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Abstract—Non-orthogonal multiple access (NOMA) in
heterogeneous network (HetNet) is a very promising scheme to
meet the exponential growth of mobile data in the next years.
However, since wireless networks are becoming more and more
dense, the energy consumption problem becomes increasingly
severe. Therefore, it is necessary to design novel energy efficiency
(EE) maximization technologies under the constraint of limited
energy supply. This paper investigates the resource optimization
problem of NOMA heterogeneous small cell networks with
simultaneous wireless information and power transfer (SWIPT).
By decoupling subchannel allocation and power control, a
low-complexity subchannel matching algorithm is designed.
Furthermore, to maximize the energy efficiency, a power
optimization algorithm is proposed using the Lagrange dual
theory. Aiming at the power allocation problem, the original
non-convex and non-linear energy efficiency optimization
problem is transformed into a standard one. Simulation results
demonstrate the effectiveness and convergence of the proposed
optimization scheme in terms of system energy efficiency.

Index Terms—Energy efficiency, energy harvesting, HetNets,
resource allocation, NOMA.

I. I NTRODUCTION

The widespread adoption of mobile devices has led to an
enormous increase in data traffic and number of mobile users.
However, due to the limited resources of wireless networks, it
is difficult to meet the huge service requirements of massive
users. Therefore, the concept of heterogeneous small cell
networks is one of the major objectives in the design of future
wireless networks. Compared to traditional cellular networks,
they increase the system spectral efficiency (SE) by adding
small cells in the macro cell area [1]. The macro cell can
guarantee the coverage of the HetNets, while small cells can
improve their throughput [2]. Small base stations (SBSs),
which are convenient to deploy, can well fit to the different
service requirements [3]. In a HetNet environment, where
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multiple types of wireless nodes coexist, users choose to access
the appropriate network in order to improve the quality of
service (QoS) [4]. However, the coexistence of various types of
networks will cause serious interference, while a large number
of SBSs and users will also increase the energy consumption
[5].

In a HetNet, the transmission power of SBS is generally
small, which makes the users to be highly susceptible to
interference [6]. Considering that some SBSs can be used for
a specific period of time (such as workdays), these BSs are
still in operation out of these time periods, which consumes
unnecessary energy [7]. According to [8], most of the energy
in the wireless network is consumed by the BSs. Therefore,
reducing interference and improving energy efficiency are very
important aspects for HetNets.

In order to improve the network energy efficiency, sev-
eral emerging technologies and effective resource allocation
schemes have been proposed. Taking into account environ-
mental and financial factors, the authors in [9] explored the
characteristics of energy-saving design by distributing back-
haul bandwidth resources in HetNets. Furthermore, the BS
sleep mode was proposed in [10], where partial spectrum
reuse was applied to increase the coverage of HetNets and
improve network EE. In [11], the EE and content caching in
heterogeneous networks were studied, by using the concept of
maximum distance separable in order to code to achieve the
trade-off between backhaul rate and energy consumption.

For jointly maximizing SE and EE, the authors in [12]
proposed the inter-layer frequency division multiplexing and
adopted the proportional fair resource allocation in order to
ensure fairness among the users. Furthermore, non-orthogonal
multiple access technology (NOMA) enabled multi-user mul-
tiplexing on the power domain [13], that is, one channel
can be occupied by multiple users simultaneously, thereby
improving the network EE [14]. In order to separate the users
on the same channel, NOMA used successive interference
cancelation (SIC) at the receiver, where the signals were
ranked according to the power or channel gain [15]. Existing
research was show that adopting NOMA in HetNets can
optimize the network performance [16]. By exploiting the
non-cooperative game theory, the authors in [17] proposed a
low complexity channel allocation algorithm and transformed
the power allocation problem into a convex one, while it
was proved that NOMA provided higher EE. In [18], the
authors analysed the coverage and throughput for cooperative
and non-cooperative schemes and proposed non-cooperative
coordinated joint transmission NOMA, which can improve
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coverage and throughput in HetNets.
In order to achieve the efficient utilization of energy re-

sources and simultaneously to ensure the QoS, we use si-
multaneous wireless information and power transfer (SWIPT)
in NOMA based HetNets. SWIPT is a technique which can
decrease the energy cost of wireless networks and signifi-
cantly reduce the network energy expenditure, through energy
harvesting [19], [20]. In [21], the authors considered the
application of energy harvesting in HetNets with imperfec-
t channel state information. Then, they introduced a non-
cooperative game to optimize the resource allocation problem.
In [22], the authors combined SWIPT with multi-hop wireless
transmission by proposing an energy-aware routing algorithm,
which could effectively utilize the resources and reduce energy
consumption. Finally, a resource allocation scheme for Device-
to-Device communication networks with energy harvesting
was proposed in [23] and an algorithm that could optimize
the average link energy efficiency was designed, through
Dinkelbach and Lagrange dual methods. However, to the
best of the author’s knowledge, the subchannel allocation and
power optimization with consideration of cross-tier interfer-
ence mitigation and system EE, have not been investigated in
SWIPT enabled NOMA heterogenous networks. Therefore, in
this paper, we investigate the resource allocation in NOMA
based HetNets, by considering energy harvesting and taking
into account the cross-tier interference from the SBSs to the
macro base station (MBS). In order to solve this problem, we
use the Lagrangian dual decomposition theory and derive a
closed-form expression for the user power allocation. Then,
an iterative method is utilized to optimize the system EE,
and a distributed subchannel matching and power optimization
algorithm is proposed. Specifically, in this paper, we extend
the system modeling and resource optimization presented in
[24] and analyze the complexity of the optimization algorithm.
Finally, we provide a detailed complexity analysis and more
simulation results.

The main contributions of this paper can be summarized as
follow:

• We formulate the energy efficient optimization problem
for a NOMA based HetNets with energy harvesting.
Because of the limited available energy at the BS nodes,
we consider the use of energy harvesting from the en-
vironment. At the same time, we consider the factors
which affect the system EE, including QoS requirements,
maximum power constraints, and cross-tier interference.
Moreover, an EE maximization framework with multiple
constraints is proposed.

• A low-complexity distributed subchannel and power al-
location scheme is designed for energy efficiency max-
imization. Considering that the initial energy efficiency
optimization problem is non-convex and non-linear, an
approximate convex transformation is introduced, which
can convert the objective function into an equivalent
subtractive form. The subchannel matching problem and
the power allocation problem are separately optimized,
thereby reducing the computational complexity.

• We propose a HetNet energy-efficient optimization algo-
rithm with quick convergence. According to the quality
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Fig. 1. NOMA based HeNets with energy harvesting.

of the channel condition and Lagrangian dual decompo-
sition theory, the subchannel and power allocation are
optimized. Then, an iterative method is used to update
the energy efficiency. The energy efficiency can converge
through several iterations. Finally, the simulation results
verify the convergence of the proposed algorithm.

The rest of this paper is organized as follows: The model
of NOMA HeNets with energy harvesting and the problem of
energy efficiency optimization are presented in Section II. In
Section III, the algorithm for subchannel allocation and energy
optimization is provided, while in Section IV, an iterative
energy optimization algorithm is proposed and its complexity
is analyzed. Section V shows the simulation results of the
proposed algorithms, and this paper is summarized in Section
VI.

The following notation is adopted in the rest of the paper.
Let lowercase bold font and uppercase bold font denote
vectors and matrices, respectively.|·| denotes the absolute
value of a complex-valued scalar.(·)(x) donates the value of
the variable under thex-th iteration, where(·)∗ denotes the
optimal solution of the variable.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

Next, we formulate the energy efficiency optimization prob-
lem for a NOMA based HetNet with energy harvesting. The
system model is shown in Fig. 1.

A single macro cell including one MBS andJ SB-
Ss is considered. We assume that each terminal is e-
quipped with hardware facilities capable of energy harvest-
ing. The BSs (including MBS and SBS) are denoted as
b ∈ {1, 2, · · · , B + 1}, where the(B + 1)th BS is MBS.
The Ub ∈ {U1, U2, · · · , UB+1} is the user’s number of the
BS b and the system bandwidth isBW , divided into S

subchannels equally, and expressed ass ∈ {1, 2, · · · , S},
and the subchannel bandwidth isBsc = BW/S. Let hb,r,u,s

denote the channel gain of useru of BS b to BS r on
subchannels, whereu ∈ {1, 2, · · · , Ub}. We denoteMb,u,s

to be an exponent to the subchannel allocation. If the useru



1536-1276 (c) 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TWC.2019.2948874, IEEE
Transactions on Wireless Communications

3

is allocated to the BSb on the subchannels, thenmb,u,s = 1,
otherwise,mb,u,s = 0. Denotepb,u,s the transmission power
of useru of BS b on subchannels. The set of subchannels
and power allocations are represented byM = [mb,u,s] and
P = [pb,u,s], respectively. According to Shannon formula the
rate of useru of BS b on subchannels is given by:

rb,u,s = Bsclog2 (1 + SINRb,u,s) , (1)

where SINRb,u,s denotes the signal-to-interference-plus-
noise ratio (SINR) of useru on subchannels of BS b.

Since NOMA can assign a subchannel to multiple users,
it performs decoding at the receiver through SIC, which can
reduce interference in a certain order according to the power
or channel gain of different users [25]. In this paper, we
assume that there are at most two users assigned to each
subchannel of the BS. The user signal with higher channel
gain is first decoded on the same subchannel. Therefore, the
received SINR of useru on subchannels of BS b can be
modeled as:

SINRb,u,s =

mb,u,spb,u,s|hb,b,u,s|
2

|hb,b,u,s|
2

Ub
∑

v=u+1
mb,v,spb,v,s +

B+1
∑

r=1,r 6=b

pr,s|hb,r,u,s|
2 + σ2

,

(2)
where σ2 represents the additive white Gaussian noise

(AWGN) and pr,s =
Ur
∑

v=1
mr,v,spr,v,s is the total power of

the BSr on the subchannels.

B. Problem Formulation

With the aim of reducing the system energy consumption,
this paper aims to maximize the system EE. While allocating
the subchannel and power resource, we also consider the user
equipment with the energy harvesting unit [26]. Under this
assumption the sum rate is given by:

R(M,P) =

B+1
∑

b=1

Ub
∑

u=1

S
∑

s=1

rb,u,s. (3)

The total transmit power of the system can be formulated
as:

Q(M,P) =

B+1
∑

b=1

Ub
∑

u=1

S
∑

s=1

mb,u,spb,u,s. (4)

The energy harvesting module on wireless devices can
convert radio signals in the environment into energy signals.
Therefore we assume that each user equipment can collect
energy from subchannels of other BSs. According to [27], the
energy harvested by useru of BS k on subchanneln can be
modeled as:

Hb,u,s =
B+1
∑

r=1,r 6=b

λr,smb,u,spb,u,s|hb,r,u,s|
2
, (5)

whereλr,s represents a constant parameter of energy harvest-
ing efficiency.

Then, the total energy harvested by system can be denoted
by

H(M,P)=

B+1
∑

b=1

Ub
∑

u=1

S
∑

s=1

B+1
∑

r=1,r 6=b

λr,smb,u,spb,u,s|hb,r,u,s|
2
. (6)

We note that the circuit power consumption of the BS is
relatively small compared to the total harvested energy [19],
so the total power consumption can be expressed as:

U(M,P) = Q(M,P)−H(M,P) =
B+1
∑

b=1

Ub
∑

u=1

S
∑

s=1
mb,u,spb,u,s(1−

B+1
∑

r=1,r 6=b

λr,s|hb,r,u,s|
2
).

(7)

The total system energy efficiency is given by

EE(M,P) =
R(M,P)

Q(M,P)−H(M,P)
=

R(M,P)

U(M,P)
. (8)

The factors which affect the EE in NOMA based HetNets
are also considered, including QoS requirements, maximum
power constraints and cross-tier interference. In order to ensure
a good experience for users in HetNets and maximizing
the system EE, the optimization problem is subject to the
following constraints:

• Transmit power constraint:The summation of the powers
of all users on BSs must not exceed the maximum
transmission power of this BS and the power value of
each user cannot be a negative number. Therefore, the
power constraint can be expressed as:

Ub
∑

u=1

S
∑

s=1
mb,u,spb,u,s ≤ Pb,max, ∀b (9)

pb,u,s ≥ 0, ∀b, u, s, (10)

wherePb,max indicates the maximum transmission power
of BS b. Power constraints ensure that user power is non-
negative and not exceed the BS power.

• Constraint on each subchannel:A simple case is consid-
ered in which at most two users can be multiplexed on
each subchannel of the BS. Under this assumption the
error propagation and the complexity of the receiver can
be limited [28]. Therefore, the user number constraint can
be expressed as:

mb,u,s ∈ {0, 1}, ∀b, u, s (11)

Ub
∑

u=1
mb,u,s ≤ 2, ∀b, s. (12)

• Heterogeneous QoS requirements:For maintaining the
communication system performance, we can express the
QoS constraint as:

Ub
∑

u=1

S
∑

s=1

mb,u,srb,u,s ≥ Rb,min, ∀b, (13)

whereRb,min denotes the minimal transmission rate re-
quirement of each BSb.

• Cross-tier interference constraint:According to different
traffic load conditions in HetNets, cross-layer interference
constraints can dynamically coordinate interference to
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improve system EE. Thus, cross-layer interference con-
straints can be formulated as:

B
∑

b=1

Ub
∑

u=1

S
∑

s=1
mb,u,spb,u,s|hb,B+1,s|

2
≤ Imax, (14)

where |hb,B+1,s|
2 is the user’s gain from SBS to MBS

on subchannels; and Imax is the maximal interference
constraint.

To achieve the system EE maximization, subchannel match-
ing and power are optimized in this paper. Thus, the corre-
sponding EE optimization problem can be modeled as:

max
M,P

EE(M,P) = max
M,P

R(M,P)

U(M,P)
(15)

s.t. C1 :
Ub
∑

u=1

S
∑

s=1

mb,u,spb,u,s ≤ Pb,max, ∀b

C2 : pb,u,s ≥ 0, ∀b, u, s
C3 : mb,u,s ∈ {0, 1}, ∀b, u, s

C4 :
Ub
∑

u=1
mb,u,s ≤ 2, ∀b, s

C5 :
Ub
∑

u=1

S
∑

s=1
mb,u,srb,u,s ≥ Rb,min, ∀b

C6 :
B
∑

b=1

Ub
∑

u=1

S
∑

s=1
Mb,u,spb,u,s|hb,B+1,s|

2
≤ Imax.

(16)

III. E NERGY-EFFICIENT RESOURCEALLOCATION

Since the optimization problem in (15) is non-convex and
the objective function is in fraction form, we use the inequality
to approximate the convex transformation and to express the
lower bound of the user data rate. According to [29], for any
SINRb,u,s ≥ 0, we can get the following inequality:

αb,u,slog2 (SINRb,u,s) + βb,u,s ≤ log2 (1+SINRb,u,s) .
(17)

The bound can be tight when

αb,u,s =
SINRb,u,s

SINRb,u,s+1
(18)

and

βb,u,s =

log2
(

1+SINRb,u,s

)

−
SINRb,u,s

1+SINRb,u,s

log2
(

SINRb,u,s

)

(19)
whereSINRb,u,s is the value of the last iteration of SINR.

Due to the above inequality we can write the lower bound
of the user’s rate as:

r̂b,u,s = Bscαb,u,slog2 (SINRb,u,s) + βb,u,s. (20)

Therefore, the objective function (15) with constraints (16)
can be written as:

max
M,P

EE(M,P) = max
M,P

R̂(M,P)

U(M,P)
(21)

s.t. C5′ :
Ub
∑

u=1

S
∑

s=1
mb,u,sr̂b,u,s ≥ Rb,min, ∀b

C1−C4, C6.
(22)

Since the objective function is a non-linear fraction, we
transform the fractions into subtractions to decrease the com-
putation complexity [30]. Here, a variablet that represents the
energy efficiency need to be introduced.

We define

t∗ = max
M,P

R̂(M,P)

U(M,P)
=

R̂(M∗,P∗)

U(M∗,P∗)
, (23)

therefore
R̂(M∗,P∗)− t∗U(M∗,P∗) = 0. (24)

Objective function (21) with its constraints is rewritten as

max
M,P

R̂(M,P)− tU(M,P)

s.t. C1−C4, C5′, C6.
(25)

A. Energy-Efficient Subchannel Matching

In this subsection, we first associate users on BSs and
subchannels. Referring to [28], by using DC programming
and two-sided matching approach, a simpler and efficient
subchannel matching algorithm is designed to determine ma-
trix S. Two main processes are included in this algorithm.
First, the user is assigned to the subchannel according to the
quality of the channel condition. In other words, the user who
has the best channel state is assigned to the corresponding
subchannel. Secondly, two users who can maximize the EE
of the channel are selected. Then we can get the subchannel
allocation scheme for each BS. Because the optimal sub-
channel allocation scheme, i.e. exhaustive method, needs to
search all possible combinations of users, and select the user
combinations from them to maximize the energy efficiency
of the system, which greatly increases the complexity. The
proposed subchannel allocation algorithm is suboptimal. How-
ever, compared with the optimal subchannel allocation scheme,
the proposed subchannel allocation algorithm is simpler and
can solve the subchannel allocation problem faster.

Let Zb(s) denotes the set of users that are assigned to
subchannels on BS b andZb is the set of users that are not
assigned subchannels on the BSb. The energy efficiency on
BS b subchannels can be written as:

EEb,s =
Ub
∑

u=1
rb,u,s

Ub
∑

u=1
mb,u,spb,u,s −

Ub
∑

u=1

B+1
∑

r=1,r 6=b

λj,nmb,u,spb,u,s|hb,r,u,s|
2

.

(26)
The main idea of the subchannel matching algorithm is

that each user sends the matching request to its optimal
subchannel according to the channel state information. The
subchannel also accepts or rejects users according to the
energy efficiency of different users on the subchannel. For
example, there are four users and two subchannels.|hu,n|

2

represents the gain of useru on subchanneln. Assume that
|h1,1|

2
> |h1,2|

2
, |h2,1|

2
> |h2,2|

2
, |h3,1|

2
> |h3,2|

2
, |h4,1|

2
<

|h4,2|
2,then user 1, 2 and 3 is allocated to subchannel 1 and

user 4 is allocated to subchannel 2. However, we set up
a subchannel to be occupied by two users at most, so we
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need to select two users among user 1, 2 and 3 that can
maximize the energy efficiency of the subchannel. And the
remaining one will not consider the subchannel 1. Assuming
that the combination of user 1 and 2 on subchannel 1 yields
higher energy efficiency than user combination 1 and 3, user
combination 2 and 3, then user 1 and 2 occupy subchannel 1,
user 3 and user 4 occupy subchannel 2. The matching process
will terminate until no user needs to match.

At first, all users belong in the setZb. Then we assign
users to subchannels until setZb becomes empty. Therefore,
when |Zb(s)| < 2, according to the gain between users and
subchannels on BSb, the user who has the greatest gain is
allocated to the corresponding subchannels; when|Zb(s)| = 2,
the third user is assigned to the subchannels, and then
two of the users with the greatest energy efficiency on the
subchannels are found and removed from setZb. Then, the
subchannel allocation matrix is updated. The steps of the
specific subchannel matching are summarized in Algorithm
1.

Algorithm 1 Subchannel Allocation Algorithm
1: Initialize the set of subchannel allocationM and the set

of power allocationP;
2: for b = 1 to B + 1 do
3: Initialize the set of usersZb(s) which are assigned to

subchannels, and the set of usersZb which not be
assigned;

4: while Zb 6= φ do
5: for u = 1 to Ub do
6: find s∗ satisfies|hb,b,u,s∗ |

2
≥ |hb,b,u,s|

2;
7: if |Zb(s

∗)| < 2 then
8: useru is assigned to subchannels, and removed

from setZb, mb,u,s∗=1 ;
9: end if

10: if |Zb(s
∗)| = 2 then

11: subchannels∗ selects the two users which can
makeEEb,s∗ largest, and rejects the others. This
two users are removed from the setZb, and the
subchannel allocation indexes of them are set
to one; the user that not be allocated to the
subchannelss∗ is put in the setZb, and the
subchannel allocation index of this user is set
to zero.

12: end if
13: end for
14: end while
15: end for

B. Energy-Efficient Power Optimization

Since the subchannel allocation has already been obtained
in the previous section,mb,u,s can be regarded as a constant
in the optimization problem, leaving only the variablepb,u,s.
Then, we can only consider power optimization of NOMA
based HetNet system.

Let p̃b,u,s = mb,u,spb,u,s. Then, the optimization problem

in (25) can be written as:

max
P̃≻0

R̂(P̃)− tU(P̃) (27)

s.t. C1 :
Ub
∑

u=1

S
∑

s=1
p̃b,u,s ≤ Pb,max, ∀b

C2 :
Ub
∑

u=1

S
∑

s=1
r̃b,u,s ≥ Rb,min, ∀b

C3 :
B
∑

b=1

Ub
∑

u=1

S
∑

s=1

p̃b,u,s|hb,B+1,s|
2 ≤ Imax.

(28)

The objective and SINR functions can be rewritten as:

R̂(P̃)− tU(P̃) =
B+1
∑

b=1

Ub
∑

u=1

S
∑

s=1

[

r̃b,u,s − t(1−
B+1
∑

r=1,r 6=b

λr,s|hb,r,u,s|
2
)p̃b,u,s

]

(29)
and

S̃INRb,u,s =

p̃b,u,s|hb,b,u,s|
2

|hb,b,u,s|
2

Ub
∑

v=u+1
p̃b,v,s +

B+1
∑

r=1,r 6=b

p̃r,s|hb,r,u,s|
2 + σ2

,

(30)

wherep̃r,s =
Ur
∑

v=1
p̃r,v,s.

Through the transformation of the optimization problem
mentioned above, we notice that this becomes convex with
linear constraints. Therefore, to solve it, we use the Lagrangian
dual method.

The Lagrangian function is represented by

L(P̃, µ, ν, ξ) =
B+1
∑

b=1

Ub
∑

u=1

S
∑

s=1

[

r̃b,u,s − t(1−
B+1
∑

r=1,r 6=b

λr,s|hb,r,u,s|
2)p̃b,u,s

]

+
B+1
∑

b=1

µb

(

Pb,max −
Ub
∑

u=1

S
∑

s=1
p̃b,u,s

)

+
B+1
∑

b=1

νb

(

Ub
∑

u=1

S
∑

s=1
r̃b,u,s −Rb,min

)

+ξ

(

Imax −
B
∑

b=1

Ub
∑

u=1

S
∑

s=1
p̃b,u,s|hb,B+1,s|

2

)

,

(31)
whereµ = [µ1, µ2, · · · , µB+1], ν = [ν1, ν2, · · · , νB+1] andξ
are the Lagrange multiplier for the function, which correspond
to C1, C2, andC3 in constraint (28), respectively.

Therefore, dual function is denoted by

D(µ, ν, ξ) = max
P̃≻0

L(P̃, µ, ν, ξ). (32)

The dual problem is given as:

min
µ,ν,ξ

D(µ, ν, ξ). (33)

When the Lagrange multiplier and energy efficiency param-
etert are fixed, we can notice that the optimization problem is
a standard maximization problem. Thus, the power allocation
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can be obtained by partial derivatives of the e.q. (31) forp̃b,u,s.
Therefore, we can have

∂L(P̃, µ, ν, ξ)

∂p̃b,u,s
=

Bscαb,u,s(1 + νb)

p̃b,u,s ln 2
−

u−1
∑

v=1

Bscαb,v,s(1 + νb)S̃INRb,v,s

p̃b,v,s ln 2

−
B+1
∑

r=1,r 6=b

Ur
∑

v

Bscαr,v,s(1 + νr)S̃INRr,v,s

p̃r,v,s ln 2

|hr,b,v,s|
2

|hr,r,v,s|
2

−t(1−
B+1
∑

r=1,r 6=b

λr,s|hb,r,u,s|
2)− µb − ξ|hb,B+1,s|

2

= 0.
(34)

And then, by solving the above formula, we can obtain

p̃b,u,s =
Bscαb,u,s(1 + νb)











ln 2

[

t(1 −
B+1
∑

r=1,r 6=b

λr,s|hb,r,u,s|
2
) + µb + ξ|hb,B+1,s|

2

]

+
u−1
∑

v=1
f(p̃b,v,s) +

B+1
∑

r=1,r 6=b

Ur
∑

v

f(p̃r,v,s)
|hr,b,v,s|

2

|hr,r,v,s|
2











(35)

wheref(p̃b,u,s) =
Bscαb,v,s(1 + νb)S̃INRb,v,s

p̃b,v,s
.

After getting the power allocation scheme, we can use
the subgradient method to update the multiplier. The updated
Lagrangian multiplier can be written as

µb (l + 1)=µb (l)−δ1 (l)

(

Pb,max−

Ub
∑

u=1

S
∑

s=1

p̃b,u,s (l)

)

, (36)

νb (l + 1)=νb (l)−δ2 (l)

(

Ub
∑

u=1

S
∑

s=1

r̃b,u,s (i)−Rb,min

)

, (37)

ξ (l + 1) =

ξ (l)− δ3 (l)

(

Imax −
B
∑

b=1

Mk
∑

m=1

N
∑

n=1
p̃k,m,n (i) |hb,B+1,s|

2

)

,

(38)
wherel denotes iterations number andδ1 (l), δ2 (l) andδ3 (l)
represent the step size of thelth iteration. The process of power
optimization is summed in Algorithm 2.

IV. A LGORITHM DESIGN

Based on the transformation of the energy efficiency expres-
sion of the objective function and the solution of the power
distribution matrix in the previous section, in this section we
propose an iterative power optimization algorithm.

A. Iterative Power Optimization Algorithm

In objective function (25), we transform the optimization
problem into an equivalent subtractive form by means of
energy efficiency parametert. The optimal value oft is also
equivalent to the optimal value of energy efficiency. The
Lagrange dual method in the previous section is also based
on the fixed parametert. Therefore, an iterative algorithm is
proposed to solvet.

Algorithm 2 Iterative Power Optimization Algorithm
1: Initialize the maximum number of iterationsEmax, set

the number of iterationse = 0, energy efficiencyt(0), and
maximum toleranceε;

2: while
∣

∣

∣R̂(P(e))− t∗U(P(e))
∣

∣

∣ > ε or e < Emax do
3: Initialize Lmax, set the number of iterationsl = 0, and

Lagrange multipliersµb, νb andξ;
4: repeat
5: for b = 1 to B + 1 do
6: for u = 1 to Ub do
7: for s = 1 to S do
8: a) updatẽpb,u,s using (35);
9: b) updateµb from (36);

10: c) updateνb from (37);
11: d) updateξ from (38);
12: end for
13: end for
14: end for
15: l = l+1;
16: until Convergence orl = lmax;
17: e = e+1, t(e)= R̂(P(e−1))

U(P(e−1))
.

18: end while

Firstly, the maximum error tolerance and maximum iteration
number are set up, and the energy efficiency parametert is ini-
tialized. In each iteration, the Lagrangian dual theory is applied
for solving the primary power allocation problem, and the total
EE, i.e. the parametert, is calculated according to the updated
power allocation matrix. The system EE gradually converges
as the number of iterations increases. The specific steps of
the iterative power optimization algorithm is summarized in
Algorithm 2.

Start

Transform the original objective 

function into an equivalent 

subtraction formula (25)

Obtain the subchannel allocation 

matrix by Algorithm 1

Update the power matrix 

according to the Lagrangian dual 

method

  

( ) * ( )ˆ( ) ( )e e
R t U e- >P P

maxe E<

or

End

Update energy efficiency

No

Yes

Fig. 2. The flow chart of the proposed algorithm.

The flow chart of the proposed scheme is shown in Fig.
2. Considering that the initial energy efficiency optimization
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TABLE I
SUMMARY OF COMPUTATIONAL COMPLEXITY.

Algorithms Terms Computational Complexity

Algorithm 1

Each BS performs subchannel allocation, where the number of BSs
is B + 1.
Each user findss∗ satisfied

∣

∣hb,b,u,s∗
∣

∣

2
≥

∣

∣hb,b,u,s

∣

∣

2.
The number of users on one BS isUb.
The number of subchannels isS.

O((B + 1)UbS).

Algorithm 2

Calculating the power of each BS user on each subchannel requires
(B + 1)UbS operations.
∆1 is the number of iterations when the EE converges.
∆2 is the number of iterations when Lagrange multipliers in each
iteration of EE converges.

O((B + 1)UbS ×∆1∆2)

problem is a complex non-convex non-linear optimization
problem, we adopt approximate convex transformation and
introduce energy efficiency parameters which transform the
objective function into equivalent subtraction form. Then the
subchannel allocation and power allocation are decoupled, and
the sub-channel matching and power allocation are optimized
respectively to reduce the computational complexity. Firstly,
the subchannel allocation problem is solved by Algorithm 1.
Secondly, in Algorithm 2, according to the subchannel alloca-
tion scheme, given the number of iterations and tolerance, the
Lagrangian dual decomposition method is used to update the
power in each iteration until the energy efficiency converges.

B. Complexity Analysis

In this section, we discuss the complexity of the subchannel
matching and power optimization algorithm. Table 1 summa-
rizes computational complexity and explains each symbol in
computational complexity.

Users and subchannels on each BS are matched separately in
Algorithm 1. Assuming that user’s number on each BS isUb,
since we limit the maximum number of users to be matched
to each subchannel, the complexity of subchannel matching
on one BS is calculated asO((B+1)UbS). However, under a
fixed power allocation scheme, the optimal subchannel match-
ing can be obtained by exhaustive search. In this case, each
BS needsO

(

S!× 2Ub

)

operations for subchannel matching,
thus the complexity isO

(

(B + 1)S!× 2Ub
)

[26]. Compared
with this optimal matching scheme, the proposed algorithm
has lower complexity.

In Algorithm 2, by calculating the power of each BS user
on each subchannel, the power allocation matrix is updated.
So the computational complexity isO((B + 1)UbS). We
assume that the convergence of energy efficiency requires
∆1 iterations, and the convergence of Lagrange multiplier
in each iteration of energy efficiency needs∆2 iterations.
Therefore, the computational complexity of iterative power
optimization algorithm isO((B+1)UbS×∆1∆2). The overall
computational complexity of the proposed resource allocation
scheme including subchannel allocation and power control is
O((B + 1)UbS(1 + ∆1∆2)).

V. SIMULATION RESULTS

We verify the proposed subchannel matching and power op-
timization algorithm in terms of EE by simulations. The MBS

is located at the center of the macro cell. In the simulations, the
macro cell radius is 500 meters. The total system bandwidth
is 1 MHz, the carrier frequency is 2 GHz, and the number
of subchannels is 10. The small cell is randomly allocated
within the range of macro cell and the radius of small cell is
10 meters.
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Fig. 3. Energy efficiency versus the iteration number of Algorithms 2.

Fig. 3 shows the system EE when the iteration number for
Algorithm 2 is from 0 to 20 with SWIPT and without SWIPT.
In the Fig. 2, the maximum power of each SBS is 30 dBm,
the number of SBSs is set to 10, and each small BS has 6
users. As shown in this figure, the system EE can converge
in 8 iterations. The EE of the system with SWIPT is about
2.4×107 bps/Joule, while the EE of system without SWIPT is
around1.6×107 bps/Joule. The system with energy harvesting
units can collect energy at the time of transmission, thus it
can drastically reduce energy consumption. Compared to the
case without SWIPT, the performance of the system can be
improved by more than 1.5 times.

Fig. 4 illustrates the system EE when the users number
per small cell is from 2 to 6 with different schemes. The
maximum power of each SBS is 23 dBm and the number
of SBSs is 10. From this figure, we can obtain that as the
users number in small cell increases, the energy efficiency
of system with SWIPT increases more pronounced, while the
increasing in the energy efficiency of systems without SWIPT
is relatively gradual. The reason for this phenomenon is that as
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Proposed Algorithm without SWIPT

Greedy Search

Fig. 4. Energy efficiency versus the number of users per small cell with
different schemes.

users’ number increases, SBSs will provide services to more
users, and the energy harvesting unit on each user equipment
greatly relieves the pressure of energy supply, which leads
to the gap between the two system getting more and more
obvious. In fact, the proposed subchannel allocation algorithm
is a suboptimal scheme. The subchannel allocation and power
control are solved separately. Therefore, the proposed resource
allocation method in this paper is suboptimal. The optimal re-
source allocation method is greedy search (exhaustive search).
In Fig. 4, we also compare the proposed algorithm with the
greedy search based scheme. As can be seen from the figure,
the performance of the greedy search based scheme is higher
than that of the proposed scheme. But the gap is small. Al-
though greedy search based scheme can achieve better energy
efficiency, in fact, as the number of users increases, the time
complexity is also growing rapidly. The proposed algorithm
has lower complexity than the greedy search scheme.

4 6 8 10 12 14 16 18 20

Number of users per small cell

0

1

2

3

4

5

6

E
n

e
rg

y
 E

ff
ic

ie
n

c
y
 (

b
s
/J

o
u

le
)

1010

K=20

K=30

K=50

Fig. 5. Energy efficiency versus the number of users per small cell with
different number of small cells.

Fig. 5 shows the system EE when the users number per
small cell is from 4 to 20, for the number of small cells
is 20, 30 and 50, respectively. The maximum power of each
SBS is 23 dBm. In the figure, when the number of SBSs and

users on the SBSs goes up, the EE of the system increases
correspondingly. When the number of SBS is 50, the EE is
obviously higher than the case when the number of SBS is 20
and 30. The EE of 50 SBSs is about twice that of 30 SBSs
and 2.5 times that of 20 SBSs. We can find that the more
the number of SBSs and users, the better the performance of
the system. That is, the proposed algorithm is more effective
when the number of BSs and users is larger.
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Fig. 6. Sum rate versus the number of users per small cell with different
number of small cells.

Fig. 6 shows the sum rate of the system when the users’
number per small cell is from 4 to 20, for the number of small
cells is 20, 30 and 50, respectively. The maximum power of
each SBS is set to 23 dBm. When the number of SBSs and
users on the SBSs increases, the total system rate increases
correspondingly, and the performance of the proposed EE
optimization algorithm is better. When the number of SBSs
is 50, the system sum rate is significantly higher than the case
when the number of SBSs is 20 and 30. The total sum rate of
50 SBSs is 36% higher than that of 30 SBSs and 73% higher
than that of 20 SBSs.
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Fig. 7. Energy efficiency versus the number of small cells withdifferent
schemes.

Fig. 7 shows the system EE when the number small cells
is from 4 to 12 with different schemes. The maximum power
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of each SBS is 23 dBm, and the number of users on each
SBS is 10. We compare our EE optimization scheme with
random subchannel allocation scheme and OMA scheme.
Random subchannel allocation refers to the user occupying
the subchannel randomly without considering the channel
state and other conditions. From Fig. 7, it is clear that the
energy efficiency of the proposed subchannel matching scheme
is significantly superior to that of the random subchannel
allocation scheme and OMA scheme.

5 10 15 20 25 30

Pmax 

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

E
n

e
rg

y
 E

ff
ic

ie
n

c
y
 (

b
s
/J

o
u

le
)

108

Proposed scheme

Fixed power scheme

Fig. 8. Energy efficiency versus Pmax with different schemes.

Fig. 8 demonstrates the EE of the proposed scheme and the
fixed power scheme when the maximum power of each SBS is
from 5 dBm to 30 dBm. In this figure, the number of SBSs is
set to 10, and each small BS has 6 users. From Fig. 8, when
the maximum power value of BS increases, the EE of the
proposed scheme increases correspondingly, while the EE of
the fixed power Fixed power scheme distributes the power of
BS equally to each user. According to the definition of system
EE calculation formula, when the total energy consumption
increases, the EE will decrease. Therefore, with the maximum
power of the BS goes up, the EE of the fixed power scheme
gradually decreases. The proposed scheme optimizes the pow-
er consumption, and the increase of energy consumption is not
obvious as that of the fixed power scheme, so the effectiveness
of the proposed scheme is more pronounced.

Fig. 9 describes the EE of the proposed scheme and the fixed
power scheme when the the users number per small cell is
from 2 to 10 with the maximum power of each SBS is 15 dBm
and 25 dBm, respectively. In this figure, the number of SBSs
is set to 10. And when there are only two or four users per
small BS, the difference between the EE of our optimization
scheme and that of the fixed power scheme is not large. When
the number of BS users increases to 10, the system EE of the
proposed scheme increases more obviously, and the gap with
the fixed power scheme is widened. Therefore, the proposed
scheme can achieve better EE when the number of BS users
is large enough.

Fig. 10 describes the EE of the proposed scheme and the
fixed power scheme when number of small cells is from 20 to
50 and the maximum power of each SBS is 15 dBm and 25
dBm, respectively. The users’ number of the small BS is set
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Fig. 9. Energy efficiency versus the number of users per small cell with
different schemes.
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Fig. 10. Energy efficiency versus the number of small cells.

to 6. With the number of SBSs goes up, system EE improves
more slowly. In the proposed scheme, the slope of the EE
curve is larger, and larger, and the improvement of energy
efficiency is more obvious. Even when the number of small
base maximum BS power is 25 dBm, the EE of the proposed
scheme is about6.5×109 bps/Joule, while the EE of the fixed
power scheme is about1× 108 bps/Joule.

VI. CONCLUSION

In this paper, the subchannel allocation and power opti-
mization were investigated in NOMA based HetNets with the
consideration of energy harvesting and cross-tier interference
mitigation. Since the limited energy supply, an energy efficien-
cy optimization problem with energy harvesting was proposed.
Since the original objective function was non-convex with
fractional form, we transformed it into an equivalent subtrac-
tive form. An efficient subchannel matching scheme based on
the merits of channel conditions was proposed. Then, given the
determined subchannel allocation, the power allocation was
obtained through Algorithm 2 based on Lagrange dual method.
The energy efficiency can be converged in several iterations.
Finally, simulations results demonstrated the convergence and
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effectiveness of the proposed algorithms in terms of energy
efficiency. In future work, we will study more realistic energy
harvesting model, i.e. non-linear energy harvesting model, and
we will also consider more cases and techniques, such as
Massive MIMO for multi-antenna situations.
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