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ABSTRACT

In this dissertation, power allocation approaches considering path loss, shadowing,

and Rayleigh and Nakagami-m fading are proposed. The goal is to improve power

consumption, and energy and throughput efficiency based on user target signal to in-

terference plus noise ratio (SINR) requirements and an outage probability threshold.

First, using the moment generating function (MGF), the exact outage probability

over Rayleigh and Nakagami-m fading channels is derived. Then upper and lower

bounds on the outage probability are derived using the Weierstrass, Bernoulli and

exponential inequalities. Second, the problem of minimizing the user power subject

to outage probability and user target SINR constraints is considered. The corre-

sponding power allocation problems are solved using Perron-Frobenius theory and

geometric programming (GP). A GP problem can be transformed into a nonlinear

convex optimization problem using variable substitution and then solved globally and

efficiently by interior point methods. Then, power allocation problems for throughput

maximization and energy efficiency are proposed. As these problems are in a convex

fractional programming form, parametric transformation is used to convert the origi-

nal problems into subtractive optimization problems which can be solved iteratively.

Simulation results are presented which show that the proposed approaches are better

than existing schemes in terms of power consumption, throughput, energy efficiency

and outage probability.

Prioritized cell association and power allocation (CAPA) to solve the load balanc-

ing issue in heterogeneous networks (HetNets) is also considered in this dissertation.

A Hetnet is a group of macrocell base stations (MBSs) underlaid by a diverse set

of small cell base stations (SBSs) such as microcells, picocells and femtocells. These

networks are considered to be a good solution to enhance network capacity, improve

network coverage, and reduce power consumption. However, HetNets are limited

by the disparity of power levels in the different tiers. Conventional cell association

approaches cause MBS overloading, SBS underutilization, excessive user interference

and wasted resources. Satisfying priority user (PU) requirements while maximizing

the number of normal users (NUs) has not been considered in existing power alloca-

tion algorithms. Two stage CAPA optimization is proposed to address the prioritized

cell association and power allocation problem. The first stage is employed by PUs

and NUs and the second stage is employed by BSs. First, the product of the channel

access likelihood (CAL) and channel gain to interference plus noise ratio (GINR) is
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considered for PU cell association while network utility is considered for NU cell as-

sociation. Here, CAL is defined as the reciprocal of the BS load. In CAL and GINR

cell association, PUs are associated with the BSs that provide the maximum product

of CAL and GINR. This implies that PUs connect to BSs with a low number of users

and good channel conditions. NUs are connected to BSs so that the network utility

is maximized, and this is achieved using an iterative algorithm. Second, prioritized

power allocation is used to reduce power consumption and satisfy as many NUs with

their target SINRs as possible while ensuring that PU requirements are satisfied.

Performance results are presented which show that the proposed schemes provide fair

and efficient solutions which reduce power consumption and have faster convergence

than conventional CAPA schemes.
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Chapter 1

Introduction

Information and communication technology (ICT) contributes 2% to 4% of global

carbon dioxide emissions, and 37% of ICT emissions are due to mobile and wireless

communications (MWC) [1]. Even with technological advances in MWC infrastruc-

ture, a 6% yearly growth rate in carbon dioxide emissions is expected in 2019 and

2020 [2]. This rate is expected to increase with the evolution of the internet of things

(IoT) and fifth generation (5G) wireless networks. The number of connected mobile

users is estimated to reach 50 billion by 2020, and mobile data traffic is expected

to grow to approximately 50 exabytes (1 exabyte = 108 bytes) per month by 2021

which is five times the 2017 level [3]. If no countermeasures are taken, the energy to

provide such massive data rates will become unmanageable.

While restricting global MWC usage is unrealistic, optimizing the power consump-

tion, throughput, and energy efficiency of MWC systems is a promising approach. The

goal is to improve the amount of information reliably transmitted per joule of con-

sumed power. Energy efficiency is of paramount importance for operators to reduce

electricity costs and for users to prolong battery life. This should influence the design

of new network architectures and power allocation strategies. Thus, power allocation

approaches for throughput and energy efficiency have received significant attention

in the literature [4–6]. Other solutions include improving the macrocell base station

(MBS) architecture, employing multi radio access technology, massive multiple in-

put multiple output (MIMO) technology, millimeter wave technology, heterogeneous

networks (HetNets) and direct D2D communications [7]. Among these solutions,

HetNets are a promising area for research.
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1.1 Heterogeneous Networks (HetNets)

A HetNet is a group of macrocell base stations (MBSs) underlaid by a diverse set of

small cell base stations (SBSs) [8]. MBSs typically transmit at high power levels (5-

100 W) while SBSs transmit at substantially lower power levels (100 mW-2 W). SBSs

are often used to offload traffic from MBSs. There are three types of SBSs, micro-

cells, picocells and femtocells [9]. Microcells have a coverage area smaller than MBSs,

typically less than 500 m. Microcells can be deployed temporarily in anticipation

of high traffic, or installed permanently in cellular networks. MBSs and microcells

are deployed outdoors in a planned manner. Picocells are similar to microcells but

with lower transmit power, and a coverage area less than 100 m. Picocells are typi-

cally equipped with omnidirectional antennas and deployed indoors or outdoors in a

planned manner. Femtocells are typically deployed indoors in an unplanned manner

with omnidirectional antennas and a coverage area less than 30 m. Unlike picocells

and microcells, femtocells are designed to support only a few users. Due to their

lower transmit power and smaller size, SBS deployment is more flexible than MBS

deployment.

In HetNets, the reuse distance (the distance between two same frequency BSs), and

the communication distance (the distance between a user and BS) can be reduced

[10], which improves the system capacity and energy efficiency. However, HetNets

are limited by the disparity of power levels in the different tiers. Conventional cell

association approaches such as maximum signal strength based cell association, cell

range expansion (CRE) and CRE with almost blank subframe (ABS) can cause MBS

overloading, SBS underutilization, excessive user interference and wasted resources

[11]. BS overloading implies that the number of users at a BS is more than the

BS capacity, and BS underutilization means the available resources at the BS are

not fully utilized. Thus, there is a crucial need to efficiently assign users to BSs

and to effectively control user transmit power to maintain communication links with

minimal interference. Further, users perceive different signal strengths and experience

different channel conditions from MBSs and SBSs. These problems can be addressed

with an efficient cell association and power allocation (CAPA) scheme. In particular,

cell association is used to establish network utility efficient connections between users

and BSs according to the user channel conditions and BS loads. Power allocation

is used to ensure that users transmit with appropriate power levels to maintain link

quality without imposing excessive interference on other users.
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1.2 System Models

Figure 1.1: The system model.

Fig. 1.1 illustrates the system model where a single cell with one BS is located in

the center and users are randomly distributed in the geographic area of the cell. It is

assumed that every user has the same amount of resources and resources are shared so

that there is mutual interference to the others due to concurrent transmission. With

most power allocation schemes [12–15], only the channel path loss is considered, and

the interference is assumed to be Gaussian distributed. However, wireless signals

can be affected by multipath fading [16]. and the resulting channel variations should

be considered in the power allocation scheme [17]. The Nakagami-m and Rayleigh

distributions are commonly used to model fading [18]. The topography and objects

obstructing the signal path cause shadowing [19] and this is typically modeled by a

log normal distribution.

1.3 Power Allocation

The goal of power allocation is to reduce the power consumption of the system and

increase the efficiency of the resource sharing strategies. Further, quality of service
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(QoS) goals such as target signal to interference plus noise ratio (SINR) and outage

probability should be achieved. The outage probability is the probability that the

user SINR falls below a target SINR. Power allocation is conducted periodically de-

pending on the channel conditions and the number of users. There are two types of

power allocation, centralized power allocation (CPA) [20–22] and distributed power

allocation (DPA) [23–25]. In CPA, the core network determines the optimal power

levels for all users simultaneously using the channel state information (CSI) and tar-

get SINR. Therefore, CPA requires measurement of the channel gains which creates

communication overhead between the core network and BSs. Thus, realization in a

large system is challenging. With DPA, users determine their power levels using only

local information and minimum feedback from the BSs. However, power levels may

not be optimal, resulting in performance degradation. In general, DPA is preferred

over CPA. There are three commonly used DPA schemes, single target SINR, variable

SINR, and multiple target SINR.

Power allocation coordination can be implemented in a distributed manner using

coordinated multi point (CoMP) joint transmission to further improve the cell edge

performance and improve energy efficiency [26, 27]. In CoMP systems, coordinated

base stations (BSs) are interconnected via a high speed network. In the case of joint

transmission, the coordinated BSs share channel state information (CSI) and the

information of all users [28]. Hence, the inter cell interference is reduced by using

the signals transmitted from other cells to assist the transmission instead of acting

as interference. Global coordination requires an enormous amount of feedback and

backhaul overhead [29]. In order to reduce the inter BS communication overhead,

power allocation with user grouping and clustering of BSs has been used [30]. With

user grouping, only a subset of users with CoMP joint transmission is served. With

clustering of BSs, the cell is divided into small subsystems and so clusters of BSs are

considered.

1.4 Cell Association

There are three popular cell association schemes, max SINR based cell association,

CRE, and CRE with ABS. With max SINR based cell association [31, 32], users

are associated with the BS that provides the largest SINR, highest reference signal

received power (RSRP) or maximum reference signal received quality (RSRQ). Then,

most users may connect to MBSs due to transmit power differences between MBSs and
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SBSs. This can cause overloaded MBSs and underutilized SBSs. With CRE [33], a

positive bias is added to the SBS signal strengths, which make SBS more attractive to

users. The drawback of this approach is that users in the CRE region can have a poor

quality SBS channel and strong inter tier interference from MBSs. CRE with ABS

uses time domain orthogonalization at the MBSs which leaves some subframes almost

blank [34, 35]. This provides a window for SBSs to serve users in the CRE region

with reduced inter tier interference. However, this solution wastes MBS subframes

and thus throughput, and the blank to number of subframes ratio (ABS ratio) needs

to be determined carefully.

This dissertation considers CAPA in cellular networks. Cell association is used

to maintain good communication links and avoid BS overloading. Power allocation

is used to manage user transmit power levels so that the interference to other users

and the aggregate power consumption are reduced. Further, in a cellular network,

there exist different types of users with various requirements. Thus, CAPA is in-

vestigated considering different user priorities and requirements. Users who require

high and stable data rates, and active users, should have a high priority, and so are

called priority users (PUs). Users who require low and variable data rates, and new

users, are called normal users (NUs). To satisfy data rate requirements, reduce power

consumption and avoid BS overloading, prioritized CAPA in cellular networks is em-

ployed. PU requirements should be satisfied first, and then as many NUs as possible

should be satisfied with their target SINRs. PUs are assigned to BSs with small loads

and good channel conditions while NUs adjust their transmit power given that PU

requirements are met.

1.5 Contributions and Organization

The contributions of this dissertation are as follows.

1. The outage probability over Nakagami-m and Rayleigh fading channels is de-

rived based on the normalized SINR. This characterizes how the normalized

SINR affects the outage probability. The normalized SINR is the ratio of the

average SINR to target SINR. Upper and lower bounds on the outage proba-

bility are also derived.

2. Two power allocation methods are proposed to minimize the outage probabil-

ity. One is solved using interior point optimization with geometric programming
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while the other is solved using Perron-Frobenius theory which is given in Algo-

rithm 1.

3. Two power allocation methods are proposed to maximize the normalized SINR.

One is solved using interior point optimization with geometric programming

while the other is solved using Perron-Frobenius theory which is given in Algo-

rithm 2.

4. A power allocation problem for power consumption minimization with an outage

probability constraint is proposed. An upper bound on the outage probability

is determined so that users are satisfied with their target SINRs. The proposed

power allocation problem is then solved iteratively and is given in Algorithm 3.

5. A power allocation scheme with normalized SINR constraints is proposed and

given in Algorithm 4. The outage probability and normalized SINR are used to

determine which users should be removed.

6. Power allocation for throughput maximization with an outage probability con-

straint is proposed and given in Algorithm 5. The original problem is split into

two subproblems using the Lagrangian method.

7. Power allocation for energy efficiency with an outage probability constraint

is proposed and given in Algorithm 6. The original problem is a fractional

programming problem, and so is converted into a linear form using parametric

transformation.

8. A differential method to maximize the throughput is proposed and given in

Algorithm 7. The original problem is logarithmic and so is split into two sub-

problems by introducing auxiliary functions. These subproblems are solved

alternatively and iteratively using a differential method.

9. An approach to solve the energy efficiency problem is proposed and given in

Algorithm 8. The original problem is a fractional programming problem and

so is converted into a linear form using the Dinkelback transformation. An

iterative approach using the Newton method is then used to solve this problem.

10. A prioritized and selective power allocation problem considering user priority is

proposed. This problem is solved using the Lagrangian method and is given in

Algorithm 9.
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11. Finally, the CAPA problem in HetNets is examined. A two stage CAPA ap-

proach is proposed and given in Algorithm 10. The first stage considers the

PUs and NUs while the second stage is employed by the BS. Unfortunately, the

proposed optimization problem is nonconvex. Thus, a two loop algorithm is

employed so that user transmit power and cell association are alternately opti-

mized. Specifically, the outer loop performs cell association using Lagrange mul-

tipliers, and user transmit power is adjusted in the inner loop using a power up-

date function (PUF). An exponential rule and the Nesterov subgradient method

are used to accelerate inner and outer loop convergence, respectively.

The performance of the algorithms is evaluated using a MacBook Air with 1.6

GHz CPU (Intel Core i5, dual core, 4 threads, 4 MB cache), 8 GB RAM (2.133 MHz

LPDDR3), and 128 GB memory (PCIe SSD). The remainder of the dissertation is

organized as follows.

In Chapter 2, optimal power allocation in cellular networks based on outage proba-

bility and normalized SINR is discussed. Power allocation algorithms to maximize the

normalized SINR and minimize power consumption are proposed assuming Rayleigh

fading channels. Upper and lower bounds on the outage probability are determined

using the normalized SINR considering path loss, shadowing, and fading.

In Chapter 3, power allocation for throughput and energy efficiency over Rayleigh

fading channels in cellular networks is investigated. Power allocation problems to

maximize the throughput and energy efficiency are derived and solved using para-

metric transformation and the Lagrangian method. Power allocation algorithms are

proposed considering the outage probability constraint.

In Chapter 4, power allocation for throughput and energy efficiency over Nakagami-

m fading channels in cellular networks is considered. A differential method is proposed

to convert the logarithmic problem into a linear problem. Parametric transformation

is then used to solve the throughput and energy efficiency problems. Upper and lower

bounds on the outage probability are derived and shown to be tight.

In Chapter 5, prioritized and selective power allocation in cellular networks is

examined. The power allocation is implemented considering user priority. Priority

user (PU) requirements are satisfied first, and then as many normal users (NUs) as

possible are satisfied with their target SINRs. If an NU is currently satisfied with their

target SINR, they are not required to update their transmit power level. Conversely,

NUs who are not satisfied update their power levels.

In Chapter 6, CAPA for HetNets is proposed based on user priority, channel
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condition and BS traffic load. The goal is to improve network utility and reduce

power consumption while considering user priority. PUs are associated with the BSs

that provide good channel condition with a low number of users. NUs are connected to

BSs so that the network utility is maximized. In addition, prioritized power allocation

is used to reduce power consumption.

Finally, some concluding remarks and suggestions for future work are given in

Chapter 7.
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Chapter 2

Optimal Power Allocation in

Cellular Networks based on Outage

Probability and Normalized SINR

Power allocation is an important problem in wireless networks [36, 37]. The goal

of power allocation is to reduce the power consumption of the system and increase

the efficiency of the spectrum sharing. Power allocation to minimize the maximum

(minmax) outage probability problems and maximize the minimum (maxmin) signal

to interference plus noise ratio (SINR) problems in cellular networks were consid-

ered in [38–40]. These are known as outage probability and SINR maxmin fairness

schemes. In [38], joint power control and resource allocation for outage balancing in

a multicarrier network with femtocells and macrocells was considered. The objec-

tive is to minimize the maximum femtocell user outage probability constrained on

the macrocell user outage requirements given the channel state information (CSI).

In [39], maximizing the worst user SINR was proposed while in [40], a joint minmax

outage probability and maxmin SINR algorithm was presented. Three power alloca-

tion schemes were proposed. The first maximizes the sum rate by selecting the base

stations with good channel conditions for communications. The second minimizes the

number of users in outage, while the third maximizes the minimum SINR considering

the sum rate and outage probability.

In [41], two distributed power allocation schemes for high and low SINR scenarios

were proposed and solved using geometric programming (GP). In [42], an iterative

SINR tracking power control (ISPC) scheme for use with successive interference can-
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cellation (SIC) in the presence of cancellation errors was proposed. Users increase

their transmit power if the SINR is lower than a target SINR and vice versa. In [43],

a distributed uplink power control (DUPC) scheme to address the uplink interference

management problem in cellular networks was proposed so that the smallest number

of users is removed to satisfy the target SINR requirements of all remaining users.

In [44], a rate adaptive and opportunistic power control (RAPC) algorithm was pro-

posed. This algorithm exploits channel variation and transmits opportunistically to

maximize the system throughput. In RAPC, users increase their transmit power when

the channel is good and decrease their power when the channel is poor. However, the

user outage probability is not considered in ISPC and RAPC, which can lead to poor

performance. In addition, the relationship between the normalized SINR and outage

probability with path loss, shadowing and Rayleigh fading was not considered. The

normalized SINR is the ratio of the average SINR to target SINR.

In this chapter, upper and lower bounds on the outage probability for a given nor-

malized SINR are derived, and the upper bound is shown to be tight. Then, power

allocation to minimize the outage probability or maximize the normalized SINR is

considered. Two optimal approaches are proposed and solutions obtained by trans-

forming the corresponding problems into nonlinear convex problems. One determines

the optimum power levels using the interior point algorithm for GP problems. The

other is based on Perron-Frobenius theory and is solved in a iterative manner. These

solutions provide the global optimum for the outage probability and normalized SINR

power allocation problems. Finally, two power allocation schemes to minimize the

power consumption are proposed subject to constraints on the outage probability

and normalized SINR.

The contributions of this chapter are as follows.

1. An expression for the outage probability is derived based on the normalized

SINR. This shows that increasing the normalized SINR reduces the outage

probability, and vice versa.

2. Two power allocation methods are proposed to minimize the outage probability.

One is solved using the interior point algorithm for GP problems while the other

is solved using Perron-Frobenius theory which is given in Algorithm 1.

3. Two power allocation methods are proposed to maximize the normalized SINR.

One is solved using the interior point algorithm for GP problems while the other

is solved using Perron-Frobenius theory which is given in Algorithm 2.
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4. Two power allocation approaches with outage probability and target SINR con-

straints are given in Algorithms 3 and 4, respectively. The relationship between

the outage probability and normalized SINR is used to adjust the user transmit

power.

5. Simulation results are presented to compare the performance of the proposed

algorithms with existing power allocation schemes.

The rest of the chapter is organized as follows. The system model is described in

Section II. The problem formulation considering outage probability and normalized

SINR is presented in Section III. The performance of the proposed approaches is

evaluated in Section IV, and finally some concluding remarks are given in Section V.

2.1 System Model

Consider a system with k interfering users indexed 1, 2, . . . , k, and define the transmit

power of user i as pi, i = 1, 2, . . . , k. The path loss for user i is given by [45]

hi = h̄d−αi ,

where h̄ = 0.97 is a constant, di is the distance between user i and the BS, and α is

the path loss exponent. A number of values for α have been proposed for different

propagation environments. A value of α = 3 is commonly used to model path loss in

urban and suburban environments and so is employed here. The channel gain with

log normal shadowing can be expressed as [46,47]

gi = hi100.1Ξ,

where Ξ is a zero mean Gaussian random variable. The average received power is

defined as [48]

p̄i = giE
[
Xi

2
]
pi = gipi, (2.1)

where X2
i denotes the fading of user i which is assumed to be an independent and

identically distributed (i.i.d.) exponential random variable with unit mean [49,50].
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2.1.1 Normalized SINR and outage probability

The SINR of user i is given by

γi =
giXi

2pi∑
j 6=i gjXj

2pj + σ2
i

, (2.2)

where σ2
i is the additive white Gaussian noise (AWGN) power of user i, and X2

j and

gj denote the fading and channel gain of the interference, respectively, from user j.

Using (2.1), the average SINR for user i is given by

γ̄i =
giE[Xi

2]pi∑
j 6=i gjE[Xj

2]pj + σ2
i

=
gipi∑

j 6=i gjpj + σ2
i

, (2.3)

and the normalized SINR is defined as

SINRi =
γ̄i
γ̂i

=
gipi

γ̂i

{∑
j 6=i gjpj + σ2

i

} , (2.4)

where γ̂i is the target SINR.

The outage probability for user i is defined as the probability that the target SINR

is not achieved and can be expressed as

Oi = P(γi ≤ γ̂i) = P(giXi
2pi ≤ γ̂i(

∑
j 6=i

gjXj
2pj + σ2

i )). (2.5)

If the received signal power and interference power are exponentially distributed, then

the outage probability is [51–53]

Oi = 1− exp (−Λi

p̄i
)φi(

γ̂i
p̄i

), (2.6)

where Λi = σ2
i γ̂i, p̄i is the mean received power and φi(·) is the moment generating

function (MGF) of the interference to user i which is given by

φi(
γ̂i
p̄i

) =
k∏

j=1,j 6=i

φj(
γ̂i
p̄i

) =
k∏

j=1,j 6=i

1

1 + p̄j
γ̂i
p̄i

, (2.7)

where p̄j is the mean received power of the interference to user i. The corresponding
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outage probability is

Oi = 1− exp (−σ
2
i γ̂i
gipi

)
k∏

j=1,j 6=i

1

1 +
γ̂igjpj
gipi

. (2.8)

2.1.2 Upper and lower bounds on the outage probability

Upper and lower bounds on the outage probability can be obtained using the Maclau-

rin [54] and Weierstrass [55] inequalities

1 + a+
k∑
i=1

xi ≤ ea
k∏
i=1

(1 + xi) ≤ e(a+
∑k
i=1(xi)), (2.9)

where x1, x2, . . . , xk ≥ 0 and a, k ≥ 0. The outage probability in (2.6) can be rewritten

as

Oi = 1−

exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

)−1

.

Using the right hand inequality in (2.9), the upper bound on the outage probability

is

Oi ≤ 1−

exp

σ2
i γ̂i
gipi

+
k∑

j=1,j 6=i

γ̂igjpj
gipi



−1

= 1−

exp

 γ̂i
gipi

σ2
i +

k∑
j=1,j 6=i

gjpj




−1

= 1−

[
exp

(
1

SINRi

)]−1

= 1−

[
exp

(
− 1

SINRi

)]
= Ou,
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and using the left side inequality gives the lower bound

Oi ≥ 1−

1 +
σ2
i γ̂i
gipi

+
k∑

j=1,j 6=i

(
γ̂igjpj
gipi

)−1

= 1−
[
1 +

1

SINRi

]−1

=
1(

1 + SINRi

)
= Ol.

Thus we have that

1(
1 + SINRi

) ≤ Oi ≤ 1−

[
exp

(
− 1

SINRi

)]
. (2.10)

2.2 Problem Formulation

In this section, the power allocation problems to minimize the outage probability

or maximize the normalized SINR are considered. Then, iterative power allocation

schemes using Perron-Frobenius theory and the interior point algorithm are proposed

to solve these problems. A power allocation algorithm to minimize power consumption

with outage probability constraints is also proposed. Users with an outage probability

above a threshold Oth adjust their transmit power levels to reduce the interference to

other users. Finally, a power allocation algorithm with a normalized SINR constraint

is proposed. The outage probability is used as the removal criteria.

2.2.1 Outage probability minimization

The power allocation problem for outage probability minimization is as follows

minimize Omax

subject to pmin ≤ pi ≤ pmax,
(2.11)
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where pmax and pmin are the maximum and minimum transmit power, respectively,

and Omax is the maximum outage probability over all users which is given by

Omax = max
i
Oi = max

i

1−

exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

)−1
 .

This can be written as

1−

exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

)−1

≤ Omax

exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

)
≤ 1

1−Omax

.

Let ζ = 1
1−Omax

. The power allocation problem for outage probability minimization

is equivalent to minimizing ζ, so it can be reformulated as

minimize ζ

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1

exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

)
≤ ζ.

(2.12)

This is a geometric programming optimization problem with variables p1, p2, . . . , pk

and ζ. Therefore, it can be solved using the interior point algorithm for convex

optimization (CVX).

The transmit power of user i which achieves the minimum in (2.12) corresponds to

the power level in which the last constraint in (2.12) is satisfied with equality [56,57].

Thus, the goal is to determine the minimum outage probability which achieves this

[58]. This outage probability is given by

ψ = 1−

exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

)−1

,
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so the problem can be rewritten as

minimize ψ

subject to pmin ≤ pi ≤ pmax

1−

exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

)−1

= ψ.

(2.13)

The last constraint is equivalent to

exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

)
=

1

1− ψ
.

Taking the logarithm of both sides gives

log

exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

) = log

(
1

1− ψ

)
,

which can be expressed as

σ2
i γ̂i
gipi

+
k∑

j=1,j 6=i

log

(
1 +

γ̂igjpj
gipi

)
= log

(
1

1− ψ

)
.

After some manipulation this becomes

k∑
j=1,j 6=i

[
log

(
1 +

γ̂igjpj
gipi

)
+

σ2
i γ̂i

(k − 1)gipi

]
= log

(
1

1− ψ

)
,

which is equivalent to

k∑
j=1,j 6=i

pi
pj

[
log

(
1 +

γ̂igjpj
gipi

)
+

σ2
i γ̂i

(k − 1)gipi

]
pj =

[
log

(
1

1− ψ

)]
pi.

This can be written as U(pj)pj = χpi where χ = log( 1
1−ψ ) and the matrix U(pj) is

given by

U(pj) =
pi
pj

[
log

(
1 +

γ̂igjpj
gipi

)
+

σ2
i γ̂i

(k − 1)gipi

]
. (2.14)
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The optimization problem with respect to ψ is then equivalent to minimizing χ.

The variables for the power allocation problem (2.13) are p1, p2, . . . , pk and χ. This

problem can be solved efficiently using the iterative Perron-Frobenius method [59,60].

The objective is to determine the minimum χ such that the criterion U(pj)pj = χpi is

satisfied. The proposed algorithm for outage probability minimization is summarized

in Algorithm 1. First, U(pj) is determined using (2.14). This characterizes the effect

of the target SINR, interference and noise on user i. Then, the transmit power for

user i is adjusted based on U(pj) until the algorithm converges. The optimal power

allocation for user i then corresponds to the Perron-Frobenius eigenvector of U(pj),

and χ is the eigenvalue of U(pj).

Algorithm 1 Iterative Perron-Frobenius Algorithm for Outage Probability Mini-
mization

Step 1: Initialize the iteration index t = 1, the transmit power pi(t) = pmin and
set the target SINRs γ̂i.
Step 2: Determine U(pj(t)) using

U(pj(t)) =
pi(t)

pj(t)

[
log

(
1 +

γ̂i(t)gjpj(t)

gipi(t)

)
+

σ2
i γ̂i

(k − 1)gipi(t)

]
, i = 1, 2, . . . , k and j 6= i.

Step 3: Update pi(t) using

U(pj(t))pj(t) = χpi(t+ 1).

Step 4: Terminate when

max
i
|pi(t+ 1)− pi(t)| ≤ ε,

otherwise go to Step 2.

2.2.2 Normalized SINR maximization

The power allocation problem for normalized SINR maximization is

maximize SINRmin

subject to pmin ≤ pi ≤ pmax,
(2.15)
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where SINRmin is the minimum normalized SINR over all users given by

SINRmin = min
i
SINRi = min

i

 gipi

γ̂i

(∑
j 6=i gjpj + σ2

i

)
 .

This expression is equivalent to

gipi

γ̂i

(∑
j 6=i gjpj + σ2

i

) ≥ SINRmin,

or
γ̂i

(∑
j 6=i gjpj + σ2

i

)
gipi

≤ 1

SINRmin

.

Let τ = 1
SINRmin

. The power allocation problem (2.15) is equivalent to minimizing τ ,

so it can be reformulated as

minimize τ

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1

γ̂i

(∑
j 6=i gjpj + σ2

i

)
gipi

≤ τ.

(2.16)

This is a geometric programming optimization problem with variables p1, p2, . . . , pk

and τ and so can be solved using the interior point algorithm for GP problems.

The transmit power of user i which achieves the minimum in (2.16) corresponds

to the user transmit power level in which the last constraint in (2.16) is satisfied

with equality [56, 57]. Thus, the goal is to determine the minimum τ which achieves

this [58]. The optimal solution of (2.16) is given by

ϑ =
γ̂i
gipi

∑
j 6=i

gjpj + σ2
i

 .

Thus, the power allocation problem for normalized SINR maximization can be rewrit-
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ten as
minimize ϑ

subject to pmin ≤ pi ≤ pmax

γ̂i

(∑
j 6=i gjpj + σ2

i

)
gipi

= ϑ.

(2.17)

Multiplying both sides of the last constraint in (2.17) by pi gives

∑
j 6=i

γ̂i
gi

(
gjpj +

σ2
i

k

)
= ϑpi,

which is equivalent to ∑
j 6=i

γ̂i
gi

(
gj +

σ2
i

kpj

)
pj = ϑpi.

This can be expressed as V (pj)pj = ϑpi where

V (pj) =
γ̂i
gi

(
gj +

σ2
i

kpj

)
. (2.18)

The power allocation problem in (2.17) has variables p1, p2, . . . , pk and ϑ. This can be

solved efficiently using the iterative Perron-Frobenius method [59,60]. The objective

is to determine the minimum ϑ such that the criterion V (pj)pj = ϑpi is satisfied.

The corresponding algorithm for SINR maximization is summarized in Algorithm 2.

First, V (pj) is determined using (2.18). V (pj) characterizes the effect of noise and

interference on user i. Then, the transmit power for user i is adjusted based on V (pj)

until the algorithm converges. The optimal power allocation for user i corresponds to

the Perron-Frobenius eigenvector of V (pj), and ϑ is determined using the eigenvalue

of V (pj).
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Algorithm 2 Iterative Perron-Frobenius Algorithm for SINR Maximization

Step 1: Initialize the iteration index t = 1, and the transmit power pi(t) = pmin

and set the target SINR γ̂i.
Step 2: Determine V (pj(t)) using

V (pj(t)) =
γ̂i(t)

gi

(
gj +

σ2
i

kpj(t)

)
, i = 1, 2, . . . , k and j 6= i.

Step 3: Update pi(t) using

V (pj(t+ 1))pj(t) = ϑpi(t).

Step 4: Terminate when

max
i
|pi(t+ 1)− pi(t)| ≤ ε,

otherwise go to Step 2.



21

2.2.3 Power allocation with an outage probability constraint

The power consumption problem subject to outage probability and transmit power

constraints can be formulated as

minimize
k∑
i=1

pi

subject to pmin ≤ pi ≤ pmax

1−

exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

)−1

≤ Oth,

(2.19)

where Oth is the outage probability threshold. This problem is equivalent to

minimize
k∑
i=1

pi

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

) (1−Oth) ≤ 1.

(2.20)

This is a geometric programming optimization problem with variables p1, p2, . . . , pk.

Therefore, it can be solved using the interior point algorithm for GP.

Using the upper bound in (2.10) with the last constraint in (2.20) gives

1−

exp

(
σ2
i γ̂i
gipi

)
k∏

j=1,j 6=i

(
1 +

γ̂igjpj
gipi

)−1

≤ 1−

[
exp

(
− 1

SINRi

)]
≤ Oth.

Thus, this constraint is satisfied when this bound is less than Oth

1−

[
exp

(
− 1

SINRi

)]
≤ Oth,
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where SINRi = γ̄i
γ̂i

. After some manipulation, this inequality can be written as

γ̄i ≥ −
γ̂i

log (1−Oth)
.

The power allocation problem then becomes

minimize
k∑
i=1

pi

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1

γ̄i ≥ −
γ̂i

log (1−Oth)
.

(2.21)

This can be solved using the following power update function

pi(t+ 1) = − 1

log (1−Oth)

γ̂i(t)

γ̄i
pi(t). (2.22)

The proposed power control algorithm based on (2.22) is given in Algorithm 3.

Algorithm 3 Power Allocation Algorithm With an Outage Probability Constraint

Step 1: Initialize the iteration index t = 1. User i obtain the outage probability
threshold Oth from the BS and determines the average SINR γ̄i. Sets the target
SINR γ̂i.
Step 2: Users update their transmit power using

pi(t+ 1) = − 1

log (1−Oth)

γ̂i(t)

γ̄i
pi(t), i = 1, 2, . . . , k.

Step 3: Terminate when

max
i
|pi(t+ 1)− pi(t)| ≤ ε,

otherwise go to Step 2.
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2.2.4 Power allocation with normalized SINR constraints

The power allocation problem with a normalized SINR constraint is

minimize
k∑
i=1

pi

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1

SINRi ≥ βi,

(2.23)

where SINRi = γ̄i
γ̂i

and βi is a constant which is used as a control parameter. The

higher the value of βi, the greater the target SINR of user i. This problem can be

solved using the following power update function

pi(t+ 1) = βi
γ̂i(t)

γ̄i
pi(t). (2.24)

A power allocation algorithm is now obtained using the outage probability thresh-

old. Users increase their power level if their outage probability is less than the outage

probability threshold, and the level is reduced if the outage probability is greater

than the threshold. Therefore, if the outage probability of user i is above Oth, βi is

reduced, giving a lower target SINR. If the outage probability of user i is less than

Oth, βi is increased, giving a higher target SINR. βi can then be defined as

βi = κ(1−Oi), (2.25)

where κ = 1
1−Oth

. Thus, if the outage probability is equal to the outage probability

threshold, the transmit power does not change. The proposed power control algorithm

based on (2.24) and (2.25) is given in Algorithm 4.

2.3 Numerical Results

In this section, Monte Carlo simulation is used to evaluate the performance of the pro-

posed power allocation schemes. As in [61–63], the channel gain is gi = h̄dαi 100.1ΞXi
2

where h̄ = 0.97 is a constant, and α = 3 is the path loss exponent which corresponds

to typical urban and suburban environments. The stopping criteria is ε = 10−10. The
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Algorithm 4 Power Allocation Algorithm With Normalized SINR Constraints

Step 1: Initialize the iteration index t = 1. User i obtain the outage probability
threshold Oth from the BS and determines the average SINR γ̄i. Sets the target
SINR γ̂i.
Step 2: User i determine βi using

βi(t) = κ(1−Oi(t)).

Step 3: Users update their transmit power using

pi(t+ 1) = βi(t)
γ̂i(t)

γ̄i
pi(t).

Step 3: Terminate when

max
i
|pi(t+ 1)− pi(t)| ≤ ε,

otherwise go to Step 2.
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noise power is σ2 = 0.01 W and the initial power level for all users is set to 1 W.

The maximum transmit power is pmax = 2 W. The number of taps for the Rayleigh

fading channel is set to 4 [64]. The real and imaginary parts of the channel coefficients

are randomly chosen from a Gaussian distribution. The magnitude is then Rayleigh

distributed and the phase is uniformly distributed between 0 and 2π. The users are

uniformly distributed in a 500 m × 500 m geographic area with the BS located at the

center. Results are obtained for 10000 trials for each number of users with the user

locations changed each trial.

Fig. 2.1 presents the exact average outage probability from (2.8) and the upper

and lower bounds from (2.10) with 8, 16, 32, and 64 users, respectively. These results

show that the upper bound is tight and is a better approximation than the lower

bound, particularly for high SINRs and a large number of users. The maximum gap

between the exact outage probability and the lower bound is 1.9% for 8 users, 5.8%

for 16 users, 10.4% for 32 users, and 19.3% for 64 users. The maximum gap between

the exact outage probability and the upper bound is 0.7% for 8 users, 1.1% for 16

users, 0.8% for 32 users, and 0.7% for 64 users. Thus, the upper bound is a suitable

estimate for the outage probability in cellular networks.

Fig. 2.2 shows the average outage probability obtained via the GP problem in

(2.12) and Algorithm 1 with 32 users. The outage probability is not determined

directly by Algorithm 2 so (2.10) is used to obtain bounds on the outage probability.

The average initial outage probability is the average outage probability without using

any algorithm and varies from 12.0% to 19.1%. At 30 dB, the gap between the average

outage probability for Algorithm 1 and the initial outage probability is 5.2%, which is

the lowest, and at 10 dB, this gap is 11.7%, which is the highest. The average outage

probabilities with Algorithm 1 and the GP method are almost identical. The gap

between the average outage probability with Algorithm 1 and the upper bound using

Algorithm 2 is almost 0, while the gap with the lower bound is large for a target SINR

greater than 10 dB. The average computation time using Algorithm 1 and Algorithm

2 is 0.016 s and 0.013 s, respectively. The corresponding average time with GP is

1280 s, so this algorithm is much slower.

Fig. 2.3 gives the average outage probability with Algorithms 1 and 2 for 128

users. The bounds on outage probability for Algorithm 2 are also shown. The average

initial outage probability varies from 19.0% to 99%. At 1 dB, the gap between the

average outage probability for Algorithm 1 and the initial outage probability is 12%,

which is the lowest, and at 9 dB, this gap is 41%, which is the highest. At 1 dB,
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Figure 2.1: Upper and lower bounds on the average outage probability with different
numbers of users.

the gap between Algorithm 1 and the lower bound using Algorithm 2 is 0.2% but

this increases to 19.0% at 30 dB. The average outage probabilities with the upper

bound using Algorithm 2 and Algorithm 1 are almost identical. In general, the higher

the target SINR, the greater the outage probability. The average computation time

using Algorithms 1 and 2 is 0.024 s and 0.015 s, respectively, so they have similar

complexity.

Fig. 2.4 shows the average normalized SINR for theiterative SINR tracking power

control (ISPC), distributed uplink power control (DUPC), rate adaptive opportunistic

power control (RAPC) schemes and Algorithms 1 and 2, with 128 users. This shows

that the results using outage probability and normalized SINR optimization in Algo-

rithms 1 and 2 are similar and much better than with ISPC and DUPC. Algorithms

1 and 2 are slightly better than RAPC. Algorithm 2 gives the best performance as
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Figure 2.2: Average outage probability using geometric programming (GP) and Al-
gorithms 1 and 2 with 32 users.

this is the algorithm criterion. The average normalized SINR is the worst with ISPC,

followed by DUPC, and then RAPC. They are similar for a target SINR greater than

10 dB. Note that the average normalized SINR is not monotonic using DUPC and

RAPC.

Fig. 2.5 shows the outage probability, transmit power and SINR for the distributed

uplink power control (DUPC) scheme with 8 users for 1 trial. The target SINRs were

chosen randomly in the range [0.1, 0.5] dB and are

γ̂k = [0.18 0.32 0.48 0.16 0.15 0.20 0.16 0.11] dB.

With DUPC, a higher outage probability results in a higher transmit power. These

results show that the transmit power for user 2 is the highest since the corresponding
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Figure 2.3: Average outage probability using Algorithms 1 and 2 with 128 users.

outage probability is the highest. This is followed by users 3 and 5. After 30 iterations,

the average outage probability is 0.61, and the average required power is 0.62 W.

Fig. 2.6 shows the corresponding outage probability, transmit power and SINR

for the iterative SINR tracking power control (ISPC) scheme. With ISPC, a higher

target SINR results in a higher transmit power. As a high outage probability implies

a poor SINR, user 7 requires more power to attain the target SINR compared to the

other users. Next is user 3 which has the highest target SINR followed by user 2. The

required power for users 5 and 8 is the lowest since their target SINRs are the lowest.

After 30 iterations, the average outage probability is 0.58 and the average required

power is 0.53 W, which are lower than with DUPC.

Fig. 2.7 shows the corresponding outage probability, transmit power and SINR

for the rate adaptive and opportunistic power control (RAPC) scheme. With RAPC,

a higher outage probability results in a lower SINR. These results show that the
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Figure 2.4: Average normalized SINR using ISPC, DUPC, RAPC, and Algorithms 1
and 2 with 128 users.

transmit power for user 3 is minimum since the outage probability for user 3 is the

highest, which is 0.8. The outage probability for user 5 is the lowest, and thus the

transmit power for user 5 is the highest, which is 0.39 W. After 30 iterations, the

target SINRs for users 1, 3, and 5 were not met. The average outage probability is

0.57 and the average required power is 0.35 W, which are lower than with DUPC and

ISPC.

Fig. 2.8 shows the outage probability, transmit power and SINR for the proposed

power allocation scheme based on outage probability in Algorithm 3 with 8 users for 1

trial and 30 iterations. The target SINRs were chosen randomly in the range [0.1, 0.5]

dB and are the same as for DUPC, ISPC and RAPC. These results show that the

outage probability and SINR for user 4 is the highest. Thus, the power required to

obtain a target SINR for user 4 is the highest. Next is user 2 since the target SINR for
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Figure 2.5: Normalized SINR, transmit power and outage probability for 8 users with
DUPC.

user 2 is the second highest. The required powers for users 5 and 8 are the lowest since

their target SINRs are the lowest. After 30 iterations, the average outage probability

is 0.47, and the average required power is 0.14 W. These values are much lower than

with DUPC, ISPC and RAPC. Fig. 2.9 shows the corresponding transmit power

and SINR for 30 iterations with Algorithm 4 with fixed control parameter βi = 0.05.

These results show that after 30 iterations, all users have SINRs higher than their

target SINRs. User 2 has the highest transmit power and the second highest target

SINR. Further, this user has the highest initial outage probability, which explains why

their transmit power is so high. After 30 iterations, the average outage probability is

0.57, and the average required power is 0.11 W. Fig. 2.10 shows the corresponding

transmit power and SINR for 30 iterations with Algorithm 4. The dynamic control
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Figure 2.6: Normalized SINR, transmit power and outage probability for 8 users with
ISPC.

parameter βi was determined using (2.25) which gives

βi = [0.29 0.09 0.12 0.04 0.27 0.03 0.01 0.15].

This figure shows that the outage probability for users 1, 5, and 8 is lower than that

of the other users. Thus, the gap between the SINRs achieved and the corresponding

targets is greater. These differences are

[0.13 0.03 0.07 0.01 0.16 0.01 0 0.15] dB.

The outage probability for users 6 and 7 is the highest. Thus, their requirements are

harder to satisfy and so the SINRs achieved are lower than those of the remaining

users, except user 4. After 30 iterations, users with a low outage probability achieved
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Figure 2.7: Normalized SINR, transmit power and outage probability for 8 users with
RAPC.

higher SINRs compared to the others. The average outage probability is 0.51, and

the average required power is 0.13 W.

2.4 Conclusion

In this chapter, power allocation schemes considering the outage probability and

normalized signal to interference plus noise ratio (SINR) were proposed. The goal is

to reduce the outage probability and increase the normalized SINR. Algorithm 1 is

based on minimizing the outage probability and Algorithm 2 is based on maximizing

the SINR. Results were presented which show that Algorithm 1, Algorithm 2 and

geometric programming (GP) produce similar results, but the computation time with

Algorithms 1 and 2 is much lower. Further, Algorithms 1 and 2 provide a higher
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Figure 2.8: Normalized SINR, transmit power and outage probability for 8 users with
Algorithm 3.

normalized SINR than the rate adaptive and opportunistic power control (RAPC)

and distributed uplink power control (DUPC) schemes, while iterative SINR tracking

power control (ISPC) is the worst. Power allocation schemes were also given to reduce

the power consumption (Algorithm 3) and satisfy user SINR requirements (Algorithm

4). Algorithm 3 provides the best average outage probability, followed by Algorithm

4, RAPC and then ISPC, while DUPC is the worst. Algorithm 4 requires the lowest

average power, followed by Algorithm 3, RAPC, ISPC, and finally DUPC.
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Figure 2.9: Normalized SINR, transmit power and outage probability for 8 users with
Algorithm 4 and fixed control parameter βi = 0.05.
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Figure 2.10: Normalized SINR, transmit power and outage probability for 8 users
with Algorithm 4 and dynamic control parameter βi.
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Chapter 3

Power Allocation for Normalized

Throughput and Energy Efficiency

over Rayleigh Fading Channels in

Cellular Networks

To accommodate the demand for high spectrum efficiency, cellular networks are con-

suming more energy, which increases the operating costs of mobile operators. Power

control to improve the throughput [65–67] or energy efficiency [68,69] have both been

considered for cellular networks. In [65], a power allocation scheme was proposed to

find the power levels that maximize the aggregate throughput considering individual

throughput. An iterative distributed power control (IDPC) scheme in cellular radio

systems was proposed in [66]. The user transmit power is multiplied by a factor which

is equal to the ratio of its obtained signal to interference plus noise ratio (SINR) and

the target SINR. So power is increased or decreased based on the obtained SINR.

In [67], a target SINR and opportunistic based power control (TOPC) scheme was

proposed. If the user target SINR is below a threshold, then target SINR tracking

power control (TPC) is used. If the user target SINR is above a threshold, then op-

portunistic power control (OPC) is used. A fixed step power control (FSPC) scheme

with quantization and active link quality protection for energy efficiency was proposed

in [68]. The target SINRs for users were determined based on user priority. In [69], a

non-cooperative game theory based power allocation scheme for small cell networks

was presented. Each base station maximizes its energy efficiency using distributed
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power allocation.

The relationship between normalized SINR and outage probability has not been

considered in solving the power allocation problem. In this chapter, upper and lower

bounds on the outage probability for a given normalized SINR are determined. Power

allocation schemes for energy efficiency and throughput maximization are then pro-

posed subject to constraints on the outage probability and normalized SINR. Solutions

to the resulting optimization problems are obtained using Lagrangian and parametric

transformation methods. The contributions of this chapter are as follows.

1. The outage probability is obtained based on the normalized SINR and upper

and lower bounds on the outage probability are derived. It is shown that if the

normalized SINR increases, the outage probability decreases.

2. A distributed power allocation approach for normalized throughput maximiza-

tion considering the outage probability and target SINR constraints is proposed

and given in Algorithm 5.

3. A power allocation scheme for energy efficiency is presented and given in Algo-

rithm 6. The relationship between outage probability and the normalized SINR

is used to adjust the user transmit power.

4. Results are presented which show that the proposed power allocation approaches

outperform the iterative distributed power control (IDPC), target SINR and

opportunistic based power control (TOPC), and prioritized and selective power

allocation (FSPC) schemes in terms of power consumption, throughput and

energy efficiency.

The rest of the chapter is organized as follows. The channel model is described in

Section II. Expressions for the outage probability, normalized throughput and energy

efficiency are presented in Section III. The power allocation problems considering nor-

malized SINR and outage probability are presented in Section III. The performance

of the proposed power allocation approaches is evaluated in Section IV, and finally

some concluding remarks are given in Section V.



38

3.1 Channel Model

Assume there are k users indexed 1, 2, . . . , k and define the transmit power level of

user i as pi, i = 1, 2, . . . , k. The signal attenuation due to path loss is given by

hi = h̄dαi ,

where h̄ = 0.97 is a constant, di is the distance between user i and the corresponding

BS, and α is the path loss exponent. The value of α depends on the propagation

environment. Buildings, mountains and other objects block the wireless signals. This

is often the case in large urban areas. The log normal shadowing can be expressed as

100.1Ξ,

where Ξ is a Gaussian random variable so the channel loss due to path loss and

shadowing is

gi = hi100.1Ξ,

A Rayleigh distribution is commonly used to describe the statistical time varying

nature of the received envelope of a flat fading signal. This distribution has probability

density function (PDF)

f(x) =


x
x̄2 exp

(
− x2

2x̄2

)
, if x ≥ 0

0, if x < 0,
(3.1)

where x is the random variable, x̄ = E[x], and x̄2 is the signal envelope. Then the

received power for user i is [70, 71]

hixi
2pi,

where xi is the associated Rayleigh fading component of user i. Thus, the received

power for user i is exponentially distributed with mean [48]

giE[xi
2]pi = gipi.
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3.2 Normalized Throughput, Energy Efficiency and

Outage Probability

3.2.1 Normalized throughput

The SINR of user i is given by

γi =
gixi

2pi∑
j 6=i gjxj

2pj + σ2
i

, (3.2)

where σ2
i is the additive white Gaussian noise (AWGN) power of user i, xj denotes

the signal from user j with PDF given by (3.1), and gj denotes the interference from

user j. The average SINR is

γ̄i =
gipi∑

j 6=i gjpj + σ2
i

, (3.3)

so then the normalized SINR of user i is

Si =
γ̄i
γ̂i

=
gipi

γ̂i

(∑
j 6=i gjpj + σ2

i

) , (3.4)

where γ̂i is the target SINR for user i. The normalized throughput of user i is defined

as

Ri = log
(

1 + Si

)
. (3.5)

3.2.2 Energy efficiency and outage probability

The power consumption of user i can be expressed as [72]

Pi = ξpi + piap + picp, (3.6)

where ξ ≥ 0 is the drain efficiency reciprocal of the power amplifier which denotes

the amplifier inefficiency, piap is the power consumed by the power amplifier, and picp

is the circuit power consumption due to signal processing and related functions. The

energy efficiency of user i is defined as

ηi =
Ri

Pi
,
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and the system energy efficiency is

η =
k∑
i=1

Ri

Pi
. (3.7)

The outage probability is defined as the probability that the target SINR is not

achieved. Thus, the outage probability for user i can be expressed as

Oi = P [γi ≤ γ̂i] = P

gixi2pi ≤ γ̂i

∑
j 6=i

gjxj
2pj + σ2

i


 .

Assuming that the received power and interference follow an exponential distribution

gives [73–75]

Oi = 1− exp

(
−Λi

p̄i

)
φI

(
γ̂i
p̄i

)
, (3.8)

where Λi = σ2
i γ̂i, p̄i = E[gixi

2pi] = gipi, and φI

(
γ̂i
p̄i

)
denotes the moment generating

function (MGF) of the interference. In Rayleigh fading, the MGF of the interference

is

φI

(
γ̂i
p̄i

)
=

k∏
j=1,j 6=i

φj

(
γ̂i
p̄i

)
=

k∏
j=1,j 6=i

1

1 + p̄j
γ̂i
p̄i

, (3.9)

where p̄j = E[gjxj
2pj] = gjpj. Thus, (3.9) can be reformulated as

Oi = 1− exp

(
−σ

2
i γ̂i
gipi

)
k∏

j=1,j 6=i

1

1 +
γ̂igjpj
gipi

. (3.10)

Let Gj =
gj
gi

and σ̄i =
σ2
i

gi
. Then, (3.10) can be rewritten as

Oi = 1− exp

(
− σ̄iγ̂i

pi

) k∏
j=1,j 6=i

1

1 +
γ̂iGjpj
pi

. (3.11)

Upper and lower bounds on the outage probability can be obtained using the

following inequality [54,55]

1 + a+
k∑
i=1

xi ≤ ea
k∏
i=1

(1 + xi) ≤ e(a+
∑k
i=1 xi), (3.12)
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where x1, x2, . . . , xk ≥ 0 and a, k ≥ 0. The left hand side is obtained using the Weier-

strass product inequality and the right hand side using the linear and exponential

inequalities. The outage probability in (3.11) can be rewritten as

Oi = 1−

exp

(
σ̄iγ̂i
pi

) k∏
j=1,j 6=i

(
1 +

γ̂iGjpj
pi

)−1

.

The upper bound on the outage probability is obtained from the right hand side

inequality as

Oi ≤ 1−

exp

 σ̄iγ̂i
pi

+
k∑

j=1,j 6=i

γ̂iGjpj
pi



−1

= 1−

exp

 γ̂i
pi

σ̄i +
k∑

j=1,j 6=i

Gjpj




−1

= 1−

[
exp

(
1

Si

)]−1

= 1−

[
exp

(
− 1

Si

)]
.

The lower bound obtained from the left hand side inequality is

Oi ≥ 1−

1 +
σ̄iγ̂i
pi

+
k∑

j=1,j 6=i

(
γ̂iGjpj
pi

)−1

= 1−
(

1 +
1

Si

)−1

=
1(

1 + Si

) .
The bounds on the outage probability are thus

1(
1 + Si

) ≤ Oi ≤ 1−

[
exp

(
− 1

Si

)]
. (3.13)
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3.3 Problem Formulation

In this section, the transmit power allocating problem is derived considering the

normalized throughput and energy efficiency. This problem is solved using the La-

grangian and parametric transformation methods. Two distributed iterative power

allocation schemes for normalized throughput and energy efficiency are proposed.

Then an algorithm is presented in which users with an outage probability above a

threshold Oth do not transmit or adjust their transmit power levels to restrict the

interference to the remaining users.

3.3.1 Distributed power allocation for normalized through-

put maximization with an outage probability threshold

In this section, the normalized throughput maximization problem is considered sub-

ject to outage probability and transmit power constraints. This can be formulated

as

maximize
k∑
i=1

Ri =
k∑
i=1

log
(

1 + Si

)
subject to pmin ≤ pi ≤ pmax

1−

exp

(
σ̄iγ̂i
pi

) k∏
j=1,j 6=i

(
1 +

γ̂iGjpj
pi

)−1

≤ Oth,

(3.14)

where Si = γ̄i
γ̂i

= pi
γ̂i(

∑
j 6=iGjpj+σ̄i)

, pmax and pmin are the maximum and minimum

transmit power, respectively. Using (3.13), the last constraint in (3.14) can be ap-

proximated by

Si ≥ −
1

log (1−Oth)
.

After some manipulation, (3.14) becomes

maximize
k∑
i=1

Ri =
k∑
i=1

log

1 +
pi

γ̂i

(∑
j 6=iGjpj + σ̄i

)


subject to pmin ≤ pi ≤ pmax

pi

γ̂i

(∑
j 6=iGjpj + σ̄i

) ≥ − 1

log (1−Oth)
.

(3.15)
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Introducing a new variable Ωi to replace each term inside the logarithm, (3.15) can

be rewritten as

maximize
k∑
i=1

Ri =
k∑
i=1

log (Ωi)

subject to pmin ≤ pi ≤ pmax

1− 1

log (1−Oth)
≤ Ωi ≤ 1 +

pi

γ̂i

(∑
j 6=iGjpj + σ̄i

) .
(3.16)

This can be considered as an outer optimization over pi and an inner optimization

over Ωi with fixed pi. The inner optimization problem is

maximize
k∑
i=1

Ri =
k∑
i=1

log (Ωi)

subject to pmin ≤ pi ≤ pmax

Ωi ≤ 1 +
pi

γ̂i

(∑
j 6=iGjpj + σ̄i

) .
(3.17)

The solution to this problem is that Ωi should satisfy the constraint with equality.

This problem can be expressed as follows. Note that this is a convex optimization

problem in Ωi so strong duality holds. Introduce the dual variable λi for each inequal-

ity constraint in the above optimization problem and form the Lagrangian function

L(Ωi, λi) =
k∑
i=1

log (Ωi)−
k∑
i=1

λi

Ωi − 1− pi

γ̂i

(∑
j 6=iGjpj + σ̄i

)
 .

Due to strong duality, (3.17) is equivalent to the dual problem

min
λi≥0

max
Ωi

L(Ωi, λi).

Let (λ∗i ,Ω
∗
i ) be the saddle point of this problem. It must satisfy the first order

derivative condition ∂L
∂Ωi

= 0 which gives

λ∗i =
1

Ω∗i
,
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so that

L(Ωi, λi) =
k∑
i=1

log (Ωi)− Ωi + 1 +
pi

piγ̂i

(∑
j 6=iGjpj + σ̄i

)Ωi

 .
The power allocation problem (3.17) is equivalent to

maximize
k∑
i=1

Ri =
k∑
i=1

log (Ωi)− Ωi + 1 +
pi

pi + γ̂i

(∑
j 6=iGjpj + σ̄i

)Ωi


subject to pmin ≤ pi ≤ pmax.

(3.18)

Taking the derivative of Ri with respect to Ωi

∂Ri

∂Ωi

=
1

Ωi

− 1 +
pi

pi + γ̂i

(∑
j 6=iGjpj + σ̄i

) ,
and setting this to 0 gives

Ωi = 1 +
pi

γ̂i

(∑
j 6=iGjpj + σ̄i

) . (3.19)

A subtractive form of (3.18) can be obtained using parametric transformation with

an additional variable ui. The outer optimization is then

maximize
k∑
i=1

Ri =
k∑
i=1

log (Ωi)− Ωi + 1 + 2
√
uipiΩi − ui

pi + γ̂i

∑
j 6=i

Gjpj + σ̄i




2


subject to pmin ≤ pi ≤ pmax.

(3.20)

The variable ui is determined by taking the derivative of Ri with respect ui and

setting ∂Ri
∂ui

to 0 which gives

ui =
(piΩi)

2[
pi + γ̂i

(∑
j 6=iGjpj + σ̄i

)]4 . (3.21)
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Then taking the derivative of Ri with respect to pi and setting ∂Ri
∂pi

to 0 gives

pi =
Ω2
i

ui

(
1 + γ̂i

∑
j 6=iGj

)2 . (3.22)

The proposed distributed power allocation algorithm based on (3.19), (3.21) and

(3.22) is given in Algorithm 5.

Algorithm 5 Distributed Power Allocation For Normalized Throughput Maximiza-
tion

Step 1: Initialize the iteration index t = 1. User i obtains the outage probability
threshold Oth from the BS and determines the average SINR γ̄i. Set the target
SINR γ̂i and the convergence threshold ε.
Step 2: User i determines Ωi(t) using

Ωi(t) = 1 +
pi(t)

γ̂i

[∑
j 6=iGjpj(t) + σ̄i

] .
Step 3: User i determines ui(t) using

ui(t) =

[
pi(t)Ωi(t)

]2{
pi(t) + γ̂i

[∑
j 6=iGjpj(t) + σ̄i

]}4 .

Step 4: Users update their transmit power as

pi(t+ 1) =
Ω2
i (t)

ui(t)
(

1 + γ̂i
∑

j 6=iGj

)2 .

Step 5: Terminate when

max
i
|pi(t+ 1)− pi(t)| ≤ ε,

otherwise go to Step 2.
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3.3.2 Distributed power allocation for energy efficiency with

an outage probability threshold

The energy efficiency problem subject to outage probability and transmit power con-

straints is presented. This problem can be formulated as

maximize η =
k∑
i=1

Ri

Pi

subject to pmin ≤ pi ≤ pmax

1−

exp

(
σ̄iγ̂i
pi

) k∏
j=1,j 6=i

(
1 +

γ̂iGjpj
pi

)−1

≤ Oth.

(3.23)

This is equivalent to

maximize η =
k∑
i=1

Ri

Pi

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1exp

(
σ̄iγ̂i
pi

) k∏
j=1,j 6=i

(
1 +

γ̂iGjpj
pi

) (1−Oth) ≤ 1,

(3.24)

which is a geometric programming problem with variables p1, p2, . . . , pk. Therefore,

the power allocation problem can be solved using the interior point method with

convex optimization (CVX) geometry programming.

A subtractive form of (3.24) can be obtained using parametric transformation
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with an additional variable vi which gives

maximize η =
k∑
i=1

2
√
viRi − vi(Pi)2

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1

1−

exp

(
σ̄iγ̂i
pi

) k∏
j=1,j 6=i

(
1 +

γ̂iGjpj
pi

)−1

≤ Oth.

(3.25)

Using (3.5), (3.20) and (3.25), the power allocation problem (3.18) can be rewritten

as

maximize η =
k∑
i=1

2
√
vi

log (Ωi)− Ωi + 1 + 2
√
uipiΩi − ui

pi + γ̂i

∑
j 6=i

Gjpj + σ̄i




2


−
k∑
i=1

vi(ξpi + piap + picp)
2

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1

γ̄i ≥ −
γ̂i

log (1−Oth)
.

(3.26)

Similar to (3.19), Ωi is determined as

Ωi = 1 +
pi

γ̂i

(∑
j 6=iGjpj + σ̄i

) .
The variable ui is determined by taking the derivative of η with respect to ui and

setting ∂η
∂ui

to 0 which gives

ui =
(piΩi)

2[
pi + γ̂i

(∑
j 6=iGjpj + σ̄i

)]4 . (3.27)
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The additional variable vi is determined by taking the derivative of η with respect to

vi and setting ∂Ri
∂vi

to 0 which gives

vi =
R2
i

P 4
i

=

[
log
(

1 + Si

)]2

(
ξpi + piap + picp

)4 . (3.28)

Taking the derivative of η with respect to pi and setting ∂η
∂pi

to 0 gives

pi =
4uiviΩ

2
i[

vi + 2ui
√
vi

(
1 + γ̂i

∑
j 6=iGj

)]2 . (3.29)

The minimum transmit power to reach a target SINR is obtained from the last con-

straint in (3.23) and the upper bound on outage probability in (3.13) as

1−

exp

(
σ̄iγ̂i
pi

) k∏
j=1,j 6=i

(
1 +

γ̂iGjpj
pi

)−1

≤ 1−

[
exp

(
− 1

Si

)]
≤ Oth.

This is satisfied as long as the upper bound on the outage probability is less than

Oth, which means

1−

[
exp

(
− 1

Si

)]
≤ Oth,

where Si = γ̄i
γ̂i

. After some manipulation, this inequality can be rewritten as

γ̄i ≥ −
γ̂i

log (1−Oth)
.

Thus, the minimum transmit power required to attain the target SINR is

pi ≥ −

∑
j 6=i

Gjpj + σ̄i

[ γ̂i
log (1−Oth)

]
. (3.30)

A power allocation algorithm is obtained by defining the control parameter

αi = κ(1−Oi), (3.31)
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where κ = 1
1−Oth

. The transmit power is increased if the outage probability is less

than the threshold, and decreased if greater than the threshold. Thus if the outage

probability of user i is more than Oth, αi is reduced resulting in a lower transmit

power. The user transmit power is then given by

pi =
4αi(t)ui(t)vi(t)Ω

2
i[

vi(t) + 2ui(t)
√
vi(t)

(
1 + γ̂i

∑
j 6=iGj

)]2 . (3.32)

The proposed distributed power allocation algorithm is based on (3.19), (3.27), (3.28),

(3.30) and (3.32), and is given in Algorithm 6.

3.4 Numerical Results

In this chapter, Monte Carlo simulation is used to evaluate the performance of the

proposed power allocation schemes. The channel gain is gi = h̄dαi 100.1Ξxi
2 where

h̄ = 0.97 is a constant, and α = 3 is the path loss exponent which corresponds to

urban and suburban environments [76–78]. The stopping criteria for the algorithms is

set to ε = 10−20. The noise power is σ2 = 0.01 W, the initial power level for all users is

set to 0.01 W, and the maximum transmit power is pmax = 2 W. The number of taps

for the Rayleigh fading channel is set to 4. The real and imaginary parts of the channel

coefficients are randomly chosen from a Gaussian distribution with zero mean and

variance 1√
2
. The magnitude is then Rayleigh distributed and the phase is uniformly

distributed between 0 and 2π. The performance of the proposed power allocation

schemes is compared with that of the iterative distributed power control (IDPC),

target SINR and opportunistic based power control (TOPC), and fixed step power

control (FSPC) algorithms. Power consumption, throughput, and energy efficiency

are the comparison criteria. The users are uniformly distributed in the geographic

areas of the cells. In the first and second scenarios, there is one femtocell with 4 and

8 users, respectively. The femtocell is located at the center of a square geographic

area with dimensions 20 m × 20 m. In the third and fourth scenarios, there is one

picocell with 16 and 32 users, respectively. The picocell is located at the center of a

square geographic area with dimensions 200 m × 200 m. The results are obtained for

1000 trials for each number of users with the user locations changed each trial.

Fig. 3.1 presents the exact average outage probability from (3.11) and the cor-

responding upper and lower bounds from (3.13) with 4, 8, 16, and 32 users versus
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Algorithm 6 Distributed Power Allocation For Energy Efficiency with an Outage
Probability Constraint

Step 1: Initialize the iteration index t = 1. User i obtain the outage probability
threshold Oth from the BS and determines the average SINR γ̄i. Set the target
SINR γ̂i.
Step 2: User i determines Ωi(t) using

Ωi(t) = 1 +
pi(t)

γ̂i

[∑
j 6=iGjpj(t) + σ̄i

] .
Step 3: User i determines ui(t) using

ui(t) =

[
pi(t)Ωi(t)

]2{
pi(t) + γ̂i

[∑
j 6=iGjpj(t) + σ̄i

]}4 .

Step 4: User i determines vi(t) using

vi(t) =

{
log
[
1 + Si(t)

]}2

[
ξpi(t) + piap + picp

]4 .
Step 5: Users update their transmit power using (3.29), (3.30) and (3.31)

pi(t+ 1) = max

{
−

∑
j 6=i

Gjpj(t) + σ̄i

[ γ̂i
log (1−Oth)

]
,

4αi(t)ui(t)vi(t)Ω
2
i[

vi(t) + 2ui(t)
√
vi(t)

(
1 + γ̂i

∑
j 6=iGj

)]2

}
.

Step 6: Terminate when

max
i
|pi(t+ 1)− pi(t)| ≤ ε,

otherwise go to Step 2.
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Figure 3.1: Upper and lower bounds on the average outage probability with different
numbers of users.

the target SINR. This shows that the upper bound is a better approximation than

the lower bound, particularly at high target SINRs. Therefore, the upper bound is

suitable to estimate the outage probability in cellular networks.

Fig. 3.2 presents the average power for the IDPC, TOPC, FSPC and proposed

power allocation schemes for the four scenarios. This shows that the average power

for IDPC is the highest, followed by FSPC. The proposed approaches have the least

average power. In the first scenario, the average power for FSPC is the highest,

which is approximately 2.5 W. In the second scenario, the average power for IDPC

and FSPC is the highest, which is approximately 4 W. The lowest average power is

obtained with the proposed schemes, which is approximately 0.5 W. In the third and

fourth scenarios, the average power of IDPC is the worst, followed by TOPC, FSPC

and the first proposed scheme. The average power of IDPC for these scenarios is
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Figure 3.2: The average power for four scenarios with five power allocation schemes.

approximately 10 W and 15 W, respectively. The second proposed scheme provides

the best performance in all cases.

Fig. 3.3 presents the average normalized throughput from (3.5) (Mbps) for the

IDPC, TOPC, FSPC and proposed power allocation schemes for the four scenarios.

This shows that the first proposed scheme has the highest average throughput in

all but the first scenario. Further, the average normalized throughput of the IDPC,

TOPC, FSPC, and second proposed schemes are almost identical. Fig. 3.4 presents

the average system energy efficiency from (3.7) (Mbps/W) for the IDPC, TOPC,

FSPC and proposed power allocation schemes for the scenarios. The second proposed

scheme has the highest efficiency in all but the first scenario. In the first scenario, the

average system energy efficiency of IDPC is the highest at 19.2 Mbps/W, followed

by the second proposed scheme which is 17.3 Mbps/W. In the second, third and

fourth scenarios, the proposed approaches are much better than IDPC, TOPC, and
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Figure 3.3: The average normalized throughput for four scenarios with five power
allocation schemes.

FSPC. IDPC, TOPC, and FSPC provide less than 2.5 Mbps/W average system energy

efficiency, while the first proposed scheme has 10.1 Mbps/W, 2.5 Mbps/W, and 2.9

Mbps/W average system energy efficiency for the second, third and fourth scenarios,

respectively. The second proposed scheme is the best as it provides 20.5 Mbps/W,

4.6 Mbps/W, and 3.5 Mbps/W average system energy efficiency for the second, third

and fourth scenarios, respectively.

3.5 Conclusion

In this chapter, two power allocation schemes for the normalized throughput and

energy efficiency in cellular networks were proposed. The goal is to reduce the power

consumption and improve the energy efficiency while ensuring user outage probabil-
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Figure 3.4: The average energy efficiency for four scenarios with five power allocation
schemes.

ities are below an outage probability threshold. Performance results were presented

which show that the proposed schemes provide a higher energy efficiency than the iter-

ative distributed power control (IDPC), target SINR and opportunistic based power

control (TOPC), and fixed step power control (FSPC) schemes. Further, the pro-

posed schemes satisfy the user normalized throughput requirements with the lowest

transmit power. Thus, they require less power compared to the IDPC, TOPC and

FSPC schemes.
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Chapter 4

Power Allocation for Normalized

Throughput and Energy Efficiency

over Nakagami-m fading Channels

in Cellular Networks

Power allocation for normalized throughput and energy efficiency has been studied

previously [79–85]. In [79], a distributed target signal to interference plus noise ratio

(SINR) tracking power allocation (TTPA) scheme was proposed. The throughput was

improved by reducing the interference while ensuring a minimum SINR. A distributed

algorithm for opportunistic power allocation (DOPA) in interference channels for de-

lay tolerant services was presented in [80] with a view to maximizing the data rate

of each user while satisfying a constraint on the total user transmit power. In [81],

gradual removal in wireless networks was considered where the smallest number of

users to be removed was determined to satisfy the target SINR requirements of the

remaining users. A distributed power allocation algorithm with temporary removal

and feasibility check (PARF) was presented. A user whose required transmit power

to reach the target SINR exceeds the maximum is temporarily removed, but trans-

mission is resumed if the required power falls below a threshold. In [82], a prioritized

power allocation and admission control scheme for cellular networks was proposed.

The goal is to satisfy all priority users and as many remaining users as possible.

Power allocation in a multi-user wireless system was considered in [83] to maximize

the energy efficiency while meeting the power constraints of individual users and the
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system. In particular, a water filling algorithm was proposed to solve the correspond-

ing non linear fractional optimization problem as this can provide a solution with

low computational complexity. In [84], power allocation for energy efficiency was

proposed. The channel state information and circuit power consumption were used

to adjust the user transmit power. This was formulated as a non-convex nonlinear

programming problem and decomposed into two convex subproblems which are easier

to solve. In [85], efficient power allocation algorithms for worst case throughput and

energy efficiency scenarios in a multi tier wireless network were investigated.

The relationship between outage probability and normalized SINR over Nakagami-

m fading channels is considered. The outage probability is the probability that the

user SINR falls below a target SINR. Lower and upper bounds on the outage probabil-

ity are determined and shown to be tight. The required SINR is satisfied by allocating

power so that users with an outage probability greater than a threshold reduce their

transmit power and vice versa. A SINR at or above the target SINR is assumed to

be required for successful transmission. The proposed method can be interpreted as

an efficient approach to adjusting user transmit power levels. Three power allocation

problems considering power consumption, throughput and energy efficiency subject

to constraints on outage probability and target SINR are presented. These problems

are in fractional and logarithmic forms and so are converted into equivalent linear

problems and then solved using Lagrangian and parametric transformation methods.

The contributions of this chapter is given below.

1. Expression for the outage probability over Nakagami-m fading is derived. Tight

upper and lower bounds on the outage probability are determined.

2. A power allocation problem to minimize the power consumption with an outage

probability threshold is proposed. This threshold is determined so that users are

satisfied with their target SINRs, and the problem is solved using an iterative

approach.

3. A power allocation problem to maximize the normalized throughput an outage

probability threshold is proposed and given in Algorithm 7. This is a logarithmic

problem, so it is split into two subproblems by introducing an auxiliary variable.

These subproblems are solved alternately and iteratively using a differential

method.

4. A power allocation problem to improve the energy efficiency with an outage
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probability threshold is proposed and given in Algorithm 8. This is a fractional

programming problem and so is converted into a linear form using a parametric

transformation method.

The remainder of this chapter is organized as follows. The channel model is

given in Section II. Expressions for the outage probability, normalized throughput

and energy efficiency are presented in Section III. The power allocation problem

formulation considering normalized SINR and outage probability is given in Section

III. The performance of the proposed approaches is evaluated in Section IV, and

finally some concluding remarks are given in Section V.

4.1 System Model

Radio channels have a significant impact on the performance of wireless communi-

cation systems and are affected by factors such as path loss, shadowing, and fading.

These factors cause variations in the received SINR and can degrade the performance

of power allocation schemes. Therefore, channel uncertainties should be considered in

the power allocation. Assuming there are k users, indexed 1, 2, . . . , k, let the transmit

power of user i be pi.

Considering path loss, the power attenuation is [86]

gi = ḡdαi ,

where ḡ is a constant typically set to 1, di is the distance between user i and the

corresponding base station (BS), and α is the path loss exponent. A number of

values for α have been proposed for different prDOPAgation environments, e.g. for

urban environments α = 4 is commonly used. The attenuation due to path loss and

log normal shadowing can be expressed as [87]

hi = gi10
Ξ
10 ,

where Ξ is assumed to be a Gaussian random variable.

The average received power for user i is given by [88–90]

p̄i = hiE [xi] pi = hipi,
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where xi denotes the fading component for user i which is assumed to be a Nakagami-

m distributed random variable with unit mean. The probability density function

(PDF) of xi is given by

f(x) =


(
m
x

)m xm−1

Γ(m)
exp

(
−mx

x

)
, if x ≥ 0,

0, if x < 0,

where x = E[x], Γ(·) is the gamma function, and m is the fading parameter that

ranges from 1/2 to ∞.

4.1.1 Normalized throughput, energy efficiency and outage

probability

The SINR of user i is given by

γi =
hixipi∑

j 6=i hjxjpj + σ2
i

, (4.1)

where σ2
i denotes the additive white Gaussian noise (AWGN) at user i, and xj and hj

are the associated Nakagami-m fading component and channel gain of the interference

from user j to user i, respectively.

The average SINR of user i considering the interference from other users and noise

is given by

γ̄i =
hiE [xi] pi∑

j 6=i hjE
[
xj
]
pj + σ2

i

=
hipi∑

j 6=i hjpj + σ2
i

. (4.2)

The normalized SINR of user i is defined as

Γi =
γ̄i
γ̂i

=
hipi

γ̂i

{∑
j 6=i hjpj + σ2

i

} , (4.3)

where γ̂i is the target SINR, and the normalized throughput is given by

Ri = log
(

1 + Γi

)
. (4.4)

The power consumption of user i can be expressed as [91,92]

Pi = ξpi + pic (4.5)
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where ξ is the power amplifier efficiency, ξ ≥ 0, pic is the circuit power consumption

that is independent of the radiated power and is due to functions such as signal

processing. The energy efficiency of user i can be expressed as

ηi =
Ri

Pi
,

so the system energy efficiency is

η =
k∑
i=1

Ri

Pi
. (4.6)

For channel uncertainty, column wise model is used due to its analytical tractabil-

ity. The normalized SINR can be rewritten as

Γi =
γ̄i
γ̂i

=
hipi

γ̂i

(∑
j 6=i hjpj + σ2

i

) =
pi

γ̂i

(∑
j 6=i

hj
hi
pj +

σ2
i

hi

) =
pi

γ̂i

(∑
j 6=i h̄jpj + σ̄i

) ,
(4.7)

where h̄j =
hj
hi

and σ̄i =
σ2
i

hi
. With the column wise uncertainty model [93–95], the

channel gain is given by

Hj = h̄j + ∆hj, |∆hj| ≤ εij (4.8)

where ∆hj is the column wise estimation error and εij ≥ 0 is the error bound.

4.1.2 Outage probability

The outage probability is defined as the probability that the target SINR for a user

is not achieved. Thus, the outage probability for user i can be expressed as

Oi = P (γi ≤ γ̂i) = P

hixipi ≤ γ̂i

∑
j 6=i

hjxjpj + σ2
i


 .

The outage probability when the received power and interference follow the Nakagami-

m distribution can be written as [96–98]

Oi = 1− exp

(
−Λi

p̄i

) k∏
j=1,j 6=i

φj

(
γ̂i
p̄i

)
, (4.9)
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where Λi = σ2
i γ̂i, p̄i is the mean of the received power and φj(·) is the moment

generating function (MGF) of the interference to user i.

In Nakagami-m fading, the MGF of the interference from user j to user i is

φj

(
γ̂i
p̄i

)
=

∫ ∞
−∞

exp

(
− γ̂i
p̄i
pj

)
f
(
pj
)
dpj

=

∫ ∞
−∞

exp

(
− γ̂i
p̄i
pj

)
f
(
pj
)
dpj

=

∫ ∞
0

exp

(
− γ̂i
p̄i
pj

)(
mj

p̄j

)mj
p
mj−1
j

Γ
(
mj

) exp

(
−mjpj

p̄j

)
dpj

=

 mj

mj + p̄j
γ̂i
p̄i

mj

=

(
1 +

p̄j γ̂i
mj p̄i

)−mj
,

(4.10)

where p̄j is the mean of the interference to user i. From (4.9) and (4.10), the outage

probability is

Oi = 1− exp

(
−σ

2
i γ̂i
hipi

)
k∏

j=1,j 6=i

(
1 +

γ̂ihjpj
mjhipi

)−mj
, (4.11)

and considering the channel uncertainty is

Oi = 1− exp

(
− σ̄iγ̂i

pi

) k∏
j=1,j 6=i

(
1 +

γ̂iHjpj
mjpi

)−mj
. (4.12)

Upper and lower bounds on outage probability can be determined using the fol-

lowing inequalities [54,54,99]

1 + a+
k∑
i=1

rixi
(13a)

≤ ea
k∏
i=1

(1 + rixi)
(13b)

≤ ea
k∏
i=1

(1 + xi)
ri

(13c)

≤ eae
∑k
i=1(rixi), (4.13)

where x1, x2, . . . , xk ≥ 0, r1, r2, . . . , rk ≥ 0 and a, k ≥ 0. Equation (13a) follows

from the Weierstrass product inequality, (13b) from the Bernoulli inequality, and

(13c) from the linear and exponential inequalities. The upper bound on the outage
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probability from (13c) is

Oi ≤ 1− exp

(
− σ̄iγ̂i

pi

)
exp

− k∑
j=1,j 6=i

mj
γ̂iHjpj
mjpi


= 1−

exp

 γ̂i
pi

σ̄i +
k∑

j=1,j 6=i

Hjpj




−1

= 1−

[
exp

(
1

Γi

)]−1

= 1−

[
exp

(
− 1

Γi

)]
.

(4.14)

A lower bound on the outage probability is obtained from (13a) as

Oi ≥ 1−

1 +
σ̄iγ̂i
pi

+
k∑

j=1,j 6=i

(
mj

γ̂iHjpj
mjpi

)−1

= 1−

1 +
γ̂i
pi

σ̄i +
k∑

j=1,j 6=i

Hjpj



−1

= 1−
[
1 +

1

Γi

]−1

=
1(

1 + Γi

) .

(4.15)

Using (4.13) and the following inequality [100,101]

1+a+
k∑
i=1

rixi ≤

1 +

(
a+

∑k
i=1 rixi

)
k
q


k
q

<

1 +

(
a+

∑k
i=1 rixi

)
k


k

≤ eae
∑k
i=1(rixi),
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where q > 1. A tighter lower bound is obtained as

Oi ≥ 1−

1 +
q

k

 σ̄iγ̂i
pi

+
k∑

j=1,j 6=i

(
mj

γ̂iHjpj
mjpi

)
− k
q

= 1−

1 +
q

k

 γ̂i
pi

σ̄i +
k∑

j=1,j 6=i

Hjpj




− k
q

= 1−

{
1 +

q

k

[
1

Γi

]}− kq
.

(4.16)

4.2 Problem Formulation

In this section, the power allocation problem is presented considering the power con-

sumption and system outage probability. A power allocation problem to maximize the

throughput is proposed. This problem is in logarithmic form, so a differential method

is proposed to simplify the problem. A power allocation problem for energy efficiency

is then presented. This problem is in a fractional program form, so Dinkelbach and

parametric transformations are used to convert it to a linear form.

4.2.1 Power allocation for the minimum power consumption

with an outage probability constraint

The power consumption problem subject to outage probability and transmit power

constraints is

minimize
k∑
i=1

pi

subject to pmin ≤ pi ≤ pmax

1− exp

(
− σ̄iγ̂i

pi

) k∏
j=1,j 6=i

(
1 +

γ̂iHjpj
mjpi

)−mj
≤ Oth,

(4.17)
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which is equivalent to

minimize
k∑
i=1

pi

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1exp

(
σ̄iγ̂i
pi

) k∏
j=1,j 6=i

(
1 +

γ̂iHjpj
mjpi

)mj
 (1−Oth) ≤ 1.

(4.18)

This is a geometric programming optimization problem with variables p1, p2, . . . , pk.

An iterative power allocation approach for system outage probability can be ob-

tained using the upper bound in (4.14) and the last constraint in (4.17). This is given

by

1− exp

(
− σ̄iγ̂i

pi

) k∏
j=1,j 6=i

(
1 +

γ̂iHjpj
mjpi

)−mj
≤ 1−

[
exp

(
− 1

Γi

)]
≤ Oth.

The constraint is satisfied as long as the upper bound on outage probability is less

than Oth, which implies that

1−

[
exp

(
− 1

Γi

)]
≤ Oth,

where Γi = γ̄i
γ̂i

. After some manipulation, the above inequality can be rewritten as

γ̄i ≥ −
1

log (1−Oth)
γ̂i.

Assuming that the SINR for user i is satisfied, then

− 1

log (1−Oth)
≥ 1,

which gives the following upper bound on Oth

Oth ≤ 1− e−1.
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The power allocation problem can then be rewritten as

minimize
k∑
i=1

pi

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1

γ̄i ≥ −
γ̂i

log (1−Oth)

Oth ≤ 1− e−1.

(4.19)

This problem can be solved using the following power update function

pi(t+ 1) = max

{
pmin,min

[
pmax,−

1

log (1−Oth)

γ̂i
γ̄i
pi (t)

]}
. (4.20)

4.2.2 Power allocation for the normalized throughput maxi-

mization with an outage probability constraint

The throughput problem subject to outage probability and transmit power constraints

is formulated as

maximize
k∑
i=1

Ri =
k∑
i=1

log
(

1 + Γi

)
subject to pmin ≤ pi ≤ pmax

1−

exp

(
σ̄iγ̂i
pi

) k∏
j=1,j 6=i

(
1 +

γ̂iHjpj
pi

)−1

≤ Oth.

(4.21)

where Γi = γ̄i
γ̂i

= pi
γ̂i(

∑
j 6=iHjpj+σ̄i)

. From (4.14) and (4.21), the last constraint is

equivalent to

Γi ≥ −
1

log (1−Oth)
.
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After some manipulation, (4.21) can be written as

maximize
k∑
i=1

Ri =
k∑
i=1

log

1 +
pi

γ̂i

(∑
j 6=iHjpj + σ̄i

)


subject to pmin ≤ pi ≤ pmax

pi

γ̂i

(∑
j 6=iHjpj + σ̄i

) ≥ − 1

log (1−Oth)
.

(4.22)

Let

Ψi =
pi

γ̂i

(∑
j 6=iHjpj + σ̄i

) . (4.23)

Introducing two auxiliary function F (Ψi) and F (pi), (4.22) can be expressed as

maximize
k∑
i=1

Ri =
k∑
i=1

[
log (1 + Ψi) + F (Ψi) +G(pi)

]
subject to pmin ≤ pi ≤ pmax

Ψi ≥ −
1

log (1−Oth)
.

(4.24)

A differential method is proposed by first taking the derivative of Ri with respect to

Ψi
∂Ri

∂Ψi

=
1

1 + Ψi

+ F ′(Ψi),

and setting ∂Ri
∂Ψi

to 0 with pi fixed gives

F ′(Ψi) = − 1

1 + Ψi

= −
γ̂i

(∑
j 6=iHjpj + σ̄i

)
γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

.
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Now taking the integral of F ′(Ψi) with respect to Ψi we obtain

F (Ψi) = −
γ̂i

(∑
j 6=iHjpj + σ̄i

)
γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

Ψi

= −
γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi − pi

γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

Ψi

= −Ψi +
pi

γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

Ψi.

The auxiliary function G(pi) is determined assuming that Ψi is fixed and setting

F (Ψi) +G(pi) = 0 which gives

G((pi)) =
γ̂i

(∑
j 6=iHjpj + σ̄i

)
γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

Ψi

=

 γ̂i

(∑
j 6=iHjpj + σ̄i

)
γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi


 pi

γ̂i

(∑
j 6=iHjpj + σ̄i

)


=
pi

γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

,

so then

F (Ψi) +G(pi) = −Ψi +
pi

γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

Ψi +
pi

γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

= −Ψi +
pi

γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

(Ψi + 1).

(4.25)
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Finally, the power allocation problem can be rewritten as

maximize
k∑
i=1

Ri =
k∑
i=1

log (1 + Ψi)−Ψi +
pi

γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

(Ψi + 1)


subject to pmin ≤ pi ≤ pmax

Ψi ≥ −
1

log (1−Oth)
.

(4.26)

This can be considered as an outer optimization problem over Ψi with fixed pi and

an inner optimization problem over pi with fixed Ψi. A subtractive form of (4.26)

can be obtained using a parametric transformation and introducing a variable ψi

maximize
k∑
i=1

Ri =
k∑
i=1

{
log (1 + Ψi)−Ψi +

1

2

√
ψi
[
pi (Ψi + 1)

]2
− ψi

γ̂i
∑

j 6=i

Hjpj + σ̄i

+ pi

}

subject to pmin ≤ pi ≤ pmax

Ψi ≥ −
1

log (1−Oth)
.

(4.27)

The variable ψi is determined by taking the derivative of Ri with respect to ψi and

setting ∂Ri
∂ψi

to 0 which gives

ψi =


[
pi (Ψi + 1)

]2
4

[
γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

]


2

. (4.28)

Taking the derivative of Ri with respect to pi and setting ∂Ri
∂pi

to zero gives

pi =
ψi

(
γ̂i
∑

j 6=iHj + 1
)

√
ψi
[
(Ψi + 1)

]2 . (4.29)

The proposed power control algorithm based on (4.23), (4.28) and (4.29) is given in

Algorithm 7.
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Algorithm 7 Power Allocation Algorithm for the Normalized Throughput Maxi-
mization over Nakagami-m Fading Channels

Step 1: Let the iteration index t = 1. User i obtains the outage probability
threshold Oth from the BS and determines the average SINR γ̄i. Set the target
SINR γ̂i.
Step 2: Users determine Ψi(t) using (4.23)

Ψi(t) =
pi(t)

γ̂i

[∑
j 6=iHjpj(t) + σ̄i

] , i, j = 1, 2, . . . , k and i 6= j.

Step 3: Users determine ψi(t) using (4.28)

ψi(t) =


[
pi(t)

(
Ψi(t) + 1

)]2

4

[
γ̂i

(∑
j 6=iHjpj(t) + σ̄i

)
+ pi(t)

]


2

.

Step 4: Users update their transmit power using (4.29)

pi(t+ 1) =
ψi(t)

(
γ̂i
∑

j 6=iHj + 1
)

√
ψi(t)

[(
Ψi(t) + 1

)]2 .

Step 5: Terminate when

max
i
|pi(t+ 1)− pi(t)| ≤ ε,

otherwise go to Step 2.
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4.2.3 Power allocation for the energy efficiency with an out-

age probability constraint

The system energy efficiency problem subject to outage probability and transmit

power constraints is formulated as

maximize η =
k∑
i=1

ηi =
k∑
i=1

Ri

Pi

subject to pmin ≤ pi ≤ pmax

Oi = 1− exp

(
− σ̄iγ̂i

pi

) k∏
j=1,j 6=i

(
1 +

γ̂iHjpj
mjpi

)−mj
≤ Oth.

(4.30)

Using the upper bound in (4.14), the last constraint can be rewritten as

γ̄i ≥ −
γ̂i

log (1−Oth)
.

A subtractive form of (4.30) can be obtained using a parametric transformation with

a variable θi

maximize
k∑
i=1

ηi =
k∑
i=1

(
2θiRi − θ2

iPi
)

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1

γ̄i ≥ −
γ̂i

log (1−Oth)
.

(4.31)

The variable θi is obtained by taking the derivative of ηi with respect to θi and setting
∂η
∂θi

to 0 which gives

θi =
Ri

Pi
. (4.32)
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Using Pi from (4.5) and Ri from (4.27), the terms in the objective function of (4.31)

can be expressed as

ηi =2θi

log (1 + Ψi)−Ψi +
1

2

√
ψi
[
pi (Ψi + 1)

]2 − ψi
γ̂i

∑
j 6=i

Hjpj + σ̄i

+ pi




− θ2
i (ξpi + pic).

Taking the derivative of ηi with respect pi and setting ∂ηi
∂pi

to 0 gives

pi =
θiξ

2
√
ψi
[
(Ψi + 1)

]2 +
2ψi

(
γ̂i
∑

j 6=iHj + 1
)

2
√
ψi
[
(Ψi + 1)

]2
=
θiξ + 2ψi

(
γ̂i
∑

j 6=iHj + 1
)

2
√
ψi
[
(Ψi + 1)

]2 .

(4.33)

Using the Dinkelbach method [102], (4.30) becomes

maximize η =
k∑
i=1

ηi =
k∑
i=1

(Ri − θiPi)

subject to
pmin

pi
≤ 1

pi
pmax

≤ 1

γ̄i ≥ −
γ̂i

log (1−Oth)
.

(4.34)

This problem can be solved using the iterative Newton method [103]. The user

transmit power is then determined by

pi(t+ 1) = pi(t)−
ηi(t)

η′i(t)

= pi(t)−
Ri(t)− θiPi(t)
R′i(t)− θiP ′i (t)

.

(4.35)

where

P ′i (t) = ξ,
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and R′i(t) is obtained by taking the derivative of Ri in (4.27) with respect to pi

R′i(t) =
√
ψipi(t)(Ψi + 1)2 − ψi

γ̂i∑
j 6=i

Hj + 1

 .

The proposed power control algorithm based on (4.23), (4.32), (4.33) and (4.35) is

given in Algorithm 8.

4.3 Numerical Results

In this section, Monte Carlo simulation is used to evaluate the performance of the pro-

posed power allocation schemes. The performance is compared with that of the target

signal to interference plus noise ratio (SINR) tracking power allocation (TTPA), power

allocation with temporary removal and feasibility check (PARF) and distributed op-

portunistic power allocation (DOPA) schemes. The channel gain is hi = ḡdαi 10
Ξ
10 .

As in the related literature [104, 105], the path loss exponent is set to α = 4 which

corresponds to urban and suburban environments, and ḡ = 0.97 is a constant. The

column wise error bound εij is randomly chosen in the range [0, 0.1], and the stopping

criteria is ε = 10−5.

Different values of q in the range [1, 20] were tested, and q = 3 gives the best lower

bound for the outage probability. Thus, the constant q = 3 in (4.16) is used in the

remainder of this section. The number of the Nakagami-m fading taps is set to 4 [106].

The real and imaginary parts of the channel coefficients are randomly chosen from

a Gaussian distribution. The magnitude is then Nakagami-m distributed and the

phase is uniformly distributed between 0 and 2π. The fading parameters considered

are m = 0.5, 1, 2, 4, 8. The user noise power is σ2 = 0.01 W and the initial power

level for all users is 1 W. The maximum transmit power is pmax = 2 W. The users are

uniformly distributed in the geographic area of the BS. The results are obtained for

10000 trials for each number of users with the user locations changed each trial.

In the first scenario, there is one femtocell with 4 users. The BS is located at

the center of a square geographic area with dimensions 50 m × 50 m. Table 4.1

presents the average power, throughput from (4.4), energy efficiency from (4.6), out-

age probability from (4.12) and number of unsatisfied users for the TTPA, PARF,

DOPA, and proposed algorithms. The average power for TTPA is the highest with

0.97 W followed by Algorithm 7 with 0.71 W. The average powers for PARF, DOPA
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Algorithm 8 Power Allocation Algorithm for the Energy Efficiency over Nakagami-
m Fading Channels

Step 1: Set t = 1. User i obtains the outage probability threshold Oth from the
BS and determines the average SINR γ̄i. Set the target SINR γ̂i.
Step 2: Users determine Ψi(t) using (4.23)

Ψi(t) =
pi(t)

γ̂i

[∑
j 6=iHjpj(t) + σ̄i

] , i, j = 1, 2, . . . , k and i 6= j.

Step 3: Users determine ψi(t) using (4.28)

ψi =


[
pi (Ψi + 1)

]2
4

[
γ̂i

(∑
j 6=iHjpj + σ̄i

)
+ pi

]


2

.

Step 4: Users determine θi(t) using (4.32)

θi(t) =
Ri(t)

Pi(t)
.

Step 5: Users update their transmit power
using (4.33)

pi(t+ 1) =
θi(t)ξ + 2ψi(t)

(
γ̂i
∑

j 6=iHj + 1
)

2
√
ψi(t)

[(
Ψi(t) + 1

)]2 ,

or using (4.35)

pi(t+ 1) = pi(t)−
Ri(t)− θi(t)Pi(t)
R′i(t)− θi(t)P ′i (t)

.

Step 6: Terminate when

max
i
|pi(t+ 1)− pi(t)| ≤ ε,

otherwise go to Step 2.
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and Algorithm 8 are almost identical at 0.02 W. The highest average throughput is

obtained by Algorithm 7 which is 5.44 Mbps. This is followed by TTPA and DOPA.

PARF and Algorithm 8 have the lowest average throughput, 2.78 Mbps and 3.28

Mbps, respectively. The highest average energy efficiency is given by Algorithm 8

with 22.4 Mbps/W followed by PARF with 20.9 Mbps/W. TTPA give the lowest

average energy efficiency of 0.69 Mbps/W. TTPA and Algorithm 7 provide the lowest

average outage probability. The average outage probability with PARF is the highest

at 0.63. Note that there is one unsatisfied user with DOPA.

Table 4.1: Performance of the TTPA, PARF, DOPA and Proposed Algorithms with
4 Users

Power Allocation Average Average Average Energy Average Outage Unsatisfied
Scheme Power (W) Throughput (Mbps) Efficiency (Mbps/W) Probability (%) Users
TTPA 0.97 5.36 0.69 0.38 0
PARF 0.02 2.78 20.9 0.63 0
DOPA 0.19 5.17 3.49 0.43 1

Algorithm 1 0.71 5.44 0.96 0.36 0
Algorithm 2 0.02 3.28 22.4 0.56 0

In the second scenario, there is one femtocell with 8 users. The BS is located at the

center of a square geographic area with dimensions 50 m × 50 m. Table 4.2 presents

the average power, throughput, energy efficiency, outage probability and number of

unsatisfied users for the TTPA, PARF, DOPA, and proposed algorithms. The average

power for TTPA is the highest with 1.99 W followed by Algorithm 7 with 1.6 W. The

average powers for PARF, DOPA and Algorithm 8 are similar around 0.05 W. The

highest average throughput is obtained by TTPA at 7.64 dB, and Algorithm 7 is

slightly less. PARF and Algorithm 8 have the lowest average throughput with 5.58

Mbps and 6.15 Mbps, respectively. The highest average energy efficiency is given by

Algorithm 8 with 17.3 Mbps/W, and followed by PARF with 13.2 Mbps/W. TTPA

and Algorithm 7 have the lowest average energy efficiency at 0.48 Mbps/W and 0.6

Mbps/W, respectively. Algorithm 7 give the lowest average outage probability with

0.51, and followed closely by TTPA with 0.52. The average outage probability with

PARF is the highest at 0.63. There are two unsatisfied users with DOPA and three

with TTPA.

In the third scenario, there is one picocell with 16 users. The BS is located at

the center of a square geographic area with dimensions 300 m × 300 m. Table 4.3

presents the average power, throughput, energy efficiency, outage probability and
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Table 4.2: Performance of the TTPA, PARF, DOPA and Proposed Algorithms with
8 Users

Power Allocation Average Average Average Energy Average Outage Unsatisfied
Scheme Power (W) Throughput (Mbps) Efficiency (Mbps/W) Probability (%) Users
TTPA 1.99 7.64 0.48 0.52 3
PARF 0.05 5.58 13.2 0.63 0
DOPA 0.33 7.37 2.79 0.55 2

Algorithm 1 1.60 7.59 0.60 0.51 0
Algorithm 2 0.05 6.15 17.3 0.59 0

number of unsatisfied users for the TTPA, PARF, DOPA, and proposed algorithms.

The average power for TTPA is the highest with 1.98 W followed by Algorithm 8

with 0.96 W. The average power for PARF and Algorithm 8 is similar at 0.11 W and

0.10 W, respectively. The highest average throughput is obtained by Algorithm 7

with 11.9 Mbps. This is followed closely by TTPA with 11.8 Mbps and DOPA with

11.7 Mbps. The average throughput for PARF and Algorithm 8 is similar at 11.1

Mbps and 11.2 Mbps, respectively. The highest average energy efficiency is given

by Algorithm 8 with 7.31 Mbps/W followed by PARF with 6.27 Mbps/W. TTPA

and Algorithm 7 have the lowest average energy efficiency with 0.37 Mbps/W and

0.38 Mbps/W, respectively. TTPA and Algorithm 7 also have the lowest average

outage probability. The average outage probability with TTPA, PARF, DOPA and

the proposed algorithms is similar at 0.63. There are 9 unsatisfied users with DOPA

which is the highest, while TTPA and Algorithm 7 have 5 unsatisfied users.

Table 4.3: Performance of the TTPA, PARF, DOPA and Proposed Algorithms with
16 Users

Power Allocation Average Average Average energy Average Outage Unsatisfied
Scheme Power (W) Throughput (Mbps) Efficiency (Mbps/W) Probability (%) Users

TTPA 1.98 11.8 0.37 0.63 5

PARF 0.11 11.1 6.27 0.63 0

DOPA 0.32 11.7 2.22 0.63 9

Algorithm 1 1.96 11.9 0.38 0.62 5

Algorithm 2 0.10 11.2 7.31 0.63 0

In the fourth scenario, there is one picocell with 32 users. The BS is located at the

center of a square geographic area with dimensions 300 m × 300 m. Table 4.4 presents

the average power, throughput, energy efficiency, outage probability and number of

unsatisfied users for the TTPA, PARF, DOPA, and proposed algorithms. The average
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powers for TTPA and Algorithm 7 are the highest at 1.98 W followed by Algorithm 7

at 0.71 W. The average power for DOPA is the lowest at 0.33 W. The average power

for PARF and Algorithm 8 is almost the same at 0.88 W and 0.92 W, respectively.

The highest average throughput is obtained by the Algorithm 7 which is 24.5 Mbps.

This is followed by TTPA with 24.4 Mbps and DOPA with 24.3 Mbps. PARF and

Algorithm 8 have the lowest average throughput which is 20.6 Mbps. The highest

average energy efficiency is for DOPA with 2.33 Mbps/W. This is followed by PARF

with 0.73 Mbps/W and Algorithm 8 with 0.70 Mbps/W. TTPA and Algorithm 7 have

the lowest average energy efficiency at 0.39 Mbps/W. The average outage probability

with TTPA, DOPA, PARF and the proposed algorithms are almost identical ranging

from 0.65 to 0.67. Algorithm 8 has the lowest number of unsatisfied users with 6,

while PARF is the highest with 21. The number of unsatisfied users for TTPA and

Algorithm 7 is 16 and 14, respectively.

Table 4.4: Performance of the TTPA, PARF, DOPA and Proposed Algorithms with
32 Users

Power Allocation Average Average Average Energy Average Outage Unsatisfied
Scheme Power (W) Throughput (Mbps) Efficiency (Mbps/W) Probability (%) Users

TTPA 1.98 24.4 0.39 0.65 16

PARF 0.88 20.6 0.73 0.67 21

DOPA 0.33 24.3 2.33 0.66 19

Algorithm 1 1.98 24.5 0.39 0.65 14

Algorithm 2 0.92 20.6 0.70 0.67 6

Fig. 4.1 shows the lower bound (4.16), upper bound (4.14), and exact average

outage probability versus the target SINR (4.12) with Nakagami-m fading. This

shows that the average outage probability is more severe with m < 1, and less severe

with m > 1 compared to Rayleigh fading. Rayleigh fading is an special case of

Nakagami-m as m = 1. The maximum gap between the exact outage probability and

upper bound is 1.39% for m = 0.5, 0.47% for m = 1, 0.16% for m = 2, and 0.08% for

m = 4. The maximum gap between the exact outage probability and lower bound is

0.05% for m = 0.5, 0.23% for m = 1, 0.48% for m = 2, and 0.41% for m = 4. The

average gap over 4 scenarios is 0.29% for the lower bound, which is lightly tighter

than the upper bound with 0.53%.

Fig. 4.2 shows the average average outage probability versus the target SINR for

different numbers of users and m = 0.5 averaged over 100 trials. This shows that

the upper and lower bounds are almost exact. As the number of users increases, the
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average outage probability increases, as expected. The maximum gap between the

average outage probability and upper bound is 0.51% for 8 users, 0.63% for 16 users,

0.62% for 32 users, 0.93% for 64 users, and 0.64% for 128 users. The maximum gap

between the average outage probability and lower bound is 0.10% for 8 users, 0.07%

for 16 users, 0.13% for 32 users, 0.23% for 64 users, and 0.20% for 128 users. The

maximum outage probability is 15.6% for 8 users, 23.7% for 16 users, 34.9% for 32

users, 63.4% for 64 users, and 88.3% for 128 users.

Fig. 4.3 shows the average average outage probability versus the target SINR for

different numbers of users and m = 1 averaged over 100 trials. This shows that the

upper and lower bounds are almost exact. The maximum gap between the average

outage probability and upper bound is 0.10% for 8 users, 0.26% for 16 users, 0.31%

for 32 users, 0.36% for 64 users, and 0.38% for 128 users. The maximum gap between

the average outage probability and lower bound is 0.05% for 8 users, 0.03% for 16

users, 0.10% for 32 users, 0.09% for 64 users, and 0.10% for 128 users. The maximum

outage probability is 10.3% for 8 users, 19.9% for 16 users, 34.1% for 32 users, 51.4%

for 64 users, and 84.5% for 128 users.

Fig. 4.4 shows the average outage probability versus the target SINR for different

numbers of users and m = 2 averaged over 100 trials. Again the upper and lower

0 5 10 15 20 25 30
0

5

10

15

20

25

Lower bound for m=0.5
Upper bound for m=0.5
Outage probability for m=0.5
Lower bound for m=1
Upper bound for m=1
Outage probability for m=1
Lower bound for m=2
Upper bound for m=2
Outage probability for m=2
Lower bound for m=4
Upper bound for m=4
Outage probability for m=4

Figure 4.1: Upper bound, lower bound and exact average outage probability in
Nakagami-m fading.
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bounds are almost exact. The maximum gap between the average outage probability
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Figure 4.2: Lower and upper bounds and the exact average outage probability in
Nakagami-m fading for m = 0.5.

0 5 10 15 20 25 30
Target SINR (dB)

0

10

20

30

40

50

60

70

80

90

O
u

ta
g

e
 P

ro
b

a
b

ili
ty

 (
%

)

Lower bound for 8 users
Upper bound for 8 users
Outage probability for 8 users
Lower bound for 16 users
Upper bound for 16 users
Outage probability for 16 users
Lower bound for 32 users
Upper bound for 32 users
Outage probability for 32 users
Lower bound for 64 users
Upper bound for 64 users
Outage probability for 64 users
Lower bound for 128 users
Upper bound for 128 users
Outage probability for 128 users
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and upper bound is 0.06% for 8 users, 0.12% for 16 users, 0.15% for 32 users, 0.25%

for 64 users, and 0.21% for 128 users. The maximum gap between the average outage

probability and lower bound is 0.10% for 8 users, 0.13% for 16 users, 0.16% for 32

users, 0.36% for 64 users, and 0.31% for 128 users. The maximum outage probability

is 10.0% for 8 users, 17.5% for 16 users, 27.3% for 32 users, 56.2% for 64 users, and

76.9% for 128 users.

Fig. 4.5 gives the average power, outage probability, and SINR with PARF for

8 users. This shows that PARF converges after 3 iterations. The average power

is 0.05 W and all users are satisfied with their target SINRs. The average outage

probability is 0.61. Fig. 4.6 gives the average power, outage probability, and SINR

with Algorithm 7. This shows that the algorithm converges after 3 iterations, similar

to PARF, while the average power is 1.60 W, which is higher than with PARF.

All users are satisfied with their target SINRs. The average outage probability is

0.51 which is much better than PARF. Fig. 4.7 gives the average power, outage

probability, and SINR with Algorithm 8. This algorithm converges after 3 iterations

as with PARF, while the average power is 0.02 W, which is lower than with PARF.

All users are satisfied with their target SINRs. The average outage probability is

0.56, which is less than PARF but higher than Algorithm 7. Algorithm 8 outperforms
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Figure 4.4: Lower and upper bounds and the exact average outage probability in
Nakagami-m fading for m = 2.



79

TTPA in terms of power consumption and outage probability, and the average outage

probability using Algorithm 7 is the lowest. .

4.4 Conclusion

In this chapter, upper and lower bounds on the outage probability over Nakagami-m

fading channels were determined. Power allocation schemes to maximize the through-

put and minimize the energy efficiency were proposed. The goal is to improve the

power consumption, throughput and energy efficiency. Performance results were pre-

sented which show that Algorithm 7 outperforms the power allocation with temporary

removal and feasibility check (PARF) and distributed opportunistic power allocation

(DOPA) schemes in term of throughput and outage probability for all scenarios. Al-

gorithm 7 is better than the target signal to interference plus noise ratio (SINR)

tracking power allocation (TTPA) scheme in term of the average throughput for all

scenarios except scenario 2. The performance of TTPA is the best for scenario 2.

Considering the number of users unsatisfied with their target SINRs, Algorithm 7
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Figure 4.6: The average power, outage probability, and SINR with Algorithm 7.

2 4 6 8 10 12 14 16 18 20

Iteration Number

0

0.1

0.2

0.3

S
IN

R

SINR of user 1

SINR of user 2

SINR of user 3

SINR of user 4

SINR of user 5

SINR of user 6

SINR of user 7

SINR of user 8

2 4 6 8 10 12 14 16 18 20

Iteration Number

0

0.05

0.1

P
o

w
e

r 
(W

a
tt

s
)

Power of user 1

Power of user 2

Power of user 3

Power of user 4

Power of user 5

Power of user 6

Power of user 7

Power of user 8

2 4 6 8 10 12 14 16 18 20

Iteration Number

0

0.2

0.4

0.6

O
u

ta
g

e
 p

ro
b

a
b

ili
ty

 (
%

) User 1 outage probability

User 2 outage probability

User 3 outage probability

User 4 outage probability

User 5 outage probability

User 6 outage probability

User 7 outage probability

User 8 outage probability

Figure 4.7: The average power, outage probability, and SINR with Algorithm 8.
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is better than PARF for all scenarios except scenario 2. Algorithm 8 is better than

TTPA and DOPA in terms of power consumption, energy efficiency and the number of

satisfied users for all scenarios. The performance of Algorithm 8 and PARF is similar

in terms of energy efficiency and power consumption, but the number of unsatisfied

users with Algorithm 8 is less than PARF for a large number of users. Algorithm

8 gives the highest average energy efficiency and lowest number of unsatisfied users,

while Algorithm 7 gives the best average throughput.
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Chapter 5

Prioritized and Selective Power

Allocation in Cellular Wireless

Networks

In cellular communication systems, power allocation is important to maintain network

capacity and user satisfaction. The goal of power allocation is to reduce the aggre-

gate power consumption while satisfying as many users as possible with their target

signal to interference plus noise ratio (SINR) by managing the mutual interference

between users. There are two types of power allocation, centralized power allocation

(CPA) and distributed power allocation (DPA) [107]. With CPA, the core network

determines the power levels for all users simultaneously using the channel state in-

formation and target SINR levels. This requires frequent channel measurements and

communication overhead between the core network and base stations (BSs), which is

challenging in a typical system. With DPA, users determine their power levels using

only local information and minimum feedback from the BS. Therefore, DPA is simpler

than CPA and requires less overhead. However, the resulting power levels may result

in degraded performance. In general, DPA is preferred to CPA and so is considered

in this chapter.

There are three types of DPA, single target SINR, variable SINR, and multiple tar-

get SINR [108]. In [109], [110], single target SINR tracking power allocation (TSPA)

was proposed. The objective of TSPA is to minimize the transmit power while satis-

fying the SINR requirements of all users. With TSPA, users adjust their power levels

until their target SINRs are satisfied. If there is no power level that satisfies the
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target SINR, they transmit with their maximum power, which is not efficient. This

causes significant interference to other users, resulting in many unsatisfied users.

Variable SINR opportunistic power allocation (VOPA) was proposed in [111] to

overcome the problems with TSPA. With VOPA, users increase their transmit power

if the channel conditions are good, and vice versa. Thus, users who cannot attain

their target SINRs reduce their power instead of transmitting at maximum power.

This improves the system throughput (sum of all user throughputs) and reduces

the interference to other users. However, if many users experience poor channel

conditions, a large number will not be satisfied with their target SINRs, which is not

acceptable.

In [112], dynamic target SINR tracking power allocation (DTPA) was presented.

With DTPA, a BS employs an upper power level. If the power required by a user

to reach their target SINR is above this level, they do not adjust their target SINR

or power. However, they can increase their power if the required power is below this

level. This enables users to reach higher SINRs than the target SINRs. With this

approach, the system throughput is significantly improved compared to TSPA and

the number of unsatisfied users is reduced compared to VOPA. However, all users

with good channel conditions can increase their transmit power levels, which may not

be efficient. In [113], variable target SINR tracking power allocation (VTPA) was

proposed. With VTPA, a BS assigns lower and upper power levels to all associated

users. These levels are determined based on the user channel conditions and the

number of associated users. If the power required for a user to attain a target SINR

goes above the upper level, the lowest target SINR is assigned. However, if the

required power is below the lower level, the highest target SINR is assigned to the

user. Otherwise, the power is set between the lowest and highest levels based on

the level required to achieve the target SINR. The objective of DTPA and VTPA

is to improve the system throughput and allow users to dynamically change their

target SINRs. While many power allocation techniques exist in the literature, none

solves the uplink power allocation problem considering both user priority and user

satisfaction. To provide a solution, in this chapter three types of users are considered,

namely priority users (PUs), satisfied normal users (NUs) and unsatisfied NUs.

In a cellular network, users who require high and stable data rates, and active

users, should have priority. Thus, these users are considered to be PUs. Users who

can tolerate low and variable data rates, and new users, are considered to be NUs.

After all PUs are satisfied with their target SINRs, the goal is to satisfy the highest
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number of NUs. In the proposed power allocation scheme, NUs who are currently

satisfied with their target SINRs are not required to adjust their transmit power

levels in order to limit the interference to other users. Conversely, unsatisfied NUs

update their transmit power levels in order to attain their target SINRs. The goal

is to reduce the aggregate power consumption and improve the power efficiency with

different user priorities. Power efficiency is defined as the ratio of network utility

to power consumption. Network utility is the difference between the sum of the

throughput of all users and the aggregate power consumption.

User data rates over 1 Gb/s have been proposed for 5G networks. Thus, users

who require data rates greater than 1 Gb/s can be considered as PUs, and the rest

as NUs. In addition, future cellular networks are expected to accommodate flexible

requirements, so user target SINRs should be adjusted according to their demands

[114]. In enhanced mobile broadband networks there are both BSs and hotspots. The

coverage area for a BS is large and a BS is expected to serve many users. Conversely,

the coverage area for a hotspot is small and the number of users served is low [115].

In this case, users associated with BSs can be considered as PUs, and users in hotspot

areas as NUs. The proposed scheme can also be used for mobile health services. For

example, patients and medical staff in urgent situations can be monitored closely as

PUs.

Users can be classified as either low or high handoff frequency. Those with high

handoff frequency can be designated as PUS and the remainder as NUs [116]. In

addition, high mobility users (speeds greater than 50 km/h) can be considered as

PUs. Then these users can satisfy their target SINRs as quickly as possible. Low

mobility users (speeds less than 50 km/h) have more stable channel conditions and

so can be designated as NUs [117].

Ultra dense cellular networks (UDCNs) have been proposed for 5G networks which

include macrocells, picocells and femtocells [118]. In addition to cellular traffic, 5G

networks will also support device to device (D2D) and internet of things (IoT) com-

munications [119]. However, satisfying users in the presence of a large number of

interferers is a challenging task. Hence, coexistence through interference manage-

ment is essential to achieving the potential of 5G networks, and power allocation is

a key technology used in cellular networks for this purpose. A UDCN requires addi-

tional BS control and/or cooperation. This can be achieved by allowing the BSs to

employ decentralized power allocation so the requirements of the associated users can

be satisfied. Centralized control can be implemented by using an upper tier algorithm
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which works in conjunction with the algorithms at the BSs. BSs can also cooperate

to improve performance. Regardless of the approach, power allocation will be em-

ployed at the BSs, and as shown in this chapter, the proposed algorithm outperforms

existing techniques. Further, the concept of PUs and NUs can be used to differen-

tiate between users and devices. A number of technologies have been proposed for

5G networks such as UDCNs and non-orthogonal multiple access (NOMA) [120], and

power allocation is essential for effective interference management.

The rest of the chapter is organized as follows. The system model and a review of

power allocation techniques are given in Section II. Section III presents the proposed

prioritized and selective power allocation scheme given in Algorithm 9. The perfor-

mance of the proposed scheme is evaluated and compared with existing techniques in

Section IV. Finally, some concluding remarks are given in Section V.

5.1 System Model and Preliminaries

In this section, the system model and existing power allocation schemes are presented.

5.1.1 System model

A single cell network is considered with one BS at the center. The users are separated

into PUs, satisfied NUs and unsatisfied NUs. The PUs and NUs are assumed to be

uniformly distributed over the BS coverage area. The number of PUs is k1 with

indices 1, 2, . . . , k1. The number of current satisfied and unsatisfied NUs is k2 and k3,

respectively, with indices k1 + 1, k1 + 2, . . . , k1 +k2 and k1 +k2 + 1, k1 +k2 + 2, . . . , K.

The total number of users is K = k1 + k2 + k3.

Define the transmit power of user i as pi, i = 1, 2, . . . , pK , with 0 ≤ pi ≤ pmax where

pmax is the maximum transmit power. The channel gain between the ith user and the

BS is denoted by gi. The maximum received power for user i is then ϕimax = pmaxgi.

The SINR between the BS and user i is defined as

γi =
pigi∑K

j=1,j 6=i pjgj + σ2
=
pi
Ri

, (5.1)

where σ2 is the additive white Gaussian noise (AWGN) power at the BS, and

Ri =

∑K
j=1,j 6=i pjgj + σ2

gi
,
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is the interference plus noise to channel gain ratio. The effective SINR between the

BS and user i can then be defined as

θi =
pigi

pigi +
∑K

j=1,j 6=i pjgj + σ2

=
γi

γi + 1
=
pigi
ρi
,

(5.2)

and the received power plus noise and interference is

ρi =
pigi
θi

=
ϕi
θi

= pigi +
K∑

j=1,j 6=i

pjgj + σ2. (5.3)

From (5.1), (5.2), and (5.3), the user transmit power is

pi =
θiρi
gi

= γiRi. (5.4)

The target SINR and target effective SINR for user i are denoted by γ̂i and θ̂i,

respectively. The achievable throughput of user i is defined as

Ti = log2(1 + γi). (5.5)

The network utility is defined as [114]

U =
K∑
i=1

(Ti − pi), (5.6)

where Ti is in Mbps and pi is in Watts. The power efficiency is then

E =
U∑K
i=1 pi

. (5.7)

5.1.2 Power allocation schemes

There are three main types of power allocation schemes, single target SINR, variable

SINR and multiple target SINRs. In [110], single target SINR tracking power alloca-

tion (TSPA) was considered. The power update function (PUF) to achieve a target

SINR with and without an upper power level constraint is
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unconstrained TSPA : pi(t+ 1) = γ̂iRi(t) =
γ̂i
γi(t)

pi(t),

constrained TSPA : pi(t+ 1) = min
{
γ̂iRi(t), pth

}
= min

{
γ̂i
γi(t)

pi(t), pth

}
,

where t is the iteration index, γ̂i is the target SINR for user i, and pth is an upper

power level with pth ≤ pmax. The upper level is determined based on the channel

conditions and the number of users currently connected to the BS. At iteration t,

user i increases its the power level if the current SINR is lower than the target SINR

γ̂i, and vice versa. With unconstrained TSPA, if there is no power level that satisfies

the target SINR, user i transmits at the maximum power, which is inefficient since

the mutual interference caused by this user others is maximum. With constrained

TSPA, users who cannot attain their target SINRs transmit at the upper power level,

which is more efficient than unconstrained TSPA. However, there is still interference

to other users which can increase the number of unsatisfied users. In addition, with

TSPA there is a single target SINR for all users, which can be far from optimal.

In [111], variable SINR opportunistic power allocation (VOPA) was proposed.

The PUF for VOPA is

constrained VOPA : pi(t+ 1) = min

{
ξi

(
1

Ri(t)

)φi
, pth

}

= min

{
ξi

(
γi(t)

pi(t)

)φi
, pth

}
,

where ξi and φi are control parameters. With VOPA, users with good channel condi-

tions have higher SINRs. Further, these users are allowed to increase their transmit

power levels. In contrast, users with poor channel conditions have lower SINRs, so

their transmit power levels are reduced. Similar to constrained TSPA, an upper

power level is employed to restrict the transmit power. Therefore, the problem of ex-

cessive interference is addressed with VOPA, and the system throughput is enhanced

compared to TSPA.

Distributed dynamic target SINR tracking power allocation (DTPA) is a combi-
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nation of TSPA and VOPA [112]. The PUF for this scheme is

pi(t+ 1) = γ̂i(t)Ri(t) =
γ̂i(t)

γi(t)
pi(t),

where the dynamic target SIR γ̂i(t) is given by

γ̂i(t) =

γ̂i, if pi(t) > pth

ξi

(
1

Ri(t)

)φi−1

, if pi(t) ≤ pth.

With DTPA, users do not adjust their target SINR levels when the channel conditions

are poor, i.e. the required power to attain these levels is higher than pth. However,

users increase their target SINRs if the channel conditions are good, i.e. the required

power to attain their target SINRs is less than pth. Thus, users with good channel

conditions can attain higher SINRs than their target SINRs while the remaining users

can reach their target SINRs. The system throughput is better than with VOPA and

TSPA and a higher number of users are satisfied with their target SINRs, but a higher

average power is required.

Variable target SINR power allocation (VTPA) was proposed in [113]. The PUF

for VTPA is given by

pi(t+ 1) =

(
γ̂i(t)

γi(t)

)φi
pi(t),

where φi is the control parameter and γ̂i(t) is the variable target SINR for user i. The

target SINR is adjusted as follows

γ̂i(t) =


γ̂imax, pi(t) ≤ pmin,

γ̂imax

(
pi(t)
pmin

)u
, pmin ≤ pi(t) ≤ pth,

γ̂imin, pi(t) ≥ pth,
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where

u =
log( γ̂imax

γ̂imin
)

log( pth
pmin

)
,

γ̂imax = γ̂i
φi

√
pi(t)

pmin

,

γ̂imin = γ̂i
φi

√
pi(t)

pmax

,

and pmin and pth are the lower and upper power levels, respectively. With VTPA,

users adjust their transmit power levels until the SINRs for all users are satisfied.

The variable target SINR γ̂i(t) is determined according to the required transmit

power. When pi(t) ≤ pmin, users attempt to achieve the highest possible data rate by

setting their target SINR to γ̂imax(t). Conversely, pi(t) ≥ pth implies that the channel

condition is poor, so a low target SINR γ̂imin(t) is assigned to the corresponding users.

When pmin ≤ pi(t) ≤ pth, the target SINR is a function of the required transmit power.

5.2 Problem Formulation

In this section, a prioritized and selective power allocation scheme is presented to

reduce the aggregate power consumption and increase the power efficiency. Three

type of users are considered, PUs, satisfied NUs and unsatisfied NUs. First, all PU

requirements should be satisfied by adjusting their target SINRs. Second, satisfied

NUs (those for which the required transmit power to attain their target SINRs is

feasible), do not adjust their target SINRs. Feasibility means that there is a transmit

power that satisfies the target SINR and does not exceed the upper power level.

Third, unsatisfied NUs reduce their target SINRs and hence their transmit power.

As a result, the interference to other users and the aggregate power consumption are

reduced.

5.2.1 Power consumption problem formulation

The aggregate power consumption problem subject to PUs achieving their target

SINRs is

min
pi

k1∑
i=1

pi,

subject to γi ≥ γ̂i(1 + α),

(5.8)
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where α is a safety margin for PUs against interference from the NUs. Thus, the

SINRs for the PUs are always kept at or above their target SINRs. The aggregate

power consumption problem subject to the target SINRs for the satisfied NUs is

min
pi

k1+k2∑
i=k1+1

pi,

subject to γi ≥ γ̂i.

(5.9)

The problem of aggregate power consumption subject to a target SINR for the un-

satisfied NUs is given by

min
pi

K∑
i=k1+k2+1

pi,

subject to γi ≥ γ̂i(1− α).

(5.10)

The PUF for the PUs is then

pi(t+ 1) =


(1+α)γ̂i
γi(t)

pi(t), if γi(t) ≥ γ̂i,

(1 + α)pi(t), if γi(t) < γ̂i,
(5.11)

and for the satisfied NUs is

pi(t+ 1) =
γ̂i
γi(t)

pi(t). (5.12)

The PUF for unsatisfied NUs is then given by

pi(t+ 1) =

(1− α) γ̂i
γi(t)

pi(t), if (γi(t) < γ̂i and ϕi(t) ≥ ϕ̄max),

1
(1−α)

γ̂i
γi(t)

pi(t), if (γi(t) < γ̂i and ϕi(t) < ϕ̄max).
(5.13)

where

ϕ̄max = min

{
gi
γi
Ri

}
, i = 1, 2, . . . , k1.
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5.2.2 Network utility problem formulation

The network utility problem of user i is given by

max
pi

K∑
i=1

(Ti − pi).

Then, the power allocation problem for the PUs can be formulated as

max
pi

k1∑
i=1

(Ti − pi),

subject to γi ≥ γ̂i(1 + α).

(5.14)

The above problem is concave and the constraint is a linear inequality. Thus, Slaters

condition is satisfied and strong duality holds. Hence, the Lagrangian method can

be used to solve this problem [121, 122]. The Lagrangian function with Lagrange

multiplier µi is given by

L (pi, µi) =

k1∑
i=1

(Ti − pi) +

k1∑
i=1

µi(γi − γ̂i(1 + α)). (5.15)

The corresponding dual Lagrangian function is

g(µi) = max
pi

L (pi, µi), (5.16)

and the dual problem is

min
µi

g(µi), µi ≥ 0. (5.17)

The objective functions of problems (5.15) and (5.17) are differentiable with respect

to the primal variable pi and the dual variable µi, respectively. Thus, both problems

can be iteratively solved using the gradient method

pi(t+ 1) = pi(t) + η

(
∂L (pi, µi)

∂pi

)
,

µi(t+ 1) = µi(t) + ν

(
∂L (pi, µi)

∂µi

)
,

(5.18)

where t is the iteration index, and η and ν are positive step sizes with 0 ≤ η ≤
(|∂L (pi,µi)

∂pi
|)−1 and 0 ≤ η ≤ (|∂L (pi,µi)

∂µ
|)−1 [121, 122]. Then a solution can be obtained
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by setting ∂L (pi,µ)
∂pi

to zero. The derivative of ∂L (pi,µ)
∂pi

is

∂L (pi, µi)

∂pi
=

γi
pi ln 2

(
1

γi + 1
+ µi

)
− 1, (5.19)

and the problem solution is

p∗i = min

{
γi

ln 2

(
1

γi + 1
+ µi, pmax

)}
. (5.20)

The derivative of ∂L (pi,µ)
∂µ

is

∂L (pi, µi)

∂µi
= γi − γ̂i(1 + α). (5.21)

The power allocation problem for the satisfied NUs can be formulated as

max
pi

k1+k2∑
i=k1+1

(Ti − pi),

subject to γi ≥ γ̂i.

(5.22)

The corresponding Lagrangian function with Lagrange multiplier µi is

L (pi, µi) =

k1+k2∑
i=k1+1

(Ti − pi) +

k1+k2∑
i=k1+1

µi(γi − γ̂i). (5.23)

Thus, the power and Lagrange multiplier update functions are given by

pi(t+ 1) = pi(t) + η

(
∂L (pi, µi)

∂pi

)
,

µi(t+ 1) = µi(t) + ν

(
∂L (pi, µi)

∂µ

)
,

(5.24)

where
∂L (pi, µi)

∂pi
=

γi
pi ln 2

(
1

γi + 1
+ µi

)
− 1,

and
∂L (pi, µi)

∂µi
= γi − γ̂i.
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The corresponding solution is

p∗i = min

{
γi

ln 2

(
1

γi + 1
+ µi

)
, pmax

}
. (5.25)

The power allocation problem for the unsatisfied NUs can be formulated as

max
pi

K∑
i=k1+k2+1

(Ti − pi),

subject to γi ≥ γ̂i(1− α).

(5.26)

The corresponding Lagrangian function with Lagrange multiplier µi is

L (pi, µi) =
K∑

i=k1+k2+1

(Ti − pi) +
K∑

i=k1+k2+1

µi(γi − γ̂i(1− α)). (5.27)

Thus, the power and Lagrange multiplier update functions are given by

pi(t+ 1) = pi(t) + η

(
∂L (pi, µi)

∂pi

)
,

µi(t+ 1) = µi(t) + ν

(
∂L (pi, µi)

∂µ

)
,

(5.28)

where
∂L (pi, µi)

∂pi
=

γi
pi ln 2

(
1

γi + 1
+ µi

)
− 1,

∂L (pi, µi)

∂µi
= γi − γ̂i(1− α).

The corresponding solution is

p∗i = min

{
γi

ln 2

(
1

γi + 1
+ µi

)
, pmax

}
. (5.29)

5.2.3 Distributed power allocation algorithm

The proposed scheme is distributed as users only require local information to adjust

their transmit power in an iteration, and the user target SINRs are used to ensure that

the transmit power is in the desired range. The proposed distributed power allocation

algorithm based on (5.11)-(5.13), (5.15), (5.23), and (5.27) is given in Algorithm 9.
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Algorithm 9 Proposed Distributed Power Allocation Algorithm

Step 1: Obtain the Lagrange multiplier µi(t) and safety margin α broadcast by
the BS. User i determines the received SINR γi and sets the target SINR γ̂i.
Step 2: Power allocation for

Minimum power consumption
PUs update their transmit power using

pi(t+ 1) =

{
(1+α)γ̂i
γi(t)

pi(t), if γi(t) ≥ γ̂i,

(1 + α)pi(t), if γi(t) < γ̂i.

Satisfied NUs update their transmit power using

pi(t+ 1) =
γ̂i
γi(t)

pi(t).

Unsatisfied NUs update their transmit power using

pi(t+ 1) =


(1− α) γ̂i

γi(t)
pi(t),

if (γi(t) < γ̂i and ϕi(t) ≥ ϕ̄max),
1

(1−α)
γ̂i
γi(t)

pi(t),

if (γi(t) < γ̂i and ϕi(t) < ϕ̄max).

Maximum network utility
The user transmit powers are updated using

pi(t+ 1) = min

{
γi(t)

ln 2

(
1

γi(t) + 1
+ µi(t)

)
, pmax

}
.

Step 3: Terminate when |pi(t+ 1)− pi(t)| ≤ ε, otherwise go to step 4.
Step 4: Update the Lagrange multiplier µi(t+ 1) using (5.18) for PUs, (5.24) for
satisfied NUs, and (5.28) for unsatisfied NUs.
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5.3 Numerical Results

In this section, Monte Carlo simulation is used to evaluate the proposed power allo-

cation scheme using a single BS under five different scenarios. The channel gain is

gi = hd−αi , where h = 0.97 is a constant, di is the distance between user i and the

BS, and α = 3 is the path loss exponent which corresponds to urban and suburban

environments. The noise power at the BS is set to σ2 = 0.01 W, and the initial power

level for all users is set to 1 W. The maximum transmit power pmax is 3 W. The

upper and lower power levels are set to 2 W and 0.01 W, respectively. The target

SINRs were randomly chosen from a uniform distribution between 0.1 dB and 0.8 dB.

The performance of the proposed power allocation scheme is compared with that of

existing power allocation approaches in terms of power consumption, network utility

and power efficiency. The PUs and NUs are uniformly distributed in the geographic

area of a femtocell, picocell or macrocell. The results are obtained for 10000 trials for

each number of users with the user locations changed each trial and ε = 0.001.

In the first scenario, there is one femtocell with 4 PUs and 4 NUs. The femtocell

is located at the center of a square geographic area with dimensions 50 m × 50 m.

With TSPA and DTPA, the target SINRs for the users are

γ̂k = [0.38 0.22 0.28 0.36 0.15 0.20 0.16 0.31] dB,

which were randomly chosen. With the proposed power allocation scheme, the first

four values are for PUs and the last four are for NUs. Table 5.1 gives the average

power, network utility, power efficiency and SINR for the TSPA, VOPA, DTPA,

VTPA and proposed schemes. This shows that the proposed scheme has the highest

average power efficiency which is 3.42. The average network utility is 0.23, which is

better than with TSPA, DTPA and VTPA. The average power with VOPA is 0.03 W

which is slightly lower than the 0.07 W with the proposed scheme, but the average

network utility with VOPA is only 0.02. This is because when the channel conditions

are poor, the users reduce their power, resulting in a low network utility.

In the second scenario, there is one femtocell with 7 PUs and 9 NUs. The femtocell

is located at the center of a square geographic area with dimensions 50 m × 50 m.

With TSPA and DTPA, the target SINRs for the users are

γ̂k =[0.37 0.22 0.28 0.24 0.15 0.20 0.16 0.31

0.28 0.22 0.28 0.32 0.15 0.20 0.16 0.31] dB,
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Table 5.1: Average Power, Network Utility, Power Efficiency and SINR for Five Power
Allocation Schemes with 8 Users

TSPA 0.14 0.23 1.63 0.26
VOPA 0.03 0.02 0.85 4.55
DTPA 1.99 0.27 0.13 0.32
VTPA 0.62 0.25 0.39 0.29

Proposed 0.07 0.23 3.42 0.26

which were randomly chosen. With the proposed power allocation scheme, the first

seven correspond to the PUs and the last nine to the NUs. Table 5.2 gives the

average power, network utility, power efficiency and SINR for the TSPA, VOPA,

DTPA, VTPA and proposed power allocation schemes. This shows that the proposed

scheme again has a higher average power efficiency compared to TSPA, DTPA and

VTPA. The average required power and network utility of the proposed scheme are

1.03 W and 0.13, respectively, which is better than TSPA, DTPA and VTPA. The

average power is higher than that with VOPA, 0.01 W, but the average network utility

with VOPA, 0.11, is higher.

Table 5.2: Average Power, Network Utility, Power Efficiency and SINR for Five Power
Allocation Schemes with 16 Users

Power Allocation Average Average Average Average
Scheme Power (W) Network Utility Power Efficiency SINR (dB)
TSPA 1.87 0.13 0.07 0.14
VOPA 0.01 0.11 11.3 0.13
DTPA 2.00 0.13 0.07 0.14
VTPA 1.87 0.13 0.07 0.14

Proposed 1.03 0.13 0.13 0.14

In the third scenario, there is one picocell with 8 PUs and 24 NUs. The picocell

is located at the center of a square geographic area with dimensions 300 m × 300 m.

With TSPA, DTPA and the proposed scheme, the target SINRs are randomly chosen

between 0.3 dB and 0.7 dB. The same values are used with the three schemes for a fair

comparison. Table 5.3 gives the average power, network utility, power efficiency and

average SINR for the TSPA, VOPA, DTPA, VTPA and proposed power allocation

schemes. This shows that the proposed scheme has a higher power efficiency than
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DTPA and VTPA. The average power and network utility with the proposed scheme

are 1.12 W and 0.43, respectively, which is better than with DTPA and VTPA. The

average power with TSPA and VOPA is 0.03 W and 0.01 W, respectively, which is

lower than with the proposed scheme, but the average network utility with TSPA and

VOPA is only 0.45 and 0.47.

Table 5.3: Average Power, Network Utility, Power Efficiency and SINR for Five Power
Allocation Schemes with 32 Users

Power Allocation Average Average Average Average
Scheme Power (W) Network Utility Power Efficiency SINR (dB)
TSPA 0.03 0.45 17.7 0.57
VOPA 0.01 0.47 47.1 0.66
DTPA 1.89 0.48 0.25 0.65
VTPA 1.99 0.48 0.24 0.66

Proposed 1.12 0.43 0.38 0.69

In the fourth scenario, there is one picocell with 20 PUs and 44 NUs. The picocell

is located at the center of a square geographic area with dimensions 300 m × 300

m. With TSPA, DTPA and the proposed scheme, the target SINRs are randomly

chosen in the range 0.2 to 0.8 dB. Table 5.4 gives the average power, network utility,

power efficiency and average SINR for the TSPA, VOPA, DTPA, VTPA and proposed

power allocation schemes. This shows that the proposed scheme has a higher power

efficiency compared to TSPA, DTPA and VTPA. The average power and network

utility of the proposed scheme are 0.19 W and 0.26, respectively, which is better than

with DTPA and VTPA. The average power consumption is higher than VOPA which

is 0.01 W. The power efficiency of the proposed scheme, 1.35, is higher than with

TSPA, DTPA and VTPA.

In the fifth scenario, there is one macrocell with 52 PUs and 76 NUs. The macrocell

is located at the center of a square geographic area with dimensions 500 m × 500

m. With TSPA, DTPA and the proposed scheme, the target SINRs are randomly

chosen in the range 0.1 to 0.9 dB. Table 5.5 shows the average power, network utility,

power efficiency and SINR for the TSPA, VOPA, DTPA, VTPA and proposed power

allocation schemes for the 128 users. This shows that the proposed scheme has a

higher average power efficiency than TSPA, DTPA and VTPA. The average power

and network utility are 0.03 W and 0.37, respectively, which is better than with DTPA

and VTPA. The average power of the proposed scheme is higher than VOPA with
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Table 5.4: Average Power, Network Utility, Power Efficiency and SINR for Five Power
Allocation Schemes with 64 Users

Power Allocation Average Average Average Average
Scheme Power (W) Network Utility Power Efficiency SINR (dB)
TSPA 1.16 0.27 0.23 0.32
VOPA 0.01 0.27 26.7 0.32
DTPA 2.00 0.27 0.13 0.32
VTPA 2.00 0.27 0.13 0.32

Proposed 0.19 0.26 1.35 0.32

0.01 W, and the average power efficiency, 13.7, is higher than that of TSPA, DTPA

and VTPA.

Table 5.5: Average Power, Network Utility, Power Efficiency and SINR for Five Power
Allocation Schemes with 128 Users

Power Allocation Average Average Average Average
Scheme Power (W) Network Utility Power Efficiency SINR (dB)
TSPA 0.04 0.38 10.2 0.46
VOPA 0.01 0.14 14.4 0.16
DTPA 2.00 0.14 0.07 0.16
VTPA 2.00 0.26 0.13 0.32

Proposed 0.03 0.37 13.7 0.46

Fig. 5.1 presents the average power for the TSPA, VOPA, DTPA, VTPA and

proposed power allocation schemes for the 5 scenarios. This show that the average

power of DTPA and VTPA is the highest. With DTPA and VTPA, the average power

is the maximum as the number of users increases. With 16 or more users associated

with the BS, the average power is in the range 1.87 W to 2 W. While VOPA has the

lowest average power, with 16 or more users associated with the BS, most reduce their

transmit power which implies that many are unsatisfied since the average power is

only 0.01 W. The average power of the proposed scheme is the lowest and outperforms

TSPA in all scenarios but the third.

Fig. 5.2 shows the average network utility for the TSPA, VOPA, DTPA, VTPA

and proposed power allocation schemes for the 5 scenarios. The average network

utility of the proposed scheme is similar to that of TSPA, DTPA, and VTPA in most
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cases, while VOPA is the lowest. The average network utility is the highest in scenario

3 with 32 users because of the large network area given the number of users which

allows the network to use the resources efficiently.

Fig. 5.3 shows the average power efficiency for the TSPA, VOPA, DTPA, VTPA

and proposed power allocation schemes for the 5 scenarios. The average power effi-

ciency of the proposed scheme is higher than TSPA, DTPA and VTPA in most cases,

and is the second highest for scenarios 2 to 5. The average power efficiency of VOPA

is the highest.

Fig. 5.4 shows the average SINR for the TSPA, VOPA, DTPA, VTPA and pro-

posed power allocation schemes for 5 scenarios. The average SINR with TSPA, VOPA,

DTPA, and VTPA is similar in scenarios 2, 3, and 4. The average SINR for VOPA

is the highest for the first scenario, and the worst for the last scenario. The rea-

son is that with VOPA the SINR is determined based on channel conditions so the

performance can vary significantly.

Table 5.6 gives the average number of iterations with the TSPA, VOPA, DTPA

and proposed power allocation schemes. This is the average of 10000 trials for each
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Figure 5.1: The average power for the five scenarios with the five power allocation
schemes.
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of the five scenarios. This shows that VOPA requires the fewest number of iterations,

but it has the worst performance. The average number of iterations with the proposed

scheme is highest for four of the scenarios, but it is not significantly greater than with

the TSPA, DTPA and VTPA schemes and provides better performance.

Table 5.6: Average Number of Iterations for Five Power Allocation Schemes

Power Allocation Scenario Scenario Scenario Scenario Scenario
Scheme 1 2 3 4 5
TSPA 25 31 13 21 21
VOPA 4 5 8 10 13
DTPA 23 22 14 22 14
VTPA 11 5 23 25 20

Proposed 30 51 15 37 26

Fig. 5.5 gives the number of unsatisfied users for the five scenarios with the TSPA,

VOPA, DTPA and proposed power allocation schemes. with the proposed scheme,

all PUs are satisfied with their target SINRs and the number of unsatisfied NUs is
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Figure 5.2: The average network utility for the five scenarios with the five power
allocation schemes.
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low. The total number of unsatisfied users for the five scenarios is 22 for the proposed

scheme followed by TSPA with 38, and VTPA with 43. DTPA and VOPA are the

worst with 77 and 93 unsatisfied users, respectively.

5.4 Conclusion

In this chapter, a selective and prioritized power allocation scheme was proposed.

The goal is to reduce the power consumption and improve the power efficiency while

ensuring all priority users (PUs) are satisfied and as many normal users (NUs) are sat-

isfied with their target SINRs as possible. Performance results were presented which

show that the proposed power allocation scheme provides a higher power efficiency

than target SINR tracking power allocation (TSPA), variable SINR opportunistic

power allocation (VOPA), dynamic target SINR tracking power allocation (DTPA),

and variable target SINR power allocation (VTPA). The performance of VOPA de-

grades as the number of users increases, and the proposed scheme has a lower power

consumption compared to DTPA and VTPA. Finally, the proposed scheme gives the
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highest number of satisfied users.
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Chapter 6

Prioritized Cell Association and

Power Allocation in the HetNet

Uplink

A conventional macrocellular network is designed assuming uniform coverage and

traffic distribution, and so cannot adequately deal with variable traffic and data rate

requirements [123]. Possible solutions to handle the growth in mobile data traffic

are to improve the macrocell base station (MBS) architecture, increase MBS density,

or employ heterogeneous networks (HetNets). They consist of MBSs and small base

stations (SBSs) with lower transmit power and smaller coverage which can be deployed

quickly. While MBSs are used to cover large areas with many users, SBSs are used

to enhance capacity and energy efficiency in crowded areas such as large buildings,

train stations, shopping malls, city centers and at concerts and festivals. HetNets can

be used to efficiently accommodate increased traffic and data rate requirements [124].

They have also been employed to reduce the reuse distance (the distance between

two BSs), and the communication distance (the distance between a user and BS)

which improve the system capacity and energy efficiency [125]. However, disparate

BS transmit powers and random SBS locations can result in higher interference among

users compared to conventional MBS networks.

With signal strength cell association, users are associated with the BS that pro-

vides the highest signal strength. As a result, most users are connected to MBSs and

few are associated with SBSs since the strength of a signal from a MBS is typically

higher than from SBSs at the same distance [126]. Thus, the available SBS resources
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may not be fully utilized. Further, users associated with SBSs often receive strong

interference from MBSs, which degrades HetNet performance. At the MBSs, this

cell association criterion can cause overloading and low data rates due to insufficient

MBS resources [127]. Therefore, a more efficient cell association scheme with load

balancing is needed to improve HetNet performance. In a cellular network, users who

require high and stable data rates, and active users should have a high priority, and so

are called priority users (PUs). Active users are defined as currently connected users.

Users who require low and variable data rates, and new users are called normal users

(NUs). To satisfy data rate requirements and reduce power consumption, prioritized

cell association and power allocation (CAPA) in the HetNet uplink can be employed.

In HetNets, there is a need to efficiently assign users to BSs and to effectively

control user transmit power to maintain effective communication links with minimal

interference. Further, users have different signal strengths and channel conditions

from MBSs and SBSs. These problems can be addressed with a suitable CAPA

scheme. In particular, cell association is used to establish network utility (the sum

of the data rates of all users), and connect users with BSs according to the user

channel conditions and BS load. power allocation is used to ensure that users transmit

with appropriate power levels to maintain link quality without imposing excessive

interference on other users.

Recently, CAPA in HetNets has attracted significant research interest. In [128],

distributed joint CAPA in the uplink of a two tier HetNet was studied. The objective

was to mitigate intra tier and inter tier interference and maximize the network utility.

A solution for user cell association and power control was obtained using the dual

decomposition method. Further, the signal to interference plus noise ratio (SINR)

requirements of all users were satisfied. In [129], a combined CAPA scheme was

investigated for the HetNet uplink in which each channel is used by only one MBS.

A distributed iterative CAPA algorithm was proposed and shown to converge to a

Nash equilibrium of a noncooperative game.

In [130], joint power allocation and load aware user association with load balancing

in a two tier HetNet was investigated. Load balancing between MBSs and SBSs was

used to mitigate intercell interference in the network. In [131], a joint user association

and power allocation for load balancing in HetNets was proposed to maximize the

weighted sum of effective (long term) rates. The power update function for users

was derived using a two sided scalable function. In [132], joint user association,

power allocation and scheduling in multi cell 5G networks was proposed. The user
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association employs both network and user center approaches. With the network

center approach, user association is performed in a centralized manner while in the

user center approach, distributed association is used to reduce the complexity.

In [133], a joint BS association and power allocation optimization problem was

proposed using game theory. The objective is to maximize the network utility and

minimize the corresponding transmit power. In [134], a combination of multiple BS

association, power allocation and dynamic interference cancellation in a HetNet was

proposed. To the best of our knowledge, a hybrid prioritized CAPA approach does

not exist to improve network utility and reduce power consumption while considering

user priority. The goal of the proposed scheme is to satisfy the target SINRs for as

many NUs as possible while ensuring the requirements of all PUs are met.

The main contributions of this chapter are as follows.

1. Two stage CAPA optimization is proposed. The first stage is employed by PUs

and NUs and the second stage is employed by the BSs. First, the product

of the channel access likelihood (CAL) and channel gain to interference plus

noise ratio (GINR) is considered for PU cell association while network utility is

considered for NU cell association. Here, CAL is defined as the reciprocal of the

BS load. In CAL and GINR cell association, PUs are associated with the BSs

that provide the maximum product of CAL and GINR. This implies that PUs

are connect to BSs with a low number of users and good channel conditions.

NUs are connected to BSs so that the network utility is maximized, and this is

achieved using an iterative algorithm. Second, prioritized power control is used

to reduce power consumption and satisfy as many NUs with their target SINRs

as possible while ensuring that PU requirements are satisfied.

2. The proposed optimization problem is nonconvex. Thus, a two loop algorithm

is employed which alternately optimizes the user transmit power and cell as-

sociation. Specifically, the outer loop performs cell association using Lagrange

multipliers, and user transmit power is adjusted in the inner loop using a power

update function (PUF).

3. A distributed iterative CAPA scheme given in Algorithm 10 is proposed which

uses the Nesterov method and an exponential rule to accelerate the outer and

inner loop convergence, respectively.

4. The performance of the proposed scheme is compared with several well-known
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algorithms in the literature under AWGN and Rayleigh fading channels. The

results obtained show that this scheme provides superior performance.

The rest of the chapter is organized as follows. The system model and related work

are described in Section II. The prioritized CAPA algorithm is presented in Section III.

In Section IV, the performance of the proposed approach is evaluated and compared

with other solutions in the literature. Finally, some concluding remarks are given in

Section V.

6.1 System Model and Preliminaries

In this chapter, a two tier HetNet consisting of BSs and users is considered using a

random spatial model [135]. The number of BSs is N and the number of users is K.

They are divided into two classes of BSs (MBSs and SBSs) and two types of users

(PUs and NUs). The number of MBSs is N1 and the number of SBSs is N2, with

N = N1 + N2. It is assumed that the indices of the MBSs are 1, 2, . . . , N1 and the

indices of the SBSs are N1 + 1, N1 + 2, . . . , N . The number of PUs is K1 and the

number of NUs is K2, with K = K1 +K2. It is assumed that the indices of the PUs

are 1, 2, . . . , K1 and the indices of the NUs are K1 + 1, K1 + 2, . . . , K.

Define the transmit power of user k as pk, 0 ≤ pk ≤ pmax, where pmax is the

maximum transmit power. Then the received power from user k at BS n is ϕnk =

pkgnk where gnk is the channel gain. The maximum received power is ϕnkmax =

pmaxgnk. The SINR between BS n and user k is defined as [136,137]

γnk =
pkgnk∑K

j=1,j 6=k pjgnj + σ2
n

= pkΓnk, (6.1)

where σ2
n is the additive white Gaussian noise (AWGN) power at BS n. Γnk =

gnk∑K
j=1,j 6=k pjgnj+σ

2
n

is denoted as the channel gain to interference plus noise ratio (GINR).

The achievable rate of user k associated with BS n is defined as rnk = log2 (1 + γnk).

The load of BS n is given by yn =
∑K

k=1 xnk, where xnk = 1 if user k is associated with

BS n, and xnk = 0 otherwise. Thus, the load yn is the number of users associated with

BS n. The reciprocal of yn is the channel access likelihood (CAL) of BS n. Users are

assumed to have the same CAL regardless of the channel conditions [138]. If yn users

are associated with BS n, the effective rate of user k associated with BS n is defined
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as Rnk = rnk
yn

. The effective SINR between BS n and user k can then be defined as

θnk =
pkgnk

pkgnk +
∑K

j=1,j 6=k pjgnj + σ2
n

=
γnk

γnk + 1
=
pkgnk
ρnk

, (6.2)

and the received interference power plus noise as

ρnk =
pkgnk
θnk

=
ϕnk
θnk

= pkgnk +
K∑

j=1,j 6=k

pjgnj + σ2
n. (6.3)

From (6.1), (6.2), and (6.3), the user transmit power is

pk =
θnkρnk
gnk

=
γnk
Γnk

. (6.4)

The target SINR and target effective SINR for user k are γ̂k and θ̂k, respectively.

6.1.1 Cell association schemes

Three well-known signal strength cell association schemes are max SINR [139], max

reference signal received power (RSRP) [140], and max reference signal received qual-

ity (RSRQ) [141]. In these approaches, users are associated with the BS that provides

the largest SINR, highest RSRP or maximum RSRQ, respectively. However, due to

transmit power differences between MBSs and SBSs, most users will connect to MBSs

which can cause overloaded MBSs and underutilized SBSs. Thus, max signal strength

with cell range expansion (CRE) [142, 143] was proposed as a solution to this load

balancing problem.

In CRE, the cell association condition for users can be formulated as n∗ =

arg maxn(γnk + τn), where τn is a positive bias value for BS n. τn is in the range

[0 18] dB for SBSs and τn = 0 for MBSs. The SBS coverage areas are increased

by adding a positive bias to their signal strengths. As a result, more MBS users are

transferred to SBSs and thus the load balance is improved compared to other max

signal strength schemes. However, users in the CRE region can have a poor quality

SBS channel and strong inter tier interference from MBSs.

CRE with almost blank subframe (ABS) [144] uses time domain orthogonalization

at the MBSs which leaves some subframes almost blank. This provides a window for

SBSs to serve users in the CRE region with reduced inter tier interference. How-
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ever, this solution wastes MBS subframes and thus throughput, and the blank to

number of subframes ratio (ABS ratio) needs to be determined carefully. CRE with

BS load awareness [141] takes the cell load distribution into consideration. In fact,

without incorporating cell load information, the cell association scheme may not be

efficient since new users should be associated with an underloaded BS rather than an

overloaded BS.

The channel access cell association in [145] considers channel quality indicators

and traffic load information from the BSs to improve spectral efficiency and achieve

load balancing in HetNets. In [146], load and interference aware cell association was

proposed which considers the load and interference for user rate maximization in the

uplink of a cellular network. The cell association condition in [145] and [146] can be

formulated as n∗ = arg maxn(γnk
yn

).

6.1.2 Power allocation schemes

There are three main types of power allocation schemes, single target SINR, variable

target SINR and multiple target SINRs. Single target SINR implies that each user has

one target SINR. With a variable target SINR, the user target SINRs are determined

based on channel conditions, while with multiple target SINRs there are multiple

values for each user. The PUF to achieve a target SINR in the single target SINR

tracking power allocation (TPA) is

Unconstrained TPA (UTPA) : pk(t+ 1) =
γ̂k

Γnk(t)

Constrained TPA (CTPA) : pk(t+ 1) = min

{
γ̂k

Γnk(t)
, pth

}
,

where t is the iteration index, γ̂k is the target SINR for user k, and pth is the power

threshold with pth ≤ pmax. The goal of user k is to maintain a transmit power which

satisfies the target SINR γ̂k so that γnk ≥ γ̂k. When this target is not satisfied with

UTPA, users transmit at their maximum power levels which can result in strong in-

terference to other users and is power inefficient. With CTPA, users who cannot

attain their target SINRs transmit at the power threshold which is more power effi-

cient than UTPA. However, there can still be significant interference to other users

which can increase the number of users who are not satisfied with their target SINRs.

Another issue is the single target SINR for all users with UTPA and CTPA, which is
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not optimum.

The PUF for constrained opportunistic power allocation (COPA) is

COPA : pk(t+ 1) = min{ξkΓnk(t), pth},

where ξk is a predefined constant. With this scheme, users with better channel con-

ditions have a higher SINR than other users, and vice versa. Similar to constrained

CTPA, a power threshold is employed to limit the user transmit power so the inter-

ference to others is restricted.

Distributed temporary removal and feasibility check power allocation (DTPA) is

a mixture of CTPA and COPA. DTPA outperforms COPA and CTPA in terms of

convergence, number of satisfied users, and power consumption. The PUF for this

scheme is

pk(t+ 1) =



γ̂k
Γnk(t)

, if γ̂k
Γnk(t)

≤ pth1
k and pk(t) 6= 0

0, if γ̂k
Γnk(t)

> pth1
k and pk(t) 6= 0

γ̂k
Γnk(t)

, if γ̂k
Γnk(t)

≤ pth2
k and pk(t) = 0

0, if γ̂k
Γnk(t)

> pth2
k and pk(t) = 0,

where pth1
k and pth2

k are the upper and lower power thresholds for user k which are

given by

pth1
k = pmax and pth2

k =
σ2
n(γ̂k + 1)

pmaxgnk + σ2
n

pmax.

With DTPA, users decrease their transmit power level to less than pth2
k when the

transmit power required to obtain their target SINR is above pth1
k . Further, they

increase their power level if the required transmit power to obtain their target SINR

is below pth2
k . There are several advantages to DTPA. First, the interference to other

users is reduced compared to CTPA and COPA. Second, the power consumption is

reduced, and a higher number of users are satisfied with their target SINRs compared

to CTPA. Third, compared to COPA, users have a lower power threshold which allows

them to reach their target SINRs faster while the interference to other users is limited.

With this approach, the target SINR for user k in the multiple target SINR

tracking power allocation (MTPA) is adjusted according to

γ̂k(t) =


√
ξkΓnk(t) if pk(t) ≤ pth3

k

γ̂k if pk(t) > pth3
k ,
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where pth3
k =

pth1
k

γ̂k
and pth2

k ≤ pth3
k ≤ pth1

k . The corresponding PUF is

pk(t+ 1) =
1

Γnk(t)


√
ξkΓnk(t) if pk(t) ≤ pth3

k

γ̂k if pk(t) > pth3
k .

With MTPA, user k updates pth3
k and the PUF is separated into two zones. If pk(t) ≤

pth3
k , the target SINR for user k is increased. If pk(t) > pth3

k , the target SINR is not

changed, which is similar to DTPA and CTPA. The goal of MTPA is to maximize the

sum rate and increase the number of satisfied users that attain their target SINRs.

6.2 Prioritized CAPA in the HetNet Uplink

In this section, the CAPA optimization problem is formulated and solved with an

iterative algorithm using Lagrangian dual decomposition. Further, the convergence

rate of the algorithm is accelerated using the Nesterov approach and an exponential

rule [147].

6.2.1 Prioritized CAL and GINR cell association

Cell association is employed to maximize the network utility while all PUs are as-

sociated to BSs. PUs are associated with BSs that provide the maximum CAL and

GINR, and NUs are associated with BSs to maximize the network sum rate. The

following constraints are considered for the rate maximization problem.

1. The cell association variables are binary, xnk ∈ {0, 1}.

2. Each user is associated with at most one BS,
∑N

n=1 xnk = 1 , k = 1, 2, . . . , K.

3. No more than ymax users are associated with BS n, yn ≤ ymax, n = 1, 2, . . . , N .

4. The total number of users associated with BS n is yn =
∑K

k=1 xnk, n =

1, 2, . . . , N .
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The cell association problem for PU k is

max
n

Γnk
yn

subject to xnk ∈ {0, 1}
N∑
n=1

xnk = 1 , k = 1, 2, . . . , K1

K∑
k=1

xnk = K1, n = 1, 2, . . . , N.

(6.5)

and the corresponding cell association problem for NU k is

max
xnk,yn

N∑
n=1

K∑
k=1

xnk log(Rnk)

subject to xnk ∈ {0, 1}
N∑
n=1

xnk = 1 , k = K1 + 1, K1 + 2, . . . , K

yn ≤ ymax

K∑
k=1

xnk = yn, n = 1, 2, . . . , N.

(6.6)

Comparing (6.5) and (6.6) indicates that the cell association criterion for NUs is more

complex than that for PUs. The main difference between problems (6.5) and (6.6) is

that the cell association criterion for PUs is based on user requirements while NU cell

association is based on network requirements. First, each PU connects to a BS that

has good channel conditions and sufficient capacity. Thus, the PU SINR requirements

are satisfied first. Then, as many NUs as possible are served by the BSs providing

that all PUs are associated.

For convenience, let Φ denote the feasible region corresponding to the constraints

in (6.6). Cell association for PU k is based on satisfying the following criterion

n∗ = arg max
n

Γnk
yn

, k = 1, 2, . . . , K1 and n = 1, 2, . . . , N.
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The cell association optimization problem for NU k is

max
xnk,yn∈Φ

F (xnk, yn) =
N∑
n=1

K∑
k=1

xnk log(Rnk), (6.7)

which can be written as

max
xnk,yn∈Φ

F (xnk, yn) =
N∑
n=1

K∑
k=1

xnklog(rnk)−
N∑
n=1

K∑
k=1

xnk log (yn)

=
N∑
n=1

K∑
k=1

xnk log(rnk)−
N∑
n=1

ynlog (yn).

(6.8)

The coupling constraint in (6.6) is
∑K

k=1 xnk = yn, n = 1, 2, . . . , N . The Lagrangian

dual decomposition approach in [147] is employed to relax this constraint using the

Lagrange multiplier λn. The dual problem is then

max
λn

F (λn) =
N∑
n=1

K∑
k=1

xnk log(rnk)−
N∑
n=1

ynlog (yn)−
N∑
n=1

λn(
K∑
k=1

xnk − yn)

=
N∑
n=1

K∑
k=1

xnk log(rnk)−
N∑
n=1

K∑
k=1

xnkλn +
N∑
n=1

ynλn −
N∑
n=1

ynlog (yn)

= Fxnk(λn) + Fyn(λn),

(6.9)

where Fxnk(λn) is the first subproblem and Fyn(λn) is the second subproblem. The

solution of these problems is given below.

Subproblem 1

Fxnk(λn) =
N∑
n=1

K∑
k=1

xnklog(rnk)−
N∑
n=1

K∑
k=1

xnkλn

subject to xnk ∈ {0, 1}
N∑
n=1

xnk = 1 , k = K1 + 1, K1 + 2, . . . , K.

(6.10)

This is implemented at the user side using the following two steps.

Step 1: Obtain the load information yn(t) and Lagrange multiplier λn(t) broad-

cast by BS n, and compute the GINR Γnk(t).
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Step 2: PU k selects the BS n∗ which satisfies

n∗ = arg max
n

Γnk(t)

yn(t)
, k = 1, 2, . . . , K1 and n = 1, 2, . . . , N,

and NU k selects the BS n∗ which satisfies

n∗ = arg max
n

(log(rnk(t))− λn(t)), k = K1 + 1, K1 + 2, . . . , K and n = 1, 2, . . . , N.

(6.11)

Subproblem 2

Fyn(λn) =
N∑
n=1

ynλn −
N∑
n=1

ynlog(yn). (6.12)

This is implemented at the BS side. After all users have been associated, BS n

updates yn and its Lagrange multiplier λn using the following steps and then λn is

broadcast to the users.

Step 1: The maximum of (6.12) is found by taking the derivative with respect

to yn and setting it to 0. The optimal value is

yn(t+ 1) = e(λn(t)−1), (6.13)

and adding the constraint yn ≤ ymax gives

yn(t+ 1) = min{ymax, e
(λn(t)−1)}. (6.14)

Step 2: The Lagrange multiplier is updated using the Nesterov accelerated sub-

gradient method with step size µn(t) where 0 ≤ µn(t) ≤ (|∂F (λn(t))
∂λn(t)

|)−1 [122] which

gives

λ̄n(t) = λn(t)− µn(t)

(
∂F (λn(t))

∂λn(t)

)
∂F (λn(t))

∂λn(t)
= −

K∑
k=1

xnk(t) + yn(t)

βn(t+ 1) =
1 +

√
1 + 4β2

n(t)

2

λn(t+ 1) = λ̄n(t) +
βn(t)− 1

βn(t+ 1)

(
λ̄n(t)− λ̄n(t− 1)

)
,

(6.15)

where βn(t) is the momentum parameter. The multiplier λn(t) represents the traffic

load at BS n and can be interpreted as the price of the BS determined by the load.
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It can be positive or negative. The higher the value of λn(t), the more traffic the

BS has. Thus, when BS n has a high load, λn(t) will increase and fewer users will

associate with this BS. Conversely, if BS n has a small load, the price will be reduced

to attract additional users.

6.2.2 Prioritized power allocation

In cellular networks, users require a variety of data rates for real time and non real

time services. Some users are licensed while others can be unlicensed. Further, active

and new users may exist in the network. Active and licensed users should be given a

higher level of service than new and unlicensed users. Therefore, different priorities

should be assigned to users when determining the power allocation. In this section,

three priority based power allocation approaches are proposed. First, we have the

following assumptions.

Assumption 1: ρnkmax is the maximum received interference power plus noise

for NU k so that the target SINRs for all PUs are satisfied. The upper limit on the

received interference power plus noise for NU k is then given by

ρnkmax = {ρnk | 0 ≤ pk ≤ pmax}, k = K1 + 1, K1 + 2, . . . , K

=

{
ρnk | 0 ≤

θnk
gnk

ρnk ≤ pmax

}
= min

{
ϕnkmax

θ̂k

}
,

(6.16)

where ϕnkmax = pmaxgnk. From (6.2), θ̂k = γ̂nk
γ̂nk+1

when the target SINR for NU k is

satisfied. Combining (6.2), (6.3) and (6.16), the maximum target SINR for NU k is

γ̂kmax =
ϕnk∣∣∣∣∣

(
min

(
ϕnkmax

θ̂k

)
− ϕnk

)∣∣∣∣∣
, (6.17)

and the corresponding maximum transmit power is

pth1
kmax =

γ̂kmax

Γnk
. (6.18)

Assumption 2: To keep the NU SINR below the maximum allowable SINR, a
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power tuning parameter is used which is given by

Υk(γnk) =


γ̂kmax

γnk
, if γnk > γ̂kmax

1, if γnk ≤ γ̂kmax.
(6.19)

When the required SINR of NU k is higher than its maximum allowable SINR, the

PUF of this user is reduced by a factor γ̂kmax

γnk
. Otherwise, the PUF of user k is left

unchanged.

To improve the convergence of the CTPA, DTPA and proposed schemes, an ex-

ponential rule is employed with the weighted average of the current and previous

transmit powers. Since an exponential function decays faster than a linear function,

power allocation with an exponential rule will converge faster than with the linear

functions in CTPA and DTPA. The exponential rule is

pk(t+ 1) = ψeκ(γ̂k−γnk)pk(t) + (1− ψ)pk(t− 1), (6.20)

where ψ is in the range (0; 1], and pk(t) is the transmit power at iteration t. The

convergence control parameter κ is given by

κ =
log(p∗k)− log(pk)

γ̂k − γnk
, (6.21)

where p∗k = γ̂k
Γnk

. With user priority, the goal of the algorithm is to satisfy all PU

requirements while satisfying as many NUs as possible. The following approaches are

proposed to achieve this goal.

Approach 1: The PUs and NUs adjust their target SINRs using CTPA and

DTPA, respectively. CTPA is employed by the PUs so they transmit at power levels

which satisfy their target SINRs. DTPA is employed by the NUs which implies that

some NUs may have to reduce their transmit power level to reduce the interference

to other users. However, employing CTPA for PUs and DTPA for NUs separately

may result in some NUs transmitting at the maximum power level even though their

target SINRs are not attained, which will cause significant interference to the PUs.

To ensure this does not occur, the target SINRs of the NUs should be reduced. Thus,

their transmit power is adjusted to restrict the interference to PUs. The PUF for PU



117

k is then

pk(t+1) = max

{
pth2
k ,min

{
ψeκ(γ̂k−γnk)pk(t) + (1− ψ)pk(t− 1), pth1

k

}}
, k = 1, 2, . . . , K1,

(6.22)

and the PUF for NU k, k = K1 + 1, K1 + 2, . . . , K, is

pk(t+1) =

max

{
pth2
k ,min

{
ψeκ(γ̂k−γnk)pk(t) + (1− ψ)pk(t− 1), pth1

k

}}
, if pk(t) ≤ pth1

k

0, if pk(t) > pth1
k .

(6.23)

Equations (6.22) and (6.23) indicate that PUs and NUs increase their transmit

powers until the target SINRs are reached if γnk < γ̂k. Conversely, the transmit

powers are reduced until the target SINRs are reached if γnk > γ̂k. Thus, convergence

occurs when γnk = γ̂k. The power threshold pth1
k is used to manage the NU interference

to PUs. NUs with a transmit power that exceeds this threshold must reduce their

transmit power to 0.

Approach 2: The PUs employ CTPA so that PU SINR requirements are satisfied

as quickly as possible. The NUs employ either CTPA or DTPA depending on the

channel conditions and PU interference. The PUF for the PUs is

pk(t+1) = max

{
pth2
k ,min

{
ψeκ(γ̂k−γnk)pk(t) + (1− ψ)pk(t− 1), pth1

k

}}
, k = 1, 2, . . . , K1,

and the PUF for NU k, k = K1 + 1, K1 + 2, . . . , K, is

pk(t+1) = max

pth2
k ,min

{
eκ(ξk+γnk)

pk(t)
+ (1− ψ)pk(t− 1), ψeκ(γ̂k−γnk)pk(t) + (1− ψ)pk(t− 1), pth1

k

} ,

(6.24)

where ξk is in the range (0,1).

Approach 3: The PUs and NUs both employ CTPA. However, a tuning parame-

ter is used in the NU PUF which depends on the channel conditions and interference

to PUs. The PUF for the PUs is

pk(t+1) = max

{
pth2
k ,min

{
ψeκ(γ̂k−γnk)pk(t) + (1− ψ)pk(t− 1), pth1

k

}}
, k = 1, 2, . . . , K1,
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and the PUF for NU k, k = K1 + 1, K1 + 2, . . . , K, is

pk(t+ 1) = max

{
pth2
k ,min

{
Υk(Γnk)e

κ(γ̂k−γnk)pk(t) + (1− ψ)pk(t− 1), pth1
k

}}
.

(6.25)

Computation of pk(t+1) requires knowledge of pk(t), pk(t−1), γ̂k, Γnk, κ, and Υk.

However, pk(t), pk(t − 1) and γ̂k are available locally at the PUs and NUs. Further,

κ and Υk are determined by the BS based on the channel conditions and traffic load.

These parameters are used to maintain the PU and NU target SINRs according to

the corresponding criteria. Finally, Γnk can easily be estimated at the BS and sent

to the corresponding use via the return downlink channel. Therefore, the proposed

approaches to power allocation can be implemented in a fully decentralized manner.

The proposed CAPA algorithm is summarized in Algorithm 10. As before, the

PUs are considered first, and then the NUs.

Algorithm 10 Proposed CAPA algorithm

Stage 1: User side
Obtain the load information yn(t), Lagrange multiplier λn(t), and pth1

kmax broadcast
by the BS n.
Measure the GINR Γnk(t).

Loop 1: Cell association
PU k select the BS n∗ that satisfies

n∗ = arg max
n

Γnk(t)

yn(t)
, k = 1, 2, . . . , K1 and n = 1, 2, . . . , N.

NU k selects the BS n∗ that satisfies

n∗ = arg max
n

(log(rnk(t))− λn(t)), k = K1 + 1, K1 + 2, . . . , K and n = 1, 2, . . . , N.

Loop 2: power allocation
PU k updates its transmit power using

pk(t+ 1) = max

{
pth2
k ,min

{
ψeκ(γ̂k−γnk)pk(t) + (1− ψ)pk(t− 1), pth1

kmax

}}
.

NU k updates its transmit power using one of the proposed power allocation
approaches.
Stage 2: BS side
Find the maximum yn(t+ 1) at BS n by taking the derivative of (6.12).
Update the Lagrange multiplier λn(t) associated with BS n using the Nesterov
subgradient method.
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6.3 Performance Results

In this section, Monte Carlo simulation is used to evaluate the proposed algorithms.

The channel gain is gnk = hd−αnk , where h = 0.97 is a constant, dnk is the distance

between user k and BS n, and α = 3 is the path loss exponent which corresponds to

urban and suburban environments. The noise power at BS n is σ2
n = 0.01 W, and

all initial transmit powers are set to 1 W which is the maximum transmit power for

each user. The simulation results are given in the following sections.

6.3.1 Cell association

The proposed cell association scheme is evaluated using a two tier system model and

four different scenarios. The performance is compared using Jain’s fairness index [148]

which is given by

J =
(
∑N

n=1 yn)2

N
∑N

n=1 y
2
n

,

where 1
N
≤ J ≤ 1. The closer J is to 1, the better the traffic load distribution, and

the more fairly users are associated with MBSs and SBSs. When J = 1
N

, the traffic

load is the most imbalanced and all users are associated with one BS.

In the first scenario, there is one MBS (BS9), 8 SBSs (BS1 to BS8), 10 PUs, and 40

NUs. The MBS is located in the center of a square geographic area with dimensions

40 km × 40 km and origin (0, 0). The MBS is denoted by (xMBS, yMBS) which here

is (20, 20) km. The SBSs, PUs and NUs are uniformly distributed in the geographic

area. Table 6.1 gives the load distribution and Jain’s fairness index for the max signal

strength, CRE and proposed cell association schemes averaged over 10000 trials.

With max signal strength cell association, the largest average loads are 34.8% at

BS9 and 15.6% at BS8. The average load is the percentage of users associates with a

BS averaged over the trials. Thus, BS9 (MBS) and BS8 are highly loaded compared

to BS1 to BS7. The average loads at BS1 to BS7 range from 6.87% to 7.84%, which

means these BSs are underloaded. There is a difference of 27.9% between the largest

and smallest loads, which is a large imbalance between the MBS and SBSs giving

J = 0.44. Most users are associated with BS9 (MBS) because it provides the largest

signal strength.

With CRE cell association, the loads are more balanced than with the max signal

strength scheme. The average load at BS9 is 4.33%, which is the smallest, and the
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average loads at BS1 to BS8 range from 11.9% to 12.1%. The difference between the

largest and smallest loads is only 7.77%, and J = 0.84. Fewer users are associated

with BS9 because a positive bias was added to the SBS signal strengths to make them

more attractive to users.

With the proposed cell association scheme, the load distribution is the fairest as

J = 0.87 which is the highest. The average load at BS9 is 11.6%, and the average

loads at the SBSs (BS1 to BS8) range from 10.9% to 11.1%, so the difference is just

0.71%, which is the smallest.

Table 6.1: Average Loads and Jain’s Fairness Index with One MBS and Eight SBSs

Cell Association Scheme Jain’s Fairness Index BS Average Load (%)

Max
signal
strength

BS1 6.95
BS2 6.99
BS3 6.98
BS4 6.87

0.44 BS5 7.00
BS6 6.93
BS7 7.84
BS8 15.6
BS9 34.8

CRE

BS1 12.0
BS2 12.0
BS3 11.9
BS4 12.0

0.84 BS5 12.0
BS6 11.9
BS7 12.1
BS8 11.9
BS9 4.33

Prioritized
CAL
and
GINR

BS1 11.1
BS2 11.1
BS3 10.9
BS4 11.1

0.87 BS5 11.0
BS6 11.1
BS7 11.0
BS8 11.0
BS9 11.6
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In the second scenario, there are 4 MBSs, 20 SBSs, 40 PUs, and 160 NUs. The

geographic area of 40 km × 40 km is split into four zones of size 20 km × 20 km. An

MBS is located in the center of each zone. The SBSs, PUs and NUs are uniformly

distributed in the four zones but with 25% in each zone. Table 6.2 gives Jain’s fairness

index for the max signal strength, CRE and proposed cell association scheme averaged

over 10000 trials. For a fair comparison, the same channel conditions were used for

each scheme in a given trial. These results show that the prioritized CAL and GINR

scheme gives the highest fairness index of J = 0.91. CRE is next with J = 0.81 which

is much better than the max signal strength scheme with J = 0.54.

Table 6.2: Jain’s Fairness Index with Uniform SBS and User Distributions

Cell Association Scheme Jain’s Fairness Index
Max signal strength 0.54

CRE 0.81
Prioritized CAL and GINR 0.91

In the third scenario, the PUs and NUs are again uniformly distributed in the

four zones, but the percentage of SBSs in the zones is [24.7 24.3 24.8 26.2] (%).

Table 6.3 gives Jain’s fairness index for the max signal strength, CRE and proposed

cell association schemes averaged over 10000 trials. For a fair comparison, the same

channel conditions were used for each scheme in a given trial. Again the prioritized

CAL and GINR scheme gives the highest fairness index of J = 0.91. CRE is next with

J = 0.82, which is much better than the max signal strength scheme with J = 0.54.

Table 6.3: Jain’s Fairness Index with Nonuniform SBS and Uniform User Distribu-
tions

Cell Association Scheme Jain’s Fairness Index
Max signal strength 0.54

CRE 0.82
Prioritized CAL and GINR 0.91

In the fourth scenario, the percentage of SBSs in the four zones is [26.1 24.4 24.6 24.9]

(%) and the percentage of PUs and NUs in the four zones is [26.3 23.8 25.4 24.5]

(%). Table 6.4 gives Jain’s fairness index for the max signal strength, CRE and pro-

posed cell association scheme averaged over 10000 trials. For a fair comparison, the
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same channel conditions were used for each scheme in a given trial. These results

shows that the prioritized CAL and GINR scheme gives the highest fairness index of

J = 0.91, followed by CRE with J = 0.83 and the max signal strength scheme with

J = 0.53.

Table 6.4: Jain’s Fairness Index with Nonuniform SBS and User Distributions

Cell Association Scheme Jain’s Fairness Index
Max signal strength 0.53

CRE 0.83
Prioritized CAL and GINR 0.91

The results in Tables 6.1 to 6.4 show that the proposed scheme provides a fairer

traffic load distribution and higher fairness index than the max signal strength and

CRE schemes.

6.3.2 Power allocation in additive white Gaussian noise (AWGN)

channels

To evaluate the performance of the proposed power allocation approaches, simula-

tion results are presented with 2 PUs (users 1 and 2) and 6 NUs (users 3 to 8)

associated with a BS in an AWGN channel. The target SINRs for the users are

γ̂k = [0.27, 0.31, 0.48, 0.35, 0.15, 0.20, 0.16, 0.11] dB with an average SINR of 0.26 dB.

The performance of the proposed power allocation approaches is compared with that

of power allocation based on power consumption, average SINR and number of itera-

tions. Results were obtained for 100 trials with different distances between the users

and BS in each trial.

Figs. 6.1 and 6.2 present the SINR, transmit power and GINR for the COPA and

MTPA schemes, respectively, for one trial. These results show that when the channel

conditions are good, higher SINRs are attained, as expected. In Fig. 6.1, the power

and GINR with COPA oscillate. The reason is that COPA is a variable SINR scheme,

while MTPA is a variable target SINR scheme. Convergence with COPA requires 40

iterations. The resulting user SINRs are γk = [0.72, 0.47, 1.35, 0.21, 0.17, 0.39, 0.03, 0.01]

dB. The average SINR is 0.42 dB and average user power is 0.75 W. However, the

average power for users 1 and 3 is greater than 0.7 W, which is high. In addition,

users 4, 5, 7 and 8 are not satisfied with their target SINRs, and one PU (user 2) does
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not reach the target SINR. Fig. 6.2 shows that convergence with the MTPA scheme

requires 30 iterations, which is less than with COPA. The resulting user SINRs are

γk = [0.59, 0.48, 0.92, 0.29, 0.23, 0.43, 0.06, 0.01] dB. The average SINR is 0.37 dB and

the average user power is 0.7 W, so MTPA is more power efficient than COPA. In

addition, all PUs are satisfied with their target SINRs, but two NUs (users 7 and 8)

are not satisfied.

Fig. 6.3 give the SINR, transmit power and GINR for one trial with proposed

approach 1. This shows that this power allocation technique converges faster than

MTPA. The corresponding user SINRs are γk = [0.28, 0.32, 0.48, 0.36, 0.16, 0.20, 0.16, 0.11]

dB. The average SINR is 0.26 dB and the average user power is 0.35 W. In addition,

all PUs and NUs are satisfied with their target SINRs. These results indicate that this

approach is much better than COPA and MTPA. The results obtained with proposed

approaches 2 and 3 are similar and so are omitted.
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Figure 6.1: Transmit power, SINR and GINR for one trial with the COPA scheme.
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Figure 6.2: Transmit power, SINR and GINR for one trial with the MTPA scheme.

Table 6.5 shows the average number of iterations, user power and SINR for the

CTPA, COPA, DTPA, MTPA and proposed approaches averaged over 100 trials.

With CTPA, an average of 51 iterations is required for convergence with an average

user power of 0.45 W. With DTPA, the target SINRs for the users were attained

after an average of 33 iterations with an average user power of 0.35 W, which is

better than CTPA. In addition, the number of users who are not satisfied with their

target SINRs is less than with CTPA. With proposed approach 1, all users attain their

target SINRs and an average of 29 iterations is required. The average user power is

0.35 W. Proposed approach 2 requires an average of 22 iterations and the average

user power is 0.67 W, while proposed approach 3 requires an average of 20 iterations

and the average user power is 0.7 W. Thus, proposed approach 1 outperforms CTPA,

COPA, DTPA and MTPA in terms of user power and number of iterations. Proposed

approaches 2 and 3 have faster convergence, but require more power.
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Figure 6.3: Transmit power, SINR and GINR for one trial with proposed approach
1.

6.3.3 Power allocation in Rayleigh fading channels

To evaluate the performance of the proposed approach in Rayleigh fading, results

are obtained with different numbers of users associated to a BS. The target SINRs

were randomly chosen from a uniform distribution between 0.1 dB and 0.9 dB. The

performance of the proposed power allocation scheme is compared with that of the

DTPA, CTPA, COPA and MTPA approaches in terms of power consumption, number

of iterations for convergence and SINR. The PUs and NUs are uniformly distributed

in the geographic area of a cell. The Rayleigh fading channel has T taps where

T = [4, 8, 16, 32, 64] [149]. The real and imaginary parts of the channel coefficients

are randomly chosen from a Gaussian distribution. The magnitude is then Rayleigh
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Table 6.5: Average Number of Iterations, User Power and SINR for the CTPA, COPA,
DTPA, MTPA and Proposed Power Allocation Approaches Averaged over 100 Trials

Power Allocation Average Average Average
Scheme Number of Iterations User Power (W) SINR (dB)
CTPA 51 0.45 0.26
DTPA 33 0.38 0.26
DTPA 40 0.75 0.42
MTPA 30 0.70 0.37

Proposed 1 29 0.35 0.26
Proposed 2 22 0.67 0.26
Proposed 3 20 0.70 0.26

distributed and the phase is uniformly distributed between 0 and 2π. Results are

obtained for 100 trials for each number of users with the user locations changed each

trial and ε = 0.001.

In the first scenario, there is one femtocell with 1 PU and 3 NUs. This cell is

located at the center of a square geographic area with dimensions 50 m × 50 m. With

CTPA and DTPA, the target SINRs for the users are γ̂k = [0.29 0.16 0.31 0.41] dB,

which were randomly chosen. With the proposed power allocation scheme, the first

value is for the PU and the others are for the NUs. Table 6.6 gives the average

number of iterations, user power and SINR for the COPA, MTPA and proposed

power allocation approach with 4 users. The CTPA and DTPA algorithms did not

converge so no results are given. This shows that the proposed scheme has the lowest

average user power which is 0.29 W. The average number of iterations is 5 which is

also the lowest. The average user power for COPA is 2.64 W which is lower than

MTPA, but the average number of iterations with COPA is 7 which is higher than

MTPA. The average SINR for COPA is 1.60 dB, which is the highest followed by

MTPA with 0.82 dB. This is because when the channel conditions are good, the user

target SINR values are higher resulting in high transmit powers. These results show

that the proposed scheme provides a better balance between the required transmit

power and user target SINRs compared to COPA and MTPA.

In the second scenario, there is one femtocell with 2 PUs and 6 NUs. The femtocell

is located at the center of a square geographic area with dimensions 50 m × 50 m.
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Table 6.6: Average Number of Iterations, User Power and SINR for the COPA, MTPA
and Proposed Power Allocation Approaches with 4 Users

Power Allocation Average Average Average
Scheme Number of Iterations User Power (W) SINR (dB)
COPA 7 2.64 1.60
MTPA 6 2.80 0.82

Proposed 5 0.29 0.29

With CTPA and DTPA, the user target SINRs are

γ̂k = [0.28 0.32 0.48 0.36 0.15 0.20 0.16 0.11] dB,

which were randomly chosen. With the proposed power allocation scheme, the first

two values are for the PUs and the others are for the NUs. Table 6.7 gives the average

number of iterations, user power and SINR for the COPA, MTPA and proposed

power allocation approaches with 8 users. The CTPA and DTPA algorithms did not

converge so no results are given. This shows that the proposed scheme again has the

lowest average user power and number of iterations. The average required power and

number of iterations with the proposed scheme are 0.13 W and 6, respectively. The

average SINR of the proposed approach is 0.26 dB, while for COPA and MTPA it is

1.53 and 1.54, respectively.

Table 6.7: Average Number of Iterations, User Power and SINR for the COPA, MTPA
and Proposed Power Allocation Approaches with 8 Users

Power Allocation Average Average Average
Scheme Number of Iterations User Power (W) SINR (dB)
COPA 8 7.07 1.53
MTPA 8 6.90 1.54

Proposed 6 0.13 0.26

In the third scenario, there is one picocell with 6 PUs and 10 NUs. The picocell

is located at the center of a square geographic area with dimensions 300 m × 300 m.
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With CTPA and DTPA, the user target SINRs are

γ̂k = [0.31 0.51 0.28 0.39 0.53 0.37 0.28 0.17

0.19 0.44 0.45 0.24 0.58 0.22 0.51 0.17] dB,

which were randomly chosen. With the proposed power allocation scheme, the first

six correspond to the PUs and the last ten to the NUs. Table 6.8 gives the average

number of iterations, user power and SINR for the COPA, MTPA and proposed power

allocation approaches with 16 users. As before, the CTPA and DTPA algorithms did

not converge so no results are given. The proposed scheme again has the lowest

average user power and number of iterations which are 0.83 W and 26, respectively.

The performance with COPA and MTPA is almost the same. The average number

of iterations is 30 for COPA and 34 for MTPA, and the corresponding average user

power is 9.33 W and 10.31 W. The average SINR for COPA and MTPA is 2.68 dB

and 2.60 dB, respectively.

Table 6.8: Average Number of Iterations, User Power and SINR for the COPA, MTPA
and Proposed Power Allocation Approaches with 16 Users

Power Allocation Average Average Average
Scheme Number of Iterations User Power (W) SINR (dB)
COPA 34 9.33 2.68
MTPA 30 10.31 2.60

Proposed 26 0.83 0.30

In the fourth scenario, there is one picocell with 12 PUs and 20 NUs. The picocell

is located at the center of a square geographic area with dimensions 300 m × 300

m. With CTPA, DTPA and the proposed scheme, the target SINRs are randomly

chosen between 0.1 dB and 0.6 dB, and the average target SINR is 0.36 dB. The

same values are used with the three schemes for a fair comparison. Table 6.9 gives

the average number of iterations, user power and SINR for the COPA, MTPA and

proposed power allocation approaches with 32 users. Again, CTPA and DTPA did

not converge so no results are given. This shows that the proposed scheme has a

lower power consumption and number of iterations than COPA and MTPA, which

are 2.56 W and 36, respectively. The average user power with COPA and MTPA is

15.02 W and 16.81 W, respectively, which is approximately five times higher than

with the proposed scheme, and the corresponding average number of iterations is 40
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and 45. The average SINR of the proposed scheme is 0.52 dB which is reasonable as

the target SINR is 0.36 dB. These results show that the proposed scheme provides a

better balance between the required transmit power and target SINRs compared to

COPA and MTPA. The performance of COPA is slightly better than MTPA.

Table 6.9: Average Number of Iterations, User Power and SINR for the COPA, MTPA
and Proposed Power Allocation Approaches with 32 Users

Power Allocation Average Average Average
Scheme Number of Iterations User Power (W) SINR (dB)
COPA 40 15.02 4.39
MTPA 45 16.81 4.35

Proposed 36 2.56 0.52

In the fifth scenario, there is one macrocell with 24 PUs and 40 NUs. The macrocell

is located at the center of a square geographic area with dimensions 500 m × 500 m.

With CTPA, DTPA and the proposed scheme, the target SINRs are randomly chosen

in the range 0.1 to 0.9 dB. Table 6.10 shows the average number of iterations, user

power and SINR for the DTPA, MTPA and proposed power allocation approaches

with 64 users. The CTPA and DTPA algorithms did not converge so no results are

given. The proposed scheme again has a lower average user power than COPA and

MTPA. The average user power and number of iterations for this scheme are 6.32 W

and 38, respectively. The average user power with COPA is 26.39 W which is lower

than MTPA, but the average SINR of 5.44 dB is higher than that of MTPA.

Table 6.10: Average Number of Iterations, User Power and SINR for the COPA,
MTPA and Proposed Power Allocation Approaches with 64 Users

Power Allocation Average Average Average
Scheme Number of Iterations User Power (W) SINR (dB)
COPA 56 26.39 5.44
MTPA 56 30.32 5.37

Proposed 38 6.32 0.39
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6.4 Conclusion

In this chapter, an efficient cell association and power allocation (CAPA) scheme was

proposed. With cell association, the product of the channel access likelihood (CAL)

and channel gain to interference plus noise ratio (GINR) was considered for prior-

ity user (PU) cell association while network utility was considered for normal user

(NU) cell association. Results were obtained which show that this provides a fairer

load distribution between MBSs and SBSs, and a higher fairness index, than the

max SINR and cell range expansion (CRE) schemes. In AWGN channels, distributed

temporary removal and feasibility check power allocation (DTPA) outperforms con-

strained target SINR tracking power allocation (CTPA) and multiple target SINR

power allocation (MTPA) and is much better than constrained opportunistic power

allocation (COPA). Further, the PU target SINRs are not all satisfied with COPA.

Many NUs are not satisfied with their target SINRs with MTPA and CTPA, and the

target SINRs for the NUs are not always satisfied with DTPA. Three new power allo-

cation approaches were proposed. The results for these methods show that the target

SINRs for all PUs are satisfied while a large number of NUs are satisfied. In addition,

the proposed approaches require fewer iterations to converge than the CTPA, DTPA,

COPA and MTPA schemes. Approach 1 requires the lowest average user power, while

approaches 2 and 3 require a higher average user power than CTPA and COPA. In

Rayleigh fading channels, the CTPA and DTPA schemes did not converge to a solu-

tion while COPA and MTPA provided similar performance. The proposed approach

had the best performance for all scenarios in these channels.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

Power allocation schemes for outage probability and normalized SINR were proposed

in Chapter 2. The goal is to reduce the outage probability and power consumption

and satisfy user signal to interference plus noise ratio (SINR) requirements. A power

allocation scheme was also proposed using the outage probability criterion. Results

were presented which show that Algorithm 1, Algorithm 2 and geometric program-

ming (GP) produce similar results, but the computation time with Algorithms 1 and

2 is much lower. Further, Algorithms 1 and 2 provide a higher normalized SINR

than the distributed uplink power control (DUPC) and rate adaptive opportunistic

power control (RAPC) schemes, while iterative SINR tracking power control (ISPC)

is the worst. Power allocation schemes were also given to reduce the power consump-

tion (Algorithm 3) and satisfy user SINR requirements (Algorithm 4). Algorithm 3

provides the best average outage probability, followed by Algorithm 4, RAPC and

then ISPC, while DUPC is the worst. Algorithm 4 requires the lowest average power,

followed by Algorithm 3, RAPC, ISPC, and finally DUPC.

Two power allocation schemes for throughput and energy efficiency in cellular

networks were proposed and solved using parametric transformation in Chapter 3.

The goal is to reduce the power consumption and improve the energy efficiency while

ensuring all user outage probabilities are under an outage probability threshold. Per-

formance results were presented which show that the proposed schemes given in Algo-

rithms 5 and 6 provide a higher energy efficiency than the iterative distributed power

allocation (IDPC), target SINR and opportunistic based power control (TOPC), and
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fixed step power control (FSPC) schemes. Further, the proposed schemes satisfy the

user throughput requirements with the lowest transmit power. Thus, they require

less power compared to the IDPC, TOPC and FSPC schemes.

Power allocation problems for throughput and energy efficiency were proposed

and solved using Lagrangian and differential methods in Chapter 4. The outage

probability in Nakagami-m fading channels was also derived. The goal is to im-

prove the throughput and energy efficiency while ensuring all user normalized SINRs.

Performance results were presented which show that Algorithm 7 outperforms the

distributed opportunistic power allocation (DOPA) and power allocation with tem-

porary removal and feasibility (PARF) schemes in term of throughput and outage

probability for all scenarios. Algorithm 7 is better than the target SINR tracking

power allocation (TTPA) scheme in terms of the average throughput. Considering

the number of users unsatisfied with their target SINRs, Algorithm 7 is better than

PARF. Algorithm 8 is better than TTPA and DOPA in terms of power consumption,

energy efficiency and the number of satisfied users. The performance of Algorithm 8

and PARF is similar in terms of energy efficiency and power consumption, but the

number of unsatisfied users with Algorithm 8 is less than PARF for a large number

of users. Algorithm 8 gives the highest average energy efficiency and lowest number

of unsatisfied users, while Algorithm 7 gives the best average throughput.

A selective and prioritized power allocation scheme was proposed in Chapter 5.

The goal is to reduce the power consumption and improve the power efficiency while

ensuring all priority users (PUs) are satisfied and as many normal users (NUs) are

satisfied with their target SINRs as possible. Performance results were presented

which show that the proposed power allocation scheme given in Algorithm 9 provides

a higher power efficiency than target SINR tracking power allocation (TSPA), variable

SINR opportunistic power allocation (VOPA), dynamic target SINR tracking power

allocation (DTPA), and variable target SINR power allocation (VTPA). The proposed

scheme has a lower power consumption compared to DTPA and VTPA, but higher

than VOPA. Finally, the proposed scheme gives the highest number of satisfied users.

Cell association and power allocation (CAPA) in heterogeneous networks (Het-

Nets) was considered in Chapter 6. The product of the channel access likelihood

(CAL) and channel gain to interference plus noise ratio (GINR) was considered for

priority user (PU) cell association while network utility was considered for normal

user (NU) cell association. Results were obtained which show that this provides

a fairer load distribution between macro base stations (MBSs) and small cell base
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stations (SBSs), and a higher fairness index, than the max SINR and cell range

expansion (CRE) schemes. Three new power allocation approaches were proposed.

The results for these methods show that the target SINRs for all PUs are satisfied

while a large number of NUs are satisfied. In addition, the proposed approaches re-

quire fewer iterations to converge than the constrained target SINR tracking power

allocation (CTPA), distributed temporary removal and feasibility check power alloca-

tion (DTPA), constrained opportunistic power allocation (COPA) and multiple target

SINR power allocation (MTPA) schemes. Approach 1 requires the lowest average user

power, while approaches 2 and 3 require a higher average user power than CTPA and

COPA. In Rayleigh fading channels, the CTPA and DTPA schemes did not converge

to a solution while COPA and MTPA provided similar performance. The proposed

approach given in 10 had the best performance for all scenarios in these channels.

7.2 Future Work

Power control strategies in device to device (D2D) communications with different user

priorities can be considered assuming imperfect channel state information (CSI). The

goal is to maximize the network sum rate assuming the interference among device to

device users (DUs) and cellular users (CUs) so that the SINR requirements of all CUs

are satisfied. Prioritized and adaptive power allocation with channel uncertainty in

D2D communications underlaying HetNets can be examined using the target SINR,

power and SINR estimation error variance.

Mode selection, resource allocation, and power allocation considering spectrum

and energy efficiency can be examined. Mode selection refers to either DU reuse of

resources used by CUs or use of dedicated resources. The goal of mode selection and

resource allocation is to improve spectrum efficiency while power allocation is used

to improve energy efficiency. A two layer approach can be employed. The first layer

determines transmission modes so that the spectrum efficiency is maximized. The

second layer determines the number of allocated resources and power levels for CUs

and DUs so that the energy and resource allocation efficiency are improved.

Cooperative mode selection, resource allocation, and power allocation scheme for

interference management can be examined. CU requirements should be satisfied

first so CUs should be associated with the lowest load BSs. DU mode selection

is determined based on the DU communication distance, CU interference level and

the availability of resources at the BS. If DUs operate in reuse or dedicated mode,
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variable contrained target SINR power allocation can be used providing that all CUs

are satisfied. If DUs operate in reuse mode, single contrained target SINR power

allocation can be employed. This is due to the fact that CU resources shared by the

DUs cause more interference to CUs than in dedicated mode.
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