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Distributed and Provably-Efficient Algorithms for
Joint Channel-Assignment, Scheduling and Routing
In Multi-Channel Ad Hoc Wireless Networks
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Abstract— The capacity of ad hoc wireless networks can  Such multi-channel multi-radio networks pose an intengsti
be substantially increased by equipping each network node set of resource allocation problems, includigiyy channel-
with multiple radio interfaces that can operate on multiple  aqgignmentwhat are the set of channels that each node/link

non-overlapping channels. However, new scheduling, chaeix ) . .
assignment, and routing algorithms are required to fully utlize should operate onfi) scheduling:when should each link be

the increased bandwidth in multi-channel multi-radio ad hoc ~activated at each channel? &(ig routing: how to select paths
networks. In this paper, we develop fully distributed algoithms  that minimize interference and increase throughput? These

that jointly solve the channel-assignment, scheduling antbuting  three problems are inter-related with each other, and thius f

problem. Our algorithms are online algorithms, i.e., they d not 5 cpallenging cross-layer control problem across the MAC
require prior information on the offered load to the network , and
layer and the network layer.

can adapt automatically to the changes in the network topolgy . g .
and offered load. We show that our algorithms are provably ~ In this work, we are interested in control protocols for
efficient. That is, even compared with the optimal centralied multi-channel multi-radio ad hoc networks that achievehhig
and offline algorithm, our proposed distributed algorithms can  system capacity. Although such control protocols for clenn
achieve a provable fraction of the maximum system capacity. 5ggignment, scheduling and routing can be obtained via the
Further, the achievable fraction that we can guarantee is leger S - .
than that of some other comparable algorithms in the literatre. throthDUt'ODt'maalgor'thms in [15] and [:!'6] that are known
to achieve the maximum system capacity, these algorithms
. — , are centralized and often with exponential computational-
Index Terms— multi-channel multi-radio ad hoc wireless net- . . .
works, distributed algorithms, efficiency ratio, channel asign- complexity. Hence, they are not easy to implement in real
ment, scheduling, routing. systems. In this paper, we develdjstributed and provably-
efficient solutions to the above cross-layer control problem.
By provably-efficientwe mean that for any offered load that a
|. INTRODUCTION given multi-channel network can ever support (possibly &y u
ing the centralized and complex throughput-optimal attons
Multi-channel multi-radio ad hoc wireless networks ha.ng [15], [16]), our a|gorithms can guarantee to Support aste
recently received a substantial amount of interest, eaieci 54 constant fraction of this offered load on the same network.
under the context of wireless mesh networks [2]-[14]. It haf other words, our algorithms can achieve a provable facti
been shown that one can significantly increase the capa@fthe maximum system capacity. Our proposed algorithms are
of ad hoc wireless networks by equipping each netwogglinealgorithms, i.e., they do not require prior knowledge of
node with multiple radio interfaces that operate on muetipkhe offered load, and can automatically track the changtrein
non-overlapping channels. This is motivated by some ctirrgqetwork topology and offered load. Thiéstributedandonline
wireless LAN standards (in particular, IEEE 802.11) whergature of our solution, combined with ifgovable efficiency
the entire frequency band is divided into multiple channelgitferentiates our work from existing control algorithnmsthe
and each radio can only access one channel at a time. Hefggature for multi-channel multi-radio ad hoc networket
if each network node has multlple radio interfaces, it Caé]ther do not guarantee provab'e performance bounds [E]' [3
then utilize a Iarger amount of radio bandW|dth, and hen , [10]_[14] or require centralized and offline So|utm[‘8]’
can achieve higher system capacity. Even if each node s[tg , [11], [15], or only provide order-optimal scaling lavi].
has only one radio interface, by operating neighboring Bode Qur proposed algorithms are perhaps most comparable to
at different channels, the amount of interference is reducgne polynomial complexity (but centralized) algorithm 8]
which also leads to higher system capacity. which is also shown to guarantee a certain fraction of the
maximum system capacity. Compared with the centralized
Manuscript received March, 8th, 2008; revised Decembeh,28008; gg|ytion of [8], the control algorithms proposed in this pap
accepted January 20th, 2009. Recommended by Associater Erehtrick . .
Thiran. This work has been partially supported by the NSFigans- are not only distributed and much simpler, but also guaeante
0626703 and a grant from Purdue Research Foundation. Aieremersion a higher fraction of the maximum system capacity (see the
of this paper has appeared in the Proceedings of IEEE INFOCI [1]. comparison immediately after Proposition 4 in Section IV-B
_Thel authors are Wlth Fhe School of Electrical and Compute_F Err . .
gineering, Purdue University, West Lafayette, IN 47907, AUgemail: 1Of details). One of the key differences between our apgroac
{linx,srasoo} @ecn.purdue.edu). and that of [8] is our assumption that, if the number of
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radio interfaces of a network node is less than the number Il. SYSTEM MODEL

of channels, the network node can switch radios from one ) . ) )
channel to another dynamically [2], [3], [6], [7], [9], [14In Consider a wireless network wittV nodes andL links.
contrast, the work in [8] requires radio-channel assigrtnoen Each link corresponds to a pair of transmitter node andvecei
be fixed. It does incur additional overhead in order to enadi@de. Letb(l) ande(l) denote the transmitter node and the
dynamic channel switching, which include both the hardwafgceiver node, respectively, of link Let £(i) denote the set
switching delay [2], and the protocol overhead for changirRf all links originating or terminating at node There are
channel-assignment. However, these types of overhead cdul frequency channels in the system. In order to take into
be reduced by improved hardware technology and refined pAs:count possible channel diversity, we ugeto denote the
tocols. More importantly, we believe that our results pdeva rate at which linki can transfer data on channelprovided
strong motivation to pursue such improved channel-switghi that there are no interfering links transmitting on channel
hardwares and protocols because, by allowing dynamic chah-the same time..The interference relaf[ionship i; defined as
nel switching, one can obtain control protocols (like thee orfollows. For each link,, there is a sef; of links that interfere

provable performance. on the same channel at the same time, neither of the links

can transfer any useful data. We assume that the interferenc

Our work is related to the recent progress in developinglationship is symmetrical, i.ek, € I; if and only if I € I, for
distributed and provably-efficient scheduling algorithfies  any two linksk and(. For simplicity, we adopt the convention
single-channemulti-hop wireless networks [17]-[24]. How- that{ € I;. Note that the interference relationship is identical
ever, as we will show in Section 1lI-B, straight-forward ert over all channels. Further, the channels are non-overappi
sions of some single-channel distributed scheduling &lgos  Hence, it is perfectly fine that link and another linkk € I,
to multi-channel networks may lead to very poor perfotransmit at different channels at the same time. The above
mance. The reason is that, in multi-channel networks, thergerference model is very general and can be used to model
may existchannel-diversity That is, due to both frequency-a large class of practical interference relationshipsuitiog
selective multi-path fading and different amount of backgrd  |EEE 802.11 DCF [19], [21], Bluetooth, and FH-CDMA [28].
interference, each link can have different rate at eachr#lan A key parameter that will impact the performance of the
In Section 1lI-B, we will provide examples to show thafcontrol algorithms proposed in this paper is theerference
straight-forward extensions of a well-studied singlefotel degree[21], [22]. We first define aon-interfering subsef I;
distributed scheduling algorithm, i.e., the Maximal Salledy as a subset of links ify such that any two links in this subset
algorithm, can perform very poorly in multi-channel systeemdo not interfere with each other. The interference degige
with channel diversity. In contrast, the algorithms that wef link [ is the maximum cardinality of any non-interfering
develop in this paper can guarantee provable efficiency ev@ibset of ;. In other words, the interference degré&i)
with channel diversity. of link I characterizes the potential loss of system capacity
if link [ is scheduled, i.e., it is the maximum number of
alxilnks that could have been turned on simultaneously (withou
interference) if link/ was not turned on. The interference

i . . gegreelc of the whole network is the maximum possible
transmitter sends information over a large number of su hterference degree over all links. Note that the interfeee
carriers (e.g.52 sub-carriers in IEEE 802.11a). Hence, OFDM 9 '

. . . degree of the system can often be determined directly fr@em th
systems can also be viewed as a special type of multi-channgf =~ ~. :
) S S . physical interference model, and thus can be independent of
multi-radio wireless system®pportunistic schedulinglgo-

rithms can significantly improve the capacity of such sySerﬁhe exact network topology. For example, under the sodalle

. ! . : . node-exclusive interference model, each link only intere
by exploiting sub-carrier frequency-diversity (and alsod-

’ ) S . with other links that share a common node. This model has
diversity) [25]-[27]. However, such opportunistic schiag
) y) [25]-27] ' P >~ _been used to model Bluetooth and FH-CDMA networks, and
algorithms for cellular networks cannot be extended diyect, ~ . S
. - its interference degree 8. For the so-called bi-directional
to ad hoc wireless networks because of the distributed @atur )
. egual-power model that approximates IEEE 802.11 DCF, the
of ad hoc networks. On the other hand, the algorithms that wi .
C : o . Interference degree & [21].
develop in this paper can be vieweddistributed opportunis-

tic schedulingalgorithms for OFDM-based ad hoc WirelesiNLet M; be the number c_>f rad|_o mterfac_es available at node
networks. e assume that at any given time a radio can only tune to one

channel. Therefore, for linkto successfully communicate on
The rest of the paper is organized as follows. We first outlirannelc, both the transmitting nod&(/) and the receiving

the network model in Section II. In Section Ill, we illustethe node e(l) must tune one radio to channel Like [2], [3],
important effect of channel diversity, and show that st&ig [6], [7], [9], [14], we assume that radios can switch chasnel
forward extensions of single-channel distributed schiagul dynamically.
algorithms may perform very poorly in multi-channel netk®r  There areS users in the system. Each user is associated
with channel diversity. We then present a new distributedl amith a source node and a destination node. The traffic from
provably-efficient algorithm in Section IV. Simulation s each user may be routed over multiple alternate paths. Let
are presented in Section V. Then we conclude. J(s) denote the number of alternate paths for useiLet

Our work is also related to thepportunistic scheduling
algorithms in cellular networks that use OFDM (Orthogon
Frequency Division Multiplexing). Note that in OFDM, the
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1 . . [ . . N,L,C,S number of nodes, links, channels and users
[HSJ'] denote the rOl_,Itlng matrix, WherHSj o 1 if path j b(l), e(l) transmitter/receiver node of link
of users traverses linkl, Héj = 0, otherwise. We assume E(3) set of links incident at node
that time is divided into slots of unit length. Let,(¢) denote ry rate of linki on channele
the number of packets that userinjects into the system at I set of links that interfere with link
. u p - u ) ! o Y M; number of radios available at node
time-slott. For simplicity, we assume that;(¢) isi.i.d. across J(s) number of alternate paths for user

time, and is bounded from above (while our results can also [oelH:), [Hy;] | routing matrix _
generalized to more general arrival patterns, e.g., wheketa Aj\‘(t) 2\‘;22;; ‘gagﬁg':ei;?egliiﬁtigté’yoﬁEesg time?
arrive according to some Markovian arrival processes). Le;M(t),jw(t) the channel assignment and schedule at ime

As = E[A44(1)]. Dy (t) number of packets served by lidkat timet
We assume that the channel assignment can be changed’ (! fraction of traffic from users that is routed to path

. . . . . q(t) number of packets queued at lihk
every time-slot, an_d the time that it takes to switch radigs () number of packets assigned to channel queoé link I
between channels is negligible compared to the length df eac Q the optimal capacity region

. . . vy the efficiency ratio
time slot. For ease of exposition, in the rest of the paper K, k() the interference degree

whenever there is no source of confusion, we will use the tefm,, ‘s, c.. | parameters in the control algorithn&P and M P
“schedule” to refer to both the channel assignment and tike li
schedule at a time slot. At time slot let M(t) = [M(t)] TABLE |

denote the outcome of the scheduling algorithm, whet€(t) A TABLE OF ALL NOTATIONS
is the set of non-interfering links that are chosen to trahsm

at channet at timet. Let D;(¢) denote the number of packets

that link I can serve at time slat ThenD(t) = c:le%c(t) Uz capacity regions of all algorithms. An algorithmtigoughput-

Let P,;(t) denote the fraction of traffic from userthat is optimalif it can achieve the optimal capacity regiéh An
routed to pathj at time slott. Further, letg(t) denote the algorithm is said to achieve aefficiency ratioof ~ if it
number of packets queued at liikat the beginning of time can stablize the system under any loadthat lies strictly

slot £. The evolution of(¢) may be written as: in vQ. By definition, a throughput-optimal algorithm has an
efficiency ratio of1. The key variables in the system model

S J(s) . .
at+1) = [g() + Z Z Hészj DAL — D], Q) are summarized in Table 1.
s=1j=1 I1l. GENERALIZATIONS OF SINGLE-CHANNEL
where[-|" denote the projection tff), +o00). We say that the SCHEDULING ALGORITHMS TOMULTI-CHANNEL
system isstableif the queue lengths at all links remain finite NETWORKS
[16], i.e. In this paper, we are interested in distributed control algo
1 I rithms with provable efficiency ratios. A number of provably
lim — Z 1, — 0, almost surely ag) — oc. efficient and low-complexity scheduling algorithms havere
T=oo T {X at)>n} proposed fosingle-channemulti-hop wireless networks [17],

Remark:Note that in (1) we have adopted the simplifyind191-[24]. One would naturally hope that the generalizatio
assumption that packets from each useare applied to all ©f these single-channel scheduling algorithms may lead to
links I along the path of user simultaneously. This assump-8aually efficient and low-complexity scheduling algorithifor
tion simplifies the analysis of the paper, and allows us tagocMU!ti-channel networks. Unfortunately, this is not alwake
on the channel assignment and scheduling components of tHac- In this section, we study the gengrahzaﬂon of twan suc
problem. In reality, packets have to traverse the links dne %ngle-channel sched_uhng algorlth_ms, €., Gr_eedy Maatim
a time. There are a number of known methodologies thgeheduling a_nd_MaX|maI Scheduling, to r_nulp-channel net-
can extend our model to take into account this link-by-lin@orks. We will first show that the generalization of Greedy
packet dynamics [17], [19], [20], [24]. One such approacMaX'mal Schedu!lng_can still guarantee eff|C|en.cy-ra_t|d>s a
is to assume that users can communicate the amount st @s tight as in single-channel networks. While thisItesu

transmitted traffic?,; () A, () to all links along pathy through is encouraging, the complexity of Greedy Maximal Schedylin
an additional control channel, and let each lihlkupdate a

grows linearly with the size of the network. It would be

“virtual” queue according to (1). Then, with an appropriat8'°'® desirable thgt we can develop _distributed schedu_ling
packet scheduling policy at each link, one can show that tAlgorithms for multl-_channel ad hoc W!reless networks_W|th
real queue (with link-by-link packet dynamics) is stable a&/€n lower complexity. However, we will show that straight-
long as the “virtual” queue defined by (1) is stable [17], ng{grward exte_nS|ons of MaX|maI Schgdullng, an even simpler
Hence, in this paper we will neglect the link-by-link packe{oW-complexity and distributed algorithm, can result inchu
dynamics, and use (1) to describe the queue dynamics. lower efficiency ratios in multi-channel networks.

Let X = [A1,...As] denote the offered load to the network. ) )
The capacity regionunder a particular channel-assignmenf)- Greedy Maximal Scheduling
scheduling and routing algorithm is the set)obuch that the It is known that the maximum system capacity can be
system remains stable. Under possible routing constrairgs attained by the following throughput-optimal schedulingoa
define theoptimal capacity regiorf2 as the supremum of therithm [15]-[17]: at each time slat, the scheduleéV(t) should
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be chosen to maximize the queue-weighted rate-sum, i.e., abovel /(X +2) of the maximum weight of the optimal sched-
. ule in (2). The Greedy Maximal Scheduling algorithm can
M(t) = argmax Z a(t)ri- @) be implemented by a centralized algorithm with complexity
(Le)eme O(Llog L), whereL is the total number of links. Alternatively,
Further, if an algorithm can generate schedules whose teigit may be implemented by a distributed algorithm with time-
are guaranteed to be above a fractioof the maximum weight complexity of O(L) (see [32], which is a distributed variant
in (2), then the algorithm will achieve an efficiency ratio obf the algorithm in [33]). Note that in the literature, there
v [17], [18]. The Greedy Maximal Scheduling algorithm isare other algorithms that can generate schedules with weeigh
one such algorithm. Roughly speaking, a schedMgt) is guaranteed to be above a certain fraction of the optimal
maximalif M(t) is a non-interfering schedule, and no morechedule. Some of these algorithms are distributed and have
links can be added t81¢(¢) at any channet without violating  even lower complexity than Greedy Maximal Scheduling (see,
the interference constraint and radio interface constraine e.g., [34]-[36]). However, these distributed algorithnither
Greedy Maximal Scheduling algorithm computes a maximgliarantee lower approximation ratios than Greedy Maximal
schedule by always starting from the link-channel pair Wt~ Scheduling [34], or require additional geometric constisai

largest queue-weighted ratg(t)r;. Specifically, the Greedy on the network topology [35], [36].
Maximal Scheduling algorithm proceeds as follows in each

time-slott.
Greedy Maximal Scheduling:
(i) Form a setZ of all link-channel pairs(l,c). Define  FOr single-channel networks, another algorithm called Max
the weight of each link-channel pai, c) t07 beq(t)rf, imal Scheduling is known to guarantee an efficiency ratio
whereg(t) is the current queue length at link Start of 1/K, is easy-to-implement in a distributed fashion, and

B. Maximal Scheduling

from an empty scheduld(t). has even lower complexity than Greedy Maximal Scheduling.
(i) First search for the link-channel paif,c) with the Under the node-exclusive interference model, the comiylexi
largest weighty, (t)r¢. Add link I to Me(t). of Maximal Scheduling can be as low &glog L) for single-

(i) Remove from F all link-channel pairs that cannot peChannel networks [37]. Hence, it would be interesting to see
scheduled aftefl, c) is scheduled, due to either the inWhether extensions of Maximal Scheduling to multi-channel

terference constraints in channebr the radio interface @d hoc wireless networks can also attain similar efficiency
constraints at end-points of link ratios as Greedy Maximal Scheduling. Recall the definition

(iv) Find the link-channel paitl, ) with the largest weight of a maximal schedule in Section Ill-A. Mathematically, a
q(t)r¢ from the remaining pairs in 7. Add link [ to maximal schedule can be stated as follows.

ME(). Multi-Channel Maximal Scheduling: A multi-channel
(v) Repeat Step (i) and Step (iv) until no link-channelrsai maX|maI. schedule/\/l(t)c consists of links/ that. are back-
are left in F. logged, i.e.,q;(t) > >, rf. Further, for any link-channel

Note that the above Greedy Maximal Scheduling algorithRfr (/;¢) such t.hat linkl is backlogged, at least one of the
is a natural generalization of the Greedy Maximal Sche(j;ulirﬁono""'_ng Is true: _ _
algorithm for single-channel networks [17] and high-speed e Either link [ is scheduled in channel i.e.,l € M*(t),

switches [30]. or, . . . . . .
The following proposition shows that Greedy Maximal e One of the interfering links: to link I (i.e., k € 1) is
Scheduling can guarantee an efficiency ratiolgfK + 2) backlogged and scheduled in chanaél.e. k € M(t)),

in multi-channel networks, wherg€ is the interference degree or _ _ _

defined in Section I. Note that the Greedy Maximal Schedul- « Either the transmitter or the receiver of linkas used up
ing algorithm has been shown to achieve an efficiency ratio of ~ all the radios, i.e3 ", c 51y 2oa=1 L{kema(yy = Moq),
1/K in single-channel networks [17]. Thus, we can conclude or ke B(e() chzl Ligemay = Meqy.

that its performance in multi-channel networks is simifeor For single-channel networks, such Maximal Scheduling
simplicity, we only present the result for the case wheréeag|gorithms have been shown to achieve an efficiency ratio
user has one fixed path through the network. Bgt= 11if of 1/K. However, for multi-channel networks with channel
the path of uses uses linki, H{ = 0, otherwise. diversity, such algorithms can perform much worse, because
Proposition 1: Assume that each user can only use ongie algorithm could pick the weakest (i.e., least capacity)
path, and the routing matrix is given byZ[]. The above jinks at each channel into the maximal schedule. A slightly

Greedy Maximal Scheduling algorithm can achieve an effinproved version of Maximal Scheduling for multi-channel
ciency ratio of 1/(KC + 2). Further, if M; = C for all i,

i.e., there are no radio interface constraints, Greedy Maki  *Although these algorithms are designed to compute matdeingraphs,

Scheduling can achieve an efficiency ratioldfC. i‘t is not difficult to generalize thgm to‘m_ullti-channel neﬂm_ Essentially, a
9 y ¢ link-channel pair can schedule itself if it is the “locataviest” [32], i.e.,

The_ proof of PI‘OpOSItIQﬂ 1is pI’OV_Ided 'n_ O_ur Onlmﬂts weight is larger than all other conflicting link-chanrplirs. (Ties can be
technical report [31], and is along the line of similar résul broken using some pre-assigned ID numbers). Otherwiseillitwait until

for switches [30] and for single-channel networks [17] ][18the conflicting link-channel pairs with larger weights halecided. Then, it
' ill either give up (if a conflicting link-channel pair withigher weight has

The main idea is to ShOW that the V\{eight of the SChedl’@/%en scheduled), or schedule itself (if all other confligtimk-channel pairs
produced by Greedy Maximal Scheduling is guaranteed to i higher weights have given up).



LIN & RASOOL: A DISTRIBUTED ALGORITHM FOR MULTI-CHANNEL AD HOC WIRELESS NETWORKS 5

networks would be to enforce an additional constraint that twe must be able to properly take into account channel diver-
scheduling pattern on all channels must be the same. Asswsitg. In this work, we introduce a novelvo-stage queueing
that M; = C for all nodei, i.e., each node has enouglmechanism to address channel diversity, and to preverd link
radio interfaces to access all channels simultaneouslys,Thfrom using channels that are weak (i.e., with smaller cdppci

if we aggregate all channels together, the capacity of link The basic idea of two-stage queueing is as follows. Packets
lis chzl ri. We can then define the following Aggregatedrriving to each link are served in two steps. The first step is

Maximal Scheduling as in single-channel networks. a logical assignment of the packets to channels: packets that
Aggregated Maximal Scheduling: arrive at each linkl are assigned to queues that correspond
« If link [ is scheduled, it will transmit over all channelg® €ach channet. The second step is thectual scheduling
simultaneously. of radio interfaces and links: radios are assigned to cHanne

« For any link{ that is backlogged (i.eq(t) > Zc L), according to maximal schedules, and packets in the channel
either link is scheduled, or some other backlogged linRueues are served. The key of two-stage queueing is to ensure
k € I, is scheduled. that, in the first step, packets are less likely to be assigmed

However, the performance of Aggregated Maximal Schedd'lnk -channel pairs that are “weak.” Thus, the “weak” links d
ot even participate in the maximal schedules in the second

ing can still be very poor. We note that the weak performan@ Clearly. h difficul h q

of Aggregated Maximal Scheduling has less to do with t ep. Clearly, the main difficulty is how to determine in a

inefficiency of single-channel Maximal Scheduling, but ha; istributed and or_lllne fashion which link- phannel paire ar

more to do with the fact that all channels are aggregatedainto weak.” As we will show next, our algorithm makes this
decision intelligently by using the queue length inforroati

single channel. In fact, the following example shows thateo both th link level and th h level
all channels are aggregated into a single channel, reg;;:xrdl%t oth the per-link level and the per-channef level.

of the scheduling algorithm used, the efficiency ratio can be

as low as1/I, where I is the maximum number of links A. The Single-Path Case

that interfere with any linkl. To see this, consider a node For ease of exposition, in this subsection we first focus on
0 communicating with nodes, ..., I. Label the links between the case where each user only has one fixed path through
node0 and node as link . Assume that each link interferesthe network. LetH! = 1 if the path of users uses linkl,

with all other links if they operate on the same channel. leency! — o, otherwise. Our proposed multi-channel multi-radio
only one link can be assigned to each channel at any tIf‘@;‘(éhedullng algorithm works as follows. Each link maintains
Assume that the total number of channels is alsd.et the ¢ 41 queues. There is one queggefor each link!, which
capacity of linki at channef to be 1, while its capacity at all represents the backlog of packets at linthat have not been
other channels is. Thus, if we aggregate all channels into &ssigned to channel queues yet. At the same time, eaclh link
single channel, the aggregate capacity of link 1 +¢(/—1). maintainsC channel-queues?, ¢ = 1, ..., C. The per-channel
Since only one link can be activated at each time, the to@leuen; represents the backlog of packets assigned to channel
capacity of the system is+ ¢(I — 1). However, if we assign ¢ by link / that are still waiting to be served. Note that bqth
each linki to operate on channglthere will be no interference gnd 771 evolve as a function of time, and in generad; (t) #

in the system, and the total capacity of the system is thg c(t). At each time slott, the following algorithm is
I. Hence, regardless of the scheduling algorithm used, a%xecuted

approaches zero, the efficiency ratio will be arbitrarilps#  algorithm SP:
to1/1.

The above example clearly illustrates the weakness of
Maximal Scheduling algorithms in multi-channel networks
with channel diversity. In particular, the above extensiof

« Step 1: Definef(t) to be the number of packets that link
[ can assign to channelat time-slott. For each linkl,
let

Maximal Scheduling to multi-channel networks fail to take clpy — e iE alt) 1 i (1)
i . ) Il (t) = Tl ) |f Z = Z -
into account the channel diversity, and hence the perfocean it "\ ger, TH
of the scheduling decisions can be very poor. c c
1 i (t) 4+ 1 D i (t)
Mo cimbayd=t ™ MO gy d=t T
IV. A DISTRIBUTED AND PROVABLY-EFFICIENT €BGW) =1 €B(e() 4=
MULTI-CHANNEL CONTROL ALGORITHM BASED ON zj(t) =0, otherwise, ®)

MAXIMAL SCHEDULING whereq; is an arbitrary positive constant chosen for link

Given the results in Section Ill, a natural question is [. Then, link [ drains min{ql(t),zcczle(t)} packets
then: can we develop a distributed scheduling algorithm for from ¢;, and assign them to each channel qieuet
multi-channel multi-radio ad hoc wireless networks that ca  y7(t) € [0,zf(¢)] be the actual number of packets
guarantee the same efficiency ratio as the Greedy Maximal assigned to each channel quewfe Recall that in the
Scheduling algorithm, but with lower complexity compagbl
to Maximal Scheduling? In this section, we will develop TThis assignment can be more precisely described as folldwg:(t) >
such a qllstnbutegl schedullng aIgon_thm Interestingly, new oz<c Jlﬂ("’tz)(l ::1'(3'; yszu(é?] t—ha:flz(c) IOyr rztll) Ta;r;?glclz(())rtz)e(;vr\:;?e C:?r?;z erg
scheduling algorithm still uses maximal schedules. Olsligu 3 channelsz! () = 1,22 (t) — 2 Jz2(t) = 3, andg,(t) = 3, then we can
in order to avoid the inefficiency illustrated in Section-B| choose, as an examprgf(t) =y2(t) =y} () = 1.
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same time slot, link also receive§:f:1 H!A,(t) new interfere with the link-channel pairs that have been scteetiu

packets. The evolution af; is thus given by: In this case, the evolution of the channel queue becomes:
s c
a(t+1)=qt)+ > HA®) = yit), @) ni(t+1) =) + i) = rilge vyl (@)
s=1 c=1
where where M¢(t) consists of bothM¢(t) and the additional link-
channel pairs that are scheduled but are not backlogged. Thi
< < modification will help to more quickly drain those queuesttha
;yz (t) = mln{ql(t)’;xl ()} () are not backlogged. Our main result (Proposition 2 below)

) does not require scheduling those link-channel pairs that a
« Step 2: Based on the channel queyigs), Multi-Channel ot packlogged, and hence applies to both update (6) and
Maximal Scheduling (as in Section 1lI-B) is carried oufpgate (7).

to determine the c_hannel-assignznent and link schedulesyyg f6)10wing main result shows that the efficiency ratio
Mathematlcally, this means t,hat/l (1) agam.cor!5|sts of of Algorithm SP is identical to that of Greedy Maximal
links [ that are backlogged in channel(which is now Scheduling in Section I1I-A.

defined asnf(t) > rf). Further, for any link-channel
pair (I,¢) that is backlogged, one of the statement
under the Multi-Channel Maximal Scheduling algorith
in Section 111-B must hold. Then at the end of step 2, th
evolution of each channel quewg(t) is given by

Proposition 2: Assume that each user can only use one
ath, and the routing matrix is given B¥!]. The efficiency
ratio of our proposed algorithriP is 1/(K + 2) whereK is
fhe interference degree defined in Section II.

Proof: We will show that for anyX such that some schedul-
ni(t+1) =ni(t) +y;(t) = r{lgemew)y.  (6) ing algorithm can stabilize the network at the offered load

IC+2)X, Algorithm S P will stablize the system at the offered

.Remark:The assignmentin (3_’) 'S the k?y o ensure that "mﬁ%ad A. We use the following Lyapunov function to establish
will only be scheduled on their “strong” channels. Roughl)étability'

speaking, this rule means that packets will have a bettaragha
to be assigned to a channel-queue if the correspondingrate
is large (note thaty appears in the denominator of the right- V(q,7) = Vi (@) + Vi (7)), (8)
hand-side). Note that in (3) each link only needs to know

the channel-queue-lengtfi(¢) at interfering links. This rule where
can be best explained by interpreting the quantigi€s) and

nf(t) as “price” signals. The quantity; (¢) can be interpreted Vi(q) = Z
as thecongestion cosat link [ (due to the imbalance between o\ =
the extecr(?)al arrivals and the system capacity). The quyantit I C . c
Y oker "’;C can be interpreted as tledntention costat link o Ui [ M 1 n
l (duelz to the interference on channefrom links in the in- Va(?) ZX:Z 2ry bverd e © Z )); r
terference sef;). The quantitiesj\fm > keE(bQ) DO nk_;;)

ES

T

¥ keE @M
T 1 c nd
1 C mi - + _k}
anq V7o DokeB(e(l)) Zd_:1 “r can be mterpreted as the M. ke}%@); rd
radio costsat the transmitter nodi(!) and receiver node(l), B
respectively, of linkl. Hence, each link will assign traffic to e - A .
channelc at the maximum rate; only if the contention cost w ngi‘;(é)tgax‘l/(?j)(ti:t}c))ﬁgez 1\2v)e h‘a/\/(g(t)m(t)). Since
of the channel plus the radio cost, weighted by the channé&f s( '
capacityry, is smaller than the congestion level at the link. F1))2 )2

Note that in the definition of Multi-Channel Maximal (@(t+1) — (@(t))

Scheduling in Section IlI-B, we have explicitly given priiyr 2 2 (@t +1)— q(t))?
to links that are backlogged. Similarly, in Step 2 of Alghrit = qg®)(qt+1)—q)+ El &

SP, we only require the link-channel pairs that are backlogged s c 2
(i.e.,nmf(t) > ry) to participate in the schedule computation in " HUA (1) — c(s C

each channel. As a result, the updated channel-queue is (6) i  — al )[; +As(t) ;yl( ] +C

always non-negative. It is possible that, in addition to dtimu

channel maximal schedule, one can simultaneously activ@ifereC; upper boundgq;(t + 1) — ¢ (¢))? for any andt.
additional link-channel pairs that aneot backlogged (i.e., According to (5)25:1 yi(t) = chzl ¢ (t) whenever, (t) >
ni(t) < rf) and that still satisfy the interference constraintici1 r¢. Hence, we can show that,

and the radio interface constraints. Specifically, we cadifgo

Step 2 as follows: If after computing multi-channel maximal V(q(t+ 1)) = V(1)

schedule for backlogged link-channel pairs, there areostier I g c
link-channel pairs that could be activated, we can inclindseé < Z a(t) [Z HLA(t) — Z 2§ (t)] + Co
link-channel pairs into the schedule as long as they do not - pt
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for some constant’;y. Similarly, we can show that

no more thanV/; link-channel pairs incident to nodethat are

- _ activated simultaneously (see [8], [9]). Lef = 1715
Vi (77(t + 1)) = V;, (77(2)) We thus have, (K+2)(1+e)
L C . . c 4
n; (1) yi(t) 1 yi (1)
< ZZ p: Z iy Z Z g s c .
I=1c=1 ' lker 'k b peEBE) d=1 'k (1+¢€) Z fo, for all link 1, (13)
C d s=1 =
1 yi(t)
Yell) )] 4+ c_
+Me(l) Z Z d pi(t)| +Cs x_z
keBE(e(l) d=1 'k (1+¢) Z Z -
My Tk
L C ¢ c C 4 en keE(b(1)) d=
n; (1) 23 (t) 1 2y ()
S Z Z ré Z r¢ + bl Z Td c jd
=1 =1 'l leer, Tk D keB@®@)d=1 'k + “k1 <1, forall (I,c). (14)
c e(l) 1Tk
1 2 (t keB(e(l)) d=1
> A )] + ca
o) pemew)d=1 'k Therefore, we have

where(; is a positive constant and

L s c
t =C
> Lpemewy + > Z e M) < Z @) [Z Hi)g — le]
kel l) keE(b(1)) d=1 I =1
L a(t) c c
S > teso (©) D Dot = Y )]
Meq ke E(e(l)) d=1 =1 =1 =1
L C _ c
Note that this inequality holds even if we replace the ch&nne + Z Z n; (t) [Z L Z I_g
gqueue upd_ate (6) by (7), because the activation of link- 17 1 Ty rer, Tk Mb(l) ke B(1)) d=1 Z
channel pairs that are not backlogged only further decsease .
the differencd/, (7(t+1))—V, (7(t)). Therefore, the Lyapunov + Z Z Tk e }
drift AV'(t) can be bounded by ) pebiny =t T
o < S B NSy e - () [ 20 — 7
E[AVOl70), 7(1)] < Y L2 HiA = af () DI DPE
=1 Y= =1 =1 =1 1 Llgeg, k
L c c c d
n;(t) (1) 1 (1) fk — I
Py s L 5 ydtod
I=1c=1 o Llger, 'k keE(MD) d=1 'k D keE®) d=1 i
¢ d ~d
xd 1 t) —
> oy 0] + " ST ey as)
Me) e a1 W) peme@)d=1 'k
for some positive constardt;. e d
Since there exists some scheduling algorithm that can s'H?-t mp = [Zke]z T: + Mb(l) ZkeE(b 1) Zd 174 +

bilize the system at the offered load vectd¢ + 2)X, there

must exist some € [0, rf] for each(l, ¢) such that M

S C
(1+e?(K+2)> H <> if, forall link I,

2d
ZkeE (e(1)) Zd 17

Maximal Scheduling (see Section IlI-Byy (¢) > 1 whenever
ny(t) > ri. Using (13)—(14), we thus have

] By definition of Multi-Channel

(10)
. E[AV(8)[q(t),7(¢)] (16)
z$ . s
;; v < K, for all link I and channet, (11) . z_:l HIN, Lo .
l < —e) = J=ed D i
— 1o
Z Z i < M;, for all nodei, (12) lL_l o =hest
kEEB(i) c=1 +szlc_$l [ au(t) <Z (1)
whereZ{ can be interpreted as the long-term average amount =1 c=1 kel
of service that linki received at channel, ande is a small c
positive number. Note that the inequality (10) is due to Hte + Z Z d
balance at link. The inequality (11) is due to the interference M keB(b() d=1 'k
constraint, i.e., there can be no more thérdinks activated c
simultaneously in any interference randge The inequality Z ] +C5.  (17)
(12) is due to the radio interface constraint, i.e., there loa Me(l) keB(e(l)) d=
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Recall that0 < z7 < rf. Then, by Step 1 of Algorithnb P, « Step 1: Each user computes the routing fractior;; (¢)

the third term in (17) is non-positive. Therefore, as the solution to the following optimization problem:
E[AV(#)|G(t), 7t ()
[AV( )Slq( ), 7i(1)] max BaNmp oy (18)
S HIA, L ¢ Fe =1
< X E - Y M + 0 1 e
-« =1 c=1 'l - Z Py ZHéle(t) + e
The stability of the system then follows [16]. Q.E.D. =t I(s) =t
subject to Py >0, Z Py =1, (29)
If M; = C for all nodes, i.e., when there are no radio J=1

interface constraints, a tighter efficiency ratio can bewsho
by slightly modifying Algorithm SP. In particular, we can
remove from (3) the radio costs (i.e., the last two terms). We
can then use the following Lyapunov function:

vgn=> 94y

=1 =1 c=1

where [H.;] is the routing matrix, 3, is a positive
number chosen for each sourgeande,; is a constant
chosen for each path of sources. Each users then
routes each arriving packet independently to patkith
probability Py;(t). Let P,;(t) be the actual fraction of

n Mk :
2720 [ Z r—lj] packets that uses routes to pathy at timet. Note that

C

kel F E[P,;(t)As(t)] = Py;(t)As.
« Step 2: This step is the same as Step 1 of Algorithi

Following the line of proof of Proposition 2, and noting that i
except that the queue evolution (4) becoimes

the last two terms of (14) can also be removed, We can then

show the following tighter result. s J(s) c
Proposition 3: Assume that each user can only use one ¢ (t+1) = q(t) + Z Z HL Py (1) As(t) — Zylc(t)_
path, and the routing matrix is given B§7']. Further, assume s=1 j=1 e=1

that M; = C for all nodei. The efficiency ratio of the modified
Algorithm SP is 1/K.

In both cases, the distributed Algorith®P achieves the
same efficiency ratio as the higher-complexity Greedy Ma
mal Scheduling algorithm in Section IlI-A. with a smaller congestion costC H';q,(t) + e,;. Note that

We briefly discuss the choice af; in (3). The parameter

« Step 3: This step is the same as Stdp Algorithm SP.

Remark:The optimization problem (19) is formulated in such
G way that the routing fractiorP; is larger for a pathj
L

=1
a; will affect the balance between the link-queygt) and each user only needs to know_the sum Of_ the queue I_ength
q; along its own paths. An efficient algorithm for solving

channel-queues;(t). If o, is too large, Algorithm P may this optimization problem withO(.J(s)log J(s))-complexity
not move packets from the link-queue to the channel-queues " . ; : .
X . . IS provided in [38]. The parameteg; is optional and it allows
even when there is a large backlog in the link-queye). On . J
L each user to give preference to certain paths. For examyle,
the other hand, ity is too small, then the per-channel queué " S
an be equal to a positive constant multiplied by the number

needs to be fairly large before the algorithm can avoid “Weak
ylarg ' 9 . of hops along each path of users, in which case the paths

channels. In practice, we find that the algorithm performs. .
. . . .~ With a smaller number of hops are given preference. The
satisfactorily wheny; is chosen to be at the same magnitude . . C . ; .
9 . . “(uadratic term in the objective function of (19) is essédntia

as (max; . 77)?, which leads to comparable lengths of link- . . I .
ueues and channel-queues to prevent potential routing oscillation. To see this, nittat
q ' if 5, = 0, then when (19) is solved for any userthat has

multiple alternate paths, only paths that have the smatlesit
. L
B. The Multi-Path Case >° Hlq(t) + ey; will have positive P,;. This property can

We next extend AlgorithmSP to the case when eachgasily lead to oscillation of the routing fractiod; when
user can use multiple alternate paths. For the moment, w queue lengtl, is being updated [39]. On the other hand,
assume that each user is provided witfs) alternate paths ith the addition of a quadratic term, the objective funatio
through the network, and we will study how each user shoud (19) becomes strictly concave. The optimal routing fiact
optimally route packets among these alternate paths. Th@ien becomes a continuous function of the queue leggth
in Section IV-C, we will discuss how these paths should benys, routing oscillation is eliminated. The parametercan
computed. Let}; = 1 if the j-th path of users uses link also control how sensitive the routing fraction is with resp
I, and H]; = 0, otherwise. DefineP,; to be the fraction to the queue length. By setting, to be a larger constant,
of incoming packets from uses that are routed to path the routing fraction will become less sensitive to the tianis
J. Let Py = [Pa,..., P, js)]. Obviously, P;; > 0 and queue dynamics.

ijl) P,; =1 for all users. Let P =[P,,...,P]. We can

then generalize Algorithn$ P to the following joint channel- USZ';‘Otzréhgt h"fgg t?)ggilr "‘rf]vfslU;Enthethiss:mpg?“ustgstsﬁ&ﬁgfegﬂ e
assignment, scheduling and routing algorithm. Corr:spondir?gply, the choice of the rgoutingpprobability o) is also bast)e/d
Algorithm M P: At each time slot: on this “virtual” queue.



LIN & RASOOL: A DISTRIBUTED ALGORITHM FOR MULTI-CHANNEL AD HOC WIRELESS NETWORKS 9

The following result shows that Algorithi/ P can achieve We thus have,
at leastl /(K +2) of the maximum system capacity, compared
with a throughput-optimal algorithm using the same set of
alternate paths. E[AV (1)|q(t), 7(t)]
Proposition 4: Assume that the set of alternate paths are
given. If oy = « for all links I, then the efficiency ratio of
Algorithm M P is 1/(K + 2). Further, if M; = C for all node =1 s=1 j=1
1, then the efficiency ratio can be improved1toiC. s J(s)
Remark: The authors of [8] also developed a joint channel — Z Z H! -st)\s] (20)
assignment, scheduling and routing algorithm, which hamnbe s=1 j=1
shown to achieve an efficiency ratio dfnin; M;)/(KC) L

IA
[]=
S
~—~
N
[~]=
&“U
=<
S~—
>
W

5

(see Theorem 2 of [8]). The algorithm in [8] is an offline +Z a(t) [ZZHZPSJ-/\S — Zfﬂ (21)

and centralized algorithm. In contrast, Algorithid P that 1

we developed in this paper is distributed and much simpler. L c c
. l(t) —c c

Further, when AlgorithmM P uses the same set of paths as +Z — [Z T — le (t)]

computed by the Linear-Programming based algorithm in [8], - ¢ = c=1
it can guarantee an efficiency ratio of (K + 2), which is L et c 1 C -d
. . Ui z T
higher than that of [8] if some network nodes only have a +ZZ lr(c) T—k Z T—s
small number of radio interfaces. We refer the readers to I=1c=1 ! lrer 'k My kEE(b()) d=1 "k
the discussions in the Introduction regarding the diffeeen 1 C zd
between our work and [8], and the potential implications. +M Z T—S - Hf(t)}
Proof of Proposition 4 : We only provide the proof for the W pepe(n) d=1 '
i i i L C
_eff|C|ency rathl/(IC+2). We use the same Lyapunov function ne(t) 26 (t) — 76
in (8). Following the steps in the proof of Proposition 2, we +ZZ e -
can bound the Lyapunov drift as, I=1e=1 'l ‘ken k
1 zi(t) — 7}
E[AV(1)|q(t), 7(t)] - 0 kGE(b(l)); ri
" aqlt) L& ! o C d —d
< ZT[Z H. P(t)As — > xf(t)] L1 3 Z:vk(t) —:vk] LGy
=1 s=1j=1 =1 M. e = rd
S () [ 25 ()
l
B el o where C is some constant. Note that except the first two
1 Z z(t) terms (20) and (21), the remaining terms are the same as
bO) o rd Equation (15) in the proof of Proposition 2. To show stafilit
€BGW) 4= it then suffices to ensure that (20) and (21) have negatifes dri
1 ), From (20), we have,
+ Z T — ()| +Cu
o) pepe)d=1 'k
B S J(s) S J(s)
Since(K+2)A can be supported by the optimal policy, similar alt H Pyi(t)\s — H! pS /\
to (13) and (14), there must exist sorfag] and [P;;], such Z ;le it ;le ’
that S J(s)
_ Z sﬁs sg ))
1) 1 1
B, D ~C c s=1j=
0< P <1, > s =1, 057 < . s J(s)
=
O c T ; alt 21 z; H;
(146> > HLPyA < for all link 1 - =
— 7 — S J(s) 5 \2
e = Yy AP
T, 1 .z —1 ;=1 2
1 Tk Tk ==
e 1; it Mg kel%(l))z; i - SR
. -
— ql( H PS /\
1 C i’z Z ;le ’
+ M Z Zr_d =1 S J(s) s J(s) P,.)2
eW) rem(e(t)) d=1 'k

_Zz/\ﬁs 53 ( +Zz/\ﬁsps

for all (I,c). s=1j=1 s=1j=1
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According to Step 1 of Algorithm\/ P,

S J(s)

Sy AR

s=1 j=1

5 (1)
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then ensures that the capacity region of AlgorithiP is no
worse thatl /(K + 2) times the maximum capacity that can
be achieved by using the same set of paths.

A more attractive alternative is to discover pathsline
Note that the queue-lengtii(¢) also provides us with the

L S J(s) . . . .
T " H P signal to discover potentlally bettgr paths. Gl\{en a set of
qu( )[;; alternate paths, we can easily verify the following propert
s J(s) for Step 1 of AlgorithmA/ P. For each uses, those pathg
with positive routing fractions?;;, must satisfy the following
AsPsj(t)es L J
+ ; ; i(B)es; condition:
S J(s) A ﬁ S J(s)
< LY AL 0y R 8P+ Y Bt + .
s=1j5=1 s=1 j=1 =1
S 22
+ZZ)\ P5]esg - e 17 B (s ﬂs sk+ZH5kql +€sk—QS mln( ) ( )
s=1 j=1

Hence, the term (20) can be bounded by Therefore, adding paths with congestion coEsHsqu( )+
=

L S J(s) s J(s)
q(t) es; larger thangs min(t) will not yield any gam. We can use
; @ ; ; H ; ; H, PSJ/\ this p_roperty to iteratively generate the candidate pamm
s J(s) s J(s) Congqlgr the case Whesr;j = 0 for all paths. Startm_g from
- 1 Z APy (H)es; — 1 Z Z AsBs (P, 37 any_mmal set of candidate pa_ths, we execute AIgontMtP
- S et ? Ty = o for joint _routlng, channc_el—as&_gnment and scheduling.nThe
everyT time-slots (our simulation usés = 200), we can run
1 2 1 2 As s ( ]5S a minimal cost routing algorithm using the queue-lengthas t
+E Z Z )‘Spsﬂe” T3 a Z Z cost-metric for each link. If the minimal cost is smaller nha
s=17=1 s=15=1 s.min(t) defined in (22), we add this new path into the set
5 1) of alternate paths, and continue. Otherwise, we can coaclud
s 2 2; 2; 2Aslesi| + — Z AsfBsJ ( that no further alternate paths need to be added. In praatice
S J

order to reduce the number of paths added, we may add new
paths only when the minimal cost of the new path is smaller
than(1—4) ¢s min(t). Our simulation results in the next section
used = 0.25 and still exhibit satisfactory performance.

On the other hand, the second term (21) is less than
> 12 C) HL Py

- Z a(t).

The rest of the proof then follows along the same line as t
proof of Proposition 2. Q.E.D.

rﬂf How to Compute Maximal Schedules

For single-channel systems and under the node-exclusive
interference model, efficient algorithms for computing a
"Haximal schedule (which reduces to maximal matching) in
O(log L)-time have been provided in [37]. We believe that
e idea there can also be generalized to multi-channeadrsgst
and to more general interference models. Below we sketch one
algorithm that can compute a maximal schedule for multi-
channel systems in logarithmic-time, assuming that the siz

It is also possible to combine Greedy Maximal Schedulin
with Step 1 of AlgorithmA/ P to obtain a multi-path version
of Greedy Maximal Scheduling. By combining the Lyapuno
function in the proof of Proposition 1 (see [31]) with the
techniques in the proof of Proposition 4, we can show th
the multi-path version of Greedy Maximal Scheduling alsg

guarantees an efficiency ratio 6f (K + 2) in general, and of the interference sets is bounded, i|d;] < I,.x for all

an efficiency ratio ofl /K when M; = C for all node:. In
. : links . For ease of exposition, we assume that each node has
Section V, we will compare the performance of these two
L . ) . onIy one radio interface (because the multiple-interfaasec
distributed algorithms through simulation.
can be mapped to the single-interface case by mapping each
physical node to multiple copies of logical nodes (see [40])
C. How to Generate Alternate Paths Like [37], this algorithm proceeds in phases. Each phase
The set of alternate paths, denoted by the ma[tfbg computes a (not necessarily maximal) schedule from a system
could potentially be the enumeration of all possible pati(%;C At the initial phasek = 1, the systen(,, is the original
between each source-destination pair. In practice, hawavenetwork. After each phasg, the system at the next phase
much smaller set of alternate paths suffices. We next descril,; is obtained fromG;, by removing those link-channel
options to compute and maintain this set of alternate patipsirs that either have already been scheduled, or cannot be
First, we could use the paths computed by any of the routisgheduled any more due to interference constraints or radio
algorithms in the literature [2], [6], [8]-[12]. Propositi 4 interface constraints. The algorithm ends wh&p have no



LIN & RASOOL: A DISTRIBUTED ALGORITHM FOR MULTI-CHANNEL AD HOC WIRELESS NETWORKS 11

link-channel pairs left, and the maximal schedule is themni @ """" @ """" @ """ @
of the schedules computed in all phases. [ l I
The algorithm in each phase proceeds as follows. First, Ny — N
a collapsed graplts), is constructed from;, such that an @f @T ?
edge(7, j) is in G}, if and only if there is a link(z, j) in any ' o e
channel in systends;,. We assume that there exists a separate @ ____ @ _____ @ _____ @
control channel with which each node can communicate with J T I
its adjacent nodes. We then use the algorithm from [37] G @00

to compute a (not necessarily maximal) matching in this

collapsed graphG). Then, for each edge belonging to théig. 1. Network topology
matching, the two end-points (sayand;) decide on a channel

¢ such that link(, ) is available for scheduling in channein

systemG.. The two end-points then tune one radio to channel ) )
c. One of the end-points (say picks a random backoff time 8 available channels in the system, and each node has 8 radios
betweenl t0 (Imax + 1)(Jmax + 2). If nodei does not hear SO that it can transmit/receive on 8 channels simultangousl
any other transmissions in channefrom its interfering links N our simulation, the capacity;' of each channel for each
before its own backoff time expires, it sends an RTS (Requelifk is randomly chosen as an integer from 1 to 5, which
to-Send) to the other end-point (in this cage Node j then Models channel-diversity. The single-hop flows are reprtest
responds with a CTS (Clear-to-Send) if it also has not hedp¥d arrows in Fig. 1. We let the rate of each flow be
other transmissions in channelfrom its interfering links. Note that although the rates of the flows are the same, the
Using this random-backoff procedure, in each channel aky [iCOMposition of the flows has been chosen to avoid uniform
with a smaller backoff time than all of its interfering linksPatterns. For AlgorithmSP, we have chosen the parameter
will win. All link-channel pairs that win will be added to the @ in (3) to be100 for all links, so that the per-link queues
schedule computed in this phase. and the channel-queues are on the same order of magnitude.
We can show that this algorithm has expected tim&urther, in order to reduce the queue backlog as much as

complexity of O 2. log ). To see this, note that accordPOSSible’ after computing the multi-channel maximal scited
plexity of (> log L) in Step 2 of AlgorithmSP, we do schedule additional link-

ing to the result in [37], at least a third of the edgesGf | vairs th backl d if thev d interf
are “good edges” (readers can refer to [37] for the definitiotf{‘anne pairs that are not. acklogged If t €y do not interter
th the multi-channel maximal schedule. In Figure 2, wet plo

of “good edges”). For each good edge, in each phase w, . .
probability at Ieast%(l — e~1/3) it is either included in the the mean total backlog in the network divided by the total

matching computed by the algorithm in [37], or adjacent t umber of flows as th_e p_ac_ket arrival ra\éncreases_. When
another edge in the matching. For each edge in the matchi ’pprpaches a C?”a'” limit, the mean backlog will increase
the probability that its corresponding link can win in theoab 10'Infinity. This limit can then be viewed as the boundary of

: the capacity region under the particular channel-assighme
random-backoff procedure is at ledst(Iin.x + 2) (see [23]). . ) )
Since we assume that there is only one interface at each no%kd scheduling algorithm. Further, we modify the rate amintr

whenever a link wins, all links that share a common node wi gorithm in [41] to compute the highest value afthat
this link will be removed from the system. Using these facté, . . .
we can then conclude that in each phase, the average frac Sfﬂ:t.ral'zed) .cha.nnel-aSS|gnmenT[ and scheduling a_lgnmﬂ).

of edges that will be removed is bounded from below by 4 9. 2, this highest value ok is shown as the right-most

constant that is inversely proportional(t, .. +2). Hence, the vertical line. We c_>bserve from_Fig. 2 that both Alg_oritffm?
'S v ¥ proport e+ )logL ), and and Greedy Maximal Scheduling achieve approximatély

expected number of phases to completioig 2% jgher capacity than Aggregated Maximal Scheduling, and

the total time to compute a multi-channel maximal schedule®. . . e
is O 2. log L) their capacity on this network topology is fairly close teth

log Imax optimal capacity. Therefore, by exploiting channel-déisy;
our new proposed algorithms can significantly improve the
V. SIMULATION RESULTS system capacity. We have also randomly simulated ten cases,

In this section, we evaluate the performance of our proposg@ch with different assignments of the link-channel catjeei
algorithms through simulation. Our simulations are based ;- In Table Il we have listed the maximum capacity achieved
the network topology shown in Figure 1. There are 16 nodB¥ Aggregated Maximal Scheduling, AlgorithmyP, and
(represented by circles) and 24 links (represented by dast¢&reedy Maximal Scheduling, respectively, and compare with
lines). For simplicity, we assume a node-exclusive interiee  the optimal capacity computed by the rate-control algaritf
model in our simulations, i.e., only links that share a commd#41]. The relative performance of the algorithms are cdests
node interfere with each other [17], [28]. We also use tH&ith the observations in Fig.2.
simplified equation (1) to model the queue evolution. Our second set of simulations consider the same network

We first consider a single-hop scenario. We will comparepology in Fig. 1, but now with three available channels
the performance of the fixed-path Algorith&P, the Greedy and with multi-path routing. We randomly pick eight source-
Maximal Scheduling algorithm and the Aggregated Maximalestination pairs. We then run Algorithid P with one, two
Scheduling algorithm in Section Ill. We assume that theee aand three radios for each node. As discussed in Section IV-C,

e network can support under the throughput-optimal (and
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Case # 1 2 3 4 5 6 7 8 9 10
Aggregated Maximal Scheduling 3.60 3.78 | 3.30 3.76 | 3.48 3.40 | 345 3.78 | 3.84 | 3.48
Algorithm SP 500 | 516 | 420 | 500 | 506 | 470 | 465 | 520 | 5.05 | 4.88

Greedy Maximal Scheduling 5.32 5.28 4.25 5.36 5.36 5.03 5.00 5.68 5.31 5.18
Throughput-Optimal Algorithm | 5.321 | 5.283 | 4.264 | 5.360 | 5.366 | 5.039 | 5.000 | 5.691 | 5.316 | 5.198

TABLE Il
SIMULATIONS OF TEN RANDOM CASES THE VALUES IN THE TABLE REPRESENT THE CAPACITY ACHIEVED BY EAH ALGORITHM.
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Fig. 2. Comparison of Algorithnt P with Greedy Maximal Scheduling and Fig. 3. Performance of Algorithnd/ P.

Aggregated Maximal Scheduling 500 =
—— Two Radios
a00k —— Three Radios ||
E\% 3001 i
in these simulations we maintain at most four alternategath EZOO,
for each source-destination pair. Eveéry= 200 time-slots, $ :
we update the alternate paths according to the online gyrate 100k
described in Section IV-C. Specifically, we first compute the ;
minimum-cost path using the queue length as the cost metric. o5 - - = . 21:5
(The optional parameter,; in (22) is chosen to be zero.) Offered Load

Then, the new minimum-cost path is added into the set of i _ "
- . . Fig. 4. Performance of the Greedy Maximal Scheduling witHtimu
alternate paths if its cost is less thapd of gs min iN (22). path routing.
If there are already four alternate paths between a source-
destination pair, the existing path with the smallest mogiti
fraction is replaced by the new path. We also choose the VI. CONCLUSION
parameterd, in (19) to bel1000, so that the routing fractions
are not too sensitive to the transient queue updates. In3Fig. In this paper, we develop fully distributed algorithms that
we plot the mean total backlog in the network divided bjpintly solve the channel-assignment, scheduling andimgut
the total number of users when there are one, two, aptblem for multi-channel multi-radio ad hoc wireless net-
three radios for each node. As expected, the network cgpadsitorks. The algorithms that we developed, in particular Al-
increases as the number of radios increases. We also slyawithm SP and Algorithm /P, are amenable to distributed
in Fig. 4 the performance of Greedy Maximal Schedulingnplementations. They do not require prior information be t
when used with a multi-path routing algorithm as in Step 1 efffered load to the network, and can thus adapt automaticall
Algorithm M P. In both figures, we have drawn vertical linego the changes in the network topology and offered load. We
that correspond to the largest values\ahat the network can show that these algorithms are provably efficient. Thatvisne
support with one, two, and three radios per node, respégctivecompared with the optimal centralized and offline algorithm
These largest values afare computed by the joint rate controlour proposed algorithms can achieve a provable fraction of
and routing algorithm in [41], using the throughput-optimghe maximum system capacity. Further, the achievableifract
channel-assignment and scheduling algorithm (2), alorig wihat we can guarantee is larger than that of the centralizdd a
back-pressure based routing. We observe that with multiffline algorithm in [8].
path routing, the performance of Greedy Maximal Scheduling The results in this paper have a number of interesting im-
on this network topology is still quite close-to-optimalhd plications to the design of efficient and channel-awarerobnt
performance of AlgorithmM P is worse, although it is still protocols in broadband wireless networks. Firstly, theyjite
above the lower bound guaranteed by the efficiency ratiosadditional insights that motivate the study of multi-chahn
Proposition 4. (Note thatC = 2 under the node-exclusivecontrol protocols. Note that in many protocol settings, tinul
interference model used in these simulations.) channel systems arise because the protagoilori divides the
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spectrum into multiple channels. One could argue that, if weverheads could be substantially reduced without sigmifiza
can redesign the system so that the entire spectrum is used aecting the actual performance of the algorithm [19],][20
single channel, then single-channel protocols will suffilee [23], [48]-[50]. For future work, we plan to carefully addse
results of this paper indicate that this is not always thechs these protocol issues and study their impact on the actual
particular, when there is frequency diversity in the sysferg., system performance. Finally, the performance gain due to
due to frequency-selective multi-path fading), it will beora multi-channel scheduling will likely depend on the level of
advantageous to divide the spectrum into multiple channethannel diversity. How to characterize this gain in remlist
and to use channel-aware multi-channel control algorithms settings is also an interesting direction for future worke(s
order to exploit channel diversity. In contrast, if the emti [40] for some related results).
spectrum is used as a single channel, then as illustrated by
the example in Section IlI-B, the system performance can be
much worse when there is channel diversity. . _
A second closely-related question is how to best use OFDMThe authors would like to thank the anonymous reviewers
(Orthogonal Frequency Division Multiplexing). As discads for their constructive comments on our paper, and Mr. Huanre
in the Introduction, OFDM can be viewed as a special case @iang for obtaining the simulation results in the paper.
multi-channel systems. Current wireless LAN protocols(su
as IEEE 8_02.11a/g) use OF_DM by grouping all sub-carriers REFERENCES
into one single channel, which again does not fully exploit _ o _ _
channel diversity. Perhaps in future protocols, we should] X. Lin and S. Rasool, “A Distributed Joint Channel-Assigent,
. . . . . L Scheduling and Routing Algorithm for Multi-Channel Ad Hodréless
consider incorporating sub-carrier scheduling capadsliinto Network.” in Proceedings of IEEE INFOCONROOT.
the pI‘OtOCOL [2] P. Kyasanur and N. H. Vaidya, “Routing and Link-layer taols for
Thirdly, a main difference between the protocol developed Multi-Channel Multi-Interface Ad Hoc Wireless NetworksSIGMO-
. . ’ . . BILE Mobile Computing and Communications Reviewl. 10, no. 1,
in this paper and that of some earl_|er work (e.qg., [8]) is that 5 31-43, January 2006.
we allow the network nodes to switch channel dynamicallyi3] P. Kyasanur, J. So, C. Chereddi, and N. H. Vaidya, “M@kiannel Mesh
Current state-of-art IEEE 802.11 hardware may take up to a Networks: Challenges and Protocol$£EE Wireless Communications
few milliseconds to switch channels [2], [42], [43]. In atioi Aprl 2000,
ewmi |se_con sto S.W| ch channels 2], [42], [43]. In atidh, [4] C. Chereddi, P. Kyasanur, and N. H. Vaidya, “Design anglementa-
our algorithm requires some protocol overhead to collect tion of a Multi-Channel Multi-Interface Network,” ilREALMAN May
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and receiver nodes which channel(s) they should switch & Networks: Impact of Number of Channels and Interfaces,”AGM

However, by allowing this channel-switching capabilititet Mobicom Cologne, Germany, August 2005.
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