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Abstract

Abstract

The transition to sustainable energy sources is a critical challenge of the 21st
century. Over the past decade, the adoption of renewable resources such as
wind and solar power has surged, driven by policy incentives and decreasing
costs. While these measures are essential for decarbonising the energy sector,
they introduce challenges such as price volatility, efficient energy management,
and curtailments. The rapid expansion of wind and solar power also increases
variability in net power demand, posing significant reliability concerns for elec-
tricity grids. Addressing these challenges requires advanced tools to predict
market dynamics and manage the resulting imbalances effectively.

This dissertation responds to these needs by focusing on predicting electricity

prices and modelling trading strategies in the [Day-Ahead Market (DAM)| and
IBalancing Market (BM)|, with a primary emphasis on the latter. The is a
forward market where electricity is traded a day in advance based on forecasted

demand, while the operates closer to real-time, allowing for adjustments to
address supply-demand imbalances and forecast errors. The characterised
by higher volatility than other markets, has become increasingly important for
managing forecast errors associated with variable renewable energy. While tra-
ditional spot markets like the DAM| and [Intra-Day Market are well-studied, the
remains under-explored despite its critical role in balancing real-time sup-

ply and demand, particularly in regions where large-scale energy storage so-
lutions are not economically viable, necessitating a real-time balance between
production and consumption to minimise curtailments.

The research outlines how to approach forecasting the starting with the col-

lection and preprocessing of datasets for both the Irish [DAM| and [BM| accom-

panied by a detailed time series analysis. Various techniques for forecasting

electricity prices are investigated, utilising statistical, [Machine Learning, and

IDeep Learning models. The study identifies the [Lasso Estimated AutoRegressive|

model as the most effective for accurate price prediction, closely followed by

[Extreme Gradient Boosting| and [Random Forest. Deep Learning models, while
excelling in the forecast, struggle to accurately forecast prices in the

Expanding on these insights, the thesis explores the optimisation of trading
strategies using quantile-based forecasts. Initially, a trading approach is de-
tailed for executing trades once per day in each market, which is then extended
to a heuristic optimisation strategy for higher frequency trading. The research

Forecasting and Trading Optimisation in the X Ciaran O’Connor
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Abstract

further evolves to a dual-market strategy, holding positions in both markets
concurrently, highlighting the advantages of multi-market participation. The
outcomes emphasise the pivotal role of increasing trading frequency with large
scale energy storage to improve grid reliability and market liquidity.

Furthermore, to refine probabilistic price prediction, this thesis evaluates recent

adaptations of |Conformal Prediction|techniques tailored for time series data, in-

cluding [Ensemble Batch Prediction Intervals| and [Sequential Predictive Confor|

imal Inferencel We demonstrate the efficacy of [Conformal Prediction| methods

in achieving validity and providing more reliable prediction intervals compared

to conventional approaches like [Quantile Regression| and [Quantile Regression|
which excel in efficiency. We propose an ensemble combining the
efficiency of [Quantile Regression| with the improved coverage of
techniques, delivering reliable forecasts with narrow intervals, and
demonstrating improved financial returns in both markets.

This thesis advances electricity price forecasting and trading strategies by de-
veloping a transparent framework for probabilistic forecasting and trading in

both the [DAM] and BM\ For energy producers, the proposed methods enhance

revenue stability by mitigating price volatility and curtailment risks. Grid oper-
ators benefit from improved forecast accuracy, enabling proactive grid manage-
ment, effective scheduling, and reduced reliance on costly balancing measures.
Optimised trading strategies leverage the DAM’s forecast-based scheduling and
the BM’s real-time adjustments, addressing market-specific challenges while en-
hancing profitability and liquidity for traders and other market participants.

By supporting the integration of renewable energy sources and reducing curtail-
ments, these methods align with global decarbonisation goals and the transition
to a low-carbon energy system. This research provides a practical framework
for improving market efficiency and resilience, equipping stakeholders with ac-
tionable tools to navigate the complexities of renewable integration.

Forecasting and Trading Optimisation in the — xi Ciaran O’Connor
Day-Ahead and Balancing Market



Chapter 1

Introduction

1.1 Motivation and Background

The global energy landscape has undergone a profound transformation in re-
cent years, driven by the urgent need to reduce greenhouse gas emissions and
combat climate change. Among the foremost challenges of the 21st century is
the transition to sustainable energy sources. Renewable energy technologies
such as wind, solar, and hydroelectric power have seen significant adoption,
spurred by policy incentives and decreasing technology costs [MR22]. Govern-
ments and regulatory bodies have implemented various support mechanisms,
including feed-in tariffs, renewable energy certificates, and tax incentives, to
encourage investment in renewable energy projects [KLET21]. These initiatives
not only promote sustainability but also accelerate the transition to a greener
energy mix. However, the rapid growth of renewables presents challenges, par-
ticularly in maintaining grid stability and managing their inherent variability.

While renewable energy sources are crucial for reducing carbon emissions and
promoting sustainable development, they lack the predictability of traditional
fossil-fuel-based generation. Fossil fuels typically provide stable and consis-
tent output, whereas renewables depend on weather conditions and other un-
certain factors. This variability has significantly impacted electricity markets,
particularly short-term markets, which must adapt to manage supply and de-
mand effectively while maintaining grid stability. For instance, in Ireland, re-
newable energy’s share of electricity generation surged from 21.7% in 2014 to
39.5% in 2022 [Eir22[, intensifying supply volatility and reliability challenges
[MABH16]. Curtailments, defined as the reduction in generator output due to



1. INTRODUCTION 1.1 Motivation and Background

excess capacity, are amongst the highest in Europe in both the Republic of Ire-
land (11.1%) and Northern Ireland (13.5%) [YBC*22]. These dynamics under-
score the need for grid-level energy storage solutions to absorb excess energy
during peak production periods and release it during low production intervals,
stabilising demand and mitigating market volatility.

Among the most promising solutions are renewable energy-based microgrids,
which offer a means to balance supply and demand while supporting the broader
integration of renewables. These microgrids not only provide affordable and
clean energy [WHZ"20] but also enhance grid resilience through energy stor-
age. Coupled with energy storage systems, microgrids can shift energy from
low-demand to high-demand periods or from cheap to expensive generation
times. This capability improves grid reliability and resilience, enabling better
power quality management, load shifting, frequency regulation, and backup
power [EC10, |Glir18]]. Additionally, renewable microgrids bring environmen-
tal benefits such as pollution reduction [TJH18] and economic advantages by
optimising energy systems [Alb18]. The growing integration of microgrids un-
derscores the need for advanced technologies that can further enhance their
operational efficiency and economic viability.

Building on these advantages, Battery Energy Storage Systems (BESS)| play a

critical role in mitigating the variability of renewable sources and reducing
market volatility. By storing surplus energy during low-demand periods and
releasing it during peak demand, act as a buffer that stabilises the grid
and enables market participants to capitalise on arbitrage opportunities. This
not only ensures more efficient resource utilisation but also facilitates effective
energy trading through advanced forecasting models. These models optimise
charge and discharge cycles to reduce costs and increase revenues, maximising
the economic and operational benefits of When integrated into renewable
microgrids, enhance the management of renewable resources, improving
grid resilience and the economic viability for market participants [AAN"23].

To fully realise these benefits, efficient electricity markets are essential for en-
abling trading and maintaining grid stability. Electricity markets facilitate trans-
actions through spot markets such as the |Day-Ahead Market (DAM)), [[ntra-Day]|
IMarket (IDM)| and [Balancing Market (BM)l Each market serves a unique pur-

pose: the schedules generation and consumption based on forecasted con-
ditions, the allows for near-real-time adjustments, and the manages
real-time imbalances. Among these, the is particularly critical in addressing

Forecasting and Trading Optimisation in the 2 Ciaran O’Connor
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1. INTRODUCTION 1.1 Motivation and Background

the volatility introduced by renewable energy sources. It operates at a higher
granularity to swiftly manage fluctuations, ensuring grid stability and avoiding
costly curtailments. The increasing reliance on renewable energy highlights the

need for accurate [Electricity Price Forecasting (EPF)|, responsive trading mech-

anisms, and strong risk management strategies to maintain grid stability by
ensuring that electricity supply consistently matches demand [CDCG22].

These factors necessitate sophisticated forecasting models to manage the stochas-
tic nature of renewable energy output and impact on electricity prices, making
EPF| essential for efficient resource allocation, planning, and risk mitigation.
Accurate [EPF| enables stakeholders—from energy producers to traders and reg-
ulators—to make informed decisions that enhance grid reliability and resilience
through optimised resource dispatch and effective arbitrage strategies. Trading
strategies informed by [EPF encourage market participation, stabilise prices, and
promote liquidity. By aligning market dynamics with renewable integration,
and efficient trading mechanisms foster a responsive electricity market that
adapts to variability and supports a stable, sustainable energy ecosystem.

This research addresses the increasing volatility and unpredictability of electric-
ity prices in the Irish market. The growing importance of accurate forecasts of
prices to participants is outlined in [OT19], where forecast errors of vari-
able renewable electricity will drive demand for [BM] participation. Accurate
price forecasts are essential for maintaining real-time equilibrium between sup-
ply and demand. Improved forecasting helps grid operators and participants
anticipate and mitigate potential imbalances, ensuring reliable electricity sup-
ply and preventing disturbances such as blackouts. Reliable forecasts can help
reduce price volatility and ensure that electricity prices reflect the true cost of
production and consumption. are crucial in this context, offering the
flexibility required to manage the intermittency of renewable sources by align-
ing supply with demand, enabling arbitrage opportunities, improving liquidity,
stabilising prices, and enhancing energy system sustainability and resilience.

Accurate has become crucial for the efficient operation of electricity mar-
kets, yet most efforts have focused on the [DAM| and IDM| [LMDSW21], leaving
the relatively unexplored despite its growing importance. Traditional point

forecasting methods, which predict a single expected value, fail to capture the
inherent uncertainty and volatility of electricity prices. These single-point pre-
dictions, while useful, do not provide insight into potential variations or the
model’s confidence in the predictions. The increasing complexity of electric-
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1. INTRODUCTION 1.2 Contributions

ity markets, driven by renewable energy penetration and smart grids, necessi-

tates probabilistic forecasting methods. [Probabilistic Electricity Price Forecast|
ing (PEPF)| addresses this need by offering a range of possible outcomes and
quantifying associated uncertainties, thus enhancing decision-making for mar-

ket participants. This approach, driven by advancements in machine learning
and statistical techniques, enhances risk management and informed trading,
leading to a more resilient and efficient energy market.

Most of the literature on probabilistic forecasting has focused on methods like
IQuantile Regression (QR)|and [Quantile Regression Averaging (QRA)| [NW15],
which predict different quantiles of the price distribution and provide insights

into possible price outcomes. However, these methods often struggle with va-

lidity, as they fail to guarantee [Prediction Interval (PI)| coverage-the proportion
of true values that fall within the [PIs}significantly undermining the reliability of
their forecasts. This limitation has led to the exploration of |[Conformal Predic-|
techniques, which excel in providing coverage and ensuring that
meet predefined confidence levels. methods, such as [Ensemble Batch Pre-|
ldiction Intervals (EnbPI)|and |Sequential Predictive Conformal Inference (SPCI),

address issues of exchangeability, providing valid and adaptive especially
in non-stationary settings. These techniques account for both aleatoric and
epistemic uncertainty, offering a comprehensive view of potential market sce-
narios. By combining multiple models, |CP|approaches improve the reliability of
forecasts, enabling market participants to better assess risks and opportunities,
leading to more robust trading strategies and improved risk management in an
increasingly complex and volatile electricity market.

Given the highly regulated nature of electricity markets, the findings of this
research also have policy implications, particularly in shaping market mecha-
nisms that ease renewable integration, improve trading efficiency, and support
the adoption of energy storage solutions.

1.2 Contributions

The work in this dissertation focuses on and modelling trading strategies,
specifically targeting the Irish The main contributions of this work are out-
lined below, with references to the corresponding chapters of the dissertation.
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Day-Ahead and Balancing Market Datasets

While several datasets for the are readily available for forecasting, there
is a notable absence of publicly accessible datasets for the with existing pa-
pers on forecasting often suffering from vague and inconsistent preprocessing
steps. This thesis addresses these gaps by introducing well-prepared datasets
for both the [DAM| and BM, sourced from the |Single Electricity Market Oper-|
[SEM]. These datasets resolve common issues of inconsistency
and lack of detail prevalent in the literature, offering a valuable resource for

future research. Additionally, detailed documentation for both the formation
and preprocessing steps (Chapter [3) ensures reproducibility and supports fu-
ture research, setting a better standard for data quality and transparency in the
field.

Standardised Balancing Market Forecasting Framework

To address the scarcity of research on forecasting, this thesis establishes
a standardised framework that provides a clear and replicable modelling pro-
cess (Chapter [4). This framework includes detailed instructions on hyperpa-
rameter optimisation, along with making the accompanying dataset and code
publicly available, supporting reproducibility and setting benchmarks for fu-

ture research. By evaluating a variety of statistical, Machine Learning (ML),

and [Deep Learning (DL)| models, the research benchmarks their performance

and assesses how each model performs with varying training data sizes. The

study identifies the [Lasso Estimated AutoRegressive|model as the most effective
for handling the more real-time nature of the whereas traditional statis-
tical models like |[Auto-Regressive Integrated Moving Average| and models

perform less effectively, providing insights and tools for future forecasting.
These results highlight the distinct dynamics of the and emphasising
the need for approaches tailored to each market’s unique characteristics.

Dual-Market Quantile Trading Strategies

Building on the insights from forecasting the we develop and optimise
trading strategies using quantile forecasts (Chapter |5), addressing the limita-
tions of unrealistic forecast horizons that lead to suboptimal trading and re-
duced market efficiency. This enhances our ability to manage curtailments and
boost profitability for traders. We developed three strategies to achieve this:
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a single-trade approach, a high-frequency trading approach, and an integrated
dual-market approach for the [DAM| and BM| By leveraging BESS| our study
shows the benefits of increased trading frequency and concurrent participation

in both markets. Additionally, we assess the economic viability of various [BESS
configurations, evaluating their long-term performance and profitability over a
potential lifespan of 10-15 years. Our findings underscore the importance of op-
timal battery sizing and the strategic advantages of dual market participation,
illustrating how these elements impact costs and drive long-term profitability.
Together, they contribute to advancements in energy storage solutions and more
effective grid integration.

Conformal Prediction Techniques for Reliable Coverage

This thesis contributes to the field of focusing on integrating [CP| methods
into the forecasting framework. These methods demonstrate superior validity
compared to conventional [QR and achieving higher coverage guarantees
and ensuring more reliable forecasts for market participants. By benchmark-
ing statistical and [MLi models with probabilistic approaches, this work identifies
both models and probabilistic approaches that deliver sharp and reliable fore-
casts across the and We propose an ensemble of [QR| and [CP| approac-
hes, striking a balance between the efficiency of [QR|forecasts and the validity of
forecasts, resulting in the strongest financial performance. This integration
enhances the accuracy and reliability of enabling effective trading strategies
and advancing the practical application of probabilistic forecasting in electricity

markets.

1.3 Publications

The work described in this dissertation have been published as follows:

* Ciaran O’Connor, Joseph Collins, Andrea Visentin, and Steven Prestwich,
Electricity Price Forecasting in the Irish Balancing Market in Energy Strategy
Reviews 2024. See Chapter 4]

* Ciaran O’Connor, Joseph Collins, Andrea Visentin, and Steven Prestwich,
Optimising Quantile-based Trading Strategies in Electricity Arbitrage, in En-
ergy and Al 2025. See Chapter

* Ciaran O’Connor, Andrea Visentin, and Steven Prestwich: Conformal Pre-
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diction Techniques for Electricity Price Forecasting, in ECML: 9th Workshop
on Advanced Analytics and Learning on Temporal Data, 2024. See Chap-

ter 6L

e Ciaran O’Connor, Andrea Visentin, and Steven Prestwich: Fundamentals
of Time Series Analysis in Electricity Price Forecasting, accepted in Inter-
national conference on Time Series and Forecasting (ITISE 2025). See
Chapter[3]

e Ciaran O’Connor, Mohamed Bahloul, Roberto Rossi, Andrea Visentin, and
Steven Prestwich: Conformal Prediction for Electricity Price Forecasting,
under review in Energy and Al. See Chapter[f]

1.4 Outline of the Dissertation

The remainder of this dissertation is organised as follows.

In Chapter 2], we provide a review of methods and trading strategies, begin-
ning with an exploration of the structure and dynamics of electricity markets.
Following this, we present and review a range of predictive models, from statis-
tical to and [DL] techniques, and assesses probabilistic approaches for captur-
ing uncertainty with sharp, reliable The chapter concludes by examining
current trading strategies in electricity markets, including optimisation and
techniques, to exploit market volatility for arbitrage.

In Chapter [3] we discuss the datasets used for [EPF in the and includ-
ing both historical and forward-looking data sourced from This chapter
outlines preprocessing steps to ensure consistency and address common data
issues. We conduct a detailed time series analysis covering stationarity, auto-
correlation, heteroscedasticity, and multicollinearity, concluding with a decom-
position of and [BM] time series to support reliable forecasting.

In Chapter |4, we present a structured framework for forecasting prices,
detailing our approach and rationale for selecting models suited to unique
characteristics.This chapter compares a range of forecasting techniques—including
statistical, and [DLimodels—assessing performance and training set size im-
pacts on forecasting accuracy. Each model is benchmarked for accuracy and
computational efficiency, establishing a reliable foundation for forecasting.

In Chapter [5, we build on forecasting insights to develop and optimise high-

frequency trading strategies using quantile forecasts in both the [DAM|and BML
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Leveraging we explore the benefits of increased trading frequency and
dual-market participation. Case studies and simulations explore the economic
viability of these strategies under various battery configurations and costs, high-
lighting the benefits of higher-frequency trading and dual-market participation.

In Chapter [6] we evaluate [CP} [QR] and [QRA| techniques for PEPF This chapter
demonstrates the efficacy of |CP|in achieving precise and reliable comparing

it with established methods such as [QRl We propose an ensemble approach
that balances the efficiency of [QR] with the coverage provided by These
techniques are assessed alongside statistical and models, showcasing the
advantages of integrating [CP|to improve financial performance in both markets.

Chapter [7|summarises key findings and contributions to and trading strate-
gies in the and This chapter also discusses study limitations, and sug-
gests future research directions, including improvements in forecasting, data
integration, and trading optimisation for the evolving electricity market.

Forecasting and Trading Optimisation in the 8 Ciaran O’Connor
Day-Ahead and Balancing Market



Chapter 2
Background

The electricity market is a highly complex and dynamic environment where
prices are shaped by a multitude of factors, including fluctuating supply and
demand, generation costs, regulatory changes, and the growing influence of re-
newable energy sources. For market participants—ranging from generators to
consumers—accurate price forecasting and strategic trading are essential tools
for optimising operations, managing risks, and securing profitability. This chap-
ter provides an in-depth review for each of these areas related to

IPrice Forecasting (EPF)|and trading strategies, establishing a solid foundation

for the forecasting and trading methodologies that will be developed through-
out this thesis.

Electricity markets are the backbone of the energy sector, facilitating the trade
of electricity and associated services while ensuring the stability and reliability
of the power supply. The first section of this chapter delves into the struc-
ture and functioning of the primary spot markets central to this thesis: the
IAhead Market (DAM))| the [Intra-Day Market (IDM)|, and the [Balancing Market|
These markets play a crucial role in the efficient allocation of resources
by providing price signals that influence investment and operational decisions.

Understanding the mechanisms of these markets is essential for developing ac-
curate price forecasting models and effective trading strategies. This section
lays the groundwork by exploring the fundamental aspects of these markets,
the dynamics of price discovery, and the roles of various market participants.

Given the fundamental importance of precise price forecasting in electricity
markets, the second section of this chapter, reviews a diverse array of pre-
dictive models employed for electricity price forecasting. The selection of mod-
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els spans traditional statistical methods, and more modern [Machine Learning]
(ML)| and advanced [Deep Learning (DL)| approaches. This review draws upon
recent literature to highlight models that have consistently demonstrated strong

performance in [EPF| across various market conditions. Models such as
IEstimated AutoRegressive (LEAR)| [Extreme Gradient Boosting (XGB)|, [Random|
IForest (RF)| and [Deep Neural Network (DNN)|are scrutinised for their strengths
and limitations in different forecasting tasks. The discussion highlights the

models’ comparative performance, paving the way for developing forecasting
techniques tailored to the challenges of the specific market.

In addition to forecasting models, we focus on quantifying the uncertainty of
price predictions. Due to the inherent volatility of electricity markets, it is es-
sential not only to forecast prices but also to assess the uncertainty surrounding
these predictions. The third section of this chapter, explores techniques
for uncertainty estimation in Traditional point forecasts often fall short in
capturing the full range of potential future prices, necessitating the use of prob-
abilistic forecasting methods. This section delves into various methods such

as|Quantile Regression (QR)| [Quantile Regression Averaging (QRA)| |Conformall

IPrediction (CP)|, and its variations including [Split Conformal Prediction (SCP)),

I[Ensemble Batch Prediction Intervals (EnbPI)|, and [Sequential Predictive Confor-|

imal Inference (SPCI)| These techniques offer dependable PIs, helping market

participants manage risks and make informed decisions in volatile markets.

The final section of this chapter, 2.4} examines how forecasting models are inte-
grated into trading strategies to optimise returns and manage risk in electricity
markets. This section examines various approaches to trading and strategy op-

timisation, including heuristic methods, [Linear Programming (LP)}, Mixed Inte-|

Iger Linear Programming (MILP)|, amongst others. The integration of advanced

optimisation techniques with predictive models is presented as a key factor in
navigating the complexities of electricity markets, ensuring that traders can
achieve optimal results under varying market conditions.

This chapter serves as a review of the essential components involved in and
trading strategies. By exploring market-specific forecasting, predictive models,
uncertainty estimation, and trading strategy optimisation, it offers a thorough
understanding of the current landscape and the challenges present in electric-
ity markets. The insights gained from this review will inform the development
of innovative approaches and methodologies in the subsequent chapters of this
thesis, contributing to the advancement of knowledge in electricity price fore-

Forecasting and Trading Optimisation in the 10 Ciaran O’Connor
Day-Ahead and Balancing Market



2. BACKGROUND 2.1 Electricity Market Structure

casting and trading.

2.1 Electricity Market Structure

This section delves into the key electricity spot markets most relevant to this

thesis: the [DAM, [[DM, and [BM. Each market serves an important and unique

function within the broader electricity market structure, collectively ensuring
the grid’s stability, reliability, and efficiency. By investigating the distinctive
characteristics, operational intricacies, and forecasting methodologies of these
markets, this section offers an in-depth analysis of how electricity is traded
and managed in day-ahead (DAM), near-real-time (IDM), and real-time (BM)
scenarios, as depicted in Figure A fundamental understanding of these
markets is beneficial for developing accurate forecasting models and optimising
trading strategies, which are vital for participants manoeuvring through the
complexities of modern electricity markets.

Financial Physical
Forwards/
Capacity/ Day-Ahead Balancing
FTR
Years Months Weeks Days Hours Minutes Seconds Real-time

Figure 2.1: Contrasting granularity of markets

2.1.1 Day-Ahead Market

The is a fundamental component of electricity trading, serving as a plat-
form for the forward scheduling of electricity trades conducted one day prior
to actual delivery. This advance scheduling is fundamental to balancing sup-
ply and demand, ensuring system reliability and efficiency. The plays
a vital role in the overall energy market structure by enabling market partic-
ipants—including generators, suppliers, and consumers—to submit bids and
offers based on their anticipations of supply and demand conditions, as de-
tailed in Figure A central algorithm, EUPHEMIA for the European market
[EUP24], processes these submissions to determine the market-clearing price
and volume, thereby facilitating price discovery and market equilibrium. Euro-
pean electricity markets differ from country to country; however, recent years
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have seen a significant degree of convergence in the structure and operation
of short-term electricity markets with several jurisdictions following a similar
template ([NSV16]).
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Figure 2.2: The Implementation of the Day-Ahead Market

One of the unique characteristics of the is its capacity for optimising the
use of available generation and interconnection capacity across different re-
gions. This optimisation is achieved through the implicit allocation of cross-
border capacity, managed via the EUPHEMIA algorithm, which integrates bids
and offers to maximise economic efficiency and maintain system stability [IBT18].
The [DAM]s structure allows for effective cross-border electricity trading, inte-
grating various national grids and managing the allocation of transmission ca-
pacity. This integration is critical for balancing regional disparities in supply and
demand, improving the reliability of the entire system. However, the also
introduces specific challenges, particularly related to the management of fore-
cast uncertainties. The increasing penetration of intermittent renewable energy
sources, such as wind and solar, complicates the forecasting and scheduling
processes. These renewable sources introduce variability due to factors such as
weather conditions, necessitating robust forecasting models to provide accurate
predictions for both demand and generation [MABH16].

The short lead time for day-ahead forecasts increases complexity, requiring ad-
vanced methodologies to handle uncertainties. Initially, traditional statistical
models were the mainstay for forecasting; however, recent advancements in
and [DI] have greatly improved forecasting accuracy, proving particularly ef-
fective in capturing the complex, non-linear relationships that characterise elec-
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tricity markets. models in particular have seen impressive success in fore-
casting[DAM]prices ([UOT18, LDRDS18,[CWMJ19, LB21]]). Additionally, hybrid
models that combine [DIj with other forecasting techniques have been shown to
improve precision, especially in accounting for the dynamics of supply-demand
interactions and varying market conditions [LMDSW21]].

2.1.2 Intra-Day Market

The plays a more significant role in real-time electricity trading, offer-
ing unique characteristics that distinguish it from the and other markets.
The is designed to provide market participants with a platform for real-
time trading, allowing them to adjust their positions in response to unexpected
changes in supply and demand, such as those caused by plant outages or fluc-
tuating renewable energy outputs. One of the primary distinctions between the
and the lies in the timing and frequency of trades. While the DAM
involves setting prices and trading volumes a day ahead of delivery, the
facilitates continuous trading up to a few hours before real-time delivery. This
allows for more granular adjustments, down to 30-minute intervals (in the

ISingle Electricity Market (I-SEM))), compared to the hourly intervals seen in the
DAM

This granularity is essential for managing the variability of renewable sources
like wind and solar, which can experience rapid output changes [SA19]. The
IDMs real-time nature requires reliable forecasting methods to predict short-
term price movements accurately. The literature underscores the importance of
modelling tailored specifically for the [DM]s higher frequency data. These app-
roaches include statistical modelling [UMW19b, NZ20a], with notable success
also achieved through and models [MRRFJC16, AFRB17]. These mod-
els excel at processing vast datasets and adapting to dynamic market conditions
by integrating real-time data, such as weather forecasts, plant availability, and
interconnector flows, significantly improving prediction accuracy [NZ20b].

Another key aspect of the is its role in optimising trading strategies. Its con-
tinuous trading capability and near-real-time nature allow market participants
to refine their strategies, respond to market signals, and mitigate risks associ-
ated with price volatility. Research focuses on algorithms that optimise bidding
strategies in real-time, maximising profitability or minimising costs [KH19].
The I[DM]s focus on high-frequency data and short-term adjustments facilitates
re-balancing supply and demand as more accurate information becomes avail-
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able, which is crucial for integrating intermittent renewable sources. As renew-
able energy integration grows, real-time markets like the will become even
more essential for ensuring a stable and efficient electricity supply [BA24]].

2.1.3 Balancing Market

The unlike both the DAM]| and [IDM, operates on much finer granularity,
demanding immediate responses to fluctuations in supply and demand. This

market serves as the "market of last resort," where the [Transmission System Op-|
erator (TSO)| must reconcile short-term deviations between scheduled market
positions and actual system conditions, a task complicated by the unpredictable

nature of demand changes, renewable energy generation [[OT19], and unfore-
seen generator outages [ZHHT23]. One of the primary challenges in the is
the accurate forecasting of these real-time imbalances. The volatility of factors
such as wind generation and sudden demand shifts requires highly responsive
forecasting models. Wind energy, due to its inherent variability, is particularly
challenging to predict, and inaccuracies in wind forecasts can severely disrupt
the [TSOJs ability to maintain balance, as outlined in Figure [VdAVH16]. In
terms of imbalance pricing details, the accuracy of these forecasts is cru-
cial for determining the real-time imbalance price, which reflects the marginal
cost of balancing actions in the market [BD18].
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Figure 2.3: Basic structure of the balancing market, ordered by time of oc-
currence (horizontal) and by actor (vertical). Balancing Service Providers are
remunerated for balancing services provided to the System Operator[VdVH16].
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A critical feature of the Irish is the flagging and tagging process, which en-
sures that imbalance prices reflect only the cost of energy balancing actions,
excluding non-energy interventions such as system security measures. In this
system, actions are flagged by purpose, with only energy-related activities af-
fecting the imbalance price, a distinction that is essential for maintaining price
signals that accurately represent the marginal cost of energy imbalances with-
out distortions from non-energy actions [BA24]. The flagging and tagging pro-
cess, along with the BM]s market rules, ensures that prices reflect genuine en-
ergy imbalances while avoiding excessive interventions that could undermine
market flexibility. The BM]s design, particularly in Ireland, balances short-term
price incentives for demand response with the broader goal of grid stability, a
challenge made more complex by the increasing penetration of renewable en-
ergy [BD18]. A key advancement in the is the integration of real-time data
from sources such as weather conditions, grid status, and market activities, en-
abling [TSOJs to proactively manage grid stability through precise interventions.
Moreover, regional cooperation and data sharing among across different
markets improves the resilience of balancing strategies. Cross-border coordina-
tion is crucial for optimising resources and maintaining grid stability in inter-
connected markets, as shown by efforts to integrate European [PLDV20].

The presents distinct challenges that demand advanced forecasting tech-
niques and precise real-time interventions to maintain system stability. While
and DI} models have become popular for forecasting in the they often
struggle to match the performance of statistical models in the [DBAV'19,
Nar22], where predicting real-time deviations is critical. Statistical models con-
sistently outperform their[ML] and [DL] counterparts, except in certain cases such
as [LPKC20], where models performed well but still fell short in accurately
predicting price peaks. Although and [DL] models excel at processing large
datasets and detecting patterns, their application in the remains less reliable
due to the market’s highly volatile nature. To effectively balance the Irish
sophisticated forecasting models, real-time data integration, and a nuanced un-
derstanding of market dynamics are essential. Recent progress, driven by the
integration of statistical and techniques, regional cooperation, and innova-
tive market design, has improved both the reliability and efficiency of the
Ongoing research into price dynamics, guided by behavioural economics,
regulatory frameworks, and market integration, is key to refining forecasting
models and ensuring efficient market operations [VdVH16, VDVAH12, ERH21].
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Sequence of Electricity Markets in Europe
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Figure 2.4: Schematic overview of the typical sequence of existing electricity
markets in the EU. Markets in dotted lines are optional [Mee20].

2.1.4 Other Electricity Markets

In addition to the and other markets are fundamental to the
overall functioning of the electricity market. Figure |2.4 provides an overview
of all these markets in and outside of this thesis, and below includes a brief
overview of these markets and their unique characteristics:

» Forward Market: Allows participants to hedge positions in
and BM|through contracts-for-difference [PB21]]. contracts-for-differences
enable participants to lock in a strike price, providing protection against
price volatility. Forecasting in this market requires predicting long-term
price trends and movements.

* Ancillary Markets: Support the power grid’s stability and reliability through
services like frequency regulation, spinning reserve, voltage control, and
black start capabilities. Accurate forecasting in ancillary markets ensures
the availability of resources needed to maintain grid stability. This in-
volves sophisticated models considering real-time operational data and
dynamic supply and demand conditions [RRF"22].

* Capacity Market: Ensures sufficient generation capacity to meet peak de-
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mand. Capacity providers receive payments for committing to supply elec-
tricity or reduce demand during peak periods, incentivising investment in
new capacity [[COS13]]. Forecasting in the capacity market involves pre-
dicting peak demand periods and capacity resource availability.

* Financial Transmission Rights Auctions: Manage congestion costs and pro-
vide financial hedges against price differences across market zones. Finan-
cial Transmission Rights entitle holders to payments based on price differ-
ences between locations. Forecasting in this market involves predicting
congestion patterns and price differentials, requiring an understanding of

grid operations and transmission constraints [SKO8].

Despite forward, ancillary, and capacity markets playing important roles in elec-
tricity systems, this thesis focuses on the and BM] due to their direct
impact on price volatility, renewable integration challenges, and real-time trad-
ing opportunities. While forward markets and financial transmission rights auc-
tions remain relevant for long-term hedging strategies, their slower operational
timescales and fundamentally distinct pricing mechanisms place them beyond
the scope of this thesis.

2.2 Predictive Models

EPF| is essential for maintaining market efficiency and stability, especially in
markets with high renewable energy penetration. This section reviews the
range of predictive models applied in the and The models
covered include statistical [2.2.1], [ML][2.2.2] [DL][2.2.3] and Hybrid approaches
with additional insights from load, wind, and photovoltaic forecasting
to highlight their relevance to particularly in the underexplored Each
category is examined for strengths, limitations, and performance in forecasting

prices and managing volatility. The selection process is informed by recent liter-

ature across the [DAM| and [BM| prioritising models that demonstrate both high

accuracy and computational efficiency in diverse market conditions. The fol-
lowing subsections provide a detailed review and comparison of these models,

focusing on their roles in [DAM], [DM, and BM| forecasting.
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2.2.1 Statistical Methods

In this section, we explore key statistical models used in [EPF, including the
Naive model, |Auto-Regressive Integrated Moving Average (ARIMA)|, and |[LEAR]

In our price prediction approach, we define the dataset as {(x;,y:)},, where
x; represents the predictor variables and y; their corresponding target values.
Using this dataset, we train models f to forecast future prices at each time step
t. The predicted price g, is computed as 9, = f(x;), where g, is the model’s
estimate for y;.

Naive Model

The Naive model is a simple yet effective method for ideal for capturing
short-term dynamics in real-time prices. It operates on the principle of
temporal proximity, forecasting future prices based on the most recent values.
In this study, the model uses the previous 8 hours of prices to predict the
next 8 hours, leveraging short-term temporal dependencies.

Let y, denote the price at time ¢. The Naive model’s prediction for the price
at time ¢ + h, where h represents the forecast horizon (with 4 < 8), is given by:

Ut+h = Yi—(3—h) 2.1)

Here, ¢, is the forecasted price, and y;_(s_j) is the observed price 8 — h hours
prior. This assumes that short-term patterns are stable enough for recent values
to predict near-term prices. The Naive model’s simplicity allows rapid forecast-
ing with minimal effort, useful for real-time decisions. However, it may struggle
with abrupt changes, like price spikes or shifts, and lacks the ability to account
for external shocks or long-term trends.

The Naive model has proven effective in various electricity markets. In the
Lithuanian Nord Pool DAM|, where seasonality is pronounced, a simple Sea-
sonal Naive approach performed well [BKM18a]]. In more volatile markets like

the German [IDM, augmenting the Naive model with variables such as
isolute Shrinkage and Selection Operator (LASSO)| has significantly improved

accuracy, highlighting the model’s limitations and the benefits of incorporating
additional variables [MUW20a]. In [Nar22] a naive model is used to generate
initial predictions for probabilistic forecasting, which were then improved with
bootstrapping. Despite its limitations, the Naive model remains a useful base-
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line for quick approximations, though less accurate than models like or

LEAR
Table 2.1: List of Predictive Models Discussed
Acronym Definition

Statistical Models
AR

ARX

ARIMA

LEAR

GARCH

TF
ES

Auto-Regressive

Auto-Regressive with Exogenous input
Auto-Regressive Integrated Moving Average
Lasso Estimated AutoRegressive
Generalised Auto-Regressive Conditional
Heteroskedasticity

Transfer Function

Exponential Smoothing

Machine Learning Models
ML

SVM

SVR

KNN

XGB

LGBM

RF

Machine Learning

Support Vector Machines

Support Vector Regression
K-Nearest Neighbors

Extreme Gradient Boosting

Light Gradient Boosting Machines
Random Forest

Deep Learning Models
DL

Deep Learning

DNN Deep Neural Network

LSTM Long Short-Term Memory

GRU Gated Recurrent Units

TFT Temporal Fusion Transformer

CNN Convolutional Neural Networks

BiLSTM Bi-directional Long Short-Term Memory
ARIMA

The model is a widely used approach for both time series analysis and
forecasting. It combines three key elements: |Auto-Regressive (AR)|components,

differencing to achieve stationarity (I for Integrated), and a [Moving Average|
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(MA)| component. These components allow to capture both the influ-

ence of past values and past forecast errors, while accounting for trends in the
data.

The [AR] component models the relationship between the current value y, and
its previous values (lags), to capture temporal dependencies. In an [AR] model
of order p, y; is expressed as a linear combination of its previous p values:

Y = Qo + P1¥—1 + GoYr—2 + -+ Opth—p + & (2.2)

The coefficients ¢, ..., ¢, represent the influence of each lagged value, inter-
cept ¢, accounts for the baseline level, and ¢, represents the white noise term.

Differencing, the integrated part of |ARIMA| is used to achieve stationarity by
removing trends. A time series is stationary when its statistical properties, like
mean and variance, remain consistent over time. The series:

det =Y — Y1 (2.3)

is differenced d times until the trend is removed and it becomes stationary.

The component models the dependency of the current value on past fore-
cast errors. Unlike [AR] which uses past values, relies on residuals. In an
model of order ¢, y; is expressed as a function of previous error terms:

Y = 0o + € + 0161 + Oz6s_o + -+ + 04614 (2.4)

Here, 6, is the intercept, 6y, ..., 6§, are the coefficients, and ¢, are the error
terms, allowing the component to capture sudden shifts or shocks.

The model unifies the [AR] differencing, and components into a
single framework, denoted as ARIMA(p, d, q), where p represents the number
of [AR| terms, d is the number of differencing operations needed for stationarity,
and ¢ is the number of MA| terms. The general form of the model is:

¢p(B)V %y = 0,(B)e, (2.5)

Here, ¢,(B) and 6,(B) are the AR and MA polynomial operators, and B is
the backshift operator, defined as B*y; = y;_,. The differencing operation V¢
represented as (1— B)? ensures the series is stationary. Fitting the ARIMA|model
involves estimating the values of p, d, ¢, along with the coefficients ¢ and 6, to
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accurately capture the relationships between past values and forecast errors.

models have been effective for in handling non-constant
mean, variance, and multiple seasonality [[CENCO3]], but struggles with non-

linear behaviours such as mean reversion and price spikes [CHKOO4]] and price
volatility, particularly in where hybrid and models are more effective
[PDL15]. To overcome these limitations, hybrid models and enhancements like
wavelet transforms have improved accuracy in managing volatility [CPEMO05]],
while adding error correction mechanisms and confidence interval estimation
further improves|ARIMAs effectiveness in volatile market conditions [ZYN*06]].
excels in univariate linear data but requires integration with other tech-
niques for better accuracy in handling non-linear patterns [YCL17]. Incorpo-
rating (Generalised Auto-Regressive Conditional Heteroskedasticity (GARCH)-
type specifications improves [ARIMA[s accuracy in [Gir16], includ-
ing density forecasts [BGDGR23]]. Incorporating external variables, as in
IRegressive Integrated Moving Average with Exogenous input (ARIMAX)| mod-

els, boosts predictive power [BGDGR23]], while using seasonality in Seasonal
models further enhances performance, particularly in markets with
strong seasonal patterns like the Leipzig Power Exchange [JAS11]] and Denmark-
West’s [KX19], though these models are often outperformed by advanced
methods like graph convolutional networks, which outperform it in spatial de-
pendencies for short-term Locational Marginal Price forecasting [YTY"22], and
ILong Short-Term Memory (LSTM)|during market volatility [LSH22| BY24]. De-
spite these limitations, remains a cornerstone of time series analysis.

LEAR

The model, originally introduced as X in [UNWI6], integrates
LASSO|with [, regularisation, making it particularly suitable for high-dimensional
datasets. This combination improves variable selection and regularisation, im-
proving the model’s ability to handle multicollinearity and high-dimensionality
effectively.

LASSOQ|is a linear regression technique used to model the relationship between
a dependent variable y; and one or more explanatory variables x;. Linear re-
gression estimates the coefficients 5 by minimising the sum of squared errors:

T
B = argmin Sy — x:8)* (2.6)

t=1
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However, in high-dimensional settings, ordinary linear regression often strug-
gles with overfitting, especially when many predictors are involved.
addresses this issue by applying /; regularisation, shrinking some coefficients to
zero and effectively selecting only the most relevant predictors, thus serving as
a variable selection method and overfitting control mechanism.

builds on the [AR] structure introduced in (Equation [2.2]), where

the prices y; is modelled as a linear function of its previous p lagged values:

p
Y=o+ Y dilj—i + €& (2.7)
i=1

Here, ¢, is the intercept, ¢; are the coefficients for the lagged prices y;_;, and ¢,
is the error term.

While efficiently selects relevant predictors by shrinking some coeffi-
cients to zero, it may struggle in the presence of correlated predictors.
extends this by incorporating Elastic Net regularisation, which combines the I,
penalty of with the /; penalty of Ridge regression, formulated as:

T

P 2 P P
¢ = argdr)nin (; (yt - z; ¢iytz’> + M\ Z; P3| + Az z; ¢12) (2.8)
Here, )\, controls the [, penalty, promoting sparsity by shrinking some coef-
ficients to zero, while )\, controls the I/, penalty, which helps handle multi-
collinearity by shrinking the coefficients. This hybrid approach, combining the
[AR| structure and both regularisation techniques enables to select corre-
lated variable groups while balancing sparsity and stability.

In has become prominent for effectively managing numerous cor-
related predictors through automated variable selection and multicollinearity
handling, with studies like [UNW16] showing it outperforms traditional [AR]
models, and [LMDSW21]] highlighting the crucial role of hyperparameter tun-
ing in preventing overfitting while ensuring high accuracy. [TPPR22]] under-
scores [LEAR]s superior performance in capturing distribution tails essential for
risk management, while [KW23]] highlights that combining with mod-
els like can further improve accuracy, especially with feature selection
and exogenous variables. Moreover, [MNWZ23]] demonstrate s versatil-
ity, not only in providing precise point forecasts but also in extending these
into probabilistic forecasts. Despite these advantages, in the can be
outperformed by models [OCM™23, IGUO23| YGLZ24].
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Other Statistical Models

Several statistical models have been applied in[EPF|to capture temporal patterns
in electricity prices, but they are not the main focus of this thesis. Traditional
models like [AR, [ARIMA] and [GARCH]are well-regarded for handling linear com-
ponents of electricity price time series [Girl6, LDRDS18, | OCM 23], but studies
consistently show that models outperform them in handling complex price

dynamics [LDRDS18]]. Extensions like [Auto-Regressive with Exogenous input|

(ARX)| models enhance [AR| models by including external inputs for better fore-
casting [BGDGR23]], while [Full Auto-Regressive with Exogenous input (FARX)|
adds non-parametric terms to capture non-linear interactions [LS24].

The [ES|model is a time series forecasting method that predicts future prices by
assigning exponentially decreasing weights to past observations. Holt’s [ES| has
demonstrated strong accuracy in forecasting residential electricity consump-
tion [IOH22], with further improvements achieved by integrating Transformer
architectures for enhanced long- and short-term forecasting [WLST22]. Ad-
vanced models like TBATS extend [ES| by incorporating trigonometric seasonal-
ity and errors, outperforming Artificial Neural Networks in Denmark’s
[KX19] and excelling in forecasting photovoltaic system data [GFF™22].
However, it struggles in non-linear settings without external regressors and per-
forms poorly against[Recurrent Neural Network (RNN)| [IMK*22]. Hybrid mod-
els, such as|SVR|and [FARX| further enhance [ES|by combining it with trend tech-
niques, improving long-term forecasts for energy demand and [RZW 23|
L.S24].

The [Transfer Function (TF)| model has been used in to effectively capture
the relationship between input variables, such as demand, and price fluctua-

tions by modelling the dynamic interactions between these factors. Studies like
[NCCEO02] show that incorporating demand improves predictions in markets
like Spain and California, but struggles with high-frequency hourly prices
due to linear assumptions, with comparisons highlighting the superiority of
and models for non-linear approaches [GGBGDMO08, LDRDS18].

extends traditional [AR] models by incorporating past variances to bet-
ter predict time-varying volatility, making it ideal for forecasting sudden price
spikes or drops in electricity markets (GARCH(p,q)). Studies like [KRO5] demon-
strate GARCH]Js superiority over in volatile markets such as Spain and
California. Extensions like the k-factor GIGARCH model further improve accu-
racy by incorporating long memory and stochastic volatility, as shown in the
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German [DGV09]. While models are effective in deregulated
markets [|Gir16], they struggle with non-linear characteristics in high-frequency
data. Enhanced approaches like EGARCH and TGARCH improve forecasting by
integrating factors such as demand and renewable energy, effectively capturing
volatility clustering and asymmetry [BGDGR23]]. Additionally,[GARCH}  models
with feature selection have proven effective at managing heteroscedas-
ticity, outperforming methods in the New Zealand market [KW23].

The Copula model provides a flexible framework for capturing the dependence
structure between multiple variables, without assuming a specific distribution,
proving effective in capturing multivariate relationships in electricity markets,
showing how renewable energy sources, especially wind, affect prices and volatil-
ity [DGRR22]]. Integrating a copula model into a spatio-temporal framework
improves probabilistic forecasting by effectively addressing non-linear and non-
stationary patterns, outperforming baseline models [APS22].

2.2.2 Machine Learning Methods

models are increasingly vital in due to their ability to capture com-
plex, non-linear market dynamics without being limited by assumptions of sta-
tionarity, unlike most traditional statistical methods. The models discussed—K
INearest Neighbors (KNN)| [Support Vector Regression (SVR)}, RF|, [ XGB|, and [Light|
|Gradient Boosting Machines (LGBM)|—offer diverse and effective approaches
for is noted for its simplicity in capturing local patterns, while
excels in modelling non-linear relationships. Ensemble models like
and improve accuracy by aggregating multiple decision trees, with
standing out for its efficiency in handling large datasets. As electricity markets

become more volatile, these ML|models are fundamental for managing risk and
enhancing prediction accuracy in [EPF

K-Nearest Neighbours

is a simple, non-parametric, instance-based learning algorithm popular for
classification and regression tasks. The core concept of is to predict the
value of a target variable y, by finding the % closest instances (Neighbors) in the
feature space based on a specified distance metric, such as Euclidean distance.

Given a query point at time ¢, calculates the distance between the feature
vector x; and every other feature vector in the training set. For real-valued
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features, the Euclidean distance between two points x; and x,, is defined as:

d

d(x¢, %) = JZ(%Z — Ts;)? (2.9)
=1

where x,,x, € R?. To ensure that all features contribute equally to the distance

computation, it is standard practice to normalise features to a mean of zero and

variance of one, especially when measured in different units.

Once the distances are computed, selects the £ nearest neighbors to the
query point. For regression, the predicted value ¢, is computed as the
average (or a weighted average) of the values of the k nearest neighbors:

N R
i=1

where y;) represents the observed value of the i-th nearest neighbor. The pa-
rameter k plays an important role; a smaller & risks overfitting, while a larger &
may smooth out important local patterns and lead to under-fitting.

is simple to implement and requires no training phase, but it can be
computationally expensive with large datasets and suffers in high-dimensional
spaces. Despite these challenges, has been effective in for non-linear

and complex markets, with the combination of and techniques like
and |Principal Component Analysis (PCA)| improving both predictive accuracy

and computational efficiency [FSD16]. Feature selection and extraction tech-
niques like Decision Tree Regression and Recursive Feature Elimination [AKM™ 19,
AJ19]], and the incorporation of external factors such as meteorological data
[JKG19], have significantly enhanced [KNN[s forecasting accuracy in both Nord-
Pool and New York markets. [KNNJs sensitivity to neighbor selection and dis-
tance metrics often leads to under-performance in volatile markets compared
to advanced models like [RF| and [WXDT22|, BCIT22|, KGPA24, [OCPV24b],
with its accuracy in predicting extreme price peaks further constrained by da-
taset imbalances [PWC™24].

Support Vector Regression

is an extension of tailored for regression tasks, making it an effective
tool for forecasting in domains where relationships between input features and
target variables are complex and non-linear, such as in electricity markets.
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aims to find a function that predicts the target value y, within a margin of
tolerance ¢, while balancing model complexity and prediction accuracy.

The fundamental concept of is to determine a regression function f(x;)
that deviates from the true target values 3, by no more than ¢ for all time steps
t, while also ensuring that the function is as flat as possible. This flatness is
achieved by minimising the norm ||w||* of the weight vector w, subject to con-
straints involving slack variables ¢ and &/, which account for errors beyond the
e-deviation. The parameter C' controls the trade-off between function flatness
and deviation tolerance, adjusting model complexity and generalisation.

can handle both linear and non-linear relationships through kernel func-
tions such as linear, polynomial, and [Radial Basis Function (RBF)|kernels. The
[RBF kernel is popular in[EPF due to its ability to capture the intricate, non-linear
patterns typical in time-series data, playing a key role in model performance.

presents an attractive approach for [EPF, particularly in capturing the non-
linear dynamics of electricity markets, as demonstrated by [SDS03], highlight-

ing its advantages over [Neural Network (NN)|with simpler model training and

fewer tunable parameters. Hybrid models, like the two-stage [Self-Organising]

Maps (SOM)SVR] approach [FMC07] and [CW10], enhance

performance by managing non-stationary behaviours and combining non-linear

and linear forecasting components. Despite its strong performance in short-
term forecasting, often struggles with extreme price spikes and is out-
performed by and hybrid models [LDRDS18| ZFB22, HHF23]], though it
remains competitive in locational marginal price forecasting [CLMCC™'22]. Its
limitations in managing volatility, however, remain notable [RZW 23, HSW 24,
OCPV24b].

Random Forest

is an ensemble learning method that constructs multiple decision trees dur-
ing training and aggregates their predictions. This approach is particularly ef-
fective in forecasting tasks where the relationship between input features and
target variables is complex and non-linear, often seen in electricity markets.

The [RF|algorithm begins by creating multiple bootstrapped subsets of the train-
ing data. For each subset, a decision tree is built, but unlike traditional decision
tree models, [RF| selects a random subset of features at each node to determine
the best split. This randomness in feature selection reduces the correlation
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among individual trees, overall reducing the variance in the ensemble.

The prediction of a [RF| model is the average of the predictions from all trees:

" 1 &

N n=1
where N is the number of trees in the forest, and 7'(x;; ©,) represents the pre-
diction from the n-th tree, which is built using a random subset of the data and
features. By averaging these predictions, the model reduces the impact of indi-
vidual tree variance, resulting in a more stable and accurate overall prediction.

is effective for in multiple markets, for real-time forecasting in New
York’s [MHH"14], for handling concept drift in China’s [WXDT22],
and for improving price and demand predictions in Spain through joint mod-
elling [GMO16]. Its strength in managing complex, non-linear data is fur-
ther affirmed by [LDRDS18] in a benchmark against 27 state-of-the-art meth-
ods, and by [KAU21]], who highlight its superiority over traditional models in
volatile markets. has also been effectively integrated into hybrid models
[XQ23]], reducing variance and improving accuracy in markets like Nord Pool
[AAK* 22, XCL*22]]. Though it performs well in the is often outper-
formed by models like [LEAR| and XGB| [OCPV24b], but remains a consistent
performer in short-term and probabilistic forecasting [RZW ™23, [OCPV24a].

Extreme Gradient Boosting

is an advanced implementation of gradient boosting designed for both
speed and performance. It builds an ensemble of decision trees in a sequential
manner, where each new tree corrects the errors made by the previous trees.

IXGB, like [LEAR| incorporates both /; (Lasso) and [, (Ridge) regularisation to
control model complexity and prevent overfitting. The objective function is:

n M
Obj = > L(ye. %) + D> QUfm) (2.12)
t=1 m=1

where L(y;, ;) represents the loss function measuring prediction error, and
Q(fn) is the regularisation term penalising the complexity of the m-th tree. n is
the total number of data points, and M the number of trees in the ensemble.
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Predictions are updated by adding the output of a new decision tree f,,(x;):

5" = 9" 4 nfa(x) (2.13)
Here, gﬁm) is the updated prediction at iteration m, g,ﬁ"“” is the previous pre-

diction, f,,(x;) is the output of the m-th tree for input x;, and 7 is the learning
rate controlling each tree’s contribution to the prediction.

The final prediction is the sum of the outputs from all trees in the ensemble:

M
U = Z 1 fm(%t) (2.14)
m=1

Here, ¢, is the final prediction for the input features x, 1 f,,(x;) is the prediction
of the m-th tree, and M is the total number of trees in the ensemble.

has proven effective in as demonstrated by [XCL™22], where inte-
grating neural networks with entity embedding for categorical data preprocess-
ing, alongside Shapley Additive Explanations for feature selection, significantly
improved both accuracy and interpretability in forecasting. Similarly,
[CXW'20] demonstrated that tailoring with historical wind speed data
improved wind forecasting, outperforming [DNNk and Linear Regression, while
[OQWB™22] and [RM*21] highlighted the benefits of hyperparameter tuning
and regularisation in leading to enhanced accuracy and stability in load
forecasting. In the Nord Pool market, outperforms models like and
due to its efficient boosting process [[AAK™22]. It also excels in the
[[OCPV24b], particularly in bidding and risk management [LPKC20], though
simpler models occasionally show better performance [KW23]]. When inte-
grated with DIJ models like DNN, further enhances accuracy in hybrid
frameworks [HSWT24].

Light Gradient Boosting Machines

The is a gradient-boosting framework designed for high efficiency and
scalability, particularly with large-scale, high-dimensional datasets. builds
trees sequentially, with each iteration correcting the residuals of the previous
trees. However, it optimises performance by using a leaf-wise strategy, splitting
the leaf that maximises loss reduction.
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In each iteration m, |[LGBM| minimises the objective function:

n K
Obj = 3" L(y, 5™) + 3 Q(fi) (2.15)
t=1 k=1

where L(y;, 9, ) represents the loss function, ¢, ) is the updated prediction at
iteration m, and €2( f;) penalises the complexity of the tree f;.

LGBM's unique feature is its leaf-wise growth strategy, allowing it to grow
deeper trees by splitting the leaf that provides the greatest reduction in the
loss function. This approach requires careful tuning to avoid overfitting, ad-

dressed by|Gradient-based One-Side Sampling (GOSS)| which prioritises larger

gradient data points to reduce computational cost while retaining predictive

power, and [Exclusive Feature Bundling (EFB)|, which reduces dimensionality by

bundling mutually exclusive features.

LGBM]| also applies both [, and I, regularisation to control overfitting and im-
prove generalisation, with the final prediction as the sum of all tree outputs:

M
Ge =Y nfm(xt) (2.16)
m=1

where 7 f,,(x;) represents the prediction of the m-th tree, the same as

LGBM]| consistently delivers fast and accurate predictions in time series forecast-
ing. [SPYW22]] and [Mal23] demonstrated [LGBM][s effectiveness in both energy
disaggregation for smart manufacturing and wind turbine power generation

forecasting, where its key features—Ileaf-wise growth,|GOSS| and [EFB}—enabled

efficient handling of large, complex datasets, outperforming traditional models
and optimising energy management. Building on these strengths, both[XGB|and
have consistently outperformed top and [DI] models in [DAM] and [BM]|
forecasting [OCPV24b, [OCPV24a]].

Other Machine Learning Models

In addition to the popular models used in this thesis, various other
models, mainly hybrid approaches, have been explored in For example,
[LGT10] combines the Network with Orthogonal Experimental Design to
optimize parameters and reduce overfitting, achieving superior accuracy in pre-
dicting price spikes. Similarly, [ZFB22] integrates CatBoost for feature selection

with [Bi-directional Long Short-Term Memory (BiLSTM)| for capturing temporal
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dependencies, improving forecasting accuracy over models like Multi-Layer Per-
ceptron and albeit with higher computational costs.

2.2.3 Deep Learning Methods

Over the past two decades, [Deep Learning (DL)| has emerged as a power-

ful extension of neural networks, driven by innovations such as Hinton’s ef-
ficient training of deep belief networks through greedy layer-wise pretraining
[HOTO6]. This breakthrough enabled the training of deeper networks beyond
traditional models like Multi-Layer Perceptron, leading to significant improve-
ments in generalisation [GBC16]. [DL]has since been widely applied across fields
like image recognition [KSHI12], speech recognition [HDY"12], and machine
translation [BCB14], with notable success in energy-related applications, par-
ticularly wind power forecasting [WWL* 16, [CCL*17]. In models such
as|DNNE, [LSTMs, (Gated Recurrent Units (GRU)| (Convolutional Neural Networks|
|(CNN), and [Temporal Fusion Transformer (TFT)|have proven successful at cap-

turing complex temporal dependencies and improving probabilistic forecasts.
However, many studies lack comprehensive comparisons with state-of-the-art
statistical and methods, limiting generalisability [LDRDS18]]. While recent
work has addressed this by comparing multiple DL models, the need for robust
evaluations across diverse markets remains [UOT18, [ ZAJ"19].

Dense Neural Networks

Dense are a class of ML models composed of multiple layers of intercon-
nected nodes, or neurons, that capture complex, non-linear relationships in
data. Each neuron applies a non-linear transformation and passes the result to
the next layer, enabling Dense NN to model intricate patterns beyond statistical
methods.

A Dense with L layers processes an input vector x;. In the first layer, x; is
passed as the input Z(®) = x,. Each subsequent layer [ transforms the output
from the previous layer, producing output Z) for the [-th layer as follows:

Z(l) -0 (W(l)z(lfl) + b(l)) , | = 17 cee L (217)

Here, W) represents the weight matrix that defines the connections between
the neurons in layer | — 1 and layer [. The bias vector b} allows the model
to shift the activation function output. The activation function o(-), applied
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element-wise to WO Z(=1) + b() captures the non-linear relationships.

For regression tasks like [EPF, the output layer often consists of a single neuron
with a linear activation function, yielding the final prediction, g, as:

g = WHZE-D 4 pd) (2.18)

where W) and b(") are the weights and biases of the final layer. The weights
WO and biases b() are adjusted using optimisation techniques like stochas-
tic gradient descent or the Adam optimiser to minimise the loss function. To
prevent overfitting, Dense often use regularisation techniques such as /-
norm regularisation or dropout. /;-regularisation penalises large weights, while
dropout randomly ignores neurons during training, reducing dependency on
specific neurons. Both techniques improve generalisation to unseen data.

Research on methods for has grown significantly, with [LDRDS18]
showing that and hybrid models like improve in capturing
non-linear relationships, outperforming traditional statistical and models in
the However, subsequent studies have encountered limitations, due to a
limited number of benchmark models and short test periods [AE19]], insufficient
hyperparameter tuning for new datasets [LW19, MJ19]], and overfitting issues
[SW19], which have hindered generalisability. Building on this, more recent
research, such as [LDRVDS18], has improved forecasting precision by incor-
porating inter-market features into to better capture electricity market
interconnections. While excel at capturing non-linear dynamics, simpler
models sometimes outperform them, especially in volatile markets like the
[JLMW?22| [OCPV24b]. Nonetheless, in hybrid frameworks, have proven
highly effective in multi-market settings [YGLZ24], and integrating with
for feature selection further improves performance [HSW24].

Long Short-Term Memory

Originally introduced by [Hoc97], are particularly useful in time se-
ries forecasting tasks. is a type of designed to effectively capture
long-term dependencies in sequential data, addressing the vanishing gradient
problem often encountered in traditional RNN.

An|[LSTM]|unit consists of three key components: the cell state, the hidden state,
and gates (input, forget, and output gates). The cell state C; acts as a memory,
retaining information over long periods. The hidden state h, represents the

Forecasting and Trading Optimisation in the 31 Ciaran O’Connor
Day-Ahead and Balancing Market



2. BACKGROUND 2.2 Predictive Models

output at each time step. The gates control the flow of information into and
out of the cell. At each time step ¢, the [LSTM| receives an input vector x; and
updates its cell state C; and hidden state h; using the following equations:

fi =0 (Wyx;, +Ush,_; +by) (Forget Gate) (2.19)
iy =0 (W;x; + U, ; +b;) (Input Gate) (2.20)
C, = tanh (Wex, + Uch,_; + be)  (Cell Candidate) (2.21)
C,=f,oC,,+i,®C, (Cell State Update) (2.22)
o, =0 (Wyx;+U,h, 1 +b,) (Output Gate) (2.23)
h; = o, ® tanh (C;) (Hidden State Update) (2.24)

Here, o(-) represents the sigmoid activation function, tanh(-) is the hyperbolic
tangent function, W and U are weight matrices for the input x; and the previ-
ous hidden state h;_;, and bias terms b. The forget gate f; controls how much of
the previous cell state C,_; is retained, the input gate i, determines how much
of the new candidate cell state C, is added, with the output gate o, governing
how much of the updated cell state C, is used to compute the hidden state h,.

The [LSTM]| processes a sequence of input features x; over all time steps to gen-
erate the final prediction ¢, based on the hidden state for final time step:

9 = W,h, +b, (2.25)

where W, and b, are the weight and bias for the output layer. To improve gen-
eralisation and prevent overfitting, models, like DNNE, often use regulari-
sation techniques such as dropout, where a random subset of neurons is ignored
during training, and /;-norm regularisation, which penalises large weights.

Since 2018, research on [LSTMs in [EPF| has gained momentum, showcasing

their ability to capture complex temporal dependencies and non-linear pat-
terns, especially when integrated into hybrid models like[CNNJLSTM [[CPH' 18,
MJAT19]. Early studies, however, faced limitations such as small datasets and
limited model comparisons [JH18, MJA"19], along with short test periods and
insufficient evaluations [ZDL*18, |ZZM"19]. Despite these challenges, [LSTME
demonstrated clear advantages over |GRUs and traditional statistical methods,
excelling in the [KH18| [UOT18]. To further improve their performance,
optimisation techniques like the Adam algorithm were applied in the New South

Forecasting and Trading Optimisation in the 32 Ciaran O’Connor
Day-Ahead and Balancing Market



2. BACKGROUND 2.2 Predictive Models

Wales [CZC18], while combining with wavelet transforms helped
stabilise time series and improve accuracy across multiple markets [CZC19].
More recently, hybrid models combining wavelet transforms, feature selection,
and have improved forecasting accuracy in markets like the US and
Spain [MK21], while empirical wavelet transforms and attention mechanisms
have been tailored for high-renewable markets such as Denmark [MWZ™22].
Further advancements, including adaptive feature selection with Bayesian op-
timisation [XQ23]l, have refined [LSTMs ability to manage non-linear volatility
in markets like Denmark’s [DAM| and [DM| [KNT24, AAK"22], though GRUs can
offer better computational efficiency in some cases [RRE22].

Other Deep Learning Models

Although DNNs and [LSTMk are among the most successful models for fore-
casting in the and [IDM] several other advanced DL techniques have also
shown considerable promise in [EPF

are designed to efficiently process structured grid data, such as time
series or spatial data, by using convolutional layers to automatically detect
patterns like trends and local dependencies. have proven effective in
EPF|, excelling in feature extraction and handling non-linear market dynamics
[KFAT20, YTY*22]. combined with reduce overfitting and compu-
tational complexity [KFAT20], while autoencoders outperform in
efficiently managing high-dimensional data [YS22]. capture com-
plex patterns and seasonality in electricity prices, though slightly less accurate
than [DNNs and in some cases [LDRDS18]. Hybrid approaches, like com-
bining[CNNf with self-attention mechanisms, further improve accuracy in short-
term by capturing both local and long-range dependencies [PMM™24].

are a simplified version of that capture sequential dependencies in
time series data using gating mechanisms. They offer a computationally lighter
and easier-to-train alternative, though they are less effective with long-term
dependencies. In the Turkish outperformed other ML] and RNN|
models [UOT18], while also proving effective in short-term [LDRDS18].
[GRUs integration with Bagged Regression Trees improved mid-term accuracy
in handling non-linear fluctuations [IMK*22]. While based models out-
performed in real-time YS22], showed superiority in long-term
forecasts when combined with stacked autoencoders [RRE22]]. Though slightly
less accurate than[LSTM]in hybrid frameworks [XQ23]], [GRU| performs well with
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proper hyperparameter tuning [KW23]. Recent innovations, such as embedding
time as a feature, GRU’s ability to capture periodic patterns and handle both
synchronous and asynchronous time-series data [ZRB24]]. Moreover, hybrid
models integrating have improved performance in the [SW24].

TFTs are a architecture designed for time series forecasting, integrating at-
tention mechanisms, recurrent components, and static covariates to model dy-
namic relationships and improve interpretability, making them particularly suit-
able for [Kot22]. outperforms|ARIMA| [LSTM], and [XGB|in photovoltaic
power forecasting due to its interpretability [LSGSEC™22], and performs well in

energy consumption forecasting with lower error rates compared to and
Temporal [INSSK23]]. It improves [Probabilistic Electricity Price Forecasting]
accuracy in markets like Nord Pool and Poland [JPDW24], though it
may overfit smaller datasets [[SW24]. also excels in real-time extreme [EPF,
achieving superior performance compared to variant and other temporal
models [PWC™24].

DeepAR is a probabilistic forecasting model based on that models indi-
vidual time series while sharing parameters across related time series. DeepAR
effectively captures seasonality and trends in outperforming tradi-
tional methods [SFGJ20, Kot22] but falling short against models that incorpo-
rate heteroscedasticity [SW24].

Prophet captures seasonality, trend changes, and holiday effects by modelling
non-linear trends, while effectively handling missing data and outliers. In the
Italian [SSMC23] applies Prophet with [Seasonal and Trend (STL)|to im-
prove forecast accuracy by isolating key patterns and reducing noise. Similarly,

[PWCT24] demonstrates its effectiveness in univariate forecasting of exoge-
nous variables like weather, further enhancing real-time through its ability
to model both periodic and non-periodic behaviours.

2.2.4 Hybrid Models

Hybrid models, combining statistical, and DL methods, have proven effec-
tive in handling non-linearities, volatility, and different time horizons, offering
a flexible framework for capturing complex patterns.
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Statistical Hybrid Models

Hybrid models like |ARIMAHGARCH] capture linear autocorrelations and non-
linear volatility [Gir16], while [FARX}elastic net and enhance ac-
curacy by combining [AR] exogenous inputs with Elastic Net and Lasso to re-
duce overfitting [LDRDS18]]. Statistical{ML] hybrids, like Wavelet{ARIMA| with
RBF networks and with enhance performance by combining linear
decomposition with non-linear modelling, while statistical{DL] hybrids, such as

the model, improve accuracy through [DL}-based hyperparameter op-
timisation [LMDSW21]].

Machine Learning Hybrid Models

[AAK™22] introduced a hybrid model that combines Automatic Relevance De-
termination with Extra Tree Regression to effectively manage trend, seasonal-
ity, and volatility. Similarly, [ZTW™22] used variational and ensemble empirical
modal decomposition with an extreme learning machine optimized by differen-
tial evolution to capture non-linearities in markets like Australia and Spain. For
long-term forecasting, models like those by [GWBS22] integrate data-driven
methods with market-based predictions, leveraging Fourier analysis to address
both short- and long-term dynamics.

Deep Learning Hybrid Models

DI hybrid models have significantly improved by combining advanced fea-
ture extraction and dependency management techniques. For example,
hybrids enhance accuracy through [CNNJs feature extraction capabilities
[ZAJ™19], while models effectively capture both local and sequen-
tial dependencies, boosting accuracy in markets like Iran’s [HHF23].
based models, such as the LSTM}Neural Prophet hybrid, improve short- and
long-term forecasting by leveraging temporal dependencies [SFF22], with fur-
ther optimization through Back Propagation NN|outperforming standalone mod-
els [BHTL22]. A two-stage [DNNHLSTM] model also improves prediction accu-
racy by combining neural networks for feature extraction and sequential depen-
dency management [GDCPSS24], while GRUHLSTM] hybrids are highly effective
in capturing both sequential and non-linear patterns in the [AAK™22].
[LSTM[s robustness in long-term forecasting is enhanced by advanced optimisa-
tion techniques that address the vanishing gradient problem, as seen in CatBoost-
[BiLSTM|hybrids for feature selection and long-term dependency capture [ZFB22],
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and BiLSTMtattention hybrids for improved spike detection [GWA23]]. Finally,
integrating DNN with further enhances performance by combining power-
ful feature selection with[DL]s ability to model complex relationships [HSW24].

While advanced models (e.g., & [DL] hybrids) may achieve high accuracy,
their computational complexity can hinder real-time deployment in volatile
markets like the necessitating trade-offs between precision and practicality.

2.2.5 Overview

The trends in Tables [2.2|and |2.3| show a progression from traditional statistical
methods, predominantly used in earlier studies such as [KEF15] and [|Gir16], to
more sophisticated approaches as data complexity increased. These statistical
methods were primarily applied to the and, to a lesser extent, the and
However, from 2017 onward, there has been a marked shift toward [ML|and
D] models. Studies such as [YCL17], [XB19], and [LDRVDS18] highlight the
growing use of ML techniques, including RF and often combined with
models to improve accuracy in handling complex market dynamics.

In recent years, [DLi models like [LSTM, [CNN}, and BiLSTM|have become increas-
ingly popular, excelling in capturing sequential dependencies and non-linear
patterns in markets like [DAM]| and [IDM, as noted in [ZAJ"19] and [HHF23].
The prevalence of hybrid models, combining and has further enhanced
forecasting accuracy, with studies such as [ZFB22]] and [GWA23]] demonstrat-

ing their success in improving spike detection and performance across markets.
Table extends this trend beyond to include applications in wind power
and load forecasting, with models like CatBoost{BiLSTM| and attention mecha-
nisms showing strong adaptability and success in managing high-dimensional
datasets [ZRB24].

2.3 Uncertainty Estimation in Electricity Price Fore-

casting

Probabilistic forecasting methods have become increasingly important in [EPF
due to the inherent uncertainty and volatility of energy markets. Traditional
point forecasts, while straightforward, often fall short in capturing the full range
of potential future prices, particularly in markets characterised by non-linear
and dynamic behaviour [NW18|,[ZS18]. This section delves into the advanced
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Table 2.2: Literature on Predictive Models for EPF. The v'is the approach pre-

sented herein

Reference

Klaeboe et al. 2015 [KEF15]
Poplawski et al. 2015 [PDEI5]
Uniejewski et al. 2016
Girish et al. 2016

Feijoo et al. 2016
Gonzalez et al. 2016
Yang et al. 2017

Lago et al. 2018
Rita et al. 2018
Ugurlu et al. 2018
Kuo et al. 2018
Chinnathambi et al. 2018
Jiang et al. 2018 [JHIS8]

Chang et al. 2018
Zhang et al. 2018
Johannesen et al. 2019
Zhou et al. 2019

Xu et al. 2019

Zahid et al. 2019
Chang et al. 2019
Zahid et al. 2019
Atef et al. 2019

Luo et al. 2019

Lago et al. 2019
Karabiber et al. 2019
Johannesen et al. 2019 [JKGI19]
Mujeeb et al. 2019
Ashfaq et al. 2019
Schnurch et al. 2019
Marcjasz et al. 2020
Lucas et al. 2020
Khan et al. 2020

Li et al. 2021

Lago et al. 2021
Kara et al. 2021 [KAUZT]

Wang et al. 2022
Lehna et al. 2022
Narajewski et al. 2022
Tschora et al. 2022 [TPPR22]
Xie et al. 2022

Zhang et al. 2022 [[ZFB22]]
Meng et al. 2022
Yang et al. 2022
Kotsias et al. 2022

Igbal et al. 2022
Beltran et al. 2022
Jkedrzejewski et al. 2022
Alkawaz et al. 2022
Rezaei et al. 2022
Yang et al. 2022
Heidarpanah et al. 2023
Bille et al. 2023
Xiong et al. 2023 [XQ23]
Kapoor et al. 2023
Marcjasz et al. 2023 [MNWZ23]]
Olivares et al. 2023
Gunduz et al. 2023
Stefenon et al. 2023
Yang et al. 2024 [YGLZ24]
Kilicc et al. 2024
Ghimire et al. 2024
Bozlak et al. 2024

Lisi et al. 2024
Kitsatoglou et al. 2024 [KGPA24]
Peng et al. 2024
Huang et al. 2024
Pourdaryaei et al. 2024
Shi et al. 2024
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Table 2.3: Literature on Predictive Models used outside of EPF or with EPF. The
vis the approach presented herein
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Ashfaq et al. 2019 [AJI9]
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Ali et al. 2019 [AKM™T19]

Cai et al. 2020 [CXWT20]
Salinas et al. 2020 [[SFGJ20]
Rafi et al. 2021 [RMT21]
Memarzadeh et al. 2021 [MK21]]
Gellert et al. 2022 [GFFT22]
Lopez et al. 2022 [LSGSECT22]
Woo et al. 2022 [WLS+22]
Durante et al. 2022 [DGRR22]
Arrieta et al. 2022 [[APS22]]
Shohan et al. 2022 [SFF22]
Bashir et al. 2022 [BHTL22]
Suvarna et al. 2022 [SPYW22]
Ishak et al. 2022 [IOH22] v
Qinghe et al. 2022 [QWB™T22[

Cantillo et al. 2022 [CLMCC™22]
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techniques for uncertainty estimation in [EPF, focusing on methods that achieve
sharp and reliable probabilistic forecasts.

The shift towards has been emphasised by initiatives such as the Global
Energy Forecasting Competition in 2014, which highlighted the importance of
metrics like the pinball score for evaluating forecast performance [MNW16].
Key methodologies explored in this section include [QR| [KBJ78], [QRA| [NW15],
[[GVV9S]], and its variations such as [VGSO05], [XX21]], and
[XX23]. These approaches not only improve the accuracy of forecasts but also
generate [PIs that reliably capture market variability and uncertainty.

Recent reviews have underscored the importance of probabilistic forecasting
in addressing uncertainties related to smart grids, supply-demand dynamics,
and price variations [KL22]. By integrating both well-established methods and
recent innovations surrounding this chapter provides a review of the state-
of-the-art in uncertainty estimation, highlighting both the mathematical foun-
dations and practical applications of these techniques.

2.3.1 Epistemic and Aleatoric Uncertainty

Uncertainty in [EPF can be broadly categorised into two types: epistemic and
aleatoric. Aleatoric uncertainty, often referred to as statistical uncertainty, arises

Forecasting and Trading Optimisation in the 38 Ciaran O’Connor
Day-Ahead and Balancing Market



2.3 Uncertainty Estimation in Electricity Price
2. BACKGROUND Forecasting

from the inherent randomness or noise within the data itself. This type of un-
certainty is typically considered irreducible as it is intrinsic to the process being
modelled. For instance, the variability in electricity prices caused by unpre-
dictable factors like sudden changes in demand or supply, such as weather fluc-
tuations or power plant outages, introduces aleatoric uncertainty. While this
randomness cannot be eliminated, probabilistic techniques can model it to re-
flect natural variability. In contrast, epistemic uncertainty stems from a lack
of knowledge or data about the process being modelled. Unlike aleatoric un-
certainty, epistemic uncertainty is considered reducible and can be minimised
through model optimisation or by gathering more data [KG17]. This may arise
from incomplete market information, economic factors, or model limitations.

Although aleatoric uncertainty is often viewed as irreducible, its classification
can shift depending on the context or the inclusion of more precise modelling
or additional variables [DKDOQ9]. This fluidity blurs the lines between aleatoric
and epistemic uncertainties, showing that these categories are not absolute but
context-dependent. Frequentist perspectives align with aleatoric uncertainty
as the stable frequencies of random events, while Bayesian perspectives align
with epistemic uncertainty as degrees of belief based on incomplete knowl-
edge [Hac06]. Epistemic uncertainty is often further subdivided into model un-
certainty—related to whether the model structure is correctly specified—and
parameter uncertainty, which addresses the accuracy of parameter estimates
[Sull5]. In models, particularly NNk, epistemic uncertainty is often tied to
parameter estimation, as the model space is usually large enough to capture
ground truth. Thus, this uncertainty can be reduced by acquiring more data
[HW21]]. However, in practice, the distinction between aleatoric and epistemic
uncertainty often becomes blurred as model complexity and data limitations in-
tertwine [Hor96]. This dynamic boundary highlights the need for flexibility in
categorising uncertainties, as what appears irreducible may become reducible
with improved models and understanding.

2.3.2 Uncertainty Estimation Framework

Building on the price prediction framework described in Section [2.2.1] we ex-
tend the regression task to include probabilistic forecasting. The dataset re-
mains defined as Z = {(x;,4:)},, where x; represents the covariates and v,
the target variable. As before, a model f is trained to predict y; based on x;,
with the point prediction given by §; = f(x;)-

Forecasting and Trading Optimisation in the 39 Ciaran O’Connor
Day-Ahead and Balancing Market



2.3 Uncertainty Estimation in Electricity Price
2. BACKGROUND Forecasting

In the probabilistic setting, however, the goal is not only to estimate a single
point prediction but also to quantify the uncertainty around it. This involves
estimating conditional quantiles @, (o | x;), which predict the value below
which a certain percentage « of the future price y; is expected to fall. The lower
quantile at level « is denoted as ¢y, and the upper quantile at level 1 — « as

@
5 \ T l-a
30 |—  Real Price e A3
- - - Forecasted Price qtl—gt“q}l;f )
- — Quantile Region
= 20 -
<
M)
O C I I I I I |

Time

Figure 2.5: Quantile forecast of electricity prices

In the probabilistic prediction setting, as shown in Figure the model f
generates a PI defined by these quantiles:

T1ooa(xe) = 67, 6] (2.26)

This interval indicates that the future price y; is expected to fall within the
range [4*, ;] with a confidence level of 1 — 2a. For example, if o = 0.1, the
PI corresponds to an 80% confidence level (1 — 2a = 0.8), implying that there
is an 80% probability that y; will lie within the interval.

2.3.3 Quantile Regression

@ introduced by [KBJ78]], is a probabilistic forecasting method that extends
the Ordinary Least Squares framework by estimating conditional quantiles of
the response variable. Unlike traditional mean-focused methods, [QR] provides
insights into the uncertainty associated with different parts of the distribution.

Consider the linear model:
Y = x:ﬁ + €, (2.27)

where y, represents the dependent variable at time ¢, x; is a K-dimensional

vector of predictors, ( is a K-dimensional vector of coefficients, and ¢; denotes
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the error term. The objective of [QR| is to estimate the conditional quantile
function, which represents the value below which a certain percentage « of
the response variable y, falls, given the predictor variable x;, where o € (0, 1).
This allows [QR] to model different parts of the price distribution, capturing the
influence of predictors at various points across the distribution of ;.

For a given «a quantile level, the @ estimator f3,, is defined as the solution to
the following optimisation problem:

N

N

b = arg mﬁiana (yt — xtTB) , (2.28)
t=1

where p,(u) is the check function given by:

pa(u) = ufo = Tuco], (2.29)

and 1, is an indicator function that equals 1 if « < 0 and 0 otherwise. This
check function can also be expressed as:

au ifu>0,
pa(u) = (2.30)
(o —1Du ifu<O.

which asymmetrically penalises positive and negative residuals, with weights
« and (1 — a), respectively. This asymmetric penalty allows [QR] to estimate
different quantiles, providing flexibility to capture the variability in y, under
various conditions, such as electricity price spikes during peak demand periods.

The @ estimator o has key asymptotic properties. It is consistent, meaning
that as the sample size N increases, 3o converges to the true parameter vec-
tor Ba. Additionally, Sa is asymptotically normal, meaning that as N grows,
the scaled difference between the estimated and true parameters converges to
a multivariate normal distribution. Specifically, v N(Ba — Ba) % N(0, Za),
where X« is the asymptotic covariance matrix, expressed as:

Do = a1l =) [ fupe (@) - (X'X) 7] (2.31)

with a(1 — «) accounting for the variability in estimating the quantile level «,
fyx: (@) is the conditional density of y, given predictors x¢, and (X'X)~! is
the inverse of the product of the design matrix with its transpose. The design
matrix X contains the values of all predictor variables for each observation
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X = {(x;)}Y,, and its inverse accounts for the scaling and correlations.

[QRlis widely used in[PEPF [Dud16], with [JPMN14] introducing a time-adaptive
[QR] method for prices that improve tail accuracy using exponential dis-
tribution fits, outperforming models like Building on [QRls versatility,
[HBK'16] applies [QR| to UK electricity prices, modelling sensitivities to factors
like gas and coal prices across different quantiles for risk management. Fur-
ther advancing [QR]s capabilities, [CS20] combines [QR| with a ResNet model to
produce asymmetrical [PIs, showing improved performance under price spikes.
Expanding on this integration, [JBA22]] introduces Ensemble which com-
bines [QR with [CP| to improve the reliability and sharpness of probabilistic fore-
casts, while [MN24] integrates [QR] with multiple to generate robust
that adapts to market uncertainties, and [LSTL23] integrates @ with LSTNet
and SHAP feature selection, refining distributions through kernel density es-
timation for sharper probabilistic forecasts. Similarly, [ZF23]] employed [QR to
capture non-linear relationships in price forecasts, optimising the reliability and
sharpness of without assuming a specific distribution. Finally, [MAM24]
demonstrates [QR]s effectiveness in capturing price uncertainty in pay-as-bid
markets under regional and climatic variations, while [XIWD24] integrated @
with using multi-objective tuna swarm optimisation to offer accurate

probabilistic forecasts under varying market conditions.

Quantile Regression Averaging

introduced by [NW15], utilises the combined outputs from M point fore-
casting models, [f!(x;), f2(x¢), ..., f*(x:)], applying [QR| to to estimate quan-
tiles ¢ and §; ~“, defining the lower and upper bounds of the expected price
distribution. By leveraging the entire set of model outputs, [QRA] is capable
of capturing the impact of predictors across different regions of the price dis-
tribution. This method captures both central tendencies and tail behaviours,
allowing it to adapt to market fluctuations and provide robust forecasts. The
predictors x; can also include explanatory variables beyond point forecasts from
these individual models. As such, [QRA| has gained prominence in litera-
ture due to its ability to generate both accurate and more reliable [PIs.

[QRA| has been a leading approach in [PEPH since its introduction by [NW15],
where it combines point forecasts from multiple models and uses quantile re-

gression to estimate conditional quantiles, consistently outperforming individ-
ual models. [MNW16] extends [QRA| with Factor using to reduce
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model complexity and improve accuracy. Further, [MSU23] and [MSU24]] demon-
strate Factor [QRAls ability to capture uncertainty and enhance forecast reliabil-
ity in electricity markets by leveraging latent factors. [QRAls effectiveness in cap-
turing price uncertainty is demonstrated by its ability to outperform traditional
approaches and consistently provide more accurate than simpler methods
like bootstrapping [MUW20Db]], and historical simulation [UMW19a, MUW22].

While [SUW19] compares [QRA| with [QR| Machines and finds [QR| Machines to
be more computationally efficient, [QRA] offers more reliable [PIs. On the other
hand, [CS20] benchmarks|[QRA| against ResNet{QR], noting that ResNet{QR| pro-
duces narrower PIs with higher coverage. Building on prior work, [UW21]

introduces Lasso-Regularized [QRA| to improve forecast accuracy by selecting
relevant predictors and reducing overfitting, while [Uni23b], [Uni23a], and
[ZSMM24] demonstrate that variants like Smoothing @ and Factor @ fur-
ther improve the sharpness and reliability of probabilistic forecasts through di-
mensionality reduction and smoothing techniques.

Exploring the integration of[QRA|with [KZ21]] demonstrates that while[QRA]
effectively captures variability, improves the reliability of [PLs. [Fér24] ex-
plores further integration of [QRA| and [CP| with methods like Quantile [RF and
[Conformalised Quantile Regression (CQR)], offering more refined [PIs for
[MNWZ23] highlights how [QRA] enhances probabilistic forecasts by leveraging
ensemble forecasts from [LASSO|and [DNN| models, though Distributional
show improved accuracy with flexible distributions. Finally, [Jan24] compares

[QRA| with Expectile Regression Averaging, showing that both methods improve
forecast accuracy, with [QRA| outperforming Expectile Regression Averaging.

2.3.4 Conformal Prediction

offers a distribution-free framework for uncertainty quantification, provid-
ing a compelling alternative to[QR]and [QRA| Originally introduced by [GVV98]
and later extended by [VGSO05] and [SVOS]], constructs with valid cov-
erage guarantees, regardless of the underlying data distribution. At the core
of |CP|is the concept of a nonconformity measure, which quantifies how unusual
or atypical a new data point (x;,y;) appears in relation to a dataset Z. For re-
gression tasks, a common nonconformity score is the absolute prediction error
A(x¢,y:) = |yr — f(x¢)], where f(x;) is the predicted value. The nonconformity
score measures how far the predicted value deviates from the true value. Other
measures may be used depending on the specific model or application.
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After computing nonconformity scores for all examples in Z, constructs a
for a new observation x,.,. For a candidate label y,,, the corresponding
p-value is calculated as:

|{(Xta yt) €Z: A(bet) > A<XneWa ynew)}| +1

p(ynew) = N+ 1

This p-value reflects the proportion of past nonconformity scores that are greater
or equal to the score for y,ew. The Pl|for x,y is constructed by including all can-
didate labels y,ew Whose p-values exceed a predefined significance level a:

I‘17204<Xnew) = {ynew :p(ynew) > CV}-

provides a rigorous validity guarantee, ensuring that with probability at least
1—2a, the true response yney, Will lie within the [PI, I'; 5, (x;). This validity prop-
erty holds regardless of the underlying data distribution, making |CP| effective
when the distribution is unknown or difficult to model.

The[PIlwidth is determined by the quantile ), of the nonconformity scores where
A = Quantile,, (A, Ay, ..., Ayx), for the a quantile level, with \; corresponding
to the (1 — a)(NV + 1)-th smallest nonconformity score in the sorted list.

Although is a more recent application in time series compared to [QR] and
it has shown strong performance in recent years. [TFBCR19] extends the
framework to handle covariate shift through Weighted ensuring valid
under distributional changes. Building on this, [JBA22]] combines [QR] with
in Ensemble to sharpen [PIs for probabilistic forecasts, while [[CBL™23]]
offers a model-agnostic framework that integrates |SCP| and |CQR| for dynamic
time series. Similarly, [BBGL24] enhances [CP| with [NN| ensembles and to
provide robust [Pk for Further innovations include [WFH"23]], who inte-
grates|CP|with generative transformers to produce reliable, narrow [PIs for wind
power forecasting, and [DBW23[], who highlights [CPs flexibility in transform-
ing point predictions into valid probabilistic forecasts. Lastly, [LUW24] applies

Averaging to refine [PIs for in the

Split Conformal Prediction

SCP| is an inductive variant of that improves computational efficiency by
dividing the dataset Z into a training set of size nu., and a calibration set of
Size N, where N = ngain +nea. By restricting nonconformity score calculations
to the calibration set, reduces the need to recalculate scores across the
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entire dataset, significantly cutting computational time and making it ideal for
larger datasets. First, a model is trained on the training set to estimate the
conditional expectation f(x;). Nonconformity scores for the calibration set are
then computed using the defined nonconformity score A(xy, y:) = |y — f(X¢)]-

To construct for a new input Xpew, selects \; corresponding to the (1 —
a)(N + 1)-th smallest nonconformity score computed from the calibration set,
such that the [PI for a new input x; is given by:

[y oa(Xe) = [f(%e) = Ae, f(%0) + Ad]

providing a probabilistic guarantee that y,; lies within this range with a confi-
dence level of 1 — 2a, assuming data exchangeability. In cases where the ex-
changeability assumption is violated, such as in time-series data like electricity

prices, adaptations [EnbPI and |SPCI| can better handle temporal dependencies.

[KZ21] applies to generate for the [DAM]| and [IDM|, demonstrating
sharp and valid [PIs, particularly in volatile markets. [HLT22] combines [SCP|
with [QR| for wind power interval forecasting, ensuring reliable through
Temporal Convolutional Networks. [CBL"23] introduces the MAPIE library,
emphasising [SCPJs efficiency in generating probabilistic forecasts by splitting

data into training and calibration sets, suitable for large datasets. [DZFG24]
propose Online Sequential [SCP}horizon, an adaptive [SCP| method tailored for
non-stationary electricity prices, offering dynamically adjusted over time.
[Fér24] highlights [SCPJs ability to construct reliable with guaranteed cov-
erage, exploring extensions like online sequential split for improved time-
series adaptability. [MN24] extends through a multiple-split approach to
create multidimensional [PIs, improving the models ability to capture market
uncertainties. [JAVWVH24] introduces Split Conformal Distribution Regres-
sion Forests to improve [SCP[s efficiency and accuracy in wind power forecast-
ing. [RBA24] applies[SCP|to day-ahead photovoltaic power forecasts, providing
reliable PIs that improve forecast accuracy and minimise energy imbalances.

Ensemble Batch Predictive Interval

introduced by [XX21]], builds on the [CP| framework, providing [PIs with
finite-sample coverage guarantees. Unlike traditional |CP| methods, lever-
ages ensemble learning and bootstrap sampling to generate reliable [PIs without
the need for separate calibration sets, making it particularly effective in time-
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series forecasting applications with complex dependencies.

Utilising the dataset Z, generates B bootstrap samples Z®) where each
sample trains a predictive model f)(x,), resulting in multiple separate models
{fD(xy), fP(xy),..., fB)(x;)}, with residuals calculated as e = |y, — f® (x,)].
Thus the interval )\gb) from these residuals, Agb) = Quantilea(egb), eg’), e e§3>),

together with the average of the ensemble predictions f)(x,), forms the :

Fiosa(x) = | 5 22 /Y0 = 5 M 5 S £ + £ 300

This construction allows to offer valid coverage without retraining mod-
els, and by leveraging leave-one-out residuals, ensuring minimal computation.

[EnbPI's scalability, reliable coverage, and ability to handle non-exchangeable
time-series data make it ideal for high-uncertainty environments like
though its potential in this field remains underexplored. [JBA22] introduces
for generating probabilistic forecasts by combining ensemble learning
with offering reliable without assuming a specific data distribution.
[ZFG™22] applies to constructing [PIs by aggregating ensemble model
predictions and recalibrating based on recent data, handling seasonality and
trends effectively. [CBLT23] incorporates into the MAPIE library, high-
lighting its use of block bootstrap resampling for dynamically updating predic-
tion intervals in non-exchangeable time-series datasets. [DITRMT™24] applies
to the Mexican wholesale electricity market, using bootstrap ensemble
estimators to capture market volatility and improve forecast accuracy, achiev-
ing a target coverage of 95%.

Sequential Predictive Conformal Inference

introduced by [XX23]], improves on by dynamically adjusting [PTs to
accommodate new observations in time-series data. uses a sequential up-
dating mechanism that adapts to evolving data distributions, ensuring reliable
uncertainty quantification even in non-stationary environments like

Unlike static [CP|approaches, which recalibrate [PIs using a fixed set of past data,
updates non-conformity scores in real-time, leveraging the information
from new residuals. For each new observation (x, ), adjusts the
based on the residuals ¢,. This feedback loop enables to refine its predic-
tions continuously, ensuring that the intervals remain accurate and informative.
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SPCI| provides theoretical guarantees of asymptotic conditional coverage, en-
suring that the probability of the true value y;,, lying within the constructed
interval converges to the desired confidence level 1 — « over time, such that:

}E&P(yl%l €l a(X1) | Xy) 21— 2a,

where X, represents all information available up to time ¢.

The construction of the [PI| for a new input x; is given by:

[yoa(xe) = [f(xe) = A, f(xe) + A,

where ); is the quantile of the residuals up to time ¢. By using a sliding window
of recent residuals and modelling their quantiles through [QR] Forests, ef-
ficiently captures changes in data behaviour, advancing time-series forecasting
with theoretical coverage guarantees and producing narrower, more responsive
for reliable uncertainty quantification.

Much like despite its demonstrated usefulness to [EPF, research on [SPC]
remains limited and underexplored. [XJX24] introduces MultiDimSPCI], ex-
tending to multivariate time series by constructing ellipsoidal prediction
regions, ensuring valid coverage in high-dimensional, non-exchangeable time
series. [[ACT24] enhances with Conformal PID Control, which adapts
in response to distribution shifts and trends, improving long-term robustness
and accuracy. [LXX24] presents[SPCI}T, integrating the Transformer decoder to
capture long-range dependencies, improving [P]| accuracy and coverage, espe-
cially for non-stationary and multi-step time series.

2.3.5 Other Probabilistic Forecasting Methods

Given the need to capture uncertainty in volatile markets, various probabilistic
forecasting methods, including Bayesian approaches, Monte Carlo simulations,
Distribution-Based forecasts, Monte Carlo, Bootstrap, and Historical Simulation
are used to provide reliable . [INW18]] reviews these methods, assessing their
accuracy and reliability for

Bayesian approaches for probabilistic forecasting combine prior distributions
with data to produce posterior distributions. [PS08]] introduces a Bayesian
approach for [PEPF| using multivariate skew t-distributions to capture time se-

ries features like skewness and heavy tails. [VJ10] applies [Bayesian Neurall
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INetwork (BNN)| for [DAM]|[EPF, providing full predictive distributions and re-
ducing overfitting. [MS19] explores Bayesian inference for continuous time

IAuto-Regressive Moving Average (ARMA)|models, improving probabilistic fore-

casts by accounting for volatility and seasonality. [CDZD19]] uses Bayesian
optimisation to enhance hybrid models, optimising hyperparameters for im-
proved accuracy. [KK19] applies Bayesian stochastic volatility models
with jumps, producing more accurate [PIs. [GAGT19] combines data cluster-
ing with a Bayesian Recurrent Neural Network, improving forecast reliability in
[BMPV19] integrates Bayesian learning into for robust probabilistic
forecasts in the [BMR'20] compares with Mixture Density RNNE,
highlighting Bayesian inference for risk assessment. [BBC™20] applies Bayesian
bootstrap [QR for probabilistic forecasting of photovoltaic power, improving ac-
curacy through resampled data. [BMVT21] discusses Bayesian Model Aver-
aging, which improves forecast reliability by combining multiple model predic-
tions. [YYT*23[] and [NM24] present hybrid approaches, combining[BNNk with
Monte Carlo simulation and hierarchical frameworks for forecasting, improving
accuracy by capturing causal relationships and uncertainties.

Bootstrap methods generate probabilistic predictions by resampling data or
forecast residuals to create multiple . [CKO7]] introduces bias-corrected boot-
strap methods to construct [PIs for [AR| models, addressing small-sample biases
and improving forecast accuracy. [AGMRJS11] applies a bootstrap approach
in seasonal dynamic factor models to enhance by resampling residuals.
[WXW™13] integrates Bootstrap with Extreme Learning Machine to generate
for [PEPF, capturing forecast uncertainty. [KNC13]] uses Bootstrap to construct
in [NNf, offering narrower, more informative but sometimes underper-
forming during high volatility. [TSEEK17] employs Bootstrap in a hybrid en-
semble framework to generate improving prediction stability. [UMW19a]
explores residual-based bootstrapping to create more accurate by resam-
pling forecast residuals. [BBC*20] applies Bayesian bootstrap [QR| to improve
probabilistic photovoltaic power forecasts by resampling data and enhancing
quantile estimation. [BMVT21]] uses bootstrap aggregation to reduce forecast
variance in ensemble models for [NZ22]] employs bootstrapped errors
to simulate multiple price trajectories in electricity auctions, enhancing the ro-
bustness of forecasts. [Nar22] uses Bootstrap for in the German BM,, im-
proving empirical coverage under market volatility. [ZF23]] compares bootstrap
methods with [QR] showing that while both capture non-linear relationships, [QR]
provides sharper [PIs.
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Distribution-Based Probabilistic Forecasts assume a specific probability distribu-
tion, such as Gaussian or Poisson. [WMO08] and [JW10] compares parametric
and semiparametric time series models, showing that kernel density estima-
tors provide smoother and more reliable distribution-based probabilistic fore-
casts than traditional parametric models. [Ser11] uses GAMLSS to dynamically
model the full distribution of electricity prices, offering flexible and accurate
interval forecasts. [ZS18] extends the X-Model by incorporating supply and
demand curves, simulating full time-dependent distributions and capturing ex-
treme price events. [Dud18] introduces a Nadaraya-Watson estimator, gen-
erating asymmetric predictive densities that outperform traditional models in
capturing price spikes. [MRRFJR18]] applies Nadaraya-Watson-Kernel Density

Estimator to estimate Beta distribution [Probability Distribution Functions for
offering a comprehensive view of forecast uncertainty. [DBAV"19]]
presents a Two-Step Probabilistic Approach, providing for the with
confidence intervals based on transition probabilities. [KSN23]] employs echo

state networks and copula processes to model price distributions, delivering
well-calibrated , especially in volatile markets. [MNWZ23]] introduces Distri-
butional that model the full distribution of prices, improving forecasting
performance and risk management. [XIWD24] combines|QR! with Kernel
Density Estimator to estimate full probability distributions from quantile fore-
casts, enhancing forecast robustness. [LUW24] uses Isotonic Distributional Re-
gression for postprocessing, significantly improving accuracy and outperform-

ing traditional methods like [QRA| and [CP|in

Monte Carlo approaches for probabilistic forecasting generate random samples
to simulate possible outcomes. [WS10] employs Monte Carlo simulations to

generate probabilistic forecasts for [Auto-Regressive Moving Average with Ex-|
logenous input (ARMAX)| |GARCH] and Adaptive Wavelet[NN|models, improving
accuracy through variance reduction techniques. [BRMD16] uses this method

to model uncertainty in demand, fuel prices, and renewable output, generat-
ing multiple scenarios for medium-term price forecasts. [BRM16] extends this
approach by simulating key risk factors to create a probabilistic risk profile for
medium-term [EPE|. [YXS*17] applies Monte Carlo within[NN to adjust weights
through random sampling, producing reliable demand forecasts. [Tat18] uses
a mean-reverting model to simulate price trends and spikes in Lithuania’s elec-
tricity market, improving short-term volatility forecasts. [OLSK"18] incorpo-
rates this technique in a hybrid model to simulate price outcomes and man-
age uncertainties in [[GWBS22] applies it to model uncertainty in drivers
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like solar generation and gas prices. [NZ22[]] simulates multiple price trajecto-
ries for the optimising bidding strategies by accounting for uncertainty.
[YKGT22] employs Sequential Markov Chain Monte Carlo to forecast supply
curves, enhancing real-time adaptability and volatility management. [YYT23]
enhances the approach through a Bayesian network, capturing interdependen-
cies and simulating electricity price distributions to improve forecast reliability
in volatile markets.

Historical Simulation is a model-independent approach widely used for
by constructing empirical from past forecast errors. [WMOS8] applied this
method to spot electricity prices by calculating sample quantiles from one-step-
ahead prediction errors, effectively capturing market uncertainty without re-
lying on parametric assumptions. Similarly, [NW15]] used historical simula-
tion for by constructing empirical [PIs from [ARX] and Switched Non-linear
[ARX residuals. [UMW19a]] emphasised its simplicity compared to bootstrap-
ping while achieving similar performance in [MUW20b] further applied
residual-based historical simulation to model price volatility by leveraging the
empirical distribution of past residuals. [Jan24] highlighted the method’s ro-
bustness in capturing volatility and price spikes without parametric assump-
tions. Finally, [MN24] demonstrated its use in multidimensional forecasting,
constructing [PIs by adding historical forecast errors to point forecasts.

2.3.6 Overview

The evolution of uncertainty quantification methods for has shifted from
traditional approaches such as Bootstrap, Historical Simulation, Monte Carlo,
and Distributional-Based techniques, which remain essential for stress-testing
and risk management, particularly in hybrid frameworks combining statisti-
cal and models. Bayesian methods were an early step forward, but since
its introduction in 2015 by [NW15] and subsequent review in 2018 [NW18]],
[QRA| has dominated the field, as shown in Table By using point forecasts
from individual models as independent variables and observed spot prices as
the dependent variable, [QRA| generates [PIs without directly combining individ-
ual model intervals, avoiding compounded errors. This allows it to address
aleatoric uncertainty by capturing cross-model variability, and epistemic uncer-
tainty by mitigating biases inherent to individual models. Its ability to generate
sharp and reliable [PIs has made it a standard baseline for forming the
foundation for many enhanced techniques [MNW16].
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Table 2.4: Literature on PEPF. Acronyms- Historical Simulation (HS), Monte
Carlo (MC), Distributional Based (DB). The v'is the approach presented herein.

Reference

Wan et al. 2013 [WXWT13]
Khosravi et al. 2013 [KNC13]
Jonsson et al. 2014 [JPMN14]
Nowotarski et al. 2015 [NW15]
Maciejowska et al. 2016 [MNW16]
Hagfors et al. 2016 [HBKT' 16]
Dudek et al. 2016 [Dud16]

Bello et al. 2016 [BRM16]

Bello et al. 2016 [BRMD16]
Tahmasebifar et al. 2017 [TSEEK17]
Tat et al. 2018 [Tat18]
Nowotarski et al. 2018 [NW18]|
Ziel et al. 2018 [ZS18]|

Dudek et al. 2018 [Dud18]
Monteiro et al. 2018 [MRRFJR18]|
Osorio et al. 2018 [[OLSK™* 18]
Dumas et al. 2019 [DBdVT19]
Kostrzewski et al. 2019 [KK19]
Brusaferri et al. 2019 [BMPV19]
Cheng et al. 2019 [[CDZD19]
Uniejewski et al. 2019 [UMW19al
Serafin et al. 2019 [SUW19]
Muller et al. 2019 [MS19]
Ghayekhloo et al. 2019 [[GAGT19]]
Marcjasz et al. 2020 [MUW20b]]
Chaweewat et al. 2020 [CS20]
Brusaferri et al. 2020 [BMR™20]
Uniejewski et al. 2021 [UW21]]
Kath et al. 2021 [KZ21]

Bhatia et al. 2021 [BMVTZ21]
Narajewski et al. 2022 [Nar22]
Narajewski et al. 2022 [NZ22]]
Maciejowska et al. 2022 [MUW22]
Gabrielli et al. 2022 [GWBS22]
Yildirim et al. 2022 [YKG™22[
Yuanchen et al. 2023 [YYTT23]
Klein et al. 2023 [[KSN23]|
Uniejewski et al. 2023 [[Uni23bl]
Uniejewski et al. 20 [[Uni23al]
Marcjasz et al. 2023 [MNWZ23]]
Liu et al. 2023 [LSTL23]|

Zhang et al. 2023 [ZF23]
Maciejowska et al. 2023 [MSU23]|
Nickelsen et al. 2024 [NM24]
Monjazeb et al. 2024 [MAM24]|
De et al. 2024 [DITRM T 24]

Xu et al. 20 [XIWD24]
Maciejowska et al. 2024 [MN24]
Maciejowska et al. 2024 [MSU24]
Zakrzewski et al. 2024 [ZSMM24]
Feron et al. 2024 [Fér24]
Janczura et al. 2024 [Jan24]
Brusaferri et al. 2024 [BBGL24]
Lipiecki et al. 2024 [LUW24]
Dutot et al. 2024 [DZFG24]
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Table 2.5: Literature on other probabilistic forecasting applications. Acronyms-
Historical Simulation (HS), Monte Carlo (MC), Distributional Based (DB). The
v'is the approach presented therein.

Reference QR QRA CP Bayesian Bootstrap DB MC HS PEPF Other
Clements et al. 2007 [[CKO7]| v v
Yong et al. 2017 [YXST17] v
Tibshirani et al. 2019 [TFBCR19]
Bozorg et al. 2020 [BBCT20] v v
Xu et al. 2021 [XX21]]

Jensen et al. 2022 [JBA22] v
Hu et al. 2022 [HLTT22] v
Foygel et al. 2022 [FBCRT22]

Zaffran et al. 2022 [ZFGT22]

Cordier et al. 2023 [CBLT 23]

Xu et al. 2023 [XX23]

Wang et al. 2023 [WFHT 23]

Subhankar et al. 2023 [[GSBT 23]

Dewolf et al. 2023 [DBW23]]

Xu et al. 2024 [XJX24]

Angelopoulos et al. 2024 [ACT24]|

Lee et al. 2024 [LXX24]

Jonkers et al. 2024 [JAVWVH24]| v
Renkema et al. 2024 [RBA24] v

AN

\
N

AN N NN N N N N N N N N N N NN

A N N T N N N N N N N NN

More recently, [CP| has gained attention for its ability to provide valid [PIs with
minimal assumptions. Time-series adaptations such as [EnbPI| and |[SPCI| have

emerged, offering narrower intervals and robust uncertainty estimates. While
traditional ensures valid under the assumption of data exchangeabil-
ity, this assumption limits its applicability to time series due to temporal de-
pendencies. by integrating ensemble learning with bootstrap sampling
and eliminating the need for a separate calibration set, effectively manages
both aleatoric and epistemic uncertainties. Its leave-one-out strategy refines
uncertainty estimation, generating reliable [PIs. extends these capabilities
by dynamically updating residuals to reflect evolving data, capturing temporal
dependencies and heteroskedasticity. With adaptive and asymptotic con-
ditional coverage, has proven especially valuable for in dynamic
markets [XJX24]]. However, |CP|remains in the early stages of application, with
studies utilising [CP| being focused on non [EPF areas, as shown in Table

2.4 Trading and Strategy Optimisation

Efficient trading strategies are essential for integrating renewables and capital-
ising on arbitrage opportunities in volatile electricity markets, where real-time

pricing and market uncertainties pose significant challenges. This section re-
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views key optimisation techniques that increase financial performance in en-

ergy trading, focusing on heuristic methods (Section [2.4.1]), [Linear Program-|
(Section [2.4.2), Mixed Integer Linear Programming (MILP)| (Section
2.4.3), and the integration of forecasts into trading methodologies (Section
[2.4.5). When combined with accurate forecasting models, these methodolo-
gies enable traders to optimise bids, manage energy storage, and navigate mar-

ket complexities with precision. By examining the strengths and limitations of
these strategies, this section underscores their role in maximising profitability
and aiding the stability of electricity markets.

2.4.1 Heuristic

In the domain of and trading, heuristic methods have become a widely
used approach for navigating the complexities of the [ZCBD16, WBKK18]
and [BCT18, LWB'19], as well as dual market trading [CLE"11]. These
methods are valued for delivering good solutions within reasonable computa-
tional times, even if they do not guarantee optimal outcomes. In the fast-paced
environment of electricity markets, where dynamics are constantly evolving,
the ability to make rapid decisions is essential for maintaining competitiveness.

Designed to prioritise flexibility and speed, heuristic trading strategies are ideal
for real-time applications where quick responses to market fluctuations are fun-
damental to optimising profitability. Their computational efficiency reduces the
risk of missed opportunities in volatile markets, while their inherent flexibility
enables them to incorporate new data and adjust to changing conditions. The
simplicity of heuristic methods, with fewer parameters and simpler algorithms,
also makes them accessible and easier to implement.

Probabilistic forecasting further improves heuristic strategies providing more
flexible risk management. Instead of relying on single-point estimates, it pro-
vides a range of potential price outcomes, accommodating market uncertainty
and volatility. This approach helps traders better understand market move-
ments and tailor decisions, such as in quantile trading, where buy and sell
signals are based on forecasted price quantiles [UW21]]. These techniques opti-
mise returns while mitigating exposure to adverse price swings [[Uni23b].

Heuristic methods are often combined with ML models for improved accuracy,
with [ML| forecasts feeding into heuristic optimisation to identify effective trad-
ing strategies [AB21]]. This hybrid approach improves performance and adapt-
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ability in dynamic market conditions. However, heuristic methods do not guar-
antee optimal outcomes, which may lead to missed profits. Additionally, they
can be sensitive to initial conditions and parameter settings, and lack the rig-
orous theoretical guarantees of exact methods [MSU23], which can be a disad-
vantage in highly regulated or risk-averse environments.

2.4.2 Linear Programming

is a widely used optimisation tool in energy market trading, offering exact
solutions to challenges like volatile prices, fluctuating demand, and operational
constraints [PASN11, |Spi14]]. [LP|efficiently solves large-scale optimisation prob-
lems, particularly where relationships between variables can be approximated
as linear. It is commonly used for unit commitment, economic dispatch, and op-
timal power flow, optimising generation schedules to meet demand at the low-
est cost while respecting capacity, ramp rates, and minimum up/down times,
while also maintaining network constraints.

is most effective when both perfect and imperfect foresight are considered,
with accurate forecasts improving profitability [SDJWO09]. A key application of

in electricity trading is maximising arbitrage revenue through
lage Systems (ESS)l By storing energy when prices are low and selling when

prices are high, traders can profit from price differentials. [LP|models effectively
manage storage operations by incorporating constraints on charging, discharg-
ing, and capacity limits, ensuring optimal timing to maximise profits [BPPE14].
[LP|models incorporate operational constraints and efficiency factors, such as the
round-trip efficiency of storage devices, making them suitable for real-world ap-
plications. Even with imperfections, [LP|optimises trading strategies by focusing
on peak price events [MFSI5]. In [ESS|valuation and optimisation, [LP| balances
charging and discharging to maximise profits while adhering to regulations and
technical constraints, ensuring safe operation and improved efficiency [BLZ16].

While traditional [LP| provides exact solutions for optimal scheduling and cost
minimisation, its effectiveness can be challenged by uncertainties like renew-
able energy and price fluctuations. Stochastic [LP|addresses this by integrating
probabilistic scenarios, creating a more robust framework to maximise profits
and mitigate risks from volatility. By leveraging historical data and probabilistic
forecasts, this approach optimises trading strategies under uncertainty [YF17].

Multistage stochastic programming builds on|[LP|by modelling future price curves
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and energy storage states across multiple periods, enabling continuous adjust-
ments to trading strategies. It accounts for operational constraints, degradation
costs, and market fluctuations, allowing for dynamic decision-making as new
information arises [SPE22]. While effective, [LP| struggles with non-linearities
and large datasets, where models can improve scalability and performance.

2.4.3 Mixed Integer Linear Programming

extends [LP| by incorporating integer variables, enabling the modelling of
both continuous and discrete decision-making processes. This is particularly
valuable for optimising trading strategies and energy management, where bi-
nary decisions (e.g., on/off status of generators) and fixed costs are common.
MILPs ability to model both discrete and continuous elements allows for more
accurate modelling of operational decisions under uncertainty, especially when
decisions in the impact subsequent actions in the

This makes MILP| highly effective in optimising price and quantity bids across
both DAM| and BM| While this may increase exposure to risk, its dynamic na-

ture ensures efficient cycling of storage units, supporting agile trading strategies
[KUZ"17]. To address computational challenges in non-convex problems, step-
wise approximation methods convert mixed-integer quadratic programs into
formulations, balancing accuracy and efficiency [BGDJB19].

Incorporating network constraints and renewable energy sources further im-
prove MILP]s flexibility. Stochastic frameworks can account for uncertain-
ties in renewable generation and demand, improving reliability and profitability
under volatile conditions [TG19]]. In microgrid operations, optimises en-
ergy management under uncertainties in sources, prices, and demand, using
scenario generation and reduction for efficiency [GMM21]].

offers precise solutions to complex market constraints, enabling traders to
maximise profits and minimise costs in changing market environments [CSMZ21]].
It plays a key role in integrating renewable energy and storage systems, improv-
ing both efficiency and grid stability [MODJ23]]. This makesMILP|indispensable
for sustainable electricity trading and risk management.

2.4.4 Other Trading Approaches

Recent advancements in trading strategies tackle the challenges posed by re-
newable energy and market volatility, with a summary of these approaches
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Table 2.6: Literature on Trading Strategies. The v'is the approach presented
herein

Reference Heuristic LP MILP DP RL DAM IDM BM Multiple
Sioshansi et al. 2009 [SDJWO09I] v v

Pinto et al. 2011 [PdSN11] v v v
Connolly et al. 2011 [CLF*11] v v
Spisto et al. 2014 [|Spil4]l v v
Bradbury et al. 2014 [[BPPE14] v

Mecconnell et al. 2015 [MFS15] v

Jiang et al. 2015 [JP15]

Berrada et al. 2016 [BLZ16]] v

Zafirakis et al. 2016 [ZCBD16] v

krishnamurthy et al. 2017 [KUZT17]] v

Yu et al. 2017 [YF17] v

Wang et al. 2018 [WZ18] v
Wilson et al. 2018 [WBKK18]
Bassett et al. 2018 [BCT18]

Kin et al. 2019 [LWBT19]

Brijs et al. 2019 [BGDJB19]
Tohidi et al. 2019 [TGI9]

Gomes et al. 2021 [[GMM21]]
Cosic et al. 2021 [[CSMZ21]
Uniejewski et al. 2021 [UW21]]
Abramova et al. 2021 [AB21]]
Silva et al. 2022 [SPE22]]
Uniejewski et al. 2023 [Uni23b]
Maciejowska et al. 2023 [MSU23]|
Kraft et al. 2023 [KRKB23]| v

Mercier et al. 2023 [MODJ23]] v

Alghumayjan et al. 2024 [AHZ™24]] v v
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provided in Table Stochastic optimisation, often using multi-stage stochas-
tic MILP, models uncertainties in prices and renewable generation to optimise

trading decisions across the DAM|and IDM. This approach assesses profitability
and risk, balancing risk-neutral trading for higher profits, while risk-averse
strategies mitigate risks through trading [KRKB23].

IDynamic Programming (DP)| is also utilised to optimise sequential decision-

making processes in electricity trading, breaking the problem into smaller sub-
problems for different time periods. effectively incorporates uncertainties
like fluctuating prices and demand, into a unified decision-making framework,
helping develop optimal trading strategies amid market volatility [JP15].

IReinforcement Learning (RL)|is gaining traction for real-time price arbitrage,

excelling at adapting to non-stationary prices. By refining a value function
through charging and discharging actions, captures immediate profits and
historical insights, often outperforming traditional methods [WZ18]]. The inte-
gration of RLjwith [DP|further improves decision-making by continuously updat-
ing strategies with real-time data, enhancing the efficiency and profitability of
[AHZ"24]. These methods highlight the growing sophistication of trading

strategies, enabling optimised decisions across market conditions and risks.
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2.4.5 Integration of Trading Strategies with Energy Storage

Integrating forecasting models into trading strategies is fundamental to opti-
mising decision-making in electricity markets. Accurate [EPF| models predict
future prices, enabling traders to refine strategies, optimise buy-sell decisions,
and improve profitability. Combined with techniques like [LP| and these
models improve trading performance. For example, quantile-based forecasts
can help traders manage risks and increase profits, ultimately improving mar-
ket efficiency by reducing volatility and increasing liquidity.

Integrating with trading strategies improves energy dispatch by leverag-
ing arbitrage opportunities, storing energy at low prices and discharging when
prices rise. Advanced optimisation techniques maximize profitability by opti-
mising charge-discharge schedules, relying on accurate price forecasts, espe-
cially in volatile renewable-driven markets. Beyond trading, plays a key
role in ancillary services like frequency regulation and voltage support, offering
additional revenue streams and improving grid stability [WTGB17].

ESS|, combined with renewables, balances supply-demand by storing excess en-
ergy during high production and discharging during low production, maximiz-
ing renewable energy utilization and providing essential services for grid reli-
ability [[SR16]. Optimised trading strategies have broader implications, such
as influencing market prices, stabilising the grid, and improving the reliability
of power systems. Case studies (e.g., [CLF™11], [|Spil4]], [BLZ16], [TG19],
[MODJ23]]) demonstrate the real-world effectiveness of integrating forecasting
models with trading strategies, leading to significant economic benefits.

Despite challenges like battery degradation and high capital costs, advance-
ments are making [ESS|more economically viable, with incentives like tax credits
enhancing returns [L.S22]. Effective degradation management through predic-
tive maintenance further improves lifespan and operational costs, boosting
long-term profitability [GMI™22].

2.5 Conclusion

This chapter has provided a review of the key components involved in both
and trading strategies, with a focus on the [DAM| and BM| The analysis of
electricity markets highlighted the complexity and volatility inherent in these

environments, driven by factors such as fluctuating supply and demand, the
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growing influence of renewable energy, and market-specific structures.

The review of predictive models illustrated the evolving landscape of fore-
casting methodologies, from traditional statistical approaches like and
to more sophisticated [ML] and [DL] models, such as [DNNE, and
networks. While and DI] models excel in capturing complex non-
linear relationships and perform well in the more stable they struggle in
the more volatile where the need for adaptable models is greater.

Uncertainty quantification techniques such as [QR|, EnbPIl| [SPCI, and

ensemble methods have become vital tools for improving both the accuracy
and reliability of forecasts amid growing market volatility. By offering not just
point estimates but also probabilistic forecasts, these approaches help market
participants manage risk more effectively and make informed decisions.

Finally, the integration of forecasting models with trading strategies, including
heuristic methods, and demonstrates the importance of optimising
trading decisions to maximise profitability while managing risks. The inclusion
of and advanced optimisation techniques further emphasises the need for
effective trading strategies to navigate the complexities of electricity markets.

In sum, this chapter lays the foundation for understanding the interplay be-
tween accurate forecasting, risk management, and optimised trading strategies,
setting the stage for the methodological developments in the subsequent chap-
ters. As renewable energy integration accelerates, the insights gained here will
be fundamental in improving the markets’ stability and efficiency.
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Chapter 3

Day-Ahead and Balancing Market
Datasets

This chapter introduces the datasets used for[EPFin the[DAM|and BM] alongside
a time series analysis of these datasets. The first section focuses on the structure
and variables of each dataset, covering historical and forward-looking data. For
the the dataset includes variables such as market prices, and the price
predictors, wind and demand forecasts, providing insights into the short-term
pricing mechanisms of electricity markets. The BM dataset emphasises real-time
adjustments, with data capturing real-time imbalances, demand corrections,
and the impact of renewable energy sources. These datasets are fundamental to
developing forecasting models tailored to the unique operational environments
of both markets.

In the second section, we conduct a comprehensive time series analysis on both
datasets. This includes stationarity tests to determine the data’s suitability for
modelling, and autocorrelation and partial autocorrelation analyses to identify
underlying patterns in the series. Additionally, serial correlation, heteroscedas-
ticity, and multicollinearity diagnostics are performed to ensure the robustness
of the data structure. Correlation analyses between variables help uncover sig-
nificant relationships, while decomposition analysis breaks the series into trend,
seasonal, and residual components. Finally, residual analysis is used to validate
model performance, ensuring that residuals are free from autocorrelation and
heteroscedasticity. These analyses provide a solid foundation for building ac-
curate and reliable forecasting models capable of handling the complexities of

both the and
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3.1 Datasets

The integration of renewable energy sources like wind and solar has signifi-
cantly transformed electricity markets. Accurate [EPF| is now crucial for main-
taining grid stability, optimising trading strategies, and managing financial risks.
In the which covers both Ireland and Northern Ireland, the increasing
share of variable renewable energy has led to greater price volatility and fore-
casting challenges. To address these issues, the European electricity market, in-
cluding the has been structurally harmonised through policy initiatives
aimed at integrating renewable energy sources [VDVDH17]]. This harmonisa-
tion enables market participants to engage in both forward and spot markets,
providing them with the tools necessary to manage price risks and balance sup-
ply and demand in real time. These reforms support cross-border electricity
trading, foster greater renewable integration, and enhance market efficiency
across Europe [CMS22]].

The datasets used in this research are sourced from the Single Electricity Market
Operator ('SEMOB) platform, which operates the electricity market across the
island of Ireland, and SEMOpxP} the power exchange for the Day-Ahead and
Intraday markets in Ireland. These datasets encompass historical and forward-
looking data for the from 2019 to 2022, a period marked by substantial
renewable energy integration and heightened market volatility driven by the
intermittency of renewables and evolving market structures. Key variables in-
clude historical market prices, demand forecasts, generation predictions, inter-
connector flows, and actual generation outputs. These variables are vital for
understanding price fluctuations driven by both market fundamentals and the
intermittent nature of renewable energy sources, allowing for a deep analysis

of the dynamics in the and

For the prices are forecasted for the next 24 hours using hourly data,
aligning with the market’s daily settlement process. In the where real-time
imbalances are managed, the forecasting horizon is set at 8 hours with half-
hourly granularity, aligning with the horizon of SEMO-published forecast data
for key predictors (including renewable and demand forecasts). This distinc-
tion reflects the different operational needs of each market: the focuses
on pre-scheduling generation and consumption, while the corrects real-
time deviations. The following provides a detailed breakdown of the dataset

Thttps://www.sem-o0.com/
2https://www.semopx.com/market-data/
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variables, preprocessing methods, and the reasoning behind the modelling ap-
proach. These processes ensure that the resulting forecasting models are both
accurate and robust enough to handle the inherent uncertainties and volatility
in modern electricity markets.

3.1.1 Day-Ahead Market

The is a vital platform where electricity market participants—generators,
suppliers, and large consumers—schedule their production or consumption one
day ahead. In this auction-based system, participants submit bids for the next
24 hours, aiming to balance forecasted supply and demand. This is especially
vital in markets with high renewable energy penetration, such as the
where accurate scheduling minimises the need for costly real-time adjustments
caused by the volatility of renewable generation. The auction occurs daily
at noon CET, determining prices for the next 24 hours based on submitted bids
and system constraints.

The clearing process relies on the EUPHEMIA algorithm [EUP24], which matches
supply with demand while accounting for complex bid types (e.g., block orders)

and transmission constraints across interconnected regions. This results in mar-

ket prices that reflect the marginal cost of meeting forecasted demand. As the

integration of renewable sources like wind and solar increases, forecasting DAM]

prices has become a growing priority in both academic and industry settings.

The unpredictability of renewable generation, particularly wind, complicates

bidding strategies and market price formation, requiring advanced models that

can account for the uncertainties linked to weather-dependent supply and fluc-

tuating demand.

In this study, the primary objective is to forecast DAM prices for the next 24
hourly periods, using a combination of historical and forward-looking data to
capture the key drivers of price volatility, as shown in Figure These fore-
casts help market participants develop more informed bidding strategies, al-
lowing them to better anticipate price fluctuations and optimise their positions.
Bids for the must be submitted by 11:00 AM on the day before delivery
(D-1), and prices are set for the 24 hours of the following day (D), starting
from midnight. Therefore, the forecast horizon begins from the time of bid
submission and targets the 24 settlement periods for the next day.
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Figure 3.1: Time Series Plots for Day-Ahead Market Price, and the Predictors.

Forward-Looking Data

Forward-looking data is fundamental to predicting future conditions that will
directly affect prices in the DAM. Incorporating forecasts enables the model
to anticipate how wind generation and demand fluctuations will impact price
outcomes. The forward-looking variables in the dataset include:

* Demand forecast (DF) in MWh: Demand fluctuations, driven by daily and
seasonal patterns, are key determinants of price changes in the Ac-
curate 24-hour demand forecasts from the are essential for balancing
supply and demand and guiding bidding strategies. These forecasts help
anticipate consumption trends, directly influencing market prices. This is
represented as: [DFy, ..., DFy o3].

* Wind Generation forecast (WF) in MWh: The variability of wind energy
significantly contributes to price volatility, especially in renewable-heavy
markets like the We use 24-hour wind generation forecasts pro-
vided by the to estimate future renewable supply. These forecasts al-
low the model to anticipate how changes in wind generation will influence
market prices. The wind forecast is represented as: [WW Fj, ..., W F}, o3].

The notation (DF; to DF; ,3 and W F} to W F}, 53) represents consecutive hourly
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forecasts from the first hour (¢) through 23 hours ahead (¢ + 23). Incorporat-
ing forward-looking wind and demand forecasts enables the model to capture
the impact of renewable variability and demand fluctuations on future prices,
aligning with the [DAM]s reliance on predicted supply and demand for bidding.

Historical Data

Historical data is fundamental to analysing past market behaviour and identify-
ing trends that may influence future price movements. The selected historical
variables reflect key market dynamics and align directly with the operation of
the The dataset includes the following variables:

* [DAM| Prices (DAMP) in €/MWh: We use the prices from the pre-
vious 7 days (168 hours) to capture short-term trends and shifts influ-
enced by past market conditions, helping reveal patterns that may extend

into future price movements. The historical price input is represented
as:[DAMPt_lm, ceey DAMPt_l]

* Past Wind Generation Forecasts (PWF) in MWh: We use the past 7-days of
the [TSOJs wind generation forecasts to capture the relationship between
fluctuating wind power and price behaviour, to improve the model’s abil-
ity to predict how wind variability affects prices. The wind generation
data is represented as:[PW F}_i¢7, ..., PW F;_4].

* Past Demand Forecasts (PDF) in MWh: Again, we use the past 7-days of the
[TSOJs demand forecasts to capture consumption patterns that drive price
changes, improving the model’s ability to capture how demand variability
impacts prices. This is represented as:[PDF;_147, ..., PDF;_1].

By incorporating historical data on DAM] prices, wind generation, and electricity
demand, the model is equipped to capture important market behaviours and
trends. This approach reflects the operational realities of the where past
performance is a strong indicator of future price dynamics.

Data Preprocessing

Preprocessing the dataset is key to ensuring that the input data is con-
sistent, accurate, and suitable for training models, and generating forecasts.
Given the multiple data sources, varying time granularities, and the importance
of capturing both historical and forward-looking trends, the following prepro-
cessing steps were implemented:
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* Handling missing data Missing values in the dataset were filled
using two approaches, depending on the type of variable. For predictors,
the missing values were filled with the average of the last 6 periods on the
same day, ensuring data gaps do not introduce bias or inconsistency. For
price data, which rarely had missing values, gaps were filled using values
from the same period one week earlier.

* Time Zone and Daylight Savings Adjustments: Since the spans
multiple regions with different time zones, all time points were standard-
ised to a common time zone for consistency. Daylight savings adjustments
were also applied to ensure uniformity in the temporal structure of the
data, avoiding discrepancies that could impact forecasting accuracy.

* Erroneous data detection and management: The is sensitive to
price spikes and sudden shifts in demand caused by unforeseen events.
Erroneous data in the predictors was either replaced with the mean of
the previous 6 periods, similar to the method used for missing data or
removed depending on the severity of the error.

* Data Alignment: The dataset is constructed to include only the data that
would have been available at the time of prediction, preventing any fu-
ture information from being used in training. Predictors like wind and
demand forecasts are aligned with the settlement periods based on
their actual availability, ensuring that the model uses only the data acces-
sible at the time of each prediction. This approach ensures realistic and
robust forecasting.

* Lag Feature Creation: To capture the influence of recent trends on future
prices, a rolling window was applied to variables such as prices,
wind generation, and electricity demand. For instance, historical
prices from [DAM,; g7, ..., DAM,;| were used to model temporal depen-
dencies, which are essential for accurate EPF.

* Scaling/Normalisation of Data: Min-Max scaling was applied to stan-
dardize the range of predictor variables. This ensures that no individual
feature, such as|DAM] prices or demand and wind forecasts, disproportion-
ately affects the model due to differences in scale.

* Handling Seasonality: Dummy variables for hour-of-day, day-of-week,
and month-of-year were created to capture recurring patterns in elec-
tricity price, demand, and generation. This helps the model account for
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cyclical variations, leading to more accurate forecasts that reflect seasonal
trends.

These preprocessing steps are designed to align the DAM data with the oper-
ational realities of the market. By ensuring that the dataset is clean, synchro-
nized, and representative of typical market behaviour, the forecasting model
can generate more accurate and actionable price predictions.

3.1.2 Balancing Market

The is essential for maintaining the stability of the electricity grid in real-
time by allowing the to correct imbalances between supply and demand.
Unlike the DAM, which schedules electricity a day in advance, the BM operates
on a much shorter timescale, addressing fluctuations in generation and demand
as they occur, typically every 5 minutes. This market is particularly critical in
markets such as given the high levels of variable renewable energy, such
as wind and solar, where forecasting errors and sudden changes in output are
common.

The [BM]s primary function is to resolve imbalances that arise from forecast er-
rors, sudden demand shifts, or unplanned generation outages [OT19]. Market
participants, including generators, demand response providers, and storage op-
erators, submit bids to either increase or decrease their output, or adjust their
consumption, to assist in balancing the system. These bids are structured as
price-quantity pairs, offering flexibility in real-time. The uses these bids
to manage the grid’s balance while minimising costs and maintaining system
security.

Key features of the BM]include:

* Price-Quantity Pairs: Participants submit bids detailing the price at wh-
ich they are willing to adjust their generation or consumption. The
accepts these bids as necessary to balance the grid, compensating partic-
ipants for deviations from their pre-notified schedules (Physical Notifica-
tions, PNs). This mechanism ensures that the market can quickly respond
to real-time fluctuations in supply and demand.

* Flagging and Tagging: To ensure that the price accurately reflects the
cost of balancing energy, the uses a flagging and tagging process. This
classification system distinguishes between balancing actions that correct
supply-demand imbalances and those taken for system security reasons.
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Only flagged energy-related actions influence the price, preventing
non-energy tagged actions from distorting price signals.

* De Minimis Acceptance Threshold: A minimum threshold for energy ac-
tions, the De Minimis Acceptance Threshold ensures that only significant
transactions impact the price. Actions below this threshold are ex-
cluded to prevent minor deviations from disproportionately affecting the
market price.

The operates with high temporal resolution, determining prices based on
five-minute imbalance pricing periods, which are then aggregated over the
[SEMs 30-minute settlement periods. This granularity allows the market to
respond swiftly to real-time changes, making it indispensable for maintaining
system balance in a renewable-heavy grid. The accuracy and timeliness of
data are critical, as delays or inaccuracies can lead to inefficient balancing ac-
tions and increased system costs. For a more detailed discussion of the
including the intricacies of the flagging and tagging process, see [BD18].

In our problem setting, the target is the price (BMP) for the proceeding,
open, 16 settlement periods.

Yt = [BMPt+27-~-aBMPt+17]- (3.1)

The forecast horizon begins at ¢ + 2 instead of ¢, as at time ¢ when a forecast
is being generated, BM periods ¢ and ¢ + 1 are closed. If a participant wants
to adjust its commercial order data, it can only do so for periods t + 2
onwards, hence our focus on the [t + 2, ..., ¢ 4+ 17] horizon.

The explanatory variables for forecasting BMP are categorised into historical
and forward-looking data. Historical data captures past market behaviour and
includes a rolling window of the 48 most recent BM prices, along with key
features like volume, forecast deviations, interconnector flows, and phys-
ical notifications. These variables provide critical insights into recent trends
and patterns that influence short-term price movements. Forward-looking data,
such as forecasts for renewable generation, electricity demand, the Net Inter-
connector Schedule, and future prices, given they are known in advance,
are crucial for anticipating future prices. These forecasted values align with
the settlement periods the model seeks to predict. Some variables, like
prices, are present in both historical and forward-looking datasets due
to their significant impact on market dynamics. This integration of historical
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Figure 3.2: Time Series Plots for Balancing Market Price, and both Historical
and Forward-Looking Predictors

and forward-looking data ensures a comprehensive approach to capturing the
complex factors that drive prices. As illustrated in Figure forecasting
BM prices requires a comprehensive set of variables that capture both historical
trends and future expectations, which are critical for accurate and reliable price
predictions.

Forward-Looking Data

Forward-looking data includes forecast variables that provide an anticipatory
view of market conditions. These forecasts are critical for predicting BM] prices
as they help account for expected changes in supply and demand that could
influence real-time market dynamics.

* Physical Notifications Volume (PHPN) in MWh: This variable represents
the sum of physical notifications—planned electricity generation or con-
sumption adjustments—for the forecast horizon. It reflects anticipated de-
viations from scheduled market positions, influencing balancing actions:
[PHPN,,s, ..., PHPN,,17).

* Net Interconnector Schedule (PHI) in MWh: This is the projected intercon-
nector schedule over the forecast horizon, showing expected cross-border
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flows of electricity. Variations in these flows can impact prices by
altering the available supply and demand balance: [PH ., ..., PHI; 7]

* Renewable Forecast (PHFW) in MWh: This variable provides the [TSO[s
forecast of renewable energy output (e.g., wind and solar) for the fore-
cast horizon. Accurate forecasts of renewable generation are crucial, as
these sources are highly variable and directly impact the balancing needs:
[PHFW,ys, ..., PHF W, 17].

e Demand Forecast (PHFD) in MWh: The demand forecast indicates ex-
pected electricity consumption over the forecast horizon. It helps in pre-
dicting periods of market tightness or surplus, guiding balancing actions:
[PHF Dy, ..., PHF Dy 17).

* DAM Prices (DAM) in €/MWh: Forward prices for the next 8 hours
provide an indication of expected market conditions and can influence
prices by signalling future supply-demand dynamics:[DAM; 1, ..., DAM; 6]

Historical Data

Historical data is essential for understanding past market behaviour and iden-
tifying patterns that inform future price movements. The dataset includes a
rolling window of historical data, incorporating key variables such as BM prices,
volumes, and deviations between forecasted and actual conditions. The histor-
ical data considered includes:

* Balancing Market Prices (BMP) in €/MWh: Historical prices from the
most recent 24 hours are used to capture recent market trends and price
volatility. This data provides a basis for understanding how prices have
responded to recent supply-demand imbalances: [BM P;_5;, ..., BM P;_3).

* Balancing Market Volume (BMV) in MWh: The volume data reflects
the quantity of energy traded to balance the system over the past 48 pe-
riods. High volumes often indicate significant system imbalances, which
can drive price volatility: [BMV,_51, ..., BMV;_3].

* Forecast Wind - Actual Wind (WDiff) in MWh: This variable captures the
difference between forecasted and actual wind generation over the most
recent 48 settlement periods. Large deviations can cause significant price
spikes in the as unexpected shortfalls or surpluses in wind generation
require immediate corrective actions: (W Dif f;_ 51, ..., WDif f;_3].
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* Interconnector Flows (I) in MW: Interconnector flows represent electric-
ity transmission between regions or countries, influencing market prices
based on supply-demand dynamics. This data captures the cross-border
electricity movements, potentially impacting [BM] prices: [I;_5, ..., [;_s].

* DAM Prices (DAM) in €/MWh: Recent prices provide a forward sig-
nal that influences the High prices may signal tight market con-
ditions, which can affect real-time balancing needs. This variable includes
prices from the previous 24 hours, published at hourly granularity,
adapted to half-hour settlement periods: [DAM,_4s, ..., DAM,].

Preprocessing

Preprocessing the dataset is essential to ensure the data is consistent, accu-
rate, and suitable for training forecasting models. Given the real-time nature
of operations and the complexities of multiple data sources, the following
preprocessing steps were implemented:

* Handling missing data: In the dataset, missing values were han-
dled according to the variable type. For prices, missing values were
replaced with values from the same period one week earlier, preserving
market cycles. For predictors such as imbalance volumes and demand,
the average of the previous 6 periods on the same day was used, ensuring
continuity without distorting short-term patterns.

* Real-Time Alignment and Availability: Since the operates in real-
time, aligning variables to the precise time they become available is vi-
tal. Predictors like imbalance volumes and interconnector values were
synchronised with settlement periods to avoid any look-ahead bias,
ensuring that only data available at the time of prediction was used.

* Data Aggregation: The provides aggregated data from 5-minute to
30-minute intervals. This aggregation was verified within the dataset to
ensure consistency and prevent discrepancies due to different aggregation
methods.

* Qutlier Detection and Treatment: prices are prone to volatility due
to imbalances and sudden operational changes. Instead of removing price
spikes, they were retained to capture significant market behaviour. How-
ever, extreme values in predictors, such as demand and renewable fore-
casts, were capped or replaced using the median of the previous 3 periods
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to minimise the impact of erroneous data while preserving genuine mar-
ket signals.

* Lag Feature Creation: Lagged features for all predictors, such as
prices, BM|volumes, wind difference etc. were generated to capture short-
term dependencies crucial for forecasting. Given the high frequency
of fluctuations, lag windows were set to up to 48 half-hour intervals
(one day) to account for recent trends influencing the current period.

* Data Resampling for Consistency: All variables were resampled to a
consistent 30-minute interval, matching settlement periods. This was
essential as various predictors update at different intervals. Resampling
ensured uniform alignment with prices and prevented mismatches in
the data.

* Scaling/Normalization: Min-Max scaling was applied to prices and
predictors to standardize their range. This mitigated the effect of extreme
values while maintaining the relative importance of each predictor, ensur-
ing that price spikes did not disproportionately impact the model.

* Handling Seasonality and Intraday Patterns: BM|prices and imbalances
display strong intraday patterns, particularly during peak demand peri-
ods. Dummy variables were created for half hourly period, day-of-week,
and month of the year to account for these recurring patterns, helping the
model capture the cyclical nature of the

* Time Zone and Daylight Savings Adjustments: To avoid discrepancies
due to time shifts, all data points were aligned to a common time zone.
Daylight savings adjustments were applied to ensure consistency across
the dataset.

* Lead/Lag Indicators: prices are unique as they serve both as his-
torical variables and known future indicators. Historical DAM] prices from
the past 24 hours, published at hourly granularity, are adapted to the
BM]s half-hourly intervals. This allows the model to leverage recent trends
while incorporating forward-looking prices for the next 8 hours, im-
proving predictions of [BM] prices.

* Feature Engineering: New features, such as the difference between fore-
casted and WDiff, were engineered to capture more complex relationships
in the data and improve model accuracy.
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These preprocessing steps are designed to align the data with the real-
time operational demands of the market. By ensuring that the dataset is clean,
synchronised, and representative of typical market behaviour, the forecasting
model can generate more reliable and actionable price predictions.

3.2 Analysis

In the realm of the preparation and integrity of the underlying data is
fundamental towards accurate forecasting. The accuracy of forecasting models
depends not only on sophisticated algorithms but also on ensuring the data
meets key statistical properties. This chapter explores the methodologies used
to analyse and preprocess the and BM] datasets.

The analysis begins by addressing the stationarity of the datasets, an essen-
tial prerequisite for most time series models, using stationarity tests such as the
|JAugmented Dickey-Fuller (ADF)|and [Kwiatkowski-Phillips-Schmidt-Shin (KPSS)|
to verify that the time series data exhibits constant statistical properties over

time, thus mitigating the risk of unreliable forecasts due to trends or volatil-
ity shifts. Following stationarity verification, the temporal dependencies within

the data are scrutinised through |Autocorrelation Function (ACF)| and |Partiall

|Autocorrelation Functions (PACF)| functions, which are helpful in identifying

patterns and lags in the data, informing the selection of appropriate modelling
techniques.

Beyond foundational checks, the analysis addresses additional issues like serial
correlation, heteroscedasticity, and multicollinearity using diagnostic tools such
as the Ljung-Box and Breusch-Godfrey tests for serial correlation, the Breusch-

Pagan and White tests for heteroscedasticity, and the [Variance Inflation Factor|
(VIF)| and Condition Index for multicollinearity, along with Pearson Correlation
Coefficient and Spearman Rank Correlation for correlation analysis. These meth-

ods ensure that datasets meet the assumptions needed for reliable forecasting.
The chapter also employs breaking down time series into trend, seasonal-
ity, and residual components to reveal deeper insights into market behaviour.
Lastly, residual analysis ensures the models capture key data patterns, ensuring
forecast robustness.

Forecasting and Trading Optimisation in the 71 Ciaran O’Connor
Day-Ahead and Balancing Market



3. DAY-AHEAD AND BALANCING MARKET
DATASETS 3.2 Analysis

3.2.1 Stationarity Test

In time series analysis, stationarity is a fundamental property where the sta-
tistical characteristics of a series, such as mean, variance, and autocorrelation,
remain constant over time. Non-stationary data, which may exhibit trends, sea-
sonality, or varying volatility, can lead to inaccurate and misleading results in
forecasting models, particularly in the more volatile Ensuring stationarity
in these datasets is fundamental to producing reliable forecasts, as forecast-
ing techniques often assume that the underlying data are stationary. To assess
and address potential non-stationarity in the and [BM] datasets, two widely
used tests were applied: the introduced in [DF81], and the Test,
introduced in [KPSS92].

Augmented Dickey-Fuller Test

The test is used to assess whether a time series contains a unit root, indi-
cating non-stationarity. The test evaluates the null hypothesis (H,) that it
is stationary, using a model that incorporates differenced terms, a trend compo-
nent, and lagged values to account for autocorrelation. The test statistic is then
compared against critical values at standard significance levels; if the statistic is
more negative than the critical value, the null hypothesis of non-stationarity is
rejected. Applying the test to both and datasets ensures that the
data is suitable for further statistical modelling by either confirming stationarity
or guiding the need for differencing, reducing the risk of spurious results due
to non-stationarity.

Kwiatkowski-Phillips-Schmidt-Shin Test

The test complements the test by reversing the null hypothesis, as-
suming stationarity unless proven otherwise. While the test checks for unit
root non-stationarity, the test is particularly useful for assessing trend sta-
tionarity, which the may not fully capture. The model decomposes
the time series into a deterministic trend, a random walk, and a stationary er-
ror term, expressed as y; = [y + fit + r; + €;, where y; is the observed series,
fo is the intercept, ;¢ represents the trend, and r, = r;_; + u, captures the
non-stationary behaviour. The null hypothesis (H,) assumes the variance of the
random walk component is zero, implying stationarity around a trend; reject-
ing H, suggests non-stationarity. If the statistic exceeds critical values, it
indicates non-stationarity; values below critical thresholds support stationarity.
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By applying both |ADF| and [KPSS|tests, a comprehensive evaluation of unit root

and trend stationarity is achieved.

Table 3.1: ADF and KPSS Test Results for DAM and BM Datasets

| Dataset | Test | Statistic | p-value | Conclusion |
ADF -4.4239 | 0.00027 Stationary
DAM KPSS (Initial) 18.5197 0.01 Non-stationary
KPSS (Differenced) | 0.0095 0.1 Stationary
ADF -10.5306 | 0.000917 Stationary
BM KPSS (Initial) 24.1871 0.01 Non-stationary
KPSS (Differenced) | 0.0079 0.1 Stationary

The test results, as shown in Table provide a detailed assessment of the sta-
tionarity for both the and [BM]datasets. The initial tests indicated that
both datasets were stationary without differencing, with highly negative test
statistics and low p-values. However, the test identified non-stationarity,
suggesting the presence of a trend. After differencing the data, the test
confirmed that both the and [BM]series became stationary. This divergence
highlights the importance of using both tests to capture different aspects of sta-
tionarity, ensuring that unit root and trend stationarity are addressed before
further modelling.

3.2.2 Autocorrelation and Partial Autocorrelation Analysis

Autocorrelation analysis is a fundamental tool in time series analysis, used to
identify dependencies within data, revealing how past prices and predictors in-
fluence future observations. Two key methods used are the [Yul27] and
[Ner71]], which help in understanding price movements, seasonal pat-
terns, and determining appropriate lag structures for forecasting models.

Autocorrelation Function

The measures the correlation between a time series v, and its past values
y:—, at different time lags k. This function is particularly useful for identifying
repetitive patterns, such as seasonality, by indicating how much past values
influence future observations. The at lag k is defined as:

_ Z?:kH (yt - ?j) (yt—k - Zj)

3.2
ZtT:1(?Jt - 37)2 G2

Pk
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where y, represents the value of the series at time ¢, 7 is the mean of the series,
and 7T is the total number of observations. The[ACFmeasures how much current
values of a time series are influenced by past values, revealing repeating trends
or cycles in electricity demand or prices.
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Autocorrelation Function Analysis for the Day-Ahead Market Dataset

Day-Ahead Market Prices Demand Forecast Wind Forecast

1

Lag Lag Lag
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Figure 3.3: Autocorrelation Plots for the DAM Prices and predictors

The was computed for [DAM| and BM] prices, along with their respective
predictors. In the dataset, a lag of 167 periods (hourly data) captures
nearly a full week of dependencies, while the half-hourly BM] data uses 48 lags
to capture daily cycles. The [ACF| for DAM] prices (Figure reveals strong
periodicity driven by regular demand and supply fluctuations. Demand fore-

casts show similar periodic spikes, with faster decay, indicating shorter-term
dependencies compared to prices. In contrast, wind forecasts show weaker au-
tocorrelation, reflecting their volatility and lower predictability.

Autocorrelation Function Analysis for Balancing Market Dataset

Figure 3.4: Autocorrelation Plots for the BM Prices and predictors

For the dataset (Figure [3.4)), most predictors show rapid decay in autocor-
relation, reflecting the BM]s real-time responsiveness. The Demand Forecast
exhibits seasonal patterns, while Physical Notifications Volume decays more
slowly, indicating stronger long-term dependencies. This contrast between short-
term volatility and longer-term patterns highlights the complexity of mar-
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ket dynamics. Renewable forecasts exhibit a consistent decline, indicating their
fluctuating nature, while wind forecasts also show rapid decline, underscoring
the high variability of wind generation and the need for adaptive models.

Partial Autocorrelation Function

The provides additional insights by measuring the correlation between
the time series y, and its lagged values y;_;, controlling for the effects of inter-
mediate lags. Unlike the which captures both direct and indirect effects
of lagged values, the isolates the direct impact of a particular lag on the
current value of the series. This is particularly useful for identifying the specific
lags that should be included in[AR] models.

The at lag k is obtained by fitting an[AR| model of order £ to the series and
then examining the coefficient j;, which represents the partial autocorrelation
at lag k. Mathematically, for a time series y;, the is computed as the
coefficient j; in the autoregressive model:

Y = A+ Brye—1 + Boye—o + - 4 BrlYi—i + €& 3.3)

where )\ is a constant and ¢, represents the residual. The [PACF| is particularly
useful in determining the number of lags to include in an[AR| model, as signifi-
cant [PACF| values at certain lags indicate the presence of a direct effect.

Partial Autocorrelation Function Analysis for the Day-Ahead Market Dataset

Day-Ahead Market Prices Demand Forecast Wind Forecast

PACF
PACF
A
4
£
d

Figure 3.5: Partial Autocorrelation Plots for the DAM Prices and predictors

The was calculated for the same variables to complement the analy-
sis. For prices (Figure [3.5)), the spike at lag 1 indicates strong short-term
autocorrelation, with moderate peaks at lags 24, 48, and 72, reflecting daily cy-
cles. The Demand Forecast shows a similar spike at lag 1 but diminishes quickly,
highlighting the influence of recent hours. Wind forecasts follow a similar pat-

tern, with strong dependence on the most recent data, and minimal influence
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beyond lag 1.

Figure 3.6: Partial Autocorrelation Plots for the BM Prices and predictors

In the [BM] dataset (Figure [3.6), results confirm strong short-term depen-
dencies, especially at lag 1 for price-related variables. Recurring patterns at
half-hour intervals suggest cyclical behaviour in the market. Predictors like
Physical Notifications Volume and Demand Forecast show significant short-term
dependencies, reinforcing the need to focus on recent data for forecasting.
These observations emphasize the importance of focusing on shorter lags in
forecasting models, as the influence of past values diminishes quickly over time.

The |ACF and [PACF| results highlight the importance of recent observations,

guiding the use of short-term [AR| models. Seasonal patterns, such as daily and
weekly cycles, suggest incorporating periodic components into models, while
volatile predictors like wind forecasts, where autocorrelation declines rapidly,
require adaptive or rolling-window models. This analysis provides critical in-

sights into the temporal dependencies driving [DAM| and [BM| market dynamics,

ensuring the development of forecasting models that are responsive to market
conditions and capable of more accurate predictions.

3.2.3 Serial Correlation Tests

Serial correlation, or autocorrelation, occurs when the residuals in a time se-
ries model are correlated with each other over time, which can lead to ineffi-
cient estimates, incorrect inferences, and unreliable models for [EPF|in the
and To address this, we employ the model, which is well-suited
for high-dimensional data. To test for serial correlation in the residuals of the
LASSO|model, we use the Ljung-Box Test, introduced in [LB78], and the Breusch-
Godfrey Test, introduced in [Bre78]] and extended by [God78]. These tests help
diagnose whether any autocorrelation remains after accounting for the model’s
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structure, ensuring the adequacy of the forecasting models.

Ljung-Box Test

The Ljung-Box Test assesses whether the residuals of a model are uncorrelated
across multiple lags, indicating that the model has captured the time-dependent
patterns. The Ljung-Box test statistic () is calculated as:

m

Pi
Q=T(T+2 (3.4)
R

where T is the total number of observations, j, represents the sample autocor-
relation at lag k, and m is the number of lags being tested. The null hypothesis
H, posits that there is no significant autocorrelation at any lag up to m, i.e.
Hy : pp = po = -+ = py = 0. If the p-value from the test is small, we re-
ject the null hypothesis, indicating that significant autocorrelation exists in the
residuals, and the model has not fully captured the time-dependent patterns.

Breusch-Godfrey Test

The Breusch-Godfrey Test detects higher-order serial correlation in residuals, wh-
ich may extend across multiple lags. Unlike tests that only assess first-order au-
tocorrelation, the Breusch-Godfrey Test allows for testing of higher-order serial
correlation, making it particularly useful in time series data where dependen-
cies may not be limited to just one previous period. The test involves running
an auxiliary regression in which the residuals ¢; from the original model are
regressed on their own lagged values up to a specified lag m, along with the
independent variables from the original model. This auxiliary regression takes
the form:

€& =+ B + Bac—o + -+ Brn€iom + [t (3.5)

where the coefficients (31, 55, . . ., §,, represent the influence of past residuals on
the current residual ¢;, with error term ;.

The null hypothesis of the test states that there is no serial correlation in the
residuals up to lag m, which is expressed as Hy : 51 = 5 = -+ = (3, = 0. If the
test returns a low p-value, we reject the null hypothesis, indicating the presence
of serial correlation. The test statistic follows a chi-square distribution with
m degrees of freedom, and if the residuals show significant autocorrelation,
it may suggest model misspecification, meaning the model may need further
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refinement to account for the serial dependencies in the data.

The Ljung-Box test results (Table for the model at lags 24, 48, 96,
and 167 all show high p-values, well above 0.05, indicating no significant au-
tocorrelation in the residuals. This suggests that the model effectively captures
the temporal dependencies, and the residuals behave independently across the
tested time lags. Similarly, the Breusch-Godfrey test shows no evidence of serial
correlation at any of the tested lags, with all p-values above the conventional
threshold. These results confirm that the model adequately accounts for
serial dependencies, resulting in robust and independent residuals.

Table 3.2: Ljung-Box and Breusch-Godfrey Test Results for DAM and BM Models

| Dataset | Lag | Ljung-Box (p-value) | Breusch-Godfrey (p-value) |

24 0.8994 0.1762

48 0.6690 0.4045

DAM 96 0.7131 0.1982
167 0.8109 0.1574

16 0.0748 0.9725

BM 32 0.1583 0.8760
48 0.4339 0.5509

96 0.7571 0.9052

In the model, the Ljung-Box test shows marginal evidence of autocorrela-
tion at lag 16 (p-value = 0.0748), suggesting some short-term dependencies
may remain. However, at higher lags (32, 48, and 96), the p-values rise sig-
nificantly, indicating that the model performs well in capturing dependencies
over longer periods, with no significant autocorrelation detected. The Breusch-
Godfrey test results further support this conclusion, with consistently high p-
values across all lags, indicating no significant serial correlation in the residu-
als. This suggests that, despite the slight short-term autocorrelation detected
in the Ljung-Box test, the model proves capable in accounting for serial

dependencies across various lags.

3.2.4 Heteroscedasticity Tests

Heteroscedasticity occurs when the variance of the error terms in a regression
model is not constant across all levels of the independent variables. In time
series data heteroscedasticity often emerges due to market volatility, shifts in
demand, or fluctuations in renewable energy outputs, leading to periods of
high and low variability in prices. Addressing heteroscedasticity is important,
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as it violates the assumption of constant variance, a key foundation of many
statistical models. If left uncorrected, heteroscedasticity can result in inefficient
parameter estimates and unreliable hypothesis testing. To diagnose the pres-
ence of heteroscedasticity in the residuals of the LASSO|model, we employ two
tests: the Breusch-Pagan Test [BP79]] and the White Test [Whi80].

Breusch-Pagan Test

The Breusch-Pagan Test is used to detect heteroscedasticity in the residuals of
a regression model, which occurs when the variance of the residuals depends
on the independent variables. The test involves running an auxiliary regression
where the squared residuals ¢? from the original model are regressed on the
independent variable vector x,. This auxiliary regression is expressed as:

& =a+ Bx; + u (3.6)

where the coefficient vector 8 measures the relationship between the variance
of the residuals and the independent variables, and u,; represents the error term

in the auxiliary regression.

The null hypothesis of the test states that the variance of the residuals is con-
stant, meaning that none of the independent variables influence the residual
variance. This is expressed as Hy : f; = 5, = --- = B = 0. If the test produces
a low p-value, we reject the null hypothesis, indicating that heteroscedasticity is

present. The test statistic, known as the [Lagrange Multiplier (LM)|statistic, fol-

lows a chi-square distribution with k degrees of freedom, where £ is the number
of independent variables. If heteroscedasticity is detected, it suggests that the
model may need refinement to handle non-constant variance in the residuals.

White Test

The White Test is a versatile method for detecting heteroscedasticity in a regres-
sion model, without assuming any specific form of the relationship between
the residual variance and the independent variables. Unlike the Breusch-Pagan
Test, which tests for a linear relationship, the White Test can detect both linear
and non-linear forms of heteroscedasticity. The auxiliary regression includes
the independent variables, their squared terms, and interaction terms to cap-
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ture potential non-linear effects:
& =+ Bx +Nx; + Ya(xix;) + U

where €2 represents the squared residuals, x; are the independent variables, x?
are their squared terms, and x;x; are interaction terms capturing non-linear re-
lationships. This allows the test to identify more complex forms of heteroscedas-
ticity.

The null hypothesis of the White Test states that the variance of the residuals is
constant, or homoscedastic, H, : The variance of the residuals is homoscedastic
(constant). If the test statistic, which follows a chi-square distribution, is signif-
icant, the null hypothesis is rejected, indicating the presence of heteroscedastic-
ity. This suggests that the model’s residual variance depends on the independent
variables, requiring further adjustments or refinements in the model.

Table 3.3: Breusch-Pagan and White Test Results for DAM and BM

| Dataset | Test | [LM[ Statistic | p-value | F-statistic | p-value | Result \
DAM Brepsch-Pagan 1855.85 0.0 398.29 0.0 Heteroscedast%c
White 2366.72 0.0 - - Heteroscedastic
BM Brepsch-Pagan 1320.28 0.0 114.31 0.0 Heteroscedast?c
White 4986.68 0.0 - - Heteroscedastic

For the the Breusch-Pagan Test (Table yielded an statistic of
1855.85 with a p-value of 0.0, strongly rejecting the null hypothesis of ho-
moscedasticity. This suggests that the residual variance is systematically related
to one or more independent variables, indicating significant heteroscedasticity.
The F-statistic of 398.29 further corroborates these findings, implying that het-
eroscedasticity in the DAM model could lead to inefficient estimates and dis-
torted inference, ultimately affecting the model’s reliability in price forecasting.

Similarly, for the the Breusch-Pagan Test yielded an statistic of 1320.28
and a p-value of 0, again rejecting the null hypothesis of homoscedasticity. The
F-statistic of 114.31 with an extremely low p-value supports this conclusion,
suggesting that heteroscedasticity is a significant issue in the model. This
heteroscedasticity is likely due to the BM[s high volatility, driven by dynamic
supply-demand imbalances. Correcting for heteroscedasticity using robust stan-
dard errors or generalized least squares could improve model accuracy in both
markets.

The White Test results for both and confirm the presence of significant
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heteroscedasticity, with test statistics of 2366.72 and 4986.68 respectively, and
p-values of 0.0. These results align with the findings of the Breusch-Pagan test,
further confirming that the residual variance is not constant. For the
heteroscedasticity likely arises from market sensitivity to demand fluctuations,
historical price movements, and renewable generation variability. In the
the high test statistic reflects the market’s inherent volatility, driven by factors
such as wind forecast errors, load imbalances, and interconnector flows.

Addressing heteroscedasticity by incorporating advanced techniques like [QR] or
models can significantly improve forecast reliability and performance. [QR|
allows for a more detailed understanding of different parts of the price dis-

tribution, making it particularly useful in volatile markets like [DAM| and BM|

Additionally, transformations on the data such as a logistic or square root trans-
formation of the dependent variable, or leveraging models such as or
which are less sensitive to assumptions about residuals, enables the capture
of complex, non-linear relationships in the data. These approaches, tailored to
handle heteroscedasticity, ensure more reliable and accurate [EPF

3.2.5 Multicollinearity Tests

Multicollinearity occurs when two or more independent variables in a regres-
sion model exhibit a high degree of correlation, which can result in inflated
standard errors, making coefficient estimates unreliable. In the context of [EPF
for the and this can obscure relationships between predictors and the
dependent variable, leading to unstable models. Therefore, addressing multi-
collinearity is crucial for producing accurate, interpretable, and reliable models
by improving coefficient precision, enhancing predictor significance, and re-
ducing overfitting. To assess multicollinearity in the and [BM] datasets, two
diagnostic tools were employed: the[VIF and the Condition Index, as introduced
in [Sne83]].

Variance Inflation Factor

The measures how much the variance of a regression coefficient is inflated
due to multicollinearity. It assesses the linear relationship between a predictor
x; and the other predictors, and is calculated as:

1

VIF, = ——
TR

(3.7)
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where R? represents the proportion of variance in z; explained by the other pre-
dictors. A above 10 generally signals problematic multicollinearity, which

may require the removal or combination of predictors.

Condition Index

The Condition Index detects multicollinearity stemming from interactions among
multiple variables. While the focuses on individual predictors, the Condi-
tion Index evaluates overall multicollinearity using the eigenvalues of the de-
sign matrix X’X, calculated as:

1/2

Ry = )\tl/Q (3.8)

where . is the largest eigenvalue, and ), is the ¢-th eigenvalue. A Condition
Index above 30 typically indicates severe multicollinearity [BKWO05]], suggesting
that some variables may need to be removed or combined to improve model
stability.

Table 3.4: VIF and Condition Index Results for DAM and BM

| Dataset | Variable | VIF | Condition Index |
Past Prices 1.16 1.50
DAM Wind Forecast 1.02 1.00
Demand Forecast 1.18 1.17
Past Prices 1.92 1.00
BM Volume 1.22 1.36
Forecast Wind - Actual Wind 1.29 1.93
Carbon Price 5.32 2.02
Gas Price 8.13 2.20
BM DAM Prices 21.39 2.85
Physical Notifications Volume | 4.95 3.22
Net Interconnector Schedule 1.73 3.64
Renewable Forecast 5.98 5.07
Demand Forecast 2.91 13.18
Interconnector 2.61 7.58

The and Condition Index results (Table for the indicate no sig-
nificant multicollinearity issues. The variables Past Prices, Wind Forecast, and
Demand Forecast all have values close to 1, suggesting minimal correlation
with other predictors. These results are corroborated by the low Condition In-
dex values, all of which are well below the threshold of 30, indicating that the
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model is well-conditioned and capable of providing stable and reliable coeffi-
cient estimates.

In contrast, the shows some signs of multicollinearity. The values for
[DAM] Prices (21.39) and Gas Prices (8.13) suggest strong multicollinearity, par-
ticularly for Prices, which greatly exceeds the typical VIF threshold of 10.
Additionally, Carbon Price and Renewable Forecast exhibit moderate VIF val-
ues of 5.32 and 5.98, respectively, indicating some degree of multicollinearity
but within acceptable limits. The Condition Index values further emphasize
potential concerns, particularly with Demand Forecast (13.18), Interconnector
(7.58), and Renewable Forecast (5.07), which show higher shared variance
among variables. Despite these moderate multicollinearity levels, these vari-
ables are retained in the model to capture important market dynamics, partic-
ularly in the BM market where interconnected factors like demand, renewable
energy, and external prices are essential to model accuracy.

Although these levels of multicollinearity do not pose an immediate threat to
the model’s performance, they are monitored during model tuning and further
analysis to ensure they do not adversely affect the predictive capabilities and
interpretability of the models utilised.

3.2.6 Correlation Analysis

Correlation analysis is fundamental to understanding the relationships between

variables within the [DAM| and [BM]| datasets. By analysing the connections be-

tween each market’s predictors, correlation analysis aids in the development of
accurate prediction models and supports informed decision-making in market
operations. This study utilises two key methods: the Pearson Correlation Co-
efficient [Pea95]], which measures linear relationships, and the Spearman Rank
Correlation [Spe61]], which assesses monotonic relationships. Together, these

methods offer a comprehensive view of the associations present in the data.

Pearson Correlation Coefficient

The Pearson Correlation Coefficient, r, measures the strength and direction of
the linear relationship between two continuous variables, defined as:

2im1 (% — %) (Y — ¥)

= (3.9)
\/E?zl(xt - 5()2\/2?:1(% —y)?

r
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where x; and y, are individual data points at time ¢, z and y are the means of
x and y, and n is the number of observations. The coefficient r ranges from
-1 to 1, with » = 1 indicating a perfect positive linear relationship, r = —
indicating a perfect negative linear relationship, and » = 0 indicating no linear
relationship. Pearson’s correlation is ideal for assessing linear relationships,
which are common in market price dynamics.

The Pearson Correlation Coefficient is calculated for pairs of key variables in the
dataset, including prices, prices, and their predictors. Both historical
and forward-looking data are analysed to understand how past and predicted
values relate to each other. A correlation matrix is generated to visualise the
strength and direction of linear relationships across all variables. The signifi-
cance of the correlations is assessed using p-values to determine which correla-
tions are statistically significant. The results are interpreted to identify strong
positive or negative correlations that might indicate key drivers of price move-
ments or potential issues with multicollinearity.

Pearson Correlation Heatmap: Day-Ahead Market vs Forecast Variables
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Figure 3.7: Pearson Correlation Plots for the DAM Prices and predictors
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Pearson Correlation Heatmap: Balancing Market vs Forecast Variables
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Figure 3.8: Pearson Correlation Plots for the BM Prices and predictors

The Pearson correlation matrix for the predictors, as shown in Figure (3.7,
reveals several notable relationships. A moderate positive correlation (0.33)
exists between DAM Prices and Demand Forecasts, indicating that higher de-
mand forecasts tend to drive up prices. However, there is a very weak neg-
ative correlation (—0.02) between DAM Prices and Wind Forecasts, suggesting
an insignificant relationship between these variables, as wind energy may not
strongly influence DAM]pricing. In contrast, the BM] (Figure [3.7)), displays more
complex dynamics, with BM Prices showing a moderate positive correlation
(0.52) with Past BM Prices, indicating that past market prices help predict fu-
ture prices. BM Prices are also positively correlated with Gas Prices (0.54) and
Carbon Prices (0.51), reflecting the impact of fuel and emissions costs on the
Notably, BM Prices have a strong correlation (0.67) with Demand Forecasts,
highlighting the importance of real-time demand expectations in BM pricing.
Additionally, a weak negative correlation (—0.19) between BM Prices and Renew-
able Forecast indicates that higher renewable forecasts may reduce the need for
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expensive balancing actions, thus lowering prices. Demand Forecasts also cor-
relates strongly with Past DAM Prices (0.97) and with both Gas Prices (0.84) and
Carbon Prices (0.79), emphasising the influence of fuel costs on market prices.
The relationship between Physical Notifications Volume and Renewable Forecasts
shows a significant negative correlation (—0.67), suggesting that higher renew-
able forecasts reduce the volume of physical trades in the These findings
demonstrate the strong interplay between demand, fuel prices, and renewable

forecasts in shaping both and [BM] prices.

Spearman Rank Correlation

The Spearman Rank Correlation, denoted by p, is a non-parametric measure
that evaluates the strength and direction of the monotonic relationship be-
tween two variables. Unlike the Pearson correlation, which assesses only linear
relationships, Spearman’s correlation determines how well the relationship be-
tween two variables can be described by a monotonic function. This makes it
particularly useful for data that may not exhibit a linear relationship or does
not follow a normal distribution. Spearman Rank Correlation is calculated as:

DY

=1
P n(n? —1)

(3.10)
where d, represents the difference between the ranks of each pair of observa-
tions at time ¢, and n is the number of observations. Like r in[3.9} p ranges from
-1 to 1, with values near 1 indicating a strong positive monotonic relationship,
and values near -1 indicating a strong negative monotonic relationship.

The Spearman Rank Correlation was calculated for the same variables as in
the Pearson analysis, including DAM prices, BM prices, and their predictors, to
capture potential non-linear relationships. Comparing Spearman and Pearson
coefficients reveals discrepancies that highlight non-linear dynamics. P-values
assess the significance of these correlations, refining the understanding of vari-
able relationships where Pearson showed weak or no linear correlation. In the
the correlation between DAM prices and demand forecasts is moderately
strong and positive (p = 0.39), indicating that as demand forecasts increase,
DAM prices tend to rise as well, as shown in Figure Conversely, the weak
negative correlation between DAM prices and wind forecast (p = —0.07) suggests
a minimal inverse relationship, likely due to the variability and intermittency
of wind power. The demand forecast also shows a weak positive correlation
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Spearman Rank Correlation Heatmap: Day-Ahead Market vs Forecast Variables
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Figure 3.9: Spearman Rank Correlation Plots for the DAM Prices and predictors

with the wind forecast (p = 0.13), implying a slight tendency for demand and
wind forecasts to increase together. Given that wind power represents only a
portion of total demand, this relationship is not unexpected, though not partic-
ularly strong. Overall, these correlations indicate that in the DAM prices
are more strongly driven by demand than by wind forecasts, consistent with our
Pearson correlation analysis.

In the the results show stronger correlations across several variables (see
Figure [3.10). [BM]| prices have a high positive correlation with past BM] prices
(p = 0.73), underscoring the importance of historical prices in predicting cur-
rent prices. Similarly, both gas prices and carbon prices exhibit strong posi-
tive correlations with BM] prices (p = 0.67 and p = 0.65, respectively), reflecting
the influence of fossil fuel markets on dynamics. Notably, [BM] Prices have a
strong Pearson correlation (0.67) with Demand Forecasts, with the relationship
even more pronounced in the Spearman Rank Correlation, with (p = 0.77), sug-
gesting that while the linear relationship is strong, the monotonic relationship
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Spearman Rank Correlation Heatmap: Balancing Market vs Forecast Variables
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Figure 3.10: Spearman Rank Correlation Plots for the BM Prices and predictors

is even stronger, capturing non-linear effects between BM prices and demand.
This suggests that BM] prices and demand forecasts may follow a non-linear re-
lationship that is better captured by the rank-based Spearman correlation. In
contrast, renewable energy forecasts exhibit a negative correlation with[BM|prices
(p = —0.26), suggesting that higher renewable forecasts are associated with
lower BM]| prices. This is likely because cheaper renewable energy reduces the
need for costly balancing interventions. Overall, prices are mainly driven
by historical prices, fossil fuel markets, and demand forecasts, with renewable
forecasts exerting downward pressure.

3.2.7 Decomposition

Decomposition is a crucial step in time series analysis, breaking down a time
series y; into trend 7T, seasonality S;, and residual R; components, expressed
asy, = T, + S, + R;,. We use decomposition with as introduced
by [RB90], which is particularly suited for handling complex seasonal patterns
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and dynamic trends. Unlike classical methods, is non-parametric and effec-
tively models non-linear trends and multiple seasonalities, making it ideal for
dynamic electricity markets. This method was applied to key variables such as
prices, prices, and their predictors, providing a clearer understanding
of each component’s impact on market prices.

For each variable analysed, the smoothing parameters for the seasonal (.S;) and
trend (7;) components were optimized by adjusting seasonal windows n, and
trend windows n,. This ensured that 7; accurately captured long-term move-
ments while S, reflected recurring patterns. The decomposed components were
then analysed to assess their contributions, revealing insights into underlying
structures such as long-term trends and recurring seasonal effects. This ap-
proach enhances understanding of market dynamics and improves forecasting
and decision-making in electricity markets.
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Figure 3.11: Seasonal and Trend Decomposition for DAM Prices

The decomposition of the [DAM] as shown in Figure reveals distinct
patterns in price behaviour. The trend component shows a gradual upward tra-
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Figure 3.12: Seasonal and Trend Decomposition for BM Prices

jectory, reflecting long-term growth in prices, likely driven by evolving market
conditions and increased demand. The seasonal component captures regular,
cyclical patterns, with notable fluctuations aligned with daily peaks in electricity
consumption. Unlike the trend and residual components, the seasonal compo-
nent appears much smoother, reflecting its focus on stable, recurring patterns
that are less influenced by short-term volatility or abrupt changes in market
dynamics. The residual component exhibits periods of heightened volatility,
which could be attributed to external factors like sudden supply disruptions,
regulatory changes, or unexpected shifts in demand. Together, these elements
offer a clearer view of the drivers behind DAM price changes, helping improve
forecasting models by identifying predictable seasonal behaviours and irregular
shocks.

In contrast, the decomposition of the as shown in Figure [3.12] indi-
cates a relatively stable trend, with occasional fluctuations and aggressive price
spikes towards the end. The seasonal component reveals clearer daily cycles,
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although less pronounced than in the pointing to more stable, short-term
price dynamics in the The residual component presents occasional sharp
spikes, signifying abrupt adjustments likely due to unexpected grid imbalances.
However, the overall residual volatility is lower compared to the under-
scoring the BM]s comparative stability. These decomposed components provide
a comprehensive understanding of BM price behaviour, with significant impli-
cations for improving forecasting accuracy and market operations.

3.2.8 Conclusion

This chapter focuses on the description and analysis for the and
datasets used in this study. The datasets underwent thorough preprocessing,
including handling missing data, outlier management, and data alignment, to
ensure their suitability for time series modelling. Stationarity tests, such as the
[ADF| and [KPSS] confirmed that the and series became stationary after
differencing, validating their use in statistical and models. Autocorrelation

and partial autocorrelation analyses revealed significant temporal dependen-
cies, highlighting the daily and seasonal cycles that influence market dynamics.

Serial correlation tests, including the Ljung-Box and Breusch-Godfrey tests,
indicated that the model effectively captures time-dependent structures
with no significant autocorrelation across various lags. In contrast, the
model exhibited minor short-term autocorrelation that diminishes with longer
lags. Heteroscedasticity tests, namely the Breusch-Pagan and White tests, iden-

tified significant heteroscedasticity in both [DAM| and BM| models, suggesting

that residual variances are not constant and are influenced by independent vari-
ables, reflecting the volatile nature of electricity markets.

Further analyses, including multicollinearity, correlation, decomposition, and
residual diagnostics, assessed the robustness of the models. Multicollinearity
tests showed minimal concerns for the model, while the model ex-
hibited moderate multicollinearity in some variables, reflecting redundancy yet
preserving key market dynamics. Correlation analysis suggests that DAM]| prices
are moderately associated with demand forecasts, while prices show corre-
lations with past prices, fuel costs, and demand forecasts. decomposition
provided insights into trends, seasonality, and residual volatility, aiding the un-
derstanding of price behaviours in both markets.

Overall, the preprocessing and diagnostic testing conducted in this chapter en-
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sure that the and datasets are robust and well-suited for the fore-
casting models developed in subsequent chapters. The insights gained from
these analyses lay a solid foundation for improving predictive performance and
optimising trading strategies, while also helping to understand and justify the
experimental results. The code used for data processing and analysis is avail-
able at: GitHub Repositoryf’|

3https://github.com/ciaranoc123/Time-Series-Analysis
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Chapter 4

Forecasting the Balancing Market
Price

Accurately forecasting electricity prices in short-term markets is challenging due
to high volatility, sharp price spikes, and complex seasonal patterns. The in-
creased integration of renewable energy sources, along with the widespread

deployment of [Energy Storage Systems (ESS)| has further complicated mar-

ket dynamics, underscoring the need for advanced predictive methodologies
[MABH16, [Eur24]. In Chapter [2] we conducted a detailed review of electricity
market structures and the statistical, Machine Learning (ML), and
ling (DL)|models used for[Electricity Price Forecasting (EPF)|, along with their ap-
plications in related forecasting tasks such as load and wind prediction. Build-

ing on this foundation, this chapter focuses specifically on applying forecasting

models to the highly volatile Balancing Market (BM)|, where unpredictable price

fluctuations introduce unique challenges.

This chapter focuses on establishing a clear, standardised, forecasting frame-
work. We adapt and benchmark various forecasting models that have proven
effective in the [Day-Ahead Market (DAM))], assessing their suitability and per-
formance in the Building on the foundations laid in earlier chapters, the

framework outlines steps for training, forecasting, and evaluating statistical,
and [DL] models tailored to the BM’s unique dynamics. Our methodology
leverages both [DAM| and [BM| datasets introduced in Chapter [3| incorporating

both historical and forward looking predictors. We evaluate the performance
of these models in forecasting the and examine how variations in training

set sizes impact accuracy, using standard metrics such as [Mean Absolute Er-|
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iror (MAE)|, [Root Mean Squared Error (RMSE)| and [symmetric Mean Absolute|
IPercentage Error (SMAPE)|

The remainder of this chapter is organised as follows: Section 4.1| discusses the
significance of the and the challenges it presents, especially in the context
of increased renewable energy integration. Section 4.1|outlines the key role the
plays within electricity markets. Section presents the specifics of the
forecasting problem and the associated methodology. Section describes
the models utilised in this study, including their configurations and adaptations
for BM]|forecasting. The experimental results and their analysis are presented in
Section highlighting key findings and model comparisons. Finally, Section
concludes the chapter with observations on the unique challenges of
forecasting and potential directions for future research.

4.1 The Importance of the Balancing Market

The often referred to as the “market of last resort,” is a final mechanism
for trading electricity, designed specifically to address real-time supply-demand

imbalances. It is inherently more volatile than both the [DAM| and [Intra-Day]|

IMarket (IDM)| as participants rely on it to resolve unforeseen deviations from

their contracted positions [[OT19]. This unpredictability makes accurate [EPF|ex-
ceptionally challenging yet crucial for energy generators, buyers, and financial
traders, who must navigate sudden price spikes and drops effectively [MP17].
For participants utilising[ESS| which are highly sensitive to real-time price shifts,
precise forecasts are essential to optimising operations and capturing arbi-
trage opportunities. However, as discussed in Chapters[2] and 3] the BM[s evolv-
ing structure and limited dataset availability pose considerable challenges in
testing, identifying, and selecting suitable forecasting models for this market.

Despite receiving less research focus, the plays a fundamental role in grid
stability, particularly as renewable energy integration grows. Unlike forward
markets like the which operate on planned schedules, the requires
nearly instantaneous responses to generation and demand fluctuations, with
price signals reflecting the immediate costs of these actions. This real-time bal-
ancing role has become increasingly crucial as renewables amplify the need
for precise adjustments, demanding highly responsive and accurate forecasts
to prevent imbalances that could destabilise the grid. However, forecasting
the is complicated by regional variations in market rules, reliance on high-
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frequency data, and the inherently unpredictable nature of balancing needs.
Unforeseen events, such as equipment failures or abrupt demand changes, of-
ten lead to rapid price spikes or dips, challenging both traditional and advanced
forecasting models to capture these dynamics accurately. Even minor inaccura-
cies in forecasts can result in financial losses or increased grid instability,
given the speed and scale at which fluctuations occur in this market.

In contrast, the[DAM]has received substantial research focus, resulting in estab-
lished methodologies that encompass a wide range of forecasting techniques,
from traditional statistical models to advanced and [DLj approaches [Wer14),
NWA17, IW19, LMDSW21]. models, particularly Recurrent Neural Net
work (RNN)k like [Long Short-Term Memory (LSTM)|, have shown notable suc-
cess in capturing temporal dependencies and nonlinear patterns in the

[UOT18, LDRDS18]. However, while these approaches have proven effective in
the relatively stable environment, they may lack the granularity and re-
activity needed for the more volatile This gap underscores a growing need
for research dedicated to developing specialised forecasting methodologies
that can account for its unique dynamics and deliver more reliable forecasts.

4.2 Methodology

To address the unique challenges of price forecasting, this framework is
designed to capture the real-time dynamics of the market. In this section, we
outline the analytical framework for forecasting prices, covering model con-

figuration, training, and evaluation.

Section describes the dataset splitting and hyperparameter optimisation
procedures. Section 4.2.2| introduces the models used, detailing adaptations
in their configurations to forecasting the BM. In Section we present the
key performance metrics and statistical tests employed to assess forecast accu-
racy. These metrics are carefully selected to account for the specific dynamics
of electricity markets, where factors such as negative prices—frequent in both
the and particularly in the BM}—render certain standard metrics, such as
the [Mean Absolute Percentage Error (MAPE)| less applicable.

4.2.1 Experimental Configuration

In our analysis, the approach involves three main steps:
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1. Hyperparameter tuning
2. Model training
3. Forecasting on unseen data

For each encountered model, we fit it using training datasets spanning 30, 60,

90, and 365 days. In the context of forecasting[BM|prices, several walk-forward
validation techniques, including rolling [VS06], sliding window [[AAK"22], ex-
panding [Bro19], and walk-forward nested cross-validation [LB21]], offer unique
advantages. We chose rolling walk-forward validation for its focus on recent
data, using a fixed-size training window that discards older observations as
new data arrives [HA18, Mor19, BS20, MA21, [YY24]. In our configuration, the
model is retrained every 8 hours to incorporate the most recent data available.

Hyperparameters for the and DL models are determined based on valida-
tion set performance. We used 25% of the training set as a validation set, with
a maximum validation window of 30 days for the 365-day dataset. To accom-
modate diverse hyperparameter configurations for validation and training sets,
we repeat step 1 (hyperparameter tuning) every quarter for both and
models, as illustrated in Figure The process is as follows:

1. Given a model of interest and a starting time point ¢, obtain a validation
set and determine hyperparameter settings.

2. Using hyperparameter settings from step 1, fit the model with training
data.

3. Utilise the fitted model from step 2 to forecast the test set.

4. Return to step 1, set ¢t = ¢t + 90 days, and repeat the process.

‘ Training subset  |Validation } Inner loop

e >

S Lichilng set | TestSet .

l
Period 1 | Train | Test | |
l
Period 2 | | Train | Test | | Outer loop
l

Period 3 | | Train | Test |

Figure 4.1: Rolling Walk-Forward Validation process for the first three periods
in our experimental configuration.
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When performing the hyperparameter optimisation step, we use various li-
braries/toolboxes. For [ML] models such as [RF and we utilised the Scikit-
learn library [PVG™11], and for type models, we used the XGBoost library
[[CG16]. For the models (Single-Headed Deep Neural Network (SH-DNN)|
and [Multi-Headed Deep Neural Network (MH-DNN))), we employed Tensorflow
[Cho21]] in conjunction with Talos [YS20] for the hyperparameters optimisa-
tion. For statistical model we used the epftoolbox [LMDSW2T]. A broad
range of hyperparameter values was tested for the [MIL] and models to find
optimal settings for each time period and training size.

4.2.2 Balancing Market Prediction Models

This section provides an overview of the models utilised for forecasting.
Given the limited exploration of forecasting, we benchmarked a wide range
of models, including statistical, and DL approaches. The models were se-
lected based on their performance in recent literature across both
and domains. Building upon studies such as [LDRDS18, [LPKC20, 1.B21]
for and [Nar22, [LPKC20, KEF15] for we identified consis-
tent performers like [LASSO/LEAR] XGB| and across both markets. More-
over, showed promising results specifically in the setting [UOT18,
LDRDS18]. Building on the model descriptions and their performance in [EPF,

as detailed in Chapter 2.2 we briefly summarise the key models considered:

* Naive (Section [2.2.1)): Utilises the preceding 8 hours of BM] prices as a
forecast for the subsequent 8 hours, capturing immediate pricing dynam-
ics crucial in the real-time environment. This approach outperformed
alternatives like considering the same hour of the previous day or the
same weekday, which may overlook such dynamics. It shares similarities
with methods in [BKM18b], which employed the values from the
same days a year prior as a seasonal naive forecast. This represents
our baseline model.

* [Auto-Regressive Integrated Moving Average (ARIMA)| (Section [2.2.1)):
is a time series forecasting method that models the relationship between

a series of observations and the time lagged versions of itself. It incor-
porates three key components: [AR], Differencing (I), and The
model is specified by three parameters: p, d, and g, representing the num-
ber of autoregressive terms, the degree of differencing, and the number
of moving average terms, respectively. We employed to capture
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linear trends present in the data.

* [Lasso Estimated AutoRegressive (LEAR)| (Section 2.2.1): A variant of
the [AR] model that uses [LASSO] regularisation for feature selection, en-

suring flexibility in high-dimensional settings. We adapted the implemen-
tation designed in [LMDSW21] to the structure of the input/output
data. Similar to their work, we performed daily hyperparameter tuning
for[LEAR], estimating \ with the LARS method and in-sample AIC. The op-
timal A from LARS was then used to re-calibrate through traditional
coordinate descent.

* [K-Nearest Neighbors (KNN)| (Section [2.2.2): stands out as a non-
parametric instance-based learning method renowned for its simplicity

and effectiveness, particularly in scenarios where capturing intricate pat-
terns within data is paramount. By leveraging the proximity of similar
instances in the training set, predicts an output by averaging the val-
ues of its "K" nearest neighbors. Its versatility in handling various distance
metrics, such as Euclidean or Manhattan distance, enabling it to discern
complex relationships within the data.

* [Support Vector Regression (SVR)| (Section [2.2.2): It performs a non-
linear mapping of the data to a higher-dimensional space where linear

functions are used to perform regression. performs well in high-
dimensionality space [DBK"96]. In our case, the kernel was chosen
every time.

e Random Forest (RF)| (Section |[2.2.2)): It is an ensemble model that com-
bines several regression trees to generate predictions. It is based on the

principle of bagging - short for bootstrap aggregating, splitting the data
into several subsets and choosing subsets randomly with replacement,
thus combining individual models with low bias and high variance, which,
when aggregated, reduce the variance and retain low bias.

* [Extreme Gradient Boosting (XGB)| (Section [2.2.2)): Similarly to the
combines several regression trees to generate forecasts, but it
is based on the principle of boosting - where learners are learned sequen-

tially, combining models with high bias and low variance to reduce the
bias while keeping a low variance. This makes it suitable for capturing
complex relationships in BM]| price data.

* Deep Neural Network (DNN)| (Section [2.2.3): A simple extension of the
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traditional Multi-Layer Perceptron, the first [DI] model for predicting
prices is a used in [LDRDS18]]. The chosen format for the single-
headed model is sequential, allowing for further hyperparameter
optimisation with a range for the number of layers to be added for each
block (where a block is comprised of between 1 to 3 connected layers)
and activation function, see Figure The first layer flattens the data,
followed by several dense layers and a single dropout layer after block
3. Their output is fed to a series of blocks. The model
is chosen for its ability to effectively capture intricate non-linear patterns
present in the data.

* Multi-Headed Recurrent Neural Network Deep Neural Network (MH-|
RNN-DNN)| (Sections [2.2.3| & [2.2.3): A non-sequential network that in-
corporates historical and future-looking data using dense and recurrent

layers, emphasising its ability to capture both temporal dependencies and
high-dimensional relationships in the[BM]data. This hybrid approach aims
to incorporate recurrent layers for capturing sequential patterns
in time series data, along with fully-connected layers focused on
the future-looking data. These branches have their output concatenated
into one vector, and this vector is fed into a regular output dense layer
containing 16 neurons for the prediction of 8 hours (or 16-time stamps).
For clarity on the outline of the network, see Figure The obtained
optimal hyperparameters for the Multi-Headed are 3 layers for
both the [LSTM| and [DNN| networks, making for an 8-layer deep network
with the concatenated and final layer. A more detailed structure of the

network configuration can be found in the shared repository.

Details on the model configurations and hyperparameters are detailed in Chap-
ter 2 and the code repositoryfl] for the evaluation of [EPF| models in the

4.2.3 Point Forecasting Metrics

Commonly encountered metrics in the EPF literature used to evaluate forecast

accuracy include [MAE, [RMSE| [UTG18]], as well as the [SMAPE| [Mak93]]. Each

metric provides a different perspective on model performance, making it im-
portant to consider them together for a comprehensive evaluation.

The measures the average magnitude of the errors in a set of forecasts,

Thttps://github.com/ciaranoc123/Balance-Market-Forecast
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Figure 4.2: Comparison of the MH-RNN-DNN|Model and [SH-DNN| Model.

without considering their direction. It is defined as follows:
1 A
MAE:EZ’%—%L (4.1)
=1

where 3, and ¢j; are the actual and forecasted values, respectively, and n is the
total number of observations. [MAE/is a straightforward metric that provides the
mean error of the forecast, making it easy to interpret.

The [RMSE| is another common metric used to evaluate forecast accuracy. It
penalises larger errors more than [MAE, making it useful for identifying models
that produce large deviations from actual values. RMSE|is given by:

1& .
t=1
While RMSE!is sensitive to outliers, it highlights forecast error variance, offering
a clearer picture of the model’s performance under varying market conditions.

The |SMAPE] is preferred over [MAPE| due to its effectiveness in handling the
frequent occurrence of prices near zero in the It is defined as:

100 & .y
sMAPE = 10y~ =]

. 4.3
w2 ol + )2 43

SsMAPE| provides a percentage-based measure of forecast accuracy, normalising
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the absolute errors by the sum of actual and forecasted values, which helps in
comparing errors across different scales of data.

To determine if the differences in forecasting accuracy are statistically signifi-
cant, we apply the [Diebold-Mariano (DM)|test [DMO02]. The test evaluates
the null hypothesis (H,) that two models have equal predictive accuracy.

If H, is rejected, it indicates that one model significantly outperforms the other
in terms of forecast accuracy. Given forecasted prices y; and the associated
errors [e}, ... ex'] and [¢)2,...,€N?], we compute the loss differentials and
use the test to assess the following hypotheses:

Hy : E(dy"") > 0,

4.4
H, - E(d") <. -4

DM Test = {

If H, is rejected, it supports H;, indicating that model ), has significantly better
predictive accuracy than model M.

4.3 Experimental Results

In this section, we provide an in-depth analysis of the models’ performance, fo-
cusing on accuracy, statistical significance, and computational efficiency. We
first assess the accuracy of the predictions using key metrics such as MAE,
RMSE] and while comparing the impact of different training horizons
and model performance in both the BM| and We then analyse the statisti-
cal significance of the differences between models, followed by an exploration
of how price predictions vary throughout the day to identify which periods of
the are more difficult to forecast. Lastly, we evaluate the computational
efficiency of each model, considering their suitability for real-time forecasting.

4.3.1 Forecasting Accuracy

Table provides a detailed comparison of the models’ prediction accuracy

across different training sizes, measured using [MAE|, RMSE| and [SMAPE| This

comparison allows us to assess the performance of each model in forecasting
the BM|under various data conditions. Additionally, we compare the BM]results
for the [SH-DNN| and [LEARI models with their corresponding performance in the

DAM] revealing notable differences in accuracy between the two markets.

emerges as the top-performing model for the with few exceptions
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during shorter training periods. Its subtle adjustments lead to smoother predic-
tions with lower variation. Figure displays a comparison between the
prices and[LEAR]s predictions. The model does not frequently attempt to predict
significant spikes, which seems to contribute to its improved accuracy. Rather
than capturing extreme price movements, consistently returns more sta-
ble forecasts, minimising large errors. Notably, increasing the training set size
significantly improved [LEAR]s performance, with decreasing by 3.31 as
the training period expanded from 30 days to 310 days. models, includ-
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Figure 4.3: LEAR Forecast for BM

ing [KNN], XGB| and [SVR] displayed varied performance. stood out by
closely approaching the accuracy of and outperforming [KNN]| and
Both and [RF outperformed the DL models, while [KNN| and [SVR] strug-

gled to capture meaningful data patterns, with KNN even failing to outperform

These findings align with UK paper [LPKC20], confirming [XGBs
superiority over [RF|in a similar setting.

[DL] models exhibit inferior performance, consistently under-performing across
all metrics, a result that mirrors previous studies [DBAV'™19, [Nar22]. While
these models perform well in more stable environments like the they
struggle with the BM]s complexities, including overfitting to recent price spikes
and difficulties in capturing complex dynamics. This divergence under-
scores the complexities inherent in electricity market forecasting. Figure
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compares the performance of the [DLj models on part of the test set. In con-
trast to [LEAR] see Figure we can see that the model behaves over-
confidently, predicting considerable spikes. If these predictions are incorrect,
they are strongly penalised by the metrics compared to more cautious ones.

Between the [DL] models, the [SH-DNN| model outperformed the MH-RNN-DNN|

model, showing a 2.47 reduction in [MAE] as the training set size increased.
While the model displayed better forecasting ability than and
during the least volatile period (first 3 months), its performance deterio-
rated as market volatility increased. The limited amount of training data may

also explain the poor performance of DI] models, which typically benefit from
larger datasets due to their complex structural configurations and numerous
parameters. On the other hand, the MH-RNN-DNN| model, which performed
exceptionally well in the [LDRDS18], struggled in the context. This
could be attributed to the current dataset’s unsuitability for the split approach

used, where data is fed into two separate branches. If past and future data heav-
ily influence each other, both structures may fail to establish these relationships.
In contrast, the model avoids assumptions about input data, enabling
more comprehensive relationship-building.
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Figure 4.4: MH RNN DNN Forecasts for BM

We explored the impact of training data size on model performance, finding
that all models benefited significantly from larger training sets. Expanding the
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training window to 365 days led to an average reduction of 2.39 in[MAE], 2.61 in
RMSE] and 5.12 in across the models. However, the [DIj models showed
a smaller improvement compared to the models, despite the larger data
availability. This suggests that while DL models may require even more data to
fully optimise, access to a larger dataset consistently improves model accuracy
overall, highlighting the critical role of data availability in[BM] price forecasting.

Statistical Test

Differences in accuracy across models can stem from the inherent stochasticity
of the dataset. To compare model performance, the test is widely used
in literature [UOTI8, LDRDS18, LMDSW21]]. The test evaluates the
null hypothesis (H,), rejecting it if one model shows a statistically significant

improvement in accuracy over another.

Table 4.2: DB test statistical significance. The rows represent model M; and the
columns represent model M,

DB Test - MAE

Model LEAR XGB RF SVR SH DNN MH RNN DNN ARIMA KNN Naive
LEAR X X Vv v v v v v
XGB X Vv v v v v v
RF Ve e Ve Ve Ve Ve
SVR X X v Ve v
SH DNN X v v v
MH RNN DNN v v v
ARIMA Ve Ve
KNN v

Naive

Table[4.2| presents the DM]test results based on[MAE]values. The rows represent
model M, and the columns represent model M, with the v/ symbol indicating
that M, significantly outperforms M; at a 95% confidence level. A X symbol
implies that the differences between the models are not statistically significant.

The results indicate that and RF| exhibit similar performance, with
no statistically significant differences between them. These models consistently
outperform the others, demonstrating their ability to navigate the volatility of
the In contrast, all models show statistically significant differences when
compared to and Naive, which are among the weakest perform-
ers. shows statistically significant differences from both[KNNjand Naive,
highlighting their inferior performance. Meanwhile, and the models
(SH-DNN| and [MH-RNN-DNN)) show no significant differences from one an-
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other, suggesting their performance is relatively close but still inferior to the top-
performing models and [RF). However, all models significantly out-
perform the Naive baseline, confirming that even the lower-performing models
provide meaningful predictive improvements over a simple heuristic approach.

Hourly Analysis

Analysing 24-hour trends provides clearer insights into performance differences,
based on models trained with 365 days of data. Figure |4.5a] shows the average
price and its standard deviation, while Figure shows the models’ MAE both
aggregated by the hour. There are considerable variations in prices throughout
the day, with a strong peak occurring between 15:00 and 18:00, which is also
the period of highest volatility. In contrast, during the night and early morning,
the prices and their standard deviation are considerably lower. The forecast er-
ror of the predictors follows a similar pattern, with higher prices and volatility
leading to less accurate predictions in absolute terms.

These trends strongly impact individual model performances. The models
are more accurate on the night prices, where prices are more stable and uncer-
tainty is lower. However, their attempts to predict the daytime peaks result in

higher errors during more volatile periods. On the other hand, [LEAR| and XGB|

exhibit more stable error rates and are the most accurate during the volatile pe-
riods. For specific applications, such as determining the optimal time to charge
a battery, techniques that excel in predicting lower and stable prices may be
more desirable than those that perform best on average.

4.3.2 Comparison with DAM

To highlight the differences between the two markets, we applied the forecast-
ing models presented in Section to the Figure illustrates the
differences in price ranges and uncertainty between the two markets. The
in particular, experiences substantial volatility, with consecutive trading periods
often witnessing extreme price fluctuations in both directions, for example:

* For the 4[BM] settlement periods on 27/06/2020 in the 18:30-20:30 time
horizon, prices veered from €2.01/MWh to €-390.07/MWh to €-38.69/MWh
before ending at €3.12/MWh.

* On the 07/01/2021 15:00-16:30 prices jumped from €359.89/MWh to
€1222.89/MWh, then to €1059.07/MWh and back to €320.88/MWh.
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Figure 4.5: Hourly breakdown of the BM prices and the models’ forecast error.

For context, within the related 12-hour time block, the price ranged
from a low of -€98.42/MWh to the aforementioned high of €1222.89/MWh.

While the [DL] models encounter challenges in [BM] predictions, despite the same
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Figure 4.6: and prices.

configuration as the they exhibit more accurate forecasts in the do-
main, reflecting their ability to capture price spikes and market dynamics.
models’ superior performance in the as compared to the underscores
the impact of market structure and data characteristics on model performance.
Specifically, the outperforms by a significant €2.81/MWh, con-
firming the results present in the literature [JLMW22]. In Figure we can
see the predictions of the in comparison to the prices. Compared
to Figure we can see that the predicted peaks are more accurate. As pre-
viously mentioned, tend to overfit to recent spikes in the leading to
incorrect predictions of further price increases over the next 8 hours, whereas
the more stable DAM market is better suited for [DL] approaches.

Additionally, the performance of these models may have been affected by rel-
atively small training sample sizes, with models trained on less than a year of
data generally showing poorer results, consistent with findings from [LDRDS18]].
This comparison highlights the need for further research to develop more effec-
tive forecasting models tailored to the

Residual Analysis

Residual analysis is a key aspect of time series modelling, aimed at evaluat-
ing model performance and identifying underlying issues. The residuals should
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Figure 4.7: SH DNN Forecast for DAM

ideally be randomly dispersed around zero, indicating the model has accurately
captured the data structure. In the context of for the residual plots are
employed to visually assess the residuals’ distribution, to assess non-linearity
and heteroscedasticity. Patterns like a funnel shape may signal heteroscedastic-

ity, while systematic curves can suggest non-linearity or model misspecification.

Residual Plot: Lasso Estimated AutoRegressive Model for the Balancing Market Residual Plot: Extreme Gradient Boosting Model for the Balancing Market
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Figure 4.8: Residual Plots for Balancing Market Forecasts

In the residual plots for the[LEAR|and [XGB|models (Figure[4.8), distinct patterns
emerge. The LEAR|model shows a slight curved pattern in the residuals, indicat-
ing non-linearity, with systematic deviations from zero at both lower and higher
fitted values. However, the spread of residuals remains fairly constant, suggest-
ing that heteroscedasticity is not a significant concern. In contrast, the
model’s residuals are more evenly distributed around zero, with less curvature,
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indicating better handling of non-linearity. Although there is a slight upward
trend in residuals at higher fitted values in the model, it still effectively
captures the overall data structure. Both models show some outliers, indicat-
ing periods of reduced forecasting accuracy, particularly during extreme price
movements, but demonstrate reasonable capacity to model prices overall.

Computational Efficiency

In practical terms, in a live forecasting setting, participants should consider
the time lag between available information (explanatory variables) and the
computational time required for model output. This can vary based on factors
such as the deployed model and available hardware. In our analysis, [DLimodels
were trained on a GPU (Nvidia GTX 1080 ti), while statistical and models
were trained on the CPU (Intel(R) Core(TM) i7-6800K CPU @ 3.40GHz).

Computational Cost of Each Model for 365 Days of Training Data
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Figure 4.9: Computational Time Required for Training

Figure illustrates the training time for all models, which is of considerable
importance given the models need to be retrained quite often to incorporate
the most recent training data. As expected, [DIj models take significantly longer
to train and show the highest variability in computational costs. Factors like
the number of parameters, dataset size, and the number of epochs contribute
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to their performance. The MH model’s complexity and parameter count further

extend its training time. In contrast, [LEAR| and [XGB| strike an excellent balance

between computational efficiency and forecast accuracy, making them ideal for

real-time applications, while ARIMA| and [KNN| prioritise speed over accuracy.

4.3.3 Limitations

Our models focus on providing forecasts that are accurate on average, which
partially compromises their ability to identify extreme cases, such as exception-
ally high or negative prices. This limitation arises because erroneous predictions
of such extremes are heavily penalised by the training metrics. In applications
where detecting these anomalies is critical, even at the cost of reduced accu-
racy, alternative approaches specifically designed for extreme event prediction
in time series could be applied, such as those suggested by [DZP719]. Addi-
tionally, adopting a different forecasting approach, such as using more granular
5-minute datasets or incorporating publicly available commercial order data
into the model structure, could further improve overall accuracy.

Furthermore, the findings in this work are based on Irish market data from
2019 to 2022, and their generalisability may decrease as the Irish electricity
generation and infrastructure evolve. For instance, the widespread adoption of
which stores energy when prices are low and sells it when high to reduce
volatility, could decrease price fluctuations and extreme events, potentially al-
tering model performance rankings. However, such changes typically unfold
gradually, and the forecasting framework presented here can be easily adapted
to new datasets. Additionally, incorporating probabilistic forecasting and the
inclusion of broader datasets could improve model performance.

4.4 Conclusion

In this chapter, we introduced a framework to benchmark predictive models for
forecasting electricity prices in the Through extensive numerical analysis,
we evaluated statistical, and approaches that have proven effective in
similar tasks. While [DIJmodels excelled in the more stable they struggled
to capture the uncertainty and volatility of the where simpler approaches
performed better. and tree ensemble techniques achieved the highest
accuracy due to their conservative predictions, while models faced chal-
lenges with sudden price spikes, resulting in increased errors. Simpler models
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like |]ARIMA| and [KNN] lacked the representational power to model the dataset’s
complex patterns effectively.

The strong performance of both [LEAR|and XGB|can be attributed to the built in
[; and [, regularisation, which effectively mitigate multicollinearity and prevent
overfitting in this high-dimensional dataset. This analysis also provided
valuable insights into the dynamics of the Irish[BM]market. The original dataset,
models, and framework are available under an open-source license.

This study suggests several potential future directions for price forecast-
ing. The hourly analysis indicates that an algorithm portfolio, using different
approaches for different parts of the day, could exploit the varying strengths of
the models. Alternatively, combining predictions from different models in an
ensemble could enhance robustness [BO24]]. Exploring additional markets
would also help generalise the findings and highlight key differences between
markets. Some operators provide more granular 5-minute data, which
could facilitate an alternative modelling approach. Additionally, greater data
availability would support the use of transfer learning techniques.

Future research directions for the could explore generating probabilistic
forecasts through modern methods like conformal prediction (discussed in Chap-
ter [6) or approaching price prediction as a classification task using for
spike detection. These forecasts could be leveraged to improve trading strate-
gies (discussed in Chapter|5), in conjunction with the to improve financial
outcomes for participants.
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Chapter 5

Dual Market Trading in the
Day-Ahead and Balancing Markets
with Quantile Forecasts

Building on the forecasting challenges and insights from the [Balancing Market|
(BM)| discussed in Chapter |4, this chapter explores how those forecasts can
be leveraged in trading strategies, particularly through Battery Energy Storage|

ISystems (BESS)| for electricity arbitrage. Accurate [Probabilistic Electricity Price|

[Forecasting (PEPF)|is fundamental to optimising trading decisions, increasing

profitability, and mitigating risk. We focus on trading strategies that exploit
price differentials across the [Day-Ahead Market (DAM)| and BM, integrating
forecasts to optimise trading in a dual market approach. Our methodology
uses the same and [BM] datasets from Chapter [3] and forecasting approach
outlined in 4} incorporating both price forecasts and practical constraints
to evaluate trading performance under real-world conditions.

This chapter emphasises quantile-based forecasts and constraints to eval-
uate forecast-driven trading strategies. Our trading framework bridges theoret-
ical models and real-world applications, utilising an 8-hour [BM|prediction hori-
zon to align forecasts with positions, improving decision-making and
profitability. We evaluate the profitability of different trading constraints and
assess the economic viability of small and large battery assets through a com-
prehensive 10-year scenario analysis. This work extends recent advancements
in[PEPF], highlighting the value of quantile forecasts in guiding battery selection,
trading strategies, and economic outcomes in dynamic electricity markets.
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5. DUAL MARKET TRADING IN THE
DAY-AHEAD AND BALANCING MARKETS 5.1 Energy Storage and Trading Strategies to
WITH QUANTILE FORECASTS Address Curtailments

The rest of this chapter is structured as follows: In Section |5.1, we explore
the role of energy storage in electricity markets, focusing on its importance
for trading and achieving renewable energy targets through efficient integra-
tion and price arbitrage. Section provides an overview of our approach,
models, specifics of the forecasting problem, and each trading strategy with its
constraints. In the experimental results we first assess the performance of
each trading strategy and then simulate their impact on 10-year scenario analy-
sis for four separate batteries. Finally, Section [5.4] concludes the chapter with
observations and suggested future work.

5.1 Energy Storage and Trading Strategies to Ad-
dress Curtailments

Modern power systems must transition to sustainable energy sources to meet
rising demands and environmental goals. European electricity markets have ex-
perienced a remarkable surge in variable renewable generation, driven by pol-
icy incentives and renewable portfolio standards [FA23]]. Over the past decade,
Ireland has seen a rapid expansion of renewable generation in its electricity mix,
rising from 21.7% in 2014 to 39.5% in 2022 [Eir22]. This integration brings
volatility to the net power supply, as rapid and unpredictable changes in renew-
able output raise concerns about the reliability of power systems [MABH16]. In
addition, curtailments from surplus renewable energy during low-demand pe-
riods hinder the expansion of renewable capacity. In Ireland, curtailment rates,
illustrated in Figure range from 3.0% to 5.9%, imposing significant eco-
nomic burdens [YBC'22]. Many studies now focus on renewable integration,

leveraging Machine Learning (ML)|to forecast system penetration and manage
these challenges [CMTP™24].

are essential for mitigating supply-demand volatility from renewable out-
put fluctuations, allowing efficient use of renewable energy, alleviating network
constraints, improving grid efficiency, and facilitating electricity price arbitrage.
They reduce reliance on fast-responding thermal plants and contribute to load
shifting, power quality improvement, and overall grid stability. Moreover, the
economic impact of curtailment, particularly energy wastage from inadequate
demand, highlights the need for effective solutions to achieve a more sustain-

able and efficient energy future. The [Irish Single Electricity Market] includes
the for facilitating next-day trading through daily auctions and the for
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Figure 5.1: Annual percentages of curtailments, constraints, and dispatch down
incidents, illustrating the impact of renewable energy challenges on wind out-
put ([Eir23]).

balancing real-time supply and demand, both essential for grid stability. How-
ever, escalating market price volatility, fuelled by forecast errors in renewable
electricity generation [DLM19, Mac20], presents challenges in maximising the
potential of renewable energy integration [OT19]. Effective BESS| arbitrage
relies on accurate [PEPF] increasing profitability while managing risk [BGK18].

5.2 Methodology

In this section, we outline the methodology used in our study to investigate the
development of trading strategies. These strategies encompass the opti-
misation, and in some cases, co-optimisation of revenue streams derived from
participation in ancillary service markets, energy-only markets, or both. Just as
ancillary service markets contribute to grid stability and reliability, play an
increasingly vital role in integrating renewable energy into the evolving energy
landscape. To achieve this objective, our primary focus lies in the formulation
of trading strategies aimed at maximising profits through energy arbitrage.

5.2.1 Forecasting and Trading Framework

In our analysis, the forecasting and trading approach is structured into five key
steps, applicable to both markets. The first three steps follow the Analytical
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Framework from Section [4.2] outlined in Chapter Data collection, prepa-
ration, and pre-processing are carried out as described in Chapter (3| Follow-
ing this the predictive models undergo hyperparameter optimisation for each
three-month data subset, with model reliability ensured through a rolling walk-
forward validation process where models are retrained every 8 hours using the
latest data.

This chapter extends the previous framework by adding probabilistic forecasts
and a trading layer for financial assessment, which includes quantile forecasting
and strategy execution aimed at optimising profitability and risk management:

1. Quantile Forecasting: Following model optimisation, quantile forecasts are
generated on unseen test data, with 24-hour forecasts for the and
8-hour forecasts for the

2. Trading Strategy Execution: Using the quantile predictions, we imple-
mented a trading strategy that involves submitting bids and offers in both
markets, purchasing during low-price periods, storing, and reselling dur-
ing high-price periods.

This approach enables dynamic trading decisions based on predicted price dis-
tributions, optimising buy-sell operations for profitability and risk management.

Quantile Regression Models

All models in our study employ |Quantile Regression (QR)|from Section[2.3.3| a
technique for estimating conditional quantiles, which allows the prediction of

target values at specified quantiles (e.g., 0.1, 0.3, 0.5, 0.7, 0.9). These quantiles
are used to define a "quantile pair," which establishes a forecast range, provid-
ing upper and lower bounds and offering potential values within a specified
confidence level. For instance, a quantile pair of 0.1 and 0.9, denoted by o =
0.1 and its complementary quantile 1 —a = 0.9, defines a forecast range cover-
ing the central 80% of possible outcomes, giving a nuanced view of the forecast
distribution.

We utilise the same models as in Chapter [4, except for the removal of
IRegressive Integrated Moving Average, Naive, and [Support Vector Regression|

models due to poor performance in forecasting accuracy. [Lasso Estimated Au-|

was also removed due to consistently poor results, largely at-
tributed to limited functionality in the available library. Additionally, we re-

placed [Extreme Gradient Boosting|with|[Light Gradient Boosting Machines (LGBM))|
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Figure 5.2: MH-RNN-DNN| Model

to benefit from its faster training speed, lower memory usage, and better han-
dling of high-dimensional datasets.

The models adapted for [QR] with the pinball loss function include:

* [K-Nearest Neighbors (KNN)| (Section [2.2.2): A non-parametric algorithm
that predicts based on the "K" nearest data points, capturing local patterns.

* [Random Forest (RF)| (Section[2.2.2): An ensemble method that aggregates
multiple decision trees to provide robust predictions.

. (Section [2.2.2): A boosting algorithm that sequentially improves
performance by focusing on data points with high residuals, making it

effective for capturing complex temporal patterns.

* [Deep Neural Network (DNN)| (Section [2.2.3): A versatile model with
customisable hyperparameters, optimised for|QR] The model predicts mul-

tiple quantiles using the pinball loss function, enabling robust forecasting
under uncertainty. It processes both historical data and future projections,
while a hybrid variant merges [Long Short-Term Memory| and [DNN]| archi-
tectures. This hybrid design improves predictive capabilities by capturing

sequential patterns from historical data and effectively incorporating fu-
ture trends. The output layer produces forecasts for 24 hours (or 24 times-
tamps) in the and 8 hours (or 16 timestamps) in the capturing
multiple quantile levels. See Figure for a visual representation.
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5.2.2 Trading Strategies

In this section, we present three trading strategies designed to optimise profits

in electricity markets, considering constraints and price dynamics. These strate-

gies are applied separately to the and while Section introduces
an adapted approach for holding and positions concurrently.

These include:

1. [Trading Strategy 1 (TS1)} A rule-based heuristic approach utilising a straight-

forward single-trade strategy where the buy timestamp precedes the sell
timestamp.

2. |Trading Strategy 2 (TS2)} An extension of [TS1] increasing intraday trading
frequency using an iterative multi-trade approach while maintaining the

buy-before-sell constraint.

3. [Trading Strategy 3 (TS3); An optimisation-based high-frequency strategy

that enables flexible buy/sell timestamps while maintaining bottleneck-
constrained purchase and sell volumes.

TS1: Single trade quantile strategy

TS1|is a rule-based heuristic trading strategy, incorporating quantile-based fore-
casts and [BESS| constraints similar to those in [UW21], [Uni23b].

This strategy utilises quantile-based forecasts to optimise trading decisions in-
volving a hypothetical battery with capacity B., no discharge limit, discharge
efficiency &,, and charge efficiency £.. Over the time horizon of interest (i.e. 1
day for the or 8 hours for the BM)), a single buy-sell pair trade is permitted
with the requirement that the buy trade occurs before the sell trade.

The key steps for are as follows:

1. Identify Optimal Timestamps: Determine timestamps for the minimum and
maximum predicted prices for the specified quantile (o) and the comple-
mentary quantile (1-a), selecting the pair with the greatest price differ-
ence.

2. Execute Trades: Submit buy and sell orders at the identified timestamps.

3. Calculate Profit: Calculate profit as the difference between the sell and
buy prices, adjusted for charge £. and discharge &, efficiencies.
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The objective of the trading strategy is to maximise the expected profit by lever-
aging the quantile pair, [§%, §; ], forecasted prices, which are chosen to capture
profitable trading opportunities based on predicted price levels. The objective
function for this trading strategy is defined as:

maxi <5 Y -—Cjtlla.> (5.1)
d th 5 *
=1 c

where ¢ represents the model-predicted a-quantile price at time ¢, and g~
denotes the complementary (1 — «)-quantile, which corresponds to the higher
quantile price prediction, used here for comparison in deciding profitable trades.

The total number of time periods, denoted as 7', corresponds to 24 hourly peri-
ods for the and 16 half-hour periods for the

TS2: Multi-Trade strategy

TS2| extends by iteratively identifying multiple buy-sell pairs for the 24-
hour period in or 8-hour period in maintaining the rule that buy
timestamps precede sell timestamps while increasing intraday trading frequency.

The first two steps of are consistent with The subsequent three steps
are specific to [TS2}:

3. Create Additional Price Subsets: To adhere to buy/sell constraints, the price
data is divided into subsets, enabling the identification of new buy-sell
pairs within each subset. The division typically occurs into one subset
before the first trade (TS1) and another after it.

4. Identify Buy-Sell Pairs: Within each subset, as in identify the times-
tamps for the minimum and maximum predicted prices for the specified
quantile (o) and the complementary quantile (1-«). For each pair within
a subset, submit buy and sell orders for the pair with the greatest differ-
ence.

5. Calculate Profit: Calculate profit for each trade pair as the difference be-
tween the sell and buy prices, adjusted for efficiency, as in|[TS1

While offers more trading opportunities than it is limited by the
buy/sell order constraint.
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TS3: High-Frequency Strategy

TS3|introduces an optimisation-based approach designed to tackle the inherent
limitations of battery ramp rates. This challenge is particularly pronounced in
larger batteries, where a full charge or discharge within a single trading cycle
is typically unfeasible. By incorporating a bottleneck mechanism, [TS3| enables
greater flexibility in determining buy and sell timestamps, thereby removing
the constraint requiring buy timestamps to precede sell timestamps.

The bottleneck in our research encompasses several real-world limitations mod-
elled within [TS3k

* Ramp rate (R): The maximum rate at which the battery can be charged
or discharged, constrained by the battery’s capacity and allowable charg-
ing speed. This limits the amount of energy that can be traded within a
given time interval.

* Discharge rate: Constrained by the battery’s current state of charge and
the maximum allowable discharge rate, this determines how much energy
can be released during trading.

* Battery capacity (B.): Represents the total amount of energy available
for trading. Additionally, a minimum charge level constraint is enforced
to maintain battery health and operational reliability.

* Energy efficiency (&;, £.): Accounts for energy losses during charging
and discharging processes. These efficiency factors are crucial for calcu-
lating actual profits from trading activities.

These constraints define the operational boundaries for [TS3| influencing how
the trading strategy is implemented. The key steps of are as follows:

1. Find Min and Max Price Periods: Similar to and this step involves
identifying timestamps for the minimum predicted price for quantile («)
and the maximum predicted price for the complementary quantile (1-«).
Unlike earlier strategies, the order of timestamps is flexible.

2. Charging/Discharging Bottleneck: This step focuses on the charging and
discharging bottleneck. When the minimum price period precedes the
maximum price period or vice versa, the algorithm dynamically adjusts
the charging and discharging operations accordingly to maximise prof-
itability. Further details on this bottleneck and the associated profit calcu-
lations are available in Algorithm
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3. Iterate for Additional Trade Pairs: The algorithm applies the same process
to subsets of price data before, after, and in between each trade pair.
This iterative approach allows for the exploration of additional trading
opportunities and price subsets.

4. Repeat for All Trade Pairs: Continue iterating through all subsets until no
further feasible buy/sell pairs are available.

Algorithm 1 Algorithm 1: [TS3|Bottleneck

1: Initialise variables: c (charge level), x,, (charging quantity), x..; (discharg-
ing quantity), pmi, (min price), ppq. (max price), Profit

2: Initialise constants: R (ramp rate), B, (battery capacity), C.,;, (min charge
level)

3: Charging/Discharging Bottlenecks
4: if Period of p,,;, < Period of p,,., then
5: Charging Strategy:
6: Tpyy < min(B, — ¢, R) > Charging Bottleneck
7: C 4 C+ Tpuy
8: Tsey < min(c — Chin, R) > Discharging Bottleneck
9: C 4 C— Tgell
10: Profit < (Pmaz X Tset X Eq) — (W)
11: else
12: Discharging Strategy:
13: Tgey < min(c — Chyin, R) > Discharging Bottleneck
14: C 4 C— Tgell
15: Tpyy < min(B, — ¢, R) > Charging Bottleneck
16: C 4 C+ Tpyy
17: Profit + (pmaw X Tgen X gd) — (W)

The bottleneck mechanism dynamically adjusts the charging/discharging strat-
egy based on whether the minimum price period occurs before or after the
maximum price period. The algorithm ensures optimal trading decisions are
made based on energy efficiency, ramp rate, and available battery capacity.

TS3-Dual: Dual Markets

Our dual markets approach, Dual, optimises trading decisions in both mar-
kets concurrently, ensuring synchronisation between them. This strategy capi-
talises on differences in granularity and lead times between the two markets:

. positions are determined at time ¢ for the time range of ¢ + 12 to
t 4+ 36, with hourly granularity, covering a 24-hour period.
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. positions, in contrast, are generated at time ¢ + 12, 12 hours after
positions have been established. These positions are based on
an 8-hour ahead forecast extending to ¢ + 20, with half-hourly granularity.

The emphasis in[TS3}Dual is on midday trading opportunities in the while
the remaining time before and after trades is allocated to the capi-
talising on [BM]s consistent volatility. To achieve this, we create subsets of price
data, denoted as period subset (PS), to optimise trades in both markets, divided
as follows:

* Early-Bidding in the (PS1): Tailored for trades, PS1 focuses on
time periods occurring before any DAM]|trades. It provides an opportunity

for strategic planning and early bidding to optimise trading decisions in
the market.

. Trades - PS2: Dedicated to the [DAM, this subset covers the time
range starting from the initial trade pair’s minimum period to the maxi-
mum period.

* Late-Bidding in the - PS3: Similar to PS1, PS3 serves trades but
encompasses periods after trades. It is strategically positioned to
accommodate late bidding activities.

We follow the outline for in each subset, iterating through all subsets until
no more purchase and sell pairs are available. Organising price data into these
subsets enables [TS3}Dual to efficiently manage trading opportunities in both
the and [BM]while ensuring synchronisation between them, as can be seen
in Figure (5.3

Code for all trading strategies can be found at GitHuH'|

5.3 Experimental Results

In this section, we present the results of our study, focusing on the practical
applications of quantile forecasts in BESS|trading within the and Our
analysis evaluates three distinct trading strategies: [TS1], [TS2, and [TS3| each

incorporating quantile forecasts alongside trading constraints to optimise effi-
ciency. Subsequent sections offer a detailed exploration of these strategies, ex-
ploring quantile pair selection, model choice, forecast accuracy, and highlight-

"https://github.com/ciaranoc123/DAM-BM_Trading
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Dual Market Trading in the Day-Ahead and Balancing Market
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Figure 5.3: TS3-Dual Strategy

ing key distinctions between the and that influence trading outcomes.
Furthermore, we conduct a thorough BESS|economic analysis, highlighting the
economic implications of these strategies within both markets.

5.3.1 Trading Strategy Evaluation

This analysis involves a hypothetical battery with a capacity B, of 1 MWh, an
80% discharge efficiency (£;), and a 98% charge efficiency (£.) [Uni23b]]. Each
strategy is tested over a 12-month period across both markets. To increase the
likelihood of profitable trades, each strategy incorporates a minimum expected
profit threshold. Specifically, a trade is executed only if the expected profit, cal-

culated as &; - g, — thl_ca, is non-negative. This threshold is particularly crucial
in the where increased volatility and unpredictable price dynamics amplify
the risk of unprofitable trades. Furthermore, [TS2, [TS3| and [TS3}Dual limit trad-

ing activity to a maximum of three trades per day, provided each trade meets

the expected profit threshold. This limit is designed to prevent over-trading in
low-margin conditions, thereby enhancing trade quality and supporting more
consistent profitability across both markets.

TS3| emerges as the top-performing strategy in both markets, as illustrated in
Figure This improvement is due to its flexible timestamp order, which
enables increased trading frequency compared to proving fundamental
to maximising profits in a quantile-based context. By enabling non-sequential
timestamp orders, capitalises on price fluctuations and manages battery
state constraints more effectively. Despite the heightened risk in the of
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trades falling short of the expected profit threshold, demonstrates a more
aggressive profit increase due to the BMs half-hourly market structure, offer-
ing more trading opportunities compared to the [TS3s ability to adjust
buy/sell pairs based on quantile forecasts while managing battery constraints
allows it to navigate BM]s fluctuating conditions more effectively.

The inclusion of [TS3}Dual, which synchronises trading between the and
underscores the advantages of market diversification in energy trading by
splitting trading windows across both markets to mitigate market-specific risks.
This dual-market strategy leverages BM]s intraday price fluctuations to identify
profitable trades beyond the alone. Table provides a breakdown of
financial outcomes achieved by[TS3] evaluated across various quantile pairs and
markets over the year. These results demonstrate each strategy’s performance

relative to benchmarks, including [Perfect Foresight (PF)| — a scenario where

real market prices are used instead of forecasted prices, thus eliminating any
forecasting error and representing the theoretical maximum profit achievable,
and the 0.5-0.5 quantile pair serves as a baseline reference, representing the
median forecast and allowing comparison with other quantile pairs to assess
profitability across different confidence levels.

Strategy Profit Comparison Across Markets

10\ | | | | | |
) JoTrst [OoTs2 [0oTs3
@1.5* s
B 1| |
S
[a W
0.5} m .

T T T T T T T
DAM BM DAM BM DAM BM DUAL
Market

Figure 5.4: Average profit for [TS1, TS2, & TS3|in each market. Error bars
highlight the range for each quantile pair.

Trading in the day-ahead market

Across the selected trading strategies, all three strategies yield greater profits in

the than in the with consistently outperforming and [TS2} as
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shown in Figure Our analysis of TS3|in the[DAM] (Table reveals that the
baseline 0.5-0.5 quantile pair achieves the highest or near-highest profitability

across all models. For KNN|and [LGBM, the 0.5-0.5 pair outperforms other quan-
tile combinations, while for RF| and [DNN, it falls only slightly short of optimal
pairs. This configuration produces the highest average profit of €17,011 across

all models, capturing roughly 60% of the maximum potential profit (€28,212).

The relatively low error rates in the limit the impact of quantile selection
on profitability, suggesting that accounting for volatility is less critical than in
the where quantile selection has a more pronounced effect. In practical
terms, this suggests that traders in the could benefit more from focusing
on efficiency-based strategies rather than complex quantile optimisations, as
returns on such adjustments are modest in a more stable market environment.

Trading in the balancing market

In contrast to the the benefits more from quantile-based strategies
due to its inherent volatility and forecasting challenges. Within as shown
in Table the 0.5-0.5 quantile averages €6,003, approximately 8% of the
benchmark €71,669 achieved with Higher quantile pairs such as 0.7-0.9
and 0.5-0.7, however, outperform this baseline 0.5-0.5 quantile pair. Specifi-
cally, the 0.7-0.9 quantile pair achieves the highest average profit of €7,052,
approximately 9.8%, while the 0.5-0.7 pair follows closely with €6,966, repre-
senting 9.7%. The 0.1-0.9 quantile pair performs poorly in the BM due to its
wider range, which captures more outliers and fails to align with the BM’s high
volatility and rapid price shifts. The 0.7-0.9 quantile pair is the top-performing
choice for RF and while shows its best results with the 0.5-0.5
quantile, and performs best with the 0.5-0.7 pair. This pattern suggests
that higher quantile pairs may better capture extreme price values aligned with
the [BM]s volatile nature, though results vary significantly among quantile pairs
for and are highly model-dependent, as illustrated in Figure

While [BM]s profitability consistently lags behind the and [PF| benchmarks,
with the best result achieving approximately 9.8% of the potential €71,669
from [PF} this discrepancy highlights the forecasting difficulty and unpredictable
nature of the Nevertheless, it underscores the substantial, though challeng-
ing, profit potential for market participants who can accurately forecast in this
volatile environment. The BMs frequent price spikes and dips present unique
opportunities; with advanced models and strategic quantile choices, traders
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can capitalise on these fluctuations. However, success demands precision and
adaptability, as even small forecasting errors can greatly impact profits.

Trading Dual Market Positions

In the dual market approach, [TS3}Dual capitalises on both the stability of the
and the volatility of the aligning positions across both markets to max-
imise returns. As detailed in Table the baseline 0.5-0.5 quantile pair con-
sistently produces high profitability, achieving €18,810 and capturing 22.7%
of the potential profit of €82,683. The 0.3-0.5 quantile pair follows closely,
averaging €18,648, or 22.5% of the profit potential. This result highlights the
adaptability of[TS3}Dual in leveraging straightforward quantile pairs effectively,
even as market conditions vary between the and

The model emerges as the top performer in [TS3}Dual, attaining a profit
of €21,250 with the 0.5-0.5 quantile pair, equivalent to 25.7% of the profit
potential with [PE. While the achieves a higher percentage of profit poten-
tial alone (60%), its total profit remains lower compared to the dual market
approach, highlighting the benefits of combining the [DAM]s stability with the
BM]s higher-reward potential, resulting in a more profitable outcome. Although
the alone generates the lowest returns and percentage of the profit poten-
tial (9.8%), its inclusion in the dual market strategy raises total profits beyond
what is achievable in either market individually. This outcome confirms the eco-
nomic value of dual-market trading, with [TS3}Dual consistently outperforming
single-market strategies across all quantile pairs, as illustrated in Figure |5.4

5.3.2 Model and Quantile Pair Performance

This section evaluates the profit performance of different quantile pairs and
models across the and the Dual market strategy for and
Dual, providing insights into how model accuracy and quantile selection affect
trading outcomes. Section [5.3.2]analyses the impact of non-conventional quan-
tile pairs, while Section explores the effects of model choice and forecast
accuracy.

Performance of Non-Conventional Quantile Pairs

In analysing the performance of non-conventional quantile pairs for the
and Dual market strategies, it becomes apparent that the non-conventional
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pairs (e.g., 0.3-0.5, 0.5-0.7, 0.7-0.9) provide more varied profit outcomes com-
pared to conventional pairs (e.g., 0.5-0.5, 0.3-0.7, 0.1-0.9), see Figure For
DAM]|, non-conventional pairs show a relatively stable profit profile, with quan-
tile pairs like 0.3-0.5 and 0.5-0.7 performing comparably to conventional pairs
in terms of overall profitability and consistency. However, as seen from the nar-
rower error bars in the profits, these non-conventional pairs offer greater
stability and less variability across different forecasting models, making them
less sensitive to model-specific biases or fluctuations in predictions.

10 Profit vs Quantile Pairs
I Y | I I N Y S |

JlipamM [iBM  [0DUAL

o i i
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.....................
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Quantile pairs

Figure 5.5: Profit for [DAM, & DUAL quantile pairs. The error bars are
relative to the different forecasting models.

In contrast, the shows lower profits and higher variability across both con-
ventional and non-conventional pairs. Non-conventional pairs like 0.5-0.7 and
0.7-0.9 yield slightly higher profits than conventional pairs, though large error
bars indicate model-dependent uncertainty. While the Dual strategy yields the
highest profits for the baseline 0.5-0.5 quantile pair, non-conventional quan-
tile pairs, particularly 0.3-0.5 and 0.5-0.7, also achieve consistent profits with
moderate variability. Despite a general association between higher profits and
increased variance in some pairs, these unconventional pairs effectively capture
price fluctuations and manage risk, proving ideal for Dual market strategies.
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Model Selection and Forecast Accuracy

This section highlights the importance of analysing model performance, fore-
cast accuracy, and model selection to maximise profitability across different
energy markets. Plot illustrates the profit performance for different mod-
els (KNN| [DNN| LGBM| and for in the and DUAL markets
approach. In the the RF and models yield the highest profits with
moderate variation, indicating stable performance across quantile pairs. The
shows significantly lower profits for all models, with substantial variability,
suggesting a high sensitivity to quantile pair selection and a less predictable
environment. In the DUAL approach, RF| and also perform well, with
narrower error bars than [BM]but wider than showing a balance between
profitability and sensitivity to quantile pairs. These results suggest that the
and models are preferable for achieving stable outcomes in the and
markets, as well as in the combined DUAL approach.
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Figure 5.6: Profit for Models in the [DAM], & Dual with Range in Quan-
tile Pair Performance for each Model

The plot highlights a trend between model accuracy (measured by pinball
score) and profit across for the and DUAL market approach.
For [TS3|in the DAM| and [TS3}DUAL, lower errors correlate strongly with higher
profits, emphasising the impact of precise forecasting. However, the ex-

hibits a more complex relationship; while lower accuracy does align with in-
creased profits, the correlation is less pronounced for the first three models,
suggesting that additional factors—such as price volatility and market-specific
dynamics—might play a more substantial role in driving profitability in the BM.
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Given the limited sample size of four models, these findings may require further
validation. These findings underscore the fundamental role of forecast accuracy
in driving profitability across the and DUAL market approach, em-
phasising the need to prioritise high-accuracy models.
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Figure 5.7: Aggregate Pinball Score of Model vs Profit

5.3.3 Economic Viability - Scenario Analysis

In this section, we present a comprehensive analysis of the economic viability of
configurations, exploring various factors that influence their returns and
performance. Our study encompasses a scenario analysis focusing on key el-
ements such as construction costs, maintenance expenses, degradation-related
costs, efficiency losses, and market dynamics. The goal is to evaluate the prof-
itability and economic outlook of different units over a potential lifespan
of 10-15 years.

In the following discussion, as detailed in [BB| Her18]], we explore key factors
influencing the returns derived from operating a [BESS| These include:

* CAPEX: Battery purchase, including ancillary systems, installation, com-

missioning, permits, and civil works.

* Fixed O&M (€kW-year): Fixed maintenance costs and variable costs through-
out the system’s lifespan, based on operation hours or cycles. All batteries
are modelled to have maintenance costs increasing at a rate of 2% per
year, as per the Sandia report [RB18]].

* Degradation-related costs: Expenses due to cycle-induced degradation,
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potentially requiring cell addition or replacement, leading to reduced bat-
tery capacity and efficiency over time. Battery degradation is estimated at
1.55% per year, in line with lithium-ion battery data from [GMI*22].

* Efficiency costs: Costs related to round-trip efficiency losses (€/kWh). All
battery options are modelled with a 95% charge & discharge efficiency.

* Depth of Discharge: Energy discharged as a percentage of rated capacity.

* Ramp Rate: Ratios of rated energy to rated power, e.g. 2-hour Tesla
megapack, 1-hour lithium-ion battery in Sandia report [RB18]].

* Calendar Life (years): Maximum lifespan from factors such as state of
charge, e.g., Li-ion batteries end life below 60% rated energy. All batteries
have an assumed lifespan of ~10-15 years.

* Market registration costs for trading in [[-SEM|DAM|and BM|include an an-

nual total of €18,294. These costs consist of a once-off entry fee, annual
subscription fees, accession fee, participation fee, and variable
trading fees, which apply per MWh traded. For a detailed fee breakdown,
see [SEM23D] for [[-SEM|DAM]| & [DM] and [SEM23a] for BM] participation.

Items we will not factor in for issues on acquiring accurate data include:
* Warranty: (€/kWh-year): Annual fees for quality assurance.
* Insurance (€/kWh): Premiums against unforeseen risks.

* End-of-life costs: Expenses for disassembly, transportation to recycling
facilities, and safe disposal of lithium-ion cells.

* Subsidies and government incentives: Potential financial support mech-
anisms that could offset initial investment costs. These vary widely in
availability and impact.

Battery Options

We analyse various battery options, utilising configurations provided in [Com21]],
including smaller batteries with capacities of 3MWh (Scottish Power, Battery A)
and 3.9 MWh (Tesla Megapack, Battery B) and larger batteries with capaci-
ties of 10MWh (Avolta storage, Battery C) and 39 MWh (10 Tesla Megapacks,
Battery D). Revenue data for all batteries is derived from the model in
[TS3}Dual, utilising configurations specific to the selected battery setup.
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Returns for Batteries A and B
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Return (€ millions)
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Figure 5.8: 15-year cost breakdown for the 3 MW Scottish Power and 3.9 MW
Tesla capacity

Smaller Batteries: A & B, Larger Batteries: C & D

* Battery A, Scottish Power (3 MWh) - This battery features a 1-hour cycle, a
maximum discharge capacity of 3 MWh, and operates with a charge/discharge
efficiency of 95%. With a construction cost of €1,671,000.00 (€557 per
kWh) and annual maintenance expenses of €11,000 (€4 per kWh), it
represents a compact, efficient choice for shorter-duration applications.

* Battery B, Tesla Megapack (3.9 MWh) - Designed for a 2-hour cycle, Bat-
tery B shares similar charge/discharge efficiencies and ramp rates with
Battery A. Its purchase costs amount to €1,722,628.98 (€447 per kWh),
and annual maintenance costs are €7,730.96 (€2 per kWh). The ex-
tended capacity makes it well-suited for applications demanding longer
discharge periods.

* Battery C, Avolta Storage (10 MWh) - This battery is configured with a 1-
hour cycle, a maximum discharge capacity of 9 MWh, and a charge/discharge
efficiency of 95%. With a construction cost of €4,850,000 (€485 per
kWh) and annual maintenance costs of €100,000 (€10 per kWh), de-
signed to balance capacity and efficiency, catering to applications with
larger scale and short duration requirements.

* Battery D, Tesla Megapack*10 (38.5 MWh) - A larger-scale option, fea-
tures a 2-hour cycle and shares similar charge/discharge efficiencies and
ramp rates with Battery B. The purchase cost, accounting for a bulk dis-
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Figure 5.9: 15-year cost breakdown for Avolta Storage (C) and Tesla MegaPacks
(D) totaling 38.5 MWh

count for ordering 10 units, is €13,726,186.17 (€356 per kWh), with an-
nual maintenance costs of €61,593.89 (approximately €2 per kWh). This
configuration, suitable for substantial energy storage needs, highlights the
potential economic benefits of scaling up installations.

Economic Viability of BESS Units

This section evaluates the economic viability of four configurations, each
with varying capacities and operational costs, across a 15-year horizon. Figures
and [5.9| provide detailed visualisations of the 15-year return on investment
(ROI) for smaller (A and B) and larger (C and D) battery units. The analysis
investigates each battery’s path to profitability and highlights trends relevant to
energy trading and investment decisions in the evolving energy storage market.

1. Battery A (3 MWh, Scottish Power) - With a construction cost of €557/kWh
and annual maintenance costs of €11/kWh, Battery A remains unprof-
itable over its entire 15-year lifecycle. Despite a gradual reduction in
losses, this unit ends with a total loss of €891,474 by year 15. Its perfor-
mance reflects the limitations of smaller, short-duration storage options in
terms of capital recovery, especially when operational in volatile markets
without higher discharge capacities.

2. Battery B (3.9 MWh, Tesla Megapack) - Priced more competitively at
€447/kWh with lower maintenance costs of €2/kWh, Battery B also fails
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to achieve profitability, albeit with a slightly smaller end-of-life loss of
€850,448. Its two-hour cycle time allows for longer discharge durations
compared to Battery A, yet it remains economically constrained. This sug-
gests that even with optimized efficiencies and slightly increased capacity,
smaller batteries may struggle to be profitable in dual-market models,
where higher-capacity, longer-duration options perform better.

3. Battery C (10 MWh, Avolta Storage) - As a mid-range storage option,
Battery C incurs a construction cost of €485/kWh and maintenance ex-
penses of €10/kWh. Despite offering a larger capacity suitable for fre-
quent energy trading cycles, this battery also fails to break even, con-
cluding with a loss of €3,337,555 by year 15. This result illustrates the
challenges faced by medium-sized units in balancing capital costs
and revenue generation under typical market volatility, particularly when
deployed in high-frequency, short-duration applications.

4. Battery D (38.5 MWh, Tesla Megapack x10) - The largest system, Bat-
tery D, achieves profitability, reaching a modest profit of €769,321 in
its final operational year. With a significantly lower construction cost of
€356/kWh (due to bulk purchasing) and maintenance costs of €2/kWh,
this battery demonstrates that scale economies can significantly improve
the financial outlook of installations. Its two-hour cycle time and
substantial capacity make it well-suited for dual-market operations, capi-
talising on both energy arbitrage and grid services for profitability.

These results emphasise the significant impact of battery size, cost structure,
and operational efficiency on the economic viability of in energy trad-
ing. Batteries A, B, and C remain unprofitable largely due to high upfront costs
relative to their storage capacities and revenue potential, underscoring the im-
portance of cost efficiencies achieved through bulk purchases and optimized
maintenance strategies. The economic success of Battery D reflects industry
trends that advocate for larger, consolidated installations to achieve more
favourable cost-per-kWh ratios. Additionally, larger storage capacities facil-
itate greater energy arbitrage opportunities and provide improved resilience
against market fluctuations. Battery D’s profitability, reached only in the final
year, highlights the importance of aligning battery sizing with market demands,
particularly in dual-market settings where larger units can better absorb price
volatility and secure revenue through diverse applications.

Profitability in BESS|also depends on strategic deployment across both the
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and markets. Larger capacities and longer cycle times, as seen with Bat-
tery D, enable more strategic positioning in response to price variations across
both markets. This flexibility is less feasible with smaller units, which often
lack the capacity to fully capitalise on market opportunities due to shorter dis-
charge durations. For smaller BESS|installations, profitability remains challeng-
ing without further advancements in cost reduction or market mechanisms that
reward shorter-duration, high-frequency cycling. Conversely, larger-scale
are becoming viable investments, provided they are deployed with maximised
charge/discharge flexibility and diversified revenue sources. In conclusion, the
analysis reveals that achieving economies of scale, optimized cost structures,
and operational flexibility is essential for profitability. These findings
highlight the need for continued cost reduction and technological advance-
ments to make viable across scales, with strategic sizing—particularly
favouring larger installations in dual-market models—offering a pathway to
strong economic outcomes in the evolving energy storage landscape.

The profitability challenges highlighted in this analysis underscore a critical
need for targeted subsidies to support deployment. Studies show that
without subsidies addressing high capital costs and market integration barri-
ers, economic viability often remains out of reach. For instance, [ZCDG21]|
emphasises that financial support mechanisms, such as self-consumption incen-
tives and dynamic tariffs, are essential for enabling revenue generation and
enhancing appeal by leveraging renewable generation shifts and load
management. Additionally, [FMC*23] argues that regulatory frameworks in-
corporating subsidies for peak-shaving or frequency regulation can significantly
enhance grid stability and revenue consistency for storage operators in deregu-
lated markets.

5.4 Conclusion

This study explored the role of quantile-based trading strategies in optimis-
ing [BESS| profitability across the [DAM| and BM| By examining three strate-

gies—TS1], [TS2], and and implementing a dual-market approach,

Dual, we demonstrated the advantage of leveraging both markets to enhance

returns. Among these, [TS3}Dual proved the most effective, using flexible times-
tamp orders to balance the [DAM]s price stability with the BM]s volatility, facil-
itating higher profitability through increased trading frequency. Our findings
emphasise the significance of quantile pair selection, especially with high quan-
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tiles such as 0.7-0.9 in the which captured extreme price values effectively.
In the the baseline 0.5-0.5 quantile pair generally performed best, high-
lighting the stable nature of this market. Additionally, model choice impacted
profitability, with RF and delivering the most reliable results due to their
adaptability and forecasting accuracy. The economic viability of particu-
larly for larger configurations like Battery D, was underscored by the need for
cost efficiencies and optimised battery sizing to sustain profitability in energy
trading. This study demonstrates the potential of dual-market strategies for
trading and quantile forecasting in dynamic markets, underscoring the
value of ongoing technological and methodological advancements to amplify
returns.

Future research could further enhance trading by exploring alternative
quantile forecasting techniques (see Chapter [6)), implementing adaptive rein-
forcement learning approaches (e.g., [SK22]), and integrating intra-day mar-
kets for multi-market trading. These developments hold promise for strength-
ening contributions to grid reliability and economic efficiency.
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Chapter 6

Conformal Prediction for
Probabilistic Electricity Price

Forecasting

In the preceding chapters, we established a foundational understanding of
tricity Price Forecasting (EPF)|and trading in electricity markets, focusing on the
IDay-Ahead Market (DAM)| and [Balancing Market (BM)| Chapter [4] highlighted
the limitations of point forecasts for capturing market uncertainties, pointing to

the need for probabilistic methods. In Chapter |5, we address this suggestion,
generating quantile forecasts for both markets and integrating these forecasts
into trading strategies. While this provided an initial financial assessment of
probabilistic methods, the forecasts were insufficient for achieving consistent
profitability. The considerable shortfall between profits with quantile forecasts
and those under [Perfect Foresight (PF)| particularly in the where profits
reach less than 10% of [PF, highlights the challenges of forecasting [BM] volatility
and underscores the need for improved probabilistic models to more reliably

anticipate intraday price swings and capture rapid market fluctuations.

This chapter aims to address these gaps by advancing [Probabilistic Electricity]
IPrice Forecasting (PEPF)|for the and using [Conformal Prediction (CP)|
methods to improve the accuracy and reliability of forecasts. We extend

techniques with time-series-adapted methods, specifically [Ensemble Batch Pre-|

Idiction Intervals (EnbPI)|and |Sequential Predictive Conformal Inference (SPCI)|,

to enhance forecast performance, with improved [Prediction Interval (PI)|cover-

age in both markets. Furthermore, to achieve a balance between the efficiency

137



6. CONFORMAL PREDICTION FOR
PROBABILISTIC ELECTRICITY PRICE 6.1 Beyond Efficiency Measures in
FORECASTING Probabilistic Forecasting

of [Quantile Regression (QR)|and the validity of we propose a new ensem-
ble framework, Q-Ens, which combines|QR] [EnbPI, and [SPCI| for more accurate

and reliable forecasts. This chapter further evaluates [CPlenhanced forecasts
using probabilistic metrics for efficiency and validity, along with financial per-
formance analyses of and from Chapter [5|to assess practical impacts.

The rest of this chapter is structured as follows: In Section [6.1}, we explore the
importance of generating both accurate and reliable probabilistic forecasts in
electricity markets. Section details our methodological framework, includ-
ing our forecasting models and probabilistic approaches. Section discusses
probabilistic metrics used to evaluate the efficiency and validity of our forecasts.
The effectiveness of each forecasting approach, especially the proposed ensem-
ble, is discussed through case study results in Section Finally, Section [6.5
summarises our findings and suggests future work.

6.1 Beyond Efficiency Measures in Probabilistic Fore-

casting

EPF|is crucial for market participants facing volatility, fluctuating demand, and
the challenges of renewable integration. Power generators use forecasts to man-
age market risk and stabilise revenue, load-serving utilities rely on them to
secure lower-cost energy and optimise procurement, and virtual traders lever-
age forecasts to estimate price spreads and exploit arbitrage opportunities. As
renewable energy integration increases and smart grids evolve, accurate fore-
casting becomes more challenging, driving market volatility and complicating
in spot markets like the [DAM, [[ntra-Day Market (IDM), and where
frequent price fluctuations due to renewable forecast errors pose significant

challenges [OT19]. This underscores the need for accurate, reliable forecasts
to stabilise production, optimise trading strategies, and promote policies that
support financial health, grid stability, and sustainable energy goals.

There are two main schemes: point forecasts and probabilistic forecasts.
Extensive literature reviews cover these topics [NW18, [ZS18], including our
own review on uncertainty quantification in Section Point forecasts pro-
vide a single price prediction at each time point, offering easy interpretation
and a straightforward relationship between predictors and the target variable
under homoscedasticity assumptions, but they lack uncertainty quantification.
In contrast, probabilistic forecasts offer distributions that capture prediction
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uncertainties. The shift towards [PEPF in the DAM]| was highlighted by the 2014
Global Energy Forecasting Competition, which emphasised metrics like the pin-

ball score, leading studies like [NW15]] to propose [Quantile Regression Aver-|

aging (QRA)| for improved reliability in [PEPF. Recent reviews in [KL22] have

highlighted the relevance of probabilistic forecasting in the DAM for addressing

uncertainties in smart grids, supply-demand dynamics, and price variations.

Despite the prevalence of [QR]and these methods have limitations in quan-
tifying uncertainty, highlighting the need for alternative approaches. intro-
duced in [GVV98] and later extended to regression and classification domains
by [VGS05]] and [SVO8]], offers a promising alternative to [QR]|by delivering fore-
casts that are both valid—meaning the predicted probabilities align closely with
actual outcomes—and efficient, providing narrower, more precise without
losing accuracy. This combination of reliable alignment with outcomes and
tight, actionable makes especially valuable in settings requiring robust
uncertainty quantification and adaptability without strict assumptions. This
evolution addresses computational challenges while enhancing prediction accu-
racy and ensures that [CP| provides flexible [PIs| with predefined confidence levels
across diverse models and scenarios. In[PEPF, [CP|offers dynamic and symmetric
providing consistent coverage with narrow [PIs| for managing market uncer-
tainty [KZ21]]. However, [CP| has limitations, requiring 25%-50% more historical
data for calibration, and is not well suited for time series datasets with strong
structural breaks, thus violating the exchangeability assumption. Recent adap-
tations for time series, such as [XX21]] and [XX23], offer promising,
distribution-free [PIs| that do not rely on exchangeability assumptions.

6.2 Methodology

This section outlines our study’s methodology, emphasising the key models and
forecasting approaches. It is structured as follows: Section [6.2.1] introduces

probabilistic forecasting models, followed by Section |6.2.2} which describes the
uncertainty quantification approaches and our proposed ensemble.

6.2.1 Electricity Price Prediction Models

We use the same models as in Chapter |5, with two changes: [Deep Neural Net-|
[worklmodels are excluded due to poor performance in[TS3], and[Lasso Estimated]
|JAutoRegressive (LEAR)|is reintroduced. While was previously removed
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due to its poor performance in quantile forecasts, its compatibility with model-
agnostic[CP|libraries now makes it suitable for generating accurate probabilistic
predictions. Thus, the models utilised in this chapter include:

. (See Section [2.2.1): An[Auto-Regressive] model with [Least Absolute]
IShrinkage and Selection Operator|regularisation for feature selection and

handling high-dimensional data.

* [K-Nearest Neighbors (KNN)| (See Section [2.2.2): A non-parametric model
predicting outputs based on the "K" nearest neighbors.

* Random Forest (RF)| (See Section [2.2.2): An ensemble model combining
multiple regression trees to reduce variance and maintain low bias.

* [Light Gradient Boosting Machines (LGBM)| (See Section [2.2.2): An ensem-
ble model using boosting to reduce bias and variance.

6.2.2 Uncertainty Estimation

In the domain of probabilistic forecasting methods significantly advance
beyond traditional point forecasts by capturing the uncertainty around future
price estimates. This section examines various techniques for both the
and covering methods such as[QR] [Split Conformal Prediction (SCP)]
[EnbPI, [SPCI, [QRA] and our proposed Ensemble (Q-Ens).
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Figure 6.1: Quantile forecast of electricity prices

Our approach treats price prediction as a regression task, where the dataset
Z = {(xs,y:)}, includes predictors x; and corresponding response variables
y;. The conditional quantile function @), (o | x;) estimates the value below
which a certain percentage « of the future price y; is expected to fall, based
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on predictors x;. We denote the lower quantile at level a as ¢ and the upper
~l—a

quantile at level 1 — « as ¢; . In this probabilistic setting, as illustrated in
Figure the model f generates a [Pl defined by these quantiles:

T1osa(xe) = 47, G ] (6.1)

This interval suggests that the future price y; will fall within the range [§%, ¢ %]
with a confidence level of 1 — 2«. For instance, if « = 0.1, the [PI represents an
80% confidence level (1 — 2o = 0.8), implying an 80% probability that y, will
lie within this range. Further details on each method are in Chapter 2]

Quantile Regression

[QR}, as previously discussed in Section extends ordinary least squares re-
gression by estimating conditional quantiles of the response variable v, provid-
ing a richer perspective than mean estimation alone. [QR| reveals how predictors
x; influence the distribution of y; at different quantiles.

1. Model Formulation: We start by expressing y; as a function of predictors
x; and an error term e,:
=% B+e (6.2)

where y; is the response variable for observation ¢, x; is a K -dimensional
vector of predictors, and [ represents the regression coefficients.

2. Objective: [QR] aims to estimate the conditional quantile function, identify-
ing values below which a proportion « of the data falls. The objective is
to find coefficients /3, that minimise a weighted sum of residuals, where
the weights depend on the sign of the residuals and the quantile level a.

3. Optimisation Problem: For a quantile level «, the @ estimator 3, solves:

. N
ﬁcx = arg Inﬂinzpa(yt - X:B) (63)

t=1

where p,(u) is the "check function,” which penalises over- and under-
predictions differently based on «.

4. Check Function Definition: The check function p,(u) is defined as:

o, ifu>0
palu) = (6.4)
(o —Nu, ifu<0
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This function gives a weight of « to positive residuals and 1 — « to nega-
tive residuals, enabling estimation of different quantiles by adjusting the

penalties for over- and under-predictions.

5. Properties of the QR Estimator: The @ estimator 3, defined in Equation
has well-established asymptotic properties. It is consistent, converg-
ing to the true value as sample size increases, and asymptotically normally
distributed. Its covariance matrix is given by:

Cov(Ba) = a(l = @) | fyupe (@)% - (X'X)7] (6.5)

where f,,x,(g") is the conditional density of y, at quantile o, which ac-
counts for variability in the distribution around this quantile, and (X’ X)~!
adjusts for predictor scaling and correlations.

6. Interval Prediction: [QR] facilitates interval prediction by estimating upper
and lower quantiles to form [PIs| The [P for [QR| can be denoted as:

T1osa(xe) = |76 (6.6)

where ¢® and ¢, ~“ are the fitted quantile functions for the lower and up-
per bounds, respectively. For instance, « = 0.1 gives an 80% confidence
interval, illustrating [QR!s ability to capture distributional uncertainty.

Conformal Prediction

as discussed in Section is a flexible, distribution-free framework for
quantifying the uncertainty of point predictions from models. generates
prediction sets with a predefined confidence level, ensuring that the true value
lies within these sets with a specified probability.

At the core of |CPis the concept of nonconformity, which measures how unusual
a new data point (Xpew, Ynew) iS compared to a set of previously observed exam-
ples. A nonconformity measure A is defined to assign a nonconformity score
to each data point in the training set Z. Traditional |CP| methods use p-values
calculated from nonconformity scores to construct prediction sets. For a new

example x,.,, With a candidate label ypey, the p-value is given by: p(ynew) =

|{(Xt7yt) €Z: A(Xta yt) > A(XneW7ynew)}| +1
N+1

(6.7)
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where N is the size of Z. The prediction set for x,, includes all candidate
labels for which the p-value exceeds a certain significance level.

Split Conformal Prediction

SCP, introduced in Section [2.3.4] and also known as inductive [CP}, is a stream-
lined version of standard [CP|that improves computational efficiency by dividing
the data into two distinct subsets: a training set and a calibration set. Here we
outline the steps involved in applying [SCP}

1. Data Splitting: The dataset Z = {(x;,y;)}2, is split into two subsets:
* Training Set Z..in: Used to fit the predictive model.

* Calibration Set Z.,: Used to compute nonconformity scores, measur-
ing the degree to which predictions deviate from actual outcomes.

2. Model Training: A predictive model f is trained on the training set Zain,
then used to generate predictions for the calibration set, enabling the com-
putation of nonconformity scores.

3. Nonconformity Score Calculation: For each observation (x;,y;) € Zcal, the
nonconformity score A(x,,y;) is calculated as:

A(Xt7 Z/t) = ’Z/t - f(Xt)’ (6.8)

This score represents the absolute difference between the true value v,
and the predicted value f(x;), with larger scores indicating greater non-

conformity.

4. Quantile Selection for Prediction Interval Construction: After calculating
nonconformity scores for the calibration set, a quantile \; (for time period
t) is selected to define the desired confidence level 1 — 2a. This ensures
that at least 1 — 2« of calibration examples have nonconformity scores
below )\, achieving |PI coverage of 1 — 2a.

5. Prediction Interval Construction: For new input x,, the [P)is constructed as:

Dioa(xe) = [f(xe) = A, f(x0) + A (6.9)

This interval provides a range of possible values for y;, with coverage
determined by quantile )\, from the calibration set’s nonconformity scores.
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[SCP|balances computational efficiency and prediction robustness by calculating
nonconformity scores on a smaller calibration set, avoiding the need to recom-
pute predictions for each test example. This reduces computational load but
relies on data exchangeability, limiting its applicability in time series settings.

Ensemble Batch Prediction Interval

EnbP]] outlined in Section is a [CP| method designed to generate reliable
for non-exchangeable data, such as time series. leverages ensemble
learning and bootstrap sampling, achieving robust coverage without sacrificing
data for calibration. This makes computationally efficient and suitable
for scenarios with complex data dependencies.

1. Dataset and Bootstrap Sampling: Given a dataset Z, [EnbPI generates B
bootstrap samples from Z. For each sample Z(), a predictive model f©®
is trained, creating an ensemble that reflects data variability.

2. Point Prediction Generation: Each model f() generates predictions for
each observation in Z. The ensemble prediction, y,, for input x; is the
average prediction across all models:

g=—> fOx) (6.10)

3. Nonconformity Score Calculation: For each model ), residuals (noncon-
formity scores) are computed as the absolute difference between the ob-
served value y, and the predicted value f*)(x,):

AP (xe, 1) = Jye = fO(x0)] (6.11)

These residuals capture prediction variability and help define the P]width.

4. Quantile Selection for Prediction Interval: For each model f(), a quantile
)\ﬁb) at level 1 — 2« is calculated from the residuals:

A = Quantile, ,, (A", AP ... AD) (6.12)

The final threshold ), for [P] construction is the average across all models:

1 B
A== AP (6.13)
B b=1
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5. Prediction Interval Construction: The [Pl for new input x, is constructed as
I’y _54(x¢), for a confidence level 1 — 2a, by averaging the predictions from
all bootstrap models and incorporating the margin );. The resulting [P]is:

Ciooa(Xt) = [0t — Ay Ot + M) (6.14)

This|Pllis expected to capture the true value y, with confidence level 1—2a.

avoids data-splitting by using leave-one-out residuals to leverage all avail-
able data, improving computational efficiency. This makes it well-suited for
probabilistic forecasting in dynamic settings like energy markets, achieving con-
sistent marginal coverage across the dataset and, in some cases, approximating
conditional coverage, which adapts intervals to time-dependent patterns in the
data.

Sequential Predictive Conformal Inference

SPCI, referenced in Section extends [EnbP]| by adapting [PI§ to address

time-dependent residuals and temporal dependencies. By using
lgression Forests (QRF)}, |SPCI| estimates the conditional quantiles of residuals,

making it effective for sequential, non-exchangeable time series data.

1. Initial Model Training: Train predictive model f on the dataset Z. Calcu-
late residuals ¢, over a rolling calibration set to capture prediction errors.

2. Conditional Quantile Estimation with [QRF; Use to estimate condi-
tional quantiles of residuals from recent observations, capturing depen-
dencies in the data. For each time ¢, predicts gy, allowing to
adjust interval widths dynamically based on time-dependent uncertainty.

3. Prediction Interval Construction: Construct the |PI for a new input x, as:
Tioaa(xe) = [f(xe) = Av, f(x0) + M) (6.15)
where )\, is derived from the estimated quantiles of recent residuals,

adjusting interval width to reflect current data patterns.

4. Sequential Updating: Update residuals by sliding the calibration window
forward with each new observation, re-estimating quantiles to capture
evolving patterns and adapt intervals accordingly.

SPCI[s use of for quantile estimation allows it to produce narrower [PIs|than
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EnbPI, particularly in non-stationary settings, while maintaining valid coverage.

Quantile Regression Averaging

as described in Section applies [QR/ to a set of point forecasts from
different models, allowing direct estimation of electricity spot price distribu-
tion without separating the probabilistic forecast into a point forecast and an
error distribution. This method directly leverages electricity price distribution
properties for improved forecasting accuracy. It considers M different point
prediction models /™ and feeds their output to a probabilistic model:

F1—201<Xt7 [fl(xt)a fQ(Xt)> BRI fM(Xt)]) = [(Z?? (jtl_a] (616)

In our implementation, two sets of point forecasts are generated:

* [QRAIR: Includes forecasts from models trained on different data contexts
(full datasets, historical, and forward-looking variables) to capture diverse
trends and improve reliability.

* [QRAI[CP} Consists of forecasts from various |CP| models like [SCP, [EnbPI,
and |SPCI, each contributing unique strengths to quantile predictions.

QR-CP Ensemble: A Robust Approach

In predictive modelling, uncertainty is categorised into epistemic and aleatoric
types. Epistemic uncertainty arises from limited knowledge of the underly-
ing model and can be reduced with more data or model improvements, while
aleatoric uncertainty results from inherent variability in the data and cannot be
mitigated by additional data. Our Q-Ens combines [QR|, and aims to
address both uncertainties, improving the reliability and sharpness for[PEPF, [QR]
captures a wide range of possible outcomes by estimating multiple conditional
quantiles, addressing both epistemic and aleatoric uncertainties. reduces
epistemic uncertainty by averaging predictions from bootstrap samples, lower-
ing variance and reflecting aleatoric uncertainty in the constructed
adapts dynamically to new data, updating in real-time to reflect evolving
data variability, capturing both types of uncertainty as they change over time.

The ensemble combines the strengths of these methods, working from a similar
approach as [EnbPI, averaging the models’ outputs to both reduce epistemic
uncertainty further, and improve overall forecast performance. The ensemble
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Figure 6.2: Construction of the Ensemble, Q-Ens.

prediction is obtained by averaging the quantile predictions from [QR], [EnbPI,
and |[SPCImodels: I';_5, =

[;(QRQ -+ EnbPI” 4- SPCI?), ;(QRl‘a + EnbPI' ™ + SPCI' )] (6.17)

with an outline of the [PIs| construction shown in Figure [6.2

6.3 Probabilistic Forecasting Metrics

Our evaluation of probabilistic predictions hinges on two crucial dimensions:
validity and efficiency. Efficiency, gauged through metrics like sharpness and
interval width, enhances precision. Simultaneously, validity, including calibra-
tion and coverage, requires the generation of precise |Pls|to affirm the reliability
of our forecasts.

6.3.1 Efficiency

Efficiency in probabilistic forecasting is crucial for precision. It is evaluated
using two key metrics: the Pinball Score and Interval Width.
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Pinball Score

In both the [DAM| and BM, sharpness plays an important role in accurate an-

ticipation, hedging, and real-time adjustments. The Pinball Score [ZWS19],
derived from the Pinball Loss function, measures the sharpness of the forecast
based on the quantile prediction ¢ and the observed price y; for time period ¢:

1— GO — for y, < @*
PS(q,y, o) = (=)@ ~u) =t (6.18)

a(ye — 4r) for y, = ¢

Here, o denotes the quantile level, such as 0.1 for the 10th percentile; hence,
an 80% [PI| ([¢%, §;~*]) corresponds to quantile levels 0.1 and 0.9.

To compare model performance over a given time horizon, we compute the

|IAggregate Pinball Score (APS)|by aggregating the Pinball Scores across all fore-

casted quantiles and time periods. The APS provides a comprehensive measure
of model efficiency by balancing sharpness across multiple quantiles and fore-
cast steps, with lower values indicating sharper, more accurate predictions.

Interval Width

The Interval Width is another important metric for assessing the efficiency of
probabilistic forecasts. While sharpness ensures reliability, efficiency is pivotal
in refining precision, and it is intricately linked to the width of PIs. The Interval
Width (/W,) for a given |PI|can be defined as follows:

W, =g, = g (6.19)

where ¢/~ and ¢ are the upper and lower quantiles of the [PI. Narrower inter-
vals indicate higher efficiency, reflecting greater precision in the forecast.

6.3.2 Validity

Both reliability and accuracy of probabilistic forecasts are crucial, with a partic-
ular focus on evaluating their validity. Validity in probabilistic forecasting en-
sures that the [PIs| accurately reflect the true distribution of the observed data.

Two key metrics for evaluating validity are coverage and the Winkler Score.
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Coverage

We examine the models’ coverage to highlight their ability to capture the true
distribution, focusing on precision in capturing the price y;, within a predefined
The empirical coverage, indicating the agreement of predictions with the
specified intervals, is denoted by the binary indicator I;*:

1 ify € [ge, ¢
jr | Yt [q; Ci_a] (6.20)
0 ify &[G, q

The Coverage Probability (A) is then defined as:
A==N"I¢ (6.21)

where N is the total number of forecasts. Ideally, the coverage probability
should be close to the nominal level (e.g., 80% if o =0.1), indicating valid

Winkler Score

The Winkler Score (1W;) [TMB*20] combines reliability and sharpness into a
single metric, offering a comprehensive assessment of probabilistic forecasts.
This score evaluates the interval width (/1}), see Equation of |PIs| based
on the observed values (y;), incorporating a penalty factor (7) for deviations
from the interval bounds:

W, if . € (g7, ¢~
We=qIW, + 2(¢2 —y)  ify < q (6.22)
]Wt‘f‘%(yt_(jtl_a) if y, > g~

The Winkler Score penalises larger deviations when observed prices fall outside
the offering insight into the model’s balance of accuracy and interval width.

6.4 Experimental Results

This section presents the results for each forecasting approach, with a focus on
the performance of our Ensemble (Q-Ens) on key metrics. We use the
IDAM]| and [BM] datasets from Chapter |3 and continue our analysis within the
Irish Single Electricity Market (I-SEM)| a market distinguished by high curtail-
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ment rates due to surplus renewable generation during low-demand periods.
Notably, in 2020, Northern Ireland and the Republic of Ireland had the high-
est curtailment rates in Europe, recorded at 13.5% and 11.1%, respectively
[YBC™22].

Our evaluation examines the effectiveness of probabilistic forecasting methods
across both the (Section [6.4.1) and (Section [6.4.2) markets. The
analysis is structured around two primary aspects: efficiency, which measures
forecast sharpness through metrics like the and interval width, and validity,
which assesses the reliability of forecasts based on coverage accuracy. These as-
pects are synthesized using the Winkler Score, which integrates both efficiency
and validity into a single metric. This culminates in an assessment of each
method’s financial performance in Section |6.4.3

For full reproducibility, the Python code used is available on GitHub{.

6.4.1 Day-Ahead Market

The dataset, introduced in Section (3.1.1}, incorporates both historical and
forward-looking data, providing insights into past market behaviour that sup-
port forecasting future conditions. Following the approach in Chapters 4 and
we use this dataset to predict prices over the next 24 settlement periods
by leveraging both types of data.

Efficiency in the Day-Ahead Market: Pinball Score & Interval Width

Table 6.1: APS for the DAM. Best approach for each regressor marked in bold,
worst in red.

Model QR SCP EnbPI SPCI QRA-R QRA-CP Q-Ens

KNN 6.65 7.79 5.71 6.09 6.20 6.01 5.96
LEAR 8.35 4.81 4.18 4.08 8.36 8.35 4.54
LGBM 3.62 3.67 3.76 3.71 3.67 3.66 3.48
RF 3.63 3.85 3.81 3.84 3.60 3.61 3.59
Avg. 5.56 5.03 4.37 4.43 5.43 5.36  4.39

Analysing the |[APS| for DAM| models in Table highlights the strong perfor-

mance for the Q-Ens approach, producing the lowest for RF and [LGBM|
This includes strong performance for [CP|approaches [EnbPI and [SPCI] in partic-

ular improving [LEAR] and [KNN| models, utilising [CP]s model agnostic feature.

"https://github.com/ciaranoc123/PEPF_Conformal
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Time series adapted approaches [EnbP]I and [SPCI| also demonstrate notable im-
provements over [SCP| [QR| and [QRA| models struggle, but this is largely as a
result of their poor performance with [LEAR| substantially reducing the average.

Looking further into efficiency, we evaluate the interval width of the models in
Figure centred around a median of 50 for clarity. The analysis of interval
width across different models reveals key insights into model efficiency and pre-
cision; more efficient models produce smaller intervals. Figure highlights

100 = 85 QR 15 SCP 1 s EnbPI s SPCI # s QRA-R 1 s QRA-CP 1 » Q-Ens|
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Figure 6.3: Interval Width for each model in the DAM

key differences between [QR| and [CP| approaches in interval width. [CP| methods
(SCP|, [EnbP1], and [SPCI) produce wider [PIs| for less accurate models like
and while narrowing for more accurate ones like RF and Notably,
designed to yield narrower intervals than succeeds marginally for
and but not for In contrast, QR and [QRA| approaches
exhibit consistent interval widths independent of model accuracy, with [QRAHCP]
and [QRAIR producing similar intervals despite differing datasets. Q-Ens closely
aligns with [EnbP] and [SPC] for [KNN] and However, for Q-Ens
produces narrower [PIs| due to [QR]s inherently smaller widths, while for [RF) it
results in wider intervals due to [QRls wider interval.

Validity in the Day-Ahead Market: Coverage

Figure [6.4] summarises coverage across the 0.1-0.9 quantile range in the
highlighting each forecasting approaches’ ability to achieve coverage. Aiming
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Figure 6.4: DAM Coverage for 0.1-0.9 quantile pair

for a coverage of 0.8 within the 0.1-0.9 quantile range, [CP| models consistently
outperform [QR| counterparts. [QR| produces the worst results by a margin, failing
to achieve coverage in a single model. Both [QRA| approaches begin to diverge
from [QR], improving coverage for most models, [l in particular and achiev-
ing the desired 0.8 coverage for [RF in both [QRAIR and [QRA| Our Q-Ens
approach yields slightly inferior results compared to [EnbPI|and [S IP_CL However,
con51der1ng the lower [APS| for RF and LGBM]| models compared to [EnbP]| and
as shown in Table [6.1] this trade-off is justified.
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Figure 6.5: 0.3-0.7 quantile pair Coverage

Focusing on the 0.3-0.7 quantile pair with a target of 0.4 in Figure we see a
similar trend to Figure [6.4] with [QR] struggling and [QRA|improving [QR| for each
model, with the exception of [RF| this time. All [CP|approaches achieve coverage
for all models this time, highlighting the advantages of |CP| when it comes to
improving a model’s reliability. Our Q-Ens achieves coverage for all models,
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with slightly lower scores than [EnbPI| and |SPCI, but substantially better than
[QR}, with the exception of

Efficiency & Validity in the Day-Ahead Market: Winkler Score

Table provides an overview of the Winkler Scores, highlighting each appro-
aches’ ability to tie together both efficiency and validity in our chosen forecast-
ing models. Our approach Q-Ens excels producing the lowest average score,
and the two lowest scores for all models with and

Table 6.2: Winkler Scores for the DAM. Best approach for each regressor
marked in bold, worst in red.

Model QR SCP EnbPI SPCI QRA-R QRA-CP Q-Ens

KNN 57.02 64.16 51.47 56.16 53.70 51.73 54.33
LEAR 61.97 36.30 37.37 35.06 61.82 61.74 39.37
LGBM 29.87 30.39 32.76 31.31 31.50 31.47 29.79
RF 33.70 30.81 32.14 31.65 33.00 32.36 29.99
Avg. 4294 40.42 3843 38.55 45.01 44.33 38.37

Table 6.3: Winkler Scores for the DAM. Best approach for each regressor
marked in bold, worst in red.

[QRland [QRA] pay the price of their poor performance in coverage, producing the
highest average Winkler scores. approaches produce lower Winkler scores,
underscoring the benefits of their strong performance in coverage, with
strong performance just missing out on our Q-Ens approach.

6.4.2 Balancing Market

The dataset, introduced in Section |3.1.2) includes both historical and
forward-looking data, providing insights into past market behaviour to sup-
port forecasting future conditions. Following the approach in Chapter 4, we
forecast prices for the next 16 open settlement periods, beginning at ¢ + 2.
Although both markets have similar average prices (BM} €54.77/MWh, DAM}
€53.77/MWh), the shows significantly higher price volatility, with a stan-
dard deviation of €64.60/MWh, compared to €37.38/MWh for the

Efficiency in the Balancing Market: Pinball Score & Interval Width

Analysing the for BM| models in Table [6.4] follows a similar trend to Table
with Q-Ens showing strong performance producing the lowest average this
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time, except we see [EnbPI| and [SPCI|, two of the top approaches for the
produce the two highest average scores. produces markedly better scores,
with [QR]and [QRA| approaches also performing better than [EnbPIand [SPCI} The
two lowest scores are achieved by LGBM]| with [QRAFR and RF with [QR]

Model QR SCP EnbPI SPCI QRA-R QRA-CP Q-Ens

KNN 14.09 15.19 14.60 15.84 13.66 13.49 14.25
LEAR 15.22 1291 13.96 13.79 15.33 15.22 13.21
LGBM 12.48 12.87 13.55 13.6 12.58 12.41 12.70
RF 12.66 13.01 13.34 13.48 12.79 12.89 12.88
Avg. 13.61 13.50 13.91 14.18 13.59 13.50 13.26

Table 6.4: for the Best approach for each regressor marked in bold,
worst in red.

Examining efficiency in the we evaluate the interval width of the models
in Figure Compared to the average interval width for the in Figure
all models have significantly wider interval widths, reflecting the greater
inherent uncertainty in the BM] We see the same trend as the[DAM| with interval
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Figure 6.6: Interval Width for each model in the

width being independent of model accuracy for [QR| and [QRA| approaches, but
again a strong correlation between interval width and model accuracy for all[CP|
approaches, albeit less pronounced for than in the produces
narrower interval widths than as expected, but much more pronounced
than in the Q-Ens produces wider interval widths than [SPCI and [QR],
skewed by [EnbP]| large interval width.
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Validity in the Balancing Market: Coverage

Figure summarises coverage across the 0.1-0.9 quantile range in the
Aiming for a coverage of 0.8, all models come significantly closer to achieving
the desired coverage compared to their performance in the approaches
similarly excel, with most models achieving coverage. [QRA| again improves all
[QR] models noticeably, with [RF| for both [QRA| approaches achieving coverage.
Our Q-Ens fails to perform as well as any [CP| approach, but outperforms all [QR]
and [QRA| models bar RF for [QRA]
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Figure 6.7: BM Coverage for 0.1-0.9 quantile pair

Focusing on the 0.3-0.7 quantile pair aiming for a coverage of 0.4 in Figure
again all [CP| approaches achieve coverage, including Q-Ens. [QRA] fails to

1 - 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

[T1QrIESCPIsENbPINISPCIIIQRA-RI1QRA-CP1Q-Ens |
0.8} |

I

Figure 6.8: Coverage for 0.3-0.7 quantile pair

Coverage (1 — 2a)

demonstrate a noticeable improvement off of [QR] but all models come close to
achieving coverage, with [RF| for [QR] and both [QRA| achieving the 0.4 target.
Efficiency & Validity in the Balancing Market: Winkler Score

Table [6.5] provides a overview for Winkler Scores in the offering insights
into each approach’s ability to tie efficiency and validity together. The analysis
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highlights the strong performance of our ensemble approach again, resulting
in the second lowest Winkler score, slightly underperforming [QRl and
[QRA| demonstrate considerably improved performance than they did for Win-
kler scores in the DAM], with [QRAHCP| coming first, [QR] third, and [QRA}R fourth.
The last 3 spots are occupied by all three approaches with changing
from just 0.07 off the top approach in the to the worst performer in the
[QR] achieves the lowest score of any model with while Q-Ens has
the second lowest with These results are likely due to the closer coverage

scores and narrower interval widths for the [QR| and [QRA| approaches.

Model QR SCP EnbPI SPCI QRA-R QRA-CP Q-Ens

KNN 124.18 134.77 131.35 132.18 119.21 120.89 126.35
LEAR 127.79 115.02 122.63 126.16 129.03 127.75 124.09
LGBM 107.34 115.77 111.18 122.41 109.47 108.34 111.18
RF 114.37 113.88 111.84 114.32 116.15 115.07 111.39
Avg. 118.42 119.86 119.25 123.77 118.47 118.01 118.25

Table 6.5: Winkler Scores for the Best approach for each regressor marked
in bold, worst in red.

6.4.3 Financial Performance Analysis

For our financial evaluation, we utilise a Battery Energy Storage Systems|

(BESS)| This section outlines our BESS| trading strategy, crucial for ensuring
grid stability and seamlessly integrating renewable energy into the dynamic

energy landscape. This consists of our [Trading Strategy 1 (TS1)|and our high-

frequency [Trading Strategy 3 (TS3)}
. is the same heuristic trading strategy found in Section As in
Section this strategy utilises quantile-based forecasts to optimise
trading decisions involving a hypothetical 1 MWh battery with no dis-

charge limit, 80% discharge efficiency, and 98% charge efficiency. Over
the specified time horizon (1 day for or 8 hours for [BM), a single
buy-sell pair trade is permitted, with the requirement the buy trade occur
before the sell trade.

. (Section leverages optimisation techniques to maximize prof-
its in electricity markets, limited to a maximum of 3 trades per day. It
incorporates flexible buy/sell timestamps within bottleneck-constrained
volumes, considering realistic constraints such as battery capacity, charg-
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ing speed, discharging rate, minimum charge level, and energy efficiency.

* [TS3}Dual (Section is our extension of to optimise trading in
both the [DAM| and BM| by leveraging differences in market granularity
and lead times. By synchronising positions across both markets, TS3}Dual
maximises trading opportunities, focusing on midday trades in the
and taking advantage of the BMJs higher volatility before and after
trades.

For more detailed information on the implementation of each trading strategy
see Chapter

Model H TS1 DAM TS1 BM TS3 DAM TS3 BM TS3-Dual

QR €16,261 €4,332 €17,551 €6,095 €19,378
SCP €15,819 €3,528 €16,621 €5,462 €18,026
EnbPI €16,688 €3,995 €17,486 €5,649 €18,959
SPCI €16,370 €3,750 €17,347 €5,658 €18,852

QRA-R €15,771 €3,657 €16,790 €5,562 €18,318
QRA-CP|| €15,782 €4,290 €16,684 €5,897 €18,505
Q-Ens €16,816 €4,143 €18,183 €5,982 €19,803

Table 6.6: Financial Performance Comparison of RF| & LGBM| Models. Best
approach marked in bold, worst in red.

Table[6.6|presents the financial performance of different forecasting approaches
across trading strategies in both markets, focusing on top-performing models

and excluding and for clarity. consistently yields the lowest re-
turns, particularly in the and Dual, as well as in within the [DAM,

indicating it may struggle to capture the BM]s volatility and the precision re-
quired for high-frequency trading strategies. [QR| consistently outperforms
achieving better average results across all strategies, with [QRAFR recording the
lowest returns for in the However, demonstrates competi-
tive results in the [BM] for TS1] and [TS3], where it performs closer to [QRL
and also exhibit solid performances: leads among [CP| methods in
the while shows an advantage in the and [TS3}Dual, benefit-
ing from its design for time series data. Notably, our Ensemble (Q-Ens)
achieves the highest average returns in the and closely follows [QR]in the
achieving the top result overall in [TS3}Dual. This consistent high perfor-
mance highlights Q-Ens’ ability to combine the strengths of individual models,

making it particularly effective across the varying dynamics of both markets’
trading environments.
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Key Findings and Limitations

The application of [CP| techniques, particularly [EnbP]| and [SPCI, improves the
accuracy of PEPF in both markets, outperforming traditional [QR] models by
providing more reliable with consistent coverage. The ensemble approach,

combining [QR] with [EnbP]| and [SPCI, improves the balance between narrow

intervals and coverage, resulting in more consistent and accurate forecasts.
Financial analysis of these forecasting methods indicates that techniques,
particularly our ensemble, Q-Ens, can increase profitability in trading algo-
rithms; however, their dependence on large amounts of historical data and
higher computational requirements may limit their practicality in real-time sce-

narios. While [EnbPI|and [SPCI reduce computational overhead compared to full

by avoiding data splitting (EnbPI)) or using rolling windows (SPCI)), their re-
liance on ensemble methods or residual bootstrapping still imposes higher costs

than [QR], particularly for high-frequency trading. These models can also face
challenges when encountering extreme price events or sudden market shifts.

6.5 Conclusion

This study evaluated several probabilistic forecasting methods for electricity

prices in the Irish and focusing on [QR], [QRA}IR, [QRAHCP, [SCP], [EnbP]|

SPCI, and the proposed ensemble method Q-Ens. Our evaluation covered mul-

tiple dimensions—accuracy, reliability, interval width, coverage, and financial
performance. We found that [QR| and [QRA| approaches performed well in effi-
ciency metrics but fell short in coverage, where [CP| methods like
and excelled. Notably, the ensemble approach (Q-Ens) demonstrated top-
tier performance in both efficiency and validity, consistently delivering superior
financial outcomes in single trade (TS1)), high-frequency (TS3), and dual mar-
ket (TS3}Dual) trading strategies, underscoring its practical value for market
participants. The integration of |[CP| techniques into offers a promising way
to improve forecast reliability and financial outcomes, especially as the energy
market evolves and renewable energy integration increases. However, limi-
tations were observed, particularly with in the context of high-frequency
trading and the BM]s increased volatility, suggesting that methods may re-
quire further adaptation to handle such volatile conditions effectively. Addition-
ally, dataset characteristics, such as high curtailment rates and market volatility
specific to the influenced the forecasting performance, underscoring the
importance of method selection based on market traits. The financial evalua-
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tion, based on simulated trading, may not fully capture the complexities of real-
world market conditions, including transaction costs, market liquidity, and sud-
den structural shifts. Therefore, further research should focus on testing these
methods in diverse markets, including and exploring the practical limita-
tions of |[CP| models, particularly in environments with extreme price events or
limited historical data. Future studies could also delve deeper into more granu-
lar 5-minute datasets and incorporate probabilistic forecasting frameworks
that address transaction costs and market conditions. Additionally, improving
the robustness of methods, particularly with respect to outliers and non-
exchangeable time series, will be fundamental. Exploring the application of
models in renewable energy forecasting, smart grid management, and real-time
data streams presents a rich avenue for future development, which will help to
create more adaptable and reliable forecasting systems in increasingly complex
energy markets.

Forecasting and Trading Optimisation in the 159 Ciaran O’Connor
Day-Ahead and Balancing Market



Chapter 7
Conclusions

This dissertation contributes to the field of electricity price forecasting and trad-
ing optimisation within the Irish [Day-Ahead Market (DAM)|and [Balancing Mar-|
Addressing the challenges posed by renewable energy integration,
this research develops a clear, standardised framework for forecasting, as

well as new approaches surrounding dual-market trading strategies and proba-
bilistic forecasting. The Irish electricity market presents unique challenges due
to its high renewable energy penetration, particularly wind, and its isolated
grid system, which limits interconnections with other markets. These factors
lead to greater supply variability, higher curtailment levels, and increased price
volatility compared to other regions. By improving forecasting accuracy and
optimising trading within both markets, this work supports grid stability and
market efficiency amid increasing renewable variability. We introduce struc-
tured methodologies that enhance both the approach to price prediction in the
BM], as well as accuracy and trading strategy profitability. Furthermore, this re-
search establishes a foundation for robust, adaptable, and economically viable
forecasting and trading frameworks in electricity markets.

Review of Electricity Market Structure and Predictive Models

Chapter |2 provides an in-depth review of the structure and dynamics of elec-
tricity markets, along with a comprehensive analysis of the predictive models
used within these contexts. By examining the distinct features and operational
complexities of key electricity spot markets, the review highlights the need for
tailored forecasting approaches that can adapt to varying market demands. Ad-
ditionally, this chapter surveys a wide range of forecasting techniques, spanning
from statistical and methods to probabilistic approaches that capture un-
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certainty. The insights gained from this review directly inform the forecasting
framework and trading strategies developed in this dissertation, highlighting
the strengths and limitations of existing methods and underscoring the impor-
tance of probabilistic forecasts in effectively managing price volatility.

Irish Market Dataset Preparation and Analysis

In Chapter (3, we developed high-quality DAM| and [BM]| datasets, incorporating
forward-looking and historical data from [SEMO)], with preprocessing focused on

reproducibility and consistency. To ensure dataset suitability for forecasting, we
conducted key time series tests, including stationarity, autocorrelation, partial
autocorrelation, serial correlation, and heteroscedasticity checks. These tests
revealed key statistical properties, guiding model selection and providing uni-
formly preprocessed datasets to support reproducibility and future research.

Forecasting Framework for the Balancing Market

In Chapter[4, we presented a standardised framework for forecasting[BM| prices,
a market characterised by high volatility with limited research. By evaluating a
range of predictive models—including statistical, and [DI] approaches—this
framework identifies models best suited to the BMJs unique dynamics. The
model was particularly effective for[BM]forecasts, outperforming [DI]mod-
els, which were superior in the underscoring the need for market-specific

forecasting approaches tailored to a market’s characteristics.

Dual-Market Trading for Improved Economic Viability

In Chapter |5, we introduced high-frequency trading strategies for the and
optimised through the use of quantile-based forecasts. Building trading
strategies around demonstrated the economic advantages of increased
trading frequency and dual-market participation. The Scenario analysis aims
to offer practical tools for real-world market participants to improve trading
precision and efficiency under varying market conditions. However, after ac-
counting for trading costs in both markets, losses for three systems and
slight profits for the others suggest that alternative investments may yield better

returns.
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Integration of Conformal Prediction for Probabilistic Forecasts

Chapter [6] presents our contributions to [PEPF| by integrating techniques,
including [EnbPI| and |[SPCI, into our forecasting framework. Unlike traditional

quantile-based methods, techniques result in improved validity, providing
consistent coverage, especially within the BM, where reliable are crucial
for effective risk management. By combining with [QR], we introduced an
ensemble method that balances efficiency and coverage, resulting in a more
adaptive approach that strengthens financial outcomes for market participants.

In conclusion, this dissertation has made substantial advancements in and

trading optimisation within both the [DAM| and BMl Through a comprehensive

literature review, the creation and analysis of DAM| and [BM]| datasets for future

testing, the development of a standardised forecasting framework, the im-
plementation of dual-market trading strategies, and the integration of |CP|meth-
ods, this research addresses the pressing challenges posed by renewable energy
variability. The methodologies presented not only improve forecasting accu-
racy and trading profitability but also improve the resilience and adaptability of
market operations. By establishing a clear and structured framework, this work
provides researchers, traders, and policymakers with key tools to support mar-
ket stability, optimise resource allocation, and manage risk. These contributions
lay a foundation for future innovations in forecasting and trading, promoting a
more efficient, sustainable, and reliable energy ecosystem.

7.1 Future Work

While this dissertation has made significant progress in forecasting and trad-

ing within the DAM| and BM,| several promising research directions remain.

This section outlines potential areas for expansion, including increasing data
granularity, expanding datasets with new variables, broadening applications to
additional markets, refining trading methodologies, and developing advanced
forecasting techniques. These directions provide opportunities to improve the
adaptability, precision, and scalability of these approaches to meet the evolving
demands of electricity markets amid the increasing renewable integration.
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Balancing Market Forecasting with High-Frequency Data

Improving forecasting accuracy in the requires capturing the high-
frequency, short-term dynamics that characterise this volatile market. Inte-
grating 5-minute granularity datasets into forecasting can provide models
with the temporal resolution needed to detect rapid fluctuations, price spikes,
and market anomalies. This level of granularity can enable a more responsive
forecasting framework, improving the precision of short-term predictions and
supporting the grid’s stability by anticipating imbalances in real time. With
improved temporal granularity, forecasting models may better capture be-
haviour, offering market participants clearer insights into short-term risks and
opportunities, which can contribute to improved reliability and stability in grid
operations.

In addition to temporal granularity, expanding the dataset with additional pre-
dictors could further refine forecasting accuracy by incorporating factors
influencing price movements. While prices are currently used as a pre-
dictor for prices, adding [Intra-Day Market (IDM)| data could improve the
model’s responsiveness to intra-day fluctuations that impact the Addition-

ally, real-time data on generation forecasts, fuel prices, and renewable output
could provide essential context, allowing models to account for supply-demand
imbalances caused by renewable variability, fuel cost shifts, and unexpected
outages. Optimising predictor combinations and granularity levels can create a
more adaptive, data-rich approach to account for short-term [BM] volatility.

Scalability Across Diverse Market Structures

Broadening the scope of forecasting and trading frameworks to include addi-
tional markets and regions would provide valuable insights into the adaptabil-
ity, robustness, and scalability of the methodologies developed in this research.
Extending these frameworks to the and Ancillary Services Market would
be a logical progression, as each of these markets presents unique forecasting
challenges. The operates with near-real-time adjustments, requiring mod-
els that can handle high-frequency data and rapidly shifting supply-demand
dynamics, while the Ancillary Services Market focuses on maintaining grid reli-
ability through services like frequency regulation, reserve capacity, and voltage
control. Analysing these markets could lead to a comprehensive, multi-market
forecasting and trading framework, offering improved profits, better risk man-
agement, as well as new insights into managing operational stability across
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various market types, each with distinct regulatory and operational demands.

In parallel, assessing the scalability of these forecasting and trading method-
ologies across different geographic regions would help evaluate their general-
isability and robustness under varied market conditions. Geographic regions
often differ in their levels of renewable energy integration, regulatory frame-
works, and grid infrastructure, all of which impact market volatility and trading
behaviour. By adapting the methodologies to account for region-specific fac-
tors—such as renewable output, local pricing structures, and market coupling
mechanisms—can enhance their global relevance and effectiveness, enabling

more informed, context-sensitive decisions in diverse electricity markets.

Dynamic Trading Strategies with Real-Time Data Integration

Future work in trading optimisation could leverage models that integrate closer
to real-time data, helping better adapt to market fluctuations. Building upon
the trading strategies outlined in Chapter [5, leveraging high-frequency, real-
time data—such as market prices, intra-hour renewable generation forecasts,
and weather updates—could improve automated trading frameworks that con-
tinuously adjust to evolving conditions. In fast-moving environments like the
this dynamic adjustment could increase forecasting precision and strategy
responsiveness, improving the accuracy of real-time decisions.

IReinforcement Learning (RL)| offers a promising direction for adaptive trading

strategies, enabling models to learn optimal actions over time by refining poli-
cies through feedback from market interactions. In highly volatile settings like
the agents can help develop policies that respond to shifts in price,
supply, and demand, while dynamic programming could complement by
optimising multi-stage trading decisions, improving performance across multi-
ple markets. Such techniques are especially valuable in multi-market trading,
where strategies need to align real-time adjustments in the with forecasts
made in the Future research could explore these adaptive methods within
multi-market trading contexts, focusing on high-frequency data conditions to

optimise profitability, resilience, and strategic alignment between markets.

Moreover, understanding the impact of trading volume on price dynamics is
critical for refining trading strategies, especially in the BM where volume fluc-
tuations can amplify price sensitivity. As the volume traded in the grows,
price elasticity will increase, affecting both risk and profitability, necessitating
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adaptive strategies that account for volume effects in trading. Investigating the
relationship between trading volume and price response, including factors such
as liquidity and supply-demand elasticity, would be invaluable for market par-
ticipants. Such insights could improve market participation models by equip-
ping trading frameworks with volume-driven price adjustments, ultimately im-
proving risk management and strategic positioning across electricity markets.

Hybrid and Interpretable Forecasting Models

Future advancements in forecasting could prioritise developing models that are
not only highly adaptable and reliable but also interpretable for broader indus-
try adoption. Hybrid forecasting models, which integrate statistical methods
with and DL} techniques, are especially promising for volatile and complex
environments like the These models can combine the interpretability of
statistical techniques with the non-linear modelling capabilities of and
to capture both short-term price trends and broader, more complex patterns. In
markets with frequent shifts in renewable generation and load demand, multi-
stage hybrid models tailored to each market’s characteristics could improve
forecast accuracy and reliability by adapting quickly to changing conditions.

Advances in probabilistic forecasting also present new ways to address uncer-
tainty in price predictions. has shown particular promise in generating
reliable by adjusting to various levels of uncertainty and providing cover-
age guarantees even in highly stochastic environments. Future research could
expand [CP| with ensemble approaches and multi-step-ahead capabilities to im-
prove accuracy over extended horizons. A comprehensive evaluation comparing
with [Bayesian Neural Network (BNN)| bootstrapping, and ensemble prob-
abilistic methods could enhance uncertainty estimation, providing a versatile

toolkit for resilient forecasts that can quantify risk effectively, thus supporting
improved decision-making for traders, system operators, and grid managers.

As forecasting models become increasingly complex, improving their explain-
ability is essential for building trust, fostering industry-wide adoption, and en-
suring compliance with regulatory standards. Techniques such as SHapley Ad-
ditive exPlanations [TSU"24] and Local Interpretable Model-Agnostic Explana-
tions [BDST24] provide valuable insights into model behaviour by identifying
how input features impact predictions, helping to uncover biases or hidden cor-
relations that may affect pricing. In regulated markets like the energy sector,
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where transparency and accountability are critical, improved interpretability
facilitates better informed, transparent decisions, supporting the adoption of
sophisticated forecasting tools [SCEZ23]], fostering a stable and reliable foun-
dation for market participants.

In summary, by pursuing these future directions, further research can build on
and extend the forecasting and trading frameworks introduced in this disser-
tation. Improvements in granularity, scalability, adaptability, and explainabil-
ity will enable electricity markets to better account for the complexities intro-
duced by renewable energy integration. These advancements promise to sup-
port greater market stability, efficiency, and profitability in the transition to a
sustainable energy future. As the market evolves, these contributions will equip
operators, traders, and policymakers with resilient, data-driven strategies es-
sential for managing the challenges of high-renewable, volatile energy systems.
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