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Abstract: Residential electric vehicle (EV) charging has the potential to alter long-held assumptions
on load characteristics impacting distribution grid planning, operations, and design standards.
Indirect managed charging strategies like time-of- use (TOU) rates can provide load shifting and
thus alleviate or exacerbate grid impacts. This study presents findings on how a TOU as-soon-as-
possible (TOU-ASAP) strategy increases adverse grid impacts relative to uncontrolled charging by
incentivizing higher coincident loading, while TOU as-late-as-possible (TOU- ALAP) or TOU-
Random reduces adverse grid impacts relative to uncontrolled charging. These findings offer key
value proposition for utilities to consider as a potential least-cost grid solution under the increasing
adoption of EVs in residential sector. Furthermore, this paper highlights the need for field-practical
smart charge management algorithms developed using realistic grid data.

Keywords: Electric vehicles; managed charging; time-of- use; advanced metering infrastructure; load
coincidence; trans- former loading; EV-grid integration

1. Introduction

Today’s electric distribution systems have largely grown organically, in a piecemeal fashion,
guided by evolving utility design standards for over a century. A changing energy land- scape is
creating the need to amend legacy design standards through proactive thought on how distributed
energy resources (DERs), building electrification, and electric vehicles (EVs) and EV supply
equipment (EVSE (In the context of this study, we used EV supply equipment (EVSE) terminology
to describe the device that interconnects the EV to the distribution system via appropriate
communication and metering devices to enable smart charging. EV charger, on the other hand,
denotes the power electronics converter responsible for AC-DC power conversion on-board the
vehicle)) may change the industry’s long-held assumptions on the grid-edge dynamics. Histori- cally,
utilities have used relatively simple heuristics to forecast load growth and gauge distribution
infrastructure requirements, and until today, these methods have proven adequate. However, among
global efforts to reduce carbon emissions, emerging grid-edge technologies have the potential to
considerably alter load dynamics, increase infrastructure investments, and lead to overall greater
system complexity [1-4]. Among this energy transition, utilities are grappling with the uncertainty
in future load characteristics, adoption levels of new grid- edge technologies, and how to revise
design standards such that today’s investments prove sufficient for the lifetime of the installed
equipment.

Keeping the electrification trend in mind, this paper presents data-driven insights into the value
of managed EV charging utilizing time-of-use (TOU) rate-based structures on two fronts i) load
coincidence and transformer sizing requirements, and ii) grid impact analyses under uncontrolled
and managed EV charging scenarios. Load coincidence factors are considered as key parameters to
size distribution system assets. Research so far has focused on multiple facets of this problem
such as demand diversity that EVs bring in for large-scale fleets considering available charging power
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and ambient temperature [5], impact of number of EVs and available EVSEs on coincidence factor [6],
and statistical analysis of the charging behavior of real residential EV users in different geographic
regions [7,8]. This study presents an analysis of coincidence factors based on advanced metering
infrastructure (AMI) data obtained with utility collaboration and how those factors change with
addition of EVSEs for residential consumers.

This study also enriches existing literature on how TOU schedules can shift EV charging loads
away from typical peak load hours and the resulting grid benefits from doing so. Previously,
extensive research has looked into characterizing the scope of technical and programmatic knowledge
pertaining to EV charge management technologies and practices [13]. There has also been published
work on finding optimal pricing schemes using actual residential circuit data [9], and utilizing
historical datasets of car-sharing services corresponding to a fleet of light-duty EV's [10]. Effectiveness
of TOU structures have been studied to ameliorate possible grid impacts of EVs [11,12]. This paper
presents grid impacts especially on low-voltage consumers or secondaries based on varying TOU
schemes on several distribution feeder models.

The rest of the paper is organized as follows. Section II discusses the load coincidence factor
calculations utilizing AMI datasets, EV adoption assumptions, and TOUscenarios. These EV
adoption and TOU scenarios are further explained in Section III, whereas data-driven transformer
sizing con- sideration from the coincidence perspectives are presented in Section IV. Distribution grid
impacts under these TOU based managed charging scenarios are discussed in Section V, before
concluding remarks are presented in Section VL.

2. AMI Measurements to Inform Load Coincidence

Distribution design assumptions largely depend on typical load coincidence or the degree to
which individual loads contribute to system-wide peak load. Prior to the industry- wide roll-out of
AM]I, utilities had little data accessible to gauge coincidence, relying mostly on high-level system data
(i.e., substation-level SCADA measurements, customer counts, etc.). Notably, evaluating load
coincidence at the granularity of a single service transformer is especially challenging, given the lack
of data at this scale. Enhanced grid edge visibility can aid in prescribing design standards to
appropriately size service transformers. Load coincidence is quantified using a coincidence factor,
“the ratio of the maximum coincident demand of a group of consumers to the sum of the maximum
power demands of individual consumers comprising the group both taken at the same point of supply
for the same time” [14]. The coincidence factor is the reciprocal of the diversity factor and can vary
across load types, customer classes, or times of the year.

AMLI is providing first-of-its-kind empirical data to evaluate load coincidence at the grid edge.
In this study, the National Renewable Energy Laboratory (NREL), in collaboration with a utility
company, collected AMI-meter measurements from over 19,000 predominantly residential customers
across ten distribution feeders. The datasets consider regions within two Colorado cities: Boulder and
Aurora. These regions were selected as areas likely to see increased EV adoption in near future. AMI
measurements used in this analysis ranged from September 2" through September 8%, 2023,
including active and reactive power measurements at a 15-minute temporal resolution. Itis important
to note that the selected week may not coincide with the system peak load nor does the data delineate
customers with rooftop solar, energy storage, or pre- existing EVSEs (which is likely to be small
compared to the assumptions in this study). This dataset only represents net load measurements,
during a late-summer week in Colorado.

L EV ADOPTION FORECASTING AND PASSIVE TOU-BASED MANAGED CHARGING

This study builds on NREL analyses assessing the potential for EV adoption in the selected
geographic region by the year 2030 [17], as well as a mobility analysis, modeling the travel and
charging itineraries of future EV owners to generate load profiles for each residential EVSE [18].
Across our AMI customer sample, EVs are allocated in a random fashion with about 26% of all
customers having at least one EVSE at their home. The mobility analysis produced EV charging
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profiles for each customer under multiple TOU-based smart charge management (SCM) strategies,
as well as uncontrolled charging. This study assumed a 100% participation rate (i.e., all EV customers
are auto-enrolled for the program) for each SCM strategy, and that TOU rates are applied only to EV
loads. The four SCM strategies are defined below:

- Uncontrolled: Customers begin charging as soon as they plug in, continuing until their energy

needs are met.

TOU As-Soon-As-Possible (TOU-ASAP): Minimize to- tal charging costs while meeting energy
requirements under a TOU rate, prioritizing completion of charging as soon as possible within
the dwell period beginning at 7 PM and ending at the morning departure time which is different for
each customer modeled.

- TOU As-Late-As-Possible (TOU-ALAP): Minimize to- tal charging costs while meeting energy
requirements under the TOU rate, prioritizing charging completion as close to departure time
as possible within the dwell period.

- TOU Random (TOU-Random): Minimize total charg- ing costs while satisfying energy needs
under the TOU rate, with random charging periods chosen within the dwell period.
Randomization is done via a random weight function to randomly assign charging start time
between the plug-in and -out times, while also minimizing the charging cost [18].

All TOU-based SCM algorithms assume minimal to no interaction with EV customers with
the help of inferring data from historical measurements from customers such as departure times.

II.  LoAD COINCIDENCE AND TRANSFORMER SIZING

The AMI dataset was used to create a basecase load characterization of residential loads in the
study area. This alone, provides insights into real-world load characteristics and the adequacy of
today’s design standards. Coincidence factors generally decrease with increasing customer sample
sizes, asymptotically approaching a value at larger sample sizes. Given the objective of this analysis
is to inform service transformer design standards for residential services with increasing EV
adoption, we cap our maximum sample size to 50 customers, as more than this would likely not
be served by a single transformer of the evaluated single-phase sizes: 25 kVA, 50 kVA, and 100 kVA.

Coincident and non-coincident peak load is calculated across the modeling time frame for each
customer sample size (1 to 50) using 1,000 random customer samples for each sam- ple size. For
example, given a sample size of ten customers, we make 1,000 random selections of ten customers
from the AMI dataset and calculate coincident and non-coincident peak load for each selection. The
values in Figure 1 represent the top-quartile mean across the 1,000 randomized samples. Figure 2
shows the customer counts at which the calculated coincident peak load reaches 100% of the
nameplate rating for the three evaluated transformer sizes. Within the basecase, we see our
coincidence factor asymptotically approach 0.44 for a 50 customer sample, yielding 6-, 16-, and 36-
customer limits for a 25, 50, and 100 kVA transformer, respectively.
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Figure 2. Customer count limits for residential service transformers.

Under the four SCM algorithms, we see notable differences in transformer customer limits.
Relative to the basecase, the addition of EVs utilizing uncontrolled charging increases coincident
loading, though the coincidence factor is largely un- changed, reducing the allowable transformer
customer limits. For smaller transformers (25 and 50 kVA), the customer-limit is about halved. TOU-
ASAP results in a higher coincidence factor and higher coincident load, given that EVSEs start their
charge cycle at the same time to minimize charging cost, further reducing transformer customer
limits relative to uncontrolled charging. This indicates that uncontrolled charg- ing may actually out-
perform a TOU-ASAP strategy. Both TOU-Random and TOU-ALAP effectively spread out charging
throughout the night, reducing load coincidence compared with uncontrolled charging, and
increasing the transformer customer limits.

The improvements in load coincidence and transformer cus- tomer limits under TOU-ALAP and
TOU-Random represents one of the value propositions for indirect managed charging. These
programs, as modeled, show promise in reducing po- tential transformer overloads of existing
distribution assets as EVSEs are added to existing services and reducing the number of new
transformers and accompanying infrastructure needed to serve new residential services. While this
study highlights the potential value of indirect managed charging, a logical next step in future work
is to investigate more direct control options and uncover further increases in equipment utilization.

3. Distribution Load-Flow Modeling for Grid Impact Assessment

The previous analysis does not rely on extensive system datasets like Geographic Information
System (GIS) datasets or load flow models, and as such, can be performed relatively easily as AMI
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is integrated with utility planning and fore- casting. This section, however, sought to examine the
broader distribution grid impacts of EV adoption and the stacked value proposition of SCM
strategies.

The NREL team obtained several datasets collaborating with the utility partner to construct
primary and secondary distribu- tion models in OpenDSS. Primary-only (not including service
transformers or secondaries) Synergi load-flow models for ten selected feeders were converted to
OpenDSS using NREL’s DITTO tool [16]. These feeders were chosen to examine system impacts of
higher EV adoption in residential areas. To craft secondary models, the NREL team developed
methods to integrate myriad additional datasets (including GIS representa- tions of secondary
topologies, customer-transformer mappings, conductor and transformer specifications, and more) to
the best of our ability. While the datasets were extensive, conflict- ing and/or missing information
required many simplifications and/or assumptions to be made, yielding imperfect primary- plus-
secondary load flow models. Assumptions were largely based on engineering judgment or guidance
from the collabo- rating utility team and were made regarding several character- istics of the grid
model like customer-transformer groupings, transformer locations within secondary networks,
secondary conductors used, transformer and conductor impedance, and any additional missing or
inconsistent data points. Addition- ally, these models have no direct representation of premise- level
load unbalance; secondary-system capacitors or VAR compensators; centralized control schemes
used in Volt-VAR optimization schemes; behind-the-meter assets like solar, stor- age, or existing EVs.
As such, the results should be taken with the appropriate level of discretion, but nonetheless, we
believe they contain valuable insights. The resulting feeder model statistics are provided as well to
contextualize the findings. One should also note that aggregated load profiles at the service
transformer level were used for this modeling exercise (allocated evenly across all customers served
by the transformer) rather than the customer-level measurements used in the previous analysis. The
NREL team also synthesized some missing AMI data to approximate total loading on a given service
transformer with incomplete AMI coverage. The following results represent the modeling of one
sample feeder, with the technical characteristics summarized in Table 1.

Table 1. Characteristics of the selected utility feeder model.

Feeder Summary

1ph / 3ph Customers 3611 / 1208
Total EV Count 1497
Percent OH / UG 16.29% / 83.71%
Feeder Length 3.82 mi
Percent of Feeder Loads Included in Model2 82.99%

Due to a combination of incomplete secondary data and incomplete AMI data, not all customers in the real-

world system are included in this model.

A. Feeder-Level Loading
Figure 3 shows the feeder-head loading for our test feeder, under the various SCM scenarios and
the basecase. On a feeder level, we see substantial changes in loading (kVA) with the addition of EVs
with the percentage increases in peak loading (relative to the basecase) listed next to each legend
entries. One should note that while the AMI datasets provided both active and reactive power, the
on-board EV chargers are assumed to operate at unity power factor, resulting in minimal changes in
reactive power loading across scenarios.
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Figure 3. Feeder loading for the test feeder.

Due to the high coincidence of EV charging loads under some scenarios, namely TOU-ASAP,
we see very large load- ing increases in the evenings at the beginning of the rate change (7 PM). Under
TOU-ASAP, this more than doubles the feeder-wide peak load (+143%) compared with a +55%
increase for uncontrolled charging. In contrast, a TOU-ALAP or TOU-Random provide substantial
reductions in loading relative to uncontrolled charging each increasing load by about 12% relative to
the basecase. This result reinforces the same conclusions from the AMI-based analysis: SCM strategies
that encourage higher load coincidence will lead to higher overall loading and may increase
infrastructure costs, whereas SCM strategies that lower load coincidence may present a value stream
in deferred or avoided upgrades or fewer/smaller asset needs for new builds. Figure 3 also illustrates
the potential for further improvements in the feeder loading via well-informed strategies to shift EV
charging loads throughout the day. This is a topic of future study.

B. Point of Common Coupling (PCC) Voltage and Imbalance Analysis
In addition to loading levels, we assessed the power quality measures across EV adoption and
SCM strategies. We perform this assessment in two ways: by mapping voltages measured at the PCC
and calculating feeder-wide voltage imbalance. For the former, we look at all customers for which
there were sufficient data to fully resolve the secondary conductors in our load flow model

(4455/4809 customers (The remaining 354 customers are modeled as connected directly to the load-
side bushing of a service transformer and thus not considered in this voltage analysis), and plot the
minimum voltage they experience across the modeled time frame. Note that the lowest voltage for
each customer may not occur at the same time, and the durations of these under-voltage events are

not considered. The plot in Fig. 4 is a kernel density estimate (KDE)*4KDE plot with a bandwidth
of 0.7 for moderate smoothing, showing the distribution of minimum PCC voltages. The addition
of EVs produces a notable leftward shift in the distribution (towards lower voltages), and
reductions in the global minimum and mean PCC voltages shown in the legend entries.
Unsurprisingly, the effects are most pronounced for TOU-ASAP and uncontrolled charging, and
again, TOU-ALAP and TOU-Random show improvements over uncontrolled charging. The effects
of EV adoption on system voltages are highly circuit- and location- dependent. In our analysis, EV
loads were randomly allocated across our feeder. In reality, the effect on system voltages may be more
or less pronounced depending on the circuit locations to which EVSEs interconnect.
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Figure 4. Distribution of minimum PCC voltages.

Lastly, we calculate voltage imbalance to further assess power quality. Voltage imbalance is
defined as the maximum phase voltage deviation from the average phase voltage divided by the
average phase voltage. This represents, at each time step, the feeder-wide worst voltage imbalance. In
this study, all residential charging loads are single-phase. As such, depending on the location they
interconnect, this has the potential to exacerbate or even alleviate voltage imbalance. Given that res-
idential chargers may be added to existing services, there may be less flexibility for the utility to
designate the phase to which they interconnect and may require additional phase balancing
elsewhere on the feeder. The approach here goes beyond simply measuring imbalance at the feeder
head (by SCADA), and looks at all sections of the feeder. This comprehensive approach can aid in
addressing power quality complaints, inform load transfers from one feeder to another, or even
improve sensitivity of certain protective devices>For protective devices with a neutral element (eg. 50N/51N), the
pickup value must be low enough to detect high-impedance faults but high enough to not trip on neutral current from
typical load imbalance.

Our results show that while voltage imbalance on this feeder remains low according to [15]
which recommends a maximum imbalance of 3% under no load conditions, there is still a notable
increase in imbalance due to EVs, more than doubling under TOU- ASAP, with considerable spikes
during peak load hours. These results are highly dependent on EV charging locations, phase
connections, and existing system imbalances, but nevertheless, highlights the importance of
conducting studies that scan the entire feeder for imbalance as large single phase loads like residential
EVSEs are added to distribution systems.
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Figure 5. Maximum feeder-wide voltage imbalance.
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4. Conclusions

Building on accompanying studies of EV adoption forecasts and mobility energy demand
analysis, this study quantifies changes in load characteristics, possible input to distribution design
standards, and potential grid impacts for a 2030 EV adoption scenario, while building potential
analysis frame- works for use in future studies. Results presented here suggest that the utilities need
to conduct similar studies as our clean energy future comes to fruition, and reassess frequently as
system forecasts evolve. This study illustrates that some SCM strategies may in fact exacerbate
negative grid impacts, relative to uncontrolled EV charging, while others may alleviate grid impacts.
The underlying principle to consider is using SCM methods carefully to reduce load coincidence
across both EV and non-EV loads. Ultimately, a detailed cost-benefit analysis would be warranted to
determine if implementing a particular SCM strategy is a worthwhile investment, considering its
field practicality and implementation costs. The results can be largely system specific and should
consider additional variables such as participation rates, customer behavior in response to TOU rates
(including non-EV loads), and the feasibility of EV-specific TOU rates, and non-TOU based direct
control approaches such as service transformer loading mitigation and/or optimization. Further work
in this area can be done to incorporate more accurate input datasets, additional test feeders, and more
direct SCMs operating on real-time grid feedback.
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