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Spectral-Energy Efficiency Trade-Off-Based
Beamforming Design for MISO Non-Orthogonal
Multiple Access Systems

Haitham Moffaqq Al-Obiedollah™, Member, IEEE, Kanapathippillai Cumanan™, Senior Member, IEEE,

Jeyarajan Thiyagalingam™, Senior Member, IEEE, Jie Tang
Alister G. Burr™, Senior Member, IEEE, Zhiguo Ding
and Octavia A. Dobre

Abstract— Energy efficiency (EE) and spectral efficiency (SE)
are two of the key performance metrics in future wireless
networks, covering both design and operational requirements.
For previous conventional resource allocation techniques, these
two performance metrics have been considered in isolation,
resulting in severe performance degradation in either of these
metrics. Motivated by this problem, in this paper, we propose
a novel beamforming design that jointly considers the trade-off
between the two performance metrics in a multiple-input single-
output non-orthogonal multiple access system. In particular,
we formulate a joint SE-EE based design as a multi-objective
optimization (MOO) problem to achieve a good trade-off between
the two performance metrics. However, this MOO problem
is not mathematically tractable and, thus, it is difficult to
determine a feasible solution due to the conflicting objectives,
where both need to be simultaneously optimized. To overcome
this issue, we exploit a priori articulation scheme combined
with the weighted sum approach. Using this, we reformulate
the original MOO problem as a conventional single objective
optimization (SOO) problem. In doing so, we develop an iterative
algorithm to solve this non-convex SOO problem using the
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sequential convex approximation technique. Simulation results
are provided to demonstrate the advantages and effectiveness of
the proposed approach over the available beamforming designs.

Index Terms— Energy efficiency (EE), spectral efficiency (SE),
non-orthogonal multiple access (NOMA), convex optimization,
multi-objective optimization (MOO), sequential convex approxi-
mation (SCA).

I. INTRODUCTION

VER recent years, extensive research efforts have been

devoted to the practical implementations of new disrup-
tive technologies for the fifth generation (5G) and beyond
wireless networks [1]. The unexpected exponential growth
in the number of connected devices and the unprecedented
requirements of higher data rates, low latency and ultra reli-
ability are of major concerns in future wireless networks [1].
However, these demanding requirements are difficult to meet
or almost impossible to achieve without an enormous power
consumption, which is not only unacceptable due to unde-
sirable impacts on the natural environmental [2], but also
financially unaffordable. Therefore, it is important to consider
both as performance metrics, the spectral efficiency (SE) and
energy efficiency (EE), simultaneously. SE is defined as the
ratio between the achieved rate and the available bandwidth,
whereas EE is defined as the ratio between the achieved sum
rate in the system and the total required power to achieve this
sum rate [3].

Different disruptive technologies, including massive
multiple-input multiple-output (MIMO) [4], [5], millimeter-
wave (mmWave) [1] [6], [7], and non-orthogonal multiple
access (NOMA) techniques [8] have been proposed to meet
the stringent design and operational requirements surrounding
EE and SE. In particular, NOMA has been envisioned as
one of the key techniques for significantly improving the SE
while providing massive connectivity to support the Internet-
of-Things (IoT) in 5G and beyond wireless networks [9].
Unlike the conventional orthogonal multiple access (OMA)
schemes, the users in NOMA can be served within the same
resource blocks such as time, frequency, and code without
any orthogonal divisions between them, by exploiting the
power-domain multiplexing [10]. For instance, superposition
coding (SC) is utilized at the base station to encode the

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
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transmit signals of multiple users with different transmit
power levels [11], [12]. At the receiver end, successive
interference cancellation (SIC) is employed at the strong
users (i.e., the users with stronger/better channel gains) to
detect and remove the interference caused by signals intended
to the weaker users prior to decoding their own desired
signals [8].

To exploit different potential benefits, NOMA has been
recently integrated with different technologies such as
cognitive radio (CR) [13], millimeter-wave [14] [15],
multiple-antenna techniques [16]-[18] and conventional OMA
techniques [19]. In particular, the combination of NOMA
with spatial domain multiple access (SDMA) offered by
multiple-antenna can provide additional benefits, by jointly
utilizing both the spatial and power domains. The notion
of joint utilization of multiple domains helps meeting the
demanding requirements in future wireless networks, par-
ticularly when compared against conventional stand alone
SDMA techniques [16], [20]. For instance, incorporating
NOMA with the multiple-antenna techniques was consid-
ered in [20]. Another example is multiple-input single-output
(MISO)-NOMA [21], [22] [23], which can be classified into
two main categories: beamformer-based and cluster-based
MISO-NOMA schemes [24], [25]. In this paper, we focus
on the beamformer-based MISO-NOMA scheme, where each
user is served by a single beamforming vector. For the sake
of notational simplicity, the beamformer-based MISO-NOMA
is referred to as MISO-NOMA throughout this paper.

One of the conventional beamforming designs developed
for MISO-NOMA systems in the literature considers SE as
a performance metric with the sum rate maximization (SRM)
problem [26]. This SRM design is developed not only at the
cost of the exponential increase in the available power, but
also with significant loss in the EE performance. In fact, with
the unprecedented growth in the number of mobile devices
and volume of mobile data traffic in future wireless networks,
EE becomes a prominent performance metric. This is primarily
due to the fact that EE has the potential to achieve a good
balance between the transmit power consumption and system
throughput [3]. To overcome the EE degradation associated
with the SRM design, we have proposed a global EE max-
imization (GEE-Max) design in our previous work [27] to
maximize the overall EE of the system. However, a major
drawback of such a design is that the base station does not
have the flexibility to utilize the available power resources
after achieving the maximum EE with its green power. In fact,
this limitation becomes an important issue that needs to be
addressed in some of the scenarios, such as base station being
powered by renewable energy sources [27], [28]. Therefore,
the trade-off between SE and EE motivates one to explore
novel design approaches for beamforming so that a good bal-
ance between SE and EE performance metrics can be achieved.
Furthermore, this joint SE-EE design provides flexibility to
the base station to adapt the beamforming design by taking
the instantaneous transmission conditions and the different
requirements of the system into consideration. In particular,
the practical applications of the proposed SE-EE trade-off
design can be summarized as follows:
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o Base stations with hybrid power sources are expected to
play a crucial role on the deployments of 5G and beyond
wireless networks [29]. These hybrid base stations are
powered by either non-renewable energy sources such
as diesel generators, or renewable energy sources such
as photovoltaic panels and wind turbines to provide
the communication services [30], alternately. For such
hybrid base stations, the priority to choose either EE or
SE depends on the available energy source, i.e., if the
base station utilizes a renewable energy resource, then
the importance of EE becomes less than that of SE,
and vice-versa for non-renewable energy sources. Hence,
an SE-EE trade-off based design offers flexibility to the
base station to switch between different design criteria
based on the available energy source.

o Furthermore, some resource allocation techniques aim
to maximize EE with an SE constraint [31]. However,
this design limits the performance of either SE or EE
due to its inflexibility [32]. Hence, the SE-EE trade-off
based design has a potential capability to achieve a good
balance between these conflicting performance metrics,
especially in some practical applications where both SE
and EE have similar importance.

The joint SE and EE-based design can be developed by
formulating a multi-objective optimization (MOO) problem
with these two performance metrics in the multi-objective
function. In contrast to a unique global optimal solution in the
conventional single objective optimization (SOQO) problems,
the MOO problems have many Pareto-optimal solutions which
would yield a better performance in one of the multiple
objectives [33], [34]. However, the required Pareto-optimal
solution will be determined based on the relative importance
of each objectives in the overall problem. Therefore, the
decision maker (DM) (i.e., the base station in our scenario)
has to firstly articulate the weights of each objective prior
to evaluate the solution for the MOO problem, which is
referred as a priori articulation in the literature [35]. Then,
those multiple objectives are converted into a single objective
function known as the utility function to represent the corre-
sponding multi-objective functions [36]. In particular, many
utility functions have been considered in the literature for
different MOO problems, including the weighted-sum [34],
the weighted-product, and the weighted max-min function
[33]. As the MOO problems have different Pareto-optimal
solutions, the DM chooses the best trade-off solutions (Pareto-
optimal solutions) [33]. It is worth mentioning that the SE-EE
trade-off designs have been considered in the wireless com-
munications literature. For example, an SE-EE design for
a point-to-point communication link is considered in [32].
Furthermore, a generalized framework for the SE-EE trade-
off was investigated for orthogonal frequency-division mul-
tiplexing (OFDM) in [37]. Additionally, a multi-objective
optimization approach is considered for link adaptation in
an OFDM-based cognitive system in [38], where throughput
and transmit power are simultaneously optimized. A number
of MOO-based resource allocation techniques can be found
in [31], [39], [40].
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A. Contributions

Motivated by the importance of both key performance
metrics SE and EE in 5G and beyond wireless networks
[1], [41], and to overcome the limitations associated with the
conventional GEE-Max and SRM designs [26], [27], in this
paper we propose an SE-EE trade-off based design for an
MISO-NOMA system. Unlike the conventional designs, this
SE-EE design optimizes SE and EE simultaneously to achieve
a good balance between these conflicting performance metrics.
In doing that, we make the following key contributions:

e We formulate the overall SE-EE design as a MOO
problem. Although this renders the overall problem as a
challenging form, where direct approaches for obtaining
a feasible solution are inherently difficult, it offers an
avenue for achieving a good balance between SE and EE.
This approach is radically different from the conventional
approaches, such as those outlined in [17], [26], [27],
and [42]. More specifically, conventional optimization
techniques, which are often employed in the context of
the SOO problems, cannot directly be applied to solve
this MOO problem. Our design approach provides a
generic framework, where the GEE max and SE max
designs can be considered as special cases by setting
appropriate weight factors;

o We provide an algorithm to solve this non-trivial MOO
problem. This algorithm utilizes a priori articulation
method combined with weighted-sum utility function to
recast the MOO problem into a form of an SOO problem
[33]-[35];

e We prove that solving the SOO problem provides a
Pareto-optimal solution to the original MOO problem.
In particular, the sequential convex approximation (SCA)
is exploited in the context of handling the non-convexity
of the SOO problem.

The rest of the paper is organized as follows. In Section II,
the system model and the problem formulation are introduced
to represent the SE-EE trade-off-based design. Section III
presents the proposed techniques to tackle the SE-EE trade-
off-based design. To verify the proposed beamforming design,
numerical results are provided in Section IV, where the
performance of the proposed beamforming design is compared
with that of the conventional beamforming design criteria.
Finally, conclusions are drawn in Section V.

B. Notations

We use lower case boldface letters for vectors and upper
case boldface letters for matrices. (-)f denotes complex conju-
gate transpose, and R(-) and () stand for real and imaginary
parts of a complex number, respectively. The symbols CV
and RV denote N-dimensional complex and real spaces,
respectively. || - ||z and | - | represent the Euclidean norm
of a vector and the absolute value of a complex number,
respectively. x > 0 means that all the elements in the vector
x are greater than zero.
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II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

We consider a downlink transmission of a MISO-NOMA
system with K single-antenna users in which a base station
equipped with N antennas simultaneously transmits to these
K users. The transmit signal from the base station is given by

K
X = E Wij,
Jj=1

where s; and w; € CV*! represent the symbol intended
to the j" user, and the corresponding beamforming vector,
respectively. It is assumed that these symbols (i.e., s;,Vj)
are independent and with unity power. In addition, digital
beamforming is considered; hence, each user is served with a
dedicated beamforming vector. As a result, we do not impose
any constraint on the relationship between K and N and the
proposed design is valid for any number of antennas and users.
The received signal at the i*" user can be written as

1)

K
Y = th[szj + n;,

=1

2

where n; represents the zero-mean additive white Gaussian
noise (AWGN) with variance o7, while h; € CN*1 denotes
the vector that contains the channel coefficients between
the base station and the ‘" user. Furthermore, we assume

frequency-flat channel conditions, and the channel coefficients

can be modelled as
hi =V d;Kgia

where x and g; are the path loss exponent, and the small
scale fading, respectively, whereas d; represents the distance
between the i*" user and the base station in meters. We con-
sider that perfect channel state information (CSI) of the users
is available at the base station.

In the downlink power-domain NOMA, the power levels
are assigned to the users based on their channel strengths
such that the allocated power levels are inversely proportional
to the channel strengths of the users [8], [9]. Furthermore,
the stronger users (i.e., users with higher channel strengths)
perform SIC by firstly decoding the signals intended to the
users with weaker channel conditions, and then subtracting the
decoded signals prior of decoding their own signals [8], [43].
The weaker users detect their signals by treating the interfer-
ence caused by the signals intended to the stronger users as
noise [44]. Hence, user ordering plays a crucial role in power
allocations, users’ SIC capability, and the overall performance
of the the NOMA systems. However, the optimal ordering
could be determined through performing an exhaustive search
among all the user ordering possibilities, which is not prac-
tical to implement, especially in dense networks. Therefore,
we consider the first user (U;) as the strongest user in the cell,
whereas the Uy is the weakest user based on the following
channel conditions:

bl <[l < < |yl
N—— S~——

Weakest

3)

Strongest
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Based on this user ordering, to ensure that the power
allocated to each user in the system is inversely proportional
to its channel gain, and to successfully implement SIC at
the stronger users [26], the following conditions should be
satisfied with the beamforming design [27]:

BiweP > > BiwiP, Viek. @)

It is worthy to point out that some work in the context of
downlink NOMA transmission literature assumes that NOMA
transmission can be achieved without including the constraint
in (4), such as in [45]. However, this power allocation con-
straint facilitates the design SIC orders, and has been assumed
in most of the works in the literature to ensure successful
implementation of SIC.

Therefore, the received signal at U; after performing SIC is
written as

i—1
* .
Y = hf{WZS,L -|-thle8] + n; Vi € IC, (5)
N—— ) ~
Intended signal = Noise
Interference
A .
where K = {1,---, K'}. Note that the interference caused by
Uj+1, -+ ,Uk is removed through SIC. Furthermore, Uy, has

the capability to decode the message of U; (k < 7) with signal-
to-interference and noise ratio (SINR) that can be written as
b wi[?
S g w2 4 o
Now, with the assumption that s; is only decodable provided
its SINR 1is higher than a threshold denoted as SINR'", this
explicitly requires that decoding of s; at other stronger users
should be also higher than this threshold [26], i.e., SINR,(;) >
SINR*, Vk = 1,2,--- 4. Based on this argument, the def-
inition of SINR; should take into account the decoding of
s; at the stronger users in order to align with the basic

principle of NOMA, namely SIC. Based on this requirement,
the achievable SINR can be defined as follows:

SINR; =min(SINR\” SINR{"” - .. SINR"), VieKk. (7)

SINR{" = VieK, k<i. (6)

Based on the above discussion, the achieved rate at U; can be
defined as [26]

Ry =min(R", R RY ... [ RY), viek. (8

Note that R,(:) is the rate of decoding s; at Uy, and it is given
as

b wi|?
>imi [hf wj|? + o2
where B,, is the available bandwidth, set to be one in this
analysis.

The global energy efficiency (GEE)' of the system is defined
as the ratio between the achieved sum rate of the system and

the total power required to achieve this rate (bits/Joules) [3],
and is expressed as

R\ = B, log, <1+ ) Vie K, (9

Zfil R;

EE = GEE = £ :
5Pt+]:)l

(10)

'GEE and EE carry the same meaning throughout this paper.
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where ¢ denotes the power amplifiers efficiency at the base
station. Furthermore, P, and P; represent the power losses at
the base station and the transmit power, respectively. Note that
P, should be less than the the available power budget at the
base station (P,,,) which can be expressed as the following
constraint:

K
Pt:Z||W’i||§SPava; (11)
i=1

For the MISO-NOMA system considered in this paper, the
GEE maximization (GEE-Max) design can be formulated into
the following optimization problem [27]:

OPgp: max GEE (12a)
{Wi}fil
K
subject to Z [[Will2 < Pavas (12b)
i=1
R; > R" VieKk, (12¢)
(). (124)

The constraint in (12c¢) ensures that each user can achieve
minimum predefined threshold rate (Rﬁh) which is referred
to as minimum rate constraint. Furthermore, the constraint
in (12d) facilitates the successful implementation of SIC which
is referred to as the SIC constraint throughout this paper.
It is worth mentioning that the GEE-Max problem OPgp is
solved in [27] using the SCA technique and the Dinkelbach’s
algorithm. In particular, the maximum GEE is achieved with a
certain available power which is known as the green power in
the literature [46], [47]. Beyond this green power, both GEE
and the achieved sum rate saturate [48].

Now, we formulate the SE maximization (SE-Max) problem
for the MISO-NOMA system defined in this paper, as fol-
lows [26]:

OPSEZ max SE (138.)
{wifs,

K
subject to Z [[wil|2 < Pava (13b)

i=1
(4), (13¢)
ZI'(:l R .
where SE = =/=——. Note that the SE-Max problem is

equivalent to the conventional SRM with the assumption
of unit bandwidth, i.e., B,, = 1. Hence, without loss of
generality, SE-Max and SRM refer to the same problem
throughout this paper. In particular, this SE-Max problem is
solved for the MISO-NOMA system in [26]. Note that if
the minimum rate constraint in (12¢) is added to the original
SE-Max OPspg, then, the modified SE-Max problem will be
referred as SE-Max (min-rate) in this paper. It is obvious that
these conventional SE-Max and GEE-Max designs maximize
either EE or SE individually, without jointly considering them
to achieve a trade-off between these performance metrics.
In the following subsection, we develop a joint SE-EE trade-
off design.
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B. Problem Formulation

For notation simplicity, we represent SE and EE (i.e., GEE)
by the functions fi ({w;}2,) and fo ({w;}[,), respectively.
In particular, we aim to develop a beamforming design that
can jointly maximize these performance metrics (i.e., max
fi ({wi}E,) and f, ({w;}X,) with the given set of con-
straints. Therefore, the beamforming vectors that can achieve
a trade-off between the conflicting SE and EE metrics in the
considered MISO-NOMA system can be formulated into the
following MOO problem:

OP : Hm% f({wi}Ey) (14a)
Wiji=1
K
subject to Z [[wi||?3 < Pava, (14b)
=1
R; > R!" VieKk, (14¢)
(4). (14d)

Note that the objective vector f({w;}/< ) consists of
the SE and GEE functions, such that f({w;}X,) =
(i ({witEy), f2 ({wi}E,)]. Tt is obvious that there is no
global optimal solution that maximizes these conflicting objec-
tives in OP [33]. However, the MOO problem OP searches
for all possible best trade-off solutions, which are known as
the Pareto-optimal solutions in the literature [35].

Definition 1 [34], [35]: A feasible solution {w}}X, is
defined as a Pareto-optimal solution if there exists no other fea-
sible solution {w/}/, such that f ({w/}/< ) = f ({w;}X,).
The set of all Pareto-optimal solutions are collectively defined
as the Pareto front in the literature [34].

Therefore, our aim is to find the set of the feasible solutions
that satisfy the Pareto-optimality conditions for this MOO
problem. However, due to the fact that the original OP
problem might be infeasible with certain P,,,, we carry out
a feasibility check prior to solving it. The feasibility check
and the proposed methodology to solve the problem OP are
provided in the next section.

III. PROPOSED METHODOLOGY

First, we carry out a feasibility check prior to solving the
optimization problem OP. For infeasible problems, we pro-
pose another beamforming design. The feasible OP is solved
by reformulating it as SOO problem using a priori articulation
technique combined with the weighted-sum approach. Then,
the SCA technique is exploited to tackle the non-convexity
issue of the SOO problem. At the end of this section, we pro-
vide some discussions on the convergence and the performance
evaluation of the proposed SCA algorithm to solve OP.

A. Feasibility Check

Firstly, it is worthy to mention that the original optimization
problem O P turns out to be infeasible when the minimum rate
requirements at each user cannot be met with the available
power budget at the base station (i.e., Pg,,). Therefore, it is
important to investigate the feasibility of the original problem
OP prior to solving it. In particular, this feasibility check
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can be performed through evaluating the minimum transmit
power, referred as P*, that is required to satisfy the minimum
rate and SIC constraints, in (14c) and (14d), respectively. This
P* can be determined through solving the following power
minimization problem:

K
P*= mi 13
= min Y [[will3

{wi}i,:l i=1
subject to (14c), (14d).

OPp : (15a)

(15b)

Note that the original problem OP can only be solved
provided that P* < P,,,, and is infeasible when P* is
higher than the available power at the base station (i.e., Pyyq)-
To overcome this infeasibility, an alternative beamforming
design can be considered to maximize the sum rate with
available power budget, as in OPsg defined in (13). Without
loss of generality, we assume that OP is feasible (i.e., P* <
P,.a), and propose an effective approach to solve it in the
following subsection.

B. Proposed Methodology

As mentioned before, we first reformulate the original MOO
problem OP into a SOO form. Then, we employ the SCA
technique to solve the SOO problem. More details are provided
in the following discussions.

1) Single Objective Transformation: First, we use a priori
articulation scheme where the base station determines the rela-
tive importance of each objective function prior to determining
the beamforming vectors based on the design requirements.
In particular, the weight factor «; is assigned to the i*" objec-
tive function (i.e., f;({w;}X£ ) to reflect its relative importance
on the overall design, such that E?Zl a; =1, oy € [0,1].
Then, the vector containing the objective functions in the origi-
nal MOO problem (i.e., OP) is replaced with a single objec-
tive function known as the utility function in the literature.
Note that the utility function is a single-objective function that
can alternatively represent the original multi-objective function
based on the importance of each objective function [33]. There
are several utility functions available in the literature [33], [34]
[35]; we choose the weighted sum approach as it provides
the Pareto-optimal solution to the original problem, as shown
in Theorem 1. Based on the previous discussion, the SOO
framework that represents the original MOO problem OP can
be formulated as follows:

~

OP : mal)é fEE—SE ({Wz}fil) (168.)
. K

subject to Z [[wil|2 < Pavas (16b)
i=1

R; > R, VieKk, (16¢)

(4), (16d)

where frp-sp ({wiliS,) = XL afform (wids).
Note that f{or™ ({w;}[X,) and fVor™ ({w;},) repre-
sent the unit-less normalized version of f; ({w;}X,) and
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f2 ({wi}k,), respectively, which can be defined as

Florm ((w 3K ) = fl({fli*}z_l)’ (17a)
Norm ({ 1}1 1) — %7 (17b)

where f; and f3 are the maximum values of SE and GEE,
respectively. In particular, f; and f5 can be determined
through solving OPsp and O Pgp, respectively. Note that the
normalization of the objectives in (17) is an important step in
the context of solving the original MOO problem OP due to
several reasons. Firstly, it is obvious that the performance met-
rics GEE and SE have different units. Therefore, an addition of
such (un-normalized) functions is neither allowable nor defines
any meaningful performance metric. Secondly, as these two
functions have completely different ranges, combining them
uisng a weighted-sum utility function will certainly degrade
the achievable objective value of the function with lower
range [33]. Therefore, to treat both objective functions in a
fair manner, we employ a unitless normalization, by dividing
each objective function with its corresponding optimal value.
With such a normalization, we obtain a non-dimensional
objective function with an upper bound of one. Note that
different normalization (i.e., transformations) methods have
been considered for MOO problems in the literature [32], [33],
[35]. For notation simplicity, we use s =« and o = 1—«
To examine the Pareto-optimality of OP, we present the
following theorem:

Theorem 1: The solutions of the weighted-sum SOO prob-

lem in ONP provide the Pareto-optimal solutions for the orig-
inal MOO OP problem.
Proof: Please refer to Appendix A. |

It is obvious that OP turns out to be SE-Max (min-rate)
when o = 0. Furthermore, the problem becomes GEE-Max
with o = 1. However, a good balance between the conflicting
SE and EE can be achieved through choosing an appropriate
« between 0 and 1. To this end, we have transformed the
original MOO problem OP into a form of a SOO prob-

lem OP. However, the optimization problem OP cannot be
directly solved due to the non-convexity nature of the objective
function and the corresponding constraints. To circumvent this
non-convexity issue, we propose an effective approach to solve

OP in the next subsection.

2) Sequential Convex Approximation: The SCA technique
is an iterative approach to solve the original non-convex opti-
mization problem by approximating the non-convex functions
by lower-bounded convex functions [49], [50]. In particular,
the SCA technique has been employed to solve different
non-convex resource allocation problems in the literature
[2N6], [27]. Similarly, we exploit the SCA technique to solve the

OP problem by approximating each non-convex term with a
convex one. We start with the objective function by introducing
two new slack variables I'; and I's such that

(1= a) ™ ({wibily) = I,
o Norm ({Wz}z 1) > 1—\2

(18a)
(18b)
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Based on these slack variables, the original ONP problem
can be equivalently written as

~

OP : max I'h+71Ts (19a)
Flvr‘?v{wi}f(:l
K
subject to Z [[will3 < Pava, (19b)
i=1
R; > Ry, VieK, (19¢)
(4), (19d)
afs’ o ({wi b)) > T, (19¢)
(L—a) form ({wi ) > Ty, (19f)

It is obvious that the objective function in OP is a linear
function in terms of I'y and I's. Furthermore, the constraints
are not convex and we handle these non-convexity issues as
follows. First, we look into the non-convexity of the constraint
in (19f) by rewriting it as

K

fi
;:1 logy(1+ SINR) = 7

We handle this non-convexity issue by introducing new slack
variables z;, p;, such that

Iy. (20)

logy(1+ SINR\)) > p;, Vie K, k<i, (2la)
14+SINRY) > 2, Viek, k<i. (21b)

Based on these multiple slack variables, the constraint in (20)
can be equivalently written as the following set of constraints:

Z Pz T2 (22a)
(20) &

2 z 2%, Vi € IC, (22b)

(21b). (22¢)

It is obvious that the inequalities (22a) and (22b) are convex
constraints, whereas the constraint in (22¢) remains still non-
convex. Furthermore, we introduce another slack variable a; j
to convert it into a convex one as follows:

Ihwi|* >

—

zi—1)al,, VieK, k<i, (23a)

1
hfw;|? +oi, Viek, k<i.
1

.
|

akz

)

(23b)

J

We handle the non-convexity issues in the constraint (23a) by
approximating |h’w;|? with a lower bound which is chosen
to be R(hHw;), such that

b wi|? > (R(hf'w:))®, Vk,Vi. (24)
Note that the constraint in (24) is always held true for any set
of channel coefficients and beamforming vectors, and thus,
is not required to be included in the optimization problem.
Now, we take the square-root of both sides in (23a) after
incorporating the new approximation in (24). Next, the right-
hand side of this inequality can now be approximated with
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linear function using the first-order Taylor series approxima-
tion. Based on that, the constraint in (23a) can be written in
the following approximated convex form:

R(hfw;) > /(=" ~ 1))

1 n n
+0.5 a2 — 2{")

+ (Zi(n) - D(air — az(-f;)), Vie K, k<i,
(25)

(n)

(n)
where a;

and z; ~ represent the approximations of a; j and
z; in the n'" iteration, respectively. However, the constraint
in (23b) can be reformulated into the following second-order
cone (SOC) [51]:

T . .
Qi | Z || [thWi—l . thwl O'kx} ||27 Vi € IC,]C S 1. (26)

Next, the non-convexity of the constraint in (19e) is tackled
by introducing a new slack variable b such that

K
21 By o f3 Tt
éPf—ﬁ-Pli a b2 ’

27)

hence, the constraint in (19e) can be split into the following
two constraints:

K 2
> R; > A0y b7 (282)
i=1 @
1 K
b2 > = |2+ P 28b
760;||w||2+ : (28b)

To resolve the non-convexity issue in (28a), we exploit the
same approaches used to handle the constraint in (20) by
introducing a set of new slack variables, r;,&; 5, and p;, such
that

Ri 2 Pis Vi € ’Cv (293)
h w2 12
H' kHW’l 5> (ri — 1)52”“, Vie, k<i. (29b)
> by w2+ ik

Based on these multiple slack variables, the constraint in (28a)
can be approximated through the following convex constraints:
R(hi'wi) > 4/ (] = D&f7)

+0.5

Y =D - €7, Viek, k<i,

(30)
&g > || [ wi - hifwi g Uk]T||2a VieK, k<i,
(€29)
r; > 2P Vi€ K, (32)
=~ B ()
Zpi > i(rgn)bQ
7j=1
+ 26Ty (b — b)) 452" (T2 -TEY) ). (33)

6599

Similar to the constraint in (23b), the constraint in (28b)
can be cast as the following SOC constraint:

1 T
b2 Il Il fwalle - iwiclle V]l G4

To this end, the non-convex constraint in (19e) is replaced
with the following convex constraints:

(30), (31), (32), (35a)
(33), (34). (35b)
Next, the non-convexity of the constraint in (19d) is handled

by replacing each term in the inequality by a linear term using
the first-order Taylor series expansion, such that

(19e) < {

T
mfwif? = | [R(bfw™) Sfw™)]| |12
+2 [g}f(hg’ wi™) S(thwgm)}
[(R(hf w;) — R(Bw™)(S (b w)

~S(hffw™))]". (36)

Note that the right-hand side of the inequality in (36) is linear
in terms of w;. Hence, each term in the constraint in (19d)
is replaced by the right-side of (36). Finally, we consider
the constraint in (19c) with the following equivalent SINR
constraint:

hfw,|? . .
[y wil QZﬂfh, Vielk, k<i,

ST i 10 (37)
j=1 11 Wj k

where 1! = 9R{" _ 1. Furthermore, the constraint in (37) can
be reformulated as the following SOC constraint:

1

T
R(hilw;) > || [bifwy - -hilwi o] |l2,

Viek, k<i. (38)

Based on these approximations, the original non-convex opti-
mization problem OP can be reformulated as

o

OP : Maxiqrjnize I'y+1% (39a)
subject to (19d)!, (22b), (32), (39b)

(25), (26), (30), (31), (38),  (39¢)

(190), (22a), (33), (34), (39d)

where W consists of all the variables involved in this design,
which can be expressed as

U = {Wi, T, b, Fl, FQ, Zi, f@]w a¢7k, pi}fil-

Note that the relationship between SE and EE basically
shows two different trends with the available power. In the first
trend, both SE and EE increase with the available power and
this trend continues until the available power reaches the green
power. Once the available power exceeds the green power,
both SE and EE show the conflicting nature with the available
power, which leads to the second trend. In order to shed more
light on these trends, we provide the following lemma:

IReplace (36) instead of each term in the inequality.



6600

Lemma 1: The SE-EE optimization problem OP provides
the same solution with different weight factors {;}7_;, when
the available power P,,, is less than the green power
(i.e., Pyya < green power).

Proof: Please refer to Appendix B. |

It is worth mentioning that the solution of OP requires
an appropriate selection of the initial parameters (i.e., U(%)),
As this is an iterative approach, it is important to provide
discussion on the initial conditions and the convergence of
the proposed algorithm, which are presented in the following
subsection.

C. Initial Conditions, Convergence Analysis, Performance
Evaluation, and Complexity Analysis

1) Initial Conditions: Firstly, it is crucial to choose an
appropriate set (%) to ensure the feasibility of the problem in
the first iteration of the algorithm. In particular, we choose
a set of feasible beamforming vectors which can satisfy

all the constraints in the approximated problem OP. Then,

we determine all required slack variables in OP based on
chosen initial beamforming vectors. The proposed algorithm
to solve the original OP is summarized in Algorithm 1.

Algorithm 1: SE-EE Trade-Off Maximization Using SCA

Step 1: Check the feasibility of the problem
Step 2: Initialization of W(°)
Step 3: Repeat
1) Solve the optimization problem in (39)
2) Update W(n+1)
Step 4: Until required accuracy is achieved.

2) Convergence Analysis: By making use of the analysis
presented in [49], we provide the convergence analysis for the
proposed algorithm. Let us first indicate that the optimization
parameters at the n'” iteration (i.e., ¥(™)) are updated based
on the solution obtained by solving the approximated opti-
mization problem in (39). To ensure the convergence of this
algorithm, three key conditions have to be satisfied. Firstly,
appropriate initial conditions are chosen to ensure the feasi-

bility of the approximated problem OP at the first iteration
of Algorithm 1. This provides a feasible solution to update
the parameters in the next iteration. It is worth mentioning
that the feasible solution to the approximated problem can
always ensure the original constraint. In order to provide an
additional insight into this feasibility issue, we include the
following lemma:

Lemma 2: Suppose that the feasible solution set of the
optimization problem OP is denoted by Y; then, the feasible
region of the approximated convex optimization problem ¥"
falls within the same feasible region of the original non-convex
problem, i.e., U™ C x, Vn.

Proof: To prove this lemma, we firstly point out that the

approximated optimization problem OP is solved iteratively.
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As such, at each iteration, the solution of OP is provided for
the given set of convex constraints in (39). Using the first-order
Taylor series expansion, these constraints in the original
problem OP are approximated with their lower bounds. This
implies that the solution also lies within the same feasible
region W" and satisfies all the constraints in the original
problem [49], i.e., ¥™ C x, which completes the proof of
Lemma 2. |

Secondly, we present a new lemma to support that the

objective function in OPis non-decreasing with each iteration.

Lemma 3: The objective function in OP is non-decreasing
in terms of U™, i.e., T(UH+D) > 1(T(™), where T(¥(") =
D () + Dy( ™),

Proof: To prove this lemma, we point out that the solution

of OP at the n'" iteration is a feasible solution to OP in the
next iteration. This inherently means that the objective function
value at the n'" iteration, T(\I/(")), is less than or equal to that
obtained in the subsequent iteration, T(\Il(”“)), which means
that Y () is non-decreasing function [49]. This completes the
proof of Lemma 3. u

Therefore, the objective value at each iteration will either
increase or remain the same. Finally, the power constraint

in (14b) ensures that the objective function of OP is upper
bounded due to the fact that P,,, < oo. In particular,
the satisfaction of these three conditions ensures that the
developed SCA technique converges to a solution with a finite
number of iterations. N

3) Performance Evaluation: The solution of O P is obtained
by introducing multiple slack variables and iteratively solving
the problem with different approximations. Hence, the perfor-
mance evaluation of the proposed approach is important to
assess its effectiveness. As such, we compare the performance
of the proposed Algorithm 1 with a benchmark scheme.
In particular, we use the power minimization problem OPp
as a benchmark scheme by reformulating it as a semi-definite
programming (SDP) which provides the optimal solution [52].
In this SDP, we set the rates that are achieved through solving

OP as the minimum rate requirements for OPp and those
achieved rates are denoted by R}, Vi € K. Then, we set
these rates as minimum rate targets for OPp. Without loss
of generality, with introducing new rank-one matrices W; =
wHw; and exploiting semi-definite relaxation, the SDP form
of OPp can be formulated with minimum rate constraints as
follows [53]:

K
OPp : minimize Tr[W,] (40a)
{W1}7K:1 i=1
i—1
subject to Tr[H, W] — n} ZTr[Hij]
j=1
>nior, ViekK, k<i, (40b)
TI'[szl] S TI'[HZWQ]
<. <TrH;Wg|, Viek, (40c)
W, =WH W, >0 VicKk, (40d)
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where 77 = 27 — 1, while H; = h;h/. The solutions (i.e.,

the beamforming vectors) achieved through solving OPp are
optimal and will also be the solutions to the original problem
OPp provided that they are rank-one matrices [42], [52].
Note that the beamforming vectors are determined through
extracting the eigenvectors corresponding to the maximum
eigenvalues of these rank-one matrices [54]. In particular,
we demonstrate in the simulation results that the proposed

SCA technique to solve OP provides approximately similar

performance of OPp.

4) Complexity Analysis of the Proposed SCA Technique:
Considering the fact that an iterative SCA algorithm is adopted
to solve the original problem OP, it is crucial to define the
computational complexity of the proposed algorithm. This can
be achieved through determining the complexity associated
with solving the approximated convex optimization problem

OP at each iteration of this algorithm. In particular, at each
iteration, a linear objective function (i.e., 'y + I'9) is opti-
mized with a set of SOC and linear constraints, where the
interior-point method is employed to obtain the solution at
each iteration [55], [56]. Therefore, the computational com-
plexity at each iteration is primarily defined considering the
complexity of obtaining the solution of such second-order cone
programme (SOCP). In general, the work required to solve an
SOCP problem is at most O(32V) [56], where B and V denote
the number of optimization variables and the total dimensions
of the SOCP optimization problem, respectively. Furthermore,
an iterative algorithm converges to a solution with an upper
bound given as O(\/Elog(%)), where C and € are the total
number of constraints at each iteration and the required
accuracy, respectively. Now, with the developed SCA in hand,
B and V are estimated as (1.5K2 +4.5K + 2NK + 3 + ¢)
and (5.5K2 + 5K + 2NK + 4 + c), respectively, where ¢
is a constant related to the number of constraints that arise
due to the relaxation of the exponential constraints in the
interior-point method [57]. Furthermore, the total number of

constraints C in OP is found to be (2.5K2 + 6.5K + 6 + c).

IV. SIMULATION RESULTS

In this section, we provide simulation results to support the
effectiveness of the proposed SE-EE trade-off beamforming
design of a downlink MISO-NOMA system over the con-
ventional designs. In particular, we study the impact of the
trade-off between the achieved EE and SE. In these simula-
tions, we consider a base station equipped with three transmit
antennas (i.e., N = 3), which simultaneously transmits to
five single-antenna users that are located at a distance of 1,
2, 3, 4, and 50 meters from the base station, respectively.
The small-scale fading is chosen to be Rayleigh fading,
while the path loss exponent « and the noise variance of
all users o2 are both set to be 1. In addition, the mini-
mum SINR thresholds are set to be 10~2 for all the users,
ie., n = 1072 The amplifiers’ gain €q is set to 0.65,
whereas the power losses at the base station are assumed to
be 40 dBm (i.e., P, = 40 dBm). Furthermore, we define the
available power at the base station by TX-SNR in dB, such
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that TX-SNR (dB) = 101log; L ey In addition, the available
bandwidth of transmission is assumed to be 1 MHz, i.e., B,, =
1 MHz. Furthermore, the algorithm terminates when the
difference between two consequent outputs is less than 0.001
(i.e., ¢ < 0.01). Finally, we define the achieved sum rate of

the cell as
sum rate = B,,SE.

Fig. 1 illustrates the achieved EE and sum rate versus
different TX-SNR and for different weight factors «. As seen

in Fig. 1, the SE-EE trade-off design considered in OP turns

out to be SE-Max with a = 0. Furthermore, OP keeps
maximizing the sum rate as TX-SNR increases at the cost of
EE degradation. This is due to the fact that the GEE (i.e.,
EE) has been assigned with zero weight (i.e., @ = 0) in
the MOO problem. However, with &« = 1, the problem is
transformed into a GEE-Max design; as a result, the maximum
EE is achieved with certain power threshold, referred as green
power in the literature. Beyond this green power, no further
enhancement is achieved either in the EE or in the sum rate.
Furthermore, this design has the flexibility to strike a good
balance between EE and the sum rate by setting the weight
factor o between 0 and 1. For example, when o = 0.5,
an increment in the sum rate is attained compared to that
obtained with &« = 1, as seen in Fig. 1. However, this sum
rate enhancement is attained at the cost of EE degradation.
Fig. 2 presents the achieved EE and sum rate with dif-
ferent weight factors for 5 and 25 dB TX-SNR thresholds.
In particular, Fig. 2 shows two different behaviors. First, both
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Fig. 3. The EE and sum-rate performance of the proposed design versus TX-SNR, with different weight factors. (a) The achieved EE, (b) the achieved sum

rate.

performance metrics (i.e., sum rate and EE) remain constant
with the available power lower than the green power for
different weight factors «, which supports the validation of
Lemma 1. However, as TX-SNR exceeds the green power, for
example with TX-SNR = 25 dB, the trade-off between EE
and sum rate can be realized by varying the weight factor.
In particular, at this TX-SNR threshold, the achieved rate
and EE show a performance in the range of 10-3.5 Mbps
and 0.02-0.2 Mbits/Joule, respectively. This performance range
is achieved with different weight factors «, as presented in
Fig. 2. Note that the base station in the proposed SE-EE trade-
off design offers a wide-range of SE-EE trade-off through
a possibility of simply tuning the weigh factor «. In fact,
this flexibility is beneficial for different practical applications
where the transmission techniques can be adaptive according
to the available power resources.

Furthermore, Figs. 3a and 3b show the achieved EE and
sum rate versus TX-SNR for different weight factors o,
respectively. It can be clearly understood the impacts of the
weight factors on the achieved EE and sum rate of the system.
For example, at TX-SNR = 20 dB, EE declines from 2.2 x 10°
bits/Joule to 0.5 x 107 bits/Joule by changing the weight factor
from o« = 1 to @ = 0. However, the sum rate (i.e., SE) shows
a different behavior. With TX-SNR = 20 dB, this decreases
from 8.2 x 10% bps to 3.6 x 10° bps by changing the weight
factor a from O to 1. Therefore, the proposed EE-SE trade-
off design offers the flexibility to the base station to choose
an appropriate weight factor based on the favorable conditions
and system requirements to determine the desired performance
metric.

Furthermore, Fig. 4 demonstrates the impact of the mini-
mum SINR threshold 7, on the performance of the proposed
design. In particular, with 7, = 2, the original optimiza-
tion problem becomes infeasible as the minimum required

x
Gl
S
X
=)

=

Sum rate

R
T
N

o
T
)

@
T
o

Sumrate (bps)

)
T

Energy efficiency (bits/Joule)

S
(X

o

0.1 0.2 0.3 0.4 05 0.6 0.7 08 0.9 1

Fig. 4. Achieved EE and sum rate for the proposed design versus weight
factors «, with different SINR thresholds 7, TX-SNR = 20 dB.

transmit power P* to achieve these minimum SINR require-
ments exceeds the available power P,,,. Hence, an alterna-
tive design, namely the SE-Max is considered. As a result,
the achieved sum rate is maximized under the available power
constraint which provides constant sum rate and EE over the
different weight factors a. However, choosing lower value
of 7y, ensures the feasibility of the design, which can be
observed with 7, = 0.2, in Fig. 4. These results indicate that
the base station has the flexibility to choose either EE or SE
performance metric based on the available energy resource by
selecting an appropriate weight factor «.. Furthermore, the joint
SE-EE design problem boils down to an SRM and GEE-max
problem with o = 0 and o = 1, respectively.

In Table I, we show the performance of the proposed SCA
algorithm. The rates achieved by solving OP (i.e., RY) are
set as target SINR (i.e., 1) for OPp, where nf = 2% — 1.
Then, the baseline optimization problem OPp is solved using
the SDR approach. In fact, through analysing the information
in Table I, we can confirm that the proposed SCA technique
achieves approximately similar solution to that of the bench-
mark, OPp.

To further understand the impact of the TX-SNR in the
feasibility of the optimization problem, and hence on the
EE-SE design, we provide the achieved sum rate and EE with



AL-OBIEDOLLAH et al.: SPECTRAL-ENERGY EFFICIENCY TRADE-OFF-BASED BEAMFORMING DESIGN 6603
TABLE I
PERFORMANCE COMPARISON BETWEEN THE PROPOSED SCA ALGORITHM TO SOLVE O P AND THE BENCHMARK SOLUTION
OBTAINED BY SOLVING O Pp WITH 145, = 0.2 AND TX-SNR = 20 dB
OoP OPp
R} (Mbps) [ R (Mbps) | Rj (Mbps) | R; (Mbps) [ Ri (Mbps) | R (Mbps) | P, (W) || P* (W)
a=203| 04182 0.8068 1.4025 1.6831 1.9579 6.2686 43.2404 || 43.1943
a=0.5 || 04386 0.8864 1.0159 1.4879 1.5488 5.3776 26.6188 || 26.2361
a=0.7 || 04296 0.6662 0.8142 1.3845 1.4474 47418 20.1294 || 19.8267
TABLE II
ACHIEVED EE AND SUM RATE FOR THE PROPOSED DESIGN VERSUS DIFFERENT TX-SNR, WITH DIFFERENT WEIGHT FACTORS «, ¢y, = 1
TX-SNR= 5 dB TX-SNR= 25 dB
sum rate (Mbps) | EE (Mbits/Joule) | P (W) | sum rate (Mbps) | EE (Mbits/Joule) P (W)
o= 2.5301 0.1702 3.1623 9.3011 0.0187 316.2278
a=0.5 2.5301 0.1702 3.1623 6.4685 0.0635 59.7636
o= 2.5301 0.1702 3.1623 5.5084 0.0685 45.7811
22 x10° with the corresponding weight factor. In other words, any
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Fig. 5. Pareto front of SE-EE trade-off-based design for TX-SNR = 24 dB.

different weight factors « in Table II. In particular, as observed
in Table II, the minimum SINR threshold 7, cannot be met
when TX-SNR = 5 dB, hence, the EE-SE trade-off-based
design becomes an SE-Max design. As such the sum rate is
maximized by solving OPsg. Note that changing the weight
factor « neither changes the sum rate nor the achieved EE.
However, with choosing TX-SNR = 25 dB, the minimum
SINR threshold can be attained for this TX-SNR. Hence,
the original optimization problem OP is worthy to solve,
and the achieved sum rate and EE for this case are presented
in Table II.

Finally, Fig. 5 presents the set of Pareto-optimal solutions
(i.e., Pareto-front) with TX-SNR = 24 dB. In particular,
this curve provides all best trade-off solutions (Pareto-optimal
solutions) for the original SE-EE optimization problem. Fur-
thermore, each point on this curve (sum rate and EE) cor-
responds to one of the best solutions that can be obtained

improvement in either one of the performance metrics with
a given weight factor can be only achieved by the degradation
of the other performance metric.

V. CONCLUSION

In this paper, we proposed a beamforming design that
jointly considers the maximization of the conflicting per-
formance metrics EE and SE. In particular, we formulate
this challenging design problem through a weighted sum
approach based on the priori articulation. However, this orig-
inal problem is not convex due to non-convex multi-objective
function and constraints. To overcome these non-convexity
issues, we exploit the SCA technique to attain the solution.
Furthermore, we show that the proposed approach achieves a
Pareto-optimal solution. Simulation results have been provide
to validate the effectiveness of the proposed algorithm and the
performance is compared with a benchmark power minimiza-
tion approach.

APPENDIX A
PROOF OF THEOREM 1
First, we denote the beamforming vectors that provide an
optimal solution to OP as {wi}K . Therefore,

fep-se({W ) > fep—se({wi}E,), (4D)
which can be rewritten as
2 2
S N {wi ) =Y N ({wat) = 0
=1 =1
(42)

The inequality in (42) can be equivalently reformulated as

D

=1

| 2

fi{wilE,)) > 0. 43)

S(Awi ) -

l

~
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In particular, we prove Theorem 1 by using a contradiction
argument, as follows. First, we assume that {w}}% | is not a
Pareto-optimal solution to the original optimization problem
OP. This assumption implies that there exists another feasible

solution {w/}X , such that

f{witis, - f{wihs, (44)
The condition in (44) can be equivalently written as
(Awitiz) = AW HE)) >0, Viel,2. (45)

Without loss of generality, each element in (45) can be scaled
by a positive constant (i.e., % , VI € {1,2}). Furthermore, both
1
of these inequalities can be added
2

3 ;f—li<fz<{w;}£1) — LEwWIYE)) >0, Vie1,2. (46)
=1

However, the inequality in (46) contradicts the fact that

{wite

; 1is the optimal solution of OP. Therefore, the opti-
mal solution of OP satisfies the Pareto-optimality condi-
tion, and hence, it gives the Pareto-solutions of the original
SE-EE trade-off OP problem. This completes the proof of

Theorem 1. |

APPENDIX B
PROOF OF LEMMA 1

Lemma 1 presents that f{¥°"™ and f°"™ remain constant
with the different weight factors while the available power is
less than green power. This can be equivalently written as

LN (B0} Py = LN (B2 Prvary (@T2)
(B0} Py = LN (B2)} Prvury (4T0)

where P is less than the green power, and (1,2 € [0,1].
In order to prove this, we validate (47a) and (47b) with the
extreme conditions of 37 = 0 and (B2 = 1. We start with

(1 = 0, in which case OP turns out to be an SE-Max problem,
and thus, the maximum SE is achieved. Therefore,

{fNerm (B = 0)}p,uep, = 1.

Furthermore, it has been already verified in [27] that both
SE-Max and GEE-Max problem provide the same optimal
beamforming vectors with an available power less than the
green power. This means that {f2(61 = 0)}p,,.=p, = f3,
therefore,

(48)

{fNorm(By = 0)} pyvuep1 = 1. (49)

Similarly, we follow the same approach for the case with

(2 = 1, where OP becomes the GEE-Max problem. The
maximization of EE with an available power less than the
green power will simultaneously achieve the maximum sum
rate and the maximum EE. Hence,

{leOTM(BQ = 1)}Pa,'un,=P1 =1, (50a)
{277 (B2 = D} Pra=ry = 1. (50b)
It is can be easily noticed that (48), (49), (50a), and (50b)

validate the conditions provided in (47a), (47b). This com-
pletes the proof of Lemma 1. |
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