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ABSTRACT Due to the limited battery energy of mobile devices, the issue of energy-efficient resource
allocation has drawn significant interest in the mobile cloud computing area. Simultaneous wireless infor-
mation and power transfer (SWIPT) is an innovative way to provide electrical energy for mobile devices.
Extensive research on the resource allocation problem is conducted in SWIPT systems. However, most
previous works mainly focus on energy harvesting over a relatively narrow frequency range. Due to small
amounts of energy harvested by the users, the practical implementations are usually limited to low power
devices. In this paper, an energy-efficient uplink resource allocation problem is investigated in a cloud-based
cellular network with ambient radio frequency (RF) energy harvesting. In order to obtain sufficient energy,
a broadband rectenna is equipped at the user device to harvest ambient RF energy over six frequency bands
at the same time. From the viewpoint of service arrival in the ambient transmitter, a new energy arrival
model is presented. The joint problem of sub-carrier and power allocation is formulated as a mixed-integer
nonlinear programming problem. The objective is to maximize the energy efficiency while satisfying the
energy consumption constraint and the total data rate requirement. In order to reduce the computational
complexity, a suboptimal solution to the optimization problem is derived by employing a quantum-behaved
particle swarm optimization (QPSO) algorithm. Simulation results show that more energy can be harvested
by the user devices compared with narrow band SWIFT systems, and the QPSO method achieves higher
energy efficiency than a conventional particle swarm optimization approach.

INDEX TERMS Ambient RF energy harvesting, cloud-based cellular network, energy efficiency, resource
allocation.

I. INTRODUCTION
With the wide popularity of smart mobile devices, mobile
cloud computing [1]–[4] has become a new service model.
Mobile devices can be implemented without complex hard-
ware and software, but instead use the abundant resources
available from cloud computing platforms. However, one
of the most challenging problems for mobile devices is the
limited battery energy [5]–[7]. The energy consumption prob-
lem [8], [9] has attracted great attention. Therefore, how

to design an energy-efficient resource allocation strategy to
prolong the battery life of mobile devices [5], [10] is of great
importance to improve the system utility.

Radio frequency (RF) energy harvesting is an emerg-
ing solution to provide electrical energy for mobile equip-
ments. The user devices can harvest energy from the received
electromagnetic waves. The RF sources can mainly be
divided into two categories, including dedicated RF sources
and ambient RF sources. For the former, the dedicated
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transmitters (e.g., power beacons [11] and hybrid access
point [12]) broadcast only energy to user devices. For the
latter, the RF signals radiated by the ambient transmitter
carry both information and power at the same time, which
is called simultaneous wireless information and power trans-
fer (SWIPT) [13].

From the perspective of SWIPT, many previous
works [14]–[17] have considered the resource allocation
strategies to improve the system performance. In [14], both
continuous and discrete power splitting ratios were taken
into account in the receivers to harvest energy. The prob-
lems of downlink sub-carrier and power allocation were
investigated to maximize the energy efficiency in Wi-Fi
systems. By employing the fractional programming and the
dual decomposition, suboptimal iterative algorithms were
developed to solve the non-convex optimization problems.
C. Xiong et al. [15] discussed the downlink and uplink energy
efficiency tradeoff in the scenarios with one access point (AP)
and multiple users. The users were able to split the received
signals for information decoding and energy harvesting in
the downlink. The established integer-mixed optimization
problem was solved through relaxation and transformation.
In [16], the downlinkmulti-user scheduling was studied in the
SWIPT systems with one AP and multiple users. When one
user was scheduled for information transmission, other idle
users could harvest energy from the received signal. Novel
order-based scheduling schemes were proposed to control the
tradeoff between the users’ rates and their average amount
of harvested energy. A SWIPT system with a transmitter
equipped with multiple antennas serving two information
receivers and multiple energy harvesting receivers was con-
sidered in [17]. The objective was to maximize the total
harvested energy at energy harvesting receivers subject to
minimum required signal-to-interference-plus-noise ratios
at the information receivers. The formulated non-convex
optimization problem was optimally solved by an iterative
algorithm.

However, these existing works mostly focus on energy
harvesting over a relatively narrow frequency range. The
frequency bands considered in [14]–[17] are 470 MHz,
800 MHz, 915 MHz, and 915 MHz. The corresponding
system bandwidths are 20 MHz, 960 kHz, 26 MHz, and
200 kHz, respectively. Due to the limited RF sources, the total
amount of energy harvested by the users is small. The aver-
age harvested power is about 12 dBm (i.e., 15.8 mW) [14],
0.1 mW [16], and −5 dBm (i.e., 0.3 mW) [17], respec-
tively. The practical implementations will be limited to low
power devices such as wireless sensor nodes, radio frequency
identification (RFID) tags, and so on. It is well known that
there are all kinds of electromagnetic emissions spanning a
much wider frequency bandwidth in the air. Intuitively, if
the user device can harvest energy over a broad frequency
range, more energy will be harvested, and a much wider
variety of devices can benefit from ambient RF energy har-
vesting. The main challenge of this approach, i.e., the design
an appropriate antenna to capture broadband ambient RF

signals, has been addressed by recent advances in antenna
techniques.

An efficient rectenna (i.e., rectifying antenna)
array [18], [19] was designed to harvest ambient RF
energy over a broad bandwidth. Although the antenna
array is effective in energy harvesting, the drawback is
that the size of the antenna array is usually large. There-
fore, the antenna array is not suitable for user devices in
the cellular network. Another antenna technique is design-
ing broadband antenna, which can harvest energy from
multiple frequency bands simultaneously. Dual-band [20],
triple-band [21], [22], and four-band [23] antennas were
designed to harvest energy from different frequency bands.
In addition, a novel broadband dual circular polarization
receiving antenna was reported in [24]. The proposed
rectenna could cover six frequency bands, including digi-
tal television (DTV) channel (550-600 MHz), Long Term
Evolution (LTE, 750-800 MHz), Global System for Mobile
communications (GSM900, 850-910 MHz), GSM1800
(1850-1900 MHz), Universal Mobile Telecommunica-
tions System (UMTS, 2150-2200 MHz), and Wi-Fi
(2.4-2.45 GHz).

In addition, some prior works have been done to analyze
the performance of a wireless sensor node powered by ambi-
ent RF energy harvesting. A point-to-point uplink transmis-
sion between an RF-powered sensor node and a data sink was
considered in [25]. A point-to-point downlink SWIPT trans-
mission from an AP to an RF-powered sensor node was con-
sidered in [26]. The problem of resource allocation [27] was
discussed in wireless network with RF energy harvesting. A
case study of a receiver operation policy was presented in the
scenario of a node and an AP. To the best of our knowledge,
the resource allocation issue of multiple users in a cloud-
based cellular network with ambient RF energy harvesting
has not been investigated in the literature. Moreover, for the
optimization problem of resource allocation, it is usually
hard to obtain an optimal solution with low computational
complexity. Quantum-behaved particle swarm optimization
(QPSO) [28]–[31] is a kind of swarm intelligence algorithm,
which is fit to solve the complicated optimization problem.
A suboptimal solution can be achieved at relatively low cost.

Motivated by the above observations, we propose a novel
energy-efficient uplink sub-carrier and power allocation strat-
egy by using the QPSO algorithm in a cloud-based cellular
network with ambient RF energy harvesting. The distinct
features of this paper are summarized as follows:
• A multi-user resource allocation strategy in the cloud-
based cellular network with broadband RF energy har-
vesting is proposed for the first time. Different from
the work [14] in Wi-Fi systems with energy harvesting
over a relatively narrow frequency band, a novel uplink
sub-carrier and power allocation strategy is developed
in the cloud-based cellular network with multiple users.
Equipped with a broadband antenna, each user can har-
vest energy from multiple ambient RF sources. The
objective is to maximize the energy efficiency under the
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TABLE 1. Main symbols and meanings.

constraints of energy consumption and total data rate
requirement.

• From the perspective of service arrival in the ambient
transmitter, a new energy arrival model is presented. In
the previous works [25], [26], the location distribution
of the ambient RF transmitters is modeled by adopting a
Ginibre α-determinantal point process. It is assumed that
the transmission power of each ambient transmitter is the
same. Different from the above method, we suppose that
the location of the ambient transmitters is fixed while the
transmission power, the service arrival, and the service
time of each ambient transmitter are variable, which is
more practical.

• An improved QPSO algorithm is used to solve the for-
mulated resource allocation optimization problem. In a
previous work [31], each user in the network is regarded
as a particle, resulting in the same resource allocation for
different users, which is not reasonable in practical sys-
tems. In contrast, wemodify the definition of the particle
by including the resource allocation parameters of all
the users in the definition of the particle position. Thus,
a particle is composed of all the users in the network,
which is conducive to obtain a reasonable suboptimal
solution.

The rest of the paper is organized as follows.
In Section II, the system description is presented. The prob-
lem formulation and solution are presented and analyzed in
Section III. Simulation results and discussions are shown in
Section IV. Finally, conclusions and future work are given in
Section V.

There are many symbols in this paper. For the readers’
convenience, the main symbols and their meanings are listed
in Table I.

II. SYSTEM DESCRIPTION
In this section, we first introduce the network model with
ambient RF energy harvesting. Then, we present the energy
arrival model.

A. NETWORK MODEL
As shown in Fig. 1, we consider a communication scenario
with one base station (BS) andmultiple users in a cloud-based
cellular network with ambient RF energy harvesting. The BS
is provided with electrical energy by the traditional power
grid. It is supposed that there are K users in the network.
Each user is equipped with an energy harvesting equipment
to harvest energy from the electromagnetic wave in the sur-
rounding environment. In order to obtain sufficient energy,
the users harvest energy over a broad frequency range. This
is feasible using, e.g., the novel broadband rectenna reported
recently in [24], which can harvest energy from six frequency
bands at the same time. Following [24], DTV (550-600MHz),
LTE (750-800 MHz), GSM900 (850-910 MHz), GSM1800
(1850-1900 MHz), UMTS (2150-2200 MHz), and Wi-Fi
(2.4-2.45 GHz) are considered as the ambient RF sources.
The corresponding transmitters are TV tower, eNode B, BS 1,
BS 2, Node B, and AP, respectively. In addition, a cloud
computing platform is used to provide computing services for
user devices. First, the user devices are connected to the BS.
They can send data to the BS, which in turn forward the data
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FIGURE 1. Communication scenario of cloud-based cellular network with
ambient RF energy harvesting.

FIGURE 2. General architecture of user device with broadband RF energy
harvesting antenna and communication antenna.

to the cloud computing platform through the Internet. The
user devices receive data from the cloud computing platform
over the same path in the opposite direction.

As illustrated in Fig. 2, the general architecture of the user
device consists of three modules. The first one is an energy
harvesting module. It consists of a broadband RF energy
harvesting antenna, an impendence matching network, and

an RF to direct current (DC) converter. The broadband RF
energy harvesting antenna is used to harvest energy from the
ambient RF signals. The impedance matching network is a
resonator circuit, which is utilized to maximize the power
transfer between the broadbandRF energy harvesting antenna
and the RF to DC converter. The RF to DC converter is a recti-
fying circuit, which converts RF signals into DC voltage. The
second module is an energy storage unit (e.g., a rechargeable
battery), which is utilized to store the electricity converted
by the RF to DC converter. Different from the sensor node,
the user device will consume more electrical energy in the
cellular network. For instance, the maximum transmission
power of user equipment is 23 dBm (i.e., 199.5 mW) in the
LTE network [32]. Therefore, to enable storage of sufficient
electrical energy, a large capacity battery is needed. The
third one is a communication module that is comprised of a
transceiver and a communication antenna. The communica-
tion antenna is used to send or receive data to or from the BS.
Note that in this paper we ignore the energy that can be har-
vested by a device’s broadband RF energy harvesting antenna
from its own transmissions. Also, different from conventional
SWIPT system models, we consider that the broadband RF
energy harvesting antenna and the communication antenna
are independent units. Therefore, the user device is able to
harvest energy and send data concurrently. Additionally, we
assume that the cloud-based cellular network adopts orthog-
onal frequency-division multiplexing (OFDM) technology in
its physical layer. Thus, multiple users can communicate with
the BS on the different sub-carriers at the same time.

B. ENERGY ARRIVAL MODEL
In this subsection, the energy arrival model of ambient RF
energy harvesting is presented. The Friis equation [33] was
employed to construct the energy arrival model in the existing
literatures [25], [26]. The location distribution of the ambient
RF transmitters was modeled as a Ginibre α-determinantal
point process. The effect of the locations of ambient RF
sources on the performance of the sensor node was ana-
lyzed. For convenience of analysis, the related parameters of
different ambient transmitters (e.g., the transmission power,
the transmission antenna gain, and the wavelength) were
assumed to be the same. Different from the previous works
in [25] and [26], a new energy arrival model is designed from
the perspective of service arrival in each ambient transmitter
in this paper. In the practical communication scenarios, the
BS or the AP is usually deployed at a specific location.
Therefore, we suppose that the locations of the ambient trans-
mitters are fixed. Furthermore, different classes of ambient
transmitters have different transmission power, which should
be considered in the energy arrival model. Meanwhile, the
service arrival and the average service time are also different
for different ambient transmitters.

Note that ambient RF sources can be classified into static
and dynamic ambient RF sources [34]. For the first one,
the ambient transmitter (e.g., TV tower) transmits power
persistently. For the second one, the ambient transmitters
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(e.g., BS, Node B, eNode B, and AP) transmit power at inter-
vals, which depends on service arrivals at the downlink. For
the static ambient RF sources, L TV towers are considered.
For the dynamic ambient RF sources, it is assumed that there
are I ambient transmitters. For the k-th user in the cloud-
based cellular network with ambient RF energy harvesting,
the harvested energy can be denoted by

EHk = EH1
k + E

H2
k (1)

where EH1
k and EH2

k indicate the energy harvested from the
TV towers and the dynamic ambient RF sources, respectively.
Inspired by the Friis equation1 [33], the energy arrival model
of EH1

k is shown as

EH1
k =

L∑
l=1

PTVl GTVl GRk c
2(

4πdTVk,l f
TV
l

)2 Tη (2)

where PTVl and GTVl are the transmission power and the
transmission antenna gain of the l-th TV tower, GRk denotes
the receive antenna gain of the k-th user, c is the speed of elec-
tromagnetic wave propagation in free space, dTVk,l indicates the
distance between the k-th user and the l-th TV tower, and f TVl
is the transmission frequency of the l-th TV tower. Moreover,
T indicates the duration of harvesting energy and η represents
the energy harvesting efficiency of the user device.

Similarly, according to the Friis equation, the energy arrival
model of EH2

k is expressed as

EH2
k =

I∑
i=1

EH2
k,i (3)

where EH2
k,i represents the energy harvested from the i-th

ambient transmitter by the k-th user. For the i-th ambient
transmitter, according to service arrival of downlink, the
transmitter transmits power dynamically. The specific expres-
sion of EH2

k,i is shown as

EH2
k,i =

J∑
j=1

PTi G
T
i G

R
k c

2(
4πdk,ifi,j

)2B(ti,j + T Si,j ≤ T)T Si,jη (4)

where J is the total number of different services, PTi and GTi
indicate the transmission power and the transmission antenna
gain of the i-th ambient transmitter, dk,i denotes the distance
between the k-th user and the i-th ambient transmitter, and
fi,j is the frequency of the j-th service for the i-th ambient
transmitter. Additionally, ti,j and T Si,j denote the arrival time
and the average service time of the j-th service for the i-th
ambient transmitter. The function B(ξ) is a binary function:
the value of B(ξ) is 1 if the condition ξ is true, and 0 other-
wise. In other words, for a certain service, only if the arrival
time plus the average service time is no greater than the given
time T can the user harvest energy from the ambient trans-
mitter. An explanation to the duration of harvesting energy

1Note that only large scale fading is considered in the Friis equation, while
small scale fading is ignored.

is illustrated in Fig. 3. If ti,j + T Si,j ≤ T , the duration of
harvesting energy is T Si,j. If ti,j + T

S
i,j > T , the duration of

harvesting energy is T − ti,j. Usually, T − ti,j is short, which
is ignored in this paper. As a consequence, the duration of
harvesting energy is equal to the average service time.

FIGURE 3. Explanation to duration of harvesting energy.

Following [35], a Poisson process is used to describe the
service arrivals, while the service time is assumed to follow an
exponential distribution. For the i-th ambient transmitter, it is
supposed that the average service arrival rate is λi. According
to the property of Poisson processes, the interarrival time
between two consecutive service arrivals, i.e., ti,j+1 − ti,j, is
exponentially distributed with mean 1

λi
. In addition, for the j-

th service of the i-th ambient transmitter, it is assumed that the
average service time T Si,j follows an exponential distribution
with mean µi.

III. PROBLEM FORMULATION AND SOLUTION
In this section, the formulation of the resource allocation
problem is given first. Then, a suboptimal solution to the
formulated resource allocation problem is developed. Finally,
the complexity analysis is presented.

A. PROBLEM FORMULATION
An energy-efficient uplink sub-carrier and power allocation
problem is investigated in the above cloud-based cellular
network with ambient RF energy harvesting. It is assumed
that K users send data to the BS on N sub-carriers. Usually,
N is larger than K . It is assumed that only one user can com-
municate with the BS on the n-th sub-carrier: this mapping is
denoted by the binary variable δk,n ∈ {0, 1}. In addition, pk,n
indicates the transmission power of the k-th user on the n-th
sub-carrier. The total data rate can be obtained by

Rtotal =
K∑
k=1

N∑
n=1

δk,nW log2

(
1+

pk,nh2k,n
N0W

)
(5)

whereW is the sub-carrier bandwidth, hk,n denotes the chan-
nel gain of the k-th user on the n-th sub-carrier, and N0 rep-
resents the power spectral density of additive white Gaussian
noise. The unit of the total data rate is bits per second (bits/s).
It is assumed that the duration of data transmission is Tdt .
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Thus, the amount of total data transmitted by the users is

Dtotal = TdtRtotal . (6)

The unit of Dtotal is bits. At the same time, the total energy
consumption [36] is shown as

Etotal = Tdt

(
KPC +

K∑
k=1

N∑
n=1

δk,npk,n

)
(7)

wherePC denotes the circuit power consumption of each user.
The unit of Etotal is Joule (J).

The objective of sub-carrier and power allocation problem
is to maximize the energy efficiency [37] while satisfying
several constraints. This is an optimization problem, which
can be formulated as

maximize
δk,n,pk,n

Dtotal
Etotal

(8a)

subject to

C1 : Tdt

(
PC +

N∑
n=1

δk,npk,n

)
≤ EHk , ∀k (8b)

C2 :
K∑
k=1

N∑
n=1

δk,nW log2

(
1+

pk,nh2k,n
N0W

)
≥ Rmin

total (8c)

C3 : δk,n ∈ {0, 1} , ∀k, n (8d)

C4 :
K∑
k=1

δk,n = 1, ∀n (8e)

C5 : pk,n ≥ 0, ∀k, n (8f)

where the objective function is the energy efficiency and
its unit is bits per Joule (bits/J). For the k-th user, the first
constraint ensures that the harvested energy is no less than
the energy consumption, which is called the energy causality.
The second constraint guarantees that the total data rate is
greater than or equal to the minimum value Rmin

total . The third
and fourth constraints show that the n-th sub-carrier can only
be allocated to one user. The fifth constraint indicates that
the transmission power of the user device is non-negative.
Note that the objective function is nonlinear, and the values of
δk,n and pk,n are, respectively, discrete and continuous. As a
consequence, the above optimization problem is a mixed-
integer nonlinear programming (MINLP) problem.

B. SUBOPTIMAL SOLUTION
It is quite difficult to obtain a globally optimal solution of the
MINLP problem (8) with a low computational complexity.
Therefore, a heuristic algorithm is used to derive a suboptimal
solution with an acceptable complexity. The QPSO algorithm
[28], [30] is a kind of swarm intelligence algorithm, which
is suitable to solve the complicated optimization problem.
The QPSO algorithm is an improved version of the traditional
particle swarm optimization (PSO) algorithm. Consequently,
the basic principle of the PSO algorithm will be introduced
first.

The basic principle of the standard PSO algorithm is
described as follows. Inspired by the social behavior of a
flock of bird or a school of fish, the PSO algorithmwas devel-
oped by J. Kennedy et al. [38], [39] to solve the optimization
problem. It is assumed that there are particles in the multi-
dimensional space. For them-th (m = 1, 2, ...,M) particle, its
position vector Xm and velocity vector Vm are defined. Each
particle can be evaluated by a fitness function. The movement
of each particle is guided by its local best position Pm and
a global best position G. The velocity and position of each
particle [40] are updated by the following iterative equations

Vm(s+ 1) = ωVm(s)+ c1r1(Pm − Xm(s))
+ c2r2(G− Xm(s))

Xm(s+ 1) = Xm(s)+ Vm(s+ 1)

(9)

where s denotes the iteration number, ω indicates the inertia
weight, c1 and c2 are two constants called the acceleration
coefficients, and r1 and r2 are random numbers between
0 and 1. When the iteration number is equal to the maximum
iteration number S, the iteration is terminated. However, the
PSO algorithm can easily converge to a locally optimal solu-
tion. Therefore, it is necessary to develop an improved algo-
rithm that can avoid the local search. The QPSO algorithm
can overcome the disadvantage of the PSO algorithm and
obtain a suboptimal solution that is close to globally optimal.

From the perspective of quantum theory, the particle is con-
sidered as a quantum particle. According to the uncertainty
principle [41], the exact values of the position and the velocity
cannot be determined simultaneously. As a consequence, only
the position vector Xm (m = 1, 2, ...,M) is defined in the
QPSO algorithm. For them-th particle, the position is updated
based on the following iterative equation

Xm(s+ 1) = P± β |C(s)− Xm(s)| · ln (1/u) (10)

where β is the contraction-expansion coefficient, u is a ran-
dom number between 0 and 1, and C(s) is the mean best
position of all the particles in the s-th iteration. Moreover,
the vector P is given by

P = ϕPm(s)+ (1− ϕ)G(s) (11)

where ϕ is a random number between 0 and 1, Pm(s) is the
local best position of the m-th particle in the s-th iteration,
and G(s) denotes the global best position of all the particles
in the s-th iteration.

In order to apply the QPSO algorithm to solve the MINLP
problem in (8), the original constrained optimization problem
needs to be transformed to an unconstrained form, which can
be done by the penalty function method. Thus, a fitness func-
tion that consists of one objective function and one penalty
function is constructed as

F
(
δk,n, pk,n

)
= fobj

(
δk,n, pk,n

)
− γPf

(
δk,n, pk,n

)
(12)

where fobj
(
δk,n, pk,n

)
is the objective function in (8), γ

denotes the penalty factor, and Pf
(
δk,n, pk,n

)
indicates the
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penalty function that includes five items

Pf
(
δk,n, pk,n

)
= P1f + P

2
f + P

3
f + P

4
f + P

5
f . (13)

They correspond to the five constraints of the optimization
problem in (8), which are shown as

P1f =
K∑
k=1

[
max

(
0,Tdt

(
PC +

N∑
n=1

δk,npk,n

)
− EHk

)]2
(14a)

P2f = [max (0,A)]2 (14b)

P3f =
K∑
k=1

N∑
n=1

(
δ2k,n − δk,n

)2
(14c)

P4f =
N∑
n=1

(
K∑
k=1

δk,n − 1

)2

(14d)

P5f =
K∑
k=1

N∑
n=1

[
max

(
0,−pk,n

)]2 (14e)

where max (·, ·) returns a greater number between two num-
bers. In (14b), A is given as

A = Rmin
total −

K∑
k=1

N∑
n=1

δk,nW log2

(
1+

pk,nh2k,n
N0W

)
. (15)

The fitness function in (12) will be used to evaluate each
particle.

Then, the particle position is defined. In the previous work
[31], each user in the network is regarded as a particle. Thus,
each particle position is composed of sub-carrier and power
allocation parameters of one user. However, there exists a
shortcoming under this definition. When the position of each
particle is updated, sub-carrier and power allocation results
of different users eventually become the same values. Obvi-
ously, this is not reasonable in practical systems. Therefore,
the definition of the particle position needs to be modified. In
this paper, the particle position consists of the sub-carrier and
power allocation parameters of K users. For them-th particle,
its position vector Xm can be expressed as

Xm =
(
X1
m,X

2
m, ...,X

k
m, ...,X

K
m

)
(16)

where X km denotes the sub-carrier and power allocation result
of the k-th user. The specific expression of X km is shown as

X km =
(
δk,1, δk,2, ..., δk,N , pk,1, pk,2, ..., pk,N

)
. (17)

It can be seen that X km is a multi-dimensional vector. The
first N elements indicate the sub-carrier allocation result.
The remaining N elements denote power allocation result on
different sub-carriers.
According to the position update equation in (10), the

position of each particle is updated by{
Xm(s+ 1) = P+ β |C(s)− Xm(s)| · ln (1/u) , r ≥ 0.5
Xm(s+ 1) = P− β |C(s)− Xm(s)| · ln (1/u) , r < 0.5

(18)

Algorithm 1 Energy-Efficient Sub-Carrier and Power Allo-
cation Strategy Based on QPSO
1: Initialization:
2: Initialize the particle number M , the maximum iteration

number S, and the position of each particle Xm(1) (m =
1, . . . ,M ).

3: Set Pm(1) = Xm(1) and choose a best position from
Pm(1) (m = 1, . . . ,M ) as the global best position G(1)
based on (12) and (22).

4: Iteration:
5: Set s = 1 and m = 1.
6: while s ≤ S do
7: while m ≤ M do
8: Calculate C(s) and P based on (20) and (11).
9: Update the particle position based on (18).
10: Update Pm(s) based on the fitness function in (12).

If F [Xm(s+ 1)] > F [Pm(s)], then Pm(s + 1) =
Xm(s+ 1), otherwise Pm(s+ 1) = Pm(s).

11: Update G(s) based on the fitness function in (12). If
F [Pm(s+ 1)] > F [G(s)], then G(s+ 1) = Pm(s+
1), otherwise G(s+ 1) = G(s).

12: end while
13: end while
14: Output:
15: Calculate the fitness function value in the global best

position based on (12) and output the function value.

where r is a random number between 0 and 1. The value of β
in the s-th iteration can be calculated by

β = 0.5
S − s
S
+ 0.5 = 1−

s
2S
. (19)

In addition, the mean best position C(s) can be obtained by

C(s) =
1
M

M∑
m=1

Pm(s). (20)

Based on the fitness function in (12), the local best posi-
tion Pm(s) can be derived by

Pm(s) =

{
Xm(s), F [Xm(s)] > F [Pm(s− 1)]
Pm(s− 1), F [Xm(s)] ≤ F [Pm(s− 1)] .

(21)

The vector P in (18) is given by (11), in which the global best
position G(s) can be obtained byε = arg max

1≤m≤M
{F [Pm(s)]}

G(s) = Pε(s).
(22)

In order to clearly illustrate the proposed resource alloca-
tion strategy based on QPSO, the detailed steps are shown in
Algorithm 1.

C. COMPLEXITY ANALYSIS
In this subsection, the computational complexity of
Algorithm 1 is analyzed. The computational complexity is
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FIGURE 4. Simulation scenario of energy harvesting.

mainly from Line 3 to Line 15. Line 3, which is executed
once, has a time complexity of O(1). The specific elapsed
time will depend on the function operations in (12) and (22).
The time complexity of Line 5 is alsoO(1). Lines 6-13 consist
of two loops: an outer loop and an inner loop. The inner
loop given by Lines 8-11 is executed SM times. The time
complexity of Lines 6-13 isO(SM ). The specific elapsed time
will depend on the function operations in (20), (11), (18),
and (12). For Line 15, it is also executed one time with time
complexityO(1). As a consequence, the total time complexity
of Algorithm 1 is O(SM ). In Section IV, a performance
metric called average CPU time will be used to evaluate the
time complexity.

IV. SIMULATION RESULTS AND DISCUSSIONS
In this section, the performance of the proposed resource
allocation strategy is evaluated by simulations. First, the sim-
ulation scenario and the parameter settings are given. Then,
the amount of energy harvested by different users is pre-
sented. The convergence and time complexity of the QPSO
algorithm are discussed in the following subsection. Finally,
performance comparisons are shown.

A. SIMULATION SCENARIO AND PARAMETER SETTINGS
In this subsection, the simulation scenario and the parameter
settings are presented. In order to highlight multiple ambient
RF sources, an urban area scenario in which DTV, GSM900,
GSM1800, UMTS, LTE, and Wi-Fi coexist would be appro-
priate. For convenience, the simulation scenario of energy
harvesting is illustrated in Fig. 4. There are four TV towers
and five kinds of dynamic ambient transmitters (i.e., BS 1
(GSM900), BS 2 (GSM1800), Node B, eNode B, and AP) in

the simulations. One BS 1 (GSM900), one BS 2 (GSM1800),
one Node B, one eNode B, and five APs are configured in the
simulation scenario. Different users represented by the blue
circles in Fig. 4 are randomly distributed in the area indicated
by the blue square.

For the energy arrival model, the related parameters are
set as follows. A rectangular coordinate system with meter
(m) as unit is considered. The coordinates of four TV tow-
ers are (2000,2000), (−2000,2000), (−2000,−2000), and
(2000,−2000). The coordinates of BS 1, BS 2, Node B,
and eNode B are (150,150), (−110,110), (−80,−80), and
(80,−80). The coordinates of five APs are (0,0), (0,10),
(−10,0), (0,−10), and (10,0). Meanwhile, the transmission
power of the TV tower, BS 1, BS 2, Node B, eNode B,
and AP are 30 kW, 80 W [42], 40 W [42], 43 dBm (i.e.,
20 W) [43], 43 dBm [44], and 20 dBm (i.e., 0.1 W). Their
transmission antenna gains are 15 dBi, 18 dBi [45], 18 dBi,
9 dBi, 12 dBi [44], and 10 dBi. For the TV channel, GSM900,
GSM1800, UMTS, LTE, and Wi-Fi, the frequency or carrier
spacings are 8MHz, 200 kHz, 200 kHz, 5MHz, 15 kHz, and 5
MHz. All the users are randomly distributed in the blue square
area with the coordinates of its four vertices being (20,20),
(−20,20), (−20,−20), and (20,−20). The receive antenna
gains of all the users are 0 dBi. In addition, the average service
arrival rates of BS 1, BS 2, Node B, eNode B, and AP are
0.1, 0.2, 0.3, 0.3, and 0.1 service arrivals per second. For
the service time, the means of the exponential distributions
are 200 s, 300 s, 500 s, 600 s, and 900 s. The remaining
parameters are set as c = 3 × 108 m/s, T = 2000 s, and
η = 0.6. For the resource allocation strategy, the related
parameters are set as W = 15 kHz, N0 = 2 × 10−10 W/Hz,
Tdt = 1 s, PC = 0.3 W, γ = 1.5, and Rmin

total = 10 Mbps.
Without loss of generality, we assume that the values of
different hk,n are generated by random numbers with uniform
distribution between 0 and 1.

B. AMOUNT OF ENERGY HARVESTED BY USERS
The amount of energy harvested by different users from
different ambient transmitters is presented in Table II. In the
simulations, the numbers of users and sub-carriers are set as
10 and 80. It can be seen that the users can harvest more
energy from the eNode B and the BS 1 and less energy from
the AP and the Node B. This is because the eNode B and
the BS 1 have lower operation frequencies than the Node B.
Meanwhile, the BS 1 has larger transmission power. Although
the distances between the AP and the users are relatively
short, the energy harvested by the users from the AP is small
because of the low transmission power. For user 3, user 6,
user 7, and user 9, they can harvest more energy from the
AP 5, AP 3, AP 4, and AP 5. The reason is that user 3,
user 6, user 7, and user 9 are very near to the AP 5, AP 3,
AP 4, and AP 5. Furthermore, the total energy harvested from
all the ambient transmitters is also calculated in Table II.
Compared with a single ambient transmitter, each user can
harvest more energy from multiple ambient transmitters with
different operating frequencies.
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TABLE 2. Energy harvested by different users from multiple ambient RF sources (unit: J).

FIGURE 5. Total energy harvested by each user under different energy
harvesting efficiencies.

In addition, Fig. 5 shows the total energy harvested by
each user under different energy harvesting efficiencies. It
can be observed that the total energy harvested by each user
increases with the growth of the energy harvesting efficiency
from 0.5 to 0.7. The higher the energy harvesting efficiency is,
the more electrical energy can be obtained by converting RF
signals intoDC voltage. Fig. 6 reveals the energy harvested by
each user from eNode B under different service arrival rates.
We can find that the energy harvested by each user grows
gradually as the service arrival rate increases from 0.2 to 0.4.
For the ambient transmitter eNode B, it will communicate
with more users under a higher service arrival rate. That is to
say the eNode B will transmit more power. Therefore, each
user can harvest more energy from the received electromag-
netic waves.

C. CONVERGENCE AND TIME COMPLEXITY
OF QPSO ALGORITHM
In this subsection, the convergence and time complexity of
the QPSO algorithm are discussed. In the simulations, the

FIGURE 6. Energy harvested by each user from eNode B under different
service arrival rates.

number of sub-carriers is set as 80. Fig. 7 illustrates the
convergence of the QPSO algorithm under different numbers
of particles. It can be observed that the energy efficiency rises
up gradually as the number of iterations increases. When the
number of iterations is 350, the energy efficiency tends to be
stable. Besides, the energy efficiency increases progressively
with the growth of the number of particles from 5 to 30. The
reason is that a more accurate suboptimal solution can be
obtained with more particles. However, the growth rate of the
energy efficiency is reduced to some extent. Consequently,
the number of iterations and the number of particles are set
as 350 and 30 in the following sets of simulations.

Fig. 8 evaluates the time complexity of the QPSO algo-
rithm under different numbers of particles from the perspec-
tive of average CPU time. We can see that the average CPU
time increases as the number of iterations increases. At the
same time, the increase rate of the average CPU time goes up
gradually as the number of particles grows from 5 to 30. That
is because each particle needs to update its position based on
the position update equation. The position of each particle is a
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FIGURE 7. Energy efficiency versus number of iterations with K = 10.

FIGURE 8. Average CPU time versus number of iterations with K = 10.

multi-dimensional vector. A larger number of particles results
in more time spent in updating the positions.

D. PERFORMANCE COMPARISONS
In this subsection, some simulation results are shown to com-
pare the proposed resource allocation strategywith traditional
methods. An existing resource allocation strategy based on
the PSO [40] is used for comparison. Meanwhile, TOM-
LAB optimization (TOMOPT) environment [46], which is
developed by the TOMLAB Optimization Incorporation, is
adopted to obtain the optimal solution to the MINLP problem
in (8).

Fig. 9 depicts the relationship between the energy effi-
ciency and the number of users under the TOMOPT, QPSO,
and PSO methods. We can find that the energy efficiency
decreases with the growth of the number of users from 8 to 20.
That is because more total energy is consumed. The growth
rate of the total energy consumption is higher than that of
the amount of total data. In addition, the QPSO method has
lower energy efficiency than the optimal TOMOPT method
and higher energy efficiency than the PSO method. It can be

FIGURE 9. Energy efficiency versus number of users with N = 80.

FIGURE 10. Energy efficiency versus number of sub-carriers with K = 10.

explained that the QPSO method can obtain a globally sub-
optimal solution while the PSO method is easy to fall into a
locally optimal solution. Meanwhile, the TOMOPT approach
has much faster decrease rate of the energy efficiency than
the QPSO and PSOmethods. Therefore, the energy efficiency
gap between the optimal TOMOPT approach and the QPSO
and the PSO methods decreases gradually as the number of
users increases.

Fig. 10 presents the relationship between the energy effi-
ciency and the number of sub-carriers under the TOMOPT,
QPSO, and PSO methods. We can observe that the energy
efficiency rises up as the number of sub-carriers increases
from 60 to 100. The reason is that more data can be delivered.
The growth rate of the amount of total data is higher than
that of the total energy consumption. Similarly, although the
QPSO method is inferior to the optimal TOMOPT approach,
it is superior to the PSO method. The reason is the same as
that in Fig. 9. Furthermore, the TOMOPT approach has much
faster increase rate of the energy efficiency than the QPSO
and PSO methods. Consequently, the energy efficiency gap
between the optimal TOMOPT approach and the QPSO and
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FIGURE 11. Energy efficiency versus number of users under different
circuit power consumption with N = 80.

the PSO methods increases gradually as the number of sub-
carriers increases.

Fig. 11 compares the performance of the energy efficiency
between the QPSO method and the PSO approach under
different circuit power consumption. A similar variation trend
about the energy efficiency versus the number of users can
be found. The QPSO method always outperforms the PSO
approach. Furthermore, it can be seen that the energy effi-
ciency descends with the increase of the circuit power con-
sumption from 0.3 W to 0.5 W for obvious reasons.

V. CONCLUSIONS
In this paper, an energy-efficient sub-carrier and power allo-
cation strategy has been proposed in a cloud-based cellular
network with ambient RF energy harvesting. By employing
a broadband rectenna, each user can harvest ambient RF
energy over six frequency bands simultaneously. Taking ser-
vice arrival in different ambient transmitters into account, a
novel energy arrival model has been presented. The resource
allocation problem has been formulated as aMINLP problem.
The suboptimal solution has been achieved by introducing
the QPSO method. Simulation results have shown that the
QPSO approach can obtain higher energy efficiency than
the PSO method. We assume that the users are stationary
in this work. In a practical cloud-based cellular network,
users are usually in motion. Therefore, in our future work
we shall consider energy harvesting mobile users based on
some mobility model. We shall further replace the simple
channel gain model used in this paper with a more realistic
fading channel model. In addition, we shall also take into
consideration of the user devices as ambient RF sources, by
modifying the energy arrival model accordingly. We shall
also generalize the single BS scenario considered in this
paper by considering heterogeneous networking scenarios
with macro-, micro-, pico-, and femto-BSs.
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