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ARTICLE INFO ABSTRACT

Handling editor: Neven Duic To reduce the computational complexity of Capacity Expansion Models, the planning horizon must be simplified
into representative time-periods. Also, to accurately model the expansion of power and storage units, these

Keywords: representative time periods must reveal the mid-term dynamics of the planning horizon. In this paper, a novel

Capacity expansion model hierarchical clustering algorithm is presented that retains the chronology of the original data in creating

Hierarchical clustering representative time periods. The proposed algorithm, first, determines the optimal number of clusters with a

Euclidean distance

Elbow method modified elbow method, enhanced with a stopping criterion to prevent it from running uselessly. The designed

Stopping criterion stopping criterion works based on percentage variance and runtime to determine the number of clusters sys-

K-medoids tematically. Then, the proposed clustering algorithm employs a novel selection strategy based on the Euclidean

K-means distance, k-Medoid, and k-Means to determine the most proper representative vector in each cluster. In this way,
it reduces the computational time of capacity expansion models while maintaining the accuracy of final answers.
To evaluate its performance, the proposed algorithm is tested on energy data, including demand, photovoltaic,
wind, and hydrogen generation, across hourly, daily, and weekly time periods. Also, the performance of the
proposed clustering algorithm in selecting the number of clusters and clustering is compared with the results of
some well-known methods on accuracy and runtime metrics. Numerical results show that the proposed clustering
method selects a more appropriate number of clusters in less computational time than other systematic ap-
proaches. Moreover, findings on clustering show that the proposed algorithm achieves the highest accuracy on
weekly and daily time periods compared to well-known clustering methods, with the error rate of 118 % and 52
%, respectively. Furthermore, implementation results show that the proposed clustering reduces the computa-
tional time of capacity expansion models by 84.81 % and 55.91 % on weekly and daily time periods. Addi-
tionally, this study assesses the robustness of the clustering methods through a sensitivity analysis, which shows
that the proposed algorithm outperforms the others in this metric, as well.
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1. Introduction

Based on European Energy Roadmap [1], current energy systems
must be substituted with carbon free energy sources. To this end, clear
policies along with a precise investment overview are needed. Capacity
Expansion Models (CEMs) are practical tools to determine the properties
of future energy plants, satisfying the demand of the future with opti-
mized cost [2]. The properties of energy plants make CEMs long-term
problems that extend to many years [3]. Since the elements of an en-
ergy plant are normally represented on an hourly basis, computing CEMs
would be intractable for long-term extensions. Subsequently, a stylized
planning horizon must be employed to diminish their computational
complexity [4]. Selecting some limited blocks of the full-time horizon
would be an immediate answer to address this problem [5,6]. However,
despite the computational efficiency of this strategy, it does not consider
the chronology of the dataset. Therefore, it fails to fulfil the goal of
CEMs. Selecting Representative Time Periods (RTPs) is an alternative
approach where a set of limited but representative data is used to model
the full-time horizon [3]. With this strategy, a full-time horizon dataset
(e.g. one year of demand) is processed, and the most appropriate RTPs
are selected to diminish the computational complexity of the CEM.
Although RTPs can be defined in different formats such as hours, days,
and weeks, selecting a reduced set of days or weeks is a more reliable
strategy because the chronology of the parameters is typically preserved
within these periods [7,8]. In the case of days and weeks, the original
dataset is grouped in 24-h and 168-h periods, respectively and then
proper RTPs are selected.

Fig. 1 exemplifies the electricity demand for two weeks and two
representative days. As illustrated in the figure, the first day of the
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demand is represented by one representative day (green line), while the
demand for the following thirteen days is represented by the other
representative day (blue line). Therefore, instead of solving the CEM on
the full two weeks (336 h) only two representative days (48 h) are used.
One solution for the RTPs’ finding is making use of clustering algo-
rithms [9]. Clustering algorithms split the input data into groups called
clusters in a way that the elements of a cluster are more similar to each
other than the elements of the other clusters [10]. After clustering the
data, one element of each cluster is selected to represent the corre-
sponding cluster [11]. Therefore, time periods (e.g. hour, day, or week)
are gathered into some clusters and an element of each cluster is selected
as RTP, condensing the full-time horizon into a reduced number of
representative data. However, there are some major challenges that
must be addressed. First, the user must decide about the clustering al-
gorithm. The literature shows a strong variety of clustering options that
are used, where K-Means, k-Medoids, and hierarchical clustering are the
most common clustering methods to select RTPs [9]. However, there is
no methodology to select the best option [12]. While k-Means is an
accurate and easy-to-implement algorithm, it is limited by its need for
predefined number of clusters, and it misses peak values in the data.
K-Medoids, on the other hand, is more robust to peak values but does not
fully capture the influence of all the elements within a cluster and
limited to a predefined number of clusters. In contrast, hierarchical
clustering is not limited to a predefined number of clusters; However, it
potentially overlooks peak values in the data because it always considers
the average of the elements within the cluster to represent it.
Determining the optimum number of clusters is the next challenge
that must be addressed. The main problem is that there is no precise
method to determine this optimum number beforehand [9]. Increasing
the number of clusters gradually to measure the optimization error is
one common strategy that is employed in Refs. [13,14]. Elbow methods
and average normalized root mean square error are other approaches
used by Refs. [15-18], respectively. Another well-known method is
silhouette coefficient, which determines the number of clusters based on
the Euclidean distance between samples within each cluster [19].
However, running the algorithm for all the possible numbers of clusters
is the common drawback of the mentioned methods. To tackle this
problem, an algorithm is designed in Ref. [20] to systematically select
the optimum number of clusters. This method gradually splits and
merges the clusters according to the inner variance and similarity be-
tween the centroids of the clusters. The process is continued until
reaching the optimum number of clusters that is determined by three
stopping criteria to prevent the algorithm from running unnecessarily.
This method suffers from the same problem as k-Means and hierarchical
clustering, where it relies just on the centroids to merge two similar
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Fig. 1. Spain electricity demand (red line) and two representative days (first day green and second day blue).
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clusters. Consequently, it may merge clusters that are not very similar,
leading to an incorrect determination of the number of clusters. In
addition, there are some other methods such as [3], where the authors
select a number as the optimum cluster with no explanation.

Finally, the duration of each PTR is a challenge, where an hourly,
daily, and weekly basis are typically selected. The literature shows that
selecting representative days is the most common methodology [9].
However, in some studies, such as [3], the proposed hourly clustering is
compared with daily and weekly versions in terms of accuracy and
computational time and the results show that it outperforms them.

According to those challenges, this paper proposes a novel agglom-
erative hierarchical clustering approach to retain the chronological in-
formation of the full-time horizon. This paper selects hierarchical
clustering over the other methods because it does not depend on
initialization [3]. Moreover, to address the issue of the number of
clusters, this study proposes an improved elbow methos to determine it
systematically. Unlike the previous methods that must run for all the
possible number of clusters, this study presents Elbow Method with
Stopping Criterion (EMSC) to prevent the algorithm from running when
it is not needed. Moreover, the proposed hierarchical clustering method
uses a novel strategy to select the most appropriate vector to represent
each cluster. In contrast to preceding hierarchical approaches such as [3,
71, the proposed clustering strategy pays attention to both medoid and
mean vectors of a cluster. It measures the inner Euclidean distance be-
tween the mean and medoid vectors of the cluster with other members
within the cluster, selecting the one with the minimum distance as the
representative vector. In this way, the proposed method captures the
chronological information of the input data as the selected RTP is more
similar to other members of the cluster. Finally, the paper runs the
proposed Euclidean based Agglomerative Hierarchical Clustering
Method (EAHCM) on an hourly, daily, and weekly basis to analyze
which of the duration options works better in terms of computational
time and error rate. To extract the level of accuracy, the results of
solving CEM based on representative hours, days, and weeks are
compared with full-time horizon data. Therefore, the contributions of
this paper are as follows.

- Proposing a stopping criterion to enhance elbow method for deter-
mining the optimal number of clusters in energy consumption
profiles.

- Developing a novel agglomerative hierarchical clustering approach
to improve energy load pattern identification, using Euclidean dis-
tance for representative selection.

- Combining medoid and mean-based representative selection to pre-
serve the chronological structure of energy patterns.

- Comparing hourly, daily, and weekly clustering to assess the impact
of temporal resolution on energy system modeling in Spain.

The rest of this paper is organized as follows. The state of the art is
reviewed in Section 2. Section 3 describes the process of EMSC to
determine the optimum number of clusters. Section 4 proposes the
EAHCM. The CEM problem is detailed in Section 5. Numerical results are
detailed in Section 6, while Section 7 is devoted to its comparison.
Finally, conclusions are presented in Section 8.

2. State of art

As aforementioned, k-Means, k-Medoids, and hierarchical clustering
are the main RTPs selection techniques found in the literature. The
traditional k-Means method [21] is purposed to partition the input data
into a number of clusters while minimizing within-cluster variances.
Regarding the performance of this method, Li et al. integrate it into a
cost-based representative day selection algorithm [9]. Rather than
solving CEM on the full time-horizon, this study solves CEM separately
for each day to determine the optimal solutions. The days are then
clustered based on their optimal CEM results, grouping those with
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similar answers. Afterwards, CEM is solved based on the clustered days.
In this study, the authors use k-Means with three clusters to reduce the
dataset, but they do not explain why this number is chosen. In addition,
the computational time introduced by running the optimization for all
possible days is a significant challenge for this study, especially for
long-term CEMs. Mallapragada et al. investigate the impacts of adding
temporal and operational details on the outcomes of CEM problem [13].
In this study, k-Means is employed to select suitable RTPs in the format
of days to reduce the full time-horizon. The main reason for choosing
k-Means over other methods is the structure of the data. As the authors
explain, since their data does not have an islanded structure, k-Means
outperforms other clustering approaches. However, the study has a key
drawback: the number of clusters is not selected systematically. Li et al.
propose a mixed-integer linear programming to solve transmission
expansion planning [22]. Given the problem’s complexity, some repre-
sentative days are selected by k-Means. Moreover, to find the best
number of clusters, this study gradually increases the number of repre-
sentative days and selects the best number of clusters based on the
change in trial-and-error of the optimization. Therefore, this method
requires multiple runs of the optimization model, increasing computa-
tional time.

In addition to the particular weaknesses of clustering methods based
on classic k-Means, these methods suffer from one common problem that
is capturing peak values in the original data. This issue arises because k-
Means always uses the clusters’ mean, overlooking peak values. To
overcome the limitations of k-Means, particularly its inability to
consider peak values in the data, Garcia-Cerezo et al. introduce a
modified k-Means, providing the clustering in two stages [23]. In this
research, initially, days are clustered into k; clusters by means of
k-Means. Subsequently, k-Means is run on each cluster separately and
divides them into ky clusters. Therefore, the input data is categorized
into k clusters, where k = k; x ky. Although this two-stage clustering
approach improves clustering quality, it does not fully resolve the issue,
as the primary problem stems from selecting the mean of each cluster as
the RTPs. Additionally, the study does not provide any explanation for
choosing the number of clusters, which is a significant weakness. Munoz
and Mills analyze how time resolution and solar PV penetration affect
resource adequacy using a modified k-Means clustering approach [24].
In this study, k-Means is constrained to include 10 peak loads, improving
the clustering of representative days. Also, to determine the best number
of clusters, this study examines 5 to 2000 number of clusters, finding
that at least 50 days are required for accurate optimization. While
forcing k-Means to include certain number of peaks improves the clus-
tering quality, running the clustering method based on different number
of clusters increases the computational time, which is a weakness of the
method.

The k-Medoid is another clustering approach that is used in different
studies [9]. The classic k-Medoids method [25] operates like k-Means,
with the key difference that it seeks to minimize the distances from the
medoids of each cluster. Given that a medoid is an actual element of the
corresponding cluster, k-Medoids can retain the chronological order of
the original data, and it can improve the presentation of peak values.
Regarding this characteristic, k-Medoids has been employed in different
studies. Scott et al. use k-Medoids to introduce a novel RTP selection
strategy [26]. In this strategy, there are two sets of medoids, namely
preselected and random. The preselected medoids are the ones that are
selected based on prior knowledge, ensuring the selection of peak
values, while the rest of the medoids are selected randomly. This study
reports all the results based on nine clusters, but it is not described why it
is selected as the number of clusters. Bahl et al. use k-Medoids to opti-
mize the synthesis of energy systems, aiming to determine the optimal
investment and operation strategies for power systems [27]. First, this
study investigates the best period length for RTPs, selecting days and
then, k-Medoids is employed to select suitable RTPs that runs based on
five different numbers of clusters, which are 1, 2, 4, 6, and 12. In this
study, the selection of the RTPs depends on the number of clusters,
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where a RTP in spring is selected in the case of 1 cluster and 1 RTP per
month is selected in the case of 12 clusters. Unfortunately, this study
does not explain why these numbers of clusters are selected, which is a
weak point for it. Maiz et al. use k-Medoids to select representative days
for solving the virtual power plant expansion problem [28]. Due to the
importance of market prices and renewable energy generation, this
study runs k-Medoids on these datasets to reduce them. Also, in this
study, the number of clusters is arbitrarily set to four without explana-
tion, which is a drawback for it.

Although k-Medoids outperforms k-Means in terms of retaining peak
values, it does not consider the effects of all the elements within the
cluster that is an inherent weakness for all the clustering method based
on classic k-Medoids. To address the problems of k-Medoids, Arnold
et al. introduce a modified version to solve CEM [29]. In this research,
Pearson correlation coefficient and Hamming similarity are combined
with k-Medoids to retain the effects of the elements in each cluster.
Moreover, this research considers eight clusters and pays attention to
weekday and weekend in running the clustering method. However, the
number of clusters is not determined systematically, that is a weakness
for this method. Anderson et al. combine k-Means with k-Medoids to
reduce the dimensionality of the input data for solving CEM [30]. In this
approach, the days are first clustered using k-Means, and then the
medoid of each cluster is selected as the corresponding RTP. Although
combining k-Means with k-Medoids helps mitigate the issue of peak
values, it does not fully resolve it. This is because the medoid is chosen
only after clustering, meaning k-Means has already ignored the peak
values. Additionally, this study determines the number of clusters by
running numerical optimization on different numbers of clusters, which
is a drawback because running the optimization process multiple times
increases the computational time. Li et al. propose a novel k-Medoids
that clusters the input data in the format of weeks [31]. To measure the
distance between the medoids accurately, this study employs dynamic
time warping combined with Euclidean distance. In addition, it sets the
number of clusters equal to five; However, it does not describe why this
number of clusters is selected, which is a weakness for this study. The-
odorakos et al. modify k-Medoids by using Bayesian optimization, which
selects the data dimensionality reduction method, the distance metric
for comparing different days, and the k-Medoid hyperparameters [32].
Additionally, the study runs the clustering method with different num-
ber of clusters to find the best number of clusters. However, running the
clustering method for multiple number of clusters and then comparing
the optimization results increases computational time, which is a
drawback of this study.

Unlike k-Means and k-Medoids, where the merging process is pre-
defined, hierarchical clustering is a method where the merging section
can include additional conditions [3]. The classic Hierarchical Clus-
tering [33] works based on dissimilarity of the elements within the
clusters, where two members with the lowest dissimilarity are put in one
cluster. Pineda and Morales propose a modified hierarchical clustering,
named chronological clustering to solve CEMs [3]. In this study, the
authors consider one more condition for grouping two members in one
cluster. Not only the RTPs of the clusters must be similar, but also, they
must be adjacent. After categorizing RTPs, the authors utilize the means
of the clusters to construct the final representative vectors. Furthermore,
this study tests the clustering method on hourly, daily, and weekly RTPs,
considering 672 h, 28 days, and 4 weeks, finding that hourly clustering
provides the highest accuracy. However, considering the means of the
clusters is the main drawback as it loses the peak values. Also, this study
does not explain how the number of clusters is selected, which is another
limitation. To address this problem, Garcia-Cerezo et al. introduce
recursive hierarchical clustering [34]. This research involves two sets:
the first set includes all the possible RTPs, while the second one consists
of the selected RTPs. At each iteration, the algorithm measures the
dissimilarity between all the elements in the first set with the elements in
the second set. Subsequently, an RTP with the highest dissimilarity is
transferred to the selected RTPs set. To make sure that the peak values
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are not overlooked, the RTPs containing the peak values are transferred
as the first members of selected RTPs set. Computational time, partic-
ularly for long-term data, is the main drawback of this algorithm
because many comparisons must be made at each iteration. Moreover,
this study does not employ any strategy to determine the best number of
clusters, which is another weakness. To detect the seasonality impacts of
the original data, Dominguez and Vitali propose repetitive chronological
clustering [1]. In this study, the process starts with the full dataset,
where the first seasonal parameter is detected by running chronological
clustering. Then, it runs the chronological clustering on the represen-
tative vectors, resulting from the first step, to detect the second sea-
sonality parameter. In this study, the process continues to reach the
desired seasonality parameters; However, this number is not determined
systematically and that is a weakness for this study. Marcy et al. compare
the performance of hierarchical clustering for selecting time periods
with sequential and categorial time selections [35]. This research shows
that hierarchical clustering reaches the lowest root-mean-square-error
among the methods, which prove its quality.

Determining the best number of clusters is a major challenge for all
the clustering-based studies including CEMs. Regarding the importance
of this factor in the clustering’s performance, different methods have
been designed to determine the number of clusters. Comparing the
optimization results for each number of clusters is a methodology that is
used in some studies. However, it increases the computational time,
especially for long-term CEMs. Elbow method, in contrast, determines
the number of clusters with lower computational time because it uses
Sum of the Squares of the point to the centroid Distance (SSD) in each
cluster instead of the results of optimization. Section 3 provides a
detailed discussion of the elbow method. However, this method has two
main drawbacks: (1) it is visually dependent, leading to subjective
cluster selection, and (2) it requires running the algorithm for all
possible number of clusters. The former issue is addressed by silhouette
method, which introduces a clear metric to select the best number of
clusters [19]. Silhouette is a popular metric that determines the quality
of the clusters by assessing the distance between cluster elements and
the elements of different clusters. To determine the quality of clusters,
silhouette coefficient for member i must be determined as follows [19]:

s() = b(i) —.a(l). o)
max (b(i),a(i))

where a(i) is the average distance between member i and the other
members in the same cluster and b(i) shows the smallest average dis-
tance between member i and the members from the other clusters. Ac-
cording to Equation (1), the silhouette coefficient for each member falls
within the interval [-1,1], where 1 indicates that the member is well
clustered, and —1 shows that the member is in a wrong cluster.
Furthermore, the values for a(i) and b(i) are calculated using Equations
(2) and (3), respectively. In these equations C; shows the cluster that
contains member i while C; denotes the other clusters. Additionally,
d(i,j) represents the Euclidean distance between members i and j.

a(i)= d(i (2)
\C| -1 Z )
At
d(i 3)
ck¢C.|Ck| Zc; J)

After measuring the silhouette coefficient for all the members, the
cluster silhouette coefficient is calculated by Equation (4). In this
equation, N¢ denotes the number of members in cluster C.

1 e, |
):@;s(z) @

To find the best number of clusters, the silhouette coefficient for all
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Table 1
Properties of clustering methods.
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RTP Duration Analysis Number of Clusters

Clustering

Accuracy Time Selection Complexity Peak Effects All Effects
Arbitrary systematic
Ref. 9 x x v Low v
Ref. 13 x x v Low v
Ref. 22 x x v High v
Ref. 23 x x v Low v
Ref. 24 x x v High v v
Ref. 26 x x v Low v
Ref. 27 v x v Low v
Ref. 28 x x v Low v
Ref. 29 x x v Low v v
Ref. 30 x x v/ High v v
Ref. 31 x x v Low v v
Ref. 32 x x v High v
Ref. 3 v v v Low v
Ref. 34 x x v Low v v
Ref. 1 x x v Low v

the possible number of clusters is measured and then the one with the
highest silhouette score will be selected as the best number of the
clusters. Although this approach tackles the visuality problem of elbow
method, still it needs to run on all the numbers of the clusters to find the
best one, which means additional computational time.

Selecting the duration of RTPs is another research scope in the field
of clustering for CEMs. To the best of our knowledge, day-based RTPs are
the most used methodology for solving CEMs in various studies such as
[9,36]. In contrast, some studies such as [31,37] consider weeks for
RTPs. However, literature review shows that few studies investigate
what duration is the best for clustering by considering different metrics.

Table 1 summarizes the key properties of the reviewed literature. As
shown in the table, no existing study simultaneously addresses all the
essential aspects of an effective clustering method. To bridge this gap,
this paper proposes a novel clustering algorithm that considers all these
aspects comprehensively.

3. Elbow method with stopping criterion

Selecting the optimum number of clusters is a crucial aspect of all the
clustering methods. Despite the importance of it, there is no qualified
method to precisely select the optimum number [12,38]. The classic
elbow method is a visual toolbox to determine the optimum number of
clusters that increasing the number of clusters gradually and measuring
the quality of the clusters is the core idea of this method [38,39]. To
determine clusters’ quality, the classic elbow method uses the percent-
age variance for all of clusters, which is the Sum of the Squares of the
point to the centroid Distance in each cluster. Nonetheless, some other
studies utilize other factors like the result of optimization instead of
percentage variance [40,41]. However, using the result of optimization
increases the computational time because for each number of clusters
the problem must be solved.

Elbow method starts by considering one cluster that includes all the
data points and increases the number of clusters until it reaches the
maximum possible number, where each cluster has only one member.
Then, this method plots the number of clusters versus the percentage
variance to find the best number of clusters. As the number of clusters
increases, more similar data points are grouped together, leading to
reduction in the within-cluster variance and subsequently the percent-
age variance. To this end, the plot has an overall decreasing trend. After
a certain number of clusters, the plot does not change significantly, and
the reducing trend becomes minimal. It indicates that increasing the
number of clusters beyond that point does not improve the quality in
terms of reducing percentage variance. This certain number of clusters is
called the elbow point which is selected as the optimum number of the
clusters [4,38].

Simplicity is for sure one of the positive aspects of this method,
nonetheless there are two important weak points. The first issue stems
from the visuality aspect of the elbow method. In some cases, it is not an
easy task to discern the exact point because there is no clear inflexion.
The second challenge arises from the computational time of the elbow
method. This method must run for all the possible numbers of clusters.
For example, if one year is considered to solve CEM on an hourly basis,
the classic elbow method must run 8760 times, that is the maximum
number of clusters, with each cluster containing just one member.

The problems of the elbow method can be addressed by designing a
stopping criterion. Therefore, a modification is introduced in this paper.
The designed stopping criterion is inspired by meta-heuristic optimiza-
tion algorithms, where the process is continued until reaching a certain
point. Unlike the preceding methods, where just percentage variance or
the result of optimization are considered to determine the number of the
clusters, this study considers two factors, runtime and percentage vari-
ance, to design the stopping criterion. To put it more clearly, EMSC
monitors the changes in the derivative of percentage variance and
runtime to find the best number of clusters. Complexity of CEM is the
main reason for selecting percentage variance over the results of opti-
mization. In other words, using the result of optimization requires
running CEM many times, which is not feasible within the concept of
selecting RTPs.

Equation (5) shows the way EMSC calculates the change in per-
centage variance (Agy,). EMSC employs the ratio between the percent-
age variances with cn clusters (PVa,) and cn— 1 clusters (PVag-1)-
Furthermore, the change in runtime (Ag}) is measured by Equation (6).
Again, EMSC uses the ratio between runtimes with cn clusters (RT,,) and
cn—1 clusters (RTc,-1). Finally, the derivative change of the corre-
sponding number of clusters (DC™) is calculated by Equation (7). The
main reason for using ratios in EMSC is the difference between per-
centage variances and runtime in terms of quantity. Based on the
implementations, while percentage variances are greater than one
million, the runtime for each cluster number is less than 1 s. Using ratios
can balance the range of values of the mentioned elements.

EMSC measures the derivative change as the number of clusters in-
creases with each iteration. The derivative change decreases after a
certain number of clusters because increasing the number of clusters
beyond that number does not change the percentage variance and run-
time significantly. The stopping criterion in this study is defined ac-
cording to the derivative change and how it tends to zero. The stopping
criterion is reached if the derivative change for some consecutive
numbers of clusters (@) is less than a predefined threshold value (f).
Then, the first number of clusters (cn) is selected as the optimum number
of clusters. The process of EMSC is described in Algorithm 1.



M. Riyahi and A.G. Martin

Energy 323 (2025) 135788

Table 2
Properties of generation sources.
Source ig (€ /MW) yg (years) Maximum Capacity (MW) Availibility (p.u.)
Wind 1.5 x 106 25 366900 (Pyina) -
Solar 1x 10 25 221600 (Psotar) -
Hydrogen 1.2 x 10° 50 14700 (h) 0.25 (an)
Table 3
Properties of storage units.
0.25 1
Storage 1 (h) & (pu) i (€ /MW) ¥s (years)
Intraday 6 0.8 1.5 x 108 80
Interday 48 0.7 2 x 10° 60 2 0.20 A
[
S
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2
]
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Fig. 3. Silhouette coefficients.
cn cn
DC™ = Ay, X Apy 7
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Fig. 2. Result of EMSC.
Table 4
Implementation results of EAHCA.
Full Data Weekly (18) Daily (126) Hourly (3024)
Overall Cost(10°€) 8.57 7.88 7.65 7.63
wind (GW) 76.95 82.09 70.95 71.04
Solar (GW) 73.05 50.25 58.53 61.23
Hydrogen (GW) 14.7 14.70 14.70 14.70
Intraday (GW) 11.87 4.08 11.00 14.04
Interday (GW) 13.71 14.84 14.95 9.20
Table 5
Error rate of cluster formats.
Weekly (18) Daily (126) Hourly (3024)
Overall Cost Error (%) 8 10 10
Wind Error (%) 6 7 7
Solar Error (%) 31 19 16
Hydrogen Error (%) 0 0 0
Intraday Error (%) 65 7 18
Interday Error (%) 8 9 32
Overall Error (%) 118 52 83

A PVa,

'PVa Pvacn—l
RTcn

AT —

RT RTcn—l

%)

(6)

Algorithm 1
EMSC

Begin:
Counter =0
for cn in the rage of (1, potential number of clusters):
Start timer = time.time()
Cluster input data, respecting cn
End timer = time.time()
Measure RT,, based on Start and End timer

Calculate PVa,,
ifecn = =1:

DC™ = PVa,, x RT,,
else:

AZvy = PVace, /PVaeg_1
ARr = RTen/RTen1
DC™ — A, x A

if DC™ < p:
Counter + =1
if Counter = = a:
Break for
Optimum Number of Clusters = Counter — (a — 1)
end

4. Euclidean based hierarchical clustering

In [3], an agglomerative hierarchical clustering algorithm with the
purpose of maintaining the chronological order of the members in each
cluster is presented. The clustering method proposed in this paper is a
modified version, where a representative vector is selected according to
both mean and medoid. The process of EAHCM is outlined in Algorithm
2. EAHCM is composed of two main steps, selecting the representative
vector and cluster merging, both are explained in the following
subsections.
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Table 6
EMSC and Silhouette comparison.
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Number of Clusters Weekly

Daily

Hourly

silhouette (21) EMSC (18) silhouette (147) EMSC (126) silhouette (3528) EMSC (3024)
Overall Cost Error (%) 7 8 16 10 12 10
Wind Error (%) 3 6 6 7 5 7
Solar Error (%) 28 31 27 19 61 16
Hydrogen Error (%) 0 0 0 0 0 0
Intraday Error (%) 57 65 12 7 23 18
Interday Error (%) 25 8 10 9 45 32
Overall Error (%) 120 118 71 52 146 83
Table 7
Results of solving CEM.
18 Clustered Weeks
Full CTPC TKM CKM CHC MKMA MMDA EAHCM
Overall Cost(109€) 8.57 7.79 5.70 6.30 5.85 5.48 6.72 7.88
Wind (GW) 76.95 79.36 0.00 0.00 0.00 0.00 0.00 82.09
Solar (GW) 73.05 49.64 116.94 130.82 120.62 109.88 142.16 50.25
Hydrogen (GW) 14.7 14.70 14.70 14.70 14.70 14.70 14.70 14.70
Intraday (GW) 11.87 0.21 0.00 0.00 0.00 0.00 0.18 4.08
Interday (GW) 13.71 20.48 20.02 21.42 20.08 21.99 20.51 14.84
126 Clustered Days
Full CTPC TKM CKM CHC MKMA MMDA EAHCM
Overall Cost(109€) 8.57 7.53 5.54 5.60 5.61 5.40 6.15 7.65
Wind (GW) 76.95 73.50 0.00 0.00 0.00 0.00 0.00 70.95
Solar (GW) 73.05 54.29 112.65 111.80 115.32 109.60 125.36 58.53
Hydrogen (GW) 14.7 14.70 14.70 14.70 14.70 14.70 14.70 14.70
Intraday (GW) 11.87 10.01 0.74 0.00 0.82 0.00 0.00 11.00
Interday (GW) 13.71 12.49 20.14 23.50 18.74 19.84 23.72 14.95
3024 Clustered Hours
Full CTPC TKM CKM CHC MKMA MMDA EAHCM
Overall Cost(109€) 8.57 7.85 5.22 4.01 5.45 5.14 6.29 7.63
Wind (GW) 76.95 78.97 0.00 0.00 0.00 0.00 0.00 71.04
Solar (GW) 73.05 54.99 111.65 73.53 115.99 109.75 131.66 61.23
Hydrogen (GW) 14.7 14.70 14.70 14.70 14.70 14.70 14.70 14.70
Intraday (GW) 11.87 12.35 20.82 8.56 16.75 20.94 8.33 14.04
Interday (GW) 13.71 9.90 0.00 16.71 4.06 0.00 15.56 9.20
Algorithm 2. EAHCM
Begin: RQmedoid = ) Z ”Xmedoid - memberJH (8)
Find Optimum Number of Clusters with EMSC JeCluster
Cluster Numbers = n .
While Cluster Numbers > Optimum Number of Clusters RQumean = Z HXmea,l — membeer 9
Determine the representative vector of each cluster based on Equation 10 jeCluster

Calculate dissimilarity between all the adjacent clusters with Equation 11
Merge to closets adjacent clusters
Cluster Numbers = Cluster Numbers — 1

end

4.1. Selecting representative vector

The mean and medoid vectors of each cluster are the main two ap-
proaches to represent the cluster, which have been used in different
studies. In the first option, the mean vector can absorb the effects of all
the vectors in the cluster. However, it tends to distort the peak values.
On the other hand, the medoid can maintain the chronological order of
the data because it considers one vector of the cluster and can improve
the representation of peak values. However, it disregards the effects of
the other members. To this end, EAHCM uses both approaches to take
advantage of the two options. To select a proper representative vector,
EAHCM calculates the Euclidean distance between the members of the
clusters and the mean (RQedoig) and medoid (RQpmean) Vectors (see
Equations (8) and (9), respectively).

where Xedoiq is the medoid vector and Xneqn is the mean vector of the
cluster.

Afterwards, EAHCM chooses the option that has minimum distance
with the others. In other words, EAHCM selects the option that is closer
to the other members. In this way, the representative vector will be more
similar to the other members within the cluster, thus the chronological
order of the original data is preserved. Equation (10) shows the selection
part of EAHCM where RV .- is the representative vector of the corre-
sponding cluster.

RVclmter = min(RQJnedoid7 RQ.mean) (10)

4.2. Cluster merging

Following the selection of RTPs in the clusters, EAHCM measures the
dissimilarity between the representative vectors of all the adjacent
clusters. Then, two adjacent clusters exhibiting the highest similarity
will be merged. To determine the dissimilarity between two clusters,
EAHCM updates Ward’s equation [25] according to the introduced
method in Section 4.1. Equation (11) finds the dissimilarity of two
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Table 8
Error in clustering methods.
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18 Clustered Weeks

CTPC TKM CKM CHC MKMA MMDA EAHCM
Overall Cost Error (%) 9 33 26 31 36 21 8
Wind Error(%) 3 100 100 100 100 100 6
Solar Error(%) 32 60 79 65 50 94 31
Hydrogen Error (%) 0 0 0 0 0 0 0
Intraday Error(%) 98 100 100 100 100 98 65
Interday Error (%) 49 46 56 46 60 49 8
Overall Error (%) 191 339 361 342 346 362 118
126 Clustered Days
CTPC TKM CKM CHC MKMA MMDA EAHCM
Overall Cost Error (%) 12 35 34 34 36 28 10
Wind Error(%) 4 100 100 100 100 100 7
Solar Error(%) 25 54 53 057 050 71 19
Hydrogen Error (%) 0 0 0 0 0 0 0
Intraday Error(%) 15 93 100 93 100 100 7
Interday Error (%) 8 46 71 36 44 73 9
Overall Error (%) 64 328 358 320 330 372 52
3024 Clustered Hours
CTPC TKM CKM CHC MKMA MMDA EAHCM
Overall Cost Error (%) 8 39 53 36 40 26 10
Wind Error(%) 2 100 100 100 100 100 7
Solar Error(%) 24 52 1 58 50 80 16
Hydrogen Error (%) 0 0 0 0 0 0 0
Intraday Error(%) 0 75 27 41 76 29 18
Interday Error (%) 27 100 21 70 100 13 32
Overall Error (%) 65 366 202 305 366 248 83
Table 9
Average runtime of Solving CEM based on clustered data.
Format Runtime(sec.) CTPC TKM CKM CHC MKMA MMDA EAHCM
Week Clustering 0.19 0.09 0.01 0.01 0.17 0.31 0.15
Solving CEM 2.24 0.01 2.08 3.43 0.01 5.10 2.03
Overall 2.43 0.10 2.09 3.44 0.18 5.41 2.18
Day Clustering 1.39 0.11 0.02 0.02 0.74 8.39 3.06
Solving CEM 4.08 0.01 5.44 7.47 0.02 3.27 3.27
Overall 5.47 0.12 5.46 7.49 0.76 11.66 6.33
Hour Clustering 55.23 30.13 60.97 1.03 44.21 22491.52 276.37
Solving CEM 3.31 16.77 6.26 7.65 0.12 3.65 3.18
Overall 58.54 46.30 67.23 8.68 44.33 22495.14 279.55
adjacent clusters. energy generation, one accounts for the cost of storage units, and one
21| represents the cost of load shedding. Load shedding refers to the delib-
Dgancm(I,J) = mHRV, — RV, an erate reduction of electricity consumption when supply is insufficient to

where RV} and RV are the representative vectors of clusters I and J,
respectively. At each iteration, EAHCM merges two clusters, and this
process continues until reaching the optimum number of clusters.

5. Capacity expansion model

This section designs a CEM for an isolated energy plant that is
powered just by renewable energy sources, such as wind, solar and
hydrogen. Since the plant is isolated, it cannot buy or sell energy to the
grid and its demand must be met exclusively through its own renewable
generation. Additionally, the plant is equipped with two types of bat-
teries, interday and intraday that can be charged when there is excess
generation and discharged during periods of energy shortage. The model
in this study is an updated version of [3].

The designed CEM determines the optimal generation and storage
capacities for the plant to minimize overall costs while ensuring suffi-
cient energy is generated to meet demand. Regarding its objectives, the
objective function consists of four components: two measure the cost of

meet demand. It is typically used as a last resort to maintain the plant
stability and prevent system failures. In the proposed CEM, a penalty is
considered for load shedding to discourage energy shortages in the
plant. Moreover, the CEM in this study is based on deterministic opti-
mization that ignores the uncertainty of the parameters in the optimi-
zation process. The linear optimization model of CEM is formulated such
that each variable corresponds to the length of the input data. In other
words, if the model runs for one full year, each variable has a length of
8,760, matching the number of hours in a year. The model is represented
below.

min rawsc(d; - di) + ;i(;ﬁg DD h (12a)
m Ve ;

0 <P, < Py, VgeG' (12b)

0<h<h (12¢)

> patd (by—by) +h=d (12d)

g s
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Fig. 5. Overall Error rates of different clustering methods on different
weekly basis.
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0<h <h +hVt (120
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0<b, <b, +Db,,Vs,t (12i)
by =bs—1 — by + &b, Vs, t £ 1 azp
0 <by, < n,(b, +b) (12k)
0<d, <d, @azn

As Equation (12a) represents, minimizing the overall cost of the
plant is the main objective, which includes load shedding cost

O, wewsc(d: — dp)), the cost of investment in renewable energy

(Zgyi%ﬁg), storage units cost (Esgbs), and finally hydrogen power cost
g s

O &h).

All the energy plants have a maximum installable capacity for energy
production that cannot be exceeded because ignoring these constraints
may lead to unrealistic energy supply and demand forecasts. Therefore,
Equations (12b) and (12c) are designed to limit the renewable and
hydrogen capacity to a maximum installable capacity. Additionally,
energy plants must balance their production with demand at each time
step. Because this study considers an isolated plant, the energy genera-
tion sources are limited to renewables, storage, and hydrogen that must
meet the demand at the corresponding time step. This balance is ensured
by Equation (12d). Also, the considered energy sources must be limited
to the maximum possible generation that is modeled by Equations (12e)
and (12f) for renewable sources and hydrogen, respectively. Moreover,
Equation (12g) sets the maximum hydrogen energy available over the
planning horizon.

Regarding the utilization of storage units in this study, the con-
straints related to them must be modeled, too. The first constraint is the
charging and discharging levels, that they must not exceed the capacity
of the battery. Equations (12h) and (12i) are designed for this issue,
while Equation (12j) incorporates round-trip efficiency to determine the
storage energy level at each time step. Obviously, the stored energy at
each time-period must be less than the capacity. Equation (12k) models
this constraint. Finally, Equation (12]) makes sure that the served de-
mand is restricted to the demand level at each time-period.

6. Numerical results

In this paper, EAHCM has been implemented with Pyomo 6.6.1 along
with Gurobi solver in Python on a Razer Blade laptop equipped with
CPU of AMD Ryzen 9 8945HX, Radeon Graphics 3.30 GHz, and 32 GB of
RAM. Pyomo is an open-source Python library for formulating, solving,
and analyzing mathematical optimization models such as CEM. It pro-
vides a flexible framework for defining linear, nonlinear, integer, and
mixed-integer programming problems. Additionally, Gurobi is a com-
mercial optimization solver known for its high performance in solving
linear programming, mixed-integer programming, and quadratic pro-
gramming problems. It is widely used in research and industry due to its
speed, robustness, and advanced features like parallel computing and
cutting-edge algorithms.

This study examines generation and storage in Spain for a single
target year, 2030. As section 5 explains, to run the linear optimization
model the properties of solar, wind, and hydrogen generations,
including their maximum installable capacities in Spain must be deter-
mined. Table 2 details these properties. Additionally, storage capabil-
ities must be defined beforehand to run the linear optimization model,
with Table 3 providing the relevant details. Even though CEMs are long-
term problems by nature, one single year is considered because CEM
needs to be solved on the full-time horizon dataset to measure the ac-
curacy of the results. In other words, in the case of a long-time capacity
expansion model with a large dataset the optimization will become
intractable. Therefore, the accuracy of clustering strategies cannot be
evaluated. Subsequently, the demand in the target year must be
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Fig. 7. Overall Error rates of different clustering methods on different
daily basis.

predicted. This study considers the Spanish demand with 1 % growth
since 2017, which is obtained from red electrica de Espana, the Spanish
grid operator.! Finally, this study assumes 1000€/MWh as the load
shedding cost.

Runing EMSC to determine the number of clusters is the first step of
the proposed clustering method. To run EMSC, demand data that is ar-
ranged in the format of weeks, is used. Based on Algorithm 1, two values
must be determined in advance to run EMSC: the predefined threshold
value (#) and the number of consecutive derivative changes (). This
study uses empirical values to run the EMSC, with the threshold value
set to 0.95 (f = 0.95) and the number of consecutive derivative changes
set to 5 (@ = 4). Fig. 2 demonstrates the changes in derivative, runtime,
and percentage variance resulting from running EMSC. As it is depicted,
by increasing the number of clusters beyond 18, the derivative change

! https://www.esios.ree.es/es.
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does not cross the threshold. It means that 18 is the optimum number of
clusters. Although the process of EMSC does not continue after 22
clusters because the stopping criterion is reached, the full process is
shown in Fig. 2 to illustrate the behavior of the derivative change. As
expected, the derivative change falls with increasing the number of
clusters, because the change in percentage variance (Af},) and the
change in runtime (Ag}) are decreasing. This means that increasing the
number of clusters does not significantly change the percentage variance
and runtime, making it unnecessary. According to Fig. 2, Af},, and AR}
record values greater than one when the number of clusters is small.
Therefore, the plot is not monotonous when the number of clusters is less
than 18.

Since the proposed method works based on runtime, with potential
variation from one iteration to another, the process is repeated 30 times.
In all the 30 runs, the general trend of the derivative change plot stays
the same. However, the selected optimum number of clusters changes
throughout the runs. From 30 runs, EMSC identifies 18 as the optimum
number of clusters in twenty-one runs, while 24 is selected in six runs
and 16, 27, and 30 are chosen in just one run.

Once the optimum number of clusters is determined, data must be
clustered. To solve CEM, other data, like capacity factors of solar, wind,
and hydrogen energies are required. Therefore, these datasets are
incorporated in the clustering process alongside the demand data. In
addition to the clustered datasets, the weight of each cluster must be
determined to optimize the CEM objective function. The weight of each
cluster is the number of datapoints, hours, days, or weeks that it
includes.

Table 4 shows the results of solving CEM on the hourly, daily, and
weekly clustered datasets. As the table indicates, this study centers its
attention on six key parameters: overall cost, wind, solar, hydrogen,
intraday, and interday, which are the fundamental elements of capacity
planning model. Considering 18 weeks as the optimum number of
clusters implies that the optimum number of clusters on hourly and daily
basis are 3024 and 126, respectively. Moreover, to find the accuracy of
the clustering formats, the identical problem is solved based on a full
year data. It is straightforward that the results of a better clustering
method must be closer to the full data outcomes.

As Table 4 shows, the six key elements take values in different
ranges, which is a challenge to measure accuracy. To this end, this study
employs Equation (13), where the difference of each key element
resulting from clustering format with the full data format is calculated
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Fig. 8. Average Runtimes of different clustering methods on different weekly basis.

first. Then, the difference value is normalized. Finally, the sum of the
mapped values is considered as the error associated with the corre-
sponding cluster format. Table 5 stands for the error of each cluster
format. As the table indicates, daily clustering format has the lowest
error among the others.

x 100

Error= 13)

Z |full data; — cluster format;|
- full data;

7. Comparison

This section draws a comparison between the proposed clustering
method and other well-know methods. First, the performance of EMSC is
compared with Silhouette method on accuracy to investigate which of
them determines a better number of clusters. Then, EAHCM is compared
with traditional k-Means (TKM) [21], classic k-Medoids (CKM) [25],
classic hierarchical clustering (CHC) [33], Chronological Time-Period
Clustering (CTPC) [3], modified k-Means algorithm (MKMA) [23], and
modified maximum dissimilarity algorithm (MMDA) [34], on three key
metrics: accuracy, runtime, and sensitivity analysis.

7.1. Number of clusters

As discussed earlier, determining a proper number of clusters is a
basic challenge for all the clustering approaches. Although some algo-
rithms are developed in different studies, almost all of them such as
Silhouette need to cluster the input data for all the possible number of
clusters, leading to a high computational time. Therefore, it can be
mentioned that the proposed EMSC has better performance in compar-
ison with silhouette method on the runtime because it does not need to
run for all the possible number of clusters.

Accuracy is another key comparison metric. To assess this, EAHCM is
used to cluster data based on the number of clusters EMSC and Silhou-
ette determine and measure the accuracy of solving CEM for each
clustered data. Fig. 3 represents silhouette coefficients for all the
possible number of clusters on a weekly basis. As shown, the coefficient
reaches its maximum with 21 clusters, indicating that 21 is the best
number of clusters.

Thus, the input data is clustered into 18 and 21 clusters, as deter-
mined by EMSC and the Silhouette method, respectively. Table 6 pre-
sents the error rate for each cluster on an hourly, daily, and weekly basis.

11

As shown, CEM achieves higher accuracy with the number of clusters
determined by EMSC compared to silhouette.

7.2. Clustering accuracy

Accuracy is the first and the most important metric to compare the
clustering methods. To measure accuracy, CEM is solved based on the
full data and the clustered data generated by the clustering methods.
Table 7 shows the results of solving CEM based on weekly, daily, hourly
clustering methods. As the table shows, six key factors resulting from
solving CEM are taken into consideration to measure accuracy. Closer
values to the full data reflect better clustering methodology. To rank the
clustering methods, the error rates are analyzed by means of Equation
(13). The errors in running the clustering methods on weekly, daily, and
hourly basis are presented in Table 8.

As the results show, EAHCM outperforms the other methods in the
weekly and daily formats. Also, it achieves the second highest accuracy
on an hourly basis. These findings prove the effectiveness of the pro-
posed method in comparison with other well-known clustering strate-
gies. Furthermore, the results confirm that running the proposed method
on a daily basis reaches the lowest error rate among the other options.

7.3. Clustering runtime

Reducing the computational burden of CEM is the primary motiva-
tion for using clustering methodology. Consequently, this section pro-
vides an in-depth analysis of the runtime performance of the clustering
methods. Since the runtime changes from run to run, to have an accurate
overview of this metric, each clustering method is run 30 times. It is also
important to emphasize that all algorithms are implemented on the same
hardware to ensure a fair comparison.

According to the implementation results, although the runtime var-
ies slightly across runs, the clustering methods consistently produce the
same results. Consequently, the optimization structure operates on
identical clustered data which results in the same error rate. Table 9
shows the average runtime of the clustering method on a weekly, daily,
and hourly basis. As the table shows, for a more in-depth analysis, the
runtime is broken down into two sections: clustering and solving CEM.
The overall runtime is then the sum of these two sections. Based on the
findings, clustering runtime on a weekly basis is lower than the other
intervals. However, the execution time of solving CEM based on the
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clustered data remains almost the same on weekly, daily, and hourly
basis. Furthermore, based on the overall runtime, TKM demonstrates the
fastest methodology on a weekly and daily basis, while CHC exhibits the
fastest performance on an hourly basis.

The experimental results show that solving CEM on the full data
requires approximately 14.36 s. Regarding the main purpose of using
clustering methodology, the overall runtime of the clustering methods
must be less than 14.36 s. Therefore, it becomes evident from the results
of Table 9 that clustering on an hourly basis is meaningless because
clustering methods, except CHC, do not diminish the computational
burden of CEM.

In addition, to have a clear overview of the performances, accuracy
and runtime metrics must be considered together. Fig. 4 compares the
overall error rate versus the average runtime of the clustering methods
on weekly, daily, and hourly basis. Obviously, a method which is closer
to zero reflects better performance in terms of accuracy and runtime. As
the figure illustrates, EAHCM has the lowest error rate among all, on the
weekly and daily clustering, while it reduces the computational burden
of CEM. Only on an hourly basis clustering, CTPC has better perfor-
mance than EAHCM. However, none of the methods are suitable for the
hourly basis clustering because they do not diminish the computational
time of CEM in comparison with the full data.

7.4. Clustering robustness

Sensitivity analysis is a valuable tool for measuring the robustness of
the clustering methods. In this analysis, some parameters are system-
atically changed to observe the performance of the clustering methods.
Based on the obtained results in sections 7.2 and 7.3, clustering on an
hourly basis can be ignored due to its computational time. Thus, this
section undertakes the sensitivity analysis of the clustering methods,
focusing just on weekly and daily intervals.

Although selecting the optimum number of clusters is one of the
novelties of this study, this section changes the number of clusters for the
sake of sensitivity analysis. In this study, 10 number of clusters are
selected in a random way for weekly and daily clustering. Clustering
methods are executed based on these number of clusters and the error
rates and runtimes are analyzed. As mentioned earlier, due to the slight
fluctuation in runtime, the clustering methods are run 30 times on each
number of clusters. However, repeating the runs is not necessary to
assess the error rate performance because it remains constant
throughout the runs. The selected values are 9, 13, 16, 21, 24, 30, 35, 41,
45, and 48 weeks, which are equal to 63, 91, 112, 147, 168, 210, 245,
287, 315, and 336 days.

Fig. 5 depicts how the error of the clustering methods fluctuates with
changing the number of clusters on a weekly basis. It can be clearly seen
that the performances of EAHCM and CTPC are far better than the other
implemented methods. Moreover, the proposed method exhibits supe-
rior performance compared to CTPC in 8 cases out of 10, which depicts
the robustness of EAHCM.

Fig. 6 shows how changing the number of weeks impacts the overall
runtime of the clustering methods. This figure uses boxplots demon-
strating the variation of 30 implementations where the average of these
runs is shown with a black line in each box. Obviously, a clustering
method with shorter average runtime will have a better performance in
this metric. As the figure illustrates, k-Means based clustering methods,
TKM and MKMA, demonstrate faster execution time on average
compared to the others. Also, the figure indicates that MMDA is unable
to reduce the computational burden of CEM for 41, 45 and 48 clusters.

In general, increasing the number of clusters results in higher run-
time. However, the runtime fluctuates for some methods on special
number of clusters. The experiments indicate that while the clustering
runtime remains stable, the runtime for solving CEM spikes in some
cases and it is the main reason for these fluctuations. It highlights how
the quality of the final clusters can affect the optimization process.

Regarding the figure, in the worst-case scenario, the average runtime
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of EAHCM is almost 50 % less than that of the full data. This time
complexity reduction is even greater on other number of clusters. Even
though the proposed method is not the fastest clustering method, with
putting the accuracy alongside runtime, it can easily be concluded that
the proposed method stands out as the most robust method for weekly
clustering.

Fig. 7 measures the robustness of the clustering methods in response
to changes in the number of days. Similar to weekly clustering, EAHCM
and CTPC exhibit superior performance in comparison with the other
methods. Also, comparing the proposed method with CTPC reveals that
EAHCM results in a lower error rate in 9 out of 10 cases. So, the proposed
method is the best option for daily clustering among the others in ac-
curacy metric.

The average runtimes of the clustering methods daily along with the
variations of the runs are plotted in Fig. 8. It is evident that MMDA is not
a proper daily clustering method because with increasing the number of
clusters, its computational time increases dramatically. The same
problem happens for CHC and CKM in four and two clusters, respec-
tively. Regarding the findings of the figure, k-Means based clustering
methods, TKM and MKMA, have the fastest execution times; However,
their performances are very poor in terms of accuracy. Similar to
sensitivity analysis on weekly clustering, considering the performances
of the clustering methods in both metrics will lead to selecting EAHCM
as the most robust option for daily clustering.

8. Conclusions

This study presents a novel hierarchical clustering method to
diminish the computational burden of capacity expansion modeling. The
proposed clustering method, EAHCM, begins by determining the opti-
mum number of clusters. Unlike the preceding approaches, a systematic
method called EMSC is introduced to enhance classic elbow method
with designing a stopping criterion. Afterwards, EAHCM clusters data by
means of merging two adjacent clusters that have the highest similarity
between their representative vectors. To determine a proper represen-
tative vector for each cluster, the proposed method takes the advantage
of both medoid and mean strategies. In this way, the proposed method
retains the chronological information of the original data.

To evaluate the performance of the proposed clustering method,
first, it is compared with well-known methods for determining the
optimal number of clusters, such as the silhouette. The comparison re-
sults show that EMSC outperforms other methods in terms of compu-
tational time. Unlike traditional methods, which must run for all the
possible number of clusters, the proposed method incorporates a stop-
ping criterion to prevent unnecessary computations. Furthermore, data
has been clustered based on the number of clusters determined by
silhouette and EMSC to assess clustering accuracy. Implementation re-
sults show that EMSC reduces clustering errors compared to the
silhouette method by 2 %, 19 %, and 63 % for hourly, daily, and weekly
clustering, respectively.

Additionally, the performance of the proposed clustering algorithm
has been compared with well-known clustering methods, including
traditional k-Means, classic k-Medoids, classic hierarchical clustering,
Chronological Time-Period Clustering, the modified k-Means algorithm,
and the modified maximum dissimilarity algorithm. The comparison is
done based on three key metrics: accuracy, runtime, and sensitivity
analysis. Numerical results demonstrate that EAHCM on an hourly basis
achieves the highest accuracy, 48 %, in comparison to other clustering
methods.

To accurately analyze the runtimes, clustering and solving CEM
runtimes are measured separately in this study. This investigation re-
veals that the proposed EAHCM diminishes the runtime of CEM by more
than 50 % on daily and weekly clustering. However, it is not the fastest
algorithm overall, as k-Means based clustering methods outperform
others in this metric. Finally, the robustness of the proposed clustering
method is evaluated through sensitivity analysis, where it is tested
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across different numbers of clusters. The findings indicate that EAHCM
outperforms the others in terms of accuracy for almost all the number of
clusters.

Although EAHCM achieves high accuracy and low computational
time for daily and weekly clustering, its performance on an hourly basis
is not acceptable. It fails to reduce the computational burden of CEM and
has a high error rate in this format of clustering. Not only the proposed
clustering method but also the other investigated clustering methods
suffer from the same limitation on hourly clustering, which defines the
scope of the future research. In the future work, this issue will be
addressed by designing a parallel clustering approach.

Additionally, the clustering method will be tested on a more realistic
CEM in the future study. In this study, a simple deterministic CEM is
used that ignores uncertainty in the input data, even though such un-
certainty can significantly affect optimization results. To overcome this
limitation, a stochastic CEM will be developed in the future study that
incorporates different scenarios to account for uncertainty. Moreover,
the current study does not consider the cost of storage degradation,
which can impact storage operation and potentially change optimization
outcomes. This particular limitation will be addressed in the future study
by using the PyBaMM package in Python, which predicts battery’s state
of health based on operational conditions.
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