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Integrating plug-in electric vehicles (PEVs) into a smart grid can pose some challenges, particularly when a
significant number of these vehicles are simultaneously charged and discharged. However, smart management of
PEVs in a vehicle-to-grid (V2G) system can result in benefits to the grid such as load leveling, and cost reduction.
This paper proposes a unit commitment model for a V2G system connected to a smart power grid. The model
considers different penetration levels of PEVs and investigates the economic and technical effects of using PEVs
to support the grid. The proposed methodology incorporates controlled charging and discharging as well as
accounting for battery degradation in the unit commitment problem. The model is tested using an IEEE 24 bus
network to determine the impact of high PEV penetration on generation cost. A comparison between a system
without V2G and a system with V2G is presented to highlight the benefits of the proposed approach. The results
show that the optimal scheduling of PEVs leads to reduction in generation cost and is effective in leveling the
load profile through valley filling and peak load reduction.

1. Introduction
1.1. Aim and motivation

Rapid growth of energy demand has led to significant fossil fuel
consumption and greenhouse gas emissions. To address alarming levels
of greenhouse gas emissions, countries joined the Paris agreement to
limit the global temperature increase to 2 degrees Celsius [1]. However,
significant changes to major sources of emissions are needed to achieve
this goal. In the United States, transportation and power generation
account for roughly 55% of all greenhouse gas emissions [2]. Therefore,
it is necessary to investigate sustainable options for power grid opera-
tion and transportation systems. One option is the use of plug-in electric
vehicles (PEVs) as mobile energy storage units by intelligently sched-
uling their charging and discharging in a smart grid environment.

The projected growth of PEVs has the potential to introduce chal-
lenges to the operational stability of power systems [3]. These chal-
lenges can be mitigated by smart management of PEV energy demand
and by using PEV batteries as back-up power supply to maintain grid
stability [4-6]. Through bidirectional charging of PEVs, also known as
vehicle-to-grid (V2G), PEV batteries can act as either storage or load.
Other services that can be provided by bidirectional charging include
peak shaving, reduction of power grid losses, power grid failure
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recovery, maximization of profit, minimization of emissions, valley
filling, frequency, and voltage regulation [7]. Some drawbacks to bidi-
rectional charging include high investment cost compared to traditional
unidirectional stations, complicated hardware installation to support
bidirectional power flow, battery degradation issues and social barriers
[8,9]. Therefore, given the high replacement cost of PEV batteries, it is
necessary to account for battery degradation when developing optimi-
zation models for V2G systems.

Despite many studies on V2G optimization, including studies that
involve unit commitment (UC) with economic dispatch, the challenges
posed by high penetration of PEVs have not been adequately addressed
in the literature. In particular, there are gaps related to addressing the
degradation of vehicle batteries and considering driving patterns when
modeling V2G systems. To address the above deficiencies, this paper
proposes a unit commitment model for the optimization of a V2G system
connected to a smart power grid. The model considers different pene-
tration levels of PEVs in a system and investigates the economic and
technical effects of using PEVs to support the power grid. The model
incorporates the travel behavior of individual drivers into V2G optimi-
zation and the unit commitment problem with economic dispatch. This
paper makes the following contributions:

@ Development of comprehensive modeling for battery degradation
due to cycling from charging/discharging in a V2G system and
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Nomenclature

Sets

B Set of indices of bus connection matrix
I Set of indices of plug-in electric vehicles
G Set of indices of generating units

T Set of indices of time periods

Q Set of indices of network branches
Indices

b Column index of bus connection matrix
n Row index of bus connection matrix

i Index of plug-in electric vehicles

g Index of generating units

t Index of time periods

Binary Variables

cend;; Ending status of a cycle for vehicle i at time period t

cstart;;  Starting status of a cycle for vehicle i at time period t

Cot Charging status of vehicle i during time period t

dg, Discharging status of vehicle i during time period t

stable;;  Idle status of vehicle i during time period t

Ug, ON/OFF status of generating unit g during time period t

Yot Starting-up status of generating unit g during time period t

Zgt Shutting down status of generating unit g during time
period t

Variables

cycle; Total number of cycles of vehicle i

DOD;;  Depth of discharge of vehicle i during time period t

Fq Down time of generating unit g

Lg Up time of generating unit g

Py Active power of generating unit g

Py Active power between bus n and bus b

Ptotal,  Total active power due to charging during time period t

SOCi ¢ State of charge of vehicle i during time period t

socE;, State of charge at the end of a cycle of vehicle i during time
period t

s0cS; ¢ State of charge at the start of a cycle of vehicle i during

time period t

Shutdown,, Shutting-down cost of generating unit g during time
period t
Startup,, Starting-up cost of generating unit g during time period t

Parameters

ag Quadratic coefficient of fuel cost of generating unit g
b, Linear coefficient of fuel cost of generating unit g
abg Constant coefficient of fuel cost of generating unit g
arr; Arrival time of vehicle i

CB; Battery cost of vehicle i

cap; Battery capacity of vehicle i

Cdeg;,  Degradation cost of vehicle i during time period

costSD,  Shutting down cost of generating unit g

costST,  Starting up cost of generating unit g

dep; Departure time of vehicle i

DTy Time that unit g has been down before the planning
horizon

Fcosty,  Fuel cost of generating unit g during time period t

initial_soc; Initial state of charge of vehicle i
k Slope of the cost of battery degradation equation

minDT, Minimum down time for generating unit g

minUT, Minimum up time for generating unit g

Msoc; Minimum state of charge of vehicle i

N1 N2 Charging and discharging efficiencies

Pmax,  Maximum operating power limit for generating unit g
Pming Minimum operating power limit for generating unit g
Pry, Maximum power flow limit between bus n and bus b
RampDown, Ramp down power limit for generating unit g
RampUp, Ramp up power limit for generating unit g

SD, Shutdown power limit for generating unit g

SU, Startup power limit for generating unit g

Ugo Initial operating status of generating unit g

UTgo Time that unit g has been up before the planning horizon
Va Voltage magnitude at the bus

Op Voltage angle for bus b

Sn Voltage angle for bus n

Xnb Reactance of the branch connecting bus n and bus b

computation of the associated costs. This is typically neglected in UC
and V2G optimization studies leading to inaccurate cost models.

@ Incorporation of driving and charging/discharging behavior patterns
in V2G optimization. This has been shown to be highly correlated
with system flexibility. However, it is often overlooked.

1.2. Literature review

Unit commitment (UC) is a key optimization task in power systems
management to determine the optimal set of binary on/off status of the
available generating units that minimizes the total operation cost while
satisfying certain constraints over a short-term horizon. Traditional UC
problems are usually formulated as a mixed-integer non-linear program
(MINLP) subject to economic constraints [10]. UC problems have been
studied extensively in the literature and numerous models have been
proposed to formulate and solve the UC problem for conventional power
systems [11-13].

Several studies have proposed security constrained UC models for
bidirectional charging in smart power systems which is essential for the
independent system operator to make operational decisions [14-17]. In
security constrained problems, network characteristics and limits are
considered to ensure a physically feasible solution to the UC Problem

[18]. Hosseini Imani et al. [19] proposed a security-constrained UC
model considering cases with V2G and without V2G. The model was
applied to IEEE 6 and 33 bus systems and showed significant reduction
in the hourly operation cost when considering V2G. Sadeghian and
Wang [20] examined a power system that utilized combined heat and
power (CHP) units and PEVs in addition to conventional thermal
generating units to reduce the generation cost of the power system.
Their simulation model has 50,000 PEVs aggregated from various smart
parking lots in the system. Although V2G was considered to solve the
unit commitment problem, all vehicles were assumed to have the same
battery parameters. Yang et al. [21] introduced a binary symmetric
based hybrid meta-heuristic method for solving a mixed-integer unit
commitment problem with significant penetration of PEVs. The study
investigated a 10-unit power system with 50,000 plug-in electric vehi-
cles and considered unidirectional and bidirectional operation modes.
The results show that V2G was effective in reducing the cost of opera-
tion. Azari et al. [22] studied the effect of V2G on the operation cost and
locational marginal price (LMP) using IEEE 6 bus system. The ability of
the electric vehicle load demand to be delayed to a later period was able
to prevent the use of expensive units to generate power thus reducing
the line congestion and decreasing the LMP.

PEVs can also play a significant role in mitigating the risk of
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renewable energy volatility on grid operations. Cao and Zhao [23]
introduced a multi-objective security-constrained UC model that con-
siders wind power and V2G. Their simulation was conducted on the IEEE
24-bus system, and their model was effective in achieving peak load
shifting, reducing energy cost, and reducing the PEV owner’s electric
charges. In some studies, [24,25], Monte Carlo simulation was used to
account for the uncertain outputs of renewable sources, and meta-
heuristic algorithms were used to solve the UC problem. The findings
indicate that the use of PEVs led to a decrease in the total cost of power
generation in the system while reducing the impact of the uncertainty of
renewable sources. Yang et al. [26] proposed a multi-zone sampling
method to generate stochastic wind and solar generation profiles and
solved the UC problem with and without PEVs. Although the intelligent
scheduling of PEVs saved only 0.05 $/MW on average, PEVs provided a
relief to the uncertainty of the renewable energy resources. Vasiyullah
and Bharathidasan [27] proposed two-stage optimization model with
improved pre-prepared power demand to solve the UC problem for a
system with ten thermal units, renewable energy sources and PEVs. In
these studies, V2G has shown an average reduction in total cost of
generation ranging from 0.9% to 1.5% in comparison to uncontrolled
charging, but the cost of battery degradation was not considered.

It is important to study PEV driving behavior because it has a sig-
nificant impact on the distribution network and the utilization of the
charging infrastructure [28]. Uko et al. [29] proposed an economic
dispatch model considering the arrival time distribution of PEVs at
different buses and the cost of battery degradation to reduce the power
cost. Shamshirband et al. [30] considered driving behavior of PEVs with
different battery capacities and different load profiles. Although UC was
not considered in these studies, V2G was effective for frequency control.
To provide more accurate results on the impact of PEVs on the power
system, studies have incorporated driving information in the UC prob-
lem. Deng et al. [31] presented a dispatching strategy for balancing the
load demand considering dynamic driving and charging behaviors. Pan
et al. [32] considered the traveling behavior of PEVs on the security
constrained UC problem to achieve the best schedules for the V2G
dispatch. Ahrabi et al. [33] used Monte Carlo simulation to address the
uncertainty of driving behaviors. Ahmadi et al. [34] presented a multi-
objective security-constrained UC optimization model with determin-
istic driving profiles. These UC models were successful in accommoda-
ting the uncertainty of renewable energy sources and reducing the
power cost when compared to uncontrolled charging and discharging.

The rest of the paper is organized as follows: the mathematical
formulation of the proposed problem is presented in Section 2; Section 3
presents numerical results of UC problem scenarios of a smart grid with
unidirectional (charging only) and bidirectional (V2G) PEV scheduling.
Three PEV penetration levels for each scheduling method in addition to
the base UC problem with no PEVs are studied in this section. The total
cost of power generation, battery degradation cost and the energy pro-
files of the generating units are analyzed; Section 4 concludes the paper
and proposes some directions for future work.

2. Methodology

This paper considers a UC problem with different PEV penetration
levels to investigate the economic impact of using PEVs to support the
smart grid and the effect on leveling power system generation. The
proposed model considers the PEV drivers’ driving behavior and battery
degradation simultaneously [35]. In addition, this paper considers
vehicle physical properties in modeling the problem. For ease of
modeling, a discrete-time system is used to approximate the continuous-
time used for the simulation. A total of 48 intervals of 1 h each is used for
the simulation of a planning horizon of 2 days. All vehicle arrivals and
most departure occur during the first day. However, a second day is
added to capture the departure time of vehicles that arrive late on the
first day and cannot complete charging by the end of the first day. In this
paper, information such as the arrival and departure time of the PEVs as
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well as the vehicle characteristics are assumed to be known ahead of
time. Travel patterns, arrival and departure times as well as attributes
such as travel speed, average commute distance to several destinations,
and dwell time at each destination are all based on the National
Household Travel Survey (NHTS) historical travel data [36]. Informa-
tion on the vehicles’ physical properties is obtained from the U.S.
Department of Energy [37].

2.1. Mathematical formulation of the unit commitment problem

The optimization problem is tested using a modified IEEE 24 bus
system adapted from [38] as shown in Fig. 1. The system is composed of
24 buses, with 34 power lines and 10 generators. The PEV charging
stations have been randomly assigned to buses 1, 3, 15, 19 and 24 for
this study.

The following assumptions are made for the formulation of the unit
commitment problem.

1. The three-phase system is balanced, and voltage regulators,
transformers and switches are not considered.

2. Charging stations are in constant communication with each other
and are centrally controlled.

3. Each PEV departure time, desired minimum state of charge (SOC)
and target SOC at departure are known at time 0.

4. PEV discharging energy represents a proportion of PEV charging
energy in the V2G cases

5. Charging units are equipped with smart metering technology and
can directly access PEVs’ SOC. This is necessary to obtain the
dynamic SOC of PEVs.

6. The central controller is in constant communication with the
smart grid.

7. PEVs and loads are evenly distributed between buses and phases.

8. Power flow in the bus system is based on a DC power flow
framework. This assumption is made because DC power flow is
absolutely convergent which reduces the computational
complexity.

9. The angle of the slack bus and the susceptance between buses and
the ground are zero.

10. The voltage profile is flat for all buses and the voltage angle
difference between adjacent nodes is small.
11. Reactive power and transmission losses are not considered.

2.1.1. Objective function

Generally, fuel costs of thermal generators in an economic dispatch
problem are described as a quadratic function [39] shown in equation
(D).

Foost = 37 a,P2+ bP, + ab, e))

where G is the number of generating units; a,, b, and ab, are the cost
coefficients of the gth generating unit, and Py is the active output power
of the generating unit. The objective function of the proposed UC
problem is the summation of fuel costs, Fcost, startup costs, costST and
shutdown costs, costSD of thermal units, and the cost of battery degra-
dation, Cdeg;, for PEV i(i = 1,2, 3, ---.I) during time period t(t = 1,2, 3,
---.T) as shown in Equation (2) below.

G

>

g=1

+d,)*Cdeg;, (2)

[T
(g, *Fcosty,) + (Vg * costST,) + (z4,* costSD, ) + Z Z(C,_,

i t

-

where Ug¢,Yq . g, Cie and d;; are binary variables indicating generator
status, starting up, shutting down, charging, and discharging, respec-
tively. The objective function is subject to the following constraints:
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Fig. 1. Modified IEEE 24 Bus system.

2.1.2. Charging and discharging constraints
Equation (3) is a constraint specifying that charging and discharging
can only take place when the vehicle is available in the parking lot.

Ciy+diy =0V arr; <t <dep; 3)
where arr; and dep; are the arrival and departure time of vehicle i,
respectively. The constraint in equation (4) prevents charging and dis-
charging from occurring at the same time.

4

Equation (5) caps the upper limit of the SOC to 90% of the battery
capacity to limit battery degradation from overcharging. Based on
equation (6), a vehicle battery cannot be discharged if the SOC is below
the minimum required SOC.

cip+diy <1

soc;, < 0.9 *cap; 5)

d;;, =0V Msoc; > soc;, 6)
where cap; and Msoc; are the battery capacity and the minimum desired
SOC for vehicle i, respectively. Equation (7) shows the relationship be-
tween SOC in the current period and SOC in the preceding period based
on whether charging or discharging occurs.

soci; = soci,—1 + (ci* 1) — (di* 1) @
where 7, and 75, are the charging and discharging efficiencies, respec-
tively. The total power due to charging in each period is described in
Equation (8).

I
Ptotal, = Z Cit
i1

(8)

2.1.3. Power generating unit constraints

The total active power is determined by total non PEV load demand
and PEV load demand and supply. The formulation for this relationship
is expressed in Equations 9-26 where the load balance at the bus with
PEVs is accounted for by the operating power of generator P, non-PEV
loads and PEV loads. Because of the quadratic nature of the economic
dispatch problem, the model becomes a challenging non-linear optimi-
zation problem. The fuel cost function is linearized by dividing the cost

function into piece-wise linear segments. The fuel curve between the
intervals Pmin and Pmax is divided into equally sized linear intervals,
which, when aggregated, are an estimate of the quadratic cost function.
The precision of this linearized form can be increased by increasing the
number of intervals between Pmin and Pmax [40]. Equations (9) and
(10) are constraints that ensure that the generating unit operates within
the lower and upper operating limits.

Pmin, < P,, ©)

P,, < Pmax, (10)

Equations (11) and (12) ensure that generation units cannot start up
and shut down at the same time. Where ug, is a binary variable repre-
senting on and off state at 1 and 0, respectively. y,, is a binary variable
representing the start-up state and z,, is a binary variable representing
the shut-down state.

an

Yot — gt = Ugy — Ugs—1

Veut 20 <1 12)

Equations (13) and (14) calculate the cost of starting up and shutting
down the generator. Where y,, and z,, are binary variables for starting
up and shutting down, respectively.

Startup,, =y, *costST 13)

Shutdowng, = z,,*costSD, 14

Equations (15) to (22) impose availability limits on the generating
unit to satisfy the minimum up time and down time of the generating
units. Where L, and F, are the number of periods unit g must stay up and
down respectively. Initial conditions are assigned to all units to indicate
the initial operating status Uy, and the time that unit g has been up
UT,o or down DT, before the beginning of the planning horizon.
Minimum required up and down times, minUT and minDT ensure that
the minimum up time and down time have been reached. If the unit is on
at time (t —1) and turned off at time t, then the generated power at time
(t—1) should be less than the shutdown limit,SD,.

Lg
>

l—u,, =0vVgeG, Vtel, ... L, (15)
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L, = min{T, (minUT, — UT0)*U, o} 16)
LL'

Z[:lug.f — Y 20 a7

Sty 2y minUT ¥ g € G, V1 € 1, wveonsT — minUT, +2 (18)

Zzlug7,:0VgeG, Vi€l F, 19

Fy = min{T, (minDT, — DT0)*(1 — U,o)} (20)
F&’

szll — Uy —Zg, >0 (21)

S 1ty > 2 minDT ¥ g € G, V1 € 1, oo T —minDT, +2  (22)

Equation (23) ensures that a power drop from one period to the next
does not exceed the ramp down limit, RampDown,. In case of shutdown
in the next hour (t + 1), constraint (24) ensures power does not exceed
the shutdown limit SD,.

P11 — Pyt < ug *RampDown, + z,,*SD, (23)

P, < (”g.r — L+l )*Pmaxg + Zg41*SDy 24

If the unit is turned off in the previous hour and then turned on at
time t, then Py, cannot be more than start up limit, SU,. Equation (25)
specifies that an increase in power from one period to the other does not
exceed the ramp up limit, RampUp,.

Pyt < Pyt + (g1 *RampUp,) +y,,*SU, (25)

Equation (26) makes sure that the total power flow between the
buses is balanced in relation to both the PEV demand and supply, and
the non-PEV loads, Load;,.

B
ZPW — Load,,; — TotalEVDemand,,; + TotalEVSupply, , = ZP,,b (26)
b=1 nb

The scheduling of the PEVs during the optimization process occurs at
the buses where the PEVs are located. In this paper, DC power flow is
used as a linearization of AC power flow, therefore only active power is
considered. The power flow at node n for every branch in Q is specified
in equation (27).

B .
Pu=V,Y . Vi(Gu*cos(8u) + By sin(8,)) @7

Reactive power and transmission losses are neglected which means
line resistances are negligible. Therefore, the imaginary part G of
equation (27) is assumed to be zero. The susceptance between buses and
the ground is assumed to be zero and the imaginary part of the bus
admittance matrix, By, is approximated by the reciprocal of the reac-
tance (i.e., ﬁ). Furthermore, it is assumed that voltage magnitude V, is
1.0 p.u. for all buses and the voltage angle differences between adjacent
nodes are small (i.e., sin(6,) ~ 6, —&). As a result, the active power, Py
between bus n and bus b can be approximated by equation (28).

8, — 5y

Xnb

Py = ,I’lb €Q (28)

P, < Pry,,nb € Q (29)

where &, and &, are the voltage angles for buses b and n respectively.
Xpp is the reactance of the branch connecting bus b to n. Equation (29)
sets the upper power flow limit Pr,;, of the branch connecting bus b to n.
The angle of the slack bus in this case is assumed to be zero.

2.1.4. Battery degradation constraints
Battery degradation occurs due to calendar aging and cycling aging.
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Calendar aging degrades the battery over time and is caused mainly by
temperature while cycling aging is caused by charging and discharging
cycles [41]. Since cycling aging occurs during the V2G process due to
repeated deep cycling of the battery [42], this paper focuses on cycling
aging and does not consider calendar aging. A cycle occurs when a
battery discharges to a certain depth of discharge and then charges back
to the initial SOC at which the discharging began. To account for the cost
of battery degradation due to cycling, a linear model by Ortega-Vazquez
[43] has been adopted.

Let c;, di; and stable;; be variables that indicate when there is an
increase, a decrease, or no change in the SOC, respectively. Binary
variables cstart and cend are also introduced to represent the start and
end of a cycle respectively. Then equations 30-37 below are used to
define and account for cycles.

soci; —soci—y > 08¢, =1V i (30)
soci; —soci,| <0&d, =1Vi (31)
soc;; — soci,_| = 0& stable;, = 1V i (32)
¢iy+di+stable;,, = 1V i (33)
diy —d;1 +cstart;, —cend;; =0V it > 1 (34)
cstart;; =diy Vi (35)
chmrt,-,, = Zcend,; . (36)
. .
cycle; = Zcend,;, 37)
7

In equations 38-41, an auxiliary variable socS;, is introduced to
retain the value of the SOC when a cycle starts and socE;, retains the
value of the SOC at the end of the cycle. Equation (38) sets the starting
SOC to the initial SOC for a cycle that starts at the beginning of the
planning horizon; otherwise, the starting SOC is set to the SOC of the
battery at the beginning of the cycle according to equation (39).

socS;, = initial_soc; & cstart;; =1V i (38)
socS;; = soc;, < cstart;,;, = 1V it > 1 (39)
socS; = initial_soc; & d;; = 1V i (40)
socS;, = soci-1 & diy;, =1V i (41)
socE;, = soc;, < cend;, = 1V i,t 42)

Equation (40) ensures that the starting SOC for a cycle is set to the
initial SOC at the start of the cycle if discharging happens at first time
interval. If discharging begins at time t(t > 1), the starting SOC of the
cycle is set to the SOC of the battery at the end of the previous time
interval according to equation (41). Equation (42) determines the
ending SOC at the end of the cycle cend. DOD is calculated by subtracting
the SOC at the end of the cycle, socE;, from the SOC at the beginning of
the cycle socS;,, as shown in equation (43).

DOD;,; = socS;, — socE;, & cend;, = 1V i,t (43)

Lastly, Equation (44) calculates the battery degradation cost. Where
k represents the slope of the linear approximation of the battery life as a
function of the cycles. cap; is the battery capacity, CB; is the battery cost,
and DOD;, is the depth of discharge. The cost of batteries used for the
simulation is obtained from a study conducted by the U.S. International
Trade Commission [44].

k

DOD;,
100

cap;

*)k

Cdeg;, = CB; (44)
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3. Results and discussion

In this paper, two charging scenarios for PEVs namely unidirectional
(charging only) and bidirectional (V2G), are considered and integrated
into the UC problem. The proposed model is demonstrated using an IEEE
24-bus system with 10 generators, and 34 transmission lines. Seven
different cases are considered for this test system. The first case is a base
case where PEVs are not deployed. The results of the base case are used
as a benchmark to evaluate the effect of PEVs in the other cases
considered. In cases 2 to 4, three levels of PEVs penetration are simu-
lated in a system where unidirectional charging is implemented. This
means that on arrival at a charging station, the vehicles immediately
begin charging at the maximum charging rate of 6.6 kWh until their
desired SOC. In cases 5 to 7, the same levels of PEVs penetration
considered in cases 2 to 4 are examined with V2G implemented and
incorporating controlled scheduling of charging and discharging as well
as battery degradation costs. It is assumed that total PEV discharged
energy is at least a third of PEV charged energy. To demonstrate the
impact of large-scale deployment of PEVs, three penetration levels of
10,000, 100,000 and 1,000,000 PEVs are considered.

The travel pattern of 20,000 vehicles from the NHTS trips dataset is
analyzed, and the arrival time distribution for the vehicles is fitted non-
parametrically. The authors assume the PEV parking to include work,
school, daycare, shopping, as well as religious and leisure activities.
Fig. 2 shows the arrival time distribution of vehicles for the locations
mentioned above.

The dwell time, which is the time the vehicle spends at the parking
lot, is also obtained from the NHTS trips dataset. The time for vehicles’
departure is estimated as the sum of the arrival time and the dwell time.
Battery data including initial SOC, minimum required SOC, target SOC,
battery capacity and battery cost are generated based on the sales dis-
tribution of PEVs in the market obtained from [45]. Finally, PEVs are
randomly assigned to the selected buses. Network technical character-
istics, lines capacity, generation costs and the base UC model are ob-
tained from Soroudi [40]. This includes reactance and lines capacity for
the IEEE 24-bus network as shown in Table 1.

The mathematical model was implemented in the General Algebraic
Modeling System software (GAMS) as a mixed-integer linear program-
ming model (MILP) considering a 48-hour scheduling horizon with a
time step of one hour. CPLEX solver was utilized to solve the UC problem
using a PC with i7-7700K CPU and 16 GB RAM. Default options were
used for branch and cut method [46] with 0.5% optimality tolerance.
The branch-and-cut method generates a search tree of linear
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Table 1
Reactance and power flow limits for IEEE 24-bus network [40].

From To Xy (p.1) Pr,, (MVA) From To Xnp(p-1) Pry,, (MVA)
1 2 0.0139 500 11 13 0.0476 500
1 3 0.2112 500 11 14 0.0418 500
1 5 0.0845 500 12 13 0.0476 500
2 4 0.1267 500 12 23 0.0966 500
2 6 0.192 500 13 23 0.0865 500
3 9 0.119 500 14 16 0.0389 500
3 24 0.0839 500 15 16 0.0173 500
4 9 0.1037 500 15 21 0.0245 1000
5 10 0.0883 575 15 24 0.0519 500
6 10 0.0605 575 16 17 0.0259 500
7 8 0.0614 575 16 19 0.0231 500
8 9 0.1651 575 17 18 0.0144 500
8 10 0.1651 575 17 22 0.1053 500
9 11 0.0839 400 18 21 0.01295 1000
9 12 0.0839 400 19 2 0.0198 1000
10 11 0.0839 400 20 23 0.0108 1000
10 12 0.0839 400 21 22 0.0678 500

subproblems consisting of lower and upper bounds for the committed
thermal units at each hour. The tree is initialized to contain the root
subproblem which represents the entire UC problem without integrality
constraints. Cuts are generated for the root subproblem to find an
incumbent solution that satisfies all integrality constraints. Cuts repre-
sents constraints that are added to reduce the solution domain. The node
is solved again after adding cuts until no more constraints are violated. If
any constraint is violated during this procedure, the node becomes
infeasible, and the algorithm removes it from the tree. If the node is
feasible and the solution is better than the incumbent solution, the node
solution becomes the new incumbent. Otherwise, the algorithm gener-
ates two new nodes representing a new branch. Each feasible node so-
lution is compared to the incumbent solution and this procedure
continues until the percentage difference between the two solutions is
less than the predefined optimality tolerance.

3.1. Case 1- base case without PEVs

To evaluate the effect of aggregated PEVs on the UC problem, a base
case which does not include PEVs is considered. Fig. 3 shows the hourly
energy profile for each generating unit.

In this case, since PEVs are not considered in the test system, the
model minimizes the generation cost while meeting the load demand.
All generators start with their initial power generation values at the
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Fig. 2. Arrival distribution for vehicles.
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Fig. 3. Hourly energy supplied by generating units.

beginning of the scheduling horizon. Therefore, generator 4, which has
the lowest operating cost, remains operational the entire time while
more expensive generators such as generators 5 and 7 are shut down for
the rest of time. The optimal total cost of power generation in this case is
$420,079.1. As shown in Fig. 4, the system in the base case does not
consider load leveling and there is no evidence of peak shaving.

3.2. Case 2-4 UC problem with PEV charging only

When PEVs are incorporated into the system, the generators carry
out unit commitment to minimize the cost of power generation for
supplying both the PEV loads and non-PEV loads. Fig. 5 (a-c) shows the
hourly PEV and non-PEV demand and the total power generated during
the day for each penetration level. The introduction of PEVs in the
system in a charging only case causes significant increase in peak load
and total generated power especially at higher penetration levels. This
can be seen clearly in the case of 1,000,000 PEVs in Fig. 5c, where the
energy demand of PEVs significantly exceeds the non-PEV demand. The
additional load of PEVs is significantly higher than non-PEV load during
the peak hours and causes sharp increase in power generation.

Fig. 6a-c shows the behavior of the generating units during the
analysis period. Unsurprisingly, as the number of PEVs in the system

increases, more generators come online to address this additional load.
As can be seen from the results, charging patterns of 10,000 PEVs have
minimal impact on total non-PEV load demand and the behavior of the
generating units when compared to the base case. However, at higher
penetration levels PEVs have significant impact on the system as can be
seen in Fig. 5b and 5c. This results in more units being committed during
the day. In the case of one million PEVs, there is an additional ramp-up
of generator 4 to satisfy the sharp increase in demand.

In all cases, generator 4 which has the lowest operating cost operates
during the entire period compared to other generators such as genera-
tors 2, 6, and 9 that have high operating costs and therefore remain
mostly in a shutdown state to minimize the cost of generation in the first
two cases while remaining within their power capacity constraints. At
the highest level of penetration, all generators are committed during the
peak hours between hours 7 and 23 as shown in Fig. 6¢. The total cost of
power generation with unidirectional PEV charging is $422,029,
$439,133, and $627,949 for 10,000, 100,000 and 1,000,000 PEVs,
respectively.

3.3. Case 5-7 UC problem with PEVs and V2G

When V2G is incorporated into the UC model, PEV batteries act as
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energy storage in the system to support the generators during peak hours the total power generated curve, and the total non-PEV load demand
by discharging. Fig. 7a-c shows the power demand and supply of the curve shows that minimal peak shaving occurs between hours 18 and 19

system with V2G implemented at each penetration level. A closer look at with 10,000 PEVs. Significant load leveling can be observed at higher

10
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penetration levels. As can be observed, V2G implementation plays a
significant role in load leveling to support the grid during periods of high

load demand.

12

The unit commitment behavior of the generators in the V2G case are
shown in Fig. 8a-c. The impact of V2G can be observed in flattening the
generators profiles during the peak hours particularly in the system with
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Degradation cost (USD) Average Cost per unit energy ($/MWh)

Table 2
Results of different penetration levels.
Case Total generation cost (USD)
Base Case (no PEVs) 420,079
10,000 PEVs (charging only) 422,029
10,000 PEVs (V2G) 420,875
100,000 PEVs (charging only) 439,133
100,000 PEVs (V2G) 429,120
1,000,000 PEVs (charging only) 627,949
1,000,000 PEVs (V2G) 514,407

0 16.372
0 16.374
1,513 16.367
0 16.372
15,123 16.364
0 16.839
151,453 16.426

1,000,000 PEVs. as shown in Fig. 8a-c. At the highest level of PEV
penetration, all generators are committed during the peak hours while
V2G is providing additional capacity to the system. The additional ca-
pacity keeps the generation units operating at constant power level,
reduces ramping-up or avoids the cost of starting-up another generator
to satisfy the demand. The total cost of power generation by the thermal
units in a system with V2G is $420,875, $429,120, and $514,407 for
10,000, 100,000 and 1,000,000 PEVs, respectively.

Fig. 9 illustrates the hourly cost of battery degradation of PEVs
participating in the system at each penetration level. The degradation
cost considers the cost of the battery and the amount of cycling that
takes place during V2G. Therefore, an increase in the degradation cost is
seen in periods where there is a high discharging frequency. The total
cost of battery degradation for 10,000, 100,000 and 1,000,000 vehicles
are $1,513, $15,123, and $151,453, respectively.

3.4. Comparative analysis

Implementing the model successfully reduces the total cost of power
generation by the thermal units at each of the three penetration levels
when comparing V2G to the charging only scenario. An additional 566
MWh is introduced from the deployment of 100,000 PEVs with V2G
compared with the base case, and the peak load is reduced by 7.9 MWh
due to load leveling. In comparison, the charging only scenario adds
1163 MWh and increases the peak load by 74.5 MWh. With a million
PEVs in the system, the difference between the two scenarios in peak

load values is 512.5 MW or 34% reduction in peak load due to the
implementation of V2G. This significant load leveling and reduction in
power generation comes with additional battery degradation cost due to
discharging as presented in Table 2. However, this additional cost is
offset by reduction in power generation and by load leveling.

According to Table 2, the use of V2G for controlled charging and
discharging in this study reduced the total cost of power generation
when compared to the charging only cases by 0.3%, 2.3% and 18.1% for
10,000, 100,000, and 1,000,000 vehicles, respectively. Furthermore, the
three cases involving V2G maintained a lower average cost per unit
energy compared to the charging only cases with a maximum decrease
of 0.41 $/MWh at the highest level of penetration. The average cost per
unit energy in Table 2 is defined as the total cost of generation divided
by the total power produced by the 10 generators. Therefore, this value
does not consider the battery degradation cost. Considering battery
degradation cost increases the average cost per unit energy (in $/MWh)
in the V2G cases to 16.426 $/MWh, 16.940 $/MWh, and 21.263 $/MWh
for 10,000, 100,000 and 1,000,000 vehicles respectively.

Fig. 10 shows a comparison of the cost per unit energy values be-
tween the cases that involve PEV charging only and cases with V2G over
a range of penetration levels. A small improvement of 0.01 $/MWh in
cost per unit energy can be observed in the case of 100,000 vehicles with
V2G when compared to the charging only case, however significant
improvement of 0.41$/MWh can be observed with 1,000,000 vehicles.
In all cases, incorporating V2G results in lower total generation costs
compared to charging only scenarios. Fig. 10 shows that in all but 2 cases
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Fig. 10. Comparison of average cost per unit energy for different PEV penetration levels.
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(200,000 and 300,000 PEV cases), the V2G option outperforms the
charging only cases in terms of average cost per unit energy. In those two
cases, the differences in cost per unit energy between the V2G and
charging only scenarios are 0.084% and 0.006% for 200,000 and
300,000 PEVs respectively. The average cost per unit energy in Fig. 10
does not consider the cost of battery degradation. The cost of degrada-
tion when considered at the different penetration levels has a significant
impact on the economic feasibility of V2G for solving unit commitment.
Increasing the number of vehicles participating in V2G resulted in an
increase in battery degradation costs due to increased cycling of vehicle
batteries. The highest level of penetration with V2G incurs a total bat-
tery degradation cost of $151,453. Our results show clear evidence of
load leveling in V2G cases, especially at higher penetration levels. These
findings are similar to those in the literature [16,26,17] confirming that
load leveling is a clear benefit of implementing V2G which can be uti-
lized as an ancillary service to reduce the risk of line congestions in the
system. By delaying charging of PEVs to periods of lesser congestions or
power demand, V2G can result in valley filling and peak shaving of the
power profile as shown in Fig. 7a-c.

Similar studies have been selected from the literature for comparison
as shown in Table 3. The majority of the reviewed studies formulated the
UC problem as MILP or MINLP problems with DC power flow equations.
Different numbers of PEVs have been considered ranging between
10,000 and 250,000 vehicles. In Yang et al. [21], incorporating V2G into
the UC problem with 50,000 PEVs reduced the total generation cost by
2.04% when compared to the charging only case. In our study, the V2G
mode resulted in total generation cost that was 2.28% lower than the
charging only mode when 100,000 PEVs are considered. When
compared to the base case, our results show an increase of 2.15% (with
100,000 PEVs) in total generation cost due to the introduction of PEVs in
the system as an additional load when V2G is implemented. Zhu et al.
[49], reported 2.72% increase in total generation cost with 150,000
PEVs and Yang et al. [26] reported 0.29% increase with 50,000 PEVs.
Based on our findings, there is a 22.45% increase in generation cost
compared to the base case when the penetration level increases to
1,000,000 PEVs as can be seen in Table 3. Similar results have been
reported by Madzharov et al. [52], where the authors concluded that the
generation cost increases by 1% for every 10% increase in PEV pene-
tration. Vasiyullah and Bharathidasan [27] presented a nonlinear profit-
based UC model with renewable sources and 50,000 PEVs and reported
4.91% increase in generation cost due to the introduction of PEVs.

Table 3
A comparison of the proposed model with existing literature.
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Several of the reviewed studies reported a reduction in total cost
when compared to the base case due to including the cost of V2G
operation in the objective function as in [34,22,51,47,19,24], emission
costs as in [48], assuming that all PEVs obtain their energy requirement
from renewable energy sources as in [21,26], or considering spinning
reserve as in [50,16,25]. None of the reviewed models included the cost
of battery degradation which is a significant cost especially at high
penetration levels as our results show in Table 2. When the cost of
battery degradation is considered, the total cost for the V2G cases
compared to the base case increases by 5.75% and 58.51% for 100,000
and 1,000,000 PEVs respectively.

4. Conclusion

In this paper, a unit commitment problem with controlled V2G
framework was developed to study the impact of high penetration levels
of PEVs on the grid. A robust driving and charging/discharging behavior
pattern method is used to generate different scenarios from historical
data. In addition, battery degradation due to cycling from charging/
discharging is considered. The economic impact of multiple cases with
different penetration levels are evaluated with and without V2G. The
results reveal that in all cases, the management of PEV charging and
discharging reduces the total cost of power generation when compared
to the charging only scenario. In all but two of the ten levels of PEV
penetration evaluated, the V2G scenario reduces the average cost per
unit energy compared to the charging only scenario. In both cases where
the average cost per unit energy is higher for the V2G setup, the dif-
ference is very small (0.084% and 0.006%) and lower total generation
cost is realized with V2G compared to the charging only cases. Although
the use of V2G does not result in a significant reduction in cost per unit
energy when compared to the base case, the proposed model has suc-
cessfully maintained the cost per unit energy at the same level with
minimal increase, despite the quadratic energy generation cost (see
Equation (1)). The cost of degradation, when considered at the different
penetration levels, has a significant impact on the economic feasibility of
V2G. PEVs in the system contribute to load leveling which is desirable
for power systems. This ancillary service can be very useful in systems
that are prone to congestions or overloading. At the highest level of
penetration, the model in this study shows that controlled V2G opera-
tion is capable of significantly reducing the total generation cost by
18.08% compared to the charging only case. Load leveling during peak

Reference UC Formulation Deterministic / Stochastic #PEVs (1000) Cost of generation ($) Difference (%)
Without PEVs With V2G
[21] MINLP Deterministic 50 563,937 556,343 1.35%
[22] MILP Deterministic 10 136,335 134,345 1.46%
[24] MINLP Deterministic 40 563,839 554,451 1.67%
[19] MILP Deterministic 10 162,423 157,239 3.19%
[34] MILP Deterministic 10 136,335 114,975 15.67%
[16] MILP Stochastic 10 119,261 105,331 11.68%
[25] MINLP Stochastic 50 563,979 561,665 0.41%
[47] MILP Deterministic 10 117,180 112,360 4.11%
[48] MILP Stochastic 25 556,118 542,592 2.43%
[26] MINLP Deterministic 50 563,937 565,572 —0.29%
[49] MINLP Deterministic 150 563,937 579,255 —2.72%
[50] MINLP Stochastic 50 719,152 677,188 5.84%
[51] MINLP Deterministic 240 564,714 557,554 1.27%
[27] MINLP Deterministic 50 533,187 559,367 —4.91%
Proposed Model MILP Deterministic 100 420,079 429,120 -2.15
1000 420,079 514, 407 -22.45%
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hours can be observed in all cases which results in reduction of peak load
and steady operating levels for generators. This is significant to reduce
ramping-up or starting up additional units for a short amount of time to
satisfy any sudden increase in demand.

The effect of single-phase car chargers on grid operation is outside
the scope of this paper. The solution proposed in this study assumes a
commercial charging station serving a large number of vehicles. Such a
commercial facility would use well-known three phase balancing tech-
niques, including active load balancers. A possible extension to this
work involves considering a simulation with a larger unbalanced sys-
tem. The authors anticipate that considering a larger unbalanced system
will result in power losses and an increase in total generation cost.
Another extension to this study is the consideration of renewable energy
resources in the UC problem. PEV batteries can be useful as a reservoir to
store renewable energy during periods of excess generation for use in
periods when the renewable energy is not operational. Furthermore,
future work can analyze emissions cost from the use of thermal gener-
ators. This will require the emissions data of the specific generators used
in the system. Emissions and cost objectives that might be conflicting
can be accounted for as multi-objective scenarios.
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