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ABSTRACT This article presents the application of cluster analysis (CA) to data proceeding from a
testbed microgrid located at Sapienza University of Rome. The microgrid consists of photovoltaic (PV),
battery storage system (BESS), emergency generator set, and different types of load with a real-time
energy management system based on supervisory control and data acquisition. The investigation is based
on the area-related approach - the CA algorithm considers the input database consisting of data from
all measurement points simultaneously. Under the investigation, different distance measures (Euclidean,
Chebyshev, or Manhattan), as well as an approach to the optimal number of cluster selections. Based on
the investigation, the four different clusters that represent working conditions were obtained using methods
to define an optimal number of clusters. Cluster 1 represented time with high PV production; cluster
2 represented time with relatively low PV production and when BESS was charged; cluster 3 represents
time with relatively high PV production and when BESS was charged; cluster 4 represents time without
PV production. Additionally, after the clustering process, a deep analysis was performed in relation to the
working condition of the microgrid.

INDEX TERMS Microgrid, area-related approach, cluster analysis, different measurement distances,
optimal number of clusters.

I. INTRODUCTION
Recently, the approach to energy supply has tended to decen-
tralized control [1], [2]. Thus, different ways to obtain those
solutions are proposed, such as microgrids, power plants,
energy communities [3], [4] or smart grids [5].

Microgrids are small-scale power systems consisting of
distributed power generation, power storage, and load [6].
Recently many real cases of microgrids are indicated in
the literature. The examples of microgrids in Europe are
located in:
• UK [7], [8]
• Germany [9], [10],
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• Austria [11], [12],
• France [13], [14],
• Poland [15], [16],
• Italy [17], [18].

In this paper, the application of cluster analysis (CA) to real
data from a microgrid is presented. Thus, the recent articles
in this area are discussed. Article [19] proposes a demand
data reduction method based on k-means clustering. In the
article, the reduced demand data is considered separately
for weekdays and weekends. The proposed data reduction
approach is tested on the basis of real data from a microgrid
with a 1 hour resolution. Article [20] proposed using k-mean
clustering to identify suitable candidates in a local microgrid
for demand-side management who have insignificant influ-
ence on microgrid peaks. The paper [21] proposes an optimal
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coordination approach for directional overcurrent relays for
the microgrid using the k-means algorithm. The final num-
ber of clusters is defined in the basement of setting groups
number of commercially available relays. The article [22]
proposes the method for optimal network planning of hybrid
microgrid. In this case, the optimal clustering partition was
defined by a combination of k-means cluster analysis with the
particle swarm optimization algorithm. The article proposes
a scheme for island detection of microgrid using data mining.
Themethod is based on fuzzy c-means clustering [23]. In arti-
cle [24], a support management system based on stochastic
mixed-integer linear programming was proposed. To deal
with uncertainty issues, the reduction of scenario was real-
ized. This task was performed using a clustering technique
of k-means and a fast backward scenario reduction method.
In the paper [25], the optimal location to place the data of
the one-year electric vehicle charging station from the real
microgrid is investigated. In this case, k-means clustering
was applied to divide the load data into representatives. Only
those representatives (clusters) were used in simulations. The
final number of clusters was selected using the elbowmethod.
As can be observed from the literature review, the application
of CA, but the main aim of its application is to reduce the
size of the analyzed data [26], as well as to obtain general
knowledge with the maintenance of data features. [27].

In this article, the main aim of the CA application is to
divide the long-term data from the real microgrid to define
its working conditions. The investigated microgrid is the
testbed microgrid located at Sapienza University of Rome.
The microgrid consists of photovoltaic (PV), battery stor-
age system (BESS), emergency generator set, and differ-
ent types of load. There are several points observed at the
point of energy flow in the microgrid. The investigation
is based on four Lambda Microgrid measurement points -
point of common coupling (PCC), the connection point of
the 12 kWh peak 3-phase PV system, the 6.5 kWh battery
energy storage system and the University laboratory as a spe-
cific load. Therefore, to connect these measurement points,
an area-related approach [28] was proposed for long-term
data, 18 months with a resolution of 15 minutes of the data.
It is worth noting that the CA algorithm considers the input
database that consists of data from all measurement points
simultaneously. In this paper, the different aspects of CA are
considered such as distance measure selection (Euclidean,
Chebyshev, or Manhattan), as well as the optimal number
of cluster selection (v-fold validation test). However, the
main element is that after CA application, a deep analysis is
performed at the point of qualitative assessment of clusters.
It’s important to notice that each cluster represents different
microgrid working conditions defined based on multipoint
measurement to assess the system globally (all measurement
points) not locally (each point separately).

The article is organized into six sections. Section II
presents the methodology part with details about CA, selec-
tion of distance measurements, and selection of the opti-
mal number of clusters. Section III present the investigated

object – Lambda Microgrid. Section IV presents the results
of CA application and analysis in point of microgrid working
conditions. Section V contains a discussion of the results.
Finally, Section VI concludes the paper

II. METHODOLOGY
The presented in this section methodology is based on cluster
analysis, as a representant of data mining techniques. This
technique assures the division of data based on their fea-
tures. Thus obtained clusters (groups), when obtained from
a set of synchronized and related data assures the general
knowledge about the object considering all input parameters.
In this section, we presented the general aim of clustering
and commonly used algorithms. Then we introduced the
problem of distance selection, which is a measure of sim-
ilarity/dissimilarity of data. Finally, we discussed the main
problem of clustering – the selection of the final (optimal)
number of clusters.

A. INTRODUCTION TO CLUSTER ANALYSIS
Cluster analysis (CA) is a representative technique of data
mining [29], [30]. In general, CA aims to assure the divi-
sion of the data in the point of their features [31], [32].
Cluster analysis can be performed using both a hierarchi-
cal and nonhierarchical approach [33], [34]. The hierarchi-
cal approach is represented as n classes of m observations.
The non-hierarchical method concerns the assignment of
all observations to the earlier assumed number of groups
(clusters). In the case of non-hierarchical clustering is not
assured the tree as a classification result as in the case of
the hierarchical clustering [35], [36]. This approach results
in the division into groups of the database to maximize/
minimize the selected evaluation criteria [37]. In this article,
the application of the non-hierarchical approach is discussed.
The most used in the literature nonhierarchical methods are
based on e.g. [38]–[40]:

• K-mean algorithm,
• K-median algorithm,
• Fuzzy C-means Method
• Expectation maximization (EM) algorithm.

In this paper, the authors suggest using the nonhierarchical
with the k-mean algorithm for different distance measures.
Generally, the K-mean algorithm’s main aim is to find the
extremum value of the specific objective function. The men-
tioned objective is defined as [41]:

ObjecFun (B,MC) =
∑x

a=1

∑y

b=1
eab ∗ distance (1)

where:

• ObejcFun – objective function,
• B – matrix of the object belonging to a cluster,
• MC – matrix in which a row vector represents the cen-
troids of clusters,

• a = 1, 2, 3, . . . , x – number of objects,
• b = 1, 2, 3 . . . , y – number of classes (clusters),
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• eab – element indicating the fact of assignment of a-th
object to the b-th class (cluster),

• distance – a measure of distance.

B. DIFFERENT DISTANCE MEASURES
As it was indicated in equation 1 for k-mean clustering differ-
ent measures of distance can be applied. Under this investi-
gation, three different measures were investigated Euclidean
(equation 2), Manhattan (equation 3), and Chebyshev
(equation 4).

EuclideanD (a, b) =

√∑
i
(ai − bi)2, (2)

ManhattanD (a, b) =
∑

i
|ai − bi| (3)

CzebyshevD (a, b) = Maksimum |ai − bi| (4)

where:
• EuclideanD – Euclidean distance,
• ManhattanD – Manhattan distance,
• CzebyshevD – Chebyshev distance,
• a = 1, 2, 3, . . . , x – number of objects,
• b = 1, 2, 3 . . . , y – number of classes (clusters),
• ai – vector of observations, that belong to cluster a,
• bi – vector of observations, that belong to cluster b.

Note that the Euclidean distances (and the squares of the
Euclidean distances) are calculated from the raw data rather
than from standardized data. This method has some advan-
tages (e.g., the distance between any two objects is not
affected by adding new objects to the analysis, which may
be outliers). However, distances are greatly affected by unit
differences between the dimensions from which distances
are calculated. For example, if one dimension represents a
length measured in centimeters when converted to millime-
ters (by multiplying the corresponding values by 10), we will
most often get distinctly different Euclidean distances and
Euclidean distance squares (calculated for multiple dimen-
sions). This can result in completely different cluster analysis
results. In the general case, it is good to use standardization
so that we have data on comparable scale. Manhattan distance
is simply the sum of differences measured along dimensions.
In most cases, this distance measure produces similar results
as the ordinary Euclidean distance. However, note that with
this measure the effect of individual large differences (outlier
cases) is suppressed (because they are not squared). The
Chebyshev distance measure is appropriate in those cases
where we want to define two objects as ‘‘other’’, then when
they differ in one arbitrary dimension [42].

C. OPTIMAL NUMBER OF CLUSTER DEFINITIONS
The noticeable and indicated in literature disadvantage of
the nonhierarchical approach is a-prior defining the final
number of clusters. The literature indicated different methods
to define optimal number of clusters e.g.:
• k-fold cross-validation test [42]
• gap statistic [43],
• an entropy-based initialization method [44],
• u-control chart [45].

In the following article, the k-fold cross-validation test was
chosen. This type of cross-validation is useful for a situation
where there is no knowledge about the test sample. The user
defines the ‘v’ value for v-fold cross-validation. Normally,
v is equal to a value of 1 to 10. The value v refers to the
number of random subsamples that are used for the learning
part of the data. After that, the tree (with specified size) is
computed v times. After each of the iteration steps, it leaves
out one of the subsamples from the computations.

The next step is based on using those subsamples as the
test sample for cross-validation. The cross-validation cost is
computed for each of the v test samples. After that, this cost
is averaged to give the v-fold estimate of the cross-validation
costs [42]. Finally, by analyzing cross-validation cost, the
optimal number of clusters is defined.

III. LAMBDA MICROGRID
The Lambda Microgrid operates at the Department of Astro-
nautical, Electrical and Energy Engineering Sapienza Univer-
sity of Rome in Italy. The main components of that microgrid
are:

• 12 kW three-phase PV system,
• 5.2 kW emergency generator set,
• 6.5 kWh BESS,
• local load including laboratory loads.

In summary about the Lambda MG operation as shown in
Fig. 1, the Com’X 510 (energy server) and Acti Smartlink
collect data from smart meters and PowertTags. Moreover,
PLC is used for the proper as well as faster operation of
Lambda MG. Finally, all data are transferred into the data
center.

FIGURE 1. Load/generation changeability in observed time for different
measurement points.

During normal operation, local sources work syn-
chronously with the power system. PV management is based
on maximum power point tracking control in grid mode.
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FIGURE 2. Load/generation changeability in observed time for different
measurement points.

BESS operations are mounted to avoid power flux from
the microgrid to the external system. The BESS consists of
one battery with an inverter inside, Varta’s model. The setups

for BESS are the depth of discharge in this battery set to
90%, 2.2 kW of possible charging, and 1.8 kW of discharging
capacity. For emergency issues such as external system fail-
ure or blackout, the requirements of the IEEE 1547 standard
are applied [46] - PV and BESS are automatically discon-
nected. Then the emergency generators are started to ensure
the off-grid microgrid mode. Then after 5 minutes, the PV
and BESS are connected, respectively. During the operation
of the microgrid, different monitoring systems are used [47].
The source for data in this paper was Schneider Electric
iEM3150 meters, which are installed in different points of
Lambda microgrid. The location of the meters is presented
in Fig. 1. The data collection was realized within 18 months
from 01.01.2020 to 31.05.2021. The simplified scheme of
Lambda microgrid with the location of smart meters.

IV. RESULTS
A. CHARACTERIZATION OF THE OBJECT IN THE
LONG-TERM APPROACH
Based on the long term measurements (18 months with
15 minutes aggregation) for multipoint measurement, the
following changeability diagrams of active power level are
performed (Fig. 2.):
• PCC of Lambda microgrid (a),
• PV system (b),
• BESS (c),
• Laboratory Load - LAB (d).

As it can be observed in Fig. 2, for such a long period
of time different working conditions are indicated based on
the changeability of all parameters. To define each point in
measurement point in the mean of active power level in the
long term approach the statistical analysis based on normality
charts was performed (Fig. 3). The results are presented in
Fig. 3. As it can be observed for each of the points the specific
similar groups can be indicated. Thus authors decided to
apply cluster analysis to assure the correct division of them
into groups (clusters). The division will be realized in area
related approach – together for all measurement points.

B. COMPARISON IN POINT OF DIFFERENT
DISTANCE DEFINITION
The first step of the investigation was to define the optimal
number of cluster for the investigated multipoint dataset.
Thus the v-fold cross-validation was performed for k-mean
algorithm with different measurement distances: Euclidean,
Manhattan, Chebyshev. The following assumption based on
literature suggestions were performed:
• minimal number of clusters equal to 2 and maximal
number of clusters equal to 10 [48];

• minimal percentage decrease 10% [49];
• the number of subsets: 10 [50].

The results for the v-fold test were presented in Fig. 4 for
Euclidean (a), Manhattan (b), and Chebyshev (c). The v-fold
cross-validation for all investigated distances indicated that
the optimal number of clusters is equal to 4.
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FIGURE 3. Normality charts for the monitored measurement points-
a) PCC, b) PV, c) BESS, d) LAB.

FIGURE 4. Defining the optimal number of clusters based on a v-fold
cross-validation test for different distance measurements.

However, to assure the correctness of indicated division
in the next step was a validation of data assignment to the
same representative cluster based on different distances was
performed. Table 1 presents the mean values of data that
are assignment to clusters based on different distance mea-
surements. Based on the results indicated in Table 1 it can
be assumed that for all distances the obtained classification
is similar. The differences between number of single data
assigned to the same clusters does not exceed 5%. Addition-
ally the mean vale of active power level in clusters do not
exceed 100 W for all measurement points.
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TABLE 1. Comparison of load cluster values for each measurement point
for different distance measurements in case of the optimal number of
clusters equal to 4.

TABLE 2. Comparison of load cluster values for each measurement point
for different distance measurements in case of the optimal number of
clusters equal to 4.

C. CASE STUDY FOR EUCLIDEAN DISTANCE - DEEP
STATISTICAL ANALYSIS
As a representative distance for CA, the Euclidean distance
was selected due to its features as a representative selection
of distance measurement value [51]. Thus, the deep analysis
for the final number of the cluster from 2 to optimal based
on v-fold validation values was performed in this subsection.
As indicated in the previous section (section IV.E) the optimal
number of clusters is equal to 4, thus the qualitative assess-
ment is performed for the number of clusters equal to 2, 3,
and 4. The results in point-of-mean values are presented in
Table 2. However, using only mean values, the analysis of
the results can be misleading. Thus, to justify that results are
correct, the distribution graphs were prepared and presented
in Fig. 5 and Fig. 6.

Based on both mean values and distribution graphs pre-
pared for each cluster for clustering with the different final

FIGURE 5. Distribution graphs for clustering results for final number of
cluster equal to I) 2 clusters; II) 3 clusters; measurement points where:
a) PCC, b) PV, c) BESS, d) LAB.

number of clusters (from 2 to 4) using Euclidean measure-
ment of distance, the following observation is indicated:
• CA with the final number of clusters equal to 2: cluster

1 represents time with high PV production; cluster
2 represents time without PV production.

• CA with the final number of clusters equal to 3: cluster
1 represents timewith PV production (but not high) and
BESS is charged; cluster 2 represents time with high
PV production; cluster 3 represents time without PV
production.

• CA with the final number equal to 4: cluster 1 repre-
sents timewith high PVproduction; cluster 2 represents
time with relatively low PV production and BESS is
charged; cluster 3 represents time with relatively high
PV production and BESS is charged; cluster 4 repre-
sents time without PV production.
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FIGURE 6. Distribution graphs for clustering results for final number of
cluster equal to 4 cluster for all measurement points where: a) PCC, b) PV,
c) BESS, d) LAB.

V. DISCUSSION
Firstly, it is worth noting that the investigation performed
was based on a real testbed microgrid located at Sapienza

University of Rome. Themicrogrid consists of PV, BESS, and
different types of load. During the observed time, the micro-
grid worked only in grid mode, so the emergency generator
system had no impact on the results.

Four measurement devices were used as the data source.
All the measurement devices were settled in the local micro-
grid, thus under this investigation the area-related approach
was used. The area-relation approach means that we can
analyze the object (microgrid) based on the simultaneous
analysis of all objects that have an impact on each other. This
mutual impact is connected with the fact that all these units
are decentralized managed by the microgrid.

In this investigation, the three different measurement dis-
tances were investigated – Euclidean, Chebyshev, and Man-
hattan. In II.B, all of them were compared and highlights
about the selection of them in point of data features were indi-
cated. Using different measurement distances for the cluster-
ing process, there is also a possibility to verify the character
of data. If the clustering results for Euclidean distance are
noticeable different fromChebyshev andManhattan, it means
that some specific outliners in any of the measurement points
are noticeable. In the case of the investigated object for
18 months period because results for all distances are similar
it can be stated that outliners are not indicated in those data.

The next element of discussion is based on a comparison
of working conditions that are obtained during the clustering
process. The most general division (for 2 clusters) assures
division in point of PV generation. When the final number
of clusters increased into 3 also the operation of BESS was
significant to division. The additional increase in the final
number to cluster to 4 indicated that both PV and BESS had
an impact to indicate additional cluster.

VI. CONCLUSION
In this article, the case study of cluster analysis for real micro-
grid data was performed. The results were based on long-
term data (18 months), so the different working conditions
occurred. The CA performed was realized simultaneously
for all points, thus in fact the investigation was toward the
whole microgrid not only a separated part of it. The results
of the clustering performed are representants of the Lambda
Microgrid working conditions. Generally the working con-
ditions are related to PV generation and operation of BESS.
By analyzing each cluster separately, it is possible to analyze
the general scenarios of working of the microgrid. Such
scenarios can be used to define the microgrid operation rather
than analyzing the entire dataset with maintaining the data
features.
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