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Abstract—This paper investigates multiuser multiple-input–multipleoutput (MIMO) wireless powered communication networks where a
multiantenna hybrid access point (H-AP) transfers wireless energy to
multiantenna users in a downlink phase, and the users utilize the harvested
energy for their information transmission to the H-AP in an uplink phase.
By employing space-division multiple-access techniques, we propose an
optimal algorithm that jointly computes the downlink energy precoding
matrices, the uplink information precoding matrices, and time allocation
between the downlink and the uplink phases for maximizing the uplink
sum-rate performance. To this end, we first obtain the optimal energy
and information transmit covariance matrices with given time allocation.
Then, the optimal time allocation can be efficiently identified by a simple
line search method. Simulation results verify that the proposed joint optimal algorithm significantly improves the average sum-rate performance,
compared with a conventional scheme that determines time allocation and
precoding matrices separately.
Index Terms—Multiple-input multiple-output (MIMO) systems, wireless energy transfer (WET), wireless powered communication networks
(WPCNs).

I. I NTRODUCTION
Far-field wireless energy transfer (WET) utilizing radio frequency
(RF) signals has received much attention, owing to its capability to
supply power to energy-demanding devices without replacing their
batteries [1]. Recently, the WET techniques have been studied in
traditional wireless communication systems where the role of the
RF signals is limited to wireless information transmission (WIT).
In particular, two different protocols, namely, simultaneous wireless
information and power transfer (SWIPT) [2], [3] and wireless powered
communication networks (WPCNs) [4]–[8], have been investigated
in various system configurations. Unlike SWIPT, where the systems
are confined to downlink transmission, the WPCN considers both the
downlink and uplink networks.
In the WPCN systems, there exist two sequential transmission
phases. First, in a downlink phase, users collect the energy of the
RF signals broadcasted from a hybrid access point (H-AP). Then, in
an uplink phase, the users exploit the harvested energy for their WIT
Manuscript received May 21, 2015; revised August 26, 2015, November 17,
2015; accepted January 1, 2016. Date of publication January 7, 2016; date
of current version November 10, 2016. This work was supported by the
National Research Foundation of Korea (NRF) funded by the Korean Government [Ministry of Science, ICT, and Future Planning (MSIP)] under Grant
2014R1A2A1A10049769. The work of K.-J. Lee was supported by the NRF
funded by the MSIP through the Basic Science Research Program under
Grant NRF-2013R1A1A1060503. The review of this paper was coordinated by
Prof. D. B. da Costa.
H. Lee and I. Lee are with the School of Electrical Engineering, Korea
University, Seoul 136-701, Korea (e-mail: ihun1@korea.ac.kr; inkyu@korea.
ac.kr).
K.-J. Lee is with the Department of Electronics and Control Engineering,
Hanbat National University, Daejeon 305-719, Korea (e-mail: kyoungjae@
hanbat.ac.kr).
H.-B. Kong is with the School of Computer Engineering, Nanyang Technological University, Singapore 639798 (e-mail: hbkong@ntu.edu.sg).
Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TVT.2016.2515607

to the H-AP. For single-antenna WPCN systems, Ju and Zhang in [4]
and Lee et al. in [5] introduced dynamic time-division multiple access
(TDMA) protocols where the time durations for each time slot are
optimized to maximize the uplink sum-rate performance.
These works were extended to multiple-input single-output (MISO)
WPCNs in [6]–[8], where the H-AP has multiple antennas. By
employing the dynamic TDMA approach, Sun et al. in [6] proposed the optimal beamforming and time allocation algorithm for the
multiuser (MU) MISO WPCN systems. Moreover, the space-division
multiple-access techniques [9], [10] were applied in [7] and [8] to the
MU-MISO WPCN, and the optimal WET and WIT beamforming
vectors that maximize the minimum throughput among all users were
derived in [7]. Yang et al. in [8] presented an asymptotic analysis in a
large-scale MU-MISO scenario by considering the channel estimation
procedures for the WPCN and identified an asymptotically optimal
solution for the minimum-rate maximization problem.
In this paper, we study MU multiple-input multiple-output (MIMO)
WPCN systems where both the H-AP and users are equipped with
multiple antennas. In this configuration, we maximize the uplink sumrate performance by jointly optimizing the downlink WET precoding
matrices, the uplink WIT precoding matrices, and the time allocation
between the downlink and uplink phases. To this end, we first present
the optimal energy and information transmit covariance matrices with
given time allocation and then determine the optimal time allocation
based on the obtained covariance matrices.
We show that the optimal downlink energy covariance matrices for
each user are identical, and this matrix is rank-one. In other words, the
optimal downlink WET strategy is multicasting and beamforming, and
thus, the H-AP transmits the common energy RF signal for all users
with the rank-one beamforming vector aligned to the maximum eigenmode of the weighted sum of downlink channel matrices. For computing the optimal uplink information covariance matrices with given time
allocation, we provide an iterative procedure based on a waterfilling
scheme [11].
Finally, the optimal time allocation can be efficiently calculated by
applying a simple line search method, and the corresponding joint
optimal covariance matrices are identified. Through simulation results,
we confirm that the proposed joint optimal algorithm offers a significant performance gain compared with a conventional scheme that
separately designs the time allocation, the downlink WET precoding,
and the uplink WIT precoding.
II. S YSTEM M ODEL
Here, we describe a system model for MU-MIMO WPCNs where
an H-AP with M antennas communicates with K users, each equipped
with N antennas as shown in Fig. 1. It is assumed that the H-AP
has fixed power supply, whereas the users have no embedded energy
sources. Thus, in the WPCN, the users first collect the energy of the
RF signals radiated from the H-AP in the downlink phase and then
transmit their information signals to the H-AP in the uplink phase
by utilizing the harvested energy.1 Without loss of generality, we
assume that the total operation time for the system is 1, and the time
durations for the downlink and uplink phases are given by τ and 1 − τ ,
respectively (0 ≤ τ ≤ 1). Moreover, it is assumed that channel state
information is perfectly known at the H-AP.

1 In this paper, we focus on a theoretical design of a WPCN. See [1] for the
implementation issues on RF energy harvesting hardware.
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transmit covariance matrices {Si }. Then, we can formulate the uplink
sum-rate maximization problem as


K




H
(2)
(1 − τ ) log2 IM +
Hi Si Hi 
max


τ,{Si 0},{Qi 0}
i=1

K

ηi τ  
s.t. tr(Si ) ≤
tr Gi Qj GH
,
i
1 − τ j=1
K


tr(Qi ) ≤ P

i = 1, . . . , K

(3)
(4)

i=1

0≤τ ≤1
where (3) represents the uplink transmit power constraint at user i, i.e.,
user i cannot use more energy than the harvested energy Ei in (1), and
(4) stands for the downlink transmit power constraint at the H-AP. It is
worth noting that problem (2) is convex for a fixed τ ; however, in general, it is jointly nonconvex due to the coupled variables in constraint
(3), and thus, it is not straightforward to find an optimal solution. In the
following section, we provide optimal methods to solve problem (2).

Fig. 1. Schematic diagram for an MU-MIMO WPCN.

In the downlink phase, the H-AP transfers the independent energy
signals xi ∈ CM ×1 of user i for i = 1, . . . , K with the energy transmit
M ×M
covariance matrix Qi = E[xi xH
i ] ∈ C  . The transmit power constraint at the H-AP is defined as P , i.e., K
i=1 tr(Qi ) ≤ P . Denoting
Gi ∈ CN×M as the downlink channel matrix between the H-AP and
user i, the received signal ri ∈ CN×1 at user i is written as
ri = Gi xE + ni

where xE = K
j=1 xj stands for the transmitted energy signal with
K
]
=
Q
E[xE xH
E 
E
j=1 Qj , ni ∼ CN (0, IN ) represents the complex Gaussian noise at user i, and Im accounts for an identity matrix of
size m × m. Then, the harvested energy Ei at user i becomes [2], [3]

Ei = ηi τ

K




tr Gi Qj GH
i

(1)

j=1

where 0 < ηi ≤ 1 indicates the energy efficiency at user i.
In the uplink phase, the users transmit their uplink information
signals si ∈ CN×1 to the H-AP by exploiting the harvested energy
Ei . The received signal y ∈ CM ×1 at the H-AP can be expressed as

y=

K


Hi si + z

i=1

where Hi ∈ CM ×N denotes the uplink channel matrix between the
H-AP and user i, and z ∼ CN (0, IM ) indicates the complex Gaussian
noise at the H-AP. At the H-AP, we adopt a successive interference
cancelation technique for information decoding as in [11]. Then, the
achievable uplink sum rate is given by


K




H
Hi Si Hi 
R = (1 − τ ) log2 IM +


i=1

N×N
is equal to the information transmit
where Si = E[si sH
i ] ∈ C
covariance matrix of user i.
In this paper, we aim to maximize the uplink sum-rate performance
for the MU-MIMO WPCN by jointly optimizing the time allocation τ ,
the energy transmit covariance matrices {Qi }, and the information

III. O PTIMAL S OLUTION
Here, we present the optimal solution for the nonconvex problem in
(2) by reformulating (2) into the equivalent convex problem. Defining
M ×M
as
new variables Vi ∈ CN×N for i = 1, . . . , K
Kand W ∈ C
Q
,
respectively,
Vi  (1 − τ )Si and W  τ QE = τ
i
i=1
problem (2) can be rewritten as


K


1 

H
(1 − τ ) log2 IM +
Hi Vi Hi 
max


τ,{Vi 0},W0
1 − τ i=1


H
s.t. tr(Vi ) ≤ ηi tr Gi WGi , i = 1, . . . , K
tr(W) ≤ τ P
0 ≤ τ ≤ 1.
(5)
Note that the objective function of problem (5) is jointly concave on
τ and {Vi },since it is a perspective function of a concave function
H
log2 |IM + K
i=1 Hi Vi Hi | [12]. In addition, all the constraints of
problem (5) are affine. Therefore, problem (5) is jointly convex with
respect to τ , {Vi }, and W. To solve (5) efficiently, we first obtain the
optimal transmit covariance matrices with a given τ in Section III-A
and B. Next, the optimal value of the time duration τ will be determined in Section III-C.

A. Optimal Energy Transmit Covariance Matrix
Here, we provide the optimal energy transmit covariance matrix
W for a given τ . Problem (5) with a fixed τ can be recast to


K


1 

H
R(τ ) 
max
(1−τ ) log2 IM +
Hi Vi Hi  (6)


{Vi 0},W0
1 − τ i=1


s.t. tr(Vi ) ≤ ηi tr Gi WGH
,
i
=
1,
.
.
.
,
K
(7)
i
tr(W) ≤ τ P
(8)
where R(τ ) represents the optimal value of problem (6).2
Since problem (6) is convex and satisfies Slater’s condition, the
duality gap is zero. Therefore, we can optimally solve (6) by applying

2 With fixed W, problem (6) reduces to the sum-rate maximization problem
of the conventional MIMO multiple-access channels [11].
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the Lagrange duality method [12]. The Lagrangian of problem (6)
becomes


K


1 

H
Hi Vi Hi 
L ({Vi }, W, {μi }, ν) = (1 − τ ) log2 IM +


1 − τ i=1
−

K


μi tr(Vi ) + ντ P + tr(FW)

i=1


H
where F  K
i=1 μi ηi Gi Gi − νIM , and {μi } and ν stand for the
nonnegative dual variables corresponding to constraints (7) and (8),
respectively.
The dual function of (6) can be written as
G({μi }, ν) =

max

{Vi 0},W0

L ({Vi }, W, {μi }, ν)

(9)

and the dual problem is given by min{μi ≥0},ν≥0 G({μi }, ν). Due
to the zero duality gap, we can equivalently address the primal
problem (6) via its dual problem [12]. Therefore, in what follows, we
first obtain the dual function G({μi }, ν) from problem (9) with given
dual variables and then determine the optimal dual variables {μi } and
ν  , which minimize the dual function. In the following theorem, we
present the optimal energy covariance matrix W by investigating
problem (6).
Theorem 1: The optimal solution W for problem (6) is expressed as

W = τ P uB,1 uH
B,1

(10)

where uB,1 is the unit-norm eigenvector of a matrix B 

K

H
i=1 μi ηi Gi Gi corresponding to the maximum eigenvalue λB,1 .
Moreover, the optimal dual variables must satisfy μi > 0 for i =
1, . . . , K and ν  = λB,1 .
Proof: See the Appendix.

Theorem 1 implies that for the optimal downlink WET, the H-AP
transmits the same energy symbol for all users, i.e., multicasting [13]
is the optimal transmission policy. In addition, the optimal energy
covariance matrix (10) is rank-one, and this proves that beamforming,
which transmits a single stream, is the optimal strategy for the downlink WET.√Therefore, the optimal energy signal xE can be determined
as xE = P uB,1 xE , where xE indicates an arbitrary random scalar
with unit variance. Note that the beamforming vector uB,1 is aligned
to the maximum eigenmode of matrix B, which is the weighted sum
of the downlink channel covariance matrices GH
i Gi .
B. Optimal Information Transmit Covariance Matrix
Here, we provide the optimal information transmit covariance matrix {Vi } with a given τ . Denoting V̄i = (μi /(1 − τ ))Vi for i =
1, . . . , K and neglecting the irrelevant terms, problem (9) for obtaining
{Vi } can be recast to


K
K

 

1

H
max log 2 IM +
Hi V̄i Hi  −
tr(V̄i ).


μi
{V̄i 0}
i=1

K

(11)

i=1

Due to the term i=1 tr(V̄i ), problem (11) is different from MIMO
multiple-access channels [11].

To solve (11) optimally, we first identify a solution of V̄i with given
other V̄j for j = i, and then, the optimal Vi for i = 1, . . . , K will be
determined. The first term in (11) is rewritten as


K



1

H
Hi V̄i Hi 
log 2 IM +


μi
i=1





 1



H
H

= log2 IM + Ci V̄i Ci + log2 IM +
Hj V̄j Hj 


μj

(12)

j=i



−1/2
(1/μi )Hi . By
where Ci = (IM + j=i (1/μj )Hj V̄j HH
j )
collecting the relevant terms to V̄i in (11) and (12), we can reformulate
problem (11) as


 − tr(V̄i ).
(13)
max log 2 IM + Ci V̄i CH
i
V̄i 0

Let us define the singular value decomposition of Ci as Ci =
M ×ri
and Mi ∈ CM ×ri conRi Σi MH
i , where the matrices Ri ∈ C
tain the first ri left and right singular vectors of Ci , respectively, with
ri = rank(Ci ), and the diagonal matrix Σi = diag(σi,1 , . . . , σi,ri )
consists of singular values σi,k for k = 1, . . . , ri with σi,1 ≥ · · · ≥
σi,ri . Then, with given {Vj } for j = i, a solution for problem (13) is
expressed as [2]
Vi =

1−τ
Mi Di MH
i
μi

(14)

2
where Di = diag(di,1 , . . . , di,ri ) with di,k = max(0, log2 e−(1/σi,k
))
for k = 1, . . . , ri .
Now, we will show by contradiction that the optimal solution
{Vi } for problem (6) indeed becomes (14), i.e., Vi = ((1 − τ )/

μi )Mi Di MH
i for i = 1, . . . , K. Suppose that the optimal Vi does
not fulfill (14). Then, by fixing other Vj for j = i as Vj = Vj , we
can increase the objective value of (6) by setting Vi to (14), since a solution in (14) satisfies the Karush–Kuhn–Tucker (KKT) conditions [2].
This contradicts the assumption, and thus, the optimal Vi for i = 1,
. . . , K is calculated by (14).
To compute the optimal Vi from (14), other Vj values for j = i are
required. Thus, we propose an iterative procedure for identifying {Vi }
based on an iterative waterfilling algorithm [11]. In this procedure,
we first initialize Vi = 0 for i = 1, . . . , K. At each iteration, we
sequentially update Vi from i = 1 to K by using (14). This process
is repeated until {Vi } values converge. It is known that this iterative
procedure converges to the optimal solution {Vi } [11].
From (10) and (14), we can determine the dual function in
(9). Then, the remaining part is to solve the dual problem
min{μi ≥0},ν≥0 G({μi }, ν), which finds the optimal dual variables
{μi } and ν  . These optimal dual variables can be attained by the
subgradient methods, e.g., the ellipsoid method [12]. Since the optimal
ν  is given by ν  = λB,1 from Theorem 1, we only need to update μi
for i = 1, . . . , K by using the subgradient δ = [δ1 , . . . , δK ]T . Here,
the subgradient δi of the dual function (9) with respect to μi at a certain
point μ̃ = [μ̃1 , . . . , μ̃K ]T is written as



δi = tr ηi Gi W GH
i − Vi

GH Gi uB̃,1
+ ηi (τ P − tr(W )) uH
B̃,1 i



= tr ηi Gi W GH
i − Vi

(15)


H
where B̃  K
i=1 μ̃i ηi Gi Gi , and (15) comes from the fact that

)
tr(W ) = τ P tr(uB uH
B = τ P . We summarize the overall algorithm
for problem (6) with a given τ in Table I.
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TABLE I
A LGORITHM 1: O PTIMAL A LGORITHM FOR P ROBLEM (6) W ITH A G IVEN τ

TABLE II
A LGORITHM 2: O PTIMAL A LGORITHM FOR P ROBLEM (2)

Fig. 2. Average sum-rate performance as a function of τ for (2, 2, 2) systems
with different P values.

C. Optimal Time Allocation
So far, the optimal transmit covariance matrices W and {Vi }
have been found when τ is fixed. Here, we identify the optimal time
allocation τ  = arg maxτ R(τ ) by investigating the function R(τ ) in
(6). As previously mentioned, the objective function of problem (5) is
jointly concave on τ and {Vi }. Note that R(τ ) is the maximum of the
objective function in (5) with respect to W and {Vi } over the convex
set specified by constraints (7) and (8).
It is known that maximizing a jointly concave function with respect
to some variables over a convex set also yields a concave function [12],
and thereby, R(τ ) is concave with respect to τ . As a result, the optimal
τ  can be efficiently determined by the golden section search method.3
In the golden section search method, the function value R(τ̃ ) is
required at a certain point τ̃ , and this can be achieved by Algorithm 1.
To summarize, we provide Algorithm 2, which solves the original
problem (2) in Table II.
IV. S IMULATION R ESULTS
Here, we evaluate the average sum-rate performance of MU-MIMO
WPCN systems through numerical simulations. For convenience, we
adopt the notation (M ,N ,K) to represent a K-user WPCN with
M H-AP and N user antennas. In the simulations, we set the energy
harvesting efficiency ηi as ηi = 0.7 ∀ i, and the noise variance as
−50 dBm. The elements of the downlink and uplink channel matrices
are independently generated from the zero-mean complex Gaussian
distribution, i.e., the Rayleigh fading channel model is employed, with
30-dB average signal attenuation from the H-AP to all users.
To demonstrate the impact of the time allocation τ , in Fig. 2, we
present the average sum-rate performance of the proposed optimal
algorithm as a function of τ for (2, 2, 2) systems. It is observed that the
average sum rate changes a lot as τ varies, and this tendency becomes
more pronounced as the transmit power at H-AP P increases. Thus, the
time allocation between the downlink and uplink phases is important
particularly when P is large. Moreover, we can see that the optimal τ  ,
which provides the maximum sum-rate performance, decreases as
P grows. This is due to the fact that with small P , i.e., when the H-AP
3 By employing the golden section search method, an extreme point of
a unimodal function can be efficiently identified without knowledge of the
derivative [14].

Fig. 3. Average sum-rate performance as a function of P for (2, 2, 2), (3, 3, 3),
and (4, 4, 4) systems.

does not have enough transmit power, the downlink phase duration
should be increased so that more energy can be harvested. On the other
hand, with large transmit power, the H-AP can transfer enough energy
during a short time duration. As a result, the sum-rate performance can
be improved by allocating more time duration to the uplink WIT phase
with large P .
Fig. 3 shows the average sum-rate performance of the proposed
optimal algorithm for (2, 2, 2), (3, 3, 3), and (4, 4, 4) systems. For
comparison, we also plot the performance of a conventional scheme
based on [11]. In this scheme, we apply a naive downlink WET
covariance matrix QE = (P/M )IM , and the uplink WIT covariance
matrices {Si } are computed from the conventional iterative waterfilling algorithm in [11] with user i’s uplink power constraint pi =
H
(τ /(1 − τ ))tr(Gi QE GH
i ) = (P τ /M (1 − τ ))tr(Gi Gi ). The time
allocation τ in the conventional scheme is optimally calculated based
on Algorithm 2 presented in Section III-C (marked with an asterisk)
or is equally allocated as τ = 1/2 (marked with a square). In Fig. 3, it
is shown that the proposed optimal algorithm outperforms the conventional schemes, and the performance gap increases as P and (M ,N ,K)
grow. By comparing the performance of the two conventional schemes,
we can see that optimizing τ via Algorithm 2 significantly improves
the average sum rate of the WPCN. Furthermore, it is observed that at
P = 20 dBm, the proposed joint optimal algorithm offers about 23%
and 34% gains over the conventional scheme with τ = 1/2 in (2, 2, 2)
and (4, 4, 4) systems, respectively.
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V. C ONCLUSION
In this paper, we have investigated MU-MIMO WPCN systems
where both the H-AP and users are equipped with multiple antennas. In
this system, we have optimally solved a joint time allocation and transmit covariance matrix optimization problem to maximize the sum rate.
Simulation results have confirmed that the proposed optimal algorithm
provides a substantial performance gain over a conventional scheme.
A PPENDIX
P ROOF OF T HEOREM 1
Before verifying (10), we first show μi > 0, ∀ i. Suppose that μj is
equal to 0. In this case, problem (9) yields a solution Vj = αT for any
α ≥ 0 and T 0. Note that this solution is infeasible since the dual
function becomes unbounded with α → ∞, i.e., G({μi }, ν) → ∞.
Thus, it follows μi > 0, ∀ i.
Next, we prove ν  = λB,1 ,where λB,1 reflects the maximum

H
eigenvalue of the matrix B  K
i=1 μi ηi Gi Gi . To avoid the unbounded dual function, the matrix A  B − ν  IM must have no
positive eigenvalues, i.e., A should be negative semidefinite, since,
otherwise, we have an infeasible solution W = αuA uH
A with α → ∞,
where uA represents the eigenvector of A associated with the positive
eigenvalue λA .
Let us denote the eigenvalue decomposition of matrix A
M ×M
and ΛB =
as A = UB (ΛB − ν  IM )UH
B , where UB ∈ C
diag(λB,1 , . . . , λB,M ) with λB,1 ≥ · · · ≥ λB,M stand for the eigenvector matrix and the eigenvalue matrix of B, respectively. Due to
the fact μi > 0, matrix B is always positive semidefinite, and thus,
the eigenvalues λB,k for k = 1, . . . , M are nonnegative. Therefore,
to ensure that A has nonpositive eigenvalues, i.e., λB,k − ν  ≤ 0 for
k = 1, . . . , M , it follows ν  ≥ λB,1 > 0.4
The KKT conditions of problem (6) with respect to W are
expressed as [3], [12]
AW = 0

(16)

ν  (τ P − tr(W )) = 0

(17)

W

0.

(18)

It is clear that if ν  > λB,1 , matrix A = B − ν  IM becomes a
negative-definite and full-rank matrix. Thus, we have W = 0 from
(16), which contradicts the complementary slackness condition (17)
since ν  > 0. As a result, the optimal dual variable ν  is given by
ν  = λB,1 .
Now, we show that the optimal W is expressed as (10). It is
worthwhile to note that since ν  = λB,1 , the null space of A is
spanned by a vector uB,1 , i.e., AuB,1 = 0, where uB,1 accounts for
the unit-norm eigenvector of B corresponding to the maximum eigenvalue λB,1 . For this reason, the optimal conditions (16) and (18) are
achieved with W = βuB,1 uH
B,1 for any nonnegative number β. To
find β, we employ the complementary slackness condition (17). Due to
the fact ν  > 0, it follows τ P − tr(W ) = 0 from (17). Therefore,
we have tr(W ) = β = τ P . This completes the proof.
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