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ABSTRACT

Efficient integration of a multi-hop wireless network with the In-
ternet is an important research problem, and benefits several ap-
plications, such as wireless neighborhood networks and sensor
networks. In a wireless neighborhood network, a few Internet
Transit Access Points (ITAPS), serving as gatewaysto the I nternet,
are deployed across the neighborhood; houses are equipped with
low-cost antennas, and form a multi-hop wireless network among
themselves to cooperatively route traffic to the Internet through
the ITAPs. In asensor network, sensors collect measurement data
and send it through a multi-hop wireless network to the serverson
the Internet via ITAPs. For both applications, placement of inte-
gration points between the wireless and wired network isacritical
determinant of system performance and resource usage. However
there has been little work on this subject.

In this paper, we explore the placement problem under three
wirelesslink models. For each link model, we devel op algorithms
to make informed placement decisions based on neighborhood
layouts, user demands, and wireless link characteristics. We also
extend our algorithmsto providefault tolerance and handl e signif-
icant workload variation. We evaluate our placement algorithms
using both analysis and simulation, and show that our agorithms
yield close to optimal solutions over awide range of scenarioswe
have considered.

1. INTRODUCTION

Unprecedented growth inwirel esstechnol ogy hasmadeatremen-
dous impact on how we communicate. Ubiquitous wireless Inter-
net access has become a reality in many public places, such as
airports, malls, coffee shops, and hotels. More recently, people
have applied wireless technology to obtain broadband access at
home and a number of neighborhood networks have already been
launched across the world [1, 8]. Using wireless as the first mile
towards the Internet has a big advantage — fast and easy deploy-
ment [19]. Thereforeit is especialy appealing to homes that are
out of reach of cable & DSL coverage, such as rural and suburban
areas. Even for areas with cable or DSL coverage, providing an
aternative for Internet access is extremely useful, as it helps to
increase network bandwidth, and suits the diverse needs of dif-
ferent applications. A similar problem of efficiently bridging a
multi-hop wireless network with the Internet also arises in sensor
networks, where sensors collect data and send it through a multi-
hop wireless network to serverson the Internet vialnternet Transit
Access Points (ITAPs).

Both these appli cations require efficient bandwidth utilization at
end nodes, which can be achieved through a careful placement of
ITAPs. Motivated by these applications, this paper explores effi-
cient integration of multi-hop wireless networks with the Internet
by placing ITAPs at strategic locations. We note that an alterna-
tive to multi-hop wireless networksisthe cellular approach, which
sets up an I TAP to service users within its communication range.
However this approach requires significantly more ITAPs than
the multi-hop scheme [3], and is aso difficult to implement [8].
Therefore, we focus on the multi-hop approach in this paper.

Neighborhood networks are characterized by two important de-
sign constraints. They should be easy and cheap to deploy. More-

over, they should provide Quality of Service (QoS) guarantees
to end users. To achieve both these constraints it is imperative
to have an intelligent placement of ITAPs in the network. Any
ITAP placement algorithm will haveto (i) efficiently use wireless
capacity, (ii) takeinto account the impact of wireless interference
on network throughput, and (iii) be robust in face of failures and
changes in user demands. There has been little previous work on
this subject.

In this paper, we investigate schemes to efficiently place ITAPs
in amultihop wireless network. Our key contributions are:

o Weformulatethe I TAP placement problem under threewire-
less models. For each model, we develop algorithms to ef-
ficiently place ITAPs in the network. Our algorithms aim
to minimize the number of required ITAPs while guaran-
teeing users bandwidth requirements. We demonstrate the
efficiency of the algorithmsthrough simulation and analysis.

¢ Toenhancerobustness, we present afault tolerance version of
the placement algorithm that provides bandwidth guarantees
in the presence of failures.

o We extend the algorithms to take into account variable traf-
fic demands by developing an approximation algorithm to
simultaneously optimize I TAP placement based on demands
over multiple periods. Thisalgorithmis very useful in prac-
tice since user demands often exhibit periodic changes (e.g.,
diurnal patterns).

In the rest of this paper we first overview related work in Sec-
tion 2. In Section 3 we describe the I TAP placement problem and
our network models. In Section 4, we propose novel placement
algorithms for three wireless link models. We further validate
these link models using packet-level ssimulationsin Section 5. In
Section 6, we evaluate the performance of placement algorithms
using various topologies and traffic patterns. In Section 7, we
extend our placement algorithms to take into account two impor-
tant practical factors. fault tolerance and changing workload. We
evaluate their performance through analysis and simulation. We
concludein Section 8.

2. RELATED WORK

There has been a recent surge of interest in building wireless
neighborhood networks. Some commercial networksthat provide
Internet access to home users using this technology are described
in[1] and [8]. [1] presents a scheme to build neighborhood net-
works using standard 802.11b Wi-Fi technology [23] by carefully
positioning access points in the community. Such a scheme re-
quires alarge number of access points, and direct communication
between machines and the access points. This constraint is dif-
ficult to meet in real terrains. The other approach to building
neighborhood networks is Nokia s Rooftop technol ogy, presented
in [8]. This scheme provides broadband access to households us-
ing a multi-hop solution that overcomes the shortcomings of [1].
The idea is to use a mesh network model with each house de-
ploying aradio, as considered in this paper. Thisradio servesthe
dual purpose of connecting to the Internet and routing packets for



neighboring houses[4]. The deployment and management cost of
Internet TAPs in such networks is significant, and therefore it is
crucia to minimize the required number of ITAPs to provide QoS
and fault tolerance guarantees. However, these problems are not
addressed in[1, 8].

There have been a number of interesting studies on placing
servers at strategic locations for better performance and efficient
resource utilization in the Internet. For example, the authors in
[22, 18, 25] examine placement of Web proxies or server replicas
to optimize clients' performance; and Jamin et al. [17] examines
the placement problem for Internet instrumentation. The previous
work on server placement cannot be applied to our context because
they optimizelocality in absence of link capacity constraints. This
may be fine for the Internet, but is not sufficient for wireless net-
works since wireless links are often the bottlenecks. Moreover,
theimpact of wirelessinterference, and considerationsof fault tol-
erance and workload variation make the ITAP placement problem
very different from those studied earlier.

It is worth mentioning that the ITAP placement problem can
be considered as a facility location type of problem. Facility
| ocation problems have been considered extensively in the fiel ds of
operations research and approximation algorithms (e.g., [21, 29]).
Approximation algorithms with good worst case behavior have
been proposed for different variants of this problem. However,
to the best of our knowledge, these results do not concern the
case where links have capacities, as considered in this paper. The
presence of link capacity constraints makes our problem more
challenging from atheoretical perspective. In addition, the effects
of wirelessinterferenceand variabl etraffic demandshave not been
considered in the previous facility location work.

Thework closest to oursisthe pioneeringwork in [3]. Itaimsto
minimize the number of ITAPs for multi-hop neighborhood net-
works based on the assumption that ITAPs use a Time Division
Multiple Access (TDMA) scheme to provide Internet access to
users. However, TDMA s difficult to implement in multi-hop
networks due to synchronization and channel constraints[2]. Fur-
thermore, the proposed slotted approach might not utilize all the
available bandwidth due to unused slots. In comparison, in this
paper we look at more general and efficient MAC schemes, such
as |[EEE 802.11. Removing the TDMA MAC assumption yields
completely different designs, and increases applicability of the
resulting algorithms.

In summary, placing ITAPs under the impacts of link capacity
constraints, wireless interference, fault tolerance, and variable traffic de-
mands is a unique challenge that we aim to addressin this paper.

3. PROBLEM DESCRIPTION AND NETWORK

MODEL

We describe the ITAP-placement problem and our approach
in the context of wireless neighborhood networks, but the same
problem formulation and approaches apply for sensor networks.
The ITAP-placement problem, in its simplest form, is to place a
minimum number of ITAPsthat can serve agiven set of nodes on
aplane, which we call houses. A househ issaid to be successfully
served, if its demand, w;, is satisfied by the ITAP placement. A
house 1 is served by an ITAP i through a path between 7 and «.
This path is allowed to pass through other houses, but any two
consecutive points on this path must have wireless connectivity
between them. We are usually interested in the fractional version
of thisproblem. That is, we consider the flexibility that ahouseis
allowed to route its traffic over multiple pathsto reach an ITAP.

Thisproblem can bemodel ed using thefoll owing graph-theoretic
approach. Let H denote the set of houses and Z denote the set of
possible ITAP positions. We construct a graph G on the set of
vertices H UZ by connecting two nodesif and only if thereiswire-
less connectivity between them. The goal is to open the smallest

number of ITAPs (denoted by the set 7’), such that in the graph
G[H U '], one can route wy, units of traffic from house & to points
inZ’ simultaneously, without violating capacity constraintson ver-
tices and edges of the graph, where w, is the demand from house
h.

The edge capacity, Cap,, in the graph denotes the capacity of
awireless link. In addition, each node also has an upper bound
on how fast traffic can go through it. Therefore, we also assign
each node with a capacity, Cap,. Usually Cap, = Cap,, as both
represent the capacity of awirelesslink. (Our schemeswork even
when Cap,, # Cap,, €.9., whenanode's processing speed becomes
the bottleneck.) Moreover, each ITAP aso has a capacity limit,
based on its connection to the Internet and its processing speed.
We cdll this capacity, the ITAP capacity, Cap,.

In addition to edge and vertex capacities and house demands,
another input to the placement algorithms is a wireless connec-
tivity graph (among houses). We can determine whether two
houses have wireless connectivity using real measurements, and
give the connectivity graph to our placement algorithms for de-
ciding ITAP locations. In our performance evaluation, since we
do not have wireless connectivity graphs based on real measure-
ments, we instead derive connectivity graphs based on the protocol
model, introduced in [13]. In this model, two nodes and j can
communicatedirectly with each other if and only if their Euclidean
distance is within a communication radius, CR. Given the posi-
tion of all the nodes, we can easily construct a connectivity graph
by connecting two nodes with an edge if their distance is within
CR. However our placement a gorithms can also work with other
wireless connectivity models (e.g., physical model [13] or based
on real measurements). Inthefollowing sections, we study several
variants of this placement problem.

3.1 Incorporating Wireless Interference

There are severa ways to model wireless interference. One
approach is to use a fine-grained interference model based on the
notion of a conflict graph, introduced in [16]. The conflict graph
indicates which groups of links mutually interfere and hence can-
not be active simultaneously. The conflict graph model isflexible
to capture a wide variety of wireless technologies, such as direc-
tional antennas, multiple radios per node, multiple wireless chan-
nels, and different MAC protocols. The main challenge of using
thefine-grained interferencemodel is high complexity (sometimes
prohibitive), since for even a moderate-sized network the number
of interference constraints arising from the conflict graph can be-
come hundreds of thousands.

An aternative approach is to use a coarse-grained interference
model that captures the trend of throughput degradation due to
wireless interference. Since there are usually a limited number
of wireless channels available, not al links can be active at the
same time to avoid interference. As aresult, wireless throughput
generally degradeswith the number of hopsin the path aswe show
in the following scenario. Consider alinear-chain network, where
each link hasaunit capacity. Sincetheinterferencerangeof anode
istypically larger than the communicationrange[28], itispossible
that all the nodes in the chain interfere with each other. In this
case, only onelink can be active at atime, which suggeststhat the
maximum throughput from node 0 to noden is £ for k < n and 1
for k > n, where isthe number of available channels, and n isthe
number of hops. As we can see, if we have enough channels, the
throughput can approach the channel capacity. On the other hand,
if weonly haveonechannel, then throughput degradesasafunction
of L. This has also been confirmed by several simulation studies
ba%d on 802.11 and other MAC protocols similar to 802.11 [15,
12].

In practice, the network topology can be more complicated, and
the relationship between throughput degradation and an increas-
ing hop-count depends on many factors, such as communication



range versus interference range, the types of antenna (directional
versus omni-directional), MAC protocols, and the number of con-
tending radios. There is no single available function that can
capture the impact of interference on wireless throughput. There-
fore, we study the placement problem under several link models.
We describe the link models using two related functions. In our
discussion, Throughput; denotes the amount of throughput on a
link along a path of length 7, assuming each wireless link capacity
is 1. Theother function, (1), denotes the amount of link capacity
consumed if it is on a path of length 7 and the end-to-end through-
put of the path is 1. It is clear that g(I) = rurmpar» SINCEIN

order to get one unit throughput along a path of length 7, we need
to have m capacity at each edge along the path, assuming
the end-to-end throughput increases proportionally with the edge
capacity, which istrue in practice.

In this paper, we study the following models separately:

1. Ideal link model: If throughput; = 1 for al I, or equiva-
lently, g(I) = 1, we get the basic version of the problem.
This model is appropriate for the environment with very ef-
ficient use of spectrum. A number of technologies, such
as directional antennas (e.g., [7, 11]), power control, multi-
ple radios, and multiple channels, al strive to achieve close
to this model by minimizing throughput degradation due to
wireless interference.

2. General link model: A moregeneral model iswhenthroughput,

or g(1) is alinear function of 1. As we will show in Sec-
tion 4.2, we can formulate the I TAP placement problem for
the general link model as an integer linear program, and
develop polynomia placement algorithms. In addition, we
also develop more efficient heuristics for two forms of g(1).

(a) Bounded hop-count model: If throughput; = 1 for
I < k and throughput, = 0 for 1 > k (or equivalently,
g(l) =1fori < kand g(l) = o fori > k), we get a
variant in which flow cannot be routed through paths of
length more than k. This approximates the case where
we try to ensure each flow gets at least a threshold
amount of throughput by avoiding paths that exceeds a
hop-count threshold.

(b) Smooth throughput degradation model: This corre-
sponds to the case when throughput, = 1, where
is the number of hopsin the path. Thisis equivalent to
g(l) =1 foral I's(i.e., the capacity consumed is equal
to the flow times the number of hops). This represents
a conservative estimate on throughput in alinear-chain
network as we show above, and therefore this model
is appropriate when tight bandwidth guarantees are de-
sired.

Note that the above models capture wireless interference and
contention among nodes whose paths to ITAPs share common
links or nodes. A more accurate model will have to handle inter-
ference among nodes on independent paths (e.g., using the conflict
graph [16]). However, in Section 5, we use packet-level wireless
network simulationsto show that an ITAP placement based on the
above model s gives satisfactory performance.

3.2 Incorporating Fault Tolerance Consideration

A multi-hop scheme for building neighborhood networks re-
quires different houses along a path to the ITAP to forward traffic
to and from a house. The bandwidth requirements of a house
may not be satisfied if even one house decidesto shut itself down.
Furthermore, ITAPs may be temporarily down. Our placement
scheme handles such scenarios by routing traffic through multiple
independent paths, and over-provisioning the delivery paths.

3.3 Incorporating Workload Variation

Several studies show that user traffic demands exhibit diurnal
patterns (e.g., [6, 20, 27]). Since it is not easy to change ITAP
locations once they are deployed, these ITAPs should handle de-
mands over all periods. In Section 7.2, we present algorithms to
simultaneously optimizel TAPIlocations based on workload during
different periods.

3.4 Generic Approach

In the following sections, we will investigate different variants
of the placement problem. Our generic approach is as follows.
Given a set of potential ITAP locations, which may include all or
a subset of points in the neighborhood, we first prune the search
space by grouping pointsinto equival enceclass, where each equiv-
alence classis represented by the set of houses that are reachable
viaawireless link. For example, if points A and B have wireless
connectivity to the same set of houses, then they are equivalent as
far as ITAP placement is concerned. Therefore we only need to
search through all the equivalence classes, instead of all points on
the plane. (Refer to [24] for details). Then based on our choice
of wirelesslink model, fault-tolerance requirements, and variabil-
ity in user demands, we apply one of the placement algorithms
described in Section 4, Section 7.1, and Section 7.2 to determine
ITAP locations.

4. PLACEMENT ALGORITHMS

In this section, we study how to place I TAPs under the impacts
of link capacity constraints and wireless interference.

4.1 Ideal Link Model

First, we consider the placement problem for the ideal link
model. Weformulatethe problem asalinear program, and present
an approximation algorithm.

41.1 ProblemFormulation

We formulate the placement problem for the ideal link model
as an integer linear program shown in Figure 1. For each edge
e and house h, we have a variable z. ,, to indicate the amount of
flow from b to ITAPsthat isrouted through e. For each ITAP i we
have a variable y; that indicates the number of ITAPs opened at
the location i (More precisely, y; is the number of ITAPs opened
at locationsin the equivalence class i, where the equivalence class
is introduced in Section 3.) Cap,, Cap,, and Cap, denote the
capacity of the edge e, house h, and ITAP i, respectively; wy,
denotes the traffic demand generated from house h.

Now we present a brief explanation of the above integer linear
program. The first constraint (Ze:(v,hr)%h = Zezw,u)xe,h)
formulates the flow conservation constraint, i.e., for every house
except the house originating the flow, the total amount of flow
entering the house is equal to the total amount of flow exiting
it. Theinequality 3° _ , , zc.n > ws formulates the constraint

that each house has w; amount of flow to send, and the third
congtraint indicates that a house does not receive flow sent by
itself. The next three inequalities of the above program capture
the capacity constraints on the edges, houses, and ITAPs. The
inequality Zez(m) Te,n < wpy; SAYS that no house is alowed to

send any traffic to an ITAP unless the ITAP is open. Notice that
this inequality is redundant and follows from the ITAP capacity
constraint and the assumption that y; is aninteger. However, if we
want to relax the integrality assumption on y;’sin order to derive
alower bound using an LP solver (see Section 4.3.4 for example),
then it isimportant to include thisinequality in the linear program
so that we can get atighter lower bound.

The following theorem shows that it is computationally hard
to optimally solve the ITAP placement problem for the ideal link
model. Refer to [24] for the proof.
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Figurel: LP formulation for theideal link model

THEOREM 1. Itis NP-hard to find a minimum number of ITAPS re-
quired to cover a neighborhood in an ideal link model. Moreover, the
problem has no polynomial approximation algorithm with an approxi-
mation ratio better than In n unless P = NP.

4.1.2 Our Approach— Greedy Placement

We design the following greedy placement. We iteratively pick
an ITAP that maximizes the total demands satisfied when opened
in conjunction with the ITAPs chosen in the previous iterations.
The major challengeis to determine how to make a greedy move
ineachiteration. Thisinvolvesefficiently computing thetotal user
demands that can be served by a given set of ITAPs. We make an
important observation: computing the total satisfied demands can
be formulated as a network flow problem. Thisis easy to seesince
our formulationfor theideal link model shownin Figure 1 satisfies
the three properties, namely, capacity constraint, skew symmetry,
andflow conservation. Thissuggeststhat we can apply the network
flow algorithms[9] to efficiently determine the satisfied demands.
A few transformations are required to make the network flow
algorithm applicable. Figure 2 shows a skeleton of the algorithm,
which findsamultiset S of ITAPsto open, where amultiset isthe
same as a set, except that it allows duplicate elements. Allowing
duplicate elementsin S indicates that we can open multiple ITAPs
in the locations that belong to the same equivalence class (i.e.,
reachablefrom the same set of houses), whichiscertainly feasible.

The following theorem shows a worst-case bound on the perfor-
mance of the abovealgorithm. An empirical performanceanalysis
of thisalgorithmis presented in Section 6.1.

THEOREM 2. Consider the ITAP placement problemin theideal link
model with integral demands and integral house and link capacities, and
let D denote the total demand of the houses. The approximation factor of
the greedy algorithm for this problemisat most In(D). In other words,
if the optimal solution for the ITAP placement problem opens K I TAPS,
the greedy algorithm opens at most K In(D) ITAPs.

We will need the following lemma to prove the above theorem.
Thislemmais non-trivial and uses the Ford-Fulkerson maximum
flow-minimum cut theorem [9] in the proof.

LEMMA 3. Assume a multiset S of ITAPs are opened. Consider an
optimal way of routing the maximum total demands from houses to the
ITAPsin S, and let f; denote the amount of traffic routed to ITAP ¢ in this
solution, where i € S. Assume that at a later time, a multiset S U T of
ITAPs are opened. Then, there isan optimal way of routing the maximum

Input: Set of houses H,, set of ITAPsZ, graph G on the set H U Z with capacities
on its edges and vertices.

Output: A multiset S of ITAPsto be opened.

begin
S :=0; Flow :=0;
while Flow islessthan the total demand do

maz := 0,
for eachj € Z do
o Let G’ bethe subgraph of G induced on H# U S U {4}, with the same

capacitiesas G. (If thereareduplicatesin S U {j}, we create one point
for each duplicated element.)

e For each house, transform its vertex capacity constraint to an edge capac-
ity constraint by replacing the house h with two nodes, in;, and outp;
and connect iny, to out), using adirected edge with capacity capy,; all
incoming edges toward the house go to ¢nj, and all out-going edgesfrom
h come from outp,.

e Add two vertices s and ¢ to G, edges of capacity wy, from s to each
h € H, and edges of capacity cap; fromeachi € SU {j} tot.

e Find the maximum flow from s to ¢ in G”; Let f be the value of this
flow.

e if f > mauz,then
mazx := f; bestITAP := j,
endfor;
S =S U {bestITAP}; Flow := max;

endwhile;

end.

Figure2: Greedy placement algorithm in theideal link model

total demands from houses to these ITAPs in which f; units of traffic is
routed to ITAP i for everyi € S.

Refer to [24] for the proofs of the above theorem and lemma.
Based on Theorem 2, we have the following corollary.

COROLLARY 4. Let N be the number of houses. The approximation
factor of the greedy algorithmin the ideal link model isln (V) when the
capacities of edges and vertices are integer-valued and every house has
either zero or one unit of demand.

Remark 1. Corollary 4 in combination with Theorem 1, shows
that this algorithm achieves the best possible (worst-case) approx-
imation ratio for the graph theoretic model when every house has
either zero or one unit of demand. Furthermore, even though
in our model we alow fractional routing of the flow, our greedy
algorithm always finds an integral solution in this case, i.e., the
demand from each house will be served through one path to an
open ITAP. Thisis a consequence of the integrality theorem [9].
Remark 2. Notice that In(D) is the worst-case bound for hetero-
geneous demands. To make the worst-case bound tighter, we can
normalize house demands, edge capacities, and node capacities
before we apply the greedy placement algorithm. This yields a
lower approximation factor, since D is reduced after normaliza-
tion. Moreover, aswewill show later inthissection, in practicethe
greedy algorithm performs quite close to the optimal, and much
better than the worst-case bounds, In(D) or In(N).

4.2 General Link Moded

The problem of efficient ITAP placement is more challenging
when the throughput along a path varieswith the path length. This
correspondsto thegeneral link model introducedin Section3.1. In
this section, we first formulate the problem for alink model with
an arbitrary throughput degradation function, and then present
efficient heuristics for two variants of this degradation function.




4.2.1 Problem Formulation

We formulate the placement problem for the general link model
as an integer linear program shown in Figure 3. In this program
Te,n,1,; denotes the total amount of flow routed from house k to
the ITAPs using a path of length I when edge e is the j'th edge
along the path. Variabley; isan indicator of the number of ITAPs
opened in the equivalence class i, and each house h has w, units
of traffic to send. The throughput degradation function for a path
of length [ is denoted by ¢(7). L isan upper bound on the number
of hops on a communication path, and if there is no such upper
bound, we set L = |#|. The other variables in the program are
similar to the ones used by the program presented in Figure 1.

minimize E Yi
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Figure3: LP formulation for thegeneral link model, where g(7) mod-
elsthroughput degradation with increasing hop-count.

The following theorem is an immediate consequence of Theo-
rem 1, astheideal link model is a special case of the general link
model, when g(1) = 1.

THEOREM 5. It is NP-hard to find a minimum number of ITAPs to
cover a neighborhood for a general link model.

4.2.2 Our Approach: Greedy Placement

The high-level idea of the greedy algorithmis similar to the one
presented for the ideal link model. We iteratively select ITAPs
to maximize the total user demands satisfied. The new challenge
is to determine a greedy move in this model. Unlike in the ideal
link model, we cannot compute the total satisfied demands by
modeling it as a network flow problem since the amount of flow
now depends on the path length. Aswe will describe below, this
computation can be done by solving alinear program, or by using
aheuristic.

Expensive algorithm for the general link model: Without mak-
ing assumptions about ¢(I), we can compute the total satisfied
user demands, for a given set I’ of ITAPs, by solving a slightly
modified LP problem than the one in Figure 3. In thislinear pro-
gram, we replace the variable y; by the number of occurrences of
i in I' (This amounts to removing al the variables correspond-
ing to edges ending in ITAP positions outside I’ and removing
inequalities containing these variables). The objective will be to
maximize >-, 37 _ . Ten1, Which corresponds to maximiz-

ing the satisfied demands. We also modify the second constraint

tobed” _ .. Tenria < wy inorder to limit the maximum flow

from each house h.

Intheory, solving alinear programtakes polynomial time. How-
ever, in practice an L P solver, such as cplex [10], can only handle
small-sized networks under this model due to the fast increase in
the number of variables and constraints with the network size.

Below we develop more efficient algorithms for two special
forms of g(1): (i) bounded hop-count: g(I) =1 for al | < k, and
g(l) = oo for 1 > k, and (ii) smooth degradation: g, =1 for all I.

Efficient algorithm for the bounded hop-count model: We can use
the following greedy algorithm to find the total demands satisfied
by a given set of ITAPs. The hop-count constraint suggests we
should favor short pathsin the graph. Therefore, in each iteration,
the algorithm findsthe shortest path from demand pointsto opened
ITAPsintheresidual graph, routesone unit of flow along this path,
and decreases the capacities of the edges on the path by onein the
residual graph. Thisis continued until the shortest path found has
length more than the hop-count bound. This algorithm is similar
to the algorithm proposed in [14] for a similar problem. While
this heuristic does not guarantee computing the maximum flow
(so each greedy step is not local optimal), it works very well in
practice as shown in Section 6.2.1.

Efficient algorithm for the smooth throughput degradation model:
When g(I) = 1 or throughput, = 1, the total demands satisfied b

aset of ITAPs are given by the expression: mazimize 3, ., o
where P is a collection of edge-disjoint paths in the graph, and
|p;| denotes the length of the path p,. Therefore to maximize this
objective function, our heuristic should prefer imbalance in path
lengths, and this motivates the following algorithm.

Astheheuristic for the bounded hop-count model, in the smooth
throughput degradation model we compute the total satisfied de-
mands by the selected I TAPsthrough iteratively removing shortest
pathsintheresidual graph. However, we makethefollowing mod-
ifications. First, sincewe nolonger have boundson hop-count, we
continue picking paths until there is no path between any demand
point and any open | TAP. Second, to ensure the throughput follows
throughput(l) = 1/1, we compute the demand satisfied along each
path p, denoted as S D,,, according to the throughput function after
we obtain all the paths. The total satisfied demands are the sum
of SD,, over dl pathsp. Although this algorithm does not aways
find the maximum flow (so each greedy step is not local optimal),
it yields very good performance as shown in Section 6.2.2.

4.3 Alternative Algorithms

In the rest of this paper, we compare our greedy placement
algorithm to four alternative approaches.

4.3.1 Augmenting Placement

Theideaof theaugmenting placement algorithmissimilar tothe
greedy algorithm. The main difference is that in the augmenting
algorithm we do not make a greedy move; instead we are satisfied
with any ITAPthat increasesthe total amount of demand satisfied.
More specifically, we search over the set of possible ITAP loca
tions, and open the first ITAP we see that results in an increase
in the amount of satisfied demand when opened together with the
already opened I TAPs.

The augmenting placement algorithm can be applied to all three
wireless link models with the following difference. In the ideal
link model, we computethe total amount of demand sati sfied under
a given set of ITAPs by finding the maximum flow in the graph;
whereasin thegeneral link models, we use the heuristi cs described
in Section 4.2.2 to derive the total amount of demand satisfied.

4.3.2 Clustering-based Placement

We compare our placement algorithms to the clustering-based
scheme, proposed in [3]. The basic idea of the algorithm is to
partition the network nodes into a minimum number of digjoint



clusters, and place an ITAP in each cluster. We use the Greedy
Dominating Independent Set (DI1S) [3] heuristic to determine a set
of clusterheads, which are used as possible ITAP locations. The
nodes are then clustered to ensure that each node is associated
with the closest clusterhead, and a shortest path tree rooted at the
clusterhead i sused for sending packetsfrom and delivering packets
to the cluster. The cluster is further divided into sub-clusters if
either theweight or relay-load constraintsareviolated. Theweight
constraint specifiesthat an I TAP can servenodesaslong asthe sum
of their demands does not exceed the capacity of the ITAP, and the
relay-load constraint specifies an upper bound on the maximum
flow that can go through a node in the neighborhood cluster. We
refer the reader to [3] for more details of this algorithm.

To apply the clustering-based algorithm for theideal link model,
in our simulations we use the ITAP capacity instead of wireless
capacity when checking the weight constraint of placing an ITAP
at a particular house; this is necessary since the ITAP capacity
can be greater than the wireless capacity in our simulations. This
ensures a fair comparison of the clustering algorithm with our
placement schemes.

To apply the agorithm to the bounded-hop count model, we
make the following modification. We divide a cluster into sub-
clusters not only when the weight or relay-load constraints are
violated, but also when the distance between any nodeand its clus-
terhead exceedsthe hop-count threshold. Thealgorithm, however,
does not apply to the smooth throughput degradation model.

4.3.3 Random Placement

This agorithm randomly places an ITAP at a house iteratively
until all the user demandsare satisfied. To avoid wasting resource,
it ensuresthat each house has at most one | TAP. This approximates
un-coordinated deployment of I TAPsin aneighborhood, and gives
a baseline to evaluate the benefits of the more sophisticated algo-
rithms presented above.

Asthe augmenting algorithm, there are three variants of random
placement algorithms for different wireless link models. They
differ in how we compute the total demand satisfied under agiven
set of ITAPs. We run the maximum flow agorithm to compute
the satisfied demand under the ideal link model, and apply the
heuristicsin Section 4.2.2 to compute the satisfied demand under
the general link models.

4.3.4 Lower Bound

It isuseful to compare our algorithmswith the optimal solution.
However, our problemisNP-hard, and it istoo expensiveto derive
an optimal solution. Therefore we compare our algorithms with
the lower bounds. We derive the lower bound by relaxing the
integer constraints on y; in the LP (in Figure 1) and solving the
relaxed L P problem using cplex [10]. Thelower bound isa useful
data point to compare with, as it gives an upper bound on the
difference between a practical algorithm and the optimal.

We usethe same schemeto derivelower boundsfor al threelink
models. Notethat ideally we would like to derive the lower bound
for the general link models by relaxing the integrality constraint
in Figure 3, and solving the relaxed linear program. However,
although in theory linear programs can be solved in polynomial
time, we were unable to solve the program in Figure 3 for large
networks due to the memory constraints. So in our performance
evaluation section, we use the solution to the LP formulation of
Figure 1 for the idea link model, as the lower bound for the
general case too. This lower bound is aways correct, since the
ideal link model is a relaxation of the general model. However,
it might not be tight, since it ignores the throughput degradation
with hop count, and thereforerequiresfewer I TAPsthan necessary.
However, in Section 6.2.1 and Section 6.2.2 we show that the
results from our greedy and augmenting algorithms are still close
to these loose lower bounds.

5. VALIDATION

To validate the wireless link models used in this paper, we
run simulations in Qualnet [26], a commercia network simulator.
More specifically, given a neighborhood layout, the placement al-
gorithms determine the ITAP locations and the set of paths each
house uses to reach the ITAPs. We use the same neighborhood
layout and ITAP locations in the simulations. Every node in the
simulation uses an omni-directional antenna and 802.11b MAC,
with the communication range and interference range being 195
meters and 376 meters, respectively. Every house sends CBR traf-
fic to the ITAPs at the rate specified by the placement algorithms’
output. To support multi-path routing, we implemented proba-
bilistic source-routing in Qualnet, where the paths used in source
routing and the probability that each path is chosen are based on
the placement algorithms' output.

As shown in Figure 4, the ITAPs, determined using the smooth
degradation model, satisfy the user demands to a great extent:
around 80% houses have their demands completely satisfied when
houses are randomly placed in 1000*1000 2, and all houses
receivetheir demandswhen houses are randomly placed in 1500 *
1500m2. Thebetter performancein thelatter scenario comesfrom
thefact that thelarger separation among houseslowersinterference
among cross traffic. Note that even for the former case, we can
further improve the clients' throughput by over-provisioning. As
shown in the same figure, with over-provisioning (assuming that
each user’s demand is 500 Kbps when the actual demand is 208
Kbps), most of the clients' demands are satisfied.
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Figure4: Validation of general link models: CDF of clients' through-
put, where N = 50, WC = 5Mbps, and w;, = 208Kbps Vh € H.

Since ideal link and bounded hop-count models are more opti-
mistic about the impact of interference, they are more suitable for
the environmentswith efficient spectral use (e.g., when directional
antennas and/or multiple radios are used). As part of our future
work, we plan to evaluate how well these two models capture the
impact of wireless interference under such environments.

6. PERFORMANCE EVALUATION

In this section, we evaluate the performance of different place-
ment algorithms using various network topologies, house de-
mands, and link models.

6.1 Performance Under theldeal Link Model

First, we look at the performance under the ideal link model
under various scenarios. We use the following notations in our
discussion.

e N: the number of houses

e WC: awirelesslink’s capacity
e IC: anITAP's capacity

e C'R: communication radius



e HR: average inter-house distance
e w;,: house h’s demand

We comparethe performance of different algorithmsby varying
each of the above parameters. In our evaluation, we use both ran-
dom topologies and a real neighborhood topology. The random
topologies are generated by randomly placing houses in a region
of size N = N, and varying the communication radius. The real
neighborhood topology contains 105 houses, spanning over are-
gion of 1106m*1130m. (We cannot reveal the source of the data
for confidentiality.) The average inter-house distance in the red
topology is 74 meters. (We determine the inter-house distance by
averaging the distance between a house and its immediate neigh-
bors.) Unless otherwise specified, for the same parameter setting,
we run simulations three times, and report the average number of
ITAPs required for each placement al gorithm.

Effects of the communication radius. We start by examining the
effect of communicationradius (C R) on the placement algorithms.
It is easy to see from the problem formulation that only the ratio,
£R isimportant. Thereforein our evaluation, wevary thecommu-
nication radius from 1 to 50, while fixing the inter-house distance
by randomly placing 100 houses in an area of 100* 100, which
yields an average inter-house distance of 4.5 - 6.

Figure 5 illustrates the number of ITAPs required on varying
CR. We make the following observations. First, we see that an
increasein C' R resultsin agreater overlap of wireless coverage of
the houses, and therefore fewer ITAPs are sufficient to satisfy the
house demands. Second, comparing the performance across dif-
ferent algorithms, we observe that the greedy algorithm performs
very close to the lower bound over all cases. Interestingly, the
augmenting algorithm performs quite well, too. The good perfor-
mance of the augmenting algorithm comes from the requirement
that new ITAPs should lead to throughput improvement, which
avoids wasting resource on the already covered region. Thisis
especially useful after several ITAPs have been placed, since at
this point only afew locations remain that can further increase the
satisfied demands.

In contrast, the clustering and random-house placement schemes
perform much worse. Compared to the greedy strategy, both
schemes often require 2 to 10 times as many ITAPs. Note that
when the communication radiusis very large, the clustering algo-
rithmyieldsworse performance than the random-house placement.
Thisis because in the clustering algorithm data dissemination fol -
lowsashortest path tree, instead of maximizing thetotal amount of
flow that can be pushed to the ITAPs. In comparison, the other al-
gorithms, including the random-house placement, run the network
algorithm to maximize the total satisfied demands.
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Figure 5: Ideal link model: varying communication radius, where
N =100, WC =6,IC =100,and w, =1Vh € H.

Effects of network size: Next we study the impact of network
size on the placement algorithms. We randomly place N houses

inan N = N area while fixing the communication radius to 10.
Figure 6 shows the number of required ITAPs using the different
placement algorithms for various network sizes. As we would
expect, an increase in the number of houses leads to a larger
number of ITAPs required to cover the neighborhood. Moreover,
the greedy algorithm continues to perform very well, with its
curve mostly overlapping with the lower bound. The augmenting
algorithm performs dlightly worse, whereas the clustering and
random algorithms perform much worse — requiring up to 5 and
8 times as many ITAPs, respectively. In addition, the benefit of
greedy algorithm increases as the network gets larger.
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Figure6: Ideal link model: varying thenumber of nodes, whereC R=
10, WC =6, IC =100,and w,, = 1Vh € H.

Effects of wireless link capacity: We also study the effects of
wireless bandwidth on the placement algorithms. As shown in
Figure7, therelativeranking of thealgorithmsstaysthesame. The
effect of bandwidth is only pronounced when it is very limited.
For example, when the wireless bandwidth is equal to a single
house’'s demand, the number of ITAPs required is considerably
large. As the bandwidth increases and the wireless link is no
longer the bottleneck, the number of required ITAPs remains the
same with afurther increase in the wireless link capacity.
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Figure 7: ldeal link model: varying wireless link capacity, where
N =100,CR=10,1C =100,and wp, = 1Vh € H.

Effects of the ITAP capacity: We compare the placement algo-
rithms by varying the ITAP capacity. As Figure 8 shows, when
ITAP capacity is small and hence is a bottleneck, the number of
required I TAPs decreases proportionally with anincreasein ITAP
capacity. Asthe I TAP capacity is large enough and no longer the
bottleneck, the number of required ITAPs is unaffected by a fur-
ther increasein I TAP capacity. Moreover, therel ative performance
of different placement algorithms is consistent with the previous
scenarios.

Effects of heterogeneous house demands: So far we have con-
sidered homogeneous house demands (i.e., each house generates
one unit demand). A number of studies show that realistic user
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Figure 8: Ideal link model: varying I TAP capacity, where N = 100,
CR=10,WC =6,andwy, = 1Vh € H.

demandsarevery heterogeneous, and often exhibit Zipf-likedistri-
butions[5, 6]. Motivated by these findings, below we evaluate the
placement algorithmswhen house demandsfollow a Zipf distribu-
tion. Figure 9 summarizesour results. Asit shows, theresultsare
qualitatively the same as those of using the homogeneous house
demands. The greedy algorithm continuesto out-performthe oth-
ers significantly and yield nearly optimal solutions.
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Figure 9: Ideal link model: varying the number of nodes, where
CR = 10, WC = 6, IC = 100, and the house demands follow a
Zipf-distribution.

Real neighborhood topology: Finally we evaluate the placement
algorithmsusing areal neighborhood topology of 105 houses. We
again use Zipf-distributed house demands. Asshownin Figure 10,
initially when the communication range is too small, most houses
are unreachable from other houses, and therefore al the algo-
rithms require close to 105 ITAPs. As the communication range
increases, fewer ITAPs are needed to cover the neighborhood. At
the extreme, when the communication range reaches 250 meters,
the neighborhood forms a single connected component, and there-
foremost algorithmsrequire only one ITAP. (Notethat thisisonly
true for the ideal model. As shown in the next section, when
considering wireless interference, we often needs more ITAPs
even for a single connected component.) Moreover, the greedy
algorithm performs close to optimal over all communication radii
considered.

6.2 Performance Under the General Link Models

In this section, we eval uate the performance of placement algo-
rithms under two general link models, namely bounded hop-count
and smooth throughput degradation models.

6.2.1 Bounded Hop-count Model
We compare the placement algorithms for bounded-hop count
model by varying the hop-count threshold, communication radius,
and neighborhood topol ogy.
Effects of hop-count threshold: First we compare the placement
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Figure 10: Ideal link modél: results of a real neighborhood topology
with various communication radii, where N = 105, WC =6, IC =
100, and the house demands follow a Zipf distribution.

algorithms by varying the hop-count threshold. As shown in
Figure 11, when the hop-count threshold increases, the effect of
hop-count reduces, since al or most paths are within hop-count
limit. Comparing the different placement algorithms, we see that
the greedy placement performs very close to the lower bound,
especialy for large hop-count thresholds. When the hop-count
threshold is small, the gap between the lower bound and greedy
algorithmisdlightly larger, since the lower bound ignoresthrough-
put degradation with the hop-count, and is not astight. Compared
to the greedy algorithm, the augmenting algorithm requires 50%
more I TAPs; the clustering algorithm in [3], requires 2 - 3 times
as many | TAPs; and the random algorithm requires 4 to 8 times as
many ITAPs.
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Figure 11: Bounded hop-count model: varying the hop-count thresh-
old, where N = 100, CR = 10, WC = 6, IC = 100, and wp, = 1
Vh € H.

Effects of communication radius: Next we fix the hop-count
threshold to 3, and vary the communication radius. As Figure 12
shows, anincreasein communication radiusreducesthe number of
ITAPs required to cover the neighborhood. Moreover the greedy
continues to perform significantly better than the alternatives. We
observe similar results for other hop-count thresholds.

Real neighborhood topology: We also evaluate the placement
algorithms using the real neighborhood topology. As shown in
Figure 13, the results are qualitatively the same as the random
topologies. Thegreedy agorithm performsvery closeto thelower
bound for all the communication radii considered.

6.2.2 Smooth Throughput Degradation Model

Next we empirically study the placement algorithms for the
smooth throughput degradation model.

Effectsof communication radius: Figure 14 comparesthe perfor-
mance of different placement algorithms for the smooth through-
put degradation link model on varying the communication radius.
As we can see, the number of required ITAPs decreases as the
communication radiusincreases. The gap between different algo-
rithms' performanceis the largest when the communication radius
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Figure 12: Bounded hop-count model: varying the communication
radius, where N = 100. WC = 6. IC = 100. hop-count threshold =
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Figure13: Bounded hop-count model: resultsof areal neighborhood
topology for various communication radii, where N = 105, WC =
6, IC = 100, hop-count threshold = 3, and the house demands follow
a Zipf distribution.

is between 5 and 20 (The average inter-house is around 5.). This
occurs because when the radiusis very small, most houses are dis-
connected from one another, and therefore the number of ITAPs
required is close to the number of houses regardless of placement
algorithms; when the radius is very large, most houses are reach-
able from one another within one or few hops, and the number of
ITAPs required becomes close to 1. In comparison, for medium
communication radius, which is the most likely scenario in prac-
tice, the gap between the different algorithmsis most significant.
This is especially so when we compare the random placement
with the other two. Notethat thelower bound, whichisderived by
ignoring the impact of hop-count on throughput, is more loose for
this scenario. Nevertheless the greedy is still competitive when
compared with these loose lower bounds.
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Figure14: Smooth throughput degradation model: varying the com-
munication radius, where N = 100, WC = 6, IC = 100, and
wp, =1Vh € H.

Real neighborhood topology: Figure 15 shows the results from
the real neighborhood topology. Aswe can see, the greedy place-

ment continues to perform well, yielding close to optimal perfor-
mance.
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Figure 15: Smooth throughput degradation model: results of a real
neighbor hood topology for various communication radii, where N =
105, WC = 6, IC = 100, and the house demands follow a Zipf
distribution.

7. PRACTICAL CONSIDERATIONS

We now enhance our algorithmsto take into account two impor-
tant requirements: providing fault tolerance and handling work-
load variation.

7.1 Providing Fault Tolerance

A practical solution to the ITAP placement problem should en-
sure Internet connectivity to all the houses in the neighborhood,
even in the presence of a few ITAP and house failures. In this
section we present an enhancement to our problem by incorpo-
rating this fault tolerance constraint. Fault tolerance is achieved
by providing multiple independent paths from a house to ITAPS?,
and over-provisioning the delivery paths. Over-provisioning is a
scheme that allocates more flow to a house than its demand, and
therefore helps in providing QoS guarantees even when there are
afew failures.

7.1.1 ProblemFormulation

Here we formulate the placement problem with the fault toler-
ance constraint. Let each house have one unit of demand, and d
independent paths to reach the ITAPs; the average failure proba-
bility of a path be p; and the over-provisioning factor be £ (i.e,
each independent path allocates £ capacity to a house, and the
total capacity allocated to a housedby d independent pathsis f).

Since for every house, there are d independent paths from this
house to ITAPs and the probability of failure of each pathisp, the
probability that exactly i of thesepathsfail is (¢)p’ (1—p)*~*. Inthis
case, the amount of traffic that can be delivered is min( =21 1).
Therefore, the expected fraction of the traffic from a house that
canreach an ITAPR, S(f,p,d), is given by the following formula.

d

strn) =Y (1) a-p w20 )

=0

Giventhe expected guarantee desired by thehomeusers, S(f, p, d),
we can use the above expression to derive the overprovisionfactor,
f, based on path failure probability and the number of independent
paths. We now providefault tolerant LP formulationsfor theideal
and general link models.

Ideal Link Model with the Fault Tolerance Constraint : Figure 16
provides an LP formulation of the fault tolerant problem for the

1These can be different I TAPs since the ultimate goal isto provide Inter-
net connectivity irrespective of which ITAPis used.



ideal case, i.e. when throughput isindependent of the path length.
For each edge e and each house £, the variable z . ;, indicates the
amount of flow from h to ITAPsthat isrouted throughe. Also, for
each ITAP i, the variable y; denotes the number of ITAPs opened
in equivalence classi. The aboveinteger LP is similar to the one
in Section 4.1.1. The differences are asfollows: (i) the constraint
< wy, added to the first inequality, (ii) a change in the second
constraint from wy, to wyd in the amount of flow originating from
each house, and (jii) a multiplicative factor of £ on the left-hand
side of the capacity constraints (since the amount of capacity each
path allocates to each houseis £). The first modification ensures
that the flow from each house is served by independent paths; (ii)
and (iii) are for the over-provisioning purpose.
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Figure 16: LP formulation for the ideal link model with fault toler-
ance congtraints, whered isthe number of independent paths, and f
isthe over-provision factor.

General Link Modelswith the Fault Tolerance Constraint : Now
we look at the problem where the throughput of a connection is
a function of the number of hopsit traverses. The integer LP in
Figure 17 is similar to the one introduced in Section 4.2.1, with a
few maodifications similar to the ones described above.

The problem without fault tolerance constraintsis just a special
case of theonewith these constraintswhend = 1 and f = 1. Since
the former was proved NP-hard in Sections 4.1 and 4.2, the | atter
problem is also NP-hard.

THEOREM 6. It is NP-hard to find a minimum number of ITAPS re-
quired to cover a neighborhood while providing fault tolerance.

7.1.2 Placement Algorithms

We present the greedy, augmenting and random placement al-
gorithms for this problem. The high-level ideas behind these
algorithms are the same as before: I TAPs are opened iteratively
until all the user demandsare satisfied. Thedifferencebetweenthe
algorithmsisinthecriterion used to pick an ITAPin eachiteration.
For the greedy algorithm, it is the I TAP that |eads to the maximum
increasein the supported demands; in the augmenting algorithm, it
isthefirst ITAPthat leadsto anincreasein the supported demands;
and it is arandom housein the random placement.

The aboveal gorithmsdiffer from the ones presented in previous
sections in how they compute the total demands supported by a
given set of ITAPs. For the idea case, we compute the satisfied
demands by slightly modifying the LP in Figure 16, and solving
the resulting LP. The objective function is changed to be maxi-
mizing 3, (3-._, ) Te.h = Doy 4) Te.n), Which correspondsto
maximizing the supported demands. Thevariablesy; arereplaced
by the number of occurrencesof i in I’. Furthermore, the second
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Figure 17: LP formulation for the general link model with the fault
tolerance constraints.

constraint ischanged to >°__ , @ — 30 _(, ) Ter < wrd iN
order to limit the maximum flow from a node. For the genera
link model, we compute the satisfied demands by applying similar
modificationsto the LP in Figure 17.

We also compare the above algorithms to the lower bound, de-
rived by relaxing the integrality constraint and solving the relaxed
linear program.

7.1.3 Performance Evaluation

We now evaluate the performance of our placement algorithms
under fault tolerance constraints. Both experiments are for the
ideal link model.

Effects of the number of independent paths: Figure 18 compares
the placement algorithms on varying the number of independent
paths, d. We see that for al agorithms the number of ITAPs
required increases linearly with the number of independent paths.
Moreover, the results of the greedy algorithm are very closeto the
lower bound, and significantly better than the other two.
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Figure 18: Ideal link model: varying the number of independent
paths d, where N = 50, CR = 7, WC = 6, IC = 100, f = 2,
andw, =1Vh € H.

Effects of the over-provisioning factor: Figure 19 shows the per-
formance of placement algorithms for various over-provisioning



factors, f. As we can see, the relative performance of the algo-
rithms is the same as before, and the required number of ITAPs
using the greedy algorithm is very close to the lower bound.
Moreover, the number of ITAPsis mostly unaffected by the over-
provisionfactor. Thisoccursbecauseincreasingtheover-provision
factor is equivalent to fixing the house demand while reducing the
wireless capacity. Aslong as the reduced wireless capacity is still
not a bottleneck, then the number of required ITAPsis unaffected,
as also shown in Section 6.1.
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Figure 19: Ideal link moddl: varying the over-provision factor f,
where N = 50,CR =7,WC =6, IC =100,d = 2,and wy, =1
Vh € H.

7.2 Handle Workload Variation

So far we have considered placing ITAPs based on static user
demands. In practice, user demands change over time, and often
exhibit diurnal patterns 6, 20, 27]. Sinceit is not easy to change
ITAP locations once they are deployed, we would like to place
ITAPs such that they can handle demands over al periods. In
this section, we describe and evaluate two approaches to handle
variableworkloads. While our discussion focuseson the non fault-
tolerant version of the placement problems, the ideas carry over
easily to the fault-tolerant version as well.

One approach to take into account workload changeis to provi-
sion I TAPs based on the peak workload. That is, if w[h][¢] denotes
thedemand of house’, at timet, we use max w[h][t] asthedemand
for house h, and feed this as an input to the placement algorithms
described in the previous sections. We call this approach peak load
based placement. This algorithm is simple, but may sometimes be
wasteful, e.g., when different houses' demands pesk at different
times.

To improve efficiency without sacrificing user performance, be-
low we explore how to optimize I TAP locations for demands over
multiple time intervals.

More formally, the problem can be stated as follows. Each
house 1 has demand w[h][¢] at time ¢t. Our goal is to place a set
of ITAPs such that at any time ¢, they can serve all the demands
generated at ¢, i.e., w[h][t] for al h’s.

Below we describe a greedy heuristic with alogarithmic worst-
caseboundfor theideal link model. The sameideaappliesto other
link models. The high-level ideais to iteratively place the ITAP
such that together with the already opened ITAPs it maximizes
the total demands served. Unlikein the previous section, here the
total demandsincludedemandsover multipletimeintervals. More
specifically, we place an ITAP such that it maximizes ) ., . SDx,
where SD, is the total satisfied demands at time ¢. This can be
computed by changing the greedy algorithm of Section 4.1.2 as
follows. Inevery iteration, for every j € Z andt € T, we construct
the graph G’ as in the algorithm of Section 4.1.2 based on the
demands at time period . Then we compute the maximum flow
fie in this graph. After these computations, we pick the ITAP
j that maximizes " f;:, and open it. We cal this algorithm
multiple-demand- based’ greedy placement (M-greedy, for short).
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the following theorem, we prove a worst-case bound on the M-
greedy’s performancein theideal link model.

THEOREM 7. Consider the ITAP placement problemin theideal link
model with integral demands and capacities, and let D; be the total de-
mand in period ¢. The approximation factor of the M-greedy algorithm
for this problem is at most In(3 ~, D¢). In other words, if the optimal
algorithm requires K ITAPs to serve demands over L time periods, then
the M-greedy requires at most K In(3 -, D;) ITAPs.

Refer to [24] for the proof. Based on the above theorem, we
have the following corollary.

COROLLARY 8. Let L denote the total number of periods, and IV de-
note the number of houses. The approximation factor of the M-greedy in
theideal link model isln(LNN), when the capacities of edges and vertices
are integer-valued and every house has either zero or one unit of demand
at any timet.

Thisiseasy toseebecause ), D; < LN.

For the peak |oad based pl acement agorithm, the approximation
factor can be upper bounded as follows. The cost of the optimal
solution based on the peak load is at most the sum of the costs
of the optimal solutions in each time period (because by simply
taking the union of the solutionsfor each time period, we obtain a
solution for the peak loads). Therefore, the approximation factor
of the greedy placement using the peak load is at most a factor of

(InDy). When D, = Dy, foral t’s, itscostisat most L In(D;y,).
Thisis roughly L times the approximation factor of the M-greedy
algorithm proved above.

7.2.1 Performance Evaluation

In addition to the worst-case analysis, we evaluate the effec-
tiveness of the placement algorithms empirically as follows. We
randomly select a fraction of houses to be active at daytime, and
the remaining fraction to be active at nighttime. The demands
distributed among the active houses follow a Zipf-distribution.
Figure 20 shows the number of ITAPs required by the M-greedy
and peak-greedy algorithms. For reference, we aso include the
curves of greedy-morning and greedy-evening, which represent
the number of I TAPs required to satisfy only the morning work-
load (numIT AP,,) or only the evening workload (numIT AP.)
but not both. It Is easy to see that the number of ITAPs re-
quired to satisfy both workloads should usualy be no less than
maz(numIT AP,,, numIT AP.). (It may sometimesbeless, since
the greedy algorithm does not guarantee to find the smallest num-
ber of ITAPsto cover the neighborhood.)

Asshown in Figure 20, the results from the peak-greedy and M-
greedy are both close to maz(numIT AP,,,numIT AP.). Thatis,
both schemes do not incur significant increasein resource usagein
order to satisfy multiple demands. Second, compared to the peak-
greedy, the M-greedy reduces the number of ITAPs by up to 20%.
We observe similar results when the demands from active houses
are homogeneous. These results suggest that M-greedy handles
variable demands quite well, satisfying demands over multiple
periods with only amarginal increase in the number of ITAPs.

8. CONCLUSIONS

Inthis paper welook at the problem of efficient I TAP placement
to provide Internet connectivity in multi-hop wireless networks.
Therearearange of emerging applications, such aswirelessneigh-
borhood networks and sensor networks, which can benefit from
our work. Table 1 summarizes our key results. Asit shows, we
make three major contributionsin this paper.

First, we formulate the ITAP placement problem under various
wireless models, and design algorithms for each model.

Second, we address several practical issues when using these
algorithms. In particular, we extend the placement agorithms to
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Figure 20: Ideal model: the performance under a diurnal demand
pattern, where N = 100, CR = 10, WC = 6, IC = 100, demands
from active houses follow a Zipf distribution.

Ideal link Bounded hop Smooth degrada-
count tion
Throughput Thruput = 1 Thruput = 1 thruput = %
for hop < k and
0 otherwise
Approximated sce- | Directional antennas with efficient spectral use | omni  directional
narios antenna
Greedy alg. Greedyldeal [ GreedyBounded GreedySmooth
Alternative alg. Augment, clustering, random, lower bounds of al versions

Provide fault toler-
ance

Using L P to determine the amount of demands satisfied with agiven
set of ITAPs

Handle  workload

Modify the greedy alg. to maximize Zt r S D, in each itera-
variation <

tion, where S D; isthetotal satisfied demand at time ¢

Table 1: Summary of the algorithmsintroduced in this paper

providefault toleranceand to handlevariable user demands. These
two enhancementsimprove robustness of our placement schemes
in face of failures and demand changes.

Third, we demonstrate the efficiency of our placement algo-
rithms using analysis and simulations, and show that the greedy
algorithms give close to optimal solutions over a variety of sce-
narios we have considered.

To our knowledge this is the first paper that looks at the ITAP
placement problem for general MAC schemes.

There are a number of avenues for future work. First, it is
interesting to study placement algorithms under other wireless
models (e.g., conflict-graph based interference model [16]). In
addition, we are interested in exploring incremental versions of
the placement algorithms that handle growing user subscriptions.
Ideally wewould like ITAPs to be placed not only to optimize for
the current user subscriptions, but also to optimize for future user
subscriptions. Wethink that the approach based on simultaneously
optimizing ITAP placement for multiple scenarios, as used for
dealing with variable workload, could be useful for developing
incremental algorithms.
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