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Abstract: Studying a large number of scenarios is necessary to consider the uncertainty inherent to
the energy transition. In addition, the integration of intermittent renewable energy sources requires
complex energy system models. Typical days clustering is a commonly used technique to ensure the
computational tractability of energy system optimisation models, while keeping an hourly time step.
Its capability to accurately approximate the full-year time series with a reduced number of days has
been demonstrated (i.e., a priori evaluation). However, its impact on the results of the energy system
model (i.e., a posteriori evaluation) is rarely studied and was never studied on a multi-regional whole-
energy system. To address this issue, the multi-regional whole-energy system optimisation model,
EnergyScope Multi-Cells, is used to optimise the design and operation of multiple interconnected
regions. It is applied to nine diverse cases with different numbers of typical days. A bottom-up
a posteriori metric, the design error, is developed and analysed in these cases to find trade-offs
between the accuracy and the computational cost of the model. Using 10 typical days divides the
computational time by 8.6 to 23.8, according to the case, and ensures a design error below 17%. In all
cases studied, the time series error is a good prediction of the design error. Hence, this a priori metric
can be used to select the number of typical days for a new case study without running the energy
system optimisation model.

Keywords: energy system modelling; temporal aggregation; typical days; clustering; whole-energy system;
sector-coupling; energyscope; energy system optimisation model

1. Introduction

Optimal planning of the integration of weather-dependent renewable energy sources
(RES) requires complex energy system models [1]. A whole-energy system approach is
necessary to consider all the levers to compensate for the intermittency of these variable
renewable energy sources (VRES) [2]. In addition, they must include an hourly variation
of the production and demand [3]. As these models forecast energy systems over several
decades, it induces high uncertainties in input data [4]. Hence, to give a meaningful view
of the energy transition options, a global sensitivity analysis must be performed. For in-
stance, Rixhon et al. [5] needed 1595 model evaluations for a regional whole-energy system,
even though they used a state-of-the-art global sensitivity analysis approach. To limit
the computational burden of these complex models, several performance enhancement
techniques have been developed [6]. They are solver-based or model-based. The first cate-
gory consists of selecting the best modelling approach and solver. In general, for complex
energy system optimisation models (ESOMs), a linear or integer optimisation problem is
formulated [7]. The model-based category includes the following: (i) exact mathemati-
cal decomposition [8–10]; (ii) heuristic decomposition [11–13]; and (iii) model reduction
techniques [14,15]. The two types of decomposition techniques take advantage of the math-
ematical structure of the problem to separate it into linked sub-problems. They are less often
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used than model reduction for integrated energy system models because of the size, com-
plexity and linked nature of the optimisation problem [6]. The model reduction techniques
consist of aggregating the data to simplify the model evaluation. This aggregation must be
performed wisely to improve performance while maintaining correct accuracy. It can be per-
formed on a temporal level [16–19], a spatial level [20–25] or a technological level [26–28].
Temporal aggregation is the most commonly used and regroups a set of different techniques:
from the simple down-sampling that can provide a reduction in computational time of
80% but loses a significant part of the dynamic of VRES [29] to the more complex typical
days (TDs) clustering which relies on recurrent patterns in VRES production and variable
demands. This type of technique has become the most studied temporal aggregation
technique in the last few years [16]. Different TDs selection approaches have been applied
and compared: heuristics [29–32], random selection [30], k-means clustering [33–38], k-
medoid clustering [33–35,39–41], hierarchical clustering [30,33,34,37,42,43], chronological
clustering [37,44] and hybrid methods [29,30]. In addition, some authors have underlined
the importance of considering extreme days [29,45,46] and inter-annual variability [29,47]
in the clustering of TDs. To evaluate the selected TDs and choose the “best” number of TDs,
a diversity of evaluation metrics is proposed in the literature. Most papers look at a priori
metrics, that is, without running the energy system model. The most common ones are the
error on the time series and on their duration curve [18,37,39,42,48]. Some also consider the
error in the correlation between time series [42]. However, the impact on the accuracy of
the energy system optimisation results is rarely studied [6]. When it is, most authors limit
themselves to evaluating the error on the objective function [18,34,36,42,44,48,49]. In this
objective function, some parts of the system, very insensitive to the temporal resolution,
hide errors on other key elements. Hence, as it is shown later in this study, analysing
the objective function tends to underestimate the impact of the number of TDs. Some
studies consider, in addition, summarized results of their optimisation, such as power
generators, storage assets and transmission lines [6,29,37,38,50]. However, in all these
cases, the model focuses on the electricity sector, and their method is hard to extend to a
whole-energy system approach, because a multitude of different technologies, resources
and energy fluxes (e.g., electricity, heat, synthetic molecules) are present and cannot be
compared directly (e.g., 1 GWh of low-temperature heat does not have the same value
as 1 GWh of synthetic methane). Limpens et al. [41] proposed a first approach for whole-
energy system models. They chose 12 TDs with a k-medoid clustering algorithm. This
leads, in their case, in the Swiss energy system, to an under-sizing of 74.8% of seasonal
thermal storage. Their work cannot be directly extended to a multi-regional whole-energy
system. Indeed, considering multi-regional cases multiplies the number of time series to
consider and complexifies the TDs clustering. Furthermore, it is not possible to predict
a priori if the results observed in the 1-region Swiss case extend to multi-regional cases.
To the best authors’ knowledge, there exists no method suitable to evaluate the impact on a
multi-regional whole-energy system. Furthermore, no study linked the a priori evaluation
of TDs clustering and the impact on the energy system results.

The objective of this paper is to fill these two gaps: (i) developing an error metric to
evaluate the sensitivity of energy system results to the number of TDs, suitable for any
ESOM and any case study; (ii) comparing this a posteriori metric with the classical a priori
metrics to find out which one of these a prori metrics gives a good estimation of the impact
of the number of TDs on the energy system results. To carry this out, the methodology
is developed and tested on nine cases with different typologies and numbers of regions.
For each case, the clustering of TDs is evaluated in a classical way by computing the
error on the time series, on their duration curve and on the correlation between the time
series. Then, the open-source, multi-regional whole-energy system model, EnergyScope
Multi-Cells [51–53], is applied for different numbers of TDs with a 90% reduction in direct
CO2 emissions. Its sensitivity to the number of TDs is studied, and a design error (DE) is
developed, based on the sizing of the technologies and the use of primary energy resources.
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A strong correlation between the time series error (TSE) and the design error (DE) is
underlined, and a generalized method is proposed for any new case studies.

The paper is structured as follows. First, Section 2 explains the ESOM used, the TDs
clustering algorithm, how the TDs are integrated into the model formulation and how
their impact is evaluated a priori and a posteriori. Then, Section 3 presents and motivates
the studied cases. Afterwards, Section 4 presents, compares and discusses the a priori and
a posteriori evaluation of TDs clustering. From this, an a priori method to choose the number
of TDs is proposed. Finally, Section 5 underlines the key findings, their limitations and how
they fill the gap in the literature.

2. Methods

This section presents the energy system optimisation model (ESOM), the TDs cluster-
ing algorithm and how the TDs are included in the model. Then, the methods to evaluate
this clustering of TDs and its impact on the energy system results are explained.

2.1. Energy System Optimisation Model

A multi-regional whole-energy system model, EnergyScope Multi-Cells, is used. It
is a linear programming model optimising the annualised total cost of the system under
several constraints: greenhouse gases emissions reduction, power balance for each energy
carrier, exchanges between cells, storage level, availability of resources, etc. This model is
built as an extension of the open-source model EnergyScope TD [41]. The validity of both
the original model [5,54–61] and the extension [51,62,63] was verified in previous studies.

This extension adds the possibility of representing different regions, also called cells.
Each cell is considered as one node where the energy balance for each energy carrier is
ensured for all time steps, and it is capable of exchanging different energy carriers with
other cells: electricity, methane, ammonia, methanol, woody biomass and waste. Both the
quantity exchanged and the interconnector sizes, or the freight needed to transport these
resources, are optimised by the model. In each region, the model considers 9 different
end-use demands: electricity, space heating and hot water, space cooling, passenger and
freight mobility, high-temperature heat and process cooling for the industry and non-energy
demand. To supply these demands, it has access to 19 different energy resources (e.g.,
wind, sun, fossils, biomass) either extracted locally or imported and can choose among
120 different technologies to convert these resources into the demands. The main outputs
of the model are the sizing and the hourly operation of the technologies as well as the use
of primary energy resources and the exchanges between regions. The input data, code and
Supplementary material of the model can be found online [52,53].

2.2. Typical Days Clustering Method

As illustrated in Figure 1a, a multi-regional whole-energy system approach induces
the need to consider several time-dependent attributes for each region: electricity demand,
heating demand, cooling demand, mobility demand and weather-dependent RES (i.e.,
7 resources per cell in this model). Each of them is represented by an hourly time series,
increasing the complexity of the clustering. For variable demands, the time series represent
the share at each hour of the total demand over the year (%year). For weather-dependent
RES, the time series give the production per peak unit installed (GW/GWpeak).

Figure 1b presents the TD approach implemented to enhance the performance of
the multi-regional whole-energy system optimisation model. It is a simplified conceptual
illustration: the selection of 3 TDs to represent a week for 2 different regions (A and B). Each
region is represented by a row and each day by a square of a different colour. Figure 1a is a
zoom on one day to present the time series considered. Limpens et al. [41] have compared
several algorithms for this typology of problem and have chosen a k-medoid algorithm
developed by Dominguez-Muños et al. [39]. It has a simple mixed-integer programming
formulation, fast convergence and low error on both time series and duration curves. In this
study, we will use this algorithm as such. However, based on the approach developed in the
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following sections, this algorithm could be fine-tuned and compared to other algorithms
in the literature. In this algorithm, the days are grouped into clusters to minimise the
intra-cluster distance, and the medoid of the cluster is taken as TD. The distance between
2 different days is defined as follows:

Dist(i, j) = ∑
a∈A

ωa

24

∑
h=1
|ts(a, h, i)− ts(a, h, j)| (1)

To compute the distance (Dist) between 2 days (i and j), the L1 norms between each
hour (h) for the time series (ts) representing each attribute (a) are summed over the 24 h
of the day. This gives the distance for each attribute. Then, a weighted sum of these
distances is computed. The number of attributes corresponds to the number of time series
considered multiplied by the number of regions studied. The weights (ωa) are important
hyperparameters of the clustering algorithm. Hence, the metrics developed in this study
could help refine them. As a first approach, the weights are defined to reflect the importance
of each attribute in the energy system: (i) only the attributes with different time series
between the different days are considered. For instance, in this model, the freight is
considered constant over the entire year, and the public mobility has the same time series
for each day of the year. Hence, they are not considered for the TDs clustering; (ii) the sum
of the weights of the different attributes is equal to 1 with 0.5 for the attributes defining the
variable demand and 0.5 for the attributes defining the variable production; (iii) among
the variable demands, the weight is split according to the total demand over the year,
considering Carnot coefficient of performance to scale space heating and space cooling
demands; and (iv) among the variable productions, the weight is split according to their
yearly production at full potential deployment.

(a) (b)

Figure 1. Conceptual illustration of the typical day’s integration into a multi-regional whole-energy
system model: (a) Illustration of the time series considered for one day and one region. (b) Simplified
situation where 3 typical days (TDs) are used to represent a week for 2 different regions (A and B).
Each line represents one region, and each colour one day.

The clustering algorithm selects the same days as TDs for all the regions (Figure 1b,
second step). As these days have different time series in the different regions, it ensures
the temporal synchronicity of the different regions while considering the spatial dispar-
ity of demands and productions. Hence, the TDs selection considers both the intra- and
inter-regional relations among the time series. In addition to the clustering algorithm, pre-
processing and postprocessing of the time series are performed. During the preprocessing,
the time series are normalised such that their sum over the year is equal to 1, while in
the postprocessing, the time series of the TDs are rescaled to preserve the average value
over the year.



Energies 2023, 16, 2772 5 of 20

In the optimisation model, the power balance equations are solved on the chosen TDs
(Figure 1b, second step). This reduces the number of variables and constraints. To consider
longer-term storage, the storage level equations are solved over the synthetic time series.
These synthetic time series are built by replacing each day with its TD (Figure 1b, third
step). This method was introduced by Gabrielli et al. [38]. In EnergyScope Multi-Cells,
the concept illustrated in Figure 1 is applied to the entire year.

2.3. Sensitivity to the Number of Typical Days

This subsection presents the methods to assess the quality of the representation with
TDs and its impact on the energy system results. Therefore, the model is run with different
numbers of TDs from 2 to 365: (i) from 2 to 62 with steps of 2; (ii) from 62 to 110 with
steps of 4; (iii) from 120 to 180 with steps of 20; (iv) 365. At low numbers of TDs, more
model evaluations are performed because more changes occur. The case with the full-year
(i.e., 365 TDs) is the reference one. The error due to the number of TDs is assessed a priori,
i.e., without running the energy system model, and a posteriori, i.e., from the energy system
optimisation results. Then, the correlation between the metric developed on energy system
results and the a priori metrics is studied. This analysis gives the best a priori metric for the
selection of the number of TDs for a new case study.

2.3.1. A Priori Evaluation: Clustering Error

To evaluate the clustering of TDs, three different errors are used. They all compare
characteristics of synthetic time series (t̃s) built from the TDs to the original one (ts).
The different attributes (a ∈ A) considered are the ones presented in Figure 1a. The same
weights (ωa) as in Equation (1) are used.

The time series error (TSE) (Equation (2)) evaluates if the value is accurate for each
hour of the year and each time series:

TSE = ∑
a∈A

ωa

8760

∑
t=1
|ts(a, t)− t̃s(a, t)| (2)

The duration curve error (DCE) (Equation (3)) compares the duration curve of the
original time series (dc) and synthetic time series (d̃c) to quantify the error in the statisti-
cal distribution:

DCE = ∑
a∈A

ωa

8760

∑
t=1
|dc(a, t)− d̃c(a, t)| (3)

The correlation error (CE) between attributes across all regions (Equation (4)) compares
the correlation between each pair of original time series (corr(ts(a1, t), ts(a2, t))) and the
corresponding pair of synthetic time series (corr(t̃s(a1, t), t̃s(a2, t))):

CE = ∑
a1∈A

∑
a2∈A

ωa1 ωa2 |corr(ts(a1, t), ts(a2, t))− corr(t̃s(a1, t), t̃s(a2, t))| (4)

2.3.2. A Posteriori Evaluation: Design Error

The error in the whole-energy system design is not trivial to define. Firstly, because it
has a high number of elements: 120 technologies and 19 resources per region. All these
elements differ in nature and cannot be compared directly. Secondly, because it is complex
to differentiate the error due to lower temporal resolution from another phenomenon
inducing changes in the results. The typology of the problem studied has a flat optimum.
It implies that several solutions are as good as the optimal one. They could be the solution
to the reference case with nearly no change in cost. In our case, with a decreased temporal
resolution, other changes occur due to reduced accuracy. This is the error we want to
quantify. For specific cases and elements, it is possible to underline the causes of the
changes, but it is too complex to generalise it to the entire energy system, even more within
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a sector- and region-coupled energy system. This issue is further presented and explained
in Appendix A.

To study the sensitivity of this kind of model, it is then relevant to explore and
summarize its main results: (i) the annualised total cost of the system (objective function),
(ii) the size and cost of energy conversion assets, (iii) the quantity and cost of primary
energy resources and (iv) the size of interconnections and quantity of energy exchanged.
Analysing the objective function is not sufficient to detect the impact of TDs on the energy
system results. The size of interconnections and quantity of energy exchanged depends
directly on the installed technologies and primary energy used in each region. Therefore,
we define the size of each conversion technology and the use of each primary energy,
in each region, as an element of interest. From there, we develop a bottom-up approach to
quantify the upper bound of the error on all the elements:

1. Compared to the reference case, a threshold of 5% error on an element is arbitrarily
defined as acceptable. In Appendix B, this computation is also made for 2.5% and
7.5% error thresholds on each element to show that the results are not very sensitive
to this value;

2. At each number of TDs (Ntd), the elements with an error above this threshold are
considered as not well represented (set W). The apparent design error (aDE) is defined
as the share of the total cost these elements represent:

aDE(Ntd, re f ) =
∑tech∈W [Cinvann(tech) + Cmaint(tech)] + ∑pe∈W Cop(pe)

TotalCost
(5)

with Cinvann(tech) being the annualised investment cost of a technology, Cmaint(tech)
being the maintenance cost of a technology, Cop(pe) being the annual operational cost
of a primary energy and TotalCost being the annualised total cost of the system;

3. Because of the flat optimum and the oscillating behaviour, this apparent design error
is the superposition of the design error (DE(Ntd, re f )) we want to compute and a
random noise (δ(Ntd)):

aDE(Ntd, re f ) = DE(Ntd, re f ) + δ(Ntd) (6)

4. To reduce this noise, the design error is computed for each number of TDs as the
minimum of the apparent design error for lower or equal number of TDs:

DE(Ntd, re f ) = min
∀t≤Ntd

aDE(Ntd, re f ) (7)

3. Case Studies

This section describes the cases studied to test the methodology. First, common
assumptions for all cases are presented. Then, the nine cases with different numbers and
typologies of regions are presented. All these cases are examples used to develop and
validate the method but are not the main focus of this work.

The following assumptions are common to all cases:

• The weather and consumption data of the year 2015 are used to build the time series
of the different attributes [63,64];

• The target year 2035 is used to forecast costs, efficiency, end-use demands, etc. This
year and the regions used are chosen because of data availability from previous
studies [63,64]. The macro-regions are built by merging countries together using
the methodology of [63] (e.g., Spain and Portugal are merged to build the Iberian
peninsula). This methodology regroups neighbouring countries with similar patterns
in terms of demands and resources. From these studies, two main changes have been
made. Firstly, the maximum installed capacity for nuclear in France is set to 41.3 GW,
taken from [65]. Secondly, the onshore wind potential considered here represents
only 50% of the total technical potential that was used in these studies. This choice
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was made for two reasons: (i) these regions have a very high technical potential for
onshore wind. As it is a very cheap source of renewable energy, it outcompetes other
renewable sources of energy. (ii) the technical potentials are very high compared to
what is currently installed and might never be reached because of social acceptance;

• Having a good temporal resolution is especially important to integrate a high share
of VRES. Therefore, to obtain systems with high penetration of VRES, we set the
greenhouse gas emission reduction to 90% compared to 1990;

• All regions can import fossil or renewable fuels from the rest of the world but not
electricity.

The case studies are built by associating six macro-regions covering Western Europe
(Figure 2). In all cases, these macro-regions are considered as one cell each. In multi-regional
cases, they can exchange energy carriers between them. They are defined as follows:

• AtChIt: Austria, Switzerland and Italy;
• DeBeNeLux: Germany, Belgium, Netherlands and Luxembourg;
• Scandinavia: Denmark and Sweden;
• Iberian Peninsula: Spain and Portugal;
• France;
• British Islands: Ireland and the United Kingdom.

Figure 2. The six macro-regions considered to build the nine case studies: six with 1 cell, one with
2 cells, one with 3 cells and one with 6 cells.

From these regions, the nine case studies are selected for their diversity. Four main
differences are considered (Table 1): (i) the ratio between renewable energy potentials
(REPs) and final energy consumption (FEC), providing an informed guess of whether
the region will be in deficit or in excess in a fossil-free energy system; (ii) the allowed
installation of nuclear power plants; (iii) the share of solar in the REPs; (iv) the share
of wind in the REPs. Table 1 gives a classification of the cases for these criteria in five
categories, from the worst/lowest (- -) to the best/highest (++). In addition, cases with a
different number of interconnected regions are considered: one, two, three and six. Having
a multi-regional case complexifies the clustering of TDs and might lead to different results
from one- to six-region cases. The code at the beginning of the name of each case gives the
number of cells.
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Table 1. Diversity of considered cases. Four influential characteristics are compared qualitatively and
classified into five categories, from the lowest (- -) to the highest (++): (i) ratio between renewable
energy potentials (REP) and final energy consumption (FEC); (ii) investment in nuclear power plants
allowed; (iii) share of solar in REPs; (iv) share of wind in REPs.

Test Case REP/FEC 1 Nuclear Solar Wind

1R-AtChIt - - - + -
1R-DeBeNeLux - - - - + - +
1R-Scandinavia ++ - - - - ++
1R-Ib.Peninsula ++ - - ++ + -

1R-France + - ++ + + -
1R-Brit.Islands + - - - + - ++

2R-DBNL-Fr - + + + -
3R-AtlanticEU + + + +

6R-WesternEU 2 + - + - + +
1 For all case studies, the renewable energy potentials are derived from [66,67], and the final energy consumption
from [68]. In this column, the symbols indicate ranges of the ratio REP/FEC: (- -) REP/FEC < 1, (-) REP/FEC ∈
[1; 1.25[, (+ -) REP/FEC ∈ [1.25; 1.75[, (+) REP/FEC ∈ [1.75; 2[, (+ +) REP/FEC ≥ 2. The range at the margin
to supply its demand with RES has been chosen to be around 1.5 to account for losses from primary energy to
final energy. 2 For the case with 6 regions, we could not solve the full-year case on our machine due to a lack of
memory. The following conservative approach has been used to fill this lack of data: the case with the highest
number of TDs (i.e., 180) has been taken as the reference, and the design errors computed have been shifted up by
the error at 180 TDs taken from the 3-region case.

From Table 1, the cases’ characteristics can be summarized as follows:

• 1R-AtChIt: one-region case with a small deficit of renewable energy source potentials,
mostly oriented towards photovoltaic panels;

• 1R-DeBeNeLux: one-region case with a high deficit of renewable energy source
potentials, a substantial potential for wind turbines and lower photovoltaic;

• 1R-Scandinavia: one-region case with a high excess of renewable energy source
potentials, especially in terms of wind power;

• 1R-Ib.Peninsula: one-region case with a high excess of renewable energy source
potentials, especially in terms of photovoltaics;

• 1R-France: one-region case at the margin in terms of renewable energy source poten-
tials but allowed to invest in nuclear power;

• 1R-Brit.Islands: one-region case at the margin in terms of renewable energy source
potentials, without nuclear and with its main potential being wind;

• 2R-DBNL-Fr: two-region case (i.e., DeBeNeLux interconnected with France) with a
small deficit of renewable energy sources but with nuclear power allowed in France;

• 3R-AtlanticEU: three-region case (i.e., Iberian Peninsula, France and British Islands
interconnected) with a small excess of renewable energy source potentials, some
nuclear in France and good photovoltaic and wind potentials;

• 6R-WesternEU: six-region case at the margin in terms of renewable energy source
potentials, some nuclear in France and good photovoltaic and wind potentials.

4. Results and Discussion

This section presents and discusses the error evaluations for all cases. First, it illustrates
the gain in computational tractability with the number of TDs. Then, it evaluates the
a priori errors. Afterwards, the sensitivity of the energy system results is studied. Finally,
the a priori and a posteriori metrics are compared, and a method for any new case study is
proposed. In all figures, the one-region cases have the same colours as in Figure 2, and the
multi-region cases have different shades of grey.
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4.1. Gain in Computational Tractability

Figure 3 provides the gain in computational time of each model evaluation compared
to the full-year resolution. The optimisation problem is solved using the commercial soft-
ware IBM CPLEX 12.9 with a barrier algorithm on an Intel®Core™ Quad i9-10980XE CPU
@3.0 GHz, with a memory of 128 GB. The oscillation is due to the fact that the optimisation
problem changes slightly by changing the number of TDs. Hence, the polyhedron of the
feasible solutions changes, and the algorithm might not always converge faster when
slightly decreasing the number of TDs. The optimisation was run several times in the case
of the biggest oscillation to make sure it did not come from other causes. However, when
solving many numbers of TDs, a general trend can be seen. The gain in solving time is
mostly significant below 90 TDs, in particular for multi-regional cases. Hence, our range of
interest is 2 to 90 TDs. The different errors are studied in this range.

0 20 40 60 80 100 140 180 220 260 300 340 365
0
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12
15
18
21
24
27
30

Number of TDs

Ti
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in

1R-AtChIt
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1R-Ib.Peninsula

1R-France
1R-Brit.Islands
2R-DBNL-Fr

3R-AtlanticEU
6R-WesternEU(90,[1.3-5.2])

Figure 3. Time gain expressed as the ratio of the computational time with full-year resolution to the
one with lower numbers of typical days (TDs) for all case studies.

4.2. A Priori Evaluation: Clustering Error

Figures 4–6 present the evolution of the time series error (TSE), the duration curve
error (DCE) and the correlation error (CE). They evaluate, respectively, whether the time
series at each hour of the year, their distribution and the relationship between time series
are well represented. These errors are studied as they are the most common in the literature,
and they are easy to evaluate a priori. It makes them convenient to choose the number of
TDs at a low cost for a new case study.
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Figure 4. Evolution of the time series error (TSE) with the number of typical days (TDs) for all
case studies.

For all cases, up to 20 TDs, these errors decrease rapidly. At a higher number of TDs,
the time series error decreases linearly, whereas the other errors stay very low and are
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nearly constant. Hence, the time series error is the only a priori error that keeps a certain
sensitivity to the number of TDs above 20 TDs. At this stage, it is not possible to formally
define the acceptable threshold for these errors.
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Figure 5. Evolution of the duration curve error (DCE) with the number of typical days (TDs) for all
case studies.
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Figure 6. Evolution of the correlation error (CE) with the number of typical days (TDs) for all
case studies.

4.3. A Posteriori Evaluation: Sensitivity of Energy System Results

This subsection studies the sensitivity of the ESOM results to the number of TDs.
First, the error on the objective function, i.e., the annualised total cost, is presented. Then,
the design error is analysed.

Figure 7 presents the relative error on the total annualised cost of the system as a
function of the number of TDs. The error decreases rapidly at low numbers of TDs for all
cases and then stagnates over the entire range. Above 14 TDs, the error is below 1% for all
cases except for 1R-Scandinavia and 1R-Brit.Islands. In these two cases, the total cost is
overestimated. In general, the error on the total cost stays very low for any number of TDs.
It is thus not the best metric to evaluate the error in the energy system results. Indeed, very
expensive technologies (e.g., private cars) are quite insensitive to the temporal resolution.
On the contrary, some key technologies for the security of supply (e.g., seasonal thermal
storage) might represent a lower share of the total cost and be very sensitive to the number
of TDs. A closer look at the error in the investments in the assets and the primary resources
used over the year is necessary.

Figure 8 depicts the design error for all cases. In all cases, except 1R-Brit.Islands,
at 10 TDs, most of the gain in accuracy is achieved, and an error below 20% is reached (i.e.,
DE ∈ [7.3; 16.1]%). Using 10 TDs divides the computational time by 8.6 to 23.8, according to
the case. The 1R-Brit.Islands case needs 46 TDs to have a significant gain in accuracy and 66
TDs to reach an error below 20%. However, as described in Table 1, this case has particular
characteristics that can be detected a priori. Indeed, it is the only case with just enough



Energies 2023, 16, 2772 11 of 20

renewable energy potentials to supply its final energy consumption (i.e., REP/FEC = 1.47
or “(+ −)” in Table 1), and no possibility to install a low-carbon nuclear baseload. Thus,
it is more sensitive to the quality of the temporal representation. Indeed, a bad temporal
representation leads to an underestimation of the intermittency of renewables. Hence,
it overestimates their contribution and needs to import fewer fuels from outside of the
system to compensate for their intermittency with dispatchable energy sources. For the
other one-region cases, the design error can be further reduced by increasing from 10 to
24 TDs, if needed. On the contrary, for the multi-regional cases, only a small reduction in
the design error can be achieved above 10 TDs (i.e., at the most, 4.7% by using 90 TDs).
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Figure 7. Evolution of the error on the annualised total cost (objective function) with the number of
typical days (TDs) for all cases. The dashed line represents the threshold of the error at 1%.
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Figure 8. Evolution of the design error (DE) with the number of typical days (TDs) for all case studies.

Figure 9 underlines the trade-off between time gain and design error. It is a combina-
tion of Figures 3 and 8. The more a point is in the upper-left corner of the graph (i.e., high
time gain and low design error), the better the trade-off is. Hence, the best trade-offs are at
the top of the long vertical section of each curve.

Here, again, the case 1R-Brit.Island stands out, as it always displays a high design
error. To reach a design error below 20%, its time gain falls down to 3.7. Another choice
could be to favor time gain (up to 12) at the cost of a higher design error (25.8%). Otherwise,
other temporal aggregation techniques could be tested and perform better on this type of
case (e.g., adding manually extreme days after the TD clustering). This could be explored
in future works using the developed design error.

The other cases can be divided into two categories on this graph: (i) the one-region
cases have good trade-offs with a time gain of 9.5 to 14.6 and a design error below 10%;
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(ii) the multi-regional case also reach high time gain at the best trade-off (6.2 to 16.1) but
have a higher design error (between 12 and 16%). For all these cases, the best trade-offs
correspond to the points at 10 TDs already analysed on the basis of Figure 8.
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Figure 9. Relation between time gain and design error. The more a point is in the upper-left corner
the better it is (i.e., high time gain and low design error). For each curve, the best trade-off lies at the
top of the vertical section.

4.4. Comparison of a Priori and a Posteriori Errors

This subsection studies the correlation between a priori and a posteriori metrics. A
priori errors can be evaluated without solving the ESOM. Hence, they could allow to select
the number of TDs at a low computational cost. Indeed, the clustering of TDs has a low
computational cost (i.e., around 10 to 20 s), and it only needs to be computed once for many
scenarios in the same geographical area.

Table 2 reports the significant correlation between the design error and the different a
priori errors. In particular, the time series error has a correlation above 0.9 in most cases.
Hence, it is investigated in further detail.

Table 2. Correlation between a priori and a posteriori errors for all cases.

Test Case Time Series Error Duration Curve
Error Correlation Error

1R-AtChIt 0.92 0.85 0.75
1R-DeBeNeLux 0.68 0.83 0.83
1R-Scandinavia 0.94 0.76 0.66
1R-Ib.Peninsula 0.90 0.68 0.70

1R-France 0.69 0.76 0.79
1R-Brit.Islands 0.90 0.64 0.54

2R-DBNL-Fr 0.71 0.77 0.82
3R-AtlanticEU 0.93 0.73 0.69
6R-WesternEU 0.91 0.92 0.94

Figure 10 gives more insights into these correlations. It presents the design error
and the time series error for all cases and for all points evaluated. If we discard the
particular case of 1R-Brit.Islands, most of the points (99.5%) are concentrated below the
curve DE = TSE. Hence, the time series error can be considered a good prediction of the
upper bound of the design error. In addition, the points can be approximated by the linear
relationship DE = 0.75 TSE. This relation is still conservative as most of the points (85.7%)
lie below this curve.

As discussed previously, the 1R-Brit.Islands case behaves differently than the others.
However, this can be detected a priori by computing the ratio REP/FEC, and the rule
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to select the number of TDs based on the time series error can be adapted to a more
conservative approach. The points of this case stay close to the curve DE = TSE, and for
the trade-off at 46 TDs found in Figure 8, DE = TSE + 0.03.
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Figure 10. Design error (DE) vs. time series error (TSE) for all cases and all numbers of TDs evaluated
(i.e., 432 model evaluations). The 1-region cases are depicted in colours, and the multi-region cases
are in shades of grey. A line for DE = TSE and a line for DE = 0.75 TSE are represented to underline
that, discarding the particular case 1R-Brit.Islands, (i) all points are located below the first line; (ii) the
second line is a good linear approximation of the relation between DE and TSE.

To conclude, the time series error provides a good estimation of the design error that
can be expected. Hence, it can be used to select the number of TDs for a new case study.
Two different cases have to be considered according to the ratio between renewable energy
potentials (REP) and final energy consumption (FEC):

1. In most cases, the time series error can be used to select the number of typical days
with the relation:

DE = 0.75 TSE (8)

From the cases studied, a value of DE = 0.165 or TSE = DE/0.75 = 0.22 gives a good
trade-off between accuracy and computational tractability;

2. In the particular cases where REP/FEC ∈ [1.25; 1.75[ and no other low-carbon
baseload production is available (e.g., nuclear power), the energy system results
are more sensitive to the temporal resolution. The relation above does not work, but
the design error and time series error stay close in value. Hence, we can use the
following relation:

DE = TSE (9)

For instance, in the case studied that falls into this category (i.e., 1R-Brit.Islands),
the best trade-off between accuracy and computational tractability is at DE = 0.22
and TSE = 0.19.

5. Conclusions and Perspectives

Methods to speed up energy system optimisation models (ESOMs) while keeping
good accuracy are essential to consider the uncertainty inherent to long-term planning.
Typical day (TD) clustering is a well-established method that can significantly improve
the computational tractability. The clustering error (a priori) has been thoroughly studied
in the literature, but its impact on the accuracy of the energy system optimisation results
(a posteriori) is rarely studied in depth. This paper analyses this impact by applying,
for different numbers of TDs, the multi-regional whole-energy system model, EnergyScope
Multi-Cells, to nine cases with different typologies and number of regions. A bottom-up
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design error is developed to evaluate the impact on the results by (i) selecting the elements
(i.e., technologies sizes or primary energy uses) with an unacceptable error (i.e., above
5%) and (ii) defining the design error as the share of the total annualised cost that these
elements represent. Then, this design error is compared with the commonly used a priori
errors (i.e., time series, duration curve and correlation errors).

In all cases, we underline a strong correlation between the design error and the time
series error. This a priori metric gives a good estimation of the upper bound on the design
error and can be used to choose the number of TDs in any new case study without having to
evaluate the ESOM. However, our analysis reveals that cases can fall into two categories to
define the exact relationship between design error and time series error. The first category
gathers most of the cases. Here, a trade-off is found at 10 TDs, which is ensured to have
a design error lower than 17% and runs 8.6 to 23.8 times faster than the full-year model
evaluation according to the case. In those cases, the design error is lower than the time
series error in 99.5% of the model evaluations performed, and it can be approximated by
the linear relation DE = 0.75 TSE. As an indicative value, the results of this study suggest
taking DE = 0.165 or TSE = 0.22. The second category is a particular case that can be
detected a priori by looking at the ratio between the renewable energy potentials (REPs) and
the final energy consumption (FEC), and the possibility of installing low-carbon baseload
(e.g. nuclear power). This particular case corresponds to REP/FEC ∈ [1.25; 1.75[ and no
low-carbon baseload allowed. It is more sensitive to the temporal resolution than the other
cases. For this type of case, this study suggests using a more conservative relation between
design error and time series error: DE = TSE. In addition, this category does not reach
as low a design error as the other, even when increasing the number of TDs. From our
results, we advise aiming for DE = TSE = 0.19 for this type of case. In our study, this is
equivalent to taking 46 TDs which implies a model evaluation that runs 5.7 times faster
than the full year. All those observations work both for 1-region and multi-regional cases.
It proves that the TD approach can be extended to multi-regional whole-energy systems.

To increase the confidence in these conclusions, they should be tested with other
models and in other case studies, with another reference year for the time series, other
technologies, etc. In addition, other limitations of this study could lead to future works:
(i) To evaluate the accuracy of optimisation results with a lower temporal resolution, they
are compared to the full-year model evaluation. It implies that it should be feasible to run
this full-year model. Furthermore, due to the flat optimum of the optimisation problem,
the design error has an oscillating behaviour that makes it hard to interpret. Another
approach to assess the quality of the solutions obtained would be to run a more accurate
operation model and evaluate its adequacy. (ii) The clustering algorithm and its hyper-
parameter were chosen based on the literature. With the newly developed method, it could
be fine-tuned and compared to other algorithms. In particular, the ability of the clustering
algorithm to include the extreme events was not assessed specifically in this work. (iii) TD
clustering is only one of the performance enhancement techniques. A trade-off between
the number of TDs and other techniques, such as spatial aggregation, could exist. Here
also, the developed method to evaluate the loss of accuracy in optimisation results could
be used to find such a trade-off.

To conclude, this study focuses on developing a relevant a posteriori metric (i.e., the
design error) to evaluate the impact of TDs clustering on ESOMs results. It compares
it with the widely used a priori metrics (i.e., time series, duration curve and correlation
errors). This comparison reveals that the time series error is a conservative estimation of
the design error. Hence, it can be used to select a priori the number of TDs to reach a certain
accuracy on the ESOM results. In addition, this work paves the way for many other works
on performance enhancement techniques. Indeed, with a powerful metric that is easily
applicable to any ESOM and any case study, it is possible to compare and assess the best
performance enhancement techniques for a specific case.
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The following abbreviations are used in this manuscript:

1R 1 region
2R 2 interconnected regions
3R 3 interconnected regions
6R 6 interconnected regions
aDE apparent design error
AtChIt Austria, Italy and Switzerland
AtlanticEU Interconnected Atlantic European Countries

(i.e., British Islands, France and Iberian Peninsula)
Brit.Islands British Islands (i.e., Ireland and United Kingdom)
CE Correlation error
DBNL-Fr DeBeNeLux interconnected with France
DCE Duration curve error
DE Design error
DeBeNeLux Germany, Belgium, Netherlands and Luxembourg
ES-PT Spain and Portugal (or Iberian peninsula)
ESOM Energy system optimisation model
FEC Final energy consumption
FR France
GHz Gigahertz
GW Gigawatts
HVC High value chemicals
Ib.Peninsula Iberian Peninsula (i.e., Spain and Portugal)
IE-UK Ireland and United Kingdom (or British Islands)
PV Photovoltaic panels
REP Renewable energy potential
RES Renewable energy sources
TD Typical day
TSE Time series error
VRES Variable renewable energy sources
WesternEU Interconnected Western European Countries

(i.e., Alp.States, DeBeNeLux, Scandinavia, France and Brit.Islands)

Appendix A. Oscillation in Design Error and Smoothing

This section explains in more detail the oscillating behaviour of the design error.
The 3R-AntlanticEU case is used as an example to present this phenomenon, but it could
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be underlined in any case study. Firstly, the difference between apparent design error
(aDE) and design error is illustrated. Then, an example of changes due to the flat optimum
is presented.

As explained in Section 2.3.2, the optimisation of the design and operation of large
integrated energy systems has a flat optimum. Indeed, several equivalent solutions exist
with different designs. This explains the interest in near-optimal solutions exploration in
the field [69–75]. Figure A1 presents the difference between the apparent design error and
the design error. There is an oscillating behaviour where sometimes a higher number of
typical days (TDs) leads to a higher design error. The problem considered is a whole-energy
system where the different energy sectors are highly coupled. It leads to complex energy
systems where all decisions are linked. Hence, it is not possible to determine, in general,
which part of the error comes from the lower temporal resolution and which part comes
from the flat optimum. However, when an increase in the number of TDs implies an
increase in design error, this is most likely due to a switch from an equivalent solution
to another. Therefore, we can approximate the design error at a certain number of TDs
by the minimum of the apparent design error for this number or lower numbers of TDs
(Equation (7)). This reveals a part of the oscillation due to the flat optimum, but there is no
way to prove that it considers its whole effect.
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Figure A1. Evolution of the apparent design error and the design error for the 3R-AtlanticEU
case study. The apparent design error has an oscillating behaviour due to the flat optimum of the
optimisation problem. Therefore, it is approximated by its lower bound.

Figure A2 provides an example of oscillating behaviour due to the flat optimum. It
presents the relative error in assets and resources used to provide the non-energy demand
for high-value chemicals (HVC) for the British Islands in the 3R-AtlanticEU case study.
There are two competing routes: (i) importing more renewable methanol and converting
it to HVC (i.e., green and orange curves); (ii) importing more oil, converting it to HVC,
and emitting less in other energy sectors (i.e., blue curve). The error on those two options
oscillates in opposite directions from one number of TDs to the other. This even occurs at
a high number of TDs, with very accurate temporal resolution. For instance, the relative
error on those elements becomes very small at 102 and 120 TDs and increases both between
and after those numbers. This shows that those two options are equivalent.
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Figure A2. Example of oscillating elements in the production of high-value chemicals (HVC) for the
British Islands for the case 3R-AtlanticEU. At high numbers of TDs, the problem oscillates between
two equivalent solutions: one with more production from renewable methanol and less from oil and
another with the opposite.

Appendix B. Impact of the Threshold on the Elements Error

Based on the approach explained in Section 2.3.2, Figure A3 is built, taking different
acceptable thresholds for the error on elements (2.5, 5 and 7.5%). This is performed on the
3R-AtlanticEU case study to illustrate the results, but it could be extended to any other case.
Taking those acceptable threshold increases or decreases, respectively, the design error by
less than 3.5%. In addition, the general shape of the curve stays unchanged; that is, most
of the gain in accuracy is reached around 14 TDs, and then the error is nearly constant.
As the goal of this metric is to find trade-offs between the accuracy of the model results
and computational cost, any of those thresholds are equivalent.
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Figure A3. Evolution of the design error (DE) with the number of typical days (TDs) for the 3R-
AtlanticEU case study. The grey curve is made with the reference threshold of 5% for the error on
each element. The grey area around it is obtained by exploring the sensitivity of this threshold down
to 2.5% and up to 7.5%.
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