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Optimal Scheduling of Vehicle-to-Grid Energy and
Ancillary Services

Eric Sortomme, Student Member, IEEE, and Mohamed A. El-Sharkawi, Fellow, IEEE

Abstract—Vehicle-to-grid (V2G), the provision of energy and an-
cillary services from an electric vehicle (EV) to the grid, has the
potential to offer financial benefits to EV owners and system ben-
efits to utilities. In this work a V2G algorithm is developed to opti-
mize energy and ancillary services scheduling. The ancillary ser-
vices considered are load regulation and spinning reserves. The
algorithm is developed to be used by an aggregator, which may
be a utility or a third party. This algorithm maximizes profits to
the aggregator while providing additional system flexibility and
peak load shaving to the utility and low costs of EV charging to
the customer. The formulation also takes into account unplanned
EV departures during the contract periods and compensates ac-
cordingly. Simulations using a hypothetical group of 10 000 com-
muter EVs in the ERCOT system using different battery replace-
ment costs demonstrate these significant benefits.

Index Terms—Aggregator, demand response, profit optimiza-
tion, regulation, spinning reserves, vehicle-to-grid (V2G).

I. NOMENCLATURE

The battery replacement cost of the EV

Aggregator costs.

Compensation factor of the EV to account
for unplanned departures.

Charge remaining to be supplied to the
EV.

Degradation cost to the battery from
discharging plus a compensation amount to
ensure the aggregator cannot take advantage
of charging and discharging efficiencies to
charge the customer more.

An epigraph variable to model battery
degradation.

Probability that the EV will depart
unexpectedly in hour .

Expected value function

Efficiency of the EV’s battery charger.
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Expected percentage of regulation down
capacity dispatched each hour.

Expected percentage of responsive reserve
capacity dispatched each hour.

Expected percentage of regulation up
capacity dispatched each hour.

Expected percentage of the EVs remaining
to perform V2G at hour .

Final power draw of the EV combining
the effects of regulation and responsive
reserves.

Income of the aggregator.

System net load (load minus renewables) at
time .

Maximum charge capacity of the EV.

The price of energy charged to the customer.

Minimum additional power draw of the
EV.

Minimum day-ahead forecasted net load.

Maximum possible power draw of EV at
time . If the EV is not plugged in, this value
is 0.

Maximum additional power draw of the
EV.

Maximum day-ahead forecasted net load.

Energy price at time .

Power draw of the battery of the EV.

Preferred operating point of the EV.

Probability of dispatch for ancillary services

Forecasted price of regulation down for time
.

Forecasted price of responsive reserves for
time .

Forecasted price of regulation up for time .

Regulation down capacity of the aggregator.

Responsive reserve capacity of the
aggregator.
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Responsive reserve signal provided to the
aggregator.

System regulation signal provided to the
aggregator.

Reduction in power draw available for
spinning reserves of the EV.

Regulation up capacity of the aggregator

State of charge of the EV battery

Initial state of charge of the EV

The ending time of the daily scheduling.

The reduction in SOC that results from
the evening commute trip home on a
weekday and the second daily trip on
the weekend. In the formulation, when
looking ahead if the commute will occur
after the hour considered,
is 0. If the trip occurs before the hour
considered, is the energy used
on the trip. If the trip has already occurred,

.

Time that the EV makes its second trip of
the day. On a weekday this is the commute
from work to home. On the weekend this
is simply the second excursion which ends
when the EV returns home.

II. INTRODUCTION

I NTEGRATING large numbers of electric vehicles (EVs)
into the power grid while simultaneously reducing their im-

pacts and those of uncontrollable renewable energy sources is
a major goal of vehicle-to-grid (V2G) systems [1]. V2G is de-
fined as the provision of energy and ancillary services, such as
regulation or spinning reserves, from an EV to the grid. This
can be accomplished by discharging energy through bidirec-
tional power flow, or through charge rate modulation with uni-
directional power flow [1]–[3]. Through V2G, EV owners can
produce revenue while their cars are parked which can provide
valuable economic incentives for EV ownership. Utilities can
also benefit significantly from V2G by having increased system
flexibility as well as energy storage for intermittent renewable
energy sources such as wind. In order to participate in energy
markets, the V2G capabilities of many EVs are combined by ag-
gregators and then bid into the appropriate markets [4]–[9]. An
aggregator may be the utility into which the EVs are plugged or
a third party business.
Though it has been speculated that unidirectional V2Gwill be

implemented first [3], it has several limitations. One of which
is that the regulation and reserves capacities bid with unidirec-
tional V2G are significantly less than those that can be bid in
bidirectional V2G [10]. Unidirectional V2G also cannot pro-
vide the system with the energy stored in the EV batteries.
Recently there has been a flurry of activity with respect to

V2G. It has been shown that EVs can be dispatched to follow

system regulation signals [11], [12]. Simulations have shown
that the EVs acting as smart storage can provide fast and accu-
rate responses for frequency regulation and spinning reserves to
aid in the integration of wind and solar power [13]–[15]. These
studies, however, did not consider market conditions in deter-
mining the amount of regulation services to be provided and
there was no optimization of the V2G assets. Another impor-
tant study looked at the potential to provide V2G regulation
and spinning reserves based on EV availability [16]. This study
looked at the available EVs to perform V2G both from monthly
averages and using Monte Carlo simulations. This study also
did not perform any optimization of the V2G assets.
Several studies have looked at optimization of V2G assets. In

[3], an optimal bidding formulation for EVs performing regula-
tion up and down with only unidirectional power flow was de-
veloped. The simulations were performed on a simulatedmarket
with constant prices of regulation services over the study year.
In [7], an optimal charging sequence for EVs selling only reg-
ulation is formulated. This formulation does not consider bulk
discharging for a source of income and bids symmetric capaci-
ties of regulation up and down. It also assumes that periods of
charging are decoupled from periods of performing regulation,
that is, the POP is always zero when performing regulation. In
[17], smart charging optimization without V2G and optimized
V2G with only regulation is formulated. This formulation did
not consider the change in battery SOC from dispatch of reg-
ulating power through symmetric bidding of regulation up and
down. It also does not consider bulk discharge of the battery
during peak prices.
In this work the problem of optimal simultaneous bidding of

V2G energy and ancillary services for aggregator profit maxi-
mization is formulated. The aggregator costs and revenues are
structured such that maximum aggregator profits will be asso-
ciated with maximum system benefits and low customer costs.
This formulation relies on most probable EV driving forecasts
and the compensation required for unexpected deviations from
the forecasts. Battery degradation costs associated with addi-
tional cycling, as described in [18], [19], are also accounted for.
The main contributions of this formulation are:
• To simultaneously optimize bidding of V2G:
• Energy;
• Regulation up;
• Regulation down;
• Spinning reserves;

• The formulation of the problem as a linear program which
can be quickly and efficiently solved for large groups of
EVs.

This formulation considers the selling of bulk energy and
spinning reserves which were not considered in [3], [7], and
[17]. It also allows asymmetric bidding of regulation up and
down as well as a biased POP in either direction, which were
not considered in [7] and [17]. Additionally, this formulation
allows bidding of capacities of energy and services less than the
available EV battery capacities. Unlike [17], the power losses
and gains due to dispatch of ancillary services are considered in
the formulation since they cannot be neglected with asymmetric
bidding. The formulation also considers EV driving behavior
with unexpected departures during scheduling periods which is
essential for an aggregator [9], [16].
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Additionally, algorithms for EV dispatch of regulation and
spinning reserves are developed, which were not considered in
[7] and [17]. These algorithms modulate the charging and dis-
charging rates of a single EV around a set point to follow the
regulation and responsive reserves signals received from the
system operator.
To test the efficacy of the algorithms, they are simulated

using hypothetical group of 10 000 commuter EVs in Houston,
TX. A group of 10 000 allows for determining the power per
vehicle with high certainty [16]. These simulations are over a
three-month period using the actual historical market data with
different EV battery replacement costs. Simulation results show
that even though the costs associated with battery degradation
are considerable, the aggregator receives significant profits
while keeping consumer costs for energy extremely low. In
addition to the extra flexibility provided, system peak load
is generally reduced due to the energy discharged from the
batteries.

III. PROBLEM FORMULATION

Optimization of V2G assets will be performed by aggregators
because aggregators will provide the interface between EVs and
the energy markets [5], whether the aggregator is a utility or a
third party. In this formulation, aggregator revenue comes from
three sources as shown in (1). These sources are a fixed rate on
energy delivered to the EV, the revenues from selling regula-
tion and responsive reserves (the term for spinning reserves in
the ERCOT market) capacity, and the revenues from selling en-
ergy. Since the dispatch of energy according to the regulation
and reserves signals cannot be known in advance, the expected
value of the final power draw is used when calculating the in-
come. The expected value of power draw is a function of the
POP in addition to the expected values of regulation down, reg-
ulation up, and responsive reserves. The calculation of the ex-
pected final power draw is given in (2)–(5).

(1)

(2)

(3)

(4)

(5)

where

(6)

(7)

(8)

The aggregator costs from performing V2G come from the
wholesale cost of energy which is delivered to the EVs and the
battery degradation associated from discharging. These costs
are shown in (9).

(9)

The first term in (9) is zero unless . The second
term is also zero unless .
The expected value of the reduction portion of the final power

draw and the degradation costs are given by

(10)

(11)

is used when calculating the cost of battery
degradation because it is a more conservative estimate of
discharge rate than what is given by . The first
term in (11) is the battery replacement cost normalized by the
battery replacement cost used in [18], [19]. This normalized
cost is multiplied by the degradation cost of a kWh of energy
throughput that was found in the same studies. While this value
is chemistry specific, it can be adapted for any chemistry that
would be used. However, characterizing the different battery
chemistry degradation costs is beyond the scope of this work
and though the value of the degradation will change with
chemistry, the formulation will not. Since this uses the average
cost of V2G dispatch calculated in [18], [19], the depth of
discharge effects are ignored. These can be included, however,
by breaking the constant slope into a piecewise linear slope.
The second term of the degradation cost is a balancing term

multiplied by the aggregator price of energy to account for the
differences in energy delivered to and taken from the battery
compared to what is measured at the meter. For example, if the
aggregator charges 4 kWh into the battery, with a 90% charging
efficiency then the customer is billed for kWh.
If the aggregator then discharges 4 kWh from the battery with
a 90% discharge efficiency, then the customer is paid for

kWh. Charging another 4 kWh hours to the battery
results in the customer being charged for 4.44 kWh again. In
this way the aggregator could increase its profits from energy
sales by charging and discharging the battery. The second term
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in the degradation costs, however, balances this so that there is
no incentive for the aggregator to overcharge the customers.
The constraints on the optimization are battery capacity

limits, charging station maximum current, customer-defined
minimum SOC limits for driving purposes, and system loading
limits. While customer preferences on SOC vary, a safe as-
sumption is that before the morning commute, at the start of the
aggregator scheduling day, the customer requires that the SOC
is enough for the morning and evening commute. Additionally,
after the morning commute, the SOC must at least always be
greater than that required for the evening commute as given in
(20). Another relatively safe assumption is that the customer
requires the car to be at least 99% charged by the morning
hours as given in (17).
This optimization problem can be formulated as a linear pro-

gram with the decision variables being the POP,MxAP,MnAP,
and RsRP of each EV. In order to eliminate the conditions on
some of the cost terms, the epigraph variable Deg is introduced
for each EV. Since an EV can depart unexpectedly during a
scheduling period, it is necessary for the aggregator to under
schedule capacity and then over dispatch when the EV departs.
This is done to compensate for the lost capacity. The compen-
sation factor is given by

(12)

In this study, is treated deterministically for large
numbers of EVs, which is allowable for groups of 10 000 or
more [16]. Also due to the departures of EVs, the aggregator’s
expected profits each hour will be decreased to only the number
of EVs remaining. The percentage of EVs remaining to perform
V2G in a particular hour is given by

if

if
(13)

The final problem formulation is

(14)

(15)

(16)

(17)

(18)

(19)

(20)

(21)

(22)

(23)

(24)

(25)

(26)

(27)

(28)

(29)

(30)

with

(31)

(32)

(33)

The term is to account for the energy discharged from
the battery due to the discharge efficiency and is similar to the
balancing term in the aggregator degradation costs. The system
loading constraint (30) ensures that the combined charging of
the EVs does not add to the forecasted system peak load as well
as limiting how much additional load can be added during other
hours. The necessity of this constraint is discussed in greater de-
tail in [3], [20]. Careful examination of the problem formulation
reveals that it is linear with respect to all of the decision vari-
ables and is hence a convex linear program.
Some EV owners are insensitive to price, however, and will

sometimes require to charge at peak load. This can be handled
under (30) by discharging from other EVs that have sufficient
capacity and time to supply extra power during the peak load
period. Since peak load often occurs during peak price, many
of the EVs will be discharging anyways. Price insensitive cus-
tomers may not desire to participate in V2G either, in which case
they may be charged real time prices by the aggregator.
Constraint (30), however, does not solve distribution system

overloads and poor voltage profiles as a result of EV charging
[8]. Some methods to solve these problems include charging
with the objective ofminimizing system losses, minimizing load
variance, or maximizing load factors [21], [22]. Those methods
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that are convex problems can be integrated into this formu-
lation by adapting the objective functions to additional con-
straints. Such constraints would be imposed by the distribution
system operator for specific feeders. This is possible for mini-
mizing load variance and maximizing load factor. Such adap-
tation, however, is beyond the scope of this work. If no distri-
bution system constraints are imposed, the final EV charging
profiles may need to be approved by the distribution system op-
erator. For very low penetrations of EVs with low clumping,
the optimal charging profiles should not be overly problematic
since (30) prevents charging coincident with peak loads.
This formulation assumes that the aggregator has accurate in-

formation on the EV driving patterns and battery SOC while
charging. This is possible with existing technology using sev-
eral methods. One method relies on machine learning of histor-
ical charge amounts and times to estimate the driving pattern
and initial battery SOC to a high degree of certainty. This is es-
pecially effective with commuter cars. The changes in SOC can
be calculated from the energy dispatched to the EV during the
charging period. Another method leverages the advanced con-
nectivity of EVs. Newer EVs have smart phone connectivity that
allows the owner to see the SOC as well as set the desired time
to finish charging [23]. This information could be provided to
the aggregator through another smart phone app to be used in
the optimization. A combination of these two methods is also
possible.

IV. ANCILLARY SERVICES ALGORITHMS

Once the capacities of each ancillary service are bid, the EVs
must then respond to the dispatch signals received from the
system. Ancillary services can be performed by EVs through
varying their charging rates around the POP [11], [12]. The POP
can be either positive or negative. The dispatch for regulation
up or responsive reserves can be a reduction in charging, an in-
crease in discharging, or a combination of the two. Similarly, the
regulation down dispatch is a reduction in the discharge rate, an
increase in the charging rate, or a combination of the two. These
algorithms work sequentially. For a given regulation and re-
sponsive reserve signal, the EV dispatch to follow the regulation
signal is first computed, and then the resulting power draw of the
EV is used to calculate its response to the responsive reserve
signal. The aggregator receives the signals from the system and
then calculates each EVs portion of the response to the signal,
and sends that resulting signal to the EVs. These calculations
occur in fractions of a second. Since the constraints ensure that
there is almost always adequate capacity to perform the dispatch
there is no dispatch of one service at the expense of the other.
Since there are no conflicts of service dispatch priority, the dis-
patches to the two services could also be independently com-
puted in parallel and added together yielding the same result.
The regulation and responsive reserves algorithms are shown in
Figs. 1 and 2. A graphical depiction of regulation and respon-
sive reserves capacities and dispatch is shown in Fig. 3.

V. SIMULATION

The algorithms are simulated over a three month period on
a hypothetical group of 10 000 EVs used by commuters in the
Houston area. This is a sufficiently large number to determine

Fig. 1. Regulation dispatch algorithm for an EV.

Fig. 2. Responsive reserves dispatch algorithm for an EV.

Fig. 3. Graphical depiction of a charging profile showing variable meanings.

the power capacities to a high degree of certainty [16]. Since
battery degradation costs are the most limiting factor to the prof-
itability of bidirectional V2G, three different replacement costs
are simulated, $200/kWh, $400/kWh, and $800/kWh, which is
in the range considered in [18], [19]. The system is simulated
in Matlab and the optimizations are solved using CVX [24].
A simulation day begins at 6 A.M.. The battery SOC from the
previous day is assigned as the initial SOC for the current day.
The study system uses net load, ancillary services deployments,
and market prices for energy, regulation, and responsive re-
serves from available ERCOT archives for the period of July
21, 2010 to October 20, 2010 [25]. Ancillary services bid stacks
are also taken from the archives over the same period and are
used to measure the impact of V2G ancillary services on the
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market prices of those services. The ancillary services deploy-
ments are given in five minute increments, which is adequate
for measuring energy delivered to the EV [3]. The net load and
prices are those from theHouston congestionmanagement zone.
Hourly net load forecasts and schedules are generated using the
method in [26], which adds an error to the actual hourly load
average. Day-ahead load forecasts are the actual load forecasts
used in the ERCOT system [25], and the day-ahead price fore-
casts are generated to statistically match the error distributions
found in [27]. Day-ahead ancillary services prices are forecasted
using a given-hour persistence forecast method. This method as-
sumes that the price for a given hour tomorrow will be the same
as it was for the given hour today. Mean absolute percentage
errors of this forecast method over the simulation time period
were less than 25% for each of the services bid.
Five different cars that are currently available for purchase

or lease are used to construct a hypothetical group for use in
the simulations. These are Tesla Roadster, Think City, BMW
MINI-E,Mitsubishi i-MiEV, and the Nissan Leaf. Of this group,
it is assumed that 5% of the vehicles are Tesla Roadsters, 20%
are Think Cities, 25% are i-MiEVs, 20% are MINI-Es, and 30%
are Leafs. EV charging and discharging efficiencies are assumed
to be 90%. The home and workplace chargers are assumed to be
rated at 240 V, 30 A [28], [29]. Though only battery electric ve-
hicles are used in this study, the algorithm will work equally
well with groups that include plug-in hybrids. Plug-in hybrids
may also have the ability to use their engines to produce elec-
tricity when the energy price is sufficiently high. For this case,
fuel costs and constraints would need to be added to the formu-
lation. The driving efficiencies, battery capacities, and other EV
specifications are given in [30]–[35].
Using data from the 2009 National Highway Travel Survey

[36] for urban Texas households, 100 different weekday and 100
weekend driving profiles are constructed. The EVs are randomly
assigned driving profiles in groups of 100. Each driving pro-
file has unique morning commute start and end times, evening
commute start and end times, and commute distances. Evening
commute times range from 4 P.M. to 7 P.M. and morning com-
mute times are between 6 A.M. and 9 A.M.. Weekend first daily
trips occur between 11 A.M. and 2 P.M. with the evening trips
occurring between 5 P.M. and 8 P.M.. Each hour that an EV is
traveling, it is unavailable to participate in V2G. All other times
the EVs are assumed plugged in and available.
Each hour of EV availability has an associated unplanned de-

parture probability. Such probabilities can be calculated over
time by examining driving behaviors. Since such detailed data is
not available in the NHTS set, the probabilities are estimated to
be a 10% chance of early departure during the weekday working
hours, and a 20% chance of an extra trip during the evening
hours. On weekends, the unexpected departure probability is
20% throughout the day. From 3 A.M. to 6 A.M., it is assumed
that all EVs are plugged in and available with a 0% chance of
unexpected departure. Using these probabilities, a set of depar-
tures was generated for each 5 min period in the simulation set
for consistency between the different simulation trials.
The aggregator rate of energy charged to the consumer is

$0.01/kWh. All of the degradation costs are paid to the customer
on a monthly basis. The aggregator pays the wholesale cost of
energy on the spot market and receives all revenues from selling

Fig. 4. Hourly ancillary services prices for August 2, 2010.

energy and ancillary services. It is assumed that communication
from the aggregator to the EVs is done on existing smart grid
communication channels [3].
This study highlights the possibilities for profits, ancillary ca-

pacities, and peak load shaving for large numbers of EVs if they
are equipped for bidirectional power flow and are optimally ag-
gregated. This is important to know for system planners who
must look several years into the future when making decisions
about infrastructure. Since Houston is a city that has a large
rollout of EV charging stations under the eVgo network [37], it
is not unrealistic to assume that mass V2G could also be adopted
there.

VI. RESULTS

For each day, the optimization is run each hour to find the op-
timal schedule for that hour. EV dispatches in response to the
system ancillary services signals are recorded every five min-
utes, which changes the level of the battery SOC. Each hour, the
new SOC is used when formulating the optimal dispatch for the
remaining hours in the dispatch period. Hourly load and prices
forecast errors are reduced by 4% to simulate improved fore-
casting with shorter time horizons.

A. Charging Profiles
Profiles of the POP and ancillary services capacities relative

to the POP are compared for August 2, 2010. This day was
chosen because the variations in energy and ancillary services
prices highlight the merits of the algorithm as well as the impact
of different battery degradation costs. Hourly ancillary services
prices for the day are shown in Fig. 4, and hourly energy prices
are shown in Fig. 5. It can be seen in Fig. 5 that the peak price is
over 10 times as high as the minimum price. Such a differential
is high enough to compensate for the battery degradation and
additional losses from a bulk discharge.
The charging and the ancillary services profiles are shown

in Figs. 6–8 for the three different battery replacement costs in
Section V. The main difference between the three is the amount
of energy sold at the daily high price at 4:00 P.M. With a re-
placement cost of $200/kWh, nearly 50 MW of energy is sold
to the grid. At $400/kWh, the amount sold is closer to 40 MW.
At $800/kWh, less than 20 MW are sold. The amount of reg-
ulation up capacity that is sold also reduces as the battery re-
placement costs increase. Generally, during the working hours
and for all replacement costs, the POP is slightly positive with
large amounts of regulation up capacity sold. At 2 P.M., when
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Fig. 5. Hourly energy price for August 2, 2010.

Fig. 6. Charging profile, ancillary services capacities and system load con-
straint for the algorithm with battery replacement costs of $200/kWh.

the price of responsive reserves is greater than that of regula-
tion up, only responsive reserves and a small amount of regu-
lation down are sold. At these hours, the system load constraint
prevents the POP from being raised to sell more capacity of re-
sponsive reserves. The time of the peak system load occurs at
the peak price and so energy is discharged from the batteries
which helps shave the peak. In the evening and night hours, the
POP is slightly positive again with higher capacities of regula-
tion down being sold. This is due to the high relative price of
regulation down and because the batteries need to be charged to
99%. The last few hours, no regulation up is sold as its expected
value of dispatch is higher than that of responsive reserves and
battery charging has a higher priority. The last hour the POP is
set at the maximum allowed to finish topping off the batteries.
These charging profiles show that the optimal behavior

seldom sets the POP at zero, usually bids asymmetric capacities
of regulation, and often biases the POP while selling ancillary
services.

B. Quarterly Results Summary

Examining the algorithms’ performance over the simulated
quarter reveals their benefits as well as the impact of the costs
of battery replacement. The quarterly aggregator profits are and
degradation costs are shown in Fig. 9. It is clear that the profits
to the aggregator are higher when the degradation cost is lower.
This is because the degradation payments to the customer are
lower. Also, if the battery cycling is reduced, there is less ca-
pacity to sell ancillary services, as shown in Fig. 10. In all cases
the yearly aggregator profits can be extrapolated from the quar-

Fig. 7. Charging profile, ancillary services capacities and system load con-
straint for the algorithm with battery replacement costs of $400/kWh.

Fig. 8. Charging profile, ancillary services capacities and system load con-
straint for the algorithm with battery replacement costs of $800/kWh.

Fig. 9. Quarterly aggregator profits and degradation costs for different battery
replacement costs.

terly results to be over $1 200 000. With degradation costs of
only $200/kWh the yearly profits are over $6 000 000.
The system benefits from the implementation of the algo-

rithms are also significant. From Fig. 10 it is clear that the
system gains tens of MW of regulation and reserves capacity
which can be used for balancing intermittent renewable energy
sources. This, however, is a small percentage of the average
capacity requests of 800 MW of each regulation up and down,
and 2300 MW of responsive reserves [25]. System ancillary
services prices also reduced by approximately 7%–8% de-
pending on the replacement cost of the battery. Additionally,
the system peak load is, on average, reduced through the dis-
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Fig. 10. Hourly average ancillary service capacity bid for different battery re-
placement costs. Resp Res represents responsive reserves.

Fig. 11. Average and maximum peak load increase for different battery re-
placement costs.

charge of energy at high prices as shown in Fig. 11. It can also
be seen that the lower the battery replacement costs, the greater
the peak shaving. Though the maximum peak load increase
during the quarter is over 15 MW, this is only due to forecast
errors when setting the load constraint.
The customers receive the benefit of being able to charge their

EVs for only $0.01/kWh, which is lower than the lowest retail
rates in the United States. This is a significant market-based
financial incentive which can aid in hastening the adoption of
EVs. Also, due to the minimum SOC constraint for the last hour,
the SOC is always over 98% for the whole group. The only
reason it is below the minimum 99% is due to regulation up and
responsive reserves dispatches greater than the expected values.

C. Cost-Benefit Analysis
A simple cost-benefit analysis is performed to see the max-

imum amount that the aggregator or the systemwould be willing
to pay for the capital costs of retrofitting the EVs for bidirec-
tional capability. The net present value (NPV) is calculated for
each EV by extrapolating the net revenues from energy and an-
cillary services to one year and using the NPV formula in [17]
for the expected life of the car. If the risk free rate is assumed
to be 1% and the expected life of the car is 10 years the NPV
is at most $6,082.80 per car and is strongly a function of bat-
tery replacement costs. The NPVs are shown in Table I. These
values, however, are only valid if the price of ancillary services
remains the same year to year, which is unlikely if EV adoption
increases dramatically.

VII. DISCUSSION

It is clear that optimal scheduling of V2G energy and ancil-
lary services provides significant benefits to all involved. How-
ever, there are several challenges in the implementation that
must be addressed. Currently, none of the consumer EVs that

TABLE I
NET PRESENT VALUE OF V2G PEAK SHAVING AND ANCILLARY SERVICES

are being produced has the capability to provide energy back
to the grid. There is also the problem of protection at the point
of interconnection. These two issues will require aftermarket
hardware, the cost of which may not be justified by the NPV
of V2G per car. Additionally, such aftermarket retrofits will
most likely void the manufacturer warranties on the batteries
[3]. Though the customers will be compensated for the cost of
degradation, they will have to purchase replacement batteries
more frequently, which is an inconvenience they may not want
to deal with [38].
Nevertheless, there are at least two cases where these algo-

rithms can be implemented which are not hindered by the chal-
lenges listed above. The first is the case of utility installed com-
munity energy storage (CES). This is often installed with the
intent of deferring infrastructure upgrades due to short term
overloads of feeders and transformers. Such discharge would
be analogous to the daily trips. The rest of the time, the utility
could optimally schedule their distributed CES using these al-
gorithms.
The other case is that of electric delivery trucks and vans

used for businesses. Such heavy duty EVs are often desired to
come with V2G capability for use as a backup power source at
warehouses and businesses [39]. In this case, all interconnection
and protection issues would already have been installed for the
backup system. From a business prospective, if it is more prof-
itable to replace the battery more frequently due to V2G opera-
tion, it will not be an inconvenience, but a welcome opportunity.

VIII. CONCLUSION

In this work an optimal scheduling algorithm for V2G energy
and ancillary services is formulated. This algorithm simultane-
ously schedules energy sales and multiple ancillary services. In
addition, algorithms for performing the V2G ancillary services
are developed. Simulation on the Houston area of the ERCOT
system using a group of 10 000 commuter EVs show that the
algorithms offer significant financial benefits to customers and
aggregators for different battery replacement costs. Additional
system flexibility as well as peak load reductions are also ob-
served, which can aid the system in integrating additional in-
termittent renewable energy sources. Though there are several
challenges that must be overcome before V2G can be fully im-
plemented at a commuter EV level, the cases of utility owned
CES and heavy duty commercial EVs are not hindered by those
challenges.
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