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Abstract—This paper first considers a multicell network deploy-
ment where the base station (BS) of each cell communicates with
its cell-edge user with the assistance of an amplify-and-forward
(AF) relay node. Equipped with a power splitter and a wireless en-
ergy harvester, the self-sustaining relay scavenges radio-frequency
(RF) energy from the received signals to process and forward in-
formation. Our aim is to develop a resource allocation scheme that
jointly optimizes 1) BS transmit power, 2) received power-splitting
factors for energy harvesting and information processing at the re-
lays, and 3) relay transmit power. In the face of strong intercell in-
terference and limited radio resources, we formulate three highly
nonconvex problems with the objectives of sum-rate maximiza-
tion, max-min throughput fairness, and sum-power minimization.
To solve such challenging problems, we propose applying the
successive convex approximation approach and devising iterative
algorithms based on geometric programming and difference-of-
convex-function programming. The proposed algorithms trans-
form the nonconvex problems into a sequence of convex problems,
each of which is solved very efficiently by the interior-point
method. We prove that our algorithms converge to the locally opti-
mal solutions that satisfy the Karush–Kuhn–Tucker (KKT) con-
ditions of the original nonconvex problems. We then extend our
results to the case of decode-and-forward (DF) relaying with
variable timeslot durations. We show that our resource allocation
solutions in this case offer better throughput than that of the AF
counterpart with equal timeslot durations, albeit at higher compu-
tational complexity. Numerical results confirm that the proposed
joint optimization solutions substantially improve network perfor-
mance, compared with cases where the radio resource parameters
are individually optimized.

Index Terms—Convex optimization, multicell interference,
resource allocation, successive convex approximation (SCA),
wireless energy harvesting.
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I. INTRODUCTION

MULTICELL networks with universal frequency reuse
play an important role in meeting the ever-increasing

demand for ubiquitous wireless coverage and high data
throughput in the near future [1]–[3]. One of the challenges
in such networks is to maintain the quality-of-service (QoS)
requirements for cell-edge users due to the interference from
the neighboring cells [1], [2]. The deployment of relays is
regarded as a viable solution in eliminating coverage holes in
areas that are otherwise difficult for base station (BS) signals
to penetrate [4], [5]. In addition, the performance of multicell
networks can be further enhanced by utilizing coordinated
multipoint (CoMP) transmission and reception techniques [6],
[7], in which BSs and relays cooperate with one another to best
serve the cell-edge users.

Due to random positions and mobility of users, relays need
to be opportunistically deployed where they are needed most.
This can be achieved if relays do not require a wired power
connection and are powered using alternative “green” energy
resources. Recently, radio frequency (RF) or wireless energy
harvesting has emerged as an attractive solution to power wire-
less nodes [8]. While energy harvesting from ambient sources
may not be sufficient to power relay nodes, carefully designed
wireless power transfer links can be used to power relay nodes
[8]–[10]. In this regard, it is crucial to ensure that the very
different information decoding and power transfer power sen-
sitivity requirements are met at the receiver (e.g., −60 dBm for
information receivers and from −10 to −30 dBm for energy
receivers [8]).

A multicell network with energy harvesting relays poses
interesting design challenges, such as 1) how to effectively
manage intercell interference, 2) how to allocate limited power
at the BSs, 3) how to design wireless power transfer links
for amplify-and-forward (AF) and decode-and-forward (DF)
relays, and 4) how the harvested RF energy is utilized at the
relays. Existing research in the literature has partially addressed
these important issues. The design of wireless energy harvest-
ing relays in point-to-point single-cell systems is considered
in [11]–[17]. Assuming simultaneous wireless information and
power transfer in a single-cell network, the power control prob-
lem for multiuser broadband wireless systems without relays
is studied in [18]. In [19], a similar problem is examined, al-
beit in the context of multiuser multiple-input–multiple-output
systems. Considering relays in a single-cell network, resource
allocation schemes for the remote radio heads are specifically
developed in [20]. In the downlink of a multicell multiuser
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interference network, coordinated scheduling and power con-
trol algorithms for the macrocell BSs only are proposed in [21]
and [22]. Recently, in [23], an optimal power-splitting (PS)
rule has been devised for energy harvesting and information
processing at the self-sustaining relays of multiuser interference
networks. However, in [23], the important issue of allocating
the transmit power at the BSs and the relays is not considered.

In this paper, we consider a multicell network in which the
BS of each cell communicates with its cell-edge user via a wire-
less energy harvesting relay node. The relay is equipped with
an energy harvesting receiver and an information transceiver.
We assume that the energy harvesting receiver implements a
PS-based receiver architecture [24], i.e., the relay uses a portion
of the received signal power for energy harvesting and the
remaining signal energy as input to the information transceiver.
Using the harvested energy, the information transceiver em-
ploys either AF or DF relaying to forward the received signal to
its corresponding user. The BSs in the multicell network adopt
CoMP transmission and reception, i.e., they share the channel
quality measurements and schedule the transmissions, allowing
for more efficient radio resource utilization.

First, we formulate three new resource optimization prob-
lems for multicell networks with energy-harvesting-enabled AF
relays, namely, sum-rate maximization, minimum-throughput
maximization, and sum-power minimization.1 The objective
is to jointly optimize the transmit power at the BSs and the
relays and find the optimal PS rule at the relays. Our formu-
lations directly target the critical issue of multicell interference,
while meeting the stringent constraints on the available trans-
mit power at the BSs and the relays. Since the optimization
variables are strongly coupled with many nonlinear cross-
multiplying terms, the formulated problems are highly noncon-
vex. To the best of our knowledge, there exists no practical
method that guarantees true global optimality in these challeng-
ing problems.

Then, we exploit the problem structure and adopt the suc-
cessive convex approximation (SCA) method to transform the
highly nonconvex problems into a series of convex subprob-
lems. Here, we specifically tailor the generic SCA framework
via the applications of geometric programming (GP) and
difference-of-convex-function (DC) programming. At each step
in our proposed iterative algorithms, we efficiently solve the
resulting convex problem by the interior-point method. We
analytically prove that our developed algorithms generate a
sequence of improved feasible solutions, which eventually
converge to a locally optimal solution satisfying the Karush–
Kuhn–Tucker (KKT) conditions of the original problems. Note
that the general convergence analysis of the SCA method is
established in [26], and SCA-based solutions have been empiri-
cally shown to often achieve global optimality in many practical
applications, e.g., in wireline DSL networks [27], wireless
interference networks [28], [29], and small-cell heterogeneous
networks [30].

1A preliminary version of this work, which considers the sum-rate maxi-
mization problem for AF relaying only, has been accepted for presentation at
the 2015 IEEE International Conference on Communications (ICC), London,
U.K. [25].

Fig. 1. Multicell network consisting of N cells and a CP unit. Each cell has a
BS, a relay, and a cell-edge user. For clarity, we only show the interfering scena-
rios in Cell 1, i.e., at relay 1 and user 1. In general, interference happens at all
N relays and N users.

Finally, we show that the proposed SCA-based approach
can be extended to the more general case of variable timeslot
durations with DF relaying. Numerical examples with realistic
network parameters confirm that our joint optimization solu-
tions significantly outperform those where the radio resource
parameters are individually optimized.

The rest of this paper is organized as follows: Section II
presents the system model and states the key assumptions used
throughout this work. Section III presents the signal model for
AF relaying and equal timeslot durations. Section IV formu-
lates the nonconvex resource allocation problems and intro-
duces the generic SCA framework. Sections V and VI propose
the GP- and DC-based SCA solutions for AF relaying, respec-
tively. Section VII extends our results to the case of variable
timeslot durations with DF relaying. Section VIII presents
numerical results to confirm the advantages of our proposed
algorithms, and Section IX concludes this paper.

II. SYSTEM MODEL AND ASSUMPTIONS

Consider the downlink transmissions in an N -cell network
with universal frequency reuse, i.e., the same radio frequencies
are used in all cells. Adopting CoMP transmission and recep-
tion, we assume that the BSs are connected to a central process-
ing (CP) unit that coordinates the multicellular transmissions
and radio resource management. The network under consider-
ation is shown in Fig. 1. Note that although square cells are
shown in Fig. 1, the analysis and proposed solutions in this
paper are valid for any cellular network geometry.

Let N = {1, . . . , N} denote the set of all cells. In each cell
i ∈ N , the BS attempts to establish communication with its
cell-edge users. We assume that these users are located in the
“signal dead zones,” where no direct signal from their serving
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Fig. 2. BS-to-user communication assisted by an RF-powered relay.

BS can be reached. A relay node is deployed in each cell to
assist in forwarding the signal from the BS, extending the net-
work coverage to the distant users. We assume that orthogonal
channels are assigned to users in each cell (e.g., by means of
time-division multiple access, frequency-division multiple ac-
cess, or orthogonal frequency-division multiple access); hence,
intracell interference is eliminated. Therefore, we only focus
on the resource allocation in one channel, which corresponds to
only one user in a cell. By BS i, relay i, and user i, we mean the
BS, the relay, and the single user of cell i ∈ N , respectively.

We assume that the relays are energy-constrained nodes
and that they harvest energy from the RF signals of all BSs,
using the PS-based receiver architecture. While each BS has a
maximum power limit Pmax available for transmission, it must
transmit with minimum transmit power Pmin to ensure that the
energy harvesting circuit at the relay is activated. The harvested
energy is used by a relay transceiver to process and forward the
BS signal to its intended user. We further assume that the relays
are mounted on the building rooftops to have a line-of-sight link
from the serving BSs.

Let hi,j be the channel coefficient from BS i to relay j and
gj,k be the channel coefficient from relay j to user k. We assume
that all the BSs send the available channel state information
(CSI) to the CP unit via a dedicated control channel. In this pa-
per, we assume perfect knowledge of CSI at the BSs, allowing
for a benchmark performance to be determined.

III. SIGNAL MODEL WITH

AMPLIFY-AND-FORWARD RELAYING

We first consider the case of AF relaying where we divide the
total transmission block time T into two equal timeslots. The
first timeslot includes BS-to-relay transmissions and energy
harvesting at the relays. During the first timeslot, the relays do
not transmit. The second timeslot includes signal processing at
the relays and relay-to-user transmissions. In this second time-
slot, the BSs do not transmit. The operations in each timeslot
are shown in Fig. 2, which will be further discussed in the
following.

A. BS-to-Relay Transmissions and Wireless Energy
Harvesting at Relay Receivers

In the first timeslot [0, T/2], let xi be the normalized infor-
mation signal to be sent by BS i, i.e., E{|xi|2} = 1, where E{·}
denotes the expectation operator, and | · | is the absolute value

operator. Let Pmin ≤ Pi ≤ Pmax denote the transmit power
of BS i, dhi,j the distance between BS i and relay j, and β
the path-loss exponent. Assuming that na

i is the zero-mean
additive white Gaussian noise (AWGN) with variance σa

i at the
receiving antenna of relay i, the received signal at relay i can
be expressed as

yRi
=

hi,i√(
dhi,i
)β√Pixi +

N∑
j=1,j �=i

hj,i√(
dhj,i
)β√Pjxj + na

i . (1)

We assume that each relay is equipped with a power splitter
that determines how much received signal energy should be
dedicated to the energy harvester and the signal processing
receiver [11], [12], [23], [24]. As shown in Fig. 2, the power
splitter at relay i ∈ N divides the power of yRi

into two parts
in the proportion of αi : (1 − αi). Here,αi ∈ (0, 1) is termed as
the PS factor. The first part

√
αiyRi

is processed by the energy
harvester and stored as energy (e.g., by charging a battery at
relay i) for the use in the second timeslot. The amount of energy
harvested at relay i is given by

Ei =
ηαiT

2

N∑
j=1

Pj h̄j,i (2)

where η ∈ (0, 1) is the efficiency of energy conversion, and

h̄j,i � |hj,i|2
(
dhj,i
)−β ∀i, j ∈ N , is the effective channel gain

from BS j to relay i (including the effects of both small-scale
fading and large-scale path loss).

The second part
√

1 − αiyRi
of the received signal is passed

to an information transceiver. In Fig. 2, nr
i denotes the AWGN

with zero mean and variance σr
i introduced by the baseband

processing circuitry. Since antenna noise power σa
i is very small

compared with the circuit noise power σr
i in practice [31], na

i

has a negligible impact on both the energy harvester and the in-
formation transceiver of relay i. Thus, for simplicity, we will ig-
nore the effect of na

i in the following analysis by setting σa
i = 0.

The signal at the input of the information transceiver of relay i
can be written as

yIRi
=
√

1 − αiyRi
+ nr

i

=
√

1 − αi
hi,i√(
dhi,i
)β√Pixi

+
√

1 − αi

N∑
j=1,j �=i

hj,i√(
dhj,i
)β√Pjxj + nr

i (3)
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where the first term in (3) is the desired signal from BS i, and
the second term is the total interference from all other BSs.

B. Signal Processing at Relays and
Relay-to-User Transmissions

In the second timeslot [T/2, T ], the information transceiver
amplifies the signal yIRi

prior to forwarding it to user i. De-
note the transmit power of relay transceiver i as pi. With the
harvested energy Ei in (55), the maximum power available for
transmission at relay i is given by Ei/(T/2) = 2Ei/T , which
means that

pi ≤
2Ei

T
= ηαi

N∑
j=1

Pj h̄j,i. (4)

The transmitted signal from relay i to user i can then be
written as

xRi
=

√
piy

I
Ri√

(1 − αi)
N∑
j=1

Pj h̄j,i + σr
i

(5)

where the denominator of (5) represents an amplifying factor
that ensures power constraint (4) is met.

Now, the received signal at user i is

yUi
=

gi,i√(
dgi,i
)β xRi

+

N∑
j=1,j �=i

gj,i√(
dgj,i
)β xRj

+ nu
i (6)

where dgi,j denotes the distance between relay i and user j, and
nu
i is the AWGN with zero mean and variance σu

i at the receiver
of user i. Substituting xRi

in (5) into (6) yields

yUi
=

gi,i
√
piy

I
Ri√(

dgi,i
)β [

(1 − αi)
N∑

k=1

Pkh̄k,i + σr
i

]

+

N∑
j=1,j �=i

gj,i
√
pjy

I
Rj√(

dgi,i
)β [

(1 − αj)
N∑

k=1

Pkh̄k,j + σr
j

] + nu
i . (7)

With yIRi
defined in (3), we can then write (7) explicitly as

yUi
=

gi,ihi,i

√
piPi(1 − αi)xi√(

dgi,id
h
i,i

)β [
(1 − αi)

N∑
k=1

Pkh̄k,i + σr
i

]

+

gi,i
√
pi(1 − αi)

N∑
j=1,j �=i

hj,i√
(dh

j,i)
β

√
Pjxj√(

dgi,i
)β [

(1 − αi)
N∑

k=1

Pkh̄k,i + σr
i

]

+
gi,i

√
pin

r
i√(

dgi,i
)β [

(1 − αi)
N∑

k=1

Pkh̄k,i + σr
i

]

+

N∑
j=1,j �=i

gj,i
√
pjy

I
Rj√(

dgj,i
)β [

(1 − αj)
N∑

k=1

Pkh̄k,j + σr
j

] + nu
i .

(8)

The first term in (8) represents the desired signal from BS i
to its serviced user i, whereas other terms represent intercell
interference and noise.

Without loss of generality, let us assume σr
i = σu

i = σ, ∀i ∈
N . From (8), the signal-to-interference-plus-noise ratio (SINR)
at the receiver of user i is given in (9), shown at the bottom of
the page, where we define the variables as follows:

φi,j
1 � ḡi,ih̄j,i

σ2
; φi,j

2 � h̄j,i

σ
; φi,j

3 � ḡj,i
σ

; φi,j,k
4 � ḡj,ih̄k,i

σ2

(10)

where ḡj,i � |gj,i|2(dgj,i)
−β

, ∀i, j ∈ N . For notational conve-

nience, let us also define P � [P1, . . . , PN ]T ,p � [p1, . . . ,
pN ]T , and α � [α1, . . . , αN ]T. From (9), the achieved through-
put in bits per second per hertz of cell i is given by

τi(P,p,α) =
1
2
log2(1 + γi). (11)

An important observation from (9) and (11) is that by dedi-
cating more received power at relay i for energy harvesting
(i.e. increasing αi), one might actually decrease the end-to-
end throughput in cell i. This can be verified upon dividing
both the numerator and the denominator of γi in (9) by (1 −
αi). However, if one opts to decrease αi, the transmit power
available at the information transceiver of relay i will be further
limited [see (4)], thus potentially reducing the corresponding
data rate τi. Similarly, increasing the BS transmit power Pi or
the relay transmit power pi does not necessarily increase the
throughput τi of cell i. The reason is that Pi and pi appear in the
positive terms in both the numerator and the denominator of γi.
This suggests the importance of the resource allocation prob-
lem in this context, which will be addressed in the following
section.

γi =
φi,i
1 Pipi(1 − αi)

N∑
j=1,j �=i

φi,j
1 Pjpi(1 − αi) +

N∑
j=1

(
φi,j
2 Pj(1 − αi) + φi,j

3 pj

)
+

N∑
j=1,j �=i

N∑
k=1

φi,j,k
4 Pkpj(1 − αi) + 1

(9)
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IV. JOINT RESOURCE OPTIMIZATION PROBLEMS

FOR AMPLIFY-AND-FORWARD RELAYING

In this paper, we aim to devise an optimal tradeoff of all
three parameters: transmit power at BSs, i.e., P; transmit power
at relays, i.e., p; and PS factor at relays, i.e., α, to maximize
the performance of the multicell network under consideration.
Specifically, we will study the following problems, which
jointly optimize (P,p,α) for three different design objectives.

A. Problem (P1): Sum-Rate Maximization

We assume that Pmax is the maximum power available
for transmission at each BS. Moreover, Pmin is the min-
imum transmit power required at each BS to ensure the
activation of energy harvesting circuitry at the relay. The
problem of sum-throughput maximization is formulated as
follows:

max
P,p,α

N∑
i=1

τi (12a)

s.t. 0 ≤ αi ≤ 1 ∀i ∈ N (12b)
Pmin ≤ Pi ≤ Pmax ∀i ∈ N (12c)

0 ≤ pi ≤ ηαi

N∑
j=1

Pj h̄j,i ∀i ∈ N . (12d)

In this formulation, (12a) is the total network throughput,
whereas (12b) are the constraints for the PS factors for all
relays. Furthermore, (12c) and (12d) ensure that the transmit
power at the BSs and relays does not exceed the maximum
allowable.

B. Problem (P2): Max-Min Throughput Fairness

In Problem (P1), the network sum rate is maximized without
any consideration given to the throughput actually achieved
by the individual users. It might happen that users with more
favorable link conditions are allocated with most of the radio re-
sources, leaving nothing for others to fulfill their bare minimum
QoS requirements. The latter includes cell-edge users who are
the victims of strong intercell interference. In the following, we
formulate a max-min fairness problem where the throughput of
the most disadvantaged user is maximized. Thus

max
P,p,α

min
i∈N

τi s.t. (12b)−(12d). (13a)

From the network design perspective, (13) can be regarded as
the problem of maximizing a common throughput, i.e.,

max
P,p,α,τ

τ (14a)

s.t. τi ≥ τ ≥ 0 ∀i ∈ N (14b)
(12b)−(12d)

where τ is an auxiliary variable that denotes the common
throughput.

C. Problem (P3): Sum-Power Minimization

Different from Problems (P1) and (P2), our objective here
is to minimize the total transmit power consumption subject
to guaranteeing some minimum data throughput τmin for each
user, i.e.,

min
P,p,α

N∑
i=1

Pi (15a)

s.t. τi ≥ τmin ∀i ∈ N (15b)

(12b)−(12d).

This problem is of particular interest for “green” communica-
tions, where one wishes to reduce the environmental impacts
of the large-scale deployment of wireless communication net-
works. At the same time, the performance of all cell-edge users
is protected with constraint (15b).

All three problems (P1), (P2), and (P3) are highly nonconvex
in (P,p,α) because the throughput τi in (11) is highly non-
convex in those variables. Even if we fix p and α and try to op-
timize the BS transmit power P alone, τi would still be highly
nonconvex in the remaining variable P due to the cross-cell
interference terms. Simultaneously optimizing P,p and α will
be much more challenging due to the nonlinearity introduced
by the cross-multiplying terms, e.g., Pkpjαi in (9) and αiPj
in (12d).

To efficiently solve Problems (P1), (P2), and (P3), we pro-
pose to adopt the SCA approach [26]–[30], [32] to transform
the original nonconvex problems into a sequence of relaxed
convex subproblems. The key steps of the generic SCA ap-
proach are summarized in Algorithm 1 for our formulated opti-
mization problems. However, in applying the SCA approach,
there remain two key questions: 1) How do we perform the
approximation in Step 2 in generic Algorithm 1, 2) and given
that the approximation is known, how do we prove that the
iterative algorithm is convergent to an optimal solution? We
will provide the answers for those questions in the following
sections. Specifically, we will exploit the structure of the formu-
lated problems to propose two types of approximations, i.e., one
based on GP programming and the other on DC programming.
We will demonstrate that with the given objective functions
and constraints, it is possible to apply both approximations to
solve the formulated nonconvex problems under the same SCA
framework.

Algorithm 1 Generic SCA Algorithm

1: Initialize with a feasible solution (P[0],p[0],α[0]).
2: At the mth iteration, form a convex subproblem by ap-

proximating the nonconcave objective function and con-
straints of (P1), (P2), and (P3) with some concave function
around the previous point (P[m−1],p[m−1],α[m−1]).

3: Solve the resulting convex subproblem to obtain an opti-
mal solution (P[m],p[m],α[m]) at the mth iteration.

4: Update the approximation parameters in Step 2 for the
next iteration.

5: Go back to Step 2 and repeat until (P,p,α) converges.
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V. SOLUTIONS FOR AMPLIFY-AND-FORWARD RELAYING:
SUCCESSIVE COMPLEX APPROXIMATION METHOD

USING GEOMETRIC PROGRAMMING

To implement Step 2 in Algorithm 1, here, we will make use
of the single condensation approximation method [28] to form
a relaxed geometric program (GP), instead of directly solving
the nonconvex Problems (P1)–(P3). A GP is expressed in the
standard form as [33, p. 161]

min
y

f0(y) (16a)

s.t. fi(y) ≤ 1, i = 1, . . . ,m (16b)
h�(y) = 1, 	 = 1, . . . ,M (16c)

where fi(y), i = 0, . . . ,m are posynomials, and h�(y), 	 =
1, . . . ,M are monomials.2 A GP in standard form is a nonlinear
and nonconvex optimization problem because posynomials are
not convex functions. However, with a logarithmic change of
the variables and multiplicative constants, one can easily turn it
into an equivalent nonlinear and convex optimization problem
(using the property that the log-sum-exp function is convex)
[28], [33].

A. GP-Based Approximated Solution for Problem (P1)

First, we express the objective function in (12a) as

max
P,p,α

N∑
i=1

1
2
log2(1 + γi) ≡ max

P,p,α
log2

N∏
i=1

(1 + γi) (17a)

≡ min
P,p,α

N∏
i=1

1
1 + γi

(17b)

where (17b) follows from (17a) since log2(·) is a monotonically
increasing function. Upon substituting γi in (9)–(17b) and
replacing 1 − αi by an auxiliary variable ti, it is shown that
Problem (P1) in (12) is equivalent to (18), shown at the bottom
of the page, where t � [t1, . . . , tN ]T .

It can be seen that (18) is not yet in the form of (16)

2A monomial q̂(y) is defined as q̂(y) � cyâ1
1 yâ2

2 , . . . , yân
n , where c > 0,

y = [y1, y2, . . . , yn]T ∈ R
n
++, and â = [â1, â2, . . . , ân]T ∈ R

n. A posyn-
omial is a nonnegative sum of monomials [33].

because (18a) and (18d) are not posynomials. For notational
convenience, let us define

ui(x) �
N∑

j=1,j �=i

φi,j
1 Pjpiti +

N∑
j=1

(
φi,j
2 Pjti + φi,j

3 pj

)

+

N∑
j=1,j �=i

N∑
k=1

φi,j,k
4 Pkpjti + 1 (19)

vi(x) �
N∑
j=1

(
φi,j
1 Pjpiti + φi,j

2 Pjti + φi,j
3 pj

)

+

N∑
j=1,j �=i

N∑
k=1

φi,j,k
4 Pkpjti + 1 (20)

where x = [PT ,pT , tT ]
T ∈ R

3N
+ . The objective function in

(18a) can then be expressed as

N∏
i=1

ui(x)

vi(x)
. (21)

Since ui(x) and vi(x) are both posynomials, ui(x)/vi(x) is
not necessarily a posynomial, confirming that (18a) is not a
posynomial.

To transform Problem (P1) into a GP of the form in (16), we
would like the objective function (21) to be a posynomial. To
this end, we propose to apply the single condensation method
[28] and approximate vi(x) with a monomial ṽi(x) as follows.
Given the value of x[m−1] at the (m− 1)th iteration, we apply
the arithmetic–geometric mean inequality to lower bound vi(x)
at the mth iteration by a monomial ṽi(x) as [28, Lemma 1]

vi(x) ≥ ṽi(x)

�
N∏
j=1

⎧⎪⎨
⎪⎩
(

vi
(
x[m−1]

)
Pjpiti

P
[m−1]
j p

[m−1]
i t

[m−1]
i

)φ
i,j
1

P
[m−1]
j

p
[m−1]
i

t
[m−1]
i

vi(x[m−1])

×
(
vi(x

[m−1])Pjti

P
[m−1]
j t

[m−1]
i

)φ
i,j
2

P
[m−1]
j

t
[m−1]
i

vi(x[m−1])

×
(
vi
(
x[m−1]

)
pj

p
[m−1]
j

) φ
i,j
3 p

[m−1]
j

vi(x[m−1])

⎫⎪⎬
⎪⎭

min
P,p,α,t

N∏
i=1

N∑
j=1,j �=i

φi,j
1 Pjpiti +

N∑
j=1

(
φi,j
2 Pjti + φi,j

3 pj

)
+

N∑
j=1,j �=i

N∑
k=1

φi,j,k
4 Pkpjti + 1

N∑
j=1

(
φi,j
1 Pjpiti + φi,j

2 Pjti + φi,j
3 pj

)
+

N∑
j=1,j �=i

N∑
k=1

φi,j,k
4 Pkpjti + 1

(18a)

s.t. ti + αi ≤ 1, ∀i ∈ N (18b)

ti ≥ 0, ∀i ∈ N (18c)

0 ≤ pi

ηαi

∑N
j=1 Pj h̄j,i

≤ 1, ∀i ∈ N (18d)

(12b), (12c)
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× vi

(
x[m−1]

) 1

vi(x[m−1])

×
N∏

j=1,j �=i

N∏
k=1

(
vi
(
x[m−1]

)
Pkpjti

P
[m−1]
k p

[m−1]
j t

[m−1]
i

)φ
i,j,k
4 P

[m−1]
k

p
[m−1]
j

t
[m−1]
i

vi(x[m−1])
.

(22)

It is straightforward to verify that vi(x[m−1]) = ṽi(x
[m−1]). In

fact, ṽi(x) is the best local monomial approximation to vi(x)
near x[m−1] in the sense of the first-order Taylor approximation.
With (22), the objective function ui(x)/vi(x) in (18a) is ap-
proximated by ui(x)/ṽi(x). The latter is a posynomial because
ṽi(x) is a monomial, and the ratio of a posynomial to a mono-
mial is a posynomial. The upper bound

∏N
i=1(ui(x)/ṽi(x)) of

(21) is also a posynomial because the product of posynomials
is a posynomial.

Next, we will approximate constraint (12d) by a posynomial
to fit into the GP framework (16). Again, we lower bound posy-
nomial ηαi

∑N
j=1 Pj h̄j,i by a monomial as [28, Lemma 1]

ηαi

N∑
j=1

Pj h̄j,i

≥ ηαi

N∏
j=1

(
Pj

∑N
k=1 P

[m−1]
k h̄k,i

P
[m−1]
j

) P
[m−1]
j

h̄j,i
∑N

k=1
P

[m−1]
k

h̄k,i

︸ ︷︷ ︸
�wi(αi,P)

. (23)

It is clear that the ratio pi/wi(αi,P) is now a posynomial.
Upon substituting (22) and (23) into (18), we can formulate an
approximated subproblem at the mth iteration for Problem (P1)
as follows:

min
x,α

N∏
i=1

ui(x)

ṽi(x)
(24a)

s.t. 0 ≤ pi
wi(αi,P)

≤ 1, ∀i ∈ N (24b)

(12b), (12c), (18b), (18c).

Comparing with (16), we see that (24) belongs to the class of
a geometric program, i.e., a convex optimization problem. In
(24a), since vi(x) ≥ ṽi(x) [see (22)], we are actually minimiz-
ing the upper bound of the original objective function in (18a).
With (23), constraint (24b) is stricter than (12d) as

pi

ηαi

∑N
j=1 Pj h̄j,i

≤ pi
wi(αi,P)

≤ 1. (25)

B. GP-Based Approximated Solution for Problem (P2)

By substituting τi in (11) and carrying out simple algebraic
manipulations, constraint (14b) of Problem (P2) can be
rewritten as

e2τ ln 2

1 + γi
≤ 1 ∀i ∈ N ; and τ ≥ 0 (26)

where ln(·) denotes the natural logarithm. By introducing the

auxiliary variable t and with ui(x) and vi(x) defined in (19)
and (20), it is shown that Problem (P2) is equivalent to

max
x,α,τ

τ (27a)

s.t.
ui(x)e

2τ ln 2

vi(x)
≤ 1 ∀i ∈ N (27b)

τ ≥ 0 (27c)
(12b)−(12d), (18b), (18c).

As seen, (27) is not yet in the form of the standard GP (16)
because constraints (27b) and (12d) are not posynomials. Using
the similar approach in Section V-A, we can transform (27b)
and (12d) into posynomials by the approximations in (22) and
(23). The resulting subproblem at the mth iteration of Problem
(P2) can be expressed in the standard GP form as

max
x,α,τ

τ (28a)

s.t.
ui(x)e

2τ ln 2

ṽi(x)
≤ 1 ∀i ∈ N (28b)

τ ≥ 0 (28c)
(12b), (12c), (18b), (18c), (24b)

where (28b) follows directly from (27b) by replacing vi(x) with
ṽi(x) [in (22)], and (24b) is used in lieu of (12d).

C. GP-Based Approximated Solution for Problem (P3)

By introducing an auxiliary variable t and applying mono-
mial approximation ṽi(x) [in (22)] for vi(x) [in (20)], we can
transform the nonconvex constraint (15b) in Problem (P3) into
a posynomial form as

ui(x)e
2τmin ln 2

ṽi(x)
≤ 1. (29)

Again, we use (24b) instead of (12d) and arrive at the following
GP, which is an approximated problem for Problem (P3) at the
mth iteration:

min
x,α

N∑
i=1

Pi (30a)

s.t.
ui(x)e

2τmin ln 2

ṽi(x)
≤ 1 ∀i ∈ N (30b)

(12b), (12c), (18b), (18c), (24b).

D. Proposed GP-Based SCA Algorithm for Joint
Resource Allocation

It should be noted that GP problems (24), (28), and (30) are
the convex approximations of the original Problems (P1), (P2),
and (P3), respectively. In Algorithm 2, we propose an SCA
algorithm in which a (convex) GP is optimally solved at each
iteration.

Algorithm 2 Proposed GP-Based SCA Algorithm

1: Initialize m := 1.
2: Choose a feasible point (x[0] � (P[0],p[0], t[0]);α[0]).
3: Compute the value of vi(x[0]), ∀i ∈ N according to (20).
4: repeat
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5: Using vi(x
[m−1]), form the approximate monomial

ṽi(x) according to (22).
6: Using the interior-point method, solve one GP, i.e.,

(24) or (28) or (30) to find the mth iteration approximated
solution (x[m] � (P[m],p[m], t[m]);α[m]) for Problem
(P1) or (P2) or (P3), respectively.

7: Compute the value of vi(x[m]), ∀i∈N according to (20).
8: Set m := m+ 1.
9: until Convergence of (x,α) or no further improvement

in the objective value (24a) or (28a) or (30a)

Proposition 1: Algorithm 2 generates a sequence of im-
proved feasible solutions that converge to a point (x�,α�)
satisfying the KKT conditions of the original problems [i.e.,
Problems (P1)–(P3)].

Proof: We will prove that Proposition 1 holds for the case
of GP (24) and its corresponding Problem (P1). The proofs for
GP (28) [hence, Problem (P2)] and GP (30) [hence Problem
(P3)] are similar and will be omitted. From (23), we have that
pi/(ηαi

∑N
j=1 Pj h̄j,i) ≤ pi/wi(αi,P). This means that the

optimal solution of the approximated problem (24) always
belongs to the feasible set of the original Problem (P1).

Next, since vi(x) ≥ ṽi(x) ∀x ∈ R
3N
+ , it follows that:

N∏
i=1

ui

(
x[m]

)
vi
(
x[m]

) ≤
N∏
i=1

ui

(
x[m]

)
ṽi
(
x[m]

) = min
x

N∏
i=1

ui(x)

ṽi(x)

≤
N∏
i=1

ui

(
x[m−1]

)
ṽi
(
x[m−1]

) =

N∏
i=1

ui

(
x[m−1]

)
vi
(
x[m−1]

) (31)

where the last equality holds because ṽi(x[m−1]) = vi(x
[m−1]).

As the actual objective value of Problem (P1) is nonincreasing
after every iteration, Algorithm 2 will eventually converge to a
point (x�,α�).

Finally, it can be verified that

∇
(
ui(x)

vi(x)

)∣∣∣∣
x=x[m−1]

= ∇
(
ui(x)

ṽi(x)

)∣∣∣∣
x=x[m−1]

(32)

∇
( pi

ηαi

∑N
j=1 Pj h̄j,i

)∣∣∣∣
αi=α

[m−1]
i ;P=P[m−1]

= ∇
(

pi
wi(αi,P)

)∣∣∣∣
αi=α

[m−1]
i ;P=P[m−1]

(33)

where ∇ denotes the gradient operator. The results in (32) and
(33) imply that the KKT conditions of the original Problem (P1)
will be satisfied after the series of approximations involving
GP (24) converges to the point (x�,α�). This completes the
proof. �

VI. SOLUTIONS FOR AMPLIFY-AND-FORWARD RELAYING:
SUCCESSIVE COMPLEX APPROXIMATION METHOD USING

DIFFERENCE-OF-CONVEX-FUNCTION PROGRAMMING

A. DC-Based Approximated Solution for Problem (P1)

In the GP-based approach proposed in Section V, we have
eliminated the logarithm function in the objective function to

form a posynomial [see (17)] and solve the resulting (convex)
GP. In the current approach, we propose to keep the logarithm
function and rewrite the throughput expression as

log2(1 + γi)

= log2

⎛
⎝ N∑

j=1

(
φi,j
1 Pjpi(1 − αi) + φi,j

2 Pj(1 − αi) + φi,j
3 pj

)

+

N∑
j=1,j �=i

N∑
k=1

φi,j,k
4 Pkpj(1 − αi) + 1

⎞
⎠

− log2

⎛
⎝ N∑

j=1,j �=i

φi,j
1 × Pjpi(1 − αi)

+

N∑
j=1

(
φi,j
2 Pj(1 − αi) + φi,j

3 pj

)

+

N∑
j=1,j �=i

N∑
k=1

φi,j,k
4 Pkpj(1 − αi) + 1

⎞
⎠

= v̄i(x)− ūi(x) (34)

where we define ūi(x) � log2(ui(x)) and v̄i(x) � log2(vi(x))
with ui(x) and vi(x) given in (19) and (20), respectively. We

also recall that x=[PT,pT, tT ]
T ∈ R

3N
+ , and t=1−α ∈ R

N
+ .

Using the following logarithmic change of variables:

P̄i � lnPi; p̄i � ln pi; t̄i � ln ti; φ̄i,j
1 � lnφi,j

1

φ̄i,j
2 � lnφi,j

2 ; φ̄i,j
3 � lnφi,j

3 ; φ̄i,j,k
4 � lnφi,j,k

4 (35)

for all i, j, k ∈ N , we can further write ūi(·) and v̄i(·) in terms
of the sums of exponentials in x̄, i.e.,

ūi(x̄)=log2

⎛
⎝ N∑

j=1,j �=i

eP̄j+p̄i+t̄i+φ̄i,j
1 +

N∑
j=1

(
eP̄j+t̄i+φ̄i,j

2 +ep̄j+φ̄i,j
3

)

+

N∑
j=1,j �=i

N∑
k=1

eP̄k+p̄j+t̄i+φ̄i,j,k
4 + 1

⎞
⎠ (36)

v̄i(x̄)=log2

⎛
⎝ N∑

j=1

(
eP̄j+p̄i+t̄i+φ̄i,j

1 + eP̄j+t̄i+φ̄i,j
2 + ep̄j+φ̄i,j

3

)

+
N∑

j=1,j �=i

N∑
k=1

eP̄k+p̄j+t̄i+φ̄i,j,k
4 + 1

⎞
⎠ (37)

where x̄ � [P̄T , p̄T , t̄T ]T , P̄ � [P̄1, . . . , P̄N ]T , p̄ � [p̄1, . . . ,
p̄N ]T , and t̄ � [t̄1, . . . , t̄N ]T . Since the log-sum-exp function is
convex [33], both ūi(x̄) and v̄i(x̄) are convex in x̄. However,
their difference v̄i(x̄)− ūi(x̄) = log2(1 + γi) in (34) is not
necessarily concave.

Using the first-order Taylor series expansion around a given
point x̄[m−1], we propose to approximate v̄i(x̄) by an affine
function as follows [29]:

v̄i(x̄)≈ v̄i

(
x̄[m−1]

)
+
(
∇v̄i

(
x̄[m−1]

))T(
x̄− x̄[m−1]

)
(38)
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where the 	th element of gradient ∇v̄i(x̄) is given by (39),
shown at the bottom of the page. With the affine approximation
(38) and the convex function ūi(x̄), it is clear that the through-
put can now be approximated by a concave function as

log2(1 + γi) ≈ v̄i

(
x̄[m−1]

)
+
(
∇v̄i

(
x̄[m−1]

))T (
x̄− x̄[m−1]

)
− ūi(x̄). (40)

By the variable change, i.e.,

ᾱi � lnαi ∀i ∈ N (41)

and upon denoting ᾱ � [ᾱ1, . . . , ᾱN ]T , the nonconvex con-
straint (12d) of Problem (P1) can be rewritten as

ep̄i ≤ ηeᾱi

N∑
j=1

eP̄j h̄j,i. (42)

Applying the arithmetic–geometric inequality, we have that

N∑
j=1

eP̄j h̄j,i ≥
N∏
j=1

(
eP̄j h̄j,i

λ
[m−1]
j,i

)λ
[m−1]
j,i

(43)

where P[m−1] is a fixed point, and

λ
[m−1]
j,i � eP̄

[m−1]
j h̄j,i

N∑
k=1

eP̄
[m−1]
j h̄k,i

. (44)

As such, (42) can be replaced by a stricter constraint, i.e.,

ep̄i ≤ w̃i(ᾱi, P̄) � ηeᾱi

N∏
j=1

(
eP̄j h̄j,i

λ
[m−1]
j,i

)λ
[m−1]
j,i

(45)

which is equivalent to the following affine constraint:

p̄i − ᾱi −
N∑
j=1

λ
[m−1]
j,i P̄j − ci ≤ 0 (46)

where ci� ln η +
∑N

j=1λ
[m−1]
j,i (lnh̄j,i− lnλ

[m−1]
j,i ) is a constant.

From (40) and (46), we now have the following convex
optimization problem that gives an approximated solution to
Problem (P1) at the mth iteration:

max
x̄,ᾱ

N∑
i=1

v̄i

(
x̄[m−1]

)
+
(
∇v̄i

(
x̄[m−1]

))T
×
(
x̄− x̄[m−1]

)
− ūi(x̄) (47a)

s.t. et̄i + eᾱi ≤ 1 ∀i ∈ N (47b)

eᾱi ≤ 1 ∀i ∈ N (47c)

et̄i ≤ 1 ∀i ∈ N (47d)

Pmin ≤ eP̄i ≤ Pmax ∀i ∈ N (47e)

p̄i − ᾱi −
N∑
j=1

λ
[m−1]
j,i P̄j − ci ≤ 0 (47f)

where x̄[m−1] is known from the (m− 1)th iteration.

B. DC-Based Approximated Solution for Problems (P2)
and (P3)

In this case, we apply the same logarithmic change of vari-
ables in (35) and (41). We also make use of the results in (40)
and (46) to show that Problem (P2) in (14) is approximated by

max
x̄,ᾱ,τ

τ (48a)

s.t. v̄i

(
x̄[m−1]

)
+
(
∇v̄i

(
x̄[m−1]

))T (
x̄− x̄[m−1]

)
− ūi(x̄) ≥ 2τ ≥ 0 ∀i ∈ N (48b)

(47b)−(47f).

It is clear that (48) is a convex optimization problem for any
given point x̄[m−1].

By a similar approach, Problem (P3) in (15) can be approxi-
mated by the following convex problem:

min
x̄,ᾱ

N∑
i=1

Pi (49a)

s.t. v̄i

(
x̄[m−1]

)
+
(
∇v̄i

(
x̄[m−1]

))T (
x̄− x̄[m−1]

)
− ūi(x̄) ≥ 2τmin ∀i ∈ N (49b)

(47b)−(47f)

∇(�)v̄i(x̄) =
1

vi(x̄) ln 2

×

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

eP̄�+p̄i+t̄i+φ̄i,�
1 + eP̄�+t̄i+φ̄i,�

2 +
N∑

j=1,j �=i

eP̄�+p̄j+t̄i+φ̄i,j,�
4 , if 	 ∈ {1, . . . , N}

ep̄i+φ̄i,i
3 +

N∑
j=1

eP̄j+p̄i+t̄i+φ̄i,j
1 , if 	 = N + i

ep̄�−N+φ̄i,�−N
3 +

N∑
k=1

eP̄k+p̄�−N+t̄i+φ̄i,�−N,k
4 , if 	 ∈ {N + 1, . . . , 2N} \ {N + i}

N∑
j=1

(
eP̄j+p̄i+t̄i+φ̄i,j

1 + eP̄j+t̄i+φ̄i,j
2

)
+

N∑
j=1,j �=i

N∑
k=1

eP̄k+p̄j+t̄i+φ̄i,j,k
4 , if 	 = 2N + i

0, otherwise.

(39)
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where x̄[m−1] is known from the (m− 1)th iteration.

C. Proposed DC-Based SCA Algorithm for Joint
Resource Allocation

In Algorithm 3, we propose an SCA algorithm in which a
convex problem based on the DC approximation is optimally
solved at each iteration.

Algorithm 3 Proposed DC-Based SCA Algorithm

1: Initialize m := 1.
2: Choose a feasible point (x[0] � (P[0],p[0], t[0]);α[0]) and

evaluate (x̄[0]�(P̄[0], p̄[0], t̄[0]); ᾱ[0]) using (35) and (41).

3: Compute v̄i(x̄
[0]), ∇log2 v̄i(x̄

[0]) and λ
[0]
j,i ∀i, j ∈ N using

(37), (39), and (44), respectively.
4: repeat
5: Given v̄i(x̄

[m−1]),∇ log2 v̄i(x̄
[m−1]) and λ

[m−1]
j,i , form

one convex problem, i.e., (47) or (48) or (49).
6: Using the interior-point method to solve (47) or (48) or

(49) for an approximated solution (x̄[m] � (P̄[m], p̄[m],
t̄[m]); ᾱ[m]) of Problem (P1) or (P2) or (P3) at the mth
iteration, respectively.

7: Update v̄i(x̄
[m]),∇ log2 v̄i(x̄

[m]) and λ
[m]
j,i ∀i, j ∈ N

using (37), (39), and (44), respectively.
8: Set m := m+ 1.
9: until Convergence of (x̄, ᾱ) or no further improvement in

the objective value (47a) or (48a) or (49a)
10: Recover the optimal solution (x�;α�) from (x̄�; ᾱ�) via

(35) and (41).

Proposition 2: Algorithm 3 generates a sequence of im-
proved feasible solutions that converge to a point (x�;α�)
satisfying the KKT conditions of the original problems [i.e.,
Problems (P1)–(P3)].

Proof: We will prove that Proposition 2 holds for the case
of (47) and its corresponding Problem (P1). The proofs for
(48) [hence, Problem (P2)] and (49) [hence, Problem (P3)]
are similar and will be omitted. From (43), we have that ep̄i/

(ηeᾱi
∑N

j=1 e
P̄j h̄j,i) ≤ ep̄i/w̃i(ᾱi, P̄). Imposing a stricter

constraint means that the optimal solution of the approximated
problem (47) always belongs to the feasible set of the original
Problem (P1).

Because the gradient of the convex function v̄i(x̄) is its
subgradient [33], it follows that ∀x ∈ R

3N
+ :

v̄i(x̄) ≥ v̄i

(
x̄[m−1]

)
+
(
∇v̄i

(
x̄[m−1]

))T(
x̄− x̄[m−1]

)
. (50)

We now have the following relations for the approximated
objective value (47a) at the mth iteration:

N∑
i=1

v̄i

(
x̄[m]

)
− ūi

(
x̄[m]

)

≥
N∑
i=1

v̄i

(
x̄[m−1]

)
+
(
∇v̄Ti

(
x̄[m−1]

))T
×
(
x̄[m] − x̄[m−1]

)
− ūi

(
x̄[m]

)

= max
x̄

N∑
i=1

v̄i

(
x̄[m−1]

)
+
(
∇v̄Ti

(
x̄[m−1]

))T
×
(
x̄− x̄[m−1]

)
− ūi(x̄)

≥
N∑
i=1

v̄i

(
x̄[m−1]

)
+
(
∇v̄Ti

(
x̄[m−1]

))T
×
(
x̄[m−1] − x̄[m−1]

)
− ūi

(
x̄[m−1]

)
=

N∑
i=1

v̄i

(
x̄[m−1]

)
− ūi

(
x̄[m−1]

)
. (51)

It is clear that the actual objective value of Problem (P1) is
nondecreasing after every iteration. Therefore, Algorithm 3 will
eventually converge to a point (x�;α�) = (ex̄

�
; eᾱ

�
).

Finally, it can be verified that

∇ (v̄i(x̄)− ūi(x̄))|x̄=x̄[m−1]

= ∇
(
v̄i

(
x̄[m−1]

)
+
(
∇v̄i

(
x̄[m−1]

))T
×
(
x̄− x̄[m−1]

)
− ūi(x̄)

)∣∣∣
x̄=x̄[m−1]

(52)

∇
(

ep̄i

ηeᾱi
∑N

j=1 e
P̄j h̄j,i

)∣∣∣∣∣
ᾱi=ᾱ

[m−1]
i

P̄=P̄[m−1]

= ∇
(

ep̄i

w̃i(ᾱi, P̄)

)∣∣∣∣
ᾱi=ᾱ

[m−1]
i

P̄=P̄[m−1]

. (53)

The results in (52) and (53) imply that the KKT conditions
of the original Problem (P1) will be satisfied after the series
of approximations involving convex problem (47) converges to
(x̄�; ᾱ�). This completes the proof. �

Remark 1: As discussed in Sections V and VI, we use the
SCA framework to propose two different methods, i.e., GP
and DC programming, to solve the three problems (P1)–(P3).
In this remark, we present the computational complexity of
the two solutions. We first use the big-O notation to find the
computational complexity of the convex subproblems in an
iteration [34]. To solve Problem (P1), the complexity of solving
both convex subproblems (24) (in Algorithm 2) and (47) (in
Algorithm 3) is O((4N)35N) because they both have 4N opti-
mizing variables and 5N constraints. Multiplying this factor by
the number of iterations required for convergence, we can ob-
tain the overall computational complexity of Algorithms 2 and
3. This implies that the order of complexity for both proposed
algorithms is the same. Second, to compare the exact com-
putational time for the proposed algorithms, we evaluate the
CPU execution time [35]. For a fair comparison, the MATLAB
codes of the two algorithms are optimized to run on the same
computer equipped with Intel Core i7-2670QM, a 2.20-GHz
processor, and 8 GB of RAM. We have observed that the
GP-based algorithm is slightly more efficient than the DC-based
algorithm, e.g., in solving Problem (P1), Algorithms 2 and 3, on
average, require 29 and 31.5 s, respectively.
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VII. SYSTEM MODEL AND PROPOSED SOLUTION FOR

DECODE-AND-FORWARD RELAYING WITH

VARIABLE TIMESLOT DURATIONS

Here, we extend our work to DF relaying. With DF relaying,
we have the flexibility to vary the time duration of BS-to-relay
and relay-to-user transmissions. In what follows, we will dis-
cuss the signal model, the sum-rate maximization problem
with a GP-based solution, and the corresponding complexity
analysis for DF relaying.

A. Signal Model

Let εT define the fraction of the block time used for relay-
to-user transmissions. The remaining block time (1 − ε)T is
used for BS-to-relay energy harvesting and information trans-
missions. With the signal at the input of information transceiver
at relay i in (3), the SINR at the receiver of relay i is
given by

γDF−R
i =

(1 − αi)h̄i,iPi

(1 − αi)
∑N

j=1,j �=i h̄j,iPj + σ
. (54)

The amount of energy harvested at DF relay i is then

Ei = ηαi(1 − ε)T

N∑
j=1

Pj h̄j,i. (55)

The maximum power available for transmission at DF relay i is
Ei/εT , which means that

pi ≤
Ei

εT
= ηαi

1 − ε

ε

N∑
j=1

Pj h̄j,i. (56)

DF relay i will decode the signal from BS i and forward it to
user i. Let x̄i be the decoded version of signal xi sent by BS i.
The received signal at user i in DF relaying is

yUi
=

gi,i√(
dgi,i
)β√pix̄i +

N∑
j=1,j �=i

gj,i√(
dgj,i
)β√pj x̄j + na

i . (57)

The SINR at the receiver of user i is thus

γDF−U
i =

ḡi,ipi∑N
j=1,j �=i ḡj,ipj + σ

. (58)

The achievable throughput in bits per second per hertz of cell i
is then given by

τDF
i (P,p,α, ε) = ε log2

(
1 + γDF

i

)
(59)

where γDF
i � min{γDF−R

i , γDF−U
i }.

B. Sum-Rate Maximization Problem and GP-Based Solution

The problem of sum-throughput maximization for DF relay-
ing is formulated as follows:

max
P,p,α,ε

ε

N∑
i=1

log2
(
1 +min

{
γDF−R
i , γDF−U

i

})
(60a)

s.t. 0 ≤ αi ≤ 1 ∀i ∈ N (60b)

Pmin ≤ Pi ≤ Pmax ∀i ∈ N (60c)

0 ≤ pi ≤ ηαi
1 − ε

ε

N∑
j=1

Pj h̄j,i ∀i ∈ N (60d)

0 ≤ ε ≤ 1. (60e)

We will now demonstrate that the GP-based SCA approach can
be used to solve the nonconvex problem (60).3 To transform
problem (60) into a GP of the form in (16), we first fix ε to find
the optimal solution of other parameters and then optimize ε
later. By introducing a new auxiliary variable zi, problem (60)
is equivalently expressed as

max
P,p,α,z

ε̄

N∑
i=1

log2(1 + zi) (61a)

s.t. γDF−R
i ≥ zi ∀i ∈ N (61b)

γDF−U
i ≥ zi ∀i ∈ N (61c)

0 ≤ pi ≤ ηαi
1 − ε̄

ε̄

N∑
j=1

Pj h̄j,i ∀i ∈ N (61d)

(60b), (60c)

where z � [z1, . . . , zN ]T . The objective function in (61a) is
rewritten as

max
P,p,α,z

ε̄
N∑
i=1

log2(1 + zi) ≡ min
P,p,α,z

N∏
i=1

1
1 + zi

. (62)

Next, we approximate the expression 1/(1 + zi) in (62) by a
posynomial to fit into the GP framework (16). To this end, we
lower bound 1 + zi by a monomial as [28, Lemma 1]

1 + zi ≥
(

1 + z
[m−1]
i

) 1

1+z
[m−1]
i

×

⎛
⎝
(

1 + z
[m−1]
i

)
zi

z
[m−1]
i

⎞
⎠

z
[m−1]
i

1+z
[m−1]
i

. (63)

By using (62) and (63) and ignoring the constant terms, we
further reduce (62) to

≡ min
P,p,α,z

N∏
i=1

z
− z

[m−1]
i

1+z
[m−1]
i

i . (64)

Upon substituting γDF−R
i and γDF−U

i from (54) and (58) into
(61), replacing 1 − αi by an auxiliary variable ti, applying
arithmetic–geometric mean inequality to lower bound 1 + zi
and

∑N
j=1 Pj h̄j,i in (62) and (60d) by monomials, we can

3Note that the other problems, i.e., max-min throughput and sum-power
minimization, can be similarly formulated and solved for DF relaying. For
brevity, they are not presented here.
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formulate an approximated subproblem at the mth iteration for
problem (60) as follows:

min
P,p,α,t,z

N∏
i=1

z
− z

[m−1]
i

1+z
[m−1]
i

i (65a)

s.t.
zi

(
ti
∑N

j=1,j �=ih̄j,iPj + σ
)

tih̄i,iPi
≤ 1 ∀i ∈ N (65b)

zi

(∑N
j=1,j �=i ḡj,ipj + σ

)
ḡi,ipi

≤ 1 ∀i ∈ N (65c)

0 ≤ ε̄pi
(1 − ε̄)wi(αi,P)

≤ 1 ∀i ∈ N (65d)

0 ≤ ti ≤ 1 ∀i ∈ N (65e)

αi + ti ≤ 1 ∀i ∈ N (65f)

(60b), (60c)

where

wi(αi,P) � ηαi

N∏
j=1

(
Pj

∑N
k=1 P

[m−1]
k h̄k,i

P
[m−1]
j

) P
[m−1]
j

h̄j,i
∑N

k=1
P

[m−1]
k

h̄k,i

is defined in (23). Compared with (16), problem (65) belongs
to the class of geometric programs, i.e., a convex optimization
problem. The convergence of the iterative algorithms that solves
convex subproblem (65) for DF relaying can be proved using
similar steps as stated in Proposition 1.

Using the optimized values of P, p, and α, we have to
optimize the time fraction ε in the original problem (60).
Although (60) is linear in ε, constraint (60d) is met with equality
at convergence. No further improvement of ε can be achieved by
solving (60) with the optimized values of P, p, and α. More-
over, constraint (60d) is not monotonic in ε. Hence, the only
available option is to apply exhaustive search to find the optimal
value of ε in (60) for given optimized values of P, p, and α.

Remark 2: In the numerical results in Section VIII, we will
show that DF relaying with an optimized timeslot fraction
results in more than twice the throughput that is otherwise
achieved by AF relaying with equal timeslot durations. How-
ever, this performance improvement is at the expense of much
higher computational complexity due to the required exhaustive
search.

VIII. NUMERICAL RESULTS

Fig. 3 shows an example multicell network consisting of four
150 m × 150 m cells. In each cell, the geographical distance be-
tween the servicing BS and its corresponding relay and that be-
tween the relay and the cell-edge user is both 35

√
2 ≈ 49.5 m,

i.e., the relay in each cell is located midway between the BS and
the cell-edge user. At the relays, we set the energy harvesting
efficiency to η = 0.5.4 To model the wireless channels, we

4The value of η is typically in the range of 0.4–0.6 for practical energy
harvesting circuits [8].

Fig. 3. Topology of the multicell network used in the numerical examples.

assume independently and identically distributed block fading.
Channel coefficients hi,j and gj̄,k ∀i, j, j̄, k and i �= j, are
circularly symmetric complex Gaussian random variables with
zero mean and unit variance. The channel coefficients between
the servicing BS and its corresponding relay, i.e., hi,i ∀ i, are
modeled by Rician fading with the Rician factor of 10 dB. We
assume that the randomly generated values of hi,j and gj,k
remain unchanged during each time block where the radio
resource allocation process takes place. To model large-scale
fading, we assume that the path-loss exponent is β = 3. This
results in a maximum path loss of 51 dB between the BS and the
associated relay in each cell. To activate RF energy harvesting
with η = 0.5 and assuming that the input power at the energy
harvesting relay has to be greater than −25 dBm [8], [36],5

we set Pmin = −25 + 51 = 26 dBm. Using a channel band-
width of 20 kHz and assuming a noise power density of
−174 dBm/Hz, the total noise power is calculated as σ =
−131 dBm [37]. We initialize the proposed Algorithms 2
and 3 with P

[0]
i = ςPmax; α

[0]
i = ς ; t

[0]
i = 1 − α

[0]
i ; p

[0]
i =

ςηα
[0]
i

∑N
j=1 P

[0]
j h̄j,i ∀i ∈ N , where ς is a real number taken

between 0 and 1. To solve each convex problem in Algorithms 2
and 3, we use CVX, which is a package for specifying and
solving convex programs [38], [39].

A. Convergence of the Proposed Algorithms for AF Relaying

Here, we present numerical results to demonstrate the con-
vergence behavior of the proposed algorithms under different
parameter settings. Regarding Problem (P1), Fig. 4 plots the
convergence of the sum throughput

∑N
i=1 τi by the proposed

solutions. In our simulations, each iteration corresponds to
solving of a GP (24) in Algorithm 2 or a DC program (47)
in Algorithm 3 by CVX. It is clear from Fig. 4 that both
algorithms exhibit similar convergence behaviors. In our exam-
ple, they converge within 15 iterations and achieve the same
optimal throughput. As observed from Fig. 4(a), the sum rate

5Energy conversion efficiency of around 50% has been reported in the ISM
band (900 MHz, 2.4 GHz) with an RF input power of −25 dBm and using
13-nm CMOS technology [8], [36].
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Fig. 4. Convergence of Algorithms 2 and 3 in Problem (P1) for AF relaying. (a) Fixed ς = 0.5. (b) Fixed Pmax = 46 dBm.

Fig. 5. Convergence of Algorithms 2 and 3 in Problem (P2) for AF relaying. (a) Fixed ς = 0.5. (b) Fixed Pmax = 46 dBm.

is increased by 28% if we allow a higher BS transmit power
budget of 46 dBm instead of 40 dBm. In an interference-limited
multicell multiuser network setting, increasing the transmit
power may trigger the “power racing” phenomenon among
the users, which, in turn, adversely affect the total achieved
throughput. Our numerical results, on the other hand, confirm
that the proposed algorithms effectively manage the strong in-
tercell interference and maximize the network performance. For
a fixed power budget Pmax = 46 dBm, Fig. 4(b) demonstrates
that the final performance of our algorithms is insensitive to the
initial points, further suggesting that the solution corresponds
to the actual global optimum in our example [27]–[29].

We demonstrate the performance of our developed algo-
rithms in Figs. 5 and 6 for Problems (P2) and (P3), respectively,
which plot the convergence of the minimum throughput τ
and total BS transmit power

∑N
i=1 Pi, respectively. Again, the

proposed algorithms quickly converge to the corresponding
optimal values. Different from the results for Problem (P1),
increasing Pmax from 40 to 46 dBm in Fig. 5(a) marginally
improves the achieved minimum throughput. This signifies the
challenge of enhancing the performance of the most disad-
vantaged user, who is typically located in the cell-edge areas

and suffers from strong intercell interference. In this situation,
simply increasing the total allowable transmit power at the BSs
would not be helpful. On the other hand, Fig. 6(a) verifies
that the total required transmit power drops to the minimum
value possible, i.e., N × Pmin = 32 dBm for different values of
minimum throughput. Similar to Figs. 4(b), 5(b) and 6(b) show
that initializing the algorithms with different values of ς , again,
does not affect the final solutions.

As shown in Figs. 4–6, both Algorithms 2 and 3 achieve
the same optimal values. However, it is impractical to compare
their performance with a globally optimal solution. There is
no global optimization approach available in the literature to
solve our highly nonconvex optimization problems. A direct
exhaustive search would incur prohibitive computational com-
plexity. It is noteworthy that in [27]–[29], it is shown that
the SCA approach often empirically achieves global optimality
in most practical network applications. Moreover, since we
assume perfect knowledge of CSI at the BSs, the achieved
performance corresponds to the theoretical bound that can
be obtained. The actual performance with channel estimation
errors is out of the scope of this work and is a potential future
research direction.
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Fig. 6. Convergence of Algorithms 2 and 3 in Problem (P3) for AF relaying. (a) Fixed ς = 0.5. (b) Fixed τmin = 0.12.

Fig. 7. Performance comparison of the proposed joint optimization algorithms and the separate optimization approaches. (a) Total throughput in Problem (P1).
(b) Minimum throughput in Problem (P2). (c) Total transmit power in Problem (P3).

B. Importance of the Proposed Joint Optimization Algorithms
for AF Relaying

Fig. 7 demonstrates the advantages of jointly optimizing
(P,p,α) as in Algorithms 2 and 3 over optimizing those
three parameters individually. In the latter approach, we only
optimize one parameter (i.e., P or p or α) while fixing the re-
maining two parameters where applicable as Pi = Pmax; pi =
ηαi

∑N
j=1 Pj ; αi = 0.5 ∀i ∈ N . Note that for the total power

minimization problem (P3), P is optimized while p and α must
be fixed. Furthermore, in the individual optimization approach,
we only present the results of GP-based solutions because both
GP and DC approaches achieve similar outcomes.

The results presented in Fig. 7 have been averaged over
1000 independent simulation runs, and we set ς = 0.5 and
Pmax = 46 dBm. As expected, the proposed joint optimization
algorithms outperform the sole optimization approach in all
cases. The significant gain is observed in Fig. 7(a), where the
total throughput is increased by 94%. Regarding Problem (P2),
Fig. 7(b) shows that the minimum throughput in Problem (P2)
is increased by 10% with the proposed Algorithms 2 and 3.
The performance improvement is less pronounced here. This is
because since the max-min fairness problem (P2) deals with the
most disadvantaged cell-edge user, it is more difficult to support
the QoS requirements of such a user compared with only maxi-

mizing the overall network performance. Finally, with the min-
imum throughput τmin = 0.12 required by the most disadvan-
taged user in Problem (P3), Fig. 7(c) shows that the proposed
algorithms reduce the total BS transmit power by 12 dB, i.e.,
almost 40 times over optimizing P alone.

C. Comparison of AF and DF Relaying

Fig. 8 plots the average sum throughput against different val-
ues ofPmax={35, 37, 39, 41, 43, 45} dBm obtained by the pro-
posed joint optimization algorithm, while solving Problem (P1)
for AF and DF relaying. The results for DF relaying include
both the equal timeslot case, i.e., ε = ε̄ = 0.5, and the optimized
ε case. With the equal timeslot assumption for BS-to-relay
and relay-to-user transmissions, i.e., ε = ε̄ = 0.5, DF relaying
increases the throughput by 33% at Pmax = 35 dBm. With an
optimized value of ε, the throughput enhancement can be as
high as 170% at Pmax = 35 dBm.

IX. CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS

In this paper, we have considered the challenging problems
for jointly optimizing the BS transmit power, the relay PS
factors, and the relay transmit power in a multicell network. It
is assumed here that the relay (operating in either AF mode or
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Fig. 8. Average sum throughput versus Pmin = {35, 37, 39, 41, 43, 45} dBm
of the proposed joint optimization algorithm [solving Problem (P1)] for AF and
DF relaying. The results for DF relaying include both the fixed timeslot case,
i.e., ε = ε̄ = 0.5, and the optimized ε case.

DF mode) is equipped with a PS receiver architecture that can
split the received power to scavenge RF energy and to process
the information signal from its respective BS. To resolve the
highly nonconvex problem formulations, we have proposed
SCA algorithms based on GP and DC programming that offer
sum-throughput maximization, max-min throughput optimiza-
tion, and sum-power minimization. We have proven that the
devised algorithms converge to the solutions that satisfy the
KKT conditions of the original nonconvex problems. Illustra-
tive examples have demonstrated the clear advantages of our
developed solutions.

In the case of multiple relays in a cell, two additional
problems can be considered for future research: 1) in the first
timeslot, beamforming design at the BS toward multiple relays;
2) in the second timeslot, relay selection to choose which relay
to forward the BS message to which users and over which
channel. While these problems are outside the scope of this
paper, our proposed solution for the case of one relay and one
user per cell can serve as a first building block toward joint
design in more general cases.

REFERENCES

[1] J. Andrews et al., “What will 5G be?” IEEE J. Sel. Areas Commun.,
vol. 32, no. 6, pp. 1065–1082, Jun. 2014.

[2] I. Hwang, B. Song, and S. Soliman, “A holistic view on hyper-dense
heterogeneous and small cell networks,” IEEE Commun. Mag., vol. 51,
no. 6, pp. 20–27, Jun. 2013.

[3] Y. A. Sambo, M. Z. Shakir, K. A. Qaraqe, E. Serpedin, and M. A. Imran,
“Expanding cellular coverage via cell-edge deployment in heterogeneous
networks: Spectral efficiency and backhaul power consumption perspec-
tives,” IEEE Commun. Mag., vol. 52, no. 6, pp. 140–149, Jun. 2014.

[4] D. L. Perez et al., “Enhanced inter-cell interference coordination chal-
lenges in heterogeneous networks,” IEEE Trans. Wireless Commun.,
vol. 18, no. 3, pp. 22–30, Jun. 2011.

[5] Y. Yang, H. Hu, J. Xu, and G. Mao, “Relay technologies for WiMax and
LTE-advanced mobile systems,” IEEE Commun. Mag., vol. 47, no. 10,
pp. 100–105, Oct. 2009.

[6] R. Irmer et al., “Coordinated multipoint: Concepts, performance, and
field trial results,” IEEE Commun. Mag., vol. 49, no. 2, pp. 102–111,
Feb. 2011.

[7] C. Yang, S. Han, X. Hou, and A. F. Molisch, “How do we design CoMP to
achieve its promised potential?,” IEEE Wireless Commun. Mag., vol. 20,
no. 1, pp. 67–74, Feb. 2013.

[8] X. Lu, P. Wang, D. Niyato, D. I. Kim, and Z. Han, “Wireless networks with
RF energy harvesting: A contemporary survey,” IEEE Commun. Surveys
Tuts., vol. 17, no. 2, pp. 757–789, 2nd Quart. 2014.

[9] H. Tabassum, E. Hossain, A. Ogundipe, and D. I. Kim, “Wireless-powered
cellular networks: Key challenges and solution techniques,” IEEE
Commun. Mag., vol. 53, no. 6, pp. 63–71, Jun. 2015.

[10] K. Huang and X. Zhou, “Cutting the last wires for mobile communications
by microwave power transfer,” IEEE Commun. Mag., vol. 53, no. 6,
pp. 86–93, Jun. 2015.

[11] Z. Ding, S. M. Perlaza, I. Esnaola, and H. V. Poor, “Power allocation
strategies in energy harvesting wireless cooperative networks,” IEEE
Trans. Wireless Commun., vol. 13, no. 2, pp. 846–860, Feb. 2014.

[12] Z. Ding, I. Krikidis, B. Sharif, and H. Poor, “Wireless information
and power transfer in cooperative networks with spatially random re-
lays,” IEEE Trans. Wireless Commun., vol. 13, no. 8, pp. 4440–4453,
Aug. 2014.

[13] Z. Ding and H. Poor, “Cooperative energy harvesting networks with
spatially random users,” IEEE Signal Process. Lett., vol. 20, no. 12,
pp. 1211–1214, Dec. 2013.

[14] K. Cumanan, Y. Rahulamathavan, S. Lambotharan, and Z. Ding, “MMSE-
based beamforming techniques for relay broadcast channels,” IEEE Trans.
Veh. Technol., vol. 62, no. 8, pp. 4045–4051, Oct. 2013.

[15] A. A. Nasir, X. Zhou, S. Durrani, and R. A. Kennedy, “Relaying protocols
for wireless energy harvesting and information processing,” IEEE Trans.
Wireless Commun., vol. 12, no. 7, pp. 3622–3636, Jul. 2013.

[16] A. A. Nasir, X. Zhou, S. Durrani, and R. A. Kennedy, “Throughput
and ergodic capacity of wireless energy harvesting based DF relay-
ing network,” in Proc. IEEE ICC, Sydney, NSW, Australia, 2014,
pp. 4066–4071.

[17] A. A. Nasir, X. Zhou, S. Durrani, and R. A. Kennedy, “Wireless-powered
relays in cooperative communications: Time-switching relaying proto-
cols and throughput analysis,” IEEE Trans. Commun., vol. 63, no. 5,
pp. 1607–1622, May 2015.

[18] K. Huang and E. Larsson, “Simultaneous information and power transfer
for broadband wireless systems,” IEEE Trans. Signal Process., vol. 61,
no. 23, pp. 5972–5986, Dec. 2013.

[19] W. Wang, L. Li, Q. Sun, and J. Jin, “Power allocation in multiuser MIMO
systems for simultaneous wireless information and power transfer,” in
Proc. IEEE VTC-Fall, Las Vegas, NV, USA, 2013, pp. 1–5.

[20] D. W. K. Ng and R. Schober, “Resource allocation for coordinated mul-
tipoint networks with wireless information and power transfer,” in Proc.
IEEE GLOBECOM, Austin, TX, USA, Dec. 2014, pp. 4281–4287.

[21] L. Venturino, N. Prasad, and X. Wang, “Coordinated scheduling and
power allocation in downlink multicell OFDMA networks,” IEEE Trans.
Veh. Technol., vol. 58, no. 6, pp. 2835–2848, Jul. 2009.

[22] N. Ksairi, P. Bianchi, and P. Ciblat, “Nearly optimal resource allocation
for downlink OFDMA in 2-D cellular networks,” IEEE Trans. Wireless
Commun., vol. 10, no. 7, pp. 2101–2115, Jul. 2011.

[23] H. Chen, Y. Jiangy, Y. Li, Y. Ma, and B. Vucetic, “Distributed
power splitting for SWIPT in relay interference channels using game
theory,” IEEE Trans. Wireless Commun., vol. 14, no. 1, pp. 410–420,
Jan. 2015.

[24] X. Zhou, R. Zhang, and C. K. Ho, “Wireless information and power trans-
fer: Architecture design and rate–energy tradeoff,” IEEE Trans. Commun.,
vol. 61, no. 11, pp. 4754–4767, Nov. 2013.

[25] A. A. Nasir, D. T. Ngo, X. Zhou, R. A. Kennedy, and S. Durrani,
“Sum throughput maximization for heterogeneous multicell networks
with RF-powered relays,” in Proc. IEEE ICC, London, U.K., Jun. 2015,
pp. 3808–3814.

[26] M. Razaviyayn, M. Hong, and Z.-Q. Luo, “A unified convergence analysis
of block successive minimization methods for nonsmooth optimization,”
SIAM J. Optim., vol. 23, no. 2, pp. 1126–1153, 2013.

[27] J. Papandriopoulos and J. S. Evans, “SCALE: A low-complexity dis-
tributed protocol for spectrum balancing in multiuser DSL networks,”
IEEE Trans. Inf. Theory, vol. 55, no. 8, pp. 3711–3724, Aug. 2009.

[28] M. Chiang, C. W. Tan, D. P. Palomar, D. O’Neill, and D. Julian, “Power
control by geometric programming,” IEEE Trans. Wireless Commun.,
vol. 6, no. 7, pp. 2640–2651, Jul. 2007.

[29] H. H. Kha, H. D. Tuan, and H. H. Nguyen, “Fast global optimal power
allocation in wireless networks by local D.C. programming,” IEEE Trans.
Wireless Commun., vol. 11, no. 2, pp. 510–515, Feb. 2012.

[30] D. T. Ngo, S. Khakurel, and T. Le-Ngoc, “Joint subchannel assignment
and power allocation for OFDMA femtocell networks,” IEEE Trans.
Wireless Commun., vol. 13, no. 1, pp. 342–355, Jan. 2014.

[31] L. Liu, R. Zhang, and K. C. Chua, “Wireless information and power
transfer: A dynamic power splitting approach,” IEEE Trans. Commun.,
vol. 61, no. 9, pp. 3990–4001, Sep. 2013.



NASIR et al.: RESOURCE OPTIMIZATION FOR MULTICELL NETWORKS WITH ENERGY HARVESTING RELAYS 6183

[32] B. R. Marks and G. P. Wright, “A general inner approximation algo-
rithm for nonconvex mathematical programs,” Oper. Res., vol. 26, no. 4,
pp. 681–683, Jul./Aug. 1978.

[33] S. Boyd and L. Vandenberghe, Convex Optimization. Cambridge, U.K.:
Cambridge Univ. Press, 2004.

[34] P. Gahinet, A. Nemirovski, A. J. Laub, and M. Chilali, LMI Control Tool-
box User’s Guide. Natick, MA, USA: MathWorks, 1995, Mathworks
Partner Series.

[35] N. Moller, “On Schoonhage’s algorithm and subquadratic integer GCD
computation,” Math. Comput., vol. 77, pp. 589–607, Jan. 2008.

[36] D. Karolak, T. Taris, Y. Deval, J. B. Begueret, and A. Mariano, “Design
comparison of low-power rectifiers dedicated to RF energy harvesting,”
in Proc. IEEE ICECS, Seville, Spain, 2012, pp. 524–527.

[37] “Radio Frequency (RF) Requirements for LTE pico Node B,” ETSI,
Sophia-Antipolis Cedex, France, Tech. Rep. ETSI TR 136 931 V9.0.0,
May 2011.

[38] M. Grant and S. Boyd, “CVX: Matlab software for disciplined convex
programming, version 2.1,” CVX Res., Austin, TX, USA, Mar. 2014.
[Online] Available: http://cvxr.com/cvx

[39] M. Grant and S. Boyd, “Graph implementations for nonsmooth convex
programs,” in Recent Advances in Learning and Control, V. Blondel,
S. Boyd, and H. Kimura, Eds. New York, NY, USA: Springer-Verlag,
2008, pp. 95–110, ser. Lecture Notes in Control and Information Sciences.
[Online]. Available: http://stanford.edu/boyd/graph_dcp.html

Ali Arshad Nasir (S’09–M’13) received the Ph.D.
degree in telecommunications engineering from the
Australian National University (ANU), Canberra,
ACT, Australia, in 2013.

He is an Assistant Professor with the School
of Electrical Engineering and Computer Science,
National University of Sciences and Technology,
Islamabad, Pakistan. From 2012 to 2015, he was a
Research Fellow with the ANU. His research interest
includes signal processing in wireless communica-
tion systems.

Dr. Nasir received an ANU International Ph.D. scholarship and an ANU
Vice Chancellor’s Higher Degree Research travel grant in 2011. He is an
Associate Editor of the IEEE CANADIAN JOURNAL OF ELECTRICAL AND

COMPUTER ENGINEERING.

Duy Trong Ngo (S’08–M’15) received the B.Eng.
degree (with First-Class Honors and the Univer-
sity Medal) in telecommunication engineering from
the University of New South Wales, Sydney, NSW,
Australia, in 2007; the M.Sc. degree in electrical
engineering (communication) from the University of
Alberta, Edmonton, AB, Canada, in 2009; and the
Ph.D. degree in electrical engineering from McGill
University, Montreal, QC, Canada, in 2013.

Since 2013, he has been a Lecturer with the
School of Electrical Engineering and Computer Sci-

ence, The University of Newcastle, Callaghan, NSW, Australia. His research
interest includes radio resource allocation for wireless communication systems.

Xiangyun Zhou (M’11) received the Ph.D. de-
gree in telecommunications engineering from the
Australian National University (ANU), Canberra,
ACT, Australia, in 2010.

He is a Senior Lecturer with the ANU. His re-
search interests include communication theory and
wireless networks.

Dr. Zhou currently serves on the Editorial Board
of the IEEE TRANSACTIONS ON WIRELESS COM-
MUNICATIONS and the IEEE COMMUNICATIONS

LETTERS. He also served as a Guest Editor for the
IEEE COMMUNICATIONS MAGAZINE’s feature topic on wireless physical-
layer security in 2015. He was a Cochair of the IEEE International Conference
on Communications (ICC) Workshop on Wireless Physical Layer Security
at ICC’14 and ICC’15. He was the Chair of the ACT Chapter of the IEEE
Communications Society and the IEEE Signal Processing Society from 2013 to
2014. He received the Best Paper Award at ICC’11.

Rodney A. Kennedy (S’86–M’88–SM’01–F’05)
received the B.E. degree from the University of
New South Wales, Sydney, NSW, Australia, in 1982;
the M.E. degree from The University of Newcastle,
Callaghan, NSW, in 1985; and the Ph.D. degree from
the Australian National University (ANU), Canberra,
ACT, Australia, in 1989.

He is currently a Professor with the Research
School of Engineering, ANU. His research interests
include digital signal processing, digital and wireless
communications, and acoustical signal processing.

Salman Durrani (S’00–M’05–SM’10) received the
Ph.D. degree in electrical engineering from the Uni-
versity of Queensland, Brisbane, QLD, Australia,
in 2004.

He is a Senior Lecturer with the Australian
National University, Canberra, ACT, Australia. His
research interests include wireless communications
and signal processing.

Dr. Durrani currently serves as an Editor for the
IEEE TRANSACTIONS ON COMMUNICATIONS and
the Chair of the ACT Chapter of the IEEE Signal

Processing Society and the IEEE Communications Society. He is a member
of Engineers Australia and a Senior Fellow of The Higher Education
Academy, U.K.

http://cvxr.com/cvx
http://stanford.edu/boyd/graph_dcp.html


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues false
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


