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Abstract— This paper studies beamforming design problems
for multi-cell multi-user downlink networks with simultaneous
wireless information and power transfer (SWIPT). In this system, multi-antenna base stations (BSs) concurrently transfer
information and energy to multiple single-antenna information
decoding (ID) and energy-harvesting (EH) users. We aim to
maximize EH efficiency (EHE) that is defined as the ratio of
the harvested energy at the EH users to the amount of energy
consumption at the BSs while guaranteeing the quality-of-service
constraint for each ID user. The EHE metric quantifies the
efficiency of the power transfer capability of the SWIPT network.
For the EH operation, both an ideal linear model and a practical
non-linear model are individually investigated. We optimally solve
this non-convex problem in two different scenarios according to
the cooperation level among the BSs. First, for the centralized
case, where global channel state information (CSI) is available
at all BSs, we propose a centralized beamforming method
based on the semi-definite relaxation and the successive convex
approximation techniques. Next, in order to reduce the backhaul
signaling overhead, decentralized algorithms are presented where
each BS computes its beamforming vector by only using local
CSI. The simulation results show that the proposed SWIPT
beamforming algorithms offer a significant EHE performance
gain over conventional schemes.
Index Terms— Energy efficiency, simultaneous wireless information and power transfer (SWIPT), multi-cell coordination.

I. I NTRODUCTION
N RECENT years, wireless energy transfer (WET) has
been studied as a promising technique to provide extra
power for extending life time of energy-constrained wireless
devices [1]. Especially, the radio frequency (RF) signal based
WET method has drawn a lot of attention owing to its
capability to transfer energy over long distance [2]. By exploiting this nature, simultaneous wireless information and power
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transfer (SWIPT) systems have been widely investigated in
various wireless communication scenarios [3]–[7] and the
state-of-art techniques and potential emerging technologies for
the SWIPT are surveyed in [8].
The authors in [3] focused on the fundamental tradeoff between the information rate and the harvested energy
in multiple-input multiple-output (MIMO) boradcast channel (BC) SWIPT systems with one information decoding (ID)
user and one energy harvesting (EH) user. For multi-user
multiple-input single-output (MISO) BC, the work [4] proposed the optimal beamforming vectors for the SWIPT which
maximize the sum harvested energy of EH users under qualityof-service (QoS) constraint at each ID user. Also, the sum
rate of ID users was maximized in [5] subject to the energy
requirement for each EH user in multi-user MIMO BC SWIPT
systems.
These works have been extended to multiple transmitter scenarios where coordinated beamforming schemes were applied
for the SWIPT networks. In an interference channel (IFC)
setup, the achievable rate energy tradeoff was examined for
the SWIPT systems in [6]. In [7], a MISO coordinated beamforming scheme was presented for minimizing the network
cost defined as the weighted sum of the transmit power and
the backhaul link consumption.
All the researches mentioned above considered a simple linear EH model where the output power at the EH user increases
linearly with the input RF power. Although this linear model
may be valid for a low RF power regime, it is not suitable for
characterizing the sensitivity and the saturation issues of practical rectifiers [9]–[12]. To tackle this difficulty, the authors
in [13] introduced a practical non-linear EH model based on
the sigmoid functions by measuring the input-output relationship of actual rectifier circuits [14], [15]. Apart from the sigmoid model, second order and high order polynomial models
were presented in [16] and [11], respectively, and these models
were compared by simulations based on real rectifiers in [12].
By utilizing the sigmoid model,1 [13] studied resource allocation problems for multi-user SWIPT systems. Furthermore,
several works have investigated the SWIPT systems under
the sigmoid non-linear EH model for the rate-energy region
analysis [17], and robust beamforming designs [18].
1 The sigmoid model presented in [13] may overestimate the harvested power
of practical circuits in low RF power regime since it does not take into account
the harvesting sensitivity explicitly [11], [12]. The effect of mismatch between
actual harvesting models and the sigmoid model in terms to the probability
of successful SWIPT reception is observed in [12].
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In the meantime, green communication, which pursues
high energy efficiency (EE), has attracted increasing interest
because of the rapidly rising energy costs. The EE is normally
defined as the sum rate divided by the total power consumption
in bits/Joule. Various EE schemes have been investigated
for multi-cell [19], orthogonal frequency-division multiple
access [20], and distributed antenna systems [21]. Recently,
energy efficient SWIPT beamforming schemes were studied
in [22] and [23] under the linear EH model. However, such
works did not optimize the efficiency of the WET, which is
another important performance metric in the SWIPT systems.
To address this issue, energy harvesting efficiency (EHE)
was introduced in [24]–[26] under the linear EH model,
which is defined as the sum harvested energy of EH users
divided by the total power consumption at the BS. It is worth
noting that the EHE quantifies the amount of the harvested
energy per unit power consumed at BSs. In [24] and [25],
the EHE maximization beamforming problems were studied for the single-cell SWIPT systems and cognitive radio
SWIPT systems, respectively. Then, [26] proposed the EHE
maximization problem in general multi-cell multi-user MISO
SWIPT networks, but beamforming strategies were fixed such
as zero-forcing beamforming.
In this paper, we focus on designing a new energy efficient
beamforming scheme under the linear and non-linear EH
model in multi-cell multi-user networks with SWIPT where
each BS equipped with multiple antennas cooperatively serves
multiple ID and EH users with a single antenna. For this
configuration, the EHE of the EH users is maximized under the
QoS constraint at each ID user by jointly optimizing the beamforming vectors. Compared to previous works in [24] and [25],
we consider a general multi-user scenario with non-zero circuit
power at each BS. Also, [26] proposed sub-optimal zeroforcing and mixed beamforming schemes, while we design the
optimal beamforming vectors. In contrast to the works in [24]–
[26] which only adopted an ideal linear EH model, we address
both the ideal linear and practical non-linear EH models.
We solve the EHE maximization problem in two different
cases according to the level of cooperation among multiple
BSs. First, the centralized beamforming scheme is proposed
for a case where global CSI is known at all BSs. To tackle
non-convexity of the EHE problems, we apply the semidefinite relaxation (SDR) technique for obtaining a convex
problem. Also, to handle the complicated non-linear EH terms,
the successive convex approximation (SCA) framework [27]
is applied to this scenario. Then, for both the linear and nonlinear EH models, we can attain the optimal solution via
centralized processing.
In order to reduce the backhaul signaling overhead of the
centralized algorithms, decentralized beamforming algorithms
are also presented for a practical case where only local CSI is
available at BSs. By introducing auxiliary variables, we split
the original problem into independent sub-problems where
each BS can handle with its own local CSI. Then, the optimal auxiliary variables can be determined by exchanging
messages on the subgradients of variables. We can show
that the signaling overhead for the proposed decentralized
algorithm is much lower than that of the centralized algorithm
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Fig. 1.

A multi-cell multi-user MISO downlink system for SWIPT.

while achieving performance close to the optimal one. Finally,
simulation results verify that the proposed algorithms provide a
significant EHE performance gain over a conventional scheme
which only maximizes the sum harvested energy.
The remainder of this paper is organized as follows:
Section II describes a system model for multi-cell multiuser SWIPT networks and formulates the EHE maximization
problem. In Sections III and IV, new centralized and decentralized beamforming algorithms are proposed, respectively.
The computational complexity and the signaling overhead are
investigated in Section V. In Section VI, we evaluate the EHE
performance of the proposed algorithms through numerical
simulations. Finally, the paper concludes in Section VII.
Throughout this paper, we employ uppercase boldface,
lowercase boldface, and normal letters for matrices, vectors,
and scalars, respectively. For a matrix A, rank(A) and tr(A)
denote rank and trace of A, respectively. The operators (·)H ,
E[·], and ∇f (·) stand for conjugate transpose, expectation,
and differentiation of a function f , respectively. x is the
Euclidean norm of a complex vector x, and |x| represents
the magnitude of a complex scalar x. Cm×n and Rm
+ indicate
the set of m×n complex matrices and m-dimensional positive
real vectors, respectively.
II. S YSTEM M ODEL AND P ROBLEM F ORMULATION
In this section, we describe a system model for a multicell multi-user MISO SWIPT network where multiple BSs
cooperatively serve multiple ID and EH users at the same
time over the same frequency band. First, a system model
is provided, and then it is followed by the EHE problem
formulation.
A. System Model
As shown in Figure 1, we consider an NB -cell MISO
I
E
SWIPT downlink system with Um
ID and Um
EH users at
cell m ∈ M, where M = {1, 2, · · · , NB } stands for the set
of cell indices. We assume that the ID and the EH modes of
each user is fixed during one system block [3]–[7]. Without
loss of generality, the length of one system block is set to 1,
and thus the terms power and energy can be interchangeably
utilized throughout this paper. Let us define a set of ID and
I
I
= {1, 2, · · · , Um
} and
EH user indices at the m-th cell as Um
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where himn ∈ CNT ×1 and gjmn ∈ CNT ×1 denote the
independently identically distributed (i.i.d.) channel vector
from the n-th BS to the i-th ID user and to the j-th EH
2
)
user at the m-th cell, respectively, and nIim ∼ CN (0, σim
E
2
and njm ∼ CN (0, σjm ) are the additive white Gaussian noise
at the i-th ID user and the j-th EH user at the m-th cell,
respectively, which are independent with the information and
the energy symbols [4], [5], [26]. Note that the received signals
I
E
and yjm
have different minimum power threshold at the
yim
output of an analog digital converter.2 Then, the signal-tointerference-plus-noise ratio (SINR) of the i-th ID user at the
m-th cell can be expressed as (1), shown at the top of this page,
where SINRim is averaged over symbols {sIim } and {sE
jm }.
2 In general, the received signal y I can be reliably decoded for the received
im
power above −85 dBm (communication sensitivity), while the received signal
E
yjm cannot be harnessed for the received power below −35 dBm (harvesting
sensitivity) [11].

(1)

E
n∈M j∈Un

I
n∈M\{m} k∈Un

E
E
Um
= {1, 2, · · · , Um
}, respectively. It is assumed that each
BS is equipped with NT transmit antennas, while users have
a single antenna. After obtaining local CSI between the users
via existing channel estimation mechanism [28], [29], the BSs
can exchange a user’s CSI or information via backhaul links.
In order to send messages to the ID users and transfer
energy to the EH users at the same time, the m-th BS
employs the linear beamforming vectors wim ∈ CNT ×1 and
vjm ∈ CNT ×1 , where wim and vjm represent the information
and the energy beamforming vectors for the i-th ID user and
the j-th EH user at the m-th cell, respectively. The transmitted
signal at the m-th BS can be expressed as


wim sIim +
vjm sE
xm =
jm ,

2
  H
2
himn vjn  + σim

On the other hand, for WET, all signals including intra-cell
and inter-cell interference can be harvested at each EH user.
When a simple linear EH model is considered, the harvested
Linear
can be
energy of the j-th EH user at the m-th cell Ejm
Linear
EH
written as Ejm
= ηjm Pjm [3]–[7], where 0 < ηjm ≤ 1
indicates a constant accounting for the harvesting efficiency of
EH
is averaged over
the j-th EH user at the m-th cell and Pjm
I
E
symbols {sim } and {sjm }, which is defined as
 E 2
EH

 E yjm
Pjm
⎛
⎞

 
 


2
2
H
H
gjmn
gjmn
⎝
=
wkn  +
vln  ⎠. (2)
n∈M

I
k∈Un

E
l∈Un

Although the linear EH assumption in (2) is analytically
tractable and allows a relatively simple and low complexity approach, it might not be valid for practical non-linear
rectifier circuits which exhibit sensitivity and saturation nonlinearities [9]–[12]. To address this issue, we also consider a
practical sigmoid-based non-linear EH model [13], [17], [18],
which could characterize the sensitivity3 and the saturation
properties. Then, the harvested energy of the j-th EH user at
Nonlinear
is obtained as
the m-th cell Ejm
Nonlinear
Ejm

=

Mjm
EH −b
1+exp(−ajm (Pjm
jm ))

1 − Ωjm

− Mjm Ωjm
,

(3)

where Mjm represents the maximum harvested power of
the j-th EH user at the m-th cell when the EH reaches
saturation, Ωjm is denoted as Ωjm  1+exp(a1jm bjm ) , and ajm
and bjm account for circuit limitations and current leakage.
Specifically, ajm indicates the charging rate with regard to
the input RF power and bjm is related to the sensitivity [31].
Note that Mjm , ajm , and bjm can be determined by a
curve fitting tool based on measurement data [14], [15], [32].
Fig. 2(a) compares both EH models and the measurement data
in [15]. It is observed that both models match well with the
experimental results at a low input RF power region, while
the limitation of the linear model is revealed at the high
input RF power regime. In Fig. 2(b), it is shown that the
harvested power is close to zero at a very low RF power
region. This implies that the derived solutions from the nonlinear EH model in (3) could be applied in practical EH
circuits which include the sensitivity, and this can be checked
from the simulation results in Section VI. It is worth noting
that the sensitivity of the state-of-the-art harvesting circuits is
around −35 dBm and such figure slowly improves over the
years [10].
Now, let us explain the power consumption model at
the BSs. Denoting the maximum transmit power available
3 The sigmoid-based EH model would not explicitly incorporate the sensitivity characteristic of practical circuits. More accurate EH models were
provided in [11], [12], and [30].
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where Gm is defined as Gm 
E
n∈M
j∈Un
H
ηjn gjnm gjnm
, ∀m ∈ M, γim equals the target SINR constraint for the i-th ID user at the m-th cell, the constraint in
(5) represents the SINR requirements for each ID user, and
(6) stands for the power constraint at each BS.
Next, the optimization problem for the non-linear EH model
can be given by
(P2) :




E
m∈M l∈Um

max





{wkm }
{vlm }

m∈M

Fig. 2. Harvested power with respect to input RF power with ηjm = 0.7,
Mjm = 24 mW, ajm = 150, and bjm = 0.014.

at the m-th BS as PT,m
is then writ , the power 2constraint

ten by E[xm 2 ] =
+ j∈U E vjm 2 ≤
I wim 
i∈Um
m
total power
consumption
PT,m , ∀m ∈ M. Thus, the 

2
(
+
can be obtained as Ptotal =
I wim 
m∈M
i∈Um

2
E vjm  +PC,m ) where PC,m reflects the circuit power
j∈Um
including the power consumed by digital-to-analog converters,
frequency synthesizers and mixers [21].
B. Problem Formulation
In this paper, we design the information and energy beamforming vectors {wim } and {vjm } such that the EHE for
multi-cell MISO SWIPT systems is maximized. The EHE
is defined as the ratio of the sum harvested energy to the
total power consumption at the BSs [24]–[26], which can be
written as
 
Ejm
EHE =

E
m∈M j∈Um

.
(4)
Ptotal
Note that the EHE implies the amount of the harvested energy
at the EH users per unit power consumption at the BSs. Unlike
the conventional EE metric which quantifies the efficiency of
the wireless information transmission [19], [21], the EHE in
(4) measures the efficiency of the WET capability, which is
also an important performance metric in the SWIPT networks.
Our objective is to maximize the EHE in (4) while guaranteeing the minimum SINR constraint for each ID user. First,
for the linear EH model, the optimization problem can be
formulated as
(P1) :

max



m∈M



{wkm }
{vlm }

m∈M


I
k∈Um



H
wkm
Gm wkm +



I
k∈Um

2

wkm  +


E
l∈Um


E
l∈Um


H
vlm
Gm vlm



vlm  + PC,m

I
Um
,

s.t. SINRim ≥ γim , ∀i ∈
∀m ∈ M,
(5)


2
2
wkm  +
vlm  ≤ PT,m , ∀m ∈ M,
I
k∈Um



E
l∈Um

(6)




1
EH −b
1+exp(−alm (Plm
lm ))
2

I
k∈Um

wkm  +


E
l∈Um

− Ωlm


2

vlm  + PC,m

s.t. (5), (6).
It is difficult to solve problems (P1) and (P2) directly, since
they are non-convex and have a fractional form in the objective
functions.
Note that (P1) and (P2) might be infeasible in some channel
conditions and network scenarios, e.g., the target SINR {γim }
is too high. Also, (P1) and (P2) may become a trivial case
when the target SINR {γim } is so small that the optimal information beams at each cell are aligned to the same direction
related to the matrix {Gm }. Without loss of generality, for the
rest of this paper, we assume that (P1) and (P2) are feasible
and not trivial.
III. C ENTRALIZED B EAMFORMING D ESIGN
In this section, we investigate the optimal solution of (P1)
and (P2) for the ideal case where each BS knows global CSI.
First, the optimal algorithm for (P1) with the linear EH model
is presented, and then it is followed by a solution of (P2) with
the non-linear EH model.
A. Linear EH Model
The problem (P1) is a non-convex problem because it’s
objective function has a fractional form. To efficiently solve
this problem, we first provide equivalent formulation of (P1)
in the following lemma.
Lemma 1: Problem (P1) is equivalent to the following
problem:
(P1.2) :
max

{w̄km }
{v̄lm ,α}

⎛
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I
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⎞
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E
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I
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(7)
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2
2
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E
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⎛
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I
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⎞

(8)

2
v̄lm  + αPC,m⎠ = 1,

E
l∈Um

(9)
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√
√
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where w̄km = αwkm , v̄lm = αvlm , ∀k ∈ Um
, ∀l ∈
E
Um , ∀m ∈ M, α is a positive real variable, and SINRim is
defined as (10), shown at the top of this page.
Proof: Problem (P1) can be rewritten by



2 α
tr Himn V̄ln + σim

E
l∈Um

∗
∗
f1 ({w̄km,1
, v̄lm,1
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}, α∗2 ) ≤ f1 ({w̄km,1
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∗
∗
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where the inequality is obtained since the optimal solution
∗
∗
({w̄km,2
, v̄lm,2
}, α∗2 ) is in the feasible set of (P1.1). It is
obvious that the feasible set of (P1.1) contains that of (P1.2)
due to the additional constraints (7)-(9). Combining the results
in (11) and (12), we confirm that both (P1.1) and (P1.2)
have the same optimal value, and thus it can be seen that
∗
∗
, v̄lm,2
}, α∗2 ) is the optimal solution for (P1.1), which
({w̄km,2
implies the equivalence between (P1.1) and (P1.2). Then,
the proof is completed.

(16)

Problem (P1.2) is still a non-convex quadratically constrained quadratic program (QCQP), and thus it is not easy
to find the globally optimal solution. Thus, we employ the
SDR technique which is an efficient approach to obtain an
approximate solution for the non-convex QCQP [33]. Denoting
H
H
I
and V̄lm = v̄lm v̄lm
for ∀k ∈ Um
, ∀l ∈
W̄km = w̄km w̄km
E
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where Himn is defined as Himn = himn hH
imn , ∀i ∈ Um ,
∀m, n ∈ M, X
0 indicates that a matrix X is positive
SDR
semi-definite (PSD), and SINRim is given by (16), shown at
the top of this page.
∗
}
It is shown in Appendix A that the optimal solution {V̄lm
∗
for the (P1.3) equals zero as V̄lm = 0, which implies
that the energy beamforming vector is not necessary for
maximizing the EHE performance. This can be explained as
follows: If a non-zero energy beamforming vector is employed,
the ID user’s SINR decreases since the energy signal causes
interference, and we can enhance the EHE performance only
with the information signals. Although the BSs do not transmit
the dedicated energy-carrying signals, the EH users can harvest
enough energy from the information-bearing signals. Thus,
it is sufficient to optimize the information beamforming vector
∗
= 0.
for solving (P1) by setting V̄lm
Thanks to the convexity of (P1.3), we can optimally solve
it by using convex optimization software such as CVX [34].
In the following lemma, we will show that the solution
∗
} for (P1.3) is also optimal for the original QCQP
{W̄km
∗
) ≤ 1
problem (P1.2), since the rank constraint rank(W̄km
is satisfied.
 ∗ 
Lemma
W̄km
for (P1.3) satisfies
 ∗ 2: The optimal
I
, ∀m ∈ M.
rank W̄km = 1, ∀k ∈ Um
Proof: See Appendix B.
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Lemma 2 indicates that the rank relaxation in (P1.2) is tight,
∗
and thus we can obtain the optimal solution {w̄km
} from
∗
∗
}.
Since
w̄
eigenvalue
decomposition
(EVD)
of
{
W̄
km
km =
√
∗
∗
∗
α wkm , the optimal information beamforming
vector wkm
√
∗
∗
can be obtained by dividing w̄km by α . It is worth noting
that to address (P1.3), each BS should know the global CSI
{hinm } and {gjnm }.
B. Non-Linear EH Model
In this subsection, we propose the centralized beamforming
for (P2) with the non-linear EH model. Due to the sigmoid
function in the objective of (P2), the proposed approach for
(P1) cannot be directly applied. To address this issue, we first
employ the fractional programming theory. Let us denote the
maximum EHE of (P2) as
∗
∗
, vlm
})
U ({wkm
∗
∗
UT P ({wkm , vlm })
U ({wkm , vlm })
=
max
,
{wkm ,vlm }∈F UT P ({wkm , vlm })

q̂ ∗ =

where U ({wkm , vlm }) ≥ 0 and UT P ({wkm , vlm }) ≥ 0
are the numerator and denominator of the objective function
in (P2), respectively, and F represents the feasible set satisfying the constraints (5) and (6).
Then, (P2) can be rewritten as [20]
T (q̂ ∗ ) =

U ({wkm , vlm })

{wkm ,vlm }∈F
− q̂ ∗ UT P ({wkm , vlm })

(17)

where the maximum EHE q̂ ∗ is achieved when T (q̂ ∗ ) is
equal to zero. The Dinkelbach method provides an iterative
procedure to find the optimal solution q̂ ∗ [35]. In each iteration
of the Dinkelbach method, we solve problem (17) for a given
q̂ in an inner layer, while q̂ is updated via the bisection method
such that (17) is satisfied in an outer layer. This procedure is
then repeated until convergence.
Thus, we focus on the inner layer process which solves the
following problem
max

{wkm ,vlm }

 

{wkm ,vlm }
E
m∈M l∈Um
{ρlm }

SDR

I
k∈Un

E
l∈Un

≥ ρjm , ∀j ∈

E
Um
,

∀m ∈ M,

(18)

Mlm
1
where Û (ρlm )  1−Ω
(
− Ωlm ). To
lm 1+exp(−alm (ρlm −blm ))
handle the non-convex sigmoid function Û (ρlm ), we propose
an iterative algorithm based on the SCA framework [27],
which successively finds a convex approximation of a nonconvex function at each iteration. In our case, we need to
identify a concave lower bound for the non-convex function
Û (ρlm ). This is presented in the following lemma.
(t)

Lemma 3: Let ρlm be a solution obtained at the t-th itera(t)
tion of the SCA algorithm. With a given ρlm , a concave lower
bound of Û(ρlm ) can be expressed as
2
κlm 
(t)
Û (ρlm ) ≥
ρlm − ρlm
2





∂ Û(ρlm ) 
(t)
(t)
ρlm − ρlm + Û ρlm
+

∂ρlm 
(t)


(t)
ÛLB

ρlm =ρlm

(ρlm ) ,

where

κlm is a constant
∂ 2 Û (ρlm )
√
|
2
ρlm = a 1 ln(2+ 3)+blm .
∂ρlm

such

that

κlm

≤

Proof: See Appendix C.
By inspecting Lemma 3 and applying the SDR technique,
we can formulate an approximated problem of (P2.2) at the
(t + 1)-th iteration as
(P2.4) :
max

 im =
SINR

 

{Wkm ,Vlm }
{ρlm }

E
m∈M l∈Um

Û (ρlm ) − q̂UT P ({wkm , vlm })


I \{i}
k∈Um

tr (Himm Wkm ) +


n∈M\{m}

(t)

ÛLB (ρlm ) − q̂UT P ({Wkm , Vlm })

SDR

I

s.t. SINR
(19)
 im ≥ γim ,∀i ∈ Um , ∀m ∈ M,
tr (Wkm )+
tr (Vlm ) ≤ PT,m , ∀m ∈ M,
I
k∈Um


n∈M

E
l∈Um

⎛
⎝







tr Ĝjmn Wkn +

I
k∈Um

≥ ρjm , ∀j ∈

Still, it is difficult to solve (P2.1) due to the sigmoid function
EH
}. To tackle this issue, we first
of U ({wkm , vlm }) and {Pjm
introduce slack variables {ρlm }.
Then, (P2.1) can be equivalently reformulated as
max

n∈M

U ({wkm , vlm }) − q̂UT P ({wkm , vlm })

s.t. (5), (6).

(P2.2) :

s.t. (5), (6),
⎛
⎞
 





gH wkn 2 +
gH vln 2 ⎠
⎝
jmn
jmn

lm

max

= 0,

(P2.1) :
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E
Um
,

∀m ∈ M,



(20)
⎞

tr Ĝjmn Vln ⎠


E
l∈Um

(21)

H
H
where we define Wkm wkm wkm
, Vlm  vlm vlm ,
ÛT P ({Wkm , Vlm }) 
tr(Wkm ) +
I
m∈M
k∈Um


H
,
and
Ĝ
tr(V
)
+
P

g
g
E
lm
C,m
jmn
jmn jmn , ∀l, j ∈
l∈U
m

SDR

E
 im is given by (22), shown at the
Um
, ∀m, n ∈ M, and SINR
bottom of this page.
Since (P2.4) is convex, we can optimally solve it by using
convex optimization tools [34]. Adopting a similar approach
as in the linear EH model case, it can be shown that the

tr (Himm Wim )


tr (Himn Wkn ) +

I
k∈Un

n∈M


E
l∈Un

2
tr (Himn Vln ) + σim

(22)
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∗
optimal solution {Vlm
} is equal to a zero matrix and the
∗
rank constraint rank(Wkm
) ≤ 1 is always satisfied, which
means that the relaxation of (P2.1) is tight. Therefore, we can
∗
}
obtain the optimal information beamforming vector {wkm
∗
from the EVD of {Wkm }. The proposed algorithm for (P2) is
summarized in Algorithm 1. The convergence of Algorithm 1
is guaranteed, since a monotonically nondecreasing sequence
Û (ρlm ) that is upper bounded Û (ρlm ) ≤ Mlm always
converges [27], [36].

Algorithm 1 Centralized Algorithm for the Non-Linear
EH Model
1: Set q̂ = 0.
 (t) 
2: Initialize t = 0 and ρlm = 0.
3: Let t ← t + 1. Solve the problem (P2.4) for a given q̂,
 (t) 
and obtain ρlm .
 (t) 
∗
converge, return {Wkm
4: If ρlm
} and go to step 5.
Otherwise, go back to step 3.
∗
∗
∗
5: Compute {wkm
} by EVD of {Wkm
} and set {vlm
} = 0.
∗
∗
∗
∗
6: If U ({wkm , vlm }) − q̂UT P ({wkm , vlm }) converges,
∗
∗
return {wkm
, vlm
} and then stop. Otherwise, update
q̂ =

∗
∗
U({wkm
,vlm
})
∗
∗
UT P ({wkm ,vlm
})

and go back to step 2.

where φm indicates the beamforming power at the m-th cell,
θinm represents the inter-cell interference power from the m-th
Decen
BS to the i-th ID user at the n-th cell, and SINRim is defined
as the top of the next page.
Decen

SINRim
=


I \{i}
k∈Um



tr Himm W̄im



tr Himm W̄km +

n∈M\{m}

m

s.t.

Decen
SINRim





A. Linear EH Model
Based on the previous result in Section III, the energy beam∗
∗
for (P1.3) can be deleted as V̄lm
= 0,
forming matrix V̄lm
E
∀l ∈ Um , ∀m ∈ M. Then, by introducing auxiliary variables
φm , ∀m ∈ M and θinm , ∀i ∈ UnI , ∀n ∈ M\{m}, ∀m ∈ M,
(P1.3) can be recast to
  

tr Gm W̄km
(P3) :
max
{W̄km 0,φm ,θinm },α m∈M k∈U I
Decen

m

I
s.t. SINR
∈ Um
, ∀m ∈ M,
 im ≥ γim , ∀i

tr Hinm W̄km ≤ θinm ,
I
k∈Um





tr W̄km ≤ αPT,m ,

I
k∈Um

∀i
∈ UnI , ∀n ∈ M\{m}, ∀m ∈ M,


tr W̄km ≤ φm , ∀m ∈ M, (23)
I
k∈Um



m∈M

(φm + αPC,m ) = 1,

(24)

.

Note that the constraints in (23) and (24) come from (9).
A solution of (P3) can be obtained by iteratively optimizing {W̄km } and {α, {φm }, {θinm }}. First, it is emphasized
that if we fix the auxiliary variable α, {φm }, and {θinm },
each BS m can handle (P3) by only utilizing its local CSI
{hinm }i∈UnI ,n∈M and {gjnm }j∈UnE ,n∈M . Then, for given α,
{φm }, and {θinm }, the sub-problem for the m-th BS can be
written as
 

tr Gm W̄km
(P3.1) : max
{W̄km 0} k∈U I

I
k∈Um

IV. D ECENTRALIZED B EAMFORMING D ESIGN
In the previous section, we have proposed the beamforming
algorithm assuming that all BSs have global CSI of the ID and
the EH users. However, it might be challenging for the BSs to
collect the global CSI due to limited backhaul link capacity.
To overcome this issue and reduce the backhaul signaling overhead, in this section, we provide a decentralized approach such
that each BS m can compute its beamforming vectors based
on local CSI hinm , ∀i ∈ UnI , n ∈ M, which are all channels
connected to BS m. Local CSI can be efficiently estimated
by uplink pilot signaling or channel feedback for multi-cell
networks using the methods developed in [28] and [29].

2 α
θimn + σim

I
k∈Um



I
≥ γim , ∀i ∈ Um
,


tr W̄km ≤ αPT,m ,

(26)



tr W̄km ≤ φm ,

(27)

(25)



tr Hinm W̄km ≤ θinm , ∀i ∈ UnI ,

I
k∈Um

∀n ∈ M\{m}.

(28)

∗
} can be computed
Since (P3.1) is convex, the optimal {W̄km
via convex optimization software [34]. Also, similar to the
proof of Lemma 2, we can verify that the optimal solution
∗
} for (P3.1) is always rank one. Note that for solving
{W̄km
(P3.1), each BS only requires its local CSI and the parameters
{θinm } and {φm }.
Next, in order to identify the optimal variables α∗ , {φ∗m },
∗
and {θinm
} for (P3), we need to solve the following problem:

(P3.2) : max f¯∗ (τ , {θm })
τ ,{θ m }

s.t. τ ∈ A, θm ∈ B, ∀m ∈ M,

¯∗
¯∗
where f¯∗ (τ , {θm }) =
m∈M fm (τ , θ m ) and fm (τ , θ m )
represent the optimal objective value of (P3) for given {W̄km }
and the sub-problem for the m-th BS in (P3.1), respectively,
τ is defined as τ = [α, φ1 , · · · , φM ]H , the vector θm
consists of the inter-cell interference terms associated with
the m-th BS, i.e., the elements of θm are taken from the
set {θinm }i∈UnI ,n∈M\{m} and {θimn }i∈Um
I ,n∈M\{m} , and the
and
set A and B are denoted by A = {τ : τ ∈ RM+1
+

Uθm
(φ
+
αP
)
=
1}
and
B
=
{θ
:
θ
∈
R
C,m
m
m
+ }
m∈M m
I
from
constraint
(24),
respectively,
with
U
=
(M
−
2)U
θm
m+

I
U
.
To
solve
problem
(P3.2),
we
first
have
the
n∈M\{m} n
following lemma.
∗
Lemma 4: f¯m
(τ , θ m ) is a concave function of τ and θm
if problem (P3.2) is feasible.
Proof: See Appendix D.
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From Lemma 4, it follows that f¯∗ (τ , {θm }) is also a
concave function of τ and {θm } since a sum of concave
functions is also a concave function [37]. Therefore, (P3.2)
is a convex optimization problem, and thus can be solved
by using the projected subgradient method with the following
updates as [37]
τ

τ (r + 1) = PA {τ (r) − ϕτ (r)z (r)} ,


θm (r + 1) = PB θm (r) − ϕθ (r)z θm (r) ,

(29)
(30)

where r is the iteration index, PX indicates the projection
operation onto the set X , ϕτ (r) and ϕθ (r) equal the step-size,
and z τ (r) and z θm (r) denote the subgradient of (P3.2) at point
τ (r) and θm (r), respectively. The subgradients for (P3.2) with
respect to α(r), φm (r) and θinm (r) are respectively given by

 
2
z α (r) =
μ̄∗in (r)σin
,
β̄n∗ (r)PT,n −
n∈M
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∗
E
= 0, ∀l ∈ Um
, ∀m ∈ M and introduce auxilset Vlm
I
E
iary variables θ̂inm and ϑ̂jnm , ∀i ∈ Um
, ∀j ∈ Um
, ∀n ∈
M\{m}, ∀m ∈ M. Then, the problem (P2.4) can be rewritten as

(P4) :

− q̂
s.t.

In this subsection, we provide a decentralized implementation for the non-linear EH model. From the result of the
centralized scheme for the non-linear EH model, we first

ÛT P,m ({Wkm , Vlm })

m∈M



tr (Wkm ) ≤ PT,m , ∀m ∈ M,
Decen

I
 im ≥ γim , ∀i ∈ Um
, ∀m ∈ M,
SINR

tr (Hinm Wkm )

(31)

I
k∈Um

≤ θ̂inm , ∀i ∈ UnI , ∀n ∈ M\{m}, ∀m ∈ M,






tr Ĝjmn Wkn +



(32)
ϑ̂jmn

n∈M\{m}

I
k∈Um

E
≥ ρjm , ∀j ∈ Um
, ∀m ∈ M,

 
tr Ĝjnm Wkm

(33)

I
k∈Um

≥ ϑ̂jnm , ∀j ∈ UnE , ∀n ∈ M\{m}, ∀m ∈ M,
(34)
where θ̂inm and ϑ̂jnm denote the inter-cell interference power
from the m-th BS to the i-th ID user and the j-th EH user at
the n-th cell, respectively. We define ÛT P,m ({Wkm , Vlm }) =
Decen



I tr(Wkm ) +
E tr(Vlm ) + PC,m , and SINRim
k∈Um
l∈Um
is given as
Decen

 im
SINR

=

B. Non-Linear EH Model



ÛLB (ρlm )

I
k∈Um

φ
zm
(r) = χ̄∗m (r),
θ
∗
(r) = ζ̄inm
(r) − μ̄∗in (r),
zinm

Algorithm 2 Decentralized Algorithm for the Linear EH
Model
1: Set r = 0. Initialize α(0), {φm (0)}, and {θinm (0)}.
2: Let r ← r + 1 and each BS m solves sub-problem m
in (P3.1).
3: 
Each BS m exchanges the optimal dual variables
∗
∗
μ̄∗km (r) k∈U I , β̄m
(r), and
ζ̄inm
(r) i∈U I ,n∈M\{m}
m
n
to the coupled BSs via backhaul.
4: At BS m, (α(r), {φm (r)}) and {θ m (r)} are updated
as in (29) and (30), respectively.
5: If α(r), {φm (r)}, and {θinm (r)} converge, go to step 6.
Otherwise,
back to step 2.

 go
∗
∗
and compute {wkm
6: Return W̄km
}

(t)

E
m∈M l∈Um

{θ̂inm ,ϑ̂jnm }

I
n∈M i∈Un

∗
∗
(r), χ̄∗m (r), and ζ̄inm
(r) stand for the
where μ̄∗in (r), β̄m
optimal dual variables at the r-th iteration associated with
constraint (25), (26), (27), and (28), respectively. It is worth
noting that the projected subgradient method is guaranteed to
converge to the optimal value when the step-size diminishes
as a function of time [38].
Since (P3.1) is convex, the optimal dual variables
∗
∗
(r), χ̄∗m (r), ζ̄inm
(r)} can be obtained by solving
{μ̄∗in (r), β̄m
(P3.1) via convex optimization software at each iteration.
The obtained dual variables need to be exchanged among the
coupled BSs via backhaul links to update independently the
∗
} at each BS. Then, each BS
variables α∗ , {φ∗m }, and {θinm
m solves the sub-problem (P3.1) with the updated variables
∗
α∗ , {φ∗m }, and {θinm
}. This procedure is repeated until
∗
∗
∗
α , {φm }, and {θinm } converge. The proposed decentralized
beamforming scheme is summarized in Algorithm 2.

 

max

{Wkm 0,ρlm }


I \{i}
k∈Um

tr (Himm Wim )

tr (Himm Wkm ) +

n∈M\{m}

2
θ̂imn + σim

.

Similar to the linear EH model, we optimize
{{Wkm }, {ρlm }} and {{θ̂inm }, {ϑ̂jnm }} iteratively. First,
by fixing {θ̂inm } and {ϑ̂jnm }, (P4) can be decomposed into
NB sub-problems as in (P3.1). Hence, BS m can solve the
m-th sub-problem with only its local CSI {hinm }i∈UnI ,n∈M
and {gjnm }j∈UnE ,n∈M . One can easily check that the subproblems are convex, and thus we can obtain the optimal
∗
} via the CVX. Note that the rank-one property for
{Wkm
∗
{Wkm
} can be proved from Lemma 2.
∗
Next, to determine the optimal variables {θ̂inm
} and
∗
{ϑ̂jnm }, we need to solve the following problem


(P4.1) : max fˆ∗ {θ̂m , ϑ̂m }
{θ̂m ,ϑ̂m }
s.t. θ̂m ∈ C, ϑ̂m ∈ D, ∀m ∈ M,
where fˆ∗ ({θ̂m , ϑ̂m }) represents the optimal objective value of
(P4), the elements of the vectors θ̂ m and ϑ̂m are taken from
the set {{θ̂inm }i∈UnI ,n∈M\{m} , {θ̂imn }i∈Um
I ,n∈M\{m} } and

8188

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 17, NO. 12, DECEMBER 2018

TABLE I
C OMPLEXITY OF THE P ROPOSED A LGORITHMS

TABLE II
T OTAL BACKHAUL S IGNALING L OAD P ER I TERATION

E ,n∈M\{m} },
{{ϑ̂jnm }j∈UnE ,n∈M\{m} , {ϑ̂jmn }j∈Um
respectively, and the set C and D are denoted by C = {θ̂m :
U
U
θ̂m ∈ R+θ̂m } and D = {ϑ̂m : ϑ̂m ∈ R+ϑ̂m } with Uθ̂m =

I
E
(NB − 1)Um
+ n∈M\{m} UnI and Uϑ̂m = (NB − 1)Um
+

E
n∈M\{m} Un , respectively.
Using a similar approach in Lemma 4, it can be shown that
fˆ({θ̂m , ϑ̂m }) is a concave function of {θ̂m } and {ϑ̂m }. Thus,
(P4.1) is a convex problem, which can be readily solved by
the projected subgradient method as



θ̂
θ̂
∗
(r + 1) = PC zinm
(r) − ϕθ̂ (r) ζ̂inm
(r)− μ̂∗in (r) ,
zinm

(35)



ϑ̂
ϑ̂
∗
∗
zjnm
(r + 1) = PB zjnm
(r) − ϕϑ̂ (r) π̂jn
(r)− ξ̂jnm
(r) ,
(36)
∗
∗
∗
where μ̂∗in (r), ζ̂inm
(r), π̂jn
(r), and ξ̂jnm
(r) stand for the
optimal dual variables at the r-th iteration associated with
constraint (31), (32), (33), and (34), respectively. The variables
{θ̂inm } and {ϑ̂jnm } are updated at each BS by exchanging
the dual variables among the coupled BSs via backhaul links,
and then each BS solves the sub-problem with the updated
{θ̂inm } and {ϑ̂jnm }. This procedure is repeated until {θ̂inm }
and {ϑ̂jnm } converge, which is summarized in Algorithm 3.

Algorithm 3 Decentralized Algorithm for the Non-Linear
EH Model
1: Set q̂ = 0.




2: Set r = 0. Initialize θ̂inm (0) and ϑ̂jnm (0) .
3: Let
 (t)r ← r + 1. Each BS m sets t = 0 and initializes
ρlm l∈U E = 0.
m
4: Let t ← t + 1. Each BS m solves the sub-problem of (P4)
 (t) 
and obtains ρlm l∈U E .
m
 (t) 


5: If ρlm
converge,
BS m return μ̂∗im (r) ∀i∈U I ,
E
l∈U
m
m

 ∗

 ∗
π̂jm (r) ∀j∈U E ,
and
ζ̂inm (r) ∀i∈U I ,n∈M\{m} ,
n
m
 ∗

ξˆ (r)
. Otherwise, go back to step 4.
E
jnm

6:
7:
8:
9:

10:

∀j∈Un ,n∈M\{m}

Each BS m exchanges the optimal dual variables to the
coupled BSs via backhaul.



At BS m, θ̂inm (r) and ϑ̂jnm (r) are updated as in
(35) and (36),
 respectively.


If θ̂inm (r) and ϑ̂jnm (r) converge, go to step 9.
Otherwise, go back to step 3.

(t)
Each BS m exchanges
and
E ÛLB (ρlm )
l∈Um
ÛT P,m ({Wkm , Vlm }) to other BSs.



(t)
If
− q̂ m∈M ÛT P,m
E ÛLB (ρlm )
m∈M
l∈Um
∗
({Wkm , Vlm }) converges, return {Wkm
} and compute
∗
}. Otherwise, set q̂ =
{wkm
and go back to step 2.




m∈M

m∈M



E
l∈Um

(t)

ÛLB (ρlm )

ÛT P,m ({Wkm ,Vlm })

V. C OMPUTATIONAL C OMPLEXITY AND
S IGNALING OVERHEAD
The computational complexity of the proposed algorithms
mainly comes from performing the semi-definite programming (SDP) (P1.3), (P2.4), (P3.1), and (P4.1), whose complexity is given by O(JQ3.5 + J 2 Q2.5 + J 3 Q0.5 ) [39],
where J represents the number of linear constraints and Q
indicates the dimension of the semidefinite cone. For each
scheme, we summarize the complexity in Table I, where
T1 and T2 are the number of iterations of the Dinkelbach
method and 
the decentralized scheme,respectively, and we
I
E
, and U E = m∈M Um
. It can be
have U I = m∈M Um
seen that the proposed algorithms for the non-linear EH model
exhibit higher complexity than that for the linear EH model.
Also, we can observe that the complexity of the decentralized

algorithm is lower than that of the centralized algorithm
especially when the network size is large, which will be shown
in Section VI.
Next, we compare the signaling overhead of the proposed
algorithms under different system configurations. For the
centralized scheme, BS m broadcasts its local CSI to all
other BSs, and thus the global CSI is available at each BS.
In contrast, for the decentralized schemes with local CSI,
real subgradients are exchanged among the coupled BSs
at each iteration. In Table II, the total signaling loads are
presented under different system configurations, where the
values inside the bracket in the decentralized part indicate
the percentage of the signaling load per iteration compared
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Fig. 3.
Convergence behavior of the decentralized algorithm for
PT = 25 dBm.

as the centralized scheme. Note that the centralized scheme
has the same signaling load for the linear and non-linear EH
model since only local CSI is exchanged among the BSs in
both models. One can see that the backhaul signaling per
iteration in the decentralized scheme is significantly reduced
compared to the centralized one, and the difference grows
with the network size. However, the more iterations we run,
the higher the signaling load and the longer delay are caused
in the system. Thus, in practice, it is important to limit
the number of iterations to reduce the signaling load and
the delay, at the expense of a slight decrease of the EHE
performance. From the simulations, we will verify that the
proposed decentralized algorithm achieves performance close
to the optimal one within a few iterations.
VI. S IMULATION R ESULTS
In this section, we evaluate the EHE performance of the proposed algorithms through numerical simulations. All channel
coefficients follow an i.i.d. complex Gaussian random variable
with zero mean and unit variance. In the simulation, we set
I
E
2
= K I , Um
= KE , PC,m = PC , PT,m = PT , σim
=
Um
2
I
E
σ , γim = γ, and ηjm = η, ∀i ∈ Um , ∀j ∈ Um , ∀m ∈
M. Also, we assume PC = 10 dBm, σ 2 = −120 dBm,
γ = 10 dB, and η = 0.7 unless stated otherwise. For
simplicity, the pathloss between a user and its serving BS is
set to 30 dB, and that between the user and other BSs is
fixed to 50 dB, i.e., we consider indoor SWIPT environments
as in [26], [40], and [41]. For the non-linear EH model
parameters, we adopt Mjm = 2.8 mW, ajm = 1500, and
E
bjm = 0.0022, ∀j ∈ Um
, ∀m ∈ M [17]. Throughout the
section, a notation {NB , KI , KE , NT } is adopted to denote
a cooperative cluster of NB BSs with NT transmit antennas
where each BS serves KI ID users and KE EH users. Note
that the non-linear model parameters can be much different
by EH circuit designs in practice, and thus various parameters
can be applied to the simulations.
First, Fig. 3 examines the convergence behavior of the
decentralized algorithm for the linear and non-linear EH
models with different system configurations. The average
EHE performance is plotted as a function of the number of
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Fig. 4. Computational complexity comparison with NB = 4, KI = 4,
KE = 4, and PT = 25 dBm.

subgradient iterations. We can see that the EHE performance
of the proposed decentralized schemes converges to the optimal point obtained from the centralized schemes within a few
iterations.
In Fig. 4, we compare the average simulation running time
of the centralized and decentralized algorithms in both linear
and non-linear EH models,4 where the number of iterations
for the decentralized algorithm is fixed to 5. It is observed
that for both EH models, the complexity of the centralized
scheme grows more rapidly with respect to NT compared to
the decentralized scheme. Thus, for a large NT , a complexity
gain of our decentralized scheme will be more significant.
Next, we present the average EHE performance for various
system configurations in Figures 5(a)-8. Since both the centralized and decentralized schemes generate the same performance
after convergence in Fig. 3, only the performance of the
centralized scheme is presented in Figures 5(a)-8. For comparison, the Max-HE method is considered as a baseline scheme,
in which the sum harvested energy (HE) in the numerator
of the objective function of (P1)-(P4) is maximized via the
similar approaches in the proposed centralized schemes.
Figures 5(a) and 5(b) illustrate the average EHE performance for the linear and non-linear EH models as a function
of PT with different KI , respectively. We can check from
the figures that both the proposed and the Max-HE algorithms
achieve similar EHE performance at the low PT region, but the
performance gap between two schemes becomes larger with
the transmit power. This is because the Max-HE scheme cannot compensate for the negative impact of the maximum power
consumption. It is shown that the performance decreases as KI
grows because more power is consumed to satisfy the SINR
requirement with more ID users. It is interesting to see that
for the linear EH model, both schemes saturate at the high PT
regime. In contrast, the performance of the Max-HE scheme
for the non-linear EH model decreases after a certain PT .
This is due to the fact that for a large PT , the total power
consumption at the BS gets larger, while the sum harvested
energy is saturated at a high PT .
4 The

CPU is Intel Core i7-4790K at 4 GHz with 8 GB RAM.
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Average EHE performance as a function of PT with different KI .

Figures 6(a) and 6(b) depict the average EHE performance
for the linear and non-linear EH models as a function of PT
with different PC , respectively. It is observed that for both
the linear and non-linear EH models, the proposed algorithms
achieve a larger EHE gain over the Max-HE scheme when
the circuit power is low. We can check that for the linear EH
model, as PT grows, both schemes are saturated at the same
point regardless of PC . On the other hand, the saturated EHE
performance for the non-linear EH model is reduced as PC
increases.
In Fig. 7, we exhibit the
average EHE performance
by vary
2
2
ing ω, where ω  PC,m /( i∈Um
v
I wim  +
E
jm  )
j∈Um
is the ratio of the circuit power to the transmit power. We can
observe that our proposed scheme outperforms the conventional scheme in both the linear and non-linear EH models
regardless of ω. This implies that the proposed beamforming
optimization approach is crucial although the circuit power is
proportional to the transmit power.
In Fig. 8, we show the average EHE performance as a
function of the SINR constraint γ for both the linear and
non-linear EH models at PT = 30 dBm. It is clear that that
the proposed schemes outperform the Max-HE scheme for

Fig. 6.

Average EHE performance as a function of PT with different KI .

Fig. 7. Average EHE performance as a function of ω for both EH models
with PT = 35 dBm in {3,2,2,8} systems.

all simulated γ. The performance gap between two schemes
becomes smaller as γ grows. This is attributed to the fact that
a feasible region for (P1) and (P2) becomes smaller by high
SINR requirements.
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Fig. 8. Average EHE performance as a function of γ for both EH models
in {3,2,2,8} systems.
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maximize the EHE performance for the linear and non-linear
EH models. First, when global CSI is available at each BS,
we have presented a centralized beamforming solution by
employing the SDR and the SCA technique. To reduce the
signaling overhead for the backhaul link, the decentralized
algorithms which only rely on local CSI have been provided in
both EH models. Throughout the simulation results, we have
confirmed that our proposed algorithms outperform the conventional schemes, which implies that our schemes are more
energy efficient in terms of the WET, especially when the
practical non-linear EH model is adopted. In addition, we have
demonstrated that the proposed decentralized schemes are
helpful in multi-cell scenarios since the backhaul signaling
overhead and the computational complexity can be reduced as
the network size grows. Therefore, our proposed schemes are
able to offer a useful framework for the beamforming design
in energy efficient SWIPT systems.
A PPENDIX A
Since problem (P1.3) is convex and satisfies the Slater’s
condition, the duality gap is zero [37]. Then, the Lagrangian
of (P1.3) is given by



LP 1.3 W̄im , V̄jm , μim , βm , α, ν
⎞
⎛

 
  

⎝
=
tr Akm W̄km +
tr Bm V̄lm ⎠
m∈M

I
k∈Um

E
l∈Um

+ cα + ν,
where

Fig. 9. Average EHE performance with respect to pathloss for non-linear
EH model in {3,1,2,8} systems.



−1
I
Akm = Bm +μkm 1 + γkm
Hkmm , ∀k ∈ Um
, ∀m ∈ M,
 
Bm = Gm −(βm + ν)I −
μin Hinm , ∀m ∈ M,
c=

To see the impact of the sensitivity of the EH circuit,
Fig. 9 exhibits the average EHE performance of the proposed
algorithm evaluated for the EH model with sensitivity [30]
as a function of the pathloss between a user and its serving BS. Here, the sensitivity threshold is set to −35, −30,
and −25 dBm, and it is assumed that the pathloss from the
BS to other cell users is 20 dB higher than that to its serving
users. From the figure, we can observe that for the EH circuit
with a good sensitivity characteristic (−35 and −30 dBm),
the proposed algorithm still provides acceptable performance
with a 40 dB pathloss setup regardless of the transmit power
PT . However, when the sensitivity gets larger (−25 dBm),
the mismatch incurred by the sigmoid approximation would
increase. Thus, we can conclude that the sensitivity would be
a crucial issue for the severe pathloss scenario such as macro
cellular SWIPT networks. Developing a proper beamforming
scheme robust to the EH sensitivity effect would be an
important future work.
VII. C ONCLUSIONS
In this paper, we have proposed optimal beamforming methods for multi-cell multi-user MISO SWIPT systems which

I
n∈M i∈Un





βm PT,m −

m∈M

PC,m ν −

m∈M

 

σim μim ,

I
m∈M i∈Um

(37)
and {μim }, {βm }, and ν are the Lagrange multiplier associated with the constraint in (13), (14), and (15), respectively.
Then, the dual problem of (P1.3) can be written by
min

ν

{μim ≥0},{βm ≥0},ν≥0

s.t. Akm

0, Bm

I
0, c ≤ 0, ∀k ∈ Um
,

∀m ∈ M

(38)

Let us denote the optimal solution for (38) and the correspond∗
ing {Akm , Bm } as {μ∗im , βm
}, ν ∗ and {A∗km , B∗m }, respectively. According to the complementary slackness condition,
we have [42]
∗
I
= 0, ∀k ∈ Um
, ∀m ∈ M
A∗km W̄km
∗
B∗m V̄lm

= 0, ∀l ∈

E
Um
,

∀m ∈ M.

(39)
(40)

In order to avoid the unbounded dual function, negative semidefinite constraint in (38) should be satisfied. These conditions
are equivalent to the following inequalities:
I
λAkm,1 ≤ 0, λBm,1 ≤ 0, ∀k ∈ Um
, ∀m ∈ M,
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where λXm,i represents the i-th largest eigenvalue of a
matrix Xm .
Now, at the m-th cell, we investigate the case of μ∗km = 0
I
I
for ∀k ∈ Um
and μ∗km > 0 for at least one k ∈ Um
.
∗
We first consider the case of μkm = 0. From (37), it follows
I
, which implies that the information
A∗km = B∗m , ∀k ∈ Um
beams {W̄km }k∈Um
I are aligned to the same direction as the
dominant eigenvector of B∗m in order to maximize LSDR .
Note that this case corresponds to the trivial case, and thus
we do not take such a case into account in this lemma.
Next, we consider the case where there is at least one
k with μ∗km > 0. Since A∗km , B∗m , and Hkmm are
Hermitian, the eigenvalue decomposition
generates A∗km =


H
∗
∗
∗
ξ A∗ , Bm =
ξ H∗ , and
i λAkm,i ξ A∗
i λBm,i ξ B∗
m,i Bm,i
 km,i km,i
Hkmm = i λHkmm,i ξ Hkmm,i ξH
Hkmm,i , where ξ Xm,i is the
eigenvector corresponding to the i-th eigenvalue of Xm . Then,
pre-multiplying ξ H
and post-multiplying ξ A∗km,1 to (37)
B∗
m,1
yield
γ̄km λHkmm,1 ξ H
ξ
B∗
m,1 Hkmm,1

× ξH
Hkmm,1 ξ A∗
km,1

(41)

1
) and (41) comes
where γ̄km is defined as γ̄km = μ∗km (1+ γkm
from the fact rank (Hkmm ) = 1.
Further, post-multiplying ξ H
ξ
ξH
ξ ∗ to
A∗
km,1 Hkmm,1 Hkmm,1 Bm,1
(41), we have

λA∗km,1 qkm = λB∗m,1 qkm + γ̄km λHkmm,1 |ukm |2

since multiplying by a nonsingular matrix does not change the
matrix rank [43]. Combining (43) and (44), we can show that
∗
) ≤ 1.
rank(W̄km
A PPENDIX C
P ROOF OF L EMMA 3
The surrogate function can be found by various inequalities
such as a Taylor expansion and convexity inequality. We construct the surrogate function of Û (ρlm ) by a second order
Taylor expansion. Since the function Û (ρlm ) is a monotonic
nondecreasing function of ρlm and saturated at high ρlm , for
all ρlm , ρlm ∈ R+ , the following inequality holds [27]

∂ Û (ρlm ) 

Û (ρlm ) ≥ Û (ρlm ) +
(ρlm − ρlm )

∂ρlm 

ρlm =ρlm

λA∗km,1 ξ H
ξ ∗
= λB∗m,1 ξH
ξ ∗
B∗
B∗
m,1 Akm,1
m,1 Akm,1
+

matrices X and Y. Also, due to the fact B∗m ≺ 0 as verified
in Appendix A, the rank is obtained as
 ∗ 


∗
rank W̄km
= rank B∗m W̄km
,
(44)

(42)

+
where κlm ≤

A PPENDIX B
P ROOF OF L EMMA 2
∗
Post-multiplying both sides of (37) by W̄km
, it follows


1
∗
∗
∗
A∗km W̄km
= B∗m W̄km
+ μ∗km 1 +
.
Hkmm W̄km
γkm
∗
Since we have A∗km W̄km
= 0 from (39), the rank of
∗
∗
Bm W̄km can be given by




 ∗

1
∗
∗
∗
rank Bm W̄km = rank μkm 1 +
Hkmm W̄km
γkm
≤ rank (Hkmm ) ≤ 1,
(43)

where the first inequality comes from the fact that
rank(XY) ≤ min(rank(X), rank(Y)) for any rectangular

∂ 2 Û(ρlm )
.
∂ρ2lm

In order to find κlm , we need to obtain the minimum of
We set the third derivative of Û(ρlm ) with respect

∂ 2 Û (ρlm )
.
∂ρ2lm
to ρlm as

−4
Mlm 3 
∂ 3 Û (ρlm )
−alm (ρlm −blm )
1
+
e
=
a
∂ρ3lm
1 − Ωlm lm
× e−3alm (ρlm −blm )

where qkm = ξH
ξ ∗ ξH∗ ξ
ξH
ξ ∗ and
B∗
m,1 Akm,1 Akm,1 Hkmm,1 Hkmm,1 Bm,1

ukm = ξ H
ξ
ξH
ξ ∗ . It is clear that qkm and
B∗
m,1 Hkmm,1 Hkmm,1 Bm,1
ukm are always non-zero, since ξ A∗km,1 , ξB∗m,1 and ξHkmm,1 is
not orthogonal with each other owing to the independent channel vectors {hinm } and {gjnm }. We can easily show that qkm
is a real value, since the second term in the right hand side of
(42) is a positive real value by λHkmm,1 > 0 and |ukm |2 > 0.
Thus, it follows λB∗m,1 < λA∗km,1 ≤ 0, i.e., B∗m must be
negative definite. Finally, from the optimality condition (40),
∗
∗
E
is given as V̄lm
= 0, ∀l ∈ Um
, ∀m ∈ M. This completes
V̄lm
the proof.

κlm
2
(ρlm − ρlm ) ,
2

× 1 + e2alm (ρlm −blm ) − 4ealm (ρlm −blm )


(45)

and then by setting (45) equal to zero, the stationary points
are given by
ρlm = κ̂lm,1 or ρlm = κ̂lm,2 ,
√
1
= alm
ln(2 − 3) + blm and κ̂lm,2 =

where κ̂lm,1
√
3) + blm . Since
and

∂ 3 Û(ρlm )
∂ρ3lm

3

∂ Û(ρlm )
∂ρ3lm

1
alm ln(2

> 0 when 0 ≤ ρlm < κ̂lm,1

< 0 when κ̂lm,1 < ρlm < κ̂lm,2 ,

is maximized at ρlm = κ̂lm,1 . On the other hand,
is minimized at ρlm = κ̂lm,2 because
κ̂lm,1 < ρlm < κ̂lm,2 and
This completes the proof.

+

∂ 3 Û(ρlm )
∂ρ3lm

∂ 3 Û (ρlm )
∂ρ3lm

∂ 2 Û (ρlm )
∂ρ2lm
∂ 2 Û (ρlm )
∂ρ2lm

< 0 when

> 0 when ρlm > κ̂lm,2 .

A PPENDIX D
P ROOF OF L EMMA 4
Since (P3.1) is a convex problem and tight, the strong
∗
(τ , θ m ) should
duality also holds for (P3.1). Therefore, f¯m
be equal to the dual optimal value by the Lagrange-duality
theory [37]. The Lagrangian of (P3.1) can be expressed as



LP 3.1 τ , θ m , {μ̄im } , β̄m , χ̄m , ζ̄inm
 

tr Dkm W̄km + dm (τ , θm ) ,
=
I
k∈Um
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where




n∈M\{m}

I
i∈Um

Dkm = Gm −(β̄m + χ̄m )I−

ζ̄inm Hinm



1
−
μ̄im Himm + μ̄km 1+
Hkmm ,
γkm
I
i∈Um



dm (τ , θm ) =
β̄m PT,m a +
ζ̄inm θinm


n∈M

−



⎛

I
n∈M\{m} i∈Un



2
μ̄im ⎝σim
a+

I
i∈Um

⎞
θimn ⎠

n∈M\{m}

+ χ̄m φm ,
with {μ̄im }, β̄m , χ̄m , and {ζ̄inm } being the Lagrange multipliers associated with the constraint in (25), (26), (27), and (28),
respectively. Then, the dual problem of (P3.1) is formulated as
f¯m (τ , θm ) =

min

{μ̄im ≥0},{β̄m ≥0},{χ̄m ≥0},{ζ̄inm ≥0}

s.t. Dkm

dm (τ , θm )

I
0, ∀k ∈ Um
.

Note that dm (τ , θ m ) is a concave function of τ and θm .
Therefore, f¯m (τ , θm ) is also concave if problem (P3.1) is
feasible since a pointwise minimum of concave functions is
always a concave function. This completes the proof.
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