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Abstract. The increasing transformation of the European energy mar-
ket, driven by the rise of intermittent renewable energies, the decommis-
sioning of controllable power plants and dependence on short-term stor-
age, poses challenges for assessing security of supply. In order to evaluate
the capacity of available generation to meet demand in uncertain condi-
tions, market model optimizations using the Monte Carlo (MC) approach
are employed. However, the high computational costs of this approach
limit assessment resolution. This paper investigates metamodeling as a
strategy to reduce these computational costs. Metamodelling is a process
of using mathematical models on a subset of simulations to map outcomes
to the input data. This reduces the total number of simulations required.
The study explores three key steps: enhancing input-output correlation,
identifying effective machine learning (ML) models and selecting optimal
training samples. While no single model performs adequately due to data
complexity, a two-model pipeline significantly improves prediction accu-
racy. An active learning approach is also introduced to further optimize
sample selection. The results show that training on only twenty per-
cent of the data reduces the computation time by more than 75%, with
a relative error below 10%. These findings demonstrate the potential
of metamodeling to enable efficient, high-resolution resource adequacy
assessments in evolving energy systems.

Keywords: Metamodeling - energy systems - active learning -
resource adequacy - electricity market modeling

1 Introduction

The development of the European energy market presents a fundamental chal-
lenge.

In recent years, policy and market developments have prioritized environmen-
tal sustainability, sometimes at the expense of economic efficiency and supply
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reliability [1]. However, shifting geopolitical dynamics have redirected public and
political attention toward ensuring a robust security of supply [2]. In Germany,
the phase-out of all nuclear power plants by 2023 significantly reduced the mar-
ket’s dispatchable capacity. The planned coal phase-out by 2038 will further
diminish the available firm capacity.

This reduction has been made possible by the increasing share of renewable
energy sources, resulting in a more environmentally friendly energy mix. How-
ever, this transition raises new concerns about supply reliability. Ensuring an
adequate level of supply, also known as resource adequacy, requires continuous,
high-resolution assessments to support well-informed decisions regarding energy
market development and design.

Resource adequacy assessments evaluate the frequency with which a given
generation system, under the prevailing market design, is capable of meeting elec-
tricity demand. By comparing the resulting loss of load expectation (LOLE) with
the nationally defined reliability standard, it is possible to determine whether
the system is over- or under-dimensioned with respect to security of supply.

Methodologically, it is standard practice to account for uncertainty in both
weather conditions and generation availability. This is typically achieved by using
multiple historical weather years to reflect variability in renewable generation,
and by applying so-called outage draws to simulate the stochastic availability of
conventional power plants.

To address these challenges, the agency for the cooperation of energy regu-
lators (ACER) has developed a methodology based on MC simulations run by
energy market models. While effective, this approach is computationally inten-
sive, which constrains the resolution and scope of the assessment due to model
simplification and data aggregation. For example, the European resource ade-
quacy assessment (ERAA) carries out 700 full-year energy market simulations
to evaluate supply reliability [3]. Similar analyses may require approximately
six days of computation, motivating the search for alternative or more efficient
methodologies.

The present paper explores the use of metamodelling to reduce computa-
tional effort. Metamodelling involves the use of mathematical models, frequently
derived from ML, to approximate the relationship between input and output data
from MC energy market simulations. The training of a metamodel on a subset
of simulated data facilitates the estimation of results for unsimulated scenarios,
thereby reducing the number of full simulations required.

Despite the evidence that this technique has shown promise in predicting
prices from energy market models, its application to capacity sufficiency metrics
remains largely unexplored [4]. The issue pertains to the inherent characteristics
of the output data. Power systems are usually designed to satisfy demand in most
states. Consequently, circumstances where supply is inadequate are rare and
difficult to predict in the absence of exhaustive simulation. The identification of
such events without the necessity of simulating every possible scenario represents
a significant challenge.
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This challenge is further compounded by the rise of short-term energy stor-
age, which introduces temporal dependencies to an already spatially intercon-
nected European grid. Furthermore, a robust metamodel must account for the
weather dependence of renewable energy sources and incorporate probabilistic
modelling of power plant outages.

— Our analysis identifies a high-performing two-model pipeline that minimizes
mean absolute error (MAE) in predicting LOLE across MC years.

— We develop an active learning-based approach that iteratively selects the most
informative simulation samples to optimize model training efficiency.

— We benchmark the performance of the proposed metamodeling approach
against traditional energy market model optimization methods, demonstrat-
ing substantial reductions in computational cost (in hours) while maintaining
high predictive accuracy (measured by MAE).

2 Related Work

2.1 ML in Energy System Research

ML is increasingly applied in energy system research, though its use in resource
adequacy assessments remains relatively unexplored. Starke et al. systematically
reviewed the role of ML across energy domains, describing it as an emerging yet
rapidly growing field [5].

ML has become indispensable in forecasting applications, including load pro-
files, renewable generation, and energy prices. Rahman et al. demonstrated the
predictive power of ML in these contexts [6]. Donti et al. also proposed ML
integration for accelerating and improving energy system optimization tasks [7].

2.2 ML in Energy Model Optimization

ML applications in energy model optimization generally fall into two categories:
power flow simulations and economic dispatch. Duchesne et al., Sun et al., and
Su et al. employed ML to accelerate power flow calculations [8-10]. Leonori et
al. applied ML in near real-time power flow for microgrids. Huang et al. used
ML to improve reliability in congested systems [11,12].

In economic dispatch, Darville et al. reduced dimensionality in mixed-integer
programs to accelerate solver times [13]. Bogensperger et al. and Hoffmann et
al. used ML for time series aggregation to streamline simulations [14,15]. Perera
et al. developed metamodels to address computational bottlenecks in energy
system optimization [16].

2.3 Metamodels in Energy Market Model Optimization

Metamodeling has emerged as a promising alternative to traditional simplifica-
tion techniques in energy market model optimization. Kohnen et al. employed
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deep learning to map input-output relations and predict market prices [4]. Prina
et al., Danish et al., and Kim et al. confirmed that metamodels can produce
accurate outputs in significantly shorter runtimes, especially under hardware or
time constraints [17-19].

Nolting et al. showed that ML and design of experiments (DOE) tech-
niques are promising for approximating model behavior with limited computing
resources [20]. Priesmann et al. supported input data reduction and structural
simplification as alternative strategies [21].

2.4 Metamodels in Resource Adequacy Assessments

Resource adequacy assessments remain challenging due to their probabilistic
nature, requiring evaluation across diverse weather and outage scenarios. Nolting
and Praktiknjo described this as the “complexity dilemma,” where increasingly
sophisticated questions necessitate complex models. The prediction accuracy of
these model depends on the quality of the input data. [22].

By combining the availability curve with residual load, the loss of load prob-
ability (LOLP) and LOLE can be estimated, though the process remains com-
putationally expensive [23].

Munch et al. advanced this by predicting the availability curve outcomes
directly, effectively mitigating the complexity dilemma [24].

Conventional availability curve methods are predicated on situations in iso-
lation, thereby facilitating data generation via DOE. However, contemporary
challenges necessitate temporal interconnection modelling due to escalating stor-
age capacity and cross-border interactions. Energy market models offer this, but
lack built-in probabilistic capabilities, making MC simulation integration essen-
tial but computationally costly.

3 Methodology

3.1 Metamodel Topology

The goal of the metamodel is to predict a LOLE for each market area (MA)
with only a fraction of the simulated MC-years having results available. Instead
of the standard LOLE (hours with actual shortfall), we define LOLE via the
expected number of maximal price events (MPEs).

It eliminates the complexity arising from the expected energy not supplied
temporal [25] and spatial [26] distribution effects, which are challenging to pre-
dict. Consequently, these effects do not unnecessarily complicate the formation
of the metamodel. However, it is important to note that future developments of
the approach presented here may address this issue. The metamodel is configured
as a pipeline that contains three main parts:

— a classification model,
— an aggregation step, and
— a scaling model.
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The classification model’s function is to predict whether a MPE occurs for a
given situation, as identified by the combination of outage sample (OS), climatic
year (CY), MA, and hour. In the aggregation step, the results of the classification
model are aggregated as a sum over the hours to obtain a prediction for each MC-
year region (identified by the combination of OS, CY, and MA). In a concluding
step, the aggregated classification results are scaled. Given that the objective
of the scaling model is to only capture systematic over- or underestimation, the
implementation of a linear regression model is well-suited for this purpose. The
metamodel pipeline can be seen in Fig. 1:
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Fig. 1. Metamodel as a pipeline for predicting the LOLE of MC-year regions.

Obvious energy system features such as renewable generation, available con-
ventional capacity or electricity demand are applied, as are newly introduced
metrics that take temporal and spatial couplings into account and focus on
the remaining capacity margin (available thermal capacity minus residual load).
Temporal features are weekend or day of the week as well as hour of the day. In
total, we identified 49 features. The input data for the pipeline consists of a single
value for each feature in every situation. The input data consists of 700 MC-years
in hourly resolution for one scenario and is represented by the matrix X € R™**F"
The matrix X has F' columns (one for each feature) and n rows (one for each
situation) with n = H- [M| - |[MC| = 8760 - 11 - 700. A subset of the MC-years
is selected as the training set M Cipain = MC; C MC, |MCirain| = 140. These
MC-years are simulated using the energy market simulation yielding a result
vector Yirain € R™*! with m = H- M|+ | M Cyain| = 8760 - 11 - 140 corresponding
to the input data represented by Xipain € R™*F .

Classification. The classification model can be fit to approximate the results
Virain as the target regarding the training input data f ~ f : Xirain — Ytrain- Lhe
fit classification model can subsequently be used to predict the target y = f (X),
or its model internal probability p = 75f(X) ={P(yo=1),...,P(yn = 1)} for
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all 700 MC-years. The performance of the entire pipeline is evaluated using two
different metrics: predicted target ¥ and predicted probability p. These metrics
can be compared to determine which is most appropriate for use in a production
scenario where only one is part of the metamodel.

Aggregation. The aggregation step serves to mitigate the imprecision of predic-
tions made by the classification model. The LOLE, being an aggregate measure
itself, does not require the correct classification of the maximal price indicator
(MPI) in every hour, which is a highly challenging task. Instead, the accuracy
of the LOLE prediction depends on the precision of the aggregated classification
within each MC-year and region.

The aggregation process involves summing the predicted targets y over the
MC-year regions:

AT
Yos=1,cy=1982,ma=AT00

<>
Sl
I

~Y
| Y05=20,cy=2016,ma=PL00

ZheH yos:l,cy:1982,ma:AT00,h

| > hem Yos=20,cy=2016,ma=PL00,h

with y* € RIMCI M1,

The predicted probabilities are aggregated in the same way, resulting in p* €
RIMCTMIXT  The simulated target is aggregated only over the simulated MC-
years M Clrain, resulting in y; . € RIM Crrain|-[M]x1

Scaling. A systematic error in the classification model can be corrected by
the scaling model. Both systematic underestimation and overestimation can be
captured. However, the error must be consistent. This means that the aggre-
gated prediction y* or probability p* must exhibit a linear relationship with the
aggregated target y~.

To train the scaling model, the simulated and aggregated targets from the
training set y; . are used together with their corresponding predictions yi ...
and p;,,;, to fit a linear regression. The regression aims to approximate § ~ g :
ytzrain - ytzrain and h ~ h : pfrain - ytxra,in'

Since the linear regression model may produce negative predictions, RELU
is used.

Given that LOLE is a non-negative quantity, this function ensures that all
predictions are clipped at zero.

The fitted regression models g and h are used to obtain the scaled predictions:

o~ o~

y> = §(y*)" and p* = h(p”)". (2)
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4 Iterative Guided Convergence for Early Stopping

All MC-years are divided into two sets. Those not yet simulated (i.e., without a
known z) are placed in the M C\yp,sim set, while those already simulated with an
associated z are placed in M Cy;y,. Initially, all MC-years are part of MCynsim
(MCunsim = MC), while MCsim = @

In each iteration, a subset M Chatch € M Cunsim 18 selected and simulated to
obtain the corresponding targets zpatch- This batch is appended to the existing
simulated set, updating both M Cy;,, and Zgj,.

Next, the convergence of zg,, is evaluated. Convergence is considered
achieved when the difference between the simulated and predicted final LOLE
remains consistently below a predefined threshold. Once convergence is achieved,
the process terminates and the final LOLE is derived from zg;,,. If not, the pro-
cess repeats with the selection of a new batch. This cycle of selection, simulation,
and convergence-checking continues.

Figure 2 illustrates the overall process.

Xunsim Zunsim = "L(Xunsim> ————mrm: Xsim = Zsim

TN

.z .
_ Doy, mintEvo,

s Zunsim
Heuristic Zcombi Mo TF Mo \

v
M Clunsim MClaten Zbatch s
pop simulate append Zsim

train model

100708

Fig. 2. Proposed iterative guided convergence process for early stopping.

If the iterative process is executed with random selection of MC-years for
M Clhaien, its potential benefits are not fully exploited. To maximize efficiency,
priority should be given to simulate the MC-years with the highest number of
scarcity occurrences, ensuring that these are processed early in the sequence. A
heuristic for selecting MC-years for M Chaten in each iteration enables the selec-
tion of highly informative samples early on, thus guiding the simulation order
and facilitating faster convergence. Fast convergence implies that only a subset
of MC-years must be simulated to obtain sufficiently accurate approximations,
thereby allowing early termination of the process.

The success of this heuristic depends on access to information about the
unsimulated MC-years. This information is derived from a metamodel trained on
the already simulated MC-years. The metamodel is retrained in every iteration
to improve its predictive performance. In this way, the model can actively select
the most informative samples, those that deviate the most or carry the most
information, for its own retraining. This configuration, in which the metamodel
selects its own training data, represents a form of active learning [27,28].

The metamodel m, trained on simulated data X, and zgim, is used to make
predictions z for the unsimulated data: Zynsim = M(Xunsim )-
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The input data X contains a different number of rows than z. Specifically,
X cousists of |[MC|-|M]|- |H| rows, while Z is aggregated over hours, resulting in
|MC| - |M]| rows.
To approximate the LOLE per MA, the simulated targets zg;, and predicted
targets Zunsim are used. The average LOLE per MA for the simulated set is:
_ 2 My Zsim

sim — 5 _sim c R|M|X1. 3
z |Mcsim| z ( )

The corresponding average for the predicted targets of the unsimulated set can
be calculated analog to Eq. (3).

By combining zg;,,, and Zunsims & comprehensive prediction for the final LOLE
across all MC-years can be computed:

Ecombi = {Zsim7 2unsim} (4)

— Z]\4-6151111 lem + Z]\4611_1nsirﬂ ZUHSim

, . mbi € R|M|X1.
‘Mcsim| + |]\/[Cunsim| comb

The final LOLE approximation Zeompi can then be compared with the pre-
dictions z for the unsimulated MC-year regions. This comparison allows the
derivation of a heuristic that selects the next batch of MC-years for simulation
in the following iteration.

4.1 Heuristic

The identification of the optimal set of MC-years for simulation in the next
iteration involves balancing two objectives:

1. Accelerating the convergence of the LOLE computed from the set of simulated
MC-years.

2. Prioritizing the simulation of MC-years with high information content as early
as possible.

The initial step determines whether the current LOLE of the simulated MC-
years zg, represents an overestimation or underestimation of the final approx-
imated LOLE Zcompi. Each additional MC-year selected for simulation should
ideally reduce the distance between zg;,, and Zeombi- This is based on the ratio-
nale that Zeomp; serves as an estimate of the final value to which Zsy, should
converge.

To evaluate the effect of simulating a candidate MC-year mc, the metric
EMCSimU{mc} is introduced. It approximates the new LOLE per MA under the
hypothetical assumption that mc is added to the simulation set:

Zgim + Zme

ZMCsimU{mc} - W "

A binary decision function d(mc) is defined to assess whether simulating mc
would move Zg,, closer to Z.omp;. The function returns 1 if the inclusion of me
reduces the distance between the two values, and 0 otherwise:
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17 Zgim < 2cornbi and Zgim < iMC’SimU{mc}
d(mc) - 17 Zgim > icombi and Zsim > 2MC’Simu{mc} (6)

0, otherwise

This formulation ensures that the heuristic promotes both convergence of
Zoim toward Zeompi and the early simulation of outlier MC-years.

To quantify the relative influence of simulating a specific mc on the final
LOLE, the following impact metric is defined:

impact(mc) _ ]\[CSImU_{mc} combi (7)

2combi
Combining the decision function and impact metric, the next MC-year to
simulate is chosen as the one that maximizes the product of both:
MCnext = ArGMAX,, .c /7o (d(mc) - impact(mc)) (8)

unsim

This heuristic ensures that extreme and informative MC-years are simulated
promptly, thereby accelerating convergence toward the final LOLE estimate.

4.2 Selecting the Size and Content of the First Batch

The size of the initial batch can be chosen relatively small if the metamodel
supports refitting-i.e., if it is sufficient to update the model parameters using
new data, rather than retraining the model from scratch.

The minimum batch size should correspond to the number of simulations
that can be executed in parallel. If the computational overhead of launching
new simulations with a specified number of MC-years is negligible, the batch
size should ideally match the number of available parallel simulation slots.

While the metamodel is capable of leveraging the iterative process to select
its own training MC-years, the initial training set must be selected manually or
via random sampling. In this context, domain knowledge can be employed to
guide the selection of a representative and informative range of MC-years for
initial model training.

Importantly, this selection must be made prior to observing any simulation
results and should rely solely on features derived from the input data. One
possible strategy for selecting the initial batch involves evaluating remaining
capacity and applying techniques from the field of DOE.

5 Experimental Setup

To ensure a robust evaluation of model performance, a k-fold cross-
validation(CV) procedure is employed. The data is partitioned into k = 5 folds,
each consisting of 140 MC-years. Four of the five folds are used for training and
validation, while the fifth functions as a holdout set. This holdout set is not
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involved in any training or validation but is reserved solely for assessing and
comparing model performance on a consistent dataset.

This setup allows for an investigation into how the selection of training MC-
years influences model performance. If significant variability is observed across
the models trained on different folds, it indicates that the choice of training data
is crucial for achieving optimal predictive accuracy.

Two versions of the model are implemented:

— A wuniversal model, trained on the complete dataset across all MAs. This
version applies undersampling, preserving all MPE cases and only 4% of non-
MPEs.

— An ensemble of region-specific models, trained individually for each MA.
These models are trained sequentially because the data are partitioned by
region, which eliminates the need for undersampling due to data imbalance.

6 Metamodel Topology Development

In the preliminary phase of evaluating the classification model selection and
hyperparameter optimization process, the models that emerged from a compre-
hensive exploration are presented. These models are subsequently thoroughly
assessed for their performance as an ensemble model. The model that demon-
strates the best performance is then evaluated embedded in the metamodel
pipeline in combination with a scaling model.

6.1 Grid Search on Different Models

The most promising model hyperparameter combinations after training and eval-
uating over 500 models from four model types are

— two support vector classifiers with polynomial kernels of degree two and seven,

— an multi layer perceptron (MLP) with one hidden layer having 20 neurons,
and

— a logistic regression classifier.

6.2 Comparing Model Types as Regional Ensemble Learners

The models that emerged from the grid search are assembled as an ensemble
learner, with one specialized model for each MA. The four models are evaluated
on the full dataset. The results of the ensemble models for the datasets t+1
can be seen in Fig. 3. The color and size represent the Fi-score of each regional
model. The scores labeled AGG on the x-axis are the scores aggregated over all
regions. It is important to note that the aggregated Fi-score is not simply the
mean of the regional F-scores. Rather, it is calculated using the sum of the true
positives, true negatives, false positives, and false negatives over all MAs.
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Fig. 3. Holdout Fi-score for regional ensemble learner (t+1).
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Fig. 4. Relative error using the full metamodels trained on 20% of the data. The final
prediction combines the target of the training set and the predicted target or target
probability of the validation and holdout set on t+1.

The final classification model is a support vector classifier with a polynomial
kernel of degree two. Both model variants are evaluated using the k-fold CV
approach, resulting in four cross-validation models (CVM 14).

A comparison of the relative error regarding the CVMs in predicting the final
LOLE for different configurations of the metamodel pipeline in Fig. 4 shows that
scaling effects are more pronounced in the less effective classification model (the
universal model). The optimal configuration involves utilizing the regional model
and its unscaled probability prediction, p*. However, the differences between the
unscaled and scaled probability predictions for the regional model are minimal.
The universal model without scaling demonstrates a relative error of more than
300% or 800%, respectively. Such inaccuracy renders the universal classification
model without scaling unsuitable for practical application.

Figure5 and 6 present the relative error of the final LOLE predictions per
MA.

Figure 5 illustrates the performance of the regional ensemble classification
model trained via grid search and evaluated using unscaled predicted targets
(7).

In contrast, Fig. 6 shows the results of the region-specific ensemble learner
that predicts the /Rrobability of an MPE, followed by a scaling model to estimate
the final LOLE (p*). This approach achieves an average relative error of less than
10% across the four CVMs and regions, while using only 20% of the data.

This result demonstrates that even with limited simulated data, the meta-
model can deliver highly accurate LOLE estimates when appropriate modeling
strategies are used, such as regional specialization and scaling.
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Fig. 5. Relative error of the final prediction using y* (combining the target of the
training set y¥ with the unscaled predicted target y* of the validation and holdout

sets) for the CVMs on t+1.
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Fig. 6. Relative error of the final prediction using E)E (combining the target of the
training set y* with the scaled predicted probability p* of the validation and holdout
sets) of the CVMs on t+1.

6.3 Evaluation of Iterative Guided Convergence for Early Stopping

To evaluate the effectiveness of the algorithm outlined in Sect. 4, the convergence
of the LOLE is analyzed by sorting the MC-years chronologically according to

CY and OS.

Figures 7 and 8 compare the guided convergence performance of different
prediction metrics for universal and regional models. For the universal model, it
is evident that scaling substantially improves prediction accuracy. In contrast,
all metrics in the regional model perform adequately, except for y*, which shows
notable deviation.
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Fig. 7. Cumulative and total mean; MC-years sorted by heuristic for DEOO; comparison
of different prediction metrics for the universal model (CVM 1) on t+1.
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Fig. 8. Cumulative and total mean; MC-years sorted by heuristic for DEOO; comparison
of different prediction metrics for the regional model (CVM 1) on t+1.

These results confirm that the convergence guidance algorithm performs
reliably in conjunction with real metamodels. Nonetheless, further exploration
is needed to determine whether iterative guided convergence can reduce the
required training set to less than 20% by allowing the metamodel to select its
training samples dynamically.

6.4 Computational Complexity

The reduction in computational effort is directly related to the number of MC-
years that must be simulated and the training time required for the metamodels.

Using 140 MC-years as an upper bound for training, the minimum achievable
computational savings can be estimated. For model training, the universal and
regional metamodels must be considered separately. The universal model requires
only one training procedure, while the regional model necessitates the sequential
training of 11 models (one per MA).). Training time for the regional model
increases proportionally unless executed in parallel.

Simulating all 700 MC-years requires roughly 144 h (six days). By reducing
the simulation scope to 140 MC-years (20%), the total simulation time decreases
to about 28.8 h (1.2 days). Model training on this reduced dataset takes approxi-
mately 20 min for the universal model and 3.3 h for the regional models. Inference
on the remaining 560 MC-years requires an additional 1 h for either model type.

The computational time saved is then:

144h — (28.8h + 0.33h + 1h)
144h

~ 79% 9)
for the universal model, and

144h — (28.8h + 3.3h + 1h)
144h

~ TT% (10)

for the regional model.
These savings highlight the substantial efficiency gains achieved through
guided convergence and metamodeling.
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7 Conclusion and Discussion

The most effective and robust pipeline configuration consists of three compo-
nents: a regional ensemble classification model predicting the probabilities of
MPEs as the output and an aggregation step. We could also demonstrate that
incorporating our linear regression as an additional step in the metamodelling
pipeline can significantly improve predictions, especially for the universal model.
While using squared loss in the scaling step may lead to a higher MAE, it is pre-
ferred because it better penalizes large errors, ensuring that extreme and critical
scenarios are not overlooked.

The iterative guided convergence method introduced in this work demon-
strates strong potential, particularly as a framework for active learning. By pri-
oritizing the simulation of MC-years that diverge most from already simulated
ones, the method effectively identifies data points with high information content.
This makes the approach ideal for generating meaningful training data in an effi-
cient and targeted manner. It is important to emphasize that metamodeling does
not replace traditional MC simulations. Instead, it serves as a complementary
tool that can reduce the number of necessary simulations. Since the metamodel
must be trained on already simulated data, its effectiveness is contingent on
the availability and quality of those initial simulations. Future studies could
improve data preprocessing by incorporating techniques such as principal com-
ponent analysis (PCA). PCA has the potential to reduce data dimensionality
while retaining most of the variance, thereby speeding up model training and
decreasing data storage requirements with minimal loss in accuracy.

Furthermore, temporal features, including rolling window aggregations, have
the potential to be further developed in order to quantify the impact of renewable
energy droughts on system adequacy. It can be proposed that the optimisation
of the window length may yield further enhancements, with the objective of
maximising correlation with system stress events.

The classification component of the metamodel could be enhanced by explor-
ing advanced ML models, including deep neural networks. The scaling model
also offers room for improvement. Although a linear model was used in this
work, more complex models such as polynomial regression could better capture
nonlinear relationships. Nevertheless, the risk of overfitting must be given due
consideration. Alternatively, the adoption of a regional ensemble approach for
scaling, similar to the classification stage, might yield performance gains without
sacrificing generalizability.
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