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VisualizationAbout	the	dataAbstract
Electric Vehicles are considered to be promising
towards the goal of sustainability in today’s world. As
the market for EVs is expanding, the need for the
expansion of public charging infrastructures also
increases. The global spread of the COVID-19
pandemic has had an impact on the electric vehicle
(EV) industry. The lockdown restriction has resulted in
a significant shift in the use of public charging
infrastructures. Hence it is necessary to investigate the
effects of COVID-19 on electric vehicle users’ charging
behavior before, after, and during COVID-19 lockdown
restrictions. In this study, we have performed data
visualization using K-means and hierarchical clustering
analysis to study the charging pattern shift. In addition,
we also predicted the collective charging session
duration using Machine Learning Models, Random
Forest and XgBoost from a real time data extracted
from a public charging facility from the City of
California.

Machine	Learning	Models	and	hyperparameters

Future	Work:	Securing	the	Infrastructure

Conclusions

According to IEA, both battery (BEV) and plug-In electric
vehicles (PHEV) have seen a tremendous growth with
2 million units sold in the first quarter of 2022 [1]. Thereby,
currently the total number of on road EVs are about
16.5 million. In the U.S., California has the most number
of charging stations with over 13,000 [2]. This study used
the adaptive charging network (ACN) dataset, which
includes over 30,000 charging sessions [3]. Real-time
data is captured from a charging stations located in
Pasadena, California. The dataset includes logged
charging events as well as user-related attributes. The
study takes charging events from April 2018 to September
2021 into account.

In terms of analysis, the goal is to figure out how the
charging behavior changed prior to, after and during
the period of the lockdown restrictions. To analyze
the charging pattern and its shift, the number of
charging sessions per month of three different years
are visualized. Figure 1 shows the charging
sessions occurred each month from 2019-2021.

Clustering	methods:	K-means	and	Hierarchical	

In this work, we performed unsupervised clustering techniques to examine the charging pattern before, after, and during lockdown restrictions. According to the analysis, 
there is a noticeable shift in time of utilization of charging stations, because of the lockdown measures. There were no charging sessions between the beginning of August 
and the middle of November 2020, but a significant increase was seen starting in the middle of the year 2021. If this uncertainty such as pandemic continues, charging station 
usage will fluctuate on a regular basis, potentially affecting charging station planning and user convenience. In addition, in an economically fast-growing states like California, 
the number of users is likely going to rise in the near future. Hence the prediction of charging utilization helps in effective management of charging stations.

Contact	Information
Prashanth Rajagopalan

MSEE student
SEECS, University of North Dakota

p.rajagopalan@und.edu

Jack Thornby
Undergraduate Student

SEECS,  University of North Dakota
jack.thornby@und.edu

Prakash Ranganathan
Assistant Professor

SEECS,  University of North Dakota
prakash.ranganathan@und.edu

References

As the public charging infrastructures are expanding, it
is necessary to secure the communication not only
within the vehicle but also external communication with
the charging station infrastructure. The scope of
Vehicle-to-Grid (V2G) technology integrated with the
renewables are emerging to provide ancillary services
which demands a secured communication channel, as
shown in Fig 6.
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K-means and hierarchical model, two popular
clustering algorithms are used to find common
charging behavior [4]. To determine the optimal
number of clusters, before training the datasets, an
elbow plot is followed to decide the number of
clusters. Figure 3 shows the elbow plot varying the
number of clusters from 1 to 10 with the cluster with
Sum of squared error (SSE) [5]. K-means clustering
results of Connection and disconnection hours for
2019, 2020 and 2021 are shown in Figure 2. The
clustering methods are executed in Python using the
scikit-learn library [6].

Data Field Description
Connection time

Disconnection time

kWh Delivered

Time when the EV is connected

Time when the EV is disconnected

Amount of Energy delivered during the session
Fig	1.	Charging	Sessions	occurred	each	month	from	2019-2021

Table	1.	Dataset	Fields	and	its	description

ML Models Silhoutte Indices
2019 2020 2021

K-means

Hierarchical

0.7726

0.7542

0.7879

0.7839

0.7585

0.7518

Table	2.	Silhouette	Indices	for	clustering	algorithm

Fig	3.	Elbow	plot	for	deciding	the	number	of	clusters

Fig	2.	K-means Clustering	results	of	Connection	and	disconnection	
hours	for	2019,	2020	and	2021

(a) (b)

(c)

The difference in time duration between connection and disconnection hours are used in the experimental analysis
for predicting session duration with Machine Learning models, Random Forest and XgBoost with different
hyperparameter settings as shown in Table 3. The prediction errors of the session duration are calculated for the
above-mentioned ML methods using Mean Absolute Percentage Error (MAPE) scores as shown in Equation 1.

Table	3.	Hyperparameters	of	Machine	Learning	models

Table	4.	MAPE	Score	for	the	performance	of	ML	model	prediction

ML models Hyperparameters
Parameter Value

RF

XgBoost

n-estimators
Random state

n-estimators
Max Depth

10
10

200
1

Fig	5.	Charging	session	duration	forecast	for	the	next	10	days

Fig	4.	Machine	Learning	performances	over	the	test	data	of	charging	session	duration	

Figure 4. represents the overall session
duration from the period of 2018 to 2019.
The data is obtained from the difference
in connection and disconnection hours.
The overall session duration is split into
an 80-20 percent ratio for the purpose of
training and test validation of the ML
models. Session duration that occurred
from the period of April 2018 to
September 2019 are considered as the
value to train. Test values from
September to December 2019 for the
purpose of testing the ML models,
Random Forest [7] and XgBoost [8].
Figure 5 represents the forecast of the
session duration for the next 10 days from
the test value in the validation. The
accuracy metrics calculated using MAPE
are mentioned in Table4.
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ML Models MAPE(Percentage)
2018-2019 2020

RF

XgBoost

0.15169

0.14631

0.19642

0.17800

Fig	6.	V2G	environment	with	secured	EV	Charging	Fleet	

To address the climate change, V2G technology is
encouraged in many countries with incentives by
reducing the carbon footprint in the electricity
production. Efforts are on-going in securing the cyber-
physical layer through regulation of charging protocol
and communication standard ISO/SAE 21434 [9]. The
power system security in terms of EVs and Electric
Vehicle Supply Equipment (EVSE), its vulnerabilities
can further be classified at different levels as shown in
Fig 7.

Fig	7.	EV	Fleet	and	its	vulnerabilities	at	different	levels	in	charging	communication
Therefore, securing the charging infrastructure needs
both hardware/software [10]. This can be achieved by
encrypted credentials disclosure mechanisms.

Flowchart	for	K-Means	Algorithm
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