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Abstract—

Next generation fixed wireless broadband networks are being
increasingly deployed as mesh networks in order to provide and
extend access to the internet. These networks are characterized by
the use of multiple orthogonal channels and nodes with the ability
to simultaneously communicate with many neighbors using multi-
ple radios (interfaces) over orthogonal channels. Networks based
on the IEEE 802.11a/b/g and 802.16 standards are examples of
these systems. However, due to the limited number of available or-
thogonal channels, interference is still a factor in such networks.
Recent results have attempted to characterize the achievable ca-
pacity of such networks, both in the deterministic[1] and asymp-
totic[2] sense. In this paper, we build on these previous works and
provide an experimental verification of asymptotic capacity result
in [2] by using the deterministic model first proposed in [1]. Our
simulation results are based on a novel joint channel assignment
and scheduling algorithm which is shown to achieve near-optimal
capacity limits in random network topologies. The results in this
paper are the first to provide an experimental verification of the-
oretical results in [2] and give an insight into the behavior of the
capacity region of a multi-hop multi-radio mesh network.

I. INTRODUCTION

Recent research and commercial efforts in the wireless net-
working industry have focused on a new class of ad hoc net-
works: mesh networks. These networks are characterized by
a set of fixed nodes with multiple wireless interfaces utilizing
multiple orthogonal channels over a given swath of spectrum.
IEEE 802.11 a/b/g [3] and 802.16 [4] are both examples of stan-
dards which are used to operate such networks. Mesh networks
are being deployed as a solution to extending the reach of the
last-mile access to the internet, using a multi-hop configura-
tion. One of the popular deployment methods is to use one
standard, for e.g., IEEE 802.16, for back-hauling traffic on the
multi-hop wireless relay backbone and to use another standard
such as 802.11 a/b/g to carry traffic over the last-hop to the user,
as shown in Figure 1. This ensures that traffic on the wireless
backbone is isolated from the fluctuating load and interference
from the last-hop end-users. We are concerned with the ca-
pacity of the wireless backbone among multiple mesh network
nodes.

While there can be multiple orthogonal channels for a mesh
network to operate upon, the number of such channels may
not be enough to prevent interference-free operation in a given
neighborhood. In addition, each mesh network node may have
multiple radio transceivers which allows it to communicate, si-
multaneously with more than one neighbor at the same time
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Fig. 1. Network Example

using different channels, with each radio interface tuned to a
different channel.

Full duplex operation is possible at each node, i.e., a node
can be receiving from or transmitting to a neighbor ¢ on chan-
nel A, while transmitting to or receiving from neighbor j on
channel B, where A # B. At different time slots, a node
can tune its radio interfaces to different channels. There is a
switching penalty associated with this switching, typically one
or more time-slots. In this paper, we assume that this switching
overhead is potentially negligible. for purposes of verifying the
achievable capacity. A similar assumption is made in [1], [2].
In the rest of this paper, we refer to such fixed multi-channel
multi-hop wireless networks with multiple radios per node as
MC-MR networks.
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Fig. 2. Asymptotic Capacity
The above figure is taken from [2] and describes the
asymptotic capacity of a random network.

As in any network, one of the principal questions that arise
here is regarding the achievable capacity of the mesh network.
In a recent result, Kyasanur and Vaidya [2] have theoreti-
cally shown that the asymptotic capacity of a MC-MR network
with ¢ orthogonal channels and m radio interfaces per node is



OW ,/1oas) When the ratio ¢/m = O(logn), as shown in

Figure 2. W is the aggregate maximum data rate of all the chan-
nels. As the ratio ¢/m increases, of channels to radios becomes
larger, the achievable capacity of the network decreases. One
of the challenges in trying to make use of such asymptotic re-
sults is to figure out the hidden constants involved in the O(...)
notation. For example, in Figure 2, if the O(log n) function for
the ¢/m ratio has a large associated constant, then a network
designer can achieve the best possible capacity with a smaller
number of radio interfaces per node, instead of trying to have
as many radios as there are channels.

One of the main goals of this paper is to identify this con-
stant for practical mesh network instances. In addition, we also
want to identify a viable scheme that uses routing, channel as-
signment and scheduling to achieve the best possible capacity
with a given number of radios for a particular instantiation of
the network.

We address these key capacity planning questions, and pro-
pose an algorithm to jointly optimize the routing, link channel
assignments and scheduling for such networks in order to ob-
tain upper and lower bounds for the capacity region under a
given objective function, which helps us to identify the capac-
ity constants associated with large mesh network deployments.

We use the network model proposed recently by us in [1] to
characterize the various aspects of a multi-hop mesh network
with limited number of orthogonal channels and with multiple
radios at each node. This model gives both necessary and suf-
ficient conditions for a feasible channel and time schedule in
the network, using the protocol model of interference [5]. This
model can be used to compute upper and lower bounds on the
feasible rate vector in a network where all nodes have data to
send.

Our Contributions: Our contributions are as follows.

1) We propose a greedy link channel assignment and
scheduling algorithm which gives an achievable lower
bound on the capacity. We show that this algorithm per-
forms within 90% of the capacity upper bound in prac-
tice. Note that computing the optimal schedule is a well-
known NP-hard problem, with no known performance
bounds even for the simple case of 1 channel and 1 ra-
dio per node for general graphs.

2) We evaluate the achievable capacity for many mesh net-
work topologies with up to a 100 nodes. Based on our
results, we show that the constants associated with the
asymptotic capacity results in [2] are very small, i.e., one
needs nearly as many radios per node as there are orthog-
onal channels in order to make effective use of multiple
channels. Along the way, we also provide experimental
confirmation of the results in [2].

The rest of the paper is organized as follows. In Section 11,
we present a summary of relevant related work in this area, and
describe the basic network model, notations and design consid-
erations used in this paper. We describe the constraints charac-
terizing the MC-MR network model, describe the optimization
functions and obtaining the upper bounds in Section I1l. We
present the link channel assignment and scheduling algorithm
in Section 1V to derive the lower bounds. Section V describes
our evaluation using simulations. The paper concludes with a
discussion of issues in Section VI.

Il. BACKGROUND AND ASSUMPTIONS

We first briefly summarize the related work in mesh net-
works, and then proceed to describe our network model.

A. Related Work

There are numerous studies [6]-[19] that consider some com-
bination of the routing, channel assignment and scheduling
problems for wireless mesh networks. Some study the prob-
lem of finding efficient routes to maximize throughput [8], [9],
[10], [11], [13], while some consider only channel assignment
and scheduling [12], [18], [19] and others consider both rout-
ing and scheduling [6], [7], [14], [15], [16], [17]. All of these
previous studies consider a subset of the capacity problem, with
most of the papers only addressing the question of how to im-
prove throughput compared to some other algorithm. We think
that it is more important to seek the limits of the throughput
performance first, so that we can quantify the performance of
such algorithms.

Gupta and Kumar [5] discuss the problem of asymptotic ca-
pacity of a multi-hop wireless network under two different in-
terference models: (a) the protocol interference model, and (b)
the physical interference model. In [20], the asymptotic capac-
ity of a relay network is shown to be O(log n). These studies as-
sume a single channel, single radio-per-node-network, although
it is possible to extend the results to multiple channels and mul-
tiple radios-per-node. There have been various other studies
regarding asymptotic capacity of multi-hop wireless networks
[21], [22], [23]. However, the most recent and complete work
is reported in [2] by Kyasanur and Vaidya, where the asymptotic
capacity of MC-MR networks is derived using similar methods
as in [5]. We will use the simulation results from our algorithms
to verify our conclusions with these results.

The work that is related to the network model proposed in
this paper is the model in [1]. We present an overview of this
modelling in subsequent sections, and refer the reader to consult
[1] for further details.

A parallel work in [24] attempts to solve the throughput max-
imization problem for a MC-MR network, where the network is
restricted to be a superset of a disk graph, i.e., the interference
range is assumed to be a fixed multiple of the communication
range. In addition, radios are assumed to be unable to switch
dynamically between multiple channels in [24].

B. Network Model and Design Considerations

We start with the underlying network model, and explain the
definitions and terminology used in this paper. We also explain
some design choices made in the paper.

1) Basics: We consider a fixed multi-hop wireless network
with n nodes. We represent the network with a directed graph
G = (V, E, ET) where V represents the set of nodes in the net-
work, E the set of directed links that can carry data (data links),
and E7Z denotes the set of directed links that indicate interfer-
ence (interference links), but cannot carry data. We assume that
data links and interference links are bi-directional. This is a
consequence of our choice of the protocol interference model
described later.

If node u can transmit directly to node v (and vice versa),
then we represent this by a link, v <« v, between node « and



Vv set of vertices n number of nodes |V|
E set of data links E* set of interference links
G network graph T length of a time slot
t(e),e € E | transmitting node of link e h(e),e € E | receiving node of link e
oC set of orthogonal channels, |OC| = C K(v) number of radios at node v
cie) capacity of channel i over link e fi(e) flow rate of channel i over link e
gi(e) = fi(e)/ci(e) o(e) max number of channels available for link e
N(v) set of data link neighbors of node v NZ(v) set of interference link neighbors of node v
E(v) set of data links incident on node v ET(v) set of interference links incident on node v

TABLE |
INDEX OF SYMBOLS USED IN THE PAPER

node v, with the link belonging to the set E. If node « can only
interfere with node v (and vice versa), but cannot transmit data
to it, then we represent it by a link in EZ,u < v. Note that
alink u < v € E implies that v is within the communica-
tion range of v, while u < v € EZ implies that u is between
the interference and carrier-sensing range of v. These ranges
need not be fixed numbers, but can vary based on the network
topology, potential obstacles and the terrain of deployment.

There are C orthogonal channels in the network, denoted by
theset OC =1,2,...,C. Inthe IEEE 802.11astandard, C = 12.
Each node v has x(v) radios. One of the practical constraints on
radios is that it is not useful to have two radios tuned to the same
channel at a given node, since local interference at the node will
ensure that only one of them is active at any time. Therefore, it
is possible that x(v) < C, though this is not a restricting factor
in our model.

Given a data link e € E, we use t(e) to represent the trans-
mission end of the link and h(e) to be the receiving end of the
link e. We say that a data link ¢ is active when there is a trans-
mission from ¢(e) to h(e). Each data link e has capacity c;(e)
on channel i. We assume that for a given topology, the capac-
ity is fixed for any given channel across a link. In other words,
ci(e) does not change over time 1. A flow on data link e using
channel i is denoted by f;(e). We define g;(e) = fi(e)/ci(e)
as the utilization of channel ; over link e.

Given anode v € V, N(v) denotes all neighbors of v with
data links to and from v. These data links are denoted by the
set E(v). We also assume that all link capacities, flows and
rates are rational numbers. Table I lists the notations used in
the paper.

We assume that system operates in a synchronous time-
slotted mode, where the length of a time-slot is = seconds. It
is easy to see that for an asynchronous system, the results in
this paper will serve as an upper bound on the performance.

2) Interference Model: We use the protocol interference
model [5]. In this model, a transmission on channel i over link e
is successful when all potential interferers in the neighborhood
of the sender ¢(e) and the receiver h(e) are silent on channel
i for the duration of the transmission. This is similar to the
model used in IEEE 802.11, based on a RTS-CTS-Data-ACK
sequence [3]. The interference neighborhood of a node v is de-
fined to be the set of nodes that can interfere with node v. This
is the set of nodes that have either a data link or an interference

LIf afeasible rate vector isrecomputed every Ty timedlots, then this assump-
tion can be relaxed to saying that c;(e) is constant over the time period T’y

link incident on v. The protocol model of interference cap-
tures the behavior of the CSMA/CA protocol, which assumes
bi-directionality of links for correct operation.

3) Link Channel Assignment: At the beginning of each time
slot every node has to make two decisions:

« Which node (if any) it is going to communicate with.

« The channels on which this communication is going to

take place.

Both these decisions are negotiated between neighboring
nodes and then transmission takes place. Notice that a node
can simultaneously talk to its neighbor on multiple orthogonal
channels provided both nodes have sufficient number of radios,
with each radio at either endpoint tuned to a particular chan-
nel. The decision of which channels to communicate on, can
either be done on a per time slot basis or can be fixed for a
longer period of time. We assume that the channels over which
a node communicates with its neighbor is decided on a per-
time-slot basis, since this provides maximum flexibility which
in turn maximizes capacity.

4) Design Considerations: Link-Channel Restriction: A
node v can be active simultaneously on x(v) channels at the
same time, and any subset m of these channels can be used to
talk to one neighbor, assuming that the neighbor has at least
m radios. We can restrict each data link e to use no more
than a certain number of channels o(e). In this paper, for the
evaluation, we do not place such restrictions, i.e., any num-
ber of channels can be used between two nodes subject to ra-
dio and channel constraints. In other words, o(u « v) =
min(k(u), £(v),C).

Interference Links: We show in the next section how to
model the constraints based on data links and interference links.
Beyond that, we will then assume that there are no interfer-
ence links in the graph to maintain clarity of presentation. Note
that this is only to keep the presentation focused and allow the
reader to grasp key concepts. Our algorithms do not need to be
modified when interference links are present.

Multi-path Routing: Choosing only one route between a
source and destination does not exploit the inherent multi-path
diversity present in mesh networks for maximizing through-
put. Therefore, we use multi-path routing for routing end-to-
end flows. While this leads to questions regarding packet re-
ordering and loss recovery, such issues are beyond the scope of
this paper.

5) Approach: When measuring the asymptotic capacity of
a random network, the per-node throughput is defined as the



highest value of end-to-end flow that can be supported by every
source-destination pair in the network, where each node picks
its destination at random. We will solve a similar problem in
this paper, where for a given instance of the network, each node
randomly choses its destination, and attempts to send one unit
of flow across the network. Our goal is then to determine, by
using an optimization formulation, how much this unit of flow
can be scaled in the given MC-MR network instance, in order
to obtain the network capacity.

We proceed in three steps: (a) we first determine the con-
straints placed by the nodes, channels, interference model, and
the network parameters on the feasibility of a flow, (b) we
use link flow feasibility constraints as necessary conditions and
solve the optimization problem using the stated objective, and
(c) we perform joint link channel assignment and scheduling to
obtain a feasible schedule from the solution in step (b). The
last step gives a feasible lower bound on the optimum per-node
throughput, and hence, the capacity, while the second step pro-
vides an upper bound on the optimum.

I1l. CONSTRAINT MODEL AND OPTIMIZATION
FRAMEWORK

We now present a mathematical constraint model and the op-
timization framework for the MC-MR fixed wireless mesh net-
work described in Section 11-B. This is an overview of the work
in[1].

A. Channel, Node and Interference Constraints

Assume that we are given the link flow set, f = {fi(e)},
where f;(e) is the desired flow on channel i € OC =
{1,2,...,C} overlink e € E. The objective now is to determine
necessary and sufficient conditions for this link flow vector to
be achievable in the network in terms of a valid schedule.

In order to achieve this link flow we first define a 0 — 1
scheduling variable

{(e) = 1 Iflink e is active on channel 4 in time slot ¢
Yil¢) = 0 Otherwise

Note that 4! (e) is set to one if there is a transmission on channel
i over link e in time slot ¢. Note that y!(e) = 0,Vi € OC,Vt
when e € EZ. In other words, interference links do not carry
data.

Link-Channel Constraint: By definition, the maximum
number of channels that can active on link e at any time slot
tis o(e). Thus, we have

> yile) < ole), Ve € B, ¥t (€

Node-Radio Constraint: A node can use at most (v) radios
in a given time slot for transmission or reception or both. This
leads to the following constraint.

S 3 vie) < wl),

e€E(v) i€0C

YweV W @)

Inter ference Constraint: Let us initially assume that the an-
tennas are omni-directional and that EZ = ¢, i.e., there are no

interference links in the set. The extensions needed to cover
interference links are described in [1].

We consider the IEEE 802.11 based RTS-CTS-DATA-ACK
model to identify pairs of nodes that can simultaneously trans-
mit. In this model, neighbors of both an intended transmitter
and receiver have to refrain from both transmission and recep-
tion. Interference will occur only among users sharing the same
channel, say channel i. Consider a node v and its neighborhood
N (v) in G. Let one of the links e in E(v) be active on channel i
and let u be the other endpoint of the link. For e to be active on
channel ¢, all other links incident on v, E(v) \ e, have to be idle
and, in addition, each neighbor of v must remain idle, on chan-
nel <. The same argument applies to w. For silencing N (v),
due to the non-overlapping neighborhoods of nodes in N (v),
we have to include them in separate constraints, as follows.

>

e€E(v)UE(v')

yi(e) <1, V v € N(v),Vi € OC, Vt

This can be seen in Figure 3(a) for link wv and nodes vy, vy €

v2

v2 V5
v5 v
u v vl u vl
v4 v4
v3 v3
(@) (b)
Fig. 3. Interference Constraints

Interestingly, these constraints are the same whenever any
link incident on v has to be active, since it prevents other links
incident on {v} U N(v) from being active at the same time on
the same channel. Therefore, we can rewrite these constraints
and state the interference constraint as follows, in terms of a
link e.

yf(e/) <1,

>

e’€E(t(e))UE(h(e))

Vi € OC,Ve € E,Vt (3)

Note that there are only | E| interference constraints in all, un-
der this approach, with the number of variables per constraint
never exceeding the product of the number of orthogonal chan-
nels and twice the maximum degree of the graph.

If we include interference links, we have the following inter-
ference constraints for the general graph [1].

Vi e OC,Ye € EUE* vt

(4)

Table I1 lists these three constraints that characterize the MC-

MR wireless network G. Each of these constraints characterize

the channel, node and interference constraints respectively, and

thus, equations (1), (2), and (4) are both necessary and sufficient

conditions to check for the feasibility of a link schedule in the
MC-MR network G.

yi(e) <1,

>

e’€E(t(e))UE(h(e))



ILP: 0-1 Variables
(Necessary & Sufficient Conditions)

LP: Continuous Variables
(Necessary Conditions)

> icocyile) < ole), Ve € E,Vi

Y icoc gile) <ole), Vee B

D cen(v) 2icoc Yi(€) S K(), Yo € Vvt

ZeGE(v) ZiGOC gl(e) S K(U)7 YveV

Ze/eE(t(e))UE(h(e)) yf(el) < 17 Vi € OC, Yee EU EI,\V/t

Ze’EE(t(e))UE(h(e)) gi(¢)) <1, Vie OC,Ve € EUET

TABLE Il
NETWORK CHARACTERIZATION: CONSTRAINTS

While the necessary and sufficient conditions are required to
check for the feasibility of link channel assignments (see Sec-
tion 1V), the variables in these equations are binary variables,
and as such, they are inconvenient to use in any optimization
problem, as they lead to Integer Linear Programming problems
(ILPs) which are much harder to solve than linear programs de-
fined on continuous variables. Moreover, the variables are time-
indexed which makes the problem size very large. We therefore
seek a relaxation of the integral constraints to continuous vari-
ables in terms of link flows.

Over a period of time [0, 77, the fraction of time link e is
active on channel i is given by (3, yl(e))/T. Therefore,
the mean flow on channel : over link ¢ is given by

t
o) = SO Bz hle) -

Let g;(e) = fi(e)/c;i(e) be the mean utilization of channel ¢
over link e over the period [0, T'], as defined earlier in Section 11-
B.

We can average the variables in Equations (1), (2) and (4)
to obtain the constraints in terms of link utilizations. Thus, we
state the following lemma.

Lemma 1: For the multi-channel multi-radio multi-hop wire-
less network under consideration, if a given link flow set f does
not satisfy the following inequalities

Z gile) < ole), Vee E (6)
1€0C
Z Z gile) < k), VYveV @)

e€E(v) i€0C

> gi(e') <

e’c€E(t(e))UE(h(e))

1, Vi € OC,Ye € E U E%(8)

then the link flow set f is not schedulable.

1) Optimality Gap: Due to the relaxation of the integer vari-
ables by averaging, the above inequalities are only necessary
conditions and are no longer sufficient conditions. A simple
example is a 4-cycle A — B < C < D < A. Let the capac-
ity on each link be 1. A link flow of 1/3 on each link satisfies
the necessary conditions, for a total link utilization of 4/3, but
it is not sufficient as only one link can be active at any time,
resulting in a total link utilization of 1. In fact, the gap between
the necessary conditions and the optimal can be unbounded[1].

However, the key point is to note that the ILP constraints
in Table Il are both necessary and sufficient for any network
graph. The gap arises only due to relaxation of the integral con-
straints. Any solution satisfying the necessary conditions will
be an upper bound of the optimal solution. Therefore, by us-
ing these necessary conditions as optimization constraints, we

can derive upper bounds for the performance and then compute
a feasible lower bound using channel assignment and schedul-
ing, based on the solution from the optimization problem. This
approach will mitigate the impact of the optimality gap.

2) Generalizing the Constraint Sets: Note that all of the
constraints described earlier have a common structure. We have
L sets composed of (link, channel) pairs, S1,Ss,...,S, that
are defined on links e and colors i € OC. The necessary
and sufficient conditions (using binary variables) take the gen-
eral form 3_ ., e yi(e) < B(S;), Vj, while the necessary
conditions (using continuous variables) have the general form
D (eies; 9i(e) < B(S;), Vi, where 5(S;) is the RHS con-
stant associated with the constraint identified by that set. For
example, 5(S;) = 1 for the sets identified by the interference
constraints, and 35(S;) = x(v) for the sets identified by the
node-radio constraints.

We now restate Lemma 1 in a generic form as follows.

Lemma 2: Let Sy, So,..., S represent sets of (link, chan-
nel) pairs identified by the constraints in Lemma 1, with 5(S;)
being the associated constant for each set S;. Let f represent a
link flow set { f;(e)}, where f;(e) represents the flow on chan-
nel 7 over link e. If £ does not satisfy the following inequalities

1
B(S;)

Z gz(e) < 17 V] € {1a277£}
(e,1)€S;

©)

then the link flow set f is not schedulable.

With this set of constraints that characterize a MC-MR wire-
less mesh network in hand, we now proceed to address the prob-
lem of optimization of throughput criteria subject to these con-
straints.

B. Optimization: Multi-Commodity Flows and Upper Bounds

We define a standard multi-commaodity flow problem on the
MC-MR network: a set of sources, s, want to send data to a set
of destinations d, with a end-to-end rate demand vector r. There
can be multiple objectives of interest to the network planner:
(a) achievability of the demand vector, (b) maximizing aggre-
gate network throughput or the sum of end-to-end rates subject
to minimum rate requirements, (c) maximizing the minimum
end-to-end rate, (d) maximizing the aggregate utility function
of the end-to-end rates, or (e) imposing certain fairness criteria
on the rates in the network. All of these problems can be solved
using our framework described here. We are, however, more in-
terested in the feasibility problem, which allows us to identify
the capacity of a random network. First, we translate the con-
straints identified earlier from link-flow variables to end-to-end
rate variables.



INPUT: A directed graph G = (V, E, ET) with a link
speed ¢;(e) for channel « € OC, data link e € F and
@ node pairs (s(q), d(q)) and a desired rate r(q) asso-
ciated with each node pair q.

OUTPUT: A set of routes, link channel assignments
and associated schedule that achieves the given rates
or declare the problem infeasible.

Fig. 4. Optimization Problem

1) End-to-End Flow Constraints for Routing Multiple
Source Destination Pairs: We assume that the traffic demand
for different source-destination pairs is given in the form of a
rate vector r. We assume that the rate vector? has Q < n(n—1)
components. Each source-destination pair between which there
is a request will be termed a commodity. We use ¢ to index the
commodities. Let s(q) represent the source node for commod-
ity ¢ and d(q) the destination node for commodity ¢. Let r(q)
represent the flow that has to be routed from s(q) to d(q). The
problem that we have to solve is shown in Figure 4.

Recall that multiple paths can exist between s(¢q) and d(q)
for each commodity ¢. It is easy to show the following result.

Theorem 3: Given a graph G = (V, E, E7), with link speed
ci(e) associated with data link e € E and channel i € OC, Q
source destination pairs (s(q),d(q)) forqg = 1,2,...Q with a
desired flow rate r(g) between s(q) and d(q), let z!(e) be the
flow on channel  over data link e that belongs to the end-to-end
flow ¢. A necessary condition for rate vector r to be achievable
is the existence of link flows z7(e), Vi, g, e that satisfies the fol-
lowing constraints.

Y. D alle) =

e:it(e)=s(q) 1€0OC

Y. D alle) =

e€E;,(v)i€0OC

(q), Vq

>, D alle),

e€E oyt (v) i€0C

Yu # 5(q),d(q) Yq

1 quc;) i (e) .
—_— _—= _—— < 1 VYq,j.

B(S;) (925, ci(e)

The first constraint ensures the end-to-end rate is met. The sec-
ond constraint maintains flow balance at intermediate nodes in
the network for each end-to-end flow. The third constraint is
a restatement of Equation (9) in terms of z7(e), since f;(e) =
quQ zi(e).

An alternate formulation of the above conditions can be given
in an arc-path formulation. Let P, represent the set of (link,
channel) pairs for the source-destination pair ¢. Consider a path
P € Py,. Let z(P) be the amount of flow sent on that path. This
path leads from s(g) to d(q). From the demand requirements,
note that

> @(P)=r(g) Ve

PeP,

The total amount of flow on channel ¢ over link ¢, represented

2Depending on the optimization objective, r can also be set to 0.

by fi(e) is given by

fi(e) :Z Z

q PePy:(ei)eP

z(P).

Thus, the necessary conditions for a rate vector » to be
achievable is given by

ZZC(P) - r(q),Vq
PeP,
> Zngigﬁij(t;)x(m < 1L, vje{l,2,...L}

(e,i)€S;

Given a rate vector r, the strategy then is to solve for the z
variables that satisfies the necessary conditions.

2) The Feasibility of Demands: We now consider the capac-
ity determination problem. This can be formulated as a funda-
mental optimization problem: feasibility. We want to know if a
given rate-demand vector can be achieved in the network. We
will use the optimization framework to derive an upper bound,
and in the next section, we describe the procedure to obtain a
lower bound for this problem.

Instead of solving the feasibility problem directly, we write
it in the form of a concurrent flow problem. In the concurrent
flow problem, the desired rate vector is scaled and the objective
is to determine the maximum scaling factor that still satisfies
the necessary conditions. Note that there can be an exponen-
tial number of paths between two given nodes in the network,
resulting in an exponential number of variables in the path-arc
formulation. Our formulation allows us to avoid this problem,
however, using a primal-dual approach based on shortest path
routing.

3) Solving the Concurrent Flow Problem: We first write
the feasibility problem as a concurrent flow problem and then
use a primal-dual algorithm to solve the linear programming
problem.

max \
>4 2opep,:Pa(e) T(P)
q: ) < 1, VJE 17...7,C
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Let A* be the optimal solution to the linear programming
problem above. A\* represents the maximum scaling factor by
which flows can be scaled up, and still satisfy the necessary
constraints. Therefore, if A\* < 1, then the rate vector is not
feasible, and its value (and that of the constrained variables)
will denote how much slack capacity needs to be added to the
network to make the demand vector feasible. The largest rate
vector that still satisfies the necessary constraints is A*r, given
by the optimal path flow vector x*. Given a slot-length of 7
seconds, we seek to know if we can schedule r bits in a sched-
ule of length at most 1/7. Thus, if L* is the smallest length of
a schedule that can schedule z* = A*r bits, then the schedule
corresponds to a flow vector 2:1. For this achievable flow to be
at least r, we need \* > L*r. The sufficiency gap created by




relaxing the integer constraints (given by Equations (1), (2) and
(4)) is denoted by the interval [1, L*7). It indicates the space
where we cannot guarantee the existence of a schedule.

We solve this problem using a primal-dual approach, and this
procedure and the algorithm is described in [1]. This algorithm
gives a Fully Polynomial Time Approximation Solution, where
we can control the accuracy of the desired approximation as
needed.

IV. LINK CHANNEL ASSIGNMENT AND SCHEDULING

We had earlier assumed that every link has the ability to
switch channels once every Ty time-slots (7,; > 1). The chan-
nels still have to respect the constraints imposed by Equations
(1), (2) and (4). This implies that apart from the coordination of
the nodes at the end of the links, there has to be co-ordination
across different links to perform link channel assignment at the
beginning of each time period. Though this may be difficult in
practice, when Ty = 1, such a dynamic link channel assign-
ment gives the highest flexibility to maximize the achievable
performance for any link channel assignment scheme. Since
our goal is to measure the capacity, we will assume T, = 1 for
the rest of this paper. However, the algorithm proposed here can
be adapted to a different value of T; without much difficulty.

The linear program described in the previous section gives
an upper bound on the achievable rates in the mesh network.
We use this LP solution to assign channels to the links and also
schedule the time slots in which each link and channel is active.
Both these problems are NP-hard [7]. As a first cut approach,
we use a variation of the greedy approach to solve the problem.
Unlike the algorithms proposed in [1], the greedy algorithm
proposed here is much simpler, due to the fact that we do not
have any restrictions on how many channels can be simultane-
ously assigned to a particular link. Our solution approximates
the optimal solution by using a greedy packing-based heuristic.

Let fi(e) = >, & (e) represent the desired flow on link
e corresponding to channel 7. Since we do not necessarily have
to assign the link flows to channels that are given by the LP so-
lution, we first aggregate all the flows on the different channels
on a given link into a single scaled flow on the link denoted by
fM(e) = MY, fi(e). The value of M was set to 100 in our
experiments, in order to make the fractional part negligible. As
we pack the flows in each time slot, we denote the amount of
unassigned flow on link e by d(e).

At the beginning of each time slot, we sort the links in de-
scending order of the unassigned flows. We assign the first link
e to the channel j = arg max; ¢;(e) and decrement the value of
d(e) by ¢j(e)Ty. We then check if the next link in the ordered
list can be assigned to some channel in this time-period. If this
can be done, then we pick such a channel with the highest ca-
pacity and assign the link to that channel. If this link cannot be
assigned to any channel, then we move on to the next link. and
repeat this until we reach the end of the list. We repeat this pro-
cedure again until no channels have been assigned to any link
in an iteration. If there are still unassigned flows, we move to
the time-slot and repeat the assignment process. The objective
of course, is to assign all flows in as few time slots as possible.

The way we check if a particular channel is feasible for a
data link in a time-period is by having a binary variable zg as-
sociated with each constraint set S. At the beginning of each

time slot, zg is set to zero. We set zg to one whenever a data
link e is assigned channel ; and (e, ) € S. We also ensure that
the node-radio constraint is respected at each node by verify-
ing that the number of channels allocated to a given node in any
time slot is not greater than the number of radios at that node.
In the description of the greedy algorithm shown in Figure 5,
we use T'(e, ) to denote the collection of constraint sets that are
associated with the (link, channel) pair (e, ) and NS to count
the number of time slots. The demand met by the system is

INS=0;A=E;d(e)=fM(e) Vec E

2 WhileA #£ ()

3 NS — NS+ 1;iter=1

4 Sort links in decreasing order of d(e).

5 Assume links are numbered in decreasing
order of d(e)

6 zs = 0 V constraint sets S.

7 Whileiter= 1

8 iter=0

9 Fore=1,2,...F

10 If Jisuchthat zg =0 VS € T(e, 1)

11 j = argmax; c;(e)

12 Assign e to channel 4

13 iter=1

14 d(e) — d(e) — Tyc;(e)

15 If d(e) =0then A= A\e

16 Set zg = 1,VS € T'(e, §)

17 End If

18 end For

19 end While

20 end While

Fig. 5. Greedy Channel Scheduling Algorithm

computed as

M

—\r

NS™ 7
where \*r is the LP optimal solution, and M is the multiplica-
tive factor used to convert the link flows to integral values.

V. PERFORMANCE EVALUATION

In this section, we aim to quantitatively evaluate the perfor-
mance of our greedy channel scheduling algorithm against the
upper bounds on capacity derived using the optimization model
described in Section Ill. The evaluation is done by means of
simulations. We highlight three key aspects in this section:

1) The ability of the necessary conditions based on contin-
uous flow variables to model the capacity of the network
in practical circumstances

2) The performance of the greedy channel scheduling algo-
rithm with respect to the capacity of the network

3) The variation in achievable channel capacity as the num-
ber of radios and channels vary.

Our simulation platform is a custom-written simulator that
uses a primal-dual FPTAS LP solver, along with a link sched-
uler that assigns channels and slots to links to meet a certain de-
mand. This platform was previously used to report the results in
[1], [16], [15], [17]. The simulator’s performance is limited by



the amount of memory of the machine on which it is running.
Our experiments were conducted on a dual-processor Pentium-
11 Linux server with 2GB of RAM. This allows us to simulate
mesh network topologies where the product of the number of
links and the number of orthogonal channels does not exceed
10000. We hope to optimize the memory management of the
simulator further to run larger instances in the future.

A. Test Methodology

Our goal here is to measure the achievable capacity for a
large network. Our optimization framework allows for a multi-
commaodity flow problem formulation. Therefore, we let each
node pick a randomly chosen node as its destination, and set a
demand of 1 unit of flow, end-to-end, for all source-destination
pairs. When we solve the feasibility/concurrent flow problem
on this instance, then we obtain a scaling factor A*, which im-
plies that all end-to-end flows can send at most A* units of flow.
Thus, the total network capacity is upper bounded as n.A* [5],
[2]. We then run the greedy channel scheduling algorithm to
obtain an achievable schedule and compute a lower bound on
the capacity from the schedule. A good schedule will have a
very small gap between the upper and lower bounds on capac-
ity.

In order to replicate the same capacity assumptions outlined
in [2], we set the number of radios per node to be the same
across all nodes, i.e.,x(v) = k,Vv € V, and set the links to be
of unit capacity for all channels, ¢;(e) = 1,Vi € OC,e € E.
Note that all channels are orthogonal. We do not model wireless
channel errors at this time as our goal is estimate the maximum
capacity of the network.

Our experiments were conducted for large topologies, and
the results presented in this section are an average of five ran-
dom topologies, each with 100 nodes. The number of links in
each of these topologies varies from 350 to 900. There are no
partitions in the network graph, and all links are bi-directional.
Note that multi-path routing is enabled in all these instances.
We vary the number of channels from 1 to 8.

We measure two parameters for each topology: (a) the capac-
ity upper bound and (b) the greedy channel scheduling lower
bound. All these values are in terms of the scaling factor A.

B. Random Networks

We summarize the results of our evaluation in Figures 6, 7
and 8. The first set of results show the performance of the
greedy channel scheduling algorithm, as illustrated in Figure
6. The key point to note is that for all combinations of channels
and number of radio interfaces per node, the greedy channel
scheduling algorithm performs within 80% of the upper bound,
and is typically within 90% of the upper bound in most in-
stances. While the worst-cases may not have been encountered
in the topologies considered here, we have tested this algorithm
on many other smaller topologies, and have found that the re-
sults shown here are typical of those cases.

In addition to proving the efficacy of the greedy channel
scheduling algorithm, the figure can also be used to infer that
the upper bounds is a valid approximation of the network ca-
pacity. Hence, we will now use the upper bound numbers to
explain the capacity of the network.

Channel Assignment Performance (Lower Bound)
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The y-axis is normalized w.r.t. the upper bound for the case of
1 Radio per node and 1 Channel.

First, we revisit Figure 2 in Section 1. The key observation in
[2] was that network capacity of an MC-MR network depends
primarily on the ratio of the number of channels to the number
of interfaces per node, and not on the individual values them-
selves. Our results, shown in Figures 7 and 8 confirm this obser-
vation. Consider Figure 7, where we show the network capac-
ity n.A*, normalized with respect to the capacity of the network
with 1 channel and 1 radio interface per node. Each data point is
averaged over 5 random graph topologies with 100 nodes each,
as described earlier. It confirms that network capacity starts de-
clining as soon as the ratio C/x exceeds a certain threshold, as
predicted in [2].

In Figure 8, we show the network capacity for each channel,
again normalized by the network capacity for the (1 channel, 1
radio) case. These results re-affirm the validity of the results

in [2]. It also shows that the ©(TV, /@) function is tightly

bounded?, since the per-channel network capacity does not vary
significantly at all.

SWhen () = ©(g()) is tightly bounded, it implies that c19() < f() <
cag(), with E—? ~ 1.
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However, the most significant inference from these results is
the fact that the threshold for C/x beyond which network ca-
pacity begins to decrease is very small, in fact, close to 1.5.
Figure 2 proposes that the network capacity decrease threshold
is O(logn). Note that for a 100- node network, log; 0100 = 2,
and In 100 = 4.61. This suggests that the constants associated
with the O() notation are small enough to deny any potential
benefits that one might expect from this capacity trend for a rea-
sonably large MC-MR network. Clearly, this threshold will in-
crease for a larger network, but the increase will be meaningful
only when the network size increases by a couple of orders of
magnitude. Thus, the claim made in [2] that a single radio per
node might be potentially good enough to maximize network
capacity may be valid only for networks with either millions
of nodes, or networks with only one channel of operation. A
single radio could also perform similar to a multiple radio-per-
node network when the traffic load is light, though this does not
mean capacity will also be the same.

VI. CONCLUSION

In this paper, we described a network optimization frame-
work that captures the constraints associated with multi-
channel multi-radio (MC-MR) multi-hop wireless mesh net-
works. We presented a simple greedy channel assignment al-
gorithm that uses this network characterization to obtain near-
optimal performance based on the upper bounds on capacity
derived via the optimization framework. In addition, by means
of extensive simulations on large-scale networks, we realized a
practical channel assignment and schedule to compute achiev-
able network capacity, and verified a recent theoretical capacity
model proposed in [2]. Our evaluation also highlighted the fact
that in order to obtain maximum network capacity for a given
instance of a medium-to-large sized MC-MR network with C or-
thogonal channels, nodes should have around the same number
(C) of radio interfaces per node.

In conclusion, we hope that the results identified in this pa-
per can be a valuable tool for network designers in planning
network deployment and in controlling performance objectives
in the emerging field of wireless mesh networks.
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