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Abstract—In this paper, we propose a strategy to model the
required spatio-temporal charging demand from light-duty (LD)
and medium- and heavy-duty (MHD) electric vehicles (EVs)
using actual transportation data by mapping the demand for the
required EV charging to a realistic and coordinated distribution
and transmission electric grid at the predicted times of the day to
study their impact on power system in a variety of load, weather
and EV penetration scenarios. This work is the first study that
includes the actual weather data and transportation data with
realistic and coordinated distribution and transmission grid data
in a large industry-scale level study. The main goal of this study
is to identify possible issues and required upgrades in the electric
grid, caused by an increase in EV integration. The transmission
case study is a large grid with 6717 buses over Texas footprint and
the distribution grid is over Houston, a city in Texas, covering
over 3 million customers. The resulting overloads and voltage
violations experienced in the system are discussed and required
planning upgrades to avoid these issues are suggested.

Index Terms—Electrification, Electric Vehicles, Trucks, Trans-
portation, Transmission, Distribution, Charging, ac Optimal
Power Flow

I. INTRODUCTION

As electric power generation through renewable energy
resources increases, electric vehicles (EVs) are considered as
a key technology to control oil usage and to achieve net-
zero emissions in the road transportation sector. According to
BloombergNEF (a strategic research provider covering global
commodity markets and the disruptive technologies driving
the transition to a low-carbon economy), light- duty (LD) EV
sales are anticipated to increase steeply in the coming years,
with an estimated rise from 3 million in 2020 to 14 million
in 2025 all over the world [1]. It is estimated that global sales
of EVs grow by 39% year to year while the overall sale of
conventional cars was reduced by up to 14% in 2020. Also,
it is predicted that EV sales will increase up to 30 million
in 2028 and will represent roughly 50% of new car sales in
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2030 [2]. Further, California recently passed legislation to ban
LD internal combustion vehicle sales by 2035 [3], putting
the state on a more rapid sales curve than [2]. Using an
established vehicle adoption model [4], a sales curve according
to California’s legislation will result in about 20% of the LD
vehicle population being EVs by 2029. For medium- and
heavy-duty (MHD) EV penetration, reference [5] estimates
that around 7% of MHD vehicles in operation will be EV
by 2030. Reference [6] finds that by 2030 MHD market share
is between 4% and 8% in a business as usual scenario, and
between 8% to 25% under a more policy-aggressive scenario.
For policy, United States Environmental Protection Agency
[7] proposed to reduce harmful emissions and promote the
increase of MHD EV penetration.

Both transportation and power sectors should be ready to
adjust to these changes. From the transportation side, suffi-
cient charging lots including public charging lots and home
charging stations should be available to facilitate EV charging
and achieving electrification. From the electrical grid side,
the infrastructure of both transmission and distribution grids
should also be ready for this increase in the EVs’charging
demand. Therefore, a coordinated study between the trans-
portation infrastructure, transmission grid and distribution grid
is required and the study must include realistic data.

In order to study the impact of the EVs on the grid, it is cru-
cial to study a variety of possible EV penetration scenarios in
a variety of load and weather scenarios. Historically, weather
information has only been indirectly included in the operation
problems as the outputs of renewable resources are used as in-
put to the ac optimal power flow (OPF) problems. [8] However,
with the growth in the penetration of renewable resources,
the dependency of the OPF on the weather measurements
has grown substantially and major power system input pa-
rameters such as wind and solar generator capacities are more
weather dependent. Therefore, it is crucial for power system
studies to provide a consistent and feasible way to set these
many weather-dependent values online based on the weather
changes, in a way that the inclusion of weather measurements



in an OPF data file has little impact on the file size and does
not require substantial changes to existing algorithms. This
would be direct inclusion of weather measurements gathered
from thousands of weather stations all over the world to the
OPF problems based on mapping them to the closest buses
to update real-time available capacities of all generators based
on the weather measurements. There are very few papers that
directly include the impact of weather in the OPF. Reference
[9] introduces a weather-based OPF algorithm with wind farm
integration by considering the temperature-related resistance
and dynamic line rating of overhead transmission lines on
small case studies with up to 39 buses. However, the proposed
strategy is not easily extendable and implementable on large-
scale grids. This paper uses a strategy for direct inclusion of
weather in the ac OPF introduced in our previous work [10].

A. Literature Review

Some references in the literature focus on coupling trans-
portation systems with the electrical grid. Reference [11]
reviews various methods for coupling power system distribu-
tion and transportation grids and investigates the impact of
EVs on these integrated systems. Reference [12] studies the
effects of EV charging facilities on the electric distribution
system and explores strategies to enhance system stability and
efficiency in integrated electrified transportation systems using
charging control methods. Then works [13] and [14] introduce
a transmission-distribution dynamic co-simulation framework
and analyze the influence of EVs on system frequency regu-
lation. References [15] and [16] investigate the impact of EV
charging on electric power distribution systems, considering
single-phase rooftop solar photovoltaic (PV) systems. Refer-
ence [17] explores the impact of EVs on power distribution
systems, focusing on stability and efficiency.

Charging infrastructures are an important obstacle to elec-
trifying the whole market and the current EV charging lots
in most parts of the world are not enough for a convenient
transportation electrification. Reference [18] studies the op-
timal placement of EV charging stations in the distribution
network, and work [19] proposes a multi-objective planning
model that simultaneously considers the role of fast charging
stations and their locations in the electrical and transportation
sectors.

The power grid limitations and capacities including gen-
eration capacity and line capacities is another obstacle for
transportation electrification that should be studied carefully.
Reference [20] Introduces a case study for transportation elec-
trification in Abu Dhabi using a transportation system topol-
ogy, an electric power topology, and EV charging demand.
However, the case study is just a distribution system and the
connected transmission grid is ignored. Reference [21] claims
that the electricity distribution grid infrastructure is not ready
for even 10% EV penetration. However, the proposed charging
pattern that is studied in [21] is an uncoordinated EV charging
demand in the residential sector and not the most possible
charging pattern. We have studied three possible charging
patterns in our previous work [22], and selected the most

possible pattern then modeled and studied the spatio-temporal
impact of LD and MHD EVs in operational emissions in [23].

On the other hand, study [24] shows heavy-duty EVs do
not create major overloading issues on the distribution system
studying 36 distribution substations in Texas, United States
while each fleet is limited to 100 EVs with charging capacity
of 100 kW assuming that their short, predictable routes and
return-to-base applications, allow these heavy-duty EVs to
recharge when off shift at their depots. However, this should
be studied with a more realistic EV penetration of both LD and
MHD EV demand, and on a larger, coordinated distribution
and transmission grid. Therefore, the current literature lacks
a detailed and comprehensive study on the resiliency of the
current grid to significant levels of EV integration to conclude
the contradictory results and suggest upgrades to avoid power
system operation issues.

B. Contributions

Whether the electrical grid is ready for electrifying trans-
portation or not depends on factors such as the electric
grid structure, parameters and capacities of devices, charging
patterns, amount of charging demand as well as weather and
load at each time. Therefore, we perform a comprehensive
study based on real transportation data on a large industry-
scale grid and coordinated the distribution and transmission
grids over a variety of load, EV penetration and weather
scenarios for power system planning to make sure that the
grid will adjust to larger penetrations of EVs and avoid major
reliability issues. We propose a detailed strategy to model the
possible spatio-temporal charging demands of LD and MHD
EVs using actual transportation data and map the demand
for the required EV charging to a realistic distribution and
transmission electric grid at the predicted times of the day.
This work is the first study that includes the actual weather
data and transportation data with realistic and coordinated
distribution and transmission grid data in a large industry-scale
level study. After the proposed modelling is performed on a
case study over Texas, US footprint, AC optimal power flow
simulations are run, problematic points of the grid are found
and required planning upgrades to avoid any line overload or
voltage issue are suggested.

In summary, the main contributions of this paper are:

 Creating a coupled-infrastructure model of a transporta-
tion network, realistic transmission and distribution coor-
dinated grids data

o Estimating a detailed spatial and temporal realistic and
common charging data with behaviorally-informed charg-
ing patterns that consider the anxiety level of drivers and
EV types and mapping it to a large-scale, realistic and
coordinated distribution and transmission grid

o Showing the importance of direct inclusion of weather
data (varying with location and time) in power system
models when quantifying charging demand and study ac
OPF to determine and propose required system upgrades
based on an increase in the penetration of EVs in the



transportation sector in a variety of load and weather
scenarios

II. MODELING EV CHARGING DEMAND
A. Modeling EV Charging Demand

1) Traffic Modeling: The traffic modeling used in this paper
is performed using the regional Travel Demand Model (TDM).
TDMs are typically used in the regional transportation plan-
ning process. The TDM contains information about trips in-
cluding origins and destinations with their exact geographical
coordinates, vehicle type, trip distances, duration, and speeds
for various time periods in a typical day. The information from
the TDM is used to estimate the on-road energy consumption
of vehicles.

2) EV Charging Load Modeling: The key linkage between
the transportation system and power system is spatio-temporal
charging demand. Considering the critical importance of a
realistic charging pattern, we constructed a realistic charging
demand strategy considering the original travel model for trip
origins and destinations, a vehicle dynamics model for EV
energy consumption, and used surveys on travel and charging
behaviours.

The trip duration and ending locations are determined using
survey data containing personal interviews to measure and
identify travel patterns of vehicles entering and exiting a
particular study area [25]. The overall charging demand at
these locations is calculated using the trip data mileage, vehicle
registration data, and vehicle emissions data [26]. First, all
trips are divided into those performed by automobiles and
trucks and then model vehicle attributes are used as a key
to estimating the energy consumption of each trip, such as
vehicle class and type. Trip attributes are considered to assign
the associated demand to specific times and locations in the
transportation network. These vehicle and trip attributes are
modeled separately for light duty (LD) vehicles and medium
and heavy duty (MHD) vehicles to reflect the different EV
markets, charging behavior, and charging locations. Then,
energy usage associated with each trip is estimated and hourly
charging demand within the transportation network is assigned
according to these predicted vehicle and trip attributes and
modeled vehicle miles traveled. Markov chain Monte Carlo
(MCMC) [27] is used to model uncertainties.

For every LD EV trip, a vehicle type and its associated
range, battery capacity, and estimated energy consumption per
mile is generated based on historical data. Three different
types of LD EVs are considered to represent variation within
the market: vehicles can have a range of 100, 200 and 300
miles and energy consumption rates per mile from 0.27 kWh
per mile to 0.34 kWh per mile. Reference [28] is used to
estimate these energy consumption rates. For every household
in the travel demand model, using penetration rate and market
share, the specific portion of available household vehicles are
randomly designated as EVs. Each person in the household
may be associated with a set of tours (a chain of trips that
begin and end at home, with stops in between); we assign
available EVs in each household to the longest tours. It is

assumed that for home charging LD EVs, level 1 chargers
with 120 V and a maximum current of 12 amps are used.
This corresponds to a power output of approximately 1.4 kW.
It is also assumed EVs start the first trip of the day with
a full charge. The public charging, workplace charging, and
home charging are modeled separately using different charging
logics. Our charging logic assumptions are based on surveys
[29]-[31] and are considered the dominant charging pattern
for LD EVs, which is to favor home charging. We characterize
public charging as energy demanded from trips that do not start
at home and have a non-work trip purpose. If the trip energy
requirement would bring the vehicle below a certain state of
charge, it would be willing to charge between trips in a tour,
(even if stop duration would allow a partial refill) we assume
it will charge using fast chargers at 100 kW. The threshold for
charging (range anxiety) is also treated as a random variable
with a gamma distribution to account for diversity in travelers’
behavior. We use a stated preference survey to estimate the
parameters of this distribution. The mean range anxiety is
estimated 32.9 miles. The estimated public charging demand is
a function of that vehicle’s consumption rate and the mileage
of the previous trip. If a trip is modeled to end at workplace,
we assign all charging demand to that trip end as workplace
charging and we assume the vehicle charges to full at 19 kW.
Finally, we assume the vehicle charges overnight to full at
2.4 kW immediately after arrival at home (the end time of
the last trip of the day). The random generation of EVs by
household, assignment of EV types to trips, and the resulting
energy demand assignment within the network are repeated to
produce an average estimate of charging demand. Our other
assumptions are that the first trip of the day probability is not
correlated with location; distance traveled is not correlated
with location or EV type; and that range anxiety is not
correlated with time, location, or EV type.

For MHD EVs, this paper considers short-haul MHD ve-
hicles with the range of 350 miles charging at their depots.
We assume that the MHD vehicles are charged with 100 kW
level 3 (fast) chargers. The fast-charging demand forecasting
model based on a data-driven approach and human decision-
making behavior is presented in more detail in [32]. The
human behavior decision-making model is based on Regret
Theory [33], [34], equation (1), which comprises the utility of
time consumption and charging cost to plan driving paths and
recommend fast-charging stations for vehicles.

R, = Z Z ln[l + eﬁm*(ij—Xim)] (1)

j=lm=1..M

Bm are attribute weights for driver decisions on charging. X;m
and X;m refer to the decisions i and j, where i is to charge
the EV and j is to postpone charging and m is the battery state
of charge.

Also, commercial vehicle data are used to estimate the
required charging locations of MHD EVs. [28] The rules
obtained from data mining together with established mod-
els are combined to construct the ‘Electric Vehicles—Power



Grid-Traffic Network® fusion architecture. A key innovation
of this simulation is the depot probability model. Nearly 1,000
individually labeled land parcels using satellite imagery are
used for training. We applied this model to every land parcel
in the region and predicted its probability of being a depot.
Without this step, it would not be possible to identify places
in the transportation network where a large truck would be
eligible to charge, as they typically cannot make use of public
charging infrastructure designed for LD EVs. This model
reflects the complex correlation structure between numerous
attributes of vehicle trips, including vehicle class and type, fuel
type, cargo type, origin county, trip time of day, and whether
the trip is the first or last of the day. The last element, whether
a trip is the last of the day, determines the assumed charging
behavior. After the last trip of the day, we assume trucks will
charge overnight, or as much as possible before the predicted
time of the first trip of the next day. For mid-day trips, we
assign charging demand based on the mileage of the trip and
the energy consumption rate of the truck. The estimated energy
consumption from mid-day trips (trips that are not the last of
the day) that end within 100 meters of a predicted truck depot
is assigned to the node nearest to that depot. The demand that
is unmet during the day because the trip does not end near a
depot is proportionately distributed to all nodes that do contain
depots as overnight charging.

Note that using trips as the building block for our simulation
upholds a key principle of travel demand modeling: that travel
(and thus, the associated energy demand) is derived from the
demand for activities such as working, vacationing, shopping,
or commerce. Regardless of the predominant vehicle power-
train technology, the need to participate in these day-to-day
activities persists. Given the dearth of empirical or prospective
(stated preference) evidence on this matter, and that these
speculative behavioral shifts are influenced by many social,
environmental, and economic factors beyond EV adoption, we
use current vehicle travel data without further adjustment. The
EV charging demand described is represented mathematically
by equation (2). Where E; is the charging amount in kWh
for hour i. n; is the number if EV trips according to the
EV adoption level simulated using the Markov Chain model
described in [35]. NHC;; is a binary variable indicating
whether non-home charging is occurring, based on surveys and
Regret Theory. N HFE;; is the amount of non-home charging
in kWh calculated by multiplying the distance traveled by
the vehicle energy consumption rate [32]. HC}; is a binary
variable indicating whether home charging is occurring. H E;;
refers to the amount of home charging in kWh. UHC refers
to unfinished home charging of last trips ended before hour h,
equation (3).

E; =Y (NHCy+ NHE; + HCyj x HE;j) + UHC (2)

j=1

fori>1
h—1 ng

UHC =Y Y HE; 3)

i=1 j=1

Using the proposed strategy, hourly charging demand L p
Lysp for LD and MHD vehicles based on their percentage is
calculated from Equations (5) and (4). These equations show
the mathematical model for the charging demand from LD
and MHD EVs for a sample average day where X is the
hour of the day. M; is the multiplier used to represent the
EV penetration percentage of LD vehicles and M is the EV
penetration percentage for MHD vehicles. This model gives
an approximation of the required charging demand based on
the type and EV penetration.

Lpp = M;(0.023X5 — 1.66 X"+
45.29X3 — 506.3X% + 1607X +4747.1) (4)

Layrap = M5(0.0009X° — 0.066X° + 1.88X*
—25.57X3 4+ 169.51X% — 521.61X + 930.53) (5)

B. Mapping EV Load to the Distribution System

With information on geographical coordinates of the charg-
ing demand and geographic topology of the electric grid, the
EV charging loads are mapped to the appropriate distribution-
level nodes using the mapping methodology developed in
our previous work [36]. The mapping takes the latitudes and
longitudes of nodes in the distribution system and creates
tessellating service areas using a Voronoi diagram. The nodes
are centrally-located within their respective service territories.
As this work includes distribution grid simulation, the service
areas are needed at the distribution system level, which is
connected to the transmission grid.

The process of this mapping for purely distribution-level
simulation is as follows:

1) Using the geographic feeder node coordinates, create
a Voronoi diagram to represent the division of service
areas for each distribution feeder node.

2) For each EV charging station, determine the feeder node
corresponding to the service area in which the charging
station lies.

3) Include a load in the electric grid model to represent the
aggregate EV charging stations within the service area.

C. Load Time Series

Once the load from each EV charger is mapped to its
feeder node within the distribution system, the EV load time
series developed in Section II-A is represented as a load
at the appropriate nodes in the system. The estimated EV
charging demand is then added to the spatio-tempoal load of
the base case. The grid base load (all load excluding the load
related to EV charging) of distribution grid at each feeder
is created based on the approach described in [37], which
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Fig. 1: Flowchart of the process of creating LD and MHD EV charging demand

uses ResStock and ComStock tools. Each feeder is assigned
a ResStock and ComStock profile based on customer type
and peak load. The transmission grid base load is created
for the base case using the approach outlined in [38]. This
approach develops bus-level load time series using data on the
residential, commercial, and industrial (RCI) ratio and sample
building-level load curves from similar geographic locations.
The integration process is generalized and also improved by
taking aggregation effects into consideration. The maximum
value of the load time series aims to match the corresponding
load bus size determined in the base case. The unique variation
of each bus-level time series is a result of the heuristic
aggregation of prototypical building and facility load time
series.

III. CO-SIMULATION

A. Co-Simulation Framework

The distribution and transmission networks, used in the
study, are connected and coordinated to study the effects of EV
charging on overall system reliability. The ac OPF of the com-
bined system is calculated by first calculating the ac OPF for

the distribution network and then for the transmission system.
The voltage magnitude and angle, of the 69kV buses, alongside
their real and reactive loads are the shared variable between
transmission and distribution systems. These values from the
results of ac OPF are then used to initialize the ac OPF for the
transmission network. At each time step the shared variables
for both systems are sent to a controller which determines if
the two systems have converged to a shared optimal solution.
If convergence is not achieved, the results for the shared
variables of the transmission network are used as inputs for the
distribution side of the co-simulation and a new distribution
level ac OPF solution is calculated. Respectively, the results
for the shared variables of the distribution network are used
as inputs for the transmission side of the co-simulation and a
new transmission ac OPF solution is calculated. This process
continues, iteratively, until the controller achieves convergence
between the two systems.

B. AC Optimal Power Flow (AC-OPF)

AC-OPF [39] is solved to determine the steady-state output
power of generators, power flowing between the lines, and



voltage outputs of buses in the distribution and transmission
power system in a way to minimize the operation cost and
satisfy the power grid constraints. Coefficients (a, b, and c) that
represent quadratic cost curve elements of generators specify
.FC(Pg):

19l
min Fo(Pe) = Y _lag +byPa, g+ cgPe,g]  (6)

g—
Equation (6) is the objective function of the ac OPF and
the constraints including active and reactive power balance

equations (7, 8) as well as additional operational constraints
equation from (9) to (12) should be satisfied. [39].
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Pmin,g < PG,g < Pmaz,g Vg € g (9)

Qmin,g < QG,g < Qmaw,g Vg € g (10)

Vmin,i S |‘/z| S Vmaw,i Vi € N (11)

PP+ Q<82 Veef (12)

A voltage magnitude is represented by |V;| at the i™ bus,
and a voltage angle is indicated by ; variable at the i bus
in the equations. That voltage angle of the i subtracts one
of k™ buses is the 0,5 In this case, N is the amount of buses
in the system. Individually, Pp ; and Qp ; express as the real
and reactive power demands at the i bus as well as Pg
and ()¢ 4 also express as real and reactive power generation
of the g‘h generator. It is noticeable that G is the amount
of all generators in the system. The bus admittance matrix
is expressed by as a real part G}, and an imaginary part
B?,;. Maximum as well as minimum operating limits in the
generator are supplied by (Ppin.g, Pmaz,g) for real power,
and (Qmin.g, Qmas,g) for reactive power. (Vinin i, Vinas,i) are
limited in voltage magnitude of each bus. The power flow of
the branch, [, is its thermal limit, also Sy, is involved in
real and reactive power flow in equation (12). The power flow
of the branches including lines and transformers in the grid
are calculated in equations (13-14). It should be noted that £
is the number of all branches in the power system.

P = |Vi|*?GY. — |Vil|Vi|(GY.cosbi + B sinbi)  (13)

Q1 = —|Vi|?BY, — |Vi||Vi|(B}.costs, — GY.sinfi)  (14)

TABLE I:
Acceptable Multipliers of Nameplate Rating

Ratings Winter  Summer
Normal 1.23 1.1
Emergency — 15 minutes 1.83 1.67
Emergency — 4 hours 1.34
Emergency — 12 hours - 1.18

C. Network Constraints

As mentioned in the previous section, Equations (13-14)
show how to calculate the real and reactive power flowing in
each branch and each branch has a limited apparent power
transfer capacity shown by Equation (12). Based on North
American Electric Reliability Cooperation (NERC) standards
on system operating limit and exceedance clarification, a 24-
hour continuous line rating is an example of a normal rating;
however, rating practices vary from entity to entity and may
include ratings that vary with ambient temperature. Typical
short-term Emergency Ratings (around 10% of line capacity)
have a finite duration of less than 24 hours (usually 4 hours
for winter emergency and 12 hours for summer) and short-
term emergency rating (around 15% of line capacity) is usually
acceptable just for 15 minutes [40], [41]. The ratings given in
Table I are based on American National Standards Institute
(ANSI) C37.010 limits. The line overloads in the grid that are
greater than the acceptable normal or emergency MVA ratings
and last for a longer duration than the defined standards, can
create major reliability issues.

D. Direct Inclusion of Weather Data

Since the available capacities and output power of renewable
energy resources such as wind turbines and solar power plants
is directly related to the weather conditions, weather mea-
surements are directly included in the power flow modeling,
according to the strategy outlined in [10]. Unlike conventional
methods that rely on output from renewable generators at
utility scale, this technic incorporates direct weather data,
enhancing the precision of individual renewable generation
estimates and tracking sudden weather changes more effec-
tively. Also, using direct inclusion of weather data in ac OPF
problems, a wide variety of historical weather scenarios can
be studied in a specific grid and generation mix.

Detailed weather measurements such as wind speed and
wind direction at surface, wind speed and wind direction at
100 meter height, cloud coverage percentage, radiations, tem-
peratures and dew points are extracted from the International
Civil Aviation Organization (ICAO) [42], the World Mete-
orological Organization (WMO) [43], and European Centre
for Medium-Range Weather Forecasts (ECMWF) Re-Analysis,
fifth generation (ERAS) [44] on an hourly basis from 1940 to
the current date.

Then this data is mapped with generators based on geo-
graphic proximity. Detailed data of renewable generator mod-
els and power curves in United States are used from U.S. En-
ergy Information Administration website form EIA-860 [45].
To assess weather impacts on renewable generators, six models



are developed. The first to forth model, referencing [46], [47],
[48] and [49], estimate wind power plant output using wind
data and wind turbine power curves based on their types.
The fifth model uses local solar data and configurations from
[46] for solar PV output projection, while the sixth model,
informed by [50], predicts thermal generator output changes
due to temperature variations. The results are validated in
[51] and [52]. In the next step, to find the optimal dispatch
of conventional generators and flow in the lines considering
reactive power limitations, an ac OPF is solved.

IV. CASE STUDY

The study requires access to realistic distribution and trans-
mission grid data. This is often difficult as electric grid data is
considered Critical Energy/Electric Infrastructure Information
(CEIl) marking it as restricted. To circumvent this issue, we
have used synthetic grids built over Texas, United States.
The full system used for the case, includes a transmission
system supplying the entirety of Texas, United States, and a
distribution system that supplies specifically Houston, Texas,
a diagram showing the two systems is illustrated in Fig. 2.
This allows us access to realistic data for a transmission and
distribution grid over certain geographic coordination footprint
without disclosing any CEII.

Fig. 2: Combined transmission and distribution system

A. Distribution System

The synthetic distribution network is created using the
process outlines in [37] based on the U.S. Reference Network
Model tool (RNM-US). This approach uses land parcel data

[53], and a catalog of technical parameters obtained from
commercial and open source data [54] to create realistic
synthetic load models at the consumer level. The process of
creating the synthetic distribution system consists of locating
and sizing distribution transformers, appropriately locating
and sizing primary substations, and planning the low voltage
system/secondaries and medium voltage system/primaries. The
synthetic distribution network, used in this study, was validated
by comparing characteristic metrics, statistically, against actual
feeders from several U.S. utilities. The system was further
validated by performing operational validation of the power
flow and comparing synthetic voltage profiles with voltage
profiles from real system data.

The synthetic distribution grid, used in this study, is a
synthetic version of the Houston distribution system, in Texas,
United States, including the counties of Harris, Chambers,
Galveston, Brazoria, Waller Fortbend, and Montgomery. The
system was created using the strategy described in previous
work [37]. The main characteristics of this distribution grid
are shown in Table II.

TABLE II:
Houston Distribution Case Parameters
Attribute Value
Number of Customers 3,717,955
Number of Substations 710
Number of Feeders 2,303
Line Length (km) 117,393
Number of Lines 3,562,838
Area (km?) 36,016
Active Power (MW) 16,749
Reactive Power (MVar) 3,518

Number of Generators 183
Number of Capacitors 3,195
Number of Transformers 738,223

B. Transmission System

The transmission system connected to the previously dis-
cussed distribution grid is created using the strategy outlined
in [55]. This strategy details the assignment of substations,
transmission lines and reactive power control devices, in three
steps of substation planning, transmission planning and reac-
tive power planning. These synthetic grids are validated based
on characteristics of actual grids, used as validation metrics
[56], [57], for achieving realistic data sets. The synthetic Texas
grid, used in this study, is available at [58]. This grid is created
based on publicly available data such as U.S. Census data [59]
and generators’ information that is available at the Energy
Information Administration website [60]. Table III shows the
important characteristics of the Texas transmission network
that will be integrated with the distribution grid for this case
study.

C. Transportation Data

TDMs are obtained from the Houston-Galveston Area
Council [61]. For every EV trip, a Bayesian Network model
trained on the Houston’s Commercial Vehicle Survey is used
to predict vehicle and trip attributes as a function of origin



TABLE III:
Texas Synthetic Transmission Grid Overview

Attribute Value
Buses 6,717
Substations 4,894
Areas 8
Transmission lines 7,173
Transformers 1,967
Loads 5,095
Generators 731
Shunts 634

Peak load (GW) 75

county, arrival hour, and vehicle class [29]. Also, we use 2020
model year trip counts and vehicle miles traveled transporta-
tion data.

D. Scenarios

The combined transmission and distribution grid is studied
in two interesting scenarios, for the purposes of this study,
based on historical load data, in Texas. In addition, weather
data containing wind speed, wind direction, cloud coverage
and temperatures of the same days are directly included in the
scenario to calculate the actual possible output of renewable
generators. The two interesting scenarios are:

o Scenario 1: a day with high load and low availability of
wind and solar (August 6, 2021)

e Scenario 2: a day with low load and high availability of
wind and solar (October 16, 2021)

The twenty-four hour period of both of these scenarios is
used, for the simulations. The generated time series data for
both days was simulated, while solving the power-flow at each
time step, with no added EV charging demand, to establish a
base system. Additionally, the base case was simulated without
the integrated co-simulation to see the differences between
the separated and combined systems. The system was then
simulated using two EV penetration cases:

e EV Penetration 1: 20% LD EV and 10% MHD EV
e EV Penetration 2: 30% LD EV and 20% MHD EV

Figures 3 and 4 show the overall demand of the base case
in both scenarios before adding EV charging demand. Figure
3 shows the overall demand for the entire Texas transmis-
sion system over a 24-hour period, while Fig.4 shows the
aggregated distribution load over a 24-hour period in Houston,
TX specifically. These figures illustrate the difference between
the high-load and low-load scenarios at the transmission and
distribution levels. The calculated required charging demand
from both LD and MHD EVs with the two EV penetration
levels are shown in Fig. 5. This demand is then added to
the base load of Scenarios 1 and 2 for simulation. Figures 6
and 7 show the locations and amount of aggregated LD and
MHD EV charging loads in a sample 24 hours respectively, for
scenario 1 and Penetration level 2. The color of these figures
refers to the size of the load at each substation with darker
colors referring to larger load. It is observed that LD EV load
is lower compared to MHD EVs at each charging station but
the number of LD EV fleets is higher.
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Fig. 3: Total base demand for Texas transmission grid
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Fig. 4: Total base demand for Houston distribution grid
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Fig. 5: EV charging demand for Houston distribution grid at
different integration levels
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the associated color map. Additionally, the variation in voltage,
at transmission level buses, of the independent transmission
simulation, when compared to the co-simulation is shown in
Fig. 9.
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Fig. 6: Locations and amount of aggregated LD EV loads in
a sample day using scenario 1 penetration level 2
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Fig. 7: Locations and amount of aggregated MHD EV loads
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V. RESULTS AND DISCUSSION
A. Coordination Impact

To show the importance of the coordination strategy, the
base case for Scenario 1 was simulated both as independent
systems and coordinated systems. When comparing the inde-
pendent transmission system simulation with the coordinated
co-simulation, line loading for the independent transmission
case is generally higher across the system. This can be seen
in Fig. 8 where the difference in the co-simulation line-loading
is shown in its relation to the transmission-only line-loading
map, with the variation from the co-simulation illustrated by
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Fig. 8: Difference in line loading of the co-simulation from
the independent transmission simulation
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Fig. 9: Difference in voltage of the co-simulation from the
independent transmission simulation

When comparing the independent distribution simulation
with the co-simulation, the most variation in results was found
in the reactive power distribution of the two systems. The
reactive power throughout the system was generally higher in
the independent distribution simulation compared to the co-
simulation. However, the results of the independent system is
not realistic, and shared values are forced from the distribution
system to the transmission grid.



B. Weather Impacts

For the co-simulation scenarios, we show the importance
of the direct inclusion of weather measurements, such as
wind speed and cloud coverage, on the renewable generator
capacities to solve a more precise ac OPF. To show the impact
of weather measurements in the OPF, we ran the simulation,
on the base case, with and without including weather data.
The results show that the inclusion of weather data increased
the LMP to $34.54 compared to ac OPF results without
including weather $20.15. This is because the studied day, in
scenario 1, is a high-load, low-wind day, and when ignoring
the direct impact of the weather measurements, in the ac
OPF results, it is assumed that wind turbines and solar cells
can generate up to their nominal capacities when needed.
However, as mentioned in our previous work [10] the available
capacities of wind turbines and solar cells are dependent on the
availability of these resources, and the weather measurements
should be directly included in the calculations. Also, com-
paring distribution system line overloads for Scenario 1, with
and without weather data, the results showed that including
weather affects a higher degree of line overloads associated
with EV charging demand. The overloaded lines for Scenario
1 Penetration Level 2, on the distribution level, at 3:00 AM,
are shown in Figures 10a, 10b and 10c. Figure 10a shows
that the base distribution case, without EV charging loads, for
scenario 1 has no overloaded lines. Fig. 10b shows overloaded
lines in a case with assumed high renewable generation, and
Penetration level 1 EV charging loads. Fig. 10c shows the
overloaded lines in the case with actual weather data added
alongside Penetration level 1 EV charging loads. Therefore,
including the direct impact of weather measurements in the
power flow studies can change the available capacities and
results significantly.

C. Scenario Impacts

Weather and load scenarios 1 and 2 with EV penetrations
1 and 2 were also studied on the coordinated system. Figures
11a, and 11b show the substation load for scenarios 1 and 2
at 11:00 pm with penetration level 1. These two load maps
show that Scenarios 1 and 2 were chosen for the study to
represent two extremes of system loading, a high load day
with low renewable availability contrasted with a low load day
with high renewable availability. The load is illustrated using
a color map based on load with units of kW. The predicted
EV charging demand for both studied penetration levels is
shown in Fig 5. The peak of EV charging demand is between
10:00 pm and 3:00 am, due to a concentration of most LD
vehicles charging overnight. However, the overall distribution
system suffers from a more significant strain between 1:00 pm
and 3:00 pm, consistent with the peak of the base load. As
expected an increase in load is seen in the system at certain
substations in accordance with charging demand. This increase
is illustrated in Figs 11a and 11b.
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D. Discussion

A summary of changes to the distribution system caused by
the increase in charging demand leading to system violations is
shown in Table IV for each scenario and penetration level. The
table also gives an overview of the magnitude of the highest
overloaded lines, when in the study the highest overload
occurred, the duration of the extreme overloads for each
scenario and the hour for each scenario that has the highest
number of overloaded lines in the distribution network as well
as the number of overloaded lines.

As can be seen from the results, the current power grid is
not ready to handle an integrated EV market and will require

TABLE IV: Overview of Violations and Overloads

Scenario Scenario 1 Scenario 1 Scenario 2 Scenario 2
EV Penetration  Penetration  Penetration  Penetration
Penetration 1 2 1 2
Line 14896 19788 4893 6091
Overloads
Transformer 11392 15489 3506 4318
Overloads
Hour with worst .0 Avp 3.0 AM 3:00 AM 3:00 AM
Overloads
Overloads
of Worst Hour 3297 5608 1529 2287
Highest 245.7% 332.6% 260.9% 379.7%
Overload
Voltage
Violations 108 107 192 190
Percentage of 0.42% 0.56% 0.14% 0.17%
Overloads

upgrading to be able to handle significant EV integration.
In fact, although the simulation did not cause a blackout,
the duration and intensity of the overloads suffered in the
system far exceeded the acceptable limits given by NERC and
ANSI shown in Table I, which indicates the need for system
upgrades.

E. Suggested System Upgrades

Table IV shows the number of line and transformer over-
loads voltage violations. From the results, it is clear that
upgrades to the power system are necessary to avoid overload-
ing and voltage issues caused by EV charging demand. The
recommended upgrades include upgrading distribution lines,
adding new lines, upgrading transformers, and adding switched
shunts to areas that experience significant voltage fluctuations.

Under the charging conditions studied, we found that overall
18,438 distribution feeder lines needed to be upgraded to
increase their capacities and an additional 1,350 lines needed
to be added in parallel as shown in Table V. During the
simulated charging event, these lines experienced overloads
that exceeded the NERC established emergency limits set for
the simulation [40], [41]. These upgraded lines compensate for
the increased current demands of the EV charging, throughout
the system. In addition to the line overloads, 15,489 trans-
formers on distribution feeders were significantly overloaded.
This would cause damage and on some of the significantly
overloaded feeders blow out the transformer. To mitigate
these overloads throughout the system, the line rating of each
overloaded line is increased to the required rating to avoid
overloads of the ratings mentioned in Table I so that the grid
can safely handle the overloading current. If the overloads are
above the highest distribution line rating capacities, then the
limit of standard available line capacities [62] is reached and
appropriately rated lines are added in parallel until the system
is able to handle the line loading without limit violations. In
a similar fashion the kVA ratings of overloaded transformers
was increased until there was no longer a threat of overloading
the transformer.

The locations of the necessary transformer and line upgrades
are shown in Fig. 12 with the upgraded Transformers shown



TABLE V: Distribution System Required Line and
Transformer Upgrades

Element Line Transformer
Overloads
in EV Scenario 19788 15489
Percentage of
Elements 0.56% 9%
Overloaded
Upgraded System 18438 15489
Elements
Required
New Lines 1350 0

TABLE VI: Voltage Violation Mitigation

Voltage Violations
Pre-Upgrades

New Capacitors
Added

Feeder Voltage Violations
Post-Upgrades

192

197

0

in green and upgraded lines shown, in red, and zoomed in, for
clarity.

Also, bus voltage issues in the system are dealt with
by adding switched shunts with the capability of injecting
positive or negative reactive power. If the feeder voltage is
low (for this work we considered lower than 0.9 pu), positive
kVAR injection is needed so capacitive shunts are added.
If the voltage is higher than the acceptable range (for this
work considering 1.1 pu), negative reactive power injection is
required so inductive shunts should be added. For this case,
since voltage violations were lower than the acceptable range,
it is required to add capacitors at locations with a low voltage
issue. The voltage profile of the system during EV charging
scenario 1, displaying these violations, is shown in Fig. 13.
These voltages outside the acceptable range were mitigated,
strategically, by placing new capacitors, within the system,
in areas of high or low voltage violations. Table VI shows
the number of required capacitors to be added to the system
to avoid voltage issues and Fig. 14 shows their placement.
When these capacitors are in place the voltage profile of
the system improves to that shown in Fig. 15. The number
of blocks and overall required capacity for each suggested
capacitor bank is determined by finding the closest block size,
available in [63] that provided enough kVAR capacity to bring
the voltages, at a given substation, within acceptable limits.
The step sizes for the capacitor banks is selected 100 kVAR
which is available in industrial capacitors [63]. The required
reactive power injection needed to stabilize the voltage at each
feeder is calculated using equation (8).

VI. CONCLUSIONS

In this paper, an estimation of charging patterns of LD and
MHD EVs based on actual transportation data was proposed
and modeled. Then, the demand caused by the required
EV charging based on EV type was mapped to a realistic
distribution and transmission network at predicted times of
day at different EV penetration levels on a variety of load and
weather scenarios including a high demand, low renewable
availability day, and a low demand, high renewable availabil-
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Fig. 13: Voltage map of distribution level substations in
Houston pre-upgrades

ity day. The impact of weather measurement inclusion and
added EV charging demand on a coordinated distribution and
transmission system, was studied and the resulting overloads
and voltage violations were analyzed, alongside changes in
LMPs.

The study showed that including weather measurements and
an increase in EV charging demand would lead to system
overloads within the current electrical grid that exceeds the
range and duration considered a safe operation. To avoid such
issues, we recommended system upgrades such as adding
distribution lines and reactive power control devices. In future
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work, we will study the impact of weather scenarios on the
transportation and other electric grid components such as
transmission line impedances. Also, we model vehicle-to-grid
and study its impact on the system’s reliability and resiliency.
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