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ABSTRACT

Widespread use of resource constrained wireless ad hoc networks requires careful
management of the network resources in order to maximize the utilization. In cognitive
wireless networks, resources such as spectrum, energy, communication links/paths, time,
space, modulation scheme, have to be managed to maintain quality of service (QoS).
Therefore in the first paper, a distributed dynamic channel allocation scheme is proposed
for multi-channel wireless ad hoc networks with single-radio nodes. The proposed
learning scheme adapts the probabilities of selecting each channel as a function of the
error in the performance index at each step.

Due to frequent changes in topology and flow traffic over time, wireless ad hoc
networks require a dynamic routing protocol that adapts to the changes of the network
while allocating network resources. In the second paper, approximate dynamic
programming (ADP) techniques are utilized to find dynamic routes, while solving
discrete-time Hamilton-Jacobi-Bellman (HJB) equation forward-in-time for route cost.
The third paper extends the dynamic routing to multi-channel multi-interface networks
which are affected by channel uncertainties and fading channels. By the addition
of optimization techniques through load balancing over multiple paths and multiple
wireless channels, utilization of wireless channels throughout the network is enhanced.

Next in the fourth paper, a decentralized game theoretic approach for resource
allocation of the primary and secondary users in a cognitive radio networks is proposed.
The priorities of the networks are incorporated in the utility and potential functions which
are in turn used for resource allocation. The proposed game can be extended to a game

among multiple co-existing networks, each with different priority levels.
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. INTRODUCTION

The explosive growth of wireless networks and the limited spectrum resources
requires intelligent and adaptive ways for resource management in wireless networks.
Furthermore, measurements have shown that the spectrum is not efficiently utilized.
Spectrum utilization can be improved using spatial techniques, frequency, modulation
techniques, etc. As a consequence, newer concepts such as dynamic spectrum access, and
policy-based intelligent radios known as cognitive radios and software-defined radios
were introduced [1] to solve these current spectrum inefficiency problems.

NeXt Generation (xG) [2],[3] communication networks, also known as cognitive
radio networks, will provide high bandwidth to mobile users through dynamic spectrum
access technigques. Opportunistic access to licensed bands improves the spectrum
utilization while avoiding interference with the existing primary users. While the
conventional definition [4] of the spectrum opportunity is limited to only three
dimensions frequency, time and space, the recent advances in technology provide newer
dimensions to the spectrum space. The new spectrum hyperspace is defined to have
several dimensions as frequency, time, location, angle of arrival, code, and possible
others [6]-[8].

Two main characteristics of the cognitive radio can be defined [9],[10]:

» Cognitive capability: Cognitive capability refers to the ability of the radio
technology to capture or sense the information from its radio environment. Through this
capability, the portions of the spectrum that are unused at a specific time or location can
be identified. Consequently, the best spectrum and appropriate operating parameters can

be selected.



 Reconfigurability: The cognitive capability provides spectrum awareness while
reconfigurability enables the radio to be dynamically programmed according to the radio
environment.

Given the characteristics of the cognitive radios, the main functions for cognitive
radios can be summarized as follows [7]:

* Spectrum sensing: Detecting unused spectrum and sharing the spectrum without
harmful interference with other users. It can be performed via two different architectures:
single-radio [11] and dual-radio [12].

» Spectrum management: Capturing the best available spectrum to meet user
communication requirements.

* Spectrum mobility: Maintaining seamless communication requirements during
the transition to better spectrum.

* Spectrum sharing: Providing the fair spectrum scheduling method among
coexisting users.

Spectrum sensing and spectrum sharing can be done in centralized or distributed
manner. Another classification for the spectrum sharing is cooperative (or collaborative),
or non-cooperative (or non-collaborative, selfish) approaches. Cooperative solutions
consider the effect of the node’s communication on other nodes [13]-[15]. In other words,
the interference measurements of each node are shared among other nodes. Furthermore,
the spectrum allocation algorithms also consider this information. Centralized approach is
not scalable because in the case of large number of users, the bandwidth required for

communication between the cognitive nodes and the central node becomes huge. While



all the centralized solutions can be regarded as cooperative, there also exist distributed
cooperative solutions.

Contrary to the cooperative solutions, non-cooperative solutions consider only the
node at hand [16]-[18]. While non-cooperative solutions may result in reduced spectrum
utilization, the minimal communication requirements among other nodes could be
considered as a tradeoff.

The main two functions of cognitive radios, spectrum management and spectrum
sharing are resource allocation problems which collect the required information through
spectrum sensing. While resource allocation and management in cognitive radios cover a
wide dimension of variables (such as frequency, time, location, modulation, angle of
arrival, etc), multi-channel wireless ad hoc networks also face resource allocation
challenge — though in less dimensions. In this dissertation the study begins with resource
allocation problem for multi-channel wireless ad hoc networks and gradually move to the
broader form of the problem, which is resource allocation for cognitive networks.

In the first paper focuses on channel allocation for wireless ad hoc networks.
Although it does not explicitly consider the cognitive networks, the assumptions made for
the first paper make it applicable in cognitive networks. In other words, the assumptions
in Paper 1 imply that the nodes have cognitive capability (they are able to capture the
information from their radio environment) and configurability. Cognitive capability lies
within the capability of the nodes in measuring the performance index in different
channels. On the other hand, ability of the nodes to switch between the different channels
provides the configurability. Finally, the dynamic channel allocation scheme provides the

spectrum sharing among the network nodes.



In the second paper, the communication links are considered as network
resources, as well as time, location and node resources such as available energy. The
dynamic routing problem is treated as a resource allocation problem in which the
resource are communication links and node resources in various times and locations.
During the course of routing, these resources are optimally allocated to data flows such
that the data flows be directed to the destination while the routing (allocation) cost is
minimized.

In the third paper, the problem is extended to the multi-channel multi-interface ad
hoc networks, while the effect of channel uncertainties and fading channels are also taken
into account. By extending the work to multi-channel multi-interface networks, the
resource dimensions are increased. Furthermore, by considering the channel
uncertainties, the cognitive capability of the nodes becomes more significant. Now the
nodes not only have to detect the vacancies in the spectrum, they also have to estimate
the channels conditions and quality in the presence of uncertainties. The channel quality
information is then used in finding the routes and balancing the load among multiple
links/paths.

The fourth paper focuses resource allocation in co-existing cognitive networks
where each network has a different priority level for using the resources. In this paper a
distributed cooperative game-theoretic approach is proposed in which the priorities are
taken into account in the definition of utility functions and potential function. While the
primary and secondary network users utilize their ability to sense the spectrum and each
try to enhance their QoS, they should also limit the interference that they cause on the

other nodes and networks.



1.1. ORGANIZATION OF THE DISSERTATION

The focus of this dissertation is on the resource allocation for cognitive networks

(illustrated in Figure 1.1).

Resource allocation in
Cognitive Networks

/

[ Communication } Node resources

Modulation
(energy, radio

interface, etc)

Paper . Dynamic Channel

Allocation in
Networks  Using
Learning Automata

Wireless
Adaptive

y

Paper Il: Adaptive
Dynamic  Routing for
Hybrid Wireless Networks
Using Nonlinear Optimal
Framework

Multi-Channel

Hybrid Wireless Networks Using
Online Optimal Framework

Multi-Interface Resource Allocation for Primary
and Secondary Users with

Adjustable Priorities in Cognitive

Radio Networks

Paper lll: Dynamic Routing for LPaper IV: Distributed Cooperative

Figure 1.1. Dissertation outline.

First a method for dynamic channel allocation was proposed for wireless

networks using adaptive learning automata. While the cognitive radios are not limited to

spatial and temporal spectrum utilization, the spatial channel reuse approach in wireless



networks has been vastly investigated [19]-[24]. The bulk of the research on multiple
channel allocation is notably done for mesh networks [20],[24], WLANs with
infrastructure [21], cellular networks [3] and cognitive radio networks [22]. The multi-
channel allocation problem has been investigated for the networks in which the nodes are
equipped with either multiple-radio interface [24]-[27] or single-radio interface
[19],[21],[28]-[30].

In the networks with infrastructure and access points [21], the channel co-
ordination signals are exchanged through the wired distribution system connecting the
access points. This practically eliminates the need for periodically switching to a
common channel. In the case of multiple-radio interface approach, usually one interface
is dedicated to the control signals by tuning on the control channel - eliminating the need
for synchronization throughout the network. The remaining channels are allocated to the
unused radio interfaces on the nodes for simultaneous transmission of data thus
increasing temporal and spatial spectrum utilization.

In order to allocate channels for data transmission, the channel allocation problem
has been addressed by many ways. SSCH [19] presents a channel hopping scheme for
IEEE 802.11 ad-hoc wireless networks in which the nodes switch among a sequence of
channels based on the random seed that has been assigned to the nodes. Unfortunately,
the nodes continuously switch between the channels, even if there is no data to transmit.
On the other hand, M-MAC [31] is a multi-channel MAC that uses beacons during ATIM
windows to find the less occupied channels. Other schemes include graph coloring
methods [21] and game theory approaches — either cooperative [22], or non-cooperative

[3] which are good alternate approaches whereas they consume more time.



By contrast, Paper 1 proposes a distributed dynamic channel allocation scheme
for wireless networks whose nodes are equipped with single-radio interfaces for
simplicity. The adaptive pursuit learning algorithm runs periodically on the nodes, and
adaptively finds the optimum channel allocation that provides the desired performance
(or closest to the desired performance). The periodic nature of this algorithm makes it
dynamic and enables the channel allocation to adapt to the topographic changes, possible
loss of some channels, mobility of the nodes, and the traffic flow changes. The
convergence of the algorithm is guaranteed by selecting a realistic yet desired
performance metric. Extensive simulation results in static and mobile environments
provide that using the proposed scheme for channel allocation in the multiple channel
wireless networks significantly improves the throughput, dropped packet rate, energy
consumption per packet and fairness index. The main contribution of the work includes a
novel way of selecting channels online by using learning automata via a realistic
performance index where the convergence proof is also included.

Paper 2 focuses on adaptive dynamic routing for wireless ad hoc networks. The
traditional algorithms [32],[33] construct routing tables by exchanging topological data
and discovering shortest paths [34]. However, mobility in an ad hoc network makes the
nodes move in and out of range causing frequent updates on the routing tables as well as
route selection. Also congestion and sudden node failure can cause route failure and
reduced performance. As a consequence, the performance of the network degrades, or the
frequently broken links can cause extra routing overhead to re-establish the routes. This
excessive overhead due to unreliable links resulting from mobility can cause congestion

and increased energy consumption.



Distance Vector Routing (DVR) [32], is a decentralized algorithm which
associates a distance vector to each route. The vector magnitude represents the route cost
and the direction identifies the next hop to be taken in order to reach the destination.
Link State Routing (LSR) [33] creates a complete map of the network at each node.
Unlike DSR, LSR requires many more updates in order to converge to a stable routing
table. Destination Sequenced Distance Vector Routing or DSDV [34] routing is a
derivative of DVR, which maintains a route table containing the cost and next-hop to
each destination, and also a sequence number — to prevent routing loops. However, all the
mentioned protocols are proactive. Hence, broken links and link failures caused by
dynamic topology and channel uncertainties will demand route repair or new route
discovery process.

Among on-demand routing protocols, Dynamic Source Routing (DSR) [35],
Temporally Ordered Routing Algorithm (TORA) [36], Ad hoc On-demand Distance
Vector or AODV [37] (which is a combination of the DSDV and DSR) represent a few of
the schemes. When a route is required, the source node broadcasts a request message over
the network. Once the destination receives the request, it sends back a route reply, and the
path is cached in the reply message. If due to dynamic topology or channel uncertainties,
a broken link occurs in a chosen path, the source must retransmit the message through an
alternative route. Discovery of the new alternative routes demands extra routing
overhead.

In the second paper, an on-demand adaptive dynamic routing protocol is
proposed, which adapts the route based on link and channel conditions without flooding

the network with new route request messages. Adaptive dynamic programming (ADP)



techniques are utilized to find dynamic routes, while solving discrete-time Hamilton-
Jacobi-Bellman equation forward-in-time for route cost in an online manner. It uses a
neural network (NN) or any online approximator (OLA) to approximate the route cost to
the base station.

While our proposed method is based on dynamic programming, utilizing an OLA
differentiates it from traditional dynamic programming approach such as Bellman-Ford.
Moreover, it provides reactive and dynamic forward-in-time solutions — as opposed to
proactive and static backward-in-time solutions in traditional dynamic programming.
Furthermore, metrics such as available bandwidth, link delay, available energy and queue
occupancy at nodes are taken into account in determining the route cost. Finally,
mathematical analysis is included to show that the proposed approach renders a truly
optimal route.

Paper 3 extends the area of our study to multi-channel multi-interface networks in
the presence of fading channels and channel uncertainties. In the presence of fading
channels, the networks also undergo a variety of changes caused by signal attenuation,
interference, Doppler effect, shadowing effect, etc. These channel uncertainties can affect
QoS of the network if they are not addressed by the data transmission protocols.
Extensive studies on fading channels, interferences and fading models have been made
[38]-[43]. Statistical models for Rayleigh fading [38],[39], Rician fading [43], lognormal
shadowing [44] have been developed to capture and describe the environment. However,
in order to make the analysis possible, a common assumption in the studies is that certain
specifications such as mean signal power of both the desired signal and the interferer

signals are known — if not variable. Another assumption is that the number of interferer
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signals is known, or the speed at which the mobile nodes and their neighbors are moving
is known [45] — and constant. As much as these assumptions make the analysis of the
wireless channels possible, they cannot be used to develop dynamic and adaptive
protocols for the network with varying environment.

In Paper 3, the channel characteristics are considered non-stationary and
unknown. By utilizing MLE and Markov model for channel, and finding the time-varying
and non-stationary probability outage, the effective available bandwidth is defined. The
effective available bandwidth renders a more realistic measure of the channel condition.
The outage probability and effective available bandwidth are also used in load balancing
over multiple channels and also multiple routes — if one route fails to provide sufficient
bandwidth. The method in Paper 2 is extended for the routing protocol by taking into
account the link conditions as well as channel uncertainties. Furthermore, by the addition
of optimization techniques through load balancing over multiple paths and multiple
wireless channels, utilization of wireless channels throughout the network is enhanced.

Paper 4 focuses on resource allocation in co-existing networks exploiting
cognitive radios while their access to resources is defined by different priorities. The two
distinct characteristics of cognitive radios, cognitivity and configurability, enable the
cognitive radios to sense the dynamic environment and adapt their parameters to optimize
their performance. Game theoretic approach is one of the ways to perform resource
allocation, organize the networks and their users’ behavior within the network and also
with respect to the co-existing networks [46]-[52],[53],[54]. Existing game theoretic
approaches such as [52] and [53] have taken a non-cooperative approach to power, joint

power and rate control with Quality of Service (QoS) constraints, respectively.
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By contrast, a cooperative approach was taken in [47] to maximize the channel
capacity. In [51], a framework for cooperation among the primary and secondary users is
introduced. An interference avoidance protocol for peer-to-peer networks was presented
in [48] that assumed either the network is centralized, or the receivers are co-located.
Authors in [49],[51],[53] have provided the presence of a unique NE. However, the
convergence of the combined game with primary and secondary users is not shown since
finding a utility function that provides a unique NE for the combined game is rather
difficult. Others assumed a single game with homogeneous players [48], or only consider
a single PU node and a set of SU players [47],[49].

In the fourth paper, a decentralized game theoretic approach for resource
allocation of the primary and secondary users in a cognitive radio network is proposed by
relaxing these assumptions and defining priority levels. The priorities of the networks are
incorporated in the proposed utility and potential functions. It is demonstrated
analytically and through simulation studies that a unique NE exists for the combined
game with primary users and secondary users (SU). Since the interaction among the
networks and their priority levels are incorporated in the functions, the proposed game
can be extended to a game among multiple co-existing networks, each with different

priority levels.

1.2. CONTRIBUTIONS OF THE DISSERTATION

This dissertation provides contributions to the resource allocation problem in
wireless ad hoc networks. The main contribution of the first paper includes a novel way
of selecting channels online by using learning automata via a realistic performance index

where the convergence proof is also included.
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The contribution of the second paper is proposing an on-demand adaptive
dynamic routing protocol which adapts the route based on link and channel conditions
without flooding the network with new route request messages. While our proposed
method is based on Bellman-Ford dynamic programming, utilizing online approximator
differentiates it from dynamic programming. It provides reactive and dynamic forward-
in-time solutions — as opposed to proactive and static backward-in-time solutions in
dynamic programming.

The third paper extends the second paper to multiple-channel multiple-interface
wireless networks with channel uncertainties. Time-varying outage probability for the
channel links is introduced and determined by Markov models. Furthermore, channel
estimation was utilized in load balancing over multiple links/channels in addition to
determining the adaptive routes.

In the fourth paper a decentralized game theoretic approach for resource
allocation of the primary and secondary users in a cognitive radio network is proposed.
The contributions of this work include incorporation of priority levels of the networks in
the utility and potential functions which are in turn used for resource allocation. It also
provides analytical proofs of existence and uniqueness of NE for the PU and SUs by
using these functions with priority levels, and existence of the NE for the combined
game. The net result is a game theoretic approach applicable to multiple co-existing

networks.
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1. Dynamic Channel Allocation in Wireless Networks Using
Adaptive Learning Automata'?

Behdis Eslamnour®, S. Jagannathan® and Maciej J. Zawodniok®

Abstract— Single-channel based wireless networks have limited bandwidth and
throughput and the bandwidth utilization decreases with increased number of users. To
mitigate this problem, simultaneous transmission on multiple channels is considered as an
option. This paper proposes a distributed dynamic channel allocation scheme using
adaptive learning automata for wireless networks whose nodes are equipped with single-
radio interfaces. The proposed scheme, Adaptive Pursuit learning automata runs
periodically on the nodes, and adaptively finds the suitable channel allocation in order to
attain a desired performance. A novel performance index, which takes into account the
throughput and the energy consumption, is considered. The proposed learning scheme
adapts the probabilities of selecting each channel as a function of the error in the

performance index at each step. The extensive simulation results in static and mobile
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environments provide that the proposed channel allocation schemes in the multiple
channel wireless networks significantly improves the throughput, drop rate, energy
consumption per packet and fairness index — compared to the 802.11 single-channel, and
802.11 with randomly allocated multiple channels. Also, it was demonstrated that the
Adaptive Pursuit Reward-Only scheme guarantees updating the probability of the channel
selection for all the links — even the links whose current channel allocations do not
provide a satisfactory performance - thereby reducing the frequent channel switching of
the links that cannot achieve the desired performance.

Keywords — Channel Allocation, Energy Efficiency, Fairness Index, Learning

Automata, Multiple Channel MAC, Wireless Sensor Networks.

I. NOMENCLATURE

Symbol  Definition Symbol Definition
N number of channels JI(k) percentage of successful transmissions
C set of available channels, C={c,C,,...cn} at time k over at node i if channel j is
selected
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Il. INTRODUCTION

It is widely believed that the wireless networks are being limited by the lack of
the available spectrum, and at the same time the spectrum is not efficiently utilized.
Spectrum utilization can be improved using spatial techniques, frequency, modulation
techniques, etc. As a consequence, newer concepts such as software-defined radios and
cognitive radios were made possible [1]. While the cognitive radios are not limited to
spatial and temporal spectrum utilization, the spatial channel reuse approach in wireless
networks has been vastly investigated [2]-[7].

The bulk of the research on multiple channel allocation is notably done for mesh
networks [3],[7], WLANSs with infrastructure [4], cellular networks [3] and cognitive
radio networks [5]. The multi-channel allocation problem has been investigated for the
networks in which the nodes are equipped with either multiple-radio interface [7]-[10] or
single-radio interface [2],[4],[11]-[13]. In the single-radio approach, the radios switch
between the channels frequently in order to minimize interference and collision between
the simultaneous transmissions in the same communication range. Usually in this
approach, all the nodes periodically switch to a common channel for channel co-
ordination, and then switch to different data channels to conduct the simultaneous
transmissions. Therefore the switching delay (80-100 ps [2]) becomes one of the
overheads increasing the network end-to-end delay. Additionally, synchronization is
required in these schemes.

In the networks with infrastructure and access points [4], the channel co-
ordination signals are exchanged through the wired distribution system connecting the

access points. This practically eliminates the need for periodically switching to a
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common channel. In the case of multiple-radio interface approach, usually one interface
is dedicated to the control signals by tuning on the control channel. The remaining
channels are allocated to the unused radio interfaces on the nodes for simultaneous
transmission of data thus increasing temporal and spatial spectrum utilization. Dedicating
one radio interface on each node for the control signals eliminates the need for
synchronization throughout the network. Further, utilizing multiple radios reduces the
need for frequent channel switching, and hence the switching overhead is significantly
less than that in the single-radio approach. However, the cost of additional radios and
their energy consumption must be taken into account.

In order to allocate channels for data transmission, the channel allocation problem
has been addressed by many ways. SSCH [2] presents a channel hopping scheme for
IEEE 802.11 ad-hoc wireless networks in which the nodes switch among a sequence of
channels based on the random seed that has been assigned to the nodes. Unfortunately,
the nodes continuously switch between the channels, even if there is no data to transmit.
On the other hand, M-MAC [14] is a multi-channel MAC that uses beacons during ATIM
windows to find the less occupied channels. Other schemes include graph coloring
methods [4] and game theory approaches — either cooperative [5], or non-cooperative [3]
which are good alternate approaches whereas they consume more time.

By contrast, in this paper, our previously proposed distributed dynamic channel
allocation scheme [15] is extended for wireless networks whose nodes are equipped with
single-radio interfaces for simplicity. This scheme can be particularly suitable for
wireless sensor networks since due to the low cost and low energy consumption

requirements, the nodes in wireless sensor networks rarely have the luxury of having
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multiple radios. The adaptive pursuit learning algorithm runs periodically on the nodes,
and adaptively finds the optimum channel allocation that provides the desired
performance (or closest to the desired performance). Since this paper considers using
single-radio interfaces on the nodes, and the algorithm is periodic, synchronization is
required in this scheme. The periodic nature of this algorithm makes it dynamic and
enables the channel allocation to adapt to the topographic changes, possible loss of some
channels, mobility of the nodes, and the traffic flow changes. Unlike the linear and
nonlinear schemes in which the reward and penalty values were functions of the
probabilities of taking an action (in this case selecting a channel), this study examines an
adaptive updating scheme in which the reward and penalty values are functions of the
error between the desired and the estimated performance of the current channel
allocation. The convergence of the algorithm is guaranteed by selecting a realistic yet
desired performance metric. Extensive simulation results in static and mobile
environments provide that using the proposed scheme for channel allocation in the
multiple channel wireless networks significantly improves the throughput, dropped
packet rate, energy consumption per packet and fairness index — compared to the 802.11
single-channel, and 802.11 randomly allocated multiple channels. The main contribution
of the work includes a novel way of selecting channels online by using learning automata
via a realistic performance index where the convergence proof is also included.

In Section Ill, the methodology and algorithms are presented. Simulation results
and discussions are provided in Section IV. Section V concludes the paper. Proof of

convergence of the algorithm is presented in Appendix A.
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11l. METHODOLOGY AND ALGORITHM

A. Methodology

In the proposed algorithm, the nodes periodically switch between the control hop,
T, and data transmission hop, T4 (Figure 1). Each data transmission period, Tg, is
comprised of the individual time slots, Ts. As an initial assumption, the network is
assumed to be a peer-to-peer network in which all nodes are equipped with a single-radio
interface. It is also assumed that routes have been established by a proactive routing
protocol such as optimal link state routing (OLSR) [16] or optimal energy delay routing
(OEDR) [17]. During T, all nodes are on one common channel to communicate the
control signals. It is possible that one or more of the channels get highly affected by
external interference and the network would lose these channels temporarily or

permanently.

gl Tc | Td - Tc - Td |-
- Tu L | Tu »
Ts L PR
no two intersecting
\ | links scheduled on
D ip - the same Ts
Tmini Tmini Tmini oy
> > » learning automata run for
each link through}?e
> [T b b <
1 . T, T, T, - allocated Ts, parameters
- T, i updated each Tmini

Figure 1. The two periods of control and data, and time slots within the data transmission period.
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Any eligible external node that tries to join the network would send out join-
request signals periodically on all the channels and listen in the intervals. It would be able
to join the network during one of the T. periods, and obtain the sequence and other
necessary information about the network. The control signal also carries the schedule of
the time slots for the links in the subsequent data transmission period. During the time
scheduling, groups of non-intersecting links are scheduled for each Ts time slot. Also
broadcast communications and route discovery are performed during T, period.

After the T hop, the data transmission hop, Tq, begins. During each T time slot of
Tg, channels are allocated to the links previously assigned to the Ts. The channel
allocation algorithm is an iterative algorithm during which the channel allocation is
refined. Due to the iterative nature of the algorithm, each Ts is divided into smaller time
slots, Tmini, Separated by Ty — guard bands. The probabilities of selecting the channels and
parameters of the channel allocation algorithm are updated for each link at each Tni. By
periodically repeating the T. and T4 hops, the channel allocation becomes dynamic. In
addition, the network can adapt to the topographic changes, mobility of the nodes, and
the changes in the traffic flow.

We also decided to use the control channel as one of the available channels for
data transmission during the Tq4 period [18]. By utilizing this additional channel during Ty
instead of dedicating it to the control signals and using it only during T, the spectrum
utilization can be increased.

B. Algorithm
During each T, the learning algorithm is run on each transmitter node, i,

separately. We first use the Adaptive Pursuit Reward-Inaction (PRI) which is an extended
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version of Discretized PRI [19],[20]. Unlike the DPRI, in the Adaptive PRI scheme the
update value, (k) , of the channel selection probabilities is not a constant anymore. The
update value of the probability is now a function of the error, A(k), of the performance
metric. DPRI algorithm was chosen because of the faster convergence provided by it
[19]. The Adaptive PRI algorithm is presented in Section 1). However, it appears that
depending on the conditions that determine whether the environment response is
satisfactory or unsatisfactory, the channel allocation on some links might always result in
unsatisfactory response. This would result in ‘left-out’ links, whose channel selection
probabilities are not updated due to the ‘reward’ property of the algorithm.

In order to eliminate this issue, we proposed and examined the Adaptive Pursuit
Reward-Penalty (PRP) learning scheme. The ‘reward’ behavior of this scheme is the
same as the Adaptive PRI. On the other hand, in the case of unsatisfactory environment
response for a channel selection, the probability of selecting that channel (if that channel
is not the channel with the highest performance among the channels) is decreased, and
the probabilities of selecting the other channels are increased. The algorithm is presented
in Section B.2). Although this scheme eliminates the ‘left-out’ links problem, it has a
rather slower convergence because of increasing the probabilities of some of the non-
optimal channels in the ‘penalty’ scheme.

In the third effort, we proposed and examined using an Adaptive Pursuit Reward-
Only (PRO) learning algorithm. This algorithm still uses a desired value of the
performance for determining the magnitude of the update step in the probabilities, but it

no longer uses the concept of ‘satisfactory’ or ‘unsatisfactory’ environment response. In
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other words, the Adaptive PRO is the same as the Adaptive PRI, but the probabilities are
guaranteed to be updated in a ‘pursuit reward’ manner at each iteration.

The performance metric of the network used in this paper was defined as

i8] @

where H is the desired percentage of the successful transmissions and E refers to the
desired consumed energy per packet transmission. By this definition, the unit of the

performance metric ¢ becomes packets/joule. Therefore, by selecting a realistic desired
performance metric, the objective is to find the optimum channel allocation that provides
a higher performance in terms of throughput defined in terms of a target value. A large
value of ¢*indicates a large number of successful transmission of packets per joule.

Hence, this performance metric covers both the throughput and the energy efficiency of

the network.

1) The Adaptive Pursuit Reward-Inaction Algorithm
The steps of the Adaptive PRI, which runs on each individual link, are
summarized as:
1) Initially, the probability of selecting any of the channels, p/(0) , is set to%\I .
2) Select a channel using the probability p/ (k). Transmit packets during the transmission

interval.

3) Based on the measured feedback, update J/(n), L (k) and e/ (k).

4) If LI(k)>M (i.e. if node i has selected channel j more than M times so far), update

HJ(k), E/(k) and (k) and continue on step 5. Otherwise, go to step 7.
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Sy
0, if w < o (satisfactory response) )

%) B (k)=

1 otherwise (unsatisfactory response)

6) Detect the channel index, i, , that provides the best estimated performance, ¢ (k).

Update the probabilities if the environmental response was satisfactory, i.e. if pJ(k) =0,

p“(k+D=1—$2;£ﬂk+D (3)

pi (k+1) =max( p; (k) -0(k),m) vI=m,

7latol/ if —5<2K)/
where (k) = 4 4 , such that 0<0(k) <1and

A |A(k% otherwise

AK) =¢ ~4' (K),

WherenG, the minimum possible probability of selecting a channel is chosen such that it
guarantees all the channels be selected for a minimum certain number of times, K, during
a certain number of iterations, M,. This would keep the estimated values of channel
performance up-to-date.

7) Continue to the next iteration, step 2.

2) The Adaptive Pursuit Reward-Penalty Algorithm
The steps in the Pursuit Reward-Penalty learning algorithm are the same as the
steps in the Pursuit Reward-Inaction, except for Step 6 — the update law. In this step,

when the environmental response is not satisfactory, the probability of selecting the

® The minimum probability of selecting a channel is determined such that it satisfies the non-equality below.
Pr{channel i being selected at least K, times over M, iterations} >p .

N M, ) _ . .
This implies that ZC(M | _j)_nj_(l_n)M.—J >p where M, >K,.N (‘N is the number of available channels).

=Ky
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current channel is reduced, and the probability of the other channels are increased as

follows.
Detect the channel index, m., that provides the best estimated performance, ¢f\," (k).

If the environmental response was satisfactory, i.e. ) (k) =0,

P (k+1) =1- Y pi(k+1) @

q=1,g=;

pi (k+1) =max(p; (k) - 6(k),n) VI =m,

If the environmental response was unsatisfactory, i.e. p/(k) =1, and j =, , which is

N

p! (k+1) = max(1- p(k+1),7)
P 7 (5)

pl(k+2) = min(p! (k) + Y0 1-(N-D) Vi

3) The Adaptive Pursuit Reward-Only Algorithm
The steps in the Pursuit Reward-Penalty learning algorithm are the same as the
steps in the Pursuit Reward-Inaction, except for Step 6 — the update law. In this scheme,
the probabilities are updated such that selecting the channel with the highest performance
is “pursued.” This update is performed regardless of the “satisfactory” or “unsatisfactory”
condition of the performance. In other words, we want to increase the probability of
selecting the channel which provides the highest performance — even if this performance

is less that the desired performance. However, the magnitude of the update step is
determined by the relative error of the performance, |A(k% . The update law, Step 6, of

the algorithm is as follows.
6) Detect the channel index, ., that provides the best estimated performance, ¢3,"(k).

Update the probabilities regardless of the environmental response. The probability of
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selecting the channel that provides the highest performance is increased and the

probabilities of the other channels are reduced as following.

p(k +1)=1- ZN:Ap:‘ (k+1) (6)

pi (k +1) = max(p; (k) - O(k),;7) VI=m,

1VV. SIMULATION RESULTS AND DISCUSSIONS

This section presents the numerical results of running the learning algorithms in
two different cases — static and mobile. It also compares the performance of these
algorithms to the performance of the standard single-channel 802.11 and randomly
allocated multi-channel 802.11. The simulations were performed using network simulator
NS-2 where the simulator was modified to implement the three learning algorithms:
Adaptive PRI, Adaptive PRP, and Adaptive PRO. The networks considered include peer-
to-peer wireless networks with varying traffic, mobility, and node density. Traffic is
generated by constant bit rate (CBR) sources with data rates equal to 2 Mbps and packet
size equal to 1024 bytes. For each case, the simulation was repeated using 10 random
scenarios, and the average values of the 10 trials were used in the analysis.

The simulations considered networks with up to eleven orthogonal channels whose
bandwidths are set to 11 Mbps each. The objective of the multi-channel protocol is to
allocate the available channels to the links such that the performance converges to a
desired value as defined in Equation (1). The target value ¢" and the update parameters
were set for various scenarios such that the desired performance is achievable. The nodes
start without preferred channel and switch between channels until they find the one that

provides the desired performance. The estimated performance of selecting each channel,
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J, by each node, i, is averaged over 5 iterations (5 TminiS) of selecting channel j by node i.
This means that the width of the moving average window, M, was selected to be 5
iterations. The updating phase of the algorithm does not start at each node until each
channel has been selected M times by the node. Therefore, before starting the update
phase, at least MxN Tninis (N: number of channels) are required. A larger M would give a
better estimate, but at the same time it would increase the required time prior to the
updating phase of the algorithm.
A. Static Scenario — starting flows at different times

This simulation scenario considers single time-slot duration, Ts, where all nodes
are contending for the channels. The network consisted of 50 peer-to-peer single-radio
wireless nodes located in an area of 100mx100m, while the communication range of the
nodes is limited to 250m. As a result, a dense network topology is created where a single
channel may not provide a sufficient quality of service (QoS). The three adaptive learning
algorithms were run on the networks with up to eleven orthogonal channels. Three flows
start at time t = 2 sec, then seven more flows start at time t = 3 sec, and finally an
additional fifteen flows start at time t = 4 sec. The standard 802.11 protocol was also
executed on the networks to contrast its performance with that of the proposed scheme.
This was accomplished by a) using a single channel, and b) using 10 channels that were
randomly allocated to the links. For each case, the simulation was repeated using 10
random scenarios, and the average of the 10 repeated trials were used in the analysis of
the results. The achieved throughput is presented in Table | after using the different

methods mentioned above.
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Table 1. Throughput, drop rate, energy consumption, and fairness index of the network with
different channel allocation schemes.

Throughput Energy consumption Fairness index
(Mbps Drop rate(Mbps) (joules/packet)
3 10 25 3 10 25 3 10 25

flows|flows |flows |flows|flows | flows 3 flows |10 flows|25 flows flows | flows | flows
B02.11  single 4,20 3.89 | 3.00|0.77 |{15.98(47.00{0.00215{0.00807|0.01969 |0.8028|0.4443|0.2157
data channel
Adaptive PRI — 6.15(8.25|7.83| 0 |[11.75|42.94{0.00140/0.00331|0.00774|0.9620/0.7344|0.4082
2 data channels
Adaptive PRI — 6.12 (12.44112.19] 0 |5.82|38.80{0.00125|0.00235|0.005210.9716|0.8337(0.5129
3 data channels
Adaptive PRI — 6.10 (19.35|24.80| 0 |0.26|26.13{0.00114|0.00153|0.00284 (0.9789/0.9090(0.7244
6 data channels
Adaptive PRI — 6.10 (20.34|32.70| O 0 |17.76/0.00111|0.00135|0.00226(0.9811]0.9431(0.7689
8 data channels
Adaptive PRI — 6.15(20.57|39.58| 0 0 |10.16/0.00109|0.00130{0.00192 |0.9824(0.9531(0.8022
10 data channels
802.11 —
10 data channels, | ¢ ., |14 85132 53| 0 | 0.65 [18.40(0.001050.00142 |0.00219 [0.9811/0.9475(0.7921
random channel
allocation

It is noticed that as the number of channels used in the adaptive PRI learning
schemes increases, the throughput significantly improves when compared to the single-
channel 802.11 scenario. The increased throughput is provided by the capacity of the
additional channels. Naturally when there are only three flows in the network, one does
not expect the throughput to improve by increasing the number of channels to higher than
three. For the case of 25 flows, the adaptive PRI with 10 data channels provides an
improvement of 13 times in throughput compared to the single-channel 802.11 scenario.
When there are 25 flows in the network and only one channel is provided, the network is
so congested that it provides a throughput of only three times for the 25 flows. However,
when the adaptive PRI is used on 10 channels, it provides a higher capacity though not
the capacity required to eliminate the congestion. The capacity provided by the 10

channels is almost 10 times the capacity of each channel. The capacity of each channel
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for data packets in 802.11 is almost half of the channel bandwidth. We chose a standard
channel bandwidth of 11Mbps in the simulations. Therefore the total throughput of 39.58
Mbps is reasonable compared to the total capacity of almost 50 Mbps, since there is a
noticeable congestion in the network. Also for the same case of 25 flows, Adaptive PRI
with 10 data channels provides an improvement of 1.22 times in throughput over random
allocation of 10 channels. Using the Adaptive PRI algorithm for the networks of 6 nodes
and 20 nodes, the maximum possible throughput (6 Mbps and 20 Mbps, respectively) can
be achieved by utilizing 3 and 10 channels respectively, which will allocate a different
channel to each link. However, for the network of 50 nodes saturation and high drop rate
are inevitable, although the throughput is improved significantly by increasing the
number of channels. As the number of nodes in the network increase, the number of
contending nodes during the time slot, Ts, and mini slot, Tnini, increases. This can result
in a case that some nodes do not get any chance to transmit during Tnmini. Hence with a
performance much smaller than the desired performance (i.e., unsatisfactory environment
response), due to the “reward” characteristic of the learning algorithm, probabilities of
channel selection would not be updated for them. This issue will be discussed in Section
C.

Table I also presents the drop rate in the network using the different methods of
channel allocations, and different number of channels. The results show that for the
networks of 3 and 10 flows, the drop rate is significantly reduced by utilizing the
Adaptive PRI learning scheme and more number of channels. The drop rate for the
network of 25 flows is also reduced, but not as much as it was for the networks with

smaller densities. This is due to the fact that the network is so dense and the number of
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contending nodes is so high that the saturation is inevitable. It can be noticed by using the
Adaptive PRI channel allocation and 10 data channels, in the worst case scenario
(greatest number of flows), the drop rate is reduced by 78.38% compared to when using a
single-channel 802.11. For the same case of 25 flows, PRI with 10 data channels provides
a 44.78% reduction on drop rate over random allocation of 10 channels.

Table I also presents the energy consumption per packet in the network using the
different methods of channel allocations, and different number of channels. The results
show that using the PRI learning scheme and increasing the number of data channels
significantly improves the energy consumption per packet. It can be noticed that by using
PRI channel allocation and 10 data channels, in the worst case scenario (greatest number
of flows), the energy consumption is reduced by 90.25% compared to when using a
single-channel 802.11. Also using PRI with data channels reduces the energy
consumption by 12.33%. For the same case of 25 flows, PRI with 10 data channels
provides a 12.33% reduction in energy consumption per packet over random allocation of
10 channels.

Another performance metric that was used for evaluating the channel allocation
schemes was fairness index [21]. Table I also presents the fairness index provided by
using the different methods of channel allocations, and different number of channels. The
results show that using the Adaptive PRI learning scheme and increasing the number of
data channels improves the fairness index — especially when there are greater number of
flows. It can be noticed that by using the Adaptive PRI channel allocation and 10 data
channels, in the worst case scenario (greatest number of flows), the fairness index is

increased by 3.7 times compared to when using a single-channel 802.11. Also using the
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Adaptive PRI with 10 data channels increases the fairness index by 1.28%. For the same
case of 25 flows, the Adaptive PRI with 10 data channels provides a 1.28% improvement
in fairness over random allocation of 10 channels.

The other two channel allocation learning schemes, i.e. Adaptive PRP and
Adaptive PRO, were also applied to the same networks and scenarios, with 10 data
channels. Table 11 shows the throughput over the network when using the Adaptive PRI,
PRP and PRO schemes and 10 data channels. It is noticed that for the greater number of
flows, the Adaptive PRP schemes provides a slightly higher throughput compared to the
other two learning schemes. Table Il also shows the drop rate over the network when
using the Adaptive PRI, PRP and PRO schemes and 10 data channels. It is noticed that
for the greater number of flows, the PRI scheme provides a slightly higher (worse) drop

rate compared to the other two learning schemes.

Table 1. Throughput, drop rate, energy consumption, and fairness index when using the three
learning schemes of channel allocation and 10 data channels.

Throughput Drop rate Energy consumption Fairness index
(Mbps) (Mbps) (joules/packet)
3 10 25 3 10 25 3 10 25 3 10f | 25

flows | flows | flows | flows | flows | flows | flows flows flows | flows | lows |flows
Adaptive
E(?:j;ta 6.15 [20.57|39.58| O 0 |10.16|0.001085|0.001301 | 0.001924 | 0.9824 | 0.9531 |0.8022
channels
Adaptive
Egz;ta 6.15 {20.61|39.95| O 0 | 9.93 |0.001085|0.001312 | 0.001917 | 0.9824 | 0.9507 |0.8080
channels
Adaptive
E(I)Q(d)at_a 6.15 [20.59(39.82| O 0 | 9.91 {0.001085|0.001301 | 0.001915 | 0.9824 | 0.9527 |0.8027
channels
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Table Il shows the energy consumption per packet in the network when using the
Adaptive PRI, PRP and PRO schemes and 10 data channels. The three methods do not
show any significant difference in the sense of energy consumption. The fairness index of
the network, when using the Adaptive PRI, PRP and PRO schemes and 10 data channels,
is shown in Table Il. It is noticed that for the greater number of flows, the Adaptive PRP
scheme provides a slightly higher fairness compared to the other two learning schemes.

We also examined a case in which all the 25 flows started at t = 2 sec, then they
were reduced to 10 flows at t = 3 sec, and finally reduced to 3 flows at t = 4 sec. Similarly
the simulations were performed for 10 random scenarios for a network of 10 data
channels, using the Adaptive PRI learning automata scheme. By comparing Table 11l to
Table I, it can be concluded that by starting a greater number of flows at the same time, a
smaller throughput can be achieved. That is, when 25 flows start at the same time, the
achieved throughput is limited to 36.76 Mbps (Table I11), while by adding 15 flows to the
previously existing 19 flows (Table 1) a throughput of 39.58 Mbps can be achieved. The
reason for the smaller achieved throughput is the high collision in the case of the

simultaneously starting greater number of flows.

Table I11. Performance metrics of a network with flows. The channel allocation performed using
the Adaptive PRI and 10 data channels.

PRI, 10 data channels

25 flows 10 flows 3 flows
Throughput 36.76 25.03 6.14
(Mbps) ' ' '
Drop rate
(Mbps) 4.90 0.09 0
Energy
consumption 0.002042 0.001249 0.000991
(joules/packet)
Fairness index 0.7501 0.9021 0.9832




36

B. Mobile Scenario

In Section A (static scenario) the network topology was assumed to be static
during Ts. In this section a case is examined in which the network topology undergoes
changes during the Ts period. A larger network (1000mx1000m) and greater number of
flows (50 flows, i.e. 100 peer-to-peer nodes) are considered. Then the behavior of the
single-channel 802.11, randomly allocated 10 channels using 802.11, and the Adaptive
PRI learning scheme in the case of mobility of the nodes were examined. For four
different values of maximum speed (5, 10, 15, and 20 m/s) and also static case (0 m/s), 10
random scenarios were generated and the average of these repeated simulations were
used for comparison. Table IV presents the results for using the Adaptive PRI and 10
channels. The speed change does not show a significant effect on the performance.
However, in general, these larger network scenarios with a higher traffic flow show a
lower performance compared to the static case (Section A).

By using the Adaptive PRI learning scheme, the throughput, drop rate, energy
consumption and fairness index show a significant improvement compared to the case
that 802.11 is used with randomly allocated 10 data channels (Table IV). The throughput
is improved by 19.6%, the drop rate is reduced by 47.6%, the energy consumption per
packet is reduced by 10.6% and the fairness index is improved by 11.4%. Also compared
to the single-channel 802.11, both Adaptive PRI and 802.11 over randomly allocated 10-

data channel are performing significantly better.
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Table IV. Performance of the Adaptive PRI with 10 data channels, single-channel 802.11, and
randomly allocated 10 data channels using 802.11 on a network of 50 flows, while nodes moving
in different speeds.

802.11 -
802.11 - 10 data
Adaptive PRI, 10 data channels single channels,
channel randomly
allocated
Static
(0 mis) 5mls 10 m/s 15 m/s 20 m/s 10 m/s 10 m/s
Through
put 84.31 83.68 82.96 81.84 79.44 15.51 69.97
(Mbps)
Drop
rate
13.35 14.10 14.62 15.71 17.78 80.43 26.92
(Mbps)
Energy
consum
?jtcl)?J?es , | 0001734 | 0001735 | 0001741 | 0001760 | 0.001811 | 0.008398 | 0.001940
packet)
Fairness
index 0.7066 0.6975 0.6900 0.6868 0.6636 0.2169 0.6263

C. Comparison of the Three Schemes of the Learning Automata Regarding the
Probability Update

Earlier we mentioned the problem of ‘left-out’ links in the PRI algorithm. This
problem occurs when none of the channels provide a satisfactory performance, and hence
the probabilities of channel selections are not updated at all. This case is examined below,
where the Adaptive PRI is used for channel allocation in a peer-to-peer network of 50
nodes (25 links) using 10 channels.

It was observed that the channel allocations of 21 links out of 25 links converged.
The channel allocations for the links 7, 9, 22, and 23 always provided a performance
much smaller than the desired performance (i.e., unsatisfactory environment response).

Due to the “reward-inaction” characteristic of the learning algorithm, probabilities of
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channel selection for these links would not be updated. These links are ‘left-out’ of the
update process. The probabilities of channel selections for one of the converged links
(link 15), and one of the non-converged links (link 7) are shown in Figure 2 and Figure 3,
respectively. Figure 2 shows how the probabilities of selecting the channels converge for
link 15 while Figure 3 shows that these probabilities are not updated at all. All the
channels keep their initial equal probability, 0.1, all the time. At each iteration, one of the

channels is selected randomly.
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Figure 2. The probability of selecting the channels for link_15, using the Adaptive Pursuit
Reward-Inaction algorithm.

By using the Pursuit Reward-Penalty algorithm, the ‘left-out’ links problem is
eliminated and the probability of selecting the channels is updated even if the channel
allocation is not providing a satisfactory performance. Although the probabilities of

channel selections are updated, the channel allocations for 6 links (links 5, 7, 12, 21, 22,
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and 23) do not converge yet by the end of the simulation. The channel allocations for the
mentioned links provide a performance much smaller than the desired performance (i.e.,
unsatisfactory environment response). Hence the probabilities of channel selection for

these links are updated through the “penalty” process of the algorithm.

0.12

0.1

—e—channel_1
0.08 —=—channel_2
channel_3
channel_4
——channel_5
—e—channel_6
——channel_7
——channel_8
0.04 channel_9
—+—channel_10

probability of selecting the channel
o
o
[}

0.02

0

1 24 47 70 93 116 139 162 185 208 231 254 277 300 323 346 369 392
iteration

Figure 3. The probability of selecting the channels for link_7, using the Pursuit Reward-Inaction
algorithm.

The probabilities of channel selections for one of the converged links (link 15),
and one of the yet non-converged links (link 7) are shown in Figure 4 and Figure 5,
respectively. Figure 4 shows how the probabilities of selecting the channels converges for
link 15, and Figure 5 shows that these probabilities for link 7 are converging, though

slowly (parameter adjustment might be needed or increasing the speed here).
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Figure 4. The probability of selecting the channels for link_15, using the Pursuit Reward-Penalty
algorithm.
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Figure 5. The probability of selecting the channels for link_7, using the Pursuit Reward-Penalty
algorithm.

Figure 6 shows the changes in the channel allocations as the Pursuit Reward-Only
algorithm runs on the network. It shows that the channel allocations of all the links

converge. The probabilities of channel selection for all the links are updated with the
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“pursuit” characteristic regardless of the environment response (channel performance).
The updates are performed such that the probability of selecting the channel with the best
performance is increased, and the probabilities of selecting the other channels are
decreased. The magnitude of the relative error determines the magnitude of the update
step.

Comparison of the results of the three algorithms shows that the Pursuit Reward-
Penalty provides update and convergence for the cases that the channel performance is
significantly smaller than the desired performance. The Pursuit Reward-Inaction did not
guarantee the update for the less than desirable performance. This would result in “left-
out” links; the links with no converged channel allocation. On the other hand, the Pursuit
Reward-Only algorithm always increases the probability of the channel with the highest
performance, whether the performance of the selected channel is satisfactory or not. This

algorithm provides the fastest convergence among the three algorithms.
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Figure 6. Channel allocation for 25 links in a network of 50 peer-to-peer nodes, using Pursuit
Reward-Only learning automata. Channel allocations for all the links have converged.
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V. CONCLUSIONS

In this paper we propose a distributed dynamic channel allocation algorithm for
wireless networks whose nodes are equipped with single radio interface. The single-radio
assumption was made for the sake of simplicity of the network, making it suitable to
apply to wireless ad-hoc sensor networks. The periodic nature of the algorithm makes it
dynamic and enables the channel allocation to adapt to the topographic changes, possible
loss of some channels, mobility of the nodes, and the traffic flow changes. The Adaptive
Pursuit learning algorithm runs periodically on nodes, and adaptively finds the optimum
channel allocation that provides the desired performance. By selecting realistic desired
performance metric, the convergence of the algorithm can be guaranteed. The analytical
proof of convergence is presented in this appendix, and also the simulation results for
networks of different densities and data channels were provided and showed a significant
improvement in throughput, drop rate, energy consumption per packet, fairness index
when compared to the single-channel 802.11 and 802.11 with randomly allocated
multiple channels.

Also in order to avoid the ‘left-out’ links in the learning process in the first
algorithm (Adaptive PRI), we proposed using the other two algorithms, Pursuit Reward-
Penalty and Pursuit Reward-Only algorithms. The results of these two algorithms were
compared to the results of the Pursuit Reward-Inaction, and showed that the Pursuit
Reward-Penalty eliminates the ‘left-out’ links problem, and provides convergence using
the same parameters as used in the Pursuit Reward-Inaction. The Pursuit-Only algorithm
also eliminates the ‘left-out’ links problem. Also with the same parameters, it provides a

faster convergence compared to the Pursuit Reward-Penalty algorithm.
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APPENDIX A. PROOF OF CONVERGENCE

In Section B, the channel allocation algorithms were presented. In this section, the
proofs of convergence of the algorithms are presented. The proofs follow the general
method used in [19].

Proof of Convergence of the Adaptive Pursuit Reward-Inaction Algorithm

Theorem 1 establishes that for each node that is running the algorithm, if after a
certain time, the channel allocation results in a greater performance for one channel
compared to the other channels, the probability of selecting that channel tends to 1.
Theorem 2 establishes that for each node and each channel, there exists a time that the
channel has been selected by the node for at least M times. This guarantees having the
average throughput, delay and consumed energy values, which are required for the

performance evaluation.
Theorem 1. Suppose there exists an index M and a time instant Ko < such that

A" (K)>4'(K) for all j such that 1 *Mand all ¥=Ko. Then there exists Yo and ™o such

that for all resolution parameters (¥ <Yor * <o) Pi" (k) >1

with probability 1 ask — .
Proof: From the definition for Discrete Pursuit Reward-Inaction, it can be

concluded that if msatisfies m =arg max, 4'(k), Where ¢"(k)=max,4'(k), then

#™ (k) >l (k) forall j=m andall k >k,.
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N

1= > (P K)-60(0))

J=L j=m;

Therefore, for all k >k, ™ (k +1) = it B (K)=0 (wp. &™(K)) (A7)

P (K)
if #(k)=1 (wp. 1- ™ (K))

If p™(k)=1, then the “pursuit” property of the algorithm trivially proves the
result.
Assuming that the algorithm has not yet converged to the m th channel, there

exists at least one nonzero component of P,(k), p?(k), with gq=m,. Therefore one can

write p?(k +1) = p? (k) - O(k) < p(K) (A8)

Since P, (k) is a probability vector, ipij(k):l, and p™(k)=1- ipii(k).

[ i<t j=m,

Therefore,

N

1= >0 (P ()-0(k) > pl* (k) (A.9)

j-LTem,

As long as there is at least one nonzero component, pf(k) (where q=m,), it is
clear that one can decrement pf(k) and increment pM™(k) by at least o(k). Hence,
p™(k +1) = p™ (k) +c(k)-0(k), where c(k)-6(k) is an integral multiple of 6(k), and

0<c(k)<N, and

v-[AK)) £ 5 AK)/
o(k) = 4 ’ o< A (A.10)

k'A(k% otherwise

Therefore one can express the expected value of p™(k +1) conditioned on the

current state of the channel, Q(k), (Q(k) ={P;(k),¢ (k)}) as follows
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E[p" (k +1)[Q(K), pi" (k) =1 =™ (k) - [p" (k) + c(k) - O] + (1= &7 (K)) - pi™ (K) (A.11)
=pi" (k) + ¢ (k) - c(k) - O(k)

Since all the previous terms have an upperbound of unity,

E[p™ (k +1) | Q(k), p™ (k) = 1] is also bounded,

sup ELpY (k +1)|Q(K), I () #1] < 0. (A12)

Thus one can write E[p™ (k +1) - p™ (k) | Q(k)] = &™ (k) -c(k) - 8(k) >0, for all k > k,
implying that p™(k) is submartingale. By submartingale convergence theorem, the
sequence {p" (k)}., converges.

Therefore ELPI" (kK+D—p" (K)|QK)] >0  wpl, a k-

This implies that ¢™ (k) -c(k)-0(k) -0 w.p.1. This in turn implies that c(k) >0 w.p.1

(6(k) >0 w.p.1), which means there is no nonzero element in P, (k)except for

p™ (k) (or A(k) > 0). Consequently, i pl(k) >0 w.p.l and

J=L =y

pr(K)=1- Y pl(k)>1 wp. .

j=Ljem

Theorem 2. For each node i and channel j, assume p/(0) = 0. Then for any given
constant §, >0 and M <o, there exists y, <o, A, <o and k, <o such that under the
Discrete Pursuit Reward-Inaction algorithm, for all learning parameters y <y, and 1 <2,
and all time k > k,:

Pr{each channel chosen by node i more than M times at time K} >1-3,.

Proof: Define the random variable Y,’(k) as the number of times that channel j

was chosen by node i up to time k. Then it must be proved that Pr{y,’(k)>M}>1-35,.
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This is equivalent to proving
Pr{Y, (k) <M}<3,. (A.13)
The events Y,/(k)=q and Y,)(k) =s are mutually exclusive for q=s, so (A.13)

can be rewritten as

> PriY, (k) = <5, (A14)

q
For any iteration of the algorithm, Pr{choosing channel j} <1. Also the magnitude

by which any channel selection probability can decrease in any iteration is bounded by

;/-|A(k)|¢* (or /1'|A(k)|¢*), where A(k) <A for all k. During any of the first k iterations of
the algorithm:
Pr{channel j is not chosen by node i} < (1— p.(0)+ k7|%j (A.15)

Using these upper bounds, the probability that channel j is chosen at most M times

among k choices, has the following upper bound
PP (0 < MY< O D@ (- PO +k- -y (A.16)
1=1
In order to make a sum of M terms less than §,, it is sufficient to make each term

less than 8%/' . Consider an arbitrary term, | =m. It must be shown that

Sk m@" (- plO)+ -y < g
or  M-C(k,m)O)" (- p; (0)+k-;/-|%)k‘m <5, (A.17)

k—m
Knowing that C(k,m) <k™, it must be proven that M .k™ [1— p/) (O)+k-y-|%j <6,
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Now in order to get the L.H.S of this term to be less than §, as k increases,

(1_ pij(0)+k-7/.|A|¢*J must be strictly less than unity. In order to guarantee this, we

bound the value of y with respect to k must be bounded such that

(1—Pij(0)+k'7'|%j<1' It can be achieved by requiring that < b |(0|)¢

Let

_ pl(O) A.18
“acp (A18)

With  this value of y, Equation (A.16) is simplified to
Pr{Y,)(k) < M}<M -k™-y*™, where \V:l_%pij(O), and O<wy<l1. Now

lim M -k™ y*™ must be evaluated.

k—0

0
im M-k -y ™ =M -lim , with 5 _PO $

ko ko0 (%J 2k- |A|

By applying I’Hopital’s rule:

m

T T o

_ _PO)
=0 with » o |A| v

Therefore Equation (A.16) has a limit of zero as k -« and y— 0, whenever
Equation (A.18) is satisfied.
Since the limit exists, for every channel j there is a k(j) such that for all k > k(j),

Equation (A.16) holds.
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Now set y(j):%.(ﬁ It remains to be shown that Equation (A.16) is

satisfied for all y<y(j), and for all k >k(j). This is trivial because as y decreases, the
L.H.S of Equation (A.16) is monotonically decreasing, and so the inequality (A.16) is

preserved.

Also for any k >k(j), since Y,)(k(j))>M =Y,' (k) > M, by the laws of probability:
Pr{Y. (k) > M}>Pr{Y,! (k(j)) = M}. (A.20)
Thus in this case also, the inequality (A.16) still holds. Hence for any channel j,

Pr{Y,)(k) < M}< 35, whenever k>k(j) and y<v(j). Since this argument can be repeated
for all the channels, k, and vy, can be defined as k,=max,,, {k(j)} and
7o =max,_ ;. {r(j)}. Thus forall j, itis true that for all k >k, and y <y,

(X <X,), the quantity Pr{y,’ (k) <M}<§, and theorem is proved. |

REFERENCES

[1] J. Mitola Ill., Cognitive Radio An Integrated Agent Architecture for Software
Defined Radio. PhD thesis, KTH Royal Institute of Technology, Stockholm,
Sweden, 2000.

[2] P. Bahl, R. Chandra, and J. Dunagan, SSCH: slotted seeded channel hopping for
capacity improvement in IEEE 802.11 ad-hoc wireless networks, In Proceedings of
the 10th Annual international Conference on Mobile Computing and Networking
(Philadelphia, PA, USA, September 26 - October 01, 2004). MobiCom '04. ACM,
New York, NY, pp:216-230.

[3] M. Alicherry, R. Bhatia, and L. Li, Joint channel assignment and routing for
throughput optimization in multi-radio wireless mesh networks, In Proceedings of
the 11th Annual international Conference on Mobile Computing and Networking
(Cologne, Germany, August 28 - September 02, 2005). MobiCom '05. ACM, New
York, NY, pp.58-72.



49

[4] A. Mishra, S. Banerjee, and W. Arbaugh, Weighted coloring based channel

[5]

[6]

assignment for WLANSs, SIGMOBILE Mob. Comput. Commun. Rev. 9, 3 (Jul.
2005), pp: 19-31.

N. Nie and C. Comaniciu, Adaptive channel allocation spectrum etiquette for
cognitive radio networks, New Frontiers in Dynamic Spectrum Access Networks,
2005. DySPAN 2005. 2005 First IEEE International Symposium on, vol., no.,
pp.269-278, 8-11 Nov. 2005.

J. Li, D. Chen, W. Li, and J. Ma, Multiuser power and channel allocation algorithm
in cognitive radio, Parallel Processing, 2007. ICPP 2007. International Conference
on, vol., no., pp.72-72, 10-14 Sept. 2007.

[7]1 A. Raniwala, K. Gopalan, and T. Chiueh, Centralized channel assignment and

[8]

[9]

[10]

[11]

[12]

[13]

[14]

routing algorithms for multi-channel wireless mesh network, ACM SIGMOBILE
Mobile Computing and Communications Review, vol. 8, no. 2, pp: 50-65, Apr. 2004.

M. Felegyhazi, M. Cagalj, S. Bidokhti, and J.-P Hubaux, Non-Cooperative Multi-
Radio Channel Allocation in Wireless Networks, INFOCOM 2007. 26th IEEE
International Conference on Computer Communications. IEEE, vol., no., pp.1442-
1450, May 2007.

P. Kyasanur and N. H. Vaidya, Routing in Multi-Channel Multi-Interface Ad Hoc
Wireless Networks, technical report, Dec. 2004.

P. Kyasanur and N.H. Vaidya, Routing and interface assignment in multi-channel
multi-interface wireless networks, Proc. of Wireless Communications and
Networking Conference, vol.4, no., pp. 2051-2056 Vol. 4, 13-17 March 2005.

J. So and N. Vaidya, Routing and channel assignment in multi-channel multi-hop
wireless networks with single-NIC devices, Technical Report, University of Illinois
at Urbana Champaign, Dec. 2004.

Z. Han, Z. Ji, and K.J.R. Liu, Fair Multiuser Channel Allocation for OFDMA
Networks Using Nash Bargaining Solutions and Coalitions, Communications, IEEE
Transactions on, vol.53, no.8, pp. 1366-1376, Aug. 2005.

J.A. Patel, H. Luo and I. Gupta, A Cross-Layer Architecture to Exploit Multi-
Channel Diversity with a Single Transceiver, INFOCOM 2007. 26th IEEE
International Conference on Computer Communications. IEEE, vol., no., pp.2261-
2265, May 2007.

J. So and N.H. Vaidya, Multi-channel MAC for Ad-Hoc Networks: Handling Multi-
Channel Hidden Terminals Using a Single Transceiver, In Proceedings of the 5th
ACM international Symposium on Mobile Ad Hoc Networking and Computing.
MobiHoc '04. ACM, New York, NY.



[15]

[16]
[17]

[18]

[19]

[20]

[21]

50

B. Eslamnour, M. Zawodniok, and S. Jagannathan, Dynamic Channel Allocation in
Wireless Networks using Adaptive Learning Automata, Wireless Communications
and Networking Conference, 2009. WCNC 2009. IEEE , vol., no., pp.1-6, 5-8 April
2009

T. Clausen and P. Jacquet, Optimized Link State protocol (OLSR), 2003.

N. Regatte and S. Jagannathan, Optimized Energy-Delay Routing in Ad Hoc
Wireless Networks, Proc. of the World Wireless Congress, May 2005.

R. Maheshwari, H. Gupta, and S.R. Das, Multichannel MAC Protocols for Wireless
Networks, Sensor and Ad Hoc Communications and Networks, 2006. SECON '06.
2006 3rd Annual IEEE Communications Society on , vol.2, no., pp.393-401, 28-28
Sept. 2006.

B.J. Oommen and J.K. Lanctot, Discretized pursuit learning automata, Systems,
Man and Cybernetics, IEEE Transactions on, vol.20, no.4, pp.931-938, Jul/Aug
1990.

M.A. Haleem and R. Chandramouli, Adaptive downlink scheduling and rate
selection: a cross-layer design, Selected Areas in Communications, IEEE Journal
on, vol.23, no.6, pp. 1287-1297, June 2005.

R. Jain, D. Chiu, and W. Hawe, A Quantitative Measure of Fairness and
Discrimination for Resource Allocation in Shared Computer Systems, DEC
Research Report TR-301, September 1984.



o1

2. Adaptive Dynamic Routing for Hybrid Wireless Networks
Using Nonlinear Optimal Framework

B. Eslamnour, Student Member IEEE and S. Jagannathan, Senior Member IEEE

Abstract—Wireless ad hoc networks are subject to frequent changes in topology and
channel uncertainties over time. Therefore, a dynamic routing protocol that adapts to the
changes of the network would provide an improved performance compared to static
routes. With the use of static routes, broken links and failed routes require route repair or
route discovery. In this paper, approximate dynamic programming (ADP) techniques are
utilized to find dynamic routes, while solving discrete-time Hamilton-Jacobi-Bellman
(HJB) equation forward-in-time for route cost. First we investigate the effect of the queue
occupancy in the one-hop neighbors in the dynamic route selection. Then the route
selection by a forward-in-time approach is presented. It is shown that when the number
of hops increases, the proposed route selection results in truly optimal route for the
performance index selected. The performance of the proposed optimal route selection

approach is evaluated by extensive simulations and by comparing it to AODV.

Index Terms—Dynamic Routing Protocol, Approximate Dynamic Programming,
Energy Efficient Routing, Multihop Routing



I. NOMENCLATURE
Symbol Definition
k hop on the route (k = 0 at the source node)
C(k) initial route cost from the node at hop k to
BS (Base Station)
LC, v link cost between the node at hop k and the
’ next node (at hop k+1)
d, ot link delay between the node at hop k and
’ the next node (at hop k+1)
PTT  packet transmission time
PTT— PacketSize
DataRate
BW,’ desired bandwidth at the node at hop k
BW?, available bandwidth at the node at hop k+1
Eii(nit initial energy at the node at hop k
E2 available energy at the node at hop k
q, gueue length at the node at hop k
a.”  queue limit at the node at hop k
f()  aconvex function of queue occupancy. It
progressively increases as the queue
occupancy ratio approaches 100%
J(k)  route cost to BS for the kth hop on the route
(at source, k=0)
cost function represented by OLA:
J(K) =W o(z(k)) +¢, (k)
z(k)  state vector at the kth hop
2() =[z,() 2,(k) 2T
W, constant target OLA parameter vector
o(s)  vector activation function for the cost
approximation OLA scheme
&, (k) bounded cost approximation error
j(k) approximation of route cost from the kth
hop on the route to BS
V\7J (k) actual parameter vector for the target OLA
parameter vector W,
e, (k) errorinthe OLA route cost at the kth hop
WJ (k) OLA parameter estimation error,

W, (k) =W, —W, (k)

52
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Il. INTRODUCTION

Traditional routing algorithms [1], [2] construct routing tables by exchanging
topological data and discovering shortest paths [3]. Usually the routing table entries for
each destination contain the next hop and link cost. Once data packets become available
for transmission to a destination, the next hop node is chosen by table look-up.

However, mobility in an ad hoc network make the nodes move in and out of range
causing frequent updates on the routing tables as well as route selection. As a
consequence, the performance of the network degrades, or the frequently broken links
can cause extra routing overhead to re-establish the routes. This excessive overhead due
to unreliable links resulting from mobility can cause congestion, increased energy
consumption and reduced performance. In an attempt to solve this problem, the objective
has been to minimize the routing overhead to conserve energy [4] and improve network
scalability.

Distance Vector Routing (DVR)[1], also known as Distributed Bellman-Ford [9],
[10], is a decentralized algorithm which associates a distance vector to each route. The
vector magnitude represents the route cost and the direction identifies the next hop to be
taken in order to reach the destination. However, DVR is a proactive routing and the
distance vectors are static. Hence, broken links and link failures caused by topology
changes and channel uncertainties will demand route repair or new route discovery
process. In addition, DVR does not prevent routing loops.

On the other hand, Link State Routing [2] creates a complete map of the network
at each node. This is done in two phases, recording the state of the links connected to

each node, and distributing this information to the other nodes in the network. Routing
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tables are constructed by calculating the cheapest path to each destination using link state
information received from other nodes. Entries in the routing table contain destination
address, cost and next hop. Unlike DSR, LSR requires many more updates in order to
converge to a stable routing table. However, frequent updates and the fact that every
change in the routing table of a node should be informed to all the other nodes in the
network, increase the message overhead in LSR. In the meanwhile, un-updated routing
tables in the network can cause routing loops.

Destination Sequenced Distance Vector Routing or DSDV [10] routing is a
derivative of DVR. DSDV maintains a route table containing the cost and next-hop to
each destination, and also a sequence number. The sequence number is generated by the
destination and indicates the time of its creation and is propagated along with the link
updates. This allows the nodes to identify the most recent updates, and also prevents
routing loops. However, in case of dynamic topologies, routing overhead will be high due
to frequent transmissions of route update packets.

Dynamic Source Routing (DSR) [12],[14] is an on-demand routing protocol.
When a route is required, the source node broadcasts a request message over the network.
Once the destination receives the request, it sends back a route reply, and the path is
cached in the reply message. The path taken by a source routed message is determined by
the source in the beginning of the transmission, and cannot be changed during transit. If a
broken link occurs in a chosen path, the source must retransmit the message through an
alternative route.

DSR can be optimized by limiting the initial route request to a single hop,

allowing only immediate neighbors to respond with a previously cached [15]-[17] route.
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If no route is discovered within a timeout period the normal route requests flood the
network. However, this optimization is only effective when the route caches are up-to-
date [17]. Besides, it can cause joint paths between multiple flows, causing a degraded
throughput.

Temporally Ordered Routing Algorithm (TORA) [18], [19] is a link reversal
algorithm which routes messages by assigning a height value to each node. Heights are
negotiated between immediate neighbors on-demand by sending a query message,
triggering further queries which elevate the height of the originator. Intermediate nodes
are given heights in descending order toward the destination. Messages will be directed
only through nodes in descending height order. TORA finds multiple on-demand paths to
destination and is suitable for dense networks. However, it does not scale well, and
among on-demand routing protocols, AODV outperforms TORA. In addition, TORA
assumes that all the nodes have synchronized clocks.

The Ad hoc On-demand Distance Vector or AODV [20] is a combination of the
DSDV and DSR algorithms. Routes are created by exchanging distance vectors on-
demand. The route request continues searching until a node owning a fresh route or the
final destination is reached. In either case a reply is sent back to the originator of the
request. Reply messages create a path for messages to flow between origin and
destination. The freshness of the routes is determined by sequence numbers.

Periodically, nodes send HELLO messages to indicate their presence to
neighbors. In the absence of receiving a HELLO message from a neighbor within a

predefined interval, the neighbor is eliminated from the neighbor’s list, and an error
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message is sent to the origin of the route. However, unstable network topologies can
cause a high communication overhead due to re-discovering route requests.

Some alternative routing approaches for ad hoc networks are based on Cluster
Based Routing Protocols (CBRP) [21] -[23] which partition the network into disjoint sets.
Cluster-heads are selected [24] based on their position and coverage. Route discovery is
limited to the cluster-heads, and hence the amount of route discovery packets flooded into
the network is reduced. However, when the network topology changes due to mobility,
the cluster selection process may be repeated. Optimal selection of the cluster-heads
would require frequent message exchange among the neighbors.

The Optimized Link State Routing protocol (OLSR) [25],[26], Topology
Dissemination Based Reverse Path (TDBRP) [27] and Zone Routing Protocol (ZRP) [28]
are derivatives of Link State Routing. In fact these methods share similarities with
clustering because they select a subset of the nodes to perform routing. The term Multi-
Point Relay (MPR) is used instead of cluster-head and clusters are replaced with zones.

On the other hand, Associativity Based Routing (ABR) [29],[30] attempts to limit
network traffic by discovering and using the most temporally stable routes between
nodes. In ABR, broken links are locally repaired — eliminating the need for starting the
new route discovery by the source node. However during the local route repair, local
query broadcasts can result in high delays.

Other link quality factors have also been used in defining route cost metric.
Expected Transmission Count (ETX) in [31] is the number of transmission attempts in
order to achieve one successful transmission, and evaluates the link quality by the

expected transmission counts. Weighted Cumulative Expected Transmission Time
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(WCETT) [32] assigns ETT to each link of the network. The route metric is a weighted
sum of the cumulative ETT of the links and the ETT of the bottleneck link along the
route. However, both ETX and WCETT are designed for stationary mesh networks.
Furthermore, since the routes discovery is based on the route cost from source to
destination, the routes are established either by a centralized approach, or upon receiving
the requests at the destination. While the former seems unrealistic, the latter requires a
waiting time for receiving the route reply message from the destination — similar to all the
other methods that route selection decision is made in the destination. However, we are
interested a routing protocol that is able to find the route on-the fly.

Optimized Energy-Delay Routing (OEDR) [33] and Optimized Energy-Delay
Sub-network Routing (OEDSR) [34] are proposed for wireless ad hoc networks and
wireless sensor networks, respectively. OEDR uses an energy-delay metric in selecting
the next relay nodes in order to maximize the number of two hop neighbors. In OEDSR,
the link cost factor is defined by the available energy at the relay node, link-delay
between the two nodes, and the distance between the relay node and the base station.

MMCR [35] is a multi-interface multi-channel proactive routing protocol that
utilized MPRs and a new cost metric to discover and establish routes in wireless ad hoc
networks. MMCR is built concepts of OEDSR except it utilizes multiple channels. The
link cost between two nodes is defined proportional to the link delay, and inversely
proportional to bandwidth factor and energy utilization between the nodes and guarantees
certain levels of QoS. However, it is a proactive protocol, and the routes need to be re-

discovered in case of changes in topology or link failure.
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In this paper, an on-demand adaptive dynamic routing protocol is proposed in
which the routes are adapted based on link and channel conditions without flooding the
network with new route request messages. Adaptive dynamic programming techniques
are utilized to find dynamic routes, while solving discrete-time Hamilton-Jacobi-Bellman
equation forward-in-time for route cost in an online manner. It uses a neural network
(NN) or any online function approximator to approximate the route cost to the base
station. While our proposed method is based on Bellman-Ford dynamic programming,
utilizing online approximator differentiates it from dynamic programming. It provides
reactive and dynamic forward-in-time solutions — as opposed to proactive and static
backward-in-time solutions in dynamic programming.

In the proposed protocol, after the initialization phase, the route discovery and
adaptation are based on the local information on neighbors and channel quality, hence
avoiding flooding the network with route discovery or route repair messages.
Furthermore, metrics such as available bandwidth, link delay, available energy and queue
occupancy at nodes are taken into account in determining the route cost. In comparison to
hop count metric, this provides a more effective definition of route cost in the presence of
congestion and channel uncertainties.

In Section Il problem statement is described. Section IV  presents the
methodology. First it examines the effect of using queue occupancy, available bandwidth,
available energy and link delay in route cost, and it is shown that it improves the
performance of the network compared to AODV. Then it presents the adaptive dynamic
routing protocol that uses an OLA (On-Line Approximator) to estimate the remaining

route cost forward-in-time. The OLA estimates the remaining route cost of the next node



59

to BS using queue occupancy, link delay, and the initial cost to BS. In Section V

simulation results and analysis are presented, and Section VI concludes the paper.

I11. PROBLEM STATEMENT

We consider a wireless ad hoc network in which any node can start a flow
towards the base station. Our objective is to achieve a dynamic routing scheme capable of
adapting to the channel uncertainties and topology changes. In the initial phase, the base
station sends a beacon throughout the network. As the beacon propagates in the network,
its sequence number is incremented by each forward (to avoid loops), and nodes are
initialized by their route cost to the base station. Also each node identifies its one-hop
neighbors towards the base station. Each node establishes a neighbors table in which it
lists all the neighbors, whether they are towards the bases station, their initial route cost

to base station, C(k), and several other entries that will be explained later.

In order to sustain the neighbors list, nodes periodically send HELLO messages to
indicate their presence to neighbors. In the absence of receiving a HELLO message from
a neighbor within a predefined interval, the neighbor is removed from the neighbor’s list.

Once a node has packets to transmit to the base station, the next node is selected
based on the estimation of its route cost to the base station and its link cost to the current
node. The routing process is observed as a hopd process. Starting at the source node, the
packet is at hop k = 0. Depending upon the topology and channel conditions, there can be
several candidate neighbor nodes to be chosen as the next node of the route to the base
station. Fig. 1 illustrates this view of the network. It must be note that the nodes vertically

aligned at each hop represent the possible list of the ‘next nodes’ from the point of view
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of the node in the previous hop — not the precise geographical location of the nodes in the

network.

k=0 k=1 k=2

Fig. 1. Wireless network from the routing algorithm
point of view.

At each hop, the route cost to the base station is the cumulative sum of the costs

of the links on the route.

J(K)=D_LC,,., . (1)
i=k
It can be rewritten as [36]
J(K)=LCy 1+ D LC 1 =LC  +I(k+1). (2)

i=k+1
In order to find the optimum route, the objective is to minimize (2) at each hop.

In other words at each hop the minimum cost is

J°(k)= min {LC, ., +3"(k +1)}. ©)

1
Ny €N

where N; is the list of one-hop neighbors of the nodes at hop k.
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Since the most up-to-date optimum route cost to BS is not always available, in the
paper instead of J"(k +1) in (3), an estimation of this route cost is used. However, the up-

to-date value of the link cost is available through frequent updates of the neighbors list.

In the next section, this problem is solved via two approaches. In the first
approach, the initial route cost to BS, C(k +1), is used as the estimation of J"(k +1), and

the effect of a new queue-occupancy-aware link cost metric is examined. After
concluding that the new link cost metric provides a reasonable measurement of the
neighborhood, this link cost metric is used to define a model for the network to solve the
discrete-time solution of HJB equation forward-in-time while using an OLA for

approximating the second term in (3).

V. METHODOLOGY

A. Queue-Occupancy-Aware Dynamic Routing

In this approach, the performance index (3) is rewritten as

J'(k)= min {LC, ., +C(k+1)}. (4)

N1 €N
In other words, at each hop the algorithm tries to find the next node among the

one-hop neighbors that minimizes (4). It must be noted that C(k +1) is the initialized route

cost to BS, and is not updated frequently. On the other hand, the link cost between the
neighbors is updated frequently through exchanging HELLO messages. We introduce the
new link cost metric that takes into account the link delay, available bandwidth, available

energy, and queue-occupancy of the receiver node of the link

d d init
LG,y = eren , BW By g Gy (5)
“TPTT TBWE, En, g
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where LC, ., is the link cost between the node at hop k and the node at hop k+1, d, ., is
the link delay between the two nodes, BW” is the desired bandwidth at the node at hop k,
BW_?, is the available bandwidth at the node at hop k+1. E™and E2, are the initial
energy and available energy at the node at hop k+1, respectively. g,,,andg,"; are queue

length and queue limit at the node at hop k+1, respectively. f(.) is a convex function of

queue occupancy. It progressively increases as the queue occupancy ratio approaches
100%. In order to reduce the computation load, we suggest using a piecewise linear

approximation of f (.) as follows (and illustrated in Fig. 2)

0 x=0
1 0<x<0.3
0.3<x<0.6
30 0.6<x<0.7
f'(x)= (6)

50 0.7<x<0.38
100 0.8<x<0.9

200 09<x«1
500 x=1

500

400"

300¢

=
200
100
% 02 04 06 o8 1

X

Fig. 2. Linear approximation of function f(.).
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In order to evaluate the effectiveness of the new route cost definition, a set of
simulations were performed and comparisons were made between the new protocol (g-
aware) and AODV protocols. The simulation settings and results are presented in the next

section.

1) Queue-Occupancy-Aware Dynamic Routing: Simulation Results
This section presents the simulation results of running the dynamic g-aware
routing protocol and AODV on various scenarios and topologies. Network Simulator NS-
2 [37] was modified, and the proposed routing protocol was implemented in NS-2. The

simulation parameters are listed in TABLE I.

TABLE I.

SIMULATION PARAMETERS

Routing Protocol AODV and Q-AWARE

Number of Nodes 50

Simulation Area 1000 mx1000 m

Mobility Model Random way-point

Propagation Model Two-ray Ground Reflection

Transmission Range 250 m

Traffic Type CBR (UDP)

Number of Connections (Flows) 10, 12, 14, ..., 20

Packet Size 210 bytes

Data Rate 20 kbps, 100 kbps, 200 kbps, 500
kbps, and 1000 kbps

Interface Queue 50 pkts
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Fig. 3. A sample topology with 20 sources sending data flows towards BS.

Random topologies were generated such that one Base Station and 49 nodes are
randomly placed in an area of 1000 mx1000 m. Also various random scenarios were
generated to provide a variable range of flows (10, 12, ..., 20) towards Base Station. Fig.
3 illustrates one of the topologies with 20 flows.

Fig. 4 shows the average throughput for various number of flows (10, 12, ..., 20)
and various values of data rate (20k bps, 100 kbps, 200 kbps, 500 kbps, and 1000 kbps) ,
using dynamic g-aware routing protocol and AODV. Results for Q-aware and AODV
protocols are shown in solid lines and dashed lines, respectively. It can be noted that Q-
aware protocol in general provides a larger average throughput compared to AODV. For
small data rates, the two protocols provide similar throughputs. However, as the data rate
increases (i.e. it is more likely to have congested areas and failed links), Q-aware

protocol provides a considerably higher average throughput compared to AODV.



Throughput (Mbps)

Fig. 4. Average throughput for various number of flows and various data rates.

Energy Efficiency

Fig. 5. Energy efficiency for various number of flows and various data rates.

(packets/joule)

0.5
0.45
0.4
0.35
0.3
0.25
0.2
0.15
0.1
0.05

25

20

20 100 200 500 1000
Data Rate (kbps)

—=—(g-aware_10f

—m—g-aware_12f
g-aware_14f

—8—(-aware_16f

—=—qg-aware_18f
g-aware_20f

— 4 aodv_10f

=& aodv_12f

=4 aodv_14f

— A& aodv_16f

— 4 aodv_18f

-4 aodv_20f

20 100 200 500 1000
Data Rate (kbps)

— A& aodv_10f

— 4 aodv_12f

-4 aodv_14f

=& aodv_16f

— A& aodv_18f

-4 aodv_20f

—m—g-aware_10f

—8—g-aware_12f
g-aware_14f

—m—g-aware_16f

—m—qg-aware_18f

g-aware_20f

65

Fig. 5 shows the energy efficiency for various number of flows (10, 12, ..., 20)

and various values of data rate (20k bps, 100 kbps, 200 kbps, 500 kbps, and 1000 kbps) ,

using dynamic Q-aware routing protocol and AODV. Results for Q-aware and AODV
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protocols are shown in solid lines and dashed lines, respectively. It is noticed that in
general, Q-aware protocol provides higher energy efficiency compared to AODV. In
particular, for each value of number of flows in the network, Q-aware protocol provides
higher energy efficiency compared to AODV.

These preliminary results illustrate that a dynamic routing protocol which is
aware of the queue occupancy of the neighbor nodes provides an improved performance
compared to AODV. In the next section, this idea will be used to develop an adaptive
dynamic queue-occupancy-aware routing that utilizes online approximators (OLA) to
estimate the cost of the remaining route to Base Station.

B. Adaptive Dynamic Queue-Occupancy-Aware Routing

In this approach, instead of being limited to the initialized cost to BS, C(k)s, the
estimation of cost to BS is approximated by a NN as a function of queue occupancy, link
delay, and the initial cost to BS, C(k). State vector is defined
asz(k) =[z,(k) z,(k) z,(k)]", wherez(k), z,(k)and z,(k)are the terms associated
with queue occupancy, link delay, and the initial cost to BS, C(k), respectively.

At each hop, the next nodes are sorted according to their initial cost to Base

Station, C(k).Then in general, if at hop k, there are M possible next nodes, state equation
will be

x(k +2) = x(k) + B(k)u(k), (7
where

B=[0-x(k) 1-x(k) --- (M-=1)—x(k)],
uk)=fL 0 --- 0]",or[0 1 --- O]',..or[0 --- 0 17" (u(k) isa vector of length M).
x(k+1)=0,1,...,M -1
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The relationship between the state vector, z(k +1), and state u(k) is
z(k+2) =Z(k+1).u(k) 8)

where the columns of Z(k +1) are the state vectors of the M possible next hops, i.e.
Z(k+1) =[z,(k+1),z,(k +2),...,2,, ,(k+1)]
Where u(k)=[1 0 --- 0]',or[0 1 --- 0O]',..or[0 --- O 1]"and z(k+1)is the
state vector of the ith node at (k+1)th hop.

It must be noted that (8) also bonds the state vector, z(k +1), to the scalar value
of the state, x(k+1).

In other words, where u(k) in (7) gives the scalar state, x(k+1), for the next hop, it also

selects the x(k+1)th column of Z(k +1) as the next state vector.

We are trying to minimize the infinite horizon cost function, (2) given by
I(K) =D LC 1y =LC, s +I(k+D) 9)
i=k

where LC,,,, =u" (K)R(K)u(k).
Assume R(k)is an M x M diagonal matrix whose diagonal elements are the updated link

costs from the current node to each of the next nodes.

The optimal decision for (7) that also minimizes (9) is found by [36]

1 837 (k+1)

U'(k)=-3R()B Ko D (10)

where u’(k)and J'(k)are the optimal decision and smooth optimal cost function,

respectively.



68

Using the approximation property of OLAs [38], the cost function can be

represented by an OLA as
J(K) =W, o(z(k)) +¢, (k) (11)
where W, is the constant target OLA parameter, &,(k)is the bounded approximation

error, and o(s) is the vector activation function for the cost approximation OLA scheme.

The approximation holds for all z in a compact set S. The approximation error is assumed

to be bounded [38] as
le; (K)|| < & (12)
where &, is a known bound dependent on S.
Approximating the cost function by an OLA renders
I (k) =W (K)o (z(K)) =W (K)o (k) , (13)
where J (k) is the approximation of the cost function, and V\A/J (k) is the actual parameter
vector for the target OLA parameter vector, W, . Vector o(k)is a set of bounded

activation functions whose elements are chosen to be linearly independent basis

functions. Defining the error in the cost function as in [39]
e, (k) =LC,,, +W, (K)o (k) -W] (K)o (k ~1). (14)
The error can be rewritten as
e, (k+1) =LC, ., +W, (k+1) (o(k +1) —(K)). (15)
Then the auxiliary cost error is defined as
El(k+1) =Y (K)+ XT (KW, (k+1) E] (k+1) =Y (k) + XT (KW, (k+1),  (16)

where Y(k)=[LC,,,, LC, ., “"—Ck_,-,k_,-+1] and
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X(k)=[Ac(k+) Ac(k)---Ac(k—j+1)] with Ao(k+1) =o(k+D)-o(k),
0< j<k—1eN. Following the steps in [39], the cost function parameter update will be
A -1
W, (k+1) =X (K)(XT(R)X(K)) (a5 () =Y (K)), (17)
where 0 < «a, <1. Replacing (17) in (16) results in

E, (k+) =, E, (K). (18)

Definition 1: A set of functions G(Z)={0'i(z)}lL is linearly independent when

L
A0o;(z2)=0 holdsonlyif 4, =4,=---=4 =0.
=1

Remark 1: In two consecutive hops of the route, k and k+1, it is impossible to

have z(k) =z(k+1). The two state vectors are different in at least one element,
z,(k), and z;(k +1) — the one associated with the initial route cost to BS. By definition,
the route cost to BS is initialized by propagating a beacon from BS. This cost, C(k),
cannot be the same in two consecutive hops.

Lemma 1: Let z(k)and z(k +1) be the state vectors in hops k and k+1. Also let

G(Z(k))={0‘i(z(k))}lL be a set of linearly independent functions. Then the set
Ao (z(k+1)) ={o;(z(k +1)) —o; (z(k))}lL is also linearly independent.
Proof: Suppose that Lemma 1 is not true. Then there exists some set {ﬂ,,}lL with

some nonzero A s such that

1A (2(k +1)) = 0. (19)
Z i i

i=1
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It can be rewritten as

> (61(2k + 1) -, 2()

=LA (o kD) =0,(0) (20)
:_ig,,ai(k +1)—i/1.ai(k)

=0

Equality (20) may hold in two cases.

L L
Case l. D Ao (k+1)=) Ao;(k)=0. This case is rejected by Remark 1.
i=1 i=1
L L
Case Il. D 4o;(k+1)=> Ao;(k)=0 . This case contradicts the hypothesis of
i=1 i=1

linear independency of (k) ={c;(k)}, (and also that of o(k +1) ={o;(k +1)},).
Therefore set Ao (z(k +1)) ={o; (z(k +1)) —o; (Z(k))}lL is linearly independent. m

Remark 2. Lemma 1 implies that matrix X' (k)X (k)in (17) is invertible
if z(k) = 0. Recalling the definition of the cost function (2) and OLA approximation (13),
it can be noted that when z(k) =0, both definitions of the cost become zero. State vector
z(k) is zero only at BS, because only at BS all the three elements of z(k) (queue length,
link delay, and initial cost to BS) are zero. In other words, once the system states
converge to zero (upon arrival at BS) the cost function approximation can no longer be
updated. This can be viewed as a persistency of excitation (PE) requirement for the
inputs to the cost function OLA. That is, the system states must be persistently exiting
long enough for the OLA to learn the optimal cost function.

Remark 3. It is important to use bounded activation functions in the OLA, e.g.



71

radial basis functions or saturated polynomial basis function such as
cf(z):S(@(z))=(1—e‘9(”)/(1+e“’(2)). This guarantees |o(k +1)| <o, , which will be
used in the future proofs.
Let the OLA parameter estimation error be defined as
W, (k) =W, -W, (k). (21)
Recalling the ideal OLA cost function (11), the general definition of the cost

function (2) can be rewritten as
W) o (k) +¢&, (k) =LC, , WS o(k+1) + &, (K +1). (22)
Rearranging the terms, the link cost can be derived as
LC, s =W, (k) -W, o(k +1) + &, (K) — &, (k +1) . (23)
Recalling that Ao (k +1) = o(k +1) —o(k) and defining
Ag;(K)=¢,(k+D)—¢,(K), (24)
equation (23) can be rewritten as
LC, w1 =W, Ac (k) —Ag, (K). (25)
Substituting LC,_,, and LC, ,,in (14) and(15), respectively, one gets

e, (k) =-WAc(k)-Ag, (k1)
W (K)(ak)-ok-1) (26)
=W (K)Ac(k) - As, (k -1)

and

e, (k+1) =W (k +DAc(k +1) - Ae, (K) . (27)
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Recalling e, (k +1) = «,€, (k) from (18), one will get

W (k+1) = W, (K)Ac(k)AcT (k+1)(Ac" (k+DAc (k +1))’l

+(a,Az,(k=1) - Az, (K))Ac" (k +1) (Ao (k+D)Ac (K +1))‘1

8 (28)
= (aij (KA (K) +a,As, (k1) —Ag, (K))
Ao (k+D)(Ac” (k+DAo (k+1))
And consequently,
W, (k +1) =((A0T(k Ao (k+1) " Aa(k +1))
(29)

(@] (0AG(K) + Az, (k=) — Az (K))

In the following, the boundedness of the cost function error (14), and the OLA
parameter estimation error will be investigated.

Definition 3 [38]: An equilibrium point z is said to be uniformly ultimately
bounded (UUB) if there exists a compact set S %" so that for all initial states

z, € Sthere exists a bound B>0and a time T(B,z,) such that Hz(k)—ze < Bfor all

k>k,+T.
Theorem 1: (Boundedness of the Cost OLA Errors). Let z(k)be any state vector

in the network along the possible routes from the source node to BS, and let the cost OLA
parameter be updated as in (17). Then, the cost errors (14) and (29) are UUB.

Proof: Consider the Lyapunov function candidate
1 -~ _
vy () =€ (k) + WA (STR(S) (30)

where £>0.
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The first difference of (30) will be
AV, (k) =V, (k+1) -V, (k)
= (e} (k+D—ei(k)) : (31)
+%tr (VI (k + DWW, (K +2) W, ()W, (k)]
Using (28), and recalling e, (k +1) = «,€e, (k) yields
AV, (k) = (a; ~1)€5 (k)
—%tr {7 ()W, (k)} . (32)

+%tr (W7 (k+ D, (k+1))

Recalling0 < e, <1, and tr {W} (K)\W, (k)} = W, (k)HZF, it can be noted that the

first two terms of (32) are less than zero. To simplify the third term,

W) (k+ )W, (k+1) = (a,W, (K)Ao(K) +a, Az, (k—1) + Ag, (K))

A" (k+D) (Ao (k+DAc (k+D)

. (33)
(Ao (k+DAcT (k+1)) " Ac(k+1)
(a0} (K)AG(K) +a,Ae, (k=D +As, (K))
It can be written as
W, (k+DW, (k+1) =¥+ 11, +IL, + E, (34)
where
¥ =)W, (K)Ac(k)Ac' (k+1)(Ac' (k+1)Ac (K +1))‘1

(35)

.((AaT (k+1)Ao (k +1))’l )T Ac(k+1)Ac’ (KW, (k)

and
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1, =aW, K)Ac(k)Ac" (k+1)(Ac” (k+D)Ac (k+1) )‘1

. (36)
.((AO'T (k+DAc (k+1)) ) Ao(k+1)(a,As, (k1) +Ag, (k)
1, =(a,A¢,(k-1) + Az, (k)) Ac” (k+1)
(Ac" (k+DAG (k+1)” ((A(;T (k+DAc (k+1))” )T 37)
Aok +1).a,Ac” (KW, (k)
E=(c, A6, (k=D +Aé, (K)) Ao (k+1)
(Ac" (k+DAG (k+1)” ((AO‘T (k+DAc (k+1))” )T (38)

Ac(k+1)
1\T
Let E=((AJT(k+1)Aa (k+D) l) and y=Ac(k+1), where X eR“*, and

y € R-. It can be shown that

yTZT):y=||Ey||§. This equality will be used to simplify (35), (36), (37) and (38) as

follows.

¥ = o2 |Zy|. W) (k)Ac(K)AcT (KW, (k), (39)
I, =11,

2 Yii J (40)

= o, |2y, (e, A8, (k=D + Ag, (k) )W, (K)Ac(K)
E = (e, A6, (kD +Ag, (k) |2y}, (41)
Now the third term of (32) can be rewritten as
tr{¥+I, + I, +E} =tr {¥}+2tr {I,} +tr {E}
=} |2y, tr (W] (K)Ac(k)AcT (KW, (K)}
(42)

20, |2y (e, A, (k=) + Ag, (K) ) tr (W] (K)Aa(K)}

+(a,ae, (k=D +Ag, (K)) |2y
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It can be simplified as

tr{¥+II, +11, + E}

= o |2y|} M) Ao

+2at, |y (o, A, (k=) + Ag, (K) ) tr (W, (K)Aa(K)} “3)

+(a,he, (k-1 +4e, () |2y
Note that |Zy|, <|Z|.-[ly|,- Also from Remark 2 it can be concluded that

Ac(k+1)Ac” (k+1)is invertible, and ||Z[’ <

.In consecutive hops of the route,

AUmin

there exists a computable positive constant such that [|[Ac(k)||<Ag,, . Also recall (12)
expressing that |&, (k)| < &,, . With the above assumptions, and substituting (43) in (32),

the first difference of the Lyapunov candidate is simplified as

005~ (ed )00 3 AT, ]

g pAGE,
~2a, - Ad (a, +1) e (los K+ ) - (44)
Aoy,
Ao,

2 2
Jr(ocJ +1) Em "

IBAO-riin
The first three terms of (44) are less than zero if o} <min{l,Acy, /Ac?, | . Further,

AV, (k) is less than zero if

(a, +1)2 gJZM AO‘,\ZA

or

”\N (k)” \/aJ +1 EJMAO'M . (46)

aJAaM)

m|n
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According to standard Lyapunov theory [38], it can be concluded that AV, (k)is

less than zero outside the compact set given above. That is, the cost function error (14),
and the OLA parameter estimation error (21) are UUB. [ ]

Next in the following corollary, it will be shown that the decision vector
approaches the optimal value.

Corollary 1: (Boundedness of the decision vector). Let UG(k)be any decision
vector in the network along the possible routes from the source node to BS, which is

updated as

L 0 (k+1)
x(k+1)

(k) = —% R(K)B (7)

Then there exists a bound &, > 0 such that

O(k)—u*(k)H <g as koo,
Proof: Recall the optimal decision policy

eon Lo or 037 (k+1)
u k)= 2R (kB ox(k+1)

Also recall that cost is estimated by an OLA as  J (k) =W, (k)o(k) , where
A~ -1
W, (k+2) = X (K) (XT ()X (K)) (e, E] (K) =Y (K)) .
Then

oo 0]

‘ L83 (k+) R (k +1)

(48)
ox(k+1) 2 ox(k +1)
<

1
-=R*(k)B
SR (K)

loa"(k+y)  adk+y)|
| ox(k+1)  ox(k+1)|

1
-=R*(k)B'
SR (K)
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The second multiplicand of (48) can be simplified as

01" (k+1) aik+D|
ox(k+1)  ox(k+D)|

) . .
KD (WJ ok +1) +&,(k +1) -W (K +Do(k +1))H
0 (i
_ ‘@((k 0 (W) (k+D)o(k+1) + &, (k+1))
o fen e, (k +1)
< IxicaD (W) (k+Dor(k +1))H+ kel
< oW, (k +1) ok +1) W] (K+1) dok+1)| |log, (k+1)
ox(k +1) ox(k+1) ||| ox(k +1)
oW (k+1)[ - [6o(k+1)
< “axcal) |lo(k +2)]+ ”vvJ (k +1)HF eD
Lo k+1) 49)
ox(k+1)
Recalling that [o(k +1)| < &, (Remark 3), W' (k +1)HF < f,, (Theorem 1),
Oz, (k+1) <& do(k+1) < oy, , (49) can be rewritten as
ox(k+1) ox(k+1)
||6J*(k +1) _ oJ (k +1)| < ” 0 W (k+1)|.c
| ox(k+D)  ox(k+1)| [ox(k+D) ™ (50)
+Bus O tEm
W (k+1) o . 4
oD o] ((AO' (k+DAo (k+1) " Aok +1))
o(AcT (k+DAo (k+1)) " Aol -
B ox(k +1) ¢
+O80KAD (T (ks pae (k+1))

ox(k +1)
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Given that M =-X"1 X

p X™, (51) can be rewritten as
z

W) (k+1)
ox(k+1)
4 6(Aa (k+DAc (k+1))

~(AcT (k+DAc (k+D) - 0D

(Ac" (k+DAo (k+D)"

oAo(k+1), . - 4
R0 (AGT (K+D)Ac (K+1
+ ok 1D (AT (k+DAc (k+1))
Recalling that H(Ao-(k+1)Ao-T(k+1))l <1
Ao

min

.
o(ac" (k+1)Ac (K +1))| Iro(ks D)< a0y, and [P20K D]
‘ ox(k +1) ‘ Cmin M ox(k +1)
can write
Aamm Aoy, + loé
‘ 8X(k+1) ‘ O min O min

Then (50) can be rewritten as

la™(k+1) aJ(k+1)|
| ox(k+1)  ox(k+1)|

]

(o}
( m'“-AO'M+ = j.O'M
m|n AO-min )

’
+fuy " Om +Em

Substituting (50) in (48),

loa’(k+n aik+y)|
|ox(k+1)  ox(k+)|

1
<[-=R™(k)B
>, RK)

1
<[|-=R*Kk)B"|-
2()

AUr’nin G'
— . Ag,, + M Oy + -O" +8'
[(Ao_z M AO' ) M ANJ M M

min min
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(52)

1, one

(53)

(54)

(55)
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1
-=R*(k)B"
R

<y,, itcan be written

Jagk)—u” (k)| <

Ay, g . (56)
Vil | —% Aoy + Oy + By O+ Em
AGr?win AGmin
Therefore,

Jag)—u" (k)| < &

.

(57)
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Base Station que i
sends Beacon to receives a
initialize the route beacon
cost at each node

Nodes periodically send
HELLO messages to

2

beacon_seq_no < prev_seq_no

\ No
. . . Yes
inform their neighbors of v

their status (presence, new_cost2BS = link_cost +

available bandwidth, beacon_route_cost

available energy, link

delay and queue I
occupancy) R

new cost2BS < existing cost2BS
\

i Yes

| v

1

‘(

Cost2BS = new_cost2BS

\ prev_seq_no = beacon_seq_no No
! beacon_seq_no++

\ sendBeacon
\

Y
\

\ (end )=

Fig. 6. Flowchart of initialization and topology update.
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Fig. 6 represents the route cost initialization phase and also neighbor status
update. Fig. 7 illustrates the on-line route discovery. Upon receiving a data packet
towards BS, the node updates the NN cost approximator weights (using (17)), then using
the updated weights, estimates the cost to Base Station for each of the one-hop neighbors.
The next hop for the route is chosen such that the summation of the estimated cost to

Base Station and the up-to-date link cost (see (3)) be minimized.

Node k
receives a
packet to send
to BS

'

Is this the
destination
(BS)?

\

No

'

Is BS a one-hop Yeso| Forward the
neighbor of this node? packet to BS

No
Update W_hat's
of the NN OLA Yes

Using the updated W_hat’s,
estimate the cost to BS,
J_hat(k+1), for each of the one-
hop neighbors

Choose the next hop that minimizes
LC(k,k+1)+J_hat(k+1)
Note: LC(k,k+1) is the up-to-date link cost to
each neighbor

l

Append W_hat'’s,
previous state, and
cost estimation error
to data packet

I

Send the packet to
the next node

End )«

A

Fig. 7. Flowchart of next hop discovery upon receiving a packet towards BS.
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C. An Example of Adaptive Dynamic Queue-Occupancy-Aware Routing
This section presents an example case in which the route for a source to Base
Station is found by the proposed algorithm. Note that k represents the hop with source as
the origin. Also C(K) is the initial cost to Base Station — found by the initial beacon. Fig. 8
shows three steps of an example network. The updated link costs between the nodes are

shown in red. At each hop, the next hop nodes are sorted according to their initial cost to
Base Station , C(k). The estimated route cost of the nodes at hopk , J(k)is calculated by
the OLA, (13), J(k) =W, (k)o(k)
At hop k = n, the state equation is
x(n+1) = x(n)+ B(n)u(n)
where x(n) =2,

B(n)=[-2 -1 0],
u(n)=f1 0 0] or[0 1 0] or[0 O 1]

Jr+1 =18 Jn+2)=9

Fig. 8. Example network — finding the route to BS using the adaptive routing method.
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Then from (47), one can calculate the

0'(n) =2 R (nB" (n) 21D
2 ox(n+1)
100
whereR(n)={0 4 O . J(n+1)is calculated by the OLA, (13)
0 0 3

J (k) =W, (K)o (z(k)) =W (K)o (k) ,

aJ " (n+1) 4

and =
ox(n+1)

A*

Then the closest admissible u(n) to G (n)is found (using Euclidean distance). It
will be u(n)=[1 0 O] .
Then,

x(n+1)=2+[-2 -1 O] 0 Of
=0

Now at k =n+1, the state equation will be
x(n+2)=x(n+1)+B(n+Hu(n+1)
where x(n+1) =0,

B(n+1)=[0 1 2],
u(n+1)=[1 0 0]' or[0 1 O] or[0 O 1]

Then from (47), it can be written

8 (n+2)

A* __l -1 T
G (n+1)= 2R (n+1)B (n+1) X(n+2)
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2 00 -
where R(n+1)=|0 6 0] and A (n+2) =-1.
00 3 ox(n+2)

Then the closest admissible u(n+1) to G (n+1)is found (using Euclidean

distance). It will be u(n+1)=[0 0 1] .
Then,
x(n+2)=0+[0 1 2][0 0 1]' =2.

At this hop, Base Station is the one-hop neighbor (with a link cost of 9) of the
current node. It is selected as the next node, and therefore the route to Base Station is
completed.

It must be noted that at each hop, the next node is not the node with the smallest
estimated cost to Base Station, neither is the one with the smallest link cost to the current
node. The next node is selected such that the summation of these two parameters be
minimized. That is, at each hop the route is found such that the remaining route cost be

minimized. This is in fact Bellman’s principle of optimality [36].

V. SIMULATION RESULTS

This section presents the simulation results of running the adaptive dynamic
routing protocol (using the OLA) and AODV on various scenarios and topologies.
Network Simulator NS-2 [37] was modified, and the proposed routing protocol was

implemented in NS-2. The simulation parameters are listed in TABLE II.



TABLEII

SIMULATION PARAMETERS

Routing Protocol

AODV and OLA

Average Hop Distance form BS

20, 30, 40, 50 hops

Simulation Area

Variable — depending on the size of
the network

Number of Nodes

Variable - depending on the size of
the network (190, 280, 370 and 460)

Mobility Model

Random way-point

Propagation Model

Two-way Ground Reflection

Transmission Range

250 m

Traffic Type CBR (UDP)

Number of Connections (Flows) 10, 12, 14, ..., 20

Packet Size 256, 512, 1024 and 2048 bytes

Data Rate 20 kbps, 100 kbps, 200 kbps, 500

kbps, 1000 kbps and 2000 kbps

Interface Queue

50 pkts
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Various random scenarios were generated to provide a variable range of flows

(10, 12, ..., 20) with variable range of average distance from Base Station (20, 30, 40 and

50 hops).

=4~ 30dv_20h

=4~ 30dv_30h
aodv_40h
—a— aodv_50h

Throughput (Mbps)

—a—ola_20h
—m—ola_30h

ola_40h

—m—ola_50h

10 12 14

16 18 20

Number of flows

Fig. 9. Average throughput for variable number of flows. Average distance from BS: 20, 30, 40
and 50 hops. Packet size: 256 bytes. Data rate: 20 kbps.
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Fig. 9 shows the average throughput of the network for various number of flows
and various average distance from Base Station (route length), where packet size is 256
bytes and data rate is 20 kbps. It can be noted that as the average distance of the source to
Base Station increases, our proposed method provides a higher throughput compared to
AODV. Only for the average distance of 20 hops, AODV performs better. The reason is
that the proposed method requires a minimum number of hops to converge. On the other
hand, when the average distance from source to Base Station is 50 hops, the proposed

scheme provides up to 40.18% improvement in throughput.

[y
(9]
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T ’r““‘——‘——""\ ’
Q@ . N ’
3 | N /
0 1.2
= -\W_-
2 N s’
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5-08 e o = — == aodv_40h
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‘S T A —-—
E 0.6 +—=& —m—ola_20h
[
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® 04 =~ =t —g === — ola_40h
g ~a-
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0.2
0
10 12 14 16 18 20

Number of flows

Fig. 10. Energy efficiency vs. number of flows. Average distance from BS: 20, 30, 40 and 50
hops. Packet size: 256 bytes. Data rate: 20 kbps.

Fig. 10 shows the energy efficiency of the network vs. number of flows for
various average distance from Base Station (route length), where packet size is 256 bytes

and data rate is 20 kbps. It is noticed that the energy efficiency is almost constant for the
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various number of flows. However, as the average distance of the source to Base Station
increases, our proposed method provides a higher energy efficiency compared to AODV.
Fig. 11 presents a better view of this fact. Only for the average distance of 20 hops,
AODV performs better. As mentioned earlier, the he proposed method requires a
minimum number of hops to converge. On the other hand, when the average distance
from source to Base Station is 50 hops, the proposed provides up to 33.46% improvement

in energy efficiency.
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)
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o
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=a= 3odv_16f
aodv_20f
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—=—ola_16f
ola_20f

Energy efficiency (packets/joule)
=)
o]

o
[§]

o

20 30 40 50

Number of hops
Fig. 11. Energy Efficiency vs. average distance from BS. Number of flows:10, 12, 14, 16, 18 and
20. Packet size: 256 bytes. Data rate: 20 kbps.

In order to evaluate the proposed cost metric, we calculated the route cost per
flow using AODV and the proposed method. The link costs in both method were
calculated using (5). Fig. 12. Shows the route cost per flow for six flows in the network,
where packet size is 256 bytes and data rate is 20 kbps, and number of flows is 20. It can
be noticed that in overall, the proposed method selects the routes with smaller costs

(compared to AODV).
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Fig. 12. Route cost per flow vs. average distance from BS. Number of flows: 20. Packet size: 256
bytes. Data rate: 20 kbps.
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Fig. 13. Average throughput vs. data rate. Average distance from BS: 20, 30, 40 and 50 hops.
Packet size: 256 bytes. Number of flows: 20.

Fig. 13 shows the average throughput of the network for variable data rate and

various average distance from Base Station (route length), where packet size is 256 bytes



88

and number of flows is 20. It can be noticed that except for three cases, the proposed
algorithm provides a higher throughput compared to AODV. Those three cases occur
when the average distance to Base Station is 20 hops and data rate is 20k, 100k, or 200k.
Recall the weakness of the proposed algorithm for short routes. However, when the
average distance of the source increases, the proposed method provides improvements as
high as 67.13% in throughput.

Fig. 14 shows the energy efficiency of the network vs. number of hops and for
data rates (20kbps, 500kbps and 2Mbps), where packet size is 256 bytes and number of
flows is 20. It can be noticed that as the average distance of the source to Base Station
increases, our proposed method provides a higher energy efficiency compared to AODV.
Only for the average distance of 20 hops and data rate of 20kbps, AODV performs better.

The proposed algorithm can improve the energy efficiency by as high as 63.90%.
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Fig. 14. Energy Efficiency vs. average distance from BS. Data Rates:20kbps, 500kbps and
1Mbps. Packet size: 256 bytes. Number of flows: 20.
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Finally, the effect of varying packet size and average distance to Base Station was

examined, where data rate is 2 Mbps and number of flows is 20.
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Fig. 15. Average throughput vs. packet size. Average distance from BS: 20, 30, 40 and 50 hops.
Number of flows: 20. Data rate: 2 Mbps.

Fig. 15 illustrates the average throughput of the network vs. packet size. It is
noticed that in overall, our proposed method provides a higher throughput. Also as the
packet size increases, the throughput of both methods (AODV and our proposed method)
increases. Furthermore, as the packet size increases, the improvement achieved by our
proposed method increases (as high as 71.97%).

Fig. 16 presents the energy efficiency vs. packet size. It is noticed that in overall
(except for the small packets and short routes), our proposed method provides a higher
energy efficiency. Also as the average distance of the source nodes from Base Station
(i.e. route length) increases, the improvement in the energy efficiency increases (as high
as 65.72% - for packet size of 2048 bytes and average route length of 50 hops). This fact

is illustrated in Fig. 17.
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Fig. 16. Energy Efficiency vs. packet size. Average distance from BS: 20, 30, 40 and 50 hops.
Number of flows: 20. Data rate: 2 Mbps.
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V1. CONCLUSIONS

In this work, Bellman’s principle of optimality and dynamic programming
techniques, as well as OLA were utilized to find the routes reactively. A model for the

network, as well as the state equation and cost function was presented. After finding the
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initial cost to Base Station at each node (by propagating a beacon from Base Station), the
link cost to the one-hop neighbors are updated frequently, and OLA is used to estimate
the cost of the next node to Base Station. The boundedness of the OLA error and cost,
and also the convergence of the decision signal to the optimal solution were proved.
Simulation results for various packet size, data rate, number of flows and average
distance of the source node to Base Station verify that the proposed algorithm can
improve the throughput and energy efficiency as high as 71.97% and 65.72%,
respectively (compared to AODV). In the proposed algorithm, in case of link failure or
congestion, there is no need to re-discover a new route. Instead, the next node is selected
in real time. The proposed algorithm appears to outperform AODV in higher congestions
and longer routes, also for larger packets. In the absence of congestion, the simple route
cost metric of AODV, hop counts, is sufficient to find the optimum route. Using the
proposed method in low congestions only increases the overhead, because it sends the
OLA parameters along with the data packet. The same reasoning applies to the case of
small packet size. Since the OLA parameters are piggy-backed to the data packets, a
larger data packet would transmit a larger amount of data with the same amount of
overhead. Finally, the proposed method performs better as the route length increases.
This is due to the fact that the cost OLA needs to converge so that the optimal decision

would be achieved.
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3. Dynamic Routing for Multi-Channel Multi-Interface Hybrid
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Abstract— A dynamic routing protocol is necessary to provide better performance in the
presence of multiple wireless channels by adapting to the topology changes of wireless ad
hoc networks such as hybrid networks and vehicular ad hoc networks under fading
channels or channel uncertainties. In this paper, on-line estimators and Markov models
are utilized to estimate fading channel conditions. Using the channel estimates, queue
occupancy, available energy and link delay, approximate dynamic programming (ADP)
techniques are utilized to find dynamic routes, while solving discrete-time Hamilton-
Jacobi-Bellman (HJB) equation forward-in-time for route cost. Routing is accomplished
for multiple paths and multiple channels through load balancing. The multi-path routes
were shown to be near optimal. The performance of the proposed load balancing and the
optimal route selection schemes for multi-channel multi-interface wireless network in the

presence of fading channels is evaluated by simulations and comparing it to AODV.

Keywords- Adaptive Dynamic Routing; Approximate Dynamic Programming;
Wireless Ad hoc Networks; Multi-path; Load Balancing; Multi-channel; Multi-
Interface
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I. INTRODUCTION

Wireless ad hoc networks are subject to frequent changes due to changes in their
topology and traffic load. In the presence of fading channels, the networks also undergo
a variety of changes caused by signal attenuation, interference, Doppler effect, shadowing
effect, etc. These channel uncertainties can affect quality of Service (QoS) of the
network if they are not addressed by the data transmission protocols. Extensive studies
on fading channels, interferences and fading models have been made [1]-[4]. Statistical
models for Rayleigh fading [1], Rician fading [4], and lognormal shadowing [5], have
been developed to capture and describe the wireless environment. However, in order to
make the analysis possible, assumptions are made [1][2][6] such as mean signal power of
both the desired signal and the interferer signals are known — if not variable and the
number of interferer signals is known. In addition, the speed at which the mobile nodes
and their neighbors are moving is also considered known [45] — and constant. As much as
these assumptions make the analysis of the wireless channels possible, they cannot be
used to develop dynamic and adaptive protocols for the network with varying
environment.

The dynamic environment makes the proactive routing protocols such as [7],[9]
less effective, since it requires frequent updates throughout the network. On the other
hand, most of the on-demand routing protocols [9],[10] establish the routes by sending
route request messages and receiving a reply message either from the destination, or a
node that has a route to the destination. Routing protocols for multi-radio multi-channel
networks have been proposed [11] to improve the channel utilization and throughput.

However, their reliance on route request and reply messages makes them susceptible to
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increased routing overhead in dynamic environments due to frequent changes in routes.
Furthermore, even in the interference-aware method [11], where the available bandwidth
is estimated, the estimation is based on the idle time of the channel. However, the idle
time of the channel does not give a realistic estimation of the available bandwidth
because in fading channels, the channel may be left unused due to the RTS messages that
never receive any CTS. This causes a large idle time of the channel, and consequently
giving a wrong estimate of the available bandwidth.

In this paper, multiple channels and multiple interfaces are utilized throughout the
network to improve the network capacity via learning automata-based dynamic channel
allocation scheme [12]. The proposed routing protocol takes into account the link
conditions as well as channel uncertainties. The channel characteristics are considered
non-stationary and unknown in this routing scheme. By utilizing mean least square error
(MLE) and Markov models for channel, and finding the time-varying and non-stationary
probability outage, the effective available bandwidth is defined in order to realize a more
realistic measure of the channel condition. The time-varying outage probability and
effective available bandwidth are also used to balance load over multiple channels and
multiple routes — if one route fails to provide sufficient bandwidth.

The proposed routing protocol is for ad hoc networks with base station. While it is
not common to associate ad hoc networks with any base station or access point, base
stations are utilized for ad hoc networks such as “multi-hop hybrid networks” (a
combination of ad hoc and cellular networks) [15], “hybrid networks” [16],[17] and
hierarchical ad hoc networks” [18]. Furthermore, VANETS (Vehicular Ad Hoc

Networks) are another known field of ad hoc networks with roadside base stations. The
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proposed routing protocol adapts the route based on link and channel conditions without
flooding the network with new route request messages. Adaptive dynamic programming
(ADP) techniques are utilized to find dynamic routes, while solving discrete-time
Hamilton-Jacobi-Bellman equation forward-in-time for route cost in an online manner. It
uses a neural network (NN) or any online approximator (OLA) to approximate the route
cost to the destination. It provides reactive and dynamic forward-in-time solutions — as
opposed to proactive and static backward-in-time solutions in traditional dynamic
programming-based schemes [7]-[10]. Analytical proofs are offered wherever possible
which is not common in standard dynamic-programming schemes. Furthermore, metrics
such as effective available bandwidth, link delay, available energy and queue occupancy
at nodes are taken into account in determining the route cost.

In summary, this paper introduces a time-varying definition of outage probability
to estimate the channel condition which in turn is used in load balancing over multiple
channel links. Moreover, on-demand adaptive dynamic routes are found forward-in-time
by using an OLA. In order to determine the route cost, the OLA uses link and channel
conditions and node status, i.e. link delay, available bandwidth, outage probability, queue
occupancy and available energy. The paper is organized as follows. Section Il presents
the methodology that covers channel allocation, channel modeling, routing protocol and
load balancing algorithm. Section Il presents the simulation results, and Section IV

concludes the paper.
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1l. METHODOLOGY

A. Channel Allocation
In [12], we proposed a distributed dynamic channel allocation scheme for wireless
networks using adaptive learning automata whose nodes are equipped with single radio
interfaces so that a more suitable channel can be selected. The proposed scheme,
Adaptive Pursuit Reward-Inaction, runs periodically on the nodes, and adaptively finds
the suitable channel allocation in order to attain a desired performance. This scheme is
utilized in this work.
B. Available Bandwidth and Channel Uncertainties
In the presence of path loss, shadowing effect and path loss, the wireless links
exhibit uncertainties which will reduce the available bandwidth. For such environments,
the outage probability is defined as a way to quantify these uncertainties. The classic

definition of outage probability of a communication link is [24]

7th

Py =Pr(r<zy)=[ p.(dr (1)

0

where r is signal-to-interference ratio (SIR), p,(r) is the probability distribution function
(pdf) of SIR, and y,, is the SIR threshold.

In this paper, we use the Markov model for communication link/channel.
Consider a wireless communication link in the presence of fading channel. It can be
modeled [45], [23] as a finite-state Markov model with N states (Fig. 1). A special case of
this model is the widely known Gilbert-Elliot model [41], where a two-state Markov

chain is used to model the channel as “good” and “bad” states.
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In the following a case will be investigated with the assumption of unknown

stationary probabilities, and then the unknown non-stationary case will be considered.

Py-1 51

Py-a.m-1 6

Py Py Piiwa

Fig. 1. A wireless communication link in the presence of Rayleigh
fading channel and interference, modeled as an N-state Markov chain.

Case |. Estimation of Stationary Model

The assumption of known environment does seem a strong assumption for
environments with mobile nodes moving in speeds and directions which are most likely
unknown to their peers. By utilizing Maximum Likelihood Estimation (MLE) [22], the
probability values can be learned on-line, and the n-step transition probabilities are
proven to converge to certain time-invariant values as in stationary known environment
(see Appendix A). Let the stationary system with N states be observed until n transitions

have occurred. Then the MLE of the transition probabilities would be

Pi ==l (2)

n-1
where ¢; ; is the total number of state transitions from s; to s; (g ; =lek (s)Ix, . (5;)),
k=1
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N-1 N-1
g; is the number of occurrences of state s; (g :Zqiyj), and Zqi =n. Recall that

j=0 j=0

1 ifxeA

I, (.)is the indicator function such that 1, (x) = .
20) a(%) {o if x & A

As shown in Appendix A, as n increases, the estimated n-step transition
probabilities converge to their true long-run probabilities. The convergence time n for the

estimation can be determined as the smallest time within which a tolerable estimation

error, ¢, can be achieved such that

1B, (M) —pry|<e 3)

where p, ;(n) is the estimated n-step transition probability, and p; is the long-run
transition probability. As an example, consider a two state Markov chain with estimated

p0,0 pO,l

A A

1-step transition probability matrix f’:{
Pro  Pua

}. The n-step transition probability

matrix can be obtained as

I f)l,o + f)o,l(l_ f)o,l - pl,o)n f)o,l B po,1(l_ f)o,l - pl,o)n ]
F‘,(n) — F‘,n = A f)o,l + ?1,0 A n A ) f)O,l + F:)l,o A . (4)
pl,o B pl,o (l_ po,l B pl,o) pl,o + pl,O (1_ po,l - pl,O)
| Pos + P Pos+ P ]

where 0< Py, Bos Pror Py <1, and [1- Py, — P,o|<1. Then the long-run transition

probability matrix can be obtained as
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Pro Pos
R D, + D D, + P

P — lim P(n) = pO,lA Pro pO,lA Pio (5)
e Pro Pro

Por1t Puo  Port Pio

In other words,

- Pos@—Pos = Pio)”  Poa—Poy— Po)" |
I5(n) _ |: pio pé}} + ) boa 'i' p1,o o ) f)oj + f)l,i) n (6)
1,0 p1,1 _ pl,o (1_ po,l - pl,o) pl,o (1_ po,l - pl,o)
L f)o]]_ + f)l,o po,l + f)l,O

Recall that{1— ﬁo,l_f)l,o‘<l’ and notice the presence of (1-p,,—f,,)"in the

elements of the second term of P(n) in (6). Thus as n increases, the elements of the
second term of P(n) decrease. Therefore n can be selected such that the second terms

in P(n) of (6) be made smaller than the estimation error ¢ in (3).

Case Il. Non-Stationary Channel Model

Network topology and obstacles, on-going traffic, channel assignment (if multiple
channels have been utilized) and mobility of the nodes cause channel variations which
make the stationary model assumption unrealistic. In such cases, non-stationary Markov
models for the communication links are necessary. The N-state Markov chain in Fig. 1 is
valid with a change: the transition probabilities, p;;s, are time-varying, i.e. the probability
of transition from state s; at time step k to state s; at time step k+1 is defined as

P (k) =P(X =5, X, =) @)

where p, ; (k) is not necessarily equal to p; (1), for I k.
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In such cases, we still use the MLE for transition probabilities, but instead of
using the entire history of the state transitions, a sliding window of the recent history is
used [21]. Here a sliding window W; of length L to each state s; (Fig. 2) is assigned. The

window W; stores the previous L transitions from state s;.

¥all) ¥all) ¥ral2l ... ¥¥all-1]
Wit |5.= |5,= S B lSm
YO ey L1 T ¥HlE-1)
wi B Pa T T B ]
Wi, (O3 W (1) W2 L Wi (-1
Wt |‘9-'| |5:' | S | . |-‘3m |

Fig. 2. Sliding windows of length L for the N state non-stationary
communication link Markov model.

At each time step, depending on the previous state, the sliding window associated
to that state is updated. Let the previous state at time k-1 be s; , i.e. s(k) = s; . Let the
sliding window at time k-1 be W;, and the state at time k becomes s;. The sliding window
W; will be updated such that the elements of W; be shifted towards the end of the
window, and the new state s; will be inserted at the beginning of the window as

W, 1) =W f =0,1..L-2
{ ‘(n+)=W.(n) forn=0,1...L @®)

V\/i (0) = Sj
where L is the size of the window, and s; is the new state. Note that at each time step,
only one of the sliding windows is updated. Then the MLE of the transition probabilities

at each time point k is calculated as
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L—

LN

by, ) (S5)
pi’j(k)z'z(’f,for all i and j, (9)

where |, (.) is the indicator function. From(9), the estimation of transient state probability,
p; (k) , can be calculated.

Note that each transmitter node builds up sliding windows for its neighbors and
updates them based on the ACK messages that it receives after each transmission. Then it
can estimate the outage probability of the links to its neighbors as the probability of those
links going to “bad” state, which is defined when SIR being less than a redefined
threshold. It must be noted that although we assume a non-stationary representation for
the channel, the channel variations are assumed to be slow enough (compared to the
probability updates), such that the MLE probabilities converge to the transient state
probabilities, p; (k).

1) Time-Varying Outage Probability
In the rest of this paper, let the communication link be modeled as a 2-state

s, Ifr(k) >y,
s, ifr(k) <y,

Markov model, where the state at time step k is defined as X, :{
where r(k) is the SIR of the channel/link at time point k. Let the time-varying MLE
transition probabilities be calculated using (9).

Definition 4. For the 2-state Markov model, the outage probability at time step k is the
probability that the SIR of the channel/link be less that a threshold value, i.e. the

channel/link at state s;. The time-varying outage probability at time step k is defined as

P () = Pr(r(k) <7y ) =P(X, =5,) = py(k) (10)
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2) Effective Available Bandwidth
Let the available bandwidth of a link, measured by listening to the ongoing traffic
be BW? In the presence of fading channels, interferers, and other environmental
uncertainties, this definition of available bandwidth would not be realistic due to packet
losses that cannot be accurately measured. Therefore, the available bandwidth that takes
into account the uncertainties is defined.

Definition 5. Let the outage probability of the link at time point k be P, (k). Then the

ut

effective available bandwidth at time step k, EBW?(K) is defined as

EBW? (k) = (1- P,, (k)).BW? (12)

C. Link Cost
The link cost between the neighbors is updated frequently through exchanging
HELLO messages. By modifying the metric in [14], we introduced a new link cost metric
that takes into account the link delay, available bandwidth, available energy, and queue-

occupancy of the receiver node of the link
i BW, g

LC, ., = + S Y s 5 : 12
BT B BN B, "

where LC.,, is the link cost between the node at hop k and the node at hop k+1, dS ., is

the link delay between the two nodes when channel C.

is used, PTT is packet
transmission time (PTT= PacketSize/ DataRate), BW,’is the desired bandwidth at the

node at hop k, BW?2{" is the available bandwidth on channel C, at the node at hop k+1.
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Einit

andE7, are the initial energy and available energy at the node at hop k+1,

max

respectively. g,,,and q,}; are queue length and queue limit at the node at hop k+1,
respectively. f(.) is a convex function of queue occupancy. It progressively increases as

the queue occupancy ratio approaches 100%.

We modify this link cost such that the channel uncertainties caused by fading
channels would be taken into account. In order to do so, the available bandwidth, BW?2",

is replaced with the effective bandwidth, (11), which was earlier defined in the previous
section.
D. Dynamic Routing

In the following, system specifications and the approximate dynamic
programming method for multi-channel multi-interface routing are presented. During the
initial phase, the base station sends a beacon throughout the network. As the beacon
propagates in the network, nodes are initialized by their route cost to the base station.
Also each node identifies its one-hop neighbors towards the base station.

Each node establishes a neighbors table in which it lists all the neighbors, whether

they are towards the base station, their initial route cost to base station, C(k), and several

other entries such as the channels being used, link delay, available bandwidth, queue
occupancy and available energy. In order to sustain the neighbors list, nodes periodically
send HELLO messages to indicate their presence to neighbors (similar to AODV). Once
a node has packets to transmit to the base station, the next node is selected based on the
estimation of its route cost to the base station and its link cost to the current node.

The routing process is observed as a staged process. Starting at the source node,

the packet is at hop k = 0. Depending on the topology and channel conditions, there can
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be several candidate neighbor nodes to be chosen as the next node in the route to the base
station. Fig. 3 illustrates this view of the network. It must be noted that the nodes
vertically aligned at each hop represent the possible list of the ‘next hop nodes and
channels’ from the point of view of the node in the previous hop — not the precise
geographical location of the nodes in the network. In fact, if there are N channels
available for the communication between node i and m (located at hops k and k+1), there
will be N virtual copies of node m representing a possible next node for the packets at
node i — each one representing the link between the nodes using one of the N channels.

At each hop, the route cost to the base station, J(k), is the cumulative sum of the

costs of the links on the route, which can be written as
J(K)=LC,, .+ Ziikﬂ LCiis =LC,a+I(k+D) (13)

where LC, ., is the link cost between the node at hop k and the node at hop k+1. In order

to find the optimum route, the objective is to minimize (13) at each hop. In other words

at each hop the minimum cost is

3 (k)= min {LC,,,,+J (k+1)}. (14)

1
M €Nics
Ck‘k+1

where N, is the list of one-hop neighbors at hop k., and c, ., is the channel of the link

between hop k and k+1.
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Fig. 3. Wireless network from routing point of view.

Since the most up-to-date optimum route cost to BS (Base Station) is not always
available, instead of J"(k +1) in (14), an estimate of this route cost is utilized [14]. The

up-to-date value of the link cost is available through frequent updates of the neighbors
list. Approximate dynamic programming (ADP) techniques are utilized to find dynamic
routes, while solving discrete-time Hamilton-Jacobi-Bellman (HJB) equation forward-in-
time for route cost. The estimation of cost to BS is approximated by a NN as a function
of state vector of the nodes.

The dynamic routes in [14] were found based on the assumption that there was no
fading channel or shadowing effect in the environment. In that case, measuring the
available bandwidth by just listening to the ongoing traffic could be an acceptable
method. However, in the presence of fading channel and other uncertainties, the available
bandwidth measured by the method above cannot be realistic. Due to uncertainties of the
channel, each communication link has an outage probability [24]. We define an “effective

available bandwidth” that takes into account the time-varying outage probability of the
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link. Using this new definition of the available bandwidth, the link cost calculation and
the selection of the next node along the route is performed by using the outage
probability of the link.

In case of insufficient bandwidth on a certain link, other channels and radio
interfaces between the nodes are utilized, and load balancing among those links and paths
is achieved by using optimization techniques and constraints that are aware of the
channel uncertainties. The estimation of cost to BS is approximated by a neural network
(NN) as a function of state vector of the node at each hop. State vector is defined as
z2(k) =[z,(k) z,(k) z,(K)", where z,(k) , z,(k)and z,(k)are the terms associated
with queue occupancy, effective available bandwidth, and the initial cost to BS, C(k),
respectively.

At each hop, the next nodes are sorted according to their initial cost to Base
Station, C(k).Then in general, if at hop k, there are M possible next nodes, state equation
will be

x(k +1) = x(k) + Bu(k), (15)
where B=[0—x(k) 1-x(k) --- (M-D-—x(k)], and
uk)=L 0 --- 0',or[0 1 --- O]',..or[0 --- O 1", x(k+D)=0,1,....M -1
and u(k) is a vector of length M. The relationship between the state vector, z(k +1), and
state u(k) is

2(k +1) = Z(k +2).u(k) (16)

where the columns of Z(k +1)are the state vectors of the M possible next hops, i.e.

Z(k+1) =[z,(k+1), z,(k +1),...,z,, ,(k+1)], where u(k)=[L 0 --- O, or
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01 - 0],.. or [0 -~ 0 1" and z(k+1)is the state vector of the ith node at
(k+1)th hop. It must be noted that (8) also bonds the state vector, z(k +1), to the scalar
value of the state, x(k +1); state vector z(k +1) depends on the node that is selected to be
(k+1)th hop, in other words it depends on x(k +1). Note that x(k +1)is the node index
from hop k’s point of view. Here the hop index ‘k’ can be viewed as the time index

provided the sample interval is one.

We are trying to minimize the infinite horizon cost function, (13), where

LC, ja =" ()R(K)u(k) (17)

Assume R(k)is an MxM diagonal matrix whose diagonal elements are the

updated link costs from the current node to each of the next nodes.

The optimal decision for (7) that also minimizes (17) is found by [36]

03 (k+1)

uk) = _% R (0B ox(k +1)

, (18)

whereu”(k)and J”(k)are the optimal decision and optimal cost function, respectively.

The cost function is a smooth function. Using the approximation property of

OLAs [38], the cost function can be represented by an OLA:

I(K) =W o(2(k)) + & (K) (19)

where W, is the constant target OLA parameter, &,(k)is the bounded approximation

error, and o (-)is the vector activation function for the cost approximation OLA scheme.



111

The approximation holds for all z in a compact set S. The approximation error is assumed

to be bounded [38] as ||, (K)| < &,, .Where &, is a known bound dependent on S.

Approximating the cost function by an OLA renders
J(K) =W, (K)o (z(k)) =W, (K)o (k) , (20)

where J(k)is the approximation of the cost function, and V\A/J (k) is the actual parameter

vector for the target OLA parameter vector, W, . Vector o(k)is a set of bounded

activation functions whose elements are chosen to be linearly independent basis

functions. Defining the error in the route cost function as in [20]

e, () = LGy, +W; (K)o (k) W5 (K)o (k 1) o

Then the auxiliary route cost error is defined as
E; (k+1) :YT(k)+XT(k)V\A/J (k+1), (22)

where Y(k)=[LC,,; LC. i -LC ;] ad X(K)=[Ac(k+1) Ac(k)---Ac(k— j+D)]
with Ao(k+1)=o(k+1)—o(k), 0< j<k—-1eN. Following the steps in [14], the cost

function parameter update is defined as
A -1
W, (k+1) = X(K)(XT(K)X(K)) (@, E] (K) =Y (K)), (23)

where 0< e, <1. Replacing (17) in (16) results in

E;(k+1) =a,E, (k) (24)
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Definition 6. A set of functionScy(z)z{ai(z)}lL is linearly independent when

L -
Zizli.ai(Z) =0 holdsonly if 4, =4, =---=1, =0.
Remark 1. Without loss of generality, we assume that the cost function parameter vectors

are updated at the nodes in discrete-time intervals{O,l, 2k} Similarly, packets are

updated at each node which is referred to as hop along the routing path as the packet is
moving toward the destination. Therefore, index k represents both discrete-time interval
and hop along the route toward the destination.

Remark 2. In two consecutive hops of the route, k and k+1, it is impossible to

have z(k) = z(k +1) . The two state vectors, z(k) and z(k +1), are different in at least one
element, z(k), and z,(k+1) — the one associated with the initial route cost to BS. By

definition, the route cost to BS is initialized by propagating a beacon from BS. This

cost, C(k), cannot be the same in two consecutive hops.

Lemma 1. Let z(k)and z(k+1)be the state vectors in hops k and k+1. Also let
G(Z(k))={0‘i(z(k))}lL be a set of linearly independent functions. Then the set
Ao (z(k+1)) ={o;(z(k +1)) —o; (z(k))}lL is also linearly independent.

Proof. Suppose that Lemma 1 is not true. Then there exists some set {2,,}1L with some
nonzero A s such thatziL:lﬂiAai(z(k +1)=0.

It can be rewritten as

> A (o 2k +D) =0, (2(k) = X Ao (k+D =3, 4oy (K) =0 (25)
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Equality (20) may hold in two cases.

L L
Case l. D Ao, (k+1)=> Ao, (k)=0. This case is rejected by Remark 2.
i=1 i=1

L L
Case II. Z/llai(k +1):Zﬂ,,ai(k) =0 . This case contradicts the hypothesis of linear
i=1 i=1

independency of (k) ={o; (k)}lL (and also that of o(k +1) ={o; (k +1)}lL ).
Therefore set Ao (z(k +1)) ={o;(z(k +1)) —o; (z(k))}lL is linearly independent. m

Remark 3. Lemma 1 implies that matrix X' (k)X (k)in (17) is invertible ifz(k) #0.

Recalling the definition of the cost function (11) and OLA approximation (13), it can be

noted that when z(k) =0, both definitions of the cost become zero. State vector z(k) is
zero only at BS, because only at BS all the three elements of z(k) (queue length, link

delay, and initial cost to BS) are zero. In other words, once the system states converge to
zero (upon arrival at BS) the cost function approximation can no longer be updated. This
can be viewed as a persistency of excitation (PE) requirement for the inputs to the cost
function OLA. That is, the system states must be persistently exiting long enough for the
OLA to learn the optimal cost function.

Remark 4. It is important to use bounded activation functions in the OLA, e.g. radial

basis  functions or  saturated polynomial  basis  function such as
O'(Z):S(H(z)):(1—6_9(2))/(1+e_‘9(2)). This guarantees||o(k +1)| <o, , which will be

used in the future proofs.

Let the OLA parameter estimation error be defined as

W, (k) =W, =W, (k). (26)
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Recalling the ideal OLA cost function (11), the general definition of the cost

function can be rewritten as

W, o (k) +¢&, (k) =LC, , W) o(k+D) + &, (k +1)

Rearranging the terms, the link cost can be derived as

LC, =W/ (K)-W, ok +1) +¢&,(K)—¢&, (k +1) .

Recalling that Ac(k +1) =o(k +1) —o(k) and defining
Ag, (K)=¢,(k+1)—£,(K),
equation (23) can be rewritten as

LG,y = _WJTAG(k) —Ag, (k) .

Substituting LC, ,, and LC, ., in (14) and (16), respectively, it yields
e, (k) =-W Ao (k) - Ag, (k —1) + W (k) (o(k)—o(k-1))
=W (K)Ac(K) - Ae, (k—1) ’
and e,(k+1) =-W, (k +DAc(k +1)—As, (k).

Recalling e, (k+1) = «,e, (k) from (16), (26) is rewritten as

W, (k +1) :(Ao(k +1)(Ac” (k+DAo(k +1))*1).(aJAaT(k)V\7J (K)+a,Ae, (k—1) - Ag, (K))

(27)

(28)

(29)

(30)

(31)

(32)

(33)

In the following, the boundedness of the cost function error (14), and the OLA

parameter estimation error will be investigated.
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Definition 7. [38] An equilibrium point z,is said to be uniformly ultimately bounded

(UUBY) if there exists a compact set S < R" so that for all initial states z, € S there exists

Theorem 1. (Boundedness of the Cost OLA Errors). Let z(k)be any state vector in the

network along the possible routes from the source node to BS, and let the cost OLA
parameter be updated as in (17). Then, the cost errors (14) and (29) are UUB.

Proof. Consider the Lyapunov function candidate
1 -~ .
Vi (k) =)+t {7 (W, (k) (34)

where #>0.

Similar to Theorem 1 in Paper 2, it can be proved that AV, (k) is less than zero if

(a, +1)2 gh, Ao},
(K : 35
e, )|>\/,6’(1 })Ac, (39)

1 aJ 8JMA0M
M ), > \/A o —alnol - (36)

or

where o} <min{L Ao}, /Acy,} and B>0.

According to standard Lyapunov theory [38], it can be concluded that AV, (k)is
less than zero outside the compact set given above. That is, the cost function error (14),

and the OLA parameter estimation error (26) are UUB. [
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Next in the following corollary, it will be shown that the decision vector
approaches the optimal value in an approximate manner.

Corollary 1. (Boundedness of the decision vector). Let G(k) be any decision vector for

the selection of the next hop node in the network along the possible routes from the

source node to BS, which is updated as

; 8J(k+1)

k)= _% R* (0B ox(k+1)

(37)

Then there exists a bound &, > 0such that

t(k)—u"(k)| <&, ask —co. In other

words, a near optimal path results as the number of hops increases.
Proof. See Corollary 1 in Paper 2.
Remark 5. If the size of the approximator is increased (the number of neurons are
increased), the approximation error becomes zero. This reduces the error bound on the
optimal decision.
E. Load Balancing

Once the next node in the route is determined by the routing algorithm in section
D, the effective available bandwidth is compared to the desired bandwidth/rate at the link
which is defined by the received data packets that need to be relayed, or the packets that
are generated by the current node. If the link is not able to provide the desired bandwidth,
then the other channel links between the two nodes are examined. If they can
cumulatively provide the desired bandwidth, the flow is directed to the next node through
load balancing over the multiple channels between the two nodes. This is done by

utilizing optimization techniques [25].
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1) Load Balancing over Multiple Channels between a Pair of Nodes
Recall that in the link cost,(5), the term associated with bandwidth is inversely
proportional to the effective bandwidth. Therefore, this term of the link cost for choosing

the link between the nodes i and j, using channel m can be defined as

m

r.
Cr(rmy=— 38
'xJ( 'xJ) EBWIITJl _r.IrT} ( )

where 1"} is the rate assigned to the link, and EBW," is the effective available bandwidth

on channel m between nodes i and j. Also assume that there are M channels available

between nodes i and j. Then the load balancing problem can be written as

M
minimize Ci,j(ri,j) ZZC%(H?}) (39)
m=1
subject to: 0< r,mJ < EBV\/{'} ,form=12,...M (40)
M
20 =r (42)

where rif’j is the desired rate between nodes i and j. Minimization of (39) implies that

0
ar;“j

M

[Zcif*‘j(rif'})jzo,for m=12,..,M (42)
m=1

Hence the optimization problem can be written as

< 0 . .
Z;mci,j(ﬁ,j)(ﬁﬂ—ﬁ,;n)zo 1 (43)
m=1 Ul j
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and0<r" <EBW", for m=1,2,..,M ,and Zr.:r..where 7y ={r7}is the optimal

i,j — [ ! 1)

solution. It turns into [25]

r; >0 onlyif — ar —C,,(r)>2— pm c”( L) forall ~me{1,2,.. ,M}-{*m}.  (44)

i,j ij

In other words, (44) implies that [25] in optimal solution, the first derivative of

the cost should be equal on all the paths that are assigned a part of the flow r°., the first

I ,,
derivatives of the cost of optimum paths with respect to their flow should be equal or
smaller than the first derivative of the cost of the other paths with respect to their own
flow.

From (38) it can be concluded that

0 Cm my _ EBWIHJ] 45
=GR = 2 (45)
oy (EBWS —r7)

Let flow rif’j be split among m out of M channels. Conditions (a) and (b) require

that the first derivatives of the m channels must be equal, and they should also be smaller

than or equal to the first derivatives of the remaining channels which is given by

EBW-l- EBVVLZJ- EBWL";
EBW —r"1)’ TEBWZ —r2V  (EBW™ _r ) (46)
( ) ( i r"i) ( ij I'i,j)
EBW," 1
and < @)

(EBW,, —r7)°  EBW
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for n=12,...m and I=m+1m+2..,M, where r;>0, r;>0, .., r,">0 and

rit=r?=...=r " =0. r" is the optimum rate assigned to the link, and EBW,"} is

the effective available bandwidth on channel m between nodes i and j. The channels are

sorted in descending order with respect to their effective available bandwidths, i.e.

EBW', > EBW >---> EBW .
Therefore, the proof in [25] for multiple channels over a link provides that (46)

and (47) are the requirements for the optimal load balancing. Now recall (11), where at

each time point k, the effective available bandwidth, between nodes i and j using channel

mis
EBW (k) = (1P, (€)) BW,T. (48)
By substituting (48) in (46) and (47), it yields
(-, (0)BWS (RS M)BWT  (1-PD (K)BWT
(-ra, G)ews ) ((1-ri, ewy i (e to)ewr ) )
and (l_ Fow, (k))'BWi’ajn < ! (50)

((-Pa, o) By —r ) (LR, () B

il

for n=1,2,..,m and I=m+1m+2,..,M, where r;>0, >0, .., r>0 and

*m+l _ Fm+2 _ M
Lp =Gy =-=rh;=0.

Theorem 2. For multi-channel multi-hop networks, available bandwidth-based load

balancing results in inefficient routing of flows among the links.
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Proof. Proof is provided by a counterexample. Consider the load balancing problem for a

two-channel/link case in which BW.*' < BVVif‘f. Using Available bandwidth [26] in load

ij —

balancing means that the outage probabilities are assumed to be zero, and the case is

reduced to

Case l. 7 =r and r’; =0. From [25] and [26],

BW,*’ 1
(W) W

Iy

It is simplified as
*, a2 al a2
r; < BW —,/BVVH.BVVLJ. ,

*

- 2 * *2 d
Casell: r,; >0, r>>0and r;+r; =r . From [25] and [26],

BW,* BW,*2

(Bw-ri) (BWF-rf)

/] ij

It can be simplified as

[ BW?22 | r% —BW* +,/Bw.a.l -BW.22
hj _ i,j ) 1] 1) 1] 1) 21
BW | rd —BW? + [BW* . BW??

(51)

(52)

(53)

Note that if only the available bandwidths are taken into account in load

balancing, the link using Channel 2 is assigned a greater rate, i.e. [ ; <r:. However, in

the presence of fading channels, mobility, etc, it is quite possible that the link with the
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greater bandwidth have a greater outage possibility. In this case, assigning a greater flow
rate to the link using Channel 2 only increases the dropped packet rate on that link. |
Theorem 3. For multi-channel multi-hop networks, effective bandwidth-based load
balancing yields an efficient distribution of flow among the links.

Proof. Consider the same two channel/link case in Theorem 1. Assume that

BW® < BW.?

i <BWY, while the fading channels and interference causes Channel 2 to have a

greater outage probability and consequently a smaller Effective Bandwidth,

EBW > EBWY. In other words, (1-Pj, (K)).BW? =(1-PZ (k))-BWY . Now the

load-balancing problem according to Effective bandwidth can be solved as following.

Case l. r;; =t and r; =0. Recall (50) where

(1P, () BWS 1 (54)
({12, o) mw =) (1P, (0) BT
It is simplified as
(1-R2,, (0) BW (1- P2, 00)) B2 <((1-P, () BWE-r%),  (55)

and then

ru*Jl Sﬂl_\}ﬂl'ﬁz , (56)

where g, = (1— Po:ht” (k)).BV\/if*jl, B, = (1_ Pozutm (k)).BVVif’jZ and S, > p,.
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Casell: r; >0, r?>0and r} +r; =1 . Recall (49), where

(1-Pi, () BWS  (1-R2 () BWY

(1P, 00) B - r{f})z (2P, 00) BWE -1 )2 |

It can be simplified as

\E(ﬂl - rn*Jl) - \/E(ﬁz - rl*Jz) (57)

where S =(1-Px, (K))BWS, B, =(1-PZ (k))BWYand g >4, Then (57) can be

rewritten as

B, BB, =INB - BB (58)

Recalling r;+17 =1, (58) is simplified as
*1 d
ﬁ_;éz /ﬁ ri,dj B+ B 51, (59)
riJ 182 ri,j_ﬂl"" :Blﬂz

where f, = (1-Py, (k))-BW3, B, =(1-P%, (k))BWTand 5> 4.

out;, out;,

It can be seen that our proposed load-balancing algorithm assigns a higher data
rate to Channel 1, whose effective bandwidth is greater. In other words, unlike the
Available bandwidth method, it avoids allocating a higher data rate to a link which is
more likely to have an outage. [ |
Remark 6. For the cases with more than two channels/links, the proof can be done by

induction.
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Remark 7. It is also noteworthy if the outage probabilities are zero, the solution in (49)

and (50) would be the same as the solution in [25].

2) Load Balancing over Multiple Paths with Common Source Node

Recall that the link cost for choosing the link between nodes i and j, can be

m

r.
defined as (38) , Cj(r}) = —=—=—— where ris the rate assigned to the link, and
IR EBW :

EBW, is the effective available bandwidth on channel m between nodes i and j. Also

assume that channels peP(Pg{l, 2,...,M}) are used for communication between

nodes i and j. In addition, assume a similar multiple channel communication link between

n

r
" where channels

nodes i and I, with the link cost for channel nas C/\(r]) = —————
S EBWi,I —f

geQ (Qc {1, 2,...M }) are used for communication between nodes i and |.

Then the load balancing problem over the two paths (i,j) and (i,I) the can be

written as

minimize Ci,j(ri,j)+ci,l (ri,l)zzcif)j (ri,pj)+zci(?l (r.q|) (60)

peP qeQ

subjectto: 0<r” <EBW?"

ij — ij?

for peP, Pg{l,Z,...,I\/I}

0<rd < EBW, Qc{L2,.,M)}

o= i for qeQ, (61)

PR N AT A (62)

peP qeQ

where r“ is the desired flow rate at node i.
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Sort all the communications links according to their effective available

bandwidth, e.g.

EBW,” > EBW% >...> EBW, " (63)

ij —

u(P)+u(Q)
where 1(P) and x(Q) are the size of set P and set Q, respectively. Notice that the

intersection of P and Q can be non-empty. In order to avoid the interference between two
neighbor links that are using the same channel, the total set of available channels over
links (i,j) and (i,l) should be reduced as presented in Table I.

Now the optimization problem (60) is reduced to

minimize:  C,;(5;)+C,,(r,) = > C/ (r})+ X Cii (1] (64)
pekr qeQr
subjectto: 0<rf <EBW], for pep,
q q
0=ty <EBW, , for e Q; (65)

PRAED AT A (66)

pePq qeQg
where r“ is the desired flow rate at node i. Solutions in (49) and (50) still apply, however,

instead of M channels between nodes i and j, it is over (P )+ (Qg) channels and over

two paths (i,j) and (i,I). Note that the solutions above can be extended to multiple links.

The reduction algorithm must be run for the channel sets of all the paths.
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TABLE |. PSEUDOCODE FOR REDUCING THE CHANNEL SETS TO AVOID CHANNEL

INTERFERENCE.

REDUCTION(P,Q)
1sort elements of P such that
EBW,* > EBW," >...> EBV\Ii,"j“‘P)
2sort elements of Q such that
EBW% > EBW% >...> EBW, |
3B, «Jand Q; « I
4for each p, € P

5 foreach g, €Q
6 if EBW" >EBWS

7 then P, < R, up,

8 if p,eQ

9 then Q< {qeQlq=p,}

10 else

11 QR(_QRqu

12 if q,eP

13 then P« {peP|p=q,}

14 return P,and Qg

F. Analysis of the Cost of Multi-path Route
When the flow is divided among multiple paths, the cost of routing the flow is no
longer the cost of a single path. In order to find the equivalent single-path cost for flow fy,
for multiple paths, the route cost should be taken into account along all the paths the flow
is traversing. The following equation for the routing cost of flow f, at hop k, Jim(k),

should be satisfied

35, (=2 3,(K)= 3 (LC, s + 3, (k +1)) (67)

peP peP

Jp(K) is the route cost on path p from hop k to BS. Set P is the set of the paths that flow f;,
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is distributed among at hop K. LCyk+1;p IS the link cost between hop k and hop k+1 on path
p. Jp(k+1) is the route cost from hop k+1 on path p to BS. Subsequently, the routing

optimization problem would be

Nea€Nio | pep
C k1

J; (k)= min {Z(Lck,mp +J; (k +1))}, (68)

where N is the list of one-hop neighbors at hop k, and c,,., is the channel of the link

between hop k and k+1. It must be noted that minimization of the route cost of the

individual paths is taken care of in (14). In other words,

Ji (k)= “min {Z(J;(k))} (69)

1 pGP
M1 €N

C k+1

where J*p(k) is the route cost from hop k to BS on path p. Note that if the available

bandwidth on one path/link is sufficient, the route will be single-path, and consequently

Ji (k) =J,(k). However, if the available bandwidth on one path/link is not sufficient,

additional links are selected and the flow is distributed among them based on the load
balancing algorithm in Section E. The steps are presented in Fig.4.

In the following, the multi-path routing which exploits the forward-in-time
adaptive dynamic routing (Section D) and load balancing (Section E), is proven to

provide the near optimal routes.
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Theorem 4. Let J i (k) be the estimated cost of the multi-path route for flow f, from hop
k to BS. Then a bound &, exists such that
ﬁ%wagwﬂSQJm k >k, (70)

Proof. Recall that at each hop k, the multi-path route cost is calculated by

3, )= (3,)

peP
where jp(k) is the estimated route cost along the individual path p. It is estimated by the

forward-in-time dynamic routing in Section D, (20)

3, (0 =W, (o (z,(K) =W, (K)o, (K) (71)

where V\A/J;p(k) is the cost OLA parameter along path p (which is updated using (23)). In

Theorem 1 it was proved that the OLA parameter estimation error is bounded

1 A . . ..
(”\N ~W, (k)H %) EmAoy ). Also in Corollary 1 it was shown that the decision
\/Aamm —aJZAU,\z,,

vector results in near optimal routes as the number of hops i

Subsequently, one can conclude that

\%my&“mkg,mrkz% (72)

On the other hand, recall that the multi-path route cost can be written as

3 (0= 3,0) = 3 (LC,ypp + I, (k+D)

peP peP



128

m
r-k,|<+1

m m
Wk,k+l - rk,k+l

where LC, ., contains the term . Recall that r,,, is the data rate

assigned to the link between hop k and k+1 using channel m, and EBW(,,, is the

m

r
Effective available bandwidth on that link. Recall that C;"\ ., (r\,,) = ke is

m m
EBWk,k+l - rk,k+1

the cost that was used in load balancing algorithm to assign the rates among several links

such that
minimize > Cl . (.0) (73)
R,
nk+l€N&

subject to: 0<r,,, <EBW/,,,, for peP

Z rkrT]k+l = Ide ) (74)

peP,
k+lep,
s\

Combining (72) and (73), one can write

<&, for k=k, (75)

23, -235(K)

peP peP

and subsequently

‘iﬁ@—ﬂﬂds@,mrkza. (76) -
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node k
receives flow

using the Adaptive Dynamic Routing (Section
D), find the next node, k+1, and the channel
for the link (k,k+1)to minimize the route cost

does the link selected in the
previous step provide

sufficient bandwidth for the

flow?

A 4

exploit an additional link that
provides the next best cost

do the links selected in the
previous steps provide

sufficient bandwidth for

the flow?

distribute the flow among the links based on
Load Balancing Algorithm (Section E)

start transmitting the data o the next
node(s) according to the assigned rate

Fig. 4. Flowchart of multi-path routing.

G. Analysis of End-to-End Delay
As a packet enters the networks and traverses through it, until it arrives its
destination node, it faces an end-to-end delay. The end-to-end delay is the sum of the

delays on each communication link taken by the packet. The link delay is consisted of the
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following components: processing delay (doroc), queuing delay (dg), transmission delay
(dw), and propagation delay (dprop). Subsequently, the link delay between nodes i and j,

can be written as following

0 (i, 1) = oo )+, )+l 1)+l G, ) (77)

Processing delay at node i, dproc(i), is the delay between the time the packet is
received at node i, and the time the packet is assigned to an outgoing link queue. It
includes the time that is required by node i, to decide to which node the packet should be
sent; i.e. the route discovery/recovery delay.

Queuing delay is the delay between the time that a packet is assigned to an
outgoing queue for transmission, and the time it starts being transmitted. It can include
the time that it takes for node i to detect a clear carrier/receiver. If the protocol utilizes
RTS/CTS messages, the queuing delay includes the delay between the time node i sends
the RTS message and the time it receives the CTS message from node j.

Transmission delay is the delay between the times that the first and last bits of the
packet are transmitted. It depends on the packet size and data rate of the transmitter node.

Propagation delay is the delay between the time that the last bit of the packet is
transmitted at the transmitter node (node i), and the time that it is received at the receiver
node (node j). It must be noted that the propagation delay depends on the physical
characteristics of the link, and is independent of the traffic carried by the link.

Subsequently, the end-to-end delay of a pack that traverses a path P, can be

written as the sum of the link delays along path P.
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dEndToEnd = Z dl (I! J)

leP,

ijel (78)
= 3 (e (1) 4y (D) + Ay (D) + e i, 1)

leP,
i,jel

Let find each of the delay components assuming that the adaptive dynamic
routing (proposed in Section 11.D) is utilized.

Processing Delay. Once a packet is received at a node, the online estimator parameters,

V\AlJ (k) , should be updated so that the remaining route cost can be estimated and the node
with the lowest cost be selected as the next node. Recalling (14) and (17), the

computation cost of updating V\A/J (k) can be written as

Ci, =C+C+C+C, +C +Cy, (79)

where C; is the computation cost of calculating E;(K) (in (14)). It is derived as
C, = Lyen (1+3L; ) instructions, (80)

where Lyen 1S the length of the memory window that is used in parameter estimation (i.e.

the size of vector E;(k)), and L is the size of the parameter vector W, (k) .

C, is the computation cost of calculating «,E] (k)=YT (k) (in (17)) — given that the

vectors E;(k) and Y;(k) are provided. It is derived as

C,=2L instructions. (81)

Mem
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Cs is the computation cost of calculating X (k)X (k) (in (17)). It is derived as
Cs =(Lyen) (2L, ) instructions. (82)

C, is the computation cost of calculating the inverse of X' (k)X (k) (in (17)). It depends

on the algorithm that is used for matrix inversion. Assuming that DCM (Divide-and
Conquer Matrix inversion) algorithm [27] be used for matrix inversion, the cost is
derived as

1 1

C,= E( Luen )’ + 5( Lyen ) instructions. (83)

Cs is the computation cost of multiplying (XT(k)X(k))_l and (a,E;] (k)-Y'(k)) (in
(17)). It is derived as

Cs = Lyen (ZLME'") instructions. (84)

Finally, Cq is the computation cost of multiplying X(k) and

(XT (k)X (k))’l(aJ EJ (k)=YT(k)). Itis calculated as

Co=Lw (ZLMem) instructions. (85)

Therefore, cost of updating the estimation parameter vector, V\AlJ (k) , is calculated

as

Cy, = %( Lyen ) +(g +2L, j( Lyen)” +(3+2L; ) Lyen instructions. (86)
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Subsequently, the estimation of the remaining route cost can be calculated as in
(13), with computation cost of

C, = %(LMem )’ +(g+ 2L, ](LMem )’ +(3+2L, ) Ly +2L,, instructions.  (87)

Assuming that the processor the node has a speed of Syoc MIPS (Million

Instructions Per Second), the processing delay of the packet at node i would be

dproc(i) = Cj/Sproc

B (328 (#3428, 28, |

(88)

Queuing Delay. Let assume that 802.11 MAC is utilized and RTS/CTS messages are

used to find the proper time to transmit the package. The queuing delay would be a
function of the number of the packets that are already in the queue, and the RTS/CTS

delay.

dq (I) = dexistinPackets (I) + dRTS/CT5 (I) , (89)

where dexistingpackets(i) iS the delay associated with the existing packets in the queue , and
drrsicrs(i) is the RTS/CTS delay.

It must be note that the RTS/CTS delay is consisted of transmission delay for RTS
packet, propagation delay for RTS packet, responding delay at the receiver node,
transmission delay for CTS packet at the receiver node, and propagation delay for the
CTS packet. Assuming that the receiver node has not failed, and the communication link

between the transmitter and receiver nodes is not jammed, the RTS/CTS delay is bounded
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as

min max
dRTS/CTS < dRTS/CTS < dRTS/CTS (90)

LRTS + LCTS + 2d

, and Lrts and Lcts are the size of the
prop
DataRate, DataRate;

min
where dRTS/CTS =

RTS and CTS packets, respectively. DataRate; and DataRate; are the data rates at the
transmitter node (node i) and the receiver node (node j), respectively. dprop is the
propagation delay of the packet between nodes i and j. Note that the propagation delay
between the two nodes is assumed to be the same in both directions.

Assuming that the receiver node is alive, and the communication link between the

transmitter and receiver node is not jammed, it can be assumed that the receiver node can

receive an RTS message and respond to it properly at least every Og,g,crs - In other words,

dg%/ms = drTTig/CTs +Ogrsicrs -
The portion of the queuing delay that is associated with the existing packets in the

queue can be calculated as

dexistingPackets (I) = (qLen(I) _1) ' (d RTS/CTS + dtx (I)) (91)

where gLen(i) is the queue length at the transmitter node (node i), and di(i) is the
transmission delay of the packet at node i. Assuming that the maximum queue length at

max

the nodes is gLen™", the queuing delay at node i will be bounded as following

d, (1) < (alen™ —1)-(dicrs +dy (1) )+ diiresers (92)

In the following derivation of the transmission delay is presented.
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Transmission Delay. Assuming that data rate at node i is DataRate; , and the size of the

packet is L, transmission rate of the packet is calculated as

L
d, (i)=———. 93
() DataRate, (93)

Propagation Delay. Propagation delay of a packet only depends on the physical distance

between the transmitter and receiver nodes, and the speed of light. It is calculated as

dProp (i,j)= diSt(Ei' J) | (94)

where dist(i,j) is the distance between the transmitter node i, and the receiver node j, and

¢ ~3x10° m/s is the speed of light.
Subsequently, recalling (78), and using (88), (92), (93) and (94), the upperbound

for the end-to-end delay of a packet traversing along path P can be derived as

dEndToEnd = Z(dproc(i)+dq (|)+dtx(|) +dpr0p(i’ J))

leP,
i,jel

< ;H;(me+(‘;3+2ij(|_mm)z +(3+2L; ) Ly +2ij/8pmc

max max Lp max
+(q|—en _1)' dersicrs + o |+ drsiers

DataRate,
L, | dist(i, j)
DataRate, c

(95)

It must be noted that the availability of fast processors makes the processing delay
very small. The processor speed, Sproc, Can vary from 7.37 MIPS for Crossbow MICA2

motes [28] to 100 MIPS for Missouri S&T G4-SSN motes [29] and 235 MIPS for iPaQ
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motes [30]. Furthermore, the propagation delay is significantly small except for the

satellite links — which is not the case in the networks studied in this research.

I1l. SIMULATION RESULTS

This section compares the performance of three methods of load balancing: a)
load is equally distributed among the channels, b) load balancing with respect to
Available bandwidth [26], and c) our proposed method, load balancing with respect to
Effective bandwidth. In the rest of this paper, for brevity, they are referred to as EQ,
ABW, and EBW respectively. The protocols were implemented and evaluated in NS-2
[37].

Each node is equipped with three transmitter radios and three receiver radios.
Each pair of the transmitter/receiver is tuned on a different channel (Channel 1, Channel
2 and Channel 3 of IEEE802.11). Packet size was set to 256 bytes, and data rate of
15Mbps was started at t = 5 sec. MAC rate was set to 11Mps so that the MAC layer
bandwidth do not limit the overall bandwidth of the network. Queue length was set to 50,
and Rayleigh fading was implemented as a special case of Nakagami fading [32], where

mO_=ml_=m2_=1.0. In order to create a non-stationary environment, a distortion

was injected to channel 1 between t = 7sec and t = 11sec. This was done by varying the
gamma_ values of the Nakagami fading [32], and generating interference on Channel 1
between t = 7sec and t = 11sec. The interference at the receiver, received on Channel 1,
Channel 2 and Channel 3, is illustrated in Fig.5. It shows the interference on Channel 1,
induced between t = 7sec and t= 11sec.

Fig. 6 and Fig. 7 illustrate the SIR level of Channel 1, and channels 2 and 3 when
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the three load balancing methods (EQ, ABW and EBW) were applied respectively. The
distortion period in Channel 1 can be seen in the three cases. It can also be noticed that
the SIR level in Channel 2 and Channel 3 remains almost constant. The outage
probability of the three channels for the three cases of load balancing is shown in Fig. 8.
It can be noticed how the outage probability in Channel 1 is highly variable during the
distortion time. It can also be notice how the outage probability in Channel 1 increases

during this time because of the increased distortion on the channel.

8.00E-06 SIR of Channel 1
. # chanl
— 7.00E-06 55 4
é . w chan2 = chanl-EQ 5
£ 6.00E-06 a5 . “
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5 5.00E-06 % = Ry
% “’ 35 o chanl- EBW - d{?
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Fig. 5. Interference at the receiver on Channels  Fig. 6. SIR of channel 1 between two nodes.
1,2, and 3, when interference is induced on
Channel 1 between t=7 sec and t=11sec.
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Fig. 7. SIR of channel 2 and channel 3 between Fig. 8. Outage probability of the three channels
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Fig. 9 represents the available bandwidth and effective bandwidth of Channel 1
when the load balancing methods EQ, ABW and EBW are applied respectively. It must
be noticed how the Effective bandwidth is smaller than the Available bandwidth in all the
cases, especially during the distortion, when the outage probability is high. It shows that
the Effective bandwidth provides more realistic information about the channel conditions
in the presence of uncertainties and distortions.

Fig. 10 shows the Available bandwidth and Effective bandwidth of Channel 2
when the load balancing methods EQ, ABW and EBW are applied respectively. It can be
seen that the Available bandwidth and Effective bandwidth of Channel 2 are more
stationary compared to Channel 1. Also the difference between the values of these two
bandwidths is not as significant as it was in Channel 1during the distortion. However, it
can also be noticed that the distortion in Channel 1 slightly affects the Awvailable
bandwidth and Effective bandwidth in Channel 2. The available bandwidth and effective
bandwidth in Channel 3 are similar to those of Channel 2. Therefore, for the sake of

saving space, they are not presented in this paper.

g Bandwidth of Channel 1 . Bandwidth of Channel 2
x chanl-EQ x chan2 - EQ
7 (Available BW) mm ————— 7 (Available BW) mm
+chanl-EQ == + chan2- EQ m
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-~ . £
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& , | ochanl-EBW 2| (Available BW) - h
(Available BW) 1 | ¢ chan2-EBW
1 o chanl- EBW 0 (Effective BW)
(Effective BW)
0 =

01 2 3 4 5 6 7 8 9 1011121314
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Tinze (?ec)
Fig. 9. Available bandwidth and effective Fig. 10. Available bandwidth and effective
bandwidth of channel 1 between two nodes. bandwidth of channel 2 between two nodes.
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Finally, Fig. 11 and Fig. 12 present the throughput in the three links on Channels
1, 2 and 3, using EQ, ABW and EBW, respectively. Note how equally distributing the
flow among the links degrades the throughput in Channel 1, and also in the other two
channels. Note how the EBW method is able to maintain the throughput in the other two
channels and provides a slightly better throughput in Channel 1. Using the EBW method
for load balancing, and also using the new proposed routing method, simulation was run
for a network of 100 nodes in a 500mx4000m area, and throughput at the destination
node was measured (see Fig. 13). It can be seen that the channel distortion affects the
total throughput when the routing protocol is AODV. However, NEW protocol is able to

compensate for the drop in throughput by finding alternative route and load balancing.
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Time (sec) Time (sec)

Fig. 11. Throughput of channel 1 between two

Fig. 12. Throughput of channel 2 and channel 3
nodes

between two nodes.
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Fig. 13. Throughput of the network for one data flow in the presence of Rayleigh fading over
channels, and distortion on one wireless link.

Figs. 14 and 15 illustrate the throughput packet drop rate in mobile case for the
above scenario for various node speeds (5, 10, 15 and 20 m/s) and various hop distance
from the destination (BS) (20 and 50 hops). It can be noticed how the NEW routing
protocol, using Effective bandwidth in link cost metric and load balancing outperforms
AODV when the average hop distance between source and destination is 50 hops. On the
other hand, when the average hop is small, AODV provides a higher throughput. The
reason is that our proposed routing protocol requires a minimum number of iterations

(hops) to converge; therefore, for small hop distances AODV has a better performance.

—a a0dv_20h,
—a- 30dv_50h
—m-NEW_20h
—m-NEW_50h

Throughput (Mbps)
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]

Dropped packets (Mbps)
w

5 10 15 20
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Fig. 14. Throughput of the network in the

- ! ] : Fig. 15. Packet drop rate of the network in the
presence of Rayleigh fading and distortion.

presence of Rayleigh fading and distortion.
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Fig.16 shows the energy efficiency (joules/packet) in mobile case for the same
scenario for various node speeds and various hop distance from the destination (BS). The
NEW routing protocol that utilizes available energy in link cost, and also uses Effective
bandwidth in link cost metric and load balancing outperforms AODV. Furthermore, the
dynamic and forward-in-time nature of the NEW routing protocol eliminates the frequent
route discovery and route repair messages, and thus contributing to higher energy

efficiency of the NEW routing protocol compared to AODV.

b
wn

Energy Efficiency (packets/joule)
o (=3 o o
[ [N} w IS

{
¥

o

speed (m/s)

Fig. 16. Energy efficiency of the network in the presence of Rayleigh fading over channels, and
distortion on one wireless link.

Figs. 17 and 18 illustrate the network throughput and the packet drop rate for
varying data rates. The node movement speed was 5m/s and various hop distance from
the destination (BS) (20 and 50 hops) was examined. It is notices that for the low data

rates, where the channel capacity can handle the flow, the drop rate is zero. As the data
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rate increases, and exceeds the capacity of one channel (here it happens at data rate of
10Mps), packet loss starts, and the additional channels (in this scenario Channel 2 and
Channel 3) and load balancing are utilized. It can be noticed that when the average hop is
larger, our proposed routing protocol provides a higher throughput. The reason is that our
proposed routing protocol requires a minimum number of iterations (hops) to converge;

therefore, for small hop distances AODV has a better performance.

—d aodv_20h
=i aodv_50h A
2.5 -m-NEW_20h 7
—m-NEW_50h !

Throughput (Mbps)
Dropped packets (Mbps)
-

w

0.02 0.2 2 10 15 0.02 0.2 2 10 15
Data Rate (Mbps) Data Rate (Mbps)

Fig. 17. Throughput of the network for varying ~ Fig. 18. Packet drop rate of the network for
data rate in the presence of Rayleigh fading and ~ varying data rate in the presence of Rayleigh
distortion. fading and distortion.

1\VV. CONCLUSIONS

This paper proposed an adaptive routing protocol for multi-channel multi-
interface wireless ad hoc networks in the presence of channel uncertainties. Time-varying
outage probability for the channel links were determined by modeling the channel as a

Markov model, and subsequently used to estimate the channel condition by MLE.
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The outage probability and channel estimation were utilized in load balancing
over multiple links. Bellman’s principle of optimality and nonlinear optimal framework,
as well as OLA, was utilized to find the routes reactively. The OLA used the link and
channel conditions such as the effective bandwidth (which is defined by outage
probability and available bandwidth), link delay, queue occupancy and available energy
in the next node to estimate the route cost from the next node to Base Station.

Simulation results in the presence of Rayleigh fading over the wireless channels,
and distortion over one channel show that the effective bandwidth as a function of outage
probability can be a more precise estimation of the available bandwidth of the channel.
Once used in load balancing, it outperforms methods EQ and ABW. Simulation results
also showed that the proposed routing method is able to compensate for the drop in
throughput by load balancing and finding alternative route. Furthermore, by performing
the forward-in-time route discovery, it improves the energy efficiency by avoiding

flooding the network with route repair/route discovery messages.
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APPENDIX A
Theorem A.1l: Consider a Markov chain with N states. Let the MLE of the transition

o N-1 N-1
probabilities be defined as , ; =% where ¢ qu” , and Zqi =n. Prove that

i j=0 j=0

lim ., = pr, (A1)

1) ,
n—ow

where p/jis the long-run transition probability from state s to state s;
pio,oj = P(Xk+l =3; | xk = si)'
n-1
Proof: Recall that n, , =lek (s)Ix, . (s;), where 14(.) is the indicator function. It can be
k=1

written

n-1
|

x, (8., (8)) (A2)

The RHS of the above equation is the time average of indictor function, and
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converges to expectation

lim i _ E[ 1, (s)1x.,(5)) ] (A3)

nN—oo n _1

Also recall that for indicator function, E[lA(X)] =IdP = P(A), therefore
A

E[ 1 ()15, () | =P(Xi =5 X =5, ) = P(Xy s =5, 1 X, =5).P(X, =5).  (A4)

Recall that the long-run transition probability, and long-run state probability are

respectively p; =P(X,,;=s;| X, =s,),and p;, =P(X, =s;). Therefore

lim L _ p-b - (A.5)
n%wn_l !
N-1 n-1
Now consider g, :Zqi'j ZZ'xk (s;). Similar to what was done in (A.2), by
j=0 k=1
dividing both sides by n-1, it yields
lim -3 — im iﬂil (s) |=E[1,)]=P(X, =5)=p (A.6)
“%wn—l Neson n_1k=1 X \¥i X \¥i k i i '

Thus it can be written

A .0 . Qi ; o} pio,o"pi w
i, =tim o=t /8 =P D .
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4. Distributed Cooperative Resource Allocation for Primary and
Secondary Users with Adjustable Priorities in Cognitive Radio
Networks

Behdis Eslamnour, S. Jagannathan and Maciej Zawodniok

Department of Electrical and Computer Engineering
Missouri University of Science and Technology
Rolla, MO, USA
e-mail: {ben88, sarangap, mjzx9c}@mst.edu

Abstract— The ability of cognitive radio to sense the spectrum and adapt its parameters
in response to the dynamic environment makes it an ideal candidate for resource
allocation of spectrum in wireless networks, especially co-existing and emergency
networks. In the two latter networks, the secondary users should sense the spectrum and
adapt their parameters such that they can use these resources without causing a
degradation or interference to the performance of the primary/licensed users. Therefore,
in this paper, a decentralized game theoretic approach for resource allocation of the
primary and secondary users in a cognitive radio networks is proposed. In this work, the
priorities of the networks are incorporated in the utility and potential functions which are
in turn used for resource allocation. It is demonstrated analytically by using the potential
and utility functions and through simulation studies that a unique NE exists for the
combined game with primary users (PU) and secondary users (SU), and the combined
game converges to the NE.

Keywords-cognitive radio netoworks; resource allocation; game theory; Nash
Equilibrium; potential games; Bayesian games; imperfect information
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I. INTRODUCTION

Cognitive networks [1] have emerged as a new communication mode promising
improved spectrum utilization and faster and more reliable network service. The two
distinct characteristics of cognitive radios are cognitivity and configurability which
enable the cognitive radios to sense the dynamic environment and adapt their parameters
to optimize their performance.

Game theoretic approach is one of the ways to perform resource allocation,
organize the networks and their users’ behavior within the network and also with respect
to the co-existing networks [2]-[8],[10],[13]. Existing game theoretic approaches such as
[8] and [10] have taken a non-cooperative approach to power, joint power and rate
control with Quality of Service (QoS) constraints, respectively. By contrast, a
cooperative approach was taken in [3] to maximize the channel capacity. In [7], a
framework for cooperation among the primary and secondary users is introduced. An
interference avoidance protocol for peer-to-peer networks was presented in [4] that
assumed either the network is centralized, or the receivers are co-located.

The utility function used in the literature is a function of bit-error-rate [5],[8],[10],
a combination of the signal power and interference power at the receiver [3] , or signal-
to-interference ratio [5]. Depending on the approach, the convergence and optimality of
the algorithms are proven by using the existence of either Pareto optimality or Nash
equilibrium (NE), existence of potential functions as well as the uniqueness of NE.
However, the existing approaches [4], [5], [8] and [10] are applicable to a single network,

or networks with equal priorities.
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In [5], where primary and secondary networks are considered, it is assumed that
there is only one primary user in the network. Though this work can be generalized to
more than one primary user, the utility function is not discussed which takes into account
the interference caused by the additional primary users (PUs). The work of [3] considers
primary and secondary networks with the primary network using time division multiple
access (TDMA) protocol where PUs cannot transmit at the same time. Unless the PUs
communicate to a base station, the interference caused by a hidden node during
communication among PUs, is not addressed.

On the other hand, authors in [5],[7],[10] have provided the presence of a unique
NE. However, the convergence of the combined game with primary and secondary users
is not shown since finding a utility function that provides a unique NE for the combined
game is rather difficult. Others assumed a single game with homogeneous players [4], or
only consider a single PU node and a set of SU players [3],[5]. By contrast, in this paper
a decentralized game theoretic approach for resource allocation of the primary and
secondary users in a cognitive radio network is proposed by relaxing these assumptions
and defining priority levels. The priorities of the networks are incorporated in the
proposed utility and potential functions. It is demonstrated analytically and through
simulation studies that a unique NE exists for the combined game with primary users and
secondary users (SU). Since the interaction among the networks and their priority levels
are incorporated in the functions, the proposed game can be extended to a game among
multiple co-existing networks, each with different priority levels.

The contributions of the work include the incorporation of priority levels in utility

and potential functions, analytical proofs of existence and uniqueness of NE for the PU
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and SUs by using these functions with priority levels, and existence of the NE for the
combined game. The net result is a game theoretic approach applicable to multiple co-
existing networks.

Therefore in this paper, after presenting the system representation of a cognitive
network in Section Il, the individual games for primary and secondary networks are
proposed, and the existence and unigqueness of NE for each of the networks is shown in
Section I1I. Then by incorporating priority parameters, these two games are combined
and the existence of NE for the combined game is proven through exact potential
function. Section IV presents the simulation results, showing the convergence of the

games and effect of priority parameter. Finally, Section V concludes the paper.

Il. SYSTEM MODEL

We consider a cognitive radio network consisted of a network of primary users
(PUs), and a network of secondary users (SUs). The network can be heterogeneous, but it
is assumed that that the wireless devices are cognitive and capable of sensing the
environment and adapting their parameters. An example of the cognitive network is
illustrated in Fig. 1.

In this paper, M PU nodes and N SU nodes with Q orthogonal channels are
considered. The transmission power at the ith PU is denoted by p;i~ and the transmission
power at the jth SU is given by pjs while it is assumed that the SU transmitter/receiver
pairs are within the communication range of each other. The communication between the

SU or PU pairs can experience interference from transmissions emanating from other
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PUs or SUs that are using the same channel, and are within the sensing range of the

receivers.

Fig. 1. Cognitive radio network architecture.

Given the channel and transmission power as the network resources, the objective
is to allocate these resources such that a) the interference that SUs cause to the PUs will
be minimized, and b) SUs be able to communicate to each other. It must be noted that PU
nodes do have a very little incentive in reducing their interference on the SU nodes. The
objective of the PU network is to satisfy its QoS requirements with the minimum energy
consumption. On the other hand, the SU nodes should avoid adding interference to the

PU nodes while trying to find a spectrum hole for their own communications.
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I11. POWER CONTROL AND CHANNEL ALLOCATION GAME

In this section the PU and SU games and their utility functions are introduced.
The priorities of the PU and SU networks are incorporated in the utility functions such
that the SU nodes receive a larger penalty for causing interference to the PU nodes. On
the other hand, the penalty that the PU nodes receive for causing interference to the SU
communications is not significant. Subsequently, the existence and uniqueness of NE for
the PU and SU games are proven and then the existence of the NE for the combined
game is shown by presenting an exact potential function.

In the following, the PU and SU games are introduced and existence of NE is
demonstrated.

A. Primary User Game

Consider a normal® form game represented as

(o {47, (), 0

where M is the finite set of players, i.e., the PUs. Ai" is the set of actions available for PU
player i, and u;i” is the utility function associated with player i. If all the available actions

for the PU players are collected in action space and denoted

by A = x A" =A x A x---x A}, then uf : A° —R. The decision making by players is

accomplished in a distributed manner, but at the same time the decision of each player

affects the other players’ decisions. The goal of the game is to achieve a set of actions for

! A normal (strategic) form game is a game with three elements: the set of players, i< M , the strategy space
A for each player i, and payoff functions that give player i’s utility u; for each profile of strategies [9].
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the players in order to attain an equilibrium point such that no player has any interest in
choosing another action unilaterally.

Each PU player action consists of: (a) transmission power, pi", and (b) channel, ¢;°, where

¢’ e{cl,cz,...,cQ} represents the channel that PU; is using (superscript P denoting

primary users), and Q represents the number of channels. Let the utility function for the

PU player i be defined as

uf (a,a,) = a, log, (1+ /1Y)

—ps (i pkphkﬁ’e(cf,cf)Jri pfh,f;e(cf,cip)j
k=1

ki

_(Upi piPhiEe(Cf’CiP)"‘/lpzN: piphiie(CkP,CiS )j
k=1

k=i

M N
—Kp P (Z P+, pfj

ki k=1

(2)

where hf is the channel gain between the transmitter PU node i and receiver j, h is the
channel gain between the transmitter SU node i and receiver node j, and e(-)is a

i ) 1 ifx=y
Boolean function defined as e(x, y)= 0 if .
ifx=y

In the utility function, the first term is associated with the payoff at the receiver
node of PU transmitter i while the second term represents the interference that other
nodes cause at PU; . The third term accounts for the interference that PU; causes at the
other PU players and also at the SU players whereas the fourth term accounts for the

price (penalty) that the user pays for consuming more energy.
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Remark 1. It must be noted that the summation of the first and the second terms
resembles the Shannon capacity [16] with a twist. The interference term has been moved
out of the log term so that the required conditions for the utility functions and potential
functions (sections C, D and E) will be satisfied.

Rewrite (2) as
u’ (a,a,) =, log, (1+ hp’ )

—ﬂ{iﬁ%%%@%ﬁh%&@ﬁﬂ}
k=1

k#

M N . (3)
o[ 2ol )+ 2 el |
k=i k=1
M N
_KPpip( Z pjp"'zpfj
=1, j=i k=1
B. Secondary User Game
Consider a normal form game represented as
re :{N’{AS}iEN '{uis}ieN} (4)

where N is the finite set of players, i.e., the SUs, A;° is the set of actions available for SU

player i, and u;® is the utility function associated with player i. If all available actions for

all SU players are represented by A° = X A, then u’: A°> —R. The decision making by

players is distributed and it affects the decisions for the other players. The goal of the SU
game is to achieve a set of actions for the players (equilibrium point) such that no player
has any interest in choosing another action unilaterally. The action for each SU player is

consisted of two components: (a) transmission power, p;i° , and (b) channel, c;°, where

¢ €{CiCyrerniCo}-
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Let the utility function for SU player i be defined as

us (a,a) = a log, (1+ p’hy ) - B [i pehge(cl ¢’ )+ i pehie(cs.c’ )j
k=1

ki

—(mﬁ pfhiie(cks,cip)%i prhe(c; ¢’ )j—fcs o (i o+ pfj
k=1 =1

k#i k#i k

(5)

where h7and h’ are the channel gains, and e(-)is a Boolean function defined as

1 ifx=y
0 ifxzy

e(xy) :{

In this utility function, the first term is associated with the payoff at the receiver
node of SU transmitter i while the second term represents the interference that SU; causes
at the PU players the other SU players. The third term accounts for the interference that
SU; causes at the PU players and also at the other SU players whereas the fourth term

accounts for the price that it pays for consuming more energy.

Rewrite (5) as

6 (8a,) = as log, (L+ pihg )~ 4, (z prhee(c et )+ S pihse (et cf )j
k=1

ki

-p; (nskihiie(cf,cip ) + ﬂsihiie (CkS,CiS )j — K Py (i Pe +k§: pksj
=1 =1

ki ki

(6)

Next it will be shown that NE exists and it is unique.
C. Existence of Nash Equilibrium
In this section the existence of NE for the PU and SU games is demonstrated.

Before proceeding, the following is needed.
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Definition 1. The normal game Fz{N,{A }i ) ,{ui }i N} has a Nash Equilibrium if for
all ieN, {A }i y is a nonempty convex compact subset of a Euclidean space, and u, (a)

is continuous and concave/quasiconcave on A [9].

Theorem 1. The PU gameI'® = {M AN ,{uf}ieM} has a unique NE.

Proof. In the gameI® :{M ’{AP}iEM ,{uf}ieM } {Ap}ieM is a nonempty compact subset

of Euclidean space RxN. Also recall (3), where the utility function is continuous in A

such that

uilz’(ai’a—i):aP Iogz (l+ ) ﬂP (Z pkphkle(ck ' )+ZN:kah |e(C 1C| )j

ki

—pf’(npihf;e(cf,cr%ﬂpih e(cf, ,)j Ko P! (,i pf+ZN:pfj

ki k=1

The first derivative of the utility function is given by

N

oul _ e My [npzh (Ck, ! ) o > he e(ck, )j KP(Zp, +Zpkj (7

op”  In2 1+p°h’ oo par} e

Consequently, the second derivative of the utility function is given by

! h'
P ) o p\2 8
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2., P

Hence ﬁ<0, and it can be concluded that the utility function, u, is
Pi op;

concave on P, . Therefore, recalling Definition 1, it is shown that NE exists for the PU
gameI™". m
Theorem 2. The SU game T'* ={N,{AS}i \ ,{uf}i S} has a unique NE.

Proof. Follow similar steps as the PU game. [ |
D. Uniqueness of Nash Equilibrium
The best-response correspondence? of the PU and SU games were found in the
previous section. However, they must satisfy certain conditions so that a unique NE can
be attained for the PU and SU games. First a definition of a unique NE is introduced

followed by a theorem to show that indeed the NE for the PU and SU are unique.

Definition 2. A Nash equilibrium is unique if the best-response correspondence, r(p), is
a standard function [13] satisfying the following properties: (a) Positivity: r(p) >0, (b)
Monotonicity: if p>p’, then r(p)>r(p’), and (c) Scalability: for all w>1,
wr(p)=r(op).

Definition 3. A Nash equilibrium is unique if the best-response correspondence, r(p) IS

a type |1 standard function [14] with following properties: (a) Positivity: r(p)>0,

2 Best-response correspondence (function) for player i is a function that yields a set of actions for player i,
ri(a.), when the other players’ actions are given by a, ie.
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(b) Type Il Monotonicity: if p<p’, then r(p)>r(p’), and (c) Type Il Scalability: for all

o>1, r(op)=(Yw)r(p).

Theorem 3. NE for the PU game and SU game are unique.

Proof. The uniqueness of the NE for the PU and SU games is proved by showing that the
best-response correspondences for them are type 11 standard functions.

Uniqueness of NE for the PU game. The best-response correspondence of the PU game

P
is found by making ZU—‘on. Recalling (7), the best-response correspondence will be

derived as following

e (LT O LG NP SO

In 2 1+ piPhP ki k=1 k=i

1 1
w(p)=p =15 g i (10)
1S 42 zh,km,,(zpj +Zpkj

ki k#i

However, the coefficients must satisfy certain conditions so that a positive real value
can be achieved for p’ that maximizes the utility function. This p” is the unique NE.

Now let’s study the three properties of a standard function (or type II standard

function), and examine the best-response correspondence function.

ri(a_i)z{a1. inA:u(a,a;)>u(a,a;) foralla/ inA}. Any action in that set is at least as good for
player i as every other action of player i, when the other players’ actions are given by a.;. [9]
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Positivity: r(p)> 0. The best response correspondence, r.” (p), has this property if

A 1 1

InZ( ih e(cr,cl)+ Pihi';e(ckp,cf)jwq[ipf+ZN:ka) h

ki k=1

where Py IS a

max !

In other words, Oi;—'g“>(np(M ~1)+4,N)+x, (M +N-1)P

the maximum transmission power at the nodes. The condition can be satisfied by

selecting the proper values for «,, 7., 4, and «;.

Type Il monotonicity: if p<p’, then r(p)z r(p ) Recall that

o) 1 _i,
In2 (npghiie(cflcipﬁﬂp;h e(ct, )}r/cp[; Py +Z pk]

N
Therefore, if p<p’, thenz pf +Z p; <Z pP+> p’, and eventually
k=1

r(p)zr(p’)

Type Il scalability: for all @>1, r(wp)=(1/»)r(p).

p o, 1 1
ToP) =2 T3 N L s)
( ;h (Ck i ) Péhiie(ckpicis )}LKP (a); b +Z pkj '
% 1 1

“Tn2 amPZh (ck, , )+a>,1 Zh (ck, |)+a)K‘P£Z p’ +Z pkj ohy

ki k=i
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Therefore, the best-response correspondence is a type Il standard function.
Recalling Definition 3, it can be concluded that the NE obtained by the best-response
correspondence is unique [14].

Uniqueness of NE for the SU game. The uniqueness of NE for the SU game

rs :{N’{As}ieN ,{uf‘}ieN} can be shown by following the same line as it was done for

the PU game. |

In this section it was shown that the PU and SU games have unique NE. In the
next section, the combined game is considered and existence of the NE is demonstrated.

E. Existence of Nash Equilibrium - Exact Potential Function

In this section, the combined PU and SU game is considered, and the existence of
NE for the combined game is shown. This is done by proving that the combined game is
a potential game. A potential game [11] is a normal game such that any change in the
utility function of a player caused by a unilateral change in the player’s strategy, is
reflected in a potential function which represents the aggregated payoff of all the players.
In other words, any single player’s interest in increasing its own payoff is aligned with
the group’s interest. Furthermore, Hofbauer and Sandholm in [12] presented that “in
potential games, the aggregate payoff function (i.e. potential function) serves as a

Lyapunov function for a broad class of evolutionary dynamics.”
Definition 4. A game F={N,{A }i y ,{ui }i N} is a potential game [11] if there is a
potential function V: A— R such that one of the following conditions holds. A game

satisfying the first condition is an exact potential game, and a game satisfying the second

condition is an ordinal potential game.
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V(a,a;)-V(a,a;)=u(a,a;)—u(a,a;) for vieN, ac A anda € A.
u(a,a;)>u(d,a;)=V(a,a;)>V(a,a,;) for VieN, acA anda € A.
Theorem 4. The combined game of PU and SU converges to NE for all the players.

Proof. If the game can be shown to be an exact potential game (EPG) with a potential

function, then it has been proved that that the game strategy towards the best response

converges to NE [11].

Consider the following function as the potential function candidate

V(@)= apilogz (1+p7h7)+ asilogz (1+pih7)

N M N
—aﬂPZKZ pfhkje(ck ) Zpk j ,BSZ(Z pphge(cf,cf)+zp,fhfje(cf,cjs)]
J=1 \ k=] Jj=1\ k=1 k#j
M M
_CZ(UPZpJP ( ko J)_'_/1 Zpl J d [”szpj I Ck’C )+25ij (CE'CJ'S)J
j=1 k#j j= k=1 k#j
M
—eKPZ of LZ Pe +Z ka prZ P} [Z Y j (11)
k#]j j=1 k=1 k#]j
It can be rewritten as
V(a,a,)=a log, (1+ p{hy)
N
—(ape +cnp) Z pkphk.e(ck ) (aB, +dnq )Z pkshlie(cks lCip)

ki

~(cne +aﬂp)§: piphi';’e(cf,ckp)—(clp +bj3;)

ki

=~
1]

1

Mz

plphlke(c Ck )

=
Il

1

N
—(2ex, ) p) z pe —(exy + fis) p, Z ps +aPZIogz(l+ prhé )+as Y- log, (1+ pehy )
k=1

—aﬂZ[Z pehge(cr.cf )+ Zpk e(cf ¢} )J bﬂsz{gpphp (cc)+ Zpkhkje(cw )j

j#i k#j k=i ki k+j

z[nz o7e(e] 7 )4 pihe (cf.cf>] dZ[nsZp, <cf.c:’)+zszpfhie(cf,cs)j
—errpip?(i +lek} stZp,[prZpk] (12)

j=i k#j, k=i ki k#j
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Therefore, the potential function,V (a), can be written with respect to a PU as
V(a'i’a—i):uip(ai’a—i)+FP(a—i) (13)

where FF(a ) is a function independent of the strategy of player i, a;, as following

M N M (M
FP("’Li):05PZ:|092(1‘F pkh&)+askz_;|092(1+ pkshksk)_aﬂPZ[ z pkhkje(ck ) Zpkhksj (Ck )]

o O

—bﬂsg(g‘ prhie(cf.c) )+ ;pk e(cy . c; )J c;[npkiﬂ prhie(c} ,ck)+/lpz pyhie(ct, )]

a3 S el o)+ B pinge(e )|

—expj;pj (k§¢. P! +Zka fchZpJ [;pk +§pkj (14)

where
af, +Cip = fp, (15)
ap, +dns =4, (16)
af, +Cijp =1pp, (17)
Clp +bfs = 25, (18)
2ex, = K, and (19)
ex, + g =k, (20)

From (15), (16) and (17) it can be concluded that B, =7,, and c=1-a. From

(19), one can conclude e = % .
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Hence, if PU player i changes its strategy to a’, the potential function can be

written as
V(a,a;)=u (&,a;)+F"(a;) (21)
and consequently
V(a,a,)-V(a,a,)=u’(a,a,)-u’(a,a,). (22)

Therefore, the potential function is an exact potential function for PUs.

Similarly, the potential function, V(a,,a ;), can be written with respect to a SU as
V(a'i’a—i):uis(ai1a—i)+|:s(a—i) (23)

where F*(a_,) is a function independent of the strategy of player i, a;, as following

F(a,)= aPZIogz(lJrpkhki)+aSZIogz(l+pkhfk) aﬁPZ(Zpk e(cy.cf )+ Zpk e(c;.c| )J

ki =1\ k#] k=i

N N
o 3 Sarnge(etct) 3 pie(etof) | -e5 n B pre(e o4 S i)

j=i \ k=1 k= j k=i k=] k=i
N
_dZ[”sz pihie(c;.cf)+4 > pfhfke(cf,cks)j
JE ks j k=i
N s N s M o N s
_eKPZpJ (Zpk Z pkj_f’(szpj [Zpk + Z pk] (24)
k#j k=1,k=i j#i k=1 k= j k=i

where

bfs +CA = fs (25)

bﬂs +dﬂs ::Bs ) (26)
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dns +apf, =ns, (27)
dAs +bg =4, (28)
2fx =K, and (29)
ex, + fxg =K (30)

From (25), (26) and (28) it can be concluded that g, =4, and d =1-b. From
1
(29), one can conclude f =3

Hence, if player i changes its strategy to a’, the potential function can be written as

V(a,a)=u’ (& a;)+F(a;) (31)

and consequently
V(a,a;)-V(@a)=u (a,a;)-u(.a,). (32)
Therefore, the potential function is an exact potential function for SUs. |

Note that from (15)-(20) and (25)-(30) it can be concluded that (for a,b,c,d >0)

a=b, (33)
c=d=1-a, (34)
1
e=t=—, (35)
Bo=1p =15, (36)

Ps =25 = A, and (37)
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Kp =K. (38)

Therefore, in order for the game to be exact potential, the utility functions and the

potential functions should be as following
uf (a,a,) = log, (1+h{ pf )

5, [Z pihGe (<. )épkshze(cks’cf)j

ki
_(ﬂpi piphi';e(ckp , CiP ) + fs i piphiie(ckp , Cis )j
ki k=1
—KP, [ > P +Z pkj
j=1, j=i

u’(a,a)=alog, (1+ pishiis)
s (Z pEnCe (el )+ pehie(cs < )j
k=1 ki

[ p 3 pinie(cs )+ (st )
—Kp, (Z P +Z pkj

k=i
M N
V(a)=a,) log, (1+ piPhiiP)+ as Y log, (1+ phs )
i=1 i1

M M N
a3 S e(er ) S el )|
k_

ﬂz(Zp o7 )+ el o)
a3 a8 ormielerer) el
DILSWTECEINS WHHEES)

—%Z pfl(i pﬁi ps]—gi ; (Z P +Z pk}

=1 k] k=1 j=1 kj
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Remark 2. The priorities of the networks are incorporated in the utility functions as the
B/ Bs ratio.
Remark 3. Note that the coefficients g, and g, can be chosen such that the term

associated with the interference caused by the PUs at SUs be less significant that the term

associated with the interference caused by the SUs at PUs. It can be achieved by

selecting g, >> .
Definition 5. P is potential for game F:{N,{A }i y ,{ui }i N} if and only if P is

differentiable, and [11] %ZG_P forall ieN.
o0a, oOa

Theorem 5. V is a potential for the PU game I'" :{M,{AP}iGM ,{uf}ieM}, and the SU

game T° ={N,{A3}ieN ,{uf}ieN }

Proof. Recall (13), where the potential function V can be written as

V(a,a;) :uip(ai’a—i)+FP(a—i) :

=—L 4 =—40=—L,
apiP apiP Gpip op; apiP

P P P P
The first derivative of the potential function will be v P 0= U

Therefore, V is a potential for the PU game. Recalling (23), it can be similarly shown that

V is a potential for the SU game. |

Definition 6. A game Fz{N,{A }i N Au, }i N} is an exact potential game if and only if

2u, o°u.
1] -2 = Y forallijen.
da0a; 0a,08;

i
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Theorem 6. The PU and SU games are exact potential games.

Proof. For nodes i being PU, recall the first derivative, (7), where

GUiF’ _ % hiliD ny ih-Pe(C-P CP)_ﬂ ZN:h (C C ) Zp +Zp
apf In2 1+ pfht TR AT T S T =l ‘

Then the second derivative with respect to a PU(or SU) node, j, will be

2 _P 2 _P aup
aspg'pp = asplgps =—x. On the other hand, 8—‘P = —,Bphi;’ —Kp;.’ . and
i UMj i UMj

8U}D SaaP (S P 62u;3 azu;?
E:—ﬁphﬁe(ci 1Cj )—Kpj . Therefore, aplpapr = aplsapr =—K. Consequenﬂy,
ou’ 2yP
L = oy =—x Similarly, for SU utility function it can be shown that
op;op;  Op,op;
i j i j
quf ~ azuis
opiop;  Opiop;

Therefore, both PU game and SU game are exact potential games[11] (Definition 6). |
F. Resource Allocation Game with Incomplete Information

In case of incomplete information, the stochastic values of the parameters will

appear in the utility and potential function equations. In this case, each parameter with
incomplete information will be treated with respect to its probability distribution
function, and the exact values of parameters (for the complete information case) in the
equations will be replaced with their expected values (for the incomplete information
case). Consequently, the game will be a Bayesian game [15], and the equilibrium points
will be Bayesian Nash equilibriums. In this section, the existence of Bayesian Nash

equilibriums, and also Bayesian potential games and their convergence will be shown.
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Definition 7. A Bayesian equilibrium in a game of incomplete information with a finite
number of types 6. for each player i, prior distribution f, and pure-strategy spaces A; is a
Nash equilibrium of the expanded game in which each player i’s space of pure strategies
is the set A® of maps from @, to A; [15].
Fudenberg and Tirole in [15]showed that the strategy a; is a Bayesian Nash
equilibrium if a; solves
a, (@)earg{g:ax; (0,16 (a.a,(60,).(616.)). (39)
In the following two cases of incomplete information are considered: a)
incomplete information about the type of the other nodes, i.e whether they are primary or
secondary nodes, b) incomplete information about the channel gain. In the following

these two cases are studied.

Incomplete information about the node types. It is assumed that nodes do not have

the precise information about the type of the other nodes; in other words, they do not
know whether the other nodes in their neighborhood are PU or SU. Instead, they know
the probability of those nodes being PU or SU. Also the total number of the nodes, K, is

known. Then the utility function for a PU node will be

P,Bayesian
i

u (a,a) =, log, (1+hi'P pip)

—Ps i (f(6,=PU)-phie(cl.cf)+ T (6, =SU)-phie(cs.c))

k=1k=i

- i_(ﬂp' f (Hk = PU)' piphil:e(ckpfcip)"‘ﬂs - (gk = SU)' piphize(clf’cis ))
xp? > (£(6,=PU)-pf + 1 (6,=5U)-pf) (40)

k=1,k=i
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Similarly, the utility function for a SU mode will be

uiS,Bayesian (ai , a_i) = a, |092 (l+ hS p. )

s i (f(0k=PU) prhie (ck )+f(9 suU )opkshksie(cks,cf))

k=L ki
- i (,BP - f (ek = PU)' pishiske(cis’clf)+ﬁs - f (ek =SuU ) pishiie(cis7cl<s ))
k=L ki
K
—xpS Y (f(@k:PU)-pf+f(Hk:SU)-pf‘). (41)
k=L ki

The PU and SU utility functions can be combined, and a single utility function

can be derived as

uiBayesian (ai ’ a,i) = f (9[ =PU ).ap . |ng (1+ hi? piP)

~f(6,=PU)-S, i (f(&k:PU) pihee(ct ¢ )+f(0k=SU)-p,fhksie(ckS,ciP))

-f(6,=PVU). i(ﬁp f(6,=PU)-p7hie(cf,c” )+ ;- T (6,=SU)-phie(ct ¢ ))
—x-f(6=PU)-pf K_(f(ek PU)-p;+ f(6,=SU)-p; )+ f(6,=SU)-as-log, (1+h; p’)

~f(6,=5U)-5 i (f(é’k_PU) pehee(ce ¢ )+f(9k=SU)~pfh§e(cf,cf))

k=1 k=i

~f(6,=5U)- ZK: (,Bp-f(é'k—PU) pehye(c?.cf )+ B - (6, =SU)- pPhie(c? ¢} )

k=1k=i
K
—x-£(6,=8U)-p7 > (f(6 =PU)-p/+f(6,=SU) p;) (42)
k=1,k=i
Note that (42) can be rewritten as
uiBayeSian (ai'a—i) =f (6’. =PU )'uip(ai'a-i) + f (0. =SuU )'Uis (ai’a—i) (43)

=E[u (3.a,)]
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The potential function will be

v/ Bavesian () =2(f (6,=PU)-a, -log, (1+ p7hf )+  (6; = SU )- a5 -log, (1+ p5hs, )
_ai(f(a—Pu) i( 6,=PU) pfhge(Cf,Cf)+f(9k=SU)'Pthe(Cf’Cf))j
_a_i(f(e,: 01 55 (10750 el )1 =50) (e )
S 1(0=P0) el 0 =50) el )
(B> F(6:=PU)-pihie(cs.cf )+ By f (6, =5U): p?hka(C?,Cf))J
_gji(f(gjzpu).p}:- ZK:_(f(ekzpu)-prrf(ak:SU)-pf)j

_g [f(ej:SU).ij- i(f(ek=PU)-p£’+f(6’k=SU)-pE)J (44)

Similarly, the Bayesian potential function can be rewritten as the expected value

of the potential function in the game with “complete information”, i.e.
\/ Bayesian (a) =E [V (a):' . (45)

Remark 4. In [15] it was proven that the existence of a Bayesian equilibrium is an
immediate consequence of the Nash existence theorem. Theorems 5, 6 and 7 proved that
the potential game converges to a Nash Equilibrium when the best response
correspondence is fetched. Consequently, it can be concluded that the Bayesian potential
game does have a Bayesian Nash equilibrium that maximizes the Bayesian utility
function presented in (42). It must be noted that the Bayesian utility function is the

expected value of the utility function in the complete information game.
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Incomplete information about the channel gain. In this case, it is assumed that

there is no complete information about the channel gains. Instead it is assumed that the
probability distribution function of the channel gain is provided. This can be the case for
fading channels; for instance in Rayleigh fading channels, the channel gain has a
Rayleigh distribution, but the gain varies over time, and depends on several factors that
might make it difficult for the nodes to measure it. Then the utility function for a PU node

will be

uP B (5 g ) = a, log, (1+ pr [t (h)dh)

_ﬂp(; o (jhfhp(h)dh) (¢, )+kZN=;p (jhfhs (h)dh) (ce.c )j

_pf( > (j hfhp(h)dh) (¢ )+ﬁs (I hfhp(h)dh) (e )J
) ( > P +Z ka (46)

j=1, j=i

where f . (h) and f . (h)are the pdfs of the channel gains between primary node i and

node j, and secondary node i and node j, respectively. Recalling that E jxf x)dx,

(46) can be rewritten as

ut ™ (a8 ,) = o log, (1+ pE I:h”P])
800 ([ Yeleer )+ 3ot (e el )
—pP (ﬁpg(E[hﬂ)e(cf,cf)+ﬂsi(5[hﬂ)e(cf’cf )]
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~K p| ( > P +Zpk}

j=1, j#i

=E[u(a.a,)] (47)

Similarly, the Bayesian utility function for the secondary users, and the Bayesian

Potential function can be derived as

Ut (@, @) = o log, <1+ b E [h“s])

(ot (el ) 0 el )|

i S (el )+ (e[ el )
—-K p|s [i pf + i pksj
=E[u’(a.a,)] (48)

VB (g) = apilogz (L+ pFE[hi?])wsilogz (L+pPE[N )
{0 ) )
a&ibmﬂﬂ eler i) ot (L et )

3507 ([0 et o 5o ([ el )|

MZ M-

=~

=1\ k=1
k#j

). (ﬂpipf( [ ])e(er.c )+ﬂsZp (E[ns ])elcs, ,)j
_gépf[ipf+ipf]‘%%9f[épf+ipf}

k+j k= k=]

£ o

1
iN

=E[V(a)] (49)
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Recalling Remark 4, it can be concluded that the Bayesian game for the case of
incomplete information about channel gains have a unique NE and the Bayesian potential
game converges to a Nash Equilibrium when the best response correspondence for the

PU and SU nodes are fetched.

V. SIMULATION RESULTS

In this section, simulation results for a network of 5 PU nodes and 30 SU nodes
(Fig. 2) are presented. We assume that the transmission power at the nodes can vary in
the range [0,Pmax] MW. The initial transmission power at the PU and SU nodes were

selected as uniformly random numbers between 0 and Pmax. The weighting factors were
considered as following: «, =400, A, =10, a, =370, B =1, K=}(N+M)_P ,

Pmax =1 mW (or 0 dBm), and a=2.

Fig. 3 illustrates the initial utility at each of the PU and SU nodes, based on the

randomly assigned initial transmission powers.

1000 03
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800697 Primary Nework Access Point 02 ® oS
oo oe3d @1 o ° %o
~ [ | >‘ °
= (-] o
SO K I AR Y
400, @/ A® @0 ool HRO N o *?
L a9 1
200 3 @80 °
06
% 500 1000 % 10 o %
) Node Index

Fig. 2. Network topology.

Fig. 3. Initial utility at each node.
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Fig. 4 shows the transmission power and utility at the PU nodes and five SU
nodes as the game is played, and the players update their transmission powers using (10).
Though there are 30 SU nodes, for the sake of brevity, the results for 5 nodes are
presented. It can be noticed how each PU and SU player enhances its own utility function

by selecting the proper transmission power. Note that since it is chosen S, =104;, the

PU nodes care less about the interference that they cause on the SU nodes.

= g -29 —_—PU_ |
-30 W
58 31— -=SU, |l
el 35
= ~-30 —PUsp
oe" T M
s § -3~ --SU,
al.34 .
£2o-35_____1 --SU
al 3
-40 ,
—PU L
_ o~ 30 -—— =
o i
3 & -35—!—, -=-SU
al ,,=! 4
-40 ,
- —PU_F
gg-sod 54
5 %-gi, , , r--SUS .O | | |
~0 50 100 150 200 0 50 100 150 200
Iteration Iteration
(@) (b)

Fig. 4. a) Transmission power and b) utility at PU nodes and five SU nodes.

Fig. 5 illustrates final transmission power and the final utility at each PU and SU
node (after 200 iterations, when the nodes have achieved their steady-state transmission

power and utility).
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Fig. 5. Final transmission power and final utility at PU and SU nodes ( 5, =104 ).

Fig. 6 the potential function of the combined PU and SU game. It can be noticed
how the potential function converges to the Nash equilibrium as the PU and SU games

(Fig. 4) converge to their Nash equilibria.
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Fig. 6. Potential function, V, of the combined PU and SU game.
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In the following the effect of the 'B%B ratio on the results will be examined. Fig.
S

7 shows the final utility of the PU and SU nodes when g, =p, f, =105, and
B =100p5 . The thick markers show the center of the cluster for each case, and the the

thin markers represent the utility value for each individual node. The PU nodes in each
case achieve very similar values of utility, so the individual points cannot be detected in
the figure. Note that S, = f; means that the primary and secondary networks have equal
rights in using the spectrum and resources. In other words, the combined game will treat
the nodes equally, and the interference that they cause on each other will be penalized
equally. It can be noticed that when 5, = £, the utility of the PU and SU nodes have
achieved the mean steady-state values (center of the cluster) of the same range. As
B-/ B ratio increases, the gap between the PU and SU utility clusters increases. At
B =1004, the gap between the SU and PU utility clusters is even more prominent

where the PU network has a much greater priority than SU network.
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Fig. 7. Final transmission power and final utility at PU and SU nodes for various £, /5 .
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In the following a case with incomplete information about the channel gains is
studied. The same network topology is considered with 5 PU nodes and 30 SU nodes
(Fig. 2). It is assumed that the transmission power at the nodes can vary in the range
[0,Pmax] mMW. The initial transmission power at the PU and SU nodes were selected as

uniformly random numbers between 0 and Pmax. The weighting factors were considered

as following: «, =400, S, =10, a5 =370, f =1, K=%N+M).P , Pmax = 1 mW

(or 0 dBm), and a=2. In addition, the channels are assumed to be Rayleigh fading

channels with the following distribution

. (h) = z—gg‘ehz/ﬁ, h>0, (50)

where Q= E[ h’ | is the average of the fading envelope of the Rayleigh distribution. Fig.

8 illustrates the transmission power and utility function of the PU nodes and five SU
nodes for the Bayesian game with incomplete information and Rayleigh fading channels.
The transmission powers at the nodes are calculated based on the expected value of the
channel gain (and not the actual value of the channel gain).

Fig. 9 illustrates the Rayleigh fading channel gain and how it changes over time.
The Bayesian potential function is shown in Fig. 10. Note how the Bayesian potential
function converges — though it is bursty compared to the potential function in the game

with complete information due to the channel uncertainties.
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Fig. 8. a) Transmission power and b) utility at PU nodes and five SU nodes for the Bayesian
game with incomplete information and Rayleigh fading channel.
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V. CONCLUSION

In this paper we presented a game theoretic approach for resource allocation in

primary and secondary users in cognitive networks. The solution takes into account the
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priority of the networks in their access to the resources. The existence and uniqueness of
the Nash equilibrium for the PU and SU games were proved and then a potential function
was presented for the combined PU and SU game. Consequently the existence of the
Nash equilibrium for the potential game was shown.

The proposed approach provides the flexibility of adjusting to various priorities
among the several co-existing networks, while guaranteeing the existence and uniqueness
of Nash equilibrium and consequently achieving it. The simulation results show the
convergence of the transmission power and utility for the PU and SU users, and also the
convergence of the potential function. They also provide results for various cases of

network priorities.
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2. CONCLUSIONS AND FUTURE WORK

In this dissertation, dynamic approaches were utilized to perform resource
allocation in cognitive networks. First, dynamic channel allocation in wireless ad hoc
networks was studies and, and then a dynamic adaptive routing protocol for wireless ad
hoc networks was proposed. Consequently, the work was expanded to the multi-channel
multi-interface networks in the presence of fading channels and channel uncertainties.
Finally, the resource allocation in multi-priority co-existing cognitive networks was
addressed by proposing a distributed cooperative game-theoretic approach.

In the first paper a distributed dynamic channel allocation algorithm was
proposed for wireless networks whose nodes are equipped with single radio interface.
The single-radio assumption was made for the sake of simplicity of the network, making
it suitable to apply to wireless ad-hoc sensor networks. The periodic nature of the
algorithm made it dynamic and enabled the channel allocation to adapt to the topographic
changes, possible loss of some channels, mobility of the nodes, and the traffic flow
changes. By selecting realistic desired performance metric, the convergence of the
algorithm was guaranteed, and analytical proof of convergence was presented. The
simulation results for networks of different densities and data channels were provided and
showed a significant improvement in throughput, drop rate, energy consumption per
packet, fairness index when compared to the single-channel 802.11 and multi-channel
802.11 with randomly allocated multiple channels.

In the second paper, the Bellman’s principle of optimality and dynamic

programming techniques along with the OLA were utilized to find the routes reactively
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and forward-in-time. A model for the network, as well as the state equation and cost
function was presented. After finding the initial cost to Base Station at each node (by
propagating a beacon from Base Station), the link cost to the one-hop neighbors are
updated frequently, and OLA was used to estimate the cost of the next node to Base
Station. The boundedness of the OLA error and route cost estimation, and also the
convergence of the decision signal to the optimal solution was proven. The advantage of
using such a reactive routing protocol that estimates the remaining route cost and selects
the next node in real-time is that in case of broken links, node failure or changes in the
link quality, there is no need to flood the network with route request messages and/or to
wait for a route reply message from the destination (or other nodes that have a route to
the destination).

Simulation results for various packet size, data rate, number of flows and average
distance of the source node to Base Station verify that the proposed algorithm can
improve the throughput and energy efficiency significantly in static and mobile scenarios
(compared to AODV). The proposed algorithm appears to outperform multi-channel
version of the AODV in higher congestions and longer routes, also for larger packets. As
the moving speed of the nodes increases, throughput and energy efficiency of the network
decreases. However, the proposed protocol outperforms multi-channel version of AODV
in throughput and energy efficiency even in the higher node movement speeds. Network
topology changes faster in higher speeds, causing more frequent link failures. In case of
link failures, multi-channel AODV sends out new route requests and waits to receive
route reply message in order to complete the route repair process. However, the proposed

dynamic routing algorithm adapts the routes with respect to the link conditions and finds
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the routes in real-time; hence when network topology changes, it responds to the link
failures more quickly and more efficiently.

The third paper proposed an adaptive routing protocol for multi-channel multi-
interface wireless ad hoc networks in the presence of channel uncertainties. Time-
varying outage probability for the channel links were determined by modeling the
channel as a Markov model, and subsequently used to estimate the channel condition by
MLE. Simulation results in the presence of Rayleigh fading over the wireless channels,
and distortion over one channel showed that the effective bandwidth as a function of
outage probability can be a more precise estimation of the available bandwidth of the
channel.

The time-varying outage probability and channel estimation were utilized in
routing and load balancing over multiple links. The fact that time-varying outage
probability and channel uncertainties were taken into account in the routing and load
balancing, made the protocol sensible to the dynamic nature of the network and channel.
Approximate dynamic programming (ADP) techniques are utilized to find dynamic
routes, while solving discrete-time Hamilton-Jacobi-Bellman (HJB) equation forward-in-
time for route cost. It was shown analytically that when the number of hops increases, the
proposed scheme results in near optimal route.

Simulation results in the presence of Rayleigh fading over the wireless channels,
and distortion over one channel show that the effective bandwidth as a function of outage
probability can be a more precise estimation of the available bandwidth of the channel.
Simulation results for various packet size, data rate, number of flows and average

distance of the source node to Base Station verified that the proposed algorithm can
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significantly improve the throughput and energy efficiency in static and mobile scenarios
(compared to AODV with multi-channel multi-interface implementation). In the
proposed algorithm, in case of link failure (due to node movements and changes in
network topology) or congestion, there is no need to re-discover a new route. Instead, the
next node is selected in real time. This specification saves the network from the flooding
overhead that can happen in route re-discovery. The proposed algorithm appears to
outperform multi-channel AODV in higher congestions, larger packets, and longer
routes.

The fourth paper presented a game theoretic approach for resource allocation in
primary and secondary users in cognitive networks. The solution takes into account the
priority of the networks in their access to the resources. The existence and uniqueness of
the Nash equilibrium for the Primary User (PU) and Secondary User (SU) games were
proven and then a potential function was presented for the combined PU and SU game.
Consequently the existence of the Nash equilibrium for the potential game was shown.
Proving that the combined game of PU and SU games is a potential game itself
guarantees that as the PU and SU games achieve their NE based on different utility
functions, the potential game (which is the combined PU and SU games) achieves its NE.
Furthermore, the proposed approach provides the flexibility of adjusting to various
priorities among the several co-existing networks. The simulation results show the
convergence of the transmission power and utility function for the PU and SU nodes, and
also the convergence of the potential function. They also provide results for various cases

of network priorities.
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As part of the future work, the resource allocation problem in co-existing
networks can be extended to a resource allocation game with incomplete information.
Although the incomplete information on node type and channel gain were studied in the
fourth paper, and addressed by converting the game to Bayesian game, it was assumed
that the knowledge of the network nodes about each other was symmetrical. For instance,
if a node i was aware of the transmission power of node j, then node j, too, was aware of
the transmission power of node i. Definition of the potential function was based on this
assumption. However, some nodes may deny sharing their information with the other
nodes or networks. In this case, the problem can be approached by non-cooperative
games in which the nodes try to enhance their QoS and spectrum resources in a selfish

manner.
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