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Resource Efficient Vehicle-to-Grid (V2G)
Communication Systems for Electric Vehicle
Enabled Microgrids
Ifiok A. Umoren, Muhammad Z. Shakir, Senior Member, IEEE, and Hina Tabassum, Senior Member, IEEE

Abstract—Intelligent vehicular communication is fundamental
to manage vehicle-to-grid (V2G) interaction, where electric vehicles (EVs) provide energy to balance demand of critical loads
(CLs). We propose resource efficiency (RE) to exploit the tradeoff
between spectral efficiency (SE) and cost efficiency (CE) of EVs
in a V2G communication network. The CE is the data rate of
the V2G channel between EVs and base station (BS) over the
operating cost of EVs to supply energy to CLs. We consider
maximizing the RE in the downlink of a V2G communication
network, where EVs are served by a BS and associated with CLs,
while satisfying energy demand and charging station constraints.
As the proposed RE problem is inherently non-convex and known
to be NP-hard, we develop a suboptimal scheme based on a twophase algorithm. Phase 1 derives optimum EV-CL association
using a heuristic approach, while phase 2 finds optimum power
allocation using geometric programming. We then derive upper
and lower bounds to the optimal RE as a benchmark to study the
performance gap of the suboptimal scheme. Simulation results
demonstrate that the proposed suboptimal scheme is close to the
optimal solution, while its complexity is relatively low, making it
promising for V2G applications.
Index Terms—Electric vehicle, vehicle-to-grid (V2G) communication, resource efficiency, convex optimization, microgrid,
electric vehicle as a service (EVaaS).

I. I NTRODUCTION
The growing popularity of electric vehicles (EVs) suggests
that they could become key players towards unlocking future sustainable transportation and energy systems. EVs have
numerous features, most notably the ability to be used as
a service for intelligent transportation systems [1] and the
electricity grid [2]. Vehicle-to-grid (V2G) technology enables
EVs to interact with the electricity grid, where energy stored in
the EV battery is supplied back to the grid to fulfill additional
peak demand and mitigate the severity of power outages [3].
The traditional way of transporting the stored energy (from EV
battery to consumer) through the grid leads to network losses
and increased energy costs [4]. Network losses and energy
costs can be reduced if EVs store, transport and supply the
energy directly to the critical loads (CLs) [5]. This system
requires a tightly controlled spectrum for reliable communication between EVs and the microgrid through the base station
(BS) [6]. The system would need information about EVs
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such as battery capacity, energy price and location information
to intelligently manage the energy resources distributed over
large geographical areas. Transmitting this information over
efficient wireless communication links is a crucial requirement
for successful V2G interaction.
A. Background
The standard protocols for communication over long distances in vehicular networks are IEEE 802.11p and WiMAX
technologies [7]. The IEEE 802.11p standard and mobile
WiMAX (based on IEEE 802.16e standard) have been investigated as a media for vehicular communication [8], [9].
IEEE 802.11p technology is the popular standard for vehicular
networks, offering a coverage area of up to 1km, data rates
of up to 54 Mbps and latency as low as 50 ms. On the other
hand, WiMAX technology possess similar features as IEEE
802.11p but offers longer range communication of up to 5km,
higher data transfer speed of up to 100 Mbps and very low
delays between 25-40 ms, which is suitable for V2G applications. The mobility mode of WiMAX standard is based on
orthogonal frequency-division multiple access (OFDMA) that
provides flexibility in radio resource management (RRM) and
robustness against adverse effects of multipath fading. With
OFDMA, exclusive channel assignment eliminates intracell
interference, in which subchannels are allotted to a maximum
of one EV in each cell at any given time [10].
RRM plays a major role in the performance of vehicular
communication networks [11], [12]. The nature of the vehicular communication links based on the radio channel and
the access to the shared resources causes variable available
bandwidth, latency and data rate. This could prevent the
correct operation of V2G applications. The V2G network
needs to be fast and efficient in order to support the increasing
number of EVs expected to participate in V2G. Spectral
efficiency (SE) is one of the key performance metrics in the
design and optimization of wireless communication networks.
It is an essential performance metric for evaluating the effectiveness of V2G networks. Cost efficiency (CE) is another
performance indicator which measures the data rate of the
V2G channel between EVs and BS over the operating cost
of EVs expected to supply energy to CLs. Optimizing the SE
does not actualise a cost-efficient V2G system, likewise, costeffective optimization does not achieve a spectrum-efficient
V2G communication link. Hence, taking cost efficiency into
consideration while achieving spectrum efficiency is both
challenging and desirable.
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A number of recent works have focused on the use of
wireless communication between EVs and the microgrid for
V2G management [13]–[20]. An EV based V2G integrating
virtual plant architecture is outlined in [13]. The study is
focused on the V2G communication requirement to gather
data from EVs, the electricity grid, energy generators, and
other grid subsystems as well as to communicate with EVs
for control purposes. In [14], a framework for enabling IP
communications in mobile V2G environments is introduced.
The technologies, block components and protocols needed
for IPV6 support in V2G communications were specified. A
smart charging management system for EVs charging station
is proposed in [15], which consists of a centralized management system and single-node charging controllers. The system
obtains charging data and transmits control instructions to the
BS via GPRS and ZigBee. An EV charging scheduling scheme
is developed in [16], considering the impact of data communication unavailability on the scheduling performance of a
charging station. An optimization problem is then formulated
and solved for an optimal policy that minimizes the cost due
to performance degradation and power consumption.
In [17], two IEEE 802.11p-based quality of service schemes
that enable EVs and smart grid interaction are presented for
EV charging coordination and control. Using access points
(APs), informed decision can be taken on which EV receives
highest priority to access the communication link based on EV
battery level, and availability and electricity cost at different
charging stations. In [18], the average delay time for a group
of charging EVs covered by one AP is modeled, based on
Markov chain representation for the wireless IEEE 802.11
MAC protocol. The model further considers the effect of
a lossy wireless link between charging EVs and the AP
and its impact on the delay. An EV charging management
scheme utilizing vehicular communication between EVs and
APs based on IEEE 1609 WAVE and IEC 61850 standards
is proposed in [19]. Using data obtained from participating
EVs and by implementing a smart scheduling scheme, EVs
that critically need power supply are catered for. A softwaredefined networking-based control scheme is developed in [20]
for vehicular communication networks. The scheme obtains
optimal association of vehicles with APs and further allocates
appropriate transmission rates for both LTE and Wi-Fi communication to maximize the overall system quality of experience. Most contributions to RRM for V2G communication
networks focus on EV charging coordination; to the best of our
knowledge, the use of V2G communication for EV discharging
management where EVs are associated with CL has not been
studied in the literature in this context.
B. Our Contributions
This work is an extension of our work in [2], where the V2G
communication network of the electric vehicle as a service
(EVaaS) framework was not studied. In this paper, we present
an intelligent vehicular communication system to support
EV interaction with the electricity grid. We focus on the
resource efficiency (RE) optimization which selects suitable
EVs with efficient V2G communication links and operating

costs for balancing short-term demand supply mismatch and
mitigating the severity of prolonged outages in a microgrid.
EV data including location information, battery capacity and
discharge efficiency, as well as CL location information and
energy demand is needed for the association, which takes
energy balance and charging station constraints into account.
Charging stations are utilized as sources for associated EVs
to provide power to the CL. The major contributions of this
paper are as follows.
• We propose RE to exploit the tradeoff between spectral
efficiency (SE) and cost efficiency (CE) of EVs associated
with CLs, with a weighting coefficient controlling the
balance between SE and CE. The RE is then formulated
as an optimization problem under CL energy demand and
charging station constraints.
• The optimization problem is known to be NP-hard, posing difficulties in finding the optimal solution. Towards
solving this optimization problem, we derive upper and
lower bounds to the optimal RE. We then develop a
less complex suboptimal scheme, based on a two-phase
algorithm, to solve the proposed RE problem. For a fixed
transmit power allocation, phase 1 finds the optimal EVCL association using a heuristic approach, and subsequently, with this obtained EV-CL association solution,
phase 2 derives the optimum transmit power allocation
solution using geometric programming (GP).
• Simulation results demonstrate that the strategy is effective in matching EV with CL on demand, thus achieving better utilization of EV battery capacity. Numerical
results reveal that the proposed suboptimal scheme is
close to the optimal solution, while its complexity is
relatively low, making it applicable to V2G wireless
communication networks and particularly promising to
EVaaS application.
The rest of the paper is organized as follows. In Section
II, the system model is described, as well as the spectralefficient and cost-efficient only designs. We formulate the
RE optimization problem in Section III. In Section IV, we
derive an upper bound on the optimal solution to jointly solve
the optimization problem. In Section V, a suboptimal scheme
with low complexity is proposed, its algorithm explained
and its computational complexity analysed. Simulation results
and their analysis are provided in Section VI, followed by
concluding remarks in Section VII.
II. S YSTEM M ODEL
A. System Description
The EVaaS system comprises of electrical and communication networks, however the latter is the system under
study. The EVaaS communication network, as shown in
Fig. 1, consists of BS, EVs, CLs, microgrid central controller
(MGCC) and smart meters. All EVs are connected with BS
through dedicated V2G communication channels. We assume
the wireless link between EVs and the BS is based on WiMAX
standard. Meanwhile, each CL communicates with BS to
gather the status information about EVs. Information regarding
EV location or where it will be in the next time frame, the
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γi (pi ) =

pi Hi
N0 bi


,

(1)

where N0 is the noise spectral density. Without loss of
generality, noise spectral density is assumed to be equal for
all EVs. It will be recalled that there is no interference among
EVs due to assumption of OFDMA. The data rate of the ith
EV can be calculated by Shannon capacity formula as
ri (pi ) = bi log2 (1 + γi (pi )).

(2)

B. Performance Metrics
Fig. 1: EVaaS communication network consisting of a base
station serving several electric vehicles.

amount of time and available energy to transport EV to CL,
the amount of energy that will be reserved for trading and
subsequently transporting EV back to its destination or a
suitable charging station are essential for scheduling EV with
the CL. The smart meter measures electricity consumption and
responds to remote command operations, while the MGCC
facilitates the automated coordinated operation between EVs
and CLs. The MGCC also carries out various functions including demand response activities, economical scheduling of
charging/discharging EVs and forecasting studies.
We consider the downlink of a V2G communication network, where the coverage of a specific area is provided by
a single BS. The sets of EVs, CLs and BS are denoted as
i = {1, 2, ..., I}, j = {1, 2, ..., J} and k = {1, 2, ..., K},
respectively. The total available bandwidth, Btot , is divided
into N subchannels, with the bandwidth of the ith EV bi =
(Btot /N ). With OFDMA, an exclusive channel assignment is
assumed in each cell, i.e., subchannel cannot be assigned to
more than one EV at any given time, to avoid interference
among different EVs. It is to be noted that we investigate a
scenario where the EVs are connected to a single serving base
station at any given time and each BS optimizes its resources
as if it was insulated from the others. Therefore, we have
assumed no intercell interference from neighbouring BSs. We
assume that the distribution of BS, EVs and CLs does not
change for time duration T (e.g., T = 10 ms), and thus we
study their association considering the active EVs during the
time interval [0 T ].
The propagation channel between BS to EV is subject to
Rayleigh fading, log-normal shadowing and a distant dependent path loss. We denote the channel gain between BS and
2
EV as Hi , which is modelled as Hi = |hi |2 d−ξ
ik , where |hi |
denotes the composite channel gain between BS and EV due
to Rayleigh fading and log-normal shadowing, ξ is the pathloss exponent, and dik is the distance between the kth BS and
ith EV.
We denote the transmit power allocated to the ith EV over
the V2G channel as pi . Assuming full channel information is
known at the BS and EV, the received signal-to-noise ratio
(SNR) at the ith EV is expressed as:

1) Spectral Efficiency: The SE refers to the data rate
transmitted over the V2G channel between EVs and BS over
the bandwidth of the EVs. The spectral efficiency of the ith
EV can be written as
ri (pi )
.
(3)
bi
2) Cost Efficiency: The CE refers to the date rate of the
V2G channel between EVs and BS over the operating cost of
EVs expected to supply energy to CLs. The operating cost is
the total amount to deploy EVs as distributed generators in a
microgrid to supply CLs. The operating cost here includes the
energy cost and the transportation cost to CL from the current
location of EVs. The energy cost should cover the charge cost
and compensate battery related losses incurred during during
EV-CL interaction, to avoid making financial losses from
EVaaS participation. Similarly, the transportation cost should
cover transportation related liabilities. Factors used to calculate
transportation fares include cost of vehicle parts, labour, road
tax, insurance, fuel (energy) and average energy consumption
rate (0.2 kWh per km) [21]. Considering these factors, we
have assumed a transportation tariff for participating EVs. The
operating cost is formulated as
SE i =

Cij = ECi vij + T Ci dij ,

(4)

where vij denotes the amount of energy of the ith EV, in kWh,
which is the on-demand battery capacity vci multiplied by the
discharge efficiency efi of the battery (vij = vci · efi ); ECi
denotes the unit energy cost of the ith EV, measured in British
Pounds (£) per kWh; T Ci denotes the unit transportation cost
of the ith EV, measured in British Pounds (£) per km; dij
denotes the estimated transportation distance between the ith
EV and jth CL, in km.
The cost efficiency, measured in bits per second/British
Pounds (£), can be written as
CE ij =

ri (pi )
.
Cij

(5)

III. R ESOURCE E FFICIENCY P ROBLEM F ORMULATION
The RE exploits the tradeoff between spectral efficiency and
cost efficiency. The objective of the optimization problem is to
maximize the two objective functions, SE and CE, while satisfying all inequality and equality constraints. Considering the
inconsistency of metric units for CE and SE, it is inappropriate
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to directly add CE and SE. Moreover, a simple summation
of CE and SE will tend to focus the optimization problem
on CE, since the operating cost Cij is numerically smaller
than the bandwidth bi . Similar to [22], we now introduce a
normalization constant β 0 = β(Btot /Ctot ), where Btot /Ctot
acts as unit normalizer for SE and CE, while the weight factor
β controls the balance of SE and CE.
Hence, the RE can be defined as


ηC
ri (pi )
1+β
,
(6)
RE ij =
Cij
ηB
where ηC and ηB denotes operating cost utilization and
bandwidth utilization, respectively, given by
Cij
ηC =
,
Ctot

bi
ηB =
.
Btot

(7)

By substituting (7) in (6), we have
RE ij = CE ij + β 0 SE i .

(8)

Notably, due to normalization factor Btot /Ctot , the unit of
the proposed RE is bps/£, which is still the same as CE. On the
other hand, the weight between CE and SE is β, such that the
RE will optimize CE when β = 0, while SE will be optimized
when β = ∞. Choosing appropriate weight is then up to
the decision maker, since there is no a priori correspondence
between a solution vector and a weight vector [22]. Therefore,
without loss of generality, β is considered as a constant in our
RE optimization problem.
Consider the system shown in Fig. 1, where EVs, CLs
and BS are independently and identically distributed in a
square region of area Ar . We model their locations as a
binomial point process (BPP) [23]. This provides uniformly
distributed random points of EVs, CLs and BS denoted as
(xi , yi ), (xj , yj ) and (xk , yk ), respectively. From the fixed
positions of EVs, CLs and BS, the distance dij = |xi −
xj | + |y
pi − yj | between ith EV and jth CL and distance
dik = ((xi − xk )2 + (yi − yk )2 ) between ith EV and kth
BS is derived.
The association between EVs and CLs is constrained by
some limiting factors, and would vary with changes in these
factors. Hence, out of the available EV-CL pairs only few can
be associated. The following discussion introduces the limiting
factors of the system and then formulates the association
problem of EVs and CLs based on those factors. αij is an entry
of (I × J) association matrix α that defines the association of
EVs and CLs as follows:
(
1, if ith EV is assigned to jth CL,
αij =
(9)
0, otherwise.
The objective is to maximize the RE of EVs serving CL demand, provided they have available energy and are connected
over efficient V2G communication links. The generalised RE
optimization problem can be formulated as
max

αij ,pi

I X
J
X

ri (pi )
αij
Cij
i=1 j=1



ηC
1+β
ηB


(10)

Subject to
C1 :

C2 :

C3 :

C4 :

I
X
i=1
I
X
i=1
I
X
i=1
J
X

αij vij ≥ Vj , ∀j
pi ≤ Pmax
αij ≤ CSj , ∀j
αij ≤ 1, ∀i.

i=j

The energy supplied by the EVs must satisfy CL demand
and the system losses, however there is no loss of load
being considered. This can be written as C1, where the sum
available energy from associated EVs vij equals or exceeds
the CL demand Vj . Since the total transmit power of the
BS is nonnegative and limited, the sum transmit power to all
associated EVs is constrained by C2, where Pmax denotes
the maximum transmit power at the base station for downlink
transmission. C3 shows that jth CL can maintain a maximum
number of discharging EVs as per charging station limit CSj .
C4 imposes that each EV can be associated to a maximum of
one CL.
IV. O PTIMAL R ESOURCE E FFICIENCY S CHEMES
The optimization problem introduced in (10) is a combinatorial mixed-integer non-linear programming (MINLP) problem.
It has a non-convex objective function and involves nonlinear constraints with binary and continuous variables, i.e.
αij and pi , respectively. That is to say, (10) is a general
NP-hard optimization problem. Therefore, even for small setups, it is generally very hard to solve the original problem
in reasonable time based on branch-and-bound or exhaustive
search techniques. Thus, we propose a decomposition of the
original MINLP problem into a mixed-integer linear programming (MILP) and a non-linear programming (NLP) problem.
The MILP problem associates optimum EVs with CL, while
the NLP problem derives the optimum transmit power allocation over the V2G communication network. Considering this
approach, solutions can be obtained in desired computational
times as discussed next.
A. Optimal Resource Efficiency in High Signal to Noise
Regime
The optimal solution for (10) can be computed in the
high SNR regime by an exhaustive search over all possible
combination of the association, assuming perfect knowledge
of channel gains at MGCC. For each possible association,
optimum transmit powers can be computed by transforming
(10) into a GP [24]. It should be noted that transmit power
allocation problem is in itself a known non-convex problem for
the general SNR regime [25]. But in a high SNR regime, it can
be reformulated as a convex GP problem where the objective
is to minimize a posynomial. For a fixed set of association
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variables and considering a high SNR regime, the objective
function in (10) can be rewritten as follows
max

max
pi

I X
J
X

αij ,pi


αij log2

i=1 j=1

pi Hi
N0 bi + ψ



1
β ηC
+
Cij
Cij ηB



min
pi

0
αij
log2

i=1 j=1



N0 bi + ψ
pi Hi


,

(12)



0
C
and ψ is a constant. Equivwhere αij
= αij C1ij + Cβij ηηB
alently, (12) can be reformulated for high SNR regime as
follows
0

min
pi

log2

α
J 
I Y
Y
N0 bi + ψ ij
i=1 j=1

pi Hi

(13)

subject to: C2.
Note that the denominator in (13) is a monomial and the
numerator is a posynomial. The ratio of a posynomial to a
monomial is also a posynomial. The problem formulated in
(13) is a GP problem in standard form that can be solved
optimally through efficient interior point methods [26] after
performing the logarithmic transformation of variables [25].
This will be used later on to derive optimum transmit power
allocation. Due to extreme high computational complexity
associated with exhaustive search-based EV-CL association
phase, it is not recommended to compute the optimal solution. Additionally, the GP-based transmit power allocation
is restricted by high SNR assumption and centralized timeconsuming computations. In respect to the aforementioned
facts, developing bounds and suboptimal RE schemes with
reasonable computational complexity is desirable.
B. Upper Bound on the Optimal Resource Efficiency
An alternative approach to make the problem (10) more
tractable is to use linear programming relaxation. This relaxation technique has been frequently used in the context
of subchannel assignment in multiuser OFDMA systems to
convert mixed-integer programming problems into convex
optimization problems [22], [27]–[30]. Unlike the previous
definition where αij ∈ {0, 1} indicates whether the ith EV is
associated to the jth CL, we need to relax the binary constraint
on the association matrix αij as
0 ≤ αij ≤ 1,


αij log2 1 +

i=1 j=1

pi Hi
αij N0 bi



1
β ηC
+
Cij
Cij ηB

(14)

so the entries of the association matrix are continuous and can
vary between 0 and 1. The fractional αij can be interpreted as
time domain sharing of charging stations at the CL. The sharing factor converts (10) into a convex optimization problem,
as illustrated in the following:



(15)

.

(11)
Maximizing the SNR is equivalent to minimizing the noiseto-signal ratio
I X
J
X

I X
J
X

subject to: C1 - C4.
Evidently, by relaxing αij as (14) and reformulating the
RE objective function in (15), the RE optimization problem
produces an upper bound on the RE of (10), although it
does not always yield a solution where αij is either 0 or 1.
Recall that C4 along with the binary condition (9) previously
restricted each EV to be associated to a maximum of one
CL only. This relaxation allows for the association problem
to be solved using standard convex optimization techniques
[31]. The complexity of the solution of (15) is comparably
high to apply in practical V2G communication systems. More
importantly, the solution of (15) is infeasible because the
sharing factor αij (continuous between 0 and 1) means that
an EV can be associated to multiple CLs, which is not the
case of our considered problem, according to C4. However,
we can take the solution as an upper bound of the optimization
problem (10) to benchmark the performance of the other
schemes.
V. S UBOPTIMAL R ESOURCE E FFICIENCY S CHEMES
Convex programming is numerically stable but its computational complexity relies on the number of optimization
variables, which can be large if the number of EVs and
CLs are large. To tackle the computational complexity of the
proposed optimization problem in (10), we split the procedure
into two phases: EV-CL association phase and transmit power
allocation phase. In phase 1, for a given transmit power
allocation, the association matrix considered as the variable of
the optimization problem is solved. This derived association
matrix is then used in Phase 2 to find the corresponding
allocated transmit power as the solution to the transmit power
allocation optimization problem. Note that the EV-CL association phase involves an equal transmit power allocation step;
thus, it is not totally independent of transmit power allocation.
A. EV-CL Association
Considering a fixed transmit power p, with uniform transmit
power allocation scheme, the maximum achievable RE is
defined as

max
αij

I X
J
X

ri (pi )
αij
Cij
i=1 j=1



ηC
1+β
ηB


(16)

subject to: C1 - C4.
In (16), the only optimization variable is α, hence, (16) has less
computational complexity compared to (10). When the optimal
solution of (16) is found, EVs that offer the highest RE are
assigned to the CLs. We can take the solution of (16) as the
lower bound to measure the performance of other algorithms.
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Algorithm 1 EV-CL Association and Transmit Power Allocation
Input: I, J, V , CS, vij , pi = Pmax /I, αij = 0
Output: α
EV-CL Association (Phase I)
1: Make a list of EVs, CLs and BS within the Area Ar
2: Calculate the distance dij between EVs and CLs and dik between
EVs and BS.
3: Compute pi by dividing Pmax equally among the EVs.
4: Using pi from step 3, compute data rate ri for the ith EV.
5: Initialise counters: CCS = 0 and CV = 0
6: while list of CLs to EVs is not empty do
7:
For a fixed pi , find optimal EV-CL association in (16).
8:
if CV + vij ≥ V then
9:
if CCS ≤ CS then
10:
Update αij = 1, CCS = CCS +1 and CV = CV +vij
11:
Remove other links of selected EV i from the list
12:
else
13:
Remove all links of jth CL from the list
14:
end if
15:
else
16:
break
17:
end if
18: end while
Transmit Power Allocation (Phase II)
19: For a fixed αij , find the optimum transmit power allocation
according to (17) using CVX [26], [31].
20: Compute data rate ri for the ith EV and update RE of associated
EVs.

B. Transmit Power Allocation
Considering a fixed association matrix α, the maximum
achievable RE at a certain maximum transmit power, Pmax ,
is as follows

max
pi

I X
J
X

ri (pi )
αij
Cij
i=1 j=1



ηC
1+β
ηB


(17)

subject to: C2.
We solve the problem in (17) to find out the optimal transmit
power through GP (13) using successive convex approximation. The target of the transmit power allocation is to ensure
that associated EVs achieve better performance.

Algorithm 2
Input: I, J, V , CS, vij , pi = Pmax /I, αij = 0
Output: α
1: Repeat steps 1 to 6 of Algorithm 1
2: Sort dij in ascending order and find closet EV-CL association.
3: Repeat steps 8 to 18 of Algorithm 1
4: For a fixed αij , derive the optimum transmit power allocation
from Algorithm 1.
5: Compute data rate ri for the ith EV and update RE of associated
EVs.

For the first phase, transmit power is divided equally
over all EVs in the network. Two counters are initialized;
energy demand of CLs CV and maximum number of charging
stations CCS . Out of the list of EV to CL links, the link
that provides the optimal EV-CL association is selected. The
algorithm then verifies the constraints of energy balance C1
and number of charging stations C3 such that CV + vij ≥ V
and CCS + 1 ≤ CS, respectively. If all requirements are
satisfied, the selected EV-CL pair is associated by modifying
the association matrix entry as α = 1 and the respective
counters are updated accordingly. The process repeats until
the list ends or the resources ends that can be tracked using
the two counters. Then, for a fixed association matrix α, the
optimal transmit power allocation (17) is found using GP (13).
This is used to compute the data rate and update the RE of
associated EVs. The steps are summarized in Algorithm 1.
We also consider a scenario where CL applies a predefined
policy to select EVs with shortest geographic distance. This
approach could be adopted during data communication unavailability from the MGCC. Since the decision making is
always based on updated information, the system relies on
the MGCC to develop effective optimal EV-CL association
decision. However, issues related to transmission failure are
usually inevitable. If optimum EV-CL association is not obtained from the system, the CL would select EVs with shortest
distance as a backup scheme [32]. EVs are then associated
with the CL based on first come first served (FCFS) scheme.
In the FCFS scheme, the CL sorts the distances between
EVs and CLs in an ascending order, and selects EVs that
are closet to the CL. The strategy for the FCFS scheme is
similar to Algorithm 1, with exception in the first phase. This
is summarized in Algorithm 2.

C. Optimization Algorithm
We propose an algorithm that finds the EV-CL association
and transmit power allocation for each EV in a V2G communication network. To implement the algorithm, a central
processing unit is needed to collect all the network information
and perform the optimization. The proposed strategy is to
choose EVs with the maximum RE. The algorithm starts with
computing I EVs, J CLs and K BS and their distribution in a
defined area. A snap shot of EVs, CLs and BS is then obtained
providing their respective distribution points (xi , yi ), (xj , yj )
and (xk , yk ), which is then used to derive the distance dij
between ith EV and jth CL and the distance dik between ith
EV and kth BS. The EV capacity vij is also obtained, along
with the CL demand Vj and number of charging stations CSj .

D. Computational Complexity
Complexity plays a vital role in resource-efficient decisionmaking systems. Computations are performed in a centralised
fashion, where a central controller has knowledge of the channel of all EVs and current association. Considering the size
of problem (10) in our numerical analysis, it is not practical
to find the optimal solution by any existing method. The
global optimization method [33], which is applicable to smallscale problems, would take an impractical amount of time
to return a global optimum of the transmit power allocation
problem (17). We examine the computational complexity of
our proposed algorithm considering float operations. At the
first step, when EV is associated to a CL through linear search
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Fig. 2: Impact of weighted factor β to the corresponding SE
and CE.

in (16), the association matrix can be formed with a complexity
of O(IJ). The while loop of the algorithm will terminate when
the scheme defines the optimal ith EV. When calculating the
optimum transmit power allocation at the second step, the
complexity is of O(I log2 I). Thus, the total complexity of
our proposed algorithm is of O(IJ log2 I).
Considering relevant literature, the computational complexity of the optimal solution (10) is significantly higher than
that of our suboptimal scheme. Additionally, to the best of our
knowledge, there is no other suboptimal solution available in
previous related works that solves (10). Therefore, we limit
our simulation study to demonstrating the performances of
Algorithm 1 and Algorithm 2 and comparing the solutions in
the upper bound and lower bound schemes.
VI. S IMULATION R ESULTS AND D ISCUSSIONS
We consider an EvaaS communication network where EVs,
CLs and BS are BPP distributed within a 4 km × 4 km area.
We assume there are I = 12 EVs and J = 2 CLs, unless
otherwise stated. In the BS, we assume OFDMA downlink
transmission with K = 32 subchannels, each of which has
a bandwidth of 15 kHz. The channel gains are derived by
the Rayleigh fading model, where the path loss ξ is set
equal to 4 and hi is the exponential random variable with
mean/parameter equal to 1. The maximum transmit power
Pmax of BS is considered to be 1 W, unless otherwise
stated, and noise spectral density is chosen as -174 dBm/Hz.
Battery capacity between 15 kWh and 28 kWh and discharging
efficiency between 0.90 and 0.95 are randomly assigned to
EVs. Unit energy tariff between £0.07/kWh and £0.12/kWh
and unit transportation tariff between £0.8/km and £1.3/km
are randomly assigned to EVs. Energy demand between 20
kWh and 200 kWh is uniformly allocated to CLs. Considering
the data of the EVs, CLs and BS, with battery capacity and
coordinates for EVs, energy demand and coordinates for CLs,
EvaaS communication network information and other parameters, the parameters for EV to CL association is computed.
The necessary parameters are then passed to the algorithms

Fig. 3: The layout of random distribution and association of
EVs and CLs with constraints V = 60 kWh, CS = 3.

to find the best possible association between EVs and CLs by
maximizing the optimization problem (10).
We present in Fig. 2 the impact of weighted factor β to
the corresponding SE and CE. Clearly, as the weight factor
β increases, the SE decreases, while the corresponding CE
increases as the weight factor β increases. Recall that RE
focuses on optimizing CE when the value of β is small, while
the focus shifts to SE when the value β is large. The reason is
that an increase in β results to putting more weight on SE, thus
more resources (data rate and bandwidth) are allocated for SE
maximization. Specifically, when β = 0.8, the corresponding
CE and SE are close to the maximum CE (when β = 0) and
maximum SE (when β = ∞), with the amount of degradation
being 2% and 3% on CE and SE, respectively. This can be
seen as justification for the proposed use of Btot /Ctot as the
normalization factor in the RE formulation. Consequently, we
set β to 0.8 for the remainder of the simulation sections.
We optimize the same problem in (10) using different
objective functions and study the performance of the objective
function versus binary variable. Fig. 3 presents a considered
scenario of the the distribution and EV-CL association under
the different objective functions. Figs. 3a, 3b, 3c and 3d show
EVs associated with CLs based on SE, operating cost, CE
and RE, respectively. Although the same number of EVs are
associated with CLs in Fig. 3, different EV-CL association
are realized in all scenarios. This means the performance is
different in each considered scenario, which we will analyze
later in Figs. 7 and 8. The case study verifies the capability
of the formulations and proposed strategy to match suitable
EVs with CLs, thus achieving better utilization of the energy
stored in EVs.
We then evaluate and compare the performances of all
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Fig. 4: Comparison of all proposed schemes for different CL
demand.
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Fig. 5: Comparison of all proposed schemes for different
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the proposed schemes. Fig. 4 shows the comparison of the
maximum achievable RE obtained by Algorithm 1, Algorithm
2, upper bound (15) and lower bound (16) for different
CL demand from 20 kWh to 140 kWh. The first point to
notice from Fig. 4 is that the maximum achievable RE is
increased with an increase in the CL demand. This can be
attributed to the increasing number of associated EVs. It can
also be noticed that Algorithm 1 considerably outperforms
Algorithm 2 for different CL demand. It can be interpreted
as Algorithm 1 achieves better capacity utilization of EVs
compared to Algorithm 2. In the absence of appropriate power
allocation, the overall system performance will be impacted.
The significance of the transmit power allocation phase can
be observed easily from the performance gap between the
Algorithm 1 and the lower bound. Algorithm 1 is close to the
upper bound at certain CL demand. Specifically, Algorithm
1 results in a RE that is at least 91% of the upper bound
RE. Although the upper bound is not idea for our case study
and reflects an over-optimistic RE, it provides an idea on
the performance gap between the proposed schemes and the

Fig. 6: Resource efficiency of associated EVs versus EV
distribution density.

optimal solution.
We investigate the impact of different maximum transmit
power Pmax to the maximum achievable RE. Fig. 5 shows
the comparison of the maximum achievable RE obtained by
Algorithm 1, Algorithm 2, and the upper and lower bounds
for different maximum transmit power from 0.2 W to 2 W. As
expected, with increasing maximum transmit power, the total
maximum achievable RE also increases. However, there is a
notably rise in the maximum achievable RE up to 1 W and then
it slowly increases between 1.2 W and 2 W. This shows that
much power can be saved by lowering the maximum transmit
power, since increasing it does not necessarily guarantee the
best maximum achievable RE to transmission power budget
ratio.
We present in Fig. 6 the impact of EV distribution density
λ to the maximum achievable RE. Here, the number of
EVs is a random variable. For a single value of density, we
have generated 100 different scenarios and then averaged the
maximum achievable RE obtained by Algorithm 1. The low
density represents rural areas with less EVs, while the high
density represents their urban counterparts with much more
EVs. As the density increases, the maximum achievable RE
increases, as seen in Fig. 6. This demonstrates that the EVaaS
system will achieve better RE in urban areas. Specifically, EVs
will have better communication links and EVaaS applications
will be cheaper, since more EVs are distributed closer to the
CLs and BS. While the case study considers a microgrid with
2-4 CLs, the framework is general, and the extension is straight
forward for multiple microgrids.
In Figs. 7 and 8, we compare the EV-CL association based
on SE, cost, CE and RE functions. Fig. 7 shows the spectral
efficiency for different CL demand. As expected, optimizing
the SE function would typically give a better performances for
spectral efficiency. However, the RE optimization produces a
good trade off. The performance gap between the RE and CE
functions is negligible, and they give nearly similar results,
while the RE optimization gives a better performance than
optimizing the cost function. Fig. 8 shows the operating
cost for different CL demand. The cost optimization would
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and cost efficiency, under CL energy demand and charging
station constraints. In the proposed setup, EV-CL association
and transmit power allocation are considered in a two-phase
algorithm. Towards solving the proposed non-convex and NPhard optimization problem, we adopted an approach where in
each phase, one set of optimization variables is derived. We
also provide upper and lower bounds to the optimal RE as a
benchmark to study the performance gap of the suboptimal
scheme. Simulation results reveal that the performance of our
proposed suboptimal scheme is close to the optimal solution,
while the computational complexity is low, which makes it
attractive for EVaaS applications. In future work, we will consider exploiting blockchain technology to establish a trusted
environment for V2G interaction [34]. EV interaction with
the electricity grid is not secure and private; therefore, EVs
are exposed to tracking, profiling and data breach using their
mobile IP address. A blockchain-based system will preserve
the data of participating EVs using different privacy protection
techniques. Additionally, 5G networks will be utilized to
address the communication requirements of the system.
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Fig. 8: Operating cost of associated EVs for different CL
demand.

typically produces better results compared to the SE, CE
and RE functions. At CL demand of 70 kWh and 90 kWh,
the RE optimization produces a 23% and 12% improvement,
respectively, compared to the SE and CE functions. While
at CL demand of 30 kWh, the RE optimization produces a
30% improvement compared to the SE and CE functions. It
is to be noted that the improvement by the RE optimization is
not specific to low or high CL demand. The performance gap
can be attributed to the different EV-CL association realized
from optimizing the different objective functions, as seen in
Fig. 3. Overall, optimization considering RE function gives
the best performance. Thus, the proposed RE better utilizes
the available resources in the EVaaS network.
VII. C ONCLUSION
In this paper, we present an intelligent vehicular communication system to enable V2G interaction. We propose a
resource efficiency framework for selecting suitable EVs to
fulfil CL demand in V2G communication networks. The RE
problem is formulated to maximize the spectral efficiency
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