finland and how will they de-

velop until 2050?

3. What kind of electricity price forecasting models have been used in price forecast-

ing?

4. What kind of electricity prices the chosen models forecast in different scenarios?

5. How �exible production or demand affect electricity price �uctuations?

This document is structured as follows. Chapter 2 discusses brie�y the Finnish electric-

ity market functionality, the variables affecting electricity prices, and the possible future

market design development. Chapter 3 focuses on how electricity market can be mod-

elled with different approaches and more speci�cally with neural networks, and lastly, an

outlook on how different electricity price variables change in the future. In chapter 4 the

research strategy is visualized and used methods and materials are presented. In chapter

5 the electricity price forecasting process, and the results are discussed.
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2. FINNISH ELECTRICITY MARKET

The Finnish electricity market was opened gradually for competition in 1995 (Ministry of

Economic Affairs and Employment of Finland 2023b). In chapter 2.1 the more detailed

electricity market functionality is discussed. In chapter 2.2 the formation of electricity

prices are explained. Chapter 2.3 focuses on the possible future developments in the

electricity market, and taking into account the current challenges and opportunities.

2.1 Nordic electricity market

Finland is a part of the Nordic wholesale electricity market. The Nordic electricity market

includes the Nordic countries (Finland, Sweden, Norway and Denmark) and the Baltic

States (Estonia, Latvia and Lithuania). The electricity price is determined by the balance

between supply and demand. The Nordic wholesale electricity market is divided into

bidding zones and currently Finland is a one bidding zone. The overview of the Nordic

electricity market and the bidding zones are in �gure 2.1.

Figure 2.1. The Nordic wholesale electricity market map including the bidding zones.
Adapted from (Fingrid Oy 2017)
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The Nordic electricity wholesale market is a liberalised market and it can be divided into

two markets, �nancial and physical markets. Physical market includes day-ahead, intra-

day and balancing market. The main reason for having different markets in the wholesale

electricity market is to effectively balance the power system in short and long time hori-

zons. Short time horizon means the least cost economic dispatch of power at a given

time and long time horizon means investments. The overview of the Nordic wholesale

electricity market is in �gure 2.2 (Spodniak et al. 2019)

Figure 2.2. The Nordic wholesale electricity market functions. Adapted from (Spodniak
et al. 2019; Fingrid Oy 2019b)

Financial markets are used for risk management against price volatility in physical mar-

kets, and market power mitigation purposes. There is no physical delivery for the made

contracts. (Nord Pool AS 2020) Market participants buy or sell a speci�c volume of elec-

tricity, at a speci�c price, for settlement for a speci�c date in the future through futures

or forwards contracts. In Nasdaq OMX market participants can settle and clear their

exchange-traded or over-the-counter (OTC) contracts. Long-term contracts such as pur-

chasing power agreements (PPA) and other long-term contracts, can be considered to be

a part of the �nancial market. (Spodniak et al. 2019) The contracts' time horizons vary

from 1 day ahead up until 10 years ahead, covering daily, weekly, monthly, quarterly, and

annual contracts. In the Nordic region the system price is calculated by Nord Pool and

is used as the reference price. (Nord Pool AS 2020) Market participants include energy

producers, consumers, retailers, etc. that want to safeguard either from exceptionally low

or high electricity prices (Fingrid Oy 2019b).

The day-ahead market (Elspot) mechanism is based on the merit order, which is based

on the lowest marginal costs. Merit order is a ranking sequence that determines which
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power plants are chosen to deliver power. (Next Kraftwerke 2023) In day-ahead market

the electricity buyers and sellers submit their bids, double auction, by 12:00 CET for the

day ahead for each hour of the next day. (Spodniak et al. 2019). The sellers submit their

electricity generation bids that are ranked according to increasing price, the merit order.

Renewable energy sources have low marginal costs and thus are the �rst power plants

designated to deliver power, if bidded. (Next Kraftwerke 2023) The generation bids are

aggregated as one supply curve. An explanatory picture of the merit order is shown in

�gure 2.3 where the capacity values and electricity price are taken from Fingrid's State

of the Power System from 21st of August in 2023 (Fingrid Oy 2023f), and the supply bid

prices in FI bidding zone are examples and not based on the actual prices because that

information is not publicly available.

Figure 2.3. The merit order principle, simpli�ed example from Finland on 21.8.2023.
Capacities and Finnish electricity wholesale price from Fingrid (2023f)

Similarly, the buyers bids, the demands, are aggregated to form one demand curve. The

intersection of the supply curve and the demand curve determines the price and volume

for given hour. The price is also known as the system price. (Spodniak et al. 2019) An

example of system price determination in the Nordic day-ahead electricity market on 21st

of August 2023 at 10AM is in �gure 2.4 (Nord Pool AS 2023c).
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Figure 2.4. The System Price in the Nordic electricity market 21.8.2023 10:00 (Nord Pool
AS 2023c)

In addition, the cross-border transmission capacities are auctioned in the day-ahead mar-

ket and thus in�uence the system price (Spodniak et al. 2019). In the day-ahead market

the system price is the same for all bidding zones if there are enough electricity trans-

mission capacities between bidding zones. If the transmission capacity limits the needed

electricity transmission between bidding zones, a so-called bottleneck is formed and the

system prices between said bidding zones are different. The difference in price is relative

to a bottleneck. (Fingrid Oy 2019b) The Elspot is operated by the Nord Pool in Nordic

countries. (Spodniak et al. 2019)

After day-ahead market closes for the upcoming day, the intraday market (Elbas) opens.

Intraday market provides the market participants an opportunity to continue trading to

address errors in their demand and supply forecasts. (Spodniak et al. 2019) The errors

in the demand curve can be due to unexpected demand changes, weather changes, or

abrupt technical malfunctions affecting electricity consumption. On the supply side, the

errors could be due to a broken transmission line, weather changes, or a sudden need to

limit power plant's production. These unforeseeable changes create the need for ongoing

trade to balance the supply and demand at every moment. The trading continues up until

0-60 min before the power delivery hour. For the moment, In Finland the intraday market

closes 0 minutes before delivery. On the Finnish-Estonian border the market closes 30

minutes before delivery and on the Finnish-Swedish borders the market closes 60 minutes

before delivery. (Fingrid Oy 2019b)

The Nordic countries' transmission system operators participate on the regulating mar-

ket. The Finnish transmission system operator (TSO) is Fingrid Oy. TSOs are obligated

to ensure adequate amount of manual Frequency Restoration Reserve (mFRR) capaci-

ties to maintain the balance between supply and demand. The mFRR provider needs to
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have a balancing energy market contract with Fingrid in order to participate in the reg-

ulating market. The mFRR provider gives up the regulated energy as stated in the bid

for the operational hour, for a �nancial compensation. The bid can be an up regulating

bid or a down regulating bid. In up regulating situations the mFRR provider either in-

creases production or decreases consumption and receives a payment from Fingrid. In

down regulating situations the mFRR provider either decreases production or increases

consumption and pays Fingrid. The activation is manually operated by Fingrid. (Fingrid

Oy 2023g)

TSOs also maintain other reserve markets. Frequency Containment Reserves (FCR)

purpose is to control the frequency in normal operations (FCR-N) and in disturbances

(FCR-D). In normal operations FCR-N intents to keep the frequency in the standard fre-

quency range of 49,9 Hz to 50,1 Hz and in case of disturbances, the FCR-D aims to keep

the frequency in the range of 49,5 Hz to 50,5 Hz. The Frequency Restoration Reserves

(FRR) purpose is to return the frequency to its standard range and to release previously

activated FCRs. Since 2020, a new reserve, Fast Frequency Reserve (FFR) has been

implemented to control the frequency when the inertia is low. (Fingrid Oy 2023g)

Final market in the Nordic electricity market is the imbalance settlement which takes place

after the delivery. The Nordic imbalance settlements is handled by eSett, that is owned by

the Nordic TSOs: Energinet, Fingrid, Statnett and Svenska kraftnät. eSett calculates the

imbalances and manages invoicing. Market participants with imbalances either receive

a payment or invoice according to the imbalance, direction, and imbalance price. (eSett

2023) The imbalance settlements aims to encourage the market participants to strive for

balance in the markets (Fingrid Oy 2019b).

The price of electricity does not only consist of electricity energy price. Consumers pay

for the electricity the consume but also for the electricity distribution and taxes. Before

the energy crisis and electricity price spikes in 2022, generally each part is one third of

the whole price for household consumers. Electricity energy price of end-users consist

of �xed basic fee and variable fee based on electricity consumption. Distribution price

includes the electricity transmission cost and grid maintenance and development cost.

Distribution price cannot be tendered and electricity consumers location determinate the

electricity distribution company. Because distribution company cannot be changed, the

Finnish Energy Authority (Energiavirasto) has the oversight over the distribution prices

and sets a price increase limit for distribution companies. Taxes include the value added

tax, electricity tax, and security of supply fee. Electricity tax is invoiced in distribution

fee. (Energy Authority 2023b) Electricity tax is divided into two brackets. The �rst tax

bracket includes households, public sector, agriculture, and services. The second tax

bracket includes industry, mining, professional greenhouse cultivation, energy ef�cient

engine rooms, and heat pumps and electric boilers for district heating. The electricity tax

for �rst bracket is 2.253 cent/kWh and for the second bracket 0.05 cent/kWh. Security of
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supply fee is 0.013 cent/kWh. (Ministry of Finance Finland 2023)

2.2 Electricity price formation

Electricity differs from most other commodities by its non-storability nature and the need

to maintain a constant balance between supply and demand at all times. This leads to

price �uctuations, price volatility. Electricity prices have seasonality cycles, mean rever-

sion, and spikes. Spikes are usually due to unexpected outages of large power plants

or unexpected weather changes. Mean reversion refers to a process where time series

display a tendency to revert to its historical mean value. Forecasting electricity price se-

ries over time are inherently uncertain because the uncertainty and unpredictability of

weather, equipment outages, and other price drivers. (Haghi and Moghaddas Tafreshi

2007) The main price drivers on electricity prices are presented in �gure 2.5.

Figure 2.5. The main price drivers on electricity prices, adapted from (Hu et al. 2009;
Klæboe et al. 2022; Müller and Möst 2018; Akbari-Dibavar et al. 2020; Fushuan and
David 2000)

According to Afanasyev et al. (2021) the in�uence of the fundamental price drivers on

electricity price are scale-dependent at each different time-scale. The used time-scales

were classi�ed as short-term (several days to 1 month), medium-term (1 month to 3

months) and long-term (more than 3 months). This is supported by previous results of

Uritskaya and Serletis (2008). The study found that the in�uence of the price drivers are

partially time-dependent at each different time-scales. In the medium to long-term time-
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scales price drivers show divergent dynamics, oscillation. In addition, the in�uence of

electricity demand on electricity price varies at different time-scales, and the study found

that the in�uence is negative on long-term scales in the studied markets. Lastly, the study

found that fuel markets in�uence electricity prices mostly in medium to long-term time-

scales. (Afanasyev et al. 2021) Study on the German electricity markets concluded that

short-term and medium to long-term time-scales price drivers differ and vary over time. In

the sport market the most in�uential drivers are renewable infeed and electricity demand

and in the futures market the most important drivers are fuel and carbon prices. Wind

power has a higher impact than solar power, but solar power has an increased price-

dampening effect during the analyzed period. (Mosquera-López and Nursimulu 2019)

Market design in�uences heavily how electricity prices are formed. The two main elec-

tricity market pricing types are uniform pricing, also known as pay-as-clear pricing, and

pay-as-bid pricing. (Akbari-Dibavar et al. 2020) In auctions, after the bids have been sub-

mitted, the system operator chooses the lowest bids to balance the aggregated demand

and supply. The �nal needed bid in the auction sets the market clearing price. In uni-

form auctions all winning market producers receive the same market clearing price. In

pay-as-bid auctions, the winning market producers are paid according to their bids. In

addition, the consumer surplus is the difference between consumers' willingness to pay

and the winning bids, and thus the average price depends less on the marginal technol-

ogy than in uniform auctions. (Willems and Yu 2022) Literature and policy makers are not

unanimous on which market design is superior (Akbari-Dibavar et al. 2020; Willems and

Yu 2022; Heim and Götz 2021). According to Willems and Yu (2022) pay-as-bid auctions

are inef�cient in short-run and long-run perspectives. In short-time, consumers' willing-

ness to pay is more than the electricity producers' marginal costs, and in the long-time

base-load producers revenue decreases during high demand and distorts the generation

mix. One of the drawbacks on uniform pricing in a system where variable renewable

energy dominates the market are aggravated pro�t losses due to low and volatile prices,

and encouragement of strategic bidding, such as withholding bidding volumes to increase

market price (Zhao et al. 2023).

Outages, failures and unexpected weather changes cause spikes in electricity price (Haghi

and Moghaddas Tafreshi 2007). Weather changes can in�uence the amount of available

wind and solar power, but it can also increase demand suddenly via extreme weather

changes. Extreme temperatures can increase heating or cooling demand, which affects

electricity demand. Demand itself can in�uence fuel and electricity prices. (U.S. Energy

Information Administration 2023)

There has to be a constant balance between supply and demand (Haghi and Moghaddas

Tafreshi 2007). In existing electricity markets supply follows demand to ensure security of

supply. Due to the increasing amounts of renewable energy sources in the power market

and their dependency on weather, in the future market supply cannot be expected to follow
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demand at the same pace as currently. To ensure security of supply, energy storages and

transmission capacities are needed. In order not to have an overcapacities, it is bene�cial

from a system perspective to have adaptive demand. This would require �exibility to shed

or shift the load during peak demands. These activities are called demand response.

(Müller and Möst 2018)

Electricity producers bids are based on marginal costs. For a generator this can be di-

vided into three parts: start-up costs, minimum-energy costs, and an energy offer curve.

(Cramton 2017) Start-up cost is the cost required to bring the boiler, turbine and gen-

erator from shutdown to after breaker closure. The costs include the cost of start fuel,

total fuel-related cost, electrical costs, start maintenance, labor, and performance factor.

(Hauske 2021) The start-up cost is the highest for nuclear power (Xu et al. 2017). Glob-

ally total installed costs for solar and wind energy have fallen. Solar energy installed costs

have decreased 83 % compared to 2010 and similar change has occurred in the global

weighted-average levelised cost of electricity (LCOE) with a drop of 89 %. In wind energy,

the global installed costs have decreased roughly 40 %, and LCOE has decreased 69 %

for onshore and 59 % for offshore wind. (IRENA 2022) Some basic cost information on

different electricity generation sources are shown in table 2.1.

Table 2.1. Cost information on some basic electricity generation sources. 1(Vakkilainen
and Kivistö 2017), 2(Trading Economics 2023), 3(Energy Authority 2023a), 4(Xu et al.
2017), 5(IEA and NEA 2020), 6(Statistics Finland 2023b), 7(IRENA 2022), 8(IRENA 2021),
9(Oladosu and Sasthav 2022), 10(Badouard et al. 2020)

CAPEX

[C/kW]

Fuel price

[C/MWh]

O&M

[C/MWh]

EUA

[C/t CO2]

Start-up cost

[C/MWh/start]

LCOE

[C/MWh]

Nuclear 36061 2.62 10.411 84.73 9204 64.45

Natural

Gas
9851 776 7.031 84.73 18-1404 7510

Coal 33121 406 16.621 84.73 90-2304 9010

Peat 19671 146 10.491 84.73 9010

Wood 20671 296 6.891 84.73 7710

Solar 8067 0 9.21 84.73 0 45.087

Onshore

Wind
11727 0 9.18 84.73 0 30.367

Offshore

Wind
31847 0 22.48 84.73 0 74.527

Hydro 26507 0 13.89 84.73 0-44 56.127

An example on how renewable energy sources affect the electricity price is shown is �gure

2.6. The base situation in �gure 2.6 is based on the �gure 2.3, but in a case where more
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wind power is available.

Figure 2.6. The merit order as shown in �gure 2.3, but in a situation with more wind
power available.

Bidding strategies greatly in�uence electricity prices. Market regulations limit gaming op-

portunities but market participants can choose their own bidding strategies. There are a

few factors to consider when choosing a bidding strategy such as technical limitations of

generating units, vesting and bilateral contracts, predicted demand, market clearing price

in the previous days, payment for availability, predetermined maintenances, and load sea-

sonality. Bidding strategies differ also based on the market, for example in the futures

market and spot market. (Fushuan and David 2000) Bidding strategies are either coordi-

nated or sequential strategies. In sequential strategy each market participation could be

seen as a separate act with separate bidding strategies. A coordinated strategy would

consider other markets, such as balancing market, when participating on the day-ahead

market. According to Klæboe et al. (2022) coordinated bidding strategy for a reservoir

hydropower generator is not pro�table in the current market, but if the balancing demand

increases, the possible gains from coordinated strategy are signi�cant. However, coordi-

nated bidding is dif�cult and requires intense calculations. Löhndorf and Wozabal (2023)

studied bidding strategies of a storage owner in the day-ahead and intraday bidding, and

found that coordinated bidding strategy provides more pro�t than a sequential strategy.

Added pro�t depends on the type of storage owner. Study also found that small and
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�exible battery storage owners might not participate in the day-ahead market and only

participate in intraday market to exploit price spreads between intraday products. (Löhn-

dorf and Wozabal 2023) In addition, accurate electricity price forecasting can be helpful

in optimizing bidding strategies to maximize pro�ts and to use electricity generation re-

sources effectively (Jan et al. 2022).

2.3 Future development of Finnish electricity market model

The EU has a goal of creating a European internal electricity market. The goal is an

essential part of the EU's energy union and objectives related to the security of supply.

Common network codes and the EU directive on the internal market governs the electric-

ity market legislation. (Ministry of Economic Affairs and Employment of Finland 2023b)

Before discussing more detailed the possible future objectives, the current market model's

challenges and opportunities are highlighted.

2.3.1 Current market challenges

The current transition into more renewable energy based electricity market brings out a

few challenges to the market. The unpredictability on power production and the technical

features of connecting renewable energy sources to the grid, challenge the traditional

market.

Large scale introduction of renewable energy into the power system challenges the cur-

rent market functionality. The volatility and dif�culty to predict solar and wind power supply

into the power system imposes challenges for the system operation, design and monitor-

ing. (Ratnam et al. 2020) In the intraday market the market participants continue bidding

to address errors in their predictions, and the increasing intraday volumes indicate rising

amounts of renewable energy sources and decreasing amount of stable energy sources

in the market. Figure 2.7 shows the total intraday volumes in the Nordic market from 2021

until 2023 (Nord Pool AS 2023d).
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Figure 2.7. The total intraday volumes in Nordic electricity market from 2021 until 2023
(Nord Pool AS 2023d)

The traditional power system where the energy is produced using sources like fossil fuels,

nuclear, and hydropower, the sources are connected to the grid via synchronous gener-

ators (SG) (Ratnam et al. 2020). Synchronous generator is powered by a prime mover

which is powered by a turbine. The SG produces alternating current. The voltage output

is then transformed to a higher voltage to reduce transmission losses. (Rashid 2018) In

Finland the transmission system voltages are 110 kV, 220 kV and 400 kV (Finnish Energy

2023b). In SG the kinetic energy is stored in the rotating parts which is an important

attribute for stability and frequency dynamics. The stored energy has inertia, ability to

contest change, which is important in maintaining the power system's frequency. During

frequency imbalances the SG alters the rotational speed and thus maintains synchronism.

The mass rotating in the generator either provides kinetic energy to the grid or takes it to

stabilize the frequency. (Ratnam et al. 2020) The kinetic energy of the Nordic power sys-

tem ranges from 120 GWs to 280 GWs (Fingrid Oy 2019a). With less traditional power

system sources in the grid, the less system inertia is available and thus endangering

frequency stability (Vega et al. 2022).

Renewable energy sources are connected to the grid via power electronic converters,

also known as converter-interfaced generation (CIG). The converters and their controls

react quicker than SG and their control systems, and thus the power system with a great

quantity of renewable energy sources becomes faster and therefor harder to control. CIG

response times varies from few microseconds to several milliseconds, whereas the SG

response time varies from several milliseconds to seconds. (National Academies of Sci-

ences 2016) This could cause situations where traditional protection tactics are too slow

to prevent large frequency deviations (Ulbig et al. 2014). Other important difference be-

tween SG and CIG is the dependency on control strategy. SGs' physical properties, such

as inertia, are the most important in determining their transient behavior. In comparison,

in CIGs the converters are described as having no inertia because they have no moving



15

parts and depend heavily on their chosen control strategy. (Kroposki et al. 2017) This de-

pendency on control strategy means that during unwanted disturbances the performance

of CIGs depends on system operating conditions, fault characteristics, control strategy,

equipment vendor, and parameters (Vega et al. 2022).

Low electricity price level in the Nordic market also affects the investment market. Cheap

electricity is not incentivising new investments in power generation and this could have

long-term effects on the security of supply. (Statnett et al. 2016) Electricity price, with

other factors such as fuel prices and future energy demand, affect investment decision

and they may cause investments to be risky (Yang et al. 2023). Energy infrastructure

investments often require a lot of capital and have a degree of irreversibility to them (Dixit

and Pindyck 1994). Investment decision could have an affect for decades on the country's

energy system (Fouquet 2016).

2.3.2 Market opportunities

System �exibility so far has been provided by industrial customers in the day-ahead and

the balancing market. With smart metering the household electricity consumption could

develop from in�exible consumption to �exible consumption based on peak and off-peak

hours. (Statnett et al. 2016)

The balancing market provides possibilities for annual income. In Finland, Fingrid Oy

provides the reserve market and it is based on marginal pricing where the most expensive

chosen bid determines the price for all bids. Market participant with low operational costs

makes the biggest pro�t. In �gure 2.8 is presented an example of annual income per 1

MW of reserve capacity. (Fingrid Oy 2023e)

Figure 2.8. Income per 1 MW of reserve capacity (Fingrid Oy 2023e)

According to the �gure 2.8, the most pro�table capacity reserves are FCR-D down hourly

market, FCR-N yearly and hourly market, and aFRR market. Currently wind power does
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not participate actively in the reserve markets and this is due to a few reasons. Firstly,

negative electricity prices have not been previously common and balancing hasn't been

pro�table. Secondly, construction of wind power hasn't been made with balancing market

in mind, and this can be seen in the balancing capabilities technically and contractually.

If wind power plant would want to participate in the balancing market, it would require

opening up the current production contract and negotiating a new one. Especially for

wind power, participation in the down balancing market is compelling because market

participant would get compensation even if the capacity is not activated. (Kakkonen 2023)

2.3.3 Future market objectives

European Union has taken steps since 1996 to harmonise and liberalise the EU's internal

energy market. The First Energy Package liberalised the electricity market through elec-

tricity directive in the 90s. Gradually more actions have been taken and in 2019 the 4th

Energy Package was adopted. This package included Electricity Directive (EU) 2019/944,

Electricity Regulation (EU) 2019/943, Risk-Preparedness Regulation (EU) 2019/941 and

EU Agency for the Cooperation of Energy Regulators (ACER) Regulation (EU) 2019/942.

EU's goal is to have an internal electricity market and the Electricity Regulation (2019/943)

de�nes the principles for the market, and Electricity directive (2019/944) de�nes the pro-

visions. (Ciucci, M. 2023) In March 2023, the Commission proposed a reform on the Elec-

tricity Regulation, the Electricity Directive and the REMIT Regulation (EU) No 1227/2011

to increase renewables, protect consumers better, and to enhance industrial competitive-

ness. The proposed reform is now being discussed, and it has to bee agreed by the

European Parliament and the Council before the reform can enter into force. (European

Commission 2023c) The reform would not fundamentally change the current market de-

sign, but it proposes more stable longer-term contracts and markets to complement the

current short-term markets. The longer-term contracts would include power purchase

agreements (PPA), Contracts for Difference (CfD) and forward markets, improving and

clarifying access to longer term contracts for developers to provide secure and stable

revenues, but also to bring down risk and capital costs. (European Commission 2023b)

Nordic Council of Ministers (2021) have created a road map for their vision of the Nordic

Electricity Market in 2030. The road map has 6 objectives: �exibility to the markets, clear

and transparent price signals, fostering electri�cation, Nordic grid development, open

market access, and resource adequacy.

The smart grids are seen as the backbone of the future energy system. Smart grid is a

power grid applied with communication and sensory technologies. The grid needs to be

able to handle various information within the grid network and analyse them to optimize

the system itself. Internet of Things (IoT) has emerged as a possible solution, a com-

munication link. In the context of smart grids, IoT is also called Internet of Energy (IoE).
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(Ratnam et al. 2020) IoE could balance the supply and demand in a smart grid without

the grid operators, and reduce household electricity consumption by managing electri-

cal appliances. However, IoE is currently expensive but the opportunities are numerous.

(Laroussi et al. 2023)

Vast majority of studies focusing on 100% renewable energy systems suggest that the

systems can be powered entirely with renewable energy at a low cots. Solar and wind

power will dominate the energy system and most resent studies corroborate the state-

ments that 100% renewable energy systems are cost effective and feasible. The 100%

renewable energy system would be based on solar and wind power, but also on en-

ergy storages, sector integration, and electri�cation with high importance on hydrogen

economies and power-to-x solutions. (Breyer et al. 2022) Studies about 100% renewable

energy system in Finland have also been conducted (Child, Haukkala, et al. 2017; Child,

Bogdanov, et al. 2020). According to Child et al. (2020) Finland can have a 100% re-

newable energy system by 2050 and the system has lower costs than the current system

based on nuclear power and fossil fuels. The cost savings are due to �exible genera-

tion, regional interconnections, and energy storage solutions. The study highlights the

importance of prosumers, which are producers that are also consumers. The residential,

commercial and industrial prosumers can self-generate up to 26% of �nal energy con-

sumption by 2050. However, the study found that prosumers won't affect peak power

loads on centralised grids, and the main �exibility provided by prosumers comes from

their batteries. (Child, Bogdanov, et al. 2020)

In this thesis as assumption is made that the current electricity market design stays the

same until 2050 for the modeling purposes. It is recognised that the current market design

will evolve until 2050, but no assumptions are made on which direction the development

continues, and thus the modelling is based on the assumption that market design stays

constant.
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3. FORECASTING ELECTRICITY PRICE,

CONSUMPTION, AND PRODUCTION

Electricity price forecasting (EPF) is a type of forecasting method that combines electrical

engineering, statistics, computer science, and �nance, with a goal of predicting electricity

prices in the wholesale electricity market (J �edrzejewski et al. 2022). EPFs are a fun-

damental input for energy companies' decision making (Eydeland and Wolyniec 2002),

and the cost of imbalances can be very high and lead to big �nancial losses or even to

bankruptcy. Market participant who can forecast electricity prices in the wholesale market

with an acceptable accuracy, can adjust their bidding strategies, and own production or

consumption in order to maximize the pro�ts and to reduce risks. (Weron 2014) Since

1990s, different methods and modeling tools have been used to predict electricity prices.

Earlier models were small linear regression models and arti�cial neural networks, from

where the models grew to handle more data and be more complex, which lead to the

introduction of machine learning (ML) techniques. (J �edrzejewski et al. 2022) Since the

introduction to deep learning (DL) based on arti�cial neural network, it became popular

and increased the interest in neural networks. DL brings the bene�t of ef�ciency with

large amounts of data. (Sarker 2021)

3.1 Different electricity price forecasting models

In this chapter the research question number three, what kind of electricity price forecast-

ing models have been used in price forecasting, is answered. An accurate overview of

different modeling approaches on electricity price forecasting is dif�cult to cultivate as new

approaches and solutions develop quickly. A taxonomy of EPF modelling approaches are

shown in �gure 3.1. Many proposed solutions are hybrid solutions. (Weron 2014)
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Figure 3.1. EPF models. Adapted from (Weron 2014)

Multi-agent models simulate the operation of generating units and companies interacting

with each other, and matching the supply and demand to get the price process. Funda-

mental models are structural models that model the impact different physical and eco-

nomical factors have on electricity prices. Reduced-form models are quantitative and

stochastic models that characterize the statistical electricity price factors over time. Sta-

tistical models are economic model that have technical analysis, and are either direct

applications of statistical techniques or implementations of econometric models. Com-

putational intelligence models combine different elements to be able to adapt to complex

dynamic systems. This adaptation gives the name "intelligent" to the models. (Weron

2014)

Analytical approach to long-term EPF modeling can be top-down, bottom-up, or hybrid.

Top-down models are macroeconomic models, where energy is typically modelled at sec-

toral level that varies according to economic output. Bottom-up models are more detailed

and describe the current and future technological options. Bottom-up models are math-

ematical programming problems, and typically don't take into account price changes or

macro economical effects. Hybrid models are a combination of top-down and bottom-up

models either via hard-link (complete integration) or soft-link (only information is changed

between models). (Gargiulo and Gallachóir 2013)

Forecasting electricity prices can be divided into different forecasting horizons depending

on the length of the forecast. It is customary to divide forecasting horizons into short-,
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medium- and long-term electricity price forecasts, but there is no clear consensus in the

literature on what the clear thresholds are between the different scopes. (Weron 2014)

The forecast division is shown in table 3.1.

Forecast horizon Forecast length Application

Short-term few minutes - few days Day-to-day market operations

Medium-term few days - few months Balance sheet calculations, risk manage-
ment, derivatives pricing

Long-term months - years Investment pro�tability analysis and plan-
ning

Table 3.1. Electricity Price Forecasting horizons (Weron 2014)

It has been established by all major review publications that comparing different pro-

posed EPF models is dif�cult and problematic, since EPF studies use different datasets,

inadequate evaluation metrics and the studies avoid direct comparison with classic, es-

tablished, and state-of-the-art models, but also lack of statistical rigor (Weron 2014;

Nowotarski and Weron 2018; Ziel and Steinert 2018; Hong et al. 2020). This can be de-

tected by having contradicting results in publications. The proposed model is compared

against a simpler model, which favors the proposed model, but is not compared against

state-of-the-art models or well-established models. (Weron 2014) Lago et al. (2021) have

created a checklist for ensuring reproducibility of the research, and to have meaningful

conclusions. The checklist includes:

1. At least a year of test data

2. New model to be tested against state-of-the-art open-access models

3. Evaluation of computational cost, and comparison against other methods

4. Open-access data

5. Study is based on multiple markets

6. rMAE is one of the used evaluation metrics

7. Statistical testing is done to evaluate accuracy

8. In short-term EPF, models are re-calibrated daily

9. Validation data is different from test data, and used for hyperparameter estimation

10. Stating clearly the split between data (training, validation, testing)

11. De�ning the model's inputs

12. Test data is the last section of the full data, and does not overlap with training or

validation data

13. State-of-the-art and open-access toolboxes are used for benchmarking.
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Due to the abundance of different energy system models that can be utilised, there is a

growing need to effectively compare the �ndings of different energy system models but

also to improve collaboration and co-development of relevant policies. In response to

these needs in Europe the Energy Modelling Platform for Europe EMP-E was created in

2017 that is currently known as The European Climate and Energy Modelling Platform

(ECEMP) (ECEMP 2023). The platform constitutes a forum that exchanges research, de-

velopment and energy system modelling practices but it also promotes data and resource

sharing. The European Climate and Energy Modelling Forum (ECEMF) is founded by the

Horizon 2020 project with a goal of bringing together researchers and policy makers to

solve the pathway to climate neutrality. (ECEMF 2023) There are forums and initiatives

outside Europe that conduct similar activities such as American Energy Modeling Forum

(University 2023), Chinese Energy Modeling Forum (Lugovoy et al. 2018) and Canadian

Energy Modelling Initiative (EMI 2023) There is also an open energy modelling initiative

of modellers from various universities and research institutes across the world, that pro-

motes open energy modelling. Openmod believes that openness advances research and

bene�ts the community. They provide a list of approximately 85 open bottom-up models,

learning material, and a link list to open energy-related data. Openmod is not exclusively

for EPF, but there are 13 models for electricity sector. (Openmod 2023)

3.2 Neural Network models for electricity price forecasting

Arti�cial neural networks (ANN) are computer systems that mimics the way the brain

works. ANNs are data driven algorithms, that learn and try to �nd relations from given

data. Neural networks are part of Deep Learning (DL), that is part of both Machine Learn-

ing (ML) and Arti�cial Intelligence (AI) as shown in �gure 3.2 (Nakhleh et al. 2019).

Figure 3.2. Classi�cation of Neural networks, adapted from (Nakhleh et al. 2019)
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Deep Learning can be classi�ed into three classes, as shown in �gure 3.3 (Sarker 2021).

Based on literature review, almost all presented neural network architectures have been

used, or tried to use, for EPF.

Figure 3.3. Deep Learning Architectures. Adapted from (Sarker 2021)

ANN is not a recent discovery, as it predates the earliest electronic computers. ANN

functions similar to the brain, neurons receive input signals, and process them to decide

whether to send output signals and where to. The connection between neurons and their

processing type is often called neural network paradigm. (Livingstone et al. 1997)

Azadeh et al. (2013) studied using ANN, fuzzy linear regression, and conventional lin-

ear regression models for long-term EPF, using variables such as in�ation, ef�ciency of

powerhouses, electricity consumption, and fuel price. The data environment is thus noisy

and complex. Individually the fuzzy linear regression outperformed others, but the study

proposed a hybrid of the three models.

According to Lago et al. (2021), despite the increased interest in deploying deep learning

for electricity price forecasting, many published studies and their results cannot be gener-

alized, as stated in section 3.1, due to limited comparison to state-of-the-art models. This

situation makes it dif�cult to understand which proposed models perform actually the best
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for EPF. One of the �rst published studies (Lago, De Ridder, et al. 2018) on deep learning

proposed four DL forecasts: DNN, LSTM, GRU, and CNN. From these models, the �rst

three were able to predict in an accuracy statistically better than all other models, and the

DNN even outperformed LSTM and GRU models. The better performance is thought to

be due to either the amount of data, as DNN required less parameters and was thought

to be easier to train, or due the structure of the networks. GRU, LSTM, and CNN models

separate data into corresponding day-ahead and past data into two different networks,

resulting in not being able to understand the relations of the separated data correctly.

Wagner et al. (2022) researched using a DNN with embedded calendar information for

both short-term, and long-term (1 year ahead) EPF. The forecast focused on price for-

ward curves. The proposed model was benchmarked for the long-term EPF with popular

approached from literature, dummy variables and sinusoidals. The study concluded, that

the proposed model was slightly better than the benchmark methods used, but the model

didn't have, for example electricity demand as a variable, and noted that including more

fundamental variables would improve the model. However, the model was not compared

against state-of-the-art models, and thus cannot be directly compared with other models.

The study demonstrated that embedded calendar information can be included in DNN for

EPF.

Poggi et al. (2023) studied using statistical, similar-day, and ML approaches for medium-

term EPF in the German market, and concluded that proposed LSTM-based model out-

performs all other models in medium-term. The XGBoost model, ML model, outperformed

the benchmark even though the predicted prices were were smaller than some statisti-

cal methods. However, the models was compared against a naive benchmark and thus

cannot be compared to other models.

For ML models, a simple DNN with two hidden layers seems to be one of the best ML

models, and there is no sound evidence to show that more complex architectures, such

as LSTMs, would be more accurate in EPF (Lago, Marcjasz, et al. 2021; Wagner et al.

2022). DL Hybrid models, which combine algorithms and/or forecasting models, have

approximately �ve times more articles than articles based on DL. There are numerous

different proposed solutions, but usually they have not been compared with other hybrid

models or even DNN models, and usually there has been no evaluation of the individual

in�uence of each hybrid component, and thus it is impossible to state which type of hybrid

model is the best solution for long-term EPF. (Lago, Marcjasz, et al. 2021)

3.2.1 Structure

Neural network consist of an input layer, one or more hidden layers, and an output layer,

as shown in �gure 3.4 (Kecman 2001). Multi-layer Perceptron (MLP) is known as the

foundation architecture of deep learning and deep neural networks (DNN). A network is
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classi�ed as a DNN when there are more than one hidden layers.

Figure 3.4. Arti�cial Neural Network architecture, adapted from (Kecman 2001)

Neural network's each layer consists of neurons. The connections between neurons have

a sign and a magnitude, and training targets the strength of the connections, also known

as weights. (Livingstone et al. 1997) The basic function of a neuron is shown in �gure

3.5.

Figure 3.5. Working principle of a single neuron in neural network. Adapted from (Kec-
man 2001; Zayegh and Bassam 2018)
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The following two equations are the foundation of neuron's working principle. The input

element x j of the neutron is multiplied with their speci�c weight wi j . In the weighted

sum ui of input element and their weight, a constant term bias bi is included in multilayer

perceptron as shown in equation 3.1. (Kecman 2001)

ui =
mX

j =1

wi j x j + bi (3.1)

The layers' neurons usually have the same activation functions � () . Activation function

takes the weighted sum from the neuron i to form the neuron's output reaction ai as

shown in equation 3.2. (Kecman 2001)

ai = � (ui ) (3.2)

There are multiple activation functions to use in neural networks. Activation function is

a mathematical function that takes the inputs and transform them into an output. Most

popular activation functions used in EPF are collected in table 3.2. ReLU is the most

used activation function in a whole in neural networks (Sharma 2022). In the context of

EPF ReLU is often used (Hu et al. 2009; Huang et al. 2021; Lago, Marcjasz, et al. 2021;

Pourdaryaei et al. 2023), and it is seen as the default recommended function for modern

neural network, excluding LSTM and GRU cells (Lago, Marcjasz, et al. 2021).
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Table 3.2. Activation functions. Data gathered from (Lehto et al. 2019; Pourdaryaei et al.
2023)

Activation function Formula Function Range

Identity � (u) = u [-1 ; 1 ]

Sigmoid � (u) = 1
1+ e� u [0,1]

Recti�ed linear

unit (ReLU)
� (u) = max(0; u) [0,1 ]

Leaky ReLU � (u) = max(au; u); 0 < a < 1 [-1 ; 1 ]

Scale exponential

linear unit (SeLU)

� (u) = �ae u � a; x � 0

� (u) = �u; x > 0
[-1 ; 1 ]

Hyberbolic tangent

(tanh)
� (u) = tanh(u) [-1,1]

3.2.2 Training

Essential part of using neural networks, is training them. During training, the weights

are adjusted to receive the wanted output, target. Usually training starts with initial ran-

dom weights. After initial weights, the output values are compared to the targets and

the weights are then adjusted. (Livingstone et al. 1997) Training is divided into three

parts: training, validation and test data. Training and tuning the weights are done with

the training data. Validation data is used for hyperparameter tuning, where the networks

functioning is veri�ed and for example learning speed is tuned. After the network func-

tions as intended, the true test of the network is done with test data. (Lehto et al. 2019)

To combat data contamination is training, it is important that test data do not overlap with

training or validation data (Lago, Marcjasz, et al. 2021).

Since the activation function is only a mathematical formula to determine the neuron's out-
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put, and does not change the weights, an optimizing algorithm is needed. Optimization

algorithm minimizes or maximizes the weights and bias according to the chosen mathe-

matical loss function (Walia 2020). There are many different algorithms, but many EPF

neural networks use Adam (Chang et al. 2018; Maciejowska 2020; Lago, Marcjasz, et al.

2021; Wagner et al. 2022; Marcjasz, Narajewski, et al. 2022; Pourdaryaei et al. 2023),

�rst-order gradient-based optimization algorithm which is computationally ef�cient, suited

for problems with large data and/or parameters, and appropriate for problems with noisy

and/or sparse gradients (Kingma and Ba 2017). According to Walia (2020) Adam outper-

forms other adaptive techniques and Adam and other adaptive learning rate techniques

should be used when wanting a fast convergence in training a deep neural network or

complex network.

According to Lago et al. (2021) most widely used metrics, loss functions, in EPF are

mean absolute error (MAE), root mean square error (RMSE) and mean absolute precen-

tage error (MAPE). This article continues that using these scaled functions does solve

some issues related to traditional metrics, but they bring in new issues that make them

unsuitable to use in EPF. These are for example not being able to compare different EPF

models and their performance with these metrics, and MASE being affected by the data

quality (spikes or no spikes). To solve this, the study proposes using also a relative MAE

(rMAE) if previously mentioned metrics are used. The formula of rMAE is shown in equa-

tion 3.3.

rMAE =
1

24Nd

P Nd
d=1

P 24
h=1 jpd;h � p̂d;h j

1
24Nd

P Nd
d=1

P 24
h=1 jpd;h � p̂naive

d;h j
(3.3)

where the pd;h and p̂d;h respectively represent the real and forecasted price on day d and

hour h, and Nd is the number of days in the test dataset.

One of the common problems during training deep neural networks is over�tting. Over�t-

ting is a situation when the network learns patterns that are due to noise, errors or wrong

data. Over�tted model does not generalize well to new unseen data. The opposite situ-

ation when the model does not capture the structure of the data is called under�tting. To

determine if the model is learning the data correctly, we split the data into training and

validation as stated earlier. We use evaluation metrics, such as rMAE, to determine if

the model is behaving as it should. In addition, regularization methods could be used to

�ght over�tting. Regularization method is a technique to improve the model's predictions.

There are multiple different kinds of regularization methods, but the most common meth-

ods are dropout, l1, and l2. Dropout removes randomly with a probability pl nodes from

the network during training in each iteration. l1 and l2 add a term to the loss function

and thus reduces the model's capacity to adapt better for complex datasets, but differ

mathematically on the added term. Another way to combat over�tting is early stopping
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-technique. Early stopping stops the learning phase before over�tting is too bad. Over�t-

ting is shown when the loss function, for example rMAE, decreases during training data

but increases on validation data. Early stopping stops the training when the rMAE on

validation is the smallest. If the above mentioned techniques are not used, adding more

data or augmenting the data could help with over�tting. (Michelucci 2018)

3.2.3 Advantages and disadvantages

There are advantages and disadvantages to using neural networks for modeling. One of

the most important disadvantage is the dependency on the amount of data. If the data

volume is small, the algorithms used often perform poorly. (Hamdan 2022) Advantages

are the ability to implement machine learning and parallel processing, but also the �exi-

bility and ef�ciency (Kecman 2001; Rawat 2022). In table 3.3 neural network advantages

and disadvantages are collected.

Table 3.3. The advantages and disadvantages of neural networks. Adapted from (Kec-
man 2001; Rawat 2022; Hamdan 2022)

Advantages Disadvantages

- Learning from data

- Can approximate multivariate

nonlinear function

- Does not require deep understanding

of the process or problem

- Robust even in noisy data

- Parallel processing ability

- Machine learning ability

- Easy to implement

- Once trained, less computational power

needed compared to classical approaches

- Ability to store and save info on the network

- Fault tolerance

- Distributed memory characteristics

- Flexible, can be used for regression and

classi�cation problems

- Need long training or learning time

- Does not undercover physical variables'

internal relations

- Does not increase our understanding

about the process

- Reliance on hardware

- Unexplained network behavior for

some ANNs

- Dif�culty to explain the problem to ANN

- Lifespan unknown

- Dependency on data (amount, suitability)

- Minimal control over the actual performance

and functioning

In the context of EPF, one of the key disadvantages of using neural network is their data

dependency and not being able to adapt to system changes. When the current dynamical

system changes, the deep learning model needs to be retrained to take into account the

changing environment. (Tsimenidis 2020) If neural network is trained with data when

renewable energy sources were not very dominant in the energy system, neural network

might not perform in needed accuracy.



29

3.3 Future electricity production and demand

The pace in which renewable energy sources have been connected to the grid have been

underestimated in numerous forecasts of the future. In 2016 European Commission pub-

lished a EU reference scenario 2016 (European Commission et al. 2016) publication,

where it stated that in Finland wind power capacity would be 3.1 GW in 2050, when in

reality the current wind power capacity is at 6.1 GW (Finnish Wind Power Association

2023b). Similarly The Finnish Ministry of Economic Affairs (TEM) (Ministry of Economic

Affairs and Employment of Finland 2019), the Finnish Government (VN) (Forsman et al.

2021), and Technical Research Centre of Finland (VTT) (Koljonen et al. 2020) have in

their publications underestimated the wind power capacity in the future. They predicted

that wind power capacity would reach 6 GW the earliest in 2030, when this value has

been crossed almost 7 years in advance. Fingrid Oy publishes regularly their vision of

the Finnish electricity system in 2035 and 2045, and for the past few years the visions

have had four different development paths (1., 2., 3., and 4. in �gure 3.6) and they are

indicated in the �gures numerically. The data is only available for years 2035 and 2045,

and the development from their publication years to 2035 is assumed linear. These dif-

ferent paths have a huge dispersion the further into future the outlook is. This also shows

the dif�culty to accurately predict, since countless different decisions have an impact. A

vision published in 2021 falls mostly a bit short of the current trend. The different predic-

tions of future are in �gure 3.6. If the data in predictions had only the values in energy

(Wh), they were scaled into capacities (W) with operating times. Operating time of 3000

h/a was used for wind power, and 980 h/a for solar power.
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Figure 3.6. Predictions on wind power capacity development in Finland. VN = Finnish
Goverment, VTT = Technical Research Centre of Finland, TEM = Finnish Ministry of Eco-
nomic Affairs, EC = European Commission. Data collected from (European Commission
et al. 2016; Ministry of Economic Affairs and Employment of Finland 2019; Koljonen et al.
2020; Forsman et al. 2021; Fingrid Oy 2021; Fingrid Oy 2022a; Fingrid Oy 2023b; Finnish
Wind Power Association 2023b)

The most resent publications from Fingrid are more in-line with the current trend. During

summer 2023 Fingrid published two predictions, electricity system vision (2023b) and

electricity capacity assessment of Finland until 2030 (2023d). The 2023 vision compared

to the 2022 vision increased the wind power capacity expectations for 2035 and 2045 for

approximately 5 GW. The increase is due to the vision number 2 called hydrogen with

wind, as expectations for hydrogen economy in Finland increased. The vision's baseline

in all scenarios is that electri�cation increases, sector integration moves forward, and

carbon neutrality goals are achieved. A close-up of �gure 3.6 is in �gure 3.7 below.
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Figure 3.7. Close-up of predictions on wind power capacity development in Finland.
VN = Finnish Goverment, VTT = Technical Research Centre of Finland, TEM = Finnish
Ministry of Economic Affairs, EC = European Commission. Data collected from (European
Commission et al. 2016; Ministry of Economic Affairs and Employment of Finland 2019;
Koljonen et al. 2020; Forsman et al. 2021; Fingrid Oy 2021; Fingrid Oy 2022a; Fingrid Oy
2023b; Finnish Wind Power Association 2023b)

There is a similar trend in predicting solar power capacity development. The different

predictions of future are in �gure 3.8. There is a big spread on different predictions on

possible future development. Almost all solar capacity in Finland is small production, with

capacities below 1 MW. However large scale solar plants, bigger than 1 MW, are being

planned and build constantly. (Finnish Energy 2022) In Finland solar capacity increased

66 % in 2022 compared to 2021, when globally the increase was 45 %. According to

Auringosta Energiaa -coalition (Auringosta Energiaa 2023), many solar parks sized 200

MW and larger are beginning to be completed even during 2023, and the pace is going to

quicken in coming years.
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Figure 3.8. Predictions on solar power capacity development in Finland. VN = Finnish
Goverment, VTT = Technical Research Centre of Finland, TEM = Finnish Ministry of Eco-
nomic Affairs, EC = European Commission. Data collected from (European Commission
et al. 2016; Ministry of Economic Affairs and Employment of Finland 2019; Koljonen et al.
2020; Forsman et al. 2021; Fingrid Oy 2021; Fingrid Oy 2022a; Fingrid Oy 2023b; Au-
ringosta Energiaa 2023)

With closer inspection, most predictions for the moment, are not that underestimated.

Currently the solar capacity is at 734 MW in Finland (Auringosta Energiaa 2023). A

close-up of �gure 3.8 is in �gure 3.9 below.
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Figure 3.9. Close-up of predictions on solar power capacity development in Finland.
VN = Finnish Goverment, VTT = Technical Research Centre of Finland, TEM = Finnish
Ministry of Economic Affairs, EC = European Commission. Data collected from (European
Commission et al. 2016; Ministry of Economic Affairs and Employment of Finland 2019;
Koljonen et al. 2020; Forsman et al. 2021; Fingrid Oy 2021; Fingrid Oy 2022a; Fingrid Oy
2023b; Auringosta Energiaa 2023)

When building future scenarios, the renewables are one of the most important variables

on the supply side due to the shift towards greener electricity production sources. Another

important variable, expecially in Finland, is the role of nuclear power. At the beginning of

2023, the Finnish Government gave Loviisa 1 and 2 nuclear power units operating per-

missions until 2050 (Finnish Government 2023c), and even though the current operating

permissions for Olkiluoto nuclear plants (Ministry of Economic Affairs and Employment of

Finland 2018; Finnish Government 2019) last until 2038, it is expected to be renewed until

2050. In October 2023, TVO published that they will look into the possibility of applying

for renewal of Olkiluoto 1 and 2's operating permissions, and a possible power increase

by 80 MW per unit (TVO 2023). This means, that the current nuclear power capacity will

be the minimum nuclear power capacity in 2050. Currently, nuclear power is used as

a baseload electricity generation source, meaning it produces electricity at its maximum

capacity at all hours of the day, unless there is technical errors, damages or maintenance.

However, at the end of 2022, one of the Finland's nuclear power plants, Loviisa, entered
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the reserve market (FCR-D) as the �rst nuclear power plant to participate in the Finnish

reserve market. Loviisa participates in the down regulating FCR-D market. (Fingrid Oy

2022b) This could signal a move to more �exible electricity production from nuclear power

plants in the future.

Small modular reactors (SMR) are a possible future nuclear power source. The Finnish

climate and energy strategy (Huttunen et al. 2022) states that future legislative revisions'

should enable the use of SMRs. SMRs can be used for heating, electricity generation,

or combined heat and power production. Different companies in Finland have expressed

interest in SMRs. Nordic energy companies, Fortum and Helen, have shown interest

towards SMRs and are exploring opportunities together (Helen 2022). Fortum and Rolls-

Royce SMR have signed a memorandum of understanding to explore opportunities for

SMRs in Finland and in Sweden (Fortum 2023). According to FinNuclear (2023), SMRs

for distric heating could be in commercial use already in 2030. According to Pursiheimo

et al. (2022), SMRs are more cost-ef�cient than heat pumps in Helsinki metropolitan

district heating system, with a 4-8 C/MWh operating cost difference. However, because

the development is still early, it is hard to predict the role of SMRs in the future system.

This is because there are competing options, for example heat pumps, energy storages,

and waste heat, for example from hydrogen production, in district heating systems.

There have been made a few predictions on how overall electricity consumption will

change in the future. As with wind and solar power, there is a large dispersion on how

much electricity consumption will increase. Previously made predictions have so far been

reasonably accurate, which indicates it is easier to predict electricity consumption com-

pared to installed renewable energy sources. In �gure 3.10 different electricity consump-

tion developments are shown. Many studies published before 2022, show a moderate

increase in electricity consumption over the years, but compared to Fingrid's electricity

capacity assessment (Fingrid Oy 2023c), the consumption will increase 150 % in the next

7 years. One of the biggest reason for this is the production of hydrogen.

Regarding the electricity consumption side, a lot of interest is towards hydrogen econ-

omy. There are 32 hydrogen related projects, of which 18 are already in the designing

phase, published by Confederation of Finnish Industries (2023). Hydrogen can be pro-

duced via electrolysis. Electrolysis requires electricity and water, to produce hydrogen,

and oxygen as a side product. Additionally, waste heat is produced, which can be utilized

in district heating. There are a few factors which improve Finland's chances to produce

clean hydrogen. According to EU's delegated regulation (EU) 2023/1185 (EU 2023b),

hydrogen, and fuels made from hydrogen, can be considered green fuels, when the elec-

tricity is produced from renewable sources directly, or electricity taken from the grid has

a carbon intensity of less than 18 gCO2eq/MJ. The regulation also has an additionality

principle, meaning the electricity used in electrolysis must be from a newly build renew-

able sources. These decisions guide the hydrogen production to places with renewables
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Figure 3.10. Predictions on electricity consumption development in Finland. Data col-
lected from (Ministry of Economic Affairs and Employment of Finland 2019; Koljonen et
al. 2020; Forsman et al. 2021; Fingrid Oy 2021; Fingrid Oy 2022a; Fingrid Oy 2023b;
Fingrid Oy 2023c)

dominated grids, unless hydrogen producer builds their own electricity generator off-grid.

Finland has a large potential for increasing renewable energy capacity, which can be uti-

lized for hydrogen, and hydrogen based, fuel production (Sivill et al. 2022). The scale

of possible hydrogen production is large. Finnish Government has a resolution (2023a),

Finland could produce 10 % of EU's green hydrogen in 2030. EU has a goal of produc-

ing 10 million tonnes of renewable hydrogen by 2030 (European Commission 2023a),

and thus the Finnish share would be 1 million tonnes of renewable hydrogen by 2030.

Depending on technologies, hydrogen requires 36-55 kWh electricity to produce 1 kg of

hydrogen (Mehmeti et al. 2018), and that results in 36-55 TWh of electricity needed, if

Finland wants to achieve the resolution. For comparison, the Finnish electricity consump-

tion in 2022 was 81.7 TWh (Motiva 2023c). The possible waste heat generated, if the

electrolysis ef�ciency is 75 %, is 8-14 TWh. For comparison, the Finnish district heating

production in 2021 was 40.8 TWh (Statistics Finland 2022).

The biggest electricity consumer in Finland is industry and construction with 44 % of

the whole electricity consumption in 2022, based on preliminary data (Statistics Finland
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2023c). Overall usage of electricity in Finland in 2022 is presented in �gure 3.11. Ac-

cording to sectoral low-carbon road maps, electri�cation in industries could increase their

electricity consumption by 100 % by 2050 (Paloneva and Takamäki 2021). New elec-

tricity consumers come with digitalisation, energy storages, and electric fuel re�nement

(Koljonen et al. 2020).

Figure 3.11. Electricity consumption in Finland by source in 2022, data collected from
(Statistics Finland 2023c)

Forest industry has a lot of combined heat and power production and the plants are

mostly energy independent. Some predictions assume that the forest industry's electric-

ity consumption stays the same, even if production increases due to energy ef�ciency.

(Forsman et al. 2021) The second biggest industry is metal industry. If metal industry

electri�es steel production, it could increase the sector's electricity consumption. Elec-

tri�cation means for example, that hydrogen is used instead of coal, in iron oxide reduc-

tion process. The hydrogen is produced with electrolysis, and thus it requires electricity

source. There is a uncertainty if using hydrogen becomes popular, and how it would af-

fect electricity consumption pro�le. Electri�cation of mineral industry would include hybrid

electric ovens. Battery industry is expected to increase with increasing electric vehicles.

Chemical industry could utilize power-to-x technologies to produce their needed material,

such as hydrogen, ammonia, and methanol. Additionally, many of the processes need

heat, which currently is produced by burning, but could be replaced by heat pumps and

electric boilers that would increase the electricity consumption. (Forsman et al. 2021) The

other industries include for example electricity intensive data centers (Fingrid Oy 2023b).

The services and public sector's part of gross domestic product has increased, and is ex-

pected to increase in the future due to the aging population. That does not automatically

mean drastically increasing electricity consumption, because of improving energy ef�-

ciency and decreasing public sector's consumption. (Forsman et al. 2021) Households'

biggest energy consumer is heating with 63 % of the whole energy use (Motiva 2023a),

which is expected to electrify (Forsman et al. 2021; Fingrid Oy 2023b). Households use
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mostly district heating, electricity, wood, and heat pumps for heating, as shown in �gure

3.12.

Figure 3.12. Household heating by source in Finland, data collected from (Statistics
Finland 2023a)

Heating sources have stayed mostly constant in the past 10 years, but using light fuel oil

has been slowly decreasing while using heat pumps has increased. (Statistics Finland

2023a) Light fuel oil is expected to keep decreasing and be replaced by mostly heat

pumps (Forsman et al. 2021). Overall the electri�cation could be via direct electric heating

of homes, heat pumps, or district heating itself using electric boilers, waste heat, and less

burning based solutions (Fingrid Oy 2023b). However, the future of district heating is

unsure. District heating competes with heat pumps, and other building speci�c heating

solutions. Energy sector needs to reduce its emissions to reach carbon neutrality goals,

and typical fuels used in district heating are biomass, natural gas, coal, peat, oil, and

biogas. High emission spot prices increase production costs for heating energy produced

by fossil fuels. (Finnish Energy 2023a) Carbon capture technologies could ease this,

but at the moment the prices vary, carbon capture and storage is in the range of 14-

121 C/tCO2, while direct air carbon capture and storage range between 93-320 C/tCO2

(Statista 2023). Public opinion and security of supply in�uence the used fuels. Finnish

energy- and climate strategy sees that only biomass is a competitive fuel source in the

short and medium term (up to 30 years), because burning based solutions are not yet in

commercial use. (Huttunen et al. 2022) The non-burning based solutions include electric

boilers, district heating storages, industrial heat pumps, and heating produced by SMR.

Almost all the solutions increase the electricity consumption. (Tampereen Energia 2023)

And as mentioned earlier, waste heat from hydrogen production could have a positive

in�uence on the industry. These factors in�uence the competitiveness of district heating.

In transportation electric vehicles are going to increase. According to transportation

roadmap (Paloneva and Takamäki 2021), it would mean over 1 million electric vehicles

in 2030, which increase the electricity consumption by 3.5 TWh based on their assess-

ment. Fingrid's assessments are in line with this value, as Fingrid's latest vision and the
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scenarios predict 4-5 TWh of electricity consumption by 2035 from transportation (Fingrid

Oy 2023b). Transportation could provide �exible demand, and Fingrid's assessment is

that 70 % of that demand could be �exible and last from couple hours to days via smart

charging (Fingrid Oy 2023b). According to Child et al. (2020) prosumers, such as electric

vehicle owner whose car battery is connected to the grid, won't affect peak power loads

on centralised grids.

This lead us to the future role of prosumers and �exible demand. VTT is researching

an automated �exible demand platform where all electricity consumers, also prosumers,

could participate with shedding or shifting the load according to the current market situa-

tion. The pilot location is in Utajärvi. (Technical Research Centre of Finland 2022)

Energy communities are a part of sector-integration. Energy communities have their own

electricity production which can be distributed among the community. Usually the elec-

tricity production is weather-dependent, and the energy communities itself electricity in-

dependent. However, if all produced electricity cannot be used within the community,

excess is pushed to the grid, which can during low demand burden the supply side. Alter-

natively, during low production or high demand, usually electricity-independent community

requires electricity from the grid. This increases �exibility demand in the whole grid. Dis-

tributed energy communities could be bene�cial for the grid, if they can shave demand

peaks. (Ministry of Economic Affairs and Employment of Finland 2023a)

Finally sector-integration could change electricity market. Sector integration means inte-

grating system design and operation between different energy carriers (electricity, gas,

and heat), infrastructures, and demand from industry, buildings, and transportation. The

goal is a emission free, energy ef�cient, reasonably priced, and reliable energy system.

One of the cornerstones are cross-use of energy systems, electri�cation of end user sec-

tor, and utilization of renewables and electric fuels. Some of the technologies include

waste heat management, demand side response technologies, and power-to-x. (ACER

2021) Waste heat management would include waste heat from data centers, industries,

and especially electrolysis, and the role of storages. One of the challenges of sector-

integration are different business environments and different regulation between sectors

(Ministry of Economic Affairs and Employment of Finland 2023a).
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4. RESEARCH METHODOLOGY AND MATERIALS

In this study, a data driven model for long-term electricity price forecasting was imple-

mented by using deep neural network. In this chapter the used research strategy and

methods are presented. Forecasting data collection highlights the used variables and

their behavior on the forecasts, and the chosen scenarios and matrices are explained.

Additionally, how analysis is going to be conducted is shown. Used forecasting methods

are presented with neural network model's performance on a test year is highlighted.

4.1 Research strategy

The used research strategy to answer all research questions, is in �gure 4.1.

Figure 4.1. Research strategy

Research strategy was used to guide the study, and to highlight how different research
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questions are going to be answered. Research questions linked all back to electricity

price forecasts.

4.2 Training data collection

Training and validation data was collected from numerous open-sources. Used variables,

their sources, and possible additional information about the variable is given in table 4.1.

Time variables, dummy variables, were used to include seasonal changes. Finnish hydro

reservoir data was available in daily resolution from 2022-2023, and in weekly resolution

from 2017-2021, which was scaled (linear interpolation) into daily resolution. Similarly

Norwegian hydro reservoir data (whole Norway) was scaled from weekly resolution into

daily resolution. Capacities are mostly reported yearly, and to have data in more pre-

cise resolution, different sources were used to compile more accurate variation. In solar

power, additionally a variable called availabe solar (MW) was used, to take into account

the weather dependency. Available solar was roughly calculated with the following as-

sumptions: 1 MW of solar power is roughly 1 ha, 0.5 performance ratio, 20 % ef�ciency.

Rather small performance ratios and ef�ciencies were used to take into account the rough

estimate on how much panel area there is in 1 MW solar power plant. Some fuel prices

were given in dollars, and were changed into euros according to the corresponding day's

currency rate. Fuel and emission spot prices were not scaled into hourly resolution, they

followed the trading resolution. During days when there was no trading, the value was

kept the same as in the previous day, until a new trading day came along. Natural gas

data was missing from 1.1.2017-1.10.2017, and in its place rough data from IEA graph

was used (IEA 2019). Finnish weather data was taken from multiple locations. Wind

speed was collected from 5 locations: Kemi, Oulu, Kokkola-Pietarsaari, Toholampi, and

Pori. These locations were selected because there is a lot of wind power located near the

weather stations. Radiation data was collected from 2 locations in the south of Finland:

Helsinki and Jokioinen, because there were not many weather stations available with

solar radiation data, and most solar power plants are planned to be located in southern

Finland. Rain and temperature data was collected through out the whole length of Finland

from 6 locations: Sodankylä, Rovaniemi, Oulu, Jyväskylä, Tampere, and Helsinki. Wind

speed data from Sweden was taken from Goteborg, because it is located in the SE3 bid-

ding zone, where there is a transmission line to Finland, and because there is a lot of wind

power located in that area (Herre et al. 2017). German weather data was collected from

Hamburg, because there is a lot of wind power located in North of Germany (Karnstedt

2008).
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Table 4.1. Used variables and their sources, 1(Finnish Environment Institute 2023),
2(Nord Pool AS 2023b), 3(Statistics Finland 2022), 4(Finnish Wind Power Association
2023b), 5(Fingrid Oy 2023a), 6(Auringosta Energiaa 2023), 7(ENTSO-E 2023), 8(yahoo!
�nance 2023), 9(MarketWatch 2023), 10(Energy Authority 2023a), 11(Finnish Meterorologi-
val Institute 2023), 12(Swedish Meteorological and Hydrological Institute 2023), 13(Climate
Data Center 2023)

Variable Unit Preprocessed Info

Time

Weekday -
Days marked as 1-7 where

1=MON, etc., holidays as 7

Month -

Hour -

Hydro reservoir

Finland1 GWh Yes Scaled

Norway2 GWh Yes Scaled

Installed capacities

Wind3,4,5 MW Yes

Solar3,5,6 MW Yes Installed and available

Nuclear3 MW Yes
Maintenance stops included

OL3 included after 1.5.2023

CHP3 MW Yes

Other3 MW Yes

Import/Export5 MW

Load7 MW

Prices

Natural gas8 C/MWh Yes Scaled, Dutch TTF

Coal9 C/ton Yes Scaled, Rotterdam

Emission spot price10 C/EUA Yes Scaled

Weather (Finland)

Wind speed11 m/s Yes 5 locations

Total radiation11 W/m2 Yes 2 locations

Rain11 mm Yes 6 locations

Temperature11 � C Yes 6 locations

Weather (Other)

Wind speed Sweden12 m/s Yes Goteborg

Wind speed Germany13 m/s Yes Hamburg

Solar radiation Germany13 J/cm2 Yes Hamburg
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4.3 Forecasting data collection

In this chapter the research questions number one, how will electricity demand and pro-

duction capacity develop in Finland until 2050, and partially research question number

two on the section about how electricity price affecting variables develop until 2050, are

answered. The rest of the research question number two is answered in chapter 5.1.

As neural network is trained with the variables listed in table 4.1, the future prediction is

done via these variables only, and how they change is the key. New variables cannot

be taken into account, if the model has not been trained with it. For most variables, it

is straightforward how they change, such as time variables. If future developments are

taken into account, which do not have their own speci�c variable, they must be taken into

account through other variables. For example, if �exible demand is taken into account,

its affects the variable load. In the next section, the way different variables behave on

prediction data is explained, and how different decisions in�uence the existing variables.

4.3.1 Variables and their behaviour in the forecasting data

As stated in section 3.3, there is a large dispersion between different predictions of the

future, in both the demand and supply side. Because of this, the future scenarios are

considered through matrices. The matrices follow the same formula, with columns having

different amounts of electricity production and rows with different electricity demands. The

matrix is in 2D, and thus focuses mainly on different demand and production scenarios.

Other variables, such as weather and fuel prices, are constant in scenarios in the same

matrix. These underlying assumptions of scenarios are explained at each matrix.

Different variables change differently. Time variables change according to the predicted

time. Hydro reservoir data is their median yearly cycle, unless stated otherwise in the ma-

trix. This excludes the effects of climate change, which increases precipitation. In some

cases, their max yearly cycle could be used to take into account climate change, but more

detailed analysis on how hydro reservoirs could change is not done. Installed capacities

change according to different scenarios. Currently 75 % of wind power is connected to

the grid between May and November (Liedes 2023), but it is expected to change with

increasing construction during winter to keep up with wind power investments. For this

reason, linear increase of wind power capacity is used during the year. Weather data

is based on an average year, unless stated otherwise in the matrix, which again does

not consider climate change, as it increases surface temperature. The average weather

data was constructed from 2017 until 31.7.2023 data, and as the data includes many non

typical years due to climate change, to some extent climate change has been taken into

account, compared to using average weather data from the previous 30 years.

Natural gas price is expected to decrease from current high prices by 2030 and stabilize



43

(IEA 2019; Schmitt and Zhou 2022; Fulwood 2023). Similarly, coal price decreases and

stabilizes by 2030. The emission spot price (EUA) is expected to increase at least until

2030, ranging mostly between 110 to 160 C/ton in 2030 (Schmitt and Zhou 2022; Pahle

et al. 2022). Trend is assumed to continue until 2050. The following fuel prices were used

in the models, shown in �gure 4.2 below.

Figure 4.2. Fuel prices and EU ETS emission spot price development until 2050

The data for one year was created to re�ect real market behavior, as the prices change

only on trading days which are the weekdays for fuel prices, and Mondays, Tuesdays, and

Thursdays for emission spot price. With Python, using start and end prices for the year, a

baseline linear price progression was created, and random walk for volatility was applied.

Used data in 2030 is shown in �gure 4.3.

Figure 4.3. Fuel prices in 2030
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From electricity production side, only nuclear power's maintenance breaks are included

in the prediction data. This decision is because nuclear power is baseload power, and

its maintenance breaks impact electricity prices, especially in high demand and low pro-

duction situations. Other dominant electricity production sources are more weather de-

pendent. Nordpool publishes for example planned maintenances on REMIT UMM (Nord

Pool AS 2023a), where the data reaches 3 years into the future. This means the planned

maintenances are available for 2026, but not further. Historically Olkiluoto 1 and 2 have

alternated on which unit starts the yearly maintenance, and typically there has been 7

days between the maintenance when both units are in operation. It is assumed that this

cycle continues, and Olkiluoto 3 will only be either before, or after the units 1 and 2. Olk-

iluoto 3 unit is still rather new, it will undergo more lengthy maintenance breaks in the

upcoming years, and there is no certainty how its maintenance cycle is going to be, and

is it going to follow the patterns from units 1 and 2. Olkiluoto maintenance takes place

during spring and summer, and Loviisa maintenance after that usually around September

and October. Historically Loviisa 2 goes under maintenance �rst, and then Loviisa 1. The

break between maintenances is typically 3 days. This pattern is expected to continue.

The cycle for nuclear power maintenance is shown in �gure 4.4 below, where the yearly

fuel breaks are not shown. Yearly fuel break is expected to be 7-17 days, depending

on the unit. After 2026, the timing of maintenance is uncertain, because other factors

than the typical cycle in�uence the decisions, such as when French nuclear power has

maintenance breaks, and worker availability.

Figure 4.4. Planned nuclear power maintenances in Finland (Nord Pool AS 2023a), and
their assumed maintenance cycles until 2050
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Electricity demand curves are assumed as basic demand curves throughout the year,

unless stated otherwise in the matrix. The changes into the electricity demand curves

can be either baseload, peak, or �exible increase. Baseload demand increases the whole

demand and does not change the demand curve itself. Peak demand increases the

peaks. Flexible demand does the opposite, and evens the demand curve. The difference

is highlighted in �gure 4.5 below.

Figure 4.5. Basic electricity load pro�le compared to baseload increase, peak load, and
�exible load.

One of the limitations of this model, is that it is not an electricity system model, and thus

when to trigger electricity load changes is dif�cult. From the input variables available, only

wind speed is a relevant variable. This is because in the absence of wind power, Finnish

electricity production decreases to an extent and other methods, such as utilizing reserve

power, transmission from neighbouring countries, or decreasing consumption, are used

to meet the demand. As the model does not give out production energies directly, wind

speed could be used in its place. However, this is not straightforward. From the wind

speed data used in this model, from 5 locations (Kemi, Oulu, Kokkola, Toholampi, Pori)

and their overall average does not directly correspond with generated wind power. This

can be seen in �gure 4.6 below, where there is a large dispersion between different wind

speed classes. More accurate prediction would be to include geographical information

on where the wind power is located, to get factors of how in�uential different wind speed

measurement locations are. This brings fort other dif�culties, such as predicting on where

most of the wind power is going to be build in the future. Overall wind speed measurement

locations are not located directly, or next to, wind power plants and this itself increases

margin of error.
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Figure 4.6. Generated wind power during different average wind speeds in 2022, data
from (ENTSO-E 2023; Finnish Meterorologival Institute 2023)

Another way to trigger the load change, could be to use the output, electricity price. If

�rst, the data without any additional �exibility and triggers is run, the electricity price

output could be used to determine a threshold on when the price is too high, the load

is going to decrease. Using this information, the load variable is updated and then run

through the model again. De�ning the threshold this way includes also other changes,

such as nuclear power maintenance breaks, and excess renewable production in Norway

and Sweden. The downfall could be de�ning the correct threshold with the current trend

of very high and very low electricity prices. But again, as the model does not consider

the rest of Europe or Nordics almost at all, it increases the margin of error when events

outside Finland are not taken into account even though they affect Finland. To get around

de�ning the threshold on when to trigger the load shift, the algorithm �nds the 8 cheapest

and 8 most expensive hours, and then determines how much load should be shifted.

The amount to be shifted in one hour is proportional to its price relative to the total price

of the 8 most expensive hours. The total shifted load cannot exceed daily load shifting

maximum, which is calculated for each scenario speci�cally. This proportional distribution

ensures that the most load is shifted from the most expensive hours, rather than shifting

equal amounts of load from all 8 hours. The load from the most expensive hour is shifted

to the cheapest hours, the second most expensive hour to the second cheapest hour and



47

so on. This creates a new load pro�le and data, which is used to run through the model

to receive the new electricity prices.

Electricity demand consists roughly of industry, electric transportation, electric heating

(households and district heating), and public services and households. Next the different

impacts these factors have on the demand is discussed.

It is assumed that forest industry's processes are constantly running processes, excluding

maintenance and malfunctions. As all industries need to decarbonise, Lipiäinen et al.

(2022) state that electri�cation could be the most viable option to decarbonize drying.

This would increase baseload electricity demand.

Chemical industry's process could be batch or continuous operation. It is assumed that

the processes are continuously running processes, excluding maintenance and malfunc-

tions. Hydrogen and hydrogen-based fuel production, such as green ammonia, bring a

new addition. It is unsure how �exible the production could be, it depends on the elec-

tricity prices, electricity price agreements (PPAs, etc.), hydrogen storability and its price,

willingness, and technical readiness. For example, green ammonia production facility with

350 MW green hydrogen production capacity is planned in Kokkola. According to their

environmental impact assessment program (Flexens Oy Ab 2023), their electrolysis is

planned to be in operation for 5566 h/a, and ammonia reactor for 7352 h/a. The facility's

main product is ammonia. Because the operating times for electrolysis and ammonia

reactor are not the same, it indicates that hydrogen is stored and not used for ammonia

production directly from electrolysis. This could open the possibility of �exible demand in

hydrogen production. Unless stated otherwise, hydrogen production is a baseload elec-

tricity demand facility. In the matrices, the affects of �exibility are assessed.

According to Technology Industries of Finland's low-carbon roadmap for technology in-

dustries (Vasara et al. 2020), metal industry's main steps to reduce carbon emissions

are electri�cation of machines and processes, and using hydrogen or biocoal. Hydrogen

and electric arc furnaces could replace blast furnaces in steel production, but it depends

on the price of low-carbon electricity and availability, if these solutions are competitive.

These solutions use a lot of electricity. It is assumed that steel production, and other

metal processes, are a constantly running processes, excluding maintenance and mal-

functions, that requires constant electricity, it would increase the electricity consumption,

but it would not affect the consumption pro�le. However, there is a uncertainty if electric-

ity or hydrogen storages are used, and thus electricity consumption could be �exible to a

point.

Electric road transportation could affect the electricity consumption pro�le. Most electric

cars are charged at homes or at of�ces. Charging electric cars includes charging the

battery, but also heating the engine during cold days. If smart charging is implemented

in electric cars, it could even electricity demand peaks. (Andersson et al. 2020) This
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could mean charging during slow demand hours (expecially at night), or giving electricity

from the car battery for the grid during high demand and low production hours. However,

electric cars have relatively low affect to the whole electricity consumption, as shown in

table 4.2 below.

Table 4.2. Electricity consumption of road transportation based on listed assumptions.
1(Information Centre of Road Transport 2023), 2(Moilanen et al. 2022), 3(Motiva 2023b),
4(Konepörssi 2022)

2030 2040 2050

Passenger EVs [pc] 717 6001 1 826 9001 2 550 000

- typical kilometreage [km/car] 14 8402 16 1982 17 3602

- car's consumption [kWh/km] 0,23 0,15 0,1

- electricity consumption [TWh/a] 2,1 4,4 4,4

Electric vans [pc] 39 4001 165 8001 250 000

- typical kilometreage [km/car] 17 1712 17 7182 18 6622

- car's consumption [kWh/km] 0,28 0,22 0,18

- electricity consumption [TWh/a] 0,2 0,6 0,8

Electric trucks [pc] 8501 9 3001 20 000

- typical kilometreage [km/car] 87 4632 87 6632 85 4702

- car's consumption [kWh/km] 1,14 1,1 0,9

- electricity consumption [TWh/a] 0,08 0,9 1,5

Trains are already mostly electric in Finland and thus excluded from more detailed exam-

ination. Aviation is not expected to electrify as fast as road transportation due to the

current battery technology, which does not enable electric long �ights without radical

technical improvements (Andersson et al. 2020). More plausible pathway is renewable

aviation fuels, and their production could use electricity. In Finland Neste, UPM, and St1

produce renewable aviation fuels, and they aim to increase their production (AFRY Man-

agement Consulting 2020). As aviation gradually loses their free emission allowances

and overall emission allowances decrease (Finnish Government 2023b), it is expected

that renewable aviation fuel demand increases. This would affect chemical industries

electricity demand. Thus aviation has mostly effects the chemical industry. Similar trend

is for marine traf�c. There is no one solution for the whole marine sector, biofuels, hydro-

gen, methanol, ammonia, nuclear, and electricity are some possibilities. The effects to

electricity demand come from fuel production, such as hydrogen and ammonia, or from

charging ships at harbor. Especially, using electricity at harbor to replace ship's diesel-

electric generators, could replace up to 80 % of fuel consumption. This would decrease

marine traf�c's carbon emissions, but the charge would have a large affect for the grid.

(Andersson et al. 2020) Cruise ships are basically large hotels, and cargo ships have

cargo handling equipment, and thus the electricity demand is high while on harbor and it
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would most likely not be �exible. This would change the electricity consumption pro�le,

as the spikes in demand correspond to ships' timetables.

4.3.2 Forecasting scenarios

Electricity price is forecasted through 4x7 matrices, of which each cell is a singular sce-

nario. The matrix focuses on different electricity production and demand scenarios, and

thus the rest of the variables remain constant within one matrix. Each column contains 4

different wind capacities, while the 7 rows contain different electricity demands. Each of

the scenario in a matrix is referenced in the text by their location in the matrix, for example

x1;1 references a cell located on the �rst row, on the �rst column. The chosen wind power

capacities used in the matrices are shown in table 4.3 below.

Table 4.3. Wind power capacities in different matrices and the justi�cation of choosing
said value, 1(Finnish Wind Power Association 2023a), 2(Kakkonen 2023), 3(Fingrid Oy
2023b)

Wind power capacity Explanation

2030

9 GW1 Wind power plants currently in the building phase, and seen

as "sure" projects

15 GW1 Wind power plants currently in one of the following phases:

zoning completed, licensing completed, building

23 GW2 One of Fingrid's assessments for wind power capacity by 2030

30 GW If capacity growth exceeds all expectations for 2030, following

the historical trend of underestimating development

2040

9 GW1 Wind power plants currently in the building phase, and seen

as "sure" projects

23 GW2 One of Fingrid's assessments for wind power capacity by 2030.

If growth not as fast as expected

40 GW If similar growth trend continues of 2 GW a year from today's

capacity

70 GW3 Fingrid's most ambitious vision, on the amount of wind capacity

2050

15 GW1 Wind power plants currently in one of the following phases:

zoning completed, licensing completed, building

30 GW If growth trend is 1 GW a year

50 GW1 Most of identi�ed wind power projects realize

90 GW3 Fingrid's most ambitious vision, on the amount of wind capacity
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Wind capacities have been selected based on scenarios, where wind power increases

only slightly to more extreme versions of development. The slight increase on wind power

capacity is a possibility if electricity demand does not increase with it, and thus make

it pro�table to invest in new wind power. If there is abundance of wind power, but not

enough electricity users for it, the electricity price goes below the limit of pro�tability for

new wind investments.

Similarly to wind power capacities, the electricity demand varies between the scenarios.

For 2030 and 2040 matrices, the overall consumption has 3 different scenarios, and 4 sce-

narios where the consumption pro�le differs based on the amount of demand �exibility. In

table 4.4 is shown the basis electricity demand scenarios, excluding the �exibility scenar-

ios. The biggest focus is on the industrial electricity consumption, because it represents

the majority of consumers in these scenarios. Currently industrial electricity consumption

is 39 TWh, households 29 TWh, and electric heating 17 TWh. Transportation values are

based on table 4.2, and they represent approximately 2-6 % of the consumption in all

demand scenarios.

In 2030 different industries' low-carbon roadmaps have not reached their goals as the

target year is 2035, and thus their electricity consumption is less than those predicted by

roadmaps. The 94 TWh consumption consists of 45 TWh industry (mostly from electri-

�cation and hydrogen), 30 TWh households, 18 TWh electric heating, and 2 TWh trans-

portation. The 105 TWh scenario has more hydrogen projects and results in 56 TWh

industrial consumption, while other variables stay the same. In 132 TWh scenarios, there

are more hydrogen projects and results in 81 TWh industrial consumption, but also 1 TWh

increase in electric heating, while other variables stay constant.
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Table 4.4. Electricity demand in different matrices and the justi�cation of choosing said
value

Electricity demand Explanation

Flexibility

assessed

2030

94 TWh Industries aiming for their low-carbon roadmap goals for 2035

- 10 % of published hydrogen projects commissioning before

2030 realize (3.8 TWh)

105 TWh Industries aiming for their low-carbon roadmap goals for 2035

- 40 % of published hydrogen projects realize (11 TWh)

Yes

132 TWh Industries aiming for their low-carbon roadmap goals for 2035

- 60 % of published hydrogen projects realize (36 TWh)

Yes

2040

115 TWh Industries' low-carbon roadmaps have not reached their 2035

goals. Industry consumption at 56 TWh.

150 TWh Industries' low-carbon roadmaps have reached their 2035

goals. Industry consumption at 91 TWh, of which 35 TWh

hydrogen projects

Yes

186 TWh Industries' low-carbon roadmaps have reached their 2035

goals. Industry consumption at 112 TWh, of which 56 TWh

hydrogen projects

Yes

2050

123 TWh Industries' low-carbon roadmaps have not reached their 2035

goals, and not their 2050 assumptions (consumption should

double). Industry consumption at 70 TWh.

118 TWh + SMR Industries' low-carbon roadmaps have reached their 2035

goals, consumption doubles. Electric heating replaced

by SMRs.

192 TWh Strong electri�cation takes place. Industry consumption

135 TWh

Yes

336 TWh Fingrid's most ambitious vision

In 2040 different industries' low-carbon roadmaps should have reached their 2035 goals,

but in the 1st scenario (115 TWh) the goals are reached only in 2040. Industry's con-

sumption is 56 TWh, households 30 TWh, electric heating 19 TWh, and transportation 6

TWh. The 150 TWh consumption scenario has more hydrogen projects increasing the in-

dustrial consumption to 91 TWh. The 186 TWh consumption scenario has more hydrogen

projects increasing the industrial consumption to 112 TWh.

In 2050 different industries' low-carbon roadmaps have reached their 2035 goals, and

according to them industry's consumption could double from the current 39 TWh to 80

TWh. This goal is not reached in 123 TWh scenario, where the industrial consumption is
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70 TWh. In the 118 TWh + SMR demand scenario, the industrial consumption increases

to 80 TWh, but all the electric heating (19 TWh) is produced via SMRs. Replacing electric

heating with SMRs requires 2.2 GW of SMR capacity, but it is not shown in the variable

"Installed Nuclear", because the produced electricity goes directly to heating without in-

terfering with the national grid. The use of SMRs is taken into account on the load usage

by reducing load according to monthly national average heating degree days divided by

the heating days on a year, based on 2022 values. By this, the lower or non-existing

heating demand during summer is taken into account. In 192 TWh scenario is based on

reaching the low-carbon roadmaps with strong electri�cation. The 336 TWh scenario is

based on Fingrid most ambitious vision of electricity consumption, with 279 TWh industrial

consumption.

Each matrix has the both extremes to investigate the affects on electricity price, if demand

increases, but wind capacity does not, and vice versa. By following the diagonal of the

matrix, the both values increase. The demand �exibility is assessed by a percentage of

consumption that is �exible in a year. Different �exibilities are shown in table 4.5.

Table 4.5. Electricity demand �exibility in different matrices and the justi�cation of choos-
ing said value, 1(Forsman et al. 2021)

Scenario Consumption Flexibility amount

2030

10 % �exible H2 Overall 105 TWh, hydrogen 11 TWh 1.5 TWh

25 % �exible EVs 1 Overall 132 TWh, transportation 2 TWh 0.5 TWh

7 % �exible consumers Overall 132 TWh, consumers 30 TWh 2 TWh

10 % �exible H2 Overall 132 TWh, hdyrogen 36 TWh 3.6 TWh

2040

15 % �exible H2 Overall 150 TWh, hydrogen 35 TWh 3.8 TWh

40 % �exible EVs 1 Overall 186 TWh, transportation 6 TWh 2.4 TWh

14 % �exible consumers Overall 186 TWh, consumers 31 TWh 4.3 TWh

10 % �exible H2 Overall 186 TWh, hdyrogen 36 TWh 5.6 TWh

2050

40 % �exible EVs Overall 192 TWh, transportation 7 TWh 3.5 TWh

14 % �exible consumers Overall 192 TWh, consumers 31 TWh 4.3 TWh

25 % �exible H2 Overall 192 TWh, hdyrogen 70 TWh 7 TWh
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It is assumed that hydrogen production is not very �exible, due to economical reasons

more than technical reasons. It is assumed that most hydrogen production have PPA

contracts, or strict hydrogen, or other hydrogen-based fuel, generation goals that will not

be that �exible without monetary compensation. Even though many sources (Forsman

et al. 2021; Fingrid Oy 2023b; Fingrid Oy 2023c) say that the �exibility could be much

higher.

4.3.3 Forecasting matrices

The matrices are done for years 2030, 2040, and 2050. The matrix's one cell represents

the years average electricity price in C/MWh. Columns are different wind power capaci-

ties and rows different demands. For the sake of simplicity, industries maintenance and

possible malfunction times are not included. On production side, nuclear power mainte-

nance times are included. The matrix for 2030 is shown in table 4.6.

Table 4.6. 2030 prediction matrix with supply and demand

Wind capacity

9 GW

Wind capacity

15 GW

Wind capacity

23 GW

Wind capacity

30 GW

Demand 94 TWh x1;1 x1;2 x1;3 x1;4

Demand 105 TWh x2;1 x2;2 x2;3 x2;4

10 % �exible H 2 x3;1 x3;2 x3;3 x3;4

Demand 132 TWh x4;1 x4;2 x4;3 x4;4

25 % �exible EVs x5;1 x5;2 x5;3 x5;4

7 % �exible consumers x6;1 x6;2 x6;3 x6;4

10 % �exible H 2 x7;1 x7;2 x7;3 x7;4

In all scenarios households and public service usage increases from 29 TWh to 30 TWh,

and with electric heating the increase is from 17 TWh to 18 TWh, except in scenarios 4-7

the amount is 19 TWh. Electricity demand for electric vehicles are based on table 4.2

in all scenarios, and is 2.4 TWh/a. In baseload assumption, the effect is evenly spread

throughout the whole year, increasing the baseload by 274 MW. Other base assumption

are the following: 7 GW of solar power, 5 GW of CHP, 0.5 GW of other capacities, median

hydro reservoir for both Finland and Norway, weather data is an average year, and fuel

prices are on average 23 C/MWh for natural gas, 8 C/Mwh for coal, and 113 C/tCO2 for

emission spot price. Transmission import capacity is 4440 MW and export capacity is

4216 MW. SMR is excluded.

The matrix for 2040 is shown in table 4.7 below. The overall structure is very similar to

the 2030 matrix with baseline demand scenarios and 4 �exibility assessment scenarios.
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Table 4.7. 2040 prediction matrix with supply and demand

Wind capacity

9 GW

Wind capacity

23 GW

Wind capacity

40 GW

Wind capacity

70 GW

Demand 115 TWh x1;1 x1;2 x1;3 x1;4

Demand 150 TWh x2;1 x2;2 x2;3 x2;4

15 % �exible H 2 x3;1 x3;2 x3;3 x3;4

Demand 186 TWh x4;1 x4;2 x4;3 x4;4

40 % �exible EVs x5;1 x5;2 x5;3 x5;4

14 % �exible consumers x6;1 x6;2 x6;3 x6;4

10 % �exible H 2 x7;1 x7;2 x7;3 x7;4

In all scenarios households and public service usage increases from 29 TWh to 30 TWh in

1st scenario and 31 TWh in the rest, and with electric heating the increase is from 17 TWh

to 19 TWh. Electricity demand for electric vehicles are based on table 4.2 in all scenarios,

and is 6 TWh/a. In baseload assumption, the effect is evenly spread throughout the whole

year, increasing the baseload by 683 MW.

Other base assumption are the following: 20 GW of solar power, other capacities stay the

same, weather data is a basic year, and fuel prices are on average 22 C/MWh for natural

gas, 7 C/MWh for coal, and 146 C/tCO2 for emission spot price. Transmission import

capacity is 5940 MW and export capacity is 5716 MW, and the increases are due to new

transmission lines: Estlink 3, FI-NOR, and FI-SWE. SMR is excluded.

The matrix for 2050 is shown in table 4.8 below. In the matrix there are 4 baseline demand

scenarios and 3 �exibility assessments. Compared to the other matrices, in 2050 there is

one scneario with SMRs.

Table 4.8. 2050 prediction matrix with supply and demand

Wind capacity

9 GW

Wind capacity

30 GW

Wind capacity

50 GW

Wind capacity

90 GW

Demand 126 TWh x1;1 x1;2 x1;3 x1;4

Demand 118 TWh + SMR x2;1 x2;2 x2;3 x2;4

Demand 192 TWh x3;1 x3;2 x3;3 x3;4

14 % �exible consumers x4;1 x4;2 x4;3 x4;4

40 % �exible EVs x5;1 x5;2 x5;3 x5;4

25 % �exible H 2 x6;1 x6;2 x6;3 x6;4

Demand 336 TWh x7;1 x7;2 x7;3 x7;4

In all scenarios households and public service usage increases from 29 TWh to 31 TWh,

and with electric heating the increase is from 17 TWh to 19 TWh. Electricity demand for

electric vehicles are based on table 4.2 in all scenarios, and is 7 TWh/a. In baseload as-
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sumption, the effect is evenly spread throughout the whole year, increasing the baseload

by 777 MW.

Other base assumption are the following: 40 GW of solar power, other capacities stay the

same, weather data is a basic year, and fuel prices are on average 17 C/MWh for natural

gas, 6 C/MWh for coal, and 168 C/tCO2 for emission spot price. Transmission import

capacity is 5940 MW and export capacity is 5716 MW.

4.4 Regression analysis of electricity price affecting variables

First simple linear regression analysis is run on the variables to explain the electricity

price. Linear regression provides simple and straightforward analysis on the variables,

but on the downturn it cannot capture the complex connections and ways these variables

affect electricity prices. Thus the results on linear regression cannot be taken too liter-

ally. The linear regression analysis provides a coef�cient value which shows if there is a

positive or negative connection between the price affecting variable and the actual price.

Additionally, P value provides information on how statistically signi�cant the connection

is. The smaller the P value, the more statistically signi�cant the variable is for electricity

price.

4.5 Used forecasting methods

In this thesis there are two prediction methods used to predict electricity prices. Neural

network model created during this thesis, and a bottom-up data-driven electricity market

model created by Ramboll. Neural network model provides electricity prices for all the

matrices, but the Ramboll model provides electricity prices for one singular scenario in

one matrix. This is because it is computationally expensive to run the Ramboll model 84

times to have electricity prices for all the matrices. Additionally, one preliminary results for

one scenario was received by the Ramboll model.

Sensitivity analysis for the neural network model in done throughout the chapter 5. Re-

gression analysis shows the input variable sensitivity, the predicted electricity prices show

the parameter sensitivity, and the load �exibility shows the scenario sensitivity. Finally the

chapter 5.4 touches down on structural sensitivity. Sensitivity analysis on Ramboll model

is not conducted due to having one scenario result.

4.5.1 Neural network model

Neural network was trained and validated with data from 1.1.2017 until 31.7.2022. Testing

period is required to be one whole year, to test the model's ability to capture seasonal

changes. Testing period was was 1.8.2022 until 31.7.2023. The data split is shown in
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�gure 4.7, and highlighted against electricity spot price, natural gas price, coal price, and

emission spot (EUA) prices. From the �gure, can be seen the current dif�culty in accurate

electricity price forecasting, and the scale of electricity prices in 2022.

Figure 4.7. Training, validation, and testing data splits used in the neural network

The neural network model is a feed-forward model. The model was created in Python

and Keras library was used to have the state-of-the-art tools available. Visualisation of

the neural network architecture is provided in �gure 4.8.

Figure 4.8. Neural network model architecture used in this work
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The training details are provided in table 4.9. EarlyStopping was used with a patience of

10, to stop overtraining. Reduced learning rate was used to reduce loss metric oscillation

during training. Learning rate is reduced with increasing epochs, and it follows the loss

metric with a patience of 5. Minimum learning rate was set to 0.0001.

Table 4.9. Neural network training details

Feature Value

Learning rate ReduceLROnPlateu

Optimizer Adam

Loss metric rMAE

Other metrics collected MAE, rMSE

Epochs 100

Patch size 5

During training (model version 27) the loss metric to follow was rMAE. On the last epoch,

the training rMAE was 0.68 and validation rMAE 0.64. The development of the loss metric

during training is shown in �gure 4.9. EarlyStopping stopped the training on epoch 87.

Training took approximately 30 minutes.

Figure 4.9. Training history with training and validation loss metrics by epoch
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During training phase, it is important to monitor data leakage, drift, computational costs,

and the validation strategy. Data leakage, means that when evaluating the model on the

test year, it has to be unseen data for the model. This is highlighted with time-series

data, if the model has a glimpse of the future, it creates biased results. Drift means, that

over time the underlying patterns might change. An example of this is the meaning on

wind capacity and wind speed data on the electricity prices, the situation is drastically

different in the third quarter of 2023 than it was in 2017. Computational cost need to be

taken into account on deciding how often the model should be retrained with new data. As

currently the training period is less than one hour, it is concluded to be not computationally

expensive. If the model is actively retrained, a validation strategy is imminent before

deploying the retrained model. If the retrained model is not validated in any way before

forecasting, the model's performance and accuracy are questionable. It is good practise

to set aside some of the resent data for validation purposes before using the retrained

model for forecasting.

The model (version 27) was �rst trained with the data from 2017 until 31.7.2022 without

scaling the electricity prices. The model was able to capture general price forecasting

behavior but unable to predict prices below 14 C/MWh. The model's performance during

the test year is shown in �gure 4.10 below.

Figure 4.10. Model version 27 performance during the whole test data period

From the �gure can be seen that the model is able to catch the electricity price behavior

for the most parts, but the most expensive hours are not reached. If a close-up of the

performance is taken to show only 1.1.2023-31.7.2023, as shown in �gure 4.11, it can

be seen that model is able to follow the behavior until non-typical time period of having
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near zero or negative prices. The non-typical time period which the model struggles on,

started 10.5.2023 and lasted roughly until 13.6.2023. After that, the model was not able

to follow the pro�le for the cheaper prices, and the visual of "cutting the lowest prices"

took place.

Figure 4.11. Model version 27 performance during the year 2023 on the test data

Out of curiosity, model were tried to retrain with some of the test data, so see if there

were improvements on the last month of the test data period. However, retraining was

unsuccessful and problematic, which lead to the discovery of scaling importance of elec-

tricity prices during training period. By having all the same attributes and architecture, but

electricity prices were scaled during training phase, the model (version 36) was able to

predict negative prices. The training phase time was cut in half by scaling the electricity

prices, and the training took approximately 15 minutes. The model's performance on the

test year is shown in �gure 4.12.
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Figure 4.12. Model version 36 performance during the whole test data period

The model was able to predict and follow the prices reasonably well for the duration of

the whole test year. But similarly to the version 27, the most expensive hours were not

predicted accurately. But again, 2022 was unusual year, and it would be unrealistic to

have a model predict them correctly. By taking a close-up of the year 2023 on the test

data, we can compare the two models. The close-up is shown in �gure 4.13.

Figure 4.13. Model version 36 performance during the year 2023 on the test data

From the close-up can be seen that the model is able to predict better lower electricity
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prices. Model is still unable to predict as low prices as the were during the non-typical

time period, but predicts better than the model version 27 on that time period. Some of

the unexpected price spikes that took place on the test period can be explained by events

outside Finland, maintenance breaks, and unplanned failures. As the neural network

model is not a system model that takes these events into account, they could explain

some of the poor performances. Neural network model is not a system model, it does

not calculate how much energy is produced by source at hourly rate, so while taking into

account the type of input variables provided for the model, the performance has been

surprisingly good.

Calculating rMAE, MAE, and other metrics for the test period was used to discover the

most accurate model versions. The results differ based on the time period that is eval-

uated. In table 4.10 the evaluation metrics are collected for the model versions 27 and

36. Other models that were trained and developed during this study are not shown in

the table, as there are numerous different models trained while trying to identify the op-

timal architecture etc., and the two most accurate models were shown. The smaller the

evaluation metric value, the more accurate the model predicted the prices.

Table 4.10. Neural network evaluation metrics

Model version 27 Model version 36

rMAE

Whole test data 7.76 7.44

2023 test data 4.74 4.75

2023 August 4.18 4.13

rMSE

Whole test data 99.8 89.7

2023 test data 29.1 29.0

2023 August 21.6 21.4

From the evaluation metrics we can see that depending on the metric and time period,

different versions are seen as more accurate. The biggest difference on performance is

for the whole test data period, and as we get closer to the current date, the less there

are differences between the models. Model version 36 was discovered rather late in the

thesis process, and most of the results are based on the model version 27. For 2030,

some results from model version 36 are also shown.

4.5.2 Ramboll model

The model created by Ramboll, is a multi-agent bottom-up electricity system model. The

model is a partial equilibrium model that simulates the European electricity system, which

follow to an extent the current electricity market zones. The model minimizes the total cost
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of electricity production, and is able to take into account transmission capacities between

zones. Electricity production and electricity consumption are in balance for every hour in

each zone by importing or exporting electricity between zones. There are 45 European

electricity markets, zones, and perfect competition is assumed. The model calculates the

outputs in hourly resolution for a year and generates a merit order curve for each zone.

The optimisation algorithm, the minimization of electricity production costs, is similar to

the European day-ahead market single price coupling algorithm.

The model takes as an input Excel based database, which includes similar information to

the neural network model, such as power plants (capacity), transmission lines, electricity

demand, and renewable energy. The input data is run through the model, and output

is provided in an Excel �le which includes for example produced energy, consumption,

imports and exports, and the electricity prices in hourly resolution. The model provides

outputs for all the zones at once.

One of the bene�ts of the Ramboll model is the ability to simulate the whole European

market, rather than focusing on one market and disregarding what happens outside the

said market. Compared to the neural network model, which is not a system model and

does not have this ability, the Ramboll model can take into account the effects on other

places. The inclusion of the whole European market makes the model more complex,

and dif�cult to stay on top of changes, such as the rapid increase of renewable energy

sources in Europe. However, the model can provide more output information. One of the

drawbacks of the Ramboll model is the computational power required to run the model,

compared to the neural network model. Once the neural network model is trained, it is

computationally very ef�cient in providing electricity prices.

4.6 Result analysis

Neural network model and the Ramboll model provide electricity prices in hourly reso-

lution for the same length as their input data, which is one year. However, the results

are not analysed through the hourly changes throughout the year, because there are

too many uncertainties to accurately state how much electricity price is going to be on

a speci�c date and time. The given input data in regards of the weather creates a large

uncertainty especially in energy systems with abundance of wind power that relies on the

provided wind speed data. Even though the weather data is in averages, the affect of

climate changes disrupts these previously seen averages. Additionally, it is impossible to

con�dently state how the weather variables are going to be in hourly resolution. However,

some charts for the electricity price in a year are provided, but purely for explanatory rea-

sons, and should not be taken as certain statements on how much the electricity price is

going to be in that speci�c moment.

For each scenario in each matrix, the average electricity price in C/MWh is provided,
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to highlight the affect of changing demand and wind power capacity. Additionally, a few

electricity price duration curves are provided to analyse how often certain electricity prices

take place in the certain scenario.
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5. RESULTS AND DISCUSSION

In this chapter the regression analysis results, and electricity price predictions are dis-

cussed. Additionally observations on using neural network models are highlighted for

future development.

5.1 Regression analysis of most in�uential electricity price

variables

In this chapter the research question number two is answered on which variables affect

electricity price formation in Finland. Linear regression analysis provided coef�cient val-

ues for the input variables used in the model. The coef�cient values are shown in �gure

5.1 below, with highlighted P values which indicate the variable's statistical signi�cance.

Figure 5.1. Linear regression coef�cient values and P values.

From the �gure we can see, that wind speed, weekday, rain and Swedish wind speed

variables have the largest negative connections to the electricity price, but only Finnish

wind speed variables and weekday variable have statistical signi�cance when the P value

is taken into account. Even though there is a negative connection between rain and
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electricity prices, their statistical signi�cance is small compared to wind speed P values.

Another observation from the coef�ciencies can be seen that fuel prices and emission

spot prices have a positive connection, electricity price increasing effect, but their statis-

tical signi�cance is 0. This could be due to the resolution difference, as prices change

on trading days, not every hour. Similar conclusion can be made from the signi�cance

of variables year and capacities, as they change either in monthly or yearly resolution.

Especially for wind power capacity, its statistical impact is 0, even though increasing wind

power both lowers the electricity price, but also increases peaks in the price. Statistically

the load variable, has the biggest impact on electricity price, which is not a surprising

result.

Plotting electricity price as a function of load provides more information, as seen in �gure

5.2. From the �gure can be seen that before 2021 (chart B) the trendline has been rather

even and no signi�cant increase on the electricity price can be seen, as the follow the

typical trendline from 2017 as shown in the �gure. 2022 was an abnormal year, which

can be seen in chart B from the trendline of 2022. The trendline only moves higher

without signi�cantly steepening the line. This indicates that increasing load increases

the electricity price only slightly. Smaller load does not result in smaller electricity prices

before 2023, and this is due to many reasons, such as reliance on imports, fuel prices,

and other factors. 2023 is different compared to the data before. The trendline is steeper

and electricity price goes near zero when the load is small. The difference between 2023

and for example 2021, is the amount of own electricity production that can cover the load.

When previously small loads did not decrease electricity prices, now during low demand

this can happen.
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