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ABSTRACT

The integration of renewable energy into electricity markets poses significant challenges to price stability and
increases the complexity of market operations. Accurate and reliable electricity price forecasting is crucial
for effective market participation, where price dynamics can be significantly more challenging to predict.
Probabilistic forecasting, through prediction intervals, efficiently quantifies the inherent uncertainties in elec-
tricity prices, supporting better decision-making for market participants. This study explores the enhancement
of probabilistic price prediction using Conformal Prediction (CP) techniques, specifically Ensemble Batch
Prediction Intervals and Sequential Predictive Conformal Inference. These methods provide precise and reliable
prediction intervals, outperforming traditional models in validity metrics. We propose an ensemble approach
that combines the efficiency of quantile regression models with the robust coverage properties of time series
adapted CP techniques. This ensemble delivers both narrow prediction intervals and high coverage, leading to
more reliable and accurate forecasts. We further evaluate the practical implications of CP techniques through
a simulated trading algorithm applied to a battery storage system. The ensemble approach demonstrates
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improved financial returns in energy trading in both the Day-Ahead and Balancing Markets, highlighting its
practical benefits for market participants.

1. Introduction

Electricity Price Forecasting (EPF) is particularly challenging due
to market volatility, sudden price fluctuations, and seasonal demand
shifts. Accurate EPF is essential for all market participants in dereg-
ulated markets, providing a foundation for informed decision-making
and financial planning. Power generation companies rely on forecasts
to hedge against risks from deviations between day-ahead and real-time
markets, thereby stabilising revenue streams and operational planning.
Load-serving utilities use forecasts to secure energy at lower prices,
optimising procurement strategies and ensuring cost-effective supply
for consumers. Virtual traders, lacking actual generation power or load
requirements, depend on EPF to estimate price spreads between spot
and forward markets, exploiting arbitrage opportunities to generate
profits. The increasing integration of renewable energy sources and
the advent of smart grids further complicate EPF, exacerbating market
volatility.

Spot markets such as the Day-Ahead Market (DAM), Intra-Day
Market (IDM), and Balancing Market (BM) are crucial for maintaining
grid stability. Yet, increasing market price volatility, driven by forecast
errors in renewable electricity generation, presents significant chal-
lenges [1]. This underscores the critical importance of accurate fore-
casting in stabilising energy production planning, optimising trading
strategies, and implementing risk-aware policies to ensure a reliable,
cost-effective, and sustainable energy supply. Accurate EPF supports
market participants’ financial health and plays an important role in
advancing energy policy goals surrounding renewable integration, grid
stability, and reducing carbon emissions.

There are two major EPF schemes: point forecasts and probabilistic
forecasts. Point forecasts provide single price predictions that are easy
to interpret and establish parsimonious predictor-target relationships
under the assumption of homoscedasticity. However, they cannot quan-
tify uncertainties, as they typically link predictors to target values
using the conditional mean function. Thus, a critical evolution in EPF
has been the transition from traditional point forecasts to probabilis-
tic forecasts which offer a range of potential outcomes, quantifying
uncertainty, and generating prediction intervals (PIs) that reflect the
confidence levels of forecasts. Probabilistic Electricity Price Forecast-
ing (PEPF) can capture the full range of potential future prices in
dynamic, non-linear markets [2,3] addressing uncertainties in smart
grids, supply-demand dynamics, and price variations emphasising the
operational impact of forecasts [4].

Key methods in probabilistic forecasting include Quantile Regres-
sion (QR), Quantile Regression Averaging (QRA), Bayesian, Historical
Simulation, and Bootstrapped PIs. However, these methods fail to con-
sistently provide validity, particularly in non-stationary settings, which
limits their reliability in high-stakes applications. Conformal Prediction
(CP) has gained significant attention for its ability to provide valid
and adaptive PIs by ensuring predefined confidence levels are met,
regardless of the underlying data distribution or non-stationarity [5,6].
Recent advancements, such as Ensemble Batch Prediction Intervals
(EnbPI) [7] and Sequential Predictive Conformal Inference (SPCI) [8],
have successfully extended CP methodologies to time series applica-
tions, addressing the unique challenges of electricity markets. This
focus on validity, combined with adaptability, positions CP as a robust
framework for managing uncertainty in highly volatile and dynamic
markets, making it a critical tool for risk management.

1.1. Contributions

Building on the existing literature in the field, this paper makes
several notable contributions to the area of PEPF in the DAM and BM.
While the IDM and BM share structural similarities, we focus primarily
on the BM due to its fundamental role in balancing real-time supply and
demand. The key contributions of our research are outlined as follows:

+ Application of QRA and CP to BM: While QRA and Split Conformal
Prediction (SCP) have been applied to the DAM, their use in the
BM remains unexplored. Our study address this gap by apply-
ing these methods to both markets, exploring their performance
and how combining QRA with CP impacts model accuracy and
reliability.

Introduction of Time Series Adapted CP Approaches: We employ
EnbPI and SPCI in both DAM and BM contexts. To our knowledge,
these CP approaches have not been previously applied to any
PEPF context. Our research demonstrates the potential benefits
of these methods in providing reliable Pls.

Introduction of Q-Ens: We propose a novel ensemble method that
combines predictions from QR, EnbPI, and SPCI models. This
approach aims to balance the superior efficiency of QR with the
superior validity of CP methods, offering a robust solution in
PEPF.

Evaluation and Trading Impact: We assess the efficiency and valid-
ity of forecasts using various probabilistic metrics, and investigate
the importance of coverage guarantees for trading outcomes in
both DAM and BM. Our financial analysis includes both single-
trade and high-frequency trading strategies, examining the impact
of probabilistic forecasts on trading decisions and outcomes.

This research advances the field by introducing innovative CP and
QRA applications, proposing a new ensemble approach, and compre-
hensively evaluating probabilistic forecasts in electricity markets. We
provide the accompanying dataset and Python code for forecasting and
trading, facilitating the adoption and replication of our methods. Our
findings highlight the strengths of CP methods in ensuring coverage
guarantees and benefiting trading strategies.

The structure of this paper is as follows: Section 2 provides an
overview of recent advancements in PEPF within the context of the
DAM and BM. Section 3, we detail our methodological framework,
including our forecasting models and probabilistic approaches. Sec-
tion 4 discusses probabilistic metrics used to evaluate the efficiency
and validity of our forecasts. The effectiveness of each forecasting
approach, especially the proposed ensemble, is discussed through case
study results in Section 5. Finally, Section 6 summarises our findings.

2. Related work

EPF has emerged as a critical research area due to the increasing
complexity and volatility of electricity markets. Accurate forecasting
is essential for market participants to make informed decisions, miti-
gate financial risks, and optimise operations. Probabilistic forecasting
methods, in particular, address the inherent uncertainties in these
markets by providing PIs rather than single-point estimates, allowing
stakeholders to assess the range of potential outcomes. Table 1 pro-
vides a comprehensive summary of the literature on probabilistic EPF
methods, highlighting the evolution from traditional point forecasts to
advanced probabilistic techniques, including QR and CP. This section
critically examines the role of forecasting in electricity spot markets,
foundational concepts of uncertainty in EPF, recent advancements in
probabilistic methods, and the growing role of CP as an alternative
framework, while evaluating their strengths, limitations, and practical
implications.
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2.1. Electricity spot markets

The DAM is a cornerstone of electricity trading, where market
participants submit bids for electricity trades up to one day in ad-
vance, with the bidding process closing in the afternoon to deter-
mine market-clearing prices and volumes based on supply, demand,
and grid constraints [9,10]. While the DAM enhances cross-border
electricity trading and grid stability, it faces challenges from fore-
cast uncertainties driven by the increasing penetration of intermittent
renewable energy sources such as wind and solar [11]. These chal-
lenges necessitate advanced forecasting models capable of managing
the variability introduced by weather-dependent renewables, such as
privacy-preserving frameworks that enhance accuracy by integrating
diverse data sources [12]. Initially dominated by traditional statistical
methods, forecasting has shifted toward advanced machine learning
(ML) techniques, which excel at capturing the complex, non-linear re-
lationships inherent in electricity markets [13-16]. Hybrid approaches
combining ML with other techniques have further improved precision,
particularly in modelling supply-demand dynamics and adapting to
varying market conditions [17,18].

The IDM is crucial for real-time electricity trading, bridging the
DAM and BM by allowing continuous trading up to a few hours before
delivery. This enables participants to adjust their positions in response
to unforeseen events, such as plant outages or fluctuations in renew-
able energy output [19]. In contrast to the DAM’s hourly settlement
intervals, the IDM allows trades in 30 min blocks, notably in markets
like the Irish Single Electricity Market. The IDM’s real-time nature ne-
cessitates advanced forecasting models capable of accurately predicting
short-term price movements. These challenges necessitate advanced
forecasting models capable of managing the variability introduced
by weather-dependent renewables [20], with explainable frameworks
helping ensure adaptability and reliability in dynamic conditions [21].
Traditional statistical methods [22,23] have shown success in process-
ing large datasets and adapting to the market’s dynamic conditions.
Additionally, in markets with a high penetration of renewable energy,
the IDM optimises trading strategies by enabling participants to refine
their actions in near real-time, thereby mitigating risks associated with
price volatility [24,25]. Although the BM shares several structural
similarities with the IDM — particularly in their real-time nature and
focus on short-term trading — our work centres primarily on the BM
due to its finer granularity and its role in balancing supply and demand
in real-time.

Despite the importance of the BM in maintaining equilibrium be-
tween supply and demand, the literature on BM forecasting is relatively
underdeveloped compared to that of the DAM and IDM [26]. The BM
plays a key role in balancing supply and demand with finer granu-
larity than the IDM, particularly when responding to the fluctuations
associated with renewable energy [1]. Accurate BM price forecasts are
essential, especially where large-scale energy storage is not viable [27].
Studies have compared various forecasting models and their perfor-
mance in BM settings, typically with limited horizons. Probabilistic
forecasting methods for BM prices, such as those proposed by [28],
show promise but suggest further enhancements and integration into
bidding strategies. Notably, existing research often lacks critical anal-
ysis and broader context. Recent studies, including [29,30], explore
diverse models for BM price forecasting, with simpler models often
outperforming the more complex ML and DL models. These studies
highlight the need for continued research to address current limitations
and explore emerging methodologies, ensuring sharp and reliable BM
price predictions. Given the challenges of renewable energy integration
and market volatility, European electricity market reforms increasingly
prioritise resilient mechanisms [31].

Energy and Al 21 (2025) 100571

Table 1

Comparison of the literature on Point and Probabilistic EPF. The v means that the paper
includes that method of prediction. CP considers all papers using Conformal Prediction
approaches. Day-ahead represents works focusing on DAM. Finally, Real-time is used to
denote papers on IDM and BM. The table helps to position this work in the current
literature.

Overview of the existing literature

Reference Point Probabilistic CP Real-time
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2.2. Probabilistic methods

Probabilistic forecasting methods have evolved substantially to
meet the need for robust Pls in volatile electricity markets. Techniques
such as Bayesian approaches, bootstrap methods, distribution-based
forecasts, Monte Carlo simulations, and historical simulations each
bring unique strengths but also face practical limitations. Bayesian
methods effectively quantify uncertainty by combining prior knowledge
with observed data, as seen in advancements like Bayesian neural
networks (BNNs), stochastic volatility models, and hybrid Bayesian op-
timisation [35,54,55]. However, their high computational demands and
reliance on strong priors limit scalability, particularly in non-stationary
conditions. Bootstrap methods, such as residual-based bootstrapping,
improve empirical coverage in BM settings but often produce overly
wide intervals during volatile periods [56,57]. Distribution-based fore-
casts, including copula processes and generalised additive models,
capture extreme price behaviours but are constrained by their reliance
on correct distributional assumptions [58-60]. Monte Carlo simula-
tions, enhanced through Bayesian networks and sequential Markov
Chain Monte Carlo techniques, improve real-time adaptability but
remain computationally prohibitive for high-frequency trading [61].
Historical simulations offer simplicity and robustness but struggle to ad-
dress structural shifts or unprecedented events, particularly in markets
integrating renewable energy [62,63]. Recent studies have explored the
use of meta-heuristic optimisation techniques for forecasting models in
short-term load forecasting [64].
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These limitations have driven interest in Conformal Prediction (CP)
techniques, which offer a flexible, distribution-free framework for gen-
erating reliable PIs. CP avoids the restrictive assumptions of tradi-
tional methods while ensuring predefined confidence levels, even in
non-stationary markets [5,6]. Recent advancements, such as Ensemble
Batch Prediction Intervals (EnbPI) and Sequential Predictive Conformal
Inference (SPCI), extend CP’s utility to time-series applications [8].
Despite these strengths, CP’s reliance on large calibration datasets and
sensitivity to structural breaks can undermine performance in dynamic
electricity markets [65]. Further research should focus on enhancing
CP’s adaptability and robustness, particularly for handling extreme
price events and evolving market complexities.

Quantile regression & conformal prediction

QR and QRA are widely used in PEPF for their simplicity, ef-
ficiency, and ability to capture uncertainty across quantiles. Recent
advancements have refined these techniques, such as Lasso QRA and
smoothed QRA with kernel estimation, which improve predictive per-
formance [38,43]. DL integrations have also shown promise, with
methods like QR combined with LSTNet and SHAP-based feature se-
lection enhancing sharpness through kernel density estimation [66], or
hybrid QR-LSTM frameworks optimised via multi-objective algorithms
improving accuracy under diverse market conditions [67]. While ef-
fective, QR and QRA face challenges in uncertainty quantification,
particularly in achieving reliable coverage, motivating the exploration
of CP as a complementary framework.

CP generates distribution-free PIs with predefined confidence lev-
els, making it a robust alternative for uncertain and volatile mar-
kets [5,6]. Extensions like Ensemble Batch Prediction Intervals (EnbPI),
which combines ensemble learning with block bootstrap methods, have
demonstrated success in addressing seasonality and trends in energy
forecasting [7,42,68]. Similarly, Sequential Predictive Conformal In-
ference (SPCI) dynamically recalibrates PIs to improve reliability in
non-stationary settings, with Transformer-based extensions further en-
hancing its adaptability [51]. Hybrid approaches such as Ensemble
Conformal QR and SCP with QR, offer a balance between computational
efficiency and robust coverage, making them suitable for real-time
applications [40,48]. However, CP still faces practical limitations, in-
cluding sensitivity to structural breaks and reliance on large calibration
datasets [65]. Enhancing CP’s robustness, addressing extreme price
events, and integrating CP with DL architectures to improve its ac-
curacy and adaptability in dynamic electricity markets have proven
beneficial [52,53].

3. Methodology

This section outlines our study’s methodology, emphasising the
key models and forecasting approaches. It is structured as follows:
Section 3.1 introduces probabilistic forecasting models, followed by
Section 3.2, which describes the proposed uncertainty quantification
approaches and our proposed ensemble, Q-Ens.

3.1. Electricity price prediction models

The probabilistic regressor models benchmarked include:

» LASSO Estimated AR (LEAR): An autoregressive model with LASSO

regularisation for feature selection and handling high-

dimensional data, providing probabilistic predictions through

conditional distribution estimation.

K-Nearest Neighbours (KNN): A non-parametric model predicting

outputs based on the “K” nearest neighbours, with probabilistic

predictions derived from the neighbours’ output distribution.

» Random Forest (RF): An ensemble model combining multiple
regression trees to reduce variance and maintain low bias, gen-
erating probabilistic predictions by aggregating tree outputs.
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» Light Gradient Boosting Method (LGBM): An ensemble model using
boosting to reduce bias and variance, providing probabilistic
forecasts by summing weighted outputs of weak learners (trees).
We chose LGBM over XGBoost due to its leaf-wise tree growth
strategy, which typically yields deeper, more accurate trees for
large, complex datasets, while also offering faster training and
lower memory usage.

3.2. Uncertainty estimation

In the domain of EPF, probabilistic forecasting methods offer a
significant advancement over traditional point forecasts by providing
insights into the uncertainty surrounding future prices. In this section,
we delve into various methods for PEPF in both the DAM and BM. We
outline the approaches utilised, including QR, SCP, EnbPI, SPCI, QRA,
and our proposed QR-CP Ensemble (Q-Ens). Unlike confidence inter-
vals that quantify uncertainty over mean estimates, these probabilistic
forecasting methods produce PIs that reflect uncertainty around future
prices, calibrated to achieve a target coverage rate.

We frame the price prediction problem as a regression task. Given
a dataset Z = {(x,, y,)}f: P where x, represents the covariates and y, the
response variable, our objective at each time step ¢ is to predict the
next price y, based on previous prices and covariates x,. The prediction
is made using a model f, such that:

}Ajt = f(xx) (€D)]

where J, is the model’s prediction. The models are trained on the
historical dataset Z, which consists of N input-output pairs. The con-
ditional quantile function 0, (a|x) estimates the value below which
a certain percentage a of the future price y, is expected to fall, given
the covariates x,. We denote the lower quantile at level a as 47 and
the upper quantile at level 1 —a as §/~. In the probabilistic prediction
setting, as shown in Fig. 1, the model f generates a PI defined by these
quantiles:

i) = 1454171 @

This interval indicates that the future price y, is expected to fall within
the range [q;',q}*“] with a confidence level of 1 — 2a. For example, if
a = 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.

3.2.1. Quantile regression

QR, introduced in [69], extends ordinary least squares regression
to estimate conditional quantiles of the response variable rather than
just the mean. QR provides a more comprehensive view by estimating
the conditional median or other quantiles, revealing how covariates
influence the entire distribution of the response variable. Consider a
linear model of the form:

V= X,Tﬂ +¢€ 3)

where y, is the dependent variable for the rth observation, x, is a
K-dimensional vector of covariates, f is a K-dimensional vector of
coefficients, and ¢, is the error term.

The goal 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,. For a given
a quantile level, the QR estimator ﬁa is defined as the solution to the
following optimisation problem:

N
B = argmin 3’ pu (v, =%/ ) )
=1

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

P = u(a — 1{u < 0}) 6))
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Fig. 1. Quantile forecast of electricity prices.

Here, 1{u < 0} is an indicator function that equals 1 if u < 0 and 0
otherwise. The check function can be rewritten as:

@ au ifu>0 )
u) =
P (a—=Du ifu<0

This function penalises underestimation and overestimation asymmet-
rically, depending on the value of a. Specifically, it assigns a weight
of a to positive residuals and 1 — a to negative residuals, allowing the
estimation of different quantiles.

The asymptotic properties of the QR estimator f, are well-
established under suitable regularity conditions. The estimator f, is
consistent, meaning it converges to the true parameter value as the
sample size increases, and it is asymptotically normally distributed,
approaching a normal distribution as the sample size grows. The
asymptotic covariance matrix of f, is given by:

Cov(hy) = all = @) [, @ - (X' X)7| @)

where a(1—a) adjusts for the variability in estimating the quantile level
@ fy,1x,(@) is the conditional density of y, given x, at the a quantile
level, reflecting the density around this quantile, 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 X = {(x,)} t’i |» and its inverse accounts for the scaling and
correlations among these predictors.

Conformal prediction

CP is a flexible, distribution-free framework for quantifying the
uncertainty of predictions made by machine learning models. CP gen-
erates prediction sets with a predefined confidence level, ensuring
that the true value lies within these sets with a specified probability.
At the core of CP is the concept of nonconformity, which measures
how unusual a new data point (X,ey,Vnew) iS compared to a set of
previously observed examples. 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 y,,,, the p-value is given by: p(ypew) =

|{(X,,y[) €Z:AKX,y) > A(Xnewsynew)}l +1
N+1
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.

(€))

3.2.2. Split conformal prediction

SCP, also known as inductive CP, is a simplified variation of stan-
dard conformal prediction that enhances computational efficiency by
dividing the data into two separate sets: a training set and a calibration
set. The training set is used to fit a predictive model, while the cali-
bration set is used to generate nonconformity scores, which measure
the discrepancy between the true and predicted values. The data is
split into two subsets: a training set Z,.,;, and a calibration set Z,.
A predictive model f is trained on Z.,;,, and the model’s performance
is assessed on the calibration set by computing nonconformity scores
for each pair (x,,y,) € Za-

The nonconformity score for an observation 7 is defined as:

A(Xp y:) = |yt - f(xt)l (9)

This score measures the absolute difference between the true value y,
and the predicted value f(x,), with larger scores indicating higher non-
conformity between the model’s prediction and the observed outcome.
Once nonconformity scores are computed for all calibration examples,
a quantile of the nonconformity scores is selected to construct PIs for
new data points. Let 4, be the quantile for time period 7, corresponding
to the desired confidence level 1 — 2a. This ensures that at least 1 — 2«
of the calibration examples have nonconformity scores smaller than or
equal to 4,, guaranteeing that the PIs will cover the true value with
confidence level 1 — 2a.
For a new example x,, the PI is constructed as:

Ty (X) = [FX) = A F(X) + 4 (10)

This interval represents the range of possible values for the response
variable y, that are consistent with the nonconformity scores computed
from the calibration set. SCP balances computational efficiency and
prediction robustness by calculating nonconformity scores on a smaller
calibration set, avoiding the need to recompute predictions for each
test example. This reduces the computational load but assumes data
exchangeability, which limits its applicability in settings like time series
data.

3.2.3. Ensemble Batch Predictive Interval (EnbPI)

EnbPI, introduced in [7], is a probabilistic method within the CP
framework, specifically designed to generate PIs with strong cover-
age guarantees. EnbPI leverages ensemble learning techniques and
bootstrap sampling to provide reliable PIs, particularly for forecasting
applications. Unlike traditional CP methods that require a separate
calibration set, EnbPI adopts a leave-one-out approach, which enables
the method to maintain valid coverage without sacrificing data for
calibration. Given a dataset Z, EnbPI constructs PIs by first generating



C. O’Connor et al.

B bootstrap samples from the original dataset. A predictive model f®
is trained on each bootstrap sample Z(®), allowing EnbPI to account for
model variability and provide more reliable PIs. For each trained model
7®, residuals are computed for every observation (x,, y,) by calculating
the absolute difference between the observed value y, and the predicted
value f®)(x,). The residuals are given by:

AV, y) = |y, — FOx) an

These residuals reflect the model’s prediction errors and are used
to determine the width of the PIs. The quantile Aﬁb) for each bootstrap
model is defined as:

b . b b b
A" = Quantile, ,, (A", AV, ... AV 12)

The PI for a new input x, is constructed as I';_,,(x,), for a confidence
level of 1 — 2a, by averaging the predictions from all bootstrap models
and incorporating the margin 4,. The resulting PI is given by:

B B
i) = |5 2 000 = A X SO0+ 4, a3)

b=1 b=1

where , is the average of the quantiles /lgb) across all bootstrap models:

B
1
A==y A a4
B b=1

By averaging across multiple models and adjusting the interval width
using the quantile of residuals, EnbPI mitigates the effects of outliers
and reduces the variance in PIs. Its flexibility allows use across various
models and data types, making it ideal for complex EPF. The use of
ensemble learning also improves the resilience of the PIs.

3.2.4. Sequential Predictive Conformal Inference (SPCI)

SPCI, introduced in [8], extends the EnbPI method to handle non-
exchangeable time series data. Recognising the limitations of tradi-
tional CP methods in the context of temporal dependencies, SPCI
incorporates quantile regression forests (QRF) to estimate conditional
quantiles of residuals. This allows SPCI to better adapt to the temporal
dependencies and heteroskedasticity often encountered in time series
data. SPCI works by training a predictive model f on the dataset Z. The
model’s residuals are computed using Eq. (9) on a rolling calibration
set and used to estimate future residuals through QR. By applying
QRF to the residuals, SPCI estimates the conditional quantile 4, where
1—2a represents the desired confidence level. This approach helps SPCI
account for the serial dependence in the residuals, which is critical for
accurate PIs in time series forecasting. To generate PIs for a new input
x,, SPCI constructs the interval:

Ty (%) = [F(X) = A, F(X) + 4] @as)

where 4, is derived from the quantiles of past residuals, adjusted for
the level of uncertainty in the data. One of the main advantages of
SPCI is its ability to dynamically re-estimate residual quantiles as new
data becomes available. This adaptive mechanism allows the method to
maintain valid coverage over time, ensuring that the true outcome falls
within the PI with a specified confidence level (1 — 2«). Furthermore,
SPCI is applicable to a wide range of predictive models and data types,
making it highly versatile for complex time series forecasting tasks.
Compared to SCP and EnbPI, SPCI often yields narrower intervals
without sacrificing coverage, offering a powerful tool for uncertainty
quantification in time series.

3.2.5. Quantile regression averaging

QRA was introduced in [32]. QRA applies QR to a set of point
forecasts from different models, allowing direct estimation of electricity
spot price distribution without separating the probabilistic forecast into
a point forecast and an error distribution. This method directly lever-
ages electricity price distribution properties for improved forecasting
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accuracy. It considers M different point prediction models f™ and feeds
their output to a probabilistic model:

Ty L ), 25 M D) = [67.4)7°) (16)

In our implementation, two sets of point forecasts are generated:

* QRA-R: Includes forecasts from models trained on different data
contexts (full datasets, historical, and future datasets) to capture
diverse trends and improve reliability.

* QRA-CP: Consists of forecasts from various Conformal Prediction
(CP) models like SCP, EnbPI, and SPCI, each contributing unique
strengths to quantile predictions.

3.2.6. QR-CP ensemble: A robust approach

In predictive modelling, uncertainty is categorised into epistemic
and aleatoric types. Epistemic uncertainty arises from limited knowl-
edge of the underlying 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, EnbPI, and SPCI aims to address both uncertain-
ties, improving the reliability and sharpness for PEPF. QR captures a
wide range of possible outcomes by estimating multiple conditional
quantiles, thus addressing both epistemic and aleatoric uncertainties.
EnbPI reduces epistemic uncertainty by averaging predictions from
bootstrap samples, thereby lowering variance and reflecting aleatoric
uncertainty in the constructed PIs. SPCI adapts dynamically to new
data, updating PIs in real-time to account for evolving data variability,
thus 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 prediction is obtained by averaging the
quantile predictions from QR, EnbPI, and SPCI models: I',_,, =

[%(QR" + EnbPI” + SPCI®), %(QRI‘“ + EnbPI'~* + SPCI!~%)] a7

with an outline of the PIs construction shown in Fig. 2.

4. Evaluation 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 calibration and coverage, requires the generation of
precise PIs to affirm the reliability of our forecasts.

4.1. Efficiency

Efficiency in probabilistic forecasting is crucial for precision. It is
evaluated using two key metrics: the Pinball Score and Interval Width.

4.1.1. Pinball score

In both the DAM and BM, sharpness plays an important role in
accurate anticipation, hedging, and real-time adjustments. The Pin-
ball Score [70], derived from the Pinball Loss function, measures the
sharpness of the forecast based on the quantile prediction 47 and the
observed price y, for time period :

(A -G —y) fory <4}

) ! (18)
a(y, — qy) for y, > g7

PS(G;,y, @) = {

Here, a denotes the quantile level, such as 0.1 for the 10th percentile;
hence, an 80% PI ([47, zi,l"’]) corresponds to quantile levels 0.1 and 0.9.
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Fig. 2. Construction of the ensemble, Q-Ens.

4.1.2. 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 (I W,) for a given PI can be defined
as follows:

IW,=g¢""-g§" 19)

where !~ and 4* are the upper and lower quantiles of the PI, respec-
tively. Narrower intervals indicate higher efficiency, reflecting greater
precision in the forecast.

4.2. Validity

Validity in probabilistic forecasting ensures that the predicted inter-
vals accurately reflect the true distribution of the observed data. Two
primary metrics used to evaluate validity are coverage and the Winkler
Score.

4.2.1. Coverage

Both reliability and accuracy of probabilistic forecasts are crucial,
with a particular focus on evaluating their validity. We examine the
models’ coverage to highlight their ability to capture the true distribu-
tion, focusing on precision in capturing the price y, within a predefined
PIs. The empirical coverage, indicating the agreement of predictions
with the specified intervals, is denoted by the binary indicator I;*:

1 if c Aa’ ~l—a
I;, _ 1 Yt [‘{r qArl ] 20)
0 if y, € [47.4,7]
The Coverage Probability (A) is then defined as:
| N
A== Z Ie 1)

where N is the total number of forecasts. Ideally, the coverage probabil-
ity should be close to the nominal level (e.g., 80% if « = 0.1), indicating
that the PIs are valid.

4.2.2. Winkler score
The Winkler Score (W,) combines reliability and sharpness into
a single metric, offering a comprehensive assessment of probabilistic

forecasts. This score evaluates the interval width (/W}), see Eq. (19),
of PIs based on the observed values (y,), incorporating a penalty factor
(7) for deviations from the interval bounds:

w, if y, € [4%,4' 7]

2, A . A
We=qIW, +2(q7 —y)  ify, <§f

2 Aleay Al
IW, + 20y, =™ ify, > ¢/~
The Winkler Score penalises larger deviations when observed prices fall
outside the PIs, offering insight into the model’s balance of accuracy
and interval width.

5. Case studies

We present two case studies to demonstrate the effectiveness of
our QR-CP Ensemble (Q-Ens) approach for PEPF in the DAM and BM.
Utilising datasets from [30] spanning 2019 to 2022, we focus on the
Irish electricity market, which is characterised by high curtailment
rates due to surplus renewable generation during low-demand peri-
ods [71]. To account for key time series characteristics, we performed
an exploratory decomposition of the data to assess trend, seasonality,
and noise. Although long-term trends were minimal, we captured struc-
tural effects and temporal dependencies using lagged prices, system
forecasts, and autoregressive terms. Intraday and weekly seasonal-
ity were modelled using calendar-based features such as hour-of-day,
day-of-week, and month, which allow the models to learn recurring
demand-supply cycles. A full decomposition and exploratory analy-
sis is included in the public repository to support transparency and
reproducibility. This section evaluates probabilistic approaches and
forecasting models in both the DAM 5.1 and the BM 5.2. We examine
the effectiveness of each model, looking at QR and CP approaches,
with a focus on the performance of our proposed QR-CP Ensemble. The
analysis can be divided into two main aspects: efficiency and validity.
Efficiency evaluates the sharpness of the forecasts by examining metrics
such as the Aggregate Pinball Score (APS) and interval width. Validity
assesses the reliability of the forecasts by measuring each approach’s
ability to achieve coverage. These two aspects are integrated using
the Winkler Score, which ties together efficiency and validity. This
culminates in a financial performance evaluation of these probabilistic
methods in Section 5.3. To ensure reproducibility, the Python code and
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Table 2

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 835 481 418  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. 556 5.03 4.37 4.43 5.43 5.36 4.39

a full decomposition and exploratory analysis of the dataset used for
this section are available at: GitHub.!

5.1. Day-ahead market

The DAM dataset includes historical data and the system operator
(TSO) predictions, revealing past market behaviours and aiding in
forecasting future conditions. In this case study, we predict DAM prices
for the next 24 settlement periods using historical DAM prices and
TSO wind and demand forecasts from the past 168 h. This one-day-
ahead forecasting horizon aligns with the market design of the DAM,
where participants submit bids by 12:00 CET for delivery the following
day. Forecasts at this horizon are the most actionable, as they benefit
from the most up-to-date information, which is particularly important
in systems with high shares of renewable generation, such as the Irish
and broader European markets, where short-term volatility in wind and
demand significantly affects bidding strategies.

5.1.1. Efficiency in the day-ahead market: Pinball score & interval width

Analysing the APS for DAM models in Table 2 highlights the strong
performance for the Q-Ens approach, producing the two lowest APS in
the DAM for the RF and LGBM models.

This includes strong performance for CP approaches EnbPI and
SPCI, in particular improving LEAR and KNN models, taking advantage
of CPs model agnostic feature. Time series adapted CP approaches
EnbPI and SPCI also demonstrate notable improvements over SCP. QR
and QRA models struggle, but this is largely as a result of their poor
performance with LEAR, substantially dragging down the average.

Looking further into efficiency, we evaluate the interval width of
the models for the DAM in Fig. 3, centred around a median of 50 for
clarity. The analysis of IW across different models reveals key insights
into model efficiency and precision. A pronounced contrasting outcome
in Fig. 3 between QR and CP approaches is how CP approaches, SCP,
EnbPI, and SPCI, result in a wider interval width for less accurate
models KNN and LEAR, and a narrowing interval width for the more
accurate RF and LGBM. SPCI, developed as a successor to EnbPI to pro-
duce narrower intervals, fails to achieve this for KNN in the DAM but
succeeds slightly for LEAR, LGBM, and RF. This trend is absent entirely
for QR and QRA approaches with QR and QRA producing intervals
independently of models accuracy, with QRA-CP producing similarly
sized Interval widths compared to QRA-QR, despite the contrasting
contents of each approaches dataset. Q-Ens closely mirrors EnbPI and
SPCI for LEAR and KNN models. However, for LGBM, Q-Ens produces
narrower interval widths due to the model’s inherently narrow intervals
when using QR. Conversely, Q-Ens with RF produces wider intervals
than EnbPI or SPCI due to the wider interval width of QR.

5.1.2. Validity in the day-ahead market: Coverage

Fig. 4 summarises coverage across the 0.1-0.9 quantile range in
the DAM, highlighting each forecasting approaches ability to achieve
coverage. In the DAM context, aiming for a coverage of 0.8 within the
0.1-0.9 quantile range, CP models consistently outperform QR coun-
terparts. QR produces the worst results by a margin, failing to achieve

1 https://github.com/ciaranoc123/PEPF_Conformal.
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Table 3
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 6416 5147 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 31.5 31.47 29.79
RF 33.7 30.81 32.14 31.65 33.00 32.36 29.99
Avg. 42.94 40.42 38.43 38.55 45.01 44.33 38.37

coverage in a single model. Both QRA approaches begin to diverge
from QR, improving coverage for most models, LGBM in particular, and
achieving the desired 0.8 coverage for RF in both QRA-R and QRA-
CP. Our Q-Ens approach yields slightly inferior results compared to
EnbPI and SPCI. However, considering the lower APS for RF and LGBM
models compared to EnbPI and SPCI, as shown in Table 2, this trade-off
is justified.

Focusing on the 0.3-0.7 quantile pair with a target of 0.4 in Fig.
4, we see a similar trend to Fig. 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 models reliability. Our
Q-Ens achieves coverage for all models, with slightly lower scores than
EnbPI and SPCI, but substantially better than QR, with the exception
of RF (see Fig. 5).

5.1.3. Efficiency & validity in the day-ahead market: Winkler score

Table 3 provides a detailed overview of Winkler Scores, highlighting
each approach’s ability to tie together both efficiency and validity in
our chosen forecasting models. Our approach Q-Ens excels producing
the lowest average score, and the two lowest scores for all models with
LGBM and RF. QR and QRA pay the price of their poor performance in
coverage, producing the highest average winkler scores. CP approaches
produce lower winkler scores, underscoring the benefits of their strong
performance in coverage, with EnbPI strong performance just missing
out on our Q-Ens approach.

5.2. Balancing market

The BM dataset include historical data and TSO predictions, reveal-
ing past market behaviours and aiding in forecasting future conditions.
For the BM, we forecast prices for the next 16 open settlement periods
starting at #+2, utilising historical BM prices, volumes, wind discrepan-
cies, interconnector flows, and DAM prices from the past 24-48 h. We
also incorporate future physical notifications, interconnector schedules,
renewable forecasts, demand forecasts, and DAM prices for the next 8 h.
The forecasting horizon is limited to 8 h ahead starting from ¢+2, in line
with SEMO’s publication schedule for forecast data and market rules,
which allow participants to adjust balancing market positions only for
settlement periods beyond ¢ + 1. Despite similar average prices with
the DAM (BM: €54.772/MWh, DAM: €53.77/MWh), the BM exhibits
higher price volatility (standard deviation: €64.60/MWh) compared to
the DAM (€37.38/MWh). More Details surrounding both the DAM and
BM datasets can be found at [30].

5.2.1. Efficiency in the balancing market: Pinball score & interval width

Analysing the APS for BM models in Table 4 follows a similar
trend to Table 2 with Q-Ens showing strong performance producing
the lowest average this time, except we see EnbPI and SPCI, two of the
top approaches for the DAM, produce the two highest average scores.
SCP produces markedly better scores, with QR and QRA approaches
also performing better than EnbPI and SPCI. The two lowest scores are
achieved by LGBM with QRA-R and RF with QR.

Examining efficiency in the BM, we evaluate the interval width of
the models in Fig. 6. Compared to the average interval width for the
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Fig. 5. DAM coverage for 0.3-0.7 quantile pair.

Table 4

approaches, albeit less pronounced for SPCI than in the DAM. SPCI

APS for the BM. Best approach for each regressor marked in bold, worst in red.

produces narrower interval widths than EnbPI as expected, but much

Model QR SCP EnbPI  SPCI  QRA-R QRACP  Qfns more pronounced than in the DAM. Q-Ens produces wider interval
KNN 14.09 1519 1460 15.84 13.66 13.49  14.25 widths than SPCI and QR, skewed by EnbPI large interval width.

LEAR 1522 1291 1396 1379  15.33 1522 13.21

LGBM 1248 12.87 13.55 136  12.58 12.41 1270 S .

RF 12.66 1301 1334 1348 1279 1289 1288 5.2.2. Validity in the balancing market: Coverage . .

Avg. 13.61 13.50 13.91 14.18 13.59 1350 13.26 Fig. 7 summarises coverage across the 0.1-0.9 quantile range in the

DAM in Fig. 3, all models in the BM have significantly wider interval
widths, reflecting the greater inherent uncertainty in the BM. We see
the same trend as the DAM with interval 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

BM. Aiming for a coverage of 0.8 within this range, all models in the BM
come significantly closer to achieving the desired coverage compared
to their performance in the DAM. CP approaches similarly excel, with
all models achieving coverage, excluding LGBM for EnbPI and RF for
SPCI, both just missing the coverage target. 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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Fig. 8. BM coverage for 0.3-0.7 quantile pair.

Focusing on the 0.3-0.7 quantile pair aiming for a coverage of 0.4
in Fig. 8, again all CP approaches achieve coverage, including Q-Ens.
QRA fails to 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.

5.2.3. Efficiency & validity in the balancing market: Winkler score

Table 5 provides a overview for Winkler Scores in the BM, offering
insights into each approaches ability to tie efficiency and validity
together. The analysis in Table 5 highlights the strong performance of
our ensemble approach again, resulting in the second lowest winkler
score, slightly underperforming QRA-CP. QR and QRA demonstrate
considerably improved performance than they did for winkler scores
in the DAM, with QRA-CP coming first, QR third, and QRA-R fourth.
The last 3 spots are occupied by all three CP approaches with SPCI

10

changing from just 0.07 off the top approach in the DAM, to the worst
performer in the BM. QR achieves the lowest score of any model with
LGBM, while Q-Ens has the second lowest with RF. These results are
likely due to the closer coverage scores and narrower interval widths
for the QR and QRA approaches.

5.3. Financial performance analysis

For our financial evaluation, we utilise a Battery Energy Storage
System (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 Single trade
strategy (TS1) and our high-frequency trading strategy (TS2):

» TS1 is a rule-based heuristic trading strategy adopted from [38,
43]. This strategy utilises quantile-based forecasts to optimise
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Table 5
Winkler scores for the BM. Best approach for each regressor marked in bold, worst in
red.
Model QR Scp EnbPI SPCI QRA-R  QRA-CP  Q-Ens
KNN 124.18 13477 131.35 13218 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
Financial performance comparison of RF & LGBM models. Best approach marked in bold, worst in red.
Model TS1 DAM TS1 BM TS2 DAM TS2 BM Avg. DAM Avg. BM
QR €16,376 €3634 €21,887 €16,112 €19,131 €9873
SCP €16,032 —€1215 €17,610 €11,119 €16,821 €4952
EnbPI €16,806 €3214 €20,932 €16,237 €18,869 €9725
SPCI €16,486 €3280 €21,632 €16,807 €19,059 €10,044
QRA-R €13,868 €2768 €20,938 €14,705 €17,403 €8736
QRA-CP €13,880 €3923 €20,805 €15,061 €17,342 €9492
Q-Ens €16,935 €3748 €21,926 €17,400 €19,430 €10,574

trading decisions involving a hypothetical 1 MWh battery with
no discharge limit, 80% discharge efficiency, and 98% charge
efficiency. Over the specified time horizon (1 day for DAM or
8 h for BM), a single buy-sell pair trade is permitted, with the
requirement that the buy trade occurs before the sell trade.

TS2 leverages optimisation techniques to maximise profits in
electricity markets, adopted from [72]. It incorporates flexible
buy/sell timestamps within bottleneck-constrained volumes, con-
sidering realistic constraints such as battery capacity, charging
speed, discharging rate, minimum charge level, and energy ef-
ficiency. The dynamic adjustment of charging and discharging
operations, based on forecasted minimum and maximum price
periods, is a fundamental aspect of this adaptive approach. The
overarching goal of TS2 is to enhance profitability within bot-
tleneck limitations, significantly increasing trading frequency and
contributing to overall market efficiency.

For more detailed information on the implementation of both TS1
and TS2 see [72]. Table 6 summarises the financial performance of
various forecasting approaches in the DAM and BM for trading strate-
gies TS1 and TS2, excluding the KNN and LEAR models to focus on
top performers. SCP consistently produces the worst results, with the
lowest averages and the poorest performance in TS2 for both markets
and TS1 for the BM. In contrast, EnbPI and SPCI demonstrate strong
performance, with SPCI leading among the CP approaches, highlighting
the benefits of time series-adapted methods. QRA does not surpass QR,
with QR achieving better average scores in both markets and QRA-R
ranking last for TS1 in the DAM. However, QRA-CP secures the top
result for TS1 in the BM and scores closer to QR in the BM. The most
notable outcome is the strong performance of our ensemble approach,
which achieves the highest average result in both the DAM and BM,
only missing the top position for TS1 in the BM.

5.4. Key findings and limitations

The application of CP techniques, particularly EnbPI and SPCI,
improves the accuracy of PEPF in both DAM and BM, outperforming
traditional QR models by providing more reliable PIs with consistent
coverage. The ensemble approach, combining QR with EnbPI 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 CP techniques, particularly our
ensemble, Q-Ens, can increase profitability in trading algorithms; how-
ever, their dependence on large amounts of historical data and higher
computational requirements may limit their practicality in real-time
scenarios. These models can also face challenges when encountering
extreme price events or sudden market shifts.
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Table 7

Ablation analysis of Q-Ens for LGBM on the DAM and BM, evaluated using APS, Interval
Width (IW), coverage (80%), and Winkler score. The full Q-Ens ensemble achieves the
best balance across all metrics.

Market Method APS W Coverage Winkler score
Q-Ens 3.48 16.13 0.78 29.79
DAM EnbPI & SPCI 3.62 18.57 0.82 31.35
QR & SPCI 3.48 14.31 0.73 29.23
QR & EnbPI 3.49 15.51 0.75 29.68
Q-Ens 12.70 73.24 0.78 111.18
BM EnbPI & SPCI 13.13 79.83 0.83 114.88
QR & SPCI 12.74 76.73 0.76 113.35
QR & EnbPI 12.73 73.16 0.75 109.47

5.4.1. Ablation analysis of Q-Ens

Table 7 presents an ablation study of Q-Ens for LGBM on both
the DAM and BM. The full Q-Ens model consistently delivers the best
trade-off between sharpness and validity across all metrics.

Removing the QR module leads to the largest increase in interval
width and Winkler score, indicating reduced sharpness and efficiency.
Excluding EnbPI slightly narrows the PIs but decreases coverage, under-
mining reliability. Dropping SPCI yields marginal changes but results in
lower coverage in both markets. Overall, each component contributes
to performance, with QR and EnbPI being particularly important for
maintaining calibration and PI quality.

5.4.2. Computational cost

To support reproducibility and assess operational feasibility, all
experiments were conducted on a local machine with an Intel Core
i7-6800K CPU @ 3.40 GHz and 64 GB RAM, running Ubuntu 22.04,
without GPU acceleration or cloud computing services. In practice, as
updated market data becomes available, the models are retrained on
this new data and a new forecast is generated. Training times ranged
from under two minutes for QR and SCP to 10-25 min for EnbPI and
SPCI, with the Q-Ens ensemble requiring approximately 25-45 min
in total. Inference times for all models were under 30 s. These com-
putational requirements are well within the time-frame needed for
operational deployment on standard desktop machines.

6. Conclusion

This study evaluated several probabilistic forecasting methods for
electricity prices in the Irish DAM and BM, focusing on QR, QRA-R,
QRA-CP, SCP, EnbPI, SPCI, and the proposed ensemble method Q-Ens.
Our evaluation covered multiple dimensions—accuracy, reliability, in-
terval width, coverage, and financial performance. We found that QR
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and QRA approaches performed well in efficiency metrics but fell short
in coverage, where CP methods like SCP, EnbPI, and SPCI excelled.
The ensemble approach (Q-Ens) demonstrated strong results in both
efficiency and validity, and it delivered superior financial outcomes in
a single trade and high-frequency trading strategy, confirming its prac-
tical value for market participants. The integration of CP techniques
into EPF offers a promising way to improve forecast reliability and
financial outcomes, especially as the energy market evolves and renew-
able energy integration increases. However, the financial evaluation,
based on simulated trading, may not fully capture the complexities of
real-world market conditions, including transaction costs, market lig-
uidity, and sudden structural shifts. Therefore, further research should
focus on testing these methods in diverse markets, including IDM,
and exploring the practical limitations of CP models, particularly in
environments with extreme price events or limited historical data.
Future studies could also delve deeper into more granular 5 min BM
datasets and incorporate probabilistic forecasting frameworks that ad-
dress transaction costs and market conditions. Additionally, improving
the robustness of CP methods, particularly with respect to outliers
and non-exchangeable time series, will be fundamental. Exploring the
application of CP 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.
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