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Executive Summary

This report documents the development and simulation of the Electric Vehicle (EV) Adoption
with Level 2 (L2) Charging and Demand Flexibility (DF) measure within ResStock™. ResStock
is a physics-based, bottom-up modeling tool designed to represent the diversity of the U.S.
housing stock and estimate building energy use and bills for scenarios at both regional and
national scales.

The EV Adoption with L2 Charging and DF measure adds one EV and one L2 charger to every
occupied dwelling unit and enables DF by suspending charging during predefined on-peak hours.
This approach models the combined effects of widespread EV adoption and managed charging
behavior on the residential energy sector. Results show that full adoption increases national
residential site energy use by approximately 7.2%, driven entirely by additional EV charging
demand. While DF does not significantly alter total energy consumption, it effectively reduces
on-peak electricity demand, shifting load to off-peak hours. These shifts can lead to rebound
effects as charging resumes and slightly increase the risk of unavailable battery capacity for a
small share of households. The broad applicability of the measure allows users to combine
results with the baseline and other EV scenarios to simulate different levels of adoption and
participation. These custom scenarios can be designed to model EV technology penetration and
behavior, and leverage ResStock granularity to construct adoption scenarios based on housing
attributes or occupant demographics.

This measure provides a method for analyzing the interactions between residential energy
demand and transportation electrification. By aligning charging behavior with other occupant-
driven loads, users can evaluate strategies to balance household energy needs with grid
reliability. The results highlight both the potential of managed charging to mitigate peak loads
and the need for continued innovation in flexible load management. As EV adoption grows and
grid integration technologies advance, this work supports data-driven decisions that promote a
more efficient, resilient, and affordable energy future.
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List of Acronyms

DF demand flexibility

EV electric vehicle

FPL federal poverty level

L1 level 1

L2 level 2

RECS Residential Energy Consumption Survey
SOC state of charge

TOU time of use

VMT vehicle miles traveled
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1 Introduction

Accessing Results

This documentation covers the “Electric Vehicle (EV) Adoption With Level 2 (L2) Charging and
Demand Flexibility (DF)” measure package methodology and briefly discusses key results. All
results can be accessed on the ResStock™ Open Energy Data Initiative End-Use Load Profiles
for the U.S. Building Stock Data Lake and on the data viewer at resstock.nlr.gov.

Measure Summary
Measure Title EV Adoption With L2 Charging and DF

Measure Definition | This measure adds one EV to each occupied dwelling unit. With each EV comes
an L2 charger. Existing level 1 (L1) chargers are upgraded to L2 chargers. The
chargers provide DF by suspending charging during peak periods.

Applicability This measure applies to all occupied dwelling units in the baseline—87.9% of
dwelling units.

Not Applicable This measure does not apply to vacant dwelling units—12.1% of dwelling units.

Measure Motivation

Utilities, auto manufacturers, charging providers, and EV supply equipment manufacturers are
working together to develop technologies (such as smart chargers) and services (such as time-of
use rates) that enable efficient EV-grid integration. With potential continued EV adoption (over
10% of sales in the United States in 2024 [IEA 2025] and 25.3% of sales in California
[California Energy Commission 2025] in 2024), coordination between the residential energy
sector, transportation sector, and electric grid will play a key role in maintaining affordability
and reliability. Without such coordination, increases in peak demand may require costly grid
upgrades, increase electricity prices, and increase the risk of outages or degraded service.

This ResStock ™" (Reyna et al. 2025) measure applies one EV and an L2 charger to each occupied
dwelling unit model in the baseline scenario and enables DF for all the chargers so that they
suspend charging during peak periods. All existing units with level 1 (L1) chargers are upgraded
to L2. By modeling widespread adoption of EVs, chargers, and DF, ResStock users can combine
models from the baseline, relevant measures without DF, and this measure to create their own
unique EV and DF saturation scenarios. This allows nuanced scenarios in which only segments
of households adopt EVs or shift their charging load. Such a method can be used to model EV
and charger adoption scenarios and examine the resulting energy and power impacts on the
residential building sector. The DF implementation in this measure helps quantify the benefit of
a DF program and can contribute to alleviating the potential stress that a local electric grid may
incur due to the charging of EVs at peak hours.
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2 Technology Summary

2.1 Introduction to Electric Vehicles in ResStock

EVs are an increasingly important component of residential energy demand, with charging
behavior often correlated with other household loads due to shared occupancy and behavioral
patterns. The current ResStock baseline reflects 2023 EV saturation levels, which corresponds to
a small number of representative dwelling unit models with EVs (1.05% of all datapoints). For
each EV-owning dwelling unit, ResStock assigns specific vehicle properties, driving behavior,
and charging behavior dependent on location, demographics (income and tenure), or occupancy
— factors that also influence other household load profiles. While the baseline includes a limited
number of EVs, ResStock’s EV measures enable scenario analysis of future adoption and
charging patterns.

This measure comprises three components: adoption of an EV, adoption of an L2 charger, and
EV charging DF. EV charging power in ResStock depends on the vehicle charger type, whereas
EV charging demand depends on the characteristics of the EV and driver behavior. When an EV
is assigned to a dwelling unit in ResStock, the characteristics of the vehicle, driving behavior,
and charging behavior are predetermined in the sampling routine, using distributions sourced
from the 2020 Residential Energy Consumption Survey (RECS) (U.S. EIA 2020) and other
datasets (Speake et al. 2025).

ResStock leverages physics-based modeling, where high-level EV and driving behavior
ResStock inputs are translated to EnergyPlus inputs to model the charging energy demand of an
individual dwelling unit, as shown in Figure 1. The ResStock EV characteristics that inform the
energy model and influence the charging energy demand include the (1) EV battery/vehicle type,
(2) annual vehicle miles traveled (VMT), and (3) at-home charging fraction. The battery/vehicle
type determines EV efficiency and battery capacity, while VMT influences the time spent
driving, which in turn determines charging demand. The at-home charging fraction describes the
share of the vehicle’s electricity demand met by the residential charger. These inputs are
assigned to all households in the ResStock baseline regardless of whether the EV is modeled.
The charger type is not predetermined for all dwelling units and is instead explicitly defined in a
measure. The EV charger power is assumed to be constant; however, the timing and duration of
charging events are highly variable across models due to varying vehicle parameters, driving
behaviors, and occupancy patterns. The underlying EV model accounts for charging and

discharging losses by scaling the driving power with ambient temperature.
Generate
ResStock Inputs OS-HPXML Populate HPXML A Translate to
{.tsv nles} Op:;:,sdt::jlo Energvplus

Figure 1. Steps to transform ResStock inputs into final building energy models
OS = OpenStudio

Baseline EV charging availability schedules indicate when a vehicle is plugged in and available
to charge. These schedules are determined by the dwelling unit’s occupancy schedule, whereas
the periods of active charging are dependent on the availability schedule and the EV’s state of
charge (SOC). EV charging availability schedules in ResStock are generated stochastically based
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on the presence of an individual occupant assigned as the driver. During an “away period” for
the driver, the vehicle is assumed to be driven immediately after the occupant leaves and just
before they return home. While the baseline charging availability schedule is dependent only
upon the driver’s occupancy status, the duration and magnitude of charging energy depend on
the VMT, the charger power, vehicle properties, and fraction charged at home, as discussed
further in Section 4.1. The driving schedules are dependent on stochastic occupant behavior, but
do not explicitly capture seasonal variations in travel.

More detailed information regarding baseline EV modeling and scheduling in ResStock can be
found in Speake et al. (2025), which provides further details on EV stock characterization, model
input generation, battery modeling, and analysis of baseline results.
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3 Applicability

The “EV Adoption With Level 2 Charging and DF” measure assigns an EV, an L2 charger, and a
flexible charging schedule to all occupied dwelling units without an L2 charger. This logic
corresponds to 87.9% of the existing housing stock. For dwelling units without an EV, a standard
efficiency EV is added along with an L2 charger. For dwelling units with an EV and an L1
charger, the charger is upgraded to an L2 charger, while the vehicle and other inputs informing
charging demand kept the same as those in the baseline. Only a single EV is adopted per
dwelling unit, as modeling multiple vehicles is not currently supported. An EV demand
flexibility measure is applied to all units so that EV charging energy is avoided during peak
periods. This measure design allows flexibility when analyzing scenarios of adoption. For
example, a user can select a percentage of a specific segment to adopt this measure while using
the results from the baseline simulation for the remaining models. Units in multi-family
buildings are included in the measure. Although multi-family households may not own the
charging infrastructure or see its impact on their utility bills in practice, we model them
consistently with other housing types, treating EV energy as a direct household energy cost. We
also assume that multi-family chargers are always available, which may be not be true in
practice, and therefore the charging event durations may not reflect actual events.
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4 Modeling Approach
4.1 Electric Vehicle Charging and Discharging Modeling

To model baseline residential EV charging demand in ResStock, our approach: (1) characterizes
regional inputs that affect EV battery parameters, driving behavior, and charger characteristics;
(2) assigns these inputs as arguments to individual dwelling unit models; (3) generates
occupancy-driven charging and discharging schedules; and (4) simulates building energy models
with integrated EVs. We associate each EV with an at-home charger, and report only the
charging energy of the dwelling unit, as charging energy away from home is not modeled. No
vehicle-to-building energy exchange is considered in ResStock. To apply this measure to the
baseline, we repeat Steps 2—4 using updated inputs to assign EV ownership, charger level, and
DF schedules.

More detailed information regarding baseline EV modeling and scheduling in ResStock can be
found in Speake et al. (2025), which describes the EV stock characterization, model input
generation, battery modeling, and analysis of baseline results.

Electric Vehicle Stock Characterization

Included in the baseline ResStock inputs are probability distributions that describe the likelihood
of EV-related attributes being assigned to dwelling units. These EV-related inputs are part of
ResStock’s broader stock characterization process, which defines detailed building, occupant,
and technology characteristics for the U.S. residential building stock (see Section 3 Reyna et al.
[2025] for more detail). EV input distributions are sampled to produce EV ownership profiles for
each building model. The baseline of ResStock assigns each dwelling unit a value for EV
ownership, the at-home charging fraction, the vehicle type that provides the battery capacity and
efficiency, and the VMT per year. If a dwelling unit has an EV, an EV charger is applied, and its
power draw is determined based on the charger level. Plug-in hybrid electric vehicles are not
currently modeled in ResStock.

The ResStock EV implementation draws data from the TEMPO™ model (Muratori et al. 2021),
EIA RECS 2020 (U.S. EIA 2020), the National Household Travel Survey (Federal Highway
Administration 2022), vehicle registration data from Experian', the No Place Like Home study
(Ge et al. 2021), and the Autonomie model®. The distributions of these options reflect 2023
saturation levels of EV technology and operation in the United States, ensuring that EV-related
measures capture expected diversity>. All dwelling units are sampled with percentage of vehicle
charge at home, a vehicle type, and the VMT. These options are only relevant in the baseline for
dwelling units with an EV but are used to define vehicle and driving characteristics for dwelling
units that adopt an EV in this measure. Table 1 describes the ResStock characteristics, or
dependencies, that influence the distribution of EV-related options. The dependencies shown
directly influence the EV inputs, but the dependencies themselves also have upstream inputs,
which have an indirect influence on EV characteristics.

1 For more information, visit https://www.experian.com/automotive/auto-vehicle-data.
2 For more information, visit https://www.anl.gov/taps/autonomie-vehicle-system-simulation-tool.
3 More information can be found in Section 3 of Speake et al. (2025)

9

This report is available at no cost from the National Laboratory of the Rockies (NLR) at www.nlr.gov/publications.


https://www.experian.com/automotive/auto-vehicle-data
https://www.anl.gov/taps/autonomie-vehicle-system-simulation-tool

Table 1. Baseline EV ResStock Input Distribution Files and the Dependencies That Inform Option
Distributions

ResStock Input File Dependencies
Electric Vehicle Public Use Microdata Area, federal poverty level (FPL), building type,
Ownership tenure

Electric Vehicle Charger EV ownership, FPL, building type, tenure

Electric Vehicle Battery None

Annual Miles Driven None

Home Charging Fraction FPL, building type

Upstream dependencies are important for accurately reflecting the probabilities of EV ownership
and operation across households. Figure 2 illustrates how these dependencies shape the baseline
distributions for “EV Ownership,” highlighting the significant variation that can occur across
regions, housing characteristics, and demographics. California has a relatively high rate of EV
adoption and diversity in housing characteristics and demographics, which makes underlying
trends easier to observe and interpret. We see a strong correlation between higher EV ownership
rates and urban areas, home ownership, and single-family detached housing.
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SFD, Owner SFD, Renter

Household BEV (%)
0.23]

Figure 2. The percentage of EV ownership among households at the 400% FPL for different
building types and tenures. Maps are disaggregated by Public Use Microdata Area in California.

SFD = single-family detached; MF 5units+ = multi-family 5+ units; BEV = battery electric vehicle

Model Input Assignment

We synthesize data from the external sources to characterize EV ownership, driving behavior,
and charging behavior in ResStock, which ultimately influences the at-home charging energy as
described in Sections 3 and 4 of Speake et al. (2025). Table 2 summarizes the ResStock input
files used to characterize EV energy use and driving behavior. The ResStock input files are
distributions of parameters assigned in the baseline simulation but also represent parameters that
can be adjusted in a measure. ResStock leverages the OpenStudio-HPXML workflow to model
individual dwelling units as OpenStudio® models, with each ResStock option assigned one or
more arguments in OpenStudio-HPXML to directly inform the energy model inputs.
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Table 2. Mapping of ResStock Input Files to ResStock and OpenStudio-HPXML Arguments*

ResStock ResStock . o
Input File Arguments OpenStudio-HPXML Arguments Description
Electric
Vehicle Yes, No ev_present [bool] ;Li)rgzlon/oﬁ the battery EV
Ownership '
Electric Describes presence and
h t I
Vehicle L1, L2, None ev_charger_present [bool] charging power of the EV
Charger ev_charger_power (watts, or W) [float] charger,
Compact, ev_battery_usable_capacity (kilowatt- Physical description of the
Electric '\P"if;fe’an ,  fours, orkWh) [fioaf battery that ultimately
Vehicle SUV vF\)/’ith 200- ev_energy_efficiency (kWh/mile) [float] informs charging demand;
Battery and 300-mile  €v_average_mph (miles per hour, or i;ﬁ:rjg?esﬁ:;ds Lcjiii?/(tjar:o
ranges mph) [float] ’
Total miles driven per year;
14 values ev_miles_per_year [integer] an assumed default
Annual randing from average speed is used to
Miles ging ev_hours_per_week [float] (calculated calculate
Driven 1,000 to . internally from ev_miles_per_year using ev_hours_per week, which
22,500 miles an assumed default average speed) informs the ho_urly driving
schedules.
: Describes what fraction of
_1Q0,
Home goblggo/o lg/" energy is provided by an
Charai Ay . at-home charger; informs
arging 59%, 60-79%, ev_fraction_charged_home [float] the effective annual miles
i _0Qo
Fraction ?80%2 %, traveled for the generation

of schedules.

Vehicle Schedules

We generate two EV schedules as inputs to the vehicle battery model, (1) a charging availability
schedule, which indicates when a vehicle is plugged in and available to charge, and (2) a driving
schedule, during which the EV battery is discharging energy. Both schedules are derived from
the dwelling unit’s occupancy schedule, and the driving schedule also depends on the assigned
ev_hours_per week argument. The durations of charging energy events are dependent on the
charging availability schedule and the SOC. Figure 3 shows a snapshot of relevant schedules for
a single EV driver. The schedules values represent the fraction of each 15-minute timestep
during which the event occurs, and values less than one correspond to events shorter than 15

minutes.

4 See Section 3 of Speake et al. (2025) for more detailed information on EV stock characterization in ResStock

12

This report is available at no cost from the National Laboratory of the Rockies (NLR) at www.nlr.gov/publications.



EV Charging Availability Schedule

EV Charging Power

kw
o N Wb ;e

EV Driving Schedule

10 1

Occupancy Schedule

1.5
1_
0.5- ‘ ‘ ‘ |—
0_
10:00 12:00 14:00 16:00 18:00 20:00

Time of Day

Figure 3. lllustration of a ResStock EV plugged-in schedule, charging power, driving schedule,
and driver occupancy schedule

The durations of driving periods scale with the occupant’s weekly driving hours and are
proportionally adjusted with the duration of the away period. On average, higher-mileage drivers
have shorter away periods in which they are not driving. We assume a constant driving speed but
scale the discharge power based on the ambient temperature, as discussed in the following
subsection. The charging schedule is similarly based on occupancy, where the baseline behavior
assumes that the vehicle is plugged in when the occupant arrives home. In the figure, the
charging availability schedule overlaps the occupancy schedule except for the time step where
occupancy is partial (between 0 and 1). A partial occupancy time step, in which the occupant is
home for only part of the 15-minute time step, would ideally reflect both charging and
discharging. However, ResStock models these events entirely as discharging, as the underlying
EnergyPlus® battery model can only be charged or discharged in a time step. This limitation may
cut short or delay charging by up to 15 minutes; however, that is preferable to underestimating
discharging, where events are shorter and changes in the duration would have a much larger
impact on the total discharge energy—and, consequently, the charging energy.

The charging availability schedule shown in the figure indicates when the vehicle is plugged in
and eligible to be charged, whereas the actual charging, i.e., energy consumption, is handled by
the battery model. Once charging begins, the only parameters that influence the timing and the
magnitude of energy use are the charger power and the battery SOC. When charging availability
schedule has a value of 1, the EV will charge at a constant power (5.69 kilowatts [Pavuluri 2024]
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for L2 charger) until the maximum SOC is reached, at which point no further charging load
occurs, regardless of the schedule. The behavior can be observed in Figure 3 prior to 10:30 and
after 18:30 where charging power consumption remains zero despite charging availability
schedule being 1. It can also be seen that the charging power remains constant at 5.69 kW when
the vehicle is being charged — the slight depression during the second event where the charging
power is below 5.69 kW is because in the underlying model charging doesn’t occur for the full
15 minutes before charging stops after reaching the maximum SOC.

The demand flexibility measure described in Section 4.2 alters the charging availability schedule
to shift charging loads, but maintains the existing driving and occupancy schedules.

Electric Vehicle Modeling

The charging availability and driving schedules are aligned with the stochastic occupancy model
(based on American Time Use Survey data) in OpenStudio-HPXML. We calculate the total
hours driven per week using the ev_average mph (calculated from Federal Highway
Administration [2022]) and ev_miles per year arguments from the “Electric Vehicle Battery”
and “Annual Miles Driven” input files, respectively, which inform the charging and discharging
schedule generation. The battery model determines the actual power draw during the charging
and discharging periods. An example of what these schedules look like is presented in Figure

3. The charging schedule algorithm assumes that the occupant plugs in their vehicle as soon as
they arrive home and keeps it plugged in until they leave. Thus, the charging availability
schedule is identical to the occupancy schedule of the driver, but the schedule of actual charging
typically differs. This scenario makes the battery eligible to be charged anytime the EV is at
home if the SOC is below the maximum level. Whether the charging happens and at what power
level is managed by the battery and charger modeling. Additionally, not all EV owners modeled
as charging exclusively at home. The 2020 RECS included a question about what fraction of
charging is done at home, with the options being 100%, 80% to 99%, 60% to 79%, etc., which
was translated to a ResStock input file and sampled to assign the “Home Charging Fraction”
input. This input scales the average energy consumption rate of the battery model, ensuring that
the resulting charging energy reflects only the portion of charging that occurs at home. The
charging power remains fixed regardless of the at-home charging fraction, and only the vehicle
discharge power is affected. The underlying assumption in using this approach is that 2020
RECS respondents implement the fraction of their charging in terms of energy, as opposed to
time.

EV charging and discharging energy are modeled within OpenStudio-HPXML, which leverages
a lithium-ion battery model in EnergyPlus. The “Electric Vehicle Charger” input directly
influences charging power draw, which is assigned a constant value dependent on the charger
level. The L2 charger type in this measure has a power draw of 5.69 kilowatts, which reflects the
average EV charging power output of a 240-volt outlet. The other ResStock inputs in Table 2
influence the average EV energy consumption rate as well as the duration of driving events,
which will reflect in the duration and energy demand of charging events. The “Home Charging
Fraction” input adjusts for the actual charging energy provided by the at-home charger, however,
we do not directly alter the number charging events but instead scale the average EV energy
consumption rate.
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The average EV energy consumption rate can be considered the average driving power output
under design conditions. For each household, this output is calculated by:

1. Determining the expected annual discharge energy (kilowatt-hours) by multiplying the
EV energy efficiency (kilowatt-hours per mile) by the annual miles (miles)

2. Calculating the average EV energy consumption rate by dividing the annual discharge
energy (kilowatt-hours) by the number of hours driven per year.

Although we do not include all time-dependent variables impacting discharge events, we do
incorporate a model that adjusts the average EV energy consumption based on the dwelling unit
site ambient temperature at each time step. Ambient temperature plays a large role in EV energy
usage, attributed primarily to the climate control systems of the vehicle cabin and battery. We
deploy a curve of the discharge power versus ambient temperature® in the EnergyPlus Energy
Management System® to capture the higher energy demand associated with cold-weather
operation relative to mild or hot weather.

The “EV Adoption With L2 Charging and DF”” measure assigns the “Electric Vehicle
Ownership” parameter to “Yes” and the “Electric Vehicle Charger” as “Level 2”7, while the
remaining EV-related inputs are assigned during the baseline sampling routine as described in
this section and as further detailed in Speake et al. (2025). This approach preserves both the
diversity and the expected dependencies that influence vehicle type and operation. The other
parameters, which are also set by this measure in relation to the DF, will be discussed in
subsequent sections.

Electric Vehicle Modeling Limitations

The modeled EV charging energy may not always align with the driving demand, as it is
constrained by the charging schedule and charger type. Different combinations of EV-related
inputs can thus lead to a discrepancy between charging demand and charging availability. This
approach can result in reduced charging energy, which is quantified with a custom output
variable “unmet driving hours”, in which the EV is scheduled to be in use but does not have the
required SOC to complete its driving hours. Unmet driving hours are seen more often in dwelling
units with L1 chargers that lack the higher power output of L2 chargers, and charge mostly at
home. Section 5 includes figures demonstrating the prominence of unmet driving hours in this
measure. Unmet driving hours can be an important metric when designing vehicle and charger
adoption scenarios. Input combinations with a higher number of unmet driving hours may be less
realistic and, as a result, may be given less weight in scenario design.

We assume a direct relationship between home occupancy and driving/charging events, which
results in similar daily schedules throughout the year, with distinct patterns for weekdays and
weekends. Although this simplifies modeling, it may underpredict or overpredict individual
charging or discharging events, as real-world behavior is more variable. Similarly, we apply the
“fraction charged at home” input directly to the discharging power, reducing charging loads
evenly across the year. Although this might be realistic for some drivers who split their charging

5 Updated data originally reported in Section 2.4 of Yip et al. (2023) were used. The updated temperature-energy
relationship is primarily based on real-world performance data from Geotab and Recurrent Motors and secondarily
informed by laboratory test results from AAA and Argonne National Laboratory.

¢ More information can be found in BTO (2022).
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between home and other locations, others may instead scale their number of at-home charging
events, where only certain days are used to charge at home. In this case, our approach captures
the annual demand but may underestimate the magnitude or duration of individual charging
events. This simplification may also lead to underestimation or overestimation of unmet driving
hours, which in practice depend on alignment between charging locations and at-home hours.

This measure assumes a distribution of energy consumption rates and capacities that align with
the current baseline EV stock, as set by the “EV Battery” input. This measure may potentially
overpredict the energy demand if EV technology makes advancements in efficiency and capacity
over a certain adoption period. This current snapshot of battery efficiency and capacity may also
overpredict the number of unmet driving hours compared to future EV technologies with higher
efficiencies.

The inclusion of multi-family households is a modeling simplification. While residents in these
units may not have ownership of charging infrastructure or see its impact on their utility bills,
this approach treats EV charging as a household load, consistent with other building types.
Further,

Additionally, ResStock limits dwelling units to a single EV, which is reasonable for capturing
aggregate trends but may underestimate peak charging power in households with multiple EVs.
As EV adoption scales, capturing these dynamics will be increasingly important for accurately
modeling demand spikes and infrastructure needs.

4.2 Demand Flexibility Modeling

This measure introduces flexible EV charging schedules through updates to the
ResStockArgumentsPostHPXML workflow step. As shown in Figure 4, this step runs after the
HPXML file has been created in the ResStock workflow, which enables adjustments for DF.
This step accesses the HPXML building description and schedule files created in OpenStudio-
HPXML and modifies them as necessary prior to simulation. To model charging schedule
flexibility for EVs, we extended ResStockArgumentsPostHPXML to include a new EV DF
module. The following subsections describe how EV demand shifting is implemented within this
framework.
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HPXMLToOpenStudio

Figure 4. ResStock workflow diagram showing the order in which measures are run.
ResStockArgumentsPostHPXML allows for adjustments of building inputs and schedules during
the baseline model generation or in a measure.

Demand Flexibility Approach

The “EV Adoption With L2 Charging and DF” measure references peak period definition files,
detailed in the following subsection, and sets the charging schedule to zero during peak hours as
shown in Figure 5. Although this behavior may resemble a load-shedding event, where energy
consumption is curtailed without a compensatory increase in other periods, it works more like a
shift event because the battery model compensates, within its limits, by extending the charging
duration after the peak period. EVs can still be fully charged before the next driving event in
most cases when charging overnight. This distinction arises because the charging availability
schedule solely dictates when the vehicle is plugged in, whereas actual energy consumption is
governed by the battery model. This situation is illustrated in Figure 5 for a single building test
run. During the peak period, the charging availability schedule is set to zero. This setting results
in charging being suspended during the peak period, after which the vehicle completes charging.
In the figure we can see that the charging energy consumption in this measure (middle graph) is
same as that in an equivalent measure without DF (top graph) — only split into two sessions by
the peak period. Because this measure includes the adoption of L2 charging, EVs are likely to
fully charge before their next driving event, even when the charging start time is shifted.
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Figure 5. EV charging schedule modification by DF measure, where the interrupted charging is
resumed after the peak period

kWh = kilowatt-hour

Depending on the timing of the peak period in relation to the vehicle charging/discharging
schedule, there may not always be sufficient time to charge the vehicle to completion after the
peak period—the occupant might leave before the charging is completed. This phenomenon is
illustrated in Figure 6. The charging is interrupted around 18:00 due to the peak period, but by
the time the peak period ends, the occupant is no longer at home, and the EV can no longer be
charged. This by itself is not a problem if the vehicle has sufficient charge to meet the driving
need. However, if that’s not the case, the insufficient charge will register unmet driving hours.
In this example, we can tell the charge was not sufficient because after the charging resumes at
midnight, the charging power consumption profile in this measure (Figure 6, middle graph)
matches the charging consumption of the measure without DF (top graph). This outcome could
have occurred only if the EV was completely depleted in both scenarios. The two hours and 15
minutes of missed charging due to the peak shift in this case translates to greater unmet driving
hours during the unoccupied period. If such conditions happen frequently and to multiple units,
we can see a significant increase in unmet driving hours. The extent to which charging DF
introduces unmet driving hours is further discussed in Section 5.
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Figure 6. An example DF situation where charging is interrupted due to the peak period but make-
up charging is not possible due to the occupant not being at home

kWh = kilowatt-hour

To apply the DF schedule to existing charging schedules, the “Demand Flexibility Electric
Vehicle” parameter is set to “Enabled” in ResStock. As shown in Table 3, setting that parameter
to “Enabled” will set the ev_flex enabled argument to “True” and the flex random_shift minutes
argument to 30 in ResStockArgumentsPostHPXML, where the EV DF module is called. The
flex_random_shift minutes argument is used to avoid coincident peak by offsetting the peak
period randomly by up to +30 minutes for each building. This offset will make some buildings
start their peak period up to 30 minutes early or up to 30 minutes late (i.e., the shift can be any of
the following: +30 min, +15 min, 0 min, —15 min, =30 min). This random shifting is assigned on
a building-by-building basis and not on a per-event basis. In a real deployment, this staggering of
individual homes would be accomplished through a combination of intentional control and
inherent time delays and equipment states found across the portfolio at any point in time.
Although this measure may create new concurrent peaks, this feature limits the unrealistic
scenario in which all EV charging loads start simultaneously. A similar approach is applied in
the ResStock thermostat DF measure.

19

This report is available at no cost from the National Laboratory of the Rockies (NLR) at www.nlr.gov/publications.



Table 3. Mapping of ResStock Options to ResStockArgumentsPostHPXML Measure Arguments

. ResStockArgumentsPostHPXML oy
Parameter | Option Description
Measure Arguments
Floxiblly ev_flex_enabled = True load flexbilty by turing
. Enabled flex_random_shift_minutes = {30, 15, 0, - . 4

Electric charging off during the

. 15, or -30} .
Vehicle peak period
Demand EV chargers do not provide
Flexibility Disabled ev_flex_enabled = False load flexibility; charging
Electric flex_random_shift_minutes = 0 schedules are entirely
Vehicle driven by occupancy status

Peak Period Definition

When analyzing the impact of load flexibility, it is necessary to define the target time periods
when DF will be dispatched to reduce the load. These time periods are commonly referred to as
on-peak hours. On-peak hours can be identified in different ways depending on the goal, for
example:

¢ Reducing System Peak Power: Grid-wide net load data can be analyzed to identify
hours with the highest demand, and DF can be dispatched to help lower the overall
system peak power requirements.

¢ Responding to time-of-use (TOU) Pricing: Utility rates for individual customers can be
analyzed to identify times with the highest electricity prices. This approach is applicable
only for customers with TOU rates. DF can be dispatched to reduce individual customer
utility bills.

e Minimizing Grid Operation Costs: Grid-wide operational cost data can be analyzed to
identify hours with the highest operational costs, and DF can be dispatched to help lower
the overall system operation costs.

For this measure, the goal is to quantify the load flexibility’s technical potential to reduce system
peak power in 2050. This project uses 2050 net load data from Cambium 2024’s Mid-case
scenario (Gagnon et al. 2025) to identify the peak hours for each state, categorized by summer
months (June to September), winter months (December to March), and shoulder seasons (April
to May and October to November). The Cambium data are taken from a publicly available
dataset that provides future load predictions and other related metrics. The mid-case scenario
within Cambium 2024 adopts moderate estimates for key inputs, including technology costs, fuel
prices, and demand growth. The identified peak hours are then applied consistently as the
dispatch time for each day within the corresponding months for each state. The on-peak period
timing by state is shown in Table 4.
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Table 4. On-Peak Timing by State and Season

State | Summer Winter Intermediate
Peak Peak Peak Peak Peak Peak
Start End Start End Start End
AK 17:00 21:00 17:00 21:00 16:00 20:00
AL 18:00 22:00 18:00 22:00 18:00 22:00
AR 17:00 21:00 17:00 21:00 18:00 22:00
AZ 18:00 22:00 18:00 22:00 17:00 21:00
CA 18:00 22:00 17:00 21:00 17:00 21:00
CO 18:00 22:00 18:00 22:00 16:00 20:00
CT 17:00 21:00 17:00 21:00 17:00 21:00
DE 17:00 21:00 17:00 21:00 17:00 21:00
FL 18:00 22:00 18:00 22:00 18:00 22:00
GA 18:00 22:00 18:00 22:00 18:00 22:00
IA 17:00 21:00 17:00 21:00 17:00 21:00
ID 19:00 23:00 17:00 21:00 18:00 22:00
IL 18:00 22:00 16:00 20:00 16:00 20:00
IN 18:00 22:00 17:00 21:00 17:00 21:00
KS 18:00 22:00 17:00 21:00 17:00 21:00
KY 19:00 23:00 17:00 21:00 17:00 21:00
LA 18:00 22:00 17:00 21:00 18:00 22:00
MA 17:00 21:00 17:00 21:00 17:00 21:00
MD 17:00 21:00 16:00 20:00 17:00 21:00
ME 17:00 21:00 17:00 21:00 16:00 20:00
MI 17:00 21:00 18:00 22:00 17:00 21:00
MN 17:00 21:00 17:00 21:00 16:00 20:00
MO 18:00 22:00 8:00 12:00 16:00 20:00
MS 18:00 22:00 17:00 21:00 18:00 22:00
MT 17:00 21:00 18:00 22:00 19:00 23:00
NC 18:00 22:00 17:00 21:00 17:00 21:00
ND 19:00 23:00 19:00 23:00 18:00 22:00
NE 15:00 19:00 17:00 21:00 16:00 20:00
21
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State | Summer Winter Intermediate
Peak Peak Peak Peak Peak Peak
Start End Start End Start End
NH 17:00 21:00 17:00 21:00 17:00 21:00
NJ 17:00 21:00 17:00 21:00 17:00 21:00
NM 18:00 22:00 17:00 21:00 17:00 21:00
NV 18:00 22:00 17:00 21:00 18:00 22:00
NY 18:00 22:00 17:00 21:00 17:00 21:00
OH 17:00 21:00 17:00 21:00 17:00 21:00
OK 15:00 19:00 4:00 8:00 3:00 7:00
OR 17:00 21:00 17:00 21:00 16:00 20:00
PA 17:00 21:00 17:00 21:00 17:00 21:00
RI 18:00 22:00 17:00 21:00 18:00 22:00
SC 19:00 23:00 18:00 22:00 17:00 21:00
SD 15:00 19:00 16:00 20:00 18:00 22:00
TN 17:00 21:00 17:00 21:00 17:00 21:00
TX 18:00 22:00 17:00 21:00 17:00 21:00
uT 18:00 22:00 17:00 21:00 17:00 21:00
VA 18:00 22:00 16:00 20:00 16:00 20:00
VT 18:00 22:00 18:00 22:00 17:00 21:00
WA 17:00 21:00 17:00 21:00 17:00 21:00
Wi 18:00 22:00 17:00 21:00 17:00 21:00
wv 16:00 20:00 17:00 21:00 16:00 20:00
WYy 18:00 22:00 8:00 12:00 8:00 12:00

Demand Flexibility Modeling Limitations

In this measure, we are assuming that all chargers participate in the DF program. Although this is
unrealistic, the goal of this measure is to produce a dataset that can be mixed with the baseline
and other measures in the desired proportion to study the impact of desired DF penetrations.
Similarly, we assume that the chargers respond to DF every day, which may not be realistic but
allows studying the impact of DF on any day of the year. Because DF is applied independently
each day, we do not capture multi-day charging strategies where vehicles shift surplus or deficit
energy across multiple days.

Our approach to modeling DF can result in a steep ramp-up and ramp-down of residential sector
electricity demand. Although the measure partially alleviates this by randomly shifting the peak

22

This report is available at no cost from the National Laboratory of the Rockies (NLR) at www.nlr.gov/publications.



periods by £30 minutes, high adoption of this measure may pose challenges to the grid. This
measure implements DF by completely turning off charging during the peak period. Chargers
may be able to reduce charging power during peak periods, increase charging power in
anticipation of an upcoming peak period, or provide other more complex load management not
modeled in this measure. This measure assumes that the peak periods are based on the system
peak period of the 2050 net load data from Cambium’s Mid-case scenario, which may not be
how each utility would execute a DF program. When there is misalignment of the ResStock peak
and the Cambium system peak, the rebound due to DF can lead to an even higher sector peak
than that of the baseline.

This measure also assumes that the occupant behavior remains unaffected by the DF. For
example, even when vehicles are insufficiently charged due to responding to DF, the occupant
neither overrides the charging nor alters their driving pattern (for example, waiting until the
vehicle is sufficiently charged). This assumption is primarily a limitation of the modeling
implementation, where driving and charging behaviors are not altered during the simulation.

We do not include any scenarios in which L1 chargers are subject to DF. Although EVs with L1
charging can be operated to avoid peak periods, we assign L2 chargers to all homes prior to
shifting the schedule. This action reduces the risk of incurring unmet driving hours, and L2
chargers are more likely to have managed charging features that enable occupants to more easily
participate in DF programs.
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5 Testing Results

This section reports results from the national-scale ResStock run, demonstrating the functionality
of the measure and verifying its correct operation. The analysis is presented to illustrate the
measure’s performance and ensure confidence in its implementation, not to reflect a realistic
scenario on its own. The measure is designed to offer the users flexibility when combined with
the baseline or other measures. As such, results presented here should be interpreted with
caution.

We simulated this measure and two other scenarios as points of comparison, as summarized in
Table 5. The baseline represents the ResStock baseline, which includes a low saturation of EVs,
whereas the “EV with L2” charging scenario has the same set of EV characteristics as this
measure except for the application of DF. Although this section presents the energy and unmet
driving hour impacts of the measure, the full set of outputs available in the dataset includes
annual and timeseries charging energy, charging emissions, utility bills, and EV schedules.

Table 5. Summary of the Three Scenarios Modeled To Analyze the Results of This Measure

Scenario EV Assigned to All | Charger Assigned to All | DF Enabled
Baseline No No No

EV + L2 Yes L2 No

EV + L2 + DF (this measure) | Yes L2 Yes

5.1 Annual Changes

Figure 7 presents the distributions of annual ResStock energy usage for the baseline and the
measure at the national level. With broad adoption of EVs and L2 chargers (86.8% of the
housing stock), the national site energy usage increases by 7.2%, which is entirely driven by
increases in EV charging electricity demand. This increase is a result of EV and EV charger
adoption, as the demand flexibility schedules typically have little to no impact on total energy
usage.
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Figure 7. Distributions of total energy consumption the baseline and “EV Adoption With L2
Charging and DF” measure

MMBtu = million British thermal unit

Figure 8 shows the annual stock energy consumption by Building America climate zone for this
measure and the baseline. Stock energy consumption expectedly increases with the “EV
Adoption With L2 Charging” measure package in all climate zones compared to the baseline.
This increase is entirely due to additional charging loads, while demand flexibility has little
effect on annual energy use since suspended charging generally only delays consumption rather
than reduces it. However, in a small number of cases, it is not always possible to fully make up
for the peak-period interruption (see Section 4.2); when this occurs, the number of unmet driving
hours increases and charging consumption decreases.
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Figure 8. Total energy consumption by end use and climate zone for the baseline scenario, EV
Adoption + L2 Charger measure, and EV Adoption + L2 Charger + DF measure

kwh = kilowatt-hour

Figure 9 displays the average unmet driving hours for each VMT value and percentage charged
at home for this measure and a reference case without DF. Unmet driving hours occur when
battery charging is not sufficient for the EV’s energy demand and are primarily a result of
modeling limitations. The most important factors determining unmet driving hours are charger
level, VMT, and percent charged at home. Charger level influences the rate of charging possible,
while VMT and percent charged at home determine the amount of charging needed. Figure 9
highlights this trend, where only vehicles with high VMT and a high rate of home charging incur
unmet driving hours. While both measures shown include L2 charging, which significantly
reduces average unmet driving hours compared to the baseline, the measure with demand
flexibility shows slightly higher unmet driving hours. This occurs in cases where shifting the
charging schedule leaves insufficient time at home to fully meet the vehicle’s charging demand.
Vehicles with high VMT are relatively uncommon, and most vehicles in the stock experience no
unmet driving hours. Across the entire stock, this measure results in an average of 0.41 unmet
driving hours, affecting 2.42% of homes. In comparison, the reference measure without DF
results in an average of 0.35 unmet driving hours.
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Figure 9. Unmet driving hours per EV per year by the EV characteristics “Annual VMT” and
“Percent Charged at Home” for the “EV Adoption With L2 Charging and DF” measure and an
equivalent measure without DF. Unmet driving hours occur when battery charging is not sufficient
for the EV's energy demand.

5.2 Time Series Changes

Figure 10 shows the electricity demand for the state of Colorado over 3 days in the winter (left)
and 3 days in the summer (right). The dashed line is the demand from the baseline scenario. The
full adoption of EVs with L2 chargers increases the demand, however, during the peak hours, the
demand is reduced below the baseline value as EV charging is suspended.
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Figure 10. Residential Electricity demand in Colorado for the EV Adoption with L2 Charging and
DF measure over 3 days in the winter (left) and summer (right)

GW = gigawatt
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5.3 Daily Load Shape Changes

Figure 11 shows the daily average electricity demand in Colorado during summer and winter
seasons under three scenarios: the baseline, EV adoption with L2 charging, and EV adoption
with L2 charging and DF (this measure). The shaded red regions denote the peak demand hours.

The DF measure successfully reduces demand during the peak period in both seasons compared
to the L2-only scenario. However, this reduction leads to a rebound in demand immediately
following the peak window, and a change in peak timing. The new peak timing in the DF
scenario is closely tied to the peak window, which reflects both residential and commercial
sector peaks and may not align with the baseline peak for residential loads. As a result, the DF
scenario does not always shift the modeled peak later in the day. In the winter, the peak window
aligns with the baseline residential peak, so the shifted load creates a new, later peak time due to
the rebound. In summer, the baseline peak occurs before the peak window begins, so the demand
shift does not change the peak timing. However, demand shifting still reduces peak magnitude
compared to the L2-only scenario.

While the total daily electricity consumption remains the same across the EV scenarios, the DF
measure shifts load away from high-demand hours in both seasons. This strategy helps mitigate
peak demand but also illustrates the potential for rebound effects and new peaks, which can
inform design and evaluation of EV demand flexibility strategies.
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Figure 11. Daily residential electricity load shape for Colorado in winter (left) and summer (right).
This measure (“EV + L2 Charger + DF”) and two reference cases (“Baseline” and “EV + L2
Charger”) are represented.

kWh = kilowatt-hour
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6 Discussion

As shown in Section 5.3, analyzing results in isolation can suggest unfavorable impacts to peak
demand. This occurs because the measure assumes that 100% of the units adopt EVs and
participate in the DF shift, which is not realistic. We model this measure in this way to maintain
flexibility in the scenario analysis. However, users should blend results from this measure with the
baseline or other measures in the desired proportion. For example, if we assume that only 25% of
the dwelling units participate in DF but 100% of them will have an EV with an L2 charger, we can
analyze a custom scenario. The weighted average of this scenario is shown in Figure 12, where we
combine the results of this measure with an equivalent measure without DF in a 1:3 proportion to
simulate a DF penetration level of 25%. We can see that when the DF penetration is reduced, the
rebound peak is substantially reduced as well.

Another point to keep in mind when using the results of this measure is that the peak definitions
are based on the 2050 Mid-case Cambium 2024 net load data, but we are applying these to the
current residential sector building stock. This approach is meant to provide data for a DF potential
in a future scenario and, as such, should be mixed with the baseline in the desired proportion to
model that future scenario.
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Figure 12. Daily residential electricity load shape for Colorado showing how a 25% DF penetration
would reshape the load shape for winter (left) and summer (right). This measure (“EV + L2
Charger + DF”) and two reference cases (“Baseline” and “EV + L2 Charger”) are represented, as
well as a combination of this measure applied at 25% and the EV + L2 reference case applied at
75%.

kWh = kilowatt-hour

29

This report is available at no cost from the National Laboratory of the Rockies (NLR) at www.nlr.gov/publications.



7 Future Work

Several opportunities for improving this measure are listed here. Their implementation may
depend on future advancements in technology and demand-side programs, such as more
sophisticated EV smart charging technology or a grid-managed EV demand response.

e To develop a more complex DF strategy in which charging start times are randomized
between the end of the on-peak period and the latest time required for a full charge,
reducing the rebound peak seen with high DF penetrations.

e To develop rate-responsive charging flexibility based on TOU or dynamic pricing.

e To build an opt-out feature where chargers would ignore the peak period if the vehicle
SOC was too low.

e To reduce the charging power during the peak period instead of completely suspending
the charging.
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