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Abstract— In order to maintain a conflict-free environment
among licensed primary users (PUs) and unlicensed secondary
users (SUs) in cognitive radio networks, providing frequency and
geographical information through control channels, such as the
cognitive pilot channel (CPC), has been recently proposed. While
existing literature focused on the type of information that these
control channels need to carry, this paper investigates the problem
of gathering this information cooperatively, among a network of
secondary base stations (SBSs). In this regard, given a cognitive
network where every SBS can only have accurate knowledge on a
small number of different primary users (PUs) or channels, each
SBS can cooperate with neighboring SBSs in order to improve
its view of the spectrum, i.e., learn about new PUs that can
subsequently be used by its served SUs. We model the problem
as a hedonic coalition formation game among the SBSs and we
propose an algorithm for forming the coalitions. Using the proposed
algorithm, each SBS can take an individual decision to join or leave
a coalition while maximizing its overall potential utility, which
accounts for the tradeoff between the benefit from learning new
channels through coalition members and the cost from receiving
inaccurate information. Simulation results show that the proposed
algorithm yields a performance advantage, in terms of the average
payoff per SBS reaching up to 165% relative to the non-cooperative
case for a large network with 27 SBSs.

I. I NTRODUCTION
Recently, the telecommunications world witnessed a surge in
wireless services which has significantly increased the demand
for the radio spectrum. However, the radio spectrum resources
are scarce and have, in majority, been already licensed to existing
operators. Recently, it has been shown that the actual licensed
spectrum remains unoccupied for large periods. Thus, cognitive
radio (CR) systems have been proposed [1] in order to efficiently
exploit these spectrum holes during which the licensed primary
users (PUs) are inactive. CRs or secondary users (SUs) are
wireless devices that can learn from their environment and,
hence, they are able to share the spectrum with the PUs, operating whenever the PUs are idle. Implementing CR systems is
a challenging task due to the need for a conflict-free coexistence
between the SUs and the PUs [2].
Recently, it has been established [3] (and the references
therein) that, in practice, the sensing time of CR networks, i.e.,
the time during which the SUs learn their environment, is large
and affects the access performance of the SUs. For this reason
as well as due to the increasing amount of information needed
for efficient coexistence between the SUs and the PUs, there has
been a recent interest in providing, through control channels,
assistance to the SUs on both the spectrum sensing and access
levels in order to improve the SUs’ sensing time, their access
strategies, as well as their energy consumption [4–8]. In [4],
a control channel, called the Common Spectrum Coordination
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Channel (CSCC) has been proposed for the announcement of
radio and service parameters to allow a coordinated coexistence
between SUs and PUs. Following a similar concept, the Cognitive Pilot Channel (CPC) has been recently proposed [5–8] as
a means for providing frequency and geographical information
to cognitive users, assisting them in sensing and accessing the
spectrum, notably in the presence of multiple access technologies
and PUs. As explained in [5–7], the CPC is a control channel
that carries information such as available spectrum opportunities,
existing frequencies, i.e., PUs or geographical information, allowing the SUs to improve their performance and avoid scanning
the entire spectrum for identifying spectrum holes and available
PUs. The different implementation possibilities for deploying the
CPC in cognitive networks are tackled in [5–8]. Namely, in [8], a
broadcast and an on-demand method for delivering the CPC data
to the SUs have been proposed. Further, the various information
that the CPC can carry are also investigated and detailed in [5–8].
The deployment of control channels such as the CPC, for
assisting the SUs in their spectrum exploration and exploitation
is a key technology for next generation cognitive systems. The
main existing work in this area focused on the information that
these channels can convey, as well as on implementation aspects.
To the best of our knowledge, no work has investigated how a
number of secondary cognitive base stations (SBSs) can interact
to share their knowledge on available PUs’ in order to improve
the quality and amount of information carried over their control
channel, hence, improving the performance of their served SUs.
The main contribution of this paper is to provide a cooperative
scheme among the SBSs in a multi-channel cognitive network
which allows them to share their knowledge on existing PUs
and their availability, and, hence, improve the quality of the
information conveyed over their control channels, e.g., the CPC.
By cooperating and learning the existence of alternative PUs
(channels) and their state, the SBSs can offer a better service to
their served SUs. We model the problem as a hedonic coalition
formation game and we propose an algorithm for forming the
SBS coalitions. Using the proposed algorithm, every SBS can
take an individual decision to join or leave a coalition, while
maximizing its overall potential utility which accounts for the
gains resulting from the exploration of the state of new PU
channels, as well as the costs resulting from receiving inaccurate
information on some channels from some of the cooperating
partners. Thus, the proposed algorithm allows the SBSs to selforganize into disjoint coalitions that constitute a Nash-stable
network partition. Within every formed coalition, the SBSs build
their control channels cooperatively by sharing their view of the
spectrum over the set of PUs that they are aware of and able
to sense. Simulation results show that the proposed algorithm

presents a significant performance advantage, in terms of average
payoff per SBS, reaching up to 165% improvement relative to
the non-cooperative case.
The rest of this paper is organized as follows: Section II
presents the system model. In Section III, we present the proposed cooperation protocol and model it using hedonic coalition
formation games. In Section IV, we propose an algorithm for
coalition formation. Simulation results are analyzed in Section
V and conclusions are drawn in Section VI.
II. S YSTEM M ODEL
Consider a cognitive network with N secondary base stations (SBSs) with each SBS i serving a number Li of secondary
users (SUs) in a specific geographical area, i.e., each SBS
provides coverage for a specific cell or mesh. We denote by N
the set of all SBSs. Within this network, K primary users (PUs)
exist with the set of PUs denoted by K. Each PU consists of
a transmitter-receiver pair that operates over a certain wireless
channel. Whenever any PU k ∈ K is not transmitting, the SUs
can use PU k’s channel in order to transmit their information.
Hereafter, we use the terms PU and channel interchangeably,
as every PU corresponds to a certain channel. We denote by
θk as the probability that PU k ∈ K is not transmitting, and,
hence, channel k is available. Each SBS i ∈ N can only gather
accurate statistics regarding a subset Ki ⊆ K of Ki ≤ K PUs,
during the period of time the channels remain stationary [1],
[2]. Subsequently, using a control channel such as the cognitive
pilot channel (CPC), each SBS can convey the statistics and
availability of these PUs to their served SUs in order to assist
them in their spectrum exploration and exploitation. Using this
information, the SUs can decide on which channels to access.
For each SBS i ∈ N , in order to detect the PUs in Ki , the
SBS uses energy detectors which are one of the main practical
signal detectors in cognitive radio networks [9]. In such a noncooperative setting, assuming Rayleigh fading, for every SBS
i ∈ N , the probability that SBS i accurately detects the presence
of any PU k ∈ Ki is given by [9, Eq. (4)]
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where m is the time bandwidth product, λi,k is the energy
detection threshold selected by SBS i for sensing channel k.
γ̄ki represents the average SNR of the received signal from
PU k ∈ Ki to SBS i and is given by γ̄ki = Pkσg2ki with Pk
the transmit power of PU k, σ 2 the Gaussian noise variance,
gki = 1/dµki the path loss between PU k and SBS i, µ the path
loss exponent, and dki the distance between PU k and SBS i.
Further, the false alarm probability perceived by SBS i ∈ N
over PU channel k ∈ Ki is given by [9, Eq. (2)]
λ
Γ(m, i,k
i
2 )
Pfal,k
=
,
(2)
Γ(m)
where Γ(·, ·) is the incomplete gamma function and Γ(·) is the
gamma function.
Consequently, for every SBS i ∈ N , in a non-cooperative
manner, the total potential utility that SBS i can obtain through

the information it conveys to its served SUs over its control
channel, e.g., its CPC can be given by

Li [
]
∑ ∑
i
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with Li the number of SUs served by SBS i and αk a penalty
factor imposed by PU k for any SU that causes interference
i
on k. The term (1 − Pdet,k
) represents the probability of miss,
i.e., the probability that SBS i considers channel k is available
while the PU is actually transmitting. Further, ρji represents the
probability that, during the transmission of SU j to its serving
SBS i at the time channel k is available, the received SNR at
SBS i is higher than a target desired level ν0 (probability of
successful transmission), and is given by [10] (Rayleigh fading)
Pj gji
0
ρji = exp ( −ν
γ̄ji ), where γ̄ji = σ 2 is the average SNR received
at SBS i from SU j with Pj the transmit power of SU j and
gji = d1µ the channel gain between SU j and SBS i. The target
ji
SNR ν0 is assumed the same for all SBSs, SUs and PUs.
Further, (ρkrk − ρjkrk ) represents the reduction in the prob0
ability of successful transmission ρkrk = exp ( γ̄−ν
) (γ̄krk is
krk
the average SNR achieved by PU k at its receiver rk ) of PU k
at its receiver rk , whenever SU j transmits over channel k at
a time when PU k is present (due to missing the detection of
0
PU k). In this context, the probability ρjkrk = exp ( γ̄−ν
) with
j
j
γ̄kr
k

Pk gkrk
σ 2 +gjk Pj
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represents PU k’s probability of successful
=
transmission at its receiver rk when SU j is transmitting over
channel k during the time this channel is occupied by PU k (gjk
is the channel gain between SU j and PU k ). Consequently,
the utility in (3) represents the total potential utility that any
SBS i ∈ N achieves through the information it provides over its
control channel/CPC to its served SUs. Every term in the double
summation of (3) is the difference between the performance
achieved when correct detection decisions are made by SBS i,
and the penalty imposed by the PU on the SBS when one of its
SUs accesses a channel while the PU is using that channel, i.e.,
due to the probability of miss of the SBS.
For improving their utilities in (3), the SBSs can cooperate
and share their knowledge of the existing PUs. By cooperating,
the SBSs can learn the availability of additional PUs and, hence,
become able to provide a more diverse channel selection for
their SUs. In the following section, we discuss the proposed
cooperative protocol among the SBSs and formulate it as a
hedonic coalition formation game.
III. S ECONDARY BASE S TATION C OOPERATION G AME
As every SBS is able to learn the statistics and provide the
information on only a subset Ki ⊆ K of PUs, there is a need
for some SBSs to cooperate and share their knowledge of the
spectrum, in order to improve the information they convey using
their control channels. However, while sharing the availability of
certain channels, some information may be received inaccurately
by certain SBSs, for example, due to the different channel
conditions that the cooperating SBSs perceive about some PUs.
In this regard, there exists an inherent cooperative tradeoff
between the benefits gained from learning new channels and
the costs in terms of the accuracy of the information provided
through cooperation, i.e., the trust between the cooperating SBSs.

Whenever any given coalition S ⊆ N of SBSs forms, its
members can continuously share the statistics and information
on their known PUs. Hence, the total number of known PUs by
any SBS i member of coalition S, i.e., i ∈ S is KS = ∪j∈S Kj
where Kj ⊆ K is the set of PUs known by any SBS j ∈ S.
Further, given any SBS i ∈ S, for any channel k ∈ KS \Ki , SBS
i has to learn the channel availability θk from one of the other
members of S. Consequently, given a coalition S and any SBS
k
i ∈ S, the perceived availability θ̄ij
of any channel k ∈ KS \ Ki
learned by SBS i through another SBS j ∈ S, is given by
k
k
θ̄ij
= τij
θk ,
(4)
k
where 0 ≤ τij
≤ 1 represents the level of trust that SBS i has
for the information provided by SBS j on the availability of PU
k. Note that, τiik = 1, ∀i ∈ N , k ∈ Ki . Ultimately, denoting by
H0k the state in which PU k is idle, i.e., not transmitting, the
k
trust value τij
perceived by any SBS i ∈ N about another SBS
j ∈ N from which SBS i is aiming to learn the statistics of PU
k ∈ K converges to the following probability:
Pr(i = H0k , j = H0k )
k
τij
= Pr(i = H0k |j = H0k ) =
, (5)
Pr(j = H0k )

where Pr(i = H0k |j = H0k ) is the probability that SBS i
perceives channel k as available given that SBS j claims so.
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the probabilities of detecting PU k by SBSs i and j as given by
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are, respectively, the false alarm probabilities
for SBSs i and j over channel k as given by (2). Further, we
j
j
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practice, SBS i is unaware of the statistics of PU k and needs
to learn these statistics from SBS j. Hence, SBS i cannot use
the expression in (5) to compute the trust value, since it is
i
unaware of its own probability of detection Pdet,k
for channel
k. Subsequently, for estimating these trust values, prior to any
formation of coalitions, the SBSs interact and, by using standard
trust learning algorithms (e.g. in [11]), they can compute an
estimate for the trust values, which they will subsequently utilize
to decide on whom to cooperate with.
Consequently, given any coalition S ⊆ N , the payoff ϕi (S)
of any SBS i ∈ S is given by
Li [
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ik
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(1 − Pfal,k
)θ̄ii
ρ
k ji
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ik
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k
where θ̄ii
is given by (4), and ik ∈ S indicates the SBS in S
k
that is providing the information on channel k for SBS i. For
any channel that SBS i is able to sense on its own, i.e., for any
k ∈ Ki we have ik = i, however, for any channel that SBS
i needs to learn from
i.e., for any k ∈ KS \ Ki , we
∑Lothers,
ik
ik
i
)(1 −
)θ̄k ρji − αk (1 − Pdet,k
have ik = arg max( j=1
((1 − Pfal,k
j∈S\{i}

θ̄k )(ρkrk − ρjkrk ))). In other words, any SBS i part of a coalition
S relies on its own sensing results for any channel that it already
knows, i.e. channels in Ki , while for any channel k ∈ KS \ Ki
that it needs to learns from its cooperating partners in S \ {i},
SBS i selects the partner which gives the maximum benefit.

For mathematically modeling the SBS cooperation problem,
we refer to coalitional game theory [12], [13]. Thus, the introduced SBSs cooperation problem can be modeled as a coalitional
game with a non-transferable utility [12, Chap. 9]:
Definition 1: A coalitional game with non-transferable utility
is defined by a pair (N , V ) where N is the set of players and
V is a mapping such that for every coalition S ⊆ N , V (S) is a
closed convex subset of RS that contains the payoff vectors that
players in S can achieve.
For the proposed game, the mapping V is defined as
V (S) = {x(S) ∈ RS | xi (S) = ϕi (S), ∀i ∈ S},
(7)
where ϕi (S) is given by (6). The proposed game is an (N , V )
coalitional game with non-transferable utility since the mapping
V as per (6) and (7) is a singleton set, hence, closed and convex.
Furthermore, as clearly seen from (4) and (6), due to the trust
between the SBSs, cooperation entails costs, and, hence, is not
always beneficial for the SBSs. Due to the trust costs, the size
of a coalition is limited and certain SBSs may never cooperate.
Hence, traditional solution concepts for coalitional games, such
as the core [12], may not be applicable [13], [14]. In fact, in
order for the core to exist as a solution concept, a coalitional
game must ensure that the grand coalition, i.e., the coalition of
all players will form. For the proposed game, as corroborated
by (4) and (6), in general, the grand coalition will not always
form due to the costs for cooperation. Instead, independent
and disjoint SBS coalitions will appear in the network. In this
regard, the proposed SBSs cooperation game is classified as a
coalition formation game [13], [14], and the objective is to find
an algorithm that allows to form the SBS coalitions.
For instance, the proposed SBS coalitional game can be
modeled using a class of coalition formation games known as
hedonic coalition formation games [13], [15]. Notably, this class
of games entails several interesting properties that can be applied,
not only in economics such as in [15] (and references therein),
but also in wireless networks’ problems such as the proposed
SBSs game. A coalition formation game is classified as hedonic
if and only if: (i)- The payoff of any player depends solely on the
members of the coalition to which the player belongs, and (ii)The coalitions form as a result of the preferences of the players
over their possible coalitions’ set. In the proposed SBS game, by
inspecting (6) one can see that the payoff of any SBS i depends
only on the identity of the SBSs in the coalition to which SBS i
belongs, with no dependence on any other SBS. Hence, the first
hedonic condition is verified. For the second condition, prior to
defining how the preferences of the players over the coalitions
can be used in our model, we introduce the following definition:
Definition 2: A coalitional structure or coalition partition is
defined as the set Π = {S1 , . . . , Sl } which partitions the players
set N , i.e., ∀ k ∈ {1, . . . , l}, Sk ⊆ N are disjoint coalitions such
that ∪lk=1 Sk = N .
In a hedonic game setting such as in the proposed SBS
coalition formation game, each player can build preferences
over its own set of possible coalitions using the concept of a
preference relation or order as follows [15]:
Definition 3: For any player i ∈ N , a preference relation or
order ≽i is defined as a complete, reflexive, and transitive binary

relation over the set of all coalitions that player i can possibly
form, i.e., the set {Sk ⊆ N : i ∈ Sk }.
Consequently, for a player i ∈ N , given two coalitions S1 ⊆
N and, S2 ⊆ N such that i ∈ S1 and i ∈ S2 , S1 ≽i S2
implies that player i prefers to be member of coalition S1 , over
being member of coalition S2 , or i is indifferent between S1 and
S2 . Further, using the asymmetric counterpart of ≽i , denoted
by ≻i , then S1 ≻i S2 , indicates that player i strictly prefers
being a member of S1 over being a member of S2 . For every
application, an adequate preference relation ≽i can be defined to
allow the players to quantify their preferences. Given the set of
players N , and a preference relation ≽i for every player i ∈ N , a
hedonic coalition formation game is defined by the pair (N , ≻)
where ≻ is a profile of preferences, i.e., preference relations,
(≽1 , . . . , ≽N ) defined for every player in N [15].
For the proposed coalition formation game, we propose the
following preference relation for any SBS i ∈ N , in order to
cast the game as a (N , ≻) hedonic coalition formation game:
S1 ≽i S2 ⇔ wi (S1 ) ≥ wi (S2 ),
(8)
where S1 , S2 ⊆ N , are any two coalitions that contain SBS i,
i.e., i ∈ S1 and i ∈ S2 and wi is a preference function defined
for any SBS i ∈ N and any coalition S such that i ∈ S as
follows 

xi (S), if (xj (S) ≥ xj (S \ {i}),
wi (S) =
∀j ∈ S \ {i}& hi (S) ≤ ηi ) or (|S| = 1),


−∞,
otherwise,
(9)
where xi (S) is the payoff received by SBS i in coalition S as
per given by (6) and (7), hi (S) is the number of times that SBS
i visited and then left coalition S (i.e., hi (S) reflects the history
of the coalitions that i has visited), and ηi is a threshold used
by SBS i for hi (S) indicating the maximum number of times
that SBS i will visit and leave a certain coalition S before never
revisiting S. Consequently, the proposed SBS coalitional game
verifies both hedonic conditions, and, hence, we have:
Property 1: The proposed SBS coalition formation game is
modeled as a (N , ≻) hedonic coalition formation game, with the
preference relation ≽i given by (8) for any SBS i ∈ N .
IV. H EDONIC C OALITION F ORMATION A LGORITHM
For the proposed (N , ≻) hedonic SBS coalition formation
game, we propose the following rule for coalition formation:
Definition 4: Switch Rule - Given a partition Π =
{S1 , . . . , SM } of the SBSs’ set N , an SBS i decides to leave
its current coalition Sm , for some m ∈ {1, . . . , M } and join
another coalition Sk ∈ Π ∪ {∅}, Sk ̸= Sm , hence forming
Π′ = {Π \ {Sm , Sk }} ∪ {Sm \ {i}, Sk ∪ {i}}, if and only if
Sk ∪ {i} ≻i Sm . Hence, {Sm , Sk } → {Sm \ {i}, Sk ∪ {i}} and
Π → Π′ .
The switch rule provides a mechanism through which any SBS
is able to take an individual decision to leave its current coalition
Sm and join a different coalition Sk ∈ Π, as long as Sk ∪ {i} ≻i
Sm as per (8). Thus, an SBS would switch to a new coalition if
it can strictly improve its payoff, without decreasing the payoff
of any member of the new coalition (given the consent of these
members) as per (8) and (9). Note that whenever an SBS leaves

a coalition Sm , |Sm | > 1 to join another coalition (occurrence
of a switch), the history counter hi (Sm ) is increased by 1.
Subsequently, the proposed hedonic coalition formation algorithm is composed of three main stages: learning stage, hedonic
coalition formation stage, and control channel transmission stage.
In the first stage, prior to any coalition formation, the SBSs
can discover their neighboring SBSs through algorithms such as
in [16], and, by using standard trust learning algorithms (e.g.
in [11]), each SBS in N can form an estimate of the trust
values in (5) that it assigns to the other SBSs. Following the
learning stage, hedonic coalition formation begins. First, each
SBS starts by investigating the possibility of performing a switch
operation by engaging in pairwise negotiations with discovered
SBSs/coalitions. Once a potential switch operation is identified
(using (8)), every SBS can make a distributed decision to switch
to the newly preferred coalition. In this stage, we consider that
the SBSs make their switch decisions in a random, but sequential
order (dictated by the SBS who makes the first request to
cooperate). Each SBS can easily make the decision to switch
as it leaves its current coalition and coordinates, through the
backbone, the joining of the new coalition whose members agree
on the joining of this SBS as per (8) and (9). The convergence
of the proposed coalition formation algorithm during this phase
is guaranteed as follows:
Theorem 1: Beginning with any initial network partition
Πinit , the hedonic coalition formation stage of the proposed
algorithm always converges to a final network partition Πf
composed of a number of disjoint coalitions of SBSs.
Proof: Due to space limitation, we provide only a succinct
sketch of the proof. The convergence is mainly a result of the
defined preferences in (8) and (9) and the fact that he number of
partitions of a set is finite (as given by the Bell number [14]). As
per (8) and (9), one can see that, whenever an SBS i ∈ N makes
a switch operation, it can only revisit a certain coalition (with
size greater than 1) for a maximum of ηi times. After leaving
any coalition that was revisited ηi times (if such a case occurs),
an SBS i would definitely visit a new coalition. Although the
SBS can also decide to revert to acting non-cooperatively at
any time (switch to a coalition of size 1), once this SBS acts
non-cooperatively it can either remain non-cooperative forever
or, ultimately, rejoin a new coalition, hence, yielding a new
partition. Hence, the proposed hedonic coalition formation phase
is a sequence of switch operations where it is guaranteed that at
a certain point in time each switch operation would result in a
newly visited partition, and due to the finite number of partitions
of a set, this sequence of switch operations (hedonic coalition
formation stage) always converges to a final partition Πf .
We study the stability of the partition Πf resulting from the
convergence of our algorithm using the following concept [15]:
Definition 5: A partition Π = {S1 , . . . , SM } is Nash-stable
if ∀i ∈ N s.t. i ∈ Sm , Sm ∈ Π, Sm ≽i Sk ∪ {i} for all Sk ∈
Π ∪ {∅}.
Hence, a partition Π is Nash-stable, if no SU has an incentive
to move from its current coalition to another coalition in Π or
to deviate and act alone.
Proposition 1: Any partition Πf resulting from the coalition
formation phase of the proposed algorithm is Nash-stable.

Proof: If the partition Πf resulting from the proposed algorithm is not Nash-stable then, there ∃i ∈ N with i ∈ Sm , Sm ∈
Πf , and a coalition Sk ∈ Πf such that Sk ∪ {i} ≻i Sm . Hence,
SBS i can perform a switch operation which contradicts with
the fact that Πf is the result of the convergence of the proposed
algorithm (Theorem 1). Thus, any partition Πf resulting from
the hedonic coalition formation stage is Nash-stable.
Following the convergence of the hedonic coalition formation
stage to a Nash-stable partition, the third and last stage of
the algorithm entails the construction and transmission of the
information by the SBSs. In this stage, each SBS can convey
the information it collected from its coalition members, along
with its own information, to its served SUs through a control
channel such as the CPC using distribution methods such as in
[8]. Subsequently, the SUs can access the spectrum. A summary
of one round of the proposed algorithm is given in Table I.
The proposed algorithm can be implemented in a distributed
manner, since, as already explained, the switch operation can
be performed by the SBSs independently of any centralized
entity. First, following the learning stage, the SBSs engage in
pairwise negotiations, over the backbone, with their neighbors to
identify possible switch operations. Given a present partition Π,
for every SBS, the computational complexity of locating a switch
operation, is O(|Π|) in the worst case (the maximum value of
|Π| is |Π| = N when the network is still non-cooperative). For
performing a switch, each SBS needs to evaluate its potential
utility in (6), which can be easily done as the SBS has knowledge
of the metrics of its own channels and can obtain the rest
of information needed to evaluate (6) from the SBSs of the
candidate coalition by coordination over the backbone. Once a
switch is identified, the SBS can leave its current coalition, and
join the new coalition.
V. S IMULATION R ESULTS AND A NALYSIS
For simulations, we set up a network composed of several
cells, divided into various blocks composed of 3 adjacent cells.
Each cell is a 1 km×1 km square with the SBS at the center.

1.5
PU 9
PU 6
PU 8
SBS 7
K = {5,7,8}
7

SBS 8
K = {1,5,8}

SBS 9
K9 = {3,6,7}

8

0.5
SBS 5
K5 = {2,4,7}
PU 3

PU 7
Position in y (km)

TABLE I
O NE ROUND OF THE PROPOSED SBS COOPERATION ALGORITHM
Initial State
The network is partitioned by Πi={S1 , . . . , Sk } (At the beginning
of all time Πi = N = {1, . . . , N } with non-cooperative SBSs).
Three stages in each round of the algorithm
Stage 1 - Learning Stage:
Each individual SBS discovers its neighboring SBSs and their
characteristics using algorithm such as in [16].
Each individual SBS, via trust learning algorithms (e.g. in [11])
computes an estimate of the trust values in (5).
Stage 2 - Hedonic Coalition Formation:
repeat
Each SBS i ∈ N engages in pairwise negotiations with
discovered neighbors, to identify potential switch operations.
Once a switch operation is found using (8):
a) SBS i leaves its current coalition Sm and updates
hi (Sm ) if necessary.
b) SBS i joins a new coalition Sk with the consent of the
members of Sk .
until convergence to a Nash-stable partition.
Stage 3 - Control Channel Transmission:
a) Each SBS gathers information from its coalition members.
b) The SBS builds its control channel, e.g., the CPC
c) The information is conveyed within every cell over the control
channel using methods such as in [8]
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Fig. 1. A snapshot of a network resulting from the proposed algorithm with
N = 9 SBSs (cells), K = 9 PUs, and 8 SUs per cell.

Within the area of a single cell, we randomly deploy 8 SUs
per SBS and within the whole network, K PUs (transmitterreceiver pairs distant of at most 1 km) are deployed. Initially, we
assume that each SBS i ∈ N can non-cooperatively learn and
convey the statistics of Ki = K
3 channels (these non-cooperative
Ki channels are randomly picked among the available PUs1 ).
We set the transmit power of all the SUs to 10 mW, the transmit
power of all the PUs to 100 mW, the path loss constant to µ = 3,
the target SNR to ν0 = 10 dB, the noise variance to σ 2 =
−90 dBm, the threshold ηi = η = 5, ∀i ∈ N and the penalty
factor to αk = 50, ∀k ∈ K. The energy detection threshold λi,k
for an SBS i over channel k is chosen such that the false alarm
i
probability Pf,k
= 0.05, ∀i ∈ N , k ∈ K which is a typical
value in cognitive networks [2]. The time bandwidth product is
set to a common value m = 5 [9].
In Fig. 1, we show a snapshot of the network structure
resulting from the proposed algorithm for N = 9 SBSs/cells with
K = 9 PUs randomly deployed. For figure clarity, the receivers
of the PUs are not shown. Fig. 1 shows 4 different coalitions
that formed among the various SBSs along with their known
PUs. The partition in Fig. 1 is Nash-stable since no SBS has an
incentive to switch its current coalition. For example, SBS 3 has
a payoff of ϕ3 (S2 ) = 13.17 when being part of coalition S2 =
{3, 7, 8}, by switching to act non-cooperatively, this payoff drops
to ϕ3 ({3}) = 8.89. Similarly, if SBS 3 wants to switch from S2
to join with SBS 2 or coalition S3 = {4, 9}, its utility drops
to ϕ3 ({2, 3}) = 8.95 and ϕ3 ({3, 4, 9}) = 10.93, respectively.
Although by joining with coalition S1 = {1, 5, 6} SBS 3
improves its payoff from ϕ3 (S2 ) = 13.17 to ϕ3 ({3, 1, 5, 6}) =
15.54, the members of S1 do not agree on the joining of SBS 3
since, as a result, their payoffs would drop from ϕ1 (S1 ) = 15.48,
ϕ5 (S1 ) = 12.69, ϕ6 (S1 ) = 19.1 to ϕ1 ({3, 1, 5, 6}) = −69.38,
ϕ5 ({3, 1, 5, 6}) = 9.31, ϕ6 ({3, 1, 5, 6}) = 18.83. This drop is a
consequence of low trust values between SBS 3 and the members
of S1 , notably SBS 1.
In Fig. 2, we show the average payoff achieved per SBS
1 This method of selection is considered as a general case, other methods for
non-cooperatively picking the PUs can also be accommodated.

40

16

Non−cooperative
Proposed hedonic coalition formation

14

35

Average coalition size
Average maximum coalition size

10
Coalition size

Average payoff per SBS

12

30

25

20

8

6

4

15

2

10
3

6

9

12
15
18
Number of SBSs (N)

21

24

27

Fig. 2. Average payoff per SBS vs. number of SBSs (cells) N for a network
with K = 15 PUs.

for a network with K = 15 channels as the number of SBSs
in the network, N , increases. The results are averaged over
random positions of all nodes (SUs and PUs) and the random
realizations of the probabilities θk , ∀k ∈ K. Fig. 2 shows that,
as the number of SBSs N increases, the performance of both
the proposed scheme and the non-cooperative scheme increases.
However, the slope of increase of the performance of the noncooperative scheme is slower than that of the proposed algorithm.
For the non-cooperative case, this increase is a sole result of the
fact that, as N increases, a more diverse selection of channels
is possible non-cooperatively. For the proposed algorithm, the
increase in the average payoff per SBS with N is due to the
increased possibility of finding better cooperating partners and
sharing more channels among the SBSs. At all network sizes, the
proposed hedonic coalition formation algorithm maintains a significant performance advantage compared to the non-cooperative
case, increasing with N , and reaching up to 165% relative to the
non-cooperative case at N = 27 SBSs.
In Fig. 3, we show the average and average maximum coalition
size (averaged over the random positions of the PUs and SUs and
the random realizations of the probabilities θk , ∀k ∈ K) resulting
from the proposed hedonic coalition formation algorithm as
the number of SBSs, N , increases, for a network with K =
15 channels. Fig. 3 shows that both the average and average
maximum coalition size increase with the number of SBSs. This
is mainly due to the fact that as N increases, the number of
candidate cooperating partners increases. Through Fig. 3 we note
that the formed coalitions have a moderate to large size, with the
average and maximum coalition size, respectively, ranging from
around 1.4 and 1.6 at N = 3 to around 8.4 and 15.6 at N = 27.
Using hedonic coalition formation among SBSs, the resulting
network is mainly composed of a small number of relatively
large coalitions rather than a large number of small coalitions.
VI. C ONCLUSIONS
In this paper, we proposed a novel cooperative scheme allowing the SBSs in a cognitive radio network to share their
knowledge of the spectrum, and, hence convey better information
(for the SUs) over their control channels such as the cognitive
pilot channel (CPC). We modeled the problem as a hedonic
coalition formation game and we derived an algorithm for
coalition formation. Using the proposed algorithm, each SBS
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Fig. 3. Average and average maximum coalition size vs. number of SBSs (cells)
N for a network with K = 15 PUs.

can take an individual decision to join or leave a coalition,
while maximizing its utility. The utility of every SBS accounts
for the benefits from learning new channels and the costs
from receiving inaccurate information. Further, we showed that,
using hedonic coalition formation, the SBSs can self-organize
into a Nash-stable partition. Simulation results show that the
proposed algorithm improves the average payoff per SBS up to
165% relative to the non-cooperative case for a large network
of 27 SBSs. Future work can consider, among others, joint
collaborative spectrum sensing, advanced SUs multiple access
schemes and the impact of the delay for sending the CPC data.
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