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Abstract

We present a distributed opportunistic channel acquisitiechanism in dynamic spectrum access (DSA) networks. &lnov
graph MAximum SPECTrum packing algorithm (MASPECT), is pweed for a system wittv secondary networks, in which,
each secondary network makes use only of the local topolufgymation (i.e., information about itself and its one-hwgghbors)
to resolve contentions during channel access. The promigedthm also adapts easily to topological changes. Mpgtaaches to
channel acquisition either use centralized graph colagyroaches or use distributed approaches that result &r wnitization of
spectrum resources. We show that the proposed MASPECTitalgoresults in improvements by upto one order of magnitude i
the spectrum utilization for the secondary networks andlteén Jain’s fairness index of abo019. We further present eodified
probabilistic heuristic, PMASPECT, that improves the tieration time of the algorithm by upto two orders of magnitudie the
best of our knowledge this is the first heuristic proposedetiuce the termination time, that makes use of the relatigeeds of
a node and its one hop neighboid/e also study the impact of the proposed MASPECT algorithneach individual secondary
network in the system in the presence of primary activity: Each secondary network, the proposed algorithm is obdexve
result in upto two orders of magnitude of reduction in the mal blocking and in the call dropping probabilities in theegence
of primary activity.

Index Terms- DSA Networks, Graph Coloring, Distributed OpportunistipeBtrum Access.

|I. INTRODUCTION

The paradigm of dynamic spectrum access (DSA) [1] has peavitew avenues for research due to the flexibility provided
by allowing un-licensed users to use licensed spectrumdarttese un-licensed “secondary users” can opporturligticse
the portions of the spectrum (called white spaces) that aresed by the licensed “primary users”. The network service
providers that provide services to the secondary usersallecsecondary networks. Secondary users sense thespéoir
availability of spectrum holes and follow specific protacat accessing the spectrum (e.g., [2]). In order to effityeutilize
the white spaces, the un-used spectrum should be re-used Imamy secondary networks as possible. However, the set of
secondary networks that re-use the same set of spectruns Istiodild satisfy the re-use constraints. These constraists
typically characterized by a re-use distandg,;,,, indicating that users (or in some cases, networks) thaiseethe same
spectrum bands should be spaced by a distance of atdgastfrom each other.

Due to the scarcity of the available spectrum and the growiamgands for spectrum from the users, it is essential to dpvel
efficient mechanisms to allocate the spectrum to the secpnmddworks by maximizing the re-use and yet satisfy the se-u
constraints. The spectrum allocation problem is typicailydeled as a graph coloring problem [3] where each spectamd b

represents a color, each network represents a vertex inrépd @nd two vertices are adjacent if the corresponding ar&sv



cannot re-use the same band. The graph coloring approa@ettrism assignment can be applied to adhoc wireless neswork
[4] as well as to networks with infrastructure [5] (e.g., lor networks). The graph coloring problem is known to be an
NP-complete problem [3] and thus only heuristic solutioriste

A broad survey on resource allocation in cellular netwotksugh graph coloring mechanisms can be found in [5]-[10]
and in the references therein. However, most of these warksod consider the dynamic availability of spectrum bands du
to the presence of primary users and thus can not be direpplied to DSA networks. As far as dynamic opportunistic
spectrum access and management are concerned, there ieggingnbody of work that deal with different decision making
aspects, issues and challenges in cognitive radio netvattikg. Pencet al [11] discuss graph coloring approaches to improve
throughput for opportunistic spectrum access. Subramastial [12] presented spectrum allocation mechanisms using a Max
K-cut approach for cellular dynamic spectrum access nétsvasith a centralized controller. Centralized approacloegraph
channel assignment in cognitive radio networks were algsgnted in [13]. Willkommet al [14] present graph coloring
approaches to enable dynamic frequency hopping in cognitidio networks. Fan and Zhang [15] present an interference
graph coloring approach for spectrum access in DSA netwdtlstirvey of spectrum management in cognitive radio netaork
can be found in [16]. However, most of these researches a&stuenpresence of somewhat centrally controlled approaches

Centralized graph coloring for spectrum allocation reggiiknowledge of the entire topology of the network, whichran
be obtained in practice in DSA networks due to the large nurobsecondary networks. Moreover, DSA networks typically
do not have a centralized controller to manage the spectouralifthe secondary networks. It is noted that for each nduke,
re-use constraints affect only the node itself and its oo +eighbors, i.e., the nodes that share an edge with it. ¢{éheach
node, knows information about its one-hop neighbors, theth@ nodes can access the spectrum in a distributed mander a
yet satisfy the re-use constraints. A more practical chkaoeess mechanism would therefore be to obtain spectrumdsban
based on the local information, i.e., using a distributegprcoloring algorithm.

A distributed graph edge coloring heuristic was proposefl . More detailed descriptions of centralized and distréd
graph coloring approaches can be found in [18]. Studies stmilolited graph coloring mostly propose heuristics thatopm
single coloring of graphs. In most such approaches, fadrie®btained by disallowing nodes that have obtained a ctdor
participate further in the contention for additional calofhis could lead to under-utilization of the spectrum imscscenarios.

As an example, consider the graph shown in Fig. 1, which camfaur vertices and four edges. In this graph, note that the
node B can re-use the same color as nodésand D. However, according to the existing graph coloring heinsshode

B obtains the same color as nodeor that as nodeD but not both. In terms of spectrum management in DSA networks



this indicates that the network would re-use the same set of spectrum bands as those usedviaykné€’ or network D.
However, by having a distributed algorithm to perform a ¢rapaximum spectrum packingwe can assign two colors to
node B such that it shares the same color as nademnd D. In the DSA context, this means that netwdskcan now re-use
those spectrum bands used by netwatkand network D, thus improving the overall utilization of the spectrum.eféfore,
it is essential to provide channel access mechanisms thabgportunistic with respect to not only the primary acgiviut
also other secondary networks.

We use this as a motivation to provide a distributed algorifior graph coloring that provides multiple colors to cettai
nodes without violating the re-use constraints. We cal$ thie graphmaximum spectrum packindMASPECT) algorithm.
The proposed MASPECT algorithm results in more efficientcapen management in DSA networks as it provides better
utilization of spectrum resources. The MASPECT algorithegibs like most traditional approaches by assigning a calor
the node of the highest degree. We however, present a nowtlanism that not only ensures that all nodes obtain at leest o
color, but also improves spectrum management by enablirigicenodes obtain multiple colors, opportunistic withpest to
other nodes in addition to the primary, while yet satisfythg re-use constraints. We consider a system witlsecondary
networks. In order to account for all possible re-use cansts, we generate random Bernoulli graphs [19] with a d$@eki
graph density and apply the proposed graph maximum speqiagking algorithm for the thus generated graphs. We show
that the proposed distributed algorithm has@fV (N + e)) complexity for a graph withV nodes and: edges. We compare
the performance of the proposed distributed algorithm witdt of traditional graph coloring algorithms both at a systevel
(i.e., including all the secondary networks in the system) at a network level (i.e., the benefit provided by the pregdos
algorithm to an individual secondary network). The progbalkgorithm is observed to result in 20% to one order of mamgisit
of improvement in the total spectrum bandwidth obtained ey secondary networks. For an individual secondary network
we compare the performance in terms of the new call blockirpgbility and call dropping probability in the network in
the presence of primary activity. The proposed algorithsuite in a reduction by two orders of magnitude in the new call
blocking probability in the call dropping probability, cqrared to traditional graph coloring approaches.

We then introduce anodified heuristic PMASPECT, where nodes request for colors according poobabilistic heuristic
as against a deterministic manner. In [20], a scheme waspeapaccording to which, nodes request for any one &failable
colors with equal probability. While this scheme does redtie termination time, it does not exploit the relative @egrof
the nodes in the graph. We propose a heuristic according tchwhodes request for different colors with a probabilttait

depends on the relative degree of the node and its one-hghbws.To the best of our knowledge, there has been no previous



work in the literature that has presented heuristics thaliag the relative degrees of the nodes, to reduce the textion time
of the graph coloring algorithmThe proposed probabilistic heuristic, PMASPECT, redubesptrobability of two neighboring
nodes contending for the same color, thus resulting in allesoobtaining colors faster. We show that such a heuristic ca
reduce the number of rounds of iterations and result in fastenination of the spectrum access procedure. The PMASR&EC
observed to provide 15% improvement (in terms of speed aiiteation) for sparse graphs and about two orders of magaitud
of improvement for dense graphs compared to the MASPECTrithgo.

The rest of the paper is organized as follows. We describealgarithms and analysis in Section Il. Numerical results ar
provided in Section Ill. Conclusions are drawn in Section IV

II. DISTRIBUTED OPPORTUNISTICSPECTRUMACCESS

Consider a system wittv' secondary networks represented as\annode graph and’,,,,, available channels (or colors).
The basic principle applied in graph-coloring heuristissthat the node with the highest degree (i. e., maximum number
of one hop neighbors) should be assigned a color first siniseréiduces the conflict for colors for the other nodes thus
resulting in faster allocation. We begin by applying the samie in the proposed algorithm. We first present the initeakion
of the algorithm, MASPECT, (Section 1I-A) and then presentimprovement to the MASPECT algorithm using the novel

probabilistic heuristic called PMASPECT (Section 11-B).

A. MASPECT Algorithm

The MASPECT is a distributed algorithm that enables the sanl¢he graph acquire a color. It is therefore essentialttieat
different nodes in the graph (i. e., the different netwonkghe system) exchange information about each other, peaibd
on a dedicated control channel. The information exchangedisted below.

1) The node DEGREE (i. e., the number of one hop neighborsach eode). This information can be easily obtained from
the neighbor listin infrastructure networks and from theeaconsin ad hoc wireless networks. Since these messages
are periodically broadcast in practical wireless systemash node can easily obtain this information and update them
periodically.

2) RANDOM-BACKOFF This is a randomly generated integer thatps nodes resolve the case when two neighboring
nodes are of the same degree. In our heuristic, we consigendle that generates the smaller number to win the
contention.

3) COLOR-OBTAINED. This information element allows eachdedo mention the color it has obtained to all its neighbors

so that they can refrain from trying to acquire the same cfilus is essential to satisfy the re-use constraints).
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4) ALL-NEIGHBORS-DONE. This is a binary variable which takéhe values ‘1’ if all neighbors of a node have obtained
at least one color. This message enables the proposedbdiisttialgorithm to perform a maximum spectrum packing as
will be seen in Algorithm 1.
5) ALL-NEIGHBORS-ISSUED-TERMINATE. This is a bit that a nedbroadcasts as a ‘1’ to indicate that all of its neighbors
have broadcast an ALL-NEIGHBORS-DONEL and ‘0’ to indicate otherwise. This information from all thedes will
be used as a termination condition for the proposed alguorith
It is noted that the set of information listed above are ergea only between each node at its adjacent nodes (i.e., one-
hop neighbors). Hence only local information is used by la#l hodes in the distributed graph maximum spectrum packing
(MASPECT) algorithm, (described in detail in Algorithm Tpr a graphG(V, E, Ciax)-

Before proceeding any further, we present an illustratkengple to explain how the proposed MASPECT algorithm works.
Fig. 2 shows the sequence of color assignments to nodes wbpa &5 of Algorithm 1 are applied to the graph in Fig. 2(a)
with Ciax = 9. Since NodeA has the largest degree, it obtains color 1 at the end of rounghére a round denotes one
complete set of operations from Steps 2) to 4(c)i). In rounddle B obtains color 2 and among Nod€sand D, both of which
have equal degree, one of them (say, N6feobtains color 2 due to generating a smaller RANDOM-BACKORFthe end
of round 2, the value of ALL-NEIGHBORS-DONE 1 for Node B and that for Noded = 0. Therefore, Nod&3 can request
for an additional color (color 3) in round 3. Thus, at the efidaund 3, NodesB and D obtain color 3.Node B therefore
obtains multiple channels (colors) by opportunisticalkpmiting the local topologyAt Step 6 of the MASPECT algorithm,

K’ = 3 and hence, upon executing Steps 7 and 8 With.x = 9, the set of colors obtained by Nodg x4 = {1,4,7}.
Similarly, xc = {2,5,8}, xp = {3,6,9} andxs = {2,3,5,6,8,9}.

We now describe how our algorithm adapts to changes in theldgp (Section 11-A1) and then proceed to perform the
complexity analysis of Algorithm 1 in Section II-A2. We entig subsection with the discussion on how the proposed
MASPECT algorithm can impact the performance of an indigidsecondary network (which represents an individual nade i
the graph) in the presence of primary activity (Section 8}A

1) Adaptation to topological changeThe MASPECT algorithm also adapts itself easily to topatagichanges in the
system. As an example, if a new node is added to the grapre&monding to a new secondary network entering the system),
then the new node can query its one-hop neighbors to obtairdighof colors obtained by them at the end of Step 5 in
Algorithm 1. The new node then acquires all the missing el&or example, consider the graph shown in Fig. 3(a). Nodes

A, C and D are present in the system initially. After executing Stegsifh Algorithm 1, nodesA, C and D obtain colors 1,



Algorithm 1 The MASPECT algorithm that performs a distributed graph imaxn spectrum packing.
1) INITIALIZE
a) REQUESTED-COLOR=1 for all vertices
b) OBTAINED-COLOR=0 for all vertices
¢) ALL-NEIGHBORS-DONHwv] = 0 for all vertices
d) ALL-NEIGHBORS-ISSUED-TERMINATHEv] = 0 for all vertices
e) PAUSHv] = 0 for all vertices. If a vertex obtains a color then it shall mantend for more colors until all its
neighbors obtain at least one color. PAUgEenables enforcement of this.
2) DECIDE WINNER
a) Among vertices such that PAUSE = 0 and those contending for the same color, the one with theekigiegree
is the winner.
b) If two vertices have same degree, then the one with theleamRANDOM-BACKOFF is the winner
3) ASSIGN COLOR: If vertexv is a winner
a) Assign its requested color, i. e., OBTAINED-COLOR=Resjad color forv
b) Broadcast OBTAINED-COLOR to the neighbors
¢) PAUSHv] = 1. This prevents from contending further for colors
4) CHECK IF ALL NEIGHBORS OBTAINED COLOR
a) for all verticesv
i) If OBTAINED-COLOR for all neighbors> 0, ALL-NEIGHBORS-DONEv] =1
i) MAX=maximum of the OBTAINED-COLOR of itself and its neltpors
i) REQUESTED-COLORv]=MAX+1
b) for all verticesv
i) If ALL-NEIGHBORS-DONE[v]=1 and ALL-NEIGHBORS-DONE=1 for all neighbors ofv, ALL-
NEIGHBORS-ISSUED-TERMINATE] = 1
c) for all verticesv
i) If ALL-NEIGHBORS-DONE[v] = 1 and ALL-NEIGHBORS-ISSUED-TERMINATE] = 0, PAUSEv] = 0.
This step allowsv to contend for another color after obtaining the first colessentially this is the condition
that enables maximum spectrum packing of the graph. Thisistplies that a vertex can contend for additional
colors if all its neighbors obtain atleast one color andehexists some other vertex in the graph which has not
obtained a color.
5) If ALL-NEIGHBORS-ISSUED-TERMINATE=1 for all verticesgo to Step 6 else go to Step 2.
6) K’ := the largest color assigned to any node in the graph.
7) forv eV,
a) fori € set of colors assigned to
i) Assign colors{i + K’ i+ 2K’ -, i+ [Cuax=t |K'} to 0.
b) end
8) end

2 and 3, respectively as shown in Fig. 3(b)-3(d). L&t.. = 9. Then at the end of Step 7 in Algorithm %4 = {1,4,7},

xc ={2,5,8} andxp = {3,6,9}. Let nodeB enter the system and let be its only one-hop neighbor as shown in Fig. 3(e).
Node B queries noded for the list of the colors it obtained at the end of Step 5 ar@vthlue of K’. From this information,
nodeB computesy 4. Since nodd3 knows thatC,,.x = 9, it knows that the set of available colos= {1,2,3,4,5,6,7,8,9}
and hence, acquires the cologs = S\ x4 = {2,3,5,6,8,9}. This is the same set of colors obtained by nd@lé Algorithm

1 is completely executed from Steps 1-8 for the graph showkidgn 3(e). Note however, that this mechanism may result in
inefficient color allocations for some topologies due to itieerent NP-completeness of the graph coloring problem [3]

When an existing node leaves the system (corresponding ex@ndary network leaving the market), then the one-hop



neighbors of that node execute Algorithm 1. However, at @aahd, nodes only request for those colors that are not eejui
by their one-hop neighbors. As an example, consider thehgshpwn in Fig. 2(d). It was shown earlier that f0f... = 9,
xa={1,4,7}, xc ={2,5,8}, xp = {3,6,9} andxp = {2, 3,5,6,8,9}. If node D leaves the system, then nodésand C
execute Algorithm 1 with coloB being the only available color. Nod¢ knows that node3 has acquired color 3 and hence,
will not contend for color 3. Thus, nod@ obtains color 3 and according to Step 7, also obtains c@lansd9.

2) Complexity analysisWe now present the performance analysis of Algorithm 1. ldeotto determine the complexity
of the algorithm, it is essential to determine the numberoninds taken for the algorithm to terminate. This humberum,t
depends on the sequence in which colors are assigned toediffeodes in the graph. Theorem 2.1 below, provides insight
into the sequence in which colors are assigned to nodes.

Theorem 2.1:In Algorithm 1, a color ¢ is assigned at any round only after all colorsl through ¢ — 1 are assigned
in the previous rounds.

Proof: The proof is by induction on the number of rounds. In the fimirmd color 1 is assigned and the statement is
trivially true. Let at the end of round, the maximum color assigned lae- 1 and let the statement hold true. At the end of
the (n + 1)** round, The maximum color that any node can requestfism Steps 4(a)i)-4(a)iii). Thus colar is assigned
before colorc + 1 and the statement is true.

]
Theorem 2.1 indicates that the algorithm does not assigriggél’ color before assigning all “smaller” colors. Thisuslized
in the following theorem to provide the maximum number ofoeslused at the end of each round.

Theorem 2.2:The graph usesn colors at the end of then!” round.

Proof: This is proved by induction on. During the first round, all nodes request for color 1. At temse node wins a
color and thus the statement is trivially true. Let the nekmasem colors at the end of rouneh. Therefore, according to
Theorem 2.1 the biggest color that a node can request fongluound(m + 1) is m + 1. Thus some nodes request for color
m + 1 and others may request for a smaller color (i. e., célet m + 1). In the (m + 1) round, at least one of the nodes
that contend for colofn + 1 wins and obtains colom + 1. The other nodes that win contending for colok m + 1 obtain
color £ < m + 1. Thus, at the end of rounah + 1, m + 1 colors are used by the graph.

]
Theorem 2.2 results in the following corollary and theoremmich yields the maximum number of rounds required for the

algorithm to terminate.



Corollary 2.1: Let Algorithm 1 terminate at the end of K,,;, rounds. Then, K,,;, = K’, where K’ is as specified in
Step 6.
Theorem 2.3:The Algorithm 1 terminates in at most N rounds for an N node graph.

Proof: The chromatic number of afv node graph is at mosy. From Theorem 2.2N colors are used at the end of
round N. Thus, at the end of round/, N colors are used, i. e., all nodes obtain at least one colortlaml Algorithm 1
terminates.

[ |
Theorem 2.3 shows that it takes at ma@étrounds for all nodes in aw-node graph to obtain a color irrespective of the
topology. This is used in the following theorem to determiine complexity of Algorithm 1.
Theorem 2.4:The complexity of Algorithm 1 is O(N(N + e)), where e is the number of edges in the graph.

Proof: Steps 2) and 4) ar@(e), and Steps 3) and 5) af®(N ). Therefore, one sequence of operations from Steps 2-4(c)i)
is O(N + e). From Theorem 2.3, at mos${ rounds are required for termination. Hence, Steps 2®(% (N + e)). Steps 7
and 8 areO(N Kyin) = O(N?). Thus Algorithm 1 isO(N (N + e)).

[ |

3) Impact on each secondary networkhe MASPECT algorithm also impacts the performance of eadlvidual secondary
network (i.e., each node in the graph). As an example, letrtgitional graph coloring approaches enable a networkiieeq
Nyraditional NUMber of channels (i.e., colors) and let the MASPECT atgoriyield nproposea NUMber of channels to the same
network. Users in the network use one of the acquired spactrands (channels) for each communication (also called a
“call”). Newly arriving calls that do not find a channel areldbked”. Similarly, if the primary returns in any of the chragis
on which there is an “ongoing” call by a user belonging to theamdary network of interest, then the user cannot use the
corresponding channel for the duration which the primargupies the channel. The ongoing call incident on the user the
has to be switched to another channel acquired by the segondawvork, which is neither used by the primary nor used by
other secondary calls. If such a channel is not availabke,ctil is “dropped”. Depending on the values f . q4itiona1 and
Nproposed, the performance of the secondary network differs whenadépy traditional channel acquisition mechanisms and
when deploying the proposed MASPECT algorithm. The peréoroe of the secondary network is measured in terms of the
fraction of newly arriving calls that are blocked (termedreesv call blocking probability and the fraction of ongoing calls
that are dropped (termed as cdtbpping probability.

In order to analyze the performance of the network, we makefdhowing assumptions



o The secondary network of interest acquirespectrum bands or channels. When deploying the proposeditaly,
1 = Nproposed @Nd When deploying traditional graph coloring approaches, n¢;aditional-

« Secondary calls arrive according to a Poisson process witrabrate, ;.

« The call holding times of secondary calls are exponent@ikyributed with mean holding timeul?.

« Primary arrives on any channel according to a Poisson psow#h arrival rate\,.

« The primary holds the channel for a time period which is exgtially distributed with mean holding timg}:.

« Each secondary call uses one channel for communicationwisécondary calls in the same network can use the same
channel.

« Primary can arrive only on those channels which are unusezhdhose on which there is an ongoing secondary call.

No two primary calls can use the same channel.

Let (s,p) be the two-tuple that represents the number of channelsp@tiby secondary and primary calls, respectively,
in a secondary network with channels. Based on the assumptions listed above, the pl®-tsl p) can be modeled as a
two-dimensional continuous time Markov chain (CTMC) withrtsition rates as shown in Fig. 4.

The transitions in Fig. 4 are explained as follows.

«» Transition from statgs,p) to (s + 1,p) occurs when a new secondary call arrives in the system. Téisition takes
place with rate )\, (the arrival rate of secondary calls).

« Transition from statés, p) to (s,p + 1) corresponds to a new primary call arrival. Since therepaagtive primary calls
in the system, the new call can arrive on any of the remainirgp channels, at a ratén — p)\,,.

« Transition from statds, p) to (s — 1, p) corresponds to completion of any one of theecondary calls and occurs with
rate sps. Similarly transition from statés, p) to (s,p — 1) corresponds to the completion of any one of thprimary
calls and occurs with ratey,,.

« When the system is “full” i.e., in statgs, p) such thapp < n ands+p = n, then a primary call arriving at ratén —p)\,
causes one of thesecondary calls to evacuate the channel. The secondanyiltaibt be able to find an alternate channel
because, all the channels are occupied by other secondlrycarimary calls. Therefore, the call will be dropped.i§h
corresponds to the transition from statep) to (s — 1, p + 1) with rate, (n — p)X,.

Let 7(s,p) be the steady state probability of there beinghannels used by secondary calls gn@hannels being used
by primary calls. This can be evaluated numerically for theMCT shown in Fig. 4. However, we simplify the analysis by

approximating the CTMC in Fig. 4 by one shown in Fig. 5, i.eeglecting the transitions from statés p) (with p < n and



s+p=n)to(s—1,p+1). The CTMC in Fig. 5 now corresponds to a two-dimensionahbiteéath process for which the

steady state probability of the channel occupaficy), = (s,p), can be written as [21]

1 P5 (n) p +p<n
(s, — G s! (p)pp S b= 1
(5:) { 0 otherwise @)
wherep, = 2— Pp = 2—2 and

o~ S50

s+p<n

Consider the network with the channel occupancy in state), such thats + p = n. In this state, if a newly arriving call is
a secondary call, then it is blocked. Similarly, if the newlyiving call is a primary call, then it causes an ongoingseary

call to be dropped. Therefore, the new call blocking proligbipyi.cx, and the dropping probability..p, can be written as

Ae
Pblock = Z +W(Svp> (3)
s+p=n )\s + (TL - p))\p
(n—p)Ap
rop — — . ,P). 4
andpasop Z o, ) 4)

p<n

The expression fotr(s, p) in (1) is used in (3) and (4). In (1)-(4% = nproposea When deploying the proposed graph coloring
approach ane = naditional When deploying traditional approaches. Since the values,Qitional aNdnproposed are expected
to be different, the corresponding values of the new caltkiltg probability and call dropping probability are alsopexted
to be different when deploying traditional approaches ahe@nvdeploying the proposed MASPECT algorithm.

In the following subsection, we present a modified versiothefMASPECT algorithm (called PMASPECT), which provides

a reduction in the termination time.

B. PMASPECT: Probabilistic Heuristic

Consider a scenario of a complete graph (a graph in whichaatk pf nodes have an edge between them). In this case,
Algorithm 1 will take N rounds to terminate because, in each round, only one nod&icathe contention (since all nodes
are neighbors of each other and with equal degree). The muofilbeunds for termination is very close ¥ for dense graphs
(graphs in which most pairs of nodes have an edge between).tA¢ns happens because many nodes contend for the same
color. If neighboring nodes contend for different colotgr they can all obtain their requested color in the samedotinus
leading to faster termination of the channel access praeedu

We now present a means to perform the distributed graphionglon fewer rounds by making nodes request for colors
in a probabilistic manner. In order to achieve this, eachenodnsiders the subgraph consisting of itself and its neighb

and computes a rank for each node in the subgraph (inclutietf)i by sorting the nodes in the non-increasing ordeihef t
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degrees. Thus, the subgraph considered by riodEdegreeM — 1 consists ofM nodes. The node with the highest degree
in the subgraph obtains rank 1, the node with the next higlegtee obtains rank 2, and so on. Let the rank of notle «
and let the smallest unused color bg(1 < w < x, wherey is the total number of available colors).df= 1, then nodek
requests for colow, else, node: requests for colod with probability ps > 0 such thaty_5_, ps = 1.

We present a scenario in which the probabiljty, is computed according to a truncated geometric distputLet 0 <
p, p < 1 and let the subgraph consisting of nddand its neighbors hav&/ nodes. Let the rank of nodebe a. Whena > 1,

nodek requests for colow + « — 1 with probability, p and colorw + § with probability

|6—al _ _
_ [ |0 —al <M -1
b= { 0 otherwise ®)

Using the fact thad ; ps = 1 in (5), p can be obtained as

1-p
= . 6
p 1+p_pa_pM—a+1 ( )

Sincep is a probability, it should satisf§ < p < 1. The following theorem establishes conditionsmthat yields0 < p < 1.
Theorem 2.5:The expression forp in (6) satisfies0 < p <1 for 0 < p < 1.

Proof: From (6), it is obvious that fob < p < 1, p > 0. Forp < 1,

M—a

p* T +p <2

:>O<2p7pa7pM7a+1

1—p
:>p:1+p,pa,pra+1<1' 7

Il1. RESULTS AND DISCUSSION

We present the numerical results in two stages. First, wepaoenthe performance of the proposed MASPECT algorithm
and PMASPECT heuristic with that of traditional approachreterms of the performance of the whole system with all the
secondary networks (Section IlI-A). We demonstrate theatiffeness of the proposed algorithm in terms of efficiestipm
management. We then compare the network level performaecethe performance of each individual secondary netywork
when deploying the the proposed MASPECT algorithm (SectibB). Specifically, we compare the performance of the
secondary networks in terms of the call blocking and callpging probabilities when deploying the proposed algoritéima

when deploying traditional spectrum acquisition appresch
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A. System Level Performance

In order to perform the numerical computations, we genartdom graphs on a C-based simulator on UBUNTU LINUX
platform as in [13], with specified number of nodes and graghsiy. The graph density, is given byd = 2¢/N (N —1) for
a graph withN nodes ana edges. Note thal < d < 1 characterizes how dense or sparse a graph is. When0, e — 0
and the graph is sparse. Similatly— 1 represents a graph with— (1;7) i. e., a complete graph. Thus valuesdofloser to 1
represent dense graphs. We perform the distributed grdphrgg on the randomly generated graphs using the initigbadhm
(Section 11-A) and the probabilistic heuristic (SectiorH) with C\,,.,. = 300 channels. Fig.6(a) presents the minimum number
of colors used to color the grapK.,,;, (which is as specified in Corollary 2.1), when using a ceizeal algorithm and when
using the MASPECT algorithm (Algorithm 1). As observed, fiteposed distributed MASPECT algorithm and the centrdlize
graph coloring algorithm yield the same valuelsf,;,,. Thus, the proposed MASPECT algorithm uses only local imftion
and yet provides the same performance as a centralizedthigan terms of the minimum number of required colors.

Fig. 6(b) presents the total number of spectrum bands (€ptditained by each network on an average, when the MASPECT
algorithm terminates. It is observed that for traditionedgh coloring approaches, each network obtains one spediend.
However, the proposed MASPECT algorithm results in mudtispectrum bands to nodes even for dense graphs (graph
density=0.9). For sparse graphs (graph density=0.1)ethes fewer edges enabling more re-use. Thus, there is mane th
one order of magnitude of enhancement in the total specthtaired per network. Note that these improvements areratai
while still using the same number of colors (i. e., the samewrhof overall bandwidth) as a centralized approach.

Typically, a band consists of multiple sub-carriers. If ledand has a bandwidth of 1 MHz, then traditional graph single
coloring approaches provide 1 band per node resulting in  dtHbandwidth per node. For a spectral efficiency of 3 b/s/Hz,
this results in a maximum data rate of 3 Mbps in each netwohe proposed algorithm is observed to provide about 1.2
(for dense graphs) to 20 (corresponding to sparse grapl®sqoer node. This leads to a corresponding increase indte d
throughput in the network and hence, the system capaogy Ly a factor 1.2 for dense graphs and 20 for sparse graphs).
other words, the proposed MASPECT algorithm can provide 8% ore than one order of magnitude of improvement to the
system capacity.

The fairness of the proposed algorithm is measured in terirteenJain’s fairness index [22]. Typically, systems with a
fairness index larger than 0.5 are considered to providedas. The results depicted by the fairness index presémtei).
7(a), indicate great deal of fairness among the differetworks in terms of the amount of spectrum obtained. The éaisn

index for the probabilistic heuristic, PMASPECT (descdbe Section 1I-B), is presented in Fig. 7(b). It is observhdttthe
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fairness index is larger (closer to 1) for dense graphs atesger for sparse graphs. This is because, for dense grhpbsta

all nodes obtain only a single color. However, for sparselgsa some nodes obtain more colors than the others depending
on the topology. The fairness index is higher in some caseth® MASPECT algorithm and higher in some cases for the
probabilistic heuristic, PMASPECT.

Figs. 8(a) and 8(b) present the rate of termination (in teofmsumber of rounds required to terminate), for the MASPECT
algorithm and the probabilistic heuristic, PMASPECT, wiispect to the number of nodes and the graph density, résggct
From Fig. 8(a), it is observed that the probabilistic hdigisan improve the rate of termination by two orders of magphe.
The improvement is larger when the number of nodes incredses is because, according to Theorem 2.3, the MASPECT
algorithm requiresD(NV) rounds to terminate. The PMASPECT heuristic terminateshrfaster because, all nodes request
for different colors in the first round and thus most nodesipbtheir required color in the first round itself. By a simila
argument, improvements are more significant for dense grén sparse graphs, as observed from Fig. 8(b).

The significance of the improvement in the rate of termimatexplained as follows. Typically, messages and infoionat
in wireless networks are broadcast in different frames dr-fsames. A larger value of the rate of termination représen
correspondingly larger value in the number of sub-framegiired for control signaling and hence, correspondingtgda
value of the initial access delay. By providing an improveimiey two orders of magnitude in the rate of termination, the

PMSAPECT heuristic also provides an equivalent improvenrethe initial access delay.
B. Network Level Performance

As mentioned in Section |I-A3, the increase in the spectruitization shown in Fig. 6(b) in Section IlI-A impacts the
performance of each secondary network, in the presenceamépr activity. We now compare the performance of the pregdos
MASPECT algorithm with that of traditional channel acqtisi mechanisms on each secondary network. We consider a
particular secondary network in a system with 100 secondatworks. The number of channels in the networkis taken
t0 be n¢raditional @NdNproposed When deploying traditional channel acquisition mechasismd when deploying the proposed
MASPECT algorithm, respectively. The valuesmafaditional 8NA7proposed are obtained from Fig. 6(b).

The metrics of interest are the new call blocking probapditd the call dropping probability. The parameters for thalysis
are taken to be as in [23] and listed in Table I. The number efufm the secondary network are varied to yield different
values of\; and hence, different values pf and thus, different values g@f,iock andparop.-

Fig. 9 depicts the performance a secondary network in terfntkeonew call blocking probability (Fig. 9(a)) and the call

dropping probability (Fig. 9(b)), when deploying the prepd MASPECT algorithm and when deploying traditional clenn
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TABLE |
VALUES OF PARAMETERS USED IN THE ANALYSIS AND SIMULATIONS

Parameter Value
Ap 1/hour
L 1/24 second
As 6/hour/user
s 1/36 second

acquisition approaches. Results are shown for graph gef@3i2)= 0.9 and GD= 0.5. The new call blocking probability and
the call dropping probability were found to be zero in graplith density, GB= 0.1. The legends marked “analysis” in Figs.
9(a) and 9(b) represent the analytical results obtainedoplyang the analysis described in Section 11-A3. The legentdhrked
“simulation” represent results obtained by running C-blasienulations run on LINUX platform as in [23]. It is observitht
the analytical results and simulation results in Figs. @@ 9(b) follow each other closely.

Fig. 9(a) demonstrates the effectiveness of the MASPEC®ritign in reducing the new call blocking probability. As an
example, for 200 users, traditional channel acquisitiorthmaism results in a blocking probability of 0.3. The MASPEC
algorithm results in a blocking probability of 0.1 in graplih density 0.9 and 0.001 in graphs with density 0.5. Thia is
reduction of 70% to two orders of magnitude in the new callckiog probability. Thenetwork capacityis defined as the
maximum number of users that can be supported by the netvaatkrésults in a blocking probability less than a specified
threshold. For a typical threshold of 2% [24], the tradiibrchannel acquisition mechanism supports about 55 usées. T
proposed MASPECT algorithm supports about 85 users in grapth density 0.9 and more than 200 users in a graph with
density 0.5. Thus the proposed MASPECT algorithm can imptbe network capacity by about 89% to more than one order
of magnitude.

Fig. 9(b) presents the performance of the secondary netimadems of the call dropping probability. It is observedtthze
MASPECT algorithm is also very effective in reducing thel cabpping probability. In a network with 200 users, tragiital
channel acquisition mechanisms result in a dropping pridibyadsf 0.003. The corresponding values for the MASPECTaaithm
are 0.002 and—> for graph densities of 0.9 and 0.5, respectively. This isduction by 33% to two orders of magnitude.
If the network capacity is defined as the maximum number ofsuieat results in less than a desired dropping probability
(typically 0.1% [24]), then traditional channel acquisitimechanisms result in a capacity of 45 users while the MASPE
algorithm yields a capacity of 120 users for graphs with dgrs9 and more than 200 users for graphs with density 0.5. In

other words, the MASPECT algorithm improves the capacityobg to two orders of magnitude.
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IV. CONCLUSION

We presented an opportunistic distributed graph colorlggrghm for spectrum access in DSA networks called MASPECT

that resulted in 20% to about an order of magnitude improveiimethe spectrum utilization. We then presented a modi6ioat

to the MASPECT which is a probabilistic heuristic called PBIRECT where nodes request for colors in a probabilistic

manner, with the probabilities dependent on the degreesdésand their neighbors. The PMASPECT heuristic was foond t

provide two orders of improvement in reducing the termiratiime with respect to the initial algorithm. This corresgds to

two orders of reduction in the initial access delay. We alesmadnstrated the effectiveness of the MASPECT algorithrmhen t

performance of each secondary network in the system in thgepce of primary activity. The MASPECT algorithm provided

70% to two orders of magnitude reduction in the new call bilogkprobability and 33% to two orders of magnitude reduction

in the call dropping probability.
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Fig. 1. An example graph representing a system with 4 secprgworks and their adjacency.

AAAZ

(a) The Graph (b) End of Round-1 (c) End of Round-2 (d) End of Round-3

Fig. 2. Color assignment sequence when Steps 1-5 of the MESPHEgorithm are applied to a sample graph.

0

VAN ANANAN

(a) The Graph (b) End of Round-1 (c) End of Round-2 (d) End of Round-3

(e) Node B enters the system

Fig. 3. Example to illustrate how Algorithm 1 adapts to thérgmf a new node in the system. Color assignment sequence &teps 1-5 of Algorithm 1
are applied to the graph ifa) are shown in(b) — (d). A new node (nodeB) then enters the system.
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Fig. 4. CTMC that models the channel occupancy in a DSA nétwoithe presence of primary activity.

X
(~Ihsy |
0
Xg T X

Fig. 5. Modified CTMC that approximately models the channetupancy in a DSA network in the presence of primary activitiiis is obtained by
neglecting transitions from state, p) to (s — 1,p + 1) whens + p = n in Fig. 4.
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