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toteuttamiskelpoisuutta uusiutuvan sähköntuotannon yhteydessä. Ennustettu uu-
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Sammandrag 
Syftet med detta diplomarbete är att stöda Puhuri Oy i deras budstrategi på elmark-

naden genom att identifiera allmänna strategiska riktlinjer för kapacitetsallokering. 

För detta ändamål undersöks mönster i optimal handel på flera marknader inklu-

sive dagen före SPOT och återställningsreservmarknader med hjälp av en maskin-

inlärningsmetod baserad på XGBoost. Trender som identifierats genom SHAP-ana-

lys testades i en modell för marknadsdeltagande för att utvärdera deras genomför-

barhet vid tillämpning på förnybar elproduktion. Den prognostiserade förnybara 

produktionen och dess andel av den förväntade konsumtionen visade sig ha störst 

inverkan på antagna lönsamhet i reservmarknaderna. Även egenskaper som tid på 

dygnet, kärnkraftsproduktion och historiska marknadspriser hade betydande på-

verkan. Jämfört med en optimerad statisk multimarknadsstrategi ledde dessa tren-

der till en ökning av vinsten med 4,4 % och en 44 % förbättring av de ekonomiskt 

fångade vinsterna.  
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Figure 2. Supply and demand curves depicting how the area price is calcu-

lated. The left graph illustrates the effect of export whilst the right graph illus-

trates the effect of import [17]. 

 

If necessary, the system price can be further divided into area prices based 

on the geographical areas specified in the bids. This is due to the physical 

constraints of the electrical network. Namely, it is the capacity of transmis-

sion lines that create bottlenecks between areas of high production and areas 

of high consumption introducing price differences between zones. As this is 

dependent on the transmission network, not all countries have several bid-

ding areas. For instance, Finland has only one area FI while Sweden has four 

(SE1, SE2, SE3 and SE4). The price of an area can be affected by external 

supply or demand from an adjacent price area as shown in Figure 2. Finland 

is connected to northern Sweden (SE1), southern Sweden (SE3) and Estonia 

(EE) as can be seen in Figure 3. These transmission connections play a role 

in forming the area price of Finland.  
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Figure 5. Installed cumulative power of industrial scale Finnish solar PV 

power capacity over 1 MW [22]. 

 

The Finnish wind power sector has seen a lot of growth in the last few years 

as presented in Figure 4. The annual production increased by more than 

5000 GWh from 2023 to 2024 and the annual capacity of new instalments 

has exceeded 1 GW since 2022 [23]. A similar, even steeper, trend can be seen 

with solar PhotoVoltaic (PV) production capacity, albeit at a lower capacity 

(Figure 5). The installed industrial scale PV capacity increased with more 

than 100% during the first half of 2025. As such, renewable power generation 

has become a substantial part of the energy system with wind power covering 

almost a fourth of national Finnish electricity consumption in 2024 (Figure 

6).  
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Figure 7. Country specific average electricity wholesale prices in the year 

2024 [23]. 

 

 

 
Figure 8. Finnish SPOT market price in relation to national wind power pro-

duction during December of 2024 [23]. 
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Another flaw with renewable power production is its unpredictability. Since 

the bids for the SPOT market are placed a day before the time of delivery, the 

bids are made based on production forecasts. As such, there exists a certain 

degree of uncertainty as to what production capacity will be available during 

the time of delivery. Any capacity that differs from what was promised the 

day before incur system imbalances. These imbalances are settled on a 15-

minute basis. Depending on whether the imbalances are positive or negative, 

they impose either additional compensation or fees [28]. The price at which 

the imbalances are calculated depends on the overall imbalance in the sys-

tem. If the national power system is in balance, the imbalance price is the 

SPOT market price of the settlement period. However, if the power system is 

in imbalance, it is either the upregulation or the downregulation reserve en-

ergy price that determines the imbalance price of the settlement period. The 

price of this regulation energy is decided based on the necessary activations 

in the reserve markets [29].  

 

2.2.3 Reserve markets 

 

Price fluctuations are not the only fluctuations introduced to the system with 

high integration of VRE production. The intermittency and unpredictability 

of VRE production also results in more complicated grid management, espe-

cially through frequency fluctuations. Deviations from predicted production, 

both in terms of excess and deficit, causes problems with keeping the fre-

quency at nominal levels [30]. To combat imbalance, each connection point, 

be it production or consumption, requires a Balance Responsible Party 

(BRP). Becoming a BRP requires a signed agreement with the national TSO 

and with eSett, a joint company owned by the Nordic TSOs and responsible 

for overseeing imbalance settlements in the region. The role of the BRP is to 

balance scheduled and actual electricity volumes. BRPs are financially ac-

countable for managing this balance in each MTU, which is 15 minutes in 

Finland. This balance is achieved by participating in the DA, intraday, and 

balancing markets. By participating in the balancing markets, the BRP also 

acts as a Balance Service Provider (BSP) [28]. 

 

Even with a robust power network, unforeseeable deviations and faults can 

occur. Therefore, as an additional protective measure, the countries in the 

Nordic synchronous area (Finland, Sweden, Norway, and Eastern Denmark)  

participating in the Nordic System Operation Agreement (Nordic SOA) have 

adopted a system for keeping regulatory energy reserves to maintain the 

nominal frequency of 50 Hz withing safe boundaries [28, 31]. These regula-

tory energy reserves exist as separate balancing market products tendered 

and procured by the national TSO. It is the duty of the BSPs to provide these 

reserve products to the TSO. A BSP can itself be a BRP or it can sign an agree-

ment with a separate BRP to offer balancing services on its behalf. As a 
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VRE power producers have historically preferred downregulation reserve 

markets over upregulation reserve markets [42]. This is likely due to upreg-

ulation market participation potentially resulting in high opportunity costs 

due to lost SPOT and downregulation revenue. Therefore, it is crucial to time 

upregulation allocation to when it is most profitable.  

 

A central aspect of multi-market participation is the bidding and gate-closure 

timeline. Depending on what has been procured in one market affects what 

can be offered in another. It is important to note that for a renewable power 

producer, all bids should be made using the best production forecast availa-

ble at the time of bidding. Figure 13 illustrates the market timeline for a sys-

tem participating in both the SPOT and FRR markets.  

 

 
Figure 13. Multi-market strategy timeline 

 

The first important stage in the timeline occurs at 07:30 CET on the day be-

fore. This is when the bidding gates for both FRR markets close. By this stage, 

capacities and prices for both up- and downregulation need to be decided for 

each hour of the following day. The result of this market clearing is published 

1 hour after gate closure if no errors have occurred or there is a need to open 

the market to a second round of bidding. As such, the procured volumes in 

the FRR markets are known at the second stage when the gate for SPOT mar-

ket bidding is closed at 12:00.  

 

The capacity that a system has procured in the FRR markets affects the ca-

pacity and prices that a system sets on its bids in the DA electricity SPOT 

market. Any forecasted production capacity procured in an upregulation re-

serve market is not available for bidding in the SPOT market. However, ca-

pacity allocated to an upregulation reserve market but not procured can still 

be bid into the SPOT market with the trade-off of not being available for al-

location into downregulation markets. Any downregulation capacity 
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procured in the reserve markets should be bid into the SPOT market to avoid 

sanctions on undeliverable downregulation capacity. This capacity should be 

bid at a negative STMC price of at least three times the capacity price to avoid 

the cost of capacity sanctions in case the marginal price in the SPOT market 

goes negative.  

 

After the SPOT bidding, the third stage of the timeline is the energy market 

bidding. It is possible to enter or alter bids in the reserve energy markets up 

until 45-25 minutes before the time of delivery for mFRR and aFRR markets 

respectively. For any capacity procured in the capacity markets, the partici-

pant is obligated to also provide in the energy markets. While it is technically 

possible to price these energy bids at prices so high/low as to avoid activation 

while still reaping the benefits of capacity payments, these energy bids are 

controlled by Fingrid to ensure fair participation. Unfair market practice 

could result in market relegation. As such, these energy bids should be placed 

at a price deemed reasonable for the market setting in question. Since these 

bids are made less than an hour before time of delivery, both production fore-

casts and price estimates are likely to be more accurate than what was avail-

able during the DA bidding process. Therefore, it is possible to allocate excess 

production energy into the reserve energy markets in case the production 

forecast has increased. It is also possible to price this energy at levels reason-

able for the current market setting considering both known SPOT market and 

reserve energy prices. It is, however, still important to note that Fingrid can 

intervene if they deem prices to be set at unreasonable levels.  

 

The fourth and final stage of the timeline occurs at time of delivery onwards. 

This is when reserve energy can be activated, and all actual transfer and re-

serve volumes are measured. These measured volumes are compared retro-

spectively with the procurement obligations and market prices to determine 

any reserve energy compensation as well as sanctions and imbalances on all 

bids procured by the asset [28, 29, 35, 36]. 
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A third study applies MILP to optimize the operation of a hybrid park con-

sisting of a wind farm, battery storage system and an electrolyzer. Garcia-

Miguel et al. address uncertainties related to renewable production forecasts 

and electricity prices through this integrated hybrid system. The system op-

erates in both a hydrogen and the SPOT electricity market, and a linear model 

is formulated to account for partial load efficiency and degradation of the 

electrolyzer. Both the SPOT scheduling and real-time operation were mod-

eled as a MILP problem, considering the uncertainties in production and 

prices. This MILP approach was shown to outperform other methods such as 

Monte Carlo and deterministic approaches in handling uncertainties [47].  

 

2.4 Predictive analytics 
 

The interest in data collection and analysis has increased considerably in sev-

eral sectors over the past few years [48]. This is largely due to advancements 

in both software and hardware development leading to more efficient meth-

ods of processing large amounts of data. ML algorithms and AI have revolu-

tionized the way data analysis is performed. These models are capable of han-

dling vast amounts of data to find intricate patterns and correlations within 

seconds. This makes ML and AI very attractive tools in forecasting applica-

tions. However, it is important to note the limitations of these methods and 

the implications of relying on black-box models. To combat this, model in-

terpretability methods such as SHAP have been developed to allow for better 

understanding behind model reasoning, especially for ML approaches. As 

such, the ML method XGBoost was applied together with SHAP in this study 

to investigate patterns in electricity market profitability. This section de-

scribes the core principles of the methods used as well as introducing some 

state-of-the-art applications of XGBoost in the literature.  

 

2.4.1 Extreme gradient boosting 

 

In short, ML models make predictions on unknown features based on known 

features of an observation, such as an occurrence or object. In this thesis the 

observation is an hour from a time-series data set. ML methods can be ap-

plied for both regression and classification problems. In regression, the 

model is used to predict a continuous numerical value such as the price in a 

market or the age of an object based on the specific features connected to that 

observation [49]. For example, regression models can be used to predict the 

age of a fish based on its weight and length. Classification addresses categor-

ical target attributes, where the model produces a discrete prediction in ei-

ther a binary or multiclass setting [49]. Predictions are typically derived from 

estimated class probabilities, with the class associated with the highest prob-

ability chosen as the output. For example, classification models can be used 

to predict true or false statements such as if a person has a specific disease or 
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if an investment will be profitable. Using the same example as before, a clas-

sification model could predict the gender of a fish based on its length and 

weight. When to use regression or classification is very case specific and de-

pends on the problem at hand [7]. Both regression and classification were 

tried in this thesis and classification was found to be more applicable to this 

problem. This was due to the very high oscillation of the dependent predic-

tion variable presenting problems for a continuous method such as regres-

sion. As such, this thesis will focus on the classification method of XGBoost. 

 

Extreme gradient boosting or XGBoost is a very powerful and popular ML 

method. It has been widely used in combination with several different prob-

lems to great success for over 10 years, winning several ML competitions 

[48]. XGBoost is an evolution of the gradient tree boosting method developed 

by Jerome H. Friedman [50]. They both follow similar principles, but its ex-

tensions and optimizations provide XGBoost with significantly increased 

scalability, which is crucial for larger datasets [48]. As this thesis applies 

available methods on an emerging problem without formulating new algo-

rithms, the intricate mathematics of the methods will not be discussed. In-

stead, this chapter aims to provide a general understanding of the basic prin-

ciples applied in this study. As XGBoost is heavily influenced by gradient tree 

boosting, the latter will be described in more detail together with the addi-

tions of XGBoost.  

 

In machine learning, a model is given a dataset containing both dependent 

and independent variables. The dependent variable is the variable which the 

model should learn to predict, and the independent variables are the known 

variables which the model uses to make said predictions. The dataset used in 

the model is divided into a training set and a testing set. In the testing data 

set, both dependent and independent variables are visible to the model. The 

model uses this dataset to find patterns and correlations between independ-

ent variables and the respective dependent variable of each observation or 

row in the dataset. These patterns are then tested using the test dataset. In 

this dataset, the value of the dependent variable is hidden to the model. As 

such it gives predictions on each observation based on its respective inde-

pendent variable features. These predictions are then compared to the actual 

dependent variable values of the test dataset to ascertain how well the model 

was able to predict the dependent variable using the patterns found in the 

training dataset. These comparisons are called evaluation metrics. There ex-

ist several evaluation metrics for both classification and regression, and 

choosing which ones to consider depends on both the model used and its de-

sired outcome [51]. 
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Like several other ML methods, gradient tree boosting and XGB use decision 

trees or Classification And Regression Trees (CART) to make predictions 

[48]. Each tree is made up out of nodes, branches and leaves that spread out 

to form an upside-down tree-like decision making structure Figure 15. The 

nodes represent decision points based on the independent features creating 

splits in the flow of observations going down the tree. The branches represent 

possible outcomes of the decision points, being either true or false. The leaf 

nodes function as end destinations for observations going down the decision 

tree. Each leaf is assigned a value which is added to the prediction values of 

the observations that ended up in the leaf.  

 

 
Figure 15. Decision tree [53] 

 

The first node in a tree is called a root node and it decides the first split per-

formed in the tree. The tree can then be further split into subtrees as far as 

the model complexity allows, and it serves to lower the error rate of the tree.  

For classification, the optimal splits are calculated using methods such as in-

formation gain, Gini impurity or Chi-square [53]. Individual decision trees 

often lack accuracy and are prone to overfitting. However, when combined 

into ensembles as forests, they demonstrate strong predictive performance, 

robustness, and improved generalization to unseen data.  

 

In gradient tree boosting, each observation is given the same initial predic-

tion value, usually based on the average of the known values in the train set. 

In binary classification, this value is a log odds probability based on the share 

of true and false observations as shown in Equation 11.  
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impact of noise or random fluctuations [53]. This results in the model per-

forming very well on the training data but very poorly on the testing data. As 

such, it is important to stop the model when the improvement on the training 

data no longer lead to improvements on the testing data. By doing this, only 

the trends relevant in all data are considered. Similarly, overfitting can occur 

when too many independent variables or model features are considered, pos-

sibly putting undesired importance on irrelevant information. Therefore, it's 

important to consider not just the model but also the input data, as the qual-

ity and structure of the data greatly impact the model's performance [51, 54]. 

 

A strength of XGBoost is its ability to efficiently use its input data. Compared 

to overfitting mitigation techniques applied in normal gradient tree boosting 

such as additive learning, XGboost introduces features such as column sub-

sampling and a regularized learning objective to reduce correlation between 

trees and smoothen the overall attribution of each tree [48]. While these 

measures help mitigate overfitting, the model still requires relevant data to 

perform. This data can be given as raw measured data or further processed 

into features more easily interpreted by the model. This kind of data pro-

cessing is called feature engineering and is a central part of machine learning 

[48, 51, 55]. Some examples of feature engineering are cyclical transfor-

mations, calendar variables, lagged features, mean values and combined fea-

ture variables [4, 9, 10, 51, 54, 56, 57]. These features help the model see cer-

tain patterns better and improve its understanding of feature behaviour. For 

example, converting hours into sine and cosine components makes it easier 

for the model to see it as a continuous pattern rather than a numerical value, 

removing the sudden jump from 23 to o at the start of each new day.  

 

There are four main reasons as to why XGBoost was chosen for this thesis. 

Firstly, XGBoost has proven relevant performance. In the literature, 

XGBoost has shown to be a very promising method for many different use 

cases but also for time-series energy forecasting applications. In the papers 

reviewed, XGBoost performed well when compared to other simpler methods 

such as linear regression, k-nearest neighbour, Random Forest (RF), and 

Support Vector Machine (SVM) [5, 24, 58, 59]. XGBoost was also shown to 

perform similarly in comparison to more complex neural network models 

[54, 56].  Secondly, method maturity: The XGBoost method has been used 

for around 10 years and is still showing relevance. Therefore, there exists a 

lot of support for the method in terms of online sources and code library com-

patibility. Thirdly, overfitting protection. Compared to other ensemble meth-

ods such as random forest regression or gradient boosting, XGBoost offer the 

best overfitting mitigation. As the data availability for this thesis is limited to 

only 10 months, overfitting becomes a relevant concern. Lastly, interpreta-

bility. While high-performing models such as deep neural-networks can 

showcase better computational power, they lack the interpretability of 
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3 Methodology 
 

While considerable literature exists on the topic of energy price and load fore-

casting, little is found on the research topic of this thesis. This gap in the lit-

erature necessitates the formulation of a scenario specific solution. There-

fore, most of the work related to this thesis falls into the category of modelling 

and simulations. All models presented in this thesis are written in Python, 

with only a minority of manual data processing performed in Excel. This 

chapter presents the methodology used in the presented solution. 

 

3.1 Strategic overview 
 

Due to the quite extensive and technical scope of this thesis, some motivated 

assumptions and boundaries need to be set. These allow for the research 

problem to be assessed using the available data. This section serves as a stra-

tegic overview of the software resources, assumptions, and the idea behind 

the proposed solution methodology. 

 

3.1.1 Methodology overview 

 

To formulate general strategic guidelines for optimal energy market alloca-

tion, this thesis splits the problem into four distinct sub-problems. Each sub-

problem is solved through the formulation of a model whose output becomes 

the input for the next. A flowchart of the methodology overview is presented 

in Figure 17.  

 

 
Figure 17. Flow chart of methodology. Dashed arrows and boxes represent 

gathered data. Filled arrows and boxes represent calculated inputs and out-

puts. 
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Before the formulation of any model, considerable gathering and pre-pro-

cessing of the data was required. It was necessary to transform all data into a 

uniform format compatible with the rest of downstream models. Further-

more, any errors or discrepancies left unresolved will complicate and delay 

progress considerably down the line.  

 

The first sub-problem is to locate optimal allocation in historical data using 

a MILP model. The model searches for, given perfect hindsight and without 

competitive limitations, the most profitable multi-market allocation for each 

hour of the investigated period. In doing this, the most profitable up- and 

downregulation market can be found. This data would serve as the dependent 

variable for the XGBoost classification modes. 

 

The second sub-problem is to formulate XGBoost classification models for 

finding trends in optimal market allocation. The model predicts, given rele-

vant feature input data, which market is the most profitable for each hour of 

the investigated period. This is done for both up- and downregulation mar-

kets. The feature impacts on the model predictions are visualized using SHAP 

to provide interpretable trends for further formulation of strategic allocation 

guidelines. 

 

The third sub-problem is to transform the trends found by the model into 

applicable trading strategies for a renewable power producer. The model 

strategically allocates, given feature and trend data, the DA and hour-ahead 

production into the considered energy markets. Other minor strategic imple-

mentations are also considered in addition to the trends. This allocation 

served as input data for the final market participation model.  

 

The final sub-problem is to test the feasibility of the formulated strategies in 

a market participation model. The model simulates, given production and bid 

data, the plausible participation of a producer in the considered markets. The 

feasibility of the participation is measured in several metrics to be evaluated 

and compared to other strategies.   
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3.3 MILP model for optimization of historical allocation 
 

The aim of the optimization model is to identify the most profitable energy 

market for up- and downregulations for each timestep using historical mar-

ket data. Since the timestep used in all the models in this thesis is one hour, 

the profitability is calculated hourly. This output will be used as the depend-

ent variable in the XGBoost classification model to locate trends in market 

profitability. The core principle of the optimization model is illustrated in 

Figure 18. While possible to run with hybrid farm production data, the opti-

mization is performed on three baseload production capacities of 50MW, 

100MW and 150MW. This is done to eliminate any noise introduced by ir-

regular production and to better capture the impact of specific market sizes. 

As the aim is purely to locate the market in which it was most profitable to 

participate in, the model does not consider its own participation. Similarly, 

no limit is set on how much it can allocate to any market, and it is therefore 

possible for the model to cover both the whole capacity and energy activation 

needs of a market. While this might not be realistic from a market security 

perspective, it provides unrestricted insight into total market profitability, 

which is the only interest at this stage of the modelling process. This calcula-

tion method captures the effect of prices and procurement/activation vol-

umes in both the capacity and energy reserve markets. As such, it offers a 

more holistic approach in comparison to merely considering market price 

levels.  

 
Figure 18. Core principle of the optimization model. 

 

The optimization model is built using a MILP library for Python called pulp 

[69]. It allows for assigning constants, variables and constraints for a speci-

fied maximization or minimization problem. This problem can be applied to 

a series of values and globally optimized over the whole data set. As such, it 

can be used with time-series datasets such as the ones used in this thesis. The 

maximization problem used in this optimization model is the hourly market 

gross profit, which is calculated as Equation 15 below:   
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3.4.2 XGBoost Classification models 

 

Two XGBoost classification models are deployed in this thesis. One multi-

class model is constructed to predict the most profitable upregulation market 

among SPOT, mFRR and aFRR for each hour using the output data from the 

optimization model as the dependent variable. Another binary model is con-

structed to predict the most profitable downregulation market between 

mFRR and aFRR for each hour, using the output data from the optimization 

run without upregulation markets as the dependent variable. For a binary 

model, it is only necessary to locate trends for one class as they are function-

ally inverse. In this thesis, the downregulation model trends reflect mFRR 

Down profitability. Both up and downregulation models are run using the 

independent variable features presented in Table 8. 

 

Test and train splitting of the input data was performed using the 

TimeSeriesSplit function of the sk.learn Python library. This K-fold inspired 

cross-validation technique designed for chronological time-series data allows 

the model to progressively consider a larger test set while prohibiting data 

leakage from future observations. The function splits the data into n equally 

spaced folds, with the kth fold considering the first k folds as training data and 

the (k+1)th fold as testing data [72]. In this model, the input data was split 

into 10 separate folds. The length of the input data for the model was approx-

imately 10 months spanning from the 12th of June 2024 until the 31st of April 

2025. As such, the final fold of the model approximately considered the data 

from June 2024 until March 2025 as training data and the data from April 

2025 as the testing data.  

 

Similar to Khan et al. [67], the independent variable of this model was not 

equally balanced between the classes. To prevent the model from majority 

bias, the compute_class_weight function of the sk.learn Python library was 

used to address this problem [73]. This function balances the weights of clas-

ses in a set to provide the same importance to a ML model.  

 

The XGBoost classification model available in the xgboost Python library in-
cludes several parameters used to alter the functionality of the model. These 
can be divided into three types. General parameters define the model variant 
and computational device, task parameters define the operational task of the 
model, and booster parameters define model operational parameters and 
limits. The general and task parameters chosen for the models are presented 
in Table 9. 
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Table 9. General and task parameters applied in the XGBoost models. 

Parameter Value 

Objective 
Up: multi_softprob,  

Down: binary_logistic 

num_class Up: 3, Down:2 

eval_metric Up: mlogloss, Down: logloss 

tree_method hist 

verbosity 0 

random_state 42 

 

As the booster parameters directly impact the operational structure of the 

model, these can be optimized to improve case-specific performance. For this 

purpose, the grid search method [74] is used to iterate the models over a spe-

cific set of booster parameters displayed in Table 10.  

 

Table 10. Booster parameters over which the grid search is performed. 

Parameter Value 

max_depth [4, 5, 6] 

learning_rate [0.05, 0.1] 

n_estimators [300, 600, 800] 

subsample [0.5, 1] 

colsample_bytree [0.5, 1] 

reg_alpha [0.5, 1] 

reg_lambda [0.5, 1] 

 

The Python library itertools [75] was used to systematically test every com-

bination of booster parameters and identify which combination reached the 

best F1 score on the final fold of the model. These parameters are then chosen 

as final model parameters and used when extracting the prediction trends 

using SHAP.  In addition to the F1 score, each fold was evaluated for Accu-

racy, precision and recall. A dummy classifier model from the Python library 

sklearn.dummy is included to provide benchmark values for model evalua-

tion [76]. This model does not consider the independent features and was set 

to run on a uniform strategy guessing the predictions at random.  
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3.5 Allocation models for strategy formulation 
 

The aim of the allocation strategy models is to systematically allocate hourly 

hybrid system capacity to the energy markets considering SHAP trends, fea-

ture values and DA production forecasts. In addition to the DA allocation, the 

hour-ahead (HA) allocation is also considered. Three allocation strategy 

models are formulated for this thesis. A complex model is formulated to con-

sider the 12 most influential feature trends from the ML model and allocate 

the capacity based on SHAP value transformations. A general guideline 

model is formulated to consider the 6 most relevant feature trends from the 

complex model as generalized allocation trends. Lastly, a simple strategy 

model based on constant percentage allocation will also be considered to il-

lustrate a very simplistic approach. These strategies are tested and compared 

in the market participation model presented in Section 3.5 to evaluate their 

feasibility.  Figure 21 presents the core principle of the complex and general 

allocation strategy models.  

 
Figure 21. Core principle of the dynamic allocation strategy models. 

 

The models make allocation decisions in hourly granularity for both the DA 

and HA markets for the hybrid system pictured in Figure 22. As such, the 

decisions are based on hybrid farm production forecasts. Since the PV power 

production was simulated, no forecasts exist. Rather than fabricating a ran-

dom forecast that would not match the rest of the data, the simulated pro-

duction data is used as forecast data as well. For wind power production, 

however, DA and HA forecasts exist in addition to the measured production 

data. This allows for measuring the accurate effect of production imbalances 

on profitability. For this reason, separate calculations are also performed us-

ing only wind power production, providing a more realistic participation of a 

renewable system. To account for inherent forecast errors as well as grid con-

nection capacity, the initial allocation limitations in Table 11 are applied on 

the total allocations set by the models.  
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4 Results 
 

In the previous chapter, the various models developed for each sub-problem 

were thoroughly outlined, detailing the methodologies, assumptions, and pa-

rameters used. Each sub-problem solution is designed to solve a specific task, 

providing input to the next problem in the larger framework of the thesis. As 

such, it is important to oversee each step of the simulation process. This sec-

tion presents the results and outputs of the sub-problem models explained in 

Chapter 3.  

 

4.1 Optimization model 
 

The optimization models are run to locate the most profitable up- and down-

regulation markets for each hour. This is calculated using a baseline produc-

tion of 50 MW, 100 WM and 150 MW to incorporate market size considera-

tion and to limit the noise from irregular production. The results of the opti-

mization models can be seen in Figures 25-27 

 

 
Figure 25. Share as most profitable market for 50 MW baseline allocation. 
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Figure 26. Share as most profitable market for 100 MW baseline allocation. 

 
Figure 27. Share as most profitable market for 150 MW baseline allocation 

 

Figures 25-27 present the share of hours at which the different markets were 

calculated to be the most profitable for 50 MW, 100 MW and 150 MW of 

baseline production. An interesting observation from the graphs is how the 

share for mFRR Up does not change by changing the baseline allocation. 

However, the share of the aFRR market declines with higher allocation vol-

ume for both the up- and downregulation markets, illustrating the limitation 

set by the market size of aFRR. This is further supported by the data pre-

sented in Figures 28-30, where the aFRR market revenue barely increases 

from 100 MW allocation to 150 MW. These figures also highlight the differ-

ences between up and downregulation reserve revenue streams. Energy mar-

kets account for most upregulation reserve revenues while capacity markets 

dominate downregulation revenues.  This can be attributed to prices in 

downregulation energy markets seldom reaching negative prices comparable 

to those in upregulation markets.  

 



84 

 

 
Figure 28. Total revenue per market for 50 MW baseline optimization. Market 

denotations C and E stand for Capacity and Energy respectively. 

 

 
Figure 29. Total revenue per market for 100 MW baseline optimization. Mar-

ket denotations C and E stand for Capacity and Energy respectively. 
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4.2 Machine learning model and feature trends 
 

The XGBoost ML models are run with market profitability data from the op-

timization models and gathered feature data to locate trends between the two 

time-series datasets. These impact trends are visualized using SHAP to create 

approximated interval maps applicable in the allocation strategy models. As 

the aim of this thesis was to identify allocation trends using predictive ana-

lytics rather than to justify them, little study will be devoted to the latter. 

However, some hypotheses will be provided for the most impactful trends.  

 

4.2.1 ML model performance 

 

This thesis employs two XGBoost ML models. A multi-class model for the 

three upregulation markets and a binary model for the two downregulation 

markets. After running the models as presented in Section 3.4.2, they 

achieved the results presented in Table 24.  

 

Table 24. Evaluation metric results of the ML models. 

Model Precision Recall Accuracy F1 Score Support 

50 MW 
Upregulation model  0.556 0.513  

SPOT 0.64 0.80 - 0.71 395 

aFRR  0.37 0.35 - 0.36 164 

mFRR  0.18 0.06 - 0.09 126 

Downregulation model 0.746 0.746  

aFRR 0.72 0.76 - 0.74 326 

mFRR 0.77 0.74 - 0.75 359 

100 MW 
Upregulation model 0.634 0.583  

SPOT 0.69 0.88 - 0.77 438 

aFRR  0.41 0.28 - 0.33 114 

mFRR  0.33 0.11 - 0.17 133 

Downregulation model 0.737 0.733  

aFRR 0.73 0.61 - 0.66 292 

mFRR 0.74 0.83 - 0.78 393 

150 MW 
Upregulation model 0.682 0.682  

SPOT 0.72 0.91 - 0.81 462 

aFRR  0.53 0.36 - 0.43 95 

mFRR  0.31 0.09 - 0.13 128 

Downregulation model 0.739 0.736  

aFRR 0.68 0.62 - 0.65 268 

mFRR 0.77 0.82 - 0.79 417 
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Figure 32. Predictions of the upregulation XGBoost model (orange) trained 

on 100 MW optimizer output data (blue). 0 = SPOT, 1 = aFRR Up, 2 = mFRR 

Up 

 

Figure 33. Predictions of the upregulation XGBoost model (orange) trained 

on 100 MW optimizer output data (blue). Market classes: 0 = aFRR Down, 1 

= mFRR Down 

 

4.2.2 ML model trends 

 

The graphs in Figure 34-37 present SHAP beeswarm summary plots of the 

100 MW upregulation market model. Each graph highlights the trends which 

had most impact on the specific market prediction. The most important fea-

tures ranked highest on the feature list. The trends are presented as feature 

value impact on the SHAP log odds value. As explained in Section 2.4.2, a 

negative SHAP value lowers the model prediction probability, while a posi-

tive value does the inverse. The colour gradient on the right of the figure il-

lustrates the specific feature value. Dots colour-coded as blue refer to obser-

vations with low feature values compared to the rest, whilst red dots refer to 

observations with high feature value. As such, the summary plots give a ho-

listic view of the impact of specific features and their respective trends. Due 

to the multiclass structure of the upregulation model, each upregulation 
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market has its own summary plot depicting trend impact on market specific 

predictions. For downregulation, however, all trends are inverse due to the 

binarity, resulting in only one plot (Figure 37). While the feature specific im-

pacts differ slightly between the markets, some features appear significant 

for all markets. This supports the trends found in both models and facilitates 

the feature selection for the strategy allocation models.  

 

Figure 34. Beeswarm plot for feature impact on SPOT market predictions 

 

Figure 35. Beeswarm plot for feature impact on aFRR Up market predictions. 
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Figure 36. Beeswarm plot for feature impact on mFRR Up market predictions. 

Figure 37. Beeswarm plot for feature impact on mFRR Down market predic-

tions. 

 

The most impactful trends are investigated further using SHAP scatter plots 

showing the specific SHAP value impact for feature values (Figures 38-47). 

These graphs allow further information on specific trends found in the 

beeswarm plots. For example, an almost linear correlation between the re-

serve markets and the forecasted share of wind and solar to forecasted con-

sumption is clearly visible in Figure 38.  The graphs suggest a positive linear 

relationship to aFRR profitability. An inverse relationship seems to exist for 
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Figure 48. Trends for feature "Wind & Solar share of Forecasted consump-

tion" for mFRR Up % Down at 50 MW, 100MW, and 150 MW baseline pro-

ductions. Graph order: mFRR Up 50 MW (Top left), mFRR Down 50 MW 

(Top right), mFRR Up 100 MW (Middle left), mFRR Down 100MW (Middle 

right), mFRR Up 150 MW (Bottom right), mFRR Down 150 MW (Bottom left). 

 

 

 

 

  











106 

 

Table 25. Up and down allocation percentages of total available allocation 

controlled by the strategies. Hybrid system. 

Strategy allocation 

percentage 

Complex 

strategy 

General 

strategy 

Simple 

strategy 

Upregulation  

percentage (%) 
45 % 50 % 10 % 

Downregulation  

percentage (%) 
100 % 100 % 100 % 

 

Figure 52 displays the volumes allocated and procured in DA markets by the 
hybrid system when applying the different strategies.  The volumes are pre-
sented as percentages of the total allocated volume for the respective regula-
tion directions. From the left graph, it can be observed how the optimal per-
centages for the simple strategy result in much lower upregulation reserve 
market allocation compared to the dynamic strategies. The dynamic strate-
gies are quite similar with the exception that the complex strategy allocates a 
bit less in upregulation markets and more overall in mFRR markets. Not 
shown in the graph is the curtailment due to the grid connection capacity. 
However, this amounted to less than 0.3% of the total system production. 
The right graph of Figure 52 illustrates the procurement share of the allo-
cated volumes. It can be observed how both dynamic strategies procured 
more than initially allocated to the SPOT market. This is most likely due to 
unprocured upregulation reserve capacity being moved over to the SPOT 
market. Except for the mFRR market, similar percentages can be seen for 
each strategy. The very minor volume of less than 0,1% allocated to the mFRR 
upregulation market by the complex strategy achieved a considerable pro-
curement percentage of more than 70%. Perhaps more interesting, however, 
is the fact that the simple strategy achieved less than half of the procurement 
share of what the dynamic strategies did in the mFRR down market whilst 
allocating a similar capacity.  
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Figure 52. Market specific allocation percentage (Left) and procurement 

share (Right). Hybrid system. 

 

The market specific revenue shares for each strategy are presented in Figure 

53. Even without mFRR allocation, similarities can be found when compar-

ing this to the optimized baselines from Figures 28-30. The same relation-

ship between capacity and energy market of up- and downregulation can be 

seen. Energy markets appear to be the main revenue sources for upregulation 

reserve markets, being responsible for about two thirds of the total market 

revenue. The reverse relationship seems to exist for downregulation markets. 

Figure 53. Market specific revenue distribution for each strategy. Hybrid  

system. 
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Two additional measurements of strategy efficiency are presented in Figure 

54. In addition to the gross profit and sanctions, the graph depicts the relative 

strategy-specific weighted average procurement percentages and captured 

economic profits when comparing the results of the dynamic strategies to the 

simple strategy. The complex and general strategies show improvements of 

11% and 12%, respectively relative to that of the simple strategy when com-

paring VWAPP. As such, dynamic strategies show a considerable increase in 

the procurement efficiency of their allocation. However, the captured eco-

nomic profit is considerably lower for dynamic strategies compared to the 

simple strategy. This suggests that the dynamic strategies on average achieve 

lower economic profits per allocated upregulation capacity. However, this 

does not consider how the general strategy allocates around 250 % more into 

capacity markets, which is crucial given how this metric is calculated (Equa-

tion 46). Therefore, this metric shows bias to the simple strategy in this com-

parison.  

 

 
Figure 54. Performance metrics of the complex and general strategies com-

pared to the simple strategy. Hybrid system. 
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4.3.2 Wind farm results 

 
Figure 55. Wind farm structure. 60 MW grid connection and 45 MWp wind 

farm. 

 

To better capture the realistic market participation of a renewable entity, a 

wind farm such as presented in Figure 55 is simulated. This system uses only 

historically forecasted or measured production data provided by Puhuri. 

However, the results presented in this section are normalized to not disclose 

confidential information related to wind farm performance. Other than the 

production data, everything is calculated similarly as for the hybrid system.  

 

Figure 56 presents the optimal up and down allocation percentages for each 

strategy. As with the hybrid system, the wind farm reaches its highest profit 

at 100% downregulation allocation percentage for every strategy. However, 

whilst not observed, the added benefit falls off considerably faster at higher 

percentages, highlighting the negative effects of sanctions.  

 

For upregulation, all strategies peak at higher percentages compared to the 

hybrid system. This suggests that wind power producers might benefit more 

from upregulation allocation compared to less cannibalizing sources. Never-

theless, the same decline in profitability of the simple strategy at higher per-

centages remain.  Table 27 presents the optimal allocation percentages used 

for further evaluation. 
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Figure 56. Up and down allocation percentages of strategies to gross profit 

for the hybrid system. Profit presented as a percentage value compared to 

Simple strategy profit at same allocation percentage. Rectangles and circles 

represent optimal up- and downregulation percentages respectively for each 

strategy. Wind farm. 

 
Table 27. Up and downregulation allocation percentages controlled by the 

strategies. Wind farm. 

Strategy allocation 

percentage 

Complex 

strategy 

General 

strategy 

Simple 

strategy 

Upregulation  

percentage (%) 
55 % 55 % 35 % 

Downregulation  

percentage (%) 
100 % 100 % 100 % 

 

Figure 57 illustrates the market specific allocation and procurement shares 

of the wind farm using the different strategies at their optimal allocation per-

centages. From the graph on the left it is observed how the strategies now 

allocate similar amounts to the SPOT and upregulation reserve markets. This 

in turn, means that similar amounts can be allocated to the downregulation 

markets. However, this is divided differently between the strategies. The op-

timized simple strategy allocated its downregulation capacity at around a 

20%/80% split between mFRR and aFRR respectively. Both dynamic strate-

gies resulted in roughly a 40%/60% split between these markets, with the 

complex strategy slightly preferring mFRR and the general strategy 
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preferring aFRR. This split was more even for the hybrid system, suggesting 

that the wind farm has a lower production during times of presumed mFRR 

down profitability.  

 

The right graph of Figure 57 presents the procurement shares of each market. 

Here too SPOT and aFRR Up results are quite similar for each strategy. 

Again, the complex strategy allocated a minute amount to the mFRR market, 

which achieved a high procurement share. Like the hybrid system result, the 

simple strategy is struggling with procurement in the mFRR Down market, 

procuring only about 12%, even at low allocation. Comparing the overall pro-

curement share of the wind farm to the hybrid system, it is observed how the 

hybrid system achieved higher procurement shares in every reserve market. 

Since this statistic generally would not increase with higher allocation, it 

could indicate the somewhat lower capture rate for historical wind power 

even in these markets.  

Figure 57. Market specific allocation percentage (Left) and procurement 

share (Right). Wind farm. 

 

Figure 58 presents the revenue distribution across the markets. The distri-

bution is very similar to that of the hybrid system results in Figure 52. How-

ever, the overall share of reserve market revenue has increased for every re-

serve market except for mFRR Down. Whilst this could indicate lower cap-

ture prices for mFRR Down, it is also affected by the overall lower mFRR 

Down allocation. The same statement could be made regarding the SPOT 

market revenue share going down.  
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The volume weighted average procurement percentage and captured eco-
nomic profit of the dynamic strategies are compared to the simple strategy in 
Figure 59. The increase in procurement percentage for the dynamic strategies 
is not as prominent with the wind farm, only showing improvements of 
around 3% relative to the simple strategy. However, the captured economic 
profits are now considerably higher for the dynamic strategies compared to 
the simple strategy, showing improvements close to 45%. Whilst it is now the 
simple strategy that is allocating more to the upregulation reserve markets, 
it is only by less than 9%. Therefore, this provides a more accurate compari-
son of captured economic profit compared to the hybrid system.  

 
Figure 59. Performance metrics of the complex and general strategies com-

pared to the simple strategy. Wind farm. 

 

In addition to the three formulated allocation strategies, the wind farm sim-

ulations also consider the separate strategy implementations presented in 

Section 3.5.4. These are applied on the general allocation strategy as it 

boasted the highest gross profit. Table 29 presents the additional strategy 

implementations and Figure 60 displays key metrics from their simulation 

results in relation to the results of the general strategy. The results show that 

the HH implementation is the only one to further increase the gross profits 

of the general guidelines model, and this only to a minor extent. The NO HAE 

implementation shows a significant increase in captured economic profit. 

However, this is only due to it allocating nothing to upregulation markets at 

0% up allocation, whilst the rest still allocate HA excess production to reserve 

energy markets. Consequently, it has the lowest gross profit out of all the con-

sidered implementations. Only allocating to upregulation markets during 

negative SPOT hours as per the DAP FC implementation appears ineffective, 

showing decreased results in every metric except sanctions.  
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Table 29. Additional strategy implementations applied on the general strat-

egy. Wind farm. 

Additional implementation Abbreviation 

Not allocating into HA energy markets NO HAE 

Only allocating into upregulation reserve markets in case 

of negative price forecast 
DAP FC 

Allocating half to upregulation and half to downregulation 

in case of negative price forecast 
HH 
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Figure 60. Performance metric comparison of additional strategy implemen-

tations in comparison to general strategy. Wind farm. 
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The financial results of the thesis illustrate how reserve market participation 

can provide additional value to a renewable power producer. Historically, 

VRE reserve market participation has been centred in downregulation, fo-

cused mostly on energy markets [42]. However, the results presented in this 

thesis suggest that capacity market and upregulation participation can be 

profitable given the right strategy. The dynamic strategies formulated 

achieved higher revenues compared to static strategies. However, these were 

also subject to higher imbalance sanctions, lowering the gap between the fi-

nal gross profits. Whilst the dynamic strategies did not greatly outperform 

the static strategy in terms of profits, they achieved improved allocation effi-

ciencies in terms of higher volume weighted average procurement percent-

ages and captured economic profits. Though simpler, the general strategy 

showed slightly improved performance compared to the complex model, sug-

gesting that focus should be put on the major trends in market profitability 

to avoid overfitting.  
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5 Summary 
 

5.1 Limitations 
 

The underlying limitations ought to be considered before drawing any final 

conclusions regarding the results of this thesis. These can be divided into 

three main categories: data, model and market limitations.  

 

The data used in this thesis is subject to several limitations. Due to the aFRR 

energy market having been launched in June of 2024, all data used is there-

fore limited to this start date. As such, the models applied in this thesis have 

access to less than a year worth of data while similar models generally apply 

data spanning several years. Additionally, due to the circumstances, the fea-

tures used were subject to several limitations including ease of use, public 

availability, forecastability, and quantity. These factors considerably limit 

ML performance. The limitations in data availability also results in strategies 

being tested on data used in the ML models, limiting their future credibility. 

Furthermore, the absence of real PV production and forecast data prohibited 

the simulation of a realistic hybrid farm.  

 

The need for interpretability results in limitations on model selection. As 

such, whilst more advanced AI models than XGBoost could reach better per-

formance, these could not be applied. It should also be stressed that the 

trends located through SHAP indicate feature impact on model predictions, 

not feature impact on market profitability. Therefore, no guarantee exists for 

causality. Furthermore, whilst extracting the most impactful SHAP trends as 

moving average intervals allows for easier trend application, it introduces the 

possibility of forfeiting more intricate feature correlations used by the model. 

 

The energy markets themselves incur limitations. Due to their complexity, 

the data available is not enough to fully simulate the effects of participating 

in them. This results in some degree of uncertainty regarding the financial 

results of this thesis. However, while the accuracy of the financial results can-

not be guaranteed, the same assumptions are applied on each scenario allow-

ing for their relative comparability. Furthermore, due to the low maturity of 

the markets and the rapidly changing energy sector, there is no guarantee for 

future compatibility of the strategies. During the thesis writing period alone, 

both FRR markets underwent considerable updates [35, 36]. As such, the 

trends and models should ideally be updated continuously to ensure the com-

patibility of the strategic guidelines.  
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5.2 Conclusions 
 

This thesis investigates the effectiveness of interpretable machine learning 

for locating trends in profitable capacity allocation in the Finnish SPOT and 

FRR markets. The aim is to formulate the trends into general strategic guide-

lines, applicable in bidding strategies of renewable power systems. These 

strategies are tested on historical energy market data to evaluate their feasi-

bility.  

 

Historical allocation is optimized and applied on an XGBoost classification 

model trained using historical weather, calendar, energy system and market 

data to visualize allocation trends through SHAP value impact analysis. The 

trends are formulated into strategies and tested in a market participation 

model formulated to simulate the realistic behavior of the energy markets. 

 

Whilst the XGBoost models applied in this thesis outperform baseline bench-

marks, the performance is below that of ML models applied on other tasks 

found in literature. This suggests that either this prediction task is more com-

plicated or that the approach could be improved. Nevertheless, the models 

located several allocation trends usable in a strategy. 

 

The most prominent trends found suggest a relationship between reserve 

market profitability and the forecasted renewable energy production as well 

as its share of forecasted energy consumption. These seem to positively cor-

relate with the aFRR market and negatively with the mFRR market. Addi-

tionally, factors such as past market prices, nuclear production, and hour of 

day appear significant with respect to the expected profitability of the energy 

markets.  

 

Testing the strategies on historical market data revealed the ability to sub-

stantially increase the gross trading profits of renewable energy production 

systems through participation in reserve markets. Data shows how partici-

pating in downregulation can produce considerable additional profits on top 

of normal SPOT market returns. Additionally, the results suggest that returns 

can be further increased through upregulation reserve market participation, 

given the proper strategy. During a proper imbalance scenario, the dynamic 

strategies formulated in this thesis achieved improvements of 4.4% and 

44.1% for gross trading profits and captured economic profits respectively, 

compared to the optimized static strategy.  
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6 Appendix A 
 

Table 30. Model assumptions 

Assumption Model 

1 hour time series granularity is enough to model the 

system 
All 

Optimization model capable of covering all demand 

for capacity and activation 
Optimization model 

Capacity market sanction cost in optimization model 

to always be 3 times the capacity price. 
Optimization model 

Historical weather data used in place of weather fore-

casts 
Machine learning model 

10 interval bins enough to capture SHAP value trends Strategy allocation model 

System able to regulate 100% of its production capac-

ity 
Market participation model 

No participation effect of the system on the SPOT 

market  
Market participation model 

Logistic functions used to assume the participation ef-

fect of the system on the reserve markets 
Market participation model 

No OPEX for regulation of the system Market participation model 

All positive imbalance can be curtailed Market participation model 

If considered, a price forecast would indicate when the 

SPOT market electricity price is below -1 
Market participation model 

Fingrid data enough to simulate the markets Market participation model 

No ramp up/down needed if the system was activated 

the hour before.  
Market participation model 

The system is compatible with the technical require-

ments of the markets 
Market participation model 
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Table 31. Data sets. Company specific data (source: Puhuri) was used only 

for model training and validation. All presented results are anonymised, nor-

malized and expressed as relative values.  

Data set Source Data category 

Day-ahead wind power production  

forecast data 
Puhuri Production data 

Hour-ahead wind power production 

forecast data 
Puhuri Production data 

Wind power production data Puhuri Production data 

Day-ahead icing factor forecast Puhuri Production data 

TMY solar power production data PVsyst Production data 

SPOT market electricity price in the 

Finnish market area 
Nord Pool Energy market data 

Imbalance price  Fingrid Energy market data 

Balancing Capacity Market (mFRR), up, 

hourly market, price 
Fingrid Energy market data 

Balancing Capacity (mFRR), down, 

hourly market, price 
Fingrid Energy market data 

Automatic Frequency Restoration  

Reserve, price, up 
Fingrid Energy market data 

Automatic Frequency Restoration  

Reserve, price, down 
Fingrid Energy market data 

Up-regulating price in the Balancing  

energy market 
Fingrid Energy market data 

Down-regulation price in the Balancing 

energy market 
Fingrid Energy market data 

aFRR energy volume weighted average 

price, up 
Fingrid Energy market data 

aFRR energy volume weighted average 

price, down 
Fingrid Energy market data 

Balancing Capacity (mFRR), up, hourly 

market, procured volume 
Fingrid Energy market data 

Balancing Capacity (mFRR), down, 

hourly market, procured volume 
Fingrid Energy market data 

Automatic Frequency Restoration  

Reserve, capacity, up 
Fingrid Energy market data 

Automatic Frequency Restoration  

Reserve, capacity, down 
Fingrid Energy market data 

Ordered up-regulations from Balancing 

energy market in Finland 
Fingrid Energy market data 

Ordered down-regulations from  

Balancing energy market in Finland 
Fingrid Energy market data 






