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[. INTRODUCTION

A widespread concern of electric vehicles (EVs) is that the added load such vehicles place on the
electric power system will reduce stability, reliability, and ffitiency of the overall system. PJM
and Better Place performed a study to estimatearthrket and electricity price impacts of 1 million EVs
in PIMOs control area. This study considered a distribution of 1 million EVs in the Washington
Baltimore Metropolitan Area and modeled the impact of charging the EV batteries in three scenarios:
unmanaged charging, consurr@tice-incentivized charging, and managed charging via a Central
Network Operator (CNO). Each charging scenario includes local charging intelligfemcetails of
which are outlined in later sectian€NOs are distinguished llye presence of communication systems
and a centralized network control center. We developed a consumer transportation model to predict
hourly energy requirements of EVs and generate load inputs for PIMOs nodal pricing market model. PJ
ran market modelimulations based on the outputs of the energy demand model for each of the three
scenarios in five different weeks of the year. The results show that managed EV charging, compared to
the other scenarios, subdiatly dampens the increase in energy proiductost,Locational Marginal
Prices (LMPs), anthereforethewholesale energy cost. This outcome implies that, of the three
scenarios tested, the CNO model is the mosteffsttive way to integrate massively deployed EVs
with the electrical grid. Thstudy demonstrates that CNOs are able to achieve thiadeshtage by
virtue of their ability to forecast EV demand and to quickly adjust and reschedule EV demand according
to realtime LMPs. Finally, we show that networked charging of EVs can behefélectric power
system by providing fast responding ancillary services. This analysis was carried out using Better
PlaceOs network models and experience as a CNO. However, the results of this study are intended to |

extensible to any CNO that prov&lemanaged EV charging.

II. EXECUTIVE SUMMARY
¥ Better Place and PJM have shown in this study that managed charging through a CNO using real
time LMPs has the ability to substantially reduce EV grid impacts compared to charging schemes
without a CNO.
¥ The CNOmanaged charging algorithm charges batteries based on a number of gyitarergy
needed for next planned trip) time until energy is known or predicted to be needgdurrent
battery statef-chargey) time of day;e) forecasted LMPs; anfl reattime LMPs. For CNO
managed charging of 1 million EVs using r&ade LMPs, we have shown that PIM will save $350



million annually on cost increases due to the added load of EVs, compared to the unmanaged
charging scenario. This represent&®b reducton in additional energy costs that would otherwise
be incurred from ad hoc charging of EVs by consumers.

¥ Thescenario with time of use (TOU) pricimgflects a distributed intelligence platform with a fixed
pricing schedule that does not have a CN@etwo-tier pricing scenariomodeled on the pilot EV
tariff developed by Southern California Edi9@CE)for EV charging1], was evaluated arfdund
to provide no significant benefitCompared to the unmanaged charging scenario, theractuesly
an addiional cost of$32 million (4%) annually.

¥ Wholesale energy costaschosen as therimary metric for grid impacts becauseits physical
significanceand transparenayn the power system. Wholesale energy costs, which are calculated
using nodal LMPs, incide the costs of energy, congestion, and losses, meaning that any cost from
generation to nearest transmission substation is reflected by LMPs. We therefore believe that any
credible charging scheme that aims to reduce grid impacts will result in decvdasdesale energy

costs.

[ll. MODEL OVERVIEW

We built a timebased model from the botteap to highlight the differences between charging
schemes on an hoby-hour basis. The model was written in Octave, which is an -eperce
MATLAB -like numerical prgramming language. The model generates trips for more than 1M vehicles
based on census tract level employment and transportation data. Each vehicle has unique drivin
patterns and charging behavior. The simulation monitors each vehicleOs location enenytds and
measures distance driven, the battery state of charge (SOC), and the EV charging facilities visited.

The model evaluates three different charging scenarios during five weeks ir2@DM9The
charging scenarios chosen include an Unmanagedyidga8cenario (OUnmanaged ScenarioO), a Time
of-Use (TOU) Price Response Scenario (OTOU ScenarioO), and the CNO Managed Charging Scena
(OCNO Scenario0). The Unmanaged Scenario reflects conventional charging where batteries bec
charging as soon as theye plugged in. The TOU Scenario evaluates EV impact while charging
according a twdier TOU pricing scheme, modeled af@CEO&V-1 Charge Plan. Finally, theNO
Scenario extends the TOU Scenario to incorporate control by a CNO wittinteaLMPs. We
evaluated weeks in October 2009, February 2010, April 2010, June 2010 and July 2010, which

represents a typical fall, winter, spring, summer, and a hot summer week, respectively.



Numerous types of EV charging facilities are included in the model. LéweHaPge spots are
modeled at residences and work places. Battery Switching Stations (BSS) are modeled along maijc
thoroughfares for range extension in the CNO Scenario. Quick charging stations are substituted for BS.
in the Unmanaged and TOU Scenarios. WBIBS are currently unique to Better Place, the model treats
the various range extension methods as technology neutral. The only difference between a BSS and
quick charger in this model is that the BSSOs energy demand can be smoothed out over the ds
reflecting the ability of a CNO to manage its charging infrastructure. Quick charging loads appear in the
energy model when the vehicles demand their service, reflecting the lack of energy management in a
unmanaged or TOU price responsive charging scenario.

Census tract centroids are used as a proxy for charge spot distribution and grid m&Eirge
spot and BSS loads amapped to various substations within the metropolitan afdsese loads are
then processed by PIJMOs dispatch and market model #yahides any reliability constraints and
calculates changes in LMP The additional EV load is balanced by supply resources using a least

production cost optimization.

IV. INFRASTRUCTURE DEPLOYMENT
A. Distribution of EVs
EVs were distributed by census trédy Median Household Income (MHI), our proxy for affluence,
according to the US Census 2(0@0. We assumed EV penetration to be constant in regions with MHIs
exceeding $75k. To define EV penetration outside of such high MHI regions, we used an wgrbitraril
defined parabolic cutoff. The blue shaded area in Figure 1a shows the distribution as a function of MHI
overlaid upon a histogram of census tract income. The resulting EV penetration in the census tracts i

shown in Figure 1b.

! Level 2 charge spots are assumed to be 240V 16amp connections
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Figure 1: EV Distributi on and Penetration.The blue shared area in Figure 1a shows EV
distribution versus affluence. A histogram of EV penetration is shown in Figure 1b. Note
that due to the flat distribution curve above a median income of $75k, the % penetration is
constant thmughout most of the census tracts.

B. Distribution of Charge Spots (CS)
Every EV owner has a home C3here are no public CS, suabk at malls, food stores, etdll EV
owners who live ! 20 mi from work receive a work CS. We assumed a commuter-tomonuter EV

ratio of 2:1.

C. Battery Switch Stations (BSS)

The placement and location of BSS took into account several factors including major transportation
intersections, along routes of interest, and to pl@wieasonable spatial coveragBSS sites we
chosen independent home and work CS location®rior Better Place transportation network analyses
provided indicative coverage ratios that translated to approximately 250n/BIS@ total of 500 car
lanes. The placements of BSS infrastructure iesile study region are shown in Figure 2. BSS sizing
was estimated based on AADT data of MarylgBld however, due to a lack of data elsewhere in a
convenient format, stations in Virginia and West Virginia were interpolated from the simulated transit

data from our transportation model.
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Figure 2: Placement of BSS Infrastructure-
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the WashingtorBaltimore Metropolitan Area
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total network size of approximately 500 lanes.

V. CONVENTIONAL URBAN TRANSPORTATION MODELING
A. Trip Generation

1) Commuting Trips: We assume that all workers vea typical driving patterns. Workers are
assigned to arrive to work at 9am + 0.5" hours and stay at work for 8.5 =+ 0.75" hours. In this simulation,
commuter vehicles are not used during work hours. For the evening commute home andviorkpost
trips, we se probabilistic distributions described in the Trip Distribution section.

2) Non-Commuting Trips: Trips are generalized as home (H), work (W), or other (O). Fofr non
commuters, the possibilities are combinations of HH, HO, OO, OH. For workers, the lji@ssibi
include work, such that we could have 9 combinations of H, W, O, however, we exclude trips that
originate at work until the end of the work day. WW trips are always excluded for simplicity. Data for
each of the 9 combinations was extracted fromNRE'S chained trip datas¢4]. Note that the raw
chained trip data only includes subjects that took trips, so the trips/day/pp is naturally higher than woulc
be observed in the population. For this reason, we scaled the relative probabilities of tpking tri
target 3.8 trips/day and the result can be seen in Figure 3. For reference, according to the Highlights ¢

the 2001 National Household Transportation Sufgéyindividuals averaged about 4 trips/day.
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Figure 3: Chained Trip Probabilities - Hourly probabilities of taking a given type of trip.

Probabilities in 18minute intervals are smaller since the probability of taking a trip depends on the time
interval. Trips originating at work are excluded until the work day is over. WW trips are always
excluded. Note that we use data from several states on the East Coast including MD, VA, WV, NJ, CT,
MA, and DE to increase sample size.

B. Trip Distribution and Mode Choice

1) Commuting Trips: Commuter trips to work were distributed based on CornellOs OnpheMa
(OTM) datasef6]. The OTM dataset provides data that links census tracts by the number of people that
live in one tract and work in another tract. This data does not include modes of transportation or any
other information about commuting behavior. Bhirmate EVs used for commuting, we scaled the flow
network using US Census 2000 transit mode’ddtae transit mode data is used to estimate a driving
ratio for commuters. This was calculated as the ratio of occupants in SOVs and HOVs out of the all

modescombined. The core assumptions are:

#ITable P30 from US Census 2000, OMeans of Transportation to Work for Workers 16 Years and olderb



¥ Aggregated commuting behaviors/statistics can be applied flatly to the census tract
¥ Ownership of EVs is determined by affluence rather than whether or not it may be used for
commuting
With that, we calculated the flowf &Vs,! .# , from tracti to j, in the following steps/multiplications:

1. How many links are formed by workers between two census ttacts {

2. How likely are they to drive (R} #%)
3. Given they are driving, how likely are theydrive an EV? (x!N/* 'l fot)

The resulting formula for s is given below. Note that the network was scaled to achieve a

commuter to noitommuter EV ratio of 2:1.

NEVS
LU gt o MES%y
- !" - lj e e ! e ' !'I! .

2) Non-Commuting Trips: For nonrwork related trips, we distributed trips according to a gravity
model[7] with a somewhat arbitrary (but used elsewhere) mass function. The function has 3 parameters
emissivity (i), attractvenesga), and distancéd). Technically, emissivity is not important because our
trip OemissionsO are bundled into the trip generation probabilities and are assumed to be the same for
people in all tracts. The parameter would be important, howdwee, were solving the system for flow.

As a proxy for attractiveness, we use OTM worker flow into a census tract. Although using-worker
flow data to describe recreational drives, grocery store visits, or dentist appointments may not seen
appropriate, it igairly logical to think that consumers drive where others work.

In the formula belowT;; describes the percentage of trips originating in censusi t@ttNote that

the conventional use of the matrik, describes the number of unscaled trips within an entire network.
We normalizeTl such that each row sums to 1. The distance fastoweighted more on weekdays than
weekends since people tend to drive greater distances on weekends. The exponents of 2.6 and 2.15 w
found by tuning the model to achieve roughly 12k mi/yr, 3.8 trips/pp/day, and have a weekly VMT
profiles that correspwl to the NHTS chained trip data in the selected region. As mentioned previously,
since the chained trip data includes only trips taken, the weekly VMTs as calculated by the chained trig
data is over estimated and we scaled down these numbers down &dota g@ld 12k mi/yr in that

dataset.

jols 1 pLay ol

on weekdaysT;; ! ——— and on weekends;. !

I 20"



D. Route Assignment

There are two classes of route assignments, either alordetenenined routes or by drawgin
straight lines between locations. Rietermined commuter routes for 165k location pairs were
calculated using an opesource mapping package called Gosmore. Gosmore retusesies of
waypoints (GPS coordinafgesETA in seconds, and some additionalomfiation about roads and
intersections. We use the Great Circle Distance forfi@lléo calculate the distance between all of the
waypoints and then sum them to find the distance along the route (Gosmore does not do thi:
automatically). We also filtered broutes shorter than 5 mi to increase computational speed and reduce

memory usage. Those routes > 5mi are overlaid on top of one another (scaled lgy*thaiues) and

shown in Figure 4 on lagarithmic scale for detalil.

We compared some kees with Google Mapsvhere the distance calculations were identical,
however, driving times were systematically 20% faster than GoogleOs predictions. We corrected th
driving times to match those calculated in Google

Maps. Finally, with regards to rougn note that

since the timestep is 15 minutes, drivers appe
to OjumpO from one location to another with
following the highways exactly. This model
behavior has some impact on the stations
drivers use to extend their range, but does
affectenergy consumption.

For nonworkers and short commuter route
we draw routes along straight lines. We cony
orthodromic distance (direct distance along a li
to distance along a route by using a factor of

that we determined by linear regression o

igure 4: Trip Route Assignments - Route

orthodromic distance versus the actual rout@ssignmets for commuter trips > 5 mi are shown for
_ visualization. Shorter and nemork related trips are
distances from Gosmore. We assume an averag@@resented by straight lines and are not shown he

velocity of 30 mph for all routes without pre !

determined directions and driving times.

8!http://maps.google.com!



VI. CHARGING SCENARIO BEHAVIOR

A vehicle cannot charge or be controlled unlgss plugged ifN we assume all drivers plug in
diligently whenever they complete a trip near a CS. Although plug in behavior will certainly affect
controllability and load dynamics, we made this behavioral assumption to reduce complexity.
A. Charge Spots

1) Unmanaged Scenario: The charger charges at 6.6kW until the battery is full. There are no
physical or economic constraints placed on the charging. There is no CNO.

2) CNO Scenario: The CNO Scenario represents charging by a CNO that is attempting itoiogt
the time and location of energy delivery according to driver needs and electricity grid constraints. To
simulate an EV aggregatoni#work operations centethe CNO Scenario assumes knowledge of 20%
of trips under 20 miles and 80% of trips over @les. It is therefore necessary to ensure that a
minimum level of charging occurs to ensure that there is enough energy in a battery for both plannec
and unplanned trips. The charging algorithm charges batteries probabilistically based on a number c
criteria: a) energy needed for next planned téptime until energy is known or predicted to be needed;
¢) current SOC;d) time of day;e) forecasted LMPs; ang reattime LMPs. Forecasted LMPs are
constructed from LMPs on adjacent day&.obabilistic clarging is implemented to avoid simultaneous
charging with all actors acting on the same price signal. That said, although prices may be low, the CNC
will not charge all vehicles at once.

In general, the CNO aims to: 1) reduce the cost of its own elegcuigdge; 2) eliminate load spikes;
3) charge all vehicles by morning; and 4) charge commuter vehicles with charge spots before leaving
work. Two CNO charging profiles were developed to respond to seasonal variations in load within PJM
territory. We clagfy these two profiles as summer and winter loads as those seasons best define the
load characteristics. Summer load profiles are generally sinusoidal with a single daily peak. Winter
profiles have loads with two peaks due to heating and lighting loadsei morning and evening.
Summer charging profiles were applied for the June, July, April, and October weeks even though April
and October begin to show signs of morning and evening peaks. February was the only week with th
winter CNO profile applied. Overnight charging during the summer load profiles starts at
approximately 8pm and stretches as late as 8am, and varies primarily by when vehicles leave in th
morning. In the winter, overnight charging avoids the morning and evening peaks by sttetiagda
ending earlier (around 11pBam). We must emphasize, however, that the driving patterns were kept

constant between seasons. These details will be explained further in Section VIl on the integration of th:



energy model with PJM.

3) TOU Scenario: The TOU scenario reflects a distributed intelligence platform with a fixed pricing
schedule that does not have a CNO. The TOU Scenario is similar @\Nthescenario, with the two
main differences being the price forecasts and the exclusion a@fmealocational pricing. OForecasted
pricesO in the TOU Scenario are-getermined as the twiiered TOU prices from SCE, described in
detail below. It is important to highlight here that the distributed intelligence platform has the same
objective functions a€NO and it assumes all of the same trip knowledge as iGN Scenario, but
its functionalities are limited in that it has a fixed pricing schedule and knowledge of only its own
energy needs.

The twotiered TOU pricing schedule was adapted from Souti@aiifornia EdisonOs OSchedule
TOU-EV-1, Domestic Timeof-Use Electric Vehicle Charging®]. The schedule provides twi@red
pricing for EVs with a dedicated meter for -Cand OffPeak hours.On-Peak hours are 12:@1:00
daily (including weekends) andfidPeak hours are all other hours. ®ffak prices are approximately
$60.17/MWh and OiPeak prices from Summer and Winter seasons were averaged to $143.45/MWh.
We assumed that 70% of customers would be sensitive to this pricing schedule; the remaining 30%

charge as they would in the Unmanaged Scenario.

B. Battery Switch Stations

Battery Switch Stations are modeled in two distinct ways. Formal Better Place BSS only exist in the
CNO Scenario. For the Unmanaged and TOU Scenarios, we model the BSS asraoti@iek
Chargers (OBQCs0). The two BSS models are not equivalent in terms of power consumption or impa
on transportation dynamics. In order to make reasonable comparisons between the scenarios, howev
it was necessarily to keep driving patterneniical between each of the scenarios. Thus, vehicles
visiting a BSS receive a full battery instantaneously and vehicles visiting a BQC receive an 80% charge
instantaneously. In reality, a battery switch will take approximately 3 minutes where a qgaigk ch
could take up to 30 minutes. To model the energy consumption, empty batteries in a BSS continue t
charge after the vehicle leaves the staligust as it would occur in an actual station. This charging
occurs at a rate of 24kW up to a 100% SOC. &inbarging at a BQC would otherwise impact
transportation patterns, we modeled a phantom load that draws energy at a rate of 40kW up to an 80
SOC after the vehicle leaves the BQC site. Although this ethekging behavior is unrealistic, it is a

generos portrayal because in real energy terms, an 80% charge thaivaleqt in service time to a 3



minute battery switch would require a phantom load of 400kW for 3 minutes. This behavior is more
closely related to that of battery fadtargers, but we didot model the BQCs as such because they are
not commercially available and the high power, short duration loads would not be represented properh
with our 15minute timesteps.

Routing of an EV driver to a BSS has intelligence in@NO Scenario. As befe, in order to keep
the driving patterns identical among scenarios, there is no time or energy penalty for travel to a BSS or
BQC. Routing intelligence will be discussed further in scenario specifics below.

Battery switch stations were sized as previpdsscussed (see Section-l¥). Along a route, there is
preference to switch at a large station, as it is more likely a given vehicle is on a main artery. Switchinc
typically occurs when a subject is driving and the batteryOs SOC goes bel6,18 comdrt level
that is predetermined for a particular EV owner based on a uniform distribution. Standard switch
behavior is therefore akin to filling up only when the gas tank is around 1/8 full. A small portion of
switches do occur at higher SOCs. Vehiclels mat switch if their destination has a CS (work or home)
and they can reach their destination before depleting the battery.

1) Unmanaged and TOU Scenarios: Routing of a driver to a BQC is performed using only BQC size
and distance to the driver as inpif¢henever an EV needs to visit a BQC, it calculates a likelihood that
it may charge at a given BQC station using the formula below, Wwhegethe distance to the BSS from

the current location of the vehicle ahg is the number of chargers at each BQC.
I

5
"

b

One of the stations with the top three likelihoods is chosen at random, weighted by themddeelih

There are no checks or limits based on the number of supposed batteries, chargers, or lanes at a statiol
Since the BQCs are clusters of quatkargers, we assume that a driver will fill their battery only to

get them to their next destination witltlzarger with a comfortable buffer.

2) CNO Scenario: In CNO Scenario, BSS availability and re@he nodal pricing information is
available to the network operator to intelligently route a driver to a BSS based on a multitude of factors.
We chose here teepresent five different factors as inputs to the BSS routing algorithm: 1) forecasted

prices; 2) reatime pricing; 3) BSS size; 4) BSS availability; and distance. Coefficients for factors are

represented as;f for forecasted prices at BSS!," for reattime prices, number of lanes A,

availability as! | , and distance ds .



The relative likelihood that a station switches at a BSS is given by:

b 1,
T

As in the Unmanaged and TOU Scenarios, one of the stations with the top three likelihoods is
chosen at random, weighted by their likelihoods.

At the switch station, the batteries charge at a maximum rate of 1C, which is 24 kW for a 24 kWh

battery, and charge untilll.

VII. INTEGRATION WITH PJM DISPATCH AND MARKET MODEL

Comparative studies between various EV charging schemes are not unique and many EV-and Plug
in Hybrid Electric Vehicle (PHEV) charging and grid impact studies have been conducted at other
institutions [912] with analogous workflowand also yield similar results. This study is distinct in that
it integrates directly with PJM, a Regional Transmission Organization (RTO), and relied on the actual
bid-based, securitgonstrained, economic dispatch models with nodal prices that ase ifoumarket
operations. Other researchers, however, have develtygd own independent generator unit
commitment models and market dispatch algorithms that operate on simplified power system models [9
11]. Employing independent models does lack some of tHestimation and detail that RTOs have, but
the independent models do provide some additional benefit. For example, the ability to evaluate gam
theory strategies [9] and scenarios for infrastructure upgrades [10].

The workflowin this sty is composed of four layers shown in Figure 5: the Transportation Model,
the Energy Load Model, the PIJM Market Model, and Impact AssessBtearge spotdads from the
Energy Model weraggregate@round census track centroids and then mappsdabistations for the
PJM Market ModelBSS loads were mapped directly to substatidnghe Unmanaged Scenario, the
energy model does not consider LMPs when charging. The TOU Scenario usesdfeXU pricing as
an input into the Energy Model.

The most complex scenario is tB&lO Scenariavhere the LMPs from the PJM Market Model feed
back into the Energy Load Model. Ideally, this feedback step would occuritimeako that we could
adjust tke load based on prices and driver needs in eachititeeval. The two models, however, are not
fully integrated and both currently run without any ftdiale communication. To simulate re@he
pricing, LMPs from the unmanaged scenario are passed inEntdrgy Model of th&€NO Scenario.

Essentially, the first model iteration (i.e., the Unmanaged Scenario) determines an approximate pricing



landscape with uncontrolled charging. The second model iteration, deent&d@&cenario, attempts

to correct negate grid impacts observed in the Unmanaged Scenario. That said, we perform two
iterations: unmanaged and then managed. Unfortunately, in just those two iterations, it is unknown how
any new perturbations will affect LMPs. If the models were linked inthes, as they would be in

reality with reaitime nodal LMPs, we would immediately observe the impact of our load on the network
and could respond accordingly. Therefore, we assume that a sophisticated CNO would be better at

protecting against LMPRmpacts irrealworld conditions.

LMPs

PJM Market Model 1 PJM Market Model PJM Market Model

Figure 5: Workflow Diagram for Better Place and PJM Model Integration - The B
transportation model is fixed for all scenarios. The output of the Unmanaged ScenarioOs PIJM
Market Model is used as an input into RO ScenarioOs Energy Load Model.

VIll. PIM METHODOLOGY
A. Market and Dispatch Model
Once the physical locations of the Charge Spots and Battery Switch Stations were determined, th
additional load needed to be represented in the bulk electric system model. These locations wer
matched to distribution substations by nearest distanceE® demand was assigned proportionally to
the distribution load transformers at those stations. Each distribution transformer is a point of withdraw
from the transmission network, and as such, has a distinct locational marginal price (LMP). LMPs are

sensitive to supply composition, transmission constraints, and energy losses incurred to serve load.
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For each of the representative weeks, PJM executed seoomgyrained economic dispatch
simulations using historical power flow models combined with mtas&er data. For the current study,
the future possible changes of generation and transmission does not include in the simulation mode
PIMOs software optimizes the balance of energy supply and demand to satisfy all transmission flo
limits with a leasproduction cost algorithm. Electricity is a commodity that is-poshibitive to store
at bulk levels, therefore it must be generated at the same rate at which it is consumed. Because tl
introduction of EV charging facilities increase the demand lfxtecity, the increase must be matched
by increased supply. PIMOs market dispatches the least cost generation to-tireetdeaiad, and
ex-post pricing sets the locational price that demand pays for energy delivered. For each week, PJN
executed adse case with no load adjustments to act as a reference for Better PlaceOs load models.

Using timeseries EV load data supplied by Better Place, PIJM incremented the nodal load levels
and executed additional simulations for sensitivity analysis. EadBsdsimulation generated new unit
commitment solutions at a 3@inute timestep, such that all power balances were maintained. The
simulationwasbound against a generic list of transmission limits plus constraints that were active in the
historical week. PJM executed optimized power flow dispatch simulations for the Unmana@ad,
andCNO <enarios. The simulations produceginew unit commitments for all generatdéossmeet the
adjusted loadp) nodal LMPs representing the price of energy at eachrgemeand load¢) while
consideringcosts due tdransmission congestiand lossess energy is transferredthin PJM and on
the bulk power grid.

The optimization conducted by thesimulation program minimizes bid production costsvhile
ensuringthe high-voltage electricity gridOs reliabilit.MP is more volatile than production cost as
LMP capturethe fluctuation of bid productiocost changem reattime. Production costs considenly

committed units, while LMP argensitive to the price and/org@f marginal generator units.

B. Week Selection

The four weeks were selected to present four seasons over fall of 2009 to summer of 2010, sinc
they had typical weather data and moderate transmission constraints. One week with high load wa
picked up fo the study to show what impact will be by adding EV demand when the electrical grid had
alreadyclose to its peak consumption.

Besidesthese general critefisomeabnormal resultsvere screened out becausélimitations in

the simulation programAs mentioned in the previous sectiohMP is not part of the optimization



function of simulation programwhich occasionallyed to inconsistentbehavior and atypicalesults
between produ@n and wholesale energy costsor example, added EV load on the éfeal system
always causes the energy production cost to increase, however, in some rare circumstances it induc
lower LMP across the PJM network.

IX. METRIC FOR IMPACT ASSESSMENT
The metric for Oelectric vehicle grid impactsO was chosertheiberease inwholesaleenergycost
and electricitybid production costas a result of adding loads within the netwdgtectricity bid
production costis minimized (and output) directly in the PJM Dispatch and Market ModéiP

changes were calculated weeklyrfrtnalfhourly loads and LMPs across all n nodes:

|
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As the modeminimizeselectricity costs for the CNO, we calculated the electricity costs by:
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X. RESULTS

A. Model Behavior

We first observe th&V charging load characteristics in the Unmanaged Scenario, shown in Figure
6, where electric vehicle batteries charge until full as soon as they are plugddithaugh the model is
run for a full week, we only shoa three-day period from Thursday to Sunday for simplicity, which
captures most of the weekly load dynamidhe two peaks in black represent the load when vehicles
are charging at work in the morning and at home in the eveningddjic¢harging during theorkweek
is from mostly norcommuter vehicles. Note that the peak in the evening is larger than in the morning
because only drivers who live more than 20 miles from work have a CS installed at work. Network load
falls to zero overnight (Bam) as all vehiclesa charged by around 3am. Leagighted average LMPs
(in red) are overlaid to highlight that most charging occurs during the most expensive hours. The
Unmanaged Scenario has no price feedback and charges blindly despite the high LMPs.

In the TOU Scenaridhe electric vehicle charging algorithm factors in a-tieo TOU price signal,



shown in red in Figure 7. EV network load in the TOU Scenario is shown in blue while the Unmanaged
Scenario load is shown in the background in gray for comparison. The algantorporates
probabilistic chargingthat is intended to reducaggregatedpeak loads while the price signal
incentivizes individual vehicles to either defer or accelerate charging to reduce cost.

The new EV network load does show a peak load reduatiom the Unmanaged Scenario of about
20%, however, the amount of load shifted overall is fairly small. Load shifting frepeak hours to
off-peak hours is about 7.8%. Note that the network lwatbnger drops tozero overnighand now
maintains abaselod consumption of approximately 75MW. Although the EV Network pays the pre
determined TOU price, the grid is still impacted by the-tea¢ LMP prices, whichchange as a result
of the added load.

Network loads for th€NO Scenario are shown in blue in FigB8 with the loagveighted reatime
LMP price in red. The redlme LMPs are the price the EV Network pays for energy and it therefore
serves as the price signal for the charging algorithm. Note that the charging algorithm is identical to the
TOU Scenan with the exception of) using forecasted LMP prices for a price signal rather than a two
tier signal, and?) an additional factor for Redlime LMP price feedback. Peak charging loads in the
CNO Scenario are consistently -30% less than the peaks iretthinmanaged Scenario. Additionally,
the baseload consumption is as high as 175MW during the weekdays, but falls to as low as 125MW o

weekends.
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Figure 6: Charging Characteristics for the Unmanaged ScenariolThe
black line shows the EV Network load imet Unmanaged Scenario. The red
line represents the EV Network lcagkighted average retime LMPs.
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Figure 7: Charging Characteristics for TOU Scenario:The blue line

shows the EV Network load in the TOU Scenario. The red line represents

the TOU eletricity prices. The Unmanaged Scenario load is shown in

gray for reference.
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Figure 8: Charging Characteristics for CNO Scenario: The blue line

shows the EV Network load in the Better Place Managed Charging Plan. The

red line represents the EV Netwddadweighted average electricity prices.

Note that these LMPs have changed from the Unmanaged case because the

LMPs are themselves different and the load has shifted. The Unmanaged
Scenario load is shown in gray for reference.



B. Performance Metrics

Wholesaleenergycosts increases are shown for the five weeks analyzed in Table 1.CN@e
Scenario consistently outperforms the TOU Scenario in wholesaleyycost savings. Presuming that
these five weeks represent an entire year with equal weightimefSNO Scenario reduces load impact
costs by 45%, which translates to an annual savings of $350 million. The TOU Scenario, however.
increases the impact by 4%, costing an additional $32 million each yéar results from the TOU
Scenario show savings some weeks while additional costs are incurred in otheesall that the TOU
Scenario charging scheme does not incorporate the LMP prices used to calculate the costs of enert
while theCNO Scenario scheme does.

As mentioned previously, the chargingalithm has two main objectives: reducing energy costs and
reducing peak loads. The cost of electricity to the CNO therefore shows the performance of the objectivi
function in each scenario, and is shown in Table Il. The table is broken down into twg pcioemes
one based on reiime LMPs and the other based on k& TOU pricing. Note that the absolute costs
from the TOU Pricing Scheme and the LMP Pricing Scheme are not directly comparable because th
TOU Pricing Scheme is a retail rate while thP Pricing Scheme is a wholesale rate. However,
percentage reductions between the prioing schemesan be comparedi-or each pricing scheme, we
calculate the savings relative to the unmanaged scenario thssié loads wee subject, but not
responsie, to the respective electricity prices in that pricing scheme.

For the TOU Scenario, webserve a modest performance in savings with @nB/7% annual
reduction in energgosts to the CNORecall that inTable |, the TOUScenario increased the wholesale
energy cost by 4%For the LMP Pricingschemethe CNOScenarioachievesa 22% savings annually
($37 million) for the cost of energy to the CNOhus, a savings of $37 million to the CNO is amplifies
to a savings of $350 million in wholesale energy tosteases.

Electricity bid production cost increases are shown in Table Il for each of the three scenarios.
Savings in the TOU and CNO Scenarios are shown relative to the Unmanaged Scenario. On an annu
basis, both the TOU and CNO Scenarios show actexhs in bid production cost increases, however,
the TOU Scenario has a modest savings of 3% while the CNO Scenario has a savings of 23%. Thi

indicates that the CNO Scenario represents a more efficient market.



Unmanaged Scenario TOU Scenario Managed Scenario

$ Millions $ Millions Savings (% $ Millions  Savings (%)
February 6.41 10.15 -58% 5.21 19%
April 11.21 5.03 55% 1.36 88%
June 20.48 21.33 -4% 11.38 44%
July 30.83 28.97 6% 21.84 29%
October 6.68 13.24 -98% 2.13 68%
Annually 786.3 818.7 -4% 436.0 45%

Table I: Summary of Wholesale Energy Cost Increases as a Result of Added Electric Vehicle Loddtal
wholesale energy cost increasesaaleulated for all three scenarios with percent savings scaled relative to the
Unmanaged Scenario. &be weeks are presumed to be representative of the entire year with equal weightings.

TOU Pricing LMP Pricing

Unmanaged TOU Unmanaged Managed

Scenario Scenario Scenario Scenario
$ Millions 8 Millions  Savings (%) 8 Millions | $ Millions  Savings (%)
February 5.62 5.38 4.3% 2.58 2.26 12%
April 5.60 5.42 3.3% 2.21 1.75 21%
June 5.78 5.53 4.4% 3.76 2.92 22%
July 5.75 5.60 2.7% 5.40 3.82 29%
October 5.68 5.47 3.8% 1.99 1.66 16%
Annually 295.8 284.9 3.7% 165.8 129.1 22%

Table Il: Summary of Energy Costs to Aggregated EV OwnersTotal energy costs are calculated for all three
scenarios with percent savings scaled relative to the Unmanaged Scenario. These weeks are presumed to be
representative of the entire year with equal weightings.

Unmanaged Scenario TOU Scenario Managed Scenario

$ Millions $ Millions Savings (%) $ Millions  Savings (%)
February 1.42 1.42 0.0% 1.23 13%
April 1.21 1.16 4.1% 0.93 23%
June 1.97 1.88 4.6% 1.48 25%
July 2.83 2.71 4.2% 1.97 30%
October 0.99 1.00 -1.0% 0.85 14%
Annually 87.6 85.0 3.0% 67.18 23%

Table Ill: Summary of Production cost Increases as a Result of Added Electric Vehicle Loadotal
production cost is calculated for all three scenarios with percent savings scaled relative to the Unmanaged
Scenaio. These weeks are presumed to be representative of the entire year with equal weightings.



C. Flowgates and Constraints

The dispatch simulation monitolaindreds otransmission lbwgaesand other constraintsn the
PJM system The flowgates and comaints may ben either physical lines or proxies ftnansmission
boundaries and limitationsAdditional constraints may be experienceddtual system operatiaiue to
variationsin system operation, updateutage information, and contingencies. Amaheseconstraints
monitored by the simulation progranm the periods we assessdtiere were about 10 binding
constraints irweeks with low badead and over 70 binding constraiiisweeks with high baseloadA
binding constraintmeansthat the elecical flows of those constraints were either closeotoabove
their normal flow limits. This will call more expensive generators to reverse the power flowliave
the constraintsThatexpensas reflected inproduction cost and LMP.

Relative to sgtem operation without EVshé¢ UnmanagedScenariocausedarger flows on those
binding congraints already present on the network. This vespeciallyproblematicin the heavily
constrained weekef June and Julywhere powefflow increased by0.04% and0.07%, respectively.
The CNO Senarig which attempted to avoid adding load when the system was heavily constrained
relieved power flows by 0.02% and 0.03%, respectivelyOverall, ptal flows did not increase
substantiallyafter EV loadwasapplied to he system, which indicateétiat thesimulation program was

able toappropriately dispatch generatorsnaintain and contraystenreliability.

D. Ancillary Services

Three types of ancillary services are assessed from the Better Place EV Network. Resaames,
or reserves used for Frequency Regulation (FR), will be provided from the BSS. Secondary and Tertian
Reserves (i.e. spinning and Rgpinning reserves, respectively) will be provided by EVs.

1) Primary Reserves: BSS will be equipped with VoltagSourced Converter type inverters, or-Obi
directional chargersO. BSS can provide regulating reserves by regulating charging (unidirectiona
frequency regulation) or by charging and discharging batteries. BSS were chosen to provide FR sinc
they are poinsources for load/generation and telemetry and metering equipment can easily be accesse
and installed. Frequency regulation availability is based on a proprietary queuing and operations mode
that assumes vehicle arrivals at a BSS follow a Poisson gorvedss based on the expected arrivals at
a BSS that is calculated from the simulation data. Mackpacity offerings are calculated to meet !
95% while impacting subscriber SLAs by # 1%.

Primary frequency regulation reserve capacity across the entire BSS network is shown in Figure 9



The average capacity factor for the BSS network is fairly higlpmtoaimately 71%. This is the direct
result of fairly low BSS utilization as twihirds of the electric vehicles are commuter vehicles.
Additionally, from the BSS availability, it is clear that the BSS network is more appropriately sized to

serve weekenddffic rather than weekday traffic.
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Figure 9: BSS Network Primary Frequency Regulation Reservegiverage frequency

regulation reserve capacity from the Better Place BSS Network are shown on an hourly basis for
a week. The Max BSS Network Power Capaistgiven as the total collective power with all
batteries in BSS connected at 48 kW.

2) Secondary Reserves: Secondary reserves from EVs are defined and calculated here as reserves
available instantaneously for up to a-f@thute production/consumption coniment at full rated
power. V2G capabilities are not required for negative secondary reserves (accelerated charging) but a
required for positive secondary reserves as batteries are discharged.

The secondary reserves are highly predictable on aoddgy basis, but availability may vary
substantially among days and seasoviehicles providing secondary reserves face both a power and an
energy limitation. The power limitation is simply the connection size, assumed to be 6.6kW in this
report. Energy limithons are based on a-3fhinute production or consumption period that does not
deplete a battery below 40% or fill a battery above 100%. The power and energy limitations for
providing 3Gminute spinning reserve service are shown in Figure 10. Note thgirghar discharging
a battery for 30 minutes at 6.6kW only alters the battery SOC by 14% and therefore has a minima
impact on operations. This can be visualized further in Figure 10, where it is clear that energy
limitations (in blue) for positive resesvare never as constraining as the power limitation (in red).

Negative spinning reserves (in cyan), however, become the limiting factor from approximasaty 4



when batteries are nearly full. Aggregated secondary reserve availability, shown in Figarsirhply

calculated as the minimum of either power or energy availability that the network can provide.
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Figure 10: Power and Energy Limitations When Providing Spinning Reserve$roviding spinning

reserves requires that there is enough energy to prpeider at full capacity for 30 minutes. Thus, EVs face
constraints from both grid connection size and energy stored in batteries. Power capacity, shown in red, is a
function of the number of connection size, the number of vehicles plugged in (omittvehibkes currently
charging). Positive Energy Spinning Reserves are shown in blue, which represents the power capacity if all

the available energy were dissipated in 30 minutes, if the connection size and other physical constraints were
not an issue. Poweapacity is always more limiting that positive energy capacity. Negative energy capacity
limitations, however, are based upon the amount of additional energy batteries can absorb, which becomes the
limiting factor early in the morning as batteries becdully charged.

Pos/Neg Secondary Reserves (30-Minute Activation) from CS Network

m —
< /\/\’\//\
S
©) M
@
S N
o
a
— — . .
—— Positive SR Capacity
o Negative SR Capacity
T T T T T
0 5 10 15 20
Hour of Day

Figure 11: Charge Spot Network Spinning ReservedAverage annual available capacity is shown for

spinning reserves based on charge spot utilization only. Negative reserve capacity falls through the evening as
batteries are charged overnigRor all other hours of the day, energy capacity is not a limitation but rather the
power capacity of the vehicles plugged in.



3) Tertiary Reserves: Tertiary Reserves require lotgrm changes in planned load. We calculate
Tertiary Reserves as fohwourdeviations from an Expected Charge Plan while staying within operating
constraints of EV needs. Figure 12 shows the operating limits of the cumulative energy consumption ir
the CS network.
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Figure 12: Cumulative Charge Spot Daily Energy ConsumptionEnergy consumption in the

charge spot network with the expected consumption along with lower and upper limits. Upper limit
is calculated by charging as quickly as possible, as in the Unmanaged Scenario, while the lower
limit incorporates shifting load to thetésst time possible before a vehicle departs for a trip. Most
vehicles are charged by approximately 8am, which is why the Expected Charge Plan and the Upper
Charge Plan appear to overlap.

Consumption can be either increased or decreased from the schémhdetb correct and
capitalize on system or trader energy imbalances. The upper limit of Figure 12 is calculated by charging
as quickly as possible, as in the Unmanaged Scenario. The lower limit, however, does not have stric
bounds, but rather is a fuiamh of the operations risk we are willing to take to ensure that vehicles have
enough energy. The lower limit set here simply defers all expected charging to immediately before the
next trip. That said, vehicles depart with exactly the same amount ofyeaseig theExpectedCharge
Plan. Grid impacts were not calculated for this lower operating limit. We could defer chargomgl bey
the green line in Figure 18ince the BSS acts as a safety net. Deferring charging past this lower limit,
however, does nanhdicate that the BSS will necessarily be used.

Movements within this charging window have no impact on drivers and therefore come at a near
zero cost to the CNO. The small costs incurred by the CNO include risk of violating Service License

Agreements (SLA&) and from differences in energy prices due to charge plan deviations. Note that both
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of these costs can be either positive or negative. Charging earlier than anticipated reduces SLA violatio
risk while deferred charging increases the risk. Likewiset sparket energy costs could be either
greater or lesser than dahead prices.

From these load forecast curves and operation windossu#d increases or decreases in power
consumption are shown in Figure 13. Curtailment here tends to be lower duringytlsence most
charging is planned at night to reduce energy costs. Chargehg@emsare only optimized on energy

price, but could beo-optimized with energy costs and secondary reserve availability to increase tertiary
reserves.
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Figure 13: 4Hour Charge Spot Network Tertiary ReservesTertiary reserves are shown for 4
hour load schedule changes performed entirely through load control. Positive tertiary reserves defer

charging while negative tertiary reserves accelerate charging. Negative tertiargsdabio zero
at around 8am as batteries become fully charged.
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XI. DISCUSSION
A. The Necessity of the Central Network Operator

Better Place and PJM have shown in this study that managed charging through a CNO using rea
time LMPs has the ability toubstantially reduce EV grid impacts compared to charging schemes
without a CNO. Wholesale energy costs were chosen as the metric for grid impacts because of it
physical significance on the power system. Wholesale energy costs, which are calculateddading
LMPs, include the costs of energy, congestion, and losses, meaning that any cost from generation 1
delivery to the nearest transmission substation is reflected by LMPs. We therefore believe that an
credible charging scheme that aims to reducg ignpacts should aim to reduce increases in wholesale
energy costs, LMPs, and tloests to thecorresponding price responsive demand (PRD). In order to
reduce increases in LMPs across the power system, EV networks must be managed by a CNO to provit
the various forecasting, measurement, and control.

The TOU andCNO Scenarios have remarkably different results despite the similarity between the
scenarios. The differentiating factor is essentially the CNO withtireal pricing. Although the
argument may m to be that redlme pricing is the key to reducing grid impacts, a CNO is the
actually enabling entity that allows for the price predictions and responses to themeagatlices.
Responding here refers both to managed charging as well as BS$.roBtith the TOU andCNO
Scenarios have predictions for vehicle energy needs, but the CNO is the only entity capable of
aggregating the energy needs across the network to make a prediction forwgigltgrices. Although
there may be other methods whelistributed intelligence could be used to make price predictions
without measures of aggregate load, it is unlikely that those methods wpledatm the capabilities of
a CNO that has the same or more information.

Finally, with both TOU prices and to @ extent realime prices, there is the fear that multiple
actors responding synchronously to the same price signal will cause rapid changes in load. Althoug!
local mechanisms can attempt to avoid a uniform response through random charging delaysyfreque
sensing, or an alternative method, only a CNO has the price incentives make sure all actors do nc
behave identically. We intentionally modeled the TOU Scenario to avoid this synchronous behavior.
With such strong price signals from a TOU schedubsydver, we still observe relatively rapid changes

in load when the price tier switches.



B. Reflection on Scenario Results

The Unmanaged Scenario is relatively simple to understand since charging occurs immediately afte
vehicles are plugged in. Itisportant to note here that the Unmanaged Scenario does not represent the
upper limit for the impact EVs may have on the power system. For example, we see in Table 1 that th:
TOU Scenario is actually worse than the Unmanaged Case in two of the weeksalwateel The
simplest explanation here is that our metric for impact is based on LMPs, therefore a deviation from the
charge plan in the Unmanaged Scenario is not necessarily any better or worse off in the TOU Scenari
because it is not optimizing on LMRke the CNO Scenario does.

At first glance, it may seem surprising that the performance gains of the TOU Scenario when
compared to the Unmanaged Scenario are so small. First, recall that only 70% of EV charging plans ar
price sensitive, meaning that%0charge as they would in the Unmanaged Scenario with no regard for
electricity cost. Interestingly though, despite the 70% of customers participating, peak reductions are
always less than 70%. The most important factor, however, is that TOU rates difen@nough
incentives to effectively manage charging. For example, if a customer needs energy before a TOU rat
will change to another tier, there is no incentive delay charging within that tier. In fact, it is in the best
interest of the customer tharge immediately. For this reason, we see mostly similar behavior in the
TOU Scenario that we see in the Unmanaged Scenario. Therefore, changes in charging patterns from
TOU pricing schedule primarily occur during hours where plugged in vehicleswpanates. In other
words, a TOU pricing schedule is most influential when rates change.

If we extend this logic to th€NO Scenario, where forecasted and 4taak rates are different in
every timestep, we can infer that continuous price signals aartbst important factor in controlling
how vehicles charge. To charge in such a way that grid impacts are reduced, those price signals mu

reflect the reatime LMPs.

C. Policy Implications

This joint study firmly concludes that the increases in wholesale energy cost due to the additional
load of 1 million EVs in the WashingteBaltimore Metropolitan Area can be reduced by hundreds of
millions of dollars per year if the charging is managed&NO responding to retime LMPs. These
savings are without considering the value from various ancillary services and eddaftgalispatchable
load for increasing the penetration of renewables, economic dispatch efficiency, amdtdsedibr

environmental considerations. Existing mechanisms do not necessarily allow CNOs to capture any of
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this value, which could be used for infrastructure deployment. Based on these conclusions, we
emphasize how critically important both the presence oftiaal LMPs and of CNOs are to reducing
the impacts to the electric power system. Therefore, we recommend that incentives be developed fc
advancing the power systesnch thatPRD incorporate LMPs and for EV incentives to reach beyond

the consumer to CNOs so thiatelligent charging networks can be quickly constructed.

XIll. CONCLUSIONS

As the first study of its kind, we are aiming to open the door to the analysis and deployment of large
scale distributed and dispatchable loads on power system networks. Wéadanedltse potential value
in the energy marketind the importance of PRD and managed charging by CNOs. Finally, although
this study has only evaluated grid energy cost impacts and, to a lesser degree, ancillary service
opportunities, we recognize that plgchable load can be leveraged for kbeign planning, to optimize
generator dispatch, defer capital expense upgradésmsmission and distributionfrastructure, and
increase the capacity factors and penetration of renewables. We suggest thess tmiortunities for

further study.



XlI'l. REFERENCES

[1] Southern California Edison, "Schedule TOLEV-1, Domestic Timeof-use Electric Vehicle Charging”,
<http://lwww.sce.com/NR/sc3/tm2/pdf/ce112.pdf (accessed February 2011).

[2] United States &nsus Bureau "Census 2000%http://www.census.gov/main/www/cen2000.html

[3] Maryland Highway Information Services Division, 202009 AADT Shapefile data, Email
correspondence, May 2010. <http://www.marylandroads.com/Index.aspx?Pageld=251>

[4] National HouseholdTransportation Survey, Oak Ridge National Laboratory, "Trip Chain Datasets for
2001 NHTS and 1995 NPTSXhttp://nhts.ornl.gov/2001/download/TripChaining Zifaccessed June
2010).

[5] United States Bureau of Transportation Statistics"Highlights of the 2001 National Hisehold
Transportation SurveyO, 2003,
<http://www.bts.gov/publications/highlights_of the 2001 national_houdetravel survey/>

[6] Cornell VirtualRDC , "OnTheMap Datasetshttp://www.vrdc.cornell.edu/onthemé&p(accessed June
2010).

[7] Wikipedia contributors, "Trip Distribution: Gravity Model," Wikipedia, The Free Encyclopedia,
<http:/len.wikipedia.org/wiki/Trip_distribution#Gravity _modelaccessed June 2010).

[8] Wikipedia contributors, "Great Circle Distance," Wikipedidhe Free Encyclopedia,
<http://len.wikipedia.org/wiki/Greatircle_distance (accessed June 2010).

[9] L Wang, A Lin, and Y Chen, Potential impact of recharging phirg hybrid electric vehicles on locational
marginal prices, Naval Research Logistics, Volrelssue 8, August 2010, Pages-G80.

[10] J Kiviluoma and P Meibom, Methodology for modelling plugn electric vehicles in the power system and
cost estimates for a system with either smart or dumb electric vehicles. Energy, Volume 36, Issue 3, March
2011, Pages 1758767.

[11] TK Kristoffersen, K Capion, P Meibom, Optimal charging of electric drive vehicles in a market
environment, Applied Energy, Volume 88, Issue 5, May 2011, Pages1v)

[12] P Papadopoulos, O Akizu, L M Cipcigan, N Jenkins, ath E Zabala, Electricity demand with electric
cars in 2030: comparing Great Britain and SpRimceedings of the Institution of Mechanical Engineers,

Part A: Journal of Power and Energy, June 2011.



