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The ongoing transition towards a carbon-neutral energy system is fundamentally reshaping
electricity markets, increasing both the share of variable renewable generation and the demand
for system flexibility. In Finland, the rapid expansion of wind power, coupled with electrification of
multiple sectors, is expected to significantly increase electricity consumption while simultaneously
introducing greater variability and uncertainty into power system operation. These developments
have led to growing importance of reserve markets, where flexible resources such as battery
energy storage systems (BESS) play a central role in maintaining system balance. Efficient par-
ticipation in these markets relies heavily on accurate short-term price forecasting, which enables
optimal allocation of asset capacity across multiple market products.

This thesis investigates the creation of reserve market price forecasting models and their in-
tegration into a multi-market optimization framework for energy storage operation. The study fo-
cuses on Finnish reserve markets, specifically aFRR and mFRR products in both upward and
downward directions. Existing forecasting approaches, based on traditional machine learning
models and extensive feature sets, are assessed and used as a baseline for further development.
To address issues related to overfitting and high-dimensional input data, a structured feature se-
lection methodology is applied.

Different forecasting models are implemented and compared, including gradient-boosted de-
cision trees (XGBoost) and transformer-based time series models (Chronos-2), the latter both in
zero-shot and fine-tuned configurations. The models are trained using a rolling time series vali-
dation approach to ensure robustness under changing market conditions. Performance is evalu-
ated using standard error metrics, and the results are benchmarked against a naive baseline
model based on historical price persistence. The predictive performance of each model is further
assessed in terms of its impact on the economic optimization of battery operation, with a focus
on revenue generation in a multi-market setting.

The results demonstrate that models based on machine learning can achieve meaningful im-
provements in forecasting accuracy compared to baseline methods, although the magnitude of
improvement varies across market products and time periods. In particular, the comparison be-
tween XGBoost and Chronos-2 highlights differences in model behavior when applied to noisy
and regime-dependent prices. The findings also indicate that even moderate improvements in
forecast accuracy can translate into measurable gains in economic performance when integrated
into an optimization framework.

Fine-tuned Chronos-2 model performed the best measured both by prediction errors and eco-
nomical returns. In the bidding simulation, the best model achieved 95.0 % of possible revenues.
In total, the BESS would have generated 195 561 € during the examined test period when allo-
cating 15 MW of capacity for every hour. It beat the baseline of naive prediction by 3.3 %. The
error metric MAE reached values between 0.35 and 1.63 €/ MW depending on the market.

Overall, this thesis contributes to the understanding of price forecasting in reserve markets
and provides practical insights into feature selection and domain-based analysis under realistic
market conditions. The results support the role of advanced machine learning methods as a key
enabler for efficient utilization of battery energy storage in multi-market optimization.

Keywords: multi-market optimization, machine learning, time series forecasting, price
prediction, electricity markets, reserve markets, energy storage, Chronos-2

The originality of this thesis has been checked using the Turnitin Originality Check service.



TIVISTELMA

Taneli Liedes: Reservimarkkinoiden hintaennusteiden hyddyntaminen energiavaraston
multimarkkinaoptimoinnissa

Diplomityo

Tampereen yliopisto

Tietotekniikan DI-ohjelma

Kesékuu 2026

Siirtyma kohti hiilineutraalia energiajarjestelmaa muuttaa sdhkémarkkinoiden toimintaa mer-
kittavasti, lisaten seka vaihtelevan uusiutuvan tuotannon osuutta etta jarjestelman joustotarvetta.
Suomessa tuulivoiman nopea kasvu seka useiden sektoreiden sahkdistyminen lisaavat sahkon
kysyntaa samalla, kun tuotannon vaihtelu ja epavarmuus kasvavat. Naiden muutosten seurauk-
sena reservimarkkinoiden merkitys korostuu, silla joustavat resurssit, kuten akkuenergiavarastot
(BESS), ovat keskeisessa roolissa sahkojarjestelman tasapainon yllapitamisessa. Tehokas osal-
listuminen naille markkinoille edellyttaa tarkkoja lyhyen aikavalin hintaennusteita, joiden avulla
rajallinen kapasiteetti voidaan kohdentaa optimaalisesti eri markkinatuotteiden valilla.

Tassa diplomitydssa tarkastellaan reservimarkkinoiden hintaennustemallien kehittamista ja
niiden hyddyntamistd akkuvarastojen monimarkkinaoptimoinnissa. Tutkimus keskittyy Suomen
reservimarkkinoihin, erityisesti aFRR- ja mFRR-tuotteisiin. LaAhtékohtana kaytetdan olemassa ole-
via koneoppimismalleja ja laajoja piirrejoukkoja, jotka toimivat vertailupohjana jatkokehitykselle.
Ylimitoitetun piirreavaruuden ja ylisovittamisen hallitsemiseksi sovelletaan systemaattista piirtei-
den valintamenetelma3, joka yhdistaa asiantuntijatiedon, redundanssin poistamisen seka malli-
pohjaisen tarkeysarvioinnin.

Tydssa toteutetaan ja vertaillaan eri ennustusmalleja, mukaan lukien gradient boosting -poh-
jainen XGBoost seka transformer-pohjainen Chronos-2 -malli seka nollapiste- ettd hienosaade-
tyssd muodossa. Mallien koulutus toteutetaan rullaavan aikaikkunan mukaisella validoinnilla,
mika varmistaa tulosten robustiuden muuttuvissa markkinaolosuhteissa. Ennustustarkkuutta ar-
vioidaan yleisilla mittareilla, kuten keskivirhe, ja tuloksia verrataan yksinkertaiseen naiiviin ennus-
teeseen, joka perustuu edellisen paivan hintaan. Mallien suorituskykya tarkastellaan liséksi talou-
dellisesta nakdkulmasta arvioimalla niiden vaikutusta energiavaraston optimointiin ja tuottopoten-
tiaaliin multimarkkina-ymparistdssa.

Tulokset osoittavat, ettd koneoppimispohjaisilla menetelmilld voidaan saavuttaa parannuksia
ennustetarkkuudessa verrattuna yksinkertaisiin vertailumalleihin, vaikka parannusten suuruus
vaihtelee markkinatuotteiden ja ajanjaksojen valilla. XGBoostin ja Chronos-2 -mallien vertailu tuo
esiin eroja mallien kayttaytymisessa erityisesti kohinaisissa ja ajallisesti vaihtelevissa hintasar-
joissa. Tulokset viittaavat my0s siihen, etta jo maltilliset parannukset ennustetarkkuudessa voivat
johtaa mitattaviin taloudellisiin hyétyihin optimoidussa kaytdssa.

Hienosaadetty Chronos-2 -malli suoriutui parhaiten seka ennustetarkkuudella etta taloudelli-
sella tuotolla mitattuna. Tarjoussimulaatiossa paras malli saavutti 95,0 % mahdollisista tuotoista.
Tarkastelujakson aikana akkuenergiavarasto olisi tuottanut yhteensa 195 561 €, kun kapasiteettia
allokoitiin 15 MW jokaiselle tunnille. Malli ylitti yksinkertaisen naiiviin ennusteeseen perustuvan
vertailumallin 3,3 %:lla. Ennustevirhettd kuvaava MAE saavutti arvot 0,35-1,63 €/ MW markki-
nasta riippuen.

Kokonaisuudessaan tdma diplomity6 lisdad ymmarrysta reservimarkkinoiden hintojen ennusta-
misesta seka tarjoaa kaytanndnlaheisia ndkdkulmia ennustavien muuttujien valintaan ja toimiala-
pohjaiseen analyysiin realistisissa markkinaolosuhteissa. Tulokset korostavat edistyneiden kone-
oppimismenetelmien merkitysta keskeisena mahdollistajana akkuenergiavarastojen tehokkaassa
hyddyntamisessa multimarkkinaoptimoinnissa.

Avainsanat: Multimarkkinaoptimointi, koneoppiminen, aikasarjaennustaminen, hintaennuste
sahkodmarkkinat, sdhkodn reservimarkkinat, energiavarastot, Chronos-2
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1. INTRODUCTION

1.1 Background

The global energy sector has reached a critical turning point where moving away from
fossil fuels is a necessity, not a choice. To successfully limit global warming to 1.5 °C, a
total transformation of our energy system is required which is dominated by renewable
electricity, particularly solar and wind power [1]. A crucible part of this huge transfor-
mation is flexibility, as renewable energy production depends heavily on weather condi-

tions.

Battery Energy Storage Systems (BESS) have become a critical component of the mod-
ern power system. The rapid increase in renewable energy sources and the ongoing
energy transition have permanently reshaped electricity systems worldwide. While re-
newable generation is essential from an environmental perspective, its inherent variabil-
ity has introduced increased volatility into electricity markets, posing new challenges for
system stability. Batteries play a key role in addressing these challenges by providing

fast and flexible balancing capability to the power system.

Reserve markets represent the Transmission System Operators’ (TSO) primary mecha-
nism for incentivizing market participants to support system balancing and ensure relia-
ble system operation. At the same time, the emergence of battery assets capable of
participating in multiple electricity markets has created new opportunities for value crea-
tion. Multi-market optimization refers to the dynamic allocation of an asset’s energy and
capacity across different markets, selecting at each moment the market that offers the
highest economic return. According to the principles of efficient markets, such behavior
contributes to improved price formation by ensuring that flexibility is utilized where it is

the most valuable.

Although renewable energy is necessary for a sustainable energy future, the price vari-
ability associated with it is an unavoidable consequence. Efficient markets should be
capable of identifying and exploiting these price fluctuations, and with appropriate market
mechanisms and service providers, the resulting benefits can ultimately be passed on to
end consumers. Furthermore, the significant decline in battery costs in recent years has
accelerated the deployment of battery energy storage systems in the Nordic electricity

markets, making them an increasingly important asset class in the markets.



One of the reasons for the growth in renewable energy investments in Finland, along
green transition, is the suspending of electricity imports from Russia in May 2022 [2] due
to Russia’s invasion of Ukraine. Finland has limited capacity of cross-border transmis-
sion cables, and the best option for replacing Russian cheap electricity was onshore wind
power, as it is one of the cheapest forms of production, and it is fast to build, if the per-
mitting process has been cleared already. Finnish wind power capacity has increased
from approximately 3 GW to 9 GW since the end of 2021 to end of 2026. By visions on
2035, wind power capacity is projected to increase substantially if forecast on demand
growth due to data center investments and popularity of using electric boilers in district
heating plants becomes true. Sector coupling, which means the electrification of heating,
transport and industry, also drives increase in consumption. These trends could poten-
tially result in a system where Finnish annual electricity production doubles compared to

current levels [3].

This thesis was conducted in collaboration with and commissioned by lImatar Energy,
which is a leading Independent Power Producer (IPP) and renewable energy developer
in the Nordics. With 658 MW of wind power production capacity, limatar holds largest
share of cumulative onshore wind capacity by a single owner in Finland. The project
portfolio exceeds 8000 MW including also BESS and solar power projects. Unlike tradi-
tional energy companies, limatar is involved at every stage of the renewable energy pro-
cess which includes identifying, developing, financing, constructing and operating the

sites.

1.2 Objective of this thesis

The thesis aims to improve price forecasting models for electricity reserve markets. II-
matar Energy currently maintains reserve market price forecasts, however, this study
seeks to enhance these existing models both through the inclusion of improved input
variables and by refining the underlying model structures. The allocation of energy
across markets is not a primary focus of this research, a predefined allocation logic is

applied, which is described later in the thesis.

Accurate forecasting of reserve market prices is a key determinant of battery profitability,
as improved forecasts enable more informed participation decisions and higher expected
returns. This study focuses exclusively on reserve capacity markets and does not ad-
dress energy prices in the reserve markets. Throughout the analysis, the battery asset

is assumed to act as a price taker rather than a price maker.

The research questions that are targeted to be answered in this thesis are:



Which machine learning model and what features and parameters are the best for pre-
dicting Finnish mFRR-up, mFRR-down, aFRR-up and aFRR-down capacity prices for
the next day?

How much profit a BESS can generate in a determined period participating only in Finn-

ish reserve capacity markets?

The structure of this thesis is as follows. Chapter 2 focuses on electricity markets and
Finnish reserve markets. Time series prediction and machine learning background is the
perspective of Chapter 3, with a short literature review. Chapter 4 goes through the da-
taset used and the feature engineering with overall research implementation. Chapter 5

reviews both statistical and economic results and Chapter 6 concludes this thesis.



2. ELECTRICITY MARKETS IN FINLAND

This chapter concludes the history and development of the electricity wholesale markets
and Finnish reserve markets. Different products are introduced and the role opportunities

and challenges of BESSs are discussed.

2.1 Day-ahead market

The Finnish electricity market was gradually opened to competition with the Electricity
Market Act that came into force in 1995. At that time, the production and sale of electricity
were separated from the transmission and distribution of electricity, where business is
based on a license. Since 1998, households have also been able to put their electricity
suppliers out to competition. The idea was that increased competition would lead to free-
dom of choice for consumers and thus lower electricity prices. Electricity transmission
and distribution cannot be put out to competition, as the construction of several parallel

electricity networks was not considered to benefit consumers [4].

Finland, Sweden, Norway, and Denmark have had a common electricity market since
the 1990s. Baltic countries Estonia, Latvia and Lithuania joined the Nord Pool between
years 2010 and 2013 [5]. Nord Pool electricity exchange is a place where electricity pro-
ducers offer their own production for sale and electricity sellers make their purchase of-
fers. The electricity exchange operates on the same principle as other commodity ex-
changes, i.e. the price of the traded commaodity is determined purely by supply and de-

mand.

The Day-Ahead (DA) price, often referred to as Spot price, follows marginal pricing. Price
formation in surplus and deficit area is represented in Figure 1. The Nordic Spot market
has faced two structural transformations in the last years, as the market shifted in Octo-
ber 2024 from Net Transfer Capacity (NTC) model to Flow-Based Market Coupling
(FBMC). Central and Western Europe’s markets had used this method already since
2015 [7]. The next transformation was implemented a year later, on the 15 of October
2025, as the Market Time Unit (MTU) was changed from hour to 15-minute unit in the
whole of Europe. These changes have reformed the market to fit better for growing share
of renewable energy production and need for grid balancing and flexibility. The Spot
market prices became more difficult to forecast at times due to the introduction of FBMC,
where non-intuitive flow, which means electricity flowing from more expensive price area

to a cheaper one, is a usual phenomenon.



Surplus area/low price . Deficit area/high price

Pcap=0

PL

PH

Peap=0f--------------_

. *MW
Turnover including export Turnover including import

PL and PH —* Prices in each area when full utilization of trading capacity
PCap=0 —* Prices in each area when no transition capacity aveilable

Figure 1. Spot price formation logic represented in surplus and deficit area respec-
tively. Retrieved from Nord Pool [6].

2.2 Intraday market

The Intraday market is being used to correct variations in consumption and production
compared to the settled Spot market results. As consumers’ consumption behavior is
impossible to predict perfectly, as well as renewable power production, the market needs
a mechanism to balance these errors continuously by selling and buying electricity with
other market operators. TSOs encourage market participants to as good imbalance man-

agement as possible, and the best way to implement that is trading in intraday market.

Intraday trading’s Gate Closure Time (GCT) is until the last second before each MTU
between parties in the same price area. For Finnish cross-border trades with the Baltic
countries, GCT is 30 minutes, and for other interconnectors, it is 60 minutes before the
start of MTU. However, there is usually lower liquidity in the market within local delivery

area compared to cross-border trades.

For example, if Finnish price area has surplus from unexpected wind power production,
and SE3 price area has deficit at the same time, the most efficient way to balance both
areas is to trade between them, not activating down-regulation by TSOs in Finland and
up-regulation in SE3. In intraday market, there are own products for each 15-minute pe-
riod, and for each hour. Unlike other markets considered in this thesis, the intraday mar-
ket operates primarily as a continuous trading market rather than an auction-based
mechanism, similar to stock markets. However, alongside this continuous trading, the

intraday market has evolved to include three scheduled intraday auctions per day.



2.3 Imbalance settlement

In the Nordic power system, imbalance settlement is provided by eSett, which is owned
by the Nordic TSOs Energinet (Denmark), Fingrid (Finland), Statnett (Norway) and Sven-
ska kraftnat (Sweden) [8]. As stated previously, production and consumption must al-
ways meet in the system. Balance Responsible Parties (BRP) try to plan their operations
to maintain balance, but there’s always some deviation that causes imbalance. eSett
makes sure that each market participant is invoiced correctly. If a party uses more elec-
tricity than planned, it will buy the imbalance power from eSett, and if a party products

more than planned it will sell it to eSett.

Imbalance power has its own price, which is commonly referred to the imbalance price.
It is determined by balancing energy prices, which should reflect the market situation.
Until November 2021, the Nordic TSOs used two-price imbalance model, but after that,
the TSOs shifted to single-price model. In a single-price model, all imbalances are settled
at the same imbalance price regardless of whether the BRP has deficit or surplus,
whereas in a two-price model, positive and negative imbalances are settled at different
prices, creating stronger incentives to balance accurately. It is more encouraging for
BRPs to balance their production or consumption according to the market situation.
TSOs also benefit from this model, as it should lower the costs of reserve procurements
if the BRPs balance their use more accurately. In a commercial electricity market, imbal-

ance settlement is inevitable, to secure the economic balance between the parties.

2.4 Reserve markets

In the electricity system, production and consumption must remain continuously bal-
anced to maintain system frequency and prevent equipment damage or widespread out-
ages. While market participants aim to match production and consumption through for-
ward trading, real-time deviations inevitably occur due to forecast errors, variable renew-
able generation, and unexpected outages. These imbalances are partly corrected using
power system reserves, which TSOs, e.g. Fingrid in Finland, procures through market-
based mechanisms. Reserve markets, also called as ancillary markets, enable compa-
nies with flexible generation, controllable loads, or energy storage to provide balancing
services without restricting their participation in wholesale electricity markets [9]. Differ-
ent reserve products address varying response times, from fast-acting reserves that sta-

bilize frequency within seconds to slower reserves that maintain balance over longer



periods. As the clean energy transition increases variability and reduces system inertia,
the need for reserve capacity is growing, creating additional revenue opportunities for
flexibility providers. A capacity mechanism is used in some of the Finnish reserve market
products. It means that TSOs guarantee that they have enough bids for energy activa-
tions for each period and for this, a separate capacity compensation is paid for BSP. A
completed reserve transaction is binding. If the capacity sold is not maintained, the re-
serve supplier will be sanctioned. No revenue from the sale of capacity will be received
and in addition a sanction of three times the sales price must be paid [10]. Daily market
timeline is showed in Figure 2. Prices for all the Finnish reserve products as well as

procurement volumes during the last three years are plotted in Figure 3 and Figure 4.
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Figure 2. Schedule for daily market process in Finnish electricity markets. Times are
represented in EET/EEST.

241 aFRR

Automatic Frequency Restoration Reserve (aFRR) -market was founded due to the
changes in hourly production plans caused challenges in frequency management for
TSOs. In the beginning there was procurement only for hours that were typically chal-
lenging for frequency maintenance for Nordic TSOs. Hours 4.00-8.00 (CET) for instance,
where consumption increases and hours 16.00-21.00 (CET), where consumption vari-
ates, were targeted in early 2018 [11]. This was before renewable energy dominated the
energy production in the Nordics, energy production was easily predictable except occa-
sional unplanned power plant outages. Over the years, the procurement has been
started for every hour through the day, as the imbalance errors don’t depend so heavily
on the time of day anymore, as renewable energy has increased its share in power pro-
duction. In summer 2024 the aFRR energy market was introduced for providing the mar-

ket operators a way to price the energy used in the activations. In the same reform, aFRR



energy price effect was also added as one defining component to Finnish imbalance

price.

aFRR is designed to maintain the power balance between electricity production and
consumption and restore system frequency to its nominal value of 50.0 Hz [12]. Unlike
manual reserves, aFRR is automatically activated based on frequency deviations within
the Nordic synchronous area. Activation occurs through a power change signal sent by
the transmission system operator (TSO), ensuring a rapid response to imbalances. The
minimum bid size for participation is 1 MW, and full activation must occur within five
minutes, making aFRR suitable for resources capable of fast and precise regulation.
Finland, as part of the Nordic frequency area, contributes to the shared responsibility for

maintaining aFRR capacity, with Fingrid procuring its proportional share.

The aFRR market operates through both capacity and energy components. Reserve
providers submit bids to the hourly Nordic capacity market for upward and downward
regulation, receiving capacity payments determined by marginal pricing based on the
highest accepted bid. Activation of aFRR energy is managed via signals allocated to
Fingrid by the Nordic aFRR controller and settled through the aFRR energy market.
Compensation for activated energy follows the marginal price principle for each market
time unit, and settlements are processed with the balance responsible party of the unit.
The dual-market structure ensures that sufficient capacity is available while enabling ef-
ficient real-time balancing. aFRR is a critical tool for system stability as renewable energy

production increases its share in the grid.

24.2 mFRR

Manual Frequency Restoration Reserve (mFRR) is a key balancing product in the Nordic
electricity system, jointly maintained by Fingrid and other Nordic TSOs [13]. The mFRR
energy market enables reserve suppliers to submit bids for assets under their control,
which TSOs activate to correct forecasted or detected imbalances and maintain system
security under normal conditions and disturbances. Activation is manual and must be
executed within 12,5 minutes, making mFRR suitable for flexible resources such as en-
ergy storage, demand-side assets, and generation units. Compensation in the energy
market depends on the direction of regulation: Fingrid pays suppliers for up-regulation

energy, while suppliers pay Fingrid for down-regulation energy.

To ensure sufficient balancing capability, Fingrid also operates an mFRR capacity mar-
ket. In this market, reserve suppliers commit to maintaining a certain amount of capacity
and to submitting corresponding energy offers in the mFRR energy market. Accepted

capacity offers receive a separate capacity payment, providing an incentive for suppliers



to guarantee availability. For energy storage operators, participation in mFRR market
offers opportunities for revenue through both capacity commitments and energy activa-

tions.

Pricing in the mFRR energy market is determined by the bids activated for each 15-
minute period. Separate prices are calculated for up-regulation and down-regulation. The
up-regulation price corresponds to the most expensive upward bid activated in a bottle-
neck-free area, and all activated up-regulation offers are compensated at this price. Con-
versely, the down-regulation price is based on the cheapest downward bid used, and
suppliers pay Fingrid according to this price for activated down-regulation energy. In
cases of special regulation, which means activation for purposes other than balancing,
pay-as-bid principle applies. These energy prices also form the basis for imbalance en-
ergy pricing. Capacity compensation in the mFRR capacity market follows a marginal
pricing model, where the most expensive accepted capacity offer sets the price. The
capacity market operates still in 60-minute MTU. Price data for energy market is pub-
lished primarily on Nord Pool, ENTSO-E’s transparency platform, and Fingrid’s open

data service, typically within 30 minutes after the market period [14].

Unlike other Fingrid’s reserve markets, mFRR market participations doesn’t require any
tests that include TSOs confirmation to be accepted into the market. That is one of the
reasons it has the most bids in volume of all the markets. Another reason is that there is
no need for special automation or technology to execute the energy activations, because
no signals are needed for transmitting the activation to the asset, it can be done manu-

ally.

In March 2025, the market time unit (MTU) for mFRR energy market shifted from 60-
minute to 15-minute period. In the same reform, the activations by TSOs changed to be
decided by algorithm, rather than TSOs control room. The activation algorithm is based
on imbalance forecasts for each independent price area. This error is called Area Control
Error (ACE) by Nordic TSOs. However, the mFRR energy prices can still be coupled
through transmission connectors between price areas if there’s no bottleneck. This
change has improved Nordic frequency drastically [15] but it has also increased the vol-
umes of MFRR energy activations. One big affectation of the introduction of the new
algorithm is that for Finnish price area, there is no more periods without mFRR activation,
which means that imbalance price is almost never the same as Spot price anymore, it's
always lower or higher [16]. This transformation has increased the imbalance price vol-

atility and thus market participants’ imbalance price risks.
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243 FCR

Frequency Containment Reserves (FCR) are automatically activated reserves designed
to stabilize system frequency in real time. They operate against imbalances between
electricity production and consumption. FCR is divided into two main products: FCR-N
(Normal Operation) and FCR-D (Disturbances). FCR-N aims to maintain frequency
within the normal range of 49.9-50.1 Hz and requires symmetrical capability for both
upward and downward regulation. FCR-D is activated during larger deviations and seeks
to keep frequency between 49.5-50.5 Hz. FCR-D is split into separate upward and down-
ward products, allowing targeted response to disturbances. Activation is fully automatic,

based on frequency measurements.

Fingrid procures FCR reserves through national annual and hourly markets, comple-
mented by Nordic cooperation [17]. Both markets share the same technical requirements
but differ in procurement and pricing mechanisms. The annual market secures capacity
for an entire year, with prices fixed based on the highest accepted bid during the tender
process. In contrast, the hourly market operates on a daily basis, allowing Balancing
Service Providers (BSPs) to submit bids for the following day by 18:30 EET/EEST, with
prices determined hourly according to marginal pricing. This provides flexibility for par-
ticipants while ensuring sufficient reserve capacity to maintain system stability. For
BSPs, participation in FCR markets offers predictable revenue streams in the annual

market and dynamic opportunities in the hourly market.
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Figure 3. Finnish reserve capacity market hourly prices plotted with 30-day rolling
average in years 2023-2025.
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244 FFR

Fast Frequency Reserve (FFR) was introduced in the Nordic power system in May 2020
to address challenges associated with low-inertia conditions. Inertia, provided by the ki-
netic energy of rotating masses in synchronous generators, resists changes in system
frequency. As renewable generation displaces conventional units, system inertia de-
creases, increasing the risk of rapid frequency drops following disturbances. FFR pro-
vides an ultra-fast response to mitigate these risks, ensuring that the loss of a major
generation unit or cross-border transmission link does not cause frequency to fall below
49.0 Hz. Activation is fully autonomous, based on local frequency measurements, and
does not rely on an external signal from Fingrid. Reserve units must meet strict technical

requirements and pass prequalification tests before participating in the market.

Fingrid procures FFR through a national hourly capacity market, with procurement vol-
umes varying between 0—60 MW depending on system inertia and the size of the refer-
ence incident [18]. The need for FFR is concentrated in low-inertia periods, typically dur-
ing spring, summer, and autumn. Bids for the following day’s hours are submitted the
previous evening, and capacity prices are determined on a marginal basis according to
the most expensive accepted bid. To enhance flexibility, BSPs may submit combination
bids for FFR and other reserve products such as FCR-N or FCR-D Up, provided they

meet the technical and contractual requirements for both. FFR ensures rapid frequency
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containment capability during critical operating conditions, supporting system stability in

an evolving energy landscape dominated by variable renewable generation.

2.5 Battery energy storages in reserve markets

This chapter focuses on the role and importance of battery energy storages in electricity

wholesale and reserve markets.

BESSs have many opportunities and challenges in reserve markets. The main opportu-
nities include current market situation, as the demand for reserves in the grid is increas-
ing more rapidly than ever, and the market often has a shortage of supply of flexible
assets. Battery storage is the best asset that is suitable for providing reserve capacity
for TSOs, because they are quick and they can operate flexibly both upregulation and
downregulation. Because Fingrid has so many different reserve markets, batteries can
be optimized in multi-market environment, which can increase profits of the operator. As
the technology in battery production has developed, it has enabled the manufacturing of
larger battery units, and longer durability. BESS can also be used to improve BRPs im-
balance management as part of a renewable hybrid power plant, which often consists of
a wind turbine plant and BESS. The investment can be more profitable if smaller trans-
former is built, as the BESS can use the surplus of renewable power production for
charging itself. The day-ahead price is usually low when renewable production is high,

due to the marginal cost being lower. [19]

The biggest challenge of BESS, participating in the reserve markets is the duration of
the activations. Unlike traditional forms of production, which implement the reserve mar-
ket activations be increasing or decreasing production, batteries charge or discharge
energy from the grid. As batteries still have relatively small capacities, activation can fill
or drain the charge, depending on the direction, while the activation is still ongoing. To
facilitate the participation of BESS, Nordic TSOs have implemented different require-
ments for Limited Energy Reservoirs (LER). However, BESSs with significantly larger
capacities have been recently invested to [20] which makes them more suitable for es-

pecially mFRR market.

One challenge would also be the uncertainty of the development of reserve market prices
in the future, as most of the markets have been implemented over the last five years. We
can already see the strong decline in all the Finnish reserve market prices shown in
Figure 6. The decline is probably caused partly due to the rapid increase in BESS ca-
pacity operating in these markets, which can be seen in Figure 5. Supply and demand

determine the prices the same way as in other markets in every industry.
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Figure 5. aFRR market capacity that has been approved by Fingrid’s official qualifi-
cation tests. Pink color represents all the capacity approved and red represents the share
of energy storages. Retrieved from [15].

The batteries also have cycle usage restrictions which can limit charge management and
therefore the possibilities to optimize multi-market environment perfectly. Usually, cycle
(full discharge-charge) usage restrictions in Lithium-lon batteries are 1-3 cycles a day
[21]. The lifetime of BESS change depending on the type of technology, but for Li-lon
batteries, which is the most common and the cheapest technology for grid-scale appli-
cations, the lifetime is 15-20 years [21]. Also, the development of the optimization algo-
rithms and the operation systems that enable the participation in the reserve markets in
the first place, are difficult to build and require special knowledge in the field. Participating
in a single market is relatively simple, but when SoC-management, different technical
requirements, real-time information exchange with TSO and multi-market-optimization

should all be considered, the task changes to a more complex one.

BESS economic feasibility has been researched recently. Different types of medium-
term energy storage feasibility in Finnish price area was studied [22], and concluded that
none of the technologies were profitable in day-ahead arbitrage, however all of them
were profitable in intraday arbitrage trading. Reserve markets were not included in this

research.

One study focused on profitability of industrial-size batteries in Finnish electricity markets
[23]. The same conclusion was made, that using only arbitrage with one cycle a day, the
battery was not profitable. In this study, reserve markets were considered, and partici-
pating in FCR-N markets made the investment highly profitable during 10-year span,
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however prices from year 2022 were used, and this result cannot be expected to be

applied with recent price levels.

While energy storage systems possess the potential to stabilize DA markets, two distinct
challenges are present: the complexity of accurately forecasting optimal charging and
discharging intervals, and the economic cannibalization effect that naturally destroys
their price-arbitrage profitability. To address these challenges, a new order type called
storage order is proposed [38]. It is a DA market order type that delegates the optimiza-
tion of storage dispatch directly to the market-clearing algorithm EUPHEMIA. In addition,
an accompanying benefit compensation mechanism is introduced designed to counter-
act revenue cannibalization. These two major improvements would make DA market
participation more attractive for energy storage assets. This order type is under public

consultation in June 2026 and is expected to go-live in Q4 2027 [39].
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Figure 6. 30-day rolling hourly average Finnish reserve market prices plotted in 2023-
2026. Best price for each hour and volume weighted price plots added for context.



15

3. MACHINE LEARNING IN PRICE FORECAST-
ING

The goal of this chapter is to present the background for ML-based price forecasting.

3.1 Machine learning in electricity markets

Electricity price forecasting has traditionally relied on statistical time-series models, but
structural changes in power systems such as rising shares of weather dependent pro-
duction, demand electrification, and increasing cross-border interconnections, have am-
plified nonlinearity, regime shifts, and extreme price events. These characteristics chal-
lenge purely linear or stationary assumptions and motivate the use of machine learning
(ML) methods that can capture complex interactions among market fundamentals,
weather, and operational constraints [24], [25]. In reserve markets specifically, prices
reflect not only expected energy imbalances but also system security requirements, scar-
city of fast-acting flexibility, and evolving technical constraints, which strengthens the

case for flexible, feature-rich forecasting approaches.

Within this context, machine learning offers several advantages. First, tree-based en-
sembles and boosted models can learn nonlinear relationships and higher-order interac-
tions without explicit specification, reduce sensitivity to outliers, and accommodate
mixed-type explanatory variables [26], [27]. Second, ML frameworks integrate heteroge-
neous data sources such as meteorological forecasts, calendar effects, market indica-
tors, outages, and transmission constraints. They enable richer explanatory feature sets
than in typical classical univariate models. Third, with careful validation and regulariza-
tion, ML methods can generalize well under changing market conditions and support

frequent re-training cycles that are common in operational trading environments [25].

3.2 Price prediction

In electricity markets, price prediction is one of the most important aspects of successful
asset optimization. Every company that operates in the energy market, does price pre-
diction in their own functions, or uses third-party forecasts in their optimization. As there
are so many different markets in the energy sector, multiple different structures are used
in price prediction models. One cannot predict long-term electricity prices for many years

ahead with the same principles as the next day’s Spot prices or ancillary market prices.
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Predicting Spot price could be seen as easier task compared to ancillary market prices,
as the market has so large volume, and it is considered as the main electricity wholesale
market. However, for a company with only renewable and BESS assets, the value of
accurate Spot price prediction isn’t so crucible compared to hydro power producers. The
added value becomes more from the relation of imbalance and Spot price, as renewable
energy can’t be optimized with the same principles as hydro, and other flexible produc-

tion, because it is dependent on instant weather conditions.

Even though the energy transition has changed the Spot market behavior drastically, the
price can still be predicted good enough using residual load and Nordic hydro balance.
Residual load means the remaining electricity demand that must be met by flexible gen-
eration after subtracting production from variable renewables like wind and solar power.
The Spot market also offers more transparency with all the demand and supply offers
can be seen publicly, including both volume and price. However, in ancillary markets, it
is more challenging to make such price prediction as the transparency is worse and the
volumes and prices don’t follow as clear patterns as in Spot market. One could simplify
that the Spot market can be predicted with linear models, while ancillary markets cannot.
In line with the classical definition of a mathematical function, a given input uniquely
determines the output. In Spot market, the input consists of residual load combined with
transmission line capacities, and the output is the resulting price. The reason for ancillary
markets not following this principle always could be partly due to small market sizes by

volume, and different bidding logics by the participants.

This leads us to the hypothesis that for predicting reserve market prices, machine learn-
ing models would perform better than linear models, as there are so many variables
which behave differently in relation to each other in different hours. We can see in Figure
7 hourly bid volumes in mFRR-down market for 2025, where each month’s points and
trendlines have their own color. The wind power forecast plotted in the x-axis of figure is
made before Spot market close between 11.00 and 12.00 EET/EEST on each day, which
should represent accurately enough the forecast that has been available at closing time
of mMFRR capacity market. Towards the end of the year, the bid volume has increased
both rationally to wind power forecast (trendline gets steeper) and absolutely, as the
volume is higher also when wind power forecast is low. These kinds of anomalies make
ancillary market price forecasting extremely challenging. The reason for this is unknown
but especially the low bid volumes in March, can be related to both mFRR energy market
and imbalance settlement transition to 15-minute MTU. Market participants operating
wind power assets have most probably started bidding it more to mFRR down market
due to high prices in the first half of 2025.
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Figure 7. mFRR capacity down market hourly bid volumes plotted against wind power
forecast made before DA-market closing. Every hour is one scatter point; regression line
fitted separately for each month.

3.3 Time series analysis

Time series analysis could be stated as a subfield of artificial intelligence. In today’s world
the amount of data in time series format is constantly growing, and especially finance
and different kinds of sensor data are in the key position of developing machine learning
models that are targeting to generate profit. Time series analysis includes some methods
that can’t be applied in different subfields of machine learning and some methods that
are efficient elsewhere, don’t apply with time series data. One of these is using cross-
validation [28] in training the ML models. If cross-validation was used with time-series
data, it would sneak future information to training, which would result in unnaturally good

results compared to production environment, where future data isn’t obviously available.

Time series data often has patterns related to the day cycle, or longer seasonality. Al-
most all datasets have seasonal anomalies, either long or short. In energy market data
such would be hydro reservoir filling level as a yearly pattern, or solar power production
and consumption as a daily pattern. Long Short-Term Memory (LSTM) network, which
is one type of Recurrent Neural Network (RNN), has been studied to fit especially well
for time series-based data models [29]. The strength of LSTM predicting time series data
better becomes from the structure that mimics memorizing prior patterns in data better
compared to other neural networks. However, Gradient-Boosted Decision Trees (GBDT)
also can be used for predicting based on time series data [24] [27] [30]. Using GBDT
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with time series data, one needs to specifically provide monthly or daily averages, lagged
values and other statistics as a feature, since GBDT models treat every input vector as
an independent sample and don’t understand time-dependent sequences. Even though
LSTM networks process the data as a sequence, it is recommended to manually engi-
neer features such as rolling means and lagged values to learn more efficiently from time

series data.

3.4 Reserve market price forecasting

There has been very little research on Nordic ancillary market price prediction, especially
after the introduction of new markets due to energy transition. One observation on the
previous work on the topic is that mFRR capacity prices are usually left out of scope
when researching BESS profitability in multi-market optimization. The reason behind this
is unknown, but it could relate to small energy capacity of batteries, which haven’t been
able to participate in mFRR markets before transitioning to 15-minute MTU in March
2025. Executing activations for one hour were considered too challenging for batteries
with small capacity. However, the transition to shorter timespan in mFRR energy market
should make participating easier for BESS, but some BSPs might still avoid it due to the

capacity market still operating in hourly MTU.

Only a few master’s theses have been made on the Nordic ancillary market price predic-
tion with BESS perspective. Many of these studies focus on FCR market predictions or
MFRR energy price prediction. Swedish FCR-D down price prediction was studied with
2023 data using CatBoost model [31]. The conclusion was that CatBoost model beat the
naive persistence assumption measured by prediction errors. The training features

mostly included only lagged FCR prices and consumption.

Another Swedish study focused on mFRR energy and demand predicting [32]. The study
demonstrated that data-driven machine learning models can be applied to price forecast-
ing in ancillary service markets, with recurrent neural network architectures such as
Bi-GRU achieving the best predictive performance among the tested methods. However,
the results also highlight limitations in forecasting accuracy and the difficulty of modeling
highly volatile components such as mFRR volumes, indicating challenges in applying

these models reliably in operational bidding contexts.

The most complete study on predicting ancillary market capacity prices in the Nordic
markets with BESS focus showed significant results using data-driven approach on price
prediction and optimization [33]. In the study, multiple different models were compared,

all the Finnish capacity markets were included except for mFRR, and bidding strategy
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with SoC-aware bidding was implemented. The developed models outperformed naive
models in both accuracy and simulated profit accumulation with decent margin. GBDT
models, specifically XGBoost, was the best performing model in four of the six markets
examined. Complex models also performed better than simple models, which included
Support Vector Regression (SVR) and Seasonal Autoregressive Integrated Moving Av-
erage (SARIMA).

3.5 Chronos-2

The emergence of attention-based architecture has fundamentally transformed se-
quence modeling by enabling the learning of complex, long-range dependencies more
efficiently than traditional recurrent approaches, forming the foundation for modern time
series models [34]. Recent developments in time series forecasting have introduced the
concept of time series foundation models (TSFMs), which represent a shift from tradi-
tional model-specific approaches toward general-purpose, pretrained forecasting sys-
tems [35]. Unlike classical statistical models or task-specific machine learning models,
TSFMs are trained on large and diverse collections of time series data and can then be
applied across a wide range of forecasting problems without retraining. This paradigm is
analogous to large language models in natural language processing, where a single pre-
trained model can generalize across tasks through transfer learning and in-context ad-

aptation.

One of the key advantages of TSFMs is their ability to perform zero-shot forecasting,
meaning that they can generate predictions for previously unseen datasets without task-
specific training. This is particularly relevant in practical applications where labeled data
may be limited or where rapid deployment is required. In contrast, traditional machine
learning models such as gradient boosting or neural networks typically require careful
feature engineering, hyperparameter tuning, and retraining for each new dataset. TSFMs
eliminate much of this overhead by learning general temporal patterns during pretraining

and reusing this knowledge across domains.

Chronos-2, introduced by Amazon Science in October 2025, extends earlier TSFM ar-
chitectures by moving from purely univariate forecasting toward a universal forecasting
framework capable of handling multivariate and covariate-informed tasks [35]. Earlier
models in the Chronos family were limited to predicting a single time series at a time,
which restricted their applicability in real-world scenarios where multiple interacting var-
iables are present. Chronos-2 addresses this limitation by allowing joint modeling of mul-
tiple time series and by incorporating external explanatory variables, such as weather

conditions, market signals, or system states, directly into the forecasting process.
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A central methodological innovation in Chronos-2 is the use of in-context learning (ICL)
for time series forecasting. Instead of training a new model for each task, Chronos-2
interprets the input time series and any associated covariates as a context from which it
infers the underlying relationships. This enables the model to adapt dynamically to new
datasets and capture complex dependencies without explicit retraining. In multivariate
settings, the model can learn interactions between variables, while in covariate-informed
scenarios it can exploit both historical and known future inputs, such as scheduled events

or forecasts of exogenous drivers.

From an architectural perspective, Chronos-2 builds on transformer-based designs
adapted for time series data. The model processes time series in patches, similar to
tokenization in language models, and applies attention mechanisms both across time
and across groups of related series [35]. In particular, the introduction of group attention
enables the model to exchange information between multiple time series, allowing it to
capture co-movements and dependencies that are essential in domains such as energy

markets, where prices, demand, and ancillary services evolve jointly.

Another important aspect of Chronos-2 is its training methodology. Because real-world
multivariate datasets with rich covariates are limited, the model is pretrained using a
combination of real and synthetically generated time series data that simulate complex
dependencies between variables. This approach allows the model to generalize to a wide
range of forecasting settings, including those with limited historical data. The resulting
model demonstrates strong empirical performance, outperforming existing pretrained
forecasting models on multiple benchmark datasets, particularly in tasks involving co-

variates and multivariate dependencies.
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4. METHODS

This chapter includes methodology used in this research, details on data selection and
availability and the pipeline of feature engineering as well as model development phases

such as hyperparameter tuning.

4.1 Research implementation and baseline

The thesis focuses only on price prediction, and profit accumulation, while SoC aware-
bidding and optimal capacity allocation is cut out of scope. The reason for this is that
SoC-aware bidding logic was also already implemented in company’s software, so it did
not meet company needs. Also, the battery used in this case is 41 MWh for capacity,

and 30 MW for maximum power, and bidding allocation is only for 15 MW per hour.

The focus of this study is limited to the aFRR and mFRR capacity markets due to their
practical relevance and operational importance for the case under consideration. These
markets are cleared simultaneously prior to the day-ahead market, which enables a con-
sistent feature set to be used in the forecasting process. In contrast, other reserve prod-
ucts are settled after the day-ahead market, requiring a different information set and

complicating model design.

From an economic perspective, these markets offer relatively favorable energy compen-
sation levels, making them particularly attractive for participation. In this study, the con-
sidered BESS has an energy capacity of 41 MWh, which enables efficient participation

in these volume-intensive markets.

The baseline used in this thesis for comparison of performance of the models was yes-
terday’s price, which is a common baseline in time series forecasting. Forecasting win-
dow was 24 hours, as the target was to predict next day’s hourly prices. The data was
loaded from REST APIs to a local data frame. A Gradient Boosting model (XGBoost)
was developed, and feature engineering and hyperparameter optimization was imple-
mented for the model. After examining the results of the XGBoost model, a TSFM model
Chronos-2 was tested as zero-shot model, meaning the only input given for it was the
target price from year 2025. The results from each model and comparisons for the base-
line in prediction accuracy and profit gain are presented in more detail in the Results

chapter.

The programming of the models was implemented in Python, while making use of pack-

ages including xgboost, sklearn, pandas and matplotlib.



22

4.2 Data sources and statistics

The input data used in this thesis can be divided into groups in many different ways. One
option for division is the source of data. Most of the time-series used for predicting was
from Finnish TSO Fingrid’s open data platform. Some variables are generated by limatar
Energy’s in-house forecasts, which are obviously not publicly available. Many fundamen-
tal data variables were retrieved from Montel Energyquantified. The site retrieves the
data mostly from ENTSO-E API, which is the most comprehensive open database for
energy market data. Regulation insists that all the generation units report their actual
generation in five days for market transparency. The rest of the variables were calendar-

based, such as hour or month of given hour to be predicted.

aFRR Down aFRR Up

1250 1500 4
d
S 1000 A
[=]
N -
% 750 4 1000 |
E 500
E 500 -
Z 2504

01 ‘ 1 ‘ T . - 0+ . , . ‘ =
0 10 20 30 40 50 60 70 0 20 40 60 80 100
mFRR Capacity Down mFRR Capacity Up

20001 i 4000 |
&
>
g 1500 3000
‘s
g 10001 2000
e
£
2 500 1000 A

0 I|- T T T T AI:} 0 T T T T E=
0 20 40 60 80 100 0 20 40 60 80 100
Price (€/MW) Price (€/MW)

Figure 8. Histograms of hourly market prices in 2025. Prices over 100 €MW have
been allocated to the last bin below 100 €/ MW for better visualization.

In this thesis, references to aFRR and mFRR markets primarily refer to capacity markets
unless explicitly stated otherwise. This convention arises from the underlying data
sources, where historical databases label capacity market data without explicitly distin-
guishing it from energy markets. Since the aFRR energy market was introduced only in
June 2024, energy market data is treated separately and specifically indicated when

used.

All of the variables that are actual historical data were also derived as own features to
24-hour mean, 7-day mean and 28-day mean in addition to them being represented as

yesterday’s realized values. Also trends of 1-day versus 7-day and 1-day versus 28-day
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means were derived as features for enhancing market regime shift recognition to the
models. These features were included in the first set before feature selection pipeline
that is being explained later. All variables included in the process and their sources are
listed with more details in Table 1.

Table 1. All the variables included in the long list before feature engineering, and its
sources listed.

Data source Variable Type Area

Reserve market
Fingrid prices, procurement vol- actual Fl
umes and bid volumes

Reserve market procure-

Fingrid ment forecasts

forecast Fl
Hydro power produc- forecast Fl, SE1, SE2, SE3,

limatar Energy tion forecasts SE4

Nuclear power pro-

limatar Energy duction forecasts

forecast Fl, SE3

Fl, SE1, SE2, SE3,

limatar Energy Spot price forecasts forecast SE4, SYSTEM. EE

limatar Energy Wind power forecast forecast Fl

Hydro Inflow and Hy-
Energyquantified dro Reservoir Water Fill- actual FI, SE1, SE2, SE3
ing (weekly)

Hydro Reservoir Wa-
Energyquantified ter Filling and Hydro In- synthetic Fl, SE1, SE2, SE3
flow (daily)

hour, day of week,
calendar weekend or holiday flag, - -
month

Training data period for aFRR markets was selected to be full year of 2025. For mFRR
markets however, training data period is 1.4.-31.12.2026. The reason for mFRR market
training data selection being different than aFRR is justified by the recent market rework
in mMFRR. Values before transition to 15-min EAM market cannot be included in training
data, as the duration of activation has decreased from one hour to 15 minutes. Because
the activations are shorter, for example CHP and nuclear power plants cannot participate
in the market as easily anymore. The power increase or decrease is so slow, that it is

not profitable to implement 15-minute up- or down regulations.

In Figure 8, histograms of market prices in 2025 are plotted. From this visualization, we

can observe that the prices are right-skewed, with highest peaks of occurrences are
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around 10 €/ MW in aFRR markets. In mFRR markets however, the highest peak is
around 2-3 €/ MW.

MFRR and aFRR capacity markets will eventually shift to 15-minute MTU, as the Spot
market and mFRR EAM already follow the shorter period. The model should be made
somehow flexible to that large market reform, but for now the model is developed to
predict hourly prices for the next day. In the future, the mFRR capacity, aFRR capacity
and Spot market will change to be optimized in the same algorithm so that the transmis-
sion lines will be optimized in a more efficient way to support each of these markets
benefits in the grid [15]. Currently, the hourly volume available for capacity market’s
cross-border trades is not public information. Fingrid has only stated the maximum vol-
umes. In the joint Nordic mFRR and aFRR capacity markets, cross-border trading can
reserve a maximum of 10 % of SE1-FI transmission capacity (1900 MW if there are no
maintenances) from the DA market in the export direction and 5 % in the import direction
[16]. This makes predicting more difficult, as for instance Finnish aFRR capacity down
procurement is constantly 65 MW per hour for Q2 in 2026, but with cross-border trade
with SE1 it can increase to 165 MW per hour, which is 154 % addition.

4.3 Information availability and forecasting setup

As aFRR and mFRR capacity markets settle at 8.30 EET/EEST, for example Spot prices
for the next day cannot obviously be used in predicting the capacity market prices if we
want to make a realistic predictor. One could use these as features, in research, but the
information is too perfect and in production environment, the models that have used in-
formation from the future would underperform compared to development phase. As well
as next day’s fundamental data, such as hydro- and nuclear power production, temper-
ature and DA transmission flow plans, are not yet known at the time of aFRR and mFRR
capacity market price prediction. However, we can use forecasts of these variables as
features in the model. For Finnish price area at least, there are no forecasts as open
data, but many companies with in-house optimization and trading function create their
own forecasts for these fundamentals. Wind power and consumption forecast for the

next day are provided by Fingrid in open data.

4.4 Feature engineering

The feature selection pipeline used in this study was designed as a structured, multi-
stage process that combines domain knowledge, statistical filtering, and model-based
importance ranking to produce a robust and interpretable set of predictors for reserve

market price forecasting. The process begins with the definition of a whitelist of features
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for each market, constructed based on prior market knowledge and observed correla-
tions. This initial step ensures that variables known to be theoretically relevant were not
prematurely discarded, even if they might not yet show strong empirical signals in the
data. Graphs were being plotted for visualizing different anomalies in the markets to rec-
ognize which variables matter in the price formation, a few examples are shown in Figure

9 and Figure 10. Whitelisted features for each market are shown in Figure 11.

For aFRR capacity market, Fingrid doesn’t provide historical amounts of non-accepted
bid volumes, so it cannot be used as a feature. Also, aFRR procurement volume is not
provided in open data as a time-series variable, so it should be implemented as a con-
stant to the software or database. Nordic TSOs continuously review the amount of aFRR
procurement from the perspective of imbalance management and frequency quality and
make changes to the procurement amounts if necessary [36]. For mFRR capacity, pro-
curement is dynamic and changes hourly as Fingrid publishes the procurement forecast
for the next day every morning a couple hours before the capacity market settle and they

are included in both markets initially whitelisted features.
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Figure 9. An example of domain-based analysis implemented when whitelisting
columns initially. An hourly scatter plot to represent the supply-demand curve of mFRR-
down market in 2025.

The reason for Spot price correlating positively stronger with up-markets compared to
down-markets is easily justified. When an asset’s capacity is sold to up-market, it means
that the capacity must be available for increasing production and thus it cannot be sold
into the Spot market simultaneously. For this logical reason, market participants must

decide and optimize which market would be more profitable for the asset’s production
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capacity to be sold. For down-markets respectively, this logic works in the opposite di-
rection, as the asset’s production capacity can be sold in both Spot market and down-
market at the same time, because the sold amount of capacity must be producing so that
it can be decreased if an activation is needed by TSO. This mechanism also supports
the reason why there are positive correlations with wind power production forecast and

capacity down markets.

Following the initial selection, several market-specific filtering rules were applied. Fea-
tures that were structurally irrelevant to specific markets were removed, such as FCR
and FFR-based features for mFRR markets and FFR-based features for aFRR markets.
Additionally, features tied to yearly patterns were discarded, as they were considered
non-informative for the short-term dynamics of aFRR and mFRR markets. These steps
ensure that the feature space is tailored to the operational characteristics of each market

rather than relying solely on automated selection.

The next stage focuses on data quality and redundancy reduction. Features with exces-
sive missing values or constant values are removed, as they provide little predictive value
and may negatively affect model stability. To address multicollinearity, pairs of features
with very high correlation (above 0.9) were examined, and one feature from each pair is
dropped. This step helps prevent redundant information from inflating model complexity

and reduces the risk of overfitting.
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Figure 10. Example of domain-based analysis. Finnish and SE1 price area aFRR
Down prices in €/ MW scatter plot between 1.9.2025-31.3.2026 for representing differ-
ence in the same hour.
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After this initial cleaning and pruning, a model-based feature importance evaluation is
performed. A non-hyperparameter-optimized XGBoost regressor is trained using cross-
validation, with three folds for mFRR markets and four folds for aFRR markets. The train-
ing datasets differ slightly between markets: aFRR models were trained on data from full
year of 2025, while mFRR models used data from April 2025 till the end of year. Feature
importance is calculated using the average gain across folds, which provides a stable
estimate of how much each feature contributes to reducing prediction error. This step

introduces a data-driven ranking of features, complementing the earlier domain-based

filtering.

variable aFRR Up aFRR down mFRR Up mFRR down
ILMATAR_DA_HINTAENNUSTE_FI_WINDPOWER_PRODUCTION | 027 -0.07 | -0.26 ool
ILMATAR_DA_HINTAENNUSTE_FI_HYDRO_PRODUCTION 0.30 -0.29 0.26 0.15
ILMATAR_DA_HINTAENNUSTE_SE1_HYDRO_PRODUCTION 0.19 -0.28 0.16 0.10
ILMATAR_DA_HINTAENNUSTE_SE2_HYDRO_PRODUCTION 0.11 (1087 o0.11 0.02
ILMATAR_DA_HINTAENNUSTE_FINLAND 0.40 -0.20 0.37 0.03
ILMATAR_DA_ HINTAENNUSTE_SE1 0.17 -0.29 0.18 -0.02
hour 0.06 -0.11 0.05 -0.07
Fl Hydro Inflow MWh D Synthetic (7d mean) 0.07 0.00 0.05 0.17
aFRR Up Price (24h delay) 0.58 - - -
aFRR Up Price (24h mean) 0.53 - 0.12 -
aFRR Up Volume (24h delay) 0.01 - - -
aFRR Down Price (24h delay) - 0.58 - -
aFRR Down Price (24h mean) - 0.63 - 0.41
aFRR Down Volume (24h delay) - 0.01 - -
mFRR Capacity Up Price (24h delay) - - 0.22 -
mFRR Capacity Up Price (24h mean) 0.16 - 0.20 -
mFRR Capacity Up Procurement Forecast - - 0.16 -
mFRR Capacity Down Price (24h delay) - - - 0.38
mFRR Capacity Down Price (24h mean) - 0.37 - 0.46
mFRR Capacity Down Procurement Forecast - - - 0.01

Figure 11. Pearson correlations of initially whitelisted variables for XGBoost model
per market in 2025. If there’s a dash, variable was not whitelisted for that particular mar-
ket. Hintaennuste means Spot Price Forecast.

Based on the resulting importance scores, features are sorted and a cumulative im-
portance threshold of 50% is applied. Only the features contributing to the top 50% of
cumulative importance are retained, along with any features that were explicitly white-
listed. This ensures that the final feature set captures the most influential predictors while
still preserving critical domain-relevant variables. At this stage, the feature space is typ-
ically reduced to approximately 30 features per market from around 170 that was started
with.

A further refinement step is then applied using correlation with the target variable. Fea-
tures are retained only if they exhibit an absolute correlation of at least 0.2 with the target
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price, even if they were initially whitelisted. This introduces an additional statistical vali-
dation layer, ensuring that all retained features demonstrate at least a minimal direct
relationship with the predicted variable. Some market-specific adjustments were made
at this stage: for the mFRR down market, certain features showing unstable or anoma-
lous behavior were removed entirely, while for the aFRR Up and mFRR Up market, the
threshold was relaxed to 0.1 due to the limited number of features meeting the stricter

criterion.

Next, an XGBoost model was trained with these features that were left after the filtering.
The whole training data was used to fit the model, and the last 20 % of training data was
used as validation data in the fitting process. Hyperparameter optimization was imple-
mented after this, and a final XGBoost model was trained with the optimized hyperpa-

rameters.

4.5 Hyperparameter tuning

Hyperparameter optimization was conducted as a final refinement step to improve model
performance after the feature selection process had stabilized the input space. The
framework used in this was Optuna, which is Bayesian optimization protocol. Optuna
was chosen, because automated optimization methods outperform grid and random
search [37]. In this stage, the XGBoost model parameters were systematically tuned to
enhance predictive accuracy and generalization, while avoiding overfitting. Rather than
relying on default settings, a structured search procedure was applied over key hyperpa-

rameters controlling model complexity, regularization, and learning dynamics.

Table 2. Initial hyperparameters for XGBoost model for every market.

hyperparameter value
objective count:poisson
n_estimators 2000
learning_rate 0.03
max_depth 3
subsample 0.7
colsample_bytree 0.7
reg_lambda 5
reg_alpha 0
min_child_weight S

This approach allowed the model to better capture nonlinear relationships and interac-
tions between the selected features, which are characteristic of electricity reserve mar-

kets. Importantly, hyperparameter tuning was performed only after feature selection to
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reduce computational cost and ensure that the optimization focused on a stable and
relevant feature set. The resulting tuned models were then evaluated against baseline
configurations, demonstrating that careful adjustment of model parameters can provide
additional performance gains beyond those achieved through feature engineering alone.
The detailed results after optimization for each market are listed in Chapter 5, however,
the average improvement for the four markets was 12,2 % using RMSE as a metric and
13,3 % using MAE. Initial hyperparameters for XGBoost are listed in Table 2 and final
hyperparameters after optimization in Table 3.

Table 3. Final hyperparameters of XGBoost model after optimization for each mar-
ket respectively.

hyperparameter aFRR down aFRR up mFRR down mFRR up
objective count:poisson count:poisson count:poisson count:poisson
colsample_bytree 0.79 0.76 0.91 0.97
learning_rate 0.012 0.015 0.025 0.036
max_delta_step 1.144 0.396 0.216 1.891
max_depth 3 5 8 5
min_child_weight 6 6 10 10
n_estimators 2000 2000 2000 2000
subsample 0.78 0.65 0.53 0.93
lambda 0.0001 0.0007 0.0035 0.0000
alpha 0.0002 0.0000 0.0179 0.0000
eta 0.168 0.045 0.002 0.027

4.6 Chronos-2 training

Chronos-2 model was examined as a zero-shot model and fine-tuned separately. For
zero-shot model, the training data was given for the same period’s as for the XGBoost
model. It is hard to estimate how much of an improvement this added for zero-shot
model, but one can think of it as calibrating the model to give the context before predict-
ing out-of-the-box. Both zero-shot and fine-tuned model was trained following a rolling
21-day window of hourly prices. This context-length was chosen to be this short due to
the heaviness of model training. Both of these models’ performances are reported in

detail.

The fine-tuned model did not use the same feature list that resulted from the pipeline
represented in Chapter 4.3. For fine-tuning, the model was provided only the most cor-
related variables that should predict the market prices the best, because the zero-shot
model was already showing so strong results. In addition, Chronos-2 as a multivariate
model is computationally heavy, and training with over 15 features would not have been

worth the wait. Historical price data didn’'t have to be encoded into separate 24-hour
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mean or delayed variables since the price history of that particular market was already
given to the model as training data, and Chronos-2 has built-in mechanisms that extract
these features. This also supported reducing the number of features, because yester-
day’s prices, both delayed and mean, were among the most correlated variables for all
the markets. Only fundamental variables such as wind power forecast, spot price fore-
cast, or other reserve market prices were used in multivariate model fine-tuning and pre-

dicting. Used covariates are listed in Table 4.

The model was downloaded to Python code from open-source package au-
togluon.timeseries. Google Colab’s free GPU training was used, as CPU training would
have been so time consuming. With the GPU, each market’s model training took 7 to 10

minutes.

Table 4. Chronos-2 fine-tuned model covariates per market.

aFRR Up
ILMATAR_DA_HINTAENNUSTE_FI_HYDRO_PRODUCTION
ILMATAR_DA_HINTAENNUSTE_SE3

FI Hydro Reservoir Water Filling MWh D Synthetic (28d mean)
ILMATAR_DA_HINTAENNUSTE_FINLAND

aFRR Down
ILMATAR_DA_HINTAENNUSTE_FI_HYDRO_PRODUCTION
mFRR Capacity Down Price (24h mean)

mFRR Up

mFRR Capacity Up Procurement Forecast
ILMATAR_DA_HINTAENNUSTE_FI_HYDRO_PRODUCTION
ILMATAR_DA_HINTAENNUSTE_FINLAND

mFRR Down
ILMATAR_DA_HINTAENNUSTE_FI_WINDPOWER_PRODUCTION
aFRR Down Price (24h mean)
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5. RESULTS

This chapter reviews the results of models’ prediction accuracies in the four markets
separately and profit gains with used bidding logic through the test period chosen. Sev-
eral figures are being considered to help with visualization of the results and price time

series data.

5.1 Statistical performances

Statistical performances are being reviewed by error metrics and graphs that compare
predictions in the test period, which was 1.1.2026-29.3.2026 for all the four markets stud-
ied in this work. The graphs show hourly predictions of prices along with ground truth.

The results are listed in Table 5.

From XGBoost results plotted in Figure 12, we can see that it is noisier than both of the
Chronos-2 models’ predictions shown in Figure 13 and Figure 14, respectively. The
XGBoost models can follow the actual prices relatively good in some markets, but espe-
cially mFRR down market’s predictions are far off. The market regime change that hap-
pened in March 2026, when dry, windless and expensive period measured by Spot prices
shifted to windy and cheaper timespan, can also be seen in mFRR down and Up market
predictions. The predicted prices stay higher than actual prices even though there are
no such high prices in the capacity markets for that period. In aFRR Down predictions,
XGBoost model fails to catch higher volatility at the end of the period shown in the graph.
For aFRR Up market predictions, XGBoost is at a reasonable level, but still doesn’t pre-

dict the spikes correctly.

Chronos-2 models, however, perform significantly better, visually compared to the
XGBoost model. In aFRR down market predictions, Chronos-2 models catch the volatility
change in the end of March. It is hard to find clear differences visually between the two
Chronos-2 models, the only difference is that the fine-tuned model predicts higher spikes
than zero-shot model. That can be one of the reasons it also performed a little smaller
prediction errors. Chronos-2 models adapt to low price level in both mFRR markets more
efficiently than XGBoost. They also predict the only clearly visible spike sufficiently in
mFRR down market in the beginning of the cropped graph, where the actual price

reaches over 20 €/ MW for the only time in the visualized timespan.
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The error metrics over the test period demonstrate a clear difference in predictive per-
formance between the markets. In general, prediction errors for aFRR products are no-
ticeably higher and more volatile than for mFRR capacity markets. The fine-tuned
Chronos-2 model achieved MAE of approximately 1.63 and 1.22 €/ MW for aFRR Up and
Down, respectively, whereas corresponding errors for mFRR Capacity markets were sig-
nificantly lower, around 0.51 for Up and 0.35 €/MW for Down. However, actual mean
prices as well as standard deviation of prices in mFRR markets were lower than in aFRR
markets during the test period. All markets' means and standard deviations are listed in
Table 6.
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Figure 12. XGBoost hourly predictions and actual prices of all markets in the last
month of test data period. Cropped for better visualization.

A comparison against baseline approaches further highlights the strength of the
Chronos-2 models. Both naive persistence forecasts and XGBoost models consistently
yield higher MAE and RMSE values across all products. For example, naive MAE values
for aFRR Up and Down are approximately 2.22 and 1.53 €/ MW, and XGBoost reaches
even higher error levels for aFRR Up, around 3.02 €/ MW. This suggests that while sim-
pler models capture some persistence effects, they fail to represent more complex tem-
poral, and structural patterns present in the data. The Chronos-2 models, especially
fine-tuned, can better generalize across the test period. The only market where XGBoost
model won the naive prediction measured by MAE was aFRR Down. Chronos-2 models
won naive prediction measured by both MAE and RMSE in every market. Of the
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Chronos-2 models, fine-tuned model was better than zero-shot in every metric and mar-

ket except for RMSE in mFRR Down market, where the errors were almost the same.

When reviewing mean predictions and prediction errors by hour in Figure 15 and Figure
16, we can see that Chronos-2 models are more accurate during nighttime, especially in
both up-markets, while price levels are also lower in the same time. Even though
Chronos-2 models are in many markets predicting same values by mean than the ground
truth, MAEs are not at zero, which means the models are predicting off both over and
under the actual price. The XGBoost model is predicting constantly higher prices by
mean than they should, which probably mirrors poor adaptation from higher price levels
in training data to lower prices in recent data points, even though the model takes latest
historical prices as features. The only market where XGBoost can compete with
Chronos-2 MAEs is aFRR Down market. However, the mean prediction profile by hour
is very flat, and that probably is the biggest reason it falls behind in aFRR Down profits
which is shown later in subsection 6.2. XGBoost rarely finds aFRR Down as the best
market unlike Chronos-2 models, especially in the highest hours measured by actual
mean price in aFRR Down, which are the first and last hour of day, Chronos-2 models

are more accurate, and predict generally higher prices for these valuable hours.
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Figure 13. Chronos-2 zero-shot model hourly predictions and actual prices of all mar-
kets in the last month of test data period. Cropped for better visualization.
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The results highlight that model performance is not uniform across all products and con-
ditions. mFRR capacity markets exhibit relatively stable and predictable behavior, which
leads to consistently low prediction errors. In contrast, aFRR markets are more sensitive
to external drivers such as production variability and system imbalances, resulting in
higher variance and more frequent error spikes. Higher variance also derives from mar-
ket volume being much lower than mFRR markets' volume. Overall, these findings con-
firm that while the proposed approach provides strong baseline performance, further im-
provements should focus on handling extreme events and high-volatility periods, partic-

ularly for aFRR products.
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Figure 14. Chronos-2 fine-tuned hourly predictions and actual prices of all markets
in the last month of test data period. Cropped for better visualization.

Table 5. Models’ prediction errors in the test period by market in €/MW.

aFRR Up aFRR Down mFRR Up mFRR Down
Naive prediction MAE 2.22 1.53 0.65 0.50
XGBoost MAE 3.02 1.34 0.77 1.41
Chronos-2 zero-shot MAE 1.70 1.23 0.54 0.36
Chronos-2 fine-tuned MAE 1.63 1.22 0.51 0.35
Naive prediction RMSE 4.09 2.60 1.87 1.22
XGBoost RMSE 3.84 2.32 1.63 1.71
Chronos-2 zero-shot RMSE 3.26 210 1.52 0.74

Chronos-2 fine-tuned RMSE 3.23 2.06 1.50 0.75
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Table 6. Means and standard deviations of the markets’ actual prices in used test
period in €MW.

aFRR Up aFRR Down mFRR Up mFRR Down

mean 5.79 3.70 219 2.34
standard deviation 3.25 2.70 1.67 0.99
aFRR Up aFRR Down
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Figure 15. Mean predictions for every market and model grouped by hour along
with ground truth values.
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Figure 16. Mean Absolute Errors for every market and model grouped by hour.

5.2 Economic performances

This subsection reviews the results of a simulation where 15 MW of BESS capacity is
allocated to the market that is predicted to be the highest for each hour during the test
period of 1.1.-29.3.2026.

Final results of the economic side of the research question are represented in Figure 17.
Each model has its own bar to show the profit gain generated in the test period. In addi-
tion to the sum of profits, percentage of maximum returns is shown. Ground truth, mean-
ing if one knew the prices before the allocation and could get the maximized profits in
the test period, generated 205 754.55 € in total. The best performance of the models
developed in this work, which was Chronos-2 fine-tuned, accumulated 195 560,70 € in
total. Even though the naive predictions gained 92.0 % of the ground truth’s returns,
when measuring by generated profits, it lost to the best developed model by 6 227.85 €.
The amount of profits each model generated in the simulation during the test period are
listed in Table 7.
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Figure 17. Test period profit gains and shares of best possible returns for each

model.

aFRR Up

aFRR Down

168.97

157.69 159.78

155.94

150 A

100 A

mFRR Capacity Up

mFRR Capacity Down

6 5.61

2.43

Profit accumulation per market (k€)

0.47 0.55

0.00

Naive prediction [l XGBoost [ Chronos-2 zero-shot

E Chronos-2 fine-tuned

4.19

e Ground truth

Figure 18. Test period profit gains distribution across each market per model.

In Figure 18 we can see how different models’ profit gains were distributed between the

four markets. In this graph higher value doesn’t necessarily mean better, because if a

model has generated more profit than the ground truth in one market, it has lost money

from some of the other markets for those hours. It is possible that even models with
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higher prediction errors statistically could outperform more accurate models in this sim-
ulation, if it caught the highest peak prices more often. However, in this case, the eco-

nomic returns of the models follow the same order as in prediction errors overall.

The XGBoost model predicted the aFRR up market as the best too often and lost possi-
ble profits from other markets in those hours. XGBoost could not predict especially aFRR
down prices right in the hours when it would’ve been the best option. Both directions of
the mFRR market were the best only 2 % of hours in the test period, and that is the
reason why even the perfect prediction’s profit gains are so low in this simulation. The
mean prices of MFRR markets were also lower than aFRR markets in test period which
are listed in Table 6. Naive prediction generated more returns than all the developed
models from the mFRR markets, but it lost to Chronos-2 models especially in aFRR-up

profit gains.

The reason for the naive prediction performing so well in this test period is behind the
market prices being on a different level compared with each other. Because aFRR up
market price is the highest of these four markets in 80 % of the hours, naive predictor
generates 92.0 % of possible profits in this period. This simulation only represents the
first quarter of year 2026, and looking historically, this phenomenon has not always been
dominating. In the future, other markets’ procurement volumes can and will be increased
or decreased according to Fingrid, due to the continuously developing society’s needs
and changing electricity grid balancing challenges. Change in the procurement volumes
always affects prices.

Table 7. Models’ profit gains in the test period using 15 MW allocation for the best
market price predicted each hour.

pr:lc:‘ilcvt?on XGBoost Chronos-2 zero-shot (f:i:;?tr:;se-j Ground truth

189 332,85 € 187 300,20 € 194 178,00 € 195 560,70 € 205 754,55 €
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6. CONCLUSIONS

This thesis focused on Finnish reserve market capacity price prediction. The target was
to improve models with weak performance to help succeeding in multi-market optimiza-
tion with grid-scale BESS in Finnish price area. The work included background in Finnish
electricity markets and the role of energy storages in the market and as balancing ser-
vice. Machine learning and price prediction were framed as well as short literature review

was made to give context before going through methodology and results of the work.

The research questions included, which machine learning model and what features can
be used for predicting Finnish reserve market capacity prices for the next day, and how
much profit can be generated with these predictions. This work’s results concluded that
tested combination of features and parameters with XGBoost model wasn’t the best
choice of model architecture for predicting prices with used training data and test data
periods. XGBoost had shown potential in similar studies, but either the feature selection
failed or the training data period did not suite for chosen test period to give the model an

edge in forecasting next day’s hourly prices.

However, TSFM Chronos-2 beat the naive prediction clearly, measured by both predic-
tion errors in every market and profit gain in the simulation. A zero-shot, and fine-tuned
version of Chronos-2 was tested and of all the models developed, fine-tuned model per-
formed the best in every market considered in this work. It reached 95 % of possible
profits in used test period and MAEs between 0.35 and 1.63 €/ MW depending on the

market.

The performance of the Chronos-2 model suggests that transformer-based architectures
may be particularly well suited for reserve market price forecasting, where price dynam-
ics are highly nonlinear and subject to complex temporal dependencies. Unlike traditional
machine learning approaches relying on explicit feature engineering, Chronos-2 lever-
ages learned representations from large-scale time series data, allowing it to capture
patterns that may not be directly observable from manually constructed features. This
becomes especially relevant in reserve markets, where price formation is influenced by

a combination of system conditions, regulatory constraints, and stochastic disturbances.

The relatively weaker performance of the XGBoost model highlights the limitations of
feature-based approaches in highly complex and regime-dependent markets. Despite

careful feature selection, it is likely that either essential explanatory variables were not
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included or that the relationships between inputs and prices changed between the train-
ing and test periods. This suggests that in rapidly evolving markets, model performance
may be more sensitive to the choice of training period and data representation than to

the specific algorithm itself.

The results also conclude that improvements in forecasting accuracy can directly en-
hance the economic performance of BESS. Even relatively small reductions in prediction
error translated into measurable increases in simulated revenues. This highlights the
importance of investing in forecasting capabilities as part of BESS operation strategies,
particularly in multi-market environments where capacity must be allocated under uncer-

tainty.

However, it should be noted that the results are dependent on the specific market con-
ditions and time period considered in this study. The Finnish reserve markets are cur-
rently undergoing significant structural changes, including increasing participation of
BESS and evolving cross-border coordination mechanisms in the next years. As a result,
model performance observed in this study may not fully generalize to future market con-

ditions, and continuous model updating and retraining are required in practice.

Further development of research regarding this topic could address the effect of bidding
volume to the realized price. It is not realistic to assume that profits would be as good as
in this research, because the simulation was implemented as a price taker, not as a price
maker. One of the markets considered in this work had 65 MW of base procurement
volume and bidding 15 MW more to that market would lower the price drastically from
the actual price used in the simulation. Another flaw of this work relates partly to this
same topic, as currently there is no public information on hourly available transmission
capacity reserved for mFRR and aFRR capacity markets respectively. Trading with SE1
price area can increase or decrease hourly procurement from Finnish price area so dra-
matically, that it affects the capacity market prices too much to be able to predict sudden
price spikes accurately. Further research could investigate if this is possible to estimate,
and when the capacity allocation algorithm rework has been integrated into commercial

use, if that helps predicting the procurement and thus prices.

In the future, the role of data-driven forecasting in electricity markets is expected to in-
crease further as market structures become more complex and data availability im-
proves. The integration of advanced machine learning models with real-time optimization
systems offers significant potential for enhancing the efficiency of energy storage utiliza-
tion. The rise in demand due to potential data center investments in the future will also

increase reserve market demand depending on product, according to Fingrid. In this
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context, further research combining forecasting, optimization, and market impact model-
ing could provide valuable insights into the operation of storage assets in dynamic power

systems.
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