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Supplementary Note 1: Expanded literature review

Driver Behaviour Model

Several large-scale models of charging demand have been used to study the Western US and California.
These include EVI-Pro [1] which was used in recent California Energy Commission modeling [2] and which
combines travel survey data with a model of drivers’ economic decision making to simulate charging, BEAM
which takes an agent-based approach using highly resolved mobility data for the California San Francisco Bay
Area [3], and the proprietary agent-based model used by the consulting firm E3 [4]. Running a simulation
of each individual driver’s daily travel and modeling optimal decision-making, however, is expensive. Our
proposed approach models driver decision making as probabilistic and is calibrated using a very large set of
real charging data.

Time use and travel survey data are used in [2, 5, 6, 7, 8, 9, 10, 11, 12] to generate charging demand
estimates. Data sets from small demonstration projects are used in others [13, 14]. GPS data from internal
combustion engine vehicles are used in others [15]. In [16] the authors combine charging data with GPS
data from internal combustion engine vehicles to study how mobility limits charging flexibility. In [17] the
authors combined travel survey data with data from a small demonstration project. In most papers based on
demonstration data, it is assumed that later adopters will exhibit the same behaviours and largely depend
on home charging.

Clustering and other statistical methods are used increasingly in recent literature to reveal patterns in
driver travel histories [18, 19] and charging data [14, 20, 21, 22, 23]. Several of these use very large data sets
from the Netherlands [22, 20] or California [23, 16, 24, 25]. Ours is the first methodology to combine these
elements for large-scale simulations connecting driver behaviour profiles, regional characteristics and policies
on charging infrastructure to a data-driven model of real driver charging behaviours based on an extensive
data set of charging sessions.

Grid Impact Modeling

Existing papers study many different aspects of EV grid impact.
The first category of papers focuses on the distribution grid. In [5] the authors model real-world distri-

bution feeders in California to study distribution level impacts including voltage violations, line overloading,
and peak capacity violations. In [6] the authors focus on residential power demand in California to study the
increase in power demand driven by EV charging and impacts including transformer overloading. In [13] the
authors used data from a demonstration project in the UK to study impacts including voltage violations and



transformer or feeder overloading. In [26] the authors focus on workplace charging to evaluate transformer
aging.

The second category of papers focuses on the generation and transmission grid. In [3] the authors use
PLEXOS, a unit commitment and economic dispatch model to study emissions and curtailment impacts in
California. In [15] the authors use the California Low Carbon Grid Study outputs based on PLEXOS to
analyze emissions for low levels of EV adoption. In [8] the authors use a capacity expansion model with
transmission and generation co-optimization to study the economics of charging control in Chile. In [9] the
authors use HiGRID to model dispatch and generation, including dispatch of controllable EVs, in California
to study emissions and cost impacts. In [11] the authors similarly integrate EV demand into a dispatch
model to study the generation-level impacts of managed overnight charging in Alberta, Canada. In [10] the
authors study the demand and ramping impacts of different charging scenarios in the MISO US grid. In [12]
the authors use a proprietary electricity sector market model to study the grid capacity, electricity price,
and EV adoption impacts of centrally managed charging in Western Canada. In [27] the authors use a unit
commitment model minimizing costs and curtailment to study the emissions and wind integration benefits
of EVs in Beijing, China. In [23] the authors use an economic dispatch model to test the emissions impacts
of extreme fast charging scenarios in the US.

The third category of papers studies combinations of the two. In [28] the authors evaluate the need for
transformer upgrades under different charging control scenarios, and include analysis of charging emissions
based on a marginal emissions profile. [7] is a large study on the Western US in which the authors consider
both distribution and generation level impacts for EV adoption between 10- and 20%, using the GridView
software from ABB to study capacity expansion planning and transmission congestion. In [17] the authors
use rural, sub-urban, and urban test networks in OpenDSS to model the distribution system impacts and
model transmission in Pandapower to study congestion in the United Kingdom under 100% EV adoption.

Control Modeling

Many papers studying grid impacts also model control. Central, grid-operator control is modeled in
[7, 28, 3, 15, 17, 8, 10, 11, 12, 27], in many cases assuming the EVs are plugged in and participating
at all times throughout the day. This assumption, however, does not represent current practice and can
overestimate the load flexibility. In [9] the authors study the impact of a time-delay in updating central
grid-operator control signals. In [16] the authors study shifted start times to understand the bounds of EV
flexibility based on driver mobility needs. Site-level workplace control is modeled in [26, 24]. Driver responses
to TOU rates are also considered in [2, 3].

On the Impact of Charging Infrastructure

A small number of studies include different charging infrastructure futures, comparing slow with fast
charging [27, 29], modeling demand [2], and, for early adopters, evaluating emissions [30]. However, none of
these assess reshaping the landscape of charging infrastructure as a tool or compare its effect against other
types of control for reducing emissions and other grid impacts. They also focus on the charging patterns and
options of early adopters. In a recent paper [23] the authors study the impact of extreme fast charging on
emissions; a “gas-station” model of charging not represented in our data.

On EV Life Cycle Emissions

Our study focused on charging and grid impacts; another field of research looks at the life cycle emissions
of electric vehicles and compares them to hybrid or internal combustion engine vehicles across different grids
[31, 32].

Another area of research considers EVs within much larger climate- and energy-systems models, e.g. [33].

Supplementary Note 2: Data Set Statistics

The charging data set used for this project includes over 2.8 million charging sessions recorded by 27.7
thousand battery electric vehicle drivers. The data was collected throughout 2019 in the San Francisco Bay
Area. Supplementary Figure 1 illustrates the breakdown of the data by location, type, time of the week,
and vehicle type. Supplementary Figure 2 illustrates the total distributions of session start times, session
energies, session charging rates, and session durations for each of the four main charging segments.
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Supplementary Figure 1: The breakdown of sessions (top row) and vehicles (bottom row) in the data. Most
sessions occur in Santa Clara County, the county which includes the city of San Jose. Most sessions occur
at workplaces, and the sessions are well distributed across weekdays. 8% of sessions occurred on weekends.
Most of the vehicles have battery capacities larger than 50 kWh. The most common make is Tesla, followed
by Chevrolet, Nissan, and Volkswagen. Finally, the most common model year is 2018, corresponding to the
large number of Tesla Model 3’s sold in California.
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Supplementary Figure 2: These histograms illustrate the key charging session parameters from the data set.
Each row shows one segment (from top to bottom): single family home, workplace, multi-unit dwellings, and
public. Each column shows one parameter (from left to right): session start time, session energy, session
charging rate, and session duration. The duration is clipped at 48 hours such that the last bin includes
all sessions with longer durations. The session start time varies the most across segments. Home charging,
either at single family homes or multi-unit dwellings, is more likely to last for longer than 12 hours. We also
observe the impact of timers in the start times of single family home charging sessions, with a large number
of sessions starting exactly at 11 pm. 3
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Supplementary Figure 3: (a) The relationship between mean battery capacity, number of sessions, and total
energy for each driver cluster: clustering revealed a clearer distinction between behaviours for drivers with
small and large battery capacity vehicles when those drivers lacked access to home charging. The combination
of home and workplace charging access also enabled more frequent charging, with some clusters (in green)
charging more than once per day throughout the year. (b) This histogram of drivers reveals that the fraction
of energy charged on weekdays is much higher for most drivers without home charging. (c) The clustering of
driver behaviours illustrated in this dendrogram for one bin of annual energy use shows the many distinct,
mixed-use charging behaviour patterns identified in the data. The sub plots illustrate the aggregate demand
profile on a typical weekday for 1000 drivers from each of five sample clusters.
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Supplementary Note 3: Driver Behaviours

Access to charging options at home and at work, total annual energy use, and battery capacity were each
identified as key drivers behind different charging behaviour patterns. Separating the drivers in the data set
along these lines reveals these divisions. Supplementary Figure 3 illustrates several of the key behavioural
differences.

The mean per-session energy usage reveals interesting information about the behaviours of drivers in these
categories, as shown in Supplementary Table 1. We see several interesting divisions: first, drivers with larger
battery capacities tend to charge more at each session; second, comparing the first four columns with the
last four, drivers with access to home charging tend to charge less at each session than drivers that depend
on only work or public charging; and third, per session energies are relatively similar for drivers charging
1000 or 4000 kWh annually. Despite having battery capacities well over 50 kWh, drivers with large batteries
and high energy needs only charge 23 - 29 kWh per session on average or 22 - 26 kWh per session when
considering the median. This reflects the strong tendency to maintain a high state of charge and comes at
the cost of needing to charge more frequently.

Annual EV Energy Use No Home No Work Only Work Access Only Home Access Both Home And Work

Sm.
Batt.

Lg.
Batt

Sm.
Batt.

Lg.
Batt.

Sm.
Batt.

Lg.
Batt

Sm.
Batt.

Lg.
Batt.

0-600 kWh 9.38 12.89 9.62 14.09 8.96 14.47 9.48 15.67
600-1000 kWh 11.28 20.42 10.83 19.28 10.72 19.93 10.04 16.65
1000-1600 kWh 12.28 24.91 11.42 21.09 10.76 24.62 10.24 21.92
1600-2000 kWh 12.52 24.71 11.89 21.60 11.40 22.56 11.47 20.72
2000-3000 kWh 13.41 26.71 12.98 22.04 10.71 25.10 11.30 22.41
3000-4000 kWh 14.65 26.17 15.25 22.24 12.13 24.22 12.50 23.83
4000 kWh + 16.37 28.46 16.38 24.07 12.26 25.38 12.88 23.00

Supplementary Table 1: Average energy use per charging session, in kWh, for drivers in each division of
access, battery capacity, and annual energy use. Small (Sm.) and Large (Lg.) Battery (Batt.) capacity is
divided at 50 kWh.

Supplementary Note 4: Comparison with Travel Survey Data

The 2016-2017 National Household Travel Survey Data (NHTS) is conducted by the Federal Highway
Administration in the US to capture travel patterns of a wide range of residents from across the country [34].

We did not observe large differences in travel patterns between income groups within the charging data.
We used the NHTS data to validate this observation in two ways: first, studying the distributions of arrival
times for different income groups within the Bay Area NHTS data; and second, rebuilding the charging model
using only sessions compatible with the NHTS travel patterns.

We focused on survey respondents located within the two regions most aligned with the charging data:
“San Francisco-Oakland-Hayward, CA” and “San Jose-Sunnyvale-Santa Clara, CA”. To match the charging
model as closely as possible, we binned the respondents’ income groups into low income (up to $49,999
household income), medium income (from $50,000 to $99,999 household income), and high income (at least
$100,000 household income). Since the charging model also parameterizes charging behaviour on total energy
needed, we considered additional divisions of the respondents by daily miles traveled.
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(a) All Drivers in the Region

(b) Drivers Divided by Mileage

Arrival at Home Arrival at Work Arrival at Other

(i) <25 miles

(ii) 25-50 miles

(i) >= 50 miles

Supplementary Figure 4: Normalized histograms showing the distribution of arrival times at home, work,
and other locations in the NHTS travel survey data [34]. The first row (part (a)) shows all drivers in the
California Bay Area region together; the later rows (part (b)) show those drivers divided by daily mileage on
the survey day. In each case, the drivers are divided into three income categories shown in blue, orange, and
green: low income: low income (up to $49,999 household income), medium income (from $50,000 to $99,999
household income), and high income (at least $100,000 household income).
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(a) Low Income

(b) Medium Income

(c) High Income

Using Sessions Feasible for 
       Survey Respondents

Using All Sessions

Supplementary Figure 5: Load profiles for a typical weekday under the “High Home Access” scenario. On the
left, the sessions models were retrained using only charging sessions feasible for drivers in the low, medium,
or high income subgroups of Bay Area travel survey respondents. On the right, the original model based on
all the sessions was used. Each row models a different scenario for Santa Clara County, where all drivers are
assumed to be in low (top row), medium (middle row), or high (bottom row) income households, rather than
the distribution over incomes recorded by the census and used in the main results.

Supplementary Figure 4 shows the arrival time for all journeys taken by personal vehicle: arrival at home,
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at work, and at other destinations are shown in the three columns respectively; all drivers in these two regions
are shown in row 1; drivers with low, medium, and high daily mileage are shown in rows 2 to 4. Each plot is a
density plot (a normalized histogram) so that the distributions can be compared across income groups. Out
of the respondents from these two regions there are 651 households in the low income group, 772 households
in the medium income group, and 1731 in the high income group. While there is some variation, we can
confirm that the distributions of arrival times are quite similar across income groups.

Supplementary Figure 5 studies the weekday profile for Santa Clara County - the largest in the charging
data set and in this region - using two different models. On the left, the sessions models were retrained
using only sessions compatible with charging for a subset of survey respondents (the low, medium, and high
income groups in the region as described above). On the right, the sessions models were trained using the
full data set. In the main paper results, each county has a different distribution of incomes based on census
data. Here, in each row we adjusted the distribution of income groups to isolate and compare the model’s
performance separately on each population group: the first row shows the result if every household in Santa
Clara County were low income; the second and third rows show the results if every household were medium
and high income, respectively. Each scenario was run for the “High Home Access” scenario. These results
clearly illustrate the higher use of workplace and multi-unit dwelling charging among high income drivers in
the model.

Again, we see some small variation between the two models (comparing the left and right columns) - for
example, there are fewer evening public charging sessions in the survey data - but the aggregate charging
demand is very similar. The mean absolute percentage error for the total aggregate demand is 4.8%, 3.3%,
and 3.2% for the low (top row), medium (middle row), and high (bottom row) income groups, respectively.
This result confirms that the charging data largely captures the range of behaviours observed in the travel
survey, even for lower income drivers who are less well represented among early EV adopters.

Supplementary Note 5: Driver Access and Energy Charged in Each Segment

Supplementary Table 2 shows the fraction of drivers with access to each type of charging, and the amount
of energy charged in each segment, for each scenario.

Drivers with Access [%] Universal Home High Home Low Home High Work Low Home Low Work
SFH Charger 80 65 24 24
MUD Charger 20 7 3 3

Neither Home Charger 0 28 73 73
Energy Per Segment [%]

SFH 62 50 18 19
MUD 24 8 4 4

Workplace 11 15 35 21
Public 3 27 43 56

Supplementary Table 2: The percentage of drivers with access to each type of home charging and the amount
of energy charged in each segment, for each access scenario.

With Universal Home access, 62% and 24% of total electricity consumption is delivered through single
family home (SFH) and multi-unit dwelling (MUD) charging, respectively. At the other end of the scenario
range with Low Home High Work access, only 24% of drivers have access to SFH charging and 3% of drivers
have access to MUD charging. In that scenario, 18% and 4% of total electricity consumption is delivered
through SFH and MUD charging, while 35% and 43% is delivered through workplace and public charging,
respectively.

Supplementary Note 6: Context for Storage Costs

Policies supporting a future with Low Home High Work access could translate into remarkable storage
savings. With uncontrolled charging and 50% EV adoption, that scenario would yield savings of up to $ 696
million or $ 1.46 billion depending on the forecast cost of battery storage (see the main manuscript for more
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details). To give added context to these numbers: the mean cost of electricity throughout 2035, including
nonfossil fuel generation, is up to 7.8 $/MWh and the mean marginal cost of generation on a mean weekday
reaches up to 26.3 $/MWh under Universal Home access charging (see Supplementary Tables 3, 4, and 5).
These savings of $ 696 million or $ 1.46 billion would amount to over 10 and 21% of total annual generation
costs. They also represent costs of $ 28.62 or $ 59.85 per EV driver in the region. This does not include the
costs associated with grid emissions for each scenario.

Access Scenario No Storage 10 GW Storage

Mean Max on Mean Weekday Max Mean Max on Mean Weekday Max

Universal Home 26.34 52.74 649.84 24.17 28.65 49.33
High Home 25.35 44.73 647.88 24.08 27.76 45.67

Low Home High Work 24.60 39.01 647.88 23.96 26.90 43.49
Low Home Low Work 24.61 39.12 647.88 23.95 26.97 43.92

No EVs 23.01 29.25 346.95 22.63 25.67 40.98

Supplementary Table 3: The marginal generation cost in $/MWh under each scenario, calculated from hourly
results, in all cases with uncontrolled EV charging. On the right we show the results for the case where 10
GW of four-hour grid storage was operating to smooth net demand.

Access Scenario No Storage

Mean Price [$/MWh] Total Cost [$] Total Demand [MWh]

Universal Home 7.78 6.8e+09 8.8e+08
High Home 7.69 6.8e+09 8.8e+08

Low Home High Work 7.58 6.7e+09 8.8e+08
Low Home Low Work 7.59 6.7e+09 8.8e+08

No EVs 6.87 5.7e+09 8.3e+08

Supplementary Table 4: The mean price of electricity, calculated by dividing total cost by total generation
at each hour (including that from nonfossil fuel generation).

Access Scenario 10 GW Storage

Mean Price [$/MWh] Total Cost [$] Total Demand [MWh]

Universal Home 7.58 6.7e+09 8.8e+08
High Home 7.51 6.6e+09 8.8e+08

Low Home High Work 7.43 6.5e+09 8.8e+08
Low Home Low Work 7.44 6.5e+09 8.8e+08

No EVs 6.68 5.6e+09 8.3e+08

Supplementary Table 5: The mean price of electricity, calculated by dividing total cost by total generation at
each hour (including that from nonfossil fuel generation), for the case where 10 GW of four-hour grid storage
was operating to smooth net demand.

Supplementary Note 7: Additional Result Details

In Figure 6 we found that adding daytime charging decreased ramping. With 50% adoption, ramping on
a mean day in the Low Home Access scenarios is no higher than 6.9 GW, 82% of the 8.4 GW ramping in
Business as Usual and 71% of the 9.7 GW observed with Universal Home Access. With 100% EV adoption,
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ramping on a mean day in the Low Home Access scenarios is even lower at 6.0 GW, just 65% of the 9.2 GW
ramping in Business as Usual and just 51% of the 11.7 GW observed with Universal Home Access.

We also found that scenarios with high daytime charging used more of the excess renewable generation.
The Universal Home Access scenario misses that opportunity and leads to up to 1.73 TWh of wasted clean
energy: 1.84× more than in the best case. At 100% EV adoption, Universal Home access leads to up to 940
GWh of excess generation: 3.29× more than in the best case with Low Home Low Work access.

Supplementary Note 8: Emissions for Internal Combustion Engine Vehicles

Top-selling trucks in 2019 including the Ford F150, Dodge Ram, and Chevrolet Silverado trucks emit
between 470 and 530 grams of CO2 per mile; crossovers, the next most popular category, including the
Toyota RAV4 and the Honda CR-V emit between 302 and 328 grams of CO2 per mile; the 2019 Honda Civic,
a popular sedan, emits approximately 276 grams of CO2 per mile [35].

Supplementary Note 9: Cost of Charging Infrastructure

Like adding storage, adding extra generation capacity has a high price tag. Making changes to the grid
should be weighed against the potential benefits from managed charging and from building daytime charging
infrastructure.

The cost to install a level two charger is between $800 and $4000 at a home or between $2200 and $15,000
at work or at a public destination [36, 37, 38]. This range varies based on the amount of electrical work
involved, whether a panel upgrade is needed, and, for workplaces, the data, control, and maintenance services
included. Estimating the average cost for each type as $1200 and $7000, respectively, and assuming work
and public chargers can be shared between at least two vehicles, the infrastructure for Low Home High
Work access would cost $16.85 billion more than the infrastructure for Universal Home access in a scenario
with 50% EV adoption. If the emissions savings per year, number of EVs, and charging infrastructure were
held constant over 10 years, with a discount rate of 10% those figures would mean an abatement cost of
$1.36 per kilogram of CO2. This is only a rough estimate, however, as the emissions benefit of switching
to daytime charging would grow with increasing renewables. Adding charging infrastructure also increases
drivers’ likeliness to switch from internal combustion engine to electric vehicles [39], and the resulting drop in
emissions from that increase in adoption should figure into these decisions. Grid modelers should reevaluate
the use of these tools as they update their plans for capacity expansion.

Supplementary Note 10: Additional Results and Details

Storage Requirements in 2030

We model the grid in 2030 slightly differently than 2035: wind and solar are increased to 2.5× 2019 levels,
fewer fossil fuel generator retirements and additions occur, and baseline demand is increased by 10%. In a
“stress” test with 100% EV adoption by 2030, the storage requirements are shown in Supplementary Figure
6. This is a version of the storage result shown in Figure 5 of the main paper. The important difference is
in the average-emissions-minimizing workplace control with Low Home High Work access. That control in
that scenario creates a very high midday peak in demand, and in 2030 with less solar, that leads to a higher
peak net demand on many days and pushes up demand for storage significantly.
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Supplementary Figure 6: Storage required to support 100% EV charging in 2030.

Energy Consumption with Increasing EV Penetration

Supplementary Figure 7 shows the increase in energy consumption over a 2035 baseline with no EV
adoption. Due to the open-loop nature of the model there is a small difference between the scenarios. The
mean reaches a value of 10.6% with 100% EV adoption.
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Supplementary Figure 7: Percentage increase in total electricity consumption (energy) with increasing EV
adoption.

SO2 and NOX Emissions

Supplementary Figures 8 and 9 show the emissions per mile in terms of CO2, SO2, and NOX for each
charging scenario in a 2035 grid with medium renewables: solar and wind both at 3.5× and 3× 2019 levels
respectively.
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Supplementary Figure 8: CO2, SO2, and NOX emissions per mile in the Medium Renewables scenario of
2035 with 50% EVs. The x-axis in each subplot shows the four base EV charging scenarios: Universal Home
Access, High Home Access, Low Home High Work Access, and Low Home Low Work Access.
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Supplementary Figure 9: CO2, SO2, and NOX emissions per mile in the Medium Renewables scenario of
2035 with 100% EVs. The x-axis in each subplot shows the four base EV charging scenarios: Universal Home
Access, High Home Access, Low Home High Work Access, and Low Home Low Work Access.

Marginal vs Average Emissions

Average emissions are calculated at each hour of the year by dividing the total emissions by the total
electricity consumption. Marginal emissions depend on the emissions rate of the marginal power plant
operating at each hour. Supplementary Figure 10 uses the Business As Usual charging scenario to show that
these two are different, on average, with the midday period experiencing lower average but higher marginal
emissions. There is substantial variability, however, as shown by the 25-75th percentile bands.
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Supplementary Figure 10: The median (50th percentile) marginal and average hourly CO2 emissions over
the full simulation year, divided into weekdays and weekend days. This is shown for the Business As Usual
scenario with 50% EVs. The shaded bands show the 25th and 75th percentile values.

Supplementary Figure 11 shows these profiles for all the other scenarios in different weeks of the year. The
average emissions factor reflects the average emissions intensity of electricity generation and is consistently
lower in the middle of the day during times of high solar generation.

We find the marginal emissions factors are typically high during the day in the Universal Home Access
and High Home Access cases. The profiles are noisier in the two scenarios with Low Home Access, but often
higher during the middle of the day. This unpredictability and misalignment between when marginal and
average emissions are lowest poses a challenge for control. In Figure 7 in the main text we found that controls
based on average emissions, pushing charging demand toward peak solar hours, could increase emissions by
pushing demand toward times of higher marginal emissions. That effect would be exacerbated on days of
low solar generation and improved in scenarios with higher solar generation.

13



Universal Home Access High Home Access

Low Home High Work Access Low Home Low Work Access

Supplementary Figure 11: Mean weekday marginal and average emissions factor profiles for each scenario for
four weeks in the year.

Dispatch Variability

The merit order of generators is based on reported fuel costs which varied throughout the year. Supple-
mentary Figure 12 shows the merit order for four sample weeks spread evenly throughout the year.
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(b) Week 14

(a) Week 1

(c) Week 27

(d) Week 40

Supplementary Figure 12: The merit order of fossil fuel generators in week 14 (top row) and week 40 (bottom
row) of the year. The left subplots show the generating units arranged by cost and the right subplots show
their respective emissions rates. 15



Version of Figure 2 Showing Time Zone Effect

Supplementary Figure 13 is another version of Figure 2 showing the load profiles for WECC at 50% EV
adoption and illustrating the effect of the two timezones in WECC, visible from the multiple timer spikes.

Weekday Demand Weekend Demand Weekday Demand Weekend Demand Weekday Demand

Supplementary Figure 13: Weekday or weekend demand profiles under different scenarios for 50% adoption
in the US states in WECC. Part (a) illustrates the uncontrolled weekday and weekend demand for each of
the four charging infrastructure access scenarios (see Methods). Part (b) shows an example of each of the
five types of controlled charging studied. The aggregate WECC demand is shown in Pacific Time: the timer
spikes from states in WECC on Mountain Time can be seen at 8 pm Pacific in the 9 pm Timer case and at
11 pm Pacific in the midnight timer case.

Ramping

Supplementary Figure 14 shows ramping broken down by weekday and weekend day. The trends are the
same, as the Low Home Access scenarios (LHHW and LHLW) have the lowest ramping. These results reflect
the net demand after applying 10 GW of grid storage.
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(a) 50% EVs

(b) 100% EVs

Supplementary Figure 14: The largest one hour ramp-up on a mean weekday (left) or weekend day (right)
in each scenario.

Example dispatch

Supplementary Figure 15 shows how the demand was dispatched across generation resources for a sample
summer weekday in the Business As Usual charging scenario.
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Supplementary Figure 15: Example of dispatch for the Business As Usual and Medium Renewables scenario
with uncontrolled charging on Friday, July 20th, 2035. The baseline grid battery storage of 10 GW operates
on the net demand such that the finale profile dispatched to the fleet of fossil fuel generators is flattened.

Supplementary Note 11: Sensitivity Tests

Sensitivity of Capacity

In the capacity results shown in Figure 4 in the main text, we found grid capacity insufficient if the
demand could not be supported for at least one hour in the year. In Supplementary Figure 16 we show
the sensitivity of this result to using different amounts of grid storage, in each case operated to smooth net
demand.
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(a) With 1 GW Storage

(b) With 5 GW Storage

(c) With 10 GW Storage

Supplementary Figure 16: Grid capacity, considering different levels of grid storage.

Sensitivity to Gas Prices

In Supplementary Figure 17 we show the sensitivity of our emissions results to changing gas fuel prices.
Changing the fuel price of gas generating units does not change the capacity or ramping results, but does
affect the total emissions by reordering the merit order in the generator dispatch model.

We see that the absolute value of emissions is much higher with high gas prices and much lower with
low gas prices. This is because gas generators are lower emitting than coal generators. The trends across
charging scenarios change little, except in the 2× gas price test. Here, daytime charging has higher per mile
emissions, but the difference between scenarios is very small and may not be significant given model error.
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18.3%  4.3%  2.2%

Supplementary Figure 17: Grid CO2 emissions to support added 100% EV charging in each scenario. From
left to right we test the sensitivity to 0.5×, 1×, and 2× gas generator fuel prices.

Large battery scenario

The model of charging demand models the probability with which each driver has a large or small battery
EV as a function of their income. Here we test the sensitivity to that assumption by giving large battery
EVs to all drivers. The result, shown in Supplementary Figure 18, is similar to the mixed battery result, as
battery capacity has a smaller impact on charging profiles than other factors such as control and charging
infrastructure access.
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Supplementary Figure 18: Sensitivity of key results on net demand increase and grid emissions to giving all
drivers large battery EVs.

High fast charging scenario

The model of charging demand is based on a charging data set in which most public charging is level 2
(L2). Here we test the sensitivity to that assumption by making all public charging fast charging (DCFC).
The result, shown in Supplementary Figure 19, is similar to the original result, as the profile of fast and slow
charging in aggregate is similar, and charging speed varies the profile less than other factors such as control
and charging infrastructure access.
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Supplementary Figure 19: Sensitivity of key results on net demand increase and grid emissions to making all
public charging fast charging rather than level 2.

Sensitivity to Renewables Scenarios

We found substantial sensitivity to renewables scenarios in the level of EV penetration for which the grid
had capacity to support charging. Supplementary Figure 20 shows maximum level under High Renewables
with 5× 2019 levels for wind and solar. The Medium Renewables scenario with 3.5× and 3× 2019 levels of
solar and wind was shown in the main results. The High Renewables scenario presents another extreme: all
scenarios could be supported without storage, except with the use of 9 pm timers in the Universal Home
Access scenarios.
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Supplementary Figure 20: Sensitivity of grid capacity to higher renewables scenarios.

Supplementary Note 12: Parallel Results for the 2019 Grid

2019 Dispatch

Supplementary Figure 21 shows the merit order of fossil fuel generating units used by the dispatch model
in 2019, before any upgrades were applied to the grid model. Compared with 2035, there are substantially
more coal plants. Many coal plants and and gas plants will be retired before 2035, with only gas plants
added. We also see in 2019 that there are many high emitting generators distributed throughout the order.
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Supplementary Figure 21: Merit order of generators for weeks 1 (top row) and 27 (bottom row) in 2019,
without any upgrades to the grid. The left subplots show the generating units arranged by cost and the right
subplots show their respective emissions rates.

2019 Grid Capacity

Supplementary Figure 22 shows the highest level of EV adoption for which charging could have been
supported with the 2019 grid. In 2019, the daytime charging scenarios would have been harder to support
than the home charging scenarios. The 2019 grid had more dispatchable generators and less renewable
generation, resulting in a different crunch time of day.
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Supplementary Figure 22: Capacity to support EV charging in the 2019 grid, without any additional storage.
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2019 Ramping and Overgeneration

Supplementary Figure 23 repeats part (a) of Figure 6 from the main paper, using the 2019 grid instead
of the 2035 grid model. We see that there would have been zero overgeneration in the 2019 grid with 100%
EVs charging, due to lower levels of renewable generation.

Without control, ramping is lowest in 2019 in the High Home Access charging scenario and highest in the
Low Home High Work Access charging scenario, as with less solar generation in 2019 the daytime charging
scenarios increase midday net demand. We also see that 9 pm SFH timers stand out as a cause of high
ramping.
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Supplementary Figure 23: Grid impacts with 100% EV adoption charging in the 2019 grid. Ramping (left)
is defined as the largest one-hour ramp up in net demand on a mean day in 2019, and overgeneration (right)
is defined as the total annual electricity from nonfossil fuel generation that went unused in 2019.

2019 Grid Emissions

Supplementary Figure 24 compares the grid CO2 emissions per mile traveled to support 100% EVs in the
2019 vs 2035 grid. We see grid emissions are substantially higher in the 2019 scenario thanks to the larger
number of high emitting coal-fired plants present in the 2019 fleet.
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Supplementary Figure 24: Grid emissions to support EV charging with 100% EV adoption, comparing the
2019 and 2035 grids.

2019 Peak Total Demand and Peak Net Demand Change

Supplementary Figure 25 shows the increase in peak total and net demand if 100% EVs were charged in
the 2019. Compared with 2035, there is very little difference in 2019 between the trends in total and net
demand.
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(a) Total Demand, 2019

(b) Net Demand, 2019

Supplementary Figure 25: Change in peak total and net demand in the 2019 grid to support 100% EVs.

Supplementary Tables

Here we include the exact values plotted in figures in the main paper. Supplementary Tables 6 and 7
show the peak total demand changes reported in Figure 4. Supplementary Tables 8 and 9 show the peak net
demand changes reported in Figure 4. Supplementary Tables 10 and 11 show the storage results reported in
Figure 5.
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Incr Peak Total Demand [%] Universal Home High Home Low Home High Work Low Home Low Work
Random SFH Timers 4.76 3.42 6.77 5.91
12 am SFH Timers 4.57 3.42 6.76 5.89
9 pm SFH Timers 7.85 3.82 6.77 5.90

Uncontrolled 6.23 4.33 6.77 5.91
Min(Peak) Work Control 6.45 5.09 6.60 5.43

Min(Avg Em) Work Control 6.20 4.29 9.38 6.86
Business As Usual - 4.64 - -

Supplementary Table 6: The percent increase in peak total demand on a typical day over a 2035 baseline
with each charging scenario at 50% EV adoption. These are the same values plotted in Figure 4 in the main
paper.

Incr Peak Total Demand [%] Universal Home High Home Low Home High Work Low Home Low Work
Random SFH Timers 12.13 9.18 21.40 19.66
12 am SFH Timers 10.60 9.18 21.37 19.64
9 pm SFH Timers 23.79 15.73 21.39 19.65

Uncontrolled 14.93 10.13 21.38 19.67
Min(Peak) Work Control 15.05 10.73 14.64 15.60

Min(Avg Em) Work Control 14.93 11.10 25.92 20.89
Business As Usual - 9.41 - -

Supplementary Table 7: The percent increase in peak total demand on a typical day over a 2035 baseline
with each charging scenario at 100% EV adoption. These are the same values plotted in Figure 4 in the main
paper.

Incr Peak Net Demand [%] Universal Home High Home Low Home High Work Low Home Low Work
Random SFH Timers 14.55 9.69 6.61 7.12
12 am SFH Timers 12.63 9.37 6.50 7.01
9 pm SFH Timers 24.89 16.56 6.52 7.00

Uncontrolled 17.45 12.14 7.48 8.01
Min(Peak) Work Control 17.58 12.77 8.93 8.89

Min(Avg Em) Work Control 17.45 12.04 7.20 7.85
Business As Usual - 11.71 - -

Supplementary Table 8: The percent increase in peak net demand on a typical day over a 2035 baseline with
each charging scenario at 50% EV adoption. These are the same values plotted in Figure 4 in the main paper.

Incr Peak Net Demand [%] Universal Home High Home Low Home High Work Low Home Low Work
Random SFH Timers 32.42 21.78 13.12 14.12
12 am SFH Timers 35.79 21.67 12.89 13.91
9 pm SFH Timers 49.99 39.87 13.32 15.18

Uncontrolled 36.37 26.38 14.83 15.89
Min(Peak) Work Control 36.59 26.71 17.95 17.60

Min(Avg Em) Work Control 36.37 26.31 14.28 15.55
Business As Usual - 27.11 - -

Supplementary Table 9: The percent increase in peak net demand on a typical day over a 2035 baseline with
each charging scenario at 100% EV adoption. These are the same values plotted in Figure 4 in the main
paper.
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Grid Storage [MW] Universal Home High Home Low Home High Work Low Home Low Work
Random SFH Timers 5544 4550 3906 4034
12 am SFH Timers 5473 4537 3908 4041
9 pm SFH Timers 7087 4541 3914 4041

Uncontrolled 7152 5450 4230 4374
Min(Peak) Work Control 7397 6347 6322 5624

Min(Avg Em) Work Control 7126 5420 4156 4329
Business As Usual - 5447 - -

Supplementary Table 10: The amount of four-hour grid storage required to support charging for 50% EV
adoption. These are the same values plotted in Figure 5 in the main paper. The value reported is the capacity
in MW.

Grid Storage [MW] Universal Home High Home Low Home High Work Low Home Low Work
Random SFH Timers 14673 8833 7424 7680
12 am SFH Timers 14214 8686 7427 7694
9 pm SFH Timers 24540 15721 7439 7693

Uncontrolled 18194 11424 8072 8359
Min(Peak) Work Control 19221 12305 12256 10860

Min(Avg Em) Work Control 18193 11317 7923 8270
Business As Usual - 10897 - -

Supplementary Table 11: The amount of four-hour grid storage required to support charging for 100% EV
adoption. These are the same values plotted in Figure 5 in the main paper. The value reported is the capacity
in MW.

Supplementary Methods

Data cleaning

This paper used a large data set of real charging sessions. The charging session data was cleaned to
remove sessions with impossible energy or charging power values, sessions that lasted less than one minute
or delivered no energy, and sessions with missing data in the key categories of start time, date, or driver ID.

For this study, only vehicles labeled as “PLUGIN” type were used, not “HYBRID”. Unlabeled vehicles
were categorized as “PLUGIN” if their battery capacity was larger than 20 kWh. Only drivers with known
vehicle battery capacity were used. This left 73,449 drivers in the data set. To ensure only drivers were used
for whom we captured all or most of their charging sessions in the network, we excluded drivers with less
than 250 kWh (< about 1000 miles) of annual charging energy. We also excluded drivers with sessions in the
fleet (commercial) category. This left a total of 28435 drivers in the data set. Finally, drivers in the extreme
0.01% of key columns like number of sessions were removed. This left a final 27,730 drivers to be used in the
clustering.

The census data was also cleaned to ensure all distributions added to 1. For example, in many counties
the sum of the fraction of residents in each income group would amount to 99% instead of 100%. In those
cases, the distribution was normalized by that value to ensure it summed to 100%. For one county missing
mileage data, the missing value was filled using the mean of other counties in its state. The data processing
code is included in the Github repository.

Group load profiles

Supplementary Figures 26 and 27 show the typical weekday and weekend load profile for 1000 drivers in
each of the 136 driver behaviour groups. Note the method found groups for each bin of energy use separately,
which can be seen by comparing the earlier and later group profiles in this set.
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Supplementary Figure 26: Weekday profiles for 1000 drivers in each group.
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Supplementary Figure 27: Corresponding weekend day profiles for 1000 drivers in each group.
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Access scenario details

Supplementary Figure 28 illustrates the mapping from driver income and housing type to charging access
used in each of the four access scenarios.
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Supplementary Figure 28: Percentage of drivers with access to residential and workplace charging, divided
by income and housing type. ‘I1’, ‘I2’, and ‘I3’ represent low, medium, and high annual household income
groups.
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