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Energy- and Spectral-Efficient Resource Allocation
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Abstract—In this paper, the tradeoff between energy efficiency
and spectral efficiency in multicell heterogeneous networks is in-
vestigated. Our objective is to maximize both energy efficiency and
spectral efficiency of the network, while satisfying the minimum
rate requirements of the users. We define our objective function
as the weighted summation of energy efficiency and spectral ef-
ficiency functions. The fractional frequency reuse (FFR) scheme
is employed to suppress intercell interference. We formulate the
problem as cell-center boundary selection for FFR, frequency as-
signment to users, and power allocation. The optimal solution of
this problem requires exhaustive search over all cell-center radii,
frequency assignments, and power levels. We propose a three-stage
algorithm and apply it consecutively until convergence. First, we
select the cell-center radius for the FFR method. Second, we as-
sign the frequency resources to users to satisfy their rate require-
ments and also maximize the objective function. Third, we solve the
power allocation subproblem by using the Levenberg–Marquardt
method. Minimum rate requirements of users are also included in
the solution by using dual decomposition techniques. Our numer-
ical results show a Pareto-optimal solution for energy efficiency
and spectral efficiency. We present energy efficiency, spectral ef-
ficiency, outage probability, and average transmit power results
for different minimum rate constraints. Among other results, we
show that, in a particular setting, 13% energy efficiency increase
can be obtained in a multicell heterogeneous wireless network by
sacrificing 7% spectral efficiency.

Index Terms—Energy efficiency, heterogeneous cellular net-
works, multi-objective optimization, spectral efficiency.

I. INTRODUCTION

IN RECENT years, the rapid increase of mobile devices such
as smart phones, tablets, and wearable computers and mo-

bile applications brought the need for higher throughput and
the problem of coverage simultaneously. The capacity of the
wireless networks needs to increase to meet this demand. In
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[1], expanding spectrum and increasing spectral efficiency are
proposed among several solutions for this problem. Although in-
creasing spectral efficiency eliminates these problems, the spec-
tral efficiency metric does not provide any intuition about the
efficiency of energy consumption. In fact, solutions that improve
spectral efficiency may be inefficient in terms of energy effi-
ciency. The increased energy consumption in wireless networks
contributes to the growth of greenhouse gases. The information
and communication technologies cause about 2–4% of all car-
bon footprint generation [2]. This topic has been investigated in
the literature under the theme of “Green Communications,” see,
e.g., [2] and the references therein. In this paper, we investigate
the tradeoff between energy efficiency and spectral efficiency in
multi-cell heterogeneous wireless networks.

To meet the increasing throughput demand and eliminate cov-
erage holes, heterogeneous networks (HetNets) are investigated
in the literature [3]. In [4], it is shown that both energy efficiency
and spectral efficiency can be improved with dense small cell
deployment. Due to the fact that low-powered base stations are
deployed into the coverage area of a macrocell base station
(MBS), the coverage regions of MBS and small cells overlap.
Therefore, interference becomes a significant problem in Het-
Nets. To overcome this problem, intercell interference cancella-
tion and mitigation techniques are investigated in the literature
[5], [6]. In this paper, we employ the fractional frequency reuse
(FFR) scheme for multi-tier networks, studied in [7], [8]. FFR is
preferred over other intercell interference solutions due to its low
complexity. In this scheme, a virtual cell-center radius is selected
to divide the sector area into two regions and then subbands are
assigned to the base stations depending on their regions. In [7],
same cell-center radius is used in each sector independent of
the user distribution. Our prior work in [8] has employed the
same FFR scheme, but the cell-center radii were selected de-
pending on the user distribution. In this paper, we employ the
same FFR scheme, however we update cell-center boundaries
dynamically depending on the requirements of users. A similar
approach is also used in our prior work in [9]. This approach
helps us satisfy the rate requirements of users and improve our
objective. Although the FFR scheme mitigates some portion of
the interference in the network, intercell interference is still a
significant problem. To further suppress the interference, the
pricing mechanism has been studied to maximize the system
utility in the literature, see, i.e., [10]–[13]. In [10], the trans-
mission power times a predefined constant is used for the pe-
nalty function. This method prevents base stations from trans-
mitting at high power levels. On the other hand, in [11]–[13], an
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interference-based penalty function is suggested. This approach
lets the base stations transmit at high levels if the utility decrease
due to interference is less than the improvement of the system
utility with transmission power increase. In this paper, we em-
ploy a similar method where each base station is penalized with
respect to the amount of interference it creates. This approach
prevents the base station from increasing its transmission power
to levels that hurt the utility of the other sectors which in turn
causes a decrease of the total utility of the network.

As stated earlier, optimizing energy efficiency and spectral
efficiency usually contradict with each other [14]. Therefore,
this tradeoff has attracted attention in the literature recently.
In [14], authors show that the energy efficiency function is
strictly quasi-concave over spectral efficiency. In addition, it is
shown that the power consumption minimization problem and
the maximization of the energy efficiency problem do not have
to coincide. Therefore, these problems should be investigated
separately. In [15], the energy efficiency and spectral efficiency
tradeoff is investigated for OFDMA networks with optimal joint
resource allocation of transmission power and bandwidth. The
authors show that when the cell size decreases, the energy ef-
ficiency of the network increases. Papers [14], [15] study the
energy efficiency and spectral efficiency tradeoff for single-
tier networks. When low-powered base stations are deployed
with MBSs, intra-cell interference becomes a significant prob-
lem. The proposed algorithm in our paper and [16] investigate
energy efficiency and spectral efficiency tradeoff for hetero-
geneous networks. In [16], the energy efficiency and spectral
efficiency tradeoff has been investigated in interference-limited
networks. The authors show that the problem is non-convex and
NP-hard to solve. Therefore, they propose an iterative power
allocation algorithm which guarantees convergence to a local
optimum. They define the problem as maximizing energy ef-
ficiency of the network under minimum rate constraints. The
proposed algorithm in our paper investigates maximizing the
energy efficiency and spectral efficiency simultaneously.

The aforementioned papers investigate energy efficiency and
spectral efficiency functions separately. Another approach to
investigate this problem is to combine these metrics under
one metric. For this purpose, multi-objective optimization tech-
niques have been widely investigated in the literature [17]. These
techniques are successfully used to investigate the energy effi-
ciency and spectral efficiency tradeoff. The first approach to
combine energy efficiency and spectral efficiency is the Cobb-
Douglas production method [18], [19]. In the Cobb-Douglas
method, different powers of the energy efficiency and spectral
efficiency metrics are multiplied. In [18], it is shown that the
metric that is obtained by using the Cobb-Douglas production
method is quasi-concave over the power function. By using the
same metric, authors in [19] investigate the relation between en-
ergy efficiency, spectral efficiency, and the base station density.
In [20], authors study the resource allocation problem in down-
link OFDMA multi-cell networks with a similar metric. Papers
[19], [20] investigate the problem for homogeneous networks.
On the other hand, the algorithm we proposed in this paper in-
vestigates the energy efficiency and spectral efficiency tradeoff
in heterogeneous networks. Another method to combine energy

efficiency and spectral efficiency metrics is to sum these metrics
with appropriate weights [21]–[23]. This method is called the
weighted summation model. The logarithm of the metric in the
Cobb-Douglas method corresponds to the weighted summation
method of the logarithms of the spectral efficiency and energy
efficiency metrics. Authors in [21] investigate the energy effi-
ciency with proportional fairness for downlink distributed an-
tenna systems. The tradeoff between transmission power and
bandwidth requirement in single-tier single-cell networks is in-
vestigated in [22]. This paper shows that the tradeoff between
energy efficiency and spectral efficiency can be exploited by
balancing the occupied bandwidth and power consumption. Au-
thors in [23] propose a novel bargaining cooperative game for
dense small cell networks. They show that both energy effi-
ciency and spectral efficiency of the network can be improved
with cooperation among base stations. In [23], the problem in
the single-cell network is investigated. In this paper, we inves-
tigate the energy efficiency and spectral efficiency tradeoff in
multi-cell multi-tier networks. We also implemented weighted
summation model to combine energy efficiency and spectral
efficiency metrics. In our prior work [24], we investigated the
same problem. However, in [24], all resources are assigned to
users during the frequency assignment process and abandoning
a resource blocks is not considered. In this work, we extend our
work in [24] and abandon the resource blocks depending on the
network conditions.

In this paper, we study the joint maximization of energy
efficiency and spectral efficiency in multi-cell heterogeneous
wireless networks. The minimum rate constraints of users are
addressed. The weighted summation method has been imple-
mented to combine energy efficiency and spectral efficiency
metrics. The given optimization problem is a mixture of com-
binatorial and non-convex optimization problems. The optimal
solution requires checking all possible cell-center radii, all pos-
sible frequency allocations, and all possible power levels for all
sectors in the network. Therefore, obtaining the optimum solu-
tion is extremely hard. In this paper, we propose a multi-stage
algorithm whereby at each stage the solution is updated while
assuming the other network conditions are constant. We show
the convergence of the proposed algorithm. In the first stage,
each sector selects the cell center radius that maximizes its ob-
jective function. In the second stage, the frequency resources
are assigned to the users while considering the rate requirement
of the users and the interference conditions of the network.
In the last stage, a Levenberg-Marquardt method-based power
allocation algorithm is implemented that considers the rate re-
quirements of the users. We investigate optimal and suboptimal
power updates. In the optimal approach, the Levenberg-
Marquardt method-based algorithm updates all power control
parameters in the sector concurrently. In the suboptimal ap-
proach, the macrocell and the low-powered base stations update
their power control parameters separately. The proposed algo-
rithm iteratively solves these three stages until convergence.

The contributions of this paper are as follows. First, we show
that a Pareto optimal solution exists such that the sacrifices
in terms of spectral efficiency can be transformed into gain in
terms of energy efficiency or vice versa. Second, we investigate
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Fig. 1. Dynamic cell-center region boundaries in a multitier FFR scheme. The
network layout assumes a uniform 19-cell hexagonal grid, in which the MBSs
have three sector antennas and Pico-BSs employ omnidirectional antennas.

the relation between the energy efficiency and spectral efficiency
tradeoff and minimum rate constraints of the users. We show that
maximizing energy efficiency of the network performs better
than the spectral efficiency maximization in terms of outages.
Third, we show that fewer resource blocks are allocated when
we increase the minimum rate constraints of users or increase
the weight of the spectral efficiency in the objective metric.

The remainder of this paper is organized as follows. Section II
introduces the system model, base station power consump-
tion, and energy efficiency and spectral efficiency definitions.
Section III formulates the resource allocation problem in Het-
Nets. The proposed algorithm is presented in Section IV. Simu-
lation results are discussed in Section V. Section VI concludes
the paper.

II. SYSTEM MODEL

In this section, we first present our system model and describe
the power consumption model of the base station. Second, we
define the energy efficiency and spectral efficiency metrics.

Consider a wireless network with a 19-cell hexagonal layout
as depicted in Fig. 1. The edges are wrapped around to create the
effect of an infinite network. In this paper, we employ the multi-
tier FFR scheme described in [7], [8]. In each cell, one MBS is
deployed along with picocell base stations (Pico-BSs). MBSs
employ 3-sector antennas, whereas omnidirectional antennas
are used in Pico-BSs. The overall network area is divided into
57 sectors. Each sector is divided into two regions: cell center
and cell edge. In the cell-center region, macrocell associated
users (MUEs) are allocated on Subband A in all sectors. On
the other hand, cell-edge MUEs are allocated on Subbands B,
C, or D depending on their sector. In order to limit intra-sector
interference, cell-center picocell associated users (PUEs) are
allocated on the remaining two subbands that the MBS does not
transmit on. Cell-edge PUEs also use Subband A in addition to
two subbands that cell-center PUEs are using. The transmission
powers of the Pico-BSs are significantly lower than the MBSs,
therefore the intra-sector interference from cell-edge Pico-BSs
to cell-center MUEs will be limited. The spectrum allocation is
shown in Table I.

In this paper, we study constant power allocation across the
subbands. The total bandwidth of the network is divided into

4 disjoint subbands. The number of subcarriers in subbands A,
B, C, and D are denoted by NA , NB , NC , and ND , re-
spectively. The total number of subcarriers is denoted by N ,
i.e., N = NA +NB +NC +ND . In order to characterize the
power assignment of base stations, we introduce two power con-
trol parameters β and ε. The parameter β is used to scale the
transmission power of base stations. This parameter is defined
for both MBSs and Pico-BSs. On the other hand, the parameter
ε is only defined for MBSs and determines the ratio of the trans-
mission power of MBSs on the cell-edge and the cell-center
subcarriers. We can write the signal-to-interference-plus-noise
ratio (SINR) of MUE k on subcarrier n as follows

γ
(n)
k =

P
(n)
M g

(n)
k,M

∑
M ′∈BM
M ′ �=M

P
(n)
M ′ g

(n)
k,M ′ +

∑
P ∈BP P

(n)
P g

(n)
k,P +N0Δn

(1)
where P

(n)
M and P

(n)
P are the downlink transmit powers of

macrocell M and picocell P on subcarrier n, respectively. The
channel gain between user k and MBS M on subcarrier n is
represented as g(n)

k,M . The same gain between user k and Pico-

BS P is g(n)
k,P . The sets of MBSs and Pico-BSs in the simulation

area are denoted by BM and BP , respectively. The bandwidth
of a subcarrier n is represented by Δn . The thermal noise power
per Hz is N0. The SINR of PUEs can be generated by using the
same approach. The downlink transmission power of MBS M
for cell-center MUEs that are in sector s can be written as

PM =
βM Pmax,M

Ns
A + εsNs

B

, (2)

where Pmax,M is the maximum transmission power of the MBS
M . The numbers of assigned subcarriers on subband A and
B in sector s are denoted by Ns

A and Ns
B , respectively. The

downlink transmission power for cell-edge users is εM PM . The
downlink transmission power of the MBSs in other sectors can
be obtained by replacing Ns

A and Ns
B with the corresponding

number of subcarriers. The downlink transmission power of
cell-center and cell-edge Pico-BSs in Sector 1 are denoted by
PC
P and PE

P , and are given by

PC
P =

βP Pmax,P

Ns
C +Ns

D

, PE
P =

βP Pmax,P

Ns
A +Ns

C +Ns
D

. (3)

The numbers of assigned subcarriers on subband C and D in
sector s are denoted by Ns

C and Ns
D , respectively. For the Pico-

BSs in other sectors, the transmission power can be calculated
similarly, by replacingNs

A ,Ns
C , andNs

D with the corresponding
number of subcarriers.

Consider sector s to consist of KM,s MUEs and KP,s PUEs.
The sets of MUEs and PUEs are denoted by KM,s and KP,s ,
respectively. We use index k for user k and indexn for subcarrier
n. We define vector CM,s to show whether MUE is in the cell
center or not. The size of this vector is KM,s . If an MUE k
is located in the cell center, Ck

M ,s = 1, otherwise Ck
M ,s = 0.

Likewise, the vector CP,s denotes whether PUE is in cell center
or not. The size of CP,s is KP,s . If PUE k is located in the cell
center, Ck

P,s = 1, otherwise Ck
P,s = 0. The matrices FM,s and

F P,s denote whether the subcarrier n is assigned to user k or
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TABLE I
SPECTRUM ASSIGNMENT IN A MULTITIER FFR SCHEME

Base Station Type Sector 1 Sector 2 Sector 3

Cell-Center(C1) Cell-Edge(E1) Cell-Center(C2) Cell-Edge(E2) Cell-Center(C3) Cell-Edge(E3)

MBS A B A C A D
Pico-BS C and D A, C, and D B and D A, B, and D B and C A, B, and C

not. The size of the matrices FM,s and F P,s are KM,s ×N
and KP,s ×N , respectively. If the subcarrier n is assigned to
MUE k, the (n, k)th element of FM,s will be 1, otherwise it
will be 0. The same approach is used for frequency allocation
of F P,s . The matrices R1 and R2 denote the throughput of
MUEs. The size of these matrices are N ×KM,s . The (n, k)th
element of matrix R1 is the throughput of MUE k on subcarrier
n when MUE k is in the cell-center region. The same element
of R2 corresponds to the same value when the user is located
in the cell-edge region. The matrices R3 and R4 consist of the
throughput of PUEs. The size of these matrices are N ×KP,s .
The (n, k)th element of R3 and R4 is the throughput of PUE
k on subcarrier n when the user is in cell center and cell edge,
respectively. Then, we can calculate the aggregate throughput
of the sector s as

Rs =
∑

k∈KM , s

(
Ck
M ,sF

(k,:)
M,s R

(:,k)
1 + (1−Ck

M ,s)F
(k,:)
M,s R

(:,k)
2

)

+
∑

k∈KP , s

(
Ck
P,sF

(k,:)
P,s R

(:,k)
3 + (1−Ck

P,s)F
(k,:)
P,s R

(:,k)
4

)
.

(4)

Note that X(n,:) and X(:,k) are the nth row vector of the
matrix X and the kth column vector of the matrix X , respec-
tively. The throughput terms in (4) can be expanded by using
the definitions in (1) as

R
(n,k)
i = Δn log2

(
1 + γ

(n)
k

)
, for all i ∈ 1, 2, 3, 4, (5)

where X(n,k) is the entry on the nth row and kth column of the
matrix X .

A. Base Station Power Consumption Models

Modeling the energy consumption of the base stations has
attracted some attention in the literature, see, e.g., [25]–[27].
Several components contribute to the energy consumption of
the base stations such as power amplifier, power supply, cool-
ing device, etc. A good model must include the contribution of
all components. In order to quantify the energy savings prop-
erly, a load-dependent model is required. In this paper, we use
the power consumption model that is described in [25]. In this
model, the power consumption of the base station is broken
down into two parts: load-dependent and static power consump-
tion. The load-dependent part changes depending on the trans-
mission power of the base station. On the other hand, static
power is independent of the transmission power and it will be
consumed if the base station is on. If the base station has no user

to serve, then it goes into the sleep mode. During the sleep mode,
energy consumption of the base station is lower than the static
power consumption of the base station. This model is given by

PT otal =

{
NT RX (P0 + Δ · PT X ) 0 < PT X ≤ Pmax

NT RXPsleep Pout = 0
(6)

where PT otal , PT X , and Psleep are the overall power consump-
tion of the base station, load-dependent transmission power, and
the power consumption during the sleep mode. The maximum
transmission power of the base station is denoted by Pmax . The
number of the transceiver chains is represented by NT RX . The
slope of the load-dependent power consumption is Δ. By using
this model, the power consumption of the MBSs and Pico-BSs
can be written as

PM = NT RX,M (P0,M + ΔM PT X,M ) and

PP = NT RX,P (P0,P + ΔP PT X,P ) (7)

where PM and PP denote the overall power consumption of
MBSM and Pico-BSP , respectively. The parameters P0,M and
P0,P are the static power consumption at MBS M and Pico-BS
P , respectively. The transmission power of the MBS M and
Pico-BS P are denoted by PT X,M and PT X,P , respectively.
The numbers of transceiver chains for MBS M and Pico-BS
P are represented by NT RX,M and NT RX,P , respectively. The
slopes of the power consumption for MBSM and Pico-BSP are
denoted by ΔM and ΔP , respectively. If no user is associated
with a base station, the corresponding base stations go into sleep
mode. The power consumptions of the MBS M and Pico-BS P
during the sleep mode are denoted by Psleep,M and Psleep,P ,
respectively.

B. Energy Efficiency and Spectral Efficiency Definition

Let ηs denote the energy efficiency of sector s which can be
expressed as

ηs(ε,β) =
Rs

ψs(εs,βs)
, (8)

where the vectors ε and β denote the optimization variables
of transmission power for all sectors in the network. The scalar
parameter εs is the ε value of the sector s. The vector βs consists
of all β values of the base stations in sector s. The total power
consumption in sector s is denoted by ψs(εs,βs) which can be
calculated as

ψs(εs,βs) = PM +
∑

P ∈NPico, s

PP , (9)
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whereNPico,s is the set of Pico-BSs in sector s. Thus, the energy
efficiency ηs(ε,β) has the unit bits/Joule.

In the same fashion, we can calculate the spectral efficiency
of the sector s as follows

νs(ε,β) =
Rs

Ws
, (10)

whereWs is the total bandwidth allocated by MBS and Pico-BSs
in sector s. The unit of νs(ε,β) is bits/s/Hz.

III. PROBLEM FORMULATION

In this section, we develop a framework to investigate energy
efficiency and spectral efficiency tradeoff in multi-cell heteroge-
neous networks. Our objective is to maximize both energy effi-
ciency and spectral efficiency of the network while satisfying the
minimum rate requirements of users. As stated earlier, the prob-
lems of maximizing energy efficiency and spectral efficiency
of the network usually contradict with each other. Therefore,
we introduce a multi-objective optimization-based formulation
to maximize energy efficiency and spectral efficiency simulta-
neously. Multi-objective problems are usually solved by com-
bining objectives under a single objective. In that manner, we
use the weighted summation method to combine the energy ef-
ficiency and spectral efficiency metrics. However, the units of
these metrics are not the same. The unit of energy efficiency
is bits/Joule and the unit of spectral efficiency is bits/s/Hz. To
ensure the units of these metrics are the same in weighted sum-
mation form, we multiply the spectral efficiency function with
Wtot/Ps . The parameter Wtot is the total bandwidth of the
network and Ps is the total amount of power consumption of
sector s when all BSs in this sector transmit at the full power. A
similar approach is also used in [22]. In addition, we introduce
the unitless parameter α, 0 ≤ α ≤ 1, to tune the objective met-
ric. This parameter helps us tune the network towards energy
efficiency or spectral efficiency depending on the network con-
ditions. During the peak hours, increasing spectral efficiency is
more important than the energy efficiency to satisfy the demand
of more users. On the other hand, during the off-peak hours,
maximizing energy efficiency becomes more important to de-
crease the energy consumption of the network. The objective
metric moves towards spectral efficiency when parameter α in-
creases. On one extreme, when α is 1, the problem becomes
spectral efficiency maximization; on the other extreme, when
α is 0, the problem is energy efficiency maximization. Thus, α
allows a service provider to make a judicious decision between
the two efficiency measures depending on their own criteria. In
addition, for constant α, when we increase Wtot , the weight of
the spectral efficiency function increases in the objective func-
tion. When there is sufficient bandwidth, the objective function
emphasis is on saving more bandwidth and maximizing the ef-
ficiency of the occupied bandwidth. On the other hand, if we
have sufficient power, the importance of the energy efficiency
in the objective function increases. A multi-objective optimiza-
tion problem employing the variables we specified above can be

defined as follows

max
β,ε,C ,F

∑

s∈S
(1− α)ηs(ε,β) + α

Wtot

Ps
νs(ε,β)

s.t. Ck
M ,sF

(k,:)
M,s R

(:,k)
1 + (1−Ck

M ,s)F
(k,:)
M,s R

(:,k)
2

≥ Rmin,k , for all k ∈ KM,s , s ∈ S (11a)

s.t. Ck
M ,sF

(k,:)
M,s R

(:,k)
3 + (1−Ck
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(:,k)
4

≥ Rmin,k , for all k ∈ KP,s , s ∈ S (11b)
∑

k∈KM , s

Ck
M , s =1

F
(k,n)
M,s ≤ 1 and

∑

k∈KM , s

Ck
M , s =0

F
(k,n)
M,s = 0

for all n ∈ NC
M,s , s ∈ S (11c)

∑

k∈KM , s

Ck
M , s =0

F
(k,n)
M,s ≤ 1 and

∑

k∈KM , s

Ck
M , s =1

F
(k,n)
M,s = 0

for all n ∈ NE
M,s , s ∈ S (11d)

∑

k∈KM , s

F
(k,n)
M,s = 0 for all n /∈ NC

M,s ∪NE
M,s , s ∈ S

(11e)
∑

k∈KpP , s
Ck

P , s =1

F
(k,n)
P,s ≤ 1 and

∑

k∈KpP , s
Ck

P , s =0

F
(k,n)
P,s = 0

for all n ∈ NC
P,s , p ∈ NP ico,s , s ∈ S (11f)

∑

k∈KpP , s
Ck

P , s =0

F
(k,n)
P,s ≤ 1 and

∑

k∈KpP , s
Ck

P , s =1

F
(k,n)
P,s = 0

for all n ∈ NE
P,s , p ∈ NP ico,s , s ∈ S (11g)

∑

k∈KpP , s
F

(k,n)
P,s = 0 for all n /∈ NC

P,s ∪NE
P,s ,

p ∈ NP ico,s , s ∈ S (11h)

ε � 0 and 0 	 β 	 1, (11i)

where S is the set of all sectors in the simulation area. The
minimum rate requirement of user k is denoted by Rmin,k .
The parameters NC

M,s and NE
M,s are the set of subcarriers that

are assigned to cell-center and cell-edge MUEs, respectively.
Likewise, the parametersNC

P,s andNE
P,s are the set of subcarri-

ers that are assigned to cell-center and cell-edge PUEs, respec-
tively. The notation x � 0 forces that each element of vector x
is greater than or equal to 0. Constraints (11a) and (11b) ensure
that rate constraints of the MUEs and PUEs are satisfied, re-
spectively. Constraints (11c) to (11h) guarantee that available re-
sources to a base station for a region are assigned to users that are
associated with the base station and in the corresponding region
and unavailable resources are not assigned to these users. Con-
straint (11i) guarantees that parameters ε and β are within the
given limits.
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The objective function in (11) is non-convex, therefore the
optimal solution requires exhaustive search over all possible
cell-center radii, frequency assignments, and power levels for
all sectors. To tackle this problem, we divide our problem into
|S| subproblems so that each sector maximizes its own objec-
tive function simultaneously. This resource allocation problem
still needs to be solved over the cell-center radius, frequency,
and power domains jointly. This problem is combinatorial over
the first two domains and non-convex over the power allocation
domain [28], [29]. Therefore, obtaining the optimum solution
still requires exhaustive search over all domains. Therefore, in-
stead of solving these problems jointly, we propose a three-stage
algorithm that solves each problem consecutively. In the next
section, we will describe these stages and discuss the complexity
and convergence analysis of the proposed algorithm.

IV. PROPOSED SOLUTION

Our formulation in (11) enables us to develop an energy- and
spectral-efficient resource allocation algorithm. We first divide
the problem in (11) into |S| subproblems such that each sector
maximizes own objective function. Then, the proposed algo-
rithm decouples the problem into three stages and solves them
iteratively until convergence. In the first stage, we select the
cell-center radius to divide MUEs into two groups as cell-center
MUEs and cell-edge MUEs and also determine the available
resources to the Pico-BSs depending on their regions. Second,
MBS and Pico-BSs assign frequency resources to their users.
This stage has two steps. In the first step, MBS and Pico-BSs
assign the resource blocks to their users to maximize the objec-
tive metric and satisfy the rate requirements of their users. In
the second step, the MBS and all Pico-BSs in the sector make a
judicious decision to maximize the overall objective among the
following: abandon one of the assigned resource block from all
base stations, allocate one more resource block among the avail-
able ones, or protect the current allocation. By this approach,
the available resources to each sector are updated in each itera-
tion until the optimum allocation is found. Last, we determine
the power control parameters ε and β s in each sector concur-
rently. The minimum rate requirements of the users are included
in the power control subproblem by using dual decomposition
techniques. After these three stages, the MBS sends the updated
information to the other base stations in the network. Then, these
stages are repeated in every sector until convergence. The pro-
posed algorithm is presented under the heading Algorithm 1.
The flowchart of this algorithm is depicted in Fig. 2. In the
sequel, we discuss each step of the proposed algorithm in detail.

A. The Cell-Center Region Boundaries

In the first stage of the proposed algorithm, we need to set
the cell-center region boundaries in each sector to select the
region of the MUEs and also determine the available resources
to Pico-BSs. In [8], we showed that more than two times gain
can be obtained in terms of energy efficiency and throughput
by proper selection of cell-center radii. In [8], we proposed
two cell-center radius selection algorithms. The first algorithm
selects a cell-center radius to maximize the throughput of the

Fig. 2. Flowchart of the proposed algorithm in Algorithm 1.

sector. The second algorithm aims to distribute resources evenly
among MUEs. However, neither of these algorithms considers
the minimum rate requirements of users. For example, when the
minimum rate requirements of users are low, the first algorithm
is preferable over the second one to maximize the objective
metric. On the other hand, if users have higher rate requirements,
the second algorithm should be selected over the first one to
satisfy the rate requirements of more users. Therefore, in order
to benefit from the advantages of both algorithms, we propose a
dynamic cell-center selection algorithm in this paper. First, we
will provide a useful observation.

Observation 1: The resource distribution of the FFR scheme
changes only when one of the cell-center MUEs or cell-center
Pico-BSs passes to the cell-edge region or vice versa.

When we expand or shrink the cell-center radius without
changing the region of an MUE or a Pico-BS, the region of all
users and Pico-BSs will be the same. Therefore, the solution of
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Algorithm 1: Proposed Energy- and Spectral-Efficient Re-
source Allocation Algorithm.

1: Initialize: r(0,c)
th,s = rr,s/2 (ε(0)

s ,β0
s) = [1,1]

2: r(t,0)
th,s = r

(t−1,0)
th,s

3: First, three-candidate cell-center region boundaries are
selected by using the cell-center radius algorithm in
Section IV-A: r(t,−1)

th,s , r(t,0)
th,s , and r(t,1)

th,s .

4: r(t,0)
th,s = r

(t−1,0)
th,s . The cell-center radius r(t,−1)

th,s is

obtained by shrinking r(t,0)
th,s , and r(t,1)

th,s is obtained by

expanding r(t,c)
th,s .

5: for c := −1 to 1 do
6: For cell-center radius, r(t,c)

th,s , run the frequency
assignment algorithm in Section IV-B for each base
station in the sector.

7: Calculate the Lagrangian functions, L(c)
s , which is

described in the Section IV-C.
8: Note that while calculating the Lagrangian function,

power control parameters that are obtained at the end of
the previous time instant are used.

9: end for
10: Among all three Lagrangian function, the maximum

one is selected for the cell-center radius and the
frequency assignments.

11: Then, run the power control algorithm that is described
in Section IV-C to determine the power control
parameters.

12: Go to Step 1 and repeat until the convergence.

the frequency assignment and power assignment problems will
be the same.

Therefore, KM,s +NPico,s + 1 different cell-center radii can
be selected for sector s. When the number of users in the sector
or the number of pico-BSs in the sector increases, exhaustive
search over all radii requires a significant amount of time. In
addition, the frequency assignment problem that will be dis-
cussed in the next subsection needs to be solved for every radius
option. Therefore, we need to eliminate some of these radii
choices judiciously. In this paper, we propose an iterative algo-
rithm for cell-center radius selection. The proposed algorithm
compares the Lagrangian function of the current cell-center ra-
dius with two cell-center radii: one more MUE or Pico-BS is
included in the cell-center region from the cell-edge region and
one more MUE or Pico-BS is excluded to the cell-edge region
from the cell-center region. Among these three cell-center radii,
the one that maximizes the Lagrangian function is selected as
the cell-center radius. This approach decreases the number of
cell-center radii that will be checked in every iteration from
KM,s +NPico,s + 1 to three. Therefore, a significant amount of
time will be saved by this approach. We used a similar algorithm
in our prior work [9].

B. Frequency Assignment Problem

In the second stage of the algorithm, frequency resources
are assigned to users. In the literature, several scheduling

algorithms are discussed, see, e.g., [30]. Each scheduler has
its own priorities such as minimizing latency, maximizing fair-
ness, etc. In [28], it is shown that the optimal resource allocation

among KM,s users and NC
M,s resource blocks requires K

NC
M , s

M ,s

searches. This approach is impractical in real time applications.
Therefore, we propose a two-step opportunistic scheduling algo-
rithm in this paper. Before discussing the proposed scheduling
algorithm, we will provide some useful theorems.

Theorem 1: The power consumption of a base station is min-
imized when the maximum of Rmin,k /Rcurr,k , Rratio , is mini-
mized whereRcurr,k is the current rate of user k when no power
control is implemented.

Proof: Let us compare two different cases of scheduling that
consume equal amount of power. Assume the minimum rate
requirements of all users is satisfied with the current power
assignment and R1

ratio is bigger than R2
ratio , i.e., 1 > R1

ratio >
R2
ratio . The power control algorithm that minimizes the power

consumption will increase both ratios to 1. While the total power
consumption of the first case is R1

ratio · P , that of the second
case will beR2

ratio · P . Therefore, less power will be consumed
in the second case than the first case. �

Theorem 2: The spectral efficiency of the resource block is
maximized when a resource block is assigned to a user that
has the best average channel gain over the subcarriers of the
resource block.

Proof: The proof of this theorem is straightforward. When
a user has the best average channel gain over the subcarriers
of the resource block, it has the highest capacity. Due to the
fact that the total bandwidth of the resource block will be the
same for all users, the user who has the highest channel gain
will also provide the highest spectral efficiency for that resource
block. �

The proposed scheduling algorithm has two steps. In the first
step, the available resource blocks are assigned to users. The pro-
posed algorithm assigns the resource blocks to users iteratively.
In each iteration, one resource block is assigned to a user. Our
priority is satisfying the minimum rate requirements of more
users. For this purpose, if there are users that could not satisfy
their rate requirement with the current assignment, assigning a
resource block to one of these users is the most judicious choice.
In order to maximize our objective, we assign the resource block
to the user that provides the largest improvement in terms of the
Lagrangian function among the users that could not satisfy their
rate requirement. If all users satisfy their rate requirement with
the current assignment, available resource blocks are assigned
to the user that provides the largest Lagrangian improvement
among all users. By this approach, first, the rate requirement
of more users are satisfied. Second, the power consumption of
the network is minimized. Third, the spectral efficiency of the
network is maximized. During this step, power allocations in
the previous time instant are used to calculate the rates of the
users with the current assignment. In the second step of the
algorithm, all base stations in a sector determine whether to
protect the current assignment, abandon one resource block, or
assign one more resource block among the available but unas-
signed ones. When a resource block is not allocated by any
user in a sector, the intercell interference to users in the other
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sector is lowered which increases the utility function of the
other sectors. In addition, fewer resource blocks are assigned by
base stations in the sector, therefore power assignment of other
resource blocks increases. This may also increase the spectral
efficiency of the sector. In the next section, we present the two
steps of the opportunistic scheduling algorithm and then discuss
the complexity of the algorithm.

Opportunistic Scheduler Algorithm: The opportunistic sched-
uler algorithm shares resource blocks among users to maximize
the objective metric. Due to the fact that the cell-center and cell-
edge MUEs are allocated different subbands, this algorithm runs
for both sets separately. First, the proposed algorithm assigns a
resource block to a user that provides maximum improvement
to the Lagrangian function that is described in Section IV-C. If
the rate requirement of the corresponding user is satisfied with
the current assignment, this user is removed from the assign-
ment set. The proposed algorithm continues to allocate resource
blocks to users in the assignment set. If the minimum rate re-
quirements of all users are satisfied with the current assign-
ment (i.e., the assignment set is empty), the proposed algorithm
assigns the rest of the available resource blocks to users that
provide the largest Lagrangian improvement. The resource allo-
cation algorithm for cell-center MUEs is given under the heading
Algorithm 2. The same approach can be used for the cell-edge
MUEs and Pico-BSs.

Due to the interference conditions in the network, not as-
signing a resource block to any user in the sector may improve
the overall utility of the network. In addition, when a resource
block is not assigned by all base stations in a sector, the de-
nominator of the spectral efficiency function becomes smaller
that may also improve the spectral efficiency of the sector. In
order to benefit from these properties, we decide among the
following three cases in each iteration: abandoning one of the
resource blocks from all base stations, allocating one more re-
source block among the available ones, or protecting the current
situation. For each resource block, we calculate the utility func-
tion without assigning this resource block. In addition, for each
unassigned but available resource block, we calculate the utility
function when this resource block is assigned. Among all these
cases the one that has the largest Lagrangian function is selected
as the current frequency resource allocation.

1) Complexity Analysis: In the first step of the scheduling
algorithm, each base station calculates the rate of each available
resource block for each user in the sector. Therefore, the com-
plexity of the first step is O(NK) for each base station when
there are N resource blocks to assign to K users. In the second
step, the complexity of the algorithm is different for MBSs and
Pico-BSs. In MBSs, the rate of each resource block is requir-
ed to be recalculated for one more resource block assignment
and one more resource block abandonment. When we look at the
formula in (2), abandoning or assigning a cell-center resource
block and cell-edge resource block has affected the downlink
transmission power of the MBS differently. Therefore, we have
to calculate different rates for all these cases. In the first step, the
resource blocks are already assigned to users, therefore we have
to calculate the rate of each resource block for these four cases.
The complexity of this process becomes O(4N). On the other

Algorithm 2: Proposed Frequency Allocation Algorithm.
1: Initialize: FM,s =0
2: NC,t

M ,s = NC,t−1
M,s . NC,t−1

M,s is the frequency resources
that are assigned at time instant t− 1

3: KC,UM ,s = KCM,s

4: while NC,t
M ,s and KC,UM ,s are not empty do

5: k = arg max
k∈KC , U

M , s

L(C,k,n)
s

6: F
(k,n)
M,s = 1

7: if F
(k,:)
M,s R

(:,k)
1 ≥ Rmin,k then

8: KCM,s ←− KCM,s\k
9: end if

10: NC,t−1
M,s ←− NC,t

M ,s\n
11: end while
12: while NC,t

M ,s is not empty do

13: k = arg max
k∈KCM , s

L(C,k,n)
s

14: F
(k,n)
M,s = 1

15: NC,t−1
M,s ←− NC,t

M ,s\n
16: end while

hand, the effect of abandoning or assigning a resource block
from different subbands on the downlink transmission power
will be the same. Therefore, the complexity of this process at
Pico-BSs is O(2N).

C. Power Control Problem

In the third stage of the algorithm, we determine the power
levels on each subband that maximize our objective metric and
also satisfy the rate requirements of the users. Given the cell-
center radius vector and the frequency assignment matrix, we
need to determine the power control parameters βs and εs . We
use convex optimization techniques to obtain optimum β and ε
parameters.

Lemma 1: The energy efficiency and spectral efficiency per
sector expression (1− α)ηs(ε,β) + αWt o t

Ps
νs(ε,β) in (11) is

quasiconcave in εs and βs .
Proof: The proof is given in the online Appendix [31].
During obtaining optimum power control parameters, we as-

sume that the power control parameters of the other sectors are
constant. Therefore, the interference conditions from the other
sectors are assumed to be constant. However, if the base stations
increase their transmission powers to high levels without con-
sidering the other sector, this harms the transmissions in other
sectors and causes outages and decrease in the overall utility.
To prevent this, we introduce the interference pricing mecha-
nism. Several pricing algorithms are discussed in the literature.
In [10] and [32], each base station is penalized with the trans-
mission power level of the base station. The penalty term is a
constant term times the transmission power level of the base sta-
tion. Although this approach forces the base stations to decrease
their transmission power, the penalty term will be independent
of the interference that the base stations create. Therefore, the
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improvement in overall network utility may not reach its actual
potential. For this reason, we use an interference-based pricing
mechanism in this paper. The pricing mechanism penalizes each
sector by the amount of the interference it creates. This approach
was first proposed in [11]–[13]. We use θs(εs,βs) to denote the
interference pricing function for sector s. The interference pric-
ing function proportionally increases with the interference that
the base station creates. In addition, if the interference causes
the outages of users in other sectors, the penalty term becomes
more severe.

Section IV-B guarantees that constraints (11c)–(11h) are sat-
isfied for each base station. In addition, when the minimum
rate requirement of the users increases, some users may not be
allocated any resources to decrease the overall outage probabil-
ities of the network. When this is the case, the minimum rate
requirement of these users cannot be satisfied with the power
control algorithm. Therefore, we exclude these users from the
power control problem and define sets of MUEs and PUEs that
are assigned to at least one resource block as KUM,s and KUP,s ,
respectively. When we write the Lagrangian of the problem (11)
for the remaining constraints and users, we obtain

Ls(xs) = (1− α)ηs(ε,β) + α
Wtot

Ps
νs(ε,β)− θs(εs,βs)

−
∑

k∈KUM , s

λk,s

(
Rmin,k −

(
Ck
M ,sF

(k,:)
M,s R

(:,k)
1

+ (1−Ck
M ,s)F

(k,:)
M,s R

(:,k)
2

))
+

∑

k∈KUP , s

λk,s

(
Rmin,k

−
(
Ck
M ,sF

(k,:)
M,s R

(:,k)
3 + (1−Ck

M ,s)F
(k,:)
M,s R

(:,k)
4

))

+ τLM βM + τUM (1− βM ) +
∑

P ∈NPico, s

τLP βP

+
∑

P ∈NPico, s

τUP (1− βP ) + ρsεM . (12)

For simplicity, we will use Ls(xs) for L(εs,βs ,λ, τ
L
s ,

τU
s , ρs) throughout the rest of the paper.

In this paper, the transmission power of the MBSM depends
on βM and εM and the transmission power of the Pico-BS P
depends on βP . The interference pricing function accounts for
the interference that all base stations in the sector s are subject
to. We define a vector, zs = [βM εM β1

P . . . β
NP , s

P ] where NP,s

is the number of Pico-BSs in sector s. Then, we can write the
interference pricing function as follows

θs(εs,βs) = zTs
∑

s ′∈S
s ′ �=s

∇zsLs ′(xs ′). (13)

The pricing function reflects the marginal costs of the variables
βM , εM , and βP s for all Pico-BSs.

In each sector, there are 2 +NP icos power con-
trol parameters. In order to obtain the optimum power
control parameters, we will employ the Levenberg-Marquardt
method. The Levenberg-Marquardt method is a variant of
the Newton method. The Newton method provides quadratic

convergence. The quadratic approximation of the Lagrangian
function in (12) can be expressed as

g(z) = Ls(xs) +∇Ls(xs)T
(
z− z(t,l)

s

)

+
1
2

(
z− z(t,l)

s

)T∇2Ls(xs)(z− z(t,l)
s ), (14)

where l and t denote the Newton iteration and time instant, re-
spectively. The Hessian matrix of the Ls(xs) at z(t,l)

s is denoted
by∇2Ls(xs). However, the Newton method does not guarantee
convergence [33]. The reason behind this is that the Hessian
matrix can be singular or the direction may not be correct. In
order to overcome this problem, several methods have been in-
vestigated in the literature [33], [34]. In this paper, we employ
the Levenberg-Marquardt method due to its guarantee of con-
vergence. Then, the power control parameters that maximize
g(z) can be obtained by

z(t,l+1)
s = z(t,l)

s − μl
(∇2L(l)

s (xs)− ξI
)−1∇L(l)

s (xs), (15)

where I is the identity matrix. The term ξI should be selected in
such a way that all the eigenvalues of D = (∇2L(l)

s (xs)− ξI)
are negative. This approach guarantees that D is negative def-
inite. The parameter ξ should be selected larger than the high-
est positive eigenvalue of the ∇2L(l)

s (xs). If all eigenvalues of
∇2L(l)

s (xs) are already negative, then ξ should be selected as
0 and the Levenberg-Marquardt works as the Netwon method.
The proposed algorithm is given under the heading Algorithm 3.
The parameter lmax is the maximum number of iterations, and
ε is a control parameter to determine when to exit the algorithm
when the change between two iterations is sufficiently small.
We use a controlled increase mechanism for the power control
updates. If the difference between the power control parameters
during two consecutive time instants is large, this may cause
the interference pricing mechanism not to accurately estimate
the interference prices [12]. Therefore, we employ the controlled
increase mechanism in this paper. The controlled increase mech-
anism in Step 3 prevents the base stations from changing their
transmission powers by a large amount. Therefore, the estima-
tion of the interference levels at the other sectors is accurate.
However, the parameter ζ in Algorithm 3 should be selected
optimally. Small ζ slows down the algorithm and convergence
takes too much time. On the other hand, large ζ fails the pur-
pose of the controlled increase mechanism. Therefore we use an
adaptive ζ in this paper. The parameter ζ depends on the current
time instant. It is selected as t/(2t+ 1) [35].

1) Complexity Analysis: The main computational effort of
the proposed algorithm is taking the inverse of the matrix
D = (∇2L(l)

s − ξI). Therefore, the complexity of the proposed
power control increases with the number of power control pa-
rameters. When the number of Pico-BSs in the sector increases,
the complexity of the algorithm increases with N 3

P icos . For ex-
ample, when there are 2 Pico-BSs in each sector, the matrix
becomes 4× 4 and taking the inverse of this matrix is straight-
forward. However, the Pico-BSs are expected to be significantly
dense in the future [1]. Taking the inverse of the matrix may not
be feasible in real time. Therefore, to overcome this problem, we
also propose a suboptimal algorithm. The proposed suboptimal
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Algorithm 3: Proposed Power Control Algorithm with
Pricing.

1: Initialize: z(t,0)
s = (ε(t−1,lm a x +1)

M β(t−1,lm a x +1)T
s ) and

set l = 0
2: % Each sector solves (12) by using the

Levenberg-Marquardt Method
3: for l := 1 to lmax do
4: if ωmax = max( eig(∇2

zL(l)
s (xs))) < 0 then

5: ξ = 0.
6: else
7: ξ = ωmax + σ.
8: end if
9: dLMl = −(∇2L(l)

s (xs)− ξI)−1∇L(l)
s (xs).

10: Update the power control parameters, z(l+1)
s , using

z(t,l+1)
s = z(t,l)

s + μldLMl ,

11: Update the Lagrange multiplier, λ
(l+1)
k,s for all

k ∈ KUM,s , using

λ
(l+1)
k,s =

[

λ
(l)
k,s + φk,s

(
Rmin,k −

(
Ck
M ,sF

(k,:)
M,s R

(:,k)
1

+ (1−Ck
M ,s)F

(k,:)
M,s R

(:,k)
2

))]+

.

12: Update the Lagrange multiplier, λ
(l+1)
k,s for all

k ∈ KUP,s , using

λ
(l+1)
k,s =

[

λ
(l)
k,s + φk,s

(
Rmin,k −

(
Ck
M ,sF

(k,:)
M,s R

(:,k)
3

+ (1−Ck
M ,s)F

(k,:)
M,s R

(:,k)
4

))]+

.

13: if
∣
∣∇LTs dLMl

∣
∣ ≤ ε then

14: Break
15: end if
16: end for
17: z(t,lm a x +1)

s = (1− ζ)z(t−1,lm a x +1)
s + ζz(t,lm a x )

s

18: Price Update: Each user calculates interference prices
and feds these values back to its base station.

19: Interference prices are distributed among base stations.
20: Go to Step 3 and repeat.

algorithm significantly reduces the complexity of the algorithm
and the complexity of the algorithm will be independent of the
number of Pico-BSs in the sector.

2) Suboptimal Power Control Algorithm: In the optimal al-
gorithm, all base stations in the sector update their power control
parameters together. Therefore, the optimal algorithm reaches
the power control parameters that maximize the Lagrangian
function. However, this requires calculation of the inverse of ma-
trix D at every iteration. This becomes computationally costly
when the number of Pico-BSs in the sector increases. There-
fore, we propose a suboptimal algorithm that calculates the
power control parameters of the MBS and Pico-BSs separately.

Each base station assumes that the power control parameters of
the other base stations in the same sector are constant during
updates. The Hessian matrix D will become 2× 2 for MBSs. In
addition, Pico-BSs calculate their own power control parameter.
Each Pico-BS has only one power control parameter. In simula-
tion results, we will compare the performance of the suboptimal
algorithm with the optimal power control algorithm.

V. NUMERICAL RESULTS

In this section, we evaluate the performance of the proposed
algorithm. First, we investigate the effect of the parameter α
over energy efficiency and spectral efficiency. We show that the
proposed algorithm achieves the Pareto optimal solution for all
α values. Second, we investigate the effect of the parameter α
on outage probabilities. We show that smaller α (i.e., maximiz-
ing the energy efficiency of the network) performs better than
maximizing spectral efficiency in terms of outage probabilities
for this particular setting. Third, we investigate the performance
of the proposed frequency assignment algorithm. We evaluate
the usage rate of the subbands with different α values and rate
constraints. We show that fewer resource blocks are assigned
to the users when α and rate constraints increase. Fourth, we
investigate the power consumption of the base stations with
different α values and minimum rate requirements. We show
that MBSs and Pico-BSs show different behavior with increas-
ing rate constraints. While average transmission powers of the
MBSs increase with the rate requirements of the users, the av-
erage transmission power of the Pico-BSs decreases. Last, we
study the performance of the optimum and suboptimal algo-
rithms. We show that the performance of the proposed subopti-
mal algorithm is close to the optimal algorithm.

First, we will describe our simulation environment. In the FFR
method, we distribute the 50 resource blocks with the following
approach. First, 14 resource blocks are assigned to subband A,
and then the remaining 36 are evenly distributed among the
subbandds B, C, and D. In our simulation area, 19 MBSs are
deployed and each cell is divided into 3 sectors. Therefore,
our simulation area has been divided into 57 sectors. We use
the wraparound technique to avoid edge effects. In each sector,
two Pico-BSs are randomly deployed. Both MBS and Pico-BSs
employ single antennas, i.e., NT RX,M = 1 and NT RX,P = 1.
In each sector, we generate 20 users. First, we generate two
users within 40 meters radius of the Pico-BSs. Then, the rest of
the users are randomly generated under the settings in Table II.
The highest RSRP method is used for the cell associations. Even
though we generate two users close to Pico-BSs, they are not
forced to associate with the Pico-BSs. The rest of the simulation
parameters are given in Table II [36].

Fig. 3 illustrates the average energy efficiency and the spec-
tral efficiency of the sectors for different α values for five cases.
In the first case, users do not have any rate constraints. For the
other cases, the following rate constraints are enforced: 8 kbps,
32 kbps, 128 kbps, and 512 kbps. As expected, the average en-
ergy efficiency of the network decreases with α for all cases.
When users do not have minimum rate constraint and α is equal
to 0, the average energy efficiency of the network reaches its
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TABLE II
SIMULATION PARAMETERS

Parameter Setting

Channel bandwidth 10 MHz
Total number of RBs 50 RBs
Freq. selective channel model (CM) Extended Typical Urban CM
UE to MBS PL model 128.1 + 37.6 log10(d)
UE to Pico eNB PL model 140.7 + 36.7 log10(d)
Effective thermal noise power, N0 −174 dBm/ Hz
UE noise figures 9 dB
MBS and Pico eNB antenna gain 14 dBi and 5 dBi
UE antenna gain 0 dBi
Antenna horizontal pattern, A(θ) −min(12(θ/θ3dB )2, Am )
Am and θ3dB 20 dB and 70◦
Penetration loss 20 dB
Macrocell and picocell shadowing 8 dB and 10 dB
Inter-site distance 500 m
Minimum MBS to user distance 50 m
Minimum Pico-BS to user distance 10 m
Minimum Pico-BS to MBS distance 75 m
Minimum Pico-BS to Pico-BS distance 40 m
Traffic model Full buffer
Power Consumption Parameters MBS: (130 W, 75 W, 46 dBm, 4.7)
(P0, Psleep , Pm ax , Δ) Pico-eNB: (56 W, 39 W, 30 dBm, 2.6)

Fig. 3. The average energy efficiency versus average spectral efficiency per
sector for different α values.

highest point and it becomes 484.83 kbits/Joule. When we in-
crease α for this case, the energy efficiency of the network
decreases with α as expected. When α becomes 1 (i.e., the
objective becomes maximizing the spectral efficiency of the
network), the average energy efficiency drops by 13%. When
the parameter α increases, the transmission power of the MBSs
increases with α in order to increase the spectral efficiency. For
example, the average transmission power of the MBSs increases
from 23.94 dBm to 29.68 dBm when α increases from 0 to 1.
Although this change increases the spectral efficiency of the
network by 7%, it also causes the MBSs to work in the energy-
inefficient regions. In other words, by increasing α from 0 to 1,
13% energy efficiency sacrifice can be turned into 7% gain in
terms of spectral efficiency when users do not have any rate re-
quirements. On the other hand, the average transmission power
of Pico-BSs is not affected by α when users do not have mini-
mum rate constraints and they always transmit at the full power.
Due to the fact that the power consumptions of Pico-BSs are

TABLE III
THE OUTAGE PROBABILITIES OF USERS FOR DIFFERENT α VALUES

Outage probability

Minimum α = 0 α = 1

GBR (kbps) MUE PUE MUE PUE

8 0.8% 0% 1.1% 0%
32 1.7% 0% 2.4% 0%
128 3.1% 0.6% 4.3% 0.6%
512 9.6% 2% 12.3% 0.6%

less than those of the MBSs and the distance between Pico-BSs
and the associated users is low, both energy efficiency and spec-
tral efficiency of the Pico-BSs increase with parameter β within
the given ranges. In other words, the most energy-efficient state
and the most spectrally-efficient state coincide for these base
stations. When users have minimum rate constraints, both en-
ergy efficiency and spectral efficiency of the network decrease.
The cumulative effect of the following reasons cause this drop.
First, in order to satisfy the rate requirements of users, MBSs
further increase their transmission powers to energy-inefficient
levels. This increase elevates the cross-tier interference from
MBS to cell-edge Pico-BSs on Subband A and also intercell
interference in the network. Second, the frequency assignment
algorithm favors users that cannot satisfy their rate requirement.
These users usually have worse channel conditions than the
other users. Therefore, both energy efficiency and spectral effi-
ciency are harmed by the change in frequency assignment. As a
result of all these factors, both energy efficiency and the spec-
tral efficiency of the network decrease with the minimum rate
requirements of the users.

In addition, when we increase the minimum rate require-
ments of the users, the effect of the parameter α on energy
efficiency and spectral efficiency decreases. For example, as
specified earlier, 7% spectral efficiency loss can be turned into
13% energy efficiency gain when users do not have any rate
requirements. On the other hand, when the minimum rate re-
quirements of users are 512 kbps, 5% spectral efficiency loss
can only be turned into 4% energy efficiency gain. These results
show that when users have minimum rate requirements, the pro-
posed algorithm prioritizes satisfying the rate requirements of
more users and the effect of parameter α on energy efficiency
and spectral efficiency decreases. Note from Fig. 3 that for the
no-rate-constraint-case, improving energy efficiency decreases
spectral efficiency and vice versa. Therefore, all points on this
curve (ηs(ε,β), νs(ε,β)) are Pareto optimal for 0 ≤ α ≤ 1.

Second, we investigate the relation between the parameter α
and outage probabilities. In Table III, we investigate four cases,
the minimum rate requirements of users are 8 kbps, 32 kbps,
128 kbps, and 512 kbps. The outage probability is not defined
when users do not have a minimum rate requirement. In our
network, we have two different type of users: MUEs and PUEs.
First, we observe that when we increase the parameter α, the
outage probabilities of the MUEs increase with α for all four
cases. For example, when the minimum rate requirement of the
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Fig. 4. (a) Average usage rate of subband A by MBSs, (b) average usage rate of subband A by pico-BSs, (c) average usage rate of subbands B , C , and D by
MBSs, and (d) average usage rate of subbands B , C , and D by pico-BSs for different α values.

users is 512 kbps, changing α from 0 to 1 increases the out-
age probability of MUEs from 9.6% to 12.3%. Similar behavior
can also be observed for the other cases. When the parameter
α increases, the transmission powers of MBSs and Pico-BSs
increase with this parameter. For example, when we change
the parameter α from 0 to 1, the transmission powers of the
Pico-BSs increase from 27.7 dBm to 28.4 dBm for the case
that minimum rate requirements of the users are 512 kbps. Al-
though this change increases the average spectral efficiency of
the network, cross-tier interference from Pico-BSs to MUEs in-
creases the outage probability of MUEs. In the same manner,
the transmission power increase of MBSs elevates the intercell
interference and that is another reason of the increased outage
probabilities. On the other hand, the outage probabilities of the
PUEs only exists when the minimum rate requirements of users
are high. However, even for the worst case, only 2% of the PUEs
could not satisfy their rate requirements. In the network, PUEs
are located close to their associated Pico-BSs and they have
significantly better channel conditions than the MUEs. In addi-
tion, the number of PUEs that are associated with each Pico-BS
is significantly lower. Therefore, more resource blocks are as-
signed to these users on average. As a result, PUEs can satisfy
their rate requirements easier than MUEs.

Fig. 4(a)–(d) show the average usage rate of the subbands A
by MBSs, subbands A by Pico-BSs, subbands B, C, and D by
MBSs, and subbands B, C, and D by Pico-BSs, respectively.
First, we observe that when we increase the minimum rate re-
quirements of the users, the usage of the resource blocks by
MBSs decreases. The second part of the proposed frequency as-
signment algorithm decreases the number of assigned resource
blocks and transmits on the fewer resource blocks. For example,
MBSs use almost all assigned resource blocks for all different
α values when users do not have minimum rate requirements.
However, when users have minimum rate requirements, MBSs
decide not to assign some of the available resource blocks. When
the minimum rate requirements of the users increase, intercell
interference becomes a more significant problem, due to the fact
that base stations increase their transmission power to satisfy the
rate requirements of their users. In order to alleviate the interfer-
ence, base stations do not assign the resource blocks that do not
increase the energy efficiency and spectral efficiency while cre-
ating significant interference to other base stations. Fig. 4(b) il-
lustrates that usage rate of subband A by Pico-BSs significantly
decreases when we increase the minimum rate of the users.
The reason for this decrease is twofold. First, cell-edge Pico-
BSs do not assign some resource blocks on subband A to help
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Fig. 5. The average transmission power of MBSs and Pico-BSs for different
α values for different rate requirements.

satisfy the minimum rate constraints of the cell-center MUEs in
the same sector. Second, cell-center radii expand with the mini-
mum rate requirements. Therefore, the number of Pico-BSs that
are located in the cell-edge region decreases and fewer Pico-BSs
will use subband A. Another important observation is when we
increase the parameter α, the usage of the resource blocks fur-
ther decreases. In order to increase the spectral efficiency of the
network, base stations decide to transmit on the resource blocks
that have better channel quality and do not assign the others to
increase the overall spectral efficiency of the network. There-
fore, when we increase α, the subband usage further decreases
to improve the spectral efficiency of the network.

Fig. 5 shows the average power consumption of the MBSs and
Pico-BSs for the following cases: No rate requirement and rate
requirements equal to 128 kbps and 512 kbps. Similar observa-
tions can be made for the other rate requirements. As expected,
when we increase the minimum rate requirements, the trans-
mission power of the MBSs increases. On the other hand, under
the same conditions, the transmission power of the Pico-BSs
decreases. The increase of the minimum rate constraints causes
outage of the more MUEs. In order to satisfy these users’ rate
requirements, MBSs increase their transmission power, increase
the interference prices, and assign more resource blocks to these
users. Elevated interference prices force some of the Pico-BSs
to decrease their transmission power to help satisfy the rate re-
quirements of more MUEs. Therefore, the average transmission
power of the Pico-BSs decreases with the minimum rate re-
quirements. In addition, the average transmission power of both
MBSs and Pico-BSs increases with parameter α to increase the
spectral efficiency of the network.

Fig. 6 compares the performance of the suboptimal and op-
timal power control algorithms in terms of energy efficiency
and spectral efficiency when the minimum rate requirements
of users are 128 kbps. The performance of both algorithms is
similar. When α = 0, the optimal algorithm performs 3.2% bet-
ter than the suboptimal algorithm. On the other hand, when
α = 1, the performance difference drops to 0.4%. In the subop-
timal power control algorithm, MBS and Pico-BSs update their
power control parameters separately. The transmission powers

Fig. 6. The average energy spectral efficiency of network for different α
values when minimum rate constraints are 128 kbps.

of the base stations increase with the parameter α, therefore
the difference between the performance of these algorithms
decreases.

VI. CONCLUSION

In this paper, we studied the energy efficiency and spectral
efficiency tradeoffs in multi-cell heterogeneous wireless net-
works. We defined the problem as multi-objective optimization
and proposed a cell-center radius selection algorithm, a schedul-
ing algorithm, and a power control algorithm that solve these
problems separately. The proposed algorithm also includes the
minimum rate requirements of users to the given problem. A
dynamic cell-center radius selection algorithm is proposed to
determine the available resources to the base stations. In ad-
dition, the proposed scheduling mechanism has distributed the
resources to users in order to satisfy the minimum rate require-
ments of them and also to maximize our objective metric. Fur-
thermore, we employed a Levenberg-Marquardt method-based
power allocation algorithm to solve the power control problem.
Based on our results, first the tradeoff between energy efficiency
and spectral efficiency can be adjusted via the weight of the
multi-objective function. We can obtain 13% improvement in
terms of energy efficiency by sacrificing 7% spectral efficiency.
In addition, our results show that the most energy-efficient state
and the most spectral efficient state coincide for the Pico-BSs.
Second, while we increase the spectral efficiency of the network,
it also increases the outage probabilities of the network due to
the increased intercell-interference. Third, we showed that the
number of resource blocks that are transmitted can be reduced
by increasing the minimum rate constraints or the parameter
α. Fourth, we demonstrated that while the transmission pow-
ers of the MBSs increase with the minimum rate constraints
of the users, the transmission power of Pico-BSs decreases.
Last, we studied the optimal and a suboptimal power control
algorithms. We showed that these algorithms perform similarly
and increasing the parameter α, shrinks the gap between these
algorithms.
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