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2.1 Introduction

The current hydrocarbon-based energy system is becoming less sustainable; the negative
impact on the environment, the scarcity of oil, and the high prices of fuels have caused several
countries to force the investigation of renewable alternatives to maintain a sustainable energy
economy [1]. When considering the general terms toward a green transition, renewable ener-
gies are the main alternative such as photovoltaic, wind, hydraulic, etc. [2], especially in devel-
oping countries [3]. Within this context, renewable systems with various energy sources can
supply off-grid and grid-connected consumers [4]. To provide flexibility for renewable sys-
tems, energy costs must be affordable, and the technology must be technically reliable. To
achieve this goal, scientists recommend optimizing renewable systems, and the use of size
optimization algorithms is becoming more frequent along with short-term economic planning
and dispatch [5]. The mathematical models of dynamic systems such as wind turbines and
hydraulic turbines are more complex; adding storage systems and economic optimization
causes problems that require a significant computational effort [6]. In some cases, the optimi-
zation problem is complex that the computational cost potentially rises, causing renewable
energies to lose credibility on the part of the user. To solve this problem, it is necessary to
reduce the data and variables using cluster techniques to select representative days. In this
way, the optimization algorithms will not lose their reference point with respect to the real
profiles with optimization costs lower than the initial one.
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2.2 Methods to select representative days

This chapter presents a representative day selection study using the k-medoids method
for time series. First, the most used methods in the literature are reviewed in an introduc-
tory way. Then, an explanation of the k-medoids method is proposed to present the back-
ground as a case study. Finally, the results of the method based on optimization indices
are analyzed in detail.

2.2.1 State of the art

The energy planning and sizing optimization of renewable systems are challenging, and
the high variability of their sources is complemented by the demand profile and energy
rates [7]. Generally, renewable production and electricity demand are not simultaneous,
and the integration of energy storage allows this problem to increase the complexity of the
system. The precision of the energy model will depend on the measurement interval of the
time series. Usually, the resolution time intervals are hourly values for a year; in some
cases, values are analyzed in intervals of minutes as in this chapter; and while more time
series temporarily are considered, the complexity increases drastically. An alternative to
reduce the complexity of the optimization problem is to reduce the number of sampling
periods using representative days; this allows replicating the behavior of the system for a
year in a few days, significantly reducing the computational effort. In the existing litera-
ture, there are several methods to select representative days, such as aggregation methods
[8], graphical methods [9], OPT methods [10], and statistical methods [11].

The most common methods used in energy system optimization that have been consid-
ered are aggregation methods such as averaging, k-medoids, and hierarchical clustering
[8]. For example, the k-medoids method has been used to optimally size photovoltaics-
battery systems in smart homes taking into account grid outages and demand response
[12]. In this sense, Fig. 2.1 schematically shows the most common methods in the optimiza-
tion of energy systems.

To briefly explain the methods in Fig. 2.1, the time period will be 1 year with t
(1�8760 hours) or 1 day with d (1�365 days) and 1 hour with h (1�24 hours) which can
be represented as χ0

c;t or χ
0
c;d;h [13].

The average method is based on the averaging of hourly data each month, the average
value is calculated with the equation shown in Fig. 2.1, the result has a certain order; how-
ever, the aggregation is not based on the similarity of the days which can cause deviations
with respect to the original series [14]. The aim of the k-medoids method is to group the
original data into a few similar series. For the selection of representative days, the
k-medoids method uses the global optimal location problem, calculating the Euclidean dis-
tance of each element and using a number of predefined clusters; the objective function is
shown in Fig. 2.1 [14]. On the other hand, the OPT method consists of fitting the duration
curve of the data obtained from representative periods. This parameter is calculated by
means of an error for each interval, the model minimizes the error for all the input series by
approximating the reductions to the data originals, and the drawback of this technique is to
easily reach the global optimum in a reasonable time [10]. Finally, to solve the problems of
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the OPT method of reaching the global optimum, the combination of the k-medoids and
OPT method is proposed in the literature, improving the optimization results for systems
with multiple renewable sources; in this case, the optimization function becomes an OPT
error variable as shown in Fig. 2.1. Correcting this error minimizes the distance of each
group component from the medoid and brings it closer to the original series. The more the
error is reduced, the more difficult it will be to find the global optimum. Thus a compensa-
tion value must be defined without compromising the computational effort [13]. As salient
features of the developed approach, within the aggregation methods, k-medoids is consid-
ered the most reliable [8,13,14]. In this sense, this chapter analyzes the feasibility of k-
medoids method to calculate the representative days for various data series such as solar
irradiance and ambient temperature for a year with time intervals of 1 minute. This way,
the operating principle of the k-medoids method is explained below.

2.2.2 Representative days using the k-medoids method

To calculate the representative days using the k-medoids method, several steps must be
followed. Fig. 2.2 schematically shows the process. First, using forecast information, the
scenario space for the uncertain parameters is constructed. Then, these data serve as input
variables for the representative days construction algorithm, in which the process is
started by selecting the total number of the cluster size (starts R5 1), where R is the space
corresponding to the representative days. Here, the k-medoids method is applied to
reduce the scenario space, and the Bouldin index should be considered until the optimal
value is achieved.

Methods for the selection 
of representative days
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FIGURE 2.1 Optimization of renewable energy systems; methods of determining the most common represen-
tative days.
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To reduce computational time in optimization problems, the k-medoids method is applied
to reduce the scenarios from 1 year to a few days. This method has been applied in
[12,13,15,16]. Typical values have been selected from solar irradiance and ambient temperature
distributions. Cluster configurations are evaluated according to the Davies�Bouldin index
and the total sum of the distances for different numbers of clusters. The best number of clus-
ters between both indices is obtained, where the partition being better the lower both indices.

First, if the scale of the time series is different, it is necessary to normalize [15].

χc;t 5
χ0
c;t 2minχ0

c

maxχ0
c 2minχ0

c

;χc;tA 0; 1½ � (2.1)

Therefore the matrix Ψ containing all the time series (attributes) is defined, where Nh is
the number of columns, and Nc is the number of rows corresponding to the number of peri-
ods Ni (in this case 365 days). The third step is to define the elements of dissimilarity matrix
D, which is composed of the distance (dissimilarity) that is calculated with Eq. (2.2).

disði; jÞ5
XNh

h51

Ψi;j2Ψj;h

�� ��2 !1=2

(2.2)

The objective function of the k-medoids method is defined by Eq. (2.3).

Minimize
XNi

i51

XNi

j51

dis i; j
� �

:zi;j (2.3)
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FIGURE 2.2 Schematic representation of the process for the construction of representative days.
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Constraints

XNi

i51

zi;j 5 1;’jA1; 2; . . .Ni (2.4)

zi;j # ui;’iA1; 2; . . .Ni (2.5)

XNi

i50

ui 5Nk (2.6)

ui; zi;jA 0; 1gf (2.7)

2.2.3 Background

In order to determine the feasibility of the proposed cluster method, real data of solar
irradiance and ambient temperature have been used for the year 2016 in the city of
Madrid, Spain [17]; in each case, the amount of data is 525,600 values. Fig. 2.3 shows solar
irradiance, and Fig. 2.4 shows ambient temperature. The simulations have been run over a
time horizon of 1 year with a time step of 1 minute.

2.3 Results

With the input data collected, in this case solar irradiance and ambient temperature, the
resulting profiles are reduced using the k-medoid technique to consider only the most rep-
resentative. The total number of clusters has been selected based on the Davies�Bouldin
index and the total sum of distances. Thus a compromise solution is taken between these
two indicators [18]. Fig. 2.5 shows the result of Davies�Bouldin index. In the first place,
only the solar irradiance has been considered, and the solution shows the relationship
between the sum of the distances and the Davies�Bouldin index. It can be clearly verified
that for values greater than 19, the result does not improve. Then, it can be seen that with
19 clusters the lowest Davies�Bouldin index is obtained; therefore 19 clusters are selected.

FIGURE 2.3 Solar irradiance
in Madrid, Spain, during 2016,
resolution (minute).
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Website Figure 6 shows the solar irradiance and ambient temperature for the calculated
representative days. Using the k-medoids method, the number of days has been reduced
from 365 to 19; this means a radical computational optimization.

On the other hand, when considering a series other than solar irradiance, in this case
ambient temperature, the pattern of this series is not as unpredictable as the previous one.
Therefore, the Davies�Bouldin index is lower; in Website Figure 7, it is evident that for a
value of 9 clusters the index is the lowest. Therefore for the data series (ambient tempera-
ture) 9 clusters have been selected. The result is shown in Website Figure 8. The difference
is remarkable, and 365 values have been reduced to 9.

Applying this methodology, it is possible to analyze more than one profile; in this case,
the profile of solar radiation and ambient temperature has been analyzed simultaneously.
The results based on the value of the Davies�Bouldin index and the total sum of the

FIGURE 2.4 Ambient tempera-
ture in Madrid, Spain, during 2016,
resolution (minute).

FIGURE 2.5 Total sum of dis-
tances with respect to the Davies�
Bouldin index.
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distances for different numbers of clusters using k-medoids are shown in Website
Figure 9. In this case, if two simultaneous profiles are used, the result of the number of
clusters is 19.

The result is greater than the previous case due to the consideration of two data series
(solar irradiance and ambient temperature), and the selection of representative days opti-
mizes the data treatment of 730 profiles to only 19.

As outstanding features of the developed approach, solar irradiance and ambient tem-
perature profiles have been obtained simultaneously using the k-medoids method for an
optimal number of clusters of 19. The resulting profiles are shown in Website Figure 10.
These data could serve as entry to analyze size optimization and energy planning of
hybrid renewable systems analyzed for a year. When considering temporary resolutions of
1 minute, during a year 525,600 data each series must be analyzed for each profile, if using
the reduction of representative days, this speed is reduced to 12,960 values per minute.

In optimization problems, the amount of input data is essential to obtain accurate
results, in this case, by having a large amount of input data due to temporal resolution
(525,600 data in each sample) and by considering various combinations and optimization
of system size, electricity rates, energy storage, and electricity demand profiles. The solu-
tion would have a large computational cost, assuming that the computer does not freeze.
By reducing the data with the selection of representative days using the k-medoids
method, the computational effort is radically reduced. This is how the authors demon-
strate it in [18]. When considering a time window of 365 days, optimization of a system
with three electricity tariffs has been analyzed, the resulting size is unaffordable, and the
computer (Intel Core i5-9400F 2.90 GHz 8.00 GB RAM under MATLABs R2019a environ-
ment) has thrown an error. Using representative day selection using k-medoids method as
in this chapter, the solution has converged to 155.28 seconds using 15 clusters, highlighting
the importance of reducing the available data.

2.4 Conclusions

This chapter presents a data reduction technique based on the k-medoids method for a PV
system. Average data have been considered every minute for a year, and the time series stud-
ied have been solar irradiance and ambient temperature. The results are summarized below.

If the solar irradiance is analyzed, the method reduces the scenarios from 365 to 19 rep-
resentative days by considering the variability of the original time series, i.e., the presence
of clouds, change of seasons, etc.

When analyzing the ambient temperature data for a year, the proposed technique shows
a reduction from 365 to 9 representative days. In this case, the difference is greater than the
solar irradiance because the ambient temperature does not undergo sudden changes such as
solar irradiance, and it only shifts in temperature value during the seasons.

During optimization of real systems, it will be necessary to analyze several time series
simultaneously. In this case, solar irradiance and ambient temperature have been ana-
lyzed, both variables have 730 values in total, and the k-medoids method has reduced
them to 19 representative days.

272.4 Conclusions
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When considering annual data, the problem could become computationally unsolvable,
it has been shown to stop an optimization process of a residential renewable system con-
nected to the grid, considering three electricity tariffs through a computer (Intels Core i5-
9400F 2.90 GHz 8.00 GB RAM under MATLAB R2019a environment), and the problem is
unsolvable and produces an error. Using the results using the k-medoids method with 15
clusters, the result converges in 155.28 seconds.

This representative day selection technique is useful for planning and optimization of
systems with multiple variables. This chapter could promote the development of complex
energy planning systems, with multiple variables and mathematical modeling for dynamic
systems.
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