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ABSTRACT

5G networks appear on the horizon with distinguished Quality of Service (QoS) requirements

such as aggregated data rate and latency. Managing such networks in either a distributed or central-

ized manner to best utilize the available scarce resources is still a big challenge. Better mechanisms

are needed for resource allocation. In this dissertation, we discuss three distinct research problems

related to this theme.

The first part addresses enhancing the solvability of network optimization problems. For the

class of problems studied, we show that a traditionally-formulated model is insufficient from a

problem-solving perspective. When the size of the problem increases, even state-of-the-art opti-

mizers cannot obtain an optimal solution because of memory constraints. We show that augment-

ing the model with suitable additional constraints and structure enables the optimizer to derive

optimal solutions, or significantly reduce the optimality gap.

The second problem is optimal channel bonding in wireless LANs under demand uncertainty.

An access point (AP) can aggregate multiple contiguous channels to satisfy demand. We discuss

how to optimally utilize available frequency bands under uncertainty in AP demand using two

stochastic optimization frameworks: a static scheme which minimizes the total occupied band-

width while satisfying the demand of each AP with probability at least β and an adaptive scheme

that allows adaptability of the bandwidth allocation in response to the AP demand variations. Given

its complexity, we propose a novel framework to solve the adaptive stochastic optimization prob-



lem efficiently.

The third problem is to allocate resources with receiver characteristic awareness in a multiple

radio access technology environment. We propose a novel adjacent channel interference (ACI)-

aware joint channel and power allocation framework that takes into account receiver imperfections

arising due to (i) imperfect image frequency rejection and (ii) analog-to-digital converter aliasing.

As the overall problem is in the form of Mixed-Integer-Linear-Programming (MILP) which is

NP-hard, we develop an efficient algorithm to solve it.
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GENERAL AUDIENCE ABSTRACT

The applications of next generation wireless networks have distinct requirements such as high

speed for video streaming, low delay for interactive applications, and scalability to manage huge

numbers of wireless devices. Managing such networks is challenging given the scarcity of wireless

resources. In this dissertation, we discuss three distinct research problems related to this theme.

The first part addresses enhancing the solvability of network optimization problems. State-of-

the-art commercial optimization tools are unable to solve these problems for reasonable network

sizes. We propose multiple strategies that help the tool obtain optimal solutions quickly. The

second part considers indoor wireless networks. For such a network, we propose a technique that

matches the instantaneous resources allocated to each location in the network with the amount

of data traffic currently at the location. The third part addresses a problem of a network with

multiple wireless transmitters and receivers where each receiver suffers from interference from

other transmitters differently. We develop an algorithm to allocate resources and adjust transmit

power so that each pair can communicate while meeting a minimum required data rate. The three

parts of the dissertation are useful in either saving resources and hence allowing more users to use

the network, or providing higher service quality for wireless device users.
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Chapter 1

Introduction

1.1 Motivation

5G networks appear on the horizon with strict Quality of Service (QoS) requirements for different

applications [1]. Aggregated data rate (or area capacity) requirements are expected to increase by

roughly 1000× from 4G to 5G. Roundtrip latency requirements are anticipated to decrease by an

order of magnitude (from 15 ms to 1 ms) to support specific applications such as mission-critical

control and traffic safety [2]. Operating different networks with distinguished QoS requirements

is generally difficult. It is particularly challenging to achieve this goal in the wireless part of

the network given the scarcity of spectrum resources. Most of the recently proposed solutions

are based on coexistence between multiple technologies (e.g. Long Term Evolution (LTE), Wi-

Fi) [3–7]. Managing such networks in either a distributed or centralized manner to best utilize the

available resources is still an open challenge. Even how to manage overlapping networks using

similar access technologies is not fully understood. Consequently, better mechanisms for resource

allocation are needed. In this chapter, we describe three research topics related to this theme, and

then we summarize our contributions in this dissertation.

Optimal performance of wireless networks requires joint consideration and optimization across

1
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multiple layers. Typically, these problems in the most complex form involve integer, binary, and

continuous variables. In most cases, this leads to an overall formulation of a Mixed-Integer-Linear

Program (MILP) [11, 16, 17]. Moreover, if non-linear terms appear in the formulation, advanced

optimization techniques, such as the Reformulation-Linearization Technique (RLT) [12], enable

the linearization of such terms, resulting in an equivalently reformulated MILP, which is more

convenient for solution using powerful, robust available software. However, for large networks,

the optimization tools are unable to handle the problem. Special techniques are then needed to

tackle this challenge.

In the context of wireless local-area networks (WLANs) (IEEE 802.11 [9]), user association

and dissociation from an access point (AP) are not deterministic. These processes were shown in

the literature to follow specific stochastic distributions [10, 50]. Each AP is obligated to serve all

connected users in a fair manner. Hence, it is important to consider uncertainty in AP demands

when solving practical resource allocation problems. The naive, commonly adopted approaches

for channel allocation under AP demand uncertainty are to optimize network performance for

either average or peak demand values. Considering the average demand values does not provide

any guarantees on satisfying a significant percentage of AP demands. This is because the ability

to meet actual demands will depend on the probability that the actual demand will exceed its

average value. On the other hand, considering the maximum demand values, although potentially

meeting all AP demands, usually results in huge and unnecessary consumption of scarce channel

resources. Consequently, a new channel allocation framework is needed in which the level of AP

demand satisfaction is controllable. Stochastic optimization is a powerful tool to model and handle

uncertainty in problem parameters [30].

In a general multi-radio-access-technology environment, Adjacent Channel Interference (ACI)

plays a significant role in determining the performance of wireless networks. Strict overlay mask

regulations and constant-width guard bands have been previously proposed to mitigate ACI. How-

ever, these strategies are insufficient when different technologies with different overlay mask reg-

ulations operate in the same band. In an experiment1, the degradation in throughput in LTE and

1The experimental work has been done in WIRELESS@VT labs by Aditya V. Padaki.
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Figure 1.1: Experimental work shows the huge difference between LTE and WiFi receiver perfor-
mance.

WiFi devices was measured when a SPN-43 radar signal was swept across frequency in the chan-

nels adjacent to the operating frequencies of these devices. Fig. 1.1 shows the susceptibility of

LTE and WiFi receivers to the ACI coming from the radar signal. The figure demonstrates good

out-of-band interference rejection capabilities for LTE receivers. However, WiFi receivers showed

poor ACI tolerance, even when the adjacent channel signal is 100 MHz apart. This is mainly due to

the typical inexpensive WiFi receivers, which have poor frequency selectivity and wide non-linear

operating regions. Exploiting the knowledge of receiver characteristics will lead to better utiliza-

tion of the available spectrum while minimizing ACI. This can be achieved through careful design

of receiver characteristic-aware resource allocation strategies.

1.2 Summary of Contributions

We summarize the main contributions in this dissertation as follows.

• Solvability of Network Optimization Problems. Joint consideration across multiple

layers is required to achieve optimal network performance. The general trend in solving

these problems is to develop strong mathematical programming formulations that are capable
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of providing near-optimal solutions to practical-sized problems. For the class of problems

studied, we show that a traditionally formulated model turns out to be insufficient from a

problem-solving perspective. When the size of the problem increases, even state-of-the-art

optimizers cannot obtain an optimal solution because of insufficient memory. In Chapter 2,

we show that augmenting the model with suitable additional constraints and structure enables

the optimizer to derive optimal solutions, or significantly reduce the optimality gap, which

were previously elusive given available memory restrictions.

• Channel Bonding in Wireless LANs Under Demand Uncertainty. Channel bonding

is one promising approach to cope with rising WLAN data demand, given scarce spectrum

resources. An access point (AP) can aggregate multiple contiguous channels to satisfy de-

mand. In Chapter 3, we discuss how to optimally utilize available frequency bands under

uncertainty in AP demands using two stochastic optimization frameworks: a static scheme

which minimizes the total occupied bandwidth while satisfying the demand of each AP with

probability at least β, and an adaptive scheme that allows adaptability of the bandwidth al-

location in response to the AP demand variations. Given its complexity, we propose a novel

framework to solve the adaptive stochastic optimization problem efficiently. The proposed

framework exploits the special structure of the problem through decomposition into two sub-

problems. A particle swarm optimization (PSO)-based algorithm is tailored to the first-stage

problem in order to obtain good solutions. The second-stage problem is further decomposed

into several subproblems that can be solved independently in parallel. Our numerical results

(i) demonstrate the advantages of stochastic compared to deterministic allocation, (ii) illus-

trate that the proposed framework reaches the optimal solution for the two-stage problem

in few iterations, and (iii) explain the bandwidth–user satisfaction trade-off provided by the

adaptive allocation approach.

• Resource Allocation with Receiver Characteristic Awareness. Next-generation wire-

less systems are expected to use multiple radio access technologies, with different receive

and transmit characteristics, operating over the same band of spectrum in a spatial-temporal

neighborhood. This will make the radio frequency (RF) front-ends susceptible to unprece-
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dented adjacent-channel interference (ACI), which can jeopardize communication perfor-

mance. In Chapter 4, we propose a novel ACI-aware joint channel and power allocation

framework that takes into account receiver imperfections arising due to (i) imperfect image

frequency rejection, and (ii) analog-to-digital converter aliasing. The objective is to mini-

mize the number of allocated channels and the aggregate power transmitted while satisfying

the rate demands of different links in a multi-RAT environment. As the overall problem is

in the form of Mixed-Integer-Linear-Programming (MILP) which is NP-hard, we develop

an efficient algorithm to solve it. The proposed algorithm decomposes the problem into

two subproblems: channel allocation and power assignment. Then, it solves the decom-

posed problem in iteration using a two-phase structure. In Phase I, a PSO-based algorithm

is tailored to obtain good solutions for the channel allocation subproblem. Phase II solves

the power allocation subproblem optimally given the channel allocation solution obtained in

Phase I. The algorithm alternates between the two phases until a stopping criterion is met.

The results demonstrate (i) the criticality of receiver-characteristic awareness when design-

ing resource allocation schemes for different types of networks, (ii) the ability of the pro-

posed framework to control the trade-off between channel allocation and power assignment,

and (iii) the superiority of the proposed algorithm in solving the overall problem efficiently

and obtaining near-optimal solutions.

1.3 Dissertation Outline

The remainder of this dissertation is organized as follows: Chapter 2 discusses how to augment

optimization models with suitable additional constraints and structure to enable the optimizer to

derive optimal solutions, or significantly reduce the optimality gap, which were previously elusive

given available memory restrictions. In Chapter 3, we discuss how to optimally utilize available

frequency bands under uncertainty in AP demands using two stochastic optimization frameworks:

a static scheme which minimizes the total occupied bandwidth while satisfying the demand of each

AP with probability at least β, and an adaptive scheme that allows adaptability of the bandwidth
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allocation in response to the AP demand variations. Due to the complexity of the adaptive scheme,

we propose a novel framework to solve it efficiently. In Chapter 4, we propose a novel ACI-aware

joint channel and power allocation framework that takes into account the receiver imperfections.

Then, we develop an efficient algorithm to solve it. Chapter 5 summarizes the dissertation and

indicates directions for future research.



Chapter 2

Enhancing the Solvability of Network

Optimization Problems Through Model

Augmentation

2.1 Introduction

Optimal performance of wireless networks requires joint consideration and optimization across

multiple layers. Typically, these problems in the most complex form involve integer, binary, and

continuous variables. At the network layer, rates of data sessions can be represented using con-

tinuous variables. At the medium access control (MAC) layer, scheduling can be done in ei-

ther frequency or time domain if the available spectrum/time frame is fragmented into number

of small divisions. In either case, a binary variable is needed to model the link activity between

two nodes on specific frequency band or time slot. At the physical layer, adopting discrete power

levels within power control strategies, and exploiting different technologies such as Multiple-Input-

Multiple-Output (MIMO) and Interference Alignment (IA) mandates the use of binary and integer

variables to correctly model their behavior. In most cases, this leads to an overall formulation

of a Mixed-Integer-Linear Program (MILP) [11, 16, 17]. Moreover, if non-linear terms appear in

7
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the formulation, advanced optimization techniques, such as the Reformulation-Linearization Tech-

nique (RLT) [12], enable the linearization of such terms, resulting in an equivalently reformulated

MILP, which is more convenient for solution using powerful, robust available software.

State-of-the-art optimizers (such as CPLEX [13]) implement a wide range of techniques and

methods to solve MILPs. Most of these algorithms are based on the well-known Branch-and-

Bound (B&B) method [14]. In this method, a search tree is constructed by fixing one or more

binary variable to the value of zero or one. For reasonable network sizes, the number of binary

variables is relatively large. Consequently, the search tree of the optimizer eventually explodes if

the problem instance is sufficiently challenging so that an optimal solution is not found during the

early steps. Maintaining a large search tree requires huge amount of memory, which can be beyond

traditional desktop machine capabilities. In such cases, the optimizer runs out of memory and fails

to obtain an optimal/near-optimal solution. On the other hand, most (if not all) optimizers are

designed as general-purpose tools to tackle optimization problems. That is, they are not tailored to

efficiently solve specifically structured problems such as the class of wireless network problems at

hand. When the network size is small, any optimizer can easily provide the optimal solution for

the problem under study. However, for large networks, the optimization tools are unable to handle

the problem (e.g., in [15], the solver could only solve the relaxed version of the MILP problem

while in [16] and [17] simulations were limited to network size of 20 and 25 nodes, respectively).

One way to tackle this problem is to use a distributed procedure. Newton’s method [18], among

other efficient algorithms, can be adopted to solve linear and, more generally, convex optimization

problems in a distributed way. However, the integrality restrictions on some variables in the MILP

problem preclude a straightforward extension of this algorithm. Optimization software does not

understand the networking problem itself; it recognizes the problem as an objective function with

a set of variables and constraints. Although it generates different kinds of generic cuts, these cuts

do not fully exploit the inherent physical structure of the problem.

This chapter makes the following contributions: We demonstrate how the structure of the

networking problem can be exploited to generate effective specialized cuts (constraints). The basic
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idea behind these cuts is to associate flows with the link activity variables based on the inherent

nature of the problem. Moreover, we develop an effective strategy of introducing auxiliary binary

variables to induce a specialized disjunctive constraint-based branching process. In the following

sections, a case study is considered for an MILP problem and different strategies are introduced

to implement this idea. It is worth mentioning here that the proposed special cuts and strategies

are also applicable to any multi-hop network problem formulated as (or reduced to) an MILP

problem. The introduced cuts in Section 2.3.3 are applicable to any multi-hop network problem

having minimum rate requirements on some of its data flows.

The remainder of this chapter is organized as follows. Section 2.2 reviews the basic com-

ponents of mathematically modeling a multi-hop network. Section 2.3 introduces our specialized

techniques in details. In Section 2.4, we introduce a case study concerning an MILP formulation of

a multi-hop network-based problem. In Section 2.5, we present our results. Section 2.6 concludes

our work and indicates directions for future research.

2.2 Basic Mathematical Model for a Multi-hop Network

In this section, we review how we can mathematically model data flow balance and enforce data

rate requirements of sessions in multi-hop networks. Consider a multi-hop network where a setN

of wireless nodes are placed randomly in bounded area. A node i is capable of directly transmit

and relay signals to a subset of the surrounding nodes Ti in its transmission range. Also, a subset

of nodes Ij can overhear (being interfered) by a transmit node i if they fall inside the latter’s

interference range. A link (i, j) ∈ L from i to j is defined if and only if j ∈ Ti, where L is the set

of all links in the network. We assume that the time frame is divided into finite number of equal

sized time slots T . Link activity at any time slot t is represented using a binary variable xij[t]. That

is, xij[t] = 1 if node i transmits to node j during time slot t, and xij[t] = 0, otherwise. We assume

a static environment where the wireless channel remains constant. Also, the interference in the

network follows the protocol model [19]. In this model, a transmission is considered successful
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if the receive node is inside the transmit node’s transmission range, and outside the interference

ranges of other non-intended simultaneous transmit nodes. Therefore, two interfering links cannot

be activated simultaneously. Given these two assumptions, we can simply consider that each link

(i, j) has a constant capacity Cij when activated. There is a set of end-to-end sessions M to

transfer data through the network. A session m ∈ M is defined by its source-destination pair

(s(m), d(m)), and its data rate r(m). Data flows of all sessions in the network are assumed to

be steady and infinite. Without loss of generality, we also assume that each node has an infinite

buffer to temporarily store the relayed data traffic. Table 2.1 lists the relevant notation used in this

chapter. The different constraints described below model the basic behavior for a wireless multi-

Symbol Definition
Ns Set of source nodes in the network
Nm Set of intermediate nodes in the network
Nd Set of destination nodes in the network
N Ns

⋃
Nm

⋃
Nd, the set of all nodes in the network

L Set of all links in the network
M Set of all sessions in the network
Ti Set of nodes within the transmission range of node i
Ii Set of nodes within the interference range of node i
T Total number of available time slots

r(m) Data rate of session m ∈M
s(m), d(m) Source and destination nodes of session m ∈M

xij[t] Link activity indicator for the link (i, j) in time slot t
fij(m) Data rate attributed to session m ∈M on link (i, j)
Cij Capacity of link (i, j)

Table 2.1: Notation.

hop network.

Avoiding self- and mutual-interference: At any time slot t, if node i transmits signal to node

j, it cannot transmit to nor receive from any other node. This can be expressed as follows:

∑
j∈Ti

xij[t] +
∑
k∈Ti

xki[t] ≤ 1, i ∈ N , t ∈ {1, 2, · · · , T}. (2.1)
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To avoid mutual interference, when a node j receives signal from i at a time slot t, every node

p 6= i, where j ∈ Ip should not be transmitting in the same time. The following constraint models

this behavior.

∑
i∈Tj

xij[t] +
∑
q∈Tp

xpq[t] ≤ 1, p : j ∈ Ip, p 6= i, j ∈ N , t ∈ {1, 2, · · · , T}. (2.2)

Maintaining network flow balance: Denote fij(m) as the data rate that is attributed to session

m on link (i, j). We assume that flow splitting is allowed inside the network. This means that a

data flow can split or merge at any node inside the network at the bit level. Then, the flow balance

at each node can be maintained using the following constraints:

j 6=s(m)∑
j∈Ti

fij(m) =

k 6=d(m)∑
k∈Ti

fki(m),m ∈M, i ∈ N , i 6= s(m), d(m), (2.3)

∑
j∈Ti

fij(m) = r(m), m ∈M, i = s(m), (2.4)

∑
j:i∈Tj

fji(m) = r(m), m ∈M, i = d(m). (2.5)

It is easy to show that the third constraint above can be derived from the former two. When a

session is data rate requirement-restricted, r(m) becomes a predetermined constant.

Link capacity: The total amount of data rate of different flows on link (i, j) cannot exceed its

capacity Cij . This can be represented using the following constraint:

j 6=s(m),i 6=d(m)∑
m∈M

fij(m) ≤ 1

T

T∑
t=1

Cij.xij[t], i ∈ N , j ∈ Ti. (2.6)

Objective functions: In designing multi-hop wireless networks, several objectives can be con-

sidered. Maximizing the total data flow rates of all sessions in the network is one example. Another

example is to maximize the minimum data flow rate in order to achieve fairness between sessions

and avoid starvation. We assume a general utility function U to be maximized/minimized in order

to express the complete problem formulation.
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Traditional formulation: A general formulation of a multi-hop wireless network can be ex-

pressed as follows:

General Formulation of a Multi-hop Wireless Network

OPT

max/min U

subject to:
Self- and mutual-interference constraints: (2.1), (2.2);

Network flow balance constraints: (2.3), (2.4);

Link capacity constraints: (2.6).

In this formulation, fij(m) and r(m) are continuous variables, xij[t] are binary variables, T and

Cij are constants. The problem is in the form of MILP.

2.3 Proposed Network Structure-Based Techniques

In this section, we derive our specialized valid inequalities (VIs) by considering the particular

inherent special structures of a multi-hop network. We first examine the relationship between the

sets of incoming/outgoing links associated with each node in the network. Second, we tie up the

activation of links associated with each source-destination pair in the network. The last set of

constraints relates the sessions with data rate requirements by generating suitable lower bounds on

the number of active links associated with their source and destination nodes.

2.3.1 Relationships between nodes’ incoming and outgoing links

Each physical link in the network between two nodes can be active during one or more time slots

as long as this link activation does not interfere with other active links. The number of time slots

during which this link needs to be active (having corresponding x-variables set at one) depends
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on its capacity and the amount of data flow passing through. If we consider every single node in

the network, explicit constraints can be derived by simply exploiting the relationship between the

number of time slots during which the incoming and outgoing links associated with this node, are

active. These constraints are presented in two different ways in the following subsections.

2.3.1.1 VIs based on nodes’ incoming and outgoing links

Let Ns the set of source nodes, Nm the set of intermediate nodes excluding any node that acts as

a source or destination to any session, Nd the set of destination nodes. Note that the data flow on

each session is infinite. To keep the network stable, all data accumulated at any intermediate node

should be forwarded within one time frame. Therefore, to simplify our analysis, we look into one

time frame because the link activation schedule in other frames will be the same. Also, the time slot

indices ignore the order of incoming and outgoing link activation. For example, consider a time

frame length of ten time slots. If the outgoing link is activated during time slot 5, the incoming link

can be activated at any other time slot other than 5 including the slots from 6 to 10. This is because

what actually happens is that the data may arrive the node at time slot 7 and it will be forwarded to

the next node in time slot 5 of the next frame.

For any multi-hop network, the following are implied:

1. For all intermediate nodes (excluding source and destination nodes of other sessions), if one

of the incoming links is active during one of the available time slots, at least one of the

outgoing links must be active during at least one of the available time slots, and vise versa.

This can be expressed as follows:

∑
i:j∈Ti

T∑
t=1

xij[t] ≥ 1⇔
∑
k∈Tj

T∑
t=1

xjk[t] ≥ 1,∀j ∈ Nm, (2.7)

and can be formulated as shown below.
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For each j ∈ Nm:

∑
i:j∈Ti

xij[t] ≤
∑
k∈Tj

T∑
t́=1

xjk[t́], ∀t ∈ {1, 2, · · · , T}, (2.8)

∑
k∈Tj

xjk[t] ≤
∑
i:j∈Ti

T∑
t́=1

xij[t́],∀t ∈ {1, 2, · · · , T}. (2.9)

2. For all source nodes, if one of the incoming links is active during one of the available time

slots, at least one of the outgoing links must be active during at least one of the available

time slots, but not vice versa. In this case, the source node acts as an intermediate node for

another session. This can be expressed as follows:

∑
i:s∈Ti

T∑
t=1

xis[t] ≥ 1⇒
∑
k∈Ts

T∑
t=1

xsk[t] ≥ 1,∀s ∈ Ns, (2.10)

which leads to the formulation given below.

For each s ∈ Ns:

∑
i:s∈Ti

xis[t] ≤
∑
k∈Ts

T∑
t́=1

xsk[t́],∀t ∈ {1, 2, · · · , T}. (2.11)

3. For all destination nodes, if one of the outgoing links is active during one of the available

time slots, at least one of the incoming links must be active during at least one of the available

time slots, but not vice versa. In this case, the destination node acts as an intermediate node

for another session. This can be expressed as follows:

∑
k∈Td

T∑
t=1

xdk[t] ≥ 1⇒
∑
i:d∈Ti

T∑
t=1

xid[t] ≥ 1,∀d ∈ Nd, (2.12)

and can be formulated as specified below.
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For each d ∈ Nd:

∑
k∈Td

xdk[t] ≤
∑
i:d∈Ti

T∑
t́=1

xid[t́],∀t ∈ {1, 2, · · · , T}. (2.13)

These constraints, although simple and can be derived from the original constraints, are very un-

likely to be automatically generated by the standard, generic methods implemented within the

optimization software. However, augmenting the original formulation with these constraints may

cause a slight degradation in the performance since the number of added constraints is (|Ns| +

2|Nm| + |Nd|) ∗ T , where |Ni| is the total number of nodes in the set Ni. As such, when they do

not offer significant reduction in the search space of the problem’s feasible region, they can cause

an overhead on the optimizer and negatively affect its performance. However, this occurs only in

a few cases.

2.3.1.2 Introducing additional binary variables to facilitate special branching strategies

Although the derived formulation in Section 2.3.1.1 offers a tight model formulation, it sometimes

does not provide satisfactory performance improvement. We therefore propose a new strategy

of introducing certain binary variables to induce a disjunctive constraint-based branching using

the developed set of cuts, which affords improved performance for some difficult instances. We

motivate this strategy below and provide results in Section 2.5 to demonstrate its utility.

First, consider the set of constraints (2.8). By introducing additional binary variables, a revised

set of constraints can be modeled as follows:

1. For each j ∈ Nm:

∑
i:j∈Ti

xij[t] ≤ zj, ∀t ∈ {1, 2, · · · , T},

∑
k∈Tj

T∑
t=1

xjk[t]− zj ≥ 0,

(2.14)
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where zj ∈ {0, 1}. It is straightforward to check the validity of (2.14) by considering the

cases of zj = 0, 1. That is, when zj = 0, these constraints reduces to
∑

i:j∈Ti xij[t] ≤ 0,∀t ∈

{1, 2, · · · , T}, and
∑

k∈Tj

∑T
t=1 xjk[t] ≥ 0. The second set of constraints becomes redundant

but the first set enforces all xij[t],∀t ∈ {1, 2, · · · , T}, to have the value of zero. On the other

hand, when zj = 1, the constraints reduce to
∑

i:j∈Ti xij[t] ≤ 1,∀t ∈ {1, 2, · · · , T}, and∑
k∈Tj

∑T
t=1 xjk[t] ≥ 1. Here, the first set is redundant but the second set enforces that at

least one of xjk[t] is equal to one.

Note that the addition of such superfluous binary variables to a model is atypical from a

modeling perspective. However, this strategy turns out to be advantageous when done in

the proposed fashion because it affords the opportunity for the solver to branch on certain

key constraints (as opposed to just branching on variables as in the standard branch-and-

bound/cut procedure) by virtue of the usual branching on the auxiliary binary variable. In-

deed, this is evident by examining the effect of the disjunctive constraints imposed by (2.14)

when considering the cases of zj equal to zero and one.

Similarly, we can modify (2.9) as follows:

For each j ∈ Nm:

∑
k∈Tj

xjk[t] ≤ yj, ∀t ∈ {1, 2, · · · , T},

∑
i:j∈Ti

T∑
t=1

xij[t]− yj ≥ 0,

(2.15)

where yj ∈ {0, 1}.

Likewise, we can derive similar constraints for the source and destination nodes:

2. For each s ∈ Ns:

∑
i:s∈Ti

xis[t] ≤ zs, ∀t ∈ {1, 2, · · · , T},

∑
k∈Ts

T∑
t=1

xsk[t]− zs ≥ 0,

(2.16)
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where zs ∈ {0, 1}.

3. For each d ∈ Nd:

∑
k∈Td

xdk[t] ≤ yd, ∀t ∈ {1, 2, · · · , T},

∑
i:d∈Ti

T∑
t=1

xid[t]− yd ≥ 0,

(2.17)

where yd ∈ {0, 1}.

The proposed auxiliary binary variables help the optimizer improve the partitioning process in the

search tree. However, if the optimization tool does not benefit from such branching opportunities

due to its internal heuristics, the increased dimension of the problem might slightly negatively

impact its performance. In our experience, this deterioration in performance for certain instances

is outweighed by the improvement achieved for other challenging instances.

2.3.2 VIs based on links of source and destination nodes

In this section, we jointly consider the activation of links associated with each session’s source-

destination node pair in the network. This consideration is under two conditions. The first condi-

tion is that at least one of the outgoing links of the session’s source node is active during any time

slot. The second condition is that this session’s source node is not an intermediate node for any

other session. Then, at least one of the incoming links to the session’s destination node must be

active during at least one time slot, and vice versa. Then, for each session, if these two conditions

on the links associated with the source node are met, we can derive a restriction on the incoming

links associated with the destination node. This can be mathematically expressed as follows:

Defining (s, d) as the source-destination pair of the session under consideration:

{∑
k∈Ts

T∑
t=1

xsk[t] ≥ 1&
∑
i:s∈Ti

T∑
t=1

xis[t] ≤ 0

}
⇒

{∑
i:d∈Ti

T∑
t=1

xid[t] ≥ 1

}
. (2.18)
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{∑
i:d∈Ti

T∑
t=1

xid[t] ≥ 1&
∑
k∈Td

T∑
t=1

xdk[t] ≤ 0

}
⇒

{∑
k∈Ts

T∑
t=1

xsk[t] ≥ 1

}
. (2.19)

Focusing on (2.18), since both expressions are linear, non-negative and integer valued,
∑

k∈Ts
∑T

t=1 xsk[t] ≤

T , and
∑

i:s∈Ti

∑T
t=1 xis[t] ≤ T , we get that (2.18) is equivalent to the following:

{∑
k∈Ts

T∑
t=1

xsk[t] > 0&
∑
i:s∈Ti

T∑
t=1

xis[t] < 1

}
⇒

{∑
i:d∈Ti

T∑
t=1

xid[t] ≥ 1

}
.

This in turn is equivalent to:

{∑
i:d∈Ti

T∑
t=1

xid[t] ≥ 1

}
OR

{∑
k∈Ts

T∑
t=1

xsk[t] ≤ 0

}
OR

{∑
i:s∈Ti

T∑
t=1

xis[t] ≥ 1

}

which can be modeled as follows:

h1 + h2 + h3 = 1, h ∈ {0, 1},∑
i:d∈Ti

T∑
t=1

xid[t] ≥ h1,

∑
k∈Ts

T∑
t=1

xsk[t] ≤ (1− h2) ∗ T,

∑
i:s∈Ti

T∑
t=1

xis[t] ≥ h3.

(2.20)

Similarly, (2.19) can be modeled as follows:

g1 + g2 + g3 = 1, g ∈ {0, 1},∑
k∈Ts

T∑
t=1

xsk[t] ≥ g1,

∑
i:d∈Ti

T∑
t=1

xid[t] ≤ (1− g2) ∗ T,

∑
k∈Td

T∑
t=1

xdk[t] ≥ g3.

(2.21)
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The benefit from these constraints occurs when the source and/or destination node of a data ses-

sion are not participating in other data sessions as an intermediate node. Otherwise, the added

constraints may result in overhead on the overall formulation and might cause a slight degradation

in the performance.

2.3.3 VIs for data rate requirement-restricted sessions

A data session is usually defined by its source-destination nodes pair in the network. We focus

here on a data session with a minimum data requirement. The source node of such session can be

a source of one or more other data rate requirement-restricted sessions. Similarly, its destination

node can be a destination of one or more other data rate requirement-restricted sessions. As a

traditional node in the multi-hop network, these source/destination nodes may relay other sessions’

traffic in the network. Consequently, the amount of data transmitted from a source node is lower-

bounded by the summation of the rates of sessions for which this is the source node. Similarly, the

amount of data received by a destination node is lower-bounded by the summation of the rates of

sessions for which this is the destination node. We can exploit this simple fact to derive special

cuts as explained below.

Denote M̂ as the set of data rate requirement-restricted sessions (note that M̂
⋂
M = φ).

Consequently, denote r(m̂), s(m̂) and d(m̂) as the data rate, source and destination nodes of ses-

sion m̂ ∈ M̂, respectively. Also, denote fij(m̂) as the data rate that is attributed to data rate

requirement-restricted session m̂ on link (i, j). The capacity constraint for any source node s ∈ Ns
is given as follows:

k 6=s(m̂),s 6=d(m̂)∑
m̂∈M̂

fsk(m̂) +

k 6=s(m),s 6=d(m)∑
m∈M

fsk(m) ≤ 1

T

T∑
t=1

Csk.xsk[t], (k ∈ Ts).
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By summing both sides over k ∈ Ts,

∑
k∈Ts

k 6=s(m̂),s 6=d(m̂)∑
m̂∈M̂

fsk(m̂) +

k 6=s(m),s 6=d(m)∑
m∈M

fsk(m)

 ≤ 1

T

T∑
t=1

∑
k∈Ts

Csk.xsk[t].

As mentioned earlier, a lower bound on the LHS of the last inequality is given by the sum of r(m̂)

over all sessions m̂ ∈ M̂ for which s is the source.

Denoting this lower bound by Hs, we have:

1

T

T∑
t=1

∑
k∈Ts

Csk.xsk[t] ≥ Hs =
∑

m̂∈M̂:s=s(m̂)

r(m̂).

Multiplying both sides by T and dividing both sides by Cmax
s = max{Csk : k ∈ Ts}, we get:

T∑
t=1

∑
k∈Ts

Csk
Cmax
s

.xsk[t] ≥
T ∗Hs

Cmax
s

.

Because Csk

Cmax
s
≤ 1, a Chvatal inequality [14] is given as follows:

T∑
t=1

∑
k∈Ts

xsk[t] ≥
⌈
T ∗Hs

Cmax
s

⌉
. (2.22)

Similarly, for any destination node d ∈ Nd, defining Hd =
∑

m̂∈M̂:d=d(m̂)

r(m̂), and Cmax
d =

max{Ckd : d ∈ Tk}, we derive

T∑
t=1

∑
k:d∈Tk

xkd[t] ≥
⌈
T ∗Hd

Cmax
d

⌉
. (2.23)

Note that these constraints apply only to sources and destinations of data rate requirement-restricted

sessions. Particularly, in cases when the number of such sessions passing through the same

source/destination node increases, the proposed constraint becomes tighter and can thereby assist

in enhancing performance.
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2.4 A Case Study

In this work, we consider a cognitive radio (CR) network as a case study to evaluate the effective-

ness of the proposed strategies. CR enables efficient spectrum sharing in wireless networks [20].

That is, the nodes of a primary network usually do not fully utilize the available spectrum all

the time. Hence, secondary CR nodes communicate by exploiting the available opportunities in

time, frequency, and space domains. The prevailing paradigm is to have completely uncoopera-

tive primary and secondary networks. When the primary and secondary networks are co-located

geographically, a more cooperative paradigm is to let the secondary nodes help relay the primary

nodes’ traffic but not vice versa [21]. Yuan et al. introduced the concept of transparent coexistence

of primary and secondary multi-hop networks in [22]. In that work, primary and secondary net-

works are completely coordinating. That is, each node in both networks may relay data from any

node that belongs to the other network. The data rate requirement-restricted sessions in the context

of this chapter are the primary sessions. The objective in that work was to maximize the minimum

rate of the secondary sessions while maintaining all data rate requirements of the primary sessions.

For the details of the model and description of the constraints, see [22].

2.5 Performance Evaluation

In this section, we present the performance of CPLEX (v12.6) [13] in solving the cut-enhanced

optimization problem (augmented with the proposed cuts discussed in Section 2.3) compared to

its performance when solving the original problem. The set of test cases consists of 55 randomly

generated instances (combinations of Maximin and Maxisum1 versions of the original problem),

with 11 instances each of 30, 35, 40, 45, and 50-node networks. Each network has four active

sessions: two primary and two secondary sessions where the source and destination of each were

randomly selected. We used a cluster at VirginiaTech, called BlueRidge [23], to run our exper-

1The Maxisum version is very similar to the Maximin version except that the objective function in the former is
to maximize the sum of the flow rates of secondary sessions instead of maximizing the minimum flow rate as in the
latter.
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Form.
Index

Description

1 OPT Maxisum/OPT Maximin
2 OPT Maxisum/OPT Maximin;2.8;2.9;2.11;2.13
3 OPT Maxisum/OPT Maximin;2.14;2.15;2.16;2.17
4 OPT Maxisum/OPT Maximin;2.20;2.21
5 OPT Maxisum/OPT Maximin;2.22;2.23
6 OPT Maxisum/OPT Maximin;2.8;2.9;2.11;2.13;2.20;2.21
7 OPT Maxisum/OPT Maximin;2.8;2.9;2.11;2.13;2.22;2.23
8 OPT Maxisum/OPT Maximin;2.8;2.9;2.11;2.13;2.20;2.21;2.22;2.23
9 OPT Maxisum/OPT Maximin;2.14;2.15;2.16;2.17;2.20;2.21
10 OPT Maxisum/OPT Maximin;2.14;2.15;2.16;2.17;2.22;2.23
11 OPT Maxisum/OPT Maximin;2.14;2.15;2.16;2.17;2.20;2.21;2.22;2.23

Table 2.2: A summary of formulations.

iments. Each experiment was executed on a single node of BlueRidge that has 16 processors

(utilized by CPLEX when possible) and 64GB memory. This hardware configuration is very simi-

lar to a traditional desktop machine so that any practitioner can use the proposed algorithms to run

similar experiments without the need of state-of-the-art cluster capabilities. Each experiment is

terminated when its run-time reaches 144 hours (this limitation comes from the rules enforced by

the BlueRidge administration), reaches optimal solution, or runs out of memory, whatever happens

first. For the sake of clarity, Table 2.2 summarizes all problem formulations tested in our exper-

iments. As shown in the table, each formulation represents either one of the two versions of the

original problem or one of the versions augmented with one or more of the proposed sets of cuts

described in Section 2.3.

2.5.1 Recognizing hard instances

We define “hard” instances as the ones that CPLEX could not solve to optimality within the

enforced computational limits. Consequently, these instances were run using formulations aug-

mented with different combinations of the proposed cuts to test their relative effectiveness and

performance improvement. In order to distinguish the hard instances from others in the test set,
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each of the instance’s statistics (number of binary variables, number of constraints, etc.) was cor-

related with the level of the instance’s hardness. However, we could not derive a clear relationship

using these statistics. On the other hand, we noticed that CPLEX significantly reduces the number

of binary variables for some instances during the preprocessing step. We found a high correlation

between the “reduced” number of binary variables and the difficulty of the instance. That is, if

the resulting reduced number of binary variables is above a certain threshold (2000 in the problem

under consideration), CPLEX could not solve it to optimality for almost all cases because it runs

out of memory. As a result, this serves as a good test for deciding whether an instance should

be augmented with one or more of the proposed techniques, or not (before attempting to solve

it). In the following sections, we will focus only on the instances that CPLEX could not solve to

optimality when implementing the original formulation.

2.5.2 Potential of the proposed formulations

Augmenting the original problem with only one set of cuts in Section 2.3.2 or 2.3.3 (Formulations

4 and 5) did not result in considerable improvement over the original Formulation 1. Consequently,

all the results presented below will focus on the comparison between the performance of different

representations of the logical implications in Sections 2.3.1.1 or 2.3.1.2 augmented by one or more

of the proposed sets of cuts in Sections 2.3.2 and 2.3.3. Due to space limitations, we show detailed

results for a few key formulations followed by comparative results for all formulations. We define

the optimality gap for any maximization problem as follows:

Optimality gap = UB-LB
LB ∗ 100%

where LB (lower bound) is determined by calculating the objective value of the best obtained

solution, i.e., the incumbent solution, and UB is the value of the LP-relaxation, which is an “upper

bound” for the optimal solution of the MILP problem. We consider improvement/degradation in

the performance if the optimality gap is decreased/increased by at least 5%, respectively.
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Instance
Formulation 1 Formulation 2 Formulation 3

opt. gap
time
(h)

opt. gap
time
(h)

opt. gap
time
(h)

2.3-1 118.03% 6.41 101.77% 12.5 optimal 2.63
2.3-2 156.86% 3.39 optimal 82.65 optimal 7.8
2.3-3 26.54% 12.03 13.67% 16.96 optimal 33.86
2.3-4 62.63% 5.70 40.93% 13.23 21.07% 24.63
2.3-5 290.18% 24.35 127.68% 39.64 95.1% 40.1

Table 2.3: Effect of augmenting the original formulation with the VIs w/ and w/o superfluous
binary variables.

2.5.3 Detailed results

We discuss here the effect of introducing additional binary variables to the constraints in Sec-

tion 2.3.1.1 (see Section 2.3.1.2). Table 2.3 shows some of the instances of different network sizes

where the auxiliary binary variables significantly enhanced the performance. Formulation 2 helped

CPLEX significantly reduces the optimality gap (Instances 2.3-1, 2.3-3, 2.3-4, and 2.3-5) or even

reach the optimal solution (Instance 2.3-2). When introducing binary variables to the added cuts

(Formulation 3), CPLEX attained optimality for most instances (and further reduced the optimality

gap for others). More interestingly, for Instance 2.3-2, CPLEX obtained the optimal solution in

82.65 hours using Formulation 2. With Formulation 3, it attained optimality much quicker (7.8

hours). As discussed in Section 2.3.1.2, this improved performance when using the extra binary

variables is likely because of the different type of branching opportunities that are afforded by these

extra variables. We also show the significance of adding the cuts in Section 2.3.2 to Formulations 3

(Formulation 9). As shown in Table 2.4, the added cuts caused the optimality gap to further shrink

and/or reach the optimal solution in shorter time. Similar results were obtained when the cuts in

Section 2.3.3 were used (Formulation 10). Note that longer running time does not always mean

worse performance. It can also mean that CPLEX has more opportunity (before running out of

memory) to further reduce or close the optimality gap.
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Instance
Formulation 1 Formulation 3 Formulation 9

opt. gap
time
(h)

opt. gap
time
(h)

opt. gap
time
(h)

2.4-1 77.98% 9.08 optimal 19.56 optimal 5.89
2.4-2 98.79% 7.57 70.8% 29.02 50.4% 23.34
2.4-3 25.76% 9.55 16.62% 17.98 optimal 6.00
2.4-4 19.84% 11.12 optimal 47.74 optimal 34.93
2.4-5 23.19% 11.28 12.96% 26.50 8.19% 20.36

Table 2.4: CPLEX’s performance with Formulations 3 and 9.

2.5.4 Comparative results

Table 2.5 summarizes statistics for the overall performance of different formulations. Here, “p1”,

“p2” and “p3” in the table refer to the logical implications in Sections 2.3.1, 2.3.2 and 2.3.3, respec-

tively. The “+ve effect”/“-ve effect” columns represent the percentage of instances for which the

optimality gap was enhanced/degraded, respectively. The “no effect” column shows the percentage

of instances where there was no noticeable effect on the optimality gap. Table 2.6 compares the

positive effect performance of the proposed formulations for different network sizes (represented

by node count). Figure 2.1 shows CPLEX’s behavior under Formulation 11 for all instances. From

these results, we can deduce the following:

• Overall, for all the proposed formulations, we obtained significant improvement between

50−65% of the instances, slight degradation for about 20%, and no noticeable effect on the

remaining set of instances.

• The proposed formulations were most effective for networks of size between 30-45 nodes.

When the number of nodes is less than 30, the problem size is small enough so that every

instance can be solved to optimality using the original formulation. When the number of

nodes exceeds 45, the increased problem difficulty suggests that further model or algorithmic

enhancements are needed in this case. For networks of this size, the branch-and-bound tree

gets relatively huge when approaching small values of optimality gap despite the tightening

effect of the proposed cuts.
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Form.
Index

Description +ve
effect

-ve
effect

no
effectp1 p2 p3

2

VIs

65.45% 21.82% 12.73%
6 X 60% 23.64% 16.36%
7 X 61.82% 21.82% 16.36%
8 X X 60% 21.82% 18.18%
3

VIs
w/ bi-
nary
vars

58.18% 12.73% 29.09%
9 X 60% 21.82% 18.18%

10 X 60% 20% 20%
11 X X 50.91% 18.18% 30.91%

Table 2.5: Overall performance of the formulations.

Form.
Index

Node count
30 35 40 45 50

2 45.45% 90.91% 72.73% 72.73% 45.45%
6 72.73% 54.55% 81.82% 45.45% 45.45%
7 63.64% 90.91% 81.82% 45.45% 27.27%
8 45.45% 63.64% 72.73% 72.73% 45.45%
3 72.73% 63.64% 63.64% 54.55% 36.36%
9 45.45% 72.73% 63.64% 63.64% 54.55%
10 54.55% 54.55% 72.73% 45.45% 72.73%
11 63.64% 54.55% 72.73% 36.36% 27.27%

Table 2.6: Percentage of instances exhibiting enhanced performance.

In general, adding cuts helps by tightening relaxations, but also influences branching strategies

and the performance of the solver’s internal heuristics, which can have unpredictable effects if the

augmented model representation is not aligned with the software’s built-in algorithmic strategies.

Likewise, introducing auxiliary binary variables to the formulation does enhance the performance

by providing alternative constraint-based branching options, but adds some difficulty to the overall

problem and causes “improvement degradation” in a few instances (where the imposed extra vari-

ables burden the formulation more that they assist it). However, overall, the proposed combination

of strategies provide a significant impetus to resolving challenging problem instances that were

otherwise unsolvable.
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Figure 2.1: CPLEX behavior under Formulation 11.

2.6 Conclusions

In this chapter, we discussed different approaches to tackle the problem of excessive memory con-

sumption when solving MILP problems. Generic formulations are often not sufficiently attractive

from the problem-solving perspective. We demonstrated that generating special cuts through ex-

ploiting the structure of the problem offers a better strategy. In most cases, combining different

kinds of special cuts outperformed the performance of the formulations that use these cuts indi-

vidually (or not at all). Moreover, introducing auxiliary binary variables to provide partitioning

opportunities based on these cuts, when applicable, significantly enhanced the performance for

some instances. Overall, this work demonstrates how the use of proper combinations of model

enhancement techniques can help optimize (or further reduce the optimality gap) for challenging
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instances that were unsolvable using traditional formulations.



Chapter 3

A Stochastic Optimization Framework for

Channel Bonding in Wireless LANs Under

Demand Uncertainty

3.1 Introduction

Data transfer over wireless networks is dramatically increasing [25]. According to [26], by 2020

more than 55% of wireless cellular data will be offloaded to WLANs and small cells. In the context

of WLANs, a mobile user is connected to the Internet through an access point (AP). Usually, an

AP uses a single channel to communicate with its associated users. To improve the peak data

rate of the AP when extra channels are available, a technique called “channel bonding” has been

introduced.

Channel bonding (CB)– Channel bonding is a technique in which multiple contiguous non-

overlapping channels can be combined into one wide channel. This can significantly increase the

channel capacity. IEEE standards have facilitated this approach by introducing channel bonding in

IEEE 802.11n and IEEE 802.11ac [27]. Initially, an AP is allocated a 20 MHz channel, called the

29
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primary channel. The AP can then expand its bandwidth by seizing consecutive 20 MHz channels,

called secondary channels, within the 5 GHz industrial, scientific, and medical (ISM) band, up

to an aggregated bandwidth of 160 MHz. However, this requires these consecutive channels to

be interference-free. Due to the nature of WLAN deployment, interference cannot be avoided

between APs operating near each other on the same channel. Therefore, when allocating multiple

consecutive channels to an AP, these channels cannot be utilized at the same time by a nearby AP.

We use the term “interfering APs” to represent a subset of APs that can interfere with a chosen AP

if operated on the same frequency channel.

Addressing AP demand uncertainty– In [28], the authors suggested using channel bonding

to better utilize the spectrum and satisfy the deterministic demands of a set of APs. In this chapter,

we consider uncertainty in the AP demands. That is, the nature of user association with APs and

their data rate demands are stochastic. Therefore, the aggregated demand at each AP changes over

time. This raises a question of how to efficiently allocate channels to each AP as needed to satisfy

its demand while avoiding interference from other APs. Our objective is to minimize the total

bandwidth used by the network. The smaller the bandwidth seized by our WLAN, the more space

is facilitated for other networks to operate without interference. That is, our solution builds toward

better coexistence between the controlled WLANs and other networks (e.g. other WLANs as well

as networks based on other access technologies (e.g. LTE [29]).

A deterministic approach for channel allocation under AP demand uncertainty is to optimize

network performance for either average or peak value. Considering the average demand does not

provide guarantees on satisfying AP demands, as the ability to meet actual demands will depend on

the probability that the actual demand will be less than or equal to its average value. On the other

hand, considering the maximum demand value, although potentially meeting all AP demands, usu-

ally results in unnecessary consumption of scarce channel resources. In this work, we first propose

a novel channel allocation framework, based on chance-constrained stochastic programming [30],

in which the level of AP demand satisfaction is controllable. That is, we can guarantee a “tun-

able” threshold on the minimum proportion of AP demands to be met at the cost of the number of

reserved channels for the WLAN. The higher this threshold is, the larger the number of allocated
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channels will be. We refer to this chance-constrained channel allocation framework as CCCA.

Although CCCA ensures a predetermined probabilistic Quality of Service (QoS) level, it provides

a static channel allocation that does not adapt to AP demand variations. To better utilize the al-

located resources, we then propose an adaptive channel allocation framework, based on two-stage

stochastic optimization [30]. Instead of fixing the number of allocated channels for each AP, the

framework adapts the number of allocated channels according to the AP’s demand. This will save

extra resources that would have been allocated under CCCA. Consequently, the total number of

reserved channels for the whole network can be minimized. We refer to this adaptive channel allo-

cation framework as ACA. Although ACA potentially achieves better spectrum utilization, it does

not ensure a specific probabilistic QoS level (unlike CCCA).

As mentioned above, we use stochastic optimization to realize the proposed static and adaptive

channel allocation frameworks. Stochastic optimization provides a powerful mathematical tool to

handle optimization under uncertainty [30]. It has been recently exploited to optimize resource

allocation in various types of wireless networks operating under uncertainties (e.g. [31–33, 47]).

We discuss the superiority of stochastic channel bonding over deterministic schemes, which

consider the mean or maximum AP’s demand values, through the following example.

Motivational example– Consider a network with two interfering APs as shown in Fig. 3.1(a).

The demands of APs 1 and 2 are stochastic, as shown in Fig. 3.1(b). For illustration purposes,

we assume that one channel is sufficient to satisfy one unit of AP demand. From here on, we

assume that the deterministic approach considers the average value of each AP demand. As shown

in Fig. 3.1(c), this approach results in allocating three channels for each AP all the time. Conse-

quently, the AP demands will not be satisfied when they take the value of five. Besides, when an

AP demand is one, the AP needs only one channel but this approach unnecessarily allocates three

channels to it.

In contrast to the deterministic approach, the stochastic static approach provides the ability to

balance the level of AP demand satisfaction and the total number of utilized channels through a

predefined threshold β. Under this approach, the primary channel and bandwidth are determined
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once such that the given AP demands are met with probability ≥ β. Fig. 3.1(d) and Fig. 3.1(e)

show the channel utilization and demand satisfaction when β is set to 0.8 and 1, respectively. Note

that β = 1 setting is equivalent to deterministic naive approach that allocates for peak demand.

It is easy to see that fewer channels will be utilized if β is set to a lower value but at the cost of

satisfying the demand with a lower probability. Although this approach has an advantage over

the deterministic approach, the channel allocation here is static and does not adapt to the demand

variations.

Following the adaptive stochastic approach, the two AP demands can be fully satisfied under

all scenarios while the total number of utilized channels is eight (as opposed to ten in the static

case when β = 1), as shown in Fig. 3.1(f).

In IEEE Standard 802.11ac, an AP can extend its primary channel by seizing more contiguous

channels to form one wide channel. If the allocated primary channel changes, the AP has to re-

synchronize with its associated users. To eliminate this overhead, we keep the primary channel

fixed in our schemes and allow the AP to extend/shrink its bandwidth around the same primary

channel under different traffic demands.

Main contributions– Our contributions can be summarized as follows:

• Given the AP demand variability, we mathematically formulate our problem under the stochas-

tic optimization framework using two different approaches. The first approach (CCCA)

allows controlling the probability of demand satisfaction through a parameter β. The sec-

ond approach (ACA) considers the adaptability in the allocated bandwidth according to the

instantaneous demand. It also balances the level of AP demand satisfaction and the total

number of channels allocated in the network.

• We develop an equivalent deterministic mixed-integer-linear-programming (MILP) formu-

lation for each stochastic optimization problem in order to solve it using Branch-and Bound

(B&B)-based methods [14].

• We propose a novel framework to solve the ACA problem efficiently. In this framework,
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Figure 3.1: An illustration of static and adaptive channel bonding.
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the special structure of the ACA is exploited through decomposition into two subproblems.

A particle swarm optimization (PSO)-inspired algorithm is developed to solve the first sub-

problem. Besides, the framework facilitates the decomposition of the second subproblem

into several subproblems that can be solved in parallel.

• We discuss the advantages of the proposed stochastic allocation approaches over the deter-

ministic approach.

• We conduct extensive simulations to show the strength of the proposed stochastic optimiza-

tion schemes and the PSO-inspired algorithm for different network sizes.

• We discuss insights on how to set different parameters under each stochastic allocation ap-

proach to best utilize the available spectrum.

Chapter organization–The rest of the chapter is organized as follows. We discuss the related

work in the literature in Section 3.2. In Section 3.3, we introduce the system model and state our

problem. In Section 3.4, we formulate our problem when the AP demands are deterministic. We

mathematically formulate and tackle our problem under AP demand uncertainty through two dif-

ferent approaches in Sections 3.5 and 3.6. Given its complexity, we propose a novel PSO-inspired

algorithm to solve the the ACA problem efficiently in Section 3.7. Section 3.8 demonstrates the

superiority of the stochastic optimization framework and gives insights on the performance of the

proposed solution approaches. In Section 3.9, we conclude our work and indicate directions for

future research.

3.2 Related Work

Channel bonding (CB) was shown in the literature to be an effective technique for optimizing

WLAN performance [34, 35]. However, these research efforts did not address the uncertainty

in network parameters. In our work, we consider uncertainty in AP data rate demand as an

important factor. If ignored, the overall performance of the network is significantly degraded.
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In [28], the problem of band allocation with adaptive width in WLANs was addressed. They for-

mulated the problem as an integer linear programming (ILP) and provided an NP-completeness

proof. Then, they developed approximation algorithms where the interfering APs were assigned

non-overlapping channels. In [36], Zarinni and Das proposed a dynamic spectrum distribution

technique in which interfering APs are allowed to use overlapping channels if the links to their

users are not interfering. In [37], an algorithm was proposed to dynamically select the channel

center frequency and switch between 20 and 40 MHz channel widths in order to maximize the

throughput. In [34], the channel bonding behavior in 802.11n networks was characterized and its

impact on the network performance was studied. In [38], the problem of jointly allocating channel

center frequencies and bandwidths for home WLANs was solved through a decentralized algo-

rithm. The authors considered the trade-off between interference mitigation and the extra capacity

offered by allocating more bandwidth to each AP. In [39], a game-theoretic approach was adopted

to consider a scenario of interfering APs where each AP selects multi-bandwidth channels to max-

imize its own throughout. In [35], an analytical framework was proposed to study the benefits of

CB in opportunistic spectrum access networks. The authors concluded that CB can enhance the

network throughput in low occupancy of primary radios but it can reduce the throughput when

the density of primary radio nodes is high. In [40], a performance comparison between CB and

another channel aggregation technique (where the allocated frequency channels can be separate)

in Carrier Sense Multiple Access (CSMA)-based networks was provided. The conclusion is that

CB increases the throughput while the multi-channel approach minimizes the traffic congestion.

In [41], the challenges raised by using carrier aggregations and CB in shared access and unlicensed

bands were discussed. In [42], the capabilities of MIMO technology were exploited to intelligently

use CB in order to overcome its main drawback, namely, decreased transmission range. In [43],

the interaction between overlapping WLANs that use CB was studied and the effect on the net-

work throughput was reported. The authors concluded that CB can have huge overall performance

gains but also can result in unfairness in CSMA/Collision Avoidance (CSMA/CA)-based networks

when some of the APs starve because they do not receive enough transmission opportunities. In

our work, we manage AP channel usage through a central entity that ensures fairness and prevent
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starvation. For a more comprehensive survey on channel bonding for wireless networks, the reader

is referred to [44].

Recently, uncertainty in network parameters has been in the focus of several research ef-

forts [45–49]. However, these efforts did not consider the uncertainty in user demands in CB-

capable WLANs. For example, Abdel-Rahman and Krunz in [46] jointly optimized channel

bonding and guard band allocation to maximize spectrum efficiency assuming deterministic and

stochastic channel rates, respectively.

3.3 System Model and Problem Statement

Consider a WLAN where a set P = {1, 2, . . . , P} of IEEE 802.11ac APs is deployed. We assume

a central controller in the back-end linked to all APs with a high speed connection. This network

architecture is suitable for enterprise and campus environments where all APs are managed through

one entity [28,50]. The controller module can also be implemented inside one of the deployed APs.

All control signals are collected at the central controller via the APs. Each AP has a stochastic

data rate demand that collectively represents the demand of its associated users1. Fig. 3.2 shows

two snapshots of the network for different user association at each AP. Once changed, an AP

communicates its instantaneous user demand to the cental controller. The central controller makes

the needed decisions regarding channel assignment and bandwidth allocation then conveys these

decisions to the APs.

The transmission range of each AP is adjusted through controlling its power level so that a

minimum signal strength is achieved at all associated users. The transmissions of an AP pmight be

overheard by a subset of other APs or their associated users. We call this subset “interfering APs”

and is denoted as Tp. Let C = {1, 2, . . . , C} be the set of all available consecutive channels. Each

AP is capable of extending its bandwidth by seizing a subset of these channels when needed. To

avoid interference, interfering APs cannot operate simultaneously on the same frequency channel.

1How each AP schedules its users to meet their data rate requirements is not within the scope of this work.
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Figure 3.2: Network architecture and dynamics.

Consider a network of APs where different subsets of APs interfere with each other, and each

AP has a stochastic demand that is described using a probability distribution function. Each AP is

to be assigned a primary channel and allocated contiguous frequency channels to meet its data rate

requirement while avoiding interference between interfering APs. The objective is to minimize the

total bandwidth utilized by the network. Table 3.1 summarizes the notation used in this chapter.

3.4 Spectrum Distribution Under Deterministic AP Demands

In this section, we assume the user demand of each AP is fixed. The available spectrum is divided

into btot small channels. Each AP will be allocated a contiguous band from these channels. We

denote bp↑ and bp↓ as the indices of the top and bottom-frequency channels allocated to AP p,

respectively. Each AP has a demand denoted by Dp, p ∈ P . Let Rp be the achievable rate on a

single channel between AP p and the associated users. We assume that Rp is fixed for each p ∈ P .
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Table 3.1: Notation.

General Sets, Parameters and Variables:
Symbol Definition
P Set of APs in the network
Tp Set of APs interfering with AP p
Dp Deterministic demand of AP p ∈ P
D̃p Stochastic demand of AP p ∈ P
Rp Achievable data rate for AP p ∈ P on a single channel
fp Index of the primary channel allocated to AP p
bp↑ Index of the top-frequency channel allocated to AP p
bp↓ Index of the bottom-frequency channel allocated to AP p
btot Total number of available channels in the network
ypk Binary decision variable to indicate whether or not bp↑ is greater than bk↓
W Total number of channels allocated to the network
β Guaranteed probability of each AP demand is satisfaction under the static allocation

scheme
α Design coefficient to control the trade-off between the total number of utilized channels

and the APs demand satisfaction under the adaptive allocation scheme

Algorithm-related Sets, Parameters and Variables:
Symbol Definition
wg Global weighting factor in the PSO algorithm
wl Local weighting factor in the PSO algorithm
I Set of initial feasible solutions
S Set of all obtained feasible solutions
Si Current solution for particle i
S̄i Best obtained solution for particle i
Ŝ Best obtained solution across all particles (the incumbent solution)

obj1st
i Current objective value of first stage problem for particle i

obj2nd
i Current objective value of second stage problem for particle i

obji Current overall objective value for particle i
fi,p Current fp of particle i
vi,p Current velocity of particle i in the pth dimention
¯obji Best obtained overall objective value for particle i
ˆobj Best obtained overall objective value across all particles (the incumbent objective value)

Evaluation-related Definitions:
Symbol Definition
R/d Ratio between the rate per channel and demand per user when each is the same for all

APs
ξ Average probability of demand satisfaction across all APs
χ Average AP demand dissatisfaction
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3.4.1 Optimization constraints

The achievable rate across the allocated band for any AP needs to meet its demand. This constraint

can be formulated as follows:

Rp (bp↑ − bp↓ + 1) ≥ Dp, ∀p ∈ P . (3.1)

To ensure that two interfering APs will not be allocated the same channel, the following two

sets of constraints are needed [28]:

bp↑ − bk↓ < btot ypk, ∀p ∈ P , k ∈ Tp, (3.2)

ypk + ykp ≤ 1, ∀p ∈ P , k ∈ Tp, (3.3)

where ypk is a binary variable to indicate whether or not the upper-frequency index of AP p, given

by (bp↑), is greater than the lower-frequency index of AP k, given by (bk↓). If both ypk and ykp

are set to one, the bands allocated to APs p and k are overlapping. The second constraint prevents

such overlap in the allocated bands if the transmission ranges of APs p and k are overlapping.

3.4.2 Optimization objective

As mentioned earlier, the goal of our problem is to minimize the total bandwidth utilized by the

network while meeting all AP demands. Minimizing the total bandwidth can be achieved by

minimizing the maximum upper-frequency index allocated to any AP. That is,

min max
p∈P

{bp↑} . (3.4)

This objective function can be linearized by introducing an auxiliary decision variable W
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which represents the total number of utilized channels, and adding the following set of constraints:

bp↑ ≤ W, ∀p ∈ P . (3.5)

This set of constraints ensures that the upper-frequency index allocated to any AP cannot exceed

the total number of channels allocated to the network. Let b↑ = {bp↑ : p ∈ P}. Then, the original

objective function can be represented as follows:

minimize
{W,b↑}

W

subject to:

bp↑ ≤ W, ∀p ∈ P .

3.4.3 Optimization formulation

Let y = {ypk : p ∈ P , k ∈ Tp} and b↓ = {bp↓ : p ∈ P}. The frequency band allocation problem

under deterministic AP demands can be formulated as an integer linear program (ILP) as follows:

Problem 1: Static Channel Allocation Under Deterministic AP Demands

minimize
{W,b↑,b↓,y}

W

subject to:
Deterministic demand constraint: (3.1);

Interference avoidance constraints: (3.2)− (3.3);

Top-frequency channels constraint: (3.5);

ypk ∈ {0, 1}, ∀p ∈ P , k ∈ Tp; (3.6)
bp↓, bp↑ ∈ {1, . . . , btot}, ∀p ∈ P ; (3.7)
W ∈ {1, . . . , btot}. (3.8)

In the following two sections, we consider uncertainty in the AP demands. The demand of AP

p ∈ P is represented as a stochastic variable D̃p. First, we propose a static stochastic frequency
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band allocation scheme. Then, we develop a two-stage stochastic primary channel and adaptive

bandwidth allocation scheme.

3.5 Spectrum Distribution Under Stochastic AP Demands: A

Static Approach

In this section, we mathematically formulate the static single-stage stochastic frequency band al-

location problem and develop its deterministic equivalent problem (DEP).

3.5.1 Problem formulation

We use chance-constrained stochastic programming [30] to formulate our problem. The objective

is to minimize the amount of spectrum that is collectively utilized by all APs. At the same time,

we want to guarantee that each AP demand is satisfied with probability ≥ β, where β ∈ [0, 1].

The probabilistic satisfaction of AP demands can be formulated using the following “chance

constraint”:

Pr
{
Rp (bp↑ − bp↓ + 1) ≥ D̃p

}
≥ β, ∀p ∈ P . (3.9)

The overall problem can be formulated as follows:
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CCCA: Static Channel Allocation Under Stochastic AP Demands

minimize
{W,b↑,b↓,y}

W

subject to:
Interference avoidance constraints: (3.2)− (3.3);

Top-frequency channels constraint: (3.5);

Probabilistic demand constraint: (3.9);

Variable limits constraints: (3.6), (3.7), (3.8).

3.5.2 Problem reformulation and solution procedure

To convert our chance-constrained program to a deterministic program, the following set provides

an exact and equivalent reformulation for the original set of chance constraints:

Rp (bp↑ − bp↓ + 1) ≥ F−1

D̃p
(β), ∀p ∈ P , (3.10)

where F−1

D̃p
(β) is the β-quantile function of D̃p (equivalently, the inverse Cumulative Distribution

Function (CDF) of D̃p evaluated at β) and can be obtained numerically using the distribution of

D̃p. Consequently, the DEP of CCCA problem can be stated as follows:

DEP of the CCCA Problem

minimize
{W,b↑,b↓,y}

W

subject to:
Interference avoidance constraints: (3.2)− (3.3);

Top-frequency channels constraint: (3.5);

Equivalent demand constraint: (3.10);

Variable limits constraints: (3.6), (3.7), (3.8).
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DEP of CCCA problem is in the form of an MILP. B&B-based methods [14] can solve MILPs

efficiently and provide the optimal solution for reasonable network sizes.

3.6 Spectrum Distribution Under Stochastic AP Demands: An

Adaptive Approach

In this section, we mathematically formulate the two-stage stochastic primary channel and

adaptive bandwidth allocation problem and develop an equivalent DEP.

3.6.1 Problem formulation

Using two-stage stochastic programming, we formulate our spectrum distribution problem. In

contrast to the static approach, here the bandwidth assignment adapts to the variations in the AP

demands. The goal of the first-stage problem is to optimally determine the primary channel for

each AP, knowing the distribution of each AP demand. The first-stage problem decision is static

and is taken before knowing the realization of each AP demand. In the second-stage problem,

the bandwidth is optimized for each AP under each realization of AP demands. The target is to

minimize the maximum deficit in AP demand satisfaction, i.e.

max
p∈P

{(
D̃p −Rp (bp↑ − bp↓ + 1)

)+
}
.

We denote fp as the index of the primary channel assigned to AP p. For each AP, the primary

channel is to fall within the allocated band. This can be modeled using the following two sets of

simple constraints:

bp↑ ≥ fp, ∀p ∈ P , (3.11)

bp↓ ≤ fp, ∀p ∈ P . (3.12)
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The first set of constraints ensures that the top-frequency channel does not fall below the primary

channel in the allocated band for each AP. The second set of constraints ensures that the bottom-

frequency channel does not fall beyond the primary channel of the allocated band for each AP. Let

f = {fp : p ∈ P} and D̃ = {D̃p : p ∈ P}. Then, the two-stage stochastic optimization problem

can be formulated as follows:

ACA: Adaptive Channel Allocation Under Stochastic AP Demands

minimize
{W,f}

{
W + α E

[
ψ
(
y,b↑,b↓, D̃

)]}
subject to:

fp ∈ {0, 1, . . . , btot − 1}, ∀p ∈ P ; (3.13)
Variable limits constraints: (3.8),

where ψ
(
y,b↑,b↓, D̃

)
is the optimal value of the second-stage

problem, which is given by:

minimize
{b↑,b↓,y}

max
p∈P

{(
D̃p −Rp (bp↑ − bp↓ + 1)

)+
}

subject to:
Interference avoidance constraints: (3.2)− (3.3);

Top-frequency channels constraint: (3.5);

Primary channel constraints: (3.11), (3.12);

Variable limits constraints: (3.6), (3.7),

where α is a design coefficient to control the trade-off between the total number of utilized channels

and the AP demand satisfaction.

3.6.2 Equivalent MILP reformulation

The objective function of the ACA second-stage problem is not linear. Denote S as the max-

imum deficit in AP demand satisfaction. To have an equivalent linear formulation, we add the
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following constraints:

D̃p −Rp (bp↑ − bp↓ + 1) ≤ S, ∀p ∈ P , (3.14)

S ≥ 0. (3.15)

Note that a solution may provide excess data rate for the APs. We prevent rewarding extra data

rate in the objective function by restricting S to be non-negative. Here, we need to represent

each scenario which corresponds to a specific realization of AP demands in the new formulation.

Denote Ω as the set of “scenarios”, or all possible demand realizations, and ω ∈ Ω is a specific

realization. Let p(ω) be the probability of scenario ω ∈ Ω, and S = {S(ω) : ω ∈ Ω}. Also, we

redefine y,b↑,b↓ as follows. Let y = {y(ω)
pk : p ∈ P , k ∈ Tp, ω ∈ Ω}, b↑ = {b(ω)

p↑ : p ∈ P , ω ∈ Ω}

and b↓ = {b(ω)
p↓ : p ∈ P , ω ∈ Ω}. Then, the second stage problem can reformulated as follows:

Reformulation of the Second Stage of the ACA Problem

minimize
{b↑,b↓,y,S}

∑
ω∈Ω

p(ω) S(ω)

subject to:

D(ω)
p −Rp (b

(ω)
p↑ − b

(ω)
p↓ + 1) ≤ S(ω), ∀p ∈ P , ω ∈ Ω; (3.16)

b
(ω)
p↑ − b

(ω)
k↓ < btot y

(ω)
pk , ∀p ∈ P , k ∈ Tp, ω ∈ Ω; (3.17)

y
(ω)
pk + y

(ω)
kp ≤ 1, ∀p ∈ P , k ∈ Tp, ω ∈ Ω; (3.18)

b
(ω)
p↑ ≤ W, ∀p ∈ P , ω ∈ Ω; (3.19)

b
(ω)
p↑ ≥ fp, ∀p ∈ P , ω ∈ Ω; (3.20)

b
(ω)
p↓ ≤ fp, ∀p ∈ P , ω ∈ Ω; (3.21)

S(ω) ≥ 0, ∀ω ∈ Ω; (3.22)

y
(ω)
pk ∈ {0, 1}, ∀p ∈ P , k ∈ Tp, ω ∈ Ω; (3.23)

b
(ω)
p↓ , b

(ω)
p↑ ∈ {1, . . . , btot}, ∀p ∈ P , ω ∈ Ω. (3.24)

Note that W and fp,∀p ∈ P are here constants and represent a solution to the first stage of the

ACA problem.
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In order to solve the ACA problem using a (B&B)-based method, the two stages of the problem

must be combined into one linear programming formulation. This can be achieved using the DEP

as follows:

DEP of ACA Problem

minimize
{W,f ,b↑,b↓,y,S}

{
W + α

∑
ω∈Ω

p(ω) S(ω)

}
subject to:

Demand deficit constraints: (3.16);

Interference avoidance constraints: (3.17), (3.18);

Top-frequency channels constraint: (3.19);

Primary channel constraints: (3.20), (3.21);

Variable limits constraints: (3.8), (3.13), (3.22), (3.23), (3.24).

The DEP of the ACA problem is in the form of MILP which size grows exponentially with the

number of APs. This MILP formulation can be solved to optimality using (B&B)-based methods

for small network instances. However, the most recent derivatives of these methods fail to provide

even a single feasible solution for reasonably large network sizes. In the sequel, we develop a

novel framework to solve the ACA problem efficiently.

3.7 A Sub-optimal Algorithm for Adaptive Channel Bonding

In this section, we exploit the special structure of the ACA problem and propose a suboptimal

algorithm to solve it efficiently.
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3.7.1 Special structure of the ACA problem

The DEP of the ACA problem is in the form of an MILP and the number of scenarios (and

hence, the number of variables) grows exponentially with the number of APs in the network. How-

ever, it has a special structure that can be exploited so that it can be solved efficiently. Constraints

(3.19)-(3.21) are called coupling constraints between scenario-dependent variables (b(ω)
p↓ and b(ω)

p↑ ).

The key point is that when the first-stage variables (i.e. W and f ) are fixed, these constraints

become no longer coupling. Then, the second stage problem can be completely decomposed

into finite number of subproblems. Each subproblem corresponds to one scenario and can be

solved independently and in parallel to other subproblems. Let y(ω) = {y(ω)
pk : p ∈ P , k ∈ Tp},

b
(ω)
↑ = {b(ω)

p↑ : p ∈ P} and b
(ω)
↓ = {b(ω)

p↓ : p ∈ P}. For each scenario ω ∈ Ω, the corresponding

subproblem can be written as follows:

Subproblem of Scenario ω ∈ Ω

minimize
{b(ω)

↑ ,b
(ω)
↓ ,y(ω),S(ω)}

S(ω)

subject to:

D(ω)
p −Rp (b

(ω)
p↑ − b

(ω)
p↓ + 1) ≤ S(ω), ∀p ∈ P ; (3.25)

b
(ω)
p↑ − b

(ω)
k↓ < btot y

(ω)
pk , ∀p ∈ P , k ∈ Tp; (3.26)

y
(ω)
pk + y

(ω)
kp ≤ 1, ∀p ∈ P , k ∈ Tp; (3.27)

b
(ω)
p↑ ≤ W, ∀p ∈ P ; (3.28)

b
(ω)
p↑ ≥ fp, ∀p ∈ P ; (3.29)

b
(ω)
p↓ ≤ fp, ∀p ∈ P ; (3.30)

S(ω) ≥ 0; (3.31)

y
(ω)
pk ∈ {0, 1}, ∀p ∈ P , k ∈ Tp; (3.32)

b
(ω)
p↓ , b

(ω)
p↑ ∈ {1, . . . , btot}, ∀p ∈ P . (3.33)

Fig. 3.3 demonstrates the idea of decomposing the DEP of the ACA problem.
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Figure 3.3: Decomposability of the ACA problem’s DEP.
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After solving all subproblems, the overall value of the second stage problem objective function

is a simple weighted sum of the subproblem objective function optimum values (i.e.
∑

ω∈Ω p
(ω) S(ω)).

The structure of the ACA problem is known in the literature as the L-shaped structure. As the first

stage problem constrains non-continuous variables, the overall problem needs to be solved within

a B&B framework.

In the basic form of the B&B method, a search tree is constructed by fixing one or more binary

decision variables at the value of zero or one. Many derivatives of this method have been proposed

in the literature. The main idea in all these derivatives is that during the search process, special

constraints are generated in order to limit the B&B search tree so that the optimal solution can

be found quickly. As an example, the integer L-Shaped method was first introduced in [51] and

was further improved in [52] to solve two-stage stochastic optimization problems with complete

recourse. However, the generated special constraints are assumed to be tight enough in order to

eliminate a sufficient portion of the B&B search tree and reach the optimal solution in short time.

Our preliminary experiments revealed that these constraints are actually loose. Therefore, the B&B

search tree explodes, consuming a large amount of memory, and the algorithm runs for a long time

(hours) without reaching even a single feasible solution. This also means that the optimality gap

cannot be tracked during the B&B searching process. As a result, this approach is inefficient to

solve the ACA problem.

In the sequel, we develop an efficient algorithm to overcome this challenge. The idea is to

replace the B&B search procedure with a particle swarm optimization (PSO)-based algorithm to

find solutions for the first stage problem while still solving the second stage problem optimally.

3.7.2 A PSO-inspired method

As explained in the previous section, the integer L-shaped method theoretically can eventually

obtain the optimal solution for the overall problem but it takes a long time and consumes a large

amount of memory. Here, we introduce an efficient algorithm based on PSO which can solve the
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problem in a much shorter time. PSO is a global search algorithm inspired by the social behavior

of schooling fish, herding animals, and flocking birds in which the groups search cooperatively for

food. Compared to other search algorithms (such as genetic algorithms and ant colony optimiza-

tion), PSO is easier to implement and has fewer parameters to control. Over the last decade, PSO

has been identified as an effective way to find good solutions for NP-hard problems [53–56]. Here,

we use a PSO-based algorithm only to obtain solutions for the first stage of the ACA problem

while solving the second stage problem to optimality. The goal of limiting the use of PSO to find

solutions to the first stage variables (as opposed to the variables of the overall problem) is twofold.

First, possibly sacrificing the first stage problem’s optimality when using PSO is compensated by

solving the second stage problem to optimality. Second, the number of first stage variables is small

compared to those of the overall problem. This leads to limiting the PSO-based algorithm’s search

space which leads to obtaining good solutions within a few iterations.

The basic idea of the algorithm is to find candidate solutions for AP primary channels using

PSO. When the primary channels are fixed in each solution, it is easy to compute the bandwidth

for each AP by solving the second stage problem. A set of candidate solutions for the first-stage

problem I is maintained, and each candidate solution is called a particle. Recall that P is the

number of APs in the network. The coordinates of each particle in the P-dimensional search space

represents the indices of the assigned primary channels to the network APs. These coordinates

are modified in each iteration of the PSO procedure in order to find better values for the objective

function of the overall two-stage stochastic optimization problem. Initially, each particle i ∈ I

is located randomly (i.e. each AP is assigned a random fp) and moves in steps (integer number

of channels) in each direction throughout the iterations of the algorithm. The movement of each

particle is influenced by its current location, the best location it has ever been positioned at, and

the best location that has been found by all particles. At termination, the algorithm reports the best

found location among all particles throughout all iterations. Now, we describe the details of the

proposed algorithm. The overall algorithm is described in Fig. 3.4. It shows the two main func-

tional blocks. The first functional block obtains an initial feasible solution to the overall problem.

The second functional block exploits the solutions obtained so far in order to generate better first
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Figure 3.4: Proposed framework for solving the ACA problem.

stage solutions through iteration.

3.7.2.1 Initial solution generation

Algorithm 1 shows the pseudocode for generating an initial feasible solution. An AP p ∈ P is

chosen randomly and assigned the first primary channel (i.e. fp = f = 0) (lines 3-8). Denote Gf
as the set of APs which has been assigned the primary channel f . Initially, Gf contains AP p (line

9). The next step is to assign the same primary channel f to as many APs as possible while avoiding

interference. This is achieved by assigning f to each non-overlapping AP with p (say k ) if none

of the later’s interfering APs (Tk) is in Gf (lines 10-16). A new primary channel (to be assigned to

the next group of APs) is chosen at a random number, say between two chosen predefined numbers

a and b, of channels apart from the first chosen one (line 17). Another AP is randomly chosen



52

among the remaining APs (which have not yet been assigned a primary channel) and assigned the

new primary channel. The procedure continues until each AP is assigned a primary channel. The

algorithm then calculates the objective function value of the first stage problem for each of the

obtained initial solution i ∈ I (denoted as obj1st
i ) (line 19). The second-stage subproblem is then

solved efficiently using a state-of-the-art solver (CPLEX [13], which implements B&B methods)

and the objective function value (denoted as obj2nd
i ) is obtained given the associated initial solution

(line 20). The overall objective function value (denoted as obji) is a simple weighted sum of the

first and second objective function values (line 21). After obtaining all |I| feasible solution, the

“initial” best (incumbent) objective value ˆobj is the minimum among all values obtained from the

set of obtained solutions.

Algorithm 1 Procedure of initial solution generation
1: SetH = P; f = 0;
2: whileH 6= ∅ do
3: Pick an AP p randomly;
4: while p 6∈ H do
5: Pick another AP p randomly;
6: end while
7: fp = f ;
8: H := H \ p;
9: Gf = p

10: for k ∈ Tp do
11: if (k ∈ H) && (Tk ∩ Gf = ∅) then
12: fk = f ;
13: H := H \ k;
14: Gf := Gf ∪ k
15: end if
16: end for
17: f := f + rand(a, b);
18: end while
19: Determine obj1st

i ;
20: Obtain obj2nd

i using CPLEX;
21: obji = obj1st

i + α · obj2nd
i
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3.7.2.2 Core algorithm

Now, we describe the core part of the algorithm. Algorithm 2 shows the pseudocode for the core

proposed PSO-inspired algorithm. Denote S as the set of all obtained feasible solutions. Initially,

S is identical to I (line 1). The algorithm starts each iteration by determining the coordinates of

particle (the solution vector) i ∈ S through the following two equations (lines 5-8):

vi,p := vi,p + wg · (Ŝ(p)− fi,p) + wl · (S̄i(p)− fi,p), (3.34)

fi,p := max(0,min(fi,p + round(vi,p), btot − 1)), (3.35)

where vi,p is the velocity of particle i in the pth dimension, wg and wl are the global and local

weighting factors, respectively, fi,p, S̄i(p) and Ŝ(p) are the pth entries in current solution vector

i, best found solution for particle i, and the best solution among all particles, respectively. The

global weighting factor determines how much the difference between a particle’s current solution

and the best (incumbent) solution (Ŝ) affects its next movement of the particle. Similarly, the local

weighting factor determines how much the difference between a particle’s current solution and its

best obtained solution (S̄i) affects its next movement. Note that in the last expression, the updated

value of vi,p is rounded because the particle move in any direction is restricted to be an integer

number of steps since it represents a channel index. Also, the updating process avoids moving the

particle outside the search space in any of the P directions by adding a simple correction in the

location update equation. Each updated solution i ∈ I is then checked for feasibility (line 9). If

the solution is feasible, it is checked against the entries in the list of previously obtained solutions

(i.e. S) (line 10). If it is not found, obj1st
i is calculated, the second-stage problem is solved using

CPLEX to determine obj2nd
i , and the overall objective function value is:

obji = obj1st
i + α · obj2nd

i , (3.36)
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and a new entry for this solution is created in S (lines 11-14). If the solution has already been

obtained before, the values of its first-stage objective (obj1st
i ), second-stage objective (obj2nd

i )and

overall objective (obji) are updated with the values in corresponding entry of S (line 16). If the

solution is not feasible, obji is set to high value (line 19). At the end of the iteration, the best

achieved position (solution) for each particle ( ¯obji) and the overall best (incumbent) solution ( ˆobj)

are updated (lines 21-26). The algorithm terminates when either the maximum number of iterations

is reached.

Algorithm 2 PSO-inspired algorithm to solve the ACA problem
1: Find a set of I initial feasible solutions using Algorithm 1;
2: Set k = 0; S = I;
3: while k ≤ #Iterations do
4: for i ∈ I do
5: for p ∈ P do
6: vi,p := vi,p + wg · (Ŝ(p)− fi,p) + wl · (S̄i(p)− fi,p);
7: fi,p := max(0,min(fi,p + round(vi,p), btot − 1));
8: end for
9: if Si is feasible then

10: if Si /∈ S then
11: Determine obj1st

i ;
12: Use CPLEX to obtain obj2nd

i ;
13: obji := obj1st

i + α · obj2nd
i ;

14: S := S ∪ Si;
15: else
16: Get obji, obj1st

i , obj2nd
i from the corresponding entry in S;

17: end if
18: else
19: Set obji := obj1st

i := obj2nd
i :=∞;

20: end if
21: if ¯obji > obji then
22: ¯obji := obji;
23: end if
24: if ˆobj > ¯obji then
25: ˆobj := ¯obji;
26: end if
27: end for
28: k := k + 1;
29: end while
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3.8 Performance Evaluation

In this section, we evaluate our stochastic allocation schemes, and compare them to the existing

approaches. Moreover, we study the performance of the PSO-inspired algorithm for solving the

two-stage stochastic problem.

3.8.1 Distribution of the AP demands

To generate sensible instances of AP demands, we use the model proposed by Chen, Kurose,

and Towsley in [50]. The authors developed a mixed queueing network model to capture user

mobility in a campus network. Two classes of users were considered: open and closed. The open

class consists of users who visit the network for a short period of time then leave. The marginal

occupancy distribution at AP p of the open-class users has been expressed as a Poisson distribution

with parameter ρpo = λp
µp

, where ρpo is the load of AP p generated from the open-class users, λp is

the aggregate arrival rate, and 1/µp is the expected time the user stays in the network. The closed

class consists of users who stay in the campus for long period and switch between multiple APs.

The marginal occupancy distribution at AP p of the closed-class users has been approximated by a

Poisson distribution with parameter ρpc = N νp, where N is the total number of users in the closed

class, and νp is the fraction of time during which a closed-class user is associated with AP p. As

the distributions of the two classes are independent, the overall marginal occupancy distribution

of AP p is the convolution of two Poisson distributions, which is also Poisson with parameter ρp,

where ρp = ρpo + ρpc . We assume that the demand per user (denote by d) is the same for all APs

and users. Then, AP demand has a Poisson distribution with parameter ρp, and its instantaneous

value can be calculated through multiplying the number of currently associated users by d.
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Table 3.2: System parameter values.

Parameter Value
λp,∀p ∈ P 1-5 users/min.

1/µp,∀p ∈ P 1-5 min.
N 50

νp,∀p ∈ P 0.001-0.005

Table 3.3: Algorithm parameter values.

Parameter Value
(a, b) (1,4)
wg 0.1
wl 0.1

# iterations 10

3.8.2 Evaluation setup

The parameters of AP demand distribution were chosen as follows. The arrival rate of users at

each AP is uniformly and independently generated between one and five users per minute. The

expected stay time of users at each AP is randomly selected between one and five minutes. For the

closed-class users, we set N = 50 and νp is randomly selected between 0.001 and 0.005. Table 3.2

summarizes the parameter settings in our simulations. The data rate per channel is assumed to be

the same for all APs, i.e. Rp
def
= R, ∀p ∈ P .

The ratio R/d is used as a parameter in our simulations. The value of this ratio reveals how

frequency channels can satisfy user demands. When R/d is small (i.e. < 1), multiple channels are

required to satisfy a single user demand. On the contrary, large values of R/d indicate that a single

channel might suffice to satisfy multiple user demands.

In our experiments, we use three network setups. The first network setup is used to demonstrate

the benefits of the static stochastic allocation approach. The network consists of ten APs, each of

which can have up to 15 users. The interference relationships between APs are shown in Fig. 3.5a,

where a line between two APs exists if they are interfering. The second network setup is to show

the advantage of the two-stage adaptive stochastic allocation approach and the performance of
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(a) Network setup 1 (b) Network setup 2 (c) Network setup 3

Figure 3.5: Interference graphs.

the PSO-inspired algorithm. The network consists of three APs, each of which can have up to

seven users. The interference graph of the second network is shown in Fig. 3.5b. We consider a

general case where AP 1 interferes with both AP 2 and 3 while AP 2 and 3 are not interfering with

each other. The third network setup is to show the performance of the PSO-inspired algorithm for

larger network sizes. The network consists of six APs, each of which can have up to seven users.

The interference graph of the third network is shown in Fig. 3.5c. We ran our experiments on a

general-purpose desktop computer, which is Dell Precision T7600 with 16 processor cores (Intel

Xeon CPU E5-2687W 0 @ 3.1 GHz) and 64 GB RAM. CPLEX was used to solve our optimization

problems. For the deterministic and the static (single-stage) stochastic schemes, whenever CPLEX

reports multiple optimal solutions (with the same value of W ), we pick the solution that gives the

maximum average probability of demand satisfaction across all APs.

We use the following metrics to evaluate our proposed stochastic allocation approaches: (i) the

total number of utilized channels (W ), (ii) the average probability of demand satisfaction across all

APs, denoted as ξ, and (iii) the average AP demand dissatisfaction, denoted as χ, which considers

only the cases where the AP demands are not satisfied. The relative deficit in each AP demand

satisfaction is obtained then we calculate the average over all AP deficits. For the static (single-

stage) and deterministic schemes, the relative deficit for each AP p ∈ P can be computed as
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follows:

χstatic-det =

∑
dp∈D̃p

{
Pr{D̃p = dp} max(dp−R bp,0)

dp

}
∑

dp∈D̃p:dp>R bp

Pr{D̃p = dp}
× 100%.

For the two-stage problem, the relative deficit for each AP p ∈ P is calculated as follows:

χadaptive =

∑
ω∈Ω

{
p(ω)

max
(
D

(ω)
p −R b

(ω)
p ,0

)
D

(ω)
p

}
∑

ω∈Ω:D
(ω)
p >R b

(ω)
p

p(ω)
× 100%.

3.8.3 Static approach

As shown in Fig. 3.6, the static approach provides flexibility in controlling the trade-off between

W and both ξ and χ. As mentioned before, this controllability in the system performance is not

possible under the deterministic approach. As shown in Fig. 3.6(b), when β is relatively small, the

achieved ξ is significantly higher than the minimum required. This can be explained as follows.

Some APs overlap with only one AP (e.g. AP 2 and 9) or does not overlap with any AP (e.g. AP 1).

In such cases, when the total bandwidth utilized by the network is higher than these “isolated” APs’

required bandwidth (for a given β), they can seize more channels as long as the total number of

seized channels do not exceed the number utilized by the overall network. This results in achieving

a probability of satisfaction much higher than β for these individual APs. Consequently, ξ exceeds

β by a noticeable amount. This surplus decreases as β increases because the requirements become

higher and the corresponding constraints are thus tighter.

3.8.4 Static vs. deterministic

In this subsection, we illustrate the gains of static approach. More specifically, we compare the

performance of the deterministic scheme (which considers the mean value of the demand) with the

static approach under two values of β. In our experiments, the probability that the actual demand
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Figure 3.6: Behaviour of static approach (10 APs, 15 users, R/d = 3.0).

is smaller than or equal to the expected demand (i.e. Pr{D̃p ≤ E[D̃p]}) is between 0.41 and 0.55.

As shown in Fig. 3.7, when β = 0.4, the static approach performs similar to the deterministic one.

When β = 0.85, both ξ and χ have much better values at the cost of more allocated channels.

Also, when R/d ≤ 1.5, there is no feasible solution as β is too large to be satisfied given the

available number of channels. The fluctuations of ξ and χ in Fig. 3.7(b) and (c), respectively, can

be explained through an example as follows. Let us consider the curves corresponding to β = 0.4.

When the value of R/d increases from 1.9 to 2.0, W decreases from 12 to 10. Here, the increment

in R/d could not compensate for the decrement in W . As a result, lower demand values could

be covered by the current configuration. Consequently, ξ decreases and χ increases. On the other

hand, when the value of R/d increases from 2.0 to 2.3, the value of W remains at 10, ξ increases,

and χ decreases because the increment in R/d could satisfy a larger percentage of demands.

3.8.5 Adaptive approach

As discussed in Section 3.6, α controls the tradeoff between W and the APs demand satisfaction.

Fig. 3.8 demonstrates the capability of the adaptive approach to control the trade-off between W

and both ξ and χ. When α is sufficiently small (i.e. ≤ 1), the network seizes as few as one channel

at the cost of small ξ and large χ. On the other hand, when α is sufficiently large (i.e. ≥ 103), ξ

approaches one, and χ drops to zero at the cost of seizing more channels.
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Figure 3.7: Comparison between deterministic and static approaches (10 APs, 15 users).
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Figure 3.8: Behaviour of adaptive approach (3 APs, 7 users, R/d = 1.0).
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Figure 3.9: Performance of the proposed PSO-inspired framework (3 APs, 7 users).

3.8.6 PSO-inspired framework performance

In this section, we discuss the performance of the proposed PSO-inspired framework. Note that

the shown results in this section are only a few examples from our experiments which spanned

different network instances and gave similar results.

3.8.6.1 Performance for small networks

As discussed in Section 3.6, the problem size grows exponentially with the number of APs in the

network. To tackle this challenge, a PSO-inspired framework was proposed in Section 3.7. Here,

we compare this framework to the approach which solves the DEP using CPLEX. In the procedure

of initial solution generation, we set the limits for the random number of channel separation as

a = 1 and b = 4. The PSO algorithm parameters (wg and wl) are both set to 0.1. The maximum

number of iterations is set to 10. Table 3.3 summarizes the PSO-inspired algorithm parameters. As

shown in Fig. 3.9, the proposed framework was able to reach the same optimal solution obtained

by CPLEX for different values of α and R/d within few iterations as will be discussed in the next

subsection.
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Figure 3.10: Convergence of the proposed PSO-inspired framework (3 APs, 7 users).

3.8.6.2 Convergence rate

Here, we show the convergence rate of the proposed framework. Each subfigure in Fig. 3.10 shows

the behavior of the PSO-inspired algorithm for a specific combination of α and R/d. It is clear

that the proposed framework takes three iterations in order to reach the optimal solution. When

R/d = 0.2, the algorithm finds an intermediate solution before reaching the optimal one. When

R/d = 0.5, it could not find intermediate solutions during the first and second iterations but could

reach the optimal solution in the third iteration.
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3.8.6.3 Performance for larger networks

As discussed in Section 3.6, CPLEX fails to obtain any solution for the DEP of the adaptive

stochastic optimization problem. Our experiments reveal that three APs is the maximum network

size for which CPLEX (being one of the most famous state-of-the-art solvers) can obtain any

solution. We show here the ability of the proposed framework to obtain solutions for larger network

size. We consider here the third network setup which consists of six APs, and up to seven users

can be associated with each AP. Fig. 3.11 shows the values of the objective function, W , ξ, and χ,

when α = 1 and 1000. As expected, when R/d increases, the objective function value decreases.

For α = 1000, W decreases with R/d because all demands under all scenarios can be satisfied

using smaller W . When α = 1, ξ increases with R/d as larger portion of demand scenarios is

satisfied.

3.9 Conclusions

We proposed a novel stochastic spectrum distribution framework for WLANs, which accounts for

the APs’ demand uncertainty. Static and adaptive stochastic bandwidth allocation approaches were

developed. The objective of the static approach was to minimize the total number of channels al-

located to the network. The static approach also considered guaranteeing a configurable minimum

probability of satisfaction for each AP demand. On the other hand, the adaptive approach provided

a trade-off between the number of channels and the level of AP demand satisfaction. Due to the

complexity of the adaptive approach problem, we proposed a framework in which a PSO-inspired

algorithm was developed. Through extensive simulations, we showed the superiority of the pro-

posed stochastic allocation framework compared to the deterministic approach. Also, the results

demonstrated the ability of the proposed PSO-inspired algorithm to solve the problem efficiently.
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Figure 3.11: Behaviour of PSO-inspired framework for larger networks (6 APs, 7 users).



Chapter 4

On the Optimal Resource Allocation in

Multi-RAT Wireless Networks with

Receiver Characteristic Awareness 1

4.1 Introduction

The number of connected devices and the demand for quality wireless services have seen an ex-

plosive growth in the recent past, and is expected to increase exponentially in the future [58].

This places enormous demands on the radio frequency (RF) spectrum, which is limited and hence

expensive. In order to cope with this increasing demand, several researchers have proposed im-

proving the spectrum utilization by replacing the static and exclusive spectrum allocation model

with a dynamic allocation model [59–63]. This paves the way for network sharing and coexistence

(see, for example, [64, 65]).

1The Introduction, Motivational Example, and Preliminaries sections of this chapter are based on the similarly
titled sections in the conference and journal papers on which this chapter is based, and these sections of those papers
were originally written by Aditya V. Padaki. They have been appropriately modified for appearance here, but I am
grateful to Aditya for his contributions to this work.

65
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To ensure harmonious coexistence, several frameworks based on sensing, beacons, and databases

have been proposed [64]. Such frameworks will allow many radio access technologies (RATs) to

operate in the same band while avoiding harmful interference to each other. However, realizing

such frameworks imposes an onerous task of managing wireless networks with diverse technolo-

gies and optimizing several parameters to maximize spectral efficiency. The Spectrum Access

System (SAS) is one database-driven framework in which a centralized entity manages spectrum

in real time. SAS has been recently adopted by the Federal Communications Commission (FCC)

to enable spectrum sharing in the 3.5 GHz band [66, 67].

Radio interference can be classified as co-channel and adjacent channel interference (ACI).

The former is due to unwanted radio signals in overlapping frequencies with the desired signal.

ACI is again of two types: One caused by transmitters on adjacent channels due to spectral leakage

into the desired channel. The other type of ACI is due to the nonlinear response of the receiver

front-end which causes the radio signals in adjacent channels to mix-up with the intended sig-

nal in the desired channel. This type of ACI primarily arises due to receiver imperfections and

inherent non-linearity in their operation. The management of co-channel interference and ACI

due to spectral leakage between coexisting systems has received much attention from several re-

searchers [69–71]. However, there is not much literature on the management of ACI due to the

nonlinear response of the receiver front-end.

In the conventional framework, receivers were protected from ACI during band planning and

allocation by carefully-crafted guard bands customized to the technologies and receiver RF front-

ends. This prevented adjacent channel signals from entering the receiver circuits. However, next-

generation wireless networks will witness an unprecedented diversity in RATs and front-ends,

accessing the same band of spectrum in a spatial-temporal neighborhood. Receivers in next gener-

ation dynamic spectrum access networks will have to encumber signals of unknown types, power

levels, and spectrum masks on channels adjacent to its operation. While legacy receivers operating

in opportunistic access bands were not designed to withstand the vagaries of dynamic spectrum

access, even new radios can seldom be completely protected from hostile interference emanating

from adjacent channels. Thus, the framework of allocating customized static guard bands col-
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lapses when exceedingly diverse RATs need to be managed dynamically. Managing ACI due to

the nonlinear response of the receiver front-end adds to the challenges for coexistence of wireless

networks on a dynamic basis.

Considering the impact of receiver front end imperfections on the desired channels for resource

allocation and network optimization is critical to the successful deployment and operations of ag-

ile opportunistic access networks. The adverse effects of allocating spectrum without accounting

for receiver sensitivities is exemplified by the recent LightSquared (LS) controversy [72]. The

company, LS, obtained a license to deploy LTE repeaters in a band adjacent to the civilian Global

Positioning System (GPS) downlink and planned deployments worth close to $3B. However, post

factum testing and analysis demonstrated that the LTE repeaters would potentially compromise

GPS receiver operations because the latter poorly tolerated ACI. This resulted in the FCC suspend-

ing the license for LS. Note that FCC was only dealing with allocation of static bands in this case.

If channel allocations remain agnostic to receiver characteristics, such issues will become ram-

pant and magnified when disparate systems attempt to coexist dynamically. Multiple regulatory

agencies and standardization bodies have also stated this fact repeatedly [73–77].

It is well acknowledged that efficient utilization of RF spectrum is of paramount importance.

Network optimization methodologies that minimize the number of allocated channels and total

transmit power whilst ensuring minimum data rate requirements are of immense interest for next-

generation spectrum management systems (e.g., SAS). The significance of considering receiver

performance in frameworks for efficient spectral utilization was first shown in [78]. In [80, 81],

the authors proposed algorithms and frameworks to manage interference arising from solely from

third order distortions. In [83], the authors proposed novel schemes for interference avoidance in

wireless networks with nonlinear receivers approximated with third order polynomial model. The

authors in [82] quantified the receiver nonlinearity from a spectrum-centric perspective. In [84],

the linearity requirements for successful operations of opportunistic access cognitive radio for up

to four blocking signals were addressed, assuming a third order nonlinear model with intermod-

ulation distortion. However, these results largely concentrated on the distortions caused due to

intermodulation spurs when the receiver operated in the weak nonlinear region.
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In this chapter, we propose a scheme to minimize the number of allocated channels and to-

tal transmit power whilst ensuring minimum data rate requirements accounting for receiver image

frequency and analog-to-digital converter (ADC) aliasing. We utilize the channelized spectrum

representation models for image frequency rejection and ADC aliasing, described in [79,86] to for-

mulate the optimization framework. The overall problem is in the form of Mixed-Integer-Linear-

Programming (MILP) which is NP-hard, in general. Consequently, we develop an algorithm to

solve it efficiently. The proposed algorithm decomposes the problem into two subproblems: chan-

nel allocation and power assignment. Then, it solves the decomposed problem iteratively using a

two-phase structure. In Phase I, a particle swarm optimization (PSO)-based algorithm is tailored to

obtain good solutions for the channel allocation subproblem. Phase II solves the power allocation

subproblem optimally given the channel allocation solution obtained in Phase I. The algorithm

alternates between the two phases until a stopping criterion is met.

Main contributions:

• We develop a receiver-characteristics-aware optimization framework for resource allocation

in multi-RAT wireless networks.

• We provide insights on how to set the problem parameters under the proposed framework to

control the trade-off between the number of allocated channels and the total power transmit-

ted in the network.

• We show the effect of heterogeneous receiver characteristics on the overall utilization of

network resources.

• We propose an efficient algorithm to solve the receiver-characteristic-aware joint channel al-

location and power assignment problem. In this algorithm, the problem is solved iteratively,

and in each iteration it is decomposed into two subproblems. A particle swarm optimiza-

tion (PSO)-inspired algorithm is developed to solve the channel allocation subproblem. The

power assignment subproblem is solved optimally given the solution of the channel alloca-

tion subproblem.
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(a) (b)

Figure 4.1: Adjacent channel interference due to receiver impairments

• We conduct extensive simulations to show the strength of the proposed optimization frame-

work and the PSO-inspired algorithm for different network sizes.

The rest of the chapter is organized as follows. In Section 4.2, we motivate this work with

an example. In Section 4.3, preliminaries on the sources of wireless receiver imperfections are

provided. In Section 4.4, we introduce the system model and state our problem. In Section 4.5,

we develop the proposed optimization framework. Section 4.7 shows numerical results and gives

insights on how to set the configuration parameters of the proposed framework. In Section 4.8, we

conclude our work and indicate directions for future research.

4.2 Motivational Example

In this section, we provide a qualitative explanation of the benefits of receiver characteristic aware

resource allocation. For simplicity of explanation, consider two co-located receivers sharing four

channels. Each receiver’s link has its data rate requirement as shown in Fig. 4.1a. Assume that

the impairments of Receiver 2 are much higher than Receiver 1. Thus, Receiver 2 will face higher

adjacent channel interference than receiver 1. After the signals traverse the receiver front end, the

interference faced by each receiver is illustrated in Fig. 4.1b.
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(a) (b)

Figure 4.2: Illustrative diagram on the benefits of receiver-characteristics-aware resource allocation

Without the knowledge of receiver characteristics, we essentially are blind to the individual

vulnerabilities of receivers. Thus, the spectral resources and power allocation for each receiver is

proportional to its data rate demand only. However, since Receiver 2 is more vulnerable, it suffers

a higher adjacent channel interference. Hence, such an allocation will potentially not be able to

meet the individual Quality of Service (QoS) demands. This is shown in Fig. 4.2a. Receiver 2

faces enormous interference, and hence substantially falls short of the QoS demand.

Traditional responses to this will either be to (a) increase the number of allotted channels

to Receiver 2, at the cost of QoS of Receiver 1, or (b) increase the power for Receiver 2, not

only costing a higher power budget, but also in turn inflicting higher interference to Receiver 1.

However, with the specific knowledge of the receiver impairments and vulnerabilities, an informed

and efficient allocation may be carried out. As shown in Fig. 4.2b, as Receiver 1 can better handle
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Figure 4.3: An example direct conversion receiver architecture.

adjacent channel interference, the power of Receiver 2 is increased on a single channel, while

protecting it by allocating relatively lower power on adjacent channels for the other receiver. While

this may result in distortions for Receiver 1, this along with lowered power are compensated by

adding a channel to meet the required QoS demand. Thus, both receivers are potentially able to

meet the QoS demand, while maintaining efficient spectral utilization and power budgets.

4.3 Preliminaries

In this section, we provide a synopsis of the receiver architecture considered and adjacent channel

interference caused due to receiver imperfections. A Direct Conversion Receiver (DCR) architec-

ture as shown in Fig. 4.3 is assumed. This is the most common architecture that will be used in

next generation wireless systems [79, 87–89]. The front end Band Pass Filter (BPF) spans the en-

tire range of RF frequencies in which the receiver is designed to operate. Thus, the desired signal

bandwidth is typically a small fraction of the front end BPF. Moreover, since this is an RF filter, it

generally exhibits poor selectivity. Consequently, unwanted signals from adjacent channels enter

the receiver front end.

Certain aspects of receiver operation make then inherently non-linear (such as down conver-

sion), and certain other front-end imperfections exhibit nonlinear behavior. This results in signals

from adjacent channels interfering with the desired signal. Fig. 4.4 shows the transfer charac-

teristics of a receiver. It can be largely divided into three regions: Linear, weak nonlinear, and

strong nonlinear. The impact of distortions when the receiver operates in the nonlinear region was

previously considered in [81]. However, optimal resource allocations accounting for ACI due to
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Figure 4.4: Transfer characteristics of a typical receiver.

receiver impairments in the linear region has not been addressed in the existing literature. In this

chapter, we introduce a receiver-characteristics-aware resource allocation framework which takes

into consideration receiver impairments occurring in the linear region of operation.

We consider two major receiver impairments that lead to ACI namely, incomplete image fre-

quency rejection and imperfect sampling leading to ADC aliasing. Due to these effects, compo-

nents of signals from adjacent channels appear in the desired channel at the output of the RF front

end.

4.3.1 Impact of receiver impairments

In this section, we describe the quantitative formulation of the impact of the two receiver impair-

ments based on the models developed in [79, 85, 86]. We describe the framework specific to our

use case and direct readers to those references for further details.

Consider a receiver front end band pass filter spanning a set of contiguous channels C =

{1, 2, . . . , C} of equal bandwidth. Let PR[c] denotes the power received in channel c ∈ C.
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Table 4.1: Matrix representation example of receiver impairments for C = 4 and B = 2 [86].

Mixer Pmix =


1 0 0 λ
0 1 λ 0
0 λ 1 0
λ 0 0 1


︸ ︷︷ ︸

Zmix


PR[1]
PR[2]
PR[3]
PR[4]



ADC PADC =

[
1 0 1 0
0 1 0 1

]
︸ ︷︷ ︸

ZADC


|G|2 0 0 0

0 |G|2 0 0

0 0 |G|2 0

0 0 0 |G|2


︸ ︷︷ ︸

ZAAF


Pmix[1]
Pmix[2]
Pmix[3]
Pmix[4]


Receiver PRF chain = ZADCZAAFZmixP ,

Chain where P = [PR[1]PR[2]PR[3]PR[4]]T

Throughout the discussion in this chapter, we assume the receiver is operating in the linear re-

gion.

4.3.1.1 Mixer – image frequency rejection

We assume the local oscillator frequency to be the center of the front-end band pass filter. Imperfect

mixing results in the image frequency signal component appearing at the desired channel c. Using

the developments in [86], we re-formulate the mixer output at the desired channel c ∈ C specific

to our use case as,

Pmix[c] = PR[c] + λ PR[C − c+ 1], (4.1)

where Pmix[c] is the mixer output at channel c, and λ denotes the image frequency rejection ratio

of the receiver.

4.3.1.2 ADC aliasing

The input signal to the ADC spans C channels. However, if there are only a set B = {1, 2, . . . , B}

of channels in the first Nyquist zone of the ADC, where B ⊂ C, B < C, there will be aliasing. The
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set channels remaining at the output of the ADC can be obtained as,

ΨB,C =

{
C −B

2
+ 1,

C −B
2

+ 2, . . . ,
C +B

2

}
. (4.2)

In general, the mapping between c and b is given by

c =

(
C −B

2

)
+ b; b ∈ [1, B]. (4.3)

Assuming that an anti-aliasing-channel-select filter before the ADC filters out the unwanted

frequencies, the output of this filter for channel c can be written as, PAAF[c] = |G|2 Pmix[c], where

PAAF[c] is the anti-aliasing filter output at channel c, and G is the linear gain of the filter. We now

re-formulate the analysis in [86] to obtain the ADC output for channel c ∈ B of the first Nyquist

zone as:

PADC[c] =

dCBe−1∑
k=−dCBe+1

PAAF

[(
C −B

2

)
+ c− kB

]
. (4.4)

4.3.1.3 Entire receiver chain

The output power of the channel c in the first Nyquist zone post sampling for the receiver chain

can be expressed as:

PRFchain
[c] =

dCBe−1∑
k=−dCBe+1

{
|G|2 · (PR[i− kB] + λ PR[C − i+ kB + 1])

}
, (4.5)

where i =
(
C−B

2

)
+ c. The example matrix representation is shown in Table 4.1. In general, the

output of each channel of the first Nyquist zone is:

PRFchain
= ZP , (4.6)
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where Z = ZADCZAAFZmix. Let µcĉ represent the element of row c and column ĉ of the matrix Z.

Post digitization, if the desired channel in the first Nyquist zone, then µcĉ captures the impact of

the signals in an adjacent channel ĉ ∈ C \ {c} on the desired channel c.

4.4 System Model and Problem Statement

We consider a setM = {1, 2, . . . ,M} of links belong to different networks in a multi-RAT en-

vironment. Each link m ∈ M can be assigned a transmission power on channel c (denoted by

γmc ), where 0 ≤ γmc ≤ γmax and γmax is the maximum total power that can be assigned to any link.

We assume that the front end band pass filter of each link’s receiver spans the whole C. The chan-

nels allocated to link m ∈ M need to be contiguous. Cmc represents a subset of channels so that

a signal transmitted on channel ĉ ∈ Cmc causes ACI to channel c at the receiver of link m with

amount of µmcĉ of the signal power. Denote I = {1, 2, . . . , I} as the set of data rates with which

data transfer can be performed on any channel. The chosen data rate from this set depends on the

received signal-to-interference-plus-noise (SINR) value on the corresponding channel taking into

consideration intended signal’s power and ACI.

4.4.1 Channel effect on the received signal strength

The received signal strength is affected by the channel between the transmitter and the receiver.

Channel effect is mainly due to path loss and small scale fading. We assume that each link’s

transmitter and receiver is independently positioned according to a Binomial Point Process (BPP)

[90]. The path loss coefficient, denoted by PLmn, is a function of the distance dmn between

transmitter n and receiver m, and path loss exponent α (i.e. PLmn = (dmn)−α). Small scale

propagation is modeled using a Rayleigh fading model. We denote the overall channel coefficient

between transmitter n and receiverm on channel c as hmnc , and hmnc can be obtained by multiplying

the path loss coefficient by the Rayleigh fading coefficient.
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Table 4.2: Notation.

Sets and Indices:
M Set of links in the network
C Set of available contiguous channels in the network
Cmc Subset of channels so that a signal transmitted on channel ĉ ∈ Cmc causes ACI

to channel c ∈ C at the receiver of link m ∈M
I Set of data rates that can be supported on any channel

Data:
Bm Maximum number of channels that can be allocated to link m ∈ M which

corresponds to the bandwidth of the ADC filter
γmax Maximum total power that can be assigned any link
ηi SINR threshold level i
µmcĉ ACI effect on the receiver of link m ∈ M caused by channel ĉ’ signal on

channel c ∈ C
hnmc channel coefficient between the transmitter of link n ∈M and the receiver of

link m ∈M on channel c ∈ C
σ2 Average power of the background noise
Dm Data rate demand on link m ∈M

Decision Variables:
xmc Binary variable to indicate whether or not channel c ∈ C is allocated to link

m ∈M
γmc Assigned power to link m ∈M on channel c ∈ C
Rm
c Achievable rate on channel c ∈ C if allocated to link m ∈M

4.4.2 Problem statement

Each link m ∈ M has a rate demand (denoted by Dm) to be met through aggregating data rates

on its allocated channels. The main objective is to minimize the total number of utilized channels.

Also, minimizing the total amount of power transmission from all links is desired. The overall

objective is a linear combination of aforementioned two objectives while meeting the data rate

demands of all links. Table 4.2 summarizes the important notation used in this chapter.
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4.5 Optimization Framework

In this section, we present the proposed optimization framework which accounts for the unique

characteristic of each link’s receiver. We start with the problem constraints, then we introduce the

objective function.

4.5.1 Optimization constraints

4.5.1.1 Avoiding co-channel interference between links

Denote xmc as a binary variable to indicate whether or not channel c is allocated to linkm. Two links

cannot utilize the same channel. This can be represented using the following set of constraints:

∑
m∈M

xmc ≤ 1, ∀c ∈ C. (4.7)

4.5.1.2 Restricting maximum number of channels per link

The maximum number of channels that can be allocated to link m, denoted as Bm, is proportional

to the bandwidth of the ADC filter.

∑
c∈C

xmc ≤ Bm, ∀m ∈M. (4.8)

4.5.1.3 Contiguity of link’s allocated channels

All channels allocated to a specific link have to be contiguous. If a link utilizes a channel c and

other channels, the consecutive channel (c + 1) or (c − 1) has to be allocated to the same link.

For example, link m seizes two channels where one of them is channel 1, the other one has to be

channel 2. Considering each channel in the set indexed from 1 to C − 1, this restriction can be
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mathematically expressed as follows:

If {xmc = 1} and

{∑
ĉ>c

xmĉ ≥ 1

}
⇒
{
xmc+1 = 1

}
.

We first introduce an indicator variable

ymc = 1{
∑̂
c>c

xmĉ } so that: {∑
ĉ>c

xmĉ ≥ 1

}
⇔ {ymc = 1} .

The forward relationship can be expressed as follows:

∑
ĉ>c

xmĉ ≤ (Mc + 1) ymc , ∀c ∈ C \ {C},m ∈M, (4.9)

where Mc is an upper bound on
∑̂
c>c

xmĉ − 1. The backward relationship can be formulated as:

∑
ĉ>c

xmĉ +mc y
m
c ≥ mc + 1, ∀c ∈ C \ {C},m ∈M, (4.10)

where mc is a lower bound on
∑̂
c>c

xmĉ − 1. It is easy to see that mc = −1,∀c ∈ C.

Then, the original expression can be represented as:

If {xmc = 1} and {ymc = 1} ⇒
{
xmc+1 = 1

}
,

which can be formulated as follows:

xmc+1 ≥ xmc + ymc − 1, ∀c ∈ C \ {C},m ∈M. (4.11)
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4.5.1.4 Relationship between channel allocation and power transmission

A link is to transmit with a non-zero power level only on its allocated channels. This restriction

can be modeled using:

γmc ≤ γmax x
m
c , ∀c ∈ C,m ∈M. (4.12)

4.5.1.5 Restricting link total power transmission

The total power transmitted from a link across its allocated channels should not exceed a predefined

limit γmax. This can be expressed as follows:

∑
c∈C

γmc ≤ γmax, ∀m ∈M. (4.13)

4.5.1.6 Link demand constraints

Each link’s data rate demand must be met. Denote Rm
c as the achievable data rate on channel c if

allocated to link m. This can be expressed as follows:

If xmc = 0 then Rm
c = 0,

else if xmc = 1 then Rm
c ≥ 0.

The link demand constraints are:

∑
c∈C

Rm
c ≥ Dm, ∀m ∈M. (4.14)

4.5.1.7 SINR-to-rate mapping constraints

In practical wireless systems, each range of SINR values is mapped to a single Modulation and

Coding Scheme (MCS) which defines the resulting date rate. Assume that there are I MCSs
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Figure 4.5: SINR-to-Rate mapping.

which correspond to the same number of supported data rates. Each SINR range is mapped to an

achievable date rate value as shown in Fig. 4.5. In the context of our problem, the SINR at the

receiver of link m on channel c can be expressed as:

SINRm
c = hmm

c γmc

σ2+
∑

ĉ∈Cmc
µmcĉ

 ∑
n∈M
n 6=m

hnm
ĉ γnĉ


, ∀c ∈ C,m ∈M,

where σ2 is the average power of the background noise, hnmĉ is the channel coefficient between the

transmitter of link n and the receiver of link m on channel ĉ. When the SINR is below a minimum

threshold η1, the rate is set to zero. This can be expressed as follows. For each c ∈ C,m ∈M:

hmm
c γmc

σ2+
∑

ĉ∈Cmc
µmcĉ

 ∑
n∈M
n6=m

hnm
ĉ γnĉ


< η1⇒ Rm

c = 0.

The strict inequality can be converted to a non-strict one by adding a small number ε. Rearranging

the terms and introducing a new binary variable tmc , the constraint can be represented as follows:

hmmc γmc − η1

∑
ĉ∈Cmc

µmcĉ

 ∑
n∈M
n 6=m

hnmĉ γnĉ

+ ε ≤ η1σ
2⇒ tmc = 1⇒ Rm

c = 0,
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which can be modeled using the following two inequalities:

hmmc γmc −η1

∑
ĉ∈Cmc

µmcĉ

∑
n∈M
n6=m

hnmĉ γnĉ

+ε−(Em
c − ε0) tmc ≥ η1σ

2 +ε0, ∀c ∈ C,m ∈M, (4.15)

where Em
c = −η1

∑
ĉ∈Cmc

µmcĉ

 ∑
n∈M
n6=m

hnmĉ γmax

− η1σ
2 and ε0 is a small constant.

Rm
c ≤ (1− tmc ) RI , ∀c ∈ C,m ∈M. (4.16)

When the SINR value exceeds the minimum threshold η1, we can represent the relationship

between the SINR and the achievable rate as follows. Setting R0 = 0, for each c ∈ C,m ∈M, i ∈

I:

hmm
c γmc

σ2+
∑

ĉ∈Cmc
µmcĉ

 ∑
n∈M
n6=m

hnm
ĉ γnĉ


≥ ηi⇔ Rm

c > Ri−1.

Rearranging the terms and converting the strict constraint to non-strict one (using the small con-

stant ε):

hmmc γmc − ηi
∑
ĉ∈Cmc

µmcĉ

 ∑
n∈M
n6=m

hnmĉ γnĉ

 ≥ ηiσ
2⇔ Rm

c ≥ Ri−1 + ε.

We introduce a new binary variable smc,i to break down the relationship between the two expressions

as follows:

hmmc γmc − ηi
∑
ĉ∈Cmc

µmcĉ

 ∑
n∈M
n6=m

hnmĉ γnĉ

 ≥ ηiσ
2⇔ smc,i = 1,

and
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smc,i = 1⇔ Rm
c ≥ Ri−1 + ε.

Focusing on the first relationship, the forward part can be modeled as follows:

hmmc γmc −ηi
∑
ĉ∈Cmc

µmcĉ

∑
n∈M
n6=m

hnmĉ γnĉ

−ηiσ2 ≤ (Jmi + ε) smc,i−ε, ∀c ∈ C,m ∈M, i ∈ I, (4.17)

where Jmi = hmmc γmax−ηiσ2 and ε is a small constant. The backward part can be represented using

the following constraint.

hmmc γmc − ηi
∑
ĉ∈Cmc

µmcĉ

∑
n∈M
n6=m

hnmĉ γnĉ

− ηiσ2 ≥ qmc,i
(
1− smc,i

)
, ∀c ∈ C,m ∈M, i ∈ I, (4.18)

where qmc,i = −ηi
∑
ĉ∈Cmc

µmcĉ

 ∑
n∈M
n 6=m

hnmĉ γmax

− ηiσ2.

Now, focusing on the second relationship, the forward part can be modeled as follows:

Rm
c ≥ (Ri−1 + ε) smc,i, ∀c ∈ C,m ∈M, i ∈ I. (4.19)

The backward part can be modeled as:

Rm
c ≤ Ri−1 + ε− ε+ (Qi + ε) smc,i, ∀c ∈ C,m ∈M, i ∈ I, (4.20)

where Qi = RI −Ri−1 − ε.

4.5.2 Optimization objective

Minimizing the spectrum usage allows other networks to operate and coexist with SAS networks.

On the other hand, minimizing the network power consumption saves energy costs and prolongs
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battery life in mobile networks. Also, it facilitates better coexistence with non-SAS networks

because this will minimize the ACI caused to those networks. The goal of our problem then is

to balance the minimization of the network power consumption and spectrum usage through a

controlling parameter β. The objective function can be formulated as:

min

{∑
m∈M

∑
c∈C

xmc + β
∑
m∈M

∑
c∈C

γmc

}
.

The overall joint power and band allocation problem with receiver characteristic awareness

can be expressed as a mixed integer linear program (MILP):

Joint Power and Band Allocation Problem with Receiver Characteristic Awareness

minimize
{xmc ,γmc ,Rm

c ,c∈C,m∈M}

{∑
m∈M

∑
c∈C

xmc + β
∑
m∈M

∑
c∈C

γmc

}
subject to:

Avoiding co-channel interference between links: (4.7);

Restricting maximum number of channels per link: (4.8);

Contiguity of link’s allocated channels: (4.9)− (4.11);

Relationship between channel allocation and power transmission: (4.12);

Restricting link total power transmission: (4.13);

Link demand constraints: (4.14);

SINR-to-rate mapping constraints: (4.15)− (4.20).
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4.6 A Proposed Algorithm to Solve the Joint Power and Band

Allocation Problem

As discussed in the previous section, the joint power and band allocation problem is in the form

of MILP which is NP-hard, in general. Branch-and Bound (B&B)-based methods can solve this

MILP problem only for small network sizes. That is, in the basic form of the B&B method, a

search tree is constructed by fixing one or more binary decision variables at the value of zero or

one. For larger network sizes, the number of variables becomes dramatically big. Consequently,

the B&B search tree grows fast and such methods fail to obtain any solution. In this section, we

propose a novel framework to solve the overall problem efficiently.

4.6.1 Algorithm overview

The proposed framework solves the problem iteratively using a two-phase structure. In each itera-

tion, Phase I implements a selection criterion to determine the band allocation for each link in the

network. Then, Phase II computes the optimal power allocation given the band allocation in Phase

I. Here, we use a suboptimal algorithm only to obtain solutions for the band allocation subproblem

while solving the power allocation subproblem to optimality. The overall solution is fed back to

Phase I of the next iteration to determine the new band allocation. The algorithm continues until

a stopping criterion is reached. The goal of limiting the use of a suboptimal algorithm to find so-

lutions to the channel allocation subproblem (as opposed to both channel and power allocation) is

twofold. Firstly, possible sacrifice of the first subproblem’s optimality is compensated by solving

the power allocation subproblem to optimality. Secondly, the number of variables in the channel

allocation subproblem is small compared to those of the overall problem. This leads to limiting the

suboptimal algorithm’s search space which leads to obtaining good solutions within small number

of iterations. The overall framework is shown in Fig. 4.6.
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Figure 4.6: Proposed framework.
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4.6.2 A PSO-inspired method for band allocation

Here, we introduce an efficient algorithm based on particle swarm optimization (PSO) to solve

the channel allocation subproblem. PSO is a global search algorithm inspired by the social atti-

tude of fishes schooling, animals herd and birds flock in which the groups search cooperatively for

food [53]. Compared to other search algorithms (such as genetic algorithm and ant colony opti-

mization), PSO is easier to implement and has fewer parameters to control. Over the last decade,

PSO has been identified as an effective way to find good solutions for NP-hard problems [54–56].

In the original form of the algorithm, a set of particles explores the search space looking for good

solutions. Each particle represents a current solution and its movement in each step is affected by

the best solution found on its path and the best solution ever found among all particles. The particle

definition is suitable for problems where one homogenous set of variables (e.g. channel index, ....)

is changing in each iteration. However, in our problem, we modify two different sets of variables

independently, namely lower-end and upper-end channels. Therefore, we introduce a “two-particle

structure” where each particle represents one of the aforementioned two sets. In each two-particle

structure, each upper-end channel is modified independently but within maximum distance from

the corresponding lower-end channel. A PSO-based algorithm needs a set of initial solutions to

start the iterating process. In the sequel, we describe how to determine these initial solutions.

4.6.2.1 Initial solution generation

Algorithm 1 shows the pseudocode for the initial solution generation. Each initial solution i ∈ I

is found as follows. Denote the lower-end channel of link m ∈ M as Li,m. A link m is chosen

randomly and its Li,m is set to the value of f (initialized with the value zero) (lines 4-8). The

number of contiguous channels assigned to the link m is chosen randomly between one and Bm

(line 9). Denote upper-end channel allocated for link m ∈ M of solution i as Ui,m. A new lower-

end channel is chosen at a random number, say between two chosen predefined numbers a and b,

of channels apart from the Ui,m of the previously selected link (line 12). Another link is randomly

chosen among the remaining links (which have not yet been assigned a band yet) and assigned
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the new calculated lower-end channel. The procedure continues until each link is assigned a band

of contiguous channels. We then fix all channel-allocation-related variables (xmc and ymc ) to the

value zero or one given the obtained channel allocation in the previous steps. Then, the power

allocation subproblem is solved using a B&B method (line 14). If the problem is infeasible, the

demand of each link is decremented and the overall problem is resolved. The process continues

until a feasible solution to the reduced-demand problem is found (lines 15-18). Please note that as

we decrease the demand values, it is more likely to find a feasible solution. The resulting data rates

on the allocated channels will not satisfy the original link demands. We count for this “demand

deficit” using a fitness function as explained below.

Denote Si and Ŝ as the current solution of the two-particle structure i, the best achieved po-

sition (solution) of the two-particle structure i, and overall best solution, respectively. To find the

best solution among all initial solutions, we define a fitness function (denoted by F ) weighted

summation of the objective function and the total deficit in demand satisfaction as follows:

F =
∑
m∈M

∑
c∈C

xmc + β
∑
m∈M

∑
c∈C

γmc + ζ
∑
m∈M

(
Dm −

∑
c∈C

Rm
c

)+

, (4.21)

where ζ is a weighting factor, and its value is set such that a unit of demand dissatisfaction weighs

out the maximum value of the original objective function (i.e. ζ ≥ C + βγmaxM)). The third term

in Equation 4.21 is the total deficit in demand satisfaction. Denote Fi and F̂ as the fitness function

values corresponding to Si and Ŝ, respectively. The best solution (Ŝ) will have the minimum Fi

value among all obtained initial solutions (line 21).

4.6.2.2 Core PSO-inspired function

Now, we describe the core part of the proposed algorithm for Phase I. Algorithm 2 shows the

pseudocode for the overall procedure. Denote S̄i and F̄i as the best achieved position of the two-

particle structure i and the corresponding fitness function value. The algorithm starts each iteration

by determining the coordinates of the two-particle structure (the solution vector) i ∈ I through the
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Algorithm 3 Procedure of initial solutions generation
1: for i ∈ I do
2: SetH =M; f = 0;
3: whileH 6= ∅ do
4: Pick a link m randomly;
5: while m 6∈ H do
6: Pick another link m randomly;
7: end while
8: Lm := f ;
9: Um := Lm + rand(0, Bm − 1);

10: H := H \m;
11: f := Um + rand(a, b);
12: end while
13: Solve the power allocation subproblem using a B&B method;
14: while Si is infeasible do
15: Reduce the link demands;
16: Solve the power allocation subproblem using a B&B method;
17: end while
18: Calculate Fi;
19: end for
20: Ŝ = argmin

Si,i∈I
(Fi);
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following four equations (lines 5-10):

v1i,m := v1i,m + wg · (Ŝ(m)− Li,m) + wl · (S̄i(m)− Li,m), (4.22)

v2i,m := v2i,m + wg · (Ŝ(m)− Ui,m) + wl · (S̄i(m)− Ui,m), (4.23)

Li,m := max(0,min(Li,m + round(v1i,m), C)), (4.24)

Ui,m := max(Li,m,min(Ui,m + round(v2i,m),min(C,Li,m +Bm − 1))), (4.25)

where v1i,m and v2i,m are the two velocity components of two-particle structure i in the mth di-

mension, wg and wl are the global and local weighting factors, respectively, Li,m, Ui,m, S̄i(m) and

Ŝ(m) are the mth entries in lower-end and upper-end channels in the current solution vector i, best

found solution for the two-particle structure i, and the best solution among all two-particle struc-

tures, respectively. The global weighting factor determines how much the difference between a

two-particle structure’s current solution and the best ever-found solution (Ŝ) affects its next move-

ment of the two-particle structure. Similarly, the local weighting factor determines how much the

difference between a two-particle structure i’s current solution and its best obtained solution (S̄i)

affects its next movement. Note that in Equation 4.24, the updated value of v1i,m is rounded be-

cause the two-particle structure move in any direction is restricted to be an integer number of steps

since it represents a channel index. Also, Equation 4.24 avoids moving the two-particle structure

outside the search space in any of the M directions through limiting the resulting value of Li,m in

the range [1, C]. In Equation 4.25, three restrictions on the updated value of Ui,m are enforced:

(i) Ui,m ≥ Li,m, (ii) Ui,m ≤ C, and (iii) Ui,m ≤ Li,m + Bm − 1. The first restriction keeps the

upper-end channel at least as high as the lower-end channel. The second restriction prevents the

upper-end channel from being allocated outside the available range of frequencies. The third re-

striction keeps the number of allocated channels for any link m ∈ M at most Bm as stated in

Constraint 4.8 in the original problem formulation.

If the channel allocation results in overlapping between links’ channels, it is resolved as fol-

lows. A link is selected randomly and its allocated channels are not changed. Another link is
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selected, and its overlapping channels with any of the previously selected links are deallocated.

The process continues until all links are selected. Similar to the initial solution procedure, all

channel-allocation-related variables (xmc and ymc ) are then fixed to the value zero or one given the

obtained channel allocation in the previous steps. Then, the power allocation subproblem is solved

using a B&B method. If the problem is infeasible, the demand of each link is decremented and the

overall problem is resolved. The process continues until a feasible solution to the reduced-demand

problem is found (lines 12-16). The fitness function of the current solution is then evaluated (line

17). Then, the best achieved position (solution) and the fitness function value for each two-particle

structure (S̄i, F̄i) are updated, if needed (lines 18-21). At the end of the iteration, the overall

best solution (Ŝ) is updated (lines 23). The algorithm terminates when the maximum number of

iterations (denoted by Max-Iterations) is reached.

4.6.3 Power allocation function

The goal of this function is to determine the power allocation on each allocated channel for each

link in the network. Suboptimal algorithms can be designed to solve this power allocation sub-

problem. However, we show here how to obtain an “optimal” solution for this subproblem. Re-

visiting the original problem formulation, we can now set all the binary variables xmc and ymc ,

∀m ∈ M, c ∈ C either to the value one or zero given the obtained channel allocation in Phase I.

We call the resulting formulation the “reduced problem”. Although the reduced problem formula-

tion is still MILP due to the fact that other discrete variables are still not fixed, the number of these

decision variables is relatively small compared to the original joint channel and power allocation

problem. Then, it becomes relatively easier to solve it using B&B methods. This enables us to

obtain the “optimal” power allocation for the reduced problem. As we will discuss in Section 4.7,

our experiments show that state-of-the-art optimizers (which implement B&B methods) can easily

obtain the optimal solution for the reduced problem.
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Algorithm 4 PSO-inspired algorithm for band allocation
1: Find a set of I initial solutions using Algorithm 1;
2: Set k = 0, F̄i = Fi, ∀i ∈ I;
3: while k ≤Max-Iterations do
4: for i ∈ I do
5: for m ∈M do
6: v1i,m := v1i,m + wg · (Ŝ(m)− Li,m) + wl · (S̄i(m)− Li,m);
7: v2i,m := v2i,m + wg · (Ŝ(m)− Ui,m) + wl · (S̄i(m)− Ui,m);
8: Li,m := max(0,min(Li,m + round(v1i,m), C));
9: Ui,m := max(Li,m,min(Ui,m + round(v2i,m),min(C,Li,m +Bm − 1)));

10: end for
11: Resolve any resulting overlapping in the channel allocation.
12: Solve the power allocation subproblem using a B&B method;
13: while Si is infeasible do
14: Reduce the link demands;
15: Solve the power allocation subproblem using a B&B method;
16: end while
17: Calculate Fi;
18: if F̄i > Fi then
19: S̄i := Si;
20: F̄i := Fi;
21: end if
22: end for
23: Ŝ = argmin

S̄i,i∈I
(F̄i);

24: k := k + 1;
25: end while
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4.7 Performance Evaluation

In this section, we show the performance of the proposed optimization framework under both

homogeneous and heterogenous network setups. Besides, we show how to control the trade-off

between channel allocation and power assignment. Then, we discuss the performance of the pro-

posed PSO-based algorithm.

4.7.1 Evaluation setup

In our experiments, we use two network setups. The first network setup is a small one and is used

to demonstrate the benefits of the proposed receiver-characteristic-aware framework. Moreover,

it shows the performance of the PSO-inspired algorithm compared to the optimal solution. We

consider the network topology shown in Fig. 4.7. This network consists of five links belonging

to different wireless systems where all transmitters and receivers exist within a square area with

side length of 100 m. The other network setup is used to show the performance of the PSO-

inspired algorithm for larger network sizes. This network consists of 10 links as shown in Fig. 4.8

where all transmitters and receivers exist within a square area with side length of 100 m. In both

network setups, the location of each link’s transmitter is generated using a binomial point process

(BPP). Each receiver’s location is randomly generated within a distance between 20-50 m from

its transmitter’s location. The number of available channels is set to 20 and 50 for the first and

second network setups, respectively. The number of SINR levels are four. γmax is set to 1 watt.

The path loss exponent (α) is 3.5. Background noise power is 10−7 watts. The demand of each

link is a parameter in our simulations. In each experiment, we assume the same demand for all

links, i.e. Dm
def
= D, ∀m ∈ M. Each receiver’s ADC is assumed to process signals within at most

four channels. Also, each of the two receiver characteristics parameters (namely, λ and G) are the

same across all channels for each receiver, and are randomly generated from two sets as follows. If

the mixer is marked as ‘good’, λ is selected randomly in the range [0.001, 0.01]. In case of ‘bad’

mixers, the value is generated in the range [0.01, 0.05]. On the other hand, G is generated within
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Figure 4.7: Network topology 1.
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Figure 4.8: Network topology 2.

the range [0.01, 0.1] when the receiver’s ADC is ‘good’. For ‘bad’ ADCs, the value is chosen from

the range [0.1, 0.3]. These ranges have been carefully chosen in consistence with the experimental

results obtained at Wireless @ VT labs. ‘Bad Receivers’ refers to the class of receivers where

both mixers and ADCs are ‘bad’. Table 4.3 summarizes the parameter settings in our simulations.

We used CPLEX to solve our optimization problems. All experiments were run using a cluster

at Virginia Tech, called BlueRidge [23]. More specifically, each experiment was executed on a

single node of BlueRidge that has 16 processors (utilized by CPLEX when possible) and 64 GB

memory. The running time of each experiment ranges from few seconds to few minutes. We use

the following metrics to evaluate our proposed allocation scheme: (i) total number of allocated
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Table 4.3: System parameter values.

Parameter Value
γmax 1 watt
α 3.5
σ2 10−7

λ− good [0.001-0.01]
λ− bad [0.01-0.05]
G− good [0.01-0.1]
G− bad [0.1-0.3]

Table 4.4: Algorithm parameter values.

Parameter Value
(a, b) (1,3)
wg 0.1
wl 0.1
ζ1 5β + 20
ζ2 10β + 50

channels (Ctotal), and (ii) total amount of power generated collectively by all links (Ptotal).

4.7.2 The case of homogeneous networks

Here, networks in which all receivers have similar characteristics are referred to as homogeneous

networks. Our initial simulations revealed that a naive optimization framework that does not ac-

count for the receiver characteristics fails to satisfy link demands in most cases. Under our pro-

posed framework, all demands are satisfied.

Table 4.5 shows the channel allocation and power assignment for homogeneous network setup.

It is clear that with the same channel allocation and slight increase in the power assignment (com-

pared to the naive approach) under the proposed optimization framework results in satisfying all

link demands. For example, the naive approach fails to satisfy a rate demand per link of 20 Mb/s

while Ctotal = 5 and Ptotal = 1.461. Under the proposed framework, the channel allocation stays the

same while Ptotal increased by only 6.63% to consider the effect of ‘Bad’ ADCs. While Ctotal does
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Table 4.5: Channel allocation and power assignment (in Watts) w/ and w/o RF-characteristics
awareness for homogeneous networks (β = 1).

D

w/o w/ RF awareness
RF w/ ‘Bad’ w/ ‘Bad’ w/ ‘Bad’

awareness Mixers ADCs Receivers
Ctotal Ptotal Ctotal Ptotal Ctotal Ptotal Ctotal Ptotal

5 5 0.1851 5 0.1891 5 0.1919 5 0.1934
10 5 0.367 5 0.383 5 0.384 5 0.3877
15 5 0.9218 5 0.992 5 0.9774 5 1.0015
20 5 1.461 5 1.5954 5 1.5578 5 1.6189
25 5 1.461 5 1.5954 5 1.5578 5 1.6189
30 10 1.6802 10 1.8374 10 2.0071 10 2.0631
35 10 2.2865 10 2.5967 10 2.8697 10 3.026

not change, the percentage of total power increase becomes 9.2% and 10.81% when considering

the effect of ‘Bad’ mixers and receivers, respectively.

4.7.3 Balancing channel allocation and power assignment

Here, we show the ability of our framework to control the trade-off between Ctotal and Ptotal. We

consider the setup of ‘bad’ receivers for this set of experiments. As shown in Table 4.6, when

β increases, the proposed framework favors minimizing the total assigned power at the cost of

utilizing larger number of channels.

4.7.4 The case of heterogeneous networks

Here, we consider a general case where only a subset of the receivers has good characteristics while

the others are not. Table 4.7 shows the channel allocation and power assignment for heterogeneous

networks setup. As expected, the higher the percentage of ‘bad’ receivers, the larger number of

channels and total power are required to satisfy all demands.
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Table 4.6: The trade-off between channel allocation and power assignment (in Watts) (‘bad’ re-
ceivers case).

D
β = 1 β = 10 β = 100 β = 1000

Ctotal Ptotal Ctotal Ptotal Ctotal Ptotal Ctotal Ptotal

5 5 0.1934 5 0.1934 5 0.1934 5 0.1934
10 5 0.3877 5 0.3877 5 0.3877 5 0.3877
15 5 1.0015 5 1.0015 11 0.7637 16 0.7490
20 5 1.6189 8 1.2453 16 1.0718 16 1.0718
25 5 1.6189 8 1.2453 16 1.0718 16 1.0718
30 10 2.063 11 1.9403 16 1.8032 16 1.8032
35 10 3.026 12 2.7241 16 2.5548 16 2.5548

4.7.5 Performance of the proposed PSO-based algorithm

In this section, we discuss the performance of the proposed PSO-inspired framework. The PSO

algorithm parameters (wg and wl) are both set to 0.1. The weight of the penalty term in the fineness

function (ζ) is set to C + βγmaxM . For the small network setup, ζ := ζ1 = 5β + 20. For the large

network setup, ζ := ζ2 = 10β+50. Table 4.4 summarizes the PSO-inspired algorithm parameters.

For small network, we compare the proposed PSO-based algorithm under different configurations

to the optimal solution using two sets of experiments. In the first set, we set the number of particles

to 10 and the number of iterations to 10000 (we refer to it as PSO-10-10000). In the second set,

the number of particles is set to 50 and the number of iterations to 1000 (we refer to it as PSO-50-

1000). Note that the shown results in this section are only a few examples from our experiments

which spanned different network instances and gave similar results.

4.7.5.1 Performance for small networks

Here, we compare the solutions obtained by PSO framework to the optimal solution obtained by

CPLEX for the small network setup. We use the same network topology in Fig. 4.7 and all link

receivers are ‘Bad’. As shown in Fig. 4.9, the proposed framework was able to reach solutions

which are very close to the optimal ones for different demand values under the two PSO algorithm
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Table 4.7: Channel allocation and power assignment (in Watts) for heterogeneous networks (β =
1).

D
40% ‘Bad’ 60% ‘Bad’ 80% ‘Bad’ 100% ‘Bad’
Receivers Receivers Receivers Receivers
Ctotal Ptotal Ctotal Ptotal Ctotal Ptotal Ctotal Ptotal

5 5 0.1851 5 0.1859 5 0.1916 5 0.1934
10 5 0.3672 5 0.3701 5 0.385 5 0.3877
15 5 0.9233 5 0.9415 5 0.9806 5 1.0015
20 5 1.4647 5 1.5106 5 1.5657 5 1.6189
25 5 1.4647 5 1.5106 5 1.5657 5 1.6189
30 10 1.7503 10 1.7828 10 1.8861 10 2.063
35 10 2.401 10 2.4475 10 2.628 10 3.026
40 10 3.4031 10 3.5188 11 4.0482 Infeasible
45 10 3.4031 10 3.5188 11 4.0482 Infeasible
50 12 3.6962 13 3.9345 Infeasible Infeasible
55 17 4.1318 Infeasible Infeasible Infeasible
60 Infeasible Infeasible Infeasible Infeasible

configurations.

4.7.5.2 Convergence rate

Here, we show the convergence rate of the proposed framework. Each subfigure in Fig. 4.10 shows

the behavior of the PSO-inspired algorithm under the two configurations for a specific combination

of β and demand value D. For β = 1, when D = 15, the algorithm was able to find the optimal

solution in less than 200 iterations under the second PSO configuration (PSO-50-1000) while it

needed around 800 iterations to reach the optimal solution under the first configuration (PSO-10-

10000). This can be explained as follows. In the first configuration, the number of particles is 10.

This resulted in limited number of searching arms for the algorithm to exploit different areas in

the solution space within small number of iterations. In the second configuration, the number of

particles is 50 which resulted in better exploitation of the solution space and the algorithm could

reach the optimal solution within much lower number of iterations. This comes with the price of

extra computations in each iteration. As expected, as the demand value increases (e.g. D = 30),
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Figure 4.9: Performance of the proposed PSO-inspired framework (5 links, β = 1).

the algorithm can find near-optimal solutions. In this case, the exact optimal solution was not

found within each experiment’s iteration because the number of optimal solutions is smaller as the

demand values increase and hence, harder to find. For β = 100, the algorithm could find good

solutions within the predetermined maximum number of iterations.

4.7.5.3 Performance for larger networks

Here, we show the performance of our proposed algorithm for a larger network shown in Fig. 4.8

where the number of links is 10. Note that it is not possible here to compare the obtained re-

sults of the PSO algorithm with the optimal solution. This is because a state-of-the-are tool (e.g.

CPLEX) fails to provide solutions for such large network size. Moreover, as it was shown in the

previous section that using 50 particles gives satisfactory results, we use the same configuration

for the experiments here. Fig. 4.11 shows the objective function value for β = 10 and 1000 under

three different receiver configurations. In the first, second and third configurations, the number of

bad receivers are 0, 5, and 10, respectively. It is easy to see that as the number of bad receivers

increases, the value of objective function increases, as expected. Also, as the demand value in-

creases, the difference in the objective function value between the three configuration increases,
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Figure 4.10: Convergence of the proposed PSO-inspired framework for the small network setup.
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Figure 4.11: Behaviour of PSO-inspired framework for larger networks (10 links).

in general. This can be explained as follows. When the demand value for each link is small (i.e.

5 and 10), the amount of power allocated to each link is relatively small which does not qualify

to cause ACI to other links. As a result, almost no power adjustment is needed at any link and

all demands can be satisfied. This makes the network under the three configurations has the same

behavior. As the demand value increases, more power and channels are allocated to each link.

This increases the amount of ACI caused to other links which results in demand dissatisfaction. To

obtain a feasible solution, the power (and possibly, the number of channels) for each link should be

increased to compensate the ACI effect. This will in turn increase the mutual ACI between links.

The process of increasing the power level and/or number of channels at each link will continue

until all demands are satisfied. Of course, as the number of bad receivers increases, the amount of

ACI also increases which causes this process to continue longer leading to significant increase in

the objective function value. In this case, the objective function value becomes noticeably different

under the three configurations.
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4.8 Conclusions

In this chapter, we proposed a novel receiver-characteristic aware framework in a multi-RAT envi-

ronment. The framework allows controlling a trade-off between channel allocation and total power

emission by all links in the network. The objective was to minimize the total number of utilized

channels and the aggregated power emission while meeting all link rate demands. Through exten-

sive simulations, we showed the criticality of the receiver characteristic awareness when designing

resource allocation schemes. To tackle the complexity of the overall problem, we developed an

efficient algorithm. By decomposing the problem into two subproblems, the algorithm solves it

iteratively using a two-phase structure. In Phase I, a particle swarm optimization (PSO)-based al-

gorithm is tailored to obtain good solutions for the channel allocation subproblem. Phase II solves

the power allocation subproblem optimally given the channel allocation solution obtained in Phase

I. The results demonstrate the superiority of the proposed algorithm in solving the overall problem

efficiently and obtaining near-optimal solutions.



Chapter 5

Conclusions and Future Work

5.1 Conclusions

In this dissertation, we covered three research problems which can be summarized as follows:

In Chapter 2, we discussed different approaches to tackle the problem of excessive memory

consumption when solving MILP problems. Generic formulations are often not sufficiently attrac-

tive from the problem-solving perspective. We demonstrated that generating special cuts through

exploiting the structure of the problem offers a better strategy. In most cases, combining different

kinds of special cuts outperformed the performance of the formulations that use these cuts indi-

vidually (or not at all). Moreover, introducing auxiliary binary variables to provide partitioning

opportunities based on these cuts, when applicable, significantly enhanced the performance for

some instances. Overall, this work demonstrates how the use of proper combinations of model

enhancement techniques can help optimize (or further reduce the optimality gap) for challenging

instances that were hopelessly unsolvable using traditional formulations.

In Chapter 3, we proposed a novel stochastic spectrum distribution framework for WLANs,

which accounts for the APs’ demand uncertainty. Static and adaptive stochastic bandwidth allo-
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cation approaches were developed. The objective of the static approach was to minimize the total

number of channels allocated to the network. The static approach also considered guaranteeing

a configurable minimum probability of satisfaction for each AP demand. On the other hand, the

adaptive approach provided a trade-off between the number of channels and the level of AP de-

mand satisfaction. Due to the complexity of the adaptive approach, we proposed a PSO-inspired

algorithm to solve the ACA problem. Through extensive simulations, we showed the superiority

of the proposed stochastic allocation framework compared to the deterministic approach.

In Chapter 4, we proposed a novel receiver-characteristic aware framework in a multi-RAT

environment. The framework allows controlling a trade-off between channel allocation and total

power emission by all links in the network. The objective was to minimize the total number of

utilized channels and the aggregated power emission while meeting all rate demands of the links.

Through extensive simulations, we showed the criticality of the receiver characteristic awareness

when designing resource allocation schemes. Given the complexity of the overall problem, we

develop an efficient algorithm. After decomposing the problem into two subproblems, the algo-

rithm solves it iteratively using a two-phase structure. In Phase I, a particle swarm optimization

(PSO)-based algorithm is tailored to obtain good solutions for the channel allocation subproblem.

Phase II solves the power allocation subproblem optimally given the channel allocation solution

obtained in Phase I. The results demonstrated the superiority of the proposed algorithm in solving

the overall problem efficiently and obtaining near-optimal solutions.

5.2 Publications

The following list summarizes the publications resulting from this dissertation:

• Journal articles:

– A. Nabil, M. J. Abdel-Rahman, and A. B. MacKenzie, “A Stochastic Optimization

Framework for Channel Bonding in Wireless LANs Under Demand Uncertainty,” in
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preparation.

– A. Nabil, A. V. Padaki,, M. J. Abdel-Rahman, M. ElNainay, A. B. MacKenzie, and J.

H. Reed, “On the Optimal Resource Allocation in Multi-RAT Wireless Networks with

Receiver Characteristic Awareness,” in preparation.

• Magazine papers:

– A. Nabil, R. Zhu, Y. T. Hou, W. Lou, and S. F. Midkiff, “Recent Advances in Interfer-

ence Management for Wireless Networks,” IEEE Network, vol. 29, no. 5, pp. 83-89,

Sept.-Oct. 2015.

• Conference papers:

– A. Nabil, H. D. Sherali, and M. ElNainay, “Enhancing the Solvability of Network

Optimization Problems through Model Augmentations,” in Proc. IEEE/IFIP WONS

Conference, Feb. 2017.

– A. Nabil, M. J. Abdel-Rahman, and A. B. MacKenzie, “Adaptive Channel Bonding

in Wireless LANs Under Demand Uncertainty,” in Proc. IEEE PIMRC Conference,

Oct. 2017.

– A. Nabil, A. V. Padaki,, M. J. Abdel-Rahman, A. B. MacKenzie, and J. H. Reed,

“Receiver Characteristic Aware Optimal Resource Allocation in Multi-RAT Wireless

Networks,” in Proc. IEEE PIMRC Conference, Oct. 2017.

5.3 Future Research Directions

Potential future research directions for each part of this dissertation are discussed here.

• Solvability of Network Optimization Problems. The general multi-hop network cuts can

be applied to different problems to study their relative effect. On the other hand, additional

approaches following a like philosophy can be explored to obtain better performance. For
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example, we could specify specialized branching priorities within CPLEX for binary and

integer variables, or introduce partitioning based on different types of disjunctive constraints

according to our understanding of the network structure.

• Channel Bonding in Wireless LANs Under Demand Uncertainty. In this work, the

second stage of the ACA problem was solved using CPLEX without exploiting its decom-

posability in the implementation. To better exploit it, parallelism in solving the second stage

problem should be implemented. State-of-the-art graphics processing units (GPUs) is suit-

able for this purpose. Besides, we assumed only one source of uncertainly in our problem:

AP demands. Channel condition and per-user demand are other potential sources of uncer-

tainly. On the other hand, it was reported that CB results in reducing the transmission range

of the AP. Exploiting the capabilities of MIMO can alleviate this effect. It is promising to

study our framework under the assumption that some devices in the network are MIMO-

capable.

• Resource Allocation with Receiver Characteristic Awareness. In this work, a PSO-

based algorithm was used to determine the channel allocation for each link in the network

while using an optimizer to get the power assignment. An extension to this work is to

use PSO to solve the overall problem and compare the performance of the two approaches.

On the other hand, receiver parameters were assumed to be deterministic. In reality, they

are stochastic where the values cannot be known for certain. Considering the uncertainty

in these parameters is a promising direction to explore. This adds a level of difficulty in

designing resource allocation algorithms. If the parameters of the receiver characteristics

follow specific distributions, a stochastic optimization framework can be employed in order

to solve related resource allocation problems.

Finally, the ideas and techniques in Chapter 2 can be extended to enhance the solvability of

Chapter 3 and 4 problems.
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