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Abstract—We study the efficiency and complexity of a distrib- design and analyze spectrum usage strategies [16], [17]. This
uted spectrum allocation algorithm using explicit user coordi- type of sharing refers to non-collaborative sharing where users

nation. Users self-organize into coordination groups and adjust 5.a rational (and competitive), and are only interested in
spectrum assignments in each local group to approximate an L .
maximizing self-benefits.

optimal assignment. Compared to the conventional topology- ‘ - .
based optimizations, local coordination can significantly reduce I this paper, we focus on thgystem-utility driven, col-
the computation and communication overhead required to adapt laborative spectrum sharing. A motivating scenario is spec-

to topology variations. We focus on analyzing the end-user trum sharing among WiMAX/WiFi access points in order to
performance in terms of spectrum efficiency and communication g nnort their subscribers. Examples include Googlenet in San
overhead. We derive a theoretical lower bound on the amount of Francisco and many other community networks. In this case
spectrum each user can get from coordination, and a theoretical . e ’
upper bound on the algorithm convergence time. We also perform 8CCe€SS points must share spectrum to avoid interference and
experiments to verify our analytical results. maintain reliable communication links, while maximizing a
predefined system utility.

The problem of spectrum management can be reduced into

Wireless spectrum is a finite and scarce resource. @ovariant of the graph coloring problem [3], [18], which
achieve efficient spectrum usage, future wireless devices vifll NP-hard. Given a small fixed network topology, existing
use cognitive radios [8], [15] to dynamically access locallgpproaches have proposed good heuristics basedraralized
available spectrum. Many have advocated for Open Spectragstemsto obtain conflict free spectrum assignments that
Systems [1], [13] where cognitive radios become secondaripsely approximate the global optimum. In this case, a server
devices and opportunistically access unused licensed spectraaflects information of user demand and assigns spectrum to a
all without disrupting operations of any existing license owrlimited number of users to maximize system utility. However,
ers,i.e. primary users. when network topology, user demand and available spectrum

The key challenge in dynamic spectrum access networksaisusers change, the system needs to completely recompute
how to maintain efficient spectrum sharing among (secondagpectrum assignments for all users after each change, resulting
users. We hereby refer to secondary users as users. Whiléhigh computational and communication overhead. This
maximizing spectrum utilization is the primary goal, we alsoostly operation needs to be repeated frequently to maintain
need a good sharing mechanism to provide fairness acrogifization and fairness.
users. A user seizing spectrum without coordinating with In this paper, we consider a distributed approach to spectrum
others can cause harmful interference to its neighbors amtbcation that can potentially address the coexistence of a
hence reduce spectrum utilization. large number of users, while quickly adapting to network dy-

Design of dynamic spectrum access networks can be divideamics. Our previous work [4] proposes a distributed coordina-
into two types: power based spectrum sharing where users tigg algorithm where users affected by network dynamics self-
the same spectrum band but transmit at different powers atganize into coordination groups and adapt their spectrum
minimize interference [6], [9], [10]; and channel sharing whergsage to approximate the new optimal conflict free assignment.
users transmit at orthogonal channels to avoid interferend¥hile the work in [4] focuses on algorithm design, in this
The mechanisms for channel sharing can be further dividpdper we propose to study end-user performance analytically
into two categories. in terms of spectrum efficiency and communication overhead.

(1) System-utility driven- Users share spectrum to maxidn particular, we derive a theoretical lower bound on the
mize a predefined system utility [2], [3], [4], [11], [18], [19], minimum amount of spectrum each user can get from co-
[22]. This type of sharing also refers to collaborative sharingrdination, and a theoretical upper bound of the algorithm
where users have signed agreements or are deployed byapevergence time. We then perform network simulations to
same service providers to maximize system wide performangify our analytical results under different network settings.
regardless of individual benefits. The key contributions of this paper are two-fold:

(2) Self-gain driven— Users share spectrum to maximizénalytical Bounds on Distributed Coordination Perfor-
self-benefit. Existing works have applied game theory tmance and Complexity. We derive a theoretical lower
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bound on the amount of spectrum each user can get from interferinoe range physical topology

the proposed distributed coordination, referred toPaserty @)~ « ’)\

Line. This lower bound reflects the level of fairness enforced é ¢ »é \), B«é’)
by the coordination algorithm, and can serve as a guidance e SIS ( 3 \),
for coordination. Further we derive an upper bound on the é )
coordination complexity and overhead. RN B

conflict graph

Simulation of Efficiency and Complexity. We conduct ex- A B b
tensive simulations to quantify the performance of local coor- ._.E
dination. Results indicate the proposed coordination performs c

similarly to the graph-coloring solution [23], [18] but with

significantly reduced algorithm complexity. We also validate
the poverty lineand coordination overhead under different
network settings, and study the impact of primary users,

heterogeneous channel characteristics, and network tOpoloﬁ"?(érference that could disrupt communications. To minimize

Il. THE PROBLEM OF SPECTRUMALLOCATION interference, A, B and C should not use the same spectrum

é)ncurrently. Those interference constraints can be modeled

As background, we describe in this section our previo$ flict G — (V. L). Each vert v ¢
work on efficient and globally optimized spectrum allocatio Dy @ contiict grapit- = (V. L). ach vertexy € 1 represents
user and an eddéu,v) € L exists between any two users

We start with the theoretical model used to represent the ™ S _ :
general allocation problem. We describe how to reduce t heir communications interfere. Any two connected vertices
optimal allocation problem to a variant of a graph multi® ould not use the same spectrum concurrently. The example
coloring problem and describe previous solutions. of Figure 1 reduce§ to one triangle (A,B,C) and one link (D.,E).
The corresponding spectrum management problem is to
A. Problem Model and Utility Functions color each vertex using a number of colors from its color list,

We consider the case where the collection of availapfdd find t.he polor assi_gnment that .maximizes system utility.
spectrum ranges forms a spectrum pool, divided into nohhe coloring is constrained by that if an edge exists between
overlapping orthogonal channels. We assume a network of @Y two distinct vertices, they can't be colored with the same
users indexed frond to N — 1 competing forM spectrum Color. Most importantly, the objective of coloring is to max-
channels indexed to M — 1. Each user can be a transmissiofi"iZ€ system utility. This is different from traditional graph
link or a broadcast access point. Users select communicatf$Hering solutions that assign one color per vertex. Notice that
channels and adjust transmit power accordingly to avoid intdf® selution to this graph coloring problem is to maximize
fering with primaries. The channel availability and throughp@yStem utility for a given graphi.e. a given topology and
for each user can be calculated based on the location &h@nnel availability. This characterizes the optimal solution
the channel usage of nearby primaries. The spectrum acd@ss? Static environment.
probllem becomes a channel allocation probleenfo obtam.a _B_Existing Spectrum Management Solutions
conflict free channel assignment for each user that maximizes

Fig. 1. A sample conflict graph.

system utility. The optimal coloring problem is known to be NP-hard [7].
System utility. In this paper, we assign spectrum to users E,xisting effort; lead to efficient algorithms that clqsely approx-
maximize the following fairness based utility function: imate the optimum spectrum allocation for a given network

topology. There are multiple complementary ways of address-
it PR ing the problem of spectrum management, each applicable to
U(A) =) logRa(n) =) 108 > ampn bmn. (1) different scenarios.
=0 n=0 m=0 The work in [11] proposed a demand responsive pricing
whereA = {a;,,,0 <m < M-1,0<n < N-1} denotes a framework to use iterative bidding to maximize the expected
spectrum allocationg,,, , = 1 denotes that spectrum band revenue. They use exhaustive search to derive the optimal
is assigned to user, and zero otherwise, arig, ,, represents channel allocation for a small number of users. The work in
the maximum bandwidth/throughput that usercan acquire [3], [2], []_9] proposed the use of regiona| server model, and
through using spectrum band (assuming no interferencedeveloped several heuristics based centralized approximations
from other neighbors). for a limited number of users. Results in [18], [23] show
Conflict graphs. Conflict graphs have been widely usedhat the heuristic based algorithms perform similarly to the
to characterize interference constraints [3], [12], [14], [18flobal optimum (derived off-line for simple topologies), and
[20], [19]. We start from an illustrative example in Figure Xhe centralized and distributed algorithms perform similarly.
where usersi to E are for example access points that provideurther, the work in [21] proposed a hybrid pricing model - use
network access for their subscribers. SinteB and C are simple auctions during peak period with a reserved price while
located closely to each other, their subscribers will receive sigpplying a uniform price to all buyers during off-peak. Finally,
nals from all three APs. Signals from non-associated APs amother approach uses power based allocations and applies
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Isolating groups to | coordination \ 123 123
prevent conflict ) \ ' 4 ) 2,

between groups
. Fig. 3. An example of Starvation

can greatly simplify spectrum assignment. For each coordina-
tion group, the requester becomes the group coordinator and
performs the coordination computation. Fig. 2 illustrates an

example with one buyer and four sellers, and an one-to-one
coordination.

We have shown in [4] that the effectiveness of one-to-
one coordination is limited by the number of exchangeable
channels, and it can lead to node starvation. We then develop
a special case of one-buyer-multi-seller coordination, referred
to as Feed Povertyto eliminate node starvation. Figure 3
illustrates an example where the conflict graph is a chain
price-driven power control to minimize interference [9]. IfOPology consisting of three nodes A, B, and C. Node B is not

this case, all buyers use the same spectrum band. assigned with any channel and the system utility is zero. We
refer to this as usestarvation Node A and B cannot modify

[1l. DISTRIBUTED COORDINATION FRAMEWORK their spectrum usages due to the constraint from C, while node

In [4] we propose a distributed spectrum allocation fram& and C also cannot coordinate due to the constraint from A.
work using explicit coordination. Coordination involves setslowever, by allowing A and C to give up channel 1 at the
of neighboring nodes (vertices in the conflict graph), ea&®me time and feed it to B, we can remove the starvation at B.
of which form a connected component of the conflict grapd0 achieve this, we propose a special one-buyer-multi-seller
self-organize into coordination groups. Each group modifi€§ordination, calledeed Povertywhere if a node (buyer)
spectrum assignment within the group to improve systefi@S very poor channel assignment, the neighboring nodes can
utility while ensuring that the change in spectrum assignmetfllaborate together to feed it with some channels.
does not require any change at other nodes outside the group/ext, we limit the coordination to be self-contained. In
(due to interference constraints). particular, coordination in each group will not disturb the

To initiate a coordination, any node who wants to improv@P€ctrum assignment at nodes outside the group. Hence, after
its spectrum assignment first broadcasts a request to its nefgi¢ coordination, the modified channel assignment should
bors who are in the interference range. These neighbors BRé lead to any conflict with nodes outside the group. This
connected to the node in the conflict graph. Neighbors willifdglPs to maintain system stability, so that a coordination
to participate reply to the requester and form a coordinatihdy not invoke a series of reactions due to violations in
group. Because any two connected nodes in a conflict grdﬁﬁerference constraints. More importantly, this guarantees that
may not communicate directly, they can exchange coordinatir® coordination improves the utility in a local area, it also
messages via multi-hop routing, or by using a dedicated cdRwProves the system utility. Or in other words, a local im-

trol channel with higher power and hence larger transmissi@fovement will lead to a system improvement. We enforce this
range. constraint by restricting exchangeable channels, and isolating

any concurrent coordination groups. In particular, each node
A. Regulated Coordination for Fast System Convergence can only participate in at most one coordination group at
To perform coordination, we must first determine the siZ&ny time, and the members of any two coordination groups
and membership of distributed coordination groups. Larg@n not be directly connected. Fig. 2 shows an example of
groups increase the complexity of coordination due to higgolation between coordination groups. Details of coordination
synchronization and communication costs. In addition, ifrocess can be found in [4]. It should be noted that while
teractions might occur between coordination groups if thédhe coordination algorithm is simple, implementing it in real
share neighboring users. Careless coordination will lead 3gstems requires an efficient protocol to form groups and
conflicts among concurrent coordination groups, and cascadixghange information. This is an important topic and we plan
effects that prevent system from converging. To facilita® address it in a future study.
coordination, we propose several constraints to regulate the _ )
procedure and avoid cascading effects that lead to systBmFC-Optimal Assignment
instability [4]. We combineone-to-one Fairness Coordinatioand Feed
First, we limit the size of coordination groups tne- Poverty Coordinatiorinto a Fairness Coordination with Feed
to-one coordinationand one-buyer-multi-seller coordination Poverty (FC). Each node who wants to improve its spectrum
In this case, coordinating around a central leader per grougage starts witlone-to-one Fairness Coordinatiowith its

!/

/ One-buyer-
| multi-seller
\.coordination

Fig. 2.  An example of Coordination Groups.



neighbors to improve system utility. If there is no exchange- non-starved. We re-index these neighborg@®s- - ,d —

able channels, aoor node can broadcast a Feed-Poverty re- 1).

quest to its neighbors to initializZeeed Poverty Coordination For a usern, we can represent the Spectrum assignment
Overall, a channel assignmedtis said to beFC-optimalif  matrix 4 using the following table, where an element is 1 if
no further coordination can improve system utility. the channel indexed by the row number is assigned to the user

IV. THEORETICAL ANALYSIS indexed by the column number.

In this section, we perform theoretical analysis on the Index| 0 --- d(n)-1 n
proposed coordination approach. We examine system utility,
user throughput and algorithm complexity for FC-optimal 0 0
assignments. The analytical results provide insights to system _ : _ _
fairness and spectrum utilization. . : ) : : : 0
A. Lower Bound on User Throughput t o ... 0 1

We first examine the user throughput under any FC-optimal : . : :
assignment,e. the user spectrum assignment when the system Ml—l 0 N 0 1

stabilizes and no one modifies its assignment. When the goal _ _

of optimization is to maximize system proportional fairness, We only focus on the first rows and firsti(n) +1 columns

we show that each user’s throughput is lower-bounded. ~ (i-e. column 0,1, ---,d(n) — 1,n) since they represent the
Theorem 1:Under a FC-optimal assignment, for each channel assignment at useis conflicting neighbors. From

vertexn in the conflict graphG, 0 < n < N—1, its throughput (3) we can derive

i - : B B
R(n) is lower-bounded: R(n) < (n) MB(n) < (n) MB(n). (4)
R(n) > d(n) +1 —MB(n) @ Integrating A with channel bandwidth matrix3, we now
M-1 construct an auxiliary matri® with ¢ rows andd+1 columns.
B(n) = Z b The element ofR can be represented as
m=0 A -.b . .
. mimt s 0<i<d-1,0<m<t—-1
MB(n) £ %aé bm,n R, = b}j‘(z‘) = <m< 1
m=0 ’ W : Z—n,Ofmft— .

whered(n) represents the number of conflicting neighbors qf is straightforward to show that for each colurin< i <
n or the degree of: in the conflict graph,B(n) represents ; _ 1
n’s total available bandwidth, ankl/ B(n) represents user’s

maximum channel bandwidth across all the channels. =l =1 Apmi b
Proof: We prove the theorem by contradiction, that is we = B = mZ:O R(i) L ®)
assume the bound (2) doesn’t hold for nodeunder a FC-
optimal assignment,e. and b1 de1 del i1
B(n) SN Rui=Y > Rui=d 6)
R(n) < ) + 1 MB(n). 3 m=0 i—=0 i=0 m=0
Next, we will show that usen. can request a Feed Povert)}:urther' we can show that for column
coordination to further improve the system utility, which =1 =1 b
contradicts with the assumption that assignmdnts FC- Z R n B(n)/(’dJrl)
optimal. The proof consists of two steps. We start from the m=0 m=0
procedure on finding the proper channel(s) to feed usand o Zf;:lo bim.n
then prove that such feeding will increase system utility. ~ B(n)/(d+1)
- Step 1: Select channel(s) to feed user. We start from _ B(n)—R(n)
the following notations: ~ B(n)/(d+1)
« User n’s conflicting neighbors are indexed as user B(n) — (13(;‘1) — MB(n))
» The channels assigned to userf,(n) are indexed by > d @)
{M_ LM-2--- M- IfA(n)l}
o t £ M — |fa(n)| represents the number of channels not Combining (6) and (7), we get
assigned ton. e i1 de1
o d represents the number of non-starved neighbors, of Z Ryn > Z ZRW

d < d(n). A user with non-empty spectrum assignment is 0 iz



Therefore, there must exist a chanmel, s.t. First, it is straightforward to show that

d—1 1+ bmo,n
ng,n > Z Rmo,i~ (8) R(n)
1=0 Bm n
{by(3)} > 1+ o
Next we show that we can improve system utility by making i1 — MB(n)
userQ to d — 1 to give up channeiny and give this channel Bron
to usern. = 1+ 5 - B
. . . d(n)+1 mo,n
- Step 2: Verify system utility improvement. From (3), 1
we show that = 1_RrR. (12)
mo,n
B(n) — MB(n) > R(n) >0 Next, using (10) and Lemma 1 (in Appendix A.), we can
d+1 - - show
— 5@ > MB(n) > bimg.n o ]
+ b H (1 - Rmo,i) > 1- ZRmo,i
= R n — To.h <1 (9) =0 i=0
0 B(n)/(d+1) (by(8)) > 1—Rpyn (13)
Combining (9) with (8), we have By combining (12) and (13) into (11), we get
S G 1 g 1 (14
;an,i < 1, and FP > 1— R’rno,n ! ( - m07n) - ( )
- Rpgi < 1, 0<i<d-—1. (10) The above results show that the system utility increases

after the feeding, which contradicts with the assumption that
This demonstrates that, is not the only channel assigned taassignment4 is FC-optimal.
each neighbot. Hence, after giving up channsl, to usern, [ ]
every neighbor has at least one additional channel remains. Theorem 1 shows that the lower bound of each user’s

Next, we need to compute the system utility after user throughput depends on its interference condition. First, the
is being fed by channeh,, which depends on the spectrunbound of user. scales inversely with the number of conflicting
assignment before the feeding. There are two possibilities: neighbors ofn, that is, users get less spectrum in crowded
areas than in sparse areas. This scaling provides an immediate
intuition of fairness.

Second, the bound scales linearly with the node’s total
gvailable throughputB(n). If a user improves its channel
feeding. However, when there are multiple starved use%”,‘ndWidth. using §ophisticated phy.si'cal layer techniques, with-
the system utility remains-oo. In this case, we modify out changmg its interference condition, the_throughput bound
the definition of improving system utility to include bothincreases linearly, but the number of assigned channels re-

reducing the number of starved users and increasing fﬁ'&““s Fhe same. Hence, the proposed strategy will no'.[ favor
fairness utility of non-starved users. Through a similafSers In good channel conditions and starve users in bad

process, we can continue the remove other starved us%tpgmnel conditions.
and further improve system utility.

_ N B. Poverty Line on User Spectrum
o Type 2: R(n) > 0. The ratio of system utility after the . .
feeding to that before the feeding can be computed as Und_er certain cwpumstances,_ channel quality quctuatt_as d_ue
to fading, shadowing and environmental factors, making it
impractical to collect channel quality in real time. Hence,
(R(n)+b7n0,n)H§l:_01(R(i) — Apng.ibm,,i) @ reasonable metric to evaluate spectrum allocation is the
R(n)- Hc-l—_ol R(i number of spectrum channels assigned to a user, regardless of
P its bandwidth. Next we show that Theorem 1 can be reduced
_ R(n) +bmgn H R(i) — Apg,ibmo,i to the following:
B R(n) Pl R(7) Theorem 2:Under a FC-optimal assignmemt, for each
vertexn in the conflict graphGz, 0 <n < N — 1 with degree

d—1
- (1 + bmon) . H <1 _ Amolbmol) d(n) and channel availability listL(n), its spectrum usage

o Type 1: R(n) = 0. From (10), the feeding will increase
R(n) to by », Without starving any neighbof o d—1).
Clearly, the system utility is improved from-oco if
n is the only starved user in the network before th

Grp =

R(n) ) 5 R(i) R(n) has a lower boundi.e.
bmg,n i |L(n)| Ay
_ (1+ R(n)) 0B @ R(n) > Li(mHJ 2 pL(n).

=0



Proof: By Theorem 1, when all channels have bandwidtins the priority to be feeded first, then each “satisfied” user

1, we have will never become an “unsatisfied” user after it is feeded by
R(n) > L) 1 the PGC. Hence, the number of iterations is at mstf the
d(n) +1 user to be feeded is selected randomly among requestors, then
Since R(n) is an integer, this is equivalent to a user with lowerpoverty lineamong its neighborhood will
wait for an expected number @(V) iterations to win the
R(n) > LL(”)J ) opportunity, because at each iteration the number of users who
d(n) +1 request a PGC is bounded b¥. The total number of iterations

m until the system reaches an equilibrium is tHAEN?).

Theorem 2 shows that the proposdghirness Coordination u
with Feed Povertyguarantees goverty line PL(n) to each It should be noted that th@(N?) bound in Theorem 4 is a
vertexn. Thepoverty lineprovides a guideline in coordinationtheoretical upper boundn the complexity of the coordination
in real systems where a vertex is entitled to request coorg@istem, which does not necessarily mean that the complexity
nation if its current throughput is below its poverty line. We&f the system will scale in a)(N?) trend in practice.
refer to this as th@overty guided coordination Actually as we observed in our simulation (Section V-D), the
Further, we can show that if channels are fully availablomplexity of the system scales linearly as the number of
at each vertexj.e. |L(n)| = M, a FC-optimal assignmentnodes increases.
can eliminate user starvation if the number of chaniéls>
A + 1, where A is the maximum degree in the grapgh = V. EXPERIMENTAL RESULTS

maxo<n,<n d(n). This matches to the well-known conclusion ) ] ] ]
in graph coloring where the chromatic number of a graph is We conduct experimental simulations to quantify the perfor-
at mostA + 1 [5]. mance of coordination-based spectrum allocation and validate

Theorem 3:The poverty line bound in Theorem 2 is tightthe theoretical lower bounds. For default scenarios, we assume

for several types of network topology: clique, ring, star, anthat channels are equally weighted and all the channels are
chain. available for each nodee. l,, ,, = 1, b, ., = 1. We assume

This can be shown by individual case studies, and hen@t all active nodes have backlogged traffic.
we omit the proof due to space constraints. For randomly\We assume a network of many WiFi and WIMAX access
generated, clustered and real-network topologies, we obt8@ints, referred to as users. We assume each AP serves a large

statistical results on the tightness of the bound using expgimber of subscribers and have backlogged traffic. We use
ments in Section V-B. a simple binary interference model to construct the conflict

o ) graph — two users conflict if they are within distance/afBy

C. Upper Bound on Coordination Complexity default, we seD to 100m. We use this assumption to simplify

Using Poverty guided coordinatignonly users with spec- the conflict graph construction. However, it will not limit the
trum assignment less than thgoverty line can initiate a scope of the proposed coordination framework. To examine the
coordination. The requestar can sequentially select the bestmpact of network topology, we use both randomly generated
channels that provide the highest improvement to systedopologies and measured AP deployment traces.
utility, and negotiate with the neighboring nodes to get these
channels at one time. Following the detailed prooTb&orem
2, we can show that after each coordination iteratigs,spec-
trum assignment will reach its poverty line. This also allows
us to derive an upper bound on the number of coordination
iterations needed to reach a system equilibrium.

Theorem 4:In a system withV nodes, with uniform chan-
nel bandwidth, thepoverty guided coordinatiomill reach
an equilibrium after an expected number of at moxtV?)

iterations. By optimizing the order of coordination, the system I Selected scenarios, we randomly deploy primary users
can reach an equilibrium in at mosY iterations. and introduce dynamics to spectrum availability at each node.

Proof: We denote a user as “satisfied” if it is on or abovdVe also introduce heterogeneous channel bandwidth and ex-

its poverty line otherwise “unsatisfied”. First we present a ke@Min€é the impact on the tightness of poverty line. We use
property of thepoverty guided coordinatio(PGC): hese simple scenarios to demonstrate the impact of network

Property 1: In a coordination iteration in which channelgdynamics and examine the system convergence time and
are feeded ta, if a neighborn, is converted from “satisfied” coordination overhgad.
to “unsatisfied”, thenPL(n) < PL(n;). (proof in Appen-  We use two metrics to evaluate the performance.
dix B) System utility — We consider fairness defined in (1). Note
From property 1, if the PGC can be conducted such that thiet if there exists a user with no channel assigned, the utility
user with loweipoverty lineamong its (one-hop) neighborhoodbecomes-co. For better representation, we modify the utility

Random networkWe place users randomly in an area.

o Clustered networkWe simulate a hotspot scenario by
deploying a set of users densely in a small area of the
random network. We use this topology to examine the
impact of conflict degree on system performance.

o Real network trace.We extract a set of actual AP

deployments using data traces collected by Placelab

(http://lwww.placelab.org/).



to U(A) = Y/TIZ) Ra(n) and U(A) = 0 if there is any

RA (n) =0.

Communication overhead — We quantify algorithm com-
plexity as the communication overhedd. total number of
messages exchanged among nodes, since transmission and
handling of messages will likely dominate computations for
channel assignment. In both distributed coordination and graph

Proprotional Fairness

coloring approaches, each iteration of spectrum assignment or 61 . ggérsgtz;d
coordination involves a 4-way handshake between neighbors, ©_Random
i.e. (request, acknowledgement, action, acknowledgement).

. . . . 00 1‘0 éO 3‘0 TO 50
A. Comparison with Centralized Graph Coloring Approach topology index

We compare the proposed distributed coordination to the (@) System Utility

centralized graph-coloring approach of [18]. We randomly de-
ploy 40 links with 30 channels in a given area and produce the
corresponding conflict graph. In this case, the proposed distrib-
uted coordination scheme starts from a random allocation and
gradually improves system utility until the system converges.
Figure 4 compares the system utility and algorithm complexity
usingcentralizedgraph coloringdistributedcoordination and
randomassignment. Random assignments results in frequent
user starvation and hence zero system utility. Distributed coor- 400

dination can effectively eliminate user starvation and performs WWWW
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only slightly worse compared to graph coloring approach. & 10 20 30 20 50
However, Figure 4(b) shows that distributed coordination can topology Index

significantly reduce communication overhead, by 8 times for (b) Algorithm Complexity

this configuration. Fig. 4. Performance comparison oéntralizedgraph coloring distributed

coordination andandomspectrum assignment for various topologies [4].
B. Tightness of the Poverty Line Bound

We now examine the appropriateness of the user poverty
bound derived in Theorem 2.

(1) Static Networks — Figure 5 illustrates the histogram
of the ratio of the actual user throughput and the poverty
bound assuming 40 vertices and 100 time slots. Results show
that the theoretical bound is valid and fairly tight. As we
described, nodes can use the poverty line to decide whether
further distributed coordination is necessary. A vertex with
an assignment below the poverty line should bargain with
additional neighbors to acquire additional channels.

(2) Dynamic Spectrum Availability — Next, we examine 0 > A
the impact of primary user deployment on the bound. We Node Spectrum /PL
randomly deploy 10 and 30 primary users to our previous

experiments. Primary users have the same interference raﬁﬁeS. Histogram of the ratio between the actual user throughput and the
as secondary users, and occupy one randomly chosen charf’ne‘f.rty bound.

Figure 6 shows the CDF of the ratio between actual node

throughput and lower bound. We observe that the bound kg-re|atively smoother by eliminating the truncation effect in
comes slightly looser as the number of primary users increasgfeorem 2. We see that the bound is looser compared to that of
This is mainly due to the mismatch betweé(n) andd(n).  the uniformed bandwidth. This is mainly due to the fact that a
We calculatei(n) to include all the interfering neighbors whopoge's throughput is alwayatrictly larger than the bound. The
has at least one channel in common withTherefored(n) is  figure also shows that the bound is sensitive to the variance
the upper bound of the conflicting neighbors on each channgl.yandwidth across channels.

(3) Heterogenous Spectrum Bandwidth— When channel

bandwidth is non-uniform, we compute the bound following- 'mpact of Network Topology

Theorem 1. Figure 7 compares the tightness of the bound wheifrigure 8(a) illustrates three sample topologies correspond-
channel bandwidth varies between 1 to 3 and 1 to 5. The resaly to random, clustered and measured networks, respectively.
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6
55r Figure 8(d) shows the communication overhead at each user
5 as a function of the conflict degre&(n). In the clustered
@5 network, the results show that the users at the edge of the
e 4 bandwidth from 1 to 5 cluster have more communication overhegd. Further, we also
285 observe that although the total complexity scales linearly
&és— \ with the network size, it also scales with the number of
ﬁz.s channels. However, we could not obtain the relationship of
B o the complexity and the number of channels. We plan to study
S _ N o
15} bandwidth from 1 to 3 | the individual complexity in a future work.
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D. Scalability of Distributed Coordination

We evaluate the complexity of coordination in large scale
Agtworks. We measure the total system overhead,the
total number of message exchanges for a system to reach an
equilibrium. We keep the user density constant and vary the

Every topology contain00 nodes, and the number of chanSystem scale from 200 to 1000, and assume 20% of node
nels is100. We usel00 channels since most nodes in clusteredynamics, and 20 channels. Results in Figure 9 indicates that
and measured networks have degree larger than 30. Nt system overhead (in a random network) scales linearly W|th_
that for this experiment the initial allocation he empty the number of users. Hence, the average oyerhead per user is
allocation Figure 8(b) plots the amount of spectrum assignd@ughly constant, 8 messages or 2 coordination iterations under
to each user using the explicit coordination. We observe tHi¢ a@bove system configurations. This result demonstrates the
any usern obtains spectrum inversely proportional to itefficiency of the proposed approach. We note that the per-user

conflict degreed(n), as characterized by the poverty lindPverhead is much smaller in this scenario than that in Figure 8.
definition. This is because we use less number of channels.

Fig. 7. Tightness of the Poverty Line Bound under heterogeneous chan,
bandwidth.

To further investigate this dependency, we plot in Fig-
ure 8(c) the amount of spectrum assigned at each user divided
by its poverty line, as a function of the conflict degi&e). It In this paper, we study the performance of an adaptive
can be observed that in the clustered network and the measwaed distributed approach for spectrum sharing in dynamic
network, there are three kinds of users: 1) the users in thgectrum networks. In this approach, users self-organize into
non-clustered area, which is consistent with the nodes in tbeordination groups and adapt their spectrum assignment
random network; 2) the users at the clustered area, whdseapproximate the global optimal assignment. We perform
degrees are high; 3) the users near the edge of the clustaardlytical study on each user’s spectrum assignment and
area, whose conflict degrees are between that of the clusteredrdination overhead. We derive a lower bound on each
area and the non-clustered area (around 10-20). The resulier's spectrum usage guaranteed by the coordination, referred
show that the Poverty Line bound is relatively tighter foto as thepoverty line It represents the level of fairness
the first two types of users, and becomes looser for the thiedforced by the coordination, and serves as a guideline to
type. In other words, the Poverty Line bound is more accurateganize coordination. Experimental results show that the pro-
for homogenous conflict conditions, which coincides with thposed approach performs similarly as the centralized topology-
theoretical results where the Poverty Line is tight for the lin@ptimized approach but with much less complexity. We also
cligue, and ring topologies. verify the correctness of thgoverty lineunder various network

VI. CONCLUSION AND FUTURE WORK



settings. While we only proposed a specific coordination strat- APPENDIX
egy to maximize fairness based system utility, the proposgd | emma 1 and Its Proof
coordination framework can be extended towards other utility

functions or optimization goal. We intend to examine this in Lemma 1:Supposeu;, az, -+ ,a, > 0, anda; +as+---+
a future study. an =p < L. Letf(ar,az, - ,a,) = (1—a1)(1—az) - (1—
ap). Thenf(ay,az, -+ ,a,) > 1—p.
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(b) The amount of spectrum assigned to each node.
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Fig. 8. The amount of spectrum assigned to each node for (left) random network, (center) clustered network and (right) placelab network.
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(c) The tightness of Poverty Line bound.
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