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Abstract— The data collected from advanced metering
infrastructure enables the electric utilities to develop a deep insight
about the energy consumption behavior of the consumer. However,
the load signature and consumption pattern varies due to addition of
multiple types of new loads, such as electric vehicles (EVs).
Therefore, it becomes imminent to further dig down these variations.
To this end, this paper investigates the impacts of insertion of EV
profiles in the household level smart meter data. The Irish CER
dataset and EV data from the NREL residential PEV are utilized in
this study to classify the users with and without EVs’ loads. The
results show that change in the cluster membership can help to
separate the consumers with the EV load from the stand-alone
consumers without the EV load.

Keywords— Data clustering; electric vehicles; load profiling;
smart meter

I. INTRODUCTION

The smart meters deliver meticulous knowledge about the
individual consumers’ load patterns that can be further utilized
to control the loads even at individual household [1, 2]. The
challenges faced by the curse of dimensionality of the data can
be managed by classifying the consumers into different classes
to extract typical load profiles using machine learning-based
techniques.

Extraction of load patterns from smart meter data is a
cumbersome process and it can be tackled by supervised or
unsupervised machine learning (ML) techniques [3]. Multiple
studies have been carried out to classify the pattern in the
unlabelled smart meter data, however, impact of integration of
electric vehicles (EVs) on consumer classification is a
promising area.

Information of EV charging may help the electric utilities to
predict load and also to comprehend temporal and spatial
aspects for: 1) load scheduling and 2) Evade distribution
network renovations [4]. The consumers with EVs hide the
purchase of EV usually from utility resulting in shift in their
energy consumption pattern without the knowledge of utility,
leading in wrong categorization of such consumers. Broadly,
non-intrusive load monitoring is employed to disaggregate load
for EV detection. However, it is an complicated technique that
requires high granularity of data at frequency of seconds [5].

In this paper, we investigate the impact of inclusion of EVs
at consumer level considering different diffusion levels of EV

charging profiles. The smart meter data from Irish CER dataset
[6] with 30 minutes resolution is interpolated to 10 minutes
resolution to embed EV charging profiles with 10 minutes
resolution. The profiles with and without EVs are clustered and
changed in a cluster membership due to the inclusion of EVs.
Accordingly, the impact of EVs are investigated in this paper.

The rest of the paper is arranged as follows. Section II
explains the proposed scheme. The case studies and results
with their analysis are presented in Section III. The paper is
concluded in Section IV.

II. METHODOLOGY

This paper aims to investigate the clustering of the load
profiles inclusive of EVs. The Irish CER smart meter dataset
employed in this work [6] contains data snapshots with a
frequency of 30 minutes for more than 5,000 residential and
small business consumers for a period of 18 months. The EV
charging data used in this case is from 2009 RECS data set
provided by NREL [7]. 200 random customers are selected
from the smart meter dataset and similarly, 30 EV charging
profiles are selected from the NREL dataset for case studies. A
flowchart of the proposed scheme adopted for the case studies
is given in Figure 1.

Figure 1: Flowchart Proposed scheme

The proposed scheme is explained as follows:

A. Data Pre-processing

In the data pre-processing stage, the first step is to ensure
the quality of the data. To ensure high data quality, the outliers
are removed, and data is cleansed by removing the erroneous
values. Potential hardware failures in the first month can lead
to zero kWh readings, therefore, all such readings are removed
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[8]. The EV profiles contained only EV charging and data. For
the rest of the time, the values are shown as zero which is
considered normal in this case. Once the data is cleansed, 200
random customers are extracted from the smart meter data and
the 30 random EV profiles are chosen from the EV data.

In the next step of the data pre-processing, the smart meter
data with resolution of 30 minutes (48 daily readings) is
converted to 10 minutes resolution. This is achieved by linearly
interpolating the data using (1);

.
(1)

With the linear interpolation, the daily reading of smart
meter data become 1,440 which commensurate with EV data.
The case studies and scenarios are detailed in the proceeding
section. The finalized data is applied to the k-means clustering
algorithm. Before application of k-means, the data is
normalized to remove the impact of magnitude [9]. The
normalization of a curve is carried out by dividing the curve by
its maximum value. In this way all curves have values between
0 and 1 which results in clustering to focus on the shape of the
profiles only.

B. K-means Clustering

k-means clustering is one of the most robust techniques
with simple operating principle and is stable against the time
resolution [10].

According to this approach after data pre-processing, the smart
meter data is subjected to k-means clustering. Let

be the data set with m instances, and

let be the k disjoint clusters of [2].

i. Select cluster centers randomly.

ii. Calculate the distance between each data point and
cluster centers.

iii. Assign the data point to cluster with minimum
distance to its center.

iv. Re-compute the new center with:

where represents number of
data points in the ith cluster.

v. Re-compute the distance between each data point and
new cluster centers.

vi. If any data point member changes cluster membership,
repeat the procedure from iii until no change in
cluster membership occurs.

k-means clustering tries to minimize the error function
which is given in (2):

(2)

where is the centroid of cluster, denotes the

distance between x data point and .

C. Load Profile Extraction

Once the k-means clustering on the data is performed on
the dataset, the resultant clusters are used to extract typical load
profiles. The typical load profiles of the clusters are extracted
by taking arithmetic mean of the profiles in the cluster. The
resultant profiles are considered as typical load profiles for the
cluster which can be used for different power system
application.

III. NUMERICAL APPLICATION

Distinction between EV profile and a normal consumer
profile can be made from the Figure 2. From Figure 2, it can be
observed that the EV profile tends to have higher magnitude
and flat charging load, whereas the household load profile is
highly volatile and variable. In total, 14 EV charging events
took place on the particular day with different charging times.

Combining the two profiles provides aggregated profile
which has EV profile embedded within the original household
profile. Figure 3 shows an aggregated profile of profiles shown
in Figure 2. The aggregated profile shows characteristics of the
domestic load profile with its erratic behaviour and new peaks
introduced due to the EV charging. Therefore, it is expected
that due to change in shape of the cluster, the clustering results
of the aggregated profile will be different from the household
load profile without EV.

The case study considers different levels of the EV profiles
i.e., 10, 20 and 30 EVs and each case study further considers
four clustering scenarios i.e., clustering one day data, clustering
one week, clustering one month data and clustering one year
data. However, due to the limitations of the space EV profile
with 20 and 30 EVs are not presented here. The results show a
similar trend in all the cases.

Figure 2. EV charging and domestic consumer 24 hours load profiles
b. Domestic consumer load profile

a. EV charging profile
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Figure 3. Aggregated profile with EV embedded

A. Case. 10 EVs

In the Case I, 10 random EV profiles for a year are selected.
Initially, smart meter data of 200 customers is clustered for four
different scenarios i.e., for one day only, for one week only, for
one month only, and then finally for one year. Once this is
achieved, aggregated profiles for all four scenarios using the 10
EV profiles are generated and then these aggregated profiles of
the 10 consumers replace 10 consumers in the smart meter data.
For ease of the comparison, the first 10 consumer profiles are
taken out, their profiles are aggregated with EV and finally
these aggregated profiles replace the original profiles.

Different number of clusters are simulated ranging from 2
to 8 and 4 is chosen as final cluster numbers. Having too high
number of clusters can result in extraction of non-significant
patterns and too low numbers can lead to loss of general
patterns. Number of consumers in all four clusters remains
almost the same in both smart meter and aggregated profiles.

The change in cluster membership can be seen from the
Table I, where clustering results for first 10 users show that
these consumers belong three different clusters. Initially, the
first 10 consumers without EV belong to clusters 1,3 and 4, but
after aggregation of profiles with EV profiles, 80% EV
customers belong to cluster 4 and rest of the 20% to cluster 2
(highlighted in red). It is important to note that the cluster
number in both cases may not be the same clusters i.e. cluster
number 2 in non-EV load may be marked as cluster number 4
in case of EV data. However, apart from the EV, the other
consumers tend to retain their original cluster membership with
acceptance of a few consumers. The change in the membership
of these consumers is result of the change of centroid position
due to the aggregation of profiles. The results for all scenarios
i.e. for one week, one month and on year data show similar
trends as can be seen from the Table I. Moreover, the load
profiles of the cluster containing daily clustering before and
after EV are given in Figure 4. Most of the EV consumers
spread across different clusters tend to be in the same cluster.

B. Discussions

The study shows that sensitivity of EV penetration does
not have significant impact on the clustering results and most
of the EV consumers tend to remain in the same cluster. The
daily, weekly, monthly or annual clustering exhibit somewhat
similar outcome in terms of the EV classification, however,
overall changes in number of consumers within a class are
significant.

Figure 4. One day Pre and Post EV cluster profiles: (a) without EV and (b)
with EV

b. One day aggregated cluster load profile with EV

a. One day domestic load profile without EV

As the focus of this study is on the impact of EV penetration,
these aspects are ignored in this study.

It is observed that, inclusion of EV results in cluster load
profiles with higher magnitude of load and changes in patterns
with sudden spikes. The EV charging profiles show that EV
loads are high load and whenever they are installed at
consumers premises, the consumer load patterns tend to change.
This change can be observed in the form of high spikes of
loads and overall increase in the maximum demand of the
consumer. Although, stratification of the loads can be
potentially used to isolate the EV consumers, presence of other
high loads can lead to misclassification of consumers. This
study shows that when a consumer buys new EV, their energy
consumption pattern changes such that the new EV consumers
tend change their membership into the same cluster. As the
element of magnitude is already omitted by normalizing the

Table I. Clustering membership with and without 10 EV Consumers

1 4 1 2 4 4 1 2
3 4 4 4 2 2 3 1

1 4 1 2 4 4 1 2

3 4 4 4 4 4 1 2
1 2 1 4 4 4 1 2

3 4 4 4 2 4 1 2

1 4 1 4 4 4 1 2

3 4 1 4 2 4 1 2
4 2 2 4 1 1 2 1

3 4 1 2 2 4 1 2
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data, the results are purely based on the shape of the load
curves of energy consumption patterns/habits.

IV. CONCLUSION

This paper presents an investigation into the impact of EV
penetration in load profiling of domestic consumers. The
results suggest that presence of EV significantly changes
energy consumption patterns of the domestic consumers. The
consumers classified into different classes before EV tend to
fall in the same class after incorporation of EV charging profile.
Sensitivity analysis with different scenarios shows that the
change in load patterns of the consumers due to EV makes the
patterns of the consumers similar enough to be in the same
class. Studies using the historic classification of consumer and
present class change can potentially be used to identify the
presence of EV.
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