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ABSTRACT

This report summarizes the evaluation findings of San Diego Gas and Electric’s (SDG&E) EV-TOU
Rates. In total, over 2.9M light-duty vehicles (LDVs) are registered with the California DMV in SDG&E's
service territory, which includes all of San Diego County and portions of Orange County. Electric
vehicles (EVs) are growing as a share of LDVs and SDG&E has enrolled roughly 60,000 homes on EV
rates. On the top 5 load days for CAISO gross loads, these customers curtailed demand during peak
hours by 12% (MW) on average and increased energy use during the lower priced super off-peak hours.
The change in load patterns coincides with the enrollment on TOU rates for electric vehicles and is
sustained throughout the first year of participation. Moreover, customers delivered larger demand
reductions on the highest system load days and when conditions were hotter.
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1 EXECUTIVE SUMMARY

This report summarizes the evaluation findings for San Diego Gas and Electric’s (SDG&E) EV-TOU-2
and EV-TOU-5 whole-home time-of-use rates for residential electric vehicle (EV) drivers. Note that
while SDG&E also has a small number of customers on an EV-only sub-metered rate called EV-TOU
that are not included in this evaluation, we will refer to the TOU-2 and TOU-5 rates collectively as EV-
TOU throughout this report. SDG&E’s two whole home EV-TOU rates are voluntary Time of Use rate
programs designed to offer electric bill saving for EV drivers, while also promoting charging during
periods when the grid historically experiences lower demand and has excess capacity. These rates aim
to encourage the electrification of the transportation sector, increase access to EV adoption, and
reduce the impact of electric vehicles on peak grid conditions. This report aims to provide an overview
of the program'’s history, methods, and impacts and a summary of the Program Year 2024 ex-post and
ex-ante impacts for incremental customers on San Diego Gas and Electric’s (SDG&E) TOU rates for
electric vehicles.

1.1 KEY FINDINGS

SDG&E has two main residential time-of-use rates for electric vehicles: EV-TOU2 and EV-TOUs, both of
which are whole-home rates. Moreover, SDG&E recently introduced a new pricing plan, TOU-ELEC, for
customer who own an electric vehicle, energy storage, and/or an electric heat pump water heater. In
addition, SDG&E has a small number of homes on an electric vehicle rate (EV-TOU) with sub-metering
for the charger, which is not included in the evaluation. On 2024 high load days, SDG&E had about
60,000 homes enrolled across their electric vehicle rates. Table 1 shows participants’ aggregate and
average load impact during the top 5, 10, and 20 load days for CAISO Gross Loads, CAISO Net Loads,
and SDG&E Gross Loads. On the top 5 load days for CAISO Gross loads, participant loads peaked at 103
MW, and participants curtailed peak period demand by 12.4 MW in aggregate. For the top 5 load days
for SDG&E Gross loads, participant loads peaked at 115 MW, and participants curtailed peak demand by
12.2 MW in aggregate.

1 TOU-ELEC customers are included in the ex-post analysis but excluded from the ex-ante analysis, due to their small number
and the lack of precision in their impacts used for forecasting. A separate report will be issued, focusing specifically on TOU-
ELEC.

Demand Side Analytics

—



Table 1: Ex-post Demand Reductions on Highest System Load Days (4-9 PM)

Avg. Customer (kW) Total
Daily Load

New Total avg. Reference Load % Impact
Sample Accounts Accounts temp? Load Impact Change (MW)
CAISO  Top o5 load day(s) 2,221 10,538 60,327 75.0 1.7 -0.2 -12.1% -2.2 -12.4
fc::;i Top 10 load day(s) 2,221 10,538 60,327 74.3 1.6 -0.2 -11.7% -2.0 -11.4
Top 20 load day(s) 2,221 10,538 60,327 73.1 1.5 -0.2 -13.6% 2.1 -11.9
‘ CAISO  Top o5 load day(s) 2,221 10,538 60,327 73.5 1.6 -0.2 -12.0% -2.0 -11.5
L'::;s Top 10 load day(s) 2,221 10,538 60,327 73.8 1.6 -0.2 -11.6% -1.9 -11.1
Top 20 load day(s) 2,221 10,538 60,327 73.2 1.5 -0.2 -13.0% -2.0 -11.6
‘ SDG&E  Top o5 load day(s) 2,221 10,538 60,327 76.8 1.9 -0.2 -10.7% 2.1 -12.2
ﬁ;:;z Top 10 load day(s) 2,221 10,538 60,327 75.8 1.8 -0.2 -10.1% -1.9 -10.7
Top 20 load day(s) 2,221 10,538 60,327 74.5 1.6 -0.2 -11.6% -2.0 -11.3

[1] Estimating sample is lower than populations because it excludes sites that whose transition to EV TOU coincided with the
arrival of the electric vehicle or with solar or battery installation.
[2] Participant weighted average temperature. SDG&E maps all customers to eight distinct weather stations.
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2 INTRODUCTION AND BACKGROUND

This report presents the program year 2024 results for SDG&E’s electric vehicle time-of-use rates (EV-
TOU). The program is designed to encourage the electrification of the transportation sector, reduce
barriers to EV adoption, reduce greenhouse gas (GHG) emissions, and encourage customers to reduce
demand during peak hours and charge during hours when energy is more abundant and less costly. The
report has two primary objectives: to estimate the demand reductions that were delivered in 2024 and
to quantify the magnitude of incremental demand reductions during peaking conditions for use in
planning.

Time of use rates are considered a passive form of load management. They encourage customers to
shift their use from higher-priced periods to lower-cost periods but do not directly control the charging
behavior of customers or vehicles. A feature that distinguished event-based resources such as DR
programs, from non-event-based resources such as TOU rates, is the ability to dispatch the resource.
The primary intervention — a dispatch or price signal —is introduced on some days and not on others,
making it possible to observe energy use patterns with and without demand reductions. This, in turn,
enables us to assess whether the outcome — electricity use —rises or falls with the presence or absence
of demand response dispatch instructions. The exception is TOU rates, which are discussed in more
detail below.

The evaluation includes three main interventions?:

= Electric Vehicle Time of Use rates. As explained in the Executive Summary above, SDG&E has
two primary residential EV-TOU rates, the whole-home rates EV-TOU-2 and EV-TOU-5, and a
small number of sub-meter homes on an EV-TOU rate that are not included in this evaluation.
As of January 1, 2024, customers without an EV3 were eligible to enroll on EV-TOU-5. Our main
results are based on customers with a full year of data on the rate so any such customers will
not be included in our main results. SDG&E also recently introduced a new pricing plan, TOU-
ELEC, for customer who own an electric vehicle, energy storage, and/or an electric heat pump
water heater. All the rates include a peak period from 4-9 PM, super off-peak rates from 12-6
AM, and off-peak rates in all other hours. The main differences between the whole premise
rates are in the super off-peak rates, the monthly billing fee, and rates during holidays and
weekends. Overall, the EV-TOU-5 rate has a lower super-off peak price, a higher monthly fixed
charge, and the same rates for weekdays and weekends. On the other hand, the TOU-ELEC
rate has the lowest price difference between the off-peak and super off-peak periods among
the three rates. Nearly all new enrollments are on the EV-TOU-5 rate.

2 TOU-ELEC customers are included in the ex-post analysis but excluded from the ex-ante analysis, due to their small number
and the lack of precision in theirimpacts used for forecasting. A separate report will be issued, focusing specifically on TOU-
ELEC.

3 It has always been the case that customers self-report EV ownership when they enroll, so it is possible that customers
without EVs could be enrolled on these rates prior to January 1 2024.
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The remainder of this section provides context and additional detail about the EV-TOU-5, EV-TOU-2,
and TOU-ELEC rates. It details the key research questions, summarizes 2024 grid conditions, and
discusses the electric vehicle TOU rates and historical participation.

2.1 RESEARCH QUESTIONS

While each program/rate at each utility has unique characteristics, the core research questions are
similar:

= What were the demand reductions due to electric vehicle time of use rates?
*= How do load impacts differ for different types of customers?

*= How does weather influence the magnitude of demand response, if at all?

= How does price influence the magnitude of demand response?

®= What s the ex-ante load reduction capability for 1-in-2 and 1-in-10 weather conditions? And
how well do these reductions align with ex-post results and prior ex-ante forecasts?

= What concrete steps can be undertaken to improve program performance?

2.2 KEY FACTS ABOUT ELECTRIC VEHICLES IN SDG&E

Electric vehicles have the potential to transform the electric grid fundamentally. As the residential
electric vehicle market grows, it will impact all aspects of the electric grid. Therefore, in addition to the
load impacts achieved by the electric vehicle programs, it is also essential to understand the population
and distribution of electric vehicles in SDG&E's service territory.

As of December 2023, over 2.9M* vehicles were registered with the California DMV in SDG&E's service
territory, which includes all of San Diego County and portions of South Orange County. Over 130,000
electric vehicles and 40,000 plug-in hybrid electric vehicles (PHEV) were registered in SDG&E territory.
While the share of electric vehicles is small, the market share of electric vehicles grew exponentially
until 2023, and stagnated in 2024, as shown in Figure 2. Focusing on San Diego County (Figure 1, left
panel), 26% of new vehicle sold were either full electric vehicles or plug-in hybrid vehicles, a similar
trend to 2023. The historical market share penetration data has matured enough that vehicle share
adoption can be estimated using historical data, as shown in Figure 2. This estimation of future market
share relies on simple methods and historical data. Recent macroeconomic factors, and potential
changes in state and federal policy, present a significant headwind to EV adoption. Higher interest rates
tend to affect EVs more than other vehicles because they have a high up front cost and lower
operational cost. Tax credits for EVs were passed under the Inflation Reduction Act of 2022 (IRA) and
vehicle emissions standards that benefit EVs are likely to be weakened. Though the preliminary effects

4 Source: California Energy Commission (2024). Data last updated January 31, 2025. Retrieved February 15, 2025.
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of some of these factors appears evident in the calendar year 2024 market share data, these factors are
not fully incorporated into the forecast, which should be interpreted with caution.

Figure 1: Electric Vehicle Population in SDG&E Territory (2024)
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Source: California Energy Commission (2024). New ZEV Sales in California. Data last updated January 31, 2025. Retrieved
February 14, 2025, from https://www.energy.ca.gov/zevstats

Figure 2: Electric Vehicle Market Share of New Vehicle Sales in California
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Data source: California Energy Commission (2024). New ZEV Sales in California. Retrieved February 18, 2025, from
https://www.energy.ca.gov/zevstats Graphs and market share projection produced by DSA.
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2.3 2024 GRID CONDITIONS

SDG&E delivers electricity to 3.7 million people in San Diego and southern Orange counties. It has 1.5
million residential and business accounts, a service area that spans 4,100 square miles, and a peak
demand of over 5,000 MW5. SDG&E is responsible for ensuring that electricity supply remains reliable
by projecting future demand and reinforcing the transmission and distribution network so that
sufficient capacity is available to meet local needs as they grow over time. SDG&E is part of the
California Independent System Operator (CAISO) electricity market.

The electric grid is unique in that supply and demand must be balanced nearly instantaneously because
an imbalance can lead to cascading outages and compromise the reliability of the entire grid. The
California System Operator has the critical role of balancing supply and demand, thus ensuring grid
reliability. Historically, the electric grid infrastructure has been sized to meet the aggregate demand of
end-users when it is forecasted to be at its highest—peak demand. With the introduction of large
amounts of solar and wind power, the focus of planning has shifted to ensure enough flexible resources
are in place to meet the demand that cannot be met by solar and wind alone — known as net loads.

Meeting peak demand requires procuring enough supply capacity to meet peak demand and
maintaining sufficient operating reserves to absorb system shocks such as unscheduled generator
outages, transmission outages, and large unforeseen swings in demand or supply. However, peak
demand conditions occur infrequently — one or two times every ten years or so —and thus, planning for
a small number of extreme conditions drives a significant share of infrastructure costs. An alternative to
building additional peaking power plants is to reduce coincident demand by injecting power within the
distribution grid (e.g., battery storage) or by reducing or shifting demand. The EV-TOU prices
encourage customers to shift usage to lower-priced hours when the electric grid is not peaking.

Figure 3 shows the hourly load pattern for the ten highest load days for SDG&E, CAISO, and CAISO net
loads. In 2024, peak demand at both SDG&E and CAISO was high compared to historical years: SDG&E
peaked at 5,032 MW, CAISO peaked at 47,759 MW, and CAISO net loads peaked at 43,276 MW. Figure 4
shows the concentration of demand visualized with a normalized load duration curve. A load duration
curve is a way to visualize "peakiness" or utilization of a system. It simply ranks each hour of the year
based on demand from highest to lowest. The need for generation capacity resources is highly
concentrated. If targeted precisely, shaving loads on the top 1% of hours at SDG&E would lead to an
26% reduction (1263 MW) in generation capacity needs at SDG&E. Likewise, a small number of hours
drives peak planning and infrastructure costs for the California system. Shaving CAISO net loads on the
top 1% of hours would lead to a 18% reduction (~7,950 MW) in need for generation capacity. Figure 5
shows the hourly electricity market prices for the SDG&E area from May to September 2024. The high
price periods coincided with times when CAISO net loads were highest.

5 SDG&E system load peaked at 5,032 MW on Sunday September 8 at 6:45 PM.
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Figure 3: SDG&E and CAISO Top Ten Peak Load Days (Oct 2023-Sep 2024)
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3 METHODOLOGY

This section first presents an overview of general issues in program evaluation. We then discuss the
specific methodology we use in this analysis to estimate load impacts for EV-TOU rates. The primary
challenge of impact evaluation is the need to accurately detect changes in energy consumption while
systematically eliminating plausible alternative explanations for those changes, including random
chance. Did the price signal cause a behavior change resulting in a load shift? Or can the differences be
explained by other factors? To estimate changes in load, it is necessary to estimate what load would
have been in the absence of the rate change - this is called the counterfactual or reference load. At a
fundamental level, the ability to measure load changes accurately depends on four key components:

= The effect or signal size — The effect size is most easily understood as the percent change. Itis
easier to detect large changes than it is to detect small ones.

= |nherent data volatility or background noise — The more volatile the load, the more difficult it is
to detect small changes. Energy use patterns of homes with air conditioners tend to be more
predictable than industrial load patterns.

= The ability to filter out noise or control for volatility — At a fundamental level, statistical models,
baseline techniques, and control groups —no matter how simple or complex — are tools to filter
out noise (or explain variation) and allow the effect orimpact to be more easily detected.

= Sample/population size — For most of the programs in question, sample sizes are not relevant
because we plan to analyze data for the full population of participants either using AMI data or
thermostat runtime. Sample size considerations aside, it is easier to precisely estimate average
impacts for a large population than for a small population because individual customer behavior
patterns smooth out and offset across large populations.

3.1 EV-TOU RATE METHODOLOGY

We estimate EV-TOU rate load impacts by difference-in-differences with a matched control group. To
avoid confounding the effect of the rate with changes in load due to a newly registered EV, the analysis
sample is a subsample of the population that we restrict to customers that did not acquire an EV in the
analysis window. Furthermore, to estimate monthly load impacts that are not subject to composition
effects, we require that the analysis sample have a full year of pre- and post-treatment data. We
provide more detail below.

Like other TOU rates, once a customer is on an EV-TOU rate, the EV-TOU rate is in place every day, and
itis no longer possible to observe their behavior absent new rates. Thus, estimating effects ideally
requires a control group. Furthermore, to estimate monthly load reductions that are not subject to
composition effects, we require a year of pre-treatment and post-treatment data for both the EV-TOU
and control groups. The pre-treatment data is useful for assessing if energy consumption changed and
allows the use of more powerful statistical techniques such as difference-in-difference models. When
neither group is on EV-TOU rates, the energy use patterns should be nearly identical. If the EV-TOU
rates lead to changes in energy use, we should observe a change in consumption for customers who

11
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went on the EV-TOU rate but no similar change for the control group. In addition, the timing of the
change should coincide with the adoption of EV-TOU rates.

EX-POST EVALUATION APPROACH

Key issues that influenced the ex-post evaluation approach are:

= |dentifying an appropriate control pool. The primary challenge in evaluating electric vehicle
programs is finding appropriate control customers. The appropriate control pool is customers
who have electric vehicles but have not signed onto the EV-TOU rate. However, SDG&E only
has conclusive data about EV ownership for homes that sign onto TOU rates for electric
vehicles. DSA used AMI data to develop electric vehicle propensity estimates and identify sites
with electric vehicles that were not on TOU rates for electric vehicles. In developing the
propensity models, we intentionally avoided variables that focus on hourly load patterns and
overall consumption since both are influenced by the TOU rates for electric vehicles. Instead,
the markers to identify electric vehicles were focused on max demand values on temperate
days when air conditioning loads were not present.

= Electric vehicle adoption often coincides with enrollment in the TOU rate and solar or battery
storage adoption. When multiple changes occur at once, it is more difficult to isolate the effect
of the TOU rates. It is necessary to eliminate from the analysis both participants and control
candidates that purchased their electric vehicle or had solar or battery installation near the time
they enrolled on the EV-TOU rate. SDG&E provided access to their interconnection data,
allowing us to remove sites with changes in solar or battery status over the analysis period.

= Rolling enrollments versus first-year patterns. Customers adopt and sign on to electric vehicle
rates at different points in time. The pattern can create imbalanced time series and lead to
spurious effects. We must estimate monthly load impacts, which requires observing load in the
same calendar month pre- and post-enrollment. If we did not require a year of pre- and post-
treatment data for all customers, the specific customers underlying each monthly load impacts
estimate would differ across months. Thus, the primary analysis is based on sites with a full year
before and after customers transitioned to the electric vehicle TOU rates. In PY2023, the
analysis sample was based on sites with a full year before and a full summer after customers
transitioned to the rate. Last year, we shortened duration of data required to be in the analysis
sample due to data gaps in 2021 that occurred due to SDG&E's transition from one data storage
system to another. This allowed us to obtain a larger pool of potential control customers.®
However, for PY2024, we use a full year of pre- and post-treatment data.

6 The analysis sample for 2023 and 2024 was pulled at the premise-account level, to ensure that we examine data for a
premise for the same individual and do not pick up spurious effects due to movers..
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The above factors were taken into consideration in selecting our evaluation approach, which is

summarized in Table 2.

Methodology
Component

1. Population or
sample analyzed

Table 2: EV-TOU Ex-Post Evaluation Approach Summary

Description

The evaluation focused only on incremental sites that enrolled between October 1,
2022 and September 30, 2023 thereby reaching their full first year of savings on
October 1, 2024. It excluded sites who had a change in electric vehicle, solar, or battery
status that coincided with the study period. The full population of incremental
participants with a full year of data before and a full summer of data after electric
vehicle TOU rate adoption. The evaluation included approximately 22% of the
incremental enrollments as customers often enroll on TOU rates for electric vehicles
shortly after getting their electric vehicle.

2. Dataincludedin
the analysis

The analysis included a full year of pre and post TOU data. The same data was
included for participants and matched control. In all cases, we ensured that both the
participant and control had pre and post TOU data for the same day of year.

3. Use of control
groups

We relied on a control group of customers with electric vehicles but that were not on
SDG&E's TOU rates for electric vehicles. The process to find this control group
involves two steps. First, we build electric vehicle propensity using AMI data to identify
unique load patterns that indicate the presence of electric vehicles (but avoiding
variables about load shape and overall consumption). As part of the analysis we also
identified the approximate date the electric vehicle(s) arrived at the household. Once
control candidates with electric vehicles had been identified, we matched customers
using pre-treatment hourly AMI data. The matching on pre-treatment loads used
propensity score matching and Euclidian distance matching and matches were
selected only from customers with similar electric vehicle scores. Participants were
paired to the matched control site and the control site was assigned the same
“treatment date” as the participant.

4. Evaluation
Method

Simple difference-in-differences was used to isolate the load impact. The process
involved the following steps:

1. Aggregate (or average) the data to the relevant time unit of analysis. This was
done for both participants and control and for the year before and after the
treatment.

2. The difference between the before and after period was calculated for the
treatment group.

3. Thedifference between the before and after time period was calculated for
the control group.

4. The difference observed in the control group was netted out of the
participant difference to produce the difference-in-differences.

5. Model selection

The approach relies more heavily on selecting a comparable matched control group
than the model specification. We conducted a tournament to identify the model that
performed best (least percent bias and relative RMSE) at identifying the control pool.

6. Segmentation of
impact results

The results were segmented by:

"  Rate

®  Region in SDG&E territory (based on 3-digit zip code)
®  Solar status

" Lowincome

—
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EX-ANTE EVALUATION APPROACH

A key objective of evaluations is to quantify the relationship between changes in load, temperature,
and hour-of-the-day. The purpose of doing so is to establish the load-shift capability under 1-in-2 and 1-
in-10 weather conditions for planning purposes and, increasingly, for operations. When possible, we
rely on the historical event performance to forecast ex-ante impacts for future years for different
operating conditions.

At a fundamental level, the process of estimating ex-ante impacts is simple:

6.

7-

Decide on an adequate segmentation to reflect how the customer mix evolves over time.
Estimate the relationship between reference loads and weather.

Use the models to predict reference loads for different weather conditions (e.g., 1-in-2 and 1-in-
10 weather year conditions).

Estimate the relationship between weather and impacts.
Predict load impacts for different weather conditions.
Combine the reference loads (#4) and impacts (#5) to produce per-customer impacts.

Multiply per-customer impacts by the enrollment forecast.

The process can be used to develop ex-ante estimates of demand reduction as a function of different
temperatures and day types. It can be used to develop estimates for 1-in-2 and 1-in-10 weather year
planning conditions, and it can be used to develop time-temperature matrices useful for estimating
reduction capability for operations or a wider range of planning conditions.

—
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Table 3: EV-TOU Ex-Ante Evaluation Approach Summary

Methodology

Demand Side Analytics Approach

Component

Data from the year prior to the adoption of EV-TOU rates for each customers was used
to develop reference loads. The load reductions for a full year of EV-TOU participation
were used to model ex-ante load impacts.

1. Yearsof
historical data

The key steps were:

®  Segment customers by rate type (EV-TOU-5 and EV-TOU-2) and solar status.

®  Estimate the relationship between reference loads and weather on a per
household basis.

®  Use the models to predict reference loads for 1-in-2 and 1-in-10 weather year
conditions.

®  Estimate the relationship between EV-TOU load impacts and weather.

®  Predict the reductions for 1-in-2 and 1-in-10 weather year conditions.

®  Combine per customer reference loads and load impacts with an incremental
forecast of enrollment on EV-TOU rated developed by SDG&E.

2. Process for
producing ex-
ante impacts

3. Accounting for
changes in the
participant mix

The ex-ante load impacts account for changes in the participant mix across the two
main rate types — EV-TOU-2 and EV-TOU-5 — and rooftop solar status.

Granular results for distribution planning have been required for the last few years. A

4. Producing key consideration in the approach is that there is more data about customer loads than
busbar level there is data on the percent reductions delivered during events. To develop ex-ante
impacts impacts at the busbar level, we use the load impacts by segment and the current mix of

customers at the busbar level to estimate the granular impacts.
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4 ELECTRIC VEHICLE TOU EX-POST RESULTS

This section focuses on the magnitude of demand reductions delivered by incremental EV-TOU
participants for the time frame from October 1, 2023 to September 30, 2024. SDG&E has three primary
whole premise time of use rates for electric vehicles, EV-TOU-2,EV-TOU-5 and TOU-ELEC. These rates
encourage customers to shift their use from higher priced periods to lower cost periods, but do not
directly control the charging behavior of customers or vehicles.

Overall, SDG&E has signed Figure 6: Total Enroliments by EV-TOU Rate type

over 60,000 homes onto Enroliments by EV-TOU Rate Type
electric vehicle TOU rates. 60,000 | o EVTOUS
For context, SDG&E = EVTOU2
territory has roughly 50,000 | " TOUELEC
130,000 full battery electric
vehicles and 40,000 plug-in
hybrid vehicles in its
territory. Since mid-2018
most electric vehicles have
signed onto the EV-TOU-5
rate rather than the EV-
TOU-2rate. The EV-TOU-5
rate has a higher fixed
charge and substantially Oct23 Jan-24 Apr-24 Jul24 Oct24
lower super-off-peak rates.
When the EV-TOU-5 rate
was first introduced, many
EV-TOU-2 customers R BT EETEILG
switched onto it. However, '

by PY2022, the rates were 7
largely stable and the e
switching between electric ]

0.00

vehicle rates was
negligible.
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Account Enrolled

20,000 -
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Figure 7: SDG&E Residential Rate Schedules for Summer 2024
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DR1) that applies to roughly 60% of SDG&E customers. Notably, the EV-TOU-2, EV-TOU-5, and TOU-
ELEC rates have higher peak prices (4-9 PM) and lower super-off-peak peak prices (12-6 AM). Thus, the
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higher on peak price and lower super off peak price encourages customers to shift usage more than
SDG&E’s default time of use rate (TOU-DR1). As Figure 8 shows, the primary difference between
summer and winter months is the significantly lower peak price during the winter months.

Figure 8: SDG&E Residential Rate Schedules for Winter 2024
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4.2 CHARGING PATTERNS BEFORE AND AFTER TOU RATES FOR
ELECTRIC VEHICLES

The early adopters of electric vehicles differ from the typical SDG&E customers. They are on average
more likely to own solar and battery storage and are less likely to be on California Alternative Rates for
Energy (CARE). When an electric vehicle is introduced, it fundamentally changes usage and max
demand at a home. Figure g illustrates how the introduction of an electric vehicle leads to an increase in
daily use, an increase in daily max demand, and increased volatility in energy use. The change is most
obvious for customers with an electric vehicle Level 2 charger” and for the maximum daily demand
between hours from 8 PM — 6 AM.

Figure 9: Example of How the Introduction of Electric Vehicle Change Household Energy Use
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To isolate the effects of TOU we used the AMI data to identify customers with a similar electric vehicle
footprint that were not on TOU rates for electric vehicles to serve as controls. In addition, we removed
any participants and candidate controls where the change in electric vehicle ownership appeared to
coincide with the adoption of TOU rates for electric vehicles. The participants were then matched to
customers with similar electric vehicle footprints and a similar whole home load pattern during the time
frame when neither participants nor the control candidates were on TOU rates.

Figure 10 show the hourly load patterns for the EV-TOU customers and the corresponding controls both
before and after the participants enrolled on the rate. The plots reflect the raw data without any

7Level 2 charging enables the vehicle to charge at a higher rate, between 3.3 and 19.2 kW an hour depending on the amperage
of the equipment, whereas a Level 1 charger cannot charge more than 1.32 kW an hour. It is very difficult to identify a Level 1
charger using hourly interval data as other appliances in the home can use a similar amount of energy as a central air
conditioner, or a pool pump, or heat pump.
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modeling. When neither group was on TOU rates, the electricity patterns mirrored each other, with
small differences in the super off-peak period. Once participants go on TOU rates, the electric use
patterns diverge. Customers on TOU rates for electric vehicles increased usage between 12-6 AM when
prices were lowest, and decreased usage during the higher prices hours. Although the electric vehicle
rates differ for 4-9 PM, participants reduced usage during both off-peak (6AM-4 PM and 10 PM-12 PM)
and peak hours (4-9 PM ). Table 4 shows the data underlying Figure 10, and shows the difference-in-
difference calculation, which nets out pre-existing observed differences.

Figure 10: Hourly Load Patterns Before and After EV-TOU Rates (May-October)
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Table 4: First Year Hourly Differences-in-Differences

VIR A Control Difference-in-Differences
(n=791) (n=791)
Diff-in- = Std.

Hour Start Before After Diff Before After Diff Diff Error t-stat

0:00 1.78 2.43 0.64 1.71 1.77 0.05 0.59 0.029 20.28
1:00 1.70 2.40 0.70 1.59 1.65 0.06 0.64 0.028 22.96
2:00 1.52 2.13 0.61 1.39 1.42 0.03 0.58 0.024 24.01
3:00 1.36 1.85 0.50 1.25 1.27 0.02 0.47 0.021 22.33
4:00 1.22 1.59 0.38 1.17 1.18 0.00 0.38 0.019 19.39
5:00 1.05 1.31 0.26 1.05 1.05 0.00 0.27 0.015 17.22
6:00 0.93 1.05 0.13 0.93 0.94 0.01 0.11 0.011 10.66
7:00 0.79 0.86 0.07 0.79 0.81 0.02 0.04 0.010 4.11
8:00 0.43 0.46 0.03 0.42 0.46 0.03 -0.01 0.011 -0.82
9:00 0.00 0.01 0.01 0.00 0.05 0.05 -0.05 0.014 -3.42
10:00 -0.38 -0.39 -0.01 -0.37 -0.32 0.05 -0.06 0.016 -3.91
11:00 -0.62 -0.68 -0.05 -0.62 -0.60 0.03 -0.08 0.018 -4.46
12:00 -0.71 -0.81 -0.10 -0.72 -0.73 -0.01 -0.09 0.019 -4.54
13:00 -0.64 -0.78 -0.13 -0.66 -0.69 -0.04 -0.10 0.018 -5.42
14:00 -0.42 -0.60 -0.18 -0.43 -0.49 -0.05 -0.13 0.017 -7.59
15:00 -0.03 -0.24 -0.21 -0.04 -0.11 -0.07 -0.14 0.015 -9.38
16:00 0.43 0.21 -0.23 0.43 0.32 -0.11 -0.12 0.014 -8.31
17:00 0.95 0.72 -0.23 0.95 0.85 -0.10 -0.13 0.012 -10.33
18:00 1.29 1.07 -0.22 1.29 1.21 -0.08 -0.14 0.012 -12.07
19:00 1.43 1.20 -0.22 1.42 1.34 -0.08 -0.15 0.013 -11.32
20:00 1.48 1.26 -0.22 1.47 1.40 -0.07 -0.15 0.013 -11.50
21:00 1.54 1.33 -0.20 1.51 1.45 -0.05 -0.15 0.015 -9.71
22:00 1.47 1.29 -0.18 1.44 1.41 -0.04 -0.14 0.017 -8.41
23:00 1.35 1.23 -0.13 1.33 1.30 -0.03 -0.09 0.017 -5.38

Figure 11 shows average demand from 4-9 PM for each day for the full year before and after the
introduction of the EV-TOU rates by day-of-year. The energy use patterns are similar for the treatment
and control groups before the official adoption of the TOU rates for electric vehicles, but there are small
differences. Those pre-existing differences are removed or netted out in the differences-in-differences
technique.
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Figure 11: Peak Period (4-9 PM) Daily Differences Before and After TOU Rates for Electric Vehicles
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Figure 12 also shows the differences by day of year, but it compares the 365 days immediately before
and after enrollment based on the days from enrollment. Thus, it normalizes the time dimensions
allowing for direct comparison of sites that enrolled on different dates. As before, the energy use
patterns are similar for the treatment and control groups before the official adoption of the TOU rates
for electric vehicles, but there are small differences. The change in energy usage for participants
roughly coincides with the adoption of the rates and the change in energy usage matches the expected
price response. Participants decrease energy use when prices are higher and reduce demand when
prices are lower. The shift in behavior does not coincide perfectly because billing periods differ by
customer and customers may consider changes over multiple days and weeks in advance of the
transition to electric vehicle rates.
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Figure 12: Treatment and Control Group Differences by Days from Treatment
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4.2 LOAD IMPACTS ON HIGHEST SYSTEM LOAD DAYS

Although EV-TOU customers have a daily incentive to shift load away from hours when prices are
highest, peak hours, and charge when prices are lowest, it is critical to understand how the rates change
load pattern when demand is highest. As noted earlier, many grid infrastructure components are sized
to meet the aggregate peak demand levels that occur infrequently. When customers reduce demand
coincident with the peaks that drive infrastructure needs — either by injecting power within the
distribution grid (e.g., behind-the- meter generation) or by reducing demand — they often help avoid
the costs associated with infrastructure expansion. Notably, different parts of the grid can peak at
different times. As Figure 3 showed, the SDG&E system peaks on different days than CAISO demand,
which, in turn, differs from the days when CAISO net loads are highest.

Figure 13 shows the average hourly demand reduction from EV-TOU participants in the 10 days when
demand was highest for CAISO, CAISO net loads, and SDG&E. The change in peak and super-off-peak
demand is similar for all three.

Table 5 provides additional detail about the load impacts for the top 5, 10, and 20 highest load days for
CAISO, CAISO net loads, and SDG&E. The reductions were larger in magnitude on the top 5 highest
system load days than on the top 10 and top 20 highest system load days. Simply put, customers on
TOU rates for electric vehicles delivered larger demand reductions when resources were needed most.

22

De_mar‘_ld Side Analgtlcs

EN RESEARCEH HD INSIGHT



Figure 13: Hourly Load Impacts on Top Highest Load Days by System
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Table 5: Ex-post Demand Reductions on Highest System Load Days (4-9 PM)

Avg. Customer (kW) Aggregate

New Total

Daily Load Load
New Total avg. Reference Load % Impact Impact

Sample®™ Accounts Accounts temp!? Load Impact Change | (MW) (MW)
CAISO  Top o5 load day(s) 2,221 10,538 60,327 75.0 1.7 -0.2 -12.1% 2.2 -12.4
LG;ZZZ Top 20 load day(s) 2,221 10,538 60,327 74.3 1.6 -0.2 -11.7% -2.0 -11.4
Top 20 load day(s) 2,221 10,538 60,327 73.1 1.5 -0.2 -13.6% -2.1 -11.9
CAISO  Top o5 load day(s) 2,221 10,538 60,327 73.5 1.6 0.2 -12.0% -2.0 -11.5
Lgae:js Top 20 load day(s) 2,221 10,538 60,327 73.8 1.6 -0.2 -11.6% -1.9 -11.1
Top 20 load day(s) 2,221 10,538 60,327 73.2 1.5 -0.2 -13.0% -2.0 -11.6
SDG&E  Top o5 load day(s) 2,221 10,538 60,327 76.8 1.9 -0.2 -10.7% 2.1 -12.2
Ii;;):iz Top 20 load day(s) 2,221 10,538 60,327 75.8 1.8 -0.2 -10.1% -1.9 -10.7
Top 20 load day(s) 2,221 10,538 60,327 74.5 1.6 -0.2 -11.6% -2.0 -11.3

[1] Estimating sample is lower than populations because it excludes sites that whose transition to EV TOU coincided with the arrival of
the electric vehicle or with solar or battery installation.
[2] Participant weighted average temperature. SDG&E maps all customers to eight distinct weather stations.
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4.3 LOAD IMPACTS FOR MONTHLY WORST DAY

Figure 14 visualizes the hourly load impacts for the monthly worst day of each month. It shows the
actual load for sites on EV-TOU and the reference load or counterfactual. The orange bar reflect the
change in demand, or load impacts. A positive value indicates an increase in energy use and a negative
value indicates a decrease in demand. In general use increased during the 12-6 AM period when prices
were lowest and decreased during the peak window of 4-9 PM.

Figure 14: Ex-post Monthly Worst Day (SDG&E) Hourly Load Impacts
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Table 6 summaries the hourly demand reductions for the worst days in each month. In general,
estimating TOU impacts for a single hour is more difficult and noisier than estimating impacts for the
average day of each month. Thus, we used to top 3 SDG&E load day for each month and also
recommend a degree of caution in reviewing the monthly worst day impacts.
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Table 6: Ex-post Monthly Worst Day (SDG&E) Hourly Demand Reductions per Site

Jan

2
3
4
5 -0.40 -0.26
6 -0.24 -0.22 -0.26 -0.26 -0.31 -0.24 -0.24 -0.34 -0.33 -0.28 -0.27 -0.25
7 -0.03 -0.09 -0.10 -0.09 -0.11 -0.09 -0.12 -0.12 -0.19 -0.12 -0.07 -0.04
8 0.03 0.02 -0.06 -0.01 -0.04 -0.05 -0.09 0.02 -0.11 -0.07 0.01 0.01
9 0.07 0.08 -0.02 0.08 ©0.00 -0.01 -0.01 0.06 -0.05 0.02 0.05 0.09
10 -0.05 0.07 0.08 -0.02 0.08 0.07 0.09
11 - 0.07 0.03 - 0.05  0.09

0.08 0.09 0.10 0.09

0.08 0.10

0.05 0.08

0.09  0.09

0.05  0.10

0.09

Table 7 shows the reference loads and load impacts by rate period for the monthly worst day of each
month. The demand reductions are generally larger for hotter months. Customers reduced demand by
0.17 kW per site (9.2%) in September 2024, when SDG&E experienced its highest peak demand.
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Table 7: Ex-post Monthly Worst Day (SDG&E) Demand Reductions by Rate Period

Aggregate
Avg. Customers (kW) Incremental (MW)

Dail
New avg.y Reference Load Reference Load %

Accts temp™ Load Impact Load Impact | Change

Peak (4-9 2023-Oct 41,658 71.4 1.30 0.14 54.20 5.76 -10.6%
PM) 2023-Nov 42,476 62.0 1.17 0.13 49.56 5.47 -11.0%
2023-Dec 43,251 57.6 1.40 0.14 60.60 6.01 -9.9%

2024-Jan 46,589 53.8 1.42 0.16 66.07 744 -11.3%

2024-Feb 48,793 52.9 1.32 0.12 64.22 5.95 -9.3%

2024-Mar 50,516 53.1 1.17 0.16 59.27 8.06 -13.6%

2024-Apr 52,380 59.7 0.70 0.12 36.77 6.04 -16.4%

2024-May 54,055 60.6 0.70 0.12 37.83 6.53 -17.3%

2024-Jun 55,593 66.7 0.76 0.12 42.25 6.63 -15.7%

2024-Jul 57,046 74.6 1.53 0.21 87.07 12.17 -14.0%

2024-Aug 58,665 76.2 1.89 0.19 110.73 11.02 -10.0%

2024-Sep 60,327 76.7 1.84 0.17 110.78 10.18 -9.2%

Off-peak 2023-Oct 41,658 76.2 0.25 0.08 10.51 3.35 -31.8%
(6AM-4PM 2023-Nov 42,476 66.4 0.49 0.09 20.62 3.69 -17.9%
and 10PM- 2023-Dec 43,251 60.2 0.59 0.10 25.71 4.28 -16.6%
12AM) 2024-Jan 46,589 54.5 0.81 0.12 37.86 5.38 -14.2%
2024-Feb 48,793 53.7 0.88 0.09 43.09 4.59 -10.7%

2024-Mar 50,516 55.4 0.56 0.09 28.39 4.31 -15.2%

2024-Apr 52,380 62.0 0.08 0.11 4.37 5.64 -128.9%

2024-May 54,055 62.1 0.22 0.08 11.97 4.17 -34.8%

2024-Jun 55,593 68.6 0.11 0.03 6.21 1.82 -29.3%

2024-Jul 57,046 77.6 0.44 0.09 25.19 5.20 -20.6%

2024-Aug 58,665 79.6 0.54 0.07 31.74 4.05 -12.8%

2024-Sep 60,327 79.9 0.79 0.04 47.40 2.64 -5.6%

Superoff-  2023-Oct 41,658 60.7 1.47 -0.62 61.07 -25.73 42.1%
peak (12- 2023-Nov 42,476 56.4 1.39 -0.51 59.14 -21.48 36.3%
6AM) 2023-Dec 43,251 51.3 1.51 -0.43 65.18 -18.72 28.7%
2024-Jan 46,589 48.9 1.46 -0.41 68.02 -19.00 27.9%

2024-Feb 48,793 52.6 1.49 -0.43 72.59 -21.10 29.1%

2024-Mar 50,516 53.2 1.41 -0.54 71.08 -27.36 38.5%

2024-Apr 52,380 53.0 1.44 -0.44 75-45 -23.15 30.7%

2024-May 54,055 58.4 1.38 -0.55 74-48 -29.59 39.7%

2024-Jun 55,593 61.9 1.38 -0.54 76.69 -29.97 39.1%

2024-Jul 57,046 67.4 1.67 -0.55 95.08 -31.31 32.9%

2024-Aug 58,665 67.2 1.69 -0.59 99.39 -34.63 34.8%

2024-Sep 60,327 68.9 1.70 -0.57 102.86 -34.45 33.5%

[1] Participant weighted average temperature. SDG&E maps all customers to eight distinct weather stations.
[2] To reduce noise, the top 3 system load days were included in the analysis for each month
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4.4 LOAD IMPACTS FOR MONTHLY AVERAGE DAY

Figure 15 visualizes the hourly load impacts for the monthly average day of each month. It shows the
actual load for sites on electric vehicle rates and the reference load or counterfactual. The orange bar
reflect the change in demand, or load impacts. A positive value indicates an increase in energy use and
a negative value indicates a decrease in demand. In general use increased during the 12-6 AM period
when prices were lowest and decreased during the peak window of 4-9 PM.
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Table 8 summarizes the hourly demand reductions for the average days in each month.

Table g shows the reference loads and load impacts by rate period for the monthly average day of each
month. The demand reductions are generally larger for hotter months. Customers reduced demand by
0.16 kW per site (13.8%) in September 2024, when SDG&E experienced its highest peak demand.

Figure 15: Ex-post Monthly Average Day Hourly Load Impacts

2023-10 2023-11 202312 2024-01
3.00
2.00
1.00
0.00
-1.00
E 2024-02 2024-03 2024-04 2024-05
— 3.00
E 200 -
2
E 1.00 + ~
7]
= 0.00
o
B -1.00
2
{ 2024-06 2024-07 2024-08 2024-09
3.00
2.00 - ..‘\ - I
1.00 - ~ o ™
0.00
-1.00
[; l; ‘IIZ 1:.5 1-8 2‘1 24 l] 3 é 5'! 1-2 1-5 1I8 2‘1 2‘4 I} .’:‘ é 9 1-2 1‘5 IIE 2‘1 2‘4 II) 3' 5 D 1‘2 1‘5 1‘3 Z-I 2‘4
== EV TOU participants == Matched Control 3 Difference (T-C)
29
. Demand Side Analytics
4y

R

VEN

RESEARCH AND INSIGHTS



Table 8: Ex-post Monthly Average Day Hourly Demand Reductions per Site

May Jun July Aug Sep Oct

2
3

4

5

6 -0.25 -0.26 -0.27 -0.29 -0.30 -0.31 -0.27 -0.27 -0.27 -0.29 -0.23 -0.20
7 -0.08 -0.10 -0.12 -0.12 -0.13 -0.14 -0.13 -0.14 -0.14 -0.13 -0.06 -0.05
8 -0.02 -0.03 -0.03 -0.06 -0.06 -0.06 -0.08 -0.06 -0.07 -0.05 0.00 0.01
9 0.02 0.03 0.01 0.00 -0.01 -0.01 -0.03 0.00 0.00 0.00 0.04 0.06
10 0.05 0.05 0.06 0.06 0.03 0.01 0.04 0.06 0.03 0.02 0.07 0.08
11 0.08 0.06 0.07 0.06 0.04 0.03 0.04 0.07 0.09 0.06 0.08 o0.07
12 0.09 0.09 0.04 0.06 0.09 0.07 0.08 0.08
13 0.07 0.08

0.08

R
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B R (R (R
o N o0

R
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Demand Reductions are positive (Blue)
Load increases are negative (Orange)
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Table 9: Ex-post Monthly Average Day Demand Reductions by Rate Period

Aggregate Incremental
Avg. Customers (kW) (MW)

Daily avg. Reference Load Reference Load
Period Month Accts temp!! Load Impact Load Impact % Change
Peak (4-9 2023-Oct 11,322 66.6 1.07 0.12 12.15 1.41 -11.6%
PM) 2023-Nov 11,244 60.0 1.20 0.15 13.53 1.73 -12.8%
2023-Dec 11,180 56.1 1.37 0.15 15.29 1.69 -11.1%
2024-Jan 11,122 54.7 1.28 0.13 14.25 1.50 -10.5%
2024-Feb 11,066 55.0 1.15 0.10 12.70 1.10 -8.7%
2024-Mar 10,994 55.6 0.86 0.12 9.48 1.32 -14.0%
2024-Apr 10,959 58.3 0.62 0.11 6.75 1.19 -17.6%
2024-May 10,883 60.3 0.62 0.12 6.71 1.32 -19.6%
2024-Jun 10,819 64.1 0.57 0.12 6.16 1.33 -21.6%
2024-Jul 10,711 70.6 1.08 0.16 11.57 1.71 -14.8%
2024-Aug 10,630 71.8 1.37 0.20 14.54 2.08 -14.3%
2024-Sep 10,538 68.7 1.16 0.16 12.19 1.68 -13.8%
Off-peak  2023-Oct 11,322 69.8 0.20 0.05 2.27 0.58 -25.5%
(6AM- 2023-Nov 11,244 65.0 0.31 0.09 3.46 0.97 -28.0%
4PMand  5033-Dec 11,180 59.8 0.54 0.10 6.04 1.07 -17.8%
10PM- 2024-Jan 11,122 56.9 0.50 0.08 5.52 0.90 -16.3%
12AM) 2024-Feb 11,066 56.5 0.38 0.07 4.19 0.79 -18.9%
2024-Mar 10,994 57.3 0.22 0.08 2.37 0.84 -35.5%
2024-Apr 10,959 60.6 -0.02 0.06 -0.19 0.67 357.7%
2024-May 10,883 62.1 0.10 0.06 1.13 0.62 -54.8%
2024-Jun 10,819 66.0 0.05 0.04 0.53 0.47 -87.5%
2024-Jul 10,711 73-3 0.23 0.05 2.51 0.56 -22.3%
2024-Aug 10,630 74.5 0.38 0.06 4.05 0.69 -17.0%
2024-5Sep 10,538 71.2 0.43 0.07 4.55 0.71 -15.6%
Super 2023-Oct 11,322 59.2 1.42 -0.54 16.11 -6.10 37.9%
off-peak  2023-Nov 11,244 52.4 1.40 -0.46 15.78 -5.13 32.5%
(12-6AM) 2023-Dec 11,180 49.5 1.52 -0.42 17.00 -4.67 27.5%
2024-Jan 11,122 48.3 1.51 -0.44 16.75 -4.93 29.4%
2024-Feb 11,066 49.3 1.50 -0.47 16.61 -5.24 31.5%
2024-Mar 10,994 50.8 1.44 -0.52 15.87 -5.67 35.7%
2024-Apr 10,959 52.9 1.40 -0.48 15.38 -5.29 34.4%
2024-May 10,883 57.5 1.38 -0.51 15.07 -5.52 36.7%
2024-Jun 10,819 60.7 1.36 -0.51 14.68 -5.51 37.5%
2024-Jul 10,711 65.1 1.54 -0.48 16.48 -5.13 31.2%
2024-Aug 10,630 66.6 1.58 -0.52 16.83 -5.49 32.6%
2024-Sep 10,538 65.0 1.53 -0.51 16.15 -5.34 33.0%

[1] Participant weighted average temperature. SDG&E maps all customers to eight weather stations.
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4.5 LOAD IMPACTS BY CUSTOMER TYPE

Figure 16 shows the impacts of key customer segments for the peak period (4-9PM) on the ten highest
CAISO system load days. The summary is descriptive, not causal, but informative nonetheless. We
caution that results are noisier when the estimating sample size is smaller such as for the EV-TOU-2
rate or TOU-ELEC. Additionally, TOU-ELEC shows a positive load impact, however, it is important to
notice that there are only 45 customers in this segment.

Figure 16: Load Impacts per Site for Key Customer Segments

Zip Code Area: 926 Southern Orange County (n=400) - G
Zip Code Area: 921 Central San Diego (n=793) i O
Zip Code Area: 920 Northern San Diego (n=830) G
Zip Code Area: 919 Southern San Diego (n=198) i O

Solar Yes (n=1,170) @

Solar- No (n=1,051) - 67

Rate: TOUELEC (n=45) : 9]

Rate. EVTOUS (n=2,023) - G
Rate' EVTOU2 (n=153) vl e—

Low Income: Yes (n=253) -

Low Income: No (n=1,968)

Do

All- All (n=2,221) -

I e 1

-0.30 -0.20 -0.10 0.00 0.10
Avg. Site Impact (kW)

Peak period (4-9 PM) on 10 highest CAISO load days
Bubble size is proportional to the sample size

4.6 WEATHER SENSITIVITY OF LOAD IMPACTS

A key question for residential rates is whether the peak period load impacts are weather sensitive.
While the electric vehicle rates are designed to encourage charging during super off-peak hours, the
rates apply to the energy used by the whole home. Thus, customers have an incentive not only to
modulate their electric vehicle charge but to modify demand for other peak period end uses. As part of
the evaluation, we estimated the demand reductions for each day and hour of the year using the
differences-in-differences technique. Figure 17 shows the relationship between the daily peak period (4-
9) load impacts and weather for days after the transition to TOU rates for electric vehicles. In general,
the demand reductions grow larger when temperatures are hotter, and more so at higher
temperatures. Customers have an incentive to shift non-EV loads because the rates apply to the whole
home, not just the electric vehicle.
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Figure 17: Peak Period (4-9 PM) Demand Reduction Weather Sensitivity
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4.7 KEY FINDINGS

= This year's EV market share growth has stagnated compared to previous years.
= Most new enrollment is occurring on the EV-TOU-5 rate.
®= The number of sites shifting from the EV-TOU-2 to the EV-TOU-5 rate is now negligible.

® There are too few sites on the TOU-ELEC rate to draw reliable conclusions about its impacts.
Consequently, TOU-ELEC customers were excluded from the ex-ante analysis.

= Customers who enroll on electric vehicle TOU rate decrease demand when prices are higher
usage when the prices are lowest. Moreover, the change in load patterns coincides with the
enrollment on TOU rates for electric vehicles.

= Customers deliver slightly larger peak demand reductions on the hotter days.

= In 2024, on top 10 highest CAISO gross, CAISO net, and SDG&E system load days over the
study period, customers reduced demand by 0.19 kW, 0.28 kW, and 0.18 kW per home, on
average, over the 4-9 PM peak period. This amounted to reduction in demand between 10%-
12% of the household load, and led to over 10 MW in total demand reductions during those
days.
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5 ELECTRIC VEHICLE TOU EX-ANTE RESULTS

Ex-ante impacts describe the magnitude of program resources available under planning conditions
defined by weather. The ex-ante estimates are developed for both SDG&E and California ISO peak
conditions under normal (1-in-2) and extreme (1-in-10) peak planning conditions. We estimated ex-ante
impacts based on the relationship between demand reductions and weather using the ex-post
performance over the analysis period (October 2023 to September 2024) and factored in projected
changes in enrollment.

5.1 DEVELOPMENT OF EX-ANTE IMPACTS

The ex-ante impacts were developed by estimating the relationship between weather and demand
reductions for customers for who enrolled over the analysis period, had an electric vehicle for the year
before they signed onto the rate, and did not install solar or battery storage (a major non-routine event)
in the pre-treatment year or the analysis period.

In total, we estimated the relationship between hourly (8,760 hours per year) demand reductions and
weather for 4 distinct segments — defined by the rate type (EV-TOU-2 or EV-TOU-5) and the presence
of rooftop solar. The segmentation allows SDG&E to account for changes in the customer mix, namely
that most new participants enroll in EV-TOU-5, and share of sites with solar is growing. The hourly
(8760) pattern of ex-post reductions was analyzed using a multi-variate regression model to estimate
ex-ante impact under planning conditions. A separate model was estimated for each segment and hour
of day. The model accounts for the effects day of week, and weather. Figure 18 overlays the per-
customer ex-ante impacts for 4-9 PM on top of the ex-post impacts for each individual day over the
analysis period.

Figure 18: Ex-ante and Ex-post Per Customer Peak Demand Reductions (4-9 PM)
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34

Demand Side Analytics

—



5.2 OVERALL RESULTS

Figure 19 shows a heat map of the per-customer load reduction by month and hour of day for SDG&E 1-
in-2 monthly peak day weather conditions. The results are scaled to reflect the current mix of
customers on electric vehicle TOU rates (versus the available estimating sample). Table 10 and Table 11
show the per-customer hourly impacts for each month under CAISO and SDG&E monthly peaking
conditions, respectively. The tables are designed to enable the CPUC's Slice-of-Day Resource Adequacy
requirements. The estimated reductions are greater on monthly worst days than on average weekdays
and reductions are greater in hotter months than in cooler ones. The load reductions also coincide with
the hours (4-9 PM) and months (August and September) when reductions are needed most.

Figure 19: Heat map of Per Customer Ex-ante Demand Reductions by Hour and Month
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Table 10: Slice of Day Table for CAISO 1-in-2 Weather Year Monthly Worst Day (Per Customer Demand
Reductions)

Jan r r May

1

2

3 . . . .

4 W3s| W36| W3y Wio Wsa| Wio| Way| W3y M36) W3y W4 Wi
5 828 @o8 W3] W3 W3 W33 Mo Bso| Bog| W3] Wi ds
6 —l 19 —I 19 —l.21 —lzz lz3 lzz —l 21 121 —lzo —l 22 —lzz -2116
7 -0l03 -0l03 -olog -d_o;r -0[08 -0[08 -olog -dog -c|08 -olog -0[06 olo1
8 olo3 ojog ojoz 0.00 0.00 0.00 0.00 0.00 0.00 0.01 olo1 ojp8
g olog ojog olog olpg ooy olpg olog olpg olps olos olog ojp8
10 ojpB (o] ]3] [o] )] olo7 [o] o)) ojpB ojp8 ojpg ojpg obg ojpg ol1
11 o L3 o lz, ol olpg ofpg ofio ofio ofp1 ofp1 ofi2 ofp1 oo
12 oz o2 olg ofiz o2 ofi2 0 L3 o L3 0 L3 ol4 o Lz, o6
13 o1 0.9 olz, oh1 o1 [s] & ofiz ofiz oig 0'.3 cig ot
14 olis o lz, ol ofi2 ofiz ol ol3 olz, ofls ol.zr ofls ol;.v
15 ol:;.v ojp8 olpg ofi3 ofiz ofi3 olz, ol5 0 L5 ols o L5 olbs
16 0'.2 o l.z 0‘11 ol.;.r 0l5 ol}f 0'8 0.0 OIO 0.0 0.9 0[3
17 ojp8 ojpd ojp8 0.1 ol6 cl1 0‘3 OIS ol;' o‘ ol, olpg
18 ofio ofio ofio oo ol;.v oz 0!3 o6 o6 o8 ol3 ofiz
19 ofiz [s] 5] ofiz oo ol;r o1 i 0.3 ol, o6 oo oiq
20 ofi3 ofig ol3 cl_}v ol6 clS olg 0'1 0'1 olz 0'8 ol}v
21 ofi3 ofi olz, ol6 ol5 clS olo 0.1 0.2 0.2 0'8 ol;'
2 ob3 ofis ofi3 o2 ok ofi3 ol ofis oli6 oli6 o, olis
23 ofi2 o lz, o L3 ofio o2 obo o [:9 o bg ojp8 o bg ofi2 ol;.v
24 ojp8 olpg ojp8 olpb ojpb olog oloz olo2 olo1 oloz ojp8 o1

Demand Reductions are positive (Blue)
Load increase are negative (Orange)
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Table 11: Slice of Day Table for SDG&E 1-in-2 Weather Year Monthly Worst Day (Per Customer Demand
Reductions)
Hour

Ending Jan Feb Mar Apr May Jun July Aug Sep Oct Nov Dec

1 M6 Wi s3] W@so| WEs;| Mo WMo W0 MR e Wz M2

2 M:9| Ws2| M8s6| 853 M8s3| H8so| Heo| M@6o| 60| M@sg| M@so| Hss
3 Mol Ws3| M@.8| Ws2| W8si| Wi Wsy| Wuy| Way| M1 Hs2)  Wus
4 ®o1| Wa3| W3] We2| Wua| Wea| Wae|  Wae|  Wae|  Ws| W2 W6
5 d24] do6) Ws| Was| Was| Was|  Fag|  Bag| Bag| Moz W3 @8
6 —I.16 —Il.:L;r —I.21 —'.23 —l.zz —'.23 —l.zo —Izo —l.zo —I.zz —I.zz —I.18
7 0.00 0.00 -g.o5 —d.o? —d.oﬁ —d.oS —d.og —dog —d.og —d.o? —d.oﬁ 0.00
8 ojp6 ojpb ojoz 0.00 0.01 0.00 -0.01 0.00 0.00 ojo1 ojo1 ojp6
9 ojob ojos ojos olog olog olog olog olos olog ojos ojos ojo7
10 o b8 o bS ojo7 o bS o bS o bS ojp8 olpg o |39 o bg ojpg ojpg
11 ollg oilg olo8 oilo ollo ollo 0 |11 [s] |11 ollz oﬁz 0 |11 olog
12 ol6 ol5 oilo OI12 olu 0'12 oilg 0‘13 olz, olz, oiz, oilz
13 o|12 o|12 OIlO o|11 o|11 OI12 ollz o|13 o|13 o|13 o|13 o|11
1 ofo oo obho ob3 of2 o3 o3 obis obis obis ofis o2
15 ofpg OllD o|11 olq 0I13 0I13 ol.q ol5 OIG DIG ols ollz
16 o1 0l |11 ol13 ol? ol8 Dll}' OIS olo ol2 ol1 ol9 olf,
17 oljo8 ojo7 of11 ol2 ol2 ol2 ol3 ol;r 0.1 o.g ol2 OI12
18 oilo oilo of11 ol2 0I3 0I2 ol3 ol;,r O.l ol3 ol1 OI12
19 OI12 o|12 oilg ol1 ol: ol1 olz ol5 o.y ok ol9 ol:,
20 ok o3 o3 ofis ofis ofis] ofo| of oBs] o diy olis
2 ofi4 ofis o3 o7 7l ofis] oBo| oB5| oBs o dh7 olis
22 ofis ofis o3 ob2 ob3 ofis olis olis ofi6 ofis ofis ofi6
23 olt. olt. OI].2 OI].O OIlO OIlO obS ob9 obS OIJ.O o|12 ol6

24 obg obg obS obﬁ obﬁ o|05 ojo1 ojo1 0.00 oloz, olo? o|11
Demand Reductions are positive (Blue)
Load increase are negative (Orange)

Table 12 shows aggregate ex-ante demand reduction forecasts for an August monthly system worst
day. Forecasts are shown under the four weather scenarios identified above. The increase in the
demand reductions throughout the forecast years can be explained by the expected growth of electric
vehicles and the corresponding growth in electric vehicle TOU rate enrollments. Ex-ante weather
conditions are static through the forecast window. There is a small amount of variation in participant-
level impacts through the forecast window due to the expected enrollments by rate and solar status.
Most future participants are projected to enroll on the EV-TOU-5 rate.
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Table 12: Aggregate August Monthly System Worst Day (SDG&E) Demand Reduction Forecast (MW)

Forecast Enrollment SDG&E Weather CAISO Weather
Year Forecast . . . 3
1-in-2 1-in-10 1-in-2 1-in-10
2024 62,240 15.2 16.5 14.5 15.8
2025 81,370 20.2 21.9 19.3 21.0
2026 100,895 25.2 27.2 24.1 26.1
2027 122,289 30.6 33.1 29.3 31.8
2028 145,748 36.6 39.5 35.0 37-9
2029 172,734 43.5 46.9 41.6 45.0
2030 203,648 51.3 55.3 49.1 53.2
2031 237,754 60.0 64.7 57.4 62.1
2032 274,531 69.3 74.7 66.3 71.8
2033 312,142 78.9 85.0 75.5 81.7
2034 352,755 89.2 96.1 85.3 92.4
2035 387,237 98.0 105.6 93.7 101.4

Figure 20 and

Figure 21 show the estimated ex-ante load profiles for sites on electric vehicle TOU rates. Both figures
show profiles for the August worst day, and both figures use SDG&E weather conditions rather than
CAISO conditions. Figure 20 shows profiles under 1-in-2 weather conditions, and

Figure 21 shows profiles for 1-in-10. Note that the forecast year shown is 2025. The confidence band for
the average impact over the 4-9 PM window is narrower than for individual hours.
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Figure 20: Aggregate Ex-ante Impact for 1-in-2 Weather Conditions, August Worst Day 2025

San Diego Gas & Electric
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Table 1: Menu options HDIUI Reference Load with Reduction % Loa-d (°F, Site- Adivsted Standard T.- .
o Aggregate Total Ending Load (MW) DR ({(MW) W) Reduction Weighted) 5th o5th Error Statistic
System (CAISO/SDG&E) SDGEE 1 157.19 214.06 -57.77 -36.8% 72.4 -72.97 -42.57 0.24 -6.21
Weather Year 1-IN-2 2 147.48 196 89 -49.40 -33.5% 715 -65.01 -33.80 949 -5.21
Forecast Year 2025 3 127.84 166.61 -38.77 -30.3% 711 -52.65 -248q B.44 -4.60
Category All & 100.70 139.20 -20.51 -26.0% 70.8 -42.60 -16.41 7.096 -3.71
Subcategory All 5 98.08 121649 -23.61 -24.1% 70.7 -35.48  -1174 7.22 -3.27
Day type MONTHLY SYSTEM WORST DAY 6 8242 98-80 -16.38 -19.9% 703 -25.84 6o 575 -2.85
Month 08 Aug 7 68.44 75.27 -6.83 -10.0% 70.3 -13.55  -0.11 4.00 -1.67
Hour Ending View HE (Prevailing Time) 8 38.88 38.76 0.11 0.3% 70.8 -6.78  7.01 4.19 0.03
9 -5.29 -8.99 3.70 -69.9% T4 -3:62 1101 445 0.83
Table 2: Event day information 10 -54.57 -61.93 7-36 -13.5% 791 -1.96  16.68 5.67 1.30
Total sites 81,370 11 -102.34 -111.09 9.64 -0.4% 84.0 -0.09  20.27 6.46 1.49
Daily Max Temp 89.3 12 -132.45 -143.83 11.38 -8.6% 87.2 -0.87  23.64 745 1.53
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San Diego Gas & Electric

Figure 21: Aggregate Ex-ante Impact for 1-in-10 Weather Conditions, August Worst Day 2025

PYz2024 EV TOU Rates Ex Ante Impacts
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5.3 COMPARISON TO PRIOR YEAR

Table 13 shows a comparison of vintage year PY2023 and PY2024ex-ante impacts for the two different
weather scenarios at the participant level. Allimpacts represent monthly worst day impact estimates,
and SDG&E weather conditions are used. There are two main differences:

1. The PY2023 evaluation includes incremental sites that enrolled on the rate between October 1,
2022 and April 30, 2023 thereby beginning their full first summer of savings on May 1, 2023. As
a result, the number of sites evaluated for October was small and grows during the study
period. Restricting to customers in that window was necessary due to data gaps in 2021 that
occurred due to SDG&E's transition from one data storage system to another. The approached
creates two challenges. The sample size for early months was inherently small, and there was
little data on behavior with TOU rates for the most recent enrollments. Nevertheless the
October results shown in Table 13 are commensurate. The PY2024 evaluation relied on all sites
that reached a full year of enrollment in electric vehicle time-of-use rates to estimate impacts.

2. The mix of participants analyzed differs slightly because only sites that recently transitioned
onto the electric vehicle TOU rates can be evaluated.

Compared with PY2033, the latest PY2024 EV-TOU-5 load impacts are higher for the core summer
months under 1-in-2 and 1-in-10 conditions, while the EV-TOU-2 load impacts are lower. In the PY2024
evaluation, impacts were more weather-sensitive than in PY2023, which contributes to highere 1-in-10
impacts and higher impacts in the hotter summer months for EV-TOU-5. Differences in EV-TOU-2 can
largely be attributed to the small estimating sample sizes. Most new participants sign onto EV-TOU-5
and few sites are left for evaluating EV-TOU-2 impacts after screening for sites that did not have major
changes —add an electric vehicle, install solar or battery —in the year before and after the transition
onto the electric vehicle TOU rate.

Table 13: Comparison of Per Participant Ex-ante Demand Reductions under SDG&E Weather Scenarios (kW)

PY23 Evaluation PY24 Evaluation
EVTOUs5 EVTOU2 EVTOUs EVTOU2
1-in-2 1-in-10 1-in-2 1-in-10 1-in-2 1-in-10 1-in-2 1-in-10

May 0.22 0.23 0.27 0.33 0.21 0.25 0.17 0.26

June 0.22 0.23 0.27 0.32 0.21 0.24 0.16 0.23

July 0.22 0.23 0.28 0.36 0.22 0.27 0.18 0.30

August 0.23 0.23 0.32 0.35 0.25 0.26 0.24 0.28

September 0.23 0.23 0.36 0.40 0.27 0.29 0.29 0.35

October 0.23 0.23 0.33 0.36 0.26 0.28 0.25 0.30
*Per Customer impacts for 2023




5.4 EX-POST TO EX-ANTE COMPARISON

When comparing ex-post and ex-ante, it is important to keep the distinction between the two
estimates in mind. Ex-ante impacts are estimates of the future resources available under standardized
planning conditions (defined by weather). Ex-post impacts are estimates of what past impacts were
given the weather, conditions, and magnitude of resources available. The ex-ante impacts are based on
the ex-post impact and weather trends, as shown earlier in Figure 18.

Figure 22 compares the per site ex-post load impacts to the ex-ante load impacts for the average
weekday by month and hour. The ex-post load impacts are very similar in magnitude to the ex-ante
impact estimates shown in the table. Ex-post results show similar reductions from March through
October while ex-ante show larger demand reductions from July through October around the evening
hours. The differences are due to weather and composition of the samples. The ex-ante standardized
weather indicates hotter weather conditions typically occur in August in September and this is reflected
in higher impacts in those months. The percentage of customers on EV-TOU-2 differs between the two
samples. EV-TOU-2 makes up 14% of ex ante enrollment but only 7% of the ex post analysis sample.
The proportion of solar customers is similar in the two populations: solar make up 58% of both the ex
ante enrollment in 2024 and the ex post estimation sample in 2024. Nevertheless, because of
uncertainty introduced when a sample is split into sub-populations, estimating effects on
subpopulations and then aggregating can result in different estimates than when effects are estimated
on the pooled population.

Figure 22: Comparison of Ex-Post and Ex-Ante Per Customer Demand Reductions under SDG&E peak
conditions (2024)
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6 RECOMMENDATIONS

Electric vehicles have the potential to transform the electric grid fundamentally. They are a new,
incremental, flexible, and critical load. As the residential electric vehicle market grows, it will impact all
aspects of the electric grid. The efforts to ensure electric vehicles are a flexible load over the next few
years will be vital as the market share increases. There are over 2.9M vehicles in SDG&E territory and
the implications of transportation electrification for the electric grid are large. Moreover, electric
vehicles are quickly maturing from an early adopter technology to mass adoption. The transformation
is most evident for new vehicles, where electric vehicles constitute 26% of the market in San Diego
County and 31% of the new vehicle market in Orange County. Thus, it has become increasingly
important to provide customers incentives and tools to manage charging to lower bills and reduce use
during peak hours.

Key recommendations from the evaluation are:

= Study the persistence of impacts and cohort effects. Currently, ex post estimates from
incremental sites that recently enrolled are currently applied to all enrolled sites in order to
produce ex ante estimates. If effect varies with cohort (for example if the early enrollees were
more engaged and provide larger estimates), or if effects change over time for a cohort (for
example if reductions grow over time due to learning), then this method yields biased
estimates for the full population. For future years, we should undertake an analysis of
persistence of impacts over time. This analysis will yield parameters that could be used to scale
impacts for ex ante based on duration a customer has been enrolled. Furthermore, we should
examine how incremental estimates have changed over time for each cohort.

= Assess whether SDG&E can incorporate California Department of Motor Vehicle (DMV)
registration data to identify control sites — sites with electric vehicles that are not enrolled on
EV-TOU-5 or EV-TOU-2. The DMV makes vehicle registration data available for public use but
with limitations on how it is used and requirements regarding public notices and data security.
While algorithms to identify electric vehicles using AMI data are helpful, vehicle registration
data is a better source of information.

= Consider modifying the building blocks used for ex-ante impacts. Currently, the ex-ante
impacts are based on four types of sites, customers on EV-TOU-5 and EV-TOU-2 with and
without solar. Few new sites are enrolling on EV-TOU-2 and most new enrollment are on EV-
TOU-5. As a result, the EV-TOU-2 analysis relies on an estimating sample that is small. For
future years, we recommend that SDG&E build its ex-ante forecast based on sites on electric
vehicle TOU rates with and without solar, eliminating the distinction between EV-TOU-5 and
EV-TOU-2.
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