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Abstract— This paper focuses on resource allocation in energy-
cooperation enabled two-tier heterogeneous networks (HetNets)
with non-orthogonal multiple access (NOMA), where base sta-
tions (BSs) are powered by both renewable energy sources and
the conventional grid. Each BS can serve multiple users at the
same time and frequency band. To deal with the fluctuation of
renewable energy harvesting, we consider that renewable energy
can be shared between BSs via the smart grid. In such networks,
user association and power control need to be re-designed, since
existing approaches are based on OMA. Therefore, we formulate
a problem to find the optimum user association and power
control schemes for maximizing the energy efficiency of the
overall network, under quality-of-service constraints. To deal
with this problem, we first propose a distributed algorithm
to provide the optimal user association solution for the fixed
transmit power. Furthermore, a joint user association and power
control optimization algorithm is developed to determine the
traffic load in energy-cooperation enabled NOMA HetNets, which
achieves much higher energy efficiency performance than existing
schemes. Our simulation results demonstrate the effectiveness of
the proposed algorithm, and show that NOMA can achieve higher
energy efficiency performance than OMA in the considered
networks.

Index Terms— Non-orthogonal multiple access (NOMA),
HetNets, energy cooperation, user association, power control.

I. INTRODUCTION

IN FIFTH generation (5G) mobile systems, one main goal
is to improve energy efficiency significantly compared to

today’s networks [1]. However, triggered by the proliferation
of mobile internet services and Internet of things (IoT),
a large number of devices will be connected in future wire-
less networks [2]. Indeed, such large level of connectiv-
ity will inevitably give rise to an unprecedented surge in
global energy consumption. The latest analysis shows that the
energy demand for information and communications technol-
ogy already accounts for almost 10% of the world’s total
energy consumption [3]. In addition, critical environmental
issues such as high carbon emissions are a big concern. Hence,
“greener” solutions need to be developed to enhance the
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network energy efficiency. Among the emerging technologies,
energy harvesting is regarded as one viable solution [4].
By allowing base stations (BSs) to harvest energy from renew-
able energy sources such as solar and wind, the conventional
grid energy consumption of wireless networks can be greatly
reduced. Moreover, energy cooperation between BSs via the
smart grid can further improve the utilization of renewable
energy [5].

A. Prior Works and Motivation

Although renewable energy harvesting is a viable solution
for cutting the conventional grid energy consumption in cel-
lular networks, there exist many challenges for integrating
energy harvesting capabilities into BSs [6]. In renewable
energy harvesting enabled networks, BSs will harvest variable
amounts of renewable energy, due to the fluctuating nature
of renewable energy sources. When the renewable energy
harvested by BSs is insufficient to meet their load condi-
tions, some user equipments (UEs) have to be offloaded to
distant BSs with abundant energy and may suffer more from
signal degradation. Moreover, some BSs may always have
excessive harvested energy (e.g., because of more favorable
whether conditions) that will eventually be wasted. Since
the deployment of BSs with large energy storage capabilities
brings high expenditure of networks [7], the energy fluctuation
problem cannot be solely solved by using storage. To tackle
this problem, energy cooperation is introduced as a means for
harvested renewable energy to be shared between BSs during
the energy transmission process [8].

Energy cooperation in the point-to-point transmission sce-
nario has been studied in [5], [8], and [9]. In [9], one-way
energy transfer in the Gaussian two-way channel and multiple
access channel were considered respectively. This line of work
was extended to the two-way case in [5]. The implementa-
tion of energy cooperation in multiple access channels and
multiple access relay networks were studied in [10] and [11],
respectively. In [12], an energy cooperation scheme in cogni-
tive radio networks was proposed to improve both the spectral
and energy efficiency.

Recently, the potential of energy cooperation in renewable
energy enabled cellular networks has been explored, and
various energy-cooperation optimization problems have been
studied. In [7], a joint energy and spectrum allocation problem
between two neighboring cellular systems was formulated,
which aimed to minimize the cost of energy and band-
width, and the problem was solved by convex optimization.
The power control problem between two BSs was considered
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in [13] under the assumption that the harvested energy and the
energy demand of BSs were deterministic. In [14], the energy
cost of cellular networks was minimized with the assumption
that BSs traded energy via the smart grid with different prices.
The work of [15] aimed to maximize the sum rate through
optimizing the transmit powers of BSs in a coordinated
multipoint cluster. In [16], the energy trading problem was
formulated to minimize the average cost of energy exchange
between BSs, and a dynamic algorithm was proposed based on
the Lyapunov optimization technique, which did not require
the statistical knowledge of the channel and energy.

While the aforementioned studies have laid a solid foun-
dation for understanding energy cooperation in renewable
energy enabled networks, existing contributions only have
paid attention to energy cooperation in orthogonal multiple
access (OMA) cellular networks. To the best of our knowledge,
research on energy cooperation in non-orthogonal multiple
access (NOMA) cellular networks has not been conducted.

Multiple access in wireless networks is a technique that
allows multiple users to share available resources such
as time and spectrum based on a specific scheme [17].
System performance can be improved by selecting the mul-
tiple access technology appropriately. In general, there are
two types of multiple access schemes, namely OMA and
NOMA [18]. In OMA systems such as time division multiple
access (TDMA), and orthogonal frequency-division multiple
access (OFDMA), time and spectrum resources are allocated
orthogonally so as to eliminate the interference among users.
The rationale of NOMA is to exploit the power or code domain
in order to save time and frequency resources [18]–[21].
Compared to OMA, NOMA allows BSs to serve multiple users
simultaneously in the same frequency band and can substan-
tially enhance the spectral efficiency. In this paper, we focus
on NOMA in the power domain. In power domain NOMA,
power allocation plays a crucial role for the overall system
performance. In [22], the energy efficiency in a downlink cell
with one BS and multiple users was maximized. An energy
efficiency optimization problem in a multiple-input multiple-
output (MIMO) network with one BS was formulated in [19].
Based on the observation that user’s quality of service (QoS)
in NOMA systems is an important performance indicator,
a dynamic power control scheme in both downlink and uplink
NOMA scenarios was proposed in [23], where the average rate
and outage probability constraints were considered. In [24],
two power control optimization problems were formulated to
minimize the transmit power and maximize the rate fairness,
respectively.

Besides the power allocation problem, existing works such
as [25]–[27] also focused on the joint subchannel assignment
and power control design in NOMA systems. A joint subchan-
nel assignment and power allocation optimization problem
was formulated in [25] to maximize the energy efficiency
of the overall network. In [26], a joint power control and
subcarrier allocation problem was studied to minimize the
overall transmit power. In [27], a suboptimal scheme was
proposed to provide a good solution for maximizing the
overall throughput in the multi-carrier NOMA system with a
single BS.

Although intensive research has been conducted on the
design of NOMA transmission, resource allocation in NOMA
multi-cell networks remains an open problem. Considering the
fact that user association (UA) determines that users should be
connected to a specified BS to form a user group for superpo-
sition transmission [28], the number of users associated with
a BS can have a significant effect on the spectral and energy
efficiency in NOMA multi-cell networks. In addition, power
control is of great importance in such networks, since the
intra-cell interference and inter-cell interference need to be
coordinated. Otherwise the performance of cell edge users will
be significantly degraded [29].

B. Contributions and Organization
While there are many previous studies considering resource

allocation in conventional energy-cooperation enabled OMA
cellular networks, the resource allocation problem in energy-
cooperation enabled NOMA multi-cell networks has not been
addressed, specifically for UA and power control. Meanwhile,
most of existing NOMA works such as [22]–[27] only consider
the case consisting of one BS and a group of users. The effect
of inter-cell interference in practical multi-cell scenarios is not
considered, despite the fact that it has a substantial impact
on the system performance. Although UA and power control
have been studied in conventional OMA cellular networks
such as [30] and [31] and in single-cell NOMA networks
such as [32], existing designs are unsuitable for multi-cell
NOMA networks because multi-cell NOMA transmission
characteristics are not considered. Moreover, current research
on UA with renewable energy harvesting such as [33] and [34]
only focuses on OMA networks without energy cooperation.
In particular, [33], [34] studied how UA can be designed to
cut the energy consumption of the network. To date, UA and
power control solutions in multi-cell NOMA networks have
not been studied. Motivated by this, in this paper, we study the
power control and UA problem in energy-cooperation enabled
two-tier NOMA HetNets. The main contributions of this paper
are summarized as follows:
• We consider the downlink transmissions in energy-

cooperation enabled two-tier NOMA HetNets, where a
high-power macro BS is underlaid with a group of
pico BSs and renewable energy can be shared between
BSs. In such networks, each BS is powered by both
renewable energy sources and the conventional power
grid. A resource allocation problem is formulated for
optimizing the UA, transmit power, transferred energy
between BSs and grid energy consumption, which aims
to maximize the energy efficiency of the overall network
while ensuring the QoS of users.

• We first study UA under fixed transmit powers. A dis-
tributed algorithm is proposed to find an efficient UA
solution based on the Lagrangian dual analysis, which
outperforms its conventional counterpart and a genetic-
algorithm (GA) based UA with fixed population size.
Then, a joint UA and power control algorithm is
proposed to further maximize the energy efficiency.
The performance of the proposed algorithm is com-
pared with different conventional schemes, including the
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Fig. 1. An example of an energy-cooperation enabled two-tier NOMA HetNet
powered by both solar panels and the conventional grid.

fractional transmission power allocation (FTPA), and the
cases without renewable energy or energy cooperation
respectively.

• Our results confirm that the proposed algorithm can
achieve much higher energy efficiency than the conven-
tional schemes. The proposed power control can well
coordinate the intra-cell and inter-cell interference, com-
pared to the existing ones. Moreover, our algorithm can
achieve larger multiuser diversity gains and BS densifi-
cation gains.

The remainder of the paper is organized as follows:
Section II presents the system model and the formulated
problem. Section III describes the proposed resource allo-
cation algorithm under the fixed transmit power. After that,
the resource allocation scheme under the fixed UA scheme
and the proposed joint UA and power control algorithm are
presented in Section IV. Finally, Section V and VI provide
simulation results and the conclusion respectively.

II. NETWORK MODEL AND PROBLEM FORMULATION

In this section, the system model for energy cooperation in
two-tier NOMA HetNets is presented, and the corresponding
joint UA and power control problem is formulated.

A. Downlink NOMA Transmission

As shown in Fig. 1, we consider a two-tier energy-
cooperation enabled HetNet consisting of one macro
BS (MBS) and M pico BSs (PBSs), where NOMA-based
downlink transmission is utilized, and all BSs are assumed
to share the same frequency band. In such a network, BSs are
powered by both the conventional power grid and renew-
able energy sources, and energy can be shared between BSs
through the smart grid. Let m ∈ {1, 2, 3, . . . , M + 1} be

the m-th BS, in which m = 1 denotes the MBS, and the
other values denote PBSs. There are N randomly located user
equipments (UEs) in this network, and each UE is associated
with only one BS. All BSs and UEs are single-antenna nodes.
In this paper, it is assumed that the global perfect channel
state information (CSI) is available. Let j ∈ {1, 2, 3, . . . , N}
index the j -th UE. According to the NOMA scheme [19], [21],
the superimposed signal transmitted by the BS m is sm =

N∑

j=1
x jm

√
Pjms jm with E

[
s jm

(
s jm

)H
]
= 1, ∀m, j , where

x jm ∈ {0, 1} is the binary UA indicator, i.e., x jm = 1 when
the j -th UE is associated with the m-th BS and otherwise it is
zero, s jm is the j -th user-stream and Pjm is the corresponding
allocated transmit power. When the j -th UE is associated with
the m-th BS, its received signal can be expressed as

y jm = h jm
√

Pjms jm + h jm

N∑

j
′=1, j

′ �= j

x j ′m
√

Pj ′ms j ′m

︸ ︷︷ ︸
Intra−cell interference

+
M+1∑

m
′=1,m

′ �=m

hm
′

jm

⎛

⎝
N∑

j ′=1

x j ′m′
√

Pj ′m′ s j ′m′

⎞

⎠

︸ ︷︷ ︸
Inter−cell interference

+�o, (1)

where x j ′m, x j ′m′ ∈ {0, 1}, h jm is the channel coefficient from

the associated BS m, hm
′

jm is the interfering channel coefficient

from the BS m
′
, and �o is the additive white Gaussian

noise. The power density of �o is σ 2. In NOMA systems,
successive interference cancelation (SIC) is employed at UEs,
to cancel the intra-cell interference from the stronger UEs’
data signals. Without loss of generality, assuming that there
are km (km ≤ N) UEs constituting a group that is served by the
m-th BS at the same time and frequency band, the correspond-
ing channel to inter-cell interference plus noise ratios (CINRs)
are ordered as

|h1m |2
I (2)
1m + σ 2

≥ · · · ≥
∣
∣h jm

∣
∣2

I (2)
jm + σ 2

≥ · · · ≥
∣
∣hkm m

∣
∣2

I (2)
km m + σ 2

, (2)

where I (2)
jm is the inter-cell interference power at the j -th UE

and σ 2 is the noise power. Based on the principle of multi-cell
NOMA [19], the power allocation of the users’ data signals
in the m-th cell needs to satisfy

0 ≤ P1m ≤ · · · ≤ Pjm ≤ · · · ≤ Pkm m,

km∑

j=1

Pjm = Pm , (3)

where Pm is the total transmit power of the m-th BS. Such
order is optimal for decoding and guarantees the user fair-
ness [19], namely the data signals of users with weaker
downlink channels and larger interference need to be allocated
more transmit power to achieve the desired QoS. For the
special case of single-cell, i.e., I (2)

jm = 0, (3) reduces to the
order based on the channel power gains, as seen in [21].
Therefore, based on (1), the data rate after SIC at the j -th
UE is given by

τ jm = W log2
(
1+ γ jm

)
, (4)
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where W is the system bandwidth, and γ jm is the signal-to-
interference-plus-noise ratio (SINR) given by

γ jm = Pjm
∣
∣h jm

∣
∣2

∣
∣h jm

∣
∣2

j−1∑

j
′=1

Pj ′m

︸ ︷︷ ︸

I (1)
jm

+
M+1∑

m
′=1,m

′ �=m

∣
∣
∣hm

′
jm

∣
∣
∣
2

Pm′

︸ ︷︷ ︸

I (2)
jm

+σ 2

= Pjm

j−1∑

j
′=1

Pj ′m + (I (2)
jm + σ 2)/

∣
∣h jm

∣
∣2

, j ≤ km (5)

in which I (1)
jm is the remaining intra-cell interference after SIC,

and Pm′ =
N∑

j ′=1

x j ′m′ Pj ′m′ is the total transmit power of the

m
′
-th BS. Although this paper focuses on the single-carrier

system, it can be straightforwardly extended to the multi-
carrier system by letting W be the subcarrier bandwidth and
τ jm multiply the subcarrier indicator to be the data rate of a
subcarrier. Thus, the optimal solution over all subcarriers in
the multi-carrier case can be iteratively obtained by following
the decomposition approach of this paper.

B. Energy Model

Each BS is powered by both the conventional grid and
renewable energy sources. The energy drawn by the m-th BS
from the conventional grid is denoted as Gm . The energy
harvested by the m-th BS from renewable energy sources is
denoted by Em . The energy transferred from BS m to BS m

′

is denoted as Emm′ , and the energy transfer efficiency factor
between two BSs is denoted as βE ∈ [0, 1]. Hence (1 − βE)
specifies the level of energy loss during the energy transmis-
sion process. In addition, we assume that there is no battery to
avoid the time-consuming and expensive energy waste during
the charging/discharging process, and the energy-cooperation
problem in each time slot is independent. We normalize
the time slot length as one to simplify the power-to-energy
conversion. Therefore, the transmit energy consumption at the
m-th BS should satisfy

Pm ≤ Gm + Em + βE

M+1∑

m′=1,m′ �=m

Em′m

︸ ︷︷ ︸
Energy received from other BSs

−
M+1∑

m′=1,m′ �=m

Emm′

︸ ︷︷ ︸
Energy transferred to other BSs

, (6)

where Pm =
N∑

j=1
x jm Pjm is the total transmit power of

the m-th BS.
From (6), we see that in energy-cooperation enabled net-

works, the grid energy consumption of a BS depends on

its harvested renewable energy, transferred energy and trans-
mit power. Given a BS’s transmit power, its grid energy con-
sumption needs to be formulated as a random variable, since
the amount of harvested renewable energy and transferred
energy is uncertain, which is different from the conventional
network without energy cooperation.

C. Problem Formulation

Our aim is to maximize the energy efficiency of such
networks. The energy efficiency (bits/Joule) is defined as the
ratio of the overall network data rate to the overall grid energy
consumption, i.e., the network utility is

U (x, P,EEE, G) =
(M+1∑

m=1

N∑

j=1

x jmτ jm

)
/

M+1∑

m=1

Gm . (7)

In this way, the harvested renewable energy can be maximally
utilized to reduce the grid energy consumption [4]. Therefore,
our problem can be formulated as

P1 : max
x,P,EEE,G

U (x, P,EEE, G)

s.t. C1 :
M+1∑

m=1

x jmτ jm ≥ τmin, ∀ j,

C2 :
M+1∑

m=1

x jm = 1, ∀ j,

C3 : Pm +
M+1∑

m′=1,m′ �=m

Emm′ ≤ Gm +

Em + βE

M+1∑

m′=1,m′ �=m

Em′m , ∀m,

C4 :
N∑

j=1

x jm Pjm = Pm , ∀m,

C5 : x jm ∈ {0, 1} , ∀ j,∀m,

C6 : Gm ≥ 0, Emm′ ≥ 0, ∀ j, ∀m,

C7 : 0 ≤ Pm ≤ Pm
max, Pjm ≥ 0, ∀ j, ∀m, (8)

where x = [
x jm

]
, P = [

Pjm
]
, EEE = [

Emm′
]
, G = [Gm], τmin

denotes the required minimum data rate for a UE, Pm
max is

the maximum transmit power of the BS m. Constraint C1
guarantees the QoS. C2 and C5 ensure that each UE cannot be
associated with multiple BSs. C3 is the energy consumption
constraint and C4 is the power allocation under NOMA
principle in a cell. C6 indicates that the consumed grid energy
and transferred energy are non-negative values, and C7 is the
maximum transmit power constraint.

From the objective of P1 and its constraint C3, we find that
when more renewable energy is harvested and shared between
BSs, the total grid energy consumption of the network can be
reduced, which boosts the energy efficiency.

III. RESOURCE ALLOCATION UNDER

FIXED TRANSMIT POWER

P1 is a mixed integer non-linear programming (MINLP)
problem, and constitutes a challenging problem. In this section,
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we assume that the transmit power is fixed, and accordingly
the original problem P1 can be simplified as

P2 : max
x,EEE,G

U (x,EEE, G)

s.t. C1, C2, C3, C4, C5, C6. (9)

The problem P2 is still a combinatorial problem due to its
discrete nature. To efficiently solve it, we adopt a decomposi-
tion approach. For a given G and EEE, the above problem can
be rewritten as

P2.1 : max
x

U (x)

s.t. C1, C2, C4, C5. (10)

A. Lagrangian Dual Analysis
Based on P2.1, the Lagrangian function can be written as

L (x,λ, θ) = U (x)−
N∑

j=1

λ j

(

τmin −
M+1∑

m=1

x jmτ jm

)

−
M+1∑

m=1

θm

⎛

⎝
N∑

j=1

x jm Pjm − Pm

⎞

⎠, (11)

where λ j and θm are the non-negative Lagrange multipliers.
Then, the dual function is given by

g (λ, θ) =
{

max
x

L (x,λ, θ)

s.t. C2, C5,
(12)

and the dual problem of P2.1 is expressed as

min
λ,θ

g (λ, θ) . (13)

Given the dual variables λ j and θm , the optimal solution for
maximizing the Lagrangian w.r.t. x is

x∗jm =
{

1, if m = m∗

0, otherwise,
(14)

where m∗ = argmax
m

(
μ jm

)
with

μ jm = τ jm/

M+1∑

m=1

Gm + λ j τ jm − θm Pjm . (15)

The solution of (14) can be intuitively interpreted based
on the fact that given the grid energy consumption, users
select BSs which provide the maximum data rates. Since the
objective of the dual problem is not differentiable, we utilize
the subgradient method to obtain the optimal solution (λ∗, θ∗)
of the dual problem, which is given by

λ j (t + 1)=
[

λ j (t)− δ (t)

(
M+1∑

m=1

x jmτ jm − τmin

)]+
, (16)

θm (t + 1)=
⎡

⎣θm (t)− δ (t)

⎛

⎝Pm −
N∑

j=1

x jm Pjm

⎞

⎠

⎤

⎦

+
, (17)

where [a]+ = max {a, 0}, t is the iteration index, and
δ (t) is the step size. Note that there exist several step
size selections such as constant step size and diminishing

step size. Here, we use the nonsummable diminishing step
length [37].

After obtaining the optimal (λ∗, θ∗) based on (16) and (17),
the corresponding x is the solution of the primal problem P2.1.
Therefore, based on the Lagrangian dual analysis, UA can be
determined in a centralized or distributed way. The centralized
UA is intuitive, and requires a central controller, which has
the global CSI and determines which user is connected to a
BS in this network. In this paper, we propose a distributed UA
algorithm which does not require any centralized coordination,
as summarized in Algorithm 1. Since our problem satisfies the
conditions of the convergence proof in [37], the convergence
of the proposed algorithm is guaranteed. The complexity of
the proposed algorithm is O ((M + 1)N) for each iteration
and the convergence is fast (less than 40 iterations in the
simulation), which is much lower than the brute force algo-
rithm O

(
(M + 1)N

)
. Note that the broadcast operations have

negligible effect on computational complexity.

B. Genetic Algorithm
In this subsection, we develop a GA-based UA to solve

the problem P2.1. Such algorithm will be compared with
the proposed Algorithm 1. GA can achieve good performance

Algorithm 1 Distributed User Association

Step 1: At user side
1: if t = 0
2: Initialize λ j (t), ∀ j . Each UE measures its received

inter-cell interference via pilot signal from all BSs,
and feedbacks the CINR values to the corresponding
BSs. Meanwhile, each UE selects the BS with the
largest CINR value.

3: else
4: User j receives the values of μjm and τjm from BSs.
5: Determines the serving BS m according to

m∗ = argmax
m

(
μ jm

)
.

6: Update λ j (t) according to (16).
7: end if
8: t ← t + 1.
9: Each user feedbacks the UA request to the chosen BS,

and broadcasts the value of λ j (t).

Step 2: At BS side
1: if t = 0
2: Initialize θm(t), ∀m.
3: else
4: Receives the updated user association matrix x.
6: Updates θm(t) according to (17), respectively.
7: Each BS calculates μ jm and τ jm under NOMA

principle.
8: end if
9: t ← t + 1.
10: Each BS broadcasts the values of μ jm and τ jm .

when the population of candidate solutions is sufficient [38].
Specifically, each feasible chromosome represents a possible
solution that satisfies the constraints of problem P2.1, which
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is defined as

Di = {[m1i ] , [m2i ] , . . . , [mNi ]} , i ∈ {1, . . . , K }, (18)

where m ji is the gene representing the index of the BS that
the j -th UE is associated with, and it has an integer value
varying from 1 to M+1, and K is the population size. During
each generation, the fitness of each chromosome is evaluated,
to select high fitness chromosomes and produce higher fitness
offsprings. Based on the objective of problem P2.1, the fitness
value of the chromosome Di is calculated as


i (Di ) = U (Di ) . (19)

Then, all chromosomes are ranked from the best to the worst
with ranking r , based on their fitness values. The probability
that a chromosome is selected as a parent to produce offspring
is given by ρs (r) = q(1−q)r−1

1−(1−q)K with a predefined value q [38].
In each generation process, a uniform crossover operation with
the probability ρc is utilized to produce offspring by swapping
and recombining genes based on the parental chromosomes.
In addition, a uniform mutation operation with the probabil-
ity ρm is employed. Such generation procedure is repeated
until reaching the maximum number of generations, and is
summarized in Algorithm 2. Given the maximum number of
generations � and fixed population size K , the complexity
of the proposed algorithm is O (�K log(K )) [39]. The per-
formance of the GA-based UA algorithm heavily depends
on the population size and number of generations, due to
the inherent nature of GA [38]. In the simulation results of
Section V, we will demonstrate that overall, the proposed
Algorithm 1 outperforms GA-based Algorithm 2 when the
population size of GA is not very large, and thus has lower
complexity.

Algorithm 2 Genetic Algorithm-Based User Association
Algorithm

1: if t = 0
2: Initialize a set of feasible chromosomes {Di } with

population size K , and the maximum number of
generations tmax.

3: else
4: Rank {Di } based on the fitness values given by (19).
5: Based on the selection probability ρs(r), chromosomes

are selected to produce offspring via uniform crossover
and mutation operations.

6: if exceed the maximum number of generations
7: x∗jm :=

{
D∗i

}
, where

{
D∗i

}
is the feasible

chromosome with the highest fitness value.
8: break
9: else
10: t ← t + 1.
11: end if
12: end if

The aforementioned approach provides UA solutions for
problem P2.1. After obtaining the UA solution x =

[
x∗jm

]
,

the corresponding pair (G,EEE) is obtained by solving the

following simple linear programming (LP):

P2.2 : min
EEE,G

M+1∑

m=1

Gm

s.t. C3, C6. (20)

The problem P2.2 can be efficiently solved by using existing
software, e.g. CVX [40].

When no energy cooperation is allowed, i.e., Emm′ = 0,
∀ j,∀m, the optimal grid energy consumption G of problem
P2.2 under the UA solution x =

[
x∗jm

]
is directly obtained as

G∗m = [Pm − Em]+ , (21)

where Pm =
N∑

j=1
x∗jm Pjm .

Based on the solutions of subproblems P2.1 and P2.2,
we propose an iterative algorithm to solve the problem P2,
which is summarized in Algorithm 3.

Algorithm 3 Resource Allocation Algorithm Under Fixed
Transmit Power

1: if t = 0
2: For a fixed P, initialize Gm,∀ j, m.
3: else
4: Determine x jm(t) under fixed (EEE, G) by selecting the

user association algorithm from Algorithm 1 or
Algorithm 2.

5: Given x jm(t), update the energy allocation policy
(EEE, G) by solving the LP P2.2 via CVX.

6: if convergence
7: Obtain optimal resource allocation policy (x∗,EEE∗,G∗).
8: break
9: else
10: t ← t + 1.
11: end if
12: end if

IV. RESOURCE ALLOCATION UNDER POWER CONTROL

In this section, we consider the joint resource allocation and
power control design. Specifically, we develop an algorithm
to solve the MINLP problem P1 through the decomposition
approach. As discussed in the previous section, we first deter-
mine the UA indicators given the resource allocation policy
(P,EEE, G), which can be obtained by solving problem P2.1 via
Algorithm 1 or Algorithm 2. Then, under a fixed UA

{
x jm

}
,

the problem for optimizing (P,EEE, G) is written as

P3 : max
P,EEE,G

U (P,EEE, G)

s.t. C1, C3, C4, C6, C7. (22)

From the utility function, we find that the power allocation
vectors P and G are coupled in the objective of problem P3.
Thus, given G and EEE, the above problem can be decomposed
into

P3.1 : max
P

M+1∑

m=1

N∑

j=1

x jmτ jm

s.t. C1, C3, C4, C7. (23)
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Problem P3.1 is non-convex. Hence we provide a tractable
suboptimal solution based on the Karush-Kuhn-Tucker (KKT)
conditions. The Lagrangian function of problem P3.1 is

L (P, ν,χ) =
M+1∑

m=1

N∑

j=1

x jmτ jm

−
N+1∑

j=1

χ j

(
τmin −

M+1∑

m=1

x jmτ jm

)

−
M+1∑

m=1

νm

( N∑

j=1

x jm Pjm − ϕm

)
, (24)

where ϕm = min
{

Gm + Em + βE
M+1∑

m′=1,m′ �=m

Em′m −
M+1∑

m′=1,m′ �=m

Emm′ , Pm
max

}
according to constraints C3 and C7,

and χ j and νm are the non-negative Lagrange multipliers.
Without loss of generality, assuming that the j -th UE is

associated with the BS m, i.e., x jm = 1, based on the KKT
conditions, we have

∂L

∂ Pjm
= (

1+ χ j
)
(

W� jm

1+ Pjm� jm

)

− �
(1)
jm −�

(2)
jm − νm log(2) = 0, (25)

where � jm = |h jm|2
I (1)

jm+I (2)
jm+σ 2

is referred to as the channel to inter-

ference plus noise ratio at the j -th UE. Based on (3) and (5),
�

(1)
jm resulting from the intra-cell interference is given by

�
(1)
jm =

km∑

�> j
(1+ χ�)

Wγ�m
1+γ�m

�lm , (26)

and �
(2)
jm resulting from the inter-cell interference is given by

�
(2)
jm=

M+1∑

m′=1,m′ �=m

N∑

j ′=1

(
1+χ j ′

)
x j ′m′Wγ j ′m′

∣
∣
∣hm

j ′m′
∣
∣
∣
2

(
1+γ j ′m′

) (
I (1)

j ′m′ + I (2)

j ′m′ +σ 2
) . (27)

Based on (25), the transmit power allocated to the j -th user-
stream in the m-th cell is obtained as

P∗jm =
[ (1+ χ j )W

�
(1)
jm +�

(2)
jm + νm log(2)

− 1

� jm

]+
. (28)

In (28), the allocated transmit power is a monotonic
function of νm . As such, given

{
χ j

}
, we adopt a one-

dimension search over the Lagrange multipliers {νm}, which
can efficiently obtain the optimal ν∗ that satisfies con-
straints C3 and C7. According to (28), we can easily
find that ν∗m needs to satisfy 0 ≤ ν∗m ≤ νmax

m , where

νmax
m = max

j

{ (
(1+ χ j )W� jm −�

(1)
jm −�

(2)
jm

)
/ log(2)

}
.

Here, ν∗m = 0 represents that there is no limitation about
the transmit power of the j -th user-stream and ν∗m = νmax

m
corresponds to the case that no transmit power is allocated
to the j -th user-stream. Thus, by fixing

{
χ j

}
, ν∗ can be

obtained by using Algorithm 4. For achieving a specific
accuracy ς , the complexity of Algorithm 4 is O (log (1/ς)).

Algorithm 4 One-Dimension Search Algorithm

1: if t = 0
2: Given χ j , initialize νl

m = 0, νh
m = νmax

m , ∀m,

and calculate Fl =
N∑

j=1
x jm P∗(l)jm and

Fh =
N∑

j=1
x jm P∗(h)

jm , where
{

P∗(l)jm

}
and

{
P∗(h)

jm

}
are

the allocated transmit powers of the j -th UE’s data
stream for the cases of νl

m and νh
m respectively,

which are calculated by using (28).
3: else
4: while Fl �= ϕm and Fh �= ϕm

5: Let νm = νl
m+νh

m
2 , and compute Fm .

6: if Fm = νm

7: The optimal dual variable ν∗m is obtained.
8: break
9: elseif Fm < ϕm

10: νh
m = νm .

11: else Fm > ϕm

12: νl
m = νm .

13: end if
14: end while
15: end if

After obtaining ν∗, the Lagrange multiplier χ j can be updated
by using the subgradient method, which is similar to (16).

To ensure the system stability, we utilize the Mann iterative
method to update the transmit power in each iteration [41],
which is given by

P(�+1)
jm = (1− η(�))P(�)

jm + η(�)P∗jm, (29)

where � is the iteration index, 0 < η(�) < 1 is the step size,
which is usually chosen as η(�) = �

2�+1 . After obtaining the
optimal solution of problem P3.1, the corresponding (G,EEE)
can be updated by solving the LP problem P2.2 via CVX.
As such, the solution of problem P3 can be iteratively
obtained. Note that the convergence of KKT-based algorithm
is usually faster than the gradient-based designs [42].

Based on the previous analysis, the proposed joint UA and
power control scheme in energy-cooperation enabled NOMA
HetNets is summarized in Algorithm 5.

A. Comparison With FTPA

In 4G networks FTPA scheme is adopted [19]. The rule
of FTPA is that the transmit power will be allocated based
on the UEs’ channel conditions, i.e., the data signals of UEs
with weaker downlink channels will own more transmit power.
Based on the CINR order in (30), the transmit power allocated
to the j -th UE’s data stream in the m-th cell under FTPA
protocol is expressed as [19]

Pjm = Pm

( ∣
∣h jm

∣
∣2

I (2)
jm + σ 2

)−α

/

N∑

l=1

xlm

(
|hlm |2

I (2)
lm + σ 2

)−α

, (30)

where 0 ≤ α ≤ 1 is the decay factor. Here, α = 0
represents equal power allocation. For larger α, the transmit



XU et al.: RESOURCE ALLOCATION IN ENERGY-COOPERATION ENABLED TWO-TIER NOMA HetNets 2765

Algorithm 5 Joint User Association and Power Control

1: if t = 0
2: Initialize Pm , Gm , Em,∀m
3: else
4: Determine x jm(t) under (P, G,EEE) by selecting the user

association algorithm from Algorithm 1 or Algorithm 2.
5: Given x jm(t) and the corresponding (G,EEE), update

the transmit power P based on the following rule:
Loop:

a) Given �
(2)
jm , loop over UE j :

i): Obtain
{
ν∗m

}
using Algorithm 4 given

{
χ j

}

ii): Obtain Pjm according to (28) with
{
ν∗m, χ j

}
.

iii): Update
{
χ j

}
using subgradient method.

iv): Update Pjm using (29).
Until convergence.

b) Update �
(2)
jm using (27).

Until convergence.
6: Based on the updated P, update Gm and Emm′ by

solving LP problem P2.2 via CVX.
7: if convergence
8: Obtain optimal resource allocation policy

(x∗, P∗,EEE∗, G∗).
9: break
10: else
11: t ← t + 1.
12: end if
13: end if

power allocated to the data-stream of the user with largest
CINR becomes lower, and more power will be allocated to
the data-stream of the user with the lowest CINR, in order to
achieve the user-fairness and the optimal decoding. However,
the detrimental effect of using such simple power allocation
scheme is that distant users may receive severer inter-cell
interference without power control among BSs, due to the fact
that each BS has to assign larger transmit power to the far-
away users. Therefore, compared to the single-cell NOMA
case [21], the inter-cell interference has a significant impact
on the power allocation of multi-tier NOMA HetNets.

B. Comparison With No Renewable Energy
When there is no renewable energy harvesting

(i.e., Em = 0, ∀m), no renewable energy can be shared
between BSs (i.e., Emm′ = Em′m = 0, ∀m, m

′
), and thus the

required energy can only be supplied by the conventional grid.
In this case, Pm = Gm , ∀m, and the original problem P1
reduces to

P4 : max
x,P

M+1∑

m=1

N∑

j=1
x jmτ jm

M+1∑

m=1

N∑

j=1
x jm Pjm

s.t. C1, C2, C4, C5, C7. (31)

The above problem is non-linear fractional programming
and NP-hard, which can be solved by using the proposed
Algorithm 5 with Em = 0 and Emm′ = Em′m = 0.

TABLE I

SIMULATION PARAMETERS

C. Comparison With No Energy Cooperation

In this case, the energy transfer efficiency βE is set to 0,
which means that the harvested renewable energy cannot
be transferred between BSs. Each BS is powered by the
conventional grid and its harvested renewable energy, i.e., the
transmit energy consumption at a BS needs to satisfy Pm ≤
Gm + Em, ∀m. Then, the proposed Algorithm 5 can still
be applied to solve this problem, and during each iteration,
the grid energy consumption is updated as Gm = [Pm − Em]+
based on the updated Pm .

V. SIMULATION RESULTS

In this section, we present numerical results to demonstrate
the effectiveness of the proposed algorithm compared with
other schemes as well as the conventional counterpart. Since
the renewable energy arrival rate changes slowly in prac-
tice and is stationary at each information transmission time
slot [44], we consider the amounts of harvested energy at the
MBS and PBSs to be constant and each PBS has the same
level of renewable energy during each transmission time slot
for the sake of simplicity. Our analysis and proposed algorithm
are independent of the specific renewable energy distribution.
In the simulation, we focus on the large-scale channel fading
condition in low mobility environment, due to the fact that UA
is carried out in a large time scale and the small-scale fading
can be averaged out [33], [34]. In addition, PBSs and UEs are
uniformly distributed in a macrocell geographical area. The
basic simulation parameters are shown in Table I.

A. User Association Under Fixed Transmit Power

In this subsection, we study different UA algorithms
under fixed transmit power, i.e., power control is unavailable
at BSs. Based on the NOMA power allocation condition
in (3), we consider that the total transmit power at each BS
is Pm = Pm

max, and adopt an arithmetic progression power allo-
cation approach for the sake of simplicity, namely the transmit
power of the j -th user’s data signal is Pjm = 2 j

km (1+km ) Pm,
j ∈ {1, 2, 3, . . . , km} when km users are multiplexed in
the power domain of the m-th cell. We also provide the
comparison with the conventional Reference Signal Received
Power (RSRP) based UA. The aim of this subsection is to
show the performance for different UA algorithms under the
same fixed power allocation condition.

Fig. 2 shows the energy efficiency versus the number of
UEs with the number of PBSs M = 6 and the energy transfer
efficiency factor βE = 0.9. We set the minimum QoS as
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Fig. 2. Energy efficiency versus the number of UEs for different UA
algorithms.

τmin = 0.1 bits/s/Hz and the amount of energy harvested by
MBS and PBS as 37 dBm and 27 dBm, respectively.1 The
maximum number of generations for the GA-based UA is 10,
q = 0.1, and ρc = ρm = 0.4. The proposed UA scheme
with NOMA achieves better energy efficiency than the other
cases. The energy efficiency increases with the number of UEs
because of the multiuser diversity gain (i.e., different users
experience different path loss, and more users with lower path
loss help enhance the overall energy efficiency.) [35]. The use
of NOMA outperforms OMA. By using the GA-based UA,
the energy efficiency slowly increases with the number of UEs,
due to the fact that the efficiency of the GA-based algorithm
depends on the population size [38]. In other words, given
the population size (e.g., K = 200 in this figure), the GA
algorithm may not obtain good solutions when the number of
UEs grows large, which indicates that larger populations of
candidate solutions is needed [38].

Fig. 3 shows the energy efficiency versus the number of
PBSs with the number of UEs N = 40 and the energy transfer
efficiency factor βE = 0.9. We set the minimum QoS as
τmin = 0.1 bits/s/Hz and the amount of harvested energy at
MBS and PBS as 37 dBm and 27 dBm, respectively. The
maximum number of generations for GA is 10, q = 0.1, and
ρc = ρm = 0.4. NOMA achieves higher energy efficiency than
OMA, since NOMA can achieve higher spectral efficiency.
The proposed UA algorithm outperforms the other cases,
and the performance gap between the proposed UA and the
conventional RSRP-based UA is larger when deploying more
PBSs, due to the fact that the proposed UA can achieve more
BS densification gains [36]. For the GA-based UA algorithm
with the population size K = 600, solutions are inferior when
the number of PBSs is large, as larger populations of candidate
solutions are needed [38].

1In real networks, the renewable energy generation rate is constant during a
certain period, and the time scale of the UA and power control process is much
shorter, typically less than several minutes [33], [34]. In addition, the amount
of energy harvested by a MBS is usually larger than that at a PBS, since MBS
can fit larger solar panel [34], [45].

Fig. 3. Energy efficiency versus the number of PBSs for different UA
algorithms.

Fig. 4. Energy efficiency versus the number of PBSs for different power
allocation policies.

B. Power Control Under Fixed User Association

In this subsection, we consider three power alloca-
tion schemes, namely the power control method proposed
in Section IV, FTPA and the conventional fixed transmit power,
to confirm the advantages of our proposal. We adopt the
conventional RSRP-based UA in the simulation, and all the
considered cases experience the same UA condition. In addi-
tion, BSs use their maximum transmit powers in the OMA
scenario, and the total transmit power of each BS for FTPA
is set as Pm = Pm

max, m ∈ {1, 2, 3, . . . , M + 1}.
Fig. 4 shows the energy efficiency versus the number of

PBSs with the number of UEs N = 50 and the energy
transfer efficiency factor βE = 0.9. We set the minimum QoS
as τmin = 1 bits/s/Hz and the amount of energy harvested
by MBS and PBS as 37 dBm and 27 dBm, respectively.
We see that by using NOMA with the proposed power control,
energy efficiency rapidly increases with the number of PBS.
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Fig. 5. Energy efficiency versus energy transfer efficiency factor for different
power allocation policies.

The proposed algorithm achieves better performance than the
other cases. When deploying more PBSs, the performance gap
between the proposed solution and the other cases is larger,
which indicates that the proposed power control algorithm can
achieve more BS densification gains and efficiently coordinate
the inter-cell interference. When the number of PBSs is not
large, NOMA with FTPA can outperform the conventional
OMA case, since NOMA can achieve better spectral efficiency
than OMA [21]. However, when adding more PBSs, NOMA
with FTPA may not provide higher energy efficiency. The
reason is that more UEs will be offloaded to picocells, and
the inter-cell interference will become severer, which means
that the transmit power of each user-stream needs to be
larger to combat the inter-cell interference. As suggested
in Section IV-A, FTPA with α = 0 achieves higher energy
efficiency of the network than the α = 0.7 case, since the
data-streams for UEs with poorer channel condition (i.e., lower
CINR) have to be allocated more power in the case of FTPA
with α = 0.7, which reduces the total throughput of the
network under the same energy consumption.

Fig. 5 shows the energy efficiency versus the energy transfer
efficiency factor βE with the number of PBSs M = 3 and
the number of UEs N = 40. We set the minimum QoS to
τmin = 1 bits/s/Hz and the amount of harvested energy at
MBS and PBS to 40 dBm and 35 dBm, respectively. Compared
to the no energy-cooperation case (i.e., βE = 0), the use
of energy cooperation can enhance the energy efficiency,
particularly when the energy transfer efficiency factor is large.
The implementation of NOMA can achieve higher energy
efficiency than the conventional OMA system because of
higher spectral efficiency, and the proposed power control
algorithm outperforms the other cases. Moreover, the energy
efficiency grows at a much higher speed when applying the
proposed algorithm. For a specified βE , FTPA with α = 0
achieves higher energy efficiency of the network than the
α = 0.7 case, as suggested in Fig. 4.

Fig. 6 shows the tradeoff between the energy efficiency and
the minimum QoS with the number of PBSs M = 3 and the

Fig. 6. Tradeoff between the energy efficiency and the minimum QoS for
NOMA and OMA.

number of UEs N = 30. We set the energy transfer efficiency
factor to βE = 0.9 and the amount of energy harvested by
MBS and PBS to 37 dBm and 27 dBm, respectively. For
a given minimum QoS, the proposed power control under
NOMA achieves higher energy efficiency than conventional
OMA. When better QoS is required by the UE, energy
efficiency of both NOMA and OMA cases decreases. The
reason is that for the proposed solution, more transmit power
will be allocated to the UEs with lower CINRs to achieve such
minimum QoS, which results in more energy consumption; for
conventional OMA, it means that more users cannot obtain the
desired QoS and have to experience outage. We see that energy
efficiency decreases significantly in the low minimum QoS
regime, because many UEs receive low QoS and increasing
the level of the minimum QoS means that these UEs cannot
be served. In practice, the minimum QoS can be found in an
off-line manner [46].

C. Joint User Association and Power Control

In this subsection, we examine the benefits of joint UA
and power control design in energy-cooperation enabled
NOMA HetNets. We also present comparisons by consider-
ing different power allocation schemes with the conventional
RSRP-based UA. In the OMA scenario, transmit power at the
BS is set to Pm = Pm

max in the OMA scenario.
Fig. 7 shows the energy efficiency versus the number of

UEs with the number of PBSs M = 5 and the energy transfer
efficiency factor βE = 0.9. We set the minimum QoS as
τmin = 0.5 bits/s/Hz and the amount of harvested energy
at MBS and PBS as 32 dBm and 22 dBm, respectively.
We see that the proposed joint UA and power control algo-
rithm achieves higher energy efficiency than the other cases,
and significantly improves the performance when more UEs
are served in the network. The reason is that the proposed
algorithm is capable of obtaining larger multiuser diversity
gains. The use of NOMA can obtain higher energy efficiency
than the OMA case, due to NOMA’s capability of achieving
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Fig. 7. Energy efficiency versus the number of UEs for different joint UA
and power allocation designs.

Fig. 8. Energy efficiency versus the number of PBSs for different joint UA
and power allocation designs.

higher spectral efficiency. Additionally, when equal power
allocation is adopted in NOMA HetNets with the conventional
RSRP-based UA, energy efficiency decreases with increasing
the number of UEs of the network, which can be explained
by the fact that given the total transmit power of a BS,
the transmit power allocated to the data-streams of the UEs
with better channel condition reduces when more UEs are
served simultaneously.

Fig. 8 shows the energy efficiency versus the number of
PBSs with the number of UEs N = 50 and the energy transfer
efficiency factor βE = 0.9. We set the minimum QoS as
τmin = 0.1 bits/s/Hz and the amount of energy harvested by
MBS and PBS as 37 dBm and 27 dBm, respectively. The
proposed design outperforms the other cases. By using the
proposed joint UA and power control with NOMA, the energy
efficiency significantly increases with the PBS number, since

the proposed design can obtain more BS densification gains.
Again, the use of NOMA achieves better performance than
OMA. For the case of RSRP-based UA with NOMA and equal
power allocation, energy efficiency decreases with increasing
the number of PBSs, because the inter-cell interference has a
big adverse effect on the NOMA transmission [29].

VI. CONCLUSION AND FUTURE WORK

This paper studied UA and power control in energy-
cooperation aided two-tier HetNets with NOMA. A distributed
UA algorithm was proposed based on the Lagrangian dual
analysis, which does not require a central controller. Then,
we proposed a joint UA and power control algorithm which
achieves higher energy efficiency performance than the exist-
ing schemes. The proposed power control algorithm satisfies
the KKT optimality conditions. Simulation results demonstrate
the effectiveness of the proposed algorithms. The results
showed that the proposed algorithm can efficiently coordinate
the intra-cell and inter-cell interference and has the capability
of exploiting the multiuser diversity and BS densification. The
application of NOMA can achieve larger energy efficiency
than OMA due to the higher spectral efficiency of NOMA.

To further extend this line of work, other UA optimization
designs in multi-cell NOMA networks such as proportional
fairness or max-min fairness would be of interest, and they
are not trivial extensions since the optimization problems
involved will be distinct. Moreover, imperfect CSI can have
a substantial effect on outage probability and average data
rate in NOMA networks, as analyzed in [47]. One of the
challenges for optimization designs under imperfect CSI is
that error propagation occurs since intra-cell interference
cannot be perfectly canceled. Therefore, robust optimization
designs need to be developed in multi-cell NOMA networks.
In addition, the application of MIMO technology in NOMA
networks is another important research area, which can signif-
icantly improve the performance gain [21]. In MIMO-NOMA
networks, inter-user pair/group interference can deteriorate
the performance, as analyzed in [21] and [48]. Therefore,
how to mitigate the inter-user pair/group interference is cru-
cial. Currently, UA and power control solutions in multi-cell
MIMO-NOMA networks are not available, and more research
efforts need to be made in this area.
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