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Abstract Traffic routing plays a critical role in determining the pmrhance of a
wireless mesh network. Recent research results usuallyntal two ends of the
spectrum. On one end are the heuristic routing algorithrhg;tware highly adap-
tive to the dynamic environments of wireless networks yei ke analytical prop-
erties of how well the network performs globally. On the atead are the opti-
mal routing algorithms that are derived from the optimiaatproblem formulation
of mesh network routing. They can usually claim analyticaiperties such as re-
source utilization optimality and throughput fairness.wdweer, traffic demand is
usually implicitly assumed as static and known a priori iest problem formu-
lations. In contrast, recent studies of wireless netwaakds show that the traffic
demand, even being aggregated at access points, is highéyrdg and hard to es-
timate. Thus, in order to apply the optimization-basedirmusolution in practice,
one must take into account the dynamic and uncertain nafweeless traffic de-
mand. There are two basic approaches to address the tradfictaimty in optimal
mesh network routing: (1) predictive routing which infehe ttraffic demand with
maximum possibility based in its history and optimizes thating strategy based on
the predicted traffic demand and (2) oblivious routing wiiohsiders all the pos-
sible traffic demands and selects the routing strategy wthere/orst-case network
performance could be optimized. This chapter provides amview of the optimal
routing strategies for wireless mesh networks with a foguthe above two strate-
gies that explicitly consider the traffic uncertainty. Is@lidentifies the key factors
that affect the performance of each routing strategy andigees guidelines towards
the strategy selection in mesh network routing under uagettaffic demands.
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1 Introduction

Wireless mesh networkg g, [5, 4]) which now offer a rapid and inexpensive so-
lution to last-mile broadband Internet access, are aitrg@ver greater attention
and widespread deployment. A wireless mesh network is ceetpof local access
points and wireless mesh routers which form an organic bamélstructure which
forwards traffic between mobile clients and the Internet.

Traffic routing plays a critical role in determining the pmrhance of a wire-
less mesh network. Thus it has attracted extensive recseameh. The key chal-
lenges come from the scarce wireless channel resourcediiigimic link quality,
and the uncertain traffic demands. The proposed approaduesss these chal-
lenges in different ways. On one end of the spectrum are thadtie algorithms
(e.g,[11, 8, 17, 13]). Although many of them are adaptive to theadyic environ-
ments of wireless networks, these algorithms lack the gicalyproperties of how
well the network performs globallye(g, whether the scarce channel resource is
shared in an optimal and fair fashion). On the other end obfieetrum, there are
theoretical studies that formulate mesh network routingg@smization problems
(e.g, [6, 18]). The routing algorithms derived from these op#iation formulations
can usually claim analytical properties such as resouiiigaiton optimality and
throughput fairness. In these optimization frameworkaffit demand is usually
implicitly assumed as static and knowrpriori. Recent studies of wireless network
traces [16], however, show that the traffic demand, evergbajgregated at access
points, is highly dynamic and hard to estimate. Such obsenshave significantly
challenged the practicability of the existing optimizatibased routing solutions in
wireless mesh networks.

There are two basic approaches to address the traffic umtgitaoptimal mesh
network routing:

e Predictive routing [10, 9] which infers the traffic demand with maximum prob-
ability based in its history and optimizes the routing sggtbased on the pre-
dicted traffic demand. Underlying predictive routing is #ssumption that past
behavior is a good indicator of the future.

e Oblivious routing [20] which makes no assumption on traffic demand and con-
siders all the possible traffic demands and selects thengetrategy where the
worst-case network performance is optimized.

This chapter provides an overview of optimal routing altoris for wireless
mesh networks: optimal routing under fixed demand, pregictuting, and obliv-
ious routing. It focuses on the latter two routing strategiad show how they ex-
plicitly consider the traffic uncertainty in their problemriulation and algorithm
design. In this chapter, we also identify the key factors éfffect the performance of
each routing strategy and provide guidelines towards tiaesty selection in mesh
network routing under uncertain traffic demands.

The remainder of this chapter is organized as follows. Sewre8ents the net-
work and system model. Sec. 4 reviews the background kngsled., the optimal
routing algorithm under fixed demand. Sec. 5 presents thiiqingee mesh network
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routing strategy. Sec. 6 presents the oblivious mesh nktvouting formulation
and algorithm. Sec. 7 evaluates and compares the perfoeudiifferent routing
strategies. Sec. 8 and Sec. 9 provide thoughts for praetitioand the directions for
future research. Finally, Sec. 10 concludes the chapter.

2 Terminology and Definitions

Some of the most important terms in this chapter are definkvbe

Transmission Range The upper limit of the distance between two routers such
that messages are intelligible between them.

Interference Range The upper limit of the distance between two routers such
that their messages collide when sent on the same channlet aaime time. The
interference range is always at least as large as the trassioin range.

Wireless Mesh Network A set of interconnected nodes which aggregate and
route traffic to and from end users and the Internet. A WMN fsrofwo-tiered,
consisting of a backbone with hard links to the Internet andesh of routers that
extend the reach of the network. WMNs can be used to extetabthaile of Inter-
net access in rural areas or provide a cost-effective sotuin urban areas.

Interference Set The Interference Set of an edges the set of other edges
which it interferes with. One or both of the endpoints for dgein the interference
set ofe is within the interference range of one@$ endpoints.

Channel A section of the radio spectrum that a router can be configticed
broadcast on.

Radio A component of a wireless router which can broadcast on oaarmhl.
Routers often have several radios.

Routing A full set of pathways in a graph which specify the exact ®ig
which all traffic flows between any two nodes.

Wireless Routing A routing in a wireless network, which includes additional
information to accommodate channels. Such information imelyde channel as-
signments and scheduling

Oblivious Routing A routing system that takes no account of the actual de-
mands on a network. Note that such a routing is static evereasmdd changes over
time.
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Predictive Routing A routing system that attempts to extrapolate future rout-
ing demands and plan the network flows accordingly. This @fopm well, if the
traffic is regular in which case it approaches the optimaltiog, or it can perform
poorly if subsequent demands are near the worst-case faothtang chosen by the
algorithm.

3 Model

3.1 Network and Interference Model
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Fig. 1 lllustration of Wireless Mesh Network

In a multi-hop wireless mesh network, local access poingsegate and forward
traffic for the mobile clients which are associated with th@mhey communicate
with each other and with the stationary wireless routertmfa multi-hopback-
bonenetwork, which forwards the user traffic to the Internet gatgs. Fig. 1 shows
an example of wireless mesh network. We use W to denote the set of gateways
in the network and € S to denote the set of local access points that generate traf-
fic in the network. Local access points, gateways and mesknoare collectively
called mesh nodes and denoted by the/set

In a wireless network, packet transmissions are subjeabdation-dependent
interference. Here we consider theotocol modelpresented in [12]. We assume
that all mesh nodes have the uniform transmission rangeteeiy 2. Usually
the interference range is larger than its transmissioneangjich is denoted as
R; = (1 4+ A)Rp, whereA > 0 is a constant. For simplicity, in this chapter we
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assume that each node is equipped with one radio interfamwperates on the
same wireless channel as others. Lt, v) be the distance between two nodes
andv (u,v € V). In the protocol model, packet transmission from ned®e v is
successful, if and only if (1) the distance between thesenodesr(u, v) satisfies
r(u,v) < Rp; (2) any other node: € V within the interference range of the
receiving nodey, i.e., r(x,v) < Ry, is not transmitting. If node can transmit to
v directly, they form an edge = (u,v). As an example shown in Fig.2, nodes
w, x, v are within the transmission range of nadghus they can transmit the node
u directly. At the same time, nodes v, x, b, ¢ are all within the interference range
of nodewu, which means the signal from nodecould be heard by any node of
w, v, x,b, c, and vice versa. Thus they must be silenced, if they are edhtended
sender, when is receiving a packet.

Fig. 3 Interference Set

We assume that the maximum data rate that can be transniittegl@n edge is
the same for all edges, and denote it éalso called the channel capacity). Liebe
the set of all edges. We say two edges’ interfere with each other, if they can not
transmit simultaneously based on the protocol model. Euxtle definénterference
setl(e) which contains the edges that interfere with edgmde itself. Fig. 3 is an
illustration of the interference set of edge, v). The circles are the interference
ranges of node andwv, and the union of these two circles is the interference range
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of edge(u, v). So the interference sétu, v) of edge(u, v) includes(u, v), (a,b),
(v,b), (v,a), (a,u), (x,u) and(x, y).
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Fig. 4 lllustration of Virtual Node

Finally, we introduce a virtual node™* to represent the Internet, as shown in
Fig. 4.w* is connected to each gateway with a virtual edge= (w*, w),w € W.
Further, letE” = E U {e*} andV’ = V U {w*}. For simplicity, we assume that
the link capacity in the Internet is much larger than the lese channel capacity,
and thus the bottleneck always appears in the wireless nmasfork. Under this
assumption, the virtual edges could be regarded as haviigited capacity, and
they do not interfere with any of the wireless transmissions

3.2 Traffic Model and Schedulability

This chapter studies the routing strategies for wirelesshrbackbonenetworks.
Thus it only considers the aggregated traffic between tha Becess points and the
Internet gateways. Here we call the aggregated traffic intra local access point
aflowand denote it ag € F', whereF' is the set of all aggregated flows. All flows
will take w* as their source (or destination). We denote the traffic deimafiow f
asdy and use vectod = (dy, f € F) to denote the demand vector consisting of all
flow demands.

Now we proceed to study the constraint of the flow ratesgl et (y(¢),e € E)
denote the edge rate vector, wheie) is the aggregated flow rate aloagEdge
rate vectony is said to be schedulable, if there exists a stable scheldaiehsures
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every packet transmission with a bounded delay. Essentib# constraint of the
flow rates is defined by the schedulable region of the edgeveatery.

The edge rate schedulability problem has been studied aralesxisting works,
which lead to different models [14, 15, 21]. In this chaptee adopt the model
in [15], which is also extended in [6] for multi-radio, mutthannel mesh network.
In particular, [15] presents a sufficient condition undeiichihan edge scheduling
algorithm is given to achieve stability with bounded and &ggproximation of an
ideal schedule. [6] presents a scheme that can adjusts thedides and scale the
flow rates to yield a feasible routing and channel assignnBarsted on these results,
we have the following claim as a sufficient condition for sdhi@bility.

Claim 1. (Sufficient Condition of Schedulabiljtyrhe edge rate vectoy is
schedulabléf the following condition is satisfied:

Ve € E, Z y(e') <c (1)

e'cl(e)

4 Background

This section provides the background of optimal mesh nétwauting, introduces
its problem formulations, and reviews its algorithm undeedi traffic demand.

The existing works on optimal multihop wireless networktiog [6, 18, 14] usu-
ally formulate it as a throughput optimization problem whimaximizes the flow
throughput, while satisfying the fairness constraintghia formulation, traffic de-
mand is fixed and reflected as the flow weight in the fairnesstcaints. Recall that
f € Fis the aggregated traffic flow between the local access paimghe virtual
gateway (.e., Internet) andl = (dy, f € F) is the demand vector consisting of all
flow demands. Consider the fairness constraint that, fdn #aw f, its throughput
being routed is in proportion to its demasigl The goal of throughput maximization
routing is to maximize\ (so calledscaling factoj where at leash - d; amount of
throughput can be routed for floy

To balance the traffic load, floyi could be routed over multiple paths, 1B
be the set of unicast paths that could route fivandz ;(P) be the rate of flowf
over pathP € P;. Obviously the aggregated flow rajealong edge: € E is given
by ye = > t.pep,wecp f(F), Which is the sum of the flow rates that are routed
through paths” passing edge. Based on the sufficient condition of schedulability
in Claim 1 (Eq.(1)), we have that

> Y, wz(P)<e (2)

e'€l. f:PeEPs&e’€P

To simplify the above equation, we defigkp = |I. N P| as the number of
wireless links pathP passes in the interference ggt The throughput optimization
routing with fairness constraint is then formulated as ti¥ing linear program-
ming (LP) problem:
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Pt : maximize\ 3)
subjectto » | x;(P) > \-dy,Vf € F (4)
PeP;y
> Y ap(P)Acp <c,Ve€E (5)
fEF PEPf
A>0,zf(P)>0,Vf e F,VP € Py (6)

In this problem, the optimization objective is to maximixesuch that at least
A - dy units of data can be routed for each aggregated ffowith demandd.
Inequality (4) enforces fairness by requiring that the camapive ratio of traffic
routed for different flows satisfies the comparative ratitheir demands. Inequality
(5) enforces the capacity constraint by requiring the taffjgregation of all flows
passing wireless link € E satisfy the sufficient condition of schedulability. This
problem formulation follows the classical maximum coneumirflow problem.

While the above throughput maximization routing problemmfalation is widely
used in designing optimal mesh network routing strategmekeuknown demands,
it is not suitable to study the routing performance underaaiyic and uncertain
traffic demand. Here we consider a formulation based on anatiuting perfor-
mance metric — networ&ongestior(or utilization). In the Internetlink utilization
is commonly used for traffic engineering [19], whose objexis to minimize the
utilization at the most congested link under given traffiméad. However, link uti-
lization can not be straightforwardly applied to multihopeless networks, such
as mesh backbone network, as a metric of routing performdueeo the location-
dependentinterference. In what follows, we definertbevork congestion based on
the utilization of the interference sas$ the routing performance metric and outline
the relation between the formulation of the throughputroptation problem and
the congestion minimization problem.

Let’,(P) be the rate of flowf on pathP under traffic demand;. It is obvious
that} pcp, @;(P) = dy. The traffic being routed within the interference get
isthen givenby . » Zpepf ' (P)Acp. Formally, thecongestiorof an interfer-
ence sef, is defined as itsitilization (i.e., the ratio between its load and the channel
capacity) and denote it &s:

- dper Zpepf 2 (P)Acp
c

0, (7)

Further, thenetwork congestiois defined as the maximum congestion among all
the interference setse.,

0= max 0. (8)

The network congestion minimization routing problem istfi@mulated as fol-
lows:
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Pc : minimize 6 9)
subjectto Y~ a(P) > dy,Vf € F (10)
PeP;y
SN W (P)Acp <c-0,Ye € E (11)
feF PEPf
0 >0,2(P)>0,¥f € F,YP € Py (12)

To reveal the relation betwed?tr andPc, we letd = % andx’f(p) — 2P
ProblemP¢ is then transformed to:

o1
Pe: minimize (13)
subjectto% > @p(P)=dsNfeF (14)
PePy
1
3 > > @(P)Acp <c-0,Vec E (15)
fEF PEPs
A>0,24(P)>0,Yf € F,YP e Py (16)

which is obviously equivalent to the throughput optimieatproblemP .

If the demand vectad is known, both probler?+ andP ¢ could be solved by a
LP-solver such as [2, 3]. To reduce the complexity for prattiise, the work of [10]
also presents a fully polynomial time approximation altfori for problemP,
which finds anc-approximate solution. The key to a fast approximation algm
lies on the dual of this problem, which is formulated as fao First we assign a
price i, to each sef, for e € E. The objective is to minimize the aggregated price
for all interference sets. As the constraint, Inequalitg)(fequires that the price
> ecr Acppie Of any pathP € Py for flow f must be at least, the price of flow
f. Further, Inequality (19) requires that the weighted flowey. s over its demand
dy must be at least 1.

Dr : minimize > "¢ e (17)
eel

subjectto®  Acppie > pg,Vf € F,VP € Py (18)
eck

> ugpdp =1 (19)
feEF

Based on the above dual problddar, the fast approximation algorithm is pre-
sented in Table 1. The properties of this algorithm are shasviollows.
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Mesh Network Routing Under Fixed Demand

1 Ve€FE, e B/c

2 a4(P)—0,YPEP;VfEF

3 WhilezeeEc~ue<l

4 for Vf € F do

5 d} — df

6 while 3= c g - pe <landd, > 0do
7 P — lowest priced path iP using .
8 § — min{d},mineep Aep}

9 d’f — d’f )

10 zf(P) —xp(P)+6

11 VeSt.Aep # 0, pte «— pe(l + €dAcp)
12 end while

13 end for

14 end for

Table 1 Routing Algorithm Under Fixed Demand

Property: If 8 = (|E|/(1 — €))~'/¢, then the final flow generated MR is at
least(1—3¢) times the optimal value &. The running time i©)( % [log | E| (2| F | log | F'|+
|E|) + logU)]) - Trnp, WhereU is the length of the longest path &, andZ,,, is

the running time to find the shortest path.

5 Predictive Mesh Network Routing

The predictive mesh network routing is based on a two-temiwork as shown in

Fig. 5, which integrates traffic modelling and routing optiation.

( traffic modeling ) e
model ) del
traffic estimation mode
——\ parameter
traffic network
demand performance
estimation feedback
network routing
C D) —!
network optimization

)

wireless
network
traces

~—

Fig. 5 Integrated Framework of Traffic Modelling and Network Optiation.

e Traffic modellingderives the traffic model of a wireless mesh network. The hode
should be dependable at characterizing the long term tdgficand, yet agile at
containing the uncertain traffic dynamics in the short tefhre traffic modelling
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component needs to produce traffic demand estimations atsitgpthe network
optimization component.

¢ Routing optimizatiomletermines the routing strategy which distributes théditraf
along different routes so that minimum congestion will beuimed even under
dynamic traffic. To achieve this goal, the routing optimiaatdecision should
effectively take into account the traffic demand estimatesults from the traffic
modelling component.

5.1 Traffic Prediction

First we study the dynamic behavior of aggregated traffice¢ss points. Our goal
is to (1) develop a reliable prediction method that is abledtimate the aggregated
traffic demand of an access point based on its historical daiz (2) develop a
statistical model to characterize the prediction errote predicted traffic demand
will serve as the input of predictive mesh network routingoaithms which will be
presented in the next section.

In order to develop such a traffic demand model, we study tme# collected
at the campus wireless LAN network of Dartmouth College inii8p2002 [1]. By
analyzing thesnmplog from each access point, we derive the dynamic behavior of
aggregated traffic demand. To illustrate our analysis ghoe we choose one of
the access points (ResBIdg97AP3) as an example. The tires sérits incoming
traffic is plotted in Fig. 6. From the figure, we can easily olisdhat (1) the traffic
demand is non-stationary over large time scales due to tliealiand weekly work-
ing cycles; (2) compared with the traffic behavior in the bamke Internet [19], the
traffic at an access point is significantly bursty due to tsaifficient level of multi-
plexing. The above observations are consistent with thénfysdn [16].

x
=
)
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i

Traffic (bypte/hour)
N

MWMRMMMM ot IM»J\JLMWA}

10 20 30 40 50 60 70
Time (#day since 03/24/2002)

o

o

Fig. 6 Incoming Traffic Time Series of ResBldg97AP3 (March 24, 112802 - June 9, 10pm,
2002).

The first step of our analysis is to identify and remove thé/daid weekly cyclic
patterns in the time series. This requires us to calculaeverekly/daily cyclic av-
erage. Formally, let us denat€t) as theraw traffic seriesWe estimate the moving
average of this series based on the same time of the same theywéekj.e.,
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Fig. 7 Traffic Series irb weeks
w
Z(t) =Y a(t—24x7xi)/W (20)
i=1

wherelV is the size of moving window. To eliminate the effect of buyrsaffic, we
also filter out the spike traffic during the above averagiragpdure. Fig. 7(a) plots
the raw traffic as well as its moving average with = 5. By removing the cyclic
effect from the raw data, we derive thdjusted traffic serieg(t) as follows.

y(t) = a(t) — &(t) (21)

The adjusted series of the one shown in Fig. 7(a) is given ¢n Hb). This
adjusted traffic exhibits short-term (a few hours) trafficretations. We model the
adjusted traffic series with an autoregressive procesdlas/.

y(t) = Bry(t — 1) + Bay(t — 2) + ... + Bry(t — K) + ¢ (22)

where K is the process order. To apply this model for prediction, atineate the
parameters of this process. GivAhobservationg, yo, ..., yn, the parameters;,
..., Bk are estimated via least squares by minimizing:

N

ST [yt = Buy(t —1)... = Bry(t — K))° (23)

t=K-+1

1 Ideally, y(¢) should have zero mean. In some cagés), has a small mean value which needs to
be removed before fitting an autoregressive process.
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Based on these parameters, we further derive the adjustfifid predictiong(¢) as
follows:

y(t) = Pry(t — 1) + Bay(t — 2) + ... + Bry(t — K) (24)

Fig. 8 illustrates the estimation results for the adjustatfit series in Fig. 7(b),
whereK = 2, 81 = 0.531, §2 = 0.469. The figure plots the predicted series for
the adjusted traffic as well as its raw data. In this figurentin@ber of observations
used for parameter estimation/is = 60. The fitted traffic series is also plotted for
the interval[720, 779] hour for the purpose of comparison.

We now consider the errors involved in this prediction psscén particular, we
define the adjusted traffic prediction error as follows.

ey(t) = y(t) — 9(t) (25)

Based on this definition, Fig. 9(a) plots the cumulativerdistion function of the
prediction error of the adjusted traffic series shown in Bigt is obvious that the
error distribution follows normal distribution with a mealose to zero.
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Fig. 8 Adjusted Traffic and Its Prediction

Finally, we define traffic predictiof as follows:

a(t) = [2(t) + 9] (26)

Fig. 10 plots the predicted traffic seri¢&) in comparison with the raw traffic.
We can see the predicted traffic closely matches the reglfraffic. The cumulative
distribution function of the prediction erreg(¢), which is defined as, (t) = x(t)—
Z(t), is plotted in Fig. 9(b). It clearly shows that this distrilmn also follows normal
distribution with a near-zero mean.

Thus we could consider the traffic demand at titveess a random variabl& (¢)
which follows normal distribution with meaii(¢) and the same variance as.
Fig. 11 shows an example distribution of the predicted trafémand of#976 hour.

To summarize, the presented prediction method providesptediction mod-
els: mean value and statistical distribution. These twifi¢crarediction models will
serve as the inputs for predictive routing algorithms wlaoh presented in the next
section.
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Fig. 11 Predicted Traffic Distribution

5.2 Predictive Routing Optimization

There are two predictive routing algorithms [9] — one takesmean value of the
predicted traffic demand as input, the other takes the stafislistribution of the
predicted traffic demand as input.

The mean-value predictive routing algorithm is a naturedgnation of the opti-
mal routing algorithm under fixed demand (Sec. 4), wherertféic demandi; at
time ¢ takes the mean value of the predicted traffic demafigl In what follows,
we will focus on the statistical-distribution predictiveuting.
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First we model the traffic demand of an aggregated ffow F' using a random
variableD ¢, which follows the following discrete probability distribion

Pr(Dy = dy) = qj (27)

whereD; = {d},d},...,d}'} is the set of of values fob; with non-zero proba-
bilities. Letd = (dy,dy € Dy, f € F) be a sample traffic demand vectd, be

the corresponding random variable, @ndbe the sample space. We further assume
that the demand from different access points are indepéifriem each other. Thus
the distribution ofD is given by the joint distribution of these random varialdss
follows.

Pr(D =d) = Pr(D; =d},f € F) = lerqs (28)

Let us consider a traffic routing solutidn s (P), P € Py, f € F) that satisfies
the capacity constraint (Inequality (5)). It is obvioustthas a function ofd:

— mind &

AM)—ﬁgﬂh} (29)
wherexzy = Zpepf x(P). Further let us consider the optimal routing solution
under demand vectat. Such a solution could be easily derived based on Algorithm
I shown in Table 1. We denote the optimal value\ods \*(d). We further define
theperformance ratiav of routing solution(z ¢ (P), P € Py, f € F') as follows:

@)
D= N

Obviously, the performance ratio is also a random variableu uncertain de-
mand. We denote it &3. {2 is a function of random variabl®. Now we extend the
wireless mesh network routing problem to handle such uvacedemand. Our goal
is to maximize the expected value @f which is given as follows.

A(d)
A (d)
We abbreviatePr(D = d) asp(d). It is obvious thaty_,_,, p(d) = 1. For-

mally, we formulate the throughput optimization routingplem for wireless mesh
backbone network under uncertain traffic demand as follows.

E(2) = Pr(D = d) x (30)
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R Ad)

Py: maX|m|zeZ p(d) N (d) (31)

deD
subject tovd € D, whered = (dy, f € F)

S ap(P) > \d) - dy,YVf € F (32)
PeP;y
Z Z zf(P)Aep < c¢,Ye€ E (33)
fEF PEPy
A>0,24(P) > 0,Yf € F,YP € P, (34)

Similar to problemP, the constraints oPy come from the fairness require-
ment and the wireless mesh network capacity. In particidaquality (32) enforces
fairness for all demand < D, and Inequality (33) enforces capacity constraint as
Inequality (5) in problenP .

Now we consider the dual probleldy of Py. Similar to D, the objective
of Dy is to minimize the aggregated price for all interferences.skfowever, in
Inequality (37), for each sample demand veetpthe aggregated price of all flows
weighted by their demand needs to be larger than its prababil

Dy : minimize Y "¢ pre (35)

ecE
subjectto» " Acppe > py,Vf € F,YP € Py (36)

ecE

d
S pdy > 29 ygep (37)
T A(d)
feF

whered = (dy, f € F)

Now we present an approximation algorithm 8y in Table 2. Note that since
the channel capacity will not affect the final result of the algorithm, we simply
omit it here. In the work of [9], we are able to prove the follag properties with
this algorithm.

Property: If 3 = (|E|/(1 — ¢€))~!/¢, then the final flow generated by the above
algorithm is at leastl — 3¢) times the optimal value dPy. The running time is
O(Llog |E|(2|D||Tfmr || F|log |F| + | E]) +log U)]) - Ty, wherelU is the length
of the longest path id, 7}, is the running time to find the shortest path, dng,
is the running time of the optimal routing algorithm undena€ demand.

6 Oblivious Mesh Network Routing

In contrast to the predictive routing which establishefiraodels based on time-
series analysis and optimizes towards the traffic demarttisméaximum possibility,
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Mesh Network Routing Under Uncertain Demand

1 Ve€E, pue—p

2 zy(P)—0,YPEP;VfEF

3  loop

4 for Vf € F do

5 P — lowest priced path irP; using .

6 f = Decr Acphe

7 end for

8 for vd € D do

9 pa = Ygpepnpdg D
rer LIt pia)

10 end for

11 “min — mindE’D it
12 d™in — argmingep p
13 if umin >1

14 return

15 forVf € Fdo

16 d} — d‘;ﬂ“

17 while dy >0 do

min

18 P — lowest priced path iPy using .

19 6 — min{d},mineep ﬁ}

20 d} — d} )

21 zf(P) —xp(P)+6 .
22 VeSt.Aep # 0, pte «— pe(l + €dAcp X %)
23 end while

24 end for

25 end loop

Table 2 Routing Algorithm Under Uncertain Demand

oblivious routing makes no assumptions on the traffic modher it considers
all traffic demand possibilities and optimizes towards thwstrcase scenario. To
formally study the oblivious routing strategy, we need afgrenance metric that
could characterize the worst-case congestion under aditpedraffic demand.

(1) Routing

First, let's examine the formal descriptionmiuting, which specifies how traffic
of each flow is distributed across the network. In the previtmrmulation P¢),
a routing is characterized through the traffic load distidoualong different paths
(i.e, z;(P)). This description of a routing depends on the traffic demafnelch
flow. When we have to consider all possible traffic demandsdbomes infeasible.
In fact, a routing strategy could be modeled independeritiyhe traffic demand,
which is the core of the oblivious routing problem formubati

Formally, we define aouting by the fraction of each flow that is routed along
each edge € E’. We useg;(e) to denote the fraction of demand of flofvthat
is routed on the edge € E’. Thus, a routing could be specified by the get=
{¢r(e),f € F,e € E'}. Recall that the demand of flow € F is denoted by
ds. Therefore, the amount of traffic demandjothat needs to be routed ovein
routing ¢, denoted b)y}(e), is given as follows:
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yi(e) =dy - ps(e) (38)
Thus thecongestior?,. of an interference sef(e) is given by

-y yUEo s yueld e

e'€l(e) fEF e’el(e) fEF

We further uséd(¢, d) = max.cg 0.(¢, d) to denote the network congestion
under a certain routing and traffic demand vectat.

(2) Oblivious Performance Ratio

Now we proceed to study the performance metric that couldacherize a
“good” routing solution under all possible traffic demandée start with theopti-
mal routing°?*(d) for a certain demand vectal, which would give the minimum
congestion under this demang,,

0°'(d) = min (@, d) (40)

Now we define thgerformance ratioy(¢, d) of a given routingg on a given
demand vectod as the ratio between the network congestion under the igtin
and the minimum congestion under the optimal routireg,

6. d) = Gt (@1)

Performance ratiey measures how fap is from being optimal on the demand
d. Now we extend the definition of performance ratio to handieautain traffic
demand. LetD be a set of traffic demand vectors. Then the performanceattio
routing ¢ on D is defined as the worst-case performance ratio for all desiand
D,i.e,

1, D) = maxy(¢.d) (42)

A routing ¢°P! is optimal for the traffic demand s@ if and only if
¢ = argmin (¢, D) (43)

which meansp°P* minimizes the performance ratio under the worst-case sce-
nario. When the seb includes all possible demand vectatswe refer to the per-
formance ratio as theblivious performance ratioThe oblivious performance ratio
is the worst performance ratio a routing obtains with respeall possible demand
vectors. To study the optimal routing strategy under udettraffic demand, we
are interested in theptimal oblivious routingoroblem which finds the routing that
minimizes theoblivious performance ratidNVe call this minimum value theptimal
oblivious performance ratio

It is worth noting that the performance ratipis invariant to scaling. Thus
to simplify the problem, we only consider traffic demand westD that satisfy
0°rt(d) = 1, instead of considering all possible traffic vectors. Is ttase,
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(¢, D) = max§(¢, d) (44)

Thus the goal of oblivious routing is given by

mdin 905{1(?1;(:1 0(¢,d) (45)

(3) Flow Conservation

Traffic into and out of a mesh node must be conserve dn a path represen-
tation of the routing is being usedc’g(P)), which implicitly formulates the flow
conservation. Here, since we useetige representatioof the routing ¢ (e)), the
flow conservation has to be explicitly formulated. In partar, for the node € V’
that only relays for flowf (i.e., neither source or destination), we have the following
relations:

VEEF, > yjle) - yi(e) =0 (46)
e=(u,v) e=(v,u)

if vis arelay off
If v is the source node of flow, then we have
VEEF, Y yile)— Y yile)=—ds (47)

e=(u,v) e=(v,u)

if v is the source node gf

Summarizing the above discussions, diivious mesh network routimgroblem
is formulated as follows.

Po: (48)
minimize ¢ (49)
, yy(e’)
subjectto » ) = <0, VecE (50)
e'el(e) fEF ¢
D oyie)= > yie)=0 (51)
e=(u,v) e=(v,u)
Vf e FYv e V', if vis arelay off
Yo oyple) = D yple) = —dy (52)
e=(u,v) e=(v,u)
Vf € F,Yv € V'if v is the source node gf
VfeFYeeE,yi(e)=ds-¢ple) >0 (53)

6 > 0,Vd with 6°7* (d) = 1 (54)
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Different from P¢, the oblivious mesh routing problefdo cannot be solved
directly, because it is taken over all demand vectors, @&#dd) is an embedded
maximization in the minimization problem.

Here we use a similar method as in [7], which provides a LP tdation of the
oblivious routing problem. The key insight is to look at theatiproblem of the slave
LPs of the original oblivious routing problem. So let’s fiestamine the following
slave problem which computes the slave demands for eacibfmsdge.

dy - ¢s(e)
max = (55)
feF
subject tog (e) is a routing (56)

In the dual formulation, we first introduce interference weightsm,.(e’) for
every pair of interference setse’. 7. (e’) corresponding to the fraction of the flow
on the interference séf that is routed over the interference $gt Eachr variable
can be thought of as a weighted multiplier in an LP dual foatiah. There are three
essential properties shownTmeorem 1 The proofs of these properties follow the
similar idea of [7], which is provided in our technical rej@0] due to the space
constraint.

Property: Weightsr.(e), e,e’ € E on aroutingp(e) with oblivious ratio< 6
have the following properties,

PLY ., c-m.(e)) <O, Veec E

P2V pathshy, ho, ...h;, and each flowf

dr(e) < c- Y F_, m(interference-set-af;))

P3V interference set&., I, m.(e') > 0

Because the interference must be minimized, each intederset of the path
is weighted according to how many other interference setliarpath it interferes
with. The number of such paths between any two nodes growsnexpially with
the size of the network. In order to retain polynomial soliighwe may encode the
shortest interference path requirement (in P2) in such athatywe only need as
many such variables and constraints as there are pairseofdrgnce sets. Thus we
introducep,(f) as the length of the shortest path flginaccording to interference
set weightsr.(e’) (for all ¢’ € E). This definition is equivalent to the following
form:

Ve e E\Vf € F,
ve' = (v,u), wherev is the destination of,
andu is the destination of flovy’

me(€') + pe(f) —pe(f) =0

Summarizing the above discussions, the dual problem isgigdollows:
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Do : (57)
minimize §
Ve, e € E: Zc-we(e’) <0
e

Ve e ENf € F: (58)
7 (e /e < pe(f)
e’el(e)
Ve € E\Vf € F, (59)

Ve' = (v,u), wherew is the destination of,
andu is the destination of flovy’

We(e/) +pe(f) _pez(fl) >0
Ve,e' € E,me(e') >0 (60)
Vee E.Nf € F :p(f)>0

In the dual problem, Eg. (58) can be explained by propertyfdperty P2 and
the shortest interference set paths account for Eq. (6@)fiaally property P3 ap-
pears at Eq. (60). The dual problem is a single polynomia-EP instance, which
can be solved with any LP solver. Our choice of LP solver lpasolve[3], an open
source Mixed Integer Linear Programming (MILP) solver.

7 Simulation Study

In this section, we simulate the predictive and obliviougtirng strategies over a
variety of mesh network setups. Our goal is to evaluate antpaoe their perfor-
mance and identify the key factors that impact the perfogaamwo other routing
strategies, namely oracle routing and shortest-pathrrgudire used as the baseline
strategies for comparison. We describe the routing stiegepat are evaluated in
the simulation study as follows.

e Oracle Routing (OR)In this strategy, the traffic demand is knowrpriori. It
runs every hour based on the up-to-date traffic demand anthesthe optimal
set of routes. As a result, no other routing strategies cgpeoiormOR and we
used it to provide a performance upper bound.

e Shortest-Path Routing (SPR)his strategy is agnostic of traffic demand, and re-
turns a fixed routing solution purely based on the shortesadce (number of
hops) from each mesh node to the gateway. Many mesh netwatikgdeuris-
tics resemble the shortest-path routing strategy. We atathis strategy to quan-
titatively contrast the advantage of routing strategiegctviexplicitly consider
traffic uncertainty.
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e Predictive Routing (PR)This strategy attempts to adjust to changing the traf-
fic demand. Future demand is estimated based on the histdaizaevery hour
based on the traffic prediction method presented in Sec. 5.

e Oblivious Routing (OBR)This strategy is oblivious to the traffic demands. It con-
siders all possible traffic demands that may be imposed onetveork and finds
a routing that optimizes the worst-case congestion usi@@ldporithm presented
in Sec. 6.

It is worth noting that theSPRand OBR will compute the traffic routes only
once and use them during the entire simulation time, wha&XR andPR need to
compute and update the routes every hour.

To realistically simulate the traffic demand at each LAP, wegby the traces
collected in the campus wireless LAN network. The netwaakés used in this work
are collected in Spring 2002 at Dartmouth College and pexVtdy CRAWDAD [1].
By analyzing thesnmplog trace at each access point, we are able to derivé 03-
hour incoming and outgoing traffic volume beginning 12:00AM&rch 25, 2002
EST. We select the access points from the Dartmouth cammesess LAN and
assign their traffic traces to the LAPs in our simulation. Thadfic assignment is
given in Table 3 in one of the random topologies as shown in g

1000

Y Position

IR
EAND A“;:
7Y

0 200 400
X Position

0

1000

Fig. 12 Mesh Network Topology

AP |31AP334AP555AP457AP262AP362AP482AP494AP194AP3 94AP
Node ID| 22 18 57 5 55 20 53 3 56 27

Table 3 Traffic Assignment from Trace File
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We experimentwith the above routing strategies along the tangg108, 1108],
a 1000-hour period excerpted from the traddote that all the simulation results
presented in this section u$@s as the zero point.

(I et
| n

200 400 600 800 1000 1200 1400 1600
Time (#hour since 03/31/2002, 11pm EST)

Fig. 13 Overview of All Strategies

We start by presenting the congestion achieved by all gfiegaluring the entire
1000-hour simulation period. As seen in Fig. 18R constantly achieves the mini-
mum worst-case congestion among others, due to its urtie@iégpability to know
the actual traffic demand. We note that the burstinesgsagiplies to all strategies
includingOR. This observation comes from the burstiness of the traffid o the
snmplog trace, which is caused by the insufficient level of traffialtiplexing at
wireless local access points.

2.8 T T T T 2.8
26

" PRIOR ' ——
26 SPRIOR
OBR/OR

24+ 1
22

8/80)

18
1.6 [

T R R R}

14 Hi
12

1 L L L L L L L L
620 640 660 680 700 720 0 20 40 60 80 100

Time (#hour since 03/31/2002, 11pm EST) Time Instance
Fig. 14 (a) Congestion Ratioég’—R) (b) Sorted View

To filter out the noise caused by traffic burstiness, in Figal4ve normalizé
achieved by other strategies by the same valu@RfSinceORalways achieves the
minimum# among others, this ratio will end up at least 1. Also we takiaezup
look during the hour rangg 90, 290]. Here,PR SPR andOBRachieve less than 2
times the optimal congestion in most cases. The above ddismnsg get clearer when
we sort out the normalized congestion ratio for the thresetiies in Fig. 14(b). It
is clear that botHiPR and OBRwhich integrate the traffic prediction with the opti-
mal routing outperform th8PRstrategy which is agnostic about the traffic demand.

2 Note that the beginning of the traf® 107] is used as training data, thus it is not included in the
simulation result.
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Further,PRachieves lower congestion th&@BRfor many time points due to more
comprehensive representation of the traffic demand estimatowever, in other
cases (less that0% of the time), the worst-case congestionRRRis substantially
higher tharOBR This problem can be mostly attributed to the fundamentaddn-
racy of traffic prediction which is highly sensitive to theffic’'s erratic behavior.

We also investigate the performanceRiR andOBRin a representative random
topologies with Internet gateways near the perimeter. Fooee complete picture,
we also investigate cases with 2 gateways and with 4 gateways of these topolo-
gies has a total of 64 nodes, including 10 access pointsviagdraffic from mobile
clients, the gateways, and the remaining nodes forwardaffict on behalf of the
Internet and the access points. The points are distributeahdom over a simula-
tion square 100& on the side, with an interference range of &b3or simplicity,
the transmission range is equal to the interference range.

In both the 4-gateway and the 2-gateway scenarios, wéPRJrOBRand SPR
using the demand data from the Dartmouth trace. Fig. 15 flletsongestion ratios
of PRoverSPRandOBRoverSPR In both picturesDBRandPR outperformSPR
in more tharb0% of the cases. During the time when they are inferioBRR the
worst-case ratio is bounded by 2. Also when we increase thebeuof gateways
from 2 to 4, both ratios decrease. ObviousS¥Rtakes advantage of this topology
change, due to the fact that more gateways will diversifyshertest paths from
access points to nearest gateways, and also shrink théa¢eoighe paths.
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8 Thoughts for Practitioners

To summarize this chapter, we provide some thoughts fotificaeers:

e Currently, most mesh network routing algorithms and prok®are heuristic-
based. Though adaptive to the dynamic environments of esisahetworks, they
lack the analytical properties of how well the network peris globally. Thus
they may lead to sub-optimal resource utilization or umiags in the network.
The optimal mesh routing algorithms that are derived frottinogation formu-
lations can usually claim analytical properties such asuese utilization opti-
mality and throughput fairness. However, they usually tetveng assumptions
on static and known traffic demand, which have been shown tmteslistic by
the studies of wireless network traces [16]. Thus there ritigal need to inves-
tigate the optimal mesh network routing strategies thatazamommodate traffic
uncertainty.

e Predictive routing and oblivious routing are two optimaliting strategies that
address the traffic uncertainty in mesh network routing.ifféhesigns, however,
are based on different principles. ({@edictive routingnfers the traffic demand
with maximum possibility based in its history and optimizbe routing strat-
egy based on the predicted traffic demand. Underlying ptigdicouting is the
assumption that past behavior is a good indicator of thedéuf@)oblivious rout-
ing, which makes no assumption on traffic demand and considerealossible
traffic demands. In particular, oblivious routing selebis touting strategy where
the worst-case network performance is optimized. For angimesh network, it
is important to know which routing strategy would provideadtbr performance.

e Through the simulation study, we find predictive routingfpens better un-
der consistent traffic demand compared to highly variabteatel. Furthermore,
oblivious routing, being a stateless routing, is unaffédig the traffic behav-
ior. The performance of both algorithms is sensitive to dednand topology,
suggesting that the optimal choice for deployment shoulddsed on local pa-
rameters.

9 Directions for Future Research

This chapter studies optimal routing strategies for wsglmesh networks with at-
tention to traffic demand uncertainty over time and provablaistness. Two ap-
proaches are reviewed and discussed in this chapter. Heoetlige several possi-
ble directions for future research.

e Traffic Modelling and EstimatiariThe predictive routing strategy is sensitive to
traffic dynamics and the prediction accuracy. To obtain adigrediction accu-
racy, the future research needs to develop appropriafectrabdels which can
be integrated with network optimization formulations. ey problem involved
is how to parameterize the traffic models in order to repreisestructure with
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small number of parameter values that can be estimated frereta. Based on
the traffic model, traffic estimation needs to develop rédiastimation methods
that determine the values of the parameters that providest@md high accurate
traffic estimate.

e To incorporate traffic uncertainty and dynamics, and iraegdifferent traffic
models, future research should explore the full spectrureséarch outlined
in Fig. 17 from two directions. One side of the spectrum staith the fixed-
demand network optimization, where the traffic demand iswknas a fixed
single-value scalar; then it extends to handle the scemaiiere the traffic de-
mand is represented using a random variable with statilis&ribution. The
other side of the spectrum starts with the oblivious optation problem where
the traffic demand is completely unknown, where it can be eefito handle the
cases where the range of the traffic demand is known.

B —

uncertain demand knowledge of no knowledge of demand

fixed demand - utical distribution) demand range _ (oblivious)

Fig. 17 Research Space for Route Optimization.

10 Conclusions

This chapter studies the optimal routing strategies foel@gs mesh networks. Dif-
ferent from existing works which implicitly assume traffiemand as static and
known a priori, this chapter considers the traffic demancttmamty. It presents two
approaches to address the traffic uncertainty in optimahmeswork routing: (1)
predictive routing which infers the traffic demand with nraxim possibility based
in its history and optimizes the routing strategy based enpitedicted traffic de-
mand and (2) oblivious routing which considers all the passtraffic demands
and selects the routing strategy where the worst-case riepgoformance could be
optimized. It also identifies the key factors that affectpleeformance of each rout-
ing strategy and provides guidelines towards the stratelgggon in mesh network
routing under uncertain traffic demands.

11 Exercises

Answers in italics

1. Explain the factors that must be taken into account wheroglang a Wireless
Mesh Network.
Many answers are possible, but common answers may include



Wireless Mesh Network Routing Under Uncertain Demands 27

e hardware choice, number of supported channels
e deployment locations, interference and reflective obstacl
e protocol choice and configuration

2. What is the intuition behind the differing strengths ofigbus and predictive
routing?

Predictive Routing performs best when traffic history pileg an accurate view
of future demands. If the traffic is perfectly predictabteyill converge on the

optimal routing. However, if it is not predictable, predia routing makes no al-
lowance for errors and can suffer severe worst case beha®yocontrast, obliv-

ious routing performs with bounded performance regardtdshe demands and
thus elasticity has no direct impact on its performance.

3. What affect does traffic aggregation at network endpdiat®e on the elasticity
of the demand?

Elasticity will be reduced because the sporadic and randanstb will tend to
cancel out. In fact, the variance in demand tends to the se/equare root of the
number of simultaneous clients.

4. Name some of the key factors that make traffic more prdoetdName some
that make it less predictable.

More predictable: Corporate access with regular hours An&ted Web Queries
Less predictable: Streaming video and large downloadshleatily tax network
connections alternating with ordinary web browsing or itigity.

5. Using Figure 12, how many neighbors would node 55 haveeiftthnsmission
range was 100m? Suppose it was 200m? In general, with ragdtisttibuted
nodes, what is the asymptotic relationship begin degred¢randmission range?
Your answer should be a simple polynomial, such as “linear”.

The only nodes that appear to be within 100m of node 55 are 8R2anWithin
200m, there is 22, 21, 57, 18, 51, 42, and 60. In general, weldhexpect the
number of nodes within range to be proportional to the squéthae transmission
range.

6. Suppose nodes, B, andC in a WMN aggregate traffic as in the following table
of load demand.

Time | A B C
1 100 200 1
2 200 200 3
3 400 100 8
4 400 400 1

A) Which of nodesA, B andC would you say has the most erratic demand?
Which is least erratic? Formalize your intuition.

B) During which of the 3 time intervals shown does demand gkeahe most?
Justify your answer.

This problem has several answers and illustrates the diffica quantifying de-
mand variability. Taken in isolation, B has the largest dog®shift from moment
to moment (500). However, C has the largest fractional clea@Q0 % + 167 %
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+ 88 % = 455 %. By contrast, A has only 100 % + 100 % + 0 % = 200 % and B
has 0 % + 50 % + 300 % = 350 %.

7. Consider the graph topology shown below with the corredpw demand ma-
trix. Assume the rows are the demand sources and the columniseadestina-

tions.
ABCD
A—-010
D<—A—->C |BO0O-10
C00-0
D000 —

B
Fig. 18 A) A Simple Topology and B) Demands on this Topology

There are many ways to route this traffic. Calculate the skbpath routing and
also the routing that minimizes the maximal congestion.
Answer:

Fig. 19 Optimal and Shortest Path routings
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