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Energy-Efficient Opportunistic Multi-Carrier
NOMA-based Resource Allocation for Beyond
5G (B5G) Networks

Haitham Al-Obiedollah, Haythem Bany Salameh, Sharief Abdel-Razeq, Ali Hayajneh,

Kanapathippillai Cumanan, and Yaser Jararweh,

Abstract

The interplay between the non-orthogonal multiple access (NOMA) and the opportunistic cogni-
tive radio (CR)-based orthogonal frequency multiple access (OFDMA) has been recently realized as
a promising paradigm to support the unprecedented massive connectivity demands of future beyond
fifth-generation (B5G) wireless communication systems. In such systems, which are called multi-carrier
NOMA CR-based systems, each licensed band reserved for primary users can be opportunistically utilized
based on power-domain NOMA to serve a group of secondary users simultaneously. An important
challenge in this domain is how to provide energy-efficient resource allocation techniques that attempt
to strike a balance between the total throughput (i.e., the achieved sum-rate) and the power required to
achieve that rate while satisfying network QoS demands and being aware of the unique characteristics
of the CR operating environment. In this paper, we propose an energy-efficient resource allocation
technique for multi-carrier NOMA CR-based systems, which aims at maximizing the overall energy
efficiency (EE) of the system under a set of CR and NOMA constraints. The EE maximization problem

is shown to be a fractional non-convex optimization, which is, in general, hard to optimize. To deal with
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the fractional and the non-convexity nature of the formulated EE maximization problem, we exploit the
Dinkelbach’s algorithm to transfer the EE problem to a parameterized optimization problem. Then we use
an iterative optimization approach to obtain the solution for the EE maximization problem. Simulation
results reveal that this EE maximization-based resource allocation technique outperforms the existing
resource allocation techniques in terms of the overall EE of the system while striking a good balance

between the sum-rate and the transmit power consumption.

Index Terms

Beyond 5G (B5G) networks, energy efficiency (EE), Cognitive radio (CR), non-orthogonal multiple
access (NOMA), Multi-carrier.

I. INTRODUCTION

Due to the rapid development of future wireless communication systems such as beyond fifth-generation
(B5G) or 6G networks, explosive growth in the number of wireless devices is inevitable [1], [2]. This, as
a result, brings up huge challenges to tackle the issues associated with the massive number of connected
devices. In fact, the challenges include; developing smart communication technologies, aligning with
the smart nature of the B5G and 6G networks [1], [3], [4], proposing efficient multiple access (MA)
techniques to serve a large number of users [5], [6], and finally, addressing the issues associated with a
high rise in power consumption in such emerging wireless networks [7]. Significant research efforts have
been dedicated to deal with these challenges by proposing efficient communication technologies.

Among several proposed technologies, cognitive radio (CR) technology has been considered as a
potential candidate to enable massive connectivity in next-generation (e.g., BSG and 6G) communication
networks [8], [9]. In CR technology, the licensed bandwidth owned by the primary users (PUs), can
be utilized by next-generation wireless-unlicensed- devices smartly and opportunistically [10]. With this,
the wireless devices can be considered as secondary users (SUs), which seek opportunistic utilization
of the available PU’s bandwidth without interrupting the PUs’ communication activities [9]. In fact,
CR communication can be realized through four functional phases, namely spectrum sensing, decision,
sharing, and mobility [11]. It has been shown that the practical deployment of CR technology cannot be
achieved without developing efficient MA techniques [12]. Therefore, several MA techniques have been
proposed to handle the access issues of CR-based future wireless networks, such as orthogonal frequency
division multiple access (OFDMA) [13], space domain multiple access (SDMA) [14], non-orthogonal
multiple access (NOMA), and the hybrid MA techniques. Specifically, the combination of power-domain
NOMA and OFDMA, referred to as hybrid OFDMA-NOMA, has been recently considered as a promising



technique to support the massive connectivity of the CR-based future networks [15], [16]. On one hand,
the integration between NOMA and OFDMA offers an additional degree of freedom as the power and
frequency domains are utilized to serve a larger number of users [15] [16]. On the other hand, due to
the computational complexity of employing SIC in dense networks, employing NOMA alone introduces
several practical challenges [16]. With the hybrid OFDMA-NOMA system, NOMA is only exploited
to serve a few users within each cluster (i.e., sub-band), which overcomes the practical challenges of
employing SIC. In particular, this can be achieved by dividing the available bandwidth into a set of sub-
channels, in which power-domain NOMA is utilized to serve a group of users within each sub-channel
through utilizing superposition coding (SC) [17]. This combination introduces an additional degree of
freedom and can efficiently utilize the available resources. The CR-based future wireless networks that
employ hybrid OFDMA-NOMA techniques are referred to as multi-carrier NOMA CR-based systems

throughout this paper.

It is known that the multi-carrier NOMA CR-based system can support a massive number of users.
However, this cannot be achieved without significant power consumption. The increase in power con-
sumption has several undesirable outcomes, including the economic and environmental concerns [18].
These concerns have attracted both academia and industry to explore further research directions to tackle
the considerable increase in the power consumption [19]. In fact, existing proposed solutions that deal
with the power consumption issue in wireless networks can be divided into two categories. The first
category focuses on the further deployment of green energy resources to feed wireless communication
infrastructure. The green resources include solar and wind resources along with existing conventional
power resources [20]. Furthermore, the simultaneous wireless power and information transfer (SWIPT)
has also been considered as an additional green power resource [21], [22]. The aforementioned solutions
require severe modification to the existing communication systems. Unlike the first category, the second
category proposes energy-efficient communication protocols and mechanisms without modifying existing
wireless systems. Such protocols and mechanisms intelligently allocate the available power resources in
the network such that the energy efficiency (EE) of the system is improved [18], [23]. In particular, EE
is defined as the ratio between the achieved sum-rate and the corresponding consumed power that is
required to achieve this sum-rate [24]. In addition, EE strikes a good balance between the two conflicting
metrics, namely the sum rate and the transmit power consumption [25] [26] [27]. The EE can be viewed

as the performance metric that aims to attain the best achievable rate with minimum power consumption.



Motivations and Contributions

The multi-carrier NOMA CR-based systems have the potential capabilities to support a massive number
of users. Therefore, considering the EE-based resource allocation technique is of importance. To the best of
the authors’ knowledge, the EE-based resource allocation technique for multi-carrier NOMA CR-based
systems has not been considered in the literature. Therefore, this paper considers an energy-efficient
resource allocation technique for a downlink multi-carrier NOMA CR-based system. With this resource
allocation technique, an EE optimization framework is formulated to allocate the available power at the
base station, such that the overall EE of the system is maximized under a set of constraints. These
constraints include the QoS requirements for SUs in the system and relevant CR and NOMA constraints.
However, due to the non-convexity nature of the formulated EE optimization framework, the Dinkelbach’s
algorithm is utilized to obtain the solution of this fractional non-convex optimization framework. We
provide an efficient approach to examine the feasibility of the EE maximization framework prior to
solving it. Furthermore, extensive simulations are carried out to validate the effectiveness of the proposed
resource allocation technique, comparing their performance with that of the existing conventional resource
allocation techniques in terms of the achieved EE. In addition, the achieved EE trend against the change

in several parameters is also studied in the simulation results.

Related Work

Over the past few years, several works investigated the potential capabilities of single-carrier NOMA
CR-based systems. For example, a single-carrier NOMA CR-based system was studied in [28], in which
maximizing the number of served SUs while meeting a set of relevant constraints was considered.
Furthermore, the authors in [29] proposed an EE maximization design for a single-carrier NOMA CR-
based system. On the other hand, ongoing research studies have investigated the multi-carrier NOMA
CR-based systems and their potential to implement future wireless networks. For example, a power
minimization resource allocation technique for a multi-carrier NOMA CR-based system was considered
in [13]. This design aimed to minimize the power required for transmission while achieving a set of

quality-of-service (QoS) constraints.

Paper Organization

The remainder of the paper is organized as follows. In Section II, we present the multi-carrier NOMA
CR-based system model and formulate the EE maximization problem. In Section III, we provide a
feasibility check and the proposed methodology to solve the EE maximization problem. Section 1V

provides the simulation setup, results, and discussions. Finally, Section V concludes the paper.



II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

We consider a downlink multi-carrier NOMA CR-based system, as shown in Fig. 1. In this system, a
single-antenna CR base-station (CR-BS) communicates with L single-antenna SUs. Hence, the available
PU bandwidth, B, which is divided into K sub-bands is opportunistically available for CR communication.
As such, B = Zfi | Bi, where B; represents the i" sub-band, Vi € K = {1,2,---, K}. To utilize the
available sub-bands efficiently, each of them is dedicated to serve a group of users (i.e., cluster) through
the power domain NOMA. The number of clusters is equal to the number of the available sub-bands, such
as B; is dedicated to serve the i cluster C;. Furthermore, the number of users at each cluster is denoted as
L;, such that L = Zfi 1 Li, whereas u; ; denotes the Ith user in the " cluster, VI € £; = {1,2,---, L;}.
In this cluster-based scenario, selecting users inside each cluster (i.e., clustering) is a key element that
determines the overall system performance. Therefore, the details of clustering are discussed in the

following section.
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Fig. 1: A multi-carrier NOMA in CR system, with two users at each cluster, i.e., L; = 2.

Considering the above, the CR-BS transmits the superimposed signal, x;, to the users in cluster C;

over the sub-band B;, namely {u1,--- ,ur,;}. The superimposed signal, z;, can be written as:

L;

wi =Y /Prisii Vi€K, )

=1



where s;; and p;; represent the symbol intended to u;; and the corresponding power allocation, respec-

tively. The received signal at u;;, VI € L;, Vi € K, can be written as follows:
Yii = hiizi +ny g, ()

where h;; denotes the channel coefficients between the CR-BS and wu; ;. It is assumed that the CR-BS
and wu; ; have the perfect channel state information (CSI). Furthermore, n; ; is the additive white Gaussian
noise with zero mean and variance 0. As the SUs in each cluster are served based on power-domain
NOMA, the ordering of users has a considerable impact on the power allocation at each cluster [30].
Therefore, the performance of the multi-carrier NOMA CR-based system depends on the user-ordering

within each cluster. Without loss of generality, the users in each cluster are ordered as follows:

\ha® > |hoal®> .. heal®, Vie K. 3)

Note that \hl7i|2 represents the channel gain of the channel coefficients /; ;. Given the ordering in (3),
the weaker users (i.e., users with lower channel gains) should be allocated higher power levels compared
to that of the stronger users (i.e., users with stronger channel gains) [30]. This can be achieved through

imposing the following constraint:
PL.i = " > D2i = Pli, Vi€K. 4)

Note that the stronger users within each cluster perform successive interference cancellation (SIC) to
decode and subtract the messages intended for weaker users prior to decoding their own messages [31].
The message intended to u;; is decoded at the stronger users, namely {ui;,---,u;—1,;}. Thus, the
achieved signal-to-interference-and-noise-ratio (SINR) can be defined as

i *pui
23 pei Tl?Z’

SINR, = VieK, VL e L;, Vje{l1,2,...,1—1}, (5)

|hji

where SINR{ ; denotes the SINR of the message intended to u;; at the stronger user u; ;, such that j <.

Furthermore, v, ; also decodes its own message with the following SINR:

|hui*pri
il S22 pei + 1,
Based on this definition, the SINR of the message intended to u;; can be defined as [18], [32]:

SINR]; = , Viek, VL e L;. (6)

SINR;; = min{SINRl{Z., ... SINR! } Vie K, VL € L. 7

1

Therefore, the achieved rate at uy; can be written as

Rl,i = Blog, (1 + SINRl,i) , Vie kK, VL € L;, (8)



and thus, the overall achieved sum-rate is given by

i

L; C
Rgym = z Z Rl,i- (9)

I=1 k=1
The overall EE of the system can be defined as follows [24]:
R
EE = . —"—, (10)
b+ P

where P, and P, represent the total required power for transmission, and the power losses at the CR-BS,
respectively, such that P, = Zfi 1 ZZL: 1 Pu,i- Furthermore, € is the efficiency of power amplifier at the

CR-BS, and has a maximum value of one, i.e., 0 < e <1 [25], [33].

B. Clustering Approach

It is crucial to determine which users are grouped into different clusters. Considering the practical
implementation of employing SIC in dense networks, two users per cluster is assumed throughout the
rest of this paper. However, the analysis provided throughout this paper is applicable for any number
of users per cluster. First, as the stronger users in each cluster need to perform SIC [17], having more
users (i.e., more than two users) per cluster will introduce significant computational complexity, which
is not desirable for practical implementation of NOMA and B5G wireless systems [31], [34]. Second,
as the decoding of the signals intended for the weaker users (i.e., SIC) is sequentially performed at
each stronger user, grouping more users into each cluster increases the latency, which will not meet the
requirements of the delay-sensitive applications in future wireless networks. Third, the clusters with more
users are more likely to suffer from error propagation due to successive decoding in SIC. Considering the
issues mentioned earlier, two users per cluster is recommended to realize the practical implementation of
NOMA. In addition, this is widely adopted in several previous works dealt with NOMA systems, e.g.,
[35]-[37].

While determining the clusters through the exhaustive search can offer the optimal clustering strategy,
it will raise practical concerns in terms of the implementation of SIC. Therefore, the grouping strategy
used in this paper considers the channel gain differences to enable the successful implementation of
SIC. This clustering strategy has been widely utilized in the literature [38], [39], and we denote this
grouping strategy as 7 throughout this paper. Similar to the most existing works in the literature, the
grouping strategy employed in this paper chooses users with a higher difference in their channel gains.
The analysis provided in the paper is still applicable for any grouping strategy. We have utilized the
same grouping strategy for the proposed EE maximization framework and the other benchmark resource

allocation techniques for a fair comparison.



C. Problem Formulation and Design Constraints

We now formulate the EE maximization framework for the multi-carrier NOMA CR-based system.
However, we first shed some light on the relevant constraints for efficient utilization of this resource
allocation technique.

1) Design constraints: When considering the EE maximization of the multi-carrier NOMA CR-based
systems, a set of constraints should be satisfied to meet the SUs’ requirements and enable the successful
implementation of NOMA and CR transmission. We provide the details of these constraints in the

following:

e Requirements and design constraints of SUs:
While the objective of the EE based resource allocation technique is to maximize EE, this design has
to ensure a set of QoS requirements and design constraints for the SUs that take into consideration
the unique characteristics of the CR networks operating environment, which are
— Minimum rate requirement for each SU:
The rate requirement for each SU [ in each cluster ¢ ([2;;) can be achieved through imposing
the following constraint:

Ri; > Ry, Vi€ K, VL € L;, (1

where Ry, is the minimum rate requirement of each SU, determined by the application layer.
— Success probability requirement:

The success probability of each SU [ in cluster i (Pgy,.;;) must be greater than or equal to a

given success probability threshold ~, where + is application dependent. This can be maintained

by imposing the following constraint:
Pyye1i >, Yie K, VL € L;. (12)

In particular, the probability of success for the SU [ in cluster ¢ can be computed as:

Psuc;l,i £ €xXp <_ > 27a Vi € ’Ca VL € Eia (13)

Ry ipi
where 1i; is the average idle period of the it PU channel and S is the packet length. After
some algebraic manipulations and defining v = — In(+y), (13) can be re-written as a function of

the achieved rate as

Rl,i > US , Viel, VL e L;. (14)

i



Accordingly, the minimum rate and the probability of success constraints (i.e., (11) and (12))

can be combined into a single constraint as follows:

R;; > max {Rmin; ’Ui} = T4, Vi € /C, VL € Ei, (15)

where r;; = max{Rmin, %} = Ry; is the required rate demand by the CR system that
ensures the satisfaction of the probability of success () and the minimum rate demand (R,iy,)
requirements.

— The power mask constraints on SU transmissions:
To maintain the PU activities with certain quality over the sub-channel C;, each CR transmission
over C; should utilize a controlled transmission power. This can be maintained through imposing
the following constraint:

L; )
l:lpl’i < Pmask,ia Vi € ,C, (16)

where Pk i is the maximum transmit power that can be utilized over C.
e NOMA requirements and constraints:
— SIC requirement:
To implement SIC, it is required that the power levels of the received signals intended for the
weaker SUs should be higher than that of the signals associated with the stronger SUs. This
can be ensured through allocating higher power levels to SUs with weaker channel gains [31].

Accordingly, the following SIC constraint should be satisfied:
DPL,i = - > D2; > Dig, VieEK. (17)

— Maximum power budget at the CR-BS:
The transmit power at the CR-BS, P;, should not exceed the maximum power budget at the

CR-BS, Ppax. This can be ensured with the following constraint:

K
L;
Po=3 " i< Puax (18)
=1



D. Problem Formulation

Given the aforementioned constraints, the EE optimization framework for the multi-carrier NOMA

CR-based system, can be formulated as follows:

P1: maximize EE (19a)
{pl,i}Vl,Vi
subject to Ri; >mry,, VieK, VLeL;, (19b)
L;
l—1pl’i < Pmask,iy Vi € ]C, VL € ﬁz‘, (19C)
K L
Z Zl_lpl,i < Phax, (19d)
i=1 B
PL.i > > D2i > Ppli, VieK. (19¢)

An observation of the above formulation suggests that several challenges need to be addressed to
solve P1, and we summarize these challenges in the following discussion. Firstly, it is evident that
the EE optimization problem, P1, is non-convex in nature and thus cannot be solved directly using the
conventional optimization techniques. Secondly, the objective function of this problem, EE, is a fractional
function, which introduces additional complexity to solve it. Furthermore, due to the total power constraint
in (19d), the EE optimization problem might turn out to be infeasible when the available power budget,
Ppax, 18 not sufficient to support the minimum rate requirements, i.e., QoS constraints in (19b). These

challenges are discussed and simplified in the following section.

III. PROPOSED METHODOLOGY
A. Feasibility Check

The optimization problem P1 turns out to be infeasible when the available power budget, Ppax, cannot
support the minimum rate requirements constraints in (19b). Therefore, it is important to carry out a
feasibility check for P1 prior to solving it. In fact, this check can be performed by finding the minimum
transmit power (P/™™) that is required to meet the minimum rate requirements of the system. This can

be determined by solving the following power minimization (P-Min) problem:

. K L.
. min __ . . . T )
P2: P = rlrjlllmr\?ll@e Zl P (20a)
1=
subject to Ry > mmin, Vi€ K, VL € L;, (20b)

i

l:lpl’i < Pmask,i7 Vi € IC7 VL € £i7 (200)

DL, = " > DP2i > Ppli, Viek. (20d)



Note that the solution of the P-min optimization framework can be found in [13], while also its solution
can be reached throughout this paper. In fact, when solving P2, the minimum required power to satisfy
the minimum rate constraints, Ptmin, is evaluated. With this, the original EE optimization problem, P1, is
feasible and thus, worthy to solve if the available power budget at the CR-BS is greater than the minimum
transmit power required to achieve the QoS constraints, i.e., Ppax > Ptmin. Otherwise, the original
problem is infeasible and cannot be solved for the given constraints. To handle this infeasibility issue,

the CR-BS alternatively switches to the sum-rate maximization (SRM) design, which can be formulated

as follows:
P3: maximize Rom (21a)
Diis VIVi
L;

subject to P < Prask,i, Vi€ K, VL € L;, (21b)

K L,
Z Zpl,i < Prax, (21c)

i=1 I=1
PL,i = "+ = D2 > DPli, Vie€K. (21d)

Note that the SRM optimization problem aims to maximize the achieved sum-rate for the given power
constraints, where the QoS constraints are dropped. The SRM optimization problem is always feasible
and can be solved for any power budget at the CR-BS. Without loss of generality, we provide an approach

to solve the EE optimization problem, given that it is feasible under the given constraints.

B. Proposed Solution

The EE maximization framework P1 is non-convex fractional problem, and thus, the existing softwares
cannot be used to solve it. Therefore, we utilize the Dinkelbach’s algorithm along with SCA approach to
solve P1. In the Dinkelbach’s algorithm [40], a non-negative variable, namely £ is introduced to transform
the fractional objective function, EE, into a non-fractional, i.e., parameterized, one. For ease of reference,
we introduce the functions fi(p;;) and fi(pi;), such as fi(pr;) = Reum, and fi(py;) = (1P, + B). With

this transformation, the parametrized non-fractional objective function can be written as follows:

EEp = fi(pi) — & f2(pis), (22)

where EEp is the parameterized version of EE. The parametrized EE optimization problem can be written

as



P4: maximize EEp = fi(p1i) — £f2(pu) (23a)

{pz,q‘,}vz, Vi 5
subject to Ri; >my, VieK, VL e L;, (23b)
L;
l—lpl’i < Pmask,i; Vi € ’C, VL € £i7 (23¢)
K L
Y>> i < Puax, (23d)
i=1 B
PL.i > - > D2i > Dig, Vi€EK. (23e)

Let us first point out that p;, and p;i,w are the solutions of the non-parametrized optimization
framework, P1. Now, we invoke the relationship between the original non-parameterized problem P1 and
the parameterized one P4, through providing the following theorem [40]:

Theorem 1: The optimal value of the parameterized optimization problem P4 is zero, i.e.,

ma;iin%ize fi(pri) — Efa(pia) = filpls) — € f2(pis) = 0,

Fi(pra)
f2(pl*,i) ’

It is worth mentioning that the proof of Theorem 1 can be found in [18], [40]. Based on Theorem 1,

and this optimal value occurs only when &* =

determining the solution of the original non-parametrized optimization problem P1 can be alternatively
achieved through solving the parameterized optimization problem for the optimization parameters p; ; and
§. However, due to the joint nature of the optimization parameters p;; and §, an alternating optimization
approach is utilized to handle this issue. With this approach, an initial value of ¢ is assumed, i.e., £(0) = 0,
then P4 is solved for this initial value, and the optimization parameters p; ; are evaluated using the SCA
as it is introduced in the subsequent discussion. Then, the value of £ is updated based on the solution

obtained in the previous iteration; the update role can be written as
(n—1)>
(n) — M
-1 )
fo (pl(j )>

where (-)(™) denotes the value of (-) at the n'” iteration. This iterative process continues until the absolute

§ (24)

difference between two consecutive values is less than a pre-defined threshold.

In particular, the parameterized optimization framework for a given £ is still non-convex. Therefore,
the SCA approach is utilized here to deal with this non-convexity issue. In SCA approach [41], the
original non-convex optimization problem is approximated with a lower-bound convex problem through

approximating each non-convex term with a linear (i.e., convex-concave) one [42]. The approximated



problem is solved for a set of iterations until the required accuracy is achieved. This SCA approach has
been utilized to solve a different set of optimization frameworks in wireless communications, such as
[32], [43], [44]. The non-convexity of the parameterized optimization framework is due to the non-convex
term R; ;, which appears in the objective function and some of the constraints. Therefore, we tackle this

non-convexity issue by introducing a linear slack variable 7;; to approximate R; ;, such that
Rivj > i Vi € ,C7 VL € Ez (25)

With this slack variable, the non-convex part of objective function in the parameterized optimization
problem P4, turns out to be convex. However, a new non-convex constraint is introduced to the problem.

To handle this non-convexity issue, a set of additional slack variables is incorporated, as follows:
(1 + SINRijj) > Qi j, Vie K,VL € L;, (26a)
a;j > 2", Yie K, VL € L;, (26b)

while the constraint in (26b) is convex [32], the constraint in (26a) is not convex. To handle the non-

convexity issue of this constraint, we first rewrite it as
(1 + min{SINRl{i, . ,SINRﬁﬂ.}> >ay, Viek, VleL. 27)
Thus, the constraint in (27) can be expressed as
SINR/, > (a; — 1), Vi€ K, VL€ L, Vj€{1,2,...,1—1}. (28)
With this, the new slack variable 6; ; is introduced, such that
|h”|2p“ > (a1 = 1)\/%, Vie K, VL € L;, Vj e {1,2,...,1}. (29)

‘hJZ’ ZS 1psz+UJZ B Vi

Note that the constraint in (29) can be further decomposed into two parts, as follows:

hjil?pui > (ar; — 1)\/0s Vi€ K, VL€ L;, V5 € {1,2,....,1}, (30)
-1

hil*> pei+ 03 < /0, Vi€ K, VL€ L, Vi€ {1,2,...,1}. (31)
s=1

To deal with the non-convexity issues of the constraints in (30) and (31), the left-hand sides of them are
replaced with their corresponding lower-bound approximations through using the first-order Taylor series
expansions. With this approximation, these constraints can be rewritten as
1
2 /o /!
|hj7i’ pl:i = al 7 lz lz < - a’l % ) + (al(TzL) ) (617@' - 9[(:)))
2

o

)

Vie K, VLeL;, Vje{l,2,...,1}, (32)




-1
hjal> > psi+ 02 < A JO + <9M - e}jﬁ), Vie K,VL € £;,¥j € {1,2,...,1}. (33)
s=1 2

0"
Incorporating these multiple slack variables, the non-convex term [?;; which appears in the in parameter-
ized optimization problem P4 has been replaced with a convex term 7;; subject to the convex constraints
in (26b), (32), and (33). The non-convex optimization problem P4 can be approximated with the following

convex optimization problem:

L; C K L
. . T 1 k2
PS: maximize SN mi— 5(6 ( Z > pi) + Pz) (34a)
1=1 k=1 i=1 =1
subject to Ri; > 1, Vie K,VL € L;, (34b)
L;
l—lpl’i < Pmask,i, Vi € IC,VL S EZ‘, (34¢)
K L
Z Zl_lpl,i < Prax, (344d)
i=1 B
PL,i > -+ > D2i > Dig, VieK. (34e)

We can confirm that the approximated optimization problem PS5 is convex and thus can be solved
using the convex software, such as CVX [45]. The proposed iterative algorithm to solve the original

non-convex optimization problem P1 is summarized in Algorithm 1.

Algorithm 1: Solving EE maximization problem for multi-carrier NOMA CR-based system using the

Dinkelbach’s algorithm and SCA approach

Step 1: For each busy channel i, set the p;; = 0 and the required rate demand for the users served by
channel ¢ to 0
Step 2: Group the SUs based on the proposed clustering strategy
Step 3: Check the feasibility of the EE maximization framework
Step 4: Initialization of Dinkelbach’s algorithm, i.e., £() =0
Step 5: Repeat
1) Solve the approximated optimization problem PS5 iteratively
2) Repeat the previous step until the required accuracy is achieved
Step 6: Update ¢ following the rule in (24)

Step 7: Go to Step 3 until the required accuracy is achieved.




The Complexity Analysis: The solution of the original fractional optimization problem P1 is determined
through firstly employing the Dinkelbach’s algorithm to transform it to the non-fractional (i.e., parame-
terized) optimization problem P4. Next, with the proposed SCA approach, the first-order Taylor series
expansion is exploited to transform the non-convex optimization problem P4 to a convex one, namely
P5. Accordingly, the complexity of obtaining the solution of the original problem is determined based on
the complexity of solving the approximated optimization problem PS5. In fact, the optimization problem
PS5 is a linear program. Thus, CVX solves this linear program using the the Dantzig’s simplex method
[41] for several iterations. In particular, at each iteration, the complexity of solving P5 is upper-bounded
by O(A?B) [32], where A and B represent the numbers of constraints and the optimization parameters,
respectively. The solution of the original problem is attained with two iterative algorithms, which are,
1) an iterative algorithm to obtain the solution PS for given £, and 2) an iterative algorithm to obtain
the value of the non-negative slack variable £. Therefore, the overall complexity of solving the original
problem can be defined as O(AQB log(2) log(i)), where v and z denote the required accuracy of the

iterative algorithms.

IV. SIMULATION RESULTS
A. Simulation Setup

In this section, we examine the performance of the proposed EE maximization resource allocation
technique for the considered multi-carrier NOMA CR-based system, comparing the performance with
two benchmark conventional resource allocation techniques. These benchmark schemes are the P-min
and the SRM resource allocation techniques, which are demonstrated in P2 and P3, respectively. In these
simulations, a set of ten SUs, i.e., L = 10, is considered, assuming that these SUs are uniformly distributed
in a circle with a 20-meter-radius around the CR-BS. Furthermore, the SUs are divided into five clusters,
with each cluster containing two users, i.e., L; = 2. The simulation parameters are summarized in Table I.
Note that the CVX toolbox from MATLAB is utilized to generate all simulation results, where the results

are averaged over 1000 iterations.

B. Simulation Results

We provide numerical simulations to evaluate the performance of the proposed EE maximization
resource allocation technique against several design parameters, such as the maximum power at the
CR-BS P,.x, the probability of success v, and the idle probability Pg. In particular, the performance
metrics, namely the overall energy efficiency of the system EE, the overall sum-rate of the system Ry,

and the total required power for transmission P; are evaluated for the proposed EE resource allocation



TABLE I: Simulation Parameters.

Parameter Value
Number of users (L) 10
Number of clusters (C) 5
Number of users in each cluster (L;) 2
Maximum power (Pmax) [Waltt] 5
Power mask (Pmﬂsk,i, Vi), [Watt] 1
Path loss exponent (1) 3
Noise Variance (o) [dBm/Hz] -107
Probability of success threshold () 0.85, 0.9
Packet length (5) [Bits] 2
Rumin [Mbps] 2.5
Bandwidth (B) [MHz] 50
Idle Period (14;) [Seconds] [0.05 0.1 0.03 0.045 0.05]
Channel Availability Duration (1) [Seconds] 0.5
Idle Probability (Pae) 0.5, 0.9

technique, and they are compared with that of the benchmarks resource allocation techniques. This, as a

result, provides a comprehensive understanding of these designs and, thus, demonstrates the superiority

of the proposed EE maximization design.
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Fig. 2: The achieved EE for the proposed EE design and the benchmark schemes against different available

power budget P, with P = 0.5.

Fig. 2 illustrates the achieved EE for the different resources allocation techniques against the available



power budget Pp.x with v = 0.85 and P = 0.5. As seen in Fig. 2, the proposed EE resource allocation
technique outperforms the benchmark schemes in terms of the achieved EE. In particular, both the EE
and the SRM based designs show similar performance in terms of EE until reaching a critical power
level, referred to as the green power in the literature. When the available power budget P; exceeds the
green power, the achieved EE for the SRM design starts decaying. However, the proposed EE-based
design’s achieved EE remains almost constant, with an optimal EE achieved with the green power. This
is due to the fact that the SRM design aims to maximize the sum-rate, which is achieved by using all
the available power budget at the CR-BS, which as a result, degrades the achieved EE. In contrast, in
the proposed EE design, the maximum achieved EE is attained at the green power, i.e., Ppax = 0.7 W.
This EE performance reflects the best trade-off between the achieved sum rate and the corresponding
power consumption. In fact, due to the fractional nature of the EE design, the optimal EE is achieved at
a certain transmit power, referred to as the green power. Therefore, the EE design consumes only this
power to achieve its optimal value, which as a result causes saturation in the achieved EE even with the
increase of the available power. The lowest EE is achieved with the P-min design compared to that of
the EE and the SRM designs. This is due to the fact that the P-min design requires a certain minimum
transmit power P; to achieve the QoS constraints. This leads to a fixed EE as the required power to
achieve the QoS requirements remains constant, which explains the constant EE in the P-min design.

To further understand the results provided in Fig. 2, we compare the achieved sum-rate Ry, and the
corresponding required power P; for the proposed EE design and the other benchmark designs in Fig. 3.
It can be observed from Fig. 3a and Fig. 3b that the achieved sum-rate and the corresponding required
power for the EE design saturate when the available power Pp,x exceeds the green power. Similarly,
the achieved EE for the proposed EE designs also saturates. On the other hand, the SRM design shows
a different trend, where the achieved sum-rates grow with the increase of Pp,. However, this sum-rate
improvement is attained with exponential growth in power consumption, which as a result, causes a
severe degradation in the achieved EE. Based on these observations, we can conclude that the proposed
EE design offers a reasonable trade-off between the sum-rate and the power consumption for transmission
and thus, strikes a good balance between them.

Next, we investigate the performance of the proposed EE maximization resource allocation technique
against different Py values. Fig. 4 shows the achieved EE for the proposed EE resource allocation
technique against a wide set of Fjg values (between 0.1 and 0.9). In particular, the performance is
studied when P, = 1.5 W for two different v values, namely 0.75 and 0.95. As expected, the achieved
EE through the proposed EE maximization resource allocation technique is significantly improved with

the increase of the idle probability Pgi. This can be justified because the higher values of Pjqj resulting in
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a higher number of available idle channels. The number of successful transmission increase considerably

with the increase of Pgj. This, as a result, can explain the many-fold EE improvement observed in Fig. 4.

Furthermore, Fig. 5 compares the achieved EE of the proposed EE maximization resource alloca-
tion technique against the available power budget P, for different Pg values. Generally, the green
power threshold remains constant with different P values, as seen Fig. 5. However, the corresponding
maximum EE increases with the increase Pgj.

Finally, we demonstrate the convergence of the proposed Dinkelbach’s algorithm to solve the original
optimization problem P1. Fig. 6 represents the variations of the non-negative variable ¢ against the
number of iterations for several channel realizations. With these results, we confirm that the proposed

Dinkelbach’s algorithm to solve the EE maximization problem in P1 converges to the solution within a
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few iterations.
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V. CONCLUSIONS

In this paper, an energy-efficient resource allocation technique for a multi-carrier NOMA CR-based
system was proposed. The proposed resource allocation technique aimed to maximize the achieved EE
of the system while satisfying a set of NOMA and CR constraints. We provided a feasibility check to
examine the feasibility of the EE maximization problem before solving it. To overcome the fractional non-
convex nature of the developed EE maximization framework, we employed the Dinkelbach’s algorithm
with SCA approach to handle these issues and solved the problem. The simulation results revealed that the
proposed EE maximization resource allocation technique outperforms the conventional SRM and P-min
resource allocation techniques in terms of the achieved EE while striking a good balance between the
achieved sum rate and the transmit power. Furthermore, simulation results were provided to demonstrate

the performance of the proposed EE resource allocation technique against different design parameters.

REFERENCES

[1] J. Ding, M. Nemati, C. Ranaweera, and J. Choi, “IoT connectivity technologies and applications: A survey,” arXiv preprint
arXiv:2002.12646, 2020.

[2] A.Khanna and S. Kaur, “Internet of Things (IoT), applications and challenges: A comprehensive review,” Wireless Personal
Communications, vol. 114, pp. 1687-1762, 2020.

[3] E. Niewiadomska-Szynkiewicz, A. Sikora, J. Kotodziej, and P. Szynkiewicz, “Modelling and simulation of secure energy
aware fog sensing systems,” Simulation Modelling Practice and Theory, vol. 101, p. 102011, 2020.

[4] Z. Mlika and S. Cherkaoui, “Massive iot access with noma in 5g networks and beyond using online competitiveness and

learning,” IEEE Internet of Things Journal, 2021.



(3]

(6]

(71

(8]

(9]

(10]

(11]

(12]
(13]

(14]

[15]

[16]

(17]

(18]

(19]

[20]

[21]

(22]

(23]

[24]

21

K. Bhattacharjya and D. De, “IoUT: Modelling and simulation of edge-drone-based software-defined smart Internet of
Underwater Things,” Simulation Modelling Practice and Theory, vol. 109, p. 102304, 2021.

R. L. Tinini, M. R. P. dos Santos, G. B. Figueiredo, and D. M. Batista, “5SGPy: A simpy-based simulator for performance
evaluations in 5G hybrid cloud-fog RAN architectures,” Simulation Modelling Practice and Theory, vol. 101, p. 102030,
2020.

W. U. Khan, F. Jameel, M. A. Jamshed, H. Pervaiz, S. Khan, and J. Liu, “Efficient power allocation for NOMA-enabled
IoT networks in 6G era,” Physical Communication, vol. 39, p. 101043, 2020.

A. Khan, M. H. Rehmani, and A. Rachedi, “When cognitive radio meets the Internet of Things?” in 2016 international
wireless communications and mobile computing conference (IWCMC). 1EEE, 2016, pp. 469-474.

B. Benmammar, “Internet of Things and cognitive radio: Motivations and challenges,” International Journal of Organiza-
tional and Collective Intelligence (IJOCI), vol. 11, no. 1, pp. 39-52, 2021.

W. S. H. M. W. Ahmad, N. A. M. Radzi, F. Samidi, A. Ismail, F. Abdullah, M. Z. Jamaludin, and M. Zakaria, “5G
technology: Towards dynamic spectrum sharing using cognitive radio networks,” IEEE Access, vol. 8, pp. 14 460-14 488,
2020.

F. A. Awin, Y. M. Alginahi, E. Abdel-Raheem, and K. Tepe, “Technical issues on cognitive radio-based Internet of Things
systems: A survey,” IEEE access, vol. 7, pp. 97 887-97 908, 2019.

Y. Shivam, “A detail survey of channel access method for cognitive radio network (CRN) applications toward 4G,” 2021.
R. Tashtoush, “Resource allocation technique for hybrid ofdma-noma cognitive radio system,” MAster Thesis-Arabic Digital
Library-Yarmouk University, 2020.

M. Hefnawi, “Space division multiplexing access aided cognitive radio networks,” in 2012 26th Biennial Symposium on
Communications (OBSC). 1EEE, 2012, pp. 10-14.

M. Zeng, N.-P. Nguyen, O. A. Dobre, Z. Ding, and H. V. Poor, “Spectral-and energy-efficient resource allocation for multi-
carrier uplink NOMA systems,” IEEE Transactions on Vehicular Technology, vol. 68, no. 9, pp. 9293-9296, Sept. 2019.

P. Bélis, R. Bonnefoi, H. Fares, and Y. Louet, “Optimal power and resource allocation for transmit power minimization in
OFDMA-based NOMA networks,” in Proc. IEEE WCNC. IEEE, 2019, pp. 1-7.

S. Tomida and K. Higuchi, “Non-orthogonal access with SIC in cellular downlink for user fairness enhancement,” in Proc.
IEEE Inter. Symp. on Intell. Signal Process. and Comm. Sys. (ISPACS), 2011, pp. 1-6.

H. M. Al-Obiedollah, K. Cumanan, J. Thiyagalingam, A. G. Burr, Z. Ding, and O. A. Dobre, “Energy efficient beamforming
design for MISO non-orthogonal multiple access systems,” IEEE Trans. Commun., vol. 67, no. 6, pp. 4117-4131, Jun. 2019.
D. Feng, C. Jiang, G. Lim, L. J. Cimini, G. Feng, and G. Y. Li, “A survey of energy-efficient wireless communications,”
IEEE Communications Surveys & Tutorials, vol. 15, no. 1, pp. 167-178, 2012.

J. Lorincz and 1. Bule, “Renewable energy sources for power supply of base station sites,” International Journal of Business
Data Communications and Networking (IJBDCN), vol. 9, no. 3, pp. 53-74, 2013.

X. Lu, P. Wang, D. Niyato, D. I. Kim, and Z. Han, “Wireless networks with RF energy harvesting: A contemporary survey,’
IEEE Commun. Surveys Tuts., vol. 17, no. 2, pp. 757-789, Sec. quarter 2015.

I. Krikidis, S. Timotheou, S. Nikolaou, G. Zheng, D. W. K. Ng, and R. Schober, “Simultaneous wireless information and
power transfer in modern communication systems,” I[EEE Commun. Mag., vol. 52, no. 11, pp. 104-110, Nov. 2014.

J. Tang, J. Luo, M. Liu, D. K. So, E. Alsusa, G. Chen, K.-K. Wong, and J. A. Chambers, “Energy efficiency optimization
for NOMA with SWIPT,” IEEE Journal of Selected Topics in Signal Processing, vol. 13, no. 3, pp. 452-466, 2019.

A. Zappone and E. Jorswieck, “Energy efficiency in wireless networks via fractional programming theory,” Found. Trends

Commun. Inf. Theory, vol. 11, no. 3-4, pp. 185-396, Jan. 2015.



[25]

[26]

[27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

[35]

[36]

(37]

(38]

(39]

[40]

[41]

(42]

[43]

[44]

22

F. Fang, H. Zhang, J. Cheng, and V. C. Leung, “Energy-efficient resource allocation for downlink non-orthogonal multiple
access network,” ” IEEE Trans. Commun., vol. 64, no. 9, pp. 3722-3732, Sep. 2016.

R. Roostaei, Z. Dabiri, and Z. Movahedi, “A game-theoretic joint optimal pricing and resource allocation for mobile edge
computing in noma-based 5g networks and beyond,” Computer Networks, vol. 198, p. 108352, 2021.

A. Thsan, W. Chen, S. Zhang, and S. Xu, “Energy-efficient noma multicasting system for beyond 5g cellular v2x
communications with imperfect csi,” IEEE Transactions on Intelligent Transportation Systems, 2021.

L. Ly, J. Chen, and Q. Ni, “Cooperative non-orthogonal multiple access in cognitive radio,” IEEE Commun. Lett., vol. 20,
no. 10, pp. 2059-2062, Oct. 2016.

G. Wu, W. Zheng, Y. Li, and M. Zhou, “Energy-efficient power allocation for IoT devices in CR-NOMA networks,” China
Communications, vol. 18, no. 4, pp. 166-181, 2021.

Y. Liu, Z. Qin, M. Elkashlan, Z. Ding, A. Nallanathan, and L. Hanzo, “Non-orthogonal multiple access for 5G and beyond,”
Proc. IEEE, vol. 105, no. 12, pp. 2347-2381, Dec. 2017.

Z. Ding, Y. Liu, J. Choi, Q. Sun, M. Elkashlan, I. Chih-Lin, and H. V. Poor, “Application of non-orthogonal multiple
access in LTE and 5G networks,” IEEE Commun. Mag., vol. 55, no. 2, pp. 185-191, Feb. 2017.

M. F. Hanif, Z. Ding, T. Ratnarajah, and G. K. Karagiannidis, “A minorization-maximization method for optimizing sum
rate in the downlink of non-orthogonal multiple access systems,” IEEE Trans. Signal Process., vol. 64, no. 1, pp. 76-88,
Jan. 2016.

O. Tervo, L.-N. Tran, and M. Juntti, “Optimal energy-efficient transmit beamforming for multi-user MISO downlink,”
IEEE Trans. Signal Process., vol. 63, no. 20, pp. 5574-5588, Oct. 2015.

Z. Ding, F. Adachi, and H. V. Poor, “The application of MIMO to non-orthogonal multiple access,” IEEE Trans. Wireless
Commun., vol. 15, no. 1, pp. 537-552, Jan. 2016.

J. Kim, J. Koh, J. Kang, K. Lee, and J. Kang, “Design of user clustering and precoding for downlink non-orthogonal
multiple access (NOMA),” in Proc. IEEE Military Communications Conference (MILCOM), 2015, pp. 1170-1175.

B. Kim, S. Lim, H. Kim, S. Suh, J. Kwun, S. Choi, C. Lee, S. Lee, and D. Hong, “Non-orthogonal multiple access in
a downlink multiuser beamforming system,” in Proc. IEEE Military Communications Conference (MILCOM), 2013, pp.
1278-1283.

M. Zeng, A. Yadav, O. A. Dobre, and H. V. Poor, “Energy-efficient power allocation for MIMO-NOMA with multiple
users in a cluster,” IEEE Access, vol. 6, pp. 5170-5181, Feb. 2018.

J. Kim, J. Koh, J. Kang, K. Lee, and J. Kang, “Design of user clustering and precoding for downlink non-orthogonal
multiple access (NOMA),” in Proc. IEEE Military Communications Conference (MILCOM), 2015, pp. 1170-1175.

X. Wei, H. Al-Obiedollah, K. Cumanan, M. Zhang, J. Tang, W. Wang, and O. A. Dobre, “Resource allocation technique
for hybrid TDMA-NOMA system with opportunistic time assignment,” in Proc. 2020 IEEE ICC WORKSHOP. IEEE,
2020, pp. 1-7.

W. Dinkelbach, “On non linear fractional programming,” Manage. Sci., vol. 13, no. 7, pp. 492-498, Mar. 1967.

S. Boyd and L. Vandenberghe, Convex Optimization. Cambridge Univ. Press, 2004.

H. Al-Obiedollah, K. Cumanan, A. G. Burr, J. Tang, Y. Rahulamathavan, Z. Ding, and O. A. Dobre, “On energy harvesting
of hybrid TDMA-NOMA systems,” in Proc. IEEE Globecom, 2019.

H. Alobiedollah, K. Cumanan, J. Thiyagalingam, A. G. Burr, Z. Ding, and O. A. Dobre, “Energy efficiency fairness
beamforming design for MISO NOMA systems,” in Proc. IEEE WCNC, 2019.

——, “Sum rate fairness trade-off-based resource allocation technique for MISO NOMA systems,” in Proc. IEEE WCNC,
2019.



[45] M. Grant, S. Boyd, and Y. Ye, “CVX: MATLAB software for disciplined convex programming,” 2008.

23



