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Abstract

In the last decade, significant efforts and progress have been made by both the in-
dustry and academia to meet the rapidly growing demand for wireless applications and
services. To achieve more flexible, dynamic and intelligent use of the limited wireless spec-
trum, cooperative transmission and cognitive networking are proposed as two of the key
technologies for the next generation wireless communication systems, such as Long-Term
Evolution Advanced. Cooperative transmission techniques, such as cooperative relaying
and Multiple-Input and Multiple-Output (MIMO) can increase spectrum efficiency by
utilizing the diversity of wireless channels, while cognitive transmitters tune their trans-
mission parameters according to the environment to optimize network level performance.
In this thesis, we provide performance modeling and analysis of different cooperative and
cognitive communication techniques to exploit their potential.

In the first part of the thesis, we investigate the performance of hop-by-hop coopera-
tive communication on a multihop transmission path applying spatial reuse time division
multiplexing, where interference from simultaneous transmissions exists. Based on the
models, we compare the performance of hop-by-hop cooperation with the performance of
traditional simple multihopping schemes, and give the regimes where hop-by-hop coop-
eration achieves significant gain. Considering random networks, we propose cooperative
geographic routing, the integration of hop-by-hop cooperation with traditional geographic
routing, and evaluate the effects of the topology knowledge range and the network density.

In the second part of the thesis, we discuss how cooperative transmission techniques
can be utilized in cognitive and hierarchical spectrum sharing networks, where the primary
users have transmission guarantees, and the coexisting secondary users need to be cognitive
and adjust their transmissions in the shared spectrum bands to conform constraints from
the primary users. We consider large-scale coexisting primary and secondary networks,
where concurrent primary and secondary transmissions are allowed, and the secondary
users provide cooperative relaying for the primary ones and control the interference at
the primary receivers by tuning the probability of transmitting and by forming a primary
exclusive region around each primary receiver within which all secondary users have to
be silent. We define a unified analytic framework to model the performance of cooper-
ative spectrum sharing and cognitive transmission control, characterize their achievable
gains, and show that both of the networks have strong incentives to participate in the
collaboration.

Finally, we investigate spectrum sharing networks where both primary and secondary
users have stochastic packet arrival. Under the constraint that the performance of primary
users does not degrade, we find the dilemma for the secondary users. That is, if a secondary
user chooses to cooperate, it can transmit immediately even if the primary queue is not
empty, but has additional costs for relaying primary packets, such as increased power
consumption. We propose a dynamic cooperation scheme for the secondary user so that
it can make sequential decision on whether to cooperate or not in each time slot based
on the state of the network. We show that optimal sequential decision is necessary to
efficiently trade off the cooperation cost and the packet delay of the secondary user.
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Chapter 1

Introduction

1.1 Motivation

In the last two decades, the rapidly developed wireless communication technologies
have revolutionized our life and society. Besides making calls and sending messages,
we can now use smart phones and tablet computers to surf the Internet, watch TV
programs, have video conferences and so on. At the same time, ad hoc and sensor
networks have emerged to support new applications such as disaster recovery, public
safety systems and battlefield surveillance. Although there has been remarkable
evolution on wireless communication technologies, supporting the exponentially
increased data traffic from different wireless applications and services still poses
significant challenges.

To provide ubiquitous wireless coverage for the increasing number of wireless
devices and exponentially increasing data traffic, both the size and the density
of wireless networks increased significantly in recent years. As a consequence, the
spatial reuse of the scarce wireless spectrum cannot be avoided, and multihop trans-
mission needs to be applied to extend coverage since data sources cannot always
reach their destinations through direct transmission. At the same time, the topol-
ogy of the wireless networks is becoming less regular with the deployment of smaller
cells and device-to-device communication [1]. Finally, as new technologies emerge,
nodes from different wireless systems that coexist in the same area may need to
share the same spectrum. These new features or trends of wireless communica-
tion networks bring us more challenges on performance modeling and analysis, and
also more urgent demands for designing and developing new solutions to improve
spectrum efficiency.

Cooperative communication has emerged as a promising technology to improve
spectrum efficiency. Different from traditional point-to-point communication, co-
operative communication takes advantages of the broadcast nature of the radio
spectrum, and enables nodes to collaboratively share their resources and assist in-
formation exchange for each other. By exploiting spatial diversity to combat the
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2 CHAPTER 1. INTRODUCTION

effects of multipath fading, cooperative communication can enhance the reliabil-
ity, increase the data rate, improve the energy efficiency, or extend the coverage
of wireless networks. Because of these benefits, cooperative communication tech-
niques have been adopted in the emerging wireless communication systems such as
Long-Term Evolution Advanced (LTE-A) [2].

Most of the works on cooperative communication consider a small three-node
network composed of one source, one relay, and one destination. For achieving
cooperative diversity in large wireless systems, the crucial challenge is to balance
interference and cooperation, since using cooperative transmission may benefit a
single source-destination pair but degrade the overall network performance as coop-
erative relaying costs more space-time resources and thus may disturb other trans-
missions in the neighborhood. Moreover, cooperative transmission schemes have to
be integrated with existing network functions, such as medium access control and
routing.

Cognitive communication based on the emerging cognitive radio technology of-
fers another promising solution to improve the efficiency of spectrum utilization.
With cognitive capability, nodes in a network are aware of the environment, and
can dynamically adjust their operating parameters or strategies to achieve prede-
fined objectives. Cognitive communication opens a new communication paradigm
that allows controlled spectrum sharing among different networks. As the traffic
load in a network is bursty in both time and space, cognitive radio based spectrum
sharing can increase the spectrum utilization significantly.

Hierarchical spectrum sharing is a typical application employing cognitive com-
munication techniques. A traditional way to facilitate hierarchical spectrum sharing
is that, the cognitive secondary users sense the use of the shared spectrum and ex-
ploit the transmission opportunities, where their transmissions cause limited inter-
ference to the primary users. Efficient hierarchical spectrum sharing needs reliable
spectrum sensing solutions and optimized interference-aware secondary network
protocols.

1.2 Scope and outline of the thesis

This thesis focuses on performance modeling and analysis of cooperative and cog-
nitive communication mainly in large wireless networks.

We first investigate the efficiency of using cooperative relaying in a hop-by-hop
basis. We consider a multihop transmission path with spatial frequency reuse and
time division multiplexing, and derive analytic models to evaluate the performance
of hop-by-hop cooperation. We also propose cooperative geographic routing, which
combines hop-by-hop cooperation with traditional geographic routing, and evaluate
the effects of channel access and routing parameters on the performance of the
proposed schemes.

The second part of our work focuses on exploiting cooperative diversity in hier-
archical spectrum sharing networks, applying so called vertical cooperation, where
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the secondary users aim to get more transmission opportunities by cooperatively
relaying the primary traffic. We define a unified analytic framework to characterize
the achievable gains of cooperative spectrum sharing and cognitive transmission
control, and investigate the performance of different relay selection rules. We also
consider both primary and secondary users having non-backlogged traffic, and pro-
pose a dynamic cooperative access scheme for the secondary user.

The thesis is organized as follows. In Chapter 2, we introduce the networking
scenario, the interference modeling tools, and the performance metrics considered
in this thesis. In Chapter 3, we provide an overview of cooperative and cognitive
communication technologies addressed in our work. Chapter 4 gives more details
on the main analytic tools used in this thesis, stochastic geometry and Markov
decision process. Summary of the included papers is given in Chapter 5. Chapter 6
discusses the results of the thesis and presents possible directions for future work.





Chapter 2

Large Wireless Networks

2.1 Network scenario and challenges

Increasing number of wireless applications and services has driven the emergence of
large wireless systems, such as ad hoc and sensor networks, and multihop cellular
networks [1]. In such network systems, due to the scarcity of the available radio
spectrum, frequency bands have to be reused in space, and multihop transmission
needs to be supported to enhance network coverage. At the same time, the topology
and the traffic pattern become more random.

Spatial reuse of radio spectrum is a key feature of large wireless systems. Be-
sides using different medium access protocols such as Time Division Multiple Access
(TDMA), Frequency Division Multiple Access (FDMA) and Code Division Multiple
Access (CDMA), to coordinate access from multiple users, large wireless systems
usually allow nodes that are far from each other to transmit simultaneously in the
same frequency band. Reusing the scarce radio spectrum may increase spectrum
utilization. Lower reuse distance means higher transmission density, but, at the
same time, higher co-channel interference, i.e. the aggregate signal from all un-
desired transmitters that bothers the reception of a desired signal, resulting lower
data rate or reliability. Therefore, there exists an optimal spectrum reuse distance
that maximizes the network throughput [3].

Multihop communication, where relays assist data transmission between nodes
that are far apart, can improve throughput and power efficiency by reducing trans-
mission distances. However, it introduces extra transmission delay and more com-
plexity on designing network protocols and algorithms. Multihop communication
can be used in tree or mesh topologies. In this thesis, we address wireless mesh
networks. Wireless mesh networks are typically composed by randomly deployed
nodes, which have peer-to-peer communication and self-organizing capabilities.
Source-destination pairs in a mesh network usually communicate via multihop-
ping and in a decentralized manner. Mesh topology is desirable because it enables
rapid deployment and reconfiguration, and moreover, can provide high robustness

5
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against node failures.
Recent developments in mobile wireless networks like LTE-A are driven by the

decrease of the cell sizes, the introduction of device to device communication and
self organized network capabilities [1]. These in turn introduce more randomness in
terms of node location and traffic pattern even in the earlier rather regular cellular
communication systems.

The new features, like spectrum reuse, multihop communication and random
transmission patterns increase the uncertainty in wireless communication systems,
and thus bring new challenges on performance analysis and network design.

The first challenge is how to model the aggregate interference. In small wireless
systems, the Signal-to-Noise-Ratio (SNR) limits the network capacity. Whereas in
large wireless systems with spectrum reuse, interference from undesired transmit-
ters is added to the signal from desired transmitter at a receiver, so the Signal-to-
Interference-plus-Noise-Ratio (SINR) becomes the main performance-limiting met-
ric. Appropriate models for characterizing interference (or SINR) are crucial for the
design and evaluation of different transmission and reception techniques, and also
network protocols and algorithms in large wireless systems [4]. A brief introduction
of interference modeling will be given in Chapter 2.2.

The second challenge is how to characterize the capacity of large wireless sys-
tems with spectrum reuse, multihopping, and random topology. With traditional
information theoretical method, the capacity of a point-to-point link is usually de-
fined as the maximum bits per second that can be reliably transmitted from a
transmitter to a receiver, which can be calculated by the Shannon formula. How-
ever, with multiple links in a network area, it is very difficult to determine the
capacity region, i.e. a matrix where each entry denotes the capacity of one link in
the present of interference from others, even for the case with only three links. To
simplify the problem, throughput scaling law and transmission capacity have been
studied in the literature instead of the achievable network throughput.

As shown in the seminal work [5], with fixed transmission rate and simple
multihopping, the throughput per source-destination pair in a random network,
where n source and destination pairs are randomly located, decreases with n as
Θ(1/

√
n log n). Subsequent work in [6] further gives the optimal throughput-delay

tradeoff under the random network model as D(n) = Θ(nT (n)), where T (n) and
D(n) represent throughput and delay, respectively. Under an extended network
model, where the node density remains constant and the deployment area increases
linearly with the number of nodes, similar decay for the upper-bound on capacity
has been shown in [7].

However, the scaling law gives little insight into the absolute capacity loss due to
interference, since it only shows the order of decrease on throughput as the number
of nodes increases. The transmission capacity, defined as the maximum number of
bits transmitted successfully per second by users in the network per unit area, has
been proposed in [8] and further studied e.g. in [9–12] as a performance metric to
show spectrum efficiency.



2.2. INTERFERENCE MODELING 7

The third challenge is how to design efficient network protocols and algorithms.
Scalability has been considered as one of the most important requirements on pro-
tocol design for large wireless systems such as ad hoc mesh networks [13]. In
such networks, there is usually no centralized control as it is impossible to get the
full knowledge on the status of the whole network, so most protocols and algo-
rithms work in a distributed manner, e.g., topology control [14], routing [15, 16]
and medium access control [17]. For instance, most medium access protocols for
ad hoc networks are based on random access with carrier sensing to detect or avoid
collision within limited neighboring areas.

Under multihop transmission, geographic routing or geographic forwarding pro-
vides a promising solution for implementing distributed routing in large wireless
systems [18, 19]. Geographic routing finds a route in a hop-by-hop way, where ev-
ery node selects the next-hop node based on the information of its own position and
the positions of its neighbors and also the destination, and thus can avoid high rout-
ing overhead and achieve scalability. The recent emergence of small and inexpensive
Global Positioning System (GPS) devices, together with efficient localization proto-
cols, e.g., the one introduced in [20], makes geographic routing a preferable routing
strategy. A typical example of geographic routing is greedy forward routing [21],
where a transmitter selects the neighbor nearest to the destination as receiver.

With the emergence of advanced communication technologies, such as cooper-
ative transmission and cognitive networking, new challenges need to be addressed,
such as how to improve the capacity of wireless networks by combining these new
technologies with conventional medium access control and multihop routing? And
how to evaluate and analyze their performance in large network scenarios?

2.2 Interference modeling

Interference modeling plays an important role in characterizing the capacity of
wireless networks, designing and evaluating efficient transmission and reception
techniques as well as network algorithms and protocols. Rapid development of
large wireless systems motivates the growing interest in developing more detailed
interference models, considering the effect of the interference and its statistical
characterization [4].

Modeling the effect of interference

Protocol and physical interference models formalized in [5] are two popular models
used for characterizing the effect of interference by defining conditions for successful
transmission.

The protocol interference model assumes that the transmission on a link is
always successful if the distance between the receiver and any other concurrent
transmitter is not less than the distance between the transmitter and the receiver
multiplied by a factor (1 + Δ), where Δ is called the spatial protection margin.
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If receivers in the network can tolerate higher interference level, a lower spatial
protection margin can be assumed, that is, the network can accommodate more
intensive concurrent transmissions. However, the protocol model is based on a
simple deterministic radio propagation model, assumes uniform power allocation
among terminals, and represents only the pairwise interference relationship of active
links. Due to its simplicity, it is usually used for evaluating the performance of
network communication protocols [22,23].

The physical interference model considers the aggregate interference, i.e. the
sum of individual interfering signals, each of which comes from a undesired trans-
mitter, called an interferer, and depends on the radio propagation effects and the
location of the interferer. The physical interference model assumes that transmis-
sion on a link is successful if the SINR at the receiver is not lower than a threshold,
which is usually determined by the physical layer settings such as modulation and
coding schemes, transmission data rate and target bit-error-rate.

Radio propagation models characterize different radio propagation effects on the
received signals. Three main effects are widely considered: path loss, small-scale
fading and large-scale fading [24]. Path loss describes the main attenuation on
the received signal when it propagates through space. A commonly used path loss
model follows a power-law Pr/Pt ∝ d−α, i.e., the ratio between the average power
(or envelope) of received and transmitted signals is proportional to d−α, where d
is the transmission distance, and α is the path loss exponent that usually takes a
value between 2 to 4. Small-scale fading is the rapid fluctuation on the received
signal power caused by constructively or destructively combining the transmitted
signal replicas received through multiple paths. It is usually characterized by some
specific statistical distributions such as Rayleigh, Ricean, Nakagami-m and etc [25].
Large-scale fading, also called shadowing, describes the variation on the average
received signal power caused by ’shadowing’ from large obstructions. Usually, a
lognormal distribution with zero mean and an environment-dependent standard
deviation (typically from 2 to 4 dB) is used for modeling the large-scale fading. With
different assumptions on the propagation environments and application purposes,
some of the effects can be ignored while some cannot.

Taking only the deterministic path loss into account, the SINR of a link from i
to j can be expressed by the geometric SINR model [26]:

SINRij =
Pid

−α
ij

σ2 +
∑

k∈Ni
Pkd

−α
kj

,

where Pi denotes the transmission power of node i, σ2 is the noise power density, dij
is the distance between i and j, and Ni denotes the set of nodes that are scheduled
to transmit simultaneously with node i in the same frequency band according to
the used medium access protocol. The geometric SINR model captures important
aspects of real wireless networks and is simple enough to allow a concise performance
analysis.
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Including the effects of shadowing and fading, the expression of SINR becomes:

SINRij =
Pid

−α
ij |hij |2

σ2 +
∑

k∈Ni
Pkd

−α
kj |hkj |2

,

where hij is the fading coefficient characterizing the cumulative effect of shadowing
and fading, and is usually i.i.d for all the links. Under Rayleigh fading, hij is
an i.i.d complex Gaussian variable with zero mean and unit variance, so |hkj |2 is
exponentially distributed.

The physical interference model is more complicated than the protocol one, but
provides more realistic description of interference. In many cases, both protocol and
physical interference models can be used to provide different levels of accuracy [4].
However, when studying transmission and reception techniques, especially ones
utilizing radio channel diversity, only the physical interference model can be used.

Modeling the statistical characteristics of interference
The statistical characteristics of the aggregate interference are usually described
by the integrated effect of the following components: radio propagation, spatial
distribution of nodes, medium access schemes, and traffic patterns [4]. Except radio
propagation, the other three components together determine the spatial distribution
of interferers, which can be a deterministic placement or a random distribution, and
has been considered as another important factor that affects the characteristics
of interference. Specifically, spatial distribution models describe the location of
nodes over the network area; medium access control schemes including random
access (such as ALOHA and CSMA) and deterministic access (such as TDMA,
FDMA, and CDMA) specify the spatial relationship among transmitting nodes; and
traffic models describe the activity of the transmitters, for instance, the activity
of transmitters in a time slotted system can be modeled by a Bernoulli process,
where the active probability of a transmitter in a time slot depends on its traffic
intensity. For characterizing interference for different purposes at different network
layers, different levels of abstraction on the components need to be considered.

If the locations of the interferers are known, the randomness of interference is
mainly caused by the radio prorogation effects. Using a random variable to describe
an individual interfering signal, the statistics of the aggregate interference can be
characterized by deriving the distribution function of the sum of random variables.
Generally, there is no closed form for the distribution function of the aggregate
interference, and thus different approximation or numerical evaluation methods are
needed [27]. For instance, under deterministic path loss with lognormal fading, the
aggregate interference has been approximated by another lognormal random vari-
able in [28–31], whereas the aggregate interference under Rayleigh fading has been
approximated by a Gaussian distribution in [32]. Regular linear or grid topology is
usually assumed to simplify the derivation on the distribution of the aggregate in-
terference, and can provide insights on the performance of networks in more general
cases [33–36].
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If the locations of the interferers are not available, the randomness of interference
is caused by both the radio prorogation effects and the random node locations. The
aggregate interference in this case is typically characterized by methods based on
stochastic geometry, where the interferers are modeled as a random collection of
points in space. More details on interference modeling based on stochastic geometry
will be given in Chapter 4.1.

2.3 Performance metrics

The efficiency of different transmission schemes and network algorithms can be
measured and evaluated on three levels: single-hop, multihop, and system-level.

Single-hop performance metrics
Single-hop performance metrics describe the performance of different transmission
schemes and network algorithms in a single hop. They are usually the basic elements
of metrics on the higher levels. The single-hop metrics we consider in this thesis
are as follows.

• Achievable rate is the maximum data rate that can be achieved with reliability
in a single hop. If the SINR of a link is known a priori, Shannon formula
provides a mathematical tool to map the instantaneous SINR to the achievable
rate. With Shannon formula, the bandwidth-normalized achievable rate (bits
per second per Hertz) of a point-to-point link from i to j is rij = log2(1 +
SINRij).

• Outage probability is the probability that the SINR at a receiver is less than
a certain threshold, which depends on the transmission rate, the adopted
transmission scheme, and the considered channel model. That is Pout

ij =
Pr(SINRij < ψ). Under fading, the transmitting nodes may not be able to
know the instantaneous SINR a priori, and thus cannot adapt their transmis-
sion rates to the corresponding SINR values, resulting in potential outages.

• Successful transmission probability is the probability that the transmission
on a link is successful, i.e. Psucc

ij = 1 − Pout
ij . After knowing the outage

probability, transmission success on a link in a time slotted system can be
modeled by a Bernoulli process as an abstraction of various transmission
schemes and channel models, or by Gilbert models to represent even the
burstiness of the link quality.

• Expected rate equals the transmission rate multiplied by the successful trans-
mission probability. It shows the long-run average reception rate of a link.

• Throughput of a single hop is defined as the achievable rate or the expected
rate multiplied by the average normalized active time of a hop.
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• Progress of a receiver in a single hop is defined as the orthogonal projection of
the line connecting the transmitter and the receiver onto the line connecting
the transmitter and the final destination.

• Transport capacity in a single hop is defined as the product of the throughput
and the progress towards the destination. The unit of transport capacity is
bit-meters per second. The network transports one bit-meter if one bit has
been transported a distance of one meter toward the destination [5]. Since
longer transmission distance usually leads to lower rate, the transport capacity
is a valuable indicator of the efficiency of different transmission schemes.

Multihop performance metrics
Multihop performance metrics aim at measuring the performance of different trans-
mission schemes and network algorithms on a multihop path. Consider wireless mul-
tihop networks with a Spatial reuse TDMA (STDMA), where each TDMA frame is
divided into Q equal slots, and simultaneous transmissions from nodes that Q hops
away from each other are scheduled in each time slot. Compared with various dy-
namic STDMA schemes that allocate variable length of time slots to transmission
in different hops, such a static STDMA scheme has the advantage of simplicity, and
low overhead for control information exchange. The multihop performance metrics
used in this thesis that include the effect of spectrum reuse are defined as follows.

• End-to-end throughput is the minimum of the rates achievable at each hop of
the multihop route divided by the spatial reuse parameter Q [35].

• End-to-end delay is the total time that a packet need to be transmitted across
a multihop path from a source to a destination. Under the assumptions that
each TDMA slot can accommodate one packet, time slots are assigned to
the nodes in the multihop path sequentially, and the propagation time is
negligible compared to the transmission time, packets do not need to wait at
the relaying nodes and can travel Q hops in a TDMA frame time [6].

• Throughput-delay tradeoff is a set of per-hop throughput and delay pairs,
each of which corresponds to a specific reuse distance Q. It can be used to
capture the effect of reuse distance, and to compare the performance of differ-
ent transmission schemes by showing which one achieves higher throughput
under the same delay, or lower delay under the same throughput.

System-level performance metrics
System-level performance metrics show the performance of different transmission
schemes and network algorithms from the network perspective. Throughput scaling
law and transmission capacity introduced in Chapter 2.1 belong to this category.
The system-level performance metrics considered in this thesis are:
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• Density region is the set of feasible densities of current transmitting nodes.
For instance, in hierarchical spectrum sharing networks, the density region
can be defined as the set of transmission densities of the primary and the
secondary systems such that the outage probability of the primary users is
controlled under limit. The details of hierarchical spectrum sharing will be
given in Chapter 3.2.

• Stable-throughput region of a network is the set of arrival rates with which the
queuing systems in the network are stable. Consider a hierarchical spectrum
sharing network, the stable-throughput region denotes the arrival rate vectors
with which the queues at both primary and secondary users are stable.



Chapter 3

Cooperative and Cognitive
Communication

In this chapter, we briefly introduce the fundamental of cooperative and cognitive
communication technologies, and then introduce the main topics addressed in this
thesis.

3.1 Cooperative communication

Besides path loss and interference, fluctuations on signal power caused by fad-
ing bring severe impairment that limits the capacity of wireless communications.
Transmitting a signal via multiple channels, each of which experiences independent
fading, can combat the effects of fading by achieving diversity in time, frequency,
or space. MIMO transmission between wireless devices with multiple antennas has
been considered as a key technique to achieve spatial diversity and thus mitigate
channel fading. However, multiple antennas may not be feasible at mobile devices
due to the limited space, power supply, or hardware cost. An alternative way of
achieving diversity is to use the concept of relay-based cooperative communication.

By taking advantages of the broadcast nature of the wireless medium, relay-
based cooperative communication enables nodes in a wireless network to share
their resources such as antennas to collaboratively forward information for each
other. Single-antenna devices can cooperatively create a virtual antenna array
and perform distributed signal processing to mitigate channel fading by exploiting
spatial diversity, which is also called cooperative diversity in this case. Therefore,
relay-based cooperative communication can enhance the reliability, increase the
data rate, improve the energy efficiency, or extend the coverage of wireless networks.

Based on the classical three-node relay channel composed of one source, one
destination, and one relay node, first introduced in [37], Cover and El Gamal [38]
proposed the concept of cooperative relaying, and derived the lower bounds on the
capacity of several relay strategies for the single-relay systems. After the seminal
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work in [38], several relay strategies have been proposed in the literature, where
decode-and-forward, amplify-and-forward and compress-and-forward are the three
fundamental ones.

With decode-and-forward relaying, a relay decodes the signal received from a
source, and re-encodes it with a different or the same code and then forwards
the codeword to the destination. The concept of decode-and-forward relaying is
first proposed in [38] and further developed in [39]. Under amplify-and-forward
relaying, a relay node simply amplifies the received signal and forwards it to the
destination, so errors on the source-relay link are propagated and even amplified
to the destination [40]. With compress-and-forward relaying, relays compress the
received signal based on the side information from the direct link and then forward
the compressed signal to the destination [38, 41]. The performance of the different
relay strategies depends on the relay selection scheme and the resource allocation
algorithms, e.g. power allocation at the source and relays [42].

In this thesis, we consider the decode-and-forward strategy in papers A-D. Pa-
pers A,B, and C assume a simple orthogonal decode-and-forward relaying scheme
as follows. Consider a time slotted system composed of a source, a relay, and a
destination. Under the orthogonal decode-and-forward relaying scheme, each time
slot is divided into two fractions. In the first time fraction of relative length u,
the source transmits while the relay and the destination listen. In the second time
fraction, the source stays silent, while the relay decodes and re-encodes the received
message, and forwards it to the destination. The achievable rate from the source
to the destination becomes [43]:

rR = min{u log2(1 + SINRsr), u log2(1 + SINRsd) + (1 − u) log2(1 + SINRrd)},
= min{ursr, ursd + (1 − u)rrd},

where SINRsd, SINRsr, and SINRrd are the SINR values of the source-destination
link, the source-relay link, and the relay-destination link, respectively. The first
argument of the ’min’ function, ursr, is the maximum rate per slot that the relay
node can reliably decode messages from the source, whereas the second one, ursd +
(1 − u)rrd, denotes the maximum rate per slot that the destination can reliably
decode messages by combining signals received from the source and the relay.

Paper D considers a different relaying scheme, which is called the selective
decode-and-forward relaying. Instead of staying in silent, the source repeats the
message in the second time fraction if the relay cannot successfully decode the mes-
sage. Usually, equal slot partition (u = 1/2) is considered in this case, so the relay
node can use the same code as the source. Then the achievable rate from the source
to the destination becomes [42]:

rR =
{ 1

2 log2 (1 + 2SINRsd) SINRsr < ψsr
1
2 log2 (1 + SINRsd + SINRrd) SINRsr ≥ ψsr

, (3.1)

where ψsr denotes the SINR threshold at the source-relay link.
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In paper E, we model the packet transmission on each end-to-end communi-
cation link as independent Bernoulli processes, which can be parameterized for
arbitrary cooperative relaying strategies.

3.2 Cognitive communication and spectrum sharing

Due to the exponentially increasing data traffic, the radio spectrum has become
severely scarce. However, reports on spectrum usage measurements show that
under the static spectrum allocation policy, most of the spectrum bands are not
fully utilized because of the temporal and spatial variance or burstiness of wireless
traffic [44]. The emerging cognitive radio technology opens new communication
paradigms that allow dynamic spectrum access to increase the efficiency of spectrum
utilization.

Cognitive radio refers to a wireless communication system that is aware of the
situation of the surroundings, and dynamically adapts its operating parameters
and settings such as frequency bands, modulation and coding schemes, and access
protocols, to the changes of the environment. Although cognitive radio has received
significant interests in recent years, the concept of cognitive communication has
been adopted to wireless communication networks even earlier. For instance, in
CSMA protocols, a transmitter needs to detect or use feedback from a receiver to
determine whether there is another active transmitter in the neighborhood before
attempting to transmit. With the ’sense before transmit’ capability, an exclusion
region around an active transmitter or receiver can be formed, where other nodes
are prohibited from transmitting at the same time.

Cognitive communication allows controlled spectrum sharing among different
networks and users. In a hierarchical spectrum sharing network, primary and sec-
ondary (cognitive) users coexist and share the same spectrum bands. The primary
users have higher priority to access the spectrum, whereas the secondary users are
allowed to communicate on the same spectrum cognitively with limited impact on
the performance of the primary users. That is, the secondary users need to be
aware of the use of the spectrum, and adapt their transmission strategies so that
the performance of the primary users does not degrade over a limit. Hierarchical
spectrum sharing is a typical and widely considered application of the cognitive
radio technology.

A traditional way to facilitate hierarchical spectrum sharing is performed as fol-
lows [45]. The secondary users sense the use of the spectrum and identify the spec-
trum holes that are the time-frequency resources unused by the primaries [46–48],
and then exploit them for their own communication [49–51]. Therefore, the ef-
ficiency of hierarchical spectrum sharing is affected by the accuracy of spectrum
sensing, and depends on the decision making capabilities of the secondary users,
i.e. they have to find the best access strategy based on the sensing results. With
spectrum sensing, Primary Exclusion Regions (PERs) can be formed around the pri-
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mary transmitters or receivers, where the secondary users are forbidden to transmit
simultaneously, and consequently strong secondary interferers are avoided [52–54].

Besides studying spectrum sensing and access techniques, the capacity of large
hierarchical spectrum sharing networks also attracts much attention. Results in
[55–57] show that both the primary and the secondary networks can achieve the
same capacity scaling law as a standalone wireless network if the secondary pro-
tocols are carefully designed. The transmission capacity and the density region
of large spectrum sharing networks, where the concurrent primary and secondary
transmitters are randomly distributed, have been studied in [58–61]. They assume
the secondary network can tune the transmission density to meet the constraint
on the outage probability of the primary users, and show that the performance of
the secondary network can be improved by successive interference cancellation [59],
and by optimizing transmission power [60] or transmission distances [61].

3.3 Cooperation and cognition in large wireless networks

Cooperation and multihopping

Cooperative communication offers a promising means to increase spectrum effi-
ciency by mitigating multi-path fading. There exists substantial literature which
provides significant contributions on exploring the merits of cooperative communi-
cation. However, most works consider an isolated small wireless network composed
of one source-relay-destination hop, for instance, the capacity study in [38, 41, 62],
and the analysis on outage behavior in [42,63,64].

Results in [65–67] show that combing cooperative communication with simple
multihopping can improve the capacity scaling law of wireless networks. How to
trade off interference and cooperation becomes crucial for achieving cooperative
diversity in large wireless networks with multihop transmissions and spectrum reuse.
Cooperative relaying needs more space-time resources and thus may interfere with
other transmissions in the neighborhood, so using cooperative transmission may
increase the data rate or improve the reliability of a single source-destination pair
but may degrade the overall network performance.

Different approaches for achieving cooperative diversity in multihop networks
are proposed in [68–70]. Two architectures, namely clustered and distributed ar-
chitectures, which are used to facilitate cooperative communication in large-scale
wireless networks, are proposed in [68]. The first one relies on an existing clus-
tered infrastructure, where relay nodes are selected and controlled by the cluster
head in each cluster. In the distributed architecture, MIMO clusters are formed
dynamically. Based on the two architectures, tradeoffs in complexity at different
communication layers can be achieved. Related works on cooperative communi-
cation in large wireless networks also address issues like distributed space-time
coding [71,72], cooperative medium access control [73–75], and routing with coop-
erative relaying [76–78].
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We consider to combine cooperative communication with simple multihopping in
a hop-by-hop basis, named as Hop-by-Hop cooperation (HyH-coop) in papers A,B
and C. With simple multihopping, when a source attempts to send information to
a remote destination, a multihop route needs to be built on demand or maintained
all the time according to the adopted routing protocols; whereas in each hop on the
path, the sender directly transmits to the corresponding receiver. Under HyH-coop,
instead of transmitting directly, the sender chooses a relay node in the neighborhood
to cooperatively relay its messages to the receiver.

We investigate the efficiency of HyH-coop under the a static STDMA scheme,
where there is co-channel interference from the simultaneous transmissions. The
physical interference model with geometric SINR is considered in paper A, where
we derive the throughput-delay tradeoff of HyH-coop. We further consider the
effects of Rayleigh fading in paper B, and propose an analytical model to get the
per-hop outage probability and the expected rate. Since the mean interference
from a near interferer is much higher than that from a interferer that is far away,
resulting in several strong dominant components in the aggregate interference, we
use hypoexponential distribution to model the aggregate interference, instead of
the usual Gaussian approximation. Based on the derived models, we evaluate the
performance of HyH-coop under different levels of parameter optimization, and give
the regimes where HyH-coop achieves significant gain.

In paper C, we consider random networks and propose cooperative geographic
routing (cGeo-routing) schemes, namely Cooperative-Random Progress Forwarding
(C-RPF) and Cooperative-Nearest with Forward Progress (C-NFP), which combine
HyH-coop with traditional geographic routing. With cGeo-routing, every sender
selects a relay and a receiver based on local information, so cGeo-routing can avoid
high routing overhead and achieve scalability. Instead of detailed protocol design as
in [79, 80], we focus on modeling the average performance of the two cGeo-routing
schemes in a single hop in terms of progress and transport capacity. Under random
networks, the average single-hop performance together with the density of current
transmissions can provide insights on the spectrum efficiency in an area [81,82].

Cooperation and cognition

The cooperative communication techniques can also improve the performance of
cognitive radio based spectrum sharing networks, where two types of cooperative
transmission exist [83,84]. Horizontal cooperation defines the cooperative transmis-
sions among primary or secondary users, whereas vertical cooperation defines the
cooperative transmissions involving both primary and secondary users. Horizontal
cooperation in the primary network can improve the reliability of transmissions at
a given transmission density, or increase the transmission density of the primary or
the secondary networks at a given reliability requirement. Horizontal cooperation
among secondary users can improve the efficiency of the secondary network, but
cannot bring any direct gain to the primary network [85,86].
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Under vertical cooperation, the secondary users hope to get more transmission
opportunities by assisting primary transmissions. Spectrum sharing employing ver-
tical cooperation, even called as cooperative spectrum sharing, provides a promising
solution to share spectrum more efficiently between primary and secondary sys-
tems. Instead of transmitting in spectrum holes, the secondary users relay primary
packets, and transmit their own packets with superimposed signal [87–90], or in a
time- [91–93], frequency- [94,95], or space- [96] division manner.

The capacity of cooperative spectrum sharing has been addressed in [97, 98],
where they show the scaling law of the primary network can be improved if the sec-
ondary users forward primary traffic, for instance, can be increased to Θ(1/ log n)
in very dense secondary network, where the scaling law of the secondary network
keeps unchanged Θ(1/

√
n log n) as a standalone network. Other literature on co-

operative spectrum sharing proposes advanced space-time coding and modulation
algorithms [87, 89], spectrum sharing protocols [88] or the optimal relay selection
and resource allocation based on dynamic spectrum sharing games [91–93,99–101].
Their results reveal that by exploiting cooperative diversity, the throughput or the
power efficiency of the primary users can be guaranteed or even improved, whereas
the secondary users can obtain more transmission opportunities. Such ’win-win’
situation gives both networks incentive to allow cooperation.

In paper D, we consider large-scale coexisting primary and secondary networks,
where users of both systems are randomly distributed. In contrast to small-scale
networks, which are considered in most of the existing works, both primary and
secondary systems have concurrent transmissions, so the performance of each net-
work depends on the aggregate interference from the two systems. We consider
the secondary users are able to perform spectrum sensing and form PERs to pro-
tect primary transmissions, and also can assist primary transmissions by selective
decode-and-forward relaying. We build a tractable analytic framework for evaluat-
ing the performance gains of cooperative spectrum sharing and PER control when
they are applied separately or jointly. Detailed performance evaluation based on
the proposed model shows the characteristics of the achievable gain of both cooper-
ative spectrum sharing and PER control on the density region, which demonstrates
the tradeoff between the spatial transmission densities of the two systems.

Most existing works on cooperative spectrum sharing assume always backlogged
traffic, and aim to maximize the achievable throughput of both primary and sec-
ondary systems. Non-backlogged traffic has been considered in [102–105], where
they characterized the stable-throughput region under stochastic packet arrival and
transmission processes, however, assuming that the secondary users are always will-
ing to assist primary transmissions.

In paper E, we consider a primary and a secondary source-destination pair
with dynamic traffic and unreliable transmission channels, where the performance
of the primary user can be guaranteed with cooperative spectrum sharing, and
the dilemma exists for the secondary users, that is, choosing cooperation the sec-
ondary user can transmit a packet immediately even if the primary queue is not
empty, but needs to bear additional cost, such as transmission power, of relaying
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the primary packets. We propose a dynamic access schemes for the secondary user,
i.e. it can decide sequentially in each time slot whether to cooperate or not. We
model the packet transmission on each end-to-end communication link via inde-
pendent Bernoulli processes as an abstraction of various cooperative transmission
techniques and channel models, and derive the stable-throughput region of the pro-
posed scheme. We formulate a Markov Decision Process (MDP) to derive optimal
sequential decision of the secondary user that can trade off the gain and the cost of
cooperative spectrum sharing. Extensive numerical evaluations are performed to
show the advantages of dynamic cooperative secondary access.





Chapter 4

Analytic Models and Tools

We introduce the main analytic tools used in this thesis, that is, stochastic geometry
and Markov decision process, applied in paper D and paper E, respectively.

4.1 Stochastic geometry for interference and outage
modeling

Stochastic geometry [106] offers a useful mathematic tool for characterizing the
statistics of the aggregate interference and consequently for evaluating the link
outage probability in large wireless networks, where nodes are randomly distributed,
and predicting or measuring the locations and the channel conditions of all the
neighboring nodes is impossible.

Interference modeling using stochastic geometry techniques has been initialized
in [107], and further studied in [108–111]. The analytic framework proposed in
paper D of this thesis is based on the results on interference and outage modeling
using stochastic geometry. Therefore, we present a brief overview of the fundamen-
tal results, based on [82,112], specifically considering nodes distributed as a Poisson
Point Process (PPP) in a plane R

2, and radio channel subject to power-law path
loss and Rayleigh fading.

Poisson point process

Studying the performance of a network with unknown node locations, a typical
assumption is that nodes are distributed as a PPP. A point process Φ = {Xi},
where Xi denotes the location of the ith node, is a PPP in a plane R

2 if the
number of points in any area A ∈ R

2, denoted by Φ(A), is a Poisson random
variable, and moreover, the number of points in disjoint areas A1, A2, ..., An ∈ R

2

are independent. PPPs have the following important properties:

• The superposition of some independent PPPs is a PPP;

21
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• The independent thinning of a PPP is a PPP;

• Moving a point of a PPP to a random location yields a PPP.

A PPP is homogeneous if it has a constant intensity λ across the whole area.
Then the probability that there are n points in area A is:

Pr(Φ(A) = n) = exp(−λ|A|) (λ|A|)n
n! , ∀n ∈ N0,

and the void probability, the probability that there is no point in A, equals Pr(Φ(A) =
0) = exp(−λ|A|). Moreover, the superposition of two homogeneous PPPs of inten-
sities λ1 and λ2 gives a PPP of intensity λ1 + λ2, and the thinning (i.e. selecting
every point independently with probability p) of a homogeneous PPP results a PPP
of intensity pλ.

The intensity of an inhomogeneous PPP is not a constant but a function that
depends on the considered area, which is given by an intensity measure. For a
inhomogeneous PPP with intensity measure Λ, the number of points in area A is
a Poisson random variable with mean Λ(A). The three properties are also hold,
and the intensity of the resulting PPP in the three cases depends on the intensity
measures of the original ones.

For the interference modeling we apply Slivnyak’s theorem for PPP. Slivnyak’s
theorem states that a property of a PPP, seen from a point x, (e.g., the distribution
of the number of nodes closer than distance r) is the same for Φ if x /∈ Φ and for
Φ/x if x ∈ Φ.

We use as well the Laplace functional of a PPP. In general, the Laplace func-
tional of a point process Φ and a non-negative function f is defined as:

LΦ(f) = E

[
exp
(
−
∑
X∈Φ

f(X)
)]

= E

[
exp
(
−
∫
R2

f(x)Φ(dx)
)]

.

For a PPP in a plane, the Laplace functional becomes:

LΦ(f) = exp
(
−
∫
R2

(
1 − e−f(x)

)
Λ(dx)

)
, (4.1)

and consequently, for a homogeneous PPP of intensity λ:

LΦ(f) = exp
(
−
∫
R2

λ
(
1 − e−f(x)

)
dx
)
.

Outage probability under Rayleigh fading and PPP node
distribution
Outage on a wireless link happens if the SINR value on the link is less than some
threshold. Define SINR = S/(W +I), where S, W , and I denote the desired signal,
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the noise and the interference powers, respectively. If S is subject to Rayleigh fad-
ing, that is, S is exponentially distributed with mean Psd

−α, where Ps denotes the
transmission power of the desired transmitter, and d is the transmission distance,
then the outage probability is given by:

Pout = Pr(SINR < ψ) = Pr(S < ψ(W + I))

= 1 − exp
(
−ψdα

Ps
W

)
E

[
exp
(
−ψdα

Ps
I

)]
(4.2)

The first term on the right-hand side of (4.2) after the minus operator depends only
on the noise (or SNR), whereas the second term depends only on the interference
(or SIR). Most wireless networks stay in the interference-limited region, where
I � W , and thus the transmitters cannot improve the network capacity by simply
increasing their transmission power. The outage probability in the interference-
limited region can be approximated by the second term, which happens to be the
Laplace transform of I evaluated at s = ψdα/Ps:

Pout ≈ 1 − LI(s)|s=ψdα/Ps
.

Consider a receiver at location y, the aggregate interference at the receiver is:

I(y) =
∑
X∈Φ

PXhXg(‖y −X‖), (4.3)

where Φ denotes the point process of interferers, PX is the transmission power of
interferer X, hX is the fading coefficient characterizing the cumulative effect of
shadowing and fading and considered to be i.i.d for all the links, and g is the path
loss function that depends on the distance from node X to y.

Assume the locations of interferers, Φ in (4.3) follow a homogeneous PPP of
intensity λ in a plane, power-law path loss function g(‖y − X‖) = ‖y − X‖−α,
and uniform power allocation, PX = P for all X ∈ φ. For this case, the Laplace
transform of I and thus the outage probability of a link can be derived as follows.

As a consequence of Slivnyak’s theorem, under a homogeneous PPP, condi-
tioning on a typical receiver at any location y does not change the distribution
of interferers, and consequently, the statistics of the aggregate interference. So
without loss of generality, a typical receiver is usually assumed at the origin of a
homogeneous PPP. According to [82,112], in this case the distances from interferers
to the origin represent an inhomogeneous PPP Φ = {Ri = ‖Xi‖} with intensity
Λ(r) = 2πλr. Therefore, the Laplace transform of I in (4.3) is given by:

LI(s) = E[e−sI ] = E

[
exp
(
−sP

∑
R∈Φ

hRR
−α

)]
, (4.4)

where the expectation is taken over both Φ and h. Note that, LI(s) in (4.4) is a
Laplace functional of Φ with f(r) = sPhrr

−α. Since Φ is an inhomogeneous PPP,
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from (4.1), the Laplace transform of I becomes:

LI(s) = exp
{
−
∫ ∞

0
Eh

[
1 − e−sPhr−α

]
Λ(r)dr

}
(4.5)

= exp
(
−πλE[hδ]Γ(1 − δ)sδP δ

)
,

where δ = 2/α and the gamma function Γ(a) is defined as Γ(a) =
∫∞
0 ta−1e−tdt. If

α ≤ 2, the interference from transmitters does not decrease fast enough, so I = ∞;
otherwise, I < ∞, but E(I) = ∞ due to the singularity of the path loss law at the
origin [82,112].

Under Rayleigh fading, E(hδ) = Γ(1+δ). Based on the properties of the gamma
function, the closed-form of LI(s) is:

LI(s) = exp
(
−πλsδP δ πδ

sin(πδ)

)
. (4.6)

In a mesh network, the locations of the interferers are defined by the locations of
the nodes and the medium access control protocols. In paper D we use the results
of [112], that considers homogeneous PPP networks with Rayleigh fading and gives
the aggregate interference and the outage probability for two basic medium access
control schemes.

ALOHA: Each node transmits independently and randomly with probability
p. So if nodes in a network are distributed as a homogeneous PPP of intensity λ,
due to the independent thinning property, the locations of interferers also follow a
homogeneous PPP of intensity pλ. Substituting s = ψdα/P into (4.6), the outage
probability of a link under ALOHA becomes:

Pout = 1 − exp
(
−pλd2ψδ π2δ

sin(πδ)

)
.

CSMA-like MAC: Consider a transmitter-receiver link, where an exclusion
region prohibiting nearby transmissions is built around the receiver based for ex-
ample on a request-to-send and clear-to-send scheme. Assume that the exclusion
region is a disk of radius re centered at the receiver, and interferers outside the
exclusion region are distributed as a homogeneous PPP of intensity λ. Following
the same steps (only changing the range of the integral in (4.5) from zero-infinity
to re-infinity), the Laplace transform of the residual interference that comes from
transmitters outside the exclusion region is given by:

LI(s) = exp
{
−πλ

{
sδP δ

Eh[hδγ(1 − δ, sPhr−α
e )] − r2

eEh[1 − exp(−sPhr−α
e )]

}}
,

where γ(a, b) =
∫ b

0 exp(−t)ta−1dt is the lower incomplete gamma function. The
expectation including the lower incomplete gamma function can be evaluated nu-
merically. Under Rayleigh fading and δ = 1/2, the Laplace transform of I has the
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closed-form:

LI(s) = exp
{
−πλ

√
sP

(
π

2 − arctan
(

1√
sPr−α

e

)
+
√

sPr−α
e

sPr−α
e + 1

)
+ πλsPr2

e

sP + rαe

}
,

where substituting s = ψdα/P we get the successful transmission probability, the
complementary of the link outage probability, under the CSMA-like MAC protocol.

Discussion
Stochastic geometry and its associated techniques have been used for analyzing
and modeling the performance of different wireless communication systems such as
traditional cellular network systems [113–116], femtocells [117,118], cognitive radio
networks [58–61], and cooperative relay networks [119]. They also have been used
for performance analysis of horizontal cooperation in large hierarchical spectrum
sharing networks [85,86].

For modeling interference under different networking scenarios, the basic ana-
lytic framework for PPP with Rayleigh fading have been extended in the literature.
However, in most of the extended models, the analysis process becomes more com-
plicated, and numerical evaluations are needed since no closed-form expressions can
be derived.

A key extension is on exploring more realistic point process for describing the
spatial distribution of interferers. Under the homogeneous PPP assumption, we can
have tractable analysis and even closed-form expressions in some particular cases,
but the assumption is not valid in some network scenarios. For instance, the works
in [120–122] show that carrier sensing leads a more regular spatial distribution of
interferers, so it is more appropriate to model the locations of interferers under
CSMA as a Martern-type hard-core process, where there is a minimum distance
between any two points. The PPP assumption provides inaccurate results if the
carrier sense range is large since the ’distortion’ in the point process caused by
exclusion regions is large as well.

Other forms of fading such as Nakagami-m have also been considered, for in-
stance, in [123], where the temporal and spatial correlation of the aggregate inter-
ference have also been quantified in ALOHA random networks. Another direction
for extension is considering a bounded path loss model, for instance, g(‖y−X‖) =
k/(1+‖y−X‖α), instead of the unbounded one (g(‖y−X‖) = k‖y−X‖−α), since
the unbounded path loss model is only valid in far field, and has singularity at the
origin. It has been shown in [124] that under a bounded path loss, the aggregate
interference always has a finite mean.

In paper D, we define a unified analytic framework for evaluating the perfor-
mance of cooperative spectrum sharing and PER control. This is the extension of
our work in [84], where the performance gain of cooperative spectrum sharing with
PER control is evaluated in the network with only a single primary link. In paper
D, we consider unbounded path-loss with Rayleigh fading, and model the locations
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of concurrent primary and secondary transmitters as two independent homogeneous
PPPs. Even under these assumptions, there are some challenges we need to address.
The outage probability of cooperative transmission depends on the SINR values of
the source-destination, the source-relay and the relay-destination links, and these
SINR values may be temporally or spatially correlated. Moreover, PER control
results a non PPP distribution of the secondary transmitters. Extensive simu-
lations show that, despite the model assumptions, the results from the proposed
analytic framework have high accuracy. The framework can be extended easily to
evaluate various types of relay selection and cooperative transmission schemes as a
consequence of its modular structure.

4.2 Markov decision process

MDPs provide a mathematical framework for optimizing control strategies in stochas-
tic systems, and have been used extensively for performance optimization in the
areas of robotic, automatic control, economics, manufacturing, logistics, network-
ing, and so on [125–128].

The basic idea of the MDP framework is as follows. Consider a stochastic
control system whose state can be observed over discrete time stages t = 0, 1, .., N .
If N < ∞, the control process has absorbing states, so it can be model by a finite-
horizon MDP, otherwise, by a infinite-horizon MDP. At each stage, a decision (or
an action) has to be made. After taking the action, an immediate cost (or reward)
incurs, and the system moves to a new state, that depends deterministically or
stochastically on the present state and the selected action. The state transition of
an MDP has the Markov property, that is, the probability that the system transits
from state s to s′ when action a is taken is conditionally independent of all previous
states and actions:

Pr {st+1 = i|st = j, at = k} =
Pr {st+1 = i|st = j, at = k, st−1 = jt−1, at−1 = kt−1, ..., s0 = j0} .

Note that, since the MDP framework with costs are the dual problem of the one
with rewards, they can be solved similarly. We consider the MDPs with costs in
this thesis.

An MDP usually can be characterized by a 5-tuple M = 〈S,A,A, p, g〉, where

• S is a countable set of discrete states.

• A is a countable set of control actions.

• A : S → P(A) is an action constraint function, where A(s) denotes the set of
allowed actions in state s.

• p : S×A → �(S) is the transition function, where �(S) denotes the set of all
probability distributions on S. Define pa(s, s′) = Pr(st+1 = s′|st = s, at = a).
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• c : S × A → R is the cost function, where c(s, a) gives the immediate cost
incurred at state s by taking action a.

A set of rules the decision maker follows to choose action in each stage is called
a policy π. The decision can depend on the current state, on the past history of the
process, and on the time. A policy is Markovian, if the choice depends only on the
current state and not on the previous history, and is stationary if it does not depend
on the time either. Note that if a stationary policy is applied, the state process of
an MDP becomes a stationary Markov chain. The policy is randomized, if several
actions are selected with some probabilities, and is deterministic otherwise.

The objective for an MDP is to find the policy minimizing some cumulative
functions of the immediate costs. The cumulative function is called the optimality
metric. It is usually defined as the expected total cost for finite-horizon MDPs.
In an infinite-horizon MDP, there are no absorbing states, so the total expected
cost may become infinite, and therefore other optimality metrics such as expected
discounted cost or expected average cost are introduced.

An optimal stationary policy is clearly more attractive than a time or history-
dependent one, so methods for finding an optimal stationary policy have been
studied widely. If an optimal stationary policy exists for the MDP, it can be found
by Dynamic Programming (DP) algorithms, such as value iteration and policy iter-
ation, and also with Linear Programming (LP), if the state transition probabilities
and cost functions are known. To optimize policies for MDPs with unknown transi-
tion probabilities or cost functions, Reinforcement Learning (RL) algorithms have
been proposed.

Dynamic programming

Finite-horizon MDP

The theory of DP has been first presented in [125], where a backward induction
algorithm is introduced for solving the finite-horizon MDPs. The basic idea of
backward induction is as follows.

Define the value function for a finite-horizon MDP as the total expected cost
obtained from time t to the final stage N when policy π is employed and the initial
state is i:

vπt (i) = Eπ

⎡
⎣ T∑

j=t

c(sj , πj)|st = i

⎤
⎦ , i ∈ St,

where Eπ is the conditional expectation given that the policy π is employed, πj

denotes the action taken in time j according to policy π, St is the set of all possible
states in time t, and sN+1 = sN since the process has finite horizon and will stay
in state sN after time N .
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The optimal value function v∗t (i) = inf vπt (i) achieved by the optimal policy,
satisfies the following Bellman’s equation:

v∗t (i) = min
a∈A(i)

⎧⎨
⎩c(i, a) +

∑
j∈S(i,a)

pa(i, j)v∗t+1(j)

⎫⎬
⎭ , i ∈ St, t = 0, 1, ..., N − 1, (4.7)

where S(i, a) denotes the set of all reachable states from state i with action a. Note
that the Bellman’s equation expresses the relationship between the value function
at the present stage and the one at the following stage.

In finite-horizon MDPs, the process is in an absorbing state at the final stage
and therefore the optimal value v∗N (i) at the final stage is known, and the opti-
mal values in previous stages can be found by solving the Bellman’s equation in
(4.7) recursively. Then the optimal decisions minimizing the right hand side of the
Bellman’s equation can be determined backwards step by step [125].

Infinite-horizon MDP

In infinite-horizon MDPs, the total expected discounted cost and the expected
average cost are considered as optimality metrics.

Discounted cost: Under the discounted framework, the costs from the stages
at the beginning of a process are more important than the future ones, so actions
that gain immediate costs are preferred over the ones that generate the same cost
in the future. Let 0 < β < 1 denote the discount factor. The value function in this
case is defined as the total expected discounted cost:

vπβ (i) = Eπ

[ ∞∑
t=0

βtc(st, πt)|s0 = i

]
, i ∈ S.

Then the Bellman’s equation becomes:

v∗β(i) = min
a∈A(i)

⎧⎨
⎩c(i, a) + β

∑
j∈S(i,a)

pa(i, j)v∗β(j)

⎫⎬
⎭ , i ∈ S.

The policy that in each state selects the action that minimizes the right hand side
of the above Bellman’s equation is a deterministic, stationary policy that is optimal
on β-discounted cost.

Average cost: The expected average cost offers a long-term optimality measure
for the infinite-horizon MDPs. It can be expressed as:

ρπ(i) = lim
N→∞

1
N

Eπ

[
N∑
t=0

c(st, πt)|s0 = i

]
, i ∈ S.
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If there exist the value functions {v∗(i), i ∈ S} and a scalar ρ∗ that satisfy the
Bellman’s equation below:

v∗(i) + ρ∗ = min
a∈A(i)

⎧⎨
⎩c(i, a) +

∑
j∈S(i,a)

pa(i, j)v∗(j)

⎫⎬
⎭ , i ∈ S,

then the policy, that selects the action that minimizes the right hand side of the
above Bellman’s equation is a deterministic, stationary policy that is average cost
optimal.

The backward induction algorithm cannot handle the infinite-horizon MDPs.
Therefore, several computational methods such as value iteration and policy iter-
ation have been developed for solving the Bellman’s equation in both discounted-
and average-cost cases [126].

Value iteration: The algorithm starts with some initial values and iteratively
defines the n-th iteration value function in terms of the (n − 1)-th one according
to the Bellman’s equation. It stops after certain number of iterations if a given
condition is met. For instance, in the discounted framework, the algorithm stops if
the maximum absolute difference between two values from two sequential iterations
is less than ε(1− β)/2β, that is, max |v(n)

β − v
(n−1)
β | < ε(1− β)/2β. The stationary

policy resulting from v∗β(n) is called ε-optimal since its corresponding value function
satisfies max |vβ − v ∗ | < ε.

Policy iteration: The algorithm starts with a deterministic policy and finds
improved policies via iterations. After a sequential steps on value computation and
policy improving, the algorithm stops when the policy convergences. Policy itera-
tion can achieve an optimal solution instead of an ε-optimal one, but the algorithm
is computationally more complex and may consume more time.

Linear programming
LP algorithms can also be used for solving various MDP problems [128, 129]. For
instance, the LP formulation for solving an average cost MDP is given as follows:

{z∗s,a}s∈S,a∈A(s) = arg min
∑
s∈S

∑
a∈A(s)

zs,ac(s, a)

s.t.
∑
s∈S

∑
a∈A(s)

zs,a = 1,

∑
a∈A(s)

zs′,a =
∑
s∈S

∑
a∈A(s)

zs,apa(s, s′), ∀s′ ∈ S,

zs,a ≥ 0, ∀s ∈ S, a ∈ A(s),

where zs,a denotes the probability that the system is in state s and chooses action
a, the objective function is minimizing the average cost in steady state, the first
condition is the normalization of the state-action probabilities, the secondary one
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is analogous to the balance equations in Markovian systems, and the third one
guarantees that all the state-action probabilities are not negative.

With the optimal solution to the LP, the optimal randomized stationary policy
π∗ = {π∗

s,a} that minimizes the expected average cost can be computed as π∗
s,a =

z∗s,a/
∑

b∈A(s) z
∗
s,b. It has been shown in [128] that for every s ∈ S, there is only

one a ∈ A(s) that has positive z∗s,a, so the optimal policy is always deterministic.
LP formulations for other cases are given in [128].

Reinforcement learning
RL algorithms are commonly used for approximately solving MDP problems [130–
132]. For an MDP with very large state and action space, deriving the exact
solution with the DP and LP algorithms becomes computational intractable. RL
can conquer this curse of dimensionality, and also can deal with the case that the
state transition probabilities and the cost function are not known a priori. They
are highly related to the DP techniques, that is, are also based on the Bellman
principle of optimality and functional equations. It has been shown that the RL
algorithms can scale much better than the related DP algorithms [126].

RL algorithms usually require all action-state pairs to be visited an infinite
number of times for asymptotic convergence. This can be guaranteed by using an
’exploration’ method where sub-optimal actions are selected occasionally.

A simple exploration method is ε−greedy, where the best action according to
the current knowledge is carried out with probability 1− ε, and with probability ε,
an action is selected randomly, to avoid local optimums. In RL algorithms, results
from new experience are combined with the old ones in different ways to produce
improved decision, so it is critical to balance between exploration and exploitation.
A detailed comparison of different exploration methods is given in [133].

Q-Learning [134] and R-Learning [132] are two popular RL algorithms for solv-
ing discounted- and average-cost MDPs, respectively. The value functions in Q-
Learning and R-Learning are defined as Q- and R-factors, respectively. Both Q-
Learning and R-Learning start by giving some initial values to the factors. At each
stage, either the action with minimum factor or a random ’exploratory’ action is
carried out, depending on the applied exploration method. The factors are updated
every stage with certain rate when the process goes through a sample path. The
updating rate controls how quickly errors on the factors are corrected. The function
used for updating are derived based on their respective Bellman’s equation.

Q-Learning asymptotically converges to the optimal discounted policy, if every
action can be tried in every state with infinite number of times, and also the up-
dating rate of the factors is slowly decayed to 0 [135]. The convergence rate of
Q-learning has been studied in [136, 137]. The convergence of R-learning is not
proved, but the detailed numerical evaluations in [131] show that R-learning can
achieve near-optimal solution in most cases. The results in [131] also reveal that
the performance of R-learning is very sensitive to the adopted exploration strategy
and parameter settings.
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Discussion
The MDP framework has been used extensively for optimizing sequential deci-
sion under uncertainty in stochastic control systems. The basic framework has
been extended to the constrained MDP [138] and the Partially Observable MDP
(POMDP) [139]. An constrained MDP considers the constraints from the control
system, and can be converted to an unconstrained MDP by introducing Lagrange
multipliers. Then the solution of the original constrained MDP can be obtained by
solving the dual unconstrained MDP. In POMDPs, the decision maker does not have
perfect observation on the underlying state, and needs to maintain a probability
distribution over the set of all possible states based on noisy or partial observations.

The MDP framework and its extensions are widely used for decision making
in wired and wireless communications networks, where the decisions include the
choice of routing [140], scheduling [141], handoff [142], admission control [143,144],
relay selection [61, 145] and so on. The MDP framework has also been used to
design sensing and access strategies for the secondary users in spectrum sharing
networks, where the primary traffic is usually modeled with some known stochastic
processes [46, 47, 49, 50]. Reinforcement learning algorithms, such as Q-learning
and R-learning, also have been used for secondary access or interference control in
spectrum sharing networks, where the stochastic behavior of the primary system,
or of the other interfering secondary systems are not known a priori [48,50,51].

In paper E of this thesis, we consider a cooperative spectrum sharing network
consisting of a primary user and a secondary user with non-backlogged traffic, and
model the sequential decision of the secondary user on ’when to cooperate’ as an
MDP. The cost of the secondary user is defined as a combination of the cost for
cooperation and the cost of its queuing delay. The objective of the MDP is to
minimize the expected average cost, and thus solve the secondary user’s dilemma
on whether to cooperate or not in each time slot. To avoid the modelling of the
cost of packet loss due to buffer overflow, we assume both users have infinite buffer
capacity. Then the formulated problem is an MDP with infinite number of states,
finite number of actions, and unbounded costs. Most of the works on MDPs assume
finite number of states and actions, then if an optimal stationary policy exists, it can
be found by the DP and LP methods, or estimated by RL algorithms. However, for
infinite-state and finite-action MDPs, with bounded or unbounded costs, sufficient
conditions need to be met for the existence of a stationary policy that is average
cost optimal [127, 146, 147]. Based on the results of [147], we prove the existence
of an optimal stationary policy under the formulated MDP. We also prove that the
expected average cost is upper bounded if the packet arrival rates at the two users
are inside the stable-throughput region, and use approximation methods based on
LP and R-learning to estimate the optimal solution.





Chapter 5

Summary of Original Work

Paper A: Using cooperative transmission in wireless multihop net-
works

Liping Wang, Viktoria Fodor and Mikael Skoglund
Published in Proc. of IEEE International Symposium on Personal, Indoor and
Mobile Radio Communications (PIMRC), 2009.

Summary: This paper investigates the efficiency of cooperative transmission when
it is applied in wireless multihop networks with spatial frequency reuse, where
interference from simultaneous transmissions exists. We consider regular linear
networks and the physical interference model with geometric SINR, that only takes
the path loss propagation effect into account. We derive the throughput-delay
tradeoff when cooperative relaying through a single relay node is used in each
hop. We give the necessary and sufficient conditions for ensuring that cooperative
relaying increases the achievable date rate and derive as well as the optimal slot
partition. Our results show that relaying achieves significant gain particularly when
the reuse distance is low and thus the interference is high, which also means, the
network operates in the high throughput-high delay regime.

The author of this thesis performed the work presented in this paper with the
supervision of the co-authors.

Paper B: Cooperative communication for spatial frequency reuse
multihop wireless networks under slow Rayleigh fading

Liping Wang, Viktoria Fodor and Mikael Skoglund
Published in Proc. of IEEE International Conference on Communications (ICC),
2011.

Summary: Cooperative communication has been proposed as a means to increase
the capacity of a wireless link by mitigating multipath fading. Therefore, in this pa-
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per, we evaluate the efficiency of cooperative communication in large-scale wireless
networks under Rayeigh fading, considering the achievable throughput. Specifi-
cally, we consider tunable spatial reuse time division multiplexing and half-duplex
decode-and-forward cooperative relaying in a hop-by-hop basis. We show that hop-
by-hop cooperation improves the reliability of the transmissions particularly in the
low-SINR or in the low-coding rate regimes. Moreover, hop-by-hop cooperative
relaying gains 15%-20% more throughput compared to simple multihopping in the
interference-limited regime, if the transmission rate, the relay location and the reuse
distance are jointly optimized.

The author of this thesis performed the work presented in this paper with the
supervision of the co-authors.

Paper C: Cooperative geographic routing in wireless mesh net-
works

Liping Wang and Viktoria Fodor
Published in Proc. of IEEE MASS workshop on Enabling Technologies and Stan-
dards for Wireless Mesh Networking (MeshTech), 2010.

Summary: We propose cooperative geographic routing (cGeo-routing) for wireless
mesh networks by combining cooperative transmission with traditional geographic
routing. We model and evaluate two cGeo-routing schemes including Coopera-
tive Random Progress Forwarding (C-RPF) and Cooperative-Nearest with Forward
Progress (C-NFP). We show that cGeo-routing significantly increases the average
transport capacity for a single hop in well connected mesh networks, and the gain
increases with the transmitted signal-to noise ratio (SNR). Moreover, there exists
an optimal topology knowledge range in C-RPF, whereas an optimal node den-
sity in C-NFP. Our results also suggest that hop-by-hop cooperation can increase
transport capacity in high-connectivity and high-SNR regimes, however, it does not
change the transport capacity scaling law of the mesh network.

The author of this thesis performed the work presented in this paper with the
supervision of the second author.

Paper D: On the gain of primary exclusion region and vertical
cooperation in spectrum sharing wireless networks

Liping Wang and Viktoria Fodor
Published in IEEE Transactions on Vehicular Technology, vol. 61, no.8, pp. 3746-
3758, 2012.

Summary: The emerging cognitive radio (CR) technology enables the introduction
of hierarchical spectrum sharing in wireless networks, where the primary users
(PUs) have transmission guarantees, whereas the coexisting secondary users (SUs)
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need to be cognitive towards primary activities, and adjust their transmissions to
conform the primary constraints. We consider large-scale coexisting primary and
secondary networks, where concurrent primary and secondary transmissions are
allowed, and the SUs control the interference at the primary receivers by tuning
the probability of transmitting and by forming a primary exclusive region (PER)
around each primary receiver within which all SUs have to be silent. Moreover, the
primary source-destination pairs utilize vertical cooperation by selecting a nearby
SU to act as cooperative relay. We define a unified analytic framework to model
cognition and cooperative transmission in large-scale networks. We characterize the
achievable gains considering the transmission density region, and show that both
of the networks have strong incentives to participate in the collaboration.

The author of this thesis performed the work presented in this paper with the
supervision of the second author.

Paper E: Dynamic cooperative secondary access in hierarchical
spectrum sharing networks

Liping Wang and Viktoria Fodor
Submitted to IEEE Journal on Selected Areas in Communications (JSAC).
A shorter version of this paper has been accepted by IEEE International Conference
on Communications (ICC), 2013.

Summary: We consider a hierarchical spectrum sharing network consisting of a
primary and a cognitive secondary transmitter-receiver pair, with non-backlogged
traffic. The secondary transmitter may utilize cooperative transmission techniques
to relay primary traffic while superimposing its own information, or transmit op-
portunistically when the primary user is idle. The secondary user meets a dilemma
in this scenario. Choosing cooperation it can transmit a packet immediately even if
the primary queue is not empty, but it has to bear the additional cost of relaying,
since the primary performance needs to be guaranteed. To solve this dilemma we
propose dynamic cooperative secondary access control that takes the state of the
spectrum sharing network into account. We formulate the problem as a Markov
Decision Process (MDP) and prove the existence of a stationary policy that is aver-
age cost optimal. Then we consider the scenario when the traffic and link statistics
are not known at the secondary user, and propose to find the optimal transmission
strategy using reinforcement learning. With extensive numerical evaluation, we
demonstrate that dynamic cooperation with state aware sequential decision is very
efficient in spectrum sharing systems with stochastic traffic, and show that dynamic
cooperation is necessary for the secondary system to be able to adapt to changing
load conditions or to changing available energy resource. Our results show, that
learning based access control, with or without known primary buffer state, has close
to optimal performance.
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The author of this thesis performed the work presented in this paper with the
supervision of the second author.
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Other publications

The author has published the following papers during the study period that are
not included in this thesis:

• Liping Wang and Viktoria Fodor, "Cooperate or not: the secondary user’s dilemma
in hierarchical spectrum sharing networks", accepted by IEEE International Con-
ference on Communications (ICC), 2013.

• Liping Wang and Viktoria Fodor, "On the gain of vertical cooperation in cognitive
radio networks", in Proc. of IEEE International Conference on Communications
(ICC), 2011.

• Liping Wang and Viktoria Fodor, "On the gain of cognition and cooperation in hi-
erarchical cognitive radio networks", IEEE Swedish Communication Technologies
Workshop (Swe-CTW), Stockholm, Sweden, Oct. 2011.

• Liping Wang and Viktoria Fodor, "Asymptotic performance of vertical cooper-
ation in cognitive radio networks", the Second Nordic Workshop on System and
Network Optimization for Wireless (SNOW), Sweden, Mar. 2011.

• Liping Wang and Viktoria Fodor, "Using cooperative transmission in wireless
multi-hop networks", in Proc. of the 9th Scandinavian Workshop on Wireless
Adhoc Networks (AdHoc), 2009.

• Lijun Zu, Yusheng Ji, Liping Wang, et. al., "Joint optimization in multi-user
MIMO-OFDMA relay-enhanced cellular networks", in Proc. of IEEE Wireless
Communications and Networks Conference (WCNC), 2011.

• Liping Wang, Yusheng Ji and Fuqiang Liu, "Joint optimization for proportional
fairness in OFDMA relay-enchanced cellular networks", in Proc. of IEEE Wire-
less Communications and Networks Conference (WCNC), 2010.

• Liping Wang, Yusheng Ji and Fuqiang Liu, "Adaptive subframe partitioning
and efficient packet scheduling in OFDMA cellular systems with fixed decode-
and-forward relays", IEICE Transactions on Communications, vol.E92-B, no.3,
pp.755-765, 2009.

• Liping Wang, Yusheng Ji and Fuqiang Liu, "Resource allocation for OFDMA
relay-enhanced system with cooperative selection diversity", in Proc. of IEEE
Wireless Communications and Networks Conference (WCNC), 2009.





Chapter 6

Conclusions and Future Work

In this thesis, we presented analytic models to evaluate the performance of wireless
networks with different cooperative and cognitive communication techniques, and
proposed algorithms for improving the network performance. The main contribu-
tions of this thesis are summarized as follows.

• We investigated the efficiency of hop-by-hop cooperation (HyH-coop) in wire-
less multihop networks applying STDMA and cooperative decode-and-forward
relaying. We derived analytic models of the throughput-delay tradeoff, and
of the outage probability and the expected throughput, in the scenarios with-
out and with Rayleigh fading, respectively. We compared the performance of
HyH-coop with the performance of traditional simple multihopping schemes.
In the case without Rayleigh fading, we also derived the necessary and suffi-
cient conditions that cooperative relaying gains higher data rate than direct
transmission, as well as the optimal slot partition that maximizes the achiev-
able data rate, and showed that HyH-coop achieves significant gain particu-
larly in the high throughput-high delay regime, when the reuse distance of
the STDMA is small. Under Rayleigh fading, we show that HyH-coop im-
proves the reliability of the transmissions particularly in the low-SINR or in
the low-coding rate regimes, and it gains 15%-20% more throughput than
simple multihopping in the interference-limited regime. However, to achieve
such high gains it is necessary to jointly optimize the relay location, the reuse
distance and eventually the relay slot partitioning.

• We proposed cooperative geographic routing (cGeo-routing), that can be used
to build hop-by-hop cooperative transmission paths. cGeo-routing finds the
transmission paths based on local information and in a hop-by-hop manner,
and thus provides scalability. We built analytic models to evaluate the perfor-
mance of cGeo-routing, compared the performance of different routing rules,
and investigated the effects of parameters such as the topology knowledge
range and the network density. Our results demonstrate that HyH-coop has
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significant gain in well connected random networks, and the gain increases
with the transmitted signal power. The analytic results also suggest that co-
operation in a hop-by-hop basis cannot change the transport capacity scaling
law.

• We defined a general and tractable analytic framework for evaluating the
performance of cooperative spectrum sharing and cognitive transmission con-
trol in large-scale primary networks with coexisting random-access secondary
users. We provided a thorough evaluation on the modeling assumptions show-
ing the high accuracy of the proposed analytic models. The proposed models
are not only tractable but modular, so they can be extended to evaluate var-
ious types of relay selection and cooperative transmission schemes. Based on
analytic- and simulation-based evaluation, we demonstrated the advantages
of cooperative spectrum sharing and PERs, and characterized their achiev-
able gains on the tradeoff between the spatial transmission densities of the
two networks. We also discussed some related implementation issues. Our
results show that cooperative spectrum sharing increases the maximum trans-
mission density of the primary network, whereas PER alone does not affect
the performance of the primary network, but increases the allowed secondary
transmission density significantly. Additionally, cooperative spectrum sharing
leads to an additive gain in maximum secondary transmission density, if the
primary network operates under its limit, whereas PER leads to a multiplica-
tive gain parameterized by the primary and secondary transmission powers.

• We proposed dynamic cooperative secondary access for hierarchical spectrum
sharing networks, where a secondary user does not always share the spectrum
cooperatively with a primary user, but can decide dynamically on whether
to cooperate or not in each time slot. We considered dynamic primary and
secondary traffic and derived the bounds of the stable-throughput region for
the dynamic cooperation schemes. We formulated an MDP to find the opti-
mal sequential decision that can trade off between the cooperation cost and
the packet delay. The MDP has been solved by LP for a priori known statis-
tics, and by online RL algorithms otherwise. Our results show that dynamic
cooperation with optimal state-aware sequential decision can achieve signifi-
cant (up to 40% in the considered case) cost decrease compared to the static
secondary access schemes, and dynamic cooperation is necessary for the sec-
ondary system to be able to adapt to changing load conditions or available
energy resource. We also showed that the performance of learning based dy-
namic cooperation is close to the optimum even in the case with unknown
primary buffer state.

Although there are promises and potentials of cooperative and cognitive com-
munication technologies, adopting them in wireless networks still faces many chal-
lenges. Based on the work in this thesis, we present some of the open issues that
can be addressed in the future.
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• The performance evaluation of HyH-coop and cGeo-routing in the first part
of the thesis can be extended to large wireless networks with random access.
Papers A and B evaluate the performance of HyH-coop in a linear multihop
network employing a static STDMA. However, in large wireless networks,
the network topology and also the traffic patterns become more and more
random. Although, the random network model has been considered in Paper
C, it addresses only the average single-hop performance. Recent works in [148,
149] propose a novel tool that combines stochastic geometry with statistical
mechanics, and can be used to characterize the throughput and the end-to-
end delay for wireless multihop networks with random access. The emergence
of such new tool may help us to investigate the performance of HyH-coop
with cGeo-routing in large random networks.

• As we have demonstrated in paper D, the gain of cooperative spectrum shar-
ing in large random networks depends on the adopted cooperative relaying
strategy, the efficiency of relay selection, and also the power allocations among
users. Therefore, to provide cross-layer optimized design in a deterministic
cooperative spectrum sharing network, relay selection, link scheduling, and
power allocation should be optimized jointly to achieve cooperative diver-
sity. However, most of the related works consider a small-scale network with
only one primary link, or focus on power allocation or link scheduling sep-
arately [150]. There are several related algorithms proposed for cross-layer
optimization in standalone ad hoc networks, even considering cooperative re-
laying [151]. However, these solutions can not be applied directly, since under
cooperative spectrum sharing there is a significant interaction between the
primary and the secondary networks, which needs to be considered. There-
fore, cross-layer optimization and designing related distributed algorithms for
cooperative spectrum sharing networks with multiple primary and secondary
links remains an interesting but challenging topic.

• Paper E proposes a dynamic cooperative secondary access scheme considering
non-backlogged traffic in networks with only one primary and one secondary
users. It uses the MDP framework to find the optimal sequential decision.
However, the LP solution becomes computational intractable under a large
state space, whereas it takes time for the R-learning algorithms to converge.
Characterizing the structure of the optimal solution could be helpful for the
secondary user to make a rapid and accurate decision. Another potential
direction for the future work is to extend the proposed dynamic cooperation
scheme to the network scenario with multiple primary and secondary users,
which is more realistic than the single-user scenario. In the multiuser scenario,
not only the secondary users need to decide ’when to cooperate’, but the
primary users and the secondary users have to choose ’whom to cooperate
with’. Multiagent game theoretic methods [152] may be useful for modeling
the optimal decisions of the users in this case.





Bibliography

[1] J. Andrews, “Seven ways that HetNets are a cellular paradigm shift,” IEEE
Commun. Mag, vol. 51, no. 3, pp. 136–144, Mar. 2013.

[2] X. Tao, X. Xu, and Q. Cui, “An overview of cooperative communications,”
IEEE Commun. Mag, vol. 50, no. 6, pp. 65–71, Jun. 2012.

[3] F. Baccelli, B. Blaszczyszyn, and P. Mühlethaler, “An ALOHA protocol for
multihop mobile wireless networks,” IEEE Trans. Inf. Theory, vol. 52, pp.
421–436, Feb. 2006.

[4] P. Cardieri, “Modeling interference in wireless ad hoc networks,” IEEE Com-
mun. Surveys Tuts., vol. 12, no. 4, pp. 551–572, 2010.

[5] P. Gupta and P. Kummar, “The capacity of wireless networks,” IEEE Trans.
Inf. Theory, vol. 46, no. 2, pp. 388–404, Mar. 2000.

[6] A. E. Gamal, J. Mammen, B. Prabhakar, and D. Shah, “Optimal throughput-
delay scaling in wireless networks - part I: the fluid model,” IEEE Trans. Inf.
Theory, vol. 52, no. 6, pp. 2568–2592, Jun. 2006.

[7] L. L. Xie and P. R. Kumar, “On the path-loss attenuation regime for positive
cost and linear scaling of transport capacity in wireless networks,” IEEE
Trans. Inf. Theory, vol. 52, pp. 2313–2328, Jun. 2006.

[8] S. P. Weber, X. Yang, J. G. Andrews, and G. de Veciana, “Transmission
capacity of wireless ad hoc networks with outage constraints,” IEEE Trans.
Inf. Theory, vol. 51, no. 12, pp. 4091–4102, 2005.

[9] S. Govindasamy, D. Bliss, and D. Staelin, “Spectral efficiency in single-hop
ad hoc wireless networks with interference using adaptive antenna arrays,”
IEEE J. Sel. Areas Commun., vol. 25, no. 7, pp. 1358–1369, 2007.

[10] S. P. Weber, J. G. Andrews, X. Yang, and G. de Veciana, “Transmission
capacity of wireless ad hoc networks with successive interference cancellation,”
IEEE Trans. Inf. Theory, vol. 53, no. 8, pp. 2799–2814, 2007.

43



44 BIBLIOGRAPHY

[11] A. Hunter, J. Andrews, and S. Weber, “Transmission capacity of ad hoc
networks with spatial diversity,” IEEE Trans. Wireless Commun., vol. 7,
no. 12, pp. 5058–5071, 2008.

[12] V. Mordachev and S. Loyka, “On node density-outage probability tradeoff in
wireless networks,” IEEE J. Sel. Areas Commun., vol. 27, no. 7, pp. 1120–
1131, 2009.

[13] Y. Yang, J. Wang, and R. Kravets, “Designing routing metrics for mesh
networks,” in Proc. of IEEE WiMesh, 2005.

[14] P. Santi, Topology control in wireless ad hoc and sensor networks. New York:
Wiley, 2005.

[15] L. Hanzo and R. Tafazolli, “A survey of QoS routing solutions for mobile ad
hoc networks,” IEEE Commun. Surveys Tuts., vol. 9, no. 2, pp. 50–70, 2007.

[16] H. Cheng and J. Cao, “A design framework and taxonomy for hybrid routing
protocols in mobile ad hoc networks,” IEEE Commun. Surveys Tuts., vol. 10,
no. 3, pp. 62–73, 2008.

[17] R. Jurdak, C. V. Lopes, and P. Baldi, “A survey, classification and compara-
tive analysis of medium access control protocols for ad hoc networks,” IEEE
Commun. Surveys Tuts., vol. 6, no. 1, pp. 2–16, 2004.

[18] T. Melodia, D. Pompili, and I. F. Akyildiz, “Optimal local topology knowl-
edge for energy efficient geographical routing in sensor networks,” in Proc.
IEEE INFOCOM, 2004.

[19] K. Naveen and A. Kumar, “Tunable locally-optimal geographical forwarding
in wireless sensor networks with sleep-wake cycling nodes,” in Proc. of IEEE
INFOCOM, 2010.

[20] R. Ouyang, A.-S. Wong, and C.-T. Lea, “Received signal strength-based wire-
less localization via semidefinite programming: noncooperative and cooper-
ative schemes,” IEEE Trans. Veh. Technol., vol. 59, no. 3, pp. 1307 –1318,
Mar. 2010.

[21] F. Baccelli and C. Bordenave, “The radial spanning tree of a Poisson point
process,” Annals of Applied Probab., vol. 17, no. 1, pp. 305–359, 2007.

[22] A. Behzad and I. Rubin, “On the performance of graph-based scheduling
algorithms for packet radio networks,” in Proc. of IEEE GLOBECOM, 2003.

[23] A. Gore, A. Karandikar, and S. Jagabathula, “On high spatial reuse link
scheduling in STDMA wireless ad hoc networks,” in Proc. of IEEE GLOBE-
COM, 2007, pp. 736–741.



BIBLIOGRAPHY 45

[24] T. S. Rappaport, Wireless Communications: Principles and Practice, 2nd ed.
New Jersey: Prentice Hall, 2001.

[25] M. D. Yacoub, Foundations of Mobile Radio Engineering. CRC Press, 1993.

[26] G. Olga, O. A. Yvonne, and W. Roger, “Comlexity in geometric SINR,” in
Proc. of ACM MobiHoc, 2007.

[27] G. L. Stuber, Principles of Mobile Communications, 2nd ed. Massachusetts:
Kluwer Academic Publishers, 1996.

[28] N. Beaulieu, A. Abu-Dayya, and P. McLane, “Estimating the distribution of
a sum of independent lognormal random variables,” IEEE Trans. Commun.,
vol. 43, no. 12, pp. 2869–2873, 1995.

[29] N. Beaulieu and F. Rajwani, “Highly accurate simple closed-form approxima-
tions to lognormal sum distributions and densities,” IEEE Commun. Lett.,
vol. 8, no. 12, pp. 709–711, 2004.

[30] J. Filho, M. Yacoub, and P. Cardieri, “Highly accurate range-adaptive Log-
normal approximation to lognormal sum distributions,” Electronics Letters,
vol. 42, no. 6, pp. 361–363, 2006.

[31] C. Fischione, F. Graziosi, and F. Santucci, “Approximation for a sum of on-
off lognormal processes with wireless applications,” IEEE Trans. Commun.,
vol. 55, no. 10, pp. 1984–1993, 2007.

[32] J. Hwang and S.-L. Kim, “A cross-layer optimization of IEEE 802.11 MAC
for wireless multihop networks,” IEEE Commun. Lett., vol. 10, no. 7, pp.
531–533, July 2006.

[33] X. Liu and M. Haenggi, “Throughput analysis of fading sensor networks with
regular and random topologies,” EURASIP J. Wirel. Commun. Netw., no. 4,
2005.

[34] Y. Hua, H. Yi, and J. J. Garcia-Luna-Aceves, “Maximizing the throughput
of large ad hoc wireless networks,” IEEE Signal Process. Mag., vol. 23, no. 5,
pp. 84–94, 2006.

[35] M. Sikora, J. N. Laneman, M. Haenggi, D. J. Costello, Jr., and T. E.
Fuja, “Bandwidth- and power-efficient routing in linear wireless networks,”
IEEE/ACM Trans. Netw., vol. 14, no. SI, pp. 2624–2633, 2006.

[36] B. Alawieh, Y. Zhang, C. Assi, and H. Mouftah, “Improving spatial reuse
in multihop wireless networks - a survey,” IEEE Commun. Surveys Tuts.,
vol. 11, no. 3, pp. 71–91, 2009.

[37] E. C. V. D. Meulen, “Three-terminal communication channels,” Advances in
Applied Probability, vol. 3, no. 1, pp. 120–154, 1971.



46 BIBLIOGRAPHY

[38] T. Cover and A. Gamal, “Capacity theorems for the relay channel,” IEEE
Trans. Inf. Theory, vol. 25, no. 5, pp. 572–584, 1979.

[39] A. Sendonaris, E. Erkip, and B. Aazhang, “User cooperation diversity, part
I and part II,” IEEE Trans. Commun, vol. 51, no. 11, pp. 1927–1948, 2003.

[40] J. Laneman, G. W. Wornell, and D. Tse, “An efficient protocol for realizing
cooperative diversity in wireless networks,” in Proc. of IEEE ISIT, 2001.

[41] G. Kramer, M. Gastpar, and P. Gupta, “Cooperative strategies and capacity
theorems for relay networks,” IEEE Trans. Inf. Theory, vol. 51, no. 9, pp.
3037–3063, Sept. 2005.

[42] J. N. Laneman, D. N. C. Tse, and G. W. Wornell, “Cooperative diversity in
wireless networks: Efficient protocols and outage behavior,” IEEE Trans. Inf.
Theory, vol. 50, no. 12, pp. 3062–3080, Dec. 2004.

[43] A. Host-Madsen and J. Zhang, “Capacity bounds and power allocation for
wireless relay channels,” IEEE Trans. Inf. Theory, vol. 51, no. 6, pp. 2020–
2040, Jun. 2006.

[44] FCC, “Rep. et docket 02-135,” Spectrum policy task force, Research Report,
Nov. 2002.

[45] Q. Zhao and B. Sadler, “A survey of dynamic spectrum access,” IEEE Signal
Proc. Mag., vol. 24, no. 3, pp. 79–89, 2007.

[46] Y. Chen, Q. Zhao, and A. Swami, “Joint design and separation principle for
opportunistic spectrum access in the presence of sensing errors,” IEEE Trans.
Inf. Theory, vol. 54, no. 5, pp. 2053–2071, 2008.

[47] A. T. Hoang, Y.-C. Liang, and Y. Zeng, “Adaptive joint scheduling of spec-
trum sensing and data transmission in cognitive radio networks,” IEEE Trans.
Commun., vol. 58, no. 1, pp. 235–246, 2010.

[48] U. Berthold, F. Fu, M. V. der Schaar, and F. Jondral, “Detection of spectral
resources in cognitive radios using reinforcement learning,” in Proc. of IEEE
DySPAN, 2008.

[49] X. Li, Q. Zhao, X. Guan, and L. Tong, “Optimal cognitive access of Markovian
channels under tight collision constraints,” IEEE J. Sel. Areas Commun.,
vol. 29, no. 4, pp. 746–756, Apr. 2011.

[50] M. Levorato, S. Firouzabadi, and A. Goldsmith, “A learning framework for
cognitive interference networks with partial and noisy observations,” IEEE
Trans. Wireless Commun., vol. 11, no. 9, pp. 3101 –3111, Sept. 2012.



BIBLIOGRAPHY 47

[51] A. Galindo-Serrano and L. Giupponi, “Distributed Q-learning for aggregated
interference control in cognitive radio networks,” IEEE Trans. Veh. Technol.,
vol. 59, no. 4, pp. 1823–1834, 2010.

[52] M. Vu, N. Devroye, and V. Tarokh, “On the primary exclusive region of
cognitive networks,” IEEE Trans. Wireless Commun., vol. 8, no. 7, pp. 3380–
3385, Jul. 2009.

[53] A. Bagayoko, P. Tortelier, and I. Fijalkow, “Impact of shadowing on the
primary exclusive region in cognitive networks,” in Proc. of European Wireless
Conference (EW), Apr. 2010.

[54] C. han Lee and M. Haenggi, “Interference and outage in Poisson cognitive
networks,” IEEE Trans. on Wireless Commun., vol. 11, no. 4, pp. 1392–1401,
2012.

[55] S.-W. Jeon, N. Devroye, M. Yu, S.-Y. Chuang, and V. Tarokh, “Cognitive
networks achieve throughput scaling of homogeneous network,” IEEE Trans.
Inf. Theory, vol. 57, no. 8, pp. 5103–5115, Aug. 2011.

[56] C. Yin, L. Gao, and S. Cui, “Scaling laws of overlaid wireless networks: a
cognitive radio network vs. a primary network,” IEEE/ACM Trans. Netw.,
vol. 18, no. 4, pp. 1317–1329, Aug. 2010.

[57] W. Huang and X. Wang, “Throughput and delay scaling of general cognitive
networks,” in Proc. of IEEE INFOCOM, 2011.

[58] C. Yin, C. Chen, T. Liu, and S. Cui, “Generalized results of transmission
capacity for overlaid wireless networks,” in Proc. of IEEE ISIT, 2009.

[59] K. Huang, V. K. N. Lau, and Y. Chen, “Spectrum sharing between cellular
and mobile ad hoc networks: transmission capacity trade-off,” IEEE J. Sel.
Areas Commun., vol. 27, no. 7, pp. 1256–1267, Sept. 2009.

[60] J. Lee, S. Lim, J. G. Andrews, and D. Hong, “Achievable transmission capac-
ity of secondary system in cognitive radio networks,” in Proc. of IEEE ICC,
May 2010.

[61] C. Li and H. Dai, “Transport throughput of secondary networks in spectrum
sharing systems,” in Proc. of IEEE INFOCOM, Apr. 2011.

[62] M. Gastpar and M. Vetterli, “On the capacity of large Gaussian relay net-
works,” IEEE Trans. Inf. Theory, vol. 51, no. 3, pp. 765–779, Mar. 2005.

[63] A. S. Avestimehr and D. N. Tse, “Outage-optimal relaying in the low SNR
regime,” in Proc. IEEE ISIT, 2005.



48 BIBLIOGRAPHY

[64] E. Beres and R. Adve, “Outage probability of selection cooperation in low
and medium SNR regime,” IEEE Commun. Lett., vol. 11, no. 7, pp. 589–591,
Jul. 2007.

[65] A. Ozgur, O. Leveque, and D. Tse, “Hierarchical cooperation achieves optimal
capacity scaling in ad hoc networks,” IEEE Trans. Inf. Theory, vol. 53, no. 10,
pp. 3549–3571, Oct. 2007.

[66] S. Vakil and B. Liang, “Effect joint cooperation and multi-hopping on the
capacity of wireless networks,” in Proc. IEEE SECON, 2008.

[67] J. Ghaderi, L. Xie, and X. Shen, “Hierarchical cooperation in ad hoc networks:
optimal clustering and achievable throughput,” IEEE Trans. Inf. Theory,
vol. 55, no. 8, pp. 3425–3436, Augt 2009.

[68] A. Scaglione, D. L. Goeckel, and J. N. Laneman, “Cooperative communi-
cations in mobile ad hoc networks,” IEEE Signal Process. Mag., pp. 18–29,
Sept. 2006.

[69] S. Vakil and B. Liang, “Cooperative diversity in interference limited wireless
networks,” IEEE Trans. Wireless Commun., vol. 7, no. 8, pp. 3185–3196,
Aug. 2008.

[70] N. Marchenko, E. Yanmaz, H. Adam, and C. Bettstetter, “Selecting a spa-
tially efficient cooperative relay,” in Proc. IEEE GLOBLECOM, 2009.

[71] V. Tarokh, H. Jafarkhani, and A. Calderbank, “Space-time block codes for
orthogonal designs,” IEEE Trans. Inf. Theory, vol. 45, no. 5, pp. 1456–1467,
Jul. 1999.

[72] Y. Jing and B. Hassbi, “Distributed space-time coding in wireless relay net-
works,” IEEE Trans. Wireless Commun., vol. 5, no. 12, pp. 3524–3536, 2006.

[73] P. A. Anghel and M. Kaveh, “A cooperative MAC protocol for wireless local
area network,” in Proc. IEEE ICC, 2005.

[74] M. R. Islam and W. Hamouda, “Performance of cooperative ad hoc networks
in Rayleigh fading channels,” in Proc. IEEE VTC-Fall, 2006.

[75] H. Shan, W. Zhuang, and Z. Wang, “Cooperation or not in mobile ad hoc
networks,” in Proc. IEEE ICC, 2009.

[76] E. Beres and R. Adve, “Cooperation and routing in multihop networks,” in
Proc. IEEE ICC, 2007.

[77] J. Zhang and Q. Zhang, “Cooperative routing in multi-source multi-
destination multihop wireless networks,” in Proc. IEEE INFOCOM, 2008.



BIBLIOGRAPHY 49

[78] S. Lakshmanan and R. Sivakumar, “Diversity routing for multi-hop wireless
networks with cooperative transmissions,” in Proc. IEEE SECON, 2009.

[79] P. Coronel, R. Doss, and W. Schott, “Geographic routing with cooperative
relaying and leapforgging in wireless sensor networks,” in Proc. of IEEE
GLOBECOM, 2007.

[80] T. Aguliar, M. C. Ghedira, S. Syue, V. Gauthier, H. Afifi, and C. Wang, “A
cross layer design based on geographic information for cooperative wireless
networks,” in Proc. of IEEE VTC-spring, 2010.

[81] F. Baccelli, B. Blaszczyszyn, and P. Mühlethaler, “Stochastic analysis of spa-
tial and opportunistic ALOHA,” IEEE J. Sel. Areas Commun., vol. 27, no. 7,
pp. 1105–1119, 2009.

[82] M. Haenggi, J. G. Andrews, F. Baccelli, O. Dousse, and M. Franceschetti,
“Stochastic geometry and random graphs for the analysis and the design of
wireless networks,” IEEE J. Sel. Areas Commun., vol. 27, no. 7, pp. 1029–
1046, Sept. 2009.

[83] Q. Zhang, J. Jia, and J. Zhang, “Cooperative relay to improve diversity in
cognitive radio networks,” IEEE Commun. Mag., vol. 47, no. 2, pp. 111–117,
Feb. 2009.

[84] L. Wang and V. Fodor, “On the gain of vertical cooperation in cognitive radio
networks,” in Proc. of IEEE ICC, Jun. 2011.

[85] Z. Sheng, D. L. Goeckeland, K. K. Leung, and Z. Ding, “A stochastic geom-
etry approach to transmission capacity in wireless cooperative networks,” in
Proc. of IEEE PIMRC, Sept. 2009.

[86] Z. Sheng, Z. Ding, and K. K. Leung, “Transmission capacity of decode-and-
forward cooperation in overlaid wireless networks,” in Proc. of IEEE ICC,
May 2010.

[87] Y. Han, A. Pandharipanda, and S. H. Ting, “Cooperative decode-and forward
relaying for secondary spectrum access,” IEEE Trans. Wireless Commun.,
vol. 8, no. 10, pp. 4945–4950, Oct. 2009.

[88] Y. Han, S. H. Ting, and A. Pandharipande, “Cooperative spectrum sharing
protocol with secondary user selection,” IEEE Trans. Wireless Commun.,
vol. 9, no. 9, pp. 2914–2923, Sept. 2010.

[89] I. Krikidis, “Multilevel modulation for cognitive multiaccess relay channel,”
IEEE Trans. Veh. Technol., vol. 59, no. 6, pp. 3121– 3125, Jul. 2010.

[90] B. Cao, L. X. Cai, and et. al., “Cooperative cognitive radio networking using
quadrature signaling,” in Proc. of IEEE INFOCOM, 2012.



50 BIBLIOGRAPHY

[91] T. Elkourdi and O. Simeone, “Spectrum leasing via cooperation with multiple
primary users,” IEEE Trans. Veh. Technol., vol. 61, no. 2, pp. 820–825, Feb.
2012.

[92] Y. Yi, J. Zhang, Q. Zhang, T. Jiang, and J. Zhang, “Spectrum leasing to
multiple cooperating secondary cellular networks,” in Proc. of IEEE ICC,
2011.

[93] L. Duan, L. Gao, and J. Huang, “Contract-based cooperative spectrum shar-
ing,” in Proc. of IEEE DySPAN, May 2011.

[94] W. Su, J. Matyjas, and S. Batalama, “Active cooperation between primary
users and cognitive radio users in heterogeneous ad hoc networks,” IEEE
Trans. Inf. Theory, vol. 60, no. 4, pp. 1796–1805, Apr. 2012.

[95] W. D. Lu, Y. Gong, S. H. Ting, X. L. Wu, and N.-T. Zhang, “Coopera-
tive OFDM relaying for opportunistic spectrum sharing: protocol design and
resource allocation,” IEEE Trans. Wireless Commun., vol. 11, no. 6, pp.
2126–2135, 2012.

[96] S. Hua, H. Liu, M. Wu, and S. Panwar, “Exploiting MIMO antennas in
cooperative cognitive radio networks,” in Proc. of IEEE INFOCOM, 2011.

[97] L. Gao, R. Zhang, C. Yin, and S. Cui, “Throughput and delay scaling in
supportive two-tier networks,” IEEE J. Sel. Areas Commun., vol. 30, no. 2,
pp. 415–424, Feb. 2012.

[98] Y. Han, S. H. Ting, M. Motani, and A. Pandharipande, “On throughput and
delay scaling with cooperative spectrum sharing,” in Proc. of IEEE ISIT,
Aug. 2011.

[99] O. Simeone, I. Stanojev, S. Savazzi, Y. Bar-Ness, U. Spagnolini, and R. Pick-
holtz, “Spectrum leasing to cooperating secondary ad hoc networks,” IEEE
J. Sel. Areas Commun., vol. 26, no. 1, pp. 203–213, Jan. 2008.

[100] Y. Yi, J. Zhang, Q. Zhang, T. Jiang, and J. Zhang, “Cooperative
communication-aware spectrum leasing in cognitive radio networks,” in Proc.
of IEEE DySPAN, Apr. 2010.

[101] D. Li, Y. Xu, X. Wang, and M. Guizani, “Coalitional game theoretic approach
for secondary spectrum access in cooperative cognitive radio networks,” IEEE
Trans. Wireless Commun., vol. 10, no. 3, pp. 844–856, Mar. 2011.

[102] O. Simeone, Y. Bar-Ness, and U. Spagnolini, “Stable throughput of cognitive
radios with and without relaying capacity,” IEEE Trans. Wireless Commun.,
vol. 55, no. 12, pp. 2351–2360, Dec. 2007.



BIBLIOGRAPHY 51

[103] I. Krikidis, J. N. Laneman, J. S. Thompson, and S. McLaughlin, “Protocol
design and throughput analysis for multi-user cognitive cooperative systems,”
IEEE Trans. Wireless Commun., vol. 8, no. 9, pp. 4740–4751, Sep. 2009.

[104] S. Kompella, G. Nguyen, J. Wieselthier, and A. Ephremides, “Stable through-
put tradeoffs in cognitive shared channels with cooperative relaying,” in Proc.
of IEEE INFOCOM, 2011.

[105] B. Rong and A. Ephremides, “Cooperative access in wireless networks: stable
throughput and delay,” IEEE Trans. Inf. Theory, vol. 58, no. 9, pp. 5890–
5907, Sept. 2012.

[106] D. Stoyan, W. S. Kendall, and J. Mecke, Stochastic geometry and its appli-
cations, 2nd ed. New York: Wiley, 1995.

[107] S. Musa and W. Wasylkiwskyj, “Co-channel interference of spread spectrum
systems in a multiple user environment,” IEEE Trans. Commun., vol. 26,
no. 10, pp. 1405 –1413, 1978.

[108] J. Ilow and D. Hatzinakos, “Analytical alpha-stable noise modeling in a Pois-
son field of interferers or scatterers,” IEEE Trans. Signal Process., vol. 46,
no. 6, pp. 1601 –1611, 1998.

[109] E. S. Sousa and J. A. Silvester, “Optimum transmission ranges in a direct-
sequence spread-spectrum multihop packet radio network,” IEEE J. Select.
Areas Commun., vol. 8, no. 5, pp. 762 –771, 1990.

[110] ——, “Interference modeling in a direct-sequence spread-spectrum packet ra-
dio network,” IEEE Trans. Commun., vol. 38, no. 9, pp. 1475 –1482, 1990.

[111] E. S. Sousa, “Performance of a spread spectrum packet radio network link
on a Poisson field of interferers,” IEEE Trans. Inform. Theory, vol. 38, no. 6,
pp. 1743 –1754, 1992.

[112] M. Haenggi and R. K. Ganti, “Interference in large wireless networks,” Found.
Trends Netw., vol. 3, no. 2, Feb. 2009.

[113] C. C. Chan and S. V. Hanly, “Calculating the outage probability in a CDMA
network with spatial Poisson traffic,” IEEE Trans. Veh. Technol., vol. 50,
no. 1, pp. 183 –204, 2001.

[114] F. Baccelli, B. B. szczyszyn, and F. Tournois, “Downlink admis-
sion/congestion control and maximal load in CDMA networks,” in Proc. of
IEEE INFOCOM, 2003.

[115] X. Yang and A. Petropulu, “Co-channel interference modeling and analysis in
a Poisson field of interferers in wireless communications,” IEEE Trans. Signal
Process., vol. 51, no. 1, pp. 64 – 76, 2003.



52 BIBLIOGRAPHY

[116] F. Baccelli, B. B. szczyszyn, and M. Karray, “Up and downlink admis-
sion/congestion control and maximal load in large homogeneous CDMA net-
works,” MONET, vol. 9, no. 6, pp. 605 – 617, 2004.

[117] J. Zhang and J. G. Andrews, “Distributed antenna systems with random-
ness,” IEEE Trans. Wireless Commun., vol. 7, no. 9, pp. 3636 –3646, 2008.

[118] V. Chandrasekhar and J. G. Andrews, “Uplink capacity and interference
avoidance for two-tier femtocell networks,” IEEE Trans. Wireless Commun.,
vol. 8, no. 7, pp. 3498–3509, 2009.

[119] M. F. O. Dousse and P. Thiran, “On the throughput scaling of wireless relay
networks,” IEEE/ACM Trans. Netw., vol. 14, no. 6, pp. 2756 –2761, 2006.

[120] A. Busson, G. Chelius, and J.-M. Gorce, “Interference modeling in CSMA
multi-hop wireless networks,” INRIA, Research Report RR-6624, 2009.

[121] F. Baccelli, B. Blaszczyszyn, and P. Mühlethaler, “A spatial reuse ALOHA
MAC protocol for multihop wireless mobile networks,” INRIA, Research Re-
port RR-4955, 2003.

[122] H. Q. Nguyen, F. Baccelli, and D. Kofman, “A stochastic geometry analysis
of dense 802.11 networks,” in Proc. of IEEE INFOCOM, 2007.

[123] R. K. Ganti and M. Haenggi, “Spatial and temporal correlation of the inter-
ference in ALOHA ad hoc networks,” IEEE Commun. Lett., vol. 13, no. 9,
pp. 631–633, Sept. 2009.

[124] H. Inaltekin and S. Wicker, “The behavior of unbounded path-loss models
and the effects of singularity on computed network interference,” in Proc. of
IEEE SECON, 2007, pp. 431–440.

[125] R. E. Bellman, Dynamic Programming. Princeton: Princeton University
Press, 1957.

[126] R. A. Howard, Dynamic programming and Markov processes. Cambridge,
Massachusetts: MIT Press, 1960.

[127] S. M. Ross, Introduction to Stochastic Dynamic Programming. New York:
Academic Press, 1983.

[128] M. L. Puterman, Markov Decision Processes: Discrete Stochastic Dynamic
Programming, 1st ed. New York: John Wiley & Sons, Inc., 1994.

[129] G. Hadley, Nonlinear and dynamic programming. Massachusetts: Addison-
Wesley, 1964.

[130] D. P. Bersekas, Dynamic programming and optimal control, 2nd ed. Belmont,
MA: Athena Scientific, 2001.



BIBLIOGRAPHY 53

[131] S. Mahadevan, “Average reward reinforcement learning: foundations, algo-
rithms, and empirical results,” Machine Learning, vol. 22, no. 1, pp. 159–195,
1996.

[132] A. Schwartz, “A reinforcement learning method for maximizing undiscounted
rewards,” in Proc. of the Tenth International Conference on Machine Learn-
ing, 1993.

[133] S. B. T. (editor D. A. White and D. A. Sofge), “The role of exploration in
learning control,” 1992.

[134] C. J. C. H. Watkins, “Learning from delayed rewards,” Ph.D. dissertation,
King’s College, Cambridge, 1989.

[135] J. Tstsiklis, “Asynchronous stochastic approximation and Q-learning,” Ma-
chine Learning, vol. 16, pp. 185–202, 1994.

[136] C. Szepesvari, “The asymptotic convergence-rate of Q-learning,” in Advances
in Neural Information Processing Systems, 1998, pp. 1064–1070.

[137] E. Even-Dar and Y. Mansour, “Learning rates for Q-learning,” Journal of
Machine Learning Research, vol. 5, pp. 1–25, 2003.

[138] E. Altman, Constrained Markov Decision Processes. Chapman & Hall/CRC,
1999.

[139] L. P. Kaelbling, M. L. Littman, and A. R. Cassandra, “Planning and acting
in partially observable stochastic domains,” Artificial Intelligence, vol. 101,
pp. 99–134, 1998.

[140] P. Gupta and P. R. Kumar, “A system and traffic dependent adaptive routing
algorithm for ad hoc networks,” in Proc. of IEEE Conference on Decision and
Control (CDC), Dec. 1998.

[141] E. Altman and H. kushner, “Control of polling in presence of vacations in
heavy traffic with applications to satellite and mobile radio systems,” in Proc.
of Allerton Conference on Communication, Control and Computing, Sept.
1999.

[142] R. Rezaiifar, A. M. Makowski, and S.P.Kumar, “Stochastic control of handoffs
in cellular networks,” IEEE J. Sel. Areas Commun., vol. 13, no. 7, pp. 1348–
1362, 1998.

[143] R. Ramjee, R. Nagarajan, and D. Towsley, “On optimal call admission control
in cellular networks,” in Proc. of IEEE INFOCOM, 1996, pp. 43–50.

[144] Y.-P. Hsu, N. Abedini, S. Ramasamy, N. Gautam, A. Sprintson, and
S. Shakkottai, “Opportunities for network coding: to wait or not to wait,” in
Proc. IEEE ISIT, 2011.



54 BIBLIOGRAPHY

[145] N. Ali and A. Taha, “An MDP-based model for optimal relay selection in
OFDMA cooperative networks,” in Proc. IEEE ICC, Jun. 2012, pp. 361 –
365.

[146] C. Derman, “Denumerable state Markovian decision processes-average cost
criterion,” The Annals of Mathematical Statistics, vol. 37, no. 6, pp. 1545–
1553, Dec. 1966.

[147] L. Sennott, “Average cost optimal stationary policies in infinite state Markov
decision processes with unbounded cost,” Operation Research, vol. 37, pp.
626–633, 1989.

[148] S. Srinivasa and M. Haenggi, “A statistical mechanics-based framework to
analyze ad hoc networks with random access,” IEEE Trans. Mobile Comput.,
vol. 11, no. 4, pp. 618–630, 2012.

[149] ——, “Combining stochastic geometry and statistical mechanics for the anal-
ysis and design of mesh networks,” Ad Hoc Networks, Apr. 2011.

[150] K. Khalil, M. Karaca, O. Ercetin, and E. Ekici, “Optimal scheduling in
cooperative-to-join cognitive radio networks,” in Proc. of IEEE INFOCOM,
2011.

[151] Z. Guan, T. Melodia, D. Yuan, and D. A. Pados, “Distributed spectrum
management and relay selection in interference-limited cooperative wireless
networks,” in Proc. of ACM MobiHoc, 2011.

[152] N. Li and J. R. Marden, “Designing games for distributed optimization,” in
Proc. of IEEE CDC, 2011.



Paper A

Using Cooperative Transmission in Wireless Multihop
Networks

Liping Wang, Viktoria Fodor and Mikael Skoglund

In Proceedings of IEEE International Symposium on Personal, Indoor and Mobile
Radio Communications (PIMRC), Sept. 2009.





Using Cooperative Transmission in Wireless
Multihop Networks

Liping Wang, Viktoria Fodor and Mikael Skoglund

Abstract

This paper investigates the efficiency of cooperative transmission when it is applied
in wireless multihop networks. We consider regular linear networks and derive the
achievable rate-delay tradeoff when selective relaying through a single relay node is
used in each hop. We show that relaying achieves significant gain particularly in the
high throughput-high delay regime.

1 Introduction

Radio power decay and interference limit the capacity of wireless multihop networks.
In the seminal work [1], Gupta and Kumar gave throughput scaling laws under a ran-
dom network model, where n source and destination pairs are randomly located in a
unit disk. They showed that with simple multihopping, the throughput per source-
destination pair is Θ(1/

√
n log n). Subsequent work by Xie and Kumar [2] has shown

similar decay for upper-bound on capacity in an extended network, where the de-
ployment area increases linearly with the number of nodes while the node density
remains constant. Gamal et al. [3] further determined the optimal throughput-delay
tradeoff under Gupta-Kumar fixed network model as D(n) = Θ(nT (n)), where T (n)
and D(n) are throughput and delay respectively. These works adopt a simple inter-
ference model, assuming that transmission from node i to node j is successful if the
distance between node j and node i is less than the distance between node j and any
other transmitting node, and the achievable transmission rate is independent of the
nodes’ distance.

If, however, the actual power consumption is considered as well, the achievable
rate depends on the distance of the nodes and the interference from other transmit-
ting nodes. Cooperative communication can then be exploited as a means to increase
the capacity of a wireless link by mitigating the undesired effects of radio propagation
such as path loss, shadowing and fading [4]. The classical problem in cooperative
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communication considers the single-relay system composed of one source, one des-
tination, and one relay node. The upper and lower bounds of the capacity of this
single-relay channel was first studied by Cover and El Gamal in [5].

Although there is a rich literature that considers different relaying schemes from
the information theoretic point of view, how to combine cooperative transmission
with multi-hopping practically has received much less attention. Two joint cooper-
ation and multi-hopping communication schemes are proposed in [6] and [7]. They
both involve three phases: distributing source information in a source cluster, Multi-
ple Input Multiple Output (MIMO) transmissions between clusters, and cooperative
decoding in the destination cluster. These communication schemes are rather com-
plicated since complex message splitting and information combining are required.
Relaying with multihop transmission has also been considered in [8], with the strict
constraints that transmissions at the nodes are orthogonal, and in the case of relay-
ing, the transmitting and the relay node shares the transmission resources (time or
frequency) equally.

In this work we relax both of these constraints. We propose a joint cooperation
and multihopping scheme with parallel transmissions, called hop-wise cooperation
(HS-Coop). We first derive the achievable data rate per hop and give the necessary
and sufficient conditions that using cooperative relay gains more data rate than direct
transmission in a single-hop. The optimal slot partition is presented to maximize the
achievable end-to-end data rate. Finally, we use the scaling method proposed in [3]
to obtain the achievable rate-delay tradeoffs respectively under the HS-Coop scheme
and under the simple multihopping (S-Multihop) transmission, and show that the
HS-Coop using optimal slot partition achieves higher throughput than S-Multihop
in all cases.

The paper is organized as follows. Section 2 gives the system model and two
transmission schemes, simple multihopping and hop-wise cooperation. The end-to-
end rates and delays of the two schemes are studied in Section 3 and Section 4
respectively. In Section 5 the achievable rate-delay tradeoffs are compared. Finally,
we conclude the paper in section 6.

2 System Model

2.1 Wireless regular linear network

We consider a wireless regular linear network composed of a source node S, a desti-
nation node D, and N − 1 intermedia nodes Fi, i = 1, ..., N − 1 placed equidistantly
on the line from S to D with a distance of L between any two adjacent nodes. Such
a one-dimensional linear network is obviously a simplification, but it constitutes an
important special case of more general two-dimensional networks [9]. We suppose all
nodes share a single frequency and they are equipped with half-duplex radios thus
can not transmit and receive simultaneously.

Time-division multiple access (TDMA) is used to facilitate parallel transmissions.
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Figure 1: Two communication schemes over a wireless regular linear network

To increase spectral efficiency, the available frequency is reused between transmitters
with a minimum separation of Q hops, where 2 < Q < N . To describe the effect of
interference we apply the geometric Signal-to-Interference-plus-Noise Ratio (SINR)
model where the gain between any two nodes is determined by the distance between
them, consequently the SINR of a link from node i to node j is expressed as

SINRij =
Pi/d

k
ij

N0 +
∑

n∈N ,n�=i Pn/dknj
,

where Pi is the power density of the transmitter i, N0 denotes the noise power
density, dij is the distance between nodes i and j, k is the path loss exponent, and
N represent the set of nodes that can transmit simultaneously with node i according
to the TDMA scheme. The geometric SINR model captures important aspects of
real wireless networks and succinct enough to allow a concise performance analysis
although it assumes perfectly isotropic radio and no obstructions [10].

2.2 Communication schemes

We consider two communication schemes over the wireless regular linear network.
They are illustrated in Fig. 1, where (a) indicates the traditional simple multihopping
and (b) demonstrates the hop-wise cooperation. Throughout the paper the words
source and destination refer to the origin and the final sink of the multiple-hop data
delivery task, whereas the words sender and receiver represent the single-hop sender
and receivers over the linear network.

Simple multihopping. With simple multihopping, information bits generated
at the source S are delivered via anN -hop route to the destinationD, where transmis-
sion at each hop is implemented using the capacity-achieving point-to-point codes
and each codeword is received, decoded, and retransmitted by each intermediate
node, until it is finally received and decoded at the destination. To achieve spatial
reuse, a TDMA frame with a time length of T is equally divided into Q slots, and



A4 Using Cooperative Transmission in Wireless Multihop Networks

x

Sender (s) Receiver (d)

rsr rrd 

rsd

TDMA slot

u 1-u

Relay (r) 

Figure 2: Half-duplex cooperative relaying

in each slot, parallel transmissions from nodes Q hops away from each other are
scheduled.

Hop-wise cooperation. Different from simple multihopping, the hop-wise co-
operation scheme uses a single cooperative relay node in each hop, thus there are
totally N cooperative relays Ri, i = 1, ..., N deployed, and each hop can be modeled
as a sender-relay-receiver channel indicated in Fig. 2.

To support decode-and-forward relaying over the half-duplex channels, each
TDMA slot is further divided into two fractions. In the first u fraction, the sender
transmits while the relay and the receiver listen; after decoding the source message,
the relay node re-encodes the message using an independent codeword and sends it
to the receiver in the remaining (1 − u) time fraction. u is defined as slot partition
factor. The solid lines in Fig. 2 denote transmissions that take place in the first time
fraction whereas the dotted line represents transmissions in the second fraction.

3 End-to-End Rate

In this section, we compare the achievable end-to-end transmission rates of the dif-
ferent schemes by keeping the total transmission energy constant.

3.1 Simple multihopping

By simple multihopping in the wireless regular linear network (shown in Fig. 1(b)),
every sender transmits directly to its receiver. The bandwidth-normalized achievable
rate (bits per second per Hertz) of direct transmission is given by the Shannon
capacity of the point to point link:

rD = log2(1 + SINRsd),

where SINRsd denotes the received signal to interference plus noise ratio from a
sender to a receiver.

The achievable end-to-end rate equals the minimum of the rates achievable at
each of the N hops divided by the spatial reuse parameter Q, and has been analyzed
extensively in [9]. It was shown that for N � Q, all nodes except those close to S and
D have the same distance to their prime interferers and therefore experience similar
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interference. Consequently, under limited total power consumption, a uniform power
allocation yields a tight lower bound on the achievable rate.

Specifically, we assume the interference-limited communication regime, that is
P � N0, to assess the effect of interference. Then a tight lower bound is given as:

RD =
1

Q
log2

(
1 +

PL−k

N0 + PL−k[
∑∞

i=1(iQ+ 1)−k +
∑∞

i=1(iQ− 1)−k]

)

≈ 1

Q
log2

(
1 +

1∑∞
i=1(iQ+ 1)−k +

∑∞
i=1(iQ− 1)−k

)
.

where PL−k
∑∞

i=1(iQ+1)−k is the upper limit of the interference from simultaneously
transmitting nodes on the right side of the sender, and PL−k

∑∞
i=1(iQ− 1)−k is the

upper limit of the interference from simultaneously transmitting nodes on the left
side of the receiver. When P � N0, the achievable rate is independent from the
actual transmission powers.

3.2 Hop-wise cooperation

With half-duplex decode-and-forward relaying, the achievable rate of a sender-relay-
receiver hop becomes [11]:

rR = min{u log2(1 + SINRsr),

u log2(1 + SINRsd) + (1− u) log2(1 + SINRrd)}
= min{ursr, ursd + (1− u)rrd}

where SINRsd, SINRsr, and SINRrd are the SINR values of the sender-receiver
link, the sender-relay link, and the relay-receiver link, respectively; whereas rsd, rsr
and rrd are the Shannon capacity of those links. The pre-log factors (u and (1− u),
u ∈ (0, 1)) indicate the slot partition for half-duplex relaying.

Let E1 and E2 denote the first and the second terms in the ’min’ function.
E1 � ursr, is the maximum rate at which the relay node can reliably decode the
source message, whereas E2 � ursd + (1 − u)rrd is the maximum rate at which the
destination can reliably decode the source message given repeated transmissions from
the source and the relay. Fig. 3 indicates the achievable rates of direct transmission
and cooperative relaying in all SINR regions, where the solid line represents rD and
the dotted line denotes rR.

In (a), (b) and (c) of Fig. 3, where SINRsr ≤ SINRsd or SINRrd ≤ SINRsd,
no matter how we adjust the slot partition factor u, the achievable rate of direct
transmission rD is higher than that of of cooperative relaying rR. However, in the
case (d) of Fig. 3, where SINRsr > SINRsd and SINRrd > SINRsd, i.e. rsr > rsd
and rrd > rsd, cooperative relaying achieves higher rate than the direct transmission
if and only if u > rsd/rsr. Consequently, SINRsr > SINRsd, SINRrd > SINRsd,
and u > rsd/rsr are necessary and sufficient conditions that cooperative relaying
outperforms the direct transmission.



A6 Using Cooperative Transmission in Wireless Multihop Networks

rsr

rsd

rrd

u*

rrd
rsd

0

rrd

u
1

rsr

rsd

u
1

rsr

u
1

rrd

0

0
u

10

(a) ,

rsd

rsr

rD rRE1 E2

(c) ,

(b) ,

(d) ,

Figure 3: Achievable rates of direct transmission and cooperative relaying.

Considering the multihop transmission with hop-wise relaying, the end-to-end
rate is maximized under given total power consumption if all hops achieve the same
rate, just like in the case of simple multihopping. The per-hop rate now depends not
only on the power allocation, but on the location of the relay. Considering the case
of N � Q, we get a tight lower bound on the achievable rate if the power allocation
and the source-relay distance are identical in each hop. Then the achievable rate of
the HS-Coop scheme can be expressed as

RR =
1

Q
min{ursr, ursd + (1− u)rrd},

where

rsd = log2

(
1 +

1∑∞
i=1(iQ+ 1)−k +

∑∞
i=1(iQ− 1)−k

)
,

rsr = log2

(
1 +

1∑∞
i=1(

iQ
d + 1)−k +

∑∞
i=1(

iQ
d − 1)−k

)
,
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rrd = log2

(
1 +

1∑∞
i=1(

iQ
1−d + 1)−k +

∑∞
i=1(

iQ
1−d − 1)−k

)
.

where d ∈ (0, 1) denotes the normalized transmission distance of every sender-relay
link. Consequently, we have rsr > rsd and rrd > rsd, thus the necessary conditions
that cooperative relaying outperforms direct transmission are met in the regular lin-
ear network topology. Note also that if all nodes and relays use the same transmission
power the aggregate energy consumption is the same under simple multihopping and
under hop-wise cooperation.

For a given reuse distance Q, the available rate RR is jointly determined by the
relay location d and the slot partition factor u. Our objective is to find the optimal
slot partition factor – optimal relay location pairs [uop, dop] that maximize RR,

[uop, dop] = argmax{ 1

Q
min[ursr, ursd + (1− u)rrd]}.

Let us denote by u∗(d) the optimal slot partitioning for a given relay location,
whereas d∗(u) the optimal relay location for a given slot partition.

To find uop and dop, we first derive a closed form of the optimal slot partition
factor u∗ for a given d. From Fig. 3, the cooperative relaying achieves higher data
rate only if rsr > rsd and rrd > rsd. In this case, the achievable rate is maximized
at the point where E1 = E2. Let ursr = ursd + (1− u)rrd, we gain the optimal slot
partition for a given relay location d

u∗(d) =
rrd

rsr + rrd − rsd
. (1)

Substitute u∗ to the expression of RR, we get the maximized RR for a given d as

RR(d) =
1

Q
u∗(d)rsr =

1

Q

rsrrrd
rsr + rrd − rsd

. (2)

Since d is the only variable in (2), we can find the optimal relay location dop that
maximizes RR by simple numerical search. Finally we substitute dop to the closed
expression of u∗ in (1) and get the optimal slot partition uop.

4 End-to-End Delay

To evaluate rate–delay tradeoffs, we assume, as in [3], that each TDMA slot can
accommodate one packet, time slots are assigned to the nodes in sequence and the
propagation time is negligible compared to the transmission time. Under these cir-
cumstances, packets do not have to wait at the nodes and can travel Q hops in a
TDMA frame time.

Specifically we consider two scaling models. In the first case the length of the
TDMA frame is fixed, that is, the packet size in bits transmitted in a slot is equal
to the time length of the slot multiplied by the actual data rate. It means that
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Figure 4: Achievable rates for HS-Coop when the slot partition factor is optimized
under a given relay location.

packet size is scaled according to the reuse distance Q and achievable rate RR. In
the second case we scale the length of the TDMA frame inversely proportional to the
transmission rate, which means that the packet size is independent of the transmission
rate, and depends only on parameter Q.

5 Numerical Results and Discussions

5.1 Parameter optimization

We assume N � Q thus the actual value of N does not affect the analysis. With-
out loss of generality, we consider L = 1m, and T = 1s, where L and T denote
the distance between any two adjacent nodes, and the TDMA frame length, respec-
tively. Different values of these parameters would keep the scaling identical for all
communication schemes and therefore the actual values do not affect the outcome of
performance comparisons.

Fig. 4 demonstrates the achievable rates for the hop-wise cooperation (HS-Coop)
scheme when the slot partition factor is partially optimized as u∗ given in (1). We
consider a path loss exponent k = 2. From Fig. 4, the achievable rate under u∗ is
symmetrical on d, and the optimal relay location is in the middle of every sender
and its receiver, i.e. dop = 1/2. The achievable rates are more sensitive to the relay
location d when the reuse parameter Q is small. If the relays are located near the
middle of every sender-receiver, the achievable rates decrease with Q, otherwise, the
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Figure 5: (a) Optimal relay locations and (b) optimal slot partition factors in HS-
Coop.

optimal Q is equal to 4.

We next evaluate the partially optimized HS-coop schemes, with u = 1/2 – that
is a typical assumption when cooperative relaying is considered, and with d = 1/4 to
evaluate the often advantageous scenario when the relay is close to the sender.

Fig. 5(a) gives the optimal relay locations for u = 1/2 and u = uop, whereas Fig.
5(b) indicates the optimal slot partition factors for d = 1/2 and d = dop. In Fig.
5(a), the optimal relay location under halving slot partitioning (u = 1/2) is closer to
the corresponding sender, and it further moves to the sender when Q increases. dop,
which equals 1/2, is a constant independent of path loss exponents and spatial reuse
parameters. Since we did not find closed expressions for d∗ and dop, the values of this
two parameters are determined by numerical search. From Fig. 5(b), the optimal
slot partition factors increase with Q. Moreover, uop is always larger than 0.5, thus
halving slot partitioning in HS-Coop can not gain the maximal rate if every relay
node is located in the middle between its sender and receiver.

Fig. 6 compares the achievable rates of HS-Coop with that of simple multihopping
(S-Multihop). We can see that the optimal spatial reuse distance for S-Multihop is 5.
Large Q values lead to low level of channel reuse, while small Q values lead to high
interference and therefore low achievable rate. The d = 1/4, u = 1/2 HS-coop scheme
performs even worse than S-Multihop when Q is larger than 6 and 7 for k = 2 and
3, respectively. The partially optimized schemes with parameters u∗ and d∗, which
are the optimal slot partition factor for d = 1/4 and the optimal relay location for
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u = 1/2 respectively, the achievable rates of HS-coop are improved and become better
than that of S-Multihop under all reuse distances. The jointly optimized parameters
dop and uop maximize the achievable rate of HS-Coop. When Q ≥ 5, the achievable
rates of all schemes decrease with Q, since the rate loss due to low spatial reuse
outweighs the benefit from the enlarged distances to interferers. The optimized relay
scheme remains efficient even for small Q, that is, in the high interference region,
and keeps increasing the throughput at decreasing Q. Moreover, the larger the path
loss exponents, the higher the achievable rates, since the SINR value is dominated
by the reduced inferences rather than the reduced signal strength.

5.2 Rate-delay tradeoff

The rate-delay tradeoff is an important figure of merit to show the performance gain
of hop-wise cooperation. Fig. 7 demonstrates the achievable rate-delay tradeoffs
when the time length of a TDMA frame is fixed. Delays are normalized by the hop
distance in the figure. Each rate–delay pair corresponds to a specific reuse distance.
During one TDMA frame, packets travel Q hops in the network, consequently, the
delays of different schemes only depend on this Q parameter.

As Fig. 7 shows, the HS-Coop with halving slot partitioning does not perform
well when relays are located in the middle of every hop. However, the HS-Coop with
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optimal parameters outperforms the S-Multihop. For instance, when Q = 4, the
delay of S-Multihop is 0, 25 s/m while the achievable rates are 0.60 and 1.09 b/s/Hz
for k = 2 and 3 respectively. With the same delay (0, 25 s/m), the achievable rates of
HS-Coop(dop,uop) are 0.75 and 1.33 b/s/Hz and thus there are nearly 25% and 22%
rate gains for k = 2 and 3 respectively in HS-Coop(dop,uop). On the other hand, to
achieve the same rates as in S-Multihop, the reuse parameters in HS-Coop(dop,uop)
are 8 and 7 for k = 2 and 3 respectively, consequently, there are nearly 43% and
50% gains on delays achieved by HS-Coop(dop,uop). The gap between S-Multihop
and HS-Coop(dop,uop) is larger when the Q value is small, which reflects that decode-
and-forward relaying gains more when the SINR value between a sender and a receiver
is low.

In Fig. 8, we further investigate the achievable rate-delay tradeoffs of HS-Coop
and S-Multihop when the time length of a TDMA frame is inversely proportional to
the achievable rate, such the packet size in bits is fixed for a given Q. To compare
the two TDMA scaling schemes we fix the minimum rate packet size of HS-Coop
(d = 1/2,u = 1/2) in Fig. 7, and scale the length of the TDMA frame accordingly.
That is, the circle points in Fig. 7 and Fig. 8 are in the same location. Comparing
the achievable rate-delay tradeoffs shown on the two figures, we can see that with
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the same spatial reuse distance, the achievable rates of a transmission scheme are the
same – the achievable rates are of course independent of the time length of TDMA
frame. On the other hand, delays for the three schemes we considered are different
under the same spatial reuse distance, because the time length of TDMA frame now
depends on the achievable rates. Comparing achievable rates under the same delay,
the efficiency of HS-Coop is further amplified, for example, under k = 2 and 0.09
s/m delay the throughput gain is nearly 30%.

6 Conclusions

In this paper, we connected the results on scaling-laws in multihop wireless networks
and that of single-relay cooperating systems. We applied selective relaying for a linear
network that also utilized a TDMA scheme that allowed parallel transmission for
nodes reasonably far away. We derived achievable rate-delay trade-offs, and showed
that single-hop relaying achieves significant gains – especially when the reuse distance
of the TDMA scheme is small.



References A13

References

[1] P. Gupta and P. Kummar, “The capacity of wireless networks,” IEEE Trans.
Inf. Theory, vol. 46, no. 2, pp. 388–404, Mar. 2000.

[2] L. L. Xie and P. R. Kumar, “On the path-loss attenuation regime for positive
cost and linear scaling of transport capacity in wireless networks,” IEEE/ACM
Trans. Netw., vol. 52, pp. 2313–2328, Jun, 2006.

[3] A. E. Gamal, J. Mammen, B. Prabhakar, and D. Shah, “Optimal throughput-
delay scaling in wireless networks-part I: the fluid model,” IEEE Trans. Inf.
Theory, vol. 52, no. 6, pp. 2568–2592, Jun, 2006.

[4] J. N. Laneman, D. N. C. Tse, and G. W. Wornell, “Cooperative diversity in
wireless networks: Efficient protocols and outage behavior,” IEEE Trans. Inf.
Theory, vol. 50, no. 12, pp. 3062–3080, Dec, 2004.

[5] T. M. Cover and A. E. Gamal, “Capacity theorems for the relay channel,” IEEE
Trans. Inf. Theory, vol. IT-25, no. 5, pp. 572–584, Sep. 1979.

[6] A. Ozgur, O. Leveque, and D. Tse, “Hierarchical cooperation achieves optimal
capacity scaling in Ad Hoc networks,” IEEE Trans. Inf. Theory, vol. 53, no. 10,
pp. 3549–3571, October 2007.

[7] S. Vakil and B. Liang, “Effect joint cooperation and multi-hopping on the ca-
pacity of wireless networks,” in Proc. IEEE SECON, 2008.

[8] E. Beres and R. Adve, “Cooperation and routing in multihop networks,” in Proc.
IEEE ICC, 2007.

[9] M. Sikora, J. N. Laneman, M. Haenggi, D. J. Costello, Jr., and T. E.
Fuja, “Bandwidth- and power-efficient routing in linear wireless networks,”
IEEE/ACM Trans. Netw., vol. 14, no. SI, pp. 2624–2633, 2006.

[10] G. Olga, O. A. Yvonne, and W. Roger, “Complexity in geometric SINR,” in
Proc. ACM MobiHoc, 2007.

[11] A. Host-Madsen and J. Zhang, “Capacity bounds and power allocation for wire-
less relay channels,” IEEE Trans. Inf. Theory, vol. 51, no. 6, pp. 2020–2040,
Jun, 2006.





Paper B

Cooperative Communication for Spatial Frequency Reuse
Multihop Wireless Networks under Slow Rayleigh Fading

Liping Wang, Viktoria Fodor and Mikael Skoglund

In Proceedings of IEEE International Conference on Communications (ICC),
June 2011.





Cooperative Communication for Spatial Frequency
Reuse Multihop Wireless Networks under Slow
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Liping Wang, Viktoria Fodor and Mikael Skoglund

Abstract

Cooperative communication has been proposed as a means to increase the capacity
of a wireless link by mitigating the path-loss, fading and shadowing effects of radio
propagation. In this paper, we evaluate the efficiency of cooperative communication
in large scale wireless networks under interference from simultaneous transmissions.
Specifically, we consider tunable spatial reuse time division multiplexing and half-
duplex decode-and-forward cooperative relaying on a hop-by-hop basis. We show that
hop-by-hop cooperation improves the reliability of the transmissions particularly in
the low-SINR or in the low-coding-rate regimes. Moreover, hop-by-hop cooperative
relaying gains 15 − 20% more throughput compared to simple multihopping in the
interference-limited regime, if the relay location and the reuse distance are jointly
optimized.

1 Introduction

Cooperative communication has been exploited as a means to combat multi-path
fading and thus increase the capacity of wireless links. By enabling relay nodes to
assist transmissions for a sender-receiver pair, cooperative communication benefits
from spatial diversity and can increase data rate, enlarge communication range or
enhance reliability [1] [2]. Capacity-scaling laws of large-scale wireless networks using
cooperative communications were derived in [3], [4] and [5]. The results confirm
that combing cooperative communication with simple multi-hopping can improve
the network capacity.

To evaluate the efficiency of cooperative communication in large-scale wireless
networks, the effect of interference have to be carefully considered. The use of a
cooperative relay may benefit a sender-receiver pair but degrade the overall network
performance, since cooperative relaying costs more space-time resources with more
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transmissions blocked in the neighborhood. Therefore, the cooperation scheme and
the medium access control have to be carefully co-designed as it is shown for random
networks in [6] and [7].

In this paper we consider linear multihop networks applying cooperative commu-
nication on a hop-by-hop basis, referred to as Hop-by-Hop cooperation (HyH-coop),
combined with spatial frequency reuse TDMA (STDMA). We extend the results
of [8] and evaluate the outage probability and the achievable throughput over one
sender-relay-receiver hop, considering the effects of co-channel interference from the
simultaneous transmissions in the STDMA scheme and of slow Rayleigh fading. The
end-to-end throughput over a multihop path depends on these measures and the spe-
cific error and traffic control solutions applied, and is not addressed in this paper.
Our numerical results prove that hop-by-hop cooperation improves the reliability of
the transmissions particularly in the low-SINR or the low-coding-rate regimes. More-
over, if the relay location, the STDMA reuse distance and the coding rate are jointly
optimized, hop-by-hop cooperative relaying achieves 15 − 20% higher throughput
compared to simple multihopping in the interference-limited regime.

The paper is organized as follows. In Section 2 we describe the hop-by-hop coop-
eration scheme and two benchmark multihopping schemes. An analytic framework to
evaluate hop-by-hop cooperation is proposed in in Section 3. Based on the analytic
framework, we derive the outage probability and the expected rate of the three trans-
mission schemes in Section 4. Section 5 gives numerical results on the performance
of hop-by-hop cooperation in regular linear wireless networks compared with that of
the two benchmark multihopping schemes. Finally, we conclude the paper in Section
6.

2 Hop-by-Hop Cooperation in Multihop Wireless
Networks

Fig. 1(a) shows the considered multihop wireless network with nodes D0,D1, ...,DN .
Each single-hop sender, nodes in the set {D0,D1, ...,DN−1} transmits to its upstream
neighbor, and may utilize one relay node in its neighborhood. We assume that only
one relay node is selected in each hop in order to limit control complexity and the
interference from simultaneous transmissions. Ri denotes the relay node used in the
ith hop, ∀i ∈ {1, 2, ..., N}, and thus the set of relays is given by {R1,R2, ...,RN}.

We consider a network with half-duplex radios, using the same transmission fre-
quency. Orthogonal transmissions are achieved by time division multiplexing, but
to increase spectral efficiency, nodes sufficiently far away are allowed to transmit si-
multaneously. That is, the transmissions in the network are coordinated by a static
STDMA scheme with fixed frame length. Each TDMA frame is further subdivided
into Q equal slots. In each time slot, simultaneous transmissions from nodes Q hops
away from each other are scheduled. The ith slot of each TDMA frame is assigned to
transmissions in the (nQ+i)th hops, ∀n ∈ {0, 1, ..., 	(N−i)/Q
} and ∀i ∈ {1, 2, ..., Q}.
There is no spatial frequency reuse if Q = N , then the N slots in each frame are seri-
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Figure 1: (a) Hop-by-hop cooperative transmission in multihop wireless networks,
Di-s are single-hop senders and receivers, Ri-s are cooperative relay
nodes; (b) HyH-coop with cooperative decode and forward, (c) N -
multihopping with direct transmission; (d) 2N -multihopping with tra-
ditional decode and forward.

ally assigned to transmissions in the N hops. Compared to various dynamic TDMA
schemes that allocate variable length of slots to hops, such a static TDMA scheme
has the advantage of simplicity, controlled interference and low overhead for control
information exchange. To support half-duplex relaying, each TDMA slot is further
divided into two fractions according to the slot partitioning factor u ∈ [0, 1], corre-
sponding to the relative length of the first time fraction normalized by the length of
the TDMA slot.

To describe the single hop transmission schemes and later when evaluating the
per-hop performance, we simplify our notation and use s, r and d to denote the single
hop sender, relay and receiver, respectively.

When using hop-by-hop cooperation, each hop follows a decode-and-forward (DF)
cooperative relaying scheme. As shown in Fig. 1(b), in the first fraction of a TDMA
slot, s transmits while both r and d listen; after decoding successfully, r re-encodes
and forwards the message to d in the second fraction of the TDMA slot. Finally, d
combines the signals received respectively from s and r to decode the message.

We consider two benchmark schemes to evaluate the gain of HyH-coop: N -
multihopping and 2N -multihopping. In N -multihopping, every s transmits directly
to d without any assistance from the relay nodes, and using the whole TDMA slot, as
shown in Fig. 1(c). The N -multihopping scheme can be treated as a special case of
HyH-coop with the slot partitioning factor μ = 1. Fig. 1(d) shows 2N -multihopping,
where traditional DF is used in each hop. That is, in the first fraction of a TDMA
slot, s transmits while r listens; after decoding successfully, r re-encodes and forwards
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the message to d in the second fraction of the TDMA slot. Finally, d decodes the
message from the signal received from r.

3 Analytic Framework for Hop-by-Hop Coopera-
tion

3.1 Interference and Channel Model

All channels in the network are modeled as frequency-flat Rayleigh block fading
channels, where the channel state remains constant for a TDMA slot. Each codeword,
in the various coding schemes discussed, spans only one channel state realization. The

channel coefficient of any link from node i to node j is given by gij = hijd
−k/2
ij , where

hij is an independent and identically distributed (i.i.d) complex Gaussian variable
with zero mean and unit variance, dij is the distance between the two nodes, and k
is the path loss exponent, which generally is in the range from 2 to 4 [9].

Let Ni denote the set of nodes transmitting simultaneously with node i according
to the STDMA scheme. Then, the received SINR of a link is given by

SINRij =
Pid

−k
ij |hij |2

σ2 +
∑

n∈Ni
Pnd

−k
nj |hnj |2

, (1)

where Pi and Pn are the transmission powers from nodes i and n respectively, and
σ2 is the thermal noise variance at the receiver.

Let us now express the CDF of SINRij under the STDMA scheme. We use γij
to denote the average received SNR. From the channel model introduced above, we
have γij = Pid

−k
ij /σ2. Consequently, the received SNR at node i from node j is an

exponentially distributed variable:

Xij = γij |hij |2 ∼ Exp(1/γij).

Moreover, with γnj = Pnd
−k
nj /σ

2, the received interference-to-noise ratio (INR)
from n at j is also an exponentially distributed variable:

znj = γnj |hnj |2 ∼ Exp(1/γnj), ∀n ∈ Ni,

and the total received INR of link i-j, Zij =
∑

n∈Ni
znj , follows a hypoexponential

distribution with probability density function (PDF):

pZij
(z) =

∑
n∈Ni

φij(n)

γnj
exp

(
− z

γnj

)
,

where
φij(n) = Πm∈Ni,m �=n

γnj
γnj − γmj

.
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We use the more complex hypoexponential distribution instead of the Gaussian
approximation [10], since the central limit theorem does not necessarily hold for our
case. As the mean INRs from the interferers near the receiver are much higher than
those from the interferers that are far away, a finite number of strong dominant
components are expected in the aggregate INR.

With exponentially distributed SNR and hypoexponentially distributed INR, the
SINR in (1) can be rewritten as SINRij = Xij/(1 + Zij). In the case of no spatial
reuse (Q = N) Ni = ∅ thus Zij = 0, and the CDF of the SINR equals the CDF of
an exponential distributed variable, which is given by:

Fij(β) = P(Xij < β) = 1− exp(−β/γij). (2)

On the other hand, if the frequency is spatially reused in Q hops with Q = N ,
the CDF of the SINR over the i to j link is given by:

Fij(β) =

∫ +∞

0

∫ (z+1)β

0

pXij
(x)pZij

(z)dxdz

=
∑
n∈Ni

φij(n)

{
1− Λij(n)

β + Λij(n)
exp

(
− β

γij

)}
, (3)

where Λij(n) = γij/γnj is the SIR over the i to j link considering the co-channel
interference caused by simultaneous transmissions from node n.

3.2 Performance Metrics

Without loss of generality, we can map the instantaneous SINR of the link from i to
j to an achievable rate, via Shannon capacity as:

rij = log2(1 + SINRij). (4)

The rate rij in (4) is achievable by using long codewords corresponding to a realized
value of SINRij , which is known at the transmitter. In our setting, the instantaneous
SINRij is however not known by the transmitting node and the transmission rate is
set based on the CDF of the SINR, resulting in potential outages. Therefore we use
the following performance metrics to evaluate the efficiency of HyH-coop.

The probability that a message, transmitted with rate R, can not be decoded, that
is, the outage probability Pout(R) is given as the probability that the per slot achiev-
able data rate (with HyH-coop, N -multihopping and 2N -multihopping respectively)
is less than the transmission rate R. For example, for a simple i to j point-to-point
link, the outage probability as a function of R and SINRij is:

Pout
ij (R) = P(rij < R) = P(SINRij < 2R − 1). (5)

The expected rate, that is, the long term average reception rate over the hop,
is then given as the transmission rate R multiplied by the probability of successful
decoding at that rate, that is R = R (1− Pout(R)).
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Finally, to consider the effect of STDMA, we define the expected throughput as
the expected rate multiplied by the normalized active time of the hop: T = R/Q =
R (1− Pout(R)) /Q.

4 Expected Rate of N- and 2N-multihopping and
Hop-by-Hop Cooperation

4.1 N-multihopping

Under N -multihopping (Fig. 1(c)), every sender transmits directly to its receiver
without any assistance from other nodes, so the achievable rate for a hop equals the
instantaneous Shannon capacity of the sender-receiver link and can be calculated
according to (4). Similarly, the per hop outage probability is the outage probability
of the sender-receiver link at rate R:

Pout
D (R) = P (rsd < R) = Fsd(βR),

where βR = 2R − 1 denotes the SINR threshold at rate R, and Fsd(βR) is the CDF
of the SINR in a sender-receiver link at rate R. Without spatial frequency reuse,
Fsd(βR) is given by (2), whereas with Q-hop spatial reuse, it is given by (3).

Without spatial reuse, we can derive analytic expression of the optimal trans-
mission rate R∗

D, that maximizes the expected rate. The expected rate for a hop in
N -multihopping and Q = N can be simply expressed as:

RD = R exp (−βR/γsd) . (6)

Noting that RD in (6) has a unique maximum, the optimal rate becomes:

R∗
D =

1

ln 2
W (γsd) ,

where W (x) represents the Lambert-W function. For a given x, there exist efficient
numerical methods to calculate W (x), and thus the optimal transmission rate under
N -multihopping.

4.2 2N-multihopping

In 2N -multihopping shown in Fig. 1(d), each sender in {D0,D1, ...,DN−1} sends
messages to its adjacent relay node {R1,R2, ...,RN} in the first fraction of a TDMA
slot, with a relative length u. The relay node decodes and sends the re-encoded
message to the adjacent receiver in the remaining second fraction, with relative length
(1− u). There is no signal combining at the receiver.

Consequently, each hop consists of two links, a sender-relay link and a relay-
receiver link, and the achievable rate for a hop is the minimum of the achievable rates
of the two links over the fractions of the TDMA slot: rT = min (ursr, (1− u)rrd),
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where rsr and rrd are achievable rates of a sender-relay link and a relay-receiver link
respectively, and where u ∈ [0, 1] is the slot partitioning factor. Assuming that the
channel states are independent, the outage probability of the sender-relay-receiver
hop in 2N -multihopping can be then written as:

Pout
T (R) = P {min (ursr, (1− u)rrd) < R}

= 1−P (rsr ≥ R/u)P (rrd ≥ R/(1− u))

= 1−
{
1− Fsr(βR/u)

}{
1− Frd(βR/(1−u))

}
. (7)

where βR/u and βR/(1−u) are the SINR thresholds at rate R for the sender-relay link

and the relay-receiver link respectively. We have βR/u = 2R/u − 1 and βR/(1−u) =

2R/(1−u)−1. As before, Fsr(βR/u) and Frd(βR/(1−u)) are given by (2) and (3) without
and with spatial reuse respectively.

For the case without spatial frequency reuse we can express the expected rate
and the optimal coding rate under u = 1/2 as:

RT = R exp

{
−
βR/u

γsr
−

βR/(1−u)

γrd

}
, (8)

and

R∗
T =

1

2 ln 2
W

(
γsrγrd

γsr + γrd

)
. (9)

4.3 HyH-coop

Under HyH-coop, a per hop cooperative relaying protocol is applied, as shown in
Fig. 1(b). The relay nodes employ orthogonal decode-and-forward. That is, in the
first fraction of the TDMA slot, with the relative length u, the source transmits and
the relay and destination nodes listen. Then in the second fraction the source stays
silent and the relay transmits to the destination. From [11], the achievable rate for
a sender-relay-receiver hop in under these assumptions is:

rR = min (ursr, ursd + (1− u)rrd) , (10)

where the first argument of the ’min’ function, ursr, is the per slot maximum rate at
which a relay node can reliably decode messages from a sender, whereas the second
one, ursd + (1 − u)rrd, represents the per slot maximum rate at which a receiver
can reliably decode messages by combining signals received from the sender and the
relay. Again note that the rate in (10) is random, and there is an outage if the source
tries to use a higher rate.

Under the independent channel assumption, the per hop outage probability is
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then given by:

Pout
R (R) = P {min (ursr, ursd + (1− u)rrd) < R}

= 1−P(ursr ≥ R)P(ursd + (1− u)rrd ≥ R)

= 1−
{
1− Fsr(βR/u)

}{{
1− Frd(βR/(1−u))

}
+

∫ R

0

{
1− Fsd(β(R−y)/u)

}
pY (y)dy

}
, (11)

where we use the notation Y = (1− u)rrd.
The SINR distribution functions are given by (2) or (3) without and with spatial

reuse respectively. To be able to calculate the outage probability, we have to express
the PDF of Y :

pY (y) =
dP((1− u)rrd < y)

dy
=

dFrd(βy/(1−u))

dβy/(1−u)

dβy/(1−u)

dy
. (12)

For the case without spatial frequency reuse, we substitute (2) to (12), and get
the following closed form:

pY (y) =

(
βy/(1−u) + 1

)
ln 2

(1− u)γrd
exp

{
−
βy/(1−u)

γrd

}
.

Under spatial reuse we have to use (3), and the PDF of Y becomes:

pY (y) =

(
βy/(1−u) + 1

)
ln 2

(1− u)
exp

{
−
βy/(1−u)

γrd

}

·
∑
n∈Nr

φij(n)Λrd(n)

βy/(1−u) + Λrd(n)

{
1

γrd
+

1

βy/(1−u) + Λrd(n)

}
.

The optimal coding rate R∗
R can be found e.g. by a grid-search approach.

4.4 Discussions

Comparing the expression of Pout
R (R) in (11) with that of Pout

T (R) in (7), we can see
that HyH-coop achieves lower outage probability than 2N -multihopping for a given
set of parameters Q, R and u. This is reasonable, since receivers in 2N -multihopping
can hear signals only from a relay, whereas in HyH-coop they can combine the signals
received from a sender and a relay. The gap between the outage probabilities in 2N -
multihopping and HyH-coop is given by:

Pout
T (R)− Pout

R (R) ={
1− Fsr(βR/u)

}∫ R

0

{
1− Fsd(β(R−y)/u)

}
pY (y)dy,
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which equals the successful decoding probability at the relay node multiplied by the
successful decoding probability at the receiver by combining two signals heard from
the sender and the relay. This gap indicates the benefit of transmitter diversity.

Based on (6) and (8), and for Q = N and u = 1/2 we can compare the outage
probability of N - and 2N -multihopping, and conclude that Pout

T (R) < Pout
D (R), if

the coding rate R is in the range of:

0 < R < log2

{
1/γsd

1/γsr + 1/γrd
− 1

}
.

In this range Pout
R (R) < Pout

T (R) < Pout
D (R), that is, HyH-coop gains the highest

expected rate.
We did not find closed-form expression of the rate regime where hop-by-hop co-

operation benefits in case of u = 1/2 or Q = N . Nevertheless, our analytical model
provides a means to find this rate regime and other optimal parameters by exhaustive
search.

5 The Performance of HyH-coop in Regular Linear
Networks

The proposed analytic model can be used in random network topologies to find opti-
mal relay parameters for hop-by-hop cooperation under a given routing protocol. In
this section, we use the proposed model to investigate the efficiency of using HyH-coop
in a wireless regular linear network, where nodes {D0,D1, ...} are equidistantly de-
ployed in a line. Such a one-dimensional linear network is obviously a simplification,
however, it constitutes an important special case of more general two-dimensional
networks [12], and can give us basic insight on the performance of cooperative trans-
mission under spatial frequency reuse.

Under N -multihopping, Di−1 sends packets directly to Di in the ith hop of a
wireless regular linear network. Using 2N -multihopping or HyH-coop, a relay node
is deployed within each hop with a normalized distance d from the corresponding
single-hop sender, i.e dsr/dsd = d and d ∈ (0, 1). The reuse parameter Q is an
integer in the range of [3, N ]. The minimum reuse distance is 3 hops to guarantee
that the received signal strength at any receiver is larger than the interference from
the nearest simultaneously transmitting node. We consider identical transmission
power at all nodes and relays, which means that the three transmission schemes have
the same energy consumption. This uniform power allocation maximizes the per hop
expected rate in the network for infinite chains in the case of Q = N , and gives a
tight lower bound for N � Q [12]. As for the channel parameters, we set k = 3, and
hij is a complex Gaussian variable with zero mean and unit variance.

Fig. 2 shows the outage probability of the three transmission schemes with and
without spatial frequency reuse, for R = 1 bits/s/Hz and 4 bits/s/Hz, u = 1/2 and
d = 1/2. Without spatial reuse, the outage probability decreases with the SNR
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Figure 2: Per hop outage probability with spatial frequency reuse. In the
interference-limited regime, outage probabilities are independent of SNR
but rely on the reuse parameter Q.

value. With spatial reuse, however, we can distinguish two regimes. The outage
probability decreases with γsd in the noise-limited regime, where the interference
power is negligible compared to the noise power. However, in the interference-limited
regime, the outage probability is independent of the SNR value, and depends only on
the reuse distance Q. The outage probability decreases with Q, since there is higher
co-channel interference when Q is small.

Comparing the three transmission schemes, HyH-coop(1/2, 1/2) yields the lowest
outage probability if the transmission rate is low, while N -multihopping outperforms
the non-optimized HyH-coop at high coding rate, independently from the frequency
reuse parameter Q. Consequently, the optimization of the relay parameters is re-
quired if HyH-coop is to be used under high transmission rates.

Fig. 3 show the expected throughput in the low-SNR and in the high-SNR regimes
respectively. Obviously, the benefits of diversity are much more significant in the low-
SNR regime than in the high-SNR regime, in the high-interference regime than in
the low-interference regime, and in the low-rate regime than in the high-rate regime.
Therefore, HyH-Coop improves the expected throughput in the low-SINR-and-low-
rate regime.

Fig. 4 shows the maximal expected throughput, that is, the maximum expected
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Figure 5: Maximal expected throughput per hop with spatial frequency reuse. In
the noise-limited regime, HyH-coop schemes achieve higher expected
throughput than others. In the interference-limited regime, the relay
location d has to be optimized to achieve superior performance.

rate divided by the frequency reuse distance Q. Under the HyH-coop(1/2,1/2)
scheme, u and d are fixed to 1/2, thus only the coding rate R is optimized. In
the HyH-coop(uop, dop) scheme, three parameters u, d and R are jointly optimized.
In all cases, exhaustive search is performed.

The optimal Q values for all schemes are equal to 3 when γsd = 3dB, whereas dif-
ferent schemes have different optimal reuse distances when γsd = 40dB, for instance,
the optimal Q for N -multihopping is 6 and for HyH-coop(uop,dop) is 5. When the
reuse distance is larger than the optimal value, the gain on the SINR can not com-
pensate the decrease of the time allocated to each hop.

With Fig. 5 we evaluate the maximal expected throughput of all considered
cases, that is, Q is optimized together with R and for some of the schemes with d
and u. We can see that in the noise-limited regime even HyH-coop(1/2,1/2) achieves
higher expected throughput than N -multihopping and 2N -multihopping. In the
interference limited regime d has to be optimized to achieve superior performance,
while optimizing u does not lead to significant gain.

Fig. 6 plots the optimal Q, and relay parameters u and d for the optimzied HyH-
Coop schemes as a function of the sender-receiver SNR. For HyH-Coop(1/2,1/2) and
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Figure 6: Optimal reuse parameter, relay location and time allocation with spatial
frequency reuse.

2N -multihopping Q = 3, that is, the minimum Q value is always optimal. It means
that the cost of time division is always higher than the gain of increased SINR. The
other schemes though benefit from slightly larger reuse distance. Moreover, since the
optimal reuse parameter for all the schemes in the noise-limited regime (γsd) equals
3, we can conclude that the throughput gain of HyH-coop schemes in this regime is
achieved entirely by the reduced outage probabilities due to cooperative diversity.

The optimal u value is hardly affected by the SNR and lies around 0.6. The
optimal relay location, however changes significantly, it is around the middle of the
sender-receiver link in the low-SNR regime, whereas it moves close to the sender in
the high-SNR regime.

6 Conclusion

In this paper we considered to combine cooperative communication in a hop-by-hop
bases with multihop transmission utilizing spatial frequency reuse. We derived an-
alytic models of the outage probability and of the expected throughput under slow
Rayleigh fading and interference due to simultaneous transmissions. Based on the
models, we compared the performance of hop-by-hop cooperation under different
levels of parameter optimization with the performance of two traditional simple mul-
tihopping schemes, considering regular linear wireless networks. We concluded that
in the noise-limited regime the reuse distance needs to be minimized for maximum
throughput, and hop-by-hop cooperation achieves higher expected throughput than
the two simple multihopping schemes. In the interference-limited regime, the re-
lay location in hop-by-hop cooperation should be jointly optimized with the reuse
distance and the coding rate to perform better than simple multihopping.

Regarding the four parameters in hop-by-hop cooperation, the coding rate R,
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the slot partition factor u, the relay location d and the reuse parameter Q, R, u
and Q can be tuned in the network under operation as SNR conditions or rate or
outage probability requirements change. In the case of dynamic routing and several
possible relay nodes, d can be tuned as well. However, if relay nodes have fixed
location, information on the expected SNR is necessary in the phase of the network
deployment to efficiently utilize cooperative communication.
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Cooperative Geographic Routing in Wireless Mesh
Networks

Liping Wang and Viktoria Fodor

Abstract

We propose cooperative geographic routing (cGeo-routing) for wireless mesh net-
works by combining cooperative transmission with traditional geographic routing.
We model and evaluate two cGeo-routing schemes including Cooperative-Random
Progress Forwarding (C-RPF) and Cooperative-Nearest with Forward Progress (C-
NFP). We show that cGeo-routing significantly increases the average transport ca-
pacity for a single hop in well connected mesh networks, and the gain increases with
the transmitted signal-to noise ratio (SNR). Moreover, there exists an optimal topol-
ogy knowledge range in C-RPF, whereas an optimal node density in C-NFP. Our
results also suggest that hop-by-hop cooperation can increase transport capacity in
high-connectivity and high-SNR regimes, however, it does not change the transport
capacity scaling law of the mesh network.

1 Introduction

The capacity of wireless networks is limited by the undesired effects of radio propa-
gation such as path-loss, shadowing and fading. Cooperative communications, which
take advantage of the broadcast nature of the wireless channel and enable wireless
devices (nodes) to collaborate in forwarding information for each other over differ-
ent paths, provide an effective means to mitigate channel fading and exploit spatial
diversity [1]. Although the merits of cooperative relaying in a small isolated wireless
network composed of one single source-relay-destination hop has been explored suf-
ficiently, there are still many challenges when cooperative diversity is to be used in
large-scale wireless mesh networks.

Considering multihop transmission, geographic routing (Geo-routing) or geo-
graphic forwarding has been considered as a promising solution for large wireless
systems such as ad-hoc and sensor networks [2] [3]. With geographic routing, every
node selects the next-hop node based on its own position and the positions of its
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neighbors and the destination. Finding a route in such a hop-by-hop way avoids high
routing overhead and therefore achieves scalability, one of the most important re-
quirements on protocol design for ad-hoc mesh networks [4]. Furthermore, the recent
availability of small and inexpensive Global Positioning System (GPS) devices, to-
gether with emerging localization protocols (e.g., [5]) make Geo-routing a preferable
routing strategy.

In this paper we propose cooperative geographic routing (cGeo-routing), the in-
tegration of cooperative transmission and geographic routing, to exploit cooperative
diversity in mesh networks. Instead of detailed protocol design, as [6] and [7], we fo-
cus on modeling the asymptotic single-hop performance of two cGeo-routing schemes.
The obtained single-hop performance can then be used to evaluate the performance of
the mesh network according to the Campbell’s formula [8] by considering the density
of concurrent transmissions, which in turn is determined by the node distribution
and the Media Access Control (MAC) protocol used in the network.

2 Cooperative Geographic Routing

Using geographic routing (Geo-routing) in a wireless mesh network, a sender S, who
currently holds the data packet, knows the positions of its neighbors, i.e. the nodes
within its topology knowledge range [2] (indicated by dmax in Fig. 1), and the position
of the destination node D. S transmits packets directly to a next-hop node V, which
is selected among all the neighbors of S according to some position-based forwarding
rules.

To gain cooperative diversity in wireless mesh networks, we extend the traditional
Geo-routing and propose a cooperative geographic routing (cGeo-routing) strategy,
which allows cooperative relaying in each hop. With this strategy, the sender S
currently holding the packet, selects one of its neighbors as a cooperative relay R,
and then R selects one of its neighbors as a receiver V. The transmission in every
sender-relay-receiver (S-R-V) hop follows a selective decode-and-forward (DF) re-
laying scheme. That is, if direct transmission from S to V achieves higher data rate,
S sends the packet directly to V. Otherwise, DF cooperative relaying among S-R-V
is performed. In this case, the degrees of freedom (either in temporal or in frequency)
are divided into two fractions. In the first fraction, S transmits while both R and V
listen; after decoding successfully, R re-encodes and forwards the packet to V in the
second fraction. Finally, V combines the signals received respectively from S and R
to decode the packet.

We propose and evaluate two cooperative geographic forwarding schemes for
cGeo-routing, Cooperative-Random Progress Forwarding (C-RPF) and Cooperative-
Nearest with Forward Progress (C-NFP), extended respectively from two simple Geo-
routing schemes, Random Progress Forwarding (RPF) [9] and Nearest with Forward
Progress (NFP) [10].

To describe the considered schemes, let us first define the forward direction as
the line connecting S and the final destination node D. The progress of R is the
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Figure 1: An example wireless mesh network with (a) Cooperative-Random
Progress Forwarding (C-RPF) and (b) Cooperative-Nearest with For-
ward Progress (C-NFP).

orthogonal projection of the line connecting S and R onto the forward direction.
The progress of V is defined similarly with respect to S or R. The forward region of
a node is defined as the part of its topology knowledge range where the neighboring
nodes have positive progress. For instance, the semicircles AS and AR in Fig. 1
denote the forward regions of nodes S and R respectively, and z represents the
progress of node V with respect to S.

In RPF and NFP, a receiver V is selected in AS , and S transmits directly to V
without assistance from any cooperative relays. In RPF, V is selected randomly in
AS , whereas the nearest neighbor within AS is selected in NFP.

In the proposed C-RPF scheme, R and V are selected randomly in AS and
AR, respectively, whereas in C-NFP, the nearest neighbor in AS is selected as a
cooperative relay R, and then the relay selects its own nearest neighbor in AR as a
receiver V.

3 System Description

To investigate the performance of cGeo-routing, we consider a general wireless mesh
network, where all nodes are equipped with half-duplex radios, thus they can not
transmit and receive simultaneously. Slotted interference-free MAC is used to facili-
tate transmissions. That is the time line is equally divided into slots, transmissions
in different slots are orthogonal, and links that are sufficiently separated in space can
transmit simultaneously in a slot.
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Figure 2: In the case that L � dmax and S is in origin, (a) the parameters
(d1, θ1, d2, θ2) fully describe the locations of R and V, and (b) the ex-
cluded regions in C-NFP can be illustrated by BS and BR.

3.1 Node Distribution Model

Nodes in the network are placed according to a two dimensional homogeneous Poisson
point process with density λ, thus the number of nodes in a region A is Poisson
distributed with mean λA. i.e. P{N(A) = n} = e−λA(λA)n/n!. We use the same
notation to denote a region and its size when no ambiguity is introduced. Let dmax

define the topology knowledge range. Then the average number of neighbors of a
node is given by N = λπd2max. We use N to indicate the network connectivity.

To simplify the analysis we assume that the distribution of the nodes in partially
overlapping areas are identical and independent.

Moreover, we consider the distance between a sender S and its destination D
to be much larger than dmax, i.e. L � dmax, and thus evaluate the asymptotic
performance of the routing schemes. Under L � dmax the forward direction of R is

almost parallel with the forward direction of S. Therefore, we use
−→
SD and

−−→
RD′ to

represent these directions, as shown in Fig. 2.

With S located in origin, the location of R is fully described by parameters
(d1, θ1) with d1 := |SR| ∈ (0, dmax] and θ1 := ∠RSD ∈ (−π/2, π/2). Moreover,
for a given R, the location of V can be described by parameters (d2, θ2) with d2 :=
|RV| ∈ (0, dmax] and θ2 := ∠VRD′ ∈ (−π/2, π/2). Then from Fig. 2, the Euclidean
distance between S and V is given by d3 := |SV| = d21 + d22 + 2d1d2 cos(θ1 − θ2).
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3.2 Channel Model and Achievable Rate

All channels in the network are modeled as Additive White Gaussian Noise (AWGN)
channels. The channel coefficient of a point-to-point link from node i to node j is

given by d
−k/2
ij , where dij is the distance between the two nodes, and k is the path-

loss exponent. The achievable rate of a point-to-point link with unit bandwidth is
given as

r(dij) = log2
(
1 + SNR/dkij

)
, (1)

where SNR denotes the transmitted signal-to-noise ratio.

4 Performance Modeling

Based on the system described in section 3, we derive the average performance metrics
for a single hop under the cGeo-routing schemes, C-RPF and C-NFP.

4.1 Probability of Successful Transmission

A transmission in a S-R-V hop is successful if both R and V are found successfully.
Let A+ denote the event that there is at least one node in region A.

Under C-RPF, a successful transmission through the S-R-V hop requires not
only AS+ but also AR+ for the selected R. With the independence assumption
introduced in section 3.1, the probability of successful transmission in a single hop
under C-RPF and for given R is given by

P succ
C−RPF = P(AS+)P(AR + |R) =

(
1− e−N/2

)2

.

Since psuccC−RPF is independent of the location of R, the average probability of suc-

cessful transmission per hop in C-RPF is P
succ

C−RPF = P succ
C−RPF .

Under C-NFP, when AS+ holds, the nearest neighbor in AS is selected as a
cooperative relay, so the semicircle BS shown in Fig. 2(b) is empty. We call BS the
excluded region. Let ARz := AR/(AR

⋂
BS), i.e. the forward region of R excluding

the overlapping region of BS . The probability of finding a receiving node equals
the probability that there is at least one node in ARz. Under the independence
assumption

P succ
C−NFP = P(AS+)P(ARz + |R) =

(
1− e−N/2

) (
1− e−λARz

)
,

which depends not only on the network connectivity but also on the location of R,
thus the average probability of successful transmission per hop under C-NFP is

P
succ

C−NFP ≈
∫ dmax

0

∫ π/2

−π/2

(
1− e−N/2

) (
1− e−λARz

)
fd1,θ1dθ1dd1,

where the expression of ARz is given by (12) in the Appendix, and fd1,θ1 , the joint
distribution function of (d1, θ1), is derived in section 4.3 and given by (5).
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4.2 Performance Metrics for a Snapshot

Let us consider a snapshot given by (d1, θ1, d2, θ2), where R and V are selected
successfully by C-RPF or C-NFP. First we derive performance metrics for a snapshot,
then we use these results to get the average per-hop performance.

• Progress

From Fig. 2(a) and for L � dmax, the progress of a S-R-V hop is

zcGeo = d1 cos θ1 + d2 cos θ2,

which is a function of (d1, θ1, d2, θ2). However, we omit the four parameters to
simplify the notation. When L � dmax, zcGeo approximately equals |SD| − |VD|,
that is, the distance the packet is transmitted towards its destination in one S-R-V
hop.

• Achievable rate

If direct transmission from S to V achieves higher rate in a given S-R-V hop,
the whole time slot is assigned to S. Hence, the achievable rate of this S-R-V hop
equals r(d3), where the expression of r(.) is given by (1).

Otherwise, the time slot is divided into two fractions (u, 1 − u), where u is the
normalized length of the first fraction and u ∈ (0, 1). In the first u fraction, S
broadcasts and both R and V receive, whereas in the remaining (1−u) time fraction,
R transmits and V receives. Then, according to [11], the achievable rate changes to

rcoop = max
u

min {ur(d1), ur(d3) + (1− u)r(d2)}

=
r(d1)r(d2)

r(d1) + r(d2)− r(d3)
,

where the first argument of the ’min’ function, ur(d1), is the per slot maximum rate
at which the relay node reliably decodes the messages from the sender, whereas the
second argument, ur(d3) + (1 − u)r(d2), represents the per slot maximum rate at
which the receiver reliably decodes messages by combining the signals received from
the sender and the relay. The optimal time sharing u is then given by ur(d1) =
ur(d3) + (1− u)r(d2).

From [11], direct transmission should be used if and only if r(d3) ≤ r(d1) and
r(d3) ≤ r(d2). Therefore, we get the achievable rate per hop in cGeo-routing as

rcGeo =

⎧⎨
⎩

r(d3), if r(d1) and r(d2) ≤ r(d3),

r(d1)r(d2)

r(d1) + r(d2)− r(d3)
, otherwise.

(2)

• Transport capacity

Transport capacity [12] is defined by the product of the achievable rate and the
progress towards the destination, its unit is thus bit-meters/s. The network trans-
ports one bit-meter if one bit has been transported a distance of one meter toward
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the destination. Since longer transmission distance usually leads to lower rate, the
transport capacity is a valuable indicator of the efficiency of multihop networks. In
the case of L � dmax, the per-hop transport capacity in cGeo-routing is given by
ccGeo = zcGeorcGeo.

4.3 Average Performance Metrics

Taking average over the distributions of all possible R and V, we can get the average
performance for a single-hop as

Average performance =∫
AS

∫
AR

[P succ × performance for a snapshot] fR,VdVdR, (3)

where P succ for C-RPF and C-NFP are given in section 4.1, and fR,V is the joint
distribution function of nodes R and V. By subsisting zcGeo, rcGeo and ccGeo into (3),
we can get the average progress, the average throughput and the average transport
capacity for a single hop. C-RPF and C-NFP use different rules to select R and V,
and thus have different average performance.

Our next step is to find the joint distribution function fd1,θ1,d2,θ2 , which is equiv-
alent to fR,V, since the locations of R and V are fully described by the parameter
set (d1, θ1, d2, θ2).

• C-RPF

Considering a homogeneous Poisson point process of node placement, the proba-
bility that a given node is located within a region depends linearly on the size of the
region. Thus when AS+ holds, the cdf of d1 is Fd1

= (πd′21 )/(πd
2
max) = d21/d

2
max,

0 < d1 ≤ dmax. Then the pdf of d1 is fd1
= 2d1/d

2
max. Moreover, since the location

of a given Poisson distributed point is uniformly distributed, the conditional pdf of
θ1, given d1, is fθ1|d1

= 1/π with −π/2 < θ1 < π/2. Therefore, we have the joint pdf
of d1 and θ1 under C-RPF given by

fd1,θ1 = 2d1/(πd
2
max),

with 0 < d1 ≤ dmax and −π/2 < θ1 < π/2.

If even AR+ holds for a given R(d1, θ1), our independence assumption leads to
the joint distribution of (d2, θ2) to be independent and identical with that of (d1, θ1).
Thus

fd1,θ1,d2,θ2 = 4d1d2/(π
2d4max), (4)

with 0 < d1, d2 ≤ dmax and −π/2 < θ1, θ2 < π/2.

The model in (3) does not give closed forms for most average performance metrics,
however, we can find the closed form of the average progress per hop in C-RPF as
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follows

ZC−RPF =

∫∫∫∫
P succ
C−RPF zcGeofd1,θ1,d2,θ2dθ2dd2dθ1dd1

=
8dmax

3π
(1− e−N/2)2.

Since the average progress in RPF is given by

ZRPF =

∫∫
(1− e−N/2)(d1 cos θ1)fd1,θ1dθ1dd1 =

4dmax

3π
(1− e−N/2),

we can see that ZC−RPF = 2(1 − e−N/2)ZRPF . When N → +∞, ZC−RPF →
2ZRPF .

• C-NFP

To derive the joint distribution of R(d1, θ1) and V(d2, θ2) in C-NFP, let us define
the two regions denoted by BS and BR as shown in Fig. 2(b), where BS is the
semicircle centered at S with the radius of d1, and BR is the semicircle centered at
R with the radius of d2.

When AS+ holds, the cdf of d1 is

Fd1
=

1− e−λBS

P(AS+)
, 0 < d1 ≤ dmax,

where the numerator denotes the probability of BS+. Then the pdf of d1 is

fd1
=

λe−λBS

P(AS+)

∂BS

∂d1
, 0 < d1 ≤ dmax.

Since R is uniformly distributed in AS , we have fθ1|d1
= 1/π with −π/2 < θ1 < π/2.

Therefore, the joint pdf of d1 and θ1 in C-NFP is

fd1,θ1 =
λe−λBS

πP(AS+)

∂BS

∂d1
, (5)

with 0 < d1 ≤ dmax and −π/2 < θ1 < π/2.
For a given relay node R(d1, θ1), the region BS is empty, since the nearest node

is selected as relay. When both AS+ and ARz+ hold (ARz is already defined as
AR/(AR

⋂
BS) in section 4.1), we can write the conditional pdf of d2, given d1 and

θ1, as

fd2|d1,θ1 =
λe−λBRz

P(ARz + |(d1, θ1))
∂BRz

∂d1
, 0 < d2 ≤ dmax.

Moreover, the conditional pdf of θ2, given d1,θ1 and d2 is fθ2|d1,θ1,d2
= 1/ϕ with

θ2 ∈
{
[−ϕ+ π/2, π/2), if θ1 ≥ 0,

[−π/2, ϕ− π/2), otherwise,
(6)
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where ϕ is expressed by (9) in the Appendix. Therefore, the joint pdf of (d1, θ1, d2, θ2)
under C-NFP is

fd1,θ1,d2,θ2 =
λ2e−λ(BS+BRz)

ϕπP(AS+)P(ARz|(d1, θ1))
∂BS

∂d1

∂BRz

∂d2

=
λ2d1d2e

−λ(BS+BRz)

(1− e−N/2)(1− e−λARz )
, (7)

with 0 < d1, d2 ≤ dmax,−π/2 < θ1 < π/2, and θ2 in (6). BS = πd21/2, and BRz and
ARz in (7) are given in the Appendix with (11) and (12).

5 Numerical Results

In this section, we compare the performance of cGeo-routing schemes with that of
Geo-routing schemes. The integrals in the analytic model proposed in section 4 are
evaluated by the Monte Carlo method [13]. Moreover, we validate the analytic results
with simulations, where a sender is located at the origin of a rectangle region with
x ∈ [0, 2dmax] and y ∈ [−2dmax, 2dmax]. The forward direction of the sender is the
x axis, i.e. the destination is located at (0,+∞).

In each simulation round, first the number of nodes is generated according to a
Poisson distribution with a mean of 8λd2max, and then each node is placed uniformly
in the rectangle. RPF and NFP are used separately to find a receiver, whereas C-RPF
and C-NFP are used separately to find a cooperative relay and a receiver. We average
the progress, the achievable rate and the transport capacity for all the snapshots with
successful transmission. The simulation runs until the 95%−confidence interval for
each average performance metric is less than max{1%, 0.01}. The path loss exponent
k is set to be 3, and unit bandwidth is considered.

5.1 Effect of Connectivity

We first set SNR = 20dB and evaluate the effect of network connectivity, which
is given by N = λπd2max. Since N depends not only on the network density (λ),
but also on the topology knowledge range (dmax), we set dmax = 1 and get different
values of N by varying λ in the first scenario, whereas set λ = 1 and vary dmax in
the second scenario.

Figs 3(a) and 4(a) illustrate the average probabilities of successful transmission
per hop in the two scenarios, respectively. When N < 10, a cGeo-routing scheme
(C-RFP or C-NPF) gains lower average successful probability than its corresponding
Geo-routing scheme (RFP or NPF), since both R and V have to be found. The
difference diminishes at higher connectivity. All average probabilities of successful
transmission per hop increase withN , and are approximately equal to 1 whenN ≥ 10.
Moreover, the curves of Fig. 3(a) are almost identical with those in Fig. 4(a), which
suggests that average probability of successful transmission per hop only depends on
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Figure 3: Average single-hop performance vs. network connectivity under in-
creased node density (λ), (a) average probability of successful transmis-
sion, (b) normalized average progress (Z/dmax), (c) average throughput,
and (d) average transport capacity.

the network connectivity, no matter the connectivity is achieved by different λ and
dmax values.

Figs 3(b), 3(c) and 3(d) respectively indicate the normalized average progress,
the average throughput, and the average transport capacity per hop of the four
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forwarding schemes in the first scenario, whereas Fig. 4 shows the same in the second
scenario. In both scenarios, the analytical results of Geo-routing schemes match the
simulation results perfectly. However, due to the independence assumption in our
analytical model (see section 3.1), the performance metrics for C-NFP are slightly
under estimated, whereas those for C-RFP are slightly over estimated in the low
connectivity regime; nevertheless, the negligible gaps prove the accuracy of our model.

The normalized average progress in Fig. 3(b) and Fig. 4(b) is defined as the
per-hop average progress of a Geo-routing or cGeo-routing scheme normalized by
the topology knowledge range, i.e. z/dmax. Comparing this two figures, we can
see that a cGeo-routing scheme achieves almost as twice average progress as its
corresponding Geo-routing scheme in well connected wireless mesh networks (N ≥
10), and random forwarding achieves higher average progress than nearest forwarding,
as expected. Moreover, the normalized average progress depends mainly on the
network connectivity since plots are almost the same in the two scenarios. The
random forwarding schemes (RPF and C-RPF) gain almost constant normalized
average progress per hop in well connected condition, which means that the per-hop
average progress of random forwarding is independent of λ but increases linearly with
dmax. On the other hand, we found that the per-hop average progress of nearest
forwarding is independent of dmax, since always the nearest node is selected, but
decreases linearly with λ in well connected mesh networks, since nodes become closer
when we increase the network density.

Figs 3(c) and 4(c) show that cGeo-routing gains lower single-hop throughput than
its corresponding Geo-routing scheme. Considering the nearest forwarding schemes,
increasing λ increases the average per-hop throughput, as shown in Fig. 3(c), while
there is an optimal dmax, that maximizes the average per-hop throughput of the
random forwarding scheme, as shown in 4(c).

Transport capacity, defined as the product of progress and throughput, becomes
a more reasonable metric to compare different schemes, since it is difficult to judge
which scheme is the best just based on the per-hop average progress and average
throughput metrics. For example, cGeo-routing achieves larger per-hop progress but
Geo-routing gains higher per-hop throughput.

Let us evaluate the per-hop average transport capacities of the four forwarding
schemes in Figs 3(d) and 4(d). Both figures show that a cGeo-routing scheme gains
almost the same average transport capacity per hop as its corresponding Geo-routing
scheme in the low connectivity regime; however, in well connected mesh networks
(N ≥ 10), the average transport capacity of a cGeo-routing scheme is significantly
higher than that of its corresponding Geo-routing scheme. Moreover, Fig. 3(d)
indicates that random forwarding achieves higher average transport capacity per hop
than nearest forwarding in dense network with fixed dmax. As we see on Fig. 3(d),
there exists an optimal λ that maximizes the average transport capacity per hop in
the nearest forwarding schemes, whereas Fig. 4(d) shows the existence of an optimal
dmax in the random forwarding schemes. Since Fig. 3(d) shows the per-hop transport
capacity under increased network density, the similar slopes of the average transport
capacity curves of a cGeo-routing and its corresponding Geo-routing scheme indicate
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Figure 4: Average single-hop performance vs. network connectivity under in-
creased topology knowledge range (dmax), (a) average probability of
successful transmission, (b) normalized average progress (Z/dmax), (c)
average throughput, and (d) average transport capacity.

that even hop-by-hop cooperation can increase the per-hop transport capacity, it
does not change the transport capacity scaling law of wireless mesh networks.
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Figure 5: Average transport capacity per hop vs. SNR when dmax = 1, and (a)
λ = 0.5; (b) λ = 1; and (c) λ = 5.

5.2 Effect of SNR

Finally we investigate the effect of SNR in sparse and dense wireless mesh networks.
Fig. 5 shows the per-hop average transport capacities when dmax = 1 and λ = 0.5,
1 and 5. The per-hop average transport capacities in all the cases increase with the
SNR. As we can see, cGeo-routing cannot improve the average per-hop transport
capacity in sparse mesh networks, but the gain of cooperation becomes significant
in dense mesh networks where it also increases with the SNR. In general, random
forwarding achieves higher average transport capacity than nearest forwarding when
the SNR is larger than a threshold, whose value increases with the node density.
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6 Conclusion

In this paper, we proposed a cooperative geographic routing (cGeo-routing) strategy
to utilize cooperative diversity in a hop-by-hop basis. The asymptotic single-hop
performance metrics of two cGeo-routing schemes, Cooperative-Random Progress
Forwarding (C-RPF) and Cooperative-Nearest with Forward Progress (C-NFP), are
modeled and compared in random wireless mesh networks. We show that the trans-
port capacity is sensitive to the topology knowledge range under random forwarding,
while it is sensitive to the network density under nearest node forwarding. Further-
more, the C-RPF scheme achieves higher average transport capacity than C-NFP
when the signal-to-noise ratio (SNR) value is larger than a threshold, whereas the
threshold increases with node density. Our results suggest that hop-by-hop cooper-
ation can significantly increase average transport capacity for a single hop in well
connected wireless mesh networks, and moreover, the gain increases with the trans-
mitted SNR; however, cooperation in a hop-by-hop basis does not change the trans-
port capacity scaling law. In our future work, we design protocols that implement
cGeo-routing, including the information exchange needed to optimize the parameters
of the cooperative transmission. For further performance evaluation, we include the
modeling of a contention-based MAC to evaluate the effect of interference.

Appendix

In Fig. 2, each of the angles α and ϕ can be expressed as a function of d1, θ1 and
d2. That is

α =

⎧⎨
⎩ 2 arcsin

d2
2d1

, if 0 < d2 ≤ min(dmax, 2d1 sin |θ1|),

2|θ1|, if d2 < dmax and d2 > 2d1 sin |θ1|,
(8)

and

ϕ = π − |θ1|+ α/2. (9)

If BRz := BR/(BR

⋂
BS), it can be written as

BRz =
d22
2
ϕ− d21

2
(α− sinα) . (10)

Furthermore, we have
∂BRz

∂d2
= ϕd2. (11)

Similarly, if ARz := AR/(AR

⋂
BS) for given d1 and θ1, we have

ARz =
d2max

2
ϕ′ − d21

2
(α′ − sinα′) , (12)
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with

α′ =

⎧⎨
⎩ 2 arcsin

dmax

2d1
, if 2d1 sin |θ1| > dmax,

2|θ1|, otherwise,

and ϕ′ = π − |θ1|+ α′/2.
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On the Gain of Primary Exclusion Region and
Vertical Cooperation in Spectrum Sharing Wireless

Networks

Liping Wang and Viktoria Fodor

Abstract

The emerging cognitive radio (CR) technology enables the introduction of hierar-
chical spectrum sharing in wireless networks, where the primary users (PUs) have
transmission guarantees, whereas the coexisting secondary users (SUs) need to be
cognitive towards primary activities, and adjust their transmissions to conform the
primary constraints. We consider large-scale coexisting primary and secondary net-
works, where concurrent primary and secondary transmissions are allowed, and the
SUs control the interference at the primary receivers by tuning the probability of
transmitting and by forming a primary exclusive region (PER) around each pri-
mary receiver within which all SUs have to be silent. Moreover, the primary source-
destination pairs utilize vertical cooperation by selecting a nearby SU to act as co-
operative relay. We define a unified analytic framework to model cognition and co-
operative transmission in large-scale networks. We characterize the achievable gains
considering the transmission density region, and show that both of the networks have
strong incentives to participate in the collaboration.

1 Introduction

Due to the increasing number of wireless systems and services, and the fixed allo-
cation of spectrum bands, the radio spectrum has become severely scarce over the
last two decades. At the same time, most of the allocated spectrum bands are un-
derutilized because of the spatial and temporal burstiness of the wireless traffic [1].
The emerging cognitive radio (CR) technology allows controlled spectrum sharing be-
tween different networks and users, and thus can improve the efficiency of spectrum
usage and alleviate the spectrum shortage problem [2]. In hierarchical spectrum shar-
ing cognitive radio networks (CRNs), primary (licensed) and secondary (unlicensed)
users (PUs and SUs, respectively) coexist in the same geographic region and share
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the same spectrum. The PUs hold performance guarantees (or have priority to access
the spectrum), whereas the SUs need to be cognitive towards the activities of the
PUs and conservatively access the spectrum to conform to the constraints from the
primary network.

To evaluate the effect of spectrum sharing, [3–5] follow the seminal work [6] and
show that, with carefully designed secondary protocols, both the primary and the
secondary networks can achieve the same capacity scaling law as a standalone wire-
less network. In addition, recent results achieved in [7] and [8] have shown that if the
secondary nodes are available for forwarding primary traffic, the scaling law of the
primary network can actually be improved. In the extreme case of very dense sec-
ondary network, the primary scaling law can be increased to Θ(1/ log n), keeping the
secondary scaling law unchanged Θ(1/

√
n log n), i.e., the primary network benefits

from the cooperative spectrum sharing.
The scaling laws, however, give little insight into the absolute capacity loss due

to increased interference. Therefore, [9–12] study the transmission capacity (i.e., the
maximum density of successful transmissions multiplied by their data rate), and the
density region (i.e., the set of feasible primary and secondary transmission densities),
when the locations of concurrent primary and secondary transmitters are modeled
by two independent homogeneous Poisson point processes (PPPs). In the considered
scenarios, the secondary network tunes the transmission density to meet the primary
outage probability constraint, but does not assist the primary transmissions. The
results show that the secondary network performance can be improved by successive
interference cancellation [10], by optimized transmission power [11], or by optimized
transmission distances [12].

In addition to controlling the secondary transmission density, primary exclusion
region (PER) is proposed to protect primary transmissions in hierarchical spectrum
sharing networks. The PER is a guard zone around the primary transmitters or
receivers, within which secondary transmitters have to remain silent. The perfor-
mance gain of PER is evaluated considering a single primary link in [13] and [14],
whereas [15] proposes solutions to model the resulting aggregate interference in PPP
networks.

The introduction of cooperative transmission techniques like amplify-and-forward
and selective decode-and-forward (DF), that mitigate multi-path fading and exploit
spacial diversity [16], can further improve the performance of spectrum sharing net-
works. In hierarchical CRNs, two types of cooperative transmission can exist [17]:
horizontal cooperation, with cooperative transmissions among PUs or SUs, and ver-
tical cooperation with cooperative transmissions involving both PUs and SUs. Hor-
izontal cooperation in the primary network decreases the outage probability at a
given transmission density. The gain can be used to increase the transmission den-
sity of the primary or secondary network. If cooperative transmission is used among
the secondary nodes, the secondary communication can be more efficient, but the
primary network does not experience any direct gain [18] [19].

Vertical cooperation significantly differs from horizontal cooperation. In this case,
the secondary nodes pay for the use of the spectrum by the increased power consump-
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tion of assisting primary transmissions while they hope to get more transmission
opportunities in this way. Vertical cooperation for small scale networks without con-
current primary transmissions is addressed in [20–27], proposing advanced space-time
coding and modulation algorithms [20] [21], spectrum sharing protocols [22] or dy-
namic spectrum sharing games [23–27]. In these studies, the PUs fully control the
SUs and the interference from multiple SUs is avoided. All these results show that
the performance of the primary network is improved or that its energy consumption
is reduced by exploiting the benefit of cooperative diversity, whereas the secondary
network can get more spectrum access opportunity. This ”win-win” situation gives
both networks incentive to allow cooperation.

To the best of our knowledge, the combination of cooperative transmission and
PER control and their relative gains have not been investigated in the existing lit-
erature. In our previous work [28], we evaluate these two techniques considering a
single primary link. The goal of this paper is to derive and evaluate the performance
gains in large-scale networks.

We consider spectrum sharing CRNs, where the primary network does not directly
control the secondary network and concurrent primary and secondary transmissions
are allowed. Consequently, the primary outage probability depends on the aggregate
interference from the primary and the secondary transmitters. Based on their cogni-
tive capabilities, the SUs control the interference at the primary receivers by tuning
the probability of accessing the channel and by forming a PER around each primary
receiver within which all SUs have to be inactive. We consider a form of vertical
cooperation, where each primary source-destination pair selects an SU to assist its
transmissions using selective DF relaying.

We derive the primary outage probability for the cases without and with PER,
and without and with vertical cooperation, based on the results of stochastic geome-
try [29], and investigate the performance of different relaying SU selection rules. The
contribution of the paper is twofold.

• We define a general and tractable analytic framework for evaluating the per-
formance of hierarchical spectrum sharing networks with vertical cooperation.
We show that, despite the model assumptions, the results have high accuracy.
Due to the modular structure, the model can be easily extended to evaluate
various types of relay selection and cooperative transmission schemes.

• Based on detailed performance evaluation we characterize the achievable gain
of PER and vertical cooperation, and show that the trade-off between the
spatial transmission densities of the primary and the secondary networks can
be significantly improved. By changing the transmission power, the SUs can
tune the cost of vertical cooperation, and trade off transmission density with
transmission capacity and the maximum achievable cooperation gain.

The rest of the paper is organized as follows. We describe the network scenario
and give the considered spectrum sharing schemes in Section 2. In Section 3, we
overview some results of stochastic geometry for interference and outage modeling,
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Figure 1: Hierarchical CRN with direct and cooperative transmissions.

and then derive the outage probability and the density regions of the proposed spec-
trum sharing schemes. Simulation and analytic results are compared and discussed
in Section 4. Finally, we conclude the paper and suggest the possible implementa-
tion of the considered vertical cooperation and the PER control in Section 5. The
formulation of a set of geographic SU relay selection schemes are described in the
Appendix.

2 Networking Scenario

2.1 The Spectrum Sharing CRNs

Fig. 1 depicts the hierarchical spectrum sharing CRN, where PUs and SUs coexist
in the same geographic region, and the secondary network is expected to control its
transmission parameters to limit the outage probability experienced by the primaries.

In the considered system, users of both networks access the spectrum according
to slot synchronized medium access schemes, where the time line is divided into
consecutive slots of equal duration, and SUs synchronize their time slots to the PUs.
Both PUs and SUs are equipped with half-duplex radios, so they cannot transmit
and receive simultaneously.

To evaluate the gains of both PER based cognition and vertical cooperation,
we first separately consider these techniques and then combine them. The resulting
secondary access schemes are referred to as Basic, PER, Cooperation, and PER+coop,
and are summarized in Table 1 and shown in Fig. 2.

The Basic system, shown in Fig. 2(a), is used as a reference solution. The entire
time slot is used for both primary and secondary transmissions. The primary sources
transmit to their respective destination with probability one in each time slot. The
SUs independently transmit in accordance to a Bernoulli process. The cognitive
access is controlled by tuning the transmission probability pst, such that the primary
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Figure 2: Illustration of four secondary access schemes: (a) Basic, (b) PER, (c) Co-
operation, (d) PER+coop. The solid line and empty dots, respectively,
denote the PUs and the SUs.

outage constraint is met. As it shown in [10] and [30], this random access scheme
models well even the scenarios when the channel access is controlled within smaller
areas of the large-scale secondary network.

The PER case, shown in Fig. 2(b), introduces an additional cognitive access
control, with the SUs forming disc shaped PERs with radius re and area Ae around
the primary receivers, within which the SUs need to remain inactive.

The Cooperation case, shown in Fig. 2(c), implements vertical cooperation based
on selective DF using pre-selected SU relays. In each time slot, the SUs and the
source PUs that cannot find a SU relay transmit as in the Basic case. The source
PUs with an SU relay attempt cooperation. The time slot is equally divided into
two fractions. The source PU transmits in the first time fraction. If the pre-selected
SU relay does not transmit its own data, and can successfully decode the primary
message, it forwards the message to the primary destination in the second time
fraction. If the source PU hears the relay forwarding the information, it remains
silent in the second time fraction, otherwise repeats the transmission itself.

In the PER+coop case, shown in Fig. 2(d), both the PER control of the SUs and
the vertical cooperation scheme are applied.

Since relay selection is not in the main focus of this paper, we consider simple
geographic relay selection schemes [31]. Finding the optimal rely location is non-
trivial in our scenario; therefore, we compare three basic rules: near-source (NS),
near-center (NC)b and near-destination (ND) relay selections, with a limited search
region of a disc shaped area As with radius rs, centered at the source, at the central
point of the source-destination link, or at the destination, respectively. If none of
the SUs are located in the search area, cooperative transmission is not applied. The
rationale for limiting the relay search region is twofold. First, it is known that
relays far away from the source-destination link can not efficiently contribute to the
transmission. Second, by limiting the set of candidate relays, the relay selection
protocol becomes faster. A possible implementation of the PER control, the relay
selection, and the cooperative transmission scheme is discussed in Section 5.
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Table 1: Four Different Secondary Access Schemes

Name Description
Basic a random access CRN with controlled transmission proba-

bility
PER a random access CRN with controlled transmission proba-

bility and implementing PER around the primary receivers
Cooperation a random access CRN with controlled transmission proba-

bility and supporting vertical cooperation
PER+coop a random access CRN with controlled transmission proba-

bility, implementing PER around the primary receivers and
supporting vertical cooperation

2.2 Network Model and Performance Metrics

We consider primary and secondary networks with random user positions as follows.
In each time-slot the locations of the transmitting PUs follow a homogeneous inde-
pendent and identical distributed (i.i.d.) PPP of density λpt, and each transmitter
has a destination pair located at a fixed distance d1 in a random direction. Similarly,
the locations of the SUs in each time slot are modeled as another independent PPP of
density λs. Considering the Bernoulli secondary access scheme with parameter pst,
the locations of secondary transmitters also follow a homogeneous PPP according to
the thinning property of the PPP.

Using PPPs to describe the spatial distribution of both PUs and SUs in the area
provides us a tractable but even valid way to evaluate the network performance [10],
[32], [30]. Specifically, as a consequence of Slivnyak’s theorem, we can evaluate the
primary network performance by conditioning on a typical primary receiver [30], with
the distribution of the interferers still following a PPP of unchanged density. As an
extreme case, λpt = 0 represents a standalone primary source and destination pair
with only secondary interferers.

The main performance measure we consider is the outage probability of the pri-
mary transmissions, Pout

p , as a function of the primary transmission density, and the
cognitive control parameters, i.e., the PER radius re, the secondary transmission
probability pst, and the secondary transmission power Ps.

In addition to the gain in outage probability, we evaluate the performance gain
of PER and cooperation by comparing the density region of the four scenarios. The
density region is defined as the set of feasible combinations of the primary and the
secondary transmission densities (λpt, λst) under outage constraints [10]. In this
paper, we only consider the outage constraint of the PUs, given by εp, as the SUs
can adjust their configuration parameters such as modulation and coding, to meet
their own requirements.

For modeling and performance evaluation we consider frequency-flat Rayleigh
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Table 2: Notations and Symbols

Symbol Description/explanation
Ae(re) size (radius) of a primary exclusion region (PER)
As(rs) size (radius) of a relay search region
d1(R) transmission distance (rate) of primary users
εp outage probability constraint from primary users
λs density of secondary users
λpt(λst) transmitter density of primary (secondary) networks

λ̂pt(λ̂st) maximum allowed transmitter density of primary (sec-
ondary) networks

Pp(Ps) transmission power of primary (secondary) users
psa probability that an arbitrary secondary user is outside any

PER
psr probability of successful pre-selection of a SU relay for a

primary transmission
pst(p̂st) (maximum) transmission probability of secondary users
Pout
p outage probability of a primary source and destination pair

Pout
D1 outage probability of a primary source and destination pair

with direct transmission
Pout
D2 outage probability of a primary source and destination pair

if the source transmits the same message twice to the des-
tination in one time slot

Pout
C outage probability of a primary source and destination pair

with cooperative relaying through the pre-selected SU relay

block fading channels, with a constant fading coefficient for the duration of a time
slot. The transmission power of the PUs and the SUs, Pp and Ps, respectively, are
kept constant. The main symbols and notations used in the paper are summarized
in Table 2.

3 Outage Probability Modeling and Density Re-
gions

3.1 Preliminary on Interference and Outage Modeling

While spectrum reuse is considered to be a promising way to improve the efficiency
of spectrum usage, it causes co-channel interference, which is recognized as one of
the main performance-limiting factors in wireless networks. Therefore, appropriate
interference models, which are capable of capturing the intrinsic characteristics of
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different wireless networks, are critical for system design and performance evalua-
tion [33]. To be able to capture the effect of spatial diversity, we use the physical
interference model introduced in [6].

Under the physical interference model, powerful channel coding is assumed, such
that when a transmitter sends information with rate R bits/s/Hz to a receiver, the
transmission is successful if and only if the instantaneous capacity of the link is at
least R. Consequently, by using Shannon capacity, the outage probability of a direct
link from x to y is

Pout
xy = P (log(1 + SINR(xy)) ≤ R) = P (SINR(xy) ≤ ψ) ,

where SINR(xy) denotes the signal-to-interference-plus-noise ratio (SINR) of link xy,
and ψ is the SINR threshold. ψ = 2R − 1 for a direct link.

For frequency-flat block fading channels, the SINR of a direct link is given by

SINR(xy) =
Pxhxyg(‖x− y‖)

σ2 + I(xy)
,

where Px is the transmission power of the transmitter, hxy denotes the fading coef-
ficient between the two nodes, σ2 and I(xy) are the thermal noise variance and the
aggregate interference at the receiver, respectively. Under the standard singular path
loss model, the large-scale path loss function g(‖x − y‖) = d−α

xy , where dxy denotes
the Euclidean distance between the two nodes and α is the path loss exponent, which
generally is in the range from 2 to 4 [34]. Let Φ refer to the set of concurrent trans-
mitters. The aggregate interference I(xy) =

∑
z∈Φ\{x} Pzhzyg(‖z − y‖). Without

loss of generality, we consider that the network is in the interference-limited region,
i.e., σ2 � I, and estimate the SINR by the signal-to-interference ratio (SIR).

We use the results of stochastic geometry to express the outage probability when
the interference is generated by a random set of interferers [29].

Lemma 1

Under frequency-flat Rayleigh block fading, the successful transmission probability of
a direct link from x to y equals the Laplace transform of the aggregate interference
evaluated at s = ψ/

(
Pxd

−α
xy

)
.

Proof: The proof is given in e.g., [29], and can be summarized as follows.

P(SIR(xy) > ψ) = P

(
hxy >

ψ

Pxd
−α
xy

I(xy)

)
(a)
= EI(xy)

[
exp

(
− ψ

Pxd
−α
xy

I(xy)

)]

= LI(xy)

(
ψ

Pxd
−α
xy

)
,

where EI [·] and LI(·) respectively denote the expectation and the Laplace transform
in terms of I. Equality (a) holds, since for Rayleigh fading channels, the fading
coefficient hxy is an i.i.d exponential variable with unit mean.
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When the aggregate interference comes from two distinct groups of interferers,
the following result applies.

Lemma 2

Under frequency-flat Rayleigh block fading and two independent set of interferers Φp

and Φs, the successful transmission probability on a direct link from x to y equals the
product of the Laplace transforms of the aggregate interference from Φp and Φs with
both evaluated at s = ψ/

(
Pxd

−α
xy

)
.

Proof: The proof is given in e.g., [9] and [12], and can be summarized as

P(SIR(xy) > ψ)

(a)
= LI(xy)

(
ψ

Pxd
−α
xy

)
(b)
= LIp(xy)

(
ψ

Pxd
−α
xy

)
LIs(xy)

(
ψ

Pxd
−α
xy

)
.

where Ip(xy) and Is(xy) denote the aggregate interference from Φp and Φs, respec-
tively. The equality (a) holds because of Lemma 1, whereas (b) holds due to the fact
that Ip(xy) and Is(xy) are independent.

The Laplace transform of the aggregate interference depends on the locations of the
primary and the secondary interferers. If the locations of the interferers follow a
PPP, the following lemma holds.

Lemma 3

The Laplace transform of the aggregate interference from interferers following a ho-
mogeneous PPP is given by

L1(λ, P, s) � exp

{
−λ

δπ2

sin(δπ)
sδP δ

}
,

where δ = 2/α, s denotes the argument of Laplace transform, λ and P represent the
density and the transmission power of the interferers, respectively.

Proof: Follows from eq.(3.12) in [29].

Lemma 4

With a guard zone of radius re around the receiver, the Laplace transform of the ag-
gregate interference from interferers following a homogeneous PPP outside the guard
zone equals

L2(λ, P, re, s) =

exp

{
−λπ

(
sδP δ

Eh[h
δγ(1− δ, sPhr−α

e )]− sPr2e
rαe + sP

)}
,

where γ(a, b) denotes the lower incomplete gamma function and γ(a, b) =∫ b

0
exp(−t)ta−1dt.
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Proof: The proof follows from eq. (3.46)in [29], which originally derived to model
carrier-sense-multiple-access-based access control.

The expectation of the term with the incomplete gamma function can be evaluated
numerically. For Rayleigh fading and α = 4, the closed form of L2(·) is given by [29]:

L2(λ, P, re, s) = exp

{
− λπ

√
sP

[
π

2
− arctan

(
1√

sPr−α
e

)

+

√
sPr−α

e

sPr−α
e + 1

]
+

λπr2esP

sP + rαe

}
.

3.2 Outage Probability and Density Region without Vertical
Cooperation

Without vertical cooperation, i.e., in the Basic and the PER cases, a primary source
transmits directly to its destination. The locations of the concurrent primary and
secondary transmitters as well as the fading coefficients do not change; therefore, the
aggregate interference at the receiver from other primary and secondary transmitters
remains constant during the time slot.

To calculate the maximum primary network density, we consider a standalone
primary network, i.e., pst = 0. According to Lemmas 1 and 3, the outage probability
of a typical direct transmission from a source PU s to its destination PU d is

Pout
p = P(SIR(sd) ≤ ψd) = 1− L1

(
λpt, Pp,

ψdd
α
1

Pp

)

= 1− exp (−C1λpt) ,with C1 =
π2δ

sin(πδ)
ψδ
dd

2
1,

where the threshold value ψd = 2R−1, and C1 is a constant for a networking scenario
with given transmission rate, path loss exponent and s− d distance.

The primary outage probability constraint εp gives us the maximum primary

network density λ̂pt as

λpt ≤ λ̂pt = − 1

C1
ln(1− εp) ≈

εp
C1

for εp → 0. (1)

The Basic case

In the Basic case, both the primary and the secondary transmitters follow an inde-
pendent homogeneous PPP. The density of the primary transmitters is λpt, whereas
the density of the secondary transmitters becomes λst = pstλs. According to Lem-
mas 2 and 3, the outage probability at the destination PUs in the Basic case is given
by
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Pout
p = 1− exp

{
−C1

(
pstλsη

−δ + λpt

)}
,with η =

Pp

Ps
.

For the outage probability constraint εp, the density region in this case becomes
[12]

{(λpt, λst)|0 ≤ λpt ≤ λ̂pt, 0 ≤ λst ≤ λ̂st = ηδ(λ̂pt − λpt)}.
(2)

The density region reflects the inherent tradeoff between the transmission densi-
ties of the two networks. If λpt ≥ λ̂pt, there is no ”white space” left for secondary
transmissions. Otherwise, the secondary network can tune its transmission power Ps

to find the optimal tradeoff between allowed transmission density and achievable per
node transmission rate.

The PER case

Now the SUs form PERs around the primary receivers. An arbitrary SU is active,
if it is not located in any of the PERs, which in turn means that there is no pri-
mary receiver in a PER size area around the SU. Since the locations of the primary
receivers also follow a PPP with density λpt [15], the probability that there are n pri-

mary receivers inside region Ae is given by P(N(Ae) = n) =
(λptAe)

n

n! exp(−λptAe).
With n = 0 and Ae = πr2e we get the probability that an SU is active, i.e.,
psa = exp(−λptπr

2
e).

In the PER scheme, the primary interferers still follow a homogeneous PPP with
density λpt, but due to the PERs, the point process of the secondary interferers
becomes a Poisson hole process. To keep the modeling tractable, we introduce the
following assumption.

Assumption 1

For each primary s − d pair with a PER around d, the spatial distribution of the
secondary interferers outside of the PER can be approximated by a homogeneous
PPP of density λst = psapstλs.

The same approximation approach is proposed in [15], where its accuracy is jus-
tified by simulation. With this Poisson assumption, we can apply Lemmas 2-4, and
approximate the outage probability of the direct transmission from s to d in the
primary network as

Pout
p ≈ 1− L1

(
λpt, Pp,

ψdd
α
1

Pp

)
L2

(
λst, Ps, re,

ψdd
α
1

Pp

)
,

(3)

where L1

(
λpt, Pp,

ψdd
α
1

Pp

)
= exp(−C1λpt) as before, and
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L2

(
λst, Ps, re,

ψdd
α
1

Pp

)
= exp (−C2λst)

with

C2 = π

(
ψδ
dd

2
1

ηδ
Eh

[
hδγ

(
1− δ,

ψdd
α
1h

ηrαe

)]
− ψdd

α
1 r

2
e

ηrαe + ψddα1

)
where C2 is independent from the primary and the secondary transmission densities.

Let us now derive the transmission density region of the PER scheme. The
maximum primary density is still given by (1). Given λ̂pt and following (3), the
density region becomes{

(λpt, λst)|0 ≤ λpt ≤ λ̂pt, 0 ≤ λst ≤ λ̂st ≈
C1

C2
(λ̂pt − λpt)

}
.

(4)

Comparing (2) and (4), we see that PER itself does not lead to any direct gain
in the primary network. At the same time, it introduces a multiplicative gain in the
allowed secondary transmission density, where the gain depends on the primary and
secondary power ratio, on the channel parameters, and on the PER radius.

3.3 Outage Probability and Density Region with Vertical Co-
operation

Under vertical cooperation, the primary transmission can have different outcomes,
according to the availability of the SU relay. Therefore, we need to express the
primary outage probability as

Pout
p = (1− psr)P

out
D1 + psr

[
pstP

out
D2 + (1− pst)Er[P

out
C ]

]
, (5)

where psr denotes the probability of successful pre-selection of a SU relay, and pst is
the probability that the relay transmits its own data. Under the PER+coop scheme,
we consider the typical case, when the SU relay is inside the PER, i.e., pst = 0. The
outage probabilities under the different outcomes of the cooperation are 1) Pout

D1 for
the case when the PU source transmits in the entire frame, because there is no SU
in the relay selection area; 2) Pout

D2 for the case when the source PU transmits twice
because a SU relay was selected, but in this time slot it transmits its own data; and
3) Pout

C for the case when the pre-selected SU relay is available for transmission, and
selective DF relaying is performed. Er[P

out
C ] is the expected outage probability under

DF relaying, according to the SU relay location distribution. We derive the relay
location distribution for NS, NC, and ND relay selection in the Appendix.

Let us introduce the following notation. Consider the primary source–destination
(s − d) pair with a pre-selected SU relay r. Let I1(sd) and I1(sr) represent the
aggregate interference at the destination and at the relay in the first time fraction,
respectively. If PER is not applied, the locations of transmitting nodes follow a PPP,
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Figure 3: Illustration of the aggregate interference variables: (a) I1(sd), (b) I1(sr),
and (c) I2(rd).

and the distributions of I1(sd) and I1(sr) are identical. Let I2(∗d) with ∗ ∈ {s, r}
refer to the aggregate interference at the destination in the second time fraction for
the cases when the source or the relay transmits, respectively.

Fig. 3 depicts the aggregate interference variables for a snapshot under vertical
cooperation. With partially shifted transmitting nodes, the modeling of the tem-
poral and spatial correlation of the interference levels becomes challenging, and we
introduce two assumptions to keep the analytic model tractable. The assumptions
will be validated in Section 4.

Assumption 2

We assume that the interference at the destination PU in the first and in the second
time fractions are identical, i.e., I1(sd) = I2(∗d) with ∗ ∈ {s, r}.

The assumption obviously holds in the scenarios with single primary source-
destination pair or without vertical cooperation since, in these cases, the same set
of interfering users transmit for the entire time slot. In the case of multiple pri-
mary sources with vertical cooperation, however, the location and even the power of
users transmitting primary information in the two time fractions may change, as it
is shown in Figs 3 (a) and (c). The difference of I1(sd) and I2(∗d) is expected to
be small if the location of the dominant interferers does not change, i.e., if there are
some secondary transmitters in the neighborhood or the nearby primary pairs do not
use SU relaying. Nevertheless, we evaluate the effect of Assumption 2 thoroughly in
Section 4.

Assumption 3

We assume there is no spatial correlation of the aggregate interference at the destina-
tion and at the relay in the first time fraction, i.e., I1(sd) and I1(sr) are independent.



D14

On the Gain of Primary Exclusion Region and Vertical Cooperation in Spectrum Sharing Wireless

Networks

This assumption is often used when evaluating the efficiency of cooperative trans-
mission techniques, and is based on the expected spatial diversity due to the random
fading. However, as we can see in Figs 3 (a) and (b), I1(sd) and I1(sr) can become
correlated if the relative distances of s and d to the interferers are similar; thus, the
effect of this assumption needs to be carefully evaluated when the destination and the
relay are close to each other. We discuss the effect of this Assumption in Section 4.

Armed with Assumptions 2 and 3, let us now derive the approximate outage
probability of a primary s− d pair for the three outcomes of the vertical cooperation
scheme.

Outage probability under direct transmission

If no SU relay can be pre-selected for a primary source and destination pair, the
primary source transmits directly to the primary destination. Under Assumption 2,
SIR1(sd) = SIR2(sd), and then the outage probability of direct transmission in the
primary network is given by

Pout
D1 = P (min(SIR1(sd), SIR2(sd)) ≤ ψd)

≈ P (SIR1(sd) ≤ ψd)

= 1− LI1(sd)

(
ψdd

α
1

Pp

)
. (6)

Outage probability under repeated direct transmission

In the case when the pre-selected SU relay transmits its own data, the primary
source repeats the message in the second time fraction. Let ψc = 22R − 1. With
Assumption 2, the outage probability of such repeated direct transmission equals

Pout
D2 = P

(
1

2
log2 (1 + SIR1(sd) + SIR2(sd)) ≤ R

)
≈ P (2SIR1(sd) ≤ ψc)

= 1− LI1(sd)

(
ψcd

α
1

2Pp

)
. (7)

Outage probability of selective DF relaying

Consider a snapshot where a SU r is pre-selected to assist transmissions from s to d,
and this SU does not transmit its own data in this time slot. We use the notation
d2 = ‖s − r‖ and d3 = ‖r − d‖. With selective DF relaying, the assigned SU relay
forwards the message to the primary destination if it can decode the message. The
maximum mutual information from s to d becomes [16]

IC =

{
1
2 log2 (1 + SIR1(sd) + SIR2(sd)) SIR1(sr) ≤ ψc,
1
2 log2 (1 + SIR1(sd) + SIR2(rd)) SIR1(sr) > ψc.
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Pout
C = P (SIR1(sr) ≤ ψc)P (SIR1(sd) + SIR2(sd) ≤ ψc|SIR1(sr) ≤ ψc)︸ ︷︷ ︸

Pout
repeat

+

P (SIR1(sr) > ψc)P (SIR1(sd) + SIR2(rd) ≤ ψc|SIR1(sr) > ψc)︸ ︷︷ ︸
Pout

relay

(1)
≈ P (SIR1(sr) ≤ ψc)P (SIR1(sd) + SIR2(sd) ≤ ψc) +

P (SIR1(sr) > ψc)P (SIR1(sd) + SIR2(rd) ≤ ψc)

(2)
≈ E

[
P

(
hsr ≤ ψcd

α
2

Pp
I1(sr)

)
P

(
hsd ≤ ψcd

α
1

2Pp
I1(sd)

)]
+

E

[
P

(
hsr >

ψcd
α
2

Pp
I1(sr)

)
P

(
Ppd

−α
1 hsd + Psd

−α
3 hrd ≤ ψcI1(sd)

)]
(3)
≈ E

[
P

(
hsr ≤ ψcd

α
2

Pp
I1(sr)

)]
︸ ︷︷ ︸

P1

E

[
P

(
hsd ≤ ψcd

α
1

2Pp
I1(sd)

)]
︸ ︷︷ ︸

P2

+

E

[
P

(
hsr >

ψcd
α
2

Pp
I1(sr)

)]
︸ ︷︷ ︸

1−P1

E
[
P

(
Ppd

−α
1 hsd + Psd

−α
3 hrd ≤ ψcI1(sd)

)]︸ ︷︷ ︸
P3

,

(8)

Thus, the outage probability of selective DF relaying (Pout
C = P(IC ≤ R)) can be

written as (8), where Pout
repeat denotes the outage probability of repeated transmission

from the source given that the SU relay can not decode the source message, and
Pout
relay is the outage probability of cooperative relaying if the SU relay can successfully

decode the message. The first and the third approximations are due to Assumption 3,
whereas the second one is due to Assumption 2.

Let us denote by P1 the probability that the relay can not decode the message.
Let P2 approximate the probability that the destination can not decode the message
under repeated transmission from the source, and P3 the probability that the desti-
nation can not decode the message by combining the signals received from the source
and the SU relay.

If the interference levels and, thus, the SIR values at the relay and at the desti-
nation are positive correlated, then

P (SIR1(sd) + SIR2(sd) ≤ ψc|SIR1(sr) ≤ ψc) >

P (SIR1(sd) + SIR2(sd) ≤ ψc) ,
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P (SIR1(sd) + SIR2(rd) ≤ ψc|SIR1(sr) > ψc) <

P (SIR1(sd) + SIR2(rd) ≤ ψc) .

Moreover, Assumption 3 leads to

E

[
P

(
hsr ≤ ψcd

α
2

Pp
I1(sr)

)
P

(
hsd ≤ ψcd

α
1

2Pp
I1(sd)

)]
> P1P2,

E

[
P

(
hsr >

ψcd
α
2

Pp
I1(sr)

)
P

(
Ppd

−α
1 hsd+

Psd
−α
3 hrd ≤ ψcI1(sd)

)]
< (1− P1)P3.

That is, in (8), Pout
repeat > P1P2 and Pout

relay < (1 − P1)P3, showing that the
outage probability is underestimated in the case of repeated transmission and is
overestimated under relaying. As a consequence, (8) may under or overestimate the
outage probability of the s−d pair, depending on the relative weights of these factors.

Following Lemma 1 we express P1 and P2 in (8) as

P1 = 1− LI1(sr)

(
ψcd

α
2

Pp

)
, (9)

P2 = 1− LI1(sd)

(
ψcd

α
1

2Pp

)
. (10)

To get P3, let hd = u1hsd + u2hrd, where u1 = Ppd
−α
1 and u2 = Psd

−α
3 . Under

Rayleigh fading, hsd and hrd are two i.i.d. exponential random variables. Thus, the
cumulative distribution function (cdf) of hd is

P(hd < ω)

=

⎧⎨
⎩ 1− c12 exp

(
− ω

u1

)
− c21 exp

(
− ω

u2

)
u1 = u2

1−
(
1 + ω

u1

)
exp

(
− ω

u1

)
u1 = u2,

where c12 = u1/(u1 − u2) and c21 = u2/(u2 − u1).

As the transmitter locations follow a point process, the probability that u1 = u3

is zero; therefore, we continue with the first branch of the equation. The probability
P3 in (8) becomes:

P3 = E [P(hd < ψcI1(sd))]

= 1− c12LI1(sd)

(
ψc

u1

)
− c21LI1(sd)

(
ψc

u2

)
. (11)
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The Cooperation case

With Assumption 2, the distribution of interference at the primary destination in
the second time fraction does not appear in (6), (7), and (9)-(11). Since in the
first time fraction the primary and the secondary transmitters are distributed as two
independent homogeneous PPPs with density λpt and λst, respectively, Lemma 2 and
Lemma 3 give the required LI1(sd)(s) = L1(λpt, Pp, s)L1(λst, Ps, s) and LI1(sr)(s) =

L1(λpt, Pp, s)L1(λst, Ps, s). Consequently, the outage probabilities Pout
D1 ,P

out
D2 and

Pout
C depend on the sum of the transmission densities, pstλsη

−δ + λpt, as in the
Basic case.

Note that the performance of the Cooperation scheme depends directly on the
density of the SUs λs, through the probability of successful relay selection psr, and
also through the relay location distribution. Therefore, the transmission density re-
gion (λpt, λst) is parameterized by λs. As we can not express the transmission density
region in closed form for the Cooperation scheme, the effect of vertical cooperation
on λ̂pt and p̂st need to be numerically determined.

The PER+coop case

Now we have to consider the effect of the PER regions on the aggregate interference
at the destination and at the relay.

Considering the destination, we apply Assumption 1 again, thus from Lemmas 2–
4, we get

LI1(sd)(s) ≈ L1(λpt, Pp, s)L2(λst, Ps, re, s),

with λst = psapstλs, and can then express Pout
D1 in (6).

To express Pout
C , we need LI1(sr)(s) in (9)-(11). Lemma 4, however, does not apply

for the relay node, since it is not in the center of the PER. The primary interferers still
follow a homogeneous PPP, and we can write LI1(sr)(s) = L1(λpt, Pp, s)LI1

s (sr)
(s),

where I1s (sr) refers to the aggregate interference from all secondary transmitters at
the SU relay in the first time fraction. LI1

s (sr)
(s) can be upper and lower bounded

as follows.
Definition 1: A random variable X stochastically dominates another random

variable Y , i.e., X ≥s Y , if P(X > z) ≥ P(Y > z) for all z.

Lemma 5

Let LU
I1
s (sr)

(s) and LL
I1
s (sr)

(s) be an upper bound and a lower bound of the Laplace

transform of I1s (sr). With PERs of radius re and an r − d distance of d3, LU
I1
s (sr)

(s)

and LL
I1
s (sr)

(s) can be approximated as

LU
I1
s (sr)

(s) ≈ L2 (λst, Ps, re + d3, s) , (12)

LL
I1
s (sr)

(s) ≈ L2 (λst, Ps, re − d3, s) . (13)
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Figure 4: Illustration of the increased and the decreased PERs used to bound
LI1(sr)(s). (a) Relay near the source. (b) Relay near the destination.

Proof: Let I1s (sr, r
′
e) denote the aggregate secondary interference at the SU relay

r when the exclusion region is a disk centered at r with radius r′e. To derive a
lower bound of I1s (sr), we consider an exclusion region centered at r, which includes
the PER around d, i.e., it has a radius re + d3, as shown in Fig. 4. In this case
P(I1s (sr, re+d3) > z) ≤ P(I1s (sr) > z), which means I1s (sr) stochastically dominates
I1s (sr, re + d3). Similarly, I1s (sr, re − d3) stochastically dominates I1s (sr). That is

I1s (sr, re + d3) ≤s I1s (sr) ≤s I1s (sr, re − d3).

Since the Laplace transforms give the successful transmission probability, which
decreases with increased interference, LI1

s (sr)
(s) is lower bounded by LI1

s (sr,re−d3)(s)
whereas upper bounded by LI1

s (sr,re+d3)(s). Finally, Lemma 4 gives LI1
s (sr,re±d3)(s) ≈

L2 (λst, Ps, re ± d3, s).

Following Lemma 5, P1 in (8) is lower and upper bounded as

PL
1 ≈ 1− L1(λpt, Pp, s)L2 (λst, Ps, re + d3, s) ,

PU
1 ≈ 1− L1(λpt, Pp, s)L2 (λst, Ps, re − d3, s) .

The other parts of (8) are not effected by I(sr), thus we bound P out
C as

PL
1P2 + (1− PU

1 )P3 ≤ Pout
C ≤ max(1,PU

1 P2 + (1− PL
1 )P3).

Substituting the above two bounds of Pout
C into (5) gives the analytic bounds of Pout

p .
For the performance evaluation we will consider the lower bound of the transmis-

sion density region. That is, first, we find λ̂pt as in the Cooperation scenario. Then,
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we search for the lower bound of the maximum allowed secondary transmission den-
sity, considering the upper bound of Pout

p as constraint. Note that both the outage
probability and the density values are approximated due to our Assumptions 1-3.

4 Simulation and Numerical Results

We evaluate the gain of vertical cooperation and PER implementation using the
analytic model proposed in Section 3, and verify Assumptions 1-3 by presenting
simulation results.

An algorithmic solution to adjust the size of the simulation area to simulate PPP
interferers without fading is proposed in [35]. However, the results does not hold
in the case of fading channels; therefore, we set the experimental simulation area,
such that the results do not significantly change as the area is increased. To mitigate
the boundary effect, we consider a typical primary source-destination pair with the
destination in the middle of the simulation area, whereas the interfering PUs and
SUs are placed randomly as independent Poisson point processes. The results shown
are averaged over 50000 independent node placements and fading coefficients.

The parameters used for numerical analysis and also for simulations are α = 4,
R = 1, d1 = 1, re = 2d1, and rs = 0.5d1. Unless otherwise specified, the PUs and the
SUs have the same transmission power, Pp = Ps = 1. We fix even the SU density,
such that the void probability in the relay searching region is low. Specifically, we
consider psr = 0.9 and thus λs = − ln(1−psr)/(πr

2
s) ≈ 2.9. The density of secondary

transmitters is thus controlled by pst.

4.1 Evaluation of the Model Assumptions

We first discuss the accuracy of the model assumptions in predicting the interference
levels at the SU relay and the PU destination. Assumption 1 on the approximation
of aggregate interference of transmitters located according to a Poisson hole process
has already been justified in [15]. Reference [36] discusses the spatial and temporal
correlation of interference in consecutive time slots in a PPP network with random
access but does not cover our scenario; therefore, we evaluate Assumptions 2 and 3
with simulations.

According to Assumption 2, the approximation I1(sd) = I2(∗d) is used in the
analytic model. To evaluate its accuracy, we show the empirical CDF of the ra-
tio of I2(∗d) and I1(sd) in Fig. 5, for λst = 0.025, 0.25. The probability that the
interference values differ in more than 10% is less than 0.2 and 0.1, respectively,
which indicates that the approximation is rather accurate. At high λst nearby SU
transmitters dominate the aggregate interference; therefore, the accuracy of the ap-
proximation increases with λst.

Assumption 3 deals with the spatial correlation of the interference, and according
to this assumption, we consider I1(sd) and I1(sr) to be independent. Fig. 6 shows
the empirical correlation coefficient when a relay node moves on the line from the
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Figure 5: Empirical CDF of the radio between I2(∗d) and I1(sd) for (a) λpt = 0.005
and λst = 0.025, and (b) λpt = 0.005 and λst = 0.25.
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and λst = 0.025, and (b) λpt = 0.005 and λst = 0.25.

source to the destination, in networks with and without PER. The results are rather
intuitive and show that the spatial correlation is significant if the relay node is placed
near the destination but decays quickly as the relay-destination distance increases.

From Figs. 5 and 6 we see that Assumptions 2 and 3 are not fulfilled for all sce-
narios; therefore, in the following, we need to investigate their effect on the accuracy
of the outage probability model.
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4.2 Comparison of the Relay SU Selection Rules

We first evaluate the performance of cooperation under the considered geographic
relay selection rules. Fig. 7 shows the PU outage probability as a function of the
secondary transmission density λst = pstλs under Cooperation and λst = psapstλs

under PER+coop. We show results for a stand alone PU transmission (λpt = 0) and
under primary interference (λpt = 0.005).

The effect of the relay selection rule is not straightforward for the considered
complex cooperative transmission scheme. Even in the case with simple DF relaying,
the optimal relay location is theoretically intractable [37]. Numerical results in [38]
show that the optimal relay location for the pure DF relaying is close to the source,
and depends on the path loss exponent. In the considered selective DF relaying
scheme, however, the source retransmits, if the relay can not decode the information.
Consequently, ND relaying may be advantageous at high SINR, and the optimal relay
location moves towards the center at increasing interference. ND relaying may gain
from the introduction of PER around the destination as well. At the same time,
considering the random location of the potential relays, NC relaying may achieve
better performance in average since it provides a larger search area between the
source and the destination.

Figs 7 (a) and (c) show that indeed the random location of the potential relays
affects the performance of the relay selection rules, and NC relaying becomes the
optimal solution, unless the secondary interference is really low.

To quantify how far the performance of the three relay selection rules are from the
optimum, in Fig. 7 (a) and (c) we also plot the primary outage probability when the
relay is placed in the optimal location, whereas the cooperative transmission scheme
remains the same. We can conclude that geographic relay selection can achieve a
performance that is close to this theoretic optimum. In general, introducing PER
achieves a significant reduction of the primary outage probability.

To see the effect of Assumptions 2 and 3 on the model accuracy, let us first
consider Fig. 7 (a), i.e., the single PU transmission case without PER. Since there
are no concurrent PU transmissions, Assumptions 1 and 2 hold. The small gaps
between the simulation and the analytic results are caused only by Assumption 3,
on the independence of the aggregate interference at the relay and at the destination
in a given time slot. The model gives good approximations of the primary outage
probability for NS relaying, when the correlation is indeed low. Under the other two
relay selection rules, the relay search region fully or partially includes the area around
the destination; therefore, the correlation of interference at the relay and at the
destination is high. In these cases the model slightly underestimates the PU outage
probability at low SU transmission probability, and overestimates it otherwise, as
a consequence of the approximations in (8). The outage probability is significantly
underestimated for ND relaying in the low interference regime; therefore,, if this
scenario is of main interest, the model should be changed to account for the spatial
correlation.

We evaluate Assumption 2 with Fig. 7 (c), considering primary interference, but



D22

On the Gain of Primary Exclusion Region and Vertical Cooperation in Spectrum Sharing Wireless

Networks

0 0.05 0.1 0.15 0.2 0.25 0.3
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Transmission density of SUs
      (a)     

O
ut

ag
e 

pr
ob

ab
ili

ty
 o

f P
U

s

Cooperation, λ
pt

=0

 

 

Near−source relaying
Near−center relaying
Near−destination relaying
simulation
optimal relay location

0 0.05 0.1 0.15 0.2 0.25 0.3
0

0.05

0.1

0.15

0.2

0.25

Transmission density of SUs 
           (b)         

O
ut

ag
e 

pr
ob

ab
ili

ty
 o

f P
U

s

PER+coop, λ
pt

=0

 

 

Near−source relaying
Near−center relaying
Near−destination relaying
upper bound
lower bound
simulation

0 0.05 0.1 0.15 0.2 0.25 0.3
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Transmission density of SUs
                  (c)                  

O
ut

ag
e 

pr
ob

ab
ili

ty
 o

f P
U

s

Cooperation, λ
pt

=0.005

 

 

Near−source relaying
Near−center relaying
Near−destination relaying
simulation
optimal relay location

0 0.05 0.1 0.15 0.2 0.25 0.3
0

0.05

0.1

0.15

0.2

0.25

Transmission density of SUs 
                      (d)                     

O
ut

ag
e 

pr
ob

ab
ili

ty
 o

f P
U

s
PER+coop, λ

pt
=0.005

 

 

Near−source relaying
Near−center relaying
Near−destination relaying
upper bound
lower bound
simulation

Figure 7: Outage probability of PUs under three geographic SU relay selection
rules vs. SU transmission density for (a) Cooperation with λpt = 0, (b)
PER+coop with λpt = 0, (c) Cooperation with λpt = 0.005, and (d)
PER+coop with λpt = 0.005.

no PER. The similarity of Figs 7 (a) and (c) shows that Assumption 2 has negligible
effect in the considered networking scenario.

As PER is introduced, the model gives upper and lower bounds on the aggregate
interference at the relay, and thus on Pout

p ; therefore, the effect of Assumption 1
cannot be justified at this point. As we can see in Figs 7 (b) and (d), the bounds
are rather tight, apart from the case of ND relaying. Even though the bounding
PER areas do not differ much in this case, the absolute value of the bounding outage
probabilities at the relay (P1 in (8)) is high, causing the large gap. When the relay
is closer to the source, the absolute value of P1 is low, and consequently the gap
between the upper and the lower bounds decreases.
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Figure 8: Outage probability of PUs under the four spectrum sharing cases vs.
transmission probability of SUs for (a) λpt = 0, (b) λpt = 0.02.

To summarize, by comparing the analytic and the simulation results in Fig. 7,
we conclude that Assumptions 2 has negligible effects in the considered networking
scenario, whereas the differences between the analytic and the simulation results are
caused mainly by Assumption 3.

For most of the considered scenarios, NC relaying gives the best performance
which is even close to the theoretic optimum; therefore, we consider this scheme for
the rest of the performance evaluation.

4.3 Comparison of the Spectrum Sharing Schemes

To evaluate the gain of cooperation, Fig. 8 shows the outage probability of PUs under
the four different spectrum sharing schemes introduced in Section 2, for a single PU
transmission and under primary interference. The NC SU relay selection is used in
the Cooperation and the PER+coop cases. Considering the model Assumptions, the
analytic and simulation results overlap for the Basic as well as the PER cases, i.e., we
can see that Assumption 1 gives accurate results. As for the solutions with vertical
cooperation, the gaps due to Assumption 3 are significantly lower than that of the
performance gains of cooperation, and the upper and lower bounds of the PER-coop
scheme are reasonably tight; therefore, we can safely use the analytic models for
detailed performance studies. From the figure, we can conclude that by introducing
PERs, the outage probability can be decreased significantly. The gain of cooperation
is substantial as well, and together with PER it keeps the primary outage probability
very low.

As the gain of cooperation is achieved by additional transmission costs at the
SUs, we evaluate how the achieved performance depends on the invested secondary
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Figure 9: Outage probability of PUs under the four spectrum sharing cases vs.
power ratio of the primary and the secondary networks for (a) λpt = 0
and λst = 0.03, (b) λpt = 0.005 and λst = 0.06.

transmission power. Fig. 9 shows the primary outage probability levels as the power
ratio Pp/Ps changes from 0.2 (high Ps) to 10 (low Ps), under the four spectrum
sharing schemes. The NC relay selection rule is considered. Revisiting Assumptions
1-3, in the Basic and the PER cases, the analytic results match the simulation results,
whereas in the Cooperation and the PER+coop cases there is a small gap, which is
effected by the power ratio. Since Assumptions 1 and 2 hold in the Cooperation
scheme if λpt = 0 (Fig. 9 (a)), the small difference between the analytic and the
simulation results need to be caused again by Assumption 3.

High Ps increases the outage probability at given λst but at the same time im-
proves the efficiency of cooperation; therefore, the performance of the schemes with
and without cooperation diverge at low Pp/Ps. Decreasing Ps has opposite effect.
It reduces the outage probability experienced by the primaries; however, it also re-
duces the efficiency of vertical cooperation. Therefore, the outage probabilities of the
schemes with and without cooperation converge as Pp/Ps increases.

4.4 Achievable Transmission Density Regions

Fig. 10 shows the achievable transmission density regions (λpt, λst) under given
outage probability constraint εp = 0.05, and for Pp/Ps = 1 and Pp/Ps = 2, based on
the analytic models. In the Basic and the PER cases, the density regions are given by
(2) and (4). Closed forms do not exist for the Cooperation and the PER+coop cases;

therefore, we use bisection search to first find λ̂pt, and then λ̂st for each λpt < λ̂pt.
For the PER+coop case we consider the analytic upper bound of Pout

p ; thus, the
presented results give an approximate lower bound on the achievable transmission
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Figure 10: Analytic density regions for εp = 0.05 with (a) Pp/Ps = 1, (b) Pp/Ps =
1 or 2, respectively.

density region.

The density region of the Basic and the PER schemes shows the linear relationship
of λpt and λ̂st from (2) and (4). PER does not affect λ̂pt but leads to a multiplica-

tive gain in λ̂st, λ̂
PER
st /λ̂Basic

st = C1/(C2η
δ), according to the notation introduced in

Section 3.2 and thus depending on system parameters such as the power ratio of
the primary and the secondary transmitters. Vertical cooperation itself increases the
maximum transmission density of the primary network λ̂pt, where the gain depends
on the efficiency of the transmission scheme, on the relay selection algorithm that
gives the spatial distribution of the selected relay, and on the primary and secondary
transmission power ratio. For λpt < λ̂pt, the density region is nearly linear with the
same gradient as in the Basic case since the outage probability limit is still reached
at a given level of interference, independently from the interference coming from the
primary or the secondary network; however, the gain of vertical cooperation decreases
slightly at high SU transmission densities, where SUs transmit their own data instead
of helping the PUs. Looking at the density region of the PER+coop scheme, we see
both PER and cooperation preserve their gains, leading to a significant increase of
the density region.

Finally, we evaluate the effect of decreased secondary transmission power by com-
paring the results for Pp/Ps = 1 and 2 in Fig. 10 (b). As at low Ps, relaying becomes

less effective, λ̂pt decreases, whereas the secondary transmission density can be in-
creased, due to the reduced aggregate interference. The figure suggests the existence
of an optimal transmission power for the secondary nodes that maximizes the cogni-
tive network capacity. This however depends also on the secondary network topology
and coding, and its evaluation is therefore outside the scope of the paper.
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5 Conclusion, Discussion, and Implementation Is-
sues

In this paper, we evaluated the performance of large-scale primary networks with
coexisting random access SUs, considering vertical cooperation with different relay
selection strategies, cognitive secondary access with controlled channel access prob-
ability, and PERs.

We proposed tractable analytic models to express the primary outage probability,
based on results from stochastic geometry. We performed a thorough evaluation of the
modeling assumptions, and showed that they allow accurate performance evaluation.
The resulting models are not only tractable, but also modular, i.e., they can be easily
extended to evaluate other relay selection and cooperative transmission schemes.

The analytic- and simulation-based evaluation of the considered solutions showed
that PER and vertical DF relaying significantly reduce the primary outage probability
and, consequently, improve the trade-off between the allowed spatial transmission
densities of the primary and the secondary networks.

More specifically, the following gains have been demonstrated.

• Vertical cooperation increases the maximum transmission density of the pri-
mary network, where the achieved gain depends on the primary and secondary
transmission powers and on the efficiency of the relay selection and the coop-
erative transmission scheme.

• Vertical cooperation leads to an additive gain in maximum secondary trans-
mission density, if the primary network operates under its limit. The additive
gain again depends on the efficiency of the relaying solution.

• PER alone does not affect the performance of the primary network but signifi-
cantly increases the allowed secondary transmission density. The PER leads to
a multiplicative gain, parameterized by the primary and secondary transmis-
sion powers. Due to its multiplicative nature the gain is significant, when there
is large ”white space” in the primary network.

While the primary network only gains from the cooperation, the secondary net-
work pays with the additional energy costs of relaying and with the service disrup-
tions when the secondary node stays in a PER. However, since the density gain is
significant for both networks, both of them could be interested to introduce and
obey the related cooperative communication protocols, including time synchroniza-
tion [39], the implementation of the vertical relaying scheme, and the protection of
the primary data.

The considered relay selection schemes can be implemented with a contention-
based MAC protocol similar to the ones introduced in [22] [31] [40], where relays
are selected in a distributed manner based on a count-down timer mechanism. If the
relays are pre-selected, the selection process does not need to be frequently scheduled
if the users in the network do not move fast.
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The selective DF relaying can be implemented as follows. The source transmits a
message and then sets a very short timer. If the SU relay does not need to transmit
its own traffic and successfully decodes the source message, it immediately forwards
the message to the destination. After detecting the transmission from the relaying
SU, the source cancels the timer; otherwise, it repeats the message after the timer
expires. As the relaying scheme uses equal time division, the primary nodes only
have to be aware of the ”cooperative” operation mode, and do not need to pay
much more effort on controlling the cooperation process. This reduces the control
information exchange between the two networks and also the computational burden
on the primaries.

The implementation of an exclusion region is addressed in [13] and [14]. If the
primary receiver can be localized, e.g., based on pilot signals or transmitted acknowl-
edgments, our results directly apply. If the primary receiver can not be localized, the
exclusion region has to be formed around the primary transmitter. This scenario can
be evaluated with slight changes in the proposed model. Finally, the protection of pri-
mary data is crucial under the Cooperation and PER-coop schemes. Data integrity,
confidentiality, and authenticity can be provided by known security schemes [41].

Appendix: Modeling Geographic SU Relay Selection
Rules

Let As ∈ R
2 denote the relay search region for a primary source-destination pair.

As is a disc area with radius rs. The same notation is used to represent a region
and its size when no ambiguity is introduced. For reasonable As and λpt values, the
probability that the relay search regions overlap is close to zero; therefore, we model
the relay location distribution as follows.

The number of candidate SU relays for a primary source-destination pair is Pois-
son distributed with a mean of λsAs; therefore,, the probability of successful SU
relay selection, psr approximately equals the non-void probability of the relay search
region, i.e., psr ≈ 1− exp(−λsAs).

To calculate the performance of the Cooperation and the PER+coop schemes we
need Er[P

out
C ] =

∫
As

Pout
C frdr, where fr is the distribution function of the location of

r, with the condition that As is non empty. Specifically, Pout
C from (8) depends on

d1 = ‖s− d‖, d2 = ‖s− r‖, d3 = ‖r − d‖.
To express fr, we introduce some additional notations as illustrated in Fig. 11.

For a given primary source s and destination d pair with the center denoted by c, we
define d4 = ‖r − c‖, and denote θ2 = ∠rsd, θ3 = ∠rds and θ4 = ∠rcd. For a fixed
primary s − d pair with given d1, the location of r is fully described by any of the
parameter sets (d2, θ2), (d3, θ3), or (d4, θ4); therefore, fr can be given by the joint
probability density function (pdf) of any of these parameter pairs, i.e., fdx,θx with
x ∈ {2, 3, 4}.

NS Relay Selection
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Figure 11: Three basic geographic SU relay selection rules: (a) NS, (b) NC, and
(c) ND relaying.

The NS relay selection is illustrated in Fig. 11 (a), where the relay search region
As is a disk centered at the source with a radius of rs, and the SU in As nearest to
the source is selected as a relay. Under the condition that there is at least one SU in
As, the cdf of d2 is

Fd2
=

1− exp(−λsπd
2
2)

1− exp(−λsπr2s)
, 0 < d2 ≤ rs,

and thus the pdf is,

fd2
=

2d2λsπ exp(−λsπd
2
2)

1− exp(−λsπr2s)
, 0 < d2 ≤ rs.

Since SUs are uniformly distributed in As, the conditional pdf of θ2, given d2 is
fθ2|d2

= 1/(2π) with −π ≤ θ2 < π. Therefore, the joint pdf of (d2, θ2) at density λs

is:

fd2,θ2 =
d2λs exp(−λsπd

2
2)

1− exp(−λsπr2s)
, 0 < d2 ≤ rs,−π ≤ θ2 < π.

Then, the expectation Er[P
out
C ] becomes:

Er[P
out
C ] =

∫
As

Pout
C frdr =

∫ rs

0

∫ π

−π

Pout
C fd2,θ2dθ2dd2.

For calculating Pout
C we have

d3 =
√

d21 + d22 − 2d1d2 cos θ2.

NC Relay Selection

The NC selection has a relay search region shown in Fig. 11 (b), which is a disk
with a radius of rs and centered at c, the central point of the source-destination link.
The SU in As nearest to the center is selected as a relay. Hence, the joint pdf of
(d4, θ4) is

fd4,θ4 =
d4λs exp(−λsπd

2
4)

1− exp(−λsπr2s)
, 0 < d4 ≤ rs,−π ≤ θ4 < π.
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Both d2 and d3 in Pout
C can be expressed as a function of (d4, θ4), i.e.,

d3 =
√

(0.5d1)2 + d24 − d1d4 cos θ4,

and

d2 =

{ √
(0.5d1)2 + d24 − d1d4 cos(π − θ4) θ4 ≥ 0√
(0.5d1)2 + d24 − d1d4 cos(π + θ4) θ4 < 0.

ND Relay Selection

The ND relay selection is shown in Fig. 11 (c), where the relay searching region
As is centered at the destination with a radius of rs. The SU in As nearest to the
destination is selected as a relay, so the joint pdf of (d3, θ3) is

fd3,θ3 =
d3λs exp(−λsπd

2
3)

1− exp(−λsπr2s)
, 0 < d3 ≤ rs,−π ≤ θ3 < π.

Moreover, the parameter d2 in Pout
C is given by d2 =

√
d21 + d23 − 2d1d3 cos θ3.
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Abstract

We consider a hierarchical spectrum sharing network consisting of a primary and
a cognitive secondary transmitter-receiver pair, with non-backlogged traffic. The sec-
ondary transmitter may utilize cooperative transmission techniques to relay primary
traffic while superimposing its own information, or transmit opportunistically when
the primary user is idle. The secondary user meets a dilemma in this scenario.
Choosing cooperation it can transmit a packet immediately even if the primary queue
is not empty, but it has to bear the additional cost of relaying, since the primary
performance needs to be guaranteed. To solve this dilemma we propose dynamic co-
operative secondary access control that takes the state of the spectrum sharing network
into account. We formulate the problem as a Markov Decision Process (MDP) and
prove the existence of a stationary policy that is average cost optimal. Then we con-
sider the scenario when the traffic and link statistics are not known at the secondary
user, and propose to find the optimal transmission strategy using reinforcement learn-
ing. With extensive numerical evaluation, we demonstrate that dynamic cooperation
with state aware sequential decision is very efficient in spectrum sharing systems with
stochastic traffic, and show that dynamic cooperation is necessary for the secondary
system to be able to adapt to changing load conditions or to changing available energy
resource. Our results show, that learning based access control, with or without known
primary buffer state, has close to optimal performance.

1 Introduction

Hierarchical spectrum sharing among users of different networks is a promising solu-
tion to improve the spectrum efficiency, and thus to alleviate the spectrum shortage
problem caused by the rapidly growing demand for wireless applications and services.
Under hierarchical spectrum sharing the higher priority, primary users (PUs) have
performance guarantees, whereas the secondary, low priority users (SUs) need to be
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cognitive, and adjust their access strategies so that the primary performance does
not degrade. One traditional paradigm to facilitate hierarchical spectrum sharing is
opportunistic spectrum sharing [1], where SUs identify the time-frequency resources
unused by the PUs [2] [3] [4], and exploit them for their own transmissions [5] [6] [7].

Thanks to the development of advanced signal processing and interference man-
agement techniques, cooperative spectrum sharing is considered as an alternative way
to share spectrum more efficiently between primary and secondary users. Instead of
transmitting in idle time or on idle frequency, the SUs relay primary packets, and
transmit their own packets with superimposed signal [8] [9] [10] [11], or with a time-
[12] [13] [14], frequency- [15] [16], or space- [17] division based cooperative relaying
scheme. With appropriate cooperation between the two networks, the throughput or
the power efficiency of the PUs can be guaranteed or improved, whereas the SUs gain
more transmission opportunities. The literature on cooperative spectrum sharing
networks addresses the optimal relay selection and resource allocation [12] [13] [14],
and presents scaling laws [18] [19] [20], assuming that users are always willing to
cooperate and always have packets to transmit. Non-backlogged traffic is consid-
ered for various cooperative spectrum sharing schemes in [21] [22] [23] [24]. These
works characterize the stable-throughput region under stochastic packet arrival and
transmission processes, however, still assuming that the SUs always cooperate.

In this paper we formulate the dilemma of the secondary user that needs to trans-
mit a stream of randomly arriving packets. As the primary performance needs to be
guaranteed, the SU may have significant cost of cooperation, in terms of increased
transmission power or very low probability of successful transmission. Therefore,
under dynamic load, the SU may instead wait for idle time and transmit oppor-
tunistically. Note that the PU does not have this dilemma, since its transmission
performance is guaranteed in the hierarchical spectrum sharing scenario. We define
the cost of secondary access as the combination of the cost of cooperation and the
cost of additional packet delay, and define dynamic cooperative secondary access
schemes that aim at minimizing the long-run average cost. We provide a Markov
Decision Process (MDP) formulation to derive optimal access schemes when the load
and the network parameters are known for the secondary system, and evaluate the
performance of reinforcement learning for the cases when this knowledge is not avail-
able.

The MDP framework and its variations such as constrained MDP and Partially
Observable MDP (POMDP) [25] have been used extensively for optimizing control
strategies in discrete time stochastic systems in general. In the area of spectrum
sharing networks with opportunistic secondary access MDP has been used to design
sensing and access strategies for the SUs, when the primary traffic can be modeled
with some known stochastic processes [2] [3] [5] [6]. Reinforcement learning tech-
niques, such as Q-learning [26] and R-learning [27] provide online optimization tools
that can solve MDPs iteratively without a priori knowledge of the state transition
probabilities, and therefore, has been used for secondary access or interference con-
trol design, when the stochastic behavior of the primary system, or of the other
interfering secondary systems are not known a priori [4] [6] [7].
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In this paper we consider a primary and a secondary node pair, both with dynamic
traffic and unreliable transmission channel. The SU aims at trading off the cost of
cooperative relaying and the increased delay of opportunistic transmission. The main
contributions of the paper are summarized as follows:

• We define four secondary access strategies in the hierarchical spectrum shar-
ing system with opportunistic, cooperative, sequential decision and random
cooperation based access, and derive the stable-throughput region, that is, the
maximum arrival rates when both the primary and the secondary transmission
queues are strongly stable.

• To find optimal sequential decision policy, we formulate the dilemma of the sec-
ondary user as an MDP with the objective of minimizing the long-run average
cost, where the cost of an action includes the cost of cooperative transmission
and the cost of secondary queuing delay. We show that the long-run aver-
age cost is upper bounded within the stable throughput region. We prove the
existence of an optimal sequential decision that is stationary and propose an
approximation method based on linear programming to find the optimal policy
and the minimum long-run average cost for infinite buffer systems.

• We consider the case of unknown primary and secondary traffic and link statis-
tics, and propose R-learning to find optimal sequential decision policy based on
the experienced cost, including the scenario when the secondary user receives
request for cooperation from the primary user but is not aware of the primary
queue length.

• We investigate the performance of optimal sequential decision by extensive sim-
ulations, and show that it can significantly reduce the average cost compared to
the cost of pure opportunistic and pure cooperative spectrum sharing schemes,
especially when the traffic intensity of the secondary user is moderate and that
of the primary is not very low. Random cooperation, in turn, has lower gain,
but can achieve a performance close the the better one of the static oppor-
tunistic or cooperative schemes. We show that the performance of sequential
decision under learning is close to optimal, even with limited knowledge on the
primary queue size.

The rest of the paper is organized as follows. We introduce the system model
and the four different spectrum sharing schemes in Section 2. The stable-throughput
regions of the considered schemes are evaluated in Section 3. In Section 4, we define
and discuss the MDP to achieve the optimal sequential decision of the secondary
system, and in Section 5 give the R-learning formulation. The performance of optimal
sequential decision based spectrum sharing is evaluated in Section 6. Finally, we
conclude the paper in Section 7.
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2 Spectrum Sharing Schemes and System Model

We consider a spectrum sharing network, where a primary user and a secondary user,
PT and ST, intend to transmit packets to their respective destinations, PR and SR,
via a shared wireless channel. Time is slotted and the transmission of each packet
takes one time slot. The PT and the ST can transmit in separate time slots directly
to the destinations, or they can use a cooperative transmission scheme, where the ST
relays the primary packet toward the PR, at the same time superimposing its own
packet to the SR [8].

We compare two static and two dynamic secondary access schemes:

• Opportunistic spectrum sharing: the PT transmits directly to the PR. The ST
senses the channel at the beginning of each time slot. If the channel is idle, the
ST transmits a packet directly to PR, and it keeps silent otherwise.

• Cooperative spectrum sharing: the ST always relays the primary packet, and
superimposes its own packet, if the the PT transmission queue is non-empty.
If the PT is idle, the ST transmits directly to the SR.

• Sequential decision: in each time slot the ST decides about cooperating or not,
where the decision can depend on the current state of the system. The ST
needs to be aware of the state of the two queues, that is, the number of packets
waiting, Qp and Qs, and needs to inform the PT about its decision. If the PT
does not transmit, the ST uses direct transmission.

• Random cooperation: in each time slot the ST makes a random decision, to
cooperate or to transmit opportunistically, with fixed probabilities, and informs
the PT about its decision. Again, the ST transmits directly to SR if the PT
is silent. This scheme can be considered as a special case of the sequential
decision scheme where the decision does not depend on the system state.

To compare the performance of the above schemes we consider the stable-
throughput region and the long-run average cost of the secondary system. To reflect
the secondary dilemma of to wait or to cooperate, the cost reflects the increased delay
of opportunistic access and the increased power consumption of cooperative trans-
mission. Specifically, in each time slot the accumulated secondary cost is increased
with ChQs that reflects the secondary queuing delay and in addition with Cc, the
cost of cooperation, if the secondary node performs cooperative transmission.

We model the primary and the secondary system as follows. Since packets may
not be received successfully due to the impairments of the radio channel, we model
the packet transmission on each end-to-end communication link via independent
Bernoulli processes, as an abstraction of various cooperative transmission techniques
and channel models. Let qpd and qsd denote the probabilities of successful packet
transmission in a time slot under direct transmission at the primary and secondary
systems, respectively, whereas qpc and qsc represent the respective transmission suc-
cess probabilities in the cooperative transmission case. The expressions for calculat-
ing these probabilities can be found for instance in [8] for a spectrum sharing networks
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Figure 1: Queuing network modeling the spectrum sharing system with (a) oppor-
tunistic and (b) cooperative spectrum sharing.

using a two-phase cooperative decode-and-forward relaying protocol under Rayleigh
fading channels. Since the secondary cooperative transmission needs to improve or
at least guarantee the probability of successful packet transmission at the PT, but
may decrease the transmission success probability at the ST, we consider qpc ≥ qpd
and qsc ≤ qsd. We model the packet arrival at the primary and secondary users
by independent Bernoulli processes with per slot packet arrival probabilities λp and
λs, respectively. Our work can be extended to consider Markov modulated arrival
and loss processes. Both PT and ST have a buffer of infinite capacity for storing
the incoming packets and they follow FIFO transmission policy. Packets that are
not received successfully are retransmitted. We assume that ACK/NACK messages
from the PR and the SR do not get lost.

The resulting queuing networks for opportunistic and cooperative spectrum shar-
ing are shown in Fig. 1(a) and (b), respectively. We can see that in both cases the
primary and the secondary queues are coupled, more precisely, the service rate of the
ST depends on the status of the queue at the PT.

3 The Stable-Throughput Region

Let us first evaluate the stable-throughput regions of the considered spectrum sharing
methods. We follow the notion of strong stability given in [28] [29], for slotted systems
with time varying service process. To define strong stability, let us denote the queue
length at the beginning of a time slot n as Q(n), the number of arrivals in time slot n
as A(n), and the service rate as B(n). We assume that arrivals happen at the end of
the time slot, and can be served only in the following slot. Then, the queue evolves
as

Q(n+ 1) = max[Q(n)−B(n), 0] +A(n).
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Definition 1

The queue is strongly stable, if [28]

lim sup
N→∞

1

N

N∑
n=1

E[Q(n)] < ∞. (1)

That is, the queue is strongly stable, if it has a bounded average queue length.
A network of queues is strongly stable, if all queues are strongly stable. The stable-
throughput region of a queuing network is given by the arrival rate vectors for which
the network of queues is strongly stable.

Proposition 1

The following conditions are sufficient for strong stability.

1. The arrival and service processes are rate convergent, that is:

lim
N→∞

1

N

N∑
n=1

E[A(n)] = λ, lim
N→∞

1

N

N∑
n=1

E[B(n)] = μ,

and for each positive δ there exists an N , such that, regardless of past history:

E

{
1

N

N∑
n=1

A(n0 + n)

}
≤ λ+ δ, E

{
1

N

N∑
n=1

B(n0 + n)

}
≥ μ− δ;

2. in each time-slot the arrival process is bounded in second moment, and the
service process is bounded, regardless of past history; and finally

3. the arrival rate is less than the average service rate, that is λ < μ.

Proof: The proof of the proposition is given in [29].

Theorem 1

1. The stable-throughput regions SD and SC, for opportunistic and cooperative
spectrum sharing respectively, are:

SD =

{
(λp, λs) : λp < qpd and λs < qsd −

qsd
qpd

λp

}
,

and

SC =

{
(λp, λs) : λp < qpc and λs < qsd +

qsc − qsd
qpc

λp

}
,

while SR, the stable-throughput region of random cooperation with cooperation
probability pc is:

SR =

{
(λp, λs) :

λp < (1− pc)qpd + pcqpc
λs < qsd +

pcqsc−qsd
(1−pc)qpd+pcqpc

λp

}
.
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2. If the ST performs sequential decisions Π, then the stable-throughput region SΠ

is respectively lower- and upper-bounded by SD and SC:

SD ⊆ SΠ ⊆ SC .

Proof: To derive the stable-throughput region of the spectrum sharing system, we
have to prove that conditions 1 and 2 in Proposition 1 hold for the secondary and
primary arrival and service processes, and find the arrival rates λp and λs, where
condition 3 holds as well.

Let Ap(n) and As(n) denote the number of arrivals in time slot n at the PT and
ST, respectively, whereas Bp(n) and Bs(n) are the respective service rates. Since the
considered primary and secondary arrival processes are iid Bernoulli processes with
E[Ap(n)] = λp and E[As(n)] = λs, they are rate convergent with bounded second
moment, that is, conditions 1 and 2 on the arrival processes hold.

The service processes depend on the spectrum sharing scheme. For all schemes
however Bp(n) and Bs(n) can take values 0 or 1, that is, condition 2 for the ser-
vice processes holds. For all schemes, the service processes are either iid Bernoulli
processes, or are controlled by the state of the queues, that in turn, when stable,
can be described with ergodic discrete time birth-deaths processes, that converge
monotonically to steady state [30]. (For example, under opportunistic spectrum
sharing, the primary service process is an iid Bernoulli process with E[Bp(n)] = qpd,
while the secondary service process is controlled by the primary queue length Qp,
E[Bs(n)|Qp(n) = 0] = qpd and E[Bs(n)|Qp(n) > 0] = 0.) Consequently, the primary
and secondary service processes are rate convergent, and thus, condition 1 for the
service processes is fulfilled as well, for all considered spectrum sharing schemes.

Let us now find the λp, λs pairs when condition 3 holds. These arrival rate pairs
give the stable-throughput region of the system.

Consider first opportunistic spectrum sharing. The PT transmits a packet with
success probability qpd whenever its queue is non-empty, independently from the
state of the ST. However, the ST can transmit a packet with success probability qsd
if and only if the primary queue is empty. Therefore μpd and μsd, the primary and
secondary service rates under direct transmission can be derived as:

Pr[Bpd(n) = 1] = qpd, P r[Bpd(n) = 0] = 1− qpd, ⇒ μpd = qpd, (2)

Pr[Bsd(n) = 1] = qsdP[Qp(n) = 0],
P r[Bsd(n) = 0] = 1− qsdP[Qp(n) = 0],

}
⇒ μsd = qsdP[Qp = 0]. (3)

Since P[Qp = 0] = 1− λp/μpd, condition 3, that is λp < μpd and λs < μsd, gives
the following stable-throughput region for opportunistic spectrum sharing:

SD =

{
(λp, λs) : λp < qpd and λs < qsd −

qsd
qpd

λp

}
.

Similarly, we can derive the stable-throughput region under cooperative spectrum
sharing. Then, the PT transmits a packet with success probability qpc whenever its
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queue is non-empty, using cooperative transmission. The ST transmits a packet with
success probability qsd if the primary queue is empty, and with success probability
qsc otherwise. Consequently, the average service rates under cooperation, μpc and
μsc, respectively seen by the primary and secondary sources are:

μpc = qpc, (4)

μsc = qsdP[Qp = 0] + qscP[Qp = 0]. (5)

Under λp < μpc and λs < μsc we get SC , the stable-throughput region of cooper-
ative spectrum sharing:

SC =

{
(λp, λs) : λp < qpc and λs < qsd +

qsc − qsd
qpc

λp

}
.

Clearly, SD ⊆ SC for all qpc ≥ qpd and qsc ≤ qsd.
To consider random the cooperation scheme, let pc denote the probability that

the secondary user chooses to cooperate, given that Qp = 0. The average service
rates under random cooperation, μpr and μsr, become:

μpr = (1− pc)qpd + pcqpc,

μsr = qsdP[Qp = 0] + pcqscP[Qp = 0],

which gives SR, the stable-throughput region of the random cooperation:

SR =

{
(λp, λs) :

λp < (1− pc)qpd + pcqpc
λs < qsd +

pcqsc−qsd
(1−pc)qpd+pcqpc

λp

}
.

Opportunistic and cooperative spectrum sharing are special cases of random coop-
eration with pc = 0 and pc = 1, respectively. As expected, SR is equivalent to SD

when pc = 0, and to SC when pc = 1.
Let us now evaluate the stable-throughput region of the sequential decision

scheme, following the dominant system approach. We consider a system X to be
a dominant system of Y , if the queue sizes in X are, at all times, at least as large as
those in Y . The stable-throughput region of the dominant system X inner bounds
that of Y [23] [31].

By comparing the average service rate of PT in (2) with that in (4), and the
average service rate of ST in (3) with that in (5), we get μpd ≤ μpc and μsd ≤ μsc.
So for any sequential decision scheme Π, the primary and secondary service rates
are bounded as μΠ

p ∈ [μpd, μpc] and μΠ
s ∈ [μsd, μsc]. Consequently, any sequential

decision scheme stochastically dominates the opportunistic one, and is dominated by
the cooperative one, that is, SD ⊆ SΠ ⊆ SC .

Fig. 2 gives an example of the stable-throughput region. The shaded area shows
the improvement achieved by cooperation, which is significant if qpc is larger than
qpd, and qsc is close to qsd. According to Theorem 1, the boundary of the stable-
throughput region of any SΠ is located in the shaded area.
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4 Optimal Sequential Decision Policy for the Sec-
ondary System

4.1 MDP formulation of sequential decision

We use a Markov Decision Process (MDP) to model the sequential decision of the
secondary user, and to find the optimal decision policy when the system parame-
ters, that is, the packet arrival probabilities (λp, λs) and the successful transmission
probabilities (qpd, qpc, qsd, qsc), as well as the system state, that is, the primary and
secondary queue lengths (Qp, Qs) are known for the ST.

In general, an MDP describes a stochastic control system, whose state can be
observed in discrete time. At each time slot, the decision maker chooses an action
depending on the present state or the history of the process. An immediate cost (or
reward) incurs after taking the action, and the system moves to a state with some
transition probability that is determined by the present state and the selected action.

The MDP we formulated is defined as MDP〈S,A,A, p, c〉, where

• S = {(Qp, Qs), Qp ∈ N
0 and Qs ∈ N

0}: the countable set of discrete states,
each of which is defined as the queue length pair.

• A = {0, 1}: the set of control actions taken by the secondary system, where 0
denotes the case that the ST chooses to access the channel opportunistically,
and 1 refers to cooperative transmission.

• A : S → P(A): the action constraint function. A(s) denotes the set of allowed
actions in state s. We have:

A(s) =

{
{0} if s ∈ {(Qp, Qs), Qp = 0 and Qs ∈ N

0}
{0, 1} if s ∈ {(Qp, Qs), Qp = 0 and Qs ∈ N

0} .

• p : S × A → Δ(S): the transition function, where Δ(S) denotes the set of
all probability distributions on S. The probability that the process moves
to state s′ after taking action a in state s is given by pa(s, s

′) = P(st+1 =
s′|st = s, at = a), which depends on the arrival rates, and also on the state and
action dependent service rates. The derivation of state transition probabilities
is straightforward, examples are given in [32].

• c : S × A → R: the cost function c(s, a) denoting the immediate cost that
depends on the present state and the selected action. A general cost function
for queue-length controlled system is c(s, a) = B(a) + H(s), where B(a) ≥ 0
represents the cost of selecting action a, and H(s) ≥ 0 is a cost that depends
on the system state.

We consider:

c(s, a) = B(a) +H(s) = Cta+ ChQs, (6)
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that is, we set B(a) = Cta to represent the additional power consumption of
relaying the primary packet, and H(s) = ChQs, where Ch denotes the cost of
the ST for holding one packet in its queue for one time slot and thus H(s) =
ChQs represents the cost of secondary queuing delay.

In each state, actions are chosen by following a policy Π, which defines a rule for
decisions that may depend on the current state, on the past history of the process,
and on the time. A policy is Markovian, if the choice does not depend on the history,
and is stationary if it does not depend on the time either. The policy is random, if
several actions can be selected in a state with some probabilities, and is deterministic
otherwise.

Note, that both the opportunistic spectrum sharing policy ΠD and the coopera-
tive spectrum sharing policy ΠC are deterministic stationary policies. They can be
expressed respectively as:

ΠD = {πn = 0, n ∈ N
+}; (7)

ΠC = {πn = i, n ∈ N
+} with i =

{
0 if sn = (0, j), j ∈ N

0

1 otherwise.

The sequential decision degrades to opportunistic spectrum sharing if a = 0, and
to cooperative spectrum sharing if a = 1 for all Qp = 0 and Qs. It degrades to
random cooperation if P(a = 0) is constant and independent from Qp and Qs for all
Qp = 0.

Our objective is to find the optimal policy Π∗ that minimizes the long-run average
cost C(Π), defined as:

C(Π) = lim
N→∞

1

N
EΠ

[
N∑

n=1

c(sn, πn)|s1 = (0, 0)

]
, (8)

where s1 denotes the initial state of the network, πn denotes the action taken in the
nth time slot according to policy Π, and EΠ is the expectation taken under policy Π.

4.2 Long-run average cost upper bound

Theorem 2

1. The long-run average cost defined in (8) achieved by any policy Π is upper
bounded when the arrival rates lie within the stable-throughput region SΠ. More-
over, upper bounded average cost implies the strong stability of Qs.

2. If the ST makes sequential decisions according to the optimal policy Π∗, then
the long-run average cost is upper bounded when the arrival rates lie within the
stable-throughput region SC .
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Proof: For c(s, a) = Cta+ ChQs, the long-run average cost in (8) becomes:

C(Π) = Cc lim
N→∞

1

N
EΠ

[
N∑

n=1

πn

]
+ Ch lim

N→∞

1

N
EΠ

[
N∑

n=1

Qs(n)

]

≤ Cc + Ch lim
N→∞

1

N
EΠ

[
N∑

n=1

Qs(n)

]
< ∞.

The first inequality holds because the first limit is upper bounded by always taking
action 1 in every time slot. The second inequality holds as a consequence of the
definition of the stable-throughput region introduced in Definition 1, considering
strong stability according to (1).

Similarly, by selecting action 0, we get a lower bound on the first limit, and
consequently,

C(Π) ≥ Ch lim
N→∞

1

N
EΠ

[
N∑

n=1

Qs(n)

]
,

which implies the strong stability of Qs for C(Π) < ∞. However, the stability of Qp

is not guaranteed. This proves the first part of Theorem 2.
As the optimal policy Π∗ achieves the minimum average cost under given λp and

λs, this cost has to be upper bounded by the average cost of the cooperation based
spectrum sharing, that is, C(Π∗) ≤ C(ΠC). As C(ΠC) < ∞ within SC , C(Π∗) < ∞
within SC as well.

4.3 The existence of optimal stationary policy

We modeled the sequential decision with an infinite state MDP with unbounded costs
and finite action set. We prove the existence of a stationary policy that is average
cost optimal, building on the results of [33].

Following [33], let us introduce a discount factor 0 < β < 1, and give the total
expected discounted cost incurred by policy Π as:

VΠ,β(i, j) = EΠ

[ ∞∑
n=1

βnc(sn, πn)|s1 = (i, j)

]
.

Let Vβ(i, j) = infΠ VΠ,β(i, j) and hβ(i, j) = Vβ(i, j)− Vβ(0, 0).
Proposition 2 specifies the conditions that must be satisfied for the average cost

optimal stationary policy to exist.

Proposition 2

There exists a stationary policy that is average cost optimal for the MDP〈S,A,A, p, c〉
if the following conditions are satisfied:

1. Vβ(i, j) is finite for all (i, j) and β;
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2. There exists a nonnegative N such that hβ(i, j) ≥ −N for all (i, j) and β;

3. There exists nonnegative Mi,j such that hβ(i, j) ≤ Mi,j for every (i, j) and β.
For every (i, j), there exists an action a such that

∑
k,l pa((i, j), (k, l))Mk,l <

∞.

Proof: See [33].

Corollary 1

Under condition 1, the quantity Vβ(i, j) satisfies the optimality equation:

Vβ(i, j) = min
a

⎧⎨
⎩c((i, j), a) + β

∑
k,l

pa((i, j), (k, l))Vβ(k, l)

⎫⎬
⎭ .

Proof: See [33].

Now we can prove the existence of the optimal stationary policy for sequential
decision based spectrum sharing. We give the proof for the general case when H(s)
in (6) is a polynomial of degree m in Qs, and is nonnegative and nondecreasing with
Qs. The cost function considered in the paper is a specific case with m = 1.

Theorem 3

For the MDP〈S,A,A, p, c〉, there exists a stationary policy Π∗ that minimizes the
long-run average cost.

Proof: We prove the theorem by proving that conditions 1-3 in Proposition 2 hold.
For the stationary policy of always accessing the spectrum opportunistically, with
ΠD given in (7), the following holds:

Vβ(i, j) ≤ VΠD,β(i, j) ≤
∞∑

n=1

βnc(sn, 0)|sn=(i+n,j+n). (9)

If H(s) in (6) is a polynomial of degree m in Qs, the right side of (9) is a polynomial
of degree m with the leading item

∑∞
n=0 β

nnm.

Since
∑∞

n=0 β
nnm = (1 − β)−m−1

∑m
j=1 a

(m)
j βj , where a

(m)
1 = a

(m)
m = 1 and

a
(m)
j = ja

(m−1)
j + (m − j + 1)a

(m−1)
j−1 for j = 2, ...,m − 1, that is,

∑∞
n=1 β

nnm is a

summation of finite terms,
∑∞

n=0 β
nnm < ∞. Therefore, Vβ(i, j) < ∞, and condition

1 is satisfied. Specifically, for m = 1, Vβ(i, j) ≤ Chj/ (1− β)
2
.

As the cost function is a polynomial and non-decreasing on i and j, from Corollary
1 we can observe that Vβ(i, j) is also non-decreasing in i and j. Therefore, condition
2 on finding a nonnegative N is straightforward.

Finally, let us consider condition 3. Since Vβ(i, j) is positive and non-decreasing
in i and j, we have:

hβ(i, j) ≤ Vβ(i, j)− 0 ≤
∞∑

n=0

βnc(sn, 0)|sn=(i+n,j+n).
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Let Mi,j =
∑∞

n=0 β
nc(sn, 0)|sn=(i+n,j+n). Then the first part of condition 3 is ful-

filled. As in the considered system, there is a finite number of possible transitions
from each state, the second part of condition 3 holds as well.

4.4 LP approximation

From Theorem 3 we know that there exists an optimal policy that is stationary. How-
ever, obtaining the optimal stationary policy is computationally prohibitive since it
involves solving an MDP with a countably infinite state-space. To make the problem
tractable, we aim at approximating the original MDP by a finite-state MDP with
tunable number of states. Specifically, we consider the system where the PT and the
ST have finite buffers for storing at most Np and Ns packets, respectively, and arriv-
ing packets are dropped if there is no space in the corresponding queue. In this case,
the state space becomes S = {(Qp, Qs), Qp ∈ {0, 1, ..., Np} and Qs ∈ {0, 1, ..., Np}},
whereas the action space and the cost function remains the same.

Proposition 3

If the arrival rates are inside the stable-throughput region SC , the long-run average
cost from the LP approximation converges as Np → ∞ and Ns → ∞.

Proof: From Theorem 2 the long-run average cost under policy Π∗ is bounded in
the infinite buffer system. On the other hand, simple evaluation of the underlaying
discrete-time birth-death processes shows that the average secondary queue length,
and with that, the average cost, are nondecreasing function of Np and Ns. Therefore,
the long-run average cost converges when Np → ∞ and Ns → ∞.

We find the optimal stationary policy for the finite-state system by solving the
linear program (LP) [25] in (10), where zs,a denotes the probability that the system
is in state s and chooses action a. With the optimal solution to the LP, the optimal
randomized stationary policy Π∗ = {π∗

s,a} that minimizes the long-run average cost
per unit time is computed as π∗

s,a = z∗s,a/
∑

b∈A(s) z
∗
s,b, and the objective function

gives the minimum long-run average cost. As it is shown in [25], in each state
there is only one action that has positive z∗s,a, and therefore the optimal policy
achieved by (10) is the optimal deterministic stationary policy. We estimate the
optimal stationary policy for the original infinite buffer MDP by letting Np → ∞
and Ns → ∞.

{z∗s,a}s∈S,a∈A(s) =argmin
∑
s∈S

∑
a∈A(s)

zs,ac(s, a),

s.t.
∑
s∈S

∑
a∈A(s)

zs,a = 1,

∑
a∈A(s′)

zs′,a =
∑
s∈S

∑
a∈A(s)

zs,apa(s, s
′), ∀s′ ∈ S,

zs,a ≥ 0, ∀a ∈ A(s), s ∈ S, (10)
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5 Sequential Decision with Online Reinforcement
Learning

In the case when the system parameters or the system state are not known for the
ST, MDP based optimization of sequential decision can not be applied. Therefore,
we propose to adapt online reinforcement learning, specifically R-Learning to find
the average cost optimal policy.

We consider two scenarios, full-state and reduced-state. In both of the cases the
ST does not have full knowledge on the arrival and successful transmission probabil-
ities.

• Full-state scenario: when it requests cooperation, the PT provides its state, Qp

to the ST, that is, the ST has full knowledge on the primary and secondary
queue lengths.

• Reduced-state scenario: the PT sends only a request for cooperation, but
no information on Qp. Therefore, the ST only knows whether the primary
queue is empty or not. Therefore, in this case, the original state space
S = {(Qp, Qs), Qp ∈ N

0, Qs ∈ N
0} is reduced to S ′ = {(Qp, Qs), Qp ∈

{0, 1}, Qs ∈ N
0}, where 0 denotes that the primary queue is empty, and 1,

otherwise.

R-learning [6] [27] is an average-reward reinforcement learning method, and thus
can be used in both scenarios to try to find the average cost optimal policy. R-learning
is based on the iterative updating of the state dependent action-value functions called
the R-factors, and the experienced average cost ρ, via a sample path. The R-factor
Rt(s, a) represents the expected cost of taking action a in state s given that an
optimal policy is applied for all future steps. The R-learning algorithm works as
follows:

1. At time t = 1, all the R-factors are initialized to a finite value (for instance 0),
and the average cost to ρ1 = 0. Let s denote the current state.

2. Action a = argminb∈A(s) Rt(s, b) is selected with probability 1 − αt, whereas
with probability αt, an exploratory action a is chosen uniformly from A(s), to
ensure that the action space is explored and the learning does not converge to
a local optimum.

3. Let c(s, a) and s′ denote the incurred cost and the next state, respectively. The
R-factor is updated as:

Rt+1(s, a) ← (1− βr)Rt(s, a) + βr

[
c(s, a)− ρt + min

b∈A(s′)
Rt(s

′, b)

]
. (11)

In the case a = argminb∈A(s) Rt(s, b) was selected, the average cost is updated
as well:

ρt+1 ← (1− βρ)ρt + βρ

[
c(s, a) + min

b∈A(s′)
Rt(s

′, b)− min
b∈A(s)

Rt(s, b)

]
. (12)
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4. Let t = t+ 1 and s = s′, and go to step 2.

In (11) and (12), βr and βρ denote the update rate of the R-factors and ρ, with
0 ≤ βr ≤ 1 and 0 ≤ βρ ≤ 1. After convergence, the decision in state s is set to
argminb∈A(s) R(s, b).

The above R-learning algorithm runs similarly in the full-state and the reduced-
state scenarios. The main difference is that (Np + 1) × (Ns + 1) R-factors need
to be learned in the former case, whereas only 2(Ns + 1) ones in the latter one.
For R-learning in the considered infinite buffer system the state space is extended
dynamically according to the maximum experienced queue lengths.

We apply R-learning algorithm with semi-uniform exploration, with constant αt.
Other exploratory methods, like Boltzmann exploration, uncertainty estimation (UE)
exploration are presented and compared in [27] [34]. While the convergence of R-
learning to the optimal value is not proved, the detailed evaluations show that R-
learning finds near optimal solutions in most scenarios [27].

6 Case Study

In this section, we compare the optimal sequential decision (OSD) with the oppor-
tunistic (OPP), and the cooperative (COOP) schemes, as well as with optimal ran-
dom cooperation (ORC), that is, random cooperation with optimal state-independent
cooperation probability, that minimizes the long-run average cost. For OSD we ob-
tain the optimal sequential decision policy by solving the LP in (10), and perform
simulations to validate the analytic solution. We find the optimal cooperation prob-
ability for ORC with exhaustive search. Moreover, we evaluate whether R-learning
(RL) can provide OSD average-cost close to the optimal one.

The length of each time slot is assumed to be one time unit. All simulation results
shown are average values from 10 runs, each of which lasting for 50,000 time slots.

6.1 Stable-throughput region and simulation scenarios

Fig. 2 shows the stable-throughput region when the PT and the ST have infinite
buffers and the probabilities of successful packet transmission are set as qpd = 0.6,
qpc = 0.8, qsd = 0.5, and qsc = 0.4. We keep these parameters fixed, and consider
five scenarios with different sets of (λp, λs). Under scenarios 1-3, the arrival rates
(λp, λs) are (0.2, 0.2), (0.5, 0.2) and (0.2, 0.5), respectively. As shown in Fig. 2, under
these three scenarios the (λp, λs) pairs are in SD, in SC and outside SC respectively.
Under scenario 4 we fix λp = 0.2, giving a moderate primary load, and increase λs

until it reaches the upper bound of SC , whereas under scenario 5, we fix λs = 0.2
and increase λp.
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Figure 2: Stable-throughput region for the spectrum sharing schemes.

6.2 Average cost under increasing buffer size

Let us first evaluate whether the LP approximation with limited buffer size can
provide good estimate of the average cost in infinite buffer OSD systems. We set the
unit costs as Ch = Cc = 1, and increase the buffer size of PT and ST in scenarios
1-3. Fig. 3 shows that if the (λp, λs) pair is inside the stable-throughput region of
a scheme, the average cost converges as the buffer sizes increase and the packet loss
ratio reduces to zero; if the (λp, λs) pair is outside the stable-throughput region of
a scheme, the average cost goes to infinity, as it happens for OPP in scenario 2 and
for all schemes in scenario 3 (shown in Fig. 3(c) and (d), respectively). As we see,
the results in Fig. 3 verify Proposition 3, that is, the LP approximation introduced
in Section 4.4 gives good estimation of the OSD average cost for stable systems with
infinite buffer capacity, though the required buffer size increases with the load. Fig. 3
also indicates that for OSD the analytic and simulation results are consistent. For
the rest of the evaluation, unless specified, we use fixed buffer size Np = Ns = 30,
and use the analytic LP results to show the average cost under OSD.

6.3 On the increase of the cost for cooperation

The cost of cooperation depends on the preferences of the secondary system, and
may change, for example increase as energy resources become scarce. Therefore, we
evaluate, how the different schemes adapt to increasing cooperation cost Cc. We
consider scenario 1, where (λp, λs) is located inside the stable-throughput regions of
all the schemes. We keep the cost of holding a packet constant Ch = 1, and increase
the cost of cooperative transmission Cc = 0, 1, 2, . . . 10.

As it is shown in Fig. 4(a), the cost of OPP does not depend on Cc/Ch, while
the cost of COOP increases linearly, as expected. OSD achieves the lowest average
cost, which converges to the cost of COOP at low Cc, and to the cost of OPP at
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Figure 3: (a) The average cost and (b) the packet loss ratio vs. the buffer sizes
under scenario 1. The average cost vs. the buffer sizes under (c) scenario
2 and (d) scenario 3.

high Cc values, as OSD trades off the cost of cooperation and the cost of holding
packets. ORC can as well trade off these costs, however with lower efficiency. For
the considered parameters OSD can decrease the average cost with ca. 15% at high
Cc values, compared to OPP, while it can achieve up to 40% gain for medium Cc

values, where none of OPP or COOP is efficient.

Fig. 4(b) shows the components of the average cost, that is, the cost of cooperation
and the cost of holding packets. The average cost shown in Fig. 4(a) is the sum of
these two components. OPP does not allow cooperation so it has zero cost for
cooperation, whereas under COOP the secondary user always cooperates when the
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Figure 4: (a) The average cost, (b) the components of the average cost, (c) the
average PT and ST packet delay, and (d) the optimal cooperation prob-
ability vs. Cc/Ch under scenario 1.

primary queue is not empty, so the average cost for cooperation in this case increases
linearly with Cc. Both of these schemes have constant average cost for holding packets
since increasing Cc does not change their access strategies. For OSD and ORC the
cost of cooperation is kept more or less constant, or is even decreased, while the cost
of holding packets increases sublinearly with Cc. Note, that when OSD and ORC
have the same cooperation cost (at ca. Cc/Ch = 5), OSD achieves significantly lower
cost of holding packets, which shows the efficiency of the state dependent decision
policy.

Fig. 4(c) shows the average packet delay at the PT and the ST. Compared to
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OPP, the delay experienced by PT is decreased or at least guaranteed, motivating
that the primary system will allow cooperation. Comparing the secondary packet
delay in Fig. 4(c) with the packet holding cost in Fig. 4(b), we can see that they are
proportional, which indicates that the introduced state depended cost reflects the
experienced delay, and delay sensitive secondary systems can tune Ch to achieve the
preferred performance.

To see the reason of the delay increase, in Fig. 4(d) we compare the probability
that cooperation is performed in an arbitrary time-slot for OSD and ORC. Both
schemes reduce the cooperation probability when the unit cost for cooperation in-
creases, though with different rate. As Cc increases, these schemes move from always
cooperating when Qp = 0 towards transmitting opportunistically. At Cc/Ch = 9,
ORC starts to transmit purely opportunistically, since the random cooperation strat-
egy is not efficient enough to achieve the delay gain needed to compensate for the
increased cost of cooperation.

We can conclude that a dynamic secondary access scheme, OSD or ORC, is nec-
essary to adapt to changing cooperation cost. The introduced state depend cost
allows delay control in these systems. OSD can achieve significant (up to 40% in
the considered case) cost decrease, while ORC has lower efficiency due to the sate
independent control.

6.4 On the increase of the arrival rates

Let us now evaluate, how the proposed solutions adapt to changing load conditions,
first considering an increasing load at ST. We keep the unit costs Ch = 1, Cc = 2
and λp = 0.2 constant, and increase λs according to scenario 4. Fig. 5(a) shows that
OPP performs well at low, while COOP at high λs, and OSD and ORC balances well
between the two deterministic solutions. Note, however, that for low and high loads
ORC performs just as well as the more effective deterministic scheme. To better
understand the gain of OSD, in Fig. 5(b) we shows the costs relative to the OSD one.
We see that the OSD gain is significant at moderate λs, where the cost of OPP and
COOP is higher with 50% and the cost of ORC with 30%.

The components of the average cost are shown in Fig. 5(c), where the cooperation
cost curves indicate that the two dynamic secondary access schemes (ORC and OSD)
increase the cooperation probability when the load at the secondary user increases,
and cooperation is necessary to keep the ST queuing delay low. Again we see that
the state independent decision forces ORC to transmit opportunistically at low λs

and to start to always cooperate rather early, while OSD increases the cooperation
probability nearly linearly with λs. The packet holding cost increases exponentially
for OPP and COOP, as expected. Interestingly, for this scenario OSD can manage
nearly the same packet holding cost as COOP, but with lower cooperation cost since
it can make state-dependent decision.

Let us now keep λs = 0.2 constant, and increase λp according to scenario 5.
Fig. 6(a) and (b) show that OSD always achieves the lowest average cost, and its
gain is significant when λp is not very low. At λp close to zero the four schemes
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Figure 5: (a) The average cost, (b) the relative cost, and (c) the components of
the average cost vs. the arrival rate at the ST under scenario 4.

achieve the same average cost since in all the schemes ST transmit directly to SR
if the primary queue is empty. As it is visible in Fig. 6(b) the average cost of OPP
is slightly lower than that of COOP when λp is low, but increases very fast and the
system becomes unstable. ORC balances between OPP and COOP again, but it is
not efficient, for the considered scenario its cost is up to 40% higher than that of
OSD.

Fig. 6(c) shows the components of the average cost. As we can see, cooperation
can decrease the cost of holding packets significantly, in the considered scenario this
cost is nearly independent from λp under COOP, OSD and ORC. Of course the price
is the increased cost of cooperation, which increases nearly linearly with λp not only
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Figure 6: (a) The average cost, (b) the relative cost, and (c) the components of
the average cost vs. the arrival rate at the PT, for scenario 5.

for COOP, but also for OSD and ORC.

Our results considering the changing primary or secondary load show that al-
though ORC can trade off the cost of cooperation and delay, its performance is not
significantly better than the better one of the deterministic (OPP or COOP) schemes.
The average cost can be significantly reduced with OSD. By utilizing cooperation
when it effectively decreases the packet holding cost, OSD can achieve secondary
queuing delays close to the one of COOP, however cooperating less frequently.
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6.5 On the performance of R-learning

Finally we consider the case when the traffic and link statistics and possibly even
the primary system state are not known for the SU, and the optimal sequential
decision policy needs to be found by R-learning (RL), as defined in Section 5. The
parametrization of R-learning is non-trivial [27]. We consider fixed exploration proba-
bility αt = 0.5 for t ∈ N

+ and update rates βr = 0.5 and βρ = 0.05. The optimization
of these parameters is beyond the focus of this paper.

We evaluate the convergence speed of RL in Fig. 7(a), showing the average cost
from time zero as a function of the number of iteration steps. We consider scenario
1 with Ch = 1 and Cc = 2, and single RL simulation runs for the full-state scenario
with buffer sizes Np = Ns = 5, 10,+∞, respectively. Similar convergence can be
shown under the reduced-state scenario. The figure shows that the average cost
converges fast and changes little after step 10, 000. The convergence speed is almost
unaffected by the buffer size, which shows that RL can efficiently discover the action
space in the states where the system resides with high probability.

Fig. 7(b) and (c) show the average cost with 95% confidence interval, based on 10
simulation runs. Each simulation run starts with a learning phase of 50, 000 iteration
steps. Then the policy is fixed and the average cost is calculated for the next 50, 000
time slots.

In Fig. 7(b) we compare the average cost of OSD under scenario 1 with different
buffer sizes, considering the LP solution with full knowledge on the traffic and link
statistics, and full-, and reduced-state RL. We show the OPP and COOP performance
for comparison. For all the three OSD solutions the cost first increases with the buffer
size, as packet losses are avoided, and remains constant once the packet loss ratio is
reduced almost to zero, showing that RL reaches a close to optimal solution even at
infinite buffer size. RL achieves a little higher average cost than LP, however, still
performs better than the two deterministic schemes, OPP and COOP. Comparing
RL with full- and reduced-state in Fig. 7(b) we see that the secondary system can
perform close to optimal dynamic access control even without knowing the exact
state of the primary queue.

Fig. 7(c) shows the average cost under the changing secondary load of scenario
4, where λp = 0.2 kept constant and λs increased. Similarly to Fig. 5(a), Fig. 7(c)
indicates that OPP and COOP performs well respectively at low and high λs, and
OSD with LP based optimization can achieve a tradeoff between the two deterministic
schemes. Most importantly we see, that RL can achieve a similar trade-off, with a
very slight increase of the average cost. The efficiency of the RL algorithms shown in
Fig. 7 motivates well its use to find dynamic secondary access control policies, when
the secondary user does not know a priori the traffic and link statistics, and even the
present queue size of the primary user.
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Figure 7: (a) The average cost from a single RL simulation run under the full-state
scenario. The average cost vs. (b) the buffer sizes under scenario 1, and
(c) the secondary arrival rate under scenario 4.

7 Conclusion

In this paper we considered cognitive spectrum sharing networks with non-backlogged
traffic, where the secondary user has the possibility to trade off cooperation cost and
channel access delay. We defined two dynamic secondary access schemes, sequential
decision and random cooperation, and compared them to static solutions with pure
opportunistic or pure cooperative access. We formulated the problem of optimal
sequential decision as an MDP with a cost function that combines the cost of coop-
eration, e.g., increased secondary energy consumption, and the cost of queuing delay,



E24 Dynamic Cooperative Secondary Access in Hierarchical Spectrum Sharing Networks

and proved the existence of a stationary policy that is average cost optimal. We
showed that dynamic secondary access with optimal sequential decision can achieve
significant gain compared to the static schemes. It can adapt the transmission policy
to changing cooperation cost or changing traffic intensities, and can achieve secondary
delays as low as the one of pure cooperative transmission, with significantly lower
cooperation cost. Optimal random cooperation can trade off cooperation cost and
delay as well, though with lower efficiency. In general, our results show that dynamic
secondary cooperation control is necessary, if the cost of cooperation is not negligible
for the secondary system.

We addressed the case when the primary user does not share traffic and link statis-
tics and even buffer state with the secondary one. In this case the secondary user can
adapt online reinforcement learning to find optimal stationary access policy. Specif-
ically, we considered R-learning, originally proposed to find average-cost optimal
solution in MDPs with unknown transition probabilities. Our results demonstrate
that reinforcement learning performs close to optimal, and therefore can provide a
very powerful solution in spectrum sharing networks where traffic and link statistics
are not known.
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