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Abstract
A heterogeneous cellular network (HCN) is useful to increase the spectral and energy
efficiency of wireless networks and to reduce the traffic load from the macro cell. The
performance of the secondary user equipment (SUE) is affected by interference from the
eNodeB (eNB) in a macro cell. To decrease the interference between the macro cell and the
small cell, allocating resources properly is essential to an HCN. This study considers the
scenario of a software-defined heterogeneous cellular network and performs the resource
allocation process. First, we show the system model of HCN and formulate the optimization
problem. The optimization problem is a complex process including power and frequency
resource allocation, which imposes an extremely high complexity to the HCN. Therefore, a
hierarchical resource allocation scheme is proposed, which including subchannel selection and
a particle swarm optimization (PSO)-based power allocation algorithm. Simulation results
show that the proposed hierarchical scheme is effective in improving the system capacity and
energy efficiency.
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1. Introduction

The rocketing development of smart terminals poses great challenges to data transmission in
traditional communication networks and leads to heavy loads at base stations (BSs). The
heavy loads of the traditional communication networks make it difficult to transmit data
accurately to the terminals with poor channel conditions in a traditional cellular network.
Heterogeneous cellular networks (HCNs) are essential for providing a higher throughput in a
terminal with poor channel conditions and for increasing the spectral and energy efficiency of
wireless networks. Heterogeneous cellular networks comprise a conventional cellular network
overlaid with a set of small cells such as picocells or femtocells [1, 2]. However, this network
topology will lead to interference between the macro and small cell communication in the
hybrid system. To decrease the interference, a proper scheduling mechanism is required to
control the transmission power and allocate the system resources.
Coordinate the resources properly is essential for HCNs. There are several kinds of
resource allocation ways [3], including co-channel deployment (CCD), orthogonal
deployment (OD) and partially shared deployment (PSD). In CCD, all the BSs operate on all
available frequencies. In OD, the small-BSs are allocated a part of subcarriers orthogonal to
the set of subcarriers been allocated to eNB. In PSD, eNB is allocated some subcarriers for its
dedicated use, and some other subcarriers can be shared by eNB and the pico-BSs.
With the study of heterogeneous cellular networks, the complexity of resource allocation
algorithms increases, bringing challenges to network response times and data processing
capability. A software-defined network (SDN) is a useful technology to address this problem.
By decoupling the control plane and the data plane, SDNs enable network administrators to
program the network in a dynamic and flexible manner [4-6]. There are some articles that
study software-defined heterogeneous cellular networks [7-11]. A hierarchical architecture for
an SDN-based heterogeneous cellular network and the management of software-defined
heterogeneous cellular networks were studied in [7] and [8]. Reference [9] proposed an SDN
system model to assist in frequency resource allocation and interference elimination. However,
the studies about software defined heterogeneous networks are not yet fully engaged. To make
the study of software-defined heterogeneous networks more systematic, there is still much
work to be done.
Based on the above analysis, in this paper, we study the resource allocation of
software-defined network-based heterogeneous cellular networks (SDHCNs) and propose a
particle swarm optimization (PSO)-based power allocation scheme. First, we build the
SDHCNs system model and formulate the optimization problem. Second, a greedy subcarrier
selection method is proposed. Then, to guarantee the interference received by user equipment
(UE) does not affect the data rate performance and obtain an energy efficiency promotion, we
propose a power allocation algorithm based on PSO. Simulation results show that the
proposed scheme improves the energy efficiency and system capability.
The remainder of this paper is organized as follows. In Section 2, we discuss related works,
and the system scenarios and the problem formulation are introduced in Section 3. In Section 4,
the specific steps of the proposed resource allocation scheme are given. In Section 5, we
evaluate the performance of proposed scheme and present the simulation results and analysis,
which demonstrating the improved performance of our proposed scheme in comparison to
systems with other resource allocation schemes. Finally, the conclusion of this paper is shown
in Section 6.
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2 Related Work
Allocating resources properly is essential to keep interference within a reasonable range for
UE in a heterogeneous cellular network. Much literature has studied the resource allocation of
heterogeneous cellular networks. The optimization problems for the resource allocation of
heterogeneous cellular networks can be roughly classified into the following cases.
1) Maximizing the system capacity of a heterogeneous cellular network and
guaranteeing the data rate request of UEs [12, 13]. In [12], to maximize the total system profit,
a user association and downlink resource allocation scheme was proposed. In [13], a joint
subchannel and power allocation scheme was proposed in indoor dense environments to
improve the system capacity.
2) Maximizing the data rate of a secondary UE (SUE) while guaranteeing the QoS of the
primary UE (PUE) [14]. To maximize the data rate of SUEs, an efficient frequency allocation
scheme was proposed in [14].
3) Minimizing the interference between eNBs and low-power BSs [15-17]. To reduce
the interference between eNBs and low-power BSs within the coverage area, a distributed
resource allocation algorithm was proposed in [15]. In [16], a fast frequency resource
allocation scheme was proposed to mitigate interference in heterogeneous networks by graph
theory. To mitigate serious intercell interference between the dense small cells, an enhanced
small cell grouping based intercell interference control scheme was proposed in [17].
4) Maximizing the energy efficiency of the system [18-21]. Energy efficiency has
become an increasingly important issue in wireless communication because of the increasing
energy cost and concern over environmental issues. The resource optimization problem was
formulated as a nonconcave energy-efficient maximization problem, and an energy-efficient
allocation algorithm which joint power and frequency resource was developed in [18]. To
improve the system energy efficiency and satisfying the rate requirement of UEs, a resource
allocation algorithm was proposed in [19], which included the radius selection, resource
scheduling, and power allocation. An optimal partial spectrum reuse (PSR) scheme was
derived in [20], and the spectrum share scheme in HCNs was analyzed.
These studies improve the system performance to some extent. However, the growing
complexity of the studies about HCNs brings challenges to the core network. As a result of
adopting a more complex distributed control, the resource allocation of HCNs will produce a
larger signaling load.
An SDN is a promising technology to settle these problems. There are several advantages
of a software defined HCNs. First, with a centralized SDN controller, the energy efficiency of
a software defined HCN’s architecture can be improved by reducing the number of
communication links. Second, the global network view of SDN controller makes the
management and optimization of resource allocation much more efficiently [6]. Therefore, we
combine an SDN with a heterogeneous cellular network and propose an SDN-based wireless
network architecture in this article. The proposed SDN-based wireless network architecture
can also be applied in other wireless network scenarios to offload the burden on the network,
such as a wireless sensor network [22], a satellite communication network [23] and the
internet of thing (IoT) system [24]. Since energy efficiency has become an increasingly
important issue in wireless communication, the optimization problem in this paper is modeled
to maximize the system energy efficiency.
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3. System Model and Problem Formulation
We show the system model of software defined HCN in this section and illustrate the problem
of resource allocation.
3.1 System Model

Fig. 1. System model

In this paper, we consider a SDHCN where a primary network and M small cells coexist in
the heterogeneous cellular network system, as shown in Fig. 1. In this network, there is an
SDN controller with a mobility management entity (MME), the SGW control unit (SGW-C),
and the PGW control unit (PGW-C). The data plane includes the SGW data unit (SGW-D) and
the PGW data unit (PGW-D). The control plane and data plane communicate with each other
via the OpenFlow protocol. It is assumed that I PUEs are located in the SDHCN and N SUEs
are located in each small cell. We assume that the location of the UEs obeys independent
homogeneous Poisson point process (HPPP). UEs’ location information can be obtained from
the SDN controller. Each subchannel is a physical resource block (PRB) with a bandwidth of B.
We assume that the frequency used by the macro base station can be used by the small cell.
The downlink resource sharing is considered in this article with Rayleigh fading channels. In
the downlink, the frequency resources allocated to each PUE are mutually orthogonal at the
same time.

KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 13, NO. 5, May 2019

2247

3.2 Problem Formulation
For the ith PUE in the macro cell, the data rate can be written as
K
a ( k ) p ( k ) h( k )
=
ri ∑ B log 2 (1 + i ( k ) eNB eNB 2i ),
I i + BPN0
k =1

(1)

where B is the bandwidth of each subchannel, K is the number of subchannels available for
(k )
PUEs, ai is an allocation indicator variable, when the kth subchannel is allocated to PUE i,
(k )
ai = 1 , otherwise, ai = 0 . peNB is the eNB transmission power on the kth subchannel,
(k )

(k )

(k )
(k )
heNB
2 i denotes the channel condition between the eNB and the ith PUE on subchannel k, I i

denotes interferences received by the ith PUE on subchannel k, and PN0 is the noise power per
subchannel.
The total energy efficiency of the macro cell can be calculated as
I

EEmacro =

∑r
I

(k )

i

i =1
K

∑∑ p

=i 1 =
k 1

(2)

.
(k )
eNB 2 i

For the nth SUE in the mth small cell, the data rate can be written as
K
bm( k,n) pm( k,n) hm( k,n)
),
=
rm ,n ∑ B log 2 (1 + ( k )
I m ,n + BPN0
k =1

(3)

(k )

where B is the bandwidth of each subchannel, bm ,n is also an allocation indicator variable,
namely, bm ,n = 1 indicates that subchannel k is allocated to SUE n in the mth small cell;
(k )

(k )
otherwise, bm ,n = 0 . pm , n is the transmit power of the pico-BS in the mth small cell on
(k )

(k )
subchannel k, hm ,n denotes the channel condition between the mth pico-BS and the nth user
(k )
equipment on subchannel k, I m ,n denotes interferences received by the nth user equipment in
the mth small cell on subchannel k, and PN0 is the noise power per subchannel.
The small cell energy efficiency is given by
M

EEsmall =

N

∑∑ r

=
m 1=
n 1
M N K

m,n

∑∑∑ p

=
m 1=
n 1=
k 1

(4)

.

(k )
m,n

We can obtain the total energy efficiency of heterogeneous cellular network:
I

EE =

∑r

I

=i 1
K

∑∑ p

=i 1 =
k 1

M

(k )

i

(k )
eNB 2 i

N

+ ∑∑ rm,n
=
m 1=
n 1
M N

K

+ ∑∑∑ p
=
m 1=
n 1=
k 1

.

(5)

(k )
m,n

The optimization problem is modeled by maximizing the energy efficiency of the small
cell, which is given by
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max ( EE ),

{ pm( k,n) },{ Sm }

K

(k )
C1: 0 ≤ ∑∑ pm ,n ≤ PpBS , ∀1 ≤ m ≤ M ,
k =1 n

K

(k )
C
2
:
0
peNB
≤
≤ PeNB ,
∑

k =1

C 3 : rm ,n ≥ r0 ,

s.t. C 4 : ri ≥ r0 ,
C 5 : a ( k ) ≤ 1, ∀k ,
∑i i


(k )
C 6 : ∑ bm ,n ≤ 1, ∀k , m,
n

C 7 : I m( k,n) ≤ I 0 , ∀m, n,

C 8 : I i( k ) ≤ I 0 , ∀i,

(6)

where PpBS and PeNB are the maximum available power of each pico-BS and eNB,
respectively, r0 is the data rate required by the UE, and I 0 is the maximum value of
interference that one UE can withstand. C1 guarantees that the sum of the power allocated to
each subchannel of one pico-BS is not greater than the maximum available power of each
pico-BS. C2 guarantees that the sum of the power allocated to each subchannel of the eNB is
not greater than the maximum available power of the eNB. C3 ensures that the data rate
requirement of each UE in small cell is satisfied. C4 represents that the required data rate of
UE in macro cell should be satisfied. C5 and C6 represent that each subchannel can be
allocated to one potential link at most in macro cell or in one small cell. C7 and C8 guarantee
that the interference received by one UE should be smaller than a threshold value.
Since it would be unrealistic to get all of the channel conditions and the optimization
problem in (6) includes both discrete and continuous variables, the optimal solution to (6) is
not feasible. In light of these restrictions, we propose a hierarchical scheme to achieve a
suboptimal solution.

4. Hierarchical Resource Allocation Scheme
4.1 Subchannel selection
We assume that the UE in a small cell can reuse downlink resources of the macro cell.
Different small cells could transmit a signal at the same time. Therefore, the interference
received by the nth UE in the mth small cell on subchannel k can be calculated by
−α
(k ) (k )
=
I m( k,n) PeNB
heNB 2 mn 2 d eNB
2 mn +

M

∑

=
m′ 1, m′ ≠ m

(k )
PpBS
h ( k ) 2 d m−α′ 2 mn ,
m′ m′ 2 mn

(7)

(k )
(k )
and PpBS
denote the transmission power of the eNB and the mth′ pico-BS on
where PeNB
m′

(k )
subchannel k, respectively, heNB 2 mn and d eNB 2 mn denote the channel condition and the

(k )
distance between the eNB and receiver n in the mth small cell on subchannel k, and hm′ 2 mn

d m′ 2 mn denote the channel condition and distance between the mth′ pico-BS and receiver n in
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the mth small cell on subchannel k.
The interference experienced by the ith PUE that occupied the subchannel k is given by
M

(k )
(k )
2 −α
I i( k ) = ∑ PpBS
hpBS
d pBSm 2i ,
m
m 2i

(8)

m =1

(k )

(k )

where PpBSm is the transmission power of the mth pico-BS on subchannel k, hpBSm 2i denotes
the channel condition between the mth pico-BS and receiver ith PUE on subchannel k, and
d pBSm 2i denotes the distance between the mth pico-BS and receiver ith PUE.
To mitigate interference between eNB and pico-BSs, the subchannel selection
optimization problem is given by

{k1,1 , , km,n ,}
=

N

M

I

arg (min(∑∑ I m( k,n) + ∑ I i( k ) )) .

k =1,, K

n 1=
m 1
=

(9)

=i 1

A greedy PRB selection algorithm (GPSA) is proposed to settle the problem in (9). Table
1 specifically shows the proposed GPSA.
Table 1. Greedy PRB Selection Algorithm (GPSA)
Algorithm 1: GPSA
GPSA.1 Start
GPSA.2 m = 1
GPSA.3 n = 1 ,
GPSA.4 Find km,n which is satisfying
GPSA.5 n= n + 1 ;
GPSA.6 if n ≤ N
goto GPSA.4
else m= m + 1 ,
if m ≤ M
goto GPSA.3
else
goto GPSA.7
end if
end if
GPSA.7 End

km ,n = arg (min( I m( k,m) )) ,
k =1,, K

In the greedy PRB selection algorithm, each UE in the small cell finds the subchannel
with the lowest received interference. The complexity of this procedure is of the order
O( MN ) .

4.2 PSO-based power allocation Algorithm
After selectting subchannels, a particle swarm optimization-based power allocation
scheme is proposed to maximize the energy efficiency (PPA-MEE). The PPA-MEE algorithm
is summarized in Table 2.

2250

Gong et al.: PSO-based Resource Allocation in Software-Defined HCNs

Table 2. PPA-MEE Algorithm
Algorithm 2: PPA-MEE
PPA-MEE.1 Start
PPA-MEE.2 Confirm the precision ε and the maximum iteration N max
PPA-MEE.3 l = 0
PPA-MEE.4 Initialize pico-BSs’ power zi (l ) = {Pi1 , Pi 2 ,，PiM }
PPA-MEE.5 Initialize particles velocities vi

(l )

= (vi1(l ) , vi 2 (l ) , , viM (l ) )

PPA-MEE.6 Calculate EEi ( l ) , (i = 1, 2 M )
PPA-MEE.7 Initialize the best location of individual =
pbi ( l )

(l )
, (i 1, 2 M )
z=
i

(l )
(l )
(l )
(l )
PPA-MEE.8 EEgb = max( EE1 , EE2 , , EE p )

max( EEi ( l ) )
PPA-MEE.9 gb ( l ) = z I ( l ) , where I = arg
i

PPA-MEE.10
PPA-MEE.11
PPA-MEE.12
PPA-MEE.13
PPA-MEE.14

l = l +1
Renew velocities of particles according to (11)
Renew locations of particles according to (13), r
Calculate new fitness of each particle

PPA-MEE.15

Renew pbi ( l ) and gb (l )

EEgb (l ) = max( EE1(l ) , EE2 (l ) , , EE p (l ) )

( l −1)
(l )
(l )
PPA-MEE.16 if (abs ( EEgb − EEgb ) / EEgb > ε ) & (l < N max )
goto PPA-MEE.10
else
goto PPA-MEE.17
end if
PPA-MEE.17 End

Firstly, we need to confirm the precision ε and the maximum iteration N max . The
location of the ith particle zi (l ) = {Pi1 , Pi 2 ,，PiM } is set as the power allocated to the pico-BSs.
zi = {Pi1 , Pi 2 ,，PiM }
(10)
Since the dimension of the particles in the PSO algorithm is M, the PSO algorithm of
power allocation is M-dimensional. We denote p as the number of particles.
Then, we calculate the fitness of each particle EEi , and make EEi as the initial best
location of the individual particle. We choose the maximum value of each initial positions as
the first global best location.
The velocities of the particles are calculated according to formula (11),
1)
vim (l +=
ω (l ) vim (l ) + c1r1 ( pbi (l ) − zi (l ) ) + c2 r2 ( gb (l ) − zi (l ) ),

vi (l ) = (vi1(l ) , vi 2 (l ) , viM (l ) ),

(11)

ω is the inertial weight and value between 0 and 1.
ω in the lth iteration is given by

where

ωstart − (ωstart − ωend )l 2
,
N max 2
is 0.9 and the value of ωend is 0.4 in this paper.
ω (l ) =

The value of ωstart
The location of the ith particle is computed as:

(12)
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+1)
zi (l=
zi (l ) + vi (l +1) .

(13)
The new fitness of each particle is calculated and the privately optimal and global
optimum fitness are renewed. After that, the process is repeated starting at PPA-MEE.10 until
the maximum iteration is reached or the difference between two fitness drops below the
minimum threshold level ε .
To obtain the best location of a particle, the power allocation algorithm consists of two
parts. The initialization procedure (PPA-MEE. 1 –PPA-MEE. 9) has a complexity of O( M ) ,
where M denotes the number of small cells in HCNs. The complexity of the iteration
procedure (DRAA. 10 –DRAA. 17) is O( N max M ) in the worst case, where N max is the
maximum iteration number. Therefore, the complexity of PPA-MEE is O( N max M ) .

5. Simulation Results
To evaluate the performance of the proposed algorithm, simulation in MATLAB is performed.
We consider a heterogeneous cellular network system where a primary network and a
secondary network coexist. UE is randomly distributed in the cell. The proposed scheme is
compared with other two schemes. The first one is the water-filling power allocation (WFPA)
scheme, and the second one is the average power allocation (APA) method. Our simulation
parameters are listed in Table 3.
Table 3. SIMULATION PARAMETERS
PARAMETER
VALUE
Micro cell redius
500 m
Small cell radius
10 m
The number of UEs in each small cell
20 (Except for figure 2 and figure 3)
The number of UEs in macro cell
80 (Except for figure 2 and figure 3)
SINR0
10 dB (Except for figure 4 and figure 5)
The transmission power of eNB
36 dBm
The transmission power of Small cell BS
20 dBm
Noise spectral density
-174 dBm/Hz
The bandwidth of each PRB
180 kHz
Available bandwidth
10 MHz
The number of particles in PSO algorithm (p) 40
0.9 / 0.4
ωstart / ωend
c1,c2
1.4962
Nmax
1500
ε
10-6
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Fig. 2. System capacity vs. the amount of UE in the HCNs

Fig. 2 illustrates the system capacity performance with the different methods against the
amount of UE in the HCNs. It reveals that by applying the proposed scheme, the system
capacity is improved. For example, when the amount of UE in the HCNs is equal to 100,
the system capacity with the proposed scheme is approximately 2*104 Mbps, while the
system capacity of the system with the WFPA scheme and the APA scheme are
approximately 4*102 Mbps. As the amount of UE increases, the system capacity of the
three schemes increases. Our proposed scheme can obtain the highest system capacity
because it adjusts the power and the number of PRBs allocated to each UE adaptively,
according to different data rate demands of the UE. In addition, the system capacity of the
system with the WFPA scheme and the APA scheme is nearly always the same. This
occurs because the water-filling power allocation scheme performs like the APA method
when the channel is well conditioned.
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Energy efficiency
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Fig. 3. Energy efficiency vs. the amount of UE in the HCNs
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Fig. 3 shows the energy efficiency of the system with different resource allocation schemes
versus the amount of UE in the HCNs. From this figure, we can make several observations.
First, the energy efficiency of the system with the proposed resource allocation scheme is
always the highest. The spectral efficiencies of system with the WFPA scheme and the APA
scheme are much lower. The highest energy efficiency of our proposed method is attributed to
the subchannels selection and the PSO-based power allocation. Second, the energy efficiency
of all these methods increases with an increasing amount of UEs. The greater the amount of
UEs a system has, the more system capability they obtain. However, the total consumed power
remains unchanged, and thus, the energy efficiency improved. In addition, the energy
efficiencies of the system with the WFPA scheme and that with the APA scheme are almost
the same because the WFPA scheme performs like the APA scheme when the channel is well
conditioned.
5

System capacity (Mbps)

10

WFPA
PSO-PA
APA

4

10

3

10

2

10

2

3

4

5

6

7
8
SINR0(dB)

9

10

11

12

Fig. 4. System capacity vs. SINR0

The system capacity performance with the different methods versus the threshold
signal-to-interference plus noise ratio (SINR) of the UE is shown in Fig. 4. We can see that
with the same SINR0 of the UE, the system capacity with the proposed method is the highest.
This illustrates that our proposed method can improve the system capacity. Second, the system
capacities with the WFPA and APA methods perform the same. In addition, the system
capabilities with three methods basically have no variation as the SINR0 increases. The SINR
performances of UEs are higher than the setting threshold SINR, so the threshold SINR cannot
affect the performance of the system capacity. This illustrates that the system with the
proposed method can maintain stable high capacity performance.
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Fig. 5. Energy efficiency v.s. SINR0

Fig. 5 illustrates the energy efficiency of a system with different resource allocation
schemes against the SINR threshold of the UE. From this figure, we have the following
observations. First, the energy efficiency of the system with the proposed resource allocation
scheme is always the highest. Second, the system capability with the proposed scheme
increases as the SINR0 increases, while the system capabilities with the other two methods
basically have no variation as the SINR0 increases. This illustrates the much lower power
consumption of the proposed scheme when the SINR threshold of the UE increases.
Additionally, it can be concluded that a high energy efficiency performance can be achieved
by the system stably with the proposed scheme.

6 Conclusions
A hierarchical resource allocation scheme of a software-defined heterogeneous cellular
network is proposed in this article, which includes subchannel selection and power allocation.
First, a software-defined network system model is built to assist the system in carrying out the
resource allocation procedure. With the constraint to minimize the sum interference of the
system, a greedy PRB selection algorithm is proposed. Then, we proposed a PSO-based power
allocation scheme to optimize the system energy efficiency. The proposed scheme ensures that
the system allocates the appropriate subchannels to the UE successfully, and each subchannel
has been allocated suitable power. The simulation results demonstrate that the energy
efficiency and system capability of the system improved greatly by our proposed resource
allocation scheme.
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