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Energy crisis and rising concerns on Greenhouse Gas (GHG)
emissions have always been crucial issues faced by the devel-
opment of wireless communication techniques. As a more
energy-efficient network architecture, green communications
and networks (GCN) have recently attracted significant
attention from academia and industry. In particular, the
newly designed GCN not only can alleviate the greenhouse
effect and decrease the operational expenditure but also
can attain sustainable development due to the descending
independence on fossil fuel and the exploitation of renewable
energy resources. In order to enable the technical and
economical GCNs, several emerging techniques have been
proposed including energy-efficient and energy harvesting
techniques. Although these emerging techniques have drawn
considerable attention and have been studied recently, there
are still many open theoretical and practical problems to
be addressed. Specifically, most of the existing works have
focused on optimizing a single objective of GCNs, such as
energy efficiency. Since there are multiple conflicting objec-
tives in GCNs, e.g., spectral efficiency and energy efficiency,
multiobjective strategies are required to be in order to achieve
a good tradeoff among the conflicting objectives. Moreover,
since considered nonorthogonal multiple access techniques
have advantages in energy efficiency and massive connectiv-
ity, how to apply nonorthogonal multiple access techniques
into GCNs needs to be further investigated. Furthermore,
the conventional linear energy harvesting model is ideal in

practice. How to design GCNs under practical nonlinear
energy harvesting models is required to be focused.

This special issue aims to provide a comprehensive
overview of the state of the art in theory and practice for
realizing GCNs, which will bring together researchers from
academia, industry, and governmental agencies to promote
the research and development needed to address the major
challenges that pertain to this cutting-edge research topic.

(i) Mutliobjective resource allocation strategies for
GCNs

(ii) Mutliobjective optimization theory for GCNs
(iii) Mutliobjective energy-efficient techniques for GCNs
(iv) Energy-efficient cooperative techniques for GCNs
(v) Energy-efficient nonorthogonal multiple access tech-

niques for GCNs
(vi) Practical energy harvesting models for GCNs
(vii) Resource optimization for GCNs under practical

nonlinear energy harvesting models
(viii) Physical layer security techniques for GCNs
(ix) Multiantenna techniques for GCNs

Twenty-five papers were submitted for this special issue.
Our distinguished reviewers from respective research fields
narrowed the field to fourteen papers which were finally
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accepted. The following is a short summary of the findings
of each of these papers.

T. Wang et al. studied an energy efficiency maximization
for an orthogonal frequency division multiple access down-
link network aided by a relay station with subcarrier pairing.
A resource allocation scheme was proposed to maximize
the energy efficiency. A resource allocation algorithm was
proposed to solve the formulated problem. Simulation results
have shown the impact of minimum required rate of the
network on the energy efficiency of the network.

Z. Y. Liu et al. have proposed an energy-efficient incen-
tives resource allocation scheme for a cooperative commu-
nication system. The energy efficiency was maximized by
the proposed scheme. Moreover, an improved Intelligent
Water Drops algorithm combined with Genetic Algorithm.
Simulation results demonstrate that the proposed resource
allocation scheme can effectively improve the energy effi-
ciency.

Z. Yang et al. have studied a green cognitive radio
network. The energy efficiency maximized problems were
studied in delay-insensitive green cognitive radio and delay-
sensitive green cognitive radio. Two algorithms based on
the proposed resource allocation strategies were proposed
to solve the formulated problems. Simulation results have
shown that the maximum energy efficiency of the secondary
user achieved under the average transmit power constraint
is higher than that achieved under the peak transmit power
constraint.

X. Peng et al. have proposed a joint user association
and power allocation to maximize the energy efficiency of
dense small cell networks. A dynamic coordinatedmultipoint
joint transmission algorithmwas proposed to improve energy
efficiency. The proposed solution has a much lower compu-
tational complexity. Simulation results have shown that the
proposed solution has a better performance.

W. Tan et al. have studied the hybrid architecture of mul-
tiuser massive MIMO systems. The digital domain utilized
the zero-forcing precoding scheme and the analog domain
used discrete Fourier transform processing to significantly
reduce hardware cost and energy consumption. The analyt-
ical expressions on the total achievable spectral efficiency
and energy efficiency were derived. The total achievable
energy efficiency of hybrid architectures with discrete Fourier
transform processing outperforms other massive MIMO
architectures.

T. Wang et al. studied an energy-constrained two-
way multiplicative amplify-and-forward relay network with
simultaneous wireless information and power transfer. A
practical nonlinear energy harvesting model was considered.
The outage throughput was maximized by the proposed
resource allocation scheme. Simulation results have shown
the superiority of proposed the dynamic power splitting
strategy in terms of the outage throughput.

X. Bai et al. designed a power-splitting scheme in an
amplify-and-forward energy-constrained relay system with
simultaneous wireless information and power transfer in
the presence of a direct link between the source and the
destination. A practical nonlinear energy harvesting (EH)
model was considered.The authors have proposed a resource

allocation scheme for maximizing the system capacity. Simu-
lation results have demonstrated that a higher system capacity
can be achieved when the PS scheme is optimized based on
nonlinear EH models instead of the linear EH model

W. Ge et al. have studied multiple-input single-output
secured cognitive radio networks relying on simultaneous
wireless information and power transfer. AnAN-aided trans-
mit beamforming was optimized to improve the security of
the studied networks. The transmit power of the information
signal was minimized subject to the secrecy rate constraint,
the harvested energy constraint, and the total transmit power.
Simulation results have validated the performance of the
proposed algorithms.

F. Engmann et al. have presented a survey paper for the
current techniques for prolonging the lifetime of wireless
sensor networks. This paper presented the state of the art
in the energy management schemes, such as energy harvest-
ing, energy transfer, and energy conservation methods. The
remaining challenges and the open issues for future research
work were discussed.

B. Kong et al. studied radar and communication systems
with orthogonal frequency divisionmultiplexing.This system
are promising in the next generationwireless communication
due to its high energy efficiency and spectral efficiency. The
authors have proposed a joint Range-Doppler-Angle Esti-
mation scheme. A parameterized rectification method was
proposed to incorporate the inherent structures of the factor
matrices. The numerical experiments have demonstrated
superior performance of the proposed algorithm compared
with the existing methods.

W. Hu et al. studied a cooperative relaying wireless
communication networks. The physical layer security of a
multisource multirelay cooperative relaying communication
network was investigated by considering the influence of
cochannel interference from a security-reliability tradeoff
perspective. Theoretical and simulation results have shown
that a better security-reliability tradeoff performance can be
achieved by increasing the number of sources, relays, and
cochannel interferers.

D. Qin et al. studied an exact average symbol error
probability for amplify and forward relaying in independent
Nakagami-m fading environments. The closed-form symbol
error probability was expressed in the form of Lauricellamul-
tivariate hypergeometric function. Four modulation modes
were studied. Simulation results have verified the theoretical
analysis.

Z. Zheng et al. have presented performance and power
consumption analysis of IEEE802.11ah for smart grid. The
authors have simulated the new added highly robust 1MHz
bandwidth and Modulation Coding Scheme 10 in the
802.11ah physical layer and analyzed the coverage range
and energy saving performance of 802.11ah based on the
simulation results. The analysis has shown that the 802.11ah
at 1 MHZMCS 10 mode can obtain 2.5-3 dB gain.

X. Zhang et al. proposed a context-aware location differ-
ential perturbation scheme for privacy-aware users in mobile
environment. It can enhance the user’s location privacy
without requiring a trusted third party. This improves the
operational efficiency of the system. The proposed scheme
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can provide strong privacy guarantees with a bounded accu-
racy loss while improving retrieval accuracy.
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There has been an increase in research interest in wireless sensor networks (WSNs) as a result of the potential for their widespread
use in many different areas like home automation, security, environmental monitoring, and many more. Despite the successes
gained, the widespread adoption of WSNs particularly in remote and inaccessible places where their use is most beneficial is
hampered by the major challenge of limited energy, being in most instances battery powered. To prolong the lifetime for these
energy hungry sensor nodes, energy management schemes have been proposed in the literature to keep the sensor nodes alive
making the networkmore operational and efficient. Currently, emphasis has been placed on energy harvesting, energy transfer, and
energy conservationmethods as the primary means of maintaining the network lifetime.These energymanagement techniques are
designed to balance the energy in the overall network. The current review presents the state of the art in the energy management
schemes, the remaining challenges, and the open issues for future research work.

1. Introduction

Energy efficiency has become a major theme in wireless sen-
sor network (WSN) research.The interest in energy efficiency
may be attributed to limitations imposed by the batteries used
to power such devices. These batteries are usually the main
source of power for these devices and are characterized by a
limited lifespan, after which they are recharged or discarded
WSNs form the backbone of ubiquitous computing applica-
tions such as military surveillance, disaster, environmental,
structural, health and security, and wildlife and habitat
monitoring as well as precision agriculture. Deployment of
sensor nodes is usually in inaccessible environments, and
with limited battery capacity their lifetime is usually an issue
of major concern. Several techniques have been proposed in
the literature to increase the lifetime of sensor nodes as well as
the sensor networks [1–6]. In recent times, long lasting sensor
nodes that may never die have been proposed [7–9].

Several definitions have been proposed for the lifetime of
a sensor network; however, a generally accepted definition is
when the network degrades to a point when it is no longer

able to perform its intended function [10]. This could be
when any of the following events occur: when the first sensor
node dies or when a number or percentage of the nodes
die or when the network is partitioned such that there is no
communication between the subnetworks or when coverage
is lost [10–12].

To help extend the lifetime of sensor nodes and networks,
energy conservation methods are usually employed. In this,
an effort is made to reduce the energy consumed by the unit.
The authors in [3] broadly categorized energy conservation
schemes under the three main headings: duty cycling, data
driven, andmobility driven techniques. Duty cycling is aimed
at reducing idle listening when the node’s radio waits in
vain for frames and overhearing when nodes stay active
listening to uninterested frames. Data driven techniques use
some parameters of the data themselves to make decisions
to reduce energy consumption during communication while
mobility schemes consider the mobility of the sink or relay
nodes as a factor affecting the energy consumed in the
network.
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Figure 1: A typical architecture of a wireless sensor node. Adapted from [64].
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Figure 2: Ambient energy harvesting to store and use. Adapted from [37].
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Figure 3: Ambient energy harvesting for direct use. Adapted from
[37].

In Figure 1 the architecture of a typical wireless sensor
node is shown. Each component of the sensor node as
seen in MicaZ mote is presented. As may be observed, a
typical node will consist of four major components, a sensing
unit, processing unit, communications unit, and a power
unit. Of the different components, the communications unit,
which involves data transfer (involving both transmission
and reception), expends a significantly higher proportion of
the energy available [13]. This is represented in Figure 11.

Typical energy conservation techniques simply seek to
prolong the lifespan of the network by reducing the energy
used and do not typically require the introduction of new
sources of energy. To increase the energy available to the
sensor nodes, energy harvesting techniques have been pro-
posed [14, 15]. A key limitation of this technique is that
energy sources may not always be available and hence there
is the need to store the harvested energy using rechargeable
batteries or low-powered supercapacitors as in Figure 2
although in some cases the energy is utilized directly by the
nodes as shown in Figure 3.

Another recent technique employed for prolonging the
lifetime of sensor nodes and the network is transferring

energy from energy rich node to the energy deficient nodes.
Energy transfer may be done wirelessly from a specialized
energy harvesting node or an energy resourced node to an
energy hungry node in the same network.The energy transfer
may be continuous or on-demand but is limited by the cost
of charge and discharge losses associated with it. Several
approaches have been proposed in the literature to provide
reliable energy transfer to increase the network lifetime [9,
16–22].

The method of ensuring that nodes have enough energy
to function in the network bymaintaining appropriate energy
levels and transferring energy froman energy resourced node
to an energy hungry node in the same network is referred to
as energy balancing. The use of energy balancing approach
to extend the life time of the networks may involve the
use of any of the following schemes or a combination of
them: energy conservation, energy harvesting, or wireless
energy transfer. Energy conservation is the sparing use of
energy in sensor nodes to allow sensor networks to be able
to function as required [3]. It usually involves minimizing
the communication cost in nodes [3, 15] since the radio is
known to be the greatest consumer of the available energy
[12, 23, 24]. It may also be achieved by developing energy effi-
cient routing protocols, clustering approaches, sleep/wake-
up optimization (duty cycling), and in some cases mobility
[15, 25, 26].

Energy management schemes are the techniques
designed for the efficient use of energy in a network [23]
and in some instances for efficient use of harvested energy
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[15]. Although some of the proposed energy management
techniques assume that data acquisition through sensing
consumes less energy than data transmission [3, 23], this
may not be so for all applications [27, 28] especially in
the case of energy hungry sensors, e.g., gas sensors. Most
of these techniques are used to prolong the lifetime of
sensor nodes by either reducing energy consumption or
replenishing the consumed energy in battery powered nodes
or low-powered capacitors. In this paper, we attempt to
categorize the proposed energy management techniques
into energy conservation mechanisms, energy harvesting,
and energy transfer/wireless charging mechanisms. In some
applications, [29, 30] sensing may consume significant
percentage of the energy available. The broad categorizations
of energy management used in this paper are energy
conservation mechanisms, energy harvesting, and energy
transfer/wireless charging mechanisms as presented in
Figure 4. A holistic approach to achieving energy balancing
in a network not only must be limited to energy harvesting
and transfer but also should include energy conservation.

In this paper we present the state of the art in energy
management schemes (i.e., energy harvesting, energy con-
servation, and energy transfer) and present the techniques
used for harvesting, transferring, and conserving energy in
WSNs. We discuss management schemes related to radio
optimization, data reduction, aggregation, compression and
prediction, andwireless transfer technologies and techniques.
We present the concept of energy balancing in wireless sensor
network when energy harvesting, transfer, and conservation
are used efficiently. We discuss limitations in existing sim-
ulators and emulators that are designed for modeling WSN
applications. Finally, we discuss the challenges and future
research directions for energy management schemes.

The rest of the paper is organized as follows. In Section 2,
we describe the different energy harvesting sources available
and approaches. In Section 3, we describe the different wire-
less energy transfer techniques and technologies and present
the various simulation and emulation tools for modeling
recent WSNs applications. Section 4 provides current tech-
niques for energy conservation. In Section 5 current energy
balancing schemes are presented. In Section 6, we present

the challenges related to energy management schemes and
provide future research directions in developing wireless
sensor networks that consider the trio (i.e., harvesting,
transferring, and conserving) energy management scheme.
Finally, Section 7 concludes the paper.

2. Energy Harvesting

Energy harvesting approaches scavenge for energy from
the external environment such as wind, vibrations, solar,
acoustic, and thermal. The techniques used in energy har-
vesting convert energy from the environment into electrical
energy that can be used in wireless sensing nodes/devices.
In wireless sensor networks, energy harvesting can be used
to overcome the challenge of energy depletion that causes
shorter lifetime of the nodes in the network and in other
cases of the black hole problem [31]. To realize the promised
benefits of energy harvesting, concerted effort is required
on the part of researchers to address some outstanding
issues. Energy harvesting does not guarantee immortal nodes
and continuous operation due to the uncontrollable energy
sources, making them unpredictable and difficult to model.
The constant unavailability of energy harvesting sources is
discussed in [15, 32, 33]; hence a buffer is proposed to store
energy for later use, using a battery-less sensor node and
low-powered capacitors to act as buffers [5, 34], as shown
in Figures 2 and 3. An example is solar energy which is not
available for harvesting at night due to the absence of the
sun [35]. Table 1 gives specifications of some commercially
available solar energy harvesting units for use in sensor
nodes. In energy harvesting, nodes in the network may be
attached with special devices for scavenging energy from
the ambient environment for conversion into electric energy.
In the case of solar energy, the size of the panel is directly
proportional to the amount of energy converted through
the photovoltaic technique [34]. This poses a challenge
when the energy harvesting device becomes larger than the
sensor node. Special energy harvesting devices may therefore
be provided in the network to scavenge energy and then
wirelessly transfer them to nodes. Powercast technology [36]
harvests energy from intentional, anticipated, and known
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sources using the Powerharvester Receivers. Powerharvester
Receivers are designed for 50 standard antennas on the 902
928MHz frequency band.

2.1. Sources of Energy Harvesting. The source from which
energy is harvested in a sensor network is a valuable resource
since it determines the amount of energy available to the
network and the rate of conversion from the source to
electrical energy. Energy harvested may be classified under
ambient sources, which are sources available in the surround-
ing environment and human sources [37]. Ambient sources of
energy discussed include solar, vibration, thermal, and radio
frequency.

2.2. Solar Energy Harvesting. Solar energy is an affordable
and clean source of energy given its abundance in the envi-
ronment.Theharvesting of solar energy throughphotovoltaic
effect is seen as the likely choice for sensor nodes with energy
harvesting [15, 35, 38]. Even with its abundance there are
times of the day when solar will not be available; hence
there is a need for energy storage that balances the energy
stored with the consumption rate of the sensor node. In
[32], an energy neutral operation is employed when solar
energy was the only source of energy and the sensor node
has no battery. Solar energy is obtained when a solar cell
receives sunlight with appropriate energy. The amount of
energy derived from a typical solar system is dependent
on the amount of illumination and the surface area of the
solar cell with power conversion efficiencies of 15% to 25%
on crystalline silicon PV cells [34]. The other known PV
cells are themonocrystalline, polycrystalline, and thin-filmed
based [34]. Table 1 is a summary of some commercial solar
harvesting tools from [37] and their specifications making
them useful in WSNs.

2.3. Vibration Energy Harvesting. Vibrational energy may be
obtained through activities that produce sufficient vibrations
like subways, industrial machinery, and vehicles. Amount
of energy harvested is approximated in 100-W range using
mechanical-to-electrical energy generators (MEEG) that use
piezoelectric (ferroelectrics) and magnetostrictive materials,
and electrostatic or electromagnetic mechanisms to harvest
energy [39, 40].The harvested energy is directly proportional
to the size of the MEEG used. In sensor networks where the
smaller size of the node is a requirement, vibration may not
be the best choice.

2.4. Thermal Energy Harvesting. Thermal energy is based
on the existence of a temperature difference within an
environment.The amount of energy obtainable is determined
by the Carnot cycle as

(𝑇ℎ − 𝑇𝑙)

𝑇ℎ
=
Δ𝑇

𝑇ℎ
(1)

where 𝑇ℎ and 𝑇𝑙 are the maximum and minimum tempera-
tures of the thermodynamic cycle.

Efficiency values up to 17% have been achieved for small
temperature gradients based on the Carnot cycle [41]. Ther-
mal energy harvesting has found application in many areas

including use in devices attached to the body and implantable
devices such as pacemakers for the heart. It is possible to
envisage their use in other monitoring applications where
a temperature difference exists. A thermal energy harvester
capable of achieving an output of 100 𝜇W was reported in
[42].

2.5. Radio Frequencies Energy Harvesting. Given the large
number of radio transmitters available in any urban environ-
ment, harvesting energy from this source is very appealing.
Those devices capable of using harvested RF energy will
have very limited power requirements. In addition, they must
be in close proximity to the energy source or have a very
large antenna for collecting the energy. The basic principle of
operation is for the antennas to receive RF energy from the
atmosphere and convert them to electrical signals as shown
in Figure 5. The matching circuit is made up of capacitor
and inductor components and is used tomaximize RF energy
in the circuit. The voltage multiplier is made up of diodes
and capacitors and the resulting energy is stored in either
supercapacitors or rechargeable batteries. The conversion of
RF signals to DC energy is dependent on the source of
the power, antenna gains, and distance between source and
receiver nodes and the energy conversion rate [15], given that
the power density of a receiving antenna is

𝑃 =
𝐸2

𝑍𝑜
(2)

where E is the electric field and Zo is the radiation resistance
of free space. Assuming Zo = 377 ohms and an E value of
0.5V/m we obtain a power density value of 0.13𝜇𝑊/cm2.
Electric field values larger than 1 V/m are extremely rare.
Progress in the use of RF sources will require advancement
in power requirements of wireless sensor nodes.

Some of the RF technologies that exist but are not
optimized for WSN use include Bluetooth, Wifi technol-
ogy (IEEE 802.11a/b/h/g), and Ultra-Wideband (UWB IEEE
802.15.3). UWB has greater ratio of velocity with lower power
consumption as compared to Wifi and Bluetooth but is
limited to short range communications. Others that are being
developed forWSN use includeWavenis by Coronis Systems,
Wibree by Nokia, and Zigbee which is widely used by most
WSN systems. RF power harvesting shown in Figure 5,
convert RF energy emitted by RF sources such as TV signals
and wireless radio networks.

2.6. Energy Storage. The use of harvested energy inWSN has
a limitation since it is not always available. There is often
a need to store the harvested energy for later use. Sensor
nodes equipped for energy harvesting either have attached
storage devices to store the harvested energy for later use
as in Figure 3 or may not have storage devices but directly
use the harvested energy in the node as in Figure 2. The
storage devices could be either batteries (rechargeable and
nonrechargeable) or supercapacitors. To replenish energy
levels inWSN, rechargeable batteries and supercapacitors are
used. Batteries have limited recharge cycles [5], and hence to
prolong the lifetime of nodes energy conservation techniques



6 Wireless Communications and Mobile Computing

Matching
Circuit

Rectifier Charging
Circuit

Battery

Base 
Station 
Satellite 
TV
Radio

RF Energy

Figure 5: RF energy harvesting system.

must be employed together with energy harvesting. The use
of supercapacitors [5, 43] is an alternative to batteries and
may be repowered by energy harvesting. Supercapacitorsmay
be recharged with a recharge cycle of half a million years
with a 10-year functioning lifetime before the energy stored
is reduced by 20% [44]. Supercapacitors have become more
useful because of the high density of energy stored and their
smaller size which is appropriate for WSN nodes.

2.7. Batteries. The use of batteries in wireless sensor nodes is
to act as sources of energy, but with their limited capacity,
energy management has become an important research
area. Replacing batteries when their capacity is depleted is
inconvenient inmost applications ofWSN. Energy harvesting
gives opportunity for nodes to receive energy either from the
ambient environment or from intentional sources [15]. This
energy can be stored in batteries and hence the batteries must
have the ability to be recharged. The amount of harvested
energy is usually less than needed to charge a battery
and hence must be stored to accumulate for intermittent
use. Earlier power harvesting used traditional electrolytic
capacitors as energy storage [45, 46] but with their limited
energy density, their output energy per discharge cycle is very
limited.

2.8. Rechargeable Batteries. Rechargeable batteries are pre-
ferred in WSN due to their high energy density [47, 48].
A 40mA nickel metal hydride (NiMH) rechargeable battery
could be charged from zero state to maximum state within an
hour under the vibration from a typical vibrating machine.
Rechargeable batteries include nickel cadmium (NiCad),
NiMH, and lithium ion/polymer (lithium) rechargeable bat-
teries. NiCad has memory effect not suitable for shallow
charging, but energy harvesting is usually slow charging.
NiMH and lithium rechargeable batteries were discussed in

[49]. The energy densities of the NiMH are typically 60-
80Wh/kg while that of the lithium rechargeable batteries
could be as high as 120-140Wh/kg. NiMH batteries are
rated for 300-500 cycles while lithium batteries are rated for
500-1000 cycles, but their lifetime decreases with frequent
charge/discharge cycles. Even with the higher cycle efficiency
of the lithium rechargeable batteries, they are limited with
shorter lifetime.The electrolyte decays causing an increase in
the internal resistance. This causes the stored energy being
unable to be discharged.

2.9. Capacitors. Supercapacitors are alternatives to using
rechargeable batteries. Traditional electrolytic capacitors due
to their low energy density are usually not encouraged in
WSN. Current research proposes the use of supercapacitors.
Supercapacitors are 10-100 times higher in energy density
than traditional electrolytic capacitors. Supercapacitors usu-
ally have an energy density of 1-10Wh/kg high enough for
applications in WSN. They are mostly preferred in energy
harvesting systems due to the higher cycles, usually rated
as high as 100,000 cycles [49]. Table 1 presents some energy
harvesting nodes using rechargeable batteries and superca-
pacitors.

2.10. Charge and Discharge Efficiency. Rechargeable and
supercapacitors may not have efficiency 100%. The Coulom-
bic efficiency or charge/discharge efficiency is defined as

𝑛 =
𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝑒𝑛𝑒𝑟𝑔𝑦
𝑐ℎ𝑎𝑟𝑔𝑒𝑒𝑛𝑒𝑟𝑔𝑦

(3)

The types of rechargeable batteries mostly used in WSN [47,
50] are the cadmium, NiCd, nickel metal hydride (NiMH),
lithium based (Li+), and sealed lead acid (SLA). SLA is not
often used because even with low energy densities it also
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Figure 6: Charge and discharge process in rechargeable batteries.

has shallowdischarge cycleswhich causes temporary capacity
losses, also known as memory effect. The NiMH and Li+
batteries are mostly used, but Li+ is more efficient. They
have lower rate of discharge and longer lifetime cycle. But
they are also more expensive and have complicated charging
circuits, degrading faster when subjected to deep discharge
cycles. NiMH batteries also degrade to 80% of their charging
capacities after repeating 100% discharges, degrading to 500
cycles. Supercapacitors store charges but self-discharge at
a much faster rate than batteries to as much as 5.9% on
a day. They have lower energy-to-density ratios of about
5Wh/kg with high charge and discharge efficiency of 97-
98%. The charge and discharge efficiencies of frequently
used supercapacitors, Li+ and NiMH capacitors, are 95,92
and 65%, respectively [49]. In Figure 6 there is a diagram
that shows the process of charge and discharge in a typical
rechargeable battery. The NiMH rechargeable battery has
the least rate of decrease and has the largest leakage loss in
caparison to Li+ and supercapacitors.

2.11. Energy Neutral Operation (ENO). In energy harvesting
wireless sensor network (EH-WSN), energy neutral operation
(ENO) aims at achieving the desired network performance
that can be supported by the energy harvested from the
required energy sources (i.e., solar, vibration, and RF) and the
network-wide operations (i.e., routing, clustering, and duty
cycling) over longer periods of time [32].The implementation
of WSN in environmental monitoring applications requiring
uninterrupted operations has become common in recent
years. In such systems, power is constantly supplied to the
sensor nodes for efficient performance. The implementation
of ENO generally improves the network lifetime indefinitely
[51, 52]. Several researchers have proposed different schemes
to achieve energy neutrality in the network [51–53].

In [51], energy neutral operation was achieved by harvest-
ing solar energy to improve the systems performance. The

authors focused mainly on the solar available periods and
designed a dynamic power management scheme that allows
the system to be operational for longer periods of time. To
prove the performance of their approach, trace-driven sim-
ulations were performed based on real-world data collected
over 11-year period.This scheme for powermanagement over
a long-term period achieved better performance compared
to other similar schemes. In [53], a real-time demonstration
of vibration energy harvester was adapted to improve the
network through energy neutrality. The authors measured
different parameters such as data transmission and reception
since these components consume a great deal of energy
when the network is operational. Network-wide operations
such as routing, clustering, and the node duty cycling allow
wireless sensor nodes to maintain their energy levels through
energy neutral operation [52, 54]. The uncertainty in the
amount of harvested energy results in a more challenging
protocol design and energy prediction models for such
networks. In most EH-WSN, designers and developers seek
to maximize the overall network performance while meeting
ENO. In order to overcome these challenges, it is relevant
to compensate the energy harvesting systems by providing
energy chargers and transfer power from these charges to
power the sensor nodes.

3. Wireless Energy Transfer

Wireless energy transfer also known as wireless power trans-
fer is the ability to transfer electrical energy from a source
storage to some destination storage without any plugs or
wires [55]. In 1900, Nikola Tesla experimented the wireless
transfer of power from device to another without contact
with large electric fields.These large electric fields diminished
the energy transfer efficiency and coupled with the size
of large antennas required to make these transfers feasible
[8] Tesla’s invention was abandoned. Due to the pervasive
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use of portable devices, wireless power transfer or wireless
charging (these terms being used interchangeably in this
paper) has reemerged with much acceptance, already having
commercial use in applications, for example, the electric
toothbrush and mobile phone wireless charging like in Apple
IPhone, Samsung Qi, etc. Wireless power transfer has been
achieved in applications such as RFID and medical implants
using nearfield coupling. In 2007, Witricity was reintroduced
by [56] who reported of powering a 60W bulb from 2
meters with 40% efficiency using strongly coupled magnetic
resonance [57]. Application areas include the electric vehi-
cle charging applications [58] medical sensors, implantable
devices and consumer electronics, and power transfer in
concrete [59].

In [36], the transfer of RF energy (between 850 and
950MHz, central frequency of 915MHz) broadcasts radio
waves in the 915MHz ISM band and a receiver tuning into
the same frequency harvest RF power. The work [14] reports
that 45mW of energy is harvested within 10 cm of the RF
transmitter with 1% efficiency. Earlier research in wireless
power transfer considered transfer over single hops until [22]
demonstrated the possibility of transferring energy over mul-
tihops. Their method gives room for possibility of neighbor-
ing nodes to charge energy deprived nodes that may be out-
side the charging range of energy charging devices like energy
transmitters [22, 60]. Initial power transfer approaches had
limitations in usage due to requirements such as close contact,
continuous line of sight, and accurate alignment in charging
direction. The work [56] experimentally demonstrated the
transfer of power from magnetic inductive coil to another
magnetic inductive coil that are in resonance. Resonance
is achieved by the interplay between distributed inductance
from a transmitting coil and the distributed capacitance
from the receiving coil. Strongly coupled magnetic resonance
between the coils enables the transfer of power between the
coils, and this is not affected by obstructive interfaces; it is
nearly omnidirectional and not limited by line of sight. The
work [56] suggested that the receiving coil could be smaller
for portable devices without decreasing the efficiency of
transfer.

3.1. Wireless Energy Transfer Technologies. The broad catego-
rization of wireless power transfer technologies is inductive
coupling, electromagnetic radiation, and magnetic resonant
coupling.

3.1.1. Inductive Coupling. Inductive coupling is the near field
wireless transmission of electrical energy from a primary
coil to a secondary coil. It is generated when an alternating
current in a primary coil from a source generates a varying
magnetic field that induces a terminal voltage of a secondary
coil at a receiver. In inductive coupling, the size of coil is
directly proportional to the amount of energy generated.
Its charging efficiency is reduced over short distances. Its
simplicity and ease of use have led to several commercial
applications including electric toothbrushes, charging pads
for mobile phones or laptop and medical implants and RFID
tags.

The addition of a parallel capacitor to the secondary
coil to form a resonant circuit at the operating frequency
increases the voltage received. The Wireless Power Consor-
tium in 2010 approved the first wireless charging standard
(Qi) for low-power inductive charging. In an application
where robot swarms were powered, resonance was applied
on the receiving coil but not on the transmitting coil, to
minimize performance variations from the interactions of
the robots [61]. It is from inductive coupling that other
wireless power transfer methods like resonant magnetic
coupling were derived where resonance is applied to both the
transmitting and receiving coils, and power transfer is done
with little radiated losses. Inductive coupling operates at a
frequency of 13,56 and 135MHz. The transmission range is
less than 1 meter and works best when the transmitter and
receiver are in close contact (0 cm giving the highest power
transmission) and have accurate alignment in the charging
direction. These limitations make inductive coupling not
desirable in WSN.

3.1.2. Magnetic Resonant Coupling. First presented by [56],
magnetic resonant coupling works on the principle of mag-
netic resonant coils where coils on the same resonance fre-
quency are strongly coupled through nonradiative magnetic
resonance. Energy is transferred from a source coil to a
receiver coil on the same resonance frequency with little
losses to external off-resonance objects. The coils could be
made small enough to fit into portable devices such as sensor
nodes without decreasing efficiency. Experimental results
from charging a 60-W light bulb at 2m in [56] reported
40% power transfer efficiency. Challenges in magnetic res-
onance coupling include orientation and interference, with
the maximum charging distance of 2m achieved only when
the transmitting and receiving coils are aligned coaxially.
A 45-degree rotation of the coaxial alignment reduces the
coupling factor and when charging multiple devices mutual
coupling between the receiving coil and other objects may
cause interference. Cannon [62] demonstrated power transfer
from a single resonant transmitting coil to multiple resonant
receivers provided they meet these two conditions: (1) coils
on the receiver must remain in the uniform magnetic field
generated by the transmitting coil; (2) mutual inductances
between the receiving coils must have negligible effect on
the resonant interaction. This means receiving coils must
be far enough from each other that their interactions with
the transmitting coil are decoupled. Designing a network
of mobile nodes that use magnetic resonant coupling is
therefore a challenge due to the second limitation. Given
the limited distances allowed in resonance coupling and the
coupling interference of nodes, new research challenges are
opened in power transfer in WSN.

3.1.3. Electromagnetic Radiation. Electromagnetic radiation
or EM radiation emits energy from the transmitting antenna
of a source to the receiving antenna through EM waves.
The electromagnetic spectrum can contain regions of ambi-
ent energy levels of low and high regions and the effi-
ciency of conversion depends on the part of the spectrum.
Classifications of EM radiations are omnidirectional and
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Table 2: Wireless power transfer technologies [8].

Wireless Power Transfer Technologies Strengths Weakness Examples

Inductive Coupling Simple, high power transfer
efficiency in centimeters

Short Charging distance,
requiring accurate

alignment in charging
direction.

Electric toothbrush,
charging pad for cell
phones and laptops.

Electromagnetic

Omnidirectional Tiny receiver size

Rapid drop of power
transfer efficiency over

distances, ultra-low-power
reception

Charging WSN for
environmental monitoring
(temperature, moisture,

light)

Unidirectional
Effective power

transmission over long
distances

Requiring LOS and
complicated tracking

mechanisms.
Sharp unmanned plane

Magnetic Resonant
Coupling

High efficiency over several
meters under

omnidirection. Not
requiring LOS and

insensitive to weather
conditions

High Efficiency only within
several meters

Charging mobile devices,
electric vehicles,

implantable devices and
WSNs.

unidirectional. Omnidirectional radiation transmits broad-
cast EM waves in an assigned ISM band and a receiver in
the same frequency harvests the radio power. Unidirectional
radiation on the other hand transmits from one source to
a receiving antenna in an assigned band. Omnidirectional
EM waves dissipate over distances and in a paper by [8] the
power transfer efficiency was 1.5% with a receiver at 30 cm.
EM radiations with omnidirectional antennas can be used in
low-power sensor nodeswith low sensing activities to prevent
hazards to humans. To achieve high power transmission in
unidirectional antennas, microwave beams transmitted on
microwave frequency of 2.45 and 5.8GHz is used. Laser-
beamed systems can be used for unidirectional power transfer
under the visible or near infrared frequency spectrum.
Unidirectional radiation is not suitable for wireless sensor
networks because they require line of sight and has compli-
cated tracking mechanisms. Omnidirectional radiations are
used in applications where either the location of nodes is
unknown a priori or nodes are mobile. Powercast technology
is a commercially developed device that uses the EM waves
to transfer radio frequency (RF) power from a source to
receiver(s).

A summary of the wireless energy transfer technologies
is presented in Table 2.

3.2. Energy Transfer Tools and Techniques. Energy transfer
may be achieved using stationed energy sources that transfer
energy to nodes in the network [16] or by the use of mobile
chargers [8, 16, 63]. Mobile chargers have been widely used
in the literature. Tools for energy transfer include mobile
chargers, charging vehicles or robots, energy transmitters,
and the sensor nodes themselves.

3.2.1. Mobile Chargers. The use of mobile chargers has been
used by several authors when the energy of the nodes
runs low [8, 69, 70] using either human manned chargers
or robots. Mobile charging vehicles have also been used
[8, 55, 70]. A mobile charging vehicle carries a battery

charging station that is assumed to have enough power to
charge several nodes. Themobile charging vehicles may have
power harvesters attached that scavenge energy from the
environment and hence ensure continuous power supply to
the battery station [9, 71, 72]. They could also have attached
rechargeable batteries such that, after a cycle of charging
nodes in the network, the mobile charging vehicles return to
a stationed power source to be replenished with its energy
[55, 69]. The works [19, 20] studied the optimization of
the vacation time of the wireless charging vehicles (WCV)
over the cycle time. The use of multiple mobile chargers has
also been proposed in [69] where a scheduling algorithm
is used to charge sensor nodes in a large network. Single
mobile chargers may not carry enough energy to recharge
energy node in the network if it is not equipped with energy
harvesting.

The deployment of multiple wireless chargers has been
studied [63, 69, 70] and different methods are proposed.
Of such methods is triangular deployment [8] of deploying
multiple mobile chargers such that a charger is placed at each
vertex of the triangle. The side length of the triangle yields
the minimum number of nodes for covering a plane. The
method accounts for the fading of recharge signals in space
unlike in binary disks. The infrastructure used even though
fixed could have mobile nodes, and it is argued that having
mobile nodes as opposed to stationary nodes could have the
advantage of having fewer chargers. The work [73] proposed
a hierarchical charging structure of multiple chargers in a
network. Two groups of mobile chargers are formed: the
lower mobile chargers that charge the sensor nodes in the
network and the higher Special Chargers to charge themobile
chargers.

Some approaches of wireless charging include the use of
specialized nodes called energy transmitters [74] to harvest
energy from the environment and then transfer to ordinary
nodes in the network. Electromagnetic induction, inductive
coupling, and RF energy transfer techniques have been
discussed and proposed in literature [14]. With all these
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approaches being discussed, there is still a need to use energy
as a scares resource in the network to prolong the lifetime.
Near field coupling is applied in RFID tags and medical
implant. The efficiency of near field coupling techniques
decays with distance at a rate of 1/𝑟6 [75].

3.2.2. Energy Transmitters. Energy transmitters used in re-
search assume that the nodes have some attached antennas
for receiving and transmitting energy from some device to
sensor node. Powercast technology [36] that introduced the
TX91501 Powercast Transmitter uses the 915-MHz ISM band
to transmit radio waves for power and data. The TX91501
transmitter can broadcast power and data over 12 meters
to Powercast receivers. The Powercast receivers convert RF
energy into DC for devices that are batteryless or wirelessly
trickle charge batteries. In [16] they realized the high broad-
cast range and power of the energy transmitters of as much
as 3 Watts introduces interference in data communication.
A model for concurrent energy and data created three
regions in a network: (i) the wireless charging region within
which data can be transferred directly from a transmitter to
neighboring nodes; (ii) communication region where nodes
can communicatewith the ETbut cannot be charged; and (iii)
interference range where nodes receive interference from the
ETs energy transmission and therefore data communication
is affected during energy transfer of the ETs.

3.2.3. Monitoring Techniques. Monitoring approaches pro-
vide means to check the energy consumption levels in sensor
nodes and to report the amount of energy remaining in
the node. This method of monitoring energy levels gives
the energy source storage nodes the ability to know which
nodes to charge and the schedule for charging. Somemethods
and techniques employed in research for monitoring energy
levels are as discussed below. In [72], three charging schemes
are proposed. In two of the proposed schemes, nodes mon-
itor their energy levels and inform mobile chargers when
their energy levels go below predefined threshold. A mobile
charger patrols the shortest path computed and charges nodes
within the threshold. In the third scheme, a function creates
a charging scheme based on the nodes residual energy and
its distance to a charger for chargers that charge more than 1
sensor node.

In [71], a three-tier architecture of stationary sensors,
a mobile charger, and an energy station is proposed. The
energy station computes a charging sequence for the network
when sensor nodes periodically send information about their
energy level state to the energy station. Qi-Ferry, a mobile
charger used in [76], describes the tour of the QiF as it goes
through the network to charge nodes below some distance
threshold. The aim of QiF is to maximize the number of
sensors charges in a tourwhile reducing the amount of energy
spent by the charger in a tour. Qi-Ferry monitors its energy
level and iteratively removes tour stop from the tour until all
nodes are sufficiently charged.

In [55] an optimal path is formulated for a mobile
charger to periodically charge all nodes in the network, and
this optimal path is the shortest Hamiltonian cycle. The
method is to maximize the ratio of the time the mobile

station spends at home recharging itself (also known as the
vacation time) to the time spent in a cycle while charging
nodes. The assumption is that the mobile charger is charged
enough that is may not be depleted in a cycle. But this may
not always be so, especially in instances where the rate of
consumption of somenodes due the location-specific channel
behavior of some nodes that may change. In [32], distributed
energy harvesting routing is proposed where battery-less
nodes using energy directly harvested from the ambient
environment can predict the amount of harvested energy
and based on the rate of consumption of the node, the real-
time residual energy is used to create a distributed protocol.
This protocol is limited and may not be practical for most
energy harvesting sources whose continuous availability in
the environment may not be predicted and amount harvested
may not be modeled.

3.2.4. Charging Techniques. Techniques for charging sensor
nodes are dependent on the source of energy being harvested
and transferred and the antennas used. RF energy charging
is different from the conventional constant voltage charging.
This is because the RFpower received for recharging a capaci-
tor is constant for an RF source that transmits constant power
to a fixed distance [65]. Some of the charging techniques
for RF energy are discussed in [65] as multiple antenna
transmissions, distributed beamforming of multiple anten-
nas, and cooperative relay and protocol based optimizations.
This technique is described using the illustration in Figure 7.

In [22] three charging techniques are proposed based
on Witricity and investigate the possibility of transferring
energy efficiently over multiple hops using long-time reso-
nant electromagnetic states with localized slowly evanescent
field patterns. The techniques are as follows:

(i) The store and forward technique assumes that nodes
are equipped with rechargeable batteries. The main
power source which is assumed to be stationary
charges neighboring nodes till their batteries are fully
charged or the source reaches an energy threshold of
50%. The energy may then be transferred to nodes
in the neighbors next hop and stored in batteries
and then transferred to the next hop. It is assumed
that nodes are attached with antennas for both trans-
mitting and receiving energy and size and signal
interference is not a problem.

(ii) The direct flow technique works on the principle
that a single node can couple with multiple nodes
simultaneously. Nodes couple with the previous and
the next nodes in their path from the source to the
destination nodes, receiving energy without storing
in batteries, directly transmitting to the next node.
Charge and discharge losses associated with energy
transfer are not incurred except at the last node.
Coupling coefficient of a pair of nodes does not affect
that of the next pair of nodes since the coupling
coefficient depends on the radius of the coils and not
the distance between nodes.

(iii) The hybrid technique uses a combination of the
store and forward technique and the virtual circuit
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technique. It uses a two-step approach. To transfer
energy to the Nth node, where Mth node comes
before the Nth node in terms of distance from the
energy transmitter, the direct flow is used to transfer
m-hops to the Mth node where it is stored; then
through another direct flow technique the energy
stored in the Mth node is transferred to the Nth node.
The advantage is to be able to transfer to several
hops while overcoming the challenges of the charge
and discharge losses. The limitation of the technique
that could transfer energy to as much as 20 hops
is that real life test of the technique has not been
made to ascertain the feasibility. Real nodes having
both transmitter and receiver antennas are yet to be
produced and tested.

3.3. Joint Wireless Information and Energy Transfer. RF
signals carry both energy and information and with the
widespread use and application in sensor networks and
IoT, research into JWIET has attracted significant attention.
Optimal transmission strategies and performance limitation
of JWIET have been studied under perfect full channel
state information at the transmitter (CSIT) [77], considering
the downlink of a cellular system with single base station
and multiple stations, cooperative relay system in [78], and
broadcasting system in [79]. Transmission relies on the CSIT
but acquisition of the full CSIT incurred large overheads
[80]. Partial CSIT has been considered in [81, 82] with robust
beamforming schemes. In [81],MISO downlink broadcasting
channel with three nodes and a single MISO uplink channel
in [82] are considered. In [83], a two-user MIMO interfer-
ence channel in which a receiver either decodes incoming
messages or harvests RF energy to operate forever is studied.
A transmission strategy that achieves maximum energy
beamforming and minimum leakage beamforming for a

rate-energy tradeoff region is achieved. A new transmission
strategy that satisfies the condition of signal-to-leakage-and-
energy-ratio maximum beamforming is also proposed. A
general k-userMIMO interference channel is explored in [84]
where three scenarios are investigated: (i) multiple energy
harvesting receiver and a single ID receiver; (ii) multiple
IDs and single energy harvesting receiver; (iii) multiple IDs
and multiple energy harvesting receivers, where IDs are
devices for information decoding and energy harvesters are
for receiving RF energy from the ambient environment.
An energy beamforming scheme requires partial CSIT and
reduces the feedback overhead in a two-user MIMO and k-
user MIMO IFC using Geodesic information/energy beam-
forming strategies. A summary of beamforming schemes
is presented in Figure 5. The work [65] discusses the RF
harvesting efficiency prevalent in low RF-to-DC conversion
efficiency and receiver sensitivity, with new communications
techniques enhancing the usability of RF energy harvesting.

3.4. Simulation and Emulation Tools

3.4.1. Castalia Simulator. Castalia [85] is an open source
simulator built on top of OMNeT++, and it is optimized
for testing distributed algorithms and protocols and features
an accurate channel/radio model, radio behavior, and other
aspects of communication. It has parameters for clock drift,
sensor bias and node energy consumption, CPU energy
consumption, memory usage, CPU time, and some imple-
mentation for MAC and routing protocols. It provides a
first-order analysis of algorithms and protocols before their
implementation of node platforms.

3.4.2. EKHO. EKHO [66] is an emulation tool that records
and emulates energy harvesting conditions from diverse
sources in the ambient environment such as solar, thermal,
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RF, and kinetic. The energy harvesting environmental condi-
tions are recorded and stored in a digital format which could
be replayed through analog front-ends serving as energy
source. EKHO is presented in Figure 8.

3.4.3. OMNeT++. OMNeT++ [86] is a discrete event simu-
lator based on C++ for modeling communications networks,
multiprocessors, and distributed and parallel systems. It was
developed as an open source tool that could be used for
educational, academic, and research oriented applications, to
bridge the gap between open source research oriented sim-
ulators like the NS-2 and expensive commercial simulators
like the OPNET. It is available on Linux, MAC OS/X, and
Windows. OMNeT provides basic machinery for users to
write simulations and consists of modules that communicate
by message passing. It has two major simulation model
frameworks: the mobility framework and the INET frame-
work. OMNeT++, unlike NS-2 and NS-3 which are network
simulators, is a simulation platform upon which researchers
could build their own simulation frameworks. It does not
have a framework for energy modeling.

3.4.4. PASES. Power Aware Simulator for Embedded Sys-
tems (PASES) [67] is a SystemC based framework that is
a combination of an event-driven simulation engine and a
hardware, applications, and network models composer. It is
a simulation and design space exploration framework that is
used for power consumption analysis of WSNs application,
communication, and platform layers. It gives performance
and energy analysis ofWSNhardware platforms and provides
a gap between pure network oriented WSN tools and tools
for architecture specific simulation environment. It supports
Platform Based Design methodology and provides power
analysis for different platforms by defining abstraction layers
for the application, communication, hardware, power supply,
and sensing modules of the network and node. PASES
provides these abstractions: the software layer provides users
with the application layer (AL) to define application function-
ality.

The communication layer (CL) could be tweaked to
meet network requirements such as throughput, latency, and

energy efficiency. The Architecture Resource Layer (ARL)
provides the service layer (SL) that provides APIs for com-
posing different applications. The Resource Behavioral Layer
defines hardware resources for target architectures and the
Resource Annotation Layer specifies energy-performance
details. At the energy level, the Energy Source Layer collects
energy sources for sensor nodes. The Energy Source Layer
provides energy source models such as batteries and super-
capacitors and may include models for energy harvesting.
But the energy harvesting models are not complete. PASES
is presented in Figure 9.

3.4.5. COOJA. TheContiki OS Java or COOJA simulator [87]
is a Contiki sensor node operating system and usually inte-
grated with MSPSim to form the COOJA/MSPSim. COOJA
allows simultaneous cross-level simulation at the application
(network level), operating system, and machine code level.
COOJA combines the elevated level behavior of a node to
the low-level sensor node hardware in a single simulation.
COOJA supports adding and using different radio mediums.
It allows for the flexible additions and replacements of its
parts including the radio medium, the hardware node, and
plug-ins for input/output. With all the cross-level support
provided in COOJA, it does not have an energy model
and the energy parameters of nodes may not be properly
analyzed during simulations. COOJA has a Visualizer.java
class that could be extended to provide GUI and has support
for memory and radio model simulations but has relatively
low efficiency with increasing number of nodes hence not
scalable.

3.4.6. Network Simulator 2 (NS-2). NS-2 or Network Sim-
ulator 2 is a discrete event simulator based on the Object
Oriented Programming (OOP) and consists of two lan-
guages: C++ and Object Oriented Tool Command Language
(OTcL) bound together by TcLCL. Codes written in OTcL
will be visualized using NAM and XGRAPH with optional
python bindings. NS2 has support for protocols such as
802.11.802.16 and 802.15.4 but is limited with support for
sensing. Parameters such as energy model, packet formats,
and MAC protocols are different from those used in real
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sensor network nodes. NS-2 has parameters for residual
energy but does not give models for keeping track of energy
consumed by the different components and does not have a
model for energy harvesting.

3.4.7. Network Simulator 3 (NS-3). NS-3 [88] is not consid-
ered an extension of NS-2 but is an entirely new simulator
written in C++ with optional python bindings. Energy model
inNS-3 consists of twomajor components: energy source and
the device energy model. The energy source is an abstract
base class that provides interface for updating/recording total
energy consumption on a node, keeping track of remaining
energy, decreasing energy, and when the energy is completely
depleted. The device energy model monitors the state of
the device to calculate its energy consumption. It provides
an interface for updating the residual energy in the energy
source and gives notification from the energy source when
energy is completely depleted and maintains a record of the
total energy consumed by the device. NS-3 provides energy
model for Wifi Radio with states IDLE, CCA BUSY, TX, RX,
and SWITCHING. Developers may extend on the models in
NS-3 to model different scenarios that may not be present in
current releases.

NS-3 allows for the definition of new energy sources that
incorporate the contributions of an energy harvester, with
the addition of an energy harvester component with existing
energy source as well as the possibility of evaluating the
interaction between energy sources and the different energy
harvesting models. The work [68] provided an extension of
the current energy models in NS-3 introducing the concept
of energy harvesting. Two energy harvesting models are as
follows: the basic energy harvester, providing time-varying,
uniformly distributed amount of energy and the energy
harvester that recharges the energy source. A model is for
a supercapacitor energy source and a device energy model
is for energy consumed by a sensor node. A model for an
energy predictor was introduced that is supposed to predict

the amount of energy that will be available in the future based
on information from the basic energy source and energy
harvester. An extended diagram of NS-3 with modules for
energy harvesting is presented in Figure 10.

All the above tools provide some support for energy
modeling and even some simulators like the PAWiS, WSNet,
OPNET, and Qualnet not mentioned above provide energy
modeling but not completely. Support for energy modeling
is still an open research especially when multihop energy
transfer is considered in WSN.

4. Energy Conservation

Energy conservation methods are concerned with reducing
energy consumption of the nodes. To conserve energy, the
major components in a sensor node that consume energy
must be controlled. The lifetime of a sensor node, which the
lifetime of the network is dependent on, is an indication of
how much energy is consumed and the amount of energy
available for use [11].

Definition of a network frequently used in literature is of
n-of-n such that

𝑇𝑛𝑛 = min𝑇V (4)

where𝑇V is the lifetime of node V [11].The lifetime of the node,
which is a function of energy consumed and energy available
for use in the network, depends on the activities of various
components, being the sensing, processing, radio, and power
supply units, with typical energy consumption of the various
units of the node presented in Figure 11.

The sensing component consists of the sensors with
Analog-to-Digital (ADC) converters for collecting data from
the environment that are then fed into the processing unit.
The processing component manages the node by perform-
ing internal computations and aggregation of data with
other nodes in the network and has a storage unit/memory
included working as a temporary buffer. The transceiver
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also known as the radio unit connects the node to the
network. The power unit consists of the battery or low-
powered capacitors and serves as the source of energy. They
may also be supported with power scavenging units for
energy harvesting. The control of the energy consumption
of the various components of a sensor node has led to the
generation of some methods in energy conservation which
may be classified as radio optimization techniques, data
reduction, and efficient routing techniques. In general, energy
conservation methods focus on networking and sensing.
Networking comprises the management of the sensor nodes
and the design of the network protocolswhile sensing is based
on the techniques to reduce the frequency of sensing.

Energy conservation methods provide means of reducing
energy consumption by the different components of the sen-
sor node as shown in Figure 1. Of the different components,
data communication expends the maximum energy available
[13], where communication involves both transmission and
reception.

The sensing component consists of the sensors with
Analog-to-Digital (ADC) converters for collecting data from
the environment that are then fed into the processing unit.
The processing component manages the node by perform-
ing internal computations and aggregation of data with
other nodes in the network and has a storage unit/memory
included working as a temporary buffer. The transceiver,
also known as the radio unit, connects the node to the
network. The power unit consists of the battery or low-
powered capacitors and serves as the source of energy. They
may also be supported with power scavenging units for
energy harvesting. The control of the energy consumption
of the various components of a sensor node has led to the
generation of some methods in energy conservation which
may be classified as radio optimization techniques, data
reduction, and efficient routing techniques. In general, energy
conservation methods focus on networking and sensing.
Networking comprises the management of the sensor nodes
and the design of the network protocolswhile sensing is based
on the techniques to reduce the frequency of sensing.

4.1. Radio Optimization Technique. The radio module is re-
sponsible for wireless communication and is the component
that consumes significant amounts of energy in the network.
To optimize the radio, techniques used include coopera-
tive communication schemes, sleep/wake-up schemes, duty
cycling, and radio optimization parameters such as radio
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coding and modulation techniques, power transmission, and
antenna direction. The radio transceiver is one component
that consumes much energy since it is used in data commu-
nication. Energy conservation methods focus more on data
transmission since more energy is expended from the node
during data transmission than data processing/computation.
Energy consumed during sensing may be considered in
energy conservation since the energy consumed may be
comparable to or even greater than communication [27,
28, 89] in some applications and cannot be ignored. Radio
optimization techniques provide means of mitigating the
energy consumption of sensor nodes due to wireless commu-
nication. Radio optimization techniques considered include
SISO, MIMO, cooperative communication schemes, sleep
wake-up schemes, and Transmission Power Control.

4.2. Single-Input Single-Output (SISO). Single-Input Single-
Output (SISO) refers to the direct transmission of data from
single nodes to a base station usually through a single hop
transmission. Challenges of SISO include data congestion,
collisions, and loss of energy when the distance between node
and base station is big.

4.3. Multiple Input Multiple Output (MIMO). Multiple Input
Multiple Output (MIMO) systems assume that multiple
antennas on nodes transmit data to multiple receivers. The
application of MIMO spreads the power to transmit among
different antennas on nodes in the network to achieve power
gains. This increases the bandwidth for high data rates and
bit-error-rate performance requirements [74, 90]. MIMO has
challenges in WSN due to the limited physical size of typical
sensor nodes that cannot support multiple antennas and the
energy consumed by the circuit energy of the transmitter
and receiver in the system. When the number of antennas
increase, the circuit energy consumed by multiple antennas
increases [74]. To mitigate the limitations of MIMO, coop-
erative MIMO technologies are constructed that minimize
the energy consumed in transmission especially in long range
transmission where the benefits of MIMO outweigh SISO
[90, 91]. SISO has efficient energy consumption for short
range transmissions but still requires approaches tominimize
circuit energy consumption. The reader could read papers
[74, 92] for further benefits of MIMO.

4.4. Cooperative Communication Schemes. Cooperative com-
munication schemes provide means of communication by
allowing the terminals/antennas in a multiuser environment
to collaborate in communicating in a sensor network, using
the broadcast nature of wireless networks. Single antennas
in a multiple user environment collaborate to share their
antennas to form a virtual multiple antenna transmission,
thereby gaining the benefits of MIMO systems while over-
coming their challenges, such as size, cost, hardware, and
deployment limitations [76, 93]. Wireless nodes in cooper-
ative communication systems act as transmitters and also
cooperative agents for other users. Two ways of cooperation
are introduced in [76] called the relay cooperation and node
cooperation. Relay cooperation is when extra relay nodes
help to transmit data from source to destination. This is

achieved by relay nodes receiving data from sources and
then transmitting to destinations using some cooperation
protocols (amplify-and-forward, decode-and-forward, and
compress-and-forward). In node cooperative systems, nodes
cooperate by either communication terminal using combined
processing or coordinating the strategies for communication
at the terminals. Challenges in the implementation of cooper-
ative communication systems include, but are not limited to,
cooperation assignment and hand-off, network interference,
transmitting and receiving requirements of wireless systems,
and the loss of rate to the cooperating mobile system [93].

4.5. Sleep/Wake-Up Schemes. Sleep/wake-up schemes adapt
the node to the activities of the network to conserve energy
by putting the radio to sleep, to minimize idle listening (idle
sensing of the channel). Duty cycle is defined as the ratio
of time nodes that are active during their lifetime and the
sum of the times when the node is on and asleep [94], which
means nodes alternate between sleep and wake-up times.The
radio transceiver of nodes is made to sleep when there is
no communication and wakes up when data transmission
is required. The alternating of sleep and wake-up periods is
referred to as duty cycling. The downside of this technique is
that data generated during the vacation period (when node is
sleeping) may be lost. Another technique that is data driven
senses the channel until some data is generated; then it wakes
up for transmission. Unnecessary data may be transmitted to
the sink increasing energy consumption and could also be too
energy consuming if the data sensing is not negligible.

To optimize the sleep period, event-driven systems adapt
selective and incremental wake-up scheme, where low-
powered sensors continuously monitor the system, until
some event trigger is received; then nodes are triggered for
high-quality detection and quality sensing. Another method
puts all nodes to sleep but they wake up when there is a
demand by another node to communicate. This means nodes
are active only for a minimum time during communication.
No sensing of the network is required and it is appropriate
for applications where sensing consumes much energy and
periods of data communication are known a priori. Thirdly,
there are methods where all nodes sleep and wake up at the
same time according to a wake-up schedule. These meth-
ods are appropriate for data gathering applications where
aggregation may be required but more collisions will be
introduced in such networks as all nodes wake up at the
same time. Asynchronous methods allow nodes to wake-up
independently with overlapping wake-up periods with the
neighbors. Such networks require active periods of sensing or
nodeswill have towake up frequentlywhen sender sends long
preamble or receiver remains active for longer periods. All
will require huge energy cost to the network and hence this is
not an efficient energy conservation technique, but good for
QoS purposes [3].

4.6. Transmission Power Control. The aim of Transmission
Power Control (TPC) approaches is to dynamically adjust
the transmission power of the radio to maintain an effec-
tive communication link between pairs of nodes while not
transmitting at full power capacity [95, 96]. Factors such
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as distance and link quality affect the transmission power
within a transmitter-receiver pair. A survey of TPCs by [95]
investigated existing approaches of protocol development
that were based on single-hop communication in WSN.
An Adaptive Transmission Power Control (ATPC) [96] was
proposed that builds a model for communication where
neighboring nodes create a correlation between transmission
power and link quality. A feedback-based TPC algorithm is
employed to dynamically maintain individual link quality,
creating a pairwise adjustment for ATPC that saves energy
with online control and is robust to environmental changes.
A TPC method for SCADA systems is used for industrial
control of their remote stations and a central site [97].
Using a fuzzy based algorithm, a minimum number of
transmission paths are maintained between the sink and
source nodes while maintaining minimum multihops. The
effect of different Transmission Power Control protocols
on the lifetime of WSN is studied in [98] when power
levels and strategies for transmission power assignment are
discretized. The bandwidth of TPCs and the granularity
of the power control of the link-level affect the energy
consumed.

4.7. Data Reduction. Data reduction techniques in WSN
reduce the amount of data that is transmitted to the des-
tination, usually the sink, thereby reducing the number
of transmissions. These techniques reduce the bandwidth
needed to send data as it traverses the network from source
to destination (usually the sink). Some techniques used are
data aggregation, compression, and prediction. Others are
network coding and efficient routing.

4.8. Aggregation. Aggregation techniques fuse data as it
traverses the network from one node to the other to the sink.
Its main aim is to aggregate data in an efficient manner to
increase the network lifetime [99]. Since near nodes share
similar data by spatial correlation, energy is wasted when
the same data value is routed from multiple sources to the
sink. Transmitting 1 KB of data over 100m expends energy
as much as executing 300 million instructions on a typical
processor with 100MIPS [100]. In-network data aggregation
can be broadly categorized as Address-Centric (AC) and
Data Centric (DC). It reduces medium access contention and
the number of transmitted packets and minimizes packet
transmission delays. Aggregation in the network can be done
via data aggregation tree (DAT for flat networks) and by
clustering for hierarchical networks. Some key points in data
aggregation are as follows:

(i) Nodes sense data values on the entire network and
route to neighbor nodes.

(ii) Sensor nodes can receive different versions of the
same message from different nodes in the network.

(iii) Data is combined from diverse sources and routes to
mitigate redundancy.

(iv) Intermediate nodesmust access the content of packets
to be aggregated.

(v) Nodes must wait for a predefined waiting time (WT).

A survey of data aggregation algorithms is presented in
[101] and analyzes different solutions against performance
metrics such as data latency and accuracy. In data aggregation
algorithms, there is usually latency and accuracy based on
the application area. Energy efficiency, aggregation freshness,
and collision avoidance are some performance metrics used
in data aggregation.

4.9. Data Compression. These are techniques that reduce the
size of sensed data before transmission. This reduces the
amount of energy consumed in processing and transmitting
data in individual nodes in the network, reducing the size
of bandwidth used. A basic assumption in compression is
that the amount of energy consumed compressing a bit of
data into b, such that 𝑎 < 𝑏, must be smaller than the
amount consumed in transmitting a−b string of data [102].
The work [103] presented a survey of mechanisms for data
compression. The assumption used in data compression is
that multiples of energy consumed per 480 addition instruc-
tions are consumed for every bit of data transmitted by radio.
If more than 1 bit of data is taken from sensed data by data
compression, total power consumed by transmitting that data
will be significantly reduced. Data compression techniques
in WSN take into consideration the size of the compression
algorithm and the processing speed (that of a typical WSN
node is 128MB and 4MHz, respectively). Examples of these
compression techniques are coding by ordering, pipelined
in-network compression, low-complexity video compression,
and distributed compression [102].

4.10. Data Prediction. Prediction is a term given to the
process of inferring missing values in a dataset based on
statistical or empirical probability or the estimation of future
values on some historical data. A prediction method is a
function with two inputs, the set of observed values and
the set of parameters. A model created for prediction is
deterministic and obtained from the observed values, but
one could have several prediction models from the same
prediction method or algorithm [104].

Prediction methods require additional information about
the observed data which may be known to the user before
deployment which can be applied to the statistical data.
The additional information may support assumptions made
in predictions that determine the feasibility of the model.
This feature of prediction models makes them more reliable
compared to machine learning techniques that use fewer
assumptions of the data in exchange for the time to adjust
parameters and adapt to the observed data set. This does
not give the user the opportunity to see the prediction
accuracy before testing with real data. The work [104]
groups prediction schemes under two main headings: single
prediction schemes and dual prediction schemes. Single
prediction schemes are made at one point in the network
which could either be closer to the sensor nodes or close
to the data collection point. In this, sensor nodes may sense
data but based on the reliability of predictions of the sensed
data predict changes to the amount of data measured and
transmitted. The advantage is that each device may decide
to adapt itself based on the predictions or not without a
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need to synchronizewith neighbors of their decisionswithout
incurring any overhead cost of communications. This could
eventually reduce the quality of the information derived from
the cluster heads sincemost datamaynot be transmitted from
the sensor nodes.With the autonomy of cluster heads coupled
with the spatiotemporal correlation of sensor nodes placed
near each other, probabilistic models could be generated with
good distributions and confidence levels that may be used to
predict measurements thereby reducing transmissions.

Applications of this models are used in adaptive sampling
[105, 106], clustering [107], and data compression [108, 109].
Dual prediction schemes on the other handmake predictions
of the cluster heads and in sensor nodes. When sensor
nodes measure values outside the threshold of the prediction
models, the value from the sensor nodes is transmitted to
the cluster heads which then sends to the sensor nodes the
correct value. Frequent transmissions and therefore energy
consumption are hereby reduced. The aim of dual prediction
schemes is to mitigate the number of transmissions without
compromising on the quality of measurements made by
the systems and hence a tradeoff between the number of
transmissions for new prediction model distribution and the
reliability of the channel is always made [109, 110].

5. Energy Balancing

Energy balancing techniques that distribute the amount of
energy in the network such that nodes have equal amount of
energy and have prolonged lifetime have been discussed in
this paper.They comprise data reduction schemes that reduce
the amount of data that is delivered to the sink node and
balancing schemes that optimize the distribution of energy
available to the node and energy consumption of the nodes
in the network.

Balancing schemes proposed in recent research discussed
means of distributing and managing the energy in a sensor
node [23]. Clustering schemes have been used to balance
energy in the network, and they were processes where nodes
are grouped together with a coordinator, usually known as
the cluster head, that perform specialized functions such as
data fusion and aggregation, and communicate this data from
its clusters to the base station. Most published clustering
approaches form groups of nodes and allow these nodes to
select a cluster head based on some criteria. The cluster head
selection can be randomized [111] or based on degree of
connectivity [1]. Some approaches include the residual energy
of the node as a criterion for cluster head selection [7, 112].

The possibility of unbalanced energy consumption in the
network was due to the different consumption rates of energy
of nodes and their distance from the base station, causing
some clusters to be of high energy while others are of low
energy, in a situation known as the black hole problem [31].
To solve this problem, the unequal clustering approaches [113]
have been proposed. A round-robin method causes cluster
heads to be rotated among the nodes in the network of
homogeneous nodes (beginning the network formation with
the same energy level) and have the same capabilities. The
assumption is that due to different transmission and recep-
tion rates of data of the individual nodes energy depletion

will not be the same throughout the network. Rotating cluster
heads changes the topology of the network at each round of
rotation and imposes change over overheads [114, 115].

All cluster heads in the network must be notified of the
change while cluster heads change their routing tables and
scheduling strategy. Some methods include the addition of
high energy specialized nodes in the network to balance the
load in various locations of the sink node to balance energy
consumption. In [116], high energy nodes called gateways are
proposed which form equal sizes of clusters in the network
based on the cost of communication and the load on the
gateways. These gateways act as cluster heads and perform
energy consuming tasks like data fusion and organization of
nodes for special tasks. The method solves the problem of
extra overhead incurred by frequent reclustering on nodes
since this task is performed by the gateways. The addition of
specialized nodes comes at an extra cost and the optimized
number added in a network must be considered. Other
methods balance the energy consumption in the network
by forming clusters of unequal sizes [7, 117, 118]. In these
approaches, the size of clusters increases as one approaches
the base station. The assumption is that, for nodes further
away from the base station, multihoping data through relay
cluster is more energy efficient than directly since the amount
of energy required to transmit data from one node to another
is directly proportional to the distance between the two
nodes. Cluster heads aggregate data from their clusters and
relay data from other cluster heads to the base station. This
means cluster heads closer to the base station will be depleted
of their energy faster than nodes on the peripheral.

This paper includes energy harvesting schemes aug-
mentedwith energy transfer technologies to distribute energy
available in the network fairly such that nodes are not
depleted of their energy below some threshold when they
are no more operational. Energy conservation techniques are
also included to ensure efficient use of energy by the sensor
node with minimal consumption.

6. Challenges and Future Research Directions

In energy transfer in wireless sensor networks, some
researchers have attempted to solve the distance related
energy transfer issues [8, 34, 55, 63]. Despite the attempts
to resolve these issues, there remains a great deal of work
in this area. In this section, we present some challenges in
energy harvesting and energy transfer and propose likely
future works.

6.1. Challenges

Cost of Experimentation Using Testbeds. Research in WSN
requires comprehensive evaluations process that could be
verified and reproduced. Most studies done over the years
have evaluated theoretical analysis and simulations lacking
experimental evaluations. Over the years research into the
transfer of energy fromnode to node or froman energy trans-
mitter to nodes by either single hop or multihop has been
proposed as a solution to making sensor networks immortal.
Most of such research is based on the modeling of the
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networks and the charging scenarios. Creating real testbed
experiments for energy transfer is still ongoing research with
a little breakthrough. The work [56] performed simulation
and temporary transfer of energy over magnetically coupled
resonance coils of 1m diameter or less with 60% efficiency.
This shows a direct transfer without storing or retransmission
of the power. Powercast Technology [36] has the Powercast
energy transmitter that provides an EIRP of 3W for 5W
DC input but does not generate continuous RF output. The
work [22] proposed a solution for multihop energy transfer
using theory and simulations to investigate the phenomenon
of slowly evanescent field patterns that can transfer energy
efficiently. Their results proved the transfer of energy over 20
hops but lack testbed tests.Thework [119] demonstrated mul-
tihop RF energy transfer within two hops using the MICA2
mote operating on the supercapacitors on the Powercast P1110
Evaluation Board. The setup was made of A HAMEG RF
synthesizer HM8135, an intermediate node which is made
up of the P1110 Evaluation Board, and a modified MICA2
mote powered from the 50mF supercapacitor on the board
and has a 6.1 dBi antenna for transmitting energy in the form
of data packets to the end node (P1110 Evaluation Board).
This setup is not automated and requires reconfigurations
each time the nodes position or topology changes. It is also
not scalable and is limited to two hops with modified sensor
nodes. For efficient energy transfer, cross-layer support for
energy transfer comprising the MAC, link, and application
layers is critical for the implementation of wireless energy
transfer in WSN. There is lack of hardware designed to
support energy transfer and the lack of optimal energy-aware
routing protocols that consider the concurrent transfer of
energy and data in a network.

For charging nodes in an entire network, specialized
devices such asmobile chargers or robots have been designed,
with shortest path algorithms and optimal paths developed
for easy charging, but these specific nodes increase the overall
cost of energy transfer on test beds. The introduction of
specialized nodes for energy harvesting and transfer called
energy transmitters also increases the cost of implementation.
Sensor nodes due to their usage and places of deployment are
expected to be smaller in size; this becomes a challenge when
antennas for energy transmission and reception must both
be attached to common nodes for receiving and transmitting
energy.

Designing Energy Transfer Models in Current Simulators.
Simulation tools of wireless sensor networks currently lack
features that support useful energy models for energy har-
vesting from renewable and sustainable energy sources [34].
There is a need to either develop energy models in existing
simulation tools for energy harvesting and monitoring or
develop energy modeling simulators for wireless sensor
networks. NS-2 energy model comprises the radio energy
model parameters and allows a user to set the initial energy
on the mote but does not have models for energy harvesting
or the ability to transfer energy from node to node. NS-
3 has an energy model which has models for the device
energy model, the fundamental energy source (which is
usually the Li-ion battery but can allow formodificationswith

other energy sources like supercapacitors) and the energy
harvesting model.The energy harvesting model increases the
energy stored in the energy source and could be modeled
as some other energy harvesting source [68] like in solar
energy harvesters in [120]. Other simulators like Castalia,
EKHO, andCOOJAdo not havemodels for energymodeling.
Castalia does not provide battery or energy modeling and
therefore does not support lifetime estimation simulations.
It also does not have postprocessing tools for GUI support
[86]. PASES [67] is a design space framework that was created
with power awareness for the different components of the
sensor node. It has the energy level that introduces the Energy
Source Layer that analyzes the power consumption of the
hardware components and models for energy sources like
batteries and supercapacitors and energy harvesters. It has
model for the device energy model but does not give a user
the flexibility to customize protocols at theMACand network
layer; files are in XML and Python and do not support other
low-level languages like C and C++ which is used in most
simulators and test beds. Interfacing PASESwith testbed tools
like what is done in COOJA is not possible and PASES does
not also support increasing number of sensor nodes being
added at runtime.

PredictionModels for Energy Harvesting.The unpredictability
of energy due to the continuous supply of energy harvesting
sources to predictive models for energy harvesting that
depend on the residual of energy in the network based on
the availability of the energy source is difficult due to the
unpredictability of energy sources. Routing protocol design
is a challenge due to the fluctuation of the available energy
in the network which affects which nodes will be awake at
every point in time to receive broadcast packets. This makes
broadcasting not suitable for WSN with energy harvesting
[5].The use of energy-aware duty cycling algorithms becomes
a challenge if the energy on the nodes is dependent on the
harvested energy. This could create erratic sleep/wake-up
cycles since the residual energy may not be known a priori
[121].

Inductive Coupling. Inductive coupling has been revised as a
technique for wireless energy transfer to handle its limitation
issues such as alignment and distance that are critical to
their deployment and implementation. A strongly coupled
inductive resonance coupling technique is introduced by [56]
and has become a viable means of energy transfer. The chal-
lenge is the health implications of inductive resonance in the
human environment due to constant exposure to radiations
and the discomfort when used in humans [122]. Inductive
coupling works within few centimeters, and therefore the
distance of operation is limited. Scalability of transmission
using inductive coupling is still a challenge since nodes must
be tuned to avoid interference due to mutual coupling effect
[123]. Since inductive coupling requires alignment of nodes,
it is a challenge to design nodes with mobility.

6.2. Future Research Directions. Current research on model-
ing energy transfer is showing positive directions for single
hop and multihop energy transfer. There is the need to
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develop or improve existing simulation tools to support
energy transfer.

Single Energy Transmitters. The possibility of single energy
transmitters transferring energy to multiple receivers simul-
taneously with multihop energy transfer with minimum
charge and discharge losses is still open for research. Current
research proposes using multiple transmitters to simultane-
ously charge nodes in large networks. But due to problem of
signal interference with multiple chargers, there is a limit to
the number that could be used in a network.The possibility of
using a single energy transmitter that continuously receives
energy through energy transfer could be a huge solution if
multihop energy transfer is explored.

Extending Recent Simulation and Emulation Tools. Current
simulation and emulation tools on the market (both com-
mercial and open source) lack the full capability to test and
evaluate new energy harvesting and transfer applications
and protocols in WSN. For example, the current simulators
and emulators used for modeling WSN applications such as
Network Simulator 3 (NS-3) [88], Castalia Simulator [85],
EKHO [66], OMNeT++ [86], COOJA [87], and PASES [67]
do not reflect the network behavior accurately. Most of
these simulators do not include models for energy trans-
fer which makes performance evaluation difficult. Network
Simulator three (NS-3) was recently extended to include
two energy harvesting models [68]. The first model (i.e.,
the basic energy harvester) uses a generic random vari-
able to provide energy to the harvester. The second model
recharges the energy sourcewith datasets based on real values
obtained from solar panel. Development of simulation and
emulation environments that support all aspects of energy
harvesting and transfer is still an open research and will
be a valuable tool to evaluate the proposed energy transfer
techniques.

Experimental Demonstration of Multihop Energy Transfer. In
WSN, the available energy harvested from the energy source
may have practical implementation or simulation ofmultihop
energy transfer that reduces the charge and discharge losses
with better transfer efficiencies is still an open research. For
charging nodes in an entire network, specialized devices
such as mobile chargers or robots have been designed, where
shortest path algorithms and optimal paths are developed
for easy charging, but these specialized nodes increase the
overall cost of energy transfer on test beds. The introduction
of specialized nodes for energy harvesting and transfer called
energy transmitters also increases the cost of implementation.
Sensor nodes due to their usage and places of deployment are
expected to be smaller in size; this becomes a challenge when
antennas for energy transmission and reception must both
be attached to ordinary nodes for receiving and transmitting
energy. The need to design special nodes that could have
contained both transmitter and receiver antennas on small
sized nodeswill enable the efficient implementation of energy
transfer. There is also the need to develop optimal energy
routing protocols to support multihop energy transfer that
have the MAC and link layer support.

7. Conclusions

The role wireless sensor networks play in monitoring human
activities in the last decade cannot be underestimated. Over
the years, the introduction of energy management schemes
that seek to prolong the lifetime of the sensor node and
the overall network has been proposed, but the amount of
energy required by the sensors to be operational all the time
remains a challenge. In this paper, we have provided the trio
energy management scheme that when fully implemented
will keep the network alive forever. We first discussed the
broad categorization of energy harvesting technologies and
techniques and followed the discussion with the current
energy transfer techniques and finally the approaches for
conserving energy. Although there is an extensive work on
each of these management schemes, there are still several
other challenges that need to be addressed by the research
community for effective implementation of the trio schemes.
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[39] C. Ó. Mathúna, T. O’Donnell, R. V. Martinez-Catala, J. Rohan,
and B. O’Flynn, “Energy scavenging for long-term deployable
wireless sensor networks,” Talanta, vol. 75, no. 3, pp. 613–623,
2008.

[40] S. Roundy, P. K. Wright, and J. M. Rabaey, “Energy scavenging
for wireless sensor networks,” Norwell, 2003.

[41] D. M. Rowe, “Conversion efficiency and figure-of-merit,” in
CRC Handbook of Thermoelectrics, p. 31, CRC Press, 1995.

[42] I. Stark, “Invitedtalk: Thermal energy harvesting with thermo
life,” in Proceedings of the International Workshop Wearable and
Implantable Body Sensor Networks (BSN ’06), pp. 19–22, 2006.
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Low cost and high efficiency, defined as energy efficiency (EE) and spectral efficiency (SE), have raised more and more attention in
the fifth generation (5G) communication systems due to steadily rising hardware cost, energy consumption, andmobile traffic.This
paper studies the hybrid architecture of multiuser massive MIMO systems, where the digital domain utilizes the zero-forcing (ZF)
precoding scheme and the analog domain uses discrete Fourier transform (DFT) processing that significantly reduces hardware
cost and energy consumption. We derive analytical expressions on the total achievable SE and EE, as well as offering insight into
some engineering parameters in the system performance.Our aim is to achieve low cost and high efficiencymassiveMIMO system,
with constraints on the overall transmit power, the number of users, and the number of radio frequency (RF) chains. Results exhibit
that the total achievable SE of the hybrid architectures with DFT precessing is inferior to the full digital architectures and hybrid
architectures with the ideal phase shifters, but the performance attenuation can be compensated by providing the more input SNR
and higher number of RF chains. Moreover, we find that the total achievable EE of hybrid architectures with DFT precessing
outperforms other massive MIMO architectures that include a full digital implementation, ideal phase shifters, and a switched
network.

1. Introduction

As environmental issue has attracted more andmore concern
from public, green radio communication has emerged as
the most important concept in the fifth generation (5G)
communication systems [1–4]. Along with improved traffic
rate, transmission reliability, and quality of service, the
upcoming 5G communication systems aim at improving
the energy efficiency without compromising on the user
experience [5–8]. Massive multiple-input multiple-output
(MIMO), viewed as one of the important techniques for
5G wireless communication, has attracted a great deal of
research interest in current years. For a conventional massive
multiple-input multiple-output (MIMO) system with fully
digital architecture, every antenna element requires to deploy

a radio frequency (RF) chain that is equipped with a high-
resolution analog-to-digital converter (ADC). The energy
consumption of the ADCs grows exponentially with the
number of ADC quantization bits and also increases with
carrier frequency bandwidth and signal sampling rate. How-
ever, massive MIMO systems employing large-scale number
antennas and high-resolution ADCs lead to unaffordable
energy consumption and hardware cost [9–12].

Hybrid architectures massive MIMO systems, which con-
sist of analog processing and digital precoding, are one such
alternative with promising techniques in 5G communication
systems [13–15]. Such architectures not only achieve high
total achievable SE, but also keep low cost and energy
consumption. There has been a lot of work devoted to
developing analog beamforming design. For example, the

Hindawi
Wireless Communications and Mobile Computing
Volume 2018, Article ID 7597290, 11 pages
https://doi.org/10.1155/2018/7597290

http://orcid.org/0000-0002-6055-5900
http://orcid.org/0000-0003-3533-2227
http://orcid.org/0000-0002-9783-1366
http://orcid.org/0000-0001-9217-4523
https://doi.org/10.1155/2018/7597290


2 Wireless Communications and Mobile Computing

authors in [16, 17] proposed a novel algorithm for point-
to-point MIMO systems, which aimed to reduce the com-
putational complexity of system and maximize the total
achievable spectral efficiency (SE) on different subcarriers.
To handle the severe energy consumption and hardware cost,
the authors in [18] proposed user scheduling algorithms and
resource allocation schemes, which aimed to maximize the
total achievable energy efficiency (EE) on hybrid massive
system. However, all the aforementioned studies are based
on the ideal phase shifters at the analog domain, which
has a potential to enhance the complexity of the system,
especially for a huge quantity of data. In order to sim-
plify the complexity of system, the work of [19] proposed
hybrid architecture with a switches network, where the ideal
phase shifters are replaced by a switches network. Results
reported that the switches network is a simpler solution
but suffers from the significantly performance loss of the
system.

Fortunately, the work of [20] found that using discrete
Fourier transform (DFT) processing at analog domain has
similar nature with electromagnetic lens and outperforms the
fully connected phase shifters, which has low power con-
sumption and is easy to implement. In light of these benefits,
the DFT processing at the analog domain has gained great
attention [21]. Results in [22] demonstrated that the DFT
processing is carried out by the Butler circuit, which has low
cost and high energy efficiency.Most importantly, the authors
in [23] reported that the DFT processing is treated as the
most promising technique used for signal transfer, which has
been recommended by various industrial ports. Meanwhile,
the authors in [24] investigated hybridmassiveMIMOsystem
based on DFT processing and further obtained the bounds
on the achievable SE of such system, where the zero-forcing
(ZF) precoding is adopted by the baseband processing. These
studies confirm that the hybrid massive MIMO system based
on DFT processing provides advantages for massive MIMO
systems. However, the aforementioned work of [23, 24] did
not derive an exact expression on the achievable SE and did
not include analytical results on the achievable EE for hybrid
massive MIMO systems.

In order to compensate for this gap in the study of
achievable SE and EE, this paper presents a novel hybrid
analog/digital architecture formassiveMIMO systems, where
analog processing is implemented using DFT processing.
Moreover, we further investigate the EE and SE of the hybrid
architecture massive MIMO system, which aims to effectively
reduce the power consumption and hardware cost without
compromising on the achievable SE. Our main contributions
are as follows:

(i) We present a novel hybrid architecture massive sys-
tem based on the DFT processing and derive exact
and approximated expressions on the total achievable
SE of system. According to the derived analytical
result, we further offer insight into the impact of
several engineering parameters in the system per-
formance, which constraints on the overall transmit
power, the number of users, and the number of RF
chains.

(ii) By establishing the realistic power consumption
model and employing the derived approximate
expression, we evaluate the total EE for hybrid archi-
tectures with DFT processing. Closed-form expres-
sions for the optimal the number of RF chains and the
SNR by maximizing the achievable EE are derived.

(iii) Results exhibit that the total achievable SE of the
hybrid architectures with DFT precessing is infe-
rior to the full digital architectures and hybrid
architectures with the ideal phase shifters, but the
performance loss can be compensated by offering
more RF chains and more SNR. We also find that
hybrid architectures with DFT precessing exhibit
much better total achievable EE than the other hybrid
architectures massive MIMO systems.

The reminder of the paper is listed as follows. Section 2
presents the signal model and hybrid architectures massive
MIMO system with DFT precessing. In Section 3, we analyze
the system’s performance that includes the achievable SE
and EE. Based on the derived theoretical results, we attain
the several engineering insights by considering the special
cases. Section 4 provides the numerical results to confirm
the obtained analytical results. Section 5 outlines the whole
paper.

Notations.Matrix and vector are used by upper and lower case
boldface, det(⋅), diag(⋅), and (⋅)! stand for a matrix determi-
nant, diagonal matrix, and factorial operation, respectively,[G]𝑘,𝑘 denotes the 𝑘-th diagonal elements of G, ⌊⋅⌋ accounts
for rounding to the nearest integer, and I𝐾 and C𝑛×𝑛 account
for an identity matrix of 𝐾 × 𝐾 dimension and an complex
Gaussian matrix of 𝑛 × 𝑛 dimension, respectively.

2. System Model

We firstly present the signal model associated with a hybrid
analog/digital architecture in massive MIMO system, where
the analog domain utilizes the low cost DFT processing, and
then we describe channel model that consists of the small and
large fading.

2.1. SignalModel. As depicted in Figure 1, we present a hybrid
architecture of a multiuser massive MIMO system, where the
BS comprises 𝑁𝑡 transmit antennas simultaneously serving𝑀 users. Each user has a single-antenna element and the𝑁𝑡 transmit antennas are connected to 𝑁𝑠 RF chains via a
DFT processing with parameters restricted as𝑀 ≪ 𝑁𝑡 and𝑀 ≤ 𝑁𝑠 ≤ 𝑁𝑡. Assume that x denotes a transmitted signal
vector of𝑀 × 1 dimension for all users with E[xx𝐻] = I𝑀.
When the input signal is the Gaussian symbol [25–27], the
received signal after analog DFT processing technique and
digital linear precoding scheme can be given by

y = √𝑃G𝐻FWx + n, (1)

in which 𝑃 stands for the input SNR of the system, W
represents the digital baseband precoder matrix, F denotes
the analog processing matrix, n denotes the additive white
Gaussian noise (AWGN), and G accounts for the channel
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Figure 1: Illustration of hybrid architecture massive MIMO system, in which the analog domain adopts DFT processing.

matrix that includes the large-fading coefficient and fast-
fading coefficient, which can be given by

G = HD1/2, (2)

where H accounts for the small-scale fading matrix, whose
entries follow a complex Gaussian distribution, and D
denotes large-scale fading matrix that diagonal entries are
given by [D]𝑘,𝑘 = 𝛽𝑘 and nondiagonal entries equal zero.
In practical, large-scale fading coefficient 𝛽𝑘 contains the
shadowing fading and path loss of the user 𝑘, which is
modeled as 𝛽𝑘 = 𝑧𝑘𝑟−𝛾𝑘 , where 𝑧𝑘 and 𝛾 account for a log-
normal random variable of the user 𝑘 and the decay exponent
of path loss, respectively, and 𝑟𝑘 accounts for the distance
between the BS and the user 𝑘.
2.2. DFT Processing Implemented. In the previous works
about hybrid massive MIMO systems [13, 28], phase shifters
or a network of switches requires the ideal CSI to be
available at the BS. To overcome this drawback brought
by phase shifters, this paper investigates a hybrid massive
MIMO system as showed in Figure 1, in which the analog
domain is implemented by using DFT processing. For hybrid
architecture with DFT processing, all transmitted signals via
a partial DFT matrix preprocessing before digital baseband
precoding, in which the partial DFT matrix is derived by
uniformly randomly selecting the rows of a DFT matrix.
Therefore, the partial matrix F is constructed by

F = 1√𝑁𝑡

[[[[[[[[[[[

1 1 1 ⋅ ⋅ ⋅ 11 𝑤 𝑤2 ⋅ ⋅ ⋅ 𝑤(𝑁𝑠−1)1 𝑤2 𝑤4 ⋅ ⋅ ⋅ 𝑤2(𝑁𝑠−1)... ... ... d
...1 𝑤(𝑁𝑡−1) 𝑤2(𝑁𝑡−1) ⋅ ⋅ ⋅ 𝑤(𝑁𝑡−1)(𝑁𝑠−1)

]]]]]]]]]]]
, (3)

where𝑤 = 𝑒−2𝜋𝑖/𝑁𝑡 .
Remark 1. From energy efficiency and economic perspective,
theDFTprocessing is appealing for analog domain inmassive
MIMO systems since it has low energy consumption, less
attenuation, and high performance, while theDFTprocessing

is implemented by adopting a field programmable gate array
(FPGA) [29] or an integrated Butler circuit [30], which is easy
to implement and efficiently reduces hardware complexity. In
addition, from the actual practical implementation, the DFT
processing able to embrace all propagation signal from 𝐾
users and the DFT processing is implemented offline, which
makes sure all RF chains always be activated.

3. Performance Analysis of System

In this section, our main task aims to derive the exact
expression on the achievable SE. By using the obtained theo-
retical result, we offer the insight of engineering parameters
on the achievable SE. And then the total achievable EE is
investigated by considering the energy consumption of such
a system. Finally a brief discussion is provided on how to
achieve the EE maximization.

3.1. Hybrid Massive MIMO System. A hybrid architecture
massive MIMO system with DFT processing is displayed
in Figure 1, which is split into DFT processing and digital
precoding processing successively. Before DFT processing at
the analog domain and digital precoding at the baseband
domain, an equivalent channel matrix G𝑒𝑞 is equivalent to
a composite matrix composed of the channel matrix and
partial DFT matrix, i.e., G𝑒𝑞 = G𝐻F. Thus, the digital
precoding matrices are based on G𝑒𝑞. In addition, we make
an assumption that the accurate and instantaneous CSI is
available. In practical setups, the CSI is efficiently derived
by channel estimation [31] and shared with the users using
limited feedback techniques such as given in [32]. The ZF
precoding scheme is able to completely eliminate interference
among users, which achieves the performance of the non-
linear precoding schemes, for example, dirty paper coding
(DPC) [33].Thus, we would like to employ zero-forcing (ZF)
precoding at the digital domain;W can be written as

W = G𝐻
𝑒𝑞 (G𝑒𝑞G

𝐻
𝑒𝑞)−1 Ξ, (4)

where Ξ accounts for the normalization matrix that satisfies
the constraint condition, i.e., [Ξ]𝑘,𝑘 = 1/√[W𝐻W]𝑘,𝑘,
whichmakes sure the precoding power constraint is satisfied.
When the input symbol is a Gaussian random variable, the
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achievable SE of the user 𝑘 with a ZF precoding scheme is
expressed as

𝑅𝑘 = E
{{{{{log2(1 + 1[(G𝑒𝑞G𝐻

𝑒𝑞)−1]𝑘,𝑘)
}}}}} . (5)

Considering all the users, the total achievable ergodic SE of
system is identical to a sum of the achievable ergodic SE per
user, which is calculated as

𝑅sum = 𝑀∑
𝑘=1

𝑅𝑘. (6)

According to (5), we see that the expectation is carried out via
ergodic of the equivalent channel matrix. In order to derive
the exact expression of the achievable SE, we have to calculate
the probability density function (p.d.f) of the SINR term. In
the following section, we shall present the detailed process
about the achievable SE.

3.2. Spectral Efficiency Analysis

Theorem 2. Consider hybrid architecture massive MIMO
systems with DFT processing; the exact expression on the
achievable ergodic SE of the user 𝑘 with ZF precoding scheme
is calculated as

𝑅𝑘 = log2 (𝑒) 𝑒1/𝑃𝛽𝑘𝑁𝑠−𝑀+1∑
ℎ=1

𝐸ℎ ( 1𝑃𝛽𝑘) , (7)

where𝐸ℎ(⋅) denotes the exponential integral function of orderℎ.
For real nonzero values of 𝑥 and the integer ℎ, the exponential
integral 𝐸ℎ(𝑥) is defined as

𝐸ℎ (𝑥) = ∫∞
1

𝑒−𝑥𝑡𝑡ℎ 𝑑𝑡. (8)

Proof. See Appendix A.

From Theorem 2, it is shown that the achievable SE of
the user 𝑘 is related to the number of RF chains, the input
SNR, and the number of users. However, it is hard to get
an intuition about the impact of the system parameters on
the achievable SE, since it invokes the exponential integral
function. Therefore, we try to calculate an approximate
expression on the achievable SE, which enables us to directly
observe the general trends of the SE as a function of the most
determinant parameters.

Corollary 3. Considering a hybrid architecture massive
MIMO system based on DFT processing, an approximate
expression on the achievable SE can be given by𝑅𝑘 = log2 (1 + 𝑃𝛽𝑘 (𝑁𝑠 −𝑀 + 1)) . (9)

Proof. To begin with, we invoke the results in [34] and
directly obtain the following approximate expression:

𝑒1/𝑥𝑁−1∑
𝑛=1

𝐸𝑛 (1𝑥) ≈ log (1 + 𝑥 (𝑁 − 1)) . (10)

According to the above approximate equation, we have the
following result:

𝑒1/𝑃𝛽𝑘𝑁𝑠−𝑀+1∑
ℎ=1

𝐸ℎ ( 1𝑃𝛽𝑘)≈ log (1 + 𝑃𝛽𝑘 (𝑁𝑠 −𝑀 + 1)) .
(11)

Substituting (11) into (8), we can derive the desired result.

With the derived tractable expression in (9) at hand, we
obtain clear insights into the SE behavior with respect to
different system parameters. From (9), we observe that 𝑅𝑘 is
concerned with the large-fading coefficient, the input SNR,
the number of RF chains, and the number of users. It can
be seen that 𝑅𝑘 is a monotonically increasing function of
the number of RF chains and the input SNR. Additionally,
assuming a fixed number of BS antennas and the input SNR,𝑅𝑘 is a monotonically decreasing function of the number
of users. However, as the number of users grows, the total
achievable SE increases since it is the multiplication of the
achievable ergodic per rate by𝑀. Besides, the total achievable
SE is a concave function with respect to the number of users𝑀, and there exists a unique globally optimal number of
usersmaximizing the total achievable SE according to convex
optimization theory. In the following corollary, we keep the
other parameters being fixed and concentrate on finding
the best number of users to achieve the total achievable SE
maximization.

Corollary 4. For hybrid architecture massive MIMO systems
based on DFT processing, there exists a unique globally optimal
number of users 𝑀𝑜𝑝𝑡 that achieve the total achievable SE
maximization, which is

𝑀𝑜𝑝𝑡 = ⌊ Δ𝑃𝛽 (1 − 1𝑊0 (Δ exp (1))⌋ , (12)

where Δ = 1 + 𝑃𝛽(𝑁𝑠 + 1) and𝑊0(⋅) represents the Lambert
function.

Proof. See Appendix B.

Corollary 4 reveals an important conclusion that the
achievable SE will not linearly increase with the number of
users, but it is a convex function.This implies that the optimal
number of users𝑀𝑜𝑝𝑡 in (12) achieves the total achievable SE
maximization. Additionally, it worth noting that Corollary 4
typically shows us a noninteger value with respect to 𝑀𝑜𝑝𝑡;
however, the quasi-concavity of the solution in (12) indicates
that𝑀𝑜𝑝𝑡 is obtained at one of the two closest integers.

3.3. Energy Efficiency Analysis. Green radio communication
has emerged as a new prominent indicator in the design of 5G
communication systems [35, 36]. Thus, the total achievable
EEhas become aprimary concern, which can be viewed as the
total achievable SE divided by the total energy consumption,
which is established as

𝜂𝐸 = 𝐵𝑅sum𝑃total , (13)
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where 𝐵 stands for the available bandwidth, whose unit is
MHz, 𝑃total accounts for the overall energy consumption, and𝑅sum was defined as the total achievable SE of system, which
is provided in (6).

We now present a practical energy consumption study of
the system. According to the prior works of [37–39], the main
energy consumption comes in several varieties: circuit energy𝑃C, signal processing energy 𝑃SP, and signal transmission
energy 𝑃T. Therefore, the total energy consumption in our
system can then be calculated as

𝑃total = 𝑃C + 𝑃SP + 𝑃T. (14)

Next, we shall introduce a detailed explanation of each energy
consumption part in the following.

(1) Circuit energy: the circuit loss of system mainly
comes from three parts: which includes the LNA
module, DFT processor, and one RF chain. Thus, the
circuit energy is calculated as

𝑃C = 𝑁𝑡𝑃LAN + 𝑃DFT + 𝑁𝑠𝑃RF, (15)

where 𝑃LAN accounts for the energy consumption
from a LNA, PDFT denotes the maximum energy con-
sumption from DFT processor at the analog domain,
and 𝑃RF is the energy consumption for a single RF
chain.

(2) Signal processing energy: the total energy consump-
tion mainly comes from the signal processing, which
is given by [39]

𝑃SP = 𝐾𝑃cd + (2𝑀2𝑁𝑡 + 2𝑀𝑁𝑡𝐿𝑇 + 2𝑀33𝐿𝑇 ) + 𝑁𝑡𝑀𝐿 , (16)

where 𝑃cd = 𝑃code + 𝑃dec, 𝑃code and 𝑃dec stand
for the energy consumption caused by the coding

and decoding symbols, respectively. The second term
can be understood as the energy computation of
precoding due to the matrix inversion of the ZF
scheme. The values of 𝑇, 𝐿, and 𝑈 stand for the
coherence time, the computational efficiency, and the
number of blocks per sec, respectively. The third
term can be understood as the energy computation
of information symbols during signal transmission.

(3) Signal transmission energy: the energy consumption
mainly comes from the loss of signal transmission in
the circuits and transmission, which is function of the
input SNR and is equivalent to 𝑃T = 𝑃/𝜂, where 𝜂
accounts for the effective coefficient of the input SNR.

Under the above consideration about the energy con-
sumption, we shall derive a closed-form expression of total
achievable EE. By plugging (14) into (13), the total achievable
EE of system is expressed as

𝜂𝐸
= 𝐵 log2 (1 + 𝑃𝛽𝑘 (𝑁𝑠 −𝑀 + 1))𝑁𝑡𝐼1 + 𝑁𝑠𝑃RF +𝑀(𝑃cd + 2𝑀2/3𝐿𝑇) + 𝑃/𝜂 + 𝑃DFT , (17)

where 𝐼1 = 𝑃LAN + 𝑀/𝐿 + 2𝑀2/𝐿𝑇. Based on the above
optimization problem, it is shown that the total achievable
EE in (17) is related to other fixed energy consumption, the
number of BS antennas, the number of RF chains, the input
SNR, and the number of users. Maintaining the number
of BS antennas, the number of users, the input SNR, and
the number of RF chains constant, we will focus on finding
the best input SNR that achieves the total achievable EE
maximization.

Corollary 5. Keeping the number of BS antennas, the number
of RF chains, the number of users, and the other parameters(𝐵, 𝐼1, 𝐿, 𝑇, 𝛽𝑘, 𝜂, 𝑃𝑅𝐹, 𝑃𝑐𝑑, 𝑃𝐷𝐹𝑇) constant, the optimal SNR is
calculated as (18), which can be found below.

𝑃𝑜𝑝𝑡 = exp {𝑊0 (𝜂𝛽𝑘 (𝑁𝑠 −𝑀 + 1) − 1/ (𝑁𝑡𝐼1 + 𝑁𝑠𝑃𝑅𝐹 +𝑀(𝑃𝑐𝑑 + 2𝑀2/3𝐿𝑇) + 𝑃𝐷𝐹𝑇) + 1)} − 1𝛽𝑘 (𝑁𝑠 −𝑀 + 1) (18)

Proof. To complete the proof, we consider the optimization
function 𝑔(𝑥) as follows:

max𝑔 (𝑥) = 𝑓log2 (𝑎 + 𝑏𝑥)𝑐 + 𝑑𝑥 (19)

with constants 𝑎, 𝑐 ≥ 0 and 𝑏, 𝑑, 𝑓 > 0. With the aid of
the conclusion provided in [40], we infer that the objective
function is strictly quasi-concave and there exists an optimal𝑥 that maximizes 𝑔(𝑥); the optimal 𝑥 can be given by

𝑥opt = 𝑒𝑊0((𝑏𝑐−𝑎𝑑)/𝑑𝑒)+1 − 𝑎𝑏 , (20)

where 𝑒 is the natural number. By capitalizing on the above
result and keep the system parameters constant except the
SNR, we arrive at the desired result.

Corollary 5 provides an explicit guideline on how much
SNR should be offered at the BS to maximize the EE. But, it
is worth noting that the optimal SNR involves the Lambert
function 𝑊(𝑥), which is a strictly increasing formula in
accordance with the random variance 𝑥 [41, 42]. In the
following, we shall present the numerical result to verify the
derived analytical result.

Corollary 6. Keeping the number of BS antennas, the
SNR, the number of users, and the other parameters
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(𝐵, 𝐼1,𝑁𝑡, 𝐿, 𝑇, 𝛽𝑘, 𝜂, 𝑃𝑅𝐹, 𝑃𝑐𝑑, 𝑃𝐷𝐹𝑇) as constant, the number
of RF chains is calculated as

𝑁𝑠
𝑜𝑝𝑡 = ⌊( 1𝑃𝛽𝑘 )
⋅ exp(𝑊0(𝑃𝛽𝑘 (2𝑀3/3𝐿𝑇 + 𝑃/𝜂 + 𝑁𝑡𝐼1 + 𝐼2)𝑃𝑅𝐹𝑒 )
+ 1) + (𝑀 − 1)⌋

(21)

where 𝐼2 = 𝑀𝑃𝑐𝑑 + 𝑃𝐷𝐹𝑇 − 𝑃𝑅𝐹 (1 −𝑀).
Proof. Using the similar method, the desired result is directly
obtained by directly utilizing the results provided in (20)
and setting the other parameters being constant except the
number of RF chains.

4. Numerical Results

In this section, we provide the Monte-Carlo simulations
to confirm the theoretical results on the achievable SE,
which have been derived in Section 3, and then we compare
the achievable EE for full digital architectures and hybrid
architectures by considering realistic power consumption.
In all simulations, the cell radius is 1000 meters, the guard
zone ring region is set to 100 meters, the number of users
is set to eight, the bandwidth of carrier frequency is 𝐵
= 10 MHz, the computational efficiency is 𝐿 = 12.8, the
coherence time is set to T = 32 ms, the decay exponent
of large-scale fading is given by 𝛾 = 2.1, and the standard
deviation of large-scale fading is 𝜎shad = 4.9dB. The large-
fading coefficients 𝛽𝑘 (𝑘 = 1, . . . , 8) are randomly created as
follows: {3.14, 0.09, 0.154, 5.38, 3.29, 0.16, 11.93, 1.82} × 10−3.
Unless specified otherwise, the above simulation parameters
are used. All the numerical results are averaged over 10,000
independent channel realizations.

Figure 2 depicts the total achievable SE versus the input
SNR, where all curves include the exact expression of The-
orem 2, the approximate expression of Corollary 3, and the
simulated results.We can see that the curves for the simulated
results, the approximate expression, and exact expression
coincide perfectly in the entire SNR regime.This observation
confirms the derived analytical expressions in Theorem 2
and Corollary 3. Meanwhile, Figure 2 also provides the total
achievable SE for the full digital architectures [43], as well
as the hybrid architectures with the ideal phase shifters and
switch network [19]. It is shown that the total achievable
SE of full digital architectures always outperforms the one
of hybrid architectures, regardless of ideal phase shifters,
switch network, and DFT precessing. However, the total
achievable SE of the hybrid architectures and DFT precessing
is superior to that of the hybrid architectures with the
ideal phase shifters, but it is inferior to that of the hybrid
architectures with the ideal phase shifters. As expected, there
is a significant performance gap that is caused by inaccurate
CSI and randomly DFT selection. According to (9), we know
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Figure 2: Total achievable SE versus the input SNR for different
architectures (𝑁𝑡 = 100,𝑀 = 8, and𝑁𝑠 = 50).
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Figure 3: Total achievable SE versus the number of RF chains (𝑁𝑡 =100,𝑀 = 8, and SNR = 5 dB, 15 dB).

that the performance gap can be compensated for offering the
more input SNR and the more number of RF chains.

In Figure 3, we depict the total achievable SE versus
the number of RF chains. As expected, the total achievable
SE increases with the number of RF chains, which keeps
pace with theoretical results in Corollary 3. For comparison,
the total achievable SE for the full digital architectures is
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Figure 4: Total achievable SE with DFT processing versus the
number of users (𝑁𝑡 = 128, SNR = 10 dB, and𝑁𝑠 = 40, 50).

also provided using [43, Table I], respectively. We can see
that, with fixed number of users, number of BS antennas,
and SNR (15 dB and 5 dB), the total achievable SE for full
digital architectures maintains a constant value and is 41.54
and 20.07 bit/s/Hz, respectively, which keeps constant. This
is because each antenna is connected to the RF chain. In
addition, only when the number of available RF chains equals
the number of BS antennas (𝑁𝑠 = 𝑁𝑡 = 100), the difference
between hybrid architectures and full digital architectures
tends to zero. Moreover, we observe that the total achievable
SEwith larger SNR regime always outperforms that one of the
smaller SNR regime for the reason that the larger transmitted
power boosts the total achievable SE.

Figure 4 depicts the total achievable SE varying with
the number of users, in which the curves only showed
the hybrid architecture with DFT processing. To guarantee
fairness among users, we assume that the large-scale fading
of each user is set to be identical, namely, 𝛽𝑘 = 1 × 10−3, ∀𝑀.
Moreover, given the number of BS antennas and the input
SNR (𝑁𝑡 = 128 and SNR = 10 dB), we observe that the
total achievable SE increases first and then decreases as the
number of users increases from 2 to 40.Meanwhile, we depict
the total achievable SE for different numbers of RF chains
(𝑁𝑠 = 40, 50); no matter what the number of RF chains is
utilized, a globally optimal number of users always exists that
achieves the total achievable SE optimum, which keeps pace
with theoretical result in Corollary 4. In addition, keeping
the parameters 𝑁𝑠, 𝑃, and 𝛽 constant and plugging these
parameters into (B.1) and (12), the best number of users and
corresponding total achievable SE of system is given by (22,
5.521) and (26, 8.370), respectively, which further support our
theoretical result in Corollary 4.

In Figures 5 and 6, we compare the total achievable EE for
a hybrid massive MIMO system based on DFT processing,
ideal phase shifters, and switch network, as well as massive
MIMO systemswith full digital architecture. Before depicting
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Figure 5: Total achievable EE versus SNR for different architectures
(𝑁𝑡 = 128,𝑁𝑠 = 50, and𝑀 = 8).
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Figure 6: Total achievable EE versus the number of BS antennas for
architectures (SNR = 10 dB,𝑁𝑠 = 50, and𝑀= 8).

the total achievable EE, we shall present the energy consump-
tion for full digital architecture, hybrid architectures with
ideal phase shifters, and switch network hybrid architectures
because the energy consumption of hybrid architectures with
DFTprocessing has been provided in Section 3.With the help
of the energy consumption models that have been provided
in [19, 37, 44], we know that, for full digital architecture,
hybrid architectures with ideal phase shifters, and switch
network hybrid architectures, the energy consumption of the
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signal processing part and the signal transmission part is
the same as the hybrid architectures with DFT processing,
and only the energy consumption of the circuit part has
changed drastically. For full digital architecture, the energy
consumption of the circuit part is provided by [44]𝑃Full = 𝑁𝑡𝑃BS + 𝑃SYS +𝑀𝑃UE, (22)

where 𝑃BS = 1 Watt, 𝑃SYS = 2 Watt, and 𝑃UE = 0.3 Watt. For
a hybrid architecture massive MIMO system based on ideal
phase shifters and switch network, the energy consumption
of circuit part is provided by [19]𝑃∗∗ = 𝑁𝑡 (𝐾 + 1) 𝑃LAN + 𝑁𝑡𝑀𝑃∗∗ +𝑀𝑃RF, (23)

where the subscript ∗∗ represents two different cases of the
ideal phase shifter and switch network. The detailed energy
consumption is provided by 𝑃LAN = 20 × 10−3 Watt, 𝑃PS =30 × 10−3 Watt, 𝑃SW = 5 × 10−3 Watt, 𝑃FR = 40 × 10−3 Watt,𝑃cod = 4Watt, and 𝑃dec = 500 × 10−3 Watt, and assume that
the efficiency of transmitter power is 𝜂 = 0.5 at the BS. These
above parameters are obtained from the results of [19, 37] for
hybrid architectures.

Figure 5 displays the total achievable EE as a function
of the input SNR. These curves are shown for hybrid
architectures based on DFT processing, ideal phase shifters,
and switch network. It is shown that the total achievable
EE of hybrid architectures based on DFT processing is
always superior to full digital architectures, as well as hybrid
architectures ideal phase shifters and switch network. This
is because the DFT processing has low cost and uses a few
number of RF chains. However, the total achievable EE of
the architectures with ideal phase shifters is better than that
of the architectures with switch network for the reason that
the degradation of the achievable SE with switch network
as compared with the ideal phase shifters case is significant,
especially for switch network case. Furthermore, the total
achievable EE of hybrid architectures with DFT processing
invariably outperforms the other in the input SNR regime,
which indicates that the DFT processing is the best one,
because the energy consumption of DFT processing is very
small. In addition, it is shown that the total achievable EE
first improves the input SNR and then reduces while the input
SNR increases. Indeed, there exists the best input SNR that
makes the total achievable EE of systemmaximization, which
is consistent with analytical results in Corollary 5.

Figure 6 depicts the total achievable EE versus the
number of BS antennas and includes full digital architecture
and hybrid architectures with DFT processing, ideal phase
shifters, and switch network. It is shown that the total
achievable EE of hybrid architectures with DFT processing
decreases by increasing the number of BS antennas. This
is because keeping the number of RF chains and the SNR
fixed, the total achievable SE becomes a constant, but the
total energy consumption increases by increasing the number
of BS antennas. Finally, this leads to the total achievable
EE of hybrid architectures with DFT processing decreases.
Obviously, the total achievable EE with DFT processing
outperforms that of other hybrid architectures. For the
hybrid architectures with ideal phase shifters and switch

network, it is shown that the best number of BS antennas
exists that makes the total achievable EE optimum, which
is consistent with the conclusion described in [45]. For full
digital architectures, it is shown that as the number of BS
antennas increases, the total achievable EE decreases. This
is because each antenna needs to deploy a unique RF chain,
which is augmented by increasing the number of BS antennas.

5. Conclusion

In this paper, low cost and high efficiency hybrid massive
MIMO system has been studied, in which the analog domain
uses DFT processing and the digital domain utilizes ZF pre-
coding. We derived the exact expressions on the achievable
SE. Results showed that compared with full digital architec-
ture and hybrid architecture with ideal phase shifters, there
is some degradation of achievable SE for hybrid architecture
with DFT processing. Fortunately, the degraded achievable
SE can be compensated by providing the more number of
RF chains and the input SNR. Moreover, we also studied
the total achievable EE and derived exact expression of the
achievable EE. Compared to conventional massive MIMO
system, regardless of full digital and hybrid architecture,
results showcased that the total achievable EE of hybrid
architectures with DFT processing invariably outperforms
the full digital architectures and hybrid architectures with
switch network and ideal phase shifters. We also found out
that the achievable EE decreases as the number of antennas
chains increases, while the best SNR exists that realizes the
total achievable EE optimum. We believe that the hybrid
massive MIMO systems with DFT processing have low cost
and high efficiency for 5G communication system. In the
future, we will incorporate some other wireless techniques
such as [46–49] to further enhance the performance of the
massive MIMO system.

Appendix

A. Proof of Theorem 2

To calculate the exact expression on the achievable SE in
(5), we shall recall that the definition of G𝑒𝑞 = G𝐻F with
G = HD1/2. By plugging these results into (8), the achievable
ergodic SE in (8) is expressed as

𝑅𝑘 = E
{{{log2(1 + 𝑃𝛽𝑘[H𝐻AH]−1𝑘,𝑘)

}}} . (A.1)

For convenience, we firstly define an auxiliary matrix A,
which is identical toA = FF𝐻. According to the properties of
theDFTmatrix, we easily know that the columnvectors of the
DFT matrix are mutually orthogonal, and then the auxiliary
matrix A is transformed by the eigen-decomposition, which
can be written as

A = FF𝐻 = UΛU𝐻, (A.2)

where Λ is the diagonal matrix, whose entries are one or
zero. Since the partial matrix F is a 𝑁𝑡 × 𝑁𝑠 dimension of
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DFT, by applying the eigen-decomposition Λ is a diagonal
matrix having𝑁𝑠 unit singular values, whose diagonal entries
can be expressed as Λ = diag{1, ⋅ ⋅ ⋅ , 1, 0, ⋅ ⋅ ⋅ , 0}. By applying
the unitary transformation, the matrix H𝐻AH has the same
distribution form as T𝐻T, where T reduces to a complex
Gaussian matrix of 𝑀 × 𝑁𝑠 dimension and is equivalent to𝑁𝑠 columns ofH. Thus, (A.1) can be written as

𝑅𝑘 = E
{{{log2(1 +

𝑃𝛽𝑘[T𝐻T]−1𝑘,𝑘)
}}} . (A.3)

We define

𝑋𝑘 = 1[(T𝐻T)]−1𝑘,𝑘 . (A.4)

Thus, (A.3) can be rewritten as𝑅𝑘 = E {log2 (1 + 𝑃𝛽𝑘𝑋𝑘)} . (A.5)

We study the evaluation of 𝑅𝑘 according to the following
expression:

𝑅𝑘 = log2 (𝑒) ∫∞
0

ln (1 + 𝑃𝛽𝑘𝑥𝑘) 𝑝 (𝑥𝑘) 𝑑𝑥𝑘. (A.6)

According to random matrix theory, when the entries of
small-scale fadingT are i.i.d. Rayleigh randomvariances [50–
52], the p.d.f. of 𝑋𝑘 is given by

𝑝 (𝑥𝑘) = 𝑒−𝑥𝑘(𝑁𝑠 −𝑀)!𝑥𝑁𝑠−𝑀𝑘
. (A.7)

Substituting (A.7) into (A.6) and employing the following
integration identity:

∫∞
0

ln (1 + 𝑎𝜆) 𝜆𝑞−1𝑒−𝑏𝜆𝑑𝑦
= (𝑞 − 1)!𝑒𝑏/𝑎𝑏−𝑞 𝑞∑

ℎ=1

𝐸ℎ (𝑏𝑎) .
(A.8)

By doing more basic mathematical manipulations, we finish
the detailed proof.

B. Proof of Corollary 4

For fairness among users, we assume that the large-scale
fading of each user is identical, namely, 𝛽𝑘 = 𝛽, ∀𝑀.
According to the achievable SE of per user (9), the total
achievable SE of system can be expressed as𝑅sum = 𝑀log2 (1 + 𝑃𝛽 (𝑁𝑠 −𝑀 + 1)) . (B.1)

We differentiate the total achievable SE in (B.1) in terms
of random variable 𝑀, the first-order partial derivative of𝑅sum(𝑀) is calculated as

𝑅sum (𝑀)𝜕𝑀
= (ln (1 + 𝑃𝛽 (𝑁𝑠 −𝑀 + 1)) − 𝑃𝛽𝑀/ (1 + 𝑃𝛽 (𝑁𝑠 −𝑀 + 1)))

ln 2 . (B.2)

Since the second term is negative, it is hard to judge directly
if the value of (B.2) is negative or positive, and we need to
further solve the second order partial derivative of 𝑅sum(𝑀).
The detailed computation and associated analysis of second-
order partial can be found in the works [53–55]. The second-
order partial derivative of 𝑅sum(𝑀) is calculated as

𝑅2sum (𝑀)𝜕𝑀2
= ( −𝑃𝛽𝑀1 + 𝑃𝛽 (𝑁𝑠 −𝑀 + 1)

+ −𝑃𝛽 (𝑁𝑠 + 𝑃 + 1)(1 + 𝑃𝛽 (𝑁𝑠 −𝑀 + 1))2) .
(B.3)

We found that 𝑅2sum(𝑀)/𝜕𝑀2 < 0 due to the value of numer-
ator is a negative; this shows that the function 𝑅sum(𝑀) is
concave with respect to𝑀. According to convex optimization
theory, it is easy to know that a unique globally optimal
number of users always exist, which enables us to achieve the
total achievable SEmaximization. To check the optimal value,
let the first-order partial derivative be equal to zero that holds

𝑀𝑜𝑝𝑡 = {𝑀| 𝜕�̃�sum (𝑀)𝜕𝑀 = 0} . (B.4)

Plugging (B.2) into (B.4), we attain

ln (1 + 𝑃𝛽 (𝑁𝑠 −𝑀 + 1)) = 𝑃𝛽1 + 𝑃𝛽 (𝑁𝑠 −𝑀 + 1) . (B.5)

In order to solve the above equation in terms of random
variable 𝑀, we observe that the equation is so sophisticated
because it involves the logarithmic function. We start by
letting 𝑦 = 1 + 𝑃𝛽(𝑁𝑠 −𝑀 + 1); (B.5) can be simplified as(1 + 𝑃𝛽 (𝑁𝑠 + 1)) exp (1)

= 1 + 𝑃𝛽 (𝑁𝑠 + 1)𝑦 ⋅ exp(1 + 𝑃𝛽 (𝑁𝑠 + 1)𝑦 ) . (B.6)

By applying the properties of the Lambert function [41] that
holds 𝑥 = 𝑊0(𝑥) exp(𝑊0(𝑥)), we can attain the following
equation:

𝑦 = 1 + 𝑃𝛽 (𝑁𝑠 + 1)𝑊0 (1 + 𝑃𝛽 (𝑁𝑠 + 1) exp (1)) (B.7)

Substituting 𝑦 into (B.7) and playing some basic mathemati-
cal transformations, we finish the proof.

Data Availability

The authors derived the writing material from different
journals as provided in the references. A MATLAB tool has
been utilized to simulate the concept.

Conflicts of Interest

The authors declare that there are no conflicts of interest
regarding the publication of this paper.



10 Wireless Communications and Mobile Computing

Acknowledgments

This work was supported in part by the Natural Sci-
ence Foundation of Guangdong Province of China under
Grant 2018A030310338, the National Natural Science Foun-
dation of China under Grants 61671144, 61801132, and
61871139, the Project of Educational Commission of Guang-
dong Province of China under Grant 2017KQNCX155,
the Guangdong Natural Science Funds for Distinguished
Young Scholar under Grant 2014A030306027, the Innova-
tion Team Project of Guangdong Province University under
Grant 2016KCXTD017, the Science and Technology Program
of Guangzhou under Grant 201807010103, the Project of
Fundamental Science and Frontier Technology Research
Project of Chongqing under Grant cstc2017jcyjAX0380,
the Guangdong Science and Technology Project under
Grant 2017A050506058, the Major Research Project of
Guangdong Provincial Department of Education under
Grant 2016KZDXM035, the Innovation Group Project of
Guangzhou under Grant 1201610010, and the Yangcheng
Scholars Project of Guangzhou under Grant 1201561560.

References

[1] F. Zhou, L. Fan, X. Lei, G. Luo, H. Zhang, and J. Zhao, “Edge
Caching With Transmission Schedule for Multiuser Multirelay
Networks,” IEEE Communications Letters, vol. 22, no. 4, pp.
776–779, 2018.

[2] W. Tan, W. Huang, X. Yang, W. Liu, and L. Fan, “Multiuser
precoding scheme and achievable rate analysis for massive,”
EURASIP Journal onWireless Communications andNetworking,
2018.

[3] B. Liu, Q. Zhu,W. Tan, and H. Zhu, “Congestion-Optimal WiFi
Offloading with User Mobility Management in Smart Com-
munications,”Wireless Communications andMobile Computing,
vol. 2018, pp. 1–15, 2018.

[4] H. Huang, J. Xia, X. Liu et al., “Switch-and-stay combining for
energy harvesting relaying systems,” Physical Communication,
vol. 28, pp. 28–34, 2018.

[5] F. Rusek, D. Persson, B. K. Lau et al., “Scaling up MIMO:
opportunities and challenges with very large arrays,” IEEE
Signal Processing Magazine, vol. 30, no. 1, pp. 40–60, 2013.

[6] F. Zhou, M. Du, Y. Wang, and G. Luo, “Joint source-channel
coding for band-limited backhauls in coordinated multi-point
systems,” IET Communications, vol. 10, no. 13, pp. 1562–1570,
2016.

[7] R. Zhao, Y. Yuan, L. Fan, and Y.-C. He, “Secrecy Performance
Analysis of Cognitive Decode-and-Forward Relay Networks in
Nakagami-m Fading Channels,” IEEE Transactions on Commu-
nications, vol. 65, no. 2, pp. 549–563, 2017.

[8] J. Yuan, S. Jin, W. Xu, W. Tan, M. Matthaiou, and K.-K.
Wong, “User-Centric Networking for Dense C-RANs: High-
SNR Capacity Analysis and Antenna Selection,” IEEE Transac-
tions on Communications, vol. 65, no. 11, pp. 5067–5080, 2017.

[9] L. Lu, G. Y. Li, A. L. Swindlehurst, A. Ashikhmin, and R. Zhang,
“An overview of massive MIMO: benefits and challenges,” IEEE
Journal of Selected Topics in Signal Processing, vol. 14, no. 5, pp.
136–146, 2014.

[10] J. Xia, F. Zhou, X. Lai et al., “Cache Aided Decode-and-
Forward Relaying Networks: From the Spatial View,” Wireless

Communications and Mobile Computing, vol. 2018, Article ID
5963584, 9 pages, 2018.

[11] X. Lai, J. Xia, M. Tang, H. Zhang, and J. Zhao, “Cache-aided
multiuser cognitive relay networks with outdated channel state
information,” IEEE Access, vol. 6, pp. 21879–21887, 2018.

[12] W. Tan, S. Jin, C. Wen, and T. Jiang, “Spectral efficiency of
multi-user millimeter wave systems under single path with
uniform rectangular arrays,” EURASIP Journal on Wireless
Communications and Networking, vol. 181, pp. 1–13, 2017.

[13] H. Shuangfeng, I. Chih-Lin, X. Zhikun, and C. Rowell, “Large-
scale antenna systems with hybrid analog and digital beam-
forming for millimeter wave 5G,” IEEE Communications Maga-
zine, vol. 53, no. 1, pp. 186–194, 2015.

[14] O. E. Ayach, S. Rajagopal, S. Abu-Surra, Z. Pi, and R. W. Heath,
“Spatially sparse precoding inmillimeter waveMIMO systems,”
IEEE Transactions on Wireless Communications, vol. 13, no. 3,
pp. 1499–1513, 2014.

[15] A. Alkhateeb, O. El Ayach, G. Leus, and R. W. Heath, “Channel
estimation and hybrid precoding for millimeter wave cellular
systems,” IEEE Journal of Selected Topics in Signal Processing, vol.
8, no. 5, pp. 831–846, 2014.

[16] Chanhong K., Taeyoung K., and Ji-Yun S., “Multi-beam trans-
mission diversity with hybrid beamforming for MIMO-OFDM
systems,” in Proceedings of the 2013 IEEE Globecom Workshops
(GCWkshps), pp. 61–65, Atlanta, GA, December 2013.

[17] Z. Song, Z. Zhang, X. Liu, Y. Liu, and L. Fan, “Simultaneous
cooperative spectrum sensing and wireless power transfer in
multi-antenna cognitive radio,” Physical Communication, vol.
29, pp. 78–85, 2018.

[18] R. Zi, X. Ge, J. Thompson, C.-X. Wang, H. Wang, and T. Han,
“Energy Efficiency Optimization of 5G Radio Frequency Chain
Systems,” IEEE Journal on Selected Areas in Communications,
vol. 34, no. 4, pp. 758–771, 2016.

[19] R. Mendez-Rial, C. Rusu, N. Gonzalez-Prelcic, A. Alkhateeb,
and R. W. Heath, “Hybrid MIMO Architectures for Millimeter
Wave Communications: Phase Shifters or Switches?” IEEE
Access, vol. 4, pp. 247–267, 2016.

[20] A. Garcia-Rodriguez, V. Venkateswaran, P. Rulikowski, and C.
Masouros, “Hybrid Analog-Digital Precoding Revisited Under
Realistic RF Modeling,” IEEEWireless Communications Letters,
vol. 5, no. 5, pp. 528–531, 2016.

[21] J. Butler and R. Lowe, “Beam forming matrix simplifies design
of electronically scanned antennas,” Electron. Design, pp. 170–
173, 1961.

[22] H. A. Darwish and I. Hartimo, “Aclose accord on DFT based
frequency and phasor estimators for numerical relays,”Materi-
als Research Bulletin, pp. 29–36, 2001.

[23] H. A. Darwish and M. Fikri, “Practical considerations for
recursive DFT implementation in numerical relays,” IEEE
Transactions on Power Delivery, vol. 22, no. 1, pp. 42–49, 2007.

[24] W. Tan, M. Matthaiou, S. Jin, and X. Li, “Spectral Efficiency
of DFT-Based Processing Hybrid Architectures in Massive
MIMO,” IEEEWireless Communications Letters, vol. 6, no. 5, pp.
586–589, 2017.

[25] D. Deng, C. Li, L. Fan, X. Liu, and F. Zhou, “Impact of Antenna
Selection on Physical-Layer Security of NOMA Networks,”
Wireless Communications and Mobile Computing, vol. 2018,
Article ID 2390834, 11 pages, 2018.

[26] F. Shi, L. Fan, X. Liu, Z. Na, and Y. Liu, “Probabilistic Caching
Placement in the Presence of Multiple Eavesdroppers,”Wireless
Communications and Mobile Computing, vol. 2018, Article ID
2104162, 10 pages, 2018.



Wireless Communications and Mobile Computing 11

[27] D. Deng, M. Yu, J. Xia, Z. Na, J. Zhao, and Q. Yang, “Wireless
powered cooperative communications with direct links over
correlated channels,” Physical Communication, vol. 28, pp. 147–
153, 2018.

[28] L. Liang, W. Xu, and X. Dong, “Low-complexity hybrid pre-
coding in massive multiuser MIMO systems,” IEEE Wireless
Communications Letters, vol. 3, no. 6, pp. 653–656, 2014.

[29] S. Suh, A. Basu, C. Schlottmann, P. E. Hasler, and J. R.
Barry, “Low-power discrete Fourier transform for OFDM: a
programmable analog approach,” IEEE Transactions on Circuits
and Systems I: Regular Papers, vol. 58, no. 2, pp. 290–298, 2011.

[30] A. F. Molisch, X. Zhang, S. Y. Kung, and J. Zhang, “DFT-
based hybrid antenna selection schemes for spatially corre-
lated MIMO channels,” in Proceedings of the 14th IEEE 2003
International Symposium on Personal, Indoor and Mobile Radio
Communications, PIMRC2003, pp. 1119–1123, China, September
2003.

[31] H.Yang andT. L.Marzetta, “Performance of conjugate and zero-
forcing beamforming in large-scale antenna systems,” IEEE
Journal on Selected Areas in Communications, vol. 31, no. 2, pp.
172–179, 2013.

[32] Y.-G. Lim, C.-B. Chae, and G. Caire, “Performance Analysis of
MassiveMIMO forCell-BoundaryUsers,” IEEETransactions on
Wireless Communications, vol. 14, no. 12, pp. 6827–6842, 2015.

[33] M. Vu and A. Paulraj, “MIMO wireless linear precoding,” IEEE
Signal Processing Magazine, vol. 24, no. 5, pp. 86–105, 2007.

[34] M. Abramowitz and I. A. Stegun, Handbook of Mathematical
Functions, New York: Dover, 1974.

[35] C. Li, Y. Li, K. Song, and L. Yang, “Energy efficient design for
multiuser downlink energy and uplink information transfer in
5G,” Science China Information Sciences, vol. 59, no. 2, pp. 1–8,
2016.

[36] C. Li, K. Song, D. Wang, F.-C. Zheng, and L. Yang, “Optimal
remote radio head selection for cloud radio access networks,”
Science China Information Sciences, vol. 59, no. 10, pp. 59–73,
2016.

[37] E. Björnson, L. Sanguinetti, J. Hoydis, andM.Debbah, “Optimal
design of energy-efficientmulti-userMIMO systems: Ismassive
MIMO the answer?” IEEE Transactions on Wireless Communi-
cations, vol. 14, no. 6, pp. 3059–3075, 2015.

[38] J. Li, M. Wen, X. Jiang, and W. Duan, “Space-Time Multiple-
Mode Orthogonal FrequencyDivisionMultiplexing with Index
Modulation,” IEEE Access, vol. 5, pp. 23212–23222, 2017.

[39] C. Kong, C. Zhong, M.Matthaiou, and Z. Zhang, “Performance
of downlink massive MIMO in ricean fading channels with ZF
precoder,” in Proceedings of the IEEE International Conference
on Communications, ICC 2015, pp. 1776–1782, UK, June 2015.

[40] E. Björnson, L. Sanguinetti, J. Hoydis, andM.Debbah, “Design-
ing multi-user MIMO for energy efficiency: When is massive
MIMO the answer?” in Proc. IEEE WCNC, pp. 56–64, 2014.

[41] R.M.Corless,G.H.Gonnet,D. E.G.Hare, andD.E.Knuth, “On
the lambertW function, Advances in Computational Mathem,”
Advances in Computational Mathematics, vol. 5, no. 1, pp. 329–
359, 1996.

[42] Y. Lv, H. Wu, Y. Liu et al., “Quantitative research on the
influence of particle size and filling thickness on aerogel glazing
performance,” Energy and Buildings, vol. 174, pp. 190–198, 2018.

[43] H. Q. Ngo, E. G. Larsson, and T. L. Marzetta, “Energy and
spectral efficiency of very largemultiuserMIMO systems,” IEEE
Transactions on Communications, vol. 61, no. 4, pp. 1436–1449,
2013.

[44] X. Gao, L. Dai, S. Han, I. Chih-Lin, and R. W. Heath, “Energy-
efficient hybrid analog and digital precoding for MmWave
MIMO systems with large antenna arrays,” IEEE Journal on
Selected Areas in Communications, vol. 34, no. 4, pp. 998–1009,
2016.

[45] C. Sun, X. Gao, and Z. Ding, “Spectral efficiency and power
allocation formixed-ADCmassiveMIMO system,” IEEETrans-
actions on Signal Processing, vol. 65, no. 11, pp. 2962–2974, 2017.

[46] W. Zhou, D. Deng, J. Xia, and Z. Shao, “The Precoder Design
with Covariance Feedback for Simultaneous Information and
Energy Transmission Systems,” Wireless Communications and
Mobile Computing, vol. 2018, Article ID 8472186, 17 pages, 2018.

[47] D. Deng, X. Li, L. Fan, W. Zhou, R. Qingyang Hu, and Z.
Zhou, “Secrecy Analysis of Multiuser Untrusted Amplify-and-
ForwardRelayNetworks,”Wireless Communications andMobile
Computing, vol. 2017, Article ID 9580639, 11 pages, 2017.

[48] X. Liu, X. Zhang, M. Jia, L. Fan, W. Lu, and X. Zhai, “5G-
based green broadband communication system design with
simultaneouswireless information andpower transfer,”Physical
Communication, vol. 28, pp. 130–137, 2018.

[49] L. Fan, R. Zhao, F.-K. Gong, N. Yang, and G. K. Karagiannidis,
“Secure Multiple Amplify-and-Forward Relaying over Corre-
lated Fading Channels,” IEEE Transactions on Communications,
vol. 65, no. 7, pp. 2811–2820, 2017.

[50] X. Wang, H. Zhang, L. Fan, and Y. Li, “Performance of
Distributed Switch-and-Stay Combining for Cognitive Relay
Networkswith PrimaryTransceiver,”Wireless Personal Commu-
nications, vol. 97, no. 2, pp. 3031–3042, 2017.

[51] Z. Na, Y. Wang, X. Li et al., “Subcarrier allocation based Simul-
taneous Wireless Information and Power Transfer algorithm
in 5G cooperative OFDM communication systems,” Physical
Communication, vol. 29, pp. 164–170, 2018.

[52] M. Zhao, D. Deng, W. Zhou, and L. Fan, “Non-renewable
energy efficiency optimization in energy harvesting relay-
assisted system,” Physical Communication, vol. 29, pp. 183–190,
2018.

[53] Y. Liang, H. Wu, G. Huang, J. Yang, and H. Wang, “Thermal
performance and service life of vacuum insulation panels with
aerogel composite cores,” Energy and Buildings, vol. 154, pp.
606–617, 2017.

[54] Y. Jian, H. Wu, G. Huang, Y. Liang, and Y. Liao, “Modeling
and coupling effect evaluation of thermal conductivity of
ternary opacifier/fiber/aerogel composites for super-thermal
insulation,”Materials Design, vol. 133, no. 5, pp. 224–236, 2017.

[55] J. Yang, H. Wu, M. Wang, and Y. Liang, “Prediction and
optimization of radiative thermal properties of nano TiO2
assembledfibrous insulations,” International Journal ofHeat and
Mass Transfer, vol. 117, pp. 729–739, 2018.



Research Article
AN-Aided Transmit Beamforming Design for Secured Cognitive
Radio Networks with SWIPT

Weili Ge ,1 Zhengyu Zhu ,1 ZhongyongWang ,1 and Zhengdao Yuan2

1School of Information Engineering, Zhengzhou University, Zhengzhou, China
2Zhengzhou Information Science and Technology Institute, Zhengzhou, China

Correspondence should be addressed to Zhengyu Zhu; zhuzhengyu6@gmail.com and Zhongyong Wang; zywangzzu@gmail.com

Received 6 April 2018; Revised 25 May 2018; Accepted 7 June 2018; Published 13 August 2018

Academic Editor: Zan Li

Copyright © 2018 Weili Ge et al.This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

We investigate multiple-input single-output secured cognitive radio networks relying on simultaneous wireless information and
power transfer (SWIPT), where a multiantenna secondary transmitter sends confidential information to multiple single-antenna
secondary users (SUs) in the presence of multiple single-antenna primary users (PUs) and multiple energy-harvesting receivers
(ERs). In order to improve the security of secondary networks, we use the artificial noise (AN) to mask the transmit beamforming.
Optimization design of AN-aided transmit beamforming is studied, where the transmit power of the information signal is
minimized subject to the secrecy rate constraint, the harvested energy constraint, and the total transmit power. Based on a successive
convex approximation (SCA) method, we propose an iterative algorithm which reformulates the original problem as a convex
problem under the perfect channel state information (CSI) case. Also, we give the convergence of the SCA-based iterative algorithm.
In addition, we extend the original problem to the imperfect CSI case with deterministic channel uncertainties.Then, we study the
robust design problem for the case with norm-bounded channel errors. Also, a robust SCA-based iterative algorithm is proposed
by adopting theS-Procedure. Simulation results are presented to validate the performance of the proposed algorithms.

1. Introduction

The fifth-generation (5G) wireless technology is expected to
satisfy an increasing demand for wireless device, such as high
data service and radio coverage [1, 2]. However, the explosive
increase of mobile terminal has resulted in severe scarcity of
radio spectrum resources, which has become an outstanding
problem [3–5]. As one of the most efficient ways to alleviate
the problem of spectrum scarcity for green communications
and networks, cognitive radio (CR) is a promising approach
for heightening the spectrum utilization ratio [6, 7]. In
CR networks, so long as the interference produced by the
secondary transmitter (ST) is tolerable to each primary
user (PU), a secondary user (SU) can employ the licensed
spectrumof the primary system [8]. AlthoughCR technology
can significantly increase in the spectrum efficiency, the
energy scarcity still give rise to amajor bottleneck problem for
the quality of service (QoS) and the long lifetime of wireless
users [9].

Recently, a promising technique, simultaneous wireless
information and power transfer (SWIPT), has been proposed
to use the radio frequency- (RF-) enabled signal harvesting
power in wireless networks, which can greatly help to solve
the bottleneck problem of energy scarcity [10–18]. Compared
to the conventional energy harvesting techniques, such as
solar power and wind, there is an advantage for SWIPT in
providing more stable and controllable energy to portable
wireless devices [10]. For the SWIPT operation, the work
[16] examined colocated receivers which employ a power
splitter for energy harvesting (EH) and information decod-
ing (ID). Therefore, it is really important to research the
combining SWIPT with CR, which has the dual function of
improving both the energy efficiency and spectrumefficiency,
and it has attracted more attention in [19–28]. In SWIPT-
based CR system, the energy efficiency optimization was
considered in [19, 20]. Moreover, the SWIPT approach for
CR schemes was investigated in cooperative relay networks
[21], a thresholding-based antenna selection multiple-input
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multiple-output (MIMO) systems [22], multiuser MISO sys-
tem [23–25, 27], cooperative nonorthogonal multiple access
networks [26], and sensing-Based wideband CR [28].

On the other hand, secrecy transmission has gained
attentions in communication systems [29]. Unlike traditional
cryptographic methods which are normally adopted in the
network layer, physical layer security was developed from
information theoretical aspects to improve the secrecy capac-
ity of wireless transmission systems [30]. In the conventional
SWIPT systems, since the energy-harvesting receivers (ERs)
are normally assumed to be closer to the transmitter com-
pared with information receivers (IRs), this results in a new
information security issue. In such a situation, ERs have a
possibility of eavesdropping the information sent to the IRs
and thus can become potential eavesdroppers [31]. As a result,
physical layer security has been recognized as an important
issue for SWIPT systems [32]. Moreover, a few techniques
have been proposed for multiple antenna secrecy systems
to cause more interference to eavesdroppers [31, 33]. In
SWIPT operation, artificial noise (AN) was embedded in the
transmit beamforming signal to confuse the eavesdroppers
and harvest power simultaneously [33].

In addition, due to the inherent characteristics of CR
with SWIPT, ERs may illegitimately access the PU bands and
change the radio environment. In this case, the legitimate
SU is unable to use frequency bands of the PU. Thus, in
order to satisfy secure communication and EH require-
ment, the security of CR SWIPT with ERs is also of great
importance [34–38]. In [34], an outage-constrained secrecy
rate maximization (SRM) problem has been investigated
in an underlay MIMO CR network where the secondary
transmitter (ST) provides SWIPT to all receivers. In order to
guarantee secure communication and energy harvesting in
MISO CR network with SWIPT, [35] studied a robust secure
AN-aided beamforming and power splitting (PS) design
under imperfect channel state information (CSI). For a CR
network consisting of a PS-based to decode information and
harvest energy simultaneously, [36] analyzed the behavior of
the nodes by using game theoretic techniques and proved
the existence of a unique Nash equilibrium (NE) strategy.
Considering a system with ERs acting as potential eaves-
droppers in CR-based SWIPT, [37] has derived a closed-form
analytical expression for the exact secrecy outage probability.
In a CR MIMO-SWIPT broadcast channel, [38] studied the
SRM problem by designing secrecy AN-aided precoding.

Motivated by the above observations, in this paper, we
study secrecy transmission over a MISO CR system with
SWIPT, which consists of one primary transmitter-receiver
pair (denoted as PT and PU), one multiantenna ST, multiple
SUs, and multiple ERs (potentially eavesdropper). Under the
perfect CSI case, we formulate a transmit power of the infor-
mation signal minimization (TPISM) problem subject to the
secrecy rate constraint for SUs and PU, the harvested energy
constraint for ERs, and total transmit power constraint. We
seek to jointly design strategies of secure beamforming and
AN for MISO CR with SWIPT wiretap channels. Then, the
framework is extended to robust designs for the imperfect
CSI case by adopting deterministic CSI uncertainties. The
main contributions for this paper are summarized as follows:

(i) For the two different types of channel models, the
secrecy rate constraint with linear fractional pro-
gramming is equivalently converted into several con-
straints with exponential form by introducing expo-
nential variables.

(ii) For the perfect CSI case at ST and PT, unlike the
conventional semidefinite relaxation (SDR), we pro-
pose a novel reformulation of the TPISM problem.
A successive convex approximation- (SCA-) based
iterative algorithm is proposed, where the nonconvex
constraint is approximated as a convex one.

(iii) For the imperfect CSI case, we use the norm-bounded
channel uncertainty tomodel channel. First, by apply-
ing the triangle inequality, the original constraints
can be transformed as the infinitely inequality con-
straints. Then, by employingS-Procedure we convert
these infinitely inequality constraints into finite linear
matrix inequalities (LMIs). At last, by utilizing a SCA
method, the recast TPISM problem is transformed to
a semidefinite programming (SDP) problem, which
can be directly solved to obtain a local optimal
solution. A robust SCA-based iterative algorithm is
proposed.

The rest of this paper is organized as follows: Section 2
presents the system model and problem formulation. In
Section 3, the SCA-based iterative algorithm is proposed with
perfect CSI case. Robust SCA-based iterative algorithm is
developed with imperfect CSI case in Section 4. Section 5
illustrates the simulation results. Finally, we conclude the
paper in Section 6.

Notation. Vectors and matrices are denoted by bold low-
ercase and uppercase letters, respectively. (⋅)𝐻 represents
the Hermitian transpose. For a vector 𝑥, ‖𝑥‖ indicates
the Euclidean norm. | ⋅ | defines the absolute value of a
complex scalar. C𝑀×𝐿 and H𝑀×𝐿 describe the space of𝑀× 𝐿
complex matrices and Hermitian matrices, respectively. For
a matrix A, A ⪰ 0 means that A is positive semidefinite,
and tr(A) indicate the trace, respectively. E{⋅} describes the
mathematical expectation. R{⋅} stands for the real part of a
complex number. [𝑥]+ equals max{𝑥, 0}. I denote the identity
matrix with appropriate size.

2. System Model and Problem Formulation

In this section, we consider aMISO secured SWIPT cognitive
radio networks, which consists of one PT, one PU, one
multiantenna ST, 𝐾 SU, and 𝐿 ERs, as shown in Figure 1. We
assume that the ST is equipped with 𝑁𝑆 transmit antennas
and each ER and each SU has one receive antenna. This
system operates as follows: the primary network shares their
frequency spectrumwith the secondary network, whereas the
confidential messages from the PT and the ST are intercepted
by the eavesdroppers.

In order to achieve secure transmission, the ST employs
transmit beamforming with AN, which acts as interference to
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Figure 1: MISO Secured cognitive radio networks with SWIPT.

the ERs and provides energy to the SUs. The transmit signal
vector x𝑠 from the ST can be written as

x𝑠 = 𝐾∑
𝑗=1

w𝑗𝑠𝑗 + z, (1)

where w𝑗 ∈ C𝑁𝑠 defines the transmit beamforming vector, 𝑠𝑗
with E{𝑠2𝑗} = 1 is the information-bearing signal intended for
the SUs, and z represents the energy-carrying AN.

We assume a frequency-flat slow-fading channel. There-
fore, the received signal at the PU, the 𝑘th SU, and the 𝑙th ER
can be given by, respectively,

𝑦𝑝 = √𝑃𝑝𝑔𝑝𝑠𝑝 + h𝐻𝑝 x𝑠 + 𝑛𝑝, (2)

𝑦𝑘 = √𝑃𝑝𝑔𝑠,𝑘𝑠𝑝 + h𝐻𝑠,𝑘x𝑠 + 𝑛𝑠,𝑘, 𝑘 = 1, . . . , 𝐾, (3)

𝑦𝑒,𝑙 = √𝑃𝑝𝑔𝑒,𝑙𝑠𝑝 + h𝐻𝑒,𝑙x𝑠 + 𝑛𝑒,𝑙, 𝑙 = 1, . . . , 𝐿. (4)

where 𝑔𝑝 ∈ C and h𝑝 ∈ C𝑁𝑆 are denotes by the channel
between the PT and PU as well as that between the ST and
PU, 𝑔𝑠,𝑘 ∈ C and h𝑠,𝑘 ∈ C𝑁𝑆 indicate the channel between
the PT and the 𝑘th SU as well as that between the ST and
the 𝑘th SU, 𝑔𝑒,𝑙 ∈ C and h𝑒,𝑙 ∈ C𝑁𝑆 are the channel between

the PT and the 𝑙th ER as well as that between the ST and
the 𝑙th ER, 𝑠𝑝 is confidential information-bearing signal for
the PU from the PT satisfying E{𝑠2𝑝} = 1, and 𝑃𝑝 represents
the transmitting power from the PT. In addition, 𝑛𝑝 ∼ CN(0,𝜎2𝑝), 𝑛𝑠,𝑘 ∼ CN(0, 𝜎2𝑠,𝑘), and 𝑛𝑒,𝑙 ∼ CN(0, 𝜎2𝑒,𝑙I) denote the
complex Gaussian noise at the PU, the 𝑘th SU, and the 𝑙th
ER, respectively.

Thus, the channel capacity of the 𝑘th SU can be written as

𝑅𝑠,𝑘 = log(1
+ h𝐻𝑠,𝑘w𝑘w𝐻

𝑘 h𝑠,𝑘
h𝐻𝑠,𝑘 (∑𝑗 ̸=𝑘 w𝑗w𝐻

𝑗 + Z) h𝑠,𝑘 + 𝑃𝑝 𝑔𝑠,𝑘2 + 𝜎2𝑠,𝑘) .
(5)

whereZ = zz𝐻. According to [3, 25], it is assumed that the 𝑘th
SU can successfully decode the information from the PT by
exploiting the successive interference cancellation and, thus,
(5) can be rewritten as

�̃�𝑠,𝑘 = log(1 + h𝐻𝑠,𝑘w𝑘w𝐻
𝑘 h𝑠,𝑘

h𝐻
𝑠,𝑘
(∑𝑗 ̸=𝑘 w𝑗w𝐻

𝑗 + Z) h𝑠,𝑘 + 𝜎2𝑠,𝑘) . (6)
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Moreover, the channel capacity of the 𝑙th ER for decoding
the desired signal of the 𝑘th SU can be represented as

𝑅𝑒,𝑙𝑘 = log(1
+ h𝐻𝑒,𝑙w𝑘w𝐻

𝑘 h𝑒,𝑙𝜎2
𝑒,𝑙
+ h𝐻

𝑒,𝑙
(∑𝑗 ̸=𝑘 w𝑗w𝐻

𝑗 + Z) h𝑒,𝑙 + 𝑃𝑝 𝑔𝑒,𝑙2) .
(7)

Thus, the secrecy capacity of the 𝑘th SU can be written as

𝑅𝑠𝑢,𝑘 = [�̃�𝑠,𝑘 −max
𝑙
𝑅𝑒,𝑙𝑘]+ , ∀𝑘, 𝑙. (8)

In order to achieve the more reliable secrecy capacity (i.e.,
theminimumchannel capacity at the 𝑘-th SU), (7) can be thus
rewritten as

�̃�𝑒,𝑙𝑘 = log(1 + h𝐻𝑒,𝑙w𝑘w𝐻
𝑘 h𝑒,𝑙𝜎2

𝑒,𝑙
+ h𝐻

𝑒,𝑙
Zh𝑒,𝑙

) . (9)

Then, we can obtain a lower bound of the secrecy capacity
of the 𝑘th SU as follows:

𝑅𝑚𝑖𝑛𝑠𝑢,𝑘 = [�̃�𝑠,𝑘 −max
𝑙
�̃�𝑒,𝑙𝑘]+ , ∀𝑘, 𝑙. (10)

Additionally, the channel capacity of the PU can be
expressed as

𝑅𝑝𝑢 = log(1 + 𝑃𝑝 𝑔𝑝2
h𝐻𝑝 (∑𝐾

𝑘=1w𝑘w𝐻
𝑘
+ Z) h𝑝 + 𝜎2𝑝) . (11)

The channel capacity of the 𝑙th ER for decoding the PU is
given as

𝑅𝑝𝑢
𝑒,𝑙
= log(1 + 𝑃𝑝 𝑔𝑒,𝑙2

h𝐻
𝑒,𝑙
Zh𝑒,𝑙 + 𝜎2𝑒,𝑙) . (12)

Hence, the secrecy capacity of the PU under the consid-
ered worst case scenario can be written as

𝑅𝑝𝑢𝑠 = [𝑅𝑝𝑢 −max
𝑙
𝑅𝑝𝑢
𝑒,𝑙
]+ , ∀𝑙. (13)

Moreover, the harvested power at the 𝑙th ER is expressed
as, respectively,

𝐸𝑒𝑙
= 𝜂𝑒,𝑙(h𝐻𝑒,𝑙( 𝐾∑

𝑗=1

w𝑗w
𝐻
𝑗 + Z) h𝑒,𝑙 + 𝑃𝑝 𝑔𝑒,𝑙2 + 𝜎2𝑒,𝑙) ,

∀𝑙,
(14)

where 0 ≤ 𝜂𝑒,𝑙 ≤ 1 denote the energy conversion efficiency at
the 𝑙th ER.

In this paper, our aim is to minimize the transmit power
of the information signal subject to the secrecy rate constraint

at the SUs, the harvested energy constraint at the ERs, and the
total transmit power constraint. Based on the systemmodels,
the TPISM problem is formulated as

min
w𝑘 ,Z

𝐾∑
𝑘=1

w𝑘
2 (15a)

s.t. min
𝑘

𝑅𝑚𝑖𝑛𝑠𝑢,𝑘 ≥ 𝑅𝑠𝑢, ∀𝑘, (15b)

𝑅𝑝𝑢𝑠 ≥ 𝑅𝑝𝑢, ∀𝑙, (15c)

min
𝑙
𝐸𝑒𝑙 ≥ 𝐸𝑒, ∀𝑙, (15d)

𝐾∑
𝑘=1

w𝑘
2 + tr (Z) ≤ 𝑃, ∀𝑘, (15e)

Z ⪰ 0. (15f)

where 𝑃 is the total transmit power, 𝑅𝑠𝑢 and 𝑅𝑝𝑢 denote the
secrecy capacity requirement of the 𝑘th SU and the PU, and𝐸𝑒 mean the harvested power requirement of the 𝑙th ER,
respectively. The constraints (15b) and (15c) guarantee that
the minimum secrecy rate should be achieved by the 𝑘th SU
and the PU, respectively. The constraint (15d) guarantees that
the minimum harvested power at the 𝑙th ER is no less than𝐸𝑒, respectively. The constraint (15e) limits the total transmit
power of the ST. It is seen that problem (15a) are nonconvex,
difficult to be solved directly.

3. Proposed Algorithm with Perfect CSI

In this section, we investigate a joint design of the transmit
beamforming and AN for systems under the assumption that
the PT and ST can obtain perfect CSI. Problems (15a)–(15f)
can be rewritten as

min
w𝑘 ,Z

𝐾∑
𝑘=1

w𝑘
2 (16a)

s.t. log(1 + h𝐻𝑠,𝑘w𝑘w𝐻
𝑘 h𝑠,𝑘

h𝐻
𝑠,𝑘
(∑𝑗 ̸=𝑘 w𝑗w𝐻

𝑗 + Z) h𝑠,𝑘 + 𝜎2𝑠,𝑘)
− log(1 + h𝐻𝑒,𝑙w𝑘w𝐻

𝑘 h𝑒,𝑙𝜎2
𝑒,𝑙
+ h𝐻

𝑒,𝑙
Zh𝑒,𝑙

) ≥ 𝑅𝑠𝑢, ∀𝑙, 𝑘,
(16b)

log(1 + 𝑃𝑝 𝑔𝑝2∑𝐾
𝑗=1 h𝐻𝑝 w𝑗w𝐻

𝑗 h𝑝 + h𝐻𝑝 Zh𝑝 + 𝜎2𝑝)
− log(1 + 𝑃𝑝 𝑔𝑒,𝑙2

h𝐻
𝑒,𝑙
Zh𝑒,𝑙 + 𝜎2𝑒,𝑙) ≥ 𝑅𝑝𝑢, ∀𝑙, 𝑘,

(16c)

𝜂𝑒,𝑙(h𝐻𝑒,𝑙( 𝐾∑
𝑗=1

w𝑗w
𝐻
𝑗 + Z) h𝑒,𝑙 + 𝑃𝑝 𝑔𝑒,𝑙2 + 𝜎2𝑒,𝑙)

≥ 𝐸𝑒, ∀𝑙,
(16d)

(15e) , (15f) . (16e)
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In order to solve the nonconvex problems (16a)–(16e), we
firstly defineW𝑘 ≜ w𝑘w𝐻

𝑘 and denoteW𝑍 = ∑𝐾
𝑗=1 w𝑗w𝐻

𝑗 + Z.
Then, the constraints (16b) and (16c) can be reformulated as

log(h𝐻𝑠,𝑘 (∑𝑗 ̸=𝑘W𝑗 + Z) h𝑠,𝑘 + 𝜎2𝑠,𝑘 + h𝐻𝑠,𝑘W𝑘h𝑠,𝑘
h𝐻
𝑠,𝑘
(∑𝑗 ̸=𝑘W𝑗 + Z) h𝑠,𝑘 + 𝜎2𝑠,𝑘 )

− log(𝜎2𝑒,𝑙 + h𝐻𝑒,𝑙Zh𝑒,𝑙 + h𝐻𝑒,𝑙W𝑘h𝑒,𝑙𝜎2
𝑒,𝑙
+ h𝐻

𝑒,𝑙
Zh𝑒,𝑙

) ≥ 𝑅𝑠𝑢,
(17a)

log(h𝐻𝑝W𝑍h𝑝 + 𝜎2𝑝 + 𝑃𝑝 𝑔𝑝2
h𝐻𝑝W𝑍h𝑝 + 𝜎2𝑝 )

− log(h𝐻𝑒,𝑙Zh𝑒,𝑙 + 𝜎2𝑒,𝑙 + 𝑃𝑝 𝑔𝑒,𝑙2
h𝐻
𝑒,𝑙
Zh𝑒,𝑙 + 𝜎2𝑒,𝑙 ) ≥ 𝑅𝑝𝑢,

(17b)

where they can be also rewritten as

(h𝐻𝑠,𝑘W𝑍h𝑠,𝑘 + 𝜎2𝑠,𝑘) (𝜎2𝑒,𝑙 + h𝐻𝑒,𝑙Zh𝑒,𝑙)(h𝐻
𝑠,𝑘
(∑𝑗 ̸=𝑘W𝑗 + Z) h𝑠,𝑘 + 𝜎2𝑠,𝑘) (𝜎2𝑒,𝑙 + h𝐻

𝑒,𝑙
(Z +W𝑘) h𝑒,𝑙)

≥ 2𝑅𝑠𝑢 , ∀𝑙, 𝑘,
(18a)

(h𝐻𝑝W𝑍h𝑝 + 𝜎2𝑝 + 𝑃𝑝 𝑔𝑝2) (h𝐻𝑒,𝑙Zh𝑒,𝑙 + 𝜎2𝑒,𝑙)(h𝐻𝑝W𝑍h𝑝 + 𝜎2𝑝) (h𝐻𝑒,𝑙Zh𝑒,𝑙 + 𝜎2𝑒,𝑙 + 𝑃𝑝 𝑔𝑒,𝑙2) ≥ 2𝑅𝑝𝑢 ,
∀𝑙, 𝑘.

(18b)

For solving linear fractional programming (18a) and
(18b), we can introduce the following exponential variables
to equivalently convert.Then, we introduce slack variables𝑥𝑘 ,𝑦𝑙, 𝑡𝑘, 𝑟𝑙,𝑘, 𝑥𝑝, 𝑢𝑙, 𝑡𝑝, and 𝑠𝑙. Equations (18a) and (18b) can be
transformed as follows, respectively:

𝑒𝑥𝑘+𝑦𝑙−𝑡𝑘−𝑟𝑙,𝑘 ≥ 2𝑅𝑠𝑢 , (19a)

h𝐻𝑠,𝑘W𝑍h𝑠,𝑘 + 𝜎2𝑠,𝑘 ≥ 𝑒𝑥𝑘 , (19b)

𝜎2𝑒,𝑙 + h𝐻𝑒,𝑙Zh𝑒,𝑙 ≥ 𝑒𝑦𝑙 , (19c)

h𝐻𝑠,𝑘(∑
𝑗 ̸=𝑘

W𝑗 + Z) h𝑠,𝑘 + 𝜎2𝑠,𝑘 ≤ 𝑒𝑡𝑘 , (19d)

𝜎2𝑒,𝑙 + h𝐻𝑒,𝑙 (Z +W𝑘) h𝑒,𝑙 ≤ 𝑒𝑟𝑙,𝑘 . (19e)

𝑒𝑥𝑝+𝑢𝑙−𝑡𝑝−𝑠𝑙 ≥ 2𝑅𝑝𝑢 , (20a)

h𝐻𝑝W𝑍h𝑝 + 𝜎2𝑝 + 𝑃𝑝 𝑔𝑝2 ≥ 𝑒𝑥𝑝 , (20b)

h𝐻𝑒,𝑙Zh𝑒,𝑙 + 𝜎2𝑒,𝑙 ≥ 𝑒𝑢𝑙 , (20c)

h𝐻𝑝W𝑍h𝑝 + 𝜎2𝑝 ≤ 𝑒𝑡𝑝 , (20d)

h𝐻𝑒,𝑙Zh𝑒,𝑙 + 𝜎2𝑒,𝑙 + 𝑃𝑝 𝑔𝑒,𝑙2 ≤ 𝑒𝑠𝑙 . (20e)

It is noted that the aforementioned constraints (19a),
(19d), (19e), (20a), (20d), and (20e) are not still convex. Firstly,
(19a) and (20a) can be reshaped respectively as the following
convex constraints:

𝑒−𝑥𝑘−𝑦𝑙+𝑡𝑘+𝑟𝑙,𝑘 ≤ 2−𝑅𝑠𝑢 , ∀𝑘, ∀𝑙, (21a)

𝑒−𝑥𝑝−𝑢𝑙+𝑡𝑝+𝑠𝑙 ≤ 2−𝑅𝑝𝑢 , ∀𝑙. (21b)

Secondly, an SCAmethod is used to jointly design the secure
beamforming and AN matrix. Let us define 𝑡𝑘(𝑛), 𝑟𝑙,𝑘(𝑛),𝑡𝑝(𝑛), and 𝑠𝑙(𝑛) as the variables 𝑡𝑘, 𝑟𝑙,𝑘, 𝑡𝑝, and 𝑠𝑙 at the 𝑛th
iteration for the SCA method. By adopting a Taylor series
expansion 𝑒𝑥𝑙(𝑛)(𝑥𝑙 − 𝑥𝑙(𝑛) + 1) ≤ 𝑒𝑥𝑙 , we can convert the
nonconvex constraints (19d), (19e), (20d), and (20e) to their
corresponding convex approximations as

h𝐻𝑠,𝑘(∑
𝑗 ̸=𝑘

W𝑗 + Z) h𝑠,𝑘 + 𝜎2𝑠,𝑘
≤ 𝑒𝑡𝑘(𝑛) (𝑡𝑘 − 𝑡𝑘 (𝑛) + 1) ,

(22a)

𝜎2𝑒,𝑙 + h𝐻𝑒,𝑙 (Z +W𝑘) h𝑒,𝑙 ≤ 𝑒𝑟𝑙,𝑘(𝑛) (𝑟𝑙,𝑘 − 𝑟𝑙,𝑘 (𝑛) + 1) , (22b)

h𝐻𝑝W𝑍h𝑝 + 𝜎2𝑝 ≤ 𝑒𝑡𝑝(𝑛) (𝑡𝑝 − 𝑡𝑝 (𝑛) + 1) , (22c)

h𝐻𝑒,𝑙Zh𝑒,𝑙 + 𝜎2𝑒,𝑙 + 𝑃𝑝 𝑔𝑒,𝑙2 ≤ 𝑒𝑠𝑙(𝑛) (𝑠𝑙 − 𝑠𝑙 (𝑛) + 1) . (22d)

At last, we consider the constraints (16d) and (15e), which
can be converted as

h𝐻𝑒,𝑙W𝑍h𝑒,𝑙 + 𝑃𝑝 𝑔𝑒,𝑙2 + 𝜎2𝑒 ≥ 𝐸𝑒𝜂𝑒,𝑙 , ∀𝑙, (23a)

𝐾∑
𝑘=1

tr (W𝑘) + tr (Z) ≤ 𝑃, ∀𝑘. (23b)

According to equations from (16a) to (23b), an SCA-based
iterative algorithm is proposed. At the (𝑛 + 1)th iteration, by
removing the nonconvex rank-one constraint rank(W𝑘) =1, ∀𝑘, problems (16a)–(16e) can be thus reformed as

min
Ω

𝐾∑
𝑘=1

tr (W𝑘)
s.t. (15f) , (19b) , (19c) , (20b) , (20c) , (21a) , (21b) , (22a) , (22b) , (22c) , (22d) , (23a) , (23b) , (23c) , W𝑘 ⪰ 0,

Ω = {W𝑘,Z, 𝑥𝑘, 𝑦𝑙, 𝑡𝑘, 𝑟𝑙,𝑘, 𝑥𝑝, 𝑢𝑙, 𝑡𝑝, 𝑠𝑙} .
(24)
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Set 𝑛 = 0 and initialize Ψ(0) = {𝑡𝑘(0), 𝑟𝑙,𝑘(0), 𝑡𝑝(0), 𝑠𝑙(0)}.
Repeat

(i) Solve problem (24) with {𝑡𝑘(𝑛), 𝑟𝑙,𝑘(𝑛), 𝑡𝑝(𝑛), 𝑠𝑙(𝑛)}
and denote a solution by {𝑡𝑘(𝑛 + 1), 𝑟𝑙,𝑘(𝑛 + 1), 𝑡𝑝(𝑛 + 1), 𝑠𝑙(𝑛 + 1)}.

(ii) Update 𝑛 ← 𝑛 + 1.
Until Convergence

Algorithm 1: SCA-based iterative algorithm with perfect CSI.

For givenΨ(𝑛) = {𝑡𝑘(𝑛), 𝑟𝑙,𝑘(𝑛), 𝑡𝑝(𝑛), 𝑠𝑙(𝑛)} as the optimal
solution obtained at the 𝑛th iteration, problem (24) is convex
by removing the nonconvex rank(W𝑘) = 1 constraint,
which can be solved by using an CVX tools [39]. From SCA
method, the convex approximation with the current solution
is iteratively updated until the constraints (22a)–(22d) hold
with equality, which implies that (16a)–(16e) can be optimally
solved. The optimal solution obtained by the proposed SCA-
based iterative algorithm at the 𝑛th iteration is assumed to
be (𝑡𝑘(𝑛), 𝑟𝑙,𝑘(𝑛), 𝑡𝑝(𝑛), and 𝑠𝑙(𝑛)), which can achieve a stable
point until the SCA-based iterative algorithm converges [35],
and this is summarized in Algorithm 1.

4. Proposed Algorithm with Imperfect CSI

Because of channel estimation and quantization errors, itmay
not be possible to have perfect CSI in practice. In this section,
we extend the proposed algorithm tomore practical scenarios
with imperfect CSI. First, we introduce one scenario of the
norm-bounded channel uncertainty and then provide the
problem formulation based on the norm-bounded channel
uncertainty. Moreover, we consider a joint robust design of
transmit beamforming and AN.

4.1. Norm-Bounded Channel Uncertainty. Now, we adopt
imperfect CSI based on the deterministic model [31, 35]. In
particular, we assume that the actual channel vector h𝑠,𝑘 lies
within a ball with the radius 𝜀𝑠,𝑘 around the estimated channel
vector h𝑠,𝑘 from the BS to the kth user, i.e.,

h𝑠,𝑘 ∈ H𝑠,𝑘 = {h𝑠,𝑘 + Δh𝑠,𝑘 | Δhs,𝑘 ≤ 𝜀𝑠,𝑘} , ∀𝑙,
h𝑒,𝑙 ∈ H𝑒,𝑙 = {h𝑒,𝑙 + Δh𝑒,𝑙 | Δh𝑒,𝑙 ≤ 𝜀𝑒,𝑙} , ∀𝑙,
h𝑝 ∈ H𝑝 = {h𝑝 + Δh𝑝 | Δh𝑝 ≤ 𝜀𝑝} , ∀𝑙,
𝑔𝑝 ∈ Ĝ𝑝 = {𝑔𝑝 + Δ𝑔𝑝 | Δ𝑔𝑝 ≤ 𝛾𝑝} ,
𝑔𝑠,𝑘 ∈ Ĝ𝑠,𝑘 = {𝑔𝑠,𝑘 + Δ𝑔𝑠,𝑘 | Δ𝑔𝑠,𝑘 ≤ 𝛾𝑠,𝑘} , ∀𝑘,
𝑔𝑒,𝑙 ∈ Ĝ𝑒,𝑙 = {𝑔𝑒,𝑙 + Δ𝑔𝑒,𝑙 | Δ𝑔𝑒,𝑙 ≤ 𝛾𝑒,𝑙} , ∀𝑙.

(25)

where h𝑠,𝑘, h𝑒,𝑙, h𝑝, 𝑔𝑝, 𝑔𝑠,𝑘, and 𝑔𝑒,𝑙 are the estimated channel
available, the channel estimation errorsΔh𝑠,𝑘 ,Δh𝑒,𝑙,Δh𝑝,Δ𝑔𝑝,Δ𝑔𝑠,𝑘, and Δ𝑔𝑒,𝑙 are bounded by 𝜀𝑠,𝑘, 𝜀𝑒,𝑙, 𝜀𝑝, 𝛾𝑝, 𝛾𝑠,𝑘, and 𝛾𝑒,𝑙,
respectively.

By taking the norm-bounded channel uncertainty model
into account, the TPISM problem can be rewritten as

min
w𝑘 ,Z

𝐾∑
𝑘=1

w𝑘
2 (26a)

s.t. log(1 + (h𝑠,𝑘 + Δh𝑠,𝑘)𝐻w𝑘w𝐻
𝑘 (h𝑠,𝑘 + Δh𝑠,𝑘)

(h𝑠,𝑘 + Δh𝑠,𝑘)𝐻 (∑𝑗 ̸=𝑘 w𝑗w𝐻
𝑗 + Z) (h𝑠,𝑘 + Δh𝑠,𝑘) + 𝜎2𝑠,𝑘)

− log(1 + (h𝑒,𝑙 + Δh𝑒,𝑙)𝐻w𝑘w𝐻
𝑘 (h𝑒,𝑙 + Δh𝑒,𝑙)

𝜎2
𝑒,𝑙
+ (h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 Z (h𝑒,𝑙 + Δh𝑒,𝑙)) ≥ 𝑅𝑠𝑢, ∀𝑙, 𝑘,

(26b)

log(1 + 𝑃𝑝 𝑔𝑝 + Δ𝑔𝑝2(h𝑝 + Δh𝑝)𝐻 (∑𝐾
𝑗=1w𝑗w𝐻

𝑗 + Z) (h𝑝 + Δh𝑝) + 𝜎2𝑝)

− log(1 + 𝑃𝑝 𝑔𝑒,𝑙 + Δ𝑔𝑒,𝑙2(h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 Z (h𝑒,𝑙 + Δh𝑒,𝑙) + 𝜎2𝑒,𝑙) ≥ 𝑅𝑝𝑢, ∀𝑙, 𝑘,
(26c)
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𝜂𝑒,𝑙 ((h𝑒,𝑙 + Δh𝑒,𝑙)𝐻W𝑍 (h𝑒,𝑙 + Δh𝑒,𝑙) + 𝑃𝑝 𝑔𝑒,𝑙 + Δ𝑔𝑒,𝑙2 + 𝜎2𝑒) ≥ 𝐸𝑒, ∀𝑙, (26d)

(15e) , (15f) . (26e)

Utilizing a similar methodology in (17a)–(18b), the
constraints (26b) and (26c) can be reformulated as

((h𝑠,𝑘 + Δh𝑠,𝑘)𝐻 (∑𝐾
𝑗=1W𝑗 + Z) (h𝑠,𝑘 + Δh𝑠,𝑘) + 𝜎2𝑠,𝑘) (𝜎2𝑒,𝑙 + (h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 Z (h𝑒,𝑙 + Δh𝑒,𝑙))

((h𝑠,𝑘 + Δh𝑠,𝑘)𝐻 (∑𝑗 ̸=𝑘W𝑗 + Z) (h𝑠,𝑘 + Δh𝑠,𝑘) + 𝜎2𝑠,𝑘) (𝜎2𝑒,𝑙 + (h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 (Z +W𝑘) (h𝑒,𝑙 + Δh𝑒,𝑙)) ≥ 2𝑅𝑠𝑢 , (27a)

((h𝑝 + Δh𝑝)𝐻W𝑍 (h𝑝 + Δh𝑝) + 𝜎2𝑝 + 𝑃𝑝 𝑔𝑝 + Δ𝑔𝑝2) ((h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 Z (h𝑒,𝑙 + Δh𝑒,𝑙) + 𝜎2𝑒,𝑙)
((h𝑝 + Δh𝑝)𝐻W𝑍 (h𝑝 + Δh𝑝) + 𝜎2𝑝) ((h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 Z (h𝑒,𝑙 + Δh𝑒,𝑙) + 𝜎2𝑒,𝑙 + 𝑃𝑝 𝑔𝑒,𝑙 + Δ𝑔𝑒,𝑙2) ≥ 2𝑅𝑝𝑢 . (27b)

Then, by introducing 𝑥𝑘, 𝑦𝑙, �̂�𝑘, 𝑟𝑙,𝑘, 𝑥𝑝, �̂�𝑙, �̂�𝑝, and 𝑠𝑙 as
slack variables, we equivalently convert the linear fractional
programming (27a) and (27b) as follows, respectively:

𝑒𝑥𝑘+𝑦𝑙−�̂�𝑘−𝑟𝑙,𝑘 ≥ 2𝑅𝑠𝑢 , ∀𝑘, ∀𝑙, (28a)

min
‖Δh𝑠,𝑘‖≤𝜀𝑠,𝑘

(h𝑠,𝑘 + Δh𝑠,𝑘)𝐻W𝑍 (h𝑠,𝑘 + Δh𝑠,𝑘) + 𝜎2𝑠,𝑘
≥ 𝑒𝑥𝑘 , ∀𝑘, (28b)

min
‖Δh𝑒,𝑙‖≤𝜀𝑒,𝑙

𝜎2𝑒,𝑙 + (h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 Z (h𝑒,𝑙 + Δh𝑒,𝑙) ≥ 𝑒𝑦𝑙 ,
∀𝑙, (28c)

max
‖Δh𝑠,𝑘‖≤𝜀𝑠,𝑘

(h𝑠,𝑘 + Δh𝑠,𝑘)𝐻(∑
𝑗 ̸=𝑘

W𝑗 + Z)
⋅ (h𝑠,𝑘 + Δh𝑠,𝑘) + 𝜎2𝑠,𝑘 ≤ 𝑒�̂�𝑘 , ∀𝑘,

(28d)

max
‖Δh𝑒,𝑙‖≤𝜀𝑒,𝑙

𝜎2𝑒,𝑙 + (h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 (Z +W𝑘) (h𝑒,𝑙 + Δh𝑒,𝑙)
≤ 𝑒𝑟𝑙,𝑘 , ∀𝑘, ∀𝑙. (28e)

𝑒𝑥𝑝+�̂�𝑙−�̂�𝑝−𝑠𝑙 ≥ 2𝑅𝑝𝑢 , ∀𝑙, (29a)

min
‖Δh𝑝‖≤𝜀𝑝

(h𝑝 + Δh𝑝)𝐻W𝑍 (h𝑝 + Δh𝑝) + 𝜎2𝑝
+ 𝑃𝑝 𝑔𝑝 + Δ𝑔𝑝2 ≥ 𝑒𝑥𝑝 ,

(29b)

min
‖Δh𝑒,𝑙‖≤𝜀𝑒,𝑙

(h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 Z (h𝑒,𝑙 + Δh𝑒,𝑙) + 𝜎2𝑒,𝑙 ≥ 𝑒𝑢𝑙 ,
∀𝑙, (29c)

max
‖Δh𝑝‖≤𝜀𝑝

(h𝑝 + Δh𝑝)𝐻W𝑍 (h𝑝 + Δh𝑝) + 𝜎2𝑝 ≤ 𝑒�̂�𝑝 , (29d)

max
‖Δh𝑒,𝑙‖≤𝜀𝑒,𝑙

(h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 Z (h𝑒,𝑙 + Δh𝑒,𝑙) + 𝜎2𝑒,𝑙
+ 𝑃𝑝 𝑔𝑒,𝑙 + Δ𝑔𝑒,𝑙2 ≤ 𝑒𝑠𝑙 , ∀𝑙.

(29e)

By employing the slack variables (i.e., 𝑑𝑘, 𝑤𝑙, 𝑏𝑘, and 𝑓𝑙,𝑘)
for (28b)–(28e), respectively, (28a)–(28e) can be equivalently
modified as

min
‖Δh𝑠,𝑘‖≤𝜀𝑠,𝑘

(h𝑠,𝑘 + Δh𝑠,𝑘)𝐻W𝑍 (h𝑠,𝑘 + Δh𝑠,𝑘) ≥ 𝑑𝑘, (30a)

min
‖Δh𝑒,𝑙‖≤𝜀𝑒,𝑙

(h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 Z (h𝑒,𝑙 + Δh𝑒,𝑙) ≥ 𝑤𝑙, (30b)

max
‖Δh𝑠,𝑘‖≤𝜀𝑠,𝑘

(h𝑠,𝑘 + Δh𝑠,𝑘)𝐻(∑
𝑗 ̸=𝑘

W𝑗 + Z)
⋅ (h𝑠,𝑘 + Δh𝑠,𝑘) ≤ 𝑧𝑘,

(30c)

max
‖Δh𝑒,𝑙‖≤𝜀𝑒,𝑙

(h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 (Z +W𝑘) (h𝑒,𝑙 + Δh𝑒,𝑙)
≤ 𝑓𝑙,𝑘,

(30d)

𝑑𝑘 + 𝜎2𝑠,𝑘 ≥ 𝑒𝑥𝑘 , (30e)

𝜎2𝑒,𝑙 + 𝑤𝑙 ≥ 𝑒𝑦𝑙 , (30f)

𝑧𝑘 + 𝜎2𝑠,𝑘 ≤ 𝑒�̂�𝑘 , (30g)

𝜎2𝑒,𝑙 + 𝑓𝑙,𝑘 ≤ 𝑒𝑟𝑙,𝑘 . (30h)
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For the worst-case based design in (26b)–(26d), the PT
channel gains are upper-bounded and lower-bounded using
the following triangle inequality properties:

𝑥 + 𝑦2 ≤ (|𝑥| + 𝑦)2 = |𝑥|2 + 𝑦2 + 2 |𝑥| 𝑦 ,𝑥 + 𝑦2 ≥ (|𝑥| − 𝑦)2 = |𝑥|2 + 𝑦2 − 2 |𝑥| 𝑦 . (31)

Applying (31), it follows that

𝑔𝑚𝑎𝑥𝑒,𝑙 ≜ max
Δ𝑔𝑒,𝑙≤𝛾𝑒,𝑙

𝑔𝑒,𝑙2
= max

Δ𝑔𝑒,𝑙≤𝛾𝑒,𝑙
(𝑔𝑒,𝑙2 + Δ𝑔𝑒,𝑙2 + 2 𝑔𝑒,𝑙 Δ𝑔𝑒,𝑙)

≤ 𝑔𝑒,𝑙2 + 𝜀2𝑒,𝑙 + 2𝜀𝑒,𝑙 𝑔𝑒,𝑙 ,
𝑔𝑚𝑖𝑛𝑒,𝑙 ≜ min

Δ𝑔𝑒,𝑙≤𝛾𝑒,𝑙

𝑔𝑒,𝑙2
= min

Δ𝑔𝑒,𝑙≤𝛾𝑒,𝑙
(𝑔𝑒,𝑙2 + Δ𝑔𝑒,𝑙2 − 2 𝑔𝑒,𝑙 Δ𝑔𝑒,𝑙)

≥ 𝑔𝑒,𝑙2 + 𝜀2𝑒,𝑙 − 2𝜀𝑒,𝑙 𝑔𝑒,𝑙 ,
𝑔𝑚𝑖𝑛𝑝 ≜ min

Δ𝑔𝑝≤𝛾𝑝

𝑔𝑝2
= min

Δ𝑔𝑝≤𝛾𝑝
(𝑔𝑝2 + Δ𝑔𝑝2 − 2 𝑔𝑝 Δ𝑔𝑝)

≥ 𝑔𝑝2 + 𝜀2𝑝 − 2𝜀𝑝 𝑔𝑝 ,
𝑔𝑚𝑖𝑛𝑠,𝑘 ≜ min

Δ𝑔𝑠,𝑘≤𝛾𝑠,𝑘

𝑔𝑠,𝑘2
= min

Δ𝑔𝑠,𝑘≤𝛾𝑠,𝑘
(𝑔𝑠,𝑘2 + Δ𝑔𝑠,𝑘2 + 2 𝑔𝑠,𝑘 Δ𝑔𝑠,𝑘)

≥ 𝑔𝑠,𝑘2 + 𝜀2𝑠,𝑘 − 2𝜀𝑠,𝑘 𝑔𝑠,𝑘 .

(32)

Similarly, we introduce the slack variables 𝑑𝑝, V𝑙, 𝑏𝑝, and𝑞𝑙 for (29b)-(29e).Then, by substituting the above results (32)
into (29b) and (29e), respectively, we can equivalently express
(29a)–(29e) as

min
‖Δh𝑝‖≤𝜀𝑝

(h𝑝 + Δh𝑝)𝐻W𝑍 (h𝑝 + Δh𝑝) ≥ 𝑑𝑝, (33a)

min
‖Δh𝑒,𝑙‖≤𝜀𝑒,𝑙

(h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 Z (h𝑒,𝑙 + Δh𝑒,𝑙) ≥ V𝑙, (33b)

max
‖Δh𝑝‖≤𝜀𝑝

(h𝑝 + Δh𝑝)𝐻W𝑍 (h𝑝 + Δh𝑝) ≤ 𝑏𝑝, (33c)

max
‖Δh𝑒,𝑙‖≤𝜀𝑒,𝑙

(h𝑒,𝑙 + Δh𝑒,𝑙)𝐻 Z (h𝑒,𝑙 + Δh𝑒,𝑙) ≤ 𝑞𝑙, (33d)

𝑑𝑝 + 𝜎2𝑝 + 𝑃𝑝𝑔𝑚𝑖𝑛𝑝 ≥ 𝑒𝑥𝑝 , (33e)

V𝑙 + 𝜎2𝑒,𝑙 ≥ 𝑒𝑢𝑙 , (33f)

𝑏𝑝 + 𝜎2𝑝 ≤ 𝑒�̂�𝑝 , (33g)

𝑞𝑙 + 𝜎2𝑒,𝑙 + 𝑃𝑝𝑔𝑚𝑎𝑥𝑒,𝑙 ≤ 𝑒𝑠𝑙 . (33h)

In order to make (26b)–(26d) more tractable, by applying S-
procedure [40], we can convert the infinitely inequality con-
straints (30a)-(30d) and (33a)-(33d) into finite linear matrix
inequalities (LMIs). For completeness, the S-procedure is
presented in Lemma 1 in the following.

Lemma 1 (S-procedure [40, Appendix B.2]). Let a function
f𝑚(x) with x ∈ C𝑁×1(𝑚 = 1, 2) be defined as

f𝑚 (x) = x𝐻A𝑚x + 2Re {b𝐻𝑚x} + c𝑚 (34)

whereA𝑚 ∈ H𝑁×𝑁, b𝑚 ∈ C𝑁×1, and c𝑚 ∈ R𝑁×1.Then, f𝑚(x) ≤0 holds if and only if there exists 𝜃 ≥ 0 such that
𝜃 [A1 b1

b𝐻1 c1
] − [A2 b2

b𝐻2 c2
] ⪰ 0, (35)

provided that there is a point x̂ which satisfies f𝑚(x̂) < 0.
To employ the S-procedure, we rewrite the constraint

(30a) as

Δh𝐻𝑠,𝑘W𝑍Δh𝑠,𝑘 + 2R {h𝐻𝑠,𝑘W𝑍Δh𝑠,𝑘} + h
𝐻

𝑠,𝑘W𝑍h𝑠,𝑘

≥ 𝑑𝑘. (36)

According to Lemma 1, by using a slack variable 𝜆𝑠,𝑘, (36) can
be expressed as

[
[
𝜆𝑠,𝑘I +W𝑍 W𝑍h𝑠,𝑘

h
𝐻

𝑠,𝑘W𝑍 h
𝐻

𝑠,𝑘W𝑍h𝑠,𝑘 − 𝑑𝑘 − 𝜆𝑠,𝑘𝜀2𝑠,𝑘]] ⪰ 0. (37)

Using the same approach for the constraints (30b)-(30d) and
(33a)-(33d), we have

[
[
𝜆𝑒,𝑙I + Z Zh𝑒,𝑙

h
𝐻

𝑒,𝑙Z h
𝐻

𝑒,𝑙Zh𝑒,𝑙 − 𝑤𝑙 − 𝜆𝑒,𝑙𝜀2𝑒,𝑙]] ⪰ 0, (38a)



Wireless Communications and Mobile Computing 9

[[[[[[
[

𝛼𝑠,𝑘I − ∑
𝑗 ̸=𝑘

W𝑗 − Z −(∑
𝑗 ̸=𝑘

W𝑗 + Z) h𝑠,𝑘

−h𝐻𝑠,𝑘(∑
𝑗 ̸=𝑘

W𝑗 + Z) −h𝐻𝑠,𝑘(∑
𝑗 ̸=𝑘

W𝑗 + Z) h𝑠,𝑘 + 𝑧𝑘 − 𝛼𝑠,𝑘𝜀2𝑠,𝑘
]]]]]]
]
⪰ 0, (38b)

[
[
𝛼𝑒,𝑙I − Z −W𝑘 − (Z +W𝑘) h𝑒,𝑙
−h𝐻𝑒,𝑙 (Z +W𝑘) −h𝐻𝑒,𝑙 (Z +W𝑘) h𝑒,𝑙 + 𝑓𝑙,𝑘 − 𝛼𝑒,𝑙𝜀2𝑒,𝑙]] ⪰ 0, (38c)

[
[
𝛽𝑝I +W𝑍 W𝑍h𝑝

h
𝐻

𝑝 W𝑍 h
𝐻

𝑝W𝑍h𝑝 − 𝑑𝑝 − 𝛽𝑝𝜀2𝑝]] ⪰ 0, (39a)

[
[
𝛽𝑒,𝑙I + Z Zh𝑒,𝑙

h
𝐻

𝑒,𝑙Z h
𝐻

𝑒,𝑙Zh𝑒,𝑙 − V𝑙 − 𝛽𝑒,𝑙𝜀2𝑒,𝑙]] ⪰ 0, (39b)

[
[
𝛼𝑝I −W𝑍 −W𝑍h𝑝

−h𝐻𝑝 W𝑍 −h𝐻𝑝 W𝑍h𝑝 + 𝑏𝑝 − 𝛼𝑝𝜀2𝑝]] ⪰ 0, (39c)

[[
]𝑒,𝑙I − Z −Zh𝑒,𝑙
−h𝐻𝑒,𝑙Z −h𝐻𝑒,𝑙Zh𝑒,𝑙 + 𝑞𝑙 − ]𝑒,𝑙𝜀2𝑒,𝑙]] ⪰ 0, (39d)

where 𝜆𝑒,𝑙, 𝛼𝑠,𝑘, 𝛼𝑒,𝑙, 𝛽𝑝, 𝛽𝑒,𝑙, 𝛼𝑝, and ]𝑒,𝑙 are slack variables.
By using the above results of Taylor series expansion in

(22a)–(22d), we can transform the nonconvex constraints
(30g), (30h), (33g), and (33h) into the corresponding convex
forms, respectively, as

𝑧𝑘 + 𝜎2𝑠,𝑘 ≤ 𝑒�̂�𝑘(𝑚) (�̂�𝑘 − �̂�𝑘 (𝑚) + 1) , (40a)

𝜎2𝑒,𝑙 + 𝑓𝑙,𝑘 ≤ 𝑒𝑟𝑙,𝑘(𝑚) (𝑟𝑙,𝑘 − 𝑟𝑙,𝑘 (𝑚) + 1) , (40b)

𝑏𝑝 + 𝜎2𝑝 ≤ 𝑒�̂�𝑝(𝑚) (�̂�𝑝 − �̂�𝑝 (𝑚) + 1) , (40c)

𝑞𝑙 + 𝜎2𝑒,𝑙 + 𝑃𝑝𝑔𝑚𝑎𝑥𝑒,𝑙 ≤ 𝑒𝑠𝑙(𝑚) (𝑠𝑙 − 𝑠𝑙 (𝑚) + 1) . (40d)

where �̂�𝑘(𝑚), 𝑟𝑙,𝑘(𝑚), �̂�𝑝(𝑚), and 𝑠𝑙(𝑚) are the variables �̂�𝑘, 𝑟𝑙,𝑘,�̂�𝑝, and 𝑠𝑙 at the 𝑛th iteration for the SCA method.
Here, we consider the EH constraint (30c). By use the

inequalities (32) and (26d) can be rewritten as

(h𝑒,𝑙 + Δh𝑒,𝑙)𝐻W𝑍 (h𝑒,𝑙 + Δh𝑒,𝑙) + 𝑃𝑝𝑔𝑚𝑖𝑛𝑒,𝑙 + 𝜎2𝑒

≥ 𝐸𝑒𝜂𝑒,𝑙 , ∀𝑙.
(41)

Introducing slack variables 𝜗𝑒,𝑙, we can transform (41) as

[[[[
𝜗𝑒,𝑙I +W𝑍 W𝑍h𝑒,𝑙

h
𝐻

𝑒,𝑙W𝑍 h
𝐻

𝑒,𝑙W𝑍h𝑒,𝑙 + 𝑃𝑝𝑔𝑚𝑖𝑛𝑒,𝑙 + 𝜎2𝑒 − 𝐸𝑒𝜂𝑒,𝑙 − 𝜗𝑒,𝑙𝜀2𝑒,𝑙
]]]]

⪰ 0, (42)

Finally, similarly to (21a) and (21b), we need to recast the
nonconvex constraints (28a) and (29a) as follows:

𝑒−𝑥𝑘−𝑦𝑙+�̂�𝑘+𝑟𝑙,𝑘 ≤ 2−𝑅𝑠𝑢 , ∀𝑘, ∀𝑙, (43a)

𝑒−𝑥𝑝−�̂�𝑙+�̂�𝑝+𝑠𝑙 ≤ 2−𝑅𝑝𝑢 , ∀𝑙. (43b)

Combining all the results in (27a)–(34) and (36)–(43b),
(26b)–(26d) can be reformed as

min
Φ

𝐾∑
𝑘=1

tr (W𝑘)
s.t. (23b) , (30e) , (30f) , (33e) , (33f) , (37) , (38a) , (38b) , (38c) , (39a) , (39b) , (39c) , (39d) , (40a) , (40b) , (40c) , (40d) , (42) , (43a) , (43b) ,Φ = {W𝑘,Z, 𝑥𝑘, 𝑦𝑙, �̂�𝑘, 𝑟𝑙,𝑘, 𝑥𝑝, �̂�𝑙, �̂�𝑝, 𝑠𝑙, 𝑑𝑘, 𝑤𝑙, 𝑧𝑘, 𝑓𝑙,𝑘, 𝑑𝑝, V𝑙, 𝑏𝑝, 𝑞𝑙, 𝜆𝑠,𝑘, 𝜆𝑒,𝑙, 𝛼𝑠,𝑘, 𝛼𝑒,𝑙, 𝛽𝑝, 𝛽𝑒,𝑙, 𝛼𝑝, ]𝑒,𝑙, 𝜁𝑠,𝑘, 𝜗𝑒,𝑙} , W𝑘 ⪰ 0, Z ⪰ 0.

(44)

For given {�̂�𝑘(𝑚), 𝑟𝑙,𝑘(𝑚), �̂�𝑝(𝑚), 𝑠𝑙(𝑚)} at the 𝑚th iteration,
problem (44) is a convex SDP form without the nonconvex

rank-one constraint rank(W𝑘) = 1, ∀𝑘, which can be
solved by convex optimization packages such as CVX [39],
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Set𝑚 = 0 and initialize Ψ(0) = {�̂�𝑘(0), 𝑟𝑙,𝑘(0), �̂�𝑝(0), 𝑠𝑙(0)}.
Repeat

(i) Solve problem (44) with {�̂�𝑘(𝑚), 𝑟𝑙,𝑘(𝑚), �̂�𝑝(𝑚), 𝑠𝑙(𝑚)}
and denote a solution by {�̂�𝑘(𝑚 + 1), 𝑟𝑙,𝑘(𝑚 + 1), �̂�𝑝(𝑚 + 1), 𝑠𝑙(𝑚 + 1)}.

(ii) Update𝑚 ← 𝑚 + 1.
Until Convergence

Algorithm 2: Robust SCA-based iterative algorithm with imperfect CSI.

to update the solution for the 𝑚 + 1-th iteration until the
algorithm converges. In addition, the proposed robust SCA-
based iterative algorithm with imperfect CSI is summarized
in Algorithm 2.

5. Simulation Results

In this section, we provide the simulation results to validate
the performance of our proposed algorithms. We consider a
system with two SUs and two ERs. The ST is equipped with
six transmit antennas (𝑁𝑆 = 6). We define 𝑑𝑆𝑇𝑆𝑈𝑘 = 5m, 𝑑𝑆𝑇𝐸𝑅𝑙 =3m, and 𝑑𝑆𝑇𝑃𝑈 = 10m as the distance between the ST and
the 𝑘th SU, the 𝑙th ER, and the PU, respectively. Also, we fix𝑑𝑃𝑇𝑆𝑈𝑘 = 4m, 𝑑𝑃𝑇𝐸𝑅𝑙 = 3m, and 𝑑𝑃𝑇𝑃𝑈 = 2m as the distance
between the PT and the 𝑘th SU, the 𝑙th ER, and the PU,
respectively, unless otherwise specified. Thus, the estimated
channels h𝑠,𝑘, h𝑒,𝑙, h𝑝, 𝑔𝑝, 𝑔𝑠,𝑘, and 𝑔𝑒,𝑙, are respectively,
modelled as h𝑠,𝑘 = 𝐻(𝑑𝑆𝑇𝑆U𝑘)h𝐼, h𝑒,𝑙 = 𝐻(𝑑𝑆𝑇𝐸𝑅𝑙)h𝐼, h𝑝 =𝐻(𝑑𝑆𝑇𝑃𝑈)h𝐼, 𝑔𝑠,𝑘 = 𝐻(𝑑𝑆𝑇𝑆𝑈𝑘)𝑔𝐼, 𝑔𝑒,𝑙 = 𝐻(𝑑𝑆𝑇𝐸𝑅𝑙)𝑔𝐼, and 𝑔𝑝 =𝐻(𝑑𝑆𝑇𝑃𝑈)𝑔𝐼, where 𝐻(𝑑) = (𝑐/4𝜋𝑓𝑐)(1/𝑑)𝜅/2, h𝐼 ∼ CN(0, I),
and 𝑔𝐼 ∼ CN(0, 1), and we set the speed of light, the carrier
frequency, and the path loss exponent as 𝑐 = 3 × 108ms−1,𝑓𝑐 = 900MHz, and 𝜅 = 2.7, respectively. In addition, the
noise power at the PU, SU, and ER is assumed to be 𝜎2𝑝 = 𝜎2𝑠,𝑘= 𝜎2𝑒,𝑙 = −90dBm. Also the additional noise power of all the
SUs is 𝛿2𝑎,𝑘 = −50 dBm, ∀𝑘. We fix the channel error bound
for the deterministic model as 𝜀 = 𝜀𝑠,𝑘 = 𝜀𝑒,𝑙 = 𝜀𝑝, ∀𝑘,∀𝑙 and 𝛾 = 𝛾𝑝 = 𝛾𝑠,𝑘 = 𝛾𝑒,𝑙, ∀𝑘, ∀𝑙. The EH efficiency coeffi-
cients are set to 𝜂𝑐,𝑙 = 𝜂𝑒,𝑘 = 0.3. In our simulations, we
compare the following transmit designs: the perfect CSI case,
robust SCA-based scheme, no-AN scheme which is obtained
by setting Z = 0, and the nonrobust scheme which assumes
no uncertainty in the CSI.

Figure 2 illustrates the convergence performance of the
proposed SCA-aided iterative algorithm with respect to
(w.r.t.) iteration numbers. Here, we set 𝑅𝑠𝑢 = 𝑅𝑝𝑢 = 0.5 bps/
Hz, 𝐸 = 𝐸𝑒 = 1 dBm, 𝑃𝑝 = 20 dBm, and 𝜀 = 𝛾 = 0.01. It is
easily seen from the plots that the convergence of all perfect
CSI cases can be quickly achieved within 5 iterations. It is
observed that robust SCA-based scheme converges slower
than the perfect CSI case regardless of𝐸.This is due to the fact
that the number of variables in the robust SCA-based scheme
is greater than the perfect CSI case.

Figure 3 compares the average transmit power of the
information signal w.r.t. the target secrecy rate at SU with
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Figure 2: Average transmit power of the information signal w.r.t.
iteration numbers with various 𝐸.
𝑅𝑝𝑢 = 0.5bps/Hz,𝑃𝑝 = 20dBmand𝐸 = 3dBm. It is observed
that the performance gaps of perfect CSI scheme with 𝜀 =0.01 and 0.1 over the robust SCA-aided iterative algorithm are0.5dB and 1.1 dB at all target secrecy rate region, respectively.
Also, the transmit power for the no-AN scheme grows faster
than the robust schemes as 𝑅𝑠𝑢 increases. We can see that, for𝜀 = 0.01 and 0.1, the robust SCA-aided iterative algorithm
outperforms the no-AN scheme and nonrobust scheme.This
is due to the help of the AN.

Moreover, the transmit power of the information signal
performance is plotted in Figure 4 with 𝑅𝑠𝑢 = 0.5 bps/Hz,𝑃𝑝 = 20 dBm, and 𝐸𝑒 = 5 dBm. One can observe from
Figure 4 that the average transmit power of the information
signal increases as the target secrecy rate at PU becomes large.
Also, the performance gap between the robust SCA-aided
iterative algorithm and the no-AN scheme becomes large at
high secrecy rate region. Also, there are 0.4 dB and 0.9 dB
gaps between perfect CSI and robust SCA-aided iterative
algorithm curves for 𝜀 = 0.01 and 0.1, respectively.

Finally, in Figure 5, the transmit power of the information
signal w.r.t. the target harvested power is illustrated with
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Figure 3: Average transmit power of the information signal w.r.t.
the target secrecy rate at SU.
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Figure 4: Average transmit power of the information signal w.r.t.
the target secrecy rate at PU.

𝑅𝑠𝑢 = 𝑅𝑝𝑢 = 1 bps/Hz and 𝑃𝑝 = 30 dBm. We can see that the
robust SCA-aided iterative algorithm with 𝜀 = 0.01 outper-
forms the nonrobust scheme by 3.6dB and the performance
gains of the robust SCA-aided iterative algorithm over the
no-AN scheme become larger as the target harvested power
increases. Similarly, when 𝐸𝑒 ≤ 0 dBm, the performance of
the proposed algorithms changes slowly. This is due to the
introduction of AN for the CR system.
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Figure 5: Average transmit power of the information signal w.r.t.
the harvested power.

6. Conclusion

In this paper, we have studied AN-aided secure beamforming
designs for MISO Secured CR networks with SWIPT. Our
aim is to minimize the transmit power of the information
signal subject to the secrecy rate constraint, the harvested
energy constraint, and total transmit power constraint. As
the original problem is nonconvex, we recast the original
problem as a convex form by using SCA method. Then,
we have proposed an SCA-based iterative algorithm for the
perfect CSI case. Moreover, we have extended the proposed
algorithm to the norm-bounded channel uncertainty model.
Finally, simulation results have been given to validate the
performance of our proposed algorithms.
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The proliferation of location-based services, representative services for the mobile networks, has posed a serious threat to users’
privacy. In the literature, several privacy mechanisms have been proposed to preserve location privacy. Location obfuscation
enforced using cloaking region is a widely used technique to achieve location privacy. However, it requires a trusted third-party
(TTP) and cannot sufficiently resist various inference attacks based on background information and thus is vulnerable to location
privacy breach. In this paper, we propose a context-aware location privacy-preserving solution with differential perturbations,
which can enhance the user’s location privacy without requiring a TTP. Our scheme utilizes the modified Hilbert curve to project
every 2-d location of the user in the considered map to 1-d space and randomly generates the reasonable perturbation by adding
Laplace noise via differential privacy. In order to solve the resource limitation of mobile devices, we use a quad-tree based scheme
to transform and store the user context information as bit stream which achieves the high compression ratio and supports efficient
retrieval. Security analysis shows that our proposed scheme can effectively preserve the location privacy. Experimental evaluation
shows that our scheme retrieval accuracy is increased by an average of 15.4% compared with the scheme using standard Hilbert
curve. Our scheme can provide strong privacy guarantees with a bounded accuracy loss while improving retrieval accuracy.

1. Introduction

As the indispensable parts of the communications and net-
works field, the green mobile networks are seen as a potential
enabler to realize green communications and networks by
minimizing energy consumption while guaranteeing the
quality of service [1]. Recently, the rapid development of
green wireless communication technologies and personal
mobile devices equipped with GPS chips enable location-
based services (LBSs) become very popular in almost all
social and business domains. Some potential applications
of LBS include location-aware information retrieval (e.g.,
Around Me), GPS navigator (e.g., TomTom), mapping
application (e.g., Google Maps), and location-aware social
networks (e.g., Foursquare) [2]. With the help of these
applications, users can easily issue LBS queries from their
smartphones to the LBS providers (LSP) and obtain services

related to their current locations. For example, users can
search for their friends, share information with each other,
and provide check-in data by using the Foursquare.

Despite the enormous benefits of LBSs provided to
individual and society, they also raise major privacy concerns
when location information has to leave users’ devices to
untrusted LSP. Location data contained into the LBS queries
can be easily linked to a variety of other information about an
individual and reveal his sensitive private information such
as his home and work address, sexual preferences, political
views, religious inclinations, and health conditions.

To address the privacy issues for mobile users in LBSs, a
variety of privacy-preserving mechanisms and metrics have
been proposed to allow users to make use of the LBSs while
mitigating privacy concerns over the past few years [3–15].
These LBS privacy protection mechanisms (LPPMs) provide
different privacy-utility trade-off, which offer alternatives
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Figure 1: Location privacy as a result of using CR.

to better meet personal requirements of different mobile
users. Roughly speaking, these LPPMs can be divided into
two categories according to their architecture [16]: trusted
anonymization server-based schemes [3, 5, 7, 8, 11, 13]
and mobile devices-based schemes [4, 6, 9, 10, 14, 15]. In
trusted anonymization serve-based schemes, a trusted third-
party server (e.g., anonymizer [3]) is employed to perturb,
obfuscate, and cloak user’s query location by using the notion
of k-anonymity [3]. To achieve k-anonymity, a user issues his
location to LSP via a trusted third-party server (TTP), which
subsequently generates a cloaking regions (CR) that covers
not only this user, but also k-1 other users geographically.
Therefore, it is difficult for the untrusted LSP to distinguish
a user among at least k-1 others. Although such schemes can
indeed strengthen the location privacy of users, they heavily
rely on the TTP, which would easily be a bottleneck due to
handling query requests, frequent updates of user locations,
and result postprocessing. Moreover, since the TTP knows
the complete knowledge of the locations and queries of all
users, it would suffer from a single point of failure. If the
adversary seizes control of it, the privacy of all users will
be compromised. Recent research [7] attempts to solve this
problem by using dynamic grid system, while it requires
changing the system mode of the client-side, TTP, and sever-
side. Furthermore, it incurs the high computation overhead
at client-side. Mobile device-based approaches remove the
requirement of a TTP by using k-anonymity [10, 15], loca-
tion obfuscation and perturbation [4, 6, 9], and private
information retrieval (PIR) [14]. However, PIR may incur
high computation and communication costs unaffordable to
mobile devices and LBS server. The k-anonymity [7, 10, 15]
assumes that the adversary has no side information about the
user [11, 12], such as approximate location, mobility profile,
query frequency, and user profiles. In reality, since some
adversary (e.g., the LSP) may possess such side information,
these methods are inadequate to protect the user’s location

privacy [8]. In Figure 1(a), for example, when approximate
location knowledge (e.g., an area) is available to an adversary,
he can exploit k-anonymous CR to enhance the precision of
location knowledge of multiple users. The CR can therefore
provide additional location knowledge to the adversary,
thereby leading to a location privacy breach. As shown in
Figure 1(b), the problem can be eliminated only if the cloak-
ing regions are guaranteed to encompass the approximated
regions corresponding to each of the k users. Unfortunately,
it is difficult to judge the extent of knowledge that an
adversary possesses. Furthermore, sometime it is difficult to
find enough users in a reasonable CR. Thus, in order to
achieve the desired level of privacy, CR may be unnecessary
expansion. In the worst case, the services for users would
be denied. Local obfuscation and differential perturbation
approaches [4, 6, 9] may be used to protect user’s privacy
against an adversary with such side information, as they
consider the adversary’s knowledge and capability to better
make a trade-off between location privacy and LBS utility.
Further, the differential perturbation [9] abstracts from the
side information of the adversary, which promises strong
theoretical privacy guarantees with a bounded accuracy loss
[17]. Nevertheless, these methods are unlikely suffice for LBS
because they do not take the contextual information, such
as map information, points of interest (POIs) density, the
scale of location, and the user’s privacy requirement into
account. In real scenario, the LBS privacy protection level and
accuracy, achieved by location obfuscation and differential
perturbation approach, depend highly on the contextual
information surround a user. For instance, intuition suggests
that a LBS user should deviate from his query location in
a rural area than in a downtown area in order to achieve
the same privacy level and LBS utility. To the best of our
knowledge, how to design a TTP-free and context-aware
privacy-preserving LBS system suitable for mobile devices is
still challenging.
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In this paper, we propose a context-aware differentially
private location perturbation solution for location privacy-
preserving which operates solely on the devices and does
not require any TTP. Different from existing approaches,
our scheme considers the contextual information around
the user’s location and can prevent privacy breach against
an adversary with some side information. We first use the
modified Hilbert curve (MHC) to transform and store every
2-d geographical location in the considered map to 1-d space
in terms of the contextual information of a user’s location
and then randomly perturb the user’s location, by adding a
controlled amount of noise from a carefully selected Laplace
distribution, according to the desired level of privacy. The
perturbed value is then submitted as the user’s location to the
LSP. To address the resource limitation of mobile devices, we
use quad-tree based scheme to transform and to store users’
context as bit stream. The generated bit stream can achieve a
high compress ratio and support efficient retrieval. Ourmajor
contributions are as follows:(1) We propose a context-aware differentially private
location perturbation scheme that does not require aTTP and
can protect a user’s location privacy against an adversary with
side information.(2) We construct a MHC according to the density dis-
tribution of POIs in the considered local map and design
a differential location perturbation algorithm based on it to
protect user’s location privacy in LBSs. This scheme provides
strong privacy guarantees through the differential privacy.
Due to the dimension reduction property of the modified
Hilbert curve, the system overhead can also be reduced.(3)We provide thorough security analysis and a compre-
hensive set of experiments to demonstrate the effectiveness of
our approach to location privacy-preserving.

The remainder of this paper is organized as follows. In
Section 2, we review the related works. Section 3 introduces
some preliminaries of this paper. Section 4 presents the
details of our proposed schemes. In what follows, we give
the security and performance evaluation in Section 5. Finally,
Section 6 concludes the paper.

2. Related Works

In the last few years, various privacy threats in terms of
sharing location data have been identified in the literature.
For instance, sharing location of a user not only diminishes
his own privacy but also the privacy of others [18]. Even
sharing the locations sporadically can still make adversary
identify the user [19].

To cope with these threats, a variety of location privacy-
preserving mechanisms and metrics have been proposed. In
this section, we will review these related works.

2.1. Location Privacy Metrics. Since a location can be spec-
ified as single coordinate, to quantify the location privacy,
we should find out how accurately an adversary might infer
about this coordinate. Based on this principle, numerous
privacy metrics have been proposed for quantifying the
capability of the adversary. Location k-anonymity [3] and

its variation like l-diversity [20] and t-closeness [21] are
proposed to measure the ability of the adversary to differ-
entiate the real user from others within the anonymity set.
To overcome the drawbacks of k-anonymity in quantifying
location privacy, entropy-basedmetrics have been adopted in
[5, 13, 22, 23] for quantifying the information an adversary
can obtain from one (or a series) of location update(s).
Nonetheless, Shokri et al. [24] show a lack of satisfactory
correlation between these two metrics and the success of the
adversary in inferring the users’ actual position. Therefore,
they proposed the expected distance error metric to quantify
the degree of accuracy by which an adversary can estimate a
user’s real position. However, this metric is explicitly defined
in terms of the adversary’s side information [25]. Once the
adversary has no such side information, the expected distance
error is not sufficient for quantifying location privacy. As
a result, differential privacy [6, 26] that abstract from the
adversary’s side information has been growing popularity in
LBS privacy protection, which measures the ability of the
adversarywith arbitrary background knowledge to obtain the
user’s real location. However, as noted in [27], this metric can
be problematic if prior is taken into account.

2.2. Location Privacy Protection. In the past few years, many
approaches for protecting location privacy are proposed to
allow users to enjoy the LBSs while limiting the amount of
disclosed sensitive information [3–15, 22, 26–33]. Although,
among them, policy-based approaches and cryptography-
based approaches [14] have also been investigated, most
existingworks are based on location obfuscation. For location
obfuscation mechanisms, most of them employ well-known
location k-anonymity to protect user’s privacy by blurring
user’s exact location into a sufficiently larger CR. Because of
its simplicity, k-anonymity metric has been widely adopted
in many different methods, including IntervalCloak [3],
clique-based cloak [5], location differential perturbations [8],
game-theoretic approach [12], dummy location selection [13],
and hilbASR [28]. However, these methods suffer from the
single point of failure due to the reliance on a TTP named
anonymizer. If an adversary seizes control of the TTP, the
privacy of all users will be breached. This TTP is also a
performance bottleneck since all the submitted LBS queries
have to go through it.Moreover, thesemethods are vulnerable
to background knowledge attacks and homogeneity attacks
[20].

To avoid the use of TTP, many mobile device-based
schemes [4, 6, 9, 10, 14, 15, 29–33] are introduced into
LBS privacy protection LBS system. However, k-anonymity
based schemes [10, 13, 29–33] still need to generate CR
via exchanged information from other encountered mobile
users. Thus, they also cannot resist homogeneity attacks
and background knowledge attacks. Expected distance error
based schemes [4, 9] obfuscate user’s location by taking the
adversary’s side information into account, which also suffer
from background knowledge attacks. Differential privacy
based schemes [6, 26] have gained popularity as they abstract
from the adversary’s side information and are capable of
providing strong worst-case privacy guarantees. However,
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Figure 2: Architecture of our proposed framework.

these approaches do not take the contextual information of
the user’s location and are not sufficient to protect users from
reidentification [34].

Different from existing works, our proposed method use
MHC to store the context of the user’s location, achieving
robust privacy guarantee against the adversary with some
information. It provides desired privacy level for mobile users
without relying on any TTP.

Standard Hilbert curve (SHC) has been applied to some
privacy protection schemes (e.g., [30, 32]), which is different
from our MHC. Our MHC mapping is similar to the VHC-
mapping [15], but there are several key differences. First,
VHC-mapping is constructed from road density, but our
MHCmapping is based on the density of POIs. Second,VHC-
mapping is used to perturb a single location, but our MHC is
used to select k POIs to preserve reciprocity [28].

3. Preliminaries

In this section, we first introduce the system model and
some basic concepts used in this paper and then present the
motivation and basic ideas of our scheme.

3.1. System Model and Basic Concepts. Our system model
is composed of two parties: LBS user/device and the LBS
provider/server, as shown in Figure 2. LBS user possesses a
location-aware wireless device, capable of connecting to the
network through a wireless protocol such as WiFi, GPRS, or
3G. LBS user uses location perturbation algorithm to perturb
his location included in the LBS query, and he submits
the perturbed query to LBS provider. The LBS provider is
untrusted and considered as the adversary. He responds
to the LBS user’s requests and returns query results. He
can also obtain all the side information by monitoring the
queries issued from the LBS user. Additionally, he knows the
location perturbation algorithm and noise distribution used
in the system. Based on this information, he tries to perform
inference attacks to deduce the user’s location information.

In this paper, the side information is limited to the
approximate location knowledge of users (an area instead of
exact coordinates), which can be obtained by a variety of
means, i.e., device communication logs such as cell towers
used, public records such as parking violations, or social
engineering methods such as during a casual conversation
[8]. Unless regulated by legislations, the approximate location
knowledge can more simply be inferred directly from the

information broadcast from cell towers and wireless access
points.

3.2. Motivation and Basic Ideas. In Figure 2, location per-
turbation component perturbs the user’s location contained
in the geo-tagged query to generate the perturbed query. It
also rearranges the query results returned from the regular
query processor of the LSP, in order to provide better LBS
utility. Location perturbation is a straightforward approach to
achieve efficient location privacy-preserving. However, this
method may lead to other challenges, e.g., how to achieve
context-aware privacy protection without incurring the cost
of storing and retrieving a full-scale map in a mobile device,
and how to generate a reasonable perturbation to make a
trade-off between privacy and LBS utility. Most of existing
works generate the perturbation by adding a random noise
(to the true location) drawn from a standard probability
distribution. However, it is not a good way to protect user’s
privacy against the adversaries with side information (e.g., a
set of likely positions including the true location). With the
side information and noise distribution, the adversary can
calculate the probability of generating the observed pertur-
bation from each of the likely positions. If the probability is
significantly high for the real location, the adversary will con-
fidently infer the user real position. To enhance user privacy,
these probabilities should be within a small constant factor of
each other. Our main idea is to employ a MHCmapping and
a carefully selected Laplace distribution to achieve effective
privacy-preserving. Our approach can be presented in two
parts: (1)we use aMHC based on POIs density in considered
local map to achieve the contextual information of the user’s
location and store it as bit stream; (2) then, we employ a
carefully selected Laplace noise distribution to generate a
reasonable perturbation and transmit the perturbed value as
the user’s location to the LSP.

Specifically, we observe that in location-based applica-
tions such as nearby searches and check-in posts in geo-
social networks (e.g., Foursquare andWeChat), users tend to
query an LBS from places that are meaningful to them (e.g.,
offices and restaurants). In such places, users are most likely
to perform an activity without too much movement. We call
these places the points of interest of users and refer them
to the real POIs in local map. In addition, we assume that
users request LBSs from their POIs. LetR be the (rectangle)
boundary of the local map, Ψ be the set of all possible real
POIs in R, and Ψ𝑢 ∈ Ψ be the set of all POIs of user 𝑢. For



Wireless Communications and Mobile Computing 5

0

1 2

3 4 5

67
8 9

101112

1314

15
16 17

1819
20

21 22

23 24

25 26

27
2829

30 31 32 33

3435
36

37 38

39 40

41 42

43
44

46 47
48

4950

515253

54 55
5657

58 59 60

61 62

63

p9

p8

p4

p6

p10

p1

p2

p14

p5

p11 p12

p3

p13

p7

p15

45

(a) Standard Hilbert curve

0

1 2

3 4

56
7

8

9 10

11

12

13 14 15

1617
18

20

21 22

23 24

25
2627

28 29

19

3031

32 33

p8

p9

p7

p1

p2

p14

p3

p5

p10
p15

p4

p6 u13

p11 p12

(b) Modified Hilbert curve

0 1 2 3

4 5 6 7

8 9 10 11

12 13

14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29

30 31 32 33

0

0000

0111101100001111

111111111111111111111111

(c) Quad-tree for storage of MHC

Figure 3: Our modified Hilbert curve and its quad-tree storage.

simplicity, each 𝜓𝑖 ∈ Ψ𝑢 can be approximately represented
as a (𝑥𝑖, 𝑦𝑖, 𝜁𝑖), where (𝑥𝑖, 𝑦𝑖) is the location coordinate; 𝜁𝑖
represents the semantic attribute of location coordinate (𝑥𝑖,𝑦𝑖), i.e., its semantic location. In this way, user’s exposed
locations can be transformed into his exposed POIs where
he queries LBSs [35]. Indeed, it has been demonstrated that
inference of POIs leads to a sever privacy breach [36].

To protect privacy, user usually selects a perturbed POI
around him as his real location to request LBSs. Intuitively,
to achieve the same level of privacy and LBS accuracy, the
perturbed POI should be far more from his real location in
a rural area than in downtown. To capture the contextual
information in this case, we modify the standard Hilbert
curve according to the density of POIs in considering local
map and use it to fill the local map (as shown in Figure 3).
Figure 3(a) shows the standard Hilbert curve (SHC) that
covers the local map. Correspondingly, Figure 3(b) shows
the modified Hilbert curve (MHC), which projects every 2-
dimension POI of users in local map to a 1-d space. Normally,
higher density of POIs leads to finer gains such that every
point in the 1-dimension space has homogenous context (e.g.,
equal density). As we will show in the section of location
differential perturbation, this prevents a location at a high
POIs density area from receiving too large a perturbation to
remain utility for LBSs.

Because of the superior distance preserving properties of
Hilbert curve that two adjacent points in 1-dimension space
are likely to be close in the original space, and vice versa [15],
given a particular point, we can easily discover the adjacent
points around. With this property, we first project all POIs in
considering local map to 1-dimension space by using MHC.
Then we randomly perturb the user’s POI where he queries
LBS, based on a carefully selected Laplace distribution to
guarantee that the probabilities to report the same perturbed
POI from a set of likely noise POIs including the true POI
are similar. However, the distribution of these noise POIs can
affect the proximity of the perturbed POI to the true POI.
For instance, if POIs are perturbed based on the locations
of every known POI within a city, the scale parameter in
the noise distribution will become considerably high, thus
leading to heavy noise addition. To solve the problem, we
compute the perturbation from a restricted set of k POIs by
using the reciprocal framework algorithm [28]. In this way,
the probabilities of any POI in these k POIs generating the
same perturbed POI are within a small constant factor (up to𝑒𝜀) of each other.

Formally, let 𝑙1, . . . , 𝑙𝑘 represent a set of k noise POIs,
one of which is the real POI 𝑙𝑟=(𝑥𝑟, 𝑦𝑟) of query user, and𝑝(⋅) indicates the probability density function. For any two
POIs 𝑙𝑖 and 𝑙𝑗 in these k noise, the perturbed POI 𝑙𝑝=(𝑥𝑝, 𝑦𝑝)
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Input: R as the (rectangle) boundary of the map, Ψ as the set of all POIs in the map
Output: a quad-tree root node T(1) if |Ψ| inR is great than pre-determined threshold 𝜎, then(2) partitionR equally into four sub-cellsRnw,Rne,Rse,Rsw;(3) for i=nw, ne, se, sw do(4) return 0 //recursively partitionRi according to the condition |Ψ𝑖|>𝜎;(5) end for(6) else(7) return 1 //outputs quad-tree root node T;(8) end if

Algorithm 1: Modified Hilbert curve construction algorithm.

corresponding to the 𝑙𝑟 is generated in a manner such that

𝑝 (𝑙𝑝𝑙𝑖) ≤ 𝑒𝜀𝑝 (𝑙𝑝𝑙𝑗) , (1)

where 𝜀 > 0 and 𝑖, 𝑗 ∈ [1, 𝑘]. The privacy parameter 𝜀
corresponds to the strength of the privacy guarantee: smaller𝜀 yield more privacy. It has been shown that adding noise
to each coordinate independently (by applying Laplace noise
to each coordinate) provides the stronger protection than
adding noise to each point independently (by generating 2-
dimensional noise vector) [37]. Therefore, we use a Laplace
distribution with scale b>0 to perturb each coordinate of the𝑙𝑖=(𝑥𝑖, 𝑦𝑖) independently such that

𝑝 (𝑥𝑝 | 𝑥𝑖) = 12𝑏𝑒−|𝑥𝑖−𝑥𝑝|/𝑏,
𝑝 (𝑦𝑝 | 𝑦𝑖) = 12𝑏𝑒−|𝑦𝑖−𝑦𝑝|/𝑏.

(2)

The amount of noise to be added to each coordinate is given
as –b∗sign(rnd)∗ln(1-2|𝑟𝑛𝑑|), where rnd is a uniform random
value in (-1/2, 1/2). Based on the following observation, 𝑥𝑝
is generated by setting 𝑏 as (maxnxn-minnxn)/𝜀, and 𝑦𝑝 is
generated by setting 𝑏 as (maxnyn-minnyn)/𝜀. 𝑙𝑝 is obtained
as (𝑥𝑝, 𝑦𝑝).
Observation 1. Using the triangle inequality, we have |𝑙𝑗−𝑙𝑝| ≤|𝑙𝑗 − 𝑙𝑖| + |𝑙𝑖 − 𝑙𝑝|. After rearrangement, dividing by b, raising
as a power of 𝑒 and multiplying by 1/2b, we get

12𝑏𝑒−|𝑙𝑖−𝑙𝑝|/𝑏 ≤ 12𝑏𝑒−|𝑙𝑗−𝑙𝑝|/𝑏𝑒|𝑙𝑖−𝑙𝑗|/𝑏
𝑜𝑟 𝑝 (𝑙𝑝 | 𝑙𝑖) ≤ 𝑝 (𝑙𝑝 | 𝑙𝑗) 𝑒|𝑙𝑗−𝑙𝑖|/𝑏.

(3)

Therefore, for each coordinate, we have

𝑝 (𝑥𝑝 | 𝑥𝑖) ≤ 𝑒|𝑥𝑗−𝑥𝑖|/𝑏𝑝 (𝑥𝑝 | 𝑥𝑗) ,
𝑝 (𝑦𝑝 | 𝑦𝑖) ≤ 𝑒|𝑦𝑗−𝑦𝑖|/𝑏𝑝 (𝑦𝑝 | 𝑦𝑗) ,

(4)

and the power of the exponent is bounded as

𝑝 (𝑥𝑝𝑥𝑖) ≤ 𝑒|max𝑛𝑥𝑛−min𝑛𝑥𝑛|/𝑏𝑝 (𝑥𝑝𝑥𝑗) , (5)

𝑝 (𝑦𝑝𝑦𝑖) ≤ 𝑒|max𝑛𝑦𝑛−min𝑛𝑦𝑛|/𝑏𝑝 (𝑦𝑝𝑦𝑗) . (6)

Consequently, the probability of a POI generating a
certain perturbed POI is always with a factor 𝑒𝜀 of the
probability of some other POIs in the set of k noise generating
the same perturbed POI.

4. Location Differential Perturbation

In this section, we introduce the modified Hilbert curve
construction algorithm and location differential perturbation
algorithm in detail.

4.1. ModifiedHilbert Curve Filling. Without loss of generality,
we consider a set of usersU = {𝑢1, 𝑢2, . . . , 𝑢𝑛} who subscribe
certain LBSs and move in a local map. The (rectangle)
boundary R of the local map is taken as a large cell. We
recursively partition a cell into four equal-size cells if and
only if the number of POIs within the original cell is greater
than a predetermined threshold 𝜎. One can see that each
cell contains roughly 𝜎 or fewer POIs. Figure 3(b) depicts
an example of such a partition. From the figure, we can
see that each cell is either partitioned into four equal-size
square cells, or not partitioned (i.e., becoming a base cell).
The partitioning scheme can be readily represented as a quad-
tree. Figure 3(c) depicts an example of such a quad-tree for
the MHCmapping in Figure 3(b). In particular, each node in
the tree either is a leaf node (if corresponding to a base cell)
or contains four children (if further partitioned). Thus, to
efficiently store the tree, we construct a breath-first traversal
of the tree, storing 1 bit for each node indicating whether it
is a leaf node or not. Since a quad-tree with 𝑛 leaf nodes has
at most 4n/3 total nodes, the space required by the serialized
map file is at most 4n/3 bits. Thus, the total storage overhead
is O (n). One can see that MHC covers the regions of high
density of POIs with finer gains.

Algorithm 1 depicts the offline construction of MHC. In
the algorithm, we partition original map based on predeter-
mined threshold parameter 𝜎 (line (1)), recursively partition
their children according to the given conditions and store
the quad-tree into a bit stream (line (4)). The computational
complexity of Algorithm 1 is O (n).

After the partitioning process, we construct the mapped
1-d space as variation of the Hilbert space-filling curve [38]
to connect all cells in the original 2-d space. To assign a
corresponding range in the 1-d space for each base cell, we
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Input: the T obtained from Algorithm 1, starting point 𝑆0 and curve orientation 𝜃
Output: a updated quad-tree root node T(1) initializes S(T) = 𝑆0, 𝜃(T)= 𝜃,m = 0;(2) push T into the stack;(3) while (stack is not empty) do(4) N = pop the top element from the stack(5) if (N has child node) then(6) for (i= sw, se, ne, nw) do(7) set S(Ni), and 𝜃(Ni)(8) push Ni into the stack(9) end for(10) else(11) ℎN=m(12) set the values of all corresponding POIs in the node N asm(13) m =m + 1(14) end if(15) end while(16) outputs the updated quad-tree root node T.

Algorithm 2: Hilbert value generation algorithm for each base cell.

need to traverse every leaf node. To this end, we conduct a
depth-first traversal of tree T, assigning the Hilbert value in
the 1-d projected space for each leaf node according to its
visiting orders. Let S(N), 𝜃(N) be the orientation and starting
point of the Hilbert curve of the node N. The Hilbert value
corresponding to the node N is denoted by ℎN. The formal
description of our Hilbert value generation algorithm can be
found in Algorithm 2.

In Algorithm 2, we construct a depth-first traversal over
the quad-tree. In particular, we start from the root node T
(lines (1)-(2)) and determine its every child node’s curve
orientation 𝜃 and starting point 𝑆 in the manner of drill-
down according to the fractal rules used in our recent work
[39] (lines (7)-(8)). We repeat this process until reaching a
leaf node and set the Hilbert value of this leaf node as m
(line (11)). In such way, every leaf node is assigned to a
unique Hilbert value. Correspondingly, the Hilbert value of
all POIs in every leaf node is also obtained (line (12)). The
computational complexity of Algorithm 2 is O (n).

4.2. Location Perturbation Algorithm. In Section 3.2, we pro-
vide a method to generate a perturbed POI for query point
from the carefully selected k POIs by using the Laplace
distribution. As mentioned before, the k POIs should be
chosen to preserve reciprocity. That is, the same anonymous
set should be obtained irrespective of which of the k POIs
is the query point. This is achieved by using the reciprocal
framework algorithm [28], which partitions the POIs of user
into k size buckets based on theHilbert value of the POIs.The
anonymous set is selected as the bucket to which the query
point belongs. Each of the k POIs is used for perturbation and
the one having the minimum average distance to all POIs in
the anonymous set is chosen as the user’s location to issue the
query. The formal description of our location perturbation
algorithm can be found in Algorithm 3.

In Algorithm 3, we firstly index the all-possible POIs by
a quad-tree spatial index and assign the Hilbert value for
each POI (Line (1)). This step has time complexity of 𝑂(𝑛).
Then we find the mapped value based on the 1-d value range
of the base cell which contains 𝜓𝑢 (line (2)). One can see
that the retrieval process requires access at most log 𝑛 (the
depth of tree) nodes, leading to computational complexity
of O(log 𝑛). Based on the Hilbert indices of the POIs, we
determine the k size bucket to which the 𝜓𝑢 belongs by
using reciprocal framework (lines (3)-(9)), which has time
complexity of O(log 𝑛). The locality preserving properties
of Hilbert curves guarantee the formation of buckets with
POIs that are at close proximity to each other. Lines (10)-(14) compute a perturbed value corresponding to the k
POIs in the bucket by using Laplace distribution. Thus, each
coordinate 𝑐 of a POI is perturbed to c–b∗sign(rnd)∗ln(1-
2|𝑟𝑛𝑑|), where rnd is a uniform random value in (-1/2, 1/2),
and 𝑏 is set as (maxncn-minncn)/𝜀. This makes perturbation
Laplace distributed around 𝑐. In the following experiment,
the retrieval of the MHC mapping requires less than 0.1s in
our system, and the perturbation requires less than 0.5s.

4.3. Security Analysis. In this section, we provide security
analysis. In the context of location privacy, we consider two
types of adversaries: active adversary and passive adversary.
The purpose of the passive adversary is to obtain sensitive
information about a particular user by eavesdropping on the
wireless channel or compromising the LBS provider. Actually
we can use some cryptography tools such as public key
infrastructure (PKI) to cope with the eavesdropping attacks
on the wireless channel between users and other entities.
Thus, we mainly focus on how to avoid collusion attacks and
inference attacks from active adversary, both of which can
cause serious privacy problems.

Adversary may be collusion with some users or the LBS
server to capture the other user’s private information.
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Input: Query user 𝑢 with associated k, his POI 𝜓𝑢 where he queries LBSs, and the pre-
computed MHC filling file mhcFile

Output: A perturbed location 𝑙𝑝 for u(1) load a quad-tree T of the partition from mhcFile and use Algorithm 2 to assign the Hilbert
value for each POI;(2) find the leaf node N containing 𝜓𝑢;(3) while (there is non-empty node at the same level as N with < k POIs) do(4) N = parent of N //bottom-up traversal(5) end while(6) while (N is not a leaf and (each child of N is either empty or contains ≥ k POIs)) do(7) N=child of N that contains 𝜓𝑢 //top-down traversal(8) end while(9) obtain the L={𝑙1, . . . , 𝑙𝑟, . . . 𝑙𝑘} by splitting the POIs inside sub-tree of N into buckets
containing between k and 2k-1 POIs using reciprocal algorithm(10) L𝑝 =𝜙(11) for (𝑙 ∈ L) do(12) 𝑙𝑝 = l + 𝑧𝑖, where 𝑧𝑖 is additive noise generated by Laplace distribution(13) Lp = Lp ∪ {𝑙𝑝}(14) end for(15) output 𝑙𝑝 ∈ L𝑝 such that 𝑙𝑝 has minimum average distance from L.

Algorithm 3: Location perturbation algorithm.

Theorem 1. Our scheme is collusion attack resistant.

Proof. We contemplate that the collusion attack occurs
between a set of users. On the one hand, each user is
independent with others in our scheme. He only needs to
use his position and the stored Hilbert index file to generate
the perturbation instead of interacting with the other users.
On the other hand, Algorithm 3 in our scheme guarantees
that all the processes are executing locally, not dependent on
other users at all. That is, it is useless for the adversary to
capture and collude with nearby users. The best case to this
kind of adversary is that he can obtain the global information
by capturing the LBS server and all the users, but in this case
he becomes an active adversary to perform inference attack.

In our scheme, we directly contemplate the untrusted LBS
server as the active adversary to perform the inference attack.
He can get side information by monitoring all the users in
the system, including their interests, approximately location
(e.g., a set of likely positions including the true location), LBS
queries, and observed perturbation. His aim is to use this
side information to confidently infer real position of the query
user.

Theorem 2. Our scheme is inference attack resistant under 𝜀-
differential privacy.

Proof. In our scheme, users need to issue the queries to
the adversary in order to enjoy the LBSs. Ideally, due to
the perturbation, the adversary cannot construct any direct
linkage from the perturbed locations to a user. However, the
adversary knows the POIs density of the whole map, approx-
imately locations for a user and noise distribution. Based on
this information, the adversary can perform inference attacks
to gain the real location of the query user. More formally,
the adversary knows the set of all POIs, Ψ, a set of positions,𝑙1, . . . , 𝑙𝑟, . . . , 𝑙𝑘 (including query user’s real location), location

perturbation mechanism, and the noise distribution 𝑝(𝑙i). As
certain position in the adversary’s approximate knowledge is
highly unlikely to generate the observed perturbation under
the used noise distribution, the adversary can use newly
learned distribution to improve its probability of successfully
guessing the real location from these equally likely positions.
In our algorithm, the inference attack is avoided by using
reciprocity framework and 𝜀-differential privacy. First, since
the k POIs set L={𝑙1, . . . , 𝑙𝑟, . . . , 𝑙𝑘} generated by using MHC
method satisfies reciprocity, the probability of identifying
the query user’s real POI does not exceed 1/k [28]. Second,
as discussed above, due to the usage of differential privacy,
the probability to report the same observed perturbed loca-
tion 𝑙𝑝 from the positions 𝑙1, . . . , 𝑙𝑟, . . . 𝑙𝑘 is within a small
constant factor of each other. The Laplace noise added to
a POI depends on the component-wise maximum distance
between two positions. As long as the scale parameters use
these maximum, the perturbed POI (𝑥𝑝, 𝑦𝑝) will satisfy the
probability ratio. In our scheme, we use differential privacy
notion to abstract the side information and guarantee the
security efficiently. For any two POIs 𝑙𝑖 and 𝑙𝑗 in the set L,
the adversary’s side information can bemodelled by two prior
distributions 𝑝(𝑙𝑖) and 𝑝(𝑙𝑗). After observing the perturbed
POI 𝑙𝑝, the adversary could use the 𝑙𝑖 and 𝑙𝑗 as input to
differential location perturbation algorithm and compute the
conditional probabilities 𝑝(𝑙𝑝 | 𝑙𝑖) and 𝑝(𝑙𝑝 | 𝑙𝑗). For the
purpose of modelling the adversary’s observation, we use
Bayes’ rule to obtain the posterior distribution:

𝑝 (𝑙𝑖 = 𝑙𝑟 | 𝑙𝑝) = 𝑝 (𝑙𝑝 | 𝑙𝑖) 𝑝 (𝑙𝑖)
∑𝑘𝑐=1 𝑝 (𝑙𝑝 | 𝑙𝑐) 𝑝 (𝑙𝑐) ,

𝑝 (𝑙𝑗 = 𝑙𝑟 | 𝑙𝑝) = 𝑝 (𝑙𝑝 | 𝑙𝑗) 𝑝 (𝑙𝑗)
∑𝑘𝑐=1 𝑝 (𝑙𝑝 | 𝑙𝑐) 𝑝 (𝑙𝑐) .

(7)
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We use multiplicative distance to metric the distance
between two distributions as

𝑑𝑝 = sup
𝑙⊆𝐿

ln
𝑝 (𝑙𝑖 | 𝑙𝑝)
𝑝 (𝑙𝑗 | 𝑙𝑝)

 ≤ 𝜀 (8)

According to the definition of 𝜀-differential privacy, the𝑑𝑝 should be at most 𝜀. Substituting formula (7) into formula
(8), we can get

𝑝 (𝑙𝑝 | 𝑙𝑖) ≤ 𝑒𝑅/𝑏𝑝 (𝑙𝑝 | 𝑙𝑗) , (9)

where 𝑅 is the radius of maximum perturbation range which
satisfies Laplace distribution, also the maximum distance
between any two noise POIs, and 𝑏 is the scale parameter of
Laplace distribution. Thus, formula (9) can be extended to
formulas (5) and (6).

As can be seen from formula (9), our scheme is inde-
pendent of the prior distribution. This is to say, the prob-
abilities that the adversary uses side information to report
the same observed perturbed location 𝑙𝑝 from the positions𝑙1, . . . , 𝑙𝑟, . . . 𝑙𝑘 are within a small constant factor of each
other. Thus, the adversary cannot use such side information
to improve its probability of successful guessing the real
location.

4.4. Query Accuracy Analysis. In this section, we provide
LBS query accuracy analysis. Using perturbed locations do
affect the accuracy of query results. However, difference in
the results may or may not exist depending on the distance
between the perturbed location and the true location. There-
fore, one has to trade-off between location privacy and LBS
utility. In order to formally analyze the query accuracy of
our location perturbation scheme, we consider three metrics
with respect to KNN query [8]: Nearness, Resemblance, and
Displacement.

(i) Nearness: it indicates the ratio of perturbation at close
proximity to the true location.

(ii) Resemblance: it depicts the accuracy rate of query
results retrieved by a KNN query related to a per-
turbed location. Let 𝑂 = {𝑜1, 𝑜2, ⋅ ⋅ ⋅ , 𝑜𝐾} be the
objects retrieved by a KNN-query relative to the
true location of user u, and 𝑂 = {𝑜1, 𝑜2, ⋅ ⋅ ⋅ , 𝑜𝐾}
be the objects retrieved relative to the perturbed
location. The resemblance is the rate of common
objects between 𝑂 and 𝑂, given as

𝑄𝐴𝑅 =
𝑂 ∩ 𝑂|𝑂| , (10)

where |𝑂| is the number of query objects in the real
results set O, |𝑂 ∩ 𝑂| is the number of common
objects between 𝑂 and 𝑂.

lp lr

Figure 4: AOI and AOR with centre 𝑙𝑟 and 𝑙𝑝.

(iii) Displacement: it captures the average difference in
distance between the actual results and real retrieval
results of a KNN-query, given as

𝑄𝑃
= {{{{{

1𝐾 [ 𝐾∑
𝑖=1

𝑑𝑖𝑠𝑡 (𝑂𝑖 , 𝑞) −
𝐾∑
𝑖=1

𝑑𝑖𝑠𝑡 (𝑂, 𝑞)] , 𝑂 ̸= 𝑂
0, 𝑂 = 𝑂,

(11)

where 𝑞 is the real query POIs of a user and the dist(⋅)
is the Euclidean distance between an object’s location
and the true location of a user. It should be noted that
the lowercase 𝑘 is used to calculate anonymous set and
the uppercase𝐾 is used to calculate KNN query.

These three metrics are used to measure the effective-
ness of our scheme. The resemblance measures the query
accuracy with respect to the perturbed location, while the
displacement measures the expected distance error between
the real query results and actual retrieval results. In this part
of theoretical analysis, we adopt the Resemblance metric as
the query accuracy measure. Nevertheless, in the following
experimental evaluation, we also evaluate the Nearness and
Displacement metrics.

As shown in Figure 4, we define the blue circle as the
query area of interest (AOI) with regard to the real location𝑙𝑟 and the orange circle as the area of retrieval (AOR) with
respect to the perturbed location 𝑙𝑝. In order to guarantee
high Resemblance (see formula (10)), ideally, the AOR should
always completely contain the AOI. Unfortunately, this con-
dition cannot be guaranteed because of the nature of our
location perturbation (note that the AOR is centred on a
randomly generated location that can be arbitrarily distant
from the real location). In order to measure the probability of
such event, we introduce the notion of accuracy. Specifically,
we use 𝑟𝐼 and 𝑟𝑅 to represent the radius of the AOI and



10 Wireless Communications and Mobile Computing

(a) Road network of NA (b) MHC filling of NA with 𝜎=10

Figure 5: NA dataset.

the AOR, respectively,M to denote the location perturbation
mechanism, andC(x, r) to denote the circle with centre 𝑥 and
radius r.

Definition 3. An LBS perturbation is (c, 𝑟𝐼)-accurate iff for
all locations 𝑥 we have that C(x, 𝑟𝐼) is fully contained in the
C(M(x), 𝑟𝑅) with probability at least c.

Give a privacy parameter 𝜀 and accurate parameters
(c, 𝑟𝐼), our goal is to obtain an LBS perturbation (M, 𝑟𝑅)
satisfying both 𝜀-differential privacy and (c, 𝑟𝐼)-accurate.
As for a perturbation mechanism M, we use the Laplace
perturbation 𝑀𝜀 discussed in Section 3.2, which satisfies 𝜀-
differential privacy. As for 𝑟𝑅, we attempt to find a minimum
value validating the accurate condition. To achieve this goal,
we use the notion of (𝛼, 𝛿)-usefulness, which was introduced
in [40]. A location perturbation mechanism 𝑀 is (𝛼, 𝛿)-
usefulness if for every location 𝑥 the perturbed location z =
M(x) satisfies 𝑑𝑖𝑠𝑡(𝑥, 𝑧) ≤ 𝛼with probability at least 𝛿. In our
perturbation mechanism𝑀𝜀, we computer the perturbation
from a restricted set of k POIs that preserve reciprocal. This
guarantee that our𝑀𝜀 can generate reasonable perturbation
range. Therefore, the 𝛼 and 𝛿 values which express 𝑀𝜀
usefulness are related by –b∗sign(rnd)∗ln(1-2|𝑟𝑛𝑑|), the noise
amount of our perturbation.

Observation 2. For any 𝛼 > 0, 𝑀𝜀 is (𝛼, 𝛿)-usefulness if𝛼 < max𝑖,𝑗∈[1,𝑘]𝑑𝑖𝑠𝑡(𝑙𝑖, 𝑙𝑗), where 𝑙𝑖 and 𝑙𝑗 are determined by
–b∗sign(rnd)∗ln(1-2|𝑟𝑛𝑑|).

In the following experimental evaluation (as shown in
Table 2), we set various 𝜀 to compute the percentage of
the perturbations which are within 1km, 0.5km, and 0.1km
of the user’s true position. As our running example, our
perturbation mechanism𝑀𝜀 (𝜀-differential privacy, with 𝜀 =
0.5) generates a perturbed location 𝑙𝑝 falling within 1km of
the real position 𝑙𝑟 with probability 0.9426.

According to the definition of usefulness, if𝑀𝜀 is (𝛼, 𝛿)-
usefulness, then the LBS perturbation (𝑀𝜀, 𝑟𝑅) is (𝛿, 𝑟𝐼)-
accurate if 𝛼 < max𝑖,𝑗∈[1,𝑘]𝑑𝑖𝑠𝑡(𝑙𝑖, 𝑙𝑗). The converse also holds
if 𝛿 is maximal. By Observation 2, we have the following.

Proposition 4. The LBS perturbation (𝑀𝜀, 𝑟𝑅) is (𝛿, 𝑟𝐼)-
accurate if 𝑟𝑅 ≥ 𝑟𝐼 + 𝛿 ⋅max𝑖,𝑗∈[1,𝑘]𝑑𝑖𝑠𝑡(𝑙𝑖, 𝑙𝑗).

Therefore, it is sufficient to set 𝑟𝑅 = 𝑟𝐼 + 𝛿 ⋅
max𝑖,𝑗∈[1,𝑘]𝑑𝑖𝑠𝑡(𝑙𝑖, 𝑙𝑗).Thus, our perturbation (𝑀𝜀, 𝑟𝑅) satisfies
both 𝜀-differential privacy and (𝛿, 𝑟𝐼)-accurate.
5. Experimental Evaluation

This section evaluates the proposed differential location
perturbation algorithms. We implemented the algorithms
using Java program. All experiments were executed on an
Intel Core i7-4790 3.6GHz machine with 4G RAM and
Windows OS. The perturbation scheme indexes the all-
possible POIs of the considering local map, which are taken
from the NA dataset (available at http://www.cs.utah.edu/∼
lifeifei/SpatialDataset.htm) containing 175813 real POIs of the
North America road network (see Figure 5(a)). The parame-
ter k is set from 10 to 1000. The results are obtained by taking
the average of 100 times simulation of the corresponding
algorithms.

Several parameters are employed in our evaluation. 𝑆0 is
the starting point of Hilbert curve, and its default value is
(0, 0). The 𝜃 represents the Hilbert curve direction, and its
default value is D1 (see Figure 6) [39]. Γ is the scale factor
of Hilbert curve, and its default value is 1. k is related to
k-anonymity. Figure 5(b) shows a real MHC filling for the
North America road network with 𝜎=10. From the figure, an
intuitive observation is that the denser regions represent large
cities, while the sparse regions represent the rural areas.Thus,
MHC mapping captures the contextual information well. In
[9], Shokri proposes an optimal location privacy preservation
strategy by solving a linear program, which avoids TTP.

http://www.cs.utah.edu/~lifeifei/SpatialDataset.htm
http://www.cs.utah.edu/~lifeifei/SpatialDataset.htm
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Figure 6: Fractal rules of Hilbert curve.

This optimal strategy computes location obfuscation proba-
bility distribution function to maximize the location privacy,
subject to service quality constraints. However, this method
depends on themodelling of adversary’s side information and
thus suffers from background knowledge attacks. As can be
seen fromprevious analysis, ourmethod abstracts adversary’s
side information. Furthermore, this optical strategy has
nothing to do with contextual information andHilbert curve.
Therefore, our method cannot be comparable to this optical
strategy. Location perturbation method in [8] is similar to
our approach and uses SHC, whereas it still employs a TTP.
For the purpose of comparing with [8], we implement the
method in [8] under the same setting as our method. To
generate the k-anonymous sets, the location perturbation
scheme in [8] employs SHC to calculate the Hilbert index
value of users’ location online. Different from the method
in [8], our scheme employs MHC to calculate the Hilbert
indices of the POIs and stores them as a binary map file. We
use the quad-tree recovered from the binary map file to find
the node where the user’s POIs are located and then generate
the k-anonymous set.Therefore, in the following experiment,
we evaluate the performance of the location perturbation by
comparing MHCmapping with SHC mapping.

5.1. Parameters Selection for MHC and SHC. During the
partitioning process, MHC and SHC employ different curve
parameters. To carry out the following experiments under
the same standard, we first examine the parameters selection
for MHC and SHC. When the geographic space is filled by
usingMHCmapping, a unique index value is assigned to each
atomic region according to the traversal order of the Hilbert
curve. The index values of the POIs contained in the atomic
region are also index value of the atomic region.Thus, we can
obtain the Hilbert index of all POIs. If some POIs are in the
same base cell, they are overlapped. We define the overlap
factor 𝜆 to describe the overlap of the POIs for each base cell
such that

𝜆 = 1𝑀
𝐻∑
𝑖=0

𝑛𝑖 (12)
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Figure 7: The relationship between 𝜎 and 𝜆.

where𝑀 is the number of base cells that contain POIs, H is
the upper bound of the Hilbert index value, and 𝑛𝑖 represents
the number of the POIs whose index value is equal to i.

Figure 7 illustrates the case that the MHC overlaps factor𝜆 changes with the division threshold 𝜎. We find that 𝜆 grows
slowly as𝜎 increases, andwhen𝜎 is 1, the overlap factor is also
1. This is determined by the definition of the overlap factor
and the division in Algorithm 2. The MHC can achieve finer
grains via setting the threshold 𝜎.

Figure 8 illustrates the relationship between the standard
Hilbert curve degree 𝐷 and the overlap factor 𝜆 when the
map of the NA dataset is divided by the SHC. As can be seen
from the figure, the larger 𝐷 is, the smaller 𝜆 is and the finer
grain that the partition leads to. Since the SHC employs the
uniform standard to divide the space, the 𝜆 changes greatly
with the changing of the 𝐷 when 𝐷 is small. In [8], the SHC
mapping technique was employed to divide the entire map
into a grid of 214∗ 214 while calculating the Hilbert indices,
which guarantees that there is not more than one user in
each division. Objects in the same division have the same
Hilbert index.This is because a larger curve degree𝐷 can lead
to a finer granularity division of spatial maps. Nevertheless,
the greater curve degree may lead to high computational
overhead unaffordable to the server.
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Table 1: Hilbert index generation time (ms).

Algorithm 𝜆 = 1 𝜆 = 1.5 𝜆 =2.7 𝜆 =4.9
𝜎=1,
D=13

𝜎=2,
D=11

𝜎=5,
D=10

𝜎=10,
D=9

SHC 1237 1067 988 903
MHC 892 521 300 214
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Figure 8: The relationship between 𝜆 and D.

The generation time of the index of POIs is an important
measure when using the spatial filling curve to divide the
considered map. We compare the index generation time of
our scheme using MHC padding algorithm HVGA with the
scheme using SHC padding algorithm EDHO in [8]. The
HVGA represents theHilbert value generation algorithm (see
Algorithm 2). The results are shown in Table 1.

As seen from the table, in the case of the same 𝜆, the
efficiency of Hilbert index generation via using the MHC
mapping technology in our scheme is significantly higher
than that via using SHC mapping technology in [8], and
with the increase of 𝜆, the result of using MHC is more
obvious. This is because the MHC partition considers the
density distribution of POIs and uses different curve degree𝐷 for different density regions, which enable the partitioning
of the lower density region not use high D, thus improving
the efficiency of index generation.

When 𝜎 ≥ 10, the MHC index generation time changes
very slowly. Therefore, in all the following experiments we
considered the 𝜆 = 4.9, 𝜎 = 10, D = 9.

5.2. Anonymous Evaluation. We compare the average anony-
mous set generation time of our scheme and the scheme in
[9] for varying k (see Figure 9).

As can be seen from Figure 10, as the 𝑘 increase, the
anonymous set generation time for MHC perturbation (see
Algorithm 3) and SHC perturbation (see [8]) does not vary
significantly.This is because, in both perturbation algorithms,
to select the k-anonymous set that satisfies reciprocitywe only
need to traverse the small subtree determined by node N in
the quad-tree T, and the data structure of the intermediate
nodes of the quad-tree T contains all the POIs in its subtree,
so there is no need to traverse their subtrees to obtain this
information. In the case of the same k, the anonymous sets
generation time of MHC perturbation is much lower than
that of SHC perturbation, with an average reduction about
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Figure 9: Anonymous set generation time for varying k.
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Figure 10: Query accuracy rate of KNN retrieval.

66%.This is because when the location index is generated, the
SHC perturbation is partitioned by the uniform granularity
for all the regions; nevertheless, the MHC is divided accord-
ing to the density distribution of the POIs.TheMHCpartition
of the sparse regions uses lower curve orders and thus reduces
the division time. That is to say, in the same case, the MHC
partition traverses fewer subtrees than the SHC partition.

5.3. Differential Location Perturbation Evaluation. In this
section, we evaluate the performance of our differential loca-
tion perturbation algorithm by comparing MHC mapping
with SHC mapping. From Section 3.2, we know that the
probability ratio of generating the perturbed position (𝑥𝑝,
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Table 2: Percentage of the generated perturbed positions that is at close proximity to true location.

𝜀 Nearness/%
d ≤1000m d ≤500m d ≤100m

0.01 2.39 0.95 0.01
0.1 28.2 16.27 8.13
0.3 89.3 61.24 7.18
0.5 94.26 62.20 11.48
1.0 99.04 73.68 27.27
2.0 99.99 91.87 33.97

𝑦𝑝) at any two POIs in the anonymous is bounded as 𝑒𝜀.
The amount of Laplace noise to be added to the position
depends on the maximum distance of the corresponding
coordinates of the two positions. As long as the Laplace scale
parameter 𝑏 uses these maximum distances, the probability
ratio of the any two POIs in anonymous set generating a
perturbed position (𝑥𝑝, 𝑦𝑝) always satisfies the bounded 𝑒𝜀.𝜀 is privacy budget and smaller 𝜀 yields more privacy, but
leading to less accuracy. In the following experiment, we
evaluate the accuracy of our scheme for a scenario, where we
issue a KNN query for nearest POIs. In particular, we use the
Nearness, Resemblance, andDisplacementmetrics to measure
LBS accuracy.(1)Nearness: for the Nearness metric, we set the different
privacy parameter 𝜀 to calculate the percentage of the pertur-
bations that resulted in the perturbed point being generated
within 1000 m, 500 m, and 100 m of the user’s true position.
The results are shown in Table 2.

As can be seen from the table, a value of 𝜀 = 0.01 indicates
that two users should have the same probability (𝑒𝜀 = 1.01) to
generate perturbations.This is difficult to achievemost values
of k. When the 𝜀 value reaches 0.5 (𝑒0.5 = 1.65), more than
90 percent of the perturbed points are within 1000 meters
of the real position. More than 60 percent of the perturbed
points are within 500m of the true position. The number
of perturbed points increases with increasing of the 𝜀 value.
However, higher 𝜀 value reduces the practical significance of
the approach. For example, the value of 𝜀 = 2.0 means that
a factor of 7 differences in the probability estimates (e2.0 =
7.39) must be accepted. Nonetheless, high nearness values
with smaller value of 𝜀 are also possible as well.(2)Resemblance and Displacement: as previously
observed in Table 2, about 95% perturbed points fall within
1km of the real position when 𝜀=0.5. Therefore, for the
resemblance metric 𝑄𝐴𝑅 and displacement metric 𝑄𝑃, we
set 𝜀 = 0.5 to generate the perturbations in the experiments.
Figures 10 and 11 show the evaluation results of the Resemble
and Displacement corresponding to different values of K (the
number of the nearest neighbour objects retrieved by KNN).

From Figure 10, we can see that increasing the number
of nearest neighbouring objects to search K enhances the
similarities of the result set. As K increases, the query
accuracy rate of KNN retrieval varies from around 60 percent
to almost 90 percent.This is because that a greater number of
retrieved results can be seen as enlarging the search radius,
in which case, an object becomes more likely in the KNN
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Figure 11: Query precision of the approximate KNN search.

set of more number of location-based queries. For example,
searching for the nearest theatres from two different locations
in a city, we can expect that these two different locations have
higher overlap in their list of 10 nearest theatres. The extent
of the overlap depends on how proximal the two locations
are to each other. Therefore, the noise added to a location is
important in this regard. Meanwhile, the retrieval accuracy
of a KNN using MHC is increased by an average 15.4%
compared with the approach using SHC. This is because the
MHC partition considered the density distribution of the
POIs, which needs only a small perturbation to achieve a high
level of privacy-preserving in a densely populated area.

The query precision indicates the average difference in the
distance between the actual results and real retrieval results of
a KNN-query based on the real location and the perturbed
position, which is more effective in measuring the quality
of retrieved results. Figure 11 shows the results of the query
precision.

From Figure 11, we can clearly see that the query precision
of aKNNretrieval related to the perturbed location generated
by using SHC perturbation varies from about 120m to 350m
and that the query precision of a KNN retrieval related to
the perturbed location generated by usingMHCperturbation
is within 50m. This shows that the query precision of a
KNN retrieval related to MHC perturbation is smaller than
that of a KNN retrieval related to SHC perturbation. The
reason is that MHC considers the contextual information
of the POIs, thereby resulting in smaller perturbation than
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SHC. The results show that the quality of a KNN retrieval
results related to MHC perturbation is higher than that of
the results related to SHC, which also corresponds with the
character that MHC conducts granularity partition of the
defined spaces according to density distribution of the POIs.

6. Conclusion

Driven by the prosperity of smart mobile devices equipped
with GPS, location-based services, as an import part of
Green Mobile Communications and Networks (GMCNs),
have become very popular recently in almost all business and
society domain. Since these services access private position
information, location privacy protection mechanisms are
mandatory to ensure the user acceptance of such services.
The location-based confounding mechanism based on the
cloaking area is awide range of research techniques to achieve
location privacy protection, but most of these technologies
rely on TTP and assume that the attacker does not have side
information, thus easy to cause location privacy disclosure.

In this paper, we proposed a context-aware differential
location perturbation technique to protect user privacy. Our
scheme, the context information of the user’s location is
considered in the event of a perturbation, and the attack
of the background information can be effectively prevented
without depending on any TTP. We use MHC mapping
technology to project each 2-d geographic location of the user
on the map into 1-d space and combine the 𝑘 anonymous
with the differential privacy techniques to randomly disturb
the user’s location, and then to submit the perturbation as
the user’s real location to the location service provider. In
order to solve the limited resources of mobile devices, we
use a quad-tree based approach to transform and to store
the users’ context to support efficient retrieval and storage.
Through the security analysis and experimental evaluation,
we can find that our scheme can resist the inference attacks
of approximate position knowledge. Using the perturbation
position will not significantly improve the attacker’s prior
knowledge about the user’s position, so it has strong privacy
protection. However, the identification of some unreasonable
perturbation is still a problem. In the future work, we will
consider abandoning the anonymity sets to address this
problem.
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Radar and communication (RadCom) systems have received increasing attention due to their high energy efficiency and spectral
efficiency. They have been identified as green communications. This paper is concerned with a joint estimation of range-Doppler-
angle parameters for an orthogonal frequency division multiplexing (OFDM) based RadCom system.The key idea of the proposed
method is to derive different factor matrices by the tensor decomposition method and then extract parameters of the targets
from these factor matrices. Different from the classical tensor decomposition method via alternating least squares or higher-order
singular value decomposition, we adopt a greedy based method with each step constituted by a rank-1 approximation subproblem.
To avoid local extremum, the rank-1 approximation is solved by using a multiple random initialized tensor power method with a
comparison procedure followed. A parameterized rectification method is also proposed to incorporate the inherent structures of
the factormatrices.The proposed algorithm can estimate all the parameters simultaneouslywithout parameter pairing requirement.
The numerical experiments demonstrate superior performance of the proposed algorithm compared with the existing methods.

1. Introduction

The integrated radar and communication (RadCom) system
has received much attention in recent years. By using a joint
waveform, the occupied spectrum can be used efficiently and
both radar and communication functions can be operated
simultaneously. Due to the fact that the signal energy and
frequency spectrum can be used efficiency and cognitively,
the RadCom system is considered as a green communication
system, which is a relatively new research discipline [1–4].
Such a RadCom system has been reported inmany references
[5–8]. Specifically, to embed the communication information
into the radar waveforms efficiently, the performance of
typical orthogonal frequency division multiplexing (OFDM)
waveforms was analyzed [5].Then, the single-input multiple-
output (SIMO) and multiple-input multiple-output (MIMO)
scenarios were extended in the RadCom system in order to
estimate the directions of arrival (DOAs) of the targets [9, 10].
In general, the estimation methods can be classified into

sequential methods and simultaneous methods. The existing
radar systems usually employ the sequential methods for
computation cost reduction. However, estimation in separate
dimensions encounters the pair-matching problem for differ-
ent parameters, as well as signal-to-noise ratio (SNR) loss.
With the rapid development of computing power, the simul-
taneous methods receive more attention. Since the simulta-
neous method can recover multidimensional parameters at
the same time, how to avoid the pair-matching procedure and
improve the performance is of great importance.

The existing joint estimation methods mainly focus on
the problems in Doppler and angle domains. The algorithms
can be mainly divided into two groups: subspace-based
algorithms and sparse representation (SR) based algorithms.
In general, the subspace-based methods need a reasonably
large number of snapshots and high enough SNR to imple-
ment the eigenvalue decomposition (EVD) with a desirable
performance. In recent years, the SR-based techniques exploit
the sparsity of the radar target scenarios. However, most
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of the SR-based techniques encounter the grid mismatch
problem, which is caused by the solutions on discrete grids.
The performance of such algorithms is directly affected by the
grid resolution. On the other hand, these SR-based methods
mainly focus on a one-dimensional problem and are usually
extended tomultidimensional cases by stacking operation [11,
12]. Nevertheless, the stacking operation ignores the inherent
multidimensional structure of the received data.

Tensor based methods have been applied in radar appli-
cations [13]. With the benefits of multidimensional modeling
and algorithms, the dimension of radar parameter estimation
problem can be reduced and solved easily. The mainstream
method is to convert the multidimensional problem into
multiple one-dimensional problems with a low computa-
tional complexity. High-order singular value decomposition
(HOSVD) algorithm and canonical polyadic (CP) decompo-
sition algorithm, also known as CANDECOMP/PARAFAC
decomposition, play an important role in processing multidi-
mensional data.The alternating least squares (ALS) algorithm
is still a workhorse for solving theCP decomposition problem
[14, 15].However, theALS algorithm is facedwith the troubles
of local minimum and disappointing convergence properties.
Another kind of algorithms is greedy algorithms, which is
also known as rank-1 deflation. It is known that the greedy
algorithms cannot generalize to tensor fields straightly [16].
In [17], the authors proposed a deflation method with a con-
straining procedure after each step. In [18], a similar method
was proposed based on successive rank-1 approximations and
an iterative process followed for eliminating the residue. The
rank-1 approximation subproblem is usually computed by
means of noniterative methods, including truncated high-
order singular value decomposition (T-HOSVD) and sequen-
tial rank-one approximation and projection (SeROAP) [19].
However, they can only provide suboptimal solutions in spite
of the low computational complexity.

In this paper, we introduce the tensor modeling for
monostatic OFDM-SIMO based RadCom system. A data
tensor is constructed from the demodulated OFDM sym-
bols. Assuming a scenario with point scattering targets,
the CP decomposition model is used to decompose the
data tensor. Greedy CP decomposition (GCPD) algorithm
combined with multiple random initialized tensor power
method (TPM) is proposed for CP decomposition. Capi-
talizing on the inherent structure of the factor matrices,
we present a parameterized rectification (PR) method to
improve the target detection performance. The proposed
algorithm deals with the received signals directly without
multidimensional peak searching, covariance matrix estima-
tion, or eigen-decomposition procedures which may bring
error accumulation. Multidimensional parameter pairing is
fulfilled automatically, avoiding the performance degradation
caused by wrong pairing. The contributions of this paper can
be summarized as follows:

(i) A tensor model for OFDM-SIMO based RadCom
system is proposed in order to jointly estimate target
parameters in the range-Doppler-angle domain.

(ii) A GCPD algorithm combined with multiple random
initialized TPM is proposed for tensor decompo-
sition. A globalization procedure is introduced to

avoid the locally optimal solutions. This algorithm
can achieve much better performance compared with
the traditional algorithms.

(iii) A PR method is proposed to take advantage of the
inherent structures of the factor matrices. The PR
method can significantly improve the target detection
performance, even when there are coherent targets.

The rest of the paper is organized as follows. In Section 2,
the system model for OFDM-SIMO based RadCom system
and the problem formulation are introduced. A novel GCPD
algorithm with multiple random initialized TPM and the PR
method is presented in Section 3. In Section 4, the results
of simulation in a typical multitargets scene are given to
verify the performance of the proposed method. Finally, in
Section 5, a conclusion is drawn.

Notation: We denote the scalars and vectors with lower-
case letters (𝑎, 𝑏, . . .) and bold lowercase letters (a, b, . . .). The
matrices are written as bold uppercase letters (A,B, . . .) and
the symbol for tensors are calligraphic letters (A,B, . . .).The
symbols ∘, ∗ denote the outer and Hadamard (element-wise)
products. The transpose, conjugate, and conjugate-transpose
are denoted by ∙𝑇, ∙∗ and ∙𝐻, respectively. ‖ ∙ ‖ denotes the
Euclidean (𝑙2) norm of a vector. ‖ ∙ ‖𝐹 denotes the Frobenius
norm of a tensor.

With respect to tensorA ∈ C𝐾×𝑁×𝑀 and vectors u ∈ C𝐾,
k ∈ C𝑁 and w ∈ C𝑀, operator 𝐴(u, k,w) is defined as

𝐴 (u, k,w) fl 𝐾∑
𝑖=1

𝑁∑
𝑗=1

𝑀∑
𝑙=1

𝑢∗𝑖 V∗𝑗𝑤∗
𝑙 A (𝑖, 𝑗, 𝑙) ∈ C. (1)

In particular, when one of these vectors is absent, we have

𝐴 (𝐼, k,w) fl 𝑁∑
𝑗=1

𝑀∑
𝑙=1

V∗𝑗𝑤∗
𝑙 A (:, 𝑗, 𝑙) ∈ C

𝐾. (2)

It is similar for the definitions of 𝐴(u, 𝐼,w) and 𝐴(u, k, 𝐼).
Some preliminaries about tensor and its corresponding
decomposition are given in the appendix.

2. System Model and Problem Formulation

Consider a monostatic OFDM-SIMO based RadCom system
equipped with a single antenna for transmitter and a uniform
linear array for receiver, as shown in Figure 1. The receiver
array consists of𝑁𝑅 antennas uniformly spaced with the half
wavelength separation, denoted by Δ𝑅 = 𝜆/2, where 𝜆 is the
wavelength of the transmitted signal.

The steering vector of the array is represented as

𝑎𝑅 (𝜃) = [𝑎0𝑅 (𝜃) 𝑎1𝑅 (𝜃) ⋅ ⋅ ⋅ 𝑎𝑁𝑅−1𝑅 (𝜃)]𝑇 , (3)

where 𝑎𝑚𝑅 (𝜃) = 𝑒𝑗2𝜋𝑚Δ𝑅 sin(𝜃)/𝜆.
The transmitted waveform is modulated by Cyclic-Prefix

OFDM (CP-OFDM) with the Quadrature Amplitude Mod-
ulation (QAM) or phase-shift keying (PSK) constellation
mapping. The transmitted signal is given by

𝑥 (𝑡) = ∞∑
𝑛=−∞

∑
𝑘∈𝐾

𝑑𝑘 [𝑛] 𝑒𝑗𝜔𝑘(𝑡−𝑛𝑇)𝑝𝑇 (𝑡 − 𝑛𝑇) , (4)



Wireless Communications and Mobile Computing 3

OFDM
Waveform
Generator

RF frontend

RF frontend

Local oscillator

RF frontend

RF frontend

OFDM

OFDM

OFDM

Mapping
Constellation User

Tensor
Formating

Tensor

Range,
Velocity, Angle 

Information

Decomposition
Demodulation

Demodulation

Demodulation

Estimation

Figure 1: Block diagram of processing for RadCom system.

where 𝑑𝑘[𝑛] denotes the transmitted data over the 𝑘th
subcarrier of the 𝑛𝑡ℎ symbol with 𝑘 ∈ 𝐾. 𝜔𝑘 is the angular
frequency of the 𝑘th subcarrier. 𝑇 is the symbol period.𝑝𝑇(𝑡 − 𝑛𝑇) is the shaping filter of the transmitter, which
is usually a time-domain rectangular filter for the general
OFDM realization.

Suppose that there are 𝐻 nonfluctuating (according to
the Swerling-0 model) far-field point targets. The parameters
of a target relative to the RadCom system are given by the
quadruple {𝛼ℎ, 𝑟ℎ, Vℎ, 𝜃ℎ}, where 𝛼ℎ, 𝑟ℎ, Vℎ, and 𝜃ℎ repre-
sent the complex amplitude, the range, the radial velocity,
and the angle of arrival of the ℎth target, respectively. It
is more convenient to equivalently consider the quadru-
ple {𝛼ℎ, 𝜏ℎ, 𝑓ℎ, sin(𝜃ℎ)} of complex amplitude, time delay,
Doppler shift, and normalized angle parameters, where 𝜏ℎ =2𝑟ℎ/𝑐 and 𝑓ℎ = 2Vℎ/𝜆. The delay, Doppler shift, and angle
information can always be transformed back into the physical
coordinates. In this paper, we consider the gridless scenario.
That is, the true targets are likely to locate at any position in
the delay-Doppler-angle domain.

The received continuous signals 𝑦𝑚(𝑡) at antennas 𝑚 =0, . . . ,𝑁𝑅 − 1 consist of the superposition of the reflections
from the targets of the transmitted probing signals, as well as
the additive noise (includes the thermal noise, jamming and
clutter), which are given by

𝑦𝑚 (𝑡) = 𝐻∑
ℎ=1

𝛼ℎ𝑒𝑗2𝜋𝑚Δ𝑅 sin(𝜃ℎ)/𝜆𝑒𝑗2𝜋𝑓ℎ𝑡𝑥 (𝑡 − 𝜏ℎ) + 𝑤𝑚 (𝑡) , (5)

where 𝑤𝑚(𝑡) is additive white Gaussian noise (AWGN)
with zero-mean and variance 𝜎2 corresponding to the 𝑚th
receiving antenna. 𝛼ℎ is the complex amplitude of the ℎth
target affected by path loss, scattering, and processing gains.

Since the information is modulated in frequency domain
with OFDM, the demodulated data corresponds to the 𝑚th
receive antenna that is given by

𝑑(𝑚)𝑘 [𝑛] = 𝐻∑
ℎ=1

𝑑𝑘 [𝑛] V + 𝑤𝑚 [𝑛] , (6)

where V = 𝑒𝑗2𝜋𝑚Δ𝑅 sin(𝜃ℎ)/𝜆𝑒−𝑗𝜔𝑘𝜏ℎ𝑒𝑗2𝜋𝑓ℎ𝑛𝑇.

By implementing the CP decomposition model in Defi-
nition 4, the demodulated data in (6) can be formatted as a
third-order tensor:

D̂ = D ∗V + W̃, (7)

where D̂ ∈ C𝐾×𝑁×𝑀. D is a tensor from the transmitted
data that is duplicated in the third mode. V represents the
response of the targets, expressed as

V = 𝐻∑
ℎ=1

aℎ ∘ bℎ ∘ cℎ, (8)

where

aℎ = [𝑒−𝑗𝜔1𝜏ℎ ⋅ ⋅ ⋅ 𝑒−𝑗𝜔𝐾𝜏ℎ]𝑇 ,
bℎ = [𝑒𝑗2𝜋𝑓ℎ0⋅𝑇 ⋅ ⋅ ⋅ 𝑒𝑗2𝜋𝑓ℎ(𝑁−1)𝑇]𝑇 ,
cℎ = [𝑒𝑗2𝜋0⋅Δ𝑅 sin(𝜃ℎ)/𝜆 ⋅ ⋅ ⋅ 𝑒𝑗2𝜋(𝑀−1)Δ𝑅 sin(𝜃ℎ)/𝜆]𝑇 ,

(9)

and W̃ is the rearranged noise.
The objective is to estimate the target parameters{𝛼ℎ, 𝜏ℎ, 𝑓ℎ, sin(𝜃ℎ)} from the demodulated data D̂. Tradition-

ally, the targets are firstly detected in the delay-Doppler plane
with the matched filter, and then the angle estimation is
performed.However, the sequential technique needs the pair-
matching procedures to obtain the one-to-one relationship
among the delay, Doppler shift, and angle.

Due to the sparse nature of the radar scene, the number
of targets, 𝐻, is usually small relative to the dimensions of
the tensor. Hence the response of the targets has an intrinsic
low-rank structure. Different from the traditional sequential
estimation methods, we hope to achieve a joint estimation
procedure with the low-rank structure of the target response.
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3. Parameter Estimation via
Low-Rank Tensor Approximation

In this section, we present the joint parameter estimation
algorithm using tensor decomposition. The estimation pro-
cedure includes two basic stages: (1) target separation, and (2)
parameter estimation. The former is achieved by CP decom-
position and the latter by a correlation-based estimation with
the decomposed factor matrices.

In order to eliminate the influences of the transmitted
user information in the RadCom system, we normalize the
received data tensor with the transmitted data tensor by
element-wise product as follows:

Ď = D̂ ∗D∗

D ∗D∗
= V + W̌, (10)

where �̌� = (W̃ ∗D∗)/(D ∗D∗) is an i.i.d. white Gaussian
noise with the same distribution with 𝑤𝑚(𝑡).

Since the number of targets is usually small relative to
the dimensions of the data tensor, Ď is low-rank but con-
taminated by additive noise. Therefore the target separation
can be obtained by performing a CP decomposition of the
normalized data tensor Ď.

Here we assume that the number of targets 𝐻 is known
or estimated in advance. Then, the CP decomposition can be
accomplished by solving

min
�̂�,Â,B̂,Ĉ

Ď − 𝐻∑
ℎ=1

�̂�ℎâℎ ∘ b̂ℎ ∘ ĉℎ

2

𝐹

, (11)

s.t. âℎ = b̂ℎ = ĉℎ = 1, ∀ℎ = 1, . . . , 𝐻, (12)

where �̂� = [�̂�1, �̂�2, . . . , �̂�𝐻], Â = [â1, â2, . . . , â𝐻], B̂ =[b̂1, b̂2, . . . , b̂𝐻], Ĉ = [ĉ1, ĉ2, . . . , ĉ𝐻].
Remark 1. The uniqueness under mild conditions is a key
feature of CP decomposition. The CP decomposition of the
tensor D is essentially unique when the following sufficient
condition is satisfied ([21], Theorem 10)

𝑘 (A) + 𝑘 (B) + 𝑘 (C) ≥ 2𝐻 + 2, (13)

where 𝑘(M) is the Kruskal rank of the matrix M and is
defined as the largest integer 𝑘 such that any 𝑘 columns of M
are linearly independent. Whenmultiple noncoherent targets
exist, i.e., different ranges, velocities, and angles, those three
factormatrices are always full column rank so that (13) always
satisfies.

Remark 2. It is clear that when there exists coherent targets,
e.g., targets with the same range but different velocities
and angles, (13) will not satisfy any more. In fact, the CP
decomposition cannot ensure uniqueness and correctness in
this case with third-order tensors even under a much milder
condition ([21], Theorem 9). To improve the percentage of
successful decomposition, we utilize inherent structures of
the factor matrices. Refer to Section 3.3 for detail.

The most commonly used algorithm for solving the CP
decomposition is ALS [22], which is quite simple and can
be executed by updating each factor matrix alternately in
each iteration. The ALS algorithm is extremely fast but not
stable, and the global optimal solution is hard to obtain. It has
been shown that tensors of order 3 or higher fail to have best
rank-𝑟 approximation for 𝑟 ≥ 2 [23]. Fortunately, the rank-1
tensor approximation always exists and can be calculated by
the high-order powermethod (HOPM), also known as tensor
power method (TPM) [24].

Our proposed tensor decomposition method includes
two main parts: (1) rank-1 tensor decomposition based on
multiple random initializedTPMand (2) greedy iterations for
removing the estimated components as well as residual error.

3.1. Tensor Rank-1 Approximation. There are several rank-
1 tensor approximation algorithms, such as T-HOSVD and
SeROAP. However, they are all suboptimal algorithms in
spite of the low computational complexity. In this paper,
we employ the TPM algorithm for the quasi-optimal rank-1
tensor approximation.

The problem of best rank-1 approximation of tensor R
can be formulated as

min
�̂�,â,b̂,ĉ

Ř − �̂�â ∘ b̂ ∘ ĉ2𝐹 , (14)

s.t. ‖â‖ = b̂ = ‖ĉ‖ = 1. (15)

This can be efficiently solved by TPM iterations in the
complex domain, given as

â(𝑡+1) = 𝑅 (𝐼, b̂(𝑡), ĉ(𝑡))𝑅 (𝐼, b̂(𝑡), ĉ(𝑡)) , (16)

b̂(𝑡+1) = 𝑅 (â(𝑡+1), 𝐼, ĉ(𝑡))𝑅 (â(𝑡+1), 𝐼, ĉ(𝑡)) , (17)

ĉ(𝑡+1) = 𝑅 (â(𝑡+1), b̂(𝑡+1), 𝐼)𝑅 (â(𝑡+1), b̂(𝑡+1), 𝐼) . (18)

The initialization vectors (â(0), b̂(0), ĉ(0)) are usually ran-
domly selected, where the values of â(0) and b̂(0) are uniformly
chosen in the complex domain and vector ĉ(0) is calculated
by (18). Also, they can be given by any other algorithms,
such as HOSVD and SeROAP. The iterations with (16)-
(18) will repeat until 𝑡 is larger than the maximum number
of iterations 𝑡𝑚𝑎𝑥. In order to reduce the computational
complexity, an additional option of the algorithm is used to
stop the iterations when the following criteria satisfy

â(𝑡) − â(𝑡−1) ∙ b̂(𝑡) − b̂(𝑡−1) ∙ ĉ(𝑡) − ĉ(𝑡−1) ≤ 𝑡𝑆, (19)

where 𝑡𝑆 is the stopping threshold.
On account that the rank-1 approximation is a nonconvex

problem and many local optima exist, careful initialization
is required for TPM iterations to ensure the convergence
to the true rank-1 tensor components. Here we consider
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Input: Tensor Ď ∈ C𝐾×𝑁×𝑀,R ∈ C𝐾×𝑁×𝑀, maximum
number of iterations 𝑡𝑚𝑎𝑥, number of initializations 𝐿

1: for 𝜏 = 1 to 𝐿 do
2: Initialize unit vectors â(0)𝜏 ∈ C𝐾, b̂(0)

𝜏 ∈ C𝑁, and ĉ(0)𝜏 ∈ C𝑀 as∗ Option 1: random initialization.∗ Option 2: Preset values or the last estimated results.
3: for 𝑡 = 1 to 𝑡𝑚𝑎𝑥 do

4: â(𝑡+1)𝜏 = 𝑅(𝐼, b̂(𝑡)
𝜏 , ĉ(𝑡)𝜏 )𝑅(𝐼, b̂(𝑡)
𝜏 , ĉ(𝑡)𝜏 ) ,

b̂(𝑡+1)
𝜏 = 𝑅(â(𝑡+1)𝜏 , 𝐼, ĉ(𝑡)𝜏 )𝑅(â(𝑡+1)𝜏 , 𝐼, ĉ(𝑡)𝜏 ) ,

ĉ(𝑡+1)𝜏 = 𝑅(â(𝑡+1)𝜏 , b̂(𝑡+1)
𝜏 , 𝐼)𝑅(â(𝑡+1)𝜏 , b̂(𝑡+1)
𝜏 , 𝐼) .

5: end for
6: end for
7: Choose (â, b̂, ĉ) in {(â(𝑡+1)𝜏 , b̂(𝑡+1)

𝜏 , ĉ(𝑡+1)𝜏 ), 𝜏 = 1, ..., 𝐿}
that correspond to the largest |�̌�(â, b̂, ĉ)|.
8: Amplitude estimation: �̂� = 𝑅(â, b̂, ĉ)
9: return (�̂�, â, b̂, ĉ)

Algorithm 1: Tensor rank-1 approximation via TPM.

an approximate globalization procedure. Multiple randomly
generated initializations are used for the TPM iterations. In
order to identify the best one among these initializations,
we need a projection procedure to obtain the final estimates
of the vectors. This procedure is performed with the esti-
mated vectors that is projected to the original data tensor.
The vectors corresponding to the largest absolute value of
these projections are selected as the final results. It can be
formulated as

(â, b̂, ĉ) = arg min
â𝜏,b̂𝜏 ,ĉ𝜏

�̌� (â𝜏, b̂𝜏, ĉ𝜏) , 𝜏 = 1, . . . , 𝐿, (20)

where 𝐿 is the number of initializations.
Because the vectors (â, b̂, ĉ) are unit norm, the amplitude

is estimated as

�̂� = 𝑅 (â, b̂, ĉ) . (21)

Note that, in order to obtain the approximate global
optimal solution, the operator in (20) is different from that
in (21). Tensor rank-1 approximation via TPM algorithm is
summarised in Algorithm 1.

3.2. Greedy CPD. In this section, we present the GCPD
algorithm, which solves the problem of tensor decomposition
in a greedy manner. The GCPD algorithm calculates the
best rank-1 approximation and then removes the extracted
component at each step. Since the best rank-1 approximation
maynot be the actual component of the tensor decomposition
[16], additional iterations for refinement are employed. The
idea of refinement is common for the greedy-like algorithms
in the compressive sensing community.

The decomposition of tensor Ď can be formulated as

Ď = 𝐻∑
ℎ=1

𝛼ℎaℎ ∘ bℎ ∘ cℎ + E, (22)

where 𝛼ℎaℎ ∘bℎ ∘cℎ corresponds to the ℎth rank-1 component
with 1 ≤ ℎ ≤ 𝐻, and E is the residual error tensor, e.g., the
additive noise. In the first round iterations, we compute the𝐻 rank-1 components one by one and remove the extracted
components after each computation. Let 𝛼ℎaℎ ∘ bℎ ∘ cℎ be
the extracted ℎth rank-1 component and the iterations can be
formulated as

(𝛼ℎ, aℎ, bℎ, cℎ) = arg min
𝛼,a,b,c

Eℎ−1 − 𝛼a ∘ b ∘ c2𝐹 ,
1 ≤ ℎ ≤ 𝐻, (23)

whereEℎ = Ď − ∑ℎ
𝑝=1 𝛼𝑝a𝑝 ∘ b𝑝 ∘ c𝑝.

On account that the extracted rank-1 components may
not be the actual component of the tensor decomposition, the
residual error E𝐻 usually contains the decomposition error
and is not identical to the original residual error, i.e., E in
(22).

As a result, the refinement iterations are formulated as

(𝛼ℎ, aℎ, bℎ, cℎ) = arg min
(𝛼,a,b,c)

Eℎ − 𝛼a ∘ b ∘ c2𝐹 ,
1 ≤ ℎ ≤ 𝐻, (24)

whereEℎ is the extracted rank-1 component in the last round
iterations as well as the residual error given by Eℎ = E𝐻 +𝛼ℎaℎ ∘ bℎ ∘ cℎ. The refinement iterations will be implemented
multiple rounds. Clearly, the refinement iterations play a role
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Table 1: Computational complexity of different algorithms.

Algorithms Complexity
FB-RootMUSIC O {𝐾𝑁𝑀(𝐾 +𝐻 (𝐾 +𝑁) (𝐾 +𝑀))} [20]
ALS O {3𝑡𝑚𝑎𝑥𝐻𝐾𝑁𝑀}
GCPD (SeROAP init) O {2 (𝑘 + 1)𝐻𝐾𝑁2𝑀2 + 3 (𝑡𝑚𝑎𝑥 + 1) 𝑡𝑚𝑎𝑥𝐻𝐾𝑁𝑀} [19]
GCPD (random init) O {3 (𝑡𝑚𝑎𝑥 + 1) 𝑡𝑚𝑎𝑥𝐻𝐾𝑁𝑀}

Input: Tensor Ď ∈ C𝐾×𝑁×𝑀, number of targets𝐻
1:R← Ď

2: for ℎ = 1 to 𝐻 do
3: Calculate (�̂�ℎ, âℎ, b̂ℎ, ĉℎ) via Algorithm 1 (option 1).
4: R← R − �̂�ℎâℎ ∘ b̂ℎ ∘ ĉℎ
5: end for
6: repeat
7: for ℎ = 1 to 𝐻 do
8: R←R + �̂�ℎâℎ ∘ b̂ℎ ∘ ĉℎ
9: Update (�̂�ℎ, âℎ, b̂ℎ, ĉℎ) via Algorithm 1 (option 2).
10: R← R − �̂�ℎâℎ ∘ b̂ℎ ∘ ĉℎ
11: end for
12: until a stopping criterion is met
13: return (�̂�ℎ, âℎ, b̂ℎ, ĉℎ), ℎ = 1, . . . , 𝐻.

Algorithm 2: Greedy CPD.

on correction of the extracted components. Note that the
estimated results in the last round are used as initialization
for the next round iterations.

The refinement iterations will repeat until a stopping
criterion is met. In this paper, we use the following criteria:

E𝐻 − E

𝐻

𝐹 < 𝑡𝐺, (25)

where E𝐻 and E
𝐻 are the residual errors corresponding

to the current and the last round of refinement iterations,
respectively. 𝑡𝐺 is the stopping threshold.

The GCPD algorithm is summarised in Algorithm 2.

3.3. Target Parameter Estimation and Parameterized Rectifica-
tion. We now discuss how to estimate the target parameters
based on the estimated vectors from Algorithm 2. According
to the definitions of these vectors in (8), each vector is
characterized by the associated delay, Doppler shift, or angle
of one target.

Hence, the delay of the ℎth target 𝜏ℎ can be estimated via
a correlation-based method given by

𝜏ℎ = argmax
𝜏ℎ

â𝐻ℎ aℎ (𝜏ℎ)âℎ aℎ (𝜏ℎ) . (26)

With the additive white Gaussian noise, the correlation-
based method is indeed a maximum likelihood (ML) estima-
tor and provides the optimal solution.

TheDoppler shift and angle of each target can be obtained
similarly as

𝑓ℎ = argmax
𝑓ℎ

b̂𝐻ℎ bℎ (𝑓ℎ)b̂ℎ bℎ (𝑓ℎ) , (27)

𝜃ℎ = argmax
𝜃ℎ

ĉ𝐻ℎ cℎ (𝜃ℎ)ĉℎ cℎ (𝜃ℎ) . (28)

The maximization problems in (26)-(28) involve one-
dimensional search and can be performed by zero-padded
FFT efficiently combining the inherent structures of these
vectors.

Vectors aℎ, bℎ and cℎ are inherently determined by a
few parameters. However, Algorithms 1 and 2 do not take
this into account. In order to make use of this structural
information, we propose a method named parameterized
rectification (PR). The PR method is based on parameter
estimation and structure reconstruction. That is, an estima-
tion process performed by (26)-(28) is inserted at the end
of Algorithm 1. The returned vectors are regenerated with
the desired structures and the estimated parameters. The PR
method is summarised in Algorithm 3.TheGCPD algorithm
combined with PR is abbreviated as PR-GCPD.

Note that the PR method generally increases the rank,
especially in the noisy case, and several initializations and
iterations are necessary to obtain the global optimal solutions.

3.4. Computational Complexity Analysis. We use the number
of complex multiplications (operations) as the complexity
metric. Since GCPD is an iterative algorithm, the total
complexity is unbounded. The complexity is mainly dom-
inated by the rank-1 approximation, which is repeatedly
computed several times. The major computing task of the
rank-1 approximation is the TPM iteration. The computation
of vectors â(𝑡+1), b̂(𝑡+1), and b̂(𝑡+1) in (16)-(18) needs 3𝐾𝑁𝑀+𝐾𝑁+𝐾𝑀+𝑁𝑀 operations. The TPM iterations are repeated
with the maximum 𝑡𝑚𝑎𝑥 times. Thus, the complexity of the
rank-1 approximation is given by O{3𝑡𝑚𝑎𝑥𝐾𝑁𝑀}, where O{⋅}
is the big-O notation. Since the iterations with multiple
initializations can be performed in parallel, the number
of initializations is not considered in the computational
complexity. Assume that the maximum number of iterations
for refinement in the GCPD agorithm is 𝑡𝑚𝑎𝑥, the total
complexity of GCPD is given by O{3(𝑡𝑚𝑎𝑥 + 1)𝑡𝑚𝑎𝑥𝐻𝐾𝑁𝑀}.
Note that the stopping criteria in (19) and (25) are usually
applied, the actual number of operations is much smaller.

In Table 1, we summarize the computational complexity
of the algorithms presented in the next section, where 𝑘 is a
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Procedure PR(âℎ, b̂ℎ, ĉℎ)
Estimate parameters 𝜏ℎ, 𝑓ℎ and 𝜃ℎ via Eq. (26)-(28).
Regenerate âℎ, b̂ℎ and ĉℎ with the structures in Eq. (8) and
estimated parameters.
return (âℎ, b̂ℎ, ĉℎ)

Algorithm 3: Parameterized rectification.

Table 2: OFDM waveform parameters.

Parameters Values
Carrier frequency 5.9 GHz
Subcarrier spacing 90.909 kHz
OFDM symbol length 11 us
Cyclic prefix length 1.375 us
Bandwidth 93.1 MHz
Constellation Mapping 4 QAM

user-defined parameter. Since the PR method is performed
on vectors, the number of operations per iteration needed
by the PR method is negligible compared with the TPM
iterations. However, on account that the PRmethod generally
increases the rank, it usually slows down the convergence and
may lead to more run time. The computational complexity is
evaluated via simulation in the next section.

4. Numerical Results

In this section, some numerical results are used to illustrate
the performance of the proposed method. Different from the
related literature [18], the dimensions of the data are much
larger and the simulated performance characteristics may be
obviously distinct.

4.1. RadComParameters andPerformanceMetrics. Thetrans-
mitted signal is modulated with CP-OFDM. The parameters
for OFDM waveform generation are listed in Table 2. The
receiver of the RadCom system is equipped with a uniform
linear array with 𝑀𝑅 = 15 receive antennas spaced at a
distance Δ𝑅 = 0.5𝜆0. The surveillance field is in the far
field of the RadCom system. In each experiment, targets
are placed randomly on the predefined unambiguous range-
Doppler-angle parameter space. The target amplitudes are
chosen with constant absolute value and random phase.
White Gaussian noise is added to the data tensor with
variance 𝜎2 corresponding to the specified output SNR. The
SNR is changed from -40 dB to -20 dB in step of 1 dB.

In all simulations, the maximum number of iterations𝑡𝑚𝑎𝑥 for the TPMmethod is set to be 1000. Also, the stopping
threshold 𝑡𝑆 in (19) is assigned to be 10−10. For the GCPD
algorithm, the stopping threshold 𝑡𝐺 in (25) is set to be10−8. In order to avoid the lengthy refinement iterations in
the GCPD algorithm, we restrict the number of refinement
rounds no greater than 10. In each experiment, 64 OFDM
symbols are collected for signal processing. A total number
of 1000 experiments are conducted.

Here we use the following performance metrics:

(1) Root mean-square errors (RMSE) in the delay,
Doppler, and angle estimation are given by

RMSE𝜏 = ( 1𝐻𝐿
𝐿∑
𝑙=1

𝐻∑
ℎ=1

(𝜏ℎ,𝑙 − 𝜏ℎ,𝑙)2)
1/2 , (29)

RMSE𝑓 = ( 1𝐻𝐿
𝐿∑
𝑙=1

𝐻∑
ℎ=1

(𝑓ℎ,𝑙 − 𝑓ℎ,𝑙)2)
1/2 , (30)

RMSE𝜃 = ( 1𝐻𝐿
𝐿∑
𝑙=1

𝐻∑
ℎ=1

(𝜃ℎ,𝑙 − 𝜃ℎ,𝑙)2)
1/2 , (31)

where 𝐻 is the number of targets and 𝐿 is the total
number of experiments.

(2) Detection probability (𝑃𝑑): the fraction of the total
number of targets that are correctly detected in an
ellipsoid area. A target is correctly detected when the
estimated location of the target in the delay-Doppler-
angle space falls within the ellipsoid with axes equiva-
lent to ±3 times the classical delay, Doppler, and angle
resolution bins, Δ 𝜏, Δ𝑓, and Δ 𝜃, respectively.

𝑃𝑑 = 1𝐻𝐿 {𝜏ℎ,𝑙, 𝑓ℎ,𝑙, 𝜃ℎ,𝑙 | Φℎ,𝑙 ≤ 𝜖𝑡ℎ, } , (32)

where

Φℎ,𝑙 = ((𝜏ℎ,𝑙 − 𝜏ℎ,𝑙Δ 𝜏

)2 + (𝑓ℎ,𝑙 − 𝑓ℎ,𝑙Δ𝑓

)2

+ (𝜃ℎ,𝑙 − 𝜃ℎ,𝑙Δ 𝜃

)2)
1/2

.
(33)

𝐻 and 𝐿 are the same as those in (29)-(31). 𝜖𝑡ℎ
is the normalized tolerance factor, determined by
application. We chose 𝜖𝑡ℎ = 3, which is three times
the resolution bins.

When calculating (29)-(32) in the multiple target scenar-
ios, 𝜏ℎ,𝑙,𝑓ℎ,𝑙, and 𝜃ℎ,𝑙 are selected as the ones closest to 𝜏ℎ,𝑙,𝑓ℎ,𝑙,
and 𝜃ℎ,𝑙, respectively, among all the estimated parameters of𝐻 targets, i.e., {𝜏ℎ,𝑙, 𝑓ℎ,𝑙, 𝜃ℎ,𝑙 | ℎ = 1, 2, . . . , 𝐻}.
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Figure 2: Performance comparison of different rank-1 approxima-
tion algorithms.

4.2. Performance with Single Target. In this case, the problem
corresponds to the rank-1 situation. Figure 2 compares
different rank-1 approximation methods as well as different
number random initializations for TPM method. Because
the dimensions of the tensor are high in this paper, we do
not compare the results with the best rank-1 approximation
described in [25].

In Figure 2, the number of random initializations
for TPM method is selected in the collection I ={1, 30, 100}. The methods for comparison include T-HOSVD
and SeROAP. The former is a classical approach for tensor
decomposition and the latter was recently proposed by Alex
P. da Silva et al. in [19]. TPM initialized by the results of
SeROAP is also considered. In addition, the subspace-based
forward-backward root-MUSIC (FB-RootMUSIC) method
[20] incorporating the inherent signal structures is selected
for comparison.

The target detection probability versus SNRs for different
methods is shown in Figure 2. This simulation shows that
the TPM method with 100 random initializations performs
much better than the others. TPM with 30 random initial-
izations performs very close to the case with 100 random
initializations. The TPM method with multiple random
initializations is better than that with initialization generated
by the SeROAP method.

In order to further analyze the impact of the number of
random initializations, another experiment is performed.The
number of random initializations is selected in the collection
I = {1, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 75, 100}. Figure 3
shows the detection probability versus the number of random
initializations for SNR= -30, -31, and -32 dB, respectively.The
detection probability tends to a fixed valuewith the increasing
number of initializations. When the initialization number is
sufficiently large, the output is close to the global optimal
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Figure 3: Impact of initial number of TPM.

solution. However, in view of the computational burden, we
choose the number of initializations to be 30 as an acceptable
suboptimal solution. It is worth noting that the TPM solving
processes with multiple initializations can be easily realized
by parallel computing, so that this is not a limiting factor for
practical applications.

To simplify the analysis, the number of random initializa-
tions of TPM is fixed to be 30 in the subsequent analyses.

4.3. Performance with Multiple Noncoherent Targets. Con-
sider five targets selected uniformly at random in the
RadCom’s unambiguous region. The delay, Doppler shift,
and angle of each target do not overlap with others. The
spacings between different targets in each dimension are
larger than three times of the corresponding resolution bin.
The amplitude of the targets are chosen such that they arewith
the same magnitude and random phases.

Figure 4 depicts the RMSE performance of the aforemen-
tioned methods in the range, Doppler and angle domains.
When the SNR is low, the proposed GCPD and PR-GCPD
methods with 30 random initializations have much better
performance than the other methods. As the SNR increases,
GCPD can achieve similar performance compared to PR-
GCPD. The FB-RootMUSIC method cannot achieve sim-
ilar performance compared to the GCPD and PR-GCPD
methods, even at high SNRs. The ALS method performs the
worst due to its instability. Figure 6 presents the detection
probability of multiple targets. It can be seen that our
proposed GCPD and PR-GCPD methods have better detec-
tion probability than the classical ALS and FB-RootMUSIC
methods. Also, the PR-GCPDmethod initialized by SeROAP
has an acceptable detection probability but is slightly lower
than themultiple random initialized ones.The facts show that
the globalization procedure with multiple random initializa-
tions, as well as the PR method, can improve performance
significantly.



Wireless Communications and Mobile Computing 9

FB-RootMUSIC
ALS
GCPD (SeROAP init)
GCPD (1 rand-init)
GCPD (30 rand-inits)
PR-GCPD (SeROAP init)
PR-GCPD (1 rand-init)
PR-GCPD (30 rand-inits)

−3
8

−3
6

−3
4

−3
2

−3
0

−2
8

−2
6

−2
4

−2
2

−2
0

−4
0

SNR (dB)

10
−3

10
−2

10
−1

10
0

10
1

10
2

10
3

RM
SE

 (d
el

ay
 g

rid
)

(a) Delay

FB-RootMUSIC
ALS
GCPD (SeROAP init)
GCPD (1 rand-init)
GCPD (30 rand-inits)
PR-GCPD (SeROAP init)
PR-GCPD (1 rand-init)
PR-GCPD (30 rand-inits)

−3
8

−3
6

−3
4

−3
2

−3
0

−2
8

−2
6

−2
4

−2
2

−2
0

−4
0

SNR (dB)

10
−3

10
−2

10
−1

10
0

10
1

10
2

RM
SE

 (D
op

pl
er

 g
rid

)

(b) Doppler shift

FB-RootMUSIC
ALS
GCPD (SeROAP init)
GCPD (1 rand-init)
GCPD (30 rand-inits)
PR-GCPD (SeROAP init)
PR-GCPD (1 rand-init)
PR-GCPD (30 rand-inits)

−3
8

−3
6

−3
4

−3
2

−3
0

−2
8

−2
6

−2
4

−2
2

−2
0

−4
0

SNR (dB)

10
−2

10
−1

10
0

10
1

10
2

RM
SE

 (a
ng

le
 g

rid
)

(c) Angle

Figure 4: RMSE performance of different methods for noncoherent targets.
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Figure 5: RMSE performance of different methods when coherent target exists.

4.4. Influence of Coherent Targets. Consider scenarios with
five targets and two of them are coherent targets in the range
dimension. The coherence indicates that the parameters of
different targets in one dimension are the same, e.g., the same
delay, Doppler shift, or angle. The coherence destroys the
uniqueness conditions of CP decomposition and significantly
influences the performance of parameter estimation and
target detection.

From Figure 5, we can see that, in this condition, the pro-
posed PR-GCPD method combined with multiple random

initialized TPM provides the best performance. Methods
except for the PR-GCPD have much worse performance
on account that they cannot resolve the coherent targets
robustly. Figure 7 shows the detection probability of all
the methods. It is observed that the classical ALS and FB-
RootMUSIC methods all have miss detection even when the
SNR is high. This is primarily because these methods cannot
distinguish the coherent targets. The GCPD with 30 random
initializations performs better, though it cannot achieve the
best performance at high SNRs. The proposed PR-GCPD
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Figure 6: Detection probability performance of different methods
for noncoherent targets.
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Figure 7: Detection probability performance of different methods
when coherent target exists.

method performs much better than all the other methods,
and the detection probability is 1 at high SNRs.

Figure 8 is given to evaluate the run times of different
algorithms relative to the scenario existing five targets and
two of them are coherent. The scenarios with noncoherent
targets have similar results and will not be shown here.
The run times are obtained by using a computer with
Intel(R) Xeon(R) CPU E5-2682 v4 CPU, 16 GB RAM. As
has been mentioned before, the proposed GCPD algorithm
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Figure 8: Comparison of the required run times of the evaluated
algorithms.

with multiple random initializations has the ability to run
in parallel. Here we calculate the equivalent run time of
GCPD by selecting the largest run time among all these
initializations.

From Figure 8 we can see that the required run time of
FB-RootMUSIC is constant as it is a finite algorithm. The
required run times of GCPD (SeROAP init) and GCPD (1
rand-init) are both smaller than that of the ALS algorithm,
especially when the SNR is low. This indicates that the
complexities of GCPD (SeROAP init) and GCPD (1 rand-
init) are lower than that of ALS. The required run time of
the GCPD (30 rand-inits) is slightly larger than that of the
ALS algorithm.The reason is that the run times with different
initializations are not all equal and the largest one determines
the required time.

When the PR method is applied, the run times of all
three PR-GCPD algorithms become larger in the low SNR
region. This is mainly because that the PR method generally
increases the rank and slows down the convergence.However,
when the SNR is high, the PR-GCPD algorithm performs
much faster. As has beenmentioned, the PRmethod increases
the detection and estimation performance of the GCPD
algorithm both in low and in high SNR regions, although it
may result in a higher computational cost.

5. Conclusion

In this article, we investigated joint range-Doppler-angle
estimation in an OFDM-SIMO based RadCom system using
CP decomposition. The signal model with tensor algebra was
developed and a novel algorithm for CP decomposition was
presented. Different from the classical ALS algorithm, the
proposed one adopts a greedy strategy with each step solved
by TPM with multiple random generated initializations
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and a globalization procedure. This globalization procedure
alleviates the local optimal problem to some extent. A PR
method was proposed to make use of the inherent structures
of the factormatrices.Wedemonstrated that ourmethods can
estimate parameters formultiple targets, both in noncoherent
and in coherent cases, and require no pairmatching.Themul-
tiple random initialized TPMcan be easily realized by parallel
computing and it is beneficial for realistic applications.

Appendix

Definition 3 (rank-1 tensor). A third-order tensorT has rank
1 if it can be expressed by the following form:

T = a ∘ b ∘ c, (A.1)

where a, b, and c are three vectors, with a ∈ C𝐼×1, b ∈ C𝐽×1,
c ∈ C𝐾×1, andT ∈ C𝐼×𝐽×𝐾.

Definition 4 (CP decomposition). The CP decomposition of
the third-order tensor T ∈ C𝐼×𝐽×𝐾 is a decomposition of T
with a summation of minimal number of rank-1 tensors:

T = 𝑅∑
𝑟=1

a𝑟 ∘ b𝑟 ∘ c𝑟, (A.2)

where a𝑟, b𝑟, c𝑟 are the 𝑟th columns of factor matrices A ∈
C𝐼×𝑅, B ∈ C𝐽×𝑅, and C ∈ C𝐾×𝑅.
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IEEE802.11ah is a Wireless Local Area Network (WLAN) designed for the application of Internet of Things (IoT) and Machine to
Machine (M2M),mainly used in sensor network, smartmetering, car network, health care, and other emerging fields. IEEE802.11ah
inherits the IEEE802.11n\ac technology. At present, smart grid has completed the installation of optical fiber communication as
its backbone network; WLAN can be used to build new wireless sensor network for smart grid by improving the transmission
distance, speed, and power efficiency. The critical features of 802.11ah make it a powerful candidate for WLAN in smart grid, such
as intelligent substation sensor network and automatic metering system (AMS). This paper simulates the new added highly robust
1MHz bandwidth and Modulation Coding Scheme (MCS) 10 in the 802.11ah physical layer and analyzes the coverage range and
energy-saving performance of 802.11ah based on the simulation results. The analysis shows that the 802.11ah at 1 MHZ MCS 10
mode can obtain 2.5-3 dB gain. Combined with advantages of Sub-1GHz working frequency, 802.11ah could enlarge the coverage
range by five times, compared to 2.4GHzWi-Fi. On the other side, 802.11ahmodule used in the smart grid can greatly reduce power
consumption, especially in the AMS with a 1.1 kW.H power savings per year. 802.11ah not only provides the flexibility and low cost
features of wireless communication, but also brings coverage and energy-saving performance improvements, which leads to good
economic benefit.

1. Introduction

IEEE 802.11ah is a wireless networking protocol published
in 2017 called Wi-Fi HaLow as an amendment of the IEEE
802.11-2007 wireless networking standard [1]. It operates at
the Sub-1 GHz (S1G) industrial, scientific, medical (ISM)
radio-band [2]. Due to the lower center frequencies, more
robust PHY layer, and enhancement on MAC layer protocol,
the transmission range is extended to 1km, the data rates are at
least 100 kbps, and the number of nodes permitted is raised up
to 8191 [1, 3]. Benefiting from the lower power consumption,
it can support the application of the Internet of Things (IoT)
by creating large groups of STAs and sensors that cooperate
to share signals [4]. It aims at providing connectivity to
thousands of devices under one access point (AP).

Due to the advantages of wide coverage, flexible access,
low investment, and maintenance costs, as well as good
scalability [5], wireless communication has been widely used
for many years. However, traditional grid does not prefer

the wireless communication for its weakness of reliability. As
the development of smart grid, demands for sensor network
have been raised to support massive data collection for
smart decisions.Therefore, combinedwith its advantages and
improvement on reliability, wireless communication should
have a priority for building new network for smart grid.

The networks in substation and automatic metering
system (AMS) are most typical in smart grid. WLAN is
suitable for the two scenarios by providing the connection
between the sensor and the access point in the control room
or between the meter and the concentrator. Because smart
grid needs to realize better single hop coverage and faster
reaction than the other IoT application, the WLAN should
improve its transmission distance and speed in order to be
admitted [6]. 802.11ah, which claims to extend the coverage to
1 km and provide at least 150 kbps data rate whilemaintaining
a low power consumption, could be a competitive candidate
for the new wireless communication of smart grid [7].
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To discuss the feasibility of 802.11ah protocol used as a
communication standard for smart grid, the data transmis-
sion features of the smart grid should be analyzed and com-
pared to the specifications of 802.11ah. In the investigation, a
simulation of the 802.11ah physical layer and a derivation of
coverage range had been done to prove the feasibility. From
the simulation results and analysis, 802.11ah can cover larger
area than other 802.11 protocols while still maintaining a
enough data rate. A further power consumption analysis was
accomplished to prove economic benefit by adopting 802.11ah
in smart grid.

2. Improvements on Physical Layer and
Power Consumption

2.1. Physical Layer. In the physical layer, 802.11ah operates at
the S1G. It not only supports the 2MHz, 4MHz, 8MHz, and
16MHz bandwidth transmission mode, but also adds 1MHz
bandwidth with MCS0-rep2 to achieve >1km coverage range
[1]. It also supports relaying to obtain further improvement
on the coverage range [8]. Directional antenna is also sup-
ported to solve the hidden terminal problem.

The target spectrum of 802.11ah is as follows: 863-
868.6MHz (Europe), 950.8MHz-957.6MHz (Japan), 755-
787MHz (China), 917-923.5MHz (Korea), and 902-928MHz
(USA) [1]. For example, the spectrum in China is shown in
Figure 1. 802.11ah adopts OFDM to improve the transmission
data rate. The subcarriers could be divided into 1MHz and
2MHz and above bandwidth system. For 2MHz and above
bandwidth, the distribution of subcarriers follows the rules
of 802.11ac with one-tenth of the frequency. For 1MHz
bandwidth, 802.11ah utilizes 32 subcarriers and 32-point
IFFT. It includes 1 DC component, 2 pilot components, 24
data carriers, and 5 zero components [3].

The subcarrier spacing Δ𝑓 is 31.25 kHz, one-tenth of
802.11ac.The guard interval (GI) duration TGI is 8us and 4us
for short GI, respectively.The OFDM symbol duration 𝑇𝑆𝑌𝑀𝐿

with long GI is 40 us and 36 us for short GI, respectively.
The modulation and coding scheme (MCS) of 802.11ah

are presented in Table 1. Differing from 802.11ac, a robust
mode MCS10 has been added.

2.2. Power Optimization Technology. The IEEE802.11ah stan-
dard defines two power consumption management modes,
namely, activation mode and low power consumption mode.
In the activation mode, the STA keeps the RF module in
an open state, and the data can be continuously transmitted
when there are upstream and downstream data operations.
On the other hand, in lowpowermode, STA switches between
hibernation and activation [2]. When hibernating, the STA
completely shuts down the RF module and stops receiving
signal; in this case, even if the AP has downstream data
transmission to the STA, the data can only be cached by AP.
When the STA wakes up, switches to the active mode, and
sends the downstreaming request, theAP can send the cached
data to the STA.

In the IEEE802.11 system, AP periodically broadcasts
Beacon frames, and STA periodically examines the TIM IE in

757MHz 779MHz 787MHz

8MHz

4MHz

2MHz

1MHz

10mW5mW

Figure 1: 802.11ah frequency band and transmit power limits.

Table 1: Modulation and coding schemes.

MCS Mod Rate Data-Rate (kbps)
0 BPSK 1/2 300
1 QPSK 1/2 600
2 QPSK 3/4 900
3 16-QAM 1/2 1200
4 16-QAM 3/4 1800
5 64-QAM 2/3 2400
6 64-QAM 3/4 2700
7 64-QAM 5/6 3000
8 256-QAM 3/4 3600
9 256-QAM 5/6 4000
10 BPSK 1/4 150

Beacon to check if there is data to be received. If so, a PS-Poll
must be sent to request the AP to start a packet transmission.
After completing the transmission, STA goes to sleep mode.

However, under this mechanism, problems arise when
there are a large number of STAs in the network. The TIM
IE Partial Virtual Bitmap of Beacon frames will become very
long. If overmuch packets are cached in AP, many low power
STA may not be able to complete the data transmission in
a Beacon interval and always maintain activation patterns,
which causes huge power consumption.

In order to solve this problem, IEEE802.11ah standard
puts forward a new traffic information indicator (TIM)
diagram and the Page Segmentation strategy, the AP change
the virtual bitmap from one page into multiple pages, and
each Beacon carries their corresponding Page Segmentation
STA. A new Segment Count IE is introduced, containing
the splitting distribution and boundary information for each
page segment.

DTIM Beacon is a new Beacon frame that contains the
new TIM IE for grouping processing packets. When DTIM
Beacon is broadcasted or multibroadcasted, all Group STA
need to be woken up to see if there is cache data in the group.
If the entire group does not have cached data, the whole
group stays asleep throughout the DTIM cycle until the next
TIM Beacon arrives. DTIM cycle is an integer multiple of
TIM, giving STAmore time to sleep, resulting in a significant
reduction on power consumption.
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In addition, 802.11ah introduces two other optimization
strategies [2].

Maximum Sleep Time Expansion: use the maximum two
bits of the maximum idle cycle field as a scaling factor
.00,01,10,11, which represents the scale factor of 1,10,1000 and
10000. The maximum sleep time can be extended up to 2500
times. Second, allow the AP to set the maximum free period
for different values at different STAs, and the STA can request
the allocation of specific values in the associated request.

Target Wakeup Time (TWT): TWT mechanism allows
AP to arrange STA wakeup time, which makes different
stations wake up at different time, thereby reducing com-
petition and collision, improving the system efficiency and
also greatly reducing the power consumption of the STA.
Each time the STA wakes up for several TWT Service
Periods (SP), the station sends data through the traditional
channel access mode during the TWT SP. STA can stay awake
outside of TWT SP time slots, and may even receive the
Beacon frame when sleeping. 802.11ah also proposes TWT
grouping mechanism, AP builds TWT group, and notifies
STA grouping information.

3. Demands of Smart Grid

As the development of smart grid, the communication net-
work has been getting increasing attention. Compared with
the wired communication technology, wireless communica-
tion technology has the advantages on mobility, simplicity,
and flexibility of installation, cost reduction, and expandabil-
ity.

The emerging M2M wireless communication standards,
IEEE 802.11ah, are expected to be used in intelligent substa-
tion sensor network and AMS, which is the most common
WLAN in smart grid.

3.1. Sensor Network in Substation. Online monitoring is one
of the most important applications in power system. As the
development of the onlinemonitoring technology, it has been
widely admitted and adopted in condition overhaul in the
substation [5, 9].

The onlinemonitoring systemmust include large number
of diverse sensors, like temperature sensor, humidity sensor,
CT sensor, PT sensor, vibration sensor, stress sensor, etc.
802.11ah, with the characteristics of long coverage range, low
power consumption, large number of access nodes, and fairly
high transmission data rate, is very suitable for the commu-
nication network of online monitoring in substation to form
a connection among the sensor nodes. 1km communication
distance guarantees the whole coverage for one substation.
8000+ number of stations guarantees that the capacity for
new sensors is plenty. Low power consumption provides the
possibility of ten years’ duration with small battery. High data
rate provides capability for some light video stream nodes.
With somemodified in theMAC layer, 802.11ah will meet the
real-time requirements for industrial application.

3.2. Automatic Metering System. Traditional power meter
reading is simple due to the small amount of transmission

data. The requirement for real-time transmission is not
urgent [10].

The development of smart grid requires real-time mutual
interactions between grid and users. Grid needs more data
from users to regulate the generation and consumption.
Therefore, a new communication system for the automatic
metering system, with higher transmission speed, real-time
performance, and reliability, should be deployed. For exam-
ple, traditional AMS only needs to update the user data once
in a day, but future AMS needs to update once in 5 minutes.
Only in this way is the gird able to realize new function, such
as demand response, relying on the real-time data collected.

Now in China, Broadband Power Line Communication
(PLC) is being rapidly applied. Compared to the narrowband
PLC, Broadband PLC has raised the transmission data rate
from 5 kbps-50 kbps [11] to 100 kbps-2Mbps, which is a
great promotion. But similar to narrowband PLC, broadband
PLC malfunctions when noise or impedance mismatch on
power lines becomes too big, which always happens when
power electronic devices, such as electronic vehicles, are
connected to grid. Thus, wireless communication could act
as a backup to avoid problems above. The present main
wireless communication protocol in China is micropower
wireless communication, which only supports a 1-20 kbps
transmission data rate. 802.11ah supports 150 kbps at least
when using the most robust mode by adopting OFDM
and repetition technology. It also improves the real-time
performance and reliability at the same time. These features
of 802.11ah provides great potential for using it in the AMS
communication of smart grid.

4. Simulation of PHY Layer

According to the analysis above, for smart grid application,
the transmission data rate of 802.11ah 1MHz mode meets
the demands for most of the sensor networks and AMS.
And the robustness provided by the 1MHz MCS10 could
also promote the reliability of grid communication system.
Therefore, 1MHz mode is simulated in this paper.

This paper use Simulink� tools to simulate the physical
layer of 802.11ah 1MHz mode. The communication system
toolbox in the Simulink has also been used.

4.1. Structure of PHY Layer Simulation. The structure of
802.11ah physical layer [1, 3] is as in Figure 2, which includes
blocks as PHY service data unit (PSDU) generator, MCS
setting, transmitter, receiver, error rate calculation (ERC),
and signal to noise (SNR) calculation.

PSDU generator block uses a random integer generator
to simulate the data from the MAC layer. MCS setting block
controls the modulation scheme. According to the MCS
chosen, transmitter block processes the data and passes it
to channel model block which adds the channel affection to
the signal; receiver block processes the data from the channel
model block in a reverse flow. ERCblock at the end of the data
link provides the bit error rate (BER) by delaying the original
data from the PSDU block and comparing it to the output
data of the receiver block. SNR estimation block calculates
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Figure 2: Structure of whole PHY layer simulation.

the SNR from the final signal. The transmitter and receiver
are the critical blocks of the whole module.

The structure of the transmitter block is shown in Fig-
ure 3. It includes modulation, pilots inserting, zeros adding,
IFFT, and cyclic prefix appending blocks. The data stream
follows the flow of the 802.11ah standards.

The structure of the receiver block is shown in Figure 4. It
includes time domain synchronizing, FFT, frequency domain
synchronizing, and demodulation blocks.

4.2. Structure of Repetition Module in MCS 10. The
IEEE802.11ah provides two transmitter models. One is
the regular nonrepetition MCSs, which is consistent with the
IEEE802.11ac transmitter [1].

The second type of transmitter model is MCS0-rep2
model, named MCS 10 [1, 10]. As the new scheme proposed,
the purpose of this model is to improve the coverage of both

indoor and outdoor scenes by using repetition technology
when guaranteeing a 150 kbps transmission speed.

The most important feature of MCS 10 is the repetition
mechanism adopted in the 24 data subcarriers. The realiza-
tion by the transmitter is to place the copy of the front 12
bits to the 12 bits behind. On the receiver side, a comparison
between upper 12 bits and down 12 bits is made, in order to
further improve the transmission reliability.

According to the standard definition, the transmitter
of MCS 10 inserts the repetition module after the encoder
module and before the interleaver module, as shown in
Figure 5. Formula (1) shows the logic operation.

𝑅24 = {𝑅12, 𝑥𝑜𝑟 (𝑅12, [1, 0, 0, 0, 0, 1, 0, 1, 0, 1, 1, 1])} . (1)

The receiver of MCS 10 receiver inserts the derepetition
module after the deinterlever module and before the Viterbi
decodermodule, as shown in the Figure 6. Formula (2) shows
the logic operation.

𝑅12 = 𝑅𝑢12 + (
𝑅𝑑12 × {𝑥𝑜𝑟 [(sign (𝑅𝑑12) + 1) /2] , [1, 0, 0, 0, 0, 1, 0, 1, 0, 1, 1, 1]})2 . (2)

4.3. Simulation Methods. In smart grid, the reliability of
the communication has higher priority than the trans-
mission data rate; therefore 16-QAM, QPSK, BPSK, and
1MHz bandwidth will be enough in most of the applica-
tions. This paper simulates the performance of the phys-
ical layer in the case of 1MHz bandwidth and MCS
0,1,2,3,4,10. The parameters of the simulation are listed in
Table 2.

In the simulation, the Channel Model is AWGN with
multipath, SNR is from -5 to 20with a step of 0.5, code/decode
adopts BCC/Turbo, synchronization and frequency offset
correction are assumed to be ideal, data length is 1440 which
is 20 symbols, and antenna mode chooses SISO.

A Matlab .m script runs the simulation, records all the
BER results under different conditions, and plots the results
in one figure for analysis.

5. Results and Analysis

5.1. BER Statistics. The BER statistics versus the SNR for
different MCS and 1MHz bandwidth are shown in Figure 7.
It is clear that the tolerance to SNR goes lower when more
complicated modulation scheme is chosen.

When MCS is 4, modulation is 16-QAM, code rate is
3/4, and the BER reaches 10-1 when SNR equals 13.5 dB. In
most applications of smart grid, the SNR cannot reach 15 dB;
therefore it is concluded that MCS 4,5,6,7,8,9 are not suitable
for the smart grid for lack of tolerance to SNR.

According to the trend of the data, when SNR is good
enough, the BER for different MCSs is too small to tell a per-
formance difference. But when the SNR becomes lower, the
effects could be discovered.There is about 3 dB improvement
when MCS moves one step in the robust direction.
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According to experience, BER equals 20% is set to the
limit of malfunctions, and the SNR can reach a practical
value of 10 dB in smart grid. When MCS equals 0,1,2, and 10,
it satisfied the requirements. According to Table 1, 802.11ah
could provide transmission capability of 150 kbps, 300 kbps,
600 kbps, and 900 kbps.This conclusion of transmission data
rate is similar to the result of broadband PLC field test.

In the scheme of MCS 0, the most robust scheme without
repetition, the BER will reach the limit when SNR reduces
to 0. This paper also simulates the scheme of MCS 10, which
applies the repetition. From result shown in Figure 4, a 2.5-
3 dB improvement has been found compared to MCS 0 when
the SNR is smaller than 0.When the SNR restores to 2-2.5 dB,
there is no difference between MCS 10 and MCS 0.

5.2. Coverage Analysis. In the 802.11ah communication sys-
tem, link budget can be expressed with formula (3) [4, 7],
where 𝑃𝑅𝑋 is the receiving power, 𝑃𝑇𝑋 is the transmitting
power, 𝐺𝑅𝑋 and 𝐺𝑇𝑋 are the antenna gain of receiver and
transmitter, 𝐿𝑅𝑋 is the receiver system loss, 𝐿𝑇𝑋 is the
transmitter system loss, and 𝑃𝐿(𝑓, 𝑑) is the path loss.

𝑃𝑅𝑋 = 𝑃𝑇𝑋 + 𝐺𝑇𝑋 − 𝐿𝑇𝑋 − 𝑃𝐿 (𝑓, 𝑑) + 𝐺𝑅𝑋 − 𝐿𝑅𝑋. (3)

If we neglect system losses 𝐿𝑅𝑋 and 𝐿𝑇𝑋 and take fade
margins, SNR, and thermal noise power density into account,
formula (4) is obtained [4, 7].

𝑅𝑑𝐵 (𝑓, 𝑑) = 𝑃𝑇𝑋 + 𝐺𝑇𝑋 − 𝑃𝐿 (𝑓, 𝑑) − 𝐹𝑀(𝑑) + 𝐺𝑅𝑋
− ( 𝑆𝑁)𝑑𝐵 + 𝑁𝑜.

(4)

Table 2: Parameters of simulation.

Simulation Parameter
MCS 0,1,2,3,4,10
Channel AWGN+Multipath
SNR (-5,0.5,20)
Code/Decode BCC/Turbo
Bandwidth 1MHz
Synchronization Ideal
Frequency Offset Correction Ideal
Data Length 1440
Antenna SISO

The SNR can be expressed as

( 𝑆𝑁)𝑑𝐵 = (
𝐸𝑏𝑁𝑜

)
𝑑𝐵

+ 10 log10 (𝑅𝐵) . (5)

By substituting formula (5) into formula (4), we have

𝑅𝑑𝐵 (𝑓, 𝑑) = 𝑃𝑇𝑋 + 𝐺𝑇𝑋 − 𝑃𝐿 (𝑓, 𝑑) − 𝐹𝑀(𝑑) + 𝐺𝑅𝑋
− ( 𝐸𝑏𝑁𝑜

)
𝑑𝐵

− 10 log10 (𝑅𝐵) + 𝑁𝑜. (6)

In (6), 𝐸𝑏 is the required energy for each information bit
transmission, 𝑁𝑜 is the thermal noise power density, 𝑅 is bit
rate, and 𝐵 is system bandwidth.

Since there is currently no 802.11ah commercial product
for testing, it is practical to estimate its coverage performance
by comparing it with 2.4GHz Wi-Fi. For example, in China,
the transmitting power is 10mW, and theworking frequencies
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are 779-787MHz. If using the most robust scheme, MCS 10,
1MHz bandwidth and repetition mode are adopted.𝑃𝐿(𝑓, 𝑑) can be expressed by formula (7), in which the𝑓𝑀𝐻𝑧 is the working frequency in MHz and the 𝑑𝑘𝑚 is the
transmission distance in kilometers.

𝑃𝐿 (𝑓, 𝑑) = 32.44 + 20 log10𝑓𝑀𝐻𝑧 + 20 log10𝑑𝑘𝑚. (7)

Table 3: Improvements of 11ah in dBs compared to 2.4GHz Wi-Fi.

Parameter
Improvement of
780MHz 11ah
Over 2.4GHz

Critical Impact
Factor

11ah WiFi
Transmit Power
compared to 17 dBm -7 dB 10 dBm 17 dBm

TX and RX antenna gain 0 dB - -
Free Space Path Loss 9.8 dB 780MHz 2.4GHz
Noise Bandwidth
(1MHz) 13 dB 1MHz 20MHz

Flat Fading -4.5 dB 780MHz 2.4GHz
2x repetition coding 2.5 dB MCS 10 -
Total 13.8 dB - -

Therefore, the corresponding difference value (dB) of
each parameter compared with 2.4GHz Wi-Fi can be
expressed as

Δ𝑃𝑇𝑋 = (10𝑚𝑊)𝑑𝐵𝑚 − 17𝑑𝐵𝑚, (8)

Δ𝑃𝐿 (𝑓, 𝑑) = 20 log10𝑓𝑀𝐻𝑧,𝑎ℎ − 20 log10𝑓𝑀𝐻𝑧,2.4𝐺, (9)

Δ( 𝑆𝑁)𝑑𝐵 = 10 log10 (
𝑅
𝐵𝑎ℎ) − 10 log10 (

𝑅
𝐵2.4𝐺) . (10)

With the calculation of the above equations, the results are
shown in the Table 3 [12]. The total improvement of 802.11ah
compared with 2.4GHz Wi-Fi is 13.8 dB. Formulas (11), (12),
and (13) [4] approximately express the indoor and outdoor
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𝑃𝐿(𝑑). It is concluded that the path loss of both indoor and
outdoor situation has an exponential relation to the extreme
transmission distance.

𝑃𝐿 (𝑑) = 30.29 + 20 log10𝑑, (11)

𝑃𝐿 (𝑑) = 𝐿𝐹𝑆 = 20 log10 ((4𝜋𝑓𝑑𝑓)𝑐 ) 𝑓𝑜𝑟 𝑑 ≤ 𝑑𝐵𝑃, (12)

𝑃𝐿 (𝑑) = 𝐿𝐹𝑆 + 3.5 log10 ( 𝑑
𝑑𝐵𝑃) 𝑓𝑜𝑟 𝑑 > 𝑑𝐵𝑃, (13)

13.8 dB improvement can be equivalent to about 5 times
transmission distance. According to the field test experi-
ence of transformer substation, the transmission distance
of 2.4GHz Wi-Fi is about 30∼50m indoor and 100∼200m
outdoor. Therefore, it can be inferred that the transmission
distance of 802.11ah is about 150∼250m indoor, and about
500∼1000m outdoor, which is good enough for most of the
scenes in smart grid.

5.3. Power Consumption Analysis. In the applications of
AMS, in order to realize the demand response, the cur-
rent metering frequency, one time per day, is required to
upgrade to one time per 5 minutes. According to the electric
power company estimation, each metering transmission for
demands response has a quantity of 20k bits of data to report.
If the transmission rate of 802.11ah is 100 kbps, assuming
one concentrator manages up to 300 power meters, a 60-
second duration, at most, is needed for data transmission,
in which the communication module works at maximum
power. Hence, a 802.11ah communication STA module will
be in sleep mode for 80%, in receiving mode for 19.94%,
and transmitting mode for 0.06% of the 5-minute period. As
shown in the figure, the power consumption budget of the
802.11ah chip designed by the State Grid is shown in Table 4.

The average power consumption of 11ah STA module
could be calculated by (14), which is 309.8mW.s in 5 minutes.
It equals 0.024W.h per day.

𝑃𝑎V𝑒𝑟𝑎𝑔𝑒 = 𝑃𝑡𝑜𝑡𝑎𝑙 × 𝑇𝑡𝑥 + (𝑃𝑟𝑥 + 𝑃𝑀𝐶𝑈) × 𝑇𝑟𝑥 + 𝑃𝑠𝑙𝑒𝑒𝑝
× 𝑇𝑠𝑙𝑒𝑒𝑝. (14)

Compared to the broadband PLCmodule with the trans-
mission rate of the same 100 kbps. The power of STA module
is 3 watts in maximum load. Using equation (x), it consumes
0.528W.h per day. Using 802.11ah module, each module will
significantly save about 0.5Wh per day. In China, about 600
million smart meters have been installed, which could save
up to 300k kW.h per day, and 1.1 billion kW.h per year.

In the application of intelligent substation sensor net-
work, referring to industrial automation work patterns, 11ah
communication module is in sleep mode for 99.8% of the
time. In the remaining 0.2%, receiving takes 95.7%, trans-
mitting takes 0.1%, and idle states takes 4.2%. One 2200mAh
lithium-ion battery can be used for five years [2]. Because
the substation will be maintained two times a year, 802.11ah
module fully meets the demand as a sensor network node in
intelligent substation.

Table 4: Estimated power consumption of 11ah chip designed by
state grid.

11ah Components Power Consumption

TX
TX AFE 5mW
TX Power 10mW
TX Digital 0.8mW

RX RX AFE 5mW
RX Digital 1.2mW

MCU(MAC,70MHz) 15mW
Total 37mW

Sleep Mode 10 uW

6. Conclusion

According to the results and analysis above, it is shown
that 802.11ah MCS 10 indeed improves the performance by
raising the tolerance to SNR by 2.5-3 dB, which will benefit
the distance and reliability of communication. Furthermore,
except MCS 0,1,2,10, MCS 3,4,5,6,7,8,9 are not suitable for
harsh communication condition.

When used in smart grid, 802.11ah is able to provide larger
coverage range with a radius of up to 1 km and significant
energy-saving results with great economic benefits.

Therefore, 802.11ah standard could be adopted by smart
grid communication, but it is suggested to choose the MCS
0,1,2,10 to achieve compromise between transmission data
rate and reliability.
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We firstly formulate the energy efficiency (EE) maximization problem of joint user association and power allocation considering
minimum data rate requirement of small cell users (SUEs) and maximum transmit power constraint of small cell base stations
(SBSs), which is NP-hard.Then, we propose a dynamic coordinatedmultipoint joint transmission (CoMP-JT) algorithm to improve
EE. In the first phase, SUEs are associated with the SBSs close to them to reduce the loss of power by the proposed user association
algorithm, where the associated SBSs of each small cell user (SUE) form a dynamic CoMP-JT set. In the second phase, through
the methods of fractional programming and successive convex approximation, we transform the EE maximization subproblem of
power allocation for SBSs into a convex problem that can be solved by proposed power allocation optimization algorithm.Moreover,
we show that the proposed solution has a much lower computational complexity than that of the optimal solution obtained by
exhaustive search. Simulation results demonstrate that the proposed solution has a better performance.

1. Introduction

In future 5G wireless network, EE improvement is arisen
as a challenging issue [1]. Therefore, how to promote EE
is of great significance. With the explosive increasing data
traffic demands of users in 5G wireless cellular network,
one of the prospective solutions for satisfying the data rate
requirement of users and improving EE is the deployment of
low power, low cost, and small coverage range SBSs. Small cell
tier is an integral part of 5G heterogeneous cellular network
architecture that can provide more opportunities for users to
connect to the networks close to them, which will decrease
power consumption [2, 3].

However, due to the dense deployment and spectrum
sharing of small cells, the interference among small cells
becomes a key factor that influences EE of the network [4].

On the one hand, several recent works [5–7] have adopted
scheduling schemes to mitigate interference in small cell net-
works. In [5], the authors studied the performance of different
schedulingmethods under distinct channelmodels with con-
sidering the intersite distance. In [6], the authors formulated
a fast convergent speed algorithm to solve the energy-efficient

multijob scheduling function. In [7], dynamic clustering
framework of multicell scheduling based on graph was
proposed to mitigate intercell interference in dense small
cell networks, and channel-aware resource allocation was
incorporated in the dynamic clustering framework to provide
different levels of tunable quality of service. However, EE
optimization for dynamic coordination among SBSs is not
considered [5–7].

On the other hand, some studies have discussed multicell
CoMP transmission (CoMP) [8–15] of cellular network.
CoMP-JT is a promising technique that guarantees data
availability at multiple coordinated SBSs transmitted to a user
simultaneously to improve the received signal quality of the
user and reduce intercell interference, which is proposed in
ThirdGeneration Partnership Project (3GPP) LTE-Advanced
systems [8]. In [9–11], the authors studied CoMP-JT from the
aspects of throughput and coverage probability. However, EE
optimization is not considered. In [12], the authors proposed
two algorithms to tackle the problem ofminimizing backhaul
user data transfer by establishing CoMP joint processing
beamforming matrix of multicell. In [13, 14], the authors
formulated EE maximization problem with global precoding
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matrix design. However, the beamforming and precoding
matrix of global optimization are complex and difficult to
realize in practical systems [12–14]. In [15], the authors pro-
posed a distributed algorithm to solve the weighted EE max-
min fairness problem for CoMP systems. However, dynamic
coordinated transmission among SBSs is not considered.

Unlike existing literature, a dynamic CoMP-JT algorithm
considering user association, power allocation, and mini-
mum data rate requirement of SUEs is proposed in this paper
to mitigate interference and maximize EE.

The main contributions of this paper are summarized
as follows:

(i) We utilize dynamic CoMP-JT as an interference
management technique to mitigate interference and improve
EE, where minimum data rate requirements of SUEs and
maximum transmit power constraint of SBSs are considered.

(ii) We propose to solve the NP-hard problem of EE
maximization through the proposed dynamicCoMP-JT algo-
rithm. In the first phase, each SUE is associated with SBSs
close to them to reduce the loss of power by the proposed user
association algorithm. In the second phase, we transform the
formulated EE optimization problem into a convex problem
bymethods of fractional programming and successive convex
approximation. Finally, we solve the formulated problem by
the proposed power allocation optimization algorithm.

(iii) We analyze the computational complexities of the
optimal solution and the proposed solution and compare
the performance of near-optimal solution, no-CoMP, and
random-CoMP with the proposed solution.

The rest of this paper organized as follows. The system
model and problem formulation are given in Section 2. In
Section 3, the dynamic CoMP-JT algorithm is proposed. In

Section 4, numerical results are given. Finally, the paper is
concluded in Section 5.

2. System Model and Problem Formulation

Our system model is depicted in Figure 1. We consider
a downlink orthogonal frequency division multiple access
(OFDMA) network, where macrocell tier and small cell tier
are allocated with orthogonal spectrums. Therefore, there is
no cross-tier interference and we focus on the EE analysis
of small cell tier, where only the interference between SBSs
and SUEs is considered. Assume that SUEs are randomly
and uniformly distributed in the coverage region of SBSs.
Let 𝑆 = {1, 2 ⋅ ⋅ ⋅ , S} denote the set of all SBSs with low
transmit power and 𝑈 = {1, 2, ⋅ ⋅ ⋅U} denote the set of
SUEs. We will next derive the optimization problem of EE,
where the EE is defined as the transmitted bits per unit
energy consumption and equals the ratio of the sum data
rate to the total power consumption. We define a SU × 1
vector p = (p1, p2, ⋅ ⋅ ⋅ p𝑠 ⋅ ⋅ ⋅ pS)𝑇 to represent the power of
all SBSs allocate for all SUEs, where p𝑠 = (𝑝𝑠1, 𝑝𝑠2 ⋅ ⋅ ⋅ 𝑝𝑠u)
denotes the power of SBSs allocated for SUE 1 to SUE U.
Let x denote a binary vector to represent the association
relationship between SBSs and SUEs. Its element is an
association indicator decision variable 𝑥𝑠𝑢 ∈ {0, 1} denoting
whether SBS 𝑠 is associated with SUE 𝑢, 𝑥𝑠𝑢 = 1, if SBS 𝑠 is
associated with SUE 𝑢; otherwise 𝑥𝑠𝑢 = 0.

From [16], we can derive the received signal strength of
SUE 𝑢 associated with one or more SBSs as follows:

𝑝r
𝑢 = ∑
𝑠∈𝑆

(𝑔𝑠𝑢√𝑥𝑠𝑢𝑝𝑠𝑢)2 = ∑
𝑠∈𝑆

𝑥𝑠𝑢𝑝𝑠𝑢ℎ𝑠𝑢 (1)



Wireless Communications and Mobile Computing 3

where 𝑝𝑠𝑢 is SBSs transmit power for SUE 𝑢 and 𝑔𝑠𝑢 is the
channel gain from SBS 𝑠 to SUE 𝑢, which includes path loss,
Rayleigh, and shadowing fading. Moreover, we assume thatℎ𝑠𝑢 = 𝑔2𝑠𝑢.

Then, we can obtain the signal to interference and noise
ratio (SINR) of SUE 𝑢 as follows:

Γ𝑢 (x, p) = 𝑝r
𝑢∑𝑙∈𝑆,𝑖 ̸=𝑢 (𝑥𝑙𝑖𝑝𝑙𝑢ℎ𝑙𝑢) + 𝛿2 , (2)

where the first part of the denominator denotes the interfer-
ence of SUE𝑢 from the noncooperating SBSs.The secondpart
of denominator 𝛿2 is the power of additive white Gaussian
noise. Furthermore, we can get the data rate of SUE 𝑢 as
follows:

𝑅𝑢 (x, p) = Δ𝑓log2 (1 + Γ𝑢 (x, p)) , (3)

where Δ𝑓 is the bandwidth of the network.
The power consumption of SUE 𝑢 can be also derived as

𝑃𝑢 (x, p) = 𝑥𝑠𝑢𝑝𝑏𝑐𝑘 + ∑
𝑠∈𝑆

𝑥𝑠𝑢 (Δ𝑝𝑝𝑠𝑢 + 𝑝𝑐𝑠𝑢) , (4)

where 𝑝𝑏𝑐𝑘 is the power consumption of backhaul. Δ𝑝 is a
constant concerning the power amplifier efficiency and 𝑝𝑐𝑠𝑢
denotes the circuit power consumption.

Then, we can formulate the EE maximization problem of
joint user association and power allocation as follows:

max
x,p

𝜂𝐸𝐸 = 𝑅𝑡𝑜𝑡 (x, p)𝑃𝑡𝑜𝑡 (x, p) = ∑U
𝑢=1 𝑅𝑢 (x, p)

∑U
𝑢=1 𝑃𝑢 (x, p)

𝑠.𝑡. (5𝑎) : 𝑅𝑢 ≥ 𝑅min
𝑢 , ∀𝑢 ∈ 𝑈

(5𝑏) : U∑
𝑢=1

𝑝𝑠𝑢 ≤ 𝑝max
𝑠 , ∀𝑠 ∈ 𝑆

(5𝑐) : U∑
𝑢=1

𝑥𝑠𝑢 ≤ 1, ∀𝑠 ∈ 𝑆
(5𝑑) : 𝑥𝑠𝑢 = {0, 1} , ∀𝑥𝑠𝑢 ∈ x,

(5)

where (5a) specifies the minimum system data rate require-
ment 𝑅min

𝑢 of SUE 𝑢. Equation (5b) is the individual maxi-
mum transmit power constraint 𝑝max

𝑠 of SBS 𝑠. Equations (5c)
and (5d) are CoMP-JT constraint, which guarantees that one
SBS can only be associated with one SUE and one SUE can be
served by one or more SBSs.

Owing to the NP-hardness of joint user association and
power allocation, obtaining its optimal solution by exhaustive
scheme will incur unaffordable computational complexity
[17, 18].Therefore, we propose a dynamicCoMP-JT algorithm
to solve problem (5).

3. Dynamic COMP-JT Algorithm

The proposed dynamic CoMP-JT algorithm consists of two
phases, which are user association forming the CoMP-JT set
and power allocation optimization.

3.1. Proposed User Association Algorithm. In this phase, we
will determine the association relationship between SBSs and
SUEs by the proposed user association algorithm.

According to the path loss from SBSs to SUEs, we firstly
determine the size and the set of CoMP-JT SBSs for each SUE.
Let 𝑀𝑢 denote the set of associated SBSs of SUE 𝑢 and 𝑆
denote the set of SBSs that has not been chosen by other SUEs.
In each round, we add the SBS with the minimum path loss
for SUE 𝑢 from the set 𝑆 to the set of associated SBSs of SUE𝑢 according to the principle 𝑀𝑢 = 𝑀𝑢 ∪ argmin𝑠∈𝑆{PL𝑠𝑢},
where the path loss from SBS 𝑠 to SUE 𝑢 is PL𝑠𝑢 in our
model. We will repeat the above procedure until 𝑆 = 𝜙.
Since SBSs are densely deployed in our considered scenario,
therefore, each SUE can be associated with at least one SBS
in our proposed user association algorithm. Moreover, SUEs
can be associatedwith the SBSs close to thembecause the path
losses between SBSs and SUEs are small in dense small cell
networks. The proposed user association algorithm ensures
that SUEs associated with the SBSs near them are within the
communication range through the condition PL𝑠𝑢 < PL0; i.e.,
SBSs and SUEs should be matched with each other through
the bidirectional selection method that SUEs choose their
serving SBSs; meanwhile SBSs choose the associated SUEs in
their coverage range. To further reduce path loss and save
power consumption, we traverse and find all the possible
CoMP-JTuser association cases throughpolling all the orders
that SUEs choose their associated SBSs.Thedetail description
of the proposed user algorithm is shown in Algorithm 1.

3.2. Power Allocation Optimization. In this phase, we will
optimize power allocation of SBSs to improve EE. According
to the established association relationship between SBSs and
SUEs of the former phase, the EE maximization problem of
the network with CoMP-JT can be transformed as follows:

max
p

𝜂𝐸𝐸 = 𝑅𝑡𝑜𝑡 (p)𝑃𝑡𝑜𝑡 (p) = ∑U
𝑢=1 𝑅𝑢 (p)∑U
𝑢=1 𝑝𝑢 (p)

𝑠.𝑡. (6𝑎) : 𝑅𝑢 ≥ 𝑅min
𝑢 , ∀𝑢 ∈ 𝑈

(6𝑏) : U∑
𝑢=1

𝑝𝑠𝑢 ≤ 𝑝max
𝑠 , ∀𝑠 ∈ 𝑆.

(6)

Compared (6) with (5), we can observe that the EE
maximization problem in (6) is determined by the power
allocation vector of SBSs since user association vector x has
been determined in the proposed user association algorithm.

As the problem in [13, 14, 19], the optimization problem
(6) with an objective function in fractional form, we use the
method of fractional programming that equivalently convert
the objective function to subtractive form as follows:

max
p

𝑅𝑡𝑜𝑡 (p) − 𝜂𝑛𝐸𝐸𝑃𝑡𝑜𝑡 (p)
𝑠.𝑡. (6𝑎) , (6𝑏) . (7)

The objective function in (7) can be transformed as

𝑅𝑡𝑜𝑡 (p) − 𝜂𝑛𝐸𝐸𝑃𝑡𝑜𝑡 (p) = 𝑔 (p) − 𝑟 (p) , (8)
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1: Initialization Set 𝑀𝑢 = 𝜙 and 𝑆 = 𝑆.
2: for (𝑖 = 1, 𝑖 <= U, 𝑖 + +)
3: while 𝑆 ̸= 𝜙 do
4: for (𝑗 = 𝑖 − 1, 𝑗 <= U + 𝑖 − 2, 𝑗 + +)
5: 𝑢 = mod(𝑗,U) + 1.
6: If PL𝑠𝑢 < PL0 then
7: 𝑀𝑢 = 𝑀𝑢 ∪ argmin

𝑠∈𝑆
{PL𝑠𝑢}.

8: Update 𝑆 = 𝑆\𝑀𝑢.
9: end if
10: end for
11: end while
12: Update 𝑆 = 𝑆.
13: end for
14: Output All the CoMP-JT user association cases 𝑀𝑢(∀ 𝑢 ∈ 𝑈).

Algorithm 1: Proposed user association algorithm.

where

𝑔 (p) = Δ𝑓 U∑
𝑢=1

log2( S∑
𝑠=1

𝑝𝑠𝑢ℎ𝑠𝑢 + 𝛿2) − 𝜂𝑛𝐸𝐸
× 𝑈∑
𝑢=1

𝑃𝑢 (p) ,
(9)

and

𝑟 (p) = Δ𝑓 U∑
𝑢=1

log2( S∑
𝑙=1,𝑙∉𝑀

𝑢

𝑝𝑙𝑢ℎ𝑙𝑢 + 𝛿2) . (10)

Since (6a) is nonconvex constraint, we rearrange (6a) in (7)
and an equivalent convex linear form (6a) can be derived as
follows:

(6𝑎) : ∑
𝑠∈𝑀
𝑢

𝑝𝑠𝑢ℎ𝑠𝑢 + (1 − 2(𝑅min
𝑢
/Δ𝑓))

× ( S∑
𝑙=1,𝑙∉𝑀

𝑢

𝑝𝑙ℎ𝑙𝑢 + 𝛿2) ≥ 0.
(11)

Hence, optimization problem (7) is equivalent to

max
p

𝑔 (p) − 𝑟 (p)
𝑠.𝑡 (6𝑎) , (6𝑏) . (12)

Therefore, the objective 𝑔(p) − 𝑟(p) in (12) is the difference
between two concave functions program.The gradient of 𝑟(p)
at power p is given by

∇𝑟 (p) = Δ𝑓 U∑
𝑢=1

1∑S
𝑙=1,𝑙∉𝑀

𝑢

𝑝𝑙𝑢ℎ𝑙𝑢 + 𝛿2 k𝑢 (13)

where k𝑢(𝑧) = 0 and 𝑧 ∈ 𝑀𝑢; k𝑢(𝑙) = ℎ𝑙𝑢/ ln 2, 𝑙 ∉ 𝑀𝑢.
Then, we adopt successive convex approximation method to
approximate 𝑟(p) by its tangent function 𝑟(p) ≈ 𝑟(p𝑛) +

∇𝑟𝑇(p𝑛)(p − p𝑛) at each step; we can obtain the optimization
problem as follows:

max
p

𝑔 (p) − (𝑟 (p𝑛) + ∇𝑟𝑇 (p𝑛) (p − p𝑛))
𝑠.𝑡. (6𝑎) , (6𝑏) . (14)

Now, (14) is a standard convex optimization problem, and
interior point method in [20] can be applied to solve it.

We transverse all the possible CoMP-JT user associa-
tion cases obtained in Algorithm 1 and further get optimal
EE solution for each user association case through power
allocation optimization Algorithm 2. Finally, we can find the
maximization value of EE in all the possible user association
cases.The detail description of power allocation optimization
process is shown in Algorithm 2.

3.3. Complexity Analysis. In this section, we analyze the
computational complexities of the optimal and the proposed
solutions. Finding optimal solution needs to exhaust all
the association cases. Thus the computational complexity of
optimal association is 𝑂(S!/((S − ∑U

𝑢=1 𝑤𝑢) × U! × 𝑤𝑢!)),
where 𝑤𝑢 denotes the number of associated SBSs of SUE 𝑢.
However, Algorithm 1 firstly chooses the SBSs in 𝑆 with the
minimumpath loss for SUEs, which requires a computational
complexity 𝑂(CU

S ). Then, Algorithm 1 needs to repeat the
above procedure until 𝑆 = 𝜙, which requires a computational
complexity not larger than𝑂(CU

S−(𝑘−1)U) in the 𝑘 round.More-
over, Algorithm 1 needs to transverse all the user association
cases in outer circulation with the computational complexity
U.Therefore, Algorithm 1 requires a computational complex-
ity no larger than 𝑂(U ∗ (CU

S + ⋅ ⋅ ⋅ + CU
S−(𝑘−1)U)), which is

much lower than that of the optimal scheme. Suppose that
the maximum outer power iterative of interior point scheme
is Nmax and the computational complexity of applying the
successive convex approximation scheme depends on the
outer iteration and iterative solution of each step; thus the
overall computational complexity of interior point scheme
is 𝑂(NmaxSU). So the overall computational complexity of
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1: Initialization: Set 𝑖 = 0, initial power vector p0 ∈ (0, pmax
𝑠 ), minimum value of

EE 𝜂low𝐸𝐸 , maximum value of EE𝜂high𝐸𝐸 , and 𝜂𝑖𝐸𝐸 = ((𝜂low𝐸𝐸 + 𝜂high𝐸𝐸 )/𝜃)(𝜃 ∈ (𝑁 ∗ \1)), and
iterative terminal condition of EE 𝛼 > 0.
2: Repeat
3: Solve (14) and obtain optimal value p∗ by interior point method.
4: Update p(𝑖+1) = p∗, 𝑖 = 𝑖 + 1.
5: until convergence.
6: Obtain p(𝑖) and the maximum value of EE 𝜂∗𝐸𝐸.
7: Until |𝑅𝑡𝑜𝑡(p𝑖) − 𝜂𝑖𝐸𝐸𝑃𝑡𝑜𝑡(p𝑖)| ≤ 𝛼 or |𝜂high𝐸𝐸 − 𝜂low𝐸𝐸 | ≤ 𝛼.
8: Output p∗ = p𝑖 and 𝜂∗𝐸𝐸 = 𝑅𝑡𝑜𝑡(p𝑖)/𝑃𝑡𝑜𝑡(p𝑖).

Algorithm 2: Power allocation optimization algorithm.

our proposed solution is 𝑂(NmaxSU
2(CU

S + ⋅ ⋅ ⋅ + CU
S−(𝑘−1)U)).

However, we need to traverse all the power values for the
optimal solution, which has a complexity of QU, where Q is
the number of quantified power allocation values for each
SUE of a SBS. So the overall computational complexity of
the optimal solution is 𝑂(QUS!/((S − ∑U

𝑢=1 𝑤𝑢) × U! × 𝑤𝑢!)).
Consequently, our proposed solution has a notably reduced
complexity compared with the optimal solution.

4. Simulation Results

In our simulation, all the SUEs and SBSs are randomly and
uniformly distributed in the area of 40m∗40m. We consider
that the channel model includes path loss, Rayleigh, and
shadowing fading, where the path loss from SBS 𝑠 to SUE 𝑢
is given by PL𝑠𝑢 = 38.46 + 20 × log10(d𝑠𝑢), where d𝑠𝑢 denotes
the distance between SBS 𝑠 and SUE 𝑢, with the unit 𝑚. The
shadowing standard deviations are 8 dB for the link between
SBS and the SUE [21]. Besides, PL0 = 58.46 dB, which is
calculated by assuming the coverage radius of each SBS is 10𝑚.

Figure 2 plots EE with respect to the iteration number
under different maximum transmit powers of SBSs, and
Figure 3 plots 𝑔(p)−𝑟(p)with respect to the iteration number
under different initial iterative transmit power values. We
can observe that the proposed dynamic COMP-JTAlgorithm
can quickly converge to the stable EE maximization solution,
which confirms the fact that the proposed solution has a
considerable convergence property.

Next, we compare the proposed solution with the
following solutions:

(i) Near-optimal solution: Algorithm 1 is adopted as the
user association scheme. Moreover, since the power alloca-
tion vector is continuous, therefore, we firstly equally quantify
each power allocation variable into 20 values in [0,𝑝max

𝑠 ]
and then we need to exhaustively traverse the quantified20U values into the objective function to obtain near-optimal
solution.

(ii) SecondNear-CoMP [16]: We assume that system
bandwidth is shared by all the SUEs, and SUEs are associated
with the nearest SBS and the SBS (except the serving SBS)
nearest to the SUE from the set of SBSs which has not been
chosen by other SUEs as their coordinated multipoint joint
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Figure 2: EE vs. iterative number.

transmission (CoMP-JT) SBSs. Moreover, Algorithm 2 is
adopted as the power allocation optimization algorithm. We
call this method SecondNear-CoMP solution.

(iii) No-CoMP [19]: Each SUE is associated with the
nearest SBS that has not been associated with other SUEs.
Moreover, Algorithm 2 is adopted as the power allocation
optimization algorithm.

(iv) Random-CoMP: Each SUE is randomly associated
with the SBSs close to it as Algorithm 1. Besides, Algorithm 2
is adopted as the power allocation optimization algorithm.

Figure 4 shows the EE with respect to different data rate
requirement of SUEs, where 𝑝max

𝑠 =1w and the number of
SUEs and SBSs is 16 and 22, respectively. Since obtaining
the optimal solution of problem (5) by exhaustive search
will incur prohibitive computational complexity in dense
small cell network, thus, an efficient near-optimal solution of
power allocation is used in (5), where 20 uniformly quantified
power allocation values for each SUE of a SBS are traversed.
We can observe the performance gap between the proposed
and the optimal solution becomes a little larger when 𝑅min

𝑢
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increases. Nevertheless, the proposed solution has a signif-
icantly reduced computational complexity. Besides, we can
intuitively observe that the proposed CoMP-JT scheme has
a better performance than the other three schemes and
random CoMP-JT scheme has a better performance than
transmission without CoMP when 𝑅min

𝑢 becomes larger. The
reason is that the proposed CoMP-JT ensures that SUEs
are associated near SBSs with lower path losses. Moreover,
CoMP-JT schemes can satisfy higher 𝑅min

𝑢 by exploiting
interference through constructing CoMP-JT set.

Figure 5 depicts the EE with respect to different number
of SBSs, where 𝑝max

𝑠 =1w, 𝑅min
𝑢 =20kbps, and the number of

SUEs is 16. We can observe the performance gap between
the proposed and the optimal solution becomes a little
larger with the increasing number of SBSs. The reason is
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Figure 5: EE vs. The number of SBSs.

that computational complexity increases with the number of
deployed SBSs. Besides, we can observe that the performance
of our proposed CoMP-JT scheme is better than the other
three schemes. The reason is that our proposed scheme
guarantees that SUEs are associated with SBSs closer to
them, which will reduce the loss of power. Moreover, the EE
decreases with increasing 𝑅min

𝑢 and the number of SUEs in
Figures 4 and 5, respectively. The reason is that interference
increases in dense small cell networks.

5. Conclusions

In this paper, we have firstly established EE maximization
problem of joint user association and power allocation con-
sidering minimum data rate requirement of SUEs and max-
imum transmit power constraint of SBSs. Then, a dynamic
CoMP-JT algorithm has been proposed to solve the formu-
lated problem. In the first phase, SUEs have been associated
with the SBSs close to them within the communication range
to reduce the loss of power. In the second phase, through the
methods of fractional programming and successive convex
approximation, the EE maximization problem has been
transformed into a convex problem that was solved by the
given power allocation optimization algorithm.Moreover, we
have analyzed the fact that the proposed dynamic CoMP-JT
solution has a much lower computational complexity than
the optimal solution. In the simulation, the performance
of the proposed solution has been compared with near-
optimal, SecondNear-CoMP, no-CoMP, and random-CoMP
solutions, which demonstrate that the proposed algorithm
has a better performance.

Data Availability

The data is based on our established network model.
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Green cognitive radios are promising in future wireless communications due to high energy efficiency. Energy efficiency
maximization problems are formulated in delay-insensitive green cognitive radio and delay-sensitive green cognitive radio. The
optimal resource allocation strategies for delay-insensitive green cognitive radio and delay-sensitive green cognitive radio are
designed to maximize the energy efficiency of the secondary user. The peak interference power and the average/peak transmit
power constraints are considered. Two algorithms based on the proposed resource allocation strategies are proposed to solve the
formulated problems. Simulation results show that themaximumenergy efficiency of the secondary user achieved under the average
transmit power constraint is higher than that achieved under the peak transmit power constraint. It is shown that the design of green
cognitive radio should take the tradeoff between its complexity and its achievable maximum energy efficiency into consideration.

1. Introduction

The unprecedented increase of mobile devices and escalating
high data rate requirements have resulted in the rapid growth
of energy consumption and greenhouse gas emission. It
is reported in [1–3] that 2% to 10% of the global energy
consumption and 2% of the greenhouse gas are generated
by information and communication technologies. However,
according to the Federal Communications Commission
(FCC), there are 70%unused spectrum bands in the allocated
spectrum bands in the USA [4–6]. Green cognitive radio
(CR) is a promising and increasingly attractive technology
that can improve spectrum efficiency (SE) and maximize
energy efficiency (EE) simultaneously [7, 8]. In green CR,
a secondary user (SU) is allowed to access a primary user
(PU) band providing that the interference caused to the PU
is acceptable, and the SU achieves high performance with the
objective of EEmaximization. In this paper, a green CRunder
spectrum sharing is our focus.

In CR, resource allocation is of great importance and
has received wide attention [9–13]. An optimal resource
allocation strategy for CR not only provides the SU a rea-
sonably high transmission rate with limited power, but also

well protects the PU from harmful interference. Moreover,
in green CR, an optimal resource allocation strategy can
guarantee that the SU achieves maximum EE and reduces
greenhouse emission. Although the designs of the resource
allocation strategies have been well studied in non-CR and
CR networks, the optimal resource allocation strategies
designing for non-CR and CR networks are not optimal for
green CR in terms of EE maximization. Thus, it is important
to design resource allocation strategies formaximizing the EE
of the SU in green CR.

1.1. Related Works and Motivation. Since the operation of a
CR should protect the quality of service (QoS) of the PU, a
metric that evaluates the performance of the protection of the
PU should be imposed. Basically, there are three metrics for
protecting the PU from intolerance interference caused by the
SU, namely, a peak interference power constraint (PIP), an
average interference power (AIP) constraint, and an outage
probability (OP) constraint [9–13]. A PIP constraint requires
that the instantaneous interference power caused by the SU
is below a prescribed interference power threshold, whereas
theAIP constraint regulates the long-term interference power
over all fading states to be not more than the maximum
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tolerably AIP of the PU [9, 10]. The OP constraint requires
that the transmission OP of the PU due to its fading and the
interference from the SU is not greater than its acceptable
target [11–13]. When the AIP constraint or the OP constraint
is applied, the designs of the optimal resource allocation
strategies for CR are required to compute a parameter
with respect to the AIP constraint or the OP constraint,
such as a nonnegative dual variable [9–13]. However, the
computation of the parameter is complex, especially when
there are several parameters (such as several nonnegative dual
variables) required for computing or when the probability
distribution of the fading channel gain is complex [9, 10].This
high complexity computation consumes too much energy,
which contradicts with the perspective of green CR. In
contrast, it is not required to compute the parameter when
the PIP constraint is used. In this paper, the PIP constraint
is identified as the protection metric of the PU, which is
more appropriate to green CR since it can facilitate the
implementation of a green CR with low complexity.

The optimal resource allocation strategies have been well
studied in CR with the spectrum sharing paradigm [9–18].
The designs of the optimal resource allocation strategies for
CR networks combining different transmit power constraints
and different interference power constraints were proposed in
[9, 10], and those designs were extended to CRwith imperfect
CSI in [12]. In [11, 13], optimal resource allocation strategies
were designed for CR with perfect CSI or CR with imperfect
CSI, under an OP constraint. The ergodic capacity (EC), OC,
and minimum-rate capacity based on the proposed optimal
power control strategies were analyzed in [14]. In [15], the OP
of a SU in spectrum sharing CR was minimized based on an
optimal transmit power allocation scheme. Recently, adaptive
gradient-based methods for power allocation in OFDM-
based spectrum sharing CR have been proposed in [16].
Under both peak/average transmit power (PTP/ATP) and
PIP/AIP constraints, optimal power control strategies that
maximize the rates of CR with arbitrary input distributions
were studied in [17]. In [18], the resource allocation problem
was studied based on the proposed worst-case selective
robust model.

There are some investigations of the design of the opti-
mal resource allocation strategies for green CR [19–25].
The optimal resource allocation strategies for OFDM-based
cognitive radio networks were proposed to maximize the EE
of the SU in [19, 20]. An EE joint relay selection and power
allocation scheme was proposed in [21]. The optimal relay
selection and power allocation policy is determined using
a distributed approach. In [22], the optimal power control
that maximizes the EE of green CR with the opportunistic
spectrum access paradigm was determined. However, the
optimal power allocation strategies proposed in [19–22] are
not adapted to green CR with fading channels since the EE of
green CR with fading channels should be maximized based
on all fading CSI instead of instantaneous CSI. Recently,
although EE maximization problems have been analyzed
in fading CR channels and the optimal power allocation
strategies were proposed in [23–25], the EE maximization
problem has not fully taken the impact of the fading CSI
between the PU’s transmitter and the SU’s receiver into

consideration in [23]. In [24], the authors have studied secure
EE maximization in green CR. Refs. [23–25] only considered
EE maximization problem in delay-insensitive CR. Recently,
in [26], the authors have studied the EE maximization
problem in a device-to-device network. However, it did not
consider the delay requirement. To our best knowledge, the
EE maximization problem has not been analyzed in delay-
sensitive CR.

Recently, the EE maximization problems were studied in
delay-insensitive CR, delay-sensitive CR, and simultaneously
delay-sensitive and delay-insensitive CR in [27]. In [27], the
AIP constraint was regarded as the metric of the protection
of the PU. Similar to the optimal power allocation strategies
for conventional CR proposed in [9–18], which use the AIP
constraint as the metric of the protection of the PU, the
proposed optimal power allocation strategies for green CR
also need to compute a complex nonnegative dual variable
related to the AIP constraint. The computation of the non-
negative dual variable is extensively complex when there are
several nonnegative dual variables required to simultaneously
compute or when the probability distributions of the fading
channels involved are complex. This complex computation
limits its applicationwhen greenCR requires fast and efficient
determination of the optimal power allocation strategies.
In this paper, different from the works in [25, 27], a PIP
constraint is identified as the metric protecting the PU from
harmful interference caused by the SU. EE maximization
problems subject to the PIP constraint are analyzed in delay-
insensitive green CR and delay-sensitive green CR. Optimal
power allocation strategies that maximize the EE of the SU
under the PIP constraint are found. The proposed optimal
power allocation strategies have advantages in low complexity
and fast computation.

1.2. Contributions and Organization. Different from the
works in [25, 27], EE maximization problems subject to the
PIP constraint are proposed in delay-insensitive green CR
and delay-sensitive green CR, where the SU coexists with
the PU and all the channels involved are fading. The EE
maximization problem is first analyzed in delay-insensitive
green CR. Then, the EE maximization problem is extended
to delay-sensitive green CR. The main contributions of this
work are summarized as follows.

(1) The optimal resource allocation strategies for delay-
insensitive green CR and delay-sensitive green CR
that maximize the EE of the SU are found. Different
from the work in [25, 27], the PIP constraint, along
with the ATP/PTP constraint, is considered. It is
shown that the optimal power allocation strategies for
delay-insensitive green CR have similar form to the
well-known “water-filling” power allocation strate-
gies and that the optimal power allocation strategies
for delay-sensitive green CR have similar form to
the well-known truncated channel inversion power
allocation strategies.

(2) Two algorithms based on the proposed optimal
resource allocation strategies are presented. One is
proposed to solve the EE maximization problem
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Figure 1: The system model.

when the ATP constraint and the PIP constraint
are applied. The other one is given for solving the
EE maximization when the PTP constraint and the
PIP constraint are imposed. It is shown that the
complexity of the proposed algorithm for the EE
maximization problem subject to the ATP constraint
is higher than that of the proposed algorithm for
the EE maximization problem subject to the PTP
constraint.

(3) Simulation results show that the maximum EE of the
SU achieved under the ATP constraint is larger than
that achieved under the PTP constraint. The design of
a green CR system should take the tradeoff between
the achievable maximum EE and the implementation
complexity into consideration.

The rest of this paper is organized as follows. Section 2
presents the system model. The EE maximization problem
subject to constraints on the PIP and the ATP is presented in
Section 3. Section 4 analyzes the EE maximization problem
subject to the PIP and the PTP constraint. Section 5 presents
simulation results. The paper concludes with Section 6.

2. System Model

As shown in Figure 1, a cognitive radio consisting of one
PU and one SU is considered. The SU coexists with the
PU under the spectrum sharing paradigm. There is one PU
transmitter (PU-Tx) and one PU in the primary network
while the secondary network has one SU transmitter (SU-
Tx) and one SU. It is assumed that all the terminals have
one antenna. The channel between the PU-Tx and the PU,
the channel between the PU-Tx and the SU, the channel
between the SU-Tx and the SU, and the channel between
the SU-Tx and the PU are assumed to be block fading. The

corresponding channel power gains at fading state ] are
denoted by 𝑔𝑠𝑠(]), 𝑔𝑠𝑝(]), ℎ𝑝𝑝(]), and ℎ𝑝𝑠(]), respectively.
The fading index for all related channels is denoted by ].
All the channel power gains are assumed to be independent
identically distributed (i.i.d.), ergodic, and stationary and
have continuous probability density functions. It is assumed
that perfect channel state information (CSI) related to 𝑔𝑠𝑠(]),𝑔𝑠𝑝(]), and ℎ𝑝𝑝(]) is available to the SU-Tx. The additive
white Gaussian noise (AWGN) at the SU-Rx is circularly
symmetric complex AWGNwith mean zero and variance 𝜎2𝑤.
It is assumed that the PU does not have knowledge of the CSI
of the PU link, and thus it transmits with a constant power,
denoted by 𝑃𝑝.
3. EE Maximization under Average
Transmit Power Constraint

In this section, EE maximization problems are formulated
in delay-insensitive green CR and delay-sensitive green CR.
Different from the works in [25, 27], the PIP constraint is
considered. The optimal resource allocation strategies that
maximize the EE of the SU, subject to the PIP constraint and
the ATP constraint, are determined. An algorithm based on
the proposed optimal power allocation strategy is presented
to solve EE maximization problems.

3.1. EE Maximization in Delay-Insensitive Green CR. In CR,
from the perspective of the PU, the interference caused by the
SU should not be beyond the tolerable interference threshold
of the PU. The PIP constraint is chosen as the protection
metric of the PU since CR with PIP constraint has low
complexity and facilitated implementation. In addition, the
long-term power budget of the SU should be considered and
can be evaluated by the ATP. From the perspective of the SU,
the ATP should be below a threshold. Thus, the constraints
on the PIP and ATP can be given as

𝑔𝑠𝑝 (]) 𝑃𝑠 (]) ≤ 𝑃𝐼𝑛 (1)

E {𝑃𝑠 (])} ≤ 𝑃𝑡ℎ (2a)

𝑃𝑠 (]) ≥ 0 (2b)

where 𝑃𝑠(]) denotes the transmit power of the SU. 𝑃𝐼𝑛 and 𝑃𝑡ℎ
are the tolerable maximum PIP of the PU and the maximum
ATP of the SU, respectively. E(⋅) is the expectation operator.

In delay-insensitive CR, the EC is appropriately used to
evaluate the performance of the SU [10]. The EC determines
the maximum achievable long-term rates of the SU, which is
averaged over all fading states.TheEEmaximization problem
for delay-insensitive green CR under the PIP constraint and
the ATP constraint can be formulated as problem P1, given as

P1: max
𝑃𝑠(])

𝜂𝐸𝐸 (𝑃𝑠 (])) = E {log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (]) / (ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤))}
E {𝜁𝑃𝑠 (]) + 𝑃𝐶} (3a)

s.t. (1) and (2a) , (2b) are satisfied (3b)
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where 𝜂𝐸𝐸(𝑃𝑠(])) is the energy efficient function of 𝑃𝑠(]). 𝜁
and 𝑃𝐶 represent the amplifier coefficient (1/𝜁 is also known
as the power efficiency for the power amplifier) and the
constant circuit power consumption of SU-Tx, respectively.
Let 𝑆1 denote the set 𝑆1 = {𝑃𝑠(]) | 𝑃𝑠(]) ∈ (1), 𝑃𝑠(]) ∈ (2a),
(2b)}. Note that 𝑆1 is a convex set. According to the fractional
programming theory given in [28, 29], Theorem 1 can be
stated as follows.

Theorem 1. Problem P1 is a nonlinear strictly quasiconcave
and strictly pseudoconcave fractional programming problem
since the numerator of 𝜂𝐸𝐸(𝑃𝑠(])) is strictly concave and
differentiable, the denominator of 𝜂𝐸𝐸(𝑃𝑠(])) is affine and
differentiable, and the denominator E{𝜁𝑃𝑠(]) + 𝑃𝐶} > 0. Any
localmaximum of problem P1 is a global maximum of problem
P1, and P1 has at most one maximum since P1 is strictly
quasiconcave.

Proof. See Appendix A.

Based on Theorem 1 and Dinkelbach’s method [30],
problem P1 is equivalent to the parameter optimization
problem, denoted by P2, given as

P2: max
𝑃𝑠(])∈𝑆1

𝑓 (𝜂)

= E{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤)}
− 𝜂E {𝜁𝑃𝑠 (]) + 𝑃𝐶}

(4)

where 𝜂 is a nonnegative parameter. The following theorem
can be obtained to solve problem P1 and P2.

Theorem 2. The global optimization solution of problem P1 is
achieved if and only if

max
𝑃𝑠(])∈𝑆1

𝑓 (𝜂𝑜𝑝𝑡)

= E{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑜𝑝𝑡𝑠 (])
ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤)}

− 𝜂𝑜𝑝𝑡E {𝜁𝑃𝑜𝑝𝑡𝑠 (]) + 𝑃𝐶} = 0.

(5)

𝜂𝑜𝑝𝑡 is the optimal solution of P2 and also is the maximum EE
of P1. 𝑃𝑜𝑝𝑡𝑠 (]) is the optimal transmit power of problem P1 and
is the corresponding solution of 𝜂𝑜𝑝𝑡.
Proof. See Appendix B.

Thus, on the one hand, problem P1 can be solved by
solving problem P2. On the other hand, for a given 𝜂𝑜𝑝𝑡, the
optimal transmit power can be obtained by solving (5).

For a given 𝜂, problem P2 can be solved by using the
Lagrange duality method [31]. The Lagrangian with respec-
tive to the transmit power 𝑃𝑠(]) of P2 is given as

𝐿 (𝑃𝑠 (]) , 𝜏) = E{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤)}
− 𝜂E {𝜁𝑃𝑠 (]) + 𝑃𝐶}
− 𝜏 {E {𝑃𝑠 (])} − 𝑃𝑡ℎ}

(6)

where 𝜏 is the nonnegative dual variable with respect to (2a).
Let 𝑆2 denote the set 𝑆2 = {𝑃𝑠(]) | 0 ≤ 𝑃𝑠(]) ≤ 𝑃𝐼𝑛/𝑔𝑠𝑝(])}.
Then, the Lagrange dual function of P2 can be presented as

𝑔 (𝜏) = max
𝑃𝑠(])∈𝑆2,∀]

𝐿 (𝑃𝑠 (]) , 𝜏) . (7)

Similar to [9, 11], the problem given by (7) can be decou-
pled into parallel subproblems by using the Lagrange dual-
decomposition method [31]. Thus, the corresponding sub-
problem for a fading state can be given as

max
𝑃𝑠∈𝑆2

𝑦 (𝑃𝑠) = log2 (1 + 𝑔𝑠𝑠𝑃𝑠ℎ𝑝𝑠𝑃𝑝 + 𝜎2𝑤) − 𝜂𝜁𝑃𝑠 − 𝜏𝑃𝑠. (8)

In order to solve P2, (8) is required to iteratively solve for all
fading states with respect to fixed 𝜏 and updating 𝜏. 𝜏 can be
updated by using the subgradient method [31], given as

𝜏𝑘+1 = [𝜏𝑘 − 𝑡1 (𝑃𝑡ℎ − E {𝑃𝑜𝑝𝑡𝑠,𝑘 })]+ (9)

where [𝑎]+ = max(𝑎, 0) and 𝑘 is the iteration index. 𝑃𝑜𝑝𝑡
𝑠,𝑘

denotes the optimal power level of the 𝑘th iteration of
the subgradient method, and the parameter 𝑡1 denotes the
iteration step size. Since 𝑦(𝑃𝑠) is a concave function related
to 𝑃𝑠, the optimal power allocation strategy of P2, denoted by𝑃𝑜𝑝𝑡𝑠 , can be found as given inTheorem3. Letmin(𝑎, 𝑏) denote
the minimum between 𝑎 and 𝑏.
Theorem 3. The optimal resource allocation strategy of P2 is
given by

𝑃𝑠 = [ 1(𝜂𝜁 + 𝜏) ln 2 − (ℎ𝑝𝑠𝑃𝑝 + 𝜎2𝑤)𝑔𝑠𝑠 ]
+

(10a)

𝑃𝑜𝑝𝑡𝑠 = min(𝑃𝑠, 𝑃𝐼𝑛𝑔𝑠𝑝) (10b)

Remark 4. In delay-insensitive green CR, the optimal power
allocation strategy for EE maximization should take the
achievable EE of the SU and the power amplifier coefficient
of the SU-Tx into consideration, which is different from
the optimal power allocation strategy for EC maximization
in the conventional delay-insensitive CR proposed in [10,
12, 14]. When 𝜂 = 0, problem P2 degenerates into the
conventional EC maximization problem. This can be seen
from (4). In this case, the optimal power allocation strategy
for EE maximization subject to the PIP constraint and the
ATP constraint, given by (10a) and (10b), has a similar form
to that given in [10, eq. (13)].The difference lies in the fact that
the influence of the fading of the channel between the PU-Tx
and the SU is fully considered, whereas that influence is only
partially considered in [10].
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Figure 2: Flowchart of Algorithm 1 for EE maximization subject to the ATP constraint and the PIP constraint.

For a given 𝜂,P2 can be efficiently solved by using the pro-
posed optimal power allocation strategy given by (10a) and
(10b). In order to solve problem P1 and obtain the maximum
EE of the SU, Dinkelbach’s method is applied. An algorithm
based on the subgradient method and Dinkelbach’s method
is proposed to solve problem P1, denoted by Algorithm 1.
The principle of this algorithm is as follows. The optimal
transmit power is required to be iteratively updated by using
Theorem 3. The subgradient method is used to compute the
nonnegative dual variable until the optimal power level can
satisfy the ATP constraint, namely, |𝜏𝑘(𝑃𝑡ℎ − 𝐸{𝑃𝑜𝑝𝑡

𝑠,𝑘
})| ≤ 𝜉1. 𝑘

is the iterative index of the subgradient method and 𝜉1 is the
tolerable error for the ATP constraint. When the proposed
optimal power allocation strategy can support 𝑓(𝜂𝑛𝐸𝐸) = 0,

the maximum EE and corresponding optimal power level of
the SU are obtained. Otherwise, an 𝜉-optimal solution with
an error tolerance 𝜉 is adopted. In this case, the maximum
EE and corresponding optimal power level are obtainedwhen|𝑓(𝜂𝑛𝐸𝐸)| ≤ 𝜉. Note that if equations 𝑓(𝜂𝑛𝐸𝐸) = 0 and |𝑓(𝜂𝑛𝐸𝐸)| ≤𝜉 can not be satisfied, Algorithm 1 stops when the iteration
number becomes 𝑁. The flowchart of Algorithm 1 for EE
maximization subject to the PIP constraint and the ATP
constraint is shown in Figure 2.

3.2. EE Maximization in Delay-Sensitive Green CR. In this
subsection, the EE maximization problem is analyzed in
delay-sensitive green CR, subject to constraints on the PIP
and the ATP. In delay-sensitive green CR, the SU is sensitive
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to the delay, such as voice and video applications. In delay-
sensitive CR, the OC that evaluates the achievable constant
rate for all fading states is a more appropriate metric. Thus,
the EE definition in this green CR should be related to the
OC of the SU.

According to the work in [9–13], the traditional OP
minimization problem subject to the PIP constraint and the
ATP constraint can be formulated as the problem, P3, given
as

P3: min
𝑝𝑠(])≥0,∀]

Pr{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤) < 𝑟𝑠} (11a)

s.t. (1) and (2a) , (2b) are satisfied (11b)

where 𝑟𝑠 is the prescribed OC of the SU. It is straightforward
to see that the problem P3 is equivalent to the following
problem, P4, given as

P4: max
𝑝𝑠(])≥0,∀]

1 − Pr{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤) < 𝑟𝑠} (12a)

s.t. (1) and (2a) , (2b) are satisfied. (12b)

According to [27], the EE in delay-sensitive green CR is given
as

𝜂𝐸𝐸 (𝑃𝑠 (]))
= 𝑟𝑠 {1 − Pr {log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (]) / (ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤)) < 𝑟𝑠}}

E {𝜁𝑃𝑠 (]) + 𝑃𝐶}
(13)

where 𝜂𝐸𝐸(𝑃𝑠(])) denotes the EE function with respect to𝑃𝑠(]) in delay-sensitive greenCR. In order to formulate the EE
maximization problem, the OP given by (11a) is represented
as

Pr{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤) < 𝑟𝑠} = 𝐸 {𝜒𝑠 (V)} (14a)

𝜒𝑠 (V) = {{{{{
1, log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤) < 𝑟𝑠
0, otherwise

(14b)

where 𝜒𝑠(V) is an indicator function for the outage event
of the SU at fading state ]. Thus, the EE maximization
problem subject to constraints on the PIP and the ATP can
be formulated as problem, P5, given as

P5: max
𝑃𝑠(])

𝜂𝐸𝐸 (𝑃𝑠 (])) = 𝑟𝑠E {1 − 𝜒𝑠 (V)}
E {𝜁𝑃𝑠 (]) + 𝑃𝐶} (15a)

s.t. (1) and (2a) , (2b) are satisfied. (15b)

Since 𝜒𝑠(V) is not a concave function, problem P5 is a
general nonlinear fractional programming problem instead
of a nonlinear concave fractional programming problem.

Although problem P5 is not a nonlinear concave fractional
programming problem, Dinkelbach’s method can nonethe-
less be applied to solve problem P5 [30]. The reason is that
the numerator and the denominator of 𝜂𝐸𝐸(𝑃𝑠(])) satisfy
the condition of Dinkelbach’s method; the numerator and
the denominator of 𝜂𝐸𝐸(𝑃𝑠(])) are continuous and satisfy
E{𝜁𝑃𝑠(])+𝑃𝐶} > 0 andE{1−𝜒𝑠(V)} ≥ 0 for all𝑃𝑠(]) ∈ 𝑆1.Thus,
based on Dinkelbach’s method, problem P5 can be equivalent
to the parameter optimization problem, P6, given as

P6: max
𝑃𝑠(])∈𝑆1

𝑓 (𝜂)
= 𝑟𝑠E {1 − 𝜒𝑠 (V)} − 𝜂E {𝜁𝑃𝑠 (]) + 𝑃𝐶}

(16)

where 𝜂 is a nonnegative parameter. Using a similar method
to that used for problem P2, problem P6 can be solved by
solving the following problem, given as

max
𝑃𝑠∈𝑆2

𝑦 (𝑃𝑠) = −𝑟𝑠𝜒𝑠 (𝑃𝑠) − 𝜂𝜁𝑃𝑠 − 𝜏𝑃𝑠 (17)

where 𝜏 is the nonnegative dual variable with respect to the
ATP constraint given by (2a) and 𝜒𝑠(𝑃𝑠) is an explicit function
of 𝑃𝑠. Note that the fading state indicator, V, is dropped.
Similar to problemP2, problemP6 can be solved by iteratively
solving (17) for fixed 𝜏, and then updating 𝜏 by using the
subgradient method given in (9). 𝜒𝑠(𝑃𝑠) is in general a step
function with respect to 𝑃𝑠. Let 𝑦 denote the turning point of𝜒𝑠(𝑃𝑠), given as

𝑦 = (2𝑟𝑠 − 1) (ℎ𝑝𝑠𝑃𝑝 + 𝜎2𝑤)𝑔𝑠𝑠 (18)
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where 𝑦 ≥ 0. It is seen that 𝑦 is the minimum power required
for the SU to guarantee theOCof the SU, 𝑟𝑠 . Note that𝜒𝑠(𝑃𝑠) =1 for 𝑃𝑠 < 𝑦 and 𝜒𝑠(𝑃𝑠) = 0 for 𝑃𝑠 ≥ 𝑦. Let 𝑃𝑠𝑜𝑝𝑡 denote the
optimal power of P6.The following results can be obtained by
solving (17).

Case 1 (𝑦 > 𝑃𝐼𝑛/𝑔𝑠𝑝). In this case, when the SU transmits with
theminimumpower required tomaintain theOC 𝑟𝑠 of the SU,
the interference power caused for the PU is larger than the
PIP constraint. The SU is always in outage if the SU transmits
with the feasible power in 𝑆1. Thus, 𝑃𝑠𝑜𝑝𝑡 = 0.
Case 2 (𝑦 ≤ 𝑃𝐼𝑛/𝑔𝑠𝑝). In this case, themaximum of 𝑦(𝑃𝑠)may
be −𝑟𝑠 when 𝑃𝑠 = 0 or may be −(𝜂𝜁 + 𝜏)𝑦when 𝑃𝑠 = 𝑦, which
is the maximum depending on their relationship. When 𝑦 >𝑟𝑠/(𝜂𝜁 + 𝜏), the minimum power required to maintain the
OC 𝑟𝑠 of the SU is very large, and the SU stops transmitting
in order to save power. Thus, 𝑃𝑠𝑜𝑝𝑡 = 0. Otherwise, the SU
transmits with the optimal power, 𝑃𝑠𝑜𝑝𝑡 = 𝑦.

Theorem5 cannowbe formally stated based on the results
obtained above.

Theorem 5. The optimal resource allocation strategy of P6 is
given by

𝑃𝑜𝑝𝑡𝑠 =
{{{{{{{{{{{{{{{

0, 𝑦 > 𝑃𝐼𝑛𝑔𝑠𝑝
0, 𝑟𝑠𝜂𝜁 + 𝜏 < 𝑦 ≤ 𝑃𝐼𝑛𝑔𝑠𝑝
𝑦, 𝑦 ≤ 𝑃𝐼𝑛𝑔𝑠𝑝 , 𝑦 ≤ 𝑟𝑠𝜂𝜁 + 𝜏 .

(19)

Remark 6. It is seen from (16) that EEmaximization problem
in delay-sensitive CR is equivalent to the conventional OP
minimization problem proposed in [10] when 𝜂 = 0. Thus, it
is seen that the optimal power allocation strategy given by (19)
is similar to the form given in [10, eq. (28)] when 𝜂 = 0.When𝜂 = 0, the difference of the optimal power allocation strategy
for EE maximization given by (19) from the form given in
[10, eq. (28)] lies in the fact that the effect of the PU on the
SU is fully considered in this paper while that effect is only
partially considered in [10]. It is also seen that the optimal
power allocation strategy for EE maximization given by (19)
is influenced by the EE of the SU and the amplifier coefficient
of the SU-Tx. Furthermore, when the PIP is sufficiently loose
and the equation 𝑦 ≤ 𝑟𝑠/(𝜂𝜁 + 𝜏) always holds, the optimal
power level is equal to the minimum transmitted power level

required to guarantee theOCof the SU, and themaximumEE
of the SU is achieved at theminimum transmitted power level
required to guarantee the OC. Intuitively, in delay-sensitive
green CR, it is reasonable that the SU does not need to
increase transmitted power when the OC can be guaranteed
and thus the maximum EE is achieved when the SU transmits
with the minimum power level required to guarantee the
OC. Finally, when the ATP constraint is sufficiently loose
compared with the PIP constraint and 𝑦 ≤ 𝑟𝑠/(𝜂𝜁 + 𝜏) always
holds, it is seen that the optimal power allocation strategy is
only dependent on the PIP constraint and is equivalent to the
optimal power allocation strategy for OPminimization given
in [10, eq. (28)].

It is seen that problem P6 can be efficiently solved by
using the proposed optimal power allocation strategy given
in Theorem 5 for a given 𝜂. In order to solve problem P5 and
obtain the maximum EE of the SU and the corresponding
optimal power allocation strategy, Algorithm 1 can be applied
and it only requires several modifications. In this case, the
optimal power, 𝑃𝑠𝑜𝑝𝑡, is calculated by using Theorem 5. The
objective function, 𝑓(𝜂𝑛𝐸𝐸), and EE, 𝜂𝑛𝐸𝐸, are calculated by
using (16) and (13), respectively. For brevity, the details are
not given here.

4. EE Maximization under Peak
Transmit Power Constraint

In this section, EE maximization problems subject to con-
straints on the PIP and the PTP are studied in delay-
insensitive green CR and delay-sensitive green CR. The PTP
constraint is related to the nonlinearity of power amplifiers.
Another algorithm based on the derived optimal power
allocation strategies is proposed to solve EE maximization
problems under the PIP constraint and the PTP constraint.

4.1. EE Maximization in Delay-Insensitive Green CR. In this
subsection, the peak transmit power constraint is considered,
given as

𝑃𝑠 (]) ≤ 𝑃𝑡ℎ (20a)

𝑃𝑠 (]) ≥ 0 (20b)

where 𝑃𝑡ℎ is the maximum instantaneous transmit power of
the SU. In delay-insensitive green CR, the EE maximization
problem subject to the PIP constraint and the PTP constraint,
denoted by P7, is given as

P7: max
𝑃𝑠(])

𝜂𝐸𝐸 (𝑃𝑠 (])) = E {log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (]) / (ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤))}
E {𝜁𝑃𝑠 (]) + 𝑃𝐶} (21a)

s.t. (1) and (20a) , (20b) are satisfied. (21b)

Let 𝑆3 be 𝑆3 = {𝑃𝑠(]) | 𝑃𝑠(]) ∈ (1), 𝑃𝑠(]) ∈ (20a),(20b)}.
It is straightforward to show that 𝑆3 is a convex set. And

thus, problem P7 is also a nonlinear strictly quasiconcave and
strictly pseudoconcave fractional programming problem.
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Based on Dinkelbach’s method, problem P7 is equivalent to
the parameter optimization problem, denoted by P8, given as

P8: max
𝑃𝑠(])∈𝑆3

𝑓 (𝜂)
= E{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤)}

− 𝜂E {𝜁𝑃𝑠 (]) + 𝑃𝐶}
(22)

where 𝜂 is a nonnegative parameter. Using a similar method
as used in Section 3, problem P8 can be solved by solving the
following problem, given as

max
𝑃𝑠∈𝑆3

𝑦 (𝑃𝑠) = log2 (1 + 𝑔𝑠𝑠𝑃𝑠ℎ𝑝𝑠𝑃𝑝 + 𝜎2𝑤) − 𝜂𝜁𝑃𝑠. (23)

For a given 𝜂, problem P8 can be solved by solving (23)
for all fading states. Let 𝑃𝑠𝑜𝑝𝑡 denote the optimal power of
P8. Since 𝑦(𝑃𝑠) is concave with respect to 𝑃𝑠, the optimal
power allocation strategy for a given 𝜂, 𝑃𝑠𝑜𝑝𝑡, can be obtained
by solving (23) and is formally stated in Theorem 7. Let
min(𝑎, 𝑏, 𝑐) denote the minimum of 𝑎, 𝑏, and 𝑐.
Theorem 7. The optimal resource allocation strategy of P8 is
given by

𝑃𝑠 = [ 1𝜂𝜁 ln 2 − (ℎ𝑝𝑠𝑃𝑝 + 𝜎2𝑤)𝑔𝑠𝑠 ]
+

(24a)

𝑃𝑜𝑝𝑡𝑠 = min(𝑃𝑠, 𝑃𝐼𝑛𝑔𝑠𝑝 , 𝑃𝑡ℎ) (24b)

Remark 8. When 𝜂 = 0, the optimal power allocation strategy
for delay-insensitive green CR subject to the PIP constraint
and the PTP constraint, given in Theorem 7, is equivalent to
the optimal power allocation strategy for EC maximization
in conventional CR given in [10, eq. (11)]. In this case, the EE
maximization problem is equivalent to the EC maximization
problem in conventional CR. This also can be seen from
(22). From (24a) and (24b), it is seen that the optimal power
allocation strategy for maximizing the achievable EE of the
SU is required to take the EE of the SU and the amplifier
coefficient into consideration. Moreover, when 𝑃𝑠 is larger
than the maximum of 𝑃𝑡ℎ and 𝑃𝐼𝑛/𝑔𝑠𝑝, it is seen from (24a)
and (24b) that the optimal power strategy given inTheorem 7
is also equivalent to the optimal power allocation strategy for
EC maximization in conventional CR given in [10, eq. (11)].

For a given 𝜂, it is seen that problem P8 can be efficiently
solved by using the proposed optimal power allocation
strategy given inTheorem 7. In order to solve problem P7 and
obtain the maximum EE of the SU, similar to problem P1 and
problemP5, Dinkelbach’s method can be applied. An iterative
optimal power algorithm based on Dinkelbach’s method is
proposed to solve problem P7, denoted by Algorithm 2. The
principle of this algorithm is as follows. The optimal power
level is iteratively updated by usingTheorem 7.Themaximum
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Calculate 
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Figure 3: Flowchart of Algorithm 2 for EE maximization subject to
the PTP constraint and the PIP constraint.

EE and the corresponding optimal power level of the SU
are obtained as soon as the optimal power level can enable
the fact that 𝑓(𝜂𝑛𝐸𝐸) = 0 holds. Otherwise, an 𝜉-optimal
solution with an error tolerance 𝜉 is adopted. If equations𝑓(𝜂𝑛𝐸𝐸) = 0 and |𝑓(𝜂𝑛𝐸𝐸)| ≤ 𝜉 can not be satisfied, Algorithm
2 stops iterating when the maximum iteration number, 𝑁, is
achieved. The flowchart of Algorithm 2 for EE maximization
in delay-insensitive green CR, subject to the PIP constraint
and the PTP constraint, is shown in Figure 3.

4.2. EE Maximization in Delay-Sensitive Green CR. In this
subsection, the EE maximization problem in delay-sensitive
green CR subject to constraint on the PIP and the PTP is
studied. In this case, the EE maximization problem in delay-
sensitive green CR, denoted by problem P9, can be given as

P9: max
𝑃𝑠(])

𝜂𝐸𝐸 (𝑃𝑠 (])) = 𝑟𝑠E {1 − 𝜒𝑠 (V)}
E {𝜁𝑃𝑠 (]) + 𝑃𝐶} (25a)

s.t. (1) and (20a) , (20b) are satisfied (25b)
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where𝜒𝑠(V) is an index associated with the outage event of the
SU, given by (14b). Similar to problem P5, problem P9 can be
equivalent to a parameter optimization problem, denoted by
problem P10, given as

P10: max
𝑃𝑠(])∈𝑆3

𝑓 (𝜂)
= 𝑟𝑠E {1 − 𝜒𝑠 (V)} − 𝜂E {𝜁𝑃𝑠 (]) + 𝑃𝐶}

(26)

where 𝜂 is a nonnegative parameter. Similar to problem P6,
problem P10 can be solved by solving the subproblem, given
as

max
𝑃𝑠∈𝑆3

𝑦 (𝑃𝑠) = −𝑟𝑠𝜒𝑠 (𝑃𝑠) − 𝜂𝜁𝑃𝑠 (27)

where 𝜒𝑠(𝑃𝑠) is an explicit function of 𝑃𝑠. 𝜒𝑠(𝑃𝑠) = 1 for𝑃𝑠 < 𝑦 and 𝜒𝑠(𝑃𝑠) = 0 for 𝑃𝑠 ≥ 𝑦, and 𝑦 is given by (18).
For a given 𝜂, problem P10 can be solved by solving (27) for
all fading states. Let 𝑃𝑠𝑜𝑝𝑡 denote the optimal power of P10.
The following results can be obtained by solving (27). Let𝑃min
denote 𝑃min = min(𝑟𝑠/(𝜂𝜁), 𝑃𝐼𝑛/𝑔𝑠𝑝, 𝑃𝑡ℎ).
Case 1 (𝑦 > 𝑃min). In this case, when 𝑦 > 𝑟𝑠/(𝜂𝜁),
the minimum power required to guarantee the OC of the
SU is very large and results in very low EE; the SU stops
transmitting in order to save energy. Thus, 𝑃𝑠𝑜𝑝𝑡 = 0. When𝑦 > 𝑃𝐼𝑛/𝑔𝑠𝑝, the SU that transmits with the minimum
power required to guarantee the OC of the SU results in
unacceptable interference to the PU, and thus the SU stops
transmitting in order to protect the PU. Hence, 𝑃𝑠𝑜𝑝𝑡 = 0.
When 𝑦 > 𝑃𝑡ℎ and the minimum power requiring the
guarantee of the OC of the SU is larger than the PTP
constraint, the SU stops transmitting in order to protect the
SU transmitter. Thus, 𝑃𝑠𝑜𝑝𝑡 = 0.
Case 2 (𝑦 ≤ 𝑃min). In this case, 𝑦(𝑃𝑠) achieves the maximum,−𝜂𝜁𝑦, at 𝑃𝑠 = 𝑦. Thus, 𝑃𝑠𝑜𝑝𝑡 = 𝑦.

Theorem 9 can be formally stated based on the results
obtained above.

Theorem 9. The optimal resource allocation strategy of P10 is
given by

𝑃𝑜𝑝𝑡𝑠 = {{{
𝑦, 𝑦 ≤ 𝑃min

0, 𝑦 > 𝑃min
(28a)

𝑃min = min( 𝑟𝑠𝜂𝜁 , 𝑃𝐼𝑛𝑔𝑠𝑝 , 𝑃𝑡ℎ) . (28b)

Remark 10. In delay-sensitive green CR, under constraints on
the PIP and the PTP, the optimal power allocation strategy for
maximizing the EE given inTheorem 9 has a similar form to
thewell-known truncated channel inversion power allocation
strategy [32].The optimal power allocation strategy for green
delay-insensitive CR subject to the PIP constraint and the
PTP constraint, given in Theorem 9, is equivalent to the
optimal power allocation strategy for OP minimization in
conventional CR given in [10, eq. (24)] when 𝑟𝑠/(𝜂𝜁) ≥

max(𝑃𝐼𝑛/𝑔𝑠𝑝, 𝑃𝑡ℎ). In this case, the maximum EEs achieved
by using those two strategies are the same. It is seen that
the optimal power allocation strategy for EE maximization
in delay-sensitive green CR relates to the minimum power
required to guarantee the OC of the SU. This outcome is
explained by the fact that the SU does not need to increase
transmit power when the OC can be guaranteed in delay-
sensitive green CR.

For a given 𝜂, problem P10 can be efficiently solved
by the proposed optimal power allocation strategy given
in Theorem 9. In order to solve problem P9 and obtain
the optimal power strategy associated with the achievable
maximum EE of the SU, the modified Algorithm 2 can
be applied. In this case, the optimal power level, 𝑃𝑜𝑝𝑡𝑠 , is
calculated byTheorem 9.The objective function, 𝑓(𝜂𝑛𝐸𝐸), and
EE, 𝜂𝑛𝐸𝐸, are calculated by using (26) and (25a), respectively.
For brevity, the details are not given here.

4.3. Complexity. As shown in Algorithms 1 and 2, a nonnega-
tive dual variable related to the ATP is required to be updated
by using the subgradient method when the ATP constraint
is applied, whereas the for-loop is only activated when the
PTP constraint is used. Let𝑁1 and𝑁2 denote the amount of
for-loop activation and the number of the iterations required
by using the subgradient method of Algorithm 1, respectively.
Let𝑁3 denote the amount of for-loop activation of Algorithm
2. Let 𝑁𝑟 denote the number of channel realizations. Let ℓ1
denote the tolerance error for the subgradient method. Based
on the complexity analysis for the subgradient method in [33,
34], the total complexity of Algorithm 1 is O(𝑁1𝑁2𝑁𝑟×1/ℓ21),
whereas the total complexity of Algorithm 2 is O(𝑁3𝑁𝑟). It is
seen that the complexity of Algorithm 1 is higher than that
of Algorithm 2 since it requires obtaining a nonnegative dual
variable by using the subgradient method.𝑁2 is substantially
increased when there are several constraints related to the
average metrics, such as ATP. Thus, the decrease of the
number of constraints on average metrics can enable the
implementation of algorithms with low complexity.

5. Simulation Results

In this section, we give simulation results to evaluate the
achievable maximumEE of the SUwith the proposed optimal
power allocation strategies in delay-insensitive green CR and
delay-sensitive green CR. The achievable maximum EE with
the proposed optimal power allocation strategies is compared
with that achieved with the conventional power allocation
strategies given in [10]. Simulation results are also presented
to evaluate the performance of the two proposed algorithms.
The constant circuit power of the SU transmitter and the
amplifier coefficient, 𝑃𝐶 and 𝜁, are set to be 0.05 𝑊 and 0.2.
The variance of noise is set as 0.01. The transmit power of the
PU, 𝑃𝑝, is set to be 60 𝑚𝑊. The iterative step size of 𝜏 is set
as 0.1. The error tolerances, 𝜉 and 𝜉1, are set as 10−4. The EE
and capacities are evaluated by using 106 channel realizations
in ergodic fading channels. In all the simulations, the mean
values of the channel power gains, 𝑔𝑠𝑠, 𝑔𝑠𝑝, and ℎ𝑝𝑠, are set as2, 1.5, and 1.5. For the Nakagami-𝑚 channel, 𝑚 is chosen as
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Figure 4: The EE of the SU versus the ATP/PTP constraint for
different fading channel models with 𝑃𝐼𝑛 = 100 𝑚𝑊.

0.5. When the channel is modeled as an AWGN channel, the
channel power gain is a constant. In delay-sensitive green CR,
the OC of the SU is 1 bit/complex dimension (dim.).

Figure 4 shows the achievable maximum EE of the SU
versus the ATP/PTP constraint for different fading channel
models in delay-insensitive green CR. The PIP constraint
is set as 𝑃𝐼𝑛 = 100 𝑚𝑊. It is seen that the SU can
achieve EE gain under the ATP constraint compared with
that achieved under the PTP constraint, irrespective of
channel fading models. The reason is that the optimal power
allocation strategy can benefit more from a flexibility on
the ATP constraint than from that on the PTP constraint.
Specifically, a large dynamic range of the transmit power can
be obtained under the ATP constraint compared with that
achieved under the PTP constraint. As shown in Figure 4, the
maximum EE of the SU achieved under the PTP constraint
converges to that achieved under the ATP constraint when
the ATP/PTP constraint is sufficiently loose compared with
the PIP constraint. This can be explained by the fact that the
achievable maximum EE of the SU only depends on the PIP
constraint when the ATP/PTP constraint is inactive, and the
optimal power allocation strategies are the same in this case.
This can be seen fromTheorems 3 and 7.The same conclusion
has been obtained in [27].This further verifies our theoretical
analysis.

Figure 5 shows the EE and the EC of the SU versus the
PIP constraint for the EE maximization or for the conven-
tional EC maximization under the PTP/ATP constraint. The
PTP/ATP constraint is set as 𝑃𝑡ℎ = 𝑃𝑡ℎ = 100 𝑚𝑊. All the
channels involved are Rayleigh fading. It is seen in Figure 5(a)

that the EE of the SU achieved for EE maximization by
using the proposed optimal power allocation strategies is not
less than that achieved for EC maximization by using the
power allocation strategies proposed in [10]. This indicates
that the proposed optimal power allocation strategies for
EE maximization can guarantee that the SU obtains the
maximum value of EE, whereas the optimal power allocation
strategies proposed in [10] for EC maximization can not
do that. Thus, those strategies proposed in [10] are not
appropriate in delay-insensitive green CR in terms of EE
maximization. It is interesting to note in Figure 5(a) that the
EE of the SU achieved by using the conventional optimal
power allocation strategy under the PTP constraint may be
higher than that achieved by using the conventional optimal
power allocation strategy under the ATP constraint. The
reason is that the conventional optimal power allocation
strategies for EC maximization are not optimal with respect
to EE maximization in delay-insensitive green CR. However,
it is seen in Figure 5(b) that the EC of the SU achieved
by using the conventional optimal power allocation strategy
under the PTP constraint is always smaller than that achieved
by using the conventional optimal power allocation strategy
under the ATP constraint. Similar results have been obtained
for CR under spectrum sharing for EC maximization in
[10, 14].

Figure 6 offers a deep insight into the maximum EE of
the SU versus the PIP constraint and the ATP/PTP constraint
in delay-insensitive green CR. All the channels involved are
Rayleigh fading channels. It is seen that the maximum EE of
the SU increases with the loose PIP constraint or with the
loose ATP/PTP constraint. This is explained by the fact that
the optimal power level increases with the looser constraints.
It is also seen that the maximum EE of the SU achieved under
the ATP constraint is larger than that achieved under the PTP
constraint.

Figure 7 shows the EE of the SU versus the ATP/PTP
constraint for different fading channel models in delay-
sensitive green CR. The PIP constraint is set as 𝑃𝐼𝑛 =100 𝑚𝑊. In delay-sensitive green CR, it is also seen that the
EE of the SU achieved for EE maximization under the ATP
constraint is larger than that achieved for EE maximization
under the PTP constraint, irrespective of channel fading
models.This can also be explained by the fact that the optimal
power allocation strategy is more flexible under the ATP
constraint than the optimal power allocation strategy under
the PTP constraint.

Figure 8 presents a comparison of the EE and the OP of
the SU achieved for the EE maximization with that achieved
for the conventional OP minimization in delay-sensitive
green CR. The PTP/ATP constraint is set as 𝑃𝑡ℎ = 𝑃𝑡ℎ =50 𝑚𝑊. All the involved channels are Rayleigh fading. It is
seen that the maximum EE of the SU for EE maximization by
using the proposed optimal power allocation strategy under
the ATP constraint is not less than that of the SU for OP
minimization by using the optimal power allocation strategy
given in [10, eq. (28)]. This indicates that the conventional
optimal power allocation strategy for OPminimization given
in [10, eq. (28)] is not always optimal in delay-sensitive green
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Figure 5: (a) The EE of the SU versus the PIP constraint for EE maximization or EC maximization under the PTP/ATP constraint, 𝑃𝑡ℎ =𝑃𝑡ℎ = 100 𝑚𝑊. (b) The EC of the SU versus the PIP constraint for EE maximization or EC maximization under the PTP/ATP constraint,𝑃𝑡ℎ = 𝑃𝑡ℎ = 100 𝑚𝑊.
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Figure 6: (a) The EE of the SU versus the PIP constraint and the ATP constraint in delay-insensitive green CR. (b) The EE of the SU versus
the PIP constraint and the PTP constraint in delay-insensitive green CR.

CR in terms of EE maximization. As shown in Figure 8(a),
when the PIP constraint is sufficiently tense compared with
the ATP constraint, i.e., 𝑃𝐼𝑛 = 30 𝑚𝑊, the EE achieved by
using the proposed optimal power allocation strategy is equal
to that achieved by using the conventional optimal power
allocation strategy. The reason is that only the PIP constraint
is active and those two optimal strategies are equivalent in
this case.This is consistent with our theoretical analysis given
in Section 3.2. It is seen that the EE of the SU achieved by
using the proposed optimal power allocation strategy for EE
maximization given inTheorem 9 and that achieved by using

the optimal power allocation strategy for OP minimization
given in [10, eq. (24)] are the same when the PIP constraint
and the PTP constraint are very tense. This is explained by
the fact that the proposed optimal power allocation strategy
given inTheorem 9 and the optimal power allocation strategy
given in [10, eq. (24)] are equivalent when the EE of the SU
is small and the equation 𝑟𝑠/(𝜂𝜁) ≥ max(𝑃𝐼𝑛/𝑔𝑠𝑝, 𝑃𝑡ℎ) always
holds. The results confirm our theoretical analysis given in
Section 4.2.

Figure 9 is presented to show that the optimal power
allocation strategy for OP minimization proposed in [10, eq.
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Figure 7: The EE of the SU versus the ATP/PTP constraint for different fading channel models with 𝑃𝐼𝑛 = 100 𝑚𝑊 in delay-sensitive green
CR.
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Figure 8: (a)The EE of the SU versus the PIP constraint for EE maximization or OP minimization under the PTP/ATP constraint in delay-
sensitive green CR, 𝑃𝑡ℎ = 𝑃𝑡ℎ = 50 𝑚𝑊. (b) The OP of the SU versus the PIP constraint for EE maximization or OP minimization under the
PTP/ATP constraint in delay-sensitive green CR, 𝑃𝑡ℎ = 𝑃𝑡ℎ = 50 𝑚𝑊.

(24)] is not always optimal in delay-sensitive green CR while
the proposed power allocation strategy given in Theorem 9
is optimal with respect to EE maximization. Since those two
strategies are equivalent when the PIP constraint and the
PTP constraint are very tense, as shown in Figure 8, another
green CR is considered. In this green CR, the transmit power

of the PU is set as 𝑃𝑝 = 500 𝑚𝑊. The PTP constraint is𝑃𝑡ℎ = 2 𝑊. The channel gains, 𝑔𝑠𝑝, and ℎ𝑝𝑠, model Rayleigh
fading channels with mean 1.5. It is seen that the EE of the
SU achieved for EE maximization by using the proposed
power strategy given inTheorem9 is larger than that achieved
for OP minimization by using the power allocation strategy
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Table 1: The comparison of time (s) taken by Algorithm 1 with time taken by Algorithm 2.

Green CR Transmit power
20𝑚𝑊 30𝑚𝑊 40𝑚𝑊 50𝑚𝑊 60𝑚𝑊 70𝑚𝑊 80 𝑚𝑊 90𝑚𝑊

Delay-insensitive Average 535.162 313.368 212.008 155.220 119.644 95.025 77.328 63.751
Peak 0.198 0.203 0.199 0.199 0.208 0.200 0.199 0.198

Delay-sensitive Average 856.223 733.604 242.051 198.239 130.344 81.732 61.740 50.934
Peak 0.170 0.168 0.182 0.177 0.177 0.180 0.175 0.177
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Figure 9: The EE of the SU versus the PTP constraint for EE
maximization or OP minimization under the PTP constraint with𝑃𝑡ℎ = 2 𝑊.

proposed in [10, eq. (24)] when the PIP is loose. It is also seen
that the EE of the SU when 𝑔𝑠𝑠 models the AWGN channel is
larger than that when 𝑔𝑠𝑠 models the Rayleigh channel. This
also indicates that the fading of the channel between the SU-
Tx and the SU-Rx is unfavorable to the SU in terms of EE
maximization.

Table 1 shows comparisons of time taken by Algorithm 1
with the ATP constraint to time taken by Algorithm 2 with
the PTP constraint in delay-insensitive green CR and delay-
sensitive green CR. The unit of time is 𝑠. The PIP constraint
is set as 𝑃𝐼𝑛 = 0.15 𝑊. All the channels involved are
Rayleigh fading. Note that Algorithm 1 is proposed to solve
the EE maximization problem under the ATP constraint,
whereasAlgorithm2 is given for solving the EEmaximization
problem under the PTP constraint. It is seen that the time
spent on solving the EE maximization problem under the
ATP constraint is much more than the time spent on solving
the EE maximization problem under the PTP constraint,
irrespective of whether the case is delay-insensitive green
CR or delay-sensitive green CR. The reason is that much
time is spent on computing the nonnegative dual variable
with respect to the ATP constraint. Thus, a green CR with
the PTP constraint can be implemented with low complexity

comparedwith the greenCRwith theATP constraint in terms
of EE maximization. On the other hand, the SU can achieve
EE gain under the ATP constraint in contrast with the PTP
constraint. Thus, the design of a green CR should take the
tradeoff between its complexity and its maximum EE into
consideration.

6. Conclusion

Energy efficiency maximization problems were studied in
delay-insensitive green CR and delay-sensitive green CR.
Optimal power allocation strategies for delay-insensitive
green CR and delay-sensitive green CR were designed to
maximize the achievable EE of the SU. Two algorithms based
on the proposed optimal resource allocation strategies were
proposed. It is shown that CR with the instantaneous metric
constraint can achieve implementation with low complexity
in contrast with CR with the average metric constraint.
Simulation results illustrated that the SU can achieve EE
gain under the ATP constraint compared with that achieved
under the PTP constraint in terms of EE maximization.
The design of a green CR system should take the tradeoff
between its complexity and its achievable maximum EE into
consideration.

Appendix

A. Proof of Theorem 1

A strictly quasiconcave function is defined as follows. Let 𝑆 be
a nonempty convex set. 𝑓 is a strictly quasiconcave function
if, for each 𝑥1, 𝑥2 ∈ 𝑆 with 𝑓(𝑥1) ̸= 𝑓(𝑥2), one has
𝑓 [𝜆𝑥1 + (1 − 𝜆) 𝑥2] > min {𝑓 (𝑥1) , 𝑓 (𝑥2)} ,

for 𝜆 ∈ (0, 1) . (A.1)

Let 𝑅𝐸𝐶𝐸𝐸(𝑃𝑠) and 𝑃𝐸𝐸(𝑃𝑠) denote the numerator and the
denominator of 𝜂𝐸𝐸(𝑃𝑠(])), respectively; namely, 𝑅𝐸𝐶𝐸𝐸(𝑃𝑠) =
E{log2(1 + 𝑔𝑠𝑠𝑃𝑠/(ℎ𝑝𝑠𝑃𝑝 + 𝜎2𝑤))} and 𝑃𝐸𝐸(𝑃𝑠) = E{𝜁𝑃𝑠 +𝑃𝐶}. 𝑅𝐸𝐶𝐸𝐸(𝑃𝑠) is a concave function of 𝑃𝑠 since log2(1 +𝑔𝑠𝑠𝑃𝑠/(ℎ𝑝𝑠𝑃𝑝 + 𝜎2𝑤)) is a concave function of 𝑃𝑠 [31]. 𝑃𝐸𝐸(𝑃𝑠)
is a convex function of 𝑃𝑠 and also is a concave function
of 𝑃𝑠 since 𝜁𝑃𝑠 + 𝑃𝐶 is an affine function of 𝑃𝑠. Note that𝑃𝐸𝐸(𝑃𝑠) > 0. For brevity, the index ] for the fading state is
dropped. Let 𝑃1𝑠 , 𝑃2𝑠 ∈ 𝑆1 and 0 ≤ 𝜆 ≤ 1. It is assumed that
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𝜂𝐸𝐸(𝑃1𝑠 ) < 𝜂𝐸𝐸(𝑃2𝑠 ). Now, since 𝑅𝐸𝐶𝐸𝐸(𝑃𝑠) is a strictly concave
function of 𝑃𝑠, one has

𝑅𝐸𝐶𝐸𝐸 [𝜆𝑃1𝑠 + (1 − 𝜆) 𝑃2𝑠 ]
> 𝜆𝑅𝐸𝐶𝐸𝐸 (𝑃1𝑠 ) + (1 − 𝜆)𝑅𝐸𝐶𝐸𝐸 (𝑃2𝑠 )
> 𝜆𝑅𝐸𝐶𝐸𝐸 (𝑃1𝑠 ) + (1 − 𝜆) 𝑅𝐸𝐶𝐸𝐸 (𝑃1𝑠 )𝑃𝐸𝐸 (𝑃1𝑠 ) 𝑃𝐸𝐸 (𝑃

2
𝑠 )

= 𝑅𝐸𝐶𝐸𝐸 (𝑃1𝑠 )𝑃𝐸𝐸 (𝑃1𝑠 ) [𝜆𝑃𝐸𝐸 (𝑃1𝑠 ) + (1 − 𝜆) 𝑃𝐸𝐸 (𝑃2𝑠 )] .

(A.2)

Since 𝜆𝑃𝐸𝐸(𝑃1𝑠 ) + (1 − 𝜆)𝑃𝐸𝐸(𝑃2𝑠 ) = 𝑃𝐸𝐸[𝜆𝑃1𝑠 + (1 − 𝜆)𝑃2𝑠 ], one
has

𝑅𝐸𝐶𝐸𝐸 [𝜆𝑃1𝑠 + (1 − 𝜆) 𝑃2𝑠 ]𝑃𝐸𝐸 [𝜆𝑃1𝑠 + (1 − 𝜆) 𝑃2𝑠 ] > 𝑅𝐸𝐶𝐸𝐸 (𝑃1𝑠 )𝑃𝐸𝐸 (𝑃1𝑠 ) . (A.3)

Thus, 𝜂𝐸𝐸(𝑃𝑠(])) is strictly quasiconcave on 𝑆1.
On the other hand, since 𝑅𝐸𝐶𝐸𝐸(𝑃𝑠) and 𝑃𝐸𝐸(𝑃𝑠) are differ-

entiable, the derivation of 𝜂𝐸𝐸(𝑃𝑠) can be given as

𝑑𝜂𝐸𝐸 (𝑃𝑠)𝑑𝑃𝑠
= 1𝑃2𝐸𝐸 (𝑃𝑠)

× [𝑑𝑅𝐸𝐶𝐸𝐸 (𝑃𝑠)𝑑𝑃𝑠 𝑃𝐸𝐸 (𝑃𝑠) − 𝑑𝑃𝐸𝐸 (𝑃𝑠)𝑑𝑃𝑠 𝑅𝐸𝐶𝐸𝐸 (𝑃𝑠)] .
(A.4)

Let 𝑃𝜐 denote the value of 𝑃𝑠 that makes the derivative of𝜂𝐸𝐸(𝑃𝑠) be equal to zero. One has
𝑑𝑅𝐸𝐶𝐸𝐸 (𝑃𝜐)𝑑𝑃𝜐 = 𝑑𝑃𝐸𝐸 (𝑃𝜐)𝑑𝑃𝜐 𝜂𝐸𝐸 (𝑃𝜐) . (A.5)

Since 𝑅𝐸𝐶𝐸𝐸(𝑃𝑠) is a concave function of 𝑃𝑠, one has
𝑅𝐸𝐶𝐸𝐸 (𝑃𝑠) ≤ 𝑅𝐸𝐶𝐸𝐸 (𝑃𝜐) + 𝑑𝑅𝐸𝐶𝐸𝐸 (𝑃𝜐)𝑑𝑃𝜐 (𝑃𝑠 − 𝑃𝜐)

= 𝑅𝐸𝐶𝐸𝐸 (𝑃𝜐) + 𝑑𝑃𝐸𝐸 (𝑃𝜐)𝑑𝑃𝜐 𝜂𝐸𝐸 (𝑃𝜐) (𝑃𝑠 − 𝑃𝜐) .
(A.6)

Since 𝑃𝐸𝐸(𝑃𝑠) is a convex function of 𝑃𝑠 and also is a concave
function of 𝑃𝑠, one has

𝑑𝑃𝐸𝐸 (𝑃𝜐)𝑑𝑃𝜐 (𝑃𝑠 − 𝑃𝜐) = 𝑃𝐸𝐸 (𝑃𝑠) − 𝑃𝐸𝐸 (𝑃𝜐) . (A.7)

According to (A.6) and (A.7), one has

𝑅𝐸𝐶𝐸𝐸 (𝑃𝑠)𝑃𝑠 (𝑃𝑠) ≤ 𝜂𝐸𝐸 (𝑃𝜐) . (A.8)

It is seen that 𝑃𝜐 is the local maximum of 𝜂𝐸𝐸(𝑃𝑠). Thus,𝜂𝐸𝐸(𝑃𝑠) is strictly pseudoconcave since 𝜂𝐸𝐸(𝑃𝑠) is strictly
quasiconcave and 𝑅𝐸𝐶𝐸𝐸(𝑃𝑠) is a concave function. Moreover,𝜂𝐸𝐸(𝑃𝑠) ≤ 𝜂𝐸𝐸(𝑃𝜐) holds at any 𝑃𝑠 if 𝑑𝜂𝐸𝐸(𝑃𝜐)/𝑑𝑃𝜐 = 0. Thus,𝑃𝜐 is the global maximum of 𝜂𝐸𝐸(𝑃𝑠). The proof is complete.

B. Proof of Theorem 2

Let 𝑃𝑜𝑝𝑡𝑠 (]) and 𝜂𝑜𝑝𝑡(𝑃𝑜𝑝𝑡𝑠 (])) denote the optimal solution of
P1 and the corresponding maximum value of EE. One has

𝜂𝑜𝑝𝑡 (𝑃𝑜𝑝𝑡𝑠 (])) = max
𝑃𝑠(])∈𝑆1

⋅ E {log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (]) / (ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤))}
E {𝜁𝑃𝑠 (]) + 𝑃𝐶}

= E {log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑜𝑝𝑡𝑠 (]) / (ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤))}
E {𝜁𝑃𝑜𝑝𝑡𝑠 (]) + 𝑃𝐶} .

(B.1)

Thus, one has

E {log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (]) / (ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤))}
E {𝜁𝑃𝑠 (]) + 𝑃𝐶}

≤ E {log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑜𝑝𝑡𝑠 (]) / (ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤))}
E {𝜁𝑃𝑜𝑝𝑡𝑠 (]) + 𝑃𝐶}

= 𝜂𝑜𝑝𝑡 (𝑃𝑜𝑝𝑡𝑠 (]))

(B.2a)

E{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤)}
− 𝜂𝑜𝑝𝑡 (𝑃𝑜𝑝𝑡𝑠 (]))E {𝜁𝑃𝑠 (]) + 𝑃𝐶} ≤ 0

(B.2b)

E{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑜𝑝𝑡𝑠 (])
ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤)}

− 𝜂𝑜𝑝𝑡 (𝑃𝑜𝑝𝑡𝑠 (]))E {𝜁𝑃𝑜𝑝𝑡𝑠 (]) + 𝑃𝐶} = 0.
(B.2c)

According to (B.2a), (B.2b), and (B.2c), the maximum of𝑓(𝜂)
is zero and is achieved when the optimal EE is obtained and
the optimal power is adopted. It is proved that the optimized
solution of P1 is the optimization of P2. On the other hand,
let 𝑃𝑜𝑝𝑡 denote the optimized solution of the problem, given
as

max
𝑃𝑠(])∈𝑆1

𝑓 (𝜂𝑜𝑝𝑡)
= E{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤)}

− 𝜂𝑜𝑝𝑡E {𝜁𝑃𝑠 (]) + 𝑃𝐶} = 0.
(B.3)

One has

E{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤)}
− 𝜂𝑜𝑝𝑡E {𝜁𝑃𝑠 (]) + 𝑃𝐶}
≤ E{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑜𝑝𝑡 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤)}
− 𝜂𝑜𝑝𝑡E {𝜁𝑃𝑜𝑝𝑡 (]) + 𝑃𝐶}

(B.4a)
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E{log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑜𝑝𝑡 (])ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤)}
− 𝜂𝑜𝑝𝑡E {𝜁𝑃𝑜𝑝𝑡 (]) + 𝑃𝐶} = 0

(B.4b)

E {log2 (1 + 𝑔𝑠𝑠 (]) 𝑃𝑠 (]) / (ℎ𝑝𝑠 (]) 𝑃𝑝 + 𝜎2𝑤))}
E {𝜁𝑃𝑠 (]) + 𝑃𝐶}

≤ 𝜂𝑜𝑝𝑡.
(B.4c)

Thus, it is seen that the optimized solution of P2 is also the
optimized solution of P1. The proof is complete.
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obtained by using the algorithms proposed in this article.
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Simultaneous wireless information and power transfer (SWIPT) is a promising technique to prolong the lifetime of energy-
constrained relay systems. Most previous works optimize power-splitting (PS) scheme based on a linear or a simple two-piecewise
linear energy harvesting (EH) model, while the employed EHmodel may not characterize the properties of practical EH harvesters
well.This leads to a mismatch between the existing PS scheme and the practical EH harvester available for relay systems. Motivated
by this, this paper is devoted to the design of PS scheme in a nonlinear EH amplify-and-forward energy-constrained relay system
in the presence of a direct link between the source and the destination. In particular, we formulate an optimization problem to
maximize the system capacity according to the instantaneous channel state information, subject to a nonlinear EH model based
on the logistic function. The objective function of the formulated problem is proven to be unimodal and there is no closed-form
expression for the optimal PS ratio due to the complexity of logistic function. In order to reduce overhead cost of optimizing PS
ratio, a simpler nonlinear EH model based on the inverse proportional function is employed to replace the nonlinear EH model
based on the logistic function and we further derive the closed-form expression for the optimal PS ratio. Simulation results reveal
that a higher system capacity can be achievedwhen the PS scheme is optimized based on nonlinear EHmodels instead of the linear
EH model, and that there is only a marginal difference between the capacity under the two optimal PS schemes optimized for two
different nonlinear EH models.

1. Introduction

The aim of Internet of Things (IoT) is to enable people and
things to be connected anytime, anyplace, with anything and
anyone, ideally using any path/network and any service [1].
It allows massive IoT devices such as low-power wireless
sensors to access the wireless communication networks and
communicate with each other. The limited lifetime of IoT
devices is a fundamental problem for implementing IoT
deployment. Motivated by this, simultaneous wireless infor-
mation and power transfer (SWIPT) is proposed and devoted
to the solution of this problem. On the other hand, relaying
technology is highly beneficial in wireless communications
in terms of the communication range, the energy efficiency,
and the system capacity [2, 3]. However, when the relaying
technology is employed in IoT networks, the IoT devices are
unwilling to be a relay in order to avoid the extra energy

consumption since these devices usually have limited battery
capacity. Thus, integrating SWIPT and relaying is a viable
option to strike a tradeoff between information processing
and power supply and gains much attention recently [4–6].
In this field, the design of energy harvesting (EH) scheme,
which instructs the relay either to switch the received radio
frequency (RF) signal in the time domain or to split the
received RF signal in the power domain to provide signal
processing and power transfer, is one of the most important
issues.

Until now, there have been many reports [4–14] regard-
ing how to design an appropriate EH scheme for SWIPT
based relay systems. The works [4, 7] studied the effects
of power-splitting (PS) ratio and time-switching (TS) ratio
on the amplify-and-forward (AF) and decode-and-forward
(DF) relay systems by deriving the expressions for outage
probability and ergodic capacity. In [8], both the PS ratio and
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TS ratiowere optimized tomaximize the system transmission
rate in DF relay systems, where the relay has a certain amount
of remaining energy. By combining both TS and PS, a hybrid
scheme was proposed and further optimized in [9]. The
authors of [10] designed two optimal PS schemes with full
and partial channel state information (CSI) to minimize the
system outage probability in an AF relay system. Assuming
the availability of source-destination link, the optimal PS
ratio was designed and the diversity gains for the relay and
the destination were analyzed [11]. By means of the stochastic
geometry, the authors proposed a dynamic PS scheme in aDF
relay system with a random number of transmitter-receiver
pairs and investigated its outage probability [12]. Recognizing
the advantages of nonorthogonal multiple access (NOMA)
in spectrum efficiency, a novel cooperative SWIPT-NOMA
system was integrated [13], and an optimal PS scheme was
further proposed [14].

These works [4–14] were based on a linear EH model,
in which the RF-to-direct current (DC) power conversion
efficiency is a fixed constant and independent of the input
power of the energy harvester. As pointed out by [15–17], the
practical energy harvester operates in a nonlinear mode and
the linear EH model may not characterize the properties of
practical EH harvesters well. Further, the optimal PS schemes
based on the linear EH model may not be optimal for the
practical scenario. As a result, the existing schemes based on
a linear EH model may need to be redesigned to avoid the
mismatch caused by the resource allocation under the linear
EH model, and ever-increasing attention has been paid into
the study of nonlinear EHmodel in wireless communications
(see [18–30] and references therein). References [18–25]
introduced the nonlinear EH model into the wireless pow-
ered communication networks, the SWIPT-NOMA system,
and the cognitive radio networks with SWIPT, where the
resource allocation scheme, including the transmit power
of the transmitter, and the PS/TS ratio, is concentrated.
The studies revealed that a higher system capacity could be
achieved by designing the EH scheme based on the nonlinear
EH model instead of the conventional linear one. Apart
from the aforementioned networks, the researchers have also
studied the design of EH scheme in nonlinear EH relay
systems [26–30]. For example, the authors of [26, 27] focused
on the design of PS scheme for nonlinear EH two-way relay
systems. Since the low complexity of hardware is very vital
to energy-constrained relay systems, the researches on one-
way relay systems have attracted a lot of interests [28–30]. In
particular, the works [28, 29] derived the outage probability
of a PS enabled nonlinear EH relay system. Considering the
perfect/imperfect CSI at the relay, an optimal PS scheme
was developed to minimize the outage probability [30] in an
AF nonlinear EH relay system. These aforementioned works
have laid the foundation for the design of EH scheme in
one-way relay systems. After careful analysis of the existing
works [28–30], it can be found that a simple two-piecewise
linear EH model was employed, and that the employed two-
piecewise linear model cannot provide sufficient precision
compared with the existing nonlinear EH models based on
the logistic function and the inverse proportional function.
Therefore, there still remains a large gap to be filled regarding

the design of EH scheme for nonlinear EH one-way relay
systems.

Motivated by this observation, this paper is devoted to
the design of PS schemes for an AF relay system with direct
link in terms of system capacity, where the nonlinear EH
models proposed in [16, 18] are used to characterize the prop-
erties of practical EH circuits. Our contributions are as fol-
lows.

(i) We optimize the PS scheme to maximize the system
capacity under the nonlinear EH model based on a
logistic function.We prove that the objective function
is unimodal and the optimal solution is obtained by
the golden section search method.

(ii) Employing the nonlinear EH model based on an
inverse proportional function instead of the logistic
function, a closed-form expression for the optimal
PS ratio is derived to maximize the system capacity.
Compared with the PS scheme optimized for the
nonlinear EH model based on the logistic function,
the PS scheme optimized for the nonlinear EHmodel
based on the inverse proportional enjoys a lower
computational complexity with the near-optimal per-
formance.

It is worth pointing out that energy efficiency (EE) is also
an important performance metric. Since the EE is defined as
the ratio of system capacity to power consumption [31], the
optimization of EE is equivalent to the optimization of system
capacity for a fixed transmit power.Thus, our derived optimal
solution of this paper is the same as the optimal solution to
maximize EE. If the transmit power is adjustable and smaller
than a maximum power transmit, we should optimize both
PS ratio and transmit power simultaneously. In this case,
the solution to maximize EE is different from the derived
results of this paper, while how to obtain the optimal PS
ratio and optimal transmit power is beyond the scope of this
paper.

2. System Model and Working Flow

As shown in Figure 1, we consider a SWIPT based AF relay
system, composed of a source node 𝑆, an energy-constrained
relay node 𝑅, and a destination node 𝐷. To be general, we
assume that there exists a direct link between the source and
the destination. All nodes operate in a half-duplex mode and
are equipped with single antenna. It is assumed that both the
source and the destination are equipped with fixed power
supply, and that both “harvest-then-forward” scheme and
the PS scheme are employed to encourage the relay to be
cooperative with the source’s transmission. Let ℎ𝑖𝑗, ∀𝑖, 𝑗 ∈
{𝑆, 𝑅,𝐷} and 𝑖 ̸= 𝑗 denote the channel coefficients between 𝑖
and 𝑗 in a quasistatic fading model. Let𝑃𝑠 denote the transmit
power of the source. All the channel state information (CSI)
is available at the relay in order to investigate the system
performance limits of the PS scheme.Moreover, we ignore the
processing energy required by the transmit/receive circuitry
at the relay [4–14].
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Figure 1: An illustration of PS scheme.

2.1. Energy Harvesting Model. Since the conventional lin-
ear EH model may not be accurate for modelling the
practical energy harvester due to the nonlinearity of the
diodes, inductors, and capacitors, by fitting over real mea-
surement data based on the logistic function, the authors
of [18] proposed an accurate nonlinear EH model, given
by

𝑃(1)H = 𝐸max/ (1 + exp (−𝑎 (𝑃RF − 𝑏))) − 𝐸maxΩ
1 − Ω (1)

where 𝑃(1)H denotes the amount of harvested energy; 𝑃RF is
the input power of the energy harvester; 𝑎 and 𝑏 are the
parameters determined by the resistance, capacitance, and so
on; 𝐸max is the maximum harvestable power when the circuit
becomes saturated and Ω = 1/(1 + exp(𝑎𝑏)).

Recently, using the inverse proportional function instead
of the logistic function to fit over real measurement data,
Chen et al. in [16] proposed a more mathematically tractable
nonlinear EH model, given as

𝑃(2)H = 𝑎𝑃RF + 𝑏
𝑃RF + 𝑐 − 𝑏

𝑐 (2)

where 𝑎, 𝑏, and 𝑐 are the fixed parameters. The comparison
between the above two nonlinear models will be presented in
Section 4.

2.2. Working Flow. In the first time slot, 𝑆 broadcasts infor-
mation 𝑥𝑠 to 𝑅 and 𝐷 with a transmit power 𝑃𝑠. Then the
received signals at the relay and the destination node 𝐷 are
given by

𝑦𝑠𝑟 = √𝑃𝑠ℎ𝑆𝑅𝑥𝑠 + 𝑛𝑠𝑟 (3)

𝑦𝑠𝑑 = √𝑃𝑠ℎ𝑆𝐷𝑥𝑠 + 𝑛𝑠𝑑 (4)

where E{|𝑥𝑠|2} = 1 and 𝑛𝑠𝑟 ∼ CN(0, 𝜎2𝑠𝑟) is the additive white
Gaussian noise (AWGN) and 𝑛𝑠𝑑 ∼ CN(0, 𝜎2𝑠𝑑).

For the destination 𝐷, the received signal-to-noise ratio
(SNR) can be calculated as

𝛾𝑠𝑑 = 𝑃𝑠 ℎ𝑆𝐷2
𝜎2
𝑠𝑑

. (5)

For the relay 𝑅, after receiving the signal from the source
𝑆, the relay 𝑅 splits it into two parts: √𝜆𝑦𝑠𝑟 for harvesting
energy and √1 − 𝜆𝑦𝑠𝑟 for information processing, where 𝜆 is
the PS ratio at the relay.Thus, the received RF power used for
energy harvesting, 𝑃RF, and the signal used for amplification,
𝑥𝑟, are given by

𝑃RF = 𝜆 (𝑃𝑠 ℎ𝑆𝑅2 + 𝜎2𝑠𝑟) (6)

𝑥𝑟 = √1 − 𝜆(√𝑃𝑠ℎ𝑆𝑅𝑥𝑠 + 𝑛𝑠𝑟) + 𝑛𝑝 (7)

where 𝑛𝑝 ∼ CN(0, 𝜎2𝑝) is the additive white baseband
Gaussian noise.

If the energy harvesting is completed, the total harvested
energy is given by

𝐸total = 𝑇
2 𝑃H (8)

where 𝑃H is the output power of the energy harvester and

𝑃H = {
{{
𝑃(1)H , if the non–linear EH model based on the logistic function is employed

𝑃(2)H , if the non–linear EH model based on the inverse proportional function is employed.
(9)



4 Wireless Communications and Mobile Computing

In the second time slot, 𝑅 amplifies the signal 𝑥𝑟 by using
the harvested energy and forwards the amplified signal to𝐷.
Hence, the received signal at 𝐷 is given by

𝑦𝑟𝑑 = ℎ𝑅𝐷𝐺𝑥𝑟 + 𝑛𝑟𝑑 (10)

where𝐺 = √𝑃H/((1 − 𝜆)(𝑃𝑠|ℎ𝑆𝑅|2 + 𝜎2𝑠𝑟) + 𝜎2𝑝) is the amplifier
gain at 𝑅 and 𝑛𝑟𝑑 ∼ CN(0, 𝜎2𝑟𝑑) is the AWGN at 𝐷.

Then the received SNR from 𝑅 to𝐷 is given by

𝛾𝑟𝑑
= (1 − 𝜆) 𝑃𝑠𝑃H ℎ𝑆𝑅2 ℎ𝑅𝐷2
𝑃H ℎ𝑅𝐷2 ((1 − 𝜆) 𝜎2𝑠𝑟 + 𝜎2𝑝) + 𝜎2𝑟𝑑 ((1 − 𝜆)𝐾 + 𝜎2𝑝)

(11)

where𝐾 = 𝑃𝑠|ℎ𝑆𝑅|2 + 𝜎2𝑠𝑟.
By implementing the maximal ratio combining (MRC)

scheme at the destination 𝐷, the overall system capacity is
given by

𝐶total = 𝑇
2 log2 (1 + 𝛾𝑠𝑑 + 𝛾𝑟𝑑) . (12)

3. Optimal Power-Splitting Scheme

3.1. Nonlinear EH Model Based on the Logistic Function. In
this subsection, we design an optimal PS scheme tomaximize
the overall system capacity for an AF relay system with
SWIPT based on the nonlinear EH model in [18].

Substituting (1) into (11), the received SNR from 𝑅 to 𝐷
under the nonlinear EH model, in (1), is

𝛾(1)𝑟𝑑 = 𝐴 (1 − 𝜆) 𝑃(1)H
𝐵 [(1 − 𝜆) 𝑃(1)H + 𝐶𝑃(1)H + 𝐷1 (1 − 𝜆) + 𝐸] (13)

where 𝐴 = 𝑃𝑠|ℎ𝑆𝑅|2, 𝐵 = 𝜎2𝑠𝑟, 𝐶 = 𝜎2𝑝/𝜎2𝑠𝑟, 𝐷1 =
𝐾𝜎2𝑟𝑑/|ℎ𝑅𝐷|2𝜎2𝑠𝑟, and 𝐸 = 𝜎2𝑟𝑑𝜎2𝑝/|ℎ𝑅𝐷|2𝜎2𝑠𝑟.

Then the system capacity in this case can be computed as

𝐶(1)total = 𝑇
2 log2 (1 + 𝛾𝑠𝑑 + 𝛾

(1)
𝑟𝑑 ) . (14)

Based on (14), the optimization problem can be formu-
lated as

P1 : maximize 𝐶(1)total
subject to 0 ≤ 𝜆 ≤ 1. (15)

It is obvious that the optimization problem of maximizing
the overall system capacity is equivalent to maximizing the
received SNR from 𝑅 to𝐷, which can be reformulated as

P2 : maximize 𝛾(1)𝑟𝑑
subject to 0 ≤ 𝜆 ≤ 1. (16)

By taking the first-order derivative of the objective func-
tion 𝛾(1)

𝑟𝑑
with respect to 𝜆, we have

𝜕𝛾(1)
𝑟𝑑

𝜕𝜆 = −𝐴𝑓1 (𝜆) 𝑓2 (𝜆)
𝐵 [(1 − 𝜆) 𝑃(1)H + 𝐶𝑃(1)H + 𝐷1 (1 − 𝜆) + 𝐸]2

(17)

where

𝑓1 (𝜆) = 𝑎𝐸max (𝑒𝑎𝑏 + 1) exp (−𝑎𝜆𝐾)
[1 + exp (𝑎𝑏 − 𝑎𝜆𝐾)]2

𝑓2 (𝜆) = 𝐶𝐸max (1 − 𝑒−𝑎𝜆𝐾)2 𝑒𝑎𝜆𝐾
𝑎 (𝑒𝑎𝑏 + 1) − 𝐷1 (1 − 𝜆)2

+ 𝐸(𝑒
𝑎𝑏 + 𝑒𝑎𝜆𝐾) (1 − 𝑒−𝑎𝜆𝐾)

𝑎 (𝑒𝑎𝑏 + 1) − 𝐸 (1 − 𝜆) .

(18)

Let 𝜕𝛾(1)
𝑟𝑑
/𝜕𝜆 = 0 and we have 𝑓1(𝜆)𝑓2(𝜆) = 0. Since

𝑓1(𝜆) > 0 always holds, 𝜕𝛾(1)
𝑟𝑑
/𝜕𝜆 = 0 is equivalent to 𝑓2(𝜆) =0. Further, taking the first-order derivative of 𝑓2(𝜆), we have

𝜕𝑓2 (𝜆)
𝜕𝜆 = 𝐶𝐸max𝐾𝑒𝑎𝜆𝐾 (1 − 𝑒−2𝑎𝜆𝐾)

𝑒𝑎𝑏 + 1 + 2𝐷1 (1 − 𝜆)

+ 𝐸 + 𝐸𝐾(𝑒𝑎𝑏−𝑎𝜆𝐾 + 𝑒𝑎𝜆𝐾)
𝑒𝑎𝑏 + 1 > 0.

(19)

Thus, 𝑓2(𝜆) increases with the increasing of 𝜆. Since both
𝑓2(0) = −𝐷1−𝐸 < 0 and 𝑓2(1) = 𝐶𝐸max(1−𝑒−𝑎𝐾)2𝑒𝑎𝐾/𝑎(𝑒𝑎𝑏+1) + 𝐸(𝑒𝑎𝑏 + 𝑒𝑎𝐾)(1 − 𝑒−𝑎𝐾)/𝑎(𝑒𝑎𝑏 + 1) > 0 are satisfied, there
exists a unique 𝜆 ∈ [0, 1] for 𝑓2(𝜆) = 0.

Let 𝑠1 denote the solution to 𝑓2(𝜆) = 0. Then 𝑠1 is
also the solution to 𝜕𝛾(1)

𝑟𝑑
/𝜕𝜆 = 0. Based on the expression

of 𝜕𝛾(1)
𝑟𝑑
/𝜕𝜆, 𝛾(1)

𝑟𝑑
increases with increasing 𝜆 when 𝜆 ∈

[0, 𝑠1] and decreases with increasing 𝜆 for 𝜆 ∈ [𝑠1, 1].
Therefore, 𝛾(1)

𝑟𝑑
is a unimodal function and 𝑠1 is the optimal

solution to P2. Here, the value of 𝑠1 can be determined by
means of the golden section search method. The details of
this method are summarized in Algorithm 1. According to
[21], the computational complexity of this algorithm can be
computed as 𝑂(log(1/𝜀)), where 𝜀 is the precision.
3.2. Nonlinear EH Model Based on the Inverse Proportional
Function. In this subsection, we design anoptimal PS scheme
to maximize the overall system capacity for an AF relay
system with SWIPT based on the nonlinear EH model in
[16]. Based on (2), the received SNR from 𝑅 to 𝐷 under the
nonlinear EH model, in (2), is given by

𝛾(2)𝑟𝑑 = 𝐴 (1 − 𝜆) 𝑃(2)H
𝐵 [(1 − 𝜆) 𝑃(2)H + 𝐶𝑃(2)H + 𝐷1 (1 − 𝜆) + 𝐸]

. (20)

Then the optimization problem can be formulated as

P3 : maximize 𝐶(2)total
subject to 0 ≤ 𝜆 ≤ 1, (21)

where 𝐶(2)total = (𝑇/2)log2(1 + 𝛾𝑠𝑑 + 𝛾(2)𝑟𝑑 ). Similar to P1, P3
can be reformulated as

P4 : maximize 𝛾(2)𝑟𝑑
subject to 0 ≤ 𝜆 ≤ 1. (22)
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Require: 𝑎, 𝑏, 𝐸max, ℎ𝑆𝐷, ℎ𝑆𝑅, ℎ𝑅𝐷, 𝑃𝑠
Ensure: Optimal PS ratio 𝜆∗
(1) Initialize the maximum tolerance 𝜀;
(2) Set low = 0, high = 1;
(3) loop
(4) If |high − low| < 𝜀 then
(5) Set 𝜆∗ = low + high

2(6) Break;
(7) end if
(8) Set 𝜆min = low + 0.382(high − low) and 𝜆max = low + 0.618(high − low);
(9) Compute 𝛾(1)𝑟𝑑 (𝜆min) and 𝛾(1)𝑟𝑑 (𝜆max) based on (13);
(10) if 𝛾(1)

𝑟𝑑
(𝜆min) > 𝛾(1)

𝑟𝑑
(𝜆max) then(11) Set high = 𝜆max;(12) else

(13) Set low = 𝜆min;(14) end if
(15) end loop
(16) Compute the optimal 𝐶(1)total(𝜆∗) based on (14).

Algorithm 1: Golden section search algorithm.

According to (20), the first-order derivative of 𝛾(2)𝑟𝑑 with
respect to 𝜆 is

𝜕𝛾(2)
𝑟𝑑

𝜕𝜆 = 𝐴𝑓3 (𝜆) (𝑀𝜆2 − 𝑁𝜆 + 𝑄)
𝐵 [(1 − 𝜆) 𝑃(2)H + 𝐶𝑃(2)H + 𝐷1 (1 − 𝜆) + 𝐸]2

(23)

where𝑓3(𝜆) = 𝑐(𝑎 − 𝑏/𝑐)/(𝑥+ 𝑐)2,𝑀 = 𝐷1 −𝐶𝐾(𝑎𝑐− 𝑏)/𝑐2 −𝐸𝐾/𝑐,𝑁 = 2𝐷1 + 2𝐸, and 𝑄 = 𝐷1 + 𝐸.
Based on (2), we have

lim
𝜆𝐾→+∞

(𝑎𝜆𝐾 + 𝑏
𝜆𝐾 + 𝑐 − 𝑏

𝑐) = 𝑎 − 𝑏
𝑐 > 0. (24)

Therefore, 𝑓3(𝜆) > 0 always holds for any value of 𝜆 ∈ [0,
1].

Let 𝜕𝛾(2)
𝑟𝑑
/𝜕𝜆 = 0 and we have𝑀𝜆2−𝑁𝜆+𝑄 = 0.Thus, we

need to obtain the solutions to𝑀𝜆2 −𝑁𝜆 +𝑄 = 0 to achieve
the optimal PS ratio.

According to the expression of𝑀, there are two cases for
the solutions to𝑀𝜆2 −𝑁𝜆+𝑄 = 0, which areCase 1: 𝑀 = 0;
Case 2: 𝑀 ̸= 0.
Case 1. Based on 𝑀 = 0, we have −𝑁𝜆 + 𝑄 = 0. Then the
solution to𝑀𝜆2 − 𝑁𝜆 + 𝑄 = 0 is given by 𝑄/𝑁 and 𝑄/𝑁 =
0.5. Since 𝛾(2)

𝑟𝑑
increases with increasing 𝜆 when 𝜆 ∈ [0, 0.5]

and decreases with increasing 𝜆 for 𝜆 ∈ [0.5, 1], the optimal
solution toP4 is 0.5 and 𝜆∗ = 0.5.
Case 2. Let Δ = 𝑁2 −4𝑀𝑄. When both Δ < 0 and𝑀 > 0 are
satisfied, 𝑀𝜆2 − 𝑁𝜆 + 𝑄 > 0 always holds and 𝜕𝛾(2)

𝑟𝑑
/𝜕𝜆 > 0

holds for any value of 𝜆 ∈ [0, 1]. Therefore, 𝛾(2)
𝑟𝑑

increases
with the increasing of 𝜆 and the optimal PS ratio 𝜆∗ is
1.

WhenΔ ≥ 0 is satisfied, the solutions to𝑀𝜆2−𝑁𝜆+𝑄 = 0
are given by

𝑥1 = 𝑁 − √Δ
2𝑀 ,

𝑥2 = 𝑁 + √Δ
2𝑀 .

(25)

Let 𝑥min = min(𝑥1, 𝑥2) and 𝑥max = max(𝑥1, 𝑥2).
For the case with 𝑀 > 0, we have 𝑥min > 0 and

𝑥max > 0. (i) If 𝑥max < 1 is satisfied, 𝛾(2)
𝑟𝑑

increases with 𝜆 ∈[0, 𝑥min], decreases with 𝜆 ∈ [𝑥min, 𝑥max], and then increases
with 𝜆 ∈ [𝑥max, 1]. The maximum 𝛾(2)

𝑟𝑑
can be obtained by

max(𝛾(2)𝑟𝑑 (𝑥min), 𝛾(2)𝑟𝑑 (1)). Since 𝛾(2)𝑟𝑑 (𝑥min) > 𝛾(2)𝑟𝑑 (0) = 0 =
𝛾(2)
𝑟𝑑
(1) holds, the optimal PS ratio is given by 𝜆∗ = 𝑥min.

(ii) If 𝑥min > 1 is satisfied, 𝛾(2)
𝑟𝑑

is a monotonic increasing
function and the optimal solution to P4 is 𝜆∗ = 1. (iii) If
𝑥min ≤ 1 ≤ 𝑥max is satisfied, 𝛾(2)𝑟𝑑 increases with 𝜆 ∈ [0, 𝑥min]
and decreases with 𝜆 ∈ [𝑥min, 1]. In this case, the optimal PS
ratio is given by 𝜆∗ = 𝑥min.

For the case with𝑀 < 0, we have 𝑥min < 0 and 𝑥max > 0.
(i) If 𝑥max > 1 is satisfied, 𝜕𝛾(2)

𝑟𝑑
/𝜕𝜆 > 0 always holds for 𝜆 ∈

[0, 1]. 𝛾(2)
𝑟𝑑

increases with the increasing of 𝜆 and the optimal
PS ratio is given by 𝜆∗ = 1. (ii) If 𝑥max ≤ 1 is satisfied, 𝛾(2)

𝑟𝑑
increases with 𝜆 ∈ [0, 𝑥max] and decreases with 𝜆 ∈ [𝑥max, 1].
In this case, the optimal PS ratio is given by 𝜆∗ = 𝑥max.

Thus, the optimal solution to P3 is summarized as
Proposition 1.

Proposition 1. The optimal PS ratio forP3 is given by

𝜆∗ =
{{{{{{
{{{{{{
{

0.5, for 𝑀 = 0
𝑥min, for 𝑀 > 0, Δ ≥ 0 and 𝑥min < 1
𝑥max, for 𝑀 < 0, Δ ≥ 0 and 𝑥max < 1
1, otherwise.

(26)
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Figure 2: Comparison between the harvested powers among the
nonlinear EH models in [16, 18], the linear EH model, and the
experimental data from [15].

4. Numerical Results and Discussions

In this section, we evaluate the performance of the designed
PS schemes based on two nonlinear EH models: the non-
linear EH model based on the logistic function and the
nonlinear EH model based on the inverse proportional
function, respectively. The basic parameters throughout the
simulations, unless otherwise specified, are as follows. We
consider the path model to be |ℎ𝑖𝑗|2 = |𝑔𝑖𝑗|2𝑑−𝛼𝑖𝑗𝑖𝑗 (𝑖𝑗 = 𝑆𝑅, 𝑆𝐷
or 𝑅𝐷), where 𝑑𝑖𝑗 is the 𝑖 − 𝑗 distance, |𝑔𝑖𝑗|2 denotes the 𝑖 − 𝑗
small-scale fast fading, and 𝛼𝑖𝑗 is the 𝑖 − 𝑗 path loss exponent.
Further, we assume that 𝑔𝑆𝐷 and 𝑔𝑅𝐷 follow the quasi-static
Rayleigh fading with unit variance, and that 𝑔𝑆𝑅 follows the
Rician fading with the Rician factor 3+√12. We set 𝑑𝑆𝐷 = 20
meters, 𝑑𝑆𝑅 = 2meters, 𝑑𝑅𝐷 = 𝑑𝑆𝐷 − 𝑑𝑆𝑅, 𝛼𝑆𝑅 = 𝛼𝑅𝐷 = 3, and
𝛼𝑆𝐷 = 4. The channel noise power is set to be 𝜎2𝑠𝑟 = 0.0001,
𝜎2𝑝 = 0.001, and 𝜎2𝑟𝑑 = 𝜎2s𝑑 = −40 dBm, respectively.

Figure 2 compares the experimental data in [15] with the
two nonlinear EH models and the conventional linear EH
model. The parameters of the nonlinear model based on the
logistic function are 𝑎 = 1.953 × 10−3, 𝑏 = −3.571 × 103,
and 𝐸max = 299.5 𝜇W. The parameters for the nonlinear
EH model based on the inverse proportional function are
𝑎 = 2.463, 𝑏 = 1635, and 𝑐 = 826. For the linear EH model,
the conversion efficiency is set to be 0.4591. As shown in this
figure, compared with the linear EH model, the nonlinear
models in [16, 18] are more accurate when modelling the
practical RF-DC circuits.The rootmean squared errors of the
nonlinear model based on the logistic function, the nonlinear
model based on the inverse proportional function, and the
linear model are 9.5554 𝜇W, 11.2464 𝜇W, and 73.6854 𝜇W,
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Figure 3: Convergence of Algorithm 1 under different sets of 𝑃𝑠.

respectively. The results show that the nonlinear model in
[18] is the most accurate among them, and that the nonlinear
model in [16] is also able to provide sufficient precision.

Figure 3 demonstrates the convergence of theAlgorithm 1
for different sets of the transmit powers. The maximum
tolerance 𝜀 is set to be 0.0001. From this figure, we can see that
the optimal PS ratio 𝜆∗ always converges to the optimal value
within a limited number of iterations. For example, for the
case with 𝑃𝑠 = 10mW, the optimal PS ratio is obtained when
the number of iterations is 11. Another observation is that
the optimal PS ratio decreases with the increasing of 𝑃𝑠. The
reason is as follows. With a given PS ratio, the input power
of the energy harvester increases with the increasing of the
transmit power. When the transmit power is large enough,
the energy harvester is always saturated and more energy will
be wasted. As a result, the optimal PS ratio decreases with the
increasing 𝑃𝑠 to avoid the waste of energy.

The PS schemes used for comparing are as follows: (1) the
proposed PS scheme with the nonlinear EH model based on
the logistic function where the optimal PS ratio is obtained by
Algorithm 1; (2) the proposed PS scheme with the nonlinear
EH model based on the inverse proportional function where
the optimal PS ratio is determined by Proposition 1; (3)
baseline scheme where the conventional linear EH model
is employed. For convenience, we denote the proposed PS
scheme with the nonlinear EH model based on the logistic
function as LFPS and the proposed PS scheme with the
nonlinear EH model based on the inverse proportional
function as IPFPS. Since the nonlinear EH model based on
the logistic function is closest to the practical EH circuit in
[15], we use it to model the practical EH circuit. The optimal
PS ratios obtained by LFPS, IPFPS, and baseline scheme
will be applied to the practical EH circuit to investigate the
performance of LFPS, IPFPS, and baseline schemes under the
practical EH circuit. On this basis, the corresponding system
capacities can be determined.

Figure 4 presents the overall system capacity achieved
by the LFPS, IPFPS, and baseline schemes varying with the
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Figure 4: System capacity versus the transmit power 𝑃𝑠.

transmit power. It can be observed that, for all considered
schemes, the system capacity increases monotonically as we
increase the transmit power 𝑃𝑠 at the source. Both LFPS and
IPFPS schemes outperform the baseline scheme and LFPS
can achieve a higher system capacity than IPFPS. This is
because of the fact that the mismatches between the EH
models and the practical EH circuits will lead to resource
allocation mismatches which will bring a poor performance.
The more accurate the energy harvesting model, the better
the performance the PS scheme can achieve. These results
also match the results in Figure 2 perfectly. Besides, we can
also see that the performance gain between LFPS and IPFPS
or baseline scheme increases with the increasing of 𝑃s. This
is due to the fact that, with the increasing of 𝑃𝑠, the gap
between the nonlinear EH model based on the inverse pro-
portional function or the linear EH model and the practical
energy harvester becomes larger, leading to a worse perform
ance.

5. Conclusion

In this paper, we have developed the optimal PS schemes
for an AF relay system with direct link to maximize the
system capacity, where both the nonlinear EH model based
on the logistic function and the nonlinear EH model based
on the inverse proportional function are employed to model
the practical energy harvester. Through simulations, three
insights were obtained as follows: (1) the PS schemes based
on the nonlinear models can achieve superior performance
than the one based on the linear model; (2) the PS scheme
optimized for the former nonlinear EHmodel can achieve the
best performance, while an extra computational complexity
to obtain the optimal solution is incurred; (3) for the case
with the latter nonlinear EH model, the PS scheme can
achieve near-optimal performance with low computational
complexity.
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Cooperative relaying communication is one of the green communication technologies since it shortens the communication distance
and saves the transmit power. In this paper, the physical-layer security (PLS) of a multisource multirelay cooperative relaying
communication network is investigated by considering the influence of cochannel interference from a security-reliability tradeoff
(SRT) perspective. First, the SRT performance is characterized by the outage probability (OP) and the intercept probability (IP). In
particular, the IP encountered at the eavesdropper is used to evaluate the security performance, while the reliability performance is
analyzed in terms of the OP experienced at the destination.Then, under the impact of multiple cochannel interferers, the intercept
probabilities and the outage probabilities of both the conventional direct transmission (DT) strategy and relay selection (RS) strategy
are derived in closed-form expressions over Rayleigh fading channels, respectively. Simulation results are provided to validate the
theoretical analysis. It is shown that when the OP (reliability) requirement is relaxed, the IP (security) performance improves and
vice versa. It confirms that there is an SRT existing between theOP and the IP.Meanwhile, a better SRTperformance can be achieved
by increasing the number of sources, relays, and cochannel interferers. In addition, it is also shown that the RS strategy generally
outperforms the conventional DT strategy in terms of the product of the IP and the OP.

1. Introduction

With an explosive growth of the number of wireless devices,
such as smart phones, tablet computers, and wireless sensors,
more and more energy has been consumed by wireless
services. According to [1], the amount of the energy con-
sumed by the information and communication technologies
accounts for about 2% to 10% of the global energy consump-
tion, which generate nonnegligible amount of the greenhouse
gases. What is worst, this percentage will grow rapidly with
the development of the information and communication
technologies and the increase of number of wireless devices.
It will result in more greenhouse gases emission and envi-
ronment pollution [2]. One promising technique to alleviate
such issue is to adopt green communication technology,
which can improve both the spectrum efficiency and energy
efficiency of wireless communication systems. Cooperative
relaying communication is an energy efficient diversity tech-
nique, which has been recognized as a green communication

technology and attracts unprecedented research interest in
both academic and industrial fields. A challenging issue
in cooperative relaying communication is wireless security
[3–5]. Because of the inherent broadcast nature of wireless
channels, the destination may not successfully obtain source
information, while the malicious eavesdropper may overhear
and intercept the confidential information, which makes the
wireless transmission insecure and vulnerable to eavesdrop-
ping attacks [6].

Motivated by the above fact, physical-layer security (PLS)
was proposed and has attracted increasing research attention
since it is an effective paradigm of achieving information-
theoretic security for protecting wireless communications
against the eavesdropping attacks by utilizing the physical
characteristics of wireless channels [7]. The PLS was first
investigated by Shannon [8] and further developed byWyner,
who examined a classical point-to-point discretememoryless
wiretap channel (WTC) scenario consisting of a source node
and a destination node as well as an eavesdropper node [9]. It
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was proven in [9] that perfectly secure and reliable transmis-
sion from the source node to the legitimate destination node
can be achieved when themain channel from the source node
to the destination node is an upgraded version of the wiretap
channel from the source node to the eavesdropper node.
Later on, in [10, 11], Wyner’s conclusions were, respectively,
extended from the discrete memoryless wiretap channel to
the nondegraded wiretap channel and the Gaussian degraded
wiretap channel, where the notion of secrecy capacity (SC)
was introduced. It was derived as the difference between
the channel capacity of the legitimate link and that of the
wiretap link. Specifically, the SC can make the transmission
from the source node to the legitimate destination node
secure while achieving zero mutual information between the
source node and malicious eavesdropper node. Based on
this idea, extensive research efforts have been devoted to
improving the SC from an information-theoretic perspective
under different scenarios, for example, cooperative relaying
[12–15] and beamforming techniques [16, 17], cooperative
jamming (CJ) methods [18–20], andmultiple-input multiple-
output (MIMO) schemes [21, 22].

The previous works are mainly focused on enhancing
wireless security without paying much attention to commu-
nication reliability. Hence, security-reliability tradeoff (SRT)
was proposed tomake best tradeoff between the outage prob-
ability (OP) and the intercept probability (IP). In particular,
the IP encountered at the eavesdropper is used to evaluate
the security performance, while the reliability performance
is measured by the OP experienced at the destination. In
[23], the authors studied the employment of various block
cipher encryption algorithms from the perspective of both
reliability and security and showed that there exists a tradeoff
between communication reliability and security. Later on, the
authors of [24] investigated the SRT for the downlink cloud
radio access networks and the channel estimation errors were
considered and the impact of the times of training on the
security and reliability performance was also analyzed. The
SRTof the cognitive amplify-and-forward (AF) relay network
was investigated under imperfect channel estimation in [25].
As a further development, the authors of [26] characterized
the SRT and quantified the benefits of opportunistic relay
selection (ORS) for the purpose of improving the SRT. In [27],
the authors proposed the single-relay andmultirelay selection
schemes for improving the SRT of general wireless networks.
It was proved in [27] that in terms of the SRT the multirelay
selection scheme outperformed the single-relay one.

It can been seen from the above works that the PLS
of multisource multirelay cooperative networks under the
impact of the cochannel interferers is not considered. Moti-
vated by this fact, the main contributions of this paper are
summarized as follows: firstly, the PLS of a multisource
multirelay cooperative communication network is investi-
gated from an SRT perspective and cochannel interferers
are considered. Secondly, a signal-to-interference-plus-noise
ratio- (SINR-) based method is proposed and the closed-
form expressions of IP and OP are derived for the direct
transmission (DT) and the relay selection (RS) schemes over
Rayleigh fading, respectively. Finally, simulation results are
provided to validate the theoretical analysis. It is shown
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Figure 1: Multisource multirelay cooperative network system
model.

that when the OP (reliability) requirement is relaxed, the IP
(security) performance improves and vice versa. It confirms
that there is an SRT existing between the OP and the IP.
Meanwhile, a better SRT performance can be achieved by
increasing the number of sources, relays, and cochannel
interferers. In addition, it is also shown that the RS strategy
generally outperforms the conventional DT strategy in terms
of the product of the IP and the OP.

The remainder of this paper is organized as follows.
In Section 2, the system models are described. The SRT
performance analysis for both the conventional DT and
RS schemes over Rayleigh fading channels is presented in
Section 3. Section 4 presents simulation results to corroborate
the proposed studies. Section 5 concludes the paper.

2. The System Model

2.1. System Model Description. Consider a multisource mul-
tirelay cooperative wireless network as shown in Figure 1,
which consists of 𝑁 sources S𝑛 (1 ⩽ 𝑛 ⩽ 𝑁), one
eavesdropper E, one destination D, 𝐾 relays R𝑘 (1 ⩽ 𝑘 ⩽𝐾), and 𝑀 cochannel interferers I𝑚 (1 ⩽ 𝑚 ⩽ 𝑀). The
sources communicate with the corresponding destination via
the direct link or with the help of the intermediate relays. At
a specific time, only the source having the highest direct-link
channel quality is viewed as the best one and is selected to
transmit with the aid of relays. Meanwhile, E will intercept
the information from the selected source and relays. 𝑀
interferers share the same bands with D and E and cause
interferences to them. It can be observed that the system
model is practical and can be applied to practical scenarios
[28–30]. It is assume that all nodes are equipped with single
antenna and all channels are Rayleigh fading. Without loss
of generality, we consider additive white Gaussian noise
(AWGN) with zero mean and variance 𝑁0 at each node
in networks. We assume that the sources have the global
channel state information (CSI) of both the main and wiretap
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channels and in order to analyze the performance of the
worst case, E is assumed to know all system parameters of
the legitimate transmission from S toD, except for the signal.
Typically, the linear minimum mean-square error (LMMSE)
estimation method can be used to obtain the CSI by the
destination and the eavesdropper [24, 25]. Note that this
assumption has been widely used in [26, 27, 31].

2.2. Direct Transmission Strategy. In this subsection, the
conventional DT strategy is considered for the purpose of
performance comparison. A classical DT communication
scenario consisting of 𝑁 sources, one destination, and one
eavesdropper with 𝑀 cochannel interferers is considered.
Assuming that all sources send messages at a power 𝑃𝑆 while
the interferers transmit at a power 𝑃𝐼. Let 𝑥𝑏 (𝐸[|𝑥𝑏|2] = 1)
and 𝑥𝑚 (𝐸[|𝑥𝑚|2] = 1), respectively, denote the source signal
from the selected best source S𝑏 and the interfering signal
transmitted by the 𝑚th interferer I𝑚. When S𝑏 transmits 𝑥𝑏
with the rate 𝑅𝑠 at a particular time instant, I𝑚 transmits 𝑥𝑚
with the rate 𝑅𝑠. Hence, under the presence of 𝑀 cochannel
interferers, the signals received at D and E nodes can be,
respectively, presented as

𝑦DT
𝑆𝑏𝐷

= √𝑃𝑆ℎ𝑆𝑏𝐷𝑥𝑏 + 𝑀∑
𝑚=1

√𝑃𝐼ℎ𝐼𝑚𝐷𝑥𝑚 + 𝑛𝐷, (1)

𝑦DT
𝑆𝑏𝐸

= √𝑃𝑆ℎ𝑆𝑏𝐸𝑥𝑏 + 𝑀∑
𝑚=1

√𝑃𝐼ℎ𝐼𝑚𝐸𝑥𝑚 + 𝑛𝐸, (2)

where ℎ𝑆𝑏𝐷, ℎ𝑆𝑏𝐸, ℎ𝐼𝑚𝐷, and ℎ𝐼𝑚𝐸, respectively, denote the
fading gains of the channel from S𝑏 to D, that from S𝑏 to E,
that from I𝑚 toD, and that from I𝑚 to E. 𝑛𝐷 and 𝑛𝐸 represent
the AWGN encountered at D and E nodes, respectively.
Using Shannon’s capacity formula, the capacity of the channel
spanning from S𝑏 to D is given by

𝐶DT
𝑆𝑏𝐷

= log2(1 + 𝛾𝑆 ℎ𝑆𝑏𝐷2∑𝑀𝑚=1 𝛾𝐼 ℎ𝐼𝑚𝐷2 + 1) , (3)

where 𝛾𝑆 = 𝑃𝑆/𝑁0 and 𝛾𝐼 = 𝑃𝐼/𝑁0. Similarly, the channel
capacity of S𝑏-E transmission is obtained from (2) as

𝐶DT
𝑆𝑏𝐸

= log2(1 + 𝛾𝑆 ℎ𝑆𝑏𝐸2∑𝑀𝑚=1 𝛾𝐼 ℎ𝐼𝑚𝐸2 + 1) . (4)

Since fading gains ℎ𝑆𝑏𝐷, ℎ𝑆𝑏𝐸, ℎ𝐼𝑚𝐷, and ℎ𝐼𝑚𝐸 are modeled as
Rayleigh random variables, then |ℎ𝑆𝑏𝐷|2, |ℎ𝑆𝑏𝐸|2, |ℎ𝐼𝑚𝐷|2, and|ℎ𝐼𝑚𝐸|2 are exponentially distributed. Accordingly, 𝜎2𝑆𝑏𝐷, 𝜎2𝑆𝑏𝐸,𝜎2𝐼𝑚𝐷, and 𝜎2𝐼𝑚𝐸 represent the means of |ℎ𝑆𝑏𝐷|2, |ℎ𝑆𝑏𝐸|2, |ℎ𝐼𝑚𝐷|2,
and |ℎ𝐼𝑚𝐸|2, respectively.
2.3. Relay Selection Strategy. As shown in Figure 1, this
subsection presents a multisource multirelay cooperative
wireless network with multiple cochannel interferers existing
at relays, D and E. Specifically, all sources share the relay
nodes and the relays employ the decode-and-forward (DF)

relaying protocol.Without loss of generality, the total cooper-
ative communication procedure is divided into two time slots.
It can also be seen from Figure 1 that the solid and dash lines
represent the transmission in the first time slot and that in
the second time slot, respectively. In the first time slot, the
selected best source node S𝑏 transmits its signals 𝑥𝑏 to D and
all relays, and meanwhile E intercepts the transmission of the
source. Under the presence of 𝑀 cochannel interferers, the
signals received at D, E, and R𝑘 nodes can be, respectively,
presented as

𝑦RS
𝑆𝑏𝐷

= √𝑃𝑆ℎ𝑆𝑏𝐷𝑥𝑏 + 𝑀∑
𝑚=1

√𝑃𝐼ℎ𝐼𝑚𝐷𝑥𝑚 + 𝑛𝐷, (5)

𝑦RS
𝑆𝑏𝐸

= √𝑃𝑆ℎ𝑆𝑏𝐸𝑥𝑏 + 𝑀∑
𝑚=1

√𝑃𝐼ℎ𝐼𝑚𝐸𝑥𝑚 + 𝑛𝐸, (6)

𝑦RS
𝑆𝑏𝑅𝑘

= √𝑃𝑆ℎ𝑆𝑏𝑅𝑘𝑥𝑏 + 𝑀∑
𝑚=1

√𝑃𝐼ℎ𝐼𝑚𝑅𝑘𝑥𝑚 + 𝑛𝑅𝑘 , (7)

where ℎ𝑆𝑏𝑅𝑘 and ℎ𝐼𝑚𝑅𝑘 , respectively, denote the fading gains
of the channel from S𝑏 to R𝑘 and that from I𝑚 to R𝑘. 𝑛𝑅𝑘
represents the AWGN encountered at R𝑘 node. Similar to [7],
according to (5), (6), and (7), the capacities of the channel
spanning from S𝑏 toD, that spanning from S𝑏 to R𝑘, and that
spanning from S𝑏 to E can, respectively, be obtained as

𝐶RS
𝑆𝑏𝐷

= 12 log2(1 + 𝛾𝑆 ℎ𝑆𝑏𝐷2∑𝑀𝑚=1 𝛾𝐼 ℎ𝐼𝑚𝐷2 + 1) , (8)

𝐶RS
𝑆𝑏𝑅𝑘

= 12 log2(1 + 𝛾𝑆 ℎ𝑆𝑏𝑅𝑘 2∑𝑀𝑚=1 𝛾𝐼 ℎ𝐼𝑚𝑅𝑘 2 + 1) , (9)

𝐶RS
𝑆𝑏𝐸

= 12 log2(1 + 𝛾𝑆 ℎ𝑆𝑏𝐸2∑𝑀𝑚=1 𝛾𝐼 ℎ𝐼𝑚𝐸2 + 1) , (10)

where 1/2 arises from the fact that two orthogonal slots are
needed for completing the overall transmission. Similarly,|ℎ𝑆𝑏𝑅𝑘 |2 and |ℎ𝐼𝑚𝑅𝑘 |2 are exponentially distributed and accord-
ingly, and 𝜎2𝑆𝑏𝑅𝑘 and 𝜎2𝐼𝑚𝑅𝑘 represent the means of |ℎ𝑆𝑏𝑅𝑘 |2 and|ℎ𝐼𝑚𝑅𝑘 |2, respectively.

According to the DF protocol, only those relays that
succeed in perfectly decoding the source signal 𝑥𝑏 form a
decoding set denoted by D. Thus, in the second time slot,
when D is a nonempty set, a specific relay is chosen from
D for forwarding its received signal to D node with 𝑃𝑆
denoting the transmit power. In particular, R𝑘 is regarded as
the selected relay node. Then, the signal received at D node
can be presented as

𝑦RS
𝑅𝑘𝐷

= √𝑃𝑆ℎ𝑅𝑘𝐷𝑥𝑏 + 𝑀∑
𝑚=1

√𝑃𝐼𝑚ℎ𝐼𝑚𝐷𝑥𝑚 + 𝑛𝐷, (11)
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where ℎ𝑅𝑘𝐷 represents the fading gain of the channel from R𝑘
to D. Similarly, according to (11), the capacity of the channel
spanning from R𝑘 to D is given by

𝐶RS
𝑅k𝐷

= 12 log2(1 + 𝛾𝑆 ℎ𝑅𝑘𝐷2∑𝑀𝑚=1 𝛾𝐼 ℎ𝐼𝑚𝐷2 + 1) , (12)

where |ℎ𝑅𝑘𝐷|2 is exponentially distributed and 𝜎2𝑅𝑘𝐷 repre-
sents the mean of |ℎ𝑅𝑘𝐷|2. Based on the obtained capacity of
the channel spanning from R𝑘 to D, the selected relay node
with the largest channel capacity is chosen fromD, that is,

Rbest = arg max
R𝑘∈D

𝐶RS
𝑅𝑘𝐷

, (13)

where Rbest represents the selected best relay node. It can be
seen from (12) that the interferers and noise terms are same
for the channel capacities of different relays. Then, (13) is
simplified as Rbest = argmaxR𝑘∈D|ℎ𝑅𝑘𝐷|2. Thus, the signal
received at E node with the best relay node can be presented
as

𝑦RS
𝑅best𝐸

= √𝑃𝑆ℎ𝑅best𝐸𝑥𝑏 + 𝑀∑
𝑚=1

√𝑃𝐼𝑚ℎ𝐼𝑚𝐸𝑥𝑚 + 𝑛𝐸, (14)

where ℎ𝑅best𝐸 denotes the fading gain of the channel from
Rbest to E. Thus, according to (14), the capacity of the channel
spanning from Rbest to E is given by

𝐶RS
𝑅best𝐸

= 12 log2(1 + 𝛾𝑆 ℎ𝑅best𝐸2∑𝑀𝑚=1 𝛾𝐼 ℎ𝐼𝑚𝐸2 + 1) , (15)

where |ℎ𝑅best𝐸|2 is exponentially distributed and 𝜎2𝑅best𝐸 repre-
sents the mean of |ℎ𝑅best𝐸|2.

Across this paper, for ease of discussion, we assume that𝜎2𝑆𝑏𝐷 = 𝜎2𝑆𝑏𝑅𝑘 = 𝜎2𝑅𝑘𝐷 = 𝜎2𝑆 , 𝜎2𝑆𝑏𝐸 = 𝜎2𝑅best𝐸 = 𝜎2𝐸 and 𝜎2𝐼𝑚𝑅𝑘 =𝜎2𝐼𝑚𝐷 = 𝜎2𝐼𝑚𝐸 = 𝜎2𝐼 .This assumption can be valid in a statistical
sense when all relays are mobile and uniformly distributed
around S and D nodes [7].

3. SRT Performance Analysis over
Rayleigh Fading Channels

In this section, the SRT performance analysis of the conven-
tional DT strategy as well as of the RS strategy with the pres-
ence of multiple cochannel interferers communicating over
Rayleigh fading channels is presented. As discussed in [7],
the tradeoff between the security and reliability, characterized
by the intercept probability and by the outage probability,
is analyzed. In particular, the outage probability represents
the probability that the capacity of the main channel is lower
than the data rate and the intercept probability represents the
probability that the capacity of the wiretap channel is higher
than the data rate.Then, the two performance metrics can be
expressed as

𝑃out = Pr (𝐶𝑑 < 𝑅𝑠) , (16)

𝑃int = Pr (𝐶𝑒 > 𝑅𝑠) , (17)

where 𝐶𝑑 and 𝐶𝑒 represent, respectively, the capacity of the
main channel achieved at the destination and that of the
wiretap channel experienced by the eavesdropper. 𝑅𝑠 is the
data rate.

3.1. Direct Transmission Strategy. In what follows, the SRT
performance of the conventional DT strategy is first analyzed
as a benchmark. According to (16), using the law of total
probability, the OP of the conventional DT strategy can be
formulated as

𝑃DT
out

= 𝑁∑
𝑏=1

Pr(ℎ𝑆𝑏𝐷2 > max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) , 𝐶DT
𝑆𝑏𝐷

< 𝑅𝑠) , (18)

where𝐶DT
𝑆𝑏𝐷

is given by (3). Substituting 𝐶DT
𝑆𝑏𝐷

into (18), the OP
is given by

𝑃DT
out

= 𝑁∑
𝑏=1

Pr(ℎ𝑆𝑏𝐷2 > max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) , 𝛾𝑆 ℎ𝑆𝑏𝐷2𝑌 + 1 < Δ)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝑃1

, (19)

where 𝑌 = ∑𝑀𝑚=1 𝛾𝐼|ℎ𝐼𝑚𝐷|2 and Δ = (2𝑅𝑠 − 1). Note that,
due to the common term |ℎ𝑆𝑏𝐷|2, 𝑃1 cannot be calculated
as the conventional analysis directly. Hence, upon assuming|ℎ𝑆𝑏𝐷|2 = 𝑥, 𝑃1 can be expressed as

𝑃1 = ∫∞
0

Pr( max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) < 𝑥 | 𝑥)
× Pr( 𝛾𝑆𝑥𝑌 + 1 < Δ | 𝑥) 𝑓|ℎ𝑆𝑏𝐷|2 (𝑥) 𝑑𝑥, (20)

in which the first term can be obtained as

Pr( max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) < 𝑥 | 𝑥)
= ∏
1⩽𝑛⩽𝑁,𝑛≠𝑏

Pr (ℎ𝑆𝑛𝐷2 < 𝑥 | 𝑥)
= 𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛 exp(− 𝑛𝑥𝜎2𝑆𝑛𝐷) .
(21)

In (20), it can be found that, for 𝑥 < Δ/𝛾𝑆, the second-term
Pr(𝛾𝑆𝑥/(𝑌 + 1) < Δ | 𝑥) = 1. Therefore, there are two cases
for the term Pr(𝛾𝑆𝑥/(𝑌 + 1) < Δ | 𝑥); that is,
Pr( 𝛾𝑆𝑥𝑌 + 1 < Δ | 𝑥)

= {{{{{{{{{
1 𝑥 < Δ𝛾𝑆
exp( Δ − 𝛾𝑆𝑥𝛾𝐼𝜎2𝐼𝑚𝐷Δ) 𝑀−1∑

𝑚1=0

((𝛾𝑆𝑥 − Δ) /𝛾𝐼𝜎2𝐼𝑚𝐷Δ)𝑚1𝑚1! 𝑥 > Δ𝛾𝑆 .
(22)
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Then substituting (21) and (22) into (20) yields

𝑃1 = [[∫Δ/𝛾𝑆
0

𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛 exp(− 𝑛𝑥𝜎2𝑆𝑛𝐷)
+ ∫∞
Δ/𝛾𝑆

𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛 exp(− 𝑛𝑥𝜎2𝑆𝑛𝐷)
× exp( 1𝛾𝐼𝜎2𝐼𝑚𝐷 − 𝛾𝑆𝑥𝛾𝐼𝜎2𝐼𝑚𝐷Δ)
× 𝑀−1∑
𝑚1=0

(𝛾𝑆𝑥/𝛾𝐼𝜎2𝐼𝑚𝐷Δ − 1/𝛾𝐼𝜎2𝐼𝑚𝐷)𝑚1𝑚1! ]]
⋅ 𝑓|ℎ𝑆𝑏𝐷|2 (𝑥) 𝑑𝑥.

(23)

Proceeding as in Appendix A, one has

𝑃1 = 𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛 [1 − exp (− (𝑛 + 1) Δ/𝜎2𝑆𝛾𝑆)𝑛 + 1
+ 𝑀−1∑
𝑚1=0

exp(−(𝑛 + 1) Δ𝛾𝑆𝜎2𝑆 )
⋅ 𝛾𝐼𝜎2𝐼Δ𝜎2𝑆𝛾𝑆 ((𝑛 + 1) 𝛾𝐼𝜎2𝐼Δ/𝜎2𝑆𝛾𝑆 + 1)𝑚1+1] .

(24)

Similarly, according to (4) and (17), the IP of the conven-
tional DT strategy is formulated as

𝑃DT
int

= 𝑁∑
𝑏=1

Pr(ℎ𝑆𝑏𝐷2 > max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) , 𝐶DT
𝑆𝑏𝐸

> 𝑅𝑠) . (25)

With the aid of 𝐶DT
𝑆𝑏𝐸

, the IP can be expressed as

𝑃DT
int

= 𝑁∑
𝑏=1

Pr(ℎ𝑆𝑏𝐷2 > max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) , 𝛾𝑆 ℎ𝑆𝑏𝐸2𝑇 + 1 > Δ)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝑃2

, (26)

where𝑇 = ∑𝑀𝑚=1 𝛾𝐼|ℎ𝐼𝑚𝐸|2. Similar to the analysis of 𝑃1,𝑃2 can
be rewritten as

𝑃2 = ∫∞
0

Pr( max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) < 𝑥 | 𝑥)
× Pr(𝛾𝑆 ℎ𝑆𝑏𝐸2𝑇 + 1 > Δ | 𝑥) 𝑓|ℎ𝑆𝑏𝐷|2 (𝑥) 𝑑𝑥, (27)

where the term Pr(𝛾𝑆|ℎ𝑆𝑏𝐸|2/(𝑇 + 1) > Δ | 𝑥) can be readily
derived as

Pr(𝛾𝑆 ℎ𝑆𝑏𝐸2𝑇 + 1 > Δ | 𝑥)

= exp(− Δ𝛾𝑆𝜎2𝑆𝑏𝐸)
(𝜎2𝑆𝑏𝐸)𝑀(𝜎2𝑆𝑏𝐸 + 𝛾𝐼𝜎2𝐼𝑚𝐸Δ/𝛾𝑆)𝑀 .

(28)

Then substituting (21) and (28) into (27), one has

𝑃2 = ∫∞
0

𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛 exp(− 𝑛𝑥𝜎2𝑆𝑛𝐷)
× exp(− Δ𝛾𝑆𝜎2𝑆𝑏𝐸)

(𝜎2𝑆𝑏𝐸)𝑀(𝜎2𝑆𝑏𝐸 + 𝛾𝐼𝜎2𝐼𝑚𝐸𝜃/𝛾𝑆)𝑀
× 𝑓|ℎ𝑆𝑏𝐷|2 (𝑥) 𝑑𝑥.

(29)

After some appropriate incorporations and necessary mathe-
matical manipulations, 𝑃2 can be obtained as

𝑃2 = 𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛 (𝜎2𝐸)𝑀(𝑛 + 1) (𝜎2𝐸 + 𝛾𝐼𝜎2𝐼Δ/𝛾𝑆)𝑀 exp(− Δ𝛾𝑆𝜎2𝐸) . (30)

3.2. Relay Selection Strategy. This subsection focuses on the
SRT performance analysis of the RS strategy. According to
(16) and using the theory of total probability, the OP of the
RS strategy is formulated as

𝑃RS
out = 𝑁∑
𝑏=1

𝐾∑
𝑘=0

∑
D⊂R

Pr (|D| = 𝑘, 𝐶RS
𝐷 < 𝑅𝑠) , (31)

where |D| represents the number of elements in successful
decoding set D and R = {R1,R2, . . . ,R𝐾} denotes the relay
set. As can be observed, when D is an empty set (i.e., |D| =0), it shows that no relay can be chosen for forwarding the
received signal. In this case, only the direct link is available,
that is, 𝐶RS

𝐷 = 𝐶RS
𝑆𝑏𝐷

, where D is a nonempty set and
selection combining is considered to combine the received
signal copies at D from the selected best source S𝑏 and the
selected best relay Rbest during the two time slots. In this case,
the capacity achieved byD is the higher one between𝐶RS

𝑆𝑏𝐷
and𝐶RS

𝑅best𝐷
, that is, 𝐶RS

𝐷 = max(𝐶RS
𝑆𝑏𝐷

, 𝐶RS
𝑅best𝐷

). Substituting these
results into (31), one has

𝑃RS
out = 𝑁∑
𝑏=1

[Pr (D = 0) 𝑃3 + 𝐾∑
𝑘=1

∑
D⊂R

Pr (|D| = 𝑘) 𝑃4] , (32)

where the terms 𝑃3 and 𝑃4 are, respectively, given by

𝑃3 = Pr(ℎ𝑆𝑏𝐷2 > max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) , 𝐶RS
𝑆𝑏𝐷

< 𝑅𝑠) , (33)

𝑃4 = Pr(ℎ𝑆𝑏𝐷2 > max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) , 𝐶RS
𝐷 < 𝑅𝑠) . (34)
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In (32), the term Pr(|D| = 𝑘) denotes the probability that
there exist 𝑘 relays decoding the source signal 𝑥𝑠 successfully.
Thus, considering 𝜎2𝑆𝑏𝑅𝑖 = 𝜎2𝑆𝑏𝑅𝑗 = 𝜎2𝑆 and 𝜎2𝐼𝑚𝑅𝑖 = 𝜎2𝐼𝑚𝑅𝑗 = 𝜎2𝐼 ,
one has

Pr (|D| = 𝑘)
= ∏
𝑅𝑖∈D

Pr (𝐶RS
𝑆𝑏𝑅𝑖

> 𝑅𝑠) × ∏
𝑅𝑗∈D

Pr (𝐶RS
𝑆𝑏𝑅𝑗

< 𝑅𝑠)

= [
[exp(− 𝜃𝛾𝑆𝜎2𝑆 )

(𝜎2𝑆)𝑀(𝜎2𝑆 + 𝛾𝐼𝜎2𝐼𝜃/𝛾𝑆)𝑀]
]
𝑘

× [
[1 − exp(− 𝜃𝛾𝑆𝜎2𝑆 )

(𝜎2𝑆)𝑀(𝜎2𝑆 + 𝛾𝐼𝜎2𝐼𝜃/𝛾𝑆)𝑀]
]
𝐾−𝑘

,

(35)

where 𝜃 = (22𝑅𝑠 − 1) and D is the complementary set of the
successful decoding setD. By utilizing a similar way, the term
Pr(D = 0) is calculated as

Pr (D = 0) = ∏
𝑅𝑘∈R

Pr (𝐶RS
𝑆𝑏𝑅𝑘

< 𝑅𝑠)

= [
[1 − exp(− 𝜃𝛾𝑆𝜎2𝑆 )

(𝜎2𝑆)𝑀(𝜎2𝑆 + 𝛾𝐼𝜎2𝐼𝜃/𝛾𝑆)𝑀]
]
𝐾

.
(36)

As discussed before, by utilizing a similar way as 𝑃1,𝑃3 can be
obtained as

𝑃3 = 𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛 [1 − exp (− (𝑛 + 1) 𝜃/𝜎2𝑆𝛾𝑆)𝑛 + 1
+ 𝑀−1∑
𝑚1=0

exp(−(𝑛 + 1) 𝜃𝛾𝑆𝜎2𝑆 )
× 𝛾𝐼𝜎2𝐼𝜃𝜎2𝑆𝛾𝑆 ((𝑛 + 1) 𝛾𝐼𝜎2𝐼𝜃/𝜎2𝑆𝛾𝑆 + 1)𝑚1+1] .

(37)

Similar to (20), the term 𝑃4 is expressed as

𝑃4 = ∫∞
0

Pr( max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) < 𝑥 | 𝑥)
× Pr(max( 𝛾𝑆𝑥𝑌 + 1 , 𝛾𝑆 ℎ𝑅best𝐷2𝑌 + 1 ) < 𝜃 | 𝑥)
× 𝑓|ℎ𝑆𝑏𝐷|2 (𝑥) 𝑑𝑥.

(38)

Proceeding as in Appendix B, 𝑃4 can be obtained as

𝑃4 = 𝑁−1∑
𝑛=0

|D|∑
𝑘1=0

𝐶𝑛𝑁−1 (−1)𝑛 𝐶𝑘1|D| (−1)𝑘1 exp(− 𝑘1𝜃𝜎2𝑆𝛾𝑆)

× [
[

1 − exp (− (𝑛 + 1) 𝜃/𝜎2𝑆𝛾𝑆)(𝑛 + 1) (1 + 𝑘1𝜃𝜎2𝐼𝛾𝐼/𝜎2𝑆𝛾𝑆)𝑀
+ 𝑀−1∑
𝑚1=0

exp(−(𝑛 + 1) 𝜃𝜎2𝑆𝛾𝑆 )
⋅ 𝛾𝐼𝜎2𝐼𝜃 (1 + 𝑘1𝜃𝜎2𝐼𝛾𝐼/𝜎2𝑆𝛾𝑆)𝑚1−𝑀𝜎2𝑆𝛾𝑆 (1 + 𝑘1𝛾𝐼𝜎2𝐼𝜃/𝜎2𝑆𝛾𝑆 + (𝑛 + 1) 𝛾𝐼𝜎2𝐼𝜃/𝜎2𝑆𝛾𝑆)𝑚1+1]] .

(39)

On the other hand, similarly, according to (17) and using
the theory of total probability, the IP of the RS strategy is
formulated as

𝑃RS
int = 𝑁∑
𝑏=1

𝐾∑
𝑘=0

∑
D⊂R

Pr (|D| = 𝑘, 𝐶RS
𝐸 > 𝑅𝑠) . (40)

During the two slots, note that E will intercept the message
transmitted by both the selected best source S𝑏 and the
selected best relay Rbest and perform detection using both
received signal copies. Thus, (40) can be rewritten as

𝑃RS
int = 𝑁∑
𝑏=1

[Pr (D = 0) 𝑃5 + 𝐾∑
𝑘=1

∑
D⊂R

Pr (|D| = 𝑘) 𝑃6] (41)

in which the terms 𝑃5 and 𝑃6 are, respectively, given by

𝑃5 = Pr(ℎ𝑆𝑏𝐷2 > max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) , 𝐶RS
𝑆𝑏𝐸

> 𝑅𝑠) , (42)

𝑃6 = Pr(ℎ𝑆𝑏𝐷2 > max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) , 𝐶RS
𝐸 > 𝑅𝑠) . (43)

As discussed before, similar to 𝑃2, 𝑃5 can be obtained as

𝑃5 = 𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛 (𝜎2𝐸)𝑀(𝑛 + 1) (𝜎2𝐸 + 𝛾𝐼𝜎2𝐼𝜃/𝛾𝑆)𝑀 exp(− 𝜃𝛾𝑆𝜎2𝐸) . (44)

Similar to (38), the term 𝑃6 can be rewritten as

𝑃6
= ∫∞
0

Pr( max
1⩽𝑛⩽𝑁,𝑛≠𝑏

(ℎ𝑆𝑛𝐷2) < 𝑥 | 𝑥)
× Pr(max(𝛾𝑆 ℎ𝑆𝑏𝐸2𝑇 + 1 , 𝛾𝑆 ℎ𝑅best𝐸2𝑇 + 1 ) > 𝜃 | 𝑥)
× 𝑓|ℎ𝑆𝑏𝐷|2 (𝑥) 𝑑𝑥.

(45)
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Figure 2: SRTs of the conventional DT strategy and RS strategy for
different numbers of relays 𝐾 with 𝛾𝐼 = 15 dB, 𝑁 = 3, and 𝑀 = 4.
After some appropriate substitutions and via utilizing a
similar derivation for 𝑃4, 𝑃6 can be obtained as

𝑃6 = 𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛(1 + 𝑛)
× [[2 exp(− 𝜃𝛾𝑆𝜎2𝐸)

(𝜎2𝐸)𝑀(𝜎2𝐸 + 𝛾𝐼𝜎2𝐼𝜃/𝛾𝑆)𝑀
− exp(− 2𝜃𝛾𝑆𝜎2𝐸)

(𝜎2𝐸𝜎2𝐸)2𝑀(𝜎2𝐸 + 𝛾𝐼𝜎2𝐼𝜃/𝛾𝑆)2𝑀]] .
(46)

Therefore, after some incorporations and iterations, the
closed-form outage probability and intercept probability
expressions of both the DT and RS schemes with multiple
cochannel interferers can be achieved.

4. Simulation Evaluations

In this section, the SRT performances of the DT and RS
schemes are evaluated by simulations. The simulation param-
eters are set as follows:𝑅𝑠 = 1 bit/s/Hz,𝜎2𝑆𝑏𝐷 = 𝜎2𝑆𝑏𝑅𝑘 = 𝜎2𝑅𝑘𝐷 =𝜎2𝑆 = 1, 𝜎2𝐼𝑚𝑅𝑘 = 𝜎2𝐼𝑚𝐷 = 𝜎2𝐼𝑚𝐸 = 𝜎2𝐼 = 0.1, and 𝜎2𝑆𝑏𝐸 = 𝜎2𝑅best𝐸 =𝜎2𝐸 = 0.2.

Figures 2–4 show the curves of the theoretical SRT
analysis. As can be seen from the figures the intercept
probability is presented as a function of the outage proba-
bility. Obviously, it can be seen that the simulation results
match well with the theoretical analysis. Figure 2 shows
the intercept probabilities versus the outage probabilities of
the conventional DT strategy as well as the RS strategy at
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Figure 3: SRTs of the conventional DT strategy and RS strategy for
different numbers of cochannel interferers 𝑀 with 𝛾𝐼 = 15 dB, 𝑁 =3, and 𝐾 = 4.
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Figure 4: SRTs of the conventional DT strategy and RS strategy for
different numbers of sources 𝑁 with 𝛾𝐼 = 15 dB, 𝑀 = 4, and 𝐾 = 4.

different 𝐾 (𝐾 = {4, 8, 12}). Figure 2 also shows that as the
outage probabilities increase, the intercept probabilities of the
conventional DT and the RS schemes decrease.This confirms
that there exists a tradeoff between the intercept probability
and the outage probability. Another phenomenon can be
observed in Figure 2; that is, the SRT of the RS strategy always
outperforms that of the conventional DT strategy. Moreover,
the SRT of the RS strategy is also improved with increasing 𝐾
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Figure 5: IP × OP versus the transmit SNR 𝛾𝑆 of the conventional
DT strategy and RS strategy for different numbers of relays 𝐾 with𝛾𝐼 = 15 dB, 𝑁 = 3, and 𝑀 = 4.
(from 4 to 12).This is due to the reason that the diversity gain
can be obtained with the increase of the number of relays.

Figure 3 depicts the intercept probabilities versus the
outage probabilities of the conventional DT strategy as well as
the RS strategy at different 𝑀 (𝑀 = {4, 8, 12}). Figure 3 also
shows that when the outage probabilities change from 10−4 to100, the intercept probabilities of the conventionalDT and the
RS schemes decrease correspondingly. Moreover, for a given𝑀, the SRT of the RS strategy performs better than that of the
conventional DT strategy. It is also seen that the SRTs of the
conventional DT and the RS schemes are also improved with
increasing 𝑀 (from 4 to 12).

Figure 4 shows the intercept probabilities versus the
outage probabilities of the conventional DT strategy as well as
the RS strategy at different𝑁 (𝑁 = {2, 3}). Similar to Figure 3,
the intercept probabilities of the conventional DT and the RS
schemes decrease correspondingly, as the outage probabilities
increase from 10−4 to 100. Moreover, for a given𝑁, the SRT of
the RS strategy always outperforms that of the conventional
DT strategy. The SRTs of the conventional DT and the RS
schemes are also improved with increasing 𝑁 (from 2 to 3).
By jointly considering Figures 2–4, it is found that as the
outage probabilities increase, the intercept probabilities of the
conventional DT and the RS schemes decrease, implying that
the SRT indeed exists between the intercept probability and
the outage probability. Meanwhile, the improvement of the
SRT is obtainedwith increasing the number of sources, relays,
and cochannel interferers. Moreover, it is also shown that the
SRT of the RS strategy consistently outperforms that of the
conventional DT strategy.

In order to further evaluate the SRT, the products of
the intercept probabilities and the outage probabilities of
the conventional DT strategy as well as the RS strategy are
plotted in Figures 5–7. Figure 5 shows the (IP×OP) products
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Figure 6: IP × OP versus the transmit SNR 𝛾𝑆 of the conventional
DT strategy and RS strategy for different numbers of cochannel
interferers𝑀 with 𝛾𝐼 = 15 dB, 𝑁 = 3, and 𝐾 = 4.
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Figure 7: IP × OP versus the transmit SNR 𝛾𝑆 of the conventional
DT strategy and RS strategy for different numbers of sources𝑁with𝛾𝐼 = 15 dB, 𝑀 = 4, and 𝐾 = 4.
of the conventional DT strategy as well as the RS strategy
against the transmit SNR 𝛾𝑆 at different numbers of available
relays 𝐾 (𝐾 = {4, 8, 12}). Figure 5 also shows that there
exists an (IP × OP) peak with the increase of the transmit
SNR 𝛾𝑆. This is due to the reason that the IP in the low
SNR regime comes close to 0, and the OP in the high SNR
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regime comes close to 0. Particularly, the presence of the (IP×
OP) peak is another perspective that the SRT indeed exists
between the intercept probability and the outage probability.
Clearly, it is also seen from Figure 5 that the maximum (IP ×
OP) product of the RS strategy is smaller than that of the
conventional DT strategy, which means the RS strategy is
always better than the conventional DT strategy in terms of
the (IP × OP) product. Moreover, the maximum (IP × OP)
product decreases significantly with increasing 𝐾 (from 4
to 12). It implies the SRT of the RS strategy is improved
accordingly.

Figure 6 shows the (IP×OP) products of the conventional
DT strategy as well as the RS strategy against the transmit
SNR 𝛾𝑆 at different 𝑀 (𝑀 = {4, 8, 12}). Similar to Figure 5,
there also exists an (IP × OP) peak with the increase of the
transmit SNR 𝛾𝑆. Figure 6 also shows that, for a given 𝑀,
the RS strategy outperforms the DT strategy in terms of the(IP × OP) product. Moreover, the SRTs of the conventional
DT and the RS schemes are also improved with increasing 𝑀
(from 4 to 12).

Figure 7 shows the (IP×OP) products of the conventional
DT strategy as well as the RS strategy versus the transmit
SNR 𝛾𝑆 at different 𝑁 (𝑁 = {2, 3}). Similar to Figure 5,
there also exists an (IP × OP) peak with the increase of the
transmit SNR 𝛾𝑆. Meanwhile, for a given 𝑁, the RS strategy
outperforms the conventional DT strategy in terms of the(IP×OP) product, and when the number of sources increases
from 𝑁 = 2 to 𝑁 = 3, the maximum (IP × OP) product
can be minimized so that the SRTs of the conventional DT
and the RS schemes are improved. By jointly considering
Figures 5–7, the improvement of the SRT performance in
terms of the (IP×OP) product can be achieved by increasing
the number of relays, sources, and cochannel interferers.
Moreover, it is also shown that the SRT performance of
the RS strategy is better than that of the conventional
DT strategy in terms of the product of the IP and the
OP.

5. Conclusions

In this paper, we presented the PLS of a multisource multire-
lay cooperative communication network by considering the
influence of cochannel interference from an SRT perspective.
Under impact of cochannel interferers, we adopted an SINR-
based method to analyze the SRT performance characterized
by the OP and the IP. We derived the closed-form IP and
OP expressions of both the conventional DT strategy and
RS strategy over Rayleigh fading channels, respectively. We
showed that when the OP (reliability) requirement is relaxed,
the IP (security) performance improves and vice versa. It
confirms that there is an SRT existing between the OP and
the IP. We also showed that a better SRT performance can
be achieved by increasing the number of sources, relays, and
cochannel interferers. In addition, the RS strategy generally
outperforms the conventional DT strategy in terms of the
product of the OP and the IP.

Appendix

A. Derivation of (24)

According to (23), 𝑃1 is rewritten as𝑃1
= 𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛𝜎2𝑆𝑏𝐷 ∫Δ/𝛾𝑆
0

exp(− 𝑛𝑥𝜎2𝑆𝑛𝐷 − 𝑥𝜎2𝑆𝑏𝐷) 𝑑𝑥
+ 𝑁−1∑
𝑛=0

𝑀−1∑
𝑚1=0

𝐶𝑛𝑁−1 (−1)𝑛𝑚1!𝜎2𝑆𝑏𝐷 exp( 1𝛾𝐼𝜎2𝐼𝑚𝐷)
× ∫∞
Δ/𝛾𝑆

exp(− ( 𝑛𝜎2𝑆𝑛𝐷 + 1𝜎2𝑆𝑏𝐷 + 𝛾𝑆𝛾𝐼𝜎2𝐼𝑚𝐷Δ) 𝑥)
× ( 𝛾𝑆𝑥𝛾𝐼𝜎2𝐼𝑚𝐷Δ − 1𝛾𝐼𝜎2𝐼𝑚𝐷)𝑚1 𝑑𝑥.

(A.1)

After some incorporations and necessary mathematical
manipulations, 𝑃1 can be calculated as

𝑃1 = 𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛𝑛𝜎2𝑆𝑏𝐷/𝜎2𝑆𝑛𝐷 + 1
⋅ [[1 − exp(−(𝑛𝜎2𝑆𝑏𝐷/𝜎2𝑆𝑛𝐷 + 1) Δ𝜎2𝑆𝑏𝐷𝛾𝑆 )]]
+ 𝑁−1∑
𝑛=0

𝑀−1∑
𝑚1=0

𝐶𝑛𝑁−1 (−1)𝑛𝑚1!𝜎2𝑆𝑏𝐷 exp( 1𝛾𝐼𝜎2𝐼𝑚𝐷)
× exp(−(𝑛/𝜎2𝑆𝑛𝐷 + 1/𝜎2𝑆𝑏𝐷 + 𝛾𝑆/𝛾𝐼𝜎2𝐼𝑚𝐷Δ) (1/𝛾𝐼𝜎2𝐼𝑚𝐷)𝛾𝑆/𝛾𝐼𝜎2𝐼𝑚𝐷Δ )
× (𝛾𝑆/𝛾𝐼𝜎2𝐼𝐷Δ)𝑚1

(𝑛/𝜎2𝑆𝑛𝐷 + 1/𝜎2𝑆𝑏𝐷 + 𝛾𝑆/𝛾𝐼𝜎2𝐼𝑚𝐷Δ)𝑚1+1 Γ (𝑚1 + 1, 0) .

(A.2)

For notational convenience, considering 𝜎2𝑆𝑏𝐷 = 𝜎2𝑆𝑛𝐷 =𝜎2𝑆 and 𝜎2𝐼𝑚𝐷 = 𝜎2𝐼 and using the equation Γ(𝑛, 𝑥) = (𝑛 −1)!exp(−𝑥) ∑𝑛−1𝑚=0(𝑥𝑚/𝑚!) [32], 𝑃1 can be achieved as shown
in (24).

This completes the derivation of (24).

B. Derivation of (39)

According to (38), the second term can be expressed as

Pr(max( 𝛾𝑆𝑥𝑌 + 1 , 𝛾𝑆 ℎ𝑅best𝐷2𝑌 + 1 ) < 𝜃 | 𝑥)

=
{{{{{{{{{{{{{{{{{{{{{{{

∫∞
0

Pr(𝛾𝑆 ℎ𝑅best𝐷2𝑦 + 1 < 𝜃 | 𝑥) 𝑓𝑌 (𝑦) 𝑑𝑦⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝐴1

𝑥 < 𝜃𝛾𝑆
∫∞
𝛾𝑆𝑥/𝜃−1

Pr(𝛾𝑆 ℎ𝑅best𝐷2𝑦 + 1 < 𝜃 | 𝑥) 𝑓𝑌 (𝑦) 𝑑𝑦⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝐴2

𝑥 > 𝜃𝛾𝑆 ,
(B.1)
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where the term Pr(𝛾𝑆|ℎ𝑅best𝐷|2/(𝑦 + 1) < 𝜃 | 𝑥) can be
calculated as

Pr(𝛾𝑆 ℎ𝑅best𝐷2𝑦 + 1 < 𝜃 | 𝑥)
= Pr(max

𝑅𝑘∈D
(ℎ𝑅𝑘𝐷2) < 𝜃 (𝑦 + 1)𝛾𝑆 | 𝑥)

= ∏
𝑅𝑘∈D

Pr(ℎ𝑅𝑘𝐷2 < 𝜃 (𝑦 + 1)𝛾𝑆 | 𝑥)

= |D|∑
𝑘1=0

𝐶𝑘1|D| (−1)𝑘1 exp(−𝑘1𝜃 (𝑦 + 1)𝜎2𝑅𝑘1𝐷𝛾𝑆 ) .

(B.2)

Substituting (B.2) into (B.1), one has

𝐴1 = |D|∑
𝑘1=0

𝐶𝑘1
|D| (−1)𝑘1 exp(− 𝑘1𝜃𝜎2𝑅𝑘1𝐷𝛾𝑆)

× ∫∞
0

exp(− 𝑘1𝜃𝑦𝜎2𝑅𝑘1𝐷𝛾𝑆) 𝑓𝑌 (𝑦) 𝑑𝑦.
(B.3)

Using the equation ∫∞
0

𝑥𝑚 exp(−𝛽𝑥𝑛)𝑑𝑥 = Γ((𝑚 + 1)/𝑛)/𝑛𝛽(𝑚+1)/𝑛 [32], 𝐴1 can be calculated as

𝐴1 = |D|∑
𝑘1=0

𝐶𝑘1
|D| (−1)𝑘1 exp(− 𝑘1𝜃𝜎2𝑅𝑘1𝐷𝛾𝑆)

⋅ 1
(1 + 𝑘1𝜃𝜎2𝐼𝑚𝐷𝛾𝐼/𝜎2𝑅𝑘1𝐷𝛾𝑆)𝑀

. (B.4)

By utilizing a similar way, 𝐴2 can be obtained as

𝐴2 = |D|∑
𝑘1=0

𝑀−1∑
𝑚1=0

𝐶𝑘1
|D| (−1)𝑘1𝑚1!

⋅ exp(− ( 𝑘1𝜎2𝑅𝑘1𝐷 + 𝛾𝑆𝛾𝐼𝜎2𝐼𝑚𝐷𝜃) 𝑥)

× exp( 1𝛾𝐼𝜎2𝐼𝑚𝐷)
⋅ (𝛾𝑆𝑥/𝛾𝐼𝜎2𝐼𝑚𝐷𝜃 − 1/𝛾𝐼𝜎2𝐼𝑚𝐷)𝑚1(1 + 𝑘1𝜃𝜎2𝐼𝑚𝐷𝛾𝐼/𝜎2𝑅𝑘1𝐷𝛾𝑆)𝑀−𝑚1

.
(B.5)

Substituting (21) and (B.1) into (38), 𝑃4 can be expressed as

𝑃4 = ∫𝜃/𝛾𝑆
0

𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛 exp(− 𝑛𝑥𝜎2𝑆𝑛𝐷) 𝐴1𝑓|ℎ𝑆𝑏𝐷|2 (𝑥) 𝑑𝑥⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝐵1

+ ∫∞
𝜃/𝛾𝑆

𝑁−1∑
𝑛=0

𝐶𝑛𝑁−1 (−1)𝑛 exp(− 𝑛𝑥𝜎2𝑆𝑛𝐷) 𝐴2𝑓|ℎ𝑆𝑏𝐷|2 (𝑥) 𝑑𝑥⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝐵2

.
(B.6)

Then, incorporating (B.4) into (B.6) and employing some
mathematical manipulations, 𝐵1 can be calculated as

𝐵1 = 𝑁−1∑
𝑛=0

|D|∑
𝑘1=0

𝐶𝑛𝑁−1 (−1)𝑛 𝐶𝑘1|D| (−1)𝑘1

⋅ exp (−𝑘1𝜃/𝜎2𝑅𝑘1𝐷𝛾𝑆)(1 + 𝑘1𝜃𝜎2𝐼𝑚𝐷𝛾𝐼/𝜎2𝑅𝑘1𝐷𝛾𝑆)𝑀
× 1𝜎2𝑆𝑏𝐷

⋅ ∫𝜃/𝛾𝑆
0

exp(− 𝑛𝑥𝜎2𝑆𝑛𝐷 − 𝑥𝜎2𝑆𝑏𝐷) 𝑑𝑥
= 𝑁−1∑
𝑛=0

|D|∑
𝑘1=0

𝐶𝑛𝑁−1 (−1)𝑛 𝐶𝑘1|D| (−1)𝑘1𝑛𝜎2𝑆𝑏𝐷/𝜎2𝑆𝑛𝐷 exp(− 𝑘1𝜃𝜎2𝑅𝑘1𝐷𝛾𝑆)
× 1 − exp (− (𝑛𝜎2𝑆𝑏𝐷/𝜎2𝑆𝑛𝐷 + 1) 𝜃/𝜎2𝑆𝑏𝐷𝛾𝑆)(1 + 𝑘1𝜃𝜎2𝐼𝑚𝐷𝛾𝐼/𝜎2𝑅𝑘1𝐷𝛾𝑆)𝑀

.

(B.7)

By utilizing a similar way, 𝐵2 can be obtained as

𝐵2 = 𝑁−1∑
𝑛=0

|D|∑
𝑘1=0

𝑀−1∑
𝑚1=0

𝐶𝑛𝑁−1 (−1)𝑛 𝐶𝑘1|D| (−1)𝑘1 𝛾𝐼𝜎2𝐼𝑚𝐷𝜃𝜎2𝑆𝑏𝐷𝛾𝑆 × exp(− 𝑘1𝜃𝜎2𝑅𝑘1𝐷𝛾𝑆) exp(−(𝑛𝜎2𝑆𝑏𝐷/𝜎2𝑆𝑛𝐷 + 1) 𝜃𝜎2𝑆𝑏𝐷𝛾𝑆 )

× (1 + 𝑘1𝜃𝜎2𝐼𝑚𝐷𝛾𝐼/𝜎2𝑅𝑘1𝐷𝛾𝑆)𝑚1−𝑀(1 + 𝑘1𝛾𝐼𝜎2𝐼𝑚𝐷𝜃/𝜎2𝑅𝑘1𝐷𝛾𝑆 + (𝑛𝜎2𝑆𝑏𝐷/𝜎2𝑆𝑛𝐷 + 1) 𝛾𝐼𝜎2𝐼𝑚𝐷𝜃/𝜎2𝑆𝑏𝐷𝛾𝑆)𝑚1+1 .
(B.8)
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Incorporating (B.7) and (B.8) into (B.6), and for simplic-
ity, considering 𝜎2𝑆𝑏𝐷 = 𝜎2𝑆𝑛𝐷 = 𝜎2𝑆 and 𝜎2𝐼𝑚𝐷 = 𝜎2𝐼 , 𝑃4 can be
obtained as shown in (39).

This completes the derivation of (39).
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This paper investigates an energy-constrained two-way multiplicative amplify-and-forward (AF) relay network, where a practical
nonlinear energy harvesting (NLEH)model is equipped at the relay to realize simultaneous wireless information and power transfer
(SWIPT).We focus on the design of dynamic power splitting (DPS) strategy, in which the PS ratio is able to adjust itself according to
the instantaneous channel state information (CSI). Specifically, we first formulate an optimization problem to maximize the outage
throughput, subject to the NLEH. Since this formulated problem is nonconvex and difficult to solve, we further transfer it into an
equivalent problem and develop a Dinkelbach iterative method to obtain the corresponding solution. Numerical results are given
to verify the quick convergence of the proposed iterative method and show the superior outage throughput of the designed DPS
strategy by comparing with two peer strategies designed for the linear energy harvesting (LEH) model.

1. Introduction

Internet of things (IoT) devices are usually powered by
batteries with limited energy storage capacity, leading to a key
constraint of the performance of energy-constrained wireless
networks [1, 2]. To address this problem, simultaneous wire-
less information andpower transfer (SWIPT) has beenrecent-
ly proposed as a promising solution to prolong the lifetime of
energy-constrainedwireless networks, where thewireless sig-
nal is either switched in the time domain or split in the power
domain to provide signal transmission and power transfer
using the same wireless carrier, i.e., time switching (TS) strat-
egy and power splitting (PS) strategy. Accordingly, SWIPT is
applicable in energy-constrained networks for striking a bal-
ance between information and energy [3–5].

Relaying techniques, including one-way relay networks
(OWRNs) and two-way relay networks (TWRNs), are highly
beneficial in wireless communications to overcome shadow-
ing effects, to increase the communication range, to improve

the energy efficiency, and to increase the achievable through-
put [6]. Of particular interest is the two-step (or three-step)
TWRNs, in which one node shares its data with the other
node via an intermediate relay.The system configurationmay
arise inmany practical scenarios, e.g., data exchange between
sensor nodes and the data through an immediate relay in IoT
networks [7, 8]. However, in fact, the relay nodes may have
limited battery capacity and thus rely on some external re-
sources to charge in order to remain active. Further, due to
the random positions of relay nodes, consistent power supply
may be unavailable for energy-constrained relay nodes, lead-
ing to possible power outages. As a result, the aforementioned
two promising techniques, SWIPT and two-step (or three-
step) TWRNs, can be integrated to balance between informa-
tion and energy [9].

Up to now, several works have been reported regarding
this issue [10–15]. Authors of [10, 11] introduced decode-and-
forward (DF) and amplify-and-forward (AF) into PS strategy
based SWIPT with two-step TWRNs, respectively. Reference
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[12] studied the optimal PS strategy to maximize the energy
efficiency. Since the circuitry design of three-step is simpler
than that of two-step, [13] studied the bounds performance
for PS based SWIPT with three-step DF-TWRNs in terms
of outage probability. Different from [13], the authors of [14]
studied the PS based three-step multiplicative AF-TWRNs,
due to the advantage of three-step multiplicative TWRNs in
outage probability and investigated the corresponding outage
performance with a static PS strategy, where the PS ratio is
determined by statistic channel state information (CSI). This
results in a room for improving by making full use of the
instantaneous CSI. Due to this reason, the dynamic PS (DPS)
strategy was further developed [15]. It was shown that the
outage performance can be improved by employing the DPS
strategy.

However, the above works discussed [10–15] were based
on the assumption of a linear energy harvesting (LEH)model,
which was shown to be inaccurate and not capable of captur-
ing the nonlinear behaviour of RF energy harvesting (RF-EH)
circuits [16]. As a result, those existing strategies based on
the LEH model lead to significant performance loss in a real
scenario owing to the mismatching between linear and non-
linear EH (NLEH)model. Even though several works [16–27]
have been reported regarding the applications of the NLEH
model for wireless communications, most of them (see [16–
24]) focused on the wireless powered communication (WPC)
networks and point-to-point/cognitive radio networks with
SWIPT. Apart from the aforementioned networks, the appli-
cations of a NLEH model have also been studied to the
OWRNs [25–27]. In [25, 26], the authors investigated the
outage performance of a NLEH relaying network with a PS
strategy. Considering the perfect/imperfect CSI at the relay,
the optimal PS strategy was developed in terms of outage
performance [27]. However, there is no work in the existing
literature studying the TWRNs with a NLEH harvester. This
motivates our work.

In this paper, we study a DPS strategy for three-step
multiplicative AF-TWRNs, where the relay is equippedwith a
NLEH harvester (this work extends the recent work [15] into
the NLEH) to realize the SWIPT. To incentivize the relay to
cooperate with the source, the harvest-then-forward scheme
is adopted, i.e., the relay only uses the harvested energy from
the source’s signal to assist its transmissions. In order to inves-
tigate the upper bound outage throughput of the considered
network, we assume that CSI is available. Our contributions
are as follows.

We formulate an optimization problem to maximize the
outage throughput by adjusting the PS ratio according to the
instantaneous CSI. The optimization problem is equivalent
to maximize worse end-to-end signal-to-noise ratio (SNR),
which is nonconvex and difficult to solve. On this basis, we
reformulate it as a fractional programming problem and
employ the Dinkelbach method to derive a DPS strategy.The
simulation results show, compared with the existing strate-
gies, the proposed DPS strategy achieves a larger outage
throughput.

The rest of this paper is organized as follows. In Section 2,
we introduce the system model. In Section 3, we formulate
an optimization problem tomaximize outage throughput and

design an iterative method to obtain the optimal solution.
Section 4 provides simulation results to verify our work.
Finally, Section 5 concludes the paper.

2. System Model

2.1. Multiplicative AF-TWRNs. We consider a NLEH multi-
plicative AF-TWRNs, where an energy-constrained relay 𝑅
coordinates the two-way communications for two terminals
(i.e., node 1 and node 2) exchanging information by adopting
the harvest-then-forward scheme, as shown in Figure 1. All
nodes are equippedwith one antenna due to the limited space
(since the main focus of this work is on the novel dynamic
power splitting (DPS) scheme design subject to the nonlinear
model, for analytical tractability, we consider the single
antenna AF relay networks). We ignore the direct transmis-
sion between two terminals due to the heavy fading [15]. For
successful information exchange between the two nodes, we
consider the following assumptions [14, 15]:

(i) The total transmission time block𝑇 = 1 is divided into
three consecutive equal time slots, as shown in Fig-
ure 2. First, node 1 sends the signal to 𝑅. And then,
node 2 sends the signal to𝑅. Finally, the relay𝑅 broad-
casts themultiplied signal to nodes 𝑘 (𝑘 = 1 or 2) using
the harvested energy.

(ii) The path-lossmodel is distance-dependent with a rate
of 𝑑−𝛼𝑘 , where 𝛼 is the path-loss exponent and 𝑑𝑘 is the
distance between node 𝑘 and relay 𝑅. Let 𝑔𝑘 denote
the complex channel coefficients from the relay to the
destination node 𝑘, respectively. Each link is inde-
pendent with frequency nonselective Rayleigh block
fading. Further, CSI is available in order to investigate
the upper bound outage performance.

(iii) Theprocessingenergy required by the transmit/receive
circuitry at the relay is ignored since it is very small
compared with the transmit energy.

2.2. Energy Harvesting Model. EH model is able to charac-
terize the relationship between input power 𝑃𝑖𝑛 and output
power 𝑃𝑜𝑢𝑡 by a function 𝑓(⋅), given by

𝑃𝑜𝑢𝑡 = 𝑓 (𝑃𝑖𝑛) . (1)

The conventional LEH model assumes a fixed constant to
describe the relationship between input power 𝑃𝑖𝑛 and output
power 𝑃𝑜𝑢𝑡, given by

𝑃𝑙𝑖𝑛𝑒𝑎𝑟𝑜𝑢𝑡 = 𝑓 (𝑃𝑖𝑛) = 𝜂𝑃𝐸𝑅𝑘 , 0 ⩽ 𝜂 ⩽ 1, (2)

where 𝜂 is the fixed energy conversion efficiency of energy
harvester equipped at relay.

However, the above LEHmodel cannot capture the prop-
erties of practical EH circuits, since the energy conversion
efficiency improves as the input power rises, but for high
input power there is a limitation on the maximum harvested
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Figure 2: Transmission time-block structure for the DPS strategy.

energy [19]. To this end, a NLEHmodel was proposed by fitt-
ing the measurement data in [16], given by

𝑃𝑁𝑜𝑛−𝑙𝑖𝑛𝑒𝑎𝑟𝑜𝑢𝑡 = 𝑓 (𝑃𝑖𝑛)
= [𝑀/ (1 + exp (−𝑎 (𝑃𝑖𝑛 − 𝑏))) −𝑀Ω]1 − Ω , (3)

where𝑀 denotes the maximum harvested power at EH har-
vester when the EH circuit is saturated; 𝑎 and 𝑏 are constants
related to the detailed EH circuit specifications such as the
resistance, capacitance, and diode turn-on voltage;Ω = 1/(1+
exp(𝑎𝑏)).

More recently, the authors of [28] proposed another func-
tion to characterize the practical EH circuitry; that is,

𝑃𝑁𝑜𝑛−𝑙𝑖𝑛𝑒𝑎𝑟𝑜𝑢𝑡 = 𝑓 (𝑃𝑖𝑛) = 𝑎𝑃𝑖𝑛 + 𝑏𝑃𝑖𝑛 + 𝑐 −
𝑏𝑐 , (4)

where parameters 𝑎, 𝑏, and 𝑐 are constants determined by
standard curve fitting tool.

Compared with themodel in (3), themodel in (4) is more
mathematically tractable and is able to provide sufficient
precision [28]. For the above reasons, this paper employs the
model in (4) to develop the DPS strategy.

2.3. Working Flow. In the first or second slot, the signal from
the node 𝑘 received at relay 𝑅 is given as

𝑦𝑘,𝑅 = √𝑃𝑘ℎ𝑘𝑥𝑘 + 𝑧𝑘, ∀𝑘 = 1, 2. (5)

where 𝑃𝑘 is the transmit power of node 𝑘, ℎ𝑘 = 𝑔𝑘/√𝑑𝛼𝑘 , 𝑥𝑘
denotes the normalized signal from the node 𝑘, and 𝑧𝑘 is the
additive white Gaussian noise (AWGN) at the receiving an-
tenna.

The received RF signal is split into two streams,√(1 − 𝜌)𝑦𝑘,𝑅 for information processing and √𝜌𝑦𝑘,𝑅 for EH.
Accordingly, based on model (4), the total harvested energy
at 𝑅 from the first and second slots can be calculated as

𝐸𝑅 = 𝑇3 (𝑃𝑁𝑜𝑛−𝑙𝑖𝑛𝑒𝑎𝑟𝐸𝑅1
+ 𝑃𝑁𝑜𝑛−𝑙𝑖𝑛𝑒𝑎𝑟𝐸𝑅2

)
= 𝑇3 (

𝑎𝑃𝐸𝑅1 + 𝑏𝑃𝐸𝑅1 + 𝑐 +
𝑎𝑃𝐸𝑅2 + 𝑏𝑃𝐸𝑅2 + 𝑐 −

2𝑏𝑐 )

= 𝑇3 (
(𝑎𝑐 − 𝑏) [2𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2)]𝑐𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐2 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2) + 𝑐3 ) ,

(6)

where 𝑃𝐸𝑅𝑘 = 𝜌𝑃𝑘|ℎ𝑘|2 is the received power from the node 𝑘;𝜌 ∈ [0, 1) is the PS ratio.
In the third slot, the received signals at the first slot and

the second slot are multiplied and amplified, resulting in a
hybrid signal at relay 𝑅, given by

𝑦𝑅 = √𝑃𝑅𝜉 (ℎ1√(1 − 𝜌) 𝑃1𝑥1 + 𝑍1)
⋅ (ℎ2√(1 − 𝜌) 𝑃2𝑥2 + 𝑍2) ,

(7)

where 𝜉 = Π2𝑘=1((1 − 𝜌)|ℎ𝑘|2𝑃𝑘 + 𝜎2𝑘) is the power constraint
factor; 𝜎2𝑘 is the power of the mixed AWGN noises 𝑍𝑘,
including the antenna noise and conversion noise; 𝑃𝑅 =3𝐸𝑅/𝑇 is the transmitted power at the relay.

According to the single channel separation signal tech-
nology [15], the desired signal from the target node can be ob-
tained from themixed signal.Therefore, the signal received at
destination node 1 obtains the information from node 2; that
is,

𝑦1,2 = 𝑥−11 (ℎ1𝑦𝑅 + 𝑍1) , (8)
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where 𝑍1 denotes the mixed noise at node 1 with the variance𝜎21 , which includes the transmitter antenna noise, the receiver
antenna noise, and the conversion noise; 𝑥−11 = 1/𝑥1.

Substituting (7) into (8), the received signal 𝑦1,2 at the
node 1 from the node 2 can be rewritten as

𝑦1,2 = √𝑃𝑅𝑃1𝑃2𝜉 (1 − 𝜌) ℎ12 ℎ2𝑥2⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
Signal Term

+√𝑃𝑅𝜉 ℎ1𝑥−11 𝑍1𝑍2 + √
𝑃𝑅𝑃1 (1 − 𝜌)𝜉 ℎ12 𝑍2⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

Noise Term I

+√𝑃𝑅𝑃2 (1 − 𝜌)𝜉 ℎ1ℎ2𝑥−11 𝑥2𝑍1 + 𝑥−11 𝑍1,⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
Noise Term II

(9)

Therefore, the SNR from node 2 to node 1 can be de-
scribed as

𝛾1 = 𝑠𝑛 + 𝑜 + 𝑖 + 𝑒 , (10)

where (in this paper, we assume that instantaneous CSI is
only available at the relay in order to reduce the CSI feedback
overhead. Thus, we assume that 𝑃1 = 𝑃2 = 𝑃𝑆, and the power
allocation scheme for destination nodes has not been consid-
ered)

𝑠 = 𝜇 [2𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2)] 𝑃𝑆2 (1 − 𝜌)2 ℎ14
⋅ ℎ22 ,

𝑛 = 𝜇 [2𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2)] 𝑃𝑆 (1 − 𝜌) ℎ14 𝜎22 ,
𝑜 = 𝜇 [2𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2)] 𝑃𝑆 (1 − 𝜌) ℎ12
⋅ ℎ22 𝜎21 ,

𝑖 = 𝜇 [2𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2)] ℎ12 𝜎21𝜎22 ,
𝑒 = (𝑐𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐2 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2) + 𝑐3)
⋅ (𝑃𝑆 (1 − 𝜌) ℎ12 + 𝜎21) (𝑃𝑆 (1 − 𝜌) ℎ22 + 𝜎22) 𝜎21 ,

𝜇 = 𝑎𝑐 − 𝑏,
𝑃1 = 𝑃2 = 𝑃𝑆,
𝑃𝐸𝑅1 = 𝜌𝑃𝑆 ℎ12 ,
𝑃𝐸𝑅2 = 𝜌𝑃𝑆 ℎ22 .

(11)

Likewise, the SNR from the node 1 to node 2 is 𝛾2, which
can be written as

𝛾2 = 𝑠𝑛 + 𝑜 + 𝑖 + 𝑒 , (12)

where

𝑠 = 𝜇 [2𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2)] 𝑃𝑆2 (1 − 𝜌)2 ℎ24
⋅ ℎ12 ,

𝑛 = 𝜇 [2𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2)] 𝑃𝑆 (1 − 𝜌) ℎ24
⋅ 𝜎21 ,

𝑜 = 𝜇 [2𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2)] 𝑃𝑆 (1 − 𝜌) ℎ22
⋅ ℎ12 𝜎22 ,

𝑖 = 𝜇 [2𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2)] ℎ22 𝜎22𝜎21 ,
𝑒 = (𝑐𝑃𝐸𝑅1𝑃𝐸𝑅2 + 𝑐2 (𝑃𝐸𝑅1 + 𝑃𝐸𝑅2) + 𝑐3)
⋅ (𝑃𝑆 (1 − 𝜌) ℎ22 + 𝜎22) (𝑃𝑆 (1 − 𝜌) ℎ12 + 𝜎21) 𝜎22 .

(13)

3. Dynamic Power Splitting

3.1. Optimization Problem Formulated. For SWIPT based
TWRNs, the outage occurs if one destination node cannot
decode the information from the other source node.Thus, the
outage throughput 𝜏 can be described as

𝜏 = (1 − 𝑃𝑜𝑢𝑡) 𝑈, (14)

with

𝑃𝑜𝑢𝑡 = 𝑃 {(𝛾1 < 𝛾𝑡ℎ) ∪ (𝛾2 < 𝛾𝑡ℎ)}
= 1 − 𝑃 {𝛾1 ⩾ 𝛾𝑡ℎ, 𝛾2 ⩾ 𝛾𝑡ℎ} , (15)

where 𝛾𝑡ℎ = 2𝑈−1 is theminimumacceptable threshold value;𝑈 denotes the constant transmission rate of the source node.
It can be observed from (14) and (15) that the outage

throughput is determined by the worse end-to-end SNR of
the two links. Thus, the optimization problem to maximize
the outage throughput can be written as

(P1) : maxmin
𝜌

{𝛾1, 𝛾2}
subject to : 0 ⩽ 𝜌 < 1. (16)

Lemma1. P1 is proved to be equivalent to the following optimi-
zation problem P2, which is

(P2) : max
𝜌
𝛾

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 : 0 ⩽ 𝜌 < 1, (17)

where 𝛾 = { 𝛾1, if 𝛾1⩽𝛾2𝛾2, if 𝛾1>𝛾2 .

The proof is given in Appendix.
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3.2. Iterative Method Design. In this subsection, we focus on
the design of iterative method to solve (P2) based on the
Lemma 1. Specifically, we assume that 𝛾1 is equal to 𝛾 and
design an iterative method to obtain corresponding solution.
Note that the case of 𝛾 = 𝛾2 can also be obtained by the same
method.

We denote the maximum SNR of the node 2 to node 1
which equals 𝑞∗, which is

𝑞∗ = max
0⩽𝜌(𝑙)<1

𝑠𝑛 + 𝑜 + 𝑖 + 𝑒 , (18)

It can be concluded that (18) is a typical fractional pro-
grammingproblem.Therefore, we can employ theDinkelbach
method to obtain the maximum 𝑞∗, as shown in Algorithm 1.
Notice that 𝑞∗ is available if and only if

max
0⩽𝜌(𝑙)<1

{𝑠 − 𝑞∗ (𝑛 + 𝑖 + 𝑠 + 𝑒)} = 0. (19)

The proof can be found in [29].
Next, we solve the auxiliary problem in the step 4 of the

Dinkelbachmethod, which is nonconvex.The equation in the
auxiliary problem can be written as

𝐹 (𝑞(𝑙−1), 𝜌(𝑙)) = 𝑟1𝜌4 + 𝑟2𝜌3 + 𝑟3𝜌2 + 𝑟4𝜌 − 𝑟5, (20)

where
𝑟1 = 2𝜇𝑚1𝑚3 − 𝑢5𝑚21,
𝑟2 = 𝜇 [−4𝑚1𝑚3 + (𝑐 + 2𝑢4)𝑚2𝑚3]
− 𝑢5 (𝑢8𝑚1𝑚2 − 2𝑚21) ,

𝑟3 = 𝜇 [2 (𝑚3 − 𝑚8)𝑚1 + 𝑐𝑚2𝑚7 − 2𝑐𝑚3] ,
− 𝑘5 [(𝑢9 + 𝑢10𝑚2)𝑚1 + 𝑚21 − 𝑢3𝑚22] ,
𝑟4 = 𝜇 (𝑐𝑚3 − 𝑐𝑚8)
− 𝑢6 [(𝑚2 − 2𝑐)𝑚1 − 𝑢3𝑚2 + 𝑢11𝑚22] ,

𝑟5 = 𝑢7 (𝑚1 + 𝜎2𝑚2 + 𝜎4) .
𝑚1 = 𝑢1𝑢2,
𝑚2 = 𝑢1 + 𝑢2,
𝑚3 = 𝑢1𝑢2 ℎ12 ,
𝑚4 = 𝑢1𝑢4 ℎ12 ,
𝑚5 = 𝑢2𝑢4 ℎ12 ,
𝑚6 = 𝑢4 ℎ12 𝜎21 ,
𝑚7 = 𝑢4 ℎ12 (𝑢1 + 𝑢2) ,
𝑚8 = 𝑘4 ℎ12 (𝑢1 + 𝑢2 + 𝜎2) .
𝑢1 = 𝑃𝑆 ℎ12 ,
𝑢2 = 𝑃𝑆 ℎ22 ,

𝑢3 = 𝑐𝜎2,
𝑢4 = 𝑞(𝑙−1)𝜎2,
𝑢5 = 𝑞(𝑙−1)𝜎2𝑐,
𝑢6 = 𝑞(𝑙−1)𝜎2𝑐2,
𝑢7 = 𝑞(𝑙−1)𝜎2𝑐3,
𝑢8 = 𝑐 − 𝜎2,
𝑢9 = 𝜎4 + 𝑐2,
𝑢10 = 𝜎2 − 2𝑐,
𝑢11 = 𝜎2 + 𝜎4.

(21)

The first-order derivative of the function𝐹(𝑞(𝑙−1), 𝜌(𝑙)) can
be written as

𝐹 (𝑞(𝑙−1), 𝜌(𝑙)) = 4𝑟1𝜌3 + 3𝑟2𝜌2 + 2𝑟3𝜌 + 𝑟4 = 0. (22)

Clearly, (22) is a typical cubit equation and the roots can
be determined [30]. For the convenience of the following
description, we denote that 𝐴 = 9𝑟22 − 24𝑟1𝑟3, 𝐵 = 6𝑟2𝑟3 −36𝑟1𝑟4, 𝐶 = 4𝑟23 − 9𝑟2𝑟4, and Δ = 𝐵2 − 4𝐴𝐶. The roots are as
follows.

Case 1. If 𝐴 = 𝐵 = 0, there exists a triple root and the real
root is −3𝑟2/12𝑟1.
Case 2. If Δ = 𝐵2 − 4𝐴𝐶 > 0, there exist one real root and
two complex roots.The real root is (−3𝑟2−( 3√𝑌1+ 3√𝑌2))/12𝑟1,
where 𝑌1,2 = 3𝐴𝑟2 + 12𝑟1((−𝐵 ± (√𝐵2 − 4𝐴𝐶))/2).
Case 3. If Δ = 𝐵2 − 4𝐴𝐶 = 0, there exist a double real root,
and a real root, i.e., two different real roots. Both two different
roots are −𝐾/2 and −3𝑟2/4𝑟1 + 𝐾, where 𝐾 = (𝐵/𝐴)(𝐴 ̸= 0).
Case 4. If Δ = 𝐵2 − 4𝐴𝐶 < 0, there exist three different
real roots. Three different real roots are (−3𝑟2 − 2√𝐴 cos(𝜃/3))/12𝑟1, (−3𝑟2 + √𝐴(cos(𝜃/3) + √3 sin(𝜃/3)))/12𝑟1, and(−3𝑟2+√𝐴(cos(𝜃/3)−√3 sin(𝜃/3)))/12𝑟1, where 𝜃 = arccos𝑇
and 𝑇 = (6𝐴𝑟2 − 12𝑟1𝐵)/2√𝐴3(𝐴 > 0, −1 < 𝑇 < 1).

Based on the above cases, we can obtain closed-form roots
for the above cubic equation (22). Then the real root from
0 to 1 to maximize the function 𝐹(𝑞(𝑙−1), 𝜌(𝑙)) is selected as
the optimal solution to the auxiliary problem by comparing
values of the real roots.

4. Simulation Results

In this section, we present the numerical results to evaluate
the outage throughput of the proposed DPS, two baseline
schemes proposed in [14, 15] under a NLEHmodel.The fitted
ones of the employed NLEH parameters are set as 𝑎 = 109.7,
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(1): Initialize:
the maximum number of iterations 𝐿max, the iteration index 𝑙 = 1, 𝑞(0) = 0;(2): Set:𝜂, 𝑃𝑆, 𝛿, 𝜎2 and input the instantaneous CSI, ℎ𝑘;(3): repeat(4): Solve the maximize optimization problem in (19) with 𝐹(𝑞(𝑙−1), 𝜌(𝑙)) =
max0⩽𝜌(𝑙)<1{𝑠 − 𝑞(𝑙−1)(𝑛 + 𝑜 + 𝑖 + 𝑒)} and obtain 𝜌(𝑙);(5): Apply 𝜌(𝑙) into 𝑠, 𝑛, 𝑜, 𝑖, 𝑒 to calculate 𝑠, 𝑛, 𝑜, �̃�, 𝑒;(6): Update 𝑞(𝑙) = 𝑠/(𝑛 + 𝑜 + �̃� + 𝑒);(7): If |𝐹(𝑞(𝑙−1), 𝜌(𝑙))| ⩾ 𝛿, then 𝑙 = 𝑙 + 1;(8): until |𝐹(𝑞(𝑙−1), 𝜌(𝑙))| < 𝛿 or 𝑙 = 𝐿max;(9): Obtain the maximum SNR 𝑞∗ = 𝑞(𝑙), and the optimal PS ratio 𝜌∗ = 𝜌(𝑙).

Algorithm 1: The proposed iterative method.

X: 0.33
Y: 39.63

X: 0.04
Y: 4.298

0

10

20

30

40

SN
R

0

1

2

3

4

5

SN
R

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 10
NLEH model PS ratio,

0.2 0.4 0.6 0.8 10
LEH model PS ratio,

Figure 3: SNR versus PS ratio through exhaustive searching.

b = 43.69, and c = 128.1. For comparison, we set the param-
eters as follows: 𝛼 = 2.7, 𝑑1 = 𝑑2 = 1m, 𝛿 = 10−1, and𝜎2 = 0.01.

Figure 3 shows the SNR versus PS ratio by exhaustive
searching method with the channel gains |ℎ1| = 0.9770 and|ℎ2| = 1.2594. The transmit power and the transmission rate
of source node are set to be 1.5 J/s and 3 bits/s/Hz, respectively.
One can see that the value of optimal PS ratios for LEH and
NLEH is unequal. This point illustrates that the optimal PS
strategy designed for LEH is not an optimal one for NLEH,
due to the mismatching between LEH and NLEH. Based on
the same parameter as Figure 3, the PS ratio and SNR versus
number of iterations are illustrated. It can be observed that
only two iterations are required to obtain optimal solution
by the proposed iterative method. In addition, the optimal
solution obtained by the proposed iterativemethod is equal to
the one obtained by exhaustive searchingmethod in Figure 4.
The above analyses verify our proposed iterative method.

Figure 5 depicts the outage throughput with different
transmission rates𝑈 for the proposed DPS strategy, the static
PS strategy [14], and the existing DPS strategy (here, we
employ LEH-DPS scheme to calculate the optimal PS ratio
under the LEH model and substitute it into NLEH model)
[15]. Among those strategies, the static PS strategy and the
existing DPS strategy are designed for LEH model and the
existing DPS strategy is renamed as a baseline scheme for
convenience. It can be observed that, in terms of outage
throughput, the proposedDPS scheme outperforms the static
PS and the baseline scheme at different transmission rates 𝑈,
as expected.This is because our proposed strategy is designed
for NLEH and can obtain the optimal solution optimized for
a NLEH model.

Both Figures 6 and 7 illustrate the outage throughput
versus SNR for two strategies under different scenarios. One
can see from Figure 6 that the outage throughput decreases
with the distance. The reason is that the larger distance leads
to a smaller channel gain and a lower outage throughput.
One also can see that the proposed strategy outperforms the
baseline scheme, which shows that the baseline scheme is a
suboptimal one for the NLEH. In addition, it can be observed
from Figure 7 that a considerable performance gain can be
achieved by selecting an appropriate transmission rate.

5. Conclusion

In this paper, we developed a DPS strategy to maximize the
outage throughput for NLEH three-step multiplicative AF-
TWRNs. In particular, we formulated a nonconvex optimiza-
tion problem formaximizing the outage throughput and pro-
posed a Dinkelbach method to obtain the solution with a few
iterations. Although the auxiliary problem of the proposed
Dinkelbachmethod is nonconvex,we derived the closed-form
solutions and avoided the necessity of solving a sequence of
nonconvex auxiliary problems. Simulations showed that the
proposed DPS strategy achieves a higher outage throughput
in NLEH three-step multiplicative AF-TWRNs compared
with two recent schemes designed for the LEH model.
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Figure 4: PS ratio and SNR versus number of iterations.
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sion rates.

Appendix

Proof of the Lemma

For ease of analysis, we neglect the antenna noise and assume
that 𝜎2 = 𝜎21 = 𝜎22 = 𝜎21 = 𝜎22 [14, 15].
Case i. If |ℎ1|2 = |ℎ2|2 or 𝜌 = 0, it is obvious that 𝛾1 = 𝛾2.
Thus, the optimization problem (P1) is equivalent to (P2).

Case ii. By means of reduction to absurdity, it can be proven
that 𝛾1 = 𝛾2 holds when |ℎ1|2 ̸= |ℎ2|2 and 𝜌 ̸= 0. We

assume that 𝛾1 − 𝛾2 = 0 holds. Through some convenient
mathematical calculations, the equality 𝛾1 − 𝛾2 = 0 can be
rewritten asℎ12 ((1 − 𝜌) 𝑃𝑆 ℎ12 + 𝜎2) ((1 − 𝜌) 𝑃𝑆 ℎ22 + 𝜎2)

= ℎ22 ((1 − 𝜌) 𝑃𝑆 ℎ12 + 𝜎2)
⋅ ((1 − 𝜌) 𝑃𝑆 ℎ22 + 𝜎2)

(A.1)

Obviously, (A.1) holds if and only if |ℎ1|2 = |ℎ2|2 or 𝜌 = 0,
which indicates that the assumption 𝛾1 − 𝛾2 = 0 does not
hold except for the case i. Based on the above cases, Lemma 1
holds.

The proof is complete.
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Appropriate resource allocation has great significance to enhance the energy efficiency (EE) for cooperative communication system.
The objective is to allocate the resource to maximize the energy efficiency in single-cell multiuser cooperative communication
system. We formulate this problem as subcarrier-based resource allocation and solve it with path planning in graph theory. A two-
level neural network model is designed, in which the users and subcarrier are defined as network nodes. And then we propose
an improved intelligent water drops algorithm combined with Genetic Algorithm; boundary condition and initialization rules of
path soil quantity are put forward.The simulation results demonstrate that the proposed resource allocation scheme can effectively
improve the energy efficiency and enhance QoS performance.

1. Introduction

The rapid energy consumption due to the demands of mobile
communication services has become a subject of global inter-
ests from environment perspective. On one hand, because of
its slow development and limited capacity, battery technology
becomes the bottleneck of limiting the development of the
portable terminals [1]; on the other hand, enormous energy
consumption of the communication industry indirectly leads
to the greenhouse gas emission and increases the operators’
operating costs. Statistics show that, in 2009, the power con-
sumption of three service providers in China was 28.9 billion
degrees, which equals 4.41 million tons of coal burning. By
2014, the energy consumption had been up to 6.71 million
tons, with a 52% increase in 5 years [2, 3]. Compared to other
industries, it is essential for the communication industry
to reduce energy consumption. Meanwhile, as important
support for social informatization, there is a very broad
prospect for the communication industry to promote energy
conservation in the society information industry. Therefore,
designing a high energy-efficient communication system has
become a consensus of the communication industry.

Cooperative communication [4, 5] is defined as follows:
in a cell, the adjacent devices with single antenna create a vir-
tual MIMO system by sharing their antennas with each other
[6, 7] to achieve the goal of overcoming the multipath fading
and gaining the benefit of multiantenna space diversity. In
cooperative communication system, a reasonable resource
allocation scheme has great significance in improving the
spectral efficiency and reducing the energy consumption.
The traditional design of cooperative communication system
mainly focuses on the improvement of system capacity, out-
age probability, spectral efficiency, and other performances.
With the scholars’ attention to the energy consumption of
communication industry and the concept of green commu-
nication, the energy efficiency of cooperative communication
system is gaining widespread concern.Wong et al. [8] studied
the network-level resource scheduling scheme in cooperative
communication system and proposed a cooperative concept
to obtain the higher energy efficiency; at the same time they
also designed high energy-efficient network architecture. A
resource allocation scheme on game theory is established; it
is proven that the cooperation between users can effectively
improve the energy efficiency of the system [9]. In [10],
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Figure 1: Cooperative communication model.

an algorithm is proposed to select the optimal relay in a
single-relay cooperation system. Compared with the fixed
cooperationmethod, the energy consumption is significantly
reduced. The wireless sensor networks (WSNs) with energy
harvesting and cooperative communication were studied in
[11], and an energy-efficient scheduling strategy is proposed;
the optimal scheduling problem is solved by using a Markov
Decision Process (MDP). In [12], the process of collaboration
was divided into two time slots. An algorithm of relay
selection and power allocation is proposed for the minimum
BER and maximum system capacity, respectively. However,
these studies have achieved the purpose of improving the
energy efficiency from the perspective of energy consump-
tion and have not analyzed the energy efficiency in the form
of quantitative indicators. QoS in the actual scenario is not
considered, especially the demands of high transmission rate.

In this paper, we consider a single-cell multiuser cooper-
ative communication system. To meet the demands of QoS
performance, a two-level neural network model based on
intelligent water drops (IWDs) algorithm is proposed to
solve the problem of resource allocation with optimal energy
efficiency. And then, the IWDs algorithm combined with
Genetic Algorithm (GA) is improved to allocate resources
flexibly and enhance performance.

This paper is organized as follows. Section 2 introduces
the system model as well as the function of the proposed
optimal problem. In Section 3, a novel algorithm is proposed.
After that, the optimal energy-efficient resource allocation
scheme is presented in Section 4. In Section 5, numerical
results are depicted. Finally, Section 6 concludes the paper.

2. System Model and Problem Formulation

In this section, the proposed system model is presented,
followed by the optimization problem.

2.1. System Model. We consider an uplink single-cell mul-
tiuser cooperative communication scenario as shown in
Figure 1, and the radius is 600 meters. It consists of source
node 𝑆, relay node 𝑅, and destination node 𝐷. In particular,
the source node is𝐾 users with call requests, and 𝐿 is the relay
node that participates in the cooperative communication, and
the destination node is the base station (BS). Orthogonal Fre-
quency Division Multiple Access (OFDMA) is the multiple

access scheme, and the available bandwidth 𝐵 is divided into𝑁, in which the subcarriers are orthogonal to each other.
It is assumed that the relay node has perfect channel state
information (CSI). Further, the channels are considered as
large-scale and small-scale fading. That is, large-scale fading
is defined as path loss and small-scale fading is Rayleigh fad-
ing, respectively. Moreover, the forwarding mode is Decode-
and-Forward (DF), and the relay network is operated in half-
duplex mode.

2.2. Problem Formulation. Assume that the channel states
between any two terminals (𝑆𝑘, 𝑅𝑙, 𝐷) are independent of
each other. ℎ𝑛𝑖𝑗 (𝑖, 𝑗 ∈ {𝑆𝑘, 𝑅𝑙, 𝐷}) indicates the channel fading
between the device 𝑖 and 𝑗. The channel fading between the
nodes can be given by [13]

𝐸(ℎ𝑛𝑆𝑘𝐷2) = 𝑑−𝛼𝑆𝑘𝐷,
𝐸 (ℎ𝑛𝑆𝑘𝑅𝑙 2) = 𝑑−𝛼𝑆𝑘𝑅𝑙 ,
𝐸 (ℎ𝑛𝑅𝑙𝐷2) = 𝑑−𝛼𝑅𝑙𝐷,

(1)

where |ℎ𝑛𝑆𝑘𝐷|2, |ℎ𝑛𝑆𝑘𝑅𝑙 |2, |ℎ𝑛𝑅𝑙𝐷|2 denote the CSI on the subcar-
rier 𝑛, from the user 𝑆𝑘 to the destination node 𝐷, from the
user 𝑆𝑘 to the relay𝑅𝑙, and from the relay𝑅𝑙 to the destination
node 𝐷, respectively. 𝑑𝑖𝑗 (𝑖, 𝑗 ∈ {𝑆𝑘, 𝑅𝑙, 𝐷}) represents the
distance between the device 𝑖 and 𝑗. 𝐸(⋅) is the average
operator, and 𝛼 ∈ [3, 5] is the channel fading factor.

The energy efficiency is defined as follows [14]:

𝜂EE = 𝑅𝑃tot , (2)

where 𝑅 represents the total transfer rate and 𝑃tot denotes the
total energy consumption.

The transmission procedures of cooperative communica-
tion system are divided into two time slots [15]: the first is the
broadcast slots, during which the source node 𝑆 broadcasts
the information to the relay node 𝑅 and the destination
node 𝐷; the second is the forwarding slot, during which the
relay node 𝑅 processes the received signal and forwards it to
the destination node 𝐷. In the case of dynamic allocation
of transmission time slot, it is normalized. Particularly, 𝑡
represents the transmission time in the broadcast slot, and(1−𝑡) denotes the time of the relay forwarding slot. Due to the
different environments in which three terminals are located,
the channel fadings are independent of each other in two
different time slots. Two hops of information (broadcasting
and forwarding) occupy different time slots, respectively.
Therefore, in two hops, we can use the same subcarriers
without considering the interference between them, but the
system performance may be limited. So, the subcarriers
should be allocated independently in two time slots, which
involves the subcarrier pair matching and allocation issue.

The distribution coefficient of subcarrier pairs 𝐶𝑘𝑚,𝑛 ∈{0, 1} is introduced firstly. 𝐶𝑘𝑚,𝑛 = 1 represents the case where
subcarrier 𝑚 (1 ≤ 𝑚 ≤ 𝑁) is paired with 𝑛 (1 ≤ 𝑛 ≤ 𝑁),
which is noted as the subcarrier pair (𝑚, 𝑛). That is, user 𝑘
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transfers the information on the subcarrier 𝑚 at the first slot
and on the subcarrier 𝑛 at the second slot. On the contrary,𝐶𝑘𝑚,𝑛 = 0means that the subcarrier𝑚 is not paired with 𝑛.

According to the Shannon’s equation, after the user 𝑆𝑘
cooperates with the relay node 𝑅𝑙, the transfer rate on the
subcarrier pair (𝑚, 𝑛) can be written as [16]

𝑅𝑘𝑚,𝑛
= min{𝑡𝐵 log2(1 + 𝐶

𝑘
𝑚,𝑛𝛽𝑘,𝑙𝑃𝑆𝑁𝑅𝑙

ℎ𝑚𝑆𝑘𝑅𝑙 2) , 𝑡𝐵 log2(1 + 𝐶
𝑘
𝑚,𝑛𝑃𝑆𝑁𝐷

ℎ𝑚𝑆𝑘𝐷2) + (1 − 𝑡) 𝐵 log2(1 + 𝐶
𝑘
𝑚,𝑛𝛽𝑘,𝑙𝑃𝑙𝑁𝑅𝑙

ℎ𝑛𝑅𝑙𝐷2)} ,
(3)

where |ℎ𝑚𝑆𝑘𝑅𝑙 |2, |ℎ𝑚𝑆𝑘𝐷|2, and |ℎ𝑛𝑅𝑙𝐷|2, respectively, represent the
channel coefficients on the subcarrier pair (𝑚, 𝑛) between the
devices 𝑖, 𝑗 (𝑖, 𝑗 ∈ {𝑆𝑘, 𝑅𝑙, 𝐷}). 𝛽𝑘,𝑙 is the relay selection factor,
and 𝛽𝑘,𝑙 = 1 indicates that the 𝑙th relay node participates
in the 𝑘th user cooperative communication process and vice
versa with no participation.The solution of𝛽𝑘,𝑙 is the problem
of relay selection in cooperative communication system; we
use the method “dichotomous map” proposed in [17]. 𝑃𝑆
is the transmitting power of the user node, and 𝑃𝑙 is the
transmitting power of the relay node. Respectively, 𝑁𝑅𝑙 , 𝑁𝐷
are the noises at the relay node 𝑅 and the destination node𝐷.

The transmission consumption of user 𝑘 can be written as
𝑃𝑘 = (𝜁 (𝑡𝑃𝑆 + (1 − 𝑡) 𝛽𝑘,𝑙𝑃𝑙) + 𝑃CT + (𝑡 + 1) 𝑃CR) ,𝑘 ∈ {1, 2, . . . , 𝐾} , (4)

where 𝜁 is the reciprocal of the drain efficiency of the power
amplifier at the transmitter, 𝑃CT is the fixed circuit power
at the transmitter, and 𝑃CR is the fixed circuit power at the
receiver.

From (2), the energy efficiency of user 𝑘 can be defined as
follows:

𝜂𝑘EE = 𝑅
𝑘
𝑚,𝑛𝑃𝑘 , (5)

and the optimal energy-efficient resource allocation is given
by

𝜂EE = max
𝐶𝑘𝑚,𝑛

𝐾∑
𝑘=1

𝑁∑
𝑚=1

𝑁∑
𝑛=1

(min {𝑡𝐵 log2 (1 + (𝐶𝑘𝑚,𝑛𝛽𝑘,𝑙𝑃𝑆/𝑁𝑅𝑙) ℎ𝑚𝑆𝑘𝑅𝑙 2) , 𝑡𝐵 log2 (1 + (𝐶𝑘𝑚,𝑛𝑃𝑆/𝑁𝐷) ℎ𝑚𝑆𝑘𝐷2)

+ (1 − 𝑡) 𝐵 log2 (1 + (𝐶𝑘𝑚,𝑛𝛽𝑘,𝑙𝑃𝑙/𝑁𝑅𝑙) ℎ𝑛𝑅𝑙𝐷2)}
⋅ (𝜁 (𝑡𝑃𝑆 + (1 − 𝑡) 𝛽𝑘,𝑙𝑃𝑙) + 𝑃CT + (𝑡 + 1) 𝑃CR)−1)

(6)

s.t. C1:𝐶𝑘𝑚,𝑛 ∈ {0, 1} ;
C2: 𝑁∑
𝑚

𝑁∑
𝑛

𝐶𝑘𝑚,𝑛 = 1 ∀𝑘;

C3: 𝐾∑
𝑘

𝐶𝑘𝑚,𝑛 ≤ 1 ∀𝑚, 𝑛;
C4: 0 ≤ 𝑃𝑆, 𝑃𝑙 ≤ 𝑃max;
C5:𝑅𝑡𝑘,𝑙 ≥ 𝑅𝑡min,

(7)

where C1 is the subcarrier matching and the allocation
coefficient, indicating that the subcarriers have two states of
cooperative communication and noncooperative communi-
cation; C2 means that a subcarrier is assigned to one user

only; C3 nidicates that a user selects only one subcarrier to
cooperate; C4 is defined as the power limitation between
users and relay nodes; and C5 is the transmission rate, and𝑅𝑡min is the minimum transmission rate, which is QoS.
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Figure 2: Intelligent water drops algorithm.

3. Proposed Optimal Resource
Allocation Scheme

In this section, we proposed an improved algorithm to solve
the optimal resource allocation formulated in (6).

3.1. IntelligentWaterDrops Algorithm. Intelligent water drops
(IWDs) algorithm is an intelligent algorithm introduced by
Shah-Hosseini inspired by the flow of natural water drops,
which construct a solution by cooperation with each other
[18]. The IWDs are associated with two properties: the
amount of soil in the path and the velocity of the IWDs.When
the water drops pass through different paths, the change of
the soil quantity on the different paths is different due to the
difference of the path distance. When the subsequent water
drops face different available paths, they are more likely to
choose a path with less soil, in which the IWDs move faster.
As shown in Figure 2, the initial amounts of soil at two paths
are the same; when 𝑡 = 0, different intelligent water drops
will select the paths ACB and ADBwith the same probability.
After the intelligent water drops pass these two paths, due to
a shorter path of ACB, the water drops selecting this path will
run faster and carry a lot of soil, leading the soil on the path
ACB to be less than that on ADB after the initial iteration. At𝑡 = 1, the intelligent water drops will select a shorter path,
ACB, with a greater probability. After repeated feedback at
many times, the intelligent water drops will find the shortest
path between A and B. The intelligent water drops algorithm
draws on the feedback mechanism of changing soil quantity
on the path and completes iterative search.

3.2. Improved Intelligent Water Drops Algorithm. The main
drawback of the IWDs algorithm is the low speed at the
early stage of training. Because the total amount of soil is the
same on all paths, the intelligent water drops will randomly
select a path, even if that path is not the optimal one; this
will change the amount of soil on that path, resulting in the
phenomenon of path dependence in the subsequent iteration
process. Therefore, other water drops are inclined more to
select that path and many invalid searching paths appear.

Genetic Algorithm (GA) [19] is an adaptive heuristic
search algorithm based on the biological evolution process,
reservingwell-adapted individuals in the process of crossover
and mutation, and after several evolutions, the optimal

solution of the objective function is obtained. It starts the
iterative process in individual population, which makes it
easy to achieve expansion and algorithm fusion. GA has the
characteristics of implicit parallelism and strong global search
ability [20], which can quickly seek the solution in search
space without trapping into the local optimal solution. The
local search occurs in GA when the value of gItermax is
too small, and GA will stop iterative search without finding
the optimal solution; then IWDs algorithm begins, thus
affecting the searching efficiency. In practice, GA encounters
premature convergence problems.

As mentioned previously, IWDs algorithm is prone to
many ineffective searches in the early stage, and the local
search ability of the GA is limited in later period. We pro-
posed a novel algorithm to improve the IWDs algorithm
with GA. That is, in the early stage of the process, the global
search ability of theGA is applied to achieve the rapid optimal
solution, which is used as the initial solution of the IWDs
algorithm. Finally, the global optimal solution is obtained by
the characteristics of fast convergence of IWDs algorithm.

The flowchart of improved IWDs algorithm is shown in
Figure 3.

Twomain problems in improved IWDs algorithm should
be mentioned as follows.
(1) Value of Boundary Condition 𝑔𝐼𝑡𝑒𝑟𝑚𝑎𝑥. In the calculation
process, the convergence is different due to different scale of
data.The boundary condition𝑔Itermax of GA and IWDs algo-
rithm should be determined by the population size.The local
search occurs in GA when the value of 𝑔Itermax is too small,
and GA will stop iterative search without finding the optimal
solution; then the algorithm transfers to IWDs algorithm,
thus affecting the searching efficiency. On the contrary, if the
value of 𝑔Itermax is too large, it leads to the slow convergence
in GA due to redundant computing. Furthermore, the early
maturing of GA causes the phenomenon of path dependence
in IWDs algorithm.

According to the convergence analysis of GAbased on the
Markov chain model mentioned in [21], the value of 𝑔Itermax
is expressed as

𝑔Itermax = 𝑁 (𝑓∗ − 𝑓∗ (𝑋1))2√𝐾𝑝𝑐𝑝𝑚𝑝𝑠min𝑓∗ (𝑋1) , (8)

where 𝑁 and 𝐾 are the numbers of subcarriers and users,
respectively. 𝑝𝑐 and 𝑝𝑚 are the probability of crossover and
mutation, 𝑝𝑠min is the minimum selection probability of the
nonoptimal individual, 𝑓∗(𝑋1) is the fitness value of the best
individual in initial population, and 𝑓∗ is the best individual
fitness value in current population.
(2) Intelligent Water Drops Soil Quantity Initialization. GA
achieves an optimal solution and many relatively good
solutions, which are received with different weights and are
used for the soil initialization of intelligent water drops. That
is,

soil (𝑖, 𝑗) = Intsoil ∗ (1 − 𝐿𝛼∗ −
3∑
𝜏=1

𝐿𝛽𝜏𝜏 ) , (𝑖, 𝑗) ∈ 𝐿. (9)
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Figure 3: Flowchart of improved intelligent water drops algorithm.
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Figure 4: Two-level neural network model.

In particular, 𝐿∗ is the optimal solution generated by GA.𝐿𝜏 (𝜏 = 1, 2, 3) refers to the three optimal solutions generated
by GA and sorted by the fitness value. 𝛼 and 𝛽𝜏, respectively,
refer to the weight of solution at the initialization.

4. Optimal Resource Allocation Scheme

4.1. Optimal Resource Allocation Model. The model in (6) is
the combinatorial optimization problem, which should meet
a series of continuous or discrete conditions to obtain the
optimal resource allocation. So, we present two-level neural
network model to solve the problems of resource allocation
in cooperative communication system and then seek the
optimal path with improved IWDs algorithm.

The two-level neural networkmodel is shown in Figure 4.
It is composed of two types of network nodes and the
connection edges between adjacent nodes. The basic unit is

rows. A row of 𝐾 master nodes represents the 𝐾 users and
a row of 𝑁 secondary nodes represents the 𝑁 unallocated
subcarriers in cooperative communication system.The user’s
primary nodes are a total of 𝐾 + 1 rows. A new row inserted
between two adjacent rows represents secondary nodes of
subcarriers. A path between two roles of primary nodes
presents the two selected subcarriers, and then this path is
weighted according to (6). From the first row to the 𝐾 +1 column, a path passing 2𝐾 nodes represents a possible
allocation scheme. In this way, the optimal energy-efficient
resource allocation in cooperative communication system
transfers into the path planning in this two-level neural
network. The red path in this figure represents a possible
allocation scheme.

4.2. Optimal Resource Allocation Scheme. The optimal re-
source allocation flow of improved IWDs algorithm is de-
scribed as follows.

Step 1. Initialize global static parameters; the amount of
IWDs𝑁IWD = 𝐾.
Step 2. Pretrain Genetic Algorithm.
Step 2.1. Initialize the population and the static parameters.
Step 2.2. Calculate the population fitness according to (6).
Step 2.3. Operate the heredity andmutation on the population
according to the boundary conditions of (8); operate the
mutation and iteration until the end of loop.
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Table 1: Simulation parameters.

Parameters Values
Total system bandwidth B 15MHz
Number of subcarrier N 64
Subcarrier mean signal to noise ratio 38 dB
Path-loss factor 3.5
Maximum delay extension 4 𝜇m
Maximum Doppler shift 30Hz
Channel status information update cycle 0.5ms
Maximum transmit power 𝑃max 30 dBm
Circuit power 𝑃𝑐 27 dBm
Transmitter power amplifier efficiency 1/𝜉 38%
User minimum transfer rate 𝑅min 1.2Mbps

Step 3. Place𝑁IWD water drops on primary nodes on the left
as shown in Figure 4, and iterate each intelligent water drop
according to Steps 4 and 5.

Step 4. Iterate intelligent water drops.
Step 4.1. Initialize the intelligent water drops’ parameters and
the soil quantity on the path according to (9).
Step 4.2. Empty the Tabu list, and list all subcarriers as
assignable.
Step 4.3. With the Tabu list, calculate the probability of all
selectable paths (subcarrier pair scheme), and select the most
suitable subcarrier pair (𝑚, 𝑛) as the user’s allocation scheme.
Step 4.4. Put the subcarrier𝑚 in Tabu list 1 and subcarrier 𝑛 in
Tabu list 2, which indicates that this subcarrier pair has been
occupied by the system in two time slots.
Step 4.5. Update the amount of path soil and soil carried by
the intelligent water drops.
Step 4.6. Intelligent water drops pass through the path to
the next primary node; set the primary node as the initial
position of the next path selection, repeat the steps from Step
4.3 to Step 4.5 until the water drops reach the model on the
right side as shown in Figure 4, and this loop ends.

Step 5. At the end of the current iteration, calculate the
optimal solution of all paths of water drops, and update
the total amount of the path soil according to the optimal
solution.

Step 6. Determine whether the number of iterations satisfies𝑖Iter ≤ 𝑖Itermax; if it does, then repeat Steps 4 and 5; otherwise,
it goes to the end of program and optimal solution is shown.

5. Numerical Analysis

In this section, we evaluate the performance of the proposed
optimal resource allocation scheme via simulation on MAT-
LAB 2014b. The parameters are shown in Table 1.

5.1. Performance Analysis of Proposed Optimal Scheme. In
Figure 5, if the number of users in system is 10, the
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Figure 5: Energy efficiency comparison of different 𝑔Itermax.

relationship between energy efficiency and 𝑔Itermax is
depicted. The proposed algorithm is combined with GA and
IWDs algorithm. That is, after pretraining by GA at early
period of iterations, the performance is further improved
by using IWDs at later period. It is obvious that when the
value of boundary condition is 0.75∗𝑔Itermax, the premature
convergence occurs. In this case, it is inefficient that IWDs are
operated due to GA getting struck at local optimal solution.
When the value of boundary condition is 1.25 ∗ 𝑔Itermax, the
performance declines, and the premature convergence of GA
makes the phenomenon of path dependence in IWDs occur.

5.2. Performance Comparison of Variant Algorithms. Figure 6
illustrates the performance comparison of improved IWDs
algorithm in terms of energy efficiency. Obviously, the energy
efficiency obtained by employing the proposed algorithm is
much higher than that of GA and Ant Colony Optimization
(ACO) algorithm mentioned in [22]. That is, the better
performance is achieved by using improved IWDs algorithm.
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transmission distance.

However, the algorithmic stability of IWDs is poor for its
local optimum. Meanwhile, the performance increases at the
beginning and then decreases, while the number of users
increases. Due to limitation of system resources, when the
number of users increases, it results in a lack of system
resources and furthermore the performance degradation.

If the number of users is 10, the radius is 600 meters.
Figure 7 shows the relationship between energy efficiency
and the distance between the users and BS, comparison of
different resource allocation schemes. It is proven that the
proposed improved IWDs algorithm obtains better perfor-
mance than that of algorithms in [22]. At the same time, with
the increasing of transmission distance, the energy efficiency
is gradually reduced. When the transmission distance is
far, the channel condition becomes more severe, so the
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Figure 8: The convergence rate of different algorithms.

transmitting power increases to overcome the path loss,
resulting in reduced system energy efficiency.

Figure 8 shows the convergence rate of different algo-
rithms if the number of users is 10. The improved IWDs
algorithm has a faster convergence rate and obtains a better
performance, while the original IWDs algorithm encounters
premature convergence.

6. Conclusion

We have addressed the optimal resource allocation for uplink
single-cell multiuser cooperative communication system.
With the goal of optimizing energy efficiency, the improved
IWDs algorithm has faster convergence rate, which achieves
better resource allocation. The performance evaluation
results demonstrate the effectiveness of the proposed solu-
tion.

It is important to notice that a subcarrier is assigned to
a user only in this paper. In the practical communication
scenario, users’ data are abrupt and asymmetric. In the future,
a real-time resource allocation strategy can be established to
meet the demands of rapid development of mobile services.
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This paper studies the energy efficiency (EE) maximization for an orthogonal frequency division multiple access (OFDMA)
downlink network aided by a relay station (RS) with subcarrier pairing. A highly flexible transmission protocol is considered,
where each transmission is executed in two time slots. Every subcarrier in each slot can either be used in direct mode or be paired
with a subcarrier in another slot to operate in relay mode. The resource allocation (RA) in such a network is highly complicated,
because it has to determine the operation mode of subcarriers, the assignment of subcarriers to users, and the power allocation of
the base station and RS.We first propose a mathematical description of the RA strategy.Then, a RA algorithm is derived to find the
globally optimumRA tomaximize the EE. Finally, we present extensive numerical results to show the impact of minimum required
rate of the network, the user number, and the relay position on the maximum EE of the network.

1. Introduction

With rapid growth of multimedia services, requirements for
high-speed wireless communications are growing fast. To
meet these requirements, telecom operators arrange a large
number of base stations, which lead to a high amount of
energy consumption [1]. To address this issue, many scholars
have proposed energy-saving methods to minimize total
energy consumption for a variety of wireless communication
systems, such as Device-to-Device (D2D) communications,
wireless sensor networks (WSNs), and cellular networks [2,
3]. Recently, energy efficiency- (EE-) based optimization
design, which aims tomaximize the EEdefined as the number
of transmitted bits per Joule total energy consumption, has
attracted much interest from academia and industry [4–10].

Orthogonal frequency divisionmultiple access (OFDMA)
has been widely recognized as one of the dominant wireless
technologies for high-data-rate wireless multimedia services.
One of the main reasons behind this fact is that performance
of OFDMA systems can be significantly improved by proper

resource allocation (RA) when transmitter channel state
information (CSI) is available [11–16]. Lately, relay-aided
cooperation schemes have been widely used in combina-
tion with OFDMA networks to improve spectral efficiency.
Under the constraint of guaranteeing users’ communication
rate, some works designed RA algorithms to minimize the
total transmission power of networks [17–24]. In [17], to
minimize the maximum value between transmission power
of the BS and transmission power of all the RSs, Muller et
al. designed a RA algorithm for decode-and-forward (DF)
relay-aided OFDMA networks. In [21], knowing the relay
selection, Huang et al. proposed an optimization algorithm
of subcarriers and power allocation to minimize the total
power of BS and all the RSs. Chen et al. designed a strategy of
user assignment for subcarriers, RS’s choice, and modulation
scheme to minimize the total transmission power of net-
works for amplify-and-forward (AF) relay-aided downlink
OFDMAnetworks [23].The aboveworks ignore the influence
of circuit power of the BS and RSs, so these algorithms cannot
ensure high EE of networks.
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It is interesting to further study how to improve EE of
relay-aided OFDMA networks. When users lie outside the
BS’s radio coverage, EEmaximized RA problems forOFDMA
networks using subcarrier-pair-based DF protocols have
been addressed in [25–29]. In these works, every subcarrier
in the first time slot is paired with a subcarrier in the second
time slot for the relay-aided transmission. In most cases, BS
can also transmit messages to users directly; designing EE
maximized RA algorithm for flexible transmission protocols
is more meaningful. In [30–34], the authors adopted more
flexible transmission protocols and proposed EE maximized
RA algorithms for downlink OFDMA networks when the
total transmission power is constrained to be smaller than
a prescribed value. In this case, when the network reaches
the maximum EE, the total communication rate might be too
small to meet the needs of users.

In this paper, we focus on the optimum energy-efficient
RA for downlink OFDMA with a RS using subcarrier-pair-
based DF relaying, when the sum rate is constrained above a
prescribed value. An opportunistic relay-aided transmission
protocol is considered. User message bits are transmitted
during two consecutive equal-duration time slots. In the
first slot, the BS broadcasts OFDM symbols to RSs and
users. In the second slot, subcarriers in direct mode can
transmit to users directly; other subcarriers can be paired
with subcarriers in first slot to transmit messages with the
help of the RS. To be more specific, our contributions are
summarized as follows:

(i) An EE maximized RA problem is formulated, and a
polynomial-complexity algorithm is designed to find
the optimum RA to maximize the EE based on the
Dinkelbach method as well as the dual method to
solve a subproblem.

(ii) Extensive numerical results are shown to exhibit the
impact of system parameters (including minimum
communication rate required by the network, RS
deployment, and user number) on the network EE.

The rest of this paper is organized as follows. In the
next section, the transmission protocol of the network is
described. After that, the EE maximized RA algorithm is
developed in Section 3. Numerical experiments are shown in
Section 4. Finally, Section 5 concludes the paper.

Notations.C(𝑥) = log2(1 + 𝑥).
2. Network Model and Transmission Protocol

2.1. General Introduction of the Network and Protocol. We
consider anOFDMAdownlink network as shown in Figure 1.
The network under consideration consists of a BS, a RS,
and multiple users. Both the BS and the RS adopt OFDMA
scheme using the same frequency band of bandwidth 𝐵
Hz and with 𝐾 subcarriers, which means that each OFDM
symbol has a duration of 𝐾/𝐵 seconds.

For illustration purpose, the channel coefficient and
noise-power normalized channel gain at any subcarrier𝑘 (𝑘 ∈ {1, . . . , 𝐾}) from BS to RS, from RS to any user 𝑢,

RS

Figure 1: The relay-aided OFDMA downlink network under con-
sideration.

Table 1: Channel coefficient and gain for subcarrier 𝑘 ∈ {1, . . . , 𝐾}.
Channel for subcarrier 𝑘 Coefficient Gain

BS to RS ℎ𝑘𝑠𝑟 𝐺𝑘𝑠𝑟 = |ℎ𝑘𝑠𝑟|2𝜎2
BS to user 𝑢 ℎ𝑘𝑠𝑢 𝐺𝑘𝑠𝑢 = |ℎ𝑘𝑠𝑢|2𝜎2
RS to user 𝑢 ℎ𝑘𝑟𝑢 𝐺𝑘𝑟𝑢 = |ℎ𝑘𝑟𝑢|2𝜎2

and from BS to any user 𝑢 are defined in Table 1, where 𝜎2
is assumed as the power of additive white Gaussian noise at
each subcarrier.

The transmission protocol under consideration is carried
out as follows. Each transmission needs two time slots
denoted by slot-1 and slot-2, respectively. Each subcarrier
in every slot can either operate in direct mode (it is used
by the BS for transmission to a user directly) or be paired
with a subcarrier in another slot to operate in relay mode
(the relay helps the transmission as explained in Section 2.2).
The protocol is illustrated by Figure 2. In the following
subsections, the transmission procedures for the direct and
relay mode are explained in detail.

2.2. Transmission for a Subcarrier Pair in Relay Mode. Sup-
pose that a subcarrier 𝑘 in slot-1 is pairedwith a subcarrier 𝑙 in
slot-2 to operate in relay mode, and this relay-link is assigned
to user 𝑢. Denote this subcarrier pair as (𝑘, 𝑙, 𝑢), which is
shown in Figure 3. Over this link, the transmission procedure
is carried out as follows.

In slot-1, the BS broadcasts a symbol 𝑥 to both the relay
and the user with power 𝑃1. The received signal at the relay is
expressed as

𝑦𝑟 = √𝑃1ℎ𝑘𝑠𝑟𝑥 + 𝑛𝑟, (1)

and that at the user is expressed as

𝑦𝑢,1 = √𝑃1ℎ𝑘𝑠𝑢𝑥 + 𝑛𝑢,1. (2)

At the endof slot-1, the relay decodes𝑦𝑟 and recovers𝑥. To
enable the relay to successfully decode the message bits, the
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Figure 2: The transmission procedure over the subcarrier pair(𝑘, 𝑙, 𝑢).
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Figure 3: The transmission procedure over the subcarrier pair(𝑘, 𝑙, 𝑢).

maximum transmission rate is no greater than log2(1+𝑃1𝐺𝑘𝑠𝑟)
bits/symbol.

In slot-2, the relay simply emits𝑥 at subcarrier 𝑙 to the user
with power 𝑃2. The received signal at the user is expressed as

𝑦𝑢,2 = √𝑃2ℎ𝑙𝑟𝑢𝑥 + 𝑛𝑢,2. (3)

At the endof slot-2, the source combines𝑦𝑢,1 and𝑦𝑢,2with
maximum-ratio combining (MRC) to maximize the received
SNR. The final signal used for decoding at the user can be
expressed as

𝑧 = 𝛼𝑦𝑢,1 + 𝛽𝑦𝑢,2. (4)

It can be shown that when𝛼 = √𝑃1ℎ𝑘𝑠𝑢∗ and𝛽 = √𝑃2ℎ𝑙𝑟𝑢∗,
the MRC is achieved [35]. The maximum received SNR is

SNR𝑘,𝑙,𝑢 = 𝐺𝑘𝑠𝑢𝑃1 + 𝐺𝑙𝑟𝑢𝑃2. (5)

As a result, themaximum transmission rate over this relay
link should be the minimum between the source-relay rate
and the source-relay-user rate. It can be evaluated as

𝐶𝑘𝑙𝑢 = min {C (SNR𝑘𝑙𝑢) ,C (𝐺𝑘𝑠𝑟𝑃1)} , (6)

in the unit of bits/symbol.

Suppose that 𝑃 is the sum power of 𝑃1 and 𝑃2; the
optimums𝑃1 and𝑃2 formaximizing the rate are the optimum
solution for

max
𝑃1 ,𝑃2

min {𝑃1𝐺𝑘𝑠𝑟, 𝑃1𝐺𝑘𝑠𝑢 + 𝑃2𝐺𝑙𝑟𝑢} ,
s.t. 𝑃1 + 𝑃2 = 𝑃, 𝑃1 ≥ 0, 𝑃2 ≥ 0.

(7)

Using the same method as in [36], it can easily be shown
that the optimums 𝑃1 and 𝑃2 are

𝑃1 = {{{{{
𝐺𝑙𝑟𝑢Δ 𝑢,𝑘 + 𝐺𝑙𝑟𝑢𝑃

 if min {𝐺𝑘𝑠𝑟, 𝐺𝑙𝑟𝑢} > 𝐺𝑘𝑠𝑢,
𝑃 if min {𝐺𝑘𝑠𝑟, 𝐺𝑙𝑟𝑢} ≤ 𝐺𝑘𝑠𝑢,

𝑃2 = {{{{{
𝐺𝑘𝑠𝑟 − 𝐺𝑘𝑠𝑢Δ 𝑢,𝑘 + 𝐺𝑙𝑟𝑢𝑃

 if min {𝐺𝑘𝑠𝑟, 𝐺𝑙𝑟𝑢} > 𝐺𝑘𝑠𝑢,
0 if min {𝐺𝑘𝑠𝑟, 𝐺𝑙𝑟𝑢} ≤ 𝐺𝑘𝑠𝑢,

(8)

where Δ 𝑢,𝑘 = 𝐺𝑘𝑠𝑟 − 𝐺𝑘𝑠𝑢.
The maximum rate associated with the above solution is

equal to

𝐶𝑘𝑙𝑢 = 𝐵2𝐾C (𝐺𝑘𝑙𝑢𝑃) (bits/second) ,

𝐺𝑘𝑙𝑢 =
{{{{{{{

𝐺𝑘𝑠𝑟𝐺𝑙𝑟𝑢Δ 𝑢,𝑘 + 𝐺𝑙𝑟𝑢 if min {𝐺𝑘𝑠𝑟, 𝐺𝑙𝑟𝑢} > 𝐺𝑘𝑠𝑢,
min {𝐺𝑘𝑠𝑟, 𝐺𝑘𝑠𝑢} if min {𝐺𝑘𝑠𝑟, 𝐺𝑙𝑟𝑢} ≤ 𝐺𝑘𝑠𝑢.

(9)

2.3. Transmission for a Subcarrier in Direct Mode. Every
subcarrier in either slot-1 or slot-2 can be assigned to operate
in direct mode. In this mode, a direct link from the BS to
a certain user is formed at this subcarrier. Suppose that a
subcarrier 𝑘 in either slot-1 or slot-2 is assigned to user 𝑢 and
operates in the direct mode, and BS uses power 𝑃 for this
subcarrier. Therefore, the average transmission rate over this
direct link can be evaluated as

𝑅 (𝑃) = 𝐵2𝐾C (𝐺𝑘𝑠𝑢𝑃) (bits/second) . (10)

3. Energy-Efficient RA Algorithm Design

Before data transmission, we assume that the BS controller
knows all CSI, that is, {𝐺𝑘𝑠𝑟, 𝐺𝑘𝑠𝑢, 𝐺𝑘𝑟𝑢 | ∀𝑘, ∀𝑢}. Based on the
a priori knowledge, the BS runs an algorithm to find the
optimum RA strategy to maximize the network EE.

To be more specific, the RA algorithm for the transmis-
sion protocol needs to be optimized:

(i) Subcarrier operation mode: how to decide whether
each subcarrier should operate in direct or relaymode

(ii) Subcarrier pairing for relay mode: how to pair subcar-
riers in relay mode

(iii) Subcarrier assignment to users: how to allocate subcar-
riers to users
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(1) evaluate 𝐺𝑘𝑙𝑢, ∀𝑘, 𝑙, 𝑢;(2) 𝜃min = 0; 𝜃max is set by a large value; 𝜃 = 𝜃max; 𝛿 = 10−3;(3) while |𝐹(𝜃)| ≤ 𝛿 do(4) solve (P2) for S(𝜃) using Algorithm 2;(5) update 𝜃 by min{𝜃max,max{𝑅(S(𝜃))/𝑃(S(𝜃)), 𝜃min}};(6) end while(7) output 𝜃 as 𝜂⋆ and S(𝜃) as the optimum RA strategy.

Algorithm 1: The algorithm to solve (P1).

(iv) Power allocation: how to allocate BS’s and RS’s trans-
mission power for each subcarrier

To design the RA algorithm, we proceed as follows. First,
a mathematical description of the RA strategy and network
EE is proposed in Section 3.1 Then, a Dinkelbach-method-
based RA algorithm, namely, Algorithm 1, is designed in
Section 3.2. Moreover, algorithms called by Algorithm 1 are
designed in Sections 3.3 and 3.4.

3.1. Description of the RA Strategy and Network EE. We first
define the following variables to describe the RA strategy:

(i) 𝑡𝑘𝑙𝑢 ∈ {0, 1}, ∀𝑘, 𝑙, 𝑢: indicating subcarrier 𝑘 in slot-1
is paired with subcarrier 𝑙 in slot-2 when 𝑡𝑘𝑙𝑢 = 1.

(ii) 𝑝𝑘𝑙𝑢 ≥ 0, ∀𝑘, 𝑙, 𝑢: indicating the total transmission
power (i.e., 𝑃1 + 𝑃2 as mentioned in Section 2.2) for
the subcarrier pair (𝑘, 𝑙, 𝑢).

(iii) 𝑡𝑘𝑙𝑎𝑏 ∈ {0, 1}, ∀𝑘, 𝑙, 𝑎, 𝑏: indicating that subcarrier 𝑘
in slot-1 and subcarrier 𝑙 in slot-2 are, respectively,
allocated to user 𝑎 and user 𝑏 when 𝑡𝑘𝑙𝑎𝑏 = 1.

(iv) 𝑝1𝑘𝑙𝑎𝑏 ≥ 0 and 𝑝2𝑘𝑙𝑎𝑏 ≥ 0: respectively indicating the
BS’s transmission power for subcarrier 𝑘 in slot-1 and𝑙 in slot-2 for the direct mode.

Let us define a RA strategy as S = {I,P}, where I collects
all indicator variables and P collects all power variables. A
feasible Smust satisfy

𝑡𝑘𝑙𝑢 ∈ {0, 1} ,
𝑡𝑘𝑙𝑎𝑏 ∈ {0, 1} ,

∀𝑘, 𝑙, 𝑢, 𝑎, 𝑏,
(11)

∑
𝑙

(∑
𝑢

𝑡𝑘𝑙𝑢 +∑
𝑎𝑏

𝑡𝑘𝑙𝑎𝑏) ≤ 1, ∀𝑘, (12)

∑
𝑘

(∑
𝑢

𝑡𝑘𝑙𝑢 +∑
𝑎𝑏

𝑡𝑘𝑙𝑎𝑏) ≤ 1, ∀𝑙, (13)

𝑝𝑘𝑙𝑢 ≥ 0,
𝑝1𝑘𝑙𝑎𝑏 ≥ 0,
𝑝2𝑘𝑙𝑎𝑏 ≥ 0,

∀𝑘, 𝑙, 𝑢, 𝑎, 𝑏,
(14)

where constraints (12) and (13) guarantee that each subcarrier
in either slot-1 or slot-2 must operate in a single mode and be
assigned to a single user.

For given S, the network EE is formulated as

𝜂 (S) = 𝑅 (S)𝑃 (S) (bits/Joule) , (15)

where 𝑅(S) represents the sum rate for the network:

𝑅 (S) = 𝐵2𝐾 (∑
𝑘𝑙𝑢

𝑡𝑘𝑙𝑢C (𝑝𝑘𝑙𝑢𝐺𝑘𝑙𝑢)

+ ∑
𝑘𝑙𝑎𝑏

𝑡𝑘𝑙𝑎𝑏 (C (𝑝1𝑘𝑙𝑎𝑏𝐺𝑘𝑠𝑢) +C (𝑝2𝑘𝑙𝑎𝑏𝐺𝑙𝑠𝑢))) ,
(16)

and 𝑃(S) is the sum power consumption for the network:

𝑃 (S) = 1 + 𝛼2 (∑
𝑘𝑙𝑢

𝑡𝑘𝑙𝑢𝑝𝑘𝑙𝑢 + ∑
𝑘𝑙𝑎𝑏

𝑡𝑘𝑙𝑎𝑏 (𝑝1𝑘𝑙𝑎𝑏 + 𝑝2𝑘𝑙𝑎𝑏))
+ 𝑃cir,

(17)

with 𝛼 being the loss factor of the power amplifiers (PA)
used by the BS and RS and 𝑃cir representing the total power
consumption by the BS’s and RS’s circuit devices.

3.2. Dinkelbach-Method-Based RA Algorithm Design. We
consider the EE maximization problem when the sum rate
must be greater than a prescribed value 𝑅req. This problem
can be expressed as (P1):

max
S

𝜂 (S)
s.t. (11) , (12) , (13) , (14)

𝑅 (S) ≥ 𝑅req.
(18)

It can be seen that solving problem (P1) is highly challeng-
ing due to the following reasons:

(i) 𝜂(S) has a fractional structure, which is highly non-
linear.

(ii) (P1) is a mixed-integer problem containing both bi-
nary and continuous variables.

To solve (P1) for the optimumRA (denoted by S⋆) and the
maximum EE (denoted by 𝜂⋆), we make use of the Dinkel-
bach method. To be more specific, we define a parameter 𝜃
and a function 𝐹(𝜃) as the optimum objective value for the
following problem (P2):

𝐹 (𝜃) = max
S

𝑅 (S) − 𝜃𝑃 (S)
s.t. (11) , (12) , (13) , (14) , (18) , (19)

whose optimum solution is S(𝜃).
Based on Dinkelbach method, 𝜂⋆ must satisfy 𝐹(𝜂⋆) = 0,

and S(𝜂⋆) is the optimum solution for problem (P1). More-
over, 𝜂⋆ can be found by iterative procedures as elaborated in
[6].
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(1) 𝜇 = 0;(2) solve (P3) for S𝜃(0) using Algorithm 3;(3) if S𝜃(0) is feasible for (P2) then(4) output S𝜃(0) as S(𝜃)(5) else(6) 𝜇min = 0; 𝜇max is set as a sufficiently large value;(7) while 𝜇max − 𝜇min > 𝛿 do
(8) 𝜇 = 𝜇max + 𝜇min2 ;
(9) solve (P3) for S𝜃(𝜇) using Algorithm 3;(10) if 𝛾𝜃(𝜇) > 0 then(11) 𝜇max = 𝜇;(12) else if 𝛾𝜃(𝜇) < 0 then(13) 𝜇min = 𝜇;(14) else if 𝛾𝜃(𝜇) = 0 then(15) break;(16) end if(17) end while(18) end if(19)Output S𝜃(𝜇) as S(𝜃).

Algorithm 2: The algorithm to solve (P2).

(1) compute 𝑝𝑘𝑙𝑢, 𝑝1𝑘𝑙𝑎𝑏, 𝑝2𝑘𝑙𝑎𝑏. ∀𝑘, 𝑙, 𝑎, 𝑏, 𝑢 with (25);(2) compute 𝐴𝑘𝑙𝑢, 𝐵𝑘𝑙𝑎𝑏, ∀𝑘, 𝑙, 𝑢, 𝑎, 𝑏; and 𝐶𝑘𝑙, ∀𝑘, 𝑙;(3) solve (P5) for its optimum solution {𝑡⋆𝑘𝑙 | ∀𝑘, 𝑙} with
the Hungarian algorithm;(4) construct the optimum I for (P4) by assigning for every
combination of 𝑘 and 𝑙, all entries in {𝑡𝑘𝑙𝑢, 𝑡𝑘𝑙𝑎𝑏 | ∀𝑘, 𝑙} to
zero, except for the one with the metric equal to 𝐶𝑘𝑙 to 𝑡⋆𝑘𝑙.(5) SI = {I,PI} is output as S𝜃(𝜇).

Algorithm 3: The algorithm to find S𝜃(𝜇).

Motivated by the above principle, the RA algorithm to
solve (P1) for the EE maximized RA strategy is summarized
in Algorithm 1. The iterative update of 𝜃 has a superlinear
convergence rate [37]. We will elaborate on the design of
Algorithm 2 to solve (P2) in Section 3.3.

3.3. Design of Algorithm 2 to Solve (P2). Using the same argu-
ments as those in [38], we can show that (P2)’s duality gap is
zero; therefore the dual method can be used to solve (P2). To
this end, define

(i) 𝜇 as Lagrange multiplier for the constraint (18);

(ii) Lagrangian function

𝐿𝜃 (𝜇, S) = (𝑅 (S) − 𝜃𝑃 (S)) + 𝜇 (𝑅 (S) − 𝑅req) ; (20)

(iii) Lagrange relaxation problem for (P2) as (P3):

max
S

𝐿𝜃 (𝜇, S)
s.t. (11) , (12) , (13) , (14) (21)

For (P3), we define its optimum solution as S𝜃(𝜇) and its
dual function as 𝑑𝜃(𝜇) = 𝐿𝜃(𝜇, S𝜃(𝜇)). It can be shown that
the dual function is convex of 𝜇 ≥ 0, and

𝛾𝜃 (𝜇) = 𝑅 (S𝜃 (𝜇)) − 𝑅req (22)

is a subgradient of 𝑑𝜃(𝜇) satisfying
∀𝜇, 𝑑𝜃 (𝜇) ≥ 𝑑𝜃 (𝜇) + (𝜇 − 𝜇) 𝛾𝜃 (𝜇) . (23)

The key for the dual method is to find the dual optimum:

𝜇⋆𝜃 = argmin
𝜇≥0

𝑑𝜃 (𝜇) , (24)

and then S𝜃(𝜇⋆𝜃 ) is the optimum solution for (P2).
According to the dual method, 𝜇⋆𝜃 is the 𝜇 satisfying

the following two conditions: (1) 𝜇𝛾𝜃(𝜇) = 0 (i.e., the
complementary slackness condition) and (2) 𝛾𝜃(𝜇) ≥ 0 (i.e.,
S𝜃(𝜇) is feasible for (P2)). To find 𝜇⋆𝜃 , we use the following
method:

(i) First, we compute S𝜃(0). If 𝛾𝜃(0) ≥ 0, 𝜇 = 0 and S𝜃(0)
satisfy the above conditions. Therefore, S𝜃(0) is the
optimum for (P2).
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(ii) Otherwise, 𝛾𝜃(0) < 0 and 𝜇⋆𝜃 > 0 must hold. Note
that 𝛾𝜃(𝜇) is increasing of 𝜇. Once 𝜇 > 0 satisfying𝛾𝜃(𝜇) = 0 is found, 𝜇 and S𝜃(𝜇) satisfy the above two
conditions and hence can be taken as 𝜇⋆𝜃 and S(𝜃),
respectively. We will find 𝜇 > 0 satisfying 𝛾𝜃(𝜇) = 0
with the bisection method.

To complete this subsection, the above procedures to
solve (P2) are summarized in Algorithm 2 as follows.
Algorithm 2 has a polynomial complexity with respect to 𝐾.
We will elaborate on the design of Algorithm 3 to solve (P3)
in Section 3.4.

3.4. Design of Algorithm 3 to Solve (P3). We show how to find
S𝜃(𝜇) as follows:

(i) First, the optimumP for (P3) with fixed I is found and
denoted by PI.

(ii) Second, define SI = {I,PI}.Thenwe find the optimum
I to maximize 𝐿𝜃(𝜇, SI) subject to the constraints on
I in (P3).

(iii) Finally, SI corresponding to this optimum I can be
taken as S𝜃(𝜇).

As for the first step, the elements in the optimum PI can
be computed according to KKT conditions as follows [39]:

𝑝𝑘𝑙𝑢 = Λ (𝜃, 𝜇, 𝐺𝑘𝑙𝑢) , ∀𝑘, 𝑙, 𝑢
𝑝1𝑘𝑙𝑎𝑏 = Λ (𝜃, 𝜇, 𝐺𝑘𝑠𝑢) , ∀𝑘, 𝑙, 𝑎, 𝑏
𝑝2𝑘𝑙𝑎𝑏 = Λ (𝜃, 𝜇, 𝐺𝑙𝑠𝑢) , ∀𝑘, 𝑙, 𝑎, 𝑏,

(25)

where

Λ (𝜃, 𝜇, 𝐺) = [(𝜇 + 1) 𝐵 ⋅ log2 (𝑒)(1 + 𝛼) 𝜃 ⋅ 𝐾 − 1𝐺]
+

(26)

As for the second step, it can readily be shown that

𝐿𝜃 (𝜇, SI) = −𝜇𝑅req +∑
𝑘𝑙𝑢

𝑡𝑘𝑙𝑢𝐴𝑘𝑙𝑢 + ∑
𝑘𝑙𝑎𝑏

𝑡𝑘𝑙𝑎𝑏𝐵𝑘𝑙𝑎𝑏, (27)

where

𝐴𝑘𝑙𝑢 = (𝜇 + 1) 𝐵
2𝐾 C (𝐺𝑘𝑙𝑢Λ (𝜃, 𝜇, 𝐺𝑘𝑙𝑢))

− 𝜃 (1 + 𝛼)2 Λ (𝜃, 𝜇, 𝐺𝑘𝑙𝑢)
𝐵𝑘𝑙𝑎𝑏 = (𝜇 + 1) 𝐵

2𝐾 C (𝐺𝑘𝑠𝑢Λ(𝜃, 𝜇, 𝐺𝑘𝑠𝑢))
− 𝜃 (1 + 𝛼)2 Λ (𝜃, 𝜇, 𝐺𝑘𝑠𝑢)
+ (𝜇 + 1) 𝐵2𝐾 C (𝐺𝑙𝑠𝑢Λ(𝜃, 𝜇, 𝐺𝑙𝑠𝑢))
− 𝜃 (1 + 𝛼)2 Λ (𝜃, 𝜇, 𝐺𝑙𝑠𝑢)

(28)

Finally, we find the optimum I for maximizing 𝐿𝜃(𝜇, SI).
This problem is equivalent to solving (P4):

max
I,{𝑡𝑘𝑙|∀𝑘,𝑙}

∑
𝑘𝑙

∑
𝑢𝑎𝑏

(𝑡𝑘𝑙𝑢𝐴𝑘𝑙𝑢 + 𝑡𝑘𝑙𝑎𝑏𝐵𝑘𝑙𝑎𝑏)
s.t. 𝑡𝑘𝑙𝑢 ≥ 0,

𝑡𝑘𝑙𝑎𝑏 ≥ 0,
∀𝑘, 𝑙, 𝑢, 𝑎, 𝑏,

(29)

∑
𝑙

𝑡𝑘𝑙 = 1, ∀𝑘, (30)

∑
𝑘

𝑡𝑘𝑙 = 1, ∀𝑙, (31)

𝑡𝑘𝑙 = ∑
𝑢

𝑡𝑘𝑙𝑢 +∑
𝑎𝑏

𝑡𝑘𝑙𝑎𝑏, ∀𝑘, 𝑙 (32)

Note that

∑
𝑢𝑎𝑏

(𝑡𝑘𝑙𝑢𝐴𝑘𝑙𝑢 + 𝑡𝑘𝑙𝑎𝑏𝐵𝑘𝑙𝑎𝑏) ≤ 𝑡𝑘𝑙𝐶𝑘𝑙 (33)

holds, where 𝐶𝑘𝑙 = max{max𝑢𝐴𝑘𝑙𝑢,max𝑎,𝑏𝐵𝑘𝑙𝑎𝑏}. Call 𝐴𝑘𝑙𝑢
the metric for 𝑡𝑘𝑙𝑢 and 𝐵𝑘𝑙𝑎𝑏 the metric for 𝑡𝑘𝑙𝑎𝑏; the inequality
is tightened when all entries of {𝑡𝑘𝑙𝑢, 𝑡𝑘𝑙𝑎𝑏 | ∀𝑢, 𝑎, 𝑏} are
assigned to zero, except that the one with the metric equal
to 𝐶𝑘𝑙 is assigned to 𝑡𝑘𝑙.

Therefore, after problem (P5)

max
{𝑡𝑘𝑙|∀𝑘,𝑙}

∑
𝑘𝑙

𝑡𝑘𝑙𝐶𝑘𝑙
s.t. (30) , (31) , 𝑡𝑘𝑙 ∈ {0, 1} , ∀𝑘, 𝑙

(34)

is solved for its optimum solution {𝑡⋆𝑘𝑙 | ∀𝑘, 𝑙}, an optimum
(32) can be constructed by assigning for every combination
of 𝑘 and 𝑙 all entries in {𝑡𝑘𝑙𝑢, 𝑡𝑘𝑙𝑎𝑏 | ∀𝑘, 𝑙} to zero, except for
the one with the metric equal to 𝐶𝑘𝑙 to 𝑡⋆𝑘𝑙.

Most interestingly, (P5) is a standard assignment prob-
lem; hence every entry in {𝑡⋆𝑘𝑙 | ∀𝑘, 𝑙} is either 0 or 1 and {𝑡⋆𝑘𝑙 |∀𝑘, 𝑙} can be found efficiently by the Hungarian algorithm
[40]. After knowingHungarian algorithm, the optimum I can
be constructed according to the way mentioned earlier.

Motivated by the above principle, the method to solve
(P2) is summarized inAlgorithm 3 as follows.The complexity
of computing 𝐴𝑘𝑙𝑢 and 𝐵𝑘𝑙𝑎𝑏 is 𝑂(𝐾2(𝑈 + 𝑈2)). We use the
Hungarian algorithm to solve (P5); the complexity is 𝑂(𝐾3).
As a result, the complexity of Algorithm 3 is 𝑂(𝐾2(𝑈 + 𝑈2 +𝐾)).
4. Numerical Experiments and Discussions

We will first introduce system setup for numerical experi-
ments, as well as two benchmark protocols for comparison
purpose. Then, results and discussions are presented to
show the impact of different parameters on the network
EE.
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Table 2: Network Parameters.

Meanings Parameters Values
Bandwidth of the network 𝐵 20MHz
Subcarriers’ number 𝐾 32
Loss factor of the PA 𝛼 0.3
Circuit power of BS and RS 𝑃cir 500w
Radius of UR 𝑅 0.2 km
Distance between BS and the UR center 𝐷 1.5 km

d km

D km

R kmRS

Figure 4: The downlink OFDMA system considered in numerical
experiments.

4.1. System Setup and Benchmark Protocols. In numerical
experiments, we consider the downlink OFDMA network
with a RS exhibit in Figure 4. 𝑈 represents the number
of users in service and they are randomly distributed in a
circular region of radius 𝑅 km.The RS is located between the
BS and the user-region (UR) center, and the BS-RS distance
is 𝑑 km. The distance between the BS and the user-region
center is 𝐷 km. The bandwidth of the system is 𝐵 Hz, and
the OFDMA uses𝐾 subcarriers. The network parameters are
listed in Table 2.

The channels are independent of each other and are
generated in the same way as in [7]. For every user 𝑢,
the impulse response of the source-to-𝑢 channel is mod-
eled as a tapped delay line with 𝐿 = 6 taps, which are
independently generated from circularly symmetric complex
Gaussian distributions with zero mean and variance equal
to (1/𝐿)(𝑑𝑠𝑢/𝑑ref)−4, where 𝑑ref = 1 km and 𝑑𝑠𝑢 represents
the source-to-𝑢 distance. The source-to-relay and relay-to-
u channels are generated in the same way, with each tap
having variance as (1/𝐿)(𝑑𝑠𝑟/𝑑ref)−4 and (1/𝐿)(𝑑𝑟𝑢/𝑑ref)−4,
respectively, where 𝑑𝑟𝑢 represents the relay-to-u distance.The
CSI {ℎ𝑘𝑠𝑟 | ∀𝑘}, {ℎ𝑘𝑠𝑢 | ∀𝑘, 𝑢}, and {ℎ𝑘𝑟𝑢 | ∀𝑘, 𝑢} are computed
by making 𝐾-point FFT over the impulse response of the
associated channels.

In order to illustrate the benefit of optimized subcarrier
pairing and opportunistic relaying, we also consider two
other benchmark protocols, namely, BP-1 and BP-2. BP-1 is
similar to the considered protocol, except that subcarrier 𝑘
in slot-1 can only be paired with subcarrier 𝑘 in slot-2 in relay
mode. BP-2 is a simplified version of the considered protocol,
and the simplification lies in the fact that each subcarrier in
every slot should be allocated to users in direct mode. The
RA algorithms for both BP-1 and BP-2 can be derived in the
same way as that for the considered protocol, and therefore
the derivation is omitted for the sake of clarity.

Table 3: Complexity comparison.

Algorithm Complexity
Proposed algorithm 𝑂(𝐾2(𝑈 + 𝑈2 + 𝐾))
BP-1 𝑂(𝐾(𝑈 + 𝑈2))
BP-2 𝑂(𝐾𝑈)

The complexity of the three algorithms is shown in
Table 3. It can be seen that the proposed algorithm has the
highest complexity, while the BP-2 algorithm has the lowest
complexity.

4.2. Impact of𝑅req on theOptimumEEandCorresponding Sum
Rate. To show the influence of𝑅req on the EE, we choose𝑈 =10 and 𝑑 = 0.6 km and then evaluate the average optimum
EE for every protocol over 1000 random channel realizations,
when 𝑅req increases from 0 to 40Mbits/s. The results are
shown in Figure 5.

Compared with BP-1 and BP-2, we can see that the pro-
posed protocol and algorithm always correspond to a higher
average EE as shown in Figure 5(a). Since BP-2 does not
utilize opportunistic relaying as the proposed protocol and
BP-1, it is reasonable that BP-2 corresponds to much lower
average EE. The proposed protocol can achieve higher EE
than BP-1, because a subcarrier in every slot can be paired
with the other slot’s subcarrier freely.

Figure 5(a) also shows that the average EE of these meth-
ods decreases with the increase of 𝑅req. This is because the
feasible set of the problem shrinks with the increase of 𝑅req.
From Figures 5(a), 5(b), and 5(c), when𝑅req < 20Mbits/s and
the average EE reaches the optimum value, the average com-
munication rate is larger than 𝑅req, the average total power
remains stable, and the average EE of the network maintains
high value. When 𝑅req ≥ 20Mbits/s and the average EE
reaches the optimum value, the average communication rate
is equal to 𝑅req, the average total power increases rapidly,
and the average EE of the network decreases. The above
phenomenon indicates that the restricted condition 𝑅(S) ≥𝑅req influences the choice of the optimum solution.

4.3. Impact of Relay Position on the Optimum EE and Corre-
sponding Sum Rate. To show the impact of relay position on
the EE, we choose 𝑈 = 10 and 𝑅req = 20Mbits/s and then
evaluate the average optimumEE for every protocol over 1000
random channel realizations, when 𝑑 increases from 0.2 to1.2 km.The results are shown in Figure 6.

It is shown that the proposed protocol leads to a higher
average EE than the BP-1 and BP-2 for every relay position.
Moreover, the average EE improves as the RS moves towards
the middle region between the BS and the users. This can be
interpreted as follows. In theory, the optimum EE enhances if∀𝑘, 𝑙, 𝑢, 𝐺𝑘𝑙𝑢 is more likely to take a high value. Note that 𝐺𝑘𝑙𝑢
takes a high value only if both 𝐺𝑘𝑠𝑟 and 𝐺𝑙𝑟𝑢 are much higher
than𝐺𝑘𝑠𝑢. When RS lies in the middle between the BS and the
users’ region, it is more likely to have𝐺𝑘𝑠𝑟 and𝐺𝑙𝑟𝑢, both much
greater than 𝐺𝑘𝑠𝑢, and thus 𝐺𝑘𝑙𝑢 is more likely to take a high
value. Moreover, BP-2 is a direct transmission protocol; the
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Figure 5: The average EE as the minimum rate changes.

RS does not help to transmit signals. It is reasonable that the
average EE remains steady when the relay position changes.

4.4. Impact of User Number on the Optimum EE and Corre-
sponding Sum Rate. To show the impact of user number on
the EE, we choose 𝑑 = 0.6 km and 𝑅req = 20Mbits/s and then
evaluate the average optimumEE for every protocol over 1000
random channel realizations, when𝑈 increases from 5 to 30.
The results are shown in Figure 7.

From Figure 7, we see that the average EEs of the three
methods increase with the increase of user number. This is
because when the number of users in the network increases,
the subcarrier assignment has more flexibility. The numbers
of 𝐴𝑘𝑙𝑢 and 𝐵𝑘𝑙𝑎𝑏 increase with the increase of user number,

which can improve the probability of𝐶𝑘𝑙 taking a larger value.
In this way, the average EE of the network will be improved.

5. Conclusions

We have addressed an EE maximized RA problem for
cooperativeOFDM transmission using the improvedDF pro-
tocol with optimized subcarrier pairing when the network’s
communication rate is larger than a required value. The
subcarrier-pair-based opportunistic DF relay-aided protocol
has two operation modes: direct mode and relay mode. This
scheme improves the flexibility of the communication net-
work. Subcarriers can choose the mode that can improve the
network’s EE to send messages. Based on the above protocol,
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we formulate the optimization problem of maximizing the
network’s EE.

The problem is polynomial complexity, so we solve it with
the following three steps. In the first step, we eliminate the
fractional structure with the help of Dinkelbach method and
transfer problem (P1) into problem (P2). In the second step,
we get the Lagrangian function by using the dual method.
In the third step, we use KKT conditions and Hungarian
algorithm to solve the Lagrangian function. Then we can get
the RA algorithmofmaximizing the network’s EE. Numerical
experiments show that the proposed RA algorithm can

improve the EE of the downlink OFDMA networks. And the
experiments also illustrated the impact of minimum required
communication rate, relay position, and the user number.
Theoretical analysis has been presented to interpret what is
observed in numerical experiments.
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This paper is devoted to an investigation of an exact average symbol error probability (SEP) for amplify and forward (AF) relaying
in independent Nakagami-𝑚 fading environments with a nonnegative integer plus one-half𝑚, which covers many actual scenarios,
such as one-side Gaussian distribution (𝑚 = 0.5). Using moment generating function approach, the closed-form SEP is expressed
in the form of Lauricella multivariate hypergeometric function. Four modulation modes are considered: rectangular quadrature
amplitude modulation (QAM), 𝑀-ary phase shift keying (MPSK), 𝑀-ary differential phase shift keying (MDPSK), and 𝜋/4
differential quaternary phase shift keying (DQPSK). The result is very simple and general for a nonnegative integer plus one-half𝑚, which covers the same range as integer𝑚. The tightness of theoretical analysis is confirmed by computer simulation results.

1. Introduction

When the transceiver is far away, it is not a wise choice to
increase transmit power in green communications. Energy
efficiency is placed in a very important position in resource
optimization configuration. The relay technology is used as
one effective means to achieve diversity gain, reduce trans-
mission power, and improve energy efficiency. Therefore,
cooperative diversity technology has attracted considerable
benefits for enhancing the performance of wireless networks,
such as cell network and ad hoc network. SEP is considered to
be an important performancemeasure. Integral-free bit error
probability formulas were derived in [1, 2] for decode and
forward (DF) cooperative systems. An asymptotic bit error
probability formula was provided in [3–5] for all participate
and selective AF cooperation. A new approximation to the
symbol error rate was derived in [6]. Multiple input multiple
output (MIMO) technology was introduced in [7, 8], which
considered exact and asymptotic symbol error rate. Selection
combining was added in [9] with the same configuration as
that in [7]. Mobile to mobile communication scenario was
shown in [10], where asymptotic symbol error rate boundwas
provided. Signal space cooperationwas realized in [11] for full

rate transmission, where a tight bit error rate was obtained.
Error probabilities of AF multihop variable gain relaying
systems were analyzed in [12] by generalized hypergeometric
functions. While the two-hop scenario was investigated in
[13].

Although the error probability of the Nakagami-𝑚 relay
channel has been studied extensively, they mostly addressed
integer fading parameter𝑚.The error probability formula for
arbitrary 𝑚 must resort to infinite series expansion or rea-
sonable approximation in high signal to noise (SNR) region.
Some articles provided error probability just by simulation.
The actual situation often requires quickly grasping error
probability of wireless communication, so it is impossible
to carry out a large number of simulation experiments. The
importance and generalization of Nakagami-𝑚 channel have
not been fully exploited, which motivates our work from
another perspective.

In this paper, we calculate the exact average SEP formulas
in an AF relay system over Nakagami-𝑚 fading environment
when 𝑚 is a nonnegative integer plus one-half, while it
includes as a special case the one-sided Gaussian distribution
(𝑚 = 0.5). Such closed-form expressions are urgent because
they allow fast and efficient evaluation of system reliability.
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Note that this parameter 𝑚 covers the same quantity range
as the integer 𝑚 in most literature, according to basic
knowledge of number theory. Four prevailing modulations
are investigated: MQAM, MPSK, MDPSK, and DQPSK.
Using the properties of moment generating function, precise
expressions are a combination of a series of special functions.
Simulation results confirm the tightness compactness of the
theoretical analysis. For ease of reading and searching, see
Mathematical Notations.

2. System Model

Consider a cooperative system where a source node 𝑆 com-
municates with a destination node𝐷 via a relay node𝑅.There
is not direct link between 𝑆 and 𝑅 due to obstacles. Assume
that all links between transceivers are subject to independent
but different Nakagami-𝑚 fading. When 𝑚 is a nonnegative
integer plus one-half, the probability density function of the
end to end SNR 𝛾 at𝐷 is given by [14, eq. (7)]

𝑓𝛾 (𝑧) = √𝜋𝑒−(√𝛽𝑠+√𝛽𝑟)2𝑧Γ (𝑚𝑠) Γ (𝑚𝑟)
⌊𝑚𝑠⌋∑
𝑘1=0

⌊𝑚𝑟⌋∑
𝑘2=0

⌊(𝑚𝑠−𝑘1+𝑚𝑟−𝑘2)/2⌋∑
𝑙=0

(⌊𝑚𝑠⌋ + 𝑘1)! (⌊𝑚𝑟⌋ + 𝑘2)!𝛽𝑚𝑠/2−1/4−𝑘1/2𝑠 𝛽𝑚𝑟/2−1/4−𝑘2/2𝑟4𝑘1+𝑘2𝑘1!𝑘2! (⌊𝑚𝑠⌋ − 𝑘1)! (⌊𝑚𝑟⌋ − 𝑘2)!22𝑙
× (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2)!𝑧𝑚𝑠−𝑘1+𝑚𝑟−𝑘2−𝑙−3/2𝑙! (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 2𝑙)! × (−1)𝑙 (√𝛽𝑠 + √𝛽𝑟)𝑚𝑠−𝑘1+𝑚𝑟−𝑘2−2𝑙 ,

(1)

where 𝑚 and 𝛽 are fading parameter and scale parameter,
respectively. The subscripts 𝑠 and 𝑟 represent 𝑆 → 𝑅 link

and 𝑅 → 𝐷 link, respectively. Using [15, eq. (3.381.4)], the
moment generating function of the SNR 𝛾 is given by

𝑀𝛾 (𝑠) = ∫∞
0
𝑒−𝑠𝑧𝑓𝛾 (𝑧) 𝑑𝑧

= √𝜋Γ (𝑚𝑠) Γ (𝑚𝑟)
⌊𝑚𝑠⌋∑
𝑘1=0

⌊𝑚𝑟⌋∑
𝑘2=0

⌊(𝑚𝑠−𝑘1+𝑚𝑟−𝑘2)/2⌋∑
𝑙=0

(⌊𝑚𝑠⌋ + 𝑘1)! (⌊𝑚𝑟⌋ + 𝑘2)!𝛽𝑚𝑠/2−1/4−𝑘1/2𝑠4𝑘1+𝑘2𝑘1!𝑘2! (⌊𝑚𝑠⌋ − 𝑘1)! (⌊𝑚𝑟⌋ − 𝑘2)!
× 𝛽𝑚𝑟/2−1/4−𝑘2/2𝑟 (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2)!22𝑙𝑙! (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 2𝑙)! × (−1)𝑙 (√𝛽𝑠 + √𝛽𝑟)𝑚𝑠−𝑘1+𝑚𝑟−𝑘2−2𝑙
× (𝑠 + 𝛽𝑠 + 𝛽𝑟 + 2√𝛽𝑠𝛽𝑟)1/2+𝑘1+𝑘2+𝑙−𝑚𝑠−𝑚𝑟 × Γ (𝑚𝑠 + 𝑚𝑟 − 𝑘1 − 𝑘2 − 𝑙 − 12) .

(2)

The abovemoment generating function is very useful in error
probability analysis.

3. Average SEP Analysis

The average SEP is an important measure of communication
reliability. Next, we prepare to study the SEP performances of
four modulations.

3.1. Rectangular QAM. The average SEP of coherent rectan-
gular𝑀𝐼 ×𝑀𝑄 QAM is given by

𝑃𝑒,QAM = ∫∞
0
[2(1 − 1𝑀𝐼)𝑄 (√𝑞1𝛾) + 2(1 − 1𝑀𝑄)

× 𝑄 (√𝑞2𝛾) − 4(1 − 1𝑀𝐼)
× (1 − 1𝑀𝑄)𝑄 (√𝑞1𝛾)𝑄 (√𝑞2𝛾)]𝑓𝛾 (𝛾) 𝑑𝛾,

(3)

where

𝑞1 = 6𝑀2𝐼 − 1 + (𝑀2𝑄 − 1) 𝑟2 , (4)

𝑞2 = 6𝑟2𝑀2𝐼 − 1 + (𝑀2𝑄 − 1) 𝑟2 . (5)

𝑟 is the decision distance ratio between constellations of
in phase and quadrature components. Based on moment
generating function approach, the error probability is written
as

𝑃𝑒,QAM = 2𝜋 (1 − 1𝑀𝐼)∫
𝜋/2

0
𝑀𝛾 ( 𝑞12 sin2𝜃) 𝑑𝜃 + 2𝜋 (1

− 1𝑀𝑄)∫
𝜋/2

0
𝑀𝛾 ( 𝑞22 sin2𝜃) 𝑑𝜃 − 2𝜋 (1 − 1𝑀𝐼)(1

− 1𝑀𝑄) × [∫
𝜋/2−arctan√𝑏/𝑎

0
𝑀𝛾 ( 𝑞12 sin2𝜃) 𝑑𝜃

+ ∫arctan√𝑏/𝑎

0
𝑀𝛾 ( 𝑞22 sin2𝜃) 𝑑𝜃] ,

(6)

where the first and second integrals correspond to the error
probability involving a single 𝑄 function and the third and
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fourth integrals correspond to the error probability involving
the product of two𝑄 functions. We first begin by the integral
containing one Gaussian𝑄 function. Taking the first integral
in (6) as an example, we encounter a kind of integral given
by

𝐽1 = ∫𝜋/2
0

( 𝑞12 sin2𝜃 + 𝛽𝑠 + 𝛽𝑟
+ 2√𝛽𝑠𝛽𝑟)1/2+𝑘1+𝑘2+𝑙−𝑚𝑠−𝑚𝑟 𝑑𝜃.

(7)

By change of the variable 𝑢 = cos2𝜃, after some manipula-
tions, 𝐽1 can be written as

𝐽1 = ∫1
0
( 𝑞12 (1 − 𝑢) + 𝛽𝑠 + 𝛽𝑟

+ 2√𝛽𝑠𝛽𝑟)1/2+𝑘1+𝑘2+𝑙−𝑚𝑠−𝑚𝑟 × 12√𝑢 (1 − 𝑢)𝑑𝑢.
(8)

Applying [15, eq. (9.100)], (8) can be expressed in closed form
in terms of Gauss hypergeometric function.

Next, we cope with the integral containing the product
of two Gaussian 𝑄 functions. Making change of the variable𝑢 = 1 − 𝑏2/𝑎2tan2𝜃, we obtain one kind of integral given by

𝐽2 = ∫1
0
𝑢𝑎−1 (1 − 𝑢)𝑐−𝑎−1 (1 − V𝑢)−𝑏1 (1 − ]𝑢)−𝑏2 𝑑𝑢. (9)

Using [16, eq. (11)], 𝐽2 can be expressed in closed form in
terms of Appell hypergeometric function. Finally, combining
the results in (8) and (9), the average SEP of rectangularQAM
is given by

𝑃𝑒,QAM = 1Γ (𝑚𝑠) Γ (𝑚𝑟)
⌊𝑚𝑠⌋∑
𝑘1=0

⌊𝑚𝑟⌋∑
𝑘2=0

⌊(𝑚𝑠−𝑘1+𝑚𝑟−𝑘2)/2⌋∑
𝑙=0

(⌊𝑚𝑠⌋ + 𝑘1)! (⌊𝑚𝑟⌋ + 𝑘2)!𝛽𝑚𝑠/2−1/4−𝑘1/2𝑠4𝑘1+𝑘2𝑘1!𝑘2! (⌊𝑚𝑠⌋ − 𝑘1)! (⌊𝑚𝑟⌋ − 𝑘2)!
× 𝛽𝑚𝑟/2−1/4−𝑘2/2𝑟 (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2)!22𝑙𝑙! (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 2𝑙)! × Γ (𝑚𝑠 + 𝑚𝑟 − 𝑘1 − 𝑘2 − 𝑙 − 12) × (−1)𝑙 (√𝛽𝑠 + √𝛽𝑟)𝑚𝑠−𝑘1+𝑚𝑟−𝑘2−2𝑙 × {{{(1
− 1𝑀𝐼) Γ (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙)Γ (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 + 1/2) × (𝑞12 + 𝛽𝑠 + 𝛽𝑟 + 2√𝛽𝑠𝛽𝑟)1/2+𝑘1+𝑘2+𝑙−𝑚𝑠−𝑚𝑟 × 2𝐹1(12,𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2
− 𝑙 − 12 ;𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 + 12 ; 2 (√𝛽𝑠 + √𝛽𝑟)22 (√𝛽𝑠 + √𝛽𝑟)2 + 𝑞1) + (1 − 1𝑀𝑄) Γ (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙)Γ (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 + 1/2) × (𝑞22
+ 𝛽𝑠 + 𝛽𝑟 + 2√𝛽𝑠𝛽𝑟)1/2+𝑘1+𝑘2+𝑙−𝑚𝑠−𝑚𝑟 × 2𝐹1(12,𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 − 12 ;𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙
+ 12 ; 2 (√𝛽𝑠 + √𝛽𝑟)22 (√𝛽𝑠 + √𝛽𝑟)2 + 𝑞2) − √𝑞1𝑞2 (1 − 1/𝑀𝐼) (1 − 1/𝑀𝑄)√𝜋 (𝑞1 + 𝑞2) (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙) (𝑞1 + 𝑞22 + (√𝛽𝑠 + √𝛽𝑟)2)1/2+𝑘1+𝑘2+𝑙−𝑚𝑠−𝑚𝑟

⋅ [[𝐹1(1,𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 −
12 , 1; 𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 + 1; 𝑞1 + 2 (√𝛽𝑠 + √𝛽𝑟)2𝑞1 + 𝑞2 + 2 (√𝛽𝑠 + √𝛽𝑟)2 ,

𝑞1𝑞1 + 𝑞2)
+ 𝐹1(1,𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 − 12 , 1; 𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 + 1; 𝑞2 + 2 (√𝛽𝑠 + √𝛽𝑟)2𝑞1 + 𝑞2 + 2 (√𝛽𝑠 + √𝛽𝑟)2 ,

𝑞2𝑞1 + 𝑞2)]]
}}} ,

(10)

where 2𝐹1(⋅, ⋅; ⋅; ⋅) and 𝐹1(⋅, ⋅, ⋅; ⋅; ⋅, ⋅) stands for the Gauss
hypergeometric function defined in [15, eq. (9.100)] and the
Appell hypergeometric function [17].

3.2. MPSK. Following similar steps in QAM, the average SEP
of coherent MPSK is given by

𝑃𝑒,MPSK = 1𝜋 ∫
𝜋−𝜋/𝑀

0
𝑀𝛾 [ sin2 (𝜋/𝑀)

sin2𝜃 ] 𝑑𝜃 = 1𝜋 ∫
𝜋/2

0
𝑀𝛾 [ sin2 (𝜋/𝑀)

sin2𝜃 ] 𝑑𝜃 + 1𝜋 ∫
𝜋−𝜋/𝑀

𝜋/2
𝑀𝛾 [ sin2 (𝜋/𝑀)

sin2𝜃 ] 𝑑𝜃
= 1Γ (𝑚𝑠) Γ (𝑚𝑟)

⌊𝑚𝑠⌋∑
𝑘1=0

⌊𝑚𝑟⌋∑
𝑘2=0

⌊(𝑚𝑠−𝑘1+𝑚𝑟−𝑘2)/2⌋∑
𝑙=0

(⌊𝑚𝑠⌋ + 𝑘1)! (⌊𝑚𝑟⌋ + 𝑘2)!𝛽𝑚𝑠/2−1/4−𝑘1/2𝑠4𝑘1+𝑘2𝑘1!𝑘2! (⌊𝑚𝑠⌋ − 𝑘1)! (⌊𝑚𝑟⌋ − 𝑘2)! × 𝛽𝑚𝑟/2−1/4−𝑘2/2𝑟 (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2)!22𝑙𝑙! (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 2𝑙)!
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× (−1)𝑙 (√𝛽𝑠 + √𝛽𝑟)𝑚𝑠−𝑘1+𝑚𝑟−𝑘2−2𝑙 × Γ (𝑚𝑠 + 𝑚𝑟 − 𝑘1 − 𝑘2 − 𝑙 − 12)
× ((√𝛽𝑠 + √𝛽𝑟)2 + sin2 ( 𝜋𝑀)1/2+𝑘1+𝑘2+𝑙−𝑚𝑠−𝑚𝑟) × [[

Γ (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙)2Γ (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 + 1/2)
× 2𝐹1(𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 − 12 , 12 ;𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 + 12 ; (√𝛽𝑠 + √𝛽𝑟)2(√𝛽𝑠 + √𝛽𝑟)2 + sin2 (𝜋/𝑀)) + cos (𝜋/𝑀)√𝜋
⋅ 𝐹1(12,𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 𝑙 − 12 , 1 + 𝑘1 + 𝑘2 + 𝑙 − 𝑚𝑠 − 𝑚𝑟; 32 ; cos2 (𝜋/𝑀) (√𝛽𝑠 + √𝛽𝑟)2(√𝛽𝑠 + √𝛽𝑟)2 + sin2 (𝜋/𝑀) , cos2 (

𝜋𝑀))]] .
(11)

3.3. MDPSK. With the aid of the common moment
generating function, the average SEP for MDPSK is given by

𝑃𝑒,MDPSK = 1𝜋 ∫
𝜋−𝜋/𝑀

0
𝑀𝛾 [ sin2 (𝜋/𝑀)1 + cos (𝜋/𝑀) cos 𝜃] 𝑑𝜃 = 2 cos (𝜋/2𝑀)√𝜋Γ (𝑚𝑠) Γ (𝑚𝑟)

⋅ ⌊𝑚𝑠⌋∑
𝑘1=0

⌊𝑚𝑟⌋∑
𝑘2=0

⌊(𝑚𝑠−𝑘1+𝑚𝑟−𝑘2)/2⌋∑
𝑙=0

(⌊𝑚𝑠⌋ + 𝑘1)! (⌊𝑚𝑟⌋ + 𝑘2)!𝛽𝑚𝑠/2−1/4−𝑘1/2𝑠4𝑘1+𝑘2𝑘1!𝑘2! (⌊𝑚𝑠⌋ − 𝑘1)! (⌊𝑚𝑟⌋ − 𝑘2)! × 𝛽𝑚𝑟/2−1/4−𝑘2/2𝑟 (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2)!22𝑙𝑙! (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 2𝑙)! × Γ (𝑚𝑠 + 𝑚𝑟
− 𝑘1 − 𝑘2 − 𝑙 − 12) × (−1)𝑙 (√𝛽𝑠 + √𝛽𝑟)𝑚𝑠−𝑘1+𝑚𝑟−𝑘2−2𝑙 × (𝛽𝑠 + 𝛽𝑟 + 2√𝛽𝑠𝛽𝑟 + 2 sin2 ( 𝜋2𝑀))1/2+𝑘1+𝑘2+𝑙−𝑚𝑠−𝑚𝑟
× 𝐹(3)𝐷 [[

12 ,𝑚𝑠 + 𝑚𝑟 − 𝑘1 − 𝑘2 − 𝑙 − 12 , 12 + 𝑘1 + 𝑘2 + 𝑙 − 𝑚𝑠
− 𝑚𝑟, 12 ; 32 ; cos (𝜋/𝑀) (√𝛽𝑠 + √𝛽𝑟)2(√𝛽𝑠 + √𝛽𝑟)2 + 2 sin2 (𝜋/2𝑀) , cos(

𝜋𝑀) , cos2 ( 𝜋2𝑀)]] ,

(12)

where 𝐹(3)𝐷 is the Lauricella function [16, eq. (15)].
3.4. Noncoherent Detection of Equiprobable Correlated Binary
Signals and 𝜋/4DQPSK. The average SEP of equal energy,

equiprobable, and correlated binary signals with noncoherent
detection is given by

𝑃𝑒 = 12𝜋 ∫
𝜋

0
𝑀𝛾 [[

(𝑏2 − 𝑎2)22 (𝑎2 + 𝑏2) − 4𝑎𝑏 cos 𝜃]]𝑑𝜃
= √𝜋2Γ (𝑚𝑠) Γ (𝑚𝑟)

⌊𝑚𝑠⌋∑
𝑘1=0

⌊𝑚𝑟⌋∑
𝑘2=0

⌊(𝑚𝑠−𝑘1+𝑚𝑟−𝑘2)/2⌋∑
𝑙=0

(⌊𝑚𝑠⌋ + 𝑘1)! (⌊𝑚𝑟⌋ + 𝑘2)!𝛽𝑚𝑠/2−1/4−𝑘1/2𝑠4𝑘1+𝑘2𝑘1!𝑘2! (⌊𝑚𝑠⌋ − 𝑘1)! (⌊𝑚𝑟⌋ − 𝑘2)! × 𝛽𝑚𝑟/2−1/4−𝑘2/2𝑟 (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2)!22𝑙𝑙! (𝑚𝑠 − 𝑘1 + 𝑚𝑟 − 𝑘2 − 2𝑙)!
× Γ (𝑚𝑠 + 𝑚𝑟 − 𝑘1 − 𝑘2 − 𝑙 − 12) × (−1)𝑙 (√𝛽𝑠 + √𝛽𝑟)𝑚𝑠−𝑘1+𝑚𝑟−𝑘2−2𝑙
× (𝛽𝑠 + 𝛽𝑟 + 2√𝛽𝑠𝛽𝑟 + (𝑏 − 𝑎)22 )1/2+𝑘1+𝑘2+𝑙−𝑚𝑠−𝑚𝑟

× 𝐹1 [[[
12 ,𝑚𝑠 + 𝑚𝑟 − 𝑘1 − 𝑘2 − 𝑙 − 12 , 12 + 𝑘1 + 𝑘2 + 𝑙 − 𝑚𝑠 − 𝑚𝑟; 1; 8𝑎𝑏 (√𝛽𝑠 + √𝛽𝑟)2

(𝑎 + 𝑏)2 (2 (√𝛽𝑠 + √𝛽𝑟)2 + (𝑏 − 𝑎)2) ,
4𝑎𝑏(𝑎 + 𝑏)2]]]

,

(13)
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Figure 1: Comparison of SEP for 8 × 4QAM.

where

𝑎 = √ 1 − √1 − 𝜌22 , (14)

𝑏 = √ 1 + √1 − 𝜌22 (15)

and 0 ≤ |𝜌| ≤ 1 is the magnitude of the cross correlation

coefficient between the two signals. When 𝑎 = √2 − √2 and
𝑏 = √2 + √2, (13) corresponds to 𝜋/4DQPSK with gray
coding.

4. Simulation Results

In this section, the simulation results of the error probability
for QAM, MPSK, MDPSK, and DQPSK are evaluated. The
average SNR per symbol is defined as 𝑃𝑠/𝑁0 = 𝑃𝑟/𝑁0, where𝑃𝑠 and𝑃𝑟 represent transmit power of the source and the relay,
respectively. 𝑁0 is the noise variances. The channel gain is
normalized to unit. The theoretical results highly agree with
the simulations for 8 × 4QAM and integer plus one-half 𝑚.
The same coincidence can be deduced for 8 PSK, 8DPSK, and
DQPSKmodulation constellations and fading parameters𝑚.
This demonstrates the accuracy and validity of the proposed
formula.

Figures 1–4 show that the diversity gain is an increasing
function of the fading parameter 𝑚. For example, when the
SEP of 8 PSK is 0.1, the diversity gain of the case of𝑚𝑠 = 0.5,𝑚𝑟 = 0.5 is achieved about 4 dB compared with the case of𝑚𝑠 = 0.5,𝑚𝑟 = 1.5. Moreover, the diversity gain increased to
about 10 dB when 𝑚𝑠 = 1.5, 𝑚𝑟 = 1.5. Similar observations
can be found in 8DPSKmodulation in Figure 3.The diversity
order is dominated by theworse link between 𝑆 → 𝑅 and𝑅 →
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Figure 2: Comparison of SEP for 8 PSK.
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Figure 3: Comparison of SEP for 8DPSK.

𝐷. For example, let us observe two cases of𝑚𝑠 = 0.5,𝑚𝑟 = 0.5
and 𝑚𝑠 = 0.5, 𝑚𝑟 = 1.5. From Figure 2, when 𝑚𝑠 = 𝑚𝑟 =0.5, in the high SNR region, the SEP is 0.089645629941062 at
average SNR = 28 dB and 0.070958408816342 at average SNR
= 30 dB. This implies that the diversity gain is

10 lg (0.089645629941062/0.070958408816342)30 − 28
= 0.5076 ≈ min (𝑚𝑠, 𝑚𝑟) .

(16)
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Figure 4: Comparison of SEP for 𝜋/4DQPSK.
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Figure 5: Comparison of SEP for MQAM.

While for𝑚𝑠 = 0.5, 𝑚𝑟 = 1.5, the SEP is 0.046485872872970
at 28 dB and 0.036583504432831 at 30 dB. The diversity gain
becomes

10 lg (0.046485872872970/0.036583504432831)30 − 28
= 0.5202 ≈ min (𝑚𝑠, 𝑚𝑟) .

(17)

Although the parameters 𝑚𝑟 = {0.5, 1.5} are different, the
results are the same. So they achieve the same diversity order.

Figures 5–7 show the average SEP of𝑀-ary modulation
schemes, where 𝑚𝑠 = 0.5, 𝑚𝑟 = 1.5. The average SEP
increases with the increase of 𝑀 because the minimum
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Figure 6: Comparison of SEP for MPSK.
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Figure 7: Comparison of SEP for MDPSK.

distance between symbols becomes smaller. But the slopes
of the SEP curves are nearly the same, implying the same
diversity gain. The influence of cross correlation coefficient
on SEP is drawn in Figure 8. When the correlation between
two signals is small, the SEP is relatively small.

5. Conclusion

In this paper, we study the SEP of QAM, MPSK, MDPSK,
and DQPSK modulation in cooperative AF system. Exact
closed-form expressions for average SEP are obtained over
independent Nakagami-𝑚 fading channels with integer plus



Wireless Communications and Mobile Computing 7

 = 0.1
 = 0.2
 = 0.3

 = 0.4
 = 0.5
theoretical

5 10 15 20 25 300
average SNR (dB)

10−2

10−1

100

SE
P 

of
 n

on
co

he
re

nt
 d

et
ec

tio
n

Figure 8: Comparison of SEP for correlated binary signals with
noncoherent detection.

one-half𝑚. Simulation results agree well with the theoretical
analysis.

Mathematical Notations

𝑓𝛾(⋅): Probability density function of the variable 𝛾𝑀𝛾(⋅): Moment generating function of the variable 𝛾⌊⋅⌋: Floor function𝑄(⋅): Gaussian 𝑄 function
2𝐹1: Gauss hypergeometric function𝐹1: Appell hypergeometric function𝐹(𝑛)𝐷 : Lauricella function.
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