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SUMMARY
In a wired multihop path, the concepts of end-to-end bandwidth (BW) and end-to-end available
bandwidth (ABW) are clearly defined and widely accepted as the capacity of the narrow link and the
unused bandwidth of the tight link, respectively. This consensus has led to clever estimation
techniques based on active probing measurements, although most of them assume that link capacities
are constant and that all cross-traffic interaction occurs through queuing delays at node buffers.
However, wireless ad hoc networks (manets) do not conform to these assumptions due to the shared
and unreliable nature of the transmission medium. Indeed, the concepts themselves do not apply
directly to manets because the idea of a point-to-point link does not exist as an independent
communication resource between a pair of neighbor nodes. Furthermore, the overhead is no longer a
constant small header appended to each packet, but a random variable that depends on many
phenomena and makes both BW and ABW largely dependent on packet length.
In this thesis we provide new definitions for BW and ABW of a multihop path in a manet, which
extend the wired concepts and capture their random shared nature and their packet length dependency.
Indeed, within the new definitions, we replace the concept of a point-to-point link with the concept of
a spatial channel (a set of source/destination pairs of neighbor nodes for which only one transmission
can occur at a time) as the independent unit of communication resource, so that the new definitions
become natural extensions of the widely accepted ones. After developing such theoretical framework
to compare with, we devise a simple and effective method to estimate the mean end-to-end BW in an
IEEE 802.11b ad hoc network path, for any packet length, using dispersion traces between probing
packet pairs of different lengths. Finally we estimate the ABW using a neuro-fuzzy approach to
represent the dependence of the variability of the dispersion traces on the ABW. Both methods are
shown to be efficient, to converge quickly to an accurate estimate for any packet length, to be robust
against cross-traffic, and to timely track bandwidth variations.
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RESUMEN
En una ruta multisalto basada en enlaces alambrados punto-a-punto, los conceptos de Ancho de
Banda (BW) y Ancho de Banda Disponible (ABW) están claramente definidos y ampliamente
aceptados como la capacidad del “enlace angosto” (el de menor tasa de transmission) y la capacidad no
utilizada del “enlace apretado” (el de menor capacidad no utilizada), respectivamente. Este consenso
ha conducido a diferentes técnicas de estimación basadas en mediciones activas tomadas con tráfico de
prueba, aunque la mayoría de ellas suponen que las capacidades de los enlaces son constantes y que
toda la interacción con el tráfico cruzado ocurre únicamente mediante el retardo en las colas de los
nodos de conmutación. Sin embargo, las redes inalámbricas ad hoc (manets) no se ajustan a estas
suposiciones debido a la naturaleza compartida y sujeta a errores del medio de transmisión. Más aún,
estos conceptos de BW y ABW no pueden aplicar a las manets porque están íntimamente ligados a la
idea del enlace punto-a-punto, que no existe en las manets como un recurso de comunicación
independeinte entre pares de nodos vecinos. Más aún, la sobrecarga ya no se reduce a un pequeño
encabezado añadido a cada paquete sino que en las manets es una variable aleatoria que depende de
muchos fenómenos distintos hace que tanto el BW como el ABW dependan de manera determinante de
la longitud del paquete.
En esta tesis proponemos nuevas definiciones para BW y ABW en una ruta multisalto de una manet,
las cuales extienden los conceptos de redes alambradas punto-a-punto capturando tanto su naturaleza
aleatoria y compartida como su dependencia en la longitud del paquete. De hecho, en las nuevas
remplazamos el concepto de enlace punto-a-punto por el de “canal espacial” (un conjunto de pares de
nodos vecinos fuente/destino entre los cuales sólo un par puede transmitir a la vez) como la unidad
independiente de recurso de comunicación, de manera que las nuevas definiciones resultan extensiones
naturales de las ampliamente aceptadas. Después de desarrollar este marco teórico con el cual
comparar, diseñamos un método simple y efectivo para estimar el valor promedio del BW en una ruta
de una red ad hoc basada en IEEE 802.11b, para cualquier longitud de paquete, utilizando trazas de
dispersiones entre pares de paquetes de prueba de dos longitudes diferentes. Finalmente estimamos el
ABW usando un sistema neuro-difuso que representa la dependencia entre la variabilidad de la
dispersión de los paquetes de prueba y el ABW. Se muestra cómo ambos métodos resultan eficientes,
convergen rápidamente a estimaciones exactas para cualquier longitud de paquete, son robustos contra
el tráfico cruzado y siguen oportunamente las variaciones de ancho de banda.
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1. INTRODUCTION
Each day, users of modern communications networks have more quality of service (QoS)
requirements for their applications [1]. Unfortunately, even after implementing QoS mechanisms and
QoS oriented network architectures [2], resources should be provided closer to the peak of the demand
than to its average, in order to satisfy those requirements [3]. Given the great peak/average dispersion
of the traffic in modern communication networks [4], it is still a distant goal to achieve high resource
utilization while guaranteeing a given QoS. A promising way to alleviate this difficulty is the judicious
and extensive use of feedback, so that control decisions can be taken dynamically, according to the
particular conditions of the network at each instant of time [5]. In this context, the control of network
resources would be highly favored by a timely, accurate and efficient estimation of the total bandwidth
(BW) and the available bandwidth (ABW) in a route, where, intuitively, BW can be defined as the
maximum achievable transmission rate in absence of competing flows, and ABW can be defined as the
maximum achievable transmission rate subject to the current competing flows on the network. Indeed,
this knowledge would allow traffic sources to adjust their transmission rate in order to utilize the
maximum capacity of the route without congesting the links; the network itself would be able to
control the admission of new flows so as to maximize the utilization of the resources under QoS
restrictions; It would be possible to take optimum routing decisions during the establishment of a
session or to dynamically re-route each flow for the total load to be optimally distributed on the links;
nodes can verify the fulfillment of Service Level Agreements by a service provider; service discovery
algorithms can return the most appropriate peer in P2P networks, etc.
The manager of a network based on point-to-point dedicated links knows the capacities of the links
and has access to SNMP counters that describe the detailed utilization of the links, so it is very easy
for him to measure the BW and the ABW of any link and, therefore, the BW and the ABW of any route
within its network. Nevertheless, since this information is not easily accessible for the users of the
network (including the managers of other networks that utilize its services) [6], different mechanisms
have been proposed to infer the BW and ABW between a source node and a destination node through
indirect measures taken at the ends of the route connecting them [6]. These measures can be passive
(based only on the normal traffic of the users) or active (based on additional test traffic that allows a
better control of the correlation between the observed measures and the parameters to be estimated).
The analysis of the observed measures can obey cross-traffic parametric models or more general
principles that correlate the measures with the BW or the ABW of the route. However, most methods
assume they are measuring constant parameters associated with a single bottleneck on the path, while
they are really estimating very dynamic variables that depend on many random phenomena at each hop
within the path, possibly showing a complex correlation structure in a wide range of time scales [4][7].
Along with the increasing demand for QoS, communication networks users also require a greater
ubiquity (“anywhere, anytime, anyhow”), which has led to wireless access for mobility [8]. Cellular
telephone networks are the best example of the high demand of this type of access, although they are
based on a complex network structure in which only the local access is wireless [9]. Wireless local
area networks (e.g. Wi-Fi [10]) or wireless personal area networks (e.g. bluetooth [11]) are other
popular examples. A third type of wireless network, the mobile ad hoc network (MANET), completely
2
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lacks a pre-established infrastructure and, therefore, it requires the cooperation of all the nodes in order
to establish multi-hop connections among pairs of nodes [8][12][13]. These networks have been the
subject of intense study during the last decade due to the immense flexibility that they promise in
military, civilian and commercial applications [8]. I am interested in this type of networks because, not
depending on any communication infrastructure, they can carry communication services to
marginalized, underdeveloped or economically depressed regions of our society, offering a high
resistance to such phenomena as natural disasters and terrorist attacks. So, this type of networks can
have an important impact in Colombia’s development, since they allow the implementation of
communication services that use the existing infrastructure, without depending on it.
Of course, the lack of infrastructure, the network topology volatility, the adverse conditions of the
wireless medium and the critical dependence on portable energy, impose many additional challenges
to the design of this type of networks [8], and complicates the estimation of the BW and the ABW
between two nodes. Indeed, the estimation techniques developed for networks made out of point-topoint dedicated links are not directly useable in MANETs, because the models these techniques are
based on are no longer valid. Nevertheless, these additional difficulties in the MANET environment
also increase the potential benefits of those estimates [14]. Indeed, some naïve estimators have been
used with surprising positive effects on the performance of the network, despite its noticeable
inaccuracy [15][16][17].

1.1 Objective
In this thesis, it is shown that it is possible to obtain some bandwidth related end-to-end measures in
a MANET path, and to infer from them both the BW and the ABW of the path in such a way that the
measurement procedure is efficient in terms of network resource utilization (so it does not affect the
network performance), the inference procedure has a small computational cost, and the resulting
estimates are highly accurate.
To show this, an estimation tool is constructed, suited for IEEE 802.11b ad hoc networks for such
civilian applications as community Internet access, shopping malls, convention centers, public shows
and rescue brigades (red cross, civil defense, police forces, etc.). This implies no more than a few tens
of nodes with pedestrian mobility in small areas of no more than a few square kilometers. In order to
obtain a model capable of relating the observed measures to the underlying BW and ABW parameters
in this kind of MANETs, a computational intelligence approach is used.

1.2 Contributions
1.

2.

It is found that the variability of traffic arriving to a single queue increases the information
contained in probing packet dispersion traces.
It is shown that the correlation between dispersion measures of packet pair probing traces and the
cross traffic over the tight link of a path, increases with the variability of the cross traffic, either
through its coefficient of variation or its correlation structure. Both experimental evidence and
preliminary analytical explaining results are provided. This is an important contribution because
this high variability, which was considered a difficulty, becomes an opportunity for better
engineering practices if it is efficiently exploited.
A neuro-fuzzy procedure is devised to exploit the above property in estimating highly variable
cross-traffic on a single queue.
The high variability traffic exhibits in modern communication networks is taken into account for
3
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the cross-traffic estimation problem. The complexity of the statistical characteristics of this
modern traffic is easily learnt by a neuro-fuzzy system from probing traffic dispersion measures.
Since the neuro-fuzzy system is provided with a-priori information obtained from a simplified
model, it simply had to learn the uncertainty not captured by the model, leading to both high
efficiency and good regularization properties. This is an important contribution because it points
at the application of computational intelligence methods for solving this type of estimation
problems in modern communication networks.
3.

New theoretical and practical definitions of bandwidth related concepts, which consider the
complex dynamic relationships within a MANET, are proposed.
A concrete theoretical framework is developed, in which the concepts of capacity, bandwidth and
available bandwidth of both a link and an end-to-end path, in random access multi-hop wireless
networks, are defined. This theoretical framework yields a functional form for the bandwidth of a
path based on two simple parameters, namely, the per bit cost and the per packet cost, where the
cost is measured in seconds. Similarly, the available bandwidth definition reduces to the unused
fraction of the total bandwidth above, for which simply an additional parameter, namely the
idleness factor, is needed. These definitions become natural extensions of the corresponding
widely accepted definitions for wired networks, but taking into account the many interactions that
can occur in a wireless ad hoc environment. These interactions are considered through the
generalization of the concept of a wired link to the concept of spatial channel, which is simply
defined as a set of links for which no more than one can be used simultaneously. This basic
relation captures most interactions on a path. This is an important contribution because the new
theoretical framework becomes a natural extension of the currently used one for wired networks,
where the complex interactions of wireless transmission, multiple access and interference are
simply captured through the single concept of spatial channel.

4.

A timely, efficient and accurate estimator of the total bandwidth of a path in a MANET is
proposed, based on the above definitions. This estimator returns the bandwidth as a function of
packet length.
The theoretical definition of the total bandwidth expresses it as a two parameter function of the
packet length. The sum-of-one-way-delays and the inter-packet arrival gaps of probing packet
pairs are used to estimate these parameters. The pairs within a range from the minimum sum-ofone-way-delays are selected and the mean of the gaps between them is computed, as the required
time to transmit a packet of the given length. Having two packet length samples, the two
parameters of the function can be estimated in order to describe the path bandwidth for any
packet length. This is an important contribution because it constitutes a simple and efficient
method that offers accurate estimates of the total bandwidth, taking into account its dependency
on packet length.

5.

The above estimator is extended with a neuro-fuzzy procedure to infer the availability of the
estimated capacity from the variability of the dispersion traces. The procedure leads to the
estimation of the available bandwidth, also as a function of the packet length, in a timely,
efficient and accurate way.

The ratio between the available bandwidth and the total bandwidth (or “availability”), as
measured from an extensive set of simulations, is related to the variability of the dispersion
between probing packet pairs, obtained from replicas of the same simulation scenarios. The
corresponding set of correlated data is used for training a carefully designed neuro-fuzzy system,
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which learns how to infer the availability from the statistics of the dispersion trace with high
accuracy, as tested on very different simulated scenarios. As above, this is an important
contribution because it constitutes a simple and efficient method that offers accurate estimates of
the available bandwidth, considering its dependency on packet length.
6.

In summary, the general contribution of this thesis is to show the applicability of computational
intelligence techniques to exploit the high variability in the dynamics of modern communication
networks, including the complex interactions in MANETs, in order to estimate the average of
both BW and ABW in a time window of a few seconds, as functions of the packet length.

1.3 Publications
During the research activities leading to this dissertation, some publications were written with partial
results of the work. The following is a list of such publications.
1. Alzate, M. y Peña, N. “Modelos de Tráfico en análisis y control de redes de comunicaciones”.
Revista Ingeniería Universidad Distrital. Bogotá, v.9, n.1, p.63 - 87, 2004
This is an extensive survey review on traffic modeling that was written while the authors were
looking for a dissertation research topic. It describes the main traffic models currently used to
represent the randomness of the users demand on modern communications networks, and the
utilization of these models in network performance analysis and control. It also mentions how the
fractal and multifractal behavior of traffic leads to the study of these networks from the complex
systems perspective, which, in turn, brings such paradigmatic changes in network engineering as
cross-layer design and multi-resolution predictive feedback control. It states many research paths
to follow from this new perspective. Since these new paradigms find an attractive application area
in wireless ad hoc networks due to their self-organized structure, reading this paper, Dr. Miguel A.
Labrador found that the estimation of available bandwidth in this type of networks would be an
interesting common point with his own research interests.
2. Alzate, M., Peña, N. and Labrador, M. “Neuro-fuzzy processing of packet dispersion traces for
highly variable cross-traffic estimation” In: Passive and Active Network Measurement, PAM
2007, Louvain-la-neuve. Lecture Notes in Computer Science. Berlin Heidelberg, Germany:
Springer-Verlag, 2007. v.4427. p.218 – 222
Several network parameters and traffic conditions can be inferred from packet dispersion
measurements. Cross-traffic data rate over the tight link of a path, for example, can be estimated
using different active probing packet dispersion techniques. Since a high correlation between the
dispersion measurements and the cross-traffic is ensured when the tight-link does not become idle
between probe packets, many techniques prefer to ignore measurements observed when the
probing packets do not belong to the same occupation period. Correspondingly, these techniques
require long measurement periods and only capture the long-run average of the estimated
parameters and conditions. This paper is about short-term cross-traffic estimation, which could be
far from the mean because of high variability. First it is verified that high variability not only
decreases the probability of an idle tight-link between two consecutive probing packets, but also
increases the correlation between cross-traffic and dispersion measurement when there are small
empty periods between probe packets. This remnant correlation can still be exploited if appropriate
statistical inference procedures are implemented on the dispersion measurements. Indeed, a simple
Neuro-Fuzzy cross-traffic estimator is proposed, which achieves high accuracy with a relatively
5
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low computational cost and very low transmission overhead. Although the system is trained on a
specific traffic trace, it exhibits such good generalization properties that the resulting fuzzy rules
become generally applicable. Furthermore, the normalized fuzzy rules can be used at several time
scales to adaptively find an optimal probing scheme according to the rich multi-scale correlation
structure of modern networks traffic.
3. Alzate, M., Salamanca, M., Peña, N. and Labrador, M. “End-to-End Mean Bandwidth Estimation
as a function of packet length in Mobile Ad Hoc Networks”. In: 12th IEEE Symposium on
Computers and Communications, 2007, Aveiro, Portugal.
Many methods for end-to-end capacity estimation over wired networks assume that link capacities
are constant and that all cross-traffic interaction occurs through queuing delays at node buffers.
However, wireless ad hoc networks do not conform to these assumptions due to the shared and
unreliable nature of the transmission medium. In this paper, the concept of end-to-end bandwidth
(the maximum rate that can be achieved when the resources along the path are not shared with
competing traffic) is distinguished from that of end-to-end capacity (the minimum transmission
rate among the nodes conforming the path) and it is shown that the former is a random variable
distributed within some range, which depends on packet length, among other factors. After
developing a simple theoretical framework to compare with, a simple and effective dispersionbased method is devised to estimate the mean end-to-end bandwidth for any packet length. The
method is shown to be efficient, to converge quickly to an accurate estimate for any packet length,
to be robust against cross-traffic, and to timely track bandwidth variations.
4. Alzate, M. “Complejidad en redes modernas de comunicaciones”, In Complejidad: Ciencia,
Pensamiento y Aplicaciones, Maldonado, C. (Editor), Universidad Externado de Colombia, 2007.
In this paper it is claimed that modern network engineers must stop thinking on the network as
their own creation, which must behave just like they decided. Instead, they must realize that,
implementing their designs, there is a huge amount of unanticipated interactions, not only among
different layers of the functional hierarchy, but also between the network and the users.
Consequently, power laws arises with overwhelming ubiquity, leading to emergent phenomena
manifested in traffic fractality, free scale topology, potential chaos on protocol dynamics, selforganization at the edge of congestion, etc. This unexpected behavior requires from engineers a
humble attitude: The network is a complex system that no longer fits in their initial conceptual
framework, so they must interact with its uncertainties through perception, learning, adaptation
and evolution. Accordingly, engineering solutions in modern communication networks must use
feedback extensively and judiciously, so that control decisions can be taken dynamically, adapting
themselves to particular network conditions at multiple time scales. In this context, bio-inspired
mechanisms have shown to be very useful. This dissertation abides to these principles.
5. Alzate, M., Pagán, J., Peña, N. and Labrador, M. “End-to-End Bandwidth and Available
Bandwidth Estimation in Multi-Hop IEEE 802.11b Ad Hoc Networks”, 42nd Conference on
Information Sciences and Systems, CISS2008, Princeton University, March 19-21, 2008.
In this paper, the end-to-end bandwidth (BW) and available bandwidth (ABW) of a path between a
pair of nodes in an IEEE 802.11b ad hoc network are estimated, both as functions of packet length,
using dispersion traces between packet pairs of two different lengths. The pairs of packets that
suffer the minimum delay are used to estimate the maximum achievable transmission rate (BW),
while the variability of the dispersions is used to estimate the fraction of that BW that is available
for data transmission (ABW). To model the dependence of the variability of the dispersion traces

6

End-to-end Available Bandwidth Estimation
In IEEE 802.11b wireless ad hoc networks

1. Introduction

on the ABW, a neuro-fuzzy estimator is used. The system is shown to be timely, accurate and
efficient.
6. Alzate, M., Peña, N. and Labrador, M. “Capacity, Bandwidth and Available Bandwidth Concepts
for Wireless Ad Hoc Networks”, Milcom 2008, San Diego, CA, November 17-19, 2008.
In a wired multi-hop path, the concepts of end-to-end bandwidth (BW) and end-to-end available
bandwidth (ABW) are clearly defined and widely accepted as the capacity of the narrow link and
the unused bandwidth of the tight link, respectively. This consensus has led to clever estimation
techniques based on active probing measurements. However, these concepts do not apply directly
to wireless ad hoc networks (manets) because the idea of a point-to-point link does not exist as an
independent communication resource between a pair of neighbor nodes, due to the shared nature of
the transmission medium and the random nature of multiple access protocols. Furthermore, the
overhead is no longer a constant small header appended to each packet, but a random variable that
depends on many phenomena and makes both BW and ABW largely dependent on packet length. In
this paper new definitions for BW and ABW of a multi-hop path in a manet are provided, which
extend the wired concepts and capture their random shared nature and their packet length
dependency. Indeed, within the new definitions, the concept of a point-to-point link is replaced
with the concept of a spatial channel as the independent unit of communication resource, so that
the new definitions become natural extensions of the widely accepted ones.
7. The author was also an invited lecturer or a plenary speaker at many national and international
events in Colombia, where many of the intermediate results were socialized. These events include
the IEEE Andescon’2004, in Bogotá, the III and IV IEEE Caribbean Regional Conference on
Electronics and Systems in Santa Marta (2005) and Cartagena (2006), respectively, the IEEE Joint
Conference of the Computer and Communication Colombian Chapters in Bogotá (2005) and
Barranquilla (2006), the first (2006) and third (2008) Interuniversity Conference on Complexity in
Bogotá, the International Communications Conference of the IEEE Colombian ComSoc chapter at
Bogotá (2006), and the second IEEE Colombian Communications Congress, IEEE ColCom 2008
at Popayán, Colombia. The author was also invited, thanks to his dissertation research work, to
co-author a multi-disciplinary graduate text book on complex systems, to be published by Pearson
Educación S.A. in 2009.

1.4 Chapter Organization
This thesis is organized as follows. This introduction stated the problem, showed its importance,
described the objective of the dissertation research, stated its contributions and listed the publications it
generated. Chapter two goes through the initial literature review process in order to show what was
already known when this dissertation research began. It also reviews the literature written during the
research activities in order to show the novelty of the contributions. Chapter three shows an
intermediate result that demonstrates the capabilities of computational intelligence techniques to deal
with high variability. In particular, it shows that the long range dependence of modern traffic increases
the correlation between the available bandwidth and the dispersion of probing packet pairs, so a neurofuzzy system is used to infer the cross traffic intensity from these dispersion measurements. This
system became the inspiration for the bandwidth and available bandwidth estimators in MANETs.
Chapter 4 develops the concepts of capacity, bandwidth and available bandwidth of a link and an endto-end path. These concepts use the central idea of a spatial channel as a mean to incorporate the link
interference in MANETs, becoming natural extensions to the widely accepted definitions in networks
based on point-to-point dedicated links. Chapter 5 describes the methodology to estimate the end-to7
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end total bandwidth using the packet dispersion principle. Chapter 6 deals with estimating the
maximum achievable bandwidth on the path under current network conditions, which is a concept
close to the Available Bandwidth definition. Since this pragmatic measure does not allow a direct
estimation procedure, a neuro-fuzzy identification process is used, from which it is possible to obtain
accurate estimates based on the variability of the probing packet dispersion traces. Chapter 7 shows the
conclusions of this dissertation research and suggests some further work to do.
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2. LITERATURE REVIEW
Because of the increasing need for connectivity “anywhere” at “anytime”, mobile ad hoc networks
(manets) has been a hot topic of research during the last decade[1]. In these networks, all nodes are
connected through wireless links without any communications infrastructure. Since some nodes can be
out of range of some other nodes, these networks require a multi-hop communication mechanism.
Furthermore, since the nodes are allowed to move randomly, these networks self-organize themselves
in arbitrary and dynamic topologies [2].
The operation of a manet is a very challenging task, specially with regard to the efficient use of the
scarce energy and bandwidth resources [3]. First, the physical layer imposes several limitations to
network performance due to channel impairments [4]. Second, the shared nature of the communication
resource brings new difficulties because of the necessity to design distributed multiple access
mechanisms capable of coping with such problems as hidden and exposed terminals [5][6]. Although
routing is the most studied issue for manets [2], it is still a challenging problem too because of the
volatility of the topology and the environmental conditions [7]. Flow rate control and resource
assignment is still a largely unexplored field [8][9].
In this context, it is important for the nodes within the network to cooperate among them, sensing
the network conditions, learning from its changes, and adapting themselves in a distributed manner, in
order to find globally optimal operation conditions [10]. So each node, individually or in cooperation
with others, should be able to prove the network in order to infer from its measurements the
environmental conditions it is facing. This problem fits within the general topic of “network
tomography” [11], which consist in the use of statistical signal processing techniques to infer nonmeasurable quantities within the network, from indirect measures taken at the periphery of the
network. These techniques have been used in wired networks to estimate the network topology
[12][13][14][15], the traffic matrix among a subset of nodes [16][17][18][19], the delay or loss in a
particular segment of the network [20][21], the distance between a client and a set of potential servers,
[22][23], etc. In each case, it can be distinguished three important items in the process: software tools
for probing or monitoring the network, a probabilistic model that relates the observed measures with
the quantities to be inferred, and the statistical inference techniques to extract the relevant information
from the measurements. In each of these areas there have been an intense research activity during the
last years in the context of wired networks, but still almost everything is to be done in wireless ad hoc
networks, where the probabilistic models must consider a much bigger number of interactions, and
where the inference techniques must deal with the high complexity of such models.
In this particular project, the controlled assignment of the communication resources of the network
would be favored if a sender could estimate the unused capacity of the path toward its destination.
Indeed, with this information, traffic sources could adjust their transmission rate to use the maximum
achievable path capacity without congesting the links; the network itself could control the admission
of new flows to maximize the resource utilization under quality of service requirements; optimal
routing decisions could be taken during the establishment of a session; each flow could be dynamically
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rerouted in order to distribute the load optimally on the links according to instantaneous traffic
variations; etc.
After briefly reviewing the use of the IEEE 802.11b standard for wireless add hoc networks, the
current theoretic concepts and practical techniques for available bandwidth estimation will be
described, and then they will be particularized to wireless ad hoc networks.

2.1 IEEE 802.11b Based Wireless Ad Hoc Networks
802.11 is a family of specifications for wireless local area networks (WLANs) developed by the
working group 11 of the IEEE 802 project [24]. As any 802 standard, 802.11 covers the physical
(PHY) and medium access control (MAC) layers. There are currently three specifications in the family
for the PHY layer: 802.11a, 802.11b and 802.11g (there is a draft for 802.11n). All use the same MAC
protocol, based on CSMA/CA (carrier sense multiple access with collision avoidance) for accessing
the shared medium.
Currently, most research work on wireless ad hoc networks is focused on the IEEE 802.11b
standard as the underlying technology, due to the wide availability of compatible products in the
market, and the availability of simulation libraries for most popular simulation tools. Indeed, although
most existing IEEE 802.11-based ad hoc networks have been developed in the academic and military
environment, recently some commercial solutions have been proposed (e.g. [27]).
802.11b uses high rate direct sequence spread spectrum in the 2.4 GHz band at 1, 2, 5.5 and 11
Mbps, where the data rate may be dynamically adapted to current link conditions. At the MAC layer,
IEEE 802.11b supports a distributed coordination function (DCF) suitable for ad hoc networks,
because it does not use any centralized control (there is an additional point coordination function, PCF,
that requires a central controller).
CDF is based in a CSMA/CA protocol, which uses both a physical and a virtual channel sensing, in
two modes of operation: a two-way handshake called basic access mode, and a four-way handshake
called RTS/CTS mode. Despite the CSMA/CA protocol, collisions can occur, in which case
retransmission of collided packets follows a binary exponential backoff rule.
In the basic mode, a node with a packet to transmit senses the channel occupancy. If the channel is
idle for a time interval equal to a distributed inter frame spacing (DIFS = 50 µs), the node transmits.
Otherwise, if the channel is sensed busy during the DIFS, the node continues monitoring the medium
until it is perceived idle for a DIFS. Then, the node generates a random backoff time before
transmitting, in order to minimize the probability of collision with other packets. DCF uses an
exponential backoff scheme. After an idle DIFS, a node chooses a backoff b, uniformly drawn from
the range of integers [0,W-1], and waits a period of time bσ, where σ is the time slot (σ = 20 µs). The
contention window W depends on the number of consecutive transmission failures of the packet,
m=0,1,…, as W = min(2mWmín,Wmáx), with Wmin = 32 and Wmax = 1024. The backoff countdown is
stopped while the channel is not idle, and the node begins the transmission after the backoff counter
reaches zero. Upon receiving a packet, the intended receiver senses the channel during a short inter
frame spacing (SIFS = 10 µs) and, if the channel remained idle, the receiver sends a reception
acknowledgement to the sender.
In figure 2.1(a), two nodes, B and C, which share a common channel, are sending packets to nodes
A and D, respectively. Figure 2.1(b) shows the corresponding protocol time diagram. When node C
receives an acknowledgement from node D for a previously sent packet, node C waits a DIFS period
and then starts the backoff counter, chosen randomly at 5 in this example. While the backoff counter at
node C is running, node B gets a packet to send to node A, so he waits a DIFS before start transmitting.
At this point, node C notices the channel is not idle, so it frizzes the countdown until the channel is
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again idle. Once the channel is sensed idle again (at least during a DIFS), the backoff countdown
resumes. Node C begins the new transmission immediately after its backoff reaches zero.

(a)
SIFS ACK

Node A

Node B

DIFS

Packet

Channel sensed busy

DIFS
76

Node C

Channel sensed busy

DIFS
5 4 3

Node D

Packet

DIFS
2 1 0

ACK

SIFS

ACK

(b)
Figure 2.1 (a) topology for explaining the basic access mechanism and (b) time diagram of the
corresponding DCF basic mode protocol
The basic mode described above is vulnerable to the hidden terminal problem [25]. Consider the
scenario of figure 2.2(a). Node D is transmitting a packet to node C, but its signal is too low when it
reaches node B, that node B thinks the channel is idle, so it starts transmitting a packet to node A,
causing a collisions at node C’s antenna. The problem is caused because D is a hidden terminal for B
(another related problem, the exposed terminal, can be seen in figure 2.1(a): nodes B and C can
transmit simultaneously because none of them causes interference at the other’s intended receiver;
however, they do not do so because they are exposed to the each other signal, causing an nonnecessary inefficiency). Bharghavan et al. [26] proposed a solution to the hidden terminal (the exposed
terminal has not been solved for omnidirectional antennas), called MACAW (Multiple Access with
Collision Avoidance for Wireless), implemented as the RTS/CTS mode in DCF. The idea is for node
D to send a small control packet, RTS (Request-To-Send), to node C before start transmitting its
(possibly long) data packet. Then node C responds with a CTS (Clear-To-Send) packet, announcing to
all its neighbors that it will be busy receiving a packet, despite the fact that some of them cannot hear
D’s carrier. This procedure is appropriately called virtual channel sensing. The RTS and CTS packets
bring information about how long will be the channel busy, so the neighbors of C that cannot hear D’s
signal (including B) will keep silent in a NAV (Network Allocation Vector) state during the
occupation of the channel. Figure 2.2(b) shows the corresponding time diagram. The backoff
mechanism in the RTS/CTS mode is identical to that of the basic mode.
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A
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(a)
SIFS CTS

Node A

NAV (Network Allocation Vector)

Node B

Node C

Node D

SIFS CTS

DIFS RTS

SIFS ACK

RTS

SIFS

Packet

(b)
Figure 2.2 (a) topology for explaining the RTS/CTS access mechanism and (b) time diagram of the
corresponding RTS/CTS mode protocol
Of course, if the length of the data packet is comparable to the length of the RTS and CTS packets,
it makes no sense to use the RTS/CTS mechanism. So, IEEE 802.11b has an attribute,
dot11RTSThreshold, which allows each station to use the RTS/CTS mechanism only on frames longer
than the specified length.
The physical layer consists of two sub-layers called PLCP (Physical Layer Convergence Protocol)
and PMD (Physical Medium Dependent), where the second one corresponds to signal modulation,
carrier sensing and so for. The frame format is shown in figure 2.3, along with each field length in bits.
The PLCP preamble and header is transmitted at 1 Mbps DBPSK, while the MAC header and frame
body is transmitted at the selected 1, 2, 5.5 or 11 Mbps. There is an optional short PLCP format, with
72 bits preamble and SFD at 1 Mbps and 48 bits header at 2 Mbps. The standard specifies that the
RTS/CTS must be sent at one of the basic rates, and they are usually sent at 1 Mbps.
For further details on the standard, [24] has more than 1200 pages of detailed information.
PLCP Preamble (144)

Preamble (128)

Signal (8)

SFD (16)

Service (8)

PLCP Header (48)

FC (16)

Length (16)

MAC Header (240)

D.ID (16)

Addr1 (48)

Frame Body (0-18496)

Addr2 (48)

Addr3 (48)

CRC (16)

Figure 2.3 IEEE 802.11b frame format
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The IEEE 802.11 standard defines two operational modes: infrastructure-based and infrastructureless or ad hoc. Network interface cards can be set to work in either of these modes but not in both
simultaneously. When operating in the infrastructure-less or ad hoc mode, the nodes are said to form
an Independent Basic Service Set (IBSS), where any pair of nodes within transmission range of each
other can communicate directly. Adding a routing mechanism, the nodes can forward packets toward
an intended destination, extending the range of the network beyond the transmission range of its
constituent nodes, through multi-hop paths. Of course, routing solutions designed for wired networks
are not suitable for the ad hoc environment, due to the dynamic topology of mobile nodes, for which a
plethora of routing protocols have been proposed for these networks [2], many of them freely available
on the web (e.g. [28]).
Clearly, IEEE 802.11b was not designed as a PHY/MAC protocol for wireless ad hoc networks, so
there are several issues about the performance of this standard in this type of networks (see [29] and
references therein). The concerns include short-term unfairness with some hidden terminal
configurations, long-term unfairness due to the greater increase of the contention window size for a
single node in some given configurations, the speed reduction of the whole network due to the
presence of a single slow node, low throughput due to repeated route breakages for an inappropriate
timer tuning, unstable TCP connections, strong unfairness between TCP flows (sometimes, a few
flows just capture the channel) due to unexpected interactions between MAC backoffs and TCP
congestion control and time out mechanisms, etc. Nevertheless, as said before, due to ubiquity and
economic reasons, it is expected that most wireless ad hoc networks will be based on IEEE 802.11b
protocols.

2.2 Capacity and Available Bandwidth Definitions and
Estimation Techniques in Wired Networks
The manager of a particular network based on point-to-point dedicated links knows the capacity of
the links and has access to SNMP counters that describe the detailed utilization of each link.
Correspondingly, it is very easy for him to measure the capacity (C) of a path, defined in [30] as

C = min Ci

(2.1)

i =1.. H

where Ci is the link capacity of the ith hop in an H-hop path. Equation (2.1) has been the foundation to
several clever active probing capacity estimation techniques, such as Pathrate[31] and CapProbe [32],
for example.
Similarly, he can measure the available bandwidth (ABW) of the ith link in the interval (t-τ, t],
defined in [30] as
ABWi = (1 − ui ) Ci , ui =

1

t

u ( s )ds
τ∫ τ
t−

i

(2.2)

where ui(s) is the instantaneous utilization of the ith node’s link at time s. The available bandwidth of
the path, for the same interval, has been defined in [30] as
ABW = min ABWi
i =1.. H

(2.3)

However, this information is not easily accessible to final users, or to the operators of other
networks using its services [30]. Then, different mechanisms have been proposed to infer ABW
between a source and a destination from indirect measures taken at the end of the path connecting
them [30]. These measurements can be passive (based only on the normal traffic from the users) or
active (based on probing packets injected into the path in order to have a better control of the
correlation that exists between the observed measure and the desired quantity to be estimated) [30].
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The analysis to be done over the observed measurements can obey to parametric models of the crosstraffic or to more general principles that correlate the measurements with the capacity or available
bandwidth of the path [30].
VPS –Variable Packet Size– [33], for example, estimates the capacity of each link in a path by
measuring the RTT –round trip time– from the source to each intermediate node as a function of the
packet length, in order to compute a linear regression among the minimum RTTs at each packet length.
If those packets did not suffer queueing delays, the inverse of the slope of the regression is a good
estimator of the link capacity. ToPP –Train of Packet Pairs– [28] introduces a train of probing packets
at a rate Rin, which increases linearly in successive flows, while the destination registers the perceived
arrival rate, Rout. The path available bandwidth is the maximum Rin that does not exceed Rout. Pathrate
[34] is an end-to-end BW measurement tool that sends thousands of probing packet pairs to discover
different modes in the bandwidth distribution. Since capacity should not depend on cross-traffic, the
hope is that some of those thousands of packets find an idle narrow link, in which case one of the
distribution modes will correspond to capacity and not to traffic effects. PathLoad [35] is a variant of
ToPP in which de input rate Rin is adjusted as in a binary search algorithm. PathChirp [36] does not
send periodic flows but a single flow where the interarrival times increases exponentially in order to
probe the network at multiple time scales with a single probing flow. IGI/PTR –Initial Gap
Increase/Packet Transmission Rate– [37] is another variation of ToPP that uses an initial estimation of
the initial gap to quickly locate the point at which Rin = ABW. Although PTR uses the same principle
of ToPP (to adjust Rin to ABW), IGI is based on another principle, which measure the output dispersion
between packet pairs in order to estimate the cross-traffic rate from those dispersions. The same
principle inspires Delphi [38] which, similar to Pathchirp, uses exponentially increasing intervals to
exploit the multi-fractality of the cross-traffic. Spruce –Spread Pair Unused Capacity Estimate) [39] is
similar to IGI and Delphi in the use of packet dispersion pairs, but uses Poisson probing traces instead
of trains or chirps in order to take advantage of the PASTA principle (Poisson Arrivals See Time
Averages) to better estimate the mean ABW during the probing periods. There are additional
techniques based on the same principles to observe related measures, such as the maximum throughput
achievable by a TCP connection, for example [30][40]. Other measuring techniques and tools include
PathChar[41], CapProbe[32], Pathneck[42], ABwE[43], Clink[44], BET[45] and Nettimer[46], among
many others.
Rout

R in

ABW

Figure 2.4 ABW determination through congestion induction
Note that all the techniques mentioned above are based on two basic principles. According to the
first one (ToPP, Pathload, Pathchirp, PTR), if a flow is inserted that induces a temporal congestion in
the bottleneck link of the path, the input probing packet rate, Rin, and the output probing packet rate,
Rout, can be compared in order to find the ABW as shown in figure 2.4. The second basic principle (IGI,
Delphi, Spruce), states that, if two probing packets arrive to the queue of the bottleneck link with a
time separation Din between them and both packets belong to the same occupation period of the queue,
the output dispersion Dout reveals the cross-traffic arrival rate to the bottleneck link. Effectively, during
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the Din seconds between probing packets there should arrive C⋅(Dout – Din) cross-traffic bits, where C is
the link capacity, so ABW can be computed as the unused capacity, C – C⋅(Dout – Din)/Din, as shown in
figure 2.5,

 D − Din 
ABW ( t0 , t0 + Din ) = C ⋅ 1 − out

Din



(2.4)

Cross-traffic

C
Dout

Din

t0 + Din
t0
Probing traffic
Figure 2.5 Packet pair dispersion principle

2.3 Capacity and Available Bandwidth Definitions and
Estimation Techniques in Wireless Networks
Previous definitions and estimation principles are not exempt of difficulties [47]. For example,
notice that ABW in equations (2.2) and (2.3) is not a constant to be estimated but a stochastic process
with a time index, t, and a time scale τ, so its behavior is highly dependent on traffic scaling
phenomena, as well as link control protocols, active queue management protocols, layer 2 switches,
etc. [48]. However, most estimation methods described above assume that they are dealing with a
constant parameter, which could be a highly convenient and approximately correct assumption in
wired networks, but it does not apply to wireless ad hoc networks due to the shared and unreliable
nature of the transmission medium. Indeed, the accurate estimation of wireless ad hoc end-to-end
capacity and available bandwidth is an inherently challenging task because each link capacity is an
ensemble effect of physical layer random behavior (fading, path loss, capture, etc.), complex CSMAbased MAC layer interactions, interference effects from multiple active sources, etc.
Two pioneering works on capacity definitions for wireless networks are those of Bianchi [49] and
Gupta and Kumar [50]. Bianchi computed the saturation throughput of a single DCF IEEE 802.11 cell
with a finite number of nodes, under ideal channel conditions, where the saturation throughput is the
maximum load that the cell can carry under stable conditions. He considers a bidimensional Markov
chain to model both the backoff window size and the number of consecutive collisions of each station,
from where he derives the average time it takes a successful transmission among n saturated stations.
The saturated throughput of the cell is then defined as

S=

E [ payload in a successful transmission ]

(2.5)

E [ Time between successful transmissions ]
Unfortunately, Bianchi’s results only consider the saturated throughput of a cell, or the average
saturated throughput of a node on a single cell, subject to saturated interferers. So they do not extend
to path capacity or available bandwidth on multihop networks, which is the research topic of this
thesis.
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Anyway, the seminal work of Bianchi has inspired many researchers looking for practical
estimation procedures. Garetto et. al [51] extended Bianchi’s single hop analytical model to a multihop
IEEE 802.11 network, deriving the per flow throughput, but only in a saturated average sense. Gao et
al. [52] have proposed another analytical model based on [49] to determine the end-to-end throughput
capacity of a multihop path, but using simple pair-wise interference. Recently some detailed
interference models [53][54][55] have shown the impact of physical layer phenomena on bandwidth
performance. These models, adequately coupled with MAC layer models, can be used to estimate the
maximum throughput achievable on a specific link, given the offered load on a set of neighbor links.
In [48], for example, Kashyap et. al extends Bianchi’s model with a detailed measurement-based
physical layer interference model, but this important proposal gives the resultant link capacity and
does not extend to the end-to-end throughput of a multi-hop path.
Based on a very different approach, an information theoretic one, Gupta and Kumar [50]
established some basic limits for the throughput of wireless networks. They introduce the concept of
transport capacity as the maximum achievable bandwidth-distance product that a network can support.
For a stationary wireless network they consider two possible models, the protocol model, for which a
successful transmission depends on the relative distance from source and interfering nodes to
destination node, and the physical model, for which a successful transmission depends on a minimum
SIR. They also distinguish between arbitrary networks, where the node locations, source/destination
pairs and traffic demands are all arbitrary, and random networks, where all these aspects are randomly
chosen. The first main result is that the transport capacity of an arbitrary network under the protocol
model is Θ(W√(An)), where n is the number of nodes in the cell, W is the channel’s data rate, and A is
the network area (The notation Θ(⋅) describe an asymptotic functional relationship; more precisely f(n)
= Θ(g(n)) means that there exists an n0 such that for every n>n0, there exist c1 in (0,1) and c2 > 1 such
that c1g(n) ≤ f(n) ≤ c2g(n)). This asymptotic behavior is achieved under optimal node positioning,
optimal traffic pattern and optimal transmission range of each node. The second main result is that the
order of the throughput capacity of a random network in a unit area, for the protocol model, is
Θ(W√(A/(nlogn))). These protocol model asymptotes lead to corresponding bounds under the physical
model. Unfortunately, these fundamental limits are asymptotically valid under a big number of nodes
in the network, while the interest within this thesis is in small networks, as described in the
introduction. Furthermore, these limits ignore the multiple access overhead, which can be determinant
on the true network capacity.
Nevertheless, this seminal work has been the basis for many additional theoretical models based on
the same information theory principles. For example, Grossglauser and Tse [56] showed that the
throughput scaling changes significantly when the nodes are allowed to move. El Gammal et al. [57]
showed that the delay restricts the throughput in the sense that the delay scales as D(n) = Θ(nT(n)) for
a maximum achievable throughput T(n), where n is the number of nodes (in an unit area). Later, El
Gammal generalized its results to sensor networks [58], while Toumpis and Goldsmith [59] define and
describe capacity regions that contain all achievable combinations of rates between the network nodes.
[60-65] are additional references where the information theoretical asymptotes are described, leading
to highly revealing bounds but far from practical estimation procedures, since asymptotic analysis
omits the constant factors that determine whether a realistic network will have a useful per node
throughput. Kumar et. al [66] extends the results of [50] by bringing a more pragmatic approach to this
information theoretic problem, asking a different but related question : Given a collection of sources
and destinations in an ad hoc wireless network, what is the maximum achievable throughput capacity
and how can protocols be designed to get close to this maximum? They use an algorithmic approach to
answer this question through a linear programming formulation, in order to find a “shortest-path-like”
routing strategy. However, this important theoretical work relies on a very simple estimation
technique for its practical implementation: each node should listen passively, at the MAC layer, to
neighborhood transmissions in order to estimate link congestions, which becomes the routing metric.
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Shortly it will be seen that this type of measurements is highly inaccurate for bandwidth estimation.
Similarly, [67] used the protocol model of Gupta and Kumar to investigate the interaction between
channel assignment and distributed scheduling in a more pragmatic application. Finally, in a much
more recent work, Stuedi and Alonso [68], extended Gupta and Kumar models with MonteCarlo
methods for throughput capacity computation. They transform the physical properties of the network
(like node locations and perceived signal strength) into a schedule graph, linking throughput capacity
to the connection probability in the graph, not in an asymptotic perspective but for more realistic
network configurations. Anyway, the authors themselves warn that the offline analytical procedure
they offer is not a throughput capacity estimator but rather an approximation of the potential
throughput capacity of the whole network in an information theoretical sense.
Finally, note that all these important contributions based on the seminal work of Gupta and Kumar
consider the throughput capacity of a whole cell or the whole network instead of a single path within
the network, and do not lead to online estimation procedures.
A related but different problem is that of practical estimation methods and tools. Yang et al. [69]
implemented a testbed to study experimentally multi-hop and cross-traffic interference effects on
bandwidth measurements in wireless mesh networks, using publicly available tools. Mesh networks
are non-mobile ad hoc networks that promise to bring low cost, reliability, scalability and adaptability
for community internet access networks. They found that measuring the bottleneck bandwidth of a
multi-hop path, as most tools do, according to equations (2.1) and (2.3), is not a useful technique in
wireless ad hoc networks because of the interactions between hops sharing a common channel. Indeed,
packet pair/train methods gave inconsistent results because queueing delay (its principal measurement
objective) is not the real issue in wireless networks. Similarly, self-congesting methods push too many
packets in the path before converging to any useful value. They conclude that both, measuring
techniques and target of metrics should be adapted to attain accuracy, timeliness and efficiency in ad
hoc wireless networks bandwidth estimations. Johnsson et al. [70] also report an experimental result
with Pathload and DietToPP for wireless bandwidth estimation. They conclude that these kind of tools,
when used in wireless networks, result in misleading bandwidth estimations due to the dependence of
the estimates on the probing packet size and on the cross-traffic intensity.
Nevertheless, several methods have been proposed for end-to-end capacity and available bandwidth
estimation in wireless ad hoc networks based on equations (2.1), (2.2) and (2.3). In [71], for example,
Chen and Heinzelman assume that the end-to-end throughput is determined by the bottleneck
bandwidth of the intermediate nodes of the route, so the estimation reduces to finding the minimal
residual bandwidth available among the nodes in the route. To do this, authors use the MAC properties
of IEEE 802.11 that allow each node to listen to neighbor transmissions, so the nodes can estimate the
free and busy periods to compute its available bandwidth as the physical bit rate multiplied by the
fraction of free time. The perceived information about the current bandwidth usage and the frequency
reuse pattern is sent over standard Hello packets, which are retransmitted every two consecutive hops,
under the assumption that two hops covers the interference range. In [72], Xu et al. also use the
channel status of the radio to determine the busy and idle periods as an approximation of the
bandwidth usage. The channel utilization ratio is smoothed with a first order low pass filter. Again, the
node available bandwidth is defined as W(1-R), where W is the transmission bit rate and R is the
smoothed channel utilization, as in equation (2.2). During route construction, each node use this
information to determine whether a new flow requiring a minimum bandwidth should be admitted,
which is like saying that the ABW of the path is the minimum of the perceived ABWs among the
constituent nodes. These proposals, and many more like them [73][74][75], have a fundamental flaw,
in the sense that the locally perceived idle periods can be simultaneously perceived by near nodes so
that, if some of those nodes will belong to the same path, the true node bandwidth availability could be
much less than the locally perceived fraction of unused capacity.
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Shah et al. [76] use a different simple approach to estimate the available bandwidth between a pair
of nodes in an IEEE 802.11 ad hoc wireless network. If a packet with a payload of s bits is ready for
transmission at the MAC layer at time ts and its corresponding acknowledgement is received at time tr,
the throughput transmitting that packet is s/(tr - ts). The available bandwidth is computed as the time
average of the individual throughputs of successfully transmitted packets in a given time window,
normalizing it with respect to a standard packet length. The problem is that the available bandwidth of
a path cannot be considered as the minimum of the available bandwidths of the constituent links
because this way, as already mentioned (and discussed in chapter 4), the self interference experimented
by a new flow would be ignored.
Chaudet and Guerin [77] propose a distributed protocol for bandwidth reservation in ad hoc
networks that considers the interference from far transmissions, which seems to be one of the first
departures from wired network definitions of equations (2.1)-(2.3). Authors also use Hello packets, but
they include on it information about every node at a distance of k hops from the transmitter, where k is
a parameter of the protocol specifying the width of the extended neighborhood, i.e., the propagation
range. Later on, the same authors, with Sarr and Chelius [78][79][80], improved the estimation
procedure by considering the idle period synchronization among neighbor nodes, estimating the
collision probability and considering the overhead more carefully. Indeed, they use the same idle time
measurement, but consider the corresponding fraction of capacity (reduced by the overhead) as an
upper bound of the available bandwidth. Then, they note that the receiver side of a one hop
transmission must also sense the channel idle, so they consider the expected intersection of idle
periods between sender and receiver nodes. Then, they estimate the collision probability from lost
Hello packets, and use a Lagrange interpolator to adjust it to a given packet length. Finally, they
consider the proportion of bandwidth consumed by back offs. So, the final estimated available
bandwidth on a link between a source s and a receiver r is

 DIFS + E [ Backoff ] 
m
E  ABWs ,r (m)  = 1 −
⋅C
 ⋅ (1 − f (m) ⋅ phello )τ s ⋅τ r ⋅
T ( m)
m + oh



(2.6)

where T(m) is the time between transmissions of two consecutive packets of m bits, E[Backoff] is the
average backoff period, phello is the fraction of lost Hello packets, f(m) is an interpolating Lagrange
polynomial, τs and τr are the fractions of idle time perceived at the sender and the receiver,
respectively, oh is the overhead (in bits) transmitting a packet (including ACK and, possibly, CTS/RTS
control packets), and C is the physical bit rate. This is, by far, the most accurate estimator we have
read in the literature (indeed, it is to be published six months from the time we are writing this thesis),
but still has several difficulties. Backoffs are considered more than once in τs, τr and E[Backoff]; they
assume the interference range is equal to the carrier sensing range (normally, there are more nodes to
be included in the intersection of idle times); it is not very accurate to consider the intersection of the
locally perceived fractions of idle times as the product between them (see appendix 4D); they do not
consider additional phenomena such as capture effects or schedule effects; although the fraction of lost
Hello packets could be a good estimator for the collision probability for such packet length, the
coefficients of the Lagrange interpolator seem very difficult to compute online; authors assume the
probability of collision is independent of contention window size, which seems to be valid only for
large cells with many senders. Nevertheless, due to the awareness of the multiple phenomena affecting
the available bandwidth of a path in a wireless ad hoc network, this proposal is much more accurate
than the previously described ones.
Finally, Chen et al. [81] define the capacity of an end-to-end path as the length of a packet divided
by the inter-arrival gap between two successfully back-to-back transmitted packets that do not suffer
any retransmission, queueing or scheduling delay. This definition led to AdHocProbe, a packet pair
dispersion technique to obtain a good estimate of what in this thesis is believed to be the true
maximum achievable transmission rate of a path. Next, this technique will be discussed at some
length, because this work constituted an inspiring source for this project.
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Chen et al. technique is motivated by CapProbe [32], a fast and accurate bottleneck capacity
estimation tool based on the idea that, when two back-to-back packets are transmitted over a path
without suffering queueing delays different than the one in the bottleneck link, their output separation
is related to the bottleneck link capacity. Clearly, the interval between different packet-pair samples
might be either expanded or compressed due to cross-traffic interference, so CapProbe use both time
interval measurements and RTT measurements to filter out packet pair samples interfered by cross
traffic. In effect, if cross traffic has interfered with a packet pair, the RTT of one or both packets will
be larger than the minimum observed in absence of cross traffic. The minimum of the sum of the RTT
of the packets of a single pair, among the whole set of packet pairs, indicates the pair that did not
suffer any cross-traffic induced queuing delay. Correspondingly, CapProbe ignore those samples with
RTT sum larger than the observed minimum. The capacity is then derived from the gap, T, between
packets of the pair that suffered the minimum RTT sum, as C = L/T, where L is the corresponding
packet length in bits.
In ad hoc wireless networks, however, the RTT mode is inadequate because the first packet may
collide with the incoming second packet. So, authors of [81] designed a one-way delay version of
CapProbe, called AdHoc Probe, to estimate the one-way path capacity in ad hoc wireless networks,
i.e., the maximum achievable rate over the wireless path in the absence of any competing traffic. In
AdHoc Probe, probing packet pairs of fixed size are sent back-to-back from the sender to the receiver,
with the sending time stamped on every packet. The receiver computes the one way delay (OWD) of
each packet and the sum of OWD (SOWD) of each pair, selects the pair with the minimum SOWD,
and estimates the path capacity as the packet length divided by the gap between the packets of this
pair. The receiver communicates the result to the sender after receiving N pairs.
Extensive simulation experiments show that AdHoc Probe is able to provide accurate
measurements of path capacity in many different cases, including mobility and cross-traffic scenarios,
in a simple, timely, efficient way. Still, it remains to capture the dependence of capacity on packet
length, and to extend it for available bandwidth estimation.

2.4 Computational Intelligence Approaches in Modern
Wired and Wireless Networks
Modern communication networks are constituted by a huge number of components that interact
cooperating and/or competing among them, giving rise to emergent phenomena [82]. Traffic has been
found to be fractal and multifractal [83][84], dynamic behavior of feedback communication protocols
(like TCP and RED) can easily become chaotic [85], physical and logical topologies grow as scale-free
networks [86], files moving over the network have power law distributions [87], users tend to selforganize themselves at critical phase transition points at the edge of congestion [88], etc. These
emergent phenomena were not expected from the paradigm of the hierarchical functional architecture,
which has been the highly successful philosophy behind the network engineering procedures for more
than a century. However, this paradigm seems now to be insufficient for explaining and controlling
modern communication networks. Indeed, wireless ad hoc networks has exhibited such a long list of
unexpected interactions between layers, that the cross-layer design [89] seems to be a much adequate
design paradigm for them. This kind of phenomena, that challenges the mechanist reductionism in
favor of a more holistic approach, and has been observed in geology, sociology, economy, physics,
biology, technology and almost every area of human knowledge [90], is the subject of study of the
complexity sciences. And the methods of complex systems, in which autonomous agents interact on an
uncertain environment (like in modern communication networks), include the processes of sensing the
environment, learning from perceived data, adapting themselves to changing conditions and evolving
for robustness and optimality.
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Sensing, learning, adapting and evolving are common process within life. And they have inspired
many computational methods in computer science, the so-called bio-inspired methods, or
computational intelligence: Artificial neural networks try to imitate the mechanics of the human brain,
fuzzy logic tries to imitate the mechanics of the human mind, genetic algorithms try to imitate the
mechanics of evolution, swarm intelligence try to imitate the mechanics of colonies of social insects,
game theory tries to imitate the mechanics of cooperation and competition in human societies [91][92].
So it is not surprising that all these soft computing methods have found many applications in the
design, control and management of modern communication networks [93][94], from Call Admission
Control, congestion control, and QoS-routing, to design and management of optical, mobile and active
networks.
In particular, as discussed above, wireless ad hoc networks pose greater and substantially different
challenges compared to more traditional communication networks: they are highly dynamic, have
limited resources (in terms of bandwidth, computation power, battery, etc.), have a highly
decentralized organization, rely on unreliable wireless communication channels, etc. In the particular
problem of this thesis, as seen in previous sections, there are many phenomena directly affecting the
bandwidth and available bandwidth of a path in a wireless ad hoc network. The author believes that it
would be possible to measure some easily observable variables locally and relate them to the quantity
of interest through simple heuristic rules (delay and packet loss, for example, have a lot of information
about the bandwidth and available bandwidth of a path), but those rules are too complex to be
adequately modeled through normal modeling processes. That is why a neuro-fuzzy approach will be
used to extract that information from the observed measures [95][96][97]. Indeed, fuzzy logic
represents, handles and uses uncertain information, providing inference mechanisms through
approximate reasoning, while neural networks learn and generalize thanks to its massively parallel
distributed architecture. Given the particular conditions of this project, the attributes of each of these
two techniques will be integrated in a single available bandwidth estimation method.
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3. HIGHLY VARIABLE CROSS-TRAFFIC
ESTIMATION
The most difficult problem to deal with when estimating the BW and ABW on MANETs is the highly
complex interactions that occur in such networks. Some of this complexity, shared with wired
networks, is manifested in the form of highly variable traffic [1], which brings the possibility to exploit
the information contained in its rich correlation structure [2]. This chapter shows the potential of a
computational intelligence approach to use this information in order to estimate the cross-traffic in a
single server queue.

3.1 Introduction
As said in chapter 2, in an active probing scheme, a sender transmits packets of given length at given
instants of time and a receiver collects them, taking note of their arrival times, in order to infer
different network parameters and traffic conditions from probing packet dispersion measurements [3].
For example, under negligible load conditions, the dispersions reveal the narrow link capacity [4] and,
under heavy load conditions, they can be used to infer the cross-traffic over the tight-link of a path [5].
In any other case, most techniques prefer to ignore the corresponding measurements, even though they
can still be correlated with the tight-link cross-traffic.
Consider, for example the IGI/PTR procedure [6]. IGI assumes implicitly that the path is carrying a
constant-rate fluid cross-traffic, so it varies the probing transmission rate in order to find the turning
point at which the probing-packet dispersion begins to be affected by cross-traffic. This criterion can
be extended by considering that, for a highly variable traffic, the turning point can move above and
below the constant probe transmission rate, due to cross traffic variations. So, for short-term
estimations, a (rather low) probing transmission rate can be fixed, and every single dispersion
measurement can be used as an important source of information about cross-traffic competing for the
tight link. Instead of ignoring those measurements during which the tight-link becomes idle, it is
possible to exploit the reduced correlation that still exists between those dispersion measurements and
the bursty cross-traffic over that link. If the cross-traffic keeps the probing transmission rate below the
turning point for a large fraction of time, the users can reduce the corresponding probing transmission
rate if they need a better estimation.
For simplicity, the scope of this chapter is limited to a single router between source and destination.
The objective is a very efficient estimation method in terms of reduced overhead probing traffic load
and computational cost. Since these goals are opposite (the lesser the measurements, the greater the
statistical inference computation burden), a computational intelligence approach based on neuro-fuzzy
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systems is considered, in order to exploit, as much as possible, the information contained in very
scarce packet dispersion measurements.
First it is shown that, for a given average cross-traffic arrival rate, the higher the variability the
greater the probability that two consecutive probe packets belong to the same occupation period, no
matter whether the variability comes from the variance in the number of arrivals and/or from the
correlation structure of the arrival rate. Then it is verified experimentally that, for a given average
arrival rate, the higher the variability the greater the correlation between cross-traffic arrival rate and
packet dispersion measurements, even when consecutive probe packets do not belong to the same
occupation period. After that, it is found that a neuro-fuzzy approach is an appropriate statistical
inference technique to exploit that reduced correlation at multiple scales. After going through the
detailed design procedure of the neuro-fuzzy estimator, some numerical results are shown.

3.2 Effects of Variability in the Performance of Packet
Pair Dispersion techniques for Cross-Traffic
Estimation
When a pair of probing packets is sent through an unloaded link of capacity C bps, so that the second
packet arrives before the first one has finished its transmission, the dispersion between them at the
receiver will be D = L/C, where L is the packet length in bits. However, if there is some cross-traffic
competing for the link usage, the measured dispersion will be given by D = (L+X)/C, where X is the
number of cross-traffic bits received during the transmission of the first probe packet. Accordingly, the
average cross-traffic rate, in bits per second, can be estimated as λ ' = ( D ⋅ C − L) /( L / C ) .
If the inter-arrival time is greater than L/C, say T, there will be several possibilities. In the easiest
case, the queue does not empty between the departure of the first packet and the arrival of the second
packet, in which case the dispersion D will be L/C plus the time taken to transmit the cross-traffic that
arrived during T. Consequently, the average cross-traffic rate during that period of length T can be
estimated as
(3.1)
λ ' = ( D ⋅ C − L) / T
Another situation occurs when there is no cross-traffic, in which case both packets find an empty
queue and the dispersion is D = T. However, this dispersion measure occurs whenever the cross-traffic
is small enough to be completely transmitted between probe packet arrivals (among other unlikely
events, as the case in which the queue does not empty and the average arrival rate is exactly C - L/T, or
when both probing packets find the same number of bits in queue). In other cases, when one or both
packets find a non-empty queue but there are empty periods between the departure of the first packet
and the arrival of the second packet, the dispersion will be a random variable more or less correlated
with the cross-traffic process, depending on the fraction of time the queue was empty.
So, in order for Equation (3.1) to be an exact estimator of the cross-traffic arrival rate, the queue
should not empty between the departure of the first packet and the arrival of the second packet, i.e.
they must belong to the same occupation period of the link. For this to happen, one of the following
conditions must occur:
1. The first packet finds more than C⋅T – L bits in the queue. In this case, even if there is no cross
traffic during T, by the time the first packet is done with its transmission, the second packet will
be already in queue.
2. The first packet finds X0 bits in the queue, with 0 ≤ X0 < C⋅T – L, and the cross traffic generates
X1 > C⋅T – L – X0 bits during the period (X0+L)/C.
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3. The first packet finds X0 bits in the queue, with 0 ≤ X0 < C⋅T – L, and the cross traffic generates
X1 < C⋅T – L – X0 bits during the period (X0+L)/C and X2 > C⋅T – L – X0 – X1 bits during the
period X1/C.
4. etc.
Let F1(⋅) be the stationary CDF of the length of the queue in bits (as seen by the first probe packet)
and F2(⋅ ; t) be the CDF of the number of arriving bits during t seconds. The above decomposition
leads to the following recursive expression for the probability of a pair of probing packet belonging to
the same occupation period of the system:
Pocc = ∫

∞

CT − L

dF1 ( x0 ) + ∫

CT − L

0

dF1 ( x0 )[...

CT − L − x0
x0 + L
x +L
x0 ) + ∫
dF2 ( x1 ; 0
x0 )[...
0
C
C
∞
CT − L − x0 − x1
x
x
dF2 ( x2 ; 1 x0 , x1 )[...
∫CT −L− x0 − x1 dF2 ( x2 ; C1 x0 , x1 ) + ∫0
C
∞
CT − L − x0 − x1 − x2
x2
x
dF2 ( x3 ; 2 x0 , x1 , x2 )[L]]]
∫CT −L− x0 − x1 − x2 dF2 ( x3 ; C x0 , x1 , x2 ) + ∫0
C

∫

∞

CT − L − x0

dF2 ( x1 ;

(3.2)

Next, the expression above will be evaluated iteratively under different conditions of variability,
where the variability will be measured both as the variance of an independent traffic process, and as
the correlation structure of a Long Range Dependent process. In any case, the evaluation converges
after a few iterations.

3.2.1

Effects of Variance in the Probability that Two Consecutive
Probing Packets Belong to the Same Occupation Period

Consider a discrete time link in which the time unit is the (deterministic) service time of each packet.
The number of arrivals during a time unit is an independent random variable with average ρ, which is
the utilization factor of the link. Probing packets of length zero are sent every T∈Ν units of time.
Consider two types of independent arrivals. In the first one, the number of arrivals in a time unit
obeys a Poisson distribution with mean γ, characterized by an exponentially decaying tail. The second
one is a Pareto-like distribution given by
1.1

1.1



 γ

γ
pn = 

 −
γ
γ
10
n
10(
n
1)
+
+
+





(3.3)

which exhibits a power-law decaying tail with finite mean and infinite variance. To obtain equation
(3.3), a continuous Pareto distribution was considered with parameters a = 1.1 and b=γ/10, and the
probability of unit intervals was computed, as shown in equation (3.4).
Pn = ∫

n +1

n

a
a
a  b a + 1
b


 b 
dx = 

 , a > 0, b > 0

 −
b x+b
1+ n + b 
n+b

(3.4)

Figure 3.1 shows the probability that two consecutive probing packets belong to the same occupation
period as a function of ρ, for both types of arrivals, according to Equation (3.2). The high variability of
the traffic, represented here by a heavy tailed distribution, leads to a better cross traffic estimation
because Equation (3.1) is exact for a longer period of time compared to an exponentially decreasing
tail distribution.
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Figure 3.1 Probability that two consecutive probing packets belong to the same occupation period
under Poisson arrivals and Pareto-like arrivals with independent increments

3.2.2 Effects of Long-Range-Dependence in the Probability that
Two Consecutive Probing Packets Belong to the Same
Occupation Period
To consider a high variability represented with a long-range-dependent arrival process it can be
used, for example, a fractional Brownian motion {A(t), t≥0} with Hurst parameter 0.5 < H < 1 to
model the number of arrivals in the interval (0, t]. Figure 3.2 shows the corresponding results for the
probability that two consecutive probing packets belong to the same occupation period as a function of
ρ, for different Hurst parameters and different probing rates, according to Equation (3.2). The small
probabilities (as compared to those of figure 3.1) are easily understood by considering that, in the fluid
flow arrival model, very small variances must be used in order to avoid negative samples. This way,
these results are due exclusively to the LRD property of the traffic. Clearly, the probability increases
with H, the source of variability to be tested.
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Figure 3.2 Probability that two consecutive probing packets belong to the same occupation period
under Gaussian arrivals with long-range dependent increments
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3.2.3 Effects of Variability in the Correlation between CrossTraffic and Dispersion Measurements
Having evaluated Equation (3.2) for traffic with high variance but independent increments, and for a
long range dependent traffic but with very small variance, now the combined effect of variance and
LRD will be considered through simulation experiments of a single queue, as shown in figure 3.3. A
C-bps link carries a cross-traffic, characterized by a given coefficient of variation and a given Hurst
parameter, along with a probing traffic consisting of L-bits long packets sent every T seconds. It is
wanted to know how much correlation is there between the average cross-traffic arrival rate between
the nth and the (n+1)st probing packets (the nth measurement period), Xn, and the corresponding packet
dispersion measure, Dn. In order to allow both a high variance and a high Hurst parameter, synthetic
traces from a multi-fractal wavelet model are used. The results, shown in figure 3.4, correspond to the
coefficient of correlation between Xn and Dn as function of the average utilization of the link, ro, and
the time-scale measurement, T.

Figure 3.3 Scenario for highly variable cross-traffic estimation
As the variability is increased through the coefficient of variation (C = 1,2,4), the correlation
becomes less dependent on the average utilization factor, ro. Similarly, the variability is increased
through the Hurst parameter (H = 0.5, 0.65, 0.8, 0.95), the correlation becomes less dependent on T as
well. For example, the case (C=1, H=0.5), roughly a Poisson traffic, exhibits high correlation only for
very small measurement timescales, T, and high utilization factors, ro. On the contrary, the case (C=4,
H=0.95) exhibits a high correlation for almost any average utilization factor in a wide range of
measurement timescales. Correspondingly, as traffic variability increases, the link can be tested over a
wide range of time scales obtaining a high correlation between the dispersion measures and the crosstraffic arrival rate, even with a low utilization factor.
In the rest of this chapter, a computational intelligence approach is considered in order to estimate
the competing traffic rate in a single link that, instead of ignoring those measurements during which
the link becomes idle, exploits the correlation that still exists between those dispersion measurements
and the bursty cross-traffic.
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Figure 3.4 Correlation coefficient between the dispersion measurements and the cross
traffic arrival rate

3.3 NEURO-FUZZY CROSS-TRAFFIC ESTIMATOR
Continuing with the simple experiment used previously, figure 3.5 shows the application of Equation
(3.1) as an estimator of the famous Bellcore traffic [7], when 20-byte-long probe packets are sent every
second. The upper graph shows the estimation during a 10-minute period, while the three graphs of the
middle row show three details of 40 seconds for three different performances of the estimator. In the
first detail, at left, the estimator is exact. The second detail shows a very poor estimation because the
dispersion is always T=1 second. The third detail, at right, shows an intermediate performance. The
three bottom graphs show the corresponding buffer occupancy at each detail. High accuracy is
associated with a 100% busy link, low accuracy is associated with an almost completely idle link, and
the intermediate performance corresponds to a not too busy link, with a few idle sub-periods within
each measurement period.
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Figure 3.5 Performance of the simple estimator, Equation (3.1)
Notice that, during poor performance periods, the mean of the dispersion measures is very close to T,
with a very small variance. During intermediate performance periods the mean is also close to T, but
exhibiting a higher variance. During exact estimation periods there can be two cases: either the mean is
far from T (it could be higher as can be seen around t=820 s in the upper graph of figure 3.5, or lower
as can be seen around t=870 s), or it could be close to T with a high variance, as shown in the first
detail of figure 3.5. So, if µD and σD2 are the mean and the variance of the previous k dispersion
measures, the following rules can be established:
• If µD is far from T, the simple estimation is exact
• If µD is close to T and σD2 is small, the simple estimation is a poor one
• If µD is close to T and σD2 is large, the simple estimation is fair.
Figure 3.6 illustrates these rules as it plots the color coded average relative estimation error in a
dispersion mean-deviation plane, during highly overlapped periods of k=20 measurements. Dark blue
points far from a mean value of 1 correspond to the first rule. Brown, red and yellow points correspond
to rule 2. Green and light blue points correspond to rule 3.
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Figure 3.6 Illustration of fuzzy rules
Previous reasoning calls for a fuzzy approach to the estimation problem, for which some fuzzy sets
are needed, corresponding to the labels “far from T”, “close to T”, “large”, “small”, “exact”, “poor”
and “fair”. However, in absence of the expertise to obtain appropriate fuzzy sets and fuzzy rules for
them, this problem is an ideal one to be solved by a neuro-fuzzy system in order to construct a set of
fuzzy IF-THEN rules with appropriate membership functions suited, for example, to the particular
training data (Dn, Xn), where Dn is the nth dispersion measurement and Xn is the corresponding crosstraffic rate.
An important argument against the use of fuzzy inference systems in this kind of applications is the
computational cost. After all, Equation (3.1) is a very simple formula to be used by network users and,
maybe, this is the reason why most estimation tools discard those measurements for which Equation
(3.1) is not valid, instead of going into a computationally expensive statistical inference procedure.
There is a natural tradeoff between the use of transmission bandwidth and the use of computational
capacity. The first one is favored under the hypothesis that, if a small set of easily interpretable fuzzy
rules can be obtained, it could be possible to go through the training phase only once and the resulting
inference system could be used within different environments with minor changes. Later this
hypothesis will be proved to be valid.
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3.3.1 Input Data Selection, Preprocessing and Feature
Extraction
It would be interesting to introduce to the fuzzy inference system as many data as possible in order
for it to have good criteria to estimate the cross-traffic rate, but it is also important to avoid the curse of
dimensionality, so it is necessary to choose an appropriate small set of inputs. According to figure 3.6,
it would be possible to use a large number of previous dispersion measures because they are all
correlated with the current cross-traffic rate. However, it is not desirable to introduce redundant
information so it would be convenient to select the dispersion measures according to the information
they offer with respect to the current traffic rate. Based on the experimental data, the dynamic range of
each variable is divided in three bins, as equally likely as possible, in order to compute the mutual
information between the current cross-traffic rate, Xn, and the previous measurements, {Dn-k}.
Figure 3.7 shows I(Xn ; Dn-k) for k=0..5 (red line). The more recent the dispersion measure, the
greater its mutual information with the current traffic. Observing the joint mutual information I(Xn;{Dni, i=0..k}) (blue line), it can be noticed that each previous dispersion measurement can increase
significantly the information about Xn. To reduce the dimensionality of the problem it would be natural
to think on decorrelating a large set of previous measurements through some kind of principal value
decomposition, but this procedure could obscure the interpretability of the obtained fuzzy rules and,
consequently, its generality for different network conditions. So some simple statistics will be
introduced instead of the individual measurements. For example, the black line in figure 3.7 shows the
mutual information I(Xn ; mean{Dn, Dn-1, …, Dn-k}) for k=0..5. The variance has little additional
information, as shown by I(Xn ; var{Dn, Dn-1, …, Dn-k}) (green line). The mutual information between
the traffic and the mean and variance of previous 3 dispersion measurements (cyan line at k = 2) is
high, but not as much as I(Xn ; Dn, Dn-1).
Mutual information between traffic and dispersion
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Figure 3.7 Mutual Information between traffic and dispersion
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Figure 3.8 shows the mutual information between Xn and the three sets of two, three and four input
variables that brings most information about Xn. It was decided to use Dn, Dn-1, and the mean and
variance of the last 12 measurements because they form a small set of just four variables that, together,
bring almost as much information about Xn as the joint 12 dispersion measurements together.
Moreover, while Dn and Dn-1 bring information at the time scale of the measurement period, T, the
mean and variance bring information at a longer time scale of 12T, beginning to take advantage of the
multiscale nature of the traffic (Later, some information at an even longer time scale will be brought
by simulating the queue dynamics).
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Figure 3.8 Mutual information between Xn and three sets of two, three and four input variables
Having decided on the input variables, they were centered and normalized in order to obtain
significant results under different network conditions. Traffic is centered and normalized with respect
to the known capacity, C,

xn =

Xn −C
C

(3.5)

and the dispersion measurements are centered and normalized with respect to the time between
probing packet transmissions, T,

dn =

Dn − T
T

(3.6)

So, the four inputs to the traffic estimation system become
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θ1 (n) = d n
θ 2 (n) = d n −1
1 11
∑ d n−k
12 k =0
1 11
2
θ 4 (n) = ∑ ( d n − k − θ 3 (n) )
11 k =0
and the simple estimator (3.1) becomes

(3.7)

θ 3 ( n) =

xˆn = d n −

L
CT

(3.8)

3.3.2 System Structure and Training
Having a set of training data, it is easy to grade the quality of the simple estimator (3.8) as ‘Exact’,
‘Fair’ and ‘Poor’, as shown in figure 3.5, using a simple crisp criterion on the estimation error.
However, on the training data set, only two crisp labels will be used, ‘Exact’ and ‘Poor’, according to
whether the error falls on the intervals [0, 0.001) or [0.001, ∞), respectively (notice that equation (3.8)
can only overestimate the traffic), so the fuzzy category of ‘Fair’ will be a consequence of the
uncertainty on the true error when only the dispersion measurements are known. This way it is
possible to estimate the probability density function of each input variable under each crisp label on
the quality of the simple estimator (3.8), as shown in figure 3.9, where normal distributions have been
fitted to θ1, θ2 and θ3 under exact estimation, double-sided exponential distributions to θ1, θ2 and θ3
under poor estimation, lognormal distribution to θ4 under exact estimation and exponential distribution
to θ4 under poor estimation.
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Figure 3.9 Probability density functions of the selected input variables
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Considering the fraction of times a given measure corresponds to an exact simple estimation or not,
it is possible to define fuzzy labels for the measure themselves as “Far from zero” and “Close to zero”.
The value zero is artificially forced not to belong to the set “Far from zero”. For other points, the
following simple relations are used

µ F ( x) =

f E ( x)
f E ( x) + f P ( x)

(3.9)

µC ( x ) = 1 − µ F ( x )
where µF is the membership function of the set “Far from zero”, µC is the membership function of the
set “Close to zero”, fE is the pdf of the given variable subject to an exact estimation and fP is the pdf of
the given variable subject to a poor estimation. As shown in figure 3.10, a nice set of fuzzy sets is
obtained this way (they are normal, distinguishable and have a well defined support and kernel),
although the set “Far from zero” is bimodal, of course. Given the suggested symmetry of figure 3.10,
the absolute value of each variable will be classified using an exponential membership function.
Furthermore, the same fuzzy sets on |θ1| will be used on |θ2|, so that there are only three parameters for
training the membership functions, λa, λb and λc, as shown in the following expressions:
µC1 (θ1 ) = exp ( −λa | θ1 |) , µ F 1 (θ1 ) = 1 − µC1 (θ1 )

µC 2 (θ 2 ) = exp ( −λa | θ 2 |) ,

µ F 2 (θ 2 ) = 1 − µC 2 (θ 2 )

µC 3 (θ 3 ) = exp ( −λb | θ 3 |) ,

µ F 3 (θ3 ) = 1 − µC 3 (θ3 )

µC 4 (θ 4 ) = exp ( −λc θ 4 ) ,

µ F 4 (θ 4 ) = 1 − µC 4 (θ 4 )
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Figure 3.10 Fuzzy sets obtained from the pdfs shown in figure 3.9
For this input structure, an anfis estimator will require training for 11 non-linear parameters and 270
linear parameters on 54 rules, which not only implies difficult interpretability and high computational
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cost, but also easily leads to overfitting. The complexity of the neuro-fuzzy system can be drastically
reduced giving significant meaning to only three rules: The simple estimator is ‘good’ (up to this point
it makes no sense to try to detect when the estimator is exact), ‘fair’ or ‘poor’. For each case, an affine
transformation of θ1 and θ2 alone is computed, since higher order transformations do not increase the
accuracy of an affine estimator on LRD data. This way there are only three non-linear parameters and
nine linear ones, which not only help to regularity, generalization and faster training but, specially
important, reduces the computational cost at evaluation time.
To obtain the three rules, the quality of the simple estimator (3.8) is inferred at each time scale ((θ1,
θ2) and (θ3 , θ4)) like this:
IF
IF
IF
THEN

(both variables are close to zero) THEN (the simple estimator is poor)
(both variables are far from zero) THEN (the simple estimator is good)
(one of the variables is close to zero) AND (the other one is far from zero)
(the simple estimator is fair)

And then the classifications at each time scale are combined as follows
IF (one scale says the estimator is poor) AND (the other one does not say the
estimator is good) THEN (the estimator is poor)
IF (one scale says the estimator is good) AND (the other one does not say the
estimator is poor) THEN (the estimator is good)
IF (both scales say the estimator is fair) OR (one of them says it is good and the
other says it is poor) THEN (the estimator is fair)

These rules are evaluated with the fuzzy inference system shown in figure 3.11, where the product is
used as T-norm and the maximum as S-norm.
T-norm

θ1

far1
close1

θ2

T-norm

S-norm

S-norm

Good

far2
close2

θ3

Fair

far3
close3

θ4

Poor

far4
close4
Figure 3.11 Fuzzy inference system for classifying the quality of the simple estimator

The whole neuro-fuzzy estimator (NFE) becomes the one shown in figure 3.12.
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Figure 3.12 Neuro-fuzzy estimator
This NFE will surely enhance the precision of (3.8), but this enhancement will occur despite some
degradation on those instants during which the simple estimator is exact. This degradation occurs
because the simple estimator is lost during the training process (the optimum affine transformation for
the fuzzy set “good” could be close to (3.8) but not exactly (3.8)) and because the classification of
“good” performance could not be completely accurate. However, the estimator (3.8) can be recovered
through a simple and easily evaluated heuristic that brings information on an even longer time scale:
the queue length seen by each probe packet is estimated using a simple simulation formula,
qn = max(0, qn-1 + x^n + L/(CT))

(3.11)

where CTqn is the number of bits that the nth probing packet finds in queue. With (3.11) pairs of
consecutive packets belonging to the same occupation period can be approximately detected, in order
to use the simple estimator (3.8) on those dispersion measurements. The complete heuristically
modified neuro-fuzzy estimator (HNFE) becomes as shown in figure 3.13.
The principal virtue of this HNFE is its simplicity: just three rules (as shown in figure 3.11) based
on 13 parameters (three exponential rates λa, λb and λc, nine coefficients for the affine transformations,
{a1,…,a9}, and one threshold for the simulated queue length, thr). Moreover, since the output of the
HNFE is a linear combination of the coefficients {ai}, learning them is a simple least square problem,
easily solved through a pseudo-inverse matrix approach, for example (once the exponential rates are
given). The four additional parameters, being highly nonlinear, can be obtained through an
optimization algorithm. However, adding thr to the set of parameters to be jointly learnt is not a good
idea because, while the output of the NFE varies smoothly with the exponential rates (even using the
function max as s-norm), the variation of the HNFE output with thr is highly irregular. Certainly,
41

Ph.D. Dissertation Thesis
School of Engineering

Marco Aurelio Alzate Monroy

simulating the queue with the final output of the HNFE and considering the joint learning of the whole
set of parameters (in this case all of them highly non linear and not even continuous) will add
complexity to the training process in exchange for a minimum performance enhancement. Separating
them in three sets of parameters for individual training gives very good results and keeps the simplicity
of the HNFE estimator. The used algorithm is as follows:

qn = max
(0, qn-1+xn)

θ4
θ3
θ2

Fuzzy
Inference
System

θ1
^x
n
mux
+1

Simple
estimator
Figure 3.13 Heuristically modified neuro-fuzzy estimator
1.
2.

3.

4.
5.

Initialize {λa, λb, λc} fitting the conditional distributions on the performance of the simple
estimator over the training data.
Given {λa, λb, λc}, with n training samples, construct the n×9 input matrix
M = [wgθ1 wgθ2 wg wfθ1 wfθ2 wf wpθ1 wpθ2 wp]
where wg, wf and wp are the consequents of the fuzzy rules for ‘good’, ‘fair’ and ‘poor’. Then
solve for a = {ai} using the centered and normalized traffic, x as
a = (MT M)-1MT x
(invertibility of MTM does not seem to be an issue here because the rich correlation structure of
the traffic tends to make it very well conditioned).
Use one of the many applicable optimization algorithms to find the optimum set of exponential
rates (for the given set of linear parameters) that minimizes the mean square error between x and
the NFE output. Using the maximum S-norm rules out Newton-like optimization methods
because they require estimating the derivatives of the objective function. A simple line search
algorithm, for example, gives very fast convergence to good solutions.
Repeat steps 2 and 3 until no further significant reductions on the MSE are achieved.
Find a good threshold on the queue length. Since this is a simple scalar parameter, any method
will do. Bracketing can be used to find an optimal interval for which the midpoint is taken, for
example. Within that interval, the MSE is so irregular that a further search will simply overfit
the system to the training data. Anyway, the chosen interval is small enough to get a noticeable
enhancement when the midpoint is chosen as thr.

The algorithm is so efficient that on the first evaluation of step 2, the signal-to-noise ratio (where the
traffic trace is the signal and the estimation error is the noise) increased from 2 dB for the simple
estimator (3.8) to 9.3 dB. After going through steps 2 and 3 four times, 14.3 dB were achieved, and
then thr was added to get a final performance of 14.9 dB on the training data. The whole procedure
took a few seconds on a typical PC for a one-hour traffic trace. The final parameters of the system are:
42

End-to-end Available Bandwidth Estimation
In IEEE 802.11b wireless ad hoc networks

λa =
λb =
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16.3986
159.5002
3.4097
1.1747 θ1 + 0.1545 θ2 – 0.1406
1.2791 θ1 + 0.4083 θ2 – 0.3638
0.6067 θ1 + 0.0402 θ2 – 0.6264
0.163

xG =
xF =
xP =
thr =

Figure 3.14 reproduces figure 3.5 along with the new neuro-fuzzy estimation. It is interesting to
observe the membership functions given by λa, λb and λc after training, as shown in figure 3.15 (to be
compared to figure 3.10). Notice, in particular, how the small scale MFs correspond to distinguishable
labels on the premises based on θ1 and θ2, which suppose a reasonable fuzzy classification of the
quality of the simple estimator on the consequents. The longer time scale helps to give more precision
to that classification in two different ways: while the fuzzy value “close to zero” for θ3 is almost a
crisp comparison to zero, so ‘poor’ from ‘good’ can be radically told, the support of the two fuzzy
values for θ4 are so highly overlapped that simply finely adjustments of ‘fair’ labels on the
consequence of the rules toward ‘poor’ or ‘good’ ones can be achieved.
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Figure 3.14 Comparison of simple and heuristically modified neuro-fuzzy estimators
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Figure 3.15 Fuzzy sets on the input variables after training

3.3.3 Numerical Results and Analysis
As mentioned before, the simplicity of the fuzzy rules and the small number of parameters give very
good regularization and generalization properties to the heuristically modified neurofuzzy system. In
the following section this is case will be verified.
With this purpose, different real traffic traces transmitted over links with different utilization factors
and probing packet transmission times will be used.
First, the same training traffic trace will be considered, but varying both the link transmission
bandwidth and the probing packet transmission time. The resultant SNR is shown in figure 3.16. As
expected, the estimation accuracy tends to increase as the measurement period is reduced and the
traffic intensity is increased. Although the HNFE was trained for a long term link utilization of ρ =
0.72 with measurement periods of one second, it gives good results even for such a low utilization
factor as 30%, at which the performance is between 5 and 7 dB when T goes from 8 s to 1/16 s. It is
also clear from the figure that the performance of the HNFE is almost insensitive to scale in a wide
range of time scales, as expected from the LRD characteristic of the training traffic trace.
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Figure 3.16 SNR under different network conditions for the original BellCore traffic trace
Now consider the case in which the link transmits an MPEG4 video cross-traffic corresponding to a
768 kbps version of “Jurassic Park” [8]. The estimation SNR is shown in figure 3.17. The performance
degrades faster as the traffic intensity decreases, but still the system exhibits a remarkable invariance
with time scale. Indeed, it results very useful in a long range of traffic intensities. For example, for
such a low utilization factor as 30%, a single probe packet can be sent every two seconds to achieve an
SNR of almost 8 dB without any modification to the trained HNFE.
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Figure 3.17 SNR under different network conditions for a video cross-traffic trace
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Finally, the HNFE is evaluated with a Poisson cross-traffic trace, as shown in figure 3.18. Indeed,
unlike the previous two examples, for high utilizations, the estimation accuracy decreases very quickly
as T increases; and for small values of T, the estimation accuracy reduces quickly as ρ decreases.
However, there is an interesting phenomenon at ρ=0.4. For lowly varying traffic, if T is large enough,
the average number of arrivals per measurement period is a very good estimator of the true mean
arrival rate (for highly varying traffic, the true mean is not a typical measurement if T is within the
range of time scales at which the traffic presents LRD characteristics). In this cases, every single
dispersion measurement will be T, so the fuzzy inference system will classify the simple estimator as
‘poor’ and the HNFE will say the traffic arrival rate is X^n = C(a9 + 1), which is exactly 23 dB close to
the true traffic arrival rate Xn = ρC when ρ=0.4. Of course, this is not an adequate condition for the
estimation system because, since variability is completely lost, the HNFE simply makes a guess, which
becomes a lucky guess when ρ = 1 + a9. However, notice that for high utilization and small
measurement periods, a very good performance is obtained because of the high variability of the
dispersion measurements under these traffic intensities, as it is captured at these time scales, even for a
Poisson traffic.
Concluding, most existing techniques for capacity, traffic and available bandwidth estimation based
on packet dispersion methods assume (implicitly or explicitly) a constant-rate fluid cross-traffic. This
assumption is valid for the long run average value of the quantity of interest, but it is not valid to
estimate instantaneous values for short-time control decision purposes. For example, an information
source trying to adjust its data rate to congestion conditions on the network will require estimations on
the order of milliseconds, where mean values are not typical at all. In this chapter it has been seen that
the high variability of modern networks traffic can be conveniently exploited for better instantaneous
estimations within the range of time scales at which the high variability is exhibited.
In particular, a heuristically modified neuro-fuzzy cross-traffic estimator was devised, which is
highly accurate, even for low long-run traffic intensities, as long as the variability allows for the
presence of measurement periods with high link occupancy. Since this good performance happens over
the range of time scales at which the traffic exhibits LRD, the user can easily change the probe
transmission times according to his/her particular application, being assured that these changes will not
compromise the estimation accuracy.
Besides its accuracy and simplicity, the proposed system is very economic in the overhead use of
transmission resources. Since it is highly undesirable to congest the link for estimation purposes, a
very short probing packet of 20 bytes is kept (just the minimum header). So, if the user is interested in
knowing the cross-traffic rate N times per second, she will introduce only 160N bps of probing traffic.
Despite these remarkable benefits, the HNFE estimator reported in this chapter does not pretend to
be a real estimation tool but, simply, an indicator to the potentiality of computational intelligence
methods that achieve both accuracy and efficiency by exploiting high variability for short-term traffic
estimations. In particularly, two important shortcomings that point at further research work are
considered:
First, the system was trained over a particular trace for a single traffic intensity ρ and a single
measurement period T. If good generalization properties were obtained, it was because of the timescale invariance of the traffic and the very small flexibility of the system (due to its simplicity). In
more realistic settings, better attention should be paid to regularization techniques during the training
process.
Second, a single FIFO queue is far from an accurate model of a transmission link. A more realistic
model will introduce further uncertainties, decreasing the dependency between the dispersion
measurements and the cross-traffic rate. However, in this chapter it was just pointed out that the
particular queue dynamics of the link can be converted to a small set of fuzzyfiable heuristic rules,
which can be neurally trained for accurate, efficient and flexible cross-traffic estimation. This is
encouraging for the available bandwidth estimator on multihop paths over ad hoc networks.
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Figure 3.18 SNR under different network conditions for a Poisson traffic

3.4 References
[1]
[2]
[3]
[4]
[5]
[6]

[7]
[8]

Park, K. and Willinger, W. “Self-Similar Network Traffic and Performance Evaluation”, John
Wiley and Sons, 2000, chapter 1.
Alzate, M. and Vega, F. “Predecibilidad del Tráfico en Redes Modernas de Comunicaciones”,
Revista Ingeniería, Universidad Distrital, Vol. 7, N. 2, 2002
Prasad, R., Dovrolis, C., Murray M. and Claffy, K. “Bandwidth Estimation: Metrics,
Measurement Techniques and Tools,” IEEE Network Magazine, Nov./Dec. 2003.
Kapoor, R., Chen, L., Lao, L., Gerla, M. and Sanadidi, M. "CapProbe: A Simple and Accurate
Capacity Estimation Technique", ACM SIGCOMM 2004
V.Ribeiro, R.Riedi, R.Baraniuk, J.Navratil and L.Cottrell. “PathChirp: Efficient Available
bandwidth Estimation for Network Paths”, 2003
Hu, N. and Steenkiste, P. "Evaluation and Characterization of Available Bandwidth Probing
Techniques", in IEEE Journal on Selected Areas in Communications, vol. 21, no. 6, August
2003 pp. 879-894
Lawrence Berkeley National Laboratory. The Internet Traffic Archives, BC – Ethernet traces of
LAN and WAN traffic, http://ita.ee.lbl.gov/html/contrib/BC.html
Video Traces Research Group, Arizona State University,
http://trace.eas.asu.edu/TRACE/pics/FrameTrace/mp4/Verbose_Jurassic.dat

47

Ph.D. Dissertation Thesis
School of Engineering

Marco Aurelio Alzate Monroy

48

4. The concepts of Capacity, Bandwidth
and Available Bandwidth Estimation
in Multihop IEEE 802.11b Ad Hoc
Networks

Ph.D. Dissertation Thesis
School of Engineering

Marco Aurelio Alzate Monroy

4. The Concepts of Capacity,
Bandwidth and Available Bandwidth in
Multi-hop IEEE 802.11b Ad Hoc Networks
This chapter shows a theoretical analysis of the capacity (C), the bandwidth (BW) and the available
bandwidth (ABW) of a link and a path in a wireless ad hoc network, in order to extend the wired
network definitions given in Equations (2.1), (2.2) and (2.3) to this type of wireless networks. Both C
and BW are defined as the maximum achievable transmission rate in absence of competing flows,
which is the basic notion of capacity used so far. However, although in this thesis both of them take
into account the shared nature of the transmission medium, the concept of capacity does not consider
the multi-access overhead, while the concept of bandwidth does. The concept of available bandwidth
also considers the effect of competing flows to determine the maximum achievable transmission rate.
The fundamental criterion for the extension of these concepts to wireless ad hoc networks is to avoid
the elusive idea of a link as a unit of communication resource, and to consider the “spatial channel”
instead, to be defined in section 4.2. Here a link is simply a pair of nodes within transmission range of
each other, which shares the communication resources of a spatial channel with competing links.
Indeed, a spatial channel is just a set of links for which no more than one can be used simultaneously,
as defined below. These extensions do not pretend to constitute a detailed theoretical model of the
physical phenomena occurring within a wireless ad hoc network, but simply a way to adapt and extend
existing definitions.

4.1 The Spatial Channel
The concepts of capacity, bandwidth and available bandwidth are intimately related to the idea of a
link between a pair of nodes, and a route made of a sequence of links in tandem. However, the main
difficulties and challenges with manets come, precisely, from the volatility of the concept of a link.
While in a wired network every pair of neighbor nodes are connected through a point-to-point link, in
a wireless manet the energy is simply radiated, hoping the intended receiver will get enough of that
energy for a clear reception, despite possible interfering signals and noise [1]. In this context, a link is
simply a pair of nodes within transmission range of each other. Let us make the usual assumption that
a node has a transmission range, rtx, where its transmissions can be clearly received, and an
interference range, rin, where no other transmission will be clearly received while this node is
transmitting [2][3]. In defining bandwidth related metrics, one of the most important characteristics of
manets is that two links cannot be used simultaneously if the intended receiver of one of the
transmitters is within the interference range of the other transmitter. Accordingly, consider a wireless
ad hoc network as a contention graph (L,E), where the set of vertices, L, corresponds to the active links
of the network, and the set of edges, E, connect pairs of active links that cannot be used simultaneously
[4].
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Definition 4.1 Spatial channel. A spatial channel is a maximal clique (a complete subgraph not
contained in another complete subgraph) in the contention graph (L,E) of a network, i.e., a spatial
channel is a set of links for which no more than one can be used simultaneously.
Figure 4.1 shows a six-hop path in which nodes A through G, connected by links 1 through 6, are
uniformly placed on a straight line at a distance d between them. Assuming that the transmission range
and the interference range of each node satisfies d < rtx < 2d < rin < 3d, there would be three spatial
channels in this network, as shown on the contention graph in the bottom-right corner of the figure.
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Figure 4.1 A six-hop path and the corresponding (L,E) graph showing three spatial channels

In what follows, the spatial channel will be considered as the unit of communication resource,
similar to the link in a point-to-point wired network.

4.2 Link Capacity and End-to-End Capacity
In this work, the capacity of a link is still defined as the physical transmission rate of the node
sending packets over it. But, in a wireless ad hoc network, several links share the same transmission
medium, so this effect should be taken into account to define the concept of path capacity. However, in
order to keep this concept purely at the physical layer, the effects of multi-access protocols are
omitted. For a single pair of nodes, the link capacity is defined as follows.
Definition 4.2 Link Capacity. For a pair of nodes within transmission range of each other, the
capacity of the link between them is defined as the physical transmission bit rate of the source node.
Now consider a path that traverses h spatial channels, with ni links in the ith spatial channel. If every
resource is available for the source/destination pair of the path, an L-bit long packet will occupy the ith
spatial channel ni times, during a total effective time of ti = Σj=1..ni(L/Ci,j), where Ci,j is the link capacity
of the jth link in the ith spatial channel in the path. In order not to saturate the path, the time between
consecutive packets sent at the source node must be no less than tmin = maxi=1..h ti. Under these
assumptions, the maximum achievable transmission rate is Cpath = L/tmin:
Definition 4.3 End-to-end Capacity The end-to-end capacity of a multihop path that traverses h
spatial channels, where spatial channel i is composed of ni links with capacities {Ci,j, ,i=1..h, j=1..ni},
is defined as
51

Ph.D. Dissertation Thesis
School of Engineering

Marco Aurelio Alzate Monroy

C Path = min
i =1..h

1
(4.1)

ni

∑

1
Ci , j

j =1

Note Equation (4.1) becomes Equation (2.1) if each spatial channel were a single link, as it is the
case of paths composed of point-to-point wired links. However, differently to Equation (2.1), we
cannot interpret (4.1) as the transmission rate that a source would achieve in absence of competition
because, so far, we have ignored completely the overhead introduced by the medium access
mechanisms.
For example, considering the path of figure 4.1, the optimal scheduling allows links 1 and 5 to
begin transmitting as soon as link 4 finishes its transmission. Correspondingly, the time t between
consecutive transmissions at link 1 depends on the capacities of the links, as shown in figure 4.2, in
such a way that the path capacity, L/t, is the minimum of the capacities of the constituent spatial
channels, as in Equation (4.1).
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Figure 4.2 Time between consecutive transmissions at link 1 in Figure 4.1

4.3 Link Bandwidth and End-to-End Bandwidth
In the absence of competing stations, the time to get and release the medium in a one hop
transmission is a random variable T, distributed as fT(t). The time required to transmit an L-bit long
packet at a link transmission rate of C bps will be T + L/C, which means that, if the link is completely
available for that packet, the link bandwidth is a random variable

BW link ( L) =

C⋅L
L + C ⋅T

distributed as [appendix 4.A]
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f BW link ( L ) (b) =

L   1 1 
fT L ⋅  − 
b 2   b C  

(4.3)

The exact form of the expected value of BWlink(L) depends on fT(⋅) but, since the average time it
takes an L-bit long packet to be transmitted is t = E[T] + L/C, the link bandwidth would approximately
be L/t, suggesting the following definition:
Definition 4.4 Link Bandwidth. The expected value of the bandwidth of a C-bps link transmitting
L-bit packets is defined as

E[ BW link ( L)] =

L
(4.4)

L
+ E[T ]
C

where T is the time required to get and release the transmission medium at that link.
Notice the definition above is omitting the effects of transmission errors due to noise and
propagation phenomena. This is because it refers to the maximum transmission rate, which is achieved
in absence of errors. Appendix 4.C considers the bit error rate in a single link.
Now consider a path that traverses h spatial channels, with ni links in the ith spatial channel and link
capacities {Ci,j, i=1..h, j=1..ni}. Under perfect scheduling, an L-bit long packet will take an average
time Ti ch to traverse the ith spatial channel, given by

 L

Ti = ∑ 
+ E[Ti , j ] 


j =1  Ci , j

ni

ch

(4.5)

In order not to saturate the path, the average time between consecutive packets sent at the source
node must be no less than tmin = maxi=1..h Tich. Under these assumptions, the maximum achievable
bandwidth is BWpath = L/tmin:
Definition 4.5 End-to-end Bandwidth Consider a multi-hop path that traverses h spatial channels,
where spatial channel i is composed of ni links with capacities {Ci,j, ,i=1..h, j=1..ni} and where the time
it takes a packet to get and release the medium in order to be transmitted at the jth link of the ith spatial
channel is a random variable Ti,j. The average end-to-end total bandwidth at which an L-bit long packet
can be transmitted is defined as

E  BW path ( L)  = min

L
 L

+ E Ti , j  

∑

j =1  Ci , j


i =1... h ni

(4.6)

Notice that, for a single spatial channel n1-hop path, the bandwidth is distributed as

  1 n1 1
L
f BW path ( L ) (b) = 2 f n1  L ⋅  − ∑
b ∑ T1, j   b j =1 C1, j
j =1


 



(4.7)

where the distribution of ΣjT1,j comes from an appropriate combination of the distributions
{ fT1, j (⋅), j = 1K n1} (e.g., a convolution if the T1,j’s can be assumed to be independent). However, it can
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be shown [appendix 4.B] that Equation (4.6) is a good approximation to the mean value of the
distribution shown in Equation (4.7).
It is interesting to notice that Equation (4.6) suggests the possibility of estimating BW(L) by
inferring the parameters α =
1/ Ci , j and β = j =1..n E[Ti , j ] from indirect measures. This is
j =1..n

∑

∑

i

i

exactly what will be done in chapter 5.

4.4

Link Available Bandwidth
Available Bandwidth

and

End-to-End

Available bandwidth (ABW) is highly dependent on the competing cross-traffic, which could have a
complex correlation structure and can interfere in many different ways with a given flow. Therefore,
the ABW probability density function will no longer be looked for. However, under the assumption that
the cross-traffic is stationary and mean-ergodic, and that the queueing dynamics within the network
nodes have achieved a stochastic steady state, appropriate definitions for the mean value of the ABW
on a link and an end-to-end path can be found.
Consider a network composed of n active links, j=1..n, and h spatial channels, i=1..h. The ith spatial
channel is composed of ni links Li={li,j, j=1..ni} with li,j ∈ {1,2,…n}. Let Vj be the set of spatial
channels to which link j belongs to, j=1,2,…,n. Clearly, i∈Vj ⇔ j∈Li. In the interval (t-τ, t] the jth link
transmits τλj,k packets of k bits, j=1..n, k≥1 (note that λj,k is not a per-source rate but a per-link rate, i.e.,
it includes forwarded packets too). Each k-bit packet transmitted over link j occupies each spatial
channel in Vj during k/Cj + Tj seconds, where Cj is the jth link capacity and Tj is the time it takes the
packet to get and release the transmission medium at link j.
The time a spatial channel i∈{1,2,..,h} is occupied during the interval (t-τ, t] is
∞
 k

E Ti occ  = ∑ ∑ (τ ⋅ λ j , k )  + E T j   ≤ τ
 Cj

j∈Li k =1



(4.8)

If a link x within Li wants to transmit τ⋅λ more L-bit long packets during (t-τ, t], inequality (4.8)
becomes
∞
 k

 L

λ  + E [Tx ]  + ∑∑ λ j ,k  + E Tj   ≤ 1
 Cj

 Cx
 j∈Li k =1



(4.9)

Setting inequality (4.9) to 1, it can be solved for λ⋅L to obtain the available bandwidth for link x
within spatial channel i. Of course, the true available bandwidth for link x would be the minimum of
the available bandwidths it has in each of the spatial channels it belongs to, Vx.
Definition 4.6 Link Available Bandwidth The mean bandwidth available to a link x in a network
during the interval (t-τ, t] is defined as
∞

 k

L
(4.10)
E  ABW linkx ( L)  =
+ E T j   
1 − max ∑ ∑ λ j , k 
 Cj

i∈Vx

L
j∈Li k =1


+ E [Tx ] 
Cx
Using Equation (4.4), Equation (4.10) can be recognized as a direct generalization of Equation (2.1)
for the available bandwidth of a link, where the utilization of the link becomes the maximum
utilization among the spatial channels the link belongs to.
Now consider a path within this network, composed of a set of m links X = {x1, x2, .., xm}. If τ⋅λ
additional L-bit long packets were to be sent over the path in the interval (t-τ, t], then the new flow is
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to be added in each spatial channel as many times as links of the path are present within each spatial
channel. Correspondingly, the first term in the left sum of inequality (4.9) must include the new flow
in each link of the path within Li. Writing it down for each link x in the path and each spatial channel i
the link x belongs to, the following set of conditions must be met:

for each x ∈ X
for each i ∈ Vx
∞
 L

 k

+ E[T j ]  + ∑ ∑ λ j , k 
+ E[T j ]  ≤ 1




j∈ X ∩ Li  C j
 j∈Li k =1
 Cj

end_for _ i

λ

∑

(4.11)

end_for _ x
Solving for λ⋅L with equality, we can find the available bandwidth for each link of the path within
each spatial channel it belongs to. Taking the minimum bandwidths among the spatial channels, we
find the minimum available bandwidth for each link. And taking the minimum within the links, we
find the available bandwidth for the path:
Definition 4.7 End-to-End Available Bandwidth The mean bandwidth available to a path in a
network during the interval (t-τ, t] is defined as






∞

 k
  

L

Path
ABW ( L) = min  min 
1 − ∑ ∑ λ j , k  + E[T j ]    
C

x∈ X
i∈V
 L
  j∈Li k =1
 x 
 j
  
+
[
]
E
T


∑
j


 j∈X ∩ Li  C j






(4.12)

Notice again that Equation (4.12) is a direct generalization of Equation (2.3). Indeed, in a single
spatial channel network, the form it takes is exactly ABWPath(L) = BWpath(L)(1-uchannel).
It is interesting to notice that Equation (4.12) suggests an estimation procedure for ABW(L): BW(L)
can be estimated first and then, a factor ρ can be computed that reflects the fraction of BW(L) that is
really available for data transmission, ABW(L) = ρBW(L). Although this is exactly what will be done in
chapter 6, a passive estimation of the fraction ρ (as most published methods do –see chapter 2) will not
be used because Equation (4.12) states very explicitly that this availability factor cannot be locally
sensed, due to affecting phenomena that can occur several hops away (see appendix 4D for one of the
negative effects of using a local estimate of the utilization factor). Instead, ρ will be directly estimated
as the ratio between the maximum throughput achievable on a path and the previously estimated
BW(L). This is equivalent to saying that Equation (4.12) also gives the maximum achievable
transmission rate in the path under current traffic conditions, which is a widely accepted proposition in
wired networks. However, it is important to notice that, although Equation (4.12) talks about the BW
of the path that is not currently used, as soon as the source of the path tries to occupy this unused
bandwidth, the set of flows on the links will change in adaptation to the new flow. This leads to a more
pragmatic definition of available bandwidth as the end-to-end maximum achievable throughput, which
is not expected to be equivalent to the theoretical definition above, although closely related. See
chapter 6 for details.

4.5 IEEE 802.11b Example
Assume an IEEE 802.11b node wants to send a large number of L-bits-long packets using a
completely available wireless medium. According to the description of the IEEE 802.11b protocol in
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section 2.1, the effective transmission time of a single packet in the RTS/CTS mode, is as follows (see
Figure 4.3):
Ts =

DIFS

+…

The transmitter waits a DIFS

RTS

+…

The transmitter sends a Request to Send

Tp

+ …

The Request To Send arrives to the receiver

SIFS

+…

The receiver waits a SIFS

CTS

+…

The receiver sends a CTS

Tp

+…

The CTS arrives to the transmitter

SIFS

+…

The transmitter waits a SIFS

Hdr

+…

The transmitter sends the PHY and MAC headers

L/C

+…

The transmitter sends the frame payload at C bps

Tp

+…

The frame arrives to the receiver

SIFS

+…

The receiver waits a SIFS

ACK

+…

The receiver sends an ACK

Tp

+…

The ACK arrives to the transmitter

Tbackoff

…

The transmitter waits a random backoff before sending the following frame

where C is the selected data transmission rate, i.e.,
Ts = L/C + DIFS + 3SIFS + RTS + CTS + Hdr + ACK + 4Tp + Tbackoff

DIFS RTS

SIFS Hdr

Backoff

Pkt

SIFS CTS

(4.13)

SIFS ACK

Ts

Figure 4.3 Time diagram for a packet transmission
Similarly, in the basic mode,
Ts = L/C + DIFS + SIFS + Hdr + ACK + 2Tp + Tbackoff

(4.14)

Both expressions take the general form L/C + T, as mentioned in section 4.2. More explicitly,
Ts = L/C + Toh + Boσ

(4.15)

where L/C is the packet length dependent transmission time, Toh is a deterministic overhead delay and
Boσ is the additional random backoff time during which the node is still “busy”, where σ is the
contention slot and Bo is a discrete random variable uniformly distributed in the closed interval [0, W1], where W is the minimum backoff window.
In IEEE 802.11b, DIFS is 50 µs, SIFS is 10 µs, σ is 20 µs, W is 32 and the propagation time is less
than 1 µs (since the distances between neighbors are usually less than 300 m). Because of rate
adaptation, every card support a basic rate set, and all control frames (RTS, CTS and ACK) must be
sent at one of the rates within the basic rate. Indeed, the PLCP preamble and header of every frame
must be sent at 1 Mbps, but these fields themselves can be long (192 bits) or short (96 bits). Similarly,
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the control frames are usually sent at 1 Mbps or 2 Mbps, while the data frames are transmitted at the
rate selected by the rate control system. These differences in the transmission rate between control and
data information can affect the evaluation of Equation (4.15). In this thesis, it is assumed that the
control frames are also sent at the same rate of the data frames, which is the assumption made by the
selected simulation tool, Qualnet®[5]. So, the deterministic overhead delay is Toh = T0 + L0/C, where
T0 is a constant delay (propagation time, control timers, and PLCP transmission times), and L0 is the
length of the overhead control information transmitted at the data rate.
According to the discussion above, in RTS/CTS mode, the time to acquire and release the
transmission medium is T = T0 + L0/C+ Boσ. If T is approximated as a continuous random variable
uniformly distributed in [T0 + L0/C, T0 + L0/C + (W - 1)σ], the following distribution for the link
bandwidth, BWlink(L), can be obtained from Equation (4.3)

L

 2
f BW link ( L ) (b) =  b σ (W − 1)

0


b ∈ Ib
otherwise

(4.16)



CL
CL
where I b = 
,

 L + L0 + C (T0 + σ (W − 1) ) L + L0 + CT0 
as shown in Figure 4.4 for a 2 Mbps link and different packet lengths, along with the corresponding
histogram based pdf estimations, obtained from Qualnet®[5] simulations.
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Figure 4.4 Bandwidth distribution of a 2 Mbps IEEE 802.11b link
In the above distribution of BW the effect of errors was omitted because the interest is in the
maximum achievable transmission rate. Appendix 4.C considers the distribution of BW under a given
bit error rate
By direct integration, the average link bandwidth becomes

E  BW link ( L)  =


L
C (W − 1)σ 
log 1 +

(W − 1)σ
 CT0 + L + L0 

which can be well approximated as [appendix 4.B]
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E  BW link ( L)  ≈

L

(4.18)

W −1 

σ
L / C +  L0 / C + T0 +
2



as in definition 4.1, Equation (4.4). With Qualnet® it is possible to measure the time at which the nth
packet is moved from the queue to the transmission buffer (or the time at which a new packet arrives
from the network layer to the transmission buffer if the queue is empty), TM(n), the time at which the
corresponding ACK is received, TA(n), and the backoff timer set at TA(n), BO(n). The timer will expire
at TB(n) = TA(n) + BO(n). However, if the nth packet was waiting in the queue at TA(n-1), it is moved to
the transmission buffer at TA(n-1) and not at TB(n-1). Consequently, the complete “service time” of the
nth packet should be computed as

Ts (n) = TA (n) + BO (n) − max(TM (n), TA (n − 1) + BO (n − 1) )
which will give the nth bandwidth measurement, BWn(Ln) = Ln/Ts(n), where Ln is the length of the nth
packet. Figure 4.5 compares simulation results with Equation (4.18). 32 groups of 20 equal-length
packets are transmitted, each group with increasing size from 64 bytes to 2020 bytes in steps of 64
bytes. The dotted green line shows the transmission rate of each packet, the thin blue line shows the
average rate of each group and the thick red line shows the theoretical result of Equation (4.18). The
nodes were located very close from each other to ensure there were no errors.
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Figure 4.5. Simulation and theoretical results of the mean total bandwidth perceived by individual
packets.

Consider now a single spatial channel n-hop path, for which the total acquisition and release time is


L
= ∑  T0 + 0

Cj
j =1 
n

T

ch

n

 + σ ∑ Bo j
j =1


(4.19)

where Bo j is the backoff selected by the transmitter of link j, uniformly and independently distributed
in the range of integers [0, W-1]. Defining X as Σj Boj, then Tch becomes
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L0
+σ X
C ch

T ch = nT0 +

(4.20)

where Cch is, according to definition 4.1, 1/Σj=1..nCj. Assuming Bo is continuous and uniformly
distributed in [0, W-1], for n > 1 X can be approximated as a Gaussian random variable with mean
n(W-1)/2 and variance n(W-1)2/12, in which case the distribution of the spatial channel bandwidth
becomes

 1  b − L / m 2 
L
f BW ch ( L ) (b) =
exp  − 
 
 2  sb / m  
2π sb 2



(4.21)

where

m=
s

2

L + L0
W −1 

n
T
+
+
σ
0


2 
C ch


(W − 1)
= nσ

(4.22)

2

2

12

are, respectively, the mean and the variance of L/Cch + Tch. Figure 4.6 shows the probability density
functions, given by Equations (4.16) and (4.21), that correspond to the bandwidth experienced by a
1024-byte long packet transmitted over a completely available spatial channel of n IEEE 802.11b hops
at 2 Mbps, for n in {1, 2, 3, 4}. The plots are compared with the corresponding normalized histograms
obtained through Qualnet® [5] simulations, and with a Gaussian distribution with mean L/m and
variance (sL/m2)2. Correspondingly, it is proposed that the bandwidth of an n-hop spatial channel in an
IEEE 802.11b path is Gaussian distributed with the following mean and variance:

E  BW ch ( L)  =

L

(4.23)

L + L0
W −1 

+ n  T0 + σ
ch
2 
C




W − 1)
(


Lσ
n

ch
2
V  BW ( L)  = 
2
3  L+L

−
1
W




0
  C ch + n  T0 + σ 2   
 


2
(4.24)

where Equation (4.23) is to be compared with definition 4.5, Equation (4.6).
Although the Gaussian approximation seems to be valid for a multihop spatial channel but not for a
single hop spatial channel, Equations (4.23) and (4.24) seem valid for n≥1 hops, especially if the
interest is in first and second order statistics of BW. Indeed, Figure 4.7 shows the same plot under
different packet lengths, which lead to the same conclusion.
The bandwidth of a multihop multichannel path is the minimum of the bandwidths of the
constituent spatial channels,
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E [ BW ( L)] ≤ min E [ BWi ( L) ] =
i

L

(4.25)

L+ L
W − 1 

0
+ ni  T0 +
σ 
max 
i
2

 
 Ci'

where Ci’ is the capacity of the ith spatial channel in the path and ni is the number of spatial channels.
Finally, as an illustration of the ABW concept, consider the two 2-hop ad-hoc paths made of 2 Mbps
IEEE 802.11b nodes, as shown in Figure 4.8. Node 5 routes data traffic between nodes 3 and 4
consisting of L3-bit long packets at λ3 packets per second. In order for nodes 1 and 2 to communicate,
they must use node 5 as an intermediate router. Figure 4.9 plots the bandwidth of the 1-5-2 path,
E[BW(L1)], as a function of the packet length used by node 1, L1, and Figure 4.10 shows the fraction of
available bandwidth, E[ABW(L1)]/E[BW(L1)] (which, according to definition 4.7, Equation (4.12), does
not depend on L1), as a function of the cross-traffic data rate, λ3L3, and the cross traffic packet length,
L3.
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Figure 4.6 Comparison of Equations (4.16) and (4.21) with QualNet® simulations, as well as with the
proposed Gaussian approximation
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Figure 4.7 Comparison of the theoretical expressions (4.16) and (4.21) with QualNet® simulations, as
well as with a proposed gaussian approximation, for different packet lengths and number of hops
For example, if node 1 transmits L1 = 4096-bit long packets, Figure 4.9 says that the path could
carry up to λ1L1 = 565.2 kbps if there were no competition. However, if node 3 is generating packets of
L3 = 8192 bits at λ3L3 = 400 kbps, Figure 4.7 says that only 44.6% of the bandwidth would be
available for other users, in which case the available bandwidth for the 512-byte packets on the path 15-2 would only be 252 kbps. Notice how, in this case, the total bandwidth of the network is 400+252 =
652 kbps, which is, of course, the BW of the average packet length, (λ1L1/(λ1L1+λ3L3))L1 +
(λ3L3/(λ1L1+λ3L3))L3 = 725 bytes.
(1)

(λ3, L3)

(3)

(5)

(4)

BW(L)?
ABW(L)?

(2)

Figure 4.8 A simple example to compute BW and ABW
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Appendix 4.A Distribution of BW=L/(T + L/C) in terms
of the distribution of T
Given a packet length, L, the random variable BW is a function of the random variable T,

BW = g (T ) =

L
L +T
C

(4A.1)

as shown in Figure 4A.1. Since g(⋅) is a monotonically decreasing function of T, for T≥0, for each
realization of T, t, there is a unique realization of BW, b=g(t). For a negative increment on t, ∆t<0, it
can be readily notice that

Pr [b < BW ≤ b + ∆b ] = Pr [t + ∆t ≤ T < t ]

(4A.2)

which, for a small value of |∆t|, can be interpreted in terms of the corresponding pdfs,

f BW (b) ∆b ≈ fT (t + ∆t ) ∆t

(4A.3)

where the equality becomes exact in the limit when ∆t→0-. Dividing by ∆b and taking the limit,

f BW (b) = lim

∆t →0

1
1
fT ( t + ∆t ) =
fT (t )
∆b
g '(t )
∆t

(4Α.4)

where, from (4A.1),

1 1 
t = g −1 (b) = L  − 
b C

(4A.5)

and

g '(t ) =

L

(

L +t
C

)

b2
=
2 L

(4A.6)

Replacing (4A.5) and (4A.6) in (4A.4) leads to Equation (4.3). When T is uniformly distributed in
the interval [T0 + L0/C, T0 + L0/C + (W - 1)σ], Equation (4.16) is obtained. When T is normally
distributed with mean nT0+L0/C+nσ(W-1)/2 and variance nσ2(W-1)2/12 –where n is the number of hops
in a spatial channel and C is, now, the spatial channel capacity–, Equation (4.21) is obtained.
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BW = g(T)
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t

Figure 4A.1 The random variable BW is a function g(T) of the random variable T (∆t<0)
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Appendix 4.B Approximation of Equation (4.18)
The Taylor series of both Log(1+x) and x/(1 + x/2) is x(1 – x/2) + o(x3), so both functions tend to
be equal as x gets smaller, as shown in figure 4B.1

log(1 + x) ≈

x
 x
≈ x  1 −  as x → 0
1+ x / 2
 2

(4B.1)

Replacing x with C(W-1)σ/(L+L0+CT0) and multiplying by L/(σ(W-1)) the approximation from
Equation (4.17) to Equation (4.18) is obtained.
0.7
log(1+x)
x/(1+x/2)
x*(1-x/2)

0.6

0.5

f(x)

0.4

0.3

0.2

0.1

0

0

0.1

0.2

0.3

0.4
x

0.5

0.6

0.7

0.8

Figure 4B.1 As x goes to zero, both log(1 + x) and x/(1 + x/2) tend to x(1 - x/2)
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Appendix 4.C A more detailed analysis of an IEEE
802.11b link with no interference
In defining the characteristics of an IEEE 802.11b, the effects of transmission errors were omitted,
which led to Equation (4C.1) as the probability density function of the BW of an IEEE 802.11b link,




L
CL
CL
,
b∈
 2

f BW (b) =  b σ (W − 1)
 L + L0 + C ( T0 + σ (W − 1) ) L + L0 + CT0 

otherwise
0


(4C.1)

where the variables and parameters are defined in section 4.5. Of course, the assumption of perfect
transmission is far from reality. To consider imperfections, the bit error rate (BER) is taken as the
parameter that summarizes the physical impairments of the link. The simulations assume a statistical
propagation model with free space path loss for near sight and flat earth reflection for far sight, 4 dB of
shadowing mean, no fading, 290 K of temperature, noise factor of 10, 1.5 m high omnidirectional
antennas with 0.3 dB of mismatch losses and an efficiency 0.8, 15 dBm of transmission power and a
receiver sensitivity of -89 dBm. These conditions allow to compute the Signal-to-Noise-Ratio, SNR, as
a function of distance, with which the BER is computed for a 2 Mbps IEEE 802.11b link using
DQPSK. Figure 4C.1 shows the results of such computation, including the probability of failure when
transmitting a 512 bytes frame under the assumption of independence among bit errors.
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Figure 4C.1 Bit Error Rate and Frame Error Rate, as functions of distance between stations, in a
typical 2 Mbps IEEE 802.11b link
A transmission can be aborted because either the Wait_For_CTS timer expires, Tcts, or the
Wait_For_ACK expires, Tack. In the first case, there was an error on the RTS and/or the CTS frames
while, in the second case, both RTS and CTS arrived with no errors to their destinations, but the data
frame or the ACK frame experienced errors. Assuming independence among bit errors, the first event
will happen with probability p1 = 1 – (1 – BER)RTS+CTS and the second one will occur with probability
p2 = 1 – (1 – BER)Hdr+L+ACK, given there were no errors in RTS nor CTS (recall the assumption that
control frames and data frames are sent at the same transmission rate). In the first case, the wasted time
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will be DIFS + RTS + Tcts + DIFS + nσ, where the last two terms correspond to the time it takes the
sender to recover, n is an integer number uniformly distributed between 0 and 2k-1W-1, and k is the
number of consecutive transmission failures. In the second case, the wasted time wil be DIFS + RTS +
Tp + SIFS + CTS + Tp + SIFS + Hdr + L/C + Tack + DIFS + nσ. In general, with k1 errors of the first
type and k2 errors of the second type, the total “service time” will be
RTS + CTS + Hdr + L
RTS




Ts = k1  2 DIFS +
+ Tack  + ...
+ Tcts  + k 2  2 DIFS + 2 SIFS + 2T p +
C
C




(4C.2)
k1 + k 2 −1


RTS + CTS + Hdr + L + ACK 

... +  2 DIFS + 3SIFS + 4T p +
 + σ  n0 + ∑ nk 
C


k =0


k
where nk is uniformly distributed in the range [0,1,2,…,min(2 W-1,1023)], and k1 and k2 are jointly
distributed as

k + k 
k2
P[k1 , k 2 ] =  1 2  p1k 1 ( p2 (1 − p1 )) (1 − p1 )(1 − p2 )
 k1 
Next assume that the distribution of X = n0 +

(4C.3)

k1 + k2 −1

∑

nk in (4C.2) is continuous uniform when k1+k2=0,

k =0

triangular when k1+k2=1 and normal with appropriate mean and variance when k1+k2>1. Then the
corresponding pdfs can be weighted with Equation (4C.3) for the most probable values of (k1, k2).
Under this assumption, the corresponding distribution of the achievable transmission rate is

f BW (bw) =

L
bw 2

∑ P[k , k ] f
1

2

X

( k1 ,k 2 )

 L 
L
L

−  T0 +  − k1T1 − k 2  T2 + 

C
C

 bw 


(k1 , k 2 ) 


(4C.4)

as shown in Figure 4C.2 for a 2 Mbps link.
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Figure 4C.2 Probability density function of the achievable transmission rate for different packet
lengths under different bit error rates
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Figure 4C.3 shows the average of the above pdf as a function of packet length for a given BER. The
impact of noise as it interacts with the MAC protocol becomes evident.
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Figure 4C.3 Expected Value of BW for different packet lengths and BERs
Figure 4C.4 shows a comparison of theoretical and simulation results when the nodes are at 351 meters
of distance, for a BER of 4⋅10-5.
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Figure 4C.4 Simulation and theoretical results of perceived bandwidth when BER = 4⋅10-5
Finally, figure 4C.5 shows the perceived bandwidth for a source node sending packets of 512 bytes to
a destination that is moving away from the source.
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Figure 4C.5 Perceived bandwidth variation with distance between the nodes
Now turn back to the perfect transmission assumption to consider the delay. In particular, consider
an application that generates constant length packets of L bits according to a Poisson process with rate
λ = 1/Ta packets per second. Without contentions and transmission errors, the “service time” will be a
uniform random variable in the interval [(L+L0)/C + T0, (L+L0)/C + T0 + (W-1)σ], where the symbols
are described in section 4.5. Indeed, for simplicity, L0/C is grouped within the constant delay T0, so the
mean and variance of Ts become

E[Ts ] =

L
W −1
+ T0 +
σ
2
C

(W − 1) σ 2
V [Ts ] =
2

(4C.5)

12

According to the Pollaczeck-Khinchine formula, the average delay of a packet from its generation
at the application layer to the release of the link for the next packet is
E[ D] =

2
1
C ' V + ( Lh + L ) 
 Lh + L +

C 
2 ( C − C ') L − C ' Lh 

(4C.6)

where Lh = C(T0+(W-1)σ/2) and V=C2(W-1)2σ2/12 are the mean and the variance of the number of bits
that could be transmitted, at C bps, during the overhead time, and C’= L/Ta is the effective application
throughput. Given a maximum tolerable average delay, EDmax, an upper bound on the achievable
throughput can be found,
2 ⋅ C ⋅ L ⋅ ( C ⋅ EDmax − Lh − L )
(4C.7)
C'=
V + Lh ⋅ ( 2 ⋅ C ⋅ EDmax − Lh ) + 2 ⋅ ( C ⋅ EDmax − Lh ) ⋅ L − L2
Figure 4C.6 shows the maximum throughput a source can achieve using packets of given length, in
order not to exceed a given average delay.
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Figure 4C.6 Maximum achievable transmission rate for a given average delay
As it can be seen, for each delay requirement there is an optimum packet length that maximizes the
achievable throughput. This optimum packet length is given in Equation (4C.8).
Lopt =

(V + L ⋅ ( 2 ⋅ C ⋅ ED
h

max

2
− Lh ) ) ⋅ ( C 2 ⋅ EDmax
+ V ) − (V + Lh ⋅ ( 2 ⋅ C ⋅ EDmax − Lh ) )

C ⋅ EDmax − Lh

(4C.8)

Replacing Equation (4C.8) in Equation (4C.7), the maximum achievable throughput is found,

V + Lh ⋅ ( 2 ⋅ C ⋅ EDmax − Lh ) 
(4C.9)

C 'max = C ⋅ 1 −
2
2


V
C
ED
+
max


If EDmax → ∞, C’max → C, of course, but through an infinite packet length. If the packet length is
truncated at 2048 bytes, the curve of Figure 4C.7 is obtained.

Figure 4C.7 Maximum achievable throughput for a given average delay
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Appendix 4.D Intersection of idle periods
As said in chapter 2, most QoS mechanisms for wireless ad hoc networks rely on a simple end-toend available bandwidth estimation based on locally sensing the busy periods of the transmission
medium: If the ith node of the path, that transmits at a rate Ci bps, perceives that the transmission
medium is busy during a fraction ui of the time, the path available bandwidth is estimated as
ABW = min ( (1 − ui )Ci ) . It was already seen that this is not the case, simply because if the second node is
i

a relaying node, a single packet will occupy the medium twice, at least. But it is still false even in a
single link path, unless the busy periods perceived by one node are within the busy periods perceived
by the other node, as shown in figure 4D.1, where u1(t) and u2(t) are the instantaneous utilizations
perceived by nodes 1 and 2, respectively, and 1-u(t) = min{1 – u1(t), 1-u2(t)} = 1 – u1(t) is the
instantaneous availability of the transmission medium for the link between them. But, in a busier
environment, highly likely things would be different, as shown in figure 4D.2, where 1-u(t) = min{1 –
u1(t), 1-u2(t)} < 1 – u1(t). This can happen because the sender is exposed to a signal that does not
interfere with the receiver, or because there is a signal interfering at the receiver of which the sender is
not aware. Averaging in an interval (t-τ, t], it will be the case that ABW < min (1 − u1 ,1 − u2 ) C . In the
worst case, there could be an idleness factor of 1 – min(1,u1+u2), which can be zero even when both u1
and u2 are less than one.
u1(t)
t
u2(t)
t
1-u (t)
t

Figure 4D.1 Idle time available for the link between nodes 1 and 2 in the ideal case

u1(t)
t
u2(t)
t
1-u (t)
t

Figure 4D.2 Idle time available for the link between nodes 1 and 2 in a more realistic case
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To elaborate, let us say that the idle fractions of time during an observation interval are 0 ≤ t1 ≤ t2 ≤
1, where node 1 was renamed as that with the smaller idle period. The intersection between those two
fractions is the true idle period for the link between them. According to figure 4D.2, it is expected to
be less than t1 because of possible non-simultaneous occupations of the medium at nodes 1 and 2.
Let us put together on the left of a graph the fractions of time during which node 1 senses the
medium busy and node 2 senses it idle; then the fractions during which both nodes sense it idle; then
the fractions during which node 1 senses it idle and node 2 senses it busy; and, finally, let us put
together the fractions of time during which both nodes sense the medium busy, as shown in figure
4D.3.

Idle
periods
t2
t1
I
t
0
A
t2
A+t1
1
Figure 4D.3 Idle and busy periods as sensed by both nodes
In Figure 4D.3, A can be considered as a continuous random variable uniformly distributed in [0, 1t1], in which case the intersection I becomes

t2 ≤ A
0

I = t2 − A t2 − t1 ≤ A < t2
t
A ≤ t2 − t1
1
So that Pr[I=t1] = (t2 – t1)/(1 – t1) and, if t1+t2<1, Pr[I=0] = (1 – (t1 + t2)) / (1-t1). Otherwise, if t1+t2≥1,
the minimum value of the intersection is (t1+t2–1). In both cases, the pdf of I is the constant value 1 / (1
– t1) within the open interval ((t1+t2–1)+, t1), where x+ ≡ max(0,x). Consequently, the CDF of I is as
shown in figure 4D.4.

FI(i)
1
1 – t2
1 – t1
(1 – t1 – t2)+
1 – t1

i
t1
(t1 + t2 – 1)+
Figure 4D.4 CDF of the intersection between the perceived idle periods
The corresponding mean of the intersection of idle periods is
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 t1 ( 2t2 − t1 )
t1 + t2 ≤ 1

2 (1 − t1 )

E  I t1 , t2  = 
t − 1 − t2 ( 2 − t2 ) t + t > 1
1
2
1
2 (1 − t1 )

as depicted in figure 4D.5, where t1 and t2 are redefined to be the idle periods perceived by the first and
second nodes, independently of which one is smaller.
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Figure 4D.5 Intersection between the idle periods t1 and t2
In the average, the fraction of time during which the transmission medium is available for the link,
is less than the minimum of the locally perceived fraction of available time, which invalidates the
assumptions implicitly stated in the commonly used formula ABW = min ( (1 − ui )Ci ) .
i
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5. TOTAL BANDWIDTH ESTIMATION
TECHNIQUE
In [1], Chen et al. introduced AdHocProbe, an efficient and effective method to estimate the BW of
a path in a wireless ad hoc network, for a single packet length. Adhoc Probe is an active one-way
technique based on packet pair dispersions, which measures exactly the concept of BW defined in
previous chapter, i.e., the maximum achievable transmission rate in absence of competing flows,
although the estimation is valid only for one packet length, the one used in the probing traffic.
In what follows AdHocProbe will be briefly described, since its principles constitute the heart of
the estimation method proposed in this chapter, and then it is extended to estimate BW, not for a single
packet length, but as a function of packet length, for which the parameters of a functional form of BW
are estimated. Finally, some numerical results are shown.

5.1 Ad Hoc Probe
When two back-to-back packets are sent over an unloaded network path with wired links, the
output dispersion between them is determined by the narrow link (that with the minimum capacity). As
long as this dispersion is preserved on the path, as shown in figure 5.1, it will allow estimating the
bottleneck link bandwidth, which is the accepted definition of the path bandwidth, according to
Equation (2.1). Figure 5.1 shows a six-hop path, where the thick of each segment represents the
capacity of the corresponding link. The third link transmission time, T3, is preserved, because it is the
narrowest link in the path. Consequently, the path BW can be estimated as L/T3, where L is the packet
length.
Of course, the interval between packet-pair samples can be either expanded (if the second packet
suffers a higher delay than that of the first packet due to cross-traffic, leading to BW under-estimation)
or compressed (if the first packet suffers a higher delay than that of the second one due to cross-traffic,
leading to BW over-estimation). Consequently, it would be useful to use both time interval
measurements and end-to-end delay measurements, in order to select those packet pair samples that
have not been interfered by cross traffic, i.e., those with the minimum sum of delays. For these packet
pairs, the output gap between packets, G, is a good estimation of the narrow link traverse time.
Correspondingly, the path BW would be
BW = L/G

(5.1)

where L is the probing packet length. Of course, as previously seen, the narrow link capacity is not the
bandwidth of a path. However, AdHocProbe assumes Equation (5.1) is still valid in terms of the
maximum achievable rate over an unloaded path on a multihop wireless link, as defined in section 4.3.
This assumption is valid if the packet pair with minimum sum of delays correspond to a pair of packets
that do not suffered any delay due to queueing, collisions, transmission errors or scheduling.
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Queueing, collisions and errors seem to be obvious difficulties. With respect to scheduling, Figure 5.2
shows how, in a multi-hop wireless path, there could be scheduling differences that may lead to wrong
estimations. The inter-arrival gap at the receiver in the second schedule of Figure 5.2, corresponding to
the minimum one-way-delay (OWD) of each individual packet, reveals the real value of the time it
takes a packet to traverse both links, but the corresponding measure in the first schedule will
underestimate this time.
T1

T3

T2

T3

T3

T3

Figure 5.1 Transmission of a back-to-back pair of packets over a six-hop wired path

Figure 5.2 Two possible schedules for sending two packets on a two-hop wireless path
So, in AdHocProbe, probing packet pairs of fixed size are sent back-to-back from the sender to the
receiver. The sending time is stamped on every packet by the sender. The receiver measures the OWD
of each packet as the difference between reception time (measured at the receiver) and sending time
(stamped in the packet header at the transmitter). “Good” packet-pair samples are those with minimum
sum of OWD (SOWD), for which the corresponding bandwidth is given by equation (5.2), where L is
the packet size and G is the dispersion of the packet pair. Then AdHocProbe reports the estimated BW
after receiving a given number of samples, N. If, within this analysis window, there exists such a
“good” packet pair, AdHocProbe would be able to estimate with high accuracy the maximum
achievable rate, which takes implicitly into account wireless ad hoc network characteristics such as
multihoping, multi-access mechanisms and rate control.
Clearly, the estimation accuracy increases as N grows because the larger N, the higher the
probability to have a good packet pair. But a large N is inadequate for wireless networks as it will lead
to high latency in estimation and may not capture the dynamic properties of the wireless network.
Another important parameter is the probing packets sending rate, R. AdHocProbe sends L-bit long
probing packets at R packet-pairs/second, or 2LR bits/second, so that one estimation takes no less than
N/R seconds. Clearly, the larger R, the less time a BW estimation process takes, but R cannot be too
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large in order not to disturb the ongoing traffic flows. Although the probing parameters N and R must
be carefully tuned to the network properties, trading off precision for speed, AdHocProbe simply
chooses N = 200 packet pairs, L = 1500 bytes, and R = 4 pairs per second.
Figure 5.3 shows the BW for different probing packet lengths of a one-hop path in an IEEE 802.11b
link at 11 Mbps based on an implementation of AdHocProbe, where each point took between 50 and
70 seconds to obtain. By comparing with the theoretic results of Eaquation (4.18), not only most
experiments yield the correct answers, but also AdHocProbe is able to capture the dependency of BW
on packet length, although it is necessary to run several tests at each packet length of interest because
each test gives the BW only at the given probing packet length. In this chapter, AdHocProbe is
extended in order to estimate efficiently the mean bandwidth as a function of the packet length, for any
data packet length.
8

BandWidth (Mbps)

7

Estimate AHP (mean)
Theoretic Results

6
5
4
3
2
1
0
0

500

1000

1500

Packet Length (bytes)

Figure 5.3 AdHocProbe test with different probing packet lengths

5.2 Bandwidth Estimation as a Function of
Packet Length
According to the analysis in chapter 4, the maximum achievable data rate over an idle multihop
path between a source node and a destination node on a wireless ad hoc network has the form of
Equation (5.2),
BW =

L

αL+ β

(5.2)

where αL+β is the time it took the packet to traverse the narrowest spatial channel in the path. In
Equation (4.4), for example, α = 1/C is the cost, in seconds, for transmitting a data bit over a single
link, while β = E[T] is the additional cost, in seconds, for transmitting a whole packet, independent of
its length. In Equation (4.6), α =

ni

∑1 C

i, j

is the inverse of the narrow spatial channel capacity, i,

j =1

which corresponds to the cost, in seconds, of transmitting one bit over the ith spatial channel (See
Equation (4.1)), where Ci,j is the bit transmission rate of the jth link of the ith spatial channel. Similarly,
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ni

β = ∑ E[Ti , j ] is the sum of the acquisition and release times on each link of the ith spatial channel,
j =1

the narrow one.
According to Equation (5.2), if αL+β, the time it takes an L-bit packet to traverse the narrow spatial
channel, can be estimated, it would be also possible to estimate the path bandwidth for the given
packet length, L. This is what AdHocProbe does for a single packet length, as described in previous
section. If the procedure is repeated for a longer (or smaller) packet length, two points in the curve
BW(L) of Equation (5.2) will be obtained, from which the two unknown parameters, α and β, can be
estimated. With these parameters, it is possible to interpolate the whole curve for the total range of
allowed packet lengths.
Indeed, if the gaps G0 and G1 corresponding to the packet lengths L0 and L1 can be measured, it
would be easy to find α and β,

α   L0
β  =  L
   1

G1 − G0


−
1


L1 − L0
1 G0 


=
1  G1  
G1 − G0 
G0 − L − L L0 

1
0


(5.3)

In order to compute Equation (5.3), the probing traffic will take the form shown in Figure 5.4. The
value of the parameters L0, L1, T, ∆0 and ∆1 should be selected according to the configuration and
dynamics of the network. In the tests of this thesis, an IEEE 802.11b network with pedestrian users
was used, for which the following parameters are adequate: L0=128 bytes, L1=1400 bytes and T=0.25.
Although ∆0 and ∆1 can be adaptively selected to reduce self-interference in an unloaded multihop
path, in this thesis just back-to-back packet pairs will be used.
L0 bits each

L1 bits each

L0 bits each

t

∆0

∆1

∆0

T
T

Figure 5.4 Probing traffic pattern
A compromise between adaptability and accuracy will be considered, by using a window-based
analysis. The pairs received during a t-seconds time window will be considered, on which, for each
packet length L0 and L1, the minimum sowd, sowdmin, will be measured. Within the window, those
dispersion measurements with sowd ≤ sowdmin + (W-1)σ will be considered as valid realizations of the
random variable αL+β. Clearly, the longer the window length, t, the higher the confidence on the mean
BW; and the smaller the window length, the higher the adaptability to changing conditions.
Additionally, with several samples, confidence intervals can be found or estimates of the range of BW
values, although in this thesis only estimates of the mean end-to-end BW will be considered.
An important issue with the mentioned procedure is clock synchronization between transmitter and
receiver. Of course, in a simulated environment there is a unique clock system, but in a real
implementation, this problem affects dramatically the measurements.
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Assume the receiver clock (trx) and the transmitter clock (ttx) are related as trx = (1+a)ttx + b/2, where
there is both a drift term (1+a) and a phase term (b/2), and consider the time diagram of figure 5.5,
where td0’ and td1’ are the departure times of a pair of packets stamped at the transmitter, ta0 and ta1
are the arrival times registered at the receiver, and td0 and td1 are the (unknown) departure times
according to the receiver clock.

td0’

td0

td1’

td1

ta0

ta1

Figure 5.5 Time incoherence between transmitter and receiver clock
The correct sum of one way delays would be sowdc = (ta0-td0) + (ta1-td1), but the measured one
would be sowdm = (ta0-td0’) + (ta1-td1’) = sowdc + a(td0’+td1’)+b. This linear tendency can be
appreciated by plotting the measured sum of one way delays versus the measuring time, ta1, as shown
in the blue continuous line of Figure 5.6. Dividing the analysis window in four subwindows, it is
possible to compute a least mean square error linear regression on the minimum sowd of those
windows, as shown in the diamond marked red dashed line of Figure 5.6. This linear tendency is
subtracted from sowdm to obtain a new measure, sowdm’ = sowdc + c, where the constant c does not
affect the computation of the minimum sowd, as shown in the black dotted line.
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linear regression
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Figure 5.6 Correction of clock incoherence through linear regression

80

End-to-end Available Bandwidth Estimation
In IEEE 802.11b wireless ad hoc networks

5. Total Bandwidth Estimation Technique

5.3 Numerical Results
QualNet®[2] was used to evaluate the estimation procedure through simulation experiments, using
the default physical, MAC, AODV, IP and UDP parameter values for a 2 Mbps IEEE 802.11b ad hoc
netowk. Figure 5.7 shows the estimation results using the network shown in Figure 4.1. The mean BW
converges quickly to the theoretical value and the 99% confidence intervals decrease similarly fast, as
long as there are several valid samples. The 90 seconds results are identical to the corresponding
theoretical values of Equation (4.23), shown in Figure 5.8.
BW interpolation, estimated in 1 seconds

BW interpolation, estimated in 3 seconds

BandWidth (Mbps)

2

2
1 hop
2 hops
3 hops
4 hops
5 hops
6 hops
99% CI

1.5
1
0.5
0

500

1000

1500

1
0.5
0

2000

BW interpolation, estimated in 5 seconds
BandWidth (Mbps)

1.5

2

1.5

1.5

1

1

0.5

0.5

500

1000

1500

1000

1500

2000

BW interpolation, estimated in 90 seconds

2

0

500

0

2000

500

Packet length (bytes)

1000

1500

2000

Packet length (bytes)

Figure 5.7 Convergence speed in absence of cross traffic
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Figure 5.8 Theoretical values of the BW estimated in Figure 5.7
The above encouraging results are obtained without any additional traffic on the network. To
consider the effect of cross-traffic, the test scenario shown in Figure 5.9 was used, in which 18 nodes,
in a 3×6 grid at a distance of 300 m, participate in routing a Variable Bit Rate (VBR) flow and a
probing traffic flow. The bandwidth of the 5-hop path from node 7 to node 12 through nodes 8, 9, 10
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and 11 is to be estimated when the adjacent VBR flow generates an average rate of λ bps from node 13
to node 6 using 1000-byte packets. Figure 5.10 shows the estimation obtained with a single time
window of 20, 40, 60 an 100 seconds, as a function of the packet length and the cross-traffic rate.

Figure 5.9 Scenario with competing cross-traffic
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Figure 5.10 Evolution of the estimate for different cross-traffic data rates
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While a 20-seconds window was enough for a highly precise estimation when the data traffic rate
was below 220 kbps, the destination did not receive any pair during the first 20 seconds when the data
rate was 820 kbps (for the particular traffic traces used in the simulation, of course). Furthermore, in
some cases the few received pairs were misleading. Also notice that, with a little luck, even under a
high data rate cross-traffic, as with 980 kbps, it is possible to have a good set of pairs for an accurate
estimation in such a reduced time window. As the window length is increased, the estimation accuracy
is improved with each additional packet pair received at the destination.
Figure 5.11 shows the SNR for a given cross-traffic data rate, λ, and a given time window, t, where
SNR is defined as:
Lmáx


BW ( L)2 dL
∫
0


SNR (λ , t ) = E Lmáx
2
~


λ
BW
L
−
BW
L
t
dL
(
)
(
;
,
)
(
)
 ∫0


(5.4)

where BW(L) is the true bandwidth, as given by Equation (4.25), BW~(L; λ, t) is the estimation
obtained on conditions (λ, t), and Lmax is the maximum allowable packet length (2020 bytes in this
context). The expected value operator was approximated by averaging 16 independent simulations.
Notice the effect at 370 kbps, which is the mean BW for the 1000-byte packets used in the VBR crosstraffic. When the cross traffic transmits at less than that rate, the SNR is high and decreases with the
load on the path. Above that rate, the path is saturated and the estimation performance remains at its
lowest value, independently of the data traffic rate. Interestingly, it performs very well, even for small
time windows.
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Figure 5.11 Average SNR as a function of the cross traffic rate, for different measurement time
windows
Finally, the effect of mobility and, consequently, the adaptability of the protocol are considered,
using the scenario of Figure 5.12. There is a 5×5-grid of fixed nodes at 300 m between them, and a
26th node moves around on a spiral trajectory, at a speed of 2 m/s. There are two VBR flows of 50
kbps each, one from node 6 to node 10 and another one from node 16 to node 20. The bandwidth of
the path between nodes 1 and 26 is to be estimated. Figure 5.13 shows the estimated mean bandwidth
as a function of time for each packet length, when the measurement time window is 30 seconds.
Notice how easy is it to detect route breakdowns and reestablishments epochs by inspecting the figure.
These results show that, as long as the durations of the routes are in the order of several tens of
seconds and the network is not highly loaded, the estimation scheme can offer high precision and good
adaptability.
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Figure 5.12 Mobility scenario for adaptability test
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Figure 5.13 Mean BW estimation under mobility
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6. AVAILABLE BANDWIDTH ESTIMATION
TECHNIQUE
In this chapter, the active probing technique that estimates the bandwidth (BW) of an end-to-end
path in an IEEE 802.11b ad hoc network, shown in chapter 5, is incorporated into a new neuro-fuzzy
estimator that finds the end-to-end available bandwidth.
The gaps between those pairs of packets that suffer the minimum sum of one-way-delays are used to
estimate the maximum achievable transmission rate (BW) as a function of packet length, for any
packet length. Then the variability of the dispersions is used to estimate the fraction of that bandwidth
that is effectively available for data transmission, also as a function of packet length.
To consider implicitly all the phenomena that jointly affect the available bandwidth and the
dispersion measures, a neuro-fuzzy identification system models their dependence. For example, even
in the absence of competing flows, ABW can be less than BW due to self interference (when
consecutive packets of the same flow compete among them on different links of the path). ABW can be
further reduced by cross-traffic, which can (1) simply decrease the signal-to-noise ratio at some parts
of the path, or (2) can interact through MAC arbitration at some other parts of the path, or (3) can even
share some common queues along the path. Another largely ignored aspect that is indirectly captured
by the neuro-fuzzy system is the fact that ABW is not exactly the unused BW because, once that unused
BW is to be occupied, the arrival of the new flow can re-accommodate the occupation pattern along the
neighborhood of its path.
In order to consider all these interacting aspects, the neuro-fuzzy estimator is trained on data
collected from a large set of simulated scenarios, for which Qualnet®[7] is used. The scenarios were
carefully selected to have enough samples of each of the effects mentioned above, and combinations of
them, over a wide range of configuration parameters, so as to get a representative set of data for
training, testing, and validation purposes. With all these data, the estimator learns how to infer the
available bandwidth from the variability of the dispersion traces. The system is designed so as to have
good generalization properties and to be computationally efficient. As a result, an accurate, efficient,
and timely end-to-end available bandwidth estimator is obtained.

6.1 Theoretical and practical ABW
In wired networks it is widely accepted the definition of ABW as the unused capacity of the tight
link. But, as mentioned in chapter 4, in wireless multi-hop ad hoc networks the unused bandwidth can
differ from the available bandwidth because, due to interference, the unused capacity may not be
completely available. Indeed, once a new flow is established in the given path to occupy some of that
unused capacity, the interfering cross-traffic can re-accommodate itself in response to the new flow,
changing the perception of the new flow about its available bandwidth. So, it is tempting to define
ABW as the throughput achieved by a saturated source. However, due to self interference, a saturated
node could reduce its throughput far below of what a less impatient source might obtain. The ABW
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could also be defined as the maximum achievable transmission rate that does not disturb current flows,
but this is a very elusive definition because, due to the interactions in the shared medium, even a very
low rate new data flow could affect current flows.
Just as an illustration of some of the possible interactions between a pair of neighbor links, consider
the simple scenario of Figure (6.1). Two links of 2 Mbps are formed by pairs of nodes 320 m apart,
transmitting 1400-byte packets. (In all scenarios, a two-ray path loss propagation model is used, with
15 dBm of transmission power and -89 dBm of receiver sensitivity). The second link is slowly moving
to the right, increasing the distance d between senders. Figure 6.2 shows the availability, x(L) =
Γ(L)/BW(L), for L = 1400 bytes, with and without RTS/CTS signaling at the MAC layer, where Γ(L) is
the achieved throughput of the saturated sources. Up to 500 m, the effect of the MAC protocol
arbitrating the medium can be seen, along with some unfairness against link 1 due to the capture effect.
From that point on, it is no longer possible for the senders to sense the other’s carrier directly. When
the RTS/CTS mechanism is not used, this leads to repeated collisions that reduce the throughputs of
both sources to very low values. When the RTS/CTS mechanism is used, Tx2 can sense Tx1’s carrier
virtually, but Tx1 remains blind to Tx2’s transmissions. As the distance grows farther, the second link
becomes isolated from any interference from the first link, while Rx1 remains immersed in the “noise”
produced by Tx2. This leads to a big region of more than 500 m in which link 2 owns the whole
bandwidth while link 1 can only use the leftovers. At 1200 m, the interference of Tx2 on Rx1 has been
reduced to the point that some packets from Tx1 begin to go through, but the links do not become
independent until the distance exceeds one kilometer and a half.
Tx2
Tx1

Rx2

Rx1

d
Fraction of available bandwidth Fraction of available bandwidth

Figure 6.1 Scenario for studying the interaction between two competing links affecting ABW
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Figure 6.2 Fraction of capacity available for each link in scenario of Figure 6.1
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According to the above conditions, an additional reasonable definition of ABW is the maximum
throughput achievable by a CBR flow in the path, where the maximization is performed over the range
of input data rates. Although, intuitively, this definition makes better sense, it is the most unfriendly
for estimation purposes, because it requires the estimator to explore different transmission rates in
order to find the one that maximizes the throughput. However, instead of doing this process on-line, it
is possible to collect accurate and representative data to feed a machine learning process that would
relate the statistics of the packet pair dispersion measures with the true maximum achievable rate in
the path. First, an experiment to measure the probing packet dispersions is conducted and, then, the
same experiment is replicated to measure the available bandwidth as the maximum achievable
throughput. Then the ratio between the maximum achievable throughput and the bandwidth is
computed (the “availability”, x=ABW/BW), in order to relate it to the variability of the dispersion
measures. The underlying hypothesis is that, since the probing packet pair dispersions are affected by
the same phenomena that determines the current ABW, the costly search of an optimal input rate can be
avoided if it can be inferred from the statistics of the dispersion trace.
Consequently, the pragmatic definition of ABW would be given as follows:


(n(t ) − 1) L 
ABW ( L) = max lim
(6.1)

λ >0
 t →∞ t − t1 
where L is the length, in bits, of the transmitted packets, λ is the transmission rate at the source, t1 is
the reception time of the first of an infinite sequence of packets and n(t) is the number of packets
received up to time t. To evaluate (6.1) experimentally, a large number (1000) of packets is sent at the
given rate λ. If the receiver gets less than 25% of the transmitted packets, the loss probability is
considered too high and the available bandwidth is set to zero for that input rate. Otherwise, the
throughput for this rate is computed as Γ(L;λ) = (n-100)L/(tn – t100), where n is the last received packet,
which arrived at tn. The first 100 received packets are considered part of the transient period. Then,
through bracketing, the value of λ that maximizes Γ is found, which becomes ABW(L). Since it is
possible to keep constant conditions in the experimental scenarios, this procedure gives a very accurate
measure of ABW.
It is interesting to notice the relationship between Equations (4.12) and (6.1). In a wired network,
they are supposed to be the same, where (6.1) is oriented to a self-congesting estimation procedure
while (4.12) is oriented to a packet pair dispersion measure. Indeed, Equation (6.2) shows two
“equivalent” definitions of ABW in the period (t-τ, t] for a single link of capacity C bps that serves a
total traffic of λ(s) bps at instant s, widely accepted as equivalent [1].

ABW (t − τ , t ) =

1



t

1

t



( C − λ (s) ) ds = arg max  R R + ∫t −τ λ (s )ds < C 
τ ∫t −τ
τ
R



(6.2)

However, from previous discussion, it is clear that they can be different in wireless ad hoc
networks. One would even believe that the first definition is an upper bound on the second one, but an
exposed terminal could find that the second one is much bigger than the first one. In this chapter, the
work is aimed at designing a system capable of learning, from sample data, the intricate relations
between ABW, as defined in Equation (6.1), and dispersion measurements.
So, a representative set of data must be collected in order to determine whether the dispersion
measurements carry enough information for a significant estimation of ABW or not. If that is the case,
that data could be used to train a neuro-fuzzy system. Next section reviews this process.
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6.2 Data Collection and Preprocessing
With the procedure described above, it is possible to collect a large data set that relates the
dispersion measurements of the active probing packet pairs with the corresponding ABW on different
scenarios. The data set must reflect the most important features of the underlying characteristics of any
IEEE 802.11b ad hoc network, which include the interaction between competing flows by buffer
sharing, by MAC arbitrated medium sharing, by capture effects or, simply, by increased noise.
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Figure 6.3 Test Scenario for data collection
All these aspects of the dynamic behavior of an IEEE 802.11b ad hoc network (and their
combinations) can be captured using the network configuration shown in Figure 6.3, where different
parameters can be changed in order to explore a wide range of cross-traffic interference conditions. In
particular, the following parameters were changed
• the distance between nodes,
• the physical transmission rate,
• the use of RTS/CTS mechanism,
• the number of cross-traffic flows,
• the origin and destination of each cross-traffic flow,
• the transmission rate and packet length of each cross-traffic flow, and
• the buffer size at the IP layer.
For each condition, the ABW between each of the 21 pairs of nodes of the second row was found, for
four different packet lengths, averaged over 10 independent simulations. Then each experiment was
replicated to take a dispersion trace of probing traffic for each measured ABW. This way 6000 samples
were obtained, where each sample consisted of a traffic dispersion trace, a corresponding BW(L)
function, and four measured availabilities for four different packet lengths, {x(Li) = ABW(Li)/BW(Li),
i=0..3}.
The traffic dispersion trace represents a huge amount of highly redundant data, from which a
parsimonious set of statistics must be selected that bring together most of the information about the
availability x(L) contained in the whole trace.
The traces were grouped in analysis windows of 200 pairs, overlapped every 4 pairs and, for each
analysis window, the following statistics of the dispersion trace for the two probing-packet lengths, L0
and L1 were measured:

θ1(Li) = mean of the gap between packets of a pair of Li-bit packets
θ2(Li) = standard deviation of the gap between packets of a pair of Li-bit packets
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θ3(Li) = mean of the sowd (sum of one way delays) of a pair of Li-bit packets
θ4(Li) = standard deviation of the sowd of a single pair of Li-bit packets
where, in each analysis window, the gaps and sowds are centered and normalized with respect to the
gap between the packets that suffered the minimum sowd, in order to get comparable magnitudes over
different network conditions. The vector of eight input parameters will be denoted as θ, while the
vector of four input parameters corresponding to a given packet length L will be denoted a θ(L).
Figure 6.4 shows the probability density functions (pdf) of each component of θ(L) within the
collected data for L1 = 1400 bytes, conditioned on a low (less than the median) or high (greater than
the median) availability, where similar results hold for L0=100 bytes. A low availability tends to
increase the values of the parameters and disperse them over a wider range, as compared to a high
availability. This remarkable differences in the conditional probabilities indicates the existence of
important information about the availability x(L) contained in this set of statistics, so the later can be
used to classify and regress the former. It is this discrimination property what is to be exploited in the
available bandwidth estimator.
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Figure 6.4 Probability density functions of the measured statistics conditions on a high or low
availability

6.3 Neuro-Fuzzy System Design
First, a fuzzy clustering algorithm is used to identify regions in the input space that show strong
characteristics or predominant phenomena. Then, the clustered data is used to train simple neural
networks, which can easily learn such phenomena. The local training data is selected through alphacuts of the corresponding fuzzy sets, and the antecedent membership functions are used to weight the
outputs of the locally expert neural networks, according to the following simple rules
IF [θ is in cluster j] THEN [x(Li) = neuralnet(i,j)]

(6.3)

A large number of clusters can give a high accuracy at a cost of a high computational complexity.
Since the efficient use of computational resources is an important requirement for this thesis (mobile
devices are supposed to run on batteries), two networks were locally trained on two different subsets of
the input data. The local data was selected through a fuzzy c-means clustering algorithm on the whole
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set of input parameters. This choice leads to good regularity and generalization properties and a good
compromise between bias and variance errors, while keeps a low computational complexity.
Figure 6.5 shows the two local regions projected over the availability space. Clearly, the circled
green region (r1) exhibits some cross-traffic interaction while the dotted red region (r2) corresponds to
high availability and small interference conditions in the path, bringing a nice physical interpretation
of the fuzzy rules of Equation (6.3). The global model takes the following form

xˆ ( Li ) = fi (θ r1 ) µr1 (θ ) + fi (θ r2 ) µr2 (θ )

(6.4)

where fi(θ|rj) is the output of the locally expert network for Li-bit packets in the jth region, and µrj(θ) is
the membership function of the set of input parameters in the jth cluster. The neuro-fuzzy estimator,
shown in Figure 6.6, estimates the availability for four different packet lengths (100, 750, 1400 and
2000 bytes). Each neural network has eight neurons in the input layer, two neurons in the hidden layer,
and one neuron in the output layer, for a total of 21 parameters per network. The cluster centers add 16
more parameters, so the global model has 184 parameters. The extra computational complexity resides
in the computation of the statistics θ, which is in the order of the analysis window size, 160 samples
(320 packets). The total computational complexity is O(n), where n is the sum of the number of
parameters of the model and the window length. This translates to 512 floating point operations per
estimate.
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Figure 6.5 Grouping input data in clusters helps in classifying the output data
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Figure 6.6 Structure of the neuro-fuzzy estimator
Locally trained submodels increased significantly the learning capacity of the whole system, as can
be appreciated in Figure 6.7, which shows the final estimation results on the collected test data using
the following settings: small packet size L0 = 100 bytes, large packet size L1 = 1400 bytes, time
between pairs T = 0.25, analysis window size W = 320 packets. It can be noticed that, unless the
network is heavy loaded, the estimation is highly accurate. Indeed, the accuracy is within 15% for
more than 80% of the test samples (which were never seen during training) and, within 10% for more
than 90% of the samples with availability greater than 0.5.
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Figure 6.7 Availability estimation on the test trace (data not seen by the system during training)
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Having BW(L) and four samples of the availability x(L), ABW(L) can be interpolated as a function
of packet length by adjusting some appropriate functional form. In particular, two approaches are
considered: if the ratio of lost packets is low, a form similar to equation (5.2) should be selected:

ABW1 ( L) =

L
ηL + µ

(6.5)

but if there is a high ratio of lost packets, an exponential decrease and a linear increase with packet
length is assumed, inspired by Figure 4C.3:
ABW2 ( L) = λ L exp ( −ω L )
(6.6)
Both functions have two parameters, so it is possible to fit each function to minimize the mean square
error with the estimated ABW for the four packet lengths, as obtained from the neuro-fuzzy estimator.
Then, a linear combination of Equations (6.5) and (6.6) is chosen again with the same optimality
criterion.

6.4 Numerical Evaluation
Many validation experiments were conducted with several scenarios using different network sizes,
mobility conditions, data transmission rates, cross traffic intensities and configuration parameters. Two
of them are presented here. In the first one, the available bandwidth between nodes 1 and 2 in Figure
6.8 is to be found. The nodes are in a 1100 × 500 m area. All nodes transmit at 2 Mbps and use the
RTS/CTS mechanism. Node 1 moves along the dotted trajectory at a constant speed of 2 m/s. Figure
6.8 shows some positions requiring a path with one, two, three, and four hops. The link between nodes
3 and 4 carries a cross-traffic VBR flow that sends 2000-byte packets at an average rate of 750 Kbps.
The results of the probing packet dispersion analysis are shown in Figure 6.9, where they are
compared with the true available bandwidth, obtained by looking for the maximum achievable
throughput at different positions. Notice the high accuracy of the estimation and the detailed resolution
of the ABW trace. This resolution is achieved by advancing 320-packet analysis windows every 8
packets. Under no losses, this is equivalent to obtaining, every second, the average ABW on the past 40
seconds.
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Figure 6.8 Mobility scenario for testing the estimation method
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Figure 6.9 Bandwidth and Available Bandwidth in the scenario of Figure 6.8
In another experiment, node 26 moves at constant speed of 2 m/s in a spiral trajectory within a grid
of 25 nodes in a 1200m x 1200m area, as previously shown in Figure 5.12. A VBR flow is sent from
node 16 to node 20 through nodes 17, 18 and 19, at 200 kbps, using 1000-byte packets. A probing
traffic is sent from node 1 to node 26 in order to estimate the BW and ABW between them.
Figure 6.10 shows BW(L) and ABW(L) as functions of time and packet length. Notice that the system
is able to specify at every instant of time what was the average bandwidth and available bandwidth in
the last analysis window for any packet length.
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Figure 6.10 Evolution in time of BW(L) and ABW(L)
Figure 6.11 shows BW(L) –blue line– and ABW(L) –red line– for L=1400 bytes, as a function of
time. This figure correspond to slices of the graphs in figure 6.10 taken at the plane L=1400. As
expected, BW is an upper bound for ABW. Sometimes they are very close (when the path has few hops
and is far from the interfering traffic) or far apart (when the path goes near the interfering cross
traffic).
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Figure 6.11 BW and ABW for packets of 1400 bytes
Finally, Figure 6.12 shows other slices of figure 6.10, taken at the planes t=80, t=1000, t=1720 and
t=2000 seconds. This time, the true bandwidth is also plotted for packets of 100 and 1400 bytes
(obtained from the dispersion trace) and the true available bandwidth for packets of 100, 750, 1400
and 2000 bytes (obtained from averaging the maximum throughput achieved in 10 independent
replicas of the same simulation experiment). At t= 80 s, the nodes are one-hop away and the interfering
traffic is minimum, so the ABW is very close to the BW. However, at that distance between the nodes,
some long packets can experience transmission errors. At t=1000 s, the longest path (at least six hops)
is found and the cross traffic interferes the most, so both BW and ABW are very low. At t=1720 s,
there is a three hop path between nodes 1 and 26 (although they are close enough to build a two hope
path through node 2, the previous three hop path has not break yet) and the cross traffic is too far away
to interfere. So, they have a low bandwidth, but almost entirely available. Finally, at t=2000 s, the
estimator shows the BW of a three hop path. However, the last link is about to break and is becoming
to be interfered by the cross traffic, so the ABW is far below BW. In the four cases, the remarkable
accuracy of the neuro-fuzzy estimator is easily observed.
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7. CONCLUSIONS AND FURTHER WORK
Wireless ad hoc networks constitute a glimpse to a future of pervasive wireless mobile nodes that
will form temporary highly self-organized networks, without requiring any pre-existing infrastructure,
reconfiguring and adapting themselves to dynamically changing network conditions. These future
networks will need to make the best use of available resources, so that operating parameters should be
adaptively reconfigurable at any layer of the functional hierarchy.
The work presented in this thesis is an important contribution in this direction because, since this
reconfiguration must be based on locally sensing current network conditions, probing the network as it
was done in this thesis will be an important step for network control decision-making.
In this chapter the thesis is concluded by briefly reviewing the work done so far and proposing new
research directions from this point on.

7.1 Conclusions
After reviewing the current literature to determine the state of the art on bandwidth and available
bandwidth estimation in wired and wireless networks, the cross-traffic estimation problem was
considered, taking into account the high variability it exhibits in modern communication networks. It
was shown how the complex correlation structure of modern traffic can be exploited in order to devise
efficient estimation methods. The whole system was based on an important experimental result
obtained early in the research, according to which the correlation between dispersion measures of
packet pair probing traces and the cross traffic over the tight link of a path, increases with the
variability of the cross traffic, either through its coefficient of variation or its correlation structure. The
complexity of these statistical characteristics was easily learnt by a neuro-fuzzy system, because it was
provided with as much a priori information as possible from a simplified model. What the neuro-fuzzy
system learnt was the uncertainty not captured by the model. This approach is an important
contribution of this research, not only because it takes into account (and exploits efficiently) the high
variability of current network traffic, while most estimation tools assume that the mean of the traffic is
easily estimated from the sample average over small measurement windows, but also because it
pointed at the application of computational intelligence methods for solving this type of estimation
problems in communication networks.
Then, in order to extend the previous approach to the main objective of this dissertation, a concrete
theoretical framework was developed in which the concepts of capacity, bandwidth and available
bandwidth of both a link and an end-to-end path were defined for random access multi-hop wireless
networks. This theoretical framework yielded a functional form for the bandwidth of a path based on
two simple parameters, namely, the per bit cost and the per packet cost. The former is the time cost of
sending a data bit over the path (the inverse of what was called the path capacitiy) and the former is the
overhead time cost of sending a packet, independent of its length. Similarly, the available bandwidth
definition becomes the unused fraction of the total bandwidth above, for which an additional parameter
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was needed, namely the idleness factor. It is important to notice that these definitions are natural
extensions of the corresponding widely accepted definitions for wired networks, but taking into
account the many interactions that can occur in a wireless ad hoc environment. Indeed, these
interactions are considered through the generalization of the concept of a link as the unit of
communication resource in a wired network, to the concept of spatial channel, which was defined as a
set of links for which no more than one can be used simultaneously. It is this relation of “cannot be
used simultaneously” between two links what includes many interaction effects in defining the
bandwidth and the available bandwidth of a path, for which a contention graph was constructed in
which the active links are the vertices of the graph, and the edges are the non-simultaneous usage
relationship. A spatial channel becomes a maximal clique in this graph. Of course, many spatial
channels share many links among them.
Theoretically, the fraction of unused bandwidth was expressed as one minus the utilization of the
tight spatial channel, where the utilization is a carefully weighted sum of the fractions of capacity
occupied by each flow within the constituent links. Although this theoretical description must be used
in future optimal joint control of cross-layer network operations, for estimation purposes a more
pragmatic concept of available bandwidth as the maximum achievable throughput of the path under
the current conditions was also included. Of course, both definitions are equivalent if current traffic
flows do not react to new traffic flows. But, not being this the case, there could be some minor
differences between the two concepts (and, some times, major differences if there are hidden and
exposed terminals around).
Having defined these concepts for wireless ad hoc networks as natural extensions of the
corresponding widely accepted concepts for wired networks, the search of both better estimation
procedures and optimal joint control of cross-layer operations was put on more solid ground.
Finally, a simple method for estimating the bandwidth of a path as a function of packet length was
developed, for which the sum-of-one-way-delays and the inter-packet arrival gaps of probing packet
pairs were used to estimate the parameters of the function. The pairs within a range from the minimum
sum-of-one-way-delays were selected and the mean of the gaps between them was computed as the
required time to transmit a packet of the given length. Having two packet length samples, the two
parameters of the function were easily estimated in order to describe the path bandwidth for any packet
length. Then, this method was extended to estimate the available bandwidth of the path from the
variability of the gaps. Clearly, looking directly for the maximum achievable rate through selfcongestion methods is too expensive; so, the ratio between this quantity and the total bandwidth (or
“availability”), as measured from an extensive set of simulations, were related to the variability of the
dispersion between the probing packet pairs, obtained from replicas of the same simulation scenarios.
The corresponding set of correlated data was used for training a carefully designed neuro-fuzzy
system, which learnt how to infer the availability from the statistics of the dispersion trace with high
accuracy, as tested on very different simulated scenarios.
It was found that designing an available bandwidth estimator for wireless ad hoc networks resulted
a challenging undertaking due to the particular characteristics of this type of networks. Nevertheless,
the research hypothesis came out to be true: it was possible to infer both bandwidth and available
bandwidth from easily measured related observations. To prove it, the minimum, the mean and the
variance of the one-way-delay and the dispersion measures obtained from a carefully designed probing
traffic consisting of back-to-back packet pairs of two different lengths were used. From these
measurements, and considering the dynamics of the network, it was possible to deduce some basic
relationships between the measured quantities and the bandwidth of a path. Then, this information was
properly fed into a computational intelligence mechanism, which learnt those uncertain aspects of the
dynamics of the networks that could not be easily incorporated into the basic model, yielding accurate
estimates of both the bandwidth and the available bandwidth of the path.
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7.2 Further Work
The work to do can be divided in three conceptual scales. First, there are several enhancements to
add to the estimation methods in order to make a useful tool out of them. Second, there are many
useful potential applications where the estimator can be used. Third, the computational intelligence
approach points out to new engineering paradigms for wireless networks in particular and complex
communication networks in general, whose methods must be carefully researched. Here these research
paths are briefly reviewed.

7.2.1 Enhancements to the Estimation Tool
There are several possible enhancements to incorporate into the estimation tool, coming from the
fact that to send a packet pair and to measure the one way delay (owd), sum of one way delays (sowd)
and interarrvial gap (gap) is, fundamentally, to make a random experiment. For example, using the
minimum sowd in order to select the pair of packets with the most informative gap seems a natural
choice, but in a heavy loaded path there is a very low probability of getting such a pair, so it would be
necessary to send a large number of packet pairs. However, what is really needed is a packet pair with
the appropriate inter-arrival gap, i.e., gap must be equal to the time it takes a packet of the given length
to traverse the narrow spatial channel. There could be several packet pairs with such characteristic, in
which both packets of the pair suffered the same queueing or retransmission delays, not necessarily the
minimum ones. Of course, the minimum sowd criterion will discard these packets, even when they
could be much more frequent that those with minimal sowd. It would be interesting to devise more
efficient packet pair filters capable of selecting members of these greater set of packet pairs, in order to
obtain a faster convergence.
A related improvement deals with the concept of a back-to-back packet pair. In wired networks, this
is a clear concept: two packets are said to be back-to-back if the time between the last bit of the frame
that carries the first packet and the first bit of the frame that carries the second packet is just the inverse
of the link physical transmission rate, i.e., the transmission time of one bit. To obtain a back-to-back
packet pair, the application must simply ensure that the second packet arrives to the link layer buffer
before the first packet has been completely transmitted, and that no other packet comes between them.
However, in a multi-access wireless link, things can be very different. Indeed, as it was done in this
thesis, the application can put both packets in the transmission buffer simultaneously, but the schedule
can vary widely, since there could be an additional MAC controlled time between successive
transmissions. For example, in IEEE 802.11b, there must be at least a DIFS and a backoff between two
consecutive packets, time during which other packet from a neighbor node can seize the channel, in
which case there could be a long NAV delay between the two packets of a single pair. This seems to
be a bad situation for the back-to-back idea but, indeed, it could be a very good one in a multi-hop
path, if the interfering packet is just the forward transmission of the first packet at the second node in
the path. In effect, that case is closer to the ideal schedule represented in Figure 5.2. Indeed, under a
light load condition, it would be a good idea to schedule the time between transmissions of a given pair
so that to ensure that the first packet is retransmitted at the second hop before the second packet is sent
over the first hop. This is exactly the idea of adding some delay between packet pair transmissions (∆0
and ∆1 in Figure 5.4). It would be interesting to devise an adaptive mechanism to select appropriate
values of these delays in order to increase the probability of getting good packet pair samples.
A third path for enhancement has to do with the proper development and design of a tool based on
these methods. For example, it would be interesting to invoke the estimation mechanism under the
detection of a change condition, and to stop it after detecting the current estimate is stable. It would
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also be interesting to establish an appropriately distributed set of nodes that run these estimators with
intermediate computations among nodes in the paths, in order to offer a BW and ABW estimation
service for clients within the network.

7.2.2 Applications Based on these Estimators
As mentioned in the introduction, there are many important applications in which a bandwidth and
available bandwidth estimator can be exploited, especially in a wireless ad hoc network, where this
kind of feedback information can become fundamental in order for the nodes to adapt to the changing
conditions of the network. Of course, there are many important issues that require careful research in
order to apply an estimator like this, especially when we consider the multiple interactions that arise
when many nodes are estimating the available bandwidth and adapting their behavior according to
such estimation. It is easy to imagine such issues as scalability, fairness and stability, for example.
The first typical application that comes to mind is a novel transport protocol (or a modified
transport protocol based on these estimators). In such protocol, the information our estimator gathers
from the network can be used by the source of the path to adjust the transmission rate in order to
utilize the maximum capacity of the path without congesting the network. It is expected that such a
protocol will outperform current flavors of TCP, since they can misinterpret losses and delays.
However, it would be important to determine the stability and fairness of any transmission control
protocol based on this available bandwidth estimation, as well as the friendly coexistence with
different flavors of TCP.
Another important typical application of the estimators is the development of a Quality of Service
scheme. In this application, the estimation is just a small but important module within a complex
cross-layer architecture, where there are many additional problems to solve, including QoS routing,
QoS multiple access, QoS flow control, QoS queue management and QoS capacity allocation, each of
them a real challenge in such a dynamic environment. In applying the estimator on this kind of
application, it is important to notice that the estimator would offer a much more accurate estimation
than those estimators used in current QoS proposals for wireless ad hoc networks. Although this higher
accuracy suggests a much better QoS performance, it is important to notice that the estimators use an
end-to-end approach that must be adapted to the distributed requirements of a QoS application.
A third interesting typical application of the estimators is traffic engineering, where the estimated
information can be used to optimally disperse a flow of data over multiple paths in order to maximize
the throughput. There are many problems to solve in this new case, mainly with respect to the end-toend nature of the estimators, since this application would require the BW and ABW estimates among
many routes. The distributed BW and ABW estimation service proposed earlier would be a valuable
form of the estimators for this purpose.
There are additional specific applications associated with the particular mission of the wireless ad
hoc network under consideration, for which the estimator developed in this thesis could be usefully
exploited. Just as an example, there is an increasing interest in swarms of autonomous mobile robots,
for which the movements are closely associated with the intended purpose of the network. In most of
this type of applications, it is also important to maintain a rigorous connectivity among nodes, for
which the node movement can be adjusted according to minimum bandwidth and available bandwidth
requirements between specific sources and destinations. Other similar examples include the adaptive
selection of a set of multipoint relays in vehicular ad hoc networks for better content distribution and
information dissemination and fusion, or service replication, where the information required in order to
attend some type of service requirements can be replicated on a new server when the bandwidth
between them decreases below a given threshold, etc. All these additional applications arise many
interesting research topics to work in.
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7.2.3 New Engineering Paradigms
This dissertation research work pointed out at one of the most challenging difficulties to deal with
in communication networks, and used relatively new approaches to face it : the complexity that arises
when many components are put together to interact in such a way that the whole system exhibits an
emergent behavior, which is not completely understood from the individual components. This
phenomenon has been discovered several decades ago in many different scientific disciplines, but only
recently (less than two decades ago) it became widely evident in modern communication networks,
with such “complexity signatures” as fractal and multifractal traffic, free-scale physical and logical
network topologies, potential chaotic behavior of network protocols, etc. Due to this evidence, the
engineering paradigms of communications networks have been changing slowly but decisively. For
example, control theory of dynamical systems has been replacing queueing theory as the fundamental
mathematical model for protocol design. Similarly, the almost sacred principle of layered functional
architecture is being replaced by cross-layer design procedures.
These paradigmatic changes become an even clearer necessity considering wireless ad hoc
networks, where the contrast between the high data rate requirements and stringent delay constraints of
modern traffic, on one hand, and the limited resources in energy and bandwidth of wireless nodes, on
the other hand, places even higher challenges for communication networks engineering. We believe
that the only way out is the extensive and careful use of control information feedback, where local
measurements are used for control decisions to be taken in an adaptive and, probably, evolutionary
way. This adaptation and evolution requires on line learning, similarly to the off-line procedure
followed on chapters 3 and 6. Effectively, in this thesis the dispersion between packet pairs was
measured to infer the bandwidth and available bandwidth of a path, but if this information is to be used
for control purposes, as in the many different ways pointed out earlier, probably the learning procedure
must go on permanently, and the collective decisions among the nodes must be taken according to a
consensus achieved in a distributed way, based on the local measurements of the current environment
of the network, which changes unpredictably. Clearly, these new design environment and challenges
require extensive and detailed research efforts from the holistic perspective of the theory of complex
systems, for which it would be useful to identify a simple set of interactions from which the emergent
phenomena arises. This topic of further work will finish with a proposal for that set of interactions.
In the same way bandwidth related concepts of wired networks were extended in order to make
them applicable to wireless ad hoc networks, it is also possible to extend the feedback model used for
congestion control mechanisms analysis and design in wired networks, in order to make them
applicable to wireless ad hoc networks. This model considers the end-to-end flow distribution over the
wired links through a routing matrix, in such a way that the sum of the costs of each link in a path can
be added up together and sent to the source of the path for control decision purposes. This simple and
powerful concept can be easily extended to wireless ad hoc network by considering again the spatial
channel instead of the individual link, and if we consider the additional interactions due to the
unreliable and shared nature of the medium, the mobility of the nodes and the possibility of exerting
power control at the transmitting nodes. Figure 7.1 shows a summary of such interactions. The
mobility model determines the node positions at each instant of time so that, according to the rate sent
at each link, the interference model (which includes the contention graph and the spatial channel
concept) determines the signal to interference plus noise ratio at each node which, in turn, is used to
determine the bandwidth and transmission power occupied by each node. The transmission errors
induce a cost that each node suffers for transmitting at the given rate, in terms of delays due to
retransmissions and, eventually, packet losses. The per-link flows come from a route assignment
procedure that takes into account the end-to-end flows, the topology and the bandwidth and available
bandwidth of each link. This routing procedure determines the flow on each link, according to which
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the queue management and resource allocation procedures at each node in the paths produce additional
perceived costs due to congestion instead of transmission errors, also measured in terms of delays and
losses.
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Figure 7.1 Interactions in a wireless ad hoc network
Such a model of interactions among nodes in a wireless ad hoc network can extend many results
previously published on wired networks, according to which each link advertises a bandwidth price so
that the sources can adjust their transmission rate according to the sum of the prices of all the links in
the path, closing the loop when the links adjust their prices in response to the new source rates. This
formulation, adapted to the previous set of interactions in a wireless ad hoc network, could lead to a
cross-layer multi-objective optimization problem for multiple access control, routing and congestion
control, for which distributed solutions based on local learning and adaptation could be achieved. Of
course, for such formulation, it would be necessary to carry out extensive research activities in order to
develop a new theory or, at least, a new design philosophy of wireless ad hoc networks, considering
the complex emergent behaviors that can arise from this set of interactions, so that the principles of
perception, learning, adaptation and evolution can be appropriately integrated into engineering designs
for this kind of networks.
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