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a b s t r a c t
Clustering is a basic requirement for most analyses on electricity load demand profile datasets.
Different algorithms often generate varied clustering results. In absence of ground truth labels, several
cluster validation indices (CVI) exist to compare these results and choose the best clustering. However,
the issue subsists because these indices might also recommend distinct algorithms. This paper shows
that the choice of appropriate CVI depends upon the characteristics of the concerned load demand
profile data under study. It provides a comprehensive analysis of the different CVIs response upon
changes in data characteristics. The paper finally recommends the indices that ought to be (or not to
be) used for a dataset if certain data characteristics are emerging in the clustering results.
© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction
The introduction of smart meters has enabled the availability of consumer-level electricity demand data at high temporal
resolutions. Such availability holds prime importance in diverse
applications. Some studies employ the electricity demand data
to plan tariff schemes [1]. Others use the data to efficiently
identify, troubleshoot and correct the electricity faults in an area
[2,3]. Furthermore, such data can also help in the prediction
of faults. It can warn or signal the stakeholders to take prior
measures and prevent the failures before happening [4]. The data
from smart meters also enables efficient planning of the supply
of electricity [5]. Hence, it contributes in saving energy as well
as cost [6]. The idiosyncratic demand from the smart meters at
consumers end, cannot be replaced with the aggregate demand
data for planning the supply decisions. It happens because the
residential demand (accounting for about 21% of the total grid
demand) is highly intermittent in nature [7]. Additionally, different types of customers, their varying behavioral responses,
and diverse socio-economic factors makes it more important to
gather and analyze load demand at lower levels. Overall, the
scope of error in using the aggregate data is very large. Since
∗ Corresponding author at: School of Computer Science, University College
Dublin, Ireland.
E-mail addresses: mayank.jain@adaptcentre.ie (M. Jain),
muktajain@econdse.org (M. Jain), tarek.alskaif@wur.nl (T. AlSkaif),
soumyabrata.dev@ucd.ie (S. Dev).
1 Authors contributed equally.

electricity is mostly supplied in real time, any wrong prediction
of the demand either leads to under-production (load-shedding)
or over-production (dead-weight loss) of electricity. Both the
events are mutually exclusive and undesirable. Thus, high resolution data from smart meters enables an accurate prediction
and ensures efficient management and planning of electricity
supply [8].
Nonetheless, in order to draw meaningful and accurate conclusions from the heterogeneous set of load demand profiles,
clustering is often necessary at the pre-processing stage. It partitions the diverse range of profiles in various groups (also known
as clusters) on the basis of their demand patterns. The groups
are selected in a way that maximizes both the across cluster
dissimilarities and within cluster similarities. These groups are
then studied separately to perform the relevant analysis. If the
clustering step is skipped in a diverse dataset, different observations may indicate towards opposite directions and complicates
the attainment of a sensible result. On the other hand, if the
clusters are carelessly created, the derived results are often inaccurate [9]. The problem of reliability is more severe while doing
predictive analysis as they are more sensitive to inaccuracy and
some undesired biases can get propagated easily without identification [10]. Therefore, proper clustering is important, especially
with the residential electricity load demand data whose major
applications include predictive analyses.
Several algorithms exist in the literature to perform clustering [11,12]. However, these algorithms often produce different
results [13]. This variability may lie in the number of clusters,
or in the cluster composition generated by different algorithms,
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or both. In an unsupervised learning situation, where the true
cluster numbers and/or labels are unknown, the assessment of
clustering algorithms pose a challenge. In order to deal with this
problem, researchers devised cluster validation indices (CVIs).
While multiple such indices exist now for the performance evaluation of different clustering algorithms, each of them have their
own shortcomings and biases. The valuations provided by these
indices lie in different ranges and the recommendations based
on them are often contradictory [14,15]. Therefore, the problem
of choosing the best CVI and hence the best clustering algorithm
subsists.
Absence of a mechanism to compare the results of different
CVIs led the researchers to rely on different statistical strategies.
Some studies chose the CVI whose operation is most prominent
in their respective literature [16]. Others evaluate a number of
CVIs and resort to the application of majority rule to select the
best clustering algorithm [17]. Absence of a formal technique to
determine the best CVI for their work, some researchers create
new and novel algorithms/CVIs without relying on previously rich
literature [18–20]. While these strategies may work in specific
cases, they are not universal. The need for a more systemic
and scientific study to compare the CVI scores exist. Accordingly, Liu et al. [21] conducted experiments on synthetic dataset
and studied the effect of different data characteristics on the
results of different CVIs. However, such organized and synthetically datasets rarely exist in reality and hence the corresponding
results might not be applicable in real world settings. Apart
from the dataset adopted, their methodology was focused only
on one algorithm at a time for different characteristics which
further questions the generalizability of their approach and results. Furthermore, the sensitivity of different CVIs was noted by
counting the recommended optimal number of clusters, which
cannot always be so easy to determine in a real-world setting.

Fig. 1. Dataset characteristics based on the obtained clustering results.

1.2. Outline of the paper
The paper proceeds by providing a detailed background (see
Section 2) on clustering frameworks, algorithms and the internal
CVIs that have been assessed in this study. The two datasets that
have been considered in the paper are then discussed in Section 3.
The next Section 4 defines the methodological framework. This is
divided into two parts. The first part discusses the initial baseline setup (including pre-processing and early stage clustering
results). The second part then analyzes the impact of introducing
different data characteristics on the value of CVIs. Finally, the
paper concludes by summarizing the results and the rest of the
paper in Section 5.

1.1. Contributions of the paper
This paper2 aims to fill this research gap by providing a generalizable approach to understand the effect of data characteristics
when clustering load demand profile dataset. The approach might
also be valid on other datasets but that is subject to further
studies. While the previous version of this work commented only
on a couple of dataset characteristics (e.g. outlier and density),
this study makes an elaborate analysis of both inter- and intracluster characteristics. This hierarchy is shown in Fig. 1. Once
the clustering results from any clustering procedure are obtained,
these clusters can be tested for the existence or prominence of
these characteristics to determine which CVI can or cannot be
used in that particular case.
Additionally, a robustness check for the methodology used in
this paper is performed. After this detailed evaluation, the paper
recommends appropriate CVIs for each characteristic appears
in the clustering results of electric load demand data. The key
contributions of this paper can be summarized as follows:

2. Background
Clustering algorithms have been extensively studied in the
literature [22]. One of the most widely used algorithms is kmeans clustering. It partitions all the observations (n) into different sets/clusters (S1 , S2 , . . . , Sk provided k < n) such that the
variance or within-cluster sum of squares is minimized [16,23–
26]. Fuzzy c-means clustering algorithm assigns probability of belonging to different clusters to all data points. It updates the probabilities in each iteration while penalizing the distance between
points belonging to the same cluster and stops after convergence [14,17,27]. Agglomerative hierarchical clustering [28] starts
with taking each observation as a separate cluster. After computing the distance matrix between all clusters, it merges two
clusters having the minimum distance. The new distance matrix
is calculated again and the cycle continues until the desired number of clusters are obtained [15,16,29]. Some other algorithms
adopted to cluster load demand profiles include Dirichlet Process
Mixture Model (DPMM) [29] and self-organizing maps [24,25].
A large fraction of researchers prefer dimensionality reduction
before clustering the observations [13]. This reduces the computational complexities and noise from the data. Lower noise
generates better clusters [30]. However, the advantages trade off
with the data and accuracy losses. The most widely used algorithm for dimensionality reduction is the Principal Component
Analysis (PCA) [30–34]. It uses the concept of eigenvalues to
determine the contribution of each dimension while explaining
the variance of data. The dimensions contributing the minimum
are removed from consideration. Finally, clustering algorithm is

• Provides a novel framework to examine the validity of CVIs
before using them to validate clustering results

• Gives recommendations for appropriate CVI based on datacluster characteristics in load demand profile datasets

• Generalizability of proposed approach across real-world
datasets

• Validation of results over 2 separate actual load demand
datasets
2 In the spirit of reproducible research, the code to reproduce the simulations
in this paper is shared at https://github.com/jain15mayank/CVIs-for-clusteringload-demand.
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2.4. Silhouette (SH) score

implemented over the reduced dimensions to obtain the required
clusters.
As explained previously in Section 1, CVIs are adopted to
validate the results produced by clustering algorithms. Numerous CVIs have been developed by different researchers. They
are primarily classified into two categories, namely, internal and
external CVIs. While external CVIs are largely application specific
and might not be implemented across domains [14], internal CVIs
are relatively simple to implement and are very easily generalizable. Hence, not surprisingly, internal CVIs are much more
popular in the literature and thus are also the focus of this study.
They include root mean square standard deviation test (RMSSTD),
R-squared measure (RS), SD validity index (SD) [35], etc. The
most prominent CVIs in the domain of clustering residential load
demand profiles are discussed below.

The SH score considers yet another measure of compactness
and separation to obtain its value [39]. The computation is done
in such a way that the SH score always takes a value between
[−1, 1]. Formally it is computed as follows:
SH = max sk = max
k

CH =

ni ∥mi − m∥2

] / [ ∑k ∑n
i
i=1

k−1

j=1

∥dj − mi ∥2

Similar to the CH score, XB score also aims at computing the
ratio between compactness and separation but with a different
metric for both. The minimum square distance between cluster
centers is taken as the metric for separation while the mean
square distance between each observation and its respective cluster center is used as the measure for compactness [40]. It is
primarily defined for fuzzy clusters where a single datapoint (or
a consumer in this case) may exhibit membership in multiple
clusters. Formally, it is computed in the following way:

]

n−k

Here, ni , and mi represent the number of observations in, and
the mean of, the ith cluster respectively; m exhibits the global
mean; k represents the total number of clusters; and dj depicts
the distance of a cluster point j from its cluster mean mi . The
cluster mean is calculated by ∑
taking the sum of the values of all
data points inside a cluster ( j pij ) and dividing it by the total

∑∑
XB =

2.2. Davies–Bouldin (DB) index
The DB index computes the average similarity between different clusters generated by an algorithm [37]. Formally it is
calculated as:
DB =

k

1 ∑∑
k

i=1 j=1

max

Di + Dj

The metric of DI judges an algorithm on the basis of its
worst clustering. The index is calculated by taking the ratio of
minimum separation and maximum compactness [38]. Formally
it is computed in the following way:

]/[

min δ (mi , mj )

1≤i,j≤k

]
max Dq

δ 2 (x, mi )

n. mini,j̸=i δ 2 (mi , mj )

This paper utilizes two very different datasets to establish
the robustness of the proposed approach. One is the publicly
available Electricity Load Diagram 2011–14 Dataset (EL). It is
provided by the machine learning repository of UCI [41]. The data
was collected at an interval of 15 min for over 4 years (2011–
14), where 370 Portuguese consumers took part in the project.
Since some consumers joined in late, their data is lesser than the
rest. Therefore, this paper consider only those consumers which
have more than 900 days of complete information. Hence, 315
consumers were left after this pre-filtering step. The other dataset
is the publicly available data extracted from the Pecan Street
Dataport [42] (PS). It contains data from a total of 50 households
belonging to two cities in the U.S - 25 households from New
York and 25 from Austin. Similar to the EL database, the PS is
also available at the temporal resolution of 15 min, but PS has
6 months data for Austin households and 1 year data for houses
in New York. Since the dataset of EL is larger in comparison to
the considered PS data, it will remain the focus of this paper. The
PS dataset will only be used for strengthening the generalization
capability of the inferences drawn from the EL to all residential

∥m i − m j ∥

2.3. Dunn’s Index (DI)

[

x∈Ki

3. Dataset & Pre-processing

Here, Di represents the diameter of cluster i. Although the
DB index also takes separation and compactness into account, it
possess an inverse relationship as compared to the CH. Hence, the
score improves with a fall in its value [24,25].

DI =

i

Since the measure of compactness lies in the numerator and
the measure of separation lies in the denominator, a lower XB
score signifies better clustering [14,27].
All CVI measures have their respective strength & limitations [15]. Thus, their adoption must be determined after serious
consideration of the associated costs and benefits. Since they
are not comparable on the basis of their value [14], a subjective method of evaluation is needed. Experiments are needed
to be performed on residential demand profile datasets to derive the universal effect of different residential demand data
characteristics on the value taken by the CVIs.

number of data points within that cluster (ni ).
Since an algorithm is expected to minimize the compactness and maximize the separation, a higher value of CH score is
expected to infer better clustering.

k

∀i ∈ K

2.5. Xie-Beni (XB) index

Popularized in the name of variance ratio criteria as well, the
CH score calculates the ratio between a measure of separation
and a measure of compactness [36]. Both of these measures are
adjusted with their respective degrees of freedom. The separation
represents the inter-cluster dissimilarities while the compactness
characterizes the intra-cluster similarities [16]. Formally, the CH
score is computed as follows:
k
i=1

max{a(i), b(i)}

Here, sk is the score of each cluster and the set of all clusters
is K . It is a function of a(i), which represents the compactness by
calculating the mean of pairwise distance between all data points
in a cluster, and b(i), which represents separation by calculating
the smallest mean of the pairwise distance between i and all the
points of other cluster j provided j ∈ K−i . Since the algorithm is
expected to maximize b(i)−a(i), a higher SH score indicates better
clustering [16,23,25].

2.1. Caliń ski–Harabasz (CH) score

[∑

k

b(i) − a(i)

(1)

1≤q≤k

Here, δ represents the distance metric. Similar to the interpretation of DB score, the DI also improves with a fall in its
value [23,29].
3
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Fig. 2. Proposed Framework for CVI Validation.

demand profile datasets. Therefore, figures of only the results will
be added for this dataset.
While pre-processing the databases, the data for two days
from each dataset (last Sundays of March and October in EL, and
second Sunday of March and first Sunday of November in PS)
is not considered in this analysis. These are the days when the
daylight saving time changes in Portugal and U.S. It was theoretically feasible for this work because the aim here is to cluster
the daily load demand profiles and not to draw inferences on the
data itself. The next pre-processing step requires derivation of a
representative profile for each household in both datasets. The
daily load demand profiles vary a lot at different times of the
year. Therefore, to avoid the influence of outliers, median demand
of each time period is taken to obtain the representative profile
for each household. In order to remove the magnitude while
retaining the trends from the median daily profile vectors, l2
normalization [43] is performed in the final step of pre-processing
of both datasets.

Fig. 3. Plot of CEVR versus the number of reduced dimensions. Elbow heuristics
(shown in this graph) is used to identify the optimal number of reduced
dimensions (d′ ) while performing the PCA.

4. Methodology and experiments
to better clustering results [13]. Therefore, as the first step, this
paper performs PCA on the dataset. The optimal number of reduced dimensions (d′ ) in PCA is obtained by using the concept
of elbow heuristics [13,45,46]. The cumulative explained variance
ratio (CEVR) for both datasets is plotted against d′ . The point
where
( the increment of CEVR is not) much upon an increase in
d′ ∂ CEVR/∂ d′ starts being very low is called an elbow point.
For the EL dataset, the optimal d′ is found to be 10 (see Fig. 3).
Whereas, adopting similar method for the PS database gives the
optimal d′ to be 17. Once the optimal value of d′ is obtained for
both datasets, PCA is applied to derive the baseline dataset having
reduced dimensions.
The most widely used clustering algorithms for residential
demand profile datasets are three: k − means clustering (KMC),
fuzzy c − means clustering (FCM) and agglomerativ e clustering
(AC). This study computed all the three algorithms and compared
the results by manual inspection [25,47]. KMC was chosen as
the best algorithm for EL database as it gave the best clustering
results. KMC requires number of clusters (k) as a hyperparameter.
In order to find the optimal value of k, average within-cluster
sum of squares (WSS) is computed for different number of clusters. WSS for a particular cluster is computed by calculating the
standard deviation of the points within the cluster with respect
to the center of the cluster. Since the number of clusters greater
than 10 is practically of no use while clustering the electric
load demand profile data [23], the range for possible number
of clusters is bounded from above by 10. Ideally, the variance
within a cluster should be as low as possible, and normally it
is expected to decrease as we increase the number of clusters.

Before moving forward, it is important to note that the electric
load demand profile, that has been obtained for each consumer
(C ), is a d−dimensional time series vector. Since the temporal
( 15 )
resolution was 15 min in this case, hence d = 24 × 60
=
96. Each consumer’s load demand profile is now represented
by this vector, which will now act as an input to the proposed
framework, as shown in Fig. 2. The general idea of this framework
is to analyze the intra- and inter-cluster characteristics before
choosing the appropriate CVI, which can then be used to validate
the clustering results.
Although an end user of this framework will only need to
identify the existence of such data characteristics in the obtained
clusters, this paper aims at providing recommendations regarding
the choice of CVIs in cases where (some of) these data characteristics exist. Hence, in order to evaluate the CVIs, a clustering
algorithm needs to be fixed first [44]. The ground truth clusters
are obtained from the decided algorithm. After that, the effect of
change in different data characteristics on CVIs, and hence the
strengths and shortcomings of each index are studied. Therefore,
this section is divided into three sub-sections. The baseline setup
is made in the first sub-section, whereas the second sub-section
discusses the impact of data characteristics on CVIs. Third subsection provides a robustness check to the methodology adopted
in this paper.
4.1. Baseline setup
Previous research has shown that reducing the dimensionality
before implementing the clustering algorithm, generally, leads
4
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Fig. 4. Plot of average values of within-cluster sum of squares (WSS) versus the
number of clusters. Elbow heuristics (shown in this graph) is used to identify
the optimal number of clusters while performing KMC. Note that the difference
between the average WSS values is very small for 6, 7, 8, and 9 clusters.

Fig. 6. The t-SNE plot for baseline clustering in EL dataset.

In order to check the ground truth clustering results of both
datasets, t −distribution stochastic neighborhood embedding (tSNE) technique was employed. It is a graphical technique that
represents the high dimensional data points in 2 dimensions. The
t-SNE for final clusters of EL data is shown in Fig. 6.
4.2. Impact of data characteristics on CVI
After establishing the baseline results of ground truth clusters,
next step is to analyze the effect of change in different data
characteristics on the value of several most popular internal CVIs.
Before proceeding to the two classes of inter- and intra-cluster
characteristics, it is important to note that the paper is built
on actual consumers load demand profile datasets. Hence, the
following limitation will exist for the data modifications that are
required to be conducted in this study.
Constraint: A new load demand profile cannot be created unless
it is very similar to the existing ones (cannot be generated in an
empty region outside/inside a cluster).
However, removal of data points is permitted.

Fig. 5. Value of gap-statistic for different number of clusters to identify the
optimal number of clusters for the KMC algorithm. Maximum value of gapstatistic is highlighted in red. Note that the difference between the Gap value
is very small for 7, 8 and 9 clusters.

4.2.1. Inter-cluster characteristics
Hence, elbow method is used once again to find the optimal
They refer to the characteristics of different clusters with
number of cluster as shown in Fig. 4. Although the optimal elbow
respect to each other and are described below.
point is determined for k = 6 in this case, we can note that the
• Overlapped Clustering occurs when some data points of
average WSS values remains nearly constant for 6, 7, 8, and 9
two or more clusters are so similar that they overlap with
clusters.
each other. Manually inspecting the clusters, as shown in
To further validate the results, gap-statistic [48,49] value was
the left hand column plots of Fig. 7, as well as the t-SNE
plotted for different number of clusters to obtain Fig. 5. From
plot, as shown in the left hand side of Fig. 8, confirms the
the general rule, a higher value of the gap-statistic indicates
overlapping of identified clusters in the EL dataset. However,
better clustering. Although its maximum value was obtained for
the existence of this characteristic is not righteous while
k = 9 clusters, it was noted that there is very insignificant
clustering. The purpose of generating clusters that are simdifference between the gap-statistic value of clusters having k =
ilar within and are different from others gets compromised.
7, 8, 9. Considering the results from the elbow heuristics, k = 7
Hence, the absence of overlapping must improve the cluswas therefore chosen as the optimal number of clusters. Once
tering results. The following null hypothesis is built on this
the hyperparameter of number of clusters was determined, the
property.
final clusters for EL dataset were obtained by running the KMC
algorithm.
H0 : Correction for overlapping clusters
Similar method was adopted for choosing the clustering algoH⇒ Improved CVI score
rithm for PS database. FCM was found to be the most suitable algorithm in this case. Its implementation require two hyperparameters—
In order to test this hypothesis, the overlapped data points
fuzzifier value and number of clusters. The fuzzifier value was
were needed to be removed from the dataset. The overcomputed on the basis of method proposed by Dembélé & Kastlapping was identified once again by manual inspection
ner [50]. The second hyperparameter of optimal number of clusprocedure and a total of 12 consumer profiles were removed
ters = 9 was computed using the Dunn’s Fuzzy Partition Coefin the process. The clusters post correction can be seen in
ficient (FPC) method [38]. Once both the hyperparameters were
the right column plots of Fig. 7. The obtained t-SNE plot post
correction is also shown on the right hand side of Fig. 8.
determined, the clustering was performed to obtain final clusters.
5
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Fig. 7. Comparison of clustering results between the baseline model (left column) that contain overlapping clusters and the revised model that corrects for overlapping
(right column). Only those clusters where overlapping was detected are shown in this figure.

Fig. 8. Comparison of t-SNE plots between the baseline model that contain overlapping clusters (left) and the revised model that corrects for overlapping (right).

The baseline scores and the correction induced scores were
then compared in Fig. 9. All scores improved upon elimination of overlapping except the XB score. Therefore, it rejects
the null hypothesis while others accept it.

The XB score takes the membership matrix into account. It is
custom designed for the fuzzy algorithms and the crisp ones
like KMC (adopted in this paper for the EL dataset) justify
only the boundary results of the XB score. Hence, inferences
6
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Fig. 9. The response of CVI indices upon removal of overlapping from the clusters. All improve except the XB score.

Fig. 10. The response of CVI indices upon removal of outliers from the set of clusters in EL dataset. All scores change their value except the DI score.

Fig. 11. The response of CVI indices upon removal of outliers from the set of clusters in PS dataset. All scores change their value except the DI score.

obtained in the interior region cannot be determined by this
experiment. Therefore, the fallacious response obtained is
established only for the crisp algorithms. The XB score is not
recommended while using the crisp algorithms producing
overlapping clusters. Other indices may be used if further
data characteristics favour them.
Since the paper is dealing with KMC algorithm which is
known to create Voronoi diagrams [51] in order to cluster
data, it can be assumed that the overlapping clusters that

were obtained here are indicative of non-linear data characteristics. Hence, an additional specific case of the results can
be noted here, i.e., XB is not recommended while clustering
non-linear data using KMC algorithm.
Validation of results for PS dataset:
– The clusters in PS database lack overlapping between
the clusters. Since we cannot generate new overlapping between different clusters, this data characteristic
cannot be studied for PS.
7
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• Outliers refer to the single point clusters in clustering re-

H⇒ Improved CVI scores

sults. Note that there exists only 1 such cluster in the baseline setup of EL dataset. Although accounted by the algorithm, a single point cluster is not exactly a cluster in itself.
It contains no meaning when it is evaluated as one. Therefore, its presence or absence is not expected to create any
difference in the CVI score. On these grounds, the following
null hypothesis is build.

Degree of differential density across the clusters can be
increased upon increasing the density of the most dense
cluster. The desired modifications are evident from the tSNE plot in Fig. 12. Since the diameter of the clusters is kept
constant, density is increased by increasing the number of
points in a cluster. A Multivariate Gaussian Distribution is
used to augment the data points. 100 rounds of experiments
were conducted to augment different data points each time.
The results were averaged to obtain the final effects on CVI
scores (given in Fig. 13).
Value of all the CVI scores (except DI) improved upon increasing the differential density across clusters in EL database.
DI remained constant. It happens because the DI score only
take the worst clusters into account. Any improvement in
better clusters is ignored by the score. It rejects the null
hypothesis whereas the other scores accept it. Therefore,
when there are differential densities between the clusters
of a dataset, DI is not the recommended score. Other scores
passed the test and hence can be used in case of differential
density across clusters. These results are in line with the
density results in the Jain et al. (2021) [44] and hence
strengthens the generalization ability of our approach. It
took nearly 34.37 s for a typical analysis on EL dataset.
Results for PS dataset:

H0 : Removal/Addition of Outlier H⇒ No change in CVI score
Testing of the outlier hypothesis requires comparison of CVI
scores before and after the removal of single point cluster.
The results from the two datasets are shown in Fig. 10.
Except the DI score, the value of all other scores changed
after the removal of outlier. Therefore, only DI score accepts
the null hypothesis while others reject it.
The results are in line with the previous work [44] upon
which the current extension is built. SH score improves with
the removal of outlier. The CH score behaved peculiarly in
he previous work by improving its value whenever a distant
outlier is added, and worsening itself upon addition of a
nearby outlier. Since the outlier in the EL dataset lies close
to the other clusters, its addition worsens the value of CH
score. Both DB and XB scores worsen after the removal of
outliers while the DI score remains same.
Validation of results on the PS Dataset:

– The results for increasing differential density in clusters of PS dataset are given in Fig. 14. The behavior of
CVIs is exactly same as was obtained for the EL dataset.
Again, it strengthens the generalization ability of our
approach.

– As seen in the case of EL dataset, identical response of
the CVIs on removal of the outliers was recorded on
the PS dataset, as shown in Fig. 11.
– Interestingly, CH deteriorates in this case on the removal of outlier. Such fluctuating behavior of the CH
score proves that it is highly vulnerable to the presence
of outliers.
– Overall, it can be seen that every CVI except DI is
affected by the outliers. This similar behavior strengthens the generalization ability of the methodology
adopted in this paper for any residential load demand
profile dataset.

4.2.2. Intra-cluster characteristics
They refer to the inherent characteristics of a cluster. There
are various possible ways in which the data is distributed inside
a cluster. Fig. 15 illustrate some of these possibilities in a hypothetical two dimensional dataset. The panel A represents the
most basic case where data points are uniformly spread all over
the cluster. More complex cases are shown in panel B,C and D
where data points exist in the form of one or multiple bundles
inside a single cluster. These cases occur very frequently in the
real world datasets. Therefore, their effect on the value taken by
CVI scores is crucial to be determined. This section will focus on
the effect of each distribution on the CVI scores. It requires data
rearrangement inside the clusters. The rearrangement of data
points must not alter the baseline clustering results. Additionally,
it mandates all the clusters to be well separated and without
outliers. Therefore, the baseline needs to be revised for studying
the intra-cluster characteristics. The revision for the EL dataset
is shown in Fig. 16 which corrects the overlapping and outliers
that were originally present. 13 households were removed in the
process - 12 overlapping points and 1 outlier.
For the PS database, 3 outlier data points were removed from
baseline to get the revised baseline needed for studying the
intra-cluster characteristics.
The study of different intra-cluster characteristics is described
below.

The results from this experiment recommend the use of DI
score when outliers are present in the data. But, if other data
characteristics recommend the use of other scores and not
the DI, temporary outlier correction before implementation
of other indices is advised. It took nearly 1.67 s for a typical
analysis on EL dataset.
• Differential Density implies that the clusters have varying
densities. Density in general is defined as the mass per unit
volume. In the context of a cluster, mass can be represented
by the number of data points in it. While the diameter is
directly proportional to the cluster’s volume. Therefore, this
paper simplifies the density of a cluster as
density of kth cluster =
Dk =

no. of data points in cluster
nk

diameter of cluster

Dk

Presence of differential cluster densities in a real world
residential load demand data necessitates the study of its
effect on the value of CVI scores. Increased differential density of clusters strengthen the average degree of within
cluster similarities and does not harm clustering in any way.
Therefore, an increase in differential density is expected to
have positive influence on the CVI scores. On the basis of
this property, the following null hypothesis is formulated.

• Central Kurtosis exists when the density of data points is
large around the center of a cluster as compared to other
areas. If concentric rings were to be formed from center
to the cluster boundary, where each ring interval has respective data points in it, the concept of kurtosis can be
implemented for the analysis. Upon constantly increasing
the data points in the central ring, the distribution changes

H0 : Larger differential density of clusters
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Fig. 12. The t-SNE plots reflecting two of the four levels of increased differential density. A 50% increase in the density of the most dense cluster is illustrated in
the left side while the one with 100% increased density is there on the right side.

Fig. 13. The effect of differential density on various CVI scores of the EL dataset. Except DI, all CVIs improve.

Fig. 14. The effect of differential density on various CVI scores of the PS dataset. Except DI, all CVIs improve.

Fig. 15. Possible intra-cluster data characteristics with ideal cluster in panel A, central kurtosis distribution in panel B, skewed distribution in panel C, and
sub-clustering in panel D.
9
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Fig. 16. t-SNE plot showing the revised baseline results of EL dataset for study of intra-cluster characteristics.

Fig. 17. The t-SNE plots reflecting two of the four levels of increased central kurtosis. A 25% increase is illustrated on the left side whereas the one with 100%
increase is there on the right side.

Fig. 18. Effect on the value of CVI scores upon increase in the level of Kurtosis close to center of clusters in EL dataset.

from near uniform to platykurtic, that transforms to normal
and ultimately to leptokurtic. While doing so, the density
keeps on strengthening in the center of the cluster and
weakens at the periphery. Both forces are opposite to each
other. But, due to increased density along the center of
the clusters, the force of increasing intra-cluster similarity
dominates. It should bring positive response from all the
CVIs. On the basis of this fact, the following hypothesis is
generated.

In order to test this hypothesis, k% data points inside each
cluster were rearranged to be shifted close to the center.
New points were generated inside a 10 dimensional sphere
having radius equal to a 5th fraction of the cluster radius.
The size of all clusters was kept constant during this process.
The desired modifications are evident from the t-SNE plot
in Fig. 17. 100 rounds of experiments were conducted to
rearrange different data points each time. The results from
all the trials were then averaged to obtain the effect on
the value of different CVI scores upon increasing the central
kurtosis by k%. This effect was noted for different values of

H0 : Increase in degree of central kurtosis

H⇒ Improved performance of CVI scores.
10
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Fig. 19. Effect on the value of CVI scores upon increase in the level of Kurtosis close to center of clusters in PS dataset.

Fig. 20. The t-SNE plots reflecting two of the four levels of increased skewness. A 50% increase is illustrated on the left side whereas the one with 100% increase
is there on the right side.

k ∈ {0, 25, 50, 75, 100} to obtain the CVI performances in
EL dataset as shown in Fig. 18. All considered CVI scores increased their performance upon increase in central kurtosis.
Therefore, all of them confirm the null hypothesis. It took
nearly 59.64 s for a typical analysis on EL dataset.
Validation of results on the PS Dataset:

outliers. Therefore, the CVI scores should either improve or
remain constant. The following hypothesis is based on these
findings:

– The effect of increasing the central kurtosis on CVI
scores is exactly same as was obtained for the EL
dataset. The results shown in Fig. 19 strengthens the
generalization ability of the methodology adopted in
this paper.

Testing this hypothesis requires rearrangement of data
points farther from the center. But, due to the real world
constraints, a new data point is forbidden to be generated
in the empty regions of any cluster. It ensures that an
unachievable data point is not created in the process. Area
where data points are most likely to be present is near
the mean of any cluster. Therefore, if mean is significantly
away from the center, then data points could be rearranged
around the mean to obtain skewness. The desired modifications are evident from the t-SNE plot in Fig. 20. While
implementing this logic, the distance between mean and
center was calculated for all the clusters. If the distance
was greater than a third of the radius of the cluster, then
skewness experiments were implemented. The new data
points were rearranged in a 10 dimensional sphere having
a fifth of the cluster radius. Else, the clusters were left as
it is. 100 rounds of such trials were conducted to rearrange
different data points each time. The values obtained upon
introducing skewness in the clusters were averaged to give
the results shown in Fig. 21. It took nearly 81.10 s for a
typical analysis on EL dataset.
Results for PS dataset:

H0 : Increase in degree of skewness H⇒
Constant/improved performance of CVI scores.

If central kurtosis is present in any of the clusters, all
the CVIs considered in this paper work as expected and
hence can be used freely (if other data characteristics are
in favour).
• Skewness of a cluster refers to a situation when mean of
the cluster lies further away from the cluster center. In such
a case, most of the data points lie in a particular direction
and are not evenly distributed across the cluster. Similar to
central kurtosis, if the data points continuously increase in
one section of a cluster, replacing the points in other areas,
the density in one area keeps increasing at the expense of
other part. Both the forces are still in opposite direction.
Earlier in the case of central kurtosis, the mean got concentrated around the center of the cluster, and thereby less
increasing the weakness of peripheral side. But, with skewed
augmentation, the expenses are larger. Keeping the diameter unchanged, the reduction in intra cluster dissimilarities
should still be larger than the peripheral weakening because
the overall clustering should not be affected. It is still better
to have a single cluster, than having a small one with 2

– The effect of increasing the skewness on CVI scores is
more or less same as was obtained for the EL dataset.
The DI score was found to be slightly sensitive at first
11

M. Jain, M. Jain, T. AlSkaif et al.

Sustainable Energy, Grids and Networks 32 (2022) 100849

It is evident from the results of increase in the level of subclustering upon performance of CVI scores that DI should
be preferred when sub-clustering is present. But, if other
data characteristics favour some different indexes, then they
can be employed if the distance between sub-clusters is
sufficiently large.

to the skewed clusters in the case of EL. But, when
used in skewed PS dataset, it was behaving perfectly
according to the null hypothesis. It happens because
its effectiveness might be subjective to the dataset
and overall separation of clusters. Hence, the DI is not
reliable. The results for PS dataset are shown in Fig. 22.
It is evident from the results of both datasets that all scores
improved, except the irregular behavior of the DI score.
Therefore, except DI, all can be used in presence of skewness. Careful attention is needed upon the fact that the
results obtained for skewness are contingent upon existence
of non-overlapping clusters. However, this is not always
the case with real world datasets. The indices can behave
differently with overlapping clusters and needs to be studied
separately.
An important aspect was noted in the behavior of all CVI
scores. In comparison to the central kurtosis results, the
improvement in CVI scores is lesser upon increasing the
skewness. It reflects the increased dampening effect because
of stronger peripheral emptiness. DI however proves to be
more sensitive to the dampening effect.
• Sub-Clustering occurs when two or more smaller clusters
develop inside a cluster. Where skewness and kurtosis does
not present a doubt on the clustering in itself, sub-clustering
does. It indicates that two smaller clusters might be better
than a bigger one. Therefore, its presence must worsen the
CVI scores. The within cluster similarities are not increased
much, but the peripheral emptiness still exists. It presents
another reason why the CVI scores must worsen. On the
basis of this, the following hypothesis is formulated:

4.2.3. Robustness check
All the internal CVIs, that are considered in this paper, base
the evaluation on the basis of two data characteristics—separation
and compactness. Unlike the other characteristics, which indirectly tweak the value of CVI scores and may create undesired
effects, a change in separation or compactness must have desired
impact on all the CVI scores. The clustering improve upon increasing both, the between cluster separation and the within cluster
compactness. In order to validate the methodology adopted in
this paper, if the compactness as well as separation is increased
for the datasets, all the CVI scores must improve. Accordingly, the
following hypothesis is formulated.
H0 : Increase in separation and compactness

H⇒ Improved performance of CVI scores.
Testing this hypothesis require reduction in size for all clusters. However, the size cannot be reduced in isolation for the
real world datasets where observations cannot be shifted from
their place. The inter cluster separation increases along with it.
The desired modifications are evident from the t-SNE plot in
Fig. 26. Both increase in separation and reduction in size ought
to have positive effect on the behavior of CVIs. To test it, the
size of all the clusters is proportionately reduced by different
percentage points 15%, 20%, 25%, 30%. It is done by replacing the
data points belonging to the removed rings with new ones inside
their respective transformed clusters. Thus keeping the density
of the cluster to be constant. 100 such trials for addition of new
points were performed and the CVIs obtained were averaged to
obtain the final effect (given in Fig. 27). It took nearly 24.43 s for
a typical analysis on EL dataset.
Validation of results on the PS Dataset:

H0 : Increase in degree of sub-clustering

H⇒ Worse performance of CVI scores.
Generation of sub-clusters require choice of appropriately
dense points inside a cluster. The most favoured points
for the real-world datasets are—the mean and the center.
Similar to the process adopted in skewness, if mean of a
cluster is further away from the center (greater than 3 ∗
radius/2), 2 sub-clusters can be formed around the mean
and center with radius/4 as the radius. Afterwards, different
levels of sub-clustering are induced around mean and center
to register the response of CVIs at each stage. The desired
modifications are evident from the t-SNE plot in Fig. 23.
Similar to the experiments of skewness and central kurtosis,
the CVI scores were averaged over 100 trials of data rearrangement to ensure randomness. Except DI score, all other
CVIs improved upon generation of sub-clusters in EL dataset
(see Fig. 24). Therefore, only DI accepts the null hypothesis
whereas others reject it. However, the rate of improvement
of CH, SH, DB and XB scores further slowed down to a
negligible amount. On the basis of this observation, we can
be sure that these 4 scores are not recommended when subclusters generated are closer to each other (like the case
taken in this paper—distance between the centers of subclusters is smaller than the radius). In such case, only DI
should be the chosen index. But, when the distance between
the sub-clusters is sufficiently large, all scores could respond
in the desired fashion. Unfortunately, the paper is unable
to test such case because the scope of addition of impractical data-points increases exponentially in that case. It took
nearly 7.92 s for a typical analysis on EL dataset.
Validation of results on the PS Dataset:

• The effect of increasing separation and compactness on CVI
scores is exactly same as was obtained for the EL dataset.
The results shown in Fig. 28 strengthens the generalization
ability of the methodology adopted in this paper.
The value of all the CVI scores improved upon increase in
separation and reduction of cluster sizes. It indicates that the
compactness and separation of clusters belonging to different
datasets should not be a criteria in selection of different CVIs. All
of the indices confirmed the null hypothesis to be true and hence
provide a strong robustness check to the methodology used in
this paper.
5. Conclusion
The paper studies and analyzes the impact of 6 different
data characteristics on 5 most widely used internal CVIs. Based
on the possible cluster formations while clustering electric load
demand profiles, these data characteristics were divided into 2
categories, namely inter- and intra- cluster characteristics. Presence of outliers, differential density of clusters, and overlapping
clusters are the possibilities that have been considered in the
former category. Whereas, central kurtosis, skewness, and subclustering possibilities were considered in the latter. Different
CVIs were observed to behave differently to these possibilities.
This mainly happens because internal CVIs generally estimate
some form of separation (i.e. inter-cluster characteristic), and

– The effect of increasing the skewness on CVI scores is
exactly same as was obtained for the EL dataset. The
results shown in Fig. 25 strengthens the generalization
ability of the methodology adopted in this paper.
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Fig. 21. Effect on the value of CVI scores upon increase in the level of skewness in the EL dataset.

Fig. 22. Effect on the value of CVI scores upon increase in the level of skewness in the PS dataset.

Fig. 23. The t-SNE plot reflecting the induced sub-clustering.

compactness (i.e. intra-cluster characteristic) of the clusters to
rank the clustering results. Hence, it is important to choose appropriate CVI before using it to validate the clustering results. The
behavior of each CVI in the presence of these characteristics and
corresponding suggestions are briefly summarized in Table 1.
The inferences were drawn upon conducting the experiments
on two different datasets of consumer-level electricity demand.
Results from both the datasets completely agree with one another

showing the strength and generalizability of the adopted methodology and obtained results. To further test the robustness of the
methodological framework of this study, a robustness check was
done by increasing the separation between the clusters which
led to improvement in all the CVI values, as expected. While this
study focuses on the clustering analysis of electric load demand
profiles of consumers, the adopted methodology can be easily
reproduced in other clustering applications.
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Fig. 24. Effect on the value of CVI scores upon increase in the level of sub-clustering in the EL dataset.

Fig. 25. Effect on the value of CVI scores upon increase in the level of sub-clustering in the PS dataset.

Fig. 26. The t-SNE plots reflecting two of the four levels of reduced size. A 20% reduction is illustrated on the left side whereas the one with 30% reduction is placed
on the right side.
Table 1
Summary of the experimental results and corresponding suggestions if a particular data characteristic is present in the dataset and its underlying clusters.
Data characteristic

SH

CH

DB

DI

XB

Remarks

Overlapping clusters

✓

✓

✓

✓

✗

Presence of outliers

✗

✗

✗

✓

✗

Differential density

✓

✓

✓

✗

✓

If overlapping is encountered in crisp clusters, XB
should not be used
Either remove outliers temporarily or use DI for
unbiased results
If clusters have varying densities, avoid DI

Central Kurtosis

✓

✓

✓

✓

✓

Any of these CVIs can be used in this case

Skewness

✓

✓

✓

✗

✓

Sub-Clustering

✗

✗

✗

✓

✗

DI is slightly sensitive to skewed clusters but its
effectiveness might be subjective to the dataset and
overall separation of clusters
All except DI are highly sensitive to sub-clustering and
hence should be avoided

14

M. Jain, M. Jain, T. AlSkaif et al.

Sustainable Energy, Grids and Networks 32 (2022) 100849

Fig. 27. Effect on the value of CVI scores upon increase in both inter-cluster separation & intra-cluster compactness in the EL dataset.

Fig. 28. Effect on the value of CVI scores upon increase in both inter-cluster separation & intra-cluster compactness in the PS dataset.
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