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Backpressure Policies for Wireless ad hoc Networks

Umesh Kumar Shukla

(ABSTRACT)

Interference in ad hoc wireless networks causes the performance of traditional network-

ing protocols to suffer. However, some user applications in ad hoc networks demand high

throughput and low end-user delay. In the literature, the backpressure policy, i.e. queue

backlog differential-based joint routing and scheduling, is known to be throughput-optimal

with robust support for traffic load fluctuations [1]. Unfortunately, many backpressure-based

algorithms cannot be implemented due to high end-user delay, inaccurate assumptions for

interference, and high control overhead in distributed scenarios. We develop new back-

pressure based approaches to address these issues. We first propose a heuristic packet for-

warding scheme that solves the issue of high end-user delay and still provides near-optimal

throughput. Next we develop a novel interference model that provides simple yet accu-

rate interference relationships among users. Such a model is helpful in designing a simple

backpressure scheduling algorithm that does not violate realistic interference constraints.

Finally we develop distributed backpressure algorithms based on our proposed ideas. Our

distributed algorithms provide throughput performance close to the optimal and have low

control overhead and simple implementation.
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Chapter 1

Introduction

1.1 Motivation

With the popularity of wireless networks and the introduction of faster processors, new user

applications require higher data rate and low end-user delay. The next-generation wireless

networks must support these requirements as multimedia applications become indispensable.

Many existing wireless protocols are designed for infrastructure based networks, and their

utility in ad hoc networks without infrastructure is questionable. Ad hoc wireless networks

are the most common example of infrastructure-less networks. In ad hoc wireless networks,

a source node relies on the help of intermediate nodes to forward its traffic to the desti-

nation. The nodes in a wireless ad hoc network share the same wireless medium. If two

transmitting nodes are geographically close and on the same channel, the transmission from

one node could interfere with the other node’s transmission. In this case, only one of them

can transmit at a time. If every node makes its medium access decision independently, then

interference will occur. If there are many collisions in the network, a packet may take a

long time to be delivered to the destination, resulting in low throughput. Thus the pro-

tocols supporting high data rate applications in infrastructure-based networks may fail to

support the same applications in ad hoc networks. However, ad hoc wireless networks are
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needed in critical applications such as disasters where installing infrastructure is not feasi-

ble. These applications may require voice conversations, image sharing and real-time video.

Such real-time applications require high data rate and low end-user delay. Thus we need

better protocols for ad hoc wireless networks. These new network protocols should have the

following basic features:

1. The network protocols should help users achieve maximum throughput.

2. The protocols should maintain end-to-end delay within tolerable limits. Note that

maximizing throughput does not imply minimizing the end-to-end delay.

3. The protocols should make network decisions based on realistic interference conditions

because interference is the main performance limiting factor in ad hoc networks.

4. The protocols should be distributed in order to be implemented in ad hoc networks.

5. The protocols should be “traffic aware” and robust to traffic fluctuations to accommo-

date the demands of every user.

6. The protocols should be simple to implement in real systems.

7. The protocols should be dynamic and scalable so that they can be implemented in

mobile and large-sized networks.

Feature 2 suggests that such protocols must affect the network and transport layer design,

while feature 3 requires the protocol to affect the link layer. Thus we require network

routing and MAC protocols whose objective is to maximize the network throughput while

minimizing delay. A class of network protocols, commonly known as backpressure-based

protocols match with our basic criteria. The backpressure-based protocols are known to

be throughput-optimal and do MAC-based scheduling and network routing jointly. Unfor-

tunately, backpressure-based protocols do not satisfy all the criteria completely and have

their own design challenges. Despite these shortcomings, backpressure-based protocols are
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the best example of protocols that come close to meeting our objective. Our main goal is

to get basic ideas from the backpressure protcols and develop a prototype algorithm that

overcomes some of the shortcomings.

1.2 Background on Backpressure-based Protocols

A network policy determines medium access control and the traffic forwarding decisions in

order to accomplish certain objectives. The capacity region of the network is defined as the

set of all end-to-end traffic load matrices that can be stably supported under some network

control policy. The stability means that all queues in the network have finite backlog. The

capacity region of the network should be distinguished from the capacity region of a specific

policy. The latter being the collection of all traffic load matrices that are sustainable by the

specific policy. The larger the capacity region the better the performance will be, since the

network will be stable for a wider range of traffic loads. The capacity region of the network

is the union of the individual policy capacity regions over all possible control policies. A

network policy is called throughput-optimal if its capacity region coincides with the network

capacity region. In other words, a througput-optimal policy can stably support every end-to-

end traffic load matrix in the network capacity region. The throughput would never increase

if a node injects traffic at a rate that is outside the capacity region. In that case, the queues

at intermediate nodes will overflow and the packets will be dropped before they reach the

destination. As we will see later in this section, implementing a throughput-optimal policy

may not be feasible in real systems. Also, the end-to-end delay might become high when a

throughput-optimal policy supports a traffic load matrix close to the boundary of capacity

region [2]. That is known as throughput-delay trade-off in wireless networks. Due to these

constraints, it might be advisable to settle on a sub-optimal policy with a throughput region

smaller than the network capacity region but that has tolerable end-to-end delay. However,

the selected sub-optimal policy may be implemented in practice and may have lower end-to-

end delay.
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Before we discuss the details of backpressure policy, i.e. a joint routing and scheduling,

let us briefly describe scheduling and routing and how to make them traffic aware to achieve

higher throughput. Generally, a wireless medium is shared by multiple users whose simul-

taneous transmissions may interfere with each other. High interference among users can

severely affect the system throughput. Thus it is important to decide which users should

be allowed to transmit simultaneously in the network. A scheduling policy takes this deci-

sion. Its design is critical in achieving higher network throughput. The users or nodes with

higher traffic should be given more chances to transmit. If all users were given equal chance

to transmit, a user with negligible load may interfere with a heavily loaded user, causing

resources to be wasted the throughput to suffer. A scheduling policy must account for the

traffic loads to achieve higher throughput.

Routing between two nodes that are not in the transmission range of each other brings

another set of challenges. Classically, a single shortest route between two users is selected

to deliver the traffic in minimum amount of time. This strategy works if the traffic load is

low and only a few flows are present in the network. But if a large number of flows exist

and the traffic load is high, the shortest paths might be over-utilized and congested. Then

queues of the intermediate nodes on the shortest path may build up quickly and the queuing

delay may become high, increasing end-to-end delay. In those scenarios, it might be a good

idea to explore longer but less congested routes to speed up packet-delivery and increase

throughput.

Next we introduce the backpressure policy as originally presented in [1,3]. These policies

are later generalized for mobile ad hoc wireless networks [2,4–6]. A backpressure policy gives

forwarding priority to the traffic with higher backlog differentials. It discourages transmit-

ting to congested nodes. This effectively sends the congestion notification to intermediate

nodes and ultimately to the source. In that manner the source and intermediate nodes can

make better forwarding and scheduling decisions. The backpressure policy consists of the

following components: Define V as a set of nodes forming the network. Every node a ∈ V

has separate queue Qc
a for each destination c ∈ V \{a} that it is serving. The notation Qc

a(t)
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indicates the length of queue Qc
a at time t. A neighbor of node a is another node that can

be reached in a single hop.

1. Destination Selection: At time t, node a first calculates the maximum difference

of queue backlogs Q∗ab for each of its neighbors b as follows

c∗ab(t) = arg max
c∈V \{a}

{Qc
a(t)−Qc

b(t)}

Q∗ab(t) = max {Qc∗ab(t)
a (t)−Qc∗ab(t)

b (t), 0} (1.1)

Node a selects the destination c∗ab(t) for forwarding on link (a, b) if link (a, b) is activated

in step 2.

2. Scheduling: Define a binary activation variable xab for link (a, b) as follows

xab(t) =

 1 if link (a, b) is scheduled at time t

0 Otherwise

Let X is a vector representing a combination of activation variables for all links and Π

be a set containing all possible links schedules. Let rab(X, t) be the link rate. Choose

an optimum schedule X∗(t) such that

X∗(t) = arg max
X∈Π

∑
(a,b)

Q∗ab(t)rab(X, t)xab(t) (1.2)

Note that link rate depends upon the interference experienced by that link, which is

itself determined in part by which other links are scheduled in X(t). A backpressure

scheduling algorithm determines the schedule based on the knowledge of queue back-

log differential and the interference for every link in the network. These two inputs

i.e. maximum queue backlog differential and the interference are the key inputs to

backpressure scheduling algorithm.

3. Traffic Forwarding/Routing: If xab(t) = 1, node a will forward the traffic of des-

tination c∗ab(t) to node b at time t. The traffic forwarding rate is rab(X
∗(t), t). Thus,

the routes are determined on the basis of differential queue backlog.
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The structure of backpressure policy exhibits a cross-layer design and requires interaction

between MAC and network layer. All three components of backpressure have contribution

in the achieving the network capacity. The routing and destination-selecton component are

straightforward to realize in practice. However, the scheduling component is not easy to

implement. The optimization problem in (1.2) has to consider a large number of feasible

activation vectors; in fact, the number of feasible activation vectors is of exponential order

with respect to number of nodes [1]. Thus, the optimization problem in (1.2) is intractable to

solve online for large networks, although there are many existing approximation and heuristic

algorithms in the literature. We will overview them in section 1.4.

1.3 Challenges for Backpressure Policies

As presented in the previous section, a backpressure policy makes packet forwarding deci-

sions based on the differential queue backlog only. Backpressure routing utilizes all possible

paths between source and destination to avoid congestion on any single path. Though this

property is instrumental in achieving higher throughput when traffic load is high, backpres-

sure routing will use longer routes and even looping routes when the traffic load is light. This

leads to large unnecessary end-to-end packet delay. Moreover, using longer routes in such

cases wastes network resources. Routing-loop formation is another drawback of backpressure

routing. In many real time applications like voice and video, high end-to-end packet delay

is unacceptable. Often in such applications, a packet received with high delay is no better

than packet loss. We could prevent high end-to-end delay in backpressure routing by not

forwarding the packets on longer paths. But we still want to maintain the sufficient routes

for any source-destination pair to provide adequate load balancing in case of high traffic

load. Generally, these two objectives conflict with each other because few short routes exist

in the network.

A second problem in many backpressure schemes is the assumption of a simplistic inter-

ference model. As stated before, the scheduling algorithm heavily depends upon the interfer-
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ence. Most past work exploits graph-theoretic techniques to design a scheduling algorithm.

A major advantage of graph theoretic techniques is that a graph abstraction of the network

is quite useful for higher layer protocol design. However, previous graph-theoretic schedul-

ing approaches works adopt a disk-based interference model which assumes that interference

ends abruptly at some boundary and does not propagate further. This model underesti-

mates interference by ignoring the accumulative interference due to far away transmissions.

Sometimes, it overestimates the interference as well by not allowing close-by links [7]. Thus

the claimed performance of a scheduling policy using disk based interference model is ques-

tionable. The signal to interference and noise ratio (SINR) model is more accurate, but it is

complex to design a scheduling policy for such model.

Implementing backpressure in a distributed way is another challenge. Backpressure

scheduling is the main bottleneck as all nodes have to make the scheduling decisions jointly

and they need to share a lot of information to reach a final schedule. Some distributed

backpressure scheduling algorithms are proposed in the literature. Unfortunately, they are

complex to implement and have high overhead. It is a big challenge to implement distributed

backpressure scheduling which is simple and has low control overhead.

Backpressure routing utilizes multiple routes simultaneously to deliver packets to the

destination. Due to this phenomenon, packets at the destination may be received out of

sequence. Transport layer protocols like TCP originally designed for wired networks see

this out-of-order delivery as a sign of congestion and ask the source node to perform flow

control. This is known as the packet reordering problem. Thus if backpressure routing (or

any load-balancing routing) is used along with TCP, we must ensure that packet reordering

doesn’t take place or mitigate TCP response to out-of-order packet delivery.

1.4 Related Work

Tssailus and Ephermides originally proposed the backpressure scheduling policies in [1, 3].

Since then the scheduling policies have been an active area of research. The original schedul-
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ing policy schedules the maximum weighted independent set of all links in the network and

is an NP-complete problem. Thus suboptimal but simpler designs of scheduling policies have

been widely investigated. Among them, the most popular is a greedy scheduling policy which

sequentially admits links to a schedule in a greedy fashion. The research in this area can be

categorized in two broad classes: First, some research is focused on finding the guaranteed

fraction of the capacity region that a scheduling algorithm can achieve. [8–11] proved that a

greedy scheduling policy attains at least half of the capacity region. [12] showed that greedy

scheduling attains the full capacity region in several different networks. [13–15] showed that

greedy scheduling policies empirically perform nearly as well as an optimal scheduling policy.

All these schemes assume an omniscent centralized controller which makes scheduling deci-

sions. This is an unrealistic assumption in ad hoc networks where nodes make their network

decisions autonomously. The second class of research in scheduling policies addresses this is-

sue and presents designs of distributed scheduling algorithm. Distributed versions of greedy

scheduling policies are presented in [16–19]. Tssailus in [20] provided randomized scheduling

schemes that attain the maximum throughput region, which can be implemented in fully

distributed manner using gossip-based algorithms [21]. Unfortunately, these schemes have

large control overhead as all nodes require substantial amount of information exchange among

each other. Recently [22] proposed a CSMA based distributed backpressure scheduling that

requires no information exchange among nodes. However, the proposed algorithm utilizes

learning-based mechanism to converge to an optimal schedule after reasonable amount of

time. Under varying traffic conditions, such algorithm may not converge to a favorable

schedule.

Neely presented a generalized version of backpressure policy which takes routing and

scheduling decisions jointly [4, 23]. Though he presented the policy as a joint routing and

power control technique, the power control technique can be seen as a generalized version

of scheduling. He also proposed a backpressure policy which does joint rate control, rout-

ing, and scheduling [24]. There have been numerous versions of backpressure policies which

do rate control, routing, scheduling, and power control jointly or in an independent man-
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ner [25–30]. Some notable works that do not talk about backpressure specifically but have

similar objectives and can be extended to backpressure policies [31–33]. Most of these tech-

niques utilize convex optimization to find the resource allocation solutions. A good tutorial

on these techniques can be found in [34].

After the idea of backpressure routing is proposed, the issue of high end-to-end delay is

recognized and addressed in some later works. A few previous works deal with combining

shortest path routing with backpressure routing [35, 36]. [35] presents a heuristic algorithm

which uses a combined metric of differential queue backlog (to be defined later) and hop

count to determine the next hop. [36] presents an algorithm which provably minimizes the

average length of routes used for packet forwarding. Though both of these algorithms are

throughput optimal, they may still choose longer paths to forward the packets when there

is a traffic burst for a small time interval. Thus, their routing scheme may suffer from high

delay in some realistic scenarios. Most works in backpressure policies so far rely on standard

mathematical techniques in optimization and control systems and and are difficult to apply

to practical systems directly. Recently, there have been some efforts to adapt backpres-

sure policies for practical wireless networks. Some practical implementation of backpressure

schemes (joint routing and rate control) have been proposed recently [37–39]. These works

focus on achieving throughput-optimality; delay is not their main concern.

As discussed before, most works in scheduling policies assume a simplified disk-based

model which is unrealistic. There are few works which consider scheduling in the SINR

model. Some initial works adopt linear and non-linear programming approaches [40–42]

that are not computationally efficient even for moderate-sized networks. Recently, there has

been significant interest in the design of efficient scheduling policies satisfying SINR con-

straints [43–45]. The work in [44] assumes slow load variations in the network. Their policy

learns the traffic patterns and then carries out optimal scheduling decisions every frame until

the pattern changes again. But the traffic fluctuations may not be slow in some networks.

Also, in case of arbitrary, bursty traffic arrivals, such scheduling policy may take a long

time to converge. The authors in [45] present a frame-based heuristic scheduling policy over
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an SINR-based interference graph which can be extended to slot based scheduling. In the

interference graph, each node has a weighted edge to every other node in the network. A

weight represents the amount of power one node receives from another. An approach similar

to interference graph is presented in [42]. The scheduling in an interference graph requires

global information to add or remove a single link from the schedule. Thus despite its features

like accuracy, the interference graph approach is not attractive for practical implementation.

A binary conflict graph is more expedient than an interference graph from a protocol design

point of view as it paves the way to distributed design.

Finally, the issue of packet reordering caused by load-balancing routing, such as is uti-

lized in backpressure, is addressed in a few past works. [46] provides a good tutorial on this

issue. [47, 48] propose an interesting strategy which uses the bursty nature of TCP to avoid

packet reordering. Some other approaches to address this problem can be found in [49–51].

1.5 Our Contribution

We examine three major issues in backpressure-based policies mentioned in section 1.3: High

end-to-end delay in backpressure routing, realistic but graph-based interference models for

backpressure scheduling, and the design of a simple and fully distributed backpressure pol-

icy. First, we propose a new packet forwarding strategy to address high end-to-end delay

in backpressure routing. The proposed idea is to restrict the packet forwarding to shorter

routes while still using the backpressure approach. We use a generic additive metric-based

routing protocol for route discovery. In most cases, our packet forwarding strategy achieves

a throughput close to original backpressure routing with good end-to-end delay performance.

The end-to-end delay performance of our modified backpressure policy is very good. Using

our strategy, a backpressure policy can achieve near-optimal throughput performance with

fairly low end-to-end delay. Our strategy does not make assumptions regarding underly-

ing routing protocol and any routing mechanism (distance vector, link state routing) can

be combined with our scheme. Our approach is novel and simple to implement. We show
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through simulation results that forwarding packets to longer routes is of limited benefit.

Next we examine the design of a realistic interference model that can take advantage of

graph-theoretic scheduling techniques. We propose a novel interference model that facilitates

simple scheduling policies while meeting realistic SINR constraints. Our main contribution

is the design of a binary conflict graph that satisfies SINR constraints in both the uniform

and non-uniform power cases. To the best of our knowledge, ours is the first effort of this

kind, although we leverage the technique in [43] for the power control case. We perform

backpressure scheduling over the conflict graph to maximize the network throughput while

guaranteeing that the SINR of each scheduled link is greater than the required threshold.

We simulate the performance of this backpressure scheduling policy over proposed conflict

graphs and compare them with other popular interference models. The simulated perfor-

mance of policies based on our conflict graph should match well with their performance in

realistic scenarios.

Finally, we examine the design of distributed backpressure scheduling and combine it with

our modified backpressure policy. Our distributed backpressure scheme performs quite well

when compared to an optimal centralized policy. We also propose a distributed scheduling

scheme with realistic interference constraints and analyze its performance. Our distributed

backpressure policy has considerably less overhead as compared to existing policies and is

simple to implement. We sketch possible extensions of our work to multichannel networks,

e.g. cognitive radio networks, and present guidelines for a multichannel backpressure pol-

icy. While many resource allocation policies in the literature make assumptions on network

topology and traffic statistics, our results hold true for arbitrary topologies and arbitrary

traffic arrival statistics.

1.6 Outline

This thesis is divided into the following chapters: Chapter 2 discusses our backpressure-

based packet forwarding scheme, which does significantly better in delay performance than

11



the original backpressure policy, and presents related simulation results. The backpressure-

scheduling policy for the SINR model and related simulation results are presented in chapter

3. Chapter 4 presents the design and simulation results of a distributed backpressure policy.

Chapter 5 presents guidelines for designing a backpressure policy for multichannel networks

and concludes the thesis.
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Chapter 2

Backpressure Based Packet

Forwarding Scheme

As we discussed in the chapter 1, backpressure routing combined with backpressure schedul-

ing is throughput-optimal in multi-hop ad hoc networks. Under backpressure routing scheme,

a node forwards packets to those next-hop neighbors which have shorter queues. But a for-

warding node does not care about how many extra hops may be required to deliver the

packet to the destination. This is why, though this property helps avoid the congestion, it

does not account for the delay accrued in forwarding packets on long routes when the traffic

load is lower. This is shown in Figure 2.1. The end-to-end delay under light traffic load is

unnecessarily high as compared to shortest path routing.

The performance of backpressure with low traffic makes it unattractive to implement

in realistic wireless networks. We address this issue by making modifications to the orig-

inal backpressure routing scheme. Minimum hop routing is a good choice with low traffic

while backpressure routing should be chosen for high traffic scenarios. We combine both of

them in an effort to leverage the benefits of both. In our modified scheme, we try to ensure

that under light traffic, only shortest paths are utilized; as traffic load increases, we also

start using longer paths. But we never use long paths as we will show in this chapter that
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Figure 2.1: Delay performance of backpressure scheme under light traffic load

forwarding traffic on longer routes gives little extra gain. We will see later in the chapter

that our modified scheme achieves network capacity quite close to what is achieved under

original, throughput-optimal backpressure scheme. The rest of the chapter is organized as

follows: In section 2.1, we formally describe our network model. We introduce our proposed

schemes and underlying optimization framework in section 2.2. The simulation model and

results are discussed in section 2.3, followed by the conclusion. Our work can also be found

in [52].

2.1 Network Model

Define a graph G = (V,E) representing the network. V is the set of nodes and E is the

set of undirected links in the network. For the sake of simplicity, we consider the primary

interference model where all disjoint links in the network can be activated simultaneously.

This further implies that a node cannot transmit to or receive from more than one node

at a time. This interference model is sometimes referred as node exclusive interference
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model. Every node maintains an internal queue for every known destination in the network

to facilitate backpressure-based routing. The complexity of this queuing architecture can be

reduced by using suggestions given in [53]. Time is divided into equal slots. All links have

equal rate of one packet per slot. Most of these assumptions are for the sake of clarity and

ease of the simulation and are not restrictions on our proposed technique.

2.2 Backpressure Routing Schemes

As discussed before, an optimal scheduling algorithm is computationally intractable for large

networks but its approximation exists. For example, it is empirically observed that greedy

scheduling performs nearly as well as an optimal scheduling policy [14]. According to greedy

backpressure scheduling scheme, we first activate a link with the highest value of maximum

differential queue backlog and put it into a schedule. All other links conflicting to this link

(which are all adjacent links under primary interference model) are not activated and are

removed from the link set. We continue this iterative process until the link set is empty.

Though greedy scheduling is centralized and impractical to implement in distributed sys-

tems, it serves our purpose well as the focus of our chapter is on backpressure routing, not

scheduling. Though many solutions for distributed scheduling exist in the literature [16–19],

they are beyond the scope of this chapter.

Our scheme uses a generic routing protocol for route discovery which can accommodate

any additive routing metric. We modify original backpressure (Pure BP) approach and pro-

pose a scheme where a node forwards a packet to those next hops only which are either on

the shortest paths or are equally far from the destination as the forwarding node. Let us

denote later type of paths by extended path (EP). We call our scheme modified backpressure

(Modified BP). For the sake of exposition, we will consider hop-count based routing, a spe-

cial case of generic routing. Though the basic idea is to restrict packet forwarding to shorter

routes, using the shortest routes only may not be sufficient. Often, the shortest paths for

a given source-destination pair may be small in number, and the load balancing obtained
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Figure 2.2: The shortest and extended paths in random topology

using the shortest paths might not be effective. But the number of extended paths might be

large enough to provide sufficient load balancing. This is the main idea behind modified BP.

This idea is supported in Figure 2.2 which shows the the shortest and extended paths for a

source-destination pair in a random topology. The total number of shortest and extended

paths is significantly larger than the number of shortest paths alone. As we can see in the

figure, the extended paths allow more node-disjoint routes to be used which is particularly

beneficial from a load balancing point of view.

The implementation of Modified BP scheme is straightforward. A node runs an additive

metric-based routing protocol (the metric is hop count in our case) and fills in the routing

table. Backpressure-based packet forwarding algorithm first selects a destination with the
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highest differential queue backlog, and then it selects a next-hop from routing table to for-

ward packets of that destination. We reiterate that Modified BP can work with any additive

metric based routing and hop-count based routing is a special case.

2.3 Simulation Results and Analysis

We simulate a time slotted system. The simulation is performed for 15000 slots. We select

two source-destination pairs randomly from the network and create flows for them. The

traffic is modeled as poisson process. The transmission rate of every link is normalized to 1

packet/slot. In addition to Pure BP, we consider two more routing schemes for comparison

purposes. In current systems, most of the routing schemes utilize only a single shortest path

which is kept fixed throughout the routing operation until this path gets broken. Thus it

is worthwhile to compare the performance of the proposed scheme with single path routing

schemes. Assuming time-invarient channel conditions throughout the simulation period, we

consider a routing scheme which arbitrarily selects a shortest path from the list of available

shortest paths and always sticks to it during the whole simulation period. We refer to

this scheme as single path (SP) routing scheme. In all three schemes (Pure BP, Modified

BP and SP), we run greedy scheduling for medium access operation. The last scheme is

based on single path routing but it uses Aloha-type medium access. We call it pure single

path routing (Pure SP) since it is the closest version of routing/sheduling schemes seen in

current systems today. We compute average queue backlog performance, which is analogous

to throughput performance, and end-to-end delay performance of these four schemes for

different popular network topologies. Note that even though the presented results are specific

to a given topology, they represent a common trend among various sample topologies we

tested in our simulation.
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Figure 2.3: Sample uniform random topology

2.3.1 Average Queue Backlog Performance

First, let us consider the 20 node random topology shown in Figure 2.3, where the nodes

are randomly distributed in 3000 x 3000 m square plane. Figure 2.4 presents the average

queue backlog performances of given schemes in this network. The traffic load on the x-axis

is presented in terms of number of packets per second per flow i.e. the average number

of packets each source generates in every second. The average queue backlog performance

represents the traffic load which a network can support with no queue leading to infinity. At

low traffic load, queue lengths in the network are small. But as the traffic load increases, more

unserved packets accumulate in the queues and the average queue length rises. After some

critical load, it becomes impossible to serve any higher load and the average queue length

shoots to infinity. This critical load marks the capacity of a network under given scheme.

It can be easily observed that Modified BP performs as well as Pure BP because both of

them achieve almost the same network capacity. SP pays the penalty of using a fixed single

path and its performance is moderate. As expected, Pure SP shows the worst performance

and gets saturated under light traffic loads, primarily because it does not use backpressure
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Figure 2.4: Average queue backlog performance-comparison for 20 node random topology

scheduling and multiple routes for load balancing. We reiterate that these results present a

common trend among most of the sample topologies we considered in simulation.

Next, we consider the 20 node grid topology shown in Figure 2.5. Note that in a grid

topology, extended paths do not exist due to the structure of this topology. Thus Modified

BP can use only shortest paths in this case. Figure 2.6 presents average queue backlog

performance of these schemes in the given grid topology. The performance of Pure BP is

superior to Modified BP, which is primarily due to the absence of extended paths. But still,

Modified BP performs significantly better than the SP and Pure SP routing scheme. The

behavior of other schemes in the grid topology is consistent with the results for random

topologies.

In simulation results, we see that Modified BP performs as well as Pure BP for random

topologies. The intuitive reason behind this trend is that if we have sufficient number of

shorter paths, using long paths does not provide any significant benefits, even when the

shorter paths are congested. Consider an example where we have a sufficient number of

shorter routes for a source-destination pair. Let us assume that all of them get congested and

source starts forwarding the traffic on longer routes. Assuming the same traffic conditions

as before, it can be easily understood that the traffic load which saturated shorter routes
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Figure 2.6: Average queue backlog performance-comparison for 20 node grid topology
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before, would congest longer routes sooner or later. Thus most of the packets on long routes

would remain in the network for a long time. In the mean time, due to faster service time of

shorter routes, some shorter routes would become available to serve new packets. Thus long

routes provide little overall benefit. But the routes which are slightly longer than shortest

paths e.g. the extended paths, can still help to alleviate the congestion because delay on such

routes is comparable to the delay on the shortest paths. Thus if such routes are sufficient

in number, we don’t need to forward traffic on much longer paths like Pure BP case. We

have already shown that generally, the total sum of the shortest paths and extended paths

is sufficiently large in a random topology. This explains the good performance of proposed

scheme in the random topology. This also explains its moderate performance in the grid

topology as it could only use the shortest paths which were small in number.

As a side note, when a network is uniformly loaded, using even extended paths does not

provide much gain. We illustrate this through the performance plots in Figure 2.7. We

simulate a scenario in a random topology where every node has some traffic for every other

node in the network. We still use Modified BP but disable all extended paths and forward

traffic on the shortest paths only. Let us call it Modified BP with shortest paths for the

sake of this discussion and compare it with Pure BP and SP schemes. We see that utilizing

the shortest paths only provides the performance as well as Pure BP in this scenario. The

same trends are seen as when we simulated a grid topology. These results suggest that

when a node uses a longer path, it may create the congestion for other flows using that path

as their shortest path already. This may force these flows to switch to other longer paths

which might be the shortest path for the original flow. Thus in this ’tit for tat’ scenario the

original flow gets no gain from using longer paths. (In fact, the situation worsens from the

delay point of view.) But Modified BP with shortest paths still achieves load balancing gain

due to multiple shortest paths compared to the SP scheme because SP scheme shows poor

performance when compared to it.
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Figure 2.7: Average queue backlog performance-comparison in uniform traffic load scenario

2.3.2 End-to-End Delay Performance

Though the average queue backlog plots give some insight into delay properties of the net-

work, the average end-to-end delay performance is still not clear. To plot end-to-end delay

performance, we generate traffic for 15000 slots and run the simulation until all packets in the

network have been served. Figure 2.8 presents the end-to-end delay performance of above-

mentioned schemes in the random topology. At low traffic loads when end-to-end delay due

to path traversal supersedes the queuing delay, Pure BP has unnecessary high end-to-end

delay because it sends many packets on long routes even when a single shortest path is able

to accommodate the traffic load. Other schemes including Modified BP have almost negli-

gible delay in light load conditions because they always use the shortest or slightly longer

paths. At higher traffic loads, queueing delay dominates over path traversal delay. Thus, SP

and Pure SP have poor delay performance when compared with Pure BP because the queues

under these scheme saturate at much less load when compared to Pure BP. But Modified BP

manages to perform as well as Pure BP at high traffic loads. The reason can be explained

on the basis of average queue length performance of Modified BP. At high traffic loads, the

queues in Modified BP scheme have almost the same average length that they do in Pure BP.
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Figure 2.8: Delay performance results for random topology

Thus the queuing delay in both cases remains almost the same and approximately equal to

the average end-to-end delay under high traffic load. Thus across all traffic loads, modified

BP has superior end-to-end delay performance compared to other schemes. Under light load

it outperforms Pure BP, while under high load it outperforms SP and Pure SP and performs

close to Pure BP.

In addition to average delay performance, it is worth looking into end-to-end delay dis-

tribution of packets under Pure BP and Modified BP scheme. These results are presented in

Figure 2.9. The distribution for Pure BP has to be truncated as few packets experience an

end-to-end delay of more than 2000 slots. Nevertheless, it is clear from the figure that the

delay distribution for Pure BP has much longer tail than what is seen in Modified BP case.

Most of the packets in Pure BP have an end-to-end delay between 20 and 200 slots, while in

Modified BP most of the packets experience an end-to-end delay of no more than 20 slots.

Our final observation is about the relationship between topology control and the through-

put obtained by BP algorithm. Generally, dense topologies may have more shorter paths for

a source-detsination pair when compared with sparse topologies. Thus the throughput per-

formance in dense topologies might be better than sparse topologies. This gives an insight
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into the topology control problem: one should try to obtain a dense topology if one wants to

maximize the throughput by using a scheme similar to backpressure. This is an interesting

observation and is a subject to our future study.

2.4 Conclusion

We discussed delay-related issues in throughput-optimal classical backpressure routing. We

targeted these issues and proposed a scheme which uses backpressure for packet forwarding

while route discovery is taken care by a generic routing protocol. Our approach uses routes

from two categories: The shortest paths and the extended paths. Results show that our

approach performs close to classical backpressure routing in throughput region while the

delay performance. The delay performance of our scheme is significantly superior than

classical backpressure scheme. Overall, our proposed scheme performs well enough in most

cases of practical interest. We also show that under uniform traffic load scenarios, forwarding

packets on longer routes does not give any tangible benefit and utilizing only the shortest

paths is best strategy.

There are still some practical issues which remain unaddressed in this chapter. Under

light traffic load when utilizing a shortest path is sufficient, our scheme may still choose an

extended path to forward the traffic. Though, less delay penalty has to be paid in utilizing

the extended paths, using them only when required would be a further enhancement of our

scheme. Another issue is the estimation of differential queue backlog with respect to all one

hop neighbors. In our simulation, the instantaneous value of differential queue backlog is

assumed to be accurately known in every time slot. In practice, due to messaging overheads,

it may not be advisable to update the differential queue backlog frequently.
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Chapter 3

Backpressure Scheduling in Realistic

Interference Model

A scheduling algorithm makes medium access decision for a node. The performance of a

scheduling algorithm strongly depends upon the interference model chosen. An interference

model dictates the interference relationship between any two nodes in the network. There

are three most common interference models used: The hop-based model, the disk-based

model and the standard physical model, also referred as the signal to noise ratio (SINR)

model. A K-hop-based interference model assumes no interference after K-hops. Thus all

the transmitting nodes who are away from a node by more than K-hops, do not interfere

the node under this model. The disk-based models are a variation over hop-based models.

A disk-based interference model defines an interference range for a node. A transmitter does

not interfere with a node if it lies outside the interference range of the transmitter. These

models inherently assume that interference ends abruptly at some boundary and does not

propagate further. This model underestimates the interference by ignoring the accumulative

interference due to far away transmissions. Thus, the actual performance of any general

policy (including scheduling) using these interference model may be poorer than its claimed

performance [54]. The third interference model, the SINR model captures more realistic
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properties of interference than previous two interference models discussed. (Though it ig-

nores other effects such as shadowing and fading.) This model accounts for every possible

interferer and assumes a successful transmission only when SINR at the receiver is greater

than some threshold.

Past works on scheduling exploit graph-theoretic techniques in scheduling policy design

e.g. [8,10,17]. They model the scheduling problem as finding maximum weighted independent

set (MWIS) of a binary conflict graph. The binary conflict graph represents a binary inter-

ference relationship among all links in the network and suggests whether any link pair in the

network can be activated simultaneously or not. Abstracting a network as a binary conflict

graph is useful for simple protocol design for higher layers. Most of the past scheduling works

adopt either a hop-based or a disk-based interference models for conflict graph approach, but

these models have their own disadvantages as discussed before. The scheduling works dealing

with SINR model adopt linear and non-linear programming approaches [40–42] which are

not computationally efficient even for moderate size networks. However, the SINR model

is not adopted for binary conflict graph based scheduling. Though graph-level abstraction

of a network under SINR model is possible using interference graph approach [42, 45]. In

the interference graph, each node has a weighted edge to every other node in the network.

The weight represents the amount of power one node receives from the other. Scheduling

in an interference graph requires information from all the links while adding or removing

a single link in schedule. Besides this drawback, the scheduling complexity, i.e. schedule

computation time, in the interference graph is substantially higher than in a binary con-

flict graph. Unfortunately, establishing binary conflict relationship between link pairs is not

straightforward in the SINR model; it is not even clear that it is possible, except trivially.

This is one reason why past scheduling policies in the SINR model do not utilize the well-

developed class of powerful graph-theoretic techniques that apply to the conflict graph-based

interference model. Thus the hop-based or disk-based and the SINR model both have their

own benefits from scheduling point of view. In order to gain the advantages of both models,

it would be ideal to capture SINR properties in the binary conflict graph. This chapter is
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based on the same idea. We propose a synthetic interference model that keeps backpressure

scheduling design simple and also accounts for the realistic interference. We show how to

construct a binary conflict graph satisfying SINR constraints in the uniform and non-uniform

power assignment cases. Scheduling policies relying on the SINR-based conflict graph could

be fast, simple, and have provable SINR guarantees. These policies also have potential to

be implemented in a distributed manner. This work is also presented in [55].

The rest of this chapter is organized as follows. In section 3.1, we formally describe our

network model. Sections 3.2 and 3.3 explain the construction of a conflict graph in power

control and uniform power settings respectively. Section 3.4 proves the validity of the ob-

tained schedule. The simulation model and results are discussed in section 3.5. Finally, we

conclude the chapter. Note that we deal with two different network graphs in the chapter:

the communication graph and conflict graph. To avoid any confusion, we will refer to nodes

and links for the communication graph while referring to vertices and edges for the conflict

graph. A vertex in the conflict graph represents a link in the communication graph. An edge

between two vertices implies that the corresponding links conflict with each other.

3.1 Network Model

Let N be the set of n transceivers or nodes distributed arbitrarily in the plane. Let dab

be the Euclidean distance between nodes a and b. Suppose, node a is transmitting to the

node b with transmit power Pa. Then, the received signal power at node b due to node a is

Pab = Pa/d
α
ab according to the exponential path loss model where α is the path loss exponent,

assumed to be greater than 2. Let us define a link e = (a, b) if and only if Pab/N0 ≥ β where

N0 is the ambient noise level and β is the SINR threshold. For rest of the chapter, the

transmitter and receiver of a link ei will be denoted by ai and bi respectively. Assuming

that initially every node transmits with its maximum power, define E as the set of all links

present in the network. Define G = (N,E), a directed communication graph, and assume

that G is connected. Consider S = {a1, a2, . . . ak} as a set of transmitters active at the time
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when node a is transmitting to node b. The SINR at b can be given as

SINRab =
Pab

N0 +
∑

ai∈S,ai 6=a Paib

The transmission from a is received correctly at b if SINRab ≥ β. Given the uncertain nature

of wireless link, acknowledgement (ACK) from a receiver to transmitter is usually required to

provide reliable link layer operation. We assume that a packet sent by node a is successfully

received by node b if and only if the packet is correctly received by b and the ACK sent by

node b is correctly received by node a. The role of this assumption will be clear later in

section 3.2. We also assume that a node cannot transmit and receive simultaneously, the

so-called self-interference constraint. Neither can a node receive from or transmit to more

than one node at a time.

3.2 Constructing Conflict Graph with Power Control

As mentioned before, we assume bi-directional links and hence consider the interference

due to ACK transmission by receivers also. Thus, for a transmission on q = (x, y) that is

concurrent with the transmission on p = (a, b), we account for the interference both from

node x’s data packet and from node y’s ACK. Since only one of x and y transmits at a

time but their data and ACK packets could both overlap with either the data packet or

the ACK along p = (a, b), we have to choose the maximum of the interferences from x

and y when accounting for the effective interferences at a and b. Note that which of the

two (x or y) contributes the maximum interference could be different at a and b. Thus to

determine the conflict between p and q, distances between four pairs must be considered:

(a, x), (a, y), (b, x), and (b, y). Let us define the term link distance, somewhat strangely, as

the minimum distance among all four pairs.

Definition 1. Given two links p = (a, b) and q = (x, y), link distance Dpq is defined as

minimum of all node pairs excluding the node pairs which constitute the links themselves.

Hence, Dpq = min{dax, day, dbx, dby}
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First, we describe our idea of forming a conflict graph in the SINR model. We say that

two links ei and ej conflict with each other if Deiej
is less than Rij. As shown later in the

section 3.2.2, Rij is a function of link lengths denoted by li and lj. We will show if Deiej
is

at least Rij, the transmission on both links ei, ej would be successful. After determining the

conflict relationship between link pairs, we can construct a binary conflict graph for G.

3.2.1 Set Partitioning

We partition the set E into subsets based on the link lengths. This partition carries im-

portance in determining the power levels as shown later in the power control part. Let us

define δ = dmax/dmin where dmax and dmin are the maximum and minimum link lengths in

the network. The SetPartition algorithm, algorithm 1, partitions E into at most dlog δe+ 1

disjoint sets. A set Bm contains every link ei ∈ E such that 2m ≤ li ≤ 2m+1 for m =

{0, 1, . . . , dlog δe}. After initial partitioning of the links into sets, all empty link sets are

removed and remaining sets are arranged in the descending order of the link lengths (line

3). Let τi denote the length class of link ei. That is if ei ∈ Bm then τi = m (line 7).

Algorithm 1: SetPartition
Input: G = (N,E)

Output: A partition B of E.

Partition the set E into sets B = {B0, B1, . . . , Bdlogδe} such that1

Bm = {ei : ei ∈ E and 2m ≤ li < 2m+1}

If Bm is empty, remove Bm. Rename set B such that Bm is the mth non-empty set in decreasing2

order of the link lengths

// set index of link ei as set index m

for each ei ∈ Bm, assign τi = m3
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3.2.2 Conflict Graph Formation and Power Control

The ConstructConflictGraph algorithm, algorithm 2, picks one link pair (ei, ej) at a time.

From section 3.1, the self-interference property implies that adjacent links cannot be active

simultaneously. Thus, if ei and ej are adjacent (line 4), they conflict with each other. If they

are not adjacent, we need to check further if they conflict. If ei and ej are from the same

length class i.e. τi = τj, Rij is given by (line 9)

Rij = µmin{li, lj} (3.1)

The value of µ is given in ConstructConflictGraph (line 1). If τi and τj are different, then

Rij is defined as (line 11)

Rij = max{li, lj}(3nβ)(|τi−τj |+1)/α (3.2)

Finally, we calculate Dij and if it is less than Rij, we say that ei and ej conflict with each

other. In case of conflict, we join the corresponding vertices of a link pair by an edge in the

conflict graph K. After enumerating all link pairs, we get our final conflict graph.

Power control is the last stage. The power level assigned to both nodes ai and bi of a

scheduled link ei is Pei
= Pai

= Pbi = 4N0(3nβ)τilαi . This would give us power allocation vec-

tor for the given schedule. Though, power control appears separate from the conflict graph

formation, there is a close relationship between the given value of Rij in ConstructConflict-

Graph and assigned power level for any link. As the power allocation strategy suggests, the

links of smaller lengths might be allocated higher power as compared to the links of bigger

lengths. This enables the smaller links to cope with potentially higher interference from

bigger links. A similar power control scheme is used in [56]. However, their algorithm can

only schedule links from the same length class.
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Algorithm 2: ConstructConflictGraph
Input: G = (N,E), B

Output: A conflict graph K

µ = 2
2
α+2(β(α−1)

α−2 )1/α1

for i = 1 to |E| do2

for j = 1 to i− 1 do3

// Self-interference constraints

if ai = aj or bi = bj or ai = bj or bi = aj then4

ei and ej conflicts5

else6

// Determining if links i & j conflicts

if τi = τj then7

Rij = µmin{li, lj}8

else9

Rij = max{li, lj}(3nβ)(|τi−τj |+1)/α10

Dij = min{daiaj , daibj , dbiaj , dbibj}11

if Dij < Rij then12

ei and ej conflicts13

end14

end15
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3.3 Constructing a Conflict Graph with Uniform Power

Section 3.2 considers power control to construct a conflict graph. In this section, we discuss

the binary conflict graph formation in uniform power settings. The basic approach is similar

to what is used in the above section i.e. if two links are sufficiently far apart, they can be

scheduled simultaneously.

The idea is to follow the same SetPartition procedure given in section 3.2.1. Then,

applying the constraints given in ConstructConflictGraph (lines 4 and 7), the links from

different length classes can be scheduled. Precisely, any two links i, j can be scheduled if

Dij is greater than µmax{li, lj}. Otherwise, they conflict with each other. The algorithm

is presented in procedure UniPowConflictGraph. A similar scheme was recently presented

in [57] but that scheme is used to prove the NP-hard nature of scheduling in the SINR model

and not used for conflict graph formation.

Algorithm 3: UniPowConflictGraph()
Input: G = (V,E), B

Output: A conflict graph K

µ = 2
2
α+2 α

√
β(α−1)
α−21

for i = 1 to |E| do2

for j = 1 to i− 1 do3

// Self-interference and length-class constraints

if ai = aj or bi = bj or ai = bj or bi = aj or τi 6= τj then4

ei and ej conflicts5

else6

Dij = min{daiaj , daibj , dbiaj , dbibj}7

if Dij < µmin{li, lj} then8

ei and ej conflicts9

end10

end11
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3.4 Analysis of Policies

3.4.1 Power Control Approach

We prove that all transmissions on a set of links will be successful provided that the chosen

set of links is an independent set with respect to the conflict graph, i.e. there are no pairwise

conflicts within the set. The proofs use similar methods to those in [43]. The outline of

the proof is as follows: In Lemma 1 and Lemma 2, we bound the interference generated by

simultaneous active links of different length classes. In Lemma 3, we bound the interference

due to simultaneous active links of the same length class. Finally, using these lemmas in

theorem 1, we get the upper bound on the total interference accrued at any node of a link

and prove that that the resulting SINR is always less than β. Before presenting proofs, let

I is be the interference experienced at link es due to link ei. We define I is as follows:

I is ≤ max{Paias , Pbias , Paibs , Pbibs}

= Pei
/Dα

eies

Lemma 1. Consider a link es scheduled in a time slot t. Let ei be a simultaneously scheduled

link with τi < τs, then

I is ≤ ν(3nβ)τs−1

Proof. For τi < τs, Deies ≥ (3nβ)(τs−τi+1)/αli. Thus

I is ≤
ν(3nβ)τilαi

(3nβ)(τs−τi+1)lαi

≤ ν(3nβ)τilαi
lαi

= ν(3nβ)τi

≤ ν(3nβ)τs−1
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Lemma 2. Consider a link es scheduled in a time slot t. Let ei be any simultaneously

scheduled link with τi > τs, then

I is ≤ ν(3nβ)τs−1

Proof. Given τi > τs, Deies ≥ (3nβ)(τi−τs+1)/αli. Thus

I is ≤
ν(3nβ)τilαi

(3nβ)(τi−τs+1)/αlαi
≤ ν(3nβ)τs−1

Lemma 3. Consider a link es = (as, bs) scheduled in a time slot t. Let I ′s be total interference

due to all simultaneously active links of the same length class, then

I ′s ≤
48ν(3nβ)τs2α

λα−1µα

Proof. Two links li, ls of same length class would be scheduled only if Deies ≥ µmin{li, ls}.

Since li and ls belong to same length class, Deies ≥ µls/2 irrespective of which is bigger, li or

ls. Assume a set S ′ containing all activated links of same length class. So, all transmitting

nodes in S ′ must be far from bs at least by µls/2. Thus, the disks of radius µls/4 centered at

all transmitting nodes do not overlap. Next, to calculate the total interference at bs due to

set S ′, we partition the plane into rings Rλ centered at bs and of width µls for λ = 1, 2, . . ..

Rλ contains all transmitters for which λµls ≤ dbsai
< (λ + 1)µls. The area of a ring Rλ can

be calculated as

A(Rλ) = π[((λ+ 1)µls)
2 − (λµls)

2)]

= πµ2(2λ+ 1)l2s

≤ 3πλµ2l2s

Calculating total number of transmitting nodes in Rλ

3πλµ2l2s
πµ2l2s/16

≤ 48λ (3.3)
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The maximum possible transmit power of any node in S ′ can be ν(3nβ)τs(2ls)
α. Thus, the

cumulative interference at bs due to transmitters in Rλ

Iλ ≤ 48λ
ν(3nβ)τs(2ls)

α

(λµls)α

≤ 48ν(3nβ)τs(2)α

λα−1µα

Summing up the total interference due to transmitters in Rλ for every λ

∞∑
λ=1

Iλ =
48ν(3nβ)τs(2)α

µα

∞∑
λ=1

1

λα−1

< νnτs(3β)τs−1 (3.4)

The last inequality follows from the definition of µ and the result
∑∞

λ=1 1/λα−1 = (α −

1)/(α− 2) for α > 2.

Next we prove in the following theorem that all links in a schedule satisfies SINR con-

straint.

Theorem 1. If any set of links forming an independent set in the conflict graph is activated

simultaneously, then each link in the set will satisfy its SINR requirement.

Proof. For any receiver on a link, at most n − 2 nodes can interfere. Thus, from Lemma 1

and Lemma 2, maximum total interference from the links of different length classes can be

given as

Idiff = (n− 2)ν(3nβ)τs−1 ≤ nν(3nβ)τs−1

From Lemma 3, the total interference caused by all active links from the same link class as

link s is bounded by νnτs(3β)τs−1. By summing up the these interference values, we can get

the bound on total interference accrued at the receiver∑
i

I is <
2ν

3
β(τs−1)(3n)τs (3.5)
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From (3.5), the SINR experienced at receiver bs of link es will be at least

SINRbs >
4N0(3nβ)τs

N0 + 2ν
3
β(τs−1)(3n)τs

=
4(3nβ)τs

1 + 8
3
β(τs−1)(3n)τs

≥ 4(3nβ)τs

11
3
β(τs−1)(3n)τs

> β

The second inequality is obtained by putting ν = 4N0 and third inequality follows from

the fact that n, β > 1. This holds for every link in the independent set. Thus, if a set

of links from an independent set in the conflict graph is activated simultaneously, then the

transmission over each link in the set will always be successful. This proves our theorem.

3.4.2 Uniform Power Approach

Next, we prove that under uniform power assignment, the SINR constraint for any link in

the obtained schedule will always be satisfied.

Theorem 2. If any set of links forming an independent set in the conflict graph is acti-

vated simultaneously in uniform power case, then each link in the set will satisfy its SINR

requirement.

Proof. We can construct the proof using intermediate results obtained in Lemma 3. Suppose,

we activate a link from length class m i.e. for any link e in class m, 2m ≤ le < 2m+1. Let

the transmit power of any node is P . Consider the worst case scenario when all interferers

are at the least possible distance from the receiver bs i.e. 2m. Using similar arguments as in

Lemma 3, maximum possible interference due to all interfering nodes can be bounded as

I <
3P

22αlαs β
(3.6)

Next, we calculate the worst-case SINR for link ls. The worst-case SINR is given as

SINRbs =
P/lαs

N0 + 3P/22αlαs β
(3.7)
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If we assume ls to be less than or equal to [P (1− 3/22α)/βNo]
1/α

, SINR is always greater

than β. This should be a fair assumption as it suggests that under worst-case interference,

a link has to increase its power by (1 − 3/22α)1/α, a small value for any value of α ≥ 2.

Finally, as explained above, the SINR at both nodes of every link will always be higher than

β. Thus, schedule over the obtained conflict graph will always be valid.

3.5 Simulation Model and Results

Nodes are randomly distributed in 3000 x 3000 m plane. The transmitter power for uniform

power level is 10 dBm and N0 is -90 dBm. The values of path loss exponent α and threshold

β are taken as 3 and 10 dB respectively. The simulation is performed for 50000 slots. In

every slot, packets are generated at every node as a poisson random process and destination

is assigned randomly among all nodes uniformly. The rate of every link is normalized to 1

packet/slot. Backpressure routing is used.

3.5.1 Baseline Interference Models

In the literature, there are two popular graph based interference models: the two-hop inter-

ference model and the physical interference graph. Two-hop interference model is commonly

used for IEEE 802.11 type of wireless networks because it is a good model of the functioning

of the RTS/CTS mechanism. Under two-hop interference model, each link conflicts with all

of its two-hop neighboring links. Further, greedy scheduling can be applied over this conflict

graph. On the other hand, while applying greedy scheduling over interference graph, a link

with highest backlog is selected first. It is put into the schedule by removing its transmitter

and receiver node from the interference graph and adding incurred interference to all other

nodes. Next, a new link is scheduled from the modified interference graph, only if 1) it does

not cause the SINR of prescheduled links to go below β and b) SINR at this link is not less

than β. This continues until no vertices remain in the physical interference graph.
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We compare the performances of our proposed approaches with the performances of

scheduling in two-hop model (Ideal Two Hop), and physical interference graph (Interference

Graph). We refer to our power control based scheduling and uniform power based schedul-

ing as Power Control and Uniform Power respectively. Though comparison between power

control and uniform power approach is not fair, the performance of power control approach

gives insight into the gain one can achieve after applying power control. The performance of

greedy scheduling in physical interference graph might be seen as optimal performance for

Uniform Power case as it is empirically seen that centralized greedy scheduling performs as

well as optimum scheduling. We also compute the actual performance of two-hop interference

model and compare it with others for illustration purpose. This is done by removing those

links from the obtained schedule whose SINR is less than β. We simulate the performances

of policies for various arbitrary topologies and present our result for one sample topology as

the trends in the results for all taken topologies are similar.

3.5.2 Simulation Results

Fig 3.1 shows the sample topology for which we present our performance results. The perfor-

mance plot of above discussed policies is given in fig 3.2. The y-axis represents average queue

length of node in the network. As we increase the traffic rate for every user simultaneously,

the average queue length also increases. But, at some traffic rate, the average queue length

jumps to infinity, instantaneously. This traffic rate will mark the network capacity. Since we

do our simulation for the limited number of slots, we have to use some threshold for average

queue length rather than infinite average queue length as our queue length criteria. In our

simulation, we set the threshold equal to 50. Note that we explore one dimension of capacity

region only i.e. all nodes have same traffic arrival rates. As expected, the performance of

Ideal Two Hop is superior to all other policies. Though, the real performance of two hop

model (Real Two Hop) is worst than any other policy and is quite close to zero. This shows

that maximizing the number of scheduled links in two-hop model yields poor performance.
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Figure 3.2: Network capacity performance of policies
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Of course, the performance of Real Two Hop depends heavily on the selection of path loss

exponent value. Though, the performance of Uniform Power is not close to Interference

Graph, it achieves a performance ratio of around 0.7 with respect to Interference Graph as

observed in various topologies. The performance of Power Control is close to or slightly

better than Interference Graph in many cases. Though it is unclear how much better an

optimal algorithm for power control case can perform. Note that our main motivation is to

present efficient graph based scheduling policies guarantying SINR constraints and there is

a good scope to refine these policies to achieve higher throughput further.

Another advantage of SINR based binary conflict graph is proving performance guaran-

tees of policies. In SINR model, it is hard to provide any kind of performance guarantee for

any suggested policy. It can be shown that greedy scheduling can perform at least 1/∆max

of the optimal policy for any arbitrary topology where ∆max is the maximum vertex degree

of a given conflict graph. These results have been reported in many past scheduling policy

based works e.g. [58].

3.6 Conclusion

In this chapter, we presented techniques to construct a SINR-based binary conflict graph

using power control and uniform power assignment. The scheduling policy applied over the

constructed conflict graphs guarantees that SINR constraints will be met. This work com-

bines the advantages of conflict graph-based scheduling policies with SINR guarantees. The

performance of a scheduling policy over proposed conflict graphs is evaluated and compared

with other approaches.

The most important issue not discussed in this chapter is the implementation of dis-

tributed scheduling policies based on similar ideas. We will discuss the same in the next

chapter.
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Chapter 4

Distributed Design of Backpressure

and Routing Algorithm

In previous chapters, we discussed new designs of backpressure scheduling and routing mech-

anisms. Chapter 2 proposed some modifications to backpressure routing, while Chapter 3

presented a novel interference model that can be used for backpressure scheduling. The

proposed designs are centralized — some omniscient controller takes all the scheduling and

routing decisions. These designs cannot be implemented in ad hoc networks in which every

node makes decisions by itself with limited knowledge. Thus it is non-trivial to develop

distributed algorithms from our centralized designs. We present a distributed design for a

backpressure policy for both graph based and SINR-based interference models in this chap-

ter. We simulate these designs and analyze their performance.

4.1 Challenges for Distributed Backpressure Design

Due to the fact that nodes do not have direct knowledge of the queue lengths at their neigh-

bors, scheduling is the major challenge in the design of a distributed backpressure scheme.

42



Thus a node with light traffic load may block a congested neighboring from transmitting, vi-

olating the basic spirit of backpressure. This is against the basic spirit of backpressure. The

centralized greedy scheduling selects a node with the highest differential queue backlog first

and thus gives higher priority to a congested node for transmission. To implement the sim-

ilar scheme in distributed and random access based fashion, a node with higher differential

queue backlog should be allowed to access the medium with higher probability.

4.2 Distributed Backpressure Algorithm for One-hop

Interference Model

We adopt a slotted-Aloha system. First we present distributed backpressure algorithm for

one-hop interference model and later extend it to the SINR model. In the one-hop interfer-

ence model, first introduced in Chapter 2, all disjoint links can be scheduled simultaneously.

To exchange queue backlog information with one hop neighbors, we adopt a technique sim-

ilar to the technique used in [39]. When a packet is transmitted to any destination, the

transmitting node piggybacks its queue length for that destination onto the packet. All

one-hop neighbors overhear this transmission and update their queue length values for the

node-destination pair accordingly.

4.2.1 Neighbor and Destination Selection

We assume an additive metric based generic routing scheme. As in Chapter 2, we use the

shortest and the extended paths for packet forwarding. The extended paths are longer than

the shortest paths and should be used only when the shortest paths cannot accommodate

the current traffic load. Thus, we first use the shortest paths and then, if the current

traffic cannot be supported by the shortest paths, we also use the extended paths. For each

destination, the node checks the queue length. If the queue length is below a threshold,
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QThreshold, the node computes the queue backlog for each neighbors that can reach the

destination via a shortest path. If the queue length is above QThreshold, then the node

computes the queue backlog for each neighbor that can reach the destination through a

shortest or extended path. For all destination-neighbor pairs for which the queue backlog

was computed, the node selects the destination-neighbor pair with the highest differential

queue backlog. The pseudo-code is presented in Algorithm 4: DistributedBP.

4.2.2 Backpressure Based Random Access Scheduling

Once node a selects an optimal neighbor-destination pair (b∗, c∗) and Q∗a is known, it com-

putes its transmission probability Pa as follows:

Pa = 1− e−Q∗
a (4.1)

In practice, Pa can be adapted by changing the contention window size, AIFS values in IEEE

802.11 radios. Though we use the continuous values of Pa in our simulation, the discrete

and quantified values can be used for practical systems.

4.2.3 Simulation Model and Results

We simulate our algorithm for Slotted Aloha type system i.e. a time slotted system with

random access based MAC. The simulation is performed for 15000 slots. We consider a

40-node random topology where nodes are distributed uniformly in 5000 x 5000 m plane.

We select two source-destination pairs randomly from the network and create flows for them.

The traffic is modeled as poisson process. The transmission rate of every link is normalized

to 1 packet/slot. We have other parameters for our distributed design such as QThreshold.

The value of QThreshold is chosen to be 10. It was found that increasing the value of

QThreshold to 10 or even 20 did not make any significant impact on the performance. One

should choose the high value of QThreshold so that a node should not start using extended
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Algorithm 4: DistributedBP()
Input: RoutingTable, ActiveRoutingTable, QThreshold

Output: Tranmission probability for the node, say node a

if Qc.Len < QThreshold then

// Find the list of neighbors Na, lying on the shortest paths for all

destinations

Na = RoutingTable.GetShortestPathNeighbors()

else

// Find the list of neighbors Na, lying on the shortest paths or extended paths

for all destinations

Na = RoutingTable.GetExtendedPathNeighbors()

end

(cselected, bselected, DQ∗a) = GetPacketSchedule(Na, ActiveRoutingTable )

// Find the optimal neighbor-destination pair (b∗, c∗) with maximum differential

backlog

b∗ = arg max
b∈Na

{Qca −Qcb}, ∀c ∈ V \ {a}

c∗ = arg max
c∈V \{a}

{Qca −Qcb∗}

DQ∗a = Qc
∗

a −Qc
∗

b∗

// Calculating the probability of transmission

Pa = 1− e(−DQ∗
a)
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paths so early. The higher value of QThreshold will also discourage frequent route switching.

The link rate is kept as 1 packet/slot. We simulate two other algorithms to compare with

our distributed Backpressure algorithms: Traditional shortest path routing (Pure SP) and

centralized backpressure algorithm, both presented in chapter 2 (Modified BP). In Pure SP,

all nodes access the medium with same transmission probability and use only one shortest

path throughout the whole period of simulation. We compute the average queue backlog

and the end-to-end delay performance. The results presented are typical of what we saw

over a large number of topologies.

4.2.4 Performance Comparison

Figure 4.1 shows a sample 40-node topology. Figure 4.2 compares the average queue backlog

performance of aforementioned backpressure algorithms for the same topology. Not surpris-

ingly, Traditional SP performs quite poorly. But our distributed algorithm performs well

and achieves nearly 80% performance of Centralized BP. The loss in performance is expected

due to the possibility of random access collisions in Distributed BP; nevertheless, these re-

sults are encouraging Next we compare the Distributed BP with Centralized SP algorithm

in Figure 4.3. Centralized SP enjoys backpressure based greedy scheduling algorithm but

forwards the packet on the shortest paths only and never uses extended paths. In most cases,

Distributed BP outperforms Centralized SP. This clearly shows the benefits of forwarding

the traffic on extended paths.

Figure 4.4 presents the delay performance-comparison of Distributed BP, Centralized

BP and Pure BP. We do not compare them with Traditional SP because it always perform

quite poorly. As expected, Distributed BP outperforms Pure BP at light traffic load because

it uses shorter routes only as opposed to Pure BP. Of course, Distributed BP cannot support

as much traffic as Pure BP and saturates sooner under high traffic conditions. In Figure

4.4, it may appear that Distributed BP and Centralized BP have same end-to-end delay

performance. However, Distributed BP is slightly worse than Centralized BP algorithm.
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Figure 4.1: A sample uniform random network topology
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Figure 4.2: Performance-comparison of backpressure algorithms for sample random topology
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Figure 4.3: Comparison of distributed backpressure algorithm with centralized algorithms
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Figure 4.4: End-to-end delay performance-comparison of backpressure algorithms
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Figure 4.5: End-to-end delay performance-comparison of Distributed BP and Centralized

BP

A closer comparison between Distributed BP and Centralized BP is provided in Figure 4.5.

The end-to-end delay in Distributed BP is always higher than Centralized BP. This is mainly

contributed by higher queuing delay in Distributed BP. The reason being that Distributed

BP does not change its route frequently. Thus when some packets stuck into a bad route,

they have to wait for longer route time as compared to Centralized BP.

4.3 Distributed Backpressure Algorithm for SINR Model

In the previous section, we presented a design for one-hop interference model. However, as

discussed in chapter 3, the SINR interference model is much more realistic than one-hop or

even two-hop interference models. We extend our distributed backpressure algorithm from

previous section to the SINR model. We assume a Slotted Aloha system and that each node

knows its distance from each of its neighbors. An alternative assumption would be that
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every node knows the received power level of its transmitted signal at every neighboring

receiver. A node can obtain this knowledge by getting feedback from its neighbors. The

core part of algorithm is same as before. However, we add extra functionality for SINR

measurements into it. This allows a node to determine whether its transmission would be

successfully received or not. The basic design of algorithm is as follows:

1. Each node a computes the maximum differential queue backlog and selects the optimal

neighbor-destination pair using the procedure DistributedBP in section 4.2. It also

computes its transmission probability Pa.

2. Then each transmitter sends a control signal to its receiver with probability Pa.

3. Every receiver measures the power level during this period and broadcasts this infor-

mation after control signal period. The control signal period should be sufficiently long

so that power fluctuations can be averaged out. But it should not be too long either,

otherwise it would have adverse impact on the throughput.

4. Every transmitter listens back to its receiver and gets the total power sensed at the

receiver. If a transmitter doesn’t hear a broadcast message for a sufficiently long

period, it assumes the receiver acting as a transmitter of some other link and does

not do anything further. Otherwise, the transmitter computes knowing interference

experienced at the receiver. The interference is calculated by by subtracting the known

received power from the total measured power. It further calculates the SINR at the

receiver. If SINR is greater than β, it transmits a packet to the receiver. Please note

the packet is from the queue of selected destination. If SINR fails to be larger than β,

it does not do anything further and wait for next slot.

The control signaling for this algorithm is presented in Figure 4.6.
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Figure 4.6: Signaling diagram in SINR based distributed backpressure algorithm

4.3.1 Simulation Model and Results

A 40-node uniform random topology in 5000 x 5000m plane is considered. The transmitter

power of a node is 10 dBm. The path loss exponent is taken as 3 and the SINR threshold is

10 dB. The noise power is assumed to be -90 dBm. The rest of the simulation parameters

remain the same as in the previous section. We compare our proposed algorithm with three

centralized algorithms: Interference Graph, Power Control and Uniform Power. The last

two algorithms were proposed in the chapter 3.

Figure 4.7 shows the average queue backlog performance of the aforementioned algo-

rithms. The Interference Graph approach performs better than all other schemes. But the

performance of our distributed algorithm is quite close to the Interference Graph approach.

For most of the sample topologies taken, our distributed algorithm performs around 90%

of the Interference Graph approach. An interesting observation is that our distributed al-

gorithm does slightly better than uniform and power controlled approaches. The reason is

that centralized approaches are conservative while evaluating the risk of interference.
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Figure 4.7: Average queue backlog performance-comparison of SINR based backpressure

algorithms

4.4 Conclusion

We proposed distributed backpressure algorithms for one-hop and the SINR interference

models. The distributed algorithms are built on the framework we developed in the previous

chapters. The algorithms are fully distributed and requires only one-hop information. They

also provide good competition to their corresponding centralized designs. The algorithms

require minimum control signaling overhead and are simple to implement in realistic sce-

narios. Though it is clear that our distributed algorithms perform quite well, it would be

interesting to simulate and analyze their performance in a standard real network simulator

such as OPNET Modeler and OMNeT++. This would also help us to analyze the impact

of signaling overhead present in the SINR based distributed backpressure algorithm. This is

the goal of our future work.
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Chapter 5

Future Directions and Conclusion

5.1 Multichannel Backpressure Algorithm

In previous chapters, we considered the single channel scenario — only one channel is present

in the network and nodes that transmitting simultaneously interfere with each other if they

are sufficiently close. Though single channel networks are common, multichannel networks

are becoming increasingly popular, particularly with the advances in frequency-agile radios.

Multi-channel multi-radio ad hoc wireless networks recently received a substantial amount

of interest, especially under the context of wireless mesh neyworks [59]. Using multiple

channels per node can increase the overall network throughput because interfering nodes

can be assigned to different frequencies and can have simultaneous successful transmissions.

But using multiple channels could be a restricted dynamic spectrum access scenario in which

licensed users, also called primary users, have priority in spectrum access and the unlicensed

or secondary users can only utilize unoccupied frequency bands. Since spectrum utilization

among secondary nodes is contingent upon primary users, location and activity, different sets

of frequencies available to use. In such cases, dealing with multichannel scenarios becomes a

necessity. Such multi-channel multi-radio networks present a challenging resource allocation

problem:
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1. Channel-assignment: What are the set of channels that each link should operate on?

2. Scheduling: When should a link be activated on each channel?

3. Routing: How to select route for each source-destination pair that minimize interference

and increase throughput?

A multichannel backpressure based algorithm can solve this problem. Some previous works

address the issue of designing control protocols for multi-channel multi-radio ad hoc networks

[60–66]. But either they are centralized designs or they are too complex to be implemented

in real systems. This motivates our single-channel-based backpressure design to be adapted

in multichannel networks.

We assume every node has multiple radios and multiple channels are present at every

node with the possibility that nodes have different sets of available channels. For our design

purposes, we assume that network topology has been formed initially. Though we assume

that a network topology has already been initialized, possibly using so-called rendezvous

techniques [67–69]. Every node utilizes all the radios it has, to maximize the number of

neighbors. We can use generalized routing in this case. The generalized routing may use a

combined metric of hop-count, channel switching delay, interference cost etc. Some examples

of routing metrics in multi-channel case are given in [70, 71]. After running the generalized

routing algorithm, the nodes update their routing tables with extended paths and shortest

paths. To share queue information with neighbors, a node piggybacks the queue length

information on data packets as described in Chapter 4. Based on the queue information,

the nodes prefer shortest paths; if the queue length for any destination are larger than a

predefined threshold, then extended paths are also utilized.

Unlike the single channel scenario, there is another dimension of optimization possible in

multichannel backpressure algorithm: One can modify or adapt the topology in such a way

that the backpressure algorithm can accommodate higher traffic load with new topology.

For instance, the nodes can try to re-organize the network topology to provide high capacity

routes for the congested flows. The topology adaptation can be performed by doing channel
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assignment in distributed fashion. The CARD algorithm provides one example of such an

optimization [72].

5.2 Conclusion

In our work, we have focused on a class of throughput-optimal network policies called back-

pressure policies. These policies use cross-layer optimization and do scheduling and routing

jointly. Though these policies were proposed about twenty years ago, they are still not suit-

able for many practical applications, particularly for wireless ad hoc networks. In this work,

we address three main problems with backpressure-based techniques. First, there is a design

deficiency in backpressure routing which causes long and looping routes to be over-utilized

and resulting in long delays. Second, many works on backpressure technique make some

simplistic assumptions about scheduling and interference in wireless networks resulting in

unrealistic scheduling decisions. Finally, it is challenging to implement backpressure policies

in a practical, distributed manner.

The first issue is discussed in Chapter 2. We proposed a new technique for backpres-

sure routing which address the problem of high end-to-end delay in routing. Our solution

achieves nearly the same throughput region as the capacity region achieved by the optimal

backpressure policy. Our packet forwarding scheme can be implemented with any generic

routing protocol. In Chapter 3, we presented a novel technique that provides an SINR-based

binary conflict graph. By using such conflict graph, the backpressure scheduling policy can

utilize well-known graph-based scheduling algorithms while still satisfying realistic interfer-

ence constraints. We finally presented distributed schemes in Chapter 4 that are based on

our centralized designs. The distributed schemes require only one hop information and are

easy to implement in the wireless ad hoc networks. We hope that our solutions will aid in

future implementations of backpressure-based protocols in wireless ad hoc networks.
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