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Abstract—Electric vehicles (EVs) are transforming the modern
transportation and energy systems. However, due to increasing
battery and charger capacities with long charging times, adverse
effects on distribution grid are expected with mass penetration of
EVs. In this paper, we investigate and evaluate the voltage impact
of EV integration into a 37-bus IEEE distribution grid model to
extract the signature of power system congestion information.
The statistical distribution of voltage at local nodes are obtained
with respect to node distance to substation and different EV
integration rates. It is observed that both EV integration and
node distance affect the observed voltage means and deviations
at the local node significantly. The obtained results show that
each local node can infer the congestion in the distribution grid
by only observing its own voltage levels. This will open new
possibilities for local control mechanisms that will enable fair
power sharing among EVs irrespective of their physical location.

I. INTRODUCTION

Electric vehicles (EVs) are finally moving towards mass
adoption with increased efforts from manufacturers such as
Tesla and Volvo. However, electric utility grid is still not
ready for EV transition. The mass penetration of EVs into
the utility grid will result in detrimental effects due to co-
incidence between peak loading and EV charging [1]. The
integration of EVs into the distribution system with an unco-
ordinated fashion at high market rates increases peak loading
on line/transformer, energy losses, voltage deviations, and the
need for network reinforcements [2]–[6]. The possible impacts
of this integration on a residential distribution grid, which
are mostly related to voltage drops and deviations, and power
losses, are studied in [7].

There are many control methods proposed in the literature
to address EV-grid integration related problems. Most of the
solutions require information exchange of each EV with a cen-
tral location to optimize the operation of the EV with respect
to a certain variable such as cost, efficiency, renewable energy
tracking, etc. [6], [8], [9]. These approaches require centralized
server and do not fully address the fairness among users. In
[7], authors analyzed the voltage profiles of the grid nodes
under different degrees of EV penetration for uncoordinated
and coordinated charging cases. Their coordinated charging
tries to achieve optimal charging by minimizing the power
losses. However, this requires deployment of smart metering
devices and ability to send charging signals to individual
vehicles. Voltage drop violation and the overloading of the
grid constitute two important constraint for a charging control

method. In [10], authors proposed a charging optimization
technique considering these system constraints. They also
showed the relationship between the congestion level and
voltage of the grid nodes. This work also relies on cyber-
physical structures that carry information between vehicles and
a charging service provider.

Alternative studies, which use local measurements in a
decentralized manner, propose a voltage-based feedback con-
troller for EV charging with a predetermined voltage reference
value for all nodes [11]. Similar procedure is also used for
photovoltaic (PV) solar integration in the distribution grid
where critical voltage levels are assumed to be fixed among
various nodes in the system [12]. A distributed solution using
local voltage levels is discussed in [13], where using voltage
thresholds that are obtained from historical voltage data is
suggested. In [14], an improved decentralized algorithm
is proposed, where voltage threshold values are calculated
by power flow analysis. Although each of these techniques
perform voltage control, they lack in considering the very
specific local information at each node, which is dependent
on the grid congestion and location of the node in the grid.
Using only average voltage values that are estimated after days
of measurement will suffer from lack of flexibility for precise
control and capturing important location and time signatures.

Decentralized operation of an EV charging algorithm relies
on the measured and preset threshold voltage values. This
makes it very important to understand the effects of any system
parameter on the voltage values. In a recent study, we pre-
sented a detailed analysis regarding the relationships between
distance vs. voltage and power in a simplified distribution grid
model [15]. Using the results of this analysis, we proposed
a method that ensures fairness for a charging algorithm for
this simplified model. In this follow-up study, we demonstrate
a more realistic method to learn the operating voltage range
of EV on-board charger rather than utilizing simplified as-
sumptions. We used statistical Monte-Carlo (MC) simulations
of the stochastic charging and residential loading events. The
effects of parameters like node distance to substation and EV
penetration ratio to the resulting statistical voltage distribution
at local nodes are analyzed. The results provide invaluable
information to learn the status of the distribution system,
and they can be used to develop control algorithms of grid
connected EV and PV power electronic systems.

The organization of the paper is as follows. Section 2 of the
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study presents the system components used in the developed
model. Section 3 explains the developed case studies and sim-
ulation results. A discussion of the obtained results is provided
in Section 4. Finally, Section 5 presents the conclusions and
planned future work.

II. PROBLEM DESCRIPTION AND SYSTEM MODELING

Since the distribution grid is an electric circuit, its states
can be estimated or at least observed through its electrical
variables such as end-node voltages. Given the fact that the
grid voltage tends to drop as the system is loaded, we can infer
that the event of voltage drop can be interpreted as a sign of
congestion in the system. Also, the degree of the congestion
can be estimated depending on the amount of drop [16].
This relationship is similar to the working principle of TCP/IP,
which is the underlying protocol of the today’s Internet. It uses
the amount of time that it takes data packages to get to their
destination. With this time information, it estimates the level
of congestion and adjusts the download rates accordingly.

In the case of distribution grid, congestion refers to the
loading level of the grid. A main question to consider is
whether the measured voltage at any node of the grid re-
flects the amount of congestion at the time of measurement.
Voltage drops may occur due to various reasons at any time,
and the time it takes to recover also changes. Therefore, a
statistical methodology is needed to extract the information of
whether the nearby distribution grid is congested via an end-
node measurements. Assuming distribution grid power demand
doesn’t change significantly from day to day, the statistics
of the measured voltage records should also show a stable
behavior on daily basis. This means that the mean value of
the voltage should follow a certain distribution during a day
signifying an uncontested situation. The amount of dispersion
of the distribution around its mean value over a day time will
vary depending on congestion level of the grid. As an example,
the typical power consumption of a residential house tends to
rise to peak value in the evening hours causing drops in voltage
levels. Such insignificant power consumption of a single house
doesn’t make much difference in voltage levels but cumulative
loading actions of many houses (as in the case of EV charging)
might have severe impact on the grid and will be noticed by
observing the voltage [7].

This chapter presents a realistic distribution simulation. The
goal is to adjust the dynamic loading of the grid at different
levels through EV charging and observe its effect on the
measured node voltages through statistical analysis. System
modeling is done using MATLAB and Simulink. Each of the
sub-components of the system model are described below.

A. EV Load Modeling

EVs arrive at and depart from a residential charging station
according to a Gaussian distribution with mean and standard
deviation of (17h30,1h00) and (07h47, 0h23), respectively. The
model generates state of charge (SOC) values for each EV at
the time of grid connection based on a Gaussian daily trip
distribution with mean and standard deviation of (40.0 mi,

Figure 1: MATLAB Simulink phasor model used for the
analysis of the IEEE 37-Bus test system.

5.0 mi). Each EV is assumed to have a 60 kWh battery pack
with an on-board charger of 7 kW corresponding to around
30 A AC rms current for a rated voltage of 240 V. EVs are
assumed to employ constant DC charging current to charge
their batteries.

B. Distribution Grid Modeling

The primary distribution grid used in this study is based
on the IEEE 37-Bus test system, which is an unbalanced grid
that operates at a nominal voltage of 4.8 kV [17]. The primary
network implemented for this study in MATLAB is shown in
Fig. 1. Each colored box in Fig. 1 represents a neighborhood
that is connected to a primary feeder bus. There are a total of
26 neighborhoods in the grid powered from different phases
to ensure more balanced operation.

Each neighborhood is modeled as a secondary network
shown in Fig 2. The secondary network is developed following
a similar procedure described in [17]. It contains four inner
nodes and at each node a pole-mounted transformer of 25 kVA
is located. Each transformer steps-down the primary feeder
voltage of 4.8 kV to a secondary voltage level of 120/240V
and supplies four residential houses. In total, there are 416
residential and six commercial customers in the model. The
overall distribution grid operates slightly under 2MW at peak
hours without any charging event.

C. Residential and Commercial Load Modeling

A random consumption data generator has been designed for
residential homes. This generator uses 16 days of residential
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Figure 2: Secondary distribution network structure imple-
mented in the MATLAB model.

Figure 3: 16 days (shown in different colors) of power con-
sumption data of a household.

power consumption data given in Fig. 3. The household
consumption data was obtained using publicly available data
from E-gauge [18]. This data is used to create a statistical
distribution of the load model for one-minute resolution under
the assumption that the data is normally distributed. The
generated power consumption probability distribution function
(PDF) is then used to populate a load profile in one-minute
resolution for each house in the grid model. Each house is
assumed to operate at 0.9 power factor lagging at all times.

The commercial loads are located at Bus-10, 15, 20, 27,
29, 35 and each draws a peak power of 130kW. The commer-
cial loading profile is downloaded from public Open-EI data
repository for a mid-size office building.

III. SIMULATION STUDY

A. Simulation Set-up

Understanding the impact of the loading in the distribution
grid on the local voltages can be a key to a fully autonomous
control methodology. For this purpose, we performed MC

simulations where we tested two scenarios with different levels
of loading.

For each scenario, we take voltage measurements at five
houses located in different neighborhoods. These neighbor-
hoods are chosen such that their distances to the substation
increases from 1 to 5, i.e. 1 being closest to the substation and
5 being the farthest ranging from 1 km to 2.4 km. First house
is located under neighborhood node 26th (1.05 km) in Fig. 1,
second house is at 9th (1.44 km), third is at 10th (1.50 km),
fourth is at 14th (1.87 km), and finally fifth is located at node
22th (2.43 km).

In each scenario, the EV penetration is tested at %0, %20,
and %40 levels. The difference between two scenarios is that
in the first scenario the measured houses do not have any EV
charging event whereas in the second scenario EV charging
event occurs at the measured houses. A simulation time
interval of 4pm-8pm is chosen since majority of EV arrivals
occur in this time frame. In each MC simulation, residential
loads are independently produced from their inferred load
distribution levels, and EV arrival and departure times are
randomly determined from their respective distributions. A
total of independent 30 MC simulations are conducted to
extract important statistical signatures.

B. Results

The MC simulations generate 30 daily operations for five
different houses in the grid under two different scenarios.
The results are shown as box plots to highlight the statistical
features of all the MC simulations.

Figures 4–6 show the box plots of the measured voltages of
each house for a 15 minute duration (chosen between 6:00pm
- 6:15pm) under the two scenarios. Under the first scenario,
where the tested houses do not have an EV, the effect of EV
penetration in the rest of the grid can be observed specifically
on the tested houses. It can be seen from Fig. 4 that when
EV penetration is %0 in the grid, the mean of the observed
voltages decreases gradually for the houses depending on the
distance of the house from the substation. It can also be
observed that the deviation of voltages for each house is
comparably very small and similar to each other although
it gets worse when the distance is further away from the
transformer. This result shows that the main factor effecting
the local voltage distribution is the distance of the house to
the substation when there is no EV penetration in the system.
However, the relationship is very complex due to the radial
structure of the system [15]. Also, the variance of the voltages
are similar although houses are in different neighborhoods.

When the EV penetration is increased to %20, and %40 in
the grid, even though the tested houses do not have any EV
connected, the observed mean voltages drop and the voltage
deviations increase for each house as shown in Fig. 5. Al-
though a general trend of mean decrease and deviation increase
can be observed, the effect of changing EV penetration on each
house is different. If the tested houses have also plug-in EVs
(scenario 2), then the observed voltage deviations considerably



Figure 4: Voltage profile of 5 houses with 0% EV penetration
both valid for scenario-1 and 2.

(a) (b)

Figure 5: Voltage profile of 5 houses with (a) 20% and (b)
40% EV penetration for scenario-1.

increase and mean values decrease compared to scenario 1 as
shown in Fig. 6.

For a closer look at the voltage profile of a particular node
in scenario 2 over the total simulation time interval, House-3 is
chosen as an example. Figs. 7– 9 show the voltage plots of all
the 30 MC simulations of this house in scenario 2 throughout
four hours of simulation time for 0%, 20%, and 40% EV
penetrations, respectively. As can be seen, voltage deviations
are much higher in 20% and 40% cases compared to 0%
case. The voltage deviations differ not only with different EV
penetrations but also with time due to change in grid loading.
As a result, each 15-min slot distribution statistics need to be
observed and recorded for a dynamic and effective voltage-
based control structure as examplified in Figs 4–6.

(a) (b)

Figure 6: Voltage profile of 5 houses with (a) 20% and (b)
40% EV penetration for scenario-2.

Figure 7: Voltage profile of house-3 at 0% EV penetration (All
30 MC simulations together - scenario 2).

IV. ANALYSIS AND DISCUSSION

The obtained results indicate several important points. First,
the mean voltage levels and observed voltage deviations at
each house is very much dependent on both the distance
of house from the substation, the radial topology of the
distribution grid, and the EV penetration level. This con-
clusion shows that any globally set voltage control levels
would not be optimal, and the voltage control levels for
each house should be determined or learned independently
for a fair capacity distribution. Secondly, each house has
the capability of observing its own voltage levels and hence
voltage distributions. This produces a local observation of the
grid congestion at each house. Also, the mean and deviation
levels summarize the expected levels of voltage including the
combined effect of whole grid and the specific house. This is
very hard to analytically deduct and can only be formulated



Figure 8: Voltage profile of house-3 at 20% EV penetration
(All 30 MC simulations together - scenario 2).

Figure 9: Voltage profile of house-3 at 40% EV penetration
(All 30 MC simulations together - scenario 2).

under very strict assumptions as shown in another study [15].
Therefore, local information learning has the potential to
be used for a local voltage control mechanism that can be
used for EV integration as well as PV interconnection to
the distribution grid as a very cost-effective and practical
method. While a similar effort has been recently done utilizing
local frequency measurements for location estimation in the
distribution grid [19], we believe voltage measurements have
a good potential to extract information of grid congestion.

V. CONCLUSIONS AND FUTURE WORK

Voltage vs. distance relationship in a distribution network is
highly non-linear due to different node currents, line distances,
and complex distribution grid topology. Learning the nominal
operating voltage levels in each node connected to distribution
network provides invaluable information about the status of the
grid, distance of the node to the substation, and thereby the
type of control for EV charging that can be used at that node
for a fair and sustainable EV grid integration. In this paper, the
voltage impact of EV integration is studied to extract the local
voltage distributions, which were observed to be important
signatures of power system congestion.

The obtained results show that each local observed voltage
distributions carry information about the congestion and EV
penetration levels of the distribution network. Future work
will include developing novel distributed and learning based
voltage control techniques using the methods described in this
paper.
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